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1 Introduction

This manual gives a step-by-step guideline on how to install and implement a machine
learning powered predictive auto-scaling system based on AWS EC2 instances. It helps
users configure and deploy and experiment with LSTM, Prophet and Hybrid models to
predict CPU utilization and dynamically scale.

2

Scope

The manual of configuration is applicable to:

DevOps engineers or researchers deploying AWS ML-based auto-scaling.
Time-series forecasting projects of cloud infrastructures.

Setups with AWS EC2, CloudWatch, S3, Auto Scaling Groups (ASG) and Python-
based ML models.

Objective
Use predictive models (LSTM, Prophet, Hybrid) to predict CPU usage.

Auto scaling EC2 on estimative workloads.

Evaluate accuracy, SLA violations, cost, and latency in comparison to traditional

ASG.

Visualization of data in Grafana through CloudWatch metrics.

System Requirements

Hardware Requirements:
AWS EC2 instance (t3.large recommended: 2 vCPUs, 8 GB RAM)



4.2 Software Requirements:

e OS: Ubuntu 20.04 or Amazon Linux 2

Python 3.9+

e Pip, Virtualenv

AWS CLI & TAM roles with S3, CloudWatch, and Auto Scaling permissions

Required Python packages: boto3, pandas, numpy, tensorflow, prophet, scikit-learn,
matplotlib

4.3 Other Services:
e AWS CloudWatch (with CloudWatch Agent installed)
e Amazon S3 (for model storage)
e AWS ASG setup

e Grafana (self-hosted or managed)

5 Installation Instruction

5.1 Python Environment

sudo apt update

sudo apt install python3-pip
python3 -m venv env

source env/bin/activate

pip install -r requirements.txt

5.2 Install CloudWatch Agent

sudo yum install amazon-cloudwatch-agent

sudo /opt/aws/amazon-cloudwatch-agent/bin/amazon-cloudwatch-agent-config-
wizard

sudo systemctl start amazon-cloudwatch-agent

5.3 CloudWatch Agent Configure:
Save file:

sudo nano /opt/aws/amazon-cloudwatch-agent/bin/config.json

{
"agent": {
"metrics_collection_interval": 60,
"run_as_user": "root"



},
"metrics": {
"append_dimensions": {
"InstanceId": "${aws:InstanceId}"
},
"metrics_collected": {
"cpu": {
"measurement": [
"cpu_usage_user",
"cpu_usage_system",
"cpu_usage_idle"
1,
"metrics_collection_interval": 60
1,
"mem": {
"measurement": ["mem_used_percent"],
"metrics_collection_interval": 60
},
"disk": {
"measurement": ["disk_used_percent"],
"metrics_collection_interval": 60,
"resources": ["/"]
},
"net": {
"measurement": ["bytes_sent", "bytes_recv"],
"metrics_collection_interval": 60,
"resources": ["*x"]

5.4 Clone ML Auto-Scaling Repo

git clone https://github.com/x23285052-Hemadhri/ml\_auto\_scaling
cd ml\_auto\_scaling

5.5 Project Structure

/home/ec2-user/

|-— ml_scaling_lstmcontroller.py

| -— ml_scaling_prophetcontroller.py
|-- ml_scaling_hybridcontroller.py
|-- train_lstm_model.py

| -- train_prophet_model.py

| -- export_ml_asg_metrics.py



|-- logs/
| ‘—- x.log
|-- env/

6 Execution

6.1 Workload simulation for testing:

Save the file:

nano simulate.sh

# Loop CPU load: 60s stress, 60s cooldown
while true; do
echo "[INFO] CPU Load for 60s"
stress-ng --cpu 2 --timeout 60

echo "[INFO] Memory Load for 60s"
stress-ng --vm 1 --vm-bytes 500M --timeout 60

echo "[INFO] I/0 Load for 60s"
stress—ng --io 2 --timeout 60

echo "[INFO] Cooling down for 60s"
sleep 60
done

echo "Workload simulation complete!"

Change sh mode and run

chmod +x simulate.sh
./simulate.sh

6.2 Schedule ML Controllers via Crontab
6.2.1 Install:

sudo yum install cronie -y
sudo systemctl start crond

sudo systemctl enable crond

crontab -e



6.2.2 ML Controller (every 1 minute):

* *x % * * /home/ec2-user/env/bin/python3 /home/ec2-user/
ml_scaling_lstmcontroller.py >> /home/ec2-user/logs/ml_lstm.log 2>&1

* * *x % * /home/ec2-user/env/bin/python3 /home/ec2-user/
ml_scaling_prophetcontroller.py >> /home/ec2-user/logs/ml_prophet.log
2>41

# OR use hybrid if that’s your preferred method:

x/5 % % * x /home/ec2-user/env/bin/python3 /home/ec2-user/
ml_scaling_hybridcontroller.py >> /home/ec2-user/logs/ml_hybrid.log
2>41

6.3 Train Models (every 3 hours)

0 */3 * *x x* /home/ec2-user/env/bin/python3 /home/ec2-user/
train_prophet_model.py >> /home/ec2-user/logs/train_prophet.log 2>&1

0 */3 * *x x /home/ec2-user/env/bin/python3 /home/ec2-user/
train_lstm_model.py >> /home/ec2-user/logs/train_lstm.log 2>&1

# === Export ASG + EC2 metrics to S3 (every 6 hours) ===

0 */6 * *x x /home/ec2-user/env/bin/python3 /home/ec2-user/
export_ml_asg_metrics.py >> /home/ec2-user/logs/export_metrics.log
2>&1

6.4 Push to CloudWatch

e Controllers push:

— PredictedCPU (per model)
— Action (1 = scale_up, 0 = no_action)
7 Experiments

7.1 Experiment 1: Traditional ASG vs ML-based Scaling
e Metrics: Avg CPU, SLA violations, cost

7.2 Experiment 2: Forecasting Accuracy

e Compare RMSE & MAE of LSTM vs Prophet

7.3 Experiment 3: Hybrid Evaluation

e Evaluate reduction in false positives
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Forecasting Accuracy: Prophet vs LSTM
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Figure 2: Forecasting Accuracy




Predicted CPU Usage (LSTM & Prophet)
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Figure 4: Actual CPU usage

Experiment 4: Real-Time Visualization
Dashboard in Grafana showing:
— Predicted CPU (LSTM, Prophet, Hybrid)
— Actual CPU usage

— Scaling decisions

— Instance count over time

Scaling Action Trigger (1 = scale up)
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Figure 5: Scaling Decision



ASG In-Service Instance Count
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Figure 6: Instance Count

8 Outputs and Analysis

8.1 Logs
e Stored in ml_scaling_logs.csv

e Uploaded to s3://ml-autoscaling-dataset/ml_predictive/ml_scaling_logs.csv

8.2 Visualizations (Grafana Panels)

e Forecast vs Actual CPU
e Scaling action timeline

e ASG instance count

8.3 Evaluation Summary (Sample):

Scaling Strategy Avg. CPU (%) Std. Dev SLA Violations (%) Cost ($) Scale-Up Latency (s)

ML: LSTM 83.83 N/A 100.00 0.00 N/A
ML: Prophet 58.58 31.20 22.73 0.00 100.00
Traditional ASG 5.21 18.24 0.67 0.10 446.67

Table 1: Performance Comparison of Traditional and ML-Based Auto-Scaling Strategies

9 Summary

This manual allows end to end application of predictive ML-bound auto-scaling on AWS
EC2. Enhancing the cost, CPU efficiency, and SLA compliance during dynamic work-
loads, LSTM and Prophet model-based forecast-driven decisions are less expensive than
alternative solutions to the problem. The integration of Grafana provides observabil-
ity. The extensions that might be considered in the future feature Kubernetes support,
RL-based adaptation, and anomaly-aware hybrid scaling.
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