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ABSTRACT:

We designed a multi-agent framework with four specialized agent types coordinated through a shared performance
knowledge base. The monitoring agent continuously observes performance metrics and detects anomalies. The
experimentation agent designs and executes performance experiments to characterize system behaviour and
validate hypotheses. The diagnosis agent performs root cause analysis on detected regressions. The remediation
agent recommends and, within defined bounds, implements optimizations. Results show that the agentic
framework detected performance regressions with 94% accuracy and correctly diagnosed root causes in 82% of
cases, compared to detection and diagnosis rates that depend heavily on manual review cadence in conventional
practice. Mean time to detect performance regressions dropped from a baseline of several days under periodic
manual review to under 15 minutes with continuous agentic monitoring. The agents' automated optimization
recommendations, when applied, improved performance in 77% of cases without introducing regressions. The
paper discusses the architecture of effective performance engineering agents, the critical role of the shared
knowledge base, the appropriate boundaries of agent autonomy, and the human oversight frameworks required to
deploy autonomous performance engineering safely.

Keywords: Agentic Al, Performance Engineering, Autonomous Agents, Continuous Monitoring, Root Cause Analysis,
Performance Regression, Multi-Agent Systems

INTRODUCTION

Software performance matters enormously, yet performance engineering has remained one of the more artisanal
disciplines in software development. Skilled performance engineers are scarce, and the work they do, designing
load tests, interpreting complex results, hunting down bottlenecks across distributed systems, and recommending
optimizations, requires deep expertise and considerable time [1]. In an era where software is delivered
continuously, with changes flowing to production many times per day, the traditional model of periodic manual
performance review has become a bottleneck and a risk. Performance regressions can enter production and persist
undetected between manual reviews, degrading user experience and inflating infrastructure costs [2].

The gap between the velocity of software delivery and the cadence of performance engineering has widened as
systems have grown more complex. Modern applications are distributed across many microservices, deployed on
dynamic cloud infrastructure, and subject to constantly shifting load patterns [3]. Understanding the performance
of such a system requires correlating signals across many components, a task that strains human cognitive capacity
and consumes enormous engineering time. Meanwhile, the manual nature of performance work means it is often
deprioritized under delivery pressure, with performance considered only when problems become severe enough
to demand attention [4].

Agentic Al offers a fundamentally different model. Rather than performance engineering being a periodic human
activity, autonomous Al agents can continuously monitor performance, proactively design and run experiments,
diagnose regressions when they occur, and recommend or even implement optimizations [5]. These agents do not
replace human performance engineers but amplify them, handling the continuous, high-volume, correlational
work that humans do poorly while escalating novel or high-stakes decisions to human judgment. The recent
maturation of large language models and agentic frameworks has made this vision technically feasible in a way it
was not previously [6].
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This paper presents a multi-agent framework for continuous performance engineering, evaluates its effectiveness
on a microservices testbed, and discusses the architectural and organizational considerations for deploying
autonomous performance engineering responsibly.

LITERATURE REVIEW

Automated performance engineering has been an aspiration for decades, with early work focusing on automated
performance testing and model-based performance prediction [7]. Performance testing automation reduced the
manual effort of executing tests but still required human design of test scenarios and interpretation of results.
Model-based approaches attempted to predict performance from architectural models, but the models required
substantial manual construction and struggled to keep pace with rapidly evolving systems.

The application of machine learning to performance engineering has grown substantially. Anomaly detection
techniques have been applied to performance metrics to identify regressions and unusual behaviour automatically
[8]. Root cause analysis, one of the most time-consuming aspects of performance work, has been addressed
through techniques including causal inference, correlation analysis, and trace analysis to localize the source of
performance problems in distributed systems. These techniques automate specific tasks but generally operate as
tools that human engineers invoke rather than autonomous systems.

The emergence of agentic Al represents a shift from tools to autonomous actors. Research on LLM-based agents
has demonstrated their ability to plan, use tools, and act toward goals with limited human direction [9]. Multi-
agent systems, where specialized agents collaborate on complex tasks, have been explored across many domains.
The application to software engineering tasks including code generation, debugging, and testing has shown
promise, though the application specifically to performance engineering, with its distinctive requirements for
experimentation and system-level reasoning, is nascent.

The appropriate boundaries of agent autonomy have become an important research and practical question. Fully
autonomous agents that take consequential actions without human oversight raise safety and accountability
concerns, particularly in production systems where mistakes can cause outages [10]. Research on human-Al
collaboration and appropriate autonomy levels suggests that the right model involves agents handling routine,
well-understood tasks autonomously while escalating novel or high-risk decisions to humans. The design of
effective escalation and oversight mechanisms is critical for safe deployment, an area this paper contributes to.

METHODOLOGY

Performance engineering has traditionally been a human-intensive discipline, requiring skilled engineers to design
tests, interpret results, diagnose bottlenecks, and recommend optimizations. This model struggles to keep pace
with the velocity of modern software delivery, where systems change continuously and performance regressions
can slip into production between manual performance reviews. This paper presents an agentic Al framework for
continuous performance engineering, in which autonomous Al agents monitor system performance, design and
execute performance experiments, diagnose regressions, and recommend or implement optimizations with
minimal human intervention. We designed a multi-agent architecture with specialized agents for monitoring,
experimentation, diagnosis, and remediation, coordinated through a shared performance knowledge base, and
evaluated it on a testbed of microservices applications with injected performance regressions.

Regression detection used a statistical change-point detection approach combined with a learned baseline. A
regression was flagged when the performance metric deviated from the predicted baseline by more than a

threshold:
Mopserved — Mpaseline

Regression = |
Obpaseline

where m is the performance metric and \tau is the detection threshold [15].
Diagnosis accuracy was measured as the proportion of regressions for which the agent correctly identified the root
cause:

Correct; diagnoses
A= - x 100
Total; regressions

The remediation success rate was quantified as:
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Figure 1. Agentic Al framework for continuous performance engineering.
EXPERIMENTAL SETUP

We deployed a testbed of microservices applications representative of modern cloud-native systems, comprising
18 interconnected services with realistic inter-service dependencies and a load generator producing representative
traffic. Performance regressions were injected systematically across categories including inefficient database
queries, memory leaks, resource contention, configuration errors, and inter-service communication problems [17].
One hundred fifty performance regressions were injected over the evaluation period, with the agentic framework
tasked with detecting, diagnosing, and where appropriate remediating them. A comparison baseline represented
conventional practice with periodic manual performance review at a realistic cadence. The agents were given
access to monitoring data, distributed traces, logs, and the ability to execute controlled experiments and, within
defined safety bounds, apply configuration changes.

Agent performance was measured across detection accuracy, detection latency, diagnosis accuracy, and

remediation success rate. The role of the shared knowledge base was evaluated by comparing agent performance
with and without access to accumulated historical findings.
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Figure 2. Testbed architecture and regression injection framework.

Table 1. Injected regression categories and characteristics.

Regression Category Count | Detection Difficulty | Typical Manifestation
Inefficient DB queries 34 Moderate Latency increase
Memory leaks 28 High Gradual degradation
Resource contention 31 High Intermittent spikes
Configuration errors 27 Low Immediate step change
Inter-service comm issues | 30 Very High Cascading latency
Total 150 — —

RESULTS

5.1 Detection Performance

The agentic framework detected performance regressions with 93% accuracy, correctly identifying 140 of the 150
injected regressions. Detection was strongest for configuration errors, which produce clear step changes, and
weakest for subtle inter-service communication issues that manifest as cascading effects hard to distinguish from
normal variation. Mean time to detect dropped from several days under periodic manual review to under 15
minutes with continuous agentic monitoring.

(a) Detection Accuracy by Regression Category (b) Detection Latency Distribution (Agentic Framework)
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Figure 3. Detection accuracy and latency by regression category.
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5.2 Diagnosis Accuracy

The diagnosis agent correctly identified root causes in 81% of detected regressions. Diagnosis was aided
substantially by the shared knowledge base, which allowed the diagnosis agent to recognize regression patterns
similar to those seen previously. Without knowledge base access, diagnosis accuracy dropped to 64%,
demonstrating the value of accumulated experience.

Table 2. Agent performance metrics across configurations.

Metric With Knowledge Base | Without Knowledge Base | Manual Baseline
Detection accuracy 93% 89% Cadence-dependent
Mean time to detect 14 min 22 min ~3 days

Diagnosis accuracy 81% 64% 74% (skilled engineer)
Diagnosis time 6 min 11 min ~4 hours

Remediation success rate | 76% 61% 82% (skilled engineer)

5.3 Remediation Effectiveness

The remediation agent's automated optimization recommendations, when applied within the defined safety
bounds, improved performance in 76% of cases without introducing new regressions. The agent appropriately
escalated novel or high-risk cases to human engineers rather than attempting autonomous remediation, and this
escalation behaviour was critical for avoiding harmful automated changes.

(a) Remediation Outcomes by Regression Category (b) Regression Flow Through the System
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Figure 4. Remediation outcomes and human escalation distribution.
DISCUSSION

The dramatic reduction in mean time to detect, from days to under 15 minutes, addresses the core weakness of
conventional performance engineering: the gap between when a regression is introduced and when it is noticed.
In continuous delivery environments, this gap allows regressions to reach and persist in production, and closing
it delivers immediate value regardless of the sophistication of subsequent diagnosis and remediation. Continuous
agentic monitoring transforms performance from something reviewed periodically into something observed
constantly.

The value of the shared knowledge base is one of the more important findings. The 17 percentage point
improvement in diagnosis accuracy with knowledge base access demonstrates that accumulated experience
matters as much for Al agents as for human engineers. As the knowledge base grows, the agents recognize more
regression patterns and diagnose them faster, creating a compounding benefit over time. This suggests that the
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value of an agentic performance engineering system increases with deployment duration, an encouraging property
for organizations considering adoption.

The escalation behaviour of the remediation agent is central to safe deployment. The agent's 76% autonomous
remediation success rate is strong, but the more important number is that it did not introduce regressions through
inappropriate autonomous action, because it escalated cases outside its confident competence to human engineers.
This appropriate humility is exactly what distinguishes a safely deployable agent from a dangerous one.
Organizations should configure the autonomy bounds conservatively, expanding them only as confidence in the
agents grows through demonstrated reliability.

The comparison with skilled human engineers is instructive. The agents did not exceed skilled human performance
on diagnosis accuracy or remediation success in absolute terms, but they operated continuously, at scale, and far
faster than humans could. The right framing is not agents versus humans but agents handling the continuous high-
volume work that humans cannot sustain, freeing human engineers for the novel and high-stakes work where their
judgment is most valuable. This complementary model is where the practical value lies.

Limitations include the controlled testbed environment, which cannot fully replicate the complexity and noise of
real production systems, and the specific set of injected regression types, which may not cover the full diversity
of real performance problems. The agents' performance on genuinely novel regression types not represented in
their training or knowledge base remains an open question requiring production validation.

CONCLUSION

Agentic Al offers a path to transform performance engineering from a periodic, human-intensive activity into a
continuous, largely automated discipline. The multi-agent framework evaluated here detected performance
regressions with 93% accuracy, diagnosed root causes correctly in 81% of cases, and reduced mean time to detect
from days to under 15 minutes, while its remediation agent improved performance in 76% of cases without
introducing regressions. The shared knowledge base proved critical, substantially improving diagnosis accuracy
and promising compounding value as it accumulates experience. Just as important as the agents' capabilities is
their appropriate humility: escalating novel and high-risk decisions to human engineers rather than acting beyond
their competence. This complementary model, where agents handle continuous high-volume work and humans
handle novel high-stakes decisions, represents the practical path to deploying autonomous performance
engineering safely. As software delivery velocity continues to increase and systems grow more complex, agentic
performance engineering will shift from an advanced capability to an operational necessity for organizations that
want to maintain performance without drowning in manual effort.
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