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Abstract: 

In modern multi-tenant cloud ecosystems, performance engineering faces escalating challenges in 

maintaining efficiency amid resource contention, dynamic workloads, tenant isolation, and rapid 

deployment cycles. Conventional approaches, reliant on reactive testing, manual scripting, static 

benchmarks, and post-hoc analytics, fail to deliver proactive, continuous optimization, resulting in 

latency spikes, SLA violations, and inefficient resource utilization in shared infrastructures. 

This paper presents an Agentic AI and Model Context Protocol (MCP)-driven framework for 

autonomous performance engineering, shifting paradigms to self-adaptive, AI-driven optimization 

integrated with AIOps principles. By leveraging MCP an open protocol for secure context sharing, tool 

invocation, and modular interoperability the framework automates the full performance engineering 

lifecycle: from telemetry ingestion and anomaly-aware test generation to execution, root-cause analysis, 

and iterative remediation. A collaborative ensemble of five specialized Agentic AI agents Discovery, 

Authoring, Runner, Analyst and Publisher is orchestrated via MCP to enable goal-oriented reasoning 

and adaptive actions. 

Each agent uses structured inputs from Jira, CodeMeta, Splunk, Figma or any other standard sources 

to generate and execute performance test artifacts such as JMeter, Gatling, Locust load tests and 

Playwright UI scenarios. The approach reduces manual effort by 60 percent, shortens feedback cycles 

by 30 percent, and achieves consistent SLA compliance while lowering compute energy consumption 

by 12–15 percent through adaptive load control. Findings demonstrate that Agentic AI can transform 

performance assurance into a self-governing, sustainable process within enterprise-scale, multi-tenant 

SaaS platforms.  

 

Keywords: Agentic AI, Performance engineering, AIOps, Autonomous testing, MCP framework, 

Continuous optimization, multi-tenant cloud. 

 

1. INTRODUCTION 

1.1 Background: Performance Engineering in Multi-Tenant Cloud Systems 

Performance engineering in large-scale, multi-tenant cloud applications focuses on ensuring optimal 

throughput, latency, and scalability across diverse workloads and tenant profiles. Each tenant represents an 

independent logical entity, sharing the same compute, memory, and database resources while maintaining 

isolation at the application and data levels. This architecture enables cost efficiency but introduces significant 

performance variability due to resource contention, noisy neighbor effects, and dynamic workload 

surges (Barroso et al., 2013, pp. 56–57; Fan et al., 2007, p. 68). 

Traditional performance testing frameworks were designed for single-tenant or monolithic environments 

where performance tuning could be achieved through manual profiling and static configuration changes. 

However, in multi-tenant ecosystems operating on elastic cloud infrastructure, workloads continuously 

evolve due to factors such as real-time scaling, CI/CD releases, and tenant onboarding. These changes render 
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static tuning mechanisms inadequate, as the optimal configuration parameters such as thread pool sizes, 

cache eviction thresholds, and connection pool limits vary dynamically (Patterson et al., 2021, pp. 6–8). 

Furthermore, manual optimization processes rely heavily on performance engineers conducting repetitive 

load tests using tools like JMeter or Gatling, interpreting response-time metrics, and fine-tuning configuration 

files iteratively. Such processes are both labor-intensive and error-prone, often lagging behind production 

deployments (Orgerie et al., 2014, p. 10). In addition, human intervention introduces bias in selecting test 

cases and interpreting anomalies, leading to incomplete validation coverage and inconsistent SLA adherence 

across tenants. 

The integration of AI and AIOps methodologies has begun to address these shortcomings by automating 

performance monitoring, anomaly detection, and root cause analysis. Reinforcement learning (RL)–based 

optimization policies have demonstrated the ability to adaptively control system parameters such as CPU 

scheduling or memory allocation (Sutton & Barto, 2018, pp. 126–127). Similarly, predictive modeling using 

LSTM and XGBoost enables forecasting of workload spikes and automatic scaling of resources to prevent 

SLA violations (Zhou et al., 2022, p. 3). However, these systems typically operate in isolated stages either at 

runtime monitoring or scaling level without integrating into the entire performance-engineering lifecycle, 

from test design to result publication. 

In modern SaaS architectures, such as HR or learning management systems serving hundreds of tenants 

simultaneously, maintaining performance consistency requires continuous optimization pipelines that 

combine observability data, contextual knowledge from development tools, and autonomous decision-

making agents. The growing scale of telemetry data and configuration complexity demands systems that are 

not merely automated but intelligent capable of reasoning about context, executing multi-step plans, and 

improving their strategies over time (Biswas et al., 2024, pp. 1–2). 

 

1.2 Problem Statement  

Despite progress in AIOps and ML-assisted resource management, today’s enterprise applications lack an 

integrated framework that can autonomously generate, execute, and refine performance validation workflows. 

Existing performance testing approaches are limited by: 

1. Static automation scripts that require frequent manual updates. 

2. Siloed data pipelines between DevOps tools such as Jira, Splunk, and Git, preventing cross-context 

reasoning. 

3. Reactive tuning that only optimizes after SLA violations occur, rather than anticipating them through 

predictive analytics. 

4. Absence of explainable decision trails, which impedes auditing and stakeholder trust. 

 

To address these gaps, there is a pressing need for an autonomous performance engineering framework 

that can continuously learn from telemetry, correlate it with code changes, and adapt testing strategies in real 

time.  

This approach aims to shift performance assurance from a human-supervised activity to a self-governing 

discipline grounded in intelligent, explainable automation. By coupling Agentic AI reasoning with MCP 

interoperability, the proposed system lays the foundation for continuous, sustainable, and adaptive 

performance engineering in next-generation enterprise applications (Belkhir & Elmeligi, 2018, p. 6; Patterson 

et al., 2021, pp. 8–9). 

 

1.3 Role of Agentic AI: How Autonomous Agents Are Redefining Testing Workflows 

The emergence of Agentic Artificial Intelligence (AI) marks a fundamental shift in how performance 

engineering and software testing are conceptualized and executed. Unlike traditional automation systems that 

follow static rules or pre-scripted flows, Agentic AI integrates autonomous reasoning, contextual memory, 

and goal-directed planning to perform end-to-end tasks dynamically. In the context of performance testing, 

this paradigm redefines workflows that were once rigid and human-dependent into adaptive, self-organizing 

processes capable of discovering test cases, generating scripts, executing experiments, interpreting results, 

and publishing findings all with minimal supervision (Biswas et al., 2024, pp. 1–3). 
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1.3.1 Autonomy and Reasoning 

At its core, an Agentic AI agent perceives its environment, reasons about its objectives, and takes actions 

toward a defined goal, improving its strategies through continuous feedback (Sutton & Barto, 2018, pp. 49–

50). Applied to performance engineering, agents can autonomously determine which APIs or user flows to 

test based on recent code changes, telemetry anomalies, or SLA degradations observed in monitoring 

systems. This reasoning capability allows agents to move beyond static regression suites to context-driven 

validation, where each test cycle adapts to evolving application conditions. 

1.3.2 From Script Execution to Goal-Oriented Planning 

Traditional performance test automation tools like JMeter or Gatling rely on predefined scripts that are 

executed verbatim. Agentic AI introduces a planning layer that can dynamically compose, extend, or modify 

test plans according to observed behavior. For instance, if latency spikes are detected in specific endpoints, 

the Authoring Agent can prioritize generating high-frequency load scenarios for those APIs, while the 

Runner Agent can adjust concurrency levels or think times to simulate real-world user load variations (Zhou 

et al., 2022, p. 3). This converts static scripts into living test artifacts that evolve in tandem with the 

application lifecycle. 

1.3.3 Collaboration through Multi-Agent Systems 

Agentic AI frameworks leverage multi-agent collaboration, where specialized agents communicate and 

share context to achieve complex objectives (Zhang et al., 2024, pp. 5–6). In the proposed framework, each 

agent Discovery, Authoring, Runner, Analyst, and Publisher serves a unique role. 

• The Discovery Agent identifies performance-critical features from telemetry and code metadata. 

• The Authoring Agent synthesizes YAML specifications and generates test scripts. 

• The Runner Agent orchestrates execution across environments. 

• The Analyst Agent applies AI-based anomaly detection and correlation models. 

• The Publisher Agent distributes results to collaboration tools. 

This coordination enables asynchronous, fault-tolerant workflows where each agent contributes 

autonomously yet coherently through a shared MCP communication layer. 

1.3.4 Continuous Learning and Feedback Loops 

Agentic AI introduces closed-loop learning mechanisms that continually refine testing strategies based on 

historical data. Reinforcement learning allows agents to associate actions (e.g., load levels, test durations) 

with performance outcomes (e.g., throughput, energy cost), optimizing decisions over time (Sutton & Barto, 

2018, pp. 126–127). By continuously updating internal policies, the system transitions from simple 

automation to self-improving performance engineering. 

This capability parallels the self-tuning architectures explored in sustainable cloud computing research, 

where AI models dynamically manage resources to balance energy consumption and performance (Belkhir & 

Elmeligi, 2018, p. 6; Patterson et al., 2021, pp. 8–9). However, the proposed approach extends this philosophy 

to the testing domain itself, turning validation pipelines into intelligent, evolving entities. 

1.3.5 Explainability and Trust 

A major concern in applying AI to DevOps processes is explainability. Agentic AI mitigates this through 

traceable reasoning chains each agent logs its context, inputs, and decision paths, enabling human reviewers 

to understand why certain tests were executed or why certain anomalies were flagged. This level of 

transparency improves both developer trust and regulatory compliance, essential for enterprise adoption 

(Orgerie et al., 2014, p. 10). 

In effect, Agentic AI transforms performance testing from a script-execution activity into a self-organizing, 

cognitive system that continuously learns, adapts, and optimizes. The fusion of multi-agent coordination, 

autonomous reasoning, and explainable AI brings forth a new discipline Autonomous Performance 

Engineering where testing and optimization are no longer sequential steps but permanent, evolving behaviors 

of the software ecosystem itself (Tuli et al., 2021, p. 4). 

 

1.4 Gaps in Existing Automation Frameworks (AIOps, CI/CD, etc.) 

The past decade has seen a proliferation of automation frameworks across the DevOps spectrum ranging from 

Continuous Integration/Continuous Deployment (CI/CD) pipelines to Artificial Intelligence for IT 

Operations (AIOps) platforms. These systems have streamlined delivery cycles, automated testing triggers, 

and improved observability in complex distributed environments. However, despite their maturity in 
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operational automation, they remain fundamentally reactive and tool-centric, lacking the cognitive 

adaptability required for modern, multi-tenant performance engineering (Tuli et al., 2021, p. 4; Patterson et 

al., 2021, p. 8). 

1.4.1 Reactive versus Proactive Optimization 

CI/CD automation frameworks such as Jenkins, GitLab, and Azure DevOps excel at orchestrating test 

executions upon code commits or merges, but they provide no intrinsic intelligence to analyze performance 

telemetry or anticipate degradation before release. The focus remains on “faster delivery” rather than 

“continuous optimization.” Consequently, performance regressions are often discovered post-deployment, 

requiring manual rollback or re-tuning cycles (Barroso et al., 2013, pp. 56–57). In contrast, an autonomous 

system using Agentic AI can incorporate predictive modeling to proactively allocate test resources, 

dynamically modify workloads, and validate results without waiting for failure triggers (Zhou et al., 2022, p. 

3). 

1.4.2 Limited Context Awareness 

Current AIOps platforms aggregate massive volumes of logs and metrics but treat them as isolated signals. 

They detect anomalies through statistical or ML-based outlier detection yet lack contextual understanding 

of how those anomalies relate to recent code commits, configuration changes, or specific tenants (Orgerie et 

al., 2014, p. 10). This siloed perception leads to “alert fatigue,” where engineers are inundated with 

notifications that lack actionable insights. Agentic AI introduces contextual reasoning by correlating 

telemetry with metadata extracted from Jira, CodeMeta, and Git repositories, thereby transforming raw 

observability data into executable optimization plans (Biswas et al., 2024, pp. 1–2). 

1.4.3 Fragmented Toolchains 

A major shortcoming of both CI/CD and AIOps pipelines is their fragmented architecture. Different stages 

build, test, deploy, monitor are handled by separate tools, often requiring manual glue code or YAML 

pipelines to connect them. For instance, a performance issue detected in Splunk or Dynatrace rarely triggers 

automatic regeneration of corresponding JMeter or Playwright scripts. This fragmentation hinders the creation 

of a closed-loop feedback system essential for continuous learning and optimization (Fan et al., 2007, p. 68). 

The Model Context Protocol (MCP) proposed in this study overcomes such disconnection by enabling a 

standardized interface where independent AI agents can securely access, reason over, and manipulate 

multiple systems through shared context windows. 

1.4.4 Static Automation and Lack of Self-Improvement 

Existing frameworks largely operate on static automation logic for example, YAML-based pipelines that 

specify predetermined test cases and thresholds. Once defined, these configurations rarely evolve unless 

manually updated by engineers. They do not incorporate feedback loops capable of learning from historical 

test outcomes or environment behavior (Sutton & Barto, 2018, pp. 126–127). Agentic AI, conversely, employs 

reinforcement learning and policy optimization to continually refine performance-testing strategies. This 

transforms the testing pipeline from a rule-based executor into an adaptive decision-making system that self-

improves over time. 

1.4.5 Lack of Energy-Aware Intelligence 

AIOps and CI/CD frameworks measure success in terms of throughput, latency, or build duration, but they 

rarely include energy or sustainability metrics in their feedback loops. As data centers now contribute a 

growing fraction of global energy consumption (Belkhir & Elmeligi, 2018, p. 6), performance optimization 

must also minimize carbon footprint. None of the mainstream automation systems natively correlate 

performance KPIs with power utilization or CPU efficiency. The proposed Agentic-AI-driven MCP 

framework integrates energy APIs and telemetry to calculate energy-adjusted efficiency scores, directly 

aligning performance validation with environmental sustainability goals (Patterson et al., 2021, pp. 8–9). 

1.4.6 Absence of Explainability and Governance 

Finally, while AIOps introduces machine learning into operations, most implementations act as black boxes, 

offering little insight into decision logic. This lack of explainability reduces trust and limits adoption in 

compliance-heavy enterprises. By contrast, Agentic AI systems maintain transparent reasoning trails every 

decision, action, and observation is logged within the MCP context memory, enabling complete traceability 

and auditability (Zhang et al., 2024, pp. 5–6). 
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1.5 Objectives and Contributions of the Paper 

The purpose of this research is to establish a comprehensive, self-governing framework that unifies Agentic 

AI reasoning and Model Context Protocol (MCP) interoperability for autonomous performance engineering 

in multi-tenant cloud environments. Building upon prior work in AIOps and adaptive optimization, this study 

extends automation beyond pipeline execution to cognitive orchestration, enabling the system itself to 

interpret, plan, and act on performance data. 

1.5.1 Research Objectives 

1. To design an MCP-driven multi-agent architecture for end-to-end performance assurance. 

The framework introduces an Agentic AI layer that leverages MCP for secure inter-agent communication. 

MCP allows tools such as Jira, Git, Splunk, and Figma to be accessed through a standardized context bus, 

reducing dependency on ad-hoc integrations and enabling semantic information sharing across agents (Zhang 

et al., 2024, pp. 5–6). 

2. To implement autonomous agents that collaborate to close the performance-optimization loop. 

Five specialized agents Discovery, Authoring, Runner, Analyst, and Publisher cooperate asynchronously 

to perform the complete performance-engineering lifecycle. Each agent operates as an intelligent micro-

service capable of local decision-making while remaining contextually aligned through shared memory within 

the MCP layer. This architecture transforms the pipeline into a continuously learning ecosystem rather than a 

static automation script (Biswas et al., 2024, pp. 1–3). 

3. To enable predictive, context-aware, and energy-efficient optimization. 

Reinforcement-learning and statistical-forecasting models are embedded in the Analyst Agent to predict 

workload intensity and tune execution parameters in real time (Sutton & Barto, 2018, pp. 126–127). The 

system measures energy consumption through cloud-provider APIs, correlating performance and power data 

to produce sustainability-aware metrics (Belkhir & Elmeligi, 2018, p. 6; Patterson et al., 2021, pp. 8–9). 

4. To evaluate the framework empirically in a generalized multi-tenant SaaS environment. 

The study benchmarks Agentic AI against traditional manual performance testing across multiple dimensions 

script-creation time, SLA compliance, anomaly-detection accuracy, and energy efficiency to quantify tangible 

operational improvements (Fan et al., 2007, p. 68). 

1.5.2 Key Contributions 

1. A Unified MCP-Based Agentic AI Framework: 

The paper introduces the first integrated architecture that couples MCP’s interoperability layer with 

autonomous AI agents for performance testing and optimization. This design overcomes the fragmentation 

inherent in existing CI/CD and AIOps tools by allowing context-rich communication across heterogeneous 

systems (Tuli et al., 2021, p. 4). 

2. Autonomous Lifecycle Management of Performance Testing: 

The proposed framework automates every stage from identifying candidate APIs via telemetry to generating 

YAML specifications, executing load tests, analyzing results, and publishing outcomes without human 

intervention. It thereby converts performance validation from a scheduled activity into a continuous, event-

driven process (Orgerie et al., 2014, p. 10). 

3. Integration of Sustainability Metrics into Performance Engineering: 

Unlike existing pipelines that evaluate only latency or throughput, this approach embeds energy-efficiency 

indicators directly into the optimization loop. The Analyst Agent employs Equation (1) 𝐸 =
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡

𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑔
to 

track energy productivity per workload, facilitating greener DevOps practices (Belkhir & Elmeligi, 2018, p. 

6). 

4. Empirical Evidence of Operational Efficiency and Energy Savings: 

Experimental analysis demonstrates a 60 % reduction in manual scripting effort, 30 % faster feedback 

cycles, and 13–15 % lower energy consumption compared with conventional automation frameworks. 

These improvements validate the feasibility of Agentic AI as a practical mechanism for large-scale enterprise 

performance management (Patterson et al., 2021, pp. 8–9). 

5. Advancement of Explainable and Auditable AI in Performance Engineering: 

The MCP context log preserves every reasoning step taken by agents, ensuring full traceability and 

compliance with audit standards. This contribution extends the field of explainable AIOps by embedding 

human-interpretable metadata within automated decisions (Zhang et al., 2024, pp. 5–6). 
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1.5.3 Expected Impact 

Collectively, these objectives and contributions establish a foundation for Autonomous Performance 

Engineering a paradigm wherein AI agents continuously perceive, reason, and act to maintain optimal system 

health. The framework’s modularity and protocol-driven design allow integration into existing enterprise 

ecosystems, while its sustainability layer aligns with emerging Green IT mandates (Belkhir & Elmeligi, 2018, 

p. 6). In essence, the work reimagines performance optimization as an intelligent, self-evolving service rather 

than a manual engineering function. 

 

1.5. Contributions: 

• End-to-end AI orchestration from telemetry to test script generation. 

• Integration of MCP protocol for multi-agent interoperability. 

• Validation using real-world multi-tenant workloads. 

 

2. LITERATURE REVIEW AND RESEARCH GAPS 

The literature on performance optimization, automation, and sustainability in cloud computing has evolved 

across several parallel streams each addressing part of the performance lifecycle but none offering a unified, 

autonomous, and explainable approach. This section consolidates key research in four thematic areas: (i) 

traditional performance optimization techniques, (ii) AI-driven optimization in enterprise systems, (iii) energy 

consumption and green IT practices, and (iv) research gaps motivating the present work. 

2.1 Traditional Performance Optimization Techniques 

Early studies in performance engineering emphasized manual tuning, caching strategies, and hardware 

provisioning. Barroso, Clidaras, and Hölzle (2013, pp. 56–57) highlighted that datacenter efficiency 

historically relied on human-defined resource configurations and over-provisioning to meet peak loads. 

Although such strategies improved predictability, they sacrificed cost and energy efficiency. Similarly, Fan, 

Weber, and Barroso (2007, p. 68) quantified the energy overhead of warehouse-scale computing, concluding 

that traditional static provisioning could lead to 40 % idle power waste. 

Performance testing frameworks such as JMeter, Gatling, and LoadRunner improved automation at the 

execution level but remained script-centric. They lacked adaptability to evolving workloads, requiring 

engineers to re-parameterize test plans for every release. Orgerie, Lefèvre, and Gelas (2014, p. 10) observed 

that traditional performance evaluations often neglected energy metrics, leading to optimizations that 

improved speed at the expense of sustainability. 

Moreover, multi-tenant cloud systems introduced challenges such as noisy-neighbor effects where resource 

contention between tenants degrades latency and SLA fragmentation, where per-tenant guarantees are 

difficult to maintain (Barroso et al., 2013, p. 57). Manual profiling and reactive scaling cannot cope with these 

rapid fluctuations, highlighting the need for adaptive, closed-loop performance management. 

 

2.2 AI-Driven Optimization in Enterprise Applications 

The application of AI and ML in performance optimization has grown rapidly with the rise of AIOps. 

Reinforcement learning (RL), Bayesian optimization, and neural forecasting models have been used to predict 

workloads, tune hyperparameters, and schedule resources dynamically (Sutton & Barto, 2018, pp. 126–127). 

Zhou, Li, and Qiu (2022, p. 3) developed an energy-aware optimization framework that applies gradient-

based modeling to predict CPU and memory consumption in cloud data centers. 

In enterprise SaaS environments, ML-driven autoscaling policies can predict demand spikes and allocate 

resources pre-emptively. Biswas et al. (2024, pp. 1–3) surveyed AI-based approaches for power optimization, 

concluding that ML enables tangible reductions in compute energy without manual configuration. However, 

most AI models function as point solutions for example, optimizing only scaling or anomaly detection rather 

than integrating end-to-end lifecycle intelligence. 

Tuli et al. (2021, p. 4) introduced the HUNTER system, which employs AI-based holistic resource 

management for sustainable cloud computing. While successful in reducing energy waste, HUNTER and 

similar systems focus primarily on runtime orchestration and not on the testing and validation phase 

preceding deployment. In performance engineering, this gap means that while runtime environments can self-

heal, testing pipelines remain static and manual. 
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Zhang et al. (2024, pp. 5–6) explored RL-based sustainable energy management, emphasizing that integrating 

energy data into optimization loops yields compound benefits in performance and cost. Yet few frameworks 

embed such intelligence into performance testing workflows that precede production. The absence of 

feedback between observability data (e.g., Splunk metrics) and test generation systems (e.g., JMeter) remains 

a key limitation. 

 

2.3 Energy Consumption in Cloud Computing and Green IT Practices 

The environmental impact of large-scale computing has become a central research concern. Belkhir and 

Elmeligi (2018, p. 6) projected that the ICT sector could contribute up to 14 % of global carbon emissions by 

2040 unless efficiency practices evolve. Patterson, Rawson, and Azevedo (2021, pp. 8–9) argued that 

sustainability should be treated as a first-class performance objective alongside throughput and latency. 

Contemporary green IT frameworks advocate measuring Performance-per-Watt or Throughput-to-Power 

ratios as quantitative metrics (Orgerie et al., 2014, p. 10). Equation (1) from Section 3 captures this idea: 

𝐸 =
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡

𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑔
 

where higher 𝐸values indicate superior energy efficiency. However, current testing frameworks rarely capture 

power data, limiting holistic optimization. 

Recent trends in energy-aware scheduling and carbon-intensity forecasting enable dynamic workload 

placement based on regional grid conditions (Zhou et al., 2022, p. 3). Yet, few enterprise systems apply such 

models during pre-production testing, when architectural changes and code releases have their greatest energy 

impact. Integrating these insights into performance validation would help organizations align DevOps with 

environmental sustainability. 

 

2.4 Research Gaps and Motivation 

Despite significant advances, several fundamental gaps persist in the literature and industrial practice: 

1. Lack of end-to-end autonomy. Existing AIOps tools optimize runtime infrastructure but not the 

performance-testing lifecycle itself. They trigger tests but cannot design, parameterize, or interpret them 

autonomously (Tuli et al., 2021, p. 4). 

2. Fragmented tool ecosystems. CI/CD pipelines, monitoring tools, and energy dashboards operate in silos, 

forcing manual data integration. No standard communication protocol exists for cross-tool intelligence 

(Fan et al., 2007, p. 68). 

3. Absence of explainable and auditable AI. Most ML-driven optimization lacks transparent reasoning 

trails, impeding trust in enterprise environments (Zhang et al., 2024, pp. 5–6). 

4. Neglect of sustainability metrics in testing. Energy and carbon efficiency remain afterthoughts rather 

than built-in KPIs in performance frameworks (Belkhir & Elmeligi, 2018, p. 6). 

5. No self-improving validation loops. There is minimal research on using feedback from test results to 

refine future test plans autonomously, a key capability of reinforcement-based agents (Sutton & Barto, 

2018, pp. 126–127). 

 

The proposed MCP-driven Agentic AI framework directly addresses these deficiencies by enabling 

interoperable, explainable, and energy-aware intelligence across the performance-engineering continuum. 

Through multi-agent collaboration, continuous learning, and sustainability integration, this research 

contributes to a new generation of Autonomous Performance Engineering systems designed for complex, 

high-throughput, multi-tenant cloud environments. 

 

3. SYSTEM ARCHITECTURE AND TECHNOLOGY STACK 

3.1 High-Level Architecture Overview 

The proposed architecture follows a layered, event-driven model built around five key functional tiers 

(Figure 1). Each tier represents a logical domain of operation, communicating through the MCP message bus. 

1. Data Ingestion Layer: Collects contextual, operational, and visual inputs from multiple systems such 

as Jira (development context), Splunk (runtime telemetry), and Figma (UI design). 
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2. AI/Agentic Orchestration Layer: Hosts multiple autonomous agents Discovery, Authoring, Runner, 

Analyst, and Publisher that collaborate asynchronously via MCP. 

3. Test Execution Layer: Integrates performance tools (JMeter for API load and Playwright for UI 

interaction) within containerized environments. 

4. Result Aggregation Layer: Gathers metrics, computes SLA and energy indicators, and stores derived 

KPIs. 

5. Publishing and Feedback Layer: Updates Jira, Git, and dashboards with annotated results and triggers 

the next cycle of optimization. 

 

The architectural approach follows principles of modularity, context-awareness, and composability as 

emphasized in sustainable system design literature (Tuli et al., 2021, p. 4; Patterson et al., 2021, p. 8). 

Figure 1: Agentic AI Architecture for Autonomous Performance Engineering 

 
Figure 1. Agentic AI Architecture for Autonomous Performance Engineering. 

The diagram depicts five horizontally aligned layers connected by a central MCP communication bus. 

• Top Layer (Data Ingestion): Connectors for Jira, Splunk, and Figma feed structured and unstructured 

data into MCP. 

• Second Layer (AI/Agent Orchestration): Five rectangular modules Discovery, Authoring, Runner, 

Analyst, and Publisher Agents communicate asynchronously through MCP events labeled “discover,” 

“generate,” “execute,” “analyze,” and “publish.” 
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• Third Layer (Test Execution): Contains JMeter clusters for API tests and Playwright nodes for UI 

validation. 

• Fourth Layer (Result Aggregation): Includes a central analytics node (Databricks + Spark) that 

aggregates logs and telemetry from multiple test runs. 

• Bottom Layer (Feedback and Publishing): Jira, Git, and Grafana dashboards form the reporting and 

visualization endpoints. Arrows loop back to the Discovery Agent, closing the continuous optimization 

cycle. 

 

3.2 Description of Each Layer 

3.2.1 Data Ingestion Layer 

This layer ingests diverse operational and contextual data streams to provide a comprehensive situational 

awareness model for AI agents: 

• Jira Connector: Extracts information about new performance-related epics, code commits, and 

configurations to identify test candidates. Metadata such as component name, complexity, and linked APIs 

forms the discovery context. 

• Splunk Connector: Fetches the top 100 most frequent API calls from production logs over the past 

30 days, including their response times and tenant identifiers. This data drives prioritization in automated test 

generation. 

• Figma Connector: Parses UI design components and user flow diagrams. The Authoring Agent 

converts these into Playwright-based UI performance test scripts, ensuring user experience consistency across 

tenants. 

All collected data is normalized into JSON envelopes before being transmitted to the MCP bus. 

This multi-source ingestion layer transforms siloed telemetry into a unified knowledge graph, enabling 

agents to perform correlation-based reasoning (Zhou et al., 2022, p. 3). 

3.2.2 AI/Agent Orchestration via Model Context Protocol (MCP) 

At the heart of the architecture lies the MCP layer, a lightweight, protocol-driven framework enabling secure, 

asynchronous, and context-rich communication between autonomous agents. 

Each agent modeled as an independent process publishes and subscribes to topics via the MCP message bus: 

• Discovery Agent → identifies new APIs or UI components for testing. 

• Authoring Agent → generates YAML or JMeter scripts dynamically. 

• Runner Agent → executes distributed load tests across cloud nodes. 

• Analyst Agent → evaluates performance, energy metrics, and anomalies. 

• Publisher Agent → disseminates validated results and closes feedback loops. 

The MCP maintains shared context memory, ensuring consistency in task states, historical performance 

patterns, and tenant-level thresholds. This design eliminates direct tool coupling and improves scalability by 

allowing agents to scale horizontally without central bottlenecks. 

Mathematically, the MCP bus enforces an asynchronous message propagation constraint: 

𝑡𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 ≤ 𝑡𝑝𝑢𝑏𝑙𝑖𝑠ℎ + 𝛿 

 

where 𝛿denotes the maximum delay tolerance between event publication and acknowledgment. 

This real-time constraint guarantees consistency in distributed multi-agent reasoning (Zhang et al., 2024, pp. 

5–6). 

3.2.3 Test Execution Backends (JMeter and Playwright) 

The Test Execution Layer operationalizes agent instructions through standardized performance-testing 

backends: 

• Apache JMeter Cluster: Executes HTTP and API-based tests using generated .jmx files. 

Parameterized YAML templates ensure reusability across tenants. JMeter workers operate on Kubernetes 

pods (8 vCPU, 16 GB RAM), ensuring horizontal scalability. 

• Playwright Grid: Conducts UI-level tests derived from Figma components, capturing Time-to-

Interactive (TTI), Largest Contentful Paint (LCP), and DOM load timings. 

Execution metrics response time, throughput, failure rates are streamed to the Analyst Agent through the 

MCP bus. 
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This distributed setup eliminates single-point contention and supports parallel execution for hundreds of 

tenants, reducing the average test cycle from 6 hours to 2.5 hours (Fan et al., 2007, p. 68). 

3.2.4 Result Aggregation and Publishing Layer 

The Result Aggregation Layer consolidates and interprets test outcomes across multiple tenants: 

• Data Processing: Raw metrics and logs from JMeter and Playwright are streamed to Databricks via 

Kafka. Spark-based aggregation jobs compute mean response time, 95th percentile latency, SLA compliance, 

and energy utilization per tenant. 

• Energy Estimation: Cloud energy APIs (AWS CloudWatch, Azure Monitor) provide real-time power 

consumption data. These are correlated with performance metrics to derive the Energy Efficiency Index 

(EEI) (Belkhir & Elmeligi, 2018, p. 6). 

• Result Publication: Processed results are exported to Jira (for ticket annotation), Git (for versioning 

YAML scripts), and Grafana (for visualization dashboards). 

This layer effectively bridges observability and actionability, ensuring that test insights propagate back into 

the optimization loop (Patterson et al., 2021, pp. 8–9). 

 

3.3 Scalability Considerations for Multi-Tenant Systems 

Scalability in multi-tenant SaaS systems depends on the ability to maintain isolation while sharing resources 

efficiently. 

The proposed framework introduces several design principles to ensure scalable, energy-aware operation: 

1. Tenant-Aware Partitioning: Data pipelines and Spark workloads are partitioned by tenant ID, 

ensuring linear scalability. This avoids cross-tenant noise interference (Barroso et al., 2013, pp. 56–57). 

2. Horizontal Agent Scaling: Each MCP agent can spawn multiple instances dynamically when tenant 

volume increases. 

The effective throughput of the orchestration layer follows: 

𝑇𝑠𝑦𝑠𝑡𝑒𝑚 = 𝑛𝑎𝑔𝑒𝑛𝑡𝑠 × 𝑇𝑎𝑔𝑒𝑛𝑡 − 𝜖 

where 𝜖represents inter-agent communication overhead. 

3. Distributed Load Execution: JMeter workers execute tenant-specific tests concurrently while 

sharing global configuration parameters via YAML inheritance. 

4. Elastic Compute Management: Kubernetes autoscalers provision or de-provision worker pods based 

on CPU and queue depth, minimizing idle energy consumption. 

5. Asynchronous Messaging: MCP’s non-blocking message queues guarantee that no single agent 

delays the pipeline essential for high-throughput SaaS ecosystems. 

Empirical evaluations show that with 50 tenants and 10,000 concurrent users per tenant, the system achieves 

a 95th percentile latency < 200 ms while maintaining 13 % lower energy cost compared with manual 

configurations (Tuli et al., 2021, p. 4). 

 

4. AGENTIC AI WORKFLOW AND MCP INTEGRATION 

The Agentic AI Workflow represents the operational core of the proposed Autonomous Performance 

Engineering Framework (APEF). 

It encapsulates a multi-agent architecture that functions through the Model Context Protocol (MCP) a 

distributed, asynchronous communication framework enabling autonomous, explainable, and collaborative 

interactions between intelligent agents and enterprise systems. 

The five specialized agents Discovery, Authoring, Runner, Analyst, and Publisher form a closed, self-

optimizing loop that continuously refines performance testing, execution, and reporting cycles. Each agent 

is stateless at runtime but context-aware through the shared MCP memory layer, ensuring scalability, 

traceability, and fault tolerance (Tuli et al., 2021, p. 4). 

 

4.1 Discovery Agent: Identifying APIs, Tasks, and Telemetry Patterns 

The Discovery Agent serves as the entry point of the performance-engineering lifecycle. Its primary function 

is to autonomously identify testing targets (APIs, UI workflows, or services) by analyzing data sources such 

as Jira, Splunk, and Figma through MCP connectors. 

1. From Jira – The agent scans for newly created or modified performance epics or tasks. It extracts 

metadata such as component name, service owner, complexity tags, and recent code commits. 
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2. From Splunk – It executes adaptive search queries to retrieve the top 100 APIs invoked in the past 

30 days, along with their latency, error counts, and tenant context. 

3. From Figma – It parses UI prototypes to identify recently modified flows, UI load components, and 

animation-heavy interfaces that may impact front-end performance. 

Using semantic clustering (e.g., cosine similarity on API endpoint embeddings), the Discovery Agent groups 

functionally related APIs and assigns each cluster a Performance Priority Index (PPI). 

This prioritization allows the system to dynamically select the most impactful performance scenarios for 

testing. 

Through the MCP, all identified artifacts are serialized into a “discovery context” JSON envelope: 

{ 

  "source": "splunk", 

  "artifact_type": "api", 

  "endpoint": "/learning/api/v1/search", 

  "tenant_id": "T100", 

  "avg_latency_ms": 532, 

  "priority_score": 0.87 

} 

These envelopes are published to the “discover” channel on MCP, triggering downstream workflows. 

By combining runtime telemetry with development metadata, the Discovery Agent eliminates the need for 

human engineers to manually select test targets (Orgerie et al., 2014, p. 10). 

 

4.2 Authoring Agent: Dynamic Test Generation via YAML, JMeter, and Playwright 

Once the Discovery Agent publishes a discovery context, the Authoring Agent consumes it and 

automatically generates structured performance test artifacts. 

This includes: 

1. YAML Test Specification (TestSpec.yml): 

Defines API URLs, request payloads, iteration counts, and SLA thresholds. 

test_name: search_api_latency 

base_url: https://tenantX.learning.cloud 

api: /learning/api/v1/search 

users: 500 

duration: 10m 

sla: 

  p95_latency_ms: 500 

  error_rate_pct: 2 

2. JMeter .jmx Files: 

Generated via Jinja2 templates, incorporating parameters extracted from the YAML. 

Each .jmx plan includes HTTP Samplers, CSV DataSet Configs, and BackendListeners linked to InfluxDB 

for metric capture. 

3. Playwright Scripts: 

When UI changes are detected via Figma, the agent generates Playwright test flows to measure page 

rendering metrics such as Time-to-Interactive (TTI) and Largest Contentful Paint (LCP). 

The Authoring Agent employs natural-language-to-test-case mapping models to interpret Jira task 

descriptions and auto-fill parameters. 

It leverages context embeddings from prior successful test runs stored in MCP memory, improving 

accuracy through reinforcement updates (Sutton & Barto, 2018, pp. 126–127). 

The final artifacts are validated against schema definitions stored in the MCP registry to ensure compatibility 

with the Runner Agent. 

 

4.3 Runner Agent: Distributed Test Execution and Metrics Collection 

The Runner Agent is responsible for orchestrating load test execution across distributed environments. 

Upon receiving validated YAML and .jmx files from the Authoring Agent, it performs the following 

operations: 
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1. Environment Resolution: 

Reads tenant-specific environment variables (hostnames, authentication tokens) from secure MCP 

vaults. 

2. Execution Scheduling: 

Selects execution mode (local, Kubernetes, or distributed) based on workload complexity. 

Each JMeter job runs with: 

3. jmeter -n -t testplan.jmx -l results.jtl -e -o report 

4. Metric Streaming: 

Runtime metrics (response time, throughput, CPU, memory, power) are captured and streamed to MCP 

in real time using Prometheus exporters and Kafka event topics. 

5. Adaptive Load Adjustment: 

 

6. If SLA violations or excessive resource utilization are detected mid-run, the Runner Agent consults 

the Analyst Agent to dynamically adjust the concurrency profile or test duration. 

This adaptive orchestration significantly reduces manual intervention while ensuring that load tests mirror 

live production behaviors (Fan et al., 2007, p. 68). 

After execution, result logs are published to the “analyze” channel for downstream analysis. 

 

4.4 Analyst Agent: AI-Based Anomaly Detection and SLA Validation 

The Analyst Agent performs statistical and AI-based post-processing of raw performance metrics. 

Its responsibilities include anomaly detection, trend correlation, and SLA validation. 

1. Data Ingestion: 

It consumes structured telemetry (e.g., results.jtl) and unstructured logs (e.g., error traces) from MCP topics. 

2. Anomaly Detection: 

Uses hybrid models combining Isolation Forests, LSTM-Autoencoders, and K-Means Clustering to detect 

deviations in response times, CPU utilization, and memory patterns. 

The anomaly threshold is defined as: 

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 =∣ 𝑥 − 𝜇 ∣> 3𝜎 

where 𝜇 and 𝜎 denote mean and standard deviation of latency distributions. 

3. SLA Validation: 

The agent computes SLA compliance scores using weighted formulas: 

𝑆𝐿𝐴𝑠𝑐𝑜𝑟𝑒 = 𝑤1(1 −
𝑝95

𝑝95𝑡𝑎𝑟𝑔𝑒𝑡
) + 𝑤2(1 − 𝑒𝑟𝑟𝑜𝑟𝑟𝑎𝑡𝑒) 

4. Energy-Efficiency Modeling: 

By integrating cloud API power data, it computes the Energy Efficiency Index (EEI): 

𝐸𝐸𝐼 =
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝑟𝑒𝑞/𝑠

𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑔(𝑊)
 

Higher EEI implies better energy utilization per request (Belkhir & Elmeligi, 2018, p. 6; Patterson et al., 2021, 

pp. 8–9). 

Detected anomalies and SLA results are tagged with confidence scores and routed to the Publisher Agent. 

This agent also feeds insights back into the Authoring Agent to refine future test plans a manifestation of 

closed-loop learning (Zhang et al., 2024, pp. 5–6). 

 

4.5 Publisher Agent: Reporting, Documentation, and Feedback 

The Publisher Agent finalizes the testing cycle by aggregating validated data and pushing updates into 

enterprise collaboration systems. 

It handles: 

• Jira Integration: Posts annotated test summaries and performance charts as comments within relevant 

Jira epics. 

• Git Integration: Commits all generated YAML and JMeter artifacts under version-controlled 

repositories with metadata tags: 

• commit: "Added automated performance suite for Search API" 
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• branch: perf_automation_2025Q1 

• Wiki/Dashboard Updates: 

Publishes SLA trends, anomaly charts, and energy-consumption graphs to Grafana dashboards or 

Confluence pages using MCP connectors. 

 

Finally, the Publisher Agent issues a “publish_ack” event to the Discovery Agent, completing the 

optimization feedback loop. 

This ensures continuous operation, traceability, and auditability essential for enterprise governance and 

explainable AI (Zhang et al., 2024, pp. 5–6). 

 

Figure 2: Sequence Diagram of Agent Collaboration via MCP 

 
Figure 2. Sequence Diagram of Agent Collaboration via MCP. 

 

The sequence diagram depicts a time-ordered interaction among five agents across the MCP bus: 

1. Discovery Agent → MCP: Publishes “discover_event” containing new API endpoints. 

2. MCP → Authoring Agent: Event triggers YAML and JMeter generation. 

3. Authoring Agent → MCP: Sends “test_ready_event” with scripts attached. 

4. MCP → Runner Agent: Executes corresponding tests and streams real-time metrics. 

5. Runner Agent → MCP → Analyst Agent: Passes telemetry data for anomaly detection and SLA 

evaluation. 

6. Analyst Agent → MCP → Publisher Agent: Sends summarized performance KPIs and EEI scores. 

7. Publisher Agent → MCP → Discovery Agent: Posts “publish_ack” to close the feedback cycle. 

All messages are asynchronous JSON envelopes with timestamps and correlation IDs to ensure end-to-end 

traceability and non-blocking operation. 

 

5. IMPLEMENTATION DETAILS 

This section explains the concrete implementation of the proposed framework, describing the technology 

stack, schema design, template structure, DevOps integration, and security controls. The implementation aims 

to operationalize Agentic AI reasoning and MCP interoperability in a production-ready, secure, and 

extensible manner. 
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5.1 Technology Stack 

The implementation employs a polyglot micro-service architecture, primarily developed in Python 3.12, 

with AI logic, orchestration, and data processing distributed across independent modules. Each module 

communicates via the Model Context Protocol (MCP) message bus, providing stateless, asynchronous 

messaging among agents (Tuli et al., 2021, p. 4). 

Core components 

Function Tool/Library Purpose 

AI / Agent Logic Python 3.12 + MCP SDK 
Defines Discovery, Authoring, Runner, Analyst, and 

Publisher agents 

Template Engine Jinja 2.11 Dynamically generates JMeter .jmx and YAML specs 

Test Execution Apache JMeter 5.6.2 CLI 
Distributed load execution using parameterized 

templates 

UI Test Automation Playwright 1.45 API 
Simulates front-end flows and collects UX 

performance metrics 

Data Analytics Pandas + PySpark 
Processes result logs, SLA metrics, and energy 

telemetry 

Integration 

Connectors 

Jira REST, GitHub API, 

Splunk SDK 
Enables contextual ingestion and publication 

Container Runtime Kubernetes + Docker Deploys agents in isolated pods with auto-scaling 

Visualization Grafana + Prometheus Monitors latency, throughput, and energy metrics 

The system achieves message latencies under 40 ms per agent interaction with negligible network overhead 

due to asynchronous MCP event propagation (Zhang et al., 2024, pp. 5–6). Each agent is stateless, enabling 

horizontal scaling and fault-tolerant recovery through container orchestration. 

 

5.2 YAML Test Specification Schema (TestSpec.yml) 

Each performance scenario is abstracted into a YAML configuration file named TestSpec.yml, serving as a 

canonical definition for execution parameters and SLA criteria. 

This design ensures reproducibility, version control, and interoperability between tools. 

Schema definition 

test_name: string               # Unique identifier 

description: string             # Brief purpose of the test 

base_url: string                # Target environment URL 

api_endpoints: 

  - name: string 

    path: string 

    method: [GET, POST, PUT, DELETE] 

    payload: object | null 

    headers: object | null 

    users: integer 

    ramp_up: integer            # in seconds 

    duration: string            # e.g., "10m" 

sla: 

  p95_latency_ms: integer 

  error_rate_pct: float 

  throughput_req_s: integer 

energy: 

  track: boolean 

  provider: [aws, azure, gcp] 

metadata: 

  created_by: agent_name 
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  created_at: timestamp 

  tenant_id: string 

The schema functions as the single source of truth, interpreted by both the Runner Agent (for execution) 

and the Analyst Agent (for SLA validation). Each YAML file is validated through a JSON-Schema-based 

pre-flight check to guarantee structural integrity before test execution (Orgerie et al., 2014, p. 10). 

 

5.3 Example JMeter Jinja Template Snippet 

Dynamic script generation is implemented using Jinja2 templating, allowing the Authoring Agent to 

substitute runtime variables such as tenant IDs, API paths, and user counts automatically. 

Template fragment (testplan.jmx.j2): 

<HTTPSamplerProxy guiclass="HttpTestSampleGui" testclass="HTTPSamplerProxy" testname="{{ 

api_name }}" enabled="true"> 

  <stringProp name="HTTPSampler.domain">{{ domain }}</stringProp> 

  <stringProp name="HTTPSampler.port">{{ port }}</stringProp> 

  <stringProp name="HTTPSampler.path">{{ path }}</stringProp> 

  <stringProp name="HTTPSampler.method">{{ method }}</stringProp> 

  {% if payload %} 

  <stringProp name="HTTPSampler.postBodyRaw">true</stringProp> 

  <elementProp name="HTTPsampler.Arguments" elementType="Arguments"> 

    <collectionProp name="Arguments.arguments"> 

      <elementProp name="" elementType="HTTPArgument"> 

        <stringProp name="Argument.value">{{ payload | tojson }}</stringProp> 

      </elementProp> 

    </collectionProp> 

  </elementProp> 

  {% endif %} 

</HTTPSamplerProxy> 

During generation, placeholders are replaced with live context extracted from TestSpec.yml. The generated 

.jmx files are validated by JMeter’s XML parser before being submitted to the Runner Agent for execution. 

This approach achieves dynamic script creation within < 2 seconds per API and eliminates manual XML 

editing, which typically consumes > 10 minutes per case in traditional setups (Fan et al., 2007, p. 68). 

 

5.4 CI/CD Integration with Git, Jira, and Wiki 

To ensure continuous feedback, the framework integrates seamlessly with enterprise CI/CD pipelines (e.g., 

GitLab CI, Jenkins). 

1. Triggering Mechanism: 

A Git pull-request event automatically triggers the Discovery Agent through a webhook, initiating 

new test generation when code changes affect performance-critical modules. 

2. Automated Execution: 

The Runner Agent is invoked as part of a Jenkins or GitLab job, executing JMeter suites against a 

staging environment. 

3. Result Publication: 

o Git: Upon completion, the Publisher Agent commits YAML and JMeter artifacts to a dedicated branch 

(perf_autotest/<commit_hash>). 

o Jira: Performance reports are appended as structured comments to relevant tickets using REST API 

calls: 

o { "comment": "p95 latency: 472 ms | SLA: PASS | EEI: 1.24 req/W" } 

o Wiki / Grafana: Dashboards visualize historical performance trends and energy efficiency over time. 

 

This automated loop ensures that every commit undergoes quantitative validation before release, reducing 

regression risk and promoting accountability (Patterson et al., 2021, pp. 8–9). 
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5.5 Security Considerations: Credential Management and Sandbox Isolation 

Security and compliance are critical for enterprise adoption of autonomous AI systems. The framework 

enforces multiple controls: 

1. Credential Management: 

o All tokens (e.g., Jira, GitHub, Splunk API keys) are stored in Kubernetes Secrets and injected at runtime 

via the MCP vault connector. 

o Secrets are rotated every 24 hours using hash-based one-time tokens. 

o Each agent assumes least-privilege roles, ensuring that compromised processes cannot escalate 

privileges. 

2. Sandbox Isolation: 

o Agents execute inside containerized sandboxes with restricted network namespaces. 

o File-system access is confined to ephemeral volumes (/tmp/mcp_context) deleted post-execution. 

o Communication between agents is TLS-encrypted using ephemeral session keys (RSA-2048). 

3. Audit and Traceability: 

Every message published on the MCP bus includes a correlation ID, sha256(message + timestamp), 

enabling end-to-end forensic reconstruction. 

4. Compliance Alignment: 

The system aligns with ISO 27001 and SOC 2 Type II controls for automated testing pipelines (Belkhir 

& Elmeligi, 2018, p. 6). 

These safeguards prevent cross-tenant data exposure, ensuring that autonomy and explainability coexist with 

enterprise-grade governance (Zhang et al., 2024, pp. 5–6). 

 

6. EXPERIMENTAL SETUP, RESULTS, AND ENERGY MODELING 

This section presents the empirical evaluation of the proposed Agentic AI + MCP framework. It details the 

workload configuration, data-collection pipeline, correlation modeling, and quantitative findings on both 

performance and energy impact. 

6.1 Workload Characteristics and Environment 

Experiments were executed on a Kubernetes-based simulation of a large-scale SaaS deployment hosting 50 

tenants, each with user concurrency between 1 000 – 10 000. 

All tenants shared application servers (Tomcat 10.1 + NGINX 1.25) and an SAP HANA Cloud database tier 

configured with Native Storage Extension for hot/warm data placement. 

Each layer was fully instrumented with Prometheus and Splunk exporters. 

Layer Technology Configuration 

Application Apache Tomcat 10.1, NGINX 1.25 1 container / tenant 

Database SAP HANA Cloud 2024 64 GB RAM, NSE tiering 

Analytics Databricks + Apache Spark 3.5 4 workers × 16 vCPU 

Agents Python 3.12 + MCP SDK 5 autonomous agents 

Monitoring Prometheus + Splunk 5 s scrape interval 

Each experiment executed both manual (engineer-driven) and Agentic AI-driven pipelines under identical 

SLAs. Results were averaged over three runs; variance in key metrics was < 3 %. 

 

6.2 Data-Collection Framework 

Figure 3 (textual) illustrates the pipeline. 

1. Execution Metrics: JMeter and Playwright exported logs ( .jtl and JSON ) to Kafka topics. 

2. Telemetry: Prometheus gathered CPU, RAM, I/O and container-level power data. 

3. Energy APIs: AWS CloudWatch and Azure Monitor supplied per-VM power readings. 

4. Databricks Aggregation: Spark jobs merged all data by tenant_id + timestamp. 

The total energy consumed per run was calculated as 

𝐸𝑡𝑜𝑡𝑎𝑙 =∑

𝑛

𝑖=1

𝑃𝑖(𝑡) × Δ𝑡𝑖 
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where 𝑃𝑖(𝑡)is instantaneous power and Δ𝑡𝑖the sampling interval (Belkhir & Elmeligi, 2018, p. 6). 

The Analyst Agent then correlated throughput, latency, and power to derive energy-normalized KPIs. 

 

6.3 Performance-to-Energy Correlation Model 

The relationship between throughput (𝑇) and average power (𝑃) was found approximately linear: 

𝑃 = 42.6 + 0.015𝑇 + 𝜀 
 

yielding 𝑟 = 0.78  indicating high proportionality between load and consumption (Fan et al., 2007, p. 68). 

Derived from this, the Performance-per-Watt ( η ) metric was computed: 

𝜂 =
𝑇95
𝑃𝑎𝑣𝑔

 

 

where 𝑇95is the 95-percentile throughput. Higher η implies greater energy efficiency. 

 

6.4 Results and Discussion 

Metric Manual Baseline Agentic AI Δ Improvement 

Script Authoring Time (hr) 8.0 3.2 − 60 % 

Test Setup Time (hr) 2.5 1.0 − 60 % 

Analysis Cycle Time (hr) 2.0 0.6 − 70 % 

SLA Compliance (%) 95 99 + 4 pts 

Avg. p95 Latency (ms) 528 452 − 14 % 

Energy Consumption (Wh / test) 145 125 − 13.8 % 

Interpretation. Agentic AI reduced manual overhead by > 60 % and improved SLA reliability by 4 points. 

Latency reduction stemmed from predictive resource scheduling, while energy efficiency improved through 

adaptive thread-pool resizing and intelligent load throttling (Zhou et al., 2022, p. 3). 

The measured Energy Efficiency Index (EEI) increased from 1.08 to 1.23 requests / W, validating that 

performance and sustainability can coexist a principle emphasized by Patterson et al. (2021, pp. 8–9). 

 

6.5 Carbon-Footprint Estimation 

To quantify environmental impact, the carbon-intensity model proposed by Patterson et al. (2021, pp. 6–8) 

was applied: 

𝐶𝑒𝑞 = 𝐸𝑡𝑜𝑡𝑎𝑙 × 𝐼𝑔𝑟𝑖𝑑 

 

where 𝐼𝑔𝑟𝑖𝑑is the regional carbon-intensity factor ( kg CO₂ / kWh ). Using an average 𝐼𝑔𝑟𝑖𝑑 = 0.42, the 

framework reduced per-test emissions from 0.0609 kg CO₂ to 0.0525 kg CO₂ a 13.8 % decrease. This aligns 

with sustainable-computing targets in HUNTER’s resource-management model (Tuli et al., 2021, p. 4). 

 

6.6 Qualitative Observations 

1. Autonomy: Agents operated continuously for 72 hours without human oversight, adapting test 

parameters on the fly. 

2. Explainability: Every optimization decision logged via MCP with correlation IDs, supporting traceable, 

auditable workflows. 

3. Scalability: Linear throughput observed up to 100 simultaneous tenants; MCP latency < 50 ms / event. 

4. Sustainability: 13–15 % lower energy cost and 12 % less carbon emission per test cycle, validating 

green AI potential (Belkhir & Elmeligi, 2018, p. 6). 

 

Textual Description of Figure 3: Data-Collection and Feedback Architecture 

Figure 3. A left-to-right flow diagram showing: 

• Execution Layer: JMeter & Playwright producing .jtl and JSON metrics. 
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• Kafka Stream: Transmits metrics → Databricks (Spark aggregation). 

• Energy API Feed: Power readings → Analyst Agent. 

• Analyst Agent: Computes EEI, SLA, and carbon impact. 

• Publisher Agent: Updates Jira tickets, Git branches, and Grafana dashboards. 

• Feedback Loop: An “Optimize” arrow returns to Discovery Agent, closing the self-learning cycle. 

 

6.7 Summary 

The evaluation demonstrates that Agentic AI + MCP achieves measurable productivity and sustainability 

benefits. By coupling predictive modeling with energy-aware decisioning, the system simultaneously: 

• Reduced human effort by ~65 %. 

• Improved SLA reliability from 95 → 99 %. 

• Lowered energy consumption by ≈ 14 %. 

• Cut CO₂ equivalent emissions by ≈ 13 %. 

These results confirm that autonomous performance engineering can advance both operational efficiency 

and ecological responsibility a key theme for the next generation of enterprise AI systems (Zhang et al., 2024, 

pp. 5–6). 

 

7. DISCUSSION AND FUTURE DIRECTIONS 

The evaluation highlights that Agentic AI integrated with MCP provides quantifiable benefits in speed, 

scalability, and sustainability. Beyond empirical metrics, several theoretical and practical insights emerge that 

redefine how performance engineering can evolve from rule-driven automation to self-governing intelligence. 

7.1 Interpreting Results in the Context of Modern AIOps 

Traditional AIOps solutions such as log anomaly detection or static thresholding operate primarily in a 

reactive mode (Tuli et al., 2021, p. 4). 

In contrast, the presented Agentic AI model extends AIOps into proactive autonomy through continuous 

reasoning loops. 

The Discovery and Analyst agents jointly demonstrate cognitive behavior: discovering unseen anomalies, 

adapting workloads, and correlating system metrics with energy cost without manual triggers. 

This represents a paradigm shift from “alert-driven response” to “policy-driven anticipation.” 

Empirical results (Section 6) show that even small predictive adjustments such as pre-tuning Tomcat thread 

pools yield both latency and energy improvements, supporting the proposition that speed and sustainability 

are not mutually exclusive (Patterson et al., 2021, pp. 8–9). 

 

7.2 Implications for Sustainable Cloud Operations 

The observed 13 % reduction in energy consumption directly aligns with the Green IT framework proposed 

by Belkhir and Elmeligi (2018, p. 6). 

When extrapolated to hyperscale data centers, such efficiency translates to multi-megawatt savings. 

Moreover, dynamic workload redistribution guided by EEI metrics suggests that autonomous systems can 

participate in carbon-aware scheduling, delaying non-urgent tests when grid intensity peaks. 

Future implementations could integrate with carbon-intensity APIs to dynamically adjust execution time-

windows, reinforcing energy proportionality at the cluster level (Zhou et al., 2022, p. 3). 

7.3 Lessons Learned 

1. Inter-Agent Coordination is Crucial. 

The asynchronous MCP bus must maintain bounded latency (< 50 ms) to avoid event backlog. Introducing 

priority queues for high-impact SLA violations proved essential. 

2. Energy-Aware Metrics Outperform CPU-Based Thresholds. 

Agents guided by EEI achieved better optimization balance than CPU-only triggers validating holistic metric 

design (Orgerie et al., 2014, p. 10). 

3. Explainability Builds Trust. 

Recording every policy change and its causal metric path was key to acceptance by DevOps teams. Agent 

logs provide transparent “reason traces,” an early form of explainable performance AI (Zhang et al., 

2024, pp. 5–6). 

4. Incremental Adoption Works. 
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5. Embedding only two agents (Discovery + Runner) in pilot environments already reduced manual hours 

by 40 %, demonstrating modular deployability. 

 

7.4 Limitations of the Current Approach 

Data Dependency and Model Drift 

Predictive tuning models (e.g., LSTM, Prophet) rely heavily on historical patterns. When system topology or 

tenant behavior changes abruptly, model drift can reduce forecast accuracy. 

Continuous retraining and versioning of predictive models are therefore mandatory (Sutton & Barto, 2018, 

pp. 126–127). 

Partial Observability 

Some critical runtime variables (e.g., kernel-level CPU throttling, HANA I/O queue length) remain invisible 

to user-space agents. 

This limits full causal inference during anomaly analysis an issue consistent with findings in distributed 

observability research (Orgerie et al., 2014, p. 10). 

Infrastructure Coupling 

Although MCP minimizes tool dependency, agents still require stable APIs from systems such as Jira, Splunk, 

or Grafana. 

API schema changes or authentication failures may temporarily disrupt automation flows, suggesting a need 

for schema-version negotiation protocols in future MCP releases. 

Energy Telemetry Granularity 

Cloud energy APIs report at VM granularity, not per-process level. 

This reduces the precision of carbon-footprint attribution for individual tenants (Fan et al., 2007, p. 68). 

 

7.4 Future Opportunities 

Adaptive Learning Loops 

Enhancing the reinforcement-learning policies of each agent to include contextual feedback such as business 

priority or cost impact will enable truly adaptive learning systems. 

These agents could dynamically balance trade-offs between latency, energy, and budget constraints (Sutton 

& Barto, 2018, pp. 126–127). 

Cost-Aware Testing 

Integrating cloud-pricing APIs (e.g., AWS Cost Explorer, Azure Billing) would allow agents to evaluate 

optimization actions not only by performance but also by economic cost per transaction. 

Such eco-economic optimization aligns with the green-computing principles proposed by Belkhir and 

Elmeligi (2018, pp. 6–7). 

Federated Learning Across Data Centers 

Sharing trained policies among geographically distributed MCP clusters can accelerate adaptation while 

maintaining privacy. 

This federated Agentic AI model supports multi-region scalability and resilience against localized model 

drift (Tuli et al., 2021, p. 5). 

Explainable AI and Trust 

Embedding interpretable policy-extraction layers will help developers understand why agents choose 

particular optimization strategies. 

Transparent policy reasoning builds human-in-the-loop confidence, crucial for enterprise adoption (Zhou et 

al., 2022, p. 3). 

 

7.5 Conclusion  

This research demonstrated that Agentic AI and MCP integration can achieve continuous, self-governing 

performance engineering at scale. By eliminating repetitive scripting, contextualizing telemetry, and 

automating SLA validation, the framework advances toward sustainable and intelligent DevOps practices. 

Future work will extend this framework with reinforcement learning-based optimization policies, integration 

with carbon-aware scheduling, and broader adoption of multi-cloud test environments. 

The Agentic AI and MCP framework successfully demonstrates the shift from reactive performance tuning 

to autonomous, proactive, and sustainable optimization. 
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It balances speed, consistency, and sustainability, while revealing challenges around data accuracy, model 

evolution, and explainability. 

Integrating these agents with future AIOps ecosystems can ultimately yield self-healing, cost-aware, and 

carbon-intelligent performance-engineering pipelines. 
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