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Abstract 

Modern DevOps environments generate massive volumes of observability data—logs, metrics, and traces—that overwhelm 

traditional monitoring approaches. The emergence of Artificial Intelligence for IT Operations (AIOps) and recent advances in 

Generative AI and Large Language Models (LLMs) have transformed observability from reactive monitoring to proactive, intelligent 

operations. This paper presents a comprehensive review of AI-driven observability techniques in DevOps, focusing on four critical 

areas: log analysis and summarization, metric interpretation and forecasting, distributed trace analysis, and predictive operations. 

We systematically examine 30 recent works spanning LLM-based log parsing, anomaly detection, root cause analysis, incident 

response automation, and remediation recommendation systems. Our taxonomy categorizes approaches by technical methodology 

(traditional ML, deep learning, and LLM-based methods), data modality (logs, metrics, traces, and multi-modal fusion), and 

operational task (detection, diagnosis, prediction, and remediation). Through comparative analysis, we identify key trends including 

the shift toward foundation models, multi-modal observability fusion, and autonomous remediation agents. We discuss critical 

research gaps in explainability, real-time processing, cross-platform generalization, and human-AI collaboration. This review 

provides practitioners and researchers with a structured understanding of the state-of-the-art in AI-driven observability and charts 

directions for future research in this rapidly evolving domain. 

Keywords  Aiops · Devops observability · Generative ai · Large language models · Log analysis · Metric interpretation · Distributed 

tracing · Anomaly detection · Incident response · Predictive operations · Root cause analysis · Automated remediation 

1  Introduction 

The complexity of modern software systems has grown exponentially with the adoption of microservices architectures, 

containerization, and cloud-native technologies. DevOps teams managing these distributed systems face unprecedented challenges 

in maintaining reliability, performance, and availability. Observability—the ability to understand internal system states from external 

outputs—has become a critical practice, encompassing three fundamental pillars: logs, metrics, and distributed traces [1, 2, 3]. 

Traditional monitoring approaches, which rely on static thresholds and rule-based alerting, struggle to cope with the scale and 

dynamism of contemporary systems. A typical enterprise application can generate terabytes of log data daily, thousands of time-

series metrics, and millions of trace spans across distributed services [10, 26]. Manual analysis of this data is infeasible, leading to 

alert fatigue, delayed incident detection, and prolonged mean time to resolution (MTTR) [5, 6]. 

Artificial Intelligence for IT Operations (AIOps) has emerged as a transformative paradigm that applies machine learning and data 

analytics to automate and enhance IT operations [1, 4]. Early AIOps solutions employed traditional machine learning techniques—

clustering for log grouping, time-series forecasting for metric prediction, and classification for anomaly detection [25, 18]. However, 

these approaches often lacked cross-platform generality and required extensive feature engineering for each deployment context [1]. 

The recent advent of Large Language Models (LLMs) and Generative AI has catalyzed a paradigm shift in AIOps. Foundation 

models like GPT-4, BERT, and domain-specific variants demonstrate remarkable capabilities in understanding unstructured log 

data, generating natural language explanations for anomalies, and even recommending remediation actions [20, 23, 16]. These 

models can process multi-modal observability data, correlate events across logs, metrics, and traces, and provide contextual insights 

that were previously unattainable [2, 3]. 

This paper presents a comprehensive literature review of AI-driven observability in DevOps, with particular emphasis on Generative 

AI and LLM-based approaches. Our review addresses the following research questions: 

• RQ1: What AI techniques are currently employed for log analysis, metric interpretation, and trace summarization in DevOps 

environments? 

• RQ2: How do LLM-based approaches compare to traditional machine learning methods in terms of accuracy, 

generalizability, and operational efficiency? 

• RQ3: What are the key architectural patterns for integrating AI-driven observability into DevOps pipelines? 

• RQ4: What are the primary research gaps and future directions in AI-driven observability? 
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The remainder of this paper is organized as follows. Section II provides background on DevOps observability and motivates the 

need for AI-driven approaches. Section III describes our review methodology. Section IV presents technical background on 

observability data types and AI techniques. Section V introduces a taxonomy of existing approaches. Section VI provides a detailed 

literature review organized by technical approach. Section VII presents a comparative analysis. Section VIII discusses key findings 

and trends. Section IX identifies research gaps, and Section X outlines future research directions. Section XI concludes the paper. 

2  Background and Motivation 

2.1  DevOps Observability: The Three Pillars 

Observability in DevOps is built upon three fundamental data types, often referred to as the "three pillars" [2, 10]: 

Logs are timestamped, immutable records of discrete events within a system. They provide detailed contextual information about 

application behavior, errors, and transactions. Modern distributed systems generate logs at multiple levels—application logs, system 

logs, container logs, and infrastructure logs—creating a heterogeneous and high-volume data stream [20, 14]. 

Metrics are numerical measurements of system behavior over time, typically represented as time-series data. Common metrics 

include CPU utilization, memory consumption, request latency, error rates, and throughput. Metrics enable quantitative performance 

monitoring and trend analysis but lack the contextual richness of logs [2, 13]. 

Distributed Traces capture the end-to-end journey of requests as they traverse multiple services in a distributed system. Each trace 

consists of spans representing individual operations, forming a directed acyclic graph that reveals service dependencies, latency 

bottlenecks, and failure propagation paths [24, 2]. 

Effective observability requires not only collecting these three data types but also correlating them to provide holistic insights into 

system behavior. This correlation challenge motivates the need for intelligent, automated analysis techniques [3, 10]. 

2.2  Challenges in Traditional Monitoring 

Traditional monitoring approaches face several critical limitations in modern DevOps environments [13, 5]: 

Alert Fatigue: Static threshold-based alerting generates excessive false positives, desensitizing operations teams to genuine 

incidents. Studies indicate that up to 90% of alerts in production systems may be non-actionable [26, 21]. 

Scalability: Manual log analysis and metric inspection do not scale to cloud-native systems that may comprise hundreds of 

microservices generating petabytes of observability data [2, 3]. 

Delayed Detection: Rule-based systems detect anomalies only after they manifest as threshold violations, missing early warning 

signals that could enable proactive intervention [11, 13]. 

Root Cause Analysis Complexity: Identifying the root cause of failures in distributed systems requires correlating events across 

multiple services, data sources, and time windows—a task that exceeds human cognitive capacity under time pressure [5, 6]. 

Context Loss: Traditional monitoring tools aggregate and summarize data, often discarding contextual information essential for 

understanding complex failure modes [20, 23]. 

2.3  The Promise of AI-Driven Observability 

AI-driven observability addresses these challenges through several key capabilities [1, 4]: 

Intelligent Anomaly Detection: Machine learning models learn normal system behavior patterns and detect deviations without 

predefined thresholds, reducing false positives and enabling early detection [3, 14]. 

Automated Root Cause Analysis: AI techniques can correlate multi-modal observability data, identify causal relationships, and 

pinpoint root causes with minimal human intervention [5, 25]. 

Natural Language Insights: LLMs can generate human-readable summaries of complex system states, explain anomalies in natural 

language, and provide actionable recommendations [20, 16]. 

Predictive Operations: Time-series forecasting and predictive models enable proactive capacity planning, failure prediction, and 

preventive maintenance [11, 13]. 

Automated Remediation: AI agents can execute remediation actions autonomously, from scaling resources to restarting failed 

services, reducing MTTR and minimizing human toil [19, 9]. 

These capabilities position AI-driven observability as a cornerstone of next-generation DevOps practices, enabling organizations to 

manage complexity, improve reliability, and accelerate innovation [10, 21]. 
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3  Review Methodology 

This literature review follows a systematic approach to identify, select, and analyze relevant research on AI-driven observability in 

DevOps. 

3.1  Search Strategy 

We conducted comprehensive searches across three major academic databases: SciSpace, Google Scholar, and ArXiv. The search 

query combined terms related to AI-driven observability, DevOps, log analysis, metric interpretation, trace analysis, AIOps, and 

Generative AI. The search was executed in May 2026, covering publications from 2020 to 2026 to capture recent advances in LLM-

based approaches while including foundational AIOps work. 

3.2  Inclusion and Exclusion Criteria 

Papers were included if they met the following criteria: 

• Focus on AI/ML techniques for observability, monitoring, or operations in software systems 

• Address at least one of: log analysis, metric interpretation, trace analysis, anomaly detection, incident response, or predictive 

operations 

• Present novel techniques, systems, frameworks, or comprehensive surveys 

• Published in peer-reviewed venues or reputable preprint archives 

Papers were excluded if they: 

• Focused solely on network monitoring without application-level observability 

• Addressed security-specific topics (e.g., intrusion detection) without broader observability context 

• Lacked technical depth or empirical validation 

3.3  Selection Process 

The initial search retrieved 86 unique papers after deduplication. These papers were ranked by relevance based on their alignment 

with the review scope. We applied the top-30 rule, selecting the 30 most relevant papers for in-depth analysis. This selection ensures 

focus on the most pertinent and high-quality contributions while maintaining a manageable scope for detailed review. 

3.4  Data Extraction and Analysis 

For each selected paper, we extracted: 

• Key contributions and research objectives 

• Technical approaches and AI/ML techniques employed 

• Data types processed (logs, metrics, traces, or multi-modal) 

• Application domains and evaluation methodologies 

• Reported results and performance metrics 

We synthesized this information to develop a taxonomy of approaches, identify trends, and conduct comparative analysis across 

dimensions of technical methodology, operational tasks, and deployment contexts. 

4  Technical Background 

4.1  Observability Data Types 

Log Data 

Logs are semi-structured or unstructured text records that capture discrete events. A typical log entry contains a timestamp, severity 

level, source component, and a message describing the event. Log analysis challenges include heterogeneous formats, high volume, 

noise, and the need for semantic understanding [20, 23]. 

Metric Data 

Metrics are time-series data points representing quantitative measurements. They are typically structured as (timestamp, 

metric_name, value, tags) tuples. Metric analysis involves time-series forecasting, anomaly detection on univariate or multivariate 

series, and correlation analysis [2, 13]. 
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Trace Data 

Distributed traces represent request flows as directed acyclic graphs of spans. Each span captures operation name, duration, parent-

child relationships, and metadata. Trace analysis focuses on latency attribution, dependency mapping, and failure propagation 

analysis [24, 2]. 

4.2  AI Techniques for Observability 

Traditional Machine Learning 

Traditional ML techniques for observability include: 

• Clustering: K-means, DBSCAN, and hierarchical clustering for log grouping and pattern discovery [18, 25] 

• Classification: Decision trees, random forests, and SVMs for anomaly classification and incident categorization [5] 

• Time-Series Analysis: ARIMA, exponential smoothing, and seasonal decomposition for metric forecasting [13] 

Deep Learning 

Deep learning approaches leverage neural architectures: 

• Recurrent Networks: LSTMs and GRUs for sequential log analysis and time-series prediction [14, 25] 

• Autoencoders: For unsupervised anomaly detection in metrics and logs [3] 

• Transformers: Self-attention mechanisms for log parsing and contextual understanding [20, 23] 

• Graph Neural Networks: For trace analysis and service dependency modeling [28, 2] 

Large Language Models 

LLMs represent a paradigm shift in observability: 

• Pre-trained Models: GPT-4, BERT, and their variants for log understanding and natural language generation [20, 16] 

• Fine-tuning: Domain adaptation of foundation models on observability data [23, 14] 

• Prompt Engineering: Zero-shot and few-shot learning for anomaly explanation and remediation recommendation [1, 20] 

• Retrieval-Augmented Generation (RAG): Combining LLMs with knowledge bases for context-aware incident response 

[16] 

5  Taxonomy of Existing Approaches 

We propose a three-dimensional taxonomy to categorize AI-driven observability approaches: 

5.1  Dimension 1: Technical Methodology 

Traditional ML-Based: Approaches employing classical machine learning algorithms (clustering, classification, regression) with 

manual feature engineering [18, 25]. 

Deep Learning-Based: Methods using neural networks (RNNs, CNNs, autoencoders, transformers) for representation learning and 

pattern recognition [14, 3]. 

LLM-Based: Techniques leveraging large language models for semantic understanding, natural language generation, and reasoning 

[1, 20, 23, 16]. 

Hybrid: Systems combining multiple AI paradigms, such as deep learning for feature extraction with LLMs for explanation 

generation [2, 3]. 

5.2  Dimension 2: Data Modality 

Log-Centric: Approaches focused primarily on log data analysis [20, 23, 14, 16, 27]. 

Metric-Centric: Methods specializing in time-series metric analysis and forecasting [13, 11]. 

Trace-Centric: Techniques for distributed trace analysis and service dependency modeling [24]. 

Multi-Modal: Systems that fuse logs, metrics, and traces for holistic observability [2, 3, 10]. 

5.3  Dimension 3: Operational Task 

Detection: Anomaly detection, failure detection, and incident identification [3, 14, 16]. 

Diagnosis: Root cause analysis, failure localization, and causal inference [5, 25, 6]. 
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Prediction: Failure prediction, capacity forecasting, and proactive alerting [11, 13]. 

Remediation: Automated incident response, self-healing, and remediation recommendation [19, 9, 21]. 

End-to-End: Comprehensive platforms addressing multiple operational tasks [1, 4, 10]. 

6  Detailed Literature Review 

6.1  Surveys and Comprehensive Reviews 

Zhang et al. [1] present a comprehensive survey of AIOps for failure management in the era of Large Language Models. This work 

systematically defines AIOps tasks, data sources, and LLM-based approaches, providing a taxonomy of techniques for anomaly 

detection, root cause analysis, and incident response. The survey highlights how LLMs address limitations of traditional AIOps 

methods, particularly in cross-platform generality and cross-task flexibility. The authors identify key challenges including data 

quality, model interpretability, and real-time processing constraints. 

Panda [4] provides a broad overview of AI for DevOps and Site Reliability Engineering, covering theories, applications, and future 

directions. This work examines the integration of AI across the DevOps lifecycle, from continuous integration and deployment to 

monitoring and incident management. The author discusses both traditional ML and emerging LLM-based approaches, emphasizing 

the shift toward autonomous operations. 

Remil et al. [5] focus specifically on AIOps solutions for incident management, providing technical guidelines and a comprehensive 

literature review. This work categorizes incident management tasks into detection, triage, diagnosis, and resolution, analyzing AI 

techniques applicable to each phase. The authors provide practical recommendations for implementing AIOps in enterprise 

environments. 

The survey by AI for IT Operations [25] reviews AIOps on cloud platforms, discussing opportunities and challenges. This work 

provides a taxonomy of AIOps tasks—incident detection, failure prediction, root cause analysis, and automated actions—and 

analyzes underlying AI techniques. The authors identify relatively under-explored topics and investment opportunities in the field. 

6.2  Multi-Modal Observability Platforms 

Obuse et al. [2] present a comprehensive framework for deploying AI-augmented infrastructure observability pipelines that integrate 

logs, metrics, and traces for predictive fault detection. Their approach employs multi-modal data fusion, combining transformer-

based log analysis, LSTM-based metric forecasting, and graph neural networks for trace analysis. The system achieves significant 

improvements in early fault detection and reduction in false positive rates. Evaluation on real-world cloud infrastructure 

demonstrates the effectiveness of multi-modal fusion over single-modality approaches. 

Patchamatla [3] introduces an intelligent observability framework for Kubernetes environments, featuring AI-powered anomaly 

detection and root cause analysis. The system integrates multiple AI techniques: autoencoders for unsupervised anomaly detection 

in metrics, transformer models for log analysis, and graph-based methods for service dependency mapping. The framework 

demonstrates substantial reductions in MTTR and alert fatigue in production Kubernetes clusters. 

Venugopal [10] explores the synergy between observability and AIOps, emphasizing proactive operational intelligence. This work 

presents an architecture that combines real-time data ingestion, intelligent correlation, and predictive analytics. The author discusses 

implementation patterns for integrating AIOps capabilities into existing observability stacks and provides case studies demonstrating 

operational improvements. 

6.3  LLM-Based Log Analysis 

Liu et al. [20] introduce LogLM, a framework that shifts log analysis from task-based to instruction-based paradigms using large 

language models. LogLM employs a unified instruction-following approach that handles multiple log analysis tasks—parsing, 

anomaly detection, and summarization—within a single model. The authors fine-tune foundation models on diverse log datasets and 

demonstrate superior performance compared to task-specific models. LogLM's instruction-based design enables zero-shot 

generalization to new log formats and analysis tasks. 

Ji et al. [23] present techniques for adapting large language models to log analysis with interpretable domain knowledge. Their 

approach combines LLM fine-tuning with domain-specific knowledge injection, enabling models to understand log semantics and 

system-specific terminology. The work introduces methods for extracting and encoding domain knowledge from log schemas and 

documentation, improving model accuracy and interpretability. Evaluation on multiple log datasets shows significant improvements 

in anomaly detection and root cause identification. 

Cabello et al. [16] describe a real-world implementation of log anomaly detection using Large Language Models in production 

AIOps systems. Their approach employs retrieval-augmented generation (RAG) to combine LLM reasoning with historical incident 

knowledge bases. The system generates natural language explanations for detected anomalies and recommends remediation actions 
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based on similar past incidents. Deployment in a large-scale enterprise environment demonstrates substantial reductions in incident 

resolution time and improved accuracy compared to rule-based systems. 

Mallampati [14] focuses on training generative AI models to ingest logs and detect anomalies in large-scale applications. The work 

presents techniques for preprocessing heterogeneous log data, fine-tuning generative models, and deploying them in streaming 

environments. The author addresses challenges in handling high-volume log streams and maintaining model performance under 

concept drift. Experimental results show the effectiveness of generative models in detecting novel anomaly patterns. 

6.4  Metric Interpretation and Forecasting 

Mannem [13] traces the evolution of monitoring from reactive alerts to predictive insights, emphasizing AI-driven metric 

interpretation. This work discusses the transition from static threshold-based alerting to dynamic, ML-based anomaly detection on 

time-series metrics. The author presents techniques for multivariate metric analysis, seasonal pattern recognition, and predictive 

alerting. Case studies demonstrate how predictive metric analysis enables proactive capacity planning and failure prevention. 

Sirigiri [11] proposes a framework for predictive maintenance and automated issue resolution in DevOps using AI. The framework 

employs time-series forecasting models (LSTM, Prophet) for predicting resource exhaustion and performance degradation. It 

integrates predictive models with automated remediation actions, creating closed-loop systems that prevent incidents before they 

occur. Evaluation in production environments shows significant reductions in unplanned downtime. 

The work on next-generation Kubernetes observability [28] examines how AI transforms metric monitoring in cloud-native 

environments. The authors present self-learning threshold systems that adapt to workload patterns and reduce false positives. They 

employ time-series forecasting for capacity prediction and graph neural networks for understanding metric dependencies across 

services. Implementation case studies across multiple industries demonstrate the practical benefits of AI-driven metric interpretation. 

6.5  Trace Analysis and Service Dependency Modeling 

Nellutla [24] presents an observability-driven DevOps approach for distributed systems using tracing and AI-Ops based anomaly 

detection. The work focuses on analyzing distributed traces to identify latency anomalies, failure propagation patterns, and service 

dependency issues. The author employs graph-based anomaly detection algorithms that model service interactions as dynamic 

graphs. Evaluation on microservices applications shows improved accuracy in localizing performance bottlenecks compared to 

traditional tracing tools. 

The multi-modal observability work by Obuse et al. [2] includes significant contributions to trace analysis, employing graph neural 

networks to model service dependencies and predict failure propagation. Their approach learns embeddings of service interactions 

from historical traces and uses these representations for anomaly detection and root cause localization. 

6.6  Incident Response and Automated Remediation 

Kalyanasundaram [19] explores autonomous AI agents for Site Reliability Engineering, focusing on automated incident response. 

The work presents an agent-based architecture where specialized AI agents handle different aspects of incident management—

detection, diagnosis, and remediation. Agents employ LLMs for understanding incident context and generating remediation plans. 

The system includes safety mechanisms to prevent harmful automated actions. Pilot deployments demonstrate the potential for 

autonomous agents to handle routine incidents without human intervention. 

Padhy [9] discusses AI-driven DevOps with emphasis on automating, optimizing, and securing software delivery. This work covers 

automated issue resolution, including self-healing systems that detect and remediate common failure modes. The author presents 

architectures for integrating AI-driven remediation into CI/CD pipelines and discusses governance frameworks for safe automation. 

Venkataraman et al. [21] focus on enhancing software delivery performance through AI-driven observability and intelligent 

automation. Their work presents techniques for correlating observability data with deployment events, enabling rapid rollback 

decisions and automated canary analysis. The integration of observability with deployment automation creates feedback loops that 

improve system reliability. 

6.7  Domain-Specific Applications 

Several works focus on specific deployment contexts: 

Kubernetes and Cloud-Native: Multiple papers address observability in Kubernetes environments [28, 3], highlighting challenges 

unique to containerized, orchestrated systems such as ephemeral resources, dynamic scaling, and complex networking. 

Cloud Infrastructure: Levin et al. [18] present AIOps for cloud object storage services, demonstrating how AI techniques can be 

tailored to specific infrastructure components. Their work employs clustering and classification for detecting storage anomalies and 

predicting capacity issues. 
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Enterprise Systems: Jaiswal [6] and Alice et al. [8] focus on AI-powered observability in distributed enterprise platforms, 

addressing challenges of heterogeneous technology stacks and legacy system integration. 

CI/CD Pipelines: Myllynen et al. [7] review advances in AI-powered monitoring and diagnostics for CI/CD pipelines. The work 

discusses how AI can detect build failures, predict test outcomes, and optimize deployment strategies. The AI-driven observability 

work [22] specifically addresses transforming monitoring and alerting in CI/CD platforms. 

6.8  Implementation and Deployment Experiences 

Bendimerad et al. [12] provide an experience report on implementing on-premise AIOps infrastructure for a software editor SME. 

This work offers valuable insights into practical challenges including data integration, model deployment, organizational change 

management, and ROI measurement. The authors discuss lessons learned and provide recommendations for organizations embarking 

on AIOps adoption. 

Ramadass [26] describes building an AI-powered observability pipeline for modern system reliability, focusing on architectural 

patterns and implementation best practices. The work covers data ingestion, processing, storage, and visualization layers, providing 

a blueprint for constructing end-to-end observability platforms. 

Menezes [27] presents an AI-driven architecture for intelligent log observability, detailing the integration of AIOps techniques into 

existing log management systems. The work addresses practical concerns such as backward compatibility, incremental adoption, 

and performance overhead. 

6.9  Emerging Trends and Future Directions 

Several papers explore emerging trends: 

Explainable AI: Multiple works emphasize the importance of explainability in AIOps [23, 16], particularly for building trust with 

operations teams and meeting regulatory requirements. 

Federated Learning: The next-gen Kubernetes observability work [28] discusses federated learning as a future direction for training 

models across multiple clusters while preserving data privacy. 

Transfer Learning: Several papers explore transfer learning techniques to adapt models trained on one system to another, 

addressing the challenge of limited labeled data in new deployments [20, 23]. 

Human-AI Collaboration: Recent works emphasize collaborative intelligence, where AI augments rather than replaces human 

operators [19, 21]. 

7  Comparative Analysis 

Table \reftab:comparison presents a comparative analysis of selected approaches across key dimensions: technical methodology, 

data modalities, operational tasks, evaluation approach, and key strengths. 

Table 1.  Comparative Analysis of AI-Driven Observability Approaches 

Work 
Technical 

Approach 
Data Modality 

Operational 

Tasks 
Evaluation Key Strengths 

Zhang et al. [1] LLM-based 

(Survey) 

Multi-modal End-to-end Literature review Comprehensive 

taxonomy of 

LLM-based 

AIOps; identifies 

challenges and 

future directions 

Obuse et al. [2] Hybrid (DL + 

Transformers + 

GNN) 

Multi-modal 

(logs, metrics, 

traces) 

Detection, 

Prediction 

Real-world 

deployment 

Multi-modal 

fusion; predictive 

fault detection; 

demonstrated 

improvements in 

early detection 

Patchamatla [3] Hybrid 

(Autoencoders + 

Transformers + 

Graph) 

Multi-modal Detection, 

Diagnosis 

Production 

Kubernetes 

Kubernetes-

specific; reduced 

MTTR and alert 

fatigue; 
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integrated root 

cause analysis 

Liu et al. [20] LLM-based 

(Instruction-

tuned) 

Log-centric Detection, 

Parsing, 

Summarization 

Benchmark 

datasets 

Unified 

instruction-based 

paradigm; zero-

shot 

generalization; 

multi-task 

capability 

Ji et al. [23] LLM-based 

(Fine-tuned with 

domain 

knowledge) 

Log-centric Detection, 

Diagnosis 

Multiple log 

datasets 

Domain 

knowledge 

injection; 

improved 

interpretability; 

better accuracy 

on domain-

specific logs 

Cabello et al. [16] LLM-based 

(RAG) 

Log-centric Detection, 

Remediation 

Real-world 

enterprise 

RAG for context-

aware analysis; 

natural language 

explanations; 

reduced 

resolution time 

Mallampati [14] Generative AI 

(Fine-tuned) 

Log-centric Detection Large-scale 

applications 

Handles high-

volume streams; 

detects novel 

anomalies; 

addresses concept 

drift 

Mannem [13] Traditional ML + 

DL 

Metric-centric Detection, 

Prediction 

Case studies Evolution from 

reactive to 

predictive; 

multivariate 

analysis; 

proactive 

capacity planning 

Sirigiri [11] DL (LSTM, 

Prophet) 

Metric-centric Prediction, 

Remediation 

Production 

environments 

Predictive 

maintenance; 

closed-loop 

automation; 

reduced 

unplanned 

downtime 

Nellutla [24] Graph-based 

anomaly 

detection 

Trace-centric Detection, 

Diagnosis 

Microservices 

applications 

Service 

dependency 

modeling; failure 

propagation 

analysis; 

improved 

bottleneck 

localization 

Kalyanasundara

m [19] 

LLM-based 

agents 

Multi-modal Remediation Pilot 

deployments 

Autonomous 

incident 

response; agent-

based 

architecture; 
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safety 

mechanisms 

Remil et al. [5] Various (Survey) Multi-modal Detection, 

Diagnosis, 

Resolution 

Literature review Comprehensive 

incident 

management 

taxonomy; 

practical 

implementation 

guidelines 

Levin et al. [18] Traditional ML 

(Clustering, 

Classification) 

Metric-centric Detection, 

Prediction 

Cloud object 

storage 

Domain-specific 

(storage); 

capacity 

prediction; 

production 

deployment 

Venugopal [10] Hybrid Multi-modal End-to-end Case studies Synergy between 

observability and 

AIOps; proactive 

intelligence; 

integration 

patterns 

Zenodo [28] Transformers + 

GNN + Time-

series 

Multi-modal Detection, 

Prediction 

Multi-industry 

case studies 

Self-learning 

thresholds; cross-

industry 

validation; 

comprehensive 

architecture 

Several key observations emerge from this comparative analysis: 

Shift Toward LLM-Based Approaches: Recent works (2024-2026) increasingly employ LLMs for log analysis, anomaly 

explanation, and remediation recommendation [1, 20, 23, 16]. LLM-based approaches demonstrate superior generalization and 

semantic understanding compared to traditional methods. 

Multi-Modal Integration: The most comprehensive systems integrate logs, metrics, and traces [2, 3, 10]. Multi-modal fusion 

enables more accurate anomaly detection and root cause analysis by correlating complementary data sources. 

End-to-End vs. Task-Specific: Approaches range from task-specific solutions (e.g., log parsing, metric forecasting) to end-to-end 

platforms addressing the full incident lifecycle. End-to-end platforms offer greater operational value but face higher implementation 

complexity. 

Evaluation Maturity: Evaluation approaches vary from theoretical analysis and benchmark datasets to real-world deployments and 

production case studies. Works with production deployments [2, 3, 16] provide stronger evidence of practical effectiveness but are 

less common. 

Domain Specialization: Some approaches target specific domains (Kubernetes, cloud storage, CI/CD) and achieve better 

performance through domain-specific optimizations [3, 18, 22], while others prioritize cross-platform generality [20, 1]. 

8  Discussion 

8.1  Key Findings 

Our review reveals several important findings about the state of AI-driven observability: 

LLMs as a Paradigm Shift: Large language models represent a fundamental shift in AIOps capabilities. Unlike traditional ML 

methods that require extensive feature engineering and task-specific models, LLMs offer unified frameworks that handle multiple 

tasks through instruction-following or fine-tuning [1, 20]. Their ability to understand unstructured log data, generate natural language 

explanations, and reason about system behavior addresses long-standing limitations of traditional AIOps. 

Multi-Modal Fusion is Critical: Single-modality approaches (analyzing only logs, metrics, or traces) provide incomplete 

observability. The most effective systems integrate multiple data types, enabling cross-validation of anomalies and more accurate 
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root cause analysis [2, 3]. However, multi-modal fusion introduces challenges in data alignment, temporal synchronization, and 

computational overhead. 

From Detection to Autonomous Remediation: The field is evolving from anomaly detection toward autonomous remediation. 

Early AIOps focused on detecting anomalies and alerting humans. Recent work explores AI agents that not only detect and diagnose 

issues but also execute remediation actions autonomously [19, 9]. This progression promises to reduce MTTR and operational toil 

but raises concerns about safety, reliability, and human oversight. 

Explainability Remains a Challenge: Despite advances in model accuracy, explainability remains a critical gap. Operations teams 

require understandable explanations for AI decisions to build trust and meet compliance requirements [23, 16]. LLMs offer promise 

for generating natural language explanations, but ensuring factual accuracy and avoiding hallucinations remains challenging. 

Real-World Deployment is Limited: While many papers present promising techniques, relatively few report real-world production 

deployments with quantitative results [2, 3, 16, 12]. The gap between research prototypes and production systems suggests barriers 

in scalability, integration complexity, and organizational readiness. 

8.2  Trends and Patterns 

Convergence on Foundation Models: The field is converging on foundation model architectures (transformers, LLMs) as a 

common technical substrate [20, 23, 16]. This convergence enables transfer learning, reduces the need for task-specific architectures, 

and facilitates rapid adaptation to new domains. 

Shift from Reactive to Proactive: Observability is transitioning from reactive monitoring (detecting failures after they occur) to 

proactive operations (predicting and preventing failures) [13, 11]. Predictive models enable capacity planning, preventive 

maintenance, and early warning systems. 

Integration with DevOps Workflows: AI-driven observability is increasingly integrated into DevOps workflows, including CI/CD 

pipelines, deployment automation, and incident management systems [7, 22, 21]. This integration creates feedback loops that 

improve both system reliability and development practices. 

Emphasis on Operational Metrics: Recent work emphasizes operational metrics beyond model accuracy, including MTTR, alert 

fatigue reduction, false positive rates, and operational cost savings [3, 26]. This shift reflects growing maturity and focus on business 

value. 

8.3  Challenges and Limitations 

Data Quality and Availability: AI models require high-quality training data, but observability data is often noisy, incomplete, and 

unlabeled. Obtaining labeled data for supervised learning (e.g., annotated anomalies, root causes) is particularly challenging [1, 14]. 

Real-Time Processing: Many observability tasks require real-time or near-real-time processing, but complex AI models (especially 

LLMs) have high computational costs and latency [25, 26]. Balancing model sophistication with processing speed remains a key 

challenge. 

Concept Drift: System behavior evolves over time due to software updates, configuration changes, and workload shifts. AI models 

must adapt to concept drift without catastrophic forgetting [14, 13]. 

Cross-Platform Generalization: Models trained on one system often perform poorly on others due to differences in log formats, 

metric semantics, and system architectures [1, 20]. Achieving cross-platform generalization remains an open challenge. 

Safety and Reliability: Autonomous remediation systems must be highly reliable to avoid causing additional failures. Ensuring 

safety, implementing rollback mechanisms, and defining appropriate boundaries for automation are critical concerns [19, 9]. 

9  Research Gaps 

Despite significant progress, several important research gaps remain: 

Unified Multi-Modal Architectures: While several works integrate logs, metrics, and traces, there is no consensus on optimal 

architectures for multi-modal fusion. Research is needed on unified representations, attention mechanisms for cross-modal 

correlation, and efficient fusion strategies [2, 3]. 

Explainable AIOps: Current explainability techniques are limited. Research is needed on generating faithful, actionable 

explanations for AI decisions in observability contexts. This includes explaining why an anomaly was detected, which features 

contributed to the decision, and what remediation actions are recommended and why [23, 16]. 
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Benchmarks and Evaluation Standards: The field lacks standardized benchmarks and evaluation protocols. Different papers use 

different datasets, metrics, and baselines, making comparison difficult. Community efforts to establish benchmark datasets, 

evaluation metrics, and reproducible baselines would accelerate progress [1, 20]. 

Human-AI Collaboration: Most work focuses on fully automated systems or human-in-the-loop approaches, but optimal 

collaboration patterns remain unclear. Research is needed on mixed-initiative systems, appropriate levels of automation for different 

tasks, and interfaces that support effective human-AI collaboration [19, 21]. 

Privacy and Security: Observability data often contains sensitive information. Research is needed on privacy-preserving AI 

techniques (federated learning, differential privacy) for AIOps, as well as security considerations for AI-driven automation [28, 9]. 

Cost-Benefit Analysis: Limited research examines the economic aspects of AI-driven observability, including implementation 

costs, operational savings, and ROI. Rigorous cost-benefit analyses would help organizations make informed adoption decisions 

[12]. 

Small and Medium Enterprises: Most research focuses on large-scale systems, but SMEs face different constraints and 

requirements. Research on lightweight, cost-effective AIOps solutions for resource-constrained environments is needed [12]. 

Causal Inference: Current approaches primarily identify correlations rather than causal relationships. Integrating causal inference 

techniques could improve root cause analysis and enable more reliable remediation recommendations [5, 25]. 

10  Future Research Directions 

Based on identified gaps and emerging trends, we propose the following future research directions: 

10.1  Foundation Models for Observability 

Developing domain-specific foundation models pre-trained on large-scale observability data could provide a common substrate for 

diverse AIOps tasks. Research directions include: 

• Pre-training objectives tailored to observability data (logs, metrics, traces) 

• Multi-modal pre-training that jointly learns representations across data types 

• Efficient fine-tuning and adaptation techniques for specific deployment contexts 

• Open-source foundation models to democratize access to advanced AIOps capabilities 

10.2  Autonomous AIOps Agents 

Advancing toward fully autonomous AIOps agents requires research in: 

• Agent architectures that combine perception (observability), reasoning (diagnosis), and action (remediation) 

• Multi-agent systems where specialized agents collaborate on complex incidents 

• Safe reinforcement learning for learning remediation policies 

• Formal verification and testing of autonomous agents to ensure reliability 

• Human oversight mechanisms and escalation protocols 

10.3  Explainable and Trustworthy AIOps 

Building trust in AI-driven observability requires: 

• Techniques for generating faithful, verifiable explanations of AI decisions 

• Uncertainty quantification to communicate model confidence 

• Counterfactual explanations that show what would have prevented an anomaly 

• Auditable AI systems that log decisions and reasoning for post-incident review 

• User studies to understand what explanations are most useful for operators 

10.4  Real-Time and Edge AIOps 

Extending AIOps to real-time and edge environments requires: 

• Model compression and optimization techniques for low-latency inference 

• Streaming algorithms for online learning and adaptation 

• Edge-cloud collaboration architectures that balance local processing with centralized intelligence 

• Techniques for handling intermittent connectivity and resource constraints 
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10.5  Cross-Platform and Cross-Domain Transfer 

Improving generalization across systems and domains requires: 

• Transfer learning techniques that adapt models to new environments with minimal labeled data 

• Meta-learning approaches that learn to learn from diverse observability contexts 

• Domain adaptation methods that handle distribution shift between training and deployment 

• Standardized observability data formats and ontologies to facilitate transfer 

10.6  Causal AIOps 

Integrating causal reasoning into AIOps could enable: 

• Causal discovery algorithms that learn causal graphs from observability data 

• Counterfactual reasoning for root cause analysis 

• Causal effect estimation to predict the impact of remediation actions 

• Integration of domain knowledge and system models with data-driven causal inference 

10.7  Federated and Privacy-Preserving AIOps 

Addressing privacy and multi-organization collaboration requires: 

• Federated learning frameworks for training AIOps models across organizations without sharing raw data 

• Differential privacy techniques for observability data 

• Secure multi-party computation for collaborative incident analysis 

• Privacy-utility tradeoffs in observability data sharing 

10.8  AIOps for Sustainability 

Leveraging AIOps for environmental sustainability includes: 

• Energy-aware observability that monitors and optimizes system energy consumption 

• Carbon-aware operations that shift workloads based on grid carbon intensity 

• Resource optimization to reduce computational waste 

• Lifecycle analysis of AI model training and inference costs 

11  Conclusion 

This paper has presented a comprehensive review of AI-driven observability in DevOps, with particular emphasis on recent advances 

in Generative AI and Large Language Models. We examined 30 recent works spanning log analysis, metric interpretation, trace 

summarization, anomaly detection, root cause analysis, and automated remediation. 

Our review reveals a field in rapid evolution, transitioning from traditional machine learning approaches to LLM-based methods 

that offer superior generalization, semantic understanding, and natural language interaction. Multi-modal observability platforms 

that integrate logs, metrics, and traces are emerging as the most effective approach for comprehensive system understanding. The 

field is progressing from reactive anomaly detection toward proactive prediction and autonomous remediation, promising to 

fundamentally transform DevOps operations. 

However, significant challenges remain. Explainability, real-time processing, cross-platform generalization, and safe automation are 

critical areas requiring further research. The gap between research prototypes and production deployments suggests that practical 

considerations—scalability, integration complexity, organizational readiness—deserve greater attention. 

We have identified key research gaps and proposed future directions including foundation models for observability, autonomous 

AIOps agents, explainable and trustworthy systems, real-time and edge AIOps, cross-platform transfer learning, causal reasoning, 

federated learning, and sustainability-aware operations. 

As software systems continue to grow in complexity and scale, AI-driven observability will become increasingly essential. The 

convergence of advanced AI techniques with observability practices promises to enable more reliable, efficient, and autonomous 

operations. Realizing this vision requires continued research, industry-academia collaboration, and careful attention to practical 

deployment challenges. 

This review provides a foundation for researchers and practitioners to understand the current state of the field, identify promising 

techniques, and contribute to advancing AI-driven observability in DevOps. 
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