
A Route Map to be an AI Expert 

 

•   Green → Essential for beginners and foundational knowledge. 

•   Yellow → Intermediate topics that build on the foundations. 

•   Red → Advanced and specialized topics for deep expertise. 

 

Route Map to Learn Generative AI 

1. Programming Foundation 

•   Python - Basics, Functions, OOP, Libraries 

•   NumPy - Arrays, Linear Algebra Operations 

•   Pandas - DataFrames, Data Cleaning, Data Wrangling 

•   Matplotlib and Seaborn - Data Visualization 

2. Mathematical Foundations 

•   Linear Algebra - Vectors, Matrices, Eigenvalues, Singular Value Decomposition (SVD) 

•   Calculus - Differentiation, Partial Derivatives, Chain Rule, Optimization 

•   Probability - Random Variables, Probability Distributions, Bayes’ Theorem 

•   Statistics - Descriptive Statistics, Hypothesis Testing, Confidence Intervals 

3. Data Processing 

•   Databases and Data Warehouse - SQL, NoSQL, Data Lake 

•   Data Sources - APIs, Web Scraping, Public Datasets 

•   Preprocessing - Handling Missing Data, Data Normalization, Outlier Detection 

•   Dimensionality Reduction - PCA, t-SNE, LDA 

•   Data Modeling - Data Cleaning, Feature Engineering, Data Transformation 

•   Exploratory Data Analytics - Statistical Analysis, Visualization 

4. Feature Engineering 

•   Mathematics Model for Features Dataset - As Matrix, As Random Variables 

•   Image Processing and Feature Extraction - OpenCV, Edge Detection, HOG, SIFT 

•   Basics of Text Processing and Feature Extraction - Tokenization, Word Embeddings (TF-

IDF, Word2Vec, BERT Embeddings) 

•   Signal Processing with Librosa - Feature Extraction from Audio, MFCCs, Spectrograms 



5. Machine Learning 

•   Machine Learning Foundations and Theory - Bias-Variance Tradeoff, Model Evaluation 

Metrics 

•   Learning Models - Linear Models, Decision Trees, Ensemble Methods 

•   Supervised Learning 

o   Classification - SVM, Logistic Regression, Random Forest, Neural Networks 

o   Regression - Linear Regression, Polynomial Regression, Decision Trees 

•   Unsupervised Learning 

o   Clustering - K-Means, DBSCAN, Hierarchical Clustering 

o   Association Rule Mining - Apriori, FP-Growth 

•   Reinforcement Learning - Markov Decision Process (MDP), Q-Learning, Policy Gradient 

6. Artificial Neural Networks (ANN) 

•   Recap of Vectors, Partial Derivatives, Optimizations 

•   Biological Neurons - Neuron Structure, Brain Analogies 

•   Perceptron - Decision Boundary, Weights, Bias 

•   Perceptron Learning Algorithm - Convergence and Limitations 

•   Non-linear Problems and Perceptron - XOR Problem, Need for Hidden Layers 

•   Multi-Layer Perceptron (MLP) - Activation Functions, Layer Stacking 

•   Backpropagation Learning Algorithm - Gradient Descent, Chain Rule 

•   Regularization Techniques - Dropout, L1/L2 Regularization 

•   Optimization and Loss Functions - SGD, Adam, RMSProp 

•   Universal Approximation Theorem - Theoretical Foundations 

•   Distributed Training with TensorFlow and PyTorch - Model Parallelism, Data Parallelism 

7. Advances in Machine Learning 

•   Ensemble Learning - Bagging, Boosting, Stacking 

•   AutoML - AutoKeras, H2O.ai, Google AutoML 

•   Explainable AI (XAI) - SHAP, LIME, Model Interpretability 

8. Deep Neural Networks 

•   Deep Learning Fundamentals - Activation Functions, Gradient Descent, Architectures 

•   Properties of a Deep Neural Network - Depth, Width, Overfitting 



•   Convolutional Neural Networks (CNNs) - Filters, Pooling, ResNet, EfficientNet 

•   Recurrent Neural Networks (RNNs) Family - Vanilla RNN, LSTM, GRU, Attention 

Mechanisms 

•   Pretrained Models and Transfer Learning - ResNet, VGG, BERT, GPT 

9. Generative Deep Learning Models 

•   Autoencoders - Basic, Denoising, Sparse Autoencoders 

•   Pix2Pix and Seq2Seq Models - Image-to-Image Translation, Text Generation 

•   Variational Autoencoders (VAEs) - Latent Space Representations 

•   Generative Adversarial Networks (GANs) - GAN Training, Stability Challenges 

•   GAN Variants - DCGAN, CycleGAN, StyleGAN, BigGAN 

•   Attention Mechanism - Self-Attention, Multi-Head Attention 

•   Transformer Model - Encoder-Decoder Architecture, Scaling Laws 

•   BERT, GPT, and T5 - Pretraining Objectives, Fine-tuning Techniques 

10. Large Language Models (LLMs) 

•   LLM Fundamentals - Transformer Architecture, Scaling Laws 

•   Building LLMs - Training, Data Preparation, Tokenization 

•   Pretraining - Masked Language Modeling, Causal Language Modeling 

•   Fine-Tuning - Domain-Specific Adaptation, LoRA, QLoRA 

•   Retrieval-Augmented Generation (RAG) - Hybrid Models, Knowledge Injection 

11. Vision-Language Models 

•   Vision Transformers (ViTs) - Image Patch Encoding, Self-Attention in Vision 

•   Diffusion Models - Denoising Diffusion Probabilistic Models (DDPM) 

•   Contrastive Learning - CLIP, SimCLR, MoCo 

12. Graph Neural Networks and Self-Supervised Learning Models 

•   Graph Neural Networks (GNNs) - GCN, GAT, GraphSAGE 

•   Self-Supervised Learning (SSL) - Contrastive Learning, Masked Learning 

13. Reinforcement Learning 

•   Policy-Based and Value-Based Methods - DQN, PPO, A3C 

•   Deep Reinforcement Learning - AlphaZero, MuZero 

•   Applications of RL in Generative AI - Chatbot Tuning, Game AI 



14. Federated Learning and Split Learning 

•   Federated Learning - Privacy-Preserving AI, Edge Computing 

•   Split Learning - Collaborative Model Training 

15. Multimodal Learning 

•   Text-Image Models - CLIP, DALL·E, BLIP 

•   Audio-Visual Models - Audio-Text-Image Fusion 

•   Multimodal Transformers - UniT, Flamingo 

 

This color-coded roadmap prioritizes foundational topics ( ), intermediate subjects ( ), and 

advanced/specialized areas ( ).  

 

 

  



A comprehensive list of references and learning materials for each major 

section in the roadmap: 

 

1. Programming Foundation 

Books & Tutorials 

• Python: 

o        Python Crash Course by Eric Matthes 

o        Automate the Boring Stuff with Python by Al Sweigart 

• NumPy & Pandas: 

o        Python for Data Analysis by Wes McKinney 

• Matplotlib & Seaborn: 

o       Matplotlib & Seaborn Crash Course - YouTube 

Online Courses 

•    Python for Everybody (Coursera - Dr. Charles Severance) 

•    Python Data Science Handbook (Jake VanderPlas) 

 

2. Mathematical Foundations 

Books 

•        Linear Algebra and Its Applications by Gilbert Strang 

•        Introduction to Probability by Joseph Blitzstein & Jessica Hwang 

•        The Elements of Statistical Learning by Hastie, Tibshirani, and Friedman 

Online Courses 

•    MIT Linear Algebra Course - Gilbert Strang (YouTube) 

•    Khan Academy - Probability & Statistics 

•    Calculus - 3Blue1Brown Video Series 

 

3. Data Processing & Feature Engineering 

Books 

•        Data Science for Business by Foster Provost 

•        Feature Engineering for Machine Learning by Alice Zheng 

https://www.youtube.com/watch?v=0yZ5nNN_K8Y
https://www.coursera.org/specializations/python
https://jakevdp.github.io/PythonDataScienceHandbook/
https://www.youtube.com/watch?v=7UJ4CFRGd-U
https://www.khanacademy.org/math/statistics-probability
https://www.youtube.com/playlist?list=PLZHQObOWTQDOjZRLkM6aLGRbD3bF2gMiu


Online Resources 

•    Pandas Documentation 

•    scikit-learn Feature Engineering Guide 

 

4. Machine Learning 

Books 

•        Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow by Aurélien 

Géron 

•        Pattern Recognition and Machine Learning by Christopher Bishop 

Courses 

•    Andrew Ng’s Machine Learning (Coursera) 

•    fast.ai Practical Deep Learning for Coders 

 

5. Deep Learning 

Books 

•        Deep Learning by Ian Goodfellow, Yoshua Bengio, Aaron Courville 

•        Neural Networks and Deep Learning by Michael Nielsen (Free online: 

http://neuralnetworksanddeeplearning.com/) 

Courses & Tutorials 

•    Deep Learning Specialization (Andrew Ng - Coursera) 

•    MIT Deep Learning (YouTube) 

•       Stanford CS231n (Convolutional Neural Networks for Visual Recognition) 

 

6. Generative Deep Learning Models 

Books 

•        Generative Deep Learning by David Foster 

•        GANs in Action by Jakub Langr and Vladimir Bok 

Online Resources 

•    TensorFlow GAN Tutorial 

•    PyTorch GAN Tutorial 

 

https://pandas.pydata.org/docs/
https://scikit-learn.org/stable/modules/feature_selection.html
https://www.coursera.org/learn/machine-learning
https://course.fast.ai/
http://neuralnetworksanddeeplearning.com/
https://www.coursera.org/specializations/deep-learning
https://deeplearning.mit.edu/
http://cs231n.stanford.edu/
https://www.tensorflow.org/tutorials/generative/dcgan
https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html


7. Large Language Models (LLMs) & Transformers 

Books 

•        Natural Language Processing with Transformers by Lewis Tunstall, Leandro von Werra, 

Thomas Wolf 

•        Speech and Language Processing by Daniel Jurafsky and James H. Martin 

Online Courses 

•    Hugging Face Course - Transformers 

•    Andrej Karpathy’s LLM Training & Scaling 

 

8. Vision-Language Models, Diffusion Models & Multimodal Learning 

Research Papers 

•      Attention Is All You Need - Vaswani et al. (2017) 

•      DALL·E 2: Hierarchical Text-Conditional Image Generation (OpenAI) 

•      CLIP: Learning Transferable Visual Models from Natural Language Supervision 

Online Resources 

•    Hugging Face Diffusers 

•    OpenAI’s CLIP and DALL·E Blog 

 

9. Reinforcement Learning & Self-Supervised Learning 

Books 

•        Reinforcement Learning: An Introduction by Sutton & Barto 

•        Deep Reinforcement Learning Hands-On by Maxim Lapan 

Courses 

•    DeepMind x UCL Reinforcement Learning Lectures 

•    Spinning Up in Deep RL (OpenAI) 

 

10. Federated Learning & Edge AI 

Online Resources 

•    Federated Learning with PyTorch 

•    Google AI Blog on Federated Learning 

https://huggingface.co/course/
https://karpathy.ai/
https://huggingface.co/docs/diffusers/index
https://openai.com/research/clip/
https://www.davidsilver.uk/teaching/
https://spinningup.openai.com/en/latest/
https://pytorch.org/tutorials/intermediate/federated_learning_tutorial.html
https://ai.googleblog.com/2017/04/federated-learning-collaborative.html


 

11. Practical Hands-on Resources 

Platforms for Hands-on Learning 

•    Google Colab (Free GPUs for AI/ML) 

•    Kaggle Courses & Competitions 

•    Papers with Code (SOTA AI models) 

Model Training Frameworks 

•    TensorFlow Tutorials 

•    PyTorch Documentation 

 

Final Words 

This list provides everything from foundational concepts to cutting-edge AI topics. Start with the 

essential green-marked topics before moving to yellow and red areas.         

  

https://colab.research.google.com/
https://www.kaggle.com/
https://paperswithcode.com/
https://www.tensorflow.org/tutorials
https://pytorch.org/docs/stable/index.html


A Structure Study Plan 

 

                Month 1: Foundations – Python, Math, and Data Processing 

  Week 1: Python & Libraries 

             Study: 

• Learn Python basics (functions, loops, OOP, list comprehensions). 

• Work with NumPy (arrays, broadcasting, linear algebra). 

• Learn Pandas for data manipulation. 

     Practice: 

• Solve problems on LeetCode (easy level). 

• Do exercises from Python for Data Analysis by Wes McKinney. 

  Week 2: Linear Algebra & Calculus 

             Study: 

• Vectors, matrices, eigenvalues, singular value decomposition (SVD). 

• Partial derivatives, chain rule, gradient descent. 

     Practice: 

• Solve matrix operations using NumPy. 

• Watch 3Blue1Brown Linear Algebra Playlist. 

  Week 3: Probability & Statistics 

             Study: 

• Bayes’ theorem, probability distributions (Gaussian, Bernoulli, Poisson). 

• Hypothesis testing, confidence intervals. 

     Practice: 

• Apply probability concepts using Python (e.g., simulate dice rolls). 

• Read Introduction to Probability by Blitzstein & Hwang. 

  Week 4: Data Preprocessing & EDA 

             Study: 

• Handling missing data, feature scaling, outlier detection. 

• Dimensionality reduction (PCA, t-SNE). 

• Exploratory Data Analysis (EDA) using Pandas and Seaborn. 

https://leetcode.com/
https://www.youtube.com/playlist?list=PLZHQObOWTQDOjZRLkM6aLGRbD3bF2gMiu


     Practice: 

• Work with real datasets on Kaggle. 

• Do a small project: Analyze and visualize a dataset. 

 

                Month 2: Machine Learning & Neural Networks 

  Week 5: Supervised Learning 

             Study: 

• Linear Regression, Logistic Regression, Decision Trees. 

• Evaluation metrics (MSE, RMSE, ROC-AUC, Precision/Recall). 

     Practice: 

• Implement regression models using Scikit-learn. 

• Train a classification model on the Titanic dataset. 

  Week 6: Unsupervised Learning 

             Study: 

• Clustering (K-Means, DBSCAN, Hierarchical Clustering). 

• Association Rule Mining (Apriori, FP-Growth). 

     Practice: 

• Apply K-Means on a dataset using Scikit-learn. 

• Implement Market Basket Analysis on transaction data. 

  Week 7: Introduction to Neural Networks 

             Study: 

• Biological vs. artificial neurons, activation functions. 

• Perceptron model and learning algorithm. 

     Practice: 

• Build a perceptron using NumPy. 

• Implement XOR problem using a simple MLP. 

  Week 8: Deep Learning & Backpropagation 

             Study: 

• Multi-Layer Perceptron (MLP), backpropagation algorithm. 

• Regularization techniques (dropout, batch normalization). 

https://www.kaggle.com/


     Practice: 

• Train an MLP model using TensorFlow/Keras. 

• Use PyTorch for basic neural network training. 

 

                Month 3: Advanced Deep Learning & CNNs 

  Week 9: CNNs for Image Processing 

             Study: 

• Convolutional layers, pooling, ReLU activation. 

• Famous architectures (LeNet, AlexNet, ResNet). 

     Practice: 

• Train a CNN on MNIST dataset using TensorFlow. 

• Fine-tune a pretrained ResNet on a custom dataset. 

  Week 10: Recurrent Neural Networks (RNNs) 

             Study: 

• RNNs, LSTMs, GRUs, vanishing gradients. 

     Practice: 

• Build an LSTM model for sentiment analysis. 

• Train an RNN on time-series data. 

  Week 11: Transfer Learning & Pretrained Models 

             Study: 

• Transfer learning basics (ResNet, EfficientNet, BERT). 

• Using pretrained models for different tasks. 

     Practice: 

• Implement transfer learning on a vision dataset. 

• Fine-tune a BERT model for text classification. 

  Week 12: Distributed Training & Optimization 

             Study: 

• Optimizers (SGD, Adam, RMSprop). 

• Parallelization in PyTorch and TensorFlow. 

     Practice: 



• Train a deep model using multiple GPUs. 

 

                Month 4: Generative AI – VAEs, GANs & Transformers 

  Week 13: Variational Autoencoders (VAEs) 

             Study: 

• Encoder-decoder architectures, latent space representation. 

     Practice: 

• Implement a VAE for image generation. 

  Week 14: GANs 

             Study: 

• GAN architecture, loss functions (WGAN, DCGAN). 

     Practice: 

• Train a simple GAN on MNIST dataset. 

  Week 15: GAN Variants 

             Study: 

• CycleGAN, Pix2Pix, StyleGAN, BigGAN. 

     Practice: 

• Train CycleGAN for image-to-image translation. 

  Week 16: Transformers & Attention 

             Study: 

• Self-attention, multi-head attention, Transformer model. 

     Practice: 

• Implement a Transformer from scratch. 

 

                Month 5: Large Language Models & Vision-Language Models 

  Week 17: BERT & GPT 

             Study: 

• Pretraining vs. fine-tuning, masked language modeling. 

     Practice: 

• Fine-tune BERT on a text classification dataset. 



  Week 18: LLM Training & Scaling 

             Study: 

• Scaling laws, dataset preparation. 

     Practice: 

• Train a small transformer on custom data. 

  Week 19: Vision-Language Models 

             Study: 

• CLIP, DALL·E, Flamingo. 

     Practice: 

• Use CLIP to find images from text prompts. 

  Week 20: Diffusion Models 

             Study: 

• Denoising Diffusion Probabilistic Models (DDPM). 

     Practice: 

• Train a diffusion model using Hugging Face Diffusers. 

 

                Month 6: Reinforcement Learning & Federated Learning 

  Week 21: Reinforcement Learning Basics 

             Study: 

• Markov Decision Processes, Q-learning. 

     Practice: 

• Solve OpenAI Gym environments. 

  Week 22: Deep Reinforcement Learning 

             Study: 

• PPO, A3C, DQN. 

     Practice: 

• Train an RL agent in a simple game. 

  Week 23: Federated Learning 

             Study: 

• Privacy-preserving AI. 



     Practice: 

• Implement federated learning with PyTorch. 

  Week 24: Capstone Project 

             Study: 

• Build an end-to-end Generative AI project. 

     Practice: 

• Choose a project like text-to-image generation or AI music. 

 

This structured plan balances theory and hands-on practice to help you master Generative AI.        

Let me know if you want any modifications!         

 

 


