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ABSTRACT 

With the explosion of cloud-native applications, manual infrastructure management has become a bottleneck. This 

paper introduces an autonomous cloud infrastructure framework that leverages AI-driven monitoring, 

anomaly detection, and control loops to achieve self-healing and self-optimization. We present a layered 

architecture integrating event-driven data collection, machine learning models for fault prediction, and closed-

loop control via Kubernetes Operators and serverless functions. A prototype deployed on AWS and GCP 

demonstrates automated remediation of compute node failures within 30 s, 25% reduction in resource over-

provisioning, and 40% energy savings under variable workloads. We detail design patterns, implementation 

strategies, and evaluation metrics, providing a blueprint for next-generation cloud platforms. 
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INTRODUCTION 

Traditional cloud operations rely on manual interventions for scaling, patching, and failure recovery, leading to 

high operational costs and human error. Advances in AI and observability have paved the way toward self-

managing cloud platforms, where anomalies are auto-detected and remediated without human involvement [1][2]. 

In this work, we define an autonomous cloud infrastructure as one that continuously monitors system telemetry, 

predicts impending faults or performance degradation, and triggers corrective actions—such as node replacement, 

configuration updates, or workload rebalancing—via an automated control plane. Our contributions are: 

1. A reference architecture for autonomous infrastructure combining data collection, analytics, and 

actuator components (Section 2). 

2. Design of self-healing and self-optimization modules using machine learning and policy-driven 

control loops (Section 3). 

3. Prototype implementation on AWS EKS and GKE, integrating Kubernetes Operators and AWS 

Lambda for closed-loop automation (Section 4). 

4. Comprehensive evaluation demonstrating fault recovery times, resource utilization improvements, and 

cost/energy savings under realistic workloads (Section 5). 

 

 

Reference Architecture 

● Telemetry Collector: Agents (e.g., Prometheus exporters [3]) gather metrics (CPU, memory, I/O, 

network) and logs, streaming to a time-series database (e.g., Amazon Timestream) [4]. 

● Anomaly Detection Engine: ML models (Random Forest, LSTM-based predictor) consume telemetry 

to detect deviations from normal behavior and predict failures with up to 5 min lead time [5][6]. 

● Decision Maker: A rule-based and ML-informed component, implemented as a Kubernetes Operator, 

determines remedial actions based on severity and cost policies [7]. 

● Actuator Layer: Executes actions via Kubernetes APIs (cordon/drain nodes), AWS SDK (instance 

replacement), or serverless functions (patch application) [8][9]. 

● Feedback Loop: Success/failure signals and post-action metrics feed back into model retraining 

pipelines for continuous improvement [10]. 

Self‑Healing 

● Failure Modes: Categorized into compute node crash, network partition, and service-level errors. 
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● Prediction Models: LSTM network trained on historical cluster metrics achieves 92% precision in 

forecasting node crashes 120 s before OOM events [11]. 

● Remediation Strategies: 

1. Node Replacement: Automated provisioning of new VM and workload rescheduling within 

30 s. 

2. Service Restart: Rolling restart of affected pods with health checks and exponential backoff. 

3. Patch Rollout: Serverless function applies OS/agent patches, validated in a staging 

namespace. 

Self‑Optimization 

● Resource Efficiency Goals: Minimize idle CPU/GPU utilization while meeting SLOs. 

● Optimization Models: Multi-armed bandit algorithm selects optimal instance types and autoscaling 

thresholds, reducing over-provisioning by 25% [12]. 

● Control Policies: Soft constraints enforce minimum headroom; hard constraints prevent SLA 

violations. 

● Actuation Mechanisms: Horizontal Pod Autoscaler and Cluster Autoscaler invoked automatically 

with tuned scaling parameters. 

 

 

METHODOLOGY  

Telemetry and Data Pipeline 

● Prometheus Stack: Deployed on Amazon EKS and Google GKE. Node-exporter and cAdvisor agents 

scrape host and container metrics at 15 s intervals. Scrape config (prometheus.yml): 

 

scrape_configs: 

- job_name: 'kubernetes-nodes' 

  kubernetes_sd_configs: 

  - role: node 

  metrics_path: /metrics 

  relabel_configs: 

  - action: labelmap 

    regex: __meta_kubernetes_node_label_(.+) 

● Log Aggregation: Fluent Bit deployed as a DaemonSet collects container stdout and tailing logs under 

/var/log/containers/*.log, forwarding to Grafana Loki over HTTP with 1 MB batch size. 

● Time-Series DB: Amazon Timestream configured with write throughput 100 writes/sec, memory store 

retention=1 day, magnetic retention=30 days. GCP’s Cloud Bigtable used for cross-check, with HBase 

API compatibility. 

● Metrics Transformation: AWS Lambda functions (512 MB memory, 30 s timeout) trigger on 

Timestream scheduled queries (cron every 1 min), computing statistical aggregates (mean, stdev, 95th 

percentile) and storing in DynamoDB tables keyed by <cluster,namespace,metric>. 

Anomaly Detection Model Development 

● Data Preparation: Extracted 200 million metric points over 6 months. Used Spark (Databricks) on 

10 worker cluster to normalize features, handle missing data (linear interpolation for gaps <5 min), and 

generate sliding window sequences (window size=20, hop=5). 

● Random Forest Classifier: Scikit-learn implementation with 100 trees (n_estimators=100), 

max_depth=10, min_samples_split=50. Achieved 88% recall and 0.85 F1-score on hold-out set (20%). 

Cross-validation (5-fold) ensured robustness. 

● LSTM Predictor: TensorFlow 2.8, sequence length=20, hidden units=128, dropout=0.3, compiled 

with loss='mse', optimizer='adam'. Trained 50 epochs on 8 × A100 GPUs using mixed-precision 

(policy='mixed_float16'). Training time: ~2 h for 1 million samples. 

● Hyperparameter Search: Used Ray Tune with ASHA scheduler over learning_rate ∈ [1e−4,1e−2], 

batch_size ∈ {64,128,256}, units ∈ {64,128,256}. Best config: learning_rate=0.0005, batch_size=128, 

units=128. 

This section describes our six-phase evaluation: environment setup, workload generation, anomaly detection 

validation, control-loop testing, remediation benchmarking, and continuous improvement assessment. 
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Environment Setup 

● Cluster Provisioning: Terraform scripts instantiated: 

○ AWS EKS cluster (v1.22) with 3 control-plane (m5.large) and 10 worker nodes (p4d.24xlarge 

with 8 × A100 GPUs each). 

○ GKE Autopilot cluster with 8 node pools for telemetry simulation. 

○ Networking: VXLAN overlay, Calico CNI, cluster IP CIDR=10.100.0.0/16. 

● Service Mesh: Istio v1.13 installed with mTLS strict mode. Sidecar injector webhook configured with 

resource requests cpu=100m, memory=128Mi. 

Workload Generation 

● Synthetic Workload: Customized Locust tests generating HTTP requests to a CPU-bound 

microservice (matrix multiplication, 512 × 512 floats) to simulate load. Scenarios ramped from 100 to 

5,000 users over 10 min. 

● Chaos Experiments: Employed Chaos Mesh to kill random pods (Poisson process, λ=0.1 

failures/min), simulate network delays (latency=200 ms on 50% of traffic), and CPU throttling 

(limit=20% of host). 

Anomaly Detection Validation 

● Offline Evaluation: Applied trained models to a hold-out month with injected anomalies (node crash, 

CPU spikes). Metrics: precision, recall, ROC-AUC. LSTM predictor achieved ROC-AUC=0.93 for 

crash prediction within 120 s horizon. 

● Online Evaluation: Models served via SageMaker endpoints; real-time inference latency <50 ms 

under 100 TPS. Deployed Kafka-based feature bus for real-time scoring. 

Control-Loop Testing 

● Kubernetes Operator Logic: CustomResourceDefinition AnomalyAlert with spec fields {severity, 

timestamp, metricType}. Go-based controller reconciler loop every 10 s. 

● Policy Engine Integration: OPA with Rego policy: 

 

package infra.policy 

allow { 

  input.severity == "critical" 

  input.metricType == "node_crash" 

} 

 

● Action Execution Metrics: Measured API call latency (kubectl cordon) at avg. 200 ms; AWS EC2 

API for instance replacement avg. 800 ms. 

Remediation Benchmarking 

● Detection to Action Latency: Time from anomaly event to remediation start: 45 s (detection)+10 s 

(reconciliation)+200 ms (cordon)=55.2 s. 

● Recovery Time: Node replacement and pod rescheduling complete within 30 s; end-to-end downtime 

<90 s for critical services. 

Continuous Improvement Assessment 

● Feedback Loop: Post-remediation metrics labeled as success/failure. Weekly Spark jobs retrained both 

RF and LSTM models, incorporating new patterns. Model drift analysis showed 2% performance 

degradation per month without retraining. 

Automation Scripts 

● Terraform Module Snippet: 

 

module "eks_cluster" { 

  source  = "terraform-aws-modules/eks/aws" 

  version = "~> 18.0" 

 

  cluster_name    = "auto-cloud" 

  cluster_version = "1.22" 

 

  node_groups = { 
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    gpu = { 

      desired_capacity = 10 

      instance_type    = "p4d.24xlarge" 

    } 

  } 

} 

 

Operator Deployment YAML: 

 

apiVersion: apps/v1 

kind: Deployment 

metadata: 

  name: anomaly-operator 

spec: 

  replicas: 2 

  template: 

    spec: 

      serviceAccountName: operator-sa 

      containers: 

      - name: anomaly-controller 

        image: ravi/auto-operator:v1.0 

 

Instrumentation and Monitoring 

● Distributed Tracing: OpenTelemetry instrumentation in Go operator and Lambda functions; traces 

visualized in Jaeger with 100% sampling. 

● Dashboard: Grafana dashboards display CPU, memory, anomaly score, remediation actions, and 

recovery times; alerts configured via Alertmanager (severity=critical => Slack notification). 

 

 

Experimental Setup 

● Cluster Configurations: EKS (3 m5.large control-plane, 10 m5.xlarge worker nodes) and GKE 

(similar specs). Workloads: synthetic CPU-bound tasks and real-world web services [19]. 

● Failure Injection: Chaos Mesh injected node failures and network delays every 10 min. 

Fault Recovery Results 

Failure Type Avg. Detection (s) Avg. Remediation (s) 

Node Crash 45 30 

Network Partition 60 40 

Service Error 30 20 

Resource Utilization and Cost Savings 

Metric Baseline Autonomous Improvement 

Avg. CPU Utilization (%) 45 65 +20% 
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GPU Idle Time (%) 30 15 -50% 

Monthly Cloud Cost (USD) 12,000 9,000 -25% 

 

 

Under variable load (10–90% utilization), autonomous framework reduced energy consumption by 40% via 

dynamic node scaling (supported by edge-computing offloads) [20]. 

RESULTS AND DISCUSSION 

Our results show that autonomous infrastructure can significantly reduce downtime and operational costs. Key 

insights include the trade-off between detection lead time and false positive rate, and the importance of 

feedback-driven retraining to adapt to workload changes [21][22]. Challenges remain in ensuring security of 

automated actions and extending autonomy to multi-cloud topologies [23]. 

 

CONCLUSION 

We presented a comprehensive autonomous cloud infrastructure framework achieving self-healing and self-

optimization. The prototype demonstrated rapid failure recovery, improved resource efficiency, and cost savings. 

Future work will explore cross-provider orchestration and integration with edge-device federated learning for 

ultra-low-latency scenarios [24][25]. 
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