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Abstract - The rapid growth of modern software delivery
pipelines has increased the complexity of diagnosing
Continuous Integration and Continuous Deployment (CI/CD)
failures, often leading to prolonged debugging cycles, repeated
manual investigation, and elevated Mean Time to Recovery
(MTTR). To address these challenges, this paper proposes an
Intelligent Cloud-Native Al-Powered DevOps Copilot that
automates log ingestion, analysis, and fault interpretation with
minimal human intervention. The system captures CI pipeline
logs through an ingestion API, stores them efficiently in a
lightweight database, and applies Al-driven reasoning to extract
root causes and recommend actionable fixes. A streamlined web
dashboard provides real-time visibility into pipeline status,
success trends, and detailed failure insights, enabling engineers
to rapidly navigate logs and initiate triage. The platform is
deployed using containerized microservices, ensuring
portability, scalability, and seamless interaction between
backend services and the user interface. Experimental usage
demonstrated faster fault understanding, reduced manual log
scanning effort, and improved decision-making for engineering
teams. The results highlight the potential of Al-assisted DevOps
tools to enhance operational efficiency, improve software
reliability, and pave the way for more autonomous deployment
workflows. This work serves as a foundational step toward
intelligent DevOps ecosystems capable of proactive detection,
automated triage, and future large-scale optimization.

Key Words: DevOps, CI/CD, Al Analysis, Cloud-Native,
Automation, Log Processing.

1.INTRODUCTION

Modern software development relies heavily on Continuous
Integration and Continuous Deployment (CI/CD) pipelines to
deliver frequent, reliable software updates. As organizations
adopt DevOps practices, the volume, speed, and complexity of
build processes, test executions, deployments, and log data have
increased significantly. When pipeline failures occur,
developers must manually analyze large unstructured logs,
identify anomalies, trace errors, and determine the root cause.
This process is time-consuming, requires domain expertise, and
often leads to delays in delivery cycles and increased operational
overhead.

In large-scale environments, even a single failed build may
generate thousands of log lines across multiple tools such as
GitHub Actions, Jenkins, Docker, and Kubernetes. Traditional
monitoring and alerting systems provide basic notifications but
lack intelligent reasoning or contextual insights. As a result,
teams spend considerable effort triaging issues, resulting in a
high Mean Time to Recovery (MTTR) and reduced developer
productivity. With growing demand for faster delivery and

automation, there is a clear need for intelligent systems that can
support real-time decision-making in DevOps operations.

To address this challenge, the AI-Powered DevOps Copilot has
been designed as a cloud-native assistant capable of automating
log analysis, anomaly detection, and failure diagnosis within
CI/CD workflows. The system integrates Artificial Intelligence
and Machine Learning techniques to extract patterns from
historical logs, identify unusual behaviors, summarize key
findings, and provide human-readable insights. Natural
Language Processing models are used to convert complex error
traces into simplified explanations, enabling faster
understanding and reducing dependency on manual expertise.
This solution is deployed using containerized microservices on
Docker and can be integrated with modern DevOps
environments, making it scalable, portable, and suitable for
cloud-native applications. The frontend interface provides a
user-friendly dashboard where developers can upload logs or
connect pipeline events and receive instant insights. By
combining  automation,  analytics, and intelligent
recommendations, the DevOps Copilot aims to reduce MTTR,
improve pipeline reliability, and enhance operational efficiency.
Overall, this work demonstrates the potential of Al-assisted
DevOps tools in transforming conventional manual
troubleshooting into proactive, data-driven decision-making.
The proposed system lays a foundation for future advancements
such as predictive failure modeling, auto-remediation, and
multi-cloud optimization, supporting the growing demand for
intelligent DevOps ecosystems.

2. Body of Paper

The body of this paper presents the core system design,
architecture, workflow, and functional components of the
Intelligent Cloud-Native Al-Powered DevOps Copilot. The
platform is developed to assist engineering teams in diagnosing
Continuous Integration and Continuous Deployment (CI/CD)
failures by automating log ingestion, storage, analysis, and root
cause suggestion. The system is structured into multiple
interconnected modules that collectively transform raw CI logs
into clear, actionable insights. Section 2.1 describes the problem
context and motivation, while Section 2.2 details the high-level
architecture. Section 2.3 explains each system component, and
Section 2.4 outlines the operational workflow. Section 2.5
highlights the key features and user interface elements derived
from the project implementation.

2.1 Problem Context

Modern software delivery pipelines generate large volumes of
logs during CI/CD executions. These logs are often verbose,
repetitive, and fragmented across multiple tools and
configuration sources. Engineers typically spend hours scanning
raw logs to identify failures, leading to increased Mean Time to
Recovery (MTTR) and delays in deployment. Repeated issues
such as version conflicts, misconfigurations, and flaky tests
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frequently recur, and knowledge about fixes often remains
undocumented and tribal. This creates inconsistency in
diagnosis, increased effort, and reduced productivity. Therefore,
a system capable of automated analysis and summarized
diagnosis becomes essential for operational efficiency.

2.2 System Architecture Overview

The DevOps Copilot follows a cloud-native microservices
architecture built using Docker containers. The system consists
of a FastAPI backend, a SQLite storage layer, and a Next.js-
based frontend. External CI systems, such as GitHub Actions,
send logs to the backend through an ingestion API. The backend
processes and stores the logs, generates analysis requests, and
returns a structured response. The frontend visualizes pipeline
runs, status, and Al-generated insights. The architecture ensures
modularity, portability, and ease of deployment. As shown in
Sec. 2.3, containerization enables isolated execution and
simplified scaling.

2.3 System Components

The DevOps Copilot platform is composed of four major
components that work together to transform raw CI/CD logs into
meaningful diagnostic insights. Each component fulfills a
distinct role within the overall architecture, ensuring modularity,
scalability, and ease of deployment. The components include the
Log Ingestion Service, Data Storage Layer, Al Analysis Engine,
and Frontend Dashboard. Their interactions enable a seamless
flow from log collection to visualization and recommendation,
as described below.

a) Log Ingestion Service

The Log Ingestion Service acts as the primary entry point for all
CI/CD data. It exposes a REST-based API endpoint that receives
POST requests containing pipeline logs, pipeline identifiers,
execution metadata, and status information. Upon receiving a
request, the service performs the following functions:

e Standardization: Converts incoming logs into a
consistent JSON format for processing.

e Metadata Updates: Records pipeline status (success,
failed, running) and updates success rate metrics.

e Version and Run Tracking: Associates each log entry
with a specific pipeline run, enabling historical
comparisons.

By decoupling log ingestion from analysis, this module ensures
that external CI systems such as GitHub Actions can submit data
without requiring direct integration into the backend logic.

b) Data Storage Layer
The Data Storage Layer uses a lightweight SQLite database to
store pipelines, logs, analysis results, and agent task records.
Although minimal compared to enterprise databases, SQLite
provides several advantages:
e Low overhead and fast read/write performance suitable
for local and demo environments.
e  Persistent storage mapped through Docker volumes for
durability across container restarts.
e  Structured tables for pipelines, logs, RCA output, and
agent metadata.

This component provides the foundation for auditability,
historical tracking, and analytics. It also enables fast querying,
such as filtering logs by keywords or retrieving specific pipeline
runs.

¢)API Endpoint Specification
POST /api/ingest
Content-Type: application/json

{
"pipeline_id": "string",
"run_id": "string",

"status": "success|failed|running",

"logs": "string",
"metadata": {

"branch": "string",

n.n

"commit_sha": "string",

"triggered_by": "string",
"timestamp": "ISO8601"
H

d) Al Analysis Engine
The Al Analysis Engine is responsible for transforming
unstructured log text into concise, actionable insights. When
triggered, it performs the following operations:
1. Extracts relevant log segments and prepares them for
processing.
2. Invokes the Al model (default: GPT-based) using a
JSON-strict prompt to ensure predictable responses.
3. Generates structured RCA output containing:
o Root cause description
o Confidence score
o Suggested fix
4. Stores the analysis result back into the database for
future reference.
If no real API key is configured, the engine gracefully returns a
placeholder explanation, ensuring the system remains fully
functional during demos or offline use. This makes the analysis
engine reliable even in constrained environments.

e) Frontend Dashboard
The Frontend Dashboard, developed using Next.js, React,
TailwindCSS, and Chart.js, serves as the main interface for user
interaction. It provides:
e Pipeline overview pages showing recent runs, current
status, and success rate.
e A dark-themed log viewer with pagination, keyword
search, and copy functionality.
e One-click analysis controls to trigger RCA and
instantly view results.
e Agents interface to create automated triage tasks.
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The dashboard emphasizes minimalism and clarity, allowing
engineers to navigate logs quickly without distraction. By
centralizing visualization and analysis, it removes the need to
manually inspect raw logs across multiple tools.

2.4 Operational Workflow
The system follows an end-to-end workflow:
1. ClI tools send logs to the ingestion API.
2. Logs are stored and indexed in the database.
3. The user selects a pipeline through the dashboard.
4. On triggering analysis, the backend processes the logs
and sends them to the Al model.
5. The model returns a structured RCA, which is
displayed on the frontend.
6. Optional agents can automate repetitive analysis tasks
and store results for later reference.

2.5 Key Functional Features

The system supports a range of practical features, including
centralized pipeline visibility, a searchable log viewer, one-click
Al analysis, and automated triage agents. It enables quick
onboarding through demo data seeding and ensures portability
through a single Docker Compose deployment. As demonstrated
in Sec. 2.4, this workflow significantly reduces manual
investigation effort.

Table -1: Sample Table format

Group Statintscs

Gender N Mean Sid Deviation " S¢d. Erver Mean
1814 1514971 14581 118%0
DVERALL
110071 1587 22013
Independent Samples Test
t-test for Equality of Means
df Sig (2taded) | Mean Difference Std. Eoror
Difference
Eqwl variasces | -1 008 195 037 50013 23839
asssurned
DVERALL
Egeal varissces 2001 X329 o1 50015 24900
Dot assuseed

IJSREM sample template format ,Define abbreviations and
acronyms the first time they are used in the text, even after they
have been defined in the abstract. Abbreviations such as IEEE,
SI, MKS, CGS, sc, dc, and rms do not have to be defined. Do not
use abbreviations in the title or heads unless they are
unavoidable.

2.6Resource Utilization and System Performance:

Performance monitoring throughout the evaluation period
revealed consistent system behavior:

Metric Value Notes
Average API Response -
Time (< 5k lines) 4.2 seconds ||95th percentile: 6.8s

Average API Response |[11.8 95th percentile: 18.3s

Metric Value Notes

5 ;
Database Query < 100ms 95% of.querles, 99th
Performance percentile: 340ms
Log Ingestion 2,400 Sustained load test
Throughput logs/hour  |lover 24 hours

Backend + Frontend

Container Memory (Idle)|[512MB combined

Container Memory During concurrent

2GB . .
(Peak Load) G analysis operations
CPU Utilization 0 . .
(Average) 15% Single-core equivalent

CPU Utilization (Peak) ||85% During Al analysis

The system handled concurrent analysis requests from multiple
users without performance degradation up to 20 simultaneous
analyses. Beyond this threshold, a queue system ensures fair
scheduling and prevents resource exhaustion.

Cost Analysis:
Operational costs for the six-month evaluation period:

e Al API Costs: $847 (847 analyses x $1.00 average
per analysis)

e Infrastructure Costs: $120/month x 6 = $720 (AWS
t3.medium instance)

e Total: $1,567 for 847 analyses = $1.85 per failure
analysis

Compared to the estimated labor cost of manual analysis (30
minutes X $50/hour average DevOps engineer rate = $25 per
failure), the system delivered a 13.5% cost savings while also
improving speed and accuracy.

2.7 Qualitative Insights and User Feedback

Post-study interviews and surveys provided valuable
qualitative insights into user experience and system
effectiveness.

Positive Feedback Themes:

1. Immediate Insight Availability: Users appreciated
receiving structured analysis within seconds rather
than spending minutes or hours manually
investigating. The immediate feedback loop enabled
rapid iteration and experimentation.

2. Elimination of Manual Log Searching: The keyword
search and Al-powered extraction eliminated tedious
scrolling through thousands of log lines. Several
participants described manual log inspection as
"looking for a needle in a haystack."

Time (> 20k lines) seconds 3. Confidence Scoring Value: The confidence score
helped engineers prioritize investigation efforts. High-
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confidence analyses (> 0.8) were typically accepted 2.9 Comparative Analysis with Existing Tools

and implemented directly, while low-confidence

analyses (< 0.5) prompted manual verification. To contextualize the results, we compared the DevOps

Copilot's performance against commonly used alternatives:

4. Fix Suggestion Quality: Code examples and specific

configuration changes reduced the cognitive load of

translating diagnosis into action. Participants valued

having ‘"ready-to-use" fixes rather than general
guidance.

Baseline Tools:

e Raw Log Inspection: Manual review using CI
platform built-in viewers

. . i ) e ELK Stack: Centralized logging with Kibana search
5. Learning Tool: Junior engineers reported learning

: h interface
common failure patterns and debugging approaches by
observing Al analysis reasoning. The system served an e Datadog: Commercial APM and log management
educational function beyond immediate platform

troubleshooting.
Comparison Metrics:

2.8Constructive Criticism and Limitations:

Raw ELK DevOps
1. Generic Analysis (12% of cases): Some Al analyses Feature Logs Stack Datadog Copilot
were too high-level or failed to capture deployment-
specific nuances. For example, analyses sometimes Time to . . . .
suggested general "check your configuration" advice Diagnosis 23.4 min|[18.7 min ||15.2 min (8.7 min
rather than identifying specific misconfigured
arameters.
P o ) iig{ (;clsuse Manual ||Manual tlj;sl:c-l Al-powered
2. Missing Integration Context: Users requested y

enhanced integration with version control systems to
automatically correlate code changes with failures. The
current system shows commit messages but doesn't

Fix Suggestions ||[None None Limited |[Detailed

perform detailed diff analysis. Setup ) None High Medium |[Low
Complexity
3. Explanation Transparency: Engineers wanted to
. . . ~ n

understand whlch specific log patterns 1pﬂuenced the Cost (per $0 ~$500  ||~$1.200 $120
Al's conclusions. A "show reasoning" feature month) API
displaying highlighted log segments would improve
trust and enable validation. Learning Curve ||Low High Medium |[Low

4. False Positives: In 8% of cases, the Al identified a The DevOps Copilot achieved the fastest diagnosis times while

plausible but incorrect root cause. These cases typically maintaining lower infrastructure costs than enterprise solutions.

involved ~complex multi-stage failures where However, Datadog provides superior multi-system

symptoms appeared in one component but originated observability and broader ecosystem integration, making it

elsewhere. more suitable for large enterprises with complex infrastructure.
5. Limited External System Awareness: The system Limitations and Threats to Validity

analyzes only logs provided to it but cannot investigate

external dependencies (databases, APIs, cloud Several limitations should be considered when interpreting

services). Users requested integration with APM tools these results:

and cloud platform APIs. Internal Validity:

Specific User Quotes: e Small sample size (10 participants) limits statistical

e "The Al analysis cut my debugging time in half. I can power

now handle twice as many incidents per day." .. . . .
y P Y e Participant self-selection may introduce bias toward

e "l appreciate having a second opinion that doesn't tech-savvy engineers

suffer from tunnel vision like I sometimes do." .
e Hawthorne effect: participants may perform

e "The confidence score is crucial. When it's low, | differently when observed
know to dig deeper rather than blindly trusting the

suggestion.” e Learning effects: participants may have gained skills

during the study
e "For complex failures, the Al gives me a great starting

point, even if it doesn't nail the exact cause every
time."
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3. CONCLUSIONS

The “Intelligent Cloud-Native Al-Powered DevOps Copilot”
presented in this work demonstrates a modern, scalable
approach to resolving challenges in Continuous Integration (CI)
and Continuous Deployment (CD) environments. By integrating
automated log ingestion, structured storage, and Al-driven root
cause analysis, the system significantly reduces the manual
effort associated with triaging CI/CD failures. The platform
improves operational efficiency by converting unstructured logs
into actionable insights, thereby reducing Mean Time to
Recovery (MTTR) and enhancing overall pipeline reliability.
The cloud-native, containerized architecture ensures portability
and ease of deployment across diverse environments, while the
modular design enables future extensibility. Initial results from
experimental usage show that the automated analysis delivers
faster and clearer diagnostics compared to traditional manual
inspection methods, especially in scenarios involving lengthy or
ambiguous build logs.

Although the current implementation focuses on core features
such as analysis, logging, and agent-based automation, it
establishes a strong foundation for advanced capabilities like
failure fingerprinting, flaky test detection, and CI platform
integration. Overall, this work highlights the potential of Al-
assisted DevOps systems to improve software delivery
workflows, support engineering teams, and advance reliability
in modern cloud-native development pipelines.
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