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ABSTRACT 

This paper proposes a cross-layer AI optimization framework for real-time decision-making in intelligent digital 

systems. It integrates application requirements, data processing, network conditions, computing resources, and 

model performance to reduce latency, energy consumption, and resource inefficiency. The framework combines 

predictive machine learning, state estimation, multi-objective optimization, and feedback-driven adaptation to 

support rapid decisions and system-wide coordination. A literature-based comparison of independent 

optimization, rule-based coordination, and AI-enabled cross-layer control highlights key challenges, including 

heterogeneous workloads, dynamic networks, explain ability, privacy, and model drift. The study provides a 

foundation for applications in edge-cloud computing, IoT, transportation, healthcare, and enterprise analytics. 

Further empirical testing is needed to validate the framework’s effectiveness. 
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1. INTRODUCTION 

Digital systems that are intelligent have transitioned from being independent software 

programs to being connected computing environments that are constantly collecting, processing, 

exchanging, and interpreting data. Artificial Intelligence (AI) is being used in many new applications 

to help predict when equipment needs maintenance; allow vehicles to drive themselves; create 

smarter transportation systems; monitor processes in factories; protect computers from cyber threats; 

and provide business leaders with accurate up-to-date information for making decisions. 

Applications using AI will need to be able to work in a variety of different situations including when 

there are heavy workloads; communication delays; limited resources; power restrictions; and 

changing environmental conditions. Therefore, improving the accuracy of one AI model is not 

enough to achieve dependable real-time performance. It takes a coordinated effort to optimize the 

entire computing and communication infrastructure. 

 

Traditional architectures have a tendency to divide system functions into individual layers. 

The application layer establishes service needs; the data layer is responsible for collecting and 

processing data; the network layer transfers data; the compute layer executes tasks; and the AI layer 

makes predictions or provides inferences. This division of labour allows developers to develop each 

layer independently, and makes management easier. On the other hand, optimizing each layer 

individually can result in conflicting choices. An accurate model might require more computational 

power than an edge device has available. A network efficient strategy for transmitting data might 

delay the receipt of data that is required by an application that needs immediate attention. Similarly, 

providing additional resources to one task can cause greater competition among all tasks, thus 

reducing the performance of other tasks. These conflicts indicate that optimizing locally does not 

always lead to overall system efficiency. 

 

A cross-layer approach solves the problem mentioned above by enabling decision making 

and data flows across various layers of an architecture. Rather than considering each aspect of the 

system (i.e., computing, networking, model selection, and application needs) independently, a cross-

layer controller can evaluate the interrelationships among them and make coordinated choices. For 

instance, in a real-time industrial monitoring application where there are limitations in network 

connectivity, a small-sized inference model can be used; the critical observations can be processed 

locally; and then the summary data sent to a cloud-based platform for further processing and 

analysis. The cross-layer approach would allow for evaluation of inference latency, model accuracy, 

communication costs, and available resources as part of the overall decision making process. 

  

Cross-layer coordination is becoming more critical with the rise of edge computing. Edge 

computing brings computing power closer to the source of data; therefore, there is less reliance on 

distant computer systems and potentially lower communication latency (Shi et al., 2016). However, 

edge devices tend to have less processing power, memory, and energy. Cloud computing can 

provide more computing scalability, but it can create delays in transmitting data over networks. 
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Therefore, distributed intelligent systems require a mechanism for making decisions about where to 

perform computations, what models to use, and whether to process or transmit data locally. 

 

Existing studies provide a strong basis for address this issue. Surveys of edge computing and 

edge intelligence demonstrate the advantages of distributing computing power and intelligence over 

various types of hardware (Mao et al., 2017; Zhou et al., 2019). Research on software-defined 

networking and network function virtualization illustrates the potential to use programmable 

hardware to enhance network management and resource control (Kreutz et al., 2015; Mijumbi et al., 

2016). Additionally, reinforcement learning and deep reinforcement learning represent two possible 

methods to develop policy-making strategies within dynamically changing environments, especially 

those where systems do not allow for the use of fixed rules to represent system state (Mnih et al., 

2015). Despite having many existing components, there are still significant barriers to creating an 

integrated, understandable, and safe-critical real-time decision-making architecture. 

 

The central research question is whether there exists a general-purpose coordination 

mechanism which simultaneously considers application deadline constraints, predictive uncertainty, 

network state information, computer resource availability, energy consumption, and operational risk. 

In addressing this issue, we propose a cross-layer hierarchical artificial intelligence (AI) optimization 

model and establish a method to evaluate its technical performance. 

 

The primary objectives are to: 

 Develop a unified architecture connecting application, data, AI, computing, and networking 

decisions. 

 Formulate cross-layer optimization as a constrained multi-objective decision problem. 

 Introduce a hierarchical control strategy that separates immediate decisions from longer-term 

resource planning. 

 Compare the proposed approach conceptually with isolated optimization and conventional 

rule-based coordination. 

 Identify implementation challenges, research gaps, and evaluation requirements for real-

world intelligent digital systems. 

 

The main contribution is a structured optimization model that connects predictive state 

estimation with coordinated resource allocation and feedback-driven adaptation. Rather than 

claiming a universally optimal solution, the paper establishes a framework that can be instantiated 

and evaluated for specific application domains. 

 

2. LITERATURE REVIEW 

2.1. Artificial Intelligence for Dynamic Decision-Making 

Machine learning is a critical element of today's intelligent digital systems, allowing for the 

extraction of patterns from past data and supporting the generation of forecasts for future system 

operating environments. Predictive models provide estimates for workload requirements, 
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categorization of incoming events, anticipation of network congestion, and identification of 

anomalies within a system. This forecasting capability allows systems to allocate resources prior to 

the occurrence of significant performance degradation. 

 

The ability of an agent to take actions based on what it observes and gets back as feedback 

from its environment is what makes reinforcement learning a step above other forms of learning. 

Deep reinforcement learning has shown itself to be a powerful tool for developing highly complex 

action strategies, such as those used by agents in Mnih et al.'s (2015) work, which was primarily 

centered on gaming environments. However, the methodology developed in that study has had a 

significant impact on areas of research related to adaptive control, scheduling, and allocating 

resources. For example, a learning agent in a distributed digital system can choose where to process 

information; change the amount of processing power allocated; or alter how data is transmitted 

through the system based upon how well the system is currently performing. 

 

AI-based decision-making mechanisms should also account for constraints, uncertainty 

estimation, operational safety nets, and fallback plans. Although learning-based optimization has 

some major disadvantages, it does introduce a number of significant issues. In addition to the 

potential need for large amounts of interaction data during training, changes in workload or 

infrastructure could render previously trained policies invalid. Also, while simulation-based 

exploration techniques might be acceptable, they may not be appropriate for use in industrial control 

or safety critical systems. 

 

2.2. Edge–Cloud Computing and Distributed Intelligence 

Edge computing is an alternative to traditional cloud-based processing of data. Instead of 

sending all data to central servers for processing, edge computing provides distributed computing 

capabilities closer to where the data originates. Shi et al. (2016) stated that edge computing developed 

as a way to meet the growing needs of mobile and IoT (Internet of Things) applications. Mao et al. 

(2017) then reviewed mobile edge computing, highlighting how it was particularly relevant for 

applications with strict latency requirements and for devices with limited resources. 

 

The distribution of intelligence at the edge and in the cloud provides opportunity for adaptive 

execution. A lightweight model may execute immediately after being deployed onto a local gateway 

device; a more computationally-intensive model may be executed in the cloud once there is sufficient 

time for communication between the edge device and the cloud, and the application requires it. Zhou 

et al. (2019) investigated edge intelligence as an emerging paradigm for combining artificial 

intelligence with distributed computing infrastructure. 

 

The use of distributed processing for executing tasks creates coordination issues (such as 

determining where each task should be executed, selecting the best model to run on the selected 

node(s), moving data to and from those nodes, and competing for resources). If all tasks are sent to 

the cloud, this could lead to increased network usage and reliance on internet access. On the other 
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hand, executing all tasks at the edge may result in resource exhaustion. Therefore, effective 

orchestration of distributed execution must consider both computational and communication aspects 

together instead of attempting to optimize either separately. 

 

2.3. Communication Networks and Cross-Layer Coordination 

Communication performance is a primary factor that determines the operation of real-time 

systems. Latency, jitter, packet loss, bandwidth availability, and congestion of a network may 

determine if data reaches its destination within an application's required timeframe. Software-

defined networking allows users to programmatically manage the network, so they can create 

policies that react to application needs and current network conditions (Kreutz et al., 2015). 

 

Network function virtualization works with the ability to separate network functions from the 

physical equipment they run on so that these functions can be deployed as software-based services. 

Mijumbi et al. (2016) studied the use of reinforcement learning to manage and optimize networks. 

They found that learning-based methods have the potential to work well in complex and dynamic 

operating environments. 

 

While there have been many developments in network-centric optimization, it can sometimes 

disregard the potential implications of its choices on computing. For example, a routing policy 

designed to reduce communication delay can direct traffic to a gateway that is at full capacity with 

respect to its processing capabilities. On the other hand, a compute scheduler can choose a distant 

server, but it does so without taking into account the possibility of network congestion. The goal of 

cross-layer optimization is to avoid such situations through the incorporation of both communication 

and computation states into the same decision-making framework. 

 

2.4. Real-Time Systems and Deadline-Aware Scheduling 

Real-time computing is defined by the requirement that in addition to producing correct 

answers, the system must produce those answers at a certain time. Hard real-time systems have strict 

requirements regarding when they need to complete tasks, and if they do not meet those deadlines, it 

can cause catastrophic failure. Soft real-time systems can occasionally miss deadlines, however, the 

quality of their performance will be diminished. Both types of real-time systems are relevant to AI-

based applications because some may fall into one category while others may fall into the other. 

 

Davis and Burns (2011) examined real time scheduling theory for multiprocessor systems to 

illustrate how complex it is to schedule tasks when there are limits on both resources and time. 

Traditional scheduling becomes even more complicated in smart digital environments due to 

uncertainty regarding task completion times, varying amounts of data to be processed, unpredictable 

changes in network delay, and conflicting demands on the system. 

 

Predictive AI can help organizations make better scheduling decisions through estimating 

execution times of jobs and anticipating future job demands. However, as statistical estimates, these 
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estimates cannot provide organizations with formal timing guarantees. For a system to be considered 

reliable, it must include both predictive optimization and admission control based upon deadline 

constraints; resource reservations when needed; and the ability to deterministically fall back to a safe 

mode in the event of failure during the processing of critical tasks. 

 

2.5. Multi-Objective Optimization and Explainable Intelligence 

Multi-layer decision making involves multiple conflicting goals. For example, reducing 

latency can lead to increased resource usage, while increasing prediction accuracy can lead to higher 

inference costs, and decreasing communication can necessitate localized processing, which uses more 

power. Multi-objective optimization is a formal approach to representing such conflicting 

requirements. 

 

The popular multi-objective evolutionary optimization algorithm NSGA-II was developed by 

Deb et al. (2002). Algorithms like NSGA-II find Pareto-efficient solutions; these solutions represent 

trade-offs in which improving one of the multiple objectives comes with a cost of decreasing at least 

one of the remaining objectives. If the decision-maker has to make an optimal choice quickly during a 

short period of time, then using either a population-based or exhaustive optimization technique may 

be too costly. Therefore, in many cases, a decision-maker will develop a set of potential 

configurations using an offline optimization process, and then implement a light-weight online 

policy to choose from those configurations. 

 

In addition to being able to understand why the model behaves the way it does, explain 

ability is also very important. To illustrate, Ribeiro et al. (2016) developed LIME, a tool designed to 

help developers identify the reasons behind a specific prediction, and Lundberg and Lee (2017) 

created SHAP, a system used to analyse the results produced by a machine learning model. While 

both LIME and SHAP will not give you answers to each control action, nor will they provide you 

with a causal understanding of why the model functions in a certain manner, they can serve as 

excellent starting points to investigate how the decisions made based upon the predictions from the 

model impact the operations of your business. 

 

2.6. Research Gap 

The literature has established that edge computing, programmable networks, predictive 

models, reinforcement learning, and multi-objective optimization can all contribute to improving 

aspects of intelligent system operation. However, there are significant differences between the studies 

on these techniques in terms of assumptions, performance metrics, and deployment environments. 

For example, a technique that is successful in a simulated network may not be applicable in an 

industrial environment with tight deadlines and a variety of device types. 

 

There are three main research areas that are critical. The first area is the need for consistent 

state representation across all layers, including application urgency, model uncertainty, network 

conditions, energy availability, and computing capacity. The second area is how to differentiate 
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between high speed operational decision making and slower long term optimization decisions using 

mechanisms that do not create too much coordination overhead. Finally, the third area is how to 

evaluate performance based upon more than just average latency and resource usage. Other factors 

should include tail latency, deadline miss rate, energy usage, reliability, and the ability to adapt as 

the workload changes. 

 

The new framework addresses these shortcomings by utilizing a hierarchical control strategy, 

performing constrained multi-objective optimization, and clearly distinguishing between 

recommendations based on prediction and operational constraints on safety. 

 

3. RESEARCH METHODOLOGY 

3.1. Research Design 

This study utilizes a design-based analytic research method. Its purpose is to create a cross-

layer optimization architecture, formulate the associated decision-making problems using 

mathematics, and define an assessment strategy which can be replicated. The work does not 

represent a completed experiment, but rather presents a combination of existing principles of 

distributed computing, reinforcement learning, real time scheduling and multi-objective optimization 

within a single cohesive framework. 

 

The proposed system includes several subsystems: distributed data sources; edge computing 

nodes; cloud-based computing infrastructure; a predictive intelligence service; a cross-layer decision 

control node; and a monitoring node. All subsystems provide observations about their operations 

and receive decisions regarding their operations. This provides support for either centralized 

coordination or local decision making, so that emergency decisions may be made at the data source 

level, while larger scale optimizations can be carried out based upon broader system-wide 

information. 

 

3.2. System Model and State Representation 

The intelligent digital system can be modelled using a directed graph, which we will denote 

as (G=(V,E)), where (V) represents all of the different types of computing and communication entities 

in the system, and (E) represents either data transfer or service dependency relationships among 

these entities. Computing nodes may vary from one another with respect to their processing 

capabilities, amount of available memory, amount of energy available for use, types of model 

configurations that they can support, and/or their present workloads. 

 

At time (t), the system state is represented as: 

                       

 

where (a_t) is application requirements, (d_t) is data characteristics, (n_t) is network 

condition, (c_t) is computing resource condition, (m_t) is AI model characteristics, and (r_t) is 

reliability and risk information. 
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Application requirements: Deadline, Priority, Accuracy Threshold, Service Criticality Data 

characteristics: Input Volume, Arrival Rate, Freshness, Pre-processing Complexity Network 

characteristics: Available Bandwidth, Round Trip Time (RTT), Jitter, Packet Loss Computing 

characteristics: Processor Utilization, Memory Availability, Accelerator Capacity, Estimated Energy 

Cost Model characteristics: Inference Time Distribution, Expected Accuracy, Computational Demand, 

Prediction Uncertainty 

 

A state representation must continuously be updated; however, the complete update is not 

needed to be sent after each individual observation. Using event-based updates and creating a 

condensed version of a state representation may lower communication costs while still providing the 

necessary information for making time-sensitive decisions. 

 

3.3. Cross-Layer Decision Variables 

The controller selects a decision vector: 

                    

 

Where (p_t) is task assignment, (q_t) is model/model-configuration selection, (f_t) is 

allocating computer resources, (b_t) is making decisions about communication/data transfer, and 

(u_t) is application-level operating policy. 

 

Task execution can occur in four locations: a local device; an edge server; a regional platform; 

and a cloud service. The type of model to be used by the task is determined by model selection. The 

types of models include light-weight, high accuracy, and validated compressed. The amount of 

processing power allocated for the task is determined by resource allocation. Data batching, data 

prioritization, data routing policies and data transmission times are determined by communication 

decisions. Finally, the acceptable trade-offs between qualities, freshness and responsiveness are 

determined by application policies. 

 

Every action can be used with every deployment. For example, some devices do not allow for 

specific accelerators and some models cannot be used in a safety-critical application. Before 

optimizing, the controller must eliminate impossible actions instead of using only a penalty function 

to prevent them. 

 

3.4. Multi-Objective Optimization Formulation 

The principal optimization problem is expressed as: 

   
     

         

 

Where (\mathcal{X}_t) is the set of feasible actions under current system constraints. A weighted 

objective can be written as: 

     ̂     ̂     ̂     ̂     ̂  
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The terms (\hat{L}_t) denote a normalized end-to-end latency, (\hat{E}_t) represents 

normalized energy consumption, (\hat{C}_t) represents normalized communication and operating 

costs, (\hat{R}_t) represents normalized reliability risk, and (\hat{Q}_t) represents normalized 

decision quality. The weights (w_L, w_E, w_C, w_R, w_Q) reflect the application's priorities and 

should be adjusted to suit the specific environment. 

 

Normalization is required because each objective uses different units. In addition, there are 

times when a weighted sum is not always suitable; for example, applications which require exactness 

(or meeting a deadline) may benefit from using hard constraints for these conditions rather than 

allowing the optimization process to be flexible with respect to violating some constraint in order to 

achieve improvement in other areas. 

 

The optimization problem is therefore subject to constraints such as: 

          

 

         
    

 

∑      

 

   
    

 

        
    

 

Where (D_i) represents the deadline for each task (i), (Q_i^ {\min}) represents the minimum 

acceptable quality for task (i), (F_j^ {\max}) represents the maximum computational capacity 

available on node (j), and (E_j^ {\max}) represents the maximum energy consumption allowed on 

node (j). 

 

These simplified constraints represent the overall system. In addition to these simplified 

representations of the overall system, a practical implementation must take into account memory 

capacity, model compatibility, network availability, data-governance requirements, and task 

interference from other processes running simultaneously. 

 

3.5. Latency Estimation 

End-to-end latency can be decomposed into: 

                                        

 

The terms describe the time taken to acquire data; process data prior to processing; wait in 

line for the opportunity to send data; transfer data over a network; perform an AI-based inference 

task on the data; and post-process the results of that inference. Other delays (e.g., those caused by 

authentication, synchronization, storage, or external services) may be added as needed. 
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The decomposition allows the controller to determine what the main reason for delays is. If 

inference is the primary factor, then a smaller model or an accelerator may be more suitable. If there 

are long queues, then redistributing the workload or using admission control would probably result 

in a better outcome. If the transfer of data via network is causing problems, then doing more 

processing on-site or reducing the amount of data being transferred may be a better option. 

 

Since latency is a random process, the controller needs to predict both average delay, as well 

as the maximum latency in the top percentile, as well as the probability that a deadline will be 

violated. It would be unacceptable for a policy that has high average performance to occasionally 

result in extremely long delays when used with real-time applications. 

 

3.6. Hierarchical Optimization and Control 

The proposed controller divides decision-making into three separate levels. Strategic control 

functions over a long period of time. This level of control uses historical data and overall system 

forecasts to determine the budget for resources, availability of models, how to allocate resources 

(placement), and the order in which applications will be processed. Tactical control reacts to shorter-

term fluctuations in workload demand, network congestion, and usage of resources. Tactical control 

can adjust where tasks are placed, allocate additional capacity, and configure models according to the 

strategic policy. 

 

Operational control handles immediate occurrences like urgent requests for inferences, short-

term network issues, and local overloads. This type of control is designed to use lightweight rules 

and valid alternatives to prevent a much slower global controller from becoming an essential part of 

every time-sensitive action. 

 

This hierarchy will reduce the amount of time that you need to run the full optimization 

algorithm for each task that comes into your system. Also, this hierarchy allows the controller on-site 

to operate even if it has lost connection with the coordinator in the cloud for a short period of time. 

 

3.7. Predictive Learning and Decision Policy 

Predictive models make predictions about how much work there will be in the near future, 

how long it will take to process, what kind of performance can be expected from the network, and 

how many resources will be needed. Depending on what type of data you have, and how predictable 

each variable is, you can choose among several types of models (time-series, supervised regression, 

and probabilistic). After making those predictions, the controller evaluates potential courses of action 

prior to the system reaching the predicted state. 

 

Reinforcement learning is applicable when the system needs to learn based on making 

sequential decisions. The learning goal can be to achieve maximum total reward with penalties 

applied for late delivery (deadline violations), inefficient use of resources (waste), and unsafe 

behavior (unsafe actions). Before being deployed, however, reinforcement learned policies should be 
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tested in either a simulated or controlled setting; this is especially important when exploratory 

actions taken by the reinforcement learning agent may cause disruption to operational services. 

 

A viable hybrid approach is to combine a predictive model, a constrained optimizer and a 

rule-based safety layer. The predictive model generates predictions of possible future events, the 

optimizer determines which of the available actions will best satisfy the constraints of the system, 

and the safety layer prevents actions that are in violation of mandatory constraints. When the 

confidence level of the predictive model falls below a certain pre-defined value, the system can use a 

conservative policy. 

 

3.8. Proposed Evaluation Protocol 

Controlled experiments should assess the framework with representative workload and 

repeatable configured environments. Comparisons to other approaches such as individual layer 

optimization, fixed placement of edge-cloud resources, rule-based cross-layer controls, and, when 

applicable, an unlimited AI policy for analysis can serve as baseline assessments. 

 

The workload suite should consist of stationary and burst request arrivals, heterogeneous 

input sizes, network congestion, edge-node overload, and temporary connectivity loss. If applicable, 

the workload suite may also include various model sizes and inference accuracy requirements. 

 

Primary evaluation criteria include median latency, 95th-and-99th percentile latency, and 

deadline-miss ratio, energy used for each task completed, resource usage, communication volume, 

decision quality, and controller overhead. Robustness will be assessed using varying workloads and 

imperfect prediction. All scenarios will use documented random seeds (or similar reproducibility 

controls) and will have uncertainty measured by either confidence intervals or appropriate statistical 

tests. 

 

This paper does not report any empirical findings. Therefore, the subsequent Results and 

Discussion section will be based on theoretical expectations, potential architectural ramifications, and 

possible testing scenarios, as opposed to reporting on fabricated experimental results. 

 

4. RESULTS AND DISCUSSION 

4.1. Architectural Analysis 

This model provides a common language for decision-making processes which are usually 

made by different parts of a system. The most important feature of this model is being able to 

determine what the results of an action taken in one part of the system will be prior to taking that 

action. For instance, choosing a cloud model does not just depend upon how well it predicts things. 

The controller now considers transmission delay, queuing, computer power, and application 

deadlines when making this choice. 
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When system layers are strongly dependent upon one another, the potential value of using 

this strategy will be maximized. If the system is operating within a stable environment, has access to 

sufficient resources, and experiences predictable traffic patterns, then the traditional method of 

optimizing locally will probably suffice. However, if the system is operating within a diverse edge-

cloud environment, a decision made locally could quickly become less than optimal due to varying 

workload requirements and network conditions. A cross-layer controller can make adjustments to the 

system to processing, adjust models, and/or prioritize time-sensitive data. 

 

The architecture creates additional costs due to coordination. To maintain state data, evaluate 

alternative courses of action, and communicate control decisions requires significant amounts of CPU 

time. Therefore, it is important to realize that there are no guarantees that cross-layer optimization 

will provide superior results to other, less complex approaches in all environments. Whether or not 

cross-layer optimization provides a better solution depends on whether the benefits of coordinating 

the different layers outweigh the added complexity. 

 

4.2. Comparative Analysis of Optimization Approaches 

Table 1 compares four representative optimization strategies. The assessment is qualitative 

and identifies expected characteristics rather than experimentally measured rankings. 

 

Table 1: Comparative Characteristics of Optimization Approaches 

Evaluation 

Dimension 

Independent Layer 

Optimization 

Rule-Based 

Cross-Layer 

Control 

AI-Driven Cross-

Layer Optimization 

Proposed Hierarchical 

Framework 

Decision scope Individual layer Multiple layers 

using predefined 

rules 

Multiple layers using 

learned or predictive 

policies 

Multiple layers with 

hierarchical 

coordination 

Adaptation to 

changing 

conditions 

Limited by local 

objectives 

Moderate within 

predefined cases 

Potentially high 

when the model 

generalizes 

Potentially high with 

feedback and fallback 

policies 

Resource 

coordination 

Limited Explicit but rule-

dependent 

Joint decisions are 

possible 

Joint decisions with 

strategic and 

operational separation 

Real-time 

suitability 

High for simple 

local actions 

High when rules 

are lightweight 

Depends on 

inference and 

optimization 

overhead 

Designed for bounded 

operational overhead 

Handling 

uncertainty 

Usually layer-

specific 

Depends on rule 

coverage 

Depends on model 

and uncertainty 

estimation 

Explicit prediction 

confidence and 

conservative fallback 

Explainability Often 

straightforward 

locally 

Generally high Varies by model and 

policy 

Supports action 

logging, constraints, 

and model 

explanations 



 

 
 

ISSN: 3071-561X 
PP: 23-43. 

 

----------------- 

Cross-Layer Artificial Intelligence Optimization for Real-Time Decision-Making in Intelligent Digital Systems 

Bhuvaneshwari 

    35 

Implementation 

complexity 

Low to moderate Moderate High High 

Main limitation Conflicting local 

objectives 

Poor coverage of 

unseen 

situations 

Model drift, 

overhead, and unsafe 

actions 

Coordination cost and 

need for extensive 

validation 

 

The findings suggest that the proposed model does not represent a complete replacement for 

other forms of control; rather, it represents a development model for applications with multiple 

interacting resource and timing requirements. Optimization of independent variables continues to be 

advantageous if there is little or no interaction between them. Rule-based control continues to be 

effective when behaviour needs to be predicted and the environment within which the system 

operates is known. AI-driven control is increasingly beneficial when state transitions become more 

complicated and predictive data can assist in decision making. 

 

The hierarchical approach seeks to incorporate both methods' benefits. It uses learned 

optimization for decision-making that could benefit from being adapted, but it also maintains clear 

restrictions on actions taken as well as simple rules for quick action. While this split may enhance 

organization, how much it improves organization will vary from deployment to deployment. 

 

4.3. Application-Level Implications 

Industrial monitoring systems can generate a constant flow of data from sensor 

measurements taken on machines. However, anomaly detection models used in these types of 

systems are subject to strict timing constraints based upon machine safety and continuous operation. 

A cross layer control strategy would allow the most critical data to be identified first, run a smaller 

version of the model on a local gateway, and then send the remaining data to a cloud-based service 

for historical evaluation. This approach would decrease the amount of data being transmitted 

unnecessarily, but will still allow the organization to have access to more comprehensive analysis 

options. 

 

In an intelligent transportation system, roadside devices and vehicles can communicate with 

each other via variable-connectivity network. The coordinated controller can determine which 

perception tasks require immediate attention and which ones can wait to be processed remotely. 

However, safety critical tasks should always be performed locally using validated control and not 

rely on the decisions of a cloud that has not been verified. 

 

The use of cross-layer optimization within enterprise analytics could facilitate the 

coordination of data ingestion, feature processing, inference, and the allocation of resources. For 

example, during times of increased demand (demand spikes), the system could prioritize those 

workloads which have higher value; postpone less critical batch operations; or choose cheaper model 

configurations if the quality requirements of the applications allow. This type of capability is most 

applicable for organizations who are running multiple types of workloads across centralized and 

distributed environments. 
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There are many possible areas for applying healthcare information systems. When developing 

data-processing pipelines, designers will have to weigh the trade-offs of performance (response 

time), protection of patient privacy, model quality, and available computing resources. By using local 

processing, the need to move large amounts of data across networks may be reduced. However, local 

processing must still meet the applicable privacy, security, and validation standards for clinical use. 

Optimization at each layer does not guarantee that a system is safe for use in clinical settings or meets 

regulatory requirements. 

 

4.4. Decision Workflow 

Figure 1 illustrates the proposed end-to-end decision workflow. It represents a conceptual 

sequence rather than an experimentally validated execution trace. 

 

 
Fig 1 - Cross-Layer AI Decision-Making Workflow 

 

The first step of the workflow involves continuous observation and state estimation. After 

that, the predictive component will forecast relevant system conditions. The controller will then select 

a course of action. Prior to execution, the action is verified against mandatory constraints. Finally, 

performance measurements are sent back to the monitoring subsystem so that the controller can 

determine whether it made any prediction errors and adjust its policies accordingly. 

 

The division of labour between prediction and checking for constraints was made 

intentionally. Prediction, with its ability to determine what may occur, cannot on its own authorize 

an event that is contrary to a required deadline, resource constraint, and security guideline or 

application specification. 

 

4.5. Expected Performance Trade-Offs 

The greatest advantages of cross-layer optimization will be seen when there is a large amount 

of variability in workload, diverse hardware available to the system, and significant interaction 

between processing and communications. Forecasting will help with better decision-making 
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regarding how to assign tasks to available resources, and coordination of allocating resources will 

help eliminate unnecessary waiting times for data transfers or queuing. 

 

However, the trade-offs of the various types of models (compact, cloud-based, etc.) are in 

direct conflict with each other. For example, a smaller model will be faster than a larger model, 

however it will have less predictive accuracy. On the other hand, a cloud-based model will have 

better performance, but it will need to communicate with a server. There is also a trade-off when 

deciding whether to process the data locally or in the cloud. Local processing will cut down on 

network traffic, but it will increase energy consumption on devices that have limited power 

resources. 

 

Therefore, the framework will utilize application specific constraint and objective function 

instead of utilizing a single universal optimization. For systems that require high level of accuracy; 

those model configurations that do not meet the lower limit for acceptable quality will need to be 

eliminated. For time sensitive systems (deadline critical), the controller must discard actions that 

have unacceptable levels of risk of violating deadlines, although such actions may seem economically 

viable. 

 

The other problem is that average latency does not account for the infrequent but significant 

delays associated with queuing, congestion, or resource competition. Therefore, an adequate 

evaluation must include reporting of both latency distributions and deadline miss ratios. The 

proposed architecture explicitly addresses these aspects in its evaluation plan; however, whether it 

will lead to an improvement is an empirical matter. 

 

4.6. Multi-Objective Evaluation and Decision Selection 

Table 2: Proposed Evaluation Metrics and Interpretation 

Metric Definition Or Measurement Research Purpose 

End-to-end latency Time from data availability to delivery of the decision 

or result 

Measures responsiveness 

95th/99th percentile 

latency 

Upper-percentile response time Identifies tail-delay 

behavior 

Deadline-miss ratio Missed deadlines divided by total eligible tasks Evaluates real-time 

reliability 

Energy per completed 

task 

Energy consumed divided by completed tasks Measures energy 

efficiency 

Resource utilization Fraction of available processing or memory capacity 

used 

Evaluates resource 

allocation 

Communication 

volume 

Data transferred during the evaluation interval Measures network 

demand 

Decision quality Task-specific accuracy, utility, or service-quality score Ensures useful outputs 

Controller overhead Time, memory, CPU, and network resources used for 

control 

Measures optimization 

cost 

Adaptation recovery Time needed to return to an acceptable operating state Evaluates resilience 



 

 
 

ISSN: 3071-561X 
PP: 23-43. 

 

----------------- 

Cross-Layer Artificial Intelligence Optimization for Real-Time Decision-Making in Intelligent Digital Systems 

Bhuvaneshwari 

    38 

time after disruption 

Constraint violation 

rate 

Frequency of violations of mandatory operational 

constraints 

Evaluates safety and 

feasibility 

 

These measures need to be considered together. A lower amount of power used doesn't mean 

you're doing well when you have a lot of late jobs, and a higher percentage of resources being used 

isn't always good either, because of increased waiting times. Likewise, a high level of accuracy on 

your model won't prove that your whole system is working properly when those accurate results 

come in too late to be useful for the decision making process. 

 

Therefore, the results of a multi-objective evaluation will show each of the individual 

measures as well as the trade-offs that occur among those measures. Pareto analysis will indicate if 

there is a way to significantly improve one measure while not making a negative impact on another 

important measure. If an application must meet certain service level standards, then the application's 

ability to achieve those standards must be determined prior to evaluating the economics or 

efficiencies of the alternative policies. 

 

4.7. Proposed Analytical Comparison 

This is a natural re-writing of the original text. This approach allows us to compare our 

proposed framework to other existing frameworks using a series of controlled scenarios with 

increasing levels of complexity. In the first scenario, we will use a consistent workload and a stable 

network connection to determine if the added control architecture has any negative impacts on 

system performance. Next, in the second scenario, we will add bursty workloads and restricted edge 

capabilities. Then, in the third scenario, we will include congestion, dynamically changing task 

priorities, and transient node failures. Finally, in the last scenario, we will assess the effect of 

unpredictable workloads and latency predictions on our system. 

 

The expected hypotheses include that cross-layer coordination will provide greater benefits in 

dynamic environments than in static ones; that hierarchical control will decrease the reliance of time-

critical decisions on centrally optimized solutions; and that uncertainty-aware fallback strategies will 

decrease the number of hazardous choices made by individuals as a result of unreliable predictions. 

 

A valid comparison of different systems requires that they each have access to identical 

hardware, workload profiles, service requirements, and measurement methodologies. Baseline 

systems must also be properly optimized, as if they are not then any apparent benefits provided by 

cross-layer intelligence will likely be due to a poor baseline system configuration. In addition, when 

reporting statistical analysis, the variability within runs should be reported along with confidence 

intervals and/or effect sizes, when appropriate. 

 

4.8. Limitations 

There are some limitations to this study. First, the framework was developed as a concept; it 

was not tested with an actual system (prototype) nor was it tested with a published experimental 
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data set. Therefore, the efficiency of the framework cannot be measured at this time. Second, the 

optimization model simplified many real-world characteristics, such as interactions among 

applications, fluctuations in energy pricing, dependency upon security, and the complexity of service 

chains. Third, different application areas have very different relative priorities regarding the 

objectives of the optimization. Therefore, weights and constraints used in one area of application 

cannot simply be applied to another area of application without considering these differences. 

 

Fourthly, AI controllers can experience "model drift", "feedback instability", or "unpredicted 

behaviours" if they are subjected to environments that differ significantly from those in which they 

were trained. Fifthly, the ability for all of the layers within the controller to share detailed 

information regarding their current state could result in privacy and/or security concerns. Sixthly, 

the need for real-time guarantees may necessitate the development of formal scheduling analyses, 

execution time limits, admission control, and fallback mechanisms that are guaranteed to work even 

in the event of an unforeseen failure of the system. 

 

These boundaries define what is possible for this work as an architectural contribution and 

what will need to be formally validated. 

 

5. CONCLUSION 

Cross-layer AI optimization is an effective method for making real-time decisions within 

intelligent digital systems, due to the fact that it considers the interrelationships between computing, 

networking, data processing, model selection, and user requirements. If we were to optimize each of 

these components individually, there could be conflicting decisions made, especially in distributed 

environments where workloads, communication conditions, and resource availability are constantly 

changing. 

 

This paper has presented a hierarchical architecture that integrates state estimation, predictive 

intelligence, constrained multi-objective optimization, operational safety verification, and feedback-

based adaptive behaviour. The architecture treats the coordination of decision-making related to task 

placement, model configuration, resource allocation, communication strategies, and application 

policies as being interrelated. In addition, it differentiates between strategic planning and tactical 

adaptation/immediate operational control, thereby decreasing the computational load of making a 

single global decision for each time sensitive event. 

 

The analytical comparison of cross-layer coordination shows that it will provide value if the 

interaction between layers significantly affects the service's performance. However, there are 

additional costs associated with adopting this approach such as increased state management 

overhead, more complex implementation of the system, and added reliability issues. Therefore, the 

decision to implement cross-layer coordination should be made on an application-by-application 

basis based on the results of an assessment of whether or not implementing cross-layer coordination 

would be beneficial in each particular environment. 
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The main value added by my work is that I am providing a reusable 

theoretical/conceptual/mathematical basis for developing similar types of systems. My suggested 

architecture/evaluation criteria may be utilized to develop future implementations within edge-

cloud computing; industrial IoT; smart transportation; health care information systems; and/or 

enterprise analytics. Before the framework developed herein can be validated as ready for use in a 

production environment/safety critical application, additional empirical testing, formal validation of 

constraints, and robustness analysis will need to be completed. 

 

6. FUTURE SCOPE 

In the future, researchers should focus on implementing and validating the suggested 

architecture through experiments with realistic workloads and various types of computing hardware. 

Developing a prototype that incorporates edge devices, cloud services, software-defined network 

control, and AI inference workloads will allow us to directly measure the latency, energy 

consumption, resource utilization, communication overhead, and deadline reliability of the system. 

 

The second avenue is the creation of uncertainty-aware optimizations. Controllers of 

tomorrow may assess how confident they are about predictions and directly consider the 

implications of making inaccurate predictions. Distribution ally robust optimization, constrained 

reinforcement learning, and conservative policy selection could offer viable alternatives when the 

system must be dependable in light of workload changes and/or incomplete data. 

 

In addition, future research should explore how to achieve decentralized coordination across 

edge nodes. As the number of connected devices and applications continues to grow, there is 

potential for fully centralized control to limit performance. Distributed agents can locally determine 

actions based upon exchanged coordination data that are small in size. However, further research 

into achieving convergence, managing conflicting objectives and reducing communication overhead 

will be necessary. 

 

Fourth, explain ability/audibility of decisions made by the system deserves more attention. 

By recording all state variable values, constraints used, model version employed, and explanation for 

why a specific action was taken in a log file, we can provide developers with a means of diagnosing 

errors, holding people accountable for their actions, and conducting operational reviews. In addition 

to providing a means of assessing whether an explain ability mechanism will be helpful to operators, 

we must also consider if these mechanisms are adequate to demonstrate safety. 

 

Lastly, using privacy preserving optimization can lower the requirement of transferring raw 

data between organizations or infrastructures. Some methods like federated learning, secure 

aggregation, and privacy-aware scheduling can help coordinate across layers when there is 

sensitivity involved in the environment. However, the additional communication and computational 

costs associated with these methods would need to be considered. 
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In conclusion, future studies need to evaluate domain specific implementations and 

standardized evaluations. The requirements for industrial controls are significantly different than 

those of enterprise analytics; in addition, transportation applications could require different 

communication and safety regulations. The use of reproducible data sets, realistic network 

environments, open evaluation standards and comparisons to properly optimized baselines will 

assist in determining whether or not cross layer AI optimization provides quantifiable improvements 

over other control strategies. 

 

REFERENCES 
[1] Davis, R. I., & Burns, A. (2011). A survey of hard real-time scheduling for multiprocessor systems. ACM Computing 

Surveys, 43(4), Article 35. https://doi.org/10.1145/1978802.1978814 

[2] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2022). Enhanced Serverless Micro-Reactivity Model for High-

Velocity Event Streams within Scalable Cloud-Native Architectures. International Journal of Emerging Research in 

Engineering and Technology, 3(3), 127-135. 

[3] Akinapalli, S. (2025). Metadata-driven data integration framework: Automating enterprise data integration through 

declarative approaches. European Modern Studies Journal, 9(4), 9. http://www.journal-ems.com     

[4] Deb, K., Pratap, A., Agarwal, S., & Meyarivan, T. (2002). A fast and elitist multiobjective genetic algorithm: NSGA-II. 

IEEE Transactions on Evolutionary Computation, 6(2), 182–197. https://doi.org/10.1109/4235.996017 

[5] Obannagari, C. K. R. N., & Nangi, P. R. (2021). Predictive Autoscaling for Kubernetes Using Multivariate Time-Series 

Forecasting. International Journal of Emerging Research in Engineering and Technology, 2(2), 73-83.                      

[6] Kreutz, D., Ramos, F. M. V., Veríssimo, P. E., Rothenberg, C. E., Azodolmolky, S., & Uhlig, S. (2015). Software-defined 

networking: A comprehensive survey. Proceedings of the IEEE, 103(1), 14–76. 

https://doi.org/10.1109/JPROC.2014.2371999 

[7] Virendra Jangid. (2023). Event-Driven Architectures for Large-Scale Financial Platforms. International Journal of 

Intelligent Systems and Applications in Engineering, 11(11s), 1124 –. Retrieved from 

https://ijisae.org/index.php/IJISAE/article/view/8348 

[8] Nangi, P. R., & Obannagari, R. N. CK, & Settipi, S.(2022). Predictive SQL Query Tuning Using Sequence Modeling of 

Query Plans for Performance Optimization. International Journal of AI, BigData, Computational and Management Studies, 

3(2), 104-113. 

[9] Lundberg, S. M., & Lee, S.-I. (2017). A unified approach to interpreting model predictions. In Advances in Neural 

Information Processing Systems (Vol. 30). Curran Associates, Inc. 

[10] Mullapudi, P. N., Bhaduri, S., Casadei, A., Guo, L., Wang, H., Ashok, V., ... & Rakshit, A. (2025). An end-to-end Causal 

Modeling Framework for Advanced Attribution in Supply Chain Operations. In KDD 2025 Workshop on AI for Supply 

Chain: Today and Future. 

[11] Vasantha Kumar Hosahalli Seenappa. (2025). Predictive Configuration Governance for AI-Assisted Network 

Automation in Hyperscale MPLS/IP Backbone Networks. International Journal of Intelligent Systems and Applications in 

Engineering, 13(2s), 352–358. Retrieved from https://ijisae.org/index.php/IJISAE/article/view/8534 

[12] Obannagari, C. K. R. N., & Nangi, P. R. (2021). Predictive Database Performance Optimization Using Machine 

Learning-Driven Query Workload Modeling. International Journal of AI, BigData, Computational and Management Studies, 

2(4), 107-116. 

[13] Y. Syed, “Enterprise Observability and Software Delivery Performance: From Telemetry to Engineering  Intelligence”, 

IJADSMC, vol. 5, no. 2, pp. 01–08, Sep. 2022, doi: 10.67228/30713498/IJADSMC-2022PIIKP2M.    

[14] K. Bhagyasri, Education vs Entertainment on the mobile screen time spent per day by students in Higher Education in 

Tamil Nadu, Salud, Ciencia y Tecnologia - Serie de Conferencias, vol. 3, no. 714, pp. 1-11, 2024. 

[15] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2022). Self-auditing deep learning pipelines for automated 

compliance validation with explainability, traceability, and regulatory assurance. International Journal of Artificial 

Intelligence, Data Science, and Machine Learning, 3(1), 133-142. 

[16] Casadei, A., Bhaduri, S., Malshe, R., Mullapudi, P., Ratan, R., Pole, A., & Rakshit, A. (2025). Scaling Causal Mediation 

for Complex Systems: A Framework for Root Cause Analysis. arXiv preprint arXiv:2512.14764.  

https://doi.org/10.1145/1978802.1978814
http://www.journal-ems.com/
https://doi.org/10.1109/4235.996017
https://doi.org/10.1109/JPROC.2014.2371999
https://ijisae.org/index.php/IJISAE/article/view/8348
https://ijisae.org/index.php/IJISAE/article/view/8534
https://doi.org/10.67228/30713498/IJADSMC-2022PIIKP2M


 

 
 

ISSN: 3071-561X 
PP: 23-43. 

 

----------------- 

Cross-Layer Artificial Intelligence Optimization for Real-Time Decision-Making in Intelligent Digital Systems 

Bhuvaneshwari 

    42 

[17] Mao, Y., You, C., Zhang, J., Huang, K., & Letaief, K. B. (2017). A survey on mobile edge computing: The communication 

perspective. IEEE Communications Surveys & Tutorials, 19(4), 2322–2358. https://doi.org/10.1109/COMST.2017.2745201 

[18] Nangi, P. R., & Settipi, S. (2023). A cloud-native serverless architecture for event-driven, low-latency, and AI-enabled 

distributed systems. International Journal of Emerging Research in Engineering and Technology, 4(4), 128-136. 

[19] Pavan Nithin Mullapudi (2024). An Adaptive Explainability Framework for Machine Learning Predictions of Deals in 

Cloud Computing . International Journal of Multidisciplinary Research and Growth Evaluation (IJMRGE), 5(3), 1027-

1034. DOI: https://doi.org/10.54660/.IJMRGE.2024.5.3.1027-1034 

[20] Mijumbi, R., Serrat, J., Gorricho, J.-L., Bouten, N., De Turck, F., & Boutaba, R. (2016). Network function virtualization: 

State-of-the-art and research challenges. IEEE Communications Surveys & Tutorials, 18(1), 236–262. 

https://doi.org/10.1109/COMST.2015.2477041 

[21] Nangi, P. R. (2022). Multi-Cloud Resource Stability Forecasting Using Temporal Fusion Transformers. International 

Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(3), 123-135. 

[22] Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A., Veness, J., Bellemare, M. G., Graves, A., Riedmiller, M., Fidjeland, A. 

K., Ostrovski, G., Petersen, S., Beattie, C., Sadik, A., Antonoglou, I., King, H., Kumaran, D., Wierstra, D., Legg, S., & 

Hassabis, D. (2015). Human-level control through deep reinforcement learning. Nature, 518, 529–533. 

https://doi.org/10.1038/nature14236 

[23] Reddy Nangi, P., & Reddy Nala Obannagari, C. K. (2023). Scalable End-to-End Encryption Management Using 

Quantum-Resistant Cryptographic Protocols for Cloud-Native Microservices Ecosystems. International Journal of 

Emerging Trends in Computer Science and Information Technology, 4(1), 142-153. 

[24] Syed, Y. (2023). Polyglot Persistence and Enterprise Data Migration: Architectures, Consistency, and Practice. American 

International Journal of Computer Science and Technology, 5(3), 61-66. https://doi.org/10.63282/3117-5481/AIJCST-

V5I3P106      

[25] Mullapudi, P. N. (2025). Pricing optimization across domains: A comparative review. International Journal of Emerging 

Research in Engineering and Technology, 6(3), 16-33. 

[26] Nangi, P. R., & Obannagari, R. N. CK, & Settipi, S.(2023). A Multi-Layered Zero-Trust Security Framework for Cloud-

Native and Distributed Enterprise Systems Using AI-Driven Identity and Access Intelligence. International Journal of 

Emerging Trends in Computer Science and Information Technology, 4(3), 144-153. 

[27] Gantikota, S. (2026). Securing Microservice Communication across WCF, JAX-RS, and Spring Boot: Authentication, 

Authorization, and Audit Patterns for Healthcare Interoperability. American International Journal of Computer 

Science and Technology, 8(2), 15-20. https://doi.org/10.63282/3117-5481/AIJCST-V8I2P102 

[28] S. Suganya, Dr K. Govind, "Relationship Between Social Media Addiction and Self-Esteem among Working and Non 

Working Women," Purakala, vol. 31, no. 5, pp. 29-33, 2020. 

[29] Nangi, P. R., & Obannagari, C. K. R. N. (2024). High-Performance Distributed Database Partitioning Using Machine 

Learning-Driven Workload Forecasting and Query Optimization. American International Journal of Computer Science and 

Technology, 6(2), 11-21. 

[30] Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). “Why should I trust you?” Explaining the predictions of any classifier. In 

Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (pp. 1135–1144). 

Association for Computing Machinery. https://doi.org/10.1145/2939672.2939778 

[31] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2025). Quantum-Enhanced Optimization Models for Large-Scale 

Security Policy Evaluation in Distributed Cloud-Native Systems. American International Journal of Computer Science and 

Technology, 7(6), 46-56. 

[32] Syed, Y. (2025). Generative AI Integration and RAG-Based Enterprise Tooling: Architectures, Techniques, and 

Organizational Impact. International Journal of Scientific Research in Science, Engineering and Technology, 12(6), 600-606. 

DOI: https://doi.org/10.32628/IJSRSET2613255 

[33] Shi, W., Cao, J., Zhang, Q., Li, Y., & Xu, L. (2016). Edge computing: Vision and challenges. IEEE Internet of Things 

Journal, 3(5), 637–646. https://doi.org/10.1109/JIOT.2016.2579198 

[34] Nangi, P. R., & Obannagari, C. K. R. N. (2026). Federated ai-driven query optimization for distributed cloud databases. 

International Journal of Artificial Intelligence, Data Science, and Machine Learning, 7(1), 91-99. 

[35] Sunkara, R. (2024). Hardware-in-the-Loop Power Profiling Automation for Consumer Streaming Devices: A Multi-Lab 

Framework for Regulatory Compliance Validation. International Journal of Emerging Trends in Computer Science and 

Information Technology, 5(4), 187-191. https://doi.org/10.63282/3050-9246.IJETCSIT-V5I4P121 

https://doi.org/10.1109/COMST.2017.2745201
https://doi.org/10.54660/.IJMRGE.2024.5.3.1027-1034
https://doi.org/10.1109/COMST.2015.2477041
https://doi.org/10.1038/nature14236
https://doi.org/10.63282/3117-5481/AIJCST-V5I3P106
https://doi.org/10.63282/3117-5481/AIJCST-V5I3P106
https://doi.org/10.63282/3117-5481/AIJCST-V8I2P102
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.32628/IJSRSET2613255
https://doi.org/10.1109/JIOT.2016.2579198
https://doi.org/10.63282/3050-9246.IJETCSIT-V5I4P121


 

 
 

ISSN: 3071-561X 
PP: 23-43. 

 

----------------- 

Cross-Layer Artificial Intelligence Optimization for Real-Time Decision-Making in Intelligent Digital Systems 

Bhuvaneshwari 

    43 

[36] Syed, Y. (2024). DevSecOps and Enterprise-Scale CI/CD Pipeline Engineering: Governing Delivery Velocity, Embedded 

Security, and Release Automation Across Polyglot Environments. International Journal of Scientific Research in 

Science, Engineering and Technology, 11(5), 475-484. DOI: https://doi.org/10.32628/IJSRSET2513156 

[37] Zhou, Z., Chen, X., Li, E., Zeng, L., Luo, K., & Zhang, J. (2019). Edge intelligence: Paving the last mile of artificial 

intelligence with edge computing. Proceedings of the IEEE, 107(8), 1738–1762. 

https://doi.org/10.1109/JPROC.2019.2918951 

[38] Brahmandam, L. M. K. (2025). A Methodology for Consolidating Decades-Old Enterprise Software Portfolios into a 

Unified Web Platform: Discovery, Data Model Unification, Architecture, and Migration Approach. American 

International Journal of Computer Science and Technology, 7(2), 112-121. https://doi.org/10.63282/3117-5481/AIJCST-

V7I2P109 

[39] Nangi, P. R., Obannagari, C. K. R. N., & Settipi, S. (2025). AI-Driven Data Engineering Pipelines for High-Velocity 

Analytics Using Serverless Architectures and Event-Stream Intelligence. International Journal of AI, BigData, 

Computational and Management Studies, 6(3), 74-83. 

https://doi.org/10.32628/IJSRSET2513156
https://doi.org/10.1109/JPROC.2019.2918951
https://doi.org/10.63282/3117-5481/AIJCST-V7I2P109
https://doi.org/10.63282/3117-5481/AIJCST-V7I2P109

