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ABSTRACT: Continuous Integration and Continuous Delivery (CI/CD) pipelines are the operational backbone of 

modern software delivery. As organizations scale these pipelines to support hundreds of microservices and thousands of 

daily deployments, ensuring platform reliability becomes a critical engineering challenge. This paper presents a 

framework for AI-Driven CI/CD Platform Reliability that integrates intelligent fault detection, predictive maintenance, 

and automated recovery mechanisms. The proposed system employs machine learning models trained on historical 

pipeline telemetry, build logs, and infrastructure metrics to identify anomalies before they cause service disruption. A 

predictive maintenance module anticipates component degradation and schedules preventive actions, while an automated 

recovery engine applies validated remediation playbooks in response to detected faults. Experimental evaluation on 

simulated and production-trace datasets demonstrates significant reductions in mean time to recovery (MTTR), pipeline 

failure rates, and manual operator interventions. The framework advances the state of intelligent DevOps by combining 

anomaly detection, time-series forecasting, and reinforcement-learning-based self-healing into a unified, extensible 

platform. 
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I. INTRODUCTION 

 

Modern software organizations rely on Continuous Integration and Continuous Delivery (CI/CD) pipelines to deliver 

features rapidly and reliably. A CI/CD pipeline orchestrates code compilation, automated testing, security scanning, 

artifact packaging, and deployment across complex, distributed infrastructure. When a pipeline fails, the downstream 

impact spans delayed releases, degraded customer experience, and lost engineering productivity. 

 

Despite their centrality, CI/CD platforms remain brittle under scale. Flaky tests, resource contention, network transients, 

dependency version drift, and infrastructure brownouts collectively cause a non-trivial fraction of pipeline failures in 

enterprise environments. Traditional approaches to reliability rely on reactive monitoring: operators receive alerts after a 

failure manifests, investigate logs manually, and apply fixes on an ad hoc basis. This reactive paradigm is insufficient at 

the pace and scale of modern deployments. 

 

This paper proposes an AI-Driven CI/CD Reliability Framework that shifts the paradigm from reactive fire-fighting to 

proactive, intelligent platform management. The framework integrates three tightly coupled subsystems: (1) an intelligent 

fault detection engine that identifies anomalies in real time using stream processing and supervised machine learning; (2) 

a predictive maintenance module that forecasts component-level degradation using time-series models; and (3) an 

automated recovery engine that selects and executes remediation actions using a reinforcement learning policy trained 

on historical incident-resolution data. 

 

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 describes the proposed 

framework and its algorithms. Section 4 presents simulation results. Section 5 concludes with future directions. 
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II. RELATED WORK 

 

Research at the intersection of machine learning and software operations has grown rapidly. AIOps platforms leverage 

large-scale telemetry to automate incident management; early systems such as IBM Watson AIOps and Moogsoft 

demonstrated that log-based anomaly detection can reduce alert fatigue. However, these systems are generic observability 

tools and do not model the structural characteristics of CI/CD pipelines. 

 

Flaky test detection has been studied extensively. Luo et al. identified rerun-based heuristics for detecting non-

deterministic tests, while subsequent work applied natural language processing to test names and failure messages to 

improve recall. These approaches address a narrow fault class and do not generalize to infrastructure-level failures. 

 

Predictive failure analysis in distributed systems has employed LSTM networks, Prophet models, and gradient-boosted 

regression on time-series metrics. Google's Site Reliability Engineering (SRE) literature advocates for error budgets and 

service level objectives (SLOs), yet does not prescribe ML-based automation for pipeline management specifically. 

 

Automated remediation via runbook automation exists in tools such as PagerDuty and Opsgenie, but these rely on hand-

crafted rules. Reinforcement learning for cloud resource management has shown promise in hyperparameter tuning and 

auto-scaling, yet applications to CI/CD fault recovery remain nascent. Our work fills this gap by unifying fault detection, 

predictive maintenance, and RL-driven self-healing within a single, CI/CD-aware framework. 

 

III. PROPOSED FRAMEWORK 

 

The AI-Driven CI/CD Reliability Framework comprises four layers: a telemetry ingestion layer, an intelligent fault 

detection module, a predictive maintenance module, and an automated recovery engine. Figure 3.1 illustrates the high-

level architecture. 

 

 
 

Fig. 3.1: AI-Driven CI/CD Reliability Framework — System Architecture 

 

3.1 Telemetry Ingestion and Feature Engineering 

Raw observability data is collected from three primary sources: (a) structured build logs emitted by CI runners, (b) 

infrastructure metrics (CPU utilization, memory pressure, disk I/O, network latency) scraped via Prometheus, and (c) 

pipeline event streams (job queued, job started, job failed, deployment succeeded) published to Apache Kafka topics. 
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A feature engineering pipeline transforms raw signals into model-ready tensors. Continuous metrics are windowed into 

fixed-size rolling buffers of width W = 60 seconds and aggregated to produce statistical features including mean, standard 

deviation, skewness, and percentile values. Log lines are tokenized and embedded using a fine-tuned BERT-based 

encoder, producing dense semantic representations. The composite feature vector for a pipeline run r at time t is: 

F(r, t) = [M(t), L(t), E(t)] 

 

Where M(t) denotes metric aggregates, L(t) denotes log embeddings, and E(t) denotes event-sequence encodings. This 

unified representation is consumed by downstream detection and forecasting modules. 

 

3.2 Intelligent Fault Detection 

The fault detection module processes the feature stream in near real time to classify each pipeline run as nominal or 

anomalous. Two complementary detection strategies are employed. 

 

First, a supervised classifier trained on labeled historical incidents detects known failure patterns. The classifier is a 

gradient-boosted decision tree ensemble (XGBoost) trained on features extracted from 18 months of production pipeline 

telemetry. The binary classification function is: 

P(fault | F(r, t)) = Sigmoid(XGBoost(F(r, t))) 

 

Second, an unsupervised autoencoder captures the nominal distribution of pipeline behavior and flags deviations whose 

reconstruction error exceeds a learned threshold: 

A(r, t) = ||F(r, t) - Decoder(Encoder(F(r, t)))||^2 > theta 

 

Where theta is calibrated on a held-out validation set to achieve a false positive rate below 5%. Alerts from both detectors 

are fused using a weighted majority vote, prioritizing precision for high-severity fault classes to minimize alert fatigue. 

 

3.3 Predictive Maintenance Module 

While fault detection reacts to imminent failures, the predictive maintenance module anticipates component degradation 

over longer horizons. It applies a Temporal Fusion Transformer (TFT) model to multivariate time series of infrastructure 

health indicators, forecasting the probability of component failure within a configurable lookahead window (default: 30 

minutes). 

 

The forecasting objective minimizes quantile loss across prediction horizons: 

L = sum_q sum_t QL(q, y_t, y_hat_q_t) 

 

When the predicted failure probability exceeds a configurable threshold alpha (default: 0.75), the maintenance scheduler 

issues a preventive work order — draining a CI runner, triggering garbage collection, or rotating a degraded database 

connection pool. 

 

3.4 Automated Recovery Engine 

Upon confirmed fault detection, the recovery engine selects the optimal remediation action from a finite action space A 

= {retry_job, restart_runner, revert_deployment, scale_out_runner_pool, invalidate_cache, notify_operator}. The 

selection policy is learned via Proximal Policy Optimization (PPO), treating incident resolution as a Markov Decision 

Process (MDP). The reward function incentivizes fast recovery while penalizing side effects: 

R = -MTTR_normalized + lambda * Success_flag - mu * Blast_radius 

 

The trained policy generalizes across fault types not seen during training, falling back to a rule-based heuristic when 

confidence is below a safety threshold. 

 

3.5 Pseudocode of Proposed Algorithm 

• Initialize telemetry ingestion pipelines (Kafka consumers, Prometheus scrapers) 

• Load pretrained XGBoost classifier, Autoencoder, TFT forecaster, and PPO policy 

• For each incoming pipeline event stream: 

•    Extract and engineer feature vector F(r, t) 

•    Run fault detection: compute supervised score and reconstruction error 

•    If either detector exceeds threshold: raise fault alert 
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•    Run predictive maintenance: forecast component health for next 30 minutes 

•    If predicted failure probability > alpha: schedule preventive action 

•    If fault alert raised: invoke recovery engine; select action via PPO policy 

•    Execute selected remediation action; observe outcome 

•    Update policy replay buffer; retrain models on new incident data periodically 

•    Log all decisions and outcomes to audit database 

 

IV. SIMULATION RESULTS 

 

The framework was evaluated on two datasets: (1) a synthetic dataset of 50,000 simulated pipeline runs with injected 

faults spanning flaky tests, runner OOM events, network timeouts, and deployment rollback failures; and (2) a production 

trace dataset of 12,000 pipeline runs from a mid-sized software organization covering a 90-day period. 

 

Fault Detection Performance: The supervised XGBoost classifier achieved a precision of 94.2% and recall of 91.7% on 

the synthetic dataset, with an AUC-ROC of 0.973. The autoencoder complemented the classifier by detecting 83% of 

novel fault patterns unseen in training, reducing missed detections on zero-day failure modes. Figure 4.1 shows the ROC 

curves for both models. 

 

 
 

Fig. 4.1: ROC Curves — XGBoost Classifier vs Autoencoder Detector 

 

Figure 4.2 presents per-category precision and recall scores across all six injected fault types, confirming strong 

generalization even for structurally distinct failure modes. 
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Fig. 4.2: Fault Detection Precision & Recall by Fault Category 

 

Predictive Maintenance Accuracy: The TFT forecaster predicted component failures within the 30-minute lookahead 

window with a Mean Absolute Error (MAE) of 4.3 minutes on the production trace dataset. Preventive actions triggered 

by the module reduced infrastructure-related pipeline failures by 38% compared to a reactive baseline. Figure 4.3 shows 

the forecast vs actual failure probability over the 90-day evaluation window. 

 

 
 

Fig. 4.3: TFT Forecast vs Actual Failure Probability (90-Day Production Trace) 

 

Recovery Effectiveness: The PPO-based recovery engine resolved 87% of detected faults without operator intervention. 

Mean Time to Recovery (MTTR) was reduced by 62% relative to the manual-response baseline (from 18.4 to 7.0 minutes 

on average). Figure 4.4 breaks down MTTR improvement across all five fault categories. 
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Fig. 4.4: MTTR Before vs After Framework Deployment (by Fault Category) 

 

Figure 4.5 illustrates the distribution of automated recovery actions selected by the PPO policy across the production 

trace dataset. Job retries and runner restarts account for the majority of resolutions, consistent with the prevalence of 

transient failures in production CI systems. 

 

 
Fig. 4.5: Distribution of Automated Recovery Actions (Production Trace Dataset) 

 

V. CONCLUSION AND FUTURE SCOPE 

 

This paper presented an AI-Driven CI/CD Reliability Framework that combines intelligent fault detection, predictive 

maintenance, and automated recovery to address the reliability challenges of modern software delivery pipelines. By 
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integrating supervised and unsupervised anomaly detection, temporal forecasting, and reinforcement-learning-based 

remediation, the framework reduces pipeline failure rates, lowers MTTR by 62%, and minimizes manual operator burden. 

 

Experimental results on synthetic and production-trace datasets validate the effectiveness of each module and 

demonstrate that their combination yields substantial reliability improvements. The unified, extensible architecture is 

designed to integrate with existing CI/CD toolchains including Jenkins, GitHub Actions, GitLab CI, and Tekton. 

 

Future work will investigate federated learning to enable cross-organization model training while preserving data privacy, 

graph neural networks for modeling inter-pipeline dependency propagation, and causal inference techniques to improve 

root cause attribution. Integration with LLM-powered incident summarization and operator chat interfaces is also planned 

to further accelerate human-in-the-loop escalations. 
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