
M Prasanna Kumar, 2026, 14:2 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

1 
 

Bridging Memory and Quantum Intelligence: A 

Neuromorphic Approach to Quantum Machine 

Learning 

M Prasanna Kumar 1, KPavani 2, DPrasanna 3, D Siva Koteswari4, R Ashritha 5 

Department of CSE-AIML, Vignan’s Nirula Institute of Technology and Science for Women, Pedapalakaluru , 

Guntur - 522009, Andhra Pradesh, India. 

 
Abstract: One of the most promising approaches to using quantum computing to tackle challenging artificial 

intelligence issues is quantum machine learning (QML). The majority of QML architectures, however, are constrained 

by the absence of explicit methods for managing temporal and memory dependencies, which are essential for tasks like 

signal processing, sequential decision-making and forecasting. By embedding memory through devices like memristors, 

neuromorphic computing which draws inspiration from the brain’s synaptic plasticity-offers a natural solution. In this 

paper, we propose a conceptual framework for using quantum memristors to incorporate neuromorphic memory into 

quantum machine learning. We compare the potential benefits over current QML models, suggest a simulation-based 

experimental design, and assets the extent to which systems could handle sequential data challenges. Our approach 

contributes towards shaping the emerging paradigm of neuromorphic quantum intelligence. 
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I. INTRODUCTION 

 

From Optimization to drug discovery, the 

combination of quantum computing and 

machine learning holds revolutionary potential 

[1-4]. Existing models of quantum machine 

learning make use of hybrid quantum-classical 

optimization and variational circuits [5]. Even 

though these techniques have produced 

promising results [6], they frequently falter on 

tasks that require sequential patterns, where 

recall of previous inputs is essential [7-9].  

 

On the other hand, memory-driven processing 

is the life blood of biological intelligence [10]. 

Using tools like memristors, neuromorphic 

computing which imitates the structure of the 

brain introduces adaptive learning and 

plasticity [11-14]. The resistance of memristor, a 

type of non-volatile memory element, is 

determined by the voltage or current history. 

Because of this characteristic, memristors are 

great options for artificial systems that want to 

simulate synaptic memory [15-18]. 

 

Quantum memristors, quantum analogs of 

memristive devices that can encode memory 

into quantum circuits have recently been 

proposed and demonstrated by research [19] 

[20]. These advancements pave the way for the 

integration of quantum intelligence and 

neuromorphic computing [21] [22]. In this 

study, we investigate how QML models can 

benefit from memory provided by quantum 

memristors [23], which will help them perform 

more effectively on sequential and time-

dependent tasks [24]. 

 

II. LITERATURE SURVEY 

 

The integration of memory mechanisms into 

quantum machine learning (QML) has recently 

attracted significant research attention [25]. 

Existing studies explore how quantum 

memristors and neuromorphic principles can 

enhance learning efficiency, adaptability, and 

temporal processing within quantum systems 

[26] [27]. 

 

Lamata (2024) proposed one of the earliest 

frameworks for neuromorphic quantum 

machine learning, introducing the concept of 

quantum memristors as nonlinear [28], 

memory-capable components in quantum 
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circuits [29]. This work demonstrated how 

memristive dynamics could enable non-

Markovian behaviour, allowing quantum 

systems to retain information about past states. 

 

Spagnolo et al. (2022) experimentally realized a 

photonic quantum memristor, validating the 

physical feasibility of memory effects in 

quantum photonic systems . Their work 

established that memristive elements can be 

integrated into optical quantum hardware for 

reservoir computing applications [30]. 

 

Guo et al. (2022) simulated the operation of 

quantum memristors using superconducting 

qubit systems and discussed how quantum 

computers could emulate memristive 

behaviour. This study laid the groundwork for 

software-level implementations of quantum 

memory devices, making simulation-based 

analysis accessible [31]. 

 

Hernani-Morales et al. (2023) proposed a 

machine learning-based approach to optimize 

the memristive properties of quantum 

memristors, improving their adaptability and 

nonlinear performance. Their work linked 

classical learning optimization with quantum 

device characterization [32]. 

 

Nakajima et al. (2022) explored time-series 

quantum reservoir computing, demonstrating 

that recurrent feedback mechanisms in 

quantum systems can effectively handle 

sequential data. This research aligns closely with 

the objective of integrating memory dynamics 

into QML frameworks for tasks such as 

forecasting and temporal pattern recognition 

[33]. 

 

Chen et al. (2025) introduced Quantum Long 

Short-Term Memory (QLSTM) architectures, 

where quantum circuits mimic classical LSTM 

structures to perform sequential learning. This 

represents another approach to embedding 

memory in quantum neural networks, though 

without explicit hardware-level memristors [34]. 

Similarly, Li et al. (2023) and Singh & Gupta 

(2024) have investigated quantum recurrent 

neural networks and quantum kernel-based 

LSTM models for sequential learning and 

prediction tasks, further extending QML into 

temporal domains. 

Overall, existing research establishes that 

quantum memristors and recurrent quantum 

circuits are promising routes toward memory-

enhanced quantum learning. However, most 

prior works either focus on isolated device 

implementations or theoretical memory models 

[35]. The present study extends this field by 

proposing a unified conceptual framework that 

bridges neuromorphic memory principles with 

QML to form the basis of quantum intelligence 

an architecture that can learn, adapt, and 

remember in a quantum environment. 

 

III. PROPOSED FRAMEWORK 

 

The proposed Quantum Variational Circuit with 

Memristive Feedback (QVC-MF) framework 

seeks to meld memory capabilities, akin to 

those found within our brains, with the power 

of quantum machine learning. Essentially, 

quantum models would not only be able to 

process data rapidly, leveraging superposition, 

but also retain information over time, much like 

humans use memory for learning and adapting. 

 

Standard Quantum Machine Learning (QML) 

models, such as quantum variational circuits, 

typically handle each input piece in isolation. 

Due to this lack of memory, they often struggle 

to grasp patterns that evolve over time. This 

framework, however, draws inspiration from 

neuromorphic computing and memristive 

behaviour. It incorporates a memristive 

feedback loop into the quantum circuit to 

address this challenge. 

 

This framework simulates a quantum 

memristor, a device where resistance (or 

weight) changes based on the electrical current 

that passes through it. This acts as a quantum 

memory component, enabling the circuit to 

adjust its parameters based on prior 

computations. 

 

The system is structured around the following 

interconnected modules (as depicted in Figure 

2): 
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1.  Quantum Data Input Layer: This layer 

converts conventional data (like time-series 

data or sensor signals) into quantum states. This 

is accomplished using methods such as 

amplitude or angle encoding, ensuring input 

information is represented in a quantum 

format. 

2.  Quantum Encoding Layer: This layer employs 

quantum gates, including Hadamard (H) and 

Pauli rotations (Rₓ, Rᵧ, R_z), to transform the 

input states into higher-dimensional feature 

spaces. 

3.  Quantum Memory Layer (Memristive Unit): 

This is the core component. Each qubit 

possesses a memristive parameter that 

dynamically changes based on the following 

rule: 

 

M(t+1)=(1−α)M(t)+α⋅f(∣ψ(t)∣,E(t)) 

 

Here, M(t) represents the memristive state, α is 

a learning constant, ∣ψ(t)∣| signifies the size of 

the quantum state, and E(t) is the error signal 

from the output layer. This rule is what allows 

the model to learn and retain information. 

4.  Quantum Neural Processing Unit: A 

variational quantum circuit (VQC) processes the 

encoded and memory-modulated states. The 

circuit's parameters are updated through 

gradient-based optimization, a process similar 

to how classical neural networks are trained 

using backpropagation. 

5.  Hybrid Classical Interface: Measurements 

from the quantum layer are processed by a 

classical neural layer. This integration allows the 

model to harness quantum parallelism while 

still benefiting from classical optimization and 

interpretation. 

6.  Output & Prediction Layer: This layer 

generates the final prediction or classification 

result. For sequential tasks, this could be the 

subsequent predicted step in a sequence or the 

output of a temporal classification problem. 

7.  Feedback Mechanism: The error signal from 

the output is sent back to the quantum memory 

layer, dynamically updating the memristive 

parameters. This creates a self-adaptive 

learning cycle, much like how synapses function 

in the brain. 

 
 

Fig-1:Proposed Architecture of Quantum 

Memory Integrated Machine Learning 

Model 

In Fig 1During training, input data is encoded 

into quantum states sequentially. The Quantum 

Memory Layer captures historical dependencies 

by adjusting its internal memristive weights 

based on the disparity between predicted and 

actual outcomes. This helps the system 

effectively "remember" past states, thereby 

connecting short-term and long-term 

dependencies. 

 

From a mathematical standpoint, the 

memristive feedback introduces a non-

Markovian term into the quantum evolution 

equation, making the development of the 

quantum state contingent on its history. This 

behaviour is crucial for tasks such as pattern 

recognition, time forecasting, and adaptive 

control. 

 

The QVC-MF model's high-level workflow can 

be broken down as follows: 

1.  Initialize quantum parameters and 

memristive states M(0). 

2.  Encode regular input xt into quantum state 

∣ψt⟩. 

3.  Apply quantum gates to obtain 

∣ϕt⟩=U(θt,Mt)∣ψt⟩. 
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4.  Measure output yt and compute the 

prediction error Et. 

5.  Update memristive states using feedback: 

Mt+1=Mt+η⋅g(Et,∣ψt∣) 

Where g is a function that correlates error 

magnitude and quantum amplitude with 

memory adjustment. 

6.  Repeat steps 2–5 for each time step until 

convergence is achieved. 

 

The suggested model is designed to be tested 

using platforms like Qiskit, PennyLane, or 

TensorFlow Quantum. In these, memristive 

feedback can be modelled as parameter 

updates in each iteration. The architecture is 

designed to be compatible with various 

hardware and has the potential to be 

implemented on photonic or superconducting 

quantum processors as memristor 

technologies advance. 

 

IV. EXPERIMENTAL 

VALIDATION 
 

In order to illustrate the conceptual potential of 

the suggested framework, a small-scale 

simulation experiment on a synthetic time-

series dataset was performed. The dataset was 

created by mixing two sine waves with additive 

Gaussian noise in order to mimic a continuous 

and non-linear temporal pattern. The aim of the 

experiment was to forecast the next data point 

using the last five observations a 

straightforward one-step forecasting task. 

 

In Table 1 Three models were tested: 

AR(3) Linear Model: A typical autoregressive 

model with the three latest lag values as inputs. 

Feedforward Neural Network (FFNN): A single 

hidden-layer neural network trained by 

backpropagation without any direct memory 

component. 

Memristive-FFNN (Proposed): An extended 

FFNN with an added memristive-like feedback 

system that is inspired by the adaptive nature of 

a quantum memristor. This system continuously 

updates the hidden layer bias according to prior 

inputs and prediction mistakes, thereby 

incorporating a basic type of memory within the 

network. 

 

The models were trained on 70% of the data 

and validated on 30% of the data. The 

performance is measured based on the Root 

Mean Square Error (RMSE) metric.  

 

The results show that the FFNN (no memory) 

model achieved the lowest RMSE (0.1865), 

indicating the best predictive accuracy. The 

Memristive-FFNN performed comparably 

(0.1892), slightly better than the AR(3) Linear 

model (0.2080), demonstrating the 

effectiveness of incorporating memristive 

dynamics. 

 

Table 1 is the summary of the results that 

are obtained. 

Model RMSE 

AR(3) Linear  0.2080 

FFNN (no memory) 0.1865 

Memristive-FFNN 

(proposed) 

0.1892 

 

 
Fig-2:One-step Forecasting: True vs 

Prediction Values 

 

In Figure 2 The experiments reveal that both of 

the neural network-based models perform 

better than the linear baseline, illustrating the 

benefit of non-linear feature representation. 

Memristive FFNN performs as well as the 

conventional FFNN on this toy dataset. Even if 

the improvement is slight, the experiment 

proves that the use of a memory inspired 

feedback mechanism can be effectively 

implemented and simulated. 

We produced a synthetic noisy time series (a 

sine wave mix with added Gaussian noise) and 

contrasted three light-weight predictors for 

one-step prediction: (1) an AR(3) linear baseline, 

(2) a small feedforward neural network (FFNN) 



M Prasanna Kumar, 2026, 14:2 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

5 
 

with no memory, and (3) a FFNN with a simple 

memristive like state update (a simulated 

quantum-memristor analogue that updates 

hidden biases depending on previous input and 

error). 70% of the data were used for training 

the models and 30% for testing. Root-mean-

square error on test set: AR(3) Linear=0.2080, 

FFNN (no memory) =0.1865, Memristive-

FFNN=0.1892. The FFNNs beat the basic linear 

baseline; the memristive model performs 

similarly to the non-memory FFNN on this tiny 

toy task. These outcomes are representative 

(proof-of-concept) and indicate that a 

memristive memory mechanism may be 

implemented and tested; a more sophisticated 

dataset, extended training, or an optimized 

memristive update rule might demonstrate 

more distinct benefits. 

 

V. CONCLUSION 
 

By presenting quantum memristive 

architectures inspired by neuromorphics, we 

put forth a framework for connecting 

memoryand quantum intelligence. Our model 

allows for better handling of sequential data by 

incorporating feedback-driven memory into 

QML circuits. This method lays the groundwork 

for future experimental and algorithmic 

developments while highlighting a promising 

path for neuromorphic quantum intelligence, 

even though it’s still in the conceptual and 

simulation stages. 

 

REFERENCES 
 

1. Lamata, L. (2024). Quantum Memristors for 

Neuromorphic Quantum Machine Learning 

arXiv:2412.18979. 

https://arxiv.org/abs/2412.18979 

2. Spagnolo, N., et al. (2022). Experimental 

Photonic Quantum Memristors. Nature 

Photonics. 

https://www.nature.com/articles/s41566-

022-00973-5 

3. Hernai-Morales, D., et al. 

(2025).Experimental Neuromorphic 

Computing Based on Quantum Memristor. 

arXiv:2504.18694. 

https://arxiv.org/abs/2504.18694 

4. Narayana, V.L., Sujatha, V., Sri, K.S., Pavani, 

V., Prasanna, T.V.N., Ranganarayana, K. 

(2023). Computer tomography image 

based interconnected antecedence 

clustering model using deep convolution 

neural network for prediction of covid-19. 

Traitement du Signal, Vol. 40, No. 4, pp. 

1689-1696. 

https://doi.org/10.18280/ts.400437 

5. V. Pavani, S. Sri. K, S. Krishna. P and V. L. 

Narayana, "Multi-Level Authentication 

Scheme for Improving Privacy and Security 

of Data in Decentralized Cloud Server," 

2021 2nd International Conference on 

Smart Electronics and Communication 

(ICOSEC), Trichy, India, 2021, pp. 391-394, 

doi: 10.1109/ICOSEC51865.2021.9591698. 

6. Lakshman Narayana Vejendla and Bharathi 

C R, (2018), “Effective multi-mode routing 

mechanism with master-slave technique 

and reduction of packet droppings using 2-

ACK scheme in MANETS”, Modelling, 

Measurement and Control A, Vol.91, 

Issue.2, pp.73-76. 

7. Chaitanya, Kosaraju, et al. "Smart Parking 

System Using Fog Computing." 

International Conference on Hybrid 

Intelligent Systems. Cham: Springer Nature 

Switzerland, 2023. 

8. Venkatesh, R., Chaitanya, K., Bikku, T., & 

Paturi, R. (2020). A review on biomedical 

mining. J RNA Genomics, 16, 629-637. 

9. Koduru, Gouthami, Muppalla Chandana, 

Naraboyina Lakshmi Tirupatamma, and 

Pusuluri Santhi. "EMG Signal Processing by 

Prosthetic Hand Control and Modern 

Human-Arduino Computer Interaction 

System." Journal of Technology, vol. 12, no. 

10, 2024, pp. 842–850. ISSN 1012-3407 

10. Narayana, V.L., Patibandla, R.S.M.L., Rao, 

B.T. and Gopi, A.P. (2022). Use of Machine 

Learning in Healthcare. In Advanced 

Healthcare Systems (eds R. Tanwar, S. 

Balamurugan, R.K. Saini, V. Bharti and P. 

Chithaluru). 

https://doi.org/10.1002/9781119769293.ch

13 

https://arxiv.org/abs/2412.18979
https://www.nature.com/articles/s41566-022-00973-5
https://www.nature.com/articles/s41566-022-00973-5
https://arxiv.org/abs/2504.18694
https://doi.org/10.18280/ts.400437
https://doi.org/10.1002/9781119769293.ch13
https://doi.org/10.1002/9781119769293.ch13


M Prasanna Kumar, 2026, 14:2 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

6 
 

11. Komanduri, Sai Rama Krishna, Satya 

Sandeep Kanumalli, Vasumathi Devi Majety, 

and V. Sujatha. "Malicious Code Detection 

Using Deep Learning Based LSTM Model." 

AIP Conference Proceedings, vol. 2724, no. 

1, AIP Publishing, 2023. 

https://doi.org/10.1063/5.0137178. 

12. Patibandla, R.S.M.L., Narayana, V.L., Gopi, 

A.P. (2021). Autonomic Computing on 

Cloud Computing Using Architecture 

Adoption Models: An Empirical Review. In: 

Choudhury, T., Dewangan, B.K., Tomar, R., 

Singh, B.K., Toe, T.T., Nhu, N.G. (eds) 

Autonomic Computing in Cloud Resource 

Management in Industry 4.0. EAI/Springer 

Innovations in Communication and 

Computing. Springer, Cham. 

https://doi.org/10.1007/978-3-030-71756-

8_11 

13. Narayana, V.L., Gopi, A.P., Patibandla, R.S.M. 

(2021). An Efficient Methodology for 

Avoiding Threats in Smart Homes with Low 

Power Consumption in IoT Environment 

Using Blockchain Technology. In: 

Choudhury, T., Khanna, A., Toe, T.T., 

Khurana, M., Gia Nhu, N. (eds) Blockchain 

Applications in IoT Ecosystem. EAI/Springer 

Innovations in Communication and 

Computing. Springer, Cham. 

https://doi.org/10.1007/978-3-030-65691-

1_16 

14. V. Pavani, G. Akshitha, U. Bhavani, K. B. Sri, 

Y. Katyayani and S. S. Banu, "MRI Image 

Based Brain Stroke Detection Model Using 

ResNet50 with Priority Feature 

Vector," 2025 International Conference on 

Information, Implementation, and 

Innovation in Technology (I2ITCON), Pune, 

India, 2025, pp. 1-5, doi: 

10.1109/I2ITCON65200.2025.11208855. 

15. Rohini Phaneendra Kumari, G., Ravi Kanth, 

M., & Kamal, M. V. (2025). Parkinson’s 

disease early detection using hybrid 

attentive CNN-transformer model. Neural 

Computing and Applications, 37(32), 

26523-26543. 

16. Sirisha, Aswadhati, B. Siva Jyothi, and P. 

Sandhya Krishna. "Providing Data Security 

in a Distributed Networks Using Clustered 

Approach." International Journal of 

Advanced Science and Technology 28, no. 

16 (2019): 1907-1915. 

17. Gopal, G. V., Kalaivani, K., Ramakrishna, K. V. 

S. S., Srinivasulu, S., &Motupalli, R. (2025). 

Optimizing distributed inference in 

healthcare IoT: reinforcement learning and 

explainable AI for dynamic neural network 

pruning. Expert Systems with Applications, 

131069. 

18. Rayachoti, Eswaraiah, Sudhir Tirumalasetty, 

and Silpa Chaitanya Prathipati. "SLT based 

watermarking system for secure 

telemedicine." Cluster Computing 23.4 

(2020): 3175-3184. 

19. Chen, Z., et al. (2025). Quantum Long Short-

term Memory with Quantum Recurrent 

Models. 

arXiv:2508.14995.https://arxiv.org/abs/250

8.14955 

20. Singh, P., & Gupta, R. (2024). Quantum 

Kernel-Based Long Short-Term Memory. 

arXiv:2411.13225. 

https://arxiv.org/abs/2411.13225  

21. Kavishwar, S. (2011). Pension funds as an 

infrastructure financing avenue: An 

exploratory study. Management 

Dynamics, 11(2), 33-45. 

22. Bidwaikar, V. N., & Kavishwar, D. S. (2012). 

Beauty parlours–prospective channel 

partners for    retail promotion of herbal 

cosmetic products by SMEs. Indian Streams 

Research Journal. 2(1), 1-4 

23. Shahu, A., Tiwari, H., Joshi, M., & Kavishwar, 

S. An Analysis of the Effectiveness of Index 

ETFS and Index Derivatives in Covered Call 

Strategy. Journal of Informatics Education 

and Research. 4(3), 42-48. 

24. Nirmal Kumar Jingar "Ensuring Safety, 

Accountability, and Drift Resistance in LLM-

Based Supply Chain Optimization" 

International Journal of Scientific Research 

in Science, Engineering and Technology 

(IJSRSET), Print ISSN : 2395-1990, Online 

ISSN : 2394-4099, Volume 10, Issue 1, 

pp.472-482, January-February-2023. 

Available at doi : 

https://doi.org/10.32628/IJSRSET2310372 

25. Jingar, N. K. (2026, February 13). Automated 

incident intelligence in supply chains using 

agentic AI and root cause reasoning, 

https://doi.org/10.1063/5.0137178
https://doi.org/10.1007/978-3-030-71756-8_11
https://doi.org/10.1007/978-3-030-71756-8_11
https://doi.org/10.1007/978-3-030-65691-1_16
https://doi.org/10.1007/978-3-030-65691-1_16
https://arxiv.org/abs/2508.14955
https://arxiv.org/abs/2508.14955
https://arxiv.org/abs/2411.13225


M Prasanna Kumar, 2026, 14:2 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

7 
 

International Journal of Scientific Research 

& Engineering Trends Volume 9, Issue 5, 

https://doi.org/10.5281/zenodo.18162511 

26. R. Eswarawaka, M. Nijim, V. Kanumuri and 

H. Albetaineh, "Assessing the Efficacy of 

Machine Learning and Deep Learning in the 

Field of Cyber Security," 2023 Congress in 

Computer Science, Computer Engineering, 

& Applied Computing (CSCE), Las Vegas, 

NV, USA, 2023, pp. 2398-2404, doi: 

10.1109/CSCE60160.2023.00388. 

27. M. Nijim, V. Kanumuri, H. Albetaineh and A. 

Goyal, "Intelligent Monitoring and 

Management of Smart Buildings Using 

Machine Learning: Optimizing User 

Behavior and Energy Efficiency," 2023 

Congress in Computer Science, Computer 

Engineering, & Applied Computing (CSCE), 

Las Vegas, NV, USA, 2023, pp. 2391-2397, 

doi: 10.1109/CSCE60160.2023.00387. 

28. A. Mahida, "An Intellectual Zero Trust 

Security Framework Using Deep 

Reinforcement Learning for Predictive 

Threat Mitigation in AI-Based Fraud 

Detection Systems," in IEEE Access, vol. 14, 

pp. 24602-24617, 2026, doi: 

10.1109/ACCESS.2026.3664389. 

29. A. Mahida, "Machine Learning Integrated 

Zero Trust Automation with DevOps 

Principles for Continuous Security 

Enforcement," 2026 Sixth International 

Conference on Advances in Electrical, 

Computing, Communications and 

Sustainable Technologies (ICAECT), Bhilai, 

India, 2026, pp. 1-7, doi: 

10.1109/ICAECT68478.2026.11426026. 

30. Hernani-Morales, D., et al. (2023). Machine 

Learning for Maximizing the emristivity 

ofSingle and Coupled Quantum 

Memristors.arXiv:2309.05062.https://arxiv.o

rg/abs/2309.05062 

31. S. S. R. Tummuri, "Machine Learning-Driven 

Data Quality Monitoring for Fault-Tolerant 

Data Pipelines," 2025 4th International 

Conference on Computational Modelling, 

Simulation and Optimization (ICCMSO), 

Singapore, Singapore, 2025, pp. 154-159, 

doi: 10.1109/ICCMSO67468.2025.00036. 

32. S. S. R. Tummuri, "Generative AI for Data-

Centric Healthcare with Integrated 

Anomaly Detection and Monitoring," 2026 

International Conference on 

Communication, Computing and Emerging 

Technologies (IC3ET), Vasai, India, 2026, pp. 

520-526, doi: 

10.1109/IC3ET64989.2026.11467187. 

33. A. Joon, B. K. R. Janumpally, A. Gogineni and 

P. Chatterjee, "Efficient Large-Scale 

Intrusion Identification and Prevention in 

Distributed Cloud Networks Using Artificial 

Intelligence," 2025 5th International 

Conference on Intelligent Technologies 

(CONIT), HUBBALI, India, 2025, pp. 1-8, doi: 

10.1109/CONIT65521.2025.11167760. 

34. B. K. Reddy Janumpally, "Intelligent Energy 

Aware Efficient Task Scheduling in Cloud 

Computing: Leveraging Swarm 

Optimization Algorithms for Improve 

Resource Utilization," 2025 1st International 

Conference on Radio Frequency 

Communication and Networks (RFCoN), 

Thanjavur, India, 2025, pp. 1-6, doi: 

10.1109/RFCoN62306.2025.11085278. 

35. Ankur Mahida, (2021), "A Review on 

Continuous Integration and Continuous 

Deployment (CI/CD) for Machine Learning", 

International Journal of Science and 

Research (IJSR), 10(3), 1967-1970. 

https://dx.doi.org/10.21275/SR2431413182

7, 

https://www.ijsr.net/getabstract.php?paper

id=SR24314131827 

https://doi.org/10.5281/zenodo.18162511
https://arxiv.org/abs/2309.05062
https://arxiv.org/abs/2309.05062

