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assessment of the generative fidelity and generalization capacity of alternative models across different 
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several Deep Generative Machine Learning (Deep-GenML) families by assessing their ability to 
reproduce both theoretical statistical distributions and empirical financial and commodity market data. 
The analysis spans multiple Deep-GenML architectures, distributional settings and market regimes, while 
also examining model performance under alternative training configurations that reflect varying degrees 
of data availability. The empirical evidence indicates that deep generative models are capable of accurately 
reproducing complex distributional features—including heavy tails, asymmetry, and 
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Machine Learning techniques for synthetic data
generation in Energy and Financial Markets

Oleksandr Castello∗, Marco Corazza
Department of Economics, Cà Foscari University of Venice, Sestiere Cannaregio 873,

Venice, 30121, Italy

Abstract
The availability of sufficiently large, reliable, and high-quality datasets

represents a fundamental prerequisite for quantitative analysis and data-
driven decision-making in economics and finance. In practice, however, finan-
cial data are often limited, noisy, or subject to restricted access, creating sig-
nificant empirical constraints for both researchers and practitioners. Recent
advances in Generative Machine Learning (GenML) provide promising tools
to overcome these limitations by enabling the generation of synthetic data ca-
pable of preserving the main statistical features of original data. Despite the
rapid diffusion of these techniques, most existing studies focus on replicating
stylized facts of financial time series or producing forward-looking simula-
tions, while less attention has been devoted to a systematic assessment of the
generative fidelity and generalization capacity of alternative models across
different distributional environments. Motivated by this gap, this study pro-
vides a comparative evaluation of several Deep Generative Machine Learning
(Deep-GenML) families by assessing their ability to reproduce both theoret-
ical statistical distributions and empirical financial and commodity market
data. The analysis spans multiple Deep-GenML architectures, distributional
settings and market regimes, while also examining model performance under
alternative training configurations that reflect varying degrees of data avail-
ability. The empirical evidence indicates that deep generative models are ca-
pable of accurately reproducing complex distributional features—including
heavy tails, asymmetry, and multimodality—across a wide range of scenar-
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ios. Overall, the results highlight the potential of deep generative approaches
as flexible tools for synthetic data generation and distributional modeling in
financial and energy market applications.
Keywords:
Deep Generative Machine Learning, Synthetic data generation, GAN, VAE,
EBM, Financial and Energy market data
JEL: C45, C46, C58, C63

1. Introduction

In the economic and financial domain, the availability of sufficiently large
and high-quality datasets represents a cornerstone for quantitative analysis,
data-driven decision-making, and empirical research. Tasks such as mar-
ket modeling, scenario generation, stress testing, risk management, trading
strategy design, and asset pricing rely fundamentally on the statistical rich-
ness and representativeness of the underlying data. However, real-world
financial data frequently suffer from limitations related to scarcity, imperfect
quality, or restricted accessibility due to confidentiality constraints, regula-
tory barriers, acquisition costs, missing observations, measurement errors, or
technological frictions in the data collection process [3, 20]. These struc-
tural limitations impose significant empirical constraints on practitioners
and researchers, particularly when modeling rare events, conducting regime-
dependent analyses, or testing methodological robustness across heteroge-
neous distributional environments.

In recent years, Generative Machine Learning (GenML) has emerged as a
powerful and increasingly adopted framework for data augmentation and syn-
thetic data generation, offering the possibility of producing realistic datasets
that preserve the salient distributional, structural, and statistical proper-
ties of original data [15]. These techniques have achieved remarkable results
across a wide range of fields, from healthcare [2, 13] and climate modeling
[16, 22] to engineering [17, 6] and data science [8, 19]. The economic and fi-
nancial sectors are no exception [12, 11], as this methodological advancement
constitutes a viable solution to data scarcity, while simultaneously enhanc-
ing empirical analysis and expanding the set of quantitative tools available
to both practitioners and researchers.

Despite this growing interest, the overwhelming majority of financial ap-
plications of GenML have focused primarily on two directions. First, the
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replication of dynamic stylized facts, such as volatility clustering and auto-
correlation patterns. Second, the implementation of forward-looking simula-
tions aimed at scenario generation [24] or synthetic asset-path construction
[7], predominantly within equity markets. This narrow focus leaves a critical
gap in the literature: a systematic and rigorous evaluation of the generative
power of GenML families with respect to their ability to replicate the dis-
tributional properties of both theoretical probability densities — commonly
assumed in quantitative modeling — and real-world datasets drawn from
multiple markets operating under diverse regimes, including periods charac-
terized by structural breaks, crises, and exogenous shocks.

Furthermore, existing literature lacks a global and exhaustive compar-
ative framework, failing to integrate diverse model families, various model
configurations, and a broad spectrum of data inputs and distributions.

Motivated by these considerations, the present study develops a com-
prehensive, multi-layered assessment of the generative capabilities of several
families of Deep Generative Machine Learning (Deep-GenML) models. The
objective is twofold: (i) to rigorously evaluate their effectiveness in learn-
ing and reproducing a wide array of statistical distributions, both theoreti-
cal and market-based; and (ii) to construct an integrated and comparative
benchmark that spans multiple model classes, data-generating processes, and
performance metrics.

Specifically, we benchmark the performance of representative models from
three core GenML paradigms, namely Adversarial [4], Latent-Encoding [9],
and Energy-Based [1] frameworks, including: the Multilayer Perceptron Gen-
erative Adversarial Network (MLP-GAN), Deep Convolutional GAN (DC-
GAN), β-Variational Autoencoder (β-VAE), Adversarial-VAE (A-VAE), Stochas-
tic Gradient Hamiltonian Monte Carlo Energy-Based Model (SGHMC-EBM),
and Score-Based EBM (S-EBM). The models were tasked with learning and
replicating the statistical properties of several theoretical distributions fre-
quently employed in quantitative finance — Standard Normal, Student’s t,
Weibull, Johnson’s, and Gaussian Mixture. In addition, we evaluated models’
performance on a diverse set of real-world daily financial and commodity mar-
ket data, including the STOXX Europe 600 Climate Transition Benchmark
(CTB) index returns, Russian and Chinese government bond spot rates, and
Natural Gas and Coal futures prices. These datasets exhibit heterogeneous
lengths (depending on the availability of historical information) and incor-
porate multiple market regimes, including periods of structural turbulence,
geopolitical shocks, supply-chain disruptions, and crisis episodes, thereby

3



enabling a robust stress-testing environment for model evaluation.
To further examine generalization, the networks were trained on input

sequences of varying length, mimicking typical historical trading windows
used by practitioners.

By jointly exposing the models to analytically tractable distributions and
complex, noisy, and potentially non-stationary empirical data, the proposed
framework enables a unified and robust evaluation of generative performance.
Moreover, this setting allows us to distinguish models that excel at replicating
idealized statistical structures from those capable of generalizing to realistic
financial environments, thereby providing a meaningful assessment of their
suitability for practical applications in quantitative finance. To the best of
the authors’ knowledge, this study is the first to provide a comprehensive,
multi-family benchmark for generative models applied to various theoretical
and real financial densities.

Overall, our study contributes to the existing literature along several di-
mensions, summarized as follows: (i) we offer an integrated, cross-family
and cross-distribution benchmark of Deep-GenML models; (ii) we address
the issue of model generalization across a heterogeneous set of theoretical
and real-world distributional environments; (iii) we investigate models’ gen-
erative power under alternative training regimes; (iv) finally, we provide a
comprehensive stress test of the framework using datasets characterized by
periods of extreme market turmoil, including global shocks and recent finan-
cial, geopolitical, and energy crises.

The remainder of the paper is organized as follows. Section 2 discusses
the Deep-GenML models in use; Section 3 presents the empirical framework
and discusses the results; Section 4 concludes.

2. Deep Generative Machine Learning Models

Generative Machine Learning (GenML) refers to a broad class of models
designed to capture data-generating mechanisms and salient statistical struc-
ture of complex datasets, with the objective of producing novel, high-fidelity
synthetic samples. Over recent years, the field has evolved into a diverse set
of methodological frameworks, which can be broadly grouped into four major
categories based on their fundamental approach to density estimation and
sample generation. These include: Adversarial models [5], Inference-based or
Latent-Encoding models [9], Energy-based models [1], Autoregressive [10, 23]
and Diffusion models [21].
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In this section, we present six representative GenML architectures cov-
ering three prominent paradigms: Adversarial, Inference-based, and Energy-
based. These models have been selected for their relevance and diverse
approaches to data generation and include the Multilayer Perceptron Gen-
erative Adversarial Network (MLP-GAN), Deep Convolutional-GAN (DC-
GAN), β-Variational Autoencoder (β-VAE), Adversarial-VAE (A-VAE), Stochas-
tic Gradient Hamiltonian Monte Carlo Energy-based model (SGHMC-EBM),
as well as the Score-based EBM (S-EBM). The key features of each model
are briefly discussed below. For comprehensive methodological details and
formal derivations, readers can refer to the original contributions.

2.1. Generative Adversarial Networks
Adversarial models are grounded in a competitive learning paradigm in-

volving two neural networks - a Generator and a Discriminator - trained
simultaneously in a zero-sum game. The Generator processes input noise
through a parametric transformation to synthesize samples that are statis-
tically indistinguishable from the target data distribution, while the Dis-
criminator operates as a binary classifier tasked with separating real from
generated observations. Through this minimax interaction, the Generator
learns an implicit representation of the underlying data-generating process
relying on observational signals rather than functional estimation.

Within this class, we considered two representative architectures: the
Multilayer Perceptron GAN (MLP-GAN) and the Deep Convolutional GAN
(DC-GAN). The MLP-GAN employs fully connected layers and provides a
flexible baseline architecture capable of capturing complex global non-linear
relationships in low-dimensional settings. By contrast, the DC-GAN lever-
ages convolutional layers to exploit local structures and hierarchical feature
representations, making it particularly suitable for data exhibiting grid-like
or ordered dependencies.

GANs bypass the need for explicit likelihood specifications or parametric
density approximations. This likelihood-free formulation facilitates a flexi-
ble representation of complex, multimodal, and non-smooth data-generating
distributions, which typically pose significant challenges for explicit density-
based models.

2.2. Variational Autoencoders
The VAE framework combines neural networks with variational Bayesian

inference, enabling explicit probabilistic modelling of the data-generating
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process through latent variable inference. It is built upon an Encoder–Decoder
architecture, where the Encoder maps the input data into a compressed
latent space defined by a prior distribution (typically Gaussian), and the
Decoder reconstructs the target distribution by sampling from these latent
representations. Model optimization is formulated as the maximization of
the Evidence Lower Bound (ELBO) on the data likelihood. This framework
ensures a structured and continuous latent manifold, facilitating stable and
regularized generative processes.

Within this paradigm, we focused on the β-Variational Autoencoder (β-
VAE) and the Adversarial Variational Autoencoder (A-VAE) architectures.
The β-VAE introduces an explicit regularization of the latent space by ad-
justing the magnitude of the Kullback–Leibler penalty within the objective
function, thereby establishing a formal trade-off between latent disentan-
glement and reconstruction fidelity. By contrast, the A-VAE augments the
variational framework with an adversarial training component, relaxing the
parametric assumptions on the latent distribution while preserving the prob-
abilistic rigor of the likelihood-based objective.

By explicitly modelling the data-generating process through latent vari-
ables and likelihood-based optimization, VAE-type models offer stable train-
ing dynamics and a well-defined probabilistic interpretation, ensuring con-
sistent distributional replication.

2.3. Energy-based Networks
Energy-based models characterize the data distribution through a scalar

energy function, where lower energy values correspond to higher-probability
regions. Unlike the adversarial competition of GANs or the latent-to-data
mapping of VAEs, EBMs parameterize the density landscape directly. A
single network learns to assign an energy value to each point in the input
space, shaping an energy landscape such that low-energy regions correspond
to high-density regions of the target data distribution.

In our research, we considered two representative variants: the Stochastic
Gradient Hamiltonian Monte Carlo EBM (SGHMC-EBM) and the Score-
based EBM (S-EBM). The SGHMC-EBM employs Hamiltonian dynamics
combined with stochastic gradients to explore the energy landscape and gen-
erate samples from low-energy regions. The S-EBM, by contrast, learns the
score function - the gradient of the log-density with respect to the input -
enabling sample generation through iterative denoising and Langevin-type
dynamics.
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By explicitly shaping the geometry of the data distribution, EBMs pro-
vide a theoretically grounded alternative to adversarial and variational ap-
proaches, capable of capturing complex, multimodal, and non-smooth distri-
butional features that are challenging for traditional parametric or likelihood-
based generative models.

3. Empirical Study

This section examines the empirical performance of the considered Deep-
GenML models in replicating salient statistical and distributional features of
the reference data. The evaluation framework combines controlled distribu-
tional benchmarks with heterogeneous real-world financial series, enabling a
systematic assessment of model fidelity, stability, and generalization across
markedly different data-generating processes.

3.1. Data
The empirical investigation relies on a heterogeneous collection of input

datasets chosen to span a wide range of distributional structures and market
conditions. This design supports a rigorous assessment of model performance
under both controlled statistical environments and realistic, market-driven
settings.

To this end, we considered a set of theoretical probability distributions
commonly used in quantitative finance and risk modeling, namely the Stan-
dard Normal, Student’s t, Weibull, Johnson’s, and Gaussian Mixture distri-
butions, illustrated in Figure 1. Each distribution is represented by 10,000
simulated values, ensuring a sufficiently large sample size to accurately char-
acterize its underlying statistical properties. The specific parameters are
carefully selected such that the resulting distributions provide a well-defined
statistical ground truth against which model performance can be bench-
marked.

As shown in Figure 1, these PDFs exhibit markedly different character-
istics in terms of symmetry, tail behavior, skewness, kurtosis, and modality.
While the Standard Normal distribution represents a canonical baseline with
finite moments and light tails, the Student’s t and Gaussian Mixture intro-
duce heavy tails and multimodality, whereas the Weibull and Johnson fami-
lies allow for flexible asymmetry and tail decay. By exposing the generative
models to this controlled environment, we are able to directly assess their
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capacity to replicate higher-order moments and complex marginal structures
beyond simple mean–variance dynamics.

(a) (b)

(c) (d)

(e)

Figure 1: Plot of the Standard Normal (a), Student’s t (b), Gaussian Mixture (c), Weibull
(d) and Johnson’s (e) theoretical densities, along with the Gaussian Kernel Density Esti-
mate (black) and Gaussian (red) reference densities.
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Additionally, the analysis incorporates a diverse set of real-world daily
series, including STOXX Europe 600 Climate Transition Benchmark (EU
600 CTB) index returns, Russian and Chinese 10-year government bond spot
rates, as well as Natural Gas and Coal prices on 1-year futures contracts.
The observation periods differ across the examined markets. Specifically,
the start/end dates are 04-2019/11-2024 for the EU 600 CTB, 01-2003/10-
2022 for Russian spot rates, 01-2005/10-2022 for Chinese spot rates, and 03-
2010/01-2024 and 01-2016/01-2024 for Natural Gas and Coal futures prices,
respectively. Overall, the datasets span between a minimum of 3 and a
maximum of 19 years of daily data and include 1449 observations for the EU
600 CTB, 5009 for Russian spot rates, 4245 for Chinese spot rates, and 3545
and 2089 for Natural Gas and Coal futures prices, respectively.

Figure 2 illustrates the empirical distributions of the analyzed assets.
These datasets reflect a broad spectrum of market regimes, encompass-
ing calm periods as well as episodes of heightened uncertainty associated
with structural turbulence, geopolitical shocks, supply-chain disruptions, and
global crises. As a result, their PDFs exhibit pronounced departures from
normality, heavy tails, and irregular features that pose substantial challenges
for generative modeling. From a modeling perspective, these data introduce
multiple sources of complexity that are absent in the theoretical setting,
such as noise, non-stationarity, and latent structural breaks. Consequently,
they provide a stringent testing ground for evaluating the robustness and
generalization capacity of the generative architectures.
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(a) (b)

(c) (d)

(e)

Figure 2: Plot of the Natural Gas futures prices (a), Coal futures prices (b), Russian spot
rates (c), Chinese spot rates (d) and STOXX EU 600 CTB index returns (e) observed
densities, along with the Gaussian Kernel Density Estimate (black) and Gaussian (red)
reference densities.
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3.2. Experiment setup
We evaluate the ability of the Deep-GenML models introduced in Section

2 to generate synthetic samples that provide a high-fidelity representation of
the target data-generating processes.

As part of the network input preparation process, we first preprocessed
real-world empirical time series to ensure numerical stability and compara-
bility across architectures. Observations were rescaled using robust location
and scale measures, producing centered and normalised inputs while preserv-
ing their distributional shape. Theoretical distributions, by contrast, were
directly considered as model inputs, being analytically defined and free from
scale-related issues.

Following the preprocessing stage, both theoretical and empirical datasets
constituted the pool of admissible inputs to the generative models. Within
this framework, three distinct training regimes were specified in order to as-
sess model performance under limited information settings. In particular, for
each model–dataset pair, the generative architecture was trained separately
using input samples of 21, 63, and 126 observations randomly drawn from
the reference series. This setup mimics typical historical look-back windows
used by practitioners (i.e. month, quarter, and half a year) and allows for a
systematic evaluation of generative performance under varying levels of data
availability. Finally, the trained model was employed to generate 10,000
synthetic observations, yielding an associated synthetic distribution.

Additionally, given the inherently stochastic nature of GenML models,
we executed 50 repeated simulation cycles for each model-dataset-training
configuration, and for each case an averaged synthetic distribution was ob-
tained by computing the Wasserstein Barycenter (WB) of the corresponding
PDFs. This procedure mitigates the impact of stochastic variability and
ensures greater robustness and stability of the empirical results.

Finally, the framework was implemented in Python (3.11.14) using Pan-
das (2.3.3) [14] for data preprocessing and PyTorch (2.9.1) [18] for model
development.

3.3. Evaluation metrics
Evaluation proceeds along multiple complementary dimensions. To quan-

tify the fidelity with which the generative models reproduce distributional
structures, we compute a set of statistical performance metrics widely adopted
in the literature and sensitive to different aspects of distributional diver-
gence. These include the Wasserstein Distance, Energy Distance, Maximum
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Mean Discrepancy (MMD), Jensen-Shannon Divergence (JS), as well as the
Overlap Coefficient (OC). Together, these metrics offer a rigorous, multi-
perspective assessment of generative accuracy, highlighting strengths and
weaknesses across different statistical environments and model families.

3.4. Results discussion
Models’ generative performance is reported in Tables A.1–A.10 (see Ap-

pendix A) for each distribution considered. Within each table, for every
model–input configuration pair, we report the average results for all accu-
racy metrics introduced in Subsection 3.3 computed over 50 simulation runs,
with the overall best-performing specification highlighted in bold.

The results can be interpreted from at least three complementary perspec-
tives. On the one hand, they allow a comparison across models to determine
the most effective generative approach within each distribution class. At
the same time, they provide evidence on how the interaction between model
architecture and input configuration impacts the replication of the target
distributions, while also identifying the best-performing specification within
each setting.

Overall, results indicate that all the implemented techniques exhibit con-
sistently strong generative performance. Exemplifying this with the Overlap
Coefficient, the models attain average values exceeding 94% in the theo-
retical density setting and 87% for market-based distributions, confirming
the flexibility, reliability as well as generalization capacity of the analyzed
framework.

Turning to the comparative analysis across model families, VAEs and
EBMs emerge as the best-performing families, consistently outperforming
GANs, as reflected by higher OC values. On average, these architectures
attain OC levels exceeding 96% and 94% on theoretical distributions, and
90% and 89% on observed real-world distributions, respectively. EBM-based
methods demonstrate consistently strong and stable performance across all
distributional settings, particularly in the presence of multimodality or pro-
nounced asymmetry, likely due to their ability to learn the target distribution
without relying on an explicit parametric specification. VAE-based architec-
tures, in turn, exhibit improved and more consistent performance across both
theoretical and empirical distributions, likely due to their structured latent
representation, which stabilizes learning and supports robust, consistent gen-
erative modeling. Within these classes, A-VAE and SGHMC-EBM represent
the top-performing specifications in the theoretical density setting, attaining
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average OC values of 96.4% and 95.9%, respectively, followed by β-VAE and
S-EBM with corresponding values of 95.8% and 92.9%. When focusing on
empirical distributions, the strongest results are instead obtained by A-VAE
and S-EBM, reaching average OC values of 90.6% and 89.3%, respectively,
followed by β-VAE and SGHMC-EBM with OC values of 89.1% and 88.8%.
With regard to GAN-based models, performance remains competitive, al-
beit slightly lower and more variable compared with VAE- and EBM-based
architectures, with average OC values marginally above 93% under ideal-
ized conditions and around 84% when applied to empirical series. GANs
tend to deliver stronger performance when dealing with relatively symmet-
ric distributions. Within this family, the MLP-GAN emerges as the leading
specification, attaining approximately 94.1% in OC on theoretical datasets
and 84.8% on real-world series, while the DC-GAN ranks lowest, with OC
values of 92.9% and 82.5% for the corresponding settings.

With regard to model generalization, a modest decline in accuracy met-
rics is observed when transitioning from idealized distributions to real-world
series, with the decrease in OC of 5.6% for EBM-based models, 6.5% for
VAEs and of 10.5% for GAN-based architectures. It is important to note,
however, that the models are stress-tested under substantially more com-
plex observed distributions of financial and energy assets, characterized by
multiple market regimes and shocks. These results allow us to affirm that
the generative capabilities of the models are robustly preserved, highlighting
their flexibility and the presence of a coherent, stable generative mechanism
that remains effective across structurally heterogeneous distributions.

It is worth noting that the models achieve strong generative performance
even under the most limited input configuration. Notably, VAE-based archi-
tectures remain the most accurate in this setting, attaining average OC levels
of approximately 95% for theoretical densities and 89% for empirical ones.
EBM-based models follow closely, with corresponding values of 92% and
87%, while GAN-based approaches display comparatively lower, though still
robust, performance, reaching approximately 92% and 81% under the same
conditions. As the amount of available input data increases, performance
further improves, reflecting the models’ enhanced ability to learn richer dis-
tributional structures and more stable statistical dependencies. In particular,
larger input sets allow the networks to better capture higher-order features
and tail behaviors, thereby reducing variability across simulation runs and
improving overall generative consistency.

From a practical perspective, these findings are especially relevant, as
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they indicate that the proposed framework remains effective even in data-
constrained environments commonly encountered in financial applications,
while naturally benefiting from additional information when available.

Overall, the evidence points to a methodologically consistent framework
operating effectively across heterogeneous distributional environments typi-
cal of quantitative modeling, alongside a learning process that progressively
refines distributional representations as data availability increases.

4. Conclusion

In this paper, we provided a Deep Generative Machine Learning (Deep-
GenML) framework for synthetic data generation within Financial and En-
ergy markets. We tested and compared the abilities of the Multilayer Per-
ceptron Generative Adversarial Network (MLP-GAN), Deep Convolutional
GAN (DC-GAN), β-Variational Autoencoder (β-VAE), Adversarial-VAE (A-
VAE), Stochastic Gradient Hamiltonian Monte Carlo Energy-based Model
(SGHMC-EBM), and Score-based EBM (S-EBM) to replicate the distribu-
tional features of theoretical statistical distributions commonly used by prac-
titioners. The analysis was then extended to real-world financial and com-
modity market data spanning multiple market regimes, thereby assessing the
extent to which Deep-GenML models can generalize beyond idealized condi-
tions. Finally, by introducing three training regimes reflecting progressively
limited data availability, the study investigated model robustness under re-
alistic information constraints faced by practitioners.

Empirical evidence confirms that the suggested framework accurately re-
produces the full set of distributional properties of the reference data. The
considered models demonstrated a high degree of flexibility, enabling them
to capture complex density shapes, tail behavior, and higher-order statisti-
cal features with remarkable precision, as testified by the consistently strong
values of the adopted accuracy metrics. Furthermore, the results indicate
that the generative quality of the models is preserved when transitioning
from theoretical distributions to real-world financial series, indicating that
the models rely on a coherent and stable generative mechanism that remains
effective across structurally different distributions.

The comparative analysis indicates that VAEs and EBMs emerge as the
best-performing model families, consistently outperforming alternative ar-
chitectures, as reflected by higher Overlap Coefficient (OC) values. Within
these classes, the A-VAE, the SGHMC-EBM and the S-EBM rank among the
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top-performing specifications. Although differences among the leading mod-
els are not always statistically significant, the results highlight that model
selection remains inherently context-dependent, with practitioners and re-
searchers facing trade-offs between distributional fidelity, architectural com-
plexity, and computational efficiency.

Nevertheless, despite the encouraging results obtained thus far, several
avenues for future research remain open. Further developments may explore
alternative model architectures, specifications, and learning algorithms to
better balance generative accuracy and computational efficiency. In addition,
extending the generative framework to incorporate conditional information
(e.g. macroeconomic variables, market sentiment indicators, policy-related
signals) may substantially enhance its flexibility and practical applicability.
Finally, the proposed approach can be extended to other complex financial
systems and asset classes. Actually, all these topics represent a part of our
ongoing research.
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