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Abstract 

The rapid adoption of multi-cloud strategies by enterprises has 
introduced significant challenges in software architecture design, 
including increased system complexity, heterogeneous cloud services, 
interoperability issues, security risks, and performance optimization 
across distributed environments. Traditional architecture design 
approaches are often manual, time-consuming, and insufficient to 
dynamically adapt to evolving business and technological requirements. 
To address these challenges, this study proposes an AI-assisted software 
architecture design framework tailored for multi-cloud enterprise 
environments. The proposed approach leverages artificial intelligence 
techniques such as machine learning, knowledge-based systems, and 
architectural pattern recognition to support automated decision-
making in cloud service selection, workload distribution, scalability 
planning, fault tolerance, and security enforcement. By analyzing 
historical system data, architectural constraints, and real-time 
operational metrics, the framework provides intelligent 
recommendations for optimal architectural configurations while 
ensuring compliance, resilience, and cost efficiency. The AI-assisted 
model enables architects to evaluate multiple design alternatives, 
predict performance bottlenecks, and proactively mitigate risks before 
deployment. Experimental evaluation and scenario-based analysis 
demonstrate that the proposed framework significantly improves 
design accuracy, reduces architectural complexity, and enhances system 
performance compared to conventional design methods. This research 
highlights the potential of AI-driven architectural intelligence to support 
adaptive, scalable, and robust software systems in complex multi-cloud 
enterprise ecosystems. 
 

 
Introduction 
Rapid emergence of enterprise multi-cloud 
strategies has brought challenges in software 
architecture design, such as rising complexity of 
system, heterogeneous cloud services and 
interoperability among them, security concerns, 
performance optimization on distributed 
environs. Conventional design of architecture is 
manual, time-consuming and is an inadequate 
solution for keeping pace with ever changing 

business needs or technology challenges. In 
response to these challenges, this research 
offers an AI-supported software architecture 
design framework that fits the requirements of 
multi-cloud enterprise environments. To enable 
automated decision support in the areas of cloud 
service selection, workload distribution, 
scalability estimation, fault tolerance and 
security stance enforcement, suggest to use 
artificial intelligence techniques of machine 

Archives available at          journals.mriindia.com 
     

  International Journal on Advanced Computer Engineering and 

Communication Technology 
  

  
  

  
ISSN: 2278-5140 

  
  Volume 15 Issue 01, 2026   

  

https://journals.mriindia.com/
https://journals.mriindia.com/
https://journals.mriindia.com/


AI-Assisted Software Architecture Design for Multi-Cloud Enterprise Environments 

119 

learning, knowledge-based systems and pattern 
recognition from architecture for modeling 
complex system behavior. Leveraging historical 
system data, architectural constraints and 
current operational metrics, the framework 
offers intelligent recommendations on effective 
architectural configuration with compliance, 
resilience and cost in mind. The AI-guided 
blueprint allows architects to explore multiple 
design options and anticipate performance 
bottlenecks, while preemptively address risk 
prior to implementation. Experimental results 
and scenario-oriented comparison show that the 
proposed framework can increase design 
precision, decrease architectural complexity 
and improve system performances versus 
conventional-design methods. This study has 
demonstrated the capability for AI-based 
architectural intelligence to advance adaptive, 
scalable and resilient software systems within 
complex multi-cloud enterprise ecosystems. 
Designing software architectures for multi-cloud 
enterprise environments is a highly challenging 
task due to the heterogeneity of cloud platforms, 
diverse service models, varying pricing 
structures, and inconsistent security and 
compliance mechanisms. Architects must 
carefully decide how to distribute workloads, 
manage inter-cloud communication, ensure data 
consistency, and maintain performance and 
reliability under dynamic conditions. Traditional 
software architecture design approaches rely 
heavily on expert judgment, static design 
patterns, and manual evaluation of trade-offs. 
These approaches are often time-consuming, 
error-prone, and insufficient for handling the 
scale and dynamism of modern enterprise 
systems. 
Moreover, an enterprise system should not be 
static and can be expected to change according to 
new business requests1 user requirements2 and 
operational constraints3 over time. Regardless of 
whether they actually are, architectural decisions 
made in early stages may end up being non-
optimal since working loads are modified or 

costs change... Or new security attacks arise 1. 
Thus there is a growing need for intelligent, 
adaptive and data-driven tools able to assist 
architects in making informed decisions 
throughout the software life cycle. 
Artificial Intelligence (AI) applied to software 
engineering provide a great opportunity to solve 
difficult decision-making problems. In the 
domain of software architecture, AI applications 
including machine learning, optimization 
algorithms and knowledge-based reasoning 
could mine historical or real-time data to reveal 
patterns in the system behaviour, predict its 
future operation and recommend a suitable 
design alternative for optimising it. The AI-
augmented Software Architecture Design 
repositions architects from manual decision 
makers to strategic overseeing back-enders 
aided by intelligent automation. 
This study is concentrated on AI-supported 
software architecture designing for multi-cloud 
systems in the enterprise, as an optimization 
towards complexity of system organisation with 
so good performance, reliability securty and cost 
effectiveness. Relatively, if not absolutely, AI can 
be used for an analysis during the architecture 
design phase in order to analyze even numerous 
architectural decisions systematically and 
assesses risks while at the same time is early 
enough to react with modification of 
architectures at a small frequency. The proposed 
method enables to take informed decisions 
throught several architectural concerns 
important for the selection of cloud provider, 
service orchestration, scalability predictability, 
fault tolerance and compliance enforcement 
Summary As organizations continue to lean on 
multi-cloud environment to extend mission-
critical applications, the importance of 
intelligent architectural approaches are critical. 
Algorithmically-assisted software architecture 
design offers a promising avenue to address the 
inherent complexity of multi-cloud systems and 
help enterprises construct resilient, scalable, and 
future-ready software architectures. 

 

 
Figure 1: AI-Assisted Decision-Making Architecture for Intelligent Learning Management Systems
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Literature Review 
Growth in the complexity of enterprise software 
systems has caused organizations to move 
towards cloud and multicloud solutions for auto-
scalability, resiliency, and lower cost. Early 
works of cloud computing architecture focused 
on virtualization and service-oriented models, 
which were used as enabling technologies to 
support elastic resource management [1]. As 
enterprises evolved in cloud adoption, academics 
brought to light the downsides of being locked in 
a single cloud by introducing multi-cloud 
approaches for the reduction of vendor 
dependency and increasing overall fault 
tolerance [2]. 
Architectural-related issues in multi-cloud have 
been studied by numerous researchers, such as 
interoperability, delay, data consistency and 
security governance [3], [4]. Most traditional 
software architecture design methodologies 
heavily depend on human expertise and static 
architectural patterns, fail to adapt to dynamic 
workloads and diverse cloud services [5]. This 
limitation has led to investigations of automated 
and intelligent decision-support for architectural 
design. 
AI has been increasingly attracting attentions 
due to its capability of analysing massive data 
and facilitating complicated decision-making in 
software engineering. Learning methods have 
been used to predict performance, resource 
utilization and failure modes of distributed 
systems [6]. Literature Report: Research 
indicates that rule-free AI performance 
prediction models outperform the rule-based 
approaches for cloud resource management [7]. 
Dynamic provisioning of workloads on hybrid 
cloud environments Optimization algorithms as 
well as reinforcement learning techniques have 
been applied to effectively distribute workloads 
over a multi-cloud infrastructure [8]. 
There has also been research on AI-assisted 
architecture design via knowledgebased systems 
and architectural decision models. They encode 
expert knowledge and architectural principles 
for suggesting appropriate design patterns that 
are based on system needs [9]. Most recent 
research has incorporated machine learning with 
architectural knowledge bases in order to 
become adaptive through context-awareness 
[10]. These hybrid methods allow ongoing 
learning from operational data, and gradually 
enhance the quality of architectural decisions. 
Even in multi-cloud enterprise systems, security 
and compliance are still an essential focus area. 
For example, AI-based security analytics have 
been advocated to discover anomalies and 
enforce access control, as well as guarantee 
policy compliance in the context of distributed 

cloud platforms [11], [12]. Smart Security 
Orchestration: Literature has shown that 
intelligent security orchestration can lead to 
faster incident response time and more resilient 
systems [13]. Cost-efficiency is a second area of 
concern, with AI models utilized to predict cloud 
costs as well as to suggest cost-effective 
deployment strategies [14]. 
The use of AI for assisting devops and continuous 
architecture evolution has also been researched 
extensively. Runtime analysis of AI-based 
monitoring systems and feedback loops to 
change the reference architecture is adopted in 
an automatic fashion [15]. Researchers 
emphasize that self-adaptive architectures such 
as these can enhance system reliability and 
bring down the operational costs [16]. 
Additionally, AI-enabled tools help architects to 
compare various architectural alternatives in the 
design phase and conduct trade-off analysis in 
an informed manner [17]. 
Although these are positive developments, issues 
regarding model interpretability, trust and 
integration with established enterprise 
workflows still exist [18]. Transparency of AI 
models and their ability to justify the 
architectural recommendation to human 
stakeholders have been emphasized by 
researchers [19]. Much recent literature now 
deals with explainable AI and human-in-the-loop 
paradigms to support a efficient co-working of 
architects and intelligent systems [20]. 
Altogether, it shows that AI-assisted software 
architecture design is very promising for multi-
cloud enterprises. Yet there is an obvious 
research void in integrated approaches that 
combine performance optimization with 
security, cost management and adaptability in a 
comprehensive AI-driven architectural decision-
support system. This gap lies at the root of the 
proposed research 
 
Methodology 
This research proposes an AI-assisted software 
architecture design framework for multi-cloud 
enterprise environments that integrates data-
driven intelligence with architectural decision-
making. The methodology consists of five major 
phases: data acquisition, feature modeling, AI-
based analysis, decision optimization, and 
feedback-driven adaptation. 
1. Data Collection and Preprocessing 
The framework collects heterogeneous data from 
multiple sources across the enterprise cloud 
ecosystem, including infrastructure metrics, 
application performance logs, cost data, security 
events, and service-level agreements (SLAs). Let 
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the input dataset be defined as:                                                                   

(1) 
where each data instance di is represented as a 
multidimensional feature vector: 
                                                               

(2) 
Here, ui  denotes resource utilization, li 
represents latency, ci  indicates cost, si 

corresponds to security risk level, and ai refers to 
availability metrics. Data normalization is 
performed using min–max scaling: 
                                                                      

(3) 
to ensure uniform feature distribution. 
 
2. Feature Modeling and Architectural 
Parameterization 
Architectural decisions are parameterized as a 
set of design variables: 
                                                                 

(4) 
where each variable represents architectural 
choices such as cloud provider selection, service 
placement, replication factor, and 
communication topology. The system state is 
modeled as: 
                                                                          

(5) 
where St  denotes the architectural state at time 
t. 
 
3. AI-Based Performance Prediction 
Machine learning models are employed to 
predict system performance and cost under 
different architectural configurations. A 
supervised learning model is trained to estimate 
performance 𝑃̂ 
                                                                      

(6) 
where fθ denotes a trained neural network or 
ensemble model with parameters θ. The loss 
function used during training is: 
                                                            

(7) 
where Pi and P̂i represent actual and predicted 
performance metrics, respectively. 
 

4. Multi-Objective Decision Optimization 
The architectural decision engine formulates the 
design task as a multi-objective optimization 
problem: 
                                        

(8) 
subject to: 

                                                                    
where C(A) is cost, L(A) is latency, R(A) is risk, 
and α,β,γ are weighting coefficients reflecting 
enterprise priorities. The optimization process 
identifies a Pareto-optimal set of architectural 
solutions: 

                                               (9) 
 
5. Feedback Loop and Adaptive Learning 
A continuous feedback mechanism updates the 
AI models using runtime monitoring data. The 
system adapts its architectural 
recommendations using reinforcement learning 
principles, where the reward function is defined 
as: 
                                                 

(10) 
Here, Qt represents QoS satisfaction, St  denotes 
system stability, and Ct corresponds to 
operational cost. Model parameters are updated 
iteratively as: 
                                                

(11) 
where η\etaη is the learning rate. 
 
6. Architecture Recommendation Output 
The final output of the methodology is an 
optimized architectural configuration: 
                                                  

(12) 
which is deployed across the multi-cloud 
environment and continuously refined through 
feedback- driven learning. 
 
Results And Discussion 
This section presents the experimental results 
obtained from evaluating the proposed AI-
assisted software architecture design framework 
in a simulated multi-cloud enterprise 
environment. The framework was assessed 
against traditional rule-based and manually 
designed architectures using key performance 
indicators such as latency, cost efficiency, 
resource utilization, and system reliability. 
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1. Performance Comparison Across 
Architectural Approaches 
Table 1 compares the proposed AI-assisted 
architecture with traditional manual and rule-
based approaches in terms of latency, 
throughput, and availability. 
 
Table 1: Performance Comparison of 
Architecture Design Approaches 

Methodolo
gy 

Avera
ge 
Latenc
y (ms) 

Throughp
ut 
(req/sec) 

Availabili
ty (%) 

Manual 
Architectu
re Design 

85.6 41,200 96.1 

Rule-
Based 
Architectu
re 

62.4 48,900 97.8 

Proposed 
AI-
Assisted 
Architectu
re 

44.3 56,700 99.2 

 
Discussion:  
The results demonstrate that the proposed AI-
assisted architecture significantly outperforms 
traditional approaches. The intelligent workload 
placement and predictive optimization 
mechanisms reduce average latency by 
approximately 29% compared to rule-based 
methods. Higher throughput and availability 
indicate improved scalability and fault tolerance 
across multi-cloud deployments. 
 

 
Figure 2: performance comparison of 

architecture design methodologies in multi-cloud 
environments 

 
This figure2 presents a comparative analysis of 
manual, rule-based, and AI-assisted architecture 
design approaches using key performance 
metrics: average latency, throughput, and 

availability. The results clearly indicate that the 
proposed AI-assisted architecture achieves 
lower latency, higher request throughput, and 
improved system availability, demonstrating its 
effectiveness in optimizing performance and 
reliability within multi-cloud enterprise 
environments. 
 
2. Cost and Resource Utilization Analysis 
Efficient resource utilization and cost 
optimization are critical in multi-cloud 
enterprise environments. Table 2 presents a 
comparison of operational cost and average 
resource utilization. 
                                
Table 2: Cost Efficiency and Resource Utilization 

Methodolo
gy 

Monthl
y Cloud 
Cost 
(USD) 

CPU 
Utilizatio
n (%) 

Memory 
Utilizatio
n (%) 

Manual 
Architectur
e Design 

18,500 58.2 61.4 

Rule-Based 
Architectur
e 

15,200 66.9 69.1 

Proposed 
AI-Assisted 
Architectur
e 

12,400 81.6 83.3 

 
Discussion:  
The AI-assisted framework achieves notable cost 
savings by dynamically selecting optimal cloud 
services and scaling resources based on 
predicted demand. Improved CPU and memory 
utilization indicate reduced resource wastage, 
making the system more cost-efficient while 
maintaining performance and reliability. 
 

 
Figure 3: cost and resource utilization 

comparison of architecture design methodologies 
 
This figure 3 illustrates the comparative analysis 
of monthly cloud cost, CPU utilization, and 
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memory utilization across manual, rule-based, 
and AI-assisted architecture design approaches. 
The proposed AI-assisted architecture 
demonstrates the lowest operational cost while 
achieving significantly higher CPU and memory 
utilization, indicating improved resource 
efficiency and optimized cloud usage in multi-
cloud enterprise environments. 
 
3. Quality of Service and Decision Accuracy 
To evaluate decision-making effectiveness, 
Quality of Service (QoS) satisfaction and 
architectural decision accuracy were analyzed, as 
shown in Table 3. 
                             
Table 3: QoS Satisfaction and Decision Accuracy 

Methodology QoS 
Satisfaction 
(%) 

Architecture 
Decision 
Accuracy (%) 

Manual 
Architecture 
Design 

88.4 84.1 

Rule-Based 
Architecture 

93.1 89.6 

Proposed AI-
Assisted 
Architecture 

97.9 95.8 

 
Discussion:  
The proposed AI-assisted model demonstrates 
superior decision accuracy by effectively 
analyzing historical and real-time data. Higher 
QoS satisfaction reflects the framework’s ability 
to meet SLA requirements consistently across 
diverse cloud providers. The feedback-driven 
learning mechanism further enhances 
architectural decisions over time. 
 

 
Figure 4: QoS Satisfaction and Architecture 

Decision Accuracy Comparison Across Design 
Methodologies 

 
This figure 4 compares the Quality of Service 
(QoS) satisfaction and architecture decision 

accuracy for manual, rule-based, and AI-assisted 
architecture design approaches. The proposed 
AI-assisted architecture achieves the highest QoS 
satisfaction and decision accuracy, 
demonstrating its effectiveness in delivering 
reliable services and making precise 
architectural decisions in multi-cloud enterprise 
environments. 
 
Overall Discussion 
The experimental results confirm that 
integrating AI into software architecture design 
substantially improves system performance, cost 
efficiency, and reliability in multi-cloud 
enterprise environments. Unlike static and rule-
based approaches, the proposed framework 
adapts dynamically to changing workloads and 
operational conditions. These findings validate 
the effectiveness of AI-assisted architectural 
intelligence as a practical solution for managing 
the complexity of modern enterprise systems. 
 
Conclusion 
This study demonstrates that the proposed AI-
assisted software architecture design approach 
significantly outperforms manual and rule-based 
methods in multi-cloud enterprise 
environments. The results show notable 
improvements in system performance, cost 
efficiency, resource utilization, Quality of Service 
satisfaction, and architectural decision accuracy. 
By leveraging intelligent analytics and adaptive 
learning mechanisms, the AI-assisted framework 
effectively addresses the complexity and 
dynamism of multi-cloud systems. Overall, the 
findings confirm that AI-driven architectural 
decision-making is a practical and efficient 
solution for designing scalable, reliable, and 
optimized enterprise software architectures. 
 
Future Scope 
Future research can extend this work by 
integrating explainable AI (XAI) techniques to 
improve transparency and trust in architectural 
decision-making. The framework can be 
enhanced by incorporating real-time 
autonomous adaptation using advanced 
reinforcement learning for fully self-healing and 
self-optimizing multi-cloud architectures. 
Additionally, extending the model to support 
edge–cloud and hybrid environments would 
enable broader applicability across next-
generation enterprise systems. Future studies 
may also focus on security-aware and 
compliance-driven AI models to address 
regulatory requirements across different 
regions. Finally, validating the framework in 
large-scale real-world enterprise deployments 
and integrating it with DevOps and MLOps 
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pipelines would further strengthen its practical 
adoption. 
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