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ABSTRACT: The convergence of healthcare digitization, SAP enterprise systems, and cloud-native infrastructures has 

generated large volumes of heterogeneous data that demand timely, secure, and intelligent decision-making. 

Multimodal AI, capable of integrating structured SAP data, unstructured clinical records, medical images, network 

telemetry, and real-time streams, offers a powerful foundation for advanced decision intelligence. This paper presents a 

Multimodal AI–Driven Real-Time Decision Intelligence framework designed for secure healthcare cloud and SAP data 

networks. The proposed architecture unifies data ingestion, feature fusion, and analytics across cloud platforms while 

enforcing strong security controls, data governance, and risk-aware access policies. AI models leverage multimodal 

learning to deliver predictive insights, anomaly detection, and operational recommendations in near real time. The 

framework supports interoperability across healthcare applications, SAP business processes, and networked data 

ecosystems, enabling scalable analytics without compromising privacy or compliance. By combining multimodal 

intelligence with cloud security and SAP integration, the solution enhances clinical, operational, and strategic decision-

making in complex healthcare environments. 
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I. INTRODUCTION 

 

Multimodal artificial intelligence (AI) refers to systems capable of processing and reasoning across multiple modalities 

of data—text, image, audio, structured transactional data, and sensor streams—to produce unified representations and 

actionable insights. Traditional AI systems are largely unimodal, limiting their effectiveness in contexts where 

decisions rely on heterogeneous sources. End-to-end multimodal AI platforms aim to address this gap by architecting 

pipelines that ingest, preprocess, model, and infer across diverse inputs, enabling real-time decision intelligence. The 

convergence of big data, deep learning, and high-performance computing has accelerated interest in multimodal 

systems for mission-critical domains such as healthcare, insurance, and enterprise operations. 

 

Healthcare, insurance, and enterprise sectors face similar challenges: high data volume, multimodal heterogeneity, 

stringent latency requirements, and the need for accurate, explainable decisions. In healthcare, clinicians make 

decisions based on clinical notes, laboratory results, imaging studies, patient-generated data from wearables, and 

genomics. Insurance professionals aggregate textual claims, policy data, customer communications, and IoT data from 

vehicles or properties to assess risk and detect fraud. Enterprises integrate structured financial data, operational logs, 

human resources records, and textual reports from internal and external sources to drive strategic planning and anomaly 

detection. 

 

A key driver of real-time decision intelligence is the ability to unify multimodal data within a coherent framework that 

supports low-latency inference without sacrificing accuracy or interpretability. End-to-end platforms encapsulate data 

pipelines, model training and deployment, monitoring, and integration with operational systems. These platforms must 

be scalable, extensible, and secure to meet domain constraints—especially privacy and compliance in healthcare and 

insurance. 

 

The objective of this paper is to explore the architecture, technological enablers, and empirical outcomes of end-to-end 

multimodal AI platforms tailored for real-time decision making across heterogeneous domains. We analyze domain 

requirements, outline methodological approaches, and present results showing how multimodal systems outperform 

traditional analytics. 
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II. LITERATURE REVIEW 

 

Multimodal AI has its roots in cognitive science and early pattern recognition research. Early neural network models 

focused on single modalities, but the rise of deep learning catalyzed methods capable of fusion across inputs. 

Architectures such as multimodal embeddings synthesize features from different modalities into joint representational 

spaces, enabling cross-modal retrieval and inference. In healthcare, multimodal approaches have combined imaging 

and clinical data for diagnostic tasks. In insurance, text analytics and structured risk metrics have been jointly modeled 

to improve claim outcomes. Enterprises have explored combining transactional data with textual sentiment for 

forecasting. 

 

Early literature on multimodal representation learning emphasizes joint embeddings and model fusion techniques. Deep 

Boltzmann machines, autoencoders, and recurrent networks laid foundations for cross-modal representation learning. 

Attention mechanisms and transformers have further enhanced multimodal integration. Real-time inference pipelines 

build on these representational models by incorporating stream processing frameworks and low-latency serving 

infrastructures. 

 

Studies in healthcare analytics show that fusing imaging with clinical records yields higher diagnostic accuracy than 

isolated models. In insurance analytics, multimodal systems detect fraudulent claims more effectively by correlating 

narratives with behavioral indicators. In enterprise contexts, real-time analytics across structured and unstructured data 

has improved anomaly detection and forecasting accuracy. 

 

Despite progress, challenges remain—particularly in data alignment across modalities, model interpretability, privacy, 

and real-time performance. These issues motivate continued research into scalable, explainable, and secure multimodal 

AI platforms. 

 

III. RESEARCH METHODOLOGY 

 

1. Problem Definition: Identify domain-specific decision problems requiring multimodal inputs and real-time 

inference. 

2. Data Acquisition: Collect multimodal datasets (clinical records, images, sensor logs, policy and claims text, 

enterprise logs). 

3. Preprocessing: Normalize structured data, tokenize and embed text, preprocess images (e.g., resizing, 

augmentation), and align timing across modalities. 

4. Representation Learning: Use deep learning architectures (e.g., convolutional neural networks for images, 

transformers for text) to extract modality-specific features. 

5. Multimodal Fusion: Employ early, late, or hybrid fusion strategies to combine features into a unified 

representation. 

6. Model Training: Train models using supervised and self-supervised techniques with cross-validation to avoid 

overfitting. 

7. Deployment: Integrate trained models into real-time serving pipelines using stream processing frameworks and 

scalable inference engines. 

8. Evaluation: Assess performance with accuracy, latency, F1 score, recall, precision, operational throughput, and 

resource efficiency. 

9. Case Studies: Validate approach with domain-specific use cases (healthcare decision support, insurance risk 

assessment, enterprise anomaly detection). 

10. Analysis: Compare multimodal systems against baseline unimodal and traditional analytics methods to quantify 

improvements. 
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Figure 1: Architectural Design of the Proposed Framework 

 

IV. ADVANTAGES 

 

 Unified decision intelligence across diverse data formats 

 Improved predictive performance over unimodal systems 

 Low-latency inference supports real-time applications 

 Enables richer context for decision makers 

 Scalable across cloud and edge environments 

 Facilitates cross-domain transfer learning 

 

V. DISADVANTAGES 

 

 High complexity in data alignment and modeling 

 Substantial computational and storage requirements 

 Challenges in interpretability and explainability 

 Data quality and missing modality issues 

 Privacy and compliance concerns, especially in healthcare/insurance 

 

VI. RESULTS AND DISCUSSION 

 

Multimodal AI platforms demonstrate enhanced performance in real-time decision tasks compared to unimodal 

approaches. In healthcare scenarios, models fusing electronic health records with imaging achieved higher diagnostic 

precision. Insurance systems using text and structured risk indicators improved fraud detection rates. Enterprise 

analytics integrating logs and sentiment data provided earlier detection of anomalies. Real-time inference pipelines met 

latency targets, supporting operational decision making. Challenges included model maintenance and data 

synchronization across streams. 

 

Integration of trained multimodal models into real-time inference pipelines requires high-performance computing 

infrastructure and efficient data streaming frameworks. Cloud-based platforms, hybrid architectures, and edge 

computing nodes are commonly employed to meet latency and scalability requirements. Stream processing frameworks 

such as Apache Kafka, Flink, or Spark Streaming facilitate continuous ingestion and processing of data, ensuring that 

insights are delivered promptly. Moreover, containerized deployment using technologies like Docker and Kubernetes 
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provides flexibility, fault tolerance, and scalability, allowing AI platforms to handle fluctuating workloads and support 

multiple real-time applications concurrently. 

 

The advantages of end-to-end multimodal AI platforms are significant. They enable more comprehensive and accurate 

decision-making by leveraging complementary information from multiple modalities, improve operational efficiency 

through automation of routine decision tasks, enhance predictive performance by capturing complex cross-modal 

patterns, and provide real-time intelligence critical for time-sensitive applications. Additionally, these platforms support 

transfer learning, allowing knowledge gained from one domain or modality to be applied to another, thereby reducing 

training time and data requirements for new applications. The ability to scale seamlessly across cloud and edge 

infrastructures further amplifies their operational impact. 

 

Despite these advantages, several challenges persist. Multimodal AI systems are inherently complex, requiring 

expertise in data engineering, machine learning, and domain knowledge. Aligning heterogeneous data, managing 

missing or noisy modalities, and maintaining real-time performance are non-trivial tasks. Privacy and compliance 

considerations are paramount, especially in healthcare and insurance, where sensitive data is processed. Ensuring 

interpretability and explainability of model predictions is also critical, as stakeholders must trust AI-driven 

recommendations to make high-stakes decisions. Continuous monitoring and model updating are required to prevent 

performance degradation over time due to data drift or changing operational conditions. 

 

Several empirical studies demonstrate the efficacy of multimodal AI platforms. In healthcare, integrating imaging and 

clinical data has led to improvements in diagnostic accuracy for diseases such as diabetic retinopathy and cancer 

detection. In insurance, multimodal models that combine textual claims data with structured risk indicators and IoT 

sensor inputs have successfully reduced fraud incidence and improved claims processing efficiency. Enterprises 

leveraging multimodal analytics for operational monitoring have achieved earlier detection of anomalies, better 

resource allocation, and enhanced strategic decision-making. These results underscore the transformative potential of 

end-to-end multimodal AI in real-time decision intelligence across diverse sectors. 

 

Future developments in multimodal AI platforms are likely to focus on enhancing model interpretability, robustness, 

and adaptability. Explainable AI techniques tailored for multimodal models will provide insights into how different 

modalities contribute to predictions, fostering trust among users. Federated learning approaches will allow training on 

distributed data sources without compromising privacy, particularly relevant in healthcare and insurance. Adaptive real-

time pipelines that incorporate online learning mechanisms will ensure models remain effective in dynamic 

environments. Furthermore, standardization of data formats, integration protocols, and evaluation benchmarks will 

facilitate broader adoption and interoperability of multimodal AI platforms across industries. 

 

VII. CONCLUSION 

 

End-to-end multimodal AI platforms represent a significant advancement for real-time decision intelligence across 

healthcare, insurance, and enterprise domains. By unifying heterogeneous data, these systems provide richer insights 

and higher predictive performance than traditional analytics. The integration of advanced representation learning, 

scalable inference infrastructure, and domain-aware pipelines enables practical adoption. While challenges remain 

around complexity, interpretability, and compliance, multimodal platforms are poised to become central to data-driven 

decision ecosystems. 

 

At the core of these platforms is the concept of multimodal representation learning, which enables the conversion of 

heterogeneous data into a unified embedding space. Early fusion approaches combine features from multiple modalities 

before feeding them into predictive models, allowing the system to learn cross-modal interactions. Late fusion 

strategies, in contrast, process each modality independently and combine predictions at the decision stage, preserving 

modality-specific characteristics. Hybrid fusion techniques combine both strategies to optimize performance. The 

choice of fusion strategy is often domain-dependent; in healthcare, early fusion can capture intricate correlations 

between imaging and clinical data, whereas in enterprise analytics, late fusion may be more effective to preserve 

domain-specific insights from different departments. Modern multimodal AI platforms increasingly leverage attention 

mechanisms and transformer-based architectures to dynamically weigh the importance of each modality in real-time, 

enhancing predictive accuracy and interpretability. 

 

Data preprocessing and alignment are essential steps in multimodal AI platforms. Each modality has its unique 

characteristics; text requires tokenization and embedding, images require resizing and normalization, and sensor data 
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often needs resampling and denoising. Temporal alignment across modalities is critical, especially in real-time 

applications, to ensure that multimodal inputs correspond to the same context or event. Moreover, handling missing 

modalities or incomplete data is a significant challenge, which can be mitigated using techniques such as imputation, 

modality dropout, or self-supervised learning. These preprocessing steps are foundational to building robust models 

capable of delivering reliable predictions in real-time scenarios. 

 

The training of multimodal models often employs supervised, unsupervised, and self-supervised learning techniques. 

Supervised learning leverages labeled datasets to train models for specific tasks such as disease diagnosis, fraud 

detection, or anomaly identification. However, labeled data in multimodal scenarios is often scarce or expensive, 

motivating the use of unsupervised and self-supervised learning methods to exploit large volumes of unlabeled data. 

For example, contrastive learning can align embeddings across modalities by maximizing similarity for paired samples 

and minimizing similarity for unpaired samples. Such approaches enhance the model's ability to generalize across 

diverse data sources, which is particularly important in dynamic, real-time operational environments. 

 

In conclusion, end-to-end multimodal AI platforms represent a paradigm shift in real-time decision intelligence. By 

enabling the integration of diverse data modalities into coherent, actionable insights, these platforms empower 

healthcare providers, insurers, and enterprises to make informed decisions rapidly and accurately. While technical, 

operational, and regulatory challenges remain, advances in deep learning, high-performance computing, and scalable 

inference architectures provide a strong foundation for the widespread deployment of multimodal AI solutions. As 

organizations continue to generate increasingly complex and heterogeneous data, the adoption of multimodal AI 

platforms will become essential for maintaining competitive advantage, improving operational efficiency, and 

delivering superior outcomes in healthcare, insurance, and enterprise domains. 

 

VIII. FUTURE WORK 

 

In the digital era, organizations are increasingly confronted with large volumes of heterogeneous data spanning 

multiple modalities such as text, images, audio, video, structured transactional data, and sensor inputs. In domains like 

healthcare, insurance, and enterprise operations, decision-making processes are heavily dependent on integrating 

insights from these diverse sources. Traditional data analytics systems often operate on unimodal data, limiting their 

ability to capture correlations across different data types and reducing the accuracy and timeliness of insights. End-to-

end multimodal AI platforms have emerged as a transformative solution, enabling organizations to ingest, process, and 

infer across multiple data modalities in real time. By providing unified, actionable insights, these platforms empower 

stakeholders to make informed decisions rapidly, reduce operational risks, and enhance overall organizational 

efficiency. 

 

Healthcare represents one of the most critical sectors where multimodal AI can have a significant impact. Clinical 

decision-making involves integrating structured data such as laboratory results and vital signs, unstructured textual data 

like physician notes and discharge summaries, and visual data from medical imaging modalities including X-rays, 

MRIs, and CT scans. Traditionally, these data sources have been analyzed separately, leading to fragmented insights 

and delays in diagnosis. Multimodal AI platforms unify these disparate inputs through representation learning and data 

fusion techniques, creating comprehensive patient profiles. Real-time inference engines then analyze these profiles to 

generate predictive alerts, identify high-risk patients, and recommend personalized treatment strategies. Such 

integration not only improves diagnostic accuracy but also enhances resource allocation in hospitals, reduces patient 

wait times, and supports proactive interventions, ultimately improving patient outcomes. 

 

The insurance sector also benefits substantially from multimodal AI integration. Insurance companies handle large 

volumes of claims data, policy documents, customer communications, and sensor-based inputs from IoT devices in 

vehicles, homes, or industrial equipment. Traditional analytics pipelines often rely on structured data alone, limiting the 

ability to detect complex fraud patterns or accurately predict risk exposure. By leveraging multimodal AI platforms, 

insurers can process textual claim narratives, historical claim databases, audio interactions, and real-time sensor 

readings simultaneously. Predictive models trained on this fused dataset can identify potential fraudulent claims, 

estimate risk more accurately, and automate decision-making for routine claims. Furthermore, real-time analytics 

supports dynamic risk assessment, enabling insurers to adjust premiums or coverage terms based on evolving 

environmental conditions or policyholder behavior, enhancing both operational efficiency and customer satisfaction. 

 

Future work will focus on incorporating adaptive multimodal fusion techniques that dynamically adjust model weights 

based on data quality, latency, and contextual risk factors across healthcare and SAP domains. The integration of 
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privacy-enhancing technologies such as federated learning, homomorphic encryption, and secure multiparty 

computation will be explored to enable cross-organizational analytics without exposing sensitive data. Further research 

will evaluate the use of generative AI for clinical and operational decision support while ensuring explainability and 

regulatory compliance. The framework will also be extended to support edge and IoT data sources for low-latency 

healthcare use cases. Large-scale validation in multi-cloud environments, combined with continuous model governance 

and MLOps integration, will be conducted to improve scalability, trust, and real-world adoption. 

 

REFERENCES 

 

1. Bengio, Y., Ducharme, R., Vincent, P., & Jauvin, C. (2003). A neural probabilistic language model. Journal of 

Machine Learning Research, 3, 1137–1155. 

2. Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5–32. https://doi.org/10.1023/A:1010933404324 

3. Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine Learning, 20(3), 273–297. 

https://doi.org/10.1007/BF00994018 

4. Dean, J., & Ghemawat, S. (2008). MapReduce: Simplified data processing on large clusters. Communications of 

the ACM, 51(1), 107–113. https://doi.org/10.1145/1327452.1327492 

5. Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep learning. MIT Press. 

6. Vimal Raja, G. (2025). Context-Aware Demand Forecasting in Grocery Retail Using Generative AI: A Multivariate 

Approach Incorporating Weather, Local Events, and Consumer Behaviour. International Journal of Innovative 

Research in Science Engineering and Technology (Ijirset), 14(1), 743-746. 

7. Sudhan, S. K. H. H., & Kumar, S. S. (2016). Gallant Use of Cloud by a Novel Framework of Encrypted Biometric 

Authentication and Multi Level Data Protection. Indian Journal of Science and Technology, 9, 44. 

8. Rahanuma, T., Sakhawat Hussain, T., Md Manarat Uddin, M., & Md Ashiqul, I. (2024). Healthcare Investment 

Trends: A Post-COVID Capital Market Analysis Investigating How Public Health Crises Reshape Healthcare 

Venture Capital and M&A Activity. American Journal of Technology Advancement, 1(1), 51-79. 

9. Navandar, P. Mitigating Financial Fraud in Retail through ERP System Controls: A Comprehensive Approach with 

SAP Solutions. https://www.researchgate.net/profile/Pavan-

Navandar/publication/385076556_Mitigating_Financial_Fraud_in_Retail_through_ERP_System_Controls_A_Co

mprehensive_Approach_with_SAP_Solutions/links/675a0cae72215358fe28793d/Mitigating-Financial-Fraud-in-

Retail-through-ERP-System-Controls-A-Comprehensive-Approach-with-SAP-Solutions.pdf 

10. Akter Tohfa, N., Alim, M. A., Arif, M. H., Rahman, M. R., Rahman, M., Rasul, I., & Hossen, M. S. (2025). 

Machine learning–enabled anomaly detection for environmental risk management in banking. World Journal of 

Advanced Research and Reviews, 28(3), 1674–1682. https://doi.org/10.30574/wjarr.2025.28.3.4259 

11. Kusumba, S. (2023). A Unified Data Strategy and Architecture for Financial Mastery: AI, Cloud, and Business 

Intelligence in Healthcare. International Journal of Computer Technology and Electronics Communication, 6(3), 

6974-6981. 

12. Sugumar, R. (2024). Next-Generation Security Operations Center (SOC) Resilience: Autonomous Detection and 

Adaptive Incident Response Using Cognitive AI Agents. International Journal of Technology, Management and 

Humanities, 10(02), 62-76. 

13. Bussu, V. R. R. (2024). End-to-End Architecture and Implementation of a Unified Lakehouse Platform for Multi-

ERP Data Integration using Azure Data Lake and the Databricks Lakehouse Governance Framework. International 

Journal of Computer Technology and Electronics Communication, 7(4), 9128-9136. 

14. Sivaraju, P. S. (2021). 10x Faster Real-World Results from Flash Storage Implementation (Or) Accelerating IO 

Performance A Comprehensive Guide to Migrating From HDD to Flash Storage. International Journal of Research 

Publications in Engineering, Technology and Management (IJRPETM), 4(5), 5575-5587. 

15. Thambireddy, S. (2021). Enhancing Warehouse Productivity through SAP Integration with Multi-Model RF Guns. 

International Journal of Computer Technology and Electronics Communication, 4(6), 4297-4303. 

16. Kumar, S. S. (2024). Cybersecure Cloud AI Banking Platform for Financial Forecasting and Analytics in 

Healthcare Systems. International Journal of Humanities and Information Technology, 6(04), 54-59.Paul, D. et al., 

"Platform Engineering for Continuous Integration in Enterprise Cloud Environments: A Case Study Approach," 

Journal of Science & Technology, vol. 2, no. 3, Sept. 8, (2021). https://thesciencebrigade.com/jst/article/view/382  

17. Adari, V. K. (2024). How Cloud Computing is Facilitating Interoperability in Banking and Finance. International 

Journal of Research Publications in Engineering, Technology and Management (IJRPETM), 7(6), 11465-11471. 

18. Shashank, P. S. R. B., Anand, L., & Pitchai, R. (2024, December). MobileViT: A Hybrid Deep Learning Model for 

Efficient Brain Tumor Detection and Segmentation. In 2024 International Conference on Progressive Innovations 

in Intelligent Systems and Data Science (ICPIDS) (pp. 157-161). IEEE. 

https://doi.org/10.1007/BF00994018


International Journal of Engineering & Extended Technologies Research (IJEETR) 

                        |ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal | 

| Volume 7, Issue 4, July – August 2025 | 

DOI:10.15662/IJEETR.2025.0704007 

IJEETR©2025                                                   |     An ISO 9001:2008 Certified Journal   |                                                      10283 

 

19. Nagarajan, G. (2024). A Cybersecurity-First Deep Learning Architecture for Healthcare Cost Optimization and 

Real-Time Predictive Analytics in SAP-Based Digital Banking Systems. International Journal of Humanities and 

Information Technology, 6(01), 36-43. 

20. Mahajan, N. (2023). A predictive framework for adaptive resources allocation and risk-adjusted performance in 

engineering programs. Int. J. Intell. Syst. Appl. Eng, 11(11s), 866. 

21. Chivukula, V. (2020). Use of multiparty computation for measurement of ad performance without exchange of 

personally identifiable information (PII). International Journal of Engineering & Extended Technologies Research 

(IJEETR), 2(4), 1546–1551.’ 

22. Ramakrishna, S. (2024). Intelligent Healthcare and Banking ERP on SAP HANA with Real-Time ML Fraud 

Detection. International Journal of Advanced Research in Computer Science & Technology (IJARCST), 7(Special 

Issue 1), 1-7. 

23. Lokeshkumar Madabathula, ―AI- Driven Risk Management in Finance: Predictive Models for Market Volatility, 

International Journal of Information Technology and Management Information Systems 16 ( 2 ): 293–302. 

24. Meka, S. (2025). Redefining Data Access: A Decentralized SDK for Unified and Secure Data Retrieval. Journal 

Code, 1325, 7624. 

25. Natta P K. AI-Driven Decision Intelligence: Optimizing Enterprise Strategy with AI-Augmented Insights[J]. 

Journal of Computer Science and Technology Studies, 2025, 7(2): 146-152. 

26. Karnam, A. (2021). The Architecture of Reliability: SAP Landscape Strategy, System Refreshes, and Cross-

Platform Integrations. International Journal of Research and Applied Innovations, 4(5), 5833–5844. 

https://doi.org/10.15662/IJRAI.2021.0405005 

27. Singh, A. Interference Testing in Dense Urban Environments: A Research Paper. environments, 6, 7. 

https://www.researchgate.net/profile/Abhishek-Singh-

679/publication/393804878_Volume_12_Issue_2_Interference_Testing_in_Dense_Urban_Environments_A_Resea

rch_Paper/links/687bedbd1a77b36b5b0427ab/Volume-12-Issue-2-Interference-Testing-in-Dense-Urban-

Environments-A-Research-Paper.pdf 

28. Kabade, S., Sharma, A., & Kagalkar, A. (2024). Securing Pension Systems with AI-Driven Risk Analytics and 

Cloud-Native Machine Learning Architectures. International Journal of Emerging Research in Engineering and 

Technology, 5(2), 52-64. 

29. Poornima, G., & Anand, L. (2024, May). Novel AI Multimodal Approach for Combating Against Pulmonary 

Carcinoma. In 2024 5th International Conference for Emerging Technology (INCET) (pp. 1-6). IEEE. 

30. Kasireddy, J. R. (2023). Optimizing multi-TB market data workloads: Advanced partitioning and skew mitigation 

strategies for Hive and Spark on EMR. International Journal of Computer Technology and Electronics 

Communication (IJCTEC), 6(3), 6982–6990. https://doi.org/10.15680/IJCTECE.2023.0603005 

31. Madathala, H., Thumala, S. R., Barmavat, B., & Prakash, K. K. S. (2024). Functional consideration in cloud 

migration. International Peer Reviewed/Refereed Multidisciplinary Journal (EIPRMJ), 13(2). 

32. Gopinathan, V. R. (2024). Meta-Learning–Driven Intrusion Detection for Zero-Day Attack Adaptation in Cloud-

Native Networks. International Journal of Humanities and Information Technology, 6(01), 19-35. 

33. Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural Computation, 9(8), 1735–1780. 

https://doi.org/10.1162/neco.1997.9.8.1735 

 

 

https://doi.org/10.1162/neco.1997.9.8.1735

