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1 Introduction 

This manual/paper provides an explanation of the procedure of coding the AI-driven auto-

tuning of the Serverless Performance Optimization project. The requirements and system 

configuration are explained in a manner that allows anyone to reproduce this work and 

improve it, as part of cloud/serverless performance research. Afterwards, the process of 

acquiring the Colab notebook and artifacts, installing the dependencies, creating artificial 

datasets, training the forecasting model (XGBoost), setting the custom Gymnasium 

environment, and instigating the reinforcement learning agents (A2C and Q learning) is 

clarified in detail. 

2 Environment & Setup 

2.1 Hardware Configurations 

The experiments are carried out mainly in Google Colab. Training and evaluation can be 

rerun on CPU and may optionally be accelerated on NVIDIA T4 (15 GB VRAM), where 

available. For local validation, a Windows 11 machine with an Intel Core i7 (>=3.0 GHz) and 

16 GB RAM is required, although similar machines on macOS/Linux are also compatible. 
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2.2 Software Configurations 

• Python 3.10.x (Colab default runtime) 

• Google Colab / Jupyter Notebook 

• (Optional) Visual Studio Code 1.95+ for local editing 

2.3 Prerequisites of Cloud Environment for Training Models 

• Google Colab (Free or Pro) and Google Drive mounted for dataset/model persistence. 

• Colab runtime: Runtime → Change runtime type → GPU: T4 (optional), RAM ~15 

GB. 

2.4 Libraries Requirements 

The libraries illustrated below are necessary in data generation, forecasting, environment 

simulation and RL training. 

• numpy==2.0.2 

• pandas==2.2.2 

• scikit-learn==1.6.1 

• xgboost==3.0.3 

• gym==0.26.2 

• gymnasium==1.2.0 

• boto3==1.40.1 

• stable-baselines3[extra]==2.7.0 

• shimmy>=2.0 

• matplotlib==3.10.0 

• tensorflow==2.19.0  

• keras==3.8.0,  

• prophet==1.1.7 

Installation (Colab cell used in this project): 

 

2.5 Colab Runtime Initialization 

Starts a Colab session and imports fundamental tools utilized across the chain: pandas to 

handle tables of data, numpy to perform numerical operations in a vectorized manner, 

random to sample stochastically, and datetime /timedelta to build on a 5-minute timestamp 

index and time management. These imports are positioned at the beginning of the notebook 

so that other parts of the work have the same run time context. To achieve reproducibility, 

numpy and random seed values are usually assigned as soon as they are imported. 
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. 

 

Note: Stable-Baselines3 on Gymnasium requires shimmy>=2.0 to bridge APIs. 

 

 

3 Synthetic Data Generation 
 

Generate a time-indexed synthetic workload that resembles realistic serverless behaviour 

(steady demand with occasional bursts) and generate features required in forecasting and RL. 

 

Configuration: 

• Horizon: 30 days, and using 5-min resolution, 

• Output file: synthetic_invocations.csv 

 

Method: 

1. Timestamps: Build a continuous 5-minute index for the entire horizon. 

2. Invocations (target series): Generate a predictable bursty pattern: baseline + sinusoid 

+ Gaussian noise, with a 5-step burst every 50 steps (~4.2 hours). Values are lower-

bounded at 1. 

3. Exogenous settings: 

o Memory (MB): {128 to 3008}  

o Timeout (s): {1 to 30}. 

o Cold starts: Bernoulli with 10% probability. 

4. Duration & latency: 

o Duration (ms): base term scaled by load (~100 + inv/3) with small noise. 

o Latency (ms): duration + cold-start penalty (e.g., +150 ms if cold, else +20 

ms) + small noise. 

 

Feature engineering: 

• Calendar features: hour, minute, second, day-of-week from the timestamp. 

• Lagged and rolling stats for invocations: lag1, lag2, rolling mean (5), rolling std (5). 

• Drop initial rows with NaNs introduced by lags/rolls; reset index for a clean frame. 

 

Export & reuse: 

• Save to synthetic_invocations.csv for downstream steps (forecasting, RL env). 

• Print a small preview (head()) to verify schema and ranges. 
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4 Forecasting – XGBoost + GridSearchCV 

4.1 Feature Design 

Forecasting was performed using XGBoost (Chen & Guestrin; 2016), with features capturing 

short-term behavior (lags/rolling statistics) and seasonality per day and week (hour, 

dayofweek, weekend). Drops rows with NaNs created by lag/rolling windows so that training 

remains clean. 

 

4.2 Train/Test Strategy 

The chronological 80/20 split is used to prevent look-ahead bias. The test window creates a 

simulation of unobserved and future data. 

 

 

4.3 Grid Search parameter space 

Hyperparameters were tuned using GridSearchCV from scikit-learn (Pedregosa et al.; 2011), 

exploring depth, learning rate, estimators, subsampling, and child weight to balance the bias-

variance tradeoff and to stabilize short-horizon error (MAE). 
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4.4 Model fitting & selection 

Trains the candidates on the training window and returns the optimal evaluator on out-of-

sample data. 
 

 

4.5 Evaluation (Test Window) 

Saves the selected model to be used again (e.g., to create a forecasting series on the RL 

environment). And prints out MAE, RMSE, and R² on the hold-out period to validate 

generalization. 
 

 

4.6 Actual vs Predicted plot 

The visual verification of the predictions occurs in day/weekly patterns without systematic 

drifts being too substantial. 
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Fig 01 - Actual vs Predicted Invocations (test window)  

 

XGBoost tracks daily/weekly cycles; residual spikes remain at burst peaks. MAE=9.48, 

RMSE=19.61, R²=0.76. 
 

 

5 Custom RL Environment - ServerlessTuningEnv 

5.1 Purpose & Module Imports 

Deploys a Gymnasium setting (Brockman et al., 2016) that associates a predictive-based 

stack to serverless config interventions (memory, timeout, concurrency). Every step simulates 

latency and cost, calculates a reward in an SLA-aware manner, and returns a 3-feature state to 

the agent. 

 

Loads core dependencies and Gymnasium spaces used by the environment. 
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5.2 Environment Class Declaration and Initialization (__init__) 

Defines the Gymnasium setting and initializes the forecast series, step counters, discrete 

action space (memory, timeout, concurrency), and 3-diminch observation space 

[normalized_forecast, normalized_latency, normalized_cost]. 

 

5.3 Action Decoding Routine (_decode_action) 

Maps the integer action to the (memory, timeout, concurrency) triple used by the simulator. 

 

 

5.4 Environment Reset Procedure (reset) 

Re-sets the episode to the beginning of the forecast and returns a neutral normalized state. 

 

 

5.5 Step Transition Function (step) 

Applies the selected configuration, calculates latency, cost, SLA (>200 ms), and reward 

(latency-focused with cost balance and efficiency bonus), updates the normalized state, and 

advances time. 
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6 A2C Training (Stable-Baseline3) 

6.1 Dependencies, Vectorized Environment, and Compliance Check 

Initializes Stable-Baselines3 components, wraps the custom environment to allow vectorized 

training, and checks compliance with Gymnasium API. 

(Assumes forecast_series is prepared in the prior section.). 

 

 

6.2 Agent Configuration 

Initialize your A2C agent based on the fixed hyperparameters that are used in short-horizon 

control on this environment. 

 

 

6.3 Training and Model Persistence 

Trains the agent over a fixed number of timesteps and saves the resulting policy to be reused 

during evaluation. 

 

 
 

 

7 Q-Learning Baseline 

7.1 Agent Class — Declaration & Initialization (__init__) 

Describes a tabular Q-learning agent with ε-greedy exploration and uniform discretization of 

the 3-dimensional state. Initializes the Q-table to zeros. 
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7.2 State Discretization (discretize_state) 

Maps the continuous state to a single discrete index using equal-width bins in [0,1]. 

 

 

7.3 Action Selection (choose_action) 

Selects actions via ε-greedy policy: random exploration with probability ε, otherwise greedy 

exploitation. 

 

 

7.4 Q-Value Update (update_q_value) 

Applies the Q-learning rule using the target r + γ max_a' Q(s', a'). 
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7.5 Training Loop (train) 

Runs multiple episodes, updates the Q-table, decays ε, and records per-episode total reward. 

 

 
 

 

7.6 Training Loop (train) 

Initializing the environment instance, instantiates the agent, and runs training for 300 

episodes. 

 

7.7 Learning Curve Visualization 

Plots per-episode total reward to verify learning progress. 
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Fig 02 — Q-Learning Training Progress 

 

Per-episode total reward across 300 episodes for the tabular agent (α=0.1, γ=0.99, ε: 

1.0→0.05, 10 bins). The upward trend (less negative reward) indicates policy improvement 

as ε decays; residual variance reflects ongoing exploration. 

 

 

8 Strategy Evaluation (Static / ML-only / RL-only / Hybrid) 

8.1 Strategy Evaluation Routine — Definition and Behavior 

Defines a reusable function that runs one full episode under the selected strategy and returns 

a step-by-step log (forecast, chosen config, latency, cost, reward, SLA flag). 
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8.2 Environment Preparation and Fixed-Action Mapping 

Create new environments per strategy to prevent shared state and set the fixed action index of 

the Static baseline. 

 

 

8.3 Execute Evaluations for All Strategies 

Runs the evaluation for Static, ML-only heuristic, RL-only (Q-learning agent), and ML+RL 

(hybrid using the agent’s policy). 

 

 



15 
 

 

8.4 Summary Reporting – Latency, Cost, SLA Violation 

Calculates and prints mean latency, mean cost, and SLA violation rate on each strategy. 

 

 

8.5 Artifact Persistence and Comparative Visualization 

Stores fine-grained logs to CSV to allow reproducibility and produces a three-panel chart 

comparing average latency, cost, and SLA violation rate. 
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Fig 03 – Performance Comparison Across Strategies (A2C) 

 

 

9 Hybrid Algorithm Comparison – Q-Learning vs A2C 

9.1 Metric Aggregation 

Prepares side-by-side metrics for the two hybrid strategies: ML+RL (Q-learning) and 

ML+RL (A2C). Assumes df_hybrid (Q-learning) and df_hybrid_a2c (A2C) have been 

produced by the earlier evaluation routine. 
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9.2 Comparative visualization 

Generates three bar charts—Average Latency, Average Cost, and SLA Violation Rate—to 

compare algorithmic performance at a glance. 

 

 
 

 
Fig 04 – Hybrid Algorithm Comparison – Q-Learning vs A2C 
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10 A2C Evaluation Across Traffic Patterns 

10.1 Dependencies and Model Loading 

Loads Stable-Baselines3 utilities and common libraries, then loads the previously trained 

A2C policy (a2c_serverless_model.zip). 

Assumes ServerlessTuningEnv and forecast_series are already defined in the above steps. 

 

 

10.2 Traffic Pattern Generator 

Defines generate_traffic(pattern, total_points) to create bursty, periodic, and irregular 

sequences with realistic variation. 

 

 

10.3 A2C Evaluation Routine 

Runs one episode in a vectorized env using the loaded policy; returns a DataFrame with mean 

latency, mean cost, and SLA violation rate. 
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10.4 Generate Traffic and Execute Evaluations 

Creates three traffic sequences of identical length to forecast_series, then evaluates the A2C 

policy on each. 

 

 
 

10.5 Summary Reporting and Visualization 

Prints concise summaries and renders a three-panel comparison (latency, cost, SLA 

violation). 
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Fig 05 – A2C Evaluation Across Traffic Patterns 

 

 

11 A2C Hyperparameter Sensitivity Analysis 

11.1 Experiment Setup 

Imports required packages and establishes the experiment context for testing learning rate (α), 

discount factor (γ), and entropy coefficient (ent). 

 

 

11.2 Experiment Function (train_a2c_with_params) 

Defines a reusable routine that builds a vectorized environment, instantiates an A2C model 

with the supplied hyperparameters, performs a short rollout (300 steps), and returns the 

reward series for later smoothing and comparison. 

 

 

11.3 Hyperparameter Configurations (param_configs) 

Specifies the grid to explore: three learning rates, three γ values, and three entropy 

coefficients. Each config includes a label and color for plotting. 
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11.4 Run Experiments 

Loops through each configuration, trains/evaluates with the helper, applies a 10-episode 

rolling mean to smooth noise, and stores series + metadata for plotting. 

 

 
 

11.5 Visualization and Best Configuration Annotation 

Plots all smoothed reward curves on one figure and auto-annotates the configuration 

achieving the highest smoothed reward. 
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Fig 05 – A2C Hyperparameter Sensitivitys 

 

 

12 Cost–Latency Trade-off Simulation 

12.1 Dependencies and Cost-Prioritized Environment 

Defines a variation of the environment where cost is foremost in the reward, but where 

latency is still penalized. Action is being decoded through the step function, latency/cost is 

simulated, observation is normalized, and cost-weighted reward is calculated.  

(Assumes core imports like numpy as np and pandas as pd are already available from earlier 

sections.). 
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12.2 A2C Training in Cost-Prioritized Environment 

Build the cost-prioritized environment and train an A2C policy to minimize the cost and 

maintain the latency at an acceptable range. 

 

 

12.3 Evaluation Routine and Execution 

Evaluates the trained cost-prioritized policy and logs stepwise metrics (config, latency, cost, 

reward, SLA). 
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12.4 Baseline (Default A2C) for Comparison 

Generates a comparison DataFrame using the original A2C setup. 

(Assumes a helper evaluate_strategy_a2c(...) exists in the notebook, consistent with earlier 

sections.) 

 

 
 

12.5 Summary Reporting 

To bring out the trade-off, printed values aggregate metrics where both the default and cost-

prioritized policies are aggregated. 
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12.6 Comparative Visualization — Default vs Cost-Prioritized A2C 

Renders side-by-side bar charts for average latency, average cost, and SLA violation rate 

to illustrate the trade-off between the default A2C policy and the cost-prioritized variant. 

 

 
 

 
Fig 06 - Default vs Cost-Prioritized A2C 

 

 

 

13 AWS Lambda PoC 

13.1 Purpose 

Deploy a basic-level Lambda function (Python 3.10) (Van Rossum and Drake; 2009) in 

Cloud9 with the help of the Boto3 SDK (PYTHON) (Amazon Web Services, n.d.) and 

monitor deployment through CloudWatch metrics to test the behavior of the run-time. The 

PoC replicates the decision logic of the notebook at a light production-ready level. 

 

13.2 Prerequisites 

• Cloud9 environment with AWS CLI v2 configured. 
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• AWS account and following IAM permissions will be needed as minimum. 

lambda:UpdateFunctionConfiguration,  

cloudwatch:GetMetricStatistics. 

• Files available in the workspace: 

o lambda_function.py (Lambda handler) 

o cloudwatch_metric_fetch.py (local script to retrieve metrics) 

13.3 Verify AWS context (account & region) 
 

 
 

13.4 Package the Lambda function 

Zips only the handler file (no external deps assumed; boto3 is available in the Lambda 

runtime). 

 

 
 

13.5 Create the Lambda function  

*This step is only for first-time deployment* 

 

First, creates the function with Python 3.10 runtime and basic handler entry point 

“lambda_function.lambda_handler” using the existing IAM role. 

 

aws lambda create-function \ 

  --function-name lambda-tuning-demo \ 

  --runtime python3.10 \ 

  --role arn:aws:iam::477923597505:role/LabRole \ 

  --handler lambda_function.lambda_handler \ 

  --zip-file fileb://function.zip 

 

13.6 Optional runtime configuration 

Adjust memory, timeout, and (optionally) reserved concurrency to match evaluation 

scenarios. 

 

aws lambda update-function-configuration \ 

  --function-name lambda-tuning-demo \ 

  --memory-size 384 \ 
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  --timeout 10 

 

# (Optional) reserved concurrency 

aws lambda put-function-concurrency \ 

  --function-name lambda-tuning-demo \ 

  --reserved-concurrent-executions 2 

 

13.7 Traffic & Metrics Script (Cloud9 Terminal) 

Creates a short burst of invocations, waits for CloudWatch aggregation, then calls the 

function once more to return a decision payload (avg duration, invocations, decision, new 

memory, update status). 

 

--Bash-- 

# cloudwatch_metric_fetch.py  (runs as a bash script in Cloud9) 

for i in {1..15}; do 

  aws lambda invoke --function-name lambda-tuning-demo --payload '{}' /dev/null 

done 

sleep 180 

aws lambda invoke --function-name lambda-tuning-demo output.json 

cat output.json 

 

 
 

Notes 

• The initial 15 invocations generate recent traffic. 

• sleep 180 (~3 minutes) allows CloudWatch to aggregate metrics at 1-minute 

granularity. 

• The final invoke prints the decision JSON to output.json. 

 

13.8 Execute the Script 

Run the script from the Cloud9 terminal. If needed, call with bash explicitly. 

 

bash cloudwatch_metric_fetch.py 

# or 

chmod +x cloudwatch_metric_fetch.py 

./cloudwatch_metric_fetch.py 
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13.9 Expected Decision Payload (Example) 

The below JSON message confirms the successful run and indicates the “measured load”, 

“policy decision”, with applied configuration. 

 

{"avg_duration": 249.04500000000002, "invocations": 4.0, "decision": "Low load", 

"new_memory": 256, "update_status": "Updated memory to 256 MB"} 

 

Field meanings: 

• avg_duration — Average function duration (ms) over the recent window used by the 

handler logic. 

• invocations — Recent request count considered by the policy. 

• decision — Policy classification (e.g., Low/Medium/High load). 

• new_memory — Target memory size selected by the policy. 

• update_status — Result from UpdateFunctionConfiguration. 

 

13.10 Confirm Configuration Change 

Verify the function’s memory size was updated as reported in the JSON. 

 

aws lambda get-function-configuration --function-name lambda-tuning-demo \ 

  --query '{MemorySize:MemorySize,Timeout:Timeout,LastModified:LastModified}' 

 

 
 

 

13.11 Troubleshooting 

Verify the function’s memory size was updated as reported in the JSON. 

 

• No JSON fields / empty output → Ensure the last line in the script runs aws lambda 

invoke ... output.json and cat output.json. 

• Stale metrics / zero invocations → Increase sleep to 240–300 seconds to allow metric 

refresh; re-run. 

• AccessDenied → Verify Cloud9 credentials and that the IAM role used by the 

function allows logs:CreateLogStream, logs:PutLogEvents, and that the Cloud9 user 

has lambda:InvokeFunction and lambda:GetFunctionConfiguration. 

• Memory not updating → Confirm the Lambda execution role allows 

lambda:UpdateFunctionConfiguration if the update call is made inside the handler. If 

updates are made by the Cloud9 user, ensure that user’s permissions include the same 

action. 
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