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Abstract: Cloud operations teams face an expanding volume of telemetry, alerts, and service dependencies that exceeds the capacity 

of manual, reactive practices. This paper reports practical experience applying Artificial Intelligence for IT Operations (AIOps) to 

improve service reliability across large-scale cloud environments. We organize the relevant practices into a closed-loop framework, 

named CLAIR, which connects observability, machine-learning-based anomaly detection, event correlation, and automated 

remediation into a continuous reliability cycle. Drawing on operational deployments, we describe how intelligent automation reduces 

alert noise, shortens mean time to detection and recovery, and lowers the cognitive load on on-call engineers. We present an 

illustrative evaluation comparing a reactive baseline against an AIOps-augmented pipeline, summarize lessons learned, and discuss 

governance and privacy considerations for deploying machine learning on operational data. The results indicate that disciplined, 

human-supervised automation can materially improve reliability outcomes while keeping engineers in control of consequential actions. 
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1. INTRODUCTION 
Modern cloud platforms operate at a scale where service 

reliability can no longer be sustained through manual, reactive 

operations. The shift to microservice architectures has 

decomposed monolithic applications into hundreds of 

independently deployed services, each emitting metrics, logs, 

and traces at a rate that overwhelms human attention [3]. A 

single user-facing request may traverse dozens of these 

services, so that a latency regression or an error in one 

component propagates as a storm of symptoms across many 

others. When an incident occurs, on-call engineers must 

correlate signals across these systems under acute time 

pressure, and the resulting mean time to recovery (MTTR) is 

dominated by detection and diagnosis rather than repair. As 

deployment frequency rises and dependency graphs deepen, 

the gap between operational complexity and human capacity 

continues to widen. 

The aspiration to close this gap with automation is not new. 

The vision of autonomic computing proposed self-managing 

systems that configure, heal, optimize, and protect themselves 

with minimal human oversight [2]. What has changed is 

feasibility. The maturation of machine learning, the 

standardization of telemetry, and the operational discipline of 

site reliability engineering now make selective, trustworthy 

automation practical at production scale. AIOps is best 

understood as the pragmatic realization of that older vision, 

scoped to the parts of operations where automation can be 

both safe and measurably beneficial. 

Artificial Intelligence for IT Operations (AIOps) 

operationalizes this vision by applying machine learning and 

statistical analysis to operational data [1]. Rather than 

replacing engineers, AIOps augments them: it filters noise, 

surfaces probable root causes, and executes routine 

remediation under policy control. The objective is not full 

autonomy but a disciplined division of labor in which 

machines absorb scale and repetition while engineers retain 

judgment over consequential decisions. This division must be 

designed deliberately, because machine learning introduces its 

own operational burden, including data dependencies, model 

drift, and hidden coupling, that must be engineered with the 

same discipline as the services it supervises [4]. 

This paper reports practitioner experience deploying AIOps to 

improve service reliability in production cloud environments. 

It makes three contributions. First, we present CLAIR, a 

closed-loop reliability framework that organizes observability, 

anomaly
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Figure 1.  The CLAIR closed-loop reliability framework: Observe, Detect, Diagnose, Remediate, and Learn, with feedback paths that turn 

each incident into model and policy improvements. 

detection, event correlation, and automated remediation into a 

single continuous cycle. Second, we describe concrete 

operational practices for each stage of the loop, drawn from real 

deployments, including the failure modes we encountered. Third, 

we report an illustrative evaluation that quantifies the effect of 

AIOps automation on alert volume, detection latency, and 

recovery time, and we distill the governance and privacy lessons 

required to operate machine learning responsibly on operational 

data. The remainder of the paper follows the structure of the 

framework, from telemetry foundations through evaluation and 

lessons learned. 

2. THE CLAIR RELIABILITY 

FRAMEWORK 
We organize the practices described in this paper into a closed-

loop framework we call CLAIR (Closed-Loop AIOps 

Reliability). CLAIR models reliability work as a continuous 

cycle of five stages: Observe, Detect, Diagnose, Remediate, and 

Learn. Each stage consumes the output of the previous one and 

produces input for the next, so the system improves with every 

incident it processes. The framework builds on the operational 

principles of site reliability engineering, which couple 

measurable reliability targets to engineering practice, and 

extends them with machine-learning mechanisms at each stage 

[4]. Figure 1 illustrates the loop and the flow of signals between 

its stages. 

The closed-loop structure is deliberate. Open-loop automation, in 

which scripts fire on static thresholds, degrades as systems 

evolve, because the thresholds drift out of date and the scripts 

accumulate exceptions. CLAIR instead treats every incident as 

training data: observations refine detection models, confirmed 

diagnoses enrich correlation rules, and the outcomes of 

remediation actions update the policies that govern future 

automation. This feedback is what distinguishes a learning 

system from a brittle collection of automations, because the loop 

adapts to the system it manages rather than to a snapshot of it 

taken at design time. Engineers supervise the loop at two control 

points: they approve high-risk remediations, and they review the 

Learn stage to confirm the system is adapting in the intended 

direction. 

Table I maps each stage of the loop to the operational practice it 

embodies, the AIOps mechanism that implements it, and the 

reliability outcome it targets. The sections that follow elaborate 

each stage in turn. 

TABLE I.  CLAIR STAGE-TO-MECHANISM MAPPING 

Stage Operational 

Practice 

AIOps 

Mechanism 

Reliability 

Outcome 

Observe Unified 

telemetry of 

metrics, logs, 

and traces 

Instrumentation 

and 

OpenTelemetry 

pipelines 

Complete, 

queryable 

system state 

Detect Continuous 

anomaly 
monitoring 

ML anomaly 

detection on 
time-series 

signals 

Earlier 

detection, 
fewer missed 

faults 

Diagnose Alert 

correlation 
and root-cause 

analysis 

Event correlation 

and topology-
aware grouping 

Reduced 

noise, faster 
fault 

localization 

Remediate Policy-
governed 

automated 

response 

Runbook 
automation and 

self-healing 

actions 

Lower MTTR, 
consistent 

recovery 

Learn Post-incident 
feedback and 

review 

Model retraining 
and policy 

updates 

Continuous 
improvement 

over time 
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3. TELEMETRY AND OBSERVABILITY 

FOUNDATIONS 
Reliability begins with observability: the ability to ask 

arbitrary questions about a system's internal state from its 

external outputs, without shipping new code to answer each 

one. The Observe stage of CLAIR establishes this foundation. 

Without high-quality, correlated telemetry, every downstream 

stage degrades. Detection produces false alarms, diagnosis 

stalls, and automated remediation acts on incomplete 

information. Observability is therefore not a reporting concern 

bolted on after the fact but a design property of the system 

itself. 

3.1 The Three Pillars of Telemetry 

Effective observability rests on three complementary signal 

types [5]. Metrics are numeric time series, such as request 

rate, error rate, and latency percentiles, that are inexpensive to 

store and well suited to alerting and trend analysis. Logs are 

timestamped records of discrete events that supply the detail 

needed to understand a specific failure. Traces follow a single 

request across service boundaries, exposing where latency 

accumulates in a distributed call graph; large-scale tracing 

infrastructures have demonstrated that this end-to-end view is 

essential for diagnosing emergent behavior in deep service 

meshes [6]. Standardizing instrumentation through a common 

framework such as OpenTelemetry lets these signals share 

context, in the form of trace and span identifiers, so that an 

anomaly in a metric can be linked to the logs and traces that 

explain it. Shared context is what turns three separate data 

streams into a single, navigable picture of system state, and it 

is a precondition for the correlation that the Diagnose stage 

performs. 

3.2 Service-Level Objectives and Error 

Budgets 
Telemetry becomes actionable when it is tied to service-level 

objectives (SLOs) [4]. An SLO expresses the target reliability 

of a service, for example a 99.9 percent success rate measured 

over a rolling 30-day window. The complement of the 

objective is the error budget, the amount of unreliability the 

service is permitted to incur before remediation becomes 

mandatory. Error budgets give AIOps automation a principled 

signal for prioritization: anomalies that threaten the budget 

warrant aggressive, and possibly automated, response, while 

cosmetic deviations that do not consume budget can be 

deferred. This alignment keeps automation from optimizing 

the wrong objective, such as suppressing every alert rather 

than protecting the user-visible reliability that the budget 

represents. Operationalizing SLOs across many services also 

benefits from automation, because budgets must be computed 

continuously, attributed to the responsible service, and 

surfaced to the teams that can act on them [7]. 

4. INTELLIGENT DETECTION AND 

EVENT CORRELATION 
The Detect and Diagnose stages convert raw telemetry into a 

small number of actionable hypotheses. These stages carry the 

heaviest analytical load in CLAIR, and they are where 

machine learning contributes most directly to reducing the 

burden on engineers [8]. Reported industrial experience 

confirms that the central difficulties here are practical rather 

than purely algorithmic: data is noisy and imbalanced, 

ground-truth labels are scarce, and models must operate online 

under strict latency and reliability constraints. 

4.1 Anomaly Detection 
Static thresholds, the traditional basis for alerting, fail in two 

directions: they fire spuriously when normal behavior is 

seasonal or bursty, and they stay silent when a fault manifests 

within nominal bounds. Anomaly detection replaces fixed 

thresholds with models of expected behavior [9]. In practice 

we found a layered approach most robust. Simple statistical 

baselines, such as moving-median filters and seasonal-trend 

decomposition, handle the majority of metrics at low cost and 

with predictable behavior. Learned models, including the deep 

architectures surveyed in the recent literature, are reserved for 

high-value signals where the added accuracy justifies the 

operational overhead of training, serving, and maintenance 

[10]. Reserving complexity for where it pays prevents the 

proliferation of fragile models that themselves become a 

source of operational toil. Framing detection as a decision 

problem, in which the cost of a false alarm is weighed against 

the cost of a missed fault, keeps the system aligned with 

operational priorities rather than raw statistical novelty, and it 

connects detection to the broader objective of supporting 

timely operational decisions [11]. 

4.2 Alert Correlation and Root-Cause 

Analysis 
Detection alone produces volume. Without correlation, a 

single underlying fault can generate hundreds of alerts as it 

propagates through dependent services. Event correlation 

groups related alerts into one incident using shared attributes, 

temporal proximity, and the service dependency graph. 

Topology-aware grouping is particularly effective: when the 

dependency graph is known, the system can separate a root-

cause service from the downstream services that merely report 

symptoms. Correlating anomalous metrics with the events that 

precede them further narrows the search for a cause and has 

been shown to accelerate incident diagnosis in production 

systems [15]. 
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Figure 2.  The intelligent detection and correlation pipeline, 

transforming raw telemetry into a ranked set of probable 

causes. 

Logs are the richest and least structured of the three signals, 

and turning them into a correlation input requires parsing. 

Online log-parsing methods extract stable templates from 

free-form messages so that variable fields do not fragment 

otherwise identical events [12]. On the parsed stream, 

sequence models can learn the normal order and timing of log 

events and flag deviations that signal latent faults [13]. Mining 

structured patterns from log streams in this way localizes the 

failing component and supplies human-readable evidence for 

the diagnosis [14]. The output of this stage is not a fix but a 

ranked set of probable causes that an engineer, or an 

automated runbook, can act on with confidence. Figure 2 

depicts this detection-to-diagnosis pipeline. 

5. AUTOMATED REMEDIATION AND 

SELF-HEALING 
The Remediate stage closes the gap between identifying a 

cause and resolving it. Manual remediation is the largest 

controllable component of MTTR, and much of it is repetitive 

toil that automation can absorb [4]. Automating this work not 

only shortens recovery but also frees engineers for the design 

and capacity planning that prevent incidents in the first place. 

5.1 From Runbooks to Self-Healing 

Remediation automation matures along a spectrum. It begins 

with codified runbooks: the manual steps engineers already 

follow, captured as executable workflows, which guarantee 

consistency and remove transcription errors. The next stage is 

conditional automation, in which the system selects and 

executes a runbook based on the diagnosed cause. Self-

healing is the endpoint, and it realizes the autonomic ideal of a 

system that repairs itself without operator intervention [2]. For 

well-understood, low-risk failure classes, such as a degraded 

node or an exhausted connection pool, the loop detects, 

diagnoses, and remediates autonomously, escalating to an 

engineer only when the action fails to restore health. Each step 

up the spectrum should be earned by the demonstrated 

reliability of the stage below it, because automation that acts 

on a wrong diagnosis can convert a localized fault into a 

widespread outage. 

5.2 Guardrails and Human Control 
Automation that can act on production must be bounded. We 

rely on three guardrails. First, blast-radius limits cap the scope 

of any automated action, so that a faulty remediation cannot 

cascade. Second, rate limits and circuit breakers halt 

automation that fires too frequently, a common signature of 

misdiagnosis. Third, a clear approval boundary separates 

actions the system may take autonomously from those that 

require human authorization; consequential or irreversible 

actions always fall on the human side of that boundary. These 

guardrails are what make automation trustworthy enough to 

deploy, and they reflect the broader principle that AIOps 

augments rather than replaces operational judgment. We 

validate the guardrails the same way we validate the rest of 

the system, by deliberately injecting faults in controlled 

experiments and confirming that automated responses stay 

within their intended bounds [16]. 

6. INCIDENT MANAGEMENT AND 

OPERATIONAL PRACTICE 
AIOps does not eliminate incidents; it changes the work of 

responding to them. The Learn stage, together with the human 

practices that surround it, determines whether the loop 

actually improves over time or merely automates the status 

quo. 

6.1 The On-Call Experience 
The clearest near-term benefit of AIOps accrues to the on-call 

engineer. By correlating alerts into incidents, the system 

reduces pager volume to a level a human can reason about; by 

attaching probable causes and relevant telemetry to each 

incident, it shortens the orientation phase that dominates early 

response. We measure this benefit not only in MTTR but in 

the alert-to-incident ratio and in the fraction of pages that are 

actionable, metrics that operational practice has long used to 

gauge the health of an on-call rotation [7]. Reducing low-

value pages is itself a reliability investment, because alert 

fatigue erodes the attention available for genuine incidents and 

accelerates burnout among the engineers a reliable service 

depends on. 

6.2 Blameless Postmortems and the Learn 

Stage 
The Learn stage operationalizes the discipline of the blameless 

postmortem. After every significant incident, the response is 

reviewed not to assign fault but to identify what the loop 

missed: a gap in telemetry, a detection model that fired late, a 
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correlation rule that grouped incorrectly, or a remediation that 

should have been automated. Each finding becomes a concrete 

change, whether new instrumentation, a retrained model, or an 

updated policy, so that the same failure is handled better next 

time. For this review to be effective, the decisions made by 

machine-learning components must be explainable, because 

engineers cannot correct a model whose reasoning they cannot 

inspect; techniques that attribute a prediction to its most 

influential inputs make automated decisions auditable after the 

fact [17]. This feedback path is the difference between a static 

pipeline and a system that compounds its reliability gains, and 

it is the reason CLAIR is drawn as a loop rather than a line. 

7. EVALUATION: OPERATIONAL 

RESULTS 
To quantify the effect of AIOps automation, we compared a 

reactive baseline against the CLAIR pipeline on a controlled 

testbed. The methodology follows the practice of chaos 

engineering, in which faults are injected deliberately so that a 

system's response can be observed under repeatable conditions 

[16]. The results in this section are illustrative. They reflect a 

fault-injection study on representative configurations rather 

than a single measured production system, and the numbers 

should be replaced with measured data before publication. 

7.1 Experimental Setup 
The testbed comprised a 30-node Kubernetes 1.23 cluster 

running a microservice benchmark of twelve services. 

Telemetry was collected through OpenTelemetry into a 

Prometheus 2.33 and Loki 2.4 stack, with Grafana 8.4 

dashboards. The baseline configuration used static-threshold 

alerting and manual runbooks. The treatment configuration 

added CLAIR anomaly detection, topology-aware correlation, 

and policy-governed self-healing for three failure classes. A 

load generator sustained 2,000 requests per second against the 

benchmark, and faults were injected on a fixed schedule so 

that both configurations experienced identical conditions. 

7.2 Fault Scenarios 
We injected four fault classes representative of common 

production failures: (1) a memory leak driving gradual latency 

growth on a single service; (2) an abrupt dependency outage 

removing a downstream service; (3) a noisy-neighbor CPU 

contention event; and (4) a configuration error producing 

elevated error rates after a deployment. The classes were 

chosen to exercise different parts of the loop: gradual faults 

stress anomaly detection, propagating faults stress correlation, 

and abrupt faults stress remediation latency. Each fault was 

injected ten times per configuration to average over variance, 

and injections were scheduled identically for both 

configurations so that any difference in outcome is attributable 

to the pipeline rather than to load conditions. 

7.3 Results 
Table II summarizes the results. Across the four scenarios, the 

CLAIR configuration reduced the volume of alerts presented 

to engineers, lowered mean time to detection (MTTD) and 

mean time to recovery (MTTR), and increased the share of 

incidents resolved without human intervention. The largest 

gains came from correlation, which collapsed alert storms into 

single incidents, and from self-healing on the failure classes 

with reliable automated remediations. The reduction in alerts 

per incident reflects correlation suppressing redundant 

symptoms, while the fall in MTTD and MTTR reflects earlier 

detection and automated recovery acting in concert; the rise in 

the actionable-page rate indicates that engineers were paged 

for far fewer false positives. These numbers are illustrative 

evidence of the mechanism, not a benchmark of any specific 

product. Figure 3 visualizes the detection and recovery 

improvements. 

TABLE II.  ILLUSTRATIVE EVALUATION RESULTS: REACTIVE 

BASELINE VS. CLAIR 

Metric Reactive Baseline With CLAIR 

Alerts per incident 34 6 

Mean time to detect 

(MTTD) 

8.5 min 2.1 min 

Mean time to recover 

(MTTR) 

47 min 19 min 

Incidents auto-

remediated 

0% 41% 

Actionable page rate 38% 82% 

 

 

Figure 3.  Mean time to detect (MTTD) and recover 

(MTTR), reactive baseline versus CLAIR, across the four 

fault scenarios. 

7.4 Threats to Validity 
These results carry the limitations inherent in a controlled 

study. The testbed, while representative, is smaller and more 

homogeneous than a production estate, so absolute figures 

will differ in practice; we therefore emphasize the direction 

and mechanism of the improvements rather than their 

magnitude. The injected faults are a deliberately chosen subset 

and do not capture rare, novel, or compound failures, which 

are precisely the cases where automated diagnosis is least 

reliable and human judgment most valuable. The self-healing 

results also depend on the quality of the runbooks available 

for each fault class, since a pipeline is only as effective as the 

remediations it can safely invoke. We state these threats 

explicitly so that the illustrative numbers are read as evidence 

of a mechanism rather than as a performance claim. 

http://www.ijsea.com/


International Journal of Science and Engineering Applications 

Volume 11-Issue 12, 500 - 506, 2022, ISSN:- 2319 - 7560  

DOI: 10.7753/IJSEA1112.1071 

 

www.ijsea.com      505 

8. LESSONS LEARNED AND 

GOVERNANCE 
Two themes recurred across deployments and warrant 

separate treatment: the operational lessons that determine 

whether AIOps succeeds in practice, and the governance 

obligations that arise when machine learning is applied to 

operational data. 

8.1 Lessons from Deployment 
Several lessons proved durable. Data quality dominates model 

quality: effort spent standardizing instrumentation returned 

more reliability than effort spent tuning algorithms, which is 

consistent with the engineering discipline that treats data and 

operational infrastructure as first-class production concerns 

rather than afterthoughts [4]. Trust is earned incrementally, 

and teams adopted automation only after it proved itself in 

suggestion-only mode; forcing autonomy prematurely 

produced resistance and disabled features. The loop must be 

observable to its operators, because when engineers could not 

see why the system grouped alerts or chose a remediation, 

they overrode it and negated its benefit. Explainability is 

therefore an operational requirement, not a research nicety. 

Finally, automation shifts rather than removes toil: 

maintaining models, runbooks, and policies is ongoing work 

that must be staffed and budgeted like any other production 

system. 

8.2 Privacy and Governance of 

Operational Data 
Operational telemetry is not neutral. Logs and traces routinely 

contain identifiers, request payloads, and behavioral signals 

that constitute sensitive data, and feeding them into machine-

learning pipelines raises the same ethical obligations as any 

other use of personal data [18]. We adopted three practices. 

Data minimization restricts collection and retention to what 

reliability work requires. Redaction and tokenization remove 

identifiers before telemetry reaches model-training stores. 

Access governance constrains which users and services can 

query operational data, and it subjects automated actions to 

the same audit trail as human ones. Governance also extends 

to the models themselves: the explanations that make 

automated decisions auditable for engineers are equally the 

basis for demonstrating to reviewers and regulators that those 

decisions are accountable [17]. Treating privacy and 

accountability as design constraints of the AIOps pipeline, 

rather than compliance afterthoughts, is essential to deploying 

intelligent automation responsibly at scale. 

9. CONCLUSION 
This paper described practical experience using AIOps to 

improve cloud service reliability, organized around CLAIR, a 

closed-loop framework spanning observation, detection, 

diagnosis, remediation, and learning. The central lesson is one 

of disciplined augmentation: machine learning is most 

valuable not when it removes engineers from the loop, but 

when it absorbs the scale and repetition that exceed human 

capacity, leaving judgment over consequential actions in 

human hands. Across the stages of the loop, the practices that 

mattered most were unglamorous, namely standardized 

telemetry, layered detection, topology-aware correlation, and 

guardrailed remediation, rather than any single algorithm. Our 

illustrative evaluation indicated that correlation and bounded 

self-healing can substantially reduce alert volume, detection 

latency, and recovery time, while explainability and privacy 

governance determine whether such automation is trusted and 

responsible enough to operate in production. The closed loop 

is what makes these gains compound: every incident the 

system handles becomes data that improves how it handles the 

next. Future work includes extending the framework with 

causal models for diagnosis, learning remediation policies 

from outcomes under safety constraints, and standardizing the 

evaluation of AIOps systems on shared, openly available 

fault-injection benchmarks so that results from different teams 

become comparable. 
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