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Lesson Plan No. 1.1 Course Name: Advanced Machine 

Learning 

Topic: Introduction to Probability 

Theory and Sample Space 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the fundamental concepts of probability theory, including 

events, sample spaces, and probability functions. 

• Learn how to define and calculate probabilities in simple experiments. 

• Understand the concept of sample space and how to list all possible 

outcomes in probabilistic experiments. 

Teaching Aids 

 (if any) 
• Slides explaining sample space, events, and probability functions. 

• Visuals and diagrams to represent sample spaces (e.g., rolling a die, 

flipping a coin). 

• Interactive exercises where students list sample spaces for different 

events. 

Teaching 

Development 

1. Introduction (5 minutes): 

• Introduce probability theory as the study of uncertainty and 

random events.  

• Discuss the importance of sample spaces and probability 

functions. 

2. Development (30 minutes): 

• Explain sample space and how it is used to list all possible 

outcomes of an experiment.  

• Walk through examples like rolling a die or flipping a coin.  

• Define probability functions and discuss how probabilities 

range from 0 to 1. 

3. Exercise (5 minutes) 

Ask students to define the sample space for rolling two dice and 

calculate the probability of specific events (e.g., sum of 7) 

Closure • Summarize the concept of sample spaces, events, and probability 

functions.  

• Emphasize their importance in modeling uncertainty in machine 

learning. 

Evaluation Short quiz on defining sample spaces and calculating probabilities for basic 

experiments (e.g., flipping coins, drawing cards). 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.2 Course Name: Advanced Machine 

Learning 

Topic: Conditional Probability and 

Independence 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand conditional probability and its role in probability theory. 

• Learn the concept of conditional independence and how it is used in 

machine learning. 

• Apply conditional probability to solve real-world problems. 

Teaching Aids 

 (if any) 
• Slides explaining conditional probability and its formula. 

• Code examples demonstrating the calculation of conditional 

probabilities. 

• Visual aids showing conditional probability problems (e.g., weather 

forecasting, medical tests). 

Teaching 

Development 

1. Introduction (5 minutes) 

• Define conditional probability as the probability of an event 

given that another event has occurred.  

• Discuss real-life applications (e.g., medical testing, weather 

forecasting). 

2. Development (30 minutes) 

• Explain the formula for conditional probability and provide 

examples.  

• Introduce the concept of conditional independence and how it 

simplifies problems in machine learning models like Naive 

Bayes. 

3. Exercise (5 minutes) 

Have students calculate the probability of events given some 

condition, using problems like weather forecasts or dice rolls. 

Closure Summarize the importance of conditional probability in machine learning, 

especially in scenarios where we need to compute probabilities given known 

conditions. 

Evaluation Practical exercise: Evaluate students based on their ability to calculate 

conditional probabilities from real-world examples and their understanding 

of conditional independence. 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.3 Course Name: Advanced Machine 

Learning 

Topic: Bayes' Theorem 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn Bayes' Theorem and how it connects conditional probabilities. 

• Understand the role of priors, likelihood, and evidence in Bayesian 

inference. 

• Apply Bayes' Theorem to real-world classification problems. 

Teaching Aids 

 (if any) 
• Slides explaining Bayes’ Theorem and its components. 

• Code examples for applying Bayes' Theorem in simple problems. 

• Visual aids showing how Bayes' Theorem updates beliefs based on 

new evidence. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce Bayes' Theorem as a way to update probabilities 

based on new evidence. 

• Discuss its significance in machine learning for classification 

and prediction. 

2. Development (30 minutes) 

• Explain the formula for Bayes’ Theorem and provide 

examples of its use in real-life problems, such as spam 

filtering.  

• Walk through a step-by-step example of updating beliefs 

using Bayes’ Theorem. 

3. Exercise (5 minutes) 

Have students apply Bayes’ Theorem to solve a simple classification 

problem (e.g., determining if an email is spam based on certain 

words). 

Closure Summarize the power of Bayes' Theorem in probabilistic reasoning and its 

applications in machine learning models like Naive Bayes classifiers. 

Evaluation Practical coding task: Evaluate students based on their ability to implement 

and apply Bayes' Theorem to a simple classification task and interpret the 

results. 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.4 Course Name: Advanced Machine 

Learning 

Topic: Naive Bayes Algorithm 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the Naive Bayes algorithm and its assumption of feature 

independence. 

• Learn how Naive Bayes is used for classification tasks. 

• Implement Naive Bayes for a real-world dataset. 

Teaching Aids 

 (if any) 
• Slides explaining the Naive Bayes classifier and its assumptions. 

• Code examples for implementing Naive Bayes in Python using scikit-

learn. 

• Visual aids showing how Naive Bayes works in classification tasks. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce the Naive Bayes algorithm as a probabilistic 

classifier that assumes feature independence.  

• Discuss its use in text classification, such as spam detection. 

2. Development (30 minutes) 

• Walk through the steps of the Naive Bayes classification 

algorithm, including how it uses Bayes' Theorem to calculate 

posterior probabilities.  

• Explain the assumptions of feature independence and its 

impact on model simplicity and efficiency. 

3. Exercise (5 minutes): Have students implement a Naive Bayes 

classifier for a text classification task using a small dataset. 

Closure • Summarize the strength of the Naive Bayes algorithm in 

classification problems, particularly when features are independent.  

• Emphasize its simplicity and efficiency in text classification tasks. 

Evaluation Practical coding task: Students will implement Naive Bayes for a 

classification problem, evaluate its performance, and discuss the results. 

 

 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.5 Course Name: Advanced Machine 

Learning 

Topic: Bayesian Networks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the structure of Bayesian networks and how they represent 

probabilistic relationships between variables. 

• Learn how to construct and use Bayesian networks for reasoning and 

prediction. 

• Implement a simple Bayesian network and infer probabilities. 

Teaching Aids 

 (if any) 
• Slides explaining the structure and components of Bayesian networks. 

• Visual diagrams of Bayesian networks. 

• Code examples for constructing and querying Bayesian networks 

using libraries like pgmpy. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce Bayesian networks as graphical models that 

represent probabilistic dependencies among variables.  

• Explain the difference between a Bayesian network and a 

decision tree. 

2. Development (30 minutes) 

• Discuss the structure of Bayesian networks, including nodes 

(variables) and edges (dependencies). 

• Explain how conditional probabilities are encoded in the 

network. Show how to perform inference on a Bayesian 

network to calculate posterior probabilities. 

3. Exercise (5 minutes) 

Have students implement a simple Bayesian network and perform 

inference using a given set of data. 

Closure Summarize the advantages of Bayesian networks for representing and 

reasoning about uncertain knowledge in complex domains. 

Evaluation Practical coding task: Students will implement a Bayesian network, perform 

inference, and interpret the results. 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.6 Course Name: Advanced Machine 

Learning 

Topic: Expectation Maximization (EM) 

Algorithm 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the Expectation Maximization (EM) algorithm and how it is 

used to estimate parameters of probabilistic models. 

• Learn the steps of the EM algorithm, including the expectation and 

maximization steps. 

• Implement the EM algorithm for a simple dataset. 

Teaching Aids 

 (if any) 
• Slides explaining the EM algorithm and its application. 

• Visual aids showing how the algorithm iterates between the expectation 

and maximization steps. 

• Code examples for implementing the EM algorithm on a simple dataset. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce the EM algorithm as a method for parameter 

estimation in the presence of latent variables. 

• Discuss its use in clustering and mixture models. 

2. Development (30 minutes) 

• Explain the two main steps of the EM algorithm: the 

expectation step (E-step), where the missing data is estimated, 

and the maximization step (M-step), where the parameters are 

updated.  

• Provide an example using Gaussian Mixture Models 

(GMMs). 

3. Exercise (5 minutes) 

Have students implement the EM algorithm on a simple dataset and 

evaluate the model’s performance. 

Closure Summarize how the EM algorithm is used for estimating parameters in 

models with missing or incomplete data, and discuss its wide applications in 

clustering and probabilistic models. 

Evaluation Practical coding task: Evaluate students based on their ability to implement 

the EM algorithm and apply it to a given problem. 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.7 Course Name: Advanced Machine 

Learning 

Topic: Markov Chains and Hidden 

Markov Models (HMMs) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand Markov chains and Hidden Markov Models (HMMs), and 

their applications in machine learning. 

• Learn about the transition matrix and the hidden state sequences in 

HMMs. 

• Apply HMMs to a real-world sequence problem (e.g., speech 

recognition). 

Teaching Aids 

 (if any) 

• Slides explaining Markov chains and HMMs. 

• Visual diagrams of state transitions in Markov chains and HMMs. 

• Code examples for implementing HMMs in Python. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce Markov chains as stochastic processes where the 

future state depends only on the current state.  

• Discuss how HMMs extend Markov chains by incorporating 

hidden states. 

2. Development (30 minutes) 

• Walk through the components of HMMs, including states, 

observations, transition probabilities, and emission 

probabilities.  

• Discuss algorithms like the Viterbi algorithm for decoding 

hidden state sequences. 

3. Exercise (5 minutes) 

Have students implement a simple HMM for a sequence prediction 

task, such as predicting the weather based on observed data. 

Closure Summarize the role of HMMs in sequence modeling and their use in time-

series problems like speech recognition, bioinformatics, and finance. 

Evaluation Practical coding task: Evaluate students based on their ability to implement 

HMMs and use them for a sequence prediction task. 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.8 Course Name: Advanced Machine 

Learning 

Topic: Naive Bayes vs. Other 

Classification Models 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Compare the Naive Bayes algorithm with other classification 

algorithms, such as decision trees and logistic regression. 

• Understand the strengths and weaknesses of Naive Bayes in different 

machine learning tasks. 

• Evaluate the performance of Naive Bayes on various datasets and 

compare it with other models. 

Teaching Aids 

 (if any) 

• Slides comparing Naive Bayes with decision trees, logistic regression, 

and k-NN. 

• Code examples for comparing Naive Bayes with other classification 

models. 

• Performance metrics such as accuracy, precision, and recall. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce the topic of comparing classification algorithms.  

• Discuss when Naive Bayes works well and when other 

algorithms might be more effective. 

2. Development (30 minutes) 

• Compare Naive Bayes with decision trees, logistic regression, 

and k-NN, discussing the strengths, assumptions, and 

limitations of each algorithm.  

• Provide examples using different datasets. 

3. Exercise (5 minutes): Have students compare the performance of 

Naive Bayes with decision trees on a classification task and discuss 

the results. 

Closure Summarize the key points about Naive Bayes and its applicability to different 

tasks, as well as its performance compared to other classifiers. 

Evaluation Practical coding task: Students will compare the performance of Naive 

Bayes with other classifiers on a real dataset, evaluating the models based on 

accuracy and other relevant metrics. 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 1.9 Course Name: Advanced Machine 

Learning 

Topic: Model Evaluation and Model 

Selection 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn the importance of model evaluation in machine learning. 

• Understand cross-validation, bias-variance trade-off, and performance 

metrics. 

• Select the appropriate model based on evaluation metrics. 

Teaching Aids 

 (if any) 
• Slides explaining model evaluation techniques (cross-validation, 

confusion matrix). 

• Code examples for evaluating models using scikit-learn. 

• Performance comparison charts. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce model evaluation as a critical part of the machine 

learning process.  

• Discuss common evaluation metrics such as accuracy, 

precision, recall, F1-score, and ROC curves. 

2. Development (30 minutes) 

• Explain cross-validation and the bias-variance trade-off.  

• Show how to evaluate models using confusion matrices and 

performance metrics. 

3. Exercise (5 minutes): Have students evaluate a model using cross-

validation and discuss its performance using the confusion matrix. 

Closure Summarize the importance of proper model evaluation and selection, 

emphasizing the need to choose the right metric for the problem at hand. 

Evaluation Practical coding task: Evaluate students on their ability to evaluate models 

using cross-validation and discuss the results based on appropriate 

performance metrics. 

 

 

 

 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.1 Course Name: Advanced Machine 

Learning 

Topic: Introduction to Supervised 

Learning and Decision Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the fundamental concepts of supervised learning, including 

labeled data and the learning process. 

• Learn about decision trees as a supervised learning algorithm for both 

classification and regression tasks. 

• Explore the applications of decision trees in machine learning. 

Teaching Aids 

 (if any) 
• Slides on supervised learning concepts. 

• Visual representation of decision trees. 

• Code snippets of decision tree implementations (using scikit-learn or 

another framework). 

• A dataset (e.g., Iris dataset) for hands-on exercises. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce the concept of supervised learning and its 

importance in machine learning.  

• Discuss how labeled data is used to train models. 

2. Development (30 minutes) 

• Explain decision trees, highlighting their structure (root, 

branches, leaves) and how they are used for both 

classification and regression tasks.  

• Provide an overview of how decision trees split the data at 

each node based on feature values to create the tree structure. 

3. Exercise (5 minutes) 

Ask students to explore a decision tree using a dataset and identify 

how the data is split at each node. 

Closure • Summarize the key concepts of supervised learning and decision 

trees.  

• Emphasize how decision trees can be applied to solve various 

machine learning problems. 

Evaluation Short quiz or interactive exercise: Students will be evaluated on their 

understanding of the structure of decision trees and the role of supervised 

learning in training models. 

 



 

 

 

 

 

Lesson Plan No. 2.2 Course Name: Advanced Machine 

Learning 

Topic: Entropy and Information Gain in 

Decision Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concepts of entropy and information gain. 

• Learn how decision trees use entropy and information gain to select 

the best feature to split the data. 

• Apply entropy and information gain to build decision trees. 

Teaching Aids 

 (if any) 
• Slides explaining entropy and information gain. 

• Interactive tools or visualizations to demonstrate entropy calculations. 

• Python code for calculating entropy and information gain. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce entropy as a measure of impurity in the data and explain 

how it is used to evaluate the quality of splits in decision trees. 

2. Development (30 minutes) 

• Discuss the formula for entropy and information gain, 

demonstrating how information gain is used to select the 

feature that best splits the data.  

• Walk through an example dataset to show how entropy is 

calculated and how the tree chooses the best feature for the 

first split. 

3. Exercise (5 minutes) 

Ask students to calculate the entropy and information gain for a small 

dataset, then apply this knowledge to build a decision tree. 

Closure • Summarize the importance of entropy and information gain in 

decision trees.  

• Emphasize how these metrics help decision trees decide the most 

informative features for splitting the data. 

Evaluation Students will be evaluated on their ability to calculate entropy and 

information gain for a sample dataset and use these values to build a decision 

tree. 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.3 Course Name: Advanced Machine 

Learning 

Topic: Overfitting and Pruning in 

Decision Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concepts of overfitting and underfitting in decision 

trees. 

• Learn about pruning as a technique to prevent overfitting. 

• Apply pruning techniques to improve the generalization ability of 

decision trees. 

Teaching Aids 

 (if any) 

• Slides explaining overfitting, underfitting, and pruning. 

• Graphs showing the effects of overfitting and pruning. 

• Code examples for pruning decision trees using scikit-learn or another 

framework. 

Teaching 

Development 

1. Introduction (5 minutes) 

Explain overfitting and underfitting in the context of decision trees, 

showing how deep trees can perfectly fit the training data but fail to 

generalize. 

2. Development (30 minutes) 

• Discuss different pruning techniques, such as cost-complexity 

pruning, and how they help avoid overfitting by reducing the 

complexity of the tree.  

• Provide a visual comparison between overfitted and pruned 

trees. 

3. Exercise (5 minutes) 

Ask students to build a decision tree, observe overfitting, and apply 

pruning to improve the model’s generalization. 

Closure Summarize how pruning helps mitigate overfitting and improves the 

generalization of decision trees. 

Evaluation Practical coding task: Students will submit a pruned decision tree and 

explain the pruning technique used, along with the improvement in model 

performance. 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.4 Course Name: Advanced Machine 

Learning 

Topic: Random Forests - An 

Introduction 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept of random forests as an ensemble method. 

• Learn how random forests combine multiple decision trees to improve 

performance. 

• Explore the advantages of random forests over single decision trees. 

Teaching Aids 

 (if any) 

• Slides explaining the concept of random forests and ensemble 

learning. 

• Visual representation of a random forest and how it aggregates 

decisions from multiple trees. 

• Code examples of random forest implementations in scikit-learn. 

Teaching 

Development 

1. Introduction (5 minutes) 

Explain the idea of ensemble learning and introduce random forests as 

an ensemble method that builds multiple decision trees and aggregates 

their predictions. 

2. Development (30 minutes) 

Discuss how random forests use bootstrapping and random feature 

selection to create diverse decision trees, and how the final prediction 

is obtained by averaging or majority voting. 

3. Exercise (5 minutes) 

Ask students to implement a random forest on a dataset and compare 

its performance to a single decision tree. 

Closure Summarize the advantages of random forests, such as improved accuracy and 

reduced overfitting compared to a single decision tree. 

Evaluation Practical coding task: Students will submit their random forest 

implementation and compare its accuracy with a decision tree on the same 

dataset. 

 

 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.5 Course Name: Advanced Machine 

Learning 

Topic: Advanced Decision Trees - 

Gradient Boosting Machines (GBM) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept of gradient boosting machines (GBM) as an 

advanced decision tree algorithm. 

• Learn how GBM improves model performance by sequentially fitting 

trees to the residuals of previous trees. 

• Explore applications of GBM in machine learning tasks. 

Teaching Aids 

 (if any) 

• Slides explaining gradient boosting and how it improves decision 

trees. 

• Code examples for implementing GBM using popular libraries like 

XGBoost or LightGBM. 

• Visualizations of the boosting process. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce gradient boosting as a method that builds decision trees 

sequentially, with each tree correcting the errors (residuals) of the 

previous tree. 

2. Development (30 minutes) 

• Discuss how gradient boosting works, including the concept 

of boosting, residuals, and the importance of learning rate in 

the model’s training.  

• Show how each tree fits the residual errors and contributes to 

reducing bias. 

3. Exercise (5 minutes) 

Have students implement a gradient boosting model for a regression 

or classification task and evaluate its performance. 

Closure Summarize how gradient boosting improves the performance of decision 

trees and discuss its advantages in complex prediction tasks. 

Evaluation Practical coding task: Students will submit their gradient boosting model 

and compare its performance with random forests or decision trees on the 

same dataset. 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.6 Course Name: Advanced Machine 

Learning 

Topic: Hyperparameter Tuning for 

Decision Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the role of hyperparameters in decision trees and random 

forests. 

• Learn about techniques for hyperparameter tuning to improve model 

performance. 

• Apply grid search and cross-validation for hyperparameter 

optimization. 

Teaching Aids 

 (if any) 

• Slides explaining hyperparameters in decision trees (e.g., max depth, 

min samples split). 

• Code examples demonstrating grid search and cross-validation 

techniques. 

• Visual examples of performance changes with different 

hyperparameters. 

Teaching 

Development 

1. Introduction (5 minutes) 

Discuss the importance of tuning hyperparameters in decision trees 

and random forests to achieve optimal performance. 

2. Development (30 minutes) 

• Explain key hyperparameters like max depth, min samples 

split, and the impact of these parameters on model 

complexity.  

• Show how grid search and cross-validation are used to find 

the best combination of hyperparameters. 

3. Exercise (5 minutes) 

Ask students to apply grid search and cross-validation to tune 

hyperparameters for a decision tree or random forest model. 

Closure Summarize the process of hyperparameter tuning and how it can enhance 

model accuracy and prevent overfitting. 

Evaluation Practical coding task: Students will submit their hyperparameter tuning 

results and discuss the impact of the optimized parameters on model 

performance. 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.7 Course Name: Advanced Machine 

Learning 

Topic: Decision Tree Regression 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn how decision trees can be used for regression tasks. 

• Understand how decision tree regression splits data and makes 

continuous predictions. 

• Apply decision trees to a regression problem and compare them with 

other regression techniques. 

Teaching Aids 

 (if any) 
• Slides explaining decision tree regression and how it handles 

continuous values. 

• Code examples for implementing decision tree regression using scikit-

learn. 

• Sample regression dataset (e.g., housing prices). 

Teaching 

Development 

1. Introduction (5 minutes) 

Explain the application of decision trees in regression tasks, where the 

model predicts continuous values rather than categories. 

2. Development (30 minutes) 

Walk through how decision tree regression works, including how the 

tree splits the data based on feature values to predict a continuous 

target variable. 

3. Exercise (5 minutes) 

Have students implement decision tree regression on a sample dataset 

(e.g., housing prices) and compare it with linear regression. 

Closure Summarize how decision trees handle regression tasks and their ability to 

capture non-linear relationships in data. 

Evaluation Practical coding task: Evaluate students based on their implementation of 

decision tree regression and its comparison with other regression models like 

linear regression. 

 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.8 Course Name: Advanced Machine 

Learning 

Topic: Decision Trees for Classification 

Tasks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand how decision trees are used for classification tasks. 

• Learn how decision trees make predictions by dividing the data into 

homogenous subsets. 

• Implement decision trees for a classification problem and evaluate 

their performance. 

Teaching Aids 

 (if any) 
• Slides explaining decision tree classification. 

• Code examples for implementing decision trees in classification tasks 

(e.g., spam detection). 

• Example datasets for classification (e.g., Iris, Titanic dataset). 

Teaching 

Development 

1. Introduction (5 minutes) 

Discuss the application of decision trees in classification problems, 

where the model predicts discrete classes or labels. 

2. Development (30 minutes) 

Explain how decision trees classify data by recursively splitting the 

data based on features that provide the best information gain or Gini 

index.  

Discuss how these splits lead to homogenous subsets of data. 

3. Exercise (5 minutes) 

Have students implement a decision tree classifier for a dataset like 

Iris or Titanic, and evaluate its accuracy. 

Closure Summarize how decision trees handle classification tasks and their ability to 

create interpretable models. 

Evaluation Practical coding task: Students will implement decision trees for a 

classification problem and evaluate their performance based on metrics like 

accuracy, precision, and recall. 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.9 Course Name: Advanced Machine 

Learning 

Topic: Evaluation Metrics for Decision 

Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn about evaluation metrics for decision trees, such as accuracy, 

precision, recall, and F1-score. 

• Understand how to assess model performance and choose the right 

metric for classification and regression tasks. 

Teaching Aids 

 (if any) 
• Slides explaining classification and regression evaluation metrics. 

• Code examples for calculating various evaluation metrics in scikit-

learn. 

• Sample evaluation reports from classification and regression tasks. 

Teaching 

Development 

1. Introduction (5 minutes) 

Discuss the importance of evaluating model performance and the 

different metrics used for classification and regression. 

2. Development (30 minutes) 

• Explain metrics like accuracy, precision, recall, F1-score, and 

Mean Squared Error (MSE).  

• Show how to calculate these metrics using scikit-learn in 

Python for decision trees. 

3. Exercise (5 minutes) 

Ask students to evaluate their decision tree models using the 

appropriate metrics for a classification or regression task. 

Closure Summarize the importance of model evaluation and how different metrics 

can provide insights into model performance, depending on the task. 

Evaluation Practical task: Students will submit an evaluation report for their decision 

tree models, calculating and interpreting the relevant metrics. 

 

 

 

 

 

 



 

 

 

 

 

Lesson Plan No. 2.10 Course Name: Advanced Machine 

Learning 

Topic: Review and Practical Applications 

of Decision Trees 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Review and reinforce the key concepts of decision trees and their 

applications in classification and regression tasks. 

• Discuss real-world applications where decision trees are used 

effectively. 

• Provide students with an opportunity to apply decision tree models to 

a real-world problem. 

Teaching Aids 

 (if any) 

• Comprehensive slides summarizing all key topics from Unit 2 

(decision trees, entropy, pruning, random forests, etc.). 

• Case studies or real-world examples where decision trees are used 

(e.g., loan approval, medical diagnosis). 

• Code snippets or templates for implementing decision trees on real 

datasets. 

Teaching 

Development 

1. Introduction (5 minutes) 

Begin by recapping the core concepts learned in the previous lessons, 

focusing on decision tree structures, overfitting, pruning, and their 

applications in both classification and regression tasks. 

2. Development (30 minutes) 

Discuss real-world applications of decision trees: 

Healthcare: Using decision trees to diagnose diseases based on 

symptoms and medical tests. 

Finance: Decision trees for credit scoring and loan approval. 

Marketing: Decision trees for customer segmentation and targeted 

advertising. Provide visual examples of decision trees applied to these 

tasks and discuss the benefits and challenges. 

3. Exercise (5 minutes) 

• Assign students to choose a dataset related to a real-world 

problem (e.g., customer data, financial data, healthcare 

records) and apply decision trees to analyze the data.  

• Ask students to describe how they would approach the 

problem using decision trees and evaluate their model using 

appropriate metrics. 



 

 

Closure • Summarize the key takeaways from the unit, emphasizing how 

decision trees can be used for a wide variety of problems.  

• Highlight the importance of model evaluation and selection (e.g., 

when to use decision trees, when to use ensemble methods like 

random forests). 

Evaluation    Project or Final Quiz: Students will complete either: 

• Project Option: Implement a decision tree model on a real-world 

dataset and present their approach, findings, and performance 

evaluation. Students will submit their model, code, and a report on 

how decision trees were applied to solve the problem. 

• Quiz Option: A comprehensive quiz that covers all key concepts 

from Unit 2, including decision tree algorithms, entropy, pruning, 

evaluation metrics, and applications. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 3.1 Course Name: Advanced Machine 

Learning 

Topic: Introduction to Artificial Neural 

Networks (ANN) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the basic concepts of artificial neural networks and their 

components. 

• Learn the basic architecture of ANNs and how they are inspired by the 

human brain. 

• Gain knowledge of different types of neural networks and their 

applications in machine learning 

Teaching Aids 

 (if any) 

• Slides on the history and basic concepts of ANN. 

• Diagrams of simple neural network architectures. 

• Videos showing real-world applications of ANNs (e.g., image 

recognition, natural language processing). 

Teaching 

Development 

1. Introduction (5 minutes): Start by discussing the role of ANNs in 

solving complex machine learning tasks and their inspiration from the 

human brain’s structure. 

2. Development (30 minutes): Explain the structure of a basic ANN, 

including neurons, layers (input, hidden, and output layers), and 

activation functions. Demonstrate how data flows through the network 

and how the network learns from training data. 

3. Exercise (5 minutes): Ask students to draw and label a simple neural 

network architecture and identify the purpose of each layer. 

Closure • Summarize how ANN models work by processing data through 

neurons and how the complexity of the network grows as the number 

of layers increases.  

• Highlight their application in solving complex, real-world problems. 

Evaluation Short quiz or interactive activity: Students will be evaluated on their 

understanding of ANN components and their ability to describe the flow of 

data through the network. 

 

 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 3.2 Course Name: Advanced Machine 

Learning 

Topic: Perceptron 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn about the simplest type of ANN, the perceptron. 

• Understand how a perceptron works for binary classification tasks. 

• Understand the limitations of the perceptron and its role as a building 

block for more complex neural networks. 

Teaching Aids 

 (if any) 
• Slides explaining the perceptron model and its algorithm. 

• Example datasets for classification using a perceptron. 

• Code snippets for implementing a perceptron. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce the perceptron as a binary classifier and explain how it 

computes a weighted sum of inputs, applies an activation function 

(step function), and makes a classification decision. 

2. Development (30 minutes) 

• Walk through the perceptron learning rule (updating weights 

using gradient descent).  

• Discuss how the perceptron algorithm works and demonstrate 

it using a simple dataset (e.g., XOR or linearly separable 

data). 

3. Exercise (5 minutes) 

Have students implement the perceptron algorithm in Python or 

another language to solve a basic classification task. 

Closure Reiterate the simplicity and limitations of the perceptron, and how it forms 

the foundation of more complex neural network architectures like multi-layer 

perceptrons (MLP). 

Evaluation Practical coding task: Evaluate students based on their implementation of 

the perceptron for a given dataset and their ability to explain the 

classification results. 

 

 



 

 

 

 

Lesson Plan No. 3.3 Course Name: Advanced Machine 

Learning 

Topic: Cost Function and Optimization 

in ANNs 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept of the cost function in neural networks and 

its role in model training. 

• Learn about gradient descent and other optimization techniques used 

in training ANNs. 

• Gain insight into how the choice of optimization algorithm impacts 

training efficiency. 

Teaching Aids 

 (if any) 

• Slides on cost functions and gradient descent. 

• Code snippets demonstrating how to calculate and minimize the cost 

function. 

• Visualization of cost function surfaces and gradient descent steps. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce the concept of a cost function (e.g., Mean Squared Error) 

and explain how it quantifies the difference between predicted and 

actual values in a neural network. 

2. Development (30 minutes) 

• Walk through the process of backpropagation and how the 

gradient descent algorithm is used to minimize the cost 

function.  

• Discuss different types of gradient descent (batch, stochastic, 

mini-batch). 

3. Exercise (5 minutes) 

Have students implement gradient descent to minimize the cost 

function for a simple neural network model. 

Closure Summarize how the cost function is central to training neural networks and 

how gradient descent and other optimization algorithms help find the optimal 

model parameters. 

Evaluation Practical coding task: Students will submit their implementation of gradient 

descent and the backpropagation algorithm, including the results from 

training a neural network on a sample dataset. 

 



 

 

 

 

Lesson Plan No. 3.4 Course Name: Advanced Machine 

Learning 

Topic: Multi-Layer Perceptron and 

Backpropagation Algorithm 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the architecture and functionality of multi-layer 

perceptions (MLPs). 

• Learn about the backpropagation algorithm for updating weights in 

multi-layer networks. 

• Apply the backpropagation algorithm to train an MLP for a 

classification task. 

Teaching Aids 

 (if any) 

• Diagrams of multi-layer perceptron architectures. 

• Code examples of backpropagation and MLPs. 

• Interactive demos of MLPs training on real datasets. 

Teaching 

Development 

1. Introduction (5 minutes) 

Explain how MLPs extend the perceptron by adding hidden layers, 

allowing the network to learn more complex patterns. 

2. Development (30 minutes) 

Discuss how the backpropagation algorithm works, including the 

forward pass, loss calculation, and backward pass for weight updates. 

Walk through an example using a small dataset. 

3. Exercise (5 minutes) 

Ask students to implement backpropagation in Python for a multi-

layer perceptron and train the network on a classification task. 

Closure Summarize the role of backpropagation in training MLPs and how it enables 

neural networks to learn complex patterns from data. 

Evaluation Practical coding task: Students will be evaluated on their implementation 

of backpropagation in an MLP and their ability to explain the training 

process and results. 

 

 

 

 



 

 

 

 

Lesson Plan No. 3.5 Course Name: Advanced Machine 

Learning 

Topic: Neural Networks with Random 

Initialization 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the importance of weight initialization in neural networks. 

• Learn the problems associated with poor weight initialization and 

techniques to address them. 

• Apply random initialization and other advanced initialization methods 

in neural network training. 

Teaching Aids 

 (if any) 
• Visualizations showing the effects of poor weight initialization. 

• Code examples demonstrating different weight initialization methods. 

• Slides on the impact of initialization on the training process. 

Teaching 

Development 

1. Introduction (5 minutes) 

Discuss why random initialization of weights is used and the potential 

issues that arise with improper initialization (e.g., vanishing/exploding 

gradients). 

2. Development (30 minutes) 

• Explain various weight initialization techniques, such as 

uniform, Gaussian, Xavier, and He initialization.  

• Show how these methods impact the performance and 

convergence of neural networks. 

3. Exercise (5 minutes) 

Have students experiment with different weight initialization methods 

and observe how they affect the training of a neural network. 

Closure Summarize the importance of proper weight initialization and how it impacts 

the efficiency of training neural networks. 

Evaluation Practical coding task: Students will implement different weight initialization 

techniques and compare the training performance for a neural network. 

Evaluation will be based on their results and explanation of the impact of 

initialization methods. 

 

 

 



 

 

 

 

Lesson Plan No. 3.6 Course Name: Advanced Machine 

Learning 

Topic: Neural Network Regularization 

Techniques 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept of overfitting in neural networks and how 

regularization can prevent it. 

• Learn about different regularization techniques like L2 regularization, 

dropout, and batch normalization. 

• Apply regularization methods to improve the generalization ability of 

neural networks. 

Teaching Aids 

 (if any) 

• Slides explaining regularization techniques and their effect on model 

performance. 

• Code examples of L2 regularization, dropout, and batch normalization. 

• Interactive visualizations showing the impact of regularization on model 

overfitting. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce the concept of overfitting and the need for regularization to 

improve a model’s ability to generalize to new data. 

2. Development (30 minutes) 

Discuss various regularization techniques, such as L2 regularization 

(weight decay), dropout, and batch normalization.  

Explain how these methods help prevent overfitting by penalizing 

large weights, reducing dependence on certain neurons, and 

normalizing activations. 

3. Exercise (5 minutes) 

Have students implement dropout and L2 regularization in a neural 

network and evaluate the effect on model performance. 

Closure Summarize the importance of regularization in improving generalization and 

how different techniques can be applied depending on the task. 

Evaluation Practical coding task: Students will submit their implementation of 

regularization techniques and demonstrate the improvement in generalization 

performance. 

 



 

 

 

 

Lesson Plan No. 3.7 Course Name: Advanced Machine 

Learning 

Topic: Neural Networks for Regression 

Tasks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand how neural networks can be applied to regression 

problems. 

• Learn how the output layer and loss function differ for regression 

tasks compared to classification tasks. 

• Implement a neural network for a regression task. 

Teaching Aids 

 (if any) 
• Slides explaining the difference between classification and regression 

in neural networks. 

• Code examples of neural networks used for regression tasks (e.g., 

predicting housing prices). 

• Sample datasets for regression problems. 

Teaching 

Development 

1. Introduction (5 minutes) 

Discuss how neural networks can be adapted for regression tasks by 

changing the output layer and loss function (e.g., using a linear output 

layer and Mean Squared Error for regression). 

2. Development (30 minutes) 

Walk through the process of implementing a neural network for 

regression tasks, using an example dataset like housing prices or stock 

prediction. 

3. Exercise (5 minutes) 

Ask students to implement a simple neural network for regression and 

evaluate its performance. 

Closure Summarize how neural networks can be adapted for regression tasks and the 

differences between regression and classification tasks in terms of network 

architecture and loss functions. 

Evaluation Practical coding task: Students will implement a regression model using 

neural networks and evaluate its performance based on Mean Squared Error 

or another regression metric. 

 

 



 

 

 

 

Lesson Plan No. 3.8 Course Name: Advanced Machine 

Learning 

Topic: Neural Networks for Time Series 

Prediction 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn how neural networks can be used for time series prediction 

tasks. 

• Understand the architecture of recurrent neural networks (RNNs) for 

sequential data. 

• Apply neural networks to predict future values in a time series. 

Teaching Aids 

 (if any) 
• Slides on RNNs and their application to time series data. 

• Code examples of RNNs applied to time series forecasting. 

• Sample time series datasets for prediction. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce the challenge of time series forecasting and how neural 

networks can be applied to predict future values based on historical 

data. 

2. Development (30 minutes) 

• Discuss the architecture of RNNs and how they are 

particularly suited for sequential data.  

• Walk through the implementation of an RNN for time series 

prediction. 

3. Exercise (5 minutes): Have students implement a simple RNN to 

predict future values in a time series dataset. 

Closure Summarize the role of RNNs in time series forecasting and how they model 

sequential dependencies in data. 

Evaluation Practical coding task: Students will submit their RNN implementation and 

assess its performance on time series forecasting. 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 3.9 Course Name: Advanced Machine 

Learning 

Topic: Advanced Topics in Neural 

Networks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Explore advanced topics in neural networks, such as advanced 

optimization techniques, ensemble methods, and transfer learning. 

• Understand how these techniques improve the performance and 

efficiency of deep learning models. 

Teaching Aids 

 (if any) 

• Slides on advanced topics in deep learning. 

• Code examples demonstrating advanced techniques like Adam 

optimization and transfer learning. 

• Case studies of deep learning applications. 

Teaching 

Development 

1. Introduction (5 minutes) 

Introduce advanced topics in deep learning, including optimization 

techniques like Adam and ensemble learning methods. 

2. Development (30 minutes) 

Discuss how techniques like transfer learning and advanced 

optimizers improve model performance, especially on large datasets. 

Show examples of transfer learning applications. 

3. Exercise (5 minutes) 

Ask students to implement an advanced optimizer (e.g., Adam) in a 

neural network and experiment with transfer learning. 

Closure Summarize how advanced techniques in neural networks contribute to more 

efficient training and better performance, particularly in complex tasks. 

Evaluation Practical coding task: Students will submit their implementation of an 

advanced optimization technique or transfer learning model and analyze the 

results. 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 3.10 Course Name: Advanced Machine 

Learning 

Topic: Final Review and Applications of 

Neural Networks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Review all the concepts covered in Unit 3 related to Artificial Neural 

Networks (ANN), including architectures, training, optimization, and 

applications. 

• Explore real-world applications of ANNs in various industries, 

including computer vision, natural language processing, and 

autonomous systems. 

• Discuss the challenges and future research directions in neural 

network-based models. 

Teaching Aids 

 (if any) 

• Slides summarizing all topics covered in Unit 3. 

• Case studies and examples of real-world applications of ANNs. 

• Interactive discussion or quiz on the various ANN models and their 

use cases. 

• Videos showing successful applications of ANNs (e.g., self-driving 

cars, AI in healthcare). 

Teaching 

Development 
1. Introduction (5 minutes): Provide a brief overview of the concepts 

covered throughout the unit, including perceptions, multi-layer 

perceptron (MLPs), backpropagation, CNNs, RNNs, and advanced 

topics in neural networks. 

2. Development (30 minutes): Discuss the application of ANNs in 

various fields: 

Computer Vision (CNNs): Explain how CNNs are used in image 

classification, object detection, and facial recognition. 

Natural Language Processing (RNNs, LSTMs): Discuss how RNNs 

and LSTMs are used in tasks like text generation, machine translation, 

and speech recognition. 

Autonomous Systems (Deep Reinforcement Learning): Highlight 

the use of ANNs in robotics and self-driving cars. 

Healthcare (ANNs for Diagnosis): Explain how ANNs are 

revolutionizing the healthcare industry, from diagnostic tools to drug 

discovery. 

3. Exercise (5 minutes) 

• Have students form groups to research and present one real-

world application of ANNs.  

• They should explain how ANNs are applied, the architecture 

used, and the challenges faced in that application. 



 

 

Closure 

 

 

• Recap the different types of neural networks covered in the unit, 

emphasizing their unique characteristics and how they are suited to 

different types of problems.  

• Discuss the overall impact of neural networks on the field of AI and 

machine learning. 

Evaluation Discuss the current research trends in neural networks, such as transformers 

in NLP, unsupervised learning, and the ethical challenges of AI models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 4.1 Course Name: Advanced Machine 

Learning 

Topic: Introduction to Deep Learning 

Architectures 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the basics of deep learning and its significance in AI. 

• Learn about the different types of deep learning architectures and their 

applications. 

• Get familiar with the components of deep learning models, such as 

layers, neurons, and activation functions. 

Teaching Aids 

 (if any) 
• PowerPoint slides explaining deep learning basics. 

• Interactive deep learning visualizations (e.g., TensorFlow 

Playground). 

• Example of a simple neural network architecture. 

Teaching 

Development 

1. Introduction (5 minutes) 

 

• Begin by explaining the difference between traditional 

machine learning and deep learning.  

• Discuss how deep learning models can learn from raw 

data and are inspired by the human brain. 

2. Development (30 minutes) 

• Present the architecture of a basic neural network, 

including the input layer, hidden layers, and output 

layer.  

• Explain the flow of data from one layer to the next and 

how neural networks learn through training. 

 

3. Exercise (5 minutes)  

Show a simple neural network and ask students to identify the 

different layers and their functions. 

Closure • Summarize how deep learning differs from traditional machine 

learning and how its hierarchical structure enables the modeling of 

complex relationships in data. 

• Spend 5 minutes to wrap up and consolidate the learnings 

Evaluation • Students will complete a short quiz on deep learning architectures, 

including identifying different layers in a neural network and their 

functions.  

• Evaluate based on the understanding of model components. 

• Spend 5 minutes evaluating student assimilation of the lesson 

contents 

 



 

 

 

 

Lesson Plan No. 4.2 Course Name: Advanced Machine 

Learning 

Topic: Understanding Depth, Width, and 

Capacity of Neural Networks 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Learn how depth (number of layers) and width (number of neurons) 

influence neural network performance. 

• Understand the concept of model capacity and its relationship with 

overfitting and underfitting. 

• Discuss the impact of model architecture on learning and 

generalization. 

 

Teaching Aids 

 (if any) 
• Visual diagrams showing shallow and deep neural networks. 

• Example of a network with different layer depths and widths. 

• Interactive tool to experiment with network depth and width. 

Teaching 

Development 
1. Introduction (5 minutes) 

• Introduce the concepts of depth, width, and capacity in 

neural networks.  

• Explain how depth and width affect a model's ability to 

learn complex patterns. 

2. Development (30 minutes) 

• Discuss the relationship between the depth of the 

network, the number of neurons in each layer, and the 

model's capacity.  

• Explain the trade-off between increasing depth and 

risking overfitting, and increasing width for better 

learning capacity. 

 

3. Exercise (5 minutes)  

Students will experiment with a neural network model by 

changing its depth and width, then observe how the model 

performance changes. 

Closure • Summarize how selecting the right depth and width is crucial for 

model performance and avoiding overfitting or underfitting. 

• Spend 5 minutes to wrap up and consolidate the learnings 

Evaluation • Evaluate students based on their ability to explain the impact of 

depth and width on a neural network and their ability to adjust 

network architecture for improved performance. 

• Spend 5 minutes evaluating student assimilation of the lesson 

contents 

 



 

 

 

 

Lesson Plan No. 4.3  Course Name: Advanced Machine 

Learning 

Topic: Autoencoders for Unsupervised 

Learning 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the architecture and working of autoencoders. 

• Learn how autoencoders can be used for unsupervised learning tasks 

such as dimensionality reduction and anomaly detection. 

• Apply autoencoders to real-world problems. 

Teaching Aids 

 (if any) 
• PowerPoint slides on autoencoders and their components. 

• Python code example of a simple autoencoder implementation. 

• Visualization of how data is compressed and reconstructed by an 

autoencoder. 

Teaching 

Development 

1. Introduction (5 minutes) 

 

Introduce autoencoders as a type of neural network used for 

unsupervised learning, particularly for tasks like dimensionality 

reduction and anomaly detection. 

2. Development (30 minutes) 

• Explain the encoder-decoder structure of autoencoders, 

highlighting how the encoder compresses the input into a lower-

dimensional latent space, and the decoder reconstructs the data.  

• Discuss the loss function used for training autoencoders (e.g., 

Mean Squared Error). 

 

3. Exercise (5 minutes)  

Ask students to implement a basic autoencoder for dimensionality 

reduction on a dataset like MNIST and visualize the reconstruction 

performance. 

Closure Summarize the role of autoencoders in unsupervised learning tasks and their 

application in real-world data processing. 

Spend 5 minutes to wrap up and consolidate the learnings 

Evaluation Evaluate students based on their implementation of autoencoders and the 

quality of data reconstruction on the test dataset. They should also provide an 

analysis of the results. 

Spend 5 minutes evaluating student assimilation of the lesson contents 

 

 



 

 

 

 

Lesson Plan No. 4.4 Course Name: Advanced Machine 

Learning 

Topic: Convolutional Neural Networks 

(CNNs) for Image Recognition 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

 

• Understand the architecture of convolutional neural networks 

(CNNs) and their role in image recognition. 

• Learn how CNNs use convolutional layers to detect features like 

edges, textures, and objects. 

• Implement a simple CNN for image classification. 

Teaching Aids 

 (if any) 
• Visuals explaining CNN architecture (convolutional layers, pooling 

layers, fully connected layers). 

• Code examples of a CNN using a dataset like MNIST or CIFAR-10. 

• Interactive CNN architecture builder. 

Teaching 

Development 
1. Introduction (5 minutes) 

 

Explain the difference between traditional neural networks and CNNs. 

Discuss the importance of CNNs in image recognition and computer 

vision tasks. 

2. Development (30 minutes) 

• Walk through the components of a CNN, including 

convolutional layers, activation functions (ReLU), pooling 

layers, and fully connected layers. 

• Show how CNNs capture spatial hierarchies in images. 

 

3. Exercise (5 minutes)  

Students will implement a CNN for image classification on a dataset 

such as CIFAR-10 or MNIST. 

Closure Summarize the power of CNNs in extracting hierarchical features from 

images and their widespread use in computer vision tasks. 

Spend 5 minutes to wrap up and consolidate the learnings 

Evaluation Practical coding task: Students will submit their CNN implementation for 

image classification and evaluate its performance on the test dataset. 

Spend 5 minutes evaluating student assimilation of the lesson contents 

 



 

 

 

 

Lesson Plan No. 4.5 Course Name: Advanced Machine 

Learning 

Topic: Recurrent Neural Networks 

(RNNs) for Sequential Data 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the architecture of recurrent neural networks (RNNs) and 

how they process sequential data. 

• Learn about long-term dependencies and the challenges of training 

RNNs. 

• Implement a simple RNN for sequential tasks such as time series 

prediction. 

Teaching Aids 

 (if any) 

• Slides explaining the RNN structure, including hidden states and 

feedback loops. 

• Python code for a simple RNN implementation. 

• Visual demonstration of sequential data processing by an RNN. 

Teaching 

Development 
1. Introduction (5 minutes) 

 

Introduce RNNs as a type of neural network designed to handle 

sequential data, where current outputs depend on previous inputs. 

2. Development (30 minutes) 

• Explain how RNNs maintain hidden states across time steps to 

capture sequential patterns.  

• Discuss challenges like vanishing gradients and introduce 

techniques such as LSTMs (Long Short-Term Memory) to 

mitigate these issues. 

 

3. Exercise (5 minutes)  

Ask students to implement an RNN for a simple task like time series 

prediction or text generation. 

Closure Summarize how RNNs excel at tasks involving sequential data, such as 

speech recognition and natural language processing. 

 

Evaluation Practical coding task: Evaluate students based on their RNN 

implementation and the quality of predictions on a sequential dataset. 

 

 

 



 

 

 

 

Lesson Plan No. 4.6 Course Name: Advanced Machine 

Learning 

Topic: Generative Adversarial Networks 

(GANs) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept and working of Generative Adversarial 

Networks (GANs). 

• Learn how GANs can generate new data from random noise and their 

application in image generation. 

• Implement a basic GAN for generating synthetic data. 

Teaching Aids 

 (if any) 
• Slides explaining the GAN architecture (generator and discriminator). 

• Code examples of a basic GAN implementation. 

• Visualization of how a GAN learns to generate realistic data. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce GANs as a framework for generating synthetic data 

using two neural networks: the generator and the 

discriminator.  

• Discuss the adversarial process where the generator tries to 

fool the discriminator. 

2. Development (30 minutes) 

• Explain the training process of GANs, including the loss 

functions used for the generator and discriminator.  

• Provide a high-level overview of how GANs are used to 

generate images, audio, and other types of data. 

 

3. Exercise (5 minutes)  

Have students implement a basic GAN for generating images of 

handwritten digits using the MNIST dataset. 

Closure Summarize the transformative power of GANs in data generation and discuss 

their applications in various fields, including art, medicine, and 

entertainment. 

Evaluation Practical coding task: Students will submit their GAN implementation and 

evaluate the quality of the generated data (images). They will be assessed 

based on the realism of the generated data. 

 

 

 



 

 

 

 

Lesson Plan No. 4.7 Course Name: Advanced Machine 

Learning 

Topic: Deep Reinforcement Learning 

(DRL) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

    

• Understand the concept of Deep Reinforcement Learning (DRL) and 

how it combines deep learning with reinforcement learning. 

• Learn how DRL algorithms can train agents to solve complex 

decision-making tasks. 

• Implement a simple DRL algorithm, such as Deep Q-learning, for an 

RL task. 

Teaching Aids 

 (if any) 
• Slides explaining DRL concepts and architecture. 

• Code example of Deep Q-learning (DQN) implementation. 

• Interactive environment for testing DRL algorithms (e.g., OpenAI 

Gym). 

Teaching 

Development 
1. Introduction (5 minutes) 

Introduce the concept of DRL, where deep learning is applied to 

reinforcement learning to solve complex decision-making tasks in high-

dimensional state spaces. 

2. Development (30 minutes) 

• Explain how DRL algorithms, such as Deep Q-learning, use 

neural networks to approximate Q-values.  

• Walk through the architecture of DRL and its training process, 

including experience replay and target networks. 

 

3. Exercise (5 minutes)  

Ask students to implement Deep Q-learning for a simple RL task, such 

as the CartPole environment in OpenAI Gym. 

Closure Summarize how DRL allows agents to learn complex behaviors through trial 

and error, and discuss its applications in robotics, autonomous vehicles, and 

games. 

Evaluation Practical coding task: Students will submit their DRL implementation and 

demonstrate how the agent performs in the given environment (e.g., 

CartPole). Evaluation will be based on agent performance. 

 



 

 

 

 

Lesson Plan No. 4.8 Course Name: Advanced Machine 

Learning 

Topic: Transfer Learning in Deep 

Learning 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the concept of transfer learning and how it helps apply 

pre-trained models to new tasks. 

• Learn how transfer learning reduces the need for large datasets and 

computational resources. 

• Apply transfer learning techniques to solve image classification tasks. 

Teaching Aids 

 (if any) 
• Visual slides explaining transfer learning and pre-trained models (e.g., 

VGG, ResNet). 

• Code examples showing how to fine-tune pre-trained models using 

libraries like TensorFlow and PyTorch. 

• Interactive demo of transfer learning with a popular dataset like 

ImageNet. 

Teaching 

Development 
1. Introduction (5 minutes) 

• Introduce transfer learning as a technique where models pre-

trained on large datasets (e.g., ImageNet) are adapted for a new 

task with limited data.  

• Discuss how this reduces the computational cost and improves 

accuracy. 

2. Development (30 minutes) 

• Explain the steps of transfer learning, including how to freeze 

layers in pre-trained models and fine-tune the model for a 

specific task.  

• Show how to load a pre-trained model, freeze its layers, and 

replace the final layer for classification on a new dataset. 

 

3. Exercise (5 minutes)  

Ask students to implement transfer learning by fine-tuning a pre-trained 

model on a new image classification task using a dataset like CIFAR-

10. 

Closure Summarize how transfer learning enables the use of powerful models on 

smaller datasets and discuss its applications in image classification, natural 

language processing, and other domains. 

Evaluation Practical coding task: Evaluate students based on their ability to fine-tune a 

pre-trained model for a new task. Students will submit their results and 

analysis of performance improvements. 



 

 

 

 

Lesson Plan No. 4.9 Course Name: Advanced Machine 

Learning 

Topic: Generative Adversarial Networks 

(GANs) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the architecture and working principle of GANs. 

• Learn how GANs generate synthetic data, such as images or text, from 

random noise. 

• Implement a GAN for generating synthetic images from a dataset. 

Teaching Aids 

 (if any) 
• Slides explaining the GAN architecture (generator and discriminator). 

• Code examples of a basic GAN implementation. 

• Visualization of how the generator and discriminator interact during 

training. 

Teaching 

Development 

1. Introduction (5 minutes) 

 

• Introduce GANs as a unique neural network framework 

composed of two adversarial networks: the generator and the 

discriminator.  

• Explain how these networks compete, with the generator 

creating fake data and the discriminator trying to identify real 

vs. fake data. 

2. Development (30 minutes) 

• Discuss how GANs work, focusing on the adversarial process.  

• Explain the loss functions for both the generator and 

discriminator and how the networks improve during training.  

• Walk through the architecture of a GAN, showing how the 

generator learns to create more realistic data. 

 

3. Exercise (5 minutes)  

• Ask students to implement a basic GAN to generate synthetic 

images from a dataset like MNIST.  

• They will need to train the generator and discriminator 

networks and evaluate the quality of the generated images. 

Closure Summarize how GANs have revolutionized the field of generative models by 

enabling the creation of realistic synthetic data. Discuss the potential 

applications of GANs in image generation, art, and data augmentation. 



 

 

Evaluation Practical coding task: Evaluate students based on their ability to implement 

GANs and the quality of the generated images. Students will be assessed on 

their understanding of the training process and their ability to tune the 

networks. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Lesson Plan No. 4.10 Course Name: Advanced Machine 

Learning 

Topic:  

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Review all key deep learning architectures and algorithms covered in 

Unit 4. 

• Understand real-world applications of deep learning in various industries. 

• Discuss the challenges and future directions of deep learning research. 

Teaching Aids 

 (if any) 
• Comprehensive slides summarizing key deep learning architectures 

(CNNs, RNNs, GANs, etc.). 

• Case studies showcasing deep learning applications in healthcare, 

robotics, and autonomous vehicles. 

• Videos demonstrating the use of deep learning in practical settings (e.g., 

AlphaGo, self-driving cars). 

Teaching 

Development 
1. Introduction (5 minutes) 

Provide an overview of deep learning and its applications across various 

fields, including healthcare, entertainment, and finance. 

2. Development (30 minutes) 

• Recap the key deep learning models and techniques covered in 

Unit 4, including CNNs, RNNs, GANs, and reinforcement 

learning.  

• Discuss real-world examples of how these models are applied, 

such as autonomous driving (CNNs), healthcare (RNNs), and 

creative arts (GANs).  

• Use case studies and videos to illustrate the practical impact of 

deep learning. 

3. Exercise (5 minutes) 

• Ask students to work in small groups to choose a real-world 

problem and propose how deep learning could be applied to 

solve it.  

• They should consider the appropriate model architecture for the 

task. 

 

Closure • Summarize the importance of deep learning in solving complex 

problems and its applications in diverse industries.  

• Discuss the ethical considerations and challenges in deploying deep 

learning systems in real-world scenarios. 



 

 

Evaluation Final project or quiz: Students will either present their proposed solution to 

a real-world problem using deep learning or take a final quiz that covers the 

deep learning models and their applications. Evaluation will be based on 

clarity, depth of analysis, and understanding of model selection. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 5.1 Course Name: Advanced Machine 

Learning 

Topic: Introduction to Reinforcement 

Learning (RL) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

1. Understand the basic concepts of reinforcement learning, including 

agents, environments, states, actions, and rewards. 

2. Learn about the RL problem formulation and its applications. 

Teaching Aids 

 (if any) 
• Slides introducing reinforcement learning concepts. 

• Interactive RL environment demo using Python 

Teaching 

Development 
1. Introduction (5 minutes) 

• Introduce reinforcement learning (RL) as a paradigm where 

agents learn by interacting with their environment to maximize 

cumulative reward.  

• Use real-world examples like gaming or robotics to illustrate RL. 

2. Development (30 minutes) 

 

• Discuss the components of RL, including agents, environments, 

states, actions, rewards, and policies.  

• Provide a high-level explanation of the Markov Decision Process 

(MDP).  

• Demonstrate a simple RL problem with a toy example, such as a 

grid world. 

 

3. Exercise (5 minutes)  

Ask students to define the states, actions, and rewards for a simple 

problem, such as navigating a robot through a maze. 

Closure 
• Summarize the key components of RL, emphasizing how agents 

learn from interaction with the environment to maximize rewards. 

• Spend 5 minutes to wrap up and consolidate the learnings 

Evaluation 
• Evaluate students based on their ability to identify components of RL 

in a real-world scenario.  

• A short quiz will test their understanding of the basic RL 

components. 



 

 

 

 

Lesson Plan No. 5.2 Course Name: Advanced Machine 

Learning 

Topic: Markov Decision Process (MDP) 

and Bellman Equation 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

1. Understand the concept of Markov Decision Process (MDP) as the 

foundation of reinforcement learning. 

2. Learn the Bellman Equation and its role in value-based methods. 

Teaching Aids 

 (if any) 

• PowerPoint slides 

• Diagrams of Markov Decision Process. 

• Interactive Bellman equation solver. 

Teaching 

Development 
1. Introduction (5 minutes) 

• Introduce MDP as a mathematical framework for modeling 

decision-making problems.  

• Highlight its importance in RL. 

2. Development (30 minutes) 

 

• Explain the components of MDP: states, actions, transition 

probabilities, rewards, and the discount factor.  

• Introduce the Bellman equation and explain how it’s used to 

compute the value function of states.  

• Walk through the equation with an example. 

 

3. Exercise (5 minutes)  

• Provide a simple MDP and ask students to compute the value 

function using the Bellman equation. 

Closure 
• Summarize how the Bellman equation helps in calculating the 

expected rewards and policies in RL.  

• Emphasize its role in evaluating actions in an environment. 

Evaluation 
• Students will be evaluated through a written exercise on applying the 

Bellman equation to compute state values for a given MDP.  

• The accuracy of their calculations and understanding of the Bellman 

equation will be assessed. 

 

 



 

 

 

 

Lesson Plan No. 5.3 Course Name: Advanced Machine 

Learning 

Topic: Value Iteration and Policy 

Iteration 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

1. Learn about value iteration and policy iteration algorithms for solving 

MDPs. 

2. Understand how these algorithms compute optimal policies in 

reinforcement learning. 

Teaching Aids 

 (if any) 
• PowerPoint slides 

• Graphical demonstrations of value iteration and policy iteration. 

• Python code for implementing value iteration. 

Teaching 

Development 
4. Introduction (5 minutes) 

• Discuss the goal of reinforcement learning in terms of finding an 

optimal policy.  

• Introduce value iteration and policy iteration as methods to find 

this policy. 

5. Development (30 minutes) 

 

• Explain the steps of value iteration and policy iteration, 

comparing their strengths and weaknesses.  

• Show how value iteration works by iteratively updating the 

value function, and how policy iteration alternates between 

policy evaluation and improvement. 

 

6. Exercise (5 minutes)  

Provide students with a simple MDP and ask them to implement 

either value iteration or policy iteration to find the optimal policy. 

Closure 
Summarize the differences between value iteration and policy iteration, 

emphasizing how they can be used to solve MDPs. 

Evaluation 
Practical coding task: Students will submit the implementation of value or 

policy iteration on a given MDP. They will be evaluated based on the 

correctness of the implementation and the efficiency of their solution. 

 

 

 



 

 

 

 

Lesson Plan No. 5.4 Course Name: Advanced Machine 

Learning 

Topic: Q-learning Algorithm 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

1. Understand the Q-learning algorithm and how it allows an agent to learn 

the optimal policy without a model of the environment. 

2. Learn about the exploration-exploitation trade-off in Q-learning. 

  Teaching Aids 

   (if any) 
• PowerPoint slides 

• Diagram of Q-learning process. 

• Python code example of Q-learning in a grid world. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Introduce Q-learning as a model-free RL algorithm where an 

agent learns the optimal policy through trial and error.  

• Explain the concept of Q-values (action-value function). 

2. Development (30 minutes) 

• Discuss the Q-learning algorithm, including the update rule, 

exploration-exploitation trade-off, and how the agent updates 

the Q-values after each action.  

• Provide a hands-on example using a grid world environment. 

3. Exercise (5 minutes) 

Ask students to implement a basic Q-learning algorithm for a grid world 

problem and evaluate its learning progress. 

Closure 
Summarize how Q-learning enables agents to learn optimal policies without 

knowing the environment’s model and discuss the importance of balancing 

exploration and exploitation. 

Evaluation 
Practical coding task: Students will implement Q-learning in Python and 

demonstrate its performance on a grid world task. Evaluation will be based 

on the agent's ability to learn an optimal policy. 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 5.5 Course Name: Advanced Machine 

Learning 

Topic: Deep Q-learning (DQN) 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

 

1. Understand the Deep Q-learning (DQN) algorithm and how deep 

learning is integrated into Q-learning to solve complex problems. 

2. Learn how neural networks can approximate Q-values. 

Teaching Aids 

 (if any) 
• PowerPoint slides 

• Visual representation of DQN architecture. 

• Python code for implementing a simple DQN. 

Teaching 

Development 

1. Introduction (5 minutes) 

• Explain how Q-learning works well for simple environments 

but struggles with high-dimensional state spaces.  

• Introduce Deep Q-learning as a solution by using deep neural 

networks to approximate Q-values. 

2. Development (30 minutes) 

• Walk through the architecture of Deep Q-learning, explaining 

the use of experience replay and fixed Q-targets. 

• Discuss how DQN overcomes the limitations of traditional Q-

learning by handling large state spaces like images. 

3. Exercise (5 minutes) 

Ask students to implement a simple DQN for a basic RL task, such as 

CartPole, and evaluate its performance. 

Closure 
Summarize the importance of DQN in solving high-dimensional problems 

and how deep learning enhances Q-learning for complex environments. 

Evaluation 
Practical coding task: Evaluate students on their ability to implement a 

DQN and achieve satisfactory performance on a RL task like CartPole. The 

submission should include results and analysis. 

 

 

 

 

 



 

 

 

 

Lesson Plan No. 5.6 Course Name: Advanced Machine 

Learning 

Topic: Policy Gradient Methods 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

 

1. Learn about policy gradient methods and how they optimize policies 

directly, as opposed to value-based methods. 

2. Understand the REINFORCE algorithm and its use in policy 

optimization. 

Teaching Aids 

 (if any) 
• PowerPoint slides 

• Diagrams of policy gradient methods. 

• Python code for implementing REINFORCE. 

Teaching 

Development 

1. Introduction (5 minutes) 

 

• Explain how policy gradient methods differ from value-based 

methods like Q-learning.  

• Discuss the concept of directly optimizing the policy using 

gradients. 

2. Development (30 minutes) 

 

• Discuss the REINFORCE algorithm, which uses Monte Carlo 

methods to estimate gradients of the expected return with 

respect to the policy.  

• Walk through the key steps involved in implementing policy 

gradient methods. 

 

3. Exercise (5 minutes)  

• Ask students to implement the REINFORCE algorithm for a 

simple RL task and evaluate its performance. 

Closure • Summarize how policy gradient methods provide an alternative to 

value-based methods and their ability to optimize stochastic policies 

directly. 

Evaluation • Practical coding task: Students will submit their implementation of the 

REINFORCE algorithm and demonstrate its application on a simple RL 

task. 

•  Evaluation will be based on their ability to implement and tune the 

algorithm. 

 

 



 

 

 

 

Lesson Plan No. 5.7 Course Name: Advanced Machine 

Learning 

Topic: Actor-Critic Methods 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

1. Understand actor-critic methods and how they combine the benefits of 

value-based and policy-based approaches. 

2. Learn about the differences between the actor and the critic in the 

algorithm. 

Teaching Aids 

 (if any) 
• PowerPoint slides 

• Diagram of actor-critic architecture. 

• Python code for implementing a simple actor-critic algorithm. 

Teaching 

Development 
1. Introduction (5 minutes) 

 

Explain the challenges faced by both policy-based and value-based 

methods, and how actor-critic methods combine the strengths of both 

approaches. 

2. Development (30 minutes) 

• Introduce the actor-critic framework, where the actor proposes 

actions and the critic evaluates them.  

• Walk through the algorithm, discussing how the actor is 

updated using policy gradients and the critic using value 

function updates. 

 

3. Exercise (5 minutes)  

Ask students to implement a basic actor-critic algorithm and evaluate 

its performance on a simple task like CartPole. 

Closure • Summarize how actor-critic methods strike a balance between the 

policy-based and value-based methods, offering advantages in terms 

of stability and performance. 

Evaluation • Practical coding task: Students will submit their implementation of 

the actor-critic algorithm and analyze its performance on a 

reinforcement learning task. 

 

 

 

 



 

 

 

 

Lesson Plan No. 5.8 Course Name: Advanced Machine 

Learning 

Topic: Exploration-Exploitation 

Dilemma in RL 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Understand the exploration-exploitation dilemma and its impact on 

reinforcement learning algorithms. 

• Learn about techniques to balance exploration and exploitation, such 

as epsilon-greedy and softmax action selection. 

Teaching Aids 

 (if any) 
• Slides on exploration-exploitation dilemma. 

• Interactive demonstration of epsilon-greedy and softmax exploration 

strategies. 

Teaching 

Development 

1. Introduction (5 minutes) 

 

Introduce the exploration-exploitation dilemma, where an agent must 

balance exploring new actions with exploiting known actions for 

maximum reward. 

2. Development (30 minutes) 

• Discuss techniques like epsilon-greedy, where the agent 

explores randomly with probability epsilon and exploits the 

best-known action with probability 1-epsilon.  

• Introduce softmax action selection as a probabilistic 

alternative. 

 

3. Exercise (5 minutes)  

Have students implement both epsilon-greedy and softmax action 

selection methods and evaluate their performance on a given RL task. 

Closure • Summarize the importance of managing the exploration-exploitation 

trade-off in RL and how these techniques help agents learn optimal 

behaviors over time. 

Evaluation • Practical coding task: Students will submit their implementations of 

exploration strategies and compare the performance of epsilon-

greedy vs softmax in a reinforcement learning environment. 

 

 

 



 

 

 

 

Lesson Plan No. 5.9 Course Name: Advanced Machine 

Learning 

Topic: RL Applications and Case Studies 

Course No.: COM-801 

 

Objectives At the end of the lesson the student shall be able to: 

• Explore real-world applications of reinforcement learning in various 

domains. 

• Understand case studies where RL has been successfully applied, such 

as robotics, gaming, and autonomous vehicles. 

Teaching Aids 

 (if any) 
• Case study presentations on RL applications. 

• Video demonstrations of RL in action (e.g., AlphaGo, self-driving 

cars). 

Teaching 

Development 1. Introduction (5 minutes) 

Introduce the vast potential of reinforcement learning in real-world 

applications, particularly in environments where decision-making is 

complex and sequential. 

2. Development (30 minutes) 

Discuss case studies of RL in various fields, such as gaming 

(AlphaGo), robotics (robot navigation), and autonomous vehicles. Use 

videos to demonstrate RL applications in action. 

3. Exercise (5 minutes)  

Ask students to research an application of RL and present how RL 

algorithms could be applied in that domain. 

Closure • Summarize the transformative power of RL and its wide-ranging 

applications.  

• Discuss how RL is continuing to shape the future of AI. 

 

Evaluation • Students will be evaluated based on their research on RL 

applications and their ability to present how RL can solve real-world 

problems effectively.  

• Evaluate their presentation clarity and understanding of RL 

applications. 

 

 


