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Try not.
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Summary

Industrial-scale recommender systems are a cornerstone of the modern digital economy, demand-
ing solutions that are not only accurate but also scalable, efficient, and robust. This thesis, focused
on the practical challenges of deploying these systems, aims to bridge the persistent gap between
academic advancements and industrial requirements. This work unfolds the methodologies, innova-
tions, and practical insights crucial for developing graph-based recommender systems that perform
effectively under real-world production constraints. The following summary provides an overview
of the key contributions and insights of this thesis.

The introduction provides a context for the research, clarifying the motivations and objectives
driving the study. It highlights the mismatch between academic benchmarks and industrial realities,
such as massive-scale graphs, real-time inference demands, and the critical cold-start problem,
setting the stage for a systematic exploration.

Starting our exploration, we first ground the research in a tangible industrial context by in-
troducing TIM-Rec, a novel and unique dataset for multi-item upselling recommendations derived
from telecommunication call records. We then turn our attention to one of the most critical indus-
trial challenges: the cold-start problem. We introduce a novel framework with a re-ranking method
designed to improve recommendations for new users and items on large graphs and further inves-
tigate the crucial trade-off between diversity and coverage to ensure new content is both relevant
and discoverable.

We then broaden our investigation to high-value industrial problems, introducing CRAB, a
reinforcement learning-based agent for proactive customer churn reduction. This demonstrates the
versatility of our data-driven approach in solving critical business challenges beyond traditional
recommendation tasks within the same industrial environment.

The core of this thesis directly confronts the challenge of scalability. We propose efficient rec-
ommendation methods based on graph coarsening and label propagation, which simplify massive
user-item graphs while preserving their essential properties. Furthermore, we challenge the prevail-
ing trend of increasing model complexity by demonstrating that learning an optimal graph struc-
ture allows simpler, more scalable models to achieve competitive or even superior performance.

The final part of this thesis summarizes the key findings and contributions to the field of indus-
trial recommender systems. It shows how we achieved the objectives outlined in the introduction,
advancing the understanding and practical implementation of scalable, graph-based systems. It also
offers insights into future research directions, emphasizing the ongoing need for solutions that bal-
ance theoretical soundness with deployability.

In conclusion, this thesis represents a significant step in the ongoing pursuit of practical and
effective recommender systems. It stands as a valuable resource for researchers and practitioners
striving to build systems that meet the rigorous demands of industrial-scale deployment. With
the principles of scalability, efficiency, and real-world applicability, this research contributes to the
collective effort of ensuring that recommender systems deliver tangible and reliable value in complex
business environments.

Keywords: Recommender Systems, Graph Neural Networks, Reinforcement Learning, Cold
Start, Simulated annealing, Learning to Rank, Industry, Telecommunications.
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Chapter 1

Introduction

Nowadays, recommender systems are one of the most critical components of modern industries [96,
297, 315]. They influence how users discover products on e-commerce platforms [194], how contents
are viewed on media streaming services [115], and how information propagates on social networks
[126]. By personalizing the user experience, recommendations not only improve user engagement but
also have a direct impact on business outcomes such as retention [268], upselling [186], and company
revenues [5]. The effectiveness of these systems is thus not only of academic interest but a strategic
importance in industry [130]. Companies invest heavily in recommendation technologies because the
quality of the recommendations delivered to users can significantly determine the competitiveness
of their platforms [132, 323, 324].

However, these systems have a fundamental computational challenge [219, 326]: matching users
with items that are most relevant to them, based on large volumes of historical interactions and
contextual signals. Industrial-scale recommender systems must handle datasets of enormous size
[159].

To capture the structure in this relational data, interactions between users and items can natu-
rally be represented as graphs [56], where nodes correspond to entities such as users, items, or cat-
egories, and edges capture their relationships. In real-world settings, these graphs easily grow to
hundreds of thousands or even millions of nodes, connected by tens or hundreds of millions of edges
[47]. Computation on such structures is far from trivial: simple algorithms often reach memory
problems, and even well-designed methods must be carefully engineered to meet the computational
demands [220].

Moreover, industrial constraints introduce additional layers of complexity. Recommendations
must be generated in real time, typically within a few tens of milliseconds, so that user interfaces
remain responsive [168, 203]. This rules out the use of methods that are computationally expensive
at inference time [171]. Furthermore, infrastructure costs place strict limits on the memory and
processing power. Unlike in purely academic contexts, where training time or resource usage may
be secondary concerns, industrial systems operate under budget and engineering constraints that
demand efficient, reliable, and maintainable solutions [103, 188, 189]. Thus, the practical value of
a method is not determined solely by its accuracy but by its ability to integrate smoothly into a
production pipeline with limited resources [312].

In recent years, the academic community has produced a wide array of advanced algorithms
for recommendation, particularly with the rise of graph-based methods and graph neural networks
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(GNNs) [73, 301]. These approaches have demonstrated strong potential by explicitly modeling
the structure of user–item interactions [129, 250] and by capturing high-order relationships [226].
On benchmark datasets, such methods often report impressive gains in predictive accuracy [198].
Moreover, these methods are usually developed under assumptions that do not reflect the realities of
industrial data [326]. Academic evaluations typically involve static graphs [274], balanced datasets
[13], or homogeneous node distributions [279], while production data is dynamic, evolving over time,
and characterized by a small subset of nodes that are of primary business interest [306].

A further fundamental challenge in industrial recommendation is the cold-start problem [257].
Unlike academic benchmarks, which often assume dense historical interactions, industrial platforms
continuously face situations where either new users join the system or new items are introduced
into the catalog. In both cases, little to no interaction history is available, making it difficult for
the system to generate reliable recommendations.

The cold-start problem is especially critical in dynamic industries such as e-commerce [179] or
media streaming [115], where new products, movies [166], or songs are added daily [193], and users
may interact with the platform for the first time at any moment. Failure to provide relevant rec-
ommendations in these early interactions can lead to user disengagement and lost revenue opportu-
nities. Similarly, if new items are not surfaced quickly and accurately, they may never reach their
potential audience, reducing the overall value of the catalog [257]. Therefore, addressing cold start
goes beyond accuracy: it directly impacts user satisfaction and the serendipity of new content [149].

Graph-based approaches offer a promising direction for tackling cold start by allowing signals
to be propagated from well-connected nodes to new or sparsely connected ones [138]. For example,
information about item attributes or user profiles can be incorporated into the graph and spread
through label propagation, enabling the system to make meaningful inferences even when direct in-
teraction data is missing. In this way, methods developed in this thesis address not only scalability
and efficiency but also one of the most pressing industrial challenges: delivering high-quality rec-
ommendations in cold-start scenarios.

Another key challenge in industrial recommender systems is the temporal mismatch between
interactions and their realization [308]. Most models prioritize immediate proxy metrics, such as
instantaneous acceptance or click-through rates [199]. However, in telecommunication market the
true measure of success, long-term business objectives like maximizing customer lifetime value [248],
arises over a sequence of interactions and is often highly delayed [308]. Models focused only on
instantaneous prediction fundamentally struggle to capture this necessary temporal causality [290].

In the following chapters, we will explore many of those problems in real-world datasets, based
on the company’s use cases, from cold-start recommendations to scalability and efficiency-focused
tasks, to sequential long-term recommendations. This research aims to provide practical insights
and solutions for the development and deploy in production of recommender systems in a telecom-
munication company.

Objectives of the Thesis

The mismatch between academic advances and industrial requirements creates a persistent gap. On
the one hand, industries need models that are scalable, efficient, and resilient to noisy, dynamic
data. On the other hand, the most advanced academic models often prioritize expressiveness and
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theoretical novelty over deployability. Bridging this gap requires approaches that are grounded in
both perspectives: methods that draw from state-of-the-art theory but are simplified, adapted, or
re-engineered to meet production constraints. For instance, lightweight graph-based methods that
approximate the behavior of deeper models, or coarsening techniques that reduce data complexity
without sacrificing predictive power, are particularly attractive. Such strategies aim not only to
advance academic understanding but also to provide practical value for real-world systems.

Within this landscape, three key problems emerge in industrial recommender systems. First,
scalability bottlenecks are prevalent in large-scale recommendation pipelines. Even with distributed
infrastructure, certain algorithms cannot be applied at scale without unacceptable slowdowns or
prohibitive costs. Second, accuracy and efficiency are entangled: methods that push for higher
accuracy often do so at the expense of inference speed, while approaches optimized for efficiency may
sacrifice recommendation quality. Achieving a balance between these competing objectives is one
of the central design challenges. Finally, there are fundamental limitations in how current graph-
based methods handle real-world data. Industrial graphs are not static but evolve as users interact
and new items are introduced. They are heterogeneous, with different types of nodes and edges,
and their structure is often highly imbalanced, with some nodes attracting far more attention than
others. Existing methods struggle to adapt to such conditions, leading to degraded performance in
production settings despite strong results in controlled academic benchmarks.

Addressing these issues is not simply a matter of optimizing existing algorithms but requires
rethinking how recommendation problems are formulated and solved in industrial contexts. This
thesis is motivated by the need to develop methods that are not only theoretically sound but also
practically deployable at scale. By focusing on graph coarsening techniques and efficient recommen-
dation strategies, it seeks to bridge the gap between academic research and industrial application,
providing solutions that are both scalable and effective for real-world recommendation pipelines.

Thesis Outline

This thesis is structured to progressively address the key challenges of industrial recommender
systems, starting from fundamental industrial problems like cold start and moving toward scalability
and graph structure learning. The thesis is structured to reflect both the research contributions
and their industrial context, as follows:

Chapter 2: Multi-Item Upselling Dataset in Telecommunications
Here, we present an industrial dataset. This chapter introduces TIM-Rec [231], a unique
dataset for recommender systems from telecommunication call records. We demonstrate its
main features: sparsity and explicit feedbacks in multi-item upselling recommendations.

• A. Sbandi, F. Siciliano, and F. Silvestri, (2025, September). TIM-Rec: Explicit Sparse Feed-
back on Multi-Item Upselling Recommendations in an Industrial Dataset of Telco Calls. In
Proceedings of the 19th ACM Conference on Recommender Systems, RecSys ’25 (pp. 865-
873). doi: 10.1145/3705328.3748150

Chapter 3: Mitigating the Cold-Start Challenge
This chapter tackles one of the most persistent problems in industrial recommendation: the
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cold-start scenario. We introduce a framework with a novel re-ranking method to improve
recommendations for new users and items on large graphs [230]. We then extend this work by
analyzing the critical trade-off between diversity and coverage, providing a balanced solution
that ensures new content is both relevant and discoverable.

• A. Sbandi, F. Siciliano, and F. Silvestri, (2024, October). Mitigating Extreme Cold Start
in Graph-based RecSys through Re-ranking. In Proceedings of the 33rd ACM International
Conference on Information and Knowledge Management (pp. 4844-4851).
doi: 10.1145/3627673.3680069

• A. Sbandi, F. Siciliano, and F. Silvestri, Balancing the Diversity-Coverage Trade-off in Graph-
based Recommendations for Cold-Start Industrial Applications. In Submitted to ACM Trans-
actions on Recommender Systems.

Chapter 4: Proactive Churn Reduction via Reinforcement Learning
Expanding beyond traditional recommendations, this chapter explores the related industrial
problem of customer churn. We introduce CRAB, a reinforcement learning-based agent de-
signed to proactively identify and retain at-risk customers. This work showcases the versatility
of our data-driven approach in solving a business problem within the same industrial context.

• A. Sbandi, F. Siciliano, and F. Silvestri, CRAB: Churn Reduction Agent Based via Reinforce-
ment Learning. In Submitted to ACM Transactions on Recommender Systems.

Chapter 5: Optimizing Graph Representations for Efficient Industrial Recommenda-
tion
This chapter directly confronts the challenge of scalability. We propose a novel method for
efficient recommendation based on graph coarsening and label propagation. By simplifying
massive user-item graphs while preserving their essential structural properties, our approach
enables fast and accurate recommendations. Moreover, we challenge the prevailing trend of
using increasingly complex models. We investigate whether learning an optimal graph struc-
ture, through techniques like simulated annealing, can allow simpler and more scalable mod-
els to achieve competitive or superior performance.

• A. Sbandi, F. Siciliano, and F. Silvestri, Efficient Recommendations via Graph Coarsening
and Label Propagation. In RS4SD – 1st Workshop on Recommender Systems for Sustainable
Development using Responsible Nudging, co-located with CIKM 2025. Seoul, South Korea, In
Submitted to the ACM Web Conference 2026. Dubai, United Arab Emirates.

• A. Sbandi, F. Siciliano, and F. Silvestri, Do We Need Deep Models or Just Better Graphs?
Scalable Link Prediction through Simulated Annealing in Graph Structure Learning. In Sub-
mitted to the ACM Web Conference 2026. Dubai, United Arab Emirates.

Chapter 6: Conclusions
The thesis concludes by summarizing the key findings and contributions. We reflect on the
lessons learned from bridging academic research with industrial practice, discuss the limita-
tions of our work, and propose promising directions for future research in building practical,
scalable, and effective recommender systems.
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Research Focus

The central research focus of this thesis is the development and adaptation of graph-based rec-
ommender systems to overcome the practical challenges of industrial-scale deployment. Recogniz-
ing the persistent gap between theoretical advances and production requirements, this work moves
away from a sole emphasis on predictive accuracy on benchmarks. Instead, it concentrates on cre-
ating methods that are inherently scalable, efficient, and robust enough to handle the complexities
of real-world, dynamic data from the telecommunications industry. Throughout this thesis, signifi-
cant contributions have been made to these areas, resulting in novel insights and approaches. Our
research is guided by three primary pillars:

• Solving the Cold-Start Problem in Practice: We investigate and develop graph-based
strategies specifically designed to provide meaningful recommendations for new users and
items. The focus is not just on improving accuracy but on practical solution in re-ranking
method in order to manage the diversity-coverage trade-off, which is critical for user engage-
ment and catalog value in live industrial systems.

• Achieving Scalability and Efficiency: We explore alternatives to computationally expen-
sive deep learning models for large-scale graph recommendations. This research pillar is ded-
icated to techniques such as graph coarsening, lightweight propagation, and graph structure
learning. The objective is to demonstrate that efficient algorithms, when paired with well-
engineered graph representations, can meet or exceed the performance of more complex mod-
els while adhering to strict constraints on inference time and infrastructure costs.

• Addressing High-Value Industrial Use Cases: We ground our research in tangible busi-
ness problems faced by a telecommunication company. This involves not only creating a
unique, real-world dataset for multi-item upselling but also adapting recommendation and
learning frameworks to solve adjacent challenges like proactive customer churn reduction. This
focus ensures that the developed methods provide direct and measurable business value be-
yond conventional recommendation scenarios.

In conclusion, the research presented in this thesis has been characterized by a diverse array of
research contributions spanning cold-start problems, graph coarsening, and graph structure learning,
and more. These endeavors collectively exemplify a dedication to advancing the frontiers of graph
recommendation systems’ research and its practical applications.
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Chapter 2

Multi-Item Upselling Dataset in
Telecommunications

The benchmark datasets used for academic research often fail to capture the complexities of real-
world data from production systems. They typically lack the unique characteristics of industrial
applications. This discrepancy can lead to a performance gap where models that excel in offline
evaluations fail to deliver practical value when deployed.

This chapter is dedicated to bridging this gap. We present the TIM-Rec dataset, which is
built from internal, real-world customer interactions. This work forms the basis of this entire thesis.
It fulfills this foundational role by providing a comprehensive analysis of the dataset’s statistical
properties, highlighting the key challenges. Furthermore, it establishes a rigorous set of baseline
performance metrics by evaluating a diverse set of existing recommendation algorithms, thereby
creating a benchmark against which new models can be measured.

Crucially, the dataset introduced here will be used in the subsequent chapters to validate the
novel methodologies proposed in this thesis. Therefore, this chapter should be viewed not only as a
self-contained contribution to the research community but as the essential first step in the research
narrative.

The TIM-Rec dataset is the foundational milestone for all the work because its specific charac-
teristics directly define the discussed industrial problems. The pronounced sparsity and the exis-
tence of many new items define the cold-start problem that drives the solution in Chapter 3, where
we tackle the most extreme version of it. The delayed, long-term records of customer history, which
capture decisions over time, and outcomes like customer churn, provide the unique data needed for
the RL agent in Chapter 4. Finally, the large scale of the interaction graph itself establishes the
critical efficiency and computational bottlenecks addressed by the graph coarsening and structure
learning methods in Chapter 5.
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Industrial Dataset of Telco Calls

2.1 TIM-Rec: Explicit Sparse Feedback on Multi-Item Upselling
Recommendations in an Industrial Dataset of Telco Calls

Upselling recommendations play a critical role in improving customer engagement and maximiz-
ing revenue in the telecommunications industry. However, real-world data on such interactions of-
ten presents unique challenges, including multiple recommendations per call and sparse customer
feedback, which complicates the evaluation of recommender systems. Our review of the existing
literature reveals a critical gap in publicly available datasets that reflect these challenges, limiting
progress in developing and evaluating upselling strategies.

This work introduces a novel dataset that captures these complexities, offering valuable insights
into customer behavior and recommendation effectiveness. The dataset, derived from real-world
interactions between customers and service providers, contains multiple recommendations provided
in individual calls and sparse feedback, reflecting typical user behavior where interest may be low
or unrecorded.

To aid in the development of more effective recommendation systems, we provide detailed statis-
tics on recommendation distributions, user engagement, and feedback patterns. Furthermore, we
benchmark various recommendation models, from classical approaches to state-of-the-art neural
networks, allowing for a comprehensive assessment of their recommendation accuracy in this chal-
lenging setting.

TIM-Rec

Dataset Link: https://huggingface.co/datasets/shba93/tim-rec

Github repository: https://github.com/ashba93/tim-rec

Industry: Telecommunications
Dataset statistics:

# interactions: 1.5M
# users: 370k
# items: 388
Temporal coverage: 6 months

Recommendation setting: Multiple offers presented simultaneously
Maintenance status: Static dataset (no updates planned); technical
issues will be addressed.

Figure 2.1: Overview of TIM-Rec

2.1.1 Introduction

Upselling is a widely used sales and marketing technique [200] designed to encourage customers
to purchase higher-value products, upgraded versions, or additional enhancements beyond their
initial selection. Unlike cross-selling [144], which focuses on suggesting complementary products
or services, the primary goal of upselling is to maximize transaction value while offering solutions
that better align with the customer’s needs or preferences. When implemented effectively, upselling
increases company revenue while enhancing customer satisfaction and loyalty by addressing their
evolving requirements [218]. This strategy is often employed across several industries, including
retail [35, 200], telecommunications [18, 151], e-commerce [144, 242], and hospitality [16].
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In the telecommunications industry [150], upselling plays a key role in increasing the provider’s
average revenue per user (ARPU). Upselling in telecommunications often revolves around tariff
structures [151], where customers are encouraged to opt for higher-tier service plans with more
comprehensive benefits, such as increased data allowances or faster internet speeds. Telco providers
strategically transition customers from basic plans to premium bundles by incorporating value-added
services such as international call options, enhanced security solutions, or streaming subscriptions
[206]. This approach enriches the customer experience and strengthens the provider’s competitive
position in a saturated market.

The success of upselling strategies in telecommunications relies on both timing and personaliza-
tion. Research [67] highlights the importance of customer insights derived from real-time usage data
and historical behavior patterns. By leveraging recommender systems, providers can identify opti-
mal moments for engagement, such as when customers are approaching their data limits or during
contract renewal. This targeted approach ensures that upselling offers are relevant and compelling,
thereby increasing the likelihood of acceptance. However, the ethical execution of these strategies
is critical, as customers respond positively when they perceive genuine value in the upselling offers,
rather than viewing them as mere profit-driven tactics [16].

Despite the importance of upselling in telecommunications, the absence of publicly available
datasets that accurately reflect real-world upselling interactions poses a significant challenge for
researchers. Existing recommendation research datasets often focus on e-commerce [60, 317] or
media consumption [25, 106], while telco-specific datasets [11, 72, 210] are either proprietary [230]
or limited in scope. This gap hinders the development and evaluation of advanced recommendation
models tailored for upselling in telecommunications.

To address this limitation, we introduce a novel real-world dataset designed to studying upselling
recommendations in telecommunications. This dataset has several unique characteristics.

Unlike traditional recommendation datasets that track single-item interactions, our dataset cap-
tures multiple recommendations occurring on the same day. This is because recommendations are
provided through human phone calls, and during a single call, customer care agents may suggest
more than one item to the customer. This aspect represents one of the dataset’s key novelties, as
it captures the dynamics of real-world upselling scenarios where multiple interactions occur within
a single customer service engagement.

Another notable feature of the dataset is the presence of sparse customer feedback. Often, users
are not interested in the recommendations provided during the call, or they choose to end the call
without clear feedback. This can result in a significant number of interactions without explicit
acceptance or rejection. As a result, the dataset contains a relatively low proportion of accepted
offers compared to the total number of recommendations made. This property reflects a common
challenge in sales and customer service environments, where the effectiveness of recommendations
is influenced by factors such as customer interest, timing, and the ability of customer care agents
to effectively communicate the value of the suggested offers. This sparsity in feedback introduces
complexities in evaluating upselling strategies and underscores the importance of understanding
customer behavior and engagement patterns.

A major advantage of the dataset is that it is based on real industry data. It was collected
from actual interactions between users and customer care agents within a real telecommunication
company, offering high authenticity and relevance; the data captures customer behavior, decision-
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making processes, and the upselling dynamics made by agents in a live environment.
This dataset provides a new resource for evaluating machine learning models in the context of

real-world customer interactions in the telecommunications industry. Given its characteristics, this
dataset is intended to serve as a valuable benchmark for future research, enabling the design and
testing of more effective upselling strategies, recommendation systems, and customer engagement
models.

The main contributions of this paper are:

• We introduce a new dataset with unique characteristics, including multiple recommendations
in a single call and sparse feedback, features that together are not present in other datasets.

• We focus on the evaluation of Learning-to-Rank (LTR) models, which are critical for aligning
user intent with item selection. We provide several baseline benchmarks to facilitate the future
comparison and evaluation of different models within this context.

The remainder of this paper is organized as follows: Section 2.1.2 reviews related work on
upselling and currently used datasets. Section 2.1.3 provides the dataset overview, including its
construction and main statistics. Section 2.1.4 outlines the experimental setup, including models
used, training and evaluation procedures. Section 2.1.5 presents benchmark results, followed by
discussions and conclusions.

2.1.2 Related Work

In recent years, there has been a growing interest in recommender system datasets due to their
central role in the development of personalized user experiences across various domains [9, 212],
including e-commerce [10, 233, 271], streaming services [142], and social media platforms [77]. Access
to diverse and high-quality datasets allows researchers to benchmark models, identify challenges,
and advance the field of recommendation.

Several public datasets are available for evaluating LTR models [6, 40, 43, 282], each address-
ing specific research needs. Among the most widely used are the MovieLens [106] and Amazon
[197] datasets, both of which incorporate explicit user feedback in the form of ratings (and reviews),
making them a popular choice for recommender systems research. The Netflix Prize dataset [25],
released in 2006, served as the foundation for the Netflix Prize competition, which challenged re-
searchers to develop algorithms that could improve the accuracy of Netflix’s movie recommenda-
tions. This dataset, along with Microsoft’s LETOR [213] and Yahoo’s LTR Challenge [43] datasets,
have contributed significantly to LTR research by providing structured benchmarks for evaluating
ranking models. For implicit feedback settings, the Taobao UVA dataset [317] captures user-item
interactions without explicit ratings. Yelp’s dataset provides a diverse set of user interactions, span-
ning multiple domains. Despite the availability of these datasets, most focus on standard recom-
mendation tasks, with limited applicability to telecommunications upselling scenarios, where multi-
item recommendations [209] and sparse feedback are key challenges.

Recent research has emphasized the need for sequential recommendation datasets [32] that better
reflect real-world interactions by capturing time-sensitive dependencies. In fact, many commonly
used datasets lack strong sequential structures [141], which can limit the development and evaluation
of sequential recommender systems.
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Industrial Dataset of Telco Calls

Traditional recommendation datasets, such as MovieLens, capture user preferences in a static
manner, akin to a preference questionnaire completed in a short period [80]. Since interactions in
these datasets are collected without a temporal dimension, they represent an aggregated summary
of past preferences rather than evolving behaviors. In contrast, real-world telecommunications en-
vironments exhibit dynamic user behavior, where customers make decisions in response to changing
needs, promotions, and contextual factors.

Unlike e-commerce and entertainment domains, publicly available datasets for recommendation
tasks in telecommunications are scarce. Lian-Ying et al. [165] analyze upselling in telecom using
Support Vector Machines and employ the Iranian Churn dataset from the UCI Machine Learning
Repository1. While the dataset spans 12 months, the first 9 months are provided as aggregate
statistics, meaning that individual customer interactions are not available. In addition, the dataset
contains only churn related information, making it unsuitable for evaluating upselling strategies.
Dookeram et al. [72] also study upselling in telecommunications, but their dataset is both small
(3K observations) and not publicly available, further limiting its impact on the research community.
Alves et al. [11] and Pham et al. [210] employ large telecom datasets - 8M interactions, 800K users,
177 items in [11] and 80M customers, 2K items over 6 months in [210]. However, both datasets are
proprietary, limiting their reproducibility and use for benchmarking in academic research.

In contrast, the publicly available dataset presented in this paper overcomes these limitations
by providing real-world, fine-grained customer interaction data with multiple recommendations per
session and explicit upselling attempts. A comparison of our dataset with other datasets in the
literature is presented in Table 2.1.

2.1.3 Dataset Overview

In this section, we introduce the dataset and its relevance to LTR task. We first present detailed
statistics of our real-world dataset, emphasizing its distinctive characteristics, such as multiple rec-
ommendations within a single interaction and sparse user feedback. We then provide a comprehen-
sive analysis of the dataset’s structure and features, and formally define the research objectives it
is designed to support, with a focus on advancing recommendation strategies.

Dataset Construction

Our dataset was collected from real-world telecommunications interactions over a 180-day period
and contains 370,314 users, 388 items, and approximately 1.5 million interactions. To ensure a focus
on upselling, we applied several preprocessing steps:

• Retention and cross-selling instances, aimed at preventing customer churn or offering extra
packages, were filtered out to focus only on upselling and inbound contacts.

• Interactions are categorized into three distinct types: (1) accepted offers, (2) refused offers,
and (3) abandoned calls. Due to the large portion of abandoned calls, they were filtered out
to avoid skewing the dataset statistics.

• To optimize storage and enhance the dataset’s usability, under-sampling was used to balance
the dataset while preserving its real-world characteristics.

1https://archive.ics.uci.edu/dataset/563/iranian+churn+dataset
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In the telco domain, upselling is temporal: customers typically maintain one or more relatively
stable subscriptions, which can be considered their “initial items”. Due to the variety of these
services, they are not explicitly listed as an “initial item”. Instead, it is captured and embedded
within our PCA feature vectors. Our dataset is constructed around interactions where specific
items are proactively offered during evolving upselling campaigns. Upselling thus occurs over time,
rather than contemporaneously with the purchase of an “initial item”. Consequently, the dataset
therefore primarily contains records of these campaign-specific offered items and the customer’s
explicit response, rather than being structured as pairs of (initial item, upsold item) within each
record.

The decision to filter out the abandoned calls was carefully considered and driven by critical
data characteristics. Abandoned calls constituted over 99% of the raw interactions. Including these
would have introduced even more extreme sparsity into the dataset. More significantly, the reasons
for abandonment are highly ambiguous: they could be unanswered calls, dropped connections, or
hang-ups occurring before an upsell offer could even be fully presented, rather than necessarily
indicating dissatisfaction with a potential offer. Treating this vast volume of ambiguous abandoned
calls as negative interactions would have skewed any recommendation model, likely leading to
overly conservative or broadly negative suggestions for nearly all users. By focusing on completed
interactions, where an offer was actually presented and a response recorded, we aimed to capture
a clearer, more reliable signal of user response to specific upselling attempts. We believe this
approach is more relevant for interpreting genuine upselling interactions and for developing effective
recommendation strategies based on explicit feedback.

Preliminaries

In a telecommunications recommendation system, each data sample is structured as (xi, yi, di, fi, vi)
where xi is a user identifier, yi a recommended item identifier, di the date of contact and fi the
user’s feedback. vi represents the contextual characteristics of the user at the time of contact. To
ensure privacy and dimensionality reduction, user characteristics are represented using Principal
Component Analysis (PCA). We label our principal components variables as PCAFeat_0 through
PCAFeat_63 ordered from most to least important. These 64 PCA components summarize an
embedding built from 550 raw user features across several domains:

• Demographics: current and past residence, age, gender etc.

• ARPU: average revenue per user for fixed phone, mobile, TV services, and all the company
extra packages.

• Customer care interactions: number of calls, call reasons, and support history.

• Billing details: total charges and how they are distributed across services.

• Ticket issues: number of reported technical problems and their underlying causes.

• Sales potential: products or services the user could buy.

• Network usage: upload/download volumes of data.
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Each feature vector combines static attributes, values at the time of the call, with temporal be-
havior, activity over previous days, weeks, and months. The items yi offered to customers include
telecommunication services (e.g., voice and Wi-Fi plans), TV and streaming subscriptions (such as
DAZN, Netflix, Amazon Prime, Disney+, and TIMVISION), promotional discounts, smart home
devices (e.g., Google Nest), and network equipment such as routers. Also, each user xi and item yi

is assigned an integer ID to maintain anonymity. Comprehensive details about the dataset’s schema
are provided in Table 2.2.

The dataset consists of the following key attributes:

• user_id : unique identifier assigned to each user.

• contact_date: The date when the interaction took place (formatted as YYYY-MM-DD).

• category : Category or classification of the recommended item.

• contact_outcome: Result of the interaction (“accepted” or “refused”).

• PCA_features: this contains the PCA features derived from the user data. These features
capture the most important telecommunications and demographic attributes, reducing data
complexity while preserving the core characteristics for downstream analysis or modeling.

• item_id : Unique identifier assigned to each item or product involved in the interaction.

Table 2.2: An example of an instance of the dataset.

Field Description Symbol Example

user_id User identifier xi 314
contact_date Day of contact di 2024-04-16
category Offer category - Options
contact_outcome Outcome of a contact fi Accepted
PCA_features User PCA features v⃗i [-1.241,...,0.728]
item_id Item identifier yi 72

Data Desensitization and License.

To ensure the protection of user privacy, the dataset underwent a rigorous desensitization process.
To maintain anonymity, each user and item in the dataset has been assigned a unique securely
encrypted identifier, de-linked from the original production system. User-related contextual features
were reduced to 64 dimensions using PCA, preserving essential behavioral signals while removing
personally identifiable information. These anonymization steps ensure that the dataset complies
with privacy standards, while preserving the integrity of the dataset for research purposes. Moreover,
we assess customer consent regarding data sensitivity and collect information exclusively from those
who provide explicit agreement at the time of subscription. No data are recorded for customers
who do not grant consent.

This dataset is provided under the terms of the Creative Commons Attribution Non Commercial
4.0 International (CC-BY-NC 4.0) license. It fully permits and encourages academic research,
including publication, modification, and the sharing of derivative works, provided these also adhere
to non-commercial terms.
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Dataset Statistics

The processed dataset is tailored for upselling recommendations in the telecommunications domain,
as summarized in Table 2.3. To enhance the usability of our dataset, we further investigate its
characteristics by conducting an in-depth analysis.

Table 2.3: Summary of Dataset Statistics

Unique calls 613,449
Unique recommendations 1,494,061

Unique users 370,314
Unique items 388

Average recommendations per call 2.428
Average acceptations per call 0.153
% of calls with ≥ 1 accepted recommendation 5.286%
% of calls with ≥ 2 accepted recommendations 1.373%
% of calls with ≥ 3 accepted recommendations 0.233%

Data Sparsity.

The dataset reveals key patterns in customer interactions:

• On average, 2.428 recommendations are made per call, with an average acceptance rate per
call of 0.153

• 5.286% of calls lead to at least one acceptance, 1.373% result in two or more acceptances, and
only 0.233% see three or more recommendations accepted.

Those statistics underscore the challenges of upselling in real-world scenarios, characterized by
sparse positive feedback and the rarity of multiple acceptances in a single interaction.

The Fig. 2.2 further illustrates the monthly distribution of acceptance and rejection interactions,
revealing clear seasonal trends and a significant imbalance between the number of rejected and
accepted recommendations. This imbalance reflects the inherent sparsity of positive interactions
in upselling recommendations, as acceptance rates remain consistently low, ranging from 2.81% to
20.90%. Another noteworthy observation is the gradual increase in acceptance rates in June and
July 2024, reaching 13.21% and 20.90%, respectively. This suggests seasonal or temporal trends in
user behavior, which may correspond to targeted marketing campaigns, changes in offer quality, or
shifts in customer preferences.

These factors the need for robust recommendation models that can learn from sparse positive
interactions and handle unbalanced data.

User and Item Intercontact Patterns.

Figs. 2.3 and 2.4 illustrate the distribution of days between consecutive interactions for users and
items, on a logarithmic and a linear scale respectively. These plots offer valuable insights into the
temporal dynamics of interactions within the dataset.
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Figure 2.2: Seasonal variations in acceptance sparsity.
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Figure 2.3: Distribution of user intercontact days on a logarithmic scale.

For users, the intercontact histogram has a strong leftward skew, indicating that most interac-
tions occur within very short time intervals. This indicates that a significant fraction of users are
contacted almost daily or within just a few days. As the intercontact period increases, the frequency
of interactions decreases sharply, forming a heavy-tailed distribution. This suggests that the major-
ity of user engagement occurs in bursts, likely driven by periodic promotions or targeted upselling
strategies.

In contrast, the distribution of item intercontact days exhibits greater variability. While many
items are engaged within short intervals, the distribution shows sporadic peaks at longer intervals,
indicating that these items are periodically reintroduced into recommendations after extended pe-
riods. These peaks may correspond to strategic re-engagement cycles or seasonal marketing shifts.

Overall, the user interactions are denser and more frequent, highlighting the importance of
maintaining regular engagement, whereas item interactions exhibit a less concentrated pattern.
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Figure 2.4: Distribution of item intercontact days.

These observations have significant implications for model design, emphasizing the need to account
for dense and frequent user interactions, while effectively capturing the periodic fluctuations in
item re-engagements. Additionally, the temporal sparsity and variability in both user and item
interaction patterns must be carefully addressed to optimize recommendation performance.

User and Item Acceptance Distributions.

The distribution of item acceptance frequency, shown in Fig. 2.5, offers valuable insights into en-
gagement patterns within the dataset. The number of acceptances per item is represented on a
logarithmic scale (y-axis), while the corresponding number of items is shown on a linear scale (x-
axis). The plot follows a highly skewed distribution, with most items receiving minimal acceptances.
There’s also a subset of items that are moderately accepted (i.e. 5 to 10 acceptances). After this
cluster, the distribution skews heavily, with the frequency of items declining as the number of ac-
ceptances increases. Beyond this point, many acceptance counts correspond to only a single item,
suggesting that while a small subset of items receives moderate acceptance levels, the majority are
either lightly accepted or represent outliers with high engagement.

The highly skewed nature of this distribution underscores the sparsity of item acceptances,
with most items either infrequently accepted or uniquely prominent. This imbalance highlights
the challenge of accurately modeling item relevance and acceptance, as systems must balance the
predominant low-acceptance items with the minority of highly accepted items.

The frequency distribution of user acceptance, shown in Fig. 2.6 provides insights into how
users respond to offers. The plot shows the number of users (on the y-axis) who accepted a certain
number of offers (on the x-axis). The distribution reveals a steep decline, with most users accepting
only a few offers, while a small subset accepts a much larger number.

The overall distribution highlights the sparsity of offer acceptance, with most users engaging
with a small number of offers. This imbalance suggests that systems need to consider how to manage
the varying levels of user engagement, as the majority of users are likely to be less active, while a
minority of users will have a more significant influence on acceptance patterns.
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Figure 2.5: Histogram of item contact frequency, showing how often items are proposed and how many
different items are involved.
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Figure 2.6: Histogram of user acceptance amounts, illustrating the distribution of the number of accepted
offers per user.

User Contact Frequency

The distribution of user contact frequency, shown in Fig. 2.7, has on the x-axis the number of
times users have been contacted, while the y-axis, presented on a logarithmic scale, indicates the
corresponding number of users.

The distribution is highly skewed, with a significant concentration of users receiving only few
contacts. Beyond this initial peak, the number of users gradually declines as the number of contacts
increases. Notably, in the tail of the distribution, a few users have been contacted over 100 times,
suggesting outlier behavior in which a small subset of users experiences exceptionally high interaction
rates. This observation might reflect specific targeted retention strategies or individual engagement
patterns.
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Figure 2.7: Histogram of user contact frequency, illustrating the distribution of the number of contacts per
user.

The skewness of the distribution underscores a key challenge for models: balancing learning
from a large pool of minimally contacted users while also effectively modeling the behaviour of the
highly engaged minority.

Multi-Item Recommendations

A distinctive feature of our dataset is the presence of multiple recommendations within each cus-
tomer care interaction. As illustrated by the histogram in Fig. 2.8, each call includes a minimum of
two recommended items, with the majority of calls containing exactly two recommendations. This
characteristic highlights the multi-item nature of the dataset, setting it apart from typical recom-
mendation datasets that focus on single-item interactions.

This multi-item structure reflects real-world customer care practices, where agents propose mul-
tiple offers in a single interaction. This characteristic enriches the dataset by providing a nuanced
perspective on user behavior when presented with multiple options simultaneously. It also opens op-
portunities for studying complex decision-making processes, such as how the composition of offers
influences customer acceptance and how recommendations can be optimized in multi-item scenarios.

2.1.4 Experimental Setup

This section describes the experimental setup designed to evaluate the performance of various
recommendation models on our dataset. First, we outline the dataset splitting strategy, followed
by a discussion of the evaluation metrics used to assess model effectiveness. Finally, we introduce
the baseline models selected for comparison.

Dataset Splitting

We decide to split the dataset both by user and time. For each user, we select their last 20%
of interactions and make this the test set. The previous 10% are used for validation, while the
remaining 70% are kept for training. By employing a random user-based split, we aim to distribute
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Figure 2.8: Multi-Item recommendations. Each interaction includes a minimum of two recommended items.

the user interactions across the subsets in a way that avoids bias and preserves the diversity of user
behavior in each split. This data split should ensure a balanced and representative distribution of
the dataset.

Method NDCG@5 Precision@5 Recall@5 NDCG@10 Precision@10 Recall@10 NDCG@20 Precision@20 Recall@20

SVD 0.073 0.022 0.083 0.074 0.012 0.089 0.075 0.006 0.091
ALS-WR 0.150 0.049 0.219 0.205 0.043 0.388 0.220 0.024 0.444

NCF 0.164 0.053 0.246 0.173 0.029 0.388 0.192 0.019 0.347
Caser 0.091 0.032 0.145 0.122 0.026 0.238 0.135 0.016 0.287

Gru4Rec 0.036 0.016 0.071 0.062 0.017 0.155 0.107 0.018 0.326
SASRec 0.154 0.047 0.218 0.169 0.029 0.264 0.184 0.018 0.325

LightGCN 0.080 0.028 0.131 0.102 0.021 0.198 0.118 0.014 0.260

Table 2.4: Results of the models on the dataset. Bold indicates the best results, while the second best for
each metric is underlined.

Evaluation Metrics

To assess the performance of the models, we rely on well-established evaluation metrics in the
recommendation system domain: Precision@K, Recall@K and NDCG@K, which assess the relevance
and quality of the ranking. We compute these metrics for K values of 5, 10, and 20, to capture
performance variations across different recommendation list lengths.

A key challenge in our dataset is the imbalance between accepted and rejected interactions.
Since only a small subset of users provide explicit feedback, usual metrics, such as NDCG@K may
not fully capture the effectiveness of recommendations in the real world. To address this, we modify
how relevance is assigned in NDCG@K to account for both accepted and rejected offers, as well as
unseen items. This adjustment allows us to evaluate model performance across the entire user base,
rather than just those who have provided explicit feedback. The standard NDCG@k formula is:

NDCG@k =

∑K
i=1

rel(i)
log2(i+1)

IDCG@k
(2.1)

where rel(i) is the relevance score of the i-th item in the ranked list and IDCGK normalizes
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the score between 0 and 1.
In our modified version, relevance score rel(i) is calculated based on the type of user feedback:

rel(i) =


0 if the offer was rejected

0.5 if the offer was never presented

1 if the offer was accepted

By including unseen offers in the evaluation, we provide a more comprehensive measure of model
effectiveness and ensure that the sparsity of user feedback does not bias the results.

For items that have never been presented to the user, the rel(i) is assigned an intermediate value,
reflecting uncertainty regarding user preference. This approach prevents such items from being
interpreted as either explicitly preferred (rel(i) = 1) or explicitly refused (rel(i) = 0). According to
the company’s strategy, it encourages the model to recommend unseen items, which is preferable
to recommending items that the user has already rejected.

Baseline Models

To evaluate the effectiveness of our proposed dataset in practical applications, we compare several
widely used recommendation models that span different paradigms:

• SVD[143], Singular Value Decomposition, is a classical matrix factorization technique that
decomposes the user-item interaction matrix into latent factors, capturing underlying patterns
in user preferences. It is widely used for collaborative filtering and serves as a strong baseline
for recommendation tasks.

• ALS-WR [114], Alternating Least Squares with Weighted Regularization, is a matrix factor-
ization technique similar to SVD.

• NCF [108], Neural Collaborative Filtering, is a neural network-based collaborative filtering
method that learns user and item embeddings to capture non-linear interactions.

• Caser [246], Convolutional Sequence Embedding Recommendation, uses a Convolutional Neu-
ral Network to capture sequential patterns in user-item interactions, ideal for session-based or
time-sensitive recommendations.

• GRU4Rec [110], Gated Recurrent Unit for Recommender Systems, applies Gated Recurrent
Units to model sequential dependencies in user behavior, excelling in real-time or session-
based recommendations.

• SASRec [135], Self-Attention Sequence Recommendation, is a transformer-based model that
utilizes self-attention to capture long-range dependencies in user interactions, effective for
complex, long-term behavior patterns.

• LightGCN [109], Light Graph Convolutional Network, simplifies GCN by removing non-
essential components for efficient, large-scale recommendations.

These baselines allow us to benchmark the effectiveness of our dataset on real-world recommen-
dation tasks, covering both traditional and deep learning-based approaches.
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Training Strategies

To clarify the experimental setup, we detail the input features and training procedures used for
each model:

• Matrix factorization methods (SVD and ALS-WR) train on the most recent user-item in-
teractions and corresponding feedback labels (accepted, non-interacted, not accepted), except
for the validation and test split reserved interactions. They use stochastic gradient descent
(SVD) or alternating least squares (ALS-WR). We run SVD until convergence, while ALS-
WR is run for 50 iterations with a regularization coefficient of 0.001.

• Neural Models (NCF, Caser, SASRec, GRU4Rec, LightGCN) receive in input the most re-
cent 45 interactions for each user, and are trained to distinguish between accepted and not-
accepted items. Following the setups described in their original papers, these models optimize
a binary cross-entropy loss using an Adam optimizer with a learning rate of 0.001. Hyperpa-
rameters not specified here are set to the defaults recommended in the original publications.

To make the comparison fair, we fixed the latent dimension to 64 for all models. All neural archi-
tectures are implemented in PyTorch [27]. More specifics about the training setup can be found in
our code repository https://github.com/ashba93/tim-rec.

2.1.5 Results

The benchmark results of the selected model on our dataset are presented in Table 2.4. We analyze
the experimental findings to provide insights for future research and potential improvements.

Our experiments show that ALS-WR consistently outperforms all other models on all evaluated
metrics. This suggests that matrix factorization with weighted regularization is particularly well
suited to this recommendation task, effectively capturing user-item interactions despite the feedback
imbalance of the dataset. NCF emerges as a strong competitor to ALS, demonstrating competitive
performance in most evaluation settings. Its neural network-based approach enables it to learn
non-linear user-item interactions, although it does not surpass ALS in overall effectiveness. On the
other hand, SVD struggles to achieve competitive results, probably due to its limited ability to
learn expressive user and item representations. The model may not be flexible enough to capture
the nuanced feedback patterns present in the dataset.

The performance of deep learning based models varies considerably. GRU4Rec performs poorly,
despite being designed for sequential recommendations. This suggests that the model may not effec-
tively capturing patterns in the dataset, possibly due to its reliance on implicit feedback structures.
Both LightGCN and Caser perform comparably to SVD, suggesting that their graph-based and
convolutional architectures, respectively, do not offer significant advantages in this setting. In con-
trast, SASRec achieves performance on par with ALS-WR, confirming its status as a state-of-the-art
model for sequential recommendation tasks. Its self-attention mechanism allows it to capture long-
term dependencies in user interactions, which appears to be particularly beneficial for our dataset.

Apart from SASRec, deep learning-based models generally underperform. A key reason for this
may be that these models, in their standard implementations, are primarily designed for implicit
feedback scenarios. As a result, they do not explicitly incorporate the nuanced user feedback
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available in our dataset. However, given their competitive performance in certain cases, there is
likely room for improvement through modifications that better integrate explicit feedback signals.

2.1.6 Conclusion

In this work, we present a novel dataset designed to capture the complexity of recommendation sce-
narios where multiple items are presented simultaneously and user feedback is sparse. Furthermore,
a distinctive feature of the presented dataset is the presence of explicit negative feedback, which
influences the validation of the models. This dataset fills a gap in existing benchmarks by combin-
ing these unique features, allowing for a more realistic evaluation of recommendation models in the
telecommunications domain.

A major focus of our study was also the evaluation of LTR models to establish a set of baselines
for future research. Our experimental results showed that ALS-WR outperformed other methods,
closely followed by NCF. Deep learning models struggled in this setting, probably due to their
reliance on implicit feedback assumptions.

By releasing the dataset and benchmarking multiple recommendation approaches, we provide
a solid foundation for future studies aimed at improving LTR models in scenarios with sparse
feedback and multiple concurrent recommendations. Future work could explore hybrid approaches
that combine the strengths of different model architectures, or refine deep learning-based ranking
techniques to better handle explicit user interactions.
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Chapter 3

Mitigating the Cold-Start Challenge

Recommender systems are essential tools in the modern digital landscape, guiding users through
vast catalogs of content and products. Graph Neural Networks (GNNs) have achieved state-of-
the-art performance due to their ability to model complex, high-order relationships in user-item
interaction graphs. However, the effectiveness of GNNs drops in cold-start scenarios, where new
users or items lack the interaction data necessary for the model to learn meaningful representations.
In these settings, nodes appear isolated in the graph, and the message-passing mechanism that is
central to GNNs becomes ineffective, leaving the system unable to generate relevant suggestions.
This is a common issue; it is a persistent and costly problem in large-scale industrial applications,
where user bases and item catalogs are always changing.

This chapter addresses this critical challenge by presenting a comprehensive, multi-stage frame-
work designed to generate meaningful recommendations even in settings of extreme data sparsity.
The core of our contribution is a novel pipeline that transforms a sparse user-item graph into a dense,
information-rich structure. This approach enables the system to produce diverse and valuable recom-
mendations—including long-tail and previously unsold items—for new and established users alike.

Enhancing recommendation diversity often comes at the cost of reduced item coverage or a slight
degradation in personalization accuracy. Recognizing this, this chapter extends the initial work with
a thorough investigation into this diversity-coverage trade-off. Through extensive hyperparameter
analysis and a series of ablation studies, we dissect the framework’s components to provide actionable
insights for practitioners.

The chapter is structured to guide the reader from the foundational concept to its practical im-
plications. Initially, we introduce the core methodology and validate its effectiveness on a real-world
industrial dataset. Subsequently, we provide an expanded analysis that explores the framework’s
robustness to different GNN architectures, the specific impact of the graph augmentation step, and
the relationship between hyperparameter settings and performance metrics.

Ultimately, this chapter not only proposes a novel solution to the cold-start problem but also
provides a practical guide for practitioners seeking to balance the competing objectives of accuracy,
diversity, and coverage in real-world recommender systems.
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Figure 3.1: Overview of the proposed framework. The input sparse graph is augmented with edges derived
from user similarities and item categories, resulting in an enriched dense graph. Subsequently, a Graph
Neural Network model is trained on this augmented graph. Finally, re-ranking algorithm is applied to the
model predictions to increase recommendation diversity.

3.1 Mitigating Extreme Cold Start in Graph-based RecSys through
Re-ranking

Recommender systems based on Graph Neural Networks (GNN) have become the state-of-the-art
approach in recommendation, but they struggle with in extreme cold-start settings, where most users
or items lack interaction data. This paper proposes a novel framework to address this challenge in
four steps: (i) a propensity model to predict item purchase behaviour, with associated explainability
to identify the most relevant features, (ii) a link augmentation module to connect users based on
previously obtained similarities, (iii) a GNN-based link prediction step on the obtained dense graph
and (iv) a final re-ranking stage to increase diversity in predictions leveraging users embeddings.
By exploiting the enriched graph structure, the framework generates embeddings for cold-start
users and items, enabling diverse recommendations, containing long tail and unsold items, for both
established and new users. We validate the framework’s effectiveness on real-world industrial data
from TIM S.p.A.

3.1.1 Introduction

Recommender systems aim to suggest items to users that are most likely to appeal to them. With
the rise of the Internet and the availability of huge amounts of data, these algorithms have be-
come essential. Traditional methods like collaborative filtering rely on user-item interaction simi-
larity [245]. However, these approaches remain significantly limited as their prediction and training
stages overlook high-order structural information present in observed data [19, 161].

The emergence of deep learning has led to Graph Neural Networks (GNNs) outperforming tra-
ditional methods. GNNs overcome the aforementioned problems by exploiting embedding propaga-
tion, iteratively aggregating information from neighboring nodes in a graph structure [139]. Through
the stacking of propagation layers, each node gains access to information beyond immediate neigh-
bours, surpassing the limitations of traditional methods that only consider first-order neighbors.
The strength of GNNs lies in their ability to learn good user and item representations (embeddings)
and generate high-quality recommendations, especially for established users and items (warm sce-
narios) [212, 304].

Nevertheless, GNNs face challenges in extreme cold-start scenarios, where most users and items
lack interaction data. These users and items appear as isolated nodes in the user-item bipartite
graph, hindering information propagation and embedding updates.
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Many existing approaches [118, 267] have used side information to alleviate this problem. [104]
propose pre-trained GNNs and neighbor sampling for cold-start items. More recently, [46] presents
a two-step framework to treat warm and cold items differently.

Our paper proposes a practical solution to the extreme cold-start problem in a real large-scale
industrial setting, focusing on mitigating the problem for both new users (no purchase history) and
new items (minimal or missing sales data). Our contributions include:

• Identifying User Similarities with Explainable AI (XAI): We leverage XAI to identify
characteristics of warm users. This allows us to connect users with similar behavior patterns,
even if they haven’t interacted with the same items.

• Building a Dense Graph for Information Propagation: We enrich the initial bipartite
heterogeneous user-item graph by linking cold nodes to their nearest warm counterparts, ac-
cording to the XAI patterns, enabling information flow across the entire graph.

• GNN-based Recommendation with Re-ranking: Finally we implement a re-ranking al-
gorithm to promote recommendation diversity while simultaneously maintaining the quality
of the previous GNN predictions.

Our approach demonstrates success in generating diverse and accurate recommendations in cold-
start scenarios: for new items - with minimal, or no sales history or where sales history is missing -
and new users - those who have never made a purchase.

3.1.2 Background

XAI for Feature Selection

Understanding the inner workings of a predictive model is crucial for trusting and effectively utilizing
its outputs. In recent years, a large number of XAI methodologies have emerged to tackle the
complexities inherent in addressing this specific problem [181, 240]. Often, a simpler explanation
model is used [222]. This simpler model is essentially a more straightforward version designed to
help you understand the complexities of the original, more "complicated" model. Shapley values are
also a popular XAI technique to explain the contribution of each feature to the output of a Machine
Learning (ML) model. The goal is to decompose the model prediction and assign importance scores
(Shapley values) to individual features [244]. The explanation method SHAP [178] is a common
tool to compute Shapley values. In the context of feature selection, Shapley values can be used
to identify the most relevant features of an ML model. In this situation, the features themselves
become the players in a cooperative selection game, and model performance acts as the payoff
[84, 99]. Formally, the feature selection game is defined as follows [224]:

Feature selection game.
Let the players’ set be N = {1, ..., n}, where n is the total number of features. A feature subset

S ⊆ N represents a specific combination (coalition) of features. For each coalition, the train and test
feature vector sets are defined as XTrain

S = {xTrain
i |i ∈ S} and XTest

S = {xTest
i |i ∈ S}. Let fS(·) be

a machine learning model trained using XTrain
S as input, then the payoff is v(S) = g(y, ŷS), where

g(·) is a goodness of fit function, y and ŷS = fS(X
Test
S ) are the ground truth and predicted targets.
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Shapley values have been studied as a measure of feature importance in various contexts [58] and
applied in several tasks, including human action recognition [97] and natural language processing
[204]. Model features can be ranked, selected, or removed by exploiting the Shapley importance.

Graph Construction and Link Augmentation

We consider an unweighted heterogeneous bipartite graph G = (U, I,E,X), where U is the set of
user nodes, I is the set of item nodes, E is the set of edges connecting users and items based on
past interactions, and X ⊆ Rd×|U | is a matrix of d user features. The task is then formalized as a
link prediction task [167]. In a cold-start scenario, many users and items lack interaction data, re-
sulting in isolated nodes that hinder information propagation to the local neighbors, making it im-
possible to capture graph topology and obtain recommendations. To overcome this problem, Gupta
and Shrinath [98] leverage the K-Nearest Neighbors (KNN) algorithm to identify similar users and
items based on their features and connect the closest ones. This approach has been shown to out-
perform traditional recommender systems when applied to huge sparse networks. We employ a
similar technique to perform link augmentation over the graph, connecting user-user and item-item
nodes based on their similarity.

Figure 3.2: A schematic representation of the proposed framework for graph construction. (A) The initial
sparse graph. (B) A propensity model is trained, then (C) Shapley values are computed to select the most
representative features. (D) A bipartite graph is built using interaction data, with link augmentation for
users and items. Finally, a dense graph (E) is obtained.

GNNs for Recommendation

GNNs are powerful tools that can capture the structural information of a graph and learn node
representations. This operation is performed by message passing, where nodes aggregate and update
information from their neighbours in iterative steps. The feature matrix X can either represent
existing node features or be randomly initialized, which significantly increases the expressiveness at
the cost of slower model convergence [3].

The message-passing paradigm has been widely used in user-item GNNs [109, 266]. The messages
are iteratively aggregated and updated to obtain informative node embeddings. A single message
passing iteration is written as:

h(k+1)
u = UPDk(h(k)

u , AGGk({h(k)
v , ∀v ∈ N(u)})) (3.1)

where h(k)
u is node u embeddings at the k-th step, with h(0)

u = Xu, i.e. the u-th row of the feature
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matrix X. N(u) denotes the set of neighbors of node u and UPD and AGG are the update and
aggregation permutation-invariant operation, respectively. Many differentiable approaches exist for
the aggregation operation [139, 254]. After multiple iterations, each node j obtains a final embedding
hj that captures its local and global context within the graph.

Finally, the predicted likelihood of u buying item i is obtained using the inner product of their
embeddings:

ŷui = hT
uhi (3.2)

Those obtained likelihoods allow us to rank the items for each user u, recommending the ones most
likely relevant for him.

Re-ranking for Recommendation Diversity

As the field of Recommender systems continues to evolve, various critical issues have been identi-
fied in the literature [28, 111], like the Matthew effect [173, 316] and filter bubble [196].

The Matthew effect, which can be summarized as "the rich get richer and the poor get poorer",
occurs in recommendation when popular items or categories have increased chances of being recom-
mended, while the less popular ones are overlooked. This is a critical concern to users seeking di-
verse recommendations, negatively impacting user satisfaction, even if they initially favoured such
content. This lack of diversity can lead to the filter bubble phenomenon, where individuals are re-
peatedly exposed to content that reinforces their existing preference, isolating them from diverse
perspectives and information. As a consequence, it fortifies previous preferences and forces the user
to delve deeper into them. This situation is also called "group polarization" [91].

Extremely personalized recommendations can exacerbate these issues. To avoid this situation,
it is imperative to introduce diversity into them. One way to do so is by solving a multi-objective
optimization problem, balancing personalization and diversity.

3.1.3 Methodology

User representation space

Cluster
centroids

Target user

Centroid recommendations User recommendation

Remove
items in
common

Re-ranked list

R
e-ranking

Top-k Tail

X X X

Centroids
ordered by
distance

User
centroid

X X X

Personalized
top-k is kept

Reranked
centroids'
items are
appended

Top-k

Centroid
top-k is

kept

Figure 3.3: Proposed re-ranking algorithm. In each of the three clusters, the closest user to the centroid
is considered as the centroid recommendation list. For each user, the top recommendations are frozen, and
the others are re-ranked. Its cluster is not taken into consideration; items already present are excluded,
while those not present in the intersection remain relevant; finally, in addition to the initially frozen ones,
the remaining candidates are concatenated, and sorted by descending probability.
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Graph construction

Interaction data. The first step involves building a bipartite heterogeneous graph, where nodes
represent users and items, and edges connect users to items they have purchased.

In extreme cold-start scenarios, most nodes are isolated, due to the lack of interaction data for
most users and items. We need to address this sparsity in order to make a viable prediction for
isolated nodes. To do so, we employ link augmentation to create additional edges. As discussed in
Section 3.1.2, the main idea behind our approach is to connect similar users and items. While for
items we can just use their categorization, for users we need a way to describe them based on the
most relevant factors influencing purchasing behavior.

Propensity model. Each user is represented by 600 features. Due to computational complexity,
which is a major concern in industrial applications, we decide to reduce the number of features to
150 by performing PCA. This results in capturing over 80% of the explained variance, but with a
75% reduction of space.

A propensity model is trained to simulate a user’s likelihood to purchase items: users who have
bought at least one item are labeled as positive, while all the others are considered negative. For
the actual algorithm, we decided to use an XGBoost binary classifier [53], a scalable end-to-end
tree boosting model. Regarding the data, "no purchase" users significantly outnumber purchasing
users, leading to a strongly unbalanced dataset. To avoid data splitting and overfit the model
for retrieving the most relevant features, we address the imbalance by undersampling the majority
class ("no purchase"). We then perform a grid search to optimize the XGBoost hyperparameters:
maximum tree depth, learning rate and regularization. We consider optimal the model that achieves
the highest F1 score.

Once the propensity model is trained, we compute its Shapley values. Typically used in XAI,
they quantify the contribution of each feature to the model’s prediction. This allows us to identify
the top-10 most influential features for explaining user purchase behavior. Ultimately, this method
reduces the computational complexity of similarity by 60 times, making the solution highly valu-
able for industrial applications where efficiency and interpretability are crucial.

Link augmentation

The key features of the propensity model identified via the Shapley values are utilized to connect
users with similar characteristics in the graph construction stage. Users with similar behaviour are
linked via Approximate Nearest-Neighbor (ANN). Connecting users with similar profiles is beneficial
as they tend to exhibit similar purchasing patterns. This strategy helps predict new interactions
based on established user behaviour. Especially in cold-start scenario, a user might influence other
users connected to him, even though these haven’t made a purchase yet.

We employ a similar approach connecting item nodes based on their categorization. This is
based on the assumption that a user who already expressed interest in one item is more likely to
buy another item in the same category. Linking isolated nodes within the same category facilitates
information propagation between them, enabling the GNN model to capture latent relationships
and similarities among items, even if initially missing direct connections. In this way, every item,
even the unsold ones, is linked to the final graph.
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Several open-source Python libraries like FAISS [61] and Hnswlib [183] offer GPU-accelerated
ANN implementations. However, for industrial tasks, scalability becomes challenging. We leverage
the Annoy library [26] which, thanks to its optimized memory scaling, allows us to augment hundreds
of billions of edges.

In Fig. 3.2 are summarized these steps to achieve a denser graph.

Recommendation model

GNN model. We adopt a 2-layer GraphSAGE [101] model for our recommender systems. In
GraphSAGE, the update function (UPD) combines concatenation and a linear layer, while the
aggregation function (AGG) is a mean-pooling. According to Eq. (3.2), we compute the dot product
between the user and item embeddings obtained from the GNN, providing a score for each item-
user pair. Finally, for each user, the items sorted based on their predicted score give a ranked
recommendation list. We randomly split the edges of the graph into training, validation and test
sets with a 70%-20%-10% ratio. During training, we mask a portion of the edges for link prediction.
For mini-batch training on the large-scale graph, we choose batches containing equal numbers of
positive (real) edges and negative (non-existing), which are randomly sampled.

We utilize a weighted binary cross-entropy loss function for link prediction, as shown in the
equation below:

L(x, y) = − 1

N

N∑
n=1

[yn log(xn) + wneg(1− yn) log(1− xn)] (3.3)

where N is the batch size, xn is the model prediction for the n − th element in the batch, yn the
corresponding target label (0 or 1), and wneg is the parameter to weight the negative loss term.

To identify the best configuration for our GNN model, we perform hyperparameter tuning of
input feature vector node dimension, number of neighbours considered in message-passing, model
hidden space dimensions, optimizer used in training, and negative weight wneg in the loss function.
The objective of hyperparameter tuning is to minimize the loss function on the validation set.

Re-ranking

The GNN produces user and item embeddings, which are vector representations of user preferences
and item characteristics, as well as their connections within the graph. To promote recommendation
diversity and user serendipity (discovering unexpected but interesting items), we use a re-ranking
approach.

Our re-ranking strategy leverages the user embeddings learned by the GNN. We proceed as
follows:

1. Community Detection: We aim to identify behavioral communities in the user’s embed-
dings latent space. We achieve this by clustering the users using k-means∥ [21]. The op-
timal number of clusters is determined by maximizing the Silhouette score [223], a metric
for evaluating clustering quality. Let Q = {Q1, . . . , QK} be the set of detected clusters and
q = {q1, ..., qK} their respective centroids.

2. Distance to Other Centroids: We compute the Euclidean distance between each user
embedding hu and cluster centroid qk: d =

√
(hu − qk)2.

Alessandro Sbandi 29



3.1. Mitigating Extreme Cold Start in Graph-based RecSys through Re-ranking

3. Cluster Centroid Recommendations: For each cluster centroid qk, we determine the
closest user u. This user’s recommendation item list is considered as the base recommendation
for all users in the same cluster Qk.

4. Distance between centroids: For each cluster centroid qk, we compute the Euclidean
distance among all of them qk: d =

√
(qu − qk)2. Then we choose the furthest as good

candidates for the centroid re-ranking, q̂k, where q̂k = {q1, ..., qF } is the set of candidates for qk.

5. Re-ranking Centroid Tail Recommendations: We freeze the top K recommendations
for each centroid and the tails are re-ranked. First, we remove from each centroid candidate
qf , the top recommendations of the centroid qk. We consider for re-ranking those items that
remain both in the recommended tail list of centroid qk, Yk, and the other centroids lists
candidates, Yf . This set is formally indicated as Yk,f = Yk ∩ Yf , f ∈ {1, . . . , F}, with f the
set of furthest centroids. The selected items Yk,f are sorted based on importance (position)
in other lists, ordered from the furthest centroid list to the closest, and appended to the top
K frozen centroids recommendations to form the final centroid recommendation list Ŷk.

6. Re-ranking User Tail Recommendations: Once the centroid lists have been re-ranked,
we re-rank user recommendations based on his cluster centroid. In order to maintain the user
personalization provided by the GNN, we decided to freeze the top-K user recommendations
and re-rank the user tails based on their re-ranked cluster. To achieve this, once again, we
initially removed the top-K when comparing user recommendations with those of their cen-
troid, and then appended the remaining ones following the cluster recommendation’s order.

This re-ranking approach preserves the quality of GNN results by retaining the first K recom-
mendations. Simultaneously, it increases diversity by taking into account other communities’ inter-
ests, potentially leading to serendipitous discoveries for users. Additionally, it helps reducing the
group polarization problem. A potential drawback of this approach is that re-ranking all the tail
items in the same order within a cluster might lead to some homogeneity. To bypass the prob-
lem, we create a large number of micro-clusters. By grouping users into smaller communities, the
overlap in tail recommendations among users is reduced. Essentially. the tail recommendations are
identical only for users belonging to the same micro-cluster. Re-ranking based only on centroids of-
fers a significant computational advantage compared to using individual user recommendations. It
reduces the cost from |U | ∗K to K2. Additionally, pre-computing tail recommendations for each
cluster allows for faster response times for new users. This translates to substantial efficiency gains,
especially for large user bases, making the solution highly scalable for industrial deployments. The
described re-ranking algorithm is visualized in Fig. 3.3.

3.1.4 Experimental Results

Experimental Setup

Research Questions. We conduct a series of experiments to evaluate the effectiveness of our
proposed approach, particularly focusing on its ability to handle cold-start and long-tail item rec-
ommendations. Our evaluation aims to answer the following research questions.
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• RQ1: does the re-ranking algorithm improve recommendation diversity?

• RQ2: does the re-ranking algorithm promote long-tail item recommendations?

• RQ3: is the re-ranking algorithm robust to hyperparameter variations?

Table 3.1: The description of the dataset.

Dataset Industrial
# tot # warm # cold # extremely cold

items 693 29 412 252

users 1080681 13622 169505 897554

Dataset. TIM S.p.A. supplies various commodities to the customers, generally called IT items.
However, the dataset provided by the company exhibits a significant cold-start challenge, as only
17% of the customer base has purchased any item. Among those, 93% have only bought one
item. Approximately 40% of the items have never been sold, and the top three best-selling items
collectively account for half of all sales. This extreme cold-start scenario presents a significant
challenge for recommender systems. A detailed summary of the data is shown in Table 3.1.

Warm
items

Cold
items

Unsold
items

Figure 3.4: Internal dataset distribution: warm, cold, and unsold items are highlighted.

Given the dataset’s characteristics, we deviate from the traditional approach of splitting items
into warm and cold categories according to the Pareto Principle [15]. Instead, as presented in
Table 3.1, we define user and item categories based on purchase behaviour:

warm users have purchased more than one item; cold users have only one purchase; ex-
tremely cold users have no purchases. warm items represent more than 1% of the total stock;
cold items represent less than 1% of the total stock; unsold items have never been purchased.
The item distribution is illustrated in Fig. 3.4.

Evaluation Metrics. We employ several metrics to assess the performance of our method.
Intra-List Distance (ILD) measures the average pairwise distance between items in a user’s

recommendation list.

ILD(Ru) =
1

|Ru|(|Ru| − 1)

∑
i∈Ru

∑
j∈Ru\i

d(i, j) (3.4)

where d(i, j) is the Euclidean distance between item embeddings derived from the graph, and
|Ru| is the cardinality of the set of items.
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Table 3.2: ILD results of GNN, Random Shifted GNN and re-ranking algorithm. Experiments are repeated
five times with a different weight initialization; mean and variance are reported. Bold indicates the best
result, while our metrics surpassing the baselines are underlined. * denotes statistically significant (p<0.01)
improvements over the top-performing baseline.

Method ILD@K
K=5 K=10 K=20 K=50 K=100

GNN 6.5249 ± 1.9822 6.4746 ± 1.7203 6.6528 ± 1.7000 6.6797 ± 1.7088 7.1063 ± 1.8448
Random Shifted GNN 7.0976 ± 4.2660 1.5773 ± 0.9480 0.3735 ± 0.2270 0.0580 ± 0.0348 0.0143 ± 0.0086

Re-ranked F@5 - 16.9174 ± 3.5631∗ 22.2285 ± 1.4671∗ 22.1086 ± 0.5082∗ 21.9093 ± 0.2157∗

Re-ranked F@10 - - 10.8625 ± 1.8004∗ 10.3264 ± 0.9937∗ 10.1021 ± 0.4554∗

Re-ranked F@20 - - - 11.0949 ± 0.6530∗ 12.6525 ± 0.2326∗

Re-ranked F@50 - - - - 15.2856 ± 1.5690∗

Table 3.3: Coverage results of GNN results and after re-ranking. Bold indicates the best result, while
second-best is underlined.

Method Coverage@K
K=5 K=10 K=20 K=50 K=100 K=200 K=300 K=400 K=500 K=600

GNN 0.3255 0.3967 0.4877 0.6582 0.8172 0.9389 0.9895 1.0000 1.0000 1.0000

Re-ranked F@5 - 0.3578 0.3839 0.4176 0.4688 0.5679 0.6510 0.7471 0.8323 0.9248
Re-ranked F@10 - - 0.4294 0.4825 0.4983 0.5788 0.6488 0.7312 0.8323 0.9219
Re-ranked F@20 - - - 0.5004 0.5365 0.6137 0.6941 0.7890 0.8699 0.9364
Re-ranked F@50 - - - - 0.7036 0.7736 0.8255 0.8800 0.9205 0.9624

Table 3.4: Type-Coverage improvement results for different K. Experiments are repeated freezing at differ-
ent ranges in re-ranking algorithm. The coverage improvements are presented for warm (W), cold (C) and
unsold (U) items. Bold indicates the type of item that has lower decreases for a specific K, underlining rep-
resents the general best results for the type of item.

Method Type-Coverage@K
W@100 C@100 U@100 W@200 C@200 U@200

GNN 0.8534 0.7384 0.9385 0.9493 0.9017 0.9921

Improvements F@5 -0.5557 -0.6589 -0.1204 -0.4828 -0.5730 -0.1191
Improvements F@10 -0.4500 -0.5876 -0.1623 -0.3461 -0.5309 -0.1841
Improvements F@20 -0.2501 -0.3799 -0.3018 -0.2414 -0.3873 -0.2939
Improvements F@50 -0.0833 -0.1931 -0.0736 -0.0812 -0.2434 -0.0755

Coverage@K: This metric calculates the proportion of unique items appearing in the top-K
recommendations across all users:

Coverage@K =
| ∪u∈U YK(u)|

|Ru|
(3.5)

where YK(u) = [i1, ..., ik] represent the top-K recommendation list for user u and Ru the set of
all items.

Type-Coverage@K: Similarly, this metric focuses on the coverage given to long-tail items:

Type− Coverage@K =
| ∪u∈U Y Type

K (u)|
|RType

u |
(3.6)

where Y Type
K (u) and |RType

u | refer to a specific item type.
We evaluate the Type-Coverage@K differentiating between warm, cold and unsold items.

Baselines. Currently, TIM S.p.A. is not using any machine learning algorithm to recommend IT
items. In this extreme cold-start setting, good performances would correspond to overfitting on the
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Figure 3.5: From left to right: Type-Coverage@K improvements for a low number of clusters, Type-
Coverage@K improvements for a high number of clusters, and Unsold-Coverage@K improvements between
low and high number of clusters.

few items sold. This is opposite to the idea of pushing a limited amount of items previously decided
in every campaign. All these reasons add up to why we consider the GNN as one of the baselines
against which to compare our re-ranking approach.

Additionally, we decide to compare our results with a random baseline. For each user, we
randomly shuffle the recommended item list. In Table 3.2, we refer to it as Random Shifted GNN,
and the ILD results are calculated based on the obtained GNN item embeddings.

Results

This section presents the evaluation results for our proposed approach, addressing the research
questions outlined earlier.

Diversity. To answer RQ1, we evaluate the impact of re-ranking on recommendation diversity
by comparing the ILD obtained by the GNN with that resulting from the re-ranking algorithm.
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The results presented in Table 3.2 show that re-ranking methods increase the ILD of the recom-
mendations by +126.7% in average, across list lengths ranging from 10 to 100. This improvement
is attributed to the re-ranking strategy. By freezing the top-K recommendations and incorporat-
ing items from the furthest cluster centroids, the model injects items with a lower user-community
overlap, leading to more diverse recommendations.

Long tails. However, altering the user tails using those of the centroids, introduces a trade-off.
Since users within the same cluster probably receive similar tail recommendations, the overall item
coverage is expected to decrease. Table 3.3 summarize the coverage results to answer RQ2. As ex-
pected, overall coverage decreases due to re-ranking. However, since our focus is on long-tail items,
we should turn our attention to Type-Coverage@K, shown in Table 3.4. The coverage for unsold
items shows the smallest decrease, while cold items show less coverage than warm items. This sug-
gests that the re-ranking algorithm is effective at promoting long-tail recommendations, particu-
larly for items that have never been purchased before.

Hyperparameter sensitivity. To assess the robustness of our approach to hyperparameter vari-
ations RQ3, we present the effect of four hyperparameters in re-ranking algorithm: the number of
clusters, the number of candidates for each centroid, the number of items to freeze in the centroid-
centroid and in the user-centroid re-ranking step. In order to reduce the number of experiments, we
set the same number of frozen items in centroid re-ranking and user re-ranking, reducing to three
hyperparameters.

We use the top 10 and top 50 furthest centroids in re-ranking approach and we notice that the
number of furthest centroids considered is not impacting the ILD and type-coverages up to one
hundred frozen items. So, we go deep into the variations in the number of clusters and the amount
of items to freeze.

The number of frozen recommendations determines how much GNN’s initial predictions are pre-
served. As shown in Tables 3.2 to 3.4, a higher number of frozen items produces both a higher ILD
and a higher coverage for all three item types. As shown in Fig. 3.5, the coverages decrease more
as the number of frozen items increases.

Furthermore, the deterioration in coverage for unsold items increases with each K up to 20, and
at 50, they have the lowest value overall. At 50, the degradation for cold items is at its highest.
This is because the number of warm items is 29, and for low K values, the re-ranking algorithm
places tail items (unsold) in the top positions. Once the number of warm items is exceeded, these
unsold items end up disadvantaging the cold items, lowering their type coverage.

Moreover, when the number of clusters increases, the amount of unsold items is always decreas-
ing, for each number of frozen items, @100 and @200. This happens because having a larger num-
ber of clusters allows for the identification of more behaviors within the micro-clusters, thereby fa-
voring the unsold items more.

Finding the optimal hyperparameter configuration requires careful consideration of the desired
balance between diversity and coverage within the specific application context.

The results presented in RQ1 and RQ2 are obtained with one thousand clusters and ten furthest
centroid candidates.
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3.1.5 Conclusions

This paper addressed the extreme cold-start problem for new users and items in a recommender
system. We proposed a novel end-to-end framework designed to generate recommendations in an
extreme cold-start scenario. The framework utilizes relevant customer features to connect users,
aiming to prevent isolated nodes in the graph and facilitate information flow. Additionally, we
introduced a re-ranking algorithm to enhance user diversity.

We conducted experiments to evaluate the effectiveness of our approach on a real-world dataset
with extreme cold-start characteristics. The results show that our method significantly improves
recommendation diversity compared to the baseline GNN model. Additionally, it shows promising
results in promoting long-tail item recommendations, especially for unsold items.

For future work, we plan to incorporate additional information sources, such as external surveys,
to improve GNN embeddings’ quality. The algorithm has also been deployed in production and we
will monitor user feedback to refine the framework. Finally, we aim to investigate state-of-the-art
neural multi-objective re-ranking models for potentially even better performance and flexibility.

3.2 Balancing the Diversity-Coverage Trade-off in Graph-based
Recommendations for Cold-Start Industrial Applications

In extreme cold-start scenarios, where users and items have little or no interaction history, traditional
recommender systems struggle to generate diverse and meaningful suggestions. This work intro-
duces a unified framework designed to address this challenge using two complementary techniques:
(i) a graph augmentation module which densifies the user-item graph using feature-based link pre-
diction, and (ii) a re-ranking algorithm which increases recommendation diversity via centroid-aware
sampling across distant user clusters. The resulting architecture also combines graph neural net-
works for representation learning.

We empirically evaluate the framework using a real-world industrial dataset from the telecom-
munications sector, which is characterized by severe data sparsity and item imbalance. A compre-
hensive exploration of the possible hyperparameter configurations is conducted, allowing for the
assessment of diversity-coverage trade-off and enabling the selection of a configuration that meets
specific objectives.

The results provide actionable insights for practitioners, demonstrating how to optimize the
framework according to specific goals, whether prioritizing diversity, coverage, or computational ef-
ficiency. This work serves as a resource for deploying scalable high-quality recommendation systems
in real-world industrial settings, addressing the unique challenges posed by extreme cold-start sce-
narios.

3.2.1 Introduction

Recommender systems are critical components of modern digital platforms, driving user engagement
and business revenues by providing personalized suggestions for products, services, or contents.
With the proliferation of user-item interactions in areas such as e-commerce [8, 233], entertainment
[30, 48, 157], and social networking [14, 214, 237], recommender systems have evolved significantly,
using sophisticated models to deliver highly accurate predictions [227].
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Despite these advances, the challenge of dealing with cold-start scenarios - where new users
or items lack sufficient interaction data - remains a significant barrier to their effectiveness [117,
288]. In industrial environments, where systems must support millions of users and dynamically
evolving item catalogs, the extreme cold-start problem is exacerbated, having a direct impact on
user satisfaction and business outcomes [12, 230].

The extreme cold start scenario is particularly challenging due to its inherent sparsity [39]. New
users often join the platform with no prior history of interaction, and new items may be added to
the catalog with limited or no contextual information. Traditional collaborative filtering methods
[245] struggle in this environment because they rely heavily on historical data to establish user-
item relationships. While content-based and hybrid approaches can partially address the problem
by incorporating ancillary information such as user demographics or item metadata [118, 177, 267],
these solutions often fail to capture the complex and evolving preferences reflected in high-order
graph structures [37]. Graph Neural Networks (GNNs) have emerged as a promising avenue for
recommender systems [88, 212] by effectively encoding such structural information [139, 161, 304].
However, even state-of-the-art GNN-based recommenders show limitations when confronted with
the extreme sparsity of cold-start scenarios [46, 104].

This paper addresses the extreme cold-start problem by investigating how to balance three core
objectives in industrial recommender systems: accuracy, item coverage, and list diversity. These
goals often conflict with each other: models that maximize accuracy tend to favor popular, well-
known items, which limits long-tail exposure. Conversely, increasing diversity can reduce person-
alization, catalog coverage, and short-term precision. This raises the following research question:
how can we balance the trade-off between item coverage and recommendation diversity in extreme
cold-start settings while minimizing the accuracy degradation?

To address this issue, our previous work [230] introduced a novel framework that combines
graph link augmentation and re-ranking strategies to address extreme cold-start challenges. Using
Explainable AI (XAI) techniques, the framework identifies user similarities to augment a sparse
graph, allowing for improved information propagation through a GNN. The subsequent re-ranking
stage enhances the diversity of recommendations, addressing well-documented issues such as filter
bubbles [196] and the Matthew effect [173, 316]. This framework is designed to scale to real-world
industrial settings and is empirically validated on a large proprietary dataset from TIM S.p.A., a
leading telecommunications company.

Building on this foundation, this paper presents an extended and more comprehensive evaluation
of the proposed framework. Specifically, we provide:

• Extended related work: A deeper analysis of the state of the art in cold-start recommendations,
GNNs, and re-ranking strategies, highlighting how our approach compares to and contributes
to these advances.

• Expanded insights into methodology and scalability: We provide a more detailed explanation
of the framework’s design, including the theoretical justifications for its components and the
choices made in its implementation. In addition, we discuss scalability in depth, exploring
optimizations and architectural improvements that enable the framework to efficiently handle
large-scale industrial deployments.

• Ablation studies: We analyze the impact of key parameters such as the number of augmented
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links and the number of selected features, providing insights into the robustness and scalability
of the framework. Moreover, we evaluate results on a GNN architecture variant, the graph
augmentation impact, the influence in accuracy for the proposed re-ranking approach, and
the choice of farthest centroids in the re-ranking step.

• Additional baselines: To contextualize our results, we introduce and evaluate an additional
baseline method, highlighting the unique strengths and weaknesses of our approach.

By addressing these aspects, this paper bridges the gap between industrial relevance and aca-
demic rigor, contributing valuable insights to both communities. From an academic perspective, it
advances the understanding of cold-start mitigation techniques in graph-based recommender sys-
tems. From an industrial perspective, it provides scalable, interpretable, and effective solutions ap-
plicable to large-scale deployments.

The rest of this paper is structured as follows: Section 3.2.2 provides a comprehensive review
of related work, situating our approach within the broader landscape of recommender systems.
Section 3.2.3 describes the methodology, detailing the core components of the framework and the
design rationale behind each. Section 3.2.4 outlines the experimental setup, including datasets,
evaluation metrics, and baseline configurations. Section 3.2.5 presents the results, analyzing the
performance of the framework across experimental conditions. Section 3.2.6 discusses an ablation
study of the framework, evaluating a different GNN architecture, highlighting both the strengths
and limitations of the graph augmentation step, describing the re-ranking impact on accuracy,
and assessing the choice of farthest cluster selection in the re-ranking step. Finally, Section 3.2.7
concludes the paper and outlines directions for future research.

3.2.2 Related Work

Recommender systems have made significant progress, with GNNs emerging as powerful tools for
encoding high-order structural information in user-item interactions. However, challenges such as
cold-start scenarios, recommendation diversity, and scalability remain, especially in industrial ap-
plications. In this section, we review recent advances in GNN-based recommendation, strategies for
addressing cold-start challenges, re-ranking algorithms, and their industrial relevance. In addition,
we highlight gaps in the existing literature and position our approach as a solution to these issues.

GNN-based Recommender Systems

Early recommendation approaches, such as collaborative filtering [245], relied on matrix factoriza-
tion techniques to capture latent relationships. While effective in many scenarios, these methods
often overlooked the structural richness inherent in user-item graphs. For example, indirect rela-
tionships, such as users with overlapping neighbors or items that are frequently purchased together,
were often neglected. Graph Neural Networks (GNNs) overcome these limitations by employing
message-passing mechanisms that iteratively update node embeddings based on the features of their
neighbors. This ability to capture both local and global graph structures has made GNNs a nat-
ural fit for recommendation tasks, where user preferences and item characteristics are often linked
by complex networks.
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GNNs provide a powerful framework for learning on graph-structured data, with methods tai-
lored to different applications. Graph Convolutional Networks (GCNs)[139] use spectral convo-
lutions to efficiently aggregate and propagate node information, but face scalability challenges in
large graphs. To address this, GraphSAGE[101] introduces an inductive learning approach that al-
lows dynamic generation of embeddings for unseen nodes while reducing computational overhead
by sampling a fixed number of neighbors. Further advances, such as Graph Attention Networks
(GATs)[254], incorporate attention mechanisms to prioritize the most relevant connections, enhanc-
ing personalization and adaptability. These general GNN techniques have laid the groundwork for
applying graph-based learning to various domains, including recommender systems and social net-
works.

In the realm of recommender systems, GNNs have shown significant promise in capturing both
direct and high-order relationships within user-item bipartite graphs. LightGCN[109], a widely cited
work in this domain, simplifies traditional GCN architectures by removing non-linear activation
functions and focusing solely on linear aggregation and embedding propagation. This design choice
not only reduces computational overhead but also improves performance for recommendation tasks,
where the key is to learn effective user and item embeddings. Neural Graph Collaborative Filtering
(NGCF)[266] builds upon traditional collaborative filtering by integrating graph-structured embed-
dings, enabling the model to capture multi-hop relationships that go beyond direct interactions.

Other efforts to integrate GNNs into recommender systems have included various domain-specific
adaptations, such as incorporating side information [118, 267], leveraging hybrid models that com-
bine GNNs with matrix factorization[187, 265], and designing scalable training algorithms to han-
dle large datasets[170, 302].

Despite their success, most GNN-based recommenders assume sufficient connectivity in the
interaction graph. In extreme cold-start settings, where nodes are isolated, the effectiveness of
GNN embeddings decreases significantly. Methods such as GPatch [46] and pretrained GNNs [104]
attempt to address this issue through architectural changes or transfer learning; however, these
approaches often introduce significant computational overhead or require auxiliary interaction data.
In contrast, our method employs a lightweight augmentation strategy to enhance graph connectivity
before GNN training without requiring model pre-training

Cold-Start Challenges

The cold-start problem, where new users or items lack sufficient interaction data, remains a major
obstacle in recommender systems. This issue disrupts the ability of algorithms to establish mean-
ingful connections between users and items, resulting in suboptimal recommendations. Addressing
cold-start scenarios is particularly critical in dynamic environments, such as e-commerce platforms
and streaming services, where catalogs and user bases continuously evolve.

Traditional recommendation approaches have long attempted to address cold-start scenarios us-
ing various strategies, primarily focusing on content-based filtering (CBF) [211, 273]. CBF leverages
descriptive information about users and items, such as demographics or textual metadata [30, 48].
By training models on feature representations, CBF methods can provide recommendations based
on similarities in content. While effective in some cases, these approaches depend heavily on the
availability and quality of metadata, which can vary widely across domains. Recent advancements
have shown potential for mitigating cold-start issues. LLMs, for example, can leverage pretrained
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embeddings to encode semantic relationships based on item metadata or language features. This
capability allows them to provide competitive recommendations even in sparse settings [227]. Sim-
ilarly, generative models [288] create synthetic interactions to enrich training datasets, addressing
both data sparsity and recommendation diversity. These approaches exemplify the growing trend
of leveraging external knowledge and synthetic data to improve cold-start performance.

GNNs, despite their success in capturing high-order relationships in user-item graphs, face unique
challenges in cold-start scenarios due to their reliance on graph connectivity. Sparse or missing con-
nections for new nodes significantly hinder the information propagation necessary for generating
high-quality recommendations. Several methods have been proposed to adapt GNNs to these sce-
narios by enriching the graph structure or enhancing the embedding process.

Cai et al. [37] address user cold-start recommendations by introducing the Inductive Heteroge-
neous Graph Neural Network (IHGNN), which captures rich relational information across multiple
modalities. To mitigate the sparsity of user attributes, they use a random walk-based strategy for
collecting associated neighbors, followed by a hierarchical attention mechanism to aggregate mean-
ingful connections. This approach effectively enriches sparse user attributes and generates high-
quality representations for cold-start users.

Building on the use of external data and attributes, Cao et al. [39] propose ColdGPT, a multi-
task framework designed for extreme cold-start scenarios, where user-item interactions are en-
tirely unavailable. ColdGPT constructs a fine-grained item-attribute graph using data from vari-
ous sources, such as item contents, purchase sequences, and review texts. This approach enhances
the embeddings for cold items by enabling the model to infer item relationships through attribute
propagation, achieving significant improvements over state-of-the-art methods on public datasets.

Pretraining techniques have also emerged as a promising direction to enhance graph-based rec-
ommendations in cold-start scenarios. Hao et al. [104] propose a pretrained GNN framework that
simulates cold-start conditions by reconstructing embeddings from users/items with sufficient inter-
actions. This process explicitly optimizes embeddings for cold-start scenarios, allowing the model
to generalize effectively to unseen users/items while reducing reliance on cold-start neighbors dur-
ing training.

Innovative architectural adaptations further contribute to solving the cold-start challenge. Lu
et al. [177] introduce HyperRS, a hypernetwork-based recommender system that does not rely on
demographic information. A hypernetwork generates all weights in the underlying recommender
system, enabling the weights to adapt quickly to capture user interests. This approach ensures
high adaptability and robust performance in cold-start settings, even when user demographic data
is unavailable or sparse.

GPatch[46] presents a dual-component framework to handle both warm and cold-start user-
s/items. It employs an efficient GNN architecture for warm scenarios, and a Patching Network
to simulate recommendations for cold-start users/items. This dual design ensures that the perfor-
mance for warm users/items remains uncompromised while effectively integrating cold-start entities
into the graph structure.

While these methods have significantly advanced the state-of-the-art, they are not without lim-
itations. Many rely on the availability of extensive attribute data or external datasets for pretrain-
ing, which may not always be feasible in real-world industrial applications. Computational com-
plexity also remains a concern, particularly for methods requiring large-scale pretraining or dynamic
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model adaptations.
Our work takes a different approach. We construct feature-based user-user and item-item graphs,

retaining only the most informative user attributes. Although existing methods have explored edge
prediction for graph completion [68, 272, 311], they usually predict missing user-item links [71] or
optimize different tasks (e.g. rating prediction) [305]. To the best of our knowledge, no prior method
combines a supervised classifier for purchase probability with SHAP-informed feature selection for
similarity-based augmentation

Re-ranking Algorithms

Re-ranking is increasingly recognized as a critical step in recommender systems to address challenges
such as over-personalization, diversity and fairness. As recommender systems are optimized for user
engagement, they often inadvertently exacerbate problems such as the Matthew effect. [173, 316]
and the filter bubble [196]. The Matthew effect describes the tendency for popular items to become
even more dominant in recommendation lists, marginalizing less popular or long-tail items. This
imbalance can reduce user satisfaction by exposing users to repetitive and overly familiar content.
Similarly, filter bubbles occur when recommendation algorithms reinforce users’ existing preferences,
limiting exposure to diverse or serendipitous items. Over time, these effects can lead to group
polarization [91], reducing the overall utility of the system and user retention.

To mitigate these challenges, re-ranking algorithms strive to introduce diversity and novelty
into recommendation lists without sacrificing relevance. Recent works have proposed innovative
approaches to this problem, leveraging advanced modeling techniques.

Ren et al. [221] proposed NAR4Rec, a non-autoregressive generative model that overcomes the
limitations of traditional autoregressive methods, such as slow inference and error accumulation.
By generating and evaluating multiple feasible item sequences simultaneously, NAR4Rec captures
intra-list dependencies efficiently, demonstrating superior performance in both offline and online
tests on large-scale industrial platforms.

Similarly, Gu et al. [95] introduced a hierarchical attention-based encoder combined with SciB-
ERT for local citation recommendation. This method improves reranking accuracy by leveraging
fine-grained textual context while reducing the computational burden of candidate generation.

Li et al. [163] proposed a hybrid model for academic paper recommendations that combines user
behavior and content similarity. By utilizing a knowledge graph to assess entity-level relationships,
their model demonstrated significant performance improvements, emphasizing the value of recent
user activity.

Despite these advancements, significant gaps remain in the re-ranking literature. These tech-
niques are often orthogonal to the use of GNN embeddings, and few have been fully integrated into
pipelines designed to mitigate cold-start. Many existing methods focus on specific metrics, such as
diversity [41, 87, 289] or fairness [92, 190, 285], but fail to address scalability in real-world scenar-
ios. Our cluster-based re-ranking strategy, on the other hand, is straightforward and scalable: it
introduces diversity by recommending items from different user clusters, which can be considered a
mild form of novelty injection or serendipity
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Industrial Setting

The use of recommender systems in industrial settings presents unique challenges, including scala-
bility, latency and diversity. Industrial environments demand algorithms that can process extensive
user-item interactions efficiently while adhering to strict latency requirements. Furthermore, ensur-
ing that recommendations are diverse and relevant is critical to maintaining user satisfaction and
optimizing business outcomes.

In large-scale industrial environments, scalability is often hindered by the computational de-
mands of constructing and processing massive user-item graphs. GNN-based recommenders, while
powerful in leveraging structural information, face challenges in handling the complexity of graph
construction and convolution operations at scale. While academic advances have proposed sophisti-
cated algorithms to improve recommendation quality, empirical studies show that some e-commerce
platforms continue to favor simpler methods, such as best-seller lists, for their reliability and ease
of deployment [202]. Lastly, industrial systems often struggle with issues of diversity and fairness.
Over-personalized recommendations can reduce exposure to long-tail or unsold items. This not only
impacts user satisfaction but also limits the business value of underutilized inventory. Achieving a
balance between relevance and diversity is thus a critical goal for industrial recommender systems.

3.2.3 Methodology

Our framework consists of three primary stages designed to address the extreme cold-start problem
in recommender systems:

1. The initial user-item graph, characterized by sparse interactions, is enriched through a multi-
step process, transforming it into a dense structure that facilitates effective information prop-
agation.

2. A GNN is trained on the augmented graph to generate embeddings that capture the structural
relationships between users and items.

3. To improve recommendation diversity, a centroid-based re-ranking strategy is applied to the
GNN-generated predictions. This step reorders the recommendation lists by incorporating
long-tail items, balancing personalization and diversity.

Together, these steps enable our framework to deliver accurate, diverse and scalable recom-
mendations in industrial contexts. The rest of the section provides an in-depth explanation of the
framework, detailing its components and the scalability enhancements that make it suitable for in-
dustrial applications.

From Sparse to Dense Graph

The starting point of our framework is a bipartite user-item graph constructed from interaction
data. In this graph, each node represents either a user or an item, and the edges encode historical
interactions

Sparse graphs are common in recommender systems, especially in cold-start scenarios where
many users and items lack interaction data. In such cases, the limited number of edges severely limits
the ability to propagate information across the graph, leading to weakly connected or even isolated
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Figure 3.6: A visual depiction of the dense graph construction pipeline.

nodes. For a GNN, this results in poor representation learning, as message passing is confined to
very local neighborhoods, thereby reducing both recommendation quality and the system’s ability
to generalize

Therefore, transforming a sparse user-item graph into a denser one is a critical step in our frame-
work. A denser graph offers two main advantages. First, additional edges create multiple connec-
tion paths between users and items, allowing collaborative signals to travel farther and mitigating
the isolation of cold-start nodes. Second, by increasing neighborhood connectivity, the GNN can
aggregate richer and more diverse contextual information, leading to more stable and discrimina-
tive node representations. This is particularly important for our objectives of improving coverage,
diversity, and cold-start performance

In our approach, densification is achieved through four interconnected components: Principal
Components Analysis, propensity modeling, XAI-driven feature selection, and link augmentation.
This enriched connectivity enables the GNN to leverage both direct and indirect relationships,
unlocking the full potential of our re-ranking strategy

Principal Components Analysis

Fig. 3.6 presents an overview of the complete link augmentation procedure.
The raw user data in our framework is represented by over 600 features, capturing diverse as-

pects such as demographic details, browsing patterns and device usage. While this high-dimensional
data provides valuable insights, it also poses significant challenges in terms of scalability and com-
putational efficiency, especially for industrial-scale datasets such as TIM S.p.A.’s. To address these
issues, we use Principal Component Analysis (PCA)[207] as a preprocessing step to reduce the fea-
ture space while retaining the most relevant information.

PCA transforms the original high-dimensional data into a smaller set of orthogonal components,
prioritizing those that capture the majority of the variance in the dataset. For our framework,
we select the top m principal components. This reduction results in a

(
100− m

6

)
% decrease in

computational complexity, making subsequent processes more efficient.
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This dimensionality reduction is particularly beneficial in managing the trade-off between pre-
serving meaningful behavioral patterns and optimizing for scalability. For example, the reduced
feature set enables faster computation during the K-Nearest Neighbors step, which is the backbone
of the graph augmentation process. It also minimizes the risk of overfitting in propensity modeling
by focusing on the most critical features that influence user behavior.

By ensuring that only the most influential components of the data are retained, PCA contributes
to the overall efficiency and scalability of the framework, making it a crucial step in preparing the
data for dense graph construction.

Propensity Modeling

Propensity modeling’s goal is to predict the likelihood of user-item interactions. This step is essential
for understanding user behavior in the absence of sufficient interaction data, and forms the basis
for connecting isolated nodes to the broader graph.

For this task, we use XGBoost [52], a gradient boosting framework well suited to tabular data.
XGBoost’s inherent scalability and ability to handle large data sets make it ideal for industrial
applications.

The model is trained as a binary classifier, where users with at least one recorded interaction
are labeled as positive and those with no interactions are labeled as negative. This approach allows
the prediction of interaction probabilities for all users, even in the absence of explicit data.

The TIM dataset presents a significant challenge due to class imbalance, as non-interacting users
greatly outnumber interacting users. To address this, we balance the training data by undersam-
pling, which ensures a representative distribution of positive and negative samples while also im-
proving training efficiency. In addition, hyperparameters such as learning rate, tree depth, and reg-
ularization are fine-tuned through grid search, optimizing the model for F1 score.

XAI-based feature selection

To ensure efficiency in graph augmentation, we integrate XAI techniques into the feature selection
process. Shapley values [178, 244] provide a principled way to quantify the contribution of each
feature to the output of a predictive model. By identifying and retaining only the most influential
features, we significantly reduce the computational overhead while maintaining the quality of the
augmentation process.

The XAI-based feature selection is applied to the output of the propensity model, where Shapley
values measure the importance of individual user features in predicting interaction probabilities.
This step narrows down the original m features (obtained after PCA) to the top d most influential
attributes. These features capture the key drivers of user behavior, ensuring that the most relevant
information is used to populate the graph.

This reduction has another significant effect on computational efficiency. Computing similarities
between users or items in high-dimensional spaces can be prohibitively expensive for large datasets.
By focusing on a reduced set of key features, similarity computations during the K-Nearest Neighbors
step become m

d times faster, allowing the framework to scale effectively to industrial-scale datasets.
Furthermore, this approach ensures that the augmented graph is based on meaningful behavioral

patterns, improving the quality of subsequent GNN training. By using Shapley values for feature se-
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lection, we strike a balance between computational efficiency and preserving meaningful information.

Link Augmentation

The final step in transforming the sparse user-item graph into a dense structure is link augmenta-
tion, which connects cold start nodes to their most similar counterparts. This step is critical for al-
lowing information to propagate throughout the graph, ensuring that isolated users and items can
contribute to and benefit from the recommendation process.

Link augmentation is based on the reduced feature set identified by Shapley values. For user-
user links, the similarity is determined based on shared behavioral patterns reflected in the top d

selected features. For item-item links, product type is used as the basis for similarity. We employ
a similar approach connecting item nodes based on their categorization. This works by assuming
that a user who has already expressed interest in an item is more likely to want to buy another
in the same category. This approach ensures that even nodes with minimal interaction history are
embedded in a larger, connected graph structure.

Due to the large size of the dataset, exact similarity calculations are not feasible. Instead, we
use Approximate Nearest Neighbor (ANN) methods, in particular the Annoy [26] library. Annoy
builds memory-efficient search trees that allow for fast similarity computations, allowing for the
augmentation of hundreds of billions of edges while maintaining scalability. The choice of Annoy
ensures that link augmentation can be performed efficiently even on industrial scale graphs with
millions of users and items.

The augmented graph is significantly more connected than the original sparse graph. Extremely
cold start users, who were previously isolated, are now connected to warm start users with similar
behavioral tendencies. Similarly, unsold items are connected to related products based on shared
categories, allowing them to influence and be influenced by recommendations. This enriched graph
structure provides a strong foundation for the subsequent GNN training stage, where embeddings
are learned for all nodes, including those that were previously unconnected.

Graph Neural Network Recommender

Once the dense graph is constructed through link augmentation, the next step in our framework is
to train a GNN to learn node embeddings. These embeddings capture the relationships between
users and items, allowing prediction of interactions, even for cold-start nodes. GNNs are particularly
well suited to this task because they iteratively aggregate and propagate information through the
graph, capturing both local and global structural patterns.

The GNN component in our framework is implemented using a 2-layer GraphSAGE[101] model,
chosen for its inductive learning capabilities, which allow it to generalize to unseen nodes in dynamic
graphs. The training process consists of three main steps:

Message Passing and Aggregation

The core of GNNs is the message-passing mechanism, which updates the embeddings of each node
by aggregating information from its neighbors. For a given node u, the embedding at layer k+ 1 is
calculated as:

h(k+1)
u = UPDATEk

(
h(k)u ,AGGk

(
{h(k)v | v ∈ N(u)}

))
(3.7)
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where h
(k)
u is the embedding of node u in layer k, N(u) denotes the set of neighbors of u, and

AGGk and UPDATEk are the aggregation and update functions, respectively.
In our implementation, the aggregation function is sum pooling, which computes the average of

the embeddings of neighboring nodes. The update function combines this aggregated information
with the current embedding of the node via concatenation, a linear transformation and ReLU
activation.

This iterative process ensures that node embeddings incorporate information from increasingly
distant neighbors with each additional layer.

Link Prediction

The trained GNN is used for the link prediction task, where the goal is to estimate the probability
that an edge exists between a user node and an item node. The prediction score for a user u and
an item i is computed from the dot-product of their embeddings:

ŷui = h⊤u hi (3.8)

where hu and hi are the final embeddings for user u and item i, respectively. These scores are
used to rank items for each user and form the basis of personalized recommendations.

Efficient link prediction in large graphs relies heavily on the dimensionality of the embeddings,
which directly affects both the representational capacity of the model and its computational effi-
ciency. By optimizing the embedding dimensionality, the framework achieves a balance between cap-
turing rich, expressive node representations and maintaining the speed required for fast inference.

Training

The GNN is trained using a weighted binary cross-entropy loss, designed to balance the contributions
of positive (present) and negative (absent) edges:

L = − 1

N

N∑
n=1

[yn log(ŷn) + wneg(1− yn) log(1− ŷn)] (3.9)

where N is the batch size, yn is the ground truth label of nth edge, ŷn is the predicted score,
and wneg is the weight for negative edges, which accounts for class imbalance.

To scale training for large datasets, we use mini-batch training, which processes smaller sub-
graphs rather than the entire graph in each iteration. This significantly reduces memory require-
ments, making it feasible to train on graphs with millions of nodes and edges. Batches are con-
structed with an equal number of positive and negative edges, where negative edges are dynami-
cally sampled to ensure diversity in the training examples and to prevent overfitting.

By combining message passing, efficient link prediction and scalable training strategies, the
GNN learns embeddings that accurately represent the relationships between users and items. These
embeddings provide the basis for generating high quality recommendations, even for cold start nodes.
The next stage of the framework builds on these embeddings to further improve recommendation
diversity through re-ranking.
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Figure 3.7: Proposed Re-Ranking Algorithm. For each of the three clusters, the user closest to the cluster
centroid is selected to represent the centroid’s recommendation list. During the re-ranking process, the top
recommendations for each user are frozen, and the remaining items are reordered. The user’s own cluster is
disregarded during re-ranking, and items already included in the recommendation list are excluded. Items
not in the intersection with the centroid recommendations remain relevant. Finally, the remaining items are
concatenated with the initial recommendations and sorted in descending order of probability.

While the GNN-based recommendation step generates accurate and personalized predictions,
its output often prioritizes popular items or items highly relevant to a user’s immediate preferences.
This can exacerbate problems such as filter bubbles, where users are repeatedly exposed to similar
content, and the Matthew effect, which increases the visibility of already popular items at the
expense of less prominent ones. To address these limitations, our framework incorporates a re-
ranking mechanism designed to balance personalization with diversity, thereby improving the overall
recommendation experience.

Clustering

Before the re-ranking process, we want to identify common behavioral patterns using the embeddings
generated by the GNN. These embeddings, which encode user preferences in a high-dimensional la-
tent space, are clustered into distinct communities using k-means∥ clustering [21]. This step seg-
ments users based on the similarity of their learned preferences, forming groups that show cohe-
sive tendencies in their interaction behavior. The optimal number of clusters is determined by the
Silhouette score, a metric that measures the compactness of each cluster relative to its separation
from others. A high Silhouette score[223] ensures that the clusters are well defined and meaning-
ful, minimizing overlap and maximizing intra-cluster similarity. Let Q = {Q1, . . . , QK} be the set
of detected clusters.

Once clusters are formed, the next step is to identify a representative for each cluster. The
user qi whose embedding is closest to the cluster Qi center - calculated as the average position of
all embeddings within the cluster - is selected as its representative. This user’s GNN-generated
recommendation list serves as the centroid recommendations, representing the dominant preferences
of the group. By using centroid recommendations as a proxy for the shared behavior of the cluster,
the system captures group-level preferences while reducing computational complexity.
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Re-ranking

To diversify the recommendations for user u, we introduce suggestions from other clusters’ centroids.
The mixing of personalized and centroid recommendations follows a structured approach:

1. We identify the cluster k of user u, and its centroid recommendation list Yk.

2. We compute the Euclidean distance between this centroid and all other cluster centroids,
identifying the furthest centroids as candidates for re-ranking. Selecting the most distant
centroids maximizes the diversity of recommendations

3. The top-K items in the original centroid recommendation list Yk are frozen, ensuring that the
most relevant items for the cluster are retained.

4. From the remaining items, we select those that are common to the tail list of qk, Yk, and the
recommendation lists of the furthest centroids Yf . These shared items are re-ordered, priori-
tizing items from the most distant centroid. The refined list Ŷk is constructed by appending
the re-ranked tail items to the frozen top-K items.

Once the centroid diversified recommendation lists have been refined, we re-rank each user’s
recommendations. For each user u, the re-ranking process starts with its personalized recommen-
dations generated by GNN:

• Top K items: The most relevant items according to GNN are kept unchanged to ensure
personalization.

• Remaining items: Items in the user’s tail list that overlap with the centroid recommendations
Ŷk are appended in the order of their score.

The resulting recommendation list balances the user’s immediate preferences with new, diverse
suggestions. Long-tail items are strategically placed at the bottom of the list, ensuring that explo-
ration does not interfere with the relevance of top-ranked items. By carefully balancing personal-
ization and diversity, the re-ranking algorithm prevents over-generalization while effectively miti-
gating problems such as filter bubbles.

This method is computationally efficient because it pre-computes centroid recommendations for
each cluster. During re-ranking, the system only needs to compare a user’s list to the relevant
centroid lists, reducing the complexity from processing individual users to processing a smaller
number of clusters. This not only improves the user experience, but also meets the scalability
requirements of the system, making it suitable for large-scale industrial applications.

3.2.4 Experimental Setup

This section describes the dataset, baseline methods, evaluation metrics, and experimental configu-
rations used to validate our framework. Our experiments are designed to evaluate the framework’s
performance in addressing cold-start challenges and improving diversity in an industrial scenario.
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Warm
items

Cold
items

Unsold
items

Dataset Industrial
# tot # warm # cold # extremely cold

items 693 29 412 252

users 1080681 13622 169505 897554

Table 3.5: Internal dataset distribution. The figure on the left shows the warm, cold, and unsold items
ordered by the number of purchases. The corresponding table and statistical summary is presented on the
right.

Industrial Dataset

The primary dataset used in this study is provided by TIM S.p.A., an Italian telecommunications
company. This dataset represents real-world interaction data, where users correspond to customers
and items correspond to digital services. The dataset is characterized by extreme sparsity:

• Only 17% of users have recorded interactions.

• Of the users who have interacted, 93% have only interacted with a single item.

• More than 40% of the items have no interactions, posing a significant challenge for cold start.

This sparsity highlights the inherent difficulty of generating effective recommendations, espe-
cially for cold-start users and items. In addition, the dataset exhibits strong class imbalance, with
a small fraction of highly popular items dominating the interaction graph.

To better analyze and address these challenges, we deviate from the traditional Pareto-based
[15] approach of splitting items into warm and cold categories. Instead, we define categories for
both users and items based on purchase behavior:

• Warm users: Users who have purchased more than one item.

• Cold users: Users with only a single recorded purchase.

• Extremely cold users: Users with no recorded purchases.

• Warm items: Items that represent more than 1% of the total stock.

• Cold items: Items that represent less than 1% of the total stock.

• Unsold items: Items that have never been purchased.

These categories provide a more granular view of the dataset’s structure, as summarized in
Table 3.5, and better reflect the unique challenges posed by extremely cold users and unsold items.
The distribution of items across these categories is illustrated in Section 3.2.4, highlighting the
dominance of unsold and cold items in the overall catalog.

We report the statistical properties of the dataset in Table 3.6, which reveals two key challenges
that characterize our problem setting
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First, on the user side, the data confirms an extreme cold-start scenario. The median of zero
interactions indicates that the majority of the users have never made a purchase. Furthermore, the
very low average of 0.19 interactions per user underscores the general inactivity across the customer
base

Second, the item distribution exhibits a pronounced long-tail. The high difference between the
high mean (678.37) and the low median (21) for item interactions reveals a heavy concentration of
interactions among a small number of popular (warm) items. For instance, one item has been pur-
chased over 11, 000 times, which significantly pushes the average up. The large standard deviation
(2, 289.40) further confirms the extreme variance in item popularity

Table 3.6: Statistical properties of the interaction data. The distributions for both users and items exhibit
characteristics typical of an extreme cold-start and long-tail environment.

Interaction Distribution Users Items

Mean 0.19 678.37
Median 0 21
Standard Deviation 0.62 2,289.40
Minimum 0 0
Maximum 18 11,058

Baselines

To evaluate the performance of our framework, we compare it to a set of baselines designed to provide
insight into how our framework improves accuracy, diversity, and overall recommendation quality.

Original GNN Model

This baseline represents the core GNN model without any re-ranking applied to its output. The
GNN is trained on the augmented graph, but directly outputs recommendations based on the
predicted interaction probabilities between user and item embeddings. This allows us to evaluate
the raw performance of the GNN without additional diversity-enhancing mechanisms.

Random shuffling baseline

In this baseline, the recommendations generated by GNN are randomly shuffled before being pre-
sented to the user. This approach eliminates any inherent ranking produced by GNN and provides
a naive comparison point to evaluate the importance of structured ranking mechanisms, especially
for personalization and accuracy.

Popularity Shuffling Baseline

This baseline shuffles the recommendations generated by GNN based on item popularity. All items
are ranked by their overall frequency of interaction across all users, and the GNN recommendations
are reordered accordingly. This tests the framework’s ability to outperform popularity-based ranking
systems, which are commonly used in real-world applications but often lead to an overemphasis on
popular items at the expense of diversity.
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By comparing our framework to these baselines, we can isolate the impact of re-ranking strategies
in balancing personalization and diversity, and demonstrate how they mitigate problems such as
filter bubbles and the dominance of popular items. Each baseline is implemented using the same
experimental configurations as our framework to ensure a fair comparison.

Evaluation Metrics

To comprehensively evaluate our framework, we employ a set of metrics that measure both accuracy
and diversity of recommendations. These metrics capture the dual goals of providing personalized
and relevant suggestions while promoting diversity and fairness, particularly in the context of cold
start challenges.

Intra-List Distance (ILD)

Intra-List Distance measures the diversity of items within a single user’s recommendation list by
calculating the average pairwise distance between item embeddings. The embeddings, derived from
the graph, represent the structural and semantic relationships between items. Formally, the ILD
for a user u is defined as:

ILD(Ru) =
1

|Ru|(|Ru| − 1)

∑
i∈Ru

∑
j∈Ru\i

d(i, j) (3.10)

where d(i, j) is the Euclidean distance between the embeddings of the elements i and j, and |Ru|
denotes the number of items in the recommendation list Ru. Higher ILD values indicate greater
diversity within the recommendation list, an important factor in mitigating filter bubbles.

Coverage@K

Coverage@K measures the breadth of recommendations across the entire item catalog by measuring
the proportion of unique items that appear in the top K recommendations for all users. It is
calculated as:

Coverage@K =
| ∪u∈U YK(u)|

|R|
(3.11)

where YK(u) = [i1, ..., ik] are the top K recommendations for user u, and R is the set of all
available items. High Coverage@K values indicate that the system is exposing a larger portion of
the catalog, which is particularly important for addressing long-tail recommendations and ensuring
fairness in item visibility.

Type-Coverage@K

To further explore the diversity of recommendations, Type-Coverage@K measures the coverage of
items belonging to specific categories, such as warm, cold, and unsold items. This metric quantifies
the representation of different item types within the top K recommendations, defined as:

Type− Coverage@K =
| ∪u∈U Y Type

K (u)|
|RType|

(3.12)
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where Y Type
K (u) is the subset of top-K recommendations for user u that belong to the specified

item type, and RType is the total number of items in this category. By distinguishing between warm,
cold, and unsold items, this metric highlights the system’s ability to promote underrepresented or
long-tail content, a critical aspect of fairness and diversity in recommendations.

Experimental Configuration

Our experiments are designed to evaluate the performance of the framework by systematically an-
alyzing the impact of key parameters involved in the graph augmentation and embedding gener-
ation processes. In contrast to our previous work[230] that has focused extensively on re-ranking
hyperparameters, this study emphasizes the parameters that influence the quality of dense graph
construction.

Technical setup

All experiments are implemented in Apache Spark and Python. The internal dataset is prepro-
cessed and converted to a graph using Pyspark, leveraging its distributed high-efficiency capabili-
ties. Pytorch is used for GNN training, XGBoost library for propensity modeling, and Annoy for
approximate nearest neighbor search. Finally, the re-ranking algorithm is also performed in Spark.

Hyperparameters studied

To isolate the impact of graph augmentation on the overall performance of the framework, we vary
three key parameters:

• Number of PCA components: We vary the number of PCA components from 100 to 300 to
evaluate how the retained variance affects graph augmentation and GNN performance. Lower
dimensionality reduces computational cost but risks discarding relevant behavioral patterns,
while higher dimensionality may lead to redundancy or noise.

• Number of SHAP values selected: We experiment with selecting 5, 10 or 20 features. A smaller
set of features may oversimplify user behavior, while a larger set captures more nuanced
patterns.

• Number of neighbors in link augmentation: The number of nearest neighbors used in the KNN
link augmentation step is varied between 5 and 20. This parameter determines the density
of the augmented graph, which greatly affects the computation efficiency. Smaller k values
result in sparser graphs, but may also limit the ability of the GNN to propagate information
effectively.

By focusing on the parameters that influence graph augmentation, this study complements
our previous work on re-ranking hyperparameters and provides a more complete evaluation of the
framework. The results provide valuable insights into how different design choices in the early stages
of the pipeline affect the overall recommendation performance.
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3.2.5 Results

This section presents the experimental results, focusing on the performance of our framework in
terms of ILD@K, Coverage@K, and Type-Coverage@K. The results are evaluated over different
configurations of the framework hyperparameters. We also compare the performance of the re-
ranking approaches with the baseline methods.

Diversity performance

Table 3.7: ILD results of GNN, Random Shifted GNN (RS-GNN), Popularity Shifted GNN (PS-GNN),
and re-ranking algorithm (RR), with k Frozen items (F@k). Experiments are repeated five times with a
different weight initialization; mean and variance are reported. Bold indicates the best result, while our
metrics surpassing the baselines are underlined. * denotes statistically significant (p<0.01) improvements
over the top-performing baseline. Hyperparameter configurations are shown in superscript.

Method
ILD@K

K=10 K=20 K=50 K=100

GNN 11.3144± 3.2548(100,5,10) 12.7945± 3.7697(100,20,20) 14.3737± 2.4674(100,5,10) 14.6192± 2.5075(100,5,10)

RS-GNN 5.2508± 1.5513(100,5,10) 1.2436± 0.3674(100,5,10) 0.1928± 0.0569(100,5,10) 6.3802(150,5,10)

PS-GNN 13.7762(100,5,10) 10.8841(100,5,10) 9.5564(100,5,10) 14.3174(150,5,10)

RR-F@5 34.1190± 4.8456(100,5,10)∗ 31.2307± 1.8181(100,5,10)∗ 26.8501± 0.9069(100,5,10)∗ 25.4076± 0.4595(100,5,10)∗

RR-F@10 - 28.0319± 3.8241(300,10,20)∗ 23.9072± 2.1670(300,10,20)∗ 21.6955± 0.9935(300,10,20)∗

RR-F@20 - - 22.7998± 0.4614(300,10,10)∗ 21.2385± 0.2524(300,10,10)∗

RR-F@50 - - - 21.7844± 1.5586(300,10,10)∗

Table 3.7 reports the ILD@K for different configurations of our framework, expressed in the
form (X,Y ,Z), i.e. (X PCA components, Y SHAP values, Z neighbors), evaluated across different
baselines and re-ranking strategies. Several important trends emerge from the results.

General observations

Re-ranked configurations consistently achieve higher ILD@K values compared to other methods,
especially at lower K values. This improvement highlights the ability of the re-ranking step to
effectively diversify recommendation lists. Random shuffling produces significantly lower diversity
compared to the GNN baseline, while popularity shuffling achieves values comparable to or slightly
lower than GNN, showing limited effectiveness in improving diversity.

Optimal configurations

The configuration (100, 5, 10) gives the highest ILD@K across all baselines (GNN, Random and
Popularity) and re-ranking strategies for Frozen@5. For Frozen@10, the best configuration shifts to
(300, 10, 20). For higher K values (Frozen@20, Frozen@50), (300, 10, 10) emerges as the optimal
choice.

Effect of the hyperparameters on the diversity

Increasing the number of PCA components, SHAP values and neighbors in link augmentation
generally increases diversity. This trend suggests that retaining more features and creating denser
graphs leads to richer embeddings that support the re-ranking step in generating more diverse
recommendations.
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Coverage performance

Table 3.8: Coverage results of GNN results before and after re-ranking. Bold indicates the best result,
while second-best is underlined. Hyperparameter configurations are shown in superscript.

Method Coverage@K
K=5 K=10 K=20 K=50 K=100 K=200

GNN 0.4277(150,5,3) 0.5317(150,5,3) 0.6387(150,5,3) 0.8106(100,10,3) 0.9407(100,10,3) 1.0000(100,20,3)

RR-F@5 - 0.4219(100,10,3) 0.4306(100,10,3) 0.4566(100,10,3) 0.4971(300,5,10) 0.5852(300,5,10)

RR-F@10 - - 0.5419(150,5,3) 0.5592(150,5,3) 0.5910(150,5,3) 0.6777(150,5,3)

RR-F@20 - - - 0.5722(100,10,3) 0.6083(100,10,3) 0.6835(100,10,3)

RR-F@50 - - - - 0.7731(100,20,3) 0.8121(100,20,3)

The table Table 3.8 shows the maximum Coverage@K achieved with different configurations.
The GNN baseline achieves higher coverage than Re-Ranking, which comes very close to GNN’s
coverage in some configurations with higher Frozen@K values.

GNN configuration

GNN achieves the best Coverage@K for lower K-values with the configuration (150, 5, 3), while
(100, 10, 3) performs better for higher K values.

Optimal configurations for re-ranking

For Frozen@5, (100, 10, 3) gives the best coverage up to K=20, while (300, 5, 10) becomes optimal at
higher K values. For Frozen@10, Frozen@20 and Frozen@50, (150, 5, 3), (100, 10, 3) and (100,20,3)
emerge as the best configurations, respectively.

Effect of the hyperparameters on the coverage

Increasing the number of SHAP selected features seems to improve the coverage, especially as
Frozen@K increases. This trend suggests that retaining more behavioral patterns helps the frame-
work to identify and include more unique items in the recommendation lists.

Selecting the Optimal Configuration

Table 3.9: The results for all the considered metrics are reported for the optimal configuration. Bold
indicates the best value, while underline shows the metric we are optimizing. The selected run has parameters
(100,20,3)

Method Type-Coverage@K Coverage@K ILD@K
W@100 C@100 U@100 W@200 C@200 U@200 Cov@100 Cov@200 ILD@100

GNN 0.8965 0.8325 0.9801 0.9655 0.9854 1.0000 0.8901 0.9913 6.2024± 2.0056

RR-F@50 0.7586 0.6601 0.9563 0.7931 0.7208 0.9603 0.7731 0.8121 12.7585± 2.1392

To identify the best overall configuration, we align the selection with our practical business
objective: maximizing the coverage of unsold items while maintaining high diversity. As shown in
Table 3.9, the configuration (100, 20, 3) emerges as the optimal choice. With this configuration,

Alessandro Sbandi 53



3.2. Balancing the Diversity-Coverage Trade-off in Graph-based Recommendations for Cold-Start
Industrial Applications

Table 3.10: Summary of Dataset Statistics

Train Test

Unique users buying 2,552,477 736,648
Total items bought 4,818,165 1,070,679

% of users with ≥ 1 items bought 18.49% 5.34%
% of users with ≥ 2 items bought 7.34% 1.42%
% of users with ≥ 3 items bought 3.62% 0.53%
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Figure 3.8: GNN and Re-Ranked Type-Coverage obtained in the optimal configuration. Overlapping bars
for GNN and Re-ranked are shown, for both K=100 and K=200. The degradation is reported in rectangles
at the top.

the Re-Ranking Frozen@50 achieves an Unsold-Coverage@100 of 95%, falling less than 5% short of
the GNN’s performance while doubling the ILD@100. These results are also presented in Fig. 3.8.

Type-Coverage performance:

The configuration achieves Type-Coverage@200 values of over 70% for warm and cold items, demon-
strating its ability to maintain adequate representation for these categories while prioritizing unsold
items.

Efficiency and trade-offs:

The configuration is notable for its efficiency, requiring the minimum number of PCA components
and neighbors, which reduces computational overhead. Despite the focus on diversity and unsold
items, the impact on warm and cold item coverage is moderate and within acceptable limits for
industrial applications.

Trade-Offs Between Coverage and Diversity

Fig. 3.9 presents the Coverage@100 and ILD@100 for all tested configurations, distinguishing be-
tween models based solely on GNN (blue dots) and those with re-ranking applied afterward (red
dots). The results of the two models appear to cluster into two distinct groups: GNN-based models
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Figure 3.9: Intra-List Diversity vs Coverage @100. Distribution of all GNN-based recommendations and
re-ranked results. The ‘BEST’ re-ranked recommendation and its corresponding GNN are highlighted.

typically achieve higher coverage but lower ILD, while re-ranked models show the opposite trend,
indicating greater diversity in the recommendations and lower coverage.

The best models, as selected in Section 3.2.5, are highlighted with yellow markers and labeled
“BEST”. These configurations are positioned toward the right side of each cluster, indicating higher
coverage values, which aligns with our business objective of maximizing Unsold Coverage. This
is particularly evident for the best re-ranking configuration, which achieves the highest average
coverage across all re-ranking models.

The plot also demonstrates the flexibility of our framework, allowing us to adjust hyperparame-
ters to find the optimal balance between coverage and diversity. For instance, if maximizing diver-
sity were the primary objective, one could select a re-ranking configuration with a higher ILD, reach-
ing up to 25, but this would come at the cost of a substantial drop in coverage, falling below 40%.

3.2.6 Ablation Study

In this section, we conduct a detailed ablation study to systematically assess the contribution of
each key component of our framework. Specifically, we investigate four main aspects: the impact
of using a different GNN architecture, the role of the graph augmentation step, the effect of each
model and re-ranking step on final prediction accuracy, and the influence of choosing the closest or
farthest centroids in the re-ranking step

GNN Architecture Variant

To evaluate the generalisability of our framework and its sensitivity to the choice of GNN archi-
tecture, we replace GraphSAGE with LightGCN [109]. We integrate our re-ranking module with
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LightGCN, keeping the previous optimal hyperparameters. The results in terms of coverage, diver-
sity, and type-coverage are presented in Tables 3.11 to 3.13

LightGCN achieves optimal item exposure, reaching 100% catalog coverage at K = 50. While
this demonstrates significantly better performance in ensuring items are recommended, it comes
at the cost of significantly lower ILD. This aligns with previous findings [310], which show that
LightGCN exhibits embeddings collapse, potentially explaining the lower ILD. When the re-ranking
module is applied, we observe an enhancement of diversity for all K, as expected. However, the
overall gains are notably smaller than those obtained with GraphSAGE

Table 3.11: Coverage results of LightGCN before and after re-ranking.

Method Cov@5 Cov@10 Cov@20 Cov@50 Cov@100 Cov@200

LightGCN 0.7711 0.9139 0.9948 1.0000 1.0000 1.0000

RR-F@5 - 0.7728 0.7814 0.7917 0.8072 0.8364
RR-F@10 - - 0.9156 0.9191 0.9259 0.9363
RR-F@20 - - - 0.9948 0.9948 0.9965
RR-F@50 - - - - 1.0000 1.0000

Table 3.12: Intra-List Diversity (ILD) results of LightGCN before and after re-ranking.

Method ILD@10 ILD@20 ILD@50 ILD@100

LightGCN 0.2926±0.0274 0.2878±0.0305 0.2898±0.0443 0.3075±0.0570

RR-F@5 0.3094±0.0356 0.3821±0.0246 0.3772±0.0093 0.3833±0.0047
RR-F@10 - 0.3174±0.0361 0.3656±0.0181 0.3762±0.0093
RR-F@20 - - 0.3255±0.0311 0.3587±0.0182
RR-F@50 - - - 0.3175±0.0385

The most critical insight emerges from the type-coverage analysis. Unlike GraphSAGE, re-
ranking LightGCN results reduces Unsold and Cold coverage. This suggests that Warm items
dominate the top ranks and that the GNN overfits the most popular items in the dataset

Table 3.13: Type-Coverage results for different frozen configurations. W, C, and U stand for Warm, Cold,
and Unsold coverage, respectively.

Method Type-Coverage@100 Type-Coverage@200
W@100 C@100 U@100 W@200 C@200 U@200

LightGCN 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

RR-F@5 1.0000 0.8902 0.5555 1.0000 0.9052 0.6274
RR-F@10 1.0000 0.9551 0.8366 1.0000 0.9625 0.8562
RR-F@20 1.0000 1.0000 0.9803 1.0000 1.0000 0.9869
RR-F@50 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Fig. 3.10 presents Coverage versus ILD for all configurations, underlying the differences between
the re-ranked results (red dots) and the base LightGCN outputs (blue stars). As with GraphSAGE,
pure GNN models yield higher coverage and lower ILD, whereas re-ranked variants trade off some
coverage for improved diversity. The framework’s overall behavior remains consistent, allowing
flexible selection of the best configuration depending on task-specific priorities
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Figure 3.10: LightGCN Intra-List Diversity vs Coverage. Base models (blue stars) refer to the LightGCN
metrics, frozen@ (red dots) indicate the re-ranking outcomes.

In conclusion, this analysis reveals that the optimal GNN architecture is task-dependent. While
LightGCN is a good option for maximizing accuracy, its properties are not well aligned with our
goals of enhancing diversity and ensuring adequate coverage of cold and unsold items

Graph Augmentation

We conduct an ablation study to quantify the impact of the graph augmentation step, specifically,
the inclusion of user-user edges. As detailed in Section 3.2.3, these edges are based on user similarity
in order to encode collaborative information into the graph structure. While these edges may
introduce noise, we hypothesize that they are essential for improving recommendation diversity and
performance for users with sparse interaction histories (i.e., cold start users); a key objective of our
work

To test this, we compare two graph variants: a baseline bipartite graph, and our proposed aug-
mented graph incorporating user-user edges. We evaluate the relative performance change resulting
from the augmentation for both the GraphSAGE baseline and our complete re-ranking framework.
The results are presented in Table 3.14

For the GraphSAGE baseline (without re-ranking), the graph augmentation degrades several key
metrics. Item Coverage@100 drops by 9.4%, particularly for Unsold (13.3%) and Warm (24.0%) item
coverage. Similarly, ranking accuracy, measured by NDCG@100, decreases by −3.0%, suggesting
that user-user edges may introduce noise signals that hinder the ranking quality of standard GNNs
pipelines. However, this drawback is accompanied by a significant increase (+37.0%) in Intra-List
Diversity (ILD@100). This confirms that user-user edges encourage the model to consider more
than just a user’s interaction history, promoting the exploration of a more diverse set of items from
the catalog
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Table 3.14: Percentage Improvement w/wo user-user edges, comparing re-ranked results to GraphSAGE
baseline.

GraphSAGE Reranked Improvement (%)

Metric Baseline (%) RR-F@5 RR-F@10 RR-F@20 RR-F@50

Cold Cov@100 -1.5 +4.8% +10.0% -8.3% -10.6%
Unsold Cov@100 -24.0 -7.9% 0.0% -17.9% -11.1%
Warm Cov@100 -13.3 -37.5% -33.3% -55.6% -18.2%

Coverage@100 -9.4 -1.5% +5.3% -13.5% -11.1%

ILD@100 +37.0 +21.8% +21.7% +21.3% +27.6%

NDCG@100 -3.0 -19.2% -32.7% -30.1% -18.7%

The benefits of the graph augmentation become more evident when coupled with our re-ranking
module. While re-ranking naturally decreases coverage by focusing on fewer warm items, it mitigates
the drop in coverage for cold and unsold items. Crucially, the diversity gains are preserved: the
re-ranked outputs consistently yield an improvement in ILD@100 of over +21%. Although NDCG
remains lower, this aligns with our design goal of optimizing diversity and cold-start coverage over
achieving pure ranking accuracy

Re-ranking Impact on Ranking Accuracy

While the primary objective of our framework is to enhance recommendation diversity, it is essential
to quantify the impact of our re-ranking strategy on traditional ranking accuracy. We measure it
using the percentage change in NDCG at various cutoffs (K = 5, 10, 20, 50, 100), as reported in
Table 3.15.

Table 3.15: Percentage change in NDCG@k of re-ranking models.

Method NDCG@5 NDCG@10 NDCG@20 NDCG@50 NDCG@100

GraphSAGE-RR-F@5 - -88.57% -98.61% -71.88% -38.65%
GraphSAGE-RR-F@10 - - -89.07% -81.62% -65.59%
GraphSAGE-RR-F@20 - - - -5.18% +141.53%
GraphSAGE-RR-F@50 - - - - -18.87%

LightGCN-RR-F@5 - -24.54% -41.70% -51.17% -46.20%
LightGCN-RR-F@10 - - -22.70% -40.73% -43.03%
LightGCN-RR-F@20 - - - -25.86% -29.91%
LightGCN-RR-F@50 - - - - -9.74%

As expected, the introduction of a re-ranking step optimized for diversity leads to a decrease
in NDCG. This is a direct and anticipated consequence of our methodology: the re-ranking step
demotes highly relevant items from top positions to accomodate more diverse and novel candidates.
This effect behaves differently across the two GNN architectures. In GraphSAGE, increasing the
evaluation cutoff (e.g., moving from NDCG@5 to NDCG@100) results in a smaller relative drop
in NDCG. In contrast, LightGCN exhibits the opposite trend: the drop in NDCG becomes more
pronounced at larger cutoffs, particularly when re-ranking a small initial set of items (e.g., F@5 or
F@10). This behavior may be due to LightGCN’s consistently strong performance. Since the re-
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ranking step may introduce candidates that deviate substantially from the most relevant ones, it
can disproportionately affect NDCG at higher K values

However, the magnitude of this accuracy degradation is not uniform and provides valuable
insights. Notably, LightGCN is more robust to re-ranking: even when reranking the top 50 items
(F@50), the drop in NDCG@100 is relatively modest (−9.74%), indicating that LightGCN provides
a stronger set of initial candidates and allows the re-ranker to balance relevance and diversity more
effectively

In summary, the observed drop in ranking accuracy reflects an intentional trade-off built into
our design. This trade-off can be controlled by selecting the appropriate GNN backbone and re-
ranking depth, enabling practitioners to adapt the framework to their application’s specific needs

Impact of Farthest Clusters

Our re-ranking step selects other clusters based on their embeddings in the latent space. A crucial
aspect of this strategy is prioritizing the most distant centroids from the selected one under the
hypothesis that they will produce a more diverse set of item candidates. To validate this approach,
we compare re-ranking based on the farthest versus the closest centroids. All experiments are
performed using the main GraphSAGE model and are based on the best-performing hyperparameter
configuration presented in the main results

Table 3.16 shows the percentage change in coverage when re-ranking is performed by selecting
nodes from the closest cluster centroids. Results reveal a consistent decline in coverage across all
cutoffs, confirming that close centroids provide less varied item recommendations

Table 3.16: Percentage coverage improvements from the re-ranking step using closest centroids. The re-
ranking is based on node embeddings generated by the GraphSAGE model.

Method Cov@5 Cov@10 Cov@20 Cov@50 Cov@100 Cov@200

RR-F@5 - -1.54% -11.77% -20.63% -27.56% -15.87%
RR-F@10 - - -1.90% -13.50% -26.29% -15.62%
RR-F@20 - - - -0.60% -17.32% -15.40%
RR-F@50 - - - - -0.73% -12.02%

Table 3.17 shows a similar pattern. While some configurations (e.g. RR-F@50) show marginal
improvements in certain item categories, the overall pattern indicates substantial drops in all type-
coverages

Table 3.17: Type-Coverage results for different frozen configurations. W, C, and U stand for Warm, Cold,
and Unsold coverage, respectively.

Method Type-Coverage@100 Type-Coverage@200
W@100 C@100 U@100 W@200 C@200 U@200

GraphSAGE-RR-F@5 -33.33% -37.04% -7.50% -29.41% -18.18% -7.62%
GraphSAGE-RR-F@10 -33.33% -36.25% -5.06% -29.41% -17.82% -7.62%
GraphSAGE-RR-F@20 -23.08% -26.54% +2.53% -29.41% -17.52% -7.62%
GraphSAGE-RR-F@50 -8.33% +2.19% -1.28% -20.00% +12.58% +9.01%

The impact of this strategy is also reflected in the ILD results in Table 3.18. When re-ranking
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using the closest centroids, ILD scores drop consistently across all cutoffs. In contrast, using the
farthest cluster centroids for re-ranking improves all key metrics. This is partially to be expected,
given that ILD is calculated precisely in the latent space. By construction, items in clusters distant
from those in the ranking have distant embeddings, so adding them can only increase diversity

Table 3.18: Intra-List Diversity results using farthest or closest centroids in the re-ranking step.

Method ILD@10 ILD@20 ILD@50 ILD@100

GraphSAGE-RR-F@5 -8.95% -3.11% -8.77% -4.01%
GraphSAGE-RR-F@10 - -4.32% -5.39% -4.37%
GraphSAGE-RR-F@20 - - -1.33% -4.30%
GraphSAGE-RR-F@50 - - - -0.69%

This difference highlights the critical role of selecting the appropriate cluster centroid strategy
in the re-ranking step. Our findings strongly suggest that prioritizing nodes from clusters farthest
from the query embedding is a more effective approach for enhancing recommendation quality in
this context

3.2.7 Conclusions

This paper presented an end-to-end framework that effectively addresses extreme cold-start scenarios
by transforming a sparse user-item interaction graph into a dense graph and using GNNs to generate
recommendations. The framework also includes a re-ranking algorithm designed to enhance the
diversity of recommendations.

We conducted a thorough investigation of the hyperparameters within the framework, focusing
on aspects that were not explored in our previous study. Specifically, we examined the number of
Principal Components used for compressing input data, which improved performance efficiency, fun-
damental in large-scale industrial scenarios. We also analyzed the role of Shapley value-based fea-
ture selection in determining the most influential features for similarity computation. Furthermore,
we evaluated the effect of the number of neighbors K used in link augmentation, identifying its im-
pact on graph density and subsequent GNN performance. These explorations allowed us to deter-
mine the optimal configurations for creating a dense graph and achieving diverse recommendations.

Moreover, our extensive ablation study validated the key design choices of our framework and
underlined the critical trade-offs involved in optimizing for recommendation diversity. We demon-
strated that the GNN architecture is task-dependent, with GraphSAGE providing a more suitable
foundation for our diversity-enhancing goals than the accuracy-oriented LightGCN. Furthermore, we
established that augmenting the graph with user-user edges, although it decreases accuracy, is a nec-
essary prerequisite for injecting the item diversity that our re-ranking step leverages. Crucially, our
analysis provided evidence for our core re-ranking mechanism: choosing the farthest centroid proved
to have superior performance in all considered metrics, as the alternative, closest one, consistently
degraded coverage, diversity, and type-coverage. Together, these findings underscore that each com-
ponent in our framework can be chosen to balance accuracy, diversity, and coverage performance

A central focus of our study is the relationship between hyperparameter configurations and key
metrics such as Intra-List Diversity and Coverage. By evaluating these relationships, we demon-
strated how parameter settings can be optimized to achieve specific goals, whether maximizing cov-
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erage for unsold items or improving diversity for long-tail recommendations. By aligning these find-
ings with the company’s business priorities, we demonstrated how to choose parameter combina-
tions that achieve high unsold item coverage without compromising diversity.

Our findings provide a detailed guide for practitioners seeking to adopt this framework. By
offering insights into parameter tuning and its impact on performance, diversity, and coverage, we
have enabled users to make informed decisions tailored to their specific needs. This comprehensive
analysis ensures that the framework can be effectively adapted to various use cases, serving as
a valuable resource for addressing the challenges of extreme cold-start scenarios while balancing
organizational priorities.
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3.2.8 Hyperparameter Optimization

To identify the optimal settings for both the propensity and GNN model, we employed an auto-
mated hyperparameter optimization process. We utilized Optuna [7] to efficiently explore the hy-
perparameter space

For the XGBoost propensity model, the primary goal was to maximize the F1-score on the val-
idation set, as previously explained in Section 3.2.3. GNNs objective was to minimize the valida-
tion loss. The following results are obtained using the best parameters obtained in the models’ op-
timization search spaces, as reported in Table 3.19

Table 3.19: Optimal Hyperparameter Configurations

Model Hyperparameter Search Space Optimal Value

XGBoost

Learning Rate {0.1, 1e-4} 7e-2
Max Tree Depth {3,8} 5
L2 Regularization {0,10} 0.4
L1 Regularization {0,10} 0.2

GraphSAGE

Neighbors {3, 10} 8
Mini-batch Size {128, 2048} 1155
Negative Sampling Ratio {1.0, 3.0} 2.0
Embedding Dimensionality {8, 128} 44
Dropout Rate [0.1, 0.2, 0.3] 0.3
Learning Rate {1e-6, 1e-2} 8e-6
Number of Layers {1, 3} 2
Loss Negative Weight {1, 5} 1

LightGCN
Learning Rate {1e-6, 1-e2} 3e-2
Num Layers {1, 3} 2
Embedding Dimensionality {8, 128} 36
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Chapter 4

Proactive Churn Reduction via
Reinforcement Learning

The optimization objective of most recommender system is focused on immediate, proxy metrics
such as click-through rates or offer acceptances. In telecommunication industries, this approach is
insufficient. The most critical long-term outcome, customer churn, is often the result of a sequence
of interactions, and its feedback is significantly delayed. An offer that seems successful today may
contribute to a customer’s decision to leave months later, a connection invisible to models that
do not account for such long-term consequences. This mismatch between short-term optimization
and long-term business goals can lead to strategies that, while seemingly effective, ultimately harm
customer retention.

Addressing this challenge requires not only a shift in methodology but also access to data that
captures these temporal dynamics. The dataset introduced and analyzed in the previous chapter
provides the necessary foundation for this work, containing the granular, longitudinal records of
user interactions, explicit feedback, and eventual churn outcomes that are essential for training and
validating a long-term-oriented model.

This chapter moves from myopic prediction tasks to long-term sequential decision-making. We
introduce a framework designed for this purpose: CRAB (Churn Reduction Agent-Based). We
leverage offline Reinforcement Learning (RL) to train an agent on this historical data, optimizing
its policy not for immediate offer acceptance, but for the long-term goal of maximizing cumulative
rewards and minimizing customer churn. A core contribution of this work is a practical methodology
for tackling this complex problem. We detail how to engineer a reward structure that explicitly
handles the delayed churn signals present in the data. Furthermore, we present a novel and highly
scalable technique for enriching the agent’s state representation by incorporating the predictive
outputs of pre-existing, independently trained business models, providing the agent with a more
holistic view of the customer without the complexity of joint training.

The resulting framework is rigorously evaluated, demonstrating superior performance in exten-
sive offline experiments against the baselines benchmarked. More significantly, its value is confirmed
through live A/B testing in a production environment, providing a robust, data-driven solution to
one of the industry’s most pressing industry challenges.
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4.1 CRAB: Churn Reduction Agent Based via Reinforcement
Learning

The application of offline reinforcement learning (RL) in recommendation systems has proven valu-
able in improving user engagement. However, a significant challenge in real-world scenarios is the
delayed nature of user feedback, which can degrade algorithm performance and complicate the task
of reducing user churn (i.e. losing clients) to competitors. In this paper, we present an end-to-
end framework called Churn Reduction Agent-Based (CRAB), which is specifically designed to ef-
ficiently incorporate delayed feedback into the recommendation process. CRAB uses a conservative
Q-learning model to recommend offers to customers, incorporating delayed churn feedback directly
into the reward function of the RL model. This allows the RL agent to optimize recommendations
not only based on immediate acceptance probabilities, but also considering long-term user retention.
Our approach also uses additional auxiliary model predictions to improve the representation of cus-
tomer states in the RL environment, which significantly improves the framework’s performance. We
validate our method using large-scale proprietary data from a real-world telecommunication com-
pany, addressing the complexities of scalability and practical implementation. Extensive offline ex-
periments show that CRAB outperforms existing methods, including both internal company poli-
cies and state-of-the-art approaches. In addition, our online testing results confirm the framework’s
effectiveness in delivering superior recommendations and effectively reducing user churn by 4.95%.

4.1.1 Introduction

Recommendation systems have become an integral part of many major companies, including Google
[50, 59], Facebook [192], Amazon [241], and Netflix [94]. They are used in a wide range of appli-
cations, such as e-commerce [232], entertainment [48, 157], and news [136], where they help tailor
content to user preferences.

Unlike e-commerce or social media platforms, where the primary goal may be to increase en-
gagement or sales, telecommunications companies prioritize reducing customer churn rather than
actively pursuing upselling opportunities [116]. In the telecommunications industry, customer churn
is a significant challenge [148]. It can be caused by dissatisfaction, increased costs, inadequate qual-
ity, missing features, and privacy issues [238]. In this context, churn refers to the phenomenon of
customers switching from one service provider to another [123], resulting in substantial financial
losses. In online systems, due to the data collection ingestion time, a substantial amount of user
feedback may not have occurred, leading to their absence in the training data. The importance of
addressing this delayed feedback is particularly pronounced in this sector, complicating the process
of developing effective customer retention strategies.

Applying Reinforcement Learning to Recommender Systems (RLRS) has attracted considerable
interest due to its ability to adapt to users’ behaviour over time. Unlike traditional recommenda-
tion methods that may focus only on immediate interactions, RLRS can optimize the long-term
user engagement by learning from sequential user-system interactions [4, 228]. This makes RLRS
particularly suited to environments where user preferences are dynamic and complex, as it can pro-
vide personalized and timely recommendations.

Offline reinforcement learning has become popular in recent years [62, 158], as it allows models
to be trained using historical data without the need for live interaction, making it practical for
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industries where real-time user feedback is either unavailable or impractical. Despite its potential,
offline RL presents its own set of challenges, such as overfitting and distributional shifts due to the
static nature of the training data [145]. In addition, a significant issue in RLRS is the handling
of delayed feedback [307], where there is a delay between the action taken by the system and the
resulting user feedback. This delay can introduce bias and make it difficult to estimate the true
value of an action.

In light of this, our primary goal is to reduce customer churn, ensuring high, consistent perfor-
mance in recommendations simultaneously. In this paper, we present a novel approach to recommen-
dation systems in the telecommunications industry, with a focus on preventing churn. We propose
an end-to-end framework called Churn Reduction Agent-Based (CRAB), which uses offline RL to
optimize the recommendation of offers to customers. By incorporating a carefully designed reward
function that penalizes churn events more severely than offer refusals, our model aims to generate
personalized recommendations that not only appeal to the customer, but also mitigate the risk of
churn. Our method also includes the integration of additional customer state representations de-
rived from various company models to improve the accuracy and relevance of the recommendations.

To validate the effectiveness of our approach, we conduct extensive offline and online experiments
on real data from millions of users in a telecommunications company.

Our results show that CRAB outperforms existing company policy and state-of-the-art methods,
and offers a promising solution for reducing customer churn (-4.95%). Moreover, we provide diverse
recommendations, achieving over 50% Coverage@5.

The main contributions of this work are as follows:

• We introduce a new perspective on recommendation systems by prioritizing customer churn
reduction, providing a novel application of offline RL in a critical industry context.

• We propose and validate a practical methodology for enriching RL state representations by
incorporating auxiliary predictions from pre-existing, independently trained business models.
This is a powerful and scalable alternative to complex joint-training, with significant implica-
tions for industrial RL applications.

• Our method is rigorously evaluated through offline experiments and an online A/B test within
a major telecommunications company. This achieved a 4.95% reduction in customer churn
and outperformed competitive baselines. To the best of our knowledge, this is one of the first
studies to demonstrate measurable success in customer upselling and reduction in long-term
churn events, providing valuable insights for real-world applications.

The rest of the paper is organized as follows: Section 2 reviews related work, Section 3 outlines
the theoretical background, Section 4 details the methods and the model, and Section 5 presents
the dataset, baselines, and evaluation metrics, and the choice of hyperparameters. Finally, Section
6 concludes the paper and discusses possible future work. Section 4.1.7 details the hyperparameter
tuning search space for all baselines, and the best values that we found.
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4.1.2 Related work

Offline RLRS

RL has become a popular approach for RLRS because it can model the sequential nature of user
interactions [54, 283]. Unlike simpler models that only optimize for immediate feedback, RLRS aim
to learn a recommendation policy π that maximizes long-term user engagement and satisfaction
[256, 309]. RLRS can be divided into three different categories. The first one is on-policy RL
methods that require the learning agent to interact directly with live users to collect data for policy
updates. This is often not practical for large systems because it is expensive and can lead to a poor
user experience [229].

The second one is off-policy RL methods [107], which buffer all their data in a replay buffer
and then replay it from there. However, classic off-policy RL methods require additional online
collection, as after we update the policy, we usually use it to obtain additional data [320]. The third
is offline RL [169], where the agent learns from a fixed dataset of pre-collected experiences without
collecting additional data during training [147, 255].

However, offline RL faces the fundamental challenge of distributional shift [158]. Since the
dataset is generated by a fixed behaviour policy, it does not cover all possible actions [299]. Conse-
quently, standard off-policy algorithms can wrongly assign high values to out-of-distribution (OOD)
actions [85, 185], creating policies that appear successful during training, but fail upon deployment
[146]. Several approaches have been proposed to mitigate this issue. One approach involves con-
straining the learned policy to stay close to the policy that generated the data, thereby limiting
divergence [208, 216]. While effective, these constraints may be too limiting and may prevent the
discovery of more effective strategies. An alternative approach is to change the learning objective
to be cautious about OOD actions. This is the main idea behind Conservative Q-learning (CQL)
[147, 239]. CQL uniformly pushes down all Q-values to guarantee a lower bound on performance.

Building on CQL, several variants have been developed to address specific limitations. Cali-
brated Q-Learning (Cal-QL) enables efficient online fine-tuning after offline pre-training [191]. Cal-
QL learns conservative lower bounds on the learned policy’s true value and reasonable upper bounds
on reference policies such as the behavior policy. This calibration prevents the "unlearning" phe-
nomenon where offline-trained policies deteriorate during online fine-tuning, enabling rapid improve-
ment with minimal additional interaction.

Exclusively Penalized Q-Learning (EPQ) tackles the problem of unnecessary conservatism in
well-covered regions of the state-action space [294]. EPQ introduces an adaptive threshold mecha-
nism that selectively applies penalties only to state-action pairs that are genuinely prone to over-
estimation, thereby avoiding the excessive underestimation that can occur in dense data regions.
This selective approach maintains the safety benefits of conservative estimation while reducing bias
in areas where the behavioral data provides adequate coverage.

Counterfactual Conservative Q-Learning (CFCQL) adapts CQL principles to multi-agent set-
tings by computing conservative regularization for each agent separately in a counterfactual manner
[236]. This approach maintains the theoretical guarantees of CQL while ensuring that the induced
regularization bounds remain independent of the number of agents, making it particularly suitable
for large-scale multi-agent systems.

State-corrected algorithms, such as SCAS [185], go beyond penalizing actions and also address,
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offering more holistic robustness.
Value Penalized Q-Learning (VPQ) [89] is an offline RL algorithm that addresses value overes-

timation differently. It captures uncertainty via an ensemble of Q-functions and uses it to penal-
ize OOD actions. A key advantage of VPQ is that it obviates the need for explicit behavior policy
estimation, a challenging task in recommender systems, thereby improving estimates of long-term
rewards [303].

In light of this, we selected Conservative Q-Learning (CQL) as the foundation for our proposed
method. Our primary objective is to develop a robust and reliable policy learned from a fixed, static
dataset. CQL’s core mechanism of penalizing OOD actions provides a safe and effective foundation
against value overestimation, making it a suitable and strong choice for our high-stakes industrial
application, where unreliable recommendations can directly lead to customer churn.

Delayed Feedbacks

A fundamental challenge in applying RL to real-world recommender systems is the significant delay
between issuing a recommendation and observing its true outcome [133]. While immediate signals,
such as clicks or ratings, are readily available, critical long-term outcomes, such as user retention,
subscription renewal, or churn, may only become evident weeks or months later. This temporal
gap complicates credit assignment, as the RL agent must learn to associate a delayed reward to the
correct sequence of prior actions that caused it. This challenge is further exacerbated in the offline
RL setting, where the agent cannot perform online exploration and must infer delayed outcomes
only from historical data where such connections are not explicit [17, 102].

In recommender systems, the real reward depends on the user’s interaction with the recom-
mended item [113], an event that may require weeks to be determined.

Several strategies have been proposed to mitigate the effects of delayed feedbacks. [184] exploit
the intermediate reward signals to determine future delayed feedback using a factored learning
approach. [122] solve delayed reward tasks by reassigning the rewards that appear after a causative
event. To do this, they employ a memory-based agent and utilize the memory retrieval system
to attribute credit to events from the distant past appropriately. These events are valuable for
predicting the value function at the current timestep. [17] present the RUDDER algorithm that
adopts a backward-view approach for a task, creating a return-equivalent Markov Decision Process
where delayed rewards are more evenly redistributed across time. More recently, [102] focus on
establishing a sample-efficient off-policy RL algorithm that is adaptive to delayed environment
signals.

Memory-augmented models also play a decisive role in tackling this challenge. Architectures
incorporating explicit memory retrieval modules have shown strong performance in linking key past
events to delayed rewards [29], facilitating more effective value estimation.

At the architectural level, deep RL methods (e.g., DDPG, SAC, TD3) have been extended to
support long-horizon or delayed feedback scenarios. These adaptations often involve state augmen-
tation [154], attention mechanisms, and sophisticated sequence modeling [49] or counterfactual rea-
soning [20], further enhancing robustness and interpretability [86].

While these approaches offer sophisticated mechanisms, they often assume complex temporal
dependencies or require substantial architectural modifications. In the context of telco churn, the
problem is both simpler and more definitive: churn is a binary, terminal event occurring after a
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certain delay. To address this directly, we propose a more practical methodology. By structuring
each episode with a fixed look-ahead window (see Section 4.1.3) and designing a reward function
that heavily penalizes this terminal churn event (see Section 4.1.3), we align the agent’s learning
objective with the long-term business goal of churn reduction in a simple yet effective way, avoiding
the need for complex model modifications.

Auxiliary Tasks

In deep RL, an agent’s success depends on the quality of its internal representations, yet in environ-
ments characterized by high-dimensional observations and sparse rewards, learning these representa-
tions from the primary objective alone often proves inefficient. Auxiliary tasks, secondary objectives
optimized alongside the main RL objective, have been introduced to provide richer, more frequent
learning signals, accelerating both representation learning and policy optimization [81, 125, 180].

These extra tasks provide additional signals that help the agent develop improved representations
and policies, particularly in situations where data is sparse or rewards are delayed.

Auxiliary tasks fall into several paradigms. One category is predictive learning, in which the
agent learns to predict future aspects of its environment, such as next state, immediate reward, or
latent dynamics. This paradigm is central to model-based RL methods, such as Dreamer [44, 100].
By learning to predict what will happen next, it integrates reconstruction and prediction losses
within a latent world model, allowing the agent to predict trajectories before acting in the real
environment. This driven approach dramatically improves sample efficiency by guiding exploration
toward the most informative transitions.

Another key paradigm is self-supervised learning, where training signals are generated from the
input data itself, without requiring external labels. Contrastive learning approaches like CURL [153]
train the agent to produce similar representations for different augmented views of the same state,
promoting invariance to task-irrelevant features. These techniques have been shown to improve sam-
ple efficiency in vision-based RL [76]. Other self-supervised tasks include observation reconstruc-
tion, where an autoencoder architecture is used to reconstruct observations, and inverse dynamics
modeling, where the agent learns to predict the action taken between two consecutive states [205].

Auxiliary tasks can also be framed as control objectives. Diversity-maximization methods like
DIAYN [75] train the agent to learn a set of skills by maximizing the mutual information between a
latent skill variable and the resulting state visitation distribution. This promotes broad exploration
and the acquisition of disentangled features that can benefit the main RL objective. This encourages
the exploration of the state space.

In recommender systems, auxiliary tasks are typically designed to address the unique challenges
of user modeling. One application is to stabilize the learning process and handle stochasticity.
For instance, the Stochastic Reward Stabilization (SRS) framework [38] replaces the unreliable
environment’s stochastic user feedback (e.g. clicks, or likes) with a learned reward expectation,
improving training stability and convergence. Similarly, augmenting a recommendation agent with
a click-prediction head forces the agent to encode short-term user preferences, accelerating learning
when real rewards are sparse.

Another prevalent strategy is to model immediate user feedback to create denser training signals.
Chen et al. [51] augment a model-free RL agent with a task that predicts immediate user reactions
(e.g., click or no-click), encouraging representations aligned with the user’s short-term reaction.
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In the context of news recommendation, models such as DRN [314] treat different types of user
feedback (e.g., clicks, shares, read time) as separate tasks within a multi-task learning framework.
This encourages the agent to learn a more holistic representation of user engagement.

These innovations in predictive, self-supervised, and control-based auxiliary learning have ad-
vanced deep RL, producing agents that learn faster, generalize better, and tackle sparse-reward
challenges in both synthetic and real-world applications.

Despite their success, these methods typically involve joint-training of the primary RL agent with
auxiliary objectives, which can be computationally expensive and impractical in large-scale (i.e., mil-
lions or billions of users) enterprise environments where specialized models are already developed and
maintained. A key contribution of our work is moving away from this paradigm. We demonstrate
that by strategically decoupling these tasks, i.e. using the outputs of pre-existing, independently
trained models as direct inputs to the agent’s state representation (see Section 4.1.3), we can sig-
nificantly enrich the state and improve performance without the overhead and complexity of multi-
task learning. This makes our approach highly practical and scalable for real-world deployment.

4.1.3 Methodology

Markov Decision Process

The recommendation task can be effectively modeled as a Markov Decision Process. In this setting,
a recommender agent interacts with the environment over a series of time steps. At each time
step, the agent selects an action a from a set of possible actions A, based on the current user
state s, which belongs to the set of possible states S. After performing this action, the agent
receives a reward R(s, a), and the user state transitions to a new state s′ according to the transition
probability distribution p(s′|s, a). The goal of the recommender agent is to learn an optimal policy
πθ : S×A→ [0, 1] that maximizes the expected cumulative reward over time. The Markov Decision
Process is defined by the tuple M = (S,A, P,R, ρ), where:

• States (S): a state s ∈ S encapsulates the user’s features and interaction history.

• Actions (A): an action a ∈ A corresponds to recommending a specific item from the dataset
to the user.

• Transition probability (p(s′|s, a)): it describes the probability of transition from state s to
s′ after action a.

• Reward function (R(s, a)): this function quantifies the user’s response to action a in state s.

• Discount Rate (ρ): the discount rate ρ ∈ [0, 1] measures how the value of future rewards is
perceived in the present; a higher value places more emphasis on long-term rewards, encour-
aging the agent to consider the long-term consequences of his actions.

• Policy πθ: the policy defines the agent’s strategy for selecting actions given a particular state,
mapping each state s to a probability distribution over actions A. The optimal policy aims to
maximize the expected sum of discounted rewards, guiding the agent to make recommenda-
tions that not only meet immediate user preferences, but also promote long-term engagement.
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Figure 4.1: The schematic structure of the proposed CRAB framework. States are composed of the con-
catenation of user features and company model outputs. The agent is trained using previous user interac-
tions, taking into account its responses and churn events. ϵ-greedy strategy is implemented during the train-
ing procedure to deal with the exploration-exploitation problem.

Our goal is to create an RLRS that provides personalized recommendations to customers, max-
imizing the acceptance of recommended items while minimizing customer churn.

Our proposed framework, named CRAB, is illustrated in Fig. 4.1. It consists of two main
components: the environment and the agent. Raw user interaction data is pre-processed to create
an appropriate RL environment. Within this environment, the RL model generates personalized
recommendations for each customer, aiming to reduce churn by providing optimal action suggestions.

The implementation of CRAB starts with the creation of the RL environment, which is described
in detail in the following section.

States

States of our RL environment encompass the daily characteristics of each customer. We collect ap-
proximately 350 features per customer, encompassing previous interactions, demographic attributes,
billing history, call records, and navigation data.

More specifically, each state includes fundamental demographic attributes such as age, gender,
region of birth, and current region of residence. It also captures the client’s relationship history
with the company, including client tenure, i.e the total duration the user has been a customer, and
line age, i.e. the operational age of their current service line. The dataset details user service sub-
scriptions and financial interactions, including the billing amount, which reflects the total monthly
cost of all services, i.e. the composite amount of their core service plan and charges for any supple-
mentary add-on packages. These add-ons provide insight into customer preferences for value-added
services, encompassing offerings such as premium television packages, integrated smart home or do-
motic solutions, and traditional voice services. In addition to their commercial and demographic
profiles, the dataset captures the client’s direct interactions with the customer care. These records
serve as a valuable proxy for customer satisfaction, allowing for the systematic analysis of prevalent
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issues, including technical support needs such as connectivity problems and slow speeds, as well as
administrative queries concerning billing issues, and commercial inquiries about upgrading services
or activating new offers. Another set of features quantifies the client’s network usage and online be-
havior, such as data traffic, specifically the total volume of data downloaded and uploaded by the
client over specified intervals.

To reduce the computational cost by approximately three times, we use Principal Component
Analysis (PCA) to project the original feature space into a 128-dimensional space, retaining over
80% of the explained variance.

Auxiliary Models

Inspired by the works presented in Section 4.1.2, we incorporate auxiliary tasks into the customer
state representations to enhance agent recommendations without the need for retraining the auxil-
iary models, training them jointly, or training the primary model to perform multiple tasks. Specif-
ically, we use eight pre-existing auxiliary models developed for related business tasks, including: a
gradient-boosted tree (GBT) model that predicts the 60-day churn probability, a regression model
that estimates the 12-month Customer Lifetime Value, and multiple GBT-based propensity mod-
els for offer acceptance across categories (e.g, entertainment, sport, fiber-to-the-home, assurance,
etc.). These models are automatically retrained in the event of a performance drop, and their out-
puts are generated daily. Their scalar outputs are concatenated with the PCA-reduced base user
feature vector.

This design choice offers two key advantages: computational efficiency and operational viabil-
ity. From a computational perspective, we bypass the overhead of joint-training pipelines, which
often demand massive, unified datasets and extensive hyperparameter tuning to balance the loss
functions. Secondly, by treating the auxiliary models purely as feature extractors, we avoid poten-
tial optimization challenges that could affect the performance of the primary task. Furthermore,
our framework aligns with the operational realities of large companies, where a set of specialized
machine learning models is developed, deployed, and managed by different teams to solve specific
business problems. CRAB is designed to integrate their valuable, pre-existing outcomes without re-
quiring costly and complex changes to current systems.

Actions

In our RL setup, the action space defines the set of all possible recommendations the agent can
make. These correspond to commercial offers and service upgrades designed to improve the customer
experience and increase lifetime value. The catalog is highly diverse, spanning multiple product
categories. It includes foundational telecommunication services (e.g., specific voice and Wi-Fi plans),
a wide array of entertainment subscriptions for TV and streaming platforms (such as DAZN, Netflix,
Amazon Prime, Disney+, and TIMVISION), various promotional discounts, smart home devices
(e.g., Google Nest), extra services (e.g., assurance), and essential network equipment like routers.
For the scope of this study, this cumulative catalog results in a discrete action space comprising
over three hundred unique actions, presenting a substantial and complex decision-making challenge
for the recommendation agent.

At inference time, recommendations are deployed in real-time customer service interactions.
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Whenever a customer contacts the call center, for example, to cancel their service, report technical
malfunctions, or request information, the RL framework estimates Q-values for all possible actions
and ranks them. The top five actions are presented to the human operator, who then presents one
or more to the customer. Crucially, the feedback used for training corresponds to the specific offer
the human operator suggested, and the reward is based on the customer’s response to that chosen
offer. This process ensures our agent learns to generate rankings that are effective in a real-world,
operator-assisted environment.

As only the top five items are shown in practice, our offline analysis presented in Section 4.1.5
places a significant emphasis on evaluation metrics calculated with a cutoff of K = 5. This ensures
alignment between offline evaluation and its intended operational environment.

Episodes

In our RL formulation, an episode represents the complete interaction history of a single customer:
sequence of states, actions (or recommendations), and rewards, starting from their first observed
interaction and terminating either when they churn or when the study’s observation period ends.

A significant challenge in modeling customer behavior, particularly churn, is the inherent la-
tency between a customer’s decision to leave and the actual service cancellation. The negative ex-
periences or unsatisfactory offers that trigger churn may occur weeks or even months before the
event is formally recorded in the system. A naive approach that only considers the churn status at
the immediate end of an episode would fail to capture these delayed effects, potentially misattribut-
ing the churn event to more recent, unrelated interactions and failing to penalize the true causal
actions. To address this temporal misalignment, we establish a two-month look-ahead window be-
yond the episode’s terminal state. If churn occurs within this window, the episode’s terminal state
is retrospectively labeled as a churn state, and the corresponding reward is applied.

Crucially, while this window is used for outcome labeling, any actions suggested to the customer
or interactions that occur within this period are excluded from the episode’s state-action-reward
sequence. This ensures that rewards are attributed to the sequence of recommendations made
during the episode and not to events that happened after the episode had concluded. This strategy
allows the agent to learn the long-term consequences of its actions more effectively, leading to a
more robust and realistic recommendation policy.

Reward

The reward function is a crucial component in our framework, as it guides the agent to learn actions
that not only maximize immediate acceptance rates, but also minimize long-term customer churn.
The reward for each action depends on whether the action was accepted or refused by the customer,
as well as the occurrence of a churn event.

To account for churn, we introduce a delayed reward component. This approach ensures that
the agent prioritizes actions that both engage the customer and reduce the likelihood of churn.
Specifically, the agent receives a reward or penalty in a terminal state not only based on the
acceptance of the last offer, but also based on the churn outcome. The reward function R(s, a), based
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on the customer’s response r to the suggested action and the churn event c, is defined as follows:

R(s, a) =



α, if r(s, a) = 1, c(s, a) = 0 Accept

β, if r(s, a) = 0, c(s, a) = 0 Refuse

γ, if r(s, a) = 1, c(s, a) = 1 Accept but churn

δ, otherwise Refuse but churn

(4.1)

where r(s, a) is the customer’s response (1 for accepted, 0 for refusal), and c(s, a) indicates the
occurrence of a churn event (1 for churn, 0 for no churn). α, β, γ and δ are constants chosen
according to the following criteria:

• α, β > 0, α > β representing positive rewards for non-churning users.

• γ, δ < 0 to reflect a penalty for churning.

• α > β, γ > δ to prioritize action acceptance over rejection.

• α + δ < 0 to discourage the event of a user accepting a recommendation and churning after
the first refusal.

• α+ γ > 0 to accept the event of a user accepting two recommendations before churning

The churn-related rewards apply only in the terminal state, while for the rest of the episode,
only cases with c = 0 are considered.

The reward is constructed this way to emphasize the importance of preventing the churn of
customers. Even if the reward considers whether the action is accepted or refused, it gives more
weight to whether this action leads to the churn of the customer or not. In an ideal scenario, with
this reward, the agent, by interaction with the environment, should learn the long-term consequences
of the actions to understand which action leads to churn.

Recommender System

To optimize the policy, we employ a discrete Conservative Q-Learning (CQL) model [146], a state-
of-the-art approach in offline reinforcement learning. CQL is designed to learn conservative, lower-
bound estimates of the value function by incorporating regularization into the Q-values during train-
ing, thereby mitigating the risks associated with overestimation and distributional shift. Formally,
the model is trained to minimize the loss:

L(θ) = ϕEst∼D[log
∑
a

expQθ(st, a)− Ea∼D[Qθ(s, a)]] +LDoubleDQN(θ) (4.2)

In the CQL algorithm, multiple Q-functions can be updated, instead of one, with independently
sampled experience replay memory, and then the action selected by the ensemble is taken. The
number of these Q-functions is referred to as the number of critics. Previous studies, such as [258],
have shown that this ensemble approach surpasses non-ensemble methods in both performance and
stability. Utilizing an ensemble of Q-functions effectively reduces decision variance, leading to more
efficient training in specific tasks. However, this approach also introduces a potential drawback:
increased computational time for each reinforcement learning step.
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To address the exploration-exploitation dilemma, we adopted the ϵ-greedy approach during the
training phase. Specifically, with some probability ϵ, the agent selects a random action, while with
probability (1− ϵ), it chooses the best action according to the Q-function. This method allows the
agent to explore, during training, different actions with probability ϵ and exploit the action that
maximizes the Q-value with probability (1− ϵ). This balance between exploration and exploitation
is crucial for effectively learning an optimal policy. During inference and deployment, ϵ is set to 0,
and the agent recommends the actions with the highest learned Q-values.

Eligibility step

Agent

Model
predictions
(Q values)User state

Final
model

predictions

Item Data

New
campaign
predictions

Warm item
Cold item

Cold Start Module

Figure 4.2: CRAB functioning during inference. The cold-start module uses the agent predictions and
similarities of cold start items to obtain the new campaign ranks. The eligibility step filters out items that
are not eligible for selection.

Cold start campaigns

When launching a new campaign, the company may introduce a new offer set that has not been
previously tested or recommended to users. This situation leads to the cold start problem, because
our reinforcement learning model has no historical performance data from which to derive Q-values
for these new items. To address this, we leverage the similarities between the new offers and the
existing ones, along with the rankings provided by the trained model, to generate a ranking for the
campaign offers. This ranking takes into account several aspects, such as price, offer composition
by using the various components (including components like data, voice, and extra packages), and
the textual description of the offer.

To estimate the new Q-values, Q(s, â)πθ
, which represent the long-term expected reward of

taking action â in state s under policy πθ, we use the following formula:

Q(s, â)πθ
=

A′∑
a

Q(s, a)πθ
∗ (SimFEAT (a, â) + SimLLM (a, â))

2
(4.3)

where â represents one of the cold actions in the set Â and A′ are the warm actions with top-5
associated similarities. This equation combines three elements:

• The old Q-values Q(s, a)πθ
: these are provided by the trained model on the warm items.
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• Similarity of tabular features SimFEAT : this represents the cosine similarity between the
new and existing tabular features. These attributes include quantitative features like offer
price and data allowance.

• NLP similarity SimLLM : this is the cosine similarity of offer description embeddings. The
embeddings are generated using a pre-trained Italian sentence-BERT-based model [64]. It
captures the similarity in the offers’ textual descriptions.

By averaging these two similarity measures, we adjust the old Q scores to provide reasonable values
for the new cold start items. This process, illustrated in Fig. 4.2, ensures that new campaigns can
be launched with an effective initial ranking, mitigating the cold start problem.

Eligibility step

After the agent generates a complete, ranked list of all actions, including values for new items from
the cold-start procedure, the framework proceeds to the eligibility step, a critical phase that allows to
recommend real-world offers. Each recommended action is mapped to a specific set of offers from the
catalog. This process involves filtering out offers that are ineligible due to various constraints, such as
business price constraints, connection availability, customer accessibility reasons, or company rules.
This step ensures that the recommendations presented to customers are practical and actionable.

4.1.4 Experimental Setup

In this section, we outline the setup of our offline and online experiments, designed to test the per-
formance of the proposed CRAB framework against appropriate baselines. In addition, we conduct
ablation studies to identify the key factors that contribute to its effectiveness.

Dataset

The company dataset regards upselling recommendations, and it has several unique characteristics.
Unlike traditional recommendation datasets that track single-item interactions, our dataset cap-
tures multiple recommendations occurring on the same day. This is because recommendations are
provided through human phone calls, and during a single call, customer care agents may suggest
multiple items to the customer. Moreover, the company recommender system suggests the top five
sorted offers to the customer care agent, but the items may not be suggested in order. It can hap-
pen because the customer explicitly requests a specific item during the call, or simply because the
customer care agent decides not to recommend it in that order, based on how the call proceeds.

We use thirteen months of historical daily customer data provided by the company. The data
is split temporally: the first eight months serve as training and validation sets, while the last five
months are used for offline evaluation (test set). The validation set consists of a random 10% sample
of episodes from the first eight months.

The dataset contains daily customer information, including their status, actions proposed by
the company, and customers’ responses (accepted or rejected). Actions have been generated by the
company’s baseline recommender system, with varying frequency across customers.

The dataset used for training comprises records from over 7 million users, of whom 1.7 million
exhibited activity within the specified time period. A total of 9.4 million actions were recorded
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during this period, with only 370 thousand actions meeting the acceptance criteria, yielding an
acceptance rate below 4%. The mean episode length was 5.65 ± 9.09. Furthermore, 190 thousand
customers churned during the considered timeframe.

We use this offline dataset to benchmark the CRAB framework against the company’s recom-
mender system over the last five months.

Testing our method on a public dataset is currently not feasible because, to the best of our
knowledge, no available dataset provides the essential combination of features. Specifically, our
approach requires temporal data on users, detailed churn information, and a rich history of user
interactions, including, in particular, user acceptance or rejection of proposed offers.

Baselines

We evaluate our proposed CRAB framework against a diverse set of representative baseline models.

• Multinomial Logistic Regression (MLR) [78]: a linear model that classifies each possible
offer and sorts the output odds to generate the list of recommended offers.

• Alternating-Least-Squares with Weighted λ Regularization (ALS-WR) [318]: a ma-
trix factorization algorithm, known for its efficiency in handling sparse matrices, making it
suitable for large-scale recommendation tasks.

• LambdaMART [34]: a learning-to-rank model that uses gradient boosting to produce per-
sonalized rankings.

• LightGCN [109]: a graph neural network performing link prediction on the bipartite graph
made by users and items, where a link connects a user to an item if he bought it.

• SASRec [135]: a sequential model leveraging self-attention to capture users’ sequential be-
havior patterns, enabling personalized next-item recommendations by modeling short and long
term user preferences.

• Company baseline: the current non-deep learning recommender system used by the com-
pany.

All the baselines are trained on the first eight months of data and tested on the last five months.
For MLR, ALS-WR, and LambdaMART, offers are rated as 1 (accepted), 0 (rejected), or 0.5 (not
offered).

All models are trained on the same data, enriched with the same auxiliary information used in
CRAB, ensuring a fair evaluation.

To ensure a fair and robust comparison, all baseline models were tuned using Optuna [7]. Search
spaces and final hyperparameters are detailed Section 4.1.7.

Company Baseline

The company’s recommender system used in production is fundamentally different from our ap-
proach. Its primary objective is to optimize for immediate, short-term outcomes by predicting the
likelihood of offer acceptance at each interaction. It does not employ a sequential decision-making
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framework and is not explicitly trained to minimize long-term churn, making it a suitable bench-
mark for a short-term focus recommendation strategy. Due to the company’s privacy policy and
business confidentiality, further information about the model cannot be made publicly available.

Evaluation Metrics

We evaluate the models using Recall@K, Coverage@K, Normalized Discounted Cumulative Gain@K
(NDCG@K) and Precision@K (P@K). Metrics are computed using relevant actions generated by
the original policy that were accepted.

Moreover, we use specific RL metrics to compare models with each other, performing a grid
search to find the best hyperparameter set. We decide to use Average TD error and Soft Off-
Policy Classification (SOPC), evaluating the difference for each time-step t between the estimate
for Vt and the discounted value estimate of Vt+1 plus the actual reward gained from transitioning
between states st and st+1, and gaps of action-value estimation between the successful episodes and
all episodes respectively.

Hyperparameters Tuning

Figure 4.3: Cumulative reward distribution for churners (left) and non-churners (right) customers.

To decide the values for the parameters α,β,γ and δ of the reward Eq. (4.1), we focus on
obtaining opposite distributions between churning and non-churning customers. In particular, the
company requires that a churning customer who has accepted two offers is still regarded as a
favorable outcome. This imposes the additional constraint α + γ > 0 ∧ 2α + δ > 0. To satisfy
this and the other constraints introduced in Section 4.1.3, we select the following parameter values:
α = 4, β = 1, γ = −3, δ = −6. Using these values, the cumulative reward distributions for clients
who churn and clients who do not churn throughout an episode are shown in Fig. 4.3. The chosen
values ensure that the cumulative reward is negative for most churning customers, while always
being positive for non-churning customers, effectively aligning with the company’s requirements.
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We conduct a grid search to optimize the following hyperparameters:

• batch size: {256, 512, 1024}

• the number of critics: {2, 3}

• Activation function: {Swish,ReLU}

• the tradeoff factor in the iterative update for training the Q-function in CQL algorithm ϕ:
{0.01, 0.1, 1}

• probability of ϵ-greedy ϵ: {0, 0.1, 0.2, 0.4}

• discount factor ρ: {0.1, 0.5, 0.7, 0.99}.

• learning rate: {6.25e−6, 0.01}.

Fitted Q Evaluation (FQE) [155] is employed for offline policy evaluation. We use it to retrain
a critic for each policy generated by the offline RL algorithms. From all the obtained models, we
select the one that maximizes Recall@K on the validation set.

The best model has the following hyperparameters:

• batch size: 1024

• the number of critics: 3

• activation function: swish

• tradeoff factor ϕ: 0.01

• probability of ϵ-greedy ϵ: 0.2

• discount factor ρ: 0.99.

• learning rate: 6.25e−6

All subsequent results are based on this model configuration.

Code and privacy restrictions

For the implementation of the discrete CQL model, we use the Python d3rlpy library[234]. The
original implementation only returns the best action for each state according to the Q-values.
However, to use the ϵ-greedy algorithm, our RLRS model must provide a list of all possible actions,
sorted and ranked by their Q-values. To achieve this, we modify the library to output the top k

actions for a given user in a specific state. The updated version of the d3rlpy library can be found
on our private Git repository1 and installed for further development and experimentation.

Due to the company’s privacy policy and business confidentiality, neither the trained model nor
the dataset can be made publicly available.

1https://anonymous.4open.science/r/crab/
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4.1.5 Results

In this section, we present the results of our extensive experiments, which demonstrate the superi-
ority of the proposed CRAB framework. Additionally, we conduct ablation studies to identify the
key factors contributing to its effectiveness.

Offline Comparison

Table 4.1: Performance comparison between baseline models and CRAB for NDCG@K, Precision@K and
Mean Average Precision (MAP). Bold indicates the best result, while second-best is underlined. †indicates
a statistically significant result according to a Friedman test with a significance level of 0.05.

Model NDCG@5 NDCG@10 Precision@5 Precision@10 MAP
MLR 0.4041 0.4041 0.0844 0.0422 0.3990

ALS-WR 0.3015 0.3283 0.0802 0.0511 0.3146
LambdaMART 0.4073 0.4079 0.0923 0.0469 0.3353

SASRec 0.4191 0.4691 0.0990 0.0527 0.4242
LightGCN 0.4183 0.4218 0.0904 0.0559 0.4219

Company Baseline 0.3154 0.4163 0.0836 0.0544 0.3996
CRAB 0.4233† 0.4479† 0.0994† 0.0582† 0.4246†

As discussed in Section 4.1.3, we focus on K = 5 because customer service agents suggest the
top 5 recommendations returned by the recommendation model. Our primary goal is to provide a
desirable item in the top-5 recommendations. We also include results for K = 10 to assess broader
ranking effects.

In Table 4.1, we compare all tested models by analyzing recommended offers for all customers.
The results show how CRAB can consistently outperform all competitors on metrics calculated
with K = 5, with the sequential model SASRec achieving the second best results. At K = 10,
SASRec achieves better performance in NDCG, while CRAB is the second-best. This indicates
that while other models might be tuned for optimizing longer lists, CRAB is suited for short-list
recommendations. Moreover, CRAB’s goal is multi-objective and not only focused on upselling.

Table 4.2: CRAB offline performance against the company baseline. The average rank of accepted action
increases.

Accepted actions average rank ↓

Company baseline 4.57
CRAB 3.73

Table 4.2 shows that CRAB also has a higher average rank of accepted actions (3.73) compared
to the company baseline model 4.57. This difference indicates that CRAB’s accepted actions are,
on average, roughly one rank higher, providing a better customer experience.
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Online Performance

Table 4.3: CRAB online performance in A/B test. During the month experimenting A/B test, average
acceptance increased and churn ratio decreased.

Offer Acceptance ↑ Customer Churn ↓
+3.51% -4.95%

To validate our approach, we conduct a series of A/B experiments on a live system serving millions
of users. Experiments last one month. Our focus is centered on two key metrics: offer acceptance
and churn.

Table 4.3 shows that our method improves the offer acceptance rate by +3.51% over the
baseline. There is also a significant reduction in the user churn rate of -4.95% compared to the
baseline. This substantial reduction can be attributed to CRAB’s strategy of incorporating a strong
penalty for customer churn events, facilitated by a high discount rate ρ. This approach prioritizes
long-term rewards, enabling the agent to recommend actions that are less likely to result in churn.
This result is fundamentally important because it validates the effectiveness of the recommendation
model in an online scenario and confirms that CRAB’s recommendations achieve a lower churn rate.

Model Analysis and Hyperparameter Tuning

RLRS Performance and Diversity. In Table 4.4, we present additional metrics for the RL
model of the CRAB framework: Recall@K and Coverage@K. The distribution of performance of
models with different hyperparameters, based on the metric Recall@K averaged over all considered
Ks is shown in Fig. 4.4. We notice that, on average, models have a Recall@K of more than 0.3.

We also notice from Table 4.4 that Coverage@K is sufficiently large, which indicates that rec-
ommended actions are diverse, as different actions are recommended for customers.

Table 4.4: Performance of the best CRAB model obtained after hyperparameter tuning on the test set. It
provides diverse and good recommendations, based on Coverage@K and Recall@K.

K Recall@K Coverage@K

1 0.3713 0.2681
3 0.4209 0.4181
5 0.4623 0.5045
7 0.4995 0.5954
10 0.5107 0.7000

Impacts of the Number of Critics. In our experiments, we tested models with two and three
critics. As explained in Section 4.1.3, we refer to critics as the number of Q functions for the
ensemble. The results, as illustrated in Fig. 4.4, indicate that using three critics yields significantly
higher performance compared to employing only two. However, due to constraints in computational
resources, we could not test configurations with more than three critics, as it would considerably
increase the algorithm’s time. In particular, training with three critics necessitates approximately
three times the time per epoch compared to training with two critics.
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Figure 4.4: Distribution of Recall@K within all models in grid search with two critics and three critics.
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Figure 4.5: RL metrics results obtained for different ϵ.

Impacts of the ϵ-Greedy Probability. In order to optimize the balance between exploration
and exploitation, the efficacy of the model was evaluated using TD error and SOPC metrics, with
values of ϵ ∈ {0, 0.1, 0.2, 0.4}. The results are shown in Fig. 4.5. As illustrated, the model exhibits
optimal performance with ϵ = 0.2, indicating a good exploration rate while not preventing exploita-
tion as much as higher values do. Action values in successful episodes are higher than in the others.
The plot also illustrates that the lowest performance is attained when ϵ = 0 values are not equal to
zero, proving the ϵ-greedy approach to be beneficial.
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Figure 4.6: Results obtained with different ρ values.

Impacts of the Discount Factor - Delayed Feedback Analysis. We investigated the influ-
ence of delayed feedback of customer churn on model performance by varying the discounted factor
ρ. Preventing churn is one of the main company’s objectives, and churn events typically mark the
conclusion of a customer episode, so it is crucial to consider high values of ρ.

In Fig. 4.6, we present the NDCG values obtained by different models trained with ρ equal to
{0.1, 0.5, 0.7, 0.99}. The outcomes demonstrate that a high discount factor (ρ = 0.99) markedly
enhances the model’s efficacy, suggesting that prioritizing long-term rewards facilitates the model’s
capacity not only to more accurately account for churn, but also to provide better recommendations.

Ablation Study: Impact of Auxiliary Model Outputs. To assess the impact of auxiliary
models, we compared the NDCG of CRAB variants: the first variant, CRAB-1, incorporates aux-
iliary customer predictions into the state representation. In contrast, the second variant, CRAB-2,
does not. Finally, to investigate whether performance scales with the amount of information pro-
vided, a third variant, CRAB-3, includes a random 50% subset of the auxiliary predictions. As
shown in Fig. 4.7, CRAB-2 exhibits performance comparable to that of the company baseline model
at K=5. CRAB-1 demonstrates superior performance compared to both CRAB-2 and CRAB-3,
thereby underscoring the added value of incorporating auxiliary model outputs into the state rep-
resentation. This comparison not only highlights the benefit of this enrichment but also suggests
that performance scales with the amount of auxiliary information provided, as CRAB-3 consistently
places between the other variants.

The critical importance of this step is illustrated when contextualizing these results with our
main Table 4.1. The performance of the CRAB-2 variant, which lacks auxiliary data, drops signifi-
cantly. This means that without this information, our model would perform worse than top base-
line competitors. Therefore, this is the key reason for CRAB’s better performance.
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Figure 4.7: Results comparing CRAB with (CRAB-1), without (CRAB-2), and using 50% random (CRAB-
3) auxiliary model outputs.

4.1.6 Conclusions and Future Work

In this paper, we addressed the critical challenge of customer churn in the telecommunications in-
dustry, a problem compounded by the delayed nature of customer feedback. We introduced CRAB
(Churn Reduction Agent-Based) , a recommender system designed to mitigate delayed feedback
churn cases through the utilization of offline RL. This approach employs historical customer inter-
actions, product usage patterns, and user feedback to train the model, without requiring real-time
user interactions. Unlike traditional recommender systems that optimize short-term metrics such as
immediate clicks or offer acceptances, CRAB is explicitly designed to learn a policy that balances
the immediate goal of upselling with the crucial long-term objective of reducing churn.

Our primary contribution is a practical and effective methodology for integrating delayed feed-
back into the RL training process. By defining episodes that extend into a future look-ahead win-
dow, and by designing a reward function that heavily penalizes future churn events, CRAB learns
to avoid recommendations that seem effective in the short term, but carry a high risk of leading to
customer dissatisfaction and churn. Our offline results show that the CRAB framework generates
more diverse and relevant recommendations than the original company policy. Findings demon-
strate the consistent superiority of CRAB over other baseline models. In particular, we demon-
strated a novel and highly effective method for enriching the agent’s state representation. By incor-
porating the predictive outputs of pre-existing, independently trained auxiliary models, we provide
the agent with a richer, more holistic view of the customer. Our ablation studies confirmed that
this enrichment is fundamental to CRAB’s superior performance.

The empirical validation of our framework, conducted on a large-scale proprietary dataset from
a major telecommunications company, yielded compelling results. In extensive offline experiments,
CRAB consistently outperformed a wide range of state-of-the-art baselines and the existing company
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policy. More importantly, subsequent live A/B testing in a real-world production environment
confirmed these findings, demonstrating a 4.95% reduction in customer churn alongside a 3.51%
increase in offer acceptance.

In addition to improving performance, the ability of offline RL to operate without direct inter-
action with the customer can reduce the risks associated with online RL, such as privacy concerns
and ethical issues. Our findings provide a strong case for adopting offline RL in the recommenda-
tion systems domain. Following the successful online testing, CRAB has been deployed to all users.

Nonetheless, there are various directions for future work.

• Currently, CRAB handles the cold start problem for new items using similarity-based Q-value
estimation. However, recommendations for new users are missing. A method to address the
cold-start issue for users needs to be designed.

• The current framework is applied only to upsell offers. We plan to extend its application
beyond upselling offers and also to include retention strategies.

• Exploring more advanced offline RL algorithms beyond CQL could yield further performance
gains.

In conclusion, CRAB shows that offline RL is an efficient way to solve difficult, real-world
business problems. By effectively managing delayed rewards and leveraging auxiliary models for
richer state representations, CRAB offers a scalable solution for improving upselling and reducing
customer churn.

4.1.7 Baselines Hyperparameters Tuning

To ensure a fair comparison among all baseline methods, we performed hyperparameter optimiza-
tion using Optuna [7]. All models were trained and validated using the same data splitting strat-
egy, applied uniformly across all methods. Specifically, for each user, we sorted their interactions
chronologically and split them into three disjoint sets, as described in Section 4.1.4: the last five
months are used exclusively for test evaluation, while the first eight months were used for train and
validation (split 90%-10%). Model selection and optimization decisions were based solely on per-
formance on the validation set.

In the tuning process, we optimized NDCG@5 as the primary metric. This choice reflects our
interest in accurately ranking the top few items, which is particularly important in our recommen-
dation context. As discussed in Section 4.1.4, focusing on NDCG@5 aligns with our goal, where
only top results are visible to the customer care agent during call recommendations.

In each Optuna study, we fixed a number of trials (up to 20), with pruning enabled to discard
poorly performing configurations early. We report the hyperparameters tuned for each baseline with
the final values selected through the optimization process.

MLR:

• L2 regularization : ∈ [1e− 4, 1e2]

• Solver: {lbfgs, saga}

• Max iterations: ∈ [100, 1000]
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ALS-WR:

• Latent factors: ∈ [10, 200]

• Regularization: ∈ [1e− 4, 10]

• Number of iterations: ∈ [10, 100]

LambdaMART:

• Number of trees: ∈ [100, 1000]

• Max tree depth: ∈ [3, 10]

• Learning rate: ∈ [1e− 3, 0.1]

• Subsample ratio ∈ [0.6, 1]

LightGCN:

• learning rate: ∈ [1e− 4, 0.1]

• embedding dimension: ∈ [16, 128]

• number of layers: ∈ [1, 3]

SASRec:

• Attention blocks: ∈ [1, 3]

• Attention heads: ∈ [1, 3]

• Batch size: ∈ [128, 2048]

• Learning rate : ∈ [1e− 4, 1e− 1]

• Embedding size : ∈ [16, 1024].

Following the optimization procedure, we identified the best-performing hyperparameter set for
each baseline model on the validation set. The final values used for the test set evaluation are
detailed in Table 4.5.

This unified tuning approach ensures that all models were evaluated under their best configu-
rations according to the same protocol, making our baseline comparisons robust.
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Table 4.5: Best hyperparameter configurations for baseline models.

Model Hyperparameter Best Value

MLR
L2 regularization 4e-3
Solver lbfgs
Max iterations 346

ALS-WR
Latent factors 152
Regularization 0.1
Number of iterations 73

LambdaMART

Number of trees 497
Max tree depth 7
Learning rate 0.05
Subsample ratio 0.8

LightGCN
Learning rate 3e-3
Embedding dimension 54
Number of layers 2

SASRec

Attention blocks 2
Attention heads 2
Batch size 985
Learning rate 5e-3
Embedding size 464
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Chapter 5

Optimizing Graph Representations for
Efficient Industrial Recommendation

The graph-based models central to this thesis, while powerful, confront a significant barrier when
transitioning from academic benchmarks to live, industrial environments: the dual challenge of
computational scale and information quality. Real-world user-item interaction graphs are not only
massive, containing millions of nodes and edges, but are also inherently sparse and noisy. This
combination creates a significant bottleneck. On one hand, the huge size of the graph makes state-of-
the-art models like deep Graph Neural Networks (GNNs) computationally infeasible, leading to out-
of-memory errors and prohibitive inference latency. On the other hand, the sparse and incomplete
nature of the graph structure limits the effectiveness of the message-passing mechanisms that these
models rely on, exacerbating issues like over-smoothing and degrading recommendation accuracy.

This chapter presents two distinct but complementary research directions designed to overcome
this dual challenge. These studies change direction from the pursuit of ever-deeper model architec-
tures and instead focus on a more fundamental principle: intelligently engineering the graph itself
to make it more flexible to efficient and effective learning.

The first part tackles the scalability problem through graph coarsening. We introduce a frame-
work that leverages business-driven heuristics to aggregate users into meaningful communities, ef-
fectively reducing the graph’s size. We demonstrate that a two-stage propagation—first across this
efficient, coarsened graph and then a refinement within local communities—provides a robust ar-
chitectural solution for low-latency production systems.

The second study addresses the problem from the perspective of graph structure learning. It
poses the question: "Do we need complex, deep models, or can we achieve better performance by
fundamentally improving the graph’s topology?" Here, we propose a novel framework that uses
Simulated Annealing to learn an optimal set of user-user connections, iteratively building a graph
that balances recommendation accuracy with strict memory constraints. Our findings reveal that
a shallow, one-layer GNN trained on this optimized graph significantly outperforms deeper models
trained on the raw, sparse data. This demonstrates that a superior graph structure can eliminate
the need for costly deep architectures, simultaneously solving for both accuracy and efficiency. By
either simplifying the graph’s scale or optimizing its structure, we can build systems that are not
only more scalable and efficient but also deliver more accurate and relevant recommendations.
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Full Graph Intra-Community
PropagationCoarsened graph Inter-Community

Propagation

Figure 5.1: Overview of the proposed framework. On the left, the original full graph, where colors illustrate
the business-driven rules used to group nodes into communities, while dashed lines highlight inter-community
interactions. In the middle is shown the coarsened graph and inter-community propagation. On the right,
the intra-community refinement stage is shown.

5.1 Efficient Recommendations via Graph Coarsening and Label
Propagation

Graph-based recommendations are widely adopted in real-world industrial applications. However,
graphs in these systems often reach a massive scale, posing notable scalability and efficiency chal-
lenges. This requires techniques that can effectively balance predictive quality with computational
cost. One promising approach is graph coarsening, an adaptive graph reduction technique that offers
a way to systematically construct smaller, yet structurally representative, versions of the original
large-scale graphs. In this work, we propose a flexible two-stage diffusion framework that combines
graph coarsening with multi-step label propagation in the telecommunications domain. Domain-
specific heuristics are applied to first aggregate nodes into meaningful communities, reducing graph
size while preserving essential business-relevant relationships. An initial diffusion process done by a
Label Propagation Algorithm (LPA) or a Graph Neural Network (GNN) propagates labels across the
coarsened graph to produce coarse-grained predictions. Finally, a second LPA within subgraphs gen-
erates the final recommendations for individual users. On a real-world telecommunications dataset,
when using LPA in both stages, our method achieves up to +24% NDCG@5 over the full-graph
LPA baseline. Incorporating a lightweight GNN in the first stage further boosts NDCG@5 by more
than 50%, but requires substantial training and inference time. Through extensive experiments and
a detailed ablation, we quantify these trade-offs and demonstrate that our coarsening-driven ap-
proach delivers an optimal balance between scalability, latency, and recommendation quality.

5.1.1 Introduction

Graph-structured data has become widespread across various domains, such as social networks
[79, 237], biological networks [259], financial transactions [260], e-commerce platforms [120, 286] be-
cause it naturally represents complex relationships between entities. In recommendation systems
[88, 280], user-item interactions form large bipartite graphs [79], whose rich connectivity enables ma-
chine learning models to uncover latent patterns and deliver personalized recommendations [201].
However, as industrial-scale datasets grow to millions or billions of nodes and edges [65], this ex-
pressiveness comes at a steep computational cost: memory demands increase, training and infer-
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ence times become prohibitively long, and graph algorithms face scalability bottlenecks [131, 225].
Graph Neural Networks (GNNs) [70, 182] have emerged as a powerful paradigm for recommen-

dation, learning node embeddings through repeated message exchanges across edges. Yet even state-
of-the-art large-scale GNNs rely on sampling techniques to handle these large-scale graphs, require
heavy computational resources, [300] and struggle with problems like over-smoothing [45] and cap-
turing long-range dependencies [162]. These factors make handling truly massive graphs challeng-
ing in low-latency production settings and highlight the need for more scalable alternatives that
maintain high-quality recommendations [131].

Lightweight alternatives such as the Label Propagation Algorithm (LPA) [284] bypass expen-
sive gradient computations by diffusing information across the graph by iteratively updating node
labels based on its neighbors. Compared to GNNs, LPA is computationally efficient and achieves
competitive accuracy [119]. However, directly applying LPA to industrial-scale graphs still involves
iterating over every edge multiple times, resulting in significant runtime and memory requirements.
Naïve down-sampling of the graph can reduce costs, but it often severs critical links, destroying
community structures or isolating hubs, which in turn degrades recommendation quality.

Graph coarsening [36] offers a systematic approach to reduction, involving the aggregation of
nodes to create a smaller, more computationally efficient representation of the original graph. While
coarsening can improve scalability [121] and reduce noise [112], it may lead to information loss,
potentially impacting effectiveness. In fact, a propagation algorithm can diffuse labels efficiently
on a coarsened graph, but recommendations become too coarse for fine-grained personalization. In
our industrial telecommunications setting, offers (e.g. additional services, bundled products) must
be tailored to implicit user groups, that are not explicitly encoded in the raw data, and only made
to users who do not already have these services.

To address these challenges, we propose a framework that integrates business-driven graph
coarsening with at two-step propagation process. Our approach is designed for large-scale, real-world
datasets and follow these steps: (i) users are grouped into super nodes that approximate real families
by applying community detection techniques driven by business-specific domain rules, e.g shared
billing and call frequency; (ii) either LPA or a lightweight GNN is applied on the coarsened graph
to efficiently generate initial recommendations; (iii) a parallel label propagation step is performed
within each subgraph to refine recommendations back down to the individual user level. This design
combines the efficiency of reduction with the accuracy of localized propagation.

Offline experiments demonstrate the superiority of our proposed framework, achieving sub-
second inference times and improving NDCG@5 by up to 24% (LPA) and over 90% (GNN) over a
full-graph LPA baseline. Our contributions are:

• We formalize a business-driven coarsening technique that uses business rules to uncover im-
plicit family structures, preserving essential relationships and reducing the original graph size
by over 70%.

• We have designed an efficient two-step propagation scheme that combines coarse-graph diffu-
sion with fine-grained refinement to ensure low latency and high accuracy.

• We empirically validate our approach against full-graph LPA and alternative coarsening meth-
ods, demonstrating significant improvements in terms of scalability and recommendations
quality.
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5.1.2 Methodology

Fig. 5.1 presents our framework for scalable offer recommendations, which consists of three steps:
1) coarsening the interaction graph into communities, 2) propagating labels across communities,
and 3) intra-community propagation.

Our data can be represented as an undirected user graph G = (V,E,Y), where V = {1, . . . , N} is
the set of nodes (users), E = {1, . . . ,M} is the set of edges (calls between users) and Y ∈ {0, 1}N×L

is the label matrix, with L denoting the number of unique labels (offers) and Yij = 1 if user i has
accepted marketing offer j, 0 otherwise.

Graph Coarsening

A coarsened graph G′ = (V ′, E′) contains V ′ = {1, . . . , N ′} super nodes and E′ = {1, . . . ,M ′} super
edges, with N’ < N. The coarsening process is represented by a surjective mapping C : V → V ′,
where C ∈ {0, 1}N×N ′

, ensuring each node i in V is mapped to exactly one super node in V ′ (i.e.∑N’
j=1 Cij = 1).
To ensure that the detected communities align with business goals, we incorporate domain-

specific rules. The following heuristics indicate which users can be clustered together to capture
implicit family and household structure:

Interaction Frequency: users who communicate more frequently based on call duration and num-
ber of calls per week.

Surname: users with the same surname.
Caring: users who frequently contacts customer support on behalf of someone else.
Balance: financial dependencies (e.g. topping up another user’s mobile balance, charging some-

one else bills), especially for younger users
Number of lines: lines associated with a single user are redundant for personalized recommen-

dation.
Users who satisfy at least one of these conditions and who comply with established marketing

constraints (e.g. node degree and community size), are merged together to create a super node.
To create the new label matrix Y’, for each super node, we concatenate all label vectors y ∈ Y of

the nodes part of that community. Formally, given the mapping C, the new label Y’j of community
j is computed as Y’j = ⊮

(∑N
i=1 CijYj ≥ 1

)
. This results in each community label Y’j containing

all the offers activated by all of its users. At this stage, super edges between communities are created
based on inter-community interactions (e.g. calls between families).

Inter-Community Propagation

After graph coarsening, a first propagation is performed. We explore two algorithms: LPA and
GNNs.

LPA offers an efficient method for information diffusion. It iteratively updates super nodes
v ∈ V

′ labels based on predominant labels within their local neighborhoods. The LPA is defined as:

Ŷ = α ·D−1/2AD−1/2Y + (1− α)Y

where α is the propagation hyperparameter, A is the adjacency matrix of the graph, and D is the

Alessandro Sbandi 90



5.1. Efficient Recommendations via Graph Coarsening and Label Propagation

diagonal degree matrix with Dii=
∑

j Aij .
When employing a GNN for the first propagation step, we adopt a more expressive graph

representation to model interactions more accurately. Specifically, we transform the coarsened
community-community graph G′ = (V ′, E′) into a heterogeneous graph, denoted as Gh. This graph
consists of two distinct node types: communities (the super nodes from V ′) and items (the L unique
offers available in the catalog). The connectivity of Gh is defined by two types of edges:

• Community-Community edges, which correspond to the super-edges in E′.

• Community-Item edges, which capture the user-item interactions at the community level.

To learn representations on this heterogeneous graph, we utilize the GraphSAGE architecture
[101]. Let h(0)

v be the initial representations of super node v ∈ V ′. In each layer l, an aggregated
message a(l)v is computed by applying an AGG function over the representations h(l−1)

u of v neighbor-
ing super nodes u ∈ N(v). v representation is updated through h(l)

v = σ
(
W(l) · a(l)

v + b(l)
)
, where

W(l) and b(l) are learnable parameters. After L layer, the final representation h(L)
v is obtained.

Intra-Community Propagation

Although the coarsened graph, or its heterogeneous counterpart, efficiently propagates information
across large communities, it misses finer intra-community relationships. The recommendations gen-
erated from the inter-community step are uniform for all users within the same super-node, lacking
the personalization required for individual level predictions. The intra-community step is designed
to address this by refining these coarse-grained predictions and reintroducing user personalization.

This refinement is performed independently and in parallel for each community c identified
during the coarsening phase. We augment the original user-level subgraph of each community adding
a community representative node rc, containing the aggregated label information from the previous
propagation. By connecting this representative node to all users in the community, we build a
subgraph Gc,aug that integrates both local (user-level) and global (community-level) information.
Finally, we apply LPA over each subgraph to refine the recommendations, ensuring a more accurate
and personalized output Ŷfinal. The presented framework is detailed in Algorithm 1.

5.1.3 Experiments

We conduct comprehensive experiments to demonstrate the effectiveness of the proposed method.
Specifically, we aim to answer the following research questions:

• Effectiveness (RQ1): How does our graph coarsening, compare in terms of recommendation
quality, to (i) full-graph label propagation and (ii) alternative coarsening methods?

• Structural integrity (RQ2): To what extent do different coarsening strategies preserve the
topological properties (e.g. community structure, clustering and degree distribution) of the
original graph?

• Efficiency and Scalability (RQ3): How does the proposed approach perform in terms of
computational efficiency and scalability when compared to full-graph propagation and other
coarsening approaches?
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Algorithm 1 Efficient Recommendations via Graph Coarsening and Label Propagation
1: Input: Full user graph G = (V,E,Y); Coarsening business rules R; Propagation algorithm

PA1st ∈ {LPA, GNN}
2: Output: Personalized recommendation scores Ŷfinal for all users in V

Stage 1: Graph Coarsening
3: Eaux ← ∅ {Initialize auxiliary edges for coarsening}
4: for all user pair (u, v) ∈ V × V do
5: if SatisfiesRules((u, v),R) and MeetsConstraints((u, v)) then
6: Eaux ← Eaux ∪ {(u, v)}
7: end if
8: end for
9: C← ConnectedComponents(V,Eaux) Generate community mapping matrix

10: G′ = (V ′, E′,Y’)← CoarsenGraph(G,C) {Create coarsened graph}

Stage 2: Inter-Community Propagation
11: if PAinter is GNN then
12: Gh ← CreateHeterogeneousGraph(G′)

13: h
(L)
comm,h

(L)
item ← GraphSAGE(Gh)

14: Ŷ
′
scores ← ComputeScores(h(L)

comm,h
(L)
item) {Scores from GNN embeddings}

15: else
16: Ŷ

′
scores ← LPA(G′,Y’) {Scores from LPA}

17: end if

Stage 3: Intra-Community Propagation (in parallel)
18: for all community c with super-node v′c ∈ V ′ do
19: Gc ← ExtractSubgraph(G, c) {Get original users and edges for community c}
20: rc ← CreateRepresentativeNode(Ŷ

′
scores[c]) {Node with global info}

21: Gc,aug ← AugmentSubgraph(Gc, rc) {Connect rc to all users in Gc}
22: Ŷfinal ← LPA(Gc,aug) {Refine recommendations locally}
23: end for
24: return Ŷfinal

• Ablation (RQ4): Which LPA design choices (number of propagation layers L and propaga-
tion hyperparameter α) drive performance and efficiency gains?

Experimental Setup

Dataset. We employ a real-world industrial dataset, containing more than 13 million users, col-
lected from marketing campaigns run by TIM, an Italian telecommunications company, containing
more than 13 million users. Specifically, it captures instances where customer care agents, during
phone calls, suggest multiple products or services to a customer in a single engagement. This char-
acteristic is central in the evaluation process, as discussed in Section 5.1.3, because agents usually
present a list of recommendations.

The dataset spans from January to September 2024 and captures user interactions with promo-
tional offers. To ensure a realistic evaluation, we split the data chronologically: the last month is
used as test set, and the previous months as training set. Table 5.1 provides comprehensive details
about train and test split statistics.

The item catalog within our industrial recommendation dataset covers a diverse range of offers:
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Table 5.1: Summary of Dataset Statistics

Train Test

Unique users buying 2,552,477 736,648
Total items bought 4,818,165 1,070,679

% of users with ≥ 1 items bought 18.49% 5.34%
% of users with ≥ 2 items bought 7.34% 1.42%
% of users with ≥ 3 items bought 3.62% 0.53%

1st PA Model MAP
@3 @5 @10 @20

P NDCG R P NDCG R P NDCG R P NDCG R

LPA

Users 0.0220 0.0155 0.0260 0.0275 0.0112 0.0275 0.0318 0.0062 0.0282 0.0339 0.0031 0.0282 0.0341
Unique 0.0181 0.0105 0.0191 0.0207 0.0080 0.0211 0.0260 0.0051 0.0236 0.0330 0.0028 0.0243 0.0357
Louvain 0.0234 0.0134 0.0270 0.0268 0.0084 0.0270 0.0281 0.0043 0.0271 0.0285 0.0021 0.0271 0.0286
Ours 0.0281 0.0182 0.0313 0.0332 0.0138 0.0341 0.0405 0.0084 0.0367 0.0481 0.0043 0.0372 0.0498

GNN

Users OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
Unique 0.0305 0.0172 0.0318 0.0321 0.0124 0.0352 0.0393 0.0078 0.0382 0.0455 0.0043 0.0394 0.0491
Louvain 0.0390 0.0181 0.0373 0.0489 0.0121 0.0392 0.0532 0.0095 0.0498 0.0859 0.0058 0.0543 0.1026
Ours 0.0434 0.0312 0.0552 0.0461 0.0193 0.0528 0.0471 0.0098 0.0524 0.0478 0.0049 0.0524 0.0478

Table 5.2: Performance metrics averaged over 3 runs for baselines. Standard deviation is not reported due
to space constraints, but is always less than 0.001. PA = Propagation Algorithm, OOM = Out Of Memory.
Bold indicates the best metric with those parameters, underlined are second best.

• Telecommunications Services: including voice and Wi-Fi plans.

• TV & Streaming Subscriptions: such as DAZN, Netflix, Amazon Prime, Disney+, and
TIMVISION.

• Promotional Discounts: such as percentage-off deals or limited-time offer.

• Smart Home Devices: for example, Google Nest or security cameras.

• Network Equipment: including routers and related hardware.

The nature of offers allowing for collective access or use by a group (such as a family) has a dual
implication for our recommendation task. Firstly, it can lead to lower individual adoption rates and
contribute to dataset sparsity. Secondly, this makes identifying family members (or communities)
particularly valuable for tailoring recommendations, as it’s often redundant or ineffective to recom-
mend the same item to multiple people in the same family.

Each of the 561 unique items represents a distinct promotional offer or service package. We
focus on purchases as the primary signal of user intent. This naturally leads to a sparse dataset,
with an overall interaction density of 0.06% in the training set. This sparsity highlights one of the
challenges of industrial recommendation.

Baseline Models. We compare the proposed framework with three coarsening baselines:

• Users: the full user’s graph, where each node represents an individual user and edges denote
direct interactions.

• Unique: a coarsened version where super nodes are created based on unique label combina-
tions.

Alessandro Sbandi 93



5.1. Efficient Recommendations via Graph Coarsening and Label Propagation

• Louvain: a coarsened version where the Louvain algorithm [31] is used to partition the original
graph into communities.

To ensure consistency in the evaluation, for all models, we follow the same methodology as in the
proposed framework: PA is first applied to the coarsened graph, then LPA within each community.

Evaluation Metrics. To evaluate the effectiveness of our model, we investigate three areas.
First, we measure the quality of the recommendation using standard ranking metrics: Precision@K,
NDCG@K, Recall@K and Mean Average Precision (MAP). To evaluate the structural preservation
of the coarsened graphs, we measure Degree Similarity (DS), Average Clustering Coefficient (AC),
Connected Components Similarity (CCS), and Edge Density (ED), along with a comparison of the
node count. This helps us determine if the coarsening process retains the key features of the original
graph. The DS and CCS are computed using the formula 1/(1+d(x, y)), where d is the Wasserstein
distance, and x and y are the lists of node degrees or connected component sizes for the original and
coarsened graphs, respectively. Finally, we compare runtime efficiency by recording LPA execution
time, to show how scalable and fast our approach is when handling large graphs.

Given that customer care agents typically propose at least five items during these interactions,
evaluating the effectiveness of their call recommendations requires to consider and focus on K=5.
This is precisely why NDCG@5 is our primarily evaluation metric. It allows us to measure how
well the most relevant items are prioritized within the top 5 positions, which is crucial in a scenario
where an agent offers a limited set of options during a brief interaction.

Effectiveness (RQ1)

Table 5.2 reports the results for the complete set of metrics of our proposed framework against
several baselines. The comparison includes our coarsening business-driven strategy and alternative
methods, each evaluated with LPA or GNN as the first propagation algorithm, and the full-graph
LPA baseline. A critical initial observation is the Out Of Memory (OOM) encountered when at-
tempting to apply the GNN to the original full graph, underlining the necessity of graph coarsen-
ing. All of these use the best configuration found (see Section 5.1.3 for LPA). Since customer agents
typically recommend up to five offers from the recommendation list, we set the primary evaluation
goal to K = 5.

When LPA is applied as the first PA, our approach achieves the highest recommendation quality
consistently across all metrics. Notably, our method improves NDCG@5 by 24% over the full-graph
propagation baseline.

Using a GNN as the first PA notably enhances performance, particularly when combined with
our coarsening strategy. Our approach achieves overall best results across several metrics. It
improves the NDCG@5 by 54% over its LPA counterpart and by 35% over the GNN trained on
Louvain coarsened graph. The latter generally stands as the second best method, achieving always
highest recall and best metrics @20.

In summary, these results confirm that graph coarsening is indispensable for applying GNNs to
large industrial-scale graphs. Moreover, Ours business-driven coarsening approach is consistently
having high performance with both (LPA and GNN) PA. GNN in the first propagation step achieves
the highest recommendation quality, significantly outperforming LPA approaches.
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Structural Integrity (RQ2)

Graph DS AC CCS ED NN

Users - 6.287 · 10−7 - 2.839 · 10−7 13.80

Unique 0.263 0.327 2.820 · 10−4 3.312 · 10−5 0.14
Louvain 0.587 0.984 5.152·10−2 1.976 · 10−6 0.49
Ours 0.485 1.070·10−6 1.647 · 10−2 9.105·10−7 4.27

Table 5.3: Comparison of graph properties across different methods: degree similarity (DS), average cluster-
ing (AC), connected components similarity (CCS), edge density (ED), and number of nodes (NN) in millions.

Coarsening First Propagation Second LPA (per community)
Approach Runtime Nodes (M) Edges (M) LPA Runtime GNN Runtime Nodes Edges LPA Runtime

Users 0s 13.80 9.65 17m41s±30s OOM - - -

Unique 3min53s±40s 0.14 0.27 5m07s±50s 10m39s±24s 99.57 463.57 4457ms±264ms
Louvain 2h12min±2m 0.49 0.26 6m47s±30s 11m02s±35s 29.16 32.65 1571ms±423ms
Ours 34s±5s 4.27 6.36 9m01s±47s 12m59s±14s 4.23 7.68 358ms±24ms

Table 5.4: Comparison of graph statistics across the three steps, including number of nodes, edges and
runtime. The best runtime for each step is highlighted in bold.

Table 5.3 reports the five structural metrics for each coarsening strategy compared to the original
user–item graph. Together, these metrics help quantify how faithfully each method preserves global
and local structural properties.

Our approach yields an AC that most closely matches that of the original graph. The low clus-
tering coefficient similarity reflects the sparse and loosely connected nature of user-item interactions
within the generated communities, which is consistent with typical user behavior on large-scale
platforms. This low clustering coefficient aligns with our goal of preserving realistic connectivity
patterns without introducing artificial density. Similarly, the edge density (ED) of our coarsened
graph remains low, indicating that the compression process preserves the original structure’s natu-
ral sparsity, avoiding excessive over-connection among super nodes. At the same time, our method
achieves moderate compression (in terms of node count), avoiding the extreme reductions that may
compromise structural fidelity.

The Louvain method produces a more compact graph than ours, and it exhibits the highest
DS and CCS scores, indicating that it doesn’t distort the original component structure and degree
distribution heavily. Despite a low ED value — suggesting nodes with poor connectivity — the AC
deviates greatly from the original graph’s, limiting Louvain effectiveness.

On the other hand, the Unique coarsening strategy achieves the most aggressive reduction in
node count, resulting in a very compact graph. It yields the lowest DS and CCS, indicating that
it doesn’t preserve some macro-structural properties of the original graph. However, this comes at
the cost of excessive edge density and lowest clustering coefficient similarity, both of which suggest
overly tight communities that may inhibit meaningful diffusion and lead to unstable performance
(as observed in RQ1).

Overall, our coarsening framework strikes the best balance between graph compression and
structural fidelity.
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Efficiency and Scalability (RQ3)

Table 5.4 summarizes, for each method, the graph size (nodes and edges) at each propagation step
and the corresponding runtimes for both coarsening and propagation steps. The full-graph baseline
(Users), which involves performing a single propagation on an original graph comprising roughly
14 million nodes and 10 million edges, taking significantly longer (>17 minutes) than all the other
methods. Crucially, attempting to run GNN propagation on this full graph results in Out Of
Memory (OOM), highlighting the necessity of coarsening for GNN-based approaches.

By contrast, our business-driven coarsening achieves a minimal coarsening time (34s), thanks
to lightweight heuristics that can be precomputed offline. The resulting coarsened graph contains 4
million nodes and 6 million edges, and undergoes two LPA propagation steps in nine minutes: the
first on the reduced graph and the second in parallel across smaller user-level subgraphs. On the
other side, GNN propagation is the slowest with approximately 13 minutes.

The Unique strategy completes the coarsening process in around 4 minutes), producing the
smaller graph (140 thousand nodes and 270 thousand edges). While its first propagations are the
fastest (∼5 minutes LPA, ∼10 minutes GNN), this advantage is reversed in the second step, where it
takes over 4 seconds per graph, the longest of all methods, due denser communities. While Louvain
coarsening produces well-balanced partitions, it is the slowest to run, taking over two hours. Though
its propagation steps are marginally faster than ours, the upfront cost dominates its total runtime
and, ultimately, our approach remains competitive in terms of total LPA and GNN runtime while
achieving superior recommendation performance, as shown in Table 5.2.

From a theoretical point of view, from [215, 251, 264], LPA algorithm has a running time of
O(TM), where T is the number of iterations and M is the number of edges in the graph. The
number of iterations can either be fixed or left to convergence. However, no theoretical proof of LPA
convergence time has been found [251] except for special cases. Empirical studies suggest that a few
iterations are usually sufficient to stabilize the labels [215]. Reported complexity also depends on
LPA variant, with studies citingO(Nlog2N) [57] andO(M+N) [275]. GNNs typically exhibit higher
computational complexity: with L layers, a graph with N nodes, and M edges, the complexity is
O(L ·(M+N)) [281]. This factor inherently make GNNs more resource-intensive compared to LPA.

In our case, the first step, whether LPA or GNN, is expected to be the most computationally
intensive due to the large scale of the coarsened graph, which contains millions of nodes and edges.
The GNN runtimes clearly demonstrate a higher computational demand than LPA on the same
coarsened graph. Conversely, the second LPA step operates on much smaller community graphs,
containing only tens or hundreds of nodes, making it computationally light. An additional advantage
of our approach is that the second LPA step can be efficiently parallelized. As it operates at the
user level, it can be performed online at inference time, while the first propagation step can be
precomputed offline. This design ensures that our method remains scalable and operates within
sub-second inference times.

Ablation (RQ4)

To analyze the effect of the main hyperparameters on recommendation accuracy, we perform an
ablation study by varying the number of propagation layers L ∈ {1, 3, 5}, and damping parameter
α ∈ {0.1, 0.5, 0.9}. Due to the computational complexity associated with GNN training, we conduct
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Figure 5.2: NDCG@5 values for all coarsening methods, varying the number of layers L, with corresponding
α values indicated.

this ablation study specifically using LPA as our propagation algorithm. For each configuration, we
evaluate all coarsening strategies against the full graph baseline.

As shown in Table 5.5, our coarsening approach consistently outperforms all baselines across
different hyperparameter settings. In particular, it shows a clear upward trend in performance as
the number of propagation layers L increases, while the performance of the other models remain
largely stable. This is also observable in Fig. 5.2. Moving from a single propagation step to five,
yields and average NDCG@5 gain of over 17%, regardless of the chosen α.

In contrast, the alternative coarsening methods and full-graph propagation remain largely in-
sensitive to changes in L or α. As can be seen in Fig. 5.2, their NDCG@5 curves are essentially flat,
indicating that deeper or more aggressive propagation does not result in significant improvements
to either the original or differently coarsened graphs. The only exception is Unique, which shows a
high sensitivity to hyperparameter variation - its performance deteriorates at L = 5 and fluctuates
unpredictably with α when L = 3.

Based on these results, we set the optimal hyperparameters to L = 5 and α = 0.5, as this
configuration gives the highest NDCG@5.

5.1.4 Conclusion

In this paper, we have introduced a novel graph coarsening framework for industrial-scale recom-
mendation systems that incorporates business-driven rules to improve scalability. The framework
involves a two-stage propagation: inter-community propagation (LPA or GNN-based) is applied
to the coarsened graph to efficiently spread information across communities, and intra-community
propagation refines the initial recommendations within each community. This method effectively
utilizes user interactions to enhance the recommendation of family offers and provides more scal-
able recommendation updates, which is crucial when user and community interactions are subject
to frequent changes.

Through extensive evaluation, we have shown that our approach outperforms baseline models
in terms of recommendation quality, particularly for key industrial metrics at rank K = 5. Addi-
tionally, it achieves improved scalability while preserving important topological properties of the
original full graph. These results highlight the practical applicability of our method in real-world
marketing campaigns, where maintaining both high quality recommendations and scalability are
critical. The LPA-only pipeline is immediately deployable in low-latency environments, while the
GNN-enhanced option suits settings where higher predictive performance justifies extra training
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L α Model MAP
@3 @5 @10 @20

P NDCG R P NDCG R P NDCG R P NDCG R

1

0.1

Users 0.0213 0.0152 0.0256 0.0267 0.0109 0.0267 0.0304 0.0059 0.0272 0.0319 0.0030 0.0272 0.0320
Unique 0.0240 0.0134 0.0243 0.0266 0.0109 0.0278 0.0354 0.0069 0.0309 0.0442 0.0036 0.0315 0.0462
Louvain 0.0235 0.0132 0.0270 0.0269 0.0084 0.0270 0.0282 0.0043 0.0270 0.0287 0.0021 0.0271 0.0287
Ours 0.0243 0.0168 0.0287 0.0302 0.0121 0.0302 0.0347 0.0066 0.0309 0.0368 0.0033 0.0309 0.0369

0.5

Users 0.0212 0.0152 0.0255 0.0266 0.0109 0.0266 0.0302 0.0060 0.0271 0.0317 0.0029 0.0271 0.0319
Unique 0.0164 0.0158 0.0245 0.0263 0.0116 0.0269 0.0327 0.0054 0.0295 0.0297 0.0029 0.0301 0.0421
Louvain 0.0234 0.0132 0.0269 0.0268 0.0084 0.0269 0.0282 0.0043 0.0270 0.0286 0.0021 0.0270 0.0286
Ours 0.0239 0.0166 0.0282 0.0297 0.0120 0.0297 0.0342 0.0065 0.0304 0.0363 0.0033 0.0304 0.0364

0.9

Users 0.0215 0.0122 0.0248 0.0244 0.0077 0.0248 0.0256 0.0039 0.0248 0.0261 0.0019 0.0248 0.0261
Unique 0.0138 0.0120 0.0218 0.0239 0.0095 0.0244 0.0303 0.0063 0.0272 0.0333 0.0027 0.0278 0.0405
Louvain 0.0233 0.0132 0.0269 0.0264 0.0082 0.0267 0.0274 0.0041 0.0267 0.0278 0.0021 0.0268 0.0279
Ours 0.0236 0.0165 0.0282 0.0294 0.0118 0.0294 0.0333 0.0064 0.0299 0.0349 0.0032 0.0299 0.0350

3

0.1

Users 0.0215 0.0152 0.0257 0.0269 0.0110 0.0269 0.0307 0.0060 0.0275 0.0326 0.0030 0.0275 0.0327
Unique 0.0266 0.0149 0.0274 0.0298 0.0122 0.0315 0.0399 0.0079 0.0353 0.0505 0.0040 0.0358 0.0521
Louvain 0.0232 0.0131 0.0266 0.0264 0.0082 0.0266 0.0277 0.0042 0.0266 0.0282 0.0021 0.0266 0.0282
Ours 0.0271 0.0179 0.0307 0.0326 0.0135 0.0332 0.0393 0.0078 0.0351 0.0448 0.0040 0.0354 0.0458

0.5

Users 0.0215 0.0123 0.0248 0.0247 0.0078 0.0250 0.0263 0.0040 0.0251 0.0268 0.0020 0.0251 0.0269
Unique 0.0175 0.0105 0.0184 0.0205 0.0085 0.0211 0.0273 0.0054 0.0237 0.0345 0.0028 0.0242 0.0363
Louvain 0.0238 0.0134 0.0273 0.0269 0.0084 0.0273 0.0283 0.0043 0.0273 0.0289 0.0022 0.0273 0.0289
Ours 0.0270 0.0179 0.0308 0.0325 0.0132 0.0330 0.0386 0.0077 0.0348 0.0437 0.0039 0.0350 0.0445

0.9

Users 0.0216 0.0153 0.0257 0.0270 0.0110 0.0270 0.0309 0.0060 0.0276 0.0327 0.0030 0.0276 0.0329
Unique 0.0231 0.0125 0.0238 0.0262 0.0098 0.0269 0.0339 0.0062 0.0298 0.0421 0.0032 0.0303 0.0438
Louvain 0.0234 0.0135 0.0271 0.0268 0.0085 0.0270 0.0281 0.0043 0.0271 0.0285 0.0022 0.0271 0.0286
Ours 0.0182 0.0179 0.0308 0.0327 0.0134 0.0331 0.0391 0.0078 0.0350 0.0446 0.0040 0.0352 0.0454

5

0.1

Users 0.0215 0.0153 0.0257 0.0270 0.0110 0.0269 0.0309 0.0060 0.0276 0.0328 0.0030 0.0276 0.0329
Unique 0.0199 0.0120 0.0211 0.0234 0.0095 0.0240 0.0308 0.0059 0.0264 0.0378 0.0031 0.0272 0.0403
Louvain 0.0235 0.0133 0.0270 0.0269 0.0084 0.0270 0.0283 0.0043 0.0270 0.0287 0.0021 0.0271 0.0288
Ours 0.0282 0.0182 0.0314 0.0334 0.0138 0.0341 0.0405 0.0084 0.0368 0.0481 0.0043 0.0373 0.0499

0.5

Users 0.0219 0.0155 0.0260 0.0274 0.0112 0.0273 0.0315 0.0062 0.0280 0.0335 0.0031 0.0281 0.0336
Unique 0.0194 0.0111 0.0205 0.0221 0.0086 0.0227 0.0280 0.0054 0.0252 0.0349 0.0029 0.0260 0.0378
Louvain 0.0234 0.0132 0.0269 0.0264 0.0083 0.0268 0.0276 0.0042 0.0268 0.0280 0.0021 0.0269 0.0281
Ours 0.0283 0.0182 0.0314 0.0333 0.0138 0.0342 0.0406 0.0084 0.0368 0.0482 0.0043 0.0373 0.0499

0.9

Users 0.0218 0.0154 0.0259 0.0273 0.0111 0.0273 0.0315 0.0062 0.0279 0.0335 0.0031 0.0280 0.0337
Unique 0.0175 0.0101 0.0184 0.0202 0.0077 0.0204 0.0253 0.0050 0.0231 0.0330 0.0027 0.0238 0.0357
Louvain 0.0233 0.0132 0.0268 0.0267 0.0083 0.0268 0.0280 0.0042 0.0269 0.0284 0.0021 0.0269 0.0285
Ours 0.0282 0.0181 0.0312 0.0332 0.0138 0.0340 0.0406 0.0085 0.0368 0.0487 0.0044 0.0374 0.0505

Table 5.5: Performance metrics with baselines for different layers and alpha values. Bold and underlined
indicate the best and second-best metric with those parameters, respectively.

cost. Future work will investigate adaptive coarsening techniques to further optimize performance
in dynamic environments.

5.1.5 Related Work

Graph Coarsening

Graph coarsening is widely used across industries primarily because it offers a practical way to dis-
till massive graphs into manageable representations, enabling faster computations and clear under-
standing without losing the underlying connections.

Foundational to this is the multi-level paradigm posed by METIS [137], which uses techniques
like heavy-edge matching to recursively simplify graphs for high-quality partitioning. The Louvain
method [31] performs coarsening by grouping densely connected nodes into communities. This
approach has been further refined by algorithms like the Leiden method [252]. Lean Algebraic
Multigrid (LAMG) [175] leverages advanced numerical techniques for coarsening that maintains
spectral fidelity, while [176] introduced frameworks for spectrally approximating large graphs with
smaller counterparts.

However, the most recent advancements are concentrated in learnable graph coarsening for
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Graph Neural Networks (GNNs). [296] introduced a differentiable method to learn hierarchical
cluster assignments for pooling nodes. Starting from this, many alternative approaches such as the
node selection strategy [90], Self-Attention Graph Pooling (SAGPool) [156] has been implemented.

Label Propagation Algorithms

LPAs are extensively utilized in industry because they offer a remarkably efficient and intuitive
method for inferring missing information or uncovering latent structure within large-scale graphs. In
original LPA, [215], nodes in the network keep copying the most common label from their neighbors.

More recently, GNNs have become very popular. GNNs can be seen as a smart, learnable way
to do label propagation. The general idea of message passing [93], or attention-based GNN [254],
also work by passing information between neighbors. These deep learning models have achieved top
results on many graph tasks. However, in [119], it is demonstrated that classical label propagation
can work as well as, or even better than, complex GNNs. This is especially true when there isn’t
much labeled data, or when speed is fundamental. This key finding shows that simple propagation
methods are still very powerful and efficient.

GNNs in Industrial Recommender Systems

GNNs have become fundamental in modern industrial recommender systems. Pinterest’s Pinsage
[295] was a seminal work demonstrating how GNNs, leveraging random walks and graph convolu-
tions, could learn recommendations for billions of items. Alibaba further pushed the boundaries
with algorithms [261, 262] designed to handle large-scale heterogeneous graphs. Furthermore, foun-
dational advancements in GNN architectures, such as Graph Attention Networks (GAT) [254], have
provided powerful mechanism for modeling complex relational data, significantly influencing the
subsequent design of GNN-based recommendations systems across the industry. Leveraging the
power of such graph learning architectures, Linkedin has developed models like LiGNN [33], which
refines recommendation within its vast graph.
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5.2 Do We Need Deep Models or Just Better Graphs? Scalable
Link Prediction through Simulated Annealing in Graph Struc-
ture Learning

Graph neural networks (GNNs) have emerged as a highly effective approach for recommender sys-
tems thanks to their ability to leverage the relational structure between users and items to prop-
agate preference signals. However, in applied recommendation settings, the interaction data is
scarce, leading to a sparse, noisy and incomplete graph. This exacerbates phenomena such as over-
squashing and over-smoothing, thereby reducing the quality of GNN recommendations.

To address this issue, we propose a scalable structure learning algorithm, tailored for production
environments, that optimizes graph topology to amplify weak signals while minimizing memory
budget. Our method, Simulated Annealing for Graph Structure Learning SA-GSL, partitions the
full graph into random subgraphs and employs s Simulated Annealing (SA) to simultaneously refine
adjacency matrices during GNN training. At each epoch, the SA step generates candidate edge sets

that balance two objectives: maximizing NDCG, efficiently estimated by label propagation, and
minimizing global and local connectivity. The GNN is trained end-to-end on each subgraph evolving
structure, leveraging the SA-refined edges without requiring deep architectures, thereby mitigating
over-smoothing and improving scalability.

On a large-scale industrial dataset, SA-GSL improves NDCG@5 by 57% compared to the raw
bipartite graph, and by 25% over other structure learning baselines. Ablation studies demonstrate
the critical roles of graph density augmentation, number of GNN layers, and the scalability of
the proposed algorithm. Lastly, we evaluate SA-GSL on several benchmark datasets, and the code
implementation is publicly available on our GitHub repository (https://github.com/ashba93/
sa-gsl).

5.2.1 Introduction

Recommender systems (RSs) play a central role in modern digital platforms, influencing user expe-
rience and engagement across domains such e-commerce [269], social media [247, 249], and content
streaming [63, 217].

The increase in large-scale interaction logs has led to the adoption of graph-based models,
particularly Graph Neural Networks (GNNs) [88], which are highly effective in a variety of tasks
such as node classification [139], graph classification [287], and link prediction [304]. GNNs have
also emerged as a dominant paradigm in recommendation tasks due to their ability to propagate
preference signals over graph-structured data [280].

However, real-world interaction data is often sparse and noisy, resulting in graphs that hinder
the effectiveness of GNNs’ message passing mechanism [281]. In real-world scenarios lacking an
explicit graph, structure must be inferred from raw interaction data [83], exacerbating the issue in
highly sparse user-item graphs [109].

To compensate for poor connectivity, one might stack many GNN layers; however, deeper ar-
chitectures can lead to over-smoothing, where node embeddings become indistinguishable [45], and
over-squashing, where distant signals are compressed and lost [66]. Furthermore, scalability is an-
other critical constraint: the receptive field expands with each additional layer, increasing memory
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and runtime requirements, especially for graphs containing millions of nodes and edges, which can
quickly exhaust memory and computational resources [23, 69, 235].

These limitations raise a key question: do we need ever-deeper GNNs, or simply better graphs?
We hypothesize that an optimized graph topology, one that amplifies weak signals while preserving
sparsity, can enable shallow, scalable GNNs to match or exceed deep models. To this end, we
reframe the problem of recommendation as graph structure learning and introduce a novel, scalable
algorithm based on Simulated Annealing (SA). Unlike prior GSL approaches that rely on continuous
relaxations of the adjacency matrix [55, 127, 313], SA operates directly in the discrete space of
edge additions and removals, naturally enforcing sparsity and degree constraints while retaining
the ability to escape local minima. This makes it particularly well-suited for refining sparse, noisy
user–item graphs in recommendation. Moreover, SA is well-suited for adjacency matrix completion,
as it effectively handles optimization problems with large and complex search spaces, particularly
when numerous local optima are present and traditional gradient-based methods might get stuck.

Our approach, Simulated Annealing for Graph Structure Learning SA-GSL, partitions the full
graph into random subgraphs to limit memory usage and enable parallel optimization. Within
each epoch, SA is used to iteratively select edges that optimize graph sparsity and recommendation
effectiveness. The latter is efficiently evaluated via Label Propagation Algorithm [215]. After
each step of SA, a GNN is continuously trained on each subgraph. This process is repeated for a
predefined number of steps.

On a large-scale industrial dataset, SA-GSL achieves a 57% improvement in NDCG@5 compared
to the raw interaction graph and a 25% improvement compared to existing structure-learning base-
lines. Ablation studies emphasise the critical roles of density augmentation and shallow design. This
helps avoid deep architectures and mitigate over-smoothing and over-squashing, achieving high ac-
curacy within tight computational budgets.

In summary, our contributions are:

• To the best of our knowledge, we propose the first SA-based algorithm that directly optimizes
graph topology for recommendation under memory constraints.

• We demonstrate that shallow GNNs, combined with well-learned structures, outperform their
deeper counterparts, avoiding over-smoothing and over-squashing.

• We present a scalable, parallelizable end-to-end algorithm that integrates fast SA search, label
propagation evaluation, and shallow GNN training, validated on a massive real-world dataset.

We organize the paper as follows: Section 5.2.2 presents background on graph theory, SA,
and GNNs for recommendations; Section 5.2.3 reviews the related work; Section 5.2.4 describes
our methodology; Section 5.2.5 details the experimental setup; and Section 5.2.6 concludes with
a summary of our findings and future directions. Appendix comprehends the pseudocode and the
benchmark with state-of-the-art algorithms on common benchmarks.

5.2.2 Background and Notation

Graphs in Recommendation

Let G=(V ,E) be an undirected graph, where V is a finite set of nodes (or vertices) and E ⊆ V ×V

is the set of edges. In recommender systems, V = U ∪ I is the union of user nodes U and item

Alessandro Sbandi 101



5.2. Do We Need Deep Models or Just Better Graphs? Scalable Link Prediction through
Simulated Annealing in Graph Structure Learning

nodes I, while an edge (u, i) ∈ E ⊆ U × I corresponds to an observed interaction (e.g. click, rating,
or purchase). We represent a bipartite graph G by its adjacency matrix A ∈ R|U |×|I|:

Auv =

1 if (u,v) ∈ E,

0 otherwise
(5.1)

The degree of a node v ∈ V is defined as the number of neighbours of v:

d(v) =
∑
u∈V

Avu (5.2)

The density of a graph measures how many edges exist relative to the total number of possible
edges. For a bipartite undirected graph, with no self-loops, density is defined as:

density(G) =
2|E|
|U ||I|

(5.3)

In real-world recommendation systems, there can also be (u1, u2) edges that capture similarities
between users u1 and u2.

Simulated Annealing

SA is a global optimisation meta-heuristic inspired by the metallurgical annealing process in solid-
state physics [42], where a material is heated to allow its particles to move freely among high-energy
states and then slowly cooled so they can settle into a low-energy configuration. SA translates this
physical intuition into an algorithm for global optimization over a discrete solution space.

Let X be a finite set of candidate solutions (states), and let E : X → R be an energy (cost)
function to maximize (or minimize). Starting from an initial state x0, SA performs the following
steps at each iteration t: (1) samples a neighbor x′ ∈ N(xt), where N : X → 2X defines the
neighborhood structure; (2) computes the energy difference ∆E = E(x′)−E(xt); (3) accepts x′ as
the new state xt+1 with probability:

P (xt → x′) =

1 if ∆E ≥ 0,

exp(∆E
Tt

) otherwise
(5.4)

where Tt > 0 is the temperature at iteration t, which is gradually decreased according to a cooling
schedule. This probability defines a time-inhomogeneous Markov chain over X , where transitions
are biased toward lower-cost states, but suboptimal moves are still possible. This probabilistic be-
haviour, controlled by the Boltzmann factor exp(∆E

Tt
), allows the algorithm to escape local minima.

Under appropriate cooling schedules, such as logarithmic decay, the Markov chain converges in dis-
tribution to the global minimum of E.

GNNs for Recommendation

A GNN learns node embeddings by iteratively propagating and aggregating features from neigh-
bours. Let {h0

v = xv ∈ Rd : v ∈ V } be the initial node features and hl
v be the embedding of v at

layer l. In heterogeneous recommendation graphs, edges have types (e.g. user–item, user–user). We
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write each edge as e = (u, τ, v), where τ indexes the relation, and define a message function as:

m(l,τ)
u→v = W (l)

τ hlu (5.5)

where W(l)
τ ∈ Rd×d is a learnable matrix. These messages are then aggregated at the target node

v via a permutation-invariant operator (e.g sum or mean):

ĥ
l
v = AGG({m(l,e)

u→v : (u, τ, v) ∈ E}). (5.6)

Then a non-linear operation function σ is applied to the aggregated message and the node’s previous
state:

h(l+1)
v = σ(W(l)

0 h(l)
v + ĥ

(l)
v ), (5.7)

where W(l)
0 ∈ Rd×d is another learnable matrix. After L layers, each user u and item i obtains final

embeddings hL
u and hL

i . Finally, a link prediction score is computed for each candidate (u, i):

yu,i = h(L)⊤
u · h(L)

i , (5.8)

These scores are then ranked to produce the top-K recommendations.

5.2.3 Related Work

Graph Structure Learning

Graph Structure Learning (GSL) has emerged as a critical research area focused on inferring, refin-
ing, or generating optimal graph topologies directly from data, especially when the observed graph
is incomplete, noisy, or sub-optimal for downstream tasks [321, 322]. The premise is that the perfor-
mance of GNNs is intrinsically tied to the quality of the input graph structure; an inadequate graph
can significantly hinder the propagation of information and the learning of effective node represen-
tations [281]. Early GSL approaches often relied on constructing graphs from feature similarities
using techniques like k-Nearest Neighbors (k-NN) or Gaussian kernels, as seen in manifold learn-
ing methods like Laplacian Eigenmaps [24], or by learning graph Laplacians that promote signal
smoothness across the graph [134]. More recent advancements have shifted towards end-to-end GSL,
where the graph structure is learned jointly with the GNN parameters. Franceschi et al. (2019) [83]
introduced a pioneering framework for learning discrete graph structures through bi-level optimiza-
tion, allowing gradients to flow back to the adjacency matrix. Other notable works include itera-
tive methods that alternate between refining the graph structure and training the GNN [127]. In
the context of recommender systems, where user-item interaction graphs are often extremely sparse
and potentially noisy, GSL offers a promising avenue to densify relevant connections or prune mis-
leading ones. For instance, Wang et al. [266] in their work on Neural Graph Collaborative Filtering
(NGCF) implicitly learn edge importance through message passing, while other works explicitly try
to learn an underlying item-item or user-user graph to augment the sparse bipartite graph [277].

Simulated Annealing

SA, introduced in [140], is a versatile and powerful probabilistic optimization algorithm designed for
finding near-global optima in large, often discrete and non-convex, search spaces. SA iteratively ex-
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plores the solution space, accepting not only improvements but also, with a decreasing probability
controlled by a temperature parameter, solutions that worsen the objective function. This charac-
teristic allows SA to escape local optima, a common pitfall for many greedy optimization algorithms.
SA has a rich history of application to classic combinatorial optimization problems on graphs. Its
efficacy has been demonstrated for the Traveling Salesperson Problem [42, 253] and graph partition-
ing [128]. Beyond these canonical problems, SA has been employed for more direct graph structure
optimization tasks. For example, in network design, SA can be used to search for network topologies
that optimize for robustness, cost, or efficiency [2]. In bioinformatics, SA has been used to infer the
structure of gene regulatory networks by optimizing a scoring function over a vast space of possible
network configurations [124]. The core idea involves defining a state as a candidate graph struc-
ture, moves as operations like adding, deleting, or re-weighting edges, and an energy function that
quantifies the quality of the current graph based on desired properties or its fit to observed data.

GNNs in Industrial Recommendation Systems

GNNs have become fundamental in modern industrial recommendation systems. Pinterest’s Pin-
Sage [295] demonstrated how GNNs could leverage random walks and how graph convolutions could
learn recommendations for billions of items. Alibaba developed a GNN-based recommender system
for its e-commerce platforms. EGES (Enhanced Graph Embedding with Side Information) [261]
and M2GRL (Multi-task Multi-view Graph Representation Learning) [262] were designed to handle
extremely large-scale heterogeneous graphs on Taobao. Amazon utilizes GNNs for various product
recommendation scenarios. For instance, P-Companion [105] models complementary product rela-
tionships using graph-based approaches to enhance recommendation diversity and utility. Google
has a long history of using deep learning for recommendations [59], and subsequent advancements
have seen the integration of GNNs to better model the complex relationships between users, videos,
and channels, thereby improving candidate generation and ranking in their massive recommenda-
tion pipeline [164].

5.2.4 Methodology

Figs. 5.3 and 5.4 give an overview of our Simulated Annealing for Graph Structure Learning, SA-GSL
algorithm, which is explained in more detail in the following sections and presented in detail in
Section A. A key design choice in SA-GSL is to focus the SA-based structure search on the user–user
subgraphs rather than the entire bipartite graph. In many applications, but especially for telecom
and subscription services, user behaviour and preferences tend to remain stable over time, whereas
the catalogue of items or offers can change rapidly (new plans, promotions or content being added
or removed). By identifying robust and dense user similarities, we can amplify persistent preference
signals and then reconnect the current item set via the original user–item edges. This separation
reduces the search space by focusing on |U |2 rather than (|U | + |I|)2, and yields a topology that
generalises across catalogue updates.

Graph Partitioning

To enable scaling to industrial-size graphs, we first partition the global graph G = (U ∪ I, E) into
M disjoint user-induced subgraphs {Gk}Mk=1. Each subgraph Gk = (Uk ∪ Ik, Ek) is constructed to
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Figure 5.3: The figure illustrates the key components of the proposed algorithm. The initial set of users
and their purchased items, i.e. the complete graph, is partitioned into user-subgraphs. Each subgraph is
optimized separately via Graph Structure Learning. The resulting embeddings are used to produce recom-
mendations.

contain approximately |U |
M nodes, ensuring that any given user node resides in only one subgraph, i.e.

Uj ∩ Uk = ∅ ∀j, k = 1, . . . ,M, j ̸= k. We employ a stratified random allocation strategy to ensure
that the global item popularity distribution is preserved within each subgraph. In this way, items
that might be popular within one partition are also well-represented within others. This ensures that
each subgraph remains representative of the full graph, allowing each GNN to recommend such items
to users within its own subgraph while reducing memory and computing requirements per worker.

Simulated Annealing for GSL

Within each subgraph Gk user-user connections are represented by the adjacency matrix Ak ∈
{0, 1}|Uk|×|Uk|. Initially, Ak is a zero matrix. Considering one subgraph, we define the space of
possible adjacency matrix as all binary symmetric adjacency matrices with at most dmax edges per
user: Ak = {A ∈ {0, 1}|Uk|×|Uk| : Aij = Aji ∧

∑
u∈Uk

d(u) ≤ dmax}.
The goal of SA is to discover an optimal adjacency A∗

k that maximizes a downstream task-specific
loss function E : A → R: A∗

k = argmaxA∈AE(A) The SA process defines a non-homogeneous
Markov chain over A that explores the space of adjacency matrices using stochastic perturbations
and a Boltzmann-inspired acceptance rule. At each iteration t, we perturb the current adjacency
matrix At (losing the k subscript for simplicity), to generate a neighbor At+1 ∈ N(At), obtained
by adding kadd ∈ N edges. We then evaluate an energy function:

E = α · r + β · s− γ ·D − λ ·Aavg − δ · V, (5.9)

where:

• r = currAcc is the supervised training accuracy,

• s = NDCG@5 is the validation ranking quality computed on the recommendations produced
by LP [215],
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Figure 5.4: One step of the iterative SA-GNN optimization process is shown for a single graph partition:
(A) First, an ensemble of graph views is created in parallel from the current candidate (sub)graph; (B) For
each view, edges are added between the most similar nodes; (C) A Label Propagation (LP) step is performed;
(D) The change in energy (∆E) is evaluated, and edge modifications are accepted or rejected based on the
∆E and Metropolis-Hastings criterion; (E) A final optimized graph is constructed via majority voting across
the ensemble; (F) The graph is restored as heterogeneous and the adjacency matrix is updated; (G) The
GNN is trained for one epoch; (H) The entire procedure is repeated until convergence.

• D = m
n2 is the edge density,

• Aavg = m
n is the average degree,

• V =
∑

u∈Uk
max(0, d(u)− dmax) penalizes degree violations,

• m =
∑

A(i, j) is the total number of edges, n the number of nodes, and d(u) is the degree of
node u

• α, β, γ, λ, δ are energy hyperparameters

• dmax is an hyperparameter.

This energy function encodes a multi-objective trade-off between recommendation quality (re-
warded by r and s) and graph sparsity/degree constraints (penalized by D, Aavg, V ). A new con-
figuration A′ with energy E′ is accepted with probability:

P (t,∆E) =

1 if ∆E ≥ 0,

exp(∆E
Tt

) otherwise
(5.10)

where ∆E = E′−Et, with Et being the energy of the current state and E′ the energy of the proposed
neighbor, and Tt is the temperature at iteration t, defined by cooling schedule Tt = 1

1+t/tmax
,

with tmax equal to the maximum number of epochs. If the proposed configuration is rejected, the
algorithm reverts to the previous adjacency and removes kremove ∈ N edges. This iterative procedure
is described in detail in Algorithm 2 in Section A.

Graph Neural Network

In our approach, the user-user adjacency matrices Ak are not precomputed but are iteratively refined
via the SA process simultaneously with GNN training. At each epoch, the current adjacency for
each subgraph Gk is updated by the SA step, generating a set of candidate adjacency matrices that
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balance prediction accuracy, ranking quality (NDCG@5), sparsity, and degree constraints. These
matrices are aggregated via an ensemble and combined with the original user-item interaction data
R to construct the full adjacency matrix used by the GNN:

AGNN =

[
Ak R

R⊤ 0|I|×|I|

]
, (5.11)

where Ak is the current SA-refined adjacency for subgraph Gk, incorporating edge additions/re-
movals according to the energy function.

The GNN is trained end-to-end on this evolving adjacency structure; node embeddings are
updated using the refined graph at each training iteration, and the GNN outputs user and item
embeddings for recommendation. Recommendation scores for each user are computed via the dot
product between the user embedding and item embeddings. The training loss is defined as:

Ltrain = Ltask(Z,Y) + λLreg(A,Z,G) (5.12)

where Ltask is the binary cross-entropy loss, Lreg(A,Z,G) imposes constraints on the learned
graph structure and representations, Lreg = D(Arefined) + V(Arefined)/N , and λreg controls the
strength of the regularization.

This joint optimization allows the GNN to adapt to the evolving subgraph structures, effectively
leveraging the SA-refined user-user edges while simultaneously learning high-quality embeddings
for downstream recommendation. Validation NDCG@5 is monitored during training, guiding both
early stopping and hyperparameter selection via Bayesian optimization [7]. After training, the final
embeddings are used to generate predictions and evaluate the model according to standard metrics.

5.2.5 Experimental Results

Research Questions.

• RQ1: Can graph structure be learned to improve recommendation performance in sparse,
real-world settings?

• RQ2: What are the trade-offs between graph connectivity and recommendation accuracy
when building user-user graphs?

• RQ3: Is model depth necessary in GNN-based recommender systems, or can carefully learned
shallow graphs outperform deeper architectures?

• RQ4: How does the proposed algorithm perform in terms of scalability, resource consumption,
and runtime efficiency on large graph datasets?

Dataset. The experiments are conducted on a large-scale, proprietary dataset. While the raw data
cannot be publicly released due to its proprietary nature, we present its key statistical characteristics.
This approach aims to provide sufficient context for our findings and enable researchers working
with similarly structured graph-based interaction data.

The overall dataset comprises interactions of 4, 060, 619 unique users and 547 unique items. A
summary of the statistics for the different temporal splits used in our experiments, as described in
Section 5.2.5, is presented in Table 5.6.
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Figure 5.5: Long-tail distribution of item bought per user, in SA train and test datasets. The y-axis
represents the number of users on a log-scale.

Table 5.6: Dataset Statistics Across Temporal Splits

Temporal Split %U1−buy %Ucold−start #Iboughts #Ubuying

SA/GNN 24.93 64.26 2,240,071 1,450,952
Eval 13.32 81.85 1,070,679 736,648

In Table 5.6, %U1−buy quantifies the percentage of users within each split who made only a
single purchase. The %Ucold−start measures the proportion of users who have no interaction. The
table also reports the total number of item purchases #Iboughts and the count of unique purchasing
users #Ubuying for each split.

In Fig. 5.5 is shown the number of users (on a log y-axis) and the number of items they have
bought (on the x-axis) for all the temporal splits.

Evaluation Metrics. We evaluate recommendation quality using standard ranking metrics com-
puted at cutoff levels K ∈ {5, 10, 20}: Mean Average Precision (MAP), Precision@K (P@K), Re-
call@K (R@K), and Normalized Discounted Cumulative Gain (NDCG@K).

Evaluation Protocol. We used item purchase data from the past 9 months (m) to evaluate the
performance of our proposed method. The data was divided in:

• SA/GNN (m=1 to m=8): the data from m=1 to m=8 were randomly split into training,
validation, and test sets using a 70-20-10 distribution, respectively. These splits were applied
to each subgraph to ensure the models were trained, validated, and tested on distinct subsets
of the data.

• Eval (m=9): Finally, the last month’s data (m=9) was used exclusively for evaluating the
results. This evaluation step allowed us to assess the generalization capability of the models
and the effectiveness of the graph learning methods over time.

Implementation Details. To ensure a rigorous and fair comparison across all evaluated ap-
proaches, several key implementation choices were consistently applied.
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Table 5.7: Recommendation performance across different graph structures. Mean and variance obtained
over five experiments are reported. For each metric, bold represents the best value obtained, and underline
the second best.

Model MAP NDCG@5 R@5 NDCG@10 R@10 NDCG@20 R@20

Bipartite 0.0086 ± 0.0009 0.0063 ± 0.0008 0.0076 ± 0.0005 0.0112 ± 0.0014 0.0266 ± 0.0021 0.0215 ± 0.0018 0.0608± 0.0044

Erdős–Rényi 0.0098 ± 0.0008 0.0072 ± 0.0005 0.0108 ± 0.0010 0.0117 ± 0.0011 0.0250 ± 0.0023 0.0217 ± 0.0021 0.0604 ± 0.0058
Barabási–Albert 0.0102 ± 0.0009 0.0075 ± 0.0006 0.0112 ± 0.0011 0.0124 ± 0.0012 0.0262 ± 0.0024 0.0232 ± 0.0023 0.0631 ± 0.0059
Watts–Strogatz 0.0107 ± 0.0009 0.0079 ± 0.0005 0.0119 ± 0.0010 0.0131 ± 0.0012 0.0278 ± 0.0025 0.0241 ± 0.0023 0.0650 ± 0.0061
Configuration Model 0.0089 ± 0.0011 0.0065 ± 0.0007 0.0099 ± 0.0012 0.0103 ± 0.0014 0.0223 ± 0.0027 0.0194 ± 0.0022 0.0566 ± 0.0064
Random Regular 0.0091 ± 0.0012 0.0066 ± 0.0006 0.0117 ± 0.0013 0.0108 ± 0.0014 0.0275 ± 0.0028 0.0227 ± 0.0023 0.0665 ± 0.0066
SeGSL OOM OOM OOM OOM OOM OOM OOM
CoGSL OOM OOM OOM OOM OOM OOM OOM
SUBLIME OOM OOM OOM OOM OOM OOM OOM
SA-GSL (Ours) 0.0119 ± 0.0011 0.0099 ± 0.0006 0.0130 ± 0.0006 0.0153 ± 0.0010 0.0299 ± 0.0009 0.0253 ± 0.0015 0.0670 ± 0.0009

Firstly, both our proposed method and all baseline models were trained and evaluated using
the exact same sets of pre-generated subgraphs. It eliminates variability arising from different
data partitions or subgraph sampling strategies, ensuring that observed performance differences are
directly attributable to the inherent characteristics and efficacy of the models themselves rather
than discrepancies in the input data.

Secondly, for a fair comparative evaluation, an equivalent percentage of edges was generated
across all baseline approaches.

Baselines. The baselines used in our experiments represent different approaches to construct the
user-user graph, specifically how the adjacency matrix is generated. Our focus here is on the effect
of graph construction, rather than on evaluating or optimizing state-of-the-art GNN architectures.
The selected baselines are:

• Erdős-Rényi Graph [74]: edges are formed between nodes randomly, with a fixed probabil-
ity.

• Barabási-Albert [22]: scale-free network model, where new nodes are more likely to connect
to existing nodes with higher degrees.

• Configuration Model [195]: edges are assigned randomly while maintaining the degree
sequence for each node.

• Random Regular [243]: edges are placed randomly while ensuring uniformity in node de-
grees.

• Watts–Strogatz [270]: characterized by high local clustering and short average path lengths
between any two nodes.

• SEGSL [325]: a GSL method that uses the one-dimensional structural entropy maximization
strategy to extend the information embedded in the topology.

• CoGSL [172]: a GSL framework that learns a compact graph structure by compressing mutual
information.

• SUBLIME [174]: an unsupervised method that uses contrastive learning to maximize the
agreement between the learned topology and a self-enhanced learning target.
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Each of these baseline models fills the user-user adjacency matrix differently, capturing diverse struc-
tural properties. All models are then trained using a GNN to predict recommendations, allowing
us to assess their relative performance under the same experimental conditions.

Hyperparameter tuning. We integrate Optuna [7] for Bayesian hyperparameter optimization,
maximizing validation metric NDCG@5 as the objective. We define the following search space:

• SA energy hyperparameters α, β, γ, δ, λ ∈ [0.1, 100.0]

• Maximum allowed degree ∈ [3, 50]

• Fraction of adding edges ∈ [0.1, 0.3]

• Number of ensemble SA matrices per step ∈ [3, 7]

• Number of hidden dimensions, d ∈ [8, 256]

• Number of GraphSAGE layers, L ∈ {1, 2, 3}

• Dropout rate, p ∈ [0, 1)

• Learning rate, η ∈ [5 · 10−7, 5 · 10−1]

• Weight decay, ∈ [10−5, 10−1]

• Regularization decay λreg, ∈ [5 · 10−5, 5 · 10−1]

• Neighbor sampling size, n ∈ [5, 30]

• Negative sampling ratio, r ∈ [1, 5]

• Aggregator type, AGG ∈ [sum,min,max,mean]

RQ1: Recommendation Quality

To evaluate the effectiveness of our graph structure learning algorithm, we compared its recommen-
dation performance against the other graph generation baselines. The key results are summarized
in Table 5.7. The results show that our proposed method, labeled as "Ours", achieves a superior
performance across all evaluated metrics. Notably, several of the competing structure-learning al-
gorithms could not run on our dataset due to memory constraints; this is indicated as OOM (Out
of Memory) in the table.

These findings strongly suggest that the graph structures derived from our partitioning and
SA-based optimization process are significantly more effective for GNN recommendations. The
substantial gains highlight the value of targeted structural refinement in uncovering more meaningful
user-item relationships, ultimately leading to enhanced recommendation quality, especially in the
sparse data settings characteristic of our problem domain.
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RQ2: Bipartite Graph

Our experimental results highlight the efficacy of enriching the standard graph representation for
recommendation. We focused on learning and adding connections directly between users, enriching
the basic user-item graph. Our approach consistently has higher performance across key metrics.
Improvements are evident for NDCG@5: our method performed approximately 27% better than the
simpler bipartite graph. This suggests that by understanding and incorporating user-user links, our
system can more effectively discover and recommend relevant items, especially in situations where
user-item interaction data might be sparse.

Graph Density
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Figure 5.6: Impact of graph density on NDCG recommendation performances.

A key consideration when constructing user-user graphs for recommendation is understanding
the trade-offs between the graph’s connectivity and the resulting recommendation accuracy. Higher
connectivity, often correlated with graph density, can provide richer information pathways but may
also introduce noise or increase computational demands.

We systematically varied the density of the user-user interaction graph across five levels: 0.01%,
0.015%, 0.025%, 0.030%, and 0.035%. NDCG@K was used to evaluate the results on the test set.
The results, illustrated in Fig. 5.6, reveal a distinct trade-off. Initially, increasing graph connectivity
(from 0.01% to 0.025% density) yields significant benefits in recommendation accuracy. All NDCG
metrics (NDCG@5, NDCG@10, and NDCG@20) demonstrate substantial improvement. This sug-
gests that a certain level of connectivity is crucial. However, the trade-off becomes apparent as con-
nectivity increases further. Beyond a density of 0.025%, we observe a decrease in recommendation
accuracy.

This study indicates that the relationship between graph connectivity and recommendation
accuracy is not linear: there is an optimal range of connectivity, around 0.025% density in this case,
where accuracy is maximized.
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RQ3: Over-smoothing and Over-squashing Effects

The depth of a GNN, defined by its number of layers, critically impacts performance. While deeper
models can access larger receptive fields, they risk over-smoothing and over-squashing. We analysed
validation losses from our GNN trainings across varying layer depths (1, 2, and 3 layers) to observe
these effects, as shown in Fig. 5.7a.
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(a) ‘Ours’ graph construction method.
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(b) Baselines methods.

Figure 5.7: Validation loss distribution for 1,2,and 3 GNN layers on (a) our method and (b) baseline
methods.

Fig. 5.7a shows that models with 1 layer consistently achieve the lowest median validation loss,
indicating robust performances. 2-layer models lead to a higher median loss and greater variability,
while 3-layer models’ performance degrades substantially. The median loss is highest, and the
distribution shows high-loss outliers.
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This pronounced deterioration in performance and instability with increased depth beyond one
layer are characteristic of over-smoothing. Over-squashing may contribute, as deeper models strug-
gle to compress exponentially growing neighbourhood information into fixed-size embeddings with-
out loss.

The empirical evidence strongly suggests that for our task and dataset, shallow architectures
(primarily 1 layer) are optimal, mitigating these detrimental effects. This observation guided our
GNN trainings, which favoured shallower models to balance performance and scalability.

RQ4: Scalability Benchmarks and Runtime Analysis

To assess scalability, we ran our method on a Google Cloud e2-highmem-16 instance equipped with
16 vCPUs and 128 GiB of memory.Table 5.8 reports the peak memory usage and runtime. The
algorithm demonstrates excellent scalability: despite the large graph sizes, the memory footprint
remained within the available resources, and the training time per run was under one hour. This
scalability is achieved through the parallel training of subgraphs, which efficiently distributes the
workload across computational resources, and by imposing a maximum degree per node, which
limits the overall graph size.

Furthermore, Fig. 5.8 shows the convergence behavior: the energy consistently increases over
timesteps and stabilizes, demonstrating that the algorithm reliably reaches convergence across all
trained subgraphs. Across all trainings, we observe a 77.2%± 0.7 acceptance rate. The plot reports
the mean trend over the subgraphs, with the shaded area representing the 95% confidence interval.

Table 5.8: Scalability benchmarks on the internal dataset using an e2-highmem-16 (16 vCPUs, 128 GiB
RAM).

Metric Value Notes

Memory Usage 113.8 GiB 88.90% GiB usage
Runtime 46m08s± 1m24s Average over runs
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Figure 5.8: Convergence plot of the energy function through the epochs. The blue line represents the
energy average across all subgraphs, the shaded area the 95% confidence interval.
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5.2.6 Conclusion

This work investigated the potential of learning optimal graph structures to advance GNN-based
recommendation systems, particularly in challenging sparse data scenarios. Our research answers
key questions regarding the efficacy of learned graph topologies, the relationship between connec-
tivity and accuracy, and the necessity of model depth.

We demonstrated that graph structure can be learned to significantly improve recommendation
performance in sparse, real-world settings. This was achieved through our novel contribution of
SA-GSL, a scalable structure learning algorithm that optimizes the underlying user-user graph topol-
ogy via SA. In sparse recommendation graphs, we effectively navigate the critical trade-offs in graph
connectivity by selectively identifying high-utility edges rather than merely increasing density.

Furthermore, our research presents evidence that model depth is not always a prerequisite for
superior performance in GNN-based recommender systems. We showed that carefully learned shal-
low graph structures, when processed by shallow GNN models, can achieve state-of-the-art results.
It highlights that the quality of the input graph can often be more impactful than architectural
complexity, leading not only to better accuracy but also to significantly enhanced computational
efficiency.

Lastly, our end-to-end pipeline efficiently handles graph optimization and GNN training for
large, real-world datasets. This allows for more effective and faster graph-based recommendations.

Future work will explore several promising directions. Firstly, we plan to extend the SA opti-
mization to incorporate item-item interactions, which could particularly benefit recommendations
for cold-start items. Secondly, we aim to evaluate our learned graph structures by integrating them
with state-of-the-art GNN architectures. Finally, a key long-term goal is to transition this algo-
rithm into a production environment to assess its real-world impact through online A/B testing.
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A Algorithm Details

This section provides a detailed description of our proposed algorithm, Simulated Annealing for
Graph Structure Learning, SA-GSL. We present the full pseudocode and a step-by-step explanation
of its core components.

Algorithm 2 Simulated Annealing for Graph Structure Learning

Input: feature matrix X, similarity matrix S = XX⊤, maximum iterations tmax, add/remove counts
(kadd, kremove), train labels Ltrain, validation labels Lval, coefficients α, β, γ, λ, δ, max allowed out-degree
dmax, density threshold Dthresh, early stopping patience pmax

Output: adjacency matrix A∗ ∈ {0, 1}n×n

1: A← 0n×n

2: prevE← −∞, prevAcc← None, t← 0, earlystop← 0
3: A∗ ← A, bestE← −∞
4: while t < tmax do
5: T ← max(0.1, 1− t/tmax)
6: Acopy ← A
7: if prevAcc is None or currAcc > prevAcc + ε then
8: select k edges (i, j) according to Sij and set A[i, j]← 1
9: else

10: E = {(i, j) | Aij = 1}
11: k′ = min(kremove, |E|)
12: randomly select k′ edges (i, j) ∈ E and set A[i, j]← 0
13: end if
14: Ŷ ← LabelPropagation(A,Ltrain)
15: currAcc← accuracy(Ŷ , Lval)
16: NDCG← meanNDCG@5(Ŷ , Lval)
17: m←

∑
i,j Aij D ← m/n2, Aavg ← m/n

18: di ←
∑

j Aij V ←
∑

i max(0, di − dmax)
19: E ← α · currAcc + β ·NDCG− γ ·D − λ ·Aavg − δ · V
20: ∆E ← E − prevE d

(obs)
max ← maxi di

21: if E < prevE then
22: paccept ← exp(∆E/(T + ε))
23: if rand() ≥ paccept then
24: A← Acopy revert
25: E ← prevE
26: end if
27: end if
28: if D > Dthresh or d

(obs)
max ≥ dmax then

29: A← Acopy revert
30: E ← prevE
31: end if
32: if E > bestE then
33: bestE← E; A∗ ← A; earlystop← 0
34: else
35: earlystop← earlystop + 1
36: end if
37: prevE← E; prevAcc← currAcc; t← t+ 1
38: if earlystop ≥ pmax then
39: break
40: end if
41: end while
42: return A∗
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A.1 Pseudocode

Algorithm 2 outlines the complete procedure for SA-GSL. The algorithm iteratively refines a graph
structure, represented by an adjacency matrix A, to maximize a carefully designed energy function.

A.2 Explanation of the Algorithm

• Lines 10-17 (Adaptive Candidate Generation): This is the core proposal mechanism.
The strategy is adaptive: if the validation accuracy from the previous step improved, the
algorithm optimistically adds kadd new edges based on the highest feature similarity scores. If
accuracy decreases, it pessimistically prunes kremove random edges to escape a local optimum.

• Lines 19-24 (Energy Function): The energy function E balances multiple objectives:

– α · currAcc + β · NDCG: These terms reward graph structures that lead to high node
classification performance, as evaluated by a simple message-passing model (Label Prop-
agation) on the validation set.

– γ ·D + λ · Aavg: These terms act as regularizers, penalizing dense graphs to encourage
sparsity.

– δ · V : This term penalizes graphs where nodes exceed the maximum allowed out-degree
dmax, encouraging a more uniform degree distribution.

• Lines 27-32 (Acceptance & Constraints): We use the standard Metropolis-Hastings
acceptance criterion. Moves that increase energy are always accepted. Moves that decrease
energy are accepted with a probability exp(∆E/T ), allowing the search to escape local minima.
Furthermore, any move that violates the hard constraints on graph density or maximum degree
is immediately rejected.

• Lines 34-39 (Updating): The algorithm tracks the best-scoring graph found so far (A∗). If
the best energy score does not improve for pmax consecutive iterations, the search terminates
early.

B Experimental Setup

B.1 Datasets

To assess the generalization of our method, we evaluate on six public benchmark datasets. Table 5.9
provides a summary of their statistics. Cora, Citeseer, and Pubmed are citation networks with
strong homophily. Minesweeper, BlogCatalog, and Flickr are more diverse, with Minesweeper and
BlogCatalog exhibiting notable heterophilous characteristics.

C Additional Experimental Results

To situate our method within the broader GSL landscape, we compare it against a comprehensive
set of state-of-the-art models on the benchmark datasets, as presented in OpenGSL library [319]
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Table 5.9: Statistics for benchmark datasets.

Dataset # Nodes # Edges # Features # Classes

Cora 2,708 5,278 1,433 7
Citeseer 3,327 4,552 3,703 6
Minesweeper 10,000 39,402 7 2
BlogCatalog 5,196 171,743 8,189 6
Flickr 7,575 239,738 12,047 9

Table 5.10: Node classification accuracy (%) on benchmark datasets (mean ± std over 10 runs).
Underlined bold indicates the best model for each dataset, the second best is represented in bold, and
the third best is underlined. "–" denotes out of memory or time limit of 24 hours exceeded.

Model Cora Citeseer Minesweeper BlogCatalog Flickr

GCN [139] 81.95 ± 0.62 71.34 ± 0.48 78.28 ± 0.44 76.12 ± 0.42 61.60 ± 0.49
LDS [83] 84.13 ± 0.52 75.16 ± 0.43 – 77.10 ± 0.27 –
ProGNN [127] 80.27 ± 0.48 71.35 ± 0.42 51.43 ± 2.22 73.38 ± 0.30 52.88 ± 0.76
IDGL [55] 84.19 ± 0.61 73.26 ± 0.53 50.00 ± 0.00 89.68 ± 0.24 86.03 ± 0.25
GRCN [298] 84.61 ± 0.34 72.34 ± 0.73 72.57 ± 0.49 76.08 ± 0.27 59.31 ± 0.46
GAug [313] 83.43 ± 0.53 72.79 ± 0.86 77.93 ± 0.64 76.92 ± 0.34 61.98 ± 0.67
SLAPS [82] 72.29 ± 1.01 70.00 ± 1.29 50.89 ± 1.72 91.73 ± 0.40 83.92 ± 0.63
WSGNN [152] 83.66 ± 0.30 71.15 ± 1.01 67.91 ± 3.11 92.30 ± 0.32 89.90 ± 0.19
Nodeformer [278] 78.81 ± 1.21 70.39 ± 2.04 77.29 ± 1.71 44.53 ± 22.62 67.14 ± 6.77
GEN [263] 81.66 ± 0.91 73.21 ± 0.62 79.56 ± 1.09 90.48 ± 0.99 84.84 ± 0.81
CoGSL [172] 81.46 ± 0.88 72.94 ± 0.71 – 83.96 ± 0.54 75.10 ± 0.47
SEGSL [325] 81.04 ± 1.07 71.57 ± 0.40 – 75.03 ± 0.28 60.59 ± 0.54
SUBLIME [174] 83.33 ± 0.73 72.44 ± 0.89 49.93 ± 1.36 95.29 ± 0.26 88.74 ± 0.29
STABLE [160] 83.25 ± 0.86 70.99 ± 1.19 70.78 ± 0.27 71.84 ± 0.56 51.36 ± 1.24

SA-GSL (Ours) 86.06 ± 0.31 74.30 ± 0.65 82.61 ± 0.30 70.88 ± 0.45 76.31 ± 0.24

Evaluation Protocol. We follow the standard GSL evaluation protocol as established in the
OpenGSL library [319], reporting the mean and standard deviation of node classification accuracy
over 10 runs. The results for baseline models are cited directly from the OpenGSL benchmark where
available. It is important to note that many of these SOTA methods are computationally intensive;
several failed to run on larger graphs due to out-of-memory (OOM) errors or exceeded a 24-hour time
limit. This limitation makes them unsuitable as baselines for the large-scale industrial datasets in our
main experiments but warrants this separate, direct comparison on standard academic benchmarks.

Implementation Differences. We introduce some practical adaptations for the presented graphs.
First, if the graph size permits, the partitioning step is avoided and the whole graph is used to
perform GSL. Moreover, if the graph is homogeneous, all nodes are used instead of just one type.
Finally, instead of replacing the original graph structure entirely, we create AGNN, presented in
Eq. (5.11), through a linear combination of the original adjacency matrix A and the newly annealed
one, Aannealed. Formally:

AGNN = α ·A+ (1− α) ·Aannealed (5.13)

where:
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α = αstart − (αstart − αend) ·
t

tmax
, (5.14)

t is the current iteration, tmax is the maximum number of iterations, and (αstart, αend) are two
hyperparameters tuned in the ranges [0.7, 0.99] and [0.01, 0.7], respectively.

Results and Discussion. Table 5.10 summarizes the node classification accuracy. Our method
achieves state-of-the-art performance on the homophilous datasets (Cora, Citeseer [292], and the
Minesweeper dataset), outperforming the next-best model by a significant margin of +2.1% on
Cora, +2.36% on Citeseer, and +4.09% on Minesweeper. This success can be attributed to our
candidate generation strategy, which proposes edges based on feature similarity (S = XX⊤). This
is a highly effective heuristic when connected nodes are expected to have similar features, as is the
case in homophilous graphs.

Conversely, on the heterophilous social networks (BlogCatalog, Flickr [291]), our performance
is not competitive with the top models. In these graphs, connections frequently form between
nodes with dissimilar features, rendering our feature-similarity-based edge proposal mechanism less
effective. This highlights a clear limitation and an avenue for future work: incorporating more
sophisticated, learnable edge proposal mechanisms could improve performance on heterophilous
graphs.

D Reproducibility

All code, model configurations, and instructions required to reproduce the experiments presented
in this paper are publicly available in our GitHub repository: https://github.com/ashba93/

sa-gsl.
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Chapter 6

Conclusions

This thesis began on a journey to bridge the persistent gap between the theoretical advancements in
academic recommender systems and the practical necessities of industrial deployment. Motivated
by the real-world challenges faced within a large telecommunications company, this research has
focused on developing and adapting graph-based methods that are not only accurate but also
scalable, efficient, and robust to the complexities of production environments. The introduction
laid out a landscape defined by massive datasets, strict latency requirements, and pressing business
problems like cold start and customer churn. This concluding chapter summarizes how the research
presented has addressed these challenges, outlines the key contributions, and proposes directions
for future investigation.

Summary of key findings and contributions

The central contribution of this thesis is a portfolio of practical, graph-based solutions designed to
overcome the primary bottlenecks in industrial recommender systems. Moving beyond a singular
focus on predictive accuracy, this work has consistently prioritized deployability, efficiency, and
direct business value. The findings are organized around the three research pillars established in
the introduction.

First, we developed practical solutions for the cold-start problem. Acknowledging that new users
and items are a constant reality in industrial settings, we introduced a novel end-to-end framework
to generate meaningful recommendations in extreme cold-start scenarios. Our work in Chapter 3
demonstrated that by augmenting the user-item graph with feature-based user similarities and ap-
plying a diversity-aware re-ranking algorithm, we can significantly improve the discoverability of
new and long-tail items. Further investigation revealed the critical trade-offs between diversity, cov-
erage, and accuracy, providing a clear methodology for tuning the system to meet specific business
objectives, such as maximizing the visibility of unsold products.

Second, we advanced the state-of-the-art in achieving scalability and efficiency in large-scale
graph recommendations. Confronting the computational cost of deep learning models, this research
explored two complementary paths toward efficiency. In Chapter 5, we proposed a novel graph
coarsening framework that simplifies massive user-item graphs by grouping users into communities
based on business rules. This method, combined with a two-stage label propagation process, enables
rapid and scalable recommendations while preserving the essential structure of the original graph.

119



Chapter 6. Conclusions

Moreover, we challenged the "deeper is better" paradigm by demonstrating that learning an optimal
graph structure via simulated annealing allows simpler, shallower GNNs to achieve state-of-the-art
performance. This finding underscores a core theme of the thesis: good data representation can be
more impactful and far more efficient than huge model complexity.

Third, we grounded our research in high-value industrial use cases, delivering tangible business
impact. This work was directly tied to the needs of a telecommunications provider. In Chapter 2,
we introduced TIM-Rec, a unique public dataset for multi-item upselling recommendations char-
acterized by sparse, explicit feedback, providing a valuable new benchmark for the research com-
munity. Furthermore, in Chapter 4, we extended our focus beyond traditional recommendation to
tackle the critical problem of customer churn. We developed CRAB, an offline reinforcement learn-
ing agent that learns to balance short-term upselling goals with the long-term objective of customer
retention. Its successful deployment and validated impact—reducing churn by 4.95% in a live A/B
test—stand as a testament to the practical value of the methods developed.

Collectively, these contributions provide a comprehensive guide for practitioners seeking to build
and deploy effective, scalable, and business-aware recommender systems. This research demon-
strates that by thoughtfully adapting graph-based techniques, it is possible to create solutions that
are both theoretically sound and industrially viable.

Future Research Directions

While this thesis provides solutions to several pressing challenges, it also opens up numerous avenues
for future research. Based on the findings and limitations of our work, we propose the following
directions:

• Enhancing Graph Representation Learning: Our work highlighted the importance of
the underlying graph structure. Future research could extend our simulated annealing algo-
rithm, SA-GSL, to jointly optimize user-user and item-item connections, potentially improving
recommendations for cold-start items.

• Advanced Modeling for Complex Industrial Objectives: The re-ranking and reinforce-
ment learning frameworks presented in this thesis can be extended further. Exploring state-
of-the-art neural multi-objective re-ranking models could offer greater flexibility in balanc-
ing competing metrics like diversity, coverage, and novelty. Similarly, investigating more ad-
vanced offline RL algorithms beyond CQL could unlock further gains in long-term value op-
timization for problems like churn reduction and customer lifetime value.

• Broadening Applications and Dynamic Adaptation: The methods developed here have
proven effective in the telecommunications sector but could be adapted for other domains. A
key challenge is to create systems that adapt to dynamic environments where user preferences
and item catalogs evolve rapidly. Future work could focus on developing adaptive graph
coarsening techniques that dynamically adjust community structures or incremental graph
structure learning methods that update the graph topology efficiently as new data arrives.
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• Addressing the User Cold-Start in Complex Scenarios: While our frameworks have
made significant strides in addressing the item cold-start problem, the user cold-start chal-
lenge, particularly within the reinforcement learning context of CRAB, remains an open area.
Developing methods to generate reliable initial Q-values or policies for new users without his-
torical interaction data is a critical next step for deploying such systems more broadly.

Closing Remarks

The doctoral journey of Alessandro Sbandi, reported in this thesis, was driven by a commitment to
bridging the gap between academic theory and industrial practice. The research has consistently
demonstrated that the most effective solutions in real-world settings are often not the most com-
plex ones, but rather those that are intelligently designed to respect the constraints of scalability,
latency, and business impact. From mitigating cold start and reducing customer churn to enabling
efficient recommendations on massive graphs, the contributions illustrate a pragmatic approach to
recommender systems research.

Ultimately, this thesis argues that the value of a recommendation algorithm is not measured
solely by its performance on a static benchmark, but by its ability to integrate into a production
pipeline, adapt to dynamic data, and deliver measurable value. The insights, methods, and datasets
presented here are offered as a step toward building the next generation of recommender systems,
that are not only useful theoretically, but also practical and impactful in real-world cases.
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