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MATHEMATICS FOR MACHINE LEARNING
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In mathematics for machine learning (ML), we aim to teach students how to
design an algorithm and extract meaningful information from raw data for
training a model, First, we will discuss the background knowledge of
mathematics, including linear algebra, probability theory, vector calculus, and
optimization, The second part introduces linear regression, dimensionality
reduction, e.g., PCA, classification, e.g, SVM, and density estimation, for ML
approaches, After that, students can understand the architecture and
principles of ML,
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Marc Peter Deisenroth, A, Aldo Faisal and Cheng Soon Ong, Mathematics
for machine learning, CAMBRIDGE UNIVERSITY PRESS, 2020,
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