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ABSTRACT 

Cloud-native adoption has transformed enterprise software delivery, but it has also increased operational 
complexity, tool fragmentation, infrastructure dependencies, and developer cognitive load. Existing practices in 
DevOps, artificial intelligence for IT operations, infrastructure as code, internal developer platforms, and 
observability address parts of this problem, yet they are rarely integrated into a single governed architecture. This 
study develops the Autonomous Platform Engineering and Experience Architecture, known as APEXA, as a 
conceptual framework for AI-driven enterprise platform engineering. The framework-development method 
synthesizes established principles from platform engineering, AIOps, GitOps, cloud-native control planes, 
developer experience, and responsible artificial intelligence governance. APEXA consists of six interconnected 
layers: a developer-experience interface, declarative infrastructure automation, unified observability and 
operational intelligence, agentic decision support, policy and governance controls, and a continuous learning and 
feedback mechanism. The framework introduces graduated levels of operational autonomy, ranging from human-
assisted recommendations to policy-bounded autonomous remediation, supported by approval gates, audit trails, 
rollback mechanisms, and risk-based escalation. Its expected contribution is a unified reference architecture that 
can help enterprises reduce manual infrastructure work, improve service reliability, support scalable self-service, 
and govern AI agents operating close to production control systems. The study concludes that autonomous 
platform operations should not depend solely on model intelligence. Their effectiveness requires reliable telemetry, 
declarative interfaces, constrained permissions, transparent decision records, and measurable operational and 
developer outcomes. 
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1. INTRODUCTION 

1.1. Background of the Study 

Enterprise software delivery has shifted from centrally managed environments toward distributed 

cloud-native systems built with containers, microservices, application programming interfaces, managed 

cloud services, and automated delivery pipelines. Although this shift supports faster releases and greater 

scalability, it also creates a wider operational surface that must be provisioned, secured, observed, 

governed, and maintained across several environments. Platform engineering has emerged as a response 

to this complexity. It focuses on internal developer platforms that provide reusable services, self-service 

interfaces, standardized workflows, documentation, and golden paths. The Cloud Native Computing 

Foundation (CNCF, 2023) states that internal platforms can reduce cognitive load, improve reliability, 

strengthen governance, and accelerate product delivery through consistent interfaces. 

 

Platform engineering extends rather than replaces DevOps. DevOps promotes collaboration, 

automation, continuous delivery, and shared responsibility, while platform engineering converts these 

principles into reusable platform products that support multiple development teams. Harvey and DeBellis 

(2024) found that internal platforms can improve developer productivity, but their value depends on 

developer independence, product-oriented design, and sustained attention to developer experience. 

Developer portals, service catalogs, infrastructure templates, documentation, and self-service workflows 

are therefore central to modern enterprise platform strategies. 

 

Artificial intelligence for IT operations, commonly referred to as AIOps, applies artificial 

intelligence and machine-learning methods to telemetry, incidents, system events, and operational 

workflows. Its common functions include anomaly detection, incident prediction, event correlation, root-

cause analysis, and automated response (Cheng et al., 2023). Recent research extends this model through 

large language models and agentic systems that can interpret operational evidence, generate remediation 

plans, query tools, and execute bounded actions. These systems, however, require reliable telemetry, 

controlled permissions, validation checks, traceable actions, staged deployment, and rollback-aware 

execution (Bilal et al., 2026). 

 

1.2. Problem Statement 

Despite the growth of platform engineering and AIOps, many enterprises still operate fragmented 

ecosystems in which developer portals, delivery pipelines, cloud consoles, observability tools, ticketing 

systems, security controls, and infrastructure automation platforms are weakly integrated. Infrastructure 

requests may continue to depend on manual approvals, tickets, and isolated scripts, while incident 

management remains largely reactive. Developers must understand numerous tools and environment-

specific procedures, increasing cognitive load and slowing onboarding, software delivery, and operational 

recovery. 
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Hybrid-cloud and multi-cloud strategies create further difficulty because resource models, 

policies, identity systems, networking configurations, and operational data differ across providers. 

Infrastructure as code and GitOps improve repeatability by expressing desired system states declaratively 

and reconciling deployed environments against version-controlled definitions (HashiCorp, n.d.; 

OpenGitOps, n.d.). However, automation alone does not create safe operational autonomy. When AI 

agents can recommend or execute production changes, errors may spread rapidly unless their actions are 

constrained by policies, approval thresholds, audit records, testing environments, and recovery 

mechanisms. NIST’s Artificial Intelligence Risk Management Framework emphasizes the continuous 

governance, mapping, measurement, and management of AI risks throughout the system lifecycle 

(Tabassi, 2023). 

 

1.3. Research Gap 

Existing literature addresses DevOps, platform engineering, AIOps, infrastructure as code, GitOps, 

observability, developer portals, and AI governance. However, these areas are frequently examined as 

separate practices or technology categories. There is limited guidance for combining them into a unified 

enterprise architecture that connects developer self-service, declarative infrastructure control, operational 

intelligence, agentic automation, governance, human oversight, and continuous platform learning. 

 

Current approaches also provide insufficient direction on how operational autonomy should 

progress from advisory assistance to controlled remediation, how AI decisions should interact with policy 

engines and platform interfaces, and how platform performance should be evaluated across reliability, 

developer experience, governance, cost efficiency, and scalability. Taken together, existing studies indicate 

a need for an architecture in which autonomy is treated as a constrained operational capability rather than 

unrestricted machine control. 

 

1.4. Research Aim and Objectives 

The aim of this study is to develop APEXA, an intelligent framework for autonomous platform 

operations, infrastructure automation, and scalable cloud-native developer platforms. 

 

The objectives of the study are to: 

 Integrate platform engineering, AIOps, agentic AI, observability, infrastructure automation, and 

governance principles within a unified framework. 

 Define the architectural layers, components, and information flows required for AI-driven 

platform operations. 

 Establish graduated levels of operational autonomy that preserve human oversight and policy 

compliance. 

 Identify measurable technical, organizational, governance, financial, and developer-experience 

indicators. 
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 Propose an implementation roadmap for adopting the framework across enterprise cloud 

environments. 

 

1.5. Research Questions 

The study addresses the following research questions: 

 How can platform engineering, AIOps, agentic AI, and infrastructure automation be integrated 

within a unified enterprise framework? 

 Which architectural components are required to support scalable, observable, and self-service 

cloud-native platforms? 

 How should operational autonomy be structured to preserve human oversight, policy compliance, 

and safe recovery? 

 Which indicators can evaluate the operational, developmental, financial, and governance 

performance of an AI-driven platform? 

 How can enterprises implement the proposed framework across hybrid-cloud and multi-cloud 

environments? 

 

1.6. Research Contributions 

This study contributes a unified conceptual framework that treats the internal developer platform 

as both a developer-facing product and an intelligent operational control environment. It proposes a 

layered reference architecture, an operational autonomy maturity model, a governed feedback loop for 

incident detection and remediation, and a multidimensional evaluation structure. 

 

The study also presents an implementation roadmap that begins with standardized telemetry, 

service catalogs, and declarative infrastructure automation before progressing toward policy-bounded 

autonomous operations. In addition, it establishes indicators for measuring platform adoption, 

deployment performance, reliability, developer satisfaction, remediation effectiveness, governance 

compliance, cost efficiency, and scalability. APEXA therefore provides a conceptual foundation for future 

empirical testing, enterprise case studies, simulation-based evaluation, and practical organizational 

adoption. 

 

2. CONCEPTUAL AND TECHNICAL FOUNDATIONS 

2.1. Enterprise Platform Engineering 

Enterprise platform engineering is the discipline of designing, developing, and continuously 

improving shared technological capabilities that support software development, deployment, operation, 

and governance across an organisation. It converts fragmented infrastructure services and delivery tools 

into a coherent platform that application teams can access through standardised interfaces. Rather than 

requiring every development team to create its own pipelines, monitoring systems, security 
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configurations, and cloud environments, platform engineering provides reusable capabilities as internal 

products. 

 

Platform engineering builds on DevOps principles but introduces dedicated platform teams 

responsible for reducing delivery friction and providing consistent services to other engineering teams. 

Leite et al. (2021) identified platform teams as a distinct organisational structure that can support stronger 

delivery performance by separating common infrastructure responsibilities from application-specific 

work. The platform therefore operates as an enabling layer between developers and complex enterprise 

infrastructure. It supports faster software delivery while maintaining reliability, security, compliance, and 

operational consistency. 

 

2.2. Internal Developer Platforms 

An internal developer platform is the integrated collection of tools, services, interfaces, 

documentation, and workflows through which developers access approved enterprise capabilities. It 

commonly includes a developer portal, service catalogue, application templates, deployment workflows, 

environment-provisioning services, monitoring dashboards, and access-management functions. The 

developer portal serves as the visible interface, while the wider platform contains the orchestration, 

infrastructure, governance, and runtime services required to complete developer requests. 

 

Service catalogues provide searchable records of applications, service owners, dependencies, 

documentation, operational status, and security responsibilities. Self-service tools allow developers to 

create environments, databases, repositories, pipelines, and deployment configurations without waiting 

for manually processed infrastructure tickets. Reusable templates and golden paths provide 

recommended procedures for recurring tasks, such as creating a microservice, deploying a containerised 

application, or configuring production monitoring. The CNCF (2023) explains that platforms should 

provide consistent capabilities while remaining responsive to the needs of internal users. These 

characteristics make the internal developer platform both a technical system and a product that must be 

continuously refined through user feedback. 

 

2.3. AIOps and Autonomous Cloud Operations 

Artificial intelligence for IT operations applies machine learning, data analytics, and intelligent 

automation to the monitoring and management of computing systems. AIOps platforms process 

operational data from metrics, logs, traces, events, incident records, and configuration repositories. Their 

major functions include anomaly detection, failure prediction, event correlation, root-cause analysis, 

incident prioritisation, capacity forecasting, and remediation support. 

 

Anomaly detection identifies system behaviour that differs from established operational patterns. 

Root-cause analysis then connects symptoms with possible faults by examining service dependencies, 
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temporal relationships, infrastructure changes, and previous incidents. Predictive operations use historical 

and real-time data to estimate failures, capacity shortages, or performance degradation before users are 

significantly affected. Notaro et al. (2021) found that AIOps research covers several stages of failure 

management but remains divided across different data requirements, intervention periods, and 

operational goals. 

 

Autonomous cloud operations extend AIOps by allowing intelligent systems to initiate corrective 

actions. Examples include restarting failed workloads, scaling resources, reverting configuration changes, 

isolating compromised services, or adjusting deployment parameters. However, genuine autonomy 

requires more than accurate detection. It also requires risk assessment, constrained execution, verification, 

rollback, and continuous learning. 

 

2.4. Agentic AI and Multi-Agent Systems 

Agentic artificial intelligence refers to AI systems that can interpret objectives, develop plans, use 

external tools, maintain contextual memory, and perform actions within an environment. Unlike 

conventional models that return a single prediction or response, an AI agent can complete a sequence of 

related activities and modify its plan according to intermediate results. Wang et al. (2024) describe 

autonomous agents through components such as perception, planning, memory, action, and capability 

acquisition. 

 

Within platform engineering, specialised agents may be assigned separate responsibilities. An 

infrastructure agent can generate or validate provisioning configurations, while a reliability agent analyses 

incidents and service dependencies. Security, compliance, and FinOps agents can assess vulnerabilities, 

policy violations, and cloud costs. A coordinating agent distributes tasks, resolves dependencies, and 

combines the outputs of specialised agents. 

 

Multi-agent systems can improve modularity because each agent operates within a defined 

functional boundary. They can also support checks and balances by requiring one agent to verify another 

agent’s proposed action. Parthasarathy et al. (2025) demonstrate this approach through a large language 

model-based multi-agent framework for autonomous CloudOps that combines retrieval, tool integration, 

workflow orchestration, and human control. Nevertheless, multi-agent coordination introduces risks 

involving conflicting decisions, unreliable memory, excessive permissions, and incorrect tool use. These 

risks require permission boundaries, decision records, validation agents, and human escalation 

mechanisms. 

 

2.5. Infrastructure Automation and GitOps 

Infrastructure as Code expresses infrastructure resources and configurations in machine-readable 

files that can be versioned, reviewed, tested, and repeatedly executed. It replaces inconsistent manual 
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configuration with reproducible processes for provisioning networks, clusters, databases, identity 

controls, and computing resources. Rahman et al. (2019) describe Infrastructure as Code as a fundamental 

DevOps practice for automatically configuring system dependencies and provisioning local or remote 

infrastructure. Their review also identifies defects, testing limitations, and security weaknesses as 

important areas requiring further attention. 

 

Continuous integration and continuous delivery connect source-code changes with automated 

building, testing, validation, and deployment processes. GitOps extends these practices by using a version-

controlled repository as the declared source of truth for applications and infrastructure. A reconciliation 

controller compares the desired state stored in Git with the actual state of the environment and corrects 

detected differences. Policy-controlled delivery adds automated checks for security, compliance, cost, 

naming, and architectural requirements before a change is approved or deployed. This combination 

provides traceability and rollback while reducing configuration drift. 

 

2.6. Cloud-Native Architecture and Observability 

Cloud-native architecture uses containers, microservices, declarative management, and dynamic 

orchestration to build applications that can operate across scalable cloud environments. Containers 

package applications with their dependencies, while Kubernetes schedules workloads, monitors their 

condition, and reconciles deployed resources with declared configurations. Microservices divide 

applications into independently deployable services, but they also increase the number of network 

interactions, runtime dependencies, and potential failure points. 

 

Observability provides the evidence required to understand these distributed systems. Metrics 

describe measurable conditions such as response time, resource consumption, error rate, and throughput. 

Logs record discrete system and application events, while traces follow requests as they move through 

several services. Distributed tracing systems such as Dapper demonstrated how sampled request paths 

can support performance analysis in large-scale services (Sigelman et al., 2010). 

 

Operational intelligence emerges when telemetry is combined with service ownership, topology, 

deployment, incident, and configuration data. APEXA depends on this combined context because AI 

agents cannot safely diagnose or modify a platform when they receive incomplete or poorly correlated 

operational evidence 
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Table 1: Core Concepts and Their Roles in AI-Driven Platform Engineering 

Core concept Primary function Role within AI-driven platform 

engineering 

Expected outcome 

Enterprise 

platform 

engineering 

Organises shared platform 

capabilities 

Integrates development, 

infrastructure, operations, security, 

and governance services 

Consistent and 

scalable software 

delivery 

Internal developer 

platform 

Provides a unified 

developer interface 

Connects portals, catalogues, 

templates, APIs, and self-service 

workflows 

Reduced developer 

cognitive load 

Developer portal Presents platform 

information and actions 

Provides access to documentation, 

services, environments, and 

operational data 

Improved 

discoverability and 

usability 

Service catalogue Records services, owners, 

dependencies, and 

metadata 

Supplies operational and 

organisational context to 

developers and AI agents 

Improved visibility 

and accountability 

Golden paths Standardise recommended 

delivery procedures 

Guide teams toward approved 

architectures, pipelines, and 

configurations 

Faster and safer 

delivery 

AIOps Applies AI to operational 

data 

Detects anomalies, correlates 

events, diagnoses failures, and 

supports remediation 

Faster incident 

detection and 

resolution 

Agentic AI Plans and performs multi-

step tasks 

Interprets requests, uses platform 

tools, and adapts actions to results 

Intelligent operational 

assistance 

Multi-agent 

system 

Coordinates specialised AI 

agents 

Distributes infrastructure, 

reliability, security, cost, and 

verification tasks 

Modular and 

controlled automation 

Infrastructure as 

Code 

Represents infrastructure 

through versioned files 

Enables repeatable provisioning, 

testing, review, and rollback 

Reduced drift and 

manual error 

GitOps Reconciles deployed 

systems with Git-based 

desired states 

Controls infrastructure and 

application changes through 

declarative workflows 

Traceable and 

auditable delivery 

Cloud-native 

architecture 

Supports distributed and 

scalable workloads 

Provides containers, Kubernetes, 

microservices, and managed cloud 

resources 

Portability and elastic 

operation 

Observability Collects metrics, logs, 

traces, and events 

Supplies evidence for diagnosis, 

prediction, verification, and 

learning 

Improved operational 

intelligence 

Policy as Code Converts governance 

requirements into 

executable rules 

Validates AI and human actions 

before or during execution 

Consistent security 

and compliance 
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3. RELATED WORK AND RESEARCH GAPS 

3.1. Traditional DevOps and Infrastructure Automation 

DevOps emerged to reduce separation between software development and IT operations through 

collaboration, automation, continuous delivery, monitoring, and shared responsibility. Smeds et al. (2015) 

describe DevOps as a collection of organisational and technical practices intended to support rapid and 

dependable software delivery. Its major strengths include automated testing, shorter release cycles, 

repeatable deployments, closer collaboration, and faster feedback from production environments. 

 

Infrastructure automation further strengthened DevOps by replacing manually configured 

environments with scripts, templates, and declarative definitions. Continuous integration and continuous 

delivery pipelines can automatically build, test, scan, package, and release applications. Infrastructure as 

Code improves consistency and allows infrastructure changes to follow software-engineering practices 

such as version control and peer review. 

 

However, DevOps implementation remains uneven across organisations. Automated pipelines 

may coexist with manual approvals, fragmented cloud accounts, separate security tools, and ticket-based 

infrastructure processes. DevOps also does not automatically create a standardised developer experience. 

Individual teams may construct different toolchains, increasing duplicated effort and operational 

inconsistency. Empirical research shows that organisational structures, responsibilities, communication 

patterns, and platform-team arrangements strongly affect continuous-delivery performance (Leite et al., 

2021). 

 

3.2. Existing Platform-Engineering Approaches 

Existing platform-engineering approaches address these limitations by providing common 

capabilities as internal products. Internal developer platforms usually combine service catalogues, 

developer portals, infrastructure templates, deployment pipelines, observability integrations, security 

controls, and cloud-service abstractions. Their purpose is not to hide all technical complexity, but to make 

approved capabilities easier to discover and use. Self-service infrastructure allows development teams to 

provision resources without depending on repeated manual coordination with central operations teams. 

Golden paths standardise common delivery tasks while permitting controlled exceptions for specialised 

workloads. Platform-product thinking further requires platform teams to study developer needs, measure 

adoption, manage service quality, and refine the platform over time. 

 

Nevertheless, many existing approaches concentrate on portal implementation or tool integration 

rather than intelligent platform operation. A portal may centralise documentation and service access 

without providing automated diagnosis, predictive resource management, or controlled remediation. 

Platform services may also become restrictive when golden paths are designed without developer 

participation or when the platform does not support legitimate application differences. The CNCF (2023) 
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therefore emphasises that platform capabilities should be developed around user needs and measurable 

enterprise outcomes. 

 

3.3. Existing AIOps and Autonomous Operations Frameworks 

AIOps research has produced methods for analysing metrics, logs, traces, alerts, and incidents. 

These methods support anomaly detection, failure prediction, event reduction, root-cause analysis, and 

operational recommendations. Notaro et al. (2021) reviewed 100 failure-management solutions and 

showed that AIOps methods differ considerably in their objectives, intervention periods, data 

requirements, and evaluation methods. This diversity demonstrates technical progress but also reveals 

limited standardisation across operational tasks. 

 

Recent research explores large language model agents capable of managing broader incident 

lifecycles. Shetty et al. (2024) propose design principles for AI agents that interact with cloud applications, 

inject faults, analyse telemetry, and attempt incident resolution. AIOpsLab later provided an environment 

for deploying microservices, generating workloads, injecting failures, exporting telemetry, and evaluating 

operational agents (Chen et al., 2025). These studies move beyond isolated prediction models toward end-

to-end operational agents and self-healing cloud systems. 

 

Multi-agent CloudOps frameworks extend this direction by dividing operational responsibilities 

among specialised agents. Yet current results remain strongly dependent on experimental environments, 

available tools, model capabilities, prompt quality, and the completeness of operational context. The 

evidence therefore supports AI-assisted and progressively autonomous operations, but not unrestricted 

control of production systems. 

 

3.4. Limitations of Current Approaches 

The first limitation is architectural fragmentation. Developer portals, cloud-management 

platforms, CI/CD tools, observability systems, infrastructure repositories, security scanners, and AIOps 

solutions often operate as separate layers without a shared operational model. This separation limits the 

ability to connect a developer request with its infrastructure state, service dependencies, policies, costs, 

and runtime behaviour. 

 

Second, existing approaches provide limited end-to-end autonomy. Many AIOps systems detect 

anomalies or recommend likely causes but do not safely plan, approve, execute, verify, and learn from 

remediation actions. Recent agent frameworks recognise this gap and call for standardised environments, 

safety controls, and evaluation procedures for autonomous cloud operations (Shetty et al., 2024; Chen et 

al., 2025). 
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Third, AI capabilities remain poorly integrated with internal developer platforms. Developers may 

use separate AI assistants, portals, dashboards, and cloud consoles without a unified context or permission 

model. Fourth, human oversight is often represented as a general recommendation rather than an 

architectural component with defined approval thresholds, escalation paths, rollback procedures, and 

accountability. Fifth, governance remains inadequate where autonomous tools can access production 

systems. Agent decisions require least-privilege permissions, policy validation, explainable evidence, 

immutable records, and verified outcomes. Finally, current literature provides limited guidance for 

moving from basic platform automation to governed autonomy. These limitations establish the need for 

APEXA as an integrated framework connecting developer experience, intelligent agents, declarative 

automation, cloud-native runtime services, observability, governance, and continuous learning. 

 

Table 2: Comparison of DevOps, Platform Engineering, AIOps, and AI-Driven Platform Engineering 

Comparison 

dimension 

DevOps Platform 

engineering 

AIOps AI-driven platform 

engineering 

Primary focus Collaboration, 

automation, and 

continuous 

software delivery 

Provision of 

reusable internal 

platform capabilities 

Intelligent analysis of 

operational data 

Integration of developer 

platforms, AI agents, 

automation, operations, 

and governance 

Main users Developers and 

operations teams 

Developers, 

platform engineers, 

and site reliability 

engineers 

Operations teams, site 

reliability engineers, 

and incident managers 

Developers, platform 

engineers, security 

teams, operations teams, 

and enterprise decision-

makers 

Core 

capabilities 

CI/CD, automated 

testing, 

monitoring, and 

shared 

responsibility 

Developer portals, 

service catalogues, 

golden paths, 

templates, and self-

service 

infrastructure 

Anomaly detection, 

event correlation, 

prediction, diagnosis, 

and operational 

recommendations 

Intelligent self-service, 

multi-agent 

coordination, predictive 

operations, automated 

remediation, and 

continuous learning 

Infrastructure 

management 

Automated 

through scripts 

and Infrastructure 

as Code 

Delivered through 

standardised 

platform services 

and reusable 

templates 

Monitored and 

analysed through AI-

based operational 

tools 

Provisioned, optimised, 

governed, and 

remediated through AI-

assisted workflows 

Developer 

experience 

Improved through 

faster feedback 

and collaboration 

Central design 

priority based on 

usability and 

reduced cognitive 

load 

Indirectly supported 

through improved 

service reliability 

Integrated directly 

through natural-

language interfaces, 

recommendations, and 

intelligent platform 

services 
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Operational 

approach 

Primarily 

proactive 

automation with 

human-led 

operations 

Platform-centred 

and self-service 

oriented 

Data-driven and 

predictive 

Closed-loop, context-

aware, and progressively 

autonomous 

Incident 

management 

Monitoring, alerts, 

runbooks, and 

human 

remediation 

Standardised 

incident tools and 

shared operational 

services 

Automated detection, 

correlation, and root-

cause analysis 

Detection, diagnosis, 

planning, execution, 

verification, rollback, 

and learning 

Level of 

autonomy 

Low to moderate Moderate within 

predefined 

workflows 

Moderate, mainly 

focused on analysis 

and recommendations 

High but constrained by 

risk, policy, permissions, 

and human oversight 

Use of AI Optional and 

generally limited 

Increasingly used 

for developer 

assistance 

Central to operational 

intelligence 

Embedded across 

developer experience, 

infrastructure, 

operations, security, and 

governance 

Governance 

model 

Process controls, 

reviews, and 

access 

management 

Standardisation 

through platform 

policies and 

approved templates 

Model governance and 

operational controls 

Policy as Code, risk-

based approvals, audit 

trails, explainability, and 

agent permission 

boundaries 

Human 

involvement 

Required for most 

decisions and 

operational actions 

Required for 

platform design, 

exceptions, and 

complex operations 

Required to interpret 

recommendations and 

authorise remediation 

Varies according to 

autonomy level and 

operational risk 

Observability Supports feedback 

and incident 

response 

Integrated as a 

shared platform 

capability 

Primary source of data 

for AI analysis 

Provides context for 

agent planning, action 

verification, and 

continuous learning 

Scalability Depends on 

automation 

maturity and team 

practices 

Supports scaling 

through reusable 

services and 

standardisation 

Supports large-scale 

event and telemetry 

analysis 

Supports enterprise-

wide, multi-cloud, and 

multi-team operations 

Main 

limitation 

Toolchain 

fragmentation and 

inconsistent 

implementation 

May remain portal-

focused and lack 

intelligent 

operations 

Often separated from 

developer platforms 

and delivery 

workflows 

Requires strong data 

quality, governance, 

security, validation, and 

organisational readiness 
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Expected 

outcome 

Faster and more 

reliable software 

delivery 

Reduced developer 

cognitive load and 

consistent delivery 

Faster detection, 

diagnosis, and 

operational response 

Scalable, intelligent, 

governed, and 

increasingly 

autonomous platform 

operations 

 

Table 3: Research Gaps and Corresponding Framework Requirements 

Identified research 

gap 

Description of the gap Corresponding 

APEXA requirement 

Expected framework 

response 

Fragmented platform 

architecture 

Developer portals, automation 

tools, observability systems, 

security controls, and cloud 

platforms often operate 

independently 

Unified layered 

architecture 

Integrate developer 

experience, operational 

intelligence, automation, 

runtime services, and 

governance 

Limited end-to-end 

autonomy 

Existing tools commonly detect 

problems but cannot safely 

complete diagnosis, 

remediation, and verification 

Closed-loop 

operational workflow 

Support observation, 

detection, diagnosis, 

planning, approval, 

execution, verification, 

rollback, and learning 

Weak integration 

between AIOps and 

developer platforms 

AIOps tools are generally 

designed for operations teams 

rather than embedded within 

internal developer platforms 

Intelligent platform 

integration 

Connect operational AI 

capabilities with developer 

portals, service catalogues, 

templates, and self-service 

workflows 

Reactive incident 

management 

Many organisations respond 

after service degradation or 

failure has occurred 

Predictive and 

preventive 

operations 

Apply anomaly detection, 

failure prediction, capacity 

forecasting, and proactive 

remediation 

High developer 

cognitive load 

Developers must understand 

multiple infrastructure, cloud, 

security, and deployment tools 

Simplified developer 

experience 

Provide golden paths, 

reusable templates, service 

catalogues, natural-language 

access, and guided 

workflows 

Inadequate multi-

agent coordination 

Existing AI tools often function 

as isolated assistants without 

specialised responsibilities 

Agentic orchestration 

layer 

Coordinate infrastructure, 

reliability, security, 

compliance, FinOps, and 

verification agents 

Weak human 

oversight 

Human review is often 

discussed generally without 

defined approval and 

escalation mechanisms 

Human-governed 

autonomy model 

Define advisory, assisted, 

supervised, conditional, and 

governed autonomy levels 
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Insufficient 

explainability 

AI-generated operational 

decisions may lack clear 

evidence, reasoning, or 

justification 

Explainable decision 

records 

Record data sources, 

proposed actions, risk 

assessments, expected 

outcomes, and final results 

Inadequate 

governance of 

autonomous actions 

AI agents may perform 

sensitive actions without 

consistent controls 

Policy-controlled 

execution 

Apply Policy as Code, least-

privilege access, approval 

gates, audit trails, and 

emergency controls 

Limited verification 

and rollback 

Automated remediation may 

be considered complete 

immediately after execution 

Verification and 

recovery mechanisms 

Validate post-action system 

conditions and initiate 

rollback when expected 

outcomes are not achieved 

Poor operational 

context 

Metrics, logs, traces, 

configurations, dependencies, 

and incidents are often 

analysed separately 

Unified observability 

and knowledge layer 

Combine telemetry, service 

topology, historical incidents, 

configuration data, and 

operational memory 

Multi-cloud 

complexity 

Different providers use 

incompatible services, policies, 

interfaces, and resource models 

Provider-

independent 

orchestration 

Standardise infrastructure 

operations across hybrid-

cloud and multi-cloud 

environments 

Inconsistent 

infrastructure 

delivery 

Manual changes and isolated 

scripts produce configuration 

drift and deployment errors 

Declarative 

automation 

Use Infrastructure as Code, 

GitOps, automated testing, 

and reconciliation controls 

Limited security 

integration 

Security checks may occur 

separately from deployment 

and operational workflows 

 

Embedded security 

and compliance 

controls 

Integrate vulnerability 

assessment, identity 

validation, policy 

enforcement, and compliance 

monitoring 

Limited cost 

awareness 

Operational automation may 

improve performance while 

increasing cloud expenditure 

FinOps integration Monitor spending, identify 

waste, forecast costs, and 

enforce resource and budget 

thresholds 

Absence of 

continuous learning 

Operational knowledge is 

rarely reused systematically 

after incidents and platform 

changes 

Continuous learning 

mechanism 

Store verified outcomes, 

update operational memory, 

refine rules, and improve 

future decisions 

Limited evaluation 

models 

Existing studies often measure 

only technical performance or 

prediction accuracy 

Multidimensional 

evaluation 

framework 

Assess reliability, 

automation, developer 

experience, governance, 

scalability, and financial 

efficiency 
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Lack of 

implementation 

guidance 

Organisations have limited 

direction for progressing from 

basic automation to 

autonomous operations 

Enterprise maturity 

model and roadmap 

Provide staged adoption 

from manual operations to 

governed autonomous 

platform management 

 

4. RESEARCH METHODOLOGY 

4.1. Research Design 

This study adopted a conceptual framework-development design to construct the Autonomous 

Platform Engineering and ExpeZrience Architecture, or APEXA. A conceptual approach was appropriate 

because the study aimed to integrate knowledge from several related fields rather than test a single 

technology through primary data collection. These fields included platform engineering, internal 

developer platforms, AIOps, cloud-native computing, agentic artificial intelligence, Infrastructure as 

Code, GitOps, observability, and AI governance. 

 

The research design combined a structured integrative literature review with conceptual 

framework analysis. An integrative review supports the examination and synthesis of theoretical, 

technical, and practice-oriented publications from different research traditions (Snyder, 2019). Conceptual 

framework analysis was used to identify major concepts, examine their relationships, and organise them 

into a coherent architecture, following the general procedure proposed by Jabareen (2009). 

 

4.2. Literature Sources and Search Strategy 

Relevant publications were identified through Scopus, Web of Science, IEEE Xplore, ACM Digital 

Library, ScienceDirect, SpringerLink, and Google Scholar. The search focused primarily on studies 

published from 2020 to July 2026. Earlier publications were included when they provided foundational 

concepts relating to DevOps, cloud-native architecture, distributed tracing, Infrastructure as Code, multi-

agent systems, or conceptual framework development. 

 

Search terms were combined using Boolean operators. The principal search expressions included 

“platform engineering,” “internal developer platform,” “developer portal,” “AIOps,” “autonomous cloud 

operations,” “agentic AI,” “multi-agent systems,” “Infrastructure as Code,” “GitOps,” “cloud-native 

architecture,” “Kubernetes observability,” “self-healing infrastructure,” “policy as code,” and “AI 

governance.” Additional searches combined these terms with “enterprise,” “DevOps,” “developer 

experience,” “incident remediation,” “root-cause analysis,” and “multi-cloud.” Google Scholar was used 

to confirm the discoverability and bibliographic details of the selected references. 

 

4.3. Inclusion and Exclusion Criteria 

Sources were included when they: 

 directly addressed one or more concepts represented in the proposed framework; 
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 were published in English; 

 appeared in peer-reviewed journals, conference proceedings, recognised standards, or 

authoritative technical reports; 

 provided clear bibliographic information that could be independently verified; and 

 contributed architectural, operational, organisational, governance, or evaluation knowledge. 

 

Duplicate records, non-technical marketing materials, unsupported opinion pieces, incomplete 

citations, and publications unrelated to enterprise software platforms were excluded. Studies focused only 

on general artificial intelligence applications without relevance to cloud operations, infrastructure 

automation, or software delivery were also excluded. 

 

4.4. Conceptual Synthesis 

The selected literature was examined through thematic coding. Concepts were organised into four 

analytical categories: platform layers, technical capabilities, governance controls, and performance 

measures. Platform layers represented developer experience, intelligent interaction, agent orchestration, 

infrastructure automation, cloud-native runtime, observability, and governance. Capabilities included 

self-service provisioning, anomaly detection, diagnosis, remediation, workload optimisation, and 

continuous learning. 

 

Governance evidence was classified according to access control, approval requirements, 

explainability, auditability, policy enforcement, verification, and rollback. Performance measures were 

grouped into operational reliability, developer experience, automation, scalability, compliance, and 

financial efficiency. 

 

4.5. Framework Development and Validation 

APEXA was developed through six stages. First, the central problems affecting enterprise platform 

operations were identified. Second, relevant concepts and technologies were extracted from the literature. 

Third, the findings were translated into functional, operational, and governance requirements. Fourth, 

related components were integrated into a layered architecture and closed-loop operational model. 

 

Fifth, the framework was conceptually evaluated through scenarios involving environment 

provisioning, Kubernetes workload failure, cloud-cost anomalies, and security-policy violations. Each 

scenario was used to examine component interaction, decision flow, human approval, execution control, 

verification, and rollback. Finally, the framework was refined by addressing missing components, 

duplicated functions, governance weaknesses, and inconsistencies between requirements and 

architectural elements. This validation is conceptual rather than empirical; prototype testing and expert 

evaluation are therefore recommended for future research. 
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Fig 1 - Research Process for Developing the APEXA Framework 

 

5. PROPOSED APEXA FRAMEWORK 

5.1. Framework Overview 

The Autonomous Platform Engineering and Experience Architecture, referred to as APEXA, is a 

conceptual framework for integrating internal developer platforms, artificial intelligence, cloud-native 

infrastructure, automation, observability, and governance within a unified enterprise environment. The 

framework responds to the limitations of fragmented developer tools, isolated AIOps systems, manual 

infrastructure processes, and weak controls over AI-driven operational actions. 

 

APEXA treats the enterprise platform as both a developer-facing product and an operational 

control system. It enables developers to request approved services through standardised interfaces while 

allowing specialised AI agents to analyse operational conditions, coordinate workflows, recommend 

actions, and perform authorised tasks. The architecture is organised into seven interconnected layers: 

developer experience, intelligent interaction, agentic orchestration, infrastructure automation, cloud-

native runtime, observability and learning, and governance and control. The framework does not assume 

that all platform activities should be fully autonomous. Instead, it applies risk-based autonomy, under 

which an action may be recommended, prepared for approval, automatically executed within defined 

limits, or escalated to a human operator. This structure reflects the need to combine intelligent automation 

with transparency, accountability, verification, and continuous risk management. The NIST Artificial 

Intelligence Risk Management Framework similarly identifies governance, documentation, human 

oversight, measurement, and ongoing risk management as necessary throughout the AI system lifecycle 

(Tabassi, 2023). 
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5.2. Framework Design Principles 

APEXA is guided by seven design principles. The first is platform as a product. The platform 

should be designed for internal users whose needs, difficulties, feedback, and usage patterns influence its 

development. Platform teams must therefore manage service quality, adoption, documentation, reliability, 

and user satisfaction rather than treating the platform as a collection of infrastructure tools. 

 

The second principle is automation by default. Repetitive provisioning, configuration, 

deployment, monitoring, and compliance tasks should be performed through reusable and testable 

workflows. Manual execution should be reserved for exceptional, uncertain, or high-risk activities. 

 

The third principle is human-governed autonomy. AI agents may recommend or execute actions 

only within clearly defined authority levels. Human approval remains necessary where an action may 

significantly affect production availability, sensitive data, security, regulatory compliance, or financial 

exposure. Human roles and responsibilities should be explicitly defined rather than added as informal 

safeguards after deployment. 

 

The fourth principle is security by design. Identity management, least-privilege access, secrets 

protection, policy validation, workload isolation, and audit logging must be built into every layer. AI 

agents should receive only the permissions required for their assigned roles. 

 

The fifth principle is observability by default. Every platform service, workflow, agent action, and 

infrastructure change should generate sufficient telemetry for monitoring, diagnosis, verification, and 

accountability. The sixth principle is scalability, which requires modular components, reusable interfaces, 

distributed execution, and support for multiple teams, applications, cloud providers, and regions. 

 

The final principle is continuous learning. Verified incidents, successful remediations, failed 

actions, developer feedback, and platform-performance data should be stored and used to improve future 

recommendations, workflows, policies, and platform services. 

 

5.3. Developer Experience Layer 

The developer experience layer is the primary interface between application teams and the 

platform. It combines a developer portal, service catalogue, reusable templates, golden paths, 

documentation, platform APIs, and self-service workflows. The portal allows developers to discover 

available platform services, create applications, request environments, deploy workloads, examine 

operational status, and obtain support without navigating several disconnected tools. 

 

The service catalogue records essential information about applications and infrastructure, 

including ownership, dependencies, environments, documentation, service-level objectives, deployment 
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history, and operational contacts. This information supports both developer discovery and AI-assisted 

reasoning. For example, when a reliability agent investigates a failed service, catalogue data can identify 

the owning team, dependent services, deployment version, and relevant runbook. 

 

Templates provide reusable configurations for common tasks, while golden paths define 

recommended procedures for creating, deploying, securing, and monitoring applications. These paths 

reduce cognitive load by guiding developers toward approved technologies and configurations without 

completely removing technical flexibility. 

 

APEXA also introduces natural-language platform interaction. Developers may describe an 

intended outcome, such as creating a test environment or investigating a failed deployment, rather than 

manually selecting every technical parameter. However, the natural-language interface does not execute 

unrestricted instructions. Requests are converted into structured intents and assessed against platform 

policies, available templates, user permissions, and environmental constraints. 

 

5.4. Intelligent Interaction Layer 

The intelligent interaction layer converts human requests and operational evidence into structured 

platform tasks. Its main components include large language models, retrieval-augmented generation, 

intent recognition, context management, and enterprise knowledge retrieval. 

 

Large language models support the interpretation of technical questions, generation of workflow 

plans, explanation of incidents, and summarisation of operational data. Retrieval-augmented generation 

improves contextual accuracy by supplying the model with information from service catalogues, 

runbooks, configuration repositories, architecture documents, incident records, policies, and approved 

technical standards. 

 

Intent recognition identifies the purpose of a request and extracts relevant parameters. For 

example, a request to “create a secure development environment for the payments service” must be 

translated into the required application, environment, cloud region, security classification, network 

controls, and approval requirements. 

 

Knowledge retrieval ensures that responses and plans are based on enterprise-specific evidence 

rather than general model knowledge alone. The interaction layer should attach source records, confidence 

estimates, assumptions, and unresolved uncertainties to each proposed action. This information allows 

human users and verification agents to evaluate whether the output is sufficiently reliable for operational 

use. 
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5.5. Agentic Orchestration Layer 

The agentic orchestration layer coordinates specialised AI agents that perform defined platform 

functions. Research on autonomous CloudOps indicates that multi-agent architectures can divide complex 

workflows across specialised components while combining retrieval, external tools, task orchestration, 

and human control (Parthasarathy et al., 2025). 

 

The coordinator agent receives structured requests, divides them into tasks, selects appropriate 

agents, manages dependencies, and consolidates results. It does not automatically approve high-risk 

actions. 

 

The infrastructure agent prepares and validates resource configurations, provisioning plans, 

scaling actions, and cloud-environment changes. The reliability agent analyses telemetry, identifies 

anomalies, investigates root causes, and proposes remediation actions. 

 

The security agent assesses vulnerabilities, access risks, secrets exposure, and suspicious 

behaviour. The compliance agent evaluates actions against internal policies, regulatory requirements, 

data-location rules, and audit obligations. The FinOps agent examines resource consumption, identifies 

waste, forecasts expenditure, and recommends cost-efficient configurations. 

 

The verification agent independently evaluates plans and completed actions. It checks policy 

compliance, technical validity, expected outcomes, and unintended effects. Separating execution from 

verification reduces the risk that one agent’s incorrect reasoning will remain undetected. 

 

Agent coordination requires shared context, task records, conflict-resolution rules, timeout 

controls, and escalation procedures. Current autonomous-cloud research also shows that AI agents require 

controlled evaluation environments because their performance may vary across fault types and 

operational tasks (Chen et al., 2025). 

 

5.6. Infrastructure Automation Layer 

The infrastructure automation layer converts approved platform requests and agent plans into 

controlled technical actions. It integrates Infrastructure as Code, GitOps, continuous integration and 

continuous delivery, configuration management, automated testing, and Policy as Code. 

 

Infrastructure as Code represents networks, clusters, databases, identities, and computing 

resources through version-controlled definitions. GitOps maintains a declarative desired state in a 

repository and uses reconciliation mechanisms to detect and correct differences between intended and 

deployed configurations. 
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CI/CD pipelines build, test, scan, and deploy software and infrastructure changes. Before 

execution, Policy as Code evaluates whether proposed changes satisfy security, compliance, cost, naming, 

architecture, and resource requirements. High-risk changes may require human approval, while approved 

low-risk changes may proceed automatically. 

 

Every action should produce a traceable record containing the request, proposed change, policy 

result, approval decision, execution output, verification result, and rollback status. 

 

5.7. Cloud-Native Runtime Layer 

The cloud-native runtime layer contains the environments in which enterprise workloads operate. 

It includes Kubernetes clusters, containers, microservices, serverless functions, service meshes, managed 

cloud services, databases, networks, and multi-cloud resources Kubernetes provides scheduling, desired-

state management, service discovery, scaling, and recovery for containerised workloads. Microservices 

support independent deployment and scaling but increase the number of runtime dependencies that must 

be monitored. Service meshes provide traffic management, workload identity, encryption, and service-

level telemetry, while serverless platforms support event-driven execution without direct server 

management. 

 

APEXA abstracts provider-specific complexity through common platform APIs and approved 

templates. Nevertheless, it preserves information about provider capabilities, data locations, cost 

structures, and compliance restrictions so that agents can make context-sensitive decisions across hybrid 

and multi-cloud environments. 

 

5.8. Observability and Learning Layer 

The observability and learning layer collects metrics, logs, traces, events, configuration changes, 

deployment records, incidents, and agent activities. Metrics reveal measurable conditions such as latency, 

throughput, error rates, resource use, and availability. Logs capture detailed events, while traces follow 

requests across distributed services. 

 

These data sources are enriched with service ownership, dependency maps, runbooks, historical 

incidents, and infrastructure state. The resulting operational context supports anomaly detection, 

diagnosis, forecasting, remediation planning, and post-action verification. 

 

Operational memory stores validated patterns and outcomes. It records which actions succeeded, 

which failed, the conditions under which they were executed, and whether human intervention was 

required. Only verified outcomes should influence future automation. This prevents incorrect agent 

actions from being accepted as reliable operational knowledge. 
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5.9. Governance and Control Layer 

The governance and control layer applies across all other APEXA layers. It defines who or what 

may request, approve, execute, verify, and reverse platform actions. Its controls include identity and access 

management, least-privilege permissions, approval workflows, Policy as Code, risk classification, 

explainability records, audit trails, rollback controls, and emergency shutdown mechanisms. 

 

Approval requirements are determined by the expected effect, reversibility, security sensitivity, 

compliance implications, and financial impact of an action. Explanations should identify the evidence 

used, assumptions made, proposed action, expected result, and identified risks. NIST guidance 

emphasises that AI systems should be valid, reliable, secure, resilient, accountable, transparent, 

explainable, and continuously evaluated within their deployment context (Tabassi, 2023). 

 

Rollback mechanisms restore a known stable state when an action fails or produces harmful effects. 

Emergency shutdown controls allow authorised personnel to suspend an agent, workflow, or autonomous 

function immediately. Through these safeguards, APEXA treats governance as an operational capability 

embedded throughout the architecture rather than a separate administrative activity. 

 

 
Fig 2 - Layered Architecture of the APEXA Framework 
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Fig 3 - Multi-Agent Coordination Model for Platform Operations 

 

Table 4: APEXA Framework Layers, Components, Functions, and Expected Outcomes 

Layer Key components Main functions Expected outcomes 

Developer 

Experience 

Portal, service catalogue, 

templates, golden paths, self-

service tools 

Supports service discovery, 

environment requests, 

deployment, and platform 

access 

Lower cognitive load, 

faster onboarding, 

improved developer 

productivity 

Intelligent 

Interaction 

LLMs, RAG, intent 

recognition, context 

management 

Interprets requests, retrieves 

knowledge, and converts user 

intent into structured tasks 

Context-aware assistance 

and faster platform 

interaction 

Agentic 

Orchestration 

Coordinator, infrastructure, 

reliability, security, 

compliance, FinOps, and 

verification agents 

Allocates tasks, coordinates 

agents, manages 

dependencies, and verifies 

outcomes 

Modular automation and 

improved operational 

coordination 

Infrastructure 

Automation 

Infrastructure as Code, GitOps, 

CI/CD, configuration 

management, Policy as Code 

Automates provisioning, 

configuration, testing, 

deployment, and policy 

enforcement 

Consistent delivery, 

reduced drift, and fewer 

manual errors 

Cloud-Native 

Runtime 

Kubernetes, containers, 

microservices, serverless, 

service mesh, multi-cloud 

resources 

Hosts, scales, connects, and 

manages distributed 

workloads 

Improved scalability, 

resilience, portability, and 

resource efficiency 

Observability 

and Learning 

Metrics, logs, traces, events, 

operational memory 

Detects anomalies, supports 

diagnosis, verifies actions, 

and stores outcomes 

Faster incident response 

and continuous platform 

improvement 
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Governance and 

Control 

Access control, approvals, 

explainability, audit trails, 

rollback, emergency controls 

Restricts permissions, 

validates actions, records 

decisions, and supports 

recovery 

Secure, accountable, 

auditable, and governed 

autonomy 

 

Table 5:  AI-Agent Roles, Inputs, Decisions, Actions, and Governance Controls 

AI Agent Main Inputs Key Decisions Typical Actions Governance Controls 

Coordinator 

Agent 

User requests, policies, 

workflow context, agent 

status 

Task allocation, 

sequencing, 

escalation, and agent 

selection 

Decomposes requests, 

invokes agents, monitors 

progress, and combines 

outputs 

Approval thresholds, 

execution limits, task 

logs 

Infrastructure 

Agent 

Infrastructure 

definitions, cloud 

inventory, capacity data, 

templates 

Resource type, 

configuration, region, 

and scaling 

requirements 

Generates Infrastructure as 

Code, provisions 

resources, and modifies 

configurations 

Least-privilege access, 

policy validation, 

approval for critical 

changes 

Reliability 

Agent 

Metrics, logs, traces, 

alerts, incidents, service 

dependencies 

Root cause, service 

impact, remediation 

option, and urgency 

Detects anomalies, 

diagnoses failures, 

recommends or initiates 

remediation 

Confidence thresholds, 

human escalation, 

post-action verification 

Security 

Agent 

Vulnerability data, 

identity logs, 

configurations, threat 

indicators 

Risk level, 

containment action, 

and access restriction 

Blocks unsafe changes, 

isolates workloads, and 

recommends security fixes 

Separation of duties, 

restricted permissions, 

immutable logs 

Compliance 

Agent 

Policies, regulations, 

data classifications, 

deployment details 

Compliance status, 

policy violation, and 

approval requirement 

Approves, rejects, or 

escalates actions and 

generates audit evidence 

Policy as Code, 

mandatory records, 

exception approval 

FinOps Agent Billing data, budgets, 

utilisation, pricing, 

forecasts 

Cost anomaly, right-

sizing option, and 

budget risk 

Recommends scaling, 

scheduling, or resource 

optimisation 

Budget limits, 

performance 

constraints, approval 

for major cost changes 

Verification 

Agent 

Proposed plans, 

execution records, 

expected state, post-

action telemetry 

Whether actions are 

valid, successful, and 

safe 

Tests outcomes, validates 

system state, triggers 

rollback, or escalates 

failures 

Independent 

verification, predefined 

success criteria, audit 

trails 

 

6. AUTONOMOUS OPERATIONS AND INFRASTRUCTURE AUTOMATION 

6.1. Continuous Observation and Detection 

APEXA continuously collects operational telemetry from applications, infrastructure, cloud 

services, delivery pipelines, and AI agents. The main data sources include metrics, logs, traces, events, 

configuration changes, deployment records, security alerts, and resource-utilisation data. In Kubernetes 

environments, metrics, logs, and traces provide complementary information about cluster health, 

workload behaviour, and request flows. 

 

The observability layer standardises and correlates these data before analysis. Metrics reveal 

conditions such as latency, error rates, throughput, CPU use, and memory consumption. Logs capture 

detailed events, while traces show how requests move between distributed services. Detection models 
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then identify abnormal behaviour by comparing current conditions with historical patterns, service-level 

objectives, and expected system states. Alerts are prioritised according to service importance, user impact, 

and the confidence of the detected anomaly. 

 

6.2. Root-Cause Diagnosis 

After detecting an abnormal condition, the reliability agent investigates its likely cause. It correlates 

alerts, recent deployments, configuration changes, service dependencies, infrastructure status, and 

historical incidents. This prevents the platform from treating every alert as an independent problem. 

 

Service maps help identify relationships between affected components. For example, an 

application error may result from a failed database, network interruption, exhausted resource limit, or 

recent deployment. Historical incident records and approved runbooks provide evidence about similar 

failures and previously successful responses. Retrieval-augmented generation can retrieve this knowledge 

and present it to the agent together with current telemetry. 

 

The diagnosis should include the likely root cause, affected services, supporting evidence, 

uncertainty level, and possible remediation options. Current autonomous-cloud research identifies fault 

localisation and root-cause analysis as central tasks but also shows that agent performance can vary across 

incidents. Diagnosis should therefore be verified before production changes are executed. 

 

6.3. Remediation Planning and Risk Assessment 

Once a probable cause is identified, specialised agents generate corrective options. Possible actions 

include restarting a failed workload, reverting a deployment, scaling resources, replacing an unhealthy 

instance, correcting a configuration, isolating a compromised service, or redirecting traffic. 

 

Each option is assessed according to operational impact, reversibility, security sensitivity, 

compliance requirements, expected downtime, financial cost, and confidence in the diagnosis. The 

coordinator agent ranks the available actions, while the security, compliance, FinOps, and verification 

agents assess the plan from their respective perspectives. 

 

Low-risk and easily reversible actions may qualify for automatic execution. High-risk changes, 

such as modifying production databases, access policies, or critical network configurations, require human 

approval. This risk-based structure reflects the principle that reliable autonomous operations depend on 

constrained permissions, evidence, validation, and defined control boundaries rather than model 

intelligence alone. 
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6.4. Approval, Execution, and Verification 

APEXA assigns each action to an autonomy level. Routine actions within approved limits may 

execute automatically, while uncertain or high-impact actions are submitted to an authorised operator. 

The approval request presents the diagnosis, supporting evidence, proposed action, expected outcome, 

risk level, and rollback plan. 

 

Following execution, the verification agent compares the resulting system state with predefined 

success criteria. It checks service health, error rates, performance, policy compliance, and unintended 

effects. When verification fails, the system stops further actions, restores the last stable configuration 

where possible, and escalates the incident. Testing, evaluation, verification, and validation are essential 

controls for trustworthy AI-enabled operations. 

 

6.5. Infrastructure Provisioning and Delivery Automation 

APEXA supports self-service environment provisioning through developer portals, templates, 

APIs, and natural-language requests. Approved requests are converted into Infrastructure as Code 

definitions and checked against security, cost, architecture, and compliance policies. 

 

GitOps workflows store the desired configuration in version control and use automated 

reconciliation to maintain consistency between declared and deployed states. GitOps is based on 

declarative configuration, versioned state, automated application, and continuous reconciliation. CI/CD 

pipelines then build, test, scan, and deploy application or infrastructure changes. The infrastructure agent 

may also recommend workload placement according to capacity, latency, cost, data-location requirements, 

and service availability. Predictive scaling uses historical demand and current telemetry to estimate future 

resource needs. Kubernetes autoscaling mechanisms can adjust workload capacity using resource or 

custom metrics, although scaling decisions must remain within service and budget limits. 

 

Together, these processes create a controlled automation cycle in which infrastructure changes 

remain declarative, traceable, policy-compliant, verifiable, and reversible. 

 
Fig 4 - Closed-Loop Autonomous Platform Operations Cycle 
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Fig 5 - AI-Driven Infrastructure Provisioning and Deployment Workflow 

 

7. HUMAN-GOVERNED AUTONOMY AND PLATFORM GOVERNANCE 

7.1. Controlled Autonomy 

Autonomous platform operations can improve speed and reliability, but unrestricted execution 

may create security, compliance, and operational risks. Incorrect diagnoses, excessive permissions, unsafe 

configuration changes, and unreliable AI outputs may affect critical systems. APEXA therefore applies 

controlled autonomy, where every action is limited by risk level, policy rules, approval requirements, and 

rollback capability. 

 

7.2. Risk-Based Autonomy Levels 

APEXA uses five autonomy levels: 

 Advisory: AI analyses conditions and recommends actions. 

 Assisted: AI prepares an action, but a human approves execution. 

 Supervised automation: AI performs low-risk actions while operators monitor the result. 

 Conditional autonomy: AI independently executes approved actions within defined limits. 

 Governed autonomy: AI completes closed-loop operations under continuous monitoring, policies, 

and emergency controls. 

 

The assigned level depends on the action’s impact, reversibility, security sensitivity, financial cost, 

and compliance implications. 
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7.3. Human Oversight and Explainability 

Human oversight remains essential for high-risk or uncertain decisions. APEXA provides approval 

gates, escalation procedures, manual override, emergency shutdown, and rollback controls. Each AI-

generated decision should explain the detected issue, evidence used, recommended action, risk level, 

expected outcome, and verification result. Audit records document who approved or executed the action 

and whether it succeeded. 

 

7.4. Security, Compliance, and Accountability 

AI agents operate through least-privilege access and may use only approved tools and resources. 

Policy as Code validates infrastructure, security, cost, and compliance requirements before execution. 

Sensitive data must be protected through access restrictions, encryption, and controlled retention. 

Responsibility remains shared among platform teams, system owners, security personnel, and authorised 

decision-makers. 

 

 
Fig 6 - Risk-Based Human-Governed Autonomy Model 

 

Table 6: Autonomy Levels and Human-Control Requirements 

Level Permitted activity Main risk Human control 

Advisory Recommendations only Incorrect advice Human decides and 

executes 

Assisted AI prepares the action Incomplete validation Human approval 

required 

Supervised automation Low-risk automated 

actions 

Unexpected operational 

impact 

Human monitoring and 

override 

Conditional autonomy Approved actions 

within limits 

Boundary or policy 

violation 

Escalation and rollback 

controls 

Governed autonomy Closed-loop operation Large-scale automated 

failure 

Continuous governance 

and emergency 

shutdown 
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8. FRAMEWORK EVALUATION AND SCENARIO ANALYSIS 

8.1. Evaluation Dimensions 

APEXA should be evaluated across seven dimensions: operational performance, developer 

experience, automation, reliability, governance, scalability, and financial efficiency. These dimensions 

determine whether the platform improves software delivery while maintaining safety and enterprise 

control. 

 

8.2. Performance Indicators 

Operational performance can be measured using mean time to detect and mean time to repair. 

Developer experience can be assessed through provisioning time, deployment lead time, and self-service 

completion rate. Reliability indicators include change-failure rate and service availability, while 

governance can be measured through policy-compliance rate and the number of unauthorised actions. 

Cloud-resource utilisation and operational cost provide evidence of scalability and financial efficiency. 

 

8.3. Scenario-Based Validation 

Four scenarios can demonstrate how the framework operates. 

 Developer environment provisioning: A developer submits a request through the portal. The 

platform selects an approved template, validates access and policy requirements, generates 

Infrastructure as Code, provisions the environment, and verifies successful deployment. 

 Kubernetes workload failure: The observability layer detects abnormal behaviour. The reliability 

agent identifies the likely cause, proposes remediation, and restarts or scales the workload after 

approval. The verification agent checks service recovery. 

 Cloud-cost anomaly: The FinOps agent detects unusual expenditure, identifies underused 

resources, and recommends right-sizing or scheduling changes. Cost-sensitive actions are checked 

against service-performance requirements. 

 Security-policy violation: The security agent detects an unsafe configuration or access attempt. The 

platform blocks the action, isolates the affected workload where required, and escalates the 

incident for review. 

 

8.4. Comparative Evaluation 

Traditional operations depend heavily on manual tickets and reactive responses. DevOps 

improves delivery through automation and collaboration, while platform engineering adds self-service 

tools and standardised services. AIOps introduces intelligent detection and diagnosis but often remains 

separate from developer workflows. APEXA combines these capabilities through internal developer 

platforms, specialised AI agents, declarative automation, observability, and policy-controlled autonomy. 
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9. MATURITY MODEL AND IMPLEMENTATION ROADMAP 

9.1. Five-Level Maturity Model 

The APEXA maturity model describes how enterprises can progress from manual infrastructure 

management to governed autonomous platform operations. Each level represents increasing 

standardisation, intelligence, automation, and governance. 

 Level 1: Manual Operations. Infrastructure provisioning, deployment, monitoring, and incident 

response rely mainly on tickets and manual intervention. Tools are fragmented, processes vary 

across teams, and operational decisions are largely reactive. 

 Level 2: Standardised Automation. The organisation introduces Infrastructure as Code, CI/CD 

pipelines, configuration management, automated testing, and basic monitoring. Repetitive tasks 

become more consistent, but automation may remain distributed across separate teams and tools. 

 Level 3: Platform-Centred Operations. An internal developer platform provides a developer portal, 

service catalogue, reusable templates, golden paths, and self-service workflows. Platform teams 

manage shared capabilities as internal products, reducing duplicated effort and developer 

cognitive load. 

 Level 4: AI-Assisted Operations. AIOps capabilities support anomaly detection, event correlation, 

predictive analysis, root-cause diagnosis, and remediation recommendations. AI agents assist 

platform teams, but humans retain control over most operational actions. 

 Level 5: Governed Autonomous Operations. Specialised agents coordinate infrastructure, 

reliability, security, compliance, cost, and verification activities. Low-risk actions are executed 

through closed-loop workflows, while high-risk actions remain subject to policy checks, approval 

gates, verification, rollback, and emergency controls. Continuous learning improves future 

decisions without removing human accountability. 

 

 
Fig 7 - Five-Level AI-Driven Platform Engineering Maturity Model 
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9.2. Enterprise Implementation Roadmap 

APEXA should be introduced gradually rather than through immediate full autonomy. 

 The first phase is a readiness assessment, covering current infrastructure, delivery processes, 

platform tools, data quality, security controls, workforce skills, and governance maturity. 

 The second phase establishes the platform foundation. The organisation standardises 

Infrastructure as Code, CI/CD, service catalogues, reusable templates, access controls, and self-

service workflows. 

 The third phase integrates observability and operational knowledge. Metrics, logs, traces, events, 

service dependencies, runbooks, deployment records, and incident histories are connected to 

provide reliable context for platform decisions. 

 The fourth phase introduces AI-assisted operations, including incident summarisation, anomaly 

detection, root-cause recommendations, knowledge retrieval, and developer support. AI outputs 

remain advisory at this stage. 

 The fifth phase applies controlled automation to low-risk and reversible activities, such as non-

production provisioning, approved scaling, configuration reconciliation, and routine remediation. 

 The sixth phase introduces governed autonomous operations, where specialised agents coordinate 

closed-loop workflows within defined policies, permissions, approval thresholds, and rollback 

requirements. 

 The final phase focuses on continuous improvement. Performance data, developer feedback, 

verified incidents, policy exceptions, and failed actions are used to refine workflows, platform 

services, agent behaviour, and governance controls. 

 

 
Fig 8 - Enterprise Implementation Roadmap for APEXA 
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Fig 9 - Relationship between Platform Maturity and Human Operational Intervention 

 

The graph should show platform maturity increasing from Levels 1 to 5, while direct human 

intervention gradually decreases. Human accountability, governance, and oversight remain active at every 

level. 

 

10. DISCUSSION 

10.1. Theoretical Contribution 

APEXA extends platform-engineering research by combining developer experience, internal 

developer platforms, AI agents, cloud-native operations, infrastructure automation, and governance 

within one architecture. Existing studies commonly examine DevOps, platform engineering, AIOps, or 

autonomous operations separately. APEXA connects these fields through a layered model and a closed-

loop operational process. 

 

The framework also contributes to autonomous-systems research by treating autonomy as 

graduated and risk-based rather than absolute. The five autonomy levels explain how enterprises can 

move from AI recommendations to policy-controlled execution. Human oversight, verification, and 

rollback are therefore part of the architecture rather than external safeguards. 

 

APEXA further supports human-AI collaboration research by separating planning, execution, 

verification, and approval responsibilities. Specialised agents assist with operational tasks, while humans 

remain responsible for policies, exceptions, high-risk decisions, and accountability. 

 

10.2. Practical Implications 

Enterprises can use APEXA as a reference model for assessing existing platform capabilities and 

identifying missing components. Organisations with mature CI/CD and Infrastructure as Code practices 
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may focus on developer self-service, observability integration, or AI-assisted operations. Less mature 

organisations should first standardise infrastructure and delivery processes before introducing 

autonomous agents. 

 

The framework can also guide the selection and integration of developer portals, service 

catalogues, observability tools, policy engines, GitOps controllers, and AI-agent platforms. Its layered 

structure reduces dependence on a single vendor because capabilities are defined functionally rather than 

by particular products. 

 

Performance indicators such as provisioning time, mean time to repair, change-failure rate, self-

service completion, policy compliance, and cloud-resource utilisation can be used to evaluate whether 

platform investments create measurable benefits. 

 

10.3. Organizational Implications 

APEXA changes the responsibilities of platform teams. Their role expands from maintaining 

infrastructure tools to managing platform products, operational data, agent permissions, policies, and user 

experience. Platform engineers require skills in cloud-native systems, automation, observability, security, 

AI operations, and product management. 

 

Security, compliance, site reliability, FinOps, and development teams must also collaborate more 

closely. Governance responsibilities should be clearly assigned so that responsibility for AI-driven actions 

is not transferred entirely to software vendors or technical models. Organisational culture is equally 

important. Developers must trust platform services, while operators must accept automation without 

losing appropriate control. Transparent decision records, gradual implementation, and measurable results 

can support this transition. 

 

10.4. Comparison with Existing Approaches 

Traditional operations depend heavily on manual tickets and reactive incident handling. DevOps 

improves collaboration and delivery automation, while platform engineering adds self-service capabilities 

and reusable services. AIOps introduces intelligent monitoring, prediction, and diagnosis. 

 

APEXA differs by combining these capabilities into one governed architecture. It connects 

developer requests with enterprise knowledge, specialised agents, declarative automation, cloud-native 

runtime services, observability, and policy enforcement. It also includes independent verification, 

continuous learning, risk-based autonomy, and an implementation maturity model. These features allow 

APEXA to address both software-delivery experience and operational control. 

 

 



 

 
 

ISSN: 3071-3315 
PP: 01-37 

 

----------------- 
AI-Driven Enterprise Platform Engineering: A Conceptual Framework for Autonomous Platform Operations, Infrastructure Automation, 

and Scalable Cloud-Native Developer Platforms 

Bhanu Kiran Kuma Muggalla 

        34 

11. LIMITATIONS AND FUTURE RESEARCH 

APEXA is a conceptual framework and has not yet been validated through full enterprise 

deployment. Its proposed layers, agents, workflows, and performance indicators are based on literature 

synthesis and scenario analysis rather than observed production results. The framework’s effectiveness 

may therefore differ across organisations, industries, regulatory environments, and technology stacks. 

 

AI reliability remains another limitation. Large language models and autonomous agents may 

produce inaccurate diagnoses, incomplete plans, or unsuitable actions. Model drift, poor telemetry, 

missing context, and unreliable retrieved information may also reduce performance. Human oversight 

and technical controls can reduce these risks but cannot remove them completely. 

 

Legacy-system integration may also be difficult because older applications often lack standard 

APIs, declarative configurations, reliable telemetry, and automated recovery. Security and privacy risks 

may arise when agents access infrastructure, incident records, source code, logs, credentials, or regulated 

data. 

 

Future research should develop and test an APEXA prototype in a controlled cloud-native 

environment. Expert assessment could evaluate the framework’s completeness, feasibility, and 

governance structure. Enterprise case studies should examine adoption challenges, workforce changes, 

costs, and measurable outcomes. 

 

Controlled experiments could compare human-led, AI-assisted, and governed autonomous 

operations using incident-resolution time, deployment performance, policy compliance, and error 

frequency. Longitudinal studies are also needed to determine whether continuous learning improves 

performance without increasing operational risk. Further research should adapt the framework to sectors 

such as healthcare, finance, telecommunications, manufacturing, and government. 

 

12. CONCLUSION 

Enterprise platform operations are becoming more difficult as organisations adopt cloud-native 

systems, distributed applications, multi-cloud infrastructure, and increasingly complex delivery 

toolchains. Existing DevOps, platform-engineering, and AIOps approaches address important parts of this 

problem, but they often remain separated across developer experience, infrastructure automation, 

operational intelligence, and governance. 

 

This study proposed APEXA as a unified conceptual framework for AI-driven enterprise platform 

engineering. The framework consists of developer experience, intelligent interaction, agentic 

orchestration, infrastructure automation, cloud-native runtime, observability and learning, and 
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governance and control layers. Together, these layers connect developer self-service with AI-assisted 

decision-making, declarative infrastructure, operational telemetry, and enterprise controls. 

 

APEXA supports autonomous operations through a closed-loop process that observes conditions, 

detects anomalies, diagnoses causes, plans responses, assesses risks, obtains approval, executes actions, 

verifies outcomes, and records lessons. Its multi-agent structure distributes tasks among infrastructure, 

reliability, security, compliance, FinOps, coordination, and verification agents. 

 

The framework does not present autonomy as unrestricted machine control. Instead, it applies 

human-governed autonomy based on permissions, policies, risk levels, approval requirements, 

explainability, verification, rollback, and emergency controls. This approach provides a practical balance 

between operational speed and enterprise accountability. 

 

The main theoretical contribution is the integration of platform engineering, AIOps, agentic 

systems, infrastructure automation, and human-AI governance. Its practical value lies in the maturity 

model, implementation roadmap, evaluation indicators, and scenario-based workflows provided for 

enterprise adoption. 

 

Because the framework remains conceptual, prototype development, expert validation, controlled 

experiments, enterprise case studies, and longitudinal evaluation are required. Such studies can determine 

whether APEXA improves reliability, developer experience, governance, scalability, and cost efficiency 

under real operational conditions. 
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