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Abstract 
This article explores the integration of neural networks into cybersecurity frameworks for 

distributed cloud systems. The study examines architectural requirements, deployment strategies, 
model robustness, and resilience to adversarial attacks. Particular attention is paid to real-time 
anomaly detection, scalability, and the challenges of maintaining model integrity across decentralized 
environments. The proposed approaches demonstrate the effectiveness of neural models in enhancing 
threat detection and adaptive defense mechanisms in complex cloud infrastructures. 
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Аннотация 
Статья посвящена интеграции нейросетевых моделей в системы обеспечения 

кибербезопасности распределённых облачных сред. Рассматриваются архитектурные 
особенности, стратегии развёртывания, устойчивость моделей к атакам и их способность к 
адаптивному обнаружению аномалий в реальном времени. Отдельное внимание уделено 
вопросам масштабируемости и защиты модели от внешнего воздействия в условиях 
децентрализованной инфраструктуры. Представленные подходы демонстрируют 
эффективность нейросетей в контексте обеспечения интеллектуальной и устойчивой защиты 
облачных систем. 
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Introduction 
In the context of rapidly expanding digital infrastructures, distributed cloud systems have 

become a fundamental component of contemporary information technologies. These systems ensure 
scalability, resilience, and operational flexibility by decentralizing data processing across 
geographically dispersed nodes. However, their open and dynamic architecture introduces new 
vectors for cyber threats that traditional security mechanisms are often insufficient to address. 
Increasingly complex attacks such as Advanced Persistent Threats (APTs), zero-day exploits, and 
multi-stage intrusions exploit the distributed nature of cloud environments, targeting vulnerabilities 
across services, interfaces, and orchestration layers. 

Against this backdrop, neural networks (NNs) have gained attention for their ability to 
recognize patterns and anomalies in high-dimensional datasets, making them promising candidates 
for augmenting cybersecurity mechanisms. Unlike rule-based systems, which require predefined 
heuristics, NNs can learn from historical data and adapt to evolving attack patterns. Their use in 
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intrusion detection, behavioral profiling, and predictive threat modeling has demonstrated superior 
performance, particularly in scenarios where traditional systems produce high false-positive rates or 
fail to generalize across diverse threat landscapes. 

The present study aims to examine the integration of neural networks into cybersecurity 
frameworks specifically tailored for distributed cloud systems. The objective is to systematize 
architectural approaches, analyze the efficiency of various NN-based detection methods, and identify 
key challenges associated with deployment, such as latency, model drift, and data privacy concerns. 
The results are expected to inform the development of adaptive, intelligent, and scalable defense 
strategies aligned with the architectural characteristics of distributed computing infrastructures. 

Main part. Conceptual framework for neural network-based cybersecurity in distributed 
cloud systems 

Ensuring robust cybersecurity in distributed cloud systems necessitates a departure from static, 
signature-based defense models toward intelligent, adaptive solutions. Neural networks, as a class of 
machine learning algorithms capable of identifying complex nonlinear dependencies, present an 
opportunity to redesign core security logic in such systems. Rather than treating security as a 
peripheral concern, modern architectures are increasingly embedding intelligent modules into the 
operational layers of infrastructure. 

As illustrated in figure 1, neural networks are positioned as a foundational enabler of 
cybersecurity across distributed systems and cloud environments. This conceptual model reflects the 
essential role of NNs in enabling automated analysis of system behavior, detection of anomalous 
activity, and adaptive mitigation strategies. Cybersecurity, in this context, is not treated as a static 
perimeter but as an evolving, intelligent process informed by continuous data-driven inference. 

 
Figure 1. Integration of neural networks into cybersecurity architecture for distributed cloud systems 

The interplay between these layers-neural intelligence, security enforcement, and distributed 
computing-forms a feedback loop where observations lead to predictions, predictions to actions, and 
actions to new data. By structuring defense in this way, organizations can transition from reactive 
incident response to proactive risk anticipation. This model also accommodates the volatility and 
scale of distributed architectures, where static rule sets and pre-configured filters prove insufficient. 
Neural network models, trained on system logs, traffic metadata, or behavioral patterns, offer 
dynamic detection capacity that aligns with the flexibility required by modern cloud systems [1]. 

Neural network implementation for anomaly detection in cloud system logs 
Anomaly detection is a core component of modern security frameworks, particularly in the 

context of distributed cloud environments where telemetry data is abundant and diverse. NNs are 
increasingly utilized for this task due to their capacity to generalize from high-dimensional inputs and 
detect patterns indicative of abnormal system behavior. These models are especially effective in 
scenarios involving structured logs, where statistical and temporal features can be extracted to inform 
classification. 

The code sample below presents a basic implementation of a feedforward NN using the PyTorch 
library. The model is trained to distinguish between normal and anomalous log events based on 
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numerical features, enabling integration into security pipelines for real-time or batch-based inference 
[2]. 

 
import torch 
import torch.nn as nn 
 
class AnomalyDetector(nn.Module): 
    def __init__(self, input_size): 
        super(AnomalyDetector, self).__init__() 
        self.model = nn.Sequential( 
            nn.Linear(input_size, 128), 
            nn.ReLU(), 
            nn.Dropout(0.3), 
            nn.Linear(128, 64), 
            nn.ReLU(), 
            nn.Linear(64, 2)  # Binary classification 
        ) 
 
    def forward(self, x): 
        return self.model(x) 
 
The model consists of three fully connected layers with non-linear activation and dropout for 

regularization. It is compact enough for deployment on edge nodes within the distributed 
infrastructure, where resource constraints limit the applicability of more complex architectures. When 
trained on labeled log data, the network can achieve substantial improvements over heuristic or rule-
based systems, particularly in detecting novel or obfuscated threats. 

Comparative analysis of anomaly detection methods in distributed cloud environments 
Security monitoring systems in distributed clouds must contend with high-throughput data 

streams and fragmented log sources, often requiring automated anomaly detection to operate at scale. 
Several algorithmic families are typically applied in this context: statistical models, tree-based 
learners, and NNs [3]. While each class offers specific strengths, their suitability varies depending on 
the structure, volume, and temporal characteristics of the input data. 

Table 1 presents a comparative evaluation of four representative methods commonly employed 
for anomaly detection in distributed systems. Evaluation metrics include detection accuracy, false-
positive rate (FPR), adaptability to evolving threats, and compatibility with distributed deployment 
models. 

Table 1 
Comparative characteristics of anomaly detection methods 

Method Accuracy 
(%) 

FPR (%) Adaptive 
learning 

Scalability 

Isolation forest 87.2 11.5 No Medium 

Logistic regression 81.4 8.9 No High 

Feedforward neural net 91.8 6.3 Yes High 

LSTM-based detection 94.1 4.7 Yes Medium 
The table illustrates the superior detection performance of NN-based methods, particularly 

those using temporal architectures such as LSTM (Long Short-Term Memory). These models 
demonstrate both higher accuracy and reduced false-positive rates when compared to conventional 
approaches. Moreover, their ability to learn from streaming data enables continuous refinement 
without explicit retraining, which is vital in dynamic threat landscapes. 

However, trade-offs exist. Temporal models generally incur greater computational overhead 
and may require batching strategies to handle input sequences effectively. Conversely, simpler models 
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like Isolation Forests remain useful in constrained environments or as initial filters preceding more 
sophisticated analysis. 

The results underscore the importance of selecting detection algorithms not solely based on 
accuracy, but also considering deployment constraints and system heterogeneity typical of distributed 
cloud infrastructures. 

Deployment considerations for neural network-based detection in distributed cloud 
infrastructures 

The operational deployment of neural network-based anomaly detection systems in distributed 
cloud environments poses several practical challenges. Unlike monolithic systems, where models can 
be trained and applied within a centralized architecture, distributed infrastructures demand careful 
orchestration of model hosting, data streaming, and inference services. These concerns are further 
amplified by the need to preserve low latency, fault tolerance, and compatibility with heterogeneous 
compute environments (e.g., edge nodes, containerized microservices, serverless runtimes). 

To support distributed inference, NNs are typically embedded into containerized units using 
frameworks such as TensorFlow Serving or TorchServe, enabling standardized access through 
RESTful APIs or gRPC endpoints. These containers are then deployed across multiple cloud regions 
or edge clusters using orchestration platforms like Kubernetes. Model versioning, A/B testing, and 
automated rollback mechanisms are implemented through CI/CD pipelines to ensure robust lifecycle 
management. Furthermore, inference can be offloaded to specialized accelerators (e.g., GPUs, TPUs) 
in nodes with higher capacity, while lightweight fallbacks are used in constrained environments. 

Another critical consideration is the trade-off between local and centralized detection. In some 
architectures, log streams are forwarded to a central analysis engine, where models are executed on 
aggregated data to ensure global context and minimize false positives. However, this approach 
increases network traffic and introduces latency. Alternatively, on-device or edge inference allows for 
immediate threat recognition and localized response, which is particularly relevant for real-time 
applications or systems operating in bandwidth-limited settings. Hybrid schemes-where simple 
models execute at the edge and complex classifiers operate centrally-are increasingly favored to 
balance latency, accuracy, and system load [4]. 

Additionally, security and trust in the model itself become important in adversarial 
environments. Model poisoning, inference manipulation, or reverse engineering of the detection 
mechanism are feasible threats if the deployment lacks appropriate hardening. Therefore, secure 
enclaves, encrypted model transmission, and model fingerprinting are recommended in high-risk 
scenarios. In sensitive applications, federated learning may also be considered as a privacy-preserving 
strategy, enabling decentralized training across nodes without sharing raw data [5]. 

Threat vectors targeting neural network models in distributed cloud security systems 
As neural networks become integral components of cloud-based cybersecurity frameworks, 

they themselves become targets of adversarial exploitation. Threat actors increasingly shift their focus 
toward the machine learning (ML) layer, leveraging architectural and training-time vulnerabilities to 
undermine the detection capabilities of the models. In distributed cloud systems, where models may 
be exposed through APIs or run across multiple untrusted nodes, the attack surface expands 
significantly. 

Figure 2 outlines the primary categories of attacks on neural networks that pose critical risks in 
the context of distributed architectures. These include adversarial examples, in which malicious 
inputs are designed to mislead the model; data poisoning, where training datasets are manipulated to 
induce biased or dysfunctional behavior; and broader systemic vulnerabilities introduced through the 
distributed nature of cloud-based ML. 
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Figure 2. Types of attacks on neural network models in distributed cloud systems 

Adversarial examples involve minimally perturbed inputs that appear benign to humans but 
cause misclassification in neural networks. Such attacks can be mounted in real time against API-
accessible services or through tampering with input streams. These perturbations are often 
imperceptible yet exploit the model's sensitivity to specific dimensions of the input space. 

Data poisoning refers to the intentional contamination of training data to compromise a model’s 
learning process. In distributed cloud systems where federated or multi-tenant training is used, 
poisoned samples may be introduced at edge nodes or external data sources [6]. This method not only 
degrades detection accuracy but may embed stealthy failure modes within the model. 

Distributed attack surfaces further complicate defense, as models may be replicated or 
fragmented across cloud nodes. This increases the risk of partial model exposure, gradient leakage, 
and unauthorized model extraction. Without proper encryption, isolation, and access controls, these 
distributed deployments may inadvertently expose the security layer to exploitation. 

As shown in figure, these threat vectors converge around the model level, necessitating a shift 
in cybersecurity architecture from merely protecting data and infrastructure to actively defending the 
ML components themselves. This requires the implementation of adversarial training, robust model 
validation, differential privacy techniques, and continuous monitoring of model outputs under 
uncertainty. 

Adversarial training as a defense strategy for cloud-based neural models 
As neural networks are increasingly deployed in security-sensitive applications, their 

vulnerability to adversarial manipulation poses a significant threat. In distributed cloud systems, 
where models are exposed through public interfaces or operate on partially observable data, this risk 
is amplified. One of the most effective defense strategies developed to mitigate such vulnerabilities 
is adversarial training-a technique where the model is trained not only on clean examples but also on 
specially crafted adversarial inputs that simulate potential attacks. 

The following code demonstrates a simplified adversarial training loop using the Fast Gradient 
Sign Method (FGSM), a well-known algorithm for generating adversarial examples [7]. This 
implementation assumes a standard supervised classification setup with labeled data and a PyTorch 
neural model. 

 
import torch 
import torch.nn.functional as F 
 
def fgsm_attack(model, data, target, epsilon): 
    data.requires_grad = True 
    output = model(data) 
    loss = F.cross_entropy(output, target) 
    model.zero_grad() 
    loss.backward() 
    data_grad = data.grad.data 
    perturbed_data = data + epsilon * data_grad.sign() 
    return torch.clamp(perturbed_data, 0, 1) 
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def adversarial_training_step(model, data, target, epsilon, optimizer): 
    # Generate adversarial examples 
    adv_data = fgsm_attack(model, data, target, epsilon) 
    # Combine clean and adversarial samples 
    combined_data = torch.cat([data, adv_data]) 
    combined_target = torch.cat([target, target]) 
    # Forward pass 
    output = model(combined_data) 
    loss = F.cross_entropy(output, combined_target) 
    optimizer.zero_grad() 
    loss.backward() 
    optimizer.step() 
 
This method introduces adversarial robustness by systematically exposing the network to 

perturbed examples during training. The model learns not only from real-world inputs but also from 
strategically distorted ones, thereby increasing its tolerance to input shifts, noise, and malicious 
artifacts. 

In distributed systems, adversarial training can be implemented either centrally during offline 
model preparation or dynamically at edge nodes where federated learning is applied [8]. While the 
latter introduces greater complexity, it ensures localized resilience to region-specific attacks. 
Additionally, the combination of adversarial training with techniques such as dropout regularization 
and input normalization further improves generalization under threat conditions. 

Conclusion 
The integration of neural networks into cybersecurity systems for distributed cloud 

infrastructures represents a critical evolution in the defense against increasingly complex and adaptive 
cyber threats. Unlike traditional rule-based mechanisms, NNs provide a scalable and data-driven 
approach to anomaly detection, intrusion prevention, and behavioral analysis. Their ability to 
generalize across heterogeneous inputs makes them particularly well-suited for dynamic and 
decentralized cloud environments. 

Throughout this study, several key aspects of such integration have been examined: 
architectural compatibility, real-time deployment challenges, model performance under operational 
constraints, and exposure to adversarial threats. The results indicate that, when properly embedded 
within distributed architectures, NN-based modules not only enhance detection accuracy but also 
enable autonomous adaptation to evolving threat landscapes. 

Nonetheless, the adoption of neural models must be accompanied by robust security measures, 
including adversarial training, model isolation, and integrity verification. These safeguards are 
essential to prevent exploitation of the models themselves, especially in publicly accessible or multi-
tenant cloud settings. Future work should explore the use of federated learning, secure multi-party 
computation, and lightweight neural architectures to improve both security and deployability in 
resource-constrained distributed systems. 

 
References 

1. Dey S., Sarma W., Tiwari S. Deep learning applications for real-time cybersecurity threat 
analysis in distributed cloud systems // World Journal of Advanced Research and Reviews. 2023. 
Vol. 17. No. 3. P. 1044-1058. 
2. Almiani M., Abughazleh A., Jararweh Y., Razaque A. Resilient back propagation neural 
network security model for containerized cloud computing // Simulation Modelling Practice and 
Theory. 2022. Vol. 118. P. 102544. 
3. Gupta L., Salman T., Ghubaish A., Unal D., Al-Ali A.K., Jain R. Cybersecurity of multi-cloud 
healthcare systems: A hierarchical deep learning approach // Applied Soft Computing. 2022. Vol. 
118. P. 108439. 



The scientific publishing house «Professional Bulletin» 

№ 2/2025 Journal «Professional Bulletin. Information Technology and Security» 9 

4. Podder P., Bharati S., Mondal M., Paul P.K., Kose U. Artificial neural network for 
cybersecurity: A comprehensive review // arXiv preprint arXiv: 2107.01185. 2021. 
5. Wang Y., Yang X. Research on enhancing cloud computing network security using artificial 
intelligence algorithms // arXiv preprint arXiv: 2502.17801. 2025. 
6. Awan B. Deep learning neural networks in the cloud // International Journal of Advanced 
Engineering, Management and Science. 2023. Vol. 9. P. 10. 
7. Hasimi L., Zavantis D., Shakshuki E., Yasar A. Cloud computing security and deep learning: 
An ANN approach // Procedia Computer Science. 2024. Vol. 231. P. 40-47. 
Sana M.U., Li Z., Javaid F., Liaqat H.B., Ali M.U. Enhanced security in cloud computing using neural 
network and encryption // IEEE Access. 2021. Vol. 9. P. 145785-145799. 
8. Samriya J.K., Kumar S., Kumar M., Xu M., Wu H., Gill S.S. Blockchain and reinforcement 
neural network for trusted cloud-enabled IoT network // IEEE Transactions on Consumer Electronics. 
2023. Vol. 70. No. 1. P. 2311-2322. 
  


