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Abstract

As news consumption moves online, news recommender systems must balance person-
alization and scalability while ensuring low latency. The news domain poses additional
challenges: articles have short lifecycles, user interests change rapidly, and article popu-
larity distributions are highly skewed, making personalization difficult.

This thesis investigates whether Two-Tower models (TTMs) can adress these challenges.
We design and evaluate SNeRT (Session-based News Recommender via Transformer), a
transformer-based TTM that encodes user sessions and candidate articles into a shared
embedding space for efficient large-scale retrieval and ranking. Using the EB-NeRD dataset,
we address three research questions: focusing on (1) global recommendation across the
catalog, (2) in-view recommendation within candidate sets, and (3) beyond-accuracy
measures such as diversity, novelty, and coverage. SNeRT outperforms a strong popularity
baseline in retrieval and improves coverage and diversity, though its ranking performance
remains below that of cross-encoders. Using a FAISS index on CPU, the system achieves a
retrieval latency of 4.47 ms, demonstrating its practical suitability for latency-sensitive
applications.

A key contribution of this work is the analysis of embedding collapse, a central weakness
of two-tower models in which embeddings degenerate into a low-rank space and lose
expressive capacity. Our results show that existing strategies fail under the long-tail
distribution of article popularity, whereas spectral regularization with a log-determinant
loss offers a robust and efficient solution. To our knowledge, this is the first application
of log-determinant spectral regularization in a TTM for recommendation, improving
embedding stability and retrieval metrics.
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Zusammenfassung

Mit dem zunehmenden Online-Konsum von Nachrichten stehen Empfehlungssysteme
vor der Herausforderung, Personalisierung und Skalierbarkeit zu vereinen und gleichzei-
tig eine geringe Latenz sicherzustellen. Der Nachrichtenbereich stellt dabei zusätzliche
Herausforderungen: Artikel haben nur kurze Lebenszyklen, Nutzerinteressen ändern sich
schnell, und die Beliebtheitsverteilung von Artikeln ist stark verzerrt, was eine effektive
Personalisierung erschwert.
In dieser Arbeit wird mit SNeRT ein Transformer-basiertes Two-Tower-Modell (TTM)

vorgestellt, das Nutzersitzungen und Kandidatenartikel in einen gemeinsamen Embedding
Space abbildet und dadurch effizientes Large-Scale Retrieval ermöglicht. Auf Basis des EB-
NeRD-Datensatzes adressieren wir drei Forschungsfragen: globale Empfehlungen über den
gesamten Katalog, In-View-Empfehlungen innerhalb vorgegebener Kandidatenmengen
sowie qualitative Aspekte jenseits klassischer Genauigkeitsmetriken, darunter Diversity,
Novelty und Coverage. Die Ergebnisse zeigen, dass SNeRT eine starke Popularitätsbaseline
im Retrieval übertrifft und insbesondere Coverage und Diversity verbessert, im Reran-
king jedoch hinter Cross-Encodern zurückbleibt. Mit einer Retrieval-Latenz von 4,47 ms
mit einem FAISS-Index erfüllt das Modell zudem die Anforderungen für latenzkritische
Anwendungen im praktischen Einsatz.

Ein wesentlicher Beitrag dieser Arbeit ist die Analyse von Embedding Collapse, einer
zentralen Schwäche von TTMs, bei der Embeddings in einen niederdimensionalen Raum
degenerieren und dadurch ihre Ausdruckskraft verlieren. Während etablierte Ansätze
unter der stark unausgeglichenen Verteilung der Artikelpopularität wirkungslos bleiben,
erweist sich spektrale Regularisierung mit dem Log-Determinanten-Loss als robuste und
effiziente Lösung. Nach unserem Wissen handelt es sich hierbei um die erste Anwendung
von Log-Determinant-Regularisierung in einem TTM für Empfehlungssysteme, wodurch
die Stabilität der Embeddings erhöht und die Retrieval-Performance verbessert wird.

iii





Contents

Abstract i

Zusammenfassung iii

Acronyms xiii

1. Introduction 1
1.1. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2. Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3. Scope and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4. Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2. Background Information and Related Work 5
2.1. Transformers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1. Attention Mechanism . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.2. Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2. Text Encoders . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2.1. BERT Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3. Contrastive Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.3.1. InfoNCE Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.3.2. Negative Sampling Strategies . . . . . . . . . . . . . . . . . . . . 9
2.3.3. Embedding Collapse . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4. Recommender Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.4.1. Two-Tower Models . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4.2. Transformer-based Sequential Recommendation . . . . . . . . . 13

2.5. News Recommendation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.5.1. News Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.5.2. User Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.5.3. Popularity Modeling . . . . . . . . . . . . . . . . . . . . . . . . . 16

3. Dataset and Feature Engineering 17
3.1. EB-NeRD dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.2. Dataset Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.1. Article Lifecycle . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.2.2. Long-tail Distribution of Relative Popularity . . . . . . . . . . . . 19

3.3. Feature Engineering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.3.1. Content Features . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.3.2. Temporal Features . . . . . . . . . . . . . . . . . . . . . . . . . . 20

v



Contents

3.3.3. Popularity Features . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.3.4. Interaction Features . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.4. Session Splitting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4. Approach 23
4.1. Model Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2. Article Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
4.3. User Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.3.1. Interaction Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.3.2. Encoder Stack . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.3.3. Attention Pooling . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.4. Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.4.1. Batch Construction . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.4.2. Negative Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.5. Mitigating Embedding Collapse . . . . . . . . . . . . . . . . . . . . . . . 28
4.5.1. Problem Overview and Initial Fixes . . . . . . . . . . . . . . . . . 28
4.5.2. Exploratory Attempts . . . . . . . . . . . . . . . . . . . . . . . . 29
4.5.3. Spectral Regularization Losses . . . . . . . . . . . . . . . . . . . . 31

5. Experiments and Evaluation 33
5.1. Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.2. Evaluating Research Questions . . . . . . . . . . . . . . . . . . . . . . . . 34

5.2.1. RQ1: Global Recommendation Task . . . . . . . . . . . . . . . . . 34
5.2.2. RQ2: In-view Recommendation Task . . . . . . . . . . . . . . . . 35
5.2.3. RQ3: Quality Evaluation . . . . . . . . . . . . . . . . . . . . . . . 36

5.3. Model Tuning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
5.3.1. Negative Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . 38
5.3.2. Manhattan Search . . . . . . . . . . . . . . . . . . . . . . . . . . 38
5.3.3. Feature Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . 39

6. Conclusion 41
6.1. Discussion of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
6.2. Adaptation to BNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
6.3. Outlook and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

Bibliography 45

A. Appendix 53
A.1. Cross-Encoder Reranker . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
A.2. Formal Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

A.2.1. Article Popularity and Lifecycle . . . . . . . . . . . . . . . . . . . 55
A.2.2. Beyond-Accuracy Metrics . . . . . . . . . . . . . . . . . . . . . . 56
A.2.3. Relative Effective Rank . . . . . . . . . . . . . . . . . . . . . . . . 57

A.3. Implementation Notes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
A.3.1. Sliding-Window Relative Popularity . . . . . . . . . . . . . . . . 58

vi



Contents

A.3.2. Memory-Mapped Popularity Lookup . . . . . . . . . . . . . . . . 58
A.3.3. Session Augmentation Pipeline . . . . . . . . . . . . . . . . . . . 59

A.4. Additional Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
A.4.1. Article Lifecycles by Category . . . . . . . . . . . . . . . . . . . . 60
A.4.2. Interaction Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . 61

A.5. Example Data from EB-Nerd . . . . . . . . . . . . . . . . . . . . . . . . . 62
A.6. Feature Engineering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

A.6.1. Full Feature List . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
A.7. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

A.7.1. Category Distribution . . . . . . . . . . . . . . . . . . . . . . . . 64
A.7.2. Negative Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . 64
A.7.3. Hyperparameter Search . . . . . . . . . . . . . . . . . . . . . . . 65

vii





List of Figures

1.1. Comparison between Global Recommendation Task (RQ1) and In-View
Recommendation Task (RQ2). . . . . . . . . . . . . . . . . . . . . . . . . 2

2.1. Transformer architecture with separate encoder and decoder stacks, show-
ing the flow from input embeddings with positional encoding through
attention, feed-forward, and normalization layers to the output probabili-
ties. Adapted from [65]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2. Illustration of embedding collapse from [26], showing both complete col-
lapse and dimensional collapse. . . . . . . . . . . . . . . . . . . . . . . . 10

2.3. Baseline Two-Tower architecture. . . . . . . . . . . . . . . . . . . . . . . 12
2.4. Side-by-side comparison of Two-Tower and Cross-Encoder architectures. 13
2.5. Shift from RNN-based architectures to self-attention in sequential recom-

mendation: SASRec applies Transformer encoders autoregressively, while
BERT4Rec adopts bidirectional masked prediction. Figure reproduced from
[63]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.1. The lifecycle of an article in the EB-NeRD dataset, showing a rapid rise
followed by an exponential decline in relative popularity over time. . . . 18

3.2. Lorenz curve of relative article popularity. The x-axis shows the fraction
of articles, while the y-axis shows their cumulative share of clicks within
15 minutes. Articles with zero clicks in a given time window are excluded.
The curve is averaged over all timesteps, and the shaded area shows ±1𝜎
across timesteps, reflecting temporal variability in popularity inequality. . 19

3.3. Illustration of session splitting. User histories are segmented into sessions
of past interactions 𝑠 , with the subsequent click 𝑖𝑘+𝑤 serving as the target. 22

4.1. Our Two-Tower framework, featuring distinct user and article encoding
towers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

4.2. Session-level contrastive loss setup (adapted from CL4SREC [78]). A sec-
ondary contrastive objective is added alongside the main loss to stabilize
the latent space. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.3. Effects of regularization strength on the relative effective rank of user em-
beddings over the first 20k batches. Stronger spectral regularization miti-
gates embedding collapse by maintaining higher effective rank, whereas
unregularized runs quickly collapse in erank. . . . . . . . . . . . . . . . . 32

5.1. Comparison of category distribution between our model and the Most
Popular baseline. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

ix



List of Figures

5.2. Recall@20 and AUC for different negative sampling mixtures. The results
highlight the strong influence of negative composition onmodel performance. 38

5.3. Hyperparameter ablation study using a Manhattan search strategy: each
subplot varies one parameter at a time while holding others fixed, showing
its effect on Recall@20. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

A.1. Cross-Encoder reranker architecture: user sessions are encoded with the
TTM user encoder, candidate articles with the shared article encoder. A
decoder-only transformer with cross-attention produces contextualized
representations, which are scored by an MLP head to yield click logits. . 53

A.2. Kernel Density Estimate (KDE) of article lifespans by category, defined as
the time in hours until 90% of total clicks are accumulated. Only articles
with at least 1,000 clicks and 24 hours of available data were included. . . 60

A.3. Computation of interaction embeddings. The article encoder is shared
between history and target articles (weight tying), while context features
(read time and session gap) and positional information are represented
using learned embeddings. . . . . . . . . . . . . . . . . . . . . . . . . . . 61

x



List of Tables

2.1. Overview of commonly used article features [50, 66, 70, 75]. . . . . . . . 15
2.2. Overview of commonly used user features [50, 66, 70, 75]. . . . . . . . . 15

4.1. Key requirements identified for our news recommendation system. . . . 23

5.1. Default training configuration, grouped by model parameters and training
parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

5.2. Performance comparison between the popularity baseline and our best
model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

5.3. AUC scores for the Most Popular baseline, SNeRT, our transformer-based
cross-encoder (CE), a reference transformer CE, and the best-performing
ensemble method in the in-view recommendation task (RQ2) from Rec-
Sys’24 [31]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

5.4. Beyond-accuracy metrics comparing the Most Popular baseline and SNeRT. 37
5.5. Feature ablation study grouped by feature families. Pop. = Popularity

features, Inter. = Interaction features. Time combines both timestamp
(cyclical encoding of hour/weekday) and article age. Meta features include
categorical attributes such as article category, sentiment polarity, and
premium status, among others. (The full feature list is part of the appendix
A.5.) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

A.1. Data augmentation techniques and hyperparameters used for the session-
level contrastive loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

A.2. Example user history table . . . . . . . . . . . . . . . . . . . . . . . . . . 62
A.3. Example article table . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
A.4. Example behavior (impression-level) log from EB-NeRD. . . . . . . . . . 62
A.5. Complete list of engineered features grouped by family, with corresponding

transformations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
A.6. Category distribution (fraction of recommendations) for Most Popular

baseline and SNeRT, with differences (Δ) reported. Categories are assigned
by Ekstra Bladet. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

A.7. Negative sampling strategies and mixtures with corresponding Recall@20
and in-view AUC. Pop = popularity-based, Inv = in-view negatives, Rec =
recency-based, Uni = uniform random. Best results in bold. . . . . . . . . 64

A.8. Hyperparameter search results (Recall@20). Best values in bold. Each cell
shows a mini-table where one parameter is varied while others are fixed. 65

xi





Acronyms

AI Artificial Intelligence

ANN Approximate Nearest Neighbor

BERT Bidirectional Encoder Representations from Transformers

BNN Badische Neueste Nachrichten

CE Cross Encoder

CL Contrastive Learning

CTR Click-Through-Rate

EB-NeRD Ekstra Bladet News Recommendation Dataset

erank effective rank

MoCo Momentum Contrast

MLP Multi-Layer-Perceptron

NER Named Entity Recognition

NewsRec News Recommendation

SNeRT Session-based News Recommender via Transformer

NLP Natural Language Processing

PLM Pretrainend Language Model

RQ Research Question

RecSys Recommendation System

RecSys24 RecSys Challenge 2024 [31]

QA Question Answering

TTM Two-Tower Model

xiii





1. Introduction

This thesis focuses on the development and evaluation of a deep learning-based recom-
mendation system for news articles, with practical relevance to real-world deployment in
collaboration with a regional newspaper.

1.1. Motivation

Over the past few years, news consumption has shifted from print to mobile devices. In the
online space, newspapers face increasing competition for reader attention while having
limited front-page space to highlight articles. As a result, front-page content must be
carefully selected. Similar industries, such as social media and streaming platforms, have
successfully integrated recommendation engines as a core feature for user retention. Like-
wise, news recommendation systems can personalize article suggestions based on a user’s
reading history and interests, creating a more personalized news experience. However,
news recommendation introduces unique challenges compared to other recommendation
systems. The short lifespan of most news articles leads to a cold-start problem, making
it difficult to generate recommendations for newly published content. Additionally, due
to the societal and political impact of news, metrics beyond accuracy —such as coverage,
novelty, and diversity— are crucial for ensuring balanced and effective recommendations.
These challenges highlight the need for practical and adaptable solutions in real world
news settings. In this context, the project was carried out in collaboration with the local
newspaper Badische Neueste Nachrichten (BNN)1.

1.2. Research Questions

The goal of BNN was to explore the feasibility of a deep learning-based recommendation
system capable of recommending relevant articles from a large catalog with low latency
and without continuous retraining. Initially, we aimed to develop and evaluate our al-
gorithms using user-interaction data from BNN. However, due to privacy concerns and
organizational delays, we were unable to gain access to this data during the course of
this work. As an alternative, we based our experiments on the EB-NeRD dataset [30]
provided by Ekstra Bladet2, a Danish newspaper. This dataset was the basis of the RecSys
’24 Challenge3[31]. This enables us to compare our results to teams that participated in
the challenge, although the challenge’s focus differs substantially from our main task. The

1https://bnn.de/
2https://ekstrabladet.dk/
3https://recsys.acm.org/recsys24/

1
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1. Introduction

goal of this thesis is to build a recommendation system for news articles and evaluate it on
different metrics to assess its capabilities. We break these requirements down into three
research questions (RQs), each addressing a distinct aspect of the recommendation task:

• RQ1: Global Recommendation Task – Can a model be trained to recommend
articles to users based on their past interaction history, without continuous retraining,
low latency, and with good recommendationmetrics across the whole article catalog?

• RQ2: In-View Recommendation Task – How does the model designed for RQ1
perform on the in-view recommendation task proposed at RecSys ’24, which focuses
on ranking the articles displayed to the user in a candidate set by their likelihood of
being clicked?

• RQ3: Beyond-Accuracy Evaluation – How does our model’s predictions score on
beyond-accuracy metrics such as coverage, serendipity, novelty, and diversity?

art 0 art 1 art 2 art 3 art 4 art 5 . . . . . . . . . . . . . . . art 125539 art 125540 art 125541

RQ1: Global Item Catalog

art 139 art 113 art 506 art 212 art 123 art 139 art 87

RQ2: Inview of User

Recommendation Model

input

art 506

Next Click Prediciton

recommendation

Recommendation Model

input

art 56art 87art 10 art 212 art 121 . . . . . . . . .

Top-20 Ranking

recommendation

shared

Figure 1.1.: Comparison between Global Recommendation Task (RQ1) and In-View Rec-
ommendation Task (RQ2).

While these research questions aim to cover multiple aspects of the news recommenda-
tion task, certain limitations remain.

1.3. Scope and Limitations

As we were unable to train our recommendation model on the BNN dataset, we could not
carry out the planned cross-dataset comparison between BNN and EB-NeRD as initially
proposed in the thesis proposition.
Beyond dataset access, there are broader challenges in evaluating recommendation

systems (RecSys) effectively. RecSys operate within a feedback loop, where recommended
items gain more exposure and clicks, potentially reinforcing existing biases. Production
systems must account for this to avoid feedback-driven skew. Since we work with a static
dataset, we are limited to offline evaluation and cannot assess the model’s live impact. In
the conclusion, we briefly suggest strategies for addressing these issues in a live system.
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1.4. Thesis Structure

Finally, the scope of this thesis is restricted to a specific modeling approach (contrastive
two-tower models). While this allows for a focused study, alternative architectures (e.g.,
cross-encoders, graph-based recommenders, or reinforcement learning methods) remain
unexplored, although we briefly tested cross-encoders as a second-stage reranker.

1.4. Thesis Structure

The remainder of this thesis is organized as follows:

• Chapter 2: Background and Related Work Reviews the foundational techniques
underlying our model and surveys existing approaches to news recommendation.

• Chapter 3: Dataset and Feature Engineering Introduces the EB-NeRD dataset,
presents exploratory analysis, and outlines the feature engineering process used for
model training and evaluation.

• Chapter 4: Approach Describes the architecture of our recommendation model,
explains the design choices and training setup, and evaluates strategies for mitigating
embedding collapse of user representations.

• Chapter 5: Experiments and Evaluation Reports the results of our experiments,
including both accuracy-based and beyond-accuracy evaluations, and analyzes dif-
ferent negative sampling compositions as well as hyperparameter optimizations.

• Chapter 6: Conclusion and Future Work Summarizes the main findings of the
evaluation, discusses their implications for adapting the model to BNN, and outlines
directions for future research.

• Appendix Provides the formal definitions of metrics we used, dataset examples,
full feature lists, additional figures and further experimental results referenced
throughout the thesis.

3





2. Background Information and Related
Work

In this chapter, we first review foundational methods and technologies for our model and
existing work on recommendation systems. For the foundational methods we take a look at
transformer architectures, text encoders and contrastive learning. Afterwards we introduce
the recommendation task in general and different approaches taken to solve it. Here we
introduce the two-tower model and its differences to a cross-encoder model. Before taking
a closer look at the challenges of news recommendation and current approaches of solving
them.

2.1. Transformers

Transformer models have revolutionized multiple fields of AI, such as Natural Language
Processing (NLP), Computer Vision, and Speech Recognition [23]. In NLP, these models
treat text as a sequence of tokens. The underlying attention mechanism captures short-
and long-range dependencies in sequences [65], while being fully parallelizable.

2.1.1. Attention Mechanism

Multiple versions of attention exist for different purposes [3]. We will focus on scaled
dot-product attention, which is used in the original transformer paper [65]. To understand
scaled dot-product attention, it is useful to examine the sequence of vector operations
involved.

Dot-product attention Given a sequence of input embeddings𝑋 = [𝑥1, . . . , 𝑥𝑛] ∈ R𝑛×𝑑model ,
each embedding 𝑥𝑖 is transformed via a learned linear mapping into a query vector 𝑞𝑖 , a
key vector 𝑘𝑖 , and a value vector 𝑣𝑖 [35, 65]. For a query vector 𝑞𝑖 and the key-value pairs
{(𝑘 𝑗 , 𝑣 𝑗 )}𝑛𝑗=1, we calculate [18, 35]:

𝑠𝑖 𝑗 = 𝑞𝑖 · 𝑘 𝑗 (dot product of query 𝑞𝑖 with key 𝑘 𝑗 ),

𝛼𝑖 𝑗 =
exp(𝑠𝑖 𝑗 )∑𝑛
ℓ=1 exp(𝑠𝑖ℓ)

(softmax normalized attention weight),

𝑧𝑖 =

𝑛∑︁
𝑗=1

𝛼𝑖 𝑗 𝑣 𝑗 (weighted sum of values).

(2.1)

This query-key system is conceptually similar to the dot-product relevance calculation
in TTMs (introduced later in Section 2.4.1), in both cases a dot product determines the
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relevance of two embeddings to each other. Here the score determines how relevant the
value vector of one position is to another position, enabling the introduction of long range
dependencies, without the vanishing gradient problem of RNN training [39, 65].

Self-Attention While dot-product attention measures similarity for a single query, self-
attention applies this mechanism across all positions in a sequence. For efficient compu-
tation, the input embeddings are stacked into a matrix 𝑋 ∈ R𝑛×𝑑model , and three learnable
projection matrices are introduced:

𝑄 = 𝑋𝑊 𝑄 , 𝐾 = 𝑋𝑊 𝐾 , 𝑉 = 𝑋𝑊 𝑉 , where 𝑊 𝑄 ,𝑊 𝐾 ∈ R𝑑model×𝑑𝑘 , 𝑊 𝑉 ∈ R𝑑model×𝑑𝑣 .
(2.2)

Then attention gets applied as follows:

Attention(𝑄,𝐾,𝑉 ) = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉 . (2.3)

The scaling factor 1√
𝑑𝑘

prevents the raw dot-product values from growing too large as

𝑑𝑘 increases; helping to mitigate vanishing gradient problems of the softmax distribution
[65]. These self-attention concepts can be expanded upon with multi-head attention. In
the case of multi-head attention each head learns distinct projection matrices for their
individual query, key, and value matrices. After applying self-attention the results get
concatenated and the linear layers applied (see Figure 2.1) [65]. This design enables each
head to attend to different aspects of the sequence. For example, analyses of attention
weights suggest that different heads capture distinct linguistic functions, such as focusing
on nouns versus verbs in NLP tasks [7]. Based on self-attention a transformer-layer can
be defined in the next chapter.

2.1.2. Architecture

A Transformer layer consists of a multi-head self-attention mechanism and a position-wise
feed-forward network, each wrapped with residual connections and layer normaliza-
tion [65]. Stacking such layers yields the full encoder-decoder architecture shown in
Figure 2.1, where residual connections and normalization stabilize training of deep mod-
els [65].

Encoder vs. Decoder The Transformer architecture consists of encoder layers, which
attend bidirectionally to the input sequence, and decoder layers, which combine masked
self-attention with cross-attention over the encoder (see Figure 2.1). Encoder-only models
such as BERT [9] use the encoder stack, decoder-only models such as GPT [48] rely on the
decoder stack, while sequence-to-sequence models employ both. In all variants, positional
encodings provide tokens with information about their order in the sequence.
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Figure 2.1.: Transformer architecture with separate encoder and decoder stacks, showing
the flow from input embeddings with positional encoding through attention,
feed-forward, and normalization layers to the output probabilities. Adapted
from [65].

Positional Encoding The self-attention mechanism has no concept of absolute and relative
positions of inputs. Instead, this information has to be encoded into the input. Various
positional encodings have been proposed for this purpose [4]. The original implementation
uses sinusoidal functions with different frequencies to encode relative and absolute token
positions [65] .

PE(pos)2𝑖 = sin
(

pos
100002𝑖/𝑑model

)
, PE(pos)2𝑖+1 = cos

(
pos

100002𝑖/𝑑model

)
. (2.4)

Learned positional embeddings are an alternative for fixed-length input sequences. Here
positions get encoded like a category, a trainable matrix 𝑃 ∈ R𝑁max×𝑑 maps each position
𝑖 ∈ {1, . . . , 𝑁max} to its own vector p𝑖 = 𝑃 [𝑖,:] . Encoder-only transformers like the BERT-
models, typically use learned-positional embeddings [9, 59]. No matter the positional
encoding approach, the positional encoding is added in the same way. To calculate the
final input x𝑖 ,the position embedding 𝐸pos [𝑖] gets added to the input 𝐸tok [𝑖]) before the
first Transformer layer.

x𝑖 = 𝐸tok [𝑖] + 𝐸pos [𝑖] (2.5)
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2.2. Text Encoders

Content-based recommendation (see Subsection 2.4) requires compact embeddings of each
article’s text. Early approaches like TF-IDF [55] represent documents with sparse word
counts to measure similarity, but fail to capture semantics. Neural word embeddings such
as Word2Vec [36] improved this by training a shallow model to predict words from context,
yielding dense vectors in R𝑑 . Document embeddings can then be obtained by averaging
word vectors, but these static representations ignore context and long-range dependencies.
Transformer-based models (see Subsection 2.1) overcome this by conditioning token
embeddings on their context, with BERT setting new benchmarks in text understanding [9].

2.2.1. BERT Models

BERT-based models are widely applied in retrieval, classification, sentiment analysis, and
question answering (QA) [9, 59, 62, 82]. Their strength lies in contextual embeddings: each
token is represented in relation to the full sequence, overcoming the limitations of static
word embeddings.

Architecture and Pretraining A BERT model consists of three main components: an
input embedding module, a stack of Transformer encoders, and task-specific heads. The
input layer combines token embeddings with positional encodings and optional segment
embeddings to represent sentence pairs [9]. These are processed by multiple layers of
bidirectional self-attention and feed-forward networks, which iteratively refine contextual
representations for each token. During pretraining, BERT is optimized on two objectives:
Masked Language Modeling, where 15% of tokens are randomly masked and predicted
from context, and Next Sentence Prediction, which trains the model to identify whether
two sentences follow each other in the source text [9]. Together, these objectives encourage
BERT to capture both fine-grained word semantics and higher-level discourse relations.

Fine-tuning Fine-tuning adapts pretrained language models to downstream tasks by
adding lightweight task-specific heads (e.g., linear classifiers) and retraining on small task-
specific datasets [9, 37]. For sequence-level tasks such as classification, the final hidden
state of the [CLS] token is typically passed to the task head [59], whereas token-level tasks
such as Named Entity Recognition (NER) directly use the contextualized embeddings of
individual tokens [64, 82]. A key challenge in this setting is fine-tuning stability, especially
on small datasets. Prior work shows that stability and generalization can be improved by
using small learning rates with bias correction and extended training schedules [37].

BERT for Article Embeddings BERT can be directly used for article representations by
pooling token embeddings (e.g. [CLS], average, or attention pooling) to yield fixed-length
vectors [73]. These embeddings capture synonyms and topical similarity, making them
effective features in RecSys. Fine-tuning improves results by adapting representations
to article-level signals. Multilingual models such as XLM-RoBERTa [8] and LaBSE [14]
broaden coverage beyond English. ModernBERT [72] further improves performance with
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an extended context window (8192 tokens), though no multilingual version is yet available.
Beyond embeddings, BERT variants can also provide sentiment scores [59] or extract
entities such as named persons via NER [64].

2.3. Contrastive Learning

Contrastive learning (CL) is a powerful paradigm for self-supervised representation learn-
ing [5]. The core principle of contrastive learning is the comparison of positive and
negative examples. The model learns to map semantically similar items closer in the em-
bedding space, while pushing dissimilar items away [24]. The resulting embedding space
encodes patterns and relationships in the data, which then can be used in classification
[5], retrieval [49], and recommendation tasks [78]. To train these models, we define a
similarity function sim(𝑥,𝑦), which measures distance in the embedding space. The most
common choices is cosine similarity [24].

sim(𝑥,𝑦) = 𝑥⊤𝑦

∥𝑥 ∥ ∥𝑦∥ (2.6)

To learn such representations, we require a loss function that minimizes the distance
between positive pairs while maximizing the distance to negative examples. A widely
used approach in contrastive learning is the InfoNCE loss.

2.3.1. InfoNCE Loss

Given a similarity function sim(𝑥,𝑦), we can calculate the loss based on positive and
negative pairs. The most common choice is the InfoNCE loss [38], which for a user
embedding 𝑢, a positive item 𝑖+, and the set of all sampled items N is defined as:

LInfoNCE = − log
©­­­­«

exp
(

sim(𝑢,𝑖+)
𝜏

)
∑︁
𝑗∈N

exp
(

sim(𝑢,𝑗)
𝜏

) ª®®®®¬
. (2.7)

The temperature parameter 𝜏 in the InfoNCE loss controls the sharpness of the under-
lying softmax distribution [5]. Choosing an appropriate 𝜏 is critical: too low can lead
to unstable training, while too high may underemphasize difficult contrasts and slow
convergence [5, 71]. Usually not all non-positive items can be used as negatives in the
loss-function. To be more efficient, a sampling strategy for negatives is required [79].

2.3.2. Negative Sampling Strategies

Effective contrastive learning hinges on selecting a diverse and informative set of nega-
tives [24, 79]. A key challenge lies in choosing negatives of the right difficulty: overly easy
examples provide little training signal, while excessively hard ones can destabilize learning
and hinder convergence. Several strategies have been proposed to address this. In-batch
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negatives treat all other samples in the batch as negatives, making the approach simple
and efficient [5]. Memory banks extend this idea by maintaining a large repository of past
embeddings for negative sampling [20]. Hard negative mining instead selects those items
most similar to the positive (highest sim(𝑢, 𝑗)), forcing the model to learn finer-grained
distinctions [56]. Debiased sampling reweights negatives to correct for false negatives, i.e.,
semantically similar items mistakenly treated as negatives [6].
Each method involves trade-offs in computational cost, memory requirements, and

the quality of sampled examples. In practice, domain-specific constraints such as time-
dependency (see Section 2.5) must also be considered. Regardless of strategy, embedding
collapse remains a common challenge in contrastive learning.

2.3.3. Embedding Collapse

Embedding collapse occurs when output embeddings converge to a single point or a
low-dimensional subspace during training (see Figure 2.2). In this situation, items lose
their discriminative capacity, as the model maps them into nearly identical representations.
This severely limits the expressiveness of the embedding space and reduces the overall
effectiveness of the model [61, 71].

Figure 2.2.: Illustration of embedding collapse from [26], showing both complete collapse
and dimensional collapse.

The literature identifies several factors that can hinder contrastive learning. Sampling
negatives that are too few or too easy fails to provide a strong repulsive signal [5]. Ex-
cessively strong data augmentations can cause a collapse of the augmented features, as
the resulting high data variance prevents the model from extracting a useful downstream
signal [26]. Finally, reliance on simple discriminators such as item popularity can induce
a simplicity bias: instead of capturing richer semantic dependencies, the model exploits
these shortcuts while neglecting more informative features [81], leading to a collapsed
representation.

Metrics for Embedding Collapse To evaluate embedding collapse, two metrics are com-
monly used. The first is the average cosine similarity (avg_sim), which directly quantifies
redundancy among embeddings. Given embeddings 𝑋 = {𝑥𝑖}𝑛𝑖=1, the average pairwise
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cosine similarity is defined as [16]:

avg_sim(𝑋 ) = 1
𝑛(𝑛 − 1)

∑︁
𝑖≠ 𝑗

𝑥⊤𝑖 𝑥 𝑗

∥𝑥𝑖 ∥ ∥𝑥 𝑗 ∥
. (2.8)

High values of avg_sim(𝑋 ) indicate that embeddings are highly similar to each other,
meaning that most users are mapped into nearly the same point in the space. This
reflects a complete embedding collapse (see Figure 2.2). The second is the effective rank
(erank), which measures the spectral diversity of the embedding space, i.e., the amount
of independent information content carried by the embeddings. Given the eigenvalues
{𝜎𝑖}𝑑𝑖=1 of the embedding matrix, we define 𝑝𝑖 =

𝜎𝑖∑𝑑
𝑗=1 𝜎 𝑗

and compute the erank [42] with

the following formula.

erank = exp
(
−

𝑑∑︁
𝑖=1

𝑝𝑖 ln𝑝𝑖
)
. (2.9)

A higher erank indicates that the embedding space spans many independent directions
and thus encodes richer information, while a low erank reflects dimensional collapse (see
Figure 2.2). Several strategies have been proposed in the literature to mitigate embedding
collapse, which we explore and adapt in our own work (see Subsection 4.5).

2.4. Recommender Systems

Recommender Systems (RecSys) filter and rank items from large catalogs based on user
and item information, with the goal of providing personalized suggestions [10]. Formally,
recommendation can be defined as a scoring function

𝑓 : 𝑈 × 𝐼 → R,

where 𝑈 is the set of users, 𝐼 the set of items, and 𝑓 (𝑢, 𝑖) the score for a given pair. The
top-ranked item is

𝑖′𝑢 = arg max
𝑖∈𝐼

𝑓 (𝑢, 𝑖),

and a top-𝑘 list is obtained by selecting the 𝑘 highest-scoring items. A fundamental
challenge in RecSys is predicting user preferences despite the sparsity of both implicit
interactions (e.g., clicks, views) and explicit signals (e.g., ratings) [57]. Recommender
systems are commonly categorized into collaborative filtering, content-based filtering, and
hybrid approaches [57].

Collaborative Filtering Collaborative filtering infers preferences from user-item inter-
action patterns: if two users behaved similarly in the past, items liked by one are likely
relevant to the other [57, 84]. Memory-based methods directly compute similarities, while
model-based approaches (e.g. matrix factorization) learn predictive patterns [84]. Its main
drawbacks are poor performance with sparse data and inability to handle the cold-start
problem, where new users or items lack interaction history [84].

11



2. Background Information and Related Work

Content-based Filtering Content-based methods recommend items similar to those previ-
ously interacted with, using metadata, categories, or learned embeddings [40, 57]. They
mitigate cold-start issues but tend to produce narrow recommendations with low catalog
coverage [15, 57].

Hybrid Approaches Hybrid systems combine collaborative and content-based methods
to combine their strengths [57]. Strategies include weighted aggregation, switching
(depending on context), and feature combination. Recent deep learning-based hybrids
include two-tower models, which jointly learn user and item embeddings from both
interaction and content data, offering scalable and flexible recommendation [87].

2.4.1. Two-Tower Models

Two-Tower Models (TTM) are a widely adopted architecture in deep learning–based
RecSys [87]. One tower encodes user information, while the other encodes item features,
and both produce dense embeddings (see Figure 2.3).

User Features

User Encoder

User Embedding

User Tower

Item Features

Item Encoder

Item Embedding

Item Tower
Cosine Similarity

Similarity Score

Figure 2.3.: Baseline Two-Tower architecture.

The recommendation ranking is then computed with a similarity function, typically
cosine similarity. This modular design enables efficient candidate retrieval via approximate
nearest neighbor (ANN) search with vector databases such as FAISS [11], while allowing
flexibility across user and item types [25]. Each tower can use different neural networks
—for instance, Transformers (see Subsection 2.1) to model user sequences [68] or pre-
trained language models like BERT [9] for richer text features. Training TTMs is typically
formulated as a contrastive learning task, where user and item embeddings are learned
jointly by aligning positive pairs and separating negatives.

Two-Tower Model vs. Cross-Encoder An alternative is the Cross-Encoder (CE), which
processes user and item features together in a single model, allowing richer interactions
and higher accuracy [54] (see Figure 2.4).
The main drawback is scalability: since every user–item pair must be encoded jointly,

precomputing becomes infeasible and latency increases significantly. Moreover, CEs
tend to degrade in performance when too many candidates are reranked at once, as the
decoder must distribute attention across all items, diluting its expressiveness [33, 43]. In
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Figure 2.4.: Side-by-side comparison of Two-Tower and Cross-Encoder architectures.

practice, many RecSys adopt a two-stage pipeline: a TTM efficiently retrieves a shortlist
of candidates, which a CE then reranks for improved accuracy [51, 61].

2.4.2. Transformer-based Sequential Recommendation

Sequential recommendation predicts a user’s next interaction by modeling the order and
context of past behaviors. Formally, given a sequence of past interactions 𝑠 , the task is
to estimate the conditional probability distribution 𝑃 (𝑦 | 𝑠), where 𝑦 denotes the next
item [27]. Early models such as GRU4Rec [21] used recurrent networks, but more recent
approaches adopt self-attention and the Transformer architecture (see Subsection 2.1). Two
representative models are SASRec [27] and BERT4Rec [63]. SASRec applies transformer-
encoder layers to user interaction sequences and is trained autoregressively for next-item
prediction. BERT4Rec follows the BERT paradigm (see Subsection 2.2.1), masking random
interactions and predicting them with cross-entropy over the item pool [9]. This bidirec-
tional objective improves robustness on sparse or noisy sequences. A visual comparison of
these architectures with earlier RNN-based approaches is shown in Figure 2.5, highlighting
their shift from recurrent to self-attention-based sequence modeling.
A common limitation of sequential recommendation models is the use of item IDs as

prediction targets. This restricts their applicability in news recommendation, where new
articles are continuously introduced and unseen IDs have to get recommended.
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Figure 2.5.: Shift from RNN-based architectures to self-attention in sequential recommenda-
tion: SASRec applies Transformer encoders autoregressively, while BERT4Rec
adopts bidirectional masked prediction. Figure reproduced from [63].

2.5. News Recommendation

The goal of news recommendation (NewsRec) is to suggest news articles that align with
user preferences. Compared to other recommendation domains, NewsRec presents several
unique challenges [32]. First, news platforms face high item churn, as new articles appear
continuously while older ones quickly become irrelevant, leading to a persistent cold-start
problem. Second, feedback signals are typically implicit, such as clicks or reading time,
which are generally weaker indicators of user satisfaction than explicit ratings [32]. Third,
user interests can shift rapidly in response to current events, such as elections or major
sports tournaments, requiring models to adapt quickly. Fourth, article relevance is often
context-dependent, varying with factors like the time of day, device type, or user location
[32]. Finally, news recommendation carries societal and political sensitivity, since systems
take on an editorial role and must ensure diversity and coverage in their recommendations
[32].

Addressing these challenges is essential for building effective NewsRec systems. While
traditional approaches such as collaborative filtering, content-based filtering, and hybrid
methods have been widely applied, recent years have seen a shift toward deep learning-
based models, which have achieved superior performance across many benchmarks [32,
69]. NewsRec models can be split into TTMs and CEs (see Subsection 2.4.1). We will focus
the following analysis on TTMs, in line with the scope of this thesis. The two key tasks in
a NewsRec system are news modeling and user modeling [32, 69].
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2.5.1. News Modeling

The goal of News modeling is to learn a dense vector representation of an article, used
as the item vector in TTMs or to cluster similar articles based on their embedding [69].
This is a form of content-based filtering (see Subsection 2.4). In a TTM-NewsRec model
we refer to the item encoder as an article encoder. Important input features for article
encoders are usually a mix of textual and contextual features (see Table 2.1). Earlier

Feature Description

Text Raw text or precomputed text embeddings
Meta data Category, article type, article length etc.
Premium status Free or premium required
Image embeddings Embedding of the title image
Location Geographical location of the article content
Sentiment Sentiment polarity derived from the text
Temporal features Article age, current popularity

Table 2.1.: Overview of commonly used article features [50, 66, 70, 75].

models used CNNs, which are fast and effective for classification but struggle with deeper
semantic understanding [66]. To address this limitation, attention-based architectures such
as NRMS [75] were introduced, which use multi-head self-attention to model contextual
relationships between words in news articles. Later pretrained language models (PLM) like
BERT were used as a Text Encoder (see Subsection 2.2.1). Examples include PLM4NewsRec
[73], which integrates a domain-adapted PLM, and NewsBert [76], which distills and
finetunes BERT [9] for efficient news encoding.
Since TTMs are trained jointly, we need an aligned user encoder that models the user

interactions for our final predicition.

2.5.2. User Modeling

In a TTM, user modeling is handled by the user encoder, which learns personalized user
representations from interaction history and contextual signals [69]. Key input features
for the user encoder are described in Table 2.2.

Feature Description

Behavioral history Viewed articles, scroll depth, and reading time
Article embeddings Embeddings of previously read articles
Contextual information Time of day, device type, and user location
User metadata Age group, subscription status, etc.
User statistics Category preferences, session length, content diversity
Sequential patterns Order and temporal gaps of interactions

Table 2.2.: Overview of commonly used user features [50, 66, 70, 75].
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Early methods pooled previously clicked article embeddings (either by averaging or
weighting) to obtain a user embedding [74]. While simple and interpretable, this approach
ignores sequence, recency, and interaction information. LSTUR [1] improves on this by
using recurrent neural networks (RNNs) to model both long- and short-term user interests
[58]. More recent models incorporate attention mechanisms to focus on the most relevant
interactions: simple attention-based pooling [74] and multi-level attention as in Hi-Fi Ark
[34], which applies attention first to article content and then across the user’s history.

A further advance is the use of Transformer-based encoders (see Subsection 2.1), which
capture global dependencies across all interactions. For example, NRMS [75] applies
multi-head self-attention to learn which past articles are most relevant to each other and
to the current candidate article.
Most existing models compress user interests into a single embedding, potentially

oversimplifying diverse reading preferences. Multi-interest methods like MINS [70] and
PENR [67] overcome this by learning multiple latent interest vectors per user, with each
interest vector representing a topic the user is interested in. They compute similarity
between each interest vector and the candidate article embedding, then aggregate scores
via max- or attention-based pooling. Alongside user interests, the dynamic popularity of
news articles represents another important modeling target.

2.5.3. Popularity Modeling

In news recommendation, article popularity plays a central role due to the short lifecycle
of news items and the concentration of clicks on a few trending articles. Most deep
NewsRec models capture this only implicitly via click data rather than using live popularity
statistics as explicit input features. Only a few models incorporate popularity directly [50]:
PENR introduces popularity-enhanced user representations [67], and PP-Rec explicitly
combines personalized matching with a time-aware popularity score based on real-time
click-through rate (CTR), recency, and content [46]. However, explicit integration of
dynamic popularity into embedding spaces remains underexplored, despite its potential
for improving accuracy. At the same time, over-reliance on popularity can amplify bias
and reduce diversity, motivating hybrid approaches that balance popularity with content
and user features.

These results establish the baseline context and motivate our subsequent focus on
dataset preparation and feature engineering.
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In this chapter, we introduce the structure and key properties of the EB-NeRD dataset used
in this thesis. We begin by describing the dataset format, including the logged user-article
interactions, article metadata, and precomputed popularity information. In the following
section, we present descriptive statistics to analyze patterns in user behavior and article
engagement. Motivated by the observed challenges in the data we then describe our
feature engineering approach. This includes content-based, temporal, popularity, and
interaction features, each designed to help the model generalize across different scenarios.
Finally, we explain how we construct individual user sessions by splitting click sequences
into fixed-sized blocks.

3.1. EB-NeRD dataset

The EB-NeRD dataset [12] contains six weeks of user interaction data and articles from the
Danish newspaper Ekstra Bladet. It was released as part of the RecSys24 Challenge [31]
and is provided in train, validation, and test splits. Since clicked labels in the challenge
test set are withheld, we resplit the validation set into our own validation and test splits.
The dataset comprises three main tables. The history table records, for each user_id,

the sequence of clicked article_ids with timestamps and read times. The articles table
stores metadata such as title, body text, category_id, publication time, and sentiment score
(computed via a pretrained model). The behaviors table contains impression logs, listing
the articles shown to the user (inview) and those actually clicked. Example rows are shown
in Appendix A.2. In total, EB-NeRD comprises about 125k unique articles, 1.1M users, and
251M user–article interactions [12]. To contextualize these interactions, we next present a
descriptive analysis of user click dynamics over time and across articles.

3.2. Dataset Analysis

Before building a recommendation model, it is important to understand how users interact
with articles in the dataset. In this section, we look at how long articles stay relevant and
how their popularity changes over time. This helps us understand key challenges like
the short article lifecycle, the cold-start problem, and the long-tail distribution of relative
popularity.

3.2.1. Article Lifecycle

The news domain is characterized by the constant release of new articles, while older
content quickly loses relevance. Figure 3.1 shows this dynamic: articles peak in popularity
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about 10 minutes after publication, then follow an exponential decline in engagement.
This illustrates the short-lived nature of news consumption, where user attention rapidly
shifts to newer content.

Figure 3.1.: The lifecycle of an article in the EB-NeRD dataset, showing a rapid rise followed
by an exponential decline in relative popularity over time.

Such temporal sensitivity means that an article relevant at one point in time quickly
loses relevance. It also exacerbates the cold start problem, as articles are most relevant
early in their life when little interaction data exists. We define an article’s lifecycle as the
time from release until it accumulates 90% of its total clicks (see Appendix A.2.1). The
median lifecycle is 5.3 hours, though this varies across types—for example, breaking news
decays faster than opinion pieces (see Figure A.4.1). This highlights the importance of
temporal features such as article age and content signals to estimate an article’s current
stage.
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3.2.2. Long-tail Distribution of Relative Popularity

Relative popularity captures how article clicks are distributed within a 15-minute sliding
window at any given time (see Def. A.2.1). Figure 3.2 presents the corresponding Lorenz
curve, illustrating the characteristic long-tail behavior in which a small fraction of articles
accounts for the majority of clicks.

Figure 3.2.: Lorenz curve of relative article popularity. The x-axis shows the fraction of
articles, while the y-axis shows their cumulative share of clicks within 15
minutes. Articles with zero clicks in a given time window are excluded. The
curve is averaged over all timesteps, and the shaded area shows ±1𝜎 across
timesteps, reflecting temporal variability in popularity inequality. .

This inequality (Gini index of 0.918) is largely driven by front-page exposure, where 71%
of all clicks originate [13]. On average, the fivemost popular articles at the recommendation
time account for 42.5% of the total clicks. This long-tail distribution is a central challenge
for news recommendation: while a few articles dominate user interactions, the majority
receive little attention, making it harder for models to learn meaningful representations
and recommend beyond the most popular items. These insights directly informed our
feature engineering strategy.

3.3. Feature Engineering

Although our datasets is static, we restrict our feature engineering to information that
would be reasonably available in a live production system. The features used in our model
can be grouped into four categories: content-based, temporal, popularity, and interaction
features. Each category addresses a specific challenge in news recommendation. Content-
based features help mitigate the cold-start problem. Temporal features like article age,
approximate the current stage in the article’s lifecycle. Popularity features reflect an
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article’s current success. Lastly, interaction features capture the context in which clicks
occurred, providing insight into user behavior and intent.

3.3.1. Content Features

Content features include text embeddings, image embeddings, and metadata such as
category or text sentiment. These features let the model learn which topics a user is
interested in.

Text Embeddings We embed the title and body of each article using the pretrainend model
bert_base_multilingual_cased1. Since the Ekstra Bladet2 and BNN3 websites display
only the title and the title image on their front pages, we include body embeddings to
capture deeper contextual information and title embeddings to represent the headline text
shown to users.

Image Embedding We use the precomputed image embeddings from the EB-NeRD
datasets artifacts [12], as the raw images were not available due to copyright concerns.
The dataset documentation does not specify which model produced these embeddings.

Article Metadata The article’s premium status and topic category are the most important
metadata features. In addition to the deep embeddings described above, we incorporate
additional text features, such as body length, sentence counts, punctuation frequencies,
etc., to capture complementary syntactic and stylistic features. We use logarithmic trans-
formations and robust scaling for heavily skewed distributions.

3.3.2. Temporal Features

Temporal features describe when an interaction occurred or how much time has passed
since an article was published. These features help the model understand changes in article
relevance and user behavior over time.

Age Our previous analysis shows that an article’s relevance changes substantially over
its lifecycle (see Figure 3.1). Therefore, the age of an article is a key feature in our model.
We compute the age 𝑡 in minutes since its release timestamp. To normalize this feature,
we first apply a logarithmic transformation and then standardize it to have zero mean and
unit variance:

age =
log(1 + 𝑡) − 𝜇

𝜎
, (3.1)

where 𝜇 and 𝜎 are the mean and standard deviation of log(1 + 𝑡) computed over all
clicked articles in the training set. This transformation captures both the rapid early
dynamics and the slower long-term decay in article relevance.
1https://huggingface.co/google-bert/bert-base-multilingual-cased
2https://ekstrabladet.dk/
3https://bnn.de/
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3.4. Session Splitting

Time The time of interaction (hour of day, weekday) can change user preferences: for
example, users might prefer short articles on a weekday morning to catch up, while on a
weekend evening they have time for longer, more in-depth articles [44]. To account for
this, we include the current timestamp for each interaction to encode it as an input later.

3.3.3. Popularity Features

At any given point in time most clicks concentrate on a few very popular items (see
Figure 3.2). Therefore the current popularity of each article is a very important input
signal. We first build a per-minute article-by-time matrix 𝑃1 min by binning each click to
the floor of its timestamp and counting impressions per (article_id,minute) pair into a
SciPy sparse matrix. To efficiently obtain smoothed popularity over longer windows (5
min, 15 min, 1 h, 2 h, 4 h, 24 h), we apply a sliding-window sum implemented as sparse
matrix multiplications over the previous 5, 15, 60, ... columns of 𝑃1 min (see Appendix
A.3). To counteract the long-tail distribution, we apply logarithmic normalization as in
equation 3.1 to each time window.

3.3.4. Interaction Features

Interaction features capture the context in which a user engages with an article. These
features include the timegap between subsequent interactions. This captures which articles
were viewed in a single sitting and after which the user left the platform. Additionally, we
use the readtime column from user history to record how long the user spent reading the
article.

A full list of our features and the normalization can be found in the Appendix A.5. The
content-based features are defined at the article level, while interaction-level features are
associated with each click in a user’s history. For training, user histories are segmented
into sessions.

3.4. Session Splitting

Following the sequential recommendation paradigm introduced in Subsection 2.4.2, we
cast news recommendation as a next-item prediction task. To prepare training data for
this setting, user histories are segmented into sessions of past interactions, from which
session-target pairs are constructed. For each user𝑢 ∈ U, the interaction history is defined
as a sequence 𝐻𝑢 = (𝑖𝑢,1, 𝑖𝑢,2, . . . , 𝑖𝑢,𝑛𝑢 ), where 𝑛𝑢 is the number of interactions for user
𝑢. Each interaction is represented as a tuple 𝑖𝑢,𝑗 = (𝑎𝑢,𝑗 , 𝑓𝑢,𝑗 , 𝜏𝑢,𝑗 ), with 𝑎 denoting the
clicked article, 𝑓 the associated interaction features (e.g., dwell time), and 𝜏 the timestamp.
Applying a sliding window of length𝑤 over 𝐻𝑢 yields training examples of the form (𝑠,𝑦)
with 𝑠 = (𝑖𝑢,𝑘 , . . . , 𝑖𝑢,𝑘+𝑤−1) and 𝑦 = 𝑖𝑢,𝑘+𝑤 (see Figure 3.3). Aggregating all such examples
across all users defines the training corpus

D = {(𝑠,𝑦) | 𝑠 ⊂ 𝐻𝑢, 𝑦 ∈ 𝐻𝑢, 𝑢 ∈ U}
.
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User History

Session Splitting

... Session Interactions Target Interactions

Figure 3.3.: Illustration of session splitting. User histories are segmented into sessions of
past interactions 𝑠 , with the subsequent click 𝑖𝑘+𝑤 serving as the target.

For each training example with target article 𝑎𝑢,𝑖 , we construct an exclusion mask of
nearby clicked articles in the same user history. This mask contains the five preceding
articles, the target itself, and the five subsequent articles around the target position.

F𝑢,𝑖 = { 𝑎𝑢,𝑗 | max(1, 𝑖−5) ≤ 𝑗 ≤ min(𝑛𝑢, 𝑖+5) }. (3.2)

During negative sampling, we apply this mask as a post-processing step by removing F𝑢,𝑖
from the negative pool (see Subsection 4.4.2). With the preprocessing complete, we are
now ready to conduct experiments and present our approach. With these preprocessing
procedures complete, the dataset is now suitably structured to serve as input for the
proposed model.
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In this chapter, we first introduce the overall design of our model and motivate the key
architectural choices. We then describe the individual components in detail, followed by
an explanation of the training process. Finally, we discuss modifications and alternative
training setups that were explored to improve robustness and mitigate embedding collapse.

4.1. Model Overview

Based on our data analysis, literature review, and discussions with BNN, we have identified
the following key challenges that our model must address.

ID Requirement Description

R1 Low Latency The systemmust deliver predictions in real time, even
when operating over an large and frequently updated
article catalog.

R2 Short Article Lifecycle New articles are constantly introduced while older
ones become obsolete. Articles encountered during
evaluation are often unseen during training, requiring
strategies that generalize to unseen content.

R3 Personalization Recommendations should be tailored to user prefer-
ences, behavior history, reading patterns, and contex-
tual factors.

R4 Feature Integration The model must effectively integrate multiple feature
types, including textual embeddings, contextual meta-
data, popularity signals, and article age.

Table 4.1.: Key requirements identified for our news recommendation system.

These requirements were the starting point for choosing a suitable model architecture.

Model Architecture To satisfy the latency requirement (R1), we designed SNeRT (Session-
based News Recommender via Transformer), a TTM (see Subsection 2.4.1) that computes
separate embeddings for users and articles. Their relevance is scored via dot-product
similarity, enabling precomputation and thus low-latency ranking even with large catalogs.
Cross-Encoders (CEs) promise higher accuracy by jointly encoding users and candidates,
but their need for a forward pass per pair makes them impractical for our main task (RQ1).
A detailed comparison of TTMs and CEs is given in Section 2.4.1. Our TTM consists of
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Figure 4.1.: Our Two-Tower framework, featuring distinct user and article encoding towers.

two independent encoders: a user encoder and an article encoder. To capture the article
lifecycle (R2), the article encoder embeds articles with minute-level temporal precision. To
personalize recommendations (R3), the user encoder takes the session as input and uses a
transformer-based architecture to produce a user embedding. During training, we apply
contrastive learning (CL), aligning the user embedding with the positive (target) article
embedding while separating it from sampled negative article embeddings to learn a shared
representation space. In the following sections, we break down the article encoder, user
encoder and training process in greater detail.

4.2. Article Encoder

The article encoder consists of a simple multi-layer perceptron (MLP) that maps a con-
catenation of content, metadata, temporal, age, and popularity features into an article
embedding vector. We use a three-layerMLP that projects the input to the target embedding
size and applies 𝐿2-normalization in the final step to produce a unit-length vector.
A key challenge in this setup is integrating a diverse set of features (R4) with varying

relevance to the recommendation task. To control the influence of each feature type,
we apply noise and dropout individually to each of them. This allows, for example, the
application of a higher dropout rate to strong predictors such as article popularity, thereby
discouraging the model from relying too heavily on these features.
The input features can be grouped into three distinct categories, each requiring a

different processing approach.

Deep Embeddings and Metadata Text embeddings and metadata features are precomputed
during pre-processing using a pretrained BERT encoder. We did not fine-tune BERT (see
Subsection 2.2.1), keeping the model compact and enabling extensive hyperparameter
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search due to lower training time. Newspaper-assigned category and premium status are
represented as learned embeddings.

Time embeddings Although we initially experimented with the Time2Vec encoding [28],
we removed it to avoid allowing the model to overfit absolute timestamps and clicking
patterns tied to specific publication times. Instead, we encode temporal context using
simple cyclical features (sine and cosine of hour, day and weekday), to capture periodic
user habits without exposing the exact dates. This is especially important because or
testing data is from a different time-period than the training data.

Age and Popularity The age of the article and popularity features are loaded from our
preprocessed trainings data, log transformed and then normalized according to our descrip-
tion in the feature engineering part. Applying a logarithmic transformation reduces the
skewness of the long-tail distribution in article popularity (see Figure 3.1), yielding a dis-
tribution that more closely resembles a normal distribution. Including age and popularity
features lets the article encoder capture the current point in the article lifecycle.
Having defined how articles are encoded, we now describe how these representations

are used in the user encoder.

4.3. User Encoder

The user encoder is responsible for transforming the past user interactions (session) into a
single fixed-size embedding. Each interaction consists of article, context, and positional
features. We first encode these components into a unified interaction embedding. To
extract long- and short- term preferences from this interaction embedding sequence we
use an encoder-only transformer stack. The output of this encoder is then aggregated
with attention pooling (see Figure 4.1).

4.3.1. Interaction Encoder

Each past interaction in a session is embedded individually. To calculate the final embed-
ding for each click, we sum the article embedding, context embedding, and positional
embedding (see Figure A.4.2 in Appendix). The resulting vectors form a fixed-length
sequence, that is then fed into the transformer encoder.

Article Embedding The same article encoder is used to encode both the articles from past
interactions and the target articles, with shared weights across both cases. This weight
tying, a technique commonly used in NLP [22, 45], serves as a form of regularization and
improves the representation of long-tail items in RecSys, as they receive training signals
both when appearing in the session history and as target articles [60].

Context Embeddings The context embedding captures the circumstances surrounding
each article click, providing the model with additional information about the conditions
under which a user clicked the article. For this dataset we encode the timegap between
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interactions and the readtime by first bucketizing these features, the resulting index are
used to lookup embeddings in a trainable embedding table. Additional context features
like the device and user location could be added here as well, but were not present in our
dataset. All these individual embeddings are added to get the context embedding.

Positional Embedding The fixed sequence length allows us to use learned positional
embeddings (see Subsection 2.1.2). This choice was made to mimic other encoder-only
models with fixed sequence length like BERT [9].

4.3.2. Encoder Stack

At the core of our user encoder lies a stack of Encoder-only Transformer layers. This archi-
tecture was chosen because transformers are known to outperform other sequence model-
ing techniques on many tasks [9, 65], including recommendation (see Subsection 2.4.2).
We use multihead attention (see Subsection 2.1.1) so each head can focus on different
aspects of the sequence. The output of the transformer is a sequence of embeddings, to
get one user embedding we need to apply a pooling method.

4.3.3. Attention Pooling

To get a single user embedding we use attention pooling, which we adapted from a different
news recommendation system to our needs [77]. For attention pooling, we introduce a
single trainable query vector 𝑞 ∈ 𝑅𝑑 that scores each position in the transformer-encoded
sequence. Given hidden states 𝐻 = [ℎ1, . . . , ℎ𝐿] ∈ R𝑑×𝐿 , we compute attention weights by
applying a softmax over the dot-product scores 𝐻⊤𝑞, and form the session embedding as

𝑢 = 𝐻 softmax
(
𝐻⊤𝑞

)
. (4.1)

This is a variation of dot-product attention (see Subsection 2.1.1) with a single query
vector. Our initial test used mean-pooling, which led to an already collapsed user em-
bedding (see Subsection 2.3.3 ) at the start of the training run. Attention Pooling lets the
model learn how to weigh the interactions of the user encoder. We finally 𝐿2-normalize
𝑢 before similarity matching. With the user and article representations defined, we next
describe the training procedure that aligns them in a shared embedding space.

4.4. Training

Our TTMmodel is trained to maximize the dot product betweenmatching user embeddings
and article embeddings, while minimizing the similarity to the sampled negative articles.
This encourages the model to position relevant articles closer to the user in the shared
embedding space. To achieve this, we adopt the InfoNCE-loss (see Subsection 2.3.1).
An important aspect of effectively applying the InfoNCE loss is how training batches
are constructed, since the choice of negatives directly shapes the embedding space. We
therefore next describe our batch construction strategy.
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4.4.1. Batch Construction

We chose a batch size of 512 based on early experiments balancing model stability and
convergence speed. Initially, we explored using in-batch negatives by sampling sessions
from a narrow time window. However, due to the concentration of clicks on a few highly
popular articles, batches became overly correlated, resulting in poor convergence. Sampling
sessions randomly across the entire training period resolved the issue of highly correlated
batches caused by narrow time windows. However, due to the temporal dependence of
article embeddings, standard contrastive learning strategies like in-batch negatives or
memory banks proved ineffective, as they use negative samples from mismatched time
periods. To address this, we instead sample negatives individually for each data point
using a combination of strategies.

4.4.2. Negative Sampling

Negative sampling is a crucial component of contrastive learning (see Subsection 2.3.2)
and must be tailored to the characteristics of news recommendation. In our setting, an
effective strategy should consider only articles published at recommendation time, provide
negatives that challenge but do not overwhelm the model, ensure coverage of the entire
catalog while emphasizing hard examples, and remain fully vectorizable to avoid pipeline
bottlenecks.
For each training example with target time 𝑡rec, a negative sample 𝑎− is an article

assumed not to be relevant to the user. Negatives are drawn from distributions defined
over the set of articles available at that time A𝑡rec = { 𝑎 | pub(𝑎) ≤ 𝑡rec }. We employ four
complementary strategies to construct these negatives:

1. Uniform random. Negatives are sampled uniformly from the entire availability
set, 𝑎− ∼ Unif (A𝑡rec). This ensures catalog-wide coverage and prevents the model
from ignoring rarely clicked items.

2. Popularity-based. Negatives are sampled proportionally to their relative popularity
at time 𝑡rec, 𝑎− ∼ Cat(𝑝𝑡rec (𝑎)). Here 𝑝𝑡rec (𝑎) is the relative popularity computed over
a sliding window (𝑡rec − Δ, 𝑡rec] (see Appendix A.2.1). This strategy emphasizes
harder negatives from articles that are frequently clicked.

3. Recency-based. To oversample fresh content, we restrict candidates to the 𝑁 most
recently published articles, A (𝑁 )

𝑡rec
⊆ A𝑡rec . Negatives are then drawn uniformly from

this subset, 𝑎− ∼ Unif (A (𝑁 )
𝑡rec

), which balances coverage of new but less-clicked items
(e.g., 𝑁 = 4000).

4. In-view. Negatives are taken from the set of articles displayed to user 𝑢 at time 𝑡rec
but not clicked. Formally, 𝑎− ∈ V𝑢,𝑡rec where V𝑢,𝑡rec denotes the set of all articles
shown to user 𝑢 at time 𝑡rec. This provides true negatives grounded in the actual
recommendation context.

27



4. Approach

The overall negative sampler can be expressed as a mixture distribution that combines
the four strategies introduced above:

𝑎− ∼ 𝜆unif Unif
(
A𝑡rec

)
+ 𝜆pop Cat

(
𝑝𝑡rec

)
+ 𝜆rec Unif

(
A (𝑁 )
𝑡rec

)
+ 𝜆inv Unif

(
V𝑢,𝑡rec \ {𝑎+}

)
,

with 𝜆unif + 𝜆pop + 𝜆rec + 𝜆inv = 1, 𝜆∗ ≥ 0. (4.2)

As a post-processing step, we filter out potential false negatives from the sampled pool
by applying the exclusion mask of false negatives defined in Equation 3.2. Given an initial
sample set Ñ𝑡rec drawn from the strategies above, the final negative pool is obtained as

N𝑡rec = Ñ𝑡rec \ F𝑢,𝑖 . (4.3)

While careful batch construction and this post-processing step mitigate issues aris-
ing from the temporal dependence of article embeddings, they do not address a more
fundamental challenge we encountered: embedding collapse.

4.5. Mitigating Embedding Collapse

Our initial test runs showed very poor performance on our core metrics, and the embedding
similarity scores and the effective rank of the user embeddings pointed to an embedding
collapse issue (see Subsection 2.3.3) as the likely cause. In this section we describe the
different techniques we implemented and evaluated to solve the embedding collapse
problem.

4.5.1. Problem Overview and Initial Fixes

Embedding collapse is a well-known issue in Two-Tower Models. It limits both the
scalability and performance of the architecture and is cited as the key issue holding back
scalability and performance of recommendation systems [16] (see Subsection 2.3.3). If
the user embeddings collapse to a single point in the latent space (i.e., total collapse),
the model effectively degenerates to a small MLP in which only the article embeddings
encode useful information. Even a partial collapse, where the embeddings lie in a low-rank
subspace, severely limits the expressiveness of the user representation and results in poor
performance across all evaluation metrics. While embedding collapse is common in RecSys,
in our case it was so severe that the model underperformed even simple baselines.
Based on experimentation and a review of related literature, we identified three key

factors contributing to degraded representation learning:

1. Insufficient normalization of long-tail item features, which amplifies the
embedding collapse problem [52].

2. Simplicity bias from popularity features, causing the model to rely on popularity
while neglecting more complex user–item interaction patterns [81].
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3. High variance in user histories, as front-page placement can be a stronger pre-
dictor than individual user history for the next target article. This variance acts
like overly strong data augmentation in contrastive learning and, as noted by [26],
can induce embedding collapse when the model learns to ignore noise instead of
meaningful user signals.

To address the first issue, we reworked our feature preprocessing and embedding
strategies to better capture the long-tail distribution of article age and popularity by
applying a logarithmic transformation (see Section 3.3). Additionally, we replaced mean
pooling in the transformer output with attention pooling (see Section 4.3.3), as mean
pooling resulted in an already partially collapsed state at the start of training. To combat
the simplicity bias, we experimented with applying heavy dropout and/or noise to the
popularity features during training to force the model not to over-rely on these features.

We also tried different hyperparameter settings for the InfoNCE temperature and varied
the composition and number of negative samples. While these changes showed slight
improvements, the resulting models underperformed basic baselines. We then focused on
adapting known techniques from related contrastive learning setups to our use case and
evaluated their impact on embedding collapse and recommendation metrics.

4.5.2. Exploratory Attempts

Before arriving at spectral regularization as a more direct and effective solution, we
explored several alternative strategies that attempted to mitigate embedding collapse
indirectly.

Momentum Contrast (MoCo) We hypothesized that embedding collapse was caused by an
imbalance in convergence speed: the article encoder quickly overfits to recommending
the most popular items, whereas the user encoder must learn more complex relationships.
To mitigate this, we adapted the momentum update mechanism from [20], slowing the
article encoder’s convergence and providing the user encoder with a more stable training
target. Although MoCo prevented total embedding collapse, the representations remained
low-rank and performance gains were marginal. We therefore explored strategies aimed at
directly learning user embeddings without the long-tail distribution of article popularity
interfering.

Session Augmentation Loss To encourage the user encoder to learn representations that
are independent of simple signals such as popularity, we explored adding a secondary
contrastive learning objective between sessions directly (see Figure 4.2).

Prior work has proposed two main approaches: the first generates two augmented views
of the same session through techniques such as sequence cropping, itemmasking, semantic
replacement, and subsequence shuffling [78, 85]. The second approach treats different
sessions that lead to the same target article as positive pairs [47], with all other sessions
in the batch serving as negatives. We implemented both variants (a description of the
session augmentation pipeline is provided in Appendix A.1). However, our experiments
showed that this secondary loss did not resolve the embedding collapse problem in our use
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Figure 4.2.: Session-level contrastive loss setup (adapted from CL4SREC [78]). A secondary
contrastive objective is added alongside the main loss to stabilize the latent
space.

case. On the contrary, it made training less stable, as the two loss functions interacted and
caused oscillations during training. We therefore turned to alternative solutions targeting
the user encoder directly.

Modifying Attention Another explanation for embedding collapse is the interaction-
collapse theory [80]. It suggests that when long-tail features—which are undertrained
and exhibit high variance—interact with other features, the model treats this variability
as noise. This effect resembles overly strong data augmentation, causing the model to
ignore these features entirely and fall back into a low-rank representation. As a result,
the embedding encodes less meaningful information. This problem is particularly severe
in large-scale recommendation tasks, where long-tail features occur frequently and their
limited representational capacity constrains overall model performance [80]. To mitigate
this, we implemented the collapse-avoiding attention mechanism proposed in [80]. The
approach computes the average modulus length of interaction embeddings {𝑒𝑖}𝑛𝑖=1 within
each batch as threshold thr,

thr = 𝜆𝑡ℎ𝑟𝑒𝑠ℎ
1
𝑛2

𝑛2∑︁
𝑖=1

∥𝑒𝑖 · 𝑒⊤𝑗 ∥2, (4.4)

and applies a binary mask to filter out interactions whose scores fall below this dynamic
threshold. The goal was to discard low-information long-tail interactions during attention
computation and thereby preserve richer feature representations. However, after imple-
menting this mechanism within the transformer layers and conducting a hyperparameter
search over the threshold strength 𝜆𝑡𝑟𝑒𝑠ℎ we found that it neither resolved embedding
collapse nor improved the ranking metrics, while significantly slowing training times.
Instead, we turned to spectral regularization losses, which directly penalize low-rank
representations.
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4.5.3. Spectral Regularization Losses

We implemented and tested two different spectral regularization losses. The first is our
own implementation, inspired by the DirectSpec paper [41] and the definition of effective
rank (see Subsection 2.3.3). The second is the Log-Determinant Loss adapted from graph
collaborative filtering [86].

Singular Value Loss We defined a custom spectral loss that penalizes deviations from a
uniform singular value spectrum, based of the singular values {𝜎𝑖}𝑑𝑖=1 of the embedding
matrices:

Lspec = 𝜆spec ·
(
𝐷∑︁
𝑖=1

(𝜎𝑖 − 𝜎)2

)
, (4.5)

where 𝜎 = 1
𝐷

∑𝐷
𝑖=1 𝜎𝑖 is the mean singular value of the embedding matrix, and 𝜆spec

controls the strength of the regularization. This loss pulls the singular values together,
which helps increase the effective rank of the embedding space. While this approach
improved our core metrics, it proved highly sensitive to small changes in the training
setup. Minor modifications such as adjustments in negative sampling or dropout values
often required retuning the regularization lambda. To address this instability, we adopted
a more robust alternative described in the literature.

Log-Determinant Loss A recent work in Graph Collaborative Filtering [86] identified a
similar issue: user embeddings collapsing due to the long-tail distribution of recommended
items. To address this, the authors proposed an alternative spectral regularization based
on the Log-Determinant Loss. We translated this loss to our setting, where it is definend
as follows:

Llogdet = 𝜆logdet (tr(Σ𝑈 + Σ𝐴) − log det(Σ𝑈 Σ𝐴)) , (4.6)

where Σ𝑈 and Σ𝐴 denote the covariance matrices of the user and article embeddings,
respectively. This formulation penalizes low-rank covariance embedding matrices, since
the loss diverges to∞ when the embeddings collapse into a lower-dimensional subspace.
To quantify embedding space utilization, we employ the relative effective rank, which mea-
sures howmuch of the available embedding space carries information (see Appendix A.2.3).
Our experiments in Figure 4.3 show that stronger spectral regularization consistently

increases the relative effective rank of the embeddings and therefore mitigates embedding
collapse. However, enforcing higher spectral diversity introduces a trade-off with target
alignment.
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Figure 4.3.: Effects of regularization strength on the relative effective rank of user embed-
dings over the first 20k batches. Stronger spectral regularization mitigates
embedding collapse by maintaining higher effective rank, whereas unregular-
ized runs quickly collapse in erank.

Trade-off between Spectrum Regularization and Alignment As noted in the DirectSpec
paper [41], spectrum balancing can conflict with the goal of aligning positive users with
their target articles. Given user embeddings 𝑢1 and 𝑢2 which clicked the same article 𝑎.
The alignment to our primary prediction loss maximizes the dot-product between them:

⟨𝑢1, 𝑎⟩ → 1, ⟨𝑢2, 𝑎⟩ → 1, (4.7)

While the spectral regularization loss pushes user embeddings to an orthogonalized
state, thereby minimizing the dot-product between them.

⟨𝑢1, 𝑢2⟩ → 0. (4.8)

These two objectives are contradictory: a single article vector cannot be simultaneously
aligned with two orthogonal user vectors in Euclidean space [41]. As a result, increasing
spectral regularization can weaken alignment quality. Thus, spectrum balancing is effective
in preventing total embedding collapse, but its strength must be carefully tuned to avoid
overshadowing the primary training objective. This theoretical trade-off is consistent with
our experiments, in which extensive hyperparameter tuning was necessary to find a good
balance.
Our experiments confirmed the usefulness of spectral regularization, as our test runs

consistently outperformed the Most Popular baseline. Having established the methodolog-
ical foundations and key design choices of our approach, we now turn to the experimental
evaluation.
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In this chapter, we present the experimental setup, evaluation methodology, and results
of our proposed model. We first describe the hardware, software, and data preparation
steps, followed by the training and evaluation protocols. The remainder of the chapter is
structured around answering our research questions (RQ1–RQ3). At the end, we discuss the
insights gained from hyperparameter optimization, the exploration of different negative
sampling strategies, and a set of ablation studies.

5.1. Experimental Setup

Hardware and Software We implemented the preprocessing and training pipeline in
Python. For preprocessing, we used NumPy1 and pandas2, while the model was im-
plemented using PyTorch. The BERT version used in our experiments is bert-base-

multilingual-cased3, which we obtained from HuggingFace. For live monitoring of our
training, we used Weights & Biases (W&B)4. GPT-4o5 was used as a programming and
debugging assistant, as well as for improving grammar and spelling. To train our model
we used NVIDIA A100 GPUs6 from BwUniCluster3.07. As CPU-bound data loading and
negative sampling quickly became a bottleneck for our training setup, we executed mul-
tiple single-GPU training runs in parallel during hyperparameter optimization to make
more efficient use of the hardware.

Training and Evaluation Protocol As described in Section 3.1, we construct user sessions
from five consecutive weeks. Since impression data is only available for the final two
weeks, we use only sessions with targets in the fourth week for training and split the
subsequent clicks from the fifth week into validation and test sets. For our main evaluation,
we use 100k impressions to compute the primary metrics, while a reduced subset of 10k
impressions is used for hyperparameter optimization and the negative sampling study.
Unless specified otherwise, we train the models with the setup defined in Table 5.1.
During training, we monitor Recall@20, NDCG@20 (global task), and AUC (in-view

task) on the validation set for early stopping and model selection. All other metrics, in-
cluding beyond-accuracy measures (diversity, novelty, serendipity, coverage, and category

1https://numpy.org/
2https://pandas.pydata.org/
3https://huggingface.co/google-bert/bert-base-multilingual-cased
4https://wandb.ai/
5https://openai.com/index/hello-gpt-4o/
6https://www.nvidia.com/en-us/data-center/a100/
7https://wiki.bwhpc.de/e/BwUniCluster3.0
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5. Experiments and Evaluation

Model Parameters Training Parameters

Embedding size 128 Optimizer AdamW
Article encoder layers 3 Learning rate 1 × 10−4

Transformer layers 4 Learning rate decay Cosine decay
Attention heads 2 Warmup 5% of training steps
Spectral reg. 𝜆 0.0008 Batch size 512
Session Length 16 Epochs 3
InfoNCE temperature 0.7 Training steps 60k

Table 5.1.: Default training configuration, grouped by model parameters and training
parameters.

distribution), are computed only once during the final test phase. We use this training and
evaluation protocol to answer our research questions.

5.2. Evaluating Research Questions

We address three main research questions (RQs) through targeted experiments with
SNeRT, outlining the setup, evaluation metrics, and results for each. This allows us to
assess performance across different recommendation scenarios and examine both ranking
effectiveness and qualitative aspects.

5.2.1. RQ1: Global Recommendation Task

To evaluate the Global Recommendation Task, we first embed all articles available at the
recommendation timestamp 𝑡rec, ensuring that their age and popularity statistics reflect the
state at 𝑡rec. Using these embeddings, we retrieve the top-20 candidate articles via cosine
similarity and measure ranking quality using Recall@20 and NDCG@20. The short article
lifecycle of articles limits the effectiveness and relevance of standard baseline algorithms
such as content similarity or matrix factorization [31, 69]. Instead, we use a Most Popular
baseline, which chooses the articles that have received the most clicks in the last 15 minutes.
This baseline is strong, since on average 42.22% of all clicks are concentrated on the five
currently most popular articles (see Subsection 3.2.2).

Metric Most Popular SNeRT Δ

Recall@20 0.707 0.770 +0.063
NDCG@20 0.299 0.323 +0.024

Table 5.2.: Performance comparison between the popularity baseline and our best model.

Performance Against Baseline Our best model, SNeRT, outperforms the popularity base-
line on both ranking metrics: Recall@20 improves by 6.3 percentage points, ensuring
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users are more likely to encounter relevant articles in the top-20 list, while NDCG@20
rises by 2.4 percentage points, reflecting more effective prioritization of relevant items.
In contrast, exploratory experiments with the cross-encoder reranker (see Appendix A.1)
showed strong overfitting to the training period and failed to deliver consistent gains over
SNeRT, indicating that more advanced temporal modeling and robust reranking strategies
are needed before a second-stage reranker becomes beneficial.

Latency Low-latency recommendations are essential for the Global Recommendation
Task (RQ1). Since article and user embeddings are computed independently, article em-
beddings can be precomputed globally once per minute. This enables the construction of
a global FAISS8 index, which takes on average 8.52ms to build. User embeddings change
only after every interaction and can therefore be computed immediately after each click.
With both user and article embeddings precomputed, the top-20 articles for each user can
be retrieved as a simple FAISS lookup. This takes on average 4.47 ms on the CPU and is
even faster on a GPU. This latency is short enough for real-time recommendation systems
and leaves a time budget for an additional re-ranking stage.

5.2.2. RQ2: In-view Recommendation Task

We measured the AUC score for the in-view recommendation task to enable comparison
with the RecSys24 results [31]. Since the models in that challenge encoded future infor-
mation that is not available in realistic settings, we instead compare our results to those
reported in the ablation study addressing this data leakage.

Metric Most Popular SNeRT Our CE Transformer CE Ensemble Method

AUC 71.66 72.22 75.70 77.13 82.20

Table 5.3.: AUC scores for the Most Popular baseline, SNeRT, our transformer-based cross-
encoder (CE), a reference transformer CE, and the best-performing ensemble
method in the in-view recommendation task (RQ2) from RecSys’24 [31].

SNeRT improves only slightly over the Most Popular baseline (+0.56% AUC), confirming
its strength lies in large-scale retrieval rather than fine-grained reranking. Introducing
our second-stage cross-encoder reranker (see Appendix A.1) yields a more substantial
improvement (+4.04% AUC), but still lags behind the structurally similar Transformer CE
from RecSys’24, which demonstrates significant headroom for further optimization. Both
cross-encoder variants, however, fall short of the ensemble method, which achieved the
best overall performance in the challenge. This progression illustrates a well-established
limitation of two-tower architectures: while highly efficient for retrieval, they consistently
underperform in reranking tasks where direct item-item comparisons are critical [54, 61].

8https://github.com/facebookresearch/faiss
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5.2.3. RQ3: Quality Evaluation

To assess recommendation quality, we evaluate category distribution alongside beyond-
accuracy metrics.

Category Distribution RecSys24 models differ greatly in category exposure: the 5th-
ranked hrec model recommends 50.1% auto-generated content, while the winner never
recommends auto-generated content but heavily favors the “news” category [31]. Such
biases are problematic, as newspapers aim to cover the full range of content categories.
Motivated by this, we examined whether our model displays strong category biases.
We computed the category distribution of the top-20 recommendations from the Global
Recommendation Task (RQ1) and compared it with theMost Popular baseline (see Figure 5.1
for a visual comparison and Table A.6 in the Appendix for exact values). From Figure 5.1,

Figure 5.1.: Comparison of category distribution between our model and the Most Popular
baseline.

it is evident that our model recommends a broad mix of categories. The only notable
deviation from the baseline is a 46% relative increase in crime-related articles, while the
remaining categories show only minor changes. This pattern remains consistent across
different hyperparameter settings and negative sampling mixes. Overall, this suggests that
SNeRT does not exhibit strong category biases that would pose a problem in a production
setting.

Beyond-Accuracy Metrics To further assess the recommendation quality of our model, we
adapt the beyond-accuracy metrics from the RecSys’24 Challenge to our global recommen-
dation task [31]. In the challenge, these metrics were computed on a small, non-public
subset of articles; in our case, we calculate them over the entire catalog using BERT-based
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embeddings. Consequently, our values are not directly comparable to the official challenge
results and are instead evaluated relative to the Most Popular baseline. The beyond-
accuracy evaluation includes four metrics. Diversity (ILD) measures the dissimilarity
among the top-𝐾 recommended articles for a user, encouraging varied content within
the recommendation list. Serendipity measures how different the recommendations are
compared to the user’s reading history, promoting relevant but unexpected articles. Nov-
elty rewards recommending less popular items to avoid over-representing highly clicked
content and is calculated with respect to global popularity over the entire evaluation pe-
riod. Coverage measures the proportion of the catalog exposed across all users, promoting
balanced content exposure. The exact formulas are described in the Appendix A.2.2.

Metric Most Popular SNeRT Relative Change (%)

Diversity 0.037 0.040 +8.11
Serendipity 0.043 0.045 +4.65
Novelty 13.133 13.203 +0.53
Coverage 11.31% 13.81% +22.09

Table 5.4.: Beyond-accuracy metrics comparing the Most Popular baseline and SNeRT.

Table 5.4 shows that SNeRT outperforms the Most Popular baseline across all beyond-
accuracy metrics. Gains in Diversity (ILD) and Serendipity are modest but indicate slightly
more varied and unexpected recommendations compared to the heavily concentrated lists
of the baseline. Novelty is also marginally higher for SNeRT, suggesting reduced bias
toward globally popular items. The largest relative improvement is in Coverage, where
SNeRT exposes a broader portion of the catalog to users. Interestingly, SNeRT achieves
these improvements while also increasing accuracy, even though recommender systems
often face a trade-off between precision and beyond-accuracy goals such as diversity
or coverage [17]. This indicates that our approach not only balances these competing
objectives but can, to some extent, overcome this usual trade-off. Overall, these results
indicate that SNeRT not only improves accuracy but also produces more balanced, diverse,
and less popularity-skewed recommendations compared to the Most Popular baseline.

5.3. Model Tuning

Our approach involves several hard-to-tune hyperparameters, such as the negative sam-
pling mix, spectral regularization strength, and embedding size, which make a full grid
search computationally infeasible. In preliminary exploratory runs, we first identified
suitable values for batch size, learning rate and weight decay in order to establish a stable
training setup. Based on these results, we defined a baseline model configuration (see
Table 5.1), which we then used to systematically evaluate different negative sampling
compositions. In a second step, we applied a Manhattan search over the other hyperpa-
rameters.
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5.3.1. Negative Sampling

Model performance is highly sensitive to the choice of negative sampling strategy. We
combined four approaches (see Subsection 4.4.2) in varying proportions and evaluated
different mixtures to identify the most effective composition.

Figure 5.2.: Recall@20 and AUC for different negative sampling mixtures. The results
highlight the strong influence of negative composition on model performance.

Since our optimization focused primarily on RQ1, we adopted a negative sampling
mix of 40% popularity-based, 20% recency-based, 20% in-view, and 20% uniform random
samples, which we then used for subsequent hyperparameter optimization. We further
analyzed and interpreted how the different sampling strategies contributed to the final
results.

Influence of Sampling Strategies From Figure 5.2 we conclude: popularity-based sampling
is essential for achieving high recall, since it ensures that frequently clicked articles
are oversampled as negatives. This effect would normally be provided automatically by
in-batch negatives, but our time-dependent article encoding required explicit negative
sampling. Recency-based sampling further improves recall by exposing the model to fresh
articles that would otherwise be underrepresented due to lower click counts. In-view
negatives only marginally increase recall for RQ1, but contribute more strongly to AUC
in RQ2, reflecting their role as hard negatives that improve ranking quality rather than
retrieval breadth. Finally, a small proportion of randomly sampled negatives helps the
model learn to ignore the long tail of irrelevant articles.

5.3.2. Manhattan Search

Having fixed the negative sampling composition as part of our baseline setup, we next
turned to the remaining hyperparameters that govern model architecture and regulariza-
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tion. Since jointly optimizing all parameters would be prohibitively expensive, we adopted
a Manhattan search strategy to systematically explore their individual effects.

Figure 5.3.: Hyperparameter ablation study using a Manhattan search strategy: each sub-
plot varies one parameter at a time while holding others fixed, showing its
effect on Recall@20.

From Figure 5.3, we observe that our initial baseline model could not be substantially
improved through a simple Manhattan search. This confirms our broader experience that
training the TTM is highly sensitive: small changes can destabilize training and invalidate
previously tuned settings. As a result, meaningful improvements cannot be achieved by
varying one parameter in isolation, but instead require coordinated adjustment across
multiple hyperparameters, essentially amounting to a full sweep.

5.3.3. Feature Ablation Study

To assess the impact of different input features on model performance, we conducted a
feature ablation study where features were systematically varied during training. For
efficiency, we used the fixed training setup from Table 5.1 without re-running a full
hyperparameter search for each configuration. Since our TTM is sensitive to changes in
the input distribution, these ablation results should be interpreted with caution. Table 5.5
summarizes the tested feature combinations, grouped by feature families.

Ablation Results From Table 5.5 we conclude: among the deep content embeddings,
the body embedding proves most valuable: configurations including body text (e.g., MV,
BI) consistently outperform those without. In contrast, titles alone (T) or images (I)
provide weaker signals: titles are often too short and thus highly variable, while image
embeddings introduce additional noise due to inconsistent visual representations of topics.
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Table 5.5.: Feature ablation study grouped by feature families. Pop. = Popularity features,
Inter. = Interaction features. Time combines both timestamp (cyclical encoding
of hour/weekday) and article age. Meta features include categorical attributes
such as article category, sentiment polarity, and premium status, among others.
(The full feature list is part of the appendix A.5.)

Run

Embeddings

Meta Time Pop. Inter.

Metrics

Body Title Image Recall@20 NDCG@20

Baseline features

B • • • • • 0.770 0.323

Deep Embedding variants

T • • • • • 0.747 0.323

I • • • • • 0.734 0.313
BT • • • • • • 0.599 0.243
BI • • • • • • 0.689 0.273

Feature Removals

NE • • • • 0.593 0.217
MV • • • 0.752 0.321
NP • • • • 0.294 0.120
NI • • • • 0.731 0.303

Metadata (NE) offers only limited benefit, showing that shallow categorical information
alone is insufficient. The ablation study confirms that popularity and temporal features are
essential. When popularity is removed (NP), performance collapses (Recall@20 = 0.294),
underlining that news recommendation in this dataset is strongly popularity- and time-
driven. Removing interaction features (NI) reduces Recall@20 to 0.731, demonstrating that
modeling session context across clicks provides useful additional signal beyond content
and popularity.

Interestingly, a minimal viable setup with body, popularity, and interaction features (MV)
already achieves competitive performance (Recall@20 = 0.752), while adding metadata or
explicit time features yields only small, but still relevant, improvements over this baseline.
Together, these results validate our feature engineering strategy: retain the dominant
popularity and temporal features, and enhance personalization with BERT-based body
embeddings and interaction features.

These findings round off our analysis of feature contributions and lead us to the overall
conclusions of this study.
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This chapter summarizes the key findings of our study, relating them to the three research
questions (RQ1–RQ3). We then discuss how SNeRT can be adapted to the BNN use case
and conclude with an outlook on promising directions for future research.

6.1. Discussion of Results

RQ1: Global Recommendation Task SNeRT outperforms the baseline in our prioritized
RQ1, showing measurable gains in global retrieval effectiveness. The model’s very low
latency makes it suitable for deployment in real-world news recommendation pipelines,
where responsiveness is essential. Together, the improvements in retrieval suggest that
SNeRT is a practical and scalable solution for large-scale retrieval. While gains over a strong
popularity baseline remain modest, they show that representation learning captures user-
content signals beyond short-term popularity, providing a solid foundation for reranking
stages.

RQ2: In-view Recommendation Task For RQ2, which examined the in-view recommenda-
tion task, results highlight the structural limitations of two-tower architectures. Although
SNeRT surpasses the Most Popular baseline, its performance remains well behind cross-
encoders and ensemble methods. This confirms that two-tower models work for large-scale
retrieval but struggle in reranking scenarios requiring fine-grained item-item comparisons.
In practice, this necessitates a second-stage reranker, which partly undermines the sim-
plicity and efficiency of two-tower designs. Thus, while SNeRT scales well for retrieval, it
alone cannot match state-of-the-art performance in more context-sensitive tasks.

RQ3: Beyond-Accuracy Evaluation RQ3 examined qualitative aspects such as diversity,
novelty, and category balance. SNeRT produces recommendations that are consistently
more diverse, novel, and balanced than those of the baseline. While improvements in
serendipity and diversity are moderate, they demonstrate that the model can partially
counteract the strong influence of popularity signals. The most notable gain is in coverage,
which increases substantially without a loss in ranking performance. This is particularly
important in the news domain, where an overemphasis on trending articles risks reinforcing
filter bubbles and limiting user exposure to the full spectrum of content.

Mitigating Embedding Collapse In addition to addressing the three research questions,
this thesis makes a contribution by systematically investigating embedding collapse in
two-tower recommendation models. Our experiments showed that indirect strategies
(MoCo, session augmentation, modified attention) failed to resolve the issue under the
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long-tail distribution of article popularity. In contrast, direct spectral regularization via the
LogDet-loss consistently improved both embedding stability and retrieval performance.
To our knowledge, this represents the first application of log-determinant regularization
in a TTM. While the method requires careful tuning to balance spectrum preservation
with user–item alignment, it provides a practical way to counteract collapse. Having
established the effectiveness of spectral regularization in the EB-NeRD setting, we now
turn to its adaptation in a different domain, namely the BNN dataset.

6.2. Adaptation to BNN

As a local newspaper, BNN differs substantially from the national tabloid setting of Ekstra
Bladet. User clicks are expected to be less concentrated on a handful of front-page articles
and more strongly influenced by the content itself, reflecting regional relevance and
longer-term interests rather than short-lived popularity spikes that dominate in a tabloid
newspaper. This aligns well with our design, since the heavy popularity skew was the
key challenge in the EB-NeRD experiments and is likely to be less dominant at BNN. We
therefore expect the performance gap between the Most Popular baseline and SNeRT to
be significantly larger in this setting.

Additional features Adapting SNeRT to BNN also requires extending the feature set
to better capture local reading preferences. An important addition is article location,
enabling the model to learn that users engage more with local content (e.g., Bruchsal) than
with articles from other regions (e.g., Pforzheim). Another useful feature is the device
type, which can be encoded as a learned embedding within the interaction encoder. This
provides further context about user behavior, for example distinguishing between mobile
sessions that may favor shorter articles and desktop sessions that support longer reading
times. These features were not available in the EB-NeRD dataset.

Adaptations for production deployment Finally, several adjustments are required to make
the model suitable for a production environment. First, our current setup optimizes
solely for click-through rate (CTR) and does not account for reading time as a measure of
engagement. A straightforward way to incorporate this signal is to filter out articles with
very short reading times during training, or even sample these articles as negatives. This
ensures that the model prioritizes content that users actually consume rather than quickly
abandon. Second, a multi-armed bandit strategy can be applied to introduce a controlled
proportion of newly published articles, guaranteeing initial exposure and preventing
fresh content from being systematically overlooked [83]. An additional consideration for
deployment is the need for continuous online evaluation. Offline metrics such as Recall and
NDCG are useful for benchmarking, but they do not always capture real user satisfaction
or long-term engagement. In production, SNeRT should therefore be evaluated through
A/B testing and online monitoring, tracking signals such as click-through rate, dwell time,
and subscription conversions. This enables the system to validate offline improvements
under realistic conditions, detect distributional shifts in user behavior, and evaluate and
adapt the model accordingly.
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6.3. Outlook and Future Work

Future work could explore fine-tuning BERT to improve the quality of article embeddings.
Such fine-tuning would allow the model to better capture nuances of local reporting,
complementing the structural features proposed for BNN.
Another promising direction is to evaluate the approach on a more balanced dataset,

such as content from a regional newspaper. This would provide insights into how the
model performs in settings with less extreme popularity skew and could validate our
expectation that the gap between popularity-based baselines and our model becomes more
pronounced.
Beyond dataset transfer, architectural extensions such as late interaction models, orig-

inally proposed in information retrieval [29], represent an interesting research avenue.
These approaches combine the efficiency of two-tower retrieval with richer cross-interactions
in the final layers, improving ranking quality while remaining scalable.
Finally, hybrid pipelines could be investigated, where efficient first-stage retrieval is

combined with more expressive rerankers. In sum, future work should emphasize stronger
feature integration, more advanced reranking, and evaluation across diverse settings.
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A. Appendix

A.1. Cross-Encoder Reranker

While the primary focus of this thesis is the Two-Tower Model (TTM), our results reveal its
limitations in ranking scenarios. In industrial applications, this weakness is typically ad-
dressed by adding a second-stage Cross-Encoder (CE) for re-ranking (see Subsection 2.4.1).

Architecture To evaluate the viability of this approach, we additionally implemented
a CE reranker that combines the user encoder from the TTM (see Subsection 4.3) with
a candidate-decoder transformer inspired by a RecSys’24 model [53]. The CE uses the
same article encoder described in Subsection 4.2. While this design provides stronger
ranking expressiveness, its cross-attention over all candidates substantially increases
latency, making it more suitable as a second-stage reranker rather than a standalone
retrieval model.

Inter. 1

Encoder

Inter. 2

Encoder

· · · Inter. N-1

Encoder

Inter. N

Encoder

Encoder-Only Transformer

Session Embeddings

User Encoder

Art. 1 Art. 2 · · · Art. K-1 Art. K

Decoder-Only Transformer

Scoring Heads

C
ross

A
ttention

sc1 sc2 scK−1 scK

Candidate Reranker

Figure A.1.: Cross-Encoder reranker architecture: user sessions are encoded with the TTM
user encoder, candidate articles with the shared article encoder. A decoder-
only transformer with cross-attention produces contextualized representa-
tions, which are scored by an MLP head to yield click logits.

The scoring head maps decoder outputs to click logits through a lightweight MLP. These
scalar scores are then used to rank candidate articles by predicted click likelihood.

Training The CE is trained using the same features and negative sampling pipeline as
the TTM. The loss function is a listwise cross-entropy objective, ensuring that the clicked
article receives the highest score among sampled negatives,

Lrank = − log
exp(𝑠𝑐0/𝜏)∑𝐾
𝑗=0 exp(𝑠𝑐 𝑗/𝜏)

, (A.1)
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where 𝑠𝑐 𝑗 are the predicted scores and 𝜏 is the temperature of the softmax. At infer-
ence, logits are used directly as ranking scores without normalization, since softmax is a
monotonic transformation and does not affect ranking order.

We also experimented with a joint user–article encoder, which in principle could reduce
latency. However, due to the high sensitivity of TTM training to small changes (see
Subsection 5.3.2), separate training of the two encoders proved more stable and practical.
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A.2. Formal Definitions

This section provides the formal definitions of non-standard metrics used in our work. For
each metric, we specify the mathematical formulation along with the variables involved,
ensuring clarity and reproducibility of our experiments.

A.2.1. Article Popularity and Lifecycle

To analyze the distribution of clicks on articles, we define different metrics to better
quantify trends in the article-user interactions.

Relative Popularity We define the relative popularity of an article 𝑎 at time 𝑡 as the
fraction of clicks it receives within a sliding 15-minute window:

𝑝𝑡 (𝑎) =
𝑐𝑡 (𝑎)∑

𝑎′∈A𝑡
𝑐𝑡 (𝑎′)

, (A.2)

where 𝑐𝑡 (𝑎) is the number of clicks on article 𝑎 in the interval [𝑡 − 15min, 𝑡], and A𝑡 is the
set of articles with at least one click in this window.

Inequality of Relative Popularity To measure how skewed relative popularity is, we use
the Lorenz curve and the Gini coefficient. The Lorenz curve visualizes the cumulative
distribution of relative popularity across articles, while the Gini coefficient summarizes
this inequality in a single scalar. These metrics are used in RecSys research as measures of
distributional fairness and exposure imbalance [2].

Formally, articles are sorted by 𝑝𝑡 (𝑎) in ascending order, where 𝑝𝑡 (𝑎) denotes the relative
popularity of article 𝑎 at time 𝑡 . The Lorenz curve is then defined by the cumulative share
of articles 𝑥 and their cumulative share of clicks 𝐿𝑡 (𝑥) at time 𝑡 [2, 19]. To obtain a stable
estimate, we average 𝐿𝑡 (𝑥) across all timesteps, resulting in an aggregated Lorenz curve
𝐿(𝑥).

The Gini coefficient is then defined as

𝐺 = 1 − 2
∫ 1

0
𝐿(𝑥) 𝑑𝑥 , (A.3)

with 𝐺 = 0 indicating perfect equality (all articles receive the same share of clicks) and
𝐺 = 1 representing maximum inequality (all clicks concentrated on a single article).

Article Lifecycle We define the lifecycle of an article 𝑎 as the time from its publication
until it has accumulated 90% of its total observed clicks. Formally,

𝐿(𝑎) = min
{
𝜏 |

𝑡0+𝜏∑︁
𝑡=𝑡0

𝑐𝑡 (𝑎) ≥ 0.9 ·𝐶 (𝑎)
}
, (A.4)

where 𝑡0 is the publication time of 𝑎, 𝑐𝑡 (𝑎) is the number of clicks on 𝑎 at time 𝑡 , and
𝐶 (𝑎) = ∑∞

𝑡=𝑡0 𝑐𝑡 (𝑎) is the total number of clicks.
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To avoid bias from the dataset cutoff, we excluded articles published during the final
day of the collection period from our analysis. Thus, 𝐿(𝑎) captures the effective duration
during which article 𝑎 remains relevant for user engagement.

Most Popular Baseline The Most Popular baseline recommends the globally most clicked
articles within a short, recent time window. Formally, at recommendation time 𝑡rec, we
define the popularity score of an article 𝑎 as

𝜋𝑡rec (𝑎) =
𝑡rec∑︁

𝜏=𝑡rec−Δ
𝑐𝜏 (𝑎) , (A.5)

where 𝑐𝜏 (𝑎) is the number of clicks on article 𝑎 at time 𝜏 , and Δ is the window size.
In our case, Δ = 15 minutes, i.e., the baseline always recommends the 𝐾 articles with

the highest click counts in the last 15 minutes. This choice reflects the strong recency and
popularity bias in news consumption, making the Most Popular baseline a competitive
reference in this domain.

A.2.2. Beyond-Accuracy Metrics

To complement ranking metrics such as Recall and NDCG, we assess recommendation
quality using four beyond-accuracy measures—diversity, serendipity, novelty, and cover-
age—selected based on their role in the evaluation protocol of the RecSys’24 Challenge
[31].

Diversity (ILD). Intra-List Diversity (ILD) measures how different the recommended items
are from one another. It is defined as

ILD =
2

𝐾 (𝐾 − 1)
∑︁
𝑖< 𝑗

(
1 − cos(v𝑖, v 𝑗 )

)
, (A.6)

where 𝐾 is the number of recommended items for a user, and v𝑖 denotes the L2-
normalized BERT embedding of item 𝑖 . Higher ILD values indicate more varied rec-
ommendation lists.

Serendipity. Serendipity quantifies how unexpected recommendations are relative to a
user’s history, while still being relevant. For user 𝑏, it is defined as

Serendipity𝑏 =
1
𝐾𝐿𝑏

∑︁
𝑖∈rec𝑏

∑︁
𝑗∈hist𝑏

(
1 − cos(v𝑖, v 𝑗 )

)
, (A.7)

where rec𝑏 is the set of recommended items, hist𝑏 the set of historical items, and 𝐿𝑏 the
length of the history.
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Novelty. Novelty encourages the recommendation of less popular items. It is defined as

Novelty =
1
𝐾

∑︁
𝑖∈𝐿

− log2 𝑝 (𝑖), (A.8)

where 𝐿 is the recommendation list and 𝑝 (𝑖) is the normalized popularity (click probability)
of item 𝑖 .

Coverage. Coverage captures how much of the item catalog is exposed across all users.
It is defined as

Coverage =
|⋃𝑠∈𝑆 rec𝑠 |

|Pub| , (A.9)

where 𝑆 is the set of all sessions and Pub is the set of all published items during evaluation.
High coverage indicates that recommendations draw from a broader portion of the catalog.

A.2.3. Relative Effective Rank

To allow comparison across different embedding dimensions, we normalize the effective
rank (see Equation 2.9) with the embedding size 𝑑 :

rerank(𝑋 ) = erank(𝑋 )
𝑑

. (A.10)

The resulting value lies in [0, 1] and quantifies the proportion of the embedding space that
is effectively utilized, with lower values indicating stronger collapse.
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A.3. Implementation Notes

A central requirement of our approach is to provide the model with time-dependent relative
popularity over different timeframes for every article. To this end, we precompute a global
popularity tensor P ∈ R51841×125542×7, covering 51k time indices, 125k articles, and seven
feature variants (different window sizes). This corresponds to roughly 45 billion values in
total. The scale of such a tensor makes dense in-memory storage infeasible, so we store it
as a memory-mapped array, enabling efficient random access to slices without loading the
full structure.
This motivates two implementation details described below: first, a sliding-window

band-matrix construction to compute relative popularity from click logs (see Section A.2.1);
second, batched lookups into P during training to map negatives to the correct popularity
values (see Section 4.4.2) efficently.

A.3.1. Sliding-Window Relative Popularity

We represent the click log as a sparse article–time matrix 𝑋 ∈ R𝑛articles×𝑛timestamps , where
each entry 𝑋𝑖,𝑡 is the number of clicks on article 𝑖 at time step 𝑡 . For a sliding window of
size𝑤 , we construct a band matrix𝑊 (𝑤) ∈ {0, 1}𝑛timestamps×𝑛timestamps that marks the preceding
𝑤 time steps. Formally,

𝑊
(𝑤)
𝑡 ′,𝑡 =

{
1 if 0 ≤ 𝑡 − 𝑡 ′ < 𝑤,
0 otherwise.

(A.11)

Multiplying gives the windowed counts

𝑆 (𝑤) = 𝑋𝑊 (𝑤), (A.12)

so that each column contains click counts aggregated over the last𝑤 steps.
To obtain a probability distribution, we normalize each column by the total number of

clicks in that window:

𝑃 (𝑤) = 𝑋𝑊 (𝑤) diag
(
𝑐 (𝑤) )−1

, 𝑐
(𝑤)
𝑡 =

∑︁
𝑖

𝑆
(𝑤)
𝑖,𝑡
. (A.13)

The result 𝑃 (𝑤) is a sparse column-stochastic matrix, where each column 𝑡 gives the
relative popularity of articles at time 𝑡 . Using sparse matrix multiplication makes this
computation fast and memory-efficent, reducing the computation time from multiple
hours to under 5 minutes on a single CPU.

A.3.2. Memory-Mapped Popularity Lookup

To efficiently integrate time-dependent popularity features into the training pipeline, we
implement a memory-mapped lookup mechanism. For a batch with target timestamps
(𝑡 (𝑏))𝐵

𝑏=1 and candidate article IDs A ∈ N𝐵×𝐾 , we define two index mappings

𝜙 : T → {0, . . . ,𝑇−1}, 𝜄 : N → {0, . . . , 𝐴−1}, (A.14)
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where 𝜙 maps timestamps to discrete time indices and 𝜄 maps article IDs to their row
indices in the tensor.

Popularity features are retrieved by batched tensor indexing:

NegPop𝑏,𝑗,: = P
[
𝜙 (𝑡 (𝑏)), 𝜄 (A𝑏,𝑗 ), :

]
, 𝑏 = 1, . . . , 𝐵, 𝑗 = 1, . . . , 𝐾 . (A.15)

Since P is stored as a memory-mapped array (numpy.memmap), only the required slices
are loaded into RAM. This allows efficient retrieval of NegPop ∈ R𝐵×𝐾×𝑅 for batch size 𝐵,
candidate set size 𝐾 , and feature variants 𝑅, even though the full tensor is far too large
to fit in memory. In practice, vectorized indexing yields retrieval times on the order of
milliseconds, effectively removing a major bottleneck from the training pipeline.

A.3.3. Session Augmentation Pipeline

For our experiments with a session augmentation loss (see Subsection 4.5.2) we adapt a
processing pipeline to our work. To get two augmented views of the same session we
adapt ideas from different prior implementations to our work [78, 85].
We further list the augmentation strategies used to construct perturbed session views

for this loss.

Table A.1.: Data augmentation techniques and hyperparameters used for the session-level
contrastive loss.

Technique Description Parameter Value

Item Swap Replace articles with similar ones
based on BERT embedding cosine sim-
ilarity.

𝛼swap 0.2

Time Jittering Perturb timestamps within ±60 min-
utes to model temporal noise.

𝛼jitter 0.3

Gap & Readtime

Swap

Swap gaps/readtimes across positions
to vary engagement patterns.

𝛼gap 0.15

Shuffling Shuffle random subsequences within a
session.

𝛼shuffle 0.1

Item Masking Zero-mask interactions and their fea-
tures.

𝛼mask 0.25
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A.4. Additional Figures

In this section, we provide supplementary figures and plots that were omitted from the
main text for brevity, but still add to our work.

A.4.1. Article Lifecycles by Category

This section support our claim that article lifecycles vary across categories. We plot the
distribution of article lifespans.

Figure A.2.: Kernel Density Estimate (KDE) of article lifespans by category, defined as the
time in hours until 90% of total clicks are accumulated. Only articles with at
least 1,000 clicks and 24 hours of available data were included.
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A.4.2. Interaction Encoder

This section illustrates the computation of interaction embeddings used in our model.

article features context features positional features

ea ei ep+ + = es

article

encoder

context encoder positon encoder

Figure A.3.: Computation of interaction embeddings. The article encoder is shared between
history and target articles (weight tying), while context features (read time
and session gap) and positional information are represented using learned
embeddings.
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A.5. Example Data from EB-Nerd

This section provides excerpts from the EB-NeRD dataset to give a general overview.
We include three complementary tables: an example of user interaction history with
article identifiers, impression times, and read times; a sample of the article metadata table
containing publication time, content, sentiment, and additional attributes; and an excerpt
of the impression-level behavior log, which illustrates the inview field alongside clicked
articles and timestamps. Together, these tables highlight the core structures of EB-NeRD.

Table A.2.: Example user history table

user_id article_id impression_time read_time (s)

10029 [3000022, 3000063, 3000613] [2023-04-28 06:16, 06:17, 06:20] [28, 24, 11]
10033 [3000063, 3000022, 3000613] [2023-04-27 11:11, 11:12, 11:13] [2, 2, 718]
10034 [3000613, 3000063, 3000022] [2023-04-30 09:46, 09:47, 09:49] [21, 103, 28]

Table A.3.: Example article table

article_id title body sent_score

3000022 Hanks beskyldt for mis-
handling. . .

Tom Hanks skulle angiveligt
have. . .

0.9911

3000063 Bostrups aske spredt i
Furesøen. . .

Strålende sensommersol. Jazzede
toner. . .

0.5155

3000613 Jesper Olsen ramt af
hjerneblødning. . .

Jesper Olsen, der er noteret for 43. . . 0.9433

Table A.4.: Example behavior (impression-level) log from EB-NeRD.
impression_id user_id inview_article_ids clicked_article_ids impression_time

5001123 10029 [3000022, 3000063, 3000613,· · · ] [3000022] 2023-04-28 06:16:40
5001124 10029 [3000063, 3000613] [] 2023-04-28 06:17:05
5001150 10033 [3000063, 3000022, 3000613,· · · ] [3000063] 2023-04-27 11:11:22
5001178 10034 [3000613, 3000063,· · · ] [3000613,· · · ] 2023-04-30 09:46:50
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A.6. Feature Engineering

A.6.1. Full Feature List

Table A.5 provides the complete set of engineered features used in our models, grouped by
feature family. Metadata covers both learned embeddings (e.g., category, premium status)
and engineered linguistic statistics extracted from article text (e.g., word counts, sentence
length).

Table A.5.: Complete list of engineered features grouped by family, with corresponding
transformations.

Feature Processing / Normalization

Content Features

body_embedding Pretrained BERT, L2-normalized
title_embedding Pretrained BERT, L2-normalized
image_embedding Precomputed Embeddings from RecSys’24 challenge1

Metadata Features

category_id Trainable embedding
sentiment_score StandardScaler
premium_status Trainable embedding
body_word_count log(1 + 𝑥), then RobustScaler (1st–99th pct)
body_sentence_count log(1 + 𝑥), then RobustScaler (1st–99th pct)
body_unique_ratio log(1 + 𝑥), then RobustScaler (1st–99th pct)
body_exclamation_count log(1 + 𝑥), then RobustScaler (1st–99th pct)
body_comma_count log(1 + 𝑥), then RobustScaler (1st–99th pct)
body_digit_ratio QuantileTransformer(𝑁=1000) → Normal output
title_word_count RobustScaler (1st–99th pct)
subtitle_word_count RobustScaler (1st–99th pct)
body_avg_token_len RobustScaler (1st–99th pct)
body_avg_sentence_len RobustScaler (1st–99th pct)

Temporal Features

min_sin, min_cos Cyclical encoding
hour_sin, hour_cos Cyclical encoding
weekday_sin, weekday_cos Cyclical encoding
age_feature log(1 + 𝑥), then RobustScaler

Popularity Features

popularity(1min, 5min, 15min, 1h,2h,4h, 24h) log(1 + 𝑥), then RobustScaler

Interaction Features

interactiongap_bucket Trainable embedding
readtime_bucket Trainable embedding

1Due to copyright restrictions, images were excluded from the dataset, and we therefore relied on precom-
puted embeddings from [12].
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A.7. Results

For completeness, we include below the numerical values corresponding to the plots
shown in the main text. These tables provide the exact values for category distributions,
negative sampling mixtures, and hyperparameter search outcomes, which were primarily
discussed in Section 5 using figures.

A.7.1. Category Distribution

Table A.6 gives the full category proportions underlying Figure 5.1, allowing a direct
comparison between the Most Popular baseline and SNeRT.

Table A.6.: Category distribution (fraction of recommendations) for Most Popular baseline
and SNeRT, with differences (Δ) reported. Categories are assigned by Ekstra
Bladet.

Run Entertainment News Sport Music Crime Private Finance Misc.

Most Popular 0.1960 0.2933 0.1581 0.0828 0.0744 0.0801 0.1154
SNeRT 0.2143 0.2619 0.1613 0.0751 0.1086 0.0878 0.0910
Δ +0.0183 -0.0314 +0.0032 -0.0077 +0.0342 +0.0077 -0.0244

A.7.2. Negative Sampling

Table A.7 complements Figure 5.2, reporting the detailed Recall@20 and in-view AUC
scores for each mixture.

Table A.7.: Negative sampling strategies and mixtures with corresponding Recall@20 and
in-view AUC. Pop = popularity-based, Inv = in-view negatives, Rec = recency-
based, Uni = uniform random. Best results in bold.

Pop Inv Rec Uni Recall@20 In-View AUC

0.4 0.2 0.2 0.2 0.770 0.717
0.4 0.0 0.4 0.2 0.768 0.710
0.4 0.2 0.4 0.0 0.750 0.713
0.5 0.2 0.2 0.1 0.746 0.703
0.4 0.1 0.4 0.1 0.743 0.703
0.4 0.2 0.3 0.1 0.741 0.721

0.5 0.0 0.0 0.5 0.741 0.709
0.4 0.1 0.4 0.1 0.722 0.705
0.3 0.3 0.3 0.1 0.721 0.717
0.0 0.5 0.0 0.5 0.681 0.710
0.0 0.4 0.4 0.2 0.649 0.718

64



A.7. Results

A.7.3. Hyperparameter Search

Table A.8 contains the values summarized in Figure 5.3, showing the impact of individual
parameter choices on Recall@20.

InfoNCE Temp.

Param. Recall@20

0.40 0.744
0.70 0.758

0.85 0.740
1.00 0.726
1.50 0.736

Spectral Reg.

Param. Recall@20

0.0006 0.725
0.0007 0.748
0.0008 0.760

0.0009 0.751
0.0010 0.754

Transformer Layers

Param. Recall@20

3 0.726
4 0.770

5 0.738
6 0.756

Attention Heads

Param. Recall@20

1 0.751
2 0.770

4 0.762
8 0.755
16 0.694

Embedding Size

Param. Recall@20

64 0.670
96 0.758
128 0.770

192 0.753
256 0.727

Session Length

Param. Recall@20

8 0.705
12 0.746
16 0.770

24 0.759
32 0.746

Table A.8.: Hyperparameter search results (Recall@20). Best values in bold. Each cell
shows a mini-table where one parameter is varied while others are fixed.
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