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Resumo

Com a crescente utilizacdo de modelos de aprendizagem automética e aprendizagem profunda em
dominios criticos, como a previsdo financeira, tornou-se imperativo o estabelecimento de quadros
de avaliagdo rigorosos e transparentes. Apesar do aumento da precisio de previsdo, estes modelos
apresentam frequentemente uma interpretabilidade limitada devido as suas arquiteturas complexas
e nao lineares, tornando-os frequentemente “caixas negras” em aplicacdes praticas. Esta opaci-
dade coloca desafios significativos em discernir as condi¢cdes em que as previsdes dos modelos
se tornam pouco fidveis ou se degradam sistematicamente. Os testes de stress, definidos como
a avaliagdo sistemdtica do desempenho dos modelos em condi¢des raras, adversas ou de elevada
incerteza, constituem um mecanismo vital para avaliar a robustez dos modelos e garantir a sua
responsabilizacdo. No entanto, a enumeracio exaustiva de todos os cendrios de stress plausiveis
é computacionalmente invidvel, e as metodologias de avaliacdo prevalecentes captam frequente-
mente de forma inadequada estes casos extremos criticos, ocultando assim potenciais vulnerabili-
dades.

No contexto da previsdo de séries temporais financeiras, em que a precisdo preditiva sob in-
certeza é crucial, os métodos de avaliagdo convencionais revelam-se frequentemente insuficientes.
As praticas standard baseiam-se geralmente em métricas de desempenho agregadas sobre con-
juntos histéricos de teste, o que resulta na omissao do comportamento dos modelos em cendrios
raros, altamente volateis ou ambiguos. Esta limitacdo torna os modelos previsionais suscetiveis
a excesso de confianca e a degradacdo do desempenho em periodos de stress. Para enfrentar este
desafio, apresentamos a GASTeF (Generative Adversarial Stress Test for Forecasting), uma nova
estrutura generativa concebida para testar modelos de previsdo de stress em aplicacdes financeiras.
O GASTeF estende a arquitetura da Rede Adversaria Generativa (GAN) ao incorporar as previsoes
de um dado modelo de previsdo no ciclo de treino do gerador. O gerador é otimizado ndo sé
para produzir séries temporais financeiras estatisticamente realistas, mas também para identificar
regides no espaco de entrada onde o modelo apresenta uma elevada incerteza ou erro de previsao.
Isto € conseguido através de uma fungdo de perda sensivel a incerteza que orienta o gerador para
amostras geradoras de stress, mas plausiveis.

Inspirando-se no quadro GASTeN, originalmente proposto para testes de stress em tarefas de
classificacdo no dominio da visdo por computador, 0 GASTeF generaliza esses principios para a
previsdo de séries temporais financeiras. O método proposto € avaliado empiricamente com base
em dados didrios de rentabilidade de fundos cotados setoriais (ETFs) do S&P 500, abrangendo o
periodo de 2000 a 2023. Os resultados experimentais demonstram que o GASTeF gera sequéncias
sintéticas que degradam significativamente o desempenho preditivo, mantendo simultaneamente
a credibilidade estatistica. Estes resultados evidenciam a eficdcia do método na identificacdo de
vulnerabilidades dos modelos e o seu potencial enquanto ferramenta para o desenvolvimento de
sistemas de inteligéncia artificial mais resilientes e transparentes no setor financeiro.
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Abstract

With the increasing deployment of machine learning (ML) and deep learning (DL) models in criti-
cal domains such as financial forecasting, the establishment of rigorous and transparent evaluation
frameworks has become imperative. Despite their increasing predictive accuracy, these models
frequently exhibit limited interpretability due to their complex, non-linear architectures, often ren-
dering them "black boxes" in practical applications. This opacity poses significant challenges
in discerning the conditions under which model predictions become unreliable or systematically
degrade. Stress testing, defined as the systematic evaluation of model performance under rare, ad-
verse, or high-uncertainty conditions, constitutes a vital mechanism for assessing model robustness
and ensuring accountability. Nonetheless, the exhaustive enumeration of all plausible stress sce-
narios is computationally infeasible, and prevailing evaluation methodologies often inadequately
capture these critical edge cases, thereby obscuring potential vulnerabilities.

In the domain of financial time series forecasting, where predictive accuracy under conditions
of uncertainty is critical, conventional evaluation methodologies often prove inadequate. Standard
practices typically rely on aggregated performance metrics over historical test datasets, thereby
failing to capture model behavior under rare, high-volatility, or ambiguous scenarios. This limita-
tion leaves forecasting models susceptible to overconfidence and performance degradation during
stress events. To address this challenge, we introduce GASTeF (Generative Adversarial Stress Test
for Forecasting), a novel generative framework designed for stress testing forecasting models in
financial applications. GASTeF extends the Generative Adversarial Network (GAN) architecture
by embedding predictions of a given forecasting model within the training loop of the generator.
The generator is optimized not only to produce statistically realistic financial time series, but also
to identify regions in the input space where the model exhibits high predictive uncertainty or er-
ror. This is achieved through an uncertainty-aware loss function that guides the generator toward
stress-inducing, yet plausible, samples.

Drawing inspiration from the GASTeN framework, originally proposed for classification stress
testing in the context of computer vision, GASTeF generalizes these principles to financial time se-
ries forecasting. The proposed method is empirically evaluated on daily return data from S&P 500
sector exchange-traded funds (ETFs) spanning the period from 2000 to 2023. Experimental find-
ings demonstrate that GASTeF generates synthetic sequences that significantly impair forecasting
performance while preserving statistical credibility. These results demonstrate the method’s effec-
tiveness in revealing model vulnerabilities and its potential as a tool for developing more resilient
and transparent Al systems in finance.

Keywords: Generative Adversarial Networks (GANs), Synthetic data, Data Augmentation,
Stress Testing, Financial Time Series, Forecasting
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“Start by doing what is necessary,
then do what is possible,
and suddenly you are doing the impossible.”

Saint Francis of Assisi
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Chapter 1

Introduction

In recent years, the adoption of machine learning (ML) and deep learning (DL) in finance has
grown substantially [125], driven by the increasing availability of financial data and advances
in computational resources. These technologies have achieved strong predictive performance in
various financial tasks, including time series forecasting for high-frequency stock market predic-
tion [167], portfolio allocation [101], and algorithmic trading [83]. Despite their effectiveness,
DL models are often criticized for their lack of interpretability. Their highly parameterized, non-
linear architectures function as “black boxes,” making it difficult for practitioners and regulators
to understand or trust their decision-making process [36].

Deploying ML models in high-stakes environments requires careful consideration of trans-
parency, robustness, and ethical implications. This need has given rise to Responsible Al [12],
which promotes methodologies that ensure the safe, interpretable, and accountable use of ML sys-
tems in practice. One such approach includes the use of model cards [103], which are structured
documents that outline a model’s intended use, performance, and known limitations.

A particularly pressing concern in finance is how forecasting models perform under stress con-
ditions characterized by high volatility, abrupt market shifts, or rare and extreme events [95]. Tra-
ditional evaluation techniques, such as historical backtesting, typically average results across test
sets [28], thereby failing to represent such stress conditions adequately. Stress testing addresses
this by evaluating model behavior in adverse or uncertain scenarios. In this context, Generative
Adversarial Networks (GANs) have emerged as a powerful tool for generating stress-inducing
series [27, 140, 54].

1.1 Motivation

The responsible application of ML and DL in finance requires not only high predictive accu-
racy but also transparency regarding model behavior under uncertainty. Financial time series are
characterized by non-stationarity [79, 67], structural breaks, and rare but impactful events [95].

Understanding and adequately evaluating model performance in such stress scenarios is essential
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to identifying vulnerabilities such as overconfidence and lack of robustness [127, 28], as concep-
tually illustrated in Figure 1.1. Despite advances in responsible Al, stress testing methodologies

for forecasting under such adverse conditions remain underdeveloped [27, 140].

Real Data Stress Generation Evaluation

Preal(X,)

S— )
M Glz, x) }_ )—( Jx) *
— .

Performance

Xe

Stress Shift

DTmfn_.G

Figure 1.1: Conceptual illustration of stress testing in forecasting models. Real data (X.) are
transformed by the generator G(z,X.) to produce stressed variants, which are then evaluated by
the forecasting model f(x). The decline in performance under increasing stress shifts reveals the
model’s robustness and sensitivity to adverse conditions.

Robustness under stress is critical for decision-making in finance, where model overconfi-
dence can lead to misallocation of capital or underestimation of risk. Understanding when and
why models fail enables practitioners to identify weaknesses in model generalization, improve re-
liability, and better inform risk management processes. Documentation approaches such as model
cards [103] aim to improve transparency by documenting limitations and appropriate use cases. By
developing methodologies for stress testing, specifically through the identification of scenarios in
which models exhibit reduced reliability, such approaches can support the responsible deployment
of Al systems. This includes the development of more robust evaluation tools to assess model per-
formance under stress conditions, ultimately enhancing the safety, transparency, and sustainability

of Al applications in finance and other sensitive domains.

1.2 Goals and Research Questions

The primary objective of this work is to develop a generative adversarial framework for stress
testing forecasting models in the context of financial time series. The proposed methodology, re-
ferred to as GASTeF (Generative Adversarial Stress Testing for Forecasting), is inspired by the
work of Cunha et al. [27], who introduced GASTeN, a generative approach for stress testing im-
age classifiers by synthesizing adversarial yet realistic samples that expose model vulnerabilities.

Adapting this concept to a regression setting, GASTeF, aims to generate synthetic, yet statistically
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plausible, financial return sequences that are explicitly designed to induce low-confidence and/or
high-error predictions from a target pre-trained forecasting model. By doing so, the framework
enables the systematic identification of model vulnerabilities under stress, particularly in scenarios
characterized by high uncertainty or rare market behavior.

Unlike a standard GAN, which optimizes the generator solely to produce realistic financial
time series sequences, our methodology extends the generator’s loss with an uncertainty term
derived from the output of a pre-trained forecasting model. This integration enables the generator
to not only enhance realism but also account for predictive uncertainty directly during the GAN
training process. This uncertainty-aware objective encourages the generator to synthesize stress-
inducing samples that reveal regions in the input space where the forecasting model becomes
less reliable. This design extends the foundational idea proposed in GASTeN [27], which targeted
classification models by generating realistic images that fall near the classifier’s decision boundary,
where predictive confidence is inherently low.

Through this approach, this work aims to contribute to the development of more robust and
transparent forecasting systems in finance by advancing methodologies for stress testing and model
evaluation under uncertainty. The resulting framework offers an interpretable and data-driven
means of diagnosing model weaknesses, with potential applications in risk management, respon-
sible Al, and the construction of more resilient financial decision-support systems.

To achieve these main goals, we aim to answer two specific research questions:

* How can a GAN architecture be adapted to generate synthetic financial time series that

consistently trigger low-confidence predictions from a chosen probabilistic model?

* Do these generated synthetic time series offer valuable insights into the behaviour of the
selected machine learning model when applied to real-world financial indices, particularly

under conditions leading to low-confidence decisions?

This work also seeks to support the United Nations Sustainable Development Goals (SDGs) [147],
with a particular emphasis on Goal 9: Industry, Innovation, and Infrastructure. By advancing the
reliability and accountability of artificial intelligence models, the study contributes to the devel-
opment of resilient technological infrastructure and the promotion of innovation. These efforts
underpin sustainable industrialization and are expected to facilitate long-term economic develop-
ment. Furthermore, by fostering the responsible use of Al, the work aims to mitigate potential
adverse societal impacts, thereby aligning with broader objectives of sustainable and equitable

progress.

1.3 Outline

In addition to the current chapter, the subsequent sections of this work comprise the following

sections:

* Chapter 2: Literature Review introduces the key concepts and relevant background on

time series forecasting, generative adversarial networks, uncertainty-aware forecasting, and
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stress testing. It reviews existing approaches and advancements in the field and identifies

gaps that this work aims to address.

* Chapter 3: GASTeF: Generative Adversarial Stress Testing for Forecasting formalizes
the research problem and presents the proposed methodological framework. It introduces
the GASTeF architecture, outlines its design principles, and explains how predictive uncer-

tainty is integrated into the generative process to enable adversarial stress scenario synthesis.

* Chapter 4: Experimental Setup and Results presents the empirical evaluation of the pro-
posed GASTeF framework. It describes the dataset, baseline forecasting model, training
protocol, and experimental configuration, followed by an analysis of the results. The chap-
ter assesses both the statistical fidelity of the generated time series and their effectiveness in
inducing predictive degradation and uncertainty in the forecaster, highlighting the trade-off

between data realism and stress intensity.

* Chapter 5: Conclusion summarizes the main contributions and findings of the study, dis-
cusses its limitations, and outlines directions for future research. It revisits the research
questions and demonstrates how the proposed methodology advances the field of robustness

evaluation in financial forecasting through data-driven stress scenario generation.



Chapter 2

Literature Review

This chapter presents the theoretical background underlying this research, with a focus on finan-
cial time series forecasting, generative modeling, and stress testing. Section 2.1 introduces the
statistical properties (subsection 2.1.1) and forecasting tasks of financial time series based on hori-
zon, dimensionality, and model granularity (subsection 2.1.2). Subsection 2.1.3 describes labeling
schemes and training strategies, outlining supervised, unsupervised, semi-supervised, and rein-
forcement learning approaches. Subsection 2.1.4 reviews classical and machine learning-based
forecasting methods, while subsection 2.1.5 covers evaluation metrics for point predictions. Sub-
section 2.1.6 discusses uncertainty quantification techniques, including conformal prediction. Sec-
tion 2.2 surveys generative adversarial networks (GANs), with an emphasis on conditional archi-
tectures for sequential data. Finally, Section 2.3 introduces stress testing methodologies, highlight-

ing the GASTeN framework for diagnosing forecasting model vulnerabilities under uncertainty.

2.1 Financial Time Series Forecasting

2.1.1 Definition and Characteristics of Financial Time Series

A time series is defined as a sequence of observations recorded at regular time intervals and in-
dexed chronologically, typically denoted as ¥; =y, ..., y,, where ¢ represents time. These observa-
tions can be collected in continuous or discrete time and are commonly analysed for forecasting fu-
ture values, understanding underlying phenomena, or supporting data-driven decision-making [5].

In the financial domain, time series data typically consist of periodic observations of asset
prices, such as opening, closing, high, and low prices, transaction volumes, and adjusted prices that
account for dividends and stock splits [168]. Assets may include stock indices, individual equities,
commodities, or exchange rates [138]. Despite the heterogeneity in asset types and measurement
units, financial time series often exhibit common structural components such as trends, cycles,

seasonality, and irregular variations. These components can be described as follows [3]:

* Trend: Represents the long-term movement in a time series, reflecting its general tendency

to increase, decrease, or remain stable over an extended period.
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* Cyclical Component: Captures medium-term fluctuations caused by recurring economic
or financial conditions. Unlike seasonal effects, cycles occur over longer intervals and are

not strictly periodic.

» Seasonality: Denotes systematic, calendar-related fluctuations that repeat at regular inter-
vals within a year. These are often driven by climatic conditions, holidays, or social con-

ventions and are essential for accurate short-term forecasting.

¢ Irregular Component: Comprises unpredictable, non-recurring disturbances in the time
series. These are typically caused by exogenous shocks such as geopolitical events, natural

disasters, or economic crises.

Financial time series are particularly challenging to precise modelling and accurate forecasting

due to several empirical properties, commonly referred to as stylized facts [168, 6]. These include:

* Autocorrelation: Refers to the correlation between a time series and its own past values. It
quantifies the degree of linear dependence between lagged observations, indicating potential
temporal structure or memory in the data. While raw financial returns typically exhibit low
autocorrelation, nonlinear transformations such as squared or absolute returns often reveal

significant autocorrelations, particularly at short lags [26].

* Heteroscedasticity: The variance of returns is not constant over time; instead, it fluctuates,

often increasing during periods of market stress or economic uncertainty [168].

* Volatility Clustering: Describes the empirical observation that large or small movements
in asset returns tend to be temporally clustered. Periods of high volatility are likely to be
followed by further high volatility, and similarly for low volatility. While raw returns may
exhibit little to no autocorrelation, their squared or absolute values often show significant

autocorrelation, indicating persistence in volatility dynamics [6].

* Nonlinearity: The dynamics of financial time series cannot be fully captured by linear

models, as they exhibit nonlinear dependencies that vary over time and across regimes [168].

Traditional statistical approaches typically assume stationarity or stable relationships between
past and future values. However, the presence of non-stationarity necessitates preprocessing tech-
niques such as detrending or differencing [113]. In contrast, modern DL methods offer greater
flexibility in capturing nonlinear dependencies and regime changes without requiring explicit sta-

tionarity assumptions [108].

2.1.2 Forecasting Dimensions in Financial Time Series

Forecasting in this context refers to estimating future values Y,,;j,, where i denotes the forecast
horizon. Two primary dimensions characterize forecasting problems: the number of variables

considered and the length of the forecast horizon.
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* Univariate vs. Multivariate Forecasting: Univariate models focus on forecasting a single
variable, such as the daily closing price or return of a financial asset. In contrast, multi-
variate models incorporate multiple related time series (e.g., returns of different sectors or

macroeconomic indicators), leveraging their joint dynamics to improve forecast accuracy.

* One-step vs. Multi-step Forecasting: One-step-ahead forecasting targets the immediate
next value (y,+1), whereas multi-step forecasting estimates several values ahead (y,11,Vn+2, -
However, multi-step forecasting may give rise to potential problems, including error accu-
mulation across prediction horizons, reduced forecast accuracy, and heightened predictive
uncertainty [143, 153, 134].

Furthermore, many financial applications involve time series databases 2 = {Y,Y»,...,Y,},
where each Y; corresponds to a distinct but related univariate time series (e.g., different sector
ETFs or asset classes). In this context, forecasting approaches are categorized as either local or
global [71]:

* Local Models: These models are trained independently for each time series. Classical
statistical approaches such as ARIMA and exponential smoothing typically follow this ap-
proach [68].

* Global Models: A single model is trained across all time series in the dataset. Global
models capture shared patterns across related time series, enabling improved generalization
by leveraging cross-series dependencies, whereas local models, trained independently on
each series, are restricted to learning temporal dynamics in isolation. This approach has

shown superior performance in various forecasting tasks [53].

2.1.3 Labels and Training Strategies

Machine learning encompasses distinct approaches - supervised, unsupervised, semi-supervised
and reinforcement learning - each providing distinct capabilities for modeling and analyzing fi-

nancial time series data:

* Supervised Learning: Frequently employed in the context of financial time series forecast-
ing, models learn a functional mapping from input features to target variables using fully
labeled datasets. Supervised machine learning consists of two main classes of problems:
classification and regression. In a classification problem, the labels constitute a discrete
set, while in regression problems the labels are continuous. The goal of machine learning
regression algorithms is to discern the function that maps objects to continuous labels, ren-
dering it apt for diverse applications encompassing the prediction of asset prices, estimation

of market indices, or forecasting of financial performance metrics [120, 75].

* Unsupervised Learning: Seeks to identify hidden patterns and structures in unlabeled fi-
nancial data [120, 20].

< Ynth)-
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* Semi-supervised Learning: Presents a compelling alternative for financial modeling, espe-
cially in settings where large quantities of unlabeled time series data are available, but only

a subset is labeled.

* Reinforcement Learning: Models sequential decision-making problems, where an agent
learns optimal actions (e.g., buy, sell, hold) through interaction with a financial environment

to maximize cumulative reward (e.g., returns) [11].

2.1.4 Supervised Machine Learning Models

Time series forecasting is not a novel concept because it has long roots in regression. The standard
for such techniques is Autoregressive Integrated Moving Average, also known as ARIMA. Mean-
while, variations of this model have been developed, such as SARIMA (or Seasonal ARIMA), and
ARIMAX (ARIMA with explanatory variables). For decades, linear regression methods such as
autoregressive (AR) models have dominated the forecasting landscape [77, 7]. AR models aim to
produce the next time step ¥;4; in sequence as a function of the previous n time steps, where n
represents the order of the model. Doing this not only predicts future values but also preserves the
temporal dynamics of a time series. Although auto-regressive-based approaches offer reasonable
predictive performance, they exhibit certain limitations [37]. The models are inherently linear,
making them unsuitable for capturing data with nonlinear relationships. Additionally, they rely
upon certain assumptions about the data, such as the constant standard deviation, which may not
hold in all cases. For these reasons, AR models are by definition deterministic and non-generative,
making them less effective at capturing the inherent randomness and uncertainty in real-world
time series data [56].

In response, several nonlinear time series models emerged in the late 1970 and early 1980s,
including the bi-linear model [114], the threshold autoregressive model [146, 145], the autore-
gressive conditional heteroscedastic (ARCH) model [40] and the generalised autoregressive con-
ditional heteroscedastic (GARCH) model [14]. The ARCH/GARCH has been particularly influen-
tial in financial econometrics, where it is widely used to model and forecast volatility by capturing
time-varying conditional variance. These models represent time series as stochastic processes
with time-dependent variance, offering greater flexibility in modeling nonlinear dependencies and
volatility clustering. Despite their success, the theoretical development and analytical tools for
nonlinear time series analysis and forecasting still lags behind its linear counterpart [56]. Also,
since they are deterministic, do not allow probabilistic forecasting, or have strong assumptions on
the distribution of the target variable, they often fail to fully capture the intricacies of financial
markets, particularly the well-known stylised facts [99].

In recent decades, machine learning models and, more notably, DL-based approaches have
gained traction and have emerged as powerful competitors to classical statistical methods in the
forecasting community [4]. One such model is NHITS [19], short for Neural Hierarchical Inter-
polation for Time Series Forecasting. These data-driven models, unlike traditional model-driven

approaches, are non-parametric and nonlinear, learning the stochastic relationship between past
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and future values directly from historical data. As a result, they can replicate many of the stylised
facts observed in financial markets.

For time-series forecasting, Recurrent Neural Networks (RNNs) have emerged as a powerful
and effective approach, particularly for capturing the sequential nature and long-range dependen-
cies of time-dependent data. One prominent variant, Long Short-Term Memory (LSTM) networks,
has become widely used in financial time series forecasting due to its ability to handle complex
dependencies [44]. Lee and Yoo [85] introduced an RNN-based approach to predict stock returns,
Giiresen et al. [59] used neural networks for stock market forecasting, while Sirignano and Cont
[130] utilised LSTMs to argue for the universality of asset price features. Deep learning models,
particularly LSTM networks, have been shown to outperform traditional ARIMA-based models in
time series forecasting, especially for long-term prediction tasks [128]. The M4 competition [96]
provided a key benchmark for assessing forecasting methodologies, where the top-performing
hybrid ES-RNN model combined exponential smoothing and globally trained LSTMs [133]. Sub-
sequently, the M5 competition [97], focused on retail time series, reinforced these findings by

demonstrating the superior performance of machine learning methods over classical techniques.

2.1.5 Measures of Forecasting Accuracy

Forecast performance is commonly assessed using error metrics that quantify the difference be-
tween observed and predicted values. The forecast error at horizon / is defined as the difference

between the actual value y,, and the predicted value y;, ;, as shown in Equation (2.1):

€r+h = Yi+h — .)’]\H»h\t (2.1)
According to Shcherbakov et al. [126], these metrics can be broadly categorized as:
* Absolute error metrics: measure the magnitude of errors in the same scale as the data;
* Percentage error metrics: evaluate errors as a proportion of actual values;
» Relative error metrics: assess forecast performance relative to a benchmark;

* Scaled error metrics: provide scale-independent assessments for model comparisons across

series.
These are the most commonly used point forecast evaluation metrics:

* Root Mean Squared Error (RMSE): A widely used metric for scale-dependent data, suit-
able for comparing forecasts within a single time series or across series with the same scale.
Interpreted in the same unit as the original data, facilitating intuitive understanding. Com-

putes the square root of the average of squared errors:

1
RMSE = [ =Y ¢ (2.2)



Literature Review 10

* Mean Absolute Percentage Error (MAPE): Belongs to the class of percentage-based error
measures. It is scale-independent and commonly used for model comparison across different
datasets. However, becomes undefined when y; = 0, can be heavily influenced by small
denominators or outliers and assumes that percentage errors are symmetric, which is not
always the case. MAPE expresses forecast errors as a percentage of the actual values:

100

MAPE = — Y
=

€
Y

(2.3)

* Mean Absolute Scaled Error (MASE): Scales the forecast error relative to the in-sample
mean absolute error of a naive forecast. MASE provides a consistent scale-independent

measure of forecast accuracy across series of different magnitudes.

- le:|

= T i il

1
MASE = — 2.4)
n;

2.1.6 Uncertainty Quantification

Machine learning models often exhibit state-of-the-art performance; however, they frequently
overlook the critical aspect of prediction uncertainty in ML-assisted and/or automated decision-
making [1, 124]. In critical fields such as finance, the quantification of uncertainty is as important
as the prediction itself; therefore, accurate predictions and robust uncertainty quantification are
essential for high-stakes decision-making. Well-calibrated and effectively communicated uncer-
tainty can increase transparency, guide stakeholders in trusting model predictions, and address
fairness concerns [144, 165].

Transparency in machine learning encompasses procedural transparency, offering insights into
model development (code development, model cards, dataset details) [10, 49, 103, 115], and algo-
rithm transparency, revealing a model behaviour to stakeholders [82, 117]. While explainability
has been a primary focus for algorithm transparency [93], understanding specific model behaviour
alone might be insufficient for stakeholders to assess accuracy or knowledge adequacy. Since
2018, deep learning research has started to focus on understanding system comprehension and
identifying areas of uncertainty, giving rise to key concepts such as "uncertainty quantification"
and "uncertainty estimation" [92, 98, 141, 148].

While there are many sources of uncertainty [149], in our work we focus on those we can
quantify in machine learning models: aleatoric and epistemic uncertainty [32, 80, 48]. Aleatoric
uncertainty, also known as irreducible uncertainty, arises from inherent randomness or noise in
inputs or targets. On the other hand, epistemic uncertainty originates from a lack of knowledge
about the optimal function explaining the observed data. While machine learning models typically
account for aleatoric uncertainty through the specification of a noise model or likelihood function,
they are less likely to account for epistemic uncertainty. The latter is instrumental in detecting
dataset shifts [110], identifying adversarial inputs [161], and guiding exploration-centric methods

such as Bayesian Optimisation [64] and reinforcement learning [45].
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The discourse on uncertainty quantification has notably gained momentum, particularly in
domains such as computer vision and natural language processing, with a primary focus on classi-
fication problems [58, 63, 106, 148]. It is essential to recognise that methods for uncertainty quan-
tification exhibit significant variations between classification and regression problems. Classifica-
tion approaches often initiate the process with probability estimates, contributing to uncertainty
quantification, out-of-distribution detection, and open-set recognition [50]. Regression problems
are often characterised by the prevalent use of point predictors that provide a single summary
statistic like a conditional mean. More sophisticated methods adopt prediction intervals to express
uncertainty [17], where wider intervals signify heightened uncertainty.

Prediction intervals are essential for defining bounds on random variables with specified prob-
abilities. Various approaches, such as Bayesian methods [52, 157] and ensemble methods [76,
164], can model the conditional distribution for exact or approximate prediction intervals. Gaus-
sian processes find applications in finance, including option pricing [139] and volatility forecast-
ing [91]. An alternative is a direct estimation without modelling the conditional distribution,
achieved through methods like quantile regression [81] or conformal prediction [118, 150]. In their
study, [33] conducted a comprehensive comparison of uncertainty quantification methodologies
for regression problems, evaluating Bayesian methods, ensemble methods, direct interval estima-
tion methods, and conformal prediction as general approaches. The study revealed that Gaussian
processes, commonly applied in finance, assume a (conditional) normal distribution, leading to in-
valid models when this assumption is violated. In contrast, conformal prediction was identified as a
method with guaranteed performance without presuming any specific data distribution. While ma-
chine learning literature traditionally assumes data independence and identical distribution (iid),
this assumption often does not hold in financial applications. Furthermore, [107] demonstrated
the applicability and theoretical guarantees of split conformal prediction, particularly in handling
dependent data, prevalent in financial time series. Other studies, such as [158, 74, 21, 51] exem-
plified diverse applications of conformal prediction. These applications ranged from generating
prediction sets for a market maker’s net position to forecasting short-term electricity prices, pre-
dicting stock returns based on realised volatility, and developing an adaptive method inspired by

conformal prediction to address distribution shifts for market volatility prediction.

2.2 Synthetic Time Series Data Generation

The scarcity of high-frequency financial data and the limited number of extreme market events,
such as market crashes, have motivated a growing interest in the generation of realistic synthetic

financial time series [156, 38, 34].

2.2.1 Synthetic Time Series Generation Methods

Data augmentation and, in particular, resampling techniques have been explored to enrich limited
financial datasets and improve the diversity of training samples. The simplest approaches, such as

random resampling or bootstrapping, reuse existing observations to expand the dataset but often
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lead to redundancy without improving information diversity [111]. In contrast, traditional data
augmentation techniques generate new synthetic samples by manipulating existing time-series
observations through deformation, shortening, enlargement, or modification. Examples include
jittering, dynamic time warping, window slicing, and permutation. In contrast, traditional data
augmentation techniques generate new synthetic samples by manipulating existing time-series
observations through deformation, shortening, enlargement, or modification. Examples include
jittering, dynamic time warping, window slicing, and permutation [69]. However, since these
methods rely exclusively on existing data, they tend to generate synthetic series with limited vari-
ability and can distort long-term temporal dependencies, thus reducing the fidelity of intertemporal
and cross-feature relationships in the resulting time series [154].

Beyond these transformation-based methods, statistical and simulator-based approaches, such
as Monte Carlo simulations [31], generate time series through predefined rules or simulation
environments, allowing for interpretable and controlled data creation, but with limited flexibil-
ity for capturing real-world complexity [136]. In contrast, data-driven approaches rely on ob-
served data to learn the underlying temporal structure and generate new synthetic sequences.
These include deep generative models such as Generative Adversarial Networks (GANs) [162, 42,
90], Variational Autoencoders (VAEs) [2], diffusion models [137], and Large Language Models
(LLMs) [72], which have shown promise in generating realistic financial time series that reproduce

many of the stylized facts observed in real market data [156, 38, 34].

2.2.2 Generative Adversarial Networks

As a simple but powerful framework, GANs have been applied to many contexts and are currently
state-of-the-art in image and text generation [73, 116]. Although these computer vision advances
have garnered much attention, GANs applications have diversified across disciplines such as time
series [42] and sequence generation, namely those involving natural language processing [151],

music generation [104] and speech and audio analysis [112].

2.2.2.1 GANs Architectures

In the realm of generative modelling techniques, Generative Adversarial Network (GAN) is an
unsupervised generative model first introduced by [55] where two players, a generator and a dis-
criminator, are battling in a zero-sum game'. In GANs, both the generator G and the discriminator
D are differentiable functions concerning their parameters and are usually represented by neural
networks. The generator G takes some noise as input, usually Gaussian, and returns what it be-
lieves to be a realistic-looking sample. The discriminator D takes as input either the generated
sample from G or a real sample coming from the data and determines where the sample given
comes from. The goal of the generator G is to learn to deceive the discriminator D by producing

synthetic data points closely mimicking real data, while the discriminator D goal is to learn to

A zero-sum game is a mathematical representation in game theory of a situation that involves two sides, wherein
the gain experienced by one side corresponds to an equivalent loss suffered by the other. When aggregating the total
gains and subtracting the total losses of all participants, the sum will equal zero.
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properly determine the realism of a given data point, discerning between the real data samples and
those coming from the generator G. GANSs are trained through an adversarial process, wherein the
simultaneous training of the two different models, the generator G and the Discriminator D, takes

place. The visual representation of this process can be found in Figure 2.1.

Real sample

\ Discriminator

Is D
correct?

Generated
fake sample

=

Generator

Latent Space

Figure 2.1: GAN architecture

The dynamic interplay between the two networks constitutes a min-max game, where the dis-
criminator D is trained to maximise the probability of assigning the correct label to both samples
coming from real data and those coming from the generator G. The generator G is trained to ei-
ther minimise the log-probability of the discriminator D correctly assigning its outputs as coming
from the generator G, or to maximise the log-probability of the discriminator D being mistaken.
Competition drives both networks to improve their performance until the genuine data in indistin-
guishable from the generated one. This two-player min-max game is set in motion by optimising

the joint minimax loss function in equation (2.1):

mGin max Z(D,G) = Eyup,logD(x)] + E,. ;) [log(1 = D(G(z)))] (2.5)

where x is a real data sample drawn from the true data distribution p(x), and z represents a
latent variable sampled from the latent space distribution p(z). The latent space provides the ran-
dom input for the generator, serving as an abstract and typically lower-dimensional representation
space from which the generator G(z) maps latent vectors into the data space to produce synthetic
samples. The discriminator D(x) outputs the probability that a given input is real and E denotes
the expectation over the respective distributions.

Furthermore, as demonstrated by [55], a unique solution at P, = Py exists when D* (x) =
%. This is due to the optimization of the objective function in Equation (2.1) under the optimal

generator D*(x) being equivalent to minimising the cost function:

—log4+2-JSD(P; || IPy) (2.6)
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where JSD(P; || Pg) is the Jensen-Shannon divergence between the real data distribution P;
and the generated data distribution PPg.
and the Kullback-Leibler (KL) divergence, denoted by KL(PPx || Py), is defined as:
KL(Px | Py) = [ Pc()log (PX(X)> dx @7)
x Py (x)

over the joint support for Px, Py denoted by 2.

2.2.2.2 Applications in Time Series

Unconditional GANSs, while effective for image and text generation, necessitate a more refined
methodology when applied to time series modelling. Specifically, time series generation necessi-
tates a sampling process that considers the series’ previous state to capture its statistical attributes,
such as autocorrelation, trends, and seasonality. Conditional GANs [102] address this challenge by
explicitly incorporating auxiliary conditioning v into the generator and discriminator’s decision-
making process. This information v can represent various factors, such as class labels, categorical
features, or current market conditions. Consequently, cGANs (Conditional Generative Adversarial
Network) aim to learn an implicit conditional generative model, particularly suitable for sequential
data (e.g., time series, text data) or scenarios involving "what-if" inquiries, such as stress tests [84].

Most cGANSs applications related to this work have focused on synthesising data to enhance
supervised learning models. Noteworthy instances include works addressing imbalanced classi-
fication, specifically in fraud detection [35, 43]. These studies demonstrate that cGANs com-
pare favourably to traditional oversampling techniques. Another pertinent application is found
in medical time series generation and anonymization [42], where cGANs are employed to gen-
erate realistic synthetic medical data. The cGANs also prove beneficial in the optimization of
hyperparameters (fine-tuning) for trading strategies algorithms, using samples generated by the
cGAN [84].

Formally defining a cGAN involves incorporating the conditional variable v into the original
formulation. The generator and discriminator networks now receive both noise z and conditioning
information v as input. The discriminator is trained to maximise the correct labelling of real and
generated data, while the generator is trained to minimise the log-likelihood of the discriminator
classifying generated data as real. The minimax game between the generator and discriminator is

defined as:

minmax 2(D,G) = By s, (o log D(v)] + B o llog(1 =D(GEW))]  28)

In contrast to our proposed methodology, the aforementioned approaches rely only on binary
adversarial feedback for the learning process. This single reliance may not be deemed adequate
to ensure that the network comprehensively captures the temporal dynamics in the training data.

A notable advancement was made in [159], where the authors introduce Time Series Generative
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Adversarial Network (TimeGAN), a novel framework comprising four network components: em-
bedding function, recovery function, sequence generator, and sequence discriminator. TimeGAN
integrates unsupervised adversarial loss on real and synthetic data with step-wise supervised loss
on the original data. It significantly surpasses previous architectures in terms of discriminative
and predictive scores on benchmark datasets. However, TimeGAN produces mini-sequences of
fixed length and exhibits impractical training times in contrast to the arbitrary length and time-
efficient training regimen demanded by our approach. [135] introduced FIN-GAN, an adaptation
of the conventional GAN [55] methodology specifically tailored for the finance domain. The
primary objective is to generate synthetic time series that faithfully replicate the stylised facts
observed in authentic financial data, without the need for explicit assumptions or complex mathe-
matical formulations. For these reasons, FIN-GAN stands in contrast to stochastic processes and
agent-based modelling, which often necessitate non-trivial assumptions to achieve similar out-
comes, representing a significant milestone for GANSs in the financial domain. [155] presented
QuantGAN, a GAN variant that employs temporal convolutional networks (TCNs) to effectively
capture extended temporal dependencies, such as volatility clustering. Additionally, innovative
transformer-based architectures are incorporated within a GAN framework [89].

These methodologies, however, do not address the simultaneous generation of multiple stocks
and their correlation dynamics, lacking realism, crucial for testing diversification strategies in port-
folio management [39]. In the financial realm, managing risks relies on understanding correlation
dynamics to ensure individual assets remain uncorrelated under various market conditions. Fac-
tors such as sector-specific influences, macroeconomic changes, exogenous events, and investor
sentiment contribute to stock correlations. Composite financial instruments like Exchange-Traded
Funds (ETFs) introduce additional correlation sources [122, 66]. [88] made a pioneering ap-
proach to synthesising realistic and high-fidelity stock market order streams using Conditional
Wasserstein GAN (C-WGAN). A Conditional Wasserstein GAN (C-WGAN) is derived by inte-
grating a novel cost function utilising the Wasserstein distance. This formulation facilitates perfor-
mance enhancement for the generator by leveraging the continuity and differentiability inherent in
the Wasserstein distance between distributions. Additionally, the model incorporates a conditional
variable v to effectively capture temporal dynamics in sequential data over time. The cost function

of C-WGAN, simplified through Kantorovich-Rubinstein duality, is formulated as:

minmax By, [D(x])] ~ Eev [D(G(zIV))] 2.9)

where Z represents the collection of all 1-Lipschitz functions. The Lipschitz conditions are
imposed through weight clipping. According to [9] the discriminator’s gradient in WGAN be-
haves more favourably than that of a vanilla GAN, by improving the Optimisation of the generator.
Subsequently, [57] proposed introducing a Wasserstein-1 distance with a Gradient Penalty, instead
of a standard cross-entropy or zero-sum GAN, to gently enforce the Lipschitz constraint without
weight clipping. This method adds a gradient penalty to the training objective of the discriminator,

improving training stability. However, a comprehensive study conducted by [94] concludes that
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there is limited evidence demonstrating the consistent superiority of WGAN-GP over WGAN,
even after thorough hyperparameter tuning and random restarts.

Conditional Sig-Wasserstein GAN (SigCWGAN) [90] provides a robust and theoretically
principled mechanism for generating realistic financial time series. By aligning the truncated sig-
natures of real and synthetic trajectories in conditional feature space, it captures both distributional
structure and temporal dependencies, outperforming architectures such as TimeGAN, RCGAN
(Recurrent Conditional Recurrent Generative Adversarial Network), and GMMN (Generative Mo-
ment Matching Network) in capturing long-term dynamics and heavy-tailed behavior [90, 86].

This makes it particularly suitable for financial forecasting and stress testing.

2.2.2.3 Training challenges

Nevertheless, achieving the impressive performance of GANs is a complex undertaking. The
training process of GANSs is notably unstable, demanding a meticulous choice of architecture,
loss functions, and training strategies to ensure stability [8]. Challenges encompass issues such
as insufficient variation in simulated outputs (referred to as “mode collapse’), non-convergence
during training, and the inadequacy of training losses as a reliable metric for evaluating GAN
output quality.

Mode collapse in GAN training arises from two main factors: discriminator overfitting, where
it becomes too adept at identifying generated samples, leading to a reduction in the diversity of
generated outputs; and vanishing discriminator gradients, where weak gradients from the discrimi-
nator cause learning stagnation for the generator. Convergence does not guarantee training success
if mode collapse occurs. Non-convergence in the adversarial training of conventional GANs of-
ten indicates failure, potentially caused by oscillatory behaviour and non-convexity of the joint
loss function, resulting in unstable representations of the generative distribution. Underfitting or
vanishing discriminator gradients can also contribute to non-convergence. Strategies to address
those issues includes: regularisation through discriminator learning from stochastically corrupted
inputs [8], by introducing noise to the real and generated samples presented to the discriminator;
loss function reshaping such as weight regularisation, to prevent overconfidence in the discrim-
inator [119]; utilisation of alternative loss functions like Wasserstein loss (WGAN) to enhance
stability [9]; application of gradient penalties in the discriminator learning process (WGAN-GP)
to encourage it to produce gradients of a specific magnitude and prevent overfitting [57]; em-
ploying a quantile regression loss function to implicitly guide the generator learning the inverse
of a cumulative density function [109]; reformulating the objective function using Mean Squared
Error (MSE) to minimise the y2-distance [100], and considering the discriminator as an energy
function that assigns low energy values to high-density regions, directing the generator to sample

from these areas [166].
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2.2.2.4 Evaluation challenges

Evaluating GAN-generated time series data, particularly financial time series data, remains an
open challenge due to the temporal nature of time series data and the lack of established evalua-
tion metrics [15, 16]. Traditional GAN metrics, such as Inception Score [121], Mode Score [60]
and Fréchet Inception Distance [65], are not directly applicable to time series data due to their
focus on image-related tasks. To address this challenge, several approaches have been proposed.
Some studies covert time series data into images and apply traditional GAN metrics [62, 152],
however, as [142] argued, the quality of a GAN should be evaluated based on its originally in-
tended purpose. Others develop metrics specifically tailored for time series data. TimeGAN [162]
introduces two novel metrics: the Discriminative Score and the Predictive Score. The Discrimina-
tive Score evaluates the ability of an external classifier to distinguish between real and synthetic
time series data, with the classification error serving as the corresponding metric. The Predictive
Score measures the predictive performance of a model trained on synthetic data when applied
to real data, with the metric being represented by the Mean Absolute Error (MAE). Another ap-
proach directly assesses the quality of the generated time series without using external classifiers.
Dimensionality reduction techniques [105, 70], such as t-distributed stochastic neighbour embed-
ding (t-SNE) and Principal Component Analysis (PCA), can be used to visualise and compare the
distributions of real and synthetic multivariate time series data, providing a qualitative assessment
of their similarity.

In the context of evaluating GANSs for financial time series, in addition to the methodologies

applied, especially for time series, three general approaches are commonly employed:

1. Stylised Facts Evaluation: This approach assesses the extent to which the generated fi-
nancial time series exhibits stylised facts [24, 25, 18], which are well-established heuristics
for the time series behaviour of financial asset returns. This evaluation approach was taken
by [135, 155] and by [84], for multivariate data.

2. Structural Time Series Modelling Evaluation: This approach compares the performance
of the generated financial time series data to the performance of structural time series mod-
elling benchmarks, such as Autoregressive Integrated Moving Average (ARIMA) [163],
Generalised Autoregressive Conditional Heteroscedasticity (GARCH) [14], Vector Autore-
gressive (VAR) and Vector Error Correction Models (VECM) [41] for multivariate data.
These evaluation approaches were explored by [135, 155, 84, 29, 47, 129, 46].

3. ’Train on Real, Test on Synthetic’ Cross-Validation Evaluation: This approach [42, 29]
involves training a generative model on a portion of training data to produce synthetic data
to augment a validation set. Two separate classifiers are then trained, one on the original
validation set and another on an augmented validation set. If the classifier performance
improves due to augmentation, the model is considered to generate data with the same dis-

tribution as real data.
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The assessment of GAN-generated time-series data, especially within the realm of financial
time series, continues to be a subject of ongoing research. A holistic evaluation, incorporating
diverse methodologies such as traditional GAN metrics, domain-specific metrics, and similarity

measurements, proves essential for a comprehension and effective appraisal of the generated data.

2.3 Stress Testing

Stress testing is a systematic approach for evaluating the reliability and robustness of machine
learning (ML) models in the presence of atypical or adverse conditions [28]. In high-stakes do-
mains such as finance, models are susceptible to performance degradation due to distributional
shifts, data irregularities, or misaligned inductive biases. Traditional evaluation metrics often ob-
scure such vulnerabilities. Stress testing addresses this by examining model behavior beyond
standard training distributions, offering diagnostic insights into generalization capacity and failure
modes, thereby supporting more reliable and responsible ML deployment [131].

Recent advancements in stress testing encompass methodologies like Instance Space Anal-
ysis (ISA), which enable a more detailed assessment of model performance by examining be-
havior across diverse input conditions through techniques such as dimensionality reduction and
footprint estimation [132]. Due to the impracticality of comprehensive testing across all input
scenarios [131], the literature recommends employing synthetic test instances with controllable
properties. This enables systematic and scalable stress testing, allowing for the identification of
model weaknesses and enhancing reliability in real-world applications.

One notable contribution in this space is the Generative Adversarial Stress Testing Network
(GASTeN), proposed by Cunha et al. [27, 140], which adapts generative adversarial networks
(GANS) to synthesize input samples that are simultaneously realistic and challenging for a given
classifier. Specifically, GASTeN extends the conventional GAN framework by integrating a target
classifier into the training loop of the generator. This enables the generation of samples that
maximize classifier uncertainty (i.e., examples associated with low-confidence predictions) while

preserving data plausibility. The architecture of the GASTeN framework is depicted in Figure 2.2.

real/ {pPGAN

Figure 2.2: GASTeN architecture [27]
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To operationalize this, GASTeN augments the generator loss function with a confusion dis-
tance term, measuring the divergence of prediction probabilities from the decision boundary (e.g.,
0.5 in binary classification). This term incentivizes the generator to synthesize samples located
near the model’s decision boundary, effectively probing the frontier of classification competence.
The framework is empirically validated on benchmark datasets (e.g., MNIST, FashionMNIST),
and evaluated using metrics such as Fréchet Inception Distance (FID) for sample realism and Av-
erage Confusion Distance (ACD) for classifier uncertainty. However, the authors identify several
limitations, including the instability of GAN training, misalignment between valuation metrics
(e.g., FID and ACD), and the necessity of post-processing filtering to isolate stress-inducing sam-
ples.

The rationale behind GASTeN stems from the inadequacy of traditional evaluation metrics to
capture model reliability under distributional shifts or edge-case scenarios. By systematically gen-
erating and analyzing samples in regions of high epistemic uncertainty, stress testing frameworks
like GASTeN contribute to the diagnostic assessment of ML models, supporting more transparent
deployment in high-stakes domains. Furthermore, stress testing aligns with the emerging paradigm
of responsible Al by facilitating the development of model cards [103]—structured documenta-
tion that communicates model performance across diverse conditions. In parallel, the increasing
complexity of ML pipelines has prompted parallel efforts in model and data debugging [131], as
even subtle data errors or inductive biases can lead to silent failures in production systems. Stress
testing addresses this challenge by exposing brittle regions of the input space and highlighting the
conditions under which model generalization deteriorates.

In general, GASTeN represents a foundational step toward scalable, data-driven stress testing
and provides a framework that could be extended to domains beyond computer vision, including,

as in the present work, for financial time series.

2.4 Summary

This chapter consolidated the theoretical and methodological groundwork for the research, offer-
ing a structured overview of the essential components relevant to forecasting financial time series
under uncertainty. It began in 2.1 by characterizing financial time series and the complexities in-
herent in forecasting tasks of varying granularity and horizon. A review of classical and modern
supervised learning approaches was provided in 2.1.4, with emphasis on the limitations of tradi-
tional statistical techniques and the advantages introduced by nonlinear machine learning models.
Evaluation metrics for point forecasts were introduced in 2.1.5, followed by an exploration of
uncertainty quantification techniques in 2.1.6, including the role of conformal prediction in pro-
viding calibrated prediction intervals. The chapter 2.2.2 then examined generative adversarial
networks (GANs) and their potential for generating realistic sequential data in financial contexts.
Finally, stress testing methodologies were presented in 2.3 as critical tools for assessing model
robustness under atypical conditions, culminating in a review of the GASTeN framework, which

serves as a conceptual foundation for the generative stress testing methodology proposed in this
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work. Together, these elements establish the conceptual and methodological landscape necessary

for developing and evaluating the GASTeF framework introduced in the subsequent chapters.



Chapter 3

GASTeF: Generative Adversarial Stress
Testing for Forecasting

This chapter formalizes the research problem and presents the proposed methodological frame-
work. Section 3.1 refines the problem formulation introduced in Chapter 1, providing additional
context and motivation. Section 3.2 introduces and details the proposed generative architecture,

GASTeF, outlining its key components and underlying design rationale.

3.1 Problem Statement

This work proposes a stress testing framework for financial time series forecasting models, lever-
aging a generative adversarial architecture built on top of the SigCWGAN [90]. The objective is
to generate synthetic, yet statistically credible, input sequences that induce high predictive uncer-
tainty or elevated forecasting error in a target model, thereby enabling a systematic stress testing
framework for model robustness assessment.

The proposed methodology is guided by the following design desiderata:

» D1: Statistical plausibility: Generated sequences should preserve the temporal and distri-

butional characteristics of real financial data to ensure realistic stress scenarios.

e D2: Uncertainty-driven generation: The generator is explicitly optimized to generate
financial time series sequences that correspond to low-confidence or high-error forecasts

from a pre-trained forecasting model, enhancing its utility for the model’s stress testing.

* D3: Flexible stress criteria: The loss formulation supports modular integration of differ-
ent uncertainty or error metrics, enabling tailored stress definitions aligned with specific

evaluation objectives.

3.1.1 Scope and Application Domain

The methodological scope is defined as follows:

21
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* Domain: Multi-step forecasting of daily asset returns across a set of N financial instru-
ments, each represented by its historical price time series. This domain is selected due to
its high economic relevance, inherent volatility, and the presence of structural breaks and
stress episodes. Sector ETFs offer a diversified yet interdependent representation of market
behavior, capturing both broad systemic movements and sector-specific dynamics. These
characteristics provide a rich and realistic testing ground for assessing the robustness and
generalization capacity of forecasting models under heterogeneous and regime-shifting con-

ditions.

Generative Task: The generator is trained to produce future return sequences that (i) con-
form to the statistical properties of the real data and (ii) induce high predictive uncertainty

or error in the target forecaster.

Forecasting Setting: The forecasting model is pre-trained in a supervised learning setup
and held fixed during the generator’s training. Forecasting targets consist of multi-step-

ahead return vectors for all N assets, conditioned on a historical window of equal length.

Evaluation Criteria: Effectiveness is assessed using uncertainty quantification metrics,

degradation of predictive performance, and qualitative inspection of generated stress sce-

narios.

Furthermore, the framework relies on model-derived uncertainty estimates and does not re-

quire access to ground-truth prediction intervals.

By applying GASTeF in this setting, we aim to simulate realistic stress scenarios that challenge

model generalization and predictive reliability, thereby offering actionable insights for model vali-

dation, risk management, and the development of more resilient decision-support systems in quan-

titative finance.

3.1.2 Research Hypothesis

This work is guided by the following research hypothesis:

Adding an additional uncertainty term into the SigCWGAN [90] generator loss func-
tion enables the generation of statistically plausible financial time series that induce
higher predictive uncertainty and/or elevated error rates in a pre-trained forecasting

model, while preserving the statistical fidelity of the generated data.

This hypothesis asserts that incorporating an uncertainty-aware loss into the generator’s objec-

tive enables the synthesis of statistically plausible input sequences that expose regions where the

forecasting model exhibits low confidence or increased error. The approach leverages the stability

and temporal consistency of SigCWGAN while maintaining architectural simplicity to support

scalable stress testing of multistep forecasting models in financial domains.
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3.2 GASTeF

This section presents the proposed GASTeF architecture.

3.2.1 Base Architecture: SigCWGAN

At the core of GASTeF lies the SigCWGAN framework [90], which leverages rough path the-
ory [22, 23] and Wasserstein geometry to enable efficient and distributionally consistent generation
of high-dimensional, non-stationary sequences. This subsection reviews the essential mechanisms
of SigCWGAN [90] to contextualize the architectural and objective-driven extensions introduced
in GASTeF.

The SigCWGAN proposed by Ni et al. [90], presents a generative framework tailored for high-
dimensional, sequential, multivariate financial time series data. These data are characterized by
non-stationarity, volatility clustering, fat tails, and latent data-generating processes, which ren-
der both classical parametric simulation (e.g., Monte Carlo methods) and resampling techniques
insufficient for realistic and robust scenario generation [123]. Although parametric Monte Carlo
methods remain prevalent for applications such as volatility estimation and derivative pricing, they
are constrained by model specification risk, limiting their robustness under unforeseen or out-of-
distribution scenarios [123]. SigCWGAN addresses these limitations through a signature-based
metric and an autoregressive generative architecture that jointly preserves temporal structure and

statistical and distributional fidelity without relying on adversarial neural discriminators.

Signature Representation of Time Series. At the core of SigCWGAN lies the use of the sig-
nature transform from rough path theory, which provides a universal and unique representation of
continuous paths [22, 23].

Formally, let Q(J,R'*%) denote the space of time-augmented continuous paths, i.e.,
QR = {z - (t,x) | x € %(J,IR{")} ,

where J C R is a compact time interval and x, is a continuous, bounded-variation path in R¢,
with d representing the number of dimensions (e.g., asset returns). The augmentation with time
ensures that the path is uniquely identified up to reparameterization, a crucial property for learning
meaningful signatures of sequential data.

The signature of a path x € €' (J,R?) over interval [s,] C J is the infinite sequence of iterated

t t u
Sig(x)y == (1, [as [ [ dnn@dn, ) e T((RY)),

where T ((R?)) is the tensor algebra over R,

integrals:

In practice, we truncate the series at level M, yielding the truncated signature of order M,
denoted Sig,, (x) € RPx:
dM-H -1

f ‘
Dy=Yd="""
P d—1
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where, d represents the input channel dimension, M is the truncation depth, and Dy, denotes the
total number of terms in the truncated signature, corresponding to the output dimensionality. This
formula applies specifically to the implementation in the signatory package, which computes
the full tensor signature without quotienting by the shuffle relations.

Example for M = 2:

t t ru
Sig, (x) = (1, / dx,, / / ldxuz®a’xu, )
N S S

Level 1 Level 2

This transformation satisfies two essential properties:

» Universality: Any continuous functional on path space can be approximated arbitrarily well

by a linear functional of the signature [87].

* Uniqueness: The signature uniquely identifies the path up to tree-like equivalence, which

in time-augmented paths corresponds to reparameterization invariance [61, 13].

Signature Wasserstein-1 Metric. To compare conditional distributions of real and synthetic
future time series, SigCWGAN minimizes the distance between their expected signature repre-
sentations. Specifically, for a given path segment x;_, 1., € R” *d (the conditioning window),
let X; 11144 € RY *d denote the corresponding future window. The truncated signature transform
of degree M applied to a path x € R™*¢ is denoted Sig,,(x) € RP¥, where Dy = YV d* is the
dimension of the signature space.

To estimate the conditional expectation E, [Sigy;, (X/+1:114) | Sigyy, (X—p11:)], we follow [90]

and fit a linear projection L € RP *PMy ysing ridge-regularized least squares:
- . . . 2
L= argmLmZ H31gM2 (Xt4-1:149) — L Sigyy, (Xt—pt1:1) H2 +A|L|E, G.D
t

where:
* X; 41 1s the standardized historical (conditioning) window of p time steps;
* X;11:44¢ 18 the standardized real future trajectory over g steps;

* Sigyy, (+) and Sigy,, () denote the truncated signature transforms of order M and M», applied

to past and future segments, respectively;

* A > 0is a regularization hyperparameter;

|| - |2 denotes the Euclidean norm;

|| - || is the Frobenius norm.

This yields a fixed operator L that estimates the conditional expected signature of real future

trajectories.



3.2 GASTeF 25

During training, the generator G receives the past window x;_, 1., and noise z ~ .4#(0,1) to

<)

t+1:t+q°
the generated futures is estimated via Monte Carlo sampling (MC):

produce synthetic future samples X For each training instance, the expected signature of

1 Mmc
Ey V(0 Xi—pi1: r)[SIgMz (XH‘I H“i r Z lgMz H—l t-l-q) (32)

where v(60,X,_ 1) denotes the generator’s conditional distribution.
The final loss is the Signature Wasserstein-1 distance (Sig-W;), computed as the empirical

average of deviations between real and synthetic conditional expectations:

N . .
"E’ﬂs(lg Wl ZHL Slng tl)p-HI) EV[SlgMz( t(-zlt-i-q)]Hz (3.3)

where:
* N is the number of training instances (e.g., batch size or number of available windows);

* i indexes the individual samples within the batch;

(@)

prl € RP*4 s the standardized conditioning window (past context) for sample i;

* X

o [ € RPm>*Dwy jg a fixed linear projection matrix estimating the conditional expectation of

the future signature given the past.

This metric-based formulation eliminates the need for a neural critic, improves stability, and
aligns the conditional laws of generated and real paths in signature space. It aligns with the
method introduced in [90], where signature-based metrics are used to align conditional laws of

path distributions.

Conditional Autoregressive Generator. The generator Gg in SigCWGAN is implemented as
a Conditional Autoregressive Feed-Forward Neural Network (AR-FNN) [90], designed to recur-
sively generate future trajectories conditioned on past observations. Given a historical window

pxd

Xi—pt1x € R and a stochastic noise vector z, ~ .47(0,I), the generator produces a forecasted

path X;(+)1 t1q € R9*4 as

)10y = Go(Xiprini). (3.4)

Architecturally, Gg is implemented using a residual multi-layer perceptron (MLP). At each au-
toregressive step s = 1,..., g, the generator concatenates the latent noise z; € R with the flattened
conditioning history X;_,11; € R? “d and feeds the result into a residual feed-forward network.
This network consists of a sequence of residual blocks, each comprising a linear transformation
followed by a PReLU (Parametric Rectified Linear Unit) activation and optional residual skip
connection (when input and output dimensions match). The output X, is then appended to the

history, and the process is repeated recursively for g steps.
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This autoregressive generation scheme enables the model to capture temporal dependencies
across multiple future time steps, while the residual architecture enhances gradient flow and stabil-
ity during training. The generator outputs a full sequence X, 1,11, of predicted returns, conditioned

both on historical context and noise, supporting stochastic sampling for distributional forecasting.

Training Procedure.  In contrast to conventional GAN architectures that rely on a learned
adversarial critic, SigCWGAN employs a metric-based training objective grounded in pathwise
signature features. Specifically, the generator Gy is trained to minimize the discrepancy between
the expected signatures of real and generated future trajectories, conditioned on the same historical
context. This approach leverages the expressive power and time-reparameterization invariance of
the signature transform mentioned previously, enabling robust modeling of sequential structure
and long-range dependencies.

The training objective is defined via the Signature Wasserstein-1 distance:
26 = Lsigwi1(0), (3.5

where Zsio.w1(0) quantifies the expected />-distance between the future signature predicted by
a linear estimator L - Sigyy, (X—p+12) and the empirical expected signature of samples generated
from Gg. The conditional expectation is estimated via Monte Carlo sampling of synthetic futures,
as described in Algorithm 1 (adapted from [90]).
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Algorithm 1 Training Procedure of SigCWGAN (adapted from [90])
Input: Standardized time series X € R”*¢, signature orders My, M,, window lengths of past

pathp and future path ¢, learning rate 7, batch size B, number of epochs N, and number of Monte
Carlo samples Nyic.
Output: Generator parameters 0

Preprocessing:
1: Segment X into windows: X, 1, and X, 41./44
2: Compute Sigy, (Xi—pr1:1) and Sigy;, (Xiy1:4¢)
3: Fit regression map L from past to future signatures
Training Loop:
1: forepochi=1,...,N do
2 for each minibatch & = {t,,...,13} do
3 Initialize loss .Z%(0) < 0
4: for eacht € # do
5 Sample Nyc futures: Xz@l:wq ~Go(Xi—pt14)
6

Compute empirical mean of future signatures:

Nymc

: 1 )
E[SlgMz] = NiMc Z’l SlgMz (Xt+1:z+q)
7: Accumulate loss:
N . — . 2
Zp(0) += ||L-Sigy, (Xi—p11:1) — E[Sigy, ]|

8: end for

9: Update parameters: 6 <— 0 — NV .Z%(0)
10: end for
11: end for

12: return 0

This framework eliminates the need for a trainable neural discriminator, thereby improv-
ing training stability and computational efficiency. By aligning conditional expected signatures,
SigCWGAN directly matches the statistical properties of real and synthetic paths in feature space,
preserving both distributional structure and temporal dynamics [90, 86]. Its use of signature fea-
tures—grounded in rough path theory—provides a mathematically rigorous similarity measure
that is invariant to time reparameterizations and capable of capturing higher-order temporal de-
pendencies [22, 78].In addition, SigCWGAN offers scalability to high-dimensional, multivariate
time series and supports long-range forecasting.

In summary, SigCWGAN offers a robust and theoretically grounded framework for learning

conditional distributions over future trajectories in time series data. This makes it particularly suit-
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able for applications in financial forecasting and stress testing, where preserving temporal structure
and tail behavior is essential. The entire SigCWGAN pipeline is implemented in PyTorch, with

efficient signature computation provided by the signatory library [78].!

3.2.2 Uncertainty-Aware Extension in GASTeF

To adapt this architecture for stress testing a given forecasting model, we extend the base SigCW-
GAN model into a framework denoted GASTeF. Figure 3.1 provides a schematic overview of the
GASTeF architecture.
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Figure 3.1: Overview of the GASTeF architecture. The generator (G) produces synthetic futures
that are evaluated by a discriminator (D) for realism and by a fixed probabilistic forecaster (F)
for predictive behavior. Dashed arrows denote loss signals aggregated in the generator objective
(signature Wasserstein, uncertainty-aware term, and auxiliary components).

The extensions are structured along three axes: (i) a probabilistic forecasting model, (ii) an

uncertainty-aware loss function, and (iii) a modified training procedure.

Probabilistic Forecasting Model. To evaluate the robustness of forecasting predictions under
adversarial stress scenarios, GASTeF integrates a pre-trained probabilistic forecasting model fy to
predict conditional prediction intervals of future trajectories. By incorporating the outputs of fy
into the generator’s loss function, the GAN is guided to produce synthetic stress scenarios that de-
liberately perturb the input distribution of the forecasting model, enabling a systematic assessment
of how predictive confidence and performance deteriorate under adverse or distributionally shifted

conditions.

!For reproducibility and implementation details, we refer the reader to the official repository: https://github.
com/SigCGANs/Conditional-Sig-Wasserstein—GANs.


https://github.com/SigCGANs/Conditional-Sig-Wasserstein-GANs
https://github.com/SigCGANs/Conditional-Sig-Wasserstein-GANs

3.2 GASTeF 29

(i)

t1+q € RY *d " the model produces lower and upper

Formally, for a generated sequence X

predictive bounds:
O3] = fo8 ), (36)

where f; is implemented as a two-headed feed-forward neural network trained via quantile regres-
sion. The training objective minimizes the pinball loss at a confidence level o € (0, 1), resulting

in an estimated prediction interval:

Luantite = E [Poja (YY) +P1—ap (y —¥)] , (3.7)

where p, (1) = max{(q — 1)u, qu} is the standard asymmetric quantile (pinball) loss.

This formulation avoids distributional assumptions such as as the Gaussian distribution, which
often fail in financial contexts where return distributions exhibit heavy tails and skewness. In addi-
tion, each bound is estimated independently, allowing the model to capture asymmetric uncertainty
patterns, an essential property for identifying directional vulnerabilities and tail risks under syn-
thetic stress scenarios. Once trained, f is held fixed and used solely to evaluate the uncertainty of
generated sequences.

This design allows GASTeF to stress test the forecasting model by actively generating inputs
that yield wider predictive intervals or challenge the model’s predictive confidence, thereby ex-

posing vulnerabilities in the model’s generalization to distributional shifts or rare scenarios.

Uncertainty-Aware Loss Function. To enable stress testing of predictive models, we incorpo-
rate an auxiliary loss term that encourages the generator to produce samples which elicit high

epistemic uncertainty from a fixed probabilistic forecasting model. Given a generated trajectory

()
Xt+1:t+q

tion intervals:

€ R9*4, we pass it through a frozen pre-trained forecasting model fo that outputs predic-

05 = fo (%) (38)

The auxiliary uncertainty-aware term is designed to reward the generator when the forecasting

model exhibits wide prediction intervals:

ﬂlncenainty =2 'Ei [Hy(l) _X(i)

J : (3.9)

where A > 0 is a tunable hyperparameter that controls the influence of uncertainty. This term does
not penalize uncertainty, but rather incentivizes the generation of inputs that lead to increased
predictive dispersion.

To balance the contribution of this term with respect to the main signature matching loss

ZLsig-wi, we apply a normalization factor:

. 0

o%mcenainty =2 m -E; [HYU) - X(i)

J , (3.10)

where & is a predefined baseline signature loss and € < 1 ensures numerical stability.
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Additionally, to prevent the generator from trivially increasing uncertainty by deviating from

the data distribution realism, we include a penalty term:

Lenalty = A% - k- max <o,°2ﬂSi§‘W‘—1>, (3.11)
where k¥ > 0 penalizes synthetic sequences whose signatures fall below the baseline plausibility
threshold. The inclusion of A? in the penalty formulation causes the regularization strength to
increase more rapidly as the uncertainty emphasis grows. This promotes training stability by
discouraging the generator from producing excessive deviations from the true data distribution,
even under high stress-test scenarios.

The total generator objective is thus composed of three components:

1. The signature matching loss Zs;o.wi, which aligns the expected pathwise signature of
generated sequences with those of real data using the Wasserstein-1 metric in signature

space.

2. The uncertainty-aware reward %, cerainty, Which encourages the generation of inputs that
induce large predictive intervals from the forecasting model, signaling epistemic uncer-

tainty.

3. A distributional plausibility penalty .Z}cnairy, Which regularizes the generator by penaliz-
ing unrealistic trajectories whose signature statistics deviate excessively from the empirical

baseline.

Formally, the full generator objective in GASTeF is given by:

ZGASTeF = gSig—Wl - guncertainty + e%enalty- (3- 12)

This revised training objective balances three competing goals: (i) preserving distributional
fidelity via the signature matching loss, (ii) discovering high-uncertainty input regions that expose
forecasting vulnerabilities, and (iii) maintaining training stability through penalized divergence.
Overall, the generation of statistically realistic but structurally adverse scenarios that maximize
epistemic uncertainty in the predictive model aligns with the goals of stress testing. It enables the
construction of adversarial-but-realistic scenarios useful for risk evaluation and stress testing in

financial forecasting systems.

GASTeF Training Procedure. To enable the adversarial generation of stress-testing scenarios,
we extend the baseline SigCWGAN optimization loop (see Algorithm 1) by incorporating an
uncertainty-aware regularizer into the generator’s training objective. This extension drives the
generator to produce trajectories that are both statistically consistent with historical data and diag-
nostically informative, in the sense that they elicit heightened epistemic uncertainty or predictive

degradation from a downstream forecasting model.
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The forecasting model f, which is used solely for uncertainty quantification during GAN
training, is implemented as a quantile-based predictor trained to estimate prediction intervals at a
given confidence level 1 — . The model is pretrained independently on real data using the pinball
loss (see Algorithm 2), capturing distributional asymmetries and heavy-tailed behavior without
relying on parametric assumptions (e.g., Gaussian distributions). Once trained, the forecasting
model remains frozen and non-trainable during generator training, thereby serving as a diagnostic

tool to assess the epistemic uncertainty elicited by synthetic sequences.

Algorithm 2 Pretraining Procedure of the Probabilistic Forecasting Model
(i)

t+1:t+q
number of epochs N, forecasting model f, with outputs [y, y]

Input: Real future trajectories X € R7*4_ confidence level o € (0,1), learning rate 7,

Output: Trained parameters ¢ of forecasting model
Training Loop:
1: forepoche=1,...,N do
for each minibatch 4 = {X(1) ... X(®)} do
Flatten each X)) € R7%? to a vector y() € R%?

2
3
4: Forward pass through model: [y(i),y(i>] = fo (y<i))
5

Compute quantile targets:

B
Luaniite = Y, P2 (" —yD)+ pl—a/2(y(l) —y)
i=1

where p, (1) =max((g—1)-u,q-u)
Backpropagate and update parameters: ¢ <— ¢ — 1NV y - Zquantile

6

7: end for
8: end for

9

: Freeze model parameters ¢ for downstream GASTeF training
10: return ¢

Algorithm 3 outlines the complete training procedure of the GASTeF model. It extends the
baseline SigCWGAN loop (cf. Algorithm 1) by introducing an uncertainty-aware loss and a
plausibility-preserving penalty to guide adversarial scenario generation for stress testing.

The training process is structured in two main phases: (i) preprocessing and model initializa-
tion, and (ii) adversarial generator training.

In the preprocessing stage (lines 1-4), the standardized time series X € R”*¢ is segmented
into overlapping input-output windows of length p (past) and ¢ (future). Signature transforms of
both segments are computed using truncation orders M; and M, respectively. A linear regression
map L is then fitted to predict future signatures from past ones. Simultaneously, the probabilistic
forecasting model fy is pretrained using quantile regression on real data (Algorithm 2) and remains

frozen during generator training.
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In the main training loop (lines 5-22), the generator Gy is optimized to minimize the GASTeF

objective, which balances three components:

* Signature matching loss: At each timestep ¢ € 4, the generator produces NMyc future

samples XI(J{)” g

signature L - Sigy, (Xi—p+1:) to compute the primary loss Z&ig.w1.

The expected future signature E[Sigy, | is compared against the target

* Uncertainty-aware reward: Each generated trajectory is passed through the fixed fore-
casting model fj, which returns interval bounds [X(j) ,¥]. The L1-width of the prediction
interval is scaled by A - 8 /(Zsig-w1 + €), forming the normalized reward term Zncertainty-

This term promotes the generation of trajectories that elicit high epistemic uncertainty.

* Plausibility penalty: To discourage the generator from deviating too far from realistic data
regimes, a penalty is imposed when Zs;e.w1 > 8. This term is weighted by A2 - k, ensuring

greater regularization pressure at higher uncertainty weights.

The total generator loss is then computed as:

ZGASTeF = fSig—Wl - funcertainty + %enaltya

which is minimized with respect to 6 using gradient descent (line 21). The subtraction of the
uncertainty reward reflects the objective of generating diagnostically informative sequences that
maximize model stress.

This formulation enables GASTeF to synthesize statistically realistic yet adversarial trajec-
tories that expose vulnerabilities in fixed forecasting pipelines, making it a principled tool for

scenario-based financial stress testing.
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Algorithm 3 Training Procedure of GASTeF

Input: Standardized time series X € R7*¢, signature orders M, M, window lengths p, g,

learning rate 1, batch size B, number of epochs N, Monte Carlo samples Nyic, baseline signature

loss 0, uncertainty weight A, penalty coefficient k, pretrained probabilistic forecasting model fj.

10:

11:

13:

14:

15:
16:
17:

Output: Trained generator parameters 6
Preprocessing:
Segment X into windows: X, 1, and X, 41./44
Compute Sigy;, (X~ p+1:)» Sigyy, Kit1:044)
Fit regression map L from past to future signatures
Pretrain forecasting model fy on real data (see Algorithm 2)
Training Loop:
for epochi=1,...,N do
for minibatch = {11,...,13} do
Initialize loss terms: Zig-w1 < 0, Luncertainty < 05 Lpenalty < 0
for eacht € # do
Sample Nyc futures: )?,(i)m g™ Go(Xi—pt14)

Compute empirical mean of future signatures:

Nymc

: 1 NG
E[Sigy,] = Nrc ng Sigyy, (Xz+1:t+q)
Accumulate signature matching loss:

Lsigwi += ||L-Sigy, (Xi—p+1:) — E[Sigy,] Hz

for each synthetic future ’A‘fi)l:z +qdo

Flatten and pass through f, to obtain intervals | (), 3]

Accumulate uncertainty-aware loss:

A-8

ZLuncertaint =
Y
ozSig—W 1+ €

.Hyw _X(j)Hl

end for
end for

Combine total generator loss:
Lonster = Lsig-W1 — Luncertainty T Lpenalty
Update generator parameters:
0 < 0 —NVoLonster

end for
end for

return 0
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3.3 Summary

This chapter introduced GASTeF, a generative adversarial framework for stress testing multivari-
ate financial time series forecasting models. The problem was formally defined in section 3.1 as
the generation of statistically realistic input sequences that systematically induce high epistemic
uncertainty or elevated forecast error in a fixed predictive model. To this end, the framework
builds upon the Conditional Signature Wasserstein GAN (SigCWGAN) [90] and extends it with
an uncertainty-aware loss component that promotes the generation of diagnostically informative
stress scenarios. A probabilistic forecasting model, implemented as a quantile regressor, is pre-
trained on real data and integrated into the generator’s training loop as a frozen diagnostic mech-
anism. The complete training procedure, including signature matching, uncertainty amplification,
and plausibility regularization, was formalized and described in algorithmic detail in section 3.2.
This approach enables targeted exploration of forecasting model vulnerabilities under adverse yet
statistically credible conditions, supporting systematic validation, robustness analysis, and risk-

aware model deployment in financial time series applications.



Chapter 4
Experimental Setup and Results

This chapter presents the empirical evaluation of the proposed GASTeF framework, detailing both
the experimental setup and the resulting analysis. The objective is to assess the framework’s abil-
ity to generate statistically plausible yet adversarial financial time series that expose weaknesses
in probabilistic forecasting models. Section 4.1 introduces the dataset of sector ETF returns, in-
cluding the input features, temporal partitioning scheme, and preprocessing pipeline. Section 4.2
outlines the experimental design, baseline configuration, hyperparameter settings, training proto-
col, and implementation environment. Section 4.3 defines the evaluation metrics used to measure
both the statistical fidelity of the generated data and the degradation in forecasting performance
under synthetic stress conditions. The subsequent subsections, 4.4.1 and 4.4.2, present the main
results: the first examines the statistical quality of generated sequences—covering marginal distri-
butional alignment, temporal dependencies, and structural coherence—while the second evaluates
the stress-testing effectiveness of GASTeF through predictive degradation and uncertainty analy-
sis. Finally, subsection 4.4.3 synthesizes these findings, highlighting the trade-off between data
realism and adversarial strength, and assessing the overall robustness and practical relevance of

the framework.

4.1 Dataset

4.1.1 Dataset description

This study utilizes a multivariate time series dataset comprising daily log returns from nine sector-
based Exchange-Traded Funds (ETFs), each representing a distinct economic sector within the
S&P 500 index. The raw price data were retrieved from Yahoo Finance [160], covering the period
from January 3, 2000, to December 31, 2023. The complete dataset spans over two decades,
encompassing various market regimes, including periods of expansion, recession, and systemic
stress. The presence of extreme events is not incidental but rather a desired feature of the data, as
it enables the assessment of the model’s ability to capture tail behavior and distributional shifts.
This is particularly relevant for the SigCWGAN framework, which explicitly addresses the known

limitations of generative models in replicating the tails of financial return distributions [90].

35
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The ETF tickers and their corresponding sector designations are listed in Table 4.1. Let X, € R?
denote the vector of daily log returns at time ¢, where d = 9 corresponds to the number of sector
ETFs included in the study.

Table 4.1: Constituent Sector ETFs of the S&P 500 used in the GASTeF Framework

Ticker Sector Name

XLE Energy

XLU Utilities

XLK Technology

XLB Materials

XLP Consumer Staples

XLY Consumer Discretionary
XLI Industrials

XLV Health Care

XLF Financials

4.1.2 Temporal Partitioning

To ensure a realistic and robust evaluation of the generative model, the dataset is partitioned using
a chronologically consistent, rolling window approach. Specifically, standardized log return se-
quences are segmented into fixed-length paths of length p 4 g (condition and prediction windows),
resulting in a tensor X € RV x(r+4)%d \here N denotes the number of non-overlapping samples
and d = 9 is the number of ETF sectors.

This collection of sequences is then split into training and testing subsets using a temporal

80/20 split:
Xtrain = XI:LO.Sva Xtest = XLO‘SNJJrl:Na (4-1)

ensuring that training samples precede test samples in time, thus avoiding data leakage and pre-
serving causal structure. This setup ensures the statistical integrity of evaluation under a realistic
stress-testing framework, particularly when evaluating time-dependent properties such as autocor-

relation, cross-correlation, and signature similarity.

4.1.3 Preprocessing Pipeline

Let P, € R? denote the adjusted closing price vector of d = 9 sector ETFs at time ¢, and define the

daily log return as:

X, = log(R) —log(P._1) =1og< i ) | 42)

1—1
The resulting log return matrix is denoted X,y € RT*4 where T is the total number of trading

days (time steps) and d = 9 is the number of sector ETF features.
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To normalize scale differences across time and variables, we apply a temporal standardization
step using StandardScalerTs, which computes the global mean and standard deviation over

all time steps and features:

1 T
H=77L

t=1j

1
T-d/

™=

d
Xt ]7 — Z X[j . (43)

HM%

1

The standardized log return series is given by X; ; = X ’67“ , yielding a matrix X € R7*4,
Following standardization, the data is segmented into rolling windows of length p + ¢, result-
ing in a tensor Xyindowed € RY x(p+a)xd where N is the number of extracted samples.

Each sample is structured as:
« Input (conditioning window): X, pila € RP*4_ the standardized past log returns;
* Target (prediction window): )?,+1;t+q € R9%4  the standardized future returns.

Overall, this setup supports conditional generative modeling by enabling the learning of map-
pings from short-term temporal contexts to plausible future sequences, while maintaining statisti-
cal coherence and facilitating efficient learning. It also provides a consistent interface for evalu-
ating forecasting models under standardized input conditions, enhancing both interpretability and

generalization of results.

4.2 GASTeF Experiments

This section outlines the experimental setup used to validate the GASTeF framework described in
Section 3.2. It includes a detailed description of the baseline model configuration (Section 4.2.1),
hyperparameter settings, training protocol, and implementation environment (Section 4.2.2), es-

tablishing the reproducible conditions under which the subsequent evaluation will be conducted.

4.2.1 Baseline Model

To rigorously quantify the incremental contribution of the uncertainty-aware regularization and
plausibility penalty in the GASTeF framework, we define a baseline model that preserves the
overall architecture, including the use of a fixed probabilistic forecasting model, but excludes
the uncertainty and penalty components from the generator’s training objective. Specifically, the
generator is optimized solely to align synthetic trajectories with the statistical properties of the real
data, as measured by the signature-based Wasserstein-1 distance. It is not explicitly incentivized
to induce predictive uncertainty or forecast degradation.
Formally, the generator in the baseline model is trained to minimize only the signature-based
loss:
Loaseline = Lsig-W15 4.4)

where Zs;;-w1 denotes the conditional signature Wasserstein-1 loss described in Section 3.2.
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The probabilistic forecasting model fy is independently pretrained on real data using quan-
tile regression and remains fixed throughout GAN training, consistent with the full GASTeF setup.
However, in this baseline configuration, fy plays no role in shaping the generator’s training dynam-
ics; it is employed solely at evaluation time to measure the predictive dispersion and performance
degradation caused by the generated sequences.

This setup functions as a control condition, isolating the effects of the proposed uncertainty-
aware regularization. Comparative evaluation across the baseline and GASTeF variants is con-

ducted along the following axes:

* Statistical plausibility: the degree to which generated trajectories preserve the temporal,

distributional, and structural properties of real financial data.

» Epistemic stress potential: the ability of generated samples to induce elevated predictive

uncertainty in the downstream forecasting model.

* Forecast performance degradation: the extent to which generated inputs degrade the ac-
curacy or reliability of the forecaster under synthetic stress conditions.

By benchmarking against this reduced variant, we empirically validate whether the integration
of uncertainty-aware loss terms enhances the adversarial stress-testing capability of the model,
without compromising generative fidelity. This baseline thus defines the lower bound of epis-
temic impact achievable under the GASTeF architecture in the absence of explicit stress-inducing

objectives.

4.2.2 Hyperparameter Settings and Training Protocol

All models were implemented in PyTorch (v2.0) and executed with CUDA acceleration (v11.8).
Experiments were conducted using a single random seed to ensure reproducibility. The training

protocol is organized into the following components:

Training Configuration:
» Optimizer: Adam optimizer with learning rate n = 1073
* Batch size: 200 samples per iteration
* Training epochs: 1,000 steps (no early stopping)

 Historical and prediction horizon: p = g = 3 days

Signature Feature Configuration:
* Signature depth: M; = M, = 2 (for past and future)

* Monte Carlo samples: Nyc = 1000 per forecast window
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Forecasting Model (Quantile Regressor):
* Training epochs: 100 (fixed)
* Learning rate: 1073
* Confidence levels: 1 — o € {85%,90%,95%}, i.e., & € {0.15,0.10,0.05}

* Loss function: Pinball loss applied independently at lower and upper quantiles

GASTeF-Specific Hyperparameters:
¢ Uncertainty loss weight: A € {0.0,0.01,0.02,0.03,0.04,0.05,0.06}
* Signature matching baseline: 6 = 0.5
¢ Penalty coefficient: k (fixed across runs, tuned via cross-validation)

Unless stated otherwise, these hyperparameter values are used consistently across all experi-
mental conditions to enable fair comparisons between the baseline and uncertainty-aware variants

of the GASTeF model.

4.3 Evaluation Metrics

This section presents the primary evaluation metrics employed to assess the performance of the

proposed approach.

4.3.1 Synthetic Time Series Quality

The selection of appropriate evaluation metrics for GANs remains an open research question, par-
ticularly in the context of time-series data [15, 16]. While most existing literature focuses on
evaluating GANs for image generation tasks [121, 60, 65, 62, 152], the assessment of synthetic
time-series data introduces unique challenges. Specifically, a comprehensive evaluation must ac-
count not only for the fidelity of the marginal (static) distributions but also for the preservation
of temporal dependencies and inter-variable dynamics intrinsic to the data-generating process. To
this end, we adopt a multifaceted evaluation framework designed to reflect three core desiderata
for high-quality generative models (diversity, fidelity, and usefulness), drawing inspiration from

the evaluation methodology proposed in TimeGAN [162]:

* Diversity: Reflects the extent to which generated samples capture the full variability of the
real data distribution. This is evaluated using statistical moment-based metrics, including
absolute histogram distance, skewness, and kurtosis, which collectively assess marginal

distributional alignment and tail behavior.
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* Fidelity: Measures the statistical indistinguishability of synthetic data from real data. It
is quantified via the discriminative score, alongside temporal and cross-sectional similarity

metrics such as lag-1 autocorrelation and inter-variable cross-correlation.

» Usefulness: Assesses the utility of synthetic data in downstream tasks, particularly fore-
casting. The predictive score evaluates whether models trained on real data generalize to
generated outputs, while the signature metric captures the preservation of complex sequen-

tial dynamics.

By jointly considering these aspects—diversity, fidelity, and usefulness—our evaluation strat-
egy provides a set of complementary metrics to evaluate the quality of the generated time series.
Each metric is formally defined and discussed as follows. The implementation of these metrics is
based on the evaluation framework proposed in SigCWGAN [90, 30].

* Discriminative Score: For a quantitative measure of similarity between real and generated
returns, we adopt a post-hoc time-series classification approach. Specifically, a two-layer
LSTM network is trained in a supervised setting to classify real versus generated sequences
by minimizing cross-entropy loss. Let Acceg be the accuracy on a held-out test set. The

discriminative score is computed as:

Discriminative Score = 0.5 — AcCiegt| - 4.5)

Interpretation: A lower score indicates greater indistinguishability between real and syn-

thetic returns, suggesting high distributional similarity.

* Predictive Score: To assess the model’s ability to preserve input-output relationships, we
compute a predictive consistency metric based on linear regression [162, 42]. Specifi-
cally, a linear regression model is trained on real input-output pairs (X;_,41.,X;11), where
Xi—py1x € RP*4 is a window of past p time steps of a d-dimensional time series, and
X; 11 € RY is the subsequent time step. The quality of this fit on real returns is evaluated
using the coefficient of determination, denoted as Ragyg, Which stands for Train on Real,
Test on Real. This value reflects the predictive power of a model trained and evaluated
on real returns. To evaluate whether the same input-output relationship is preserved in the
generated returns, the trained linear model is applied to synthetic outputs X, produced
by feeding real inputs X; 1, into the GAN generator. The resulting R? score is denoted
as R%STR, standing for Train on Synthetic, Test on Real, indicating that the model’s pre-
dictions on generated returns are being evaluated against the real underlying process. The
predictive score is then computed as the absolute difference between the two coefficients of

determination:

Predictive Score = |Rigrr — R%STR . (4.6)
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Interpretation: A lower predictive score suggests that the generative model has successfully
captured the underlying temporal structure and predictive relationships present in the real

returns, suggesting high temporal consistency.

* Absolute Histogram Distance: This metric compares the marginal distributions of real and
generated returns using the absolute difference between empirical histograms, and averaged
across all dimensions. For each dimension d, histograms are computed using a fixed number

of bins, and the loss is given by:

1 D
Absolute Histogram Distance = —
u istog D Z

i=1

PP, @.7)

where P; and P, are the normalized histograms of the real and generated returns in dimension

i, respectively. This metric reflects how well the model replicates the marginal distributions.

Interpretation: A lower value indicates that the model accurately reproduces the empirical

marginal distributions of the real time series, suggesting high distributional similarity.

* Autocorrelation at Lag 1: To assess whether the temporal dependencies are preserved, we
compute the absolute difference in the in lag-1 autocorrelation coefficients between real and
generated returns, averaged over all time series dimensions:

1 D
Autocorrelation at Lag 1 = D Z ‘pi(l) — f)i(l)
i=1

, (4.8)

) (

where pl.(1 and p; Y denote the lag-1 autocorrelations for dimension i in the real and gener-
ated returns, respectively. This metric is crucial for validating short-term temporal dynam-
ics.

Interpretation: A lower value suggests that the generative model has successfully captured

short-term temporal dependencies present in the real returns.

» Skewness Error: Skewness measures the asymmetry of a distribution. For each time series,
skewness is computed as:
E[(X —p)’
Skewness(X ) = — 57 (4.9)
where U is the mean and ¢ is the standard deviation. The metric reports the absolute differ-
ence in skewness between real and generated data, capturing asymmetries in return distri-

butions:

Skewness Error = |Skewness(X ) — Skewness(X)| . (4.10)

Interpretation: A low skewness error indicates that the GAN can accurately model asym-

metric properties of the return distributions.
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» Kurtosis Error: Kurtosis quantifies the "tailedness" of the distribution. The (excess) kur-
tosis is defined as: .
E[(X —p)7]

Kurtosis(X) = — ot 3. (4.11)

This metric compares the excess kurtosis of real and synthetic data:
Kurtosis Error = |Kurtosis(X ) — Kurtosis(X)] , (4.12)

which is critical for understanding how well the model captures heavy tails and extreme

events.

Interpretation: A smaller kurtosis error implies that the generative model captures the heavy

tails or extremal behavior typical of financial returns.

* Cross-Correlation: For multivariate time series, the model should preserve the interdepen-
dencies across dimensions. Let C and € be the empirical cross-correlation matrices of the
real and generated data, respectively. The metric measures the total deviation in off-diagonal
correlations:

Cross_correlation = Z Cij — Cij
i<j

(4.13)

)

where C;; denotes the lag-0 correlation between dimension i and j. This metric evaluates

the model’s ability to reproduce cross-sectional relationships.

Interpretation: A low cross-correlation error indicates that the model effectively reproduces
the inter-asset dependencies present in the original dataset, which is essential for multivari-

ate financial modeling.

* Signature Metric: The signature of a path, denoted by S(-), is a feature map from the space
of continuous paths into a tensor algebra, capturing the ordered structure and higher-order
interactions of the time series over a fixed window. It provides a faithful and compact repre-
sentation of sequential dynamics that is invariant to time reparameterization. In this metric,
we first compute truncated path signatures S(X;_,41./) and S(X;.;44) from real data over his-
torical and future time intervals, respectively. A linear map L is learned via regression to
approximate the mapping:

L:SX—pi1a) = SKrriq)- (4.14)

Next, the generator is conditioned on the real historical segment X;_ 1, to produce syn-
thetic future paths )A(,Hq. The signature of the generated sequence, S (X,Hq), is then com-
pared to the predicted signature ﬁ(S (X;— p+l:1‘)) using the ¢; norm. The final score is given
by:

Signature Metric = ||S(X:1+¢) — L(S(Xi—p+1)) I, (4.15)

Interpretation: A lower signature metric indicates that the generator produces future se-

quences whose path-level structure is consistent with those of the real data, as learned
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through the signature mapping. This suggests that the generative model preserves complex
sequential dependencies and temporal orderings beyond simple autocorrelation, making it
especially suitable for evaluating the fidelity of time series dynamics in financial applica-

tions.

4.3.2 Forecasting Performance Under Stress

In the context of stress testing, it is essential to evaluate not only the statistical fidelity of the
generated scenarios, but also their capacity to systematically uncover vulnerabilities in financial
forecasting models. This dual objective supports the advancement of more robust, uncertainty-
aware decision-making frameworks under adverse conditions. To this end, we assess the response
of a probabilistic regression model—trained to produce prediction intervals at a predefined con-
fidence level across multiple future time steps—when subjected to synthetic inputs designed to
simulate stress scenarios.

Let Xt+l:t+q € R7*4 denote the generated future time series over a prediction horizon of length
g, with d dimensions. Let the probabilistic regression model, when given X;_ p+1: s input, pro-
duce lower and upper prediction bounds X'oWer, xupper ¢ Raxd,
We evaluate forecasting performance under stress using three complementary metrics that

jointly capture the accuracy, calibration, and informativeness of the predicted intervals:

* Forecast Error: Quantifies the deviation between the predicted midpoint of the proba-
bilistic prediction interval and the corresponding generated future sequence. Let each gen-
erated future sample be flattened into a vector X; € RP, where D = ¢ - d, and let f(imid =
% (Xilower +Xiupper) € RP denote the predicted midpoint. The forecast error is then defined
as:

N
Forecast Error = % Y [[Xi— f(l,midHZ ’ (4.16)
i=1

where N is the number of generated samples. In practice, this corresponds to the MSE

between predicted and target vectors, as implemented using F .mse_1loss in PyTorch.

Interpretation: A lower forecast error indicates that the probabilistic regression model pro-
duces accurate point estimates for future trajectories under synthetic inputs. Elevated errors
may suggest that the generated scenarios contain stress features that meaningfully challenge

the forecasting model.

* Average Prediction Interval Width (APIW): Captures the mean width of the prediction
interval at a specified confidence level 1 — a, across all time steps, variables, and samples:

N g d
Average Prediction Interval Width o) = Z Z Z (Xluf };er - Xi{?zer) . (4.17)

N-qg-d
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Interpretation: Wider intervals indicate greater predictive uncertainty. When interpreted
together with coverage, this metric provides insight into the informativeness of the model’s

uncertainty quantification under stress.

* Empirical Coverage: Evaluates the proportion of generated future values that fall within

the predicted interval bounds:

1
N-q-d =

1

M=

IN

d
H[Xl"wef ., < Xovver] (4.18)

Coverage ) = it
1

L.

t=1j

where [[] is the indicator function.

Interpretation: Coverage quantifies how well-calibrated the prediction intervals are. For a
confidence level 1 — ¢, ideal calibration implies empirical coverage close to 1 — a.. Devia-
tions from this target indicate either overconfidence (under-coverage) or excessive conser-

vatism (over-coverage).

Collectively, these metrics offer a rigorous and multidimensional assessment of the forecast-
ing model’s robustness when subjected to synthetically generated stress scenarios. High predictive
accuracy, coupled with narrow and well-calibrated prediction intervals, indicates that the genera-
tive model exposes the forecasting system to plausible yet controlled perturbations. In contrast,
elevated forecast errors or excessively wide intervals signal that the generated scenarios effec-
tively challenge the model’s assumptions and reveal its vulnerabilities, fulfilling the fundamental

objective of stress testing.

4.4 Results and Discussion

This section presents the main empirical findings of the study, evaluating the performance of the
proposed GASTeF framework across different uncertainty regularization settings. The analysis
focuses on two complementary aspects: the statistical quality of the generated synthetic time
series and their effectiveness in inducing meaningful stress on the forecasting model. All extended
numerical results, training diagnostics, and distributional analyses supporting these findings are

reported in Appendix A.

4.4.1 Synthetic Time Series Quality

The experiments conducted across different values of the uncertainty regularization parameter
(A) and prediction confidence levels (o € {0.15,0.10,0.05}) provide a detailed view of how the
GASTeF framework balances statistical realism and stress-inducing capability. This subsection
summarizes the quantitative results, covering metrics of statistical fidelity, distributional struc-
ture, discriminative realism, predictive consistency, and pathwise similarity through the signature

Wasserstein distance. The baseline configuration (A = 0) for each confidence level serves as the
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control condition for assessing the incremental effects of uncertainty-aware regularization. The
complete numerical results for all configurations are reported in Appendix A.

At the baseline (A = 0), the generator produces synthetic financial returns that closely replicate
the empirical properties of real data, with moderate kurtosis error (= 1.97), slight positive skew-
ness error (== 0.44), and low histogram distance (= 0.01)(Figures 4.1-4.2). Increasing marginally
the uncertainty regularization term to (0.01 < A < 0.03) slightly alters these statistics while main-
taining overall plausibility. For instance, at A = 0.02 kurtosis error values range between 2.5
and 3.1 across all confidence levels, and the lag-1 autocorrelation remains close to 0.1, indicating

realistic persistence without over-smoothing.

Kurtosis vs Uncertainty (1)

Kurtosis

0.00 0.01 0.02 0.03 0.04 0.05
Uncertainty (A)

Confidence level:
—e— 0.05 0.10 —e— 0.15

Figure 4.1: Evolution of kurtosis error as a function of the uncertainty regularization parameter
(1) for different prediction confidence levels (o € {0.15,0.10,0.05}).
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Absolute Histogram Distance vs Uncertainty (1)

0.0200 A

0.0175 A

0.0150 ~

0.0125 A

0.0100 ~

Absolute Histogram Distance

0.0075 ~

0.00 0.01 0.02 0.03 0.04 0.05
Uncertainty (A)

Confidence level:
—o— 0.05 0.10 —e— 0.15

Figure 4.2: Evolution of the absolute histogram distance as a function of the uncertainty regular-
ization parameter () for different prediction confidence levels (a € {0.15,0.10,0.05}).

Cross-correlation distances (Figure 4.3) and histogram distances also remain almost unchanged,
confirming that inter-series relationships are largely preserved. In this scenario, the model achieves
a healthy balance between realism and stress generation: the outputs remain statistically coherent

while introducing subtle perturbations that challenge downstream forecasting models.

Cross-correlation vs Uncertainty (A)

Cross-correlation

0.00 0.01 0.02 0.03 0.04 0.05
Uncertainty (A)

Confidence level:
—o— 0.05 0.10 —e— 0.15

Figure 4.3: Evolution of cross-correlation distance as a function of the uncertainty regularization
parameter (1) for different prediction confidence levels (o« € {0.15,0.10,0.05}).
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However, as A increases beyond 0.05, fidelity begins to deteriorate. kurtosis and skewness er-
rors rise sharply (Figures 4.1 and 4.4), with some configurations (e.g., A = 0.06, & = 0.05) reach-
ing values of 10.43 and 3.77, respectively—far exceeding empirical norms. Cross-correlation
distances drop (Figure 4.3), implying that asset correlations strengthen under stress, a behavior
consistent with market downturns, where assets move more synchronously. These distortions indi-
cate that excessive uncertainty weighting drives the generator into over-regularization, producing
extreme and statistically implausible stress scenarios that no longer reflect meaningful financial

dynamics.

Skewness vs Uncertainty (A)

0.7 1 -e
» 0.6
wv
[
c
=
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0.00 0.01 0.02 0.03 0.04 0.05

Uncertainty (A)
Confidence level:
—e— 0.05 0.10 —e— 0.15

Figure 4.4: Evolution of skewness error as a function of the uncertainty regularization parameter
(A) for different prediction confidence levels (a € {0.15,0.10,0.05}).

The discriminative score, measuring how easily a classifier can distinguish synthetic data from
real samples, provides an intuitive view of realism (Figure 4.5). Across all confidence levels, the
baseline (A = 0) achieves a moderate score of about 0.31. As uncertainty regularization is intro-
duced, this score improves, reaching a minimum around 0.20-0.23 for A = 0.02-0.03, indicating
that the generated series have become harder to distinguish from real ones. This suggests that mild
uncertainty weighting actually enhances realism by encouraging the generator to explore under-
represented but plausible regions of the data distribution. Beyond this range, however, discrimi-
native performance worsens again, signaling that the synthetic sequences diverge from empirical

characteristics.



Experimental Setup and Results 48

Discriminative Score vs Uncertainty (A)

0.30 -

0.25 4

0.20 4

0.15 1

Discriminative Score

O.IOO 0.61 0.62 0.|03 0.|04 O.IO5
Uncertainty (A)
Confidence level:
—o— 0.05 0.10 —e— 0.15

Figure 4.5: Evolution of the discriminative score as a function of the uncertainty regularization
parameter (1) for different prediction confidence levels (a € {0.15,0.10,0.05}).

Predictive consistency shows a similar pattern (Figure 4.6). For small A, the gap between
Rigrg (trained on real, tested on synthetic) and Rgry (trained and tested on real) remains minimal,
confirming that the synthetic data preserve the functional relationships learned from the real data.
This is particularly important for stress-testing applications, as it demonstrates that the synthetic
series remain informative while modestly degrading the predictive model’s stability. At high A,
however, predictive coherence diminishes, and the generative process begins to overemphasize

uncertainty at the expense of meaningful structure.
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Figure 4.6: Evolution of the predictive score as a function of the uncertainty regularization param-
eter (A) for different prediction confidence levels (o € {0.15,0.10,0.05}).

The signature Wasserstein-1 (Sig-W1) metric (Figure 4.7) captures discrepancies in temporal
structure between real and synthetic trajectories. At baseline (A = 0), this metric stabilizes around
0.50 across all & levels, confirming that the generator accurately reproduces sequential dependen-
cies. For moderate uncertainty levels (A < 0.04), Sig-W1 remains stable (0.49-0.53), showing
that the generated paths retain realistic evolution patterns. Only at higher A values does the metric
begin to drift upward, reaching 0.68 at A = 0.06, & = 0.05, suggesting that structural coherence

weakens as uncertainty regularization dominates the training dynamics.
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Figure 4.7: Evolution of the signature Wasserstein-1 (Sig-W1) metric as a function of
the uncertainty regularization parameter (A) for different prediction confidence levels (a €
{0.15,0.10,0.05}).

Comparing across confidence levels reveals that the effects of uncertainty weighting are more
pronounced at lower « (i.e., tighter confidence intervals). For example, when o = 0.05, increases
in A produce larger deviations in kurtosis error, skewness error, and Sig-W1 than at oo = 0.15,
indicating that high-confidence predictive regimes amplify the influence of uncertainty-aware reg-
ularization. In practice, this means that GASTeF becomes more sensitive when the forecaster’s
output intervals are narrower, leading to stronger but potentially less realistic stress responses.

Taken together, these results demonstrate that GASTeF maintains strong generative fidelity
and structural realism for small to moderate uncertainty regularization (0.01 < A < 0.04). In this
range, synthetic trajectories are statistically coherent, visually plausible, and capable of inducing
measurable stress in predictive models. The baseline (A = 0) remains the most realistic config-
uration but lacks the capacity to expose model vulnerabilities, whereas large uncertainty weights
(A > 0.05) produce distortions that compromise both realism and interpretability. These find-
ings highlight the importance of balancing uncertainty awareness and generative plausibility, an

essential consideration when using adversarial generation for financial stress testing.

4.4.2 Stress Testing Effectiveness

The second objective of this study is to assess the effectiveness of the GASTeF framework in
generating synthetic sequences that expose weaknesses in probabilistic forecasting models. This
evaluation focuses on three complementary metrics introduced in Subsection 4.3.2: (i) the forecast

error, (i) the average prediction interval width (APIW), and (iii) the empirical coverage. Together,
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these measures provide a comprehensive characterization of model degradation, uncertainty ex-

pansion, and calibration stability under progressively stressed input conditions.

Forecast error. The forecast error, defined as the mean squared deviation between the generated
target and the midpoint of the model’s predictive interval, exhibits a systematic dependence on
the uncertainty regularization parameter A across all confidence levels (a € {0.15,0.10,0.05}).
Figure 4.8 illustrates this relationship, showing a monotonic increase in forecast error as A grows,
consistent across confidence levels.

At the baseline configuration (A = 0), the forecast error remains low—ranging between 0.09
and 0.16—indicating that the forecasting model performs reliably when exposed to data closely
aligned with the empirical distribution. As A increases, the forecast error rises progressively,
reaching 0.12-0.22 for o = 0.15, 0.14-0.21 for o = 0.10, and up to 0.31 for o = 0.05 at A = 0.05.
This monotonic increase reflects the growing difficulty of the forecasting task as the generator
introduces controlled deviations from the real data distribution.

At higher regularization levels (A = 0.06), the forecast error escalates sharply—up to 1.35
for o = 0.05—indicating that the excessive regularization results in substantial deviation from

historical behavior, thereby inducing pronounced forecasting failures.

Forecast Error vs Uncertainty (A)

0.30 4

0.25 A

0.20 A

Forecast Error

0.15 A

0.10 A

0.00 0.01 0.02 0.03 0.04 0.05
Uncertainty (A)

Confidence level:
—e— 0.05 0.10 —e— 0.15

Figure 4.8: Evolution of forecast error as a function of the uncertainty regularization parameter
(1) for different prediction confidence levels (o € {0.15,0.10,0.05}).

Average prediction interval width. The APIW quantifies the degree of epistemic uncertainty
induced in the forecasting model. As shown in Figure 4.9, a consistent widening of prediction
intervals is observed as A increases, reflecting greater uncertainty when the model encounters

more challenging or atypical synthetic inputs.
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At the baseline configuration (A = 0), APIW values range from 1.10 (a = 0.15) to 2.12 (o =
0.05), reflecting a well-calibrated probabilistic forecaster operating under conditions consistent
with the historical data distribution. Under moderate uncertainty regularization (0.02 < A < 0.05),
interval widths increase gradually—reaching 1.23 for a = 0.15, 1.66 for o = 0.10, and 2.81 for
o = 0.05—while remaining within plausible limits. This controlled expansion demonstrates that
the GASTeF generator successfully induces meaningful epistemic stress without compromising
statistical coherence, thereby enabling robust evaluation of the forecasting model’s uncertainty
calibration.

Beyond this regime (A > 0.05), however, APIW values increase sharply, reaching 6.79 for
a = 0.05. Such pronounced widening suggests that excessive uncertainty regularization causes
the generator to produce implausibly volatile stress scenarios, leading to over-dispersed and less

interpretable predictive intervals.
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Figure 4.9: Evolution of the average prediction interval width (APIW) as a function of the uncer-
tainty regularization parameter (1) for different confidence levels (o € {0.15,0.10,0.05}).

Empirical coverage. Coverage measures the proportion of true observations falling within the
predicted intervals, assessing calibration reliability. As shown in Figure 4.10, for A < 0.05, cover-
age remains close to the nominal levels (1 — &), ranging from 0.85-0.92 for o0 = 0.15, 0.88-0.94
for ¢ = 0.10, and 0.96-0.97 for o = 0.05. These results indicate that the forecaster maintains
proper calibration under moderate perturbations. However, when A increases to 0.06, deviations
emerge: coverage declines to 0.82 for o = 0.15 and 0.88 for & = 0.10, while slightly exceed-
ing the target (0.98) for o¢ = 0.05. This asymmetric behavior highlights instability in uncertainty

estimation under extreme stress.
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Figure 4.10: Empirical coverage (Cemp) as a function of the uncertainty regularization parameter
(A) for different confidence levels (o € {0.15,0.10,0.05}).

The joint evolution of forecast error, APIW, and empirical coverage reveals a clear trade-off be-
tween statistical fidelity and stress intensity. For low and moderate values of A (0.01 <A < 0.05),
GASTeF generates synthetic data that remain statistically coherent yet sufficiently stressful to in-
duce controlled performance degradation and uncertainty expansion. Compared to the baseline,
these configurations effectively highlight vulnerabilities in the forecasting model without violat-
ing the underlying data realism. When A exceeds this range, the generator begins to produce
highly distorted trajectories, leading to sharp increases in forecast error and excessive uncertainty,
thereby compromising interpretability and realism. Excessive regularization underscores the im-
portance of selecting a suitable regularization range that maintains the trade-off between realism
and stressfulness.

Overall, the results confirm that the proposed uncertainty-aware adversarial training mech-
anism enables GASTeF to produce plausible yet stress-inducing synthetic scenarios. Moderate
levels of uncertainty regularization yield the optimal balance between realism and adversarial
strength, validating the framework’s capacity to support systematic stress testing of probabilistic

forecasting models.

4.4.3 Results Discussion

Subsections 4.4.1 and 4.4.2 presented a comprehensive empirical assessment of the proposed
GASTeF framework, evaluating its ability to generate statistically coherent yet adversarial time
series for stress testing probabilistic forecasting models. The evaluation was structured along two

complementary dimensions: (i) the statistical quality and realism of the synthetic data, and (ii) the
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effectiveness of these data in inducing controlled degradation of the forecasting model predictive
performance.

From a statistical quality perspective, the results demonstrated that for low to moderate levels
of uncertainty regularization (A € [0.01,0.04]), the generated sequences maintain high fidelity with
respect to empirical financial time series. Distributional characteristics—such as skewness error,
kurtosis error, and histogram distance—remained within realistic bounds, while lag-1 autocorre-
lation and cross-correlation distance structures were preserved. Path-wise coherence, quantified
through the signature Wasserstein-1 distance, remained stable across confidence levels, confirming
that temporal dynamics and inter-series dependencies were faithfully reproduced. The discrimi-
native and predictive utility metrics further support these findings, showing minimal divergence
between real and synthetic samples and a preserved functional structure across time series. At
A = 0.02, the discriminator’s accuracy reached its minimum, indicating that synthetic and real
samples were statistically indistinguishable and that the generator achieved optimal realism.

Beyond this optimal regime, however, statistical degradation became evident. Increasing A
beyond 0.05 led to heavy-tailed and asymmetric distributions, unrealistically strong inter-series
co-movements, and weakened sequential consistency. These distortions were reflected in sharp
increases in kurtosis, skewness, and cross-correlation, as well as in unstable discriminative and
predictive scores. The observed deterioration highlights a fundamental trade-off between the re-
alism of the generated data and the strength of the induced stress: while higher regularization
enhances adversarial pressure, it also risks departing from the manifold of plausible market be-
havior.

The analysis of stress-testing effectiveness reinforced these observations. As A increased, both
forecast error and average prediction interval width (APIW) rose monotonically, indicating that
the generated data progressively challenged the forecasting model’s generalization ability. Impor-
tantly, for moderate regularization (A < 0.04), this degradation occurred without compromising
empirical coverage, suggesting that the forecaster’s uncertainty estimates remained well-calibrated
under realistic stress. In this range, GASTeF successfully induced epistemic stress—forcing the
forecasting model to widen its predictive intervals and adapt to more uncertain environments—without
producing implausible inputs. At higher regularization levels (1 > 0.05), however, the model ex-
hibited signs of breakdown, with explosive forecast errors, inflated interval widths, and declining
coverage. These results indicate that excessive uncertainty penalization generates stress scenarios
that are statistically unstable and less informative from a risk management standpoint.

Taken together, the findings confirm that GASTeF achieves its dual objective: maintaining
statistical coherence while generating synthetic scenarios that meaningfully stress probabilistic
forecasting models. Within a moderate regularization regime, the framework produces plausible
synthetic trajectories that degrade predictive accuracy and expand uncertainty in a controlled and
interpretable manner. Beyond a critical threshold, however, the adversarial dynamics become ex-
cessively dominant, leading to unrealistic distortions that compromise interpretability and practical

applicability.
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Limitations and Threats to Validity. Despite these encouraging results, several limitations
should be acknowledged.

First, the evaluation relies on a finite historical dataset that may not capture all possible market
regimes, structural breaks, or tail dependencies. Consequently, the observed generalization and
stress-testing performance might vary under alternative datasets or macro-financial conditions.

Second, the realism of the generated stress scenarios is inherently constrained by the repre-
sentational capacity of the underlying generator. If the generative model fails to capture rare but
plausible market dynamics, it may underrepresent systemic risks or extreme co-movements. In
particular, as illustrated in Figure 4.11, the baseline configuration (A = 0, o = 0.05) reveals a
notable limitation in the generator’s ability to reproduce realistic cross-asset dependencies. The
synthetic correlation matrix exhibits overly homogeneous relationships compared to the more het-
erogeneous cross-asset dependencies observed in the real data, indicating that the current formu-
lation of GASTeF does not fully capture joint dynamics across assets. This limitation constrains
the realism of system-wide stress propagation and motivates future extensions toward explicitly

multivariate or dependency-aware architectures.
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Figure 4.11: Cross-asset correlation matrices for real data (left) and synthetic data generated by
GASTeF (A =0, o = 0.05). The figure highlights the generator’s limitation in reproducing realistic
inter-asset dependencies, motivating future extensions toward explicitly multivariate modeling.

Third, while the selected metrics—such as forecast error, interval width, and empirical cov-
erage—offer a rigorous view of predictive degradation and uncertainty calibration, they do not

exhaustively represent the behavior of forecasting models under stress. Complementary analyses,
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such as tail-risk sensitivity, dependence structure breakdown, or cross-regime robustness, could
provide additional insight into model resilience.

Another limitation concerns the interpretability of high-A stress scenarios. Although such con-
figurations can expose latent weaknesses in forecasting systems, the resulting synthetic trajectories
may deviate substantially from realistic market dynamics, limiting their use for policy evaluation
or risk management. This tension between adversarial strength and statistical plausibility repre-
sents a fundamental trade-off in uncertainty-aware generative modeling and highlights the need
for adaptive regularization or realism constraints to maintain domain relevance.

Finally, potential threats to validity arise from the experimental design and modeling choices.
The forecaster used for evaluation represents a specific architecture and loss function; different
model families—such as recurrent networks, Bayesian ensembles, or regime-switching forecast-
ers—could exhibit distinct sensitivity patterns. Similarly, hyperparameter tuning and training sta-
bility may influence both generative quality and stress magnitude. Future work should therefore
focus on robustness analyses across architectures, datasets, and market conditions to confirm the

generalizability of the present findings.

Summary. In summary, GASTeF demonstrates a strong capacity to produce statistically consis-
tent and functionally meaningful stress scenarios. The framework effectively balances realism
and adversarial intensity within a well-defined regularization range, providing a principled foun-
dation for controlled stress testing of forecasting systems. Nevertheless, careful calibration of the
uncertainty regularization strength and systematic validation across models and datasets remain

essential to ensuring both robustness and interpretability in real-world financial applications.



Chapter 5

Conclusion

This work addressed the need for systematic stress testing methodologies in financial forecasting
by introducing GASTeF—a generative adversarial framework designed to synthesize statistically
plausible yet adversarial financial time series to stress test forecasting models. Motivated by the
need for robust and responsible Al in finance, where models must operate reliably under uncer-
tainty, GASTeF leverages generative adversarial learning to synthesize stressful financial time se-
ries that expose vulnerabilities in probabilistic forecasting models that elicit degraded confidence
and/or performance.

Built upon a GAN architecture, the proposed framework integrates predictive uncertainty di-
rectly into the generator’s training objective, enabling targeted synthesis of stress-inducing inputs.
The design is guided by three core desiderata: statistical plausibility, uncertainty-driven genera-
tion, and flexible stress criteria.

The empirical results confirmed that GASTeF achieves its dual objective. For moderate val-
ues of the uncertainty regularization parameter A € [0.01,0.04], the generated time series retained
high statistical fidelity, matching real data in terms of distributional characteristics, autocorre-
lation structures, cross-asset relationships, and path-wise consistency. At the same time, these
sequences effectively degraded forecasting performance by increasing predictive error and un-
certainty, while maintaining near-nominal coverage. Beyond a critical threshold (A > 0.05), the
adversarial strength of the generator compromised data realism, resulting in heavy-tailed distribu-
tions, implausible dependencies, and destabilized prediction intervals.

These findings position GASTeF as a promising and practical tool for stress testing forecasting
systems. The framework offers a tunable, data-driven mechanism for examining model robustness
across the entire uncertainty spectrum, ranging from benign perturbations to extreme stress events.
In doing so, it contributes to the development of more transparent, resilient, and trustworthy fore-

casting systems.

5.1 Key Contributions

This work makes the following scientific and methodological contributions:

57
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e Introduction of the GASTeF framework with uncertainty-aware adversarial genera-
tion: A novel generative adversarial architecture for stress testing forecasting models using
synthetic financial time series that induce epistemic stress. The framework integrates model
uncertainty directly into the generator’s loss function, enabling targeted synthesis of stress
scenarios within a regression setting and allowing the generator to learn adversarial pertur-

bations that expose weaknesses in probabilistic forecasting models.

* Comprehensive empirical evaluation: Development and implementation of a rigorous
multi-criteria evaluation protocol assessing fidelity, predictive generalization, discrimina-
tive similarity, and structural coherence. The results demonstrate a quantifiable trade-off
between statistical plausibility and stress-inducing effectiveness—modulated by the uncer-
tainty regularization parameter A—and empirically validate the framework on S&P 500
sector ETF data, confirming its effectiveness and practical relevance in real-world financial
modeling contexts. Beyond this empirical setting, the proposed architecture can be readily
applied to other asset classes, market environments, and forecasting models, underscoring

its versatility as a general stress-testing framework.

5.2 Future Work

While the current study demonstrates the feasibility and utility of GASTeF, several extensions

could significantly enhance its scope, interpretability, and practical relevance:

* Generalization to multivariate forecasting: Future work should extend GASTeF to better
capture cross-asset dependencies and joint stress dynamics across multiple financial series.
This would allow the generation of system-wide stress scenarios that more accurately reflect

interconnected market behavior.

* Application to broader financial domains: Testing the framework on diverse asset classes,
such as fixed income, commodities, and digital assets, could evaluate its robustness and

transferability beyond equity-based forecasting tasks.

* Integration with portfolio optimization: A promising direction for future research in-
volves extending the generator objective to jointly optimize stress realism and portfolio ro-
bustness. Specifically, beyond the current combination of the signature-based Wasserstein
distance and uncertainty regularization, the generator loss could incorporate an additional
term reflecting portfolio performance under generated stress scenarios. This would align
data generation with downstream decision-making, enabling GASTeF to produce trajecto-
ries that not only challenge forecasting models but also test the resilience of portfolio allo-
cations. Figure 5.1 illustrates this extended architecture, in which the forecaster is coupled
with a portfolio optimizer that feeds back an optimizer loss signal to guide the generator

toward adversarial yet financially meaningful scenarios.
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* Automated hyperparameter and regularization tuning: Developing adaptive or meta-
learning strategies for dynamically adjusting uncertainty and stress parameters (e.g., A)
could improve scalability and stability. This includes Bayesian optimization or reinforcement-

based tuning of regularization strength during training.

* Establishment of standardized evaluation benchmarks and validation protocols: Defin-
ing consistent metrics, reference datasets, and experimental protocols would enable sys-
tematic comparison among stress-testing frameworks and promote reproducibility across

studies.

* Scenario validation with historical crises: Comparing synthetic stress trajectories with
known market dislocations (e.g., the 2008 Global Financial Crisis or COVID-19 pandemic)

could provide interpretable validation and enhance practitioner confidence in model outputs.

* Deployment and open-source implementation: Developing and releasing a GitHub pack-
age containing the full GASTeF pipeline, pre-trained components, and evaluation tools
would facilitate reproducibility, transparency, and integration into financial stress-testing

and model validation workflows.
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Figure 5.1: Extended GASTeF framework integrating portfolio optimization into the stress-
generation process. The generator (G) produces synthetic stress trajectories evaluated by the
discriminator (D) and forecaster (F), as in the base model. In the extended setting, a portfolio
optimizer (O) receives the forecaster’s predictions and updates allocations under the generated
scenarios. The resulting optimizer loss is propagated back to the generator, enriching its objective
with a portfolio-aware term that encourages the synthesis of stress conditions revealing vulnera-
bilities in both forecasting and allocation strategies.

Overall, GASTeF represents a step toward proactive and explainable financial stress testing.
By generating realistic, multi-dimensional adversarial scenarios, it offers a foundation for devel-
oping forecasting and portfolio construction approaches that remain resilient under uncertainty

and extreme market conditions.



Appendix A

Extended Experimental Results and
Diagnostics

This appendix provides complementary material supporting the empirical findings presented in
Chapter 4. It includes: (i) detailed numerical results for all experimental configurations, (ii) train-
ing diagnostics illustrating optimization stability and loss component behavior, and (iii) distribu-
tional and temporal comparisons between real and generated data. Together, these materials ensure

transparency and reproducibility of the GASTeF experiments.

A.1 Numerical Results Tables

This section provides the complete numerical results for all combinations of uncertainty weighting

A and confidence level o, supporting the analyses discussed in Chapter 4.
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Table A.1: Statistical fidelity metrics as a function of the uncertainty-weight A and confidence

level o.

A a Abs. Hist. Dist.  ACF (lag-1) Kurtosis Skewness Cross-Corr.
0.00 0.15 0.01 0.07 1.97 0.44 6.55
0.10 0.01 0.07 1.97 0.44 6.55
0.05 0.01 0.07 1.97 0.44 6.55
0.01 0.15 0.01 0.11 2.93 0.60 6.22
0.10 0.01 0.09 2.12 0.32 6.08
0.05 0.01 0.10 2.13 0.48 6.22
0.02 0.15 0.01 0.06 3.09 0.36 5.15
0.10 0.01 0.11 2.49 0.52 4.96
0.05 0.01 0.09 3.09 0.58 6.42
0.03 0.15 0.01 0.08 3.83 0.53 5.12
0.10 0.01 0.11 3.48 0.53 4.93
0.05 0.01 0.12 4.55 0.56 5.80
0.04 0.15 0.01 0.11 2.99 0.55 4.65
0.10 0.01 0.07 3.85 0.40 4.56
0.05 0.02 0.08 4.39 0.70 5.88
0.05 0.15 0.01 0.06 4.09 0.61 2.03
0.10 0.02 0.05 4.69 0.74 2.98
0.05 0.02 0.08 5.70 0.70 4.70
0.06 0.15 0.02 0.05 3.45 0.56 2.13
0.10 0.02 0.05 3.13 0.64 2.06
0.05 0.02 0.04 10.43 3.77 12.04
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Table A.2: Discriminative, Predictive, and Signature-based Metrics as a function of the
uncertainty-weight A and confidence level a.

A a  Discriminative Score  Riqrr  Rigrg  Predictive Score  Sig-W1 Metric
0.00 0.15 0.31 0.02 0.05 0.01 0.50
0.10 0.31 0.02 0.05 0.01 0.50
0.05 0.31 0.02 0.05 0.01 0.50
0.01 0.15 0.22 0.02 0.05 0.01 0.50
0.10 0.12 0.02 0.04 0.01 0.50
0.05 0.20 0.02 0.04 0.01 0.50
0.02 0.15 0.20 0.02 0.05 0.01 0.50
0.10 0.23 0.02 0.05 0.01 0.49
0.05 0.27 0.02 0.06 0.01 0.51
0.03 0.15 0.27 0.02 0.05 0.01 0.51
0.10 0.23 0.02 0.04 0.01 0.51
0.05 0.11 0.02 0.07 0.01 0.51
0.04 0.15 0.21 0.02 0.06 0.01 0.52
0.10 0.19 0.02 0.07 0.01 0.51
0.05 0.13 0.02 0.11 0.02 0.52
0.05 0.15 0.21 0.02 0.04 0.01 0.51
0.10 0.27 0.02 0.06 0.01 0.53
0.05 0.19 0.02 0.11 0.02 0.55
0.06 0.15 0.01 0.02 0.05 0.02 0.53
0.10 0.28 0.02 0.07 0.02 0.55

0.05 0.47 002 16.54 0.02 0.68
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Table A.3: Surrogate model performance as a function of the uncertainty-weight A and confidence

level «.
A a  Forecast Error Interval Width  Coverage
0.00 0.15 0.09 1.10 0.91
0.10 0.11 1.41 0.94
0.05 0.16 2.12 0.97
0.01 0.15 0.09 1.12 0.92
0.10 0.13 1.44 0.94
0.05 0.18 2.18 0.97
0.02 0.15 0.12 1.17 0.90
0.10 0.14 1.46 0.93
0.05 0.19 2.33 0.97
0.03 0.15 0.12 1.19 0.90
0.10 0.16 1.56 0.92
0.05 0.22 242 0.97
0.04 0.15 0.13 1.20 0.89
0.10 0.17 1.59 0.92
0.05 0.24 2.59 0.97
0.05 0.15 0.17 1.23 0.85
0.10 0.21 1.66 0.90
0.05 0.31 2.81 0.96
0.06 0.15 0.22 1.30 0.82
0.10 0.26 1.66 0.88
0.05 1.35 6.79 0.98

A.2 Training Diagnostics

This section complements the numerical tables in section A.1 with training diagnostics and per-

run visualizations. Each figure reports (top to bottom) the evolution of the following metrics:

(i) loss terms (total, signature, and uncertainty terms), (ii) forecaster model average prediction

interval width (APIW), (iii) absolute histogram distance, (iv) lag-1 autocorrelation, and (v) cross-

correlation across training iterations. For illustration purposes, these visual diagnostics are pre-

sented for @ = 0.05 across different values of the uncertainty regularization parameter A, as this

configuration provides representative insight into the model’s training behavior and stability pat-

terns observed across confidence levels.
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Figure A.l1: Training diagnostics for A = 0, a = 0.05. Panels show (top to bottom):

loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.
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Figure A.2: Training diagnostics for A = 0.01, a = 0.05. Panels show (top to bottom):
loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.
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Figure A.3: Training diagnostics for A = 0.02, a = 0.05.
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Panels show (top to bottom):

loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.
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Figure A.4: Training diagnostics for A = 0.03, a = 0.05. Panels show (top to bottom):
loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.



A.2 Training Diagnostics

Loss Components

69

10° T T T T T
[ S A U ST P Y e Y T gy pere B ELTY LT L T
Total Loss
—— Signature Loss
—— Uncertainty Loss
Il
T T T ;
0 200 400 600 800 1000
Surrogate Average Interval Width
S5 . | Lo
2.0 4
1.5 ’
1.0
J
0.5 1+ .
—— Surrogate Interval Width
0.0 T T
0 200 400 600 800 1000
—— abs metric abs_metric
—— abs_metric
0.06 4+ —— abs_metric
—— abs_metric
oo0ad— abs_metric
—— abs_metric
—— abs_metric
0024 _ abs_metric
—— abs_metric J
0.00 T
0
acf id — acfid
0.6 —— acf_id |
— acf id
04 — acf id
. — acf_id
— acf_id
0.2 1 28 3k . 1 (i — acfid |
A AT AL A 1% fuige
TR LAy i : —— acf id
0.0 (L AL YA Yl ] TR0 Wy —
0 200 400 600 800 1000
cross_correl
25 L
—— cross_correl
20
15
10
5
1] T

0 200

Figure A.5: Training diagnostics for A = 0.04, a = 0.05.
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Panels show (top to bottom):

loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over

training iterations.
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Figure A.6: Training diagnostics for A = 0.05, a = 0.05. Panels show (top to bottom):
loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.
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Figure A.7: Training diagnostics for A = 0.06, a = 0.05. Panels show (top to bottom):
loss components (total, signature, uncertainty), forecaster APIW, absolute histogram distance
(abs_metric), lag-1 autocorrelation (acf_id), and cross-correlation (cross_correl) over
training iterations.
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A.3 Distributional and Temporal Comparisons

The following figures compare the statistical properties of historical (blue) and synthetic (orange)
data across all assets and experiments. Each row corresponds to one asset, and columns show:
(i) the probability density function of returns, (ii) the log-scaled distribution, and (iii) the lag-1
autocorrelation function. The panels report empirical skewness (s) and kurtosis (k) values for
historical and generated data, allowing visual assessment of the generator’s ability to reproduce
key distributional moments and temporal dependence. For illustration purposes, results are pre-
sented for a = 0.05 across multiple values of the uncertainty regularization parameter A, as this

configuration is representative of the broader trends observed across confidence levels.
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Figure A.8: Distributional and temporal structure comparison for A = 0, @ = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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Figure A.9: Distributional and temporal structure comparison for A = 0.01, a = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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Figure A.10: Distributional and temporal structure comparison for A = 0.02, & = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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Figure A.11: Distributional and temporal structure comparison for A = 0.03, & = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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el

Figure A.12: Distributional and temporal structure comparison for A = 0.04, & = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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Figure A.13: Distributional and temporal structure comparison for A = 0.05, & = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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Figure A.14: Distributional and temporal structure comparison for A = 0.06, & = 0.05. Each row
corresponds to a different time series, showing histogram alignment, log-scale distribution, and
lag-1 autocorrelation between historical (blue) and generated (orange) returns.
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A.3.1 Cross-Asset Correlation Structure

To complement the univariate and temporal comparisons, this subsection presents the cross-asset
correlation matrices computed for both historical and synthetic datasets. These matrices capture
the dependence structure between sectoral or asset-specific returns, providing a multivariate per-
spective on the fidelity of the generated data. Each figure displays side-by-side comparisons of
empirical and synthetic correlation matrices for different uncertainty regularization strengths A,
with the same color scale to facilitate visual interpretation. For illustration purposes, results are
shown for o = 0.05, as they are representative of the correlation preservation patterns observed

across confidence levels.
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Figure A.15: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A =0, o = 0.05.
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Figure A.16: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.01, o = 0.05.
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Figure A.17: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.02, o = 0.05.
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Figure A.18: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.03, o = 0.05.
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Figure A.19: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.04, o = 0.05.
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Figure A.20: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.05, a = 0.05.
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Figure A.21: Cross-asset correlation matrices for real (left) and synthetic (right) data generated
with A = 0.06, o = 0.05.
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