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Unified Transformer-based Architectures
for Representing and Generating

Heterogeneous Time-Dependent Tabular Data

ABSTRACT

The increasing adoption of Deep Learning models across diverse domains has
recently stimulated research on extending such methods to structured tabular
data, especially when these data exhibit temporal dependencies, as in transac-
tional or financial time series. However, tabular datasets pose unique challenges
due to their heterogeneous nature, combining numerical and categorical features,
and the variable temporal structure of the data.

This thesis presents a unified Transformer-based framework for both represen-
tation and generation of time-dependent heterogeneous tabular data. We first
introduce UniTTab, a Transformer architecture capable of representing transac-
tional time series through a uniform embedding space that jointly encodes cate-
gorical and numerical attributes. Trained via a masked token pretext task, UniT-
Tab effectively captures temporal dependencies and internal heterogeneity, out-
performing traditional Machine Learning and Deep Learning methods across
various prediction and classification tasks.

Building on this representation foundation, we explore large-scale training
of Transformer models on real-world bank transaction datasets, establishing the
first foundation model for transactional data. We then extend this framework
to data generation, introducing two models—UniTTab-AR, an autoregressive
Transformer, and BankDiT, a diffusion-based Transformer—for synthetic trans-
action generation. These models address privacy constraints in the financial do-
main by producing realistic yet non-sensitive synthetic data that preserve tempo-

ral dynamics and statistical properties of real transactions.
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Finally, we generalize the diffusion-based approach to the broader task of tab-
ular time series generation, introducing TabDiT, a Diffusion Transformer ar-
chitecture specifically designed for heterogeneous and variable-length sequences,
and demonstrating state-of-the-art performance across multiple datasets.

Overall, this work contributes a coherent framework that unifies the represen-
tation, learning, and generation of heterogeneous temporal tabular data through
large-scale Transformer architectures, paving the way for foundation models in

structured temporal domains such as finance, healthcare, and beyond.
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Architetture Transformer Unificate
per la Rappresentazione e la Generazione

di Serie Temporali di Dati Tabulari Eterogenei

SOMMARIO

La crescente adozione di modelli di Deep Learning in diversi ambiti applica-
tivi ha recentemente stimolato la ricerca sull’estensione di tali metodologie anche
ai dati tabulari strutturati, in particolare quando questi presentano dipendenze
temporali, come nel caso delle serie transazionali o finanziarie. Tuttavia, i dataset
tabulari pongono sfide peculiari dovute alla loro natura eterogenea — che com-
bina attributi numerici e categoriali — e alla variabilita della loro struttura tem-
porale.

Questa tesi presenta un framework unificato basato su architetture Trans-
former per la rappresentazione e la generazione di dati tabulari eterogenei
dipendenti dal tempo. Inizialmente, viene introdotto UniTTab, un modello
Transformer in grado di rappresentare serie temporali transazionali attraverso
uno spazio di embedding uniforme che codifica congiuntamente caratteristiche
numeriche e categoriche. Addestrato mediante un “pretext task” di tipo masked
token, UniTTab cattura efficacemente le dipendenze temporali e I'eterogeneita
interna dei dati, superando approcci di Machine Learning e Deep Learning
tradizionali in diversi compiti di previsione e classificazione.

A partire da questa base di rappresentazione, il lavoro esplora 'addestramento
su larga scala di modelli Transformer su dataset reali di transazioni bancarie,
definendo il primo foundation model per dati transazionali. Successivamente,
il framework viene esteso alla generazione di dati, introducendo due modelli:

UniTTab-AR, un Transformer autoregressivo, ¢ BankDiT, un Transformer
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basato su modelli di tipo diffusion. Entrambi affrontano le problematiche di
privacy tipiche del dominio finanziario, generando dati sintetici realistici ma
non sensibili, che preservano le dinamiche temporali e le proprieta statistiche
delle transazioni reali.

Infine, la tesi generalizza I'approccio basato su diffusion al compito piu
ampio della generazione di serie temporali tabulari, introducendo TabDiT,
un’architettura Diffusion Transformer specificamente progettata per dati
eterogenei e sequenze di lunghezza variabile, che dimostra prestazioni allo stato
dell’arte su diversi dataset.

Nel complesso, questo lavoro propone un quadro coerente che unifica
rappresentazione, apprendimento e generazione di dati tabulari temporali
eterogenei tramite architetture Transformer su larga scala, aprendo la strada
allo sviluppo di modelli fondamentali per domini strutturati e temporali, come

quello finanziario, sanitario e oltre.
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Introduction

N recent years, Deep Learning has profoundly transformed a wide range
of application domains, achieving remarkable success in areas such as
Natural Language Processing, Computer Vision, Speech Recognition,

and Generative Modeling [70, 109, 51]. These advances have been largely driven
by the availability of large-scale datasets, the development of expressive neural
architectures—most notably Transformers—and the widespread adoption of
self-supervised learning paradigms [35, 24]. As a result, modern neural models
are now able to learn rich semantic representations that can be effectively

transferred across tasks, giving rise to the concept of foundation models [19].

Despite this progress, the impact of Deep Learning on tabular data—
the dominant data format in many scientific, industrial, and institutional
settings—has been comparatively limited [99]. Tabular datasets are ubiquitous
in domains such as finance, healthcare, economics, and public administration,
where information is naturally organized as collections of records described
by heterogeneous attributes. In particular, transactional and financial data
represent one of the most valuable and information-dense data sources for banks

and financial institutions, as they encode fine-grained traces of user behavior



1. INTRODUCTION

over time [32].

A distinctive characteristic of transactional data is their temporal nature.
Rather than isolated samples, transactions form time-dependent sequences,
where each element corresponds to a structured record composed of numerical,
categorical, and often semi-structured attributes (e.g., timestamps, monetary
amounts, transaction types, channels, or merchant information). Figure 1.1
illustrates this perspective, showing an example of a transactional time series
represented as a sequence of tabular rows ordered in time. These sequences
exhibit complex temporal patterns, including periodic behaviors, abrupt regime
changes, and long-range dependencies, all of which are critical for downstream
tasks such as fraud detection, credit risk assessment, customer profiling, and
churn prediction [33, 45].

Historically, the analysis of transactional time series has relied on rule-based
systems and traditional Machine Learning models, most notably tree-based
ensembles such as Random Forests, Gradient Boosting, and their variants [23,
46]. While these methods remain strong baselines, they typically depend on ex-
tensive manual feature engineering and aggregation over fixed temporal windows,
which limits their ability to capture fine-grained temporal dynamics and cross-
feature interactions in an end-to-end manner. Moreover, these approaches do
not naturally scale to representation learning or generative modeling paradigms
[53].

The limited adoption of Deep Learning for time-dependent tabular data is
notaccidental. Unlike images or text, tabular data are inherently heterogeneous,
combining attributes with different semantic meanings, value domains, and sta-
tistical properties [54]. Numerical and categorical features coexist within the
same record, often with highly unbalanced distributions and complex interde-
pendencies. Furthermore, real-world transactional datasets frequently exhibit
variable-length sequences and multi-structure rows, where the set of avail-
able attributes may depend on the type of transaction itself. These characteristics
pose fundamental challenges to standard neural architectures, which are typically
designed for homogeneous and fixed-structure inputs [9].

An additional and crucial aspect is data availability. In the financial domain,
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1.0. INTRODUCTION

Card  Timestamp Amount  Use Chip Merchant Name Merchant City  Merchant State Zip MCC  Errors?
6 2013-09-0507:19  $23.44 Swipe Transaction Applebees Petersburg VA 23803 7832

6 2013-09-05 16:08  $84.80 Online Transaction ~ Frontier Communications ~ ONLINE 4784

6 2013-09-06 10:33  $15.66 Swipe Transaction Green Wholesale Newport News VA 23605 5411 Technical Glitch
6 2013-09-06 14:45  $42.38 Online Tr Frontier Ce ONLINE 4784

6 2013-09-07 10:44  $15.82 Swipe Transaction Barnes & Noble West Covina CA 23605 5541

6 2013-09-08 14:03  $36.75 Online Transaction ~ Frontier Communications ~ ONLINE 4784 Bad CW
6 2013-09-08 09:56  $80.05 Swipe Transaction Chevron Rosemead CA 91772 4111

6 2013-09-0912:34  $223.46  Swipe Transaction Kelly Auto Repair Newport News VA 23606 3393

6 2013-09-10 08:46  $36.43 Online Transaction ~ Frontier Communications ~ ONLINE 4784

6 2013-09-1106:09  $48.07 Swipe Transaction Anwar Grocery Alhambra CA 91801 5411

Figure 1.1: Example of a transactional time series represented as a tabular sequence. Each row cor-
responds to a single transaction event, ordered by time, while columns represent heterogeneous
attributes (numerical, categorical, and temporal). The full table constitutes a variable-length mul-
tivariate time series associated with a single entity.

large-scale transactional datasets are mostly proprietary and subject to strict pri-
vacy and regulatory constraints, which severely limit data sharing and the cre-
ation of public benchmarks [43]. This has historically hindered the development
of large Deep Learning models comparable to those trained on open corpora in
NLP or Computer Vision. At the same time, the growing volume of digital trans-
actions and the increasing computational capabilities of modern hardware have
created unprecedented opportunities for training large models directly within

private, industrial settings [27].

Within this context, there is a strong motivation to develop unified neural
architectures capable of learning expressive representations of heterogeneous,
time-dependent tabular data, leveraging self-supervised learning at scale and
enabling both predictive and generative applications [118]. Such architectures
would not only bridge the gap between structured data and modern Deep Learn-
ing techniques, but also pave the way for foundation models in structured
temporal domains, analogous to those that have revolutionized unstructured
data [19].

This thesis is motivated by the need to address these challenges through a
coherent and scalable Transformer-based framework that unifies representation
learning and data generation for heterogeneous tabular time series, with a partic-

ular focus on real-world financial and transactional data.



1. INTRODUCTION

1.1 DEFINITION OF FOUNDATION MODEL IN THE ] RANS-

ACTIONAL DOMAIN

In this thesis, we use the term foundation model to denote a model that satisfies

the following criteria within the domain of transactional tabular time series:

1. Large-scale self-supervised pre-training on unlabeled raw data, without re-

liance on task-specific annotations;

2. Task-agnostic representations that can be transferred—with limited or no
architectural modification—to multiple downstream tasks (e.g., fraud de-

tection, churn prediction, credit risk);

3. Architectural generality, in the sense that a single pretrained backbone is

reused across tasks and datasets;

4. Demonstrated transfer effectiveness, empirically validated through

improvements over task-specific or non-pretrained baselines.

This definition mirrors core properties of foundation models established in
NLP and vision, while adapting them to the constraints of structured, heteroge-

neous temporal data.

1.2 CHALLENGES OF TIME-DEPENDENT TABULAR DATA

Modeling time-dependent tabular data poses a set of challenges that are substan-
tially different from those encountered in domains traditionally dominated by
Deep Learning, such as text or images [70]. These challenges arise from the in-
trinsic structure of tabular datasets, the nature of temporal dependencies, and
the constraints under which real-world data—especially financial data—are col-
lected and used. Understanding these difficulties is essential to motivate the ar-
chitectural and methodological choices explored throughout this thesis.
Heterogeneity of features is one of the most fundamental obstacles. A sin-

gle tabular record typically consists of attributes with diverse semantic meanings
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1.2. CHALLENGES OF TIME-DEPENDENT TABULAR DATA

and data types. Numerical features, such as transaction amounts or balances, co-
exist with categorical attributes, such as transaction types, channels, or merchant
categories, each characterized by different statistical properties and value distri-
butions [54]. Unlike text, where tokens share a common representation space,
or images, where pixels are homogeneous numerical values arranged on a grid,
tabular features lack a natural, unified representation [99]. This heterogeneity
complicates both the input encoding and the design of learning objectives, as dif-
ferent feature types are often treated with distinct preprocessing pipelines and
loss functions [9].

A second major challenge is the variable-length nature of temporal
sequences. Transactional time series are inherently irregular: different entities
(e.g., bank customers or accounts) may generate vastly different numbers of
events over the same time span, ranging from a handful of transactions per year
to several per day [33]. Moreover, the temporal spacing between consecutive
events is non-uniform, and meaningful patterns may emerge over both short
and long horizons. Many standard neural architectures assume fixed-length
inputs or rely on aggressive truncation and padding strategies, which can lead to
information loss or inefficient representations when applied to real transactional
data [13].

Closely related to sequence length is the problem of temporal dependencies
and long-range interactions. Transactional behaviors often exhibit complex
dynamics, including seasonality, recurring patterns, and abrupt changes driven
by external factors such as economic conditions or life events [22]. Capturing
these dependencies requires models capable of reasoning over long temporal con-
texts and learning interactions not only across time, but also across heteroge-
neous features within and across transactions. Traditional approaches based on
feature aggregation or sliding windows struggle to model such interactions explic-
itly, while recurrent architectures may suffer from scalability limitations when
sequences become long [60].

Another distinctive difficulty arises from the presence of multi-structure
rows. In many real-world scenarios, especially in finance, not all transactions

share the same internal structure. Different transaction types—such as card pay-
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ments, bank transfers, or cash withdrawals—may be described by partially over-
lapping sets of attributes [20]. This variability violates the common assumption
of a fixed schema underlying the entire dataset and makes it difficult to represent
sequences as simple stacks of homogeneous vectors. Effectively handling such
structural variability requires models that can flexibly adapt their representations
while maintaining a coherent temporal embedding space [118].

Beyond modeling challenges, privacy and data availability constraints
play a central role in shaping the landscape of research on time-dependent tabu-
lar data. Financial and transactional datasets are highly sensitive and subject to
strict regulatory frameworks, which severely limit public access and data sharing
[43]. As a consequence, most existing benchmarks are either small-scale, heavily
anonymized, or synthetically generated, and they fail to reflect the complexity
and scale of real industrial data [6]. This scarcity of large, open datasets has
historically slowed progress in representation learning for tabular time series and
has limited the applicability of data-hungry Deep Learning models [53].

Finally, these challenges collectively hinder the emergence of general-
purpose models for structured temporal data. While foundation models have
become a standard paradigm in unstructured domains, their counterparts for
tabular time series remain largely unexplored [19]. Addressing heterogeneity,
temporal structure, and scalability within a unified framework is therefore a
prerequisite for developing models that can be pre-trained once and effectively
transferred across multiple downstream tasks and domains [121].

The remainder of this thesis is structured around addressing these challenges
through unified Transformer-based architectures, self-supervised learning strate-
gies, and generative modeling techniques specifically designed for heterogeneous

and variable-length tabular time series.

1.3 RESEARCH QUESTIONS AND OBJECTIVES

The challenges outlined in Section 1.2 highlight a fundamental gap between the
expressive power of modern Deep Learning models and the structural complexity

of time-dependent tabular data. This gap motivates a set of core research ques-
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1.3. RESEARCH QUESTIONS AND OBJECTIVES

tions that guide the contributions of this thesis and shape its methodological di-
rection.

The first research question concerns representation learning:

How can heterogeneous, time-dependent tabular data be represented in a unified
and expressive latent space using Deep Learning architectures?

Addressing this question requires designing representations that jointly
encode numerical and categorical attributes, accommodate variable-length
sequences, and preserve temporal dependencies without relying on handcrafted
feature engineering. A key objective is to identify architectural principles that
allow heterogeneous transactional records to be embedded into a common
representation space that is both compact and semantically meaningful.

A second research question focuses on self-supervised learning for struc-
tured temporal data:

How can large volumes of unlabeled transactional time series be exploited to
learn transferable representations through self-supervision?

Given the scarcity of labeled data and the abundance of raw transactional
records, an essential objective is to define pre-training strategies that do not
depend on task-specific annotations. This includes investigating masked predic-
tion objectives and training protocols that are compatible with heterogeneous
feature types and temporal structure, enabling the model to capture both
intra-transaction and inter-transaction dependencies.

The third research question addresses scalability and foundation models:

10 what extent can Transformer-based architectures be scaled to millions of real-
world transactions, and can such models act as foundation models for transactional
data?

This question is particularly relevant in industrial settings, where large private
datasets are available but computational efficiency and robustness become criti-
cal. The corresponding objective is to evaluate whether large-scale pre-training
leads to consistent performance improvements across diverse downstream tasks
and whether a single pretrained model can be reused effectively in multiple finan-
cial applications.

Beyond representation learning, this thesis also investigates data generation

7



1. INTRODUCTION

as a complementary and strategically important problem:

How can realistic and temporally coberent tabular time series be generated while
preserving privacy and statistical fidelity?

This question is motivated by the need for privacy-preserving data sharing,
data augmentation, and scenario simulation in sensitive domains such as finance.
The objective is to explore both autoregressive and diffusion-based genera-
tive models capable of producing heterogeneous, variable-length sequences
that closely resemble real transactional behaviors without exposing sensitive
information.

Finally, the thesis seeks to generalize beyond a single application domain:

Can the proposed architectures and methodologies be extended from financial
transactions to general heterogeneous tabular time series?

While finance serves as the primary use case, an overarching objective is to de-
velop models and learning principles that are not domain-specific, but instead
applicable to a broad class of structured temporal datasets, including healthcare
records and industrial monitoring data.

In summary, the main objectives of this thesis are:

* To design unified Transformer-based architectures for representing hetero-

geneous time-dependent tabular data.

* To develop self-supervised learning strategies that leverage large-scale unla-

beled transactional datasets.

To establish large pretrained models as foundation models for structured

temporal domains.

* To extend representation learning frameworks to generative modeling for

privacy-preserving synthetic data generation.

* To demonstrate the generality and effectiveness of the proposed methods

across multiple datasets and tasks.



1.4. MAIN CONTRIBUTIONS

These objectives collectively define a coherent research agenda aimed at bridg-
ing the gap between modern Deep Learning and real-world structured temporal

data.

1.4 MAIN CONTRIBUTIONS

This thesis makes a set of original contributions that jointly advance the state
of the art in representation learning and generative modeling for heteroge-
neous time-dependent tabular data. The contributions are methodological,
architectural, and empirical, and are unified by a common Transformer-based
framework.

Unified representation of heterogeneous tabular time series. The first
core contribution is the introduction of UniTTab, a Transformer architecture
specifically designed to represent heterogeneous tabular time series. UniTTab ad-
dresses the intrinsic heterogeneity of tabular data by jointly modeling numerical
and categorical attributes within a unified embedding space, while explicitly cap-
turing temporal dependencies across transactions. Unlike prior approaches that
rely on discretization or heavy feature engineering, UniTTab adopts dedicated
representations for different feature types and integrates them within a hierar-
chical Transformer architecture, enabling end-to-end learning from raw transac-
tional data.

Self-supervised pre-training for structured temporal data. A second
major contribution is the formulation of a masked token pre-training strategy
tailored to time-dependent tabular data. This strategy extends ideas from self-
supervised learning in NLP and Computer Vision to the structured temporal
domain, introducing masking mechanisms at the feature, row, and timestamp
levels. The resulting pre-training objective allows UniTTab to leverage large vol-
umes of unlabeled transactional data, learning transferable representations that
can be fine-tuned for a wide range of downstream tasks.

Large-scale foundation models for transactional data. This thesis demon-
strates, for the first time, that Transformer-based models can be effectively trained

at scale on millions of real-world bank transactions, providing one of the earliest
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systematic demonstrations that large-scale self-supervised Transformers can act as
foundation models for transactional data. Extensive empirical evaluations show
that large-scale pre-training consistently improves performance across multiple
financial tasks, including fraud detection, credit risk assessment, and churn pre-
diction, outperforming both traditional Machine Learning approaches and prior

Deep Learning models.

Autoregressive generation of transactional time series. Building on the
learned representations, the thesis introduces UniTTab-AR, an autoregressive
Transformer model for generating transactional time series. UniTTab-AR is de-
signed to generate transactions at the feature level while preserving internal con-
sistency across attributes and temporal coherence across the sequence. This con-
tribution enables realistic continuation and synthesis of transactional histories,

providing a practical tool for data augmentation and behavioral simulation.

Diffusion-based generation for heterogeneous time series. To overcome
the limitations of autoregressive generation in terms of diversity and uncon-
ditional sampling, the thesis further introduces BankDiT, a diffusion-based
Transformer architecture for transactional data generation. By combining a vari-
ational latent space with a Diffusion Transformer backbone, BankDiT enables
high-diversity, privacy-preserving generation of variable-length transactional

sequences, conditioned or unconditioned on customer attributes.

Generalization to tabular time series beyond finance. Finally, the the-
sis generalizes the diffusion-based approach to broader structured temporal do-
mains through TabDiT, a Diffusion Transformer architecture for general het-
erogeneous tabular time series. TabDiT introduces architectural and representa-
tional innovations that allow it to handle variable-length sequences and complex
feature spaces, achieving state-of-the-art performance across multiple public data-
sets and establishing diffusion models as a viable paradigm for tabular time series

generation.

Together, these contributions define a coherent framework that unifies rep-
resentation learning, large-scale pre-training, and generative modeling for struc-

tured temporal data.
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EVIDENCE SCOPE AND REPRODUCIBILITY The empirical evidence support-
ing this thesis is drawn from a combination of publicly available benchmarks
and large-scale proprietary transactional datasets. Public datasets (e.g., Pollution,
Transaction, PKDID’99, Age2) are used to establish reproducibility and compara-
bility with prior work. Proprietary banking datasets are used to evaluate scalabil-
ity, long-horizon modeling, and industrial realism. Claims related to large-scale
pre-training, model capacity, and real-world deployment should therefore be in-
terpreted as demonstrated within private industrial settings, rather than as fully

reproducible public benchmarks.

POSITIONING RELATIVE TO CLOSEST PRIOR WORK  Prior Transformer-based
approaches to tabular or transactional data (e.g., TabBERT, LUNA, REaLTab-
Former) explore isolated aspects of representation learning or generation, typi-
cally under supervised, small-scale, or task-specific settings. In contrast, this the-

sis differs along three dimensions:

i. the consistent use of large-scale self-supervised pre-training as the primary

learning signal;

ii. the reuse of a single pretrained backbone across multiple discriminative

and generative tasks;

iii. empirical validation on long, heterogeneous, real-world transactional se-

quences exceeding the scale of prior published studies.

These differences motivate the interpretation of the proposed models as

foundation-style architectures under the definition adopted in this work.

1.5 THESIS ORGANIZATION

The remainder of this thesis is organized as follows.
Chapter 2 reviews the background and related work on modeling tabular data

as multivariate time series. It covers traditional Machine Learning approaches
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for transactional data, early Deep Learning methods for tabular inputs, and re-
cent Transformer-based architectures. Particular attention is devoted to tabular
Transformers, autoregressive generative models, and the limitations of existing
approaches, highlighting the research gaps that motivate this work.

Chapter 3 introduces the formal problem formulation and the methodolog-
ical framework adopted throughout the thesis. It defines heterogeneous tabular
time series, distinguishes representation learning from generative modeling,
discusses self-supervised learning strategies for structured temporal data, and
presents the evaluation protocols and metrics used in subsequent chapters.

Chapter 4 presents UniT'Tab, a unified Transformer-based architecture for
representing heterogeneous, time-dependent tabular data. The chapter details
the model design, including feature representations, hierarchical attention mech-
anisms, and the self-supervised masked pre-training strategy, and reports experi-
mental results on representation learning tasks.

Chapter 5 focuses on the application of Deep Learning models to real-world
bank transactional data. Building on UniTTab, this chapter introduces a large-
scale Transformer-based foundation model trained on extensive transactional da-
tasets and evaluates its effectiveness across multiple downstream financial tasks.

Chapter 6 further investigates large-scale Transformer models for transac-
tional data, emphasizing scalability, long and variable-length sequences, and
large-scale pre-training. The chapter analyzes the behavior of these models in
realistic banking scenarios and reports extensive experimental results.

Chapter 7 addresses the generative modeling of tabular time series. It intro-
duces autoregressive Transformer-based generation for transactional data and ex-
plores diffusion-based generative models, comparing their strengths and limita-
tions in terms of realism, diversity, and temporal coherence.

Chapter 8 generalizes the diffusion-based approach to heterogeneous tabu-
lar time series beyond the financial domain. It introduces TabDiT, a Diffusion
Transformer architecture designed for mixed numerical and categorical features
and variable-length sequences, and presents state-of-the-art experimental results
on multiple datasets.

Chapter 9 discusses practical applications, limitations, ethical considerations,
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and future research directions. It examines the implications of the proposed
framework for financial applications, privacy-preserving analytics, and respon-
sible deployment of large-scale models.

Chapter 10 concludes the thesis by summarizing the main contributions
and providing final remarks on the broader impact of unified Transformer-based

models for structured temporal data.
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Background

2.1 TaBULAR DATA AS MULTIVARIATE TIME SERIES

Tabular data are traditionally modeled as collections of independent samples,
where each row represents an observation described by a fixed set of attributes.
This assumption underlies most classical Machine Learning methods for struc-
tured data, including linear models and tree-based ensembles. However, in many
real-world applications, tabular records are not independent, but instead form
temporally ordered sequences whose structure and dynamics carry essential
information. In such cases, tabular datasets are more accurately described as
multivariate time series.

A multivariate time series consists of an ordered sequence of observations in-
dexed by time, where each observation is a vector of multiple variables. Transac-
tional data naturally fit this definition: each transaction corresponds to a times-
tamped multivariate observation, and the full transaction history of an entity—
such asabank account or a customer—forms a time series. Unlike classical sensor-
based time series, however, transactional data exhibit several distinctive character-
istics that complicate their modeling.

First, transactional time series are typically event-driven rather than regu-
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larly sampled. Transactions occur at irregular intervals, and the temporal dis-
tance between consecutive events can range from seconds to months. This ir-
regularity makes standard time series models based on fixed sampling rates, such
as autoregressive integrated moving average (ARIMA) models [22], less suitable
without significant preprocessing or aggregation.

Second, each time step in a transactional time series is itself a structured ob-
ject rather than a single numerical measurement. A transaction is composed of
heterogeneous attributes, including numerical values (e.g., amounts), categori-
cal variables (e.g., transaction type or channel), and composite fields (e.g., times-
tamps decomposed into calendar components). This contrasts with traditional
multivariate time series, where each dimension typically corresponds to a homo-
geneous numerical signal.

Third, transactional time series are often entity-specific and variable in
length. Different entities generate sequences of different lengths depending
on their behavior, lifecycle, and usage patterns. As a result, datasets consist
of collections of sequences with highly variable temporal horizons, which
complicates batch processing and model training.

From a modeling perspective, treating tabular data as multivariate time series

requires jointly capturing two levels of dependencies:

(i) intra-record dependencies, describing relationships among attributes

within a single transaction, and

(ii) inter-record dependencies, describing temporal relationships across

transactions in the sequence.

Many traditional approaches address these two aspects separately, for instance
by summarizing temporal information through handcrafted aggregates before
applying static models. While effective in practice, this strategy discards fine-
grained temporal information and limits the expressiveness of the learned rep-
resentations.

Recent advances in Deep Learning have renewed interest in modeling tabular
data as sequences, leveraging architectures originally developed for sequential do-
mains. Recurrent Neural Networks (RNNs) [39] and Long Short-Term Mem-
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ory (LSTM) networks [60] have been applied to transactional sequences, but
they often struggle with long-range dependencies and scalability when sequences
become long or when the dimensionality of each time step increases. Moreover,
these models typically assume homogeneous numerical inputs, making them less
suited to heterogeneous tabular data without extensive preprocessing.

Transformer-based architectures [109] offer a promising alternative due to
their ability to model long-range dependencies through attention mechanisms
and their flexibility in handling variable-length sequences. However, directly
applying Transformers to tabular time series is non-trivial, as it requires defining
appropriate representations for heterogeneous features and adapting attention
mechanisms to structured inputs. These challenges motivate the development
of specialized Transformer architectures that explicitly treat tabular data as
multivariate time series while preserving their internal structure.

This perspective—viewing tabular datasets as collections of heterogeneous
multivariate time series—provides the conceptual foundation for the approaches
reviewed in the remainder of this chapter and for the unified frameworks pro-

posed in this thesis.

2.2 TRADITIONAL APPROACHES FOR TRANSACTIONAL

DaTa

Before the recentinterest in Deep Learning architectures, transactional and finan-
cial time series were predominantly analyzed using traditional Machine Learn-
ing and statistical approaches. These methods remain widely adopted in in-
dustry due to their robustness, interpretability, and relatively low computational
requirements. However, they rely on strong modeling assumptions and extensive
manual feature engineering, which limit their expressiveness when dealing with

complex temporal and heterogeneous data.

FEATURE ENGINEERING At the core of traditional approaches lies feature en-
gineering, which aims to transform raw transactional data into a fixed-size vector

representation suitable for static Machine Learning models. This process typi-
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cally involves aggregating transactions over predefined temporal windows—such
as days, weeks, or months—and computing summary statistics, including counts,
averages, variances, extrema, and ratios. For example, common features include
total spending in the last three months, average transaction amount, or frequency
of specific transaction categories.

In this context, libraries such as tsfresh [31] have been proposed to partially au-
tomate the feature engineering process for time-series data. Tsfresh systematically
extracts a large number of descriptive features from temporal signals by comput-
ing a comprehensive set of statistical, frequency-domain, and complexity-based
characteristics, such as autocorrelations, Fourier coefficients, entropy measures,
and distributional properties. The extracted features are computed over fixed
windows and then optionally filtered through relevance tests to retain only those
that are statistically significant for a given prediction task.

While aggregation-based and tsfresh-style features can capture coarse temporal
patterns and summary characteristics of transaction histories, they inevitably lead
to a loss of temporal resolution. Fine-grained ordering information and short-
term behavioral changes are often smoothed out, making it difficult to detect
subtle or abrupt pattern shifts. Moreover, despite the automation introduced
by tsfresh, the resulting feature representations remain static and window-based,
and the approach still relies on predefined feature calculators and assumptions
about relevant temporal scales.

Another limitation of handcrafted and automatically extracted features is
their limited adaptability. Once the feature set is defined or selected, it remains
fixed regardless of changes in the downstream task or data distribution. As a
result, traditional pipelines, even when supported by libraries such as tsfresh,
struggle to flexibly adapt to new prediction objectives or evolving behavioral

dynamics without significant reconfiguration.

TREE-BASED MODELS Among traditional Machine Learning methods, tree-
based ensemble models have become the dominant approach for transactional
data analysis. Algorithms such as Random Forests [23], Gradient Boosted De-
cision Trees [47], XGBoost [26], LightGBM [65], and CatBoost [87] are partic-
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ularly effective at handling heterogeneous feature types and non-linear interac-
tions. Their ability to work directly with mixed numerical and categorical inputs,

often with minimal preprocessing, makes them attractive for tabular datasets.

In financial applications, tree-based models have been successtully applied to
tasks such as fraud detection, credit scoring, and customer segmentation. They
offer strong predictive performance on small to medium-sized datasets and pro-
vide a degree of interpretability through feature importance measures and deci-

sion paths. For these reasons, they are often considered industry standards.

However, tree-based models exhibit several fundamental limitations when ap-
plied to time-dependent transactional data. First, they do not naturally model
sequential dependencies. Temporal information must be encoded indirectly
through engineered features, which restricts the model’s ability to learn complex
temporal dynamics. Second, these models operate on fixed-size inputs and there-
fore cannot natively handle variable-length sequences. Third, their representa-
tional capacity does not improve significantly with increasing dataset size, unlike

Deep Learning models, whose performance often scales with data volume.

LimiTATIONS OF TRADITIONAL PArRADIGMS Overall, traditional ap-
proaches to transactional data analysis are characterized by a two-stage
pipeline, where feature extraction and model learning are decoupled. While this
paradigm has proven effective in practice, it limits end-to-end optimization and
prevents the model from learning task-specific representations directly from raw
data. Furthermore, these methods are not well suited to representation learning
or generative modeling, both of which are increasingly important for tasks such

as transfer learning, data augmentation, and privacy-preserving data synthesis.

These limitations have motivated the exploration of Deep Learning models for
transactional data, with the goal of learning rich, task-agnostic representations
directly from heterogeneous time-dependent tabular inputs. The following sec-
tions review these approaches, starting from early Deep Learning methods for

tabular data and progressing toward Transformer-based architectures.
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2.3 DEEP LEARNING FOR TABULAR DATA

The limitations of traditional Machine Learning pipelines have motivated
increasing interest in applying Deep Learning models to tabular data. The
central promise of Deep Learning in this context is the ability to learn task-
specific and transferable representations directly from raw inputs, reducing the
reliance on manual feature engineering and enabling end-to-end optimization.
However, extending Deep Learning to tabular data has proven significantly

more challenging than in unstructured domains.

2.3.1 NUMERICAL VS. CATEGORICAL REPRESENTATIONS

One of the main difficulties lies in the representation of heterogeneous fea-
tures. Categorical attributes are naturally compatible with neural architectures
through embedding layers, which map discrete tokens into continuous vector
spaces. This strategy, widely adopted in recommender systems and NLP-inspired
models [54], allows the network to learn semantic relationships among categories
and has become a standard practice for categorical fields.

In contrast, numerical features do not admit a universally optimal rep-
resentation. A common approach consists in normalizing numerical values
and feeding them directly as scalar inputs to neural networks. While simple
and computationally efficient, this approach implicitly assumes that numerical
variables are well-behaved, approximately symmetric, and linearly separable after
normalization. In practice, these assumptions rarely hold. Real-world tabular
data—especially in financial and transactional domains—are characterized by
highly skewed, heavy-tailed, and non-stationary numerical distributions, as well
as complex interactions with categorical attributes. Under these conditions,
scalar representations tend to collapse most values into narrow regions of the
input space, limiting the network’s ability to discriminate between semantically
distinct regimes and to model non-linear cross-feature dependencies. This
representational weakness has been identified as a key factor behind the inferior
performance of standard neural networks on tabular data compared to tree-based

models ([21, 118]). Recent work such as [76] further shows that richer numerical

20



2.3. DEEP LEARNING FOR TABULAR DATA

encodings are required to overcome the low-frequency bias of deep networks
and to effectively capture the structure of heavy-tailed numerical features.

Alternative approaches discretize numerical values into bins and treat them
as categorical tokens, enabling a uniform token-based representation [117]. How-
ever, discretization inevitably introduces quantization errors and may obscure
fine-grained information that is crucial in domains such as finance.

Several works have proposed hybrid architectures that process numerical and
categorical features through separate subnetworks before combining them [29].
While this mitigates some representational issues, it introduces architectural com-
plexity and often requires careful tuning of loss functions and feature scaling
strategies. As a result, no consensus has emerged on a principled and unified way

to represent heterogeneous tabular features within Deep Learning models.

2.3.2 LiMITATIONS OF EX1STING DEEP LEARNING APPROACHES

Early Deep Learning models for tabular data typically rely on Multilayer Percep-
trons (MLPs) augmented with embedding layers for categorical features. While
these models can capture non-linear feature interactions, empirical studies have
shown that they often underperform tree-based ensembles on small and medium-
sized tabular datasets [97]. This observation has led to the widespread belief that
Deep Learning is inherently less suited to tabular data.

More recent approaches attempt to close this gap by introducing architectural
inductive biases tailored to tabular inputs. These include attention mechanisms
over features [9], feature-wise gating, and hybrid models combining neural net-
works with decision tree structures [68]. Although such methods improve per-
formance in some settings, they often remain focused on static tabular data,
treating each row as an independent sample and ignoring temporal dependen-
cies.

A further limitation is that many Deep Learning models for tabular data are
trained in a fully supervised manner, which restricts their applicability when la-
beled data are scarce or expensive to obtain. In contrast to NLP and Computer

Vision, where self-supervised pre-training has become a cornerstone of represen-
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tation learning [35], analogous paradigms for tabular data are still emerging and

lack standardization.

2.3.3 TOWARD SEQUENTIAL AND SELF-SUPERVISED MODELS

The recognition that tabular data often exhibit temporal structure has prompted
efforts to extend Deep Learning models to tabular time series. Recurrent ar-
chitectures and temporal convolutional networks have been applied with mixed
success [13], but they struggle to scale to long sequences and to integrate hetero-
geneous features effectively.

Transformer-based models ofter a compelling alternative due to their flexibil-
ity and scalability, but their success depends critically on the definition of suit-
able input representations and training objectives. In particular, adapting self-
supervised learning techniques—such as masked prediction—to heterogeneous
tabular data requires rethinking how tokens, masks, and targets are defined across
numerical and categorical domains [62].

These challenges have given rise to a growing body of work on tabular Trans-
formers, which aim to bridge the gap between structured data and modern se-
quence modeling architectures. The following section reviews these approaches

with a focus on multivariate and time-dependent tabular data.

2.4 TABULAR TRANSFORMERS FOR MULTIVARIATE

TIME SERIES

The introduction of the Transformer architecture has marked a turning point in
sequence modeling, enabling the effective learning of long-range dependencies
through attention mechanisms. Originally developed for Natural Language Pro-
cessing, Transformers have since been successfully adapted to other sequential
domains, including vision, audio, and time series [109]. This success has natu-
rally motivated their application to tabular data, particularly when such data
exhibit temporal dependencies.

In the context of multivariate time series, Transformers offer two key advan-
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tages over recurrent and convolutional architectures. First, self-attention allows
directinteractions between any pair of time steps, making it easier to capture long-
term dependencies without the vanishing gradient issues that affect recurrent
models. Second, Transformers can process variable-length sequences efficiently
and are well suited to large-scale parallel training.

However, applying Transformers to tabular time series is not straightfor-
ward. A naive approach consists in encoding each tabular row into a single
fixed-dimensional vector by concatenating the representations of all its features,
and then modeling the resulting sequence as a standard multivariate time series.
While simple, this flattening strategy discards the internal structure of each row
and fails to distinguish between heterogeneous feature types. All attributes are
treated as homogeneous dimensions of a vector, despite their different semantic
roles and statistical properties. As a consequence, the model is not explicitly
encouraged to capture intra-row dependencies among features, nor to separate
them from temporal dependencies across rows.

To address this limitation, several works have proposed feature-aware Trans-
former architectures, in which attention is applied not only across time steps
but also across features [102]. These models treat each feature as a token and al-
low the network to learn interactions between attributes within a single record.
While effective for static tabular data, extending this paradigm to time-dependent
scenarios leads to very long token sequences, as both the temporal and feature di-
mensions must be jointly represented. This raises scalability issues and increases
the computational cost of self-attention.

An alternative and increasingly popular strategy is the adoption of hierarchi-
cal Transformer architectures. In this paradigm, each tabular row is first en-
coded into a compact representation using a local Transformer or feature-level en-
coder. These row-level embeddings are then fed into a second Transformer that
models temporal dependencies across the sequence [72]. This two-level structure
mirrors successful designs in other domains, such as video modeling, where spa-
tial and temporal dimensions are processed separately. Hierarchical Transform-
ers provide a natural way to balance expressiveness and scalability, while preserv-

ing the internal structure of tabular records.
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Despite these advances, most existing tabular Transformer models make sim-
plifying assumptions that limit their applicability to real-world transactional data.
In particular, many approaches assume a fixed schema shared by all rows and
rely on discretization of numerical features to define a common token vocabu-
lary [62]. While this simplifies the modeling problem, it introduces information
loss and restricts the ability of the model to handle multi-structure rows, where
different time steps may be described by different sets of attributes.

Moreover, the majority of tabular Transformer models are designed for dis-
criminative tasks, such as classification or regression, and are trained in a su-
pervised or weakly supervised fashion. As a result, they do not fully exploit the
potential of self-supervised pre-training on large unlabeled datasets, nor do they
naturally extend to generative modeling tasks [9].

These limitations highlight the need for Transformer architectures that are ex-
plicitly designed for heterogeneous, time-dependent tabular data, capable of sup-
porting both large-scale self-supervised learning and downstream discriminative
or generative objectives. The next sections review complementary approaches
that introduce architectural augmentations, language-inspired interfaces, and au-

toregressive modeling strategies for tabular data.

2.5 ATTENTION-AUGMENTED CONVOLUTIONAL

TRANSFORMERS FOR TABULAR TIME SERIES

In parallel with the development of pure Transformer-based architectures, a line
of research has explored hybrid models that combine attention mechanisms
with convolutional operations for modeling time-dependent tabular data. These
approaches are motivated by the complementary strengths of convolutional and
attention-based models: convolutions are effective at capturing local patterns
and short-term dependencies, while attention mechanisms enable global context
modeling and long-range interactions.

In the context of time series analysis, convolutional neural networks (CNNs)
have been widely adopted due to their ability to extract temporal features through

sliding kernels and hierarchical receptive fields. Temporal Convolutional Net-
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works (TCNs), in particular, have demonstrated strong performance on a variety
of sequence modeling tasks, benefiting from causal convolutions and dilation
strategies to increase the temporal receptive field [13]. However, convolution-
based models rely on fixed local neighborhoods and struggle to adaptively focus
on non-local dependencies that may be critical in transactional data.

Attention-augmented convolutional models aim to address this limitation by
integrating self-attention layers within or alongside convolutional blocks. In
tabular time series settings, this typically involves using convolutions to process
numerical signals or aggregated features over time, while attention mechanisms
reweight temporal positions or feature channels based on their relevance to the
task [72]. This hybrid design allows the model to capture both local temporal
regularities and global behavioral patterns.

Several works adopt attention-augmented convolutions to improve in-
terpretability and performance in multivariate time series forecasting and
classification [88]. In these models, attention scores can highlight which time
steps or features contribute most to the prediction, offering insights into
temporal dynamics. However, such approaches often assume homogeneous
numerical inputs and are primarily designed for regularly sampled signals, such
as sensor measurements or energy consumption data.

When applied to heterogeneous tabular time series, attention-augmented con-
volutional models face significant challenges. Convolutions are not naturally
suited to handle categorical variables or mixed feature types, and extending them
to operate over complex tabular schemas typically requires substantial prepro-
cessing and feature transformation. As a result, these models often rely on prior
aggregation or embedding steps that reduce the original tabular structure to a
homogeneous numerical representation.

Moreover, hybrid convolution-attention architectures are usually developed
for task-specific supervised learning, such as forecasting or anomaly detection,
and do not readily generalize to self-supervised or generative settings. Their archi-
tectural design is closely tied to the target task and input format, limiting their
flexibility and reusability across domains.

In summary, attention-augmented convolutional Transformers represent an
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important step toward richer temporal modeling, but their reliance on homo-
geneous inputs and task-specific design makes them less suitable for end-to-end
representation learning on heterogeneous, variable-structure tabular time series.
These limitations further motivate the exploration of fully attention-based archi-
tectures that can directly operate on structured tabular data without extensive

manual preprocessing.

2.6 LANGUAGE UNDERSTANDING WITH NUMBER AUG-

MENTATIONS ON TRANSFORMERS

A complementary line of research relevant to tabular data modeling originates
from the field of Natural Language Processing, where significant effort has
been devoted to improving the numerical reasoning capabilities of Transformer-
based language models. While these approaches are not designed specifically for
tabular time series, they provide valuable insights into how numerical informa-
tion can be integrated into token-based architectures originally conceived for cat-
egorical data.

Standard language models, such as BERT or GPT, treat numbers as atomic to-
kens or sequences of characters [35, 24]. This representation is often inadequate
for tasks that require numerical understanding, as it fails to capture magnitude,
ordering, and arithmetic relationships. To address this limitation, several works
have proposed number-aware or number-augmented Transformers, intro-
ducing specialized embeddings or encoding schemes that enrich the representa-
tion of numerical values [110, 105].

Formally, given a base token embedding e, € R%and a numerical value o, the

augmented representation can be written as

e =e® (),

where ¢(v) € RFis a numerical feature mapping (e.g., raw value, log-
magnitude, sign), and ©denotes concatenation or linear fusion. This approach

injects quantitative information directly into the embedding space while main-
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taining compatibility with the Transformer architecture. Empirical results show
that number-aware models improve performance on tasks involving numerical

comparison, estimation, and reasoning [28].

Some works extend these ideas to semi-structured inputs, such as tables
or key—value pairs, by linearizing tabular data into textual sequences and feed-
ing them to pretrained language models [57]. In this setting, each row or cell is
converted into a textual prompt that includes both attribute names and values.
While this strategy enables the reuse of large pretrained language models, it intro-

duces several limitations when applied to time-dependent tabular data.

First, textual linearization does not scale well to large datasets or long se-
quences. Transactional time series may consist of hundreds of records, each with
multiple attributes, quickly exceeding the maximum input length of language
models. Second, domain-specific tabular attributes and categorical values often
contain abbreviations or codes that are poorly represented in the pre-training
corpora of language models, leading to out-of-distribution inputs and degraded
performance. Third, textual representations obscure the inherent structure of
tabular data, forcing the model to implicitly rediscover relationships that are

explicit in the original schema.

Moreover, number-augmented language models are primarily designed
for discriminative reasoning tasks and are rarely evaluated in large-scale
self-supervised or generative settings involving structured temporal data. While
they demonstrate that Transformers can be extended to handle numerical
information more effectively, they do not provide a complete solution for
heterogeneous tabular time series, where numerical and categorical features

coexist at scale and temporal coherence is essential.

Opverall, research on numerical augmentation in language models highlights
both the potential and the limitations of adapting NLP-centric architectures
to structured data. These insights reinforce the need for domain-specific
Transformer designs that treat tabular data as first-class structured objects, rather

than as approximations of natural language.
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2.7 AUTOREGRESSIVE TRANSFORMER MODELS FOR

TABULAR DATA GENERATION

Beyond discriminative tasks, an important research direction concerns the gen-
erative modeling of tabular data, with the goal of synthesizing realistic sam-
ples that preserve the statistical properties of the original dataset. In sensitive do-
mains such as finance, data generation plays a crucial role in privacy preservation,
data augmentation, and stress testing. Among generative paradigms, autoregres-
sive (AR) Transformer models have emerged as a natural extension of language
modeling techniques to structured data.

Autoregressive models factorize the joint probability distribution of a data
sample into a product of conditional distributions, generating one token ata time
conditioned on previously generated tokens. When applied to tabular data, this
approach typically requires defining a linear ordering over fields and converting
each row into a sequence of tokens. Numerical features are often discretized or
transformed into categorical representations to fit this framework, allowing the
model to treat all attributes uniformly [111].

Early autoregressive approaches demonstrated that Transformers can learn
complex inter-feature dependencies and generate coherent tabular rows [41].
When extended to time-dependent scenarios, autoregressive models can generate
entire sequences by conditioning each new row on the previously generated
ones, thus capturing temporal dynamics. This paradigm is particularly ap-
pealing because it naturally supports variable-length sequences and explicit
conditioning.

Despite these advantages, autoregressive generation exhibits several well-
known limitations when applied to tabular and time-dependent data. First,
the generation process is inherently sequential, as each token depends on all
previously generated tokens. This leads to high inference latency and poor
scalability when generating long sequences or large synthetic datasets, which is
especially problematic in industrial settings.

Second, autoregressive models often sufter from limited diversity in uncon-

ditional generation scenarios, a limitation that is closely related to inference-time
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decoding strategies rather than to the learned model alone. In autoregressive gen-
eration, each token is produced by sampling from the conditional distribution
p(x: | x<;),and the overall diversity of the generated samples depends not only on
the learned model but also on how this distribution is decoded at inference time.
When deterministic decoding strategies such as greedy decoding are adopted—
i.e., selecting the token with maximum probability at each step—the generation
process becomes fully deterministic [106]. As a result, given the same initial con-
ditions, the model will always produce the same output sequence, leading to zero
sample diversity.

To mitigate this issue, stochastic decoding methods based on sampling (e.g.,
multinomial sampling, temperature scaling, top-£, or nucleus sampling) are com-
monly employed [44, 61]. These techniques introduce randomness into the gen-
eration process and can substantially increase output variability. However, in the
absence of an external conditioning signal—such as an input sequence, context,
or control variables—the diversity achieved by autoregressive models remains in-
trinsically constrained. Even under stochastic sampling, the model tends to con-
centrate probability mass around high-frequency patterns observed during train-
ing, repeatedly generating variations of dominant modes of the data distribution
[42].

In contrast, alternative generative paradigms such as diffusion models natu-
rally promote higher diversity in unconditional generation [58]. Diffusion-based
models generate samples by starting from an initial latent variable X7-drawn from
a fully random noise distribution and progressively transforming it into a data
sample through a stochastic denoising process [104]. Because each generation
begins from an independent random initialization, diffusion models can explore
a wider range of modes in the data distribution, leading to increased sample di-
versity. Overall, this highlights that generative diversity is not solely a property
of the model architecture, but also a consequence of the underlying generative
process and, crucially, of the sampling strategy employed at inference time [66].

A turther limitation concerns the treatment of numerical attributes. Repre-
senting numerical values through discretization or digit-level tokenization can

lead to long token sequences and cumulative error propagation during genera-

29



2. BACKGROUND

tion. Small errors in early digits or bins may amplify across time steps, degrading
the realism and stability of generated sequences, particularly in long-horizon gen-
eration tasks.

Overall, autoregressive Transformer models constitute a strong and well-
established baseline for tabular data generation, offering explicit control over the
generation process and strong guarantees in terms of feature-level consistency
and conditional modeling. However, they also present inherent limitations
related to inference efficiency, numerical robustness, and sample diversity,
particularly in unconditional generation settings. These limitations arise from
the sequential nature of autoregressive decoding, the sensitivity to tokenization
choices for numerical attributes, and the dependence of generation diversity on
inference-time sampling strategies. As a result, while autoregressive models are
effective in scenarios with strong conditioning signals or well-defined generation
constraints, their ability to produce diverse and scalable synthetic tabular
sequences remains intrinsically bounded in the absence of explicit conditioning

information.

271 REALTABFORMER: GENERATING REALISTIC RELATIONAL
AND TABULAR DATA USING TRANSFORMERS

REalTabFormer is one of the most influential autoregressive Transformer mod-
els for tabular data generation [101]. The model is designed to generate both
single-table and relational datasets by factorizing the joint distribution of rows
and attributes in an autoregressive manner. Each row is represented as a sequence
of tokens corresponding to individual fields, and numerical values are typically
encoded as sequences of digits to enable lossless reconstruction.

A distinctive aspect of REaLTabFormer is its ability to perform conditional
generation. In relational settings, a parent table—describing entity-level
attributes—is used to condition the generation of child tables, such as transac-
tion histories associated with a specific customer. This design makes the model
particularly suitable for structured data generation scenarios where contextual

information is available.
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When extended to time series, REal.TabFormer can generate transactional se-
quences conditioned on entity attributes, capturing both inter-row and inter-
feature dependencies. However, its autoregressive nature imposes practical con-
straints. The digit-based representation of numerical features leads to long token
sequences, increasing computational complexity and amplifying error propaga-
tion during generation. Moreover, the model is primarily evaluated on relatively
short sequences and moderate-sized datasets, limiting its scalability to industrial-
scale transactional data.

From a methodological perspective, REaLTabFormer highlights both the
strengths and the limitations of autoregressive Transformers for tabular data.
While it demonstrates that coherent and conditionally consistent tabular se-
quences can be generated, it also exposes challenges related to efficiency, diversity,

and numerical robustness that motivate alternative generative paradigms.

2.8 SuMMARY OF RELATED WORK AND RESEARCH

GaApPs

This chapter has reviewed the main strands of research related to the modeling
of heterogeneous tabular data and time-dependent transactional sequences, high-
lighting both the progress achieved and the limitations of existing approaches.
Taken together, the literature reveals a fragmented landscape in which different
methods address isolated aspects of the problem, but few provide a unified and
scalable solution.

Traditional Machine Learning approaches, particularly feature engineering
pipelines combined with tree-based models, remain strong baselines for transac-
tional data analysis. Their robustness and interpretability make them appealing
in practice, but their reliance on handcrafted features and static representations
limits their ability to capture fine-grained temporal dynamics and complex
cross-feature interactions. Moreover, these methods do not naturally extend to
representation learning or generative modeling.

Early Deep Learning approaches for tabular data improve representational

flexibility but struggle to consistently outperform tree-based models, especially
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on small and medium-sized datasets [97]. A central challenge lies in the lack of
a principled and unified representation for numerical and categorical features.
Many models either treat numerical features as raw scalars—losing expressive
power—or discretize them, introducing quantization artifacts and information
loss.

Transformer-based architectures offer a promising direction for modeling
multivariate time series, thanks to their ability to capture long-range dependen-
cies and handle variable-length sequences [109]. However, most existing tabular
Transformers are designed for static data or assume a fixed schema shared by all
rows. Feature-wise attention models face scalability issues, while hierarchical
Transformers often rely on simplifying assumptions, such as homogeneous row
structures or full discretization of numerical values [62].

Hybrid architectures combining attention and convolution improve local
temporal modeling but are generally tailored to homogeneous numerical signals
and supervised tasks [13]. Similarly, language-inspired approaches that linearize
tabular data into textual prompts benefit from pretrained language models but
do not scale to long sequences, domain-specific vocabularies, or large datasets,
and they obscure the inherent structure of tabular data [S7].

In the generative domain, autoregressive Transformer models demonstrate
that it is possible to synthesize realistic tabular rows and sequences while pre-
serving feature-level consistency [101]. Nevertheless, autoregressive generation
suffers from efficiency limitations, reduced diversity in unconditional settings,
and numerical robustness issues, particularly when digit-based representations
are used. These limitations become increasingly severe when scaling to long,
heterogeneous time series.

Across all these approaches, several research gaps emerge clearly:

* Lack of a unified representation for heterogeneous time series, capa-
ble of jointly encoding numerical and categorical features without heavy

discretization or handcrafted preprocessing.

* Insufficient handling of multi-structure rows, where the set of avail-

able attributes may vary across time steps within the same sequence.
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* Limited exploitation of self-supervised learning, despite the abun-
dance of unlabeled transactional data and the success of pre-training

paradigms in unstructured domains [35].

* Scalability constraints, which hinder the development of large pre-
trained models for tabular time series comparable to foundation models

in NLP or Computer Vision.

* Limitations of autoregressive generation, including inefficiency and
lack of diversity, and the near absence of diffusion-based approaches for

heterogeneous tabular time series.

In light of the reviewed literature, none of the existing approaches fully sat-
isfy all criteria of a foundation model as defined in Section 1.1 (large-scale self-
supervised pre-training, task-agnostic transfer, architectural reuse, and empiri-
cally demonstrated cross-task effectiveness).

These gaps motivate the research agenda pursued in the remainder of this the-
sis. In the next chapter, we formally define the problem of heterogeneous tabular
time series and introduce the methodological framework adopted to address both
representation learning and generative modeling within a unified Transformer-

based paradigm.
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Problem Formulation and

Methodological Framework

3.1 ForMAL DEFINITION OF HETEROGENEOUS TABU-

LAR TIME SERIES

This thesis focuses on the modeling, representation, and generation of heteroge-
neous time-dependent tabular data, with particular emphasis on transactional
and financial datasets. To establish a precise and general framework, we begin by
introducing a formal definition of the data structures considered throughout this
work.

Let A = {a1,42, ..., ax} denote a finite set of attributes describing a tabular
record. Each attribute 4 is associated with a domain Dy, which may be categori-
cal (finite and discrete) or numerical (continuous or discrete-valued). A tabular

row 7 is defined as an ordered tuple

r=(v1,02,...,05), 00 € Dy,

where each value vy, corresponds to the attribute 4.
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A heterogeneous tabular time series is a temporally ordered sequence of

tabular rows:

X = (Vl,Vz,...,VT),

where T'denotes the sequence length and each row 7, is associated with a times-
tamp #. In general, 7 is variable across sequences, reflecting the irregular and
entity-specific nature of real-world transactional data.

Unlike classical multivariate time series, where each time step is represented by
a homogeneous numerical vector of fixed dimensionality, heterogeneous tabular

time series exhibit several distinctive properties:

1. Feature heterogeneity: Each row combines numerical and categorical

attributes with different statistical and semantic properties.

2. Irregular temporal structure: Observations are event-driven rather
than regularly sampled, and temporal gaps between consecutive rows are

non-uniform.

3. Variable-length sequences: Different entities generate sequences of dif-

ferent lengths, often spanning multiple temporal scales.

4. Multi-structure rows: In some datasets, the effective schema of a row
may depend on its semantic type, leading to partially observed or struc-

turally variable records.

We assume access to a dataset X' = {x(l) A2 W) }, where each element
corresponds to the time series associated with a distinct entity, such as a customer,
account, or patient. The dataset is assumed to be sampled from an unknown
data-generating distribution p(x).

In addition to the primary time series, some applications involve an associated
parent table or contextual table PP, where each entity is described by a static

tabular row

= (w,wa,...,wy),
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containing attributes that influence the generation or interpretation of the
corresponding time series. Examples include demographic information for cus-
tomers or metadata describing an industrial system. This structure naturally gives
rise to conditional modeling tasks, where the goal is to model p(x | #) rather
than the marginal distribution p(x). Figure 3.1 provides a schematic representa-
tion of this relational setting, illustrating the association between entities in the
parent table and their corresponding heterogeneous tabular time series.

Within this formal setting, the problems addressed in this thesis can be broadly

categorized into two complementary tasks:

* Representation learning, where the objective is to learn a function f3
that maps a heterogeneous tabular time series x (or its components) into
a latent representation suitable for downstream tasks. In this thesis, we
mainly focus on discriminative downstream tasks, where the learned rep-
resentations are evaluated through supervised objectives such as classifica-
tion and regression. These tasks serve as a proxy to assess the quality, ex-
pressiveness, and transferability of the learned latent representations across

difterent application scenarios.

* Generative modeling, where the objective is to learn a model capable of
sampling synthetic sequences ¥ from p(x) or p(x | #) that preserve the
statistical, structural, and temporal properties of the real data. A typical
example of this generative task consists in using the trained model to syn-
thesize entirely new tabular time series, which can be collected into large
synthetic datasets. Such datasets can then be employed for downstream
purposes such as data augmentation, benchmarking, or privacy-preserving
data sharing, while retaining the key characteristics of the original data dis-

tribution.

The following sections build on this formalization to distinguish representa-
tion learning from data generation, introduce self-supervised learning paradigms
for tabular data, and define the evaluation protocols adopted throughout the the-

sis.
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user district id_frequency city region year month day user Day Month Year type trans operation K_symbol amount_trans _balance
1 POPLATEKMESICNE  HLm. Praha Prague o7 5 30 ™ o 12 98 VYDAJ  PREVODNAUCET UVER 82418 60001.0

68 POPLATEKMESICNE  Frydek- Mistek  north Moravia 96 6 4 98 VYDAJ  VYBER None 148000 38531.0

3
3

73 POPLATEKMESICNE  Opava nothMoravia 96 11 10 3 98 WDAJ  VYBER sLuzBY 146 387529
69 POPLATEK MESICNE  Jesenik north Moravia 9 15 = 3 98 PREM  None UROK 2364 387675
25 POPLATEKMESICNE  Kiatovy westBohemia 97 6 16 4 98 PRUEM  PREVODZUCTU None 494510 832039
19 POPLATEKMESICNE  Prachatice southBohemia 94 11 22 4 98 WDAJ  PREVODNAUCET UVER 82418 79962.0

1 POPLATEKMESICNE  Him. Praha Prague 8 12 7 4 98 VYDAJ  PREVODNAUCET SPO 66700 732920
41 POPLATEKMESICNE  Ustinad Labem  north Bohemia 95 1015 4 98 WDAJ  WYBER None 229000 50392.0
4
4

5 POPLATEK TYDNE Kolin central Bohemia 97 12 8 9 VYDA  VYBER SLUZBY 146 50622.9

©c o oococoo oo

54 POPLATEKMESICNE ~ Brmo-mesto southMoravia 97 2 12 T 98 PRUEM  None UROK 2454 50637.5

Figure 3.1: Representation of a heterogeneous relational time series. The left panel shows the
entities #1, #2, . . ., uy of the parent table P, where each entity #), is described by a static tabular
row. The right panel shows a tabular time series 2 = (ri,72, ..., 7rr) thatisa subsequence of
rows drawn from the child table, temporally ordered and associated with the specific parent entity
ui.

3.2 REPRESENTATION LEARNING VS. DATA GENERA-

TION

Within the formal framework introduced in the previous section, two closely re-
lated but conceptually distinct learning paradigms play a central role in this thesis:
representation learning and data generation. While both aim to capture the
underlying structure of heterogeneous tabular time series, they differ in objec-

tives, modeling assumptions, and evaluation criteria.

REPRESENTATION LEARNING Representation learning focuses on learning a
mapping from raw data to a latent space that captures the salient properties of
the input while discarding irrelevant variability [16]. Formally, given a time series

x, the goal is to learn a function

forx—z,

where 2 € Z is a latent representation that can be used as input for down-
stream tasks such as classification, regression, clustering, or anomaly detection.

In the context of heterogeneous tabular time series, effective representations
must satisfy several requirements. First, they should encode intra-row rela-
tionships, capturing dependencies among heterogeneous attributes within
individual records. Second, they must preserve temporal structure, allowing

downstream models to exploit sequential dependencies and long-range pattern
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[60, 109]. Third, representations should be task-agnostic, enabling transfer
across different prediction problems without requiring task-specific retraining
from scratch [91].

A key design choice concerns the granularity of representations. Some ap-
proaches learn representations at the level of individual rows, which can then be
aggregated or further processed for sequence-level tasks. Others aim to directly
produce sequence-level embeddings that summarize an entire time series. This
thesis explores both perspectives, emphasizing architectures that can flexibly op-
erate at multiple levels of abstraction.

Representation learning is particularly well suited to self-supervised train-
ing, where learning signals are derived from the structure of the data itself rather
than from external labels [35]. In domains such as finance, where labeled data
are scarce or costly, self-supervised representations provide a powerful founda-

tion for scalable learning.

Data GENERATION  Data generation, by contrast, aims to model the full data-
generating distribution and to synthesize new samples that resemble those ob-
served in the training set [S1]. Formally, the objective is to learn a generative

model g0 such that

&(Nggp %]7(-96‘),

or, in the conditional case,

% gyl | ) & plc| ).

In heterogeneous tabular time series, generative modeling is particularly chal-

lenging due to the need to jointly generate:

1. Heterogeneous feature values with complex dependencies,
2. Temporally coherent sequences,
3. Variable-length outputs,
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4. Structurally valid records that respect domain-specific constraints.

Unlike representation learning, where small distortions in the latent space may
be acceptable, generative modeling requires high-fidelity reconstruction of the
data distribution. Errors in feature dependencies or temporal ordering can lead
to unrealistic or inconsistent synthetic sequences, which limits the usefulness of
generated data for downstream applications.

Nevertheless, data generation plays a crucial role in several practical scenarios.
In privacy-sensitive domains, synthetic data can enable data sharing and model
development without exposing sensitive information [63]. Generative models
can also be used for data augmentation, scenario simulation, and stress testing,

complementing discriminative models.

COMPLEMENTARITY OF THE Two PArRapIGMs Although representation
learning and data generation are often treated as separate problems, they are
deeply interconnected. High-quality representations can facilitate generative
modeling by providing structured latent spaces [67], while generative objectives
can regularize representation learning by forcing models to capture the full data
distribution [7].

This thesis adopts a unified perspective, in which representation learn-
ing serves as the foundation for both discriminative and generative tasks.
Transformer-based architectures are first employed to learn expressive repre-
sentations of heterogeneous tabular time series, and these representations are
subsequently leveraged or extended to autoregressive [24] and diffusion-based
generative models [58].

The next section introduces the self-supervised learning strategies that enable
this unification, focusing on how meaningful learning signals can be extracted

from unlabeled tabular time series.

3.3 SELF-SUPERVISED LEARNING FOR TABULAR DATA

Self-supervised learning has emerged as a central paradigm in modern Deep

Learning, enabling models to learn meaningful representations from large
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amounts of unlabeled data by exploiting intrinsic structural regularities [16].
In domains such as Natural Language Processing and Computer Vision,
self-supervised objectives—such as masked language modeling or contrastive
learning—have been instrumental in the success of large pretrained models
[35, 56]. Extending these ideas to tabular data, and in particular to time-
dependent heterogeneous tabular data, presents both opportunities and
challenges.

The core principle of self-supervised learning is to define a pretext task that
can be derived automatically from the data itself, without requiring manual an-
notations. In the context of tabular time series, the data contain multiple sources
of structure that can be exploited: feature co-occurrence within a row, temporal
dependencies across rows, and regularities in numerical and categorical distribu-
tions. Designing effective pretext tasks requires identifying which aspects of this
structure should be predicted or reconstructed to induce useful representations.

A natural approach is masked prediction, inspired by masked language mod-
eling [35]. In this setting, parts of the input are deliberately hidden or corrupted,
and the model is trained to predict the missing components based on the remain-
ing context. For heterogeneous tabular data, masking can be applied at different

granularities:

* Feature-level masking, where individual attributes within a row are

masked and must be inferred from other features and temporal context.

* Row-level masking, where entire rows are hidden, forcing the model to

rely on surrounding transactions to reconstruct the missing record.

* Temporal masking, where timestamp-related information is partially
masked, encouraging the model to learn temporal regularities and
ordering [72].

These masking strategies allow the model to jointly capture intra-row depen-
dencies among heterogeneous features and inter-row dependencies across time,

aligning closely with the structural properties of transactional data.
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An important consideration in self-supervised learning for tabular data is the
treatment of numerical attributes. Unlike categorical features, numerical val-
ues do not naturally correspond to discrete prediction targets. As a result, masked
prediction objectives must either rely on regression losses, discretization schemes,
or specialized representations that enable numerical reconstruction [52]. The
choice of numerical representation therefore has a direct impact on the effective-
ness of self-supervised learning and on the quality of the learned latent space.

Another challenge arises from the non-stationary and entity-specific na-
ture of transactional time series. Behavioral patterns may evolve over time, and
different entities may exhibit fundamentally different dynamics. Self-supervised
objectives must be robust to such variability and avoid learning trivial shortcuts,
such as memorizing marginal distributions. This motivates the use of large and
diverse datasets, as well as masking strategies that require genuine contextual un-
derstanding rather than local reconstruction [113].

From a methodological perspective, self-supervised learning enables a clear
separation between pre-training and fine-tuning. During pre-training, the
model learns general-purpose representations by solving the pretext task on
unlabeled data. During fine-tuning, these representations are adapted to specific
downstream tasks using supervised objectives. This separation is particularly
valuable in domains like finance, where labeled data for certain tasks may be
scarce, imbalanced, or sensitive.

In this thesis, self-supervised learning serves as a cornerstone for building scal-
able and transferable models for heterogeneous tabular time series. The following
section introduces the evaluation protocols and metrics used to assess both repre-

sentation learning and generative modeling performance within this framework.

3.4 EVALUATION PROTOCOLS AND METRICS

Evaluating models for heterogeneous tabular time series presents unique chal-
lenges that differ substantially from those encountered in unstructured domains.
The diversity of learning objectives—ranging from representation learning to

generative modeling—requires a careful definition of evaluation protocols and
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metrics that accurately reflect model performance while remaining comparable

across approaches [108].

EVALUATION OF REPRESENTATION LEARNING  For representation learning,
the quality of a learned representation is not measured directly, but rather
through its effectiveness on downstream tasks [16]. In this thesis, representa-
tions are primarily evaluated using supervised tasks relevant to transactional and
financial data, such as classification and regression problems. Typical examples
include fraud detection, credit risk assessment, and churn prediction.

The standard evaluation protocol follows a pre-training—fine-tuning
paradigm [91]. Models are first pretrained in a self-supervised manner on
large unlabeled datasets. The learned representations are then either frozen
or fine-tuned using labeled data for a specific downstream task. Performance
is compared against strong baselines, including traditional Machine Learning
models and Deep Learning architectures trained from scratch.

To ensure fair comparisons, downstream evaluations control for factors such
as training data size, feature availability, and model capacity. Performance met-
rics commonly include accuracy, area under the ROC curve (AUC), precision—
recall metrics, and task-specific loss functions. Improvements in downstream per-
formance are interpreted as evidence that the pretrained representations capture

meaningful and transferable information about the underlying data [40].

EvALUATION OF GENERATIVE MoODELs Evaluating generative models for
tabular time series is inherently more complex, as there is no single metric that
tully captures the quality of generated data [108]. Instead, evaluation must

balance multiple criteria, including fidelity, diversity, and utility.

* Fidelity refers to how closely the generated data resemble the real data
distribution. This includes matching marginal feature distributions, pre-
serving inter-feature dependencies, and maintaining temporal coherence

across sequences [114].

* Diversity measures the variability of generated samples and the model’s
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ability to cover multiple modes of the data distribution, rather than pro-
y p p

ducing near-duplicates of a few frequent patterns [10].

¢ Utility assesses whether synthetic data can effectively replace or augment
real data in downstream tasks, such as training classifiers or performing

statistical analyses [41].

To address these aspects, this thesis adopts a combination of statistical, dis-
criminative, and task-based evaluation strategies. Statistical metrics compare fea-
ture distributions and summary statistics between real and synthetic data. Dis-
criminative metrics train a classifier to distinguish real from generated samples,
using the classifier’s accuracy as an indicator of distributional similarity [48]. Fi-
nally, utility-based metrics evaluate the performance of models trained on syn-
thetic data when applied to real-world tasks [63].

For time-dependent tabular data, particular emphasis is placed on metrics that
account for temporal structure. This includes evaluating sequence-level fea-
tures, such as trends and periodicity, and using discriminators that operate on
entire sequences rather than on individual rows [119]. Such metrics provide a

more faithful assessment of temporal coherence than row-wise evaluations alone.

REPRODUCIBILITY AND FAIR ComPARISON Given the lack of standard-
ized benchmarks for heterogeneous tabular time series, reproducibility and
transparency are critical [86]. Throughout this thesis, evaluation protocols are
designed to minimize confounding factors, and results are reported across multi-
ple random splits and experimental runs whenever possible. Comparisons with
prior work are conducted using publicly available implementations or faithfully
reimplemented baselines, ensuring that observed performance differences reflect
genuine methodological advances.

By adopting a comprehensive and principled evaluation framework, this thesis
aims to provide a reliable assessment of both representation learning and gener-
ative modeling approaches, laying a solid foundation for the empirical analyses

presented in the subsequent chapters.
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3.5 UNIFIED DESIGN CHOICES FOR REPRESENTATIONS
AcCrOSS DISCRIMINATIVE AND GENERATIVE MoOD-

ELS

A central challenge in modeling heterogeneous tabular time series is that
different tasks—most notably discriminative prediction and generative
modeling—impose different constraints on how numerical, categorical, and
temporal attributes should be represented. While the architectural foundations
introduced in the previous sections deliberately aim for a unified framework,
several representational decisions necessarily diverge across chapters due to the
fundamentally different objectives of classification/regression vs. structured
sequence generation. This section consolidates these design choices, explains
the rationale behind them, and highlights both their commonalities and task

specific differences, thereby improving cross chapter coherence.

35.1 CoOMMON ARCHITECTURAL PRINCIPLES

Despite the differences introduced later in this section, all models in this thesis

are built upon a shared set of architectural principles:

* Hierarchical modeling of tabular time series. Every architecture
(UniTTab, UniTTab AR, BankDiT, TabDiT) decomposes each time
step into field level embeddings (Field Transformer or VAE encoder) and
processes the resulting transaction level embeddings with a Sequence
Transformer. This hierarchical decomposition is common across all
chapters because it cleanly separates intra transaction structure from

temporal structure, and it scales well to variable length sequences.

* Shared sequence level architecture. Both discriminative and gen-
erative models use the same type of sequence encoder—a multi layer
Transformer—to capture long range temporal dependencies. Although
the downstream heads differ (classification head vs. AR field decoder),

the core temporal modeling component remains architecturally identical.
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* Consistent treatment of categorical features. Across all tasks, cate-
gorical fields (e.g., transaction type, merchant category, region code) are
encoded through standard learnable embeddings. This design choice is
shared because categorical attributes are naturally discrete, and embedding
layers provide a unified semantic space regardless of whether the model is

predicting labels or generating sequences.

* Shared temporal decomposition strategy. For timestamps, all models
decompose time into year/month/day/hour categorical fields. This choice
improves periodicity modeling (e.g., salaries, holidays, seasonality) and is

equally beneficial for classification and generation tasks.

These commonalities form the backbone of a unified modeling paradigm and
ensure that differences introduced in the following subsections emerge from task

specific requirements—not architectural inconsistency.

3.5.2 TaskSPECIFIC DIVERGENCE IN NUMERICAL FEATURE REPRE-
SENTATION

Where discriminative and generative models necessarily diverge is the represen-
tation of numerical fields, such as amounts, balances, frequencies, and measure-
ments. Numerical values play different roles in prediction and generation, and

each task demands a tailored encoding strategy.

NUMERICAL ENCODING IN DISCRIMINATIVE MODELS

For discriminative tasks—such as pollution regression, fraud detection, churn
prediction, or credit scoring—numerical attributes must be represented with
high precision and smoothness to maximize predictive sensitivity. To this end,
models in Chapters 4 to 6 rely on a frequency based encoding of numerical

values (sinusoidal features), which provides:
* High resolution encoding across local neighborhoods
* Smooth variation that preserves gradients
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* Effective discrimination even for small perturbations

In the Pollution dataset, the regression target is sensitive to variations in pollutant
measurements at the fourth or fifth decimal place. The frequency based repre-
sentation allows the model to distinguish values like 0.00341 vs. 0.00346 more
effectively than discretization would, because sinusoidal encodings preserve fine
scale differences in a continuous embedding space. This is essential to achieve

competitive RMSE performance.

NuMERICAL ENCODING IN GENERATIVE MODELS

For generative models—autoregressive (UniTTab AR) and diffusion based
(BankDiT, TabDiT)—the model must produce numerical attributes that are:

* exact, not approximate
* consistent with semantic constraints
* reconstructable without ambiguity

This makes frequency based encodings unsuitable, because frequency embed-
dings cannot be inverted exactly. For generation, the model must emit precise
numerical values, so the thesis adopts digit based encodings, where numerical val-
ues are represented as sequences of digits (for high precision values). This ensures
that generative decoding yields exact values without regression drift.

When the model needs to generate a transaction such as a cash withdrawal of

exactly €50.00, digit based encoding guarantees exact reconstruction:
¢ 957,907, “.”7,“07, “0” are represented as discrete tokens;
* the decoder generates those tokens deterministically;
* the output amount is precisely €50.00.

A frequency based representation would blur this information and could recon-

struct €49.98 or €50.02 instead, which is unacceptable for generative tasks.
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In autoregressive generation, numerical drift compounds over time. Digit
based representations eliminate drift entirely: if “€1,200.75” must appear
monthly (e.g., salary), the model can reproduce this exact amount every month

without cumulative rounding errors.

Way THESE DIFFERENCES ARE NECESSARY

The choice of numerical representation is driven by the fundamental objectives

of each task category:

Discriminative tasks:
* focus on patterns, not exact reconstruction;
* require continuous sensitivity to small changes;
* benefit from smooth encoding spaces;
* do not require outputting numerical values.
Generative tasks:
* must output exact values;
* must guarantee internal consistency (e.g., merchant category <> amount);

* must reproduce financial constraints (no negative ATM withdrawals,

integer-cent currency amounts);
* cannot rely on regression losses, which accumulate error.

Thus, although the models share a common representation pipeline for cate-
gorical, temporal, and architectural components, numerical features necessarily
diverge because the reconstructability and sampling requirements of generative

modeling fundamentally differ from the discriminative objective.

48



3.5. UNIFIED DESIGN CHOICES FOR REPRESENTATIONS ACROSS
DISCRIMINATIVE AND GENERATIVE MODELS

TRADE-OFFS AND CROSS-CHAPTER IMPLICATIONS

These design choices introduce several trade-offs that are explicitly addressed

across the thesis:

* Expressiveness vs. fidelity: smooth encodings enhance discriminative ex-

pressiveness, while discrete encodings maximize generative fidelity.

* Invertibility vs. continuity: discriminative tasks optimize on continuous

values; generative tasks require exact reversibility.

* Sampling diversity vs. token precision: autoregressive models benefit from
variable-length tokenization but must balance diversity with precision; dif-
fusion models benefit from continuous latents but require discretization

steps for numerical decoding.

* Unified architecture, task specific heads: although the models share
the same Sequence Transformer, discriminative models use a classifica-
tion/regression head, while generative models use an autoregressive field

decoder or a diffusion denoiser.

These distinctions explain why Chapters 4 to 6 (representation learning and
prediction) employ continuous frequency-based embeddings, while Chapters 7

and 8 (transaction and time-series generation) rely on discrete tokenizations.

49



3. PROBLEM FORMULATION AND METHODOLOGICAL FRAMEWORK

50



One Transformer for All Time Series:
Representing and Training with

Time-Dependent Heterogeneous Tabular
Data

Publication:
“S. Luetto ez al., One transformer for all time series: Representing and training

with time-dependent heterogeneous tabular data [5]”.

The terms *our’ and "we’ refer to this thesis’s author and the publication’s authors.

This chapter introduces UniTTab, a unified Transformer-based architecture
designed to learn expressive representations of heterogeneous, time-dependent
tabular data. UniTTab is motivated by the limitations of existing approaches re-
viewed in Chapter 2 and by the methodological framework outlined in Chapter 3.

This Chapter is related to the publication “S. Luetto ¢f 2/., One transformer for all time series:
Representing and training with time-dependent heterogeneous tabular data” [S]. See the list of
Publications on page 175 for more details.
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Its design explicitly addresses feature heterogeneity, temporal dependencies, and

scalability, while remaining compatible with large-scale self-supervised learning.

41 PRELIMINARIES

Problem Statement. Tabular data are represented as a set of attributes (field
names) A = {ay, ..., a3}, where each 2; € A can be either categorical or nu-
merical, and a set of table rows 7y, ..., 7n, which specify a value for each field:
r; = [v1, ..., ). If a;is numerical, then v; € R, otherwise v; € ¥}, where Vs an
unordered attribute-specific vocabulary of categories. A time series is a (variable
length) sequence of rowss = [r, ..., 7] which are related to each other by a tem-
poral dynamics. For instance, in financial transactional data, s can represent the
last # bank account transactions of a given client. When adopting a Deep Learn-
ing method, a common paradigm is to use a large dataset of time series to pre-
train a network with self-supervised learning, and then fine-tune the model for
a specific downstream task using task-specific labeled data and a possible smaller
(supervised) dataset.

In this paper, we further generalize the previous scenario introducing time se-
ries composed of difterent row types. This generalization is particularly useful
in real life datasets, in which, for instance, a transaction time series is composed
of different transaction types (e.g., POS type, ATM type, etc.). Formally, we
describe this situation using a function which associates each row in s to a pre-
defined set of row types: mype(r;) = b € T = {1,...,n} and using a type-
dependent set of attributes 4, = {4y, ..., a3, } to specify the fields of 7;. Note
that the cardinality of the attributes (£),) varies depending on h. Moreover, we as-
sume that rype(r;) is always defined for each 7; € s: for example, each transaction
in a time series of a bank account can be of only one type (e.g., POS, or ATM,
etc.).

TabBERT architecture. TabBERT is a hierarchical architecture composed
of two different Transformers, trained end-to-end (Figure 4.1 (a)). The first
Transformer (called “Field Transformer”) takes as input the 4 field values of a

single table row 7;. Note that £ is constant for all the rows, as TabBERT implic-
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4.1. PRELIMINARIES

itly assumes that there is only one row type (in our notation: |7] = » = 1).
Numerical features are discretized using an attribute specific set of bins. In this
way, both numerical and categorical features can be associated to a specific dis-
crete token. The tokens are transformed in embedding vectors using a standard
look-up table of learned embeddings [109]. In Figure 4.1 (a), this is indicated
as a set of field embeddings fi, ..., fi. The Field Transformer transforms these
vectors in & final embeddings of dimension d, which are concatenated in a single
vector g of dimensions d - k. Then, gis fed to the second Transformer (“Sequence
Transformer”), jointly with the representations of all the other rows in the input
time series 5. Note that the dimension of each g should be constant because g is
a fixed-size initial embedding vector for the second Transformer. The Sequence
Transformer outputs a sequence of # final embedding vectors 21, ..., 2;. Finally,
each 2; is split in & vectors, on top of which a shallow MLP is used to output
a posterior distribution over the attribute-specific vocabulary. This makes it
possible to apply a Masked Token pretext task [35] during pre-training, in
which a few tokens are randomly masked and the network is asked to predict the

masked tokens.
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Figure 4.1: A schematic comparison between the architectures of TabBERT (a) and UniTTab
(b). In both figures, v; is a numerical value. Note that in (b) the number of attributes of each row

(k) is variable.
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4.2 METHOD

In this section we present UniTTab, showing the architecture of the network,
the way in which heterogeneous features are represented and the uniform pre-
training strategy.

Row-type dependent embedding. We first extend the hierarchical architec-
ture of TabBERT to deal with a variable number of row types (z > 1). The
main problem we need to solve is that £, depends on zype(r;) for each r; € s,
while the dimension of g should be fixed (Section 4.1). We solve this problem
using a linear projection layer (Figure 4.1 (b)) which takes b = type(r;) as input
and transforms g € R*» jn ¢ € R”, where m is fixed and the transformation

depends on a row-type specific linear matrix 17,

g =wg (W, cR"™@h) (4.1)

The set of learnable projection matrices 7, ..., W, one for each row type,
constitutes a look-up table of embeddings for the initial layer of the second Trans-
former, and naturally extends the common initial embedding look-up table used
in Transformer networks. Analogously, each final row embedding z (Section 4.1)
is transformed in 2 € R** using a specific weight matrix S, (S}, € R@#)x)
before being fed to the final MLP (Figure 4.1 (b)).

Feature representation. We represent each categorical feature using a stan-
dard linear embedding based on its attribute-specific vocabulary. However, for
numerical features, we extract a frequency-based representation as follows. Let
v be a scalar value corresponding to a numerical attribute. Similarly to [79], we

transform v using:

¥(v) = (sin(2°7w), cos(2°7v), ..., sin(2X " zv), cos(2E L)), (4.2)

where L = 8 is the number of sine/cosine pairs used (see Section 4.3.1). The vec-
tor y(v) so obtained is then fed to a linear (learnable) layer whose output s the ini-

tial embedding vector for v. Finally, similarly to [96], we represent the numerical
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value of a time stamp attribute (e.g, measured in minutes) using a combination of
different time fields (i.e, the year, the month, the day, and, if necessary, the hour).
Each such basic value is represented as a categorical feature (e.g., with 12 elements
for the month, etc.). In preliminary experiments, we also tried to represent each
basic time field of a date as a numerical attribute (i.e. by means of our frequency-
based representation), but this led to slightly worse results, presumably because
the periodicity of some time series (e.g., in transactional data) can better be rep-
resented by the network as a categorical value. Note, that, differently from [96],
we do not add the corresponding field embeddings but treat them as additional
fields simply by increasing the number of attributes of each single row.

Training. During the unsupervised pre-train stage, we train UniTTab using
only a Masked Token pretext task. Specifically, for an input samples = [y, ..., 7],
we randomly replace a field value v € 7; with the special symbol [MASK]. We use
a standard replacement probability value pr = 0.15 35, 83]. Moreover, with
probability p, = 0.1, we also mask a// the values in a row r;, while, for the fields
representing the time stamp, they are always either jointly masked or jointly un-
masked. We call these additional masking strategies “Row masking” and “Time
stamp masking”, inspired by the block masking of adjacent image patches used
in BEiT [14], and we use them to make the pretext task more challenging for the
network.

Note that we can replace (the initial embedding vector of) v with [MASK] in-
dependently on whether » is numerical or categorical. However, the problem is
what the network should predict in correspondence of v if this is not an element
of a discrete vocabulary. A possible solution could be to adopt a regression loss
function and directly ask to the network to reconstruct the original numerical
value v. The disadvantage of this hybrid solution is that we would need two dif-
ferent loss functions: one for the categorical features (e.g., the Cross Entropy),
and another for the numerical values (e.g., an MSE loss), which then need to
be suitably weighted. Conversely, we propose a different solution: inspired by
BEIT, we quantize v and we use its categorical representation as the target label.
Specifically, if a; is a numerical attribute, we define a vocabulary of bin values

V; = {b1, ..., b} spanning the whole range of possible values for z;. Then, when
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a given value v for this attribute is masked, we quantize v (b = quantize(v)) and
weuse b € V; as a pseudo label for v, which is used as the token to be predicted.
Note that 4 is zot input to the network.

When we compute the loss function, we use Label Smoothing [107], which
replaces the one-hot vector representation of a categorical label v € V; with a
vector of smoothed probability values p(v). In more detail, if 7; = {v1, ..., v, }
is the vocabulary corresponding to aj, and g;isits cardinality, then a ground truth

value v € V}is associated with the vector p(v) defined as follows:

1—¢ ifl=v
p(v)]; = { ; (4.3)

, otherwise,
gi—1

where [p(v)]; is the /-th element of p(v) and ¢ a small constant. Furthermore, in
case a;isa numerical attribute, we propose Neighborhood Label Smoothing, in
which b = quantize(v) is smoothed using only a small neighborhood centered

in b. Specifically, we use the range R = {6 — 5,...,b + S}, and we replace

Equation (4.3) with:
1—e ifl=0b
)= &  fleERI#D (4.4)
0 otherwise.

Note that this is possible because, if ajis numerical, then Vi obtained with quan-
tization, is an ordered set.

Finally, if s’ is the perturbed version of s, in which some random field values
have been masked as explained above, then our Masked Token pretext task can

be formulated as minimizing the following Cross Entropy loss:

min — 3" Ligusap(0) log polguantize(v)s) (45)

ves

where: § are the parameters of the network, p(y|x) is the probability of the net-
work to predict y given the sequence x as input, 13/,5404(») is 1 only when v was

masked (otherwise is 0), quam‘z’ze(u) = vif v is categorical, and, with a slight
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abuse of notation, v € s indicates a generic field value of one of the rows in s.

4.3 EXPERIMENTS

In this section, we evaluate UniTTab using different datasets and downstream
tasks. We use the same architecture for all the datasets, with the only difference
being the number of fields (k) and the length (z) of the time series, which depend
on the specific dataset and the adopted evaluation protocol. Specifically, inde-
pendently of the dataset, we always use only one self-attention layer with 8 heads
in the Field Transformer, and 12 self-attention layers with 12 heads each in the
Sequence Transformer. For a fair comparison, the total number of parameters of
UniTTab was kept approximately the same as in TabBERT. We use five different-
size datasets of time series of heterogeneous tabular data: the Pollution Dataset
[73], the Transaction Dataset [83] (both adopted by TabBERT), the PKDD’99
Financial Dataset [18], the Age2 dataset [49], and our Real Bank Account Trans-
action Dataset (in short, RBAT Dataset). In the latter, each time series is com-
posed of three different row types (i.e, # = |T] = 3, see Section 4.1). The
other four datasets have only one row type (z = |7] = 1), thus, in all the ex-
periments but those on the RBAT Dataset, we use only one projection matrix
in Equation (4.1). All the five datasets are composed of tabular data with both
numerical and categorical fields. In all the experiments, the Deep Learning based
models are first pre-trained using self-supervision (Section 4.2) and then evalu-
ated using a dataset specific (supervised) downstream task, while standard Ma-
chine Learning methods are directly trained on the downstream task training set.
Moreover, to enable a fair comparison with other methods tested on the Pollu-
tion Dataset and the Transaction Dataset, we follow the protocol defined in [83]
for the downstream task definition and the training/testing partitions. However,
since the stride used in [83] to extract the time series from the Pollution Dataset
leads to a partial information leak between the training and the testing data of
the downstream task, we additionally use a different training/testing partition
for this dataset, which we call “our partition”, while we use the term “original

partition” to refer to the initial split adopted in [83] and in other works.
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4.3.1 ABLATION STUDY

In this section, we analyze the contribution of each component of our method.
We use the Pollution Dataset [73] and a random subset of the Transaction
Dataset [83] (400K time series). The former dataset is composed of time series
where each row contains £ = 11 fields, 10 of which are numerical attributes and
one is categorical. Hence, this dataset is particularly suitable for investigating
the influence of different numerical feature representations (Section 4.2). The
downstream task is a regression task, and the performance is measured using
RMSE (the lower the better). In the Transaction Dataset, the rows of the time
series are composed of 2 numerical and 8 categorical attributes, and its associated
downstream task is a binary classification task. In this case, we use the F1 score
as the performance metric (the higher the better). Both datasets contain a time
stamp attribute, which we represent using 4 time attributes as explained in
Section 4.2. For both datasets, following [83], after self-supervised pre-training,
the final embeddings of the Sequence Transformer (21, ..., 2;) are used as input
to an LSTM which is (separately) trained to solve a supervised regression or
binary classification task using the corresponding task labels. Specifically, we
first train UniTTab using Equation (4.5) and then we train an LSTM (using the
same LSTM architecture adopted in [83]) on top of the final embeddings of our
Sequence Transformer. In Section 4.3.2 we also show the results obtained by
directly fine-tuning our model, without using an LSTM, as well as comparative
results obtained using the full Transaction Dataset and both the original and

our partition of the Pollution Dataset.

Table 4.1 analyses the impact of the main components of our method. The
first row is the baseline, which corresponds to our implementation of TabBERT,
starting from its publicly available code and keeping fixed all the main hyper-
parameters (e.g., the number of layers of the two Transformers, the number of
heads, the embedding size, etc.). In this baseline, the numerical features are quan-
tized into discrete bins and treated as categorical when input to the network. Note
that there is no Row or Time stamp masking nor Label Smoothing. The the

Cross Entropy loss is the only loss used because the tokens of the quantized nu-
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Table 4.1: Ablation study using the Pollution Dataset (our partition) and a subset of the Transac-
tion Dataset.

Quantized Combina. Frequency Regression CEloss Standard Neighbor Pollution Transaction

numerical  time  based num. loss (only) Label Label Dataset Dataset
features  stamp features Smoothing Smoothing (RMSE |) (Fl-score 1)
1 v 4 34.30 0.829
2 v v v 32.23 0.840
3 v v 32.47 0.844
4 v 4 31.52 0.846
S v v v 29.63 0.847
6 v v v v 29.47 0.848
7 v v v v v 29.05 0.850

merical features can be masked and predicted just like categorical tokens. The
second row of the table shows the improvement obtained when the time stamp
is split in 4 different fields, which corresponds to a significant performance im-
provement in both datasets and tasks. In the third row, we replace the discrete
representation of the numerical features with our frequency-based representa-
tion (Section 4.2). In this case, for each masked numerical field value v, we use a
regression function, which consists in predicting the original scalar value of v (be-
fore the frequency-based embedding). We use the squared difference between the
predicted and the ground truth value as the loss function (MSE loss) for these nu-
merical features, which is summed to the Cross Entropy loss computed with the
categorical features. Note that, as mentioned in Section 4.2, one of the problems
when using two different loss functions is the necessity to weight their relative im-
portance. In this ablation experiment, we set the MSE loss weight using a simple
heuristic in which we compute the average MSE loss value and the average Cross
Entropy loss value and we impose these two values to be equivalent using a rela-
tive weight. Comparing this row with the baseline (first row), the improvement
obtained when using a frequency-based numerical representation jointly with a
regression loss is comparable with the introduction of the combinatorial time
stamp. In row 4, the regression loss is replaced by the Cross Entropy loss, which
is applied to numerical features using pseudo target labels (see Equation (4.5)).
Comparing this row with the baseline, we obtain the largest relative improve-

ment, which shows that using frequency-based numerical representations jointly
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Table 4.2: An analysis of different masking strategies using the Pollution Dataset (our partition)
and a subset of the Transaction Dataset.

Row masking Row masking Timestamp Pollution Dataset Transaction Dataset

p»=0.05 pr=01 masking  (RMSE]) (F1-score T)
1 29.05 0.850
2 v 29.01 0.851
3 v 28.91 0.854
4 v 28.82 0.855
S v v 27.99 0.858

with pseudo labels for the Cross Entropy can significantly boost the network per-
formance. In row S, the combinatorial time stamp is added to the setting of row
4, bringing an additional benefit. Finally, row 6 and row 7 show the results corre-
sponding to the introduction of standard Label Smoothing and Neighborhood
Label Smoothing, respectively.

In Table 4.2, we analyze the impact of using Row masking and Time stamp
masking, where the first strategy is evaluated with two different selection proba-
bility values p,. The best result corresponds to using both Row masking (with
probability p, = 0.1) and Time stamp masking. In Table 4.3 we empirically
evaluate the influence of the number of frequency function pairs L (Section 4.2)
used for our frequency-based numerical feature representation. In the rest of this
paper, we use the best value (L = 8) for all the other datasets and tasks.

Finally, we postpone the ablation of the Row-type dependent embedding (Sec-
tion 4.2) to Section 4.3.2, where we introduce our RBAT Dataset composed of
variable row types. In the same section, we sow the impact of different amount

of pre-training data on the downstream task performance.
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Table 4.3: The influence of the number of frequency function pairs (L) using the Pollution
Dataset (our partition) and a subset of the Transaction Dataset.

Pollution Dataset Transaction Dataset

L (RMSE ) (F1-score 1)
4 28.63 0.828
6 28.38 0.830
8 27.99 0.858
10 28.11 0.808
12 28.20 0.804

4.3.2 MAIN RESULTS

In this section, we compare UniTTab with different state-of-the-art approaches
using different datasets and downstream tasks.

Pollution prediction task. This is the regression task used in Section 4.3.1.
We show results based on two main paradigms: based on LSTM training and
on directly fine-tuning the pre-trained model. The former is based on the proto-
col proposed by Padhi et al. [83], and trains a separate LSTM using the vectors
21, ..., % as input and the labels of the downstream task as the supervision (see
Section 4.3.1). However, the latter, proposed here, is likely a much more natural
choice, and it is coherent with most of the recent Al literature, where the back-
bone network, after pre-training, is directly fine-tuned for a specific downstream
task without training a separate network. Specifically, when we fine-tune either
UniTTab or TabBERT, we include a [CLS] token in the input sequence of the
Sequence Transformer and we use the corresponding 2 uask; final embedding vec-
tor as input to a final linear layer dedicated to the specific task (and trained from
scratch). In case of LUNA [55], we report the results we obtained using its pub-
lic code and only the LSTM training paradigm (adopted also in [55]), because
fine-tuning this method requires non-trivial modifications of its architecture.

To enable a comparison with results published in previous work, in the exper-
iments of Table 4.4 we strictly follow [83] and we use the original partition of
the Pollution Dataset (see Section 4.3) jointly with a time series length # = 10.

Conversely, in Table 4.5 we use our partition (where # = 10 but also the time
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Table 4.4: Pollution prediction task (original partition). " Our reproduction. * Results reported
in the corresponding paper.

Downstream task training  Model RMSE
TabBERT 24.10
Fine-tuning UniTTab (ours) 20.05
TabBERT [83] 1  32.80
LSTM LUNA t 37.73
UniTTab (ours)  25.42
- XGBoost ' 34.14
Training from scratch CatBoost 3415
VAR T 83.83

series extraction stride is 10) and we repeat all the experiments 5 times with dif-
ferent random seeds. Note that the random seed is used both to initialize the
models’ parameters and to randomly split the time series in training and testing
splits. Finally, in Table 4.6 we extend these experiments to longer time series with
t = 50 . In all cases (Tables 4.4 to 4.6), UniTTab outperforms both TabBERT
and LUNA by a large margin, and, as expected, direct fine-tuning significantly
improves over the separate LSTM training.

In the same tables, we also report the results obtained using both XGBoost
[26] and CatBoost [87], which are the state-of-the-art non Deep Learning based
methods for tabular data. Specifically, since both XGBoost and CatBoost can-
not directly work on (variable-length) time series, we used a standard library [31]
to extract features from a time series. These “engineered” features include field-
specific statistics (e.g., the mean or the variance for numerical features and the
mode for the categorical ones, etc.), autocorrelation with different “lags”, the
number of local minima and maxima, etc. Moreover, the features are automat-
ically pre-selected using a Filter feature selection method on a validation set ex-
tracted and separated from the training data. Finally, we used grid search on the
validation set to set the optimal values of the XGBoost and the CatBoost hyper-
parameters (e.g., the number of trees, the max depth of each tree, etc.). After fea-

ture selection and hyperparameter tuning, the validation set is merged with the
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Table 4.5: Pollution prediction task (our partition): average and standard deviation results ob-
tained with 5 random seeds. T Our reproduction using the official code.

Downstream task training  Model RMSE
Fine-tunin TabBERT ' 31.41 (£1.74)
ctuniig UniTTab (ours)  25.37 (£1.59)
TabBERT ' 37.20 (£1.67)
LSTM LUNAT 45.17 (£0.62)
UniTTab (ours) 30.88 (£1.70)
XGBoost 48.89 (£0.73)
Training from scratch CatBoost ' 47.09 (£0.89)
VAR ' 84.05 (£1.71)

training set and XGBoost/CatBoost are re-trained using the same data adopted
for training the LSTMs or fine-tuning the UniTTab/TabBERT models on the
supervised downstream task. We will use this procedure (task and dataset depen-
dent feature selection and hyperparameter tuning) for XGBoost CatBoost in all
the other downstream tasks of this paper. Additionally, we use Vector AutoRe-
gression (VAR) [77], which is a common (non Deep Learning based) autoregres-
sive model for multivariate time series, where we transform categorical features
in numerical by assigning a numerical value to each element in the vocabulary V.
In case of VAR, the field values of all the rows of the time series are directly input
to the model without intermediate engineered features. The results in Tables 4.4
t0 4.6 show that UniTTab largely outperforms “standard” Machine Learning ap-
proaches, and the gap is particularly significant with longer sequences ( Table 4.6),
where the hierarchical Transformer architecture of both UniTTab and TabBERT

can likely better represent long inter-row dependencies.
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Table 4.6: Pollution prediction task (our partition) with longer time series (£ = 50). Average and
standard deviation results obtained with 5 random seeds. + Our reproduction using the official
code.

Downstream task training  Model RMSE
TabBERT + 30.95 (£0.53)
Fine-tuning UniTTab (ours)  25.11 (£0.48)
TabBERT [83] 1  36.67 (£0.81)
LSTM LUNA 1 43.93 (£2.83)
UniTTab (ours)  28.17 (£0.51)
XGBoost ' 56.37 (£0.92)
Training from scratch CatBoost 56.26 (£0.99)
VAR * 83.37 (£0.95)

Fraud detection task. This is the classification task used in Section 4.3.1.
Differently from Section 4.3.1, in the experiments of this section we use the full
dataset for pre-training (~ 4, 9M time series), which leads to a higher absolute
performance in the results reported in Table 4.7. Specifically, we use the original
time series length # = 10 in Table 4.7 and we extend the experiments to z = 50
in Table 4.8. These tables shows that UniTTab outperforms all the compared
methods, independently on whether an LSTM is used or not and the gain is par-
ticularly significant with longer time series (Table 4.8). Similarly to the Pollution
prediction task, in Tables 4.7 and 4.8 we also report the results obtained using
VAR, XGBoost and CatBoost, with task and dataset specific features and hyper-
parameters for XGBoost and CatBoost (see above). Also in the Fraud detection
task, UniTTab significantly outperforms all the non Deep Learning based meth-

ods, and the improvement is particularly significative with longer time series (Ta-
ble 4.8).
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Table 4.7: Fraud detection task (z = 10). T Our reproduction. ¥ Results reported in the corre-
sponding paper.

Downstream task training  Model F1 score
TabBERT ¥ 0.910
Fine-tuning TabAConvBERT [96]+ 0.896
UniTTab (ours) 0.915
TabBERT 1[83] 0.860
LSTM LUNA £[55] 0.862
UniTTab (ours) 0.914
Training from XGBoost ' 0.779
scratch CatBoost 0.499
VART 0.495

Table 4.8: Fraud detection task (# = 50). T Our reproduction.

Downstream Model F1 score
task training

TabBERT ' 0.777
Fine-tuning UniTTab (ours) 0.812

TabBERT +[83]  0.883

LSTM LUNA +[55] 0.884
UniTTab (ours) 0.931
Training from  XGBoost ¥ 0.349
scratch CatBoost 0.337
VAR T 0.497

Loan default prediction task. For this task, we use the PKDD’99 Financial
Dataset [18], which is smaller than the other datasets, thus we report the aver-
age results obtained with 5 random splits. The dataset consists of the complete
(real) transaction history of several bank customers, the average length of which
is 232. To increase the number of time series available for pre-training, we set a
maximum length value 7,,,,, and we use time series with variable length 7, where
t < gy Specifically, for each client, assuming that ¢, is her/his total number of
transactions, if 7,5y < .., then we use ¢ = t,y;. Otherwise, at each pre-training

iteration we randomly select a time series s of £ = #,,,, consecutive transactions
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Table 4.9: Loan default prediction task: average and standard deviation results obtained with 5
random seeds. T Our reproduction. * Results reported in the corresponding paper.

Pre-training ~ Model F1 score

(tmax)
TabBERT ' 0.611(40.032)

50 LUNA' 0.604(=40.048)
UniTTab (ours) 0.619(+£0.011)
TabBERT ' 0.636(£0.024)

100 LUNA'T 0.624(+£0.075)
UniTTab (ours) 0.654(£0.032)
TabBERT ' 0.620(=0.024)

150 LUNA' 0.637(£0.043)
UniTTab (ours) 0.673(40.038)
Random Forest [115]*  0.2667
XGBoost ' 0.608(=+0.079)
CatBoost ' 0.527(=£0.065)
VAR ' 0.474(4-0.007)

over the sequence of all possible z,;; rows of that client. In Table 4.9 we present
results with #,,,, ranging from 50 to 150. This experiment is important to test
whether a model dealing with time series can operate in real life scenarios where
the actual row sequence length is variable and it can be very long (z > 50).

We fine-tune the models similarly to the Fraud detection task (i.e., using a
[CLS] token, etc.). Both in the fine-tuning and in the testing stage, the length #
of a transaction is variable. However, differently from the pre-training stage, if
L. > bmax, then we select the last t,,,,, transactions.

Table 4.9 shows that UniTTab outperforms both TabBERT and LUNA, es-
pecially when using very long sequences (#,,,« = 150). The bottom of that ta-
ble shows the results of VAR, XGBoost and CatBoost, with the usual dataset
and task specific features and hyperparameters selection for XGBoost and Cat-
Boost. Additionally, we also report the result obtained by Xu [115] using Ran-
dom Forests with 18 features, some of which are computed extracting aggregated
information from the time series, while others are socio-demographic informa-
tion about the client which all the other methods do zoz use. The results in Ta-

ble 4.9 show that also in this small dataset UniTTab outperforms the standard
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Table 4.10: Age prediction task on the Age2 dataset. " Our reproduction.

Downstream Model F1 score
task training

TabBERT ' 0.662
Fine-tuning UniTTab (ours) 0.678

TabBERT #[83]  0.645

LSTM LUNA £[55] 0.648
UniTTab (ours) 0.664

Training from  XGBoost ¥ 0.542

scratch CatBoost 0.622
VAR T 0.354

Machine Learning methods and, similarly to the other tasks, the benefit is larger
with longer time series.

Age prediction task. These experiments are based on the Age2 Dataset and
its associated Age prediction downstream task. Similarly to the PKDD’99 Finan-
cial Dataset, Age2 is composed of the bank transaction history of different bank
customers. Each row (transaction) is composed of £ = 3 fields (5 after splitting
the time stamp in 3 fields). For data augmentation, we follow the same protocol
adopted when pre-training on the PKDD’99 Financial Dataset, i.e., we use time
series of variable length # < #,,,,,, extracted at random at each iteration from the
whole history of each bank account. We use #,,,. = 50. Similarly to the Loan
default prediction task, during both fine-tuning and testing, we use time series
with variable length £ and, if z,;; > #,,4x, then we select the /ast t,,,, transactions.

Churn prediction task. In this last battery of experiments, we use the large
RBAT Dataset and its associated downstream task (Churn prediction). Similarly
to the PKDD’99 Financial Dataset and the Age2 Dataset, also this dataset is com-
posed of the bank transaction history of different real users. However, RBAT is
much more complex than most public datasets, and each transaction (row) of its
time series is associated with a specific type. To be precise, there are z = 3 types
of mutually exclusive transactions (see Section 4.1): (1) generic transactions, with
kg, = S fields, (2) POS transactions, with k£, = 8 fields and (3) ATM transactions,

with k£, = 7 fields. Since the generic transaction fields are shared also by the other
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two types of transactions, the total number of different fields is 10, which become
12 when the time stamp is split in 3 different fields (day, month, year).

For data augmentation, we follow the same protocol adopted when pre-
training on both the PKDD’99 Financial Dataset and the Age2 Dataset, i.c.,
we use time series of variable length # < £,,,, extracted at random at each
iteration from the whole history of each account. In this case, we use #,,,,, = 150.
Since the baseline TabBERT cannot deal with different types of transactions
and needs a fixed number of fields for each row, when training TabBERT we
concatenate all the £ = 10 fields of all the row types. In a given row 7, the field
values of those attributes which are not included in the type of 7, are represented
using a [MISSING] token. Note that this solution is computationally more
expensive, especially in the Field Transformer, where the computation costs
grow quadratically with &, and the computational benefit of our proposal
is larger when 7 is bigger. For ablation reasons (see Section 4.3.1), we also
train a modified version of TabBERT in which we introduce the Row-type
dependent embedding (Equation (4.1)) without any other changes. This baseline
corresponds to the baseline used in Table 4.1 (first row), on top of which we add
the Row-type dependent embedding described in Section 4.2, thus we call it
“TabBERT + Variable Row Types” (TabBERT + VRT).

Similarly to the Loan default prediction task and the Age prediction task, dur-
ing both fine-tuning and testing, we use time series with variable length # and, if
tul > bmaxs then we select the last t,,,, transactions (which are the closest to a
possible bank account closure). Since this dataset is much larger than the oth-
ers, for computational reasons we have not included LUNA in this comparison.
However, similarly to the other tasks, we also used VAR, XGBoost and CatBoost
with the usual dataset and task specific features and hyperparameter selection for
the last two.

Table 4.11 shows that TabBERT + VRT significantly improves the baseline
TabBERT, showing that the Row-type dependent embedding has an accuracy
benefit on the downstream task which goes beyond its computational advantages.
Moreover, also in this task our full method (UniTTab) outperforms TabBERT,
VAR, XGBoost and CatBoost with a large margin.
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Table 4.11: Churn prediction task on the RBAT Dataset. "Our reproduction.

Pre-training  Model F1 score
(tmax)
TabBERT ' 0.526
150 TabBERT + VRT (ours) 0.536
UniTTab (ours) 0.604
XGBoost ' 0.485
CatBoost T 0.483
VAR ' 0.472

4.3.3 EFFECT OF PRE-TRAINING

One of the main advantages of using Deep Learning methods over more tradi-
tional Machine Learning approaches, is the possibility to pretrain a large network
using self-supervision and a large unsupervised dataset, and then fine-tune the
same network on the available supervised data of a downstream task. For instance,
in case of UniTTab, we first pre-train the network using a Masked Token pretext
task (Section 4.2) using all the available training data. These data do not need to
be annotated, since predicting a masked token is a self-supervised task. Then, we
use downstream task-specific annotated training data (which are usually much
sparser than the unsupervised data) to fine-tune the network. This is not possible
with techniques like VAR, Gradient Boosted Decision Trees or Random Forests,
which need labeled data and thus cannot exploit the knowledge contained in the
unlabeled samples.

In order to quantify the contribution of the pre-training phase, and to show
that this is useful also when the unlabeled dataset is not huge, we use the two
smallest datasets, i.e., the Pollution Dataset and the PKIDD’99 Financial Dataset,
and we pre-train the models with different portions of the pre-training dataset.
Specifically, in both Table 4.12 and Table 4.13 we indicate the fraction of the
pre-training dataset used for each experiment, where zero corresponds to train-
ing the models from scratch directly on the (labeled) downstream task data. The
results in these tables show that both TabBERT and UniT Tab significanltly ben-

69



4. ONE TRANSFORMER FOR ALL TIME SERIES: REPRESENTING AND TRAINING
WITH TIME-DEPENDENT HETEROGENEOUS TABULAR DATA

Table 4.12: Pollution prediction task (our partition): impact of different portions of the pre-
training dataset. " Our reproduction.

Pre-training portion  Model RMSE
0 TabBERT ' 33.37
UniTTab (ours) 27.10
XGBoost ' 48.89
CatBoost ' 47.09
VAR f 84.05
0.25 TabBERT * 30.78
' UniTTab (ours) 24.55
05 TabBERT ' 30.11
’ UniTTab (ours) 23.73
075 TabBERT ' 29.51
’ UniTTab (ours) 23.32
) TabBERT * 29.13

UniTTab (ours) 23.29

efit from the pre-training phase, despite both datasets have a small-medium size,
and even when only a small portion of the unlabeled data (e.g., 0.25) is used
for pre-training. Moreover, Table 4.12 shows that UniTTab can drastically out-
perform the non Deep Learning based methods (VAR, XGBoost and CatBoost)
even with no pre-training. Conversely, in the smallest dataset (PKDD’99), XG-
Boost beats all the other methods with a large margin when no pre-training is
used (Table 4.13). Note that this dataset is very small, with only 478 labeled sam-
ples, and training from scratch networks with 100M parameters with these scarce
data is very difficult. However, when pre-training is used, UniTTab gets a signif-

icantly higher F1 score than XGBoost.
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Table 4.13: Loan default prediction task: impact of different portions of the pre-training dataset.
We report average and standard deviation results obtained with 5 random seeds. For both Tab-
BERT and UniTTab, we keep fixed £, = 150. " Our reproduction. ¥ Results reported in the

corresponding paper.

Pre-training  Model F1 score
portion
TabBERT ' 0.526 (£0.009)
UniTTab (ours) 0.548 (£0.015)
0 Random Forest [115] ¥ 0.2667
XGBoost ! 0.608(40.079)
CatBoost | 0.527(=£0.065)
VAR ' 0.474(=£0.007)
0.25 TabBERT ' 0.586 (£0.023)
‘ UniTTab (ours) 0.593 (+0.022)
05 TabBERT ' 0.577 (£0.022)
’ UniTTab (ours) 0.607 (£0.029)
075 TabBERT 0.628 (+0.019)
’ UniTTab (ours) 0.620 (£0.027)
. TabBERT ' 0.620(=0.024)
UniTTab (ours) 0.673(£0.038)

4.4 EXPERIMENTAL SETTING

In this section, we present in more detail the datasets and the associated down-
stream tasks we used for our evaluations. Generally speaking, the five datasets we
used are very different from each other in terms of size, attributes, complexity
and downstream tasks. Moreover, we use two main protocols to extract the time
series and split the data in training and testing partitions, the first proposed in
[83], and the second proposed in this paper. Specifically, for both the Pollution
Dataset and the Transaction Dataset we follow the protocol proposed in [83],
in which time series are extracted from longer sequences using a temporal sliding
window (whose length corresponds to the time series length #) and a stride. These
time series are then randomly split in training and testing sequences using a fixed
training/testing ratio and used for the corresponding downstream task. Note
that the pre-training data include the downstream task testing samples, however,

no downstream task label is used in pre-training, since this phase is completely
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unsupervised. Even if a clearer separation between the pre-training dataset and
the downstream task testing dataset would be desirable, we followed the proto-
col proposed in [83] to make possible a comparison with the methods that have
been evaluated with those benchmarks using the same approach [83, 55, 96]. On
the other hand, for the other three datasets adopted in this paper, the PKDD’99
Financial Dataset, the Age2 Dataset and the RBAT Dataset (all bank transaction
datasets), we split the time series based on the bank client, which leads to a more
realistic scenario and a sharper training-testing separation. Specifically, we create
two data partitions (training and testing) based on the bank customer identity,
and in each partition we collect the entire transaction history of the correspond-
ing clients. Therefore, the history of a given customer can either belong (entirely)
to the training data or (entirely) to the testing data. The training split is used both
in the pre-training phase and in the downstream task training phase, while testing
data are observed by the models only at the time of evaluating the downstream
task. Finally, as explained in Section 4.3.2, for each dataset we define a #,,,, length
and we extract time series with variable length #, where ¢ < ¢,,,,. We provide be-
low more details on each dataset/task, while in Section 4.5 we show the statistics
of each dataset.

The Pollution Dataset [73] is a public UCI dataset based on pollution data
collected from 12 monitoring sites. Every row is composed of £ = 11 fields (£ =
14 using our time stamp representation with 4 fields) and it was adopted in [83] to
extract time series using the concatenation of # time-dependent, consecutive rows,
obtained with a # long sliding window and a stride of 5 (see below). Following
[83], in Tables 4.4 and 4.5 we pre-train all the models using 76K time series with
length # = 10.

For evaluation, we adopt the Pollution prediction (supervised) downstream
task [83], consisting in predicting the air pollution concentration. For this task,
Padhi et al. [83] use 45K (supervised) time series samples for training and 15K
(supervised) samples for testing, in which the time series are obtained using a slid-
ing window and a stride of 5. However, using this stride, there is an overlapping
between adjacent sequences, and, since the training-testing splits of the down-

stream task are obtained by random sampling of the time series, the two splits
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may have a partial information leak. To avoid this, we use a stride of 10 (with
no overlapping), which leads to a downstream task training-testing partition dif-
ferent from the one used in [83], with 23K training and 7.6K testing sequences.
As mentioned in Section 4.3, we call “our partition” the training-testing random
splits obtained using a stride of 10, and “original partition” the training-testing
random splits used in [83] and based on a stride of 5 (see Section 4.5 for more
details).

Finally, in Table 4.6 we use time series with length # = 50 and a stride of 50,
which leads to ~7.6K unsupervised time series used for pre-training, ~6.1K used
for the supervised downstream task training and ~1.5K testing sequences.

The Transaction Dataset [83] is a synthetic dataset created with heuristic
rules to generate realistic credit card transactions (see Figure 1.1). The dataset is
composed of 24M transactions from 20,000 users. There are # = 10 attributes,
which become £ = 13 when the time stamp is split in 4 different fields (Sec-
tion 4.2). Following [83], a time series is composed of # = 10 transactions (i.e.,
rows), and, for pre-training, the stride of the sliding window is 5, which leads to
a total number of 4.87M pre-training time series.

The associated Fraud detection downstream task is a binary classification task
based on the prediction of the fraudulent label, associated with a subset of sam-
ples. Following [83], we use 1.9M labeled samples (with # = 10) for the super-
vised training stage. Note that, for the downstream task, Padhi et al. [83] extract
time series using a stride of 10, thus, differently from the Pollution prediction
downstream task, there is no overlapping between two adjacent time series and
no information leak in the splits defined in [83]. However, since the positive and
the negative classes are highly unbalanced, the positive samples are upsampled
(for more details, we refer to [83]). The testing set is composed of 487K time
series.

For computational reasons, in the ablation experiments presented in Sec-
tion 4.3.1 (Tables 4.1 to 4.3) we use only 400K randomly selected time-series for
pre-training, of which 360K are used for the downstream task training and 40K
for testing. Finally, in Table 4.8, we use # = 50 and a stride of 50, which leads to

~475K unsupervised time series for pre-training, ~428K supervised time series
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for the downstream task training and ~47K supervised downstream task testing
time series.

The PKDD’99 Financial Dataset [18] is a collection of real anonymized
financial data of a Czech bank. Besides other client specific information (which
we do not use), this dataset contains bank account transactions of 4,500 clients.
We use £ = 6 fields to represent each transaction (row), which become £ = 8
after splitting the time stamp in 3 different fields. On average, the total length of
transaction history for a given customer is 232.

The associated Loan default prediction downstream task is a binary classifica-
tion task consisting in predicting how likely a client is going to default the loan.
For this task, we use 682 clients, jointly with their loan ground truth label, which,
following [115], are split in 478 clients for training and 204 for testing, and we
report the average results obtained with 5 random splits. Note that the testing
clients are not used for pre-training and we removed (from the pre-training, the
fine-tuning and the testing data) all those transactions directly related to the loan
payment. Moreover, both at fine-tuning and at testing time, we cut the transac-
tion history of each client before the loan started.

The Age2 Dataset [49] is a public dataset composed of real bank transactions
of different clients. Specifically, there are 43K clients, which we split in 39K for
training (used both in the pre-training stage and in the downstream task training
phase) and 4K for testing (used only for evaluation). The average length of the
transaction history of each client is ~84 rows. As shown in Section 4.3.2, time
series of variable length are extracted from each client with a maximum length of
tmax = S0.

The downstream task requires the model to predict the age of the client given
a time series. Specifically, we formulate this task as a binary classification task,
where the models should predict whether the customer is over 30 years old.

The RBAT Dataset is a proprietary dataset provided by an international
bank”, which is composed of several hundred thousands real bank account trans-
actions of private clients. From this datasets, we have randomly selected 100K

bank accounts, corresponding to about 32.5M transactions (i.e., rows), which

“For both privacy and commercial reasons, this dataset cannot be released.
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we used for both pre-training and fine-tuning on the donwstream task, and an-
other 20K accounts used only for the downstream task testing. Overall, the time
series transactions span about 2 years, from 2021 to 2022. For a given account,
the average transaction history length is 325. There are » = 3 types of transac-
tions (see Section 4.3.2), and, in the future, we plan to extend our experiments
with larger portions of this dataset, including other types of transactions (z > 3).

The Churn prediction downstream task consists in predicting a bank account
closure after a period of one month from the last transaction considered. In more
detail, at inference time, given a time series s, extracted from a given bank account,
the model should predict a possible closure of that account which can happen
any day of the month following the last transaction contained in s (which is a

supervised information provided at fine-tuning time).

4S5 DATASET STATISTICS

In Tables 4.14 and 4.15 we report the main characteristics of the datasets used in
our experiments, including our RBAT Dataset. Specifically, both “Pre-training
samples” and “Downstream training samples” refer to the original number of
time series samples before any upsampling or data-augmentation process. The
reported number of attributes include the time stamp counted as a single field.
For the Pollution Dataset, we also report the statistics of our partition, obtained
using a non-overlapping stride which guarantees that there is no information leak
between the training and the testing split (Section 4.4). For both the Pollution
and Transaction datasets, we also report the statistics corresponding to time series
of length # = 50, used in Table 4.6 and Table 4.8, respectively. Finally, the last
column of Table 4.14 refers to the random subset of the Transaction Dataset used

in the ablation experiments of Section 4.3.1.
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Table 4.14: Dataset statistics: Pollution Dataset and Transaction Dataset.

Pollution Dataset Transaction Dataset

our partition original partition # = 50 original t=50 ablation
Total dataset rows 382,168 382,168 382,168 24,386,900 24,386,900 4,000,000
Number of attributes (&) 11 11 11 10 10 10
Number of categorical fields 1 1 1 8 8 8
Number of numerical fields 10 10 10 2 2 2
Time series length (z) 10 10 50 10 50 10
Pre-training samples 76,414 76,414 7,638 4,874,597 475,066 400,000
Downstream training 22,927 45,850 6,114 1,950,224 427,559 360,000
samples
Testing samples 7,642 15,282 1,524 487,556 47,507 40,000
Data availability public public public  public public public

Table 4.15: Dataset statistics: PKDD’99 Financial Dataset, Age2 Dataset and RBAT Dataset.

PKDD’99 Financial Age2 Dataset RBAT Dataset

Dataset
Total dataset rows 1,042,740 3,652,757 39,040,010
Number of attributes (k) 6 11 10
Number of categorical fields 3 1 7
Number of numerical fields 3 10 3
Time series length (z) variable variable variable
Pre-training samples 4,500 38,961 100,000
Downstream training 478 38,961 100,000
samples
Testing samples 204 4,328 20,000
Data availability public public private

4.6 IMPLEMENTATION DETAILS

Training UniTTab—both during large-scale self-supervised pre-training and
downstream fine-tuning—requires substantial computational resources. Across
all experiments, models were implemented in PyTorch 1.11 and trained on
four NVIDIA RTX A6000 GPUs (48GB each). While the core architecture is
shared across datasets, the total number of parameters varies depending on the
dataset-specific categorical vocabularies (an unavoidable source of parameter

growth in tabular Transformers). In all cases, model sizes range from 90M
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to over 300M parameters, with sequence lengths up to 150 transactions and
hierarchical attention applied at both field and sequence level.

The experiments reported in this chapter rely on extensive self-supervised pre-
training, which is by far the most computationally intensive stage. For the largest
datasets, pre-training spans several days of continuous multi-GPU computation,

even with highly optimized data pipelines. As a consequence:

* Pre-training runs cannot realistically be repeated for the sole purpose of
measuring variance or tuning hyperparameters. Fach pre-training run
represents a multi-day, high-cost computation, and repeating it multiple

times would require resources well beyond typical academic availability.

* Ablation experiments cannot be executed with multiple random seeds.
While multi-seed ablations are standard in small-scale settings, they would
here multiply the cost of pre-training by the number of seeds, making
them computationally prohibitive. Instead, ablations isolate architectural
or methodological components while keeping all other factors fixed,

following common practice in large-model research.

* Downstream fine-tuning is inexpensive, but strongly depends on the
pretrained checkpoint. Since fine-tuning depends on the underlying
pretrained representation, repeating fine-tuning with multiple seeds
would still not provide meaningful insight into the variability of the

pre-training process, which dominates model behavior.

Given these constraints, our evaluation follows the same principles adopted
in large-scale language and vision models: we report results based on a single pre-
trained model per configuration, perform ablations by modifying components
while keeping the pretrained backbone fixed, and run multi-seed repetitions only
for pre-training and fine-tuning on small datasets, where computational cost is
manageable.

A detailed summary of dataset-specific parameters and training time is pro-
vided in Table 4.16.
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Table 4.16: UniT Tab hyperparameter values.

Pollution Transaction PKDD’99 RBAT  Age2

Dataset Dataset

Financial Dataset Dataset
Dataset

Optimizer

Learning rate

Dropout

Label Smoothing (¢)
Batch size

Model size (parameters)
Field Transformer layers
Field Transformer heads
Field Transformer
embedding size (d)
Sequence Transformer
layers

Sequence Transformer
heads

Sequence Transformer
embedding size (72)
Pre-training epochs
Pre-training iterations
Fine-tuning epochs
Fine-tuning iterations
Total training time

AdamW AdamW

Se-05 Se-05
0.1 0.1
0.1 0.1
120 120
137M 300M
1 1

8 8

72 72
12 12

12 12
1080 1080
12 5
7.6k 203k
10 10
5.7k 485k

1.5 hours 4 days

AdamW  AdamW AdamW

Se-05 Se-05 Se-05
0.1 0.1 0.1
0.1 0.1 0.1
120 120 120
100M I90M 44M
1 1 1

8 8 8

72 72 72
12 12 12
12 12 12
1080 1080 1080
20 20 20
0.76k 17k 21k
30 30 20

0.21k 30k 21k
15 minutes 8 hours 2 hours
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Deep Learning and Large-Scale Models

for Bank Transactions

Publication:
“F. Garuti ez al., Deep Learning and Large Scale Models for Bank Transactions

[1]”.

The terms o7’ and "we’ refer to this thesis’s author and the publication’s authors.

This chapter presents the second contribution of the thesis, which focuses on
the application of deep learning and large-scale models to bank transactional data.
Building upon the representation framework introduced in Chapter 4, this work
addresses the unique challenges posed by real-world banking transactions, includ-
ing extreme data heterogeneity, irregular temporal dynamics, and the need for
scalability to tens of millions of events. The chapter introduces a Transformer-
based foundation model trained on large-scale real transactional datasets, with

the goal of learning general-purpose representations that can be effectively trans-

This Chapter is related to the publication “F. Garuti ¢z a/., Deep Learning and Large Scale
Models for Bank Transactions” [1]. See the list of Publications on page 175 for more details.
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ferred across multiple downstream tasks such as fraud detection, churn predic-
tion, and credit risk assessment. By leveraging self-supervised learning at unprece-
dented scale, this study advances the use of deep learning in financial transaction
modeling and positions large-scale transactional models as a foundational com-

ponent for modern banking analytics.

5.1 THE CHALLENGES OF TRANSACTIONAL DATA AND

DEEP LEARNING

Dealing with transactional data is more complex than working with music, im-
ages or text because of the heterogeneity of the input. Itisalso more difficult than
working with multimodal data; in addition the public transactional datasets are
often too small and limited in diversity.

Indeed, the impactful results of UniTTab (Unified Transformer model for
Tabular data) were driven by the availability of large transactional datasets as well
as the availability of NVIDIA GPUs, which facilitated the definition of new neu-
ral architectural models, specifically designed for banking transactional data.

The main challenges addressed by UniTTab depend on the aspects of these

data, briefly outlined in the following:

* Tabular data, usually collected from different sources (e.g., separate
databases) thus they require an intensive pre-processing for data cleaning

and interoperability.

* Time dependence. Transactional data represent a special case of time-
series with non-regular frequency: bank customers carry out a variable
number of transactions per year, ranging from very few transactions up

to several thousand transactions per year.

* Heterogeneous data. Transactions have not homogeneous fields: some of
them are numerical (e.g. the amount), some categorical (e.g. the type of
transaction), some textual (e.g. the bank transfer description) or with a

specific structure (e.g. the date).
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* Multiple-structure data. The transactions of a client account have a dif-
ferent field-structure according with the type of transaction (e.g. a POS, a
credit card, an ATM or a bank transfer).

* Correlated data. The transaction fields are often correlated to each other
in the same time series (e.g. in periodical payments) and among differ-
ent time series: each client can own different bank products, different ac-
counts, and some accounts have different owners (join accounts). Finally,
some transactions are correlated with external but unknown conditions

(e.g. holiday times or the lockdown in the pandemic period).

5.2 THE ARCHITECTURE

Given the previously discussed challenges of data variability, quantity and het-
erogeneity, deep learning for transactional data has been largely underexplored,
with only a few public experiments and a small number of private institutions
and banking research centers. One interesting recent position paper (J.P Mor-
gan 2021 [12]) concerns synthetic data generation, even if it actually defines the
problems but does not offer any solutions.

In non-financial Al state-of-the-art models are usually based on Transformer
architectures, usually trained using self-supervised learning (e.g., using “masked
word” prediction tasks or through generative or “contrastive learning”). Initially
defined as language models in the field of NLP, they are now common also in
other Al areas such as Computer Vision, making Transformer networks the basic
paradigm for contemporary Al Specifically, “Foundational Models” are typically
large Transformers pre-trained on huge datasets (e.g., the Wikipedia documents,
or billions of Web-collected images). Their goal is to create compact, intermediate
representations of the input in a latent space, useful for different tasks, such as
classification, generation, recognition, image segmentation, anomaly detection,
etc. Examples are BERT [35], GPT2/3/3.5 [24], CLIP [90], etc. They can be
used in a simple way, see the worldwide success of Chat-GPT3, and “fine-tuned”

to be adapted to specific tasks. On the other hand, using Transformers to create
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Foundation models for new types of data -such as the transactional data- is more
complex, both because training and testing requires days of GPU computation,
jointly with very large datasets, and because the Transformer architecture should
be re-defined for the specific domain.

In the UniTTAB project we explore this trend by redesigning attentive and
generative models, i.e. Transformers. This allowed us to deal with the heteroge-
neous nature of transactional data: tabular time series with multiple-structure
and multimodal fields. The designed architecture is resumed in Figure 5.1.

Borrowing the techniques used in text analysis in BERT or GPT models, we
used input time series with variable length. We varied the sequence length from
50 to 150 transactions, where each transaction is composed of a fixed number of
10 fields. As a result, each time series can vary in length from 500 to 1500 items,
a challenging length to be managed even for text sentences.

Given the data structure we use the hierarchical architecture shown in Fig-
ure 5.1. First, we endow a field-level transformer, which encode individual trans-
actions into embeddings. Then these embeddings are fed into the second-level
transformer, that processes the time-series to encode them as a single element in
the latent space. This is the foundation latent space where the representation
can be potentially exploited for many tasks, such as Classification (e.g., to classify
the client behavior), Detection (e.g., to detect anomalies, frauds, etc.), Prediction
(e.g., to predict product churn in next few months). As shown in Figure 5.1, this
model can also be used for a generative task. For instance generating time series

data has the advantage of preserving the content but also the privacy of the client.

True Transactions —
__________________ FPmm e e e e e e e e e e e e e e e e e m - - ==y Classification
: | : : »(1° lev Transformer ||

| Detection
; I (2 ev Transformer 2° lev —(osesion ]
| | 1 Transformer .
A Prediction
: ] : : »(1° lev Transformer | —»]
__________________ b e e e e e e e e e e e e e e m— 4
X . N . 4[  Generation

Transactional multi-modal Transaction Time Serie

Multi-structure time-series Encoding Unified
__________________ Encoding
X | X
1 1
i [ ]

1 1
1 1
| I |

Synthetic, privacy preserving

Figure 5.1: A schematic illustration of the UniTTAB architecture for financial data.
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S.3 EXPERIMENTS ON AVAILABLE DATASETS

Details of the architecture, at least for some tasks of detection and prediction,
are described in UniTTaB proposed by Simone Luetto et al. [76]. The effective-
ness of the model has been tested over various datasets, used as benchmarks for

different tasks, according with the provided manual annotation.

* A Fraud Detection task has been tested on the Transactions Dataset
[8] proposed in 2021 with synthetic credit card transactions, composed
of multimodal data (some fields are categorical, some are numerical).
Trained on about 2 Million samples, tests have been provided on a sets of
about 450K sequence of transactions. As reported in Table 5.1 UniTTab
strongly outperform any competitor, with an accuracy 93.5 and an Fl1

measure of 0.915.

* A Loan Default Prediction task is evaluated on the PKDD’99 Financial
Dataset [18]: it is a relatively small dataset with “only” 45K clients, each
performing 200 transactions in average. Although the dataset is very un-
balanced, loan Default is correctly predicted with a F1 measure of 0.673
and an accuracy of 92.3 (Table 5.1). Also in this case results are the state-

of-the art.

¢ A Churn Rate Prediction task is finally evaluated on the RBAT Dataset.
A subset of approximately 100K bank accounts with about 50 Million of
transactions have been adopted for training the complete architecture of
Figure S.1. As reported in Table 5.1, prediction is very precise — absolutely
better than other competitors - with an accuracy of 90.8 and an F1 measure
of 0.604.

A brief comparison of the results of our UniTTab model against the competi-

tors on the previously mentioned tasks is provided in Table 5.1.
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Table 5.1: A quantitative comparison between UniTTAB and the state-of-the-art Deep Learning
methods for time series data on three tasks: (1) a Fraud detection task on the (synthetic) Transac-
tions Dataset, (2) a Loan default prediction task on the (real) PKDD’99 Financial Dataset, (3) a
Churn prediction task on our (real) RBAT Dataset.

Transactions Dataset  PKDD’99 Financial Dataset RBAT Dataset

Model F1 score Flscore Accuracy Flscore Accuracy
TabBERT [83] 0.860 0.620 91.6 0.526 86.5
LUNA [55] 0.862 ; . ; ;
TabAConvBERT [96]  0.896 - - - -
UniTTab (ours) 0.915 0.673 92.3 0.604 90.8

S.4 DATASET STATISTICS

The experiments presented in section 5.3 rely on three datasets previously intro-
duced in chapter 4: the Transactions Dataset, the PKDD’99 Financial Dataset,
and the RBAT Dataset. Their structure, feature composition, and overall charac-
teristics have already been described in section 4.4 (Experimental Setup) and sec-
tion 4.5 (Dataset Statistics). The procedures used to extract time-series samples—
such as temporal windowing, variable-length sequence handling, and the con-
struction of training and testing splits—are exactly the same protocols defined in
chapter 4, and in particular follow the original extraction and partitioning strat-
egy proposed in [83] for the datasets where that protocol applies.

In this chapter, we exclusively adopt the same original splits defined in chap-
ter 4 and derived from the [83] protocol, without introducing alternative win-
dowing strategies, different sampling configurations, or additional partitioning
schemes. This ensures methodological continuity across chapters and allows us
to directly compare the results obtained here with those of chapter 4, both in
terms of model behaviour and dataset usage.

To support reproducibility, we report at the end of this section a summary
table detailing the exact dataset partitions used in the experiments of section 5.3.

For each dataset, the table includes:

* the number of time-series samples used for self-supervised pre-training,
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* the number of labeled samples used for downstream training and testing,

* the specific time-series length configuration (fixed or variable, including

the value of #,,,,,), and

* the number and type of fields composing each transactional record.

Table 5.2: Dataset statistics: Transactions Dataset, PKDD’99 Financial Dataset and RBAT
Dataset.

Transactions Dataset PKDD’99 Financial Dataset RBAT Dataset

Total dataset rows 24,386,900 1,042,740 39,040,010
Number of attributes (£) 10 6 10
Number of categorical fields 8 3 7

Number of numerical fields 2 3 3

Time series length (z) 10 variable variable
Pre-training samples 4,874,597 4,500 100,000
Downstream training 1,950,224 478 100,000
samples

Testing samples 487,556 204 20,000
Data availability public public private

S.5 IMPLEMENTATION DETAILS

The experiments presented in this chapter build directly upon the UniTTab
framework and training methodology introduced in Chapter 4. For consistency
and comparability, all hyperparameters used in Chapter 5 exactly match those
reported in Chapter 4 for the corresponding datasets. No dataset-specific
modifications or retuning were introduced for the experiments in this chapter.

All models were implemented in Py Torch and trained on four NVIDIA RTX
A6000 GPUs (48GB), using the same computational setup adopted in Chap-
ter 4. This ensures that differences in performance across chapters arise solely
from data scale, model configuration, or task definition—not from changes in
the underlying training environment.

Because this chapter introduces large-scale experiments on real banking data,
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the computational footprint is dominated by self-supervised pre-training. Nev-

ertheless:

* No hyperparameter search was performed.

¢ All models and tasks inherit exactly the same architectural and optimiza-

tion settings defined in Chapter 4.

* Any performance differences stem from dataset scale and task definition,

not from implementation choices.

To maintain consistency across the thesis, pretrained checkpoints used
in Chapter 5 were produced using the same pre-training setup outlined in
Chapter 4. Moreover, the fine-tuning procedures follow the same strategy
described in Section 4.6, including the use of a [CLS] token and a task-specific

linear classifier.
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Table 5.3: UniTTab hyperparameter values.

Transaction PKDD’99 RBAT
Dataset Financial Dataset
Dataset
Optimizer AdamW AdamW AdamW
Learning rate 5e-05 5e-05 5e-05
Dropout 0.1 0.1 0.1
Label Smoothing (¢) 0.1 0.1 0.1
Batch size 120 120 120
Model size (parameters)  300M 100M 90M
Field Transformer layers 1 1 1
Field Transformer heads 8 8 8
Field Transformer 72 72 72
embedding size ()
Sequence Transformer 12 12 12
layers
Sequence Transformer 12 12 12
heads
Sequence Transformer 1080 1080 1080
embedding size (72)
Pre-training epochs 5 20 20
Pre-training iterations 203k 0.76k 17k
Fine-tuning epochs 10 30 30
Fine-tuning iterations 485k 0.21k 30k
Total training time 4 days 15 minutes 8 hours
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Large-Scale Transformer Models for

Transactional Data

Publication:

“F. Garuti et al., Large-Scale Transformer models for Transactional Data [2]”.

The terms ’our’ and "we’ refer to this thesis’s author and the publication’s authors.

This chapter introduces the third contribution of the thesis, which inves-
tigates large-scale Transformer models for transactional data. Building on the
architectural foundations and representation learning principles developed in
the previous chapters, this work focuses on scaling Transformer-based models
to massive, real-world transaction datasets and on analyzing their behavior in re-
alistic banking scenarios. The chapter explores how self-supervised pre-training
on long, heterogeneous transactional time series enables the learning of robust,
transferable representations that effectively capture temporal dependencies,

feature interactions, and long-range patterns. Particular emphasis is placed

This Chapter is related to the publication “F. Garuti ez al., Large-Scale Transformer models
for Transactional Data” [2]. See the list of Publications on page 175 for more details.
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on scalability, variable-length sequences, and the transition from traditional
tree-based pipelines to end-to-end deep learning systems, positioning large-scale
Transformers as a viable foundation for predictive, detection, and risk-related

tasks in modern financial applications.

6.1 METHOD

6.1.1 PRE-TRAINING AND FINE-TUNING

The current great availability of data together with the advancement of Al re-
search have opened the possibility of developing larger models with more gen-
eral purposes. This is already a reality in almost every application regarding un-
structured data, like text, images and video. Many general-purpose models have
gained fame in recent years: GPT-3 [24], BERT [35], CLIP [90], DALL-E [92].
All these models have been pre-trained using large datasets jointly with a self-
supervised approach.

The goal of the pre-training phase is to learn a good representation of the input
data. As a result, models trained within this scheme show great generalization ca-
pabilities even without further training, like the generation of text of GPT mod-
els. These capabilities can further improve after a second training phase, called
fine-tuning over a specific task, for example, ChatGPT’s stunning ability to con-
versate. Taking inspiration from these models, we use a large dataset of transac-
tions to pre-train a Transformer network using self-supervised learning, and then
we use a (smaller) labeled dataset to fine-tune the network for a specific task.

During the pre-training stage, we train our UniTTab model using the Masked
Token pretext task [35]. Some of the input features are masked to the model, and
the model is trained to predict the masked features as a function of the “visible”
ones. This method makes it possible to train a model to automatically learn the se-
mantics and to extract relevant information contained in the sequence of transac-
tions. Specifically, for an input sequence, we randomly replace a field value with
the special symbol [MASK]. We use a standard replacement probability value
of 0.15 35, 83]. Moreover, with probability 0.1, we also mask all the fields in
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a transaction, while, for the fields representing the time stamp, they are always
either jointly masked or jointly unmasked. These additional masking strategies,
inspired by the block masking of adjacent image patches used in BEiT [14], make
the pretext task more challenging for the network.

It is important to remark that, within the pre-training phase, the training of
the model solely relies on input features of transactions, eliminating the need for
labels. This way we can use the entire transactional dataset, even if it is not fully
labeled for the specific downstream task. This is the case of the Czech dataset [18]

used for loan default prediction, described in Section 6.2.1.

6.1.2 THE ARCHITECTURE

We develop a custom model called UniT Tab, designed to be suited for sequences
of heterogeneous transactional data. Borrowing the techniques used in text anal-
ysis in BERT or GPT models, we use input time series with variable length. We
vary the sequence length from 10 to 150 transactions, where each transaction is
composed of a fixed number of 10 or 6 fields. As a result, each time series can
vary in length from 100 to 900 items, a challenging length to manage even for
text sentences.

Given the data structure, we propose the hierarchical architecture shown in
Figure 6.1. The architecture is composed of two different Transformers, and it
is trained end-to-end. The first Transformer (“Field Transformer”) takes as in-
put the £ features describing a single transaction, like transaction amount, mer-
chant information, transaction date and time. The features are transformed in %
final embeddings, which are concatenated in a single embedding vector. This em-
bedding is the representation of a single transaction. Then a sequence of these
embeddings, each representing a transaction, is fed to the second Transformer
(“Sequence Transformer”). The Sequence Transformer models the statistic de-
pendencies between different transactions in the sequence and outputs embed-
ding elements in the latent space. This is the general-purpose latent space where
the representation can be potentially exploited for many tasks, such as classifi-

cation (e.g., to classify the client behavior), detection (e.g., to detect anomalies,
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) ()
= = o -« =2 = O e
[ Sequence Transformer [ ‘Sequence Transformer ]
R R
[ Field Transformer j [ Field Transformer j [ Field Transformer j [ Field Transformer j
lencoding encoding, encoding encoding encoding lencoding lencoding] encoding
Date Time Amount  [MASK] - [WASK] [MASK] Amount Merchant Date Time Amount Merchant - Date Time Amount Merchant

Figure 6.1: A schematic illustration of the UniTTab architecture for financial data.

frauds), and prediction (e.g., to predict product churn in next few months).

As depicted in Figure 6.1, during pre-training, for each masked field we use
the corresponding output embedding to predict the field value. Instead, during
fine-tuning, we add a class token [CLASS] at the beginning of the transaction
embedding sequence, and we use the corresponding output embedding to solve
the financial tasks. This embedding can attend to all transaction embeddings in

the sequence, allowing it to exploit all field information of all transactions.

6.1.3 FEATURE REPRESENTATION

Our model can effectively represent heterogeneous data, encoding both numeri-
cal fields (e.g., the amount), categorical fields (e.g., the type of transaction), and
fields with a specific structure (e.g., the date).

The most common approach to tackle this challenge is to reduce all the fea-
tures to a common representation: usually numerical for ensemble of trees or cat-
egorical for deep learning architectures like TabBERT [83]. However, discretiz-
ing numerical features into a finite set of values results in a loss of information.
For example, it could be important to know if an amount is precisely 20 euros
or 20.50 to distinguish between a withdrawal and a grocery expense. For this
reason we develop a custom representation to transform numerical values in the
input vector. In particular, we represent each numerical value as a feature vector
obtained by the concatenation of a battery of different frequency functions (de-
picted with a sine wave symbol in Figure 6.1). Similar representations are used in

NeRFs [79] for 3D synthesis. Conversely, we adopt a traditional “category en-
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coding” to represent the categorical features, by using simple embedding neural
networks (as used in [83]). Finally, we use a custom “time encoding” method for
the timestamp attributes. The value of a timestamp is split using a combination
of different field values: the year, the month, the day and, if necessary, the hour.
Then each such value is represented as a categorical feature (e.g., with 12 elements

for the month).

6.2 EXPERIMENTAL RESULTS

The effectiveness of the model has been tested over two large size datasets of
transactions: the PKDD’99 Financial Dataset [18] and our Real Bank Account
Transaction Dataset (in short, RBAT Dataset). The first dataset is public and
is used as a benchmark for predicting loan default. Instead, the second dataset
is private and is used to assess how well our model predicts customer churn in
comparison to standard industry models. The chosen experiments are binary
classification tasks with a large level of unbalance in the statistics of the two target
classes.

In all the experiments, the model is first pre-trained using self-supervision (Sec-
tion 6.1.1) and then fine-tuned on the classification task, in a standard supervised

way, using the labeled data.

6.2.1 LOAN DEFAULT PREDICTION

The loan default prediction is a classification task defined on the PKDD’99 Fi-
nancial Dataset, which is a public dataset of real transactions from a Czech bank
[18]. This dataset is composed of 1M of transactions from 4500 clients. It also
includes customer information, but we use only the transactions, each composed
of 6 fields (timestamp, amount, type and channel of the transaction).

The dataset presents a large fraction of unlabeled data, in fact most of the ac-
counts don’t have any loans, and they cannot be used for the classification task.
This is the perfect example of the potentiality of our model: we perform the pre-
training on all the accounts present in the dataset (4500) and then we fine-tune

the model only on the labeled ones (478 for training and 204 in test). With such
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Table 6.1: Loan default prediction task: average and standard deviation results obtained with 5
random seeds.

tmax  Model F1 score Average Precision  ROC AUC Accuracy
TabBERT [83] 0.611(£0.032)  0.594(£0.031)  0.827(40.048)  90.7(%1.6)

50 LUNA [55] 0.604(£0.048)  0.613(40.048)  0.869(£0.030)  92.5(&1.7)
UniTTab (ours) 0.619(£0.011)  0.574(£0.017)  0.882(£0.021)  90.2(%1.5)
TabBERT [83] 0.636(£0.024)  0.625(£0.036)  0.874(40.019)  91.6(%0.9)

100 LUNA [55] 0.624(£0.075)  0.601(£0.018)  0.846(£0.025) 92.5(%1.7)
UniTTab (ours) 0.654(£0.032)  0.653(£0.033)  0.903(40.006)  91.4(%1.2)
TabBERT [83] 0.620(40.024)  0.603(£0.016)  0.857(£0.026)  91.6(1.1)

150  LUNA [55] 0.637(£0.043)  0.589(£0.017)  0.851(£0.030)  92.6(+1.2)
UniTTab (ours) 0.673(£0.038)  0.690(£0.030)  0.912(£0.018)  92.3(%1.1)
Random Forest [115]  0.2667 - 0.6957 89.27

- XGBoost 0.608(£0.079)  0.700(£0.040)  0.894(40.019)  92.8(1.8)
CatBoost 0.527(£0.065)  0.617(40.079)  0.866(£0.043)  92.0(%1.1)

a small number of samples UniTTab has been able to obtain good results, way
higher than ensemble of trees, and the possibility to exploit all the data in pre-

training is its main advantage.

To evaluate our model’s ability to deal with longer sequences and variable
lengths, we test different sequence lengths of transactions. We define a maxi-
mum length value £, (ranging from 50 to 150), and for each account we include
the entire sequence of transactions if it is shorter than the maximum. Instead,
if the sequence exceeds the maximum length, we only consider the most recent
Lmax transactions. It’s important to note that, during pre-training the average
sequence length is 232 transactions, whereas during fine-tuning the average se-
quence length is 80 transactions. This happens because, for fine-tuning, we only
take transactions made before the loan begins. For this reason, if we set £, to
150, during fine-tuning almost all transaction sequences are of variable length.
It’s also interesting to observe that, increasing the length of the sequence, the
result of the model improves. This is likely due to the information increase in
the input sequence, but it demonstrates that the model is able to deal with long

SCqUCHCCS Of transactions.
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6.2.2 EFFECT OF PRE-TRAINING

One of the main advantages of using Deep Learning methods over traditional Ma-
chine Learning approaches is the possibility to pre-train a large network using a
large unsupervised dataset, and then fine-tune the same network on the (usually
scarcer) available annotated data of a downstream task. In order to quantify the
contribution of the pre-training phase, and to show that this is useful also when
the unlabeled dataset is not huge, we use the PKDID’99 Financial Dataset, and we
pre-train the models with different portions of the pre-training dataset. Specif-
ically, in Figure 6.2 we indicate the fraction of the pre-training dataset used for
each experiment, where zero corresponds to training the models from scratch di-
rectly on the (labeled) downstream task data. The results in the figure show that
both Deep Learning methods (i.e., TabBERT and UniTTab) significantly bene-
fit from the pre-training phase, even using only a small portion of the unlabeled
data (e.g., 0.25). Furthermore, when pre-training is performed, our UniTTab

gets a significantly higher F1 score than traditional tree-based models.

0.700
UniTTab (ours)
0.675 °
0.650
[J]
§ 0.625 e
4 * o/
& 0600  xGBoost e
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Figure 6.2: Loan default prediction task: impact of different portions of the pre-training dataset.

95



6. LARGE-SCALE TRANSFORMER MODELS FOR TRANSACTIONAL DATA

6.2.3 CHURN PREDICTION: COMPARISON WITH INDUSTRY STAN-
DARDS

We also compare our model with a custom transactional tree-based pipeline on
a churn rate prediction task. The task is defined on the private RBAT dataset,
which is provided by an international bank and is composed of several hundred
million real transactions of bank customers.

The churn prediction task is defined as whether or not a customer churns in
the next 3 months, given a 6-month history sequence of transactions performed
by that customer. The history sequences provided to the models are of variable
length, with an average of 192 transactions and up to a maximum of 500 trans-
actions. Each sequence is associated with a binary target that represents the pres-
ence of the churn event for that customer in the following 3 months. Initially,
our model has been pre-trained on a random sample of 1M untargeted accounts,
corresponding to approximately 300 million transactions. Then, we evaluate
the performance of our model and industry standards using fine-tuning data-
sets of different sizes, ranging from 50K transaction sequences up to 1 million
sequences.

Figure 6.3 shows that our UniTTab model significantly outperforms industry
standards for every training dataset size. It also demonstrates the scalability of
our model through an increased number of fine-tuning samples: increasing the
number of training accounts yields considerably improved AUC on the churn

prediction task.
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6.3 DATASET STATISTICS

The experiments presented in Section 6.2 rely exclusively on two datasets: the
PKDD’99 Financial Dataset and the RBAT Dataset. Both datasets were already
used in Chapter 5, and the preprocessing and sampling protocols adopted here
follow exactly the same procedures described in Section 5.4. In particular, no
new extraction strategies, resampling procedures, or modified train/test parti-
tions were introduced for the experiments in this chapter.

For the PKDD’99 Financial Dataset, time-series samples are constructed us-
ing variable-length sequences capped by a maximum allowed horizon, and the
training and testing partitions correspond precisely to the original splits defined
in Chapter 4 and reused in Chapter 5. Similarly, the RBAT Dataset is processed
using the same variable-length extraction method and the same customer-level
partitioning protocol employed in the Churn Prediction experiments of Chap-
ter S. In both cases, the model is first pretrained using the original unsupervised
splitand then fine-tuned using the same labeled downstream-task split previously

adopted.
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Since the dataset partitions used here are identical to those already doc-
umented in Chapter 5, and no additional extraction strategies or dataset
transformations were applied, we refer the reader to Table 5.2 for the complete

dataset statistics relevant to the experiments reported in this chapter.

6.4 IMPLEMENTATION DETAILS

The experiments presented in this chapter assess the behaviour of UniTTab un-
der alternative supervision conditions and modified evaluation scenarios. All ex-
periments were carried out within the same software and hardware environment
used in the previous chapters, and no new hyperparameters or architectural mod-
ifications were introduced. To ensure strict comparability across the thesis, all
hyperparameters used in Chapter 6 are exactly the same as those defined in Chap-
ter 4 and Chapter S for the respective datasets. This applies to the model architec-
ture, masking strategy, optimizer settings, learning rate schedule, batching con-
figuration, and preprocessing procedures.

Allmodels were trained using Py Torch on a multi-GPU setup comprising four
NVIDIA RTX A6000 GPUs (48GB each). This is the same computational envi-
ronment used for the experiments in Chapter 4 and Chapter 5. By maintaining
an identical hardware and software setup, we isolate the effects of the experimen-

tal conditions explored in Chapter 6 from implementation-related variability.

6.4.1 DATASET-SPECIFIC CONFIGURATION

¢ PKDD’99 Financial Dataset. All experiments involving PKDD’99
reuse the complete hyperparameter configuration defined in Chapter 4
and Chapter 5. This includes the Transformer depth, hidden dimensions,
embedding sizes, masking probabilities, optimization settings, and data
preprocessing steps. The only differences introduced in this chapter
concern the experimental protocol (e.g., modified supervision settings),

not the model configuration itself.
* RBAT Dataset. The experiments conducted on the RBAT dataset also
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rely entirely on the hyperparameters previously defined in Chapter 4
and Chapter 5. This includes the hierarchical transaction encoder,
feature normalization, field-type embeddings, masking parameters, and
optimizer configuration. Sequence handling procedures such as padding,

bucketing, and maximum length constraints are unchanged.
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Generative Modeling of Tabular Time

Series

ENERATIVE modeling of tabular time series addresses a problem that
is fundamentally different from representation learning for discrimi-
native tasks. While Chapters 4 to 6 focused on learning transferable

representations optimized for prediction and classification, this chapter deliber-
ately shifts the attention to data synthesis, with distinct objectives, assumptions,
and evaluation criteria.

Many practical applications—particularly in privacy-sensitive settings—
require the ability to synthesize realistic transactional sequences that resemble
real data while not disclosing sensitive information. In such scenarios, the
goal is not predictive performance, but the faithful approximation of the
underlying data-generating process, enabling data sharing, simulation, and

privacy-preserving analytics.

This Section is related to the publication “F. Garuti ez 4/., Diffusion and Autoregressive Deep
Learning Models for Transactional Data Generation” [3]. See the list of Publications on page 175
for more details.
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Despite this conceptual shift, the generative models introduced in this chapter
build upon the representational and architectural foundations developed in the
previous chapters. In particular, the embedding spaces, feature encodings, and hi-
erarchical Transformer designs originally introduced for discriminative learning
provide a suitable substrate for modeling the full distribution of heterogeneous
transactional time series.

In the context of tabular data, generative modeling aims to approximate the
joint distribution of heterogeneous attributes over time. Formally, given a trans-
actional time series x = (71, 72,...,77), the objective is to learn a generative
model pg(x) capable of sampling new sequences x that preserve the statistical,
structural, and temporal properties of the original data [41]. This includes mod-
eling dependencies both within individual transactions and across transac-

tions in time [119].

7.1 AUTOREGRESSIVE GENERATION OF TABULAR TIME

SERIES

Among generative paradigms, autoregressive (AR) models provide a princi-
pled and conceptually simple approach. Autoregressive models factorize the joint

probability of a sequence as a product of conditional distributions:

T

plx) = HP(Vz | 715y 7em1),

=1
where each transaction is generated conditioned on the entire past history
[17,109]. This formulation naturally aligns with the sequential nature of trans-
actional data and supports variable-length sequence generation.
When applied to tabular time series, autoregressive modeling must address
an additional layer of complexity. Each transaction 7;is itself a structured object
composed of multiple heterogeneous attributes. As a result, the conditional dis-

tribution p(7; | <, ) must capture both:

1. Temporal dependencies, determining when and how a new transaction
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occurs given past activity, and

2. Feature-level dependencies, ensuring internal consistency among the at-

tributes of the generated transaction citeguo2021towards.

A common strategy is to further factorize the conditional distribution of each

transaction into a sequence of attribute-level predictions:

K

P(Vr | r<:) = HP(Ut,/e | r<: avt,</e)7

k=1

where attributes are generated one at a time in a predefined order [82]. This
hierarchical autoregressive formulation enables fine-grained control over feature
generation and allows the model to enforce consistency across attributes.

Autoregressive models offer several advantages in the tabular domain. They
provide explicit likelihoods, making training and evaluation straightforward.
They naturally support conditional generation, allowing sequences to be gener-
ated based on contextual information such as entity-level attributes [101]. More-
over, they integrate seamlessly with Transformer architectures, which excel at
modeling long-range dependencies [109, 24].

However, autoregressive generation also presents notable limitations. The
sequential nature of generation leads to slow sampling, especially for long se-
quences and high-dimensional records [30]. Error propagation across time steps
and attributes can degrade generation quality, and unconditional sampling often
suffers from limited diversity [61]. These drawbacks highlight the need for gener-
ative approaches that can mitigate sequential dependencies while improving sam-
ple quality and diversity. The next section introduces diffusion-based generative

models as an alternative paradigm for tabular time series generation [100, 58].

7.2  DIFFUSION MODELS FOR TABULAR TIME SERIES

In recent years, diffusion models have emerged as a powerful generative
paradigm, achieving state-of-the-art performance in domains such as image

synthesis, audio generation, and, more recently, text and video modeling
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[100, 58, 104]. Diftusion models differ fundamentally from autoregressive
approaches in that they generate samples through an iterative denoising
process, rather than by sequentially sampling individual tokens or time steps.
This distinction has important implications for both generation quality and
diversity [36].

At a high level, diffusion models define a forward process that gradually cor-
rupts data by adding noise, and a learned reverse process that progressively re-
moves noise to recover samples from the data distribution [58]. Because gener-
ation proceeds through a sequence of refinement steps rather than strict condi-
tional factorization, diffusion models tend to produce samples that better cover
the support of the data distribution and exhibit higher diversity [81].

Applying diffusion models to tabular time series is particularly appealing
for several reasons. First, diffusion-based generation is inherently parallel across
dimensions, avoiding the token-by-token bottleneck of autoregressive decoding
[103]. Second, the denoising objective encourages the model to capture global
structure and correlations, rather than relying exclusively on local conditional
dependencies [66]. Third, diffusion models have been shown to be robust to
mode collapse and to perform well in high-dimensional generative tasks [36].

However, extending diffusion models to heterogeneous tabular time series in-
troduces new challenges. Classical diffusion models are defined over continuous
data spaces, whereas tabular datasets combine continuous numerical attributes
with discrete categorical variables and exhibit complex structural constraints
[114]. Moreover, time-dependent tabular data introduce an additional sequen-
tial dimension, requiring the model to generate not only realistic individual
records but also coherent temporal dynamics [93].

These challenges necessitate careful adaptations of the diffusion framework,
including the definition of suitable latent spaces, noise models, and condition-
ing mechanisms [66, 59]. In the following sections, we introduce BankDiT, a
diffusion-based Transformer architecture specifically designed for transactional
data generation. BankDiT combines a VAE that compresses individual transac-
tions into a variational latent space with a Diffusion Transformer (DiT) denois-

ing backbone [85]. We also introduce UniTTab an autoregressive Transformer
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model, discussing its architecture and differences with respect to BankDiT. We
present extensive experiments on a large-scale public dataset, comparing the au-

toregressive model and the diffusion model with the state-of-the-art [101, 58].

7.3  DIFFUSION AND AUTOREGRESSIVE DEEP LEARNING

MODELS FOR TRANSACTIONAL DATA GENERATION

Publication:
“F. Garuti et al., Diftusion and Autoregressive Deep Learning Models for

Transactional Data Generation [3]”.

The terms o7’ and "we’ refer to this thesis’s author and the publication’s authors.

7.3.1 ARCHITECTURES

In this section we present the Deep Learning architectures that have been used

to generate transactional data time series.

UNITTAB ARCHITECTURE

We modify the hierarchical discriminative architecture proposed in [83] and
adopted also in [76] to create an AR generative model.

The complete architecture is shown in Figure 7.1. The architecture is com-
posed of three different Transformers, and it is trained end-to-end. The first
Transformer (“Field Transformer”) takes as input the £ features describing a
single transaction (fi, ..., f¢), like transaction amount, merchant information,
transaction date and time. The features are transformed into # final embeddings,
which are concatenated in a single embedding vector. This embedding is the
representation of a single transaction. Then a sequence of these embeddings
(¢1, ---» g¢), each representing a transaction, is fed to the second Transformer (“Se-
quence Transformer”). The Sequence Transformer models the dependencies
between different transactions in the sequence and outputs embedding elements
in the latent space. These embeddings contain valuable information that can

be used to generate subsequent transactions in the sequence. Finally, we use a
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Figure 7.1: A schematic illustration of the UniT Tab architecture.

third autoregressive transformer (“Field Decoder”) to generate all the fields of
the next transaction, one at a time. In particular, each of the fields is generated
conditioned on the already generated ones, achieving consistency across all the
different fields. For example, if the Field Decoder generates a salary category,
we condition on that information to ensure that the generated amount of the
transaction is coherent with that category.

As depicted in Figure 7.1, during self-supervised training, for each transaction
we use the corresponding output embedding to predict the next transaction
in the sequence. Instead, during generation, we predict the next transaction
and feed it as input, concatenating it with the previous one, to continue the

generation process.

BANKDIT ARCHITECTURE

The UniTTab architecture, presented in Section 7.3.1, generates synthetic trans-
actions as a continuation of initail real transaction time series, fed as input, and it
can also generate sequences from scratch. However, the diversity of the sequences
generated in this way is lower (as reported in Table 7.1). For this reason, we pro-
pose BankDiT, a diffusion-based architecture to unconditionally generate trans-

action sequences, which does not need a real transaction history sequence as in-

put.
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In the fields of image and video generation, many diftusion models have been
effectively proposed, such as DALL-E, StableDiffusion and Sora. Given noisy
input patches (and conditioning information such as text messages), they are
trained to predict the original “clean” patches removing the noise one step at a
time. In the same way, given input noisy transaction embeddings (and customer
conditioning information), BankDiT is trained to predict the original “clean”
transactions.

As shown in Figure 7.2, BankDiT is composed of two different networks: a VAE
network and a denoising network.

We use our VAE to separately compress only individual t7ansactions, and then we
combine multiple, independent latent representations of transactions using the
DiT-based DM. In more detail, our VAE encoder &y represents a transaction 7
with a latent vector z = Ep(r), 2 € Z, which is decoded using the VAE decoder
Dy.

Figure 7.2 shows the proposed framework, which includes £5, Dg and our DiT-
based denoising network Fy. At training time, the latter takes as input a sequence
of latent row representations of a specific time series. In more detail, givenx; € X,
x; = [r1,...,7], we compute sy = (21, ...,2;] = [Ep(71), ..., Ep(r7)] and we use
s to train J via diffusion denoising. The timestep #is first encoded using a small
MLP and then its embedding vector is used to condition Fy. We also condition
JFg using a set of customer information # = [wy, ..., w]. To do so, we encode #
using a specific Transformer encoder Cy. We also refer to the customer informa-
tion # as the parent table.

At inference time, a latent s7 is sampled and fed to the DiT network, which fol-
lows the reverse process sampling chain for 7'steps until s is generated. Finally 5o
is splitin 7embeddings [21, ..., 2] which are fed separately to the VAE decoder Dy
which generates the transactions. More details are explained in the paper [50].
In this way, BankDiT is able to generate transaction time series coherent with
a specific set of customer information, e.g., age, gender, marital status, account

balance, account opening and termination dates.
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Figure 7.2: A schematic illustration of the denoising (a) and the VAE (b) network of BankDiT.

7.3.2 FEATURE REPRESENTATION

Our model is able to eftectively represent heterogeneous data, encoding both nu-
merical fields (e.g., the amount), categorical fields (e.g., the type of transaction),
and fields with a specific structure (e.g., the date).

Transformers are particularly suited to work with categorical features, but dis-
cretizing numerical features in a discrete set of values results in a loss of informa-
tion. For example, it could be important to know if an amount is precisely 20
euros or 20.50 to distinguish between a withdrawal and a grocery expense. For
this reason, we developed a custom representation to transform numerical values
in the input vector. In particular, we propose a variable-range decimal represen-
tation of the numerical field values, based on a sequence of digits preceded by a
magnitude order prefix. This representation is a trade-off between a lossless cod-
ing and the length of the sequence.

Conversely, we adopt a traditional “category encoding” to represent the categor-
ical features, by using simple embedding neural networks (as used in [83] and
[101]).

Finally, we use a custom “time encoding” method for the timestamp attributes.
The value of a timestamp is split using a combination of different field values:
the year, the month, the day and, if necessary, the hour. Then each such value is

represented as a categorical feature (e.g., with 12 elements for the month, etc.).
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7.3.3 VALIDATION FRAMEWORK

The effectiveness of the models has been tested over a large-size datasets of trans-
actions, the PKDD’99 Financial Dataset [18].

The PKDD’99 Financial Dataset is a public dataset of real transactions from a
Czech bank. This dataset is composed of 1M of transactions from 4500 clients.
Each transaction is composed of 6 fields, including timestamp, amount, and in-
formation on the type and channel of the transaction. The dataset also includes
information about the bank clients, and we use that information to condition the
generation. Specifically, we use the location of the client (district name, region),
the frequency of issuance of statements, the age and the gender.

Due to the lack of a common evaluation protocol for transactional time series
generation, we propose a unified framework for evaluating the conditional gen-

eration tasks using different metrics.

7.3.4 METRICS

We use a collection of different metrics, in which we include common metrics
adopted in single-row tabular data generation [120], as well as metrics used in
previous work on time series [101], possibly adapted for our scenarios.
Specifically, first of all, we use a set of discriminative metrics, where a discrimi-
nator is trained to distinguish between real and generated data. Asadiscriminator
model, we propose to use CatBoost [87], jointly with a standard library [31] to
extract features from a time series. The discriminator takes an entire time series as
input, which below is underlined by the suffix “T'S”. The lower the accuracy, the
better the generator (indicated with |), because it means that the discriminator
struggles in separating the two distributions.

Moreover, we use the Logistic Detection adopted in [101], which is based on the
ROC-AUC scores of a Random Forest discriminator (the higher the better 1).
Since this Random Forest takes as input a single tabular row, we use the suffix
“SR” (LD-SR).

We also adopt the high-order metrics used in [120]. Specifically, -Recall-SR

evaluates how much the generated data covers the entire distribution of the real
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data, while a-Precision-SR measures how much the synthetic data is close to the
real one [120]. They are both based on single row (SR) distribution only com-
parisons. Note that the “T'S” metrics lead to a much stricter criterion for judging
the quality of the generator because “SR” metrics cannot evaluate the time de-
pendency among different rows of the same time series.

Finally, we evaluate qualitatively the monovariate distribution of each transac-
tion field (e.g., date, time, amount, categories) and the consistency of the recur-

rent transactions, like incomes, grocery expenses, investments, travel.

7.3.5 COMPARISON WITH THE STATE OF THE ART

We compare our BankDiT with state-of-the-art deep learning models for tabular
data time series generation, based on GPT-like autoregressive architectures. We
also compare our BankDiT with SDV, a traditional non-deep-learning method
based on Gaussian Copulas to model inter-field dependencies in tabular data.
We evaluate the models by generating transaction sequences conditioned on
the ground-truth parent table (“child-GT”) and conditioned on the generated
parent table (“child”). In the latter case, we also evaluate the joint probability
(“merged”). We perform three generations, and we report in Table 7.1 the mean
and the standard deviation of the evaluated metrics.

The results in Table 7.1 show that across all tasks and metrics, BankDiT outper-
forms all the baselines by a large margin, and approaches the lower bound of

50% CatBoost-T'S accuracy.
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Table 7.1: Conditional generation using the PKDD’99 Financial Dataset.
Sequences include up to 50 transactions.

Method Task CatBoost-TS| LD-SRT  B-RecallSRT  a-Precision-SR 1
child 97.95+1.42 6.53+0.58 12.8+0.42 49.9+0.37
SDV
merged 98.12 1117 8.77+0.59 - -
child gt-cond ~ 97.870.59 21.97+055  22.30 125 91.83 12.58
REaLTabFormer child 59.33 +3.52 21.50+072  22.57 +0.85 91.50 +2.33
merged 58.77 +3.05 26.00z161 - -
child gt-cond  68.33 +4.37 81.13 4151 57.87 +0.55 98.27 +0.77
UniTTab (ours)  child 79.07+6.23 67.60 <436 54.10 <0.70 94.90 +3.91
merged 83.3315.75 38.73 +422 - -
child gt-cond  59.50:10.53 81.20:271  59.03 3.2 98.63 +1.33
BankDiT (ours)  child 51.80:6.44 79134304 56.93 1110 97.83 +0.40
merged 54.03+3.95 53.20+0.66 - -

7.3.6 MODEL SCALABILITY

We use the PKDD’99 Financial Dataset and we test the models’ scalability by vary-
ing the sequence length of the generated time series. The sequences have been
generated conditioned on the ground-truth customer information. We evaluate
the CatBoost-T'S metric using sequences of 4 months of transactions, 2 years and
4 years of transactions.

Table 7.2 shows that our BankDiT can accurately generate a few months of trans-
actions, conditioned by exogenous variables. On the other hand, the autoregres-
sive model achieves the highest performance in forecasting and continuation of
real transaction time series. In fact, it is possible to observe that by increasing
the sequence, the accuracy of our UniTTab model remains almost unchanged.
For this reason, we also evaluate our UniTTab in the task of generating synthetic
transactions as a continuation of a time series generated by the diffusion model
(“BankDiT + UniTTab” in Table 7.2). In this case, we conditioned the genera-
tion on the 4 months generated by our BankDiT.

Table 7.2 shows that “BankDiT + UniTTab” outperforms the UniTTab baseline

by a large margin.
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Table 7.2: Model scalability using the PKDD’99 Financial Dataset. Sequences include up to 600
transactions.

Method Sequence length  CatBoost-TS |
BankDiT (ours) 4 months 50.70
UniTTab (ours) 4 months 58.33
UniTTab (ours) 24 months 62.50
BankDiT + UniTTab (ours) 24 months 53.84
UniTTab (ours) 48 months 64.72
BankDiT + UniTTab (ours) 48 months 56.46

7.3.7 QUALITATIVE RESULTS

In this section, we show qualitative results using some numerical and categorical
fields of the PKIDD’99 Financial Dataset.

In Fig. 8.3, 8.4, 8.6 we compare the distributions of the generated transactions
and the real ones. In the numerical plots, the x-axis is based on a logarithmic
scale and a fixed number of 50 bins for both the real and the generated numerical
values. For each bin, in the y-axis, we show the percentage of tabular rows that
contain numerical values that belong to that bin.

The results show that the generated distributions are very similar to the real dis-
tributions for both numerical and categorical variables. This demonstrates our
models’ ability to generate heterogeneous fields with high variability in data val-

ucs.
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7.3.8 DATASET STATISTICS

The experiments on conditional generative modeling presented in this section
rely exclusively on the PKDD’99 Financial Dataset”, a public real-world banking
dataset containing anonymized financial activities of Czech bank customers. The

dataset provides two complementary components:
* A parent table, describing static client- or account-level attributes.

* A time-series table, containing the complete chronological sequence of

transactions associated with each account.

For the parent table, we limit the conditioning features to a selected subset of
fields that provide meaningful contextual information. Specifically, the follow-
ing attributes are used as conditioning variables in our experiments: district_id,
frequency, city, region, account creation date. All other parent-table variables re-
main unused during conditioning but are still part of the dataset’s original struc-
ture.

The main dataset statistics relevant for the generative modeling experiments

are summarized below.
* Total number of transactional rows: 1,042,740
* Number of attributes per transaction (after timestamp decomposition): 6

* Number of categorical fields: 3

Number of numerical fields: 3

Time-series length: variable across clients

Number of time-series samples (i.c., number of clients): 4,500

"PKDD’99 Financial dataset [18]
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7.3.9 IMPLEMENTATION DETAILS

The experiments conducted in this chapter are implemented within the same
modelling and training framework described in earlier chapters. All methods,
architectural components, and optimization procedures follow the design prin-
ciples introduced in Chapter 4. Moreover, the hyperparameters used for the
PKDD’99 dataset in this chapter correspond exactly to those reported in Sec-
tion 4.6, except for the rows referring to downstream fine-tuning, which are not
relevant here. For convenience, Table 7.3 summarises these hyperparameters and
reproduces the values from the PKDD’99 column of Table 4.16.

All models were trained using Py Torch on the same multi-GPU environment
employed throughout the thesis, consisting of four NVIDIA RTX A6000 GPUs
(48 GB each). This ensures that performance differences stem solely from the
experimental settings explored in this chapter —not from changes in computa-
tional resources or implementation infrastructure.

The PKDD’99 dataset is sufficiently small to make all experimental com-
ponents computationally lightweight, including self-supervised pre-training,
sequence generation using the autoregressive decoder, and downstream
evaluation procedures. As a result, every stage of the experimental pipeline—
pre-training, generation, and evaluation—was repeated across multiple random
seeds. This allows us to quantify variability and report stable, seed-robust results.
The aggregated results reported in this chapter thus reflect averaged performance

across these repetitions.
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Table 7.3:

UniTTab and BankDiT hyperparameter values.

PKDD’99 Financial

Dataset
Optimizer AdamW
Learning rate 5e-05
Dropout 0.1
Batch size 120
UniTTab model size (parameters) 100M
Field Transformer layers 1
Field Transformer heads 8
Field Transformer embedding size 72
Sequence Transformer layers 12
Sequence Transformer heads 12
Sequence Transformer embedding size 1,080
BankDiT model size (parameters) 140M
DiT depth 12
DiT num heads 12
Hidden size (d) 792
VAE Encoder Transformer layers 3
VAE Encoder Transformer heads 8
VAE Encoder hidden size 72
VAE Decoder Transformer layers 3
VAE Decoder Transformer heads 8
VAE Decoder hidden size 72
Pre-training epochs 2,000
Pre-training iterations 58,000
Total training time S hours

117



7. GENERATIVE MODELING OF TABULAR TIME SERIES

118



Diffusion Transformers for Tabular Data

Time Series Generation

Publication:
“F. Garuti et 4/., Diffusion Transformers for Tabular Data Time Series

Generation [4]”.

The terms *o#r’ and "we’ refer to this thesis’s author and the publication’s authors.

This chapter (1) introduces the fourth contribution of the thesis, which
explores generative modeling for tabular time series through Diffusion Trans-
formers. Moving beyond representation learning and predictive modeling,
this work addresses the problem of synthesizing realistic, heterogeneous, and
variable-length tabular time series, a task that is critical for data augmentation,
privacy preservation, and simulation in data-scarce domains. The chapter
presents a diffusion-based generative framework that combines the expressive

power of Transformers with the diversity and stability of latent diffusion

(1) This Chapter is related to the publication “F. Garuti et al., Diffusion Transformers for
Tabular Data Time Series Generation” [4]. See the list of Publications on page 175 for more details.
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models, explicitly designed to handle mixed numerical and categorical features
as well as complex temporal dependencies. By reformulating tabular time series
generation as a denoising process in a structured latent space, this contribution
advances the state of the art in generative modeling for structured temporal data

and opens new directions for scalable and controllable synthetic data generation.

8.1 PRELIMINARIES

Diffusion Transformer. The LDM paradigm [95] is based on two separated
training stages: the first using a VAE and the second using a Gaussian DM.
The main goal of the VAE is to compress the initial input space. Specifically,
in DiT [85], an image x is compressed into a smaller spatial representation
using the VAE encoder z = E(x). The VAE latent representation z is then
“patchified” into a sequence s = [z, ..., 2;]. Note that grouping “pixels” of z
into patches is a procedure external to the VAE, which holistically compresses
the entire image. Then, random noise is added to s and its corrupted version is
fed to a Transformer-based denoising network (DiT) which is trained to reverse
the diffusion process. More specifically, given a sample 5o extracted from the
real data distribution (defined on the VAE latent space, s ~ ¢(s0)), and a
prefixed noise schedule (21, ..., @7), the DM iteratively adds Gaussian noise for
T diffusion steps: g(s:so) = N (s:; /a0, (1 — 2,)I), t = 1,..., T. Using the
reparametrization trick, s, can be obtained by: 5, = /250 + /1 — @£, where
& ~ N(0,]) is a noise vector. A denoising network is trained to invert this
process by learning the reverse process: pa(si—1[s:) = N (s1—1; t4(82, 2), 7(sz, £)I).
Training is based on minimizing the variational lower bound (VLB) [67], which

can be simplified to the following loss function [58]:

LB = By o) N 0.0 ~0({1,...73) Il — 28052 D1[3] (8.1)

where p,(-) is reparametrized into a noise prediction network ¢g(-). Following
[81], DiT predicts also the noise variance (og(-)), which is used to compute the

KL-divergence of the VLB in closed form. However, for simplicity, we do not
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predict the noise variance.

At inference time, a latent 27 is sampled and fed to the DiT network, which
follows the reverse-process sampling chain for 7 steps until 2 is generated. Fi-
nally, the VAE decoder D(-) decodes zj into a synthetic image. For condional
generation, DiT encodes the conditional information (e.g., the desired class label
of the image) using a small MLP. The latter regresses, for each DiT block, the
parameters of the adaptive layer norm (8, y) and the scaling parameters (2) used
in the residual connections. In [85], this is called ada L N-Zero block conditioning
and it is used also to represent the timestep z.

Problem formulation. Tabular data are characterized by a set of field names
(or attributes) A = {ay, ..., a;}, where each a; € A is either a categorical or a
numerical attribute. A tabular row » = [v1, ..., 1] is a sequence of & field val-
ues, one per attribute. If #; is a numerical attribute, then v; € R, otherwise
v € 1, where V;isan attribute-specific vocabulary. A time series is a variable-
length, time-dependent sequence of rows x = [ry, ...,7;]. Given a training set
X = {x,...,xx} empirically representing the real data distribution ¢(x), in
unconditional tabular data time series generation the goal is to train a generator
which can synthesize time series following g(x). Moreover, inspired by [101], for
the conditional generation case, we assume to have a “parent” table P associated
with the elements in X. A tabular row # = [wy, ..., w] in Pis associated with a
sequencex; € X and it describes some characteristics that affect the nature of x;.
For instance, if x; € X is the history of the transactions of the i-th bank client,
the corresponding row in P could describe the attributes (e.g., the age, the gen-
der, etc.) of this client. In a conditional generation task, given #, the goal is to

generate a synthetic time series according to g(x[#).

8.2 METHOD

In this section we present our approach, starting from an unconditional genera-
tion scenario, which we will later extend to the conditional case. Our first goal is
to simplify the VAE latent space: since the time series have a variable length and a

complex dynamics, rather than representing their distribution using a variational
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Figure 8.1: A schematic illustration of the denoising (a) and the VAE (b) network of TabDiT.

approach [67], we use our VAE to separately compress only individual tabular
rows, and then we combine multiple, independent latent representations of rows
using the DiT-based DM. In more detail, our VAE encoder &, represents a tabu-
lar row 7 with a latent vector g = &y (r), 2 € Z, which is decoded using the VAE
decoder Dyg. The parameters @ = [@, $] of Ep and Dy are trained with a convex
combination of a reconstruction loss and a KL-divergence [67]. The training set
is R = {r1,...,7ar}, where each7; € Ris a row extracted from one of the time se-
riesx; € X. Note that /4 >> Nand that the rows in R are supposed to bei.i.d.,
i.e., we treat the samples in R as independent from each other. Hence, the seman-
tic space of our VAE (Z = R?) will not embed any time-dependency among the
rows of the same time series, since é}, and D¢ cannot observe this relation.
Figure 8.1 shows the proposed framework, which includes £, Dy and our
DiT-based denoising network Fy. At training time, the latter takes as input a se-
quence of latent row representations of a specific time series. In more detail, given
X € X,x; = [r1,...,7;], we compute so = [21,...,2:] = [Ep(r1), ..., Ep(rs)]
and we use 5 as explained in Section 8.1 to train Fp, where Fy(s;, £) implements
€9(s;, ¢). The timestep ¢ is first encoded using a small MLP and then its embed-
ding vector is used to condition Fy (see later). Note that s is a time-dependent
sequence of row embeddings, thus the real data distribution g(so ) we use to train
JFp does include the statistical dependencies among tabular rows of the same time
series. In other words, while Z represents only individual rows, we use Fy to com-
bine independent vectors lying in this space into a sequence of time-dependent

final-embedding vectors representing an entire time series.
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Conditional generation. In a conditional generation task, we want to condi-
tion Fp using a row # of a parent table P (Section 8.1). To do so, we first encode #
using a specific encoder Cy. The architecture and the field value representations
of Cy are the same as &, (Section 8.2.1). However, Cy is disjoint from the VAE
and it is trained jointly with F5. The output vector ¢ = Cy(#) is summed with
the embedding vector of the timestep # and fed to the MLP of the adalLN-Zero
block conditioning mechanism (Section 8.1). Moreover, following most of the
image generation DM literature, in the conditional generation scenario we also
use Classifier-Free Guidance (CFG). Specifically, if the denoising network out-
put s interpreted as the score function [104], then the DM conditional sampling
procedure can be formulated as [85]:

Folse, t,0) = Fols;,t,0) + 5+ (Folse, t,8) — Folss, £,0)), (8.2)
where Fp(s;, ¢, () is the unconditional prediction of the network and s > 1 indi-
cates the scale of the guidance (s = 1 corresponds to no CFG). At training time,
for each sample x;, with probability p; € [0, 1] the condition # is dropped and

the network is trained unconditionally.

8.2.1 ENCODING AND DECODING IN THE VAE LATENT SPACE

Field value representations. For categorical attributes 4;, we use a widely
adopted tokenization approach [120, 76, 83], in which each possible value
v; € Vjis associated with a token and a lookup table of token embeddings
transforms these tokens into the initial embedding vectors of 5,,. However,
how to represent numerical values (y; € R) in a way which is coherent with
categorical feature tokens is still an open problem and each method adopts a
specific solution. For instance, REaLTabFormer [101] converts v; into a sequence
of digits and then treats each digit as a categorical feature. If the maximum
possible value in X for the attribute 4; is 0,4y, and assuming, for simplicity, that
a; can only take on positive integer values, then v; is converted into a sequence
L = [Dy, ..., Dy}, where each D} € {°0’,...,’9’} corresponds to a digit in the

decimal representation of v and p is a fixed sequence length corresponding to
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the number of digits necessary to represent Uma;- Importantly, if the decimal
representation of v; requires less than p digits, the sequence is left-padded with
zeros [101]. This representation is lossless, but it leads to very long sequences
which are frequently full of zeros. Indeed, the value distribution for 4; is usually
a Gaussian with very long tails. For instance, the “amount” field of a bank
transaction can range from tens of millions to a few cents, but most values are
smaller than 1,000 (e.g., 35%).

To solve this problem, we propose a variable-range representation using a
small, fixed number of digits preceded by a magnitude order. For simplicity, let

us assume that v; is a positive integer, thus:

v = Z bklok, DR(UJ) = [bmbm—l"‘bo]’ (8.3)
k=0

where 72 is the largest exponent and DR() is the representation of v; by means
of a sequence of digits (e.g., [35967]). Then, we represent v; using a sequence Q
defined as follows:

Q=10,Dy;, D1, ..., Dypy—py1]. (8.4)

In Equation (8.4), O is the magnitude order prefix and it corresponds to 7 in
Equation (8.3). Specifically, in the tabular data domain we can assume that v; <
10'°, hence, m € {0,...,9} and O € {0, ...,”9’} is the token corresponding to
m. The value of O is the first one that will be generated by Dy when decoding
the sequence representing a numerical value, which corresponds to predict its
magnitude order (7). We then encode the 7z most significant digits of v; using
Dy, Dyy—ty ooy Dyyyi1, where Dy € {°0°,..,°9° Y (m < k < m—n+1)is
the token corresponding to the digit by, and [6,,6,,—1...bs—nt1] S DR(v;) is
the (m-depending) range we represent. For instance, if y; = 35967 and n = 4,
then Q = ['4,73%,75’,°9’,°6’]. Once decoded, Q can be used to compute the
(possibly truncated) value of v;. For instance, using Q = [4°,°3,°5°,°9",°6’], we
get: o = 3% 10% +5%10% + 9 % 10> + 6 * 10 = 35960. Weuse n = 4

regardless of attribute or dataset, and this value was chosen in preliminary studies
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as a trade-off between the length of the resulting sequences Q and the amount
of truncated information. On the other hand, if m < # (the most frequent
case), no truncation is necessary and we right-pad Q with zeros. For instance,
if v; = 35, then weuse Q = [1’,°3%,75°,°0’,°0’]. At decoding time, O is the
first token generated by Dy, which is converted into m. If m < n, the last » —
m — 1 tokens in Q are ignored because they are zero-padding digits (e.g., in Q =
['1,°3%,°5°,°0°,°0], this corresponds to the last 2 elements of Q). This implies
that possible generation errors in the last  — m — 1 tokens are ignored. More
formally, using our representation, the joint distribution over the tokens that the
decoder should model is restricted to min(n 4 1, m + 2) variables, as opposed to
ajoint distribution over p variables (p > m + 2) as in the case of the fixed digit
sequence proposed in [101], reducing the overall error probability.

Encoder and Decoder Architectures. Given a tabular row 7, each categor-
ical value is converted into a token and each numerical value is converted in a
sequence Q of 7z + 1 tokens (see above). After that, we use attribute-specific
lookup tables to represent all the tokens as embedding vectors: ey, ...e,, where
v is the sum of the number of categorical attributes plus the number of the nu-
merical attributes multiplied by (7 +1). The whole sequenceey, ...e, is fed to €¢,
which, following [120], is composed of two separated towers, respectively com-
puting the mean (g) and log variance (loga) of the latent representation z of »
in Z. However, differently from [120], we use multi-head self-attention in &,
because, in preliminary experiments, we found that this is more effective than
single-head attention.

Using the standard VAE reparameterization trick, we obtain: 2 = g + 7 - ¢,
e ~ N(0,1), and z is fed to the decoder Dg. Moreover, differently from most
DM-based tabular data generation approaches, we propose an AR decoder which
is conditioned on 2. Specifically, decoding a tabular row 7 starts with a special
token [Start]. Every time the next-token is predicted, it is coded back and fed
to Dy, which is a Transformer with 3 blocks. Each block alternates multi-head
causal attention layers with respect to previously predicted tokens with (multi-
head) cross attention layers to the » embedding vectors of 2. For each categorical

attribute aj, a final linear layer followed by softmax computes a posterior over
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the specific vocabulary Vi Similarly, if a; is numerical, it computes a posterior
for each of the 7 + 1 tokens in its variable-range representation Q. At inference
time, we deterministically select a token from each of these posteriors using arg
max. Finally, the predicted value v; is autoregressively encoded into Dy using the

same field value representation mechanism used for the encoder.

8.2.2 VARIABLE-LENGTH TIME SERIES

Given two sequences x; = [r1,...,7;,] and x; = [r1, ..., 7], %;,% € X, their
length is usually different (z; # 7;). Following FiT [75], we use a maximum
length 7,,,. and, for each x;, we append 7, — 7; padding rows p (see below) to
the rightside of x;. However, in FiT the padding tokens are used only to pack data
into batches of uniform shape for parallel processing, and are ignored during the
forward pass using a masked attention (basically, they are not used). Conversely,
we use our padding rows to let the network decide the length of the time series
it is generating. To do so, we add an [EoS] token to each categorical vocabulary
Vi included the vocabulary representing the digits, and we form the special row
2 = [[EoS], ..., [EoS]]. During VAE training, with probability 0.05 we sample
2 and with 0.95 we sample a real row from R. During the denoising network
training, if 7; < 7,4y, X; is padded with p, which results in sy being a sequence of
Tmax latent vectors, where the last vectors correspond to the representation of p
in Z and contribute to compute the loss. Finally, at inference time, we randomly
sample 7,y VECtOrs 2y, ..., 2, in Z, which formsr = [z, ..., 2,,,, ], the starting
point of the DM sampling chain. The ending point of the sampling chain s is
split in 7,4 final vectors 21, ..., 2, which are individually decoded using D.
We stop decoding as soon as we meet the first padding row p. More precisely, we
stop decoding when we meet the first row containing at least one token [EoS].

In this way, we use Fy to predict the end of the time series jointly with its content.
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8.3 EXPERIMENTS

8.3.1 EvaruatioN ProTOCOL

Due to the lack of a shared evaluation protocol for tabular data time series gen-
eration, we propose a unified framework which is composed of different public

datasets, conditional and unconditional generation tasks and different metrics.

Datasets. We use six public datasets. Agel, Age2, Leaving, taken from [49],
and PKDD’99 Financial Dataset, taken from [18], are composed of bank transac-
tion time series of different real banks with different attributes. Each time series
is the temporally ordered sequence of bank transactions of a given bank client.
On the other hand, the Rossmann and the Airbnb datasets, used in [84, 101], are
composed of, respectively, historic sales data for different stores and access log
data from Airbnb users. These six datasets are widely different from each other
both in terms of their attributes and their sizes, thus representing very different
application scenarios. Two of these datasets, Agel and Leaving, do not have an

associated parent table, so they are used only for unconditional generation.

Metrics. Since heterogeneous time series generation is a relatively unexplored
domain, there is also a lack of consolidated metrics. For instance, Solatorio and
Dupriez [101] use the Logistic Detection, which is a discriminative metric based
on training a binary classifier to distinguish between real and generated data, and
then using the ROC-AUC scores of the discriminator (the higher the better 1)
on an held-out set of real and synthetic data. We also adopt this metric in Sec-
tion 8.3.3 to compare our results with REaLTabFormer. However, the classifier
used in the Logistic Detection (a Random Forest) takes as input only an zndzvid-
ual row of the real/generated time series, thus this criterion is insufficient to assess,
e.g., the temporal coherence of a time series composed of different rows. For this
reason, we extend this metric using a classifier which takes as input the entire time
sertes instead of individual rows. Inspired by similar metrics commonly adopted
in single-row tabular data generation [74], we call our metric Machine Learning
Detection (M LD) and we measure the discriminator accuracy (the lower the bet-

ter |, because it means that the discriminator struggles in separating the real from
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the synthetic distribution). To emphasize the difference with respect to the Lo-
gistic Detection used in Solatorio and Dupriez [101], use the suffix “SR” (single
row) for the latter (LD-SR) and the suffix “TS” (MLD-TS) to indicate that our
MLD metric depends on the entire time series. More specifically, in MLD-TS
we use CatBoost [87] as the classifier, because it is one of the most common non-
deep learning based methods for heterogeneous tabular data discriminative tasks
[76, 52, 26], jointly with a standard library [31] extracting a fixed-size feature vec-

tor from a time series [76].

8.3.2 ABLATION

In Table 8.1 we use Age2, which, among the six datasets, is both one of the largest
in terms of number of time series and one of the most complex for different types
of attributes. The results in Table 8.1 are based on an unconditional generation
task and evaluate the contribution of each component of our method. The last
row, TabDi T, refers to the full method as described in Section 8.2, while all the
other rows refer to our full-model with one missing component. For instance,
Parallel VAE refers to a standard, non-AR VAE decoder, in which all the fields
of a tabular row are predicted in parallel. No cross-att VAE difters from the VAE
introduced in Section 8.2.1 because in Dy we remove the cross attention layers to
2, and 2z is directly fed to D¢, in place of the [Start] token. In all the other en-
tries of the table we use our AR VAE as described in Section 8.2.1. Fixed digit seq
corresponds to the numerical value representation proposed in REaLTabFormer
[101], in which we use p = 7 digits (Section 8.2.1), which are enough to rep-
resent all the numerical values in Age2. In Quantize, we follow TabGPT [83]
and we convert each numerical feature into a categorical one, using quantization
and a field specific vocabulary. In Linear transf, we follow TabSyn [120], where
numerical features are predicted using a linear transformation of the correspond-
ing last-layer token embedding of the VAE decoder. In all the variants, we al-
ways use a coherent numerical value representation in the corresponding VAE
encoder. We also evaluated hybrid solutions, where VAE encoders and decoders

have different representations of the numerical values, but we always obtained

128



8.3. EXPERIMENTS

worse results than in cases of coherent representations. Moreover, in W/o length
pred we follow FiT [75] and we use a masked attention which completely ignores
the padding rows. In this case, at testing time the sequence length is randomly
sampled using a mono-modal Gaussian distribution fitted on the length of the
training time series. Finally, AR Baseline is a (strong) baseline based on a purely
AR Transformer which we use to validate the effectiveness of the DM paradigm

(see below).

In our AR Baseline, we modify the hierarchical discriminative architecture
proposed in [83] and adopted also in [76] to create an AR generative model.
Specifically, we use a causal attention in the “Sequence Transformer” and we
replace the “Field Transformer” with one of the towers of our VAE encoder ar-
chitecture. Moreover, we use our AR VAE decoder architecture to predict the
output sequence. Note that we use the VAE architectural components but we
do not use variational training and the entire network is trained end-to-end using
only a next-token prediction task, following [83,101]. The numerical features are
represented using our variable-range decimal representation. In short, this base-
line is a purely AR Transformer where we merged the hierarchical architecture

used in [83, 76] with our decoding scheme and our feature value representation.

Table 8.1 shows that all the components of the proposed method are impor-
tant, since their individual removal always leads to a significant decrement of the
MLD. Specifically, the numerical value representation has a high impact on the
results. For instance, both Linear transf, adopted in [120], and Quantize, used
in [83], lead to a drastic worsening of results. On the other hand, our AR Base-
line, which is based on the same input representation and shares important archi-
tectural details with TabDiT, is largely outperformed by the latter, showing the
advantage of our LDM-based approach. Finally, the difference between No cross-
att VAE and the full method is subtle, showing that the cross attention layers in
Dy can be replaced by directly feeding 2 to the decoder, as long as the latter has

an AR architecture.
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Table 8.1: Ablation study on the Age2 dataset.

Method | Parallel VAE ~ No cross-att VAE ~ Fixed digitseq Quantize Linear transf  W/o length pred AR Baseline  TabDiT
MLD-TS | ‘ 62.2 51.2 64.0 83.8 83.7 61.0 68.3 50.8

Table 8.2: Unconditional generation results on Rossmann, Airbnb and PKDD’99.

Rossmann Airbnb PKDD’99 Financial
Method MLD-TS| LD-SR 7T MLD-TS| LD-SR 1 MLD-TS| LD-SR 1
AR Baseline (ours) 97.80+2.20  49.97+3.26 77231146 56.43+2.50 92.87+1.68  71.93:134
TabDiT (ours) 82.60:3.92  77.07+5.37 55.07+352  78.07+2.77 85.532418  79.10:6.09

8.3.3 MAIN EXPERIMENTS

Following the protocol adopted in [101], all the experiments of this section have
been repeated three times with different random splits of the samples between the
generator training data, the discriminators’ training data and the testing data. For
each experiment, we report the means and the standard deviations of the AMLD-
TS and the LD-SR metrics.

Unconditional generation. We are not aware of any unconditional gen-
erative model for time series of heterogeneous tabular data with public code
or published results. Indeed, REaLTabFormer is a conditional method, while
TabGPT is a forecasting model, both lacking of an unconditional sampling
mechanism. For this reason, we can only compare TabDiT with our AR
Baseline (Section 8.3.2). The unconditional results in Tables 8.2 and 8.3 show
that TabDiT outperforms the AR Baseline in all the datasets by a large margin.
For instance, in the largest dataset (Agel), TabDiT improves the MLD-TS
score by more than 27 points compared to the AR baseline. On Age2, TabDiT
outperforms the AR Baseline by more than 17 points, achieving an almost
ideal situation in which the real and the generated distributions cannot be
distinguished by each other (discrimination accuracy = 50.43%, very close to
the chance level). Note that the Age2 results are slightly different from those
reported in Table 8.1 because they were obtained averaging 3 different runs.

Conditional generation. We indicate with “child gt-cond” the conditional

generation task in which the parent table row #, used for conditioning, is a
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Table 8.3: Unconditional generation results on Age2, Agel and Leaving.

Age2 Agel Leaving
Method MLD-TS| LD-SR 1 MLD-TS| LD-SR 1 MLD-TS| LD-SR 1
AR Baseline (ours) 67.53:075  83.47:0.38 91.20+0.46  74.23:1.06 69.43:4.02  75.33:2.86
TabDiT (ours) 50.43:185 87.00+1.54 63.93:320  76.00+4.25 62.33:099  75.63+4.20

ground truth, real row extracted from the testing dataset (Section 8.1). Specifi-
cally, we use all the elements # € P, (Section 8.1) to condition the generator
networks. Moreover, to make a comparison with Solatorio and Dupriez
[101] possible, we also follow their protocol and we indicate with “child” the
conditional generation task on the time series (x) where also the conditioning
information (#) is automatically generated. Specifically, in our case, we generate
# by training a dedicated DiT-based denoising network and a corresponding AR
VAE on P. These networks have the same structure and are trained using the
same approach described in Section 8.2 but using Pinstead of X. Finally, in [101]
“merged” indicates the evaluation of the joint probability of generating both x
and #. Using MLD-TS and LD-SR, this is obtained by concatenating # with
either x or with its individual rows 7, respectively, and then feeding the result to
the corresponding discriminator. In Table 8.4, we indicate with * the results of
REaLTabFormer and SDV which we report from [101], while in all the other
cases they have been reproduced by us using the corresponding public available
code. Specifically, while using REaL'TabFormer with a real data-conditioning
task (“child gt-cond”) is easy, that was not possible for SDV. The choice of
REalTabFormer and SDV follows [101], where the selected baselines are those
which have open-sourced models.

The results in Table 8.4 confirm the results in Tables 8.2 and 8.3. Across all
datasets and tasks, and with both metrics, TabDiT outperforms all the baselines
by a large margin, often approaching the lower bound of 50% MLD-TS accu-
racy. In the “child gt-cond” task, AR Baseline is the second best most of the time,
while in “child” and “merged” the second best is REaLTabFormer. We believe
that the reason of this discrepancy is most likely due to the fact that both the

“child” and the “merged” task evaluation depend on the quality of the single-row
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Table 8.4: Conditional generation results. * Values reported from [101].

Rossmann Airbnb Age2 PKDD’99 Financial

Method Task MLD-TS| LD-SR 1 MLD-TS | LD-SR 1 MLD-TS | LD-SR 1 MLD-TS | LD-SR 1
SDV child 99.63 064 6.53*20.39 93.30 z0.61 0.00*:0.00 96.03 zo1  44.80+1.73 97.95 s1.42 6.53x0.58
merged 100.00 +0.00  2.80*x0.25 94.40 +1.6s 0.00*:0.00 96.27 006 37.63x1.47 98.12 2117 8.77x0.59

child gt-cond 98.90:110  60.63:2.65 63.63:120  86.17 1129 66.77 042 77.90:0.85 97.87:059  21.97:0.55

REaLTabFormer child 64.83 1133 52.08 *r089  57.77 0.7 30.48%:0.79 52.97 1232 77.30 202  59.33 :3:2 21.50:0.72
merged 7443 +s85  28.33 "2 76.97 +2.04  21.43 *i110 52.10 +2.17  75.53 +0.65 58.77 +3.05  26.00+1.61

AR Baseline childgt-cond  95.57 z196  71.60 +2.42 57.97 s172 82.77x0.49 69.97x090  80.73 059 6833 +437 8113 1151

child 99.63:0.64  36.03:8.79 82.33:153  62.53 +3.93 79.031162  65.8343.95 79.07x6.23  67.60 +4.36

(ours) merged 99.63+0.6¢  19.70+6.50 93.5041.30  8.53:2.49 81.30+0.78  48.0343.61 8333575 38.73 w422
childgt-cond  72.20:110  82.90:132 51.10:260 98.07:0.25 51.40:295 84.60:187  59.50:1053 81.20:271

TabDiT (ours) child 64.03:0.6¢  80.13:3.02 49.33:115  81.10:0.98 50.47:171  84.70:121 51.80:6.44  79.13:3.04

merged 71.83:277  38.63:1.04 54.63:+055 47.37:2.68 51.5313.04 78.93:0.64 54.031395 53.20=0.66

parent generation, in which REaLTabFormer gets better results.

8.4 NUMERICAL VALUE REPRESENTATIONS

In this section, we provide more details on the numerical value representation
approaches used by previous work and in our ablation analysis in Section 4.3.1,
as well as on our variable-range representation. For clarity, we adopt the same
terminology and numerical examples used in Section 8.2.1.

TabGPT [83] applies a quantization which associates v; with a bin value B,
which is then treated as a categorical feature. The disadvantage of this representa-
tion is an information loss due to the difference between the decoded bin B and
the actual value vj. Indeed, B corresponds to the center of the numerical interval
assigned to the B-th bin during the quantization phase. This coding-decoding
scheme corresponds to the entry Quantize in Table 4.1.

TabSyn [120] applies a linear transformation when coding v; and another lin-
ear transformation (i.e., a linear regression) when decoding back the embedding
vector of the last-layer decoder to v;. However, also this solution is sub-optimal,
because linear regression struggles in respecting some implicit value distribution
constraints. For instance, if the admissible values for aj are only integers, a lin-
ear regression layer may predict a number with a decimal point. This coding-
decoding scheme corresponds to the entry Linear transfin Table 4.1.

Finally, Fixed digit seq in Table 4.1 corresponds to the sequence of digits L (see
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Section 8.2.1) used in REal'TabFormer [101]. We believe that one of the reasons
why this representation is sub-optimal with respect to our variable-range decimal
representation Q (Sections 4.3.1 and 8.2.1) is that its longer length leads, on aver-
age, to a more difficult decoding problem. For instance, in the Age2 dataset, the
“amount” attribute needs p = 7 digits to represent Umax;- Thus, the length of L is
p = 7. When the VAE decoder should decode a numerical value, the probability
of error is given by the (complement of the) joint distribution of all the digits of
its representation L. For instance, if the target value is v; = 35, then, the decoder
should generate this sequence: L = [’0°,°0°,°0°,°0°,°0°, °3, ’S’]. The probability

of error when generating L is:

b4
Pr=1—Py(L) =1— [ PL(De|Dy, ..., D), (8.5)
k=1

which, in case of vy = 35, is:

1—[P.(C0)PL(’0°’0°) PL(’0°|°0%,°0°) P (’00”,°0°,°0°)
Pr(°0°0°,°0%,°0°,°0") PL(’3°°0°,°0,°0°,°0",°0’) (8.6)
P(’5°'3°,°0°,°0%,°0%,°0%,°0”)].
On the other hand, in case of Q (Section 8.2.1), since we use an AR decoding,
once the magnitude order prefix O has been generated, we can convert O in its cor-
responding value 7 (Equation (8.3)) and use 7 to ignore possible zero-padding

tokens on the right side of the sequence. Specifically, if 7 < #, the probability

of error is given by:

7)Q =1- PQ(Q) =1- [PQ(O) HPQ(Dm—/e|OJ Dy, --'7Dm—/e+1)]7 (8.7)
k=0

which, in case ofuj =35,0=11,"3,’5,0",°0",and m = 1, is:
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1— [Po(1)Po(’3 1) Po(’5’|'1,°3)]. (8.8)

The comparison between Equation (8.6) and Equation (8.8) intuitively
shows that Q is much easier to generate than L if v; is small. More for-
mally, if we assume that all the digit generations have, on average, the same
probability to be correct, ie., that, on average: Po(O) = Pr(D;) and
PL(D|Dy, oo, Di1) = Po(Dyyi|O, Doy ooy 1), then, if m < p — 2,
from Equations (8.5) and (8.7) follows that P, > P.

The proposed representation can be easily extended to negative numbers and
non-integer values. For instance, if the admissible values for 4; include negative
numbers, then we prepend in Q a token S corresponding to the sign of v;: Q =
[S,0,Dy,, Dyt ..., Dy 1), where S € {*~°,’+’}. Note that, in case of nega-
tive numbers, also L should be extended to include S [101]. On the other hand,
in case of rational numbers, L needs to be extended to include a token represent-
ing the decimal point [101], while our variable-range representation Q remains
unchanged. For instance, if v; = 3.5, then we have Q = ['0’,3’,75°,°0",°0"].

Finally, we provide below more details on how 7 was chosen. We used the
Age2 dataset [49], adopted for most of our ablation studies. For each numeri-
cal values v; in Age2, we compute DR(v;) (Equation (8.3)) and we remove from
DR(v;) the possible subsequence of only zeros on its right (e.g., from [87600] we
remove [00]). Note that these all-zero subsequences do notlead to any truncation
error. Let Significant(v;) be the part of DR(v;) that remains after this cut (e.g.,
in the previous example, Significant(v;) = [876]). Finally, we computed the
average () and the standard deviation (o) of the lengths of all the sequences
Significant(v;) in the training dataset, getting u, = 2.26 and g5 = 0.47, respec-
tively. The value » = 4 was chosen as the first integer greater than g, + 205.
In this way, most of the training data in 4ge2 do not need any truncation when
represented using Q. The value » = 4 was used in all the other datasets. In
Section 8.7.1 we show some qualitative results which compare to each other the

distributions of some numerical values generated using the representations pre-
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sented in this section.

8.5 METRICS

Besides the discriminative metrics described in Section 8.3.1, in the single-row
tabular data generation literature there are many other evaluation metrics, which
however we do not believe suitable for the time series domain. For instance, Jow-
order statistics include statistics computed either using the values of an individual
tabular attribute or statistics such as the pair-wise correlation between the values
of two numerical attributes [120]. However, in a time series composed of dozens
of rows, each row composed of different fields, statistics on a single field or pairs
of fields are not very informative. Similarly, we do not use high-order statistics
(e.g., a-precision and B-recall) [120], because they are single-row criteria and they
usually use a fragile nearest-neighbor like approach in the data space to estimate

the distribution coverage.

On the other hand, we believe that the most useful metric is the MLD-TS
proposed in Section 8.3.1, for which we provide below additional details. The
CatBoost [87] discriminator is trained using a balanced dataset composed of
both real and synthetic data (separately generated by each compared generative
method). Then, a separate testing set, also composed of 50% real and 50%
generated data, is used to assess the discriminator accuracy. Real training and
testing data do not include data used to train the generator. Thus, basically the
real data are split in: samples used to train the generator, samples used (jointly
with synthetic data) to train the discriminator, and samples used (jointly with
other synthetic data) to test the discriminator. We randomly change these three

splits in each of the run used to compute the results in Section 8.3.3."

We use the same training-testing protocol for the Logistic Detection, which,
following [101], is defined as: LD-SR = 100 x (1 — p,, ,), where:

“The evaluation protocol code is available at: https://github.com/fabriziogaruti/Ta
bDiT
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F
1
lpy = IFZmax(o.s,ROC—AUC) X2 —1. (8.9)

=1

In Equation (8.9), ROC and AUC indicate the ROC-AUC scores, computed
using a Random Forest trained and tested using single tabular rows. = 3 is the
number of cross-validation folds, in which training and testing of the discrimina-
tor is repeated F times, keeping fixed the generator weights. We use this metric
with its corresponding publicly available code [101] for a fair comparison with
REaLTabFormer [101] and SDV [84]. Specifically, in the conditional generation
scenario, we follow [101] and we evaluate the LD-SR for the “merged” task by
concatenating # with all the rows 7 extracted from a generated time series x. The
Random Forest is then trained and tested on this “augmented” rows. In case of
MLD-TS, we concatenate # with the fixed-dimension feature vector extracted
from x using the feature extraction library [31] (Section 8.3.1), and we use the

“augmented” feature vector to train and test CatBoost.

Finally, we introduce an additional metric based on the Machine Learning Ef-
ficiency (MLE) [120], [69], which is based on the accuracy of a classifier trained
on generated data and evaluated on a real data testing set. MLE can also be used
to simulate an application scenario in which, for instance, the generated data are
used to replace real data (e.g., because protected by privacy or legal constraints) in
training and testing public machine learning methods. In this case, the classifier
accuracy, when trained with synthetic data (only) is usually upper bounded by
the accuracy of the same classifier trained on the real data. Similarly to AMLD-T,
we adapt this metric (which we refer to as AMLE-TS) to our time series domain us-
ing CatBoost as the classifier, fed using a fixed-size feature vector extracted from
a given time series [31] (Section 8.3.1). For simplicity, we always use binary classi-
fication tasks, whose lower bound is S0% (chance level), and in Section 8.6.1 we
show how these tasks can be formulated selecting specific attributes of the parent

table to be used as target labels.
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8.6 ADDITIONAL EXPERIMENTS

8.6.1 MACHINE LEARNING EFFICIENCY

In this section, we show additional experiments using the A LE-TS metric intro-
duced in Section 8.5. Since this metric is based on training a classifier to predicta
target label, we can use MLE-TS only to evaluate conditional generations, where
these labels can be extracted from the parent table of the corresponding dataset
(individual time series or rows are not labeled). Moreover, the “merged” task can-
not be used in this case because, as defined in [101], at inference time, it involves
the concatenation of the generated data with the conditioning parent table (Sec-

tion 8.5), the latter used to extract the ground truth target labels. Specifically:

* In Rossmann, we use the binary attribute “Promo2”, indicating the pres-

ence of a promo in that store.

* In Airbnb, we use the attribute “n_sessions” which indicates the number
of sessions opened by a user. We binarize this attribute predicting whether

the user has opened more than 20 sessions (7_sessions >= 20).

* In Age2, we use the attribute “age”, indicating the age of a customer. In

particular, we predict whether the customer is over 30 years old (age >
30).

* In PKDD’99 Financial, we use the attribute “region” which indicates the
region a customer belongs to. We predict whether the customer is located

in Moravia or in Bohemia (including Prague).

In Table 8.5, “Original” indicates that the classifier has been trained on rea/
data and tested on real data, and it is an ideal value of the expected accuracy when
the same classifier is trained on synthetic data. In the same table, “child” and
“child gt-cond” refer to the tasks used in Table 8.4. Specifically, in both cases the
classifier is trained with the generated data and tested on real data. However, in

case of “child gt-cond”, we use the real parent table row values as the classification
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Table 8.5: Conditional generation results using the A{LE-TS 1 metric (mean and standard devia-
tion over three runs).

Method Task Rossmann  Airbnb Age2  PKDD’99 Financial
Original - 66.70 £8.90  100.00 +0.00  60.07 +1.74 61.67 +2.95
SDV child 54.10+2.60  93.97 +137  54.43 +1.95 61.30 +4.81
child gt-cond 53.33x225  60.87x310  54.53:1.42 61.10+2.44
REaLlabFormer " 1114 53.37s588  61.97:157 54974180 61.47182
AR Baseline  childgt-cond 59.27 z127  100.00 =0.00 58.231.9 62.03 :5.41
(ours) child 50.37+9.26  59.90x2.46  55.77+4m 60.73+3.54
. child gt-cond  64.43+1019 100.00:0.00 61.57=3.05 61.30+1.76
TabDIT (ours) child 65.93:922 99.63:040 61.23:255 62.60:3.52

target labels (see above). Conversely, in case of “child”, we use the generated par-
ent table rows. This is because, in a realistic scenario, the “child” task corresponds
to a situation in which the parent table data are missing and they are generated
as well (Section 8.3.3), thus we coherently use the synthetic parent table values
to label the corresponding generated time series. The real time series are always
labeled with their corresponding real parent table values.

The results in Table 8.5 confirm those reported in Table 8.4, showing that Tab-
DiT significantly outperforms all the other baselines in all the datasets. Specifi-
cally, in Age2, TabDiT even surpasses the ideal “Original” accuracy (61.57 versus
60.07), being very close to the ideal case in all the other datasets. We believe that
these results show the eftectiveness of the synthetic time series generated by our
method, which can potentially be used to replace real data in machine learning

tasks when, e.g., the real data cannot be made public.

8.6.2 LARGER SCALE EXPERIMENTS

In this section, we use a much larger dataset to show the potentialities of our
method to be scaled. Since, as far as we know, heterogeneous time series data-
sets considerably larger than those used in Section 8.3 are not publicly available,
we used a private dataset which we call Large Scale Bank Data, and which was

provided by an international bank. Large Scale Bank Data consists of several

"For both privacy and commercial reasons, this dataset cannot be released.
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Table 8.6: Large scale conditional experiments using the “child gt-cond” task and Large Scale Bank
Data.

Method MLD-TS| LD-SR{ MLE-TS+
Original - - 73.22
AR Baseline (ours) 58.03 83.33 70.41
TabDiT (ours) 56.77 83.72 71.38

hundred million real bank account transactions of private customers. From this
dataset, we randomly selected 100K client bank accounts, corresponding to ap-
proximately 87.3M transactions (i.c., rows), which we use to train TabDiT and
the AR Baseline. Moreover, we selected another set of 10K bank accounts (not
included in the training set) for evaluation. Furthermore, with Large Scale Bank
Data we use longer time series, setting 7,,,, = 100, which corresponds to an av-
erage of one month of bank transactions of a given customer (see Section 8.8 for

more details).

In Table 8.6, we compare TabDiT with AR Baseline using the “child gt-cond”
task. Note that we were not able to use REaLTabFormer on this large-scale data-
sets for computational reasons. Indeed the long length of the time series (7,,x =
100), combined with the larger number of time series fields (9, as reported in Ta-
ble 8.8), led to memory usage and time complexity problems during training with
REaLTabFormer. Conversely, both the hierarchical architecture of AR Baseline
(Section 4.3.1) and our LDM approach allow a mauch faster and lower memory
consumption training, which made possible to use a huge dataset like Large Scale
Bank Data.

In Table 8.6 we report the MLD-TS, the LD-SR, and the MLE-TS metric
values. These results show that TabDiT significantly outperforms AR Baseline.
Moreover, even when using a large-scale dataset, TabDiT approaches the lower
bound of 50% MLD-TS accuracy, achieves a score higher than 80% LD-SR, and
is able to approach the upper bound of MLE-TS obtained using the real data.
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8.6.3 CONSTRAINT SATISFACTION CHECKS ON PRIVATE DATA

In addition to the quantitative evaluations reported in the previous sections, we
also performed a set of constraint satisfaction checks aimed at validating the struc-
tural and semantic correctness of the generated sequences. These diagnostics go
beyond discriminative metrics and distributional evaluations by explicitly verify-
ing domain-specific rules that must be respected by realistic transactional data.

The analyses were conducted exclusively on a large proprietary dataset, which
is also the largest dataset used in this work, as these constraints are directly derived
from real operational rules of that specific transactional system.

In particular, we verified that: (i) transaction timestamps are always mono-
tonically increasing within each generated sequence; (ii) transaction category hi-
erarchies are respected, meaning that generated fine-grained categories are always
compatible with their corresponding higher-level categories; (iii) only admissible
transaction categories are produced for a given transaction channel (e.g., ATM,
POS, transfer); and (iv) withdrawal amounts are generated as round numbers,
consistently with real-world ATM constraints.

Across all generated sequences evaluated on this private dataset, these con-
straints were always satisfied.

While these results cannot be reported quantitatively on public benchmarks,
they provide complementary evidence that the proposed generative models cap-
ture not only global statistical properties, but also hard structural constraints
and temporal consistency. This supports the robustness of the models beyond

discriminator-based and distribution-centric evaluations.

8.6.4 ADDITIONAL ABLATIONS

In this section we present additional ablation studies. In Table 8.7, we use the
“child gt-cond” task to investigate the influence of the CFG and its hyperparam-
eter values s and p; (Section 4.2). For these experiments we use PKDD’99 Fi-
nancial dataset instead of Age2 (used in all other ablations) because, on Age2,
TabDiT achieves a nearly ideal MLD-TS score (~ 50%) even without CFG, so

there is no room for improvement. In Table 8.7, the scale value s = 1 corre-
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sponds to non CFG (see Equation (8.2)), and the results reported in the table
clearly shows that CFG is beneficial for conditional generation of tabular data
time series, a finding which is aligned with the empirical importance of CFG in
the image generation literature [85]. Using these results, we selected the values
p4 = 0.005 and s = 4 and we used these hyperparameter values 2% all the data-
sets and conditional tasks. Although a dataset-dependent hyperparameter tuning
may likely lead to even better results, we opted for a simpler and computationally
less expensive solution based on dataset-agnostic CFG hyperparameters.

For training our VAE we adopt the scheduling proposed in [120], where the
reconstruction loss and the KL-divergence loss are balanced using a coefficient 4
which weights the importance of the latter. The value of 4 starts from an initial
8, and, during training, it is progressively and adaptively reduced. We refer to
[120] for more details. In Figure 8.2 we use Age2 to show the impact of 8, _,
which is evaluated jointly with the number of diffusion steps 7" of the denois-
ing network (Section 4.1). We evaluate the values of £, and T'jointly because
they are strongly related to each other. This ablation shows that using a relatively
small number of diftusion steps (e.g., greater than 100) is sufficient to get good
results, and that there is no significant improvement with very long trajectories.
Conversely, a higher value of 8, corresponding to a higher regularization of
the latent space, improves the results. In all the datasets and tasks, we use 200

diffusion steps and /2 =5.

max

Table 8.7: PKDD’99 Financial dataset. Analysis of the influence of the CFG hyperparameter
values using the MLD-TS | metric (mean and standard deviation over three runs).

Pd s=1 s=2 s=3 s=4 s=S5

0.001 83.33 13.a1 72.67 +3.52 78.33 +7.8¢ 71.13 19.38 69.33 17.92
0.005 80.47 +s.02 73.00 +8.84 72.47 +14.95 59.50 1053 75.00 +12.30
0.010 77.87 +10.40  70.80 +10.83 69.50 +13.95 76.83 16.40 73.97 +9.51
0.100 80.67 +4.74 71.10 +19.11 69.13 112.90 66.77 +12.79 69.63 +16.61
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MLD-TS

50 100 200 500

Diffusion steps

Figure 8.2: Age2 dataset. Analysis of the influence of the number of diffusion time steps Tjointly
with the 8 value using the MLD-TS | metric.
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8.7 QUALITATIVE RESULTS

8.7.1 NUMERICAL FIELD REPRESENTATIONS

In this section, we show some qualitative results using the numerical representa-
tion methods evaluated in Table 8.1. Specifically, we use the A7rbnb dataset and
we select the “secs_elapsed” attribute. This is the field with the highest variability,
with values ranging from 0 to 1.8M, a mean of 3.3K and a standard deviation of
approximately 13K.

In Figures 8.3 to 8.6 we compare to each other the distributions of all evalu-
ated numerical representations. In every plot, the x axis is based on a logarithmic
scale and a fixed number of 50 bins for both the real and the generated numerical
values. For each bin, in the y axis we show the percentage of tabular rows that
contain numerical values that belong to that bin.

In Quantize (Figure 8.3), the “secs_elapsed” field values are quantized using
equal-size bins of 360 seconds (1 hour) and we generate the bin center. As de-
picted in the figure, this method struggles in representing small numerical values,
which are all grouped in a few bins. On the other hand, the Linear transf repre-
sentation (Figure 8.4) tends to under-sample the tails of the distribution. In the
last two figures, we qualitatively evaluate the Fixed digit seq (Figure 8.5) and our
variable-range decimal representation (Figure 8.6). The corresponding distribu-
tions show that our variable-range representation is more accurate in reproduc-
ing numerical values. We believe that one of the reasons why the Fixed digit seq
representation is sub-optimal is that its longer length leads, on average, to a more

difficult decoding problem.
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Figure 8.3: Real and generated distributions
of the values of the “secs_elapsed” attribute us-
ing Quantize as the numerical field value rep-
resentation.
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Figure 8.5: Real and generated distributions
of “secs_elapsed” using Fixed digit seq.
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Figure 8.4: Real and generated distributions
of “secs_elapsed” using Linear transf.
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Figure 8.6: Real and generated distributions
of “secs_elapsed” using variable-range deci-
mal representation.
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8.7.2 TIME SERIES LENGTH

In Figures 8.7 and 8.8 we show the distribution of the real and the generated
time series lengths on A77bnb. In the first plot, we use the W/ length pred (Sec-
tion 8.3.2) method: at inference time the sequence length is randomly sampled
using a mono-modal Gaussian distribution fitted on the length of the training
time series. On the other hand, in Figure 8.8 we use our padding rows (Sec-
tion 8.2.2) to predict the time series length. Figures 8.7 and 8.8 show that, in
the latter case, the time series length distribution is more accurately reproduced.

Figures 8.9 and 8.10 show the distributions of the difference between the real
and the generated time series length using a “child gt-cond” task. Specifically,
given a real parent table #, representing a client of the Airbnb dataset, we gener-
ate a time series X using both our full method (Figure 8.10) and W/ length pred
(Figure 8.9). In both cases we compute the difference between the length of the
generated series ¥ (73) and the length of the real time series x (7) associated with
u. The shorter the difference, the better the method in predicting the real length.
Figures 8.9 and 8.10 show these differences for the two methods. Specifically, in
Figure 8.9, since 73 is sampled from a mono-modal Gaussian fitted on the training
set (Section 8.2.2), it is independent of #. As a result, the denoising network can-
not predict the correct time series length. On the other hand, Figure 8.10 shows
that, in case of our full-method, the distribution of the difference between 7; and
7y is very close to zero, showing the effectiveness of predicting the series length

jointly with its content.
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Figure 8.7: Distribution of the lengths of the Figure 8.8: Distribution of the lengths of the
real and the generated time series, using W/ real and the generated time series, using our
length pred method. padding row generation (section 8.2.2).
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8.7.3 TIME SERIES EXAMPLES

In this section, we show some examples of real and generated time series to qual-
itatively evaluate the generation results. We use the “child gt-cond” task on the
PKDD’99 Financial dataset and on the A7rbnb dataset. We also use the uncon-
ditional generation task on the Leaving dataset.

In the conditional task (Figure 8.11-Figure 8.16), we first provide an example
of areal parent table row, used as the conditional ground truth information, then
we show the first ten rows of the corresponding real time series, and finally the
generated one. In these examples, we compare TabDiT with REaLTabFormer. In
the unconditional task, we provide the first ten rows of a real time series example
(Figure 8.17), a time series example generated using TabDiT (Figure 8.18), and a
time series example generated using AR baseline (Figure 8.19).

The results in Figure 8.13 and Figure 8.19 show that both REaL'TabFormer
and the AR baseline make some errors in generating correctly time-ordered dates

in the time series. This may be an important error in real-world applications.
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Real parent table row district id frequency ity region year month day
61 POPLATEK MESICNE  Trebic  south Moravia 94 6 17

Real time series Year Month Day type trans operation k symbol amount trans balance

9% 10 8 PRIJEM VKLAD None 138180 488919

96 10 12 VYDAJ PREVOD NA UCET UVER 3757.0 451349

96 10 16 VYDAJ VYBER Neone 44400  40694.9

9% 10 20 VYDAJ VYBER None 3600.0 370949

9% 10 27 VYDAJ VYBER None 5280.0 318149

96 0 3 VYDAJ VYBER SLuzey 146 319706

9% 10 31 PRIJEM None UROK 1703 319852

9% 1" 3 VYDAJ VYBER None 56000 26370.6

9% i 8 PRIEM VKLAD None 138180 40188.6

96 1 12 VYDAJ PREVOD NA UCET UVER 37570 364316

Figure 8.11: PKDD’99 Financial dataset: an example of a real time series and its corresponding
real parent table row.

Real parent table row district id frequency  city region year month day
61 POPLATEK MESICNE  Trebic  south Moravia 94 6 17

Generated time series Year Month Day type trans operation k symbol amount trans balance

96 2 18 VYDAJ VYBER None 7200 19090.0

96 2 28 VYDAJ VYBER None 28000 16690.0

96 2 29 VYDAJ VYBER SLuzsy 146 167500

96 2 29 PRUEM None UROK 80.5 16750.0

96 3 5 VYDAJ PREVOD NA UCET 31460 144100

96 3 8 PRUEM VKLAD None 69140 20790.0

96 3 12 VYDAJ VYBER None 1500.0 20420.0

96 3 13 PRIJEM VKLAD None 57180 26530.0

9% 3 31 VYDAJ VYBER SLUZBY 146 26690.0

96 3 31 PRIJEM None UROK 875 267000

Figure 8.12: PKDD’99 Financial dataset: an example of a generated time series conditioned
on a ground truth parent table row using TabDiT.

Real parent table row district id frequency  city region year month day
61 POPLATEK MESICNE Trebic south Moravia 94 6 17

Generated time series Year Month Day type trans operation k symbol amount trans balance

% 1no7 VYDAJ PREVOD NA UCET 768 136752

96 12 16 VYDAJ PREVOD NA UCET SIPO 45080 198012

9 12 2 VYDAJ VYBER SLuzey 13720 149044

% 1 14 PRUEM  PREVODZUCTU DUCHOD 1800 164919

97 1 6 VYDAJ PREVOD NA UCET None 18230 239393

9 12 7 VYDAJ VYBER None 45270 15727.0

% 2 6 VYDA VYBER  SLUZBY 17710 113811

97 4 5 VYDAJ PREVOD NA UCET SIPO 716 66265.1

97 1 1 VYDAJ VYBER None 1143 192416

% 0 3 VYDA  PREVOD NA UCET SIPO 140 152489

Figure 8.13: PKDD’99 Financial dataset: an example of a generated time series conditioned on
a ground truth parent table row using REaLTabFormer. The sequence of the dates is not chrono-

logically ordered.
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Real parent table row

(¢ itionDi i (¢ it i (¢ iti i i StoreType Assortment Promolnterval Promo2
14200 400 20120 100 20140 a a  JanAprJulOct 1

Real time series Open Promo StateHoliday SchoolHoliday DayOfWeek Customers Sales Date month Date day

1 1 0 0 5 7430 7509.0 7 31

1 1 0 0 4 6870 71710 7 30

1 1 [ 0 3 6470 69260 7 29

1 1 0 0 2 6960 74320 7 28

1 1 0 0 1 7530 85280 7 27

0 0 0 0 7 00 00 7 2

1 0 0 0 6 7100 6887.0 7 25

1 0 0 0 5 5930 5056.0 7 24

1 0 0 0 4 5860 5557.0 7 23

1 0 0 0 3 4910 46030 7 2

Figure 8.14: Airbnb dataset: an example of a real time series and a real parent table row.

Real parent table row

@ itionDi i C it i C it i i StoreType Assortment Promolnterval Promo2
14200 400 20120 100 20140 a a  JanAprJulOct 1

Generated time series Open Promo StateHoliday SchoolHoliday DayOfWeek Customers Sales Date month Date day

1 1 0 0 5 5930 68820 7 31

1 1 0 0 4 5850 63490 7 30

1 1 0 0 3 5050 50940 7 29

1 1 0 0 2 5710 67520 7 28

1 1 0 0 1 5960 7502.0 7 27

0 0 0 0 7 00 00 7 2

1 0 0 0 6 4710 51360 7 25

1 0 0 0 5 4620 43520 7 24

1 0 0 0 4 4700 42490 7 23

1 0 0 0 3 3710 37220 7 22

Figure 8.15: Airbnb dataset: an example of a generated time series conditioned on a ground
truth parent table row using TabDiT.

Real parent table row

C itionDi: i k G iti i @ it i i StoreType Assortment Promolnterval Promo2
1420.0 400 20120 100 20140 a a  JanAprJulOct ]

Generated time series Open Promo StateHoliday SchoolHoliday DayOfWeek Customers Sales Date month Date day

1 1 0 1 5 73210200 7 31

1 1 0 1 4 494 4633 7 30

1 1 0 1 3 595 8110 7 29

1 1 0 1 2 791 5896 7 28

1 1 0 1 1 1134 7871 7 27

0 0 0 0 7 0 0 7 26

1 0 0 0 6 407 5000 W 25

1 0 0 1 5 785 5642 7 24

1 0 0 1 4 984 4870 7 23

1 0 0 1 3 688 4380 7 22

Figure 8.16: A:irbnb dataset: an example of a generated time series conditioned on a ground
truth parent table row using REaLTabFormer.
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year month day hour minute second channel type trx_category currency MCC amount
2017 7 10 o 0 0 typel POS 810 5211 147149
2017 7 10 4 59 42 typel POS 810 5999 1300.00
2017 7 1N 0 0 0 typel POS 810 5411 102.00
2017 7 12 0 0 0 typel POS 810 5411 312.00
2017 7 12 0 0 0 typel POS 810 5211 1822.63
2017 8 1 0 0 0 typel POS 810 5411 184.00
2017 8 1 0 0 0 typel WD_ATM_PARTNER 810 6011 7000.00
2017 8 M o 0 0 typel POS 810 5691 4027.00
2017 8 1N 0 0 0 typel POS 810 5691  499.00
2017 8 M o 0 0 typel POS 810 7922 980.00

Figure 8.17: Leaving (unconditional task): an example of a real time series.

year month day hour minute second channeltype  trx category currency MCC amount
2017 4 20 0 0 0 type2 POS 810 5411 756.0
2017 4 2 0 0 0 type2 POS 810 8999 16000
2017 4 2 o0 0 0 type2 POS 810 5912 5000
2017 4 28 0 0 0 type2 POS 810 5977 3028.0
2017 5 1 0 0 0 type2 POS 810 5411 7490
2017 5 12 1 0 3 type2  WD_ATM_ROS 810 6011 10000
2017 5 21 0 0 0 type2 POS 810 5411 1068.0
2017 5 21 19 8 6 type2 WD_ATM_ROS 810 6011 2100.0
2017 5 2 0 0 0 type2 WD_ATM_OTHER 810 6011 24000
2017 5 22 0 0 0 type2 POS 810 5411 857.1

Figure 8.18: Leaving (unconditional task): an example of a generated time series using TabDiT.

year month day hour minute second channel type trx category currency MCC amount

2017 3 2 10 4 15 type! WD_ATM_ROS 810 6011 40000.00
2017 3 28 0 0 0 typel POS 810 5331 17660.00
2017 4 2 0 0 0 typel POS 810 5964 33640.00
2017 4 8 0 0 0 typel POS 810 5411  3775.00
2017 4 9 0 41 36 typel POS 810 5814 490.00
2017 5 3 0 0 0 typel POS 810 5942 102.00
2017 5 2 0 0 0 typel POS 810 5411 4998.00
2017 5 18 o 0 0 typel POS 810 5681 3240.00
2017 5 18 10 23 6 type? WD_ATM_ROS 810 5912  4564.00
2017 6 15 12 29 1 typel WD_ATM_ROS 810 3381 0.35

Figure 8.19: Leaving (unconditional task): an example of a generated time series using AR
baseline. The sequence of the dates is not chronologically ordered.
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8.8 DATASET STATISTICS

In Table 8.8 we report the main characteristics of the datasets used in our ex-
periments. We use six real-world public datasets: 4 g€2¢, A geﬁ, Lmvz’ngﬁ, the
PKDD’99 Financial datasetl, the Rossmann store sales dataset™ and the Airbnb
new user bookings dataset'™. The first three datasets have been previously used in
[49], while the last two datasets have been used in [101]. Age2, PKDD’99 Finan-
cial, Rossmann and Airbnb include both parent and time series data, and they
can be used for the conditional generation tasks. Conversely, Agel and Leaving
do not include the parent table, thus we used them only for the unconditional
generation task. Original source, copyright, and license information are available
in the links in the footnotes.

In Rossmann and Airbnb, we use the same training and testing splits created in
[101]. Specifically, in Rossmann, we use 80% of the store data and their associated
sales records for training the generator. We use the remaining stores as the testing
data. Again following [101], we limit the data used in the experiments from the
years 2015-2016 onwards, spanning 2 months of sales data per store. Moreover,
in the Airbnb dataset, we consider a random sample of 10,000 users for the ex-
periment. We take 8,000 as part of our training data, and we assess the metrics
using the 2,000 users in the testing data. We also limit the users considered to
those having at most 50 sessions in the data. Regarding Age2, Agel, Leaving and
PKDD’99 Financial, we use the entire datasets, without any data filtering. The
only exception is for the PKDD’99 Financial parent table where we used the fol-
lowing fields: district_id, frequency, city, region, and the account creation date.

Table 8.8 also includes the statistics of Large Scale Bank Data. In our experi-
ments with this dataset, we used both its parent table and its time series, without

any data filtering.

*Age2 dataset [49]

§Agel dataset [49]

SLeaving dataset [49]

IPKDD’99 Financial dataset [18]
“Rossmann store sales dataset [101]
' Airbnb new user bookings dataset [101]
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Table 8.8: Dataset statistics.

Age2 Agel Leaving PKDD’99 Rossmann Airbnb Large Scale
Financial Bank Data

Total dataset rows 3,652,757 44,117,905 490,513 1,056,320 68,015 192,596 96,040,010
Total time series 43,289 50,000 5,000 4,500 1,115 10,000 110,000
Training samples 38,961 45,000 4,000 3,600 892 8,000 100,000
Testing samples 4,328 5,000 1,000 900 223 2,000 10,000
Tmax 50 50 50 50 61 50 100
Time series fields 3 3 6 6 8 5 9
Time series numerical fields 1 1 2 2 1 1
Time series categorical fields 1 2 4 3 5 4 7
Time series date/time fields 1 0 1 1 1 0 1
Parent fields 4 0 0 5 9 16 8
Parent numerical fields 2 0 0 0 1 2 0
Parent categorical fields 2 0 0 4 8 11 8
Parent date/time fields 0 0 0 1 0 3 0
Data availability public public public public public public private

8.9 IMPLEMENTATION DETAILS

In this section, we provide additional implementation details jointly with the val-
ues of the hyperparameters used in our experiments. Table 8.9 shows the num-
ber of training epochs and iterations for both the VAE and the denoising net-
work (TabDiT and SR-TabDiT). Since Large Scale Bank Data was used only for
a “child gt-cond” task, we did not train a SR-TabDiT with this dataset.

The model hyperparameter values in Tables 8.10 and 8.11 are shared by all the
datasets. Moreover, both TabDiT and SR-TabDiT share the same hyperparame-
ter values, both for the VAE and the denoising network.

Table 8.10 shows the VAE hyperparameters. The encoder £, and decoder Dy
of the VAE architecture have the same number of layers and the same number of
heads, and the same hidden size. The latent space size of the VAE is the same as
the DiT-based denoising network Fo hidden size d, in order to have the denoising
network work directly in the latent space of the VAE model.

The DiT-based denoising network Fj, hyperparameters are detailed in
Table 8.11. Most of the hyperparameter values are borrowed by the Dit-B model
presented in [85]. We use a standard frequency-based positional embedding, the
same as DiT, the only difference being that we have a single dimension input

(the time series length) rather than a 2D image. The main hyperparameter of the
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Table 8.9: Dataset-specific hyperparameter values.

Age2 Agel Leaving PKDD’99 Rossmann Airbnb Large Scale

Financial Bank Data

TabDiT VAE Training epochs 50 5 100 50 2,000 300 3

Training iterations 175,950 215,100 43,200 49,150 120,000 40,800 378,800
TabDiT Training epochs 150 150 2,000 2,000 4,000 800 180
Denoising network Training iterations 45,750 52,800 64,000 58,000 28,000 50,400 118,400
SR-TabDiT VAE Training epochs 1,000 - - 5,000 6,000 20,000 -

Training iterations 39,000 - - 20,000 6,000 180,000 -
SR-TabDiT Denoising ~ Training epochs 1,000 - - 3,000 6,000 3,000 -
network Training iterations 170,000 - - 54,000 54,000 120,000 -

Table 8.10: Dataset-independent hyperparameter values for the VAE.

Hyperparameter Value
Optimizer AdamW
Learning rate 5e-05
Training dropout 0.1
Batch size 1,024
Model size (parameters) 2M
VAE Encoder Transformer layers 3
VAE Encoder Transformer heads 8
VAE Encoder hidden size 72
VAE Decoder Transformer layers 3
VAE Decoder Transformer heads 8
VAE Encoder hidden size 72
VAE latent space size (d) 792
ﬁmax 5
ﬂmm 0.05
A 0.7
patience S

denoising network that we change is the number of diffusion steps (7), which

needs to be adapted to our tabular data time series domain.
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Table 8.11: Dataset-independent hyperparameter values of the denoising network.

Hyperparameter Value
Optimizer AdamW
Positional encoding frequency-based
Learning rate le-04
Dropout 0.1
Batch size 128
Model size (parameters) 140M
DiT depth 12

DiT num heads 12
Hidden size (d) 792
Diffusion steps 200

24 0.005

s 4

8.10 COMPUTING RESOURCES

All the experiments presented in this chapter have been performed on an internal

compute node composed of:

* 2CPUs AMD EPYC 7282 16-Core, for a total of 32 physical and 64 logi-

cal cores,
* 256 GbRAM,

* 4 GPUs Nvidia RTX A6000, each with 48 Gb of memory, for a total of
192 Gb.

Table 8.12 shows the training time for the VAE and the denoising network on
each dataset.

Due to the very high computational cost of pre-training, it was not feasible
Each

pre-training run requires significant multi-GPU time and memory, making

to repeat the full pre-training process with different random seeds.

multiple repetitions impractical within the available compute budget. However,
to still capture variability in the generation process, we repeated the decoding

(sampling) phase multiple times with different seeds. Decoding is comparatively

154



8.10. COMPUTING RESOURCES

Table 8.12: Dataset-specific total training time (measured in hours).

Age2 Agel Leaving PKDD’99 Rossmann Airbnb Large Scale

Financial Bank Data
VAE 3h 3h 1h 3h 2h 2h 8h
Denoising network ~ Sh Sh Sh Sh 3h 3h 26h

lightweight, and repeating it allows us to report metrics that accurately reflect
the stochastic nature of diffusion-based generation, even though the underlying

pre-trained model remains fixed.
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Applications, Limitations, and Future

Directions

9.1 APPLICATIONS IN FINANCE

The unified Transformer-based framework presented in this thesis is particularly
well suited for financial applications, where data are inherently structured, het-
erogeneous, and strongly time-dependent [71]. Financial institutions generate
massive volumes of transactional data that encode rich information about cus-
tomer behavior, risk exposure, and economic activity. Effectively leveraging these
data requires models capable of capturing complex temporal dependencies, het-
erogeneous feature interactions, and long-range behavioral patterns, while also
complying with strict privacy and regulatory constraints [11]. The methods pro-
posed in this work address these requirements and enable a broad spectrum of

practical applications in finance.

FrRAUD DETECTION AND ANOMALY DETECTION One of the most estab-
lished and impactful applications of transactional modeling is fraud detection.

Fraudulent behaviors are typically rare, highly heterogeneous, and adaptive,
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making them difficult to detect with rule-based systems or static Machine
Learning models [34]. Traditional approaches rely heavily on handcrafted
features aggregated over fixed time windows, which may fail to capture subtle
temporal signals or evolving fraud patterns.

The representation learning framework introduced in this thesis enables a
fundamentally different approach. By encoding entire transaction histories
into dense latent representations, models such as UniTTab can learn behavioral
profiles that reflect both short-term dynamics and long-term regularities [116].
These representations can be used directly for supervised fraud classification, or
indirectly for anomaly detection by identifying deviations from learned normal
behavior. In practice, this allows for earlier detection of fraudulent activities,
improved generalization to unseen fraud patterns, and reduced dependence on
manually engineered features.

Moreover, the generative models proposed in later chapters offer additional
benefits in this context. Synthetic transaction sequences generated by UniTTab-
AR or BankDiT can be used to augment training data, particularly for rare fraud
classes, improving class balance and robustness without exposing sensitive cus-

tomer information [114, 11].

CREDIT Ri1sk AND DEFAULT PREDICTION  Credit risk assessment is another
core financial application where transactional time series play a crucial role.
While traditional credit scoring models primarily rely on static customer
attributes and aggregated financial indicators, transactional data provide a much
more granular and dynamic view of a customer’s financial behavior, including
income stability, spending habits, and liquidity management [71].

The Transformer-based representations learned through self-supervised
pre-training enable models to capture early signals of financial distress, such as
changes in spending regularity, increasing reliance on credit, or irregular income
patterns [116]. These representations can be fine-tuned for downstream tasks
such as loan default prediction, early warning systems, and dynamic credit limit
adjustment. Importantly, the ability to pretrain on large volumes of unlabeled

data makes it possible to leverage the full transactional history of customers,
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even when labeled default events are scarce.

In this setting, foundation models for transactional data act as reusable back-
bones that can be adapted across multiple credit-related tasks, reducing develop-
ment time and improving consistency across risk models within an institution

[19].

CUSTOMER PROFILING, SEGMENTATION, AND CHURN PREDICTION Un-
derstanding customer behavior is central to customer relationship management,
marketing strategies, and retention policies. Transactional time series provide
a detailed behavioral fingerprint of each customer, but their complexity has
historically limited their use to coarse aggregations and manually defined
segments.

The methods proposed in this thesis allow customer profiles to be learned di-
rectly from raw transactional sequences, capturing both the diversity and the tem-
poral evolution of behaviors [109]. Learned embeddings can be used for cluster-
ing customers into behaviorally meaningful segments, enabling more personal-
ized offers, targeted interventions, and tailored communication strategies.

In the context of churn prediction, temporal representations are particularly
valuable. Changes in transaction frequency, spending categories, or account us-
age patterns often precede churn events. By modeling these dynamics explicitly,
Transformer-based architectures can identify early churn signals more reliably

than static models, enabling proactive retention actions [98].

SYNTHETIC DATA GENERATION AND PRIVACY-PRESERVING ANALYTICS
Privacy and regulatory constraints severely limit the sharing and reuse of real
transactional data, both within and across financial institutions [11]. Syn-
thetic data generation therefore represents a critical enabling technology for
collaborative research, model development, and scenario analysis.

The generative models introduced in this work—Dboth autoregressive and
diffusion-based—enable the creation of realistic synthetic transactional time
series that preserve key statistical and temporal properties of real data while

mitigating privacy risks [114, 58]. These synthetic datasets can be used for
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model training, stress testing, and benchmarking, as well as for sharing data with
external partners or research institutions without exposing sensitive customer
information.

Diftusion-based models, in particular, provide strong advantages in terms of
diversity and unconditional generation, making them suitable for simulating a
wide range of plausible customer behaviors and economic scenarios [64]. This
opens the door to applications such as what-if analyses, synthetic population
modeling, and robustness testing of financial systems under hypothetical condi-

tions.

TowARD FOUNDATION MODELS FOR FINANCIAL TrRANsSACTIONS Taken
together, these applications illustrate how the proposed framework contributes
to the emergence of foundation models for financial transactional data. By uni-
tying representation learning, large-scale self-supervised training, and generative
modeling within a single architectural paradigm, the methods presented in this
thesis enable a shift from task-specific, feature-engineered pipelines to more gen-
eral, reusable, and scalable solutions [19].

Under the definition of foundation models adopted in this thesis (Section 1.1),
the presented architectures demonstrate the feasibility of foundation-style mod-
eling for transactional data. Such models have the potential to become core in-
frastructure components within financial institutions, supporting a wide range
of analytical tasks while continuously improving as more data become available.
At the same time, their deployment raises important questions related to limita-
tions, ethical considerations, and future research directions, which are discussed

in the following sections.

9.2 LiMITATIONS OF CURRENT APPROACHES

Despite the promising results and broad applicability of the Transformer-based
frameworks presented in this thesis, several limitations remain [53]. These limita-
tions are not specific to a single model, but rather reflect more general challenges

associated with modeling heterogeneous, time-dependent tabular data at scale,
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particularly in sensitive and highly regulated domains such as finance [71]. A
critical discussion of these aspects is essential to properly contextualize the con-

tributions of this work and to identify directions for further improvement.

CoMPUTATIONAL COST AND SCALABILITY  One of the primary limitations
of large Transformer-based models is their computational cost [109]. Although
hierarchical architectures such as UniTTab significantly reduce the effective se-
quence length processed by the sequence-level Transformer, the overall training
and inference pipelines remain computationally intensive. Pre-training on mil-
lions of transaction sequences requires substantial GPU resources, long training
times, and careful engineering of data pipelines [19].

This cost can limit the accessibility of such models, particularly for smaller in-
stitutions or research groups without access to large-scale computational infras-
tructure. While tree-based models and simpler neural architectures may under-
perform in terms of expressiveness, they remain attractive in production environ-
ments due to their lower computational footprint and faster deployment cycles
[23, 47]. Bridging this gap between performance and efficiency remains an open

challenge.

MODEL INTERPRETABILITY AND EXPLAINABILITY Interpretability is a long-
standing concern in financial applications, where regulatory requirements and
risk management practices demand transparent and explainable decision-making
processes [37]. Transformer-based models, despite their strong empirical per-
formance, are often perceived as black boxes, especially when compared to rule-
based systems or tree-based models that provide more explicit decision logic [71].

Although attention mechanisms offer some degree of interpretability,
their outputs are not always straightforward to translate into actionable ex-
planations for end users or regulators [112]. Moreover, the hierarchical and
multi-component nature of the architectures proposed in this thesis further
complicates interpretability, as decisions emerge from interactions across
multiple layers and time steps.

As a result, the adoption of these models in high-stakes financial settings
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may require complementary explainability techniques, post-hoc analysis tools,
or hybrid modeling strategies that combine deep representations with more

interpretable decision layers [94].

Data QuaLrity, Bias, AND REPRESENTATIVENESs The effectiveness of
large-scale self-supervised learning critically depends on the quality and repre-
sentativeness of the training data [19]. Transactional datasets, even when large,
may reflect historical biases, incomplete coverage of certain customer segments,
or institution-specific behaviors that limit generalization.

Forinstance, customers with limited transaction histories or atypical usage pat-
terns may be underrepresented in the data, leading to less reliable representations
and predictions for these groups. Similarly, changes in economic conditions, reg-
ulatory frameworks, or customer behavior over time may introduce distribution
shifts that degrade model performance if not properly addressed [89].

While pre-training on large datasets improves robustness, it does not eliminate
the need for continuous monitoring, periodic retraining, and careful validation

across different populations and time periods.

LIMITATIONS OF GENERATIVE MODELs  Although the generative models in-
troduced in this thesis represent a significant advance in synthetic transactional
data generation, they also exhibit inherent limitations [114]. Autoregressive mod-
els, such as UniTTab-AR, tend to accumulate errors over long generation hori-
zons and may exhibit reduced diversity in unconditional generation scenarios.
Diffusion-based models, while more robust in terms of diversity, introduce ad-
ditional complexity in training and inference and require careful tuning of diftu-
sion schedules and architectural parameters [58, 64].

Moreover, evaluating the quality of generated tabular time series remains an
open problem [11]. Unlike images or text, where perceptual quality can be as-
sessed qualitatively, synthetic transactional data must be evaluated through indi-
rect metrics, statistical tests, or downstream task performance. These evaluation
procedures are often task-dependent and may fail to capture subtle but impor-

tant discrepancies between real and generated data.
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DEPENDENCE ON DomAIN-SpEcIFIC DEsIGN CHoICEs Finally, despite
the goal of generality, several components of the proposed framework rely on
domain-specific design choices [52]. Examples include the representation of
timestamps, the handling of transaction types with different schemas, and the
discretization or encoding strategies adopted for numerical values. While these
choices are well motivated for financial data, transferring the models to other
domains may require careful adaptation and re-engineering.

This highlights a broader tension between model generality and domain speci-
ficity: achieving strong performance on complex real-world data often necessi-
tates tailored architectural and representational decisions, which may limit out-
of-the-box applicability to new domains.

In summary, while the approaches presented in this thesis demonstrate strong
potential for modeling heterogeneous tabular time series, their practical deploy-
ment must account for computational constraints, interpretability requirements,
data quality issues, and the intrinsic challenges of generative modeling. Address-
ing these limitations is a key motivation for the ethical considerations and future

research directions discussed in the following sections.

9.3 EtHIcAL AND PrRivaACcY CONSIDERATIONS

The application of advanced Deep Learning models to financial transactional
data raises important ethical and privacy considerations that must be carefully
addressed [11]. Transactional datasets contain highly sensitive information about
individuals’ behaviors, preferences, and economic conditions, and improper use
or disclosure of such data can lead to significant harm, including discrimination,
financial loss, and violations of fundamental privacy rights [43].

One of the primary ethical concerns relates to data privacy and confidential-
ity. Even when explicit identifiers are removed, transactional data may remain
re-identifiable through linkage attacks or inference based on unique behavioral
patterns [80]. As a result, strict controls on data access, storage, and processing
are required throughout the model development lifecycle. The use of large-scale

self-supervised learning amplifies these concerns, as models are trained on vast
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amounts of raw data that may encode sensitive information implicitly [19].

Synthetic data generation represents a promising mitigation strategy, but it
also introduces new risks. While synthetic datasets are often perceived as privacy-
preserving by design, generative models may inadvertently memorize and repro-
duce rare or unique patterns from the training data, potentially leading to in-
formation leakage [25]. Ensuring that synthetic transactional data do not expose
sensitive information therefore requires careful model design, regularization, and
rigorous evaluation of privacy guarantees [114, 11].

Another critical ethical aspect concerns fairness and bias. Transactional data
reflect historical behaviors and institutional practices, which may embed societal
biases related to income, geography, gender, or access to financial services [15].
Models trained on such data risk perpetuating or amplifying these biases, par-
ticularly when deployed in high-stakes decision-making processes such as credit
approval, fraud investigation, or customer segmentation [78]. Addressing these
risks requires explicit fairness assessments, bias monitoring, and, where appropri-
ate, the incorporation of fairness-aware learning objectives.

Transparency and accountability also play a central role in the ethical deploy-
ment of Deep Learning models in finance. Regulatory frameworks increasingly
require institutions to provide explanations for automated decisions that affect
individuals [43]. While Transformer-based architectures offer strong predictive
performance, their complexity poses challenges for explainability and human
oversight [37]. Ethical deployment therefore necessitates complementary tools
and processes that enable model inspection, auditability, and meaningful human
intervention when needed.

Finally, the long-term societal impact of large foundation models for financial
data must be considered. As these models become more widely adopted, they
may influence market dynamics, customer behavior, and institutional practices
in ways that are difficult to anticipate [19]. Responsible research and deployment
require ongoing evaluation of these broader eftects, as well as adherence to prin-
ciples of responsible A, including robustness, transparency, and respect for indi-
vidual rights.

In summary, while the methods proposed in this thesis offer powerful tools
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for modeling and generating transactional data, their use must be guided by care-
ful consideration of ethical and privacy implications. Addressing these concerns
is not only a technical challenge but also an organizational and societal responsi-
bility, and it is essential for ensuring that advances in Deep Learning for finance

are aligned with legal requirements and ethical standards.

9.4 FUTURE RESEARCH DIRECTIONS

The work presented in this thesis opens several promising directions for future
research in the modeling of heterogeneous, time-dependent tabular data. While
the proposed architectures and methodologies address many of the limitations
of existing approaches, they also highlight new challenges and opportunities that
merit further investigation [19].

A first important direction concerns scalability and efficiency. Although
Transformer-based architectures have demonstrated strong performance when
trained at scale, their computational and memory requirements remain substan-
tial [109]. Future research could explore more efficient attention mechanisms,
sparse or low-rank approximations, and hybrid architectures that balance expres-
siveness and efficiency, enabling the deployment of large pretrained models in
resource-constrained environments [30]. Advances in this direction would be
particularly valuable for extending foundation models for tabular data beyond
large institutions with access to extensive computational infrastructure.

A second research avenue involves improving interpretability and explain-
ability. While representation learning and generative modeling benefit from
expressive latent spaces, understanding how these representations encode
behavioral patterns and drive predictions remains an open problem [37]. Devel-
oping interpretability techniques specifically tailored to heterogeneous tabular
time series—such as temporally aware attribution methods or feature-level
explanation frameworks—could significantly enhance trust, transparency, and
regulatory compliance in high-stakes applications [94].

Another promising direction relates to robustness and distribution shift.

Transactional data are subject to non-stationarity driven by changes in economic

165



9. APPLICATIONS, LIMITATIONS, AND FUTURE DIRECTIONS

conditions, user behavior, regulatory environments, and technological adoption
[89]. Future work could investigate continual learning, domain adaptation,
and online learning strategies that allow models to adapt to evolving data
distributions without catastrophic forgetting. This is particularly relevant for
long-lived foundation models intended to operate over extended time horizons.

Generative modeling also offers substantial opportunities for further research.
While diffusion-based models address several limitations of autoregressive gen-
eration, their application to heterogeneous tabular time series is still in its early
stages [58, 64]. Future work could explore improved latent representations, hy-
brid generative paradigms, and conditional generation mechanisms that allow
finer control over generated sequences. Additionally, integrating formal privacy
guarantees—such as differential privacy—into generative training pipelines re-
mains an open and important challenge [38].

A further research direction concerns cross-domain generalization. Al
though this thesis focuses primarily on financial transactional data, many other
domains—such as healthcare, mobility, and industrial monitoring—share
similar characteristics, including heterogeneity, temporal structure, and pri-
vacy sensitivity [98]. Extending and validating the proposed models across
these domains would help clarify which architectural components are truly
domain-agnostic and which require domain-specific adaptation.

Finally, the emergence of foundation models for structured temporal data
raises broader questions about responsible deployment and governance. As such
models become more widely adopted, future research must consider not only
technical performance but also societal impact, ethical alignment, and long-term
sustainability [19]. Addressing these questions will require interdisciplinary
collaboration, combining advances in machine learning with insights from law,
economics, and the social sciences.

In summary, while this thesis establishes a unified framework for representa-
tion learning and generative modeling of heterogeneous tabular time series, it also
points toward a rich and evolving research landscape. Continued progress in this
area has the potential to fundamentally reshape how structured temporal data

are analyzed, shared, and leveraged across a wide range of applications.
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9.4.1 FUTURE DIRECTIONS ON EXPLAINABILITY, ROBUSTNESS, AND
FAIRNESS

A promising and still largely unexplored direction concerns the development of
methodologies that enhance the trustworthiness, transparency, and ethical relia-

bility of Transformer-based models applied to heterogeneous tabular time series.

On the discriminative side, future research should investigate explainability
and robustness, two aspects that become particularly relevant when deploying
large-scale models in high-stakes financial environments. Although the unified
representation framework introduced in this thesis effectively captures complex
temporal and cross-feature relationships, current methods offer limited insight
into why a certain prediction is made or how sensitive the model is to pertur-
bations in the input sequence. Understanding which transactions, temporal
segments, or feature interactions are most influential for a given decision
would enable practitioners to interpret model outputs more reliably, facilitate
regulatory compliance, and support domain experts in diagnosing unexpected
behaviours. Likewise, robustness analyses—such as evaluating the stability of
predictions under noisy inputs, missing events, adversarial manipulations, or
distributional shifts—would provide a principled way to assess the resilience
of Transformer-based architectures in realistic operational settings, where data

irregularities are common and potentially harmful if unaccounted for.

Conversely, in the context of generative modeling, a natural extension of the
present work relates to the study of fairness in synthetic data generation. As
shown by the experiments on autoregressive and diffusion-based models, genera-
tive architectures are capable of producing realistic transactional sequences that
preserve complex statistical and temporal patterns. However, the relationship
between generation quality and demographic or behavioural subgroups remains
underexplored. Future investigations should examine whether generative mod-
els inadvertently reproduce or amplify biases present in historical datasets, and
whether fairness constraints or debiasing mechanisms can be integrated into au-
toregressive and diffusion-based pipelines. Ensuring equitable treatment across

user groups is particularly critical when synthetic data are used for downstream
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tasks such as credit scoring, risk modelling, or customer analytics, where biased
synthetic samples may propagate undesirable disparities.

Overall, integrating explainability, robustness, and fairness into the next gen-
eration of Transformer-based models would contribute to a more holistic view
of reliability in both discriminative and generative settings. These research direc-
tions complement the technical contributions of this thesis and represent essen-
tial steps toward the responsible adoption of large-scale foundation models in
domains—such as finance—where trust, transparency, and equitable decision-

making are indispensable.

168



Conclusions

10.1 SuMMARY OF CONTRIBUTIONS

This thesis has addressed the problem of modeling heterogeneous, time-
dependent tabular data through a unified Deep Learning framework based
on Transformer architectures. Motivated by the limited impact of modern
representation learning techniques on structured temporal data—despite their
ubiquity in real-world domains such as finance—the work set out to bridge the
gap between recent advances in foundation models and the specific challenges
posed by transactional time series.

The first major contribution of this thesis is the formulation of a unified repre-
sentation learning framework for heterogeneous tabular time series. By explicitly
modeling numerical and categorical attributes within a shared embedding space
and by leveraging hierarchical Transformer architectures, the proposed UniTTab
model overcomes key limitations of prior approaches that relied on discretiza-
tion, handcrafted feature engineering, or static representations. Through self-
supervised masked token pre-training, UniTTab learns rich temporal representa-
tions directly from raw transactional data, capturing both intra-transaction struc-

ture and inter-transaction dependencies.
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A second contribution lies in demonstrating that Transformer-based models
can be effectively trained at scale on real-world financial transactional datasets.
By exploiting large volumes of unlabeled data, this thesis establishes, to the
best of our knowledge, the first publicly documented foundation-style model
for transactional data, showing that large-scale pre-training leads to consistent
performance improvements across a variety of downstream financial tasks, in-
cluding fraud detection, credit risk assessment, churn prediction, and customer
profiling. These results highlight the importance of scale and self-supervision
in structured temporal domains, mirroring trends previously observed in
unstructured data.

The thesis further extends the representation learning framework to the
task of generative modeling. Two complementary approaches are explored.
UniTTab-AR introduces an autoregressive Transformer architecture capable of
generating temporally coherent transactional sequences while preserving inter-
nal feature consistency. Building on this, diffusion-based models—BankDiT
and the more general TabDiT—are proposed to address the limitations of
autoregressive generation, particularly in terms of diversity and unconditional
sampling. These models demonstrate that diffusion paradigms, when combined
with Transformers and appropriate representations for heterogeneous data, can
achieve state-of-the-art results in tabular time series generation.

Another important contribution is the explicit focus on privacy-preserving
data generation. By enabling the synthesis of realistic yet non-identifiable trans-
actional data, the generative models proposed in this work provide practical tools
for data sharing, augmentation, and experimentation in privacy-sensitive envi-
ronments. This aspect is particularly relevant for finance, where regulatory con-
straints severely limit the availability of open datasets and hinder collaborative
research.

Finally, the thesis contributes to the broader research agenda of foundation
models for structured temporal data. By unifying representation learning,
large-scale pre-training, and generative modeling within a single architectural
paradigm, the work demonstrates that many of the principles underlying

recent successes in Natural Language Processing and Computer Vision can
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be adapted—albeit with significant modifications—to heterogeneous tabular
time series. This opens the door to more general, reusable models that can be

transferred across tasks and domains.

10.2 FinaAL REMARKS

The rapid evolution of Deep Learning over the past decade has fundamentally
reshaped the way complex data are modeled and understood. While much of
this progress has been driven by unstructured domains such as text and images,
structured temporal data—despite their central role in many scientific and indus-
trial applications—have remained comparatively underexplored. This thesis has
argued that this gap is not due to a lack of relevance, but rather to the intrinsic
challenges posed by heterogeneity, temporal structure, and data accessibility.

By focusing on transactional data as a representative and demanding case
study, this work has shown that many of the conceptual tools underlying
modern foundation models can be successfully adapted to structured time-
dependent data. Transformer architectures, when carefully redesigned to
respect the semantics of tabular features and temporal dependencies, provide a
powerful and flexible modeling paradigm. Self-supervised learning emerges as a
key enabler, allowing models to leverage vast amounts of unlabeled data and to
learn representations that generalize across tasks.

Beyond predictive performance, this thesis emphasizes the importance of gen-
erative modeling as a first-class component of structured data analytics. The abil-
ity to generate realistic, temporally coherent, and privacy-preserving synthetic
data is not merely a technical achievement, but a practical necessity in domains
where data sharing is constrained. In this respect, the diffusion-based approaches
explored in this work represent a significant step forward, offering improved di-
versity, robustness, and flexibility compared to earlier generative models.

At the same time, the results presented here highlight that technical advances
alone are not sufficient. The deployment of large-scale models in finance requires
careful consideration of interpretability, fairness, privacy, and governance. These

aspects must be treated as integral components of model design rather than as af-
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terthoughts. As Artificial Intelligence systems increasingly influence high-stakes
financial decisions, maintaining human oversight and institutional accountabil-
ity will remain essential.

In conclusion, this thesis contributes to the growing body of research that
seeks to extend the reach of Deep Learning beyond unstructured data, toward the
rich and complex world of structured temporal information. By unifying repre-
sentation learning and generative modeling for heterogeneous tabular time series,
it lays the foundation for future work on general-purpose models in finance and
related domains. It is the author’s hope that these contributions will not only
advance academic research, but also support the development of more robust,

responsible, and data-efficient Al systems in real-world applications.

10.3 Pu.D. ACTIVITIES

This final section presents a list of the main activities carried out by the candi-
date during the Ph.D. program in Information and Communication Technolo-

gies (ICT).
CONFERENCE ATTENDANCES
April 2025: ICLR 2025, Poster presentation, Singapore;
November 2024: ICAIF 2024, Workshop presentation, New York, USA;
May 2024: Ital-IA 2024, Paper presentation, Napoli, Italy;
November 2023: ICAIF 2023, Attended as a visitor, New York, USA;

May 2023: Ital-IA 2023, Paper presentation, Pisa, Italy.

SEMINARS AND WORKSHOPS

June 2025: Al & ML for Systematic Investing, Speaker: Prof. Petter Kolm;

January 2025: Responsibility in the Times of Generative Al, Speaker: Dr.

Cristian Canton Ferrer;
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January 2025: YOUZ AI - FairER: Artificial Intelligence and the Future of
Young People in Work and Society, Speaker: Prof. Rita Cucchiara;

September 2024: Training — Generative Al: An Overview on Regulation,

Speaker: Elena Ferretti;

June 2024: Deep Learning on Bank Transactions, Prometeia’s Foundation

and Generative Model, Speaker: Valerio Consorti;

June 2024: Training — Generative Al: LLM Validation, Speaker: Irem Demir-

tas;

May 2024: Training GenAl: Generative Al - 101 for Developers, Speaker:

Lorenzo Balzani;

May 2024: GenAl Working Group: Presentation and Demo of the Intelli-
gent Document Assistant (IDA), Speaker: Federico Casciari;

April 2024: Cantiere GenAl: Generative AI — 101 for Business Users,
Speaker: Michele Filannino;

March 2024: The Impact of Al on the Labour Market in OECD Countries,
Speaker: Alexandre Georgieft;

January 2024: Quant Tales from the Prom Side: Al-Powered Option Pricing
Model Calibration, Speaker: Nicola Meccheri;

October 2023: ONNX and Mobile Models, Speaker: Simone Luetto;
September 2023: NeRF and 3D Models, Speaker: Davide Di Nucci;
July 2023: Al for CLO, Speakers: Matteo Cataldo and Alessandro Benetti;

May 2023: Experimental Machine Learning Methods for Market Abuse De-

tection, Speaker: Prof. Francesca Medda;

December 2022: 3D Computer Vision for Animals, Speaker: Prof. Silvia
Zufh;

173



10. CONCLUSIONS

December 2022: From Handcrafted to End-to-End Learning, and Back: A
Journey for Multi-Object Tracking, Speaker: Prof. Laura Leal-Taixé;

November 2022: Graph Signal Processing for Machine Learning: Challenges
and Use-Cases, Speaker: Prof. Laura Tonis

November 2022: Digital Humanities and Artificial Intelligence for Humans
in Today’s Society, Speaker: Prof. Rita Cucchiara;
SUMMER SCHOOLS

July 2024: International School on Deep Learning and the Future of Artifi-

cial Intelligence (DeepLearn), University of Maia, Porto, Portugal;

September 2023: ELLIS Summer School on Large-Scale Al for Research and
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