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Abstract

This study presents a hybrid generative framework that combines diffusion models1

and GANs to generate realistic cryptocurrency market scenarios under both normal2

and stressed conditions. Applied to significant Layer-1 assets (BTC, ETH, XRP,3

LTC), the model incorporates macroeconomic and global financial indicators to cap-4

ture structural and cyclical dynamics in highly volatile, data-scarce environments.5

Compared to traditional forecasting and simulation methods, the hybrid approach6

enhances stress testing robustness and interpretability, supported by SHAP-based7

analysis, providing valuable insights for financial risk management and informed8

portfolio decision-making.9

Key words: Diffusion Models; Generative Adversarial Networks (GANs); Scenario Generation;10

Stress Testing; Cryptocurrency Markets.11

1 Introduction12

Machine learning (ML) has become increasingly important for analyzing financial time series,13

providing enhanced insights for risk management and informed decision-making. However, economic14

data remain difficult to model due to limited sample size, short historical coverage, and low signal-15

to-noise ratios, which constrain the effectiveness of deep learning (DL) methods [1]. In addition,16

financial series exhibit stylized facts-such as fat-tailed returns, volatility clustering, and seasonal17

patterns-that complicate the generation of realistic synthetic data [2]. Recent advances in generative18

modeling, including generative adversarial networks (GANs), variational autoencoders (VAEs), and19

diffusion models, have shown strong potential for capturing complex distributions across multiple data20

modalities [3]. In particular, diffusion models have emerged as state-of-the-art tools for time-series21

imputation and the generation of synthetic data. Despite their promise, generative models remain22

underutilized in financial time series due to data scarcity and the lack of domain-specific constraints,23

which often lead to unstable training outcomes. Yet, they offer substantial potential for enhancing24

scenario generation and stress testing [4], particularly in data-constrained environments such as25

those in the Middle East and North Africa (MENA) region, including financial markets [5, 6]. To26

address these limitations, this study investigates diffusion- and GAN-based frameworks for generating27

financial scenarios, aiming to improve model robustness, interpretability, and real-world relevance28

in stress-testing applications. Recent advances in generative modeling have significantly improved29

scenario generation and stress testing for volatile financial assets, including cryptocurrencies. GANs30

have demonstrated strong predictive performance for Bitcoin using on-chain and market indicators31

[7]. At the same time, diffusion-based approaches have shown the ability to reproduce key stylized32
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facts such as fat tails and volatility clustering [2]. Several diffusion frameworks—such as models33

integrating geometric Brownian motion [8], FTS-Diffusion for irregular multi-scale patterns [9],34

and controllable financial diffusion systems like CoFinDiff [10] — have demonstrated improved35

fidelity in synthetic financial time series. Hybrid architectures combining GANs and diffusion36

processes, including Diffusion-GAN [11, 12] and recent controllable hybrid models [13], further37

enhance data efficiency and stability. Although these developments highlight the growing potential of38

generative models in finance, few studies focus specifically on hybrid modeling for cryptocurrency39

stress testing. Our work addresses this gap by integrating GAN and diffusion methods with SHAP and40

LIME explainability, and evaluating their performance across major Layer-1 cryptocurrencies. The41

remainder of this paper is structured as follows. Section 2 outlines the methodology, including the42

dataset description, preprocessing steps, and the predictive models employed. Section 3 presents the43

experimental results and provides a detailed discussion of the comparative performance of individual44

and hybrid approaches. Finally, Section 4 concludes the study by summarizing the key findings and45

highlighting potential directions for future research.46

2 Methodology47

The empirical analysis uses historical time series data from four major cryptocurrencies-Bitcoin48

(BTC), Ethereum (ETH), Ripple (XRP), and Litecoin (LTC)-chosen for their prominence and hetero-49

geneous volatility structures, which make them strong benchmarks for evaluating generative financial50

models [14–16]. The training workflow used in this study is outlined in Algorithm 1, which details51

the CGAN optimization process employed for generating financial scenarios. Table 1 presents the

Algorithm 1: Training Procedure for Conditional GAN (CGAN)
Input: Training dataset D = {xi}Ni=1, sequence length L, latent dimension z ∈ Rd, learning rate η, batch

size B, number of epochs E
Output: Trained Generator Gθ and Discriminator Dϕ

Initialize Generator Gθ : Rd → RL and Discriminator Dϕ : RL → [0, 1]
Initialize optimizers AdamG(θ, η) and AdamD(ϕ, η)
for epoch = 1 to E do

for each minibatch {x(1), . . . , x(B)} from D do
Sample latent noise z(i) ∼ N (0, Id) for i = 1, . . . , B

Generate fake samples: x̃(i) = Gθ(z
(i))

Compute discriminator loss:

LD = − 1

B

B∑
i=1

[
logDϕ(x

(i)) + log(1−Dϕ(x̃
(i)))

]
Update discriminator: ϕ← ϕ− η∇ϕLD

Resample latent noise z(i) ∼ N (0, Id)

Generate new fake samples: x̃(i) = Gθ(z
(i))

Compute generator loss:

LG = − 1

B

B∑
i=1

logDϕ(x̃
(i))

Update generator: θ ← θ − η∇θLG

end
Report average LD,LG for monitoring

end
return Gθ, Dϕ

52
main dataset specifications, including the study period, sequence length, total observations, and53

the train–test division employed for model development and assessment. Conditional Generative54

Adversarial Networks (CGANs) build upon the original GAN formulation of [17] by incorporating55

auxiliary conditioning variables into both the generator and discriminator, enabling more controlled56

and targeted data synthesis [18]. The pseudo-algorithm 2 outlines a simplified denoising diffusion57

framework implemented with a multilayer perceptron (MLP). In this approach, Gaussian noise is58

added to input sequences during training, and the model learns to reconstruct the clean signal by59
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Table 1: Description of the cryptocurrency time series dataset used in this study.
Asset Ticker Period Seq. Length Total Obs. Train Test

Bitcoin BTC-USD 2015-08-01 – 2025-08-01 30 3622 2897 725
Ethereum ETH-USD 2015-08-01 – 2025-08-01 30 3622 2897 725
Ripple XRP-USD 2015-08-01 – 2025-08-01 30 3622 2897 725
Litecoin LTC-USD 2015-08-01 – 2025-08-01 30 3622 2897 725

minimizing a mean-squared error loss. Each epoch involves corrupting mini-batches, denoising them60

through the network, and updating parameters using the Adam optimizer. This procedure follows61

the principles of diffusion probabilistic models [19] and denoising diffusion probabilistic models62

(DDPMs) [20], which have shown strong generative performance in high-dimensional settings. To

Algorithm 2: Simple Diffusion Denoiser (Prototype)
Input: Training data D = {xi ∈ RL}Ni=1, sequence length L, noise scale σ, learning rate η, epochs E,

batch size B.
Output: Trained denoising network fθ : RL → RL

Initialize network parameters θ of fθ(x) = W2 σ(W1x+ b1) + b2 (MLP).
Initialize optimizer Adam with learning rate η.
for epoch← 1 to E do

Shuffle D into mini-batches {x(b)} of size B.
for each batch x(b) do

Add Gaussian noise: x̃(b) = x(b) + ϵ(b), with ϵ(b) ∼ N (0, σ2I).
Forward pass: x̂(b) ← fθ(x̃

(b)).

Compute loss: L(b)(θ) = 1
B

B∑
i=1

∥x̂(b)
i − x

(b)
i ∥

2.

Backpropagate gradients∇θL(b)(θ).
Update θ ← θ − η ·Adam(∇θL(b)(θ)).

Record epoch loss Lepoch.
return trained model fθ and training history.

63
enhance the realism and variability of generated financial time series, we integrate GANs with diffu-64

sion models within a unified hybrid framework. GANs effectively learn complex data distributions65

through adversarial training [17], whereas diffusion models excel at producing high-fidelity samples66

by progressively denoising noise [20, 21]. Integrating these two approaches enables the hybrid67

method to benefit from the expressive generative capacity of GANs and the stability and resistance68

to mode collapse of diffusion processes. This ensemble yields more stable, diverse, and realistic69

synthetic sequences suitable for financial simulation and data augmentation. The whole procedure is70

detailed in Algorithm 3. The workflow begins with preprocessing cryptocurrency time series into71

return-based sequences, which better represent market dynamics. Diffusion and GAN models are72

trained independently to capture complementary statistical properties of the data, and their outputs73

are then combined into a hybrid generator that integrates the stability of diffusion mechanisms with74

the flexibility of GAN learning. The resulting synthetic scenarios undergo interpretability analysis75

using SHAP and LIME to assess the economic plausibility of generated patterns. Model performance76

is then evaluated through RMSE, MAE, and MAPE, ensuring that the framework meets predictive77

and financial relevance criteria.78

3 Results & Discussion79

The empirical results indicate that GAN-based models capture short-term dependencies but struggle80

with longer-range temporal structure, a limitation consistent with prior work on adversarial learn-81

ing. Diffusion models improve the reproduction of autocorrelation patterns, particularly for assets82

with smoother volatility dynamics such as ETH-USD and XRP-USD. The hybrid GAN–Diffusion83

framework provides the most reliable performance, yielding more stable and realistic dependence84

structures across all cryptocurrencies. This aligns with previous evidence showing that combining85

adversarial and diffusion mechanisms enhances generative robustness [22, 23, 13]. Quantitatively,86
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Algorithm 3: Hybrid Generation Strategy using GAN and Diffusion Models
Input: Generator G, Diffusion model D, Configuration parameters C, Number of samples N
Output: GAN samples SGAN , Diffusion samples SDiff , Hybrid samples SHybrid

Step 1: Initialize
Set device← C.device
Set latent dimension z ← C.gan_latent
Set sequence length L← C.seq_len

Step 2: Generate GAN samples
Draw latent vectors Z ∼ N (0, I) of shape (N, z)
SGAN ← G(Z) of shape (N,L)

Step 3: Generate Diffusion samples
Initialize X ∼ N (0, I) of shape (N,L)
for t = T, T − 1, . . . , 1 do

Pred← D(X)

Update X ← X − (Pred× (0.1 + 0.9 · t
T
))

SDiff ← X

Step 4: Hybrid Ensemble
SHybrid ← 0.5 · SGAN + 0.5 · SDiff

Return SGAN , SDiff , SHybrid

the hybrid model achieves the lowest error metrics, including an RMSE of 0.043558 for BTC-USD,87

highlighting its superiority for scenario generation; however, further validation under different market88

regimes is warranted. The performance results in Table 2 show apparent differences across the three89

generative approaches. GANs achieve the strongest predictive accuracy, provoking lower RMSE90

and MAE values than diffusion models across most assets, consistent with their ability to model91

short-term volatility patterns. Diffusion models, while less accurate in point prediction, demonstrate92

greater stability in sequence generation, reflecting their robustness in capturing complex temporal93

structures. The hybrid GAN–Diffusion model provides the most balanced performance, reducing94

overfitting and improving generalization, particularly for ETH-USD and XRP-USD. These outcomes95

align with recent findings that adversarial models are effective at short-horizon dynamics, whereas96

diffusion models offer resilience to noise in longer-horizon forecasting [24]. When compared with97

prior work using LSTM and transformer-based architectures for cryptocurrency volatility modeling98

[25–27], the hybrid framework exhibits greater adaptability across heterogeneous assets, reinforcing99

its suitability for scenario generation and stress-testing applications in financial risk management.100

Figure 1 shows that SHAP value patterns differ significantly across assets. BTC-USD and LTC-USD101

display strong positive contributions concentrated in recent features, indicating high sensitivity to102

short-term returns, while ETH-USD shows weaker and more diffuse influences. XRP-USD exhibits103

a more balanced distribution of features. These patterns align with the performance metrics (e.g.,104

BTC-USD Test RMSE = 0.0377), confirming that assets with stronger feature concentration tend to105

yield more stable predictions. Overall, Figure 1 highlights distinct feature relevance structures across106

cryptocurrencies, supporting model interpretability for stress testing and risk assessment.107
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Figure 1: Distribution of SHAP values for BTC-USD, ETH-USD, XRP-USD, and LTC-USD
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The LIME analysis reveals that GAN models construct variable and sometimes unstable local feature108

contributions, whereas Diffusion models frequently produce adverse or inconsistent effects. In109

contrast, the Hybrid model causes smoother and predominantly positive contributions across all110

assets, reflecting better alignment with underlying market dynamics. These patterns are consistent111

with the lower RMSE values observed for the Hybrid model (e.g., 0.03134 for LTC-USD, 0.056404 for112

ETH-USD, 0.043558 for BTC-USD), confirming its superior stability, interpretability, and suitability113

for scenario generation in volatile cryptocurrency markets.114

4 Conclusion115

The study demonstrates that the integration of GAN and Diffusion-based generative models, par-116

ticularly the Hybrid approach, significantly enhances scenario generation and stress testing for117

cryptocurrency markets, as evidenced by improved ACF alignments, SHAP-based feature impor-118

tance, and LIME value distributions for BTC-USD, ETH-USD, XRP-USD, and LTC-USD. The119

Hybrid model consistently outperforms standalone GAN and Diffusion models, achieving lower120

RMSE and MAPE values (e.g., 0.0436 and 30.6883 for BTC-USD Hybrid Prediction), and provides121

robust local explainability, making it a promising tool for financial risk assessment [28]. However,122

limitations persist, including the models’ sensitivity to hyperparameter tuning, potential overfitting123

to specific market conditions observed in 2023–2025 data, and challenges in capturing extreme124

volatility events, as indicated by higher MAPE in Diffusion predictions (e.g., 67.0255 for BTC-USD).125

Future work should focus on developing adaptive architectures to handle dynamic market shifts,126

incorporating real-time data streams, and validating models across diverse economic scenarios to127

enhance generalizability and robustness in stress-testing applications.128
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