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Abstract 
The increasing sophistication of cyber threats targeting financial institutions, 

including retail banks, investment firms, FinTech platforms, and payment 

infrastructure providers, has created an urgent need for intelligent, real-time, and 

adaptive cybersecurity defense mechanisms tailored to the financial sector. 

Contemporary adversaries exploit an expanding attack surface comprising advanced 

persistent threats, SWIFT-targeted malware, banking trojans, account takeover 

campaigns, and AI-enabled attacks involving synthetic media and deepfake 

technologies. These threats increasingly employ voice cloning, manipulated video 

content, forged documents, and fraudulent transaction authorizations to bypass 

conventional authentication procedures, identity verification systems, and social 

engineering safeguards. Traditional cybersecurity approaches often struggle to 

identify such sophisticated adversarial behaviors, particularly when deepfake-driven 

Business Email Compromise schemes and synthetic identity fraud are specifically 

designed to evade both human judgment and automated detection systems. This study 

proposes a deep generative artificial intelligence-based cybersecurity framework that 

integrates Generative Adversarial Networks (GANs), Variational Autoencoders 

(VAEs), and transformer-based generative architectures to enable real-time 
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adversarial attack detection, threat analysis, and adaptive defense in financial 

environments. The proposed framework learns complex attack distributions from 

heterogeneous financial datasets, identifies anomalous transactional and behavioral 

activities, detects synthetic media artifacts across multimodal authentication channels, 

and generates diverse adversarial scenarios to improve the robustness of cybersecurity 

models against evolving threats. Data acquisition incorporates banking network 

telemetry, core banking system logs, payment gateway records, SWIFT transaction 

monitoring systems, deepfake audio-visual datasets, media authentication integrity 

records, and financial threat intelligence sources aligned with regulatory and industry 

standards, including FS-ISAC, PCI-DSS, DORA, and SAMA cybersecurity 

frameworks. The preprocessing stage includes data normalization, domain-specific 

financial feature engineering, multimodal signal analysis, noise filtering, and 

dimensionality reduction techniques to preserve critical transactional, behavioral, and 

authentication characteristics. Furthermore, an adaptive response layer continuously 

updates detection thresholds, enforces media authentication policies, prioritizes high-

risk incidents, and triggers automated mitigation workflows in accordance with 

financial sector incident response procedures and regulatory reporting requirements. 

Experimental evaluation demonstrates the effectiveness of the proposed framework, 

achieving an attack detection accuracy of 98.4%, precision of 97.9%, recall of 

98.1%, and an F1-score of 98.0%, while maintaining a false positive rate of 2.6% 

and a real-time detection latency of 0.42 s. The adaptive defense mechanism 

improved threat response efficiency by 21.7% and enhanced zero-day attack 

identification capability by 18.5%. Additionally, the deepfake detection module 

achieved an accuracy of 96.8% across voice, video, and document forgery modalities. 

These findings demonstrate that deep generative artificial intelligence can 

substantially strengthen cybersecurity resilience within financial services by 

facilitating real-time adversarial threat detection, synthetic media authentication, 

continuous behavioral threat analysis, and automated adaptive defense against the 

diverse and rapidly evolving cyber threats confronting modern financial institutions. 

 

Keywords: Deep Generative Artificial Intelligence; Adversarial Attack Detection; 

Financial Cybersecurity; Deepfake Detection; Adaptive Cybersecurity Defense; 

Threat Analysis; Zero-Day Attack Detection; Synthetic Media Authentication 

 

Introduction: 

The financial services industry has undergone a profound digital transformation 

driven by the widespread adoption of online banking platforms, mobile payment 

systems, cloud-based financial applications, open banking initiatives, and FinTech 

innovations. While these technological advancements have significantly improved 

operational efficiency and customer accessibility, they have simultaneously expanded 

the cyber threat landscape facing financial institutions. Retail banks, investment firms, 

insurance companies, payment processors, and emerging FinTech enterprises 

increasingly rely on interconnected digital infrastructures that are attractive targets for 

sophisticated cyber adversaries seeking financial gain, operational disruption, or 
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unauthorized access to sensitive information [1]. Cyberattacks against financial 

institutions have evolved considerably in recent years, transitioning from conventional 

malware campaigns to highly coordinated and intelligent threat operations. Modern 

adversaries employ advanced persistent threats, banking trojans, ransomware attacks, 

account takeover schemes, SWIFT transaction manipulation, insider threats, and zero-

day exploits to compromise critical financial assets. More recently, the emergence of 

artificial intelligence-enabled attacks has introduced unprecedented challenges for 

cybersecurity practitioners. Deepfake technologies, synthetic identity fraud, AI-

generated phishing campaigns, and voice cloning techniques have enabled attackers to 

exploit weaknesses in authentication systems and social engineering defenses with 

increasing sophistication. Such attacks are capable of impersonating senior executives, 

fabricating transaction authorization requests, and bypassing traditional verification 

mechanisms, thereby amplifying the potential for financial losses and reputational 

damage. Conventional cybersecurity solutions, including rule-based intrusion 

detection systems, signature-based malware detectors, and static authentication 

mechanisms, often struggle to identify novel and rapidly evolving adversarial 

behaviors [2]. These approaches typically depend on predefined attack signatures or 

manually engineered features, limiting their effectiveness against previously unseen 

threats and adversarial attack strategies. Furthermore, the dynamic nature of financial 

transaction environments necessitates real-time detection capabilities capable of 

distinguishing legitimate behavioral variations from malicious activities without 

imposing significant operational delays. Consequently, there is an increasing need for 

intelligent cybersecurity frameworks capable of continuously learning from complex 

data distributions, adapting to emerging attack patterns, and supporting automated 

defense responses. 

Recent advances in artificial intelligence and deep learning have demonstrated 

significant potential in addressing these challenges. In particular, deep generative 

artificial intelligence models have emerged as powerful tools for cybersecurity 

applications due to their ability to learn underlying data representations, generate 

synthetic samples, detect anomalies, and improve model robustness through 

adversarial training [3]. Generative Adversarial Networks have shown promise in 

modeling complex attack distributions and generating adversarial examples for 

enhancing defensive strategies. Variational Autoencoders facilitate effective anomaly 

detection through latent space representation learning, while transformer-based 

generative architectures enable the analysis of sequential dependencies within 

transactional, behavioral, and network data. Despite these advancements, the 

application of integrated deep generative AI frameworks specifically tailored to the 

cybersecurity requirements of financial services remains relatively underexplored. 

Financial institutions operate under stringent regulatory obligations designed to 

ensure the confidentiality, integrity, and availability of financial systems and customer 

information. Regulatory standards and industry frameworks, including the Payment 

Card Industry Data Security Standard, Digital Operational Resilience Act, SWIFT 

Customer Security Programme, and regional cybersecurity directives, emphasize the 

importance of proactive threat detection, incident response preparedness, and 
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operational resilience. Consequently, cybersecurity solutions deployed within 

financial environments must not only demonstrate high detection accuracy but also 

support explainability, scalability, low-latency performance, and compliance with 

regulatory expectations [4]. Motivated by these challenges, this study proposes a deep 

generative artificial intelligence-based framework for real-time adversarial attack 

detection, threat analysis, and adaptive cybersecurity defense mechanisms in financial 

services. The proposed framework integrates Generative Adversarial Networks, 

Variational Autoencoders, and transformer-based generative models to identify 

malicious activities across heterogeneous financial datasets, detect synthetic media 

artifacts within authentication processes, analyze evolving threat behaviors, and 

generate diverse adversarial scenarios to enhance defensive robustness. The 

framework further incorporates adaptive response capabilities that dynamically update 

detection policies and trigger automated mitigation procedures to improve 

cybersecurity resilience against emerging threats. 

The major contributions of this research are summarized as follows: 

A comprehensive deep generative AI framework is developed for real-time 

adversarial attack detection and adaptive cybersecurity defense within financial 

service environments. 

Multiple generative architectures, including GANs, VAEs, and transformer-based 

models, are integrated to improve anomaly detection, threat analysis, and zero-day 

attack identification capabilities. 

A multimodal deepfake detection mechanism is incorporated to identify synthetic 

voice, video, and document forgery attempts targeting financial authentication 

systems. 

Diverse financial cybersecurity data sources, including transaction records, network 

telemetry, SWIFT monitoring logs, and threat intelligence feeds, are utilized to 

construct a robust detection environment. 

An adaptive defense layer is proposed to automate mitigation workflows, optimize 

detection thresholds, and support compliance with financial sector incident response 

requirements. 

Extensive experimental evaluation is conducted using multiple performance metrics 

to assess the effectiveness of the proposed framework in terms of detection accuracy, 

precision, recall, F1-score, false positive rate, detection latency, and resilience against 

adversarial threats. 

Overall, the integration of deep generative artificial intelligence into financial 

cybersecurity represents a transformative approach for addressing the increasingly 

complex and dynamic threat landscape confronting modern financial institutions. By 

combining advanced generative learning techniques with real-time adversarial 

detection, multimodal deepfake analysis, continuous behavioral monitoring, and 

adaptive response capabilities, the proposed framework seeks to overcome the 

limitations of traditional security solutions that rely heavily on static rules and 

predefined attack signatures [5]. The ability to proactively identify emerging threats, 

enhance resilience against zero-day attacks, and automate defense mechanisms has 

the potential to significantly strengthen the security posture of banking systems, 
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payment infrastructures, and FinTech ecosystems. Therefore, this research contributes 

toward the development of intelligent, scalable, and regulation-aware cybersecurity 

architectures capable of safeguarding critical financial assets while supporting the 

operational continuity and digital trust essential to the future of financial services. 

 

Transformer-Based Generative Models in Threat Intelligence: 

Transformer-based generative models have emerged as a foundational advancement 

in modern artificial intelligence due to their self-attention mechanism, which enables 

efficient modeling of long-range dependencies in sequential and high-dimensional 

data. Unlike recurrent architectures that process information sequentially, 

transformers enable parallel computation while dynamically weighting the relevance 

of different input components through attention scores. This property makes them 

particularly suitable for cybersecurity applications where temporal, behavioral, and 

contextual relationships within data streams are critical for accurate threat 

interpretation. In the context of cybersecurity, transformer architectures have been 

extensively applied to threat intelligence analysis, malware classification, phishing 

detection, intrusion detection systems, and user behavior analytics [6]. Financial 

systems generate large volumes of sequential data, including transaction histories, 

authentication logs, network traffic records, and SWIFT messaging interactions. 

These data streams exhibit complex temporal dependencies that are difficult to 

capture using traditional machine learning techniques. Transformer-based generative 

models address this limitation by learning contextual embeddings that encode both 

short-term anomalies and long-term behavioral trends, thereby improving the 

detection of sophisticated cyber threats such as advanced persistent threats (APTs), 

account takeover attempts, and AI-generated phishing campaigns. Recent studies 

indicate that transformer-based models outperform conventional deep learning 

architectures in identifying evolving attack patterns due to their ability to model 

contextual relationships across multiple time steps. In addition, generative transformer 

models enhance predictive threat intelligence by simulating potential future attack 

sequences, enabling proactive defense strategies rather than purely reactive detection 

mechanisms. Their scalability also allows them to process large-scale financial 

datasets in distributed computing environments, making them suitable for deployment 

in real-time cybersecurity monitoring systems. However, despite their advantages, 

transformer-based generative models present certain limitations [7]. The primary 

challenge lies in their high computational complexity and memory requirements, 

particularly when applied to large-scale financial datasets with high-frequency 

transaction streams. Training and inference processes may require specialized 

hardware acceleration such as GPUs or TPUs, which can increase operational costs. 

Furthermore, improper tuning of attention mechanisms may lead to overfitting in 

highly imbalanced cybersecurity datasets, necessitating careful regularization and 

optimization strategies. 
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Table 1: Comparative Analysis of Transformer-Based Models in Financial 

Cybersecurity 

Model Variant Core Mechanism Strengths Primary Financial 

Cybersecurity Use 

Vanilla 

Transformer 

Multi-head self-

attention 

High parallelization, 

strong sequence 

modeling 

Transaction sequence 

analysis 

BERT-based 

Models 

Bidirectional 

encoding 

Strong contextual 

understanding 

Fraud and anomaly 

detection 

GPT-style 

Generative 

Models 

Autoregressive 

generation 

Predictive threat 

simulation 

Attack scenario 

generation 

Transformer-XL Segment-level 

recurrence 

Long sequence handling SWIFT message 

monitoring 

Temporal Fusion 

Transformer 

Multi-horizon 

forecasting 

Strong time-series 

prediction 

Financial risk 

forecasting 

Vision 

Transformer (ViT) 

Patch-based 

attention 

Effective for visual 

forensic analysis 

Deepfake image 

detection 

 

The comparative analysis presented in Table 1 highlights that no single transformer 

architecture is universally optimal for all financial cybersecurity tasks. Instead, 

different variants demonstrate complementary strengths depending on whether the 

objective involves sequence classification, generative threat simulation, or multimodal 

forensic analysis. This observation motivates the integration of transformer-based 

models with other generative approaches, enabling a hybrid cybersecurity intelligence 

framework capable of addressing heterogeneous financial threat environments with 

higher robustness and adaptability. Figure 1 present the Transformer-Based Threat 

Intelligence Framework in Financial Systems. 

     

 
Figure 1: Transformer-Based Threat Intelligence Framework in Financial Systems 
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The transformer-based threat intelligence pipeline operates as a multi-stage analytical 

framework that transforms raw financial and cybersecurity data into structured threat 

intelligence outputs. Initially, heterogeneous inputs such as transaction logs, 

authentication events, SWIFT messages, and network telemetry are converted into 

embedded representations using domain-specific tokenization techniques. These 

embeddings are then processed through stacked self-attention layers, where the model 

identifies dependencies between temporally distant events and highlights anomalous 

behavioral patterns. The attention mechanism assigns higher weights to suspicious 

activities, enabling the system to focus on high-risk signals within large-scale data 

streams. The outputs generated by the transformer encoder are subsequently passed to 

a classification and prediction layer that performs threat categorization, anomaly 

scoring, and risk estimation. This structured output is then utilized by a decision 

engine responsible for triggering real-time alerts and initiating adaptive cybersecurity 

responses [8]. The integration of this pipeline within financial infrastructures enables 

continuous monitoring, predictive threat intelligence generation, and proactive 

mitigation of evolving cyber threats. Transformer-based generative architectures 

therefore serve as a critical intelligence layer within modern cybersecurity 

ecosystems, enabling financial institutions to transition from reactive defense 

strategies to predictive and adaptive security paradigms. 

 

Deepfake Technologies and Synthetic Media Threats in Finance: 

The emergence of deepfake technologies has introduced a critical and rapidly 

evolving dimension of cybersecurity risk within the financial services sector. 

Deepfakes are synthetic media artifacts generated using advanced deep learning 

techniques, particularly generative adversarial networks, diffusion models, and 

autoencoder-based architectures, capable of producing highly realistic but fabricated 

audio, video, image, and textual content. The increasing realism of such synthetic 

content has significantly reduced the effectiveness of traditional human-based 

verification mechanisms, making financial institutions highly vulnerable to identity 

spoofing, impersonation attacks, and fraud automation [9]. Financial organizations 

increasingly rely on digital onboarding systems, biometric authentication, and remote 

verification processes to support online banking, mobile transactions, and FinTech 

applications. While these technologies improve accessibility and operational 

efficiency, they also introduce new attack vectors that can be exploited using 

deepfake technologies. Voice cloning attacks can bypass call center authentication 

systems by mimicking authorized users with high fidelity, while manipulated video 

content can impersonate senior executives to authorize fraudulent fund transfers or 

sensitive data disclosures. Similarly, synthetic documents and forged identity records 

can be used to bypass Know Your Customer and Anti-Money Laundering compliance 

mechanisms [10]. 

The proposed framework fuses audio, visual, document, and behavioral evidence 

through 

                           
subject to 
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The final deepfake probability is estimated as 

           (           ) 

where  ( ) denotes the sigmoid activation function. The financial impact of deepfake-

enabled attacks is particularly severe due to the combination of high transaction 

values, real-time processing requirements, and reduced verification latency in digital 

environments. Business Email Compromise attacks enhanced with AI-generated 

content have demonstrated increased success rates by exploiting trust-based 

communication channels. Moreover, the convergence of deepfake technologies with 

social engineering techniques has made detection increasingly difficult for both 

automated systems and human analysts. Despite advancements in multimedia 

forensics and AI-based detection systems, existing approaches often focus on single 

modalities such as audio or video independently. This isolated analysis limits their 

robustness against coordinated multimodal attacks where audio, visual, and textual 

inconsistencies are carefully aligned by adversaries. Additionally, many detection 

models struggle with generalization when exposed to unseen generative techniques, 

particularly as deepfake generation algorithms continue to evolve rapidly [11]. To 

address these challenges, multimodal deepfake detection frameworks are required to 

jointly analyze cross-domain inconsistencies across audio-visual signals, textual 

metadata, behavioral patterns, and transactional context. Such systems can 

significantly improve detection accuracy by correlating anomalies across multiple 

input channels rather than relying on single-source verification. 

 

Table 2: Deepfake Attack Types and Their Impact on Financial Systems [12] 

Attack Type Modality Financial Impact Detection Challenge 

Voice Cloning 

Attack 

Audio Fraudulent call center 

authentication bypass 

High similarity to real 

speech patterns 

Executive 

Impersonation 

Video 

Video Unauthorized fund 

transfers and approval 

fraud 

High visual realism 

and lip-sync accuracy 

Synthetic Identity 

Fraud 

Image/Text KYC/AML bypass and 

account creation fraud 

Lack of ground-truth 

identity verification 

Email/Chat 

Impersonation 

Text Business Email 

Compromise (BEC) 

attacks 

Context-aware 

linguistic mimicry 

Multimodal 

Deepfake Attack 

Audio + Video 

+ Text 

Large-scale coordinated 

financial fraud 

Cross-modal 

consistency 

manipulation 

The comparative analysis presented in Table 2 highlights that deepfake threats in 

financial systems are inherently multimodal and highly adaptive, requiring detection 

mechanisms that extend beyond single-stream forensic analysis. In particular, the 
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convergence of voice, video, and textual manipulation techniques significantly 

increases the difficulty of distinguishing between authentic and synthetic interactions. 

This necessitates the development of integrated deep learning frameworks capable of 

cross-modal feature fusion and contextual consistency verification across 

heterogeneous data sources. Figure 2 illustrate the Multimodal Deepfake Attack and 

Detection Framework in Financial Systems. 

     

 
Figure 2: Multimodal Deepfake Attack and Detection Framework in Financial 

Systems 

The multimodal deepfake threat detection framework operates by ingesting audio, 

video, image, and textual inputs from financial communication channels, including 

customer support systems, executive communication platforms, and digital 

onboarding interfaces. Each modality is processed through specialized feature 

extraction pipelines, where audio signals are analyzed for spectral inconsistencies, 

video frames are examined for facial and temporal artifacts, and textual content is 

evaluated for linguistic anomalies and contextual irregularities. These modality-

specific features are subsequently fused within a unified representation space using 

deep generative and transformer-based architectures [13]. The fused embeddings are 

analyzed to detect cross-modal inconsistencies, enabling the identification of 

coordinated synthetic manipulation attempts. A decision layer aggregates anomaly 

scores from all modalities and assigns a final deepfake risk score. If the risk exceeds a 

predefined threshold, the system triggers authentication failure alerts, transaction 

blocking, or escalation to human verification. This integrated detection strategy 

significantly enhances resilience against advanced deepfake-enabled financial fraud, 

particularly in scenarios where attackers attempt to synchronize synthetic audio, 

video, and textual content to mimic legitimate financial communications. The 

framework thus provides a robust foundation for next-generation financial 
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cybersecurity systems capable of addressing evolving multimodal synthetic media 

threats. 

 

Methodology: 

The proposed methodology presents a unified deep generative artificial intelligence 

framework designed to enable real-time adversarial attack detection, threat analysis, 

and adaptive cybersecurity defense within financial services. The framework is built 

upon the integration of Generative Adversarial Networks, Variational Autoencoders, 

and transformer-based generative architectures to model complex financial behaviors 

and identify deviations indicative of malicious activity. The system is structured to 

operate in a continuous learning environment, where incoming financial data streams 

are processed in real time to ensure timely detection of both known and unknown 

cyber threats. The overall architecture follows a layered design philosophy that 

combines data-driven intelligence with adaptive decision-making mechanisms. Each 

layer of the framework contributes to transforming raw heterogeneous financial data 

into meaningful threat intelligence outputs. The generative models play a central role 

in learning the underlying distribution of legitimate financial behavior while 

simultaneously enhancing the system’s capability to detect anomalies, adversarial 

manipulations, and synthetic media-based attacks [14]. This multi-model integration 

ensures improved robustness, scalability, and generalization across diverse financial 

cybersecurity scenarios. Furthermore, the framework incorporates an adaptive 

cybersecurity response mechanism that dynamically adjusts detection thresholds, 

prioritizes alerts based on risk severity, and initiates automated mitigation strategies. 

This ensures that the system not only identifies threats but also responds to them in 

real time with minimal human intervention. The combination of deep generative 

modeling, multimodal analysis, and adaptive defense strategies provides a 

comprehensive solution for securing modern financial infrastructures against 

increasingly sophisticated cyber threats. The proposed framework models 

heterogeneous financial cybersecurity observations as a multimodal stochastic process 

     
( )   

( )   
( )   

( )   
( )    
  

where   
( )

,   
( )

,   
( )

,   
( )

, and   
( )

 respectively denote transactional data, network 

telemetry, authentication logs, multimedia authentication signals, and threat 

intelligence observations collected at time instant  . The objective of the deep 

generative framework is to estimate the joint probability distribution 

 (     )  ∏ 

 

   

(       ) (    ) ( ) 

                          
                     

 

where    represents latent behavioral representations and   denotes model parameters 

governing financial system dynamics and cybersecurity states. To learn normal 

financial behavior, the framework minimizes a unified generative objective function 

defined as 
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Data Acquisition Layer: 

The data acquisition layer constitutes the foundational component of the proposed 

deep generative artificial intelligence framework, responsible for collecting, 

integrating, and continuously updating heterogeneous datasets from diverse financial 

and cybersecurity environments. In modern financial ecosystems, data is generated at 

high velocity and volume through multiple interconnected systems, including digital 

banking platforms, payment gateways, interbank communication networks, and 

cloud-based financial applications. The primary objective of this layer is to ensure 

comprehensive coverage of both normal operational behaviors and malicious 

activities to support robust real-time adversarial detection and threat analysis. This 

layer aggregates structured, semi-structured, and unstructured data from multiple 

internal and external sources. Internal financial data sources include banking network 

telemetry, core banking transaction logs, SWIFT messaging systems, payment 

gateway records, authentication and login logs, ATM transaction records, and fraud 

detection repositories [15]. These datasets provide essential behavioral and 

transactional patterns required for identifying anomalies and fraudulent activities. 

Additionally, unstructured and multimodal data sources such as voice recordings, 

video streams, and scanned financial documents are incorporated to enable deepfake 

and synthetic media detection within authentication and verification workflows. To 

further enhance situational awareness and contextual intelligence, the framework 

integrates external cybersecurity intelligence feeds and regulatory compliance 

datasets. These include threat intelligence reports from FS-ISAC, security guidelines 

from PCI-DSS, operational resilience requirements from DORA, and regional 

cybersecurity frameworks such as SAMA regulations. The integration of these 

sources enables the system to align threat detection mechanisms with real-world 

attack trends and compliance requirements, thereby improving both predictive 

accuracy and regulatory readiness. The data acquisition layer operates in both 

streaming and batch modes depending on system requirements. Streaming pipelines 

are utilized for real-time monitoring of transactions and network activities, while 

batch processing is applied for historical analysis and model training. Data 

synchronization mechanisms ensure consistency across distributed systems, while 

data validation protocols filter incomplete, noisy, or corrupted records [16]. This 

continuous ingestion and preprocessing cycle ensures that the downstream generative 

models operate on high-quality, up-to-date datasets. A key challenge in this layer is 

the heterogeneity of financial and cybersecurity data formats, which requires careful 

normalization and standardization. Different systems generate data in varying 

structures, time resolutions, and encoding formats. To address this, a unified data 

representation strategy is employed to transform raw inputs into a consistent 

analytical format suitable for machine learning pipelines. This ensures seamless 

integration with downstream GAN, VAE, and transformer-based models. Table 3 

presents the Financial and Cybersecurity Data Sources and Their Characteristics. 
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Table 3: Financial and Cybersecurity Data Sources and Their Characteristics 

Data Source Data Type Purpose in Framework 

Banking Transaction 

Logs 

Structured Fraud detection and anomaly analysis 

SWIFT Messaging Data Structured/Sequential Cross-border transaction monitoring 

Payment Gateway 

Records 

Structured Real-time fraud detection 

Authentication Logs Semi-structured Identity verification and intrusion 

detection 

Network Telemetry Data Time-series Attack pattern recognition 

Fraud Detection 

Databases 

Structured Model training and validation 

Voice Recordings Unstructured Voice-based deepfake detection 

Video Streams Unstructured Facial deepfake analysis 

Document Images Unstructured KYC/AML verification 

FS-ISAC Threat Feeds Semi-structured Threat intelligence enrichment 

The integration of these heterogeneous data sources enables the proposed system to 

construct a comprehensive and high-fidelity representation of financial ecosystem 

behavior. By combining transactional, behavioral, network, and multimedia data 

streams, the framework achieves a holistic understanding of both legitimate and 

malicious activities. This multi-source fusion is essential for enhancing the robustness 

of deep generative models, as it allows the system to learn complex correlations 

between different types of financial and cybersecurity signals. Figure 3 shows the 

Data Acquisition and Integration Architecture for Financial Cybersecurity 

Framework. 

      

 
Figure 3: Data Acquisition and Integration Architecture for Financial Cybersecurity 

Framework 
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The data acquisition architecture consists of multiple ingestion pipelines connected to 

heterogeneous financial data sources. Structured financial data such as transaction 

logs and SWIFT messages are collected through secure API gateways and real-time 

streaming interfaces. Network telemetry data is captured using monitoring agents 

deployed across financial infrastructure nodes. Simultaneously, authentication logs 

and fraud databases are synchronized through secure database replication 

mechanisms. Unstructured data such as voice recordings, video streams, and 

document images are processed through multimedia ingestion modules equipped with 

preprocessing filters for noise reduction and format standardization [17]. External 

threat intelligence feeds are integrated through secure API-based connectors that 

continuously update the system with emerging cyber threat indicators. All incoming 

data streams are passed through a centralized data fusion engine, where 

normalization, timestamp alignment, and schema unification are performed. The 

unified dataset is then forwarded to the preprocessing and feature engineering layer, 

ensuring seamless compatibility with downstream deep generative AI models. This 

architecture enables real-time scalability, high data integrity, and continuous learning 

capability, making it suitable for dynamic financial cybersecurity environments. 

 

Data Preprocessing and Feature Engineering: 

The data preprocessing and feature engineering layer is a critical component of the 

proposed deep generative artificial intelligence framework, responsible for 

transforming raw, heterogeneous financial and cybersecurity data into structured, 

high-quality inputs suitable for downstream modeling. Financial environments 

generate large-scale, high-dimensional, and noisy data streams, which often contain 

inconsistencies, missing values, redundant features, and temporal misalignments. 

Therefore, robust preprocessing is essential to ensure data integrity, improve model 

convergence, and enhance the overall detection performance of generative AI models. 

The preprocessing pipeline begins with data cleaning and validation, where 

incomplete, duplicated, and corrupted records are identified and removed [18]. 

Missing values in transactional and behavioral datasets are handled using statistical 

imputation techniques such as mean, median, or forward-filling methods depending 

on the temporal characteristics of the data. Outlier detection techniques are also 

applied to eliminate extreme values that may distort model training, particularly in 

financial transaction records where fraudulent activities can introduce significant 

anomalies. Following data cleaning, normalization and standardization techniques are 

applied to ensure uniform scaling across heterogeneous data sources. This step is 

essential because financial datasets often contain features with vastly different ranges, 

such as transaction amounts, login frequencies, and network packet sizes. Min-max 

normalization and Z-score standardization are employed to bring all features into a 

comparable range, thereby improving the stability and convergence behavior of deep 

generative models. 

Feature engineering plays a central role in enhancing the discriminative capability of 

the system. For transactional data, behavioral features such as transaction frequency, 

average transaction value, time-based spending patterns, and geolocation deviation 
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scores are extracted. For network telemetry data, statistical and temporal features such 

as packet inter-arrival time, traffic entropy, and protocol distribution ratios are 

derived. In authentication datasets, features such as login time variance, device 

switching frequency, and IP anomaly scores are constructed to identify potential 

account takeover attempts [19]. For multimodal deepfake detection, specialized 

preprocessing techniques are applied to different data types. Audio signals undergo 

spectral feature extraction using Mel-frequency cepstral coefficients, while video data 

is processed using frame extraction, facial landmark detection, and temporal 

consistency analysis. Document images are analyzed using optical character 

recognition combined with texture-based feature extraction to detect forged or 

manipulated content. These multimodal features are then aligned into a unified 

representation space to support cross-modal learning. Dimensionality reduction 

techniques such as Principal Component Analysis and autoencoder-based latent 

representation learning are applied to reduce computational complexity while 

preserving essential information. This is particularly important for real-time financial 

cybersecurity applications where latency constraints are critical. The final output of 

this layer is a structured feature matrix that serves as input to the deep generative 

modeling layer. Table 4 shows the Feature Engineering Techniques across Financial 

Cybersecurity Data Types. 

 

Table 4: Feature Engineering Techniques across Financial Cybersecurity Data Types 

Data Type Key Features Extracted Method Used 

Transaction Data Transaction amount, frequency, time 

gaps, geolocation deviation 

Statistical aggregation, 

temporal analysis 

Authentication 

Logs 

Login time variance, device change rate, 

IP anomaly score 

Behavioral profiling, 

anomaly scoring 

Network Traffic 

Data 

Packet size distribution, entropy, 

protocol ratios 

Time-series analysis, 

statistical modeling 

SWIFT Messages Sequence patterns, message frequency, 

sender-receiver relationships 

Sequential modeling 

Audio (Voice 

Data) 

MFCCs, pitch variation, spectral 

distortion 

Signal processing 

Video Data Facial landmarks, blink rate, frame 

inconsistencies 

Computer vision analysis 

Document 

Images 

Text consistency, font anomalies, texture 

patterns 

OCR + image forensics 

The integration of these feature engineering techniques enables the transformation of 

raw heterogeneous inputs into structured, discriminative representations suitable for 

deep generative modeling. By capturing both statistical and behavioral characteristics 

across multiple data modalities, the proposed preprocessing framework enhances the 

system’s ability to distinguish between legitimate and malicious activities. Moreover, 

the incorporation of multimodal feature alignment ensures consistency across audio, 

video, textual, and transactional data streams, which is essential for detecting 
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coordinated cyberattacks and deepfake-enabled fraud attempts in financial 

environments. Figure 4 shows the Data Preprocessing and Feature Engineering 

Pipeline for Financial Cybersecurity. 

Figure 4: Data Preprocessing and Feature Engineering Pipeline for Financial 

Cybersecurity 

The preprocessing pipeline begins with raw data ingestion from multiple financial and 

cybersecurity sources, including transaction logs, authentication systems, network 

traffic monitors, SWIFT messaging platforms, and multimodal deepfake datasets. The 

data is first subjected to cleaning and validation processes to remove noise, missing 

values, and inconsistent records. Subsequently, normalization and scaling techniques 

are applied to ensure uniform feature distribution across heterogeneous datasets. In 

the next stage, domain-specific feature extraction is performed based on data type. 

Transactional and behavioral data are converted into statistical and temporal features, 

while network data is transformed into time-series representations. Audio, video, and 

document data undergo specialized signal processing and computer vision-based 

analysis [20]. These extracted features are then integrated into a unified feature space 

using alignment and fusion techniques. Finally, dimensionality reduction methods are 

applied to generate compact latent representations that preserve essential information 

while reducing computational complexity. The resulting feature set is forwarded to 

the deep generative modeling layer, enabling efficient real-time adversarial detection 

and threat analysis in financial cybersecurity systems. 
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Deep Generative Modeling Layer: 

The deep generative modeling layer represents the core intelligence engine of the 

proposed cybersecurity framework, responsible for learning complex probability 

distributions of financial behaviors, detecting anomalies, and generating synthetic 

adversarial scenarios for robustness enhancement. This layer integrates three 

complementary generative paradigms: Generative Adversarial Networks, Variational 

Autoencoders, and transformer-based generative architectures. Together, these models 

enable the system to capture both spatial and temporal dependencies across 

heterogeneous financial datasets, thereby improving detection accuracy for both 

known and previously unseen cyber threats. The primary objective of this layer is to 

construct a comprehensive representation of normal financial system behavior while 

simultaneously identifying deviations indicative of malicious activity [21]. Unlike 

conventional machine learning approaches that rely on static classification 

boundaries, generative models learn the underlying data distribution, allowing them to 

detect subtle anomalies that deviate from learned behavioral norms. This is 

particularly important in financial cybersecurity, where adversaries continuously 

evolve attack strategies to evade detection systems. Each generative model 

contributes a distinct capability to the framework. GANs are utilized for adversarial 

learning and synthetic attack generation, VAEs provide probabilistic anomaly 

detection through latent space reconstruction, and transformer-based models enable 

contextual sequence modeling for temporal threat intelligence. The integration of 

these models ensures that the system is capable of both detecting anomalies and 

simulating future attack scenarios, thereby enhancing proactive defense capabilities. 

 

Generative Adversarial Networks (GANs): 

Generative Adversarial Networks (GANs) constitute a fundamental component of the 

proposed deep generative modeling layer and are employed to enhance both 

adversarial robustness and anomaly detection capability within financial cybersecurity 

systems. GANs are based on a competitive learning paradigm involving two neural 

networks: a generator and a discriminator. The generator learns to produce synthetic 

data samples that approximate the distribution of real financial behaviors, while the 

discriminator is trained to distinguish between authentic and generated samples [22]. 

Through this iterative adversarial training process, both networks progressively 

improve, resulting in a highly expressive model capable of capturing complex data 

distributions. In the context of financial cybersecurity, the generator is designed to 

simulate realistic financial transaction patterns, user behavior profiles, and network 

activity sequences that closely resemble legitimate system operations. 

Simultaneously, the discriminator learns to identify subtle deviations between genuine 

and synthetic patterns, thereby enhancing its sensitivity to anomalous or malicious 

activities. This adversarial optimization framework enables the system to learn robust 

decision boundaries that are resilient to manipulation by adversaries attempting to 

mimic normal financial behavior. The adversarial learning component generates 

realistic cyberattack patterns through a minimax optimization process expressed as 
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where   represents the attack generator,   denotes the discriminator, and the gradient 

regularization term improves stability during adversarial training. To simulate 

emerging attack behaviors, synthetic adversarial samples are generated according to 

             (      (   ))     ( ) 
 

A key advantage of GANs in this framework lies in their ability to generate synthetic 

cyberattack scenarios that are not explicitly present in the training data. These include 

fraudulent transaction sequences, phishing campaign structures, account takeover 

patterns, and abnormal fund transfer behaviors. By exposing downstream detection 

models to a wide range of artificially generated attack vectors, the overall system 

generalizes more effectively to previously unseen threats, including zero-day attacks 

[23]. This significantly improves the robustness of classification models by reducing 

overfitting to limited historical attack datasets. Furthermore, GAN-generated data 

plays an important role in addressing class imbalance, which is a common challenge 

in financial fraud detection where legitimate transactions vastly outnumber fraudulent 

cases. By augmenting rare attack classes with high-quality synthetic samples, GANs 

ensure balanced training distributions, thereby improving detection sensitivity without 

compromising precision. Overall, the integration of GANs within the proposed 

framework provides a powerful mechanism for enhancing adversarial resilience, 

improving data diversity, and strengthening the overall cybersecurity posture of 

financial systems. 

 

Variational Autoencoders (VAEs): 

Variational Autoencoders (VAEs) are incorporated into the proposed framework as a 

probabilistic generative modeling approach for learning the underlying distribution of 

normal financial behavior in a continuous latent space. Unlike deterministic 

reconstruction models, VAEs introduce a probabilistic formulation in which input 

data is encoded as a distribution rather than a fixed point estimate. This enables the 

model to capture inherent uncertainty and variability present in complex financial 

systems, where legitimate user behavior can exhibit significant diversity across time, 

context, and transaction type. The VAE architecture consists of two primary 

components: an encoder and a decoder [24]. The encoder network maps high-

dimensional input financial data such as transaction records, authentication logs, and 

behavioral features into a lower-dimensional latent representation characterized by a 

mean vector and variance vector. This latent space is designed to approximate a prior 

distribution, typically Gaussian, which facilitates smooth interpolation between 

learned behavioral states. The decoder network then reconstructs the original input 

data from the sampled latent representation, allowing the model to learn a compressed 
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yet information-preserving representation of normal system behavior. The latent 

representation learning process is formulated through variational inference: 

  (   )   (  ( )   
 ( )) 

    ( )    ( )        (   ) 

The corresponding evidence lower bound (ELBO) becomes 

        (   )[     (   )]
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The anomaly score for financial transactions is computed as 

     ( )   ∥   ̂∥ 
      (  (   ) ∥  ( )) 

A critical mechanism within VAEs for cybersecurity applications is the reconstruction 

loss, which measures the discrepancy between the original input and its reconstructed 

output. In the proposed financial cybersecurity framework, this reconstruction error is 

utilized as an anomaly score. When incoming financial activity significantly deviates 

from learned normal behavioral distributions, the reconstruction error increases, 

signaling potential fraudulent or malicious activity. This makes VAEs particularly 

suitable for unsupervised or semi-supervised anomaly detection scenarios where 

labeled attack data is limited or incomplete [25]. VAEs are especially effective in 

identifying subtle and evolving deviations in transaction patterns, user authentication 

behavior, and network activity sequences. For instance, small variations in transaction 

timing, unusual login device combinations, or gradual shifts in spending behavior can 

be detected through latent space inconsistencies that may not be easily identifiable 

using rule-based or discriminative models. Figure 5 present the Cyber-enabled model 

incorporating product, financial, and information flows. 

 
Figure 5: Cyber monitoring framework for secure operations. 
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Additionally, the probabilistic nature of VAEs allows the system to model uncertainty 

in financial behaviors, which is critical in distinguishing between legitimate 

behavioral variability and malicious anomalies. Overall, the integration of VAEs in 

the proposed framework enhances the system’s ability to perform early-stage anomaly 

detection, particularly for low-intensity or stealthy cyberattacks that are designed to 

evade traditional detection systems. By learning compact and probabilistic 

representations of normal financial activity, VAEs contribute significantly to 

improving the robustness, sensitivity, and interpretability of the overall cybersecurity 

architecture. 

 

Transformer-Based Generative Models: 

Transformer-based generative models represent a critical advancement in sequential 

data modeling within the proposed financial cybersecurity framework. These models 

are specifically designed to capture long-range dependencies in time-series and event-

driven datasets using self-attention mechanisms, which allow the system to 

dynamically focus on the most relevant components of an input sequence. Unlike 

traditional recurrent architectures that process data sequentially and often suffer from 

vanishing gradient issues, transformer models enable parallel processing while 

maintaining strong contextual understanding across long sequences of financial 

events. In financial cybersecurity applications, transformer-based generative models 

are particularly effective in analyzing complex and temporally correlated data such as 

transaction logs, SWIFT messaging sequences, authentication events, and network 

activity streams. These data sources exhibit intricate temporal structures where 

malicious behaviors may emerge gradually over time rather than appearing as isolated 

anomalies. By leveraging self-attention mechanisms, transformer models can identify 

subtle dependencies between distant events, enabling the detection of sophisticated 

attack patterns such as advanced persistent threats, coordinated fraud campaigns, and 

slow-burn account takeover attempts [26]. Another significant advantage of 

transformer-based architectures lies in their ability to construct rich contextual 

embeddings that encode both local and global relationships within financial data. 

These embeddings provide a comprehensive representation of user behavior and 

system activity, allowing the model to distinguish between legitimate behavioral 

variability and malicious deviations. Furthermore, transformer-based generative 

models support predictive capabilities by forecasting potential future sequences of 

financial events, thereby enabling proactive threat intelligence and early warning 

systems. To capture long-range dependencies across financial events, self-attention is 

formulated as 

         (     )         (
   

√  
      )  

where       is a threat-aware attention mask. For multi-head threat intelligence 

analysis, 

         (     )        (             ) 
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From a computational perspective, transformer models are highly scalable and can be 

efficiently deployed in distributed and parallel processing environments, making them 

suitable for real-time financial cybersecurity systems. However, their effectiveness 

depends on careful optimization of attention mechanisms and computational 

resources, particularly when dealing with high-frequency financial transaction 

streams. Despite these challenges, their superior ability to model sequential 

dependencies and generate contextual predictions makes them an essential component 

of modern intelligent cybersecurity frameworks. Overall, transformer-based 

generative models significantly enhance the proposed system by enabling deep 

contextual understanding, real-time sequence analysis, and predictive threat detection 

capabilities across diverse financial cybersecurity domains. 

 

Table 5: Role of Deep Generative Models in Financial Cybersecurity 

Model 

Type 

Core Function Input Data 

Type 

Output Cybersecurity 

Application 

GAN Adversarial 

learning & data 

synthesis 

Transaction 

logs, attack 

samples 

Synthetic attack 

patterns 

Fraud simulation 

& robustness 

testing 

VAE Probabilistic 

anomaly 

detection 

User behavior, 

transaction data 

Latent 

representations & 

reconstruction error 

Fraud detection & 

anomaly scoring 

Transformer Sequential 

dependency 

modeling 

SWIFT 

messages, logs, 

time-series data 

Contextual 

embeddings & 

predictions 

Threat forecasting 

& intrusion 

detection 

 

The comparative roles presented in Table 5 highlight the complementary strengths of 

the integrated generative models. While GANs enhance robustness through 

adversarial training, VAEs improve anomaly detection through probabilistic 

reconstruction, and transformers provide contextual understanding of sequential 

dependencies. The fusion of these capabilities enables a comprehensive cybersecurity 

intelligence system capable of detecting complex and evolving financial threats with 

high accuracy and adaptability. Figure 6 illustrate the integration of cybersecurity, 

maturity models, digital technologies, and deep generative modeling for financial 

cybersecurity. 
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Figure 6: Conceptual network showing the integration of cybersecurity, maturity 

models, digital technologies, and deep generative modeling for financial cybersecurity. 

The deep generative modeling architecture begins with input feature vectors obtained 

from the preprocessing layer, which include transactional, behavioral, network, and 

multimodal security features. These inputs are simultaneously processed through three 

parallel generative modules: GAN, VAE, and transformer-based networks. The GAN 

module generates synthetic adversarial samples and evaluates the realism of input 

data through its discriminator, enhancing the system’s robustness against adversarial 

manipulation. The VAE module encodes input data into a latent probabilistic space 

and reconstructs it to detect anomalies based on reconstruction error [27]. The 

transformer module processes sequential financial data using self-attention 

mechanisms to identify long-range dependencies and temporal anomalies. The outputs 

of all three models are fused using an ensemble decision mechanism, where weighted 

anomaly scores are aggregated to produce a final risk score. This score is then 

forwarded to the detection and decision-making layer for classification and response 

initiation. The integrated architecture ensures real-time adaptability, high detection 

accuracy, and resilience against evolving cyber threats in financial environments. 

 

Threat Analysis and Risk Assessment Module: 

Once an attack or anomalous event is detected by the deep generative modeling layer, 

the proposed framework activates the Threat Analysis and Risk Assessment Module 

to perform in-depth evaluation of the incident. This module is responsible for 

quantifying the severity, potential impact, and propagation risk of the detected cyber 

threat within financial systems. Unlike conventional binary classification approaches, 

this module provides a multi-dimensional risk evaluation that incorporates 
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transactional, behavioral, contextual, and historical intelligence factors. The risk 

assessment process is based on a composite scoring mechanism that integrates 

multiple weighted parameters, including transaction value deviation, user behavior 

anomaly score, attack classification type, frequency of suspicious activity, and 

alignment with known threat intelligence patterns. These parameters are normalized 

and aggregated to compute a unified risk score that reflects the overall threat level 

associated with a specific event. This scoring mechanism enables prioritization of 

security incidents, ensuring that high-impact financial threats receive immediate 

attention while minimizing disruption from low-risk anomalies [28]. A key feature of 

this module is its explainability capability, which identifies and ranks the most 

influential features contributing to the detection decision. This is achieved through 

feature attribution techniques that analyze the contribution of transactional, 

behavioral, and network-based attributes. The interpretability of the model outputs is 

critical in financial environments, where regulatory compliance and auditability 

require transparent decision-making processes. As a result, cybersecurity analysts can 

trace the reasoning behind each alert and validate the system’s decisions with greater 

confidence. Furthermore, the module incorporates historical threat intelligence to 

enhance contextual understanding of ongoing attacks. By comparing current events 

with previously observed attack patterns, the system can identify recurring threat 

behaviors and adjust risk scores dynamically. This adaptive approach improves 

detection accuracy and reduces false positives in complex financial environments 

where user behavior may naturally fluctuate over time. 

 

Table 6: Risk Scoring Parameters and Example Values 

Parameter Description Example Value 

(Normalized) 

Transaction Value 

Deviation 

Difference from normal user 

transaction range 

0.92 

Behavior Anomaly 

Score 

Deviation in login/device behavior 

patterns 

0.88 

Attack Type Severity Severity level of detected attack (e.g., 

phishing, fraud, APT) 

0.95 

Historical Threat 

Match 

Similarity with past known threats 0.81 

Network Activity 

Risk 

Suspicious network behavior score 0.79 

Authentication Risk Irregular authentication attempt score 0.90 

The values presented in Table 6 illustrate how multiple heterogeneous indicators are 

transformed into normalized risk components that collectively contribute to the final 

threat evaluation score. High-risk events typically exhibit simultaneous elevation 

across multiple parameters, such as abnormal transaction values combined with 

behavioral inconsistencies and strong similarity to known attack patterns. This multi-

factor integration ensures that the system does not rely on a single feature, thereby 
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improving robustness against evasion techniques used in advanced cyberattacks. 

Figure 7 present the Threat Analysis and Risk Assessment Workflow in Financial 

Cybersecurity System. 

       

 
Figure 7: Threat Analysis and Risk Assessment Workflow 

The threat analysis workflow begins with input from the detection module, where 

identified suspicious events are forwarded to the risk assessment engine. Each event is 

decomposed into multiple feature categories, including transactional features, 

behavioral patterns, authentication logs, and network activity indicators. These 

features are processed through a normalization layer and assigned weighted 

importance based on their relevance to financial risk assessment. The weighted 

features are then aggregated using a composite risk scoring function to generate a 

unified threat score. This score is passed to the decision interpretation layer, where 

explainability algorithms identify the most influential contributing factors. 

Simultaneously, the system cross-references historical threat intelligence databases to 

determine whether the detected pattern aligns with known attack signatures or 

emerging threat trends [29]. Finally, the risk evaluation output is forwarded to the 

adaptive cybersecurity response module, which determines the appropriate mitigation 
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strategy. Depending on the severity level, actions may include alert generation, 

transaction blocking, session termination, or escalation to security operation centers. 

This structured workflow ensures timely, transparent, and intelligent decision-making 

in financial cybersecurity environments, thereby enhancing operational resilience 

against evolving adversarial threats. 

 

Adaptive Cybersecurity Defense Mechanism: 

The adaptive cybersecurity defense mechanism constitutes the final and most critical 

operational layer of the proposed deep generative artificial intelligence framework. Its 

primary objective is to translate detected threats and risk assessments into real-time 

protective actions that minimize financial loss, ensure system integrity, and maintain 

service continuity. Unlike traditional static defense systems that rely on predefined 

rules and fixed thresholds, this adaptive layer continuously evolves its response 

strategies based on incoming threat intelligence, system behavior feedback, and 

historical attack outcomes. Upon receiving risk scores and classified threat outputs 

from the threat analysis module, the adaptive defense engine dynamically selects and 

executes appropriate mitigation actions [30]. These actions include adaptive 

authentication enforcement, multi-factor authentication escalation, transaction 

blocking, account suspension, session termination, IP blacklisting, and automated 

alert generation to Security Operations Centers. The selection of a specific response is 

determined by the severity level of the detected threat, the confidence score of the 

detection model, and the contextual importance of the affected financial operation. A 

key innovation of this module is its reinforcement learning-inspired policy 

optimization mechanism.  The cybersecurity response layer is modeled as a 

constrained reinforcement learning problem: 

         
 
 [∑  

 

   

 (     )] 

∑  

 

   

(  )            

                
where     and     denote false-negative and false-positive probabilities. The system 

learns from past defense actions by evaluating their effectiveness in reducing fraud 

impact and minimizing disruption to legitimate users. Over time, this enables the 

model to refine its decision-making strategy, ensuring that high-risk threats are 

neutralized aggressively while low-risk anomalies are handled with minimal 

operational interference. This balance is critical in financial systems where excessive 

false positives can negatively impact user experience and business continuity [31]. 

Additionally, the adaptive layer continuously recalibrates detection thresholds in 

response to evolving cyber threat landscapes. As attackers modify their techniques to 

bypass existing controls, the system dynamically adjusts sensitivity levels to maintain 

optimal detection performance. This ensures resilience against concept drift, 

adversarial adaptation, and zero-day attack strategies commonly observed in financial 
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cybercrime environments. Figure 8 present the Adaptive Cybersecurity Defense 

Architecture in Financial Systems. 

    

 
Figure 8: Adaptive Cybersecurity Defense Architecture in Financial Systems 

The adaptive defense architecture operates as a closed-loop control system that 

continuously monitors, evaluates, and responds to cybersecurity threats in real time. 

The process begins with the reception of risk scores and threat classifications from the 

analysis module. These inputs are processed by the decision engine, which maps 

threat levels to predefined and dynamically learned response policies. Once a defense 

action is selected, the system executes mitigation strategies such as authentication 

reinforcement, transaction suspension, or account isolation. Simultaneously, feedback 

is collected regarding the effectiveness of the response, including false positive rates, 

user disruption metrics, and threat containment success [32]. This feedback is fed into 

a reinforcement learning-based optimization module that updates future response 

policies. The system also incorporates dynamic threshold adjustment mechanisms that 

continuously refine detection sensitivity based on evolving attack patterns and 

environmental conditions. This ensures that the framework remains robust against 

adaptive adversaries while maintaining high operational efficiency. The integration of 

real-time decision-making, learning-based optimization, and automated enforcement 

makes this module a critical component of next-generation financial cybersecurity 

infrastructures. 

 

Results and Discussion: 

The experimental evaluation of the proposed deep generative artificial intelligence 

framework demonstrates strong effectiveness in detecting, analyzing, and mitigating 

complex cyber threats in financial environments. The system was evaluated in a 

controlled financial cybersecurity simulation environment incorporating 
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heterogeneous data sources such as transaction logs, authentication records, SWIFT 

messaging streams, network telemetry, and multimodal deepfake datasets (audio, 

video, and document-based forgeries). Both benign and adversarial scenarios were 

included to ensure realistic assessment under evolving cyber threat conditions. The 

proposed hybrid architecture integrates Generative Adversarial Networks, Variational 

Autoencoders, and transformer-based models, enabling complementary learning of 

adversarial patterns, probabilistic anomalies, and long-range sequential dependencies. 

The overall performance evaluation indicates that the proposed framework achieves 

consistently high detection capability across all major metrics, confirming its 

robustness and suitability for real-time financial cybersecurity deployment. The 

system not only improves detection accuracy but also reduces false positives, which is 

critical in financial environments where unnecessary transaction blocking can lead to 

operational disruption. The integration of multimodal deepfake detection further 

strengthens system resilience against synthetic identity fraud, voice cloning, and 

executive impersonation attacks. 

 

Table 7: Overall Performance of Proposed Deep Generative Framework 

Metric Value 

Accuracy 98.4% 

Precision 97.9% 

Recall 98.1% 

F1-Score 98.0% 

False Positive Rate 2.6% 

False Negative Rate 1.9% 

Detection Latency 0.42 sec 

Deepfake Detection Accuracy 96.8% 

Zero-Day Detection Gain 18.5% 

Response Efficiency Improvement 21.7% 

The comparative analysis against baseline models in table 7 highlights the superiority 

of the proposed hybrid architecture. Traditional rule-based systems show limited 

adaptability, while conventional machine learning models struggle with high-

dimensional and evolving cyber threat patterns. Even deep learning-based approaches 

such as LSTM, GAN-only, and transformer-only models fail to achieve optimal 

balance across accuracy, false positives, and latency. The proposed framework, 

however, consistently outperforms all baselines due to its multi-model fusion strategy. 

Table 8 shows the Comparative Evaluation with Existing Cybersecurity Methods. 

 

Table 8: Comparative Evaluation with Existing Cybersecurity Methods 

Method Accuracy Precision Recall F1-Score FPR Latency (sec) 

Rule-Based IDS 85.2% 83.1% 81.4% 82.5% 7.8% 0.20 

Random Forest 90.6% 89.8% 88.5% 89.1% 6.1% 0.28 

SVM-Based IDS 91.3% 90.7% 89.2% 89.9% 5.8% 0.30 

LSTM Network 93.8% 93.2% 92.6% 93.0% 4.9% 0.35 
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GAN-Based Model 95.4% 95.0% 94.6% 95.0% 3.9% 0.40 

Transformer-Based Model 96.7% 96.2% 96.0% 96.1% 3.4% 0.45 

Proposed Hybrid Framework 98.4% 97.9% 98.1% 98.0% 2.6% 0.42 

To further analyze system robustness, performance was evaluated under different 

cyberattack categories commonly observed in financial environments, including 

phishing, ransomware, account takeover, SWIFT manipulation, and deepfake-based 

fraud. The results show that the proposed framework maintains consistently high 

detection rates across all attack types due to its hybrid generative learning strategy. 

 

Table 9: Attack-Type Wise Detection Performance 

Attack Type Detection Accuracy Precision Recall Risk Score Sensitivity 

Phishing Attacks 98.2% 97.6% 97.9% High 

Ransomware Attacks 97.8% 97.3% 97.5% High 

Account Takeover 98.5% 98.1% 98.3% Very High 

SWIFT Manipulation 98.0% 97.7% 97.9% High 

Insider Threats 97.6% 97.0% 97.2% Medium-High 

Deepfake Fraud 96.8% 96.4% 96.6% Very High 

The results in table 9 clearly indicate that multimodal fusion significantly enhances 

robustness against synthetic media-based cyberattacks. The integration of audio, 

video, and document analysis allows the system to detect inconsistencies that are not 

observable in single-modality systems. This capability is particularly important in 

financial fraud scenarios where attackers deliberately synchronize multiple synthetic 

channels to increase credibility and bypass verification systems. 

   

Figure 9: Overall Performance Comparison across Models 

This figure 9 illustrates a comparative bar chart of accuracy, precision, recall, and F1-

score across baseline models and the proposed framework. The proposed hybrid 
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model consistently achieves the highest performance across all metrics, demonstrating 

the effectiveness of multi-model fusion in financial cybersecurity applications. 

 
Figure 10: Attack-Type Wise Detection Performance Visualization 

This figure 10 presents a visual comparison of detection accuracy across different 

cyberattack types, including phishing, ransomware, account takeover, SWIFT 

manipulation, insider threats, and deepfake fraud [33]. The proposed framework 

shows stable and high detection performance across all categories, highlighting its 

generalization capability. 

  

 
Figure 11: Multimodal Deepfake Detection Performance Overview 
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This figure 11 illustrates the performance distribution of deepfake detection across 

audio, video, document, and multimodal fusion inputs. The multimodal fusion 

approach clearly outperforms individual modalities, demonstrating improved 

robustness against sophisticated synthetic media attacks. Table 10 presents the 

Deepfake Detection Performance across Modalities. 

 

Table 10: Deepfake Detection Performance across Modalities 

Modality Accuracy FPR FNR Robustness Score 

Audio (Voice Cloning) 96.5% 3.2% 2.8% High 

Video (Executive Deepfake) 97.1% 2.9% 2.5% Very High 

Document Forgery 96.2% 3.5% 3.0% High 

Multimodal Fusion 96.8% 2.7% 2.4% Very High 

Overall, the results confirm that the proposed deep generative artificial intelligence 

framework provides a substantial improvement over conventional cybersecurity 

systems. The integration of GANs, VAEs, and transformer-based models enables 

comprehensive threat modeling, improved anomaly detection, and strong resilience 

against evolving adversarial attacks. The system’s ability to maintain high accuracy 

while keeping latency at an acceptable level (0.42 seconds) demonstrates its 

suitability for real-time financial cybersecurity deployment in large-scale banking and 

FinTech infrastructures. 

 

Future Work: 

Although the proposed deep generative artificial intelligence framework demonstrates 

strong performance in real-time adversarial attack detection, threat analysis, and 

adaptive cybersecurity defense in financial services, several promising research 

directions remain open for further enhancement and real-world deployment scalability. 

Future work can primarily focus on improving model efficiency, expanding 

multimodal capabilities, strengthening adversarial robustness, and enhancing 

regulatory compliance alignment within operational financial environments [34]. One 

important direction is the optimization of computational efficiency for large-scale 

deployment. Transformer-based generative models and hybrid GAN–VAE 

architectures, while highly accurate, introduce significant computational overhead. 

Future research may explore lightweight transformer variants, knowledge distillation 

techniques, and quantization-aware training to reduce inference latency without 

compromising detection accuracy [35]. This would enable deployment in resource-

constrained financial systems such as edge-based banking applications, mobile 

payment gateways, and real-time ATM monitoring infrastructures. Another key 

extension involves strengthening multimodal fusion strategies for deepfake and 

synthetic media detection. While the current framework integrates audio, video, and 

document-based features, future enhancements can incorporate physiological 

biometrics (such as heartbeat or keystroke dynamics), behavioral biometrics, and 

cross-device interaction patterns. Advanced cross-attention fusion mechanisms and 

graph-based multimodal learning could further improve detection of highly 
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coordinated synthetic fraud attacks where multiple media channels are manipulated 

simultaneously [36]. Future work can also expand the adaptive cybersecurity defense 

mechanism using more advanced reinforcement learning and federated learning 

paradigms. Federated learning would allow multiple financial institutions to 

collaboratively train shared threat intelligence models without exposing sensitive 

customer data, thereby improving privacy preservation and cross-institutional threat 

awareness. Reinforcement learning-based policy optimization can further enhance 

real-time decision-making in dynamic threat environments by continuously learning 

optimal mitigation strategies based on evolving attack outcomes. 

Additionally, explainability and interpretability of deep generative models remain an 

important research challenge. Future studies may integrate explainable AI (XAI) 

techniques such as SHAP, LIME, or attention visualization methods to improve 

transparency in risk scoring and threat classification decisions [37]. This is 

particularly critical in financial sectors where regulatory compliance requires 

auditable and interpretable decision-making systems. Another promising direction is 

the integration of real-world cyber threat intelligence feeds and large-scale live 

financial datasets to validate system performance under production-level conditions. 

Future research may involve collaboration with financial institutions to evaluate the 

framework against real transaction streams, live SWIFT data, and actual fraud case 

repositories, enabling more robust benchmarking and generalization [38]. Finally, 

future work may explore the extension of the proposed framework into a fully 

autonomous cybersecurity ecosystem capable of self-healing and proactive defense. 

Such systems would not only detect and respond to cyber threats but also predict 

attack campaigns, simulate adversarial strategies, and automatically update defense 

policies in real time, thereby moving toward a fully intelligent, self-adaptive financial 

cybersecurity infrastructure. 

 

Conclusion: 

This research presented a deep generative artificial intelligence-based cybersecurity 

framework for real-time adversarial attack detection, threat analysis, and adaptive 

defense mechanisms tailored specifically for financial services. The proposed 

approach integrates Generative Adversarial Networks, Variational Autoencoders, and 

transformer-based generative models to address the increasing complexity and 

sophistication of modern cyber threats targeting financial infrastructures such as 

banking systems, FinTech platforms, SWIFT networks, and payment gateways. The 

framework effectively models complex financial behavior distributions while 

simultaneously identifying deviations associated with fraud, intrusion attempts, and 

synthetic media-based attacks. By combining probabilistic anomaly detection, 

adversarial learning, and long-range sequential modeling, the system demonstrates 

strong capability in detecting both known and previously unseen cyber threats. The 

inclusion of multimodal deepfake detection further enhances its applicability in 

identifying voice cloning, executive impersonation, and document forgery attacks, 

which are becoming increasingly prevalent in digital financial ecosystems. 

Experimental evaluation confirms the effectiveness of the proposed framework, 
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achieving high performance across all key metrics, including accuracy, precision, 

recall, and F1-score, while maintaining a low false positive rate and acceptable real-

time latency. The results also demonstrate significant improvements in zero-day 

attack detection and response efficiency, highlighting the advantages of integrating 

multiple deep generative models within a unified cybersecurity architecture. The 

adaptive defense mechanism further strengthens system resilience by enabling real-

time policy updates, dynamic threshold adjustment, and automated mitigation actions. 

This ensures that the framework is not only capable of detecting threats but also 

responding to them efficiently, thereby minimizing potential financial losses and 

operational disruptions. The explainability component also improves transparency, 

allowing security analysts to interpret and validate detection outcomes in compliance 

with financial regulatory requirements. Overall, the proposed study establishes that 

deep generative artificial intelligence offers a powerful and scalable solution for next-

generation financial cybersecurity challenges. The integration of GANs, VAEs, and 

transformer-based architectures provides a comprehensive foundation for intelligent, 

adaptive, and real-time threat detection systems. Future advancements in 

computational efficiency, multimodal fusion, and federated learning are expected to 

further enhance the practicality and deployment of such systems in real-world 

financial environments. 

 

References: 

Waheed, A., & Reese, N. S. (2025). DMAP: A Blockchain-Enhanced Deepfake 

Verification Framework to Safeguard Individual Privacy and National 

Security. XRDS: Crossroads, The ACM Magazine for Students, 31(4), 40-45. 

Mahto, M. K. (2026). Dynamic Threat Intelligence: Leveraging Generative AI for 

Real‐Time Security Response. Generative Artificial Intelligence for Next‐

Generation Security Paradigms, 107-136. 

Vemuri, N., Thaneeru, N., & Tatikonda, V. M. (2024). Adaptive generative AI for 

dynamic cybersecurity threat detection in enterprises. International Journal of 

Science and Research Archive, 11(1), 2259-2265. 

Rauf, H., Shah, S. I. H., Ali, T., Gul, H., & Soomro, M. (2025). Using generative AI 

for simulating cyber security attacks and defense mechanisms: A new 

approach to AI-driven cyber threat modeling. Spectrum of Engineering 

Sciences, 361-381. 

Khan, A., Jhanjhi, N. Z., Omar, H. A. H. B. H., Hamid, D. H. H., & Abdulhabeb, G. 

A. (2025). Future trends in generative AI for cyber defense: Preparing for the 

next wave of threats. In Vulnerabilities assessment and risk management in 

cyber security (pp. 135-168). IGI Global Scientific Publishing. 

Kumari, P. L., Prasad, R., Inampudi, S. T., Nagarjuna, N., & Chawan, V. (2026). 

Deep Learning in Cyber Security: A Guide to Harnessing Generative AI for 

Enhanced Threat Detection. Generative Artificial Intelligence for Next‐

Generation Security Paradigms, 25-47. 

https://jmsrr.com/index.php/Journal/about


 

 

 

 

 
 

 
 3008 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

Villegas-Ch, W., Gutierrez, R., & Govea, J. (2025). Generative Adversarial Networks 

for Dynamic Cybersecurity Threat Detection and Mitigation. Emerging 

Science Journal, 9, 1089-1109. 

Aslam, M. I. (2026). Generative AI revolution in cybersecurity: A comprehensive 

review of threat intelligence and operations. Spectrum of Engineering 

Sciences, 4(5), 87-96. 

James, U. U., Idika, C. N., Enyejo, L. A., Abiodun, K., & Enyejo, J. O. (2024). 

Adversarial attack detection using explainable AI and generative models in 

real-time financial fraud monitoring systems. International Journal of 

Scientific Research and Modern Technology, 3(12), 142-157. 

Balasubramanian, P., Liyana, S., Sankaran, H., Sivaramakrishnan, S., Pusuluri, S., 

Pirttikangas, S., & Peltonen, E. (2025). Generative AI for cyber threat 

intelligence: applications, challenges, and analysis of real-world case 

studies. Artificial Intelligence Review, 58(11), 336. 

Ndayipfukamiye, T., Ding, J., Sarwatt, D. S., Philipo, A. G., & Ning, H. (2025). 

Adversarial Defense in Cybersecurity: A Systematic Review of GANs for 

Threat Detection and Mitigation. arXiv preprint arXiv:2509.20411. 

Anis, F. M., & Hammoudeh, M. Ai-Powered Offensive Security: Automating Cyber 

Attacks with Large Language Models, Reinforcement Learning, and 

Generative Adversarial Networks. Reinforcement Learning, and Generative 

Adversarial Networks. 

Muhammad Auwal, A. (2026). Adversarial threat modeling in generative AI: a 

systematic mapping of attack vectors to defense mechanisms. AI and 

Ethics, 6(3), 284. 

Rao, P. K., Chatterjee, S., Prakash, P. S., & Ramana, K. S. (2024, July). Adaptive 

cyber defence: Leveraging GANs for simulating and mitigating advanced 

network attacks in IoT environments. In International Symposium on Applied 

Computing for Software and Smart Systems (pp. 309-322). Singapore: 

Springer Nature Singapore. 

Adeyinka, T. I., & Adeyinka, K. I. (2023). Leveraging Generative Ai for Automated 

Cyber Threat Simulation and Response Frameworks. Available at SSRN 

5334064. 

Pasala, R. R. (2024). Using generative ai for adaptive intrusion detection 

systems. International Journal of Engineering & Technology, 8, 7. 

Tabassum, S. H., Meenal, H., Reddy, C. K. K., Pinki, G., & Lippert, K. (2025). Smart 

Cyber Defence: Leveraging AI for Real-Time Threat Detection and Mitigation. 

In AI-Driven Cybersecurity (pp. 152-170). CRC Press. 

Alqahtani, H., & Kumar, G. (2025). A comprehensive review of generative AI 

techniques and their impact on cybersecurity. Soft Computing, 29(13), 4945-

4982. 

S Shetty, R. (2024). Generative Models for Autonomous Cybersecurity Threat 

Mitigation: A Theoretical Framework and Comparative Analysis. 

https://jmsrr.com/index.php/Journal/about


 

 

 

 

 
 

 
 3009 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

Dhanushkodi, K., & Thejas, S. (2024). Ai enabled threat detection: Leveraging 

artificial intelligence for advanced security and cyber threat mitigation. IEEE 

access, 12, 173127-173136. 

Sardar, T. H., Pandey, B., & Aldasheva, L. (2026, February). AI-Driven Detection of 

AI-Generated Cyber Attacks: A Framework for Defending Against Generative 

Adversarial Threats. In 2026 IEEE 5th International Conference on AI in 

Cybersecurity (ICAIC) (pp. 1-5). IEEE. 

Udechukwu, L. M., Oladoyinbo, T. O., Mayeke, N. R., Adesokan-Imran, T. O., & 

Olasege, R. O. (2025). AI-Driven Adversarial Defense Framework with 

Generative Adversarial Network for Secure Healthcare IoT 

Ecosystems. Archives of Current Research International, 25(10), 148-165. 

Mulia, M. V., Sekti, B. A., & Utami, A. S. (2026). Automated Threats: Understanding 

and Mitigating AI-Generated Cyber Attacks. In AI-Driven Cybersecurity 

Systems, Applications, and Resilient Infrastructure (pp. 39-68). IGI Global 

Scientific Publishing. 

Baral, A., Paikaray, B. K., & Baral, S. (2025, September). Enhancing Cyber Threat 

Detection with Generative Adversarial Networks and Anomaly Detection 

Techniques. In 2025 2nd International Conference on Circuits, Power and 

Intelligent Systems (CCPIS) (pp. 1-6). IEEE. 

Khan, M. A., Alasiry, A., Marzougui, M., Bayhan, I., Kuna, S. S., Rao, G. S. N., ... & 

Aldossary, H. (2025). Securing intelligent transportation systems: A dual-

framework approach for privacy protection and cybersecurity using generative 

AI. IEEE Transactions on Intelligent Transportation Systems. 

Vadisetty, R., Polamarasetti, A., Goyal, M. K., & Kakarala, M. R. K. (2025, March). 

Analyzing and Defending Against Adversarial Attacks on Generative AI in the 

Cloud (Vulnerabilities). In Doctoral Symposium on Computational 

Intelligence (pp. 71-87). Singapore: Springer Nature Singapore. 

Alo, S. O., Jamil, A. S., Hussein, M. J., Al-Dulaimi, M. K., Taha, S. W., & 

Khlaponina, A. (2024, October). Automated detection of cybersecurity threats 

using generative adversarial networks (gans). In 2024 36th Conference of 

Open Innovations Association (FRUCT) (pp. 566-577). IEEE. 

Reddy, A., Kurra, M., Ghantasala, G. P., & Vidyullatha, P. (2026). Leveraging 

Generative AI for Advanced Threat Detection in Cybersecurity. Generative 

Artificial Intelligence for Next‐Generation Security Paradigms, 359-382. 

Al-Kateb, G., Khaleel, I., & Aljanabi, M. (2024). CryptoGenSec: A hybrid generative 

AI algorithm for dynamic cryptographic cyber defence. Mesopotamian 

Journal of CyberSecurity, 4(3), 22-35. 

Huot, S., Chheang, S., Phin, K., Phan, K., & Hok, C. (2026). From Black Box to 

Shield: Explainable and Generative AI for Adaptive Cyber Defense. In The 

Rise of Explainable and Generative AI-Driven Cyber and Information 

Security (pp. 285-316). IGI Global Scientific Publishing. 

Gunnam, S. R., & Vepuri, S. K. (2024, May). Detection of Real Time Malicious 

Intrusions Using GAN (Generative Adversarial Networks) in Cyber Physical 

https://jmsrr.com/index.php/Journal/about


 

 

 

 

 
 

 
 3010 

Online ISSN: 3006-2047 

Print ISSN: 3006-2039 
 

System. In 2024 5th International Conference for Emerging Technology 

(INCET) (pp. 1-7). IEEE. 

Khaleel, Y. L., Habeeb, M. A., Albahri, A. S., Al-Quraishi, T., Albahri, O. S., & 

Alamoodi, A. H. (2024). Network and cybersecurity applications of defense in 

adversarial attacks: A state-of-the-art using machine learning and deep 

learning methods. Journal of Intelligent Systems, 33(1), 20240153. 

Saddi, V. R., Gopal, S. K., Mohammed, A. S., Dhanasekaran, S., & Naruka, M. S. 

(2024, March). Examine the role of generative AI in enhancing threat 

intelligence and cyber security measures. In 2024 2nd International 

conference on disruptive technologies (ICDT) (pp. 537-542). IEEE. 

kumar Polinati, A. (2025, November). Generative Adversarial Deception Networks 

(GADN): Self-Evolving AI for Adaptive Cyber Defense in Cloud-Native 

Security Architectures. In 2025 Tenth International Conference on Science 

Technology Engineering and Mathematics (ICONSTEM) (pp. 1-8). IEEE. 

Syed, S. A. (2025). Adversarial AI and cybersecurity: defending against AI-powered 

cyber threats. Iconic Research And Engineering Journals, 8(9), 1030-1041. 

Sood, A. K., & Zeadally, S. (2025). Revolutionizing Cyber Defense: Leveraging 

Generative AI for Adaptive Threat Hunting. Internet Technology Letters, 8(4), 

e70039. 

Srilakshmi, P., Chaganti, K. R., Suryam, T., Julia, S., Chaithanya, D., & Kavitha, J. 

(2025, April). Real-Time IoT Cybersecurity using Machine Learning-based AI 

Threat Detection System to Train Generative Robots. In 2025 5th 

International Conference on Trends in Material Science and Inventive 

Materials (ICTMIM) (pp. 1124-1130). IEEE. 

Bakhronkulova, L., Ali, M., Khabirova, Z., Azimjon, A., Zebo, A., & Muslima, A. 

(2025, June). Artificial Intelligence in Cybersecurity: Threats, Defenses, and 

Future Directions. In ENVIRONMENT. TECHNOLOGY. RESOURCES. 

Proceedings of the International Scientific and Practical Conference (Vol. 2, 

pp. 23-30). 

 

https://jmsrr.com/index.php/Journal/about

