Chapter 1: Machine Learning — An Introduction
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Chapter 2: Neural Networks
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Chapter 3: Deep Learning Fundamentals
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Chapter 4: Unsupervised Feature Learning
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Chapter 5: Image Recognition
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Chapter 6: Recurrent Neural Networks and Language Models
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Chapter 7: Deep Learning for Board Games
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Chapter 8: Deep Learning for Computer Games
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Chapter 9: Anomaly Detection
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Chapter 10: Building a Production-Ready Intrusion Detection System
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