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GENERATIVE AI FOR FINTECH

Abstract

Generative Artificial Intelligence (Al) transforms financial technology (FinTech) by creating synthetic data,
enhancing predictive analytics, and automating complex tasks. This paper addresses the limitations of traditional
machine learning models in handling data scarcity and evolving fraud patterns in finance. We propose a novel
hybrid framework that integrates Generative Adversarial Networks (GANs), Large Language Models (LLMs), and
Variational Autoencoders (VAEs) to improve credit scoring, fraud detection, and financial document automation.
Our method employs a Conditional Tabular GAN (CTGAN) for synthetic data generation to balance datasets, a
VAE for anomaly detection in transactional data, and an LLM for generating interpretable reports and compliance
documentation. Experimental results demonstrate that models trained on GAN-augmented data achieve an 8%
increase in AUC for credit scoring and an 18% improvement in F1-score for fraud detection on imbalanced datasets.
A dedicated compliance layer reduced demographic bias by 37%. The study confirms that a carefully designed
generative Al framework can significantly enhance model performance, fairness, and operational efficiency in
FinTech applications while addressing critical ethical and regulatory challenges.

Keywords: Generative Al, Fintech, Synthetic Financial Data, Credit Risk Modeling, Fraud Detection, Large
Language Models (LLMs), Generative Adversarial Networks (GANSs), Variational Autoencoders (VAE), Financial
Document Automation, Regulatory Compliance.
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Introduction

The rapid digital transformation of the financial sector has led to an unprecedented accumulation
of transactional and behavioral data. While traditional machine learning (ML) models have laid the
foundation for automated decision-making, they face significant limitations in the modern Fintech
landscape. Traditional algorithms often struggle with highly imbalanced datasets, where fraudulent
transactions represent less than 1% of the total volume [1]. Furthermore, the "black box" nature
of complex models creates barriers to regulatory compliance, as financial institutions are required
to provide explainable justifications for credit denials or risk assessments. The core challenges of
existing financial models are systematically illustrated in Fig. 1.

One of the most critical challenges in Fintech is the scarcity of high-quality, labeled data for
training robust models. Privacy regulations, such as General Data Protection Regulation (GDPR) and
local data protection laws, restrict the sharing of sensitive financial information, often resulting in
fragmented datasets that do not capture rare but high-impact market events. Generative Al (GenAl)
emerges as a strategic solution to these hurdles [9]. By utilizing Generative Adversarial Networks
(GANs) and Variational Autoencoders (VAEs), institutions can synthesize representative, non-
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identifiable data that preserves the statistical properties of real transactions while ensuring complete
data privacy.

Ky Challenges of Traditional ML Models in Fintech
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Figure 1 — Key Challenges of Traditional ML Models in Fintech.

The integration of Large Language Models (LLMs) adds another layer of innovation to financial
systems. Beyond simple data processing, LLMs enable the automation of complex compliance
reporting and enhance customer interaction through sophisticated Natural Language Processing
(NLP) [8]. However, the deployment of such models is not without risk. Issues regarding algorithmic
bias, potential "hallucinations" in financial advice, and the ethical implications of autonomous credit
scoring remain at the forefront of academic and industrial debate [12].

Regulatory agencies, from the Federal Reserve to the European Central Bank (ECB), are
currently developing frameworks to validate Al-generated data and safeguard consumers [11]. This
study suggests that hybrid techniques, which combine deterministic ML with generative models,
provide the necessary balance between accountability and innovation. Predictive financial assistants
and individualized investment planning are becoming feasible through these advancements, but their
implementation requires a structured, hybrid approach to ensure transparency and reliability.

This paper proposes a comprehensive hybrid framework that combines the strengths of GANSs,
VAEs, and LLMSs into a unified, modular system for Fintech applications. The study demonstrates
how synthetic data augmentation improves model generalization and how reconstruction-based
anomaly detection enhances fraud prevention. By addressing the structural and ethical gaps of
current Al implementations, this research provides a scalable roadmap for the development of safe
and transparent financial software systems.

Materials and methods

A. System Overview and Hybrid Framework

The proposed architecture addresses the critical gaps in Fintech analytics, specifically data
scarcity and the opacity of risk models. Unlike standalone implementations, this study introduces a
modular hybrid framework that synchronizes three distinct Al technologies:

1. Generative Adversarial Networks (CTGAN): for synthetic augmentation of imbalanced
credit datasets [2].

2. Variational Autoencoders (VAE): for multi-dimensional anomaly detection and feature
compression [3].
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3. Large Language Models (LLMs): for automated compliance narrative generation and
explainable Al (XAI) mapping [16].

As illustrated in Fig. 2, the framework transitions from raw data ingestion to a multi-model
generative core, where the outputs of CTGAN and VAE are synthesized into a unified anomaly score
before passing through the regulatory feedback loop.
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Figure 2 — FinTech Al Implementation Methodology

B. Mathematical Modeling of the Hybrid Engine

To ensure the robustness of the system, we define the interaction between the generative and
analytical components. The latent space of the financial environment is modeled as a stochastic
process.

A. Synthetic Data Generation with Regulatory Constraints

Standard GANs often generate data that violates financial logic (e.g., negative debt). We introduce
a Penalty-Weighted GAN objective to ensure logical consistency:

mingmaxpV(D,G) = P, p,. [logD(x)]+E, 5 llog(1-D(GD)] + 4 - 7, (1

where T,.., represents the regulatory loss function (e.g., demographic parity or non-negativity of
balance) and 4 is the regularization coefficient [5].

B. Hybrid Anomaly Detection (The Cross-Model Innovation) The novelty of our approach lies in
the integration of VAE reconstruction scores with GAN-generated boundaries. We define the Hybrid
Anomaly Score A5, as:

ASy(x) = a - |lx — fae (XD + (1 — &) - Dpgy(x) (2)

where:
[z — fae GO % is the reconstruction error from the VAE, indicating how "unusual" the

transaction is [7].

D 45 (x) is the Discriminator’s probability score, indicating how "unrealistic" the transaction is
compared to the learned financial manifold.

{1 — &) is a hyperparameter balancing the two models.

This "cross-model" calculation allows the system to detect sophisticated fraud (high reconstruction
error) even if the transaction superficially looks like a normal one to a standard discriminator.

C. Temporal Dynamics and Volatility Modeling To ensure the framework accurately reflects
financial market behavior, the model incorporates temporal dependencies. We utilize a VAE-sampled
latent variable z to capture historical shocks and market volatility:

p(xl:‘l"} = erpﬂ{xrl x1,0-12Z)s ZVVAE (Dyicroricar) (3)

The latent variable z is defined using the reparameterization trick: z= g+ @ X £,, where €, ~N(0, I)
represents stochastic market noise. By sampling z from a distribution trained on historical data, the
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generator can simulate extreme market events ("Black Swans") by adjusting the variance of €z. This
approach allows the system to stress-test financial models against non-linear risks that traditional ML
often ignores [20].

D. Integration and Validation Strategy The final stage of the methodology involves the cross-
validation of generated outputs through a multi-layered evaluation protocol. Unlike standard
approaches that rely solely on statistical similarity, our hybrid framework utilizes the LLM-based
Compliance Layer to verify that synthetic records adhere to business logic and regulatory constraints
identified in the latent space (Formula 3) [15]. To measure the effectiveness of the proposed Hybrid
Anomaly Score (Formula 2), the system was stress-tested on real-world imbalanced datasets. This
integration ensures that the resulting model is not only statistically accurate but also robust against
volatility shocks, providing a scalable solution for secure and explainable fintech operations.

Results and discussion

Experimental Setup and Data Provenance. To validate the proposed hybrid framework,
experiments were conducted using two high-fidelity datasets:

1. Credit Risk Dataset: 150,000 records with a high-class imbalance (1:15 default ratio).

2. Fraud Transaction Dataset: Real-world banking transactions with a minority class (fraud) of
less than 0.5%.

The testing was performed in three stages: establishing a Baseline (XGBoost/Isolation Forest),
Data Augmentation (using CTGAN), and the Hybrid Execution (applying the Formula 2 anomaly
score).

The architectural framework visualized in Figure 2 establishes a modular pipeline where parallel
processing of VAE and GAN engines ensures both data richness and anomaly detection sensitivity.
This structural integration serves as the functional basis for the performance gains observed in the
subsequent experimental evaluations.

VAE Engine
i (Formuia 3)
Financial Data Hybrid Score LLM Compliance
Ingestion (Formuta 2) & XAl (Qutput)
W TGAN Engine
(Formula 1)

Figure 3 — Performance Metrics Summary

The proposed architecture (Fig. 2) maintains a streamlined pipeline where raw financial data
is processed in parallel by the VAE and CTGAN modules. This dual-stream approach allows for
simultaneous historical reconstruction and synthetic augmentation. The outputs are unified via the
Hybrid Anomaly Score (Formula 2), which serves as the primary decision engine. Finally, the LLM
Compliance layer ensures that the decision-making process is transparent and follows regulatory
standards. As detailed in Table II, this streamlined structure allows for high-speed inference (14ms)
while significantly reducing demographic bias by 37%.

Quantitative Metrics and Formula Validation. The core of our findings lies in the reduction
of the False Negative Rate (FNR). The integration of the Hybrid Anomaly Score (AS_H) from
Formula (2) allowed the system to identify complex fraud patterns that traditional models ignored.
Consequently, the following quantitative analysis provides a direct empirical validation of how this
integrated structure optimizes both predictive precision and operational reliability.
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Table 1 — Comparative Performance Metrics (Model vs. Baselines)

Model Architecture Accuracy F1-Score AUC-ROC FNR g;?eu)d Miss
Isolatlgn Forest 0.842 0.761 0.835 124%
(Baseline)

DBSCAN 0.815 0.724 0.782 15.1%
CTGAN .
(Augmentation Only) 0.878 0.812 0.854 8.2%
Proposed Hybrid o
(VAE+GAN) 0.941 0.914 0.918 3.1%

Analysis of Results: The improvement in AUC-ROC to 0.918 is a direct consequence of
Formula (2). While the GAN discriminator D ,,.(x) ensures the transaction looks "realistic," the
VAE reconstruction error ||x — f, 4z (x)] |* identifies if the transaction is "anomalous" relative to
the learned historical manifold. This dual-verification mechanism caught 23% more fraud cases than
standalone models [13].
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Figure 4 — Comparative Analysis of Predictive Accuracy and Error Rates

This diagram illustrates the effectiveness of the Hybrid Anomaly Score ASg(x) against
traditional baseline algorithms. The blue bars represent the AUC-ROC metric, where our hybrid
model reaches a peak of 0.918, indicating superior classification power. More importantly, the
red line tracks the False Negative Rate (FNR). While traditional models like Isolation Forest and
DBSCAN fail to detect over 12% of fraudulent activities, the proposed hybrid formula suppresses
this error to 3.1%. This significant reduction (75% improvement over the baseline) confirms that the
synergy between VAE reconstruction error and GAN realism probability is highly effective for high
stakes fintech environments.

Stress-Testing and "Black Swan" Simulation using Formula (3), we simulated market volatility
by shifting the stochastic noise term €, in the VAE-sampled latent space.

Volatility Resilience: Under simulated market shocks, the accuracy of traditional ML models
dropped by an average of 25.4%. In contrast, our hybrid model maintained a stable accuracy of
88.2%. This confirms that the VAE-sampled latent variable z effectively captures historical shocks
and prepares the model for non-linear risks.
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Logical Integrity: By applying the Penalty-Weighted objective (Formula 1), the generation of
"impossible" financial records (e.g., negative balances or age-income mismatches) was reduced from
14.2% in standard GANSs to 0.2% in our system.

Compliance and Interpretability Results. The LLM-based Compliance Layer was evaluated
using the interpretability metric I(x) defined in our integration strategy.

Table 2 — Computational Efficiency and Regulatory Impact

Parameter Value Improvement / Overhead
Training Convergence Speed 215 Epochs 2.1x Faster than standalone GAN
Bias Reduction (Demographic) 37% Improvement Result of Treg in Formula (1)
Inference Latency 14 ms < 15% Latency Overhead
Automated XAI Accuracy 96% Match Verified by SHAP vs LLM-narrative [4, 18]

Discussion of Formula 1 and 3 Integration: The 2.1x faster convergence is a significant technical
finding. The VAE effectively pre-compresses the financial feature space, allowing the GAN generator
to focus on high-fidelity details rather than learning the entire data distribution from scratch [10].
Furthermore, the 37% bias reduction directly correlates with the inclusion of regulatory constraints
in the loss function, addressing the ethical requirements of modern Fintech software.

The results conclusively demonstrate that the hybrid approach is not just a collection of separate
tools but a unified system. The VAE provides detection sensitivity, the GAN provides data richness,
and the LLM provides regulatory transparency [14]. This multi-layered validation (cross-validation)
ensures that the final model is both statistically superior and compliant with international banking
standards.

Conclusion

This paper introduced a hybrid generative Al framework tailored for Fintech applications,
effectively synthesizing GANs, VAEs, and LLMs into a unified, modular architecture. By addressing
critical industry challenges such as data imbalance and the "black-box" nature of risk models,
the proposed strategy provides a robust path toward more reliable financial analytics. The dual-
verification mechanism—leveraging the Hybrid Anomaly Score (SAS H$)—has proven that integrating
reconstruction error with realism probability significantly outperforms standalone traditional
algorithms.

Experimental results conclusively demonstrate the framework's superiority. Specifically, the
hybrid architecture achieved a 91.8% AUC-ROC in fraud detection, suppressing the False Negative
Rate (FNR) to a record 3.1% (a 75% improvement over baselines). Furthermore, the implementation
of a Penalty-Weighted objective (Formula 1) and a dedicated compliance layer reduced demographic
bias by 37%, while the pre-compression of features via VAE accelerated training convergence by
2.1x [17]. These metrics confirm that generative Al can be integrated into high-stakes financial
pipelines without sacrificing regulatory integrity or computational efficiency.

Future research will focus on extending this framework to decentralized federated learning
environments to further enhance data privacy across banking institutions. Additionally, optimizing
domain-specific LLMs for real-time multilingual financial reporting will be explored [10]. Ultimately,
this study demonstrates that generative Al is not merely a modeling tool but a foundational component
for building secure, scalable, and ethical financial software systems [19].
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KAPXKbI TEXHOJOT'UAJTAPBIHIAFbI
IF'EHEPATUBTI KACAHAbI UHTEJJVIEKT

Anjarna

FeHepaTHBTi skacaaael nHTEIUTEKT (JKI) CHHTE THKATBIK AePEKTep i xKacay, 00IKaM IbIK aHATHTHKAHBI meTinﬂipy
JKOHE KypHeni MiHAeTTepIi ABTOMATTAH/IBIPY APKBLITbI KAPHKBLTBIK TEXHONOTHATAP/IEI (FinTech) TypneHmpyﬂe
Makasajna KapiKbl cajlachIHAAFbl IePEKTEPIiH meTlcneymerl MeH YHeMl ©3repill OThIPAThIH aNasKThIK anmepl
JKaF/IaiibIH/Ia IOCTYPITl MAalIMHAIIBIK OKBITY MOJIEIIbJICPIHIH IEKTEYyIepl KapacThIpbliaasl. bi3 Hecuenik CKOpUHITI,
QNASKTBIKTHI aHBIKTAY/bl JKOHE KapXKbUIBIK KY)KaTTapAbl aBTOMATTaHIBIPYAbl JKETUIIIpYre apHaJIFaH TeHEepaTHBTI
Kapebuac skeninepai (Generative Adversarial Networks, GAN), yiken Tinmik monenszaepai (Large Language
Models, LLM) xoHe Bapmammsiblk aBTOdHKoAeprepai (Variational Autoencoders, VAE) Oipikriperin »xaHa
rHOpHATI Tocinai yeerHaMbI3. Bi3nmiH o/1ic AepeKTep KUBIHTHIKTAPBHIH TEHIepiMIey YIIiH CHHTETHUKAJIBIK AEPEKTEp
reHepanumsicbinia maptthl kecresik GAN-ap1 (Conditional Tabular GAN, CTGAN), TpaH3aKIUsUIbIK IepeKTeperi
aHOMaNMsUIap/bl aHblKTay yiriH VAE-HI )koHe TYCIHIKTI ecenTep MEH KyKarTapjbl KajlbTacTelpy yurin LLM-
Il KojjaHajbl. DKCIEepUMEHTTIK HoTwkenep GAN apKpUIbl TOJNBIKTBIPBUIFAH AEPEKTEp HETI3iHAE OKBITHUIFaH
MOJIENBACPAIH TEHIepiMCi3 JIepeKTep >KUBIHTHIKTApBIHAA HecHelnik ckopuHr OoitbrHma AUC kepcetkimia 8%-
Fa, aJl ANasKTBHIKTHI aHbIKTay OoiibiHIIa Fl-emmemin 18%-Fa apTThIpraHbIH KOpceTTi. ApHaiibl colikecTiK KabaTsl
JneMorpadIsUIBIK ofineTci3mikTi 37%-Fa TOMEHACTTI. 3epTTey HOTIKeNepi MYKUAT o3ipiaeHreH reHeparunTi KU
xkytecinig FinTech kochIMIanapbiaga MOACIbACPAIH OHIMIUTITIH, 9UICTTUIIMH KOHE ONMEPAIUSUTBIK THIMILTIMH
afTapibIKTall )kaKcapTa alaTbIHbIH, COHBIMEH KaTap MaHbI3/(bl ATHKAJIBIK KOHE PETTEYIITIK MCEeNIeNepl enryre
BIKIIAJT CTETIHIH pacTaibl.

Tyiiin ce3nep: reneparusti XKW, HpuHTEX, CHHTETHKAIBIK KapKbI IEPEKTEPi, HECHETIK TOYEKeIN Il MOIEIbILY,
JKaJIFaH aKIapaTThl aHBIKTaY, YIIKeH Tiaik moaensaep (LLM), renepatusti Kapmainac sxeninep (GAN), BapuarusiIbk
aBrosHkozepiiep (VAE), KapKbl Ky>KarTapblH aBTOMATTaH IbIPY, KYKBIKTBIK TaJIANTapra COMKECTIK.
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TEHEPATUBHBIN NCKYCCTBEHHBIN
UHTEJJIEKT B ®UHTEXE

AHHOTANMA
I'eneparuBHblii uckyccrBenHbli nutemekt (M) npeodpasyer punancossie rexnonoruu (FinTech), coznasas
CHHTETHYECKHUE JIAaHHBIC, YITy4Iliasi IPOrHO3HYI0 aHAIMTHKY M aBTOMATU3UPYs CIIOXKHBIC 3a7a4u. B j1aHHO crarhe
paccMarpuBaroTCsl OrpaHUYCHHS TPAAUIMOHHBIX MOJIEIel MallIMHHOTO 00y4€eHHs ITpu paboTe ¢ IehUIUTOM JaHHBIX
1 Pa3BUBAIOIIMMUCS CXeMaMH MOLIIGHHUYECTBA B (prHAHCAX. MBI IpesiaraeM HOBYIO THOPUIHYIO apXUTEKTYPY, KO-
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TOpasi KHTEIPUPYET T'eHEPaTUBHO-coCTs3aTenbHbIe ceTh (Generative Adversarial Networks, GAN), 6osnblive s3bi-
xoBbie Monenu (Large Language Models, LLM) u Bapuaruonsbsie aBTosHKoneps! (Variational Autoencoders, VAE)
JUISL YITy4IIeHNs] KPEIUTHOTO CKOPUHTa, 0OHApYKEHHsI MOLIEHHHYECTBA M aBTOMATH3alMi (PUHAHCOBBIX JOKyMEH-
ToB. Ham metox mcnonb3yer ycnoBuyro Tadmmuayio GAN (Conditional Tabular GAN, CTGAN) miist reHepaun
CHHTETHYECKUX JIaHHBIX M 0aaHCUPOBKY HA0OpOB NaHHBIX, VAE ni1st 00HapyKeHUs! aHOMaJINH B TPAH3AKI[HOHHBIX
JaHHbIX 1 LLM 1mst dopMupoBaHKs HHTEPIIPETHPYEMBIX OTYETOB M JOKYMEHTOB COOTBETCTBHUS. DKCIIEPUMEHTAIb-
HBIE PEe3YJITAThl TOKA3bIBAIOT, YTO MOJICH, O0yUCHHBIC Ha JJAHHBIX, JOMOJHEHHBIX ¢ moMolpio GAN, gocTuraroT
yBenuuenust AUC Ha 8% ji1st KpeuTHOTO CKOpUHTa U yayutienust F1-mepst Ha 18% juis oOHapys>KeHUsI MOLIIEHHH-
YyecTBa Ha HecOaJlaHCHPOBAHHBIX HAOOpax MaHHBIX. CHennalbHbBIN CII0 COOTBETCTBHUS CHU3MI AeMorpaduieckoe
cmentenne Ha 37%. VccnenoBanne MOATBEPIKAACT, UTO THIATENBLHO pa3paboTaHHas cucTeMa reneparnHoro VN
MOXET 3HAYNTEIBHO MOBBICUTH MIPOU3BOANTEIBHOCTh MOJIENIEH, NX CIPABEAIMBOCTD U ONEPAMOHHYIO 3 dexTrs-
HOCTh B npuiioxkeHusax FinTech, oqHoBpeMeHHO peltas KpUTHUECKH BaKHBIE STUYECKUE U PETYIATOPHBIE 3a/1a4H.

KuroueBbie ciioBa: reHeparuBHbiid U, GpuHTEX, CHHTETHYCCKUE (DUHAHCOBBIC TaHHBIC, MOJICIIMPOBAHKE KPEe-
JTUTHOTO PUCKa, OOHAPY)KCHHE MOIICHHIYECTBA, OONbIIHe s136IKoBEIe Moaenu (LLM), reHepaTuBHO-COCTS3aTeIb-
ueie cetr (GAN), Bapranmonusie aBTo3HKoACPH! (VAE), aBToMaTn3aris (UHAHCOBBIX TOKYMEHTOB, COOTBETCTBHE
PETYIATOPHBIM TPEOOBAHUSM.
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