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ABSTRACT 
 

Modern Agile–DevOps environments continuously produce operational data through deployment pipelines, observability 

platforms, cloud infrastructure, and security tooling. While this telemetry is critical for governance activities, the information is 

often distributed across multiple operational domains and represented through different technical perspectives. As a result, 

Project Managers may struggle to interpret reliability issues, release risks, infrastructure costs, and security concerns in a unified 

and actionable manner. The disconnect between low-level operational telemetry and governance-level interpretation remains a 

persistent challenge in Agile–DevOps project management.This paper introduces the AgileOps Agentic Framework (AAF), 

a governance-oriented multi-agent decision-support framework designed to translate fragmented operational evidence into 

explainable governance recommendations. The framework combines specialised reasoning agents representing DevOps, Site 

Reliability Engineering (SRE), FinOps, and DevSecOps with consensus evaluation, Re-Grounded Agentic Reasoning (RAR) for 

uncertainty handling, utility-based governance scoring, and evidence-grounded explanation generation. Rather than performing 

autonomous remediation, AAF focuses on supporting managerial decision making through traceable and operationally grounded 

governance interpretation.The framework was evaluated using three complementary studies: (1) controlled cross-domain 

governance scenarios, (2) Project Manager-oriented prompt evaluations, and (3) a runtime telemetry pilot using operational 

artifacts collected from the Sock Shop microservices benchmark. In the controlled evaluation involving 120 curated governance 

cases, the full AAF configuration achieved a domain-match rate of 0.875 and governance-action match of 0.792, outperforming 

baseline and ablation configurations. During the Project Manager prompt evaluation using 100 governance-oriented prompts, 

the framework achieved a 0.78 domain-match rate in blind evidence mode and full domain consistency under aligned evidence 

conditions, while maintaining strong acceptable governance-action alignment across ambiguous operational scenarios. A 

grounded explanation evaluation further showed that evidence-constrained explanation generation could preserve domain 

consistency, action consistency, and evidence coverage across evaluated cases. The runtime telemetry pilot, which included 

20 controlled runtime cases and 733 collected operational artifacts, demonstrated that heterogeneous runtime evidence could 

be transformed into structured governance interpretations under controlled conditions.Collectively, the results suggest that 

integrating domain-specific agentic reasoning with utility-weighted governance evaluation, live telemetry processing, and 

evidence-constrained explanation generation holds promise for advancing decision support at the project-governance level in 

Agile–DevOps contexts. A further contribution of this work lies in the reproducible experimental pipeline it establishes—one 

that creates an explicit, auditable link between raw operational telemetry and governance-oriented interpretations intended for 

Project Managers. 

 

 

Introduction 

Software delivery in Agile and DevOps environments is very fast and complex. All the tools supporting the software delivery 

pipeline for a company generate operational telemetry data which can be used to optimise the software delivery process.  Such 

telemetry data is produced by CI and testing tools, cloud-native pipelines and workflows, observability and monitoring tools, 

and automated security tools, to name a few. These tools facilitate fast software delivery and handle unprecedented complexity 

in operational software systems1–4. The telemetry data, however, poses governance problems that are hard to manage. The 

data is scattered across multiple tools and applications, and provides very different insights for development teams, reliabi lity 

teams, infrastructure teams, cost-management teams, and security teams. Project Managers currently lack visibility into release 

readiness, operational risk, infrastructure cost, and security posture. 

The telemetry data that flows through the stack is what governance decisions are made from. Are features not meeting 
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goals going to cause delayed releases to customers? Is the total cost of owning a service increasing because of factors such as 

aggressive auto-scaling and increased usage of spot instances? A large number of telemetry signals are surfaced for engineering 

and platform teams to operate on a day-to-day basis. Those signals also allow for additional insights to inform governance 

decisions related to release timing. Unfortunately, current processes are often slow and limit the insights that can be gathered 

across key aspects of delivery. 

Although many research studies and operational practices have been conducted for automation and reliability management  

in DevOps and SRE environments5–8, methods and techniques related to deployment automation, observability pipeline setup 

and management, incident response, anomaly detection, and operational analytics have already been extensively discussed. 

Many AIOps studies, such as machine-learning-based log analysis, event correlation, and operational support systems, have 

also been explored9–11. Practices such as FinOps and DevSecOps, which extend governance into cloud-cost management 

and security operations, have recently gained significant attention12–15. However, most of the existing approaches remain 

highly focused on engineering operations and provide limited managerial interpretation.  There is comparatively little emphasis 

on integrating insights from multiple operational perspectives to support Project Manager decision making under uncertain 

conditions. 

Although explainability in general-purpose LLMs remains an open challenge16–18, many operational reasoning and 

explanation capabilities have become increasingly relevant and practically achievable within the context of multi -agent systems, 

Agentic AI, and LLMs19,20. Grounded language generation further improves explainability by ensuring that the output of a 

language model remains tightly linked to structured evidence21. However, generating operationally explainable LLM-based 

systems is far from trivial and introduces both technical and governance challenges related to model reliability, infrastruct ure 

operations, security, and release management. 

Although many approaches, solutions, and tools have been proposed to address these challenges, there remains a strong 

need for governance-oriented approaches, processes, and tools that can operate effectively within Agile–DevOps environments. 

This paper presents the AgileOps Agentic Framework (AAF), a governance-oriented decision-support framework designed for 

modern software delivery, deployment, runtime, and lifecycle operations. The AAF consists of four reasoning agents: DevOps 

RA, Site Reliability Engineering RA, FinOps RA, and DevSecOps RA. Each reasoning agent generates governance claims, 

corresponding confidence levels, and summaries of supporting evidence computed from operational telemetry data. The utility 

of proposed governance actions is evaluated in terms of performance improvement, cost efficiency, and risk reduction. The 

Cross-domain agreement between governance claims is also evaluated. When agreement falls below a predefined threshold, 

additional evidence is processed through re-ground agentic reasoning (RAR) processes to improve agreement and reduce 

uncertainty. The explanation layer produces evidence-based governance summaries intended to support Project Managers 

through operational interpretation and governance traceability. 

AAF is not intended to function as a standalone remediation system. Running AAF does not require separate infrastructure 

or independent operational environments to address the identified issues. Instead, the purpose of AAF is to help Project 

Managers understand operational conditions, identify cross-cutting issues, and guide governance responses in uncertain delivery 

environments. The AAF is intended to improve governance interpretation by helping Project Managers identify appropriate 

governance responses under different operational conditions. 

We conducted three separate studies to validate the feasibility and usability of the proposed framework. In the first study, 

we applied the framework to cross-domain governance scenarios focusing on governance interpretation, governance-action 

selection, agreement evaluation, explainability, and usability. The second and third studies evaluated Project Manager-oriented 

prompts generated by the framework in different operational contexts.  These studies also incorporated a pilot telemetry using 

the Sock Shop microservices benchmark application22. We generated 20 runtime cases with an average of 36.9 operational data 

objects per case, resulting in a total of 733 artifacts. The framework successfully collected telemetry artifacts that included 

running-container information, runtime log messages, deployment metadata, service-query results, and resource-consumption 

metrics. Together, these studies provide a reproducible basis for examining governance-related operational decisions. 

The primary contributions of this paper are summarized as follows: • A governance-oriented multi-agent system integrating DevOps, Site Reliability Engineering, FinOps, and DevSecOps 

reasoning for Agile–DevOps operational governance. • A structured consensus and Re-Grounded Agentic Reasoning mechanism for managing uncertainty across multiple 

operational domains. • A utility-based governance evaluation approach that incorporates performance improvement, cost efficiency, and risk 

reduction into governance-action selection. • An evidence-based explainability layer that supports the operational interpretation of the project manager with improved 

governance traceability. 
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• A reproducible multi-stage evaluation framework supporting governance-scenario analysis, Project Manager prompt 

evaluation, grounded explanation assessment, and telemetry-pilot experimentation using microservices-based runtime 

environments. 

The remainder of this paper is organized as follows. Section II reviews related work in DevOps governance, AIOps, 

multi-agent systems, explainable AI, and grounded language reasoning. Section III presents the architecture and workflow 

of the AgileOps Agentic Framework. Section IV describes the experimental methodology and evaluation design. Section V 

presents and discusses the experimental results. Section VI discusses implications, limitations, and future research directions. 

Section VII concludes the paper. 

 

Related Work 

DevOps, SRE, and Operational Governance 

The operational governance of software systems is significantly impacted by DevOps practices that have fundamentally changed  

the way software systems and their production infrastructure are built and maintained over the last decade 1–4. Many practices 

such as continuous integration, automated deployment, continuous delivery, production monitoring, continuous observability,  

and automated incident management heavily rely on automation. Automated procedures process telemetry into operational 

evidence that informs governance decisions. The systems producing this telemetry—deployment pipelines, observability tools, 

cloud and virtualised infrastructure, and incident-management platforms—have themselves become increasingly automated. 

This paper explores how operational governance is influenced not only by automation itself, but also by the complex operation al 

evidence generated across modern production infrastructures. 

Site Reliability Engineering (SRE) extends traditional reliability engineering practices into the day-to-day operation 

of software systems through service-level objectives (SLOs), observability pipelines, incident-response procedures, and 

fault-management strategies5,6. In this paper, particular attention is given to cloud-native and microservices environments, 

where applications consist of multiple independently deployable services with continuously evolving runtime interactions23. 

Monitoring such systems requires mechanisms capable of gathering, storing, and analysing telemetry data collected from 

multiple operational sources. 

Anomaly detection, log mining, and reliability monitoring for root-cause analysis have been approached using both 

statistical and machine-learning techniques. Systems such as DeepLog9 and Drain10 demonstrate how operational logs can be 

analysed to identify abnormal system behaviour and support operational diagnostics. Trace-based approaches and root-cause 

localisation in distributed and microservices systems have also attracted significant attention 8,24,25. However, while substantial 

progress has been made in improving the ability of infrastructure operations teams to detect and respond to operational issue s, 

comparatively less work has focused on transforming operational evidence into governance-oriented recommendations suitable 

for Project Managers and delivery stakeholders. 

AIOps and Intelligent Operational Support 

Artificial Intelligence for IT Operations (AIOps) has emerged as an active research area for operational monitoring, anomaly 

detection, fault diagnosis, infrastructure optimisation, and intelligent operational support11. Many AIOps systems apply 

machine-learning techniques to correlate events, identify failures, predict anomalies, and guide operational actions. With the 

rapid growth of native cloud systems and large-scale telemetry streams, interest in AIOps has continued to increase. In this 

paper, we outline an initial effort toward a governance-oriented AIOps framework for monitoring cloud-native microservices 

environments. 

Rapid developments have been reported in commercial and research-oriented AIOps platforms. However, most existing 

solutions primarily support infrastructure operators, Site Reliability Engineering (SRE) teams, and platform -engineering teams. 

Although these systems provide automation and remediation capabilities, explainability and governance-oriented interpretation 

often remain secondary concerns. As a result, Project Managers may still struggle to interpret operational telemetry in a form 

suitable for governance-level decision making. 

Unlike many existing AIOps approaches that focus on infrastructure orchestration and autonomous remediation, the 

framework presented in this paper focuses on governance interpretation. Rather than automatically executing operational 

changes, the framework generates evidence-based and explainable governance recommendations intended to support managerial 

decision making under uncertain operational conditions. 

FinOps and DevSecOps Integration 

As the cloud-native delivery environment matures, effective governance is needed to reconcile different perspectives and 

priorities. Practices like FinOps provide teams with cloud-cost visibility, financial accountability, and optimization techniques 
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to ensure a reliable and cost-effective use of cloud resources12,26,27. DevSecOps practices incorporate security and compliance- 

based best practices into CI/CD pipelines and other workflows13–15. The CIO and engineering leaders must weigh reliability, 

performance, cost, security, and time constraints in their governance decisions. 

Scaling decisions are typically made within individual technical domains. Allowing a service auto-scale to increase to 

mitigate reliability issues may cost more than intended in the cloud. Decisions to delay deployment to fix a security issue have 

implications for scheduled delivery dates and release commitments. Current operational tooling allows decisions to be made 

within individual technical domains, but does not facilitate understanding of the governance implications across operational 

domains. 

This paper extends the operational reasoning applied by DevOps/SRE teams to also consider the FinOps and DevSecOps 

dimensions. We provide governance recommendations that involve cross-domain operational trade-offs and go beyond typical 

focus on optimizing for infrastructure-related metrics. 

Multi-Agent Systems and Agentic AI 

Multi-agent systems for distributed reasoning, coordination, and decision making have been studied for a long time28–31. With 

the emergence of Agentic AI and large language models (LLMs), decomposing complex tasks into specialized agents has 

gained renewed attention19,20. In governance-oriented operational environments, different objectives often require different 

forms of expertise and evaluation. 

Recent work has applied LLMs to building agents for planning, orchestration, collaborative reasoning, operational support,  

and modeling the behavior of other agents32. These systems have been explored in areas such as task planning, decision making, 

argument generation, interactive reasoning, and state-space exploration. However, many of these approaches rely heavily on 

unconstrained natural-language generation, making generated plans difficult to verify and increasing the risk of unsupported 

outputs, commonly referred to as hallucinations33. In governance-oriented operational environments, such hallucinated outputs 

may have serious implications for release management, reliability, infrastructure operations, and information security. 

In this work, structured operational reasoning is separated from language-model-based explanation generation. Domain 

interpretation, consensus evaluation, and governance scoring are handled independently of the explanation layer in order to 

improve traceability and reduce unsupported claims. 

Explainability, Grounding, and Hallucination Control 

Recent research in retrieval-augmented generation, explainable AI, and hallucination analysis shares a common objective: 

ensuring that AI-generated outputs remain grounded in verifiable evidence21. Previous studies have shown that unconstrained 

language generation can introduce unsupported or misleading statements, particularly in operational environments where 

accountability is critical33. These concerns become even more significant when AI systems contribute to governance-related 

decisions that require transparency, traceability, and operational accountability. 

There is also increasing interest in explainable AI, particularly in the context of human-centered decision-support sys- 

tems16–18. Explainability is especially relevant in Agile–DevOps governance environments, where Project Managers are often 

required to justify decisions related to release management, reliability, security, and operational cost across multiple stak eholder 

groups. 

To address these concerns, the framework presented in this paper incorporates an evidence-based explanation layer that 

constrains language-model outputs to structured AAF evidence, including domain claims, supporting evidence, confidence 

values, utility scores, and consensus results. The explanation layer improves readability, transparency, and evidence traceability  

while reducing the likelihood of unsupported operational claims. 

Research Gap 

Although there have been significant advances in DevOps automation, observability, AIOps, cloud governance, operational 

analytics, and intelligent operational support1–6,8–15,23–27, comparatively limited work has focused specifically on governance- 

oriented operational interpretation for Project Managers operating within Agile–DevOps environments. Most existing research 

continues to emphasize infrastructure automation, anomaly detection, incident response, and engineering-centric operational 

workflows. Comparatively fewer studies investigate how operational evidence from multiple domains can be consolidated 

into explainable governance recommendations that remain reproducible, traceable, and useful for the support of managerial 

decisions16–21,33. 

The AgileOps Agentic Framework addresses this gap by combining multi-agent operational reasoning, structured uncertainty 

handling, utility-based governance evaluation, and evidence-grounded explanation generation within a governance-oriented 

decision-support architecture. Unlike many autonomous operational systems, the proposed framework is designed to support 

Project Managers by helping them interpret operational telemetry and evaluate governance trade-offs under controlled but 

realistic operational conditions. 
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Figure 1. High-level architecture of the AgileOps Agentic Framework (AAF). The framework integrates four domain-specific 

reasoning agents (DevOps, SRE, FinOps, DevSecOps) with consensus evaluation, Re-Grounded Agentic Reasoning (RAR), 

utility-based governance scoring, and an evidence-grounded explanation layer. 

 

AgileOps Agentic Framework 

Framework Overview 

This section presents the AgileOps Agentic Framework (AAF), a governance-oriented decision-support framework designed 

for Agile–DevOps environments. AAF is not intended to perform autonomous remediation or directly orchestrate infrastructure  

changes. Instead, the framework is designed to support governance and operational decision-making by providing Project 

Managers with a structured understanding of operational conditions across multiple delivery domains.  The framework combines 

operational reasoning, uncertainty handling, utility-based governance evaluation, and evidence-based explainability within a 

unified workflow. 
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AAF continuously monitors telemetry generated from deployment pipelines, production observability platforms, cloud 

and virtualised infrastructure services, and security-monitoring systems. Operational telemetry is collected and transformed 

into structured evidence packages that are subsequently analyzed by domain-specific reasoning agents. Each reasoning agent 

independently evaluates the evidence and generates operational claims, associated confidence estimates, and supporting 

evidence summaries. 

After domain agents generate their outputs, the framework evaluates the level of cross-domain agreement through a 

consensus-evaluation process. When sufficient agreement is not achieved, the framework activates the Re-Grounded Agentic 

Reasoning (RAR) process, where additional operational evidence is collected and re-evaluated in an attempt to improve 

alignment and reduce uncertainty. 

Subsequently, governance decisions are evaluated using a utility-based scoring model that considers the impact of perfor- 

mance, cost efficiency, and risk reduction. The framework then generates evidence-based governance explanations intended 

for Project Managers and operational stakeholders. These explanations remain fully traceable to the underlying operational 

evidence. 

The framework operates through five major stages: • operational evidence ingestion, • domain-agent interpretation, • consensus and re-grounding evaluation, • utility-based governance scoring, • grounded explanation generation. 

Unlike many operational-analysis platforms that optimize a single technical objective, AAF is designed to support 

governance interpretation across multiple operational domains simultaneously. This enables the framework to evaluate 

operational trade-offs across DevOps, SRE, FinOps, and DevSecOps perspectives within a unified governance-oriented 

workflow. 

Operational Evidence Representation 

Unlike many operational analytics systems that primarily expose logs or dashboards, AAF represents telemetry as structured 

operational evidence that supports or contradicts governance recommendations. This design improves reproducibility and 

allows governance decisions to be traced directly to the operational data used during the evaluation. 

The operational evidence package is represented as: 

E = {e1, e2, . . . , en} (1) 

The framework uses structured operational signals collected from multiple sources, including deployment systems, ob- 

servability platforms, cloud infrastructure, and software-defined networking environments. Representative evidence types 

include: • deployment rollback events, • service restart counts, • latency and availability measurements, • infrastructure utilization metrics, • vulnerability findings, • policy violations, • cloud-cost indicators. 

The framework does not require a fixed observability or deployment stack prior to evaluation.  In controlled studies, evidence 

packages were dynamically generated while representative governance scenarios were evaluated. During the telemetry pilot, 

the Sock Shop microservices benchmark application? was used to generate and analyze operational artifacts in runtime. 
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{ 
"agent_type": "SRE", 
"claim": "Service reliability degradation detected", 
"confidence": 0.85, 
"evidence": [ 
"P95 latency elevated: 650 ms", 
"Availability dropped to 98.40%" 

] 
} 

Domain-Specific Reasoning Agents 

AAF incorporates four deterministic reasoning agents representing DevOps, Site Reliability Engineering (SRE), FinOps, and 

DevSecOps. For each operational evidence package, an agent generates an operational interpretation represented as 

Ai = (ci, si, εi) (2) 

where Ai denotes the agent’s output i, ci represents the operational claim, si denotes the confidence score and εi represents the 

set of supporting evidence. 

The SRE agent evaluates reliability, latency, service availability, restart behavior, and operational stability. The DevOps 

agent evaluates the stability of deployment, CI/CD failures, rollback behavior, and release conditions. The FinOps agent 

evaluates operational cost indicators and infrastructure-utilization efficiency. The DevSecOps agent evaluates vulnerabilities, 

policy violations, and operational security risks. 

Each agent produces deterministic outputs derived from structured operational evidence rather than unrestricted language - 

model reasoning. This design improves reproducibility and ensures that operational claims remain grounded in evidence. A 

representative agent output is shown below: 
 

 

Consensus Evaluation 

After the agent-level interpretation is completed, the governance orchestration layer computes a consensus score between agents  

that estimates the degree of agreement among participating agents. The framework does not require complete agreement across 

all domains, but instead aims to achieve sufficient consistency to support governance recommendations. 

The consensus score is defined as: 

C = λ · s¯+ (1 − λ ) · D (3) 

where C denotes the consensus score, s¯ represents the mean confidence of the agent, D denotes the agreement of the domain- 

alignment, and λ is a weighting parameter that balances confidence and agreement. For the experiments presented in this 

article, λ was fixed at 0.5 to balance the mean confidence and the agreement between domains equally. 

A fixed threshold τ is then used to determine whether additional reasoning steps are required. If the consensus score falls 

below the threshold: 

C < τ (4) 

the framework activates the Re-Grounded Agentic Reasoning process. For the experiments reported in this article, the consensus 

threshold was fixed at τ = 0.65. 

The consensus mechanism is intended to estimate governance readiness rather than probabilistic truth inference. Individual 

agents contribute structured preferences based on operational evidence, and the orchestration layer evaluates the degree of 

agreement between domains before governance recommendations are finalized. 

Re-Grounded Agentic Reasoning 

Re-Grounded Agentic Reasoning (RAR) is designed to manage uncertainty in situations where agent agreement is insufficient 

or operational evidence is ambiguous. RAR attempts to improve alignment by incorporating additional operational context into 

the evidence package. 

RAR is triggered when C < τ, where C is the consensus score and τ is the minimum consensus threshold. During the RAR 

process, the framework enriches the evidence package with additional operational context and re-evaluates the agent outputs. 

The updated interpretation is accepted only if the consensus improvement exceeds a minimum increment: 

C
′
 − C ≥ δmin (5) 

where C
′
 represents the updated consensus score, C represents the original consensus score, and δmin denotes the minimum 

acceptable improvement. If the consensus improvement remains insufficient, the original interpretation is retained, and the case 
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3 

is classified as an unresolved uncertainty. Consequently, RAR functions primarily as an uncertainty-management mechanism, 

rather than as a performance-optimization mechanism. In the experiments presented in this article, δmin = 0.05. To preserve 

deterministic behavior, RAR iterations were limited to a maximum of two re-grounding loops per evaluation case. 

 

Utility-Based Governance Evaluation 

After the consensus evaluation is completed, AAF applies a utility-based model to evaluate candidate governance actions 

according to performance, cost efficiency, and risk reduction. 

The utility of governance action ai is defined as: 

U (ai) = wpPi + wcCi + wrRi (6) 

where U (ai) is the utility score of action ai, Pi represents the performance score, Ci represents the cost-efficiency score, Ri 

represents the risk-reduction score, and wp, wc and wr are weighting coefficients. During the evaluation, fixed weights were 

used: wp = 0.4, wc = 0.3, wr = 0.3. 

Performance was assigned slightly higher weight because operational stability and release readiness are central governance 

concerns in Agile–DevOps environments. Cost efficiency and risk reduction were weighted equally in order to maintain the 

balance of governance between domains. 

The selected governance action is determined as: 

a
∗
 = argmax U (ai) (7) 

ai 

 

Representative governance actions include rollback to stable deployment; mitigate and monitor; scale adjustment; patch or  

block release; and no action (observe). The utility layer evaluates governance trade-offs across operational conditions where 

multiple technically valid actions may exist. Different governance actions may improve reliability while increasing operational 

cost, or reduce security risk while affecting deployment timelines. The utility model provides a structured mechanism for 

balancing these competing objectives. 

Evidence-Grounded Explanation Layer 

In the final stage of AAF, the structured operational analysis is transformed into governance-oriented explanations intended for 

Project Managers and other stakeholders. The explanation layer uses a constrained language-model prompt that operates only 

on structured AAF output. 

The explanation layer receives: domain claims; supporting evidence; confidence estimates; consensus score; Status of the 

RAR; utility evaluation; and selected governance action. The language model is not permitted to introduce new operational 

evidence or modify the selected governance action. This constraint reduces unsupported operational claims while preserving 

readability and interpretability. 

The generated explanation summarizes what happened; why it happened; which operational domains were affected; 

what governance action is recommended; confidence and uncertainty status; and supporting evidence. Appendix A contains 

representative prompt templates and explanation examples. 

Explainability Index 

The quality of the explainability within AAF is evaluated using the Explainability Index (XI), a composite metric that estimates 

readability, clarity of evidence, and traceability. The XI score is defined as 

XI = αR + β E + γT (8) 

where R denotes readability, E denotes evidence clarity, T denotes traceability, and α, β , and γ are weighting coefficients. 

During evaluation, equal weighting was used: α = β = γ = 1 . All sub-scores were computed automatically using deterministic 

heuristic scoring rules and normalised to the range [0, 1]. 
Readability estimates structural clarity and simplicity of sentences. The clarity of evidence estimates the degree to which 

the explanations are supported by concrete operational evidence. Traceability estimates whether governance conclusions can be 

traced back to supporting evidence and operational actions. 

XI is intended as a lightweight heuristic for the estimation of explainability rather than as a human-subject evaluation 

metric. The metric does not evaluate semantic correctness directly; instead, it estimates how effectively operational evidence 

and governance reasoning are communicated to governance stakeholders. 
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End-to-End Workflow 

The general AAF workflow proceeds as follows. • operational telemetry is transformed into structured evidence, • domain agents independently interpret the evidence, • consensus evaluation estimates cross-domain agreement, • RAR is triggered when agreement is insufficient, • utility scoring evaluates candidate governance actions, • the highest-utility governance action is selected, • the explanation layer generates a grounded governance summary. 

This workflow transforms fragmented operational telemetry into explainable and traceable governance recommendations  

intended to support Project Managers and governance stakeholders. 
 

Figure 2. Governance decision workflow and utility-based evaluation process. The diagram illustrates how operational 

evidence flows through domain-agent interpretation, consensus evaluation, Re-Grounded Agentic Reasoning, utility scoring, 

and grounded explanation generation. 

 

Experimental Methodology and Evaluation Design 

Evaluation Objectives 

This evaluation assesses the extent to which the AgileOps Agentic Framework (AAF) supports governance-oriented operational 

interpretation in Agile–DevOps environments across multiple delivery domains while maintaining explainability and traceability. 

The evaluation focused on four primary objectives: 
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• assessing cross-domain operational interpretation, • examining governance-action selection under uncertainty, • evaluating the clarity and reliability of Project Manager-oriented explanations, • Assess runtime operational artifacts as governance evidence. 

The goal of the evaluation was not to assess infrastructure automation, autonomous remediation, or readiness for production  

deployment. Instead, the evaluation was designed as a controlled and reproducible study of governance-oriented operational 

reasoning and explainability. 

Evaluation Design 

The AAF evaluation followed a three-stage experimental protocol consisting of: controlled cross-domain governance scenarios; 

Project Manager-oriented prompt evaluation and grounded explanation assessment; and a controlled runtime telemetry pilot  

using the Sock Shop benchmark environment. Table 1 summarizes the evaluation structure and the corresponding outputs. 

Table 1. Evaluation design summary. 

 

Study Objective Input Type Output Evaluated 

Study 1 Cross-domain governance evaluation Structured operational evidence Governance interpretation and action selection 

Study 2 PM prompt and explanation evaluation Governance-oriented prompts Grounded explanations and governance consistency 

Study 3 Runtime telemetry pilot Runtime operational telemetry Runtime governance interpretation feasibility 

The governance scenarios were designed to evaluate both operational interpretation and governance-action selection 

under representative operational conditions. Each scenario represented a sequence of operational events corresponding to 

realistic software-delivery situations. The PM prompt and explanation evaluation assessed the quality of grounded governance 

explanations generated for Project Managers, focusing on consistency, evidence traceability, and governance interpretability. 

The runtime telemetry pilot evaluated the feasibility of transforming runtime telemetry artifacts into structured governance 

evidence suitable for operational interpretation. 

Study 1: Controlled Governance Scenarios 

The first evaluation stage used controlled governance scenarios to evaluate the framework’s operational interpretation capabilities 

across DevOps, SRE, FinOps, and DevSecOps domains. The evaluation scenarios included: • deployment rollback events, • elevated latency conditions, • restart-loop behavior, • infrastructure scaling anomalies, • cloud-cost spikes, • vulnerability findings, • policy violations, • release-readiness conflicts, • cross-domain governance conditions involving multiple operational domains simultaneously. 

Operational evidence was transformed into structured AAF evidence packages prior to evaluation. Each domain agent 

generated operational claims, confidence values, and supporting evidence summaries. The generated outputs were then 

processed through consensus evaluation, Re-Grounded Agentic Reasoning (RAR), utility-based governance evaluation, and 

grounded explanation generation. The evaluation data set consisted of 120 governance scenarios representing both isolated 

operational conditions and cross-domain governance situations. 

Two operational-evaluation modes were used for the PM-oriented governance assessment. 
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Blind Evidence Mode. In this mode, operational evidence was derived primarily from prompt interpretation and runtime 

logic without predefined evidence alignment. The framework was therefore evaluated under incomplete or partially ambiguous 

operational conditions. 

Aligned Evidence Mode. In this mode, curated governance labels and structured evidence packages were used to test the 

internal consistency of the framework under controlled evidence conditions. 

Study 2: Project Manager Prompt and Grounded Explanation Evaluation 

The second stage evaluated the explainability, traceability, and evidence-based characteristics of governance explanations 

generated for Project Managers. Representative governance-oriented prompt categories included release reviews; reliability in- 

vestigations; deployment-governance discussions; cloud-cost assessments; and security and compliance reviews. Representative 

prompts included: • “Should the release proceed despite elevated latency?” • “Why was rollback recommended?” • “Which operational domains contributed to the governance decision?” • “Security patches are released to fix vulnerabilities before they can be exploited. If deployment is delayed too long, 

operational risk may increase.” 

The explanation layer did not use unrestricted natural-language prompting. Instead, explanations were generated using 

structured outputs from the AAF operational analysis pipeline, including domain claims, supporting evidence, confidence 

values, consensus scores, RAR status, utility-evaluation results, and selected governance actions. The language model was 

constrained so that it could not introduce unsupported operational evidence or alter governance decisions. 

The generation of explanations was evaluated using a stratified sample of governance cases from the aligned PM-prompt 

data set. All explanations were generated using fixed-temperature settings with the GPT-4o-mini model. This stage evaluated 

domain consistency; governance-action consistency; evidence coverage; unsupported-claim risk; readability; evidence clarity; 

governance traceability; and heuristic composite explainability quality. 

Study 3: Runtime Telemetry Pilot Using Sock Shop 

The third evaluation stage introduced runtime operational realism using the Sock Shop microservices benchmark application ?. 

Sock Shop is a cloud-native microservices benchmark environment commonly used for observability and operational experi- 

mentation. Unlike the earlier controlled-scenario studies, this stage relied on runtime telemetry collected while the system was 

actively operating under controlled perturbations. 

A Docker Compose-based environment was used to simulate runtime operational conditions. Controlled runtime perturba- 

tions included: • service stop pages, • restart-loop behavior, • elevated CPU utilization, • request-pressure conditions, • autoscaling anomalies, • runtime configuration inspection, • release-governance conflicts, • security and release-gate conditions, • multi-domain operational trade-offs. 

Representative runtime artifacts included: Docker Compose status outputs; container logs; runtime inspection metadata; 

resource utilization metrics; HTTP service responses; deployment-state observations; and runtime configuration artifacts. The 

runtime telemetry pilot evaluated 20 controlled runtime cases. A total of 733 runtime operational artifacts were collected and 

transformed into structured operational evidence packages. The telemetry pilot was intended as a controlled feasibility study 

rather than a production operational deployment study. 
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Evaluation Metrics 

The framework was evaluated using governance-oriented interpretation and explainability metrics rather than infrastructure- 

performance metrics. The reported confidence intervals represent descriptive uncertainty for the controlled datasets evaluated in 

this study and should not be interpreted as production-scale inferential estimates. 

The domain match rate evaluates the accuracy of operational-domain identification: 
 

DA = 
Ncorrect 

Ntotal 

 

(9) 

where Ncorrect denotes the number of operational domains correctly identified and Ntotal denotes the total number of evaluated 

cases. The confidence intervals were estimated using the descriptive normal approximation. 

Governance Action Match evaluates whether the selected governance action matches the governance recommendation 

defined during data set preparation. 
 

AM = 
Amatched 

Atotal 

 

(10) 

where Amatched denotes the number of matched governance actions and Atotal denotes the total number of governance actions 

evaluated. Two variants of governance-alignment were evaluated: (1) Primary Governance Action Match, which evaluates 

the exact governance action agreement; and (2) Acceptable Governance Action Match (AGA Match), which allows equivalent 

governance actions in operationally ambiguous cross-domain situations. 

The consensus score follows the formulation introduced earlier: C = λ · s¯+ (1 − λ ) · D. Higher consensus values indicate 

stronger agreement between agent confidence levels and operational interpretation between domains. 

The explainability index (XI) is evaluated as described in the Framework section. For grounded explanation evaluation, 

an additional Composite Explanation Score (CES) was computed using the same dimensions directly on the generated 

explanations. Both XI and CES were automatically calculated using deterministic scoring rules and should be interpreted as 

heuristic explainability measures rather than human-subject evaluation metrics. 

Unsupported Claim Risk. A lightweight unsupported Claim Risk metric was used to evaluate whether generated 

explanations introduced unsupported statements not grounded in the operational evidence package.  This metric was intended 

primarily as a heuristic estimate of hallucination risk rather than as semantic factuality. 

Baseline and Ablation Configurations 

To evaluate the contribution of individual components of the framework, controlled baseline and ablation configurations were  

implemented. The evaluated configurations included: • full AAF system, • AAF without RAR, • AAF without utility scoring, • single-agent baseline, • prompt-only explanation baseline. 

The ablation study isolated the contribution of multi-agent operational reasoning, uncertainty handling through RAR, 

utility-based governance evaluation, and evidence-based explanation generation. 

Reproducibility and Implementation Setup 

The evaluation pipeline was implemented using Python-based orchestration workflows that generated structured JSON 

operational evidence artifacts for each evaluation stage. Representative reproducibility artifacts included: structured evidence 

packages; governance summaries; Project Manager prompt libraries; runtime telemetry snapshots; Docker Compose runtime  

artifacts; evaluation outputs; configuration records; and explanation-generation prompts. The evaluation used controlled 

operational and runtime data only. Live production data was not incorporated into the experiments. 

All experiments were carried out using deterministic settings, including fixed governance scenarios, fixed prompt sets, 
fixed consensus thresholds, and deterministic evaluation procedures. All framework parameters remained fixed throughout the 

evaluation: λ = 0.5, τ = 0.65, δmin = 0.05, wp = 0.4, wc = 0.3, wr = 0.3. The RAR iterations were limited to a maximum of 

two loops per evaluation case. All utility weights, consensus thresholds, and RAR trigger parameters were predefined and kept 
constant in all experiments. 
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Results 

Study 1: Controlled Governance Scenario Evaluation 

Study 1 evaluated AAF using controlled governance-oriented operational scenarios spanning DevOps, SRE, FinOps, DevSecOps 

and cross-domain operational conditions. Table 2 presents the results of the controlled governance scenario and Table 3 presents 

the paired mean differences between the full AAF and the baseline or ablation configurations. 

Table 2. Controlled governance scenario results. Domain match rate and governance action match are reported with 95% 

confidence intervals. 

 

Method Domain Match 95% CI Action Match 95% CI 

Traditional Baseline 0.633 [0.547, 0.720] 0.000 [0.000, 0.000] 

Single-Agent Baseline 0.692 [0.609, 0.774] 0.000 [0.000, 0.000] 

AAF Full 0.875 [0.816, 0.934] 0.792 [0.719, 0.864] 

AAF without Consensus 0.808 [0.738, 0.879] 0.792 [0.719, 0.864] 

AAF without RAR 0.808 [0.738, 0.879] 0.792 [0.719, 0.864] 

AAF without Utility 0.875 [0.816, 0.934] 0.000 [0.000, 0.000] 

 

Table 3. Paired mean differences between AAF Full and baseline or ablation configurations (descriptive uncertainty estimates). 

 

Comparison Mean Difference 95% CI 

AAF Full domain match − Traditional Baseline 0.242 [0.138, 0.345] 

AAF Full domain match − Single-Agent Baseline 0.183 [0.080, 0.287] 

AAF Full domain match − AAF without Consensus 0.067 [0.016, 0.117] 

AAF Full domain match − AAF without RAR 0.067 [0.016, 0.117] 

AAF Full action match − AAF without Utility 0.792 [0.719, 0.865] 

The complete AAF configuration achieved a domain-match rate of 0.875 and a governance-action match of 0.792 under the 

controlled governance evaluation. Compared with traditional and single-agent baselines, the framework improved operational- 

domain interpretation while also producing substantially stronger governance-action alignment. 

The most important ablation result was observed in the AAF-without-Utility configuration. Although domain-match 

performance remained high, governance-action match dropped to 0.00. This suggests that identifying the operational domain 

alone is insufficient for governance support. The utility layer plays a central role in translating operational interpretation into 

governance-oriented action selection. 

The consensus and RAR ablations produced comparatively smaller changes in aggregate performance. In the controlled 

evaluation, RAR primarily functioned as an uncertainty-identification mechanism rather than a major performance-improvement 

mechanism. Low-consensus operational cases were preserved as unresolved when additional evidence did not adequately 

improve alignment. 

Framework Metrics and Utility Profile 

Table 4 summarizes the operational metrics at the framework-level observed during the controlled governance evaluation, and 

Table 5 presents the components of the utility-profile. 

Table 4. Framework-level metrics across ablation configurations. 

 

Method Consensus Mean Utility Mean XI Mean 

AAF Full 0.74 0.81 0.81 

AAF without Consensus 1.00 0.81 0.82 

AAF without RAR 0.68 0.81 0.82 

AAF without Utility 0.74 0.00 0.81 

The complete AAF configuration produced balanced results across consensus behavior, governance utility, and explainability  

quality. The lower consensus score observed in the AAF-without-RAR configuration suggests that re-grounding contributes 
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Figure 3. Controlled governance evaluation results. The utility layer is necessary for governance-action selection, while the 

multi-agent architecture improves operational-domain interpretation relative to baseline approaches. 

 

to operational alignment when evidence across domains is uncertain or incomplete. However, the utility layer remained the 

dominant contributor to the selection of governance-action. Without utility evaluation, the framework could still interpret 

operational conditions, but could not reliably select governance actions aligned with the curated evaluation criteria.  The utility 

profile suggests that AAF balances operational performance, cost efficiency, and risk reduction rather than optimizing only a 

single operational objective. 

Table 5. Utility component scores during controlled governance evaluation. 

 

Component Mean Score 

Performance 0.49 

Cost Efficiency 0.68 

Risk Reduction 0.52 

Overall Utility 0.81 

 

Study 2: Project Manager Prompt Evaluation 

Study 2 evaluated whether AAF could process Project Manager-oriented governance prompts and generate operational-domain 

interpretations and governance actions under both blind and aligned evidence conditions. This evaluation includes 100 

governance-focused questions that focus on release governance, reliability operations governance, cost governance, security 

governance, prioritization, escalation policies, and governance in cross-cutting scenarios. 

Table 6 presents results under blind evidence conditions. 

Blind evaluations were conducted successfully, reaching a 0.78 domain-match rate. The primary governance-action match 

rate was 0.37; however, the acceptable governance-equivalent action match rate reached 0.79. This is a strong result given 

the number of Project Manager prompts written with an incomplete, cross-domain, or ambiguous operational context. RAR 

was activated in 66% of the cases, highlighting the difficulties of cross-domain governance when faced with ambiguous 

circumstances and the lack of sufficient evidence. 

Table 7 presents results under aligned evidence conditions. 

Under aligned evidence conditions, the framework achieved full domain-match consistency and full acceptable governance- 

action consistency. The primary governance action match remained lower at 0.54, again reflecting the operational ambiguity 

associated with selecting a single correct governance action under cross-domain governance conditions. The aligned evaluation 

should therefore be interpreted primarily as a controlled consistency analysis rather than as evidence of unrestricted operat ional 

reasoning performance. 
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Figure 4. Utility profile across governance dimensions. AAF balances performance, cost efficiency, and operational risk 

reduction during governance-action selection. 

 

 

 

 

 

Table 6. Project Manager prompt evaluation results—blind evidence mode. 

 

Metric Value 

Number of Prompts 100 

Domain Match Rate 0.78 

Primary Governance Action Match 0.37 

Acceptable Governance Action Match 0.79 

Consensus Mean 0.701 

Utility Mean 0.720 

XI Mean 0.829 

RAR Trigger Rate 0.66 
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Table 7. Project Manager prompt evaluation results—aligned evidence mode. 

 

Metric Value 

Number of Prompts 100 

Domain Match Rate 1.00 

Primary Governance Action Match 0.54 

Acceptable Governance Action Match 1.00 

Consensus Mean 0.773 

Utility Mean 0.973 

XI Mean 0.816 

RAR Trigger Rate 0.21 

 

The contrast between blind and aligned modes is important because it demonstrates that governance interpretation quality is 

highly dependent on evidence completeness and operational grounding. 
 

Figure 5. Project Manager prompt evaluation under blind and aligned evidence conditions.  Domain match rate and acceptable 

governance-action match are compared across both evaluation modes. 

 

 

Grounded LLM Explanation Evaluation 

The grounded explanation evaluation examined whether the explanation layer could generate readable and traceable governance  

summaries while remaining constrained to structured AAF outputs. The evaluation used a stratified subset of 30 governance 

cases derived from the aligned PM-prompt dataset. The results are presented in Table 8. 
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Table 8. Grounded explanation evaluation results. 

 

Metric Value 

Number of Cases 30 

Domain Consistency 1.00 

Action Consistency 1.00 

Evidence Coverage 1.00 

Unsupported-Claim Risk 0.281 

CES Heuristic Mean 0.573 

Readability Mean 0.676 

Evidence Clarity Mean 0.477 

Traceability Mean 0.561 

 

These metrics should be interpreted as heuristic explainability indicators rather than formal human-subject interpretability 

measures. The grounded explanation layer preserved both the predicted operational domain and the governance action selected  

across all evaluated cases. The coverage of the evidence also remained fully aligned with the structured operational evidence 

package provided to the explanation layer. This suggests that constraining the language model to structured operational evidence 

can preserve governance consistency while still producing readable Project Manager-facing summaries. 

The unsupported-claim risk metric should not be interpreted as a direct hallucination rate. Instead, it functions as a 

lightweight reproducible proxy that estimates whether explanations introduced vocabulary or operational assertions not 

grounded in the structured evidence package. The CES heuristic score should be interpreted similarly as a composite 

explainability estimate rather than a validated human-subject interpretability metric. 

 

Figure 6. Grounded explanation evaluation across explainability metrics, including domain consistency, action consistency, 

evidence coverage, CES heuristic mean, readability, evidence clarity, and traceability. 
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Study 3: Runtime Telemetry Pilot Using Sock Shop 

Study 3 evaluated AAF using runtime operational artifacts collected from the Sock Shop microservices benchmark application ?. 

Unlike the earlier controlled evaluations, this study used operational artifacts derived from deliberate runtime perturbations 

executed within a Docker Compose deployment environment. The pilot included 20 controlled runtime operational cases 

involving service stoppages, restart-loop behavior, elevated CPU utilization, request-pressure conditions, runtime configuration 

inspection, release-governance conflicts, security-release gate conditions, and multi-domain operational trade-offs. A total of 

733 runtime artifacts were collected in the 20 runtime cases. Table 9 presents the results. 

Table 9. Runtime telemetry pilot results using Sock Shop operational artifacts. 

 

Metric Value 

Benchmark Sock Shop 

Runtime Cases 20 

Runtime Artifacts 733 

Domain Match Rate 0.65 

Governance Action Match 0.80 

Consensus Mean 0.829 

Utility Mean 0.962 

XI Mean 0.817 

RAR Trigger Rate 0.05 

 

The runtime telemetry pilot achieved a 0.65 operational-domain match and 0.80 governance-action match across the 

controlled runtime cases. The lower domain-match rate indicates that runtime-derived evidence is more difficult to classify than 

curated governance evidence. Error cases were concentrated in mixed or cross-domain perturbations where runtime artifacts 

contained overlapping reliability, deployment, and resource usage signals. For example, service stoppages and restart behavior 

may be interpreted as either DevOps release instability or SRE reliability degradation depending on the available evidence. 

Similarly, resource-pressure conditions may overlap with FinOps scaling concerns when runtime utilization signals are not 

accompanied by explicit cost indicators. 

This result is important because it shows that runtime operational artifacts are noisier and less explicitly labeled than 

controlled scenario evidence. The framework retained a stronger governance-action match than the domain-match rate, 

suggesting that action selection can remain useful even when the dominant domain is ambiguous. Despite this reduction in 

operational-domain interpretation performance, governance-action consistency remained comparatively strong. RAR activation 

was limited during the runtime pilot, with only one runtime case triggering unresolved low-consensus behavior. 

The telemetry pilot should not be interpreted as operational validation on a production-scale. Rather, it demonstrates that 

runtime operational artifacts collected from a live microservices environment can be transformed into structured governance  

evidence and processed consistently under controlled runtime conditions. 

Results Summary 

Throughout all three stages of the evaluation, consistent general patterns emerged. The multi-agent approach improves 

operational interpretation within a real-time governance simulation environment when compared with traditional and single- 

agent approaches. The results obtained from the traditional and single-agent baselines were consistently weaker in governance- 

oriented operational interpretation. 

The utility ablation study showed that simply identifying operational behavior was not sufficient to provide governance 

guidance. Grounded explanation generation maintained consistency between operational domains and governance actions when 

constrained to structured AAF output. 

It was harder to decide on governance actions than to identify operational domains when the commands lacked sufficient 

operational context. Performance also decreased under blind evidence conditions compared to aligned evidence conditions.  The 

runtime telemetry pilot exposed additional complexity in interpreting operational domains as we moved from fully controlled 

governance scenarios to analyzing live runtime components and operational data within a distributed microservices environment. 

Rather than forcing high-confidence decisions under incomplete evidence, AAF preserves uncertainty when operational 

conditions remain ambiguous. 
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Figure 7. Runtime telemetry pilot results using Sock Shop operational artifacts. Domain match rate, governance action match, 

consensus mean, and utility mean are reported across the 20 controlled runtime cases. 

 

Discussion 

This paper shares experience with the use of the AgileOps Agentic Framework (AAF) to support governance-oriented 

interpretations of operational telemetry in Agile–DevOps settings. To validate the results produced by AAF, the framework was 

applied to a set of controlled operational scenarios, and the quality of the telemetry-to-governance mappings it produced was 

assessed. This paper investigates the extent to which a fully configured AAF can produce stronger operational-to-governance 

mappings while preserving interpretability and evidence grounding. 

To validate our approach, we performed a series of ablation experiments in which we removed the utility-scoring layer 

from the governance evaluation flow. Removing the utility-scoring layer had only a modest effect on identifying operational 

domains, but a much greater effect on governance-action alignment. Selecting governance actions to satisfy operational goals 

such as reliability, delivery time, operational cost, and security risk is an inherent challenge because these objectives are 

often competing and interdependent?,?. The utility-scoring layer therefore acted as an organizational scorecard for evaluating 

governance trade-offs in a structured and reproducible manner. 

During the Project Manager prompt evaluation, even under blind prompt-derived telemetry conditions, the framework 

achieved a 0.78 domain-match rate and a 0.79 acceptable governance-action match across more than 100 governance-oriented 

prompts targeting the Project Manager role. Under aligned evidence conditions, both the domain consistency score and the 

acceptable governance-action alignment reached 1.00. However, the primary action-match score remained lower because 

many prompts represented ambiguous operational conditions or situations that span multiple operational domains, where 

several governance responses were operationally appropriate. These findings suggest that evaluating governance utility is more 

effective than relying solely on operational classification. 

The constrained explanation layer consistently preserved governance consistency and maintained coverage of relevant 

supporting evidence while reducing unsupported claims across explanatory cases. This architectural decision –using the 

language model for explanation generation while restricting governance decisions to deterministic framework components –improves governance accountability and traceability while reducing the risks associated with unrestricted language model 

reasoning. 

In addition, we conducted a runtime telemetry pilot using running Sock Shop services in a controlled but perturbed 

environment. We collect operational telemetry including container status information, logs, restart behavior, CPU utilization, 

memory allocation, latency metrics, and service failure rates. The collected runtime telemetry was subsequently transformed 

into governance-oriented operational insights while preserving interpretability, evidence traceability, and stability of operational  

interpretation. 
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Implications for Project Governance 

Governance in Agile DevOps environments is often complicated not only by limited operational visibility, but also by 

fragmented evidence distributed across specialized deployment pipelines, observability platforms, cloud-management systems, 

and security-monitoring tools. Project Managers currently review telemetry and organizational data manually across multiple 

disconnected tools and workflows. These workflows often lack an integrated engineering interpretation from DevOps, SRE, 

FinOps, and DevSecOps perspectives. AAF extends beyond conventional telemetry analysis by introducing a governance- 

oriented interpretation layer that combines reasoning across these operational domains to produce evidence-linked claims, 

confidence estimates, utility scores, uncertainty indicators and grounded governance summaries within a unified workflow?,?. 

Applying this governance-oriented operational interpretation to areas such as release evaluation, reliability coordination, 

cloud-cost governance, operational prioritization, and security-risk assessment can provide useful operational intelligence and 

improve managerial interpretability in Agile–DevOps governance environments. 

Role of Re-Grounded Agentic Reasoning 

Re-Grounded Agentic Reasoning (RAR) is designed primarily as an uncertainty-management mechanism rather than an 

optimization mechanism. RAR identifies low-consensus operational conditions and prevents weakly supported reasoning 

from producing poorly justified high-confidence governance recommendations?. After re-grounding, some low-consensus 

cases intentionally remained unresolved. This should not be interpreted as a framework failure. In governance-oriented 

operational environments, preserving uncertainty is often preferable to producing unsupported high-confidence governance 

recommendations. 

RAR currently operates through controlled evidence enrichment. Future work should explore integration with live 

observability tools, deployment telemetry, cloud-cost monitoring platforms, and security-event pipelines to better understand 

how uncertainty resolution behaves under real-world operational conditions. 

Grounded Explanation Generation and Evidence Consistency 

AAF separates deterministic operational reasoning from language-model-based explanation generation. Governance interpreta- 

tion, consensus evaluation, and utility scoring are completed before the language model is introduced into the workflow. The 

language model receives structured output from the framework rather than raw operational telemetry.  These structured outputs 

include: predicted operational domain; selected governance action; supporting evidence summaries; consensus values; utility  

scores; and uncertainty indicators. 

The explanation layer is constrained so that it cannot alter governance decisions or introduce unsupported organizational 

evidence. Its primary purpose is to improve the readability and interpretability for Project Managers and other governance 

stakeholders. This architectural separation is important because unsupported language-model outputs could negatively affect 

release governance, reliability coordination, security evaluation, and cloud-cost decisions. Our experiments showed that 

constrained explanation generation improved usability and interpretability while maintaining strong evidence consistency ?,?. 

Future work should include semantic factual evaluation, human-centered usability studies, and governance studies that involve 

practicing project managers and operational stakeholders. 

Limitations 

This work has several limitations. First, the evaluation scenarios were conducted in controlled environments and therefore 

do not fully represent the organizational complexity and governance variability present in real-world operational settings. 

Similarly, the Project Manager prompt dataset does not capture all communication styles and governance processes used across  

organizations and software-delivery pipelines. 

Second, the evaluation of grounded explanations was limited to a relatively small number of cases and a single language- 

model configuration. A broader evaluation involving additional models, datasets, and prompting strategies is required to 

strengthen the generalizability of the findings and further evaluate unsupported-claim reduction approaches. 

Third, the runtime telemetry pilot was intentionally conducted in a controlled environment rather than at the production 

scale. The objective of the pilot was to evaluate the feasibility of integrating runtime telemetry into governance workflows 

rather than validating production deployment readiness. 

Fourth, the framework has not yet been empirically validated through human-centered studies involving practicing Project 

Managers. Consequently, conclusions about usability, trust, workload reduction, and governance effectiveness should be 

interpreted cautiously until validated through real-world evaluation studies. 

Finally, this work used fixed utility weights and governance thresholds throughout the evaluation.  In practice, organizations 

operate with different priorities that include reliability, speed of delivery, operational cost, and security requirements. Future 

work should therefore investigate adaptive utility weighting, expert-labeled governance datasets, longer-duration runtime 

telemetry collection, and realistic evaluations involving operational Agile–DevOps governance workflows. 
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Conclusion 

The AgileOps Agentic Framework (AAF), a governance-oriented multi-agent decision-support framework for Agile–DevOps 

operational environments. The framework integrates DevOps, Site Reliability Engineering, FinOps, and DevSecOps reasoning 

through structured operational evidence, consensus-driven evaluation, grounded agentic reasoning (RAR), utility-based 

governance scoring, and evidence-based explanation generation.We evaluated the framework through three complementary 

studies. The first study evaluated operational interpretation, governance-action selection, governance justification, and consensus 

behavior using controlled governance scenarios. The second study evaluated Project Manager-oriented governance prompts 

under both blind-evidence and aligned-evidence conditions. The third study evaluated runtime operational telemetry generated 

during controlled perturbations of the Sock Shop microservices benchmark environment. 

This research demonstrated that combining multi-agent operational reasoning with utility-based governance evaluation 

improves governance-action alignment compared with simpler operational-classification approaches. The ablation analysis 

further showed that effective governance-action selection requires more than operational-domain identification alone; it also 

requires a structured evaluation of trade-offs involving reliability, performance, operational cost, and security risk.The Project  

Manager prompt evaluation demonstrated strong governance consistency under aligned evidence conditions while also revealing  

the challenges associated with ambiguous and cross-domain operational situations. These findings support a utility-oriented 

interpretation of governance rather than a purely classification-oriented approach. 

Also evaluated grounded explanation generation under constrained evidence conditions. The results showed that the 

generation of evidence-based explanations can preserve domain consistency, governance-action consistency, and evidence 

coverage while reducing unsupported claims. These findings support the architectural separation between deterministic 

operational reasoning and the generation of language-model explanations.Beyond controlled synthetic governance scenarios, 

the runtime telemetry pilot evaluated 20 controlled runtime operational cases and processed 733 runtime telemetry artifacts 

collected from the Sock Shop benchmark environment. The results demonstrated that runtime operational telemetry can be 

transformed into governance-oriented operational interpretations while maintaining explainability, stability, and governance 

traceability. 

Overall, by combining multi-agent operational reasoning, utility-based governance scoring, uncertainty handling, and 

grounded explanation generation can improve governance-oriented interpretation of operational telemetry in Agile–DevOps 

environments.Future work will focus on larger-scale runtime telemetry studies, integration with live observability and CI/CD 

platforms, adaptive governance weighting mechanisms, broader language-model evaluation, semantic factuality assessment, 

and human-centered studies involving practising Project Managers operating within realistic governance workflows. 
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You are a Project Manager-facing AgileOps governance assistant. 

 
Your task is to explain the governance decision using only the structured 
AAF evidence provided. 

 
Strict rules: 
- Do not invent facts. 
- Do not introduce telemetry, incidents, risks, causes, users, teams, 
systems, or impacts that are not present in the input. 

- Preserve the selected action exactly as provided. 
- Preserve the predicted primary domain exactly as provided. 
- Use the same evidence phrases from the agent outputs wherever possible. 
- If evidence is missing or incomplete, state that evidence is incomplete. 
- Do not recommend a different action. 
- Do not mention tools, dashboards, logs, or production systems unless 
they appear in the input. 

- Keep the explanation concise and evidence-grounded. 

Generate a Project Manager-facing governance explanation from the 
structured AAF output below. 

 
Use this exact output format: 

 
1. What happened 

Predicted primary domain: <copy predicted_primary_domain exactly>. 
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Appendix A: Prompt Templates, Runtime Telemetry, and Reproducibility Details 

A.1 LLM System Prompt 
 

 
A.2 LLM User Prompt Template 
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{ 
"scenario_id": "pm001", 
"predicted_primary_domain": "DevSecOps", 
"selected_action": "Patch or block release", 
"consensus_score": 0.86, 
"rar": { 
"triggered": false, 
"accepted": true, 
"before": 0.86, 
"after": 0.86, 
"loops": 0 

}, 
"utility": { 
"selected_action": "Patch or block release", 
"best_utility": 1.0494, 
"performance_score": 0.4325, 
"cost_efficiency_score": 0.70, 
"risk_reduction_score": 0.888 

}, 
"agents": [ 
{ 
"agent_type": "DevOps", 
"claim": "Deployment signal indicates a possible release or 

configuration issue", 

"confidence": 0.78, 
"evidence": [ 
"Rollback marker present in release telemetry", 
"Moderate restart loops observed: 8" 

] 
}, 
{ 
"agent_type": "SRE", 
"claim": "Reliability signal indicates a possible service health issue", 
"confidence": 0.78, 
"evidence": [ 

"P95 latency elevated: 650 ms", 
"Availability dropped to 98.40%" 

] 
}, 
{ 
"agent_type": "DevSecOps", 

 

 
A.3 Representative Structured AAF Output 

 

Selected action: <copy selected_action exactly>. 
 

Why it happened 
Summarize the cause using only agent claims and evidence from the input. 

 
Cross-domain impact 
Mention only domains that appear in the agent outputs. 
Do not add new domains. 

 
Recommended governance action 
Repeat the selected action exactly: <copy selected_action exactly>. 
Explain why it is appropriate using utility values from the input. 

 
Confidence and uncertainty 
Mention the consensus score and RAR status from the input. 

 
Evidence used 
List 3 to 6 evidence items. Copy evidence phrases from the agent 
outputs as closely as possible. 

 
PM decision implication 
Give one concise sentence for the Project Manager. Do not add new facts. 

 
Structured AAF output: 
{payload_json} 
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A.4 Runtime Telemetry Artifact Structure 

The runtime telemetry pilot used controlled operational perturbations executed on the Sock Shop microservices benchmark 

application?. Runtime artifacts were collected from Docker Compose-based executions and transformed into structured AAF 

evidence packages. Representative runtime artifacts included: container status snapshots; service restart observations; runti me 

CPU and memory statistics; deployment and image inspection metadata; service health responses; operational logs; release -state 

observations; and configuration inspection artifacts. 

The telemetry pilot included 20 runtime cases and 733 collected runtime artifacts across DevOps, SRE, FinOps, and 

DevSecOps operational conditions. Representative runtime case categories included: • service termination scenarios, • repeated restart conditions, • runtime resource pressure, • deployment instability, • release-governance conflicts, • cross-domain reliability and cost trade-offs, • security release-gate conditions. 

A.5 Governance Action Equivalence Mapping 

Because governance-oriented prompts may allow multiple operationally defensible responses, the evaluation distinguished 

between strict primary-action matching and acceptable governance-equivalent actions. Table 10 presents representative 

equivalence mappings. This mapping was used only for governance-equivalent evaluation and not for domain interpretation 

scoring. 

Table 10. Governance action equivalence examples (Table A-I). 
 

Primary Governance Action Acceptable Governance-Equivalent Actions 
 

Patch or block release Block release and fix pipeline 

Mitigate and monitor Review operational stability 

Scale adjustment Review scaling policy 

Rollback to stable deployment Controlled rollback 

Observe and defer No immediate operational action 
 

 

A.6 Reproducibility Artifacts 

The implementation code, evaluation scripts, runtime telemetry artifacts, PM prompt datasets, grounded explanation evaluation s, 

and reproducibility outputs are available at: https://github.com/Ksuresh/AgileOps-Agentic-Framework. 

The repository includes controlled governance scenarios; Project Manager prompt datasets; grounded explanation evaluation 

outputs; Sock Shop runtime telemetry artifacts; JSONL evaluation records; deterministic evaluation workflows; reproducibility  

configuration files; figure-generation scripts; and runtime telemetry snapshots. The repository preserves frozen evaluation 

outputs for all reported experiments, including: Phase 1 controlled governance evaluation; Phase 2A PM prompt evaluation; 

Phase 2B grounded explanation evaluation; and Phase 3 runtime telemetry pilot. API keys, credentials, and private infrastructure 

details are not included. 

"claim": "Security or compliance issue is the likely primary 
operational cause", 

"confidence": 0.92, 
"evidence": [ 
"Multiple critical CVEs detected: 2", 
"Policy-as-code violation detected", 
"Compliance evidence gap detected" 

] 
} 

] 
} 
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A.7 Threats to Validity 

The evaluation was designed to prioritise reproducibility and governance-oriented operational interpretation rather than 

production-scale deployment validation.Internal validity may be affected by the use of curated governance scenarios and 

structured prompt datasets. External validity is limited because the runtime telemetry pilot used the Sock Shop benchmark appli- 

cation rather than enterprise-scale operational environments. Construct validity is limited by the use of heuristic explainability 

measures such as XI and CES, which estimate readability, evidence clarity, and traceability rather than semantic correctness 

directly. To improve reproducibility, all experiments used deterministic seeds, frozen evaluation datasets, structured telemetry  

artifacts, and preserved evaluation outputs. 
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