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Introduces machine learning and its algorithmic paradigms, explaining the principles
behind automated learning approaches and the considerations underlying their usage.
The primary goal of this book is to provide a self-contained, comprehensive study of the
main ?rst-order methods that are frequently used in solving large-scale problems. Firstorder methods exploit information on values and gradients/subgradients (but not
Hessians) of the functions composing the model under consideration. With the increase
in the number of applications that can be modeled as large or even huge-scale
optimization problems, there has been a revived interest in using simple methods that
require low iteration cost as well as low memory storage. The author has gathered,
reorganized, and synthesized (in a unified manner) many results that are currently
scattered throughout the literature, many of which cannot be typically found in
optimization books. First-Order Methods in Optimization offers comprehensive study of
first-order methods with the theoretical foundations; provides plentiful examples and
illustrations; emphasizes rates of convergence and complexity analysis of the main firstorder methods used to solve large-scale problems; and covers both variables and
functional decomposition methods.
Math for Deep Learning provides the essential math you need to understand deep
learning discussions, explore more complex implementations, and better use the deep
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learning toolkits. With Math for Deep Learning, you'll learn the essential mathematics
used by and as a background for deep learning. You’ll work through Python examples
to learn key deep learning related topics in probability, statistics, linear algebra,
differential calculus, and matrix calculus as well as how to implement data flow in a
neural network, backpropagation, and gradient descent. You’ll also use Python to work
through the mathematics that underlies those algorithms and even build a fullyfunctional neural network. In addition you’ll find coverage of gradient descent including
variations commonly used by the deep learning community: SGD, Adam, RMSprop,
and Adagrad/Adadelta.
Features an introduction to probability theory using measure theory. This work provides
proofs of the essential introductory results and presents the measure theory and
mathematical details in terms of intuitive probabilistic concepts, rather than as separate,
imposing subjects.
Linear algebra is a pillar of machine learning. You cannot develop a deep
understanding and application of machine learning without it. In this laser-focused
Ebook, you will finally cut through the equations, Greek letters, and confusion, and
discover the topics in linear algebra that you need to know. Using clear explanations,
standard Python libraries, and step-by-step tutorial lessons, you will discover what
linear algebra is, the importance of linear algebra to machine learning, vector, and
matrix operations, matrix factorization, principal component analysis, and much more.
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Create learning experiences that transform not only learning, but life itself. Learn about,
improve, and expand your world of learning. This hands-on companion to the runaway
best-seller, Deep Learning: Engage the World Change the World, provides an essential
roadmap for building capacity in teachers, schools, districts, and systems to design
deep learning, measure progress, and assess conditions needed to activate and
sustain innovation. Loaded with tips, tools, protocols, and real-world examples, the
easy-to-use guide has everything educators need to construct and drive meaningful
deep learning experiences that give purpose, unleash student potential, and prepare
students to become problem-solving change agents in a global society.
This graduate-level textbook introduces fundamental concepts and methods in machine
learning. It describes several important modern algorithms, provides the theoretical
underpinnings of these algorithms, and illustrates key aspects for their application. The
authors aim to present novel theoretical tools and concepts while giving concise proofs
even for relatively advanced topics. Foundations of Machine Learning fills the need for
a general textbook that also offers theoretical details and an emphasis on proofs.
Certain topics that are often treated with insufficient attention are discussed in more
detail here; for example, entire chapters are devoted to regression, multi-class
classification, and ranking. The first three chapters lay the theoretical foundation for
what follows, but each remaining chapter is mostly self-contained. The appendix offers
a concise probability review, a short introduction to convex optimization, tools for
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concentration bounds, and several basic properties of matrices and norms used in the
book.The book is intended for graduate students and researchers in machine learning,
statistics, and related areas; it can be used either as a textbook or as a reference text
for a research seminar.
A comprehensive guide to getting well-versed with the mathematical techniques for
building modern deep learning architectures Key Features Understand linear algebra,
calculus, gradient algorithms, and other concepts essential for training deep neural
networks Learn the mathematical concepts needed to understand how deep learning
models function Use deep learning for solving problems related to vision, image, text,
and sequence applications Book Description Most programmers and data scientists
struggle with mathematics, having either overlooked or forgotten core mathematical
concepts. This book uses Python libraries to help you understand the math required to
build deep learning (DL) models. You'll begin by learning about core mathematical and
modern computational techniques used to design and implement DL algorithms. This
book will cover essential topics, such as linear algebra, eigenvalues and eigenvectors,
the singular value decomposition concept, and gradient algorithms, to help you
understand how to train deep neural networks. Later chapters focus on important neural
networks, such as the linear neural network and multilayer perceptrons, with a primary
focus on helping you learn how each model works. As you advance, you will delve into
the math used for regularization, multi-layered DL, forward propagation, optimization,
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and backpropagation techniques to understand what it takes to build full-fledged DL
models. Finally, you’ll explore CNN, recurrent neural network (RNN), and GAN models
and their application. By the end of this book, you'll have built a strong foundation in
neural networks and DL mathematical concepts, which will help you to confidently
research and build custom models in DL. What you will learn Understand the key
mathematical concepts for building neural network models Discover core multivariable
calculus concepts Improve the performance of deep learning models using optimization
techniques Cover optimization algorithms, from basic stochastic gradient descent
(SGD) to the advanced Adam optimizer Understand computational graphs and their
importance in DL Explore the backpropagation algorithm to reduce output error Cover
DL algorithms such as convolutional neural networks (CNNs), sequence models, and
generative adversarial networks (GANs) Who this book is for This book is for data
scientists, machine learning developers, aspiring deep learning developers, or anyone
who wants to understand the foundation of deep learning by learning the math behind
it. Working knowledge of the Python programming language and machine learning
basics is required.
A coherent introductory text from a groundbreaking researcher, focusing on clarity and
motivation to build intuition and understanding.
Slowly, silently, now the moon Walks the night in her silver shoon; This way, and that, she
peers, and sees Silver fruit upon silver trees; One spring evening, the fairies gather in the
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woods. Two sleepy children join in the parade to a wonderful, dream-like fairy party. Illustrated
by bright new talent, Carolina Rabei, this Walter de la Mare poem is brought to life with
shimmery, ethereal illustrations, making it the perfect book for bedtime. One of four seasonal
Walter de la Mare picture books that form a set, each with complementing colour palates and
illustrations by rising young star Carolina.
An introduction to a broad range of topics in deep learning, covering mathematical and
conceptual background, deep learning techniques used in industry, and research perspectives.
“Written by three experts in the field, Deep Learning is the only comprehensive book on the
subject.” —Elon Musk, cochair of OpenAI; cofounder and CEO of Tesla and SpaceX Deep
learning is a form of machine learning that enables computers to learn from experience and
understand the world in terms of a hierarchy of concepts. Because the computer gathers
knowledge from experience, there is no need for a human computer operator to formally
specify all the knowledge that the computer needs. The hierarchy of concepts allows the
computer to learn complicated concepts by building them out of simpler ones; a graph of these
hierarchies would be many layers deep. This book introduces a broad range of topics in deep
learning. The text offers mathematical and conceptual background, covering relevant concepts
in linear algebra, probability theory and information theory, numerical computation, and
machine learning. It describes deep learning techniques used by practitioners in industry,
including deep feedforward networks, regularization, optimization algorithms, convolutional
networks, sequence modeling, and practical methodology; and it surveys such applications as
natural language processing, speech recognition, computer vision, online recommendation
systems, bioinformatics, and videogames. Finally, the book offers research perspectives,
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covering such theoretical topics as linear factor models, autoencoders, representation learning,
structured probabilistic models, Monte Carlo methods, the partition function, approximate
inference, and deep generative models. Deep Learning can be used by undergraduate or
graduate students planning careers in either industry or research, and by software engineers
who want to begin using deep learning in their products or platforms. A website offers
supplementary material for both readers and instructors.
Introduces cutting-edge research on machine learning theory and practice, providing an
accessible, modern algorithmic toolkit.
Mathematics for Machine LearningCambridge University Press
Summary Grokking Deep Learning teaches you to build deep learning neural networks from
scratch! In his engaging style, seasoned deep learning expert Andrew Trask shows you the
science under the hood, so you grok for yourself every detail of training neural networks.
Purchase of the print book includes a free eBook in PDF, Kindle, and ePub formats from
Manning Publications. About the Technology Deep learning, a branch of artificial intelligence,
teaches computers to learn by using neural networks, technology inspired by the human brain.
Online text translation, self-driving cars, personalized product recommendations, and virtual
voice assistants are just a few of the exciting modern advancements possible thanks to deep
learning. About the Book Grokking Deep Learning teaches you to build deep learning neural
networks from scratch! In his engaging style, seasoned deep learning expert Andrew Trask
shows you the science under the hood, so you grok for yourself every detail of training neural
networks. Using only Python and its math-supporting library, NumPy, you'll train your own
neural networks to see and understand images, translate text into different languages, and
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even write like Shakespeare! When you're done, you'll be fully prepared to move on to
mastering deep learning frameworks. What's inside The science behind deep learning Building
and training your own neural networks Privacy concepts, including federated learning Tips for
continuing your pursuit of deep learning About the Reader For readers with high school-level
math and intermediate programming skills. About the Author Andrew Trask is a PhD student at
Oxford University and a research scientist at DeepMind. Previously, Andrew was a researcher
and analytics product manager at Digital Reasoning, where he trained the world's largest
artificial neural network and helped guide the analytics roadmap for the Synthesys cognitive
computing platform. Table of Contents Introducing deep learning: why you should learn it
Fundamental concepts: how do machines learn? Introduction to neural prediction: forward
propagation Introduction to neural learning: gradient descent Learning multiple weights at a
time: generalizing gradient descent Building your first deep neural network: introduction to
backpropagation How to picture neural networks: in your head and on paper Learning signal
and ignoring noise:introduction to regularization and batching Modeling probabilities and
nonlinearities: activation functions Neural learning about edges and corners: intro to
convolutional neural networks Neural networks that understand language: king - man + woman
== ? Neural networks that write like Shakespeare: recurrent layers for variable-length data
Introducing automatic optimization: let's build a deep learning framework Learning to write like
Shakespeare: long short-term memory Deep learning on unseen data: introducing federated
learning Where to go from here: a brief guide
Machine Learning has become a key enabling technology for many engineering applications,
investigating scientific questions and theoretical problems alike. To stimulate discussions and
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to disseminate new results, a summer school series was started in February 2002, the
documentation of which is published as LNAI 2600. This book presents revised lectures of two
subsequent summer schools held in 2003 in Canberra, Australia, and in Tübingen, Germany.
The tutorial lectures included are devoted to statistical learning theory, unsupervised learning,
Bayesian inference, and applications in pattern recognition; they provide in-depth overviews of
exciting new developments and contain a large number of references. Graduate students,
lecturers, researchers and professionals alike will find this book a useful resource in learning
and teaching machine learning.
Nothing provided
This book provides an introduction to the mathematical and algorithmic foundations of data
science, including machine learning, high-dimensional geometry, and analysis of large
networks. Topics include the counterintuitive nature of data in high dimensions, important
linear algebraic techniques such as singular value decomposition, the theory of random walks
and Markov chains, the fundamentals of and important algorithms for machine learning,
algorithms and analysis for clustering, probabilistic models for large networks, representation
learning including topic modelling and non-negative matrix factorization, wavelets and
compressed sensing. Important probabilistic techniques are developed including the law of
large numbers, tail inequalities, analysis of random projections, generalization guarantees in
machine learning, and moment methods for analysis of phase transitions in large random
graphs. Additionally, important structural and complexity measures are discussed such as
matrix norms and VC-dimension. This book is suitable for both undergraduate and graduate
courses in the design and analysis of algorithms for data.
Page 9/25

Download File PDF Mathematics Of Machine Learning Lecture Notes
This textbook introduces linear algebra and optimization in the context of machine learning.
Examples and exercises are provided throughout this text book together with access to a
solution’s manual. This textbook targets graduate level students and professors in computer
science, mathematics and data science. Advanced undergraduate students can also use this
textbook. The chapters for this textbook are organized as follows: 1. Linear algebra and its
applications: The chapters focus on the basics of linear algebra together with their common
applications to singular value decomposition, matrix factorization, similarity matrices (kernel
methods), and graph analysis. Numerous machine learning applications have been used as
examples, such as spectral clustering, kernel-based classification, and outlier detection. The
tight integration of linear algebra methods with examples from machine learning differentiates
this book from generic volumes on linear algebra. The focus is clearly on the most relevant
aspects of linear algebra for machine learning and to teach readers how to apply these
concepts. 2. Optimization and its applications: Much of machine learning is posed as an
optimization problem in which we try to maximize the accuracy of regression and classification
models. The “parent problem” of optimization-centric machine learning is least-squares
regression. Interestingly, this problem arises in both linear algebra and optimization, and is one
of the key connecting problems of the two fields. Least-squares regression is also the starting
point for support vector machines, logistic regression, and recommender systems.
Furthermore, the methods for dimensionality reduction and matrix factorization also require the
development of optimization methods. A general view of optimization in computational graphs
is discussed together with its applications to back propagation in neural networks. A frequent
challenge faced by beginners in machine learning is the extensive background required in
Page 10/25

Download File PDF Mathematics Of Machine Learning Lecture Notes
linear algebra and optimization. One problem is that the existing linear algebra and
optimization courses are not specific to machine learning; therefore, one would typically have
to complete more course material than is necessary to pick up machine learning. Furthermore,
certain types of ideas and tricks from optimization and linear algebra recur more frequently in
machine learning than other application-centric settings. Therefore, there is significant value in
developing a view of linear algebra and optimization that is better suited to the specific
perspective of machine learning.
"A First Course in Machine Learning by Simon Rogers and Mark Girolami is the best
introductory book for ML currently available. It combines rigor and precision with accessibility,
starts from a detailed explanation of the basic foundations of Bayesian analysis in the simplest
of settings, and goes all the way to the frontiers of the subject such as infinite mixture models,
GPs, and MCMC." —Devdatt Dubhashi, Professor, Department of Computer Science and
Engineering, Chalmers University, Sweden "This textbook manages to be easier to read than
other comparable books in the subject while retaining all the rigorous treatment needed. The
new chapters put it at the forefront of the field by covering topics that have become
mainstream in machine learning over the last decade." —Daniel Barbara, George Mason
University, Fairfax, Virginia, USA "The new edition of A First Course in Machine Learning by
Rogers and Girolami is an excellent introduction to the use of statistical methods in machine
learning. The book introduces concepts such as mathematical modeling, inference, and
prediction, providing ‘just in time’ the essential background on linear algebra, calculus, and
probability theory that the reader needs to understand these concepts." —Daniel Ortiz-Arroyo,
Associate Professor, Aalborg University Esbjerg, Denmark "I was impressed by how closely
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the material aligns with the needs of an introductory course on machine learning, which is its
greatest strength...Overall, this is a pragmatic and helpful book, which is well-aligned to the
needs of an introductory course and one that I will be looking at for my own students in coming
months." —David Clifton, University of Oxford, UK "The first edition of this book was already an
excellent introductory text on machine learning for an advanced undergraduate or taught
masters level course, or indeed for anybody who wants to learn about an interesting and
important field of computer science. The additional chapters of advanced material on Gaussian
process, MCMC and mixture modeling provide an ideal basis for practical projects, without
disturbing the very clear and readable exposition of the basics contained in the first part of the
book." —Gavin Cawley, Senior Lecturer, School of Computing Sciences, University of East
Anglia, UK "This book could be used for junior/senior undergraduate students or first-year
graduate students, as well as individuals who want to explore the field of machine
learning...The book introduces not only the concepts but the underlying ideas on algorithm
implementation from a critical thinking perspective." —Guangzhi Qu, Oakland University,
Rochester, Michigan, USA
The fundamental mathematical tools needed to understand machine learning include linear
algebra, analytic geometry, matrix decompositions, vector calculus, optimization, probability
and statistics. These topics are traditionally taught in disparate courses, making it hard for data
science or computer science students, or professionals, to efficiently learn the mathematics.
This self-contained textbook bridges the gap between mathematical and machine learning
texts, introducing the mathematical concepts with a minimum of prerequisites. It uses these
concepts to derive four central machine learning methods: linear regression, principal
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component analysis, Gaussian mixture models and support vector machines. For students and
others with a mathematical background, these derivations provide a starting point to machine
learning texts. For those learning the mathematics for the first time, the methods help build
intuition and practical experience with applying mathematical concepts. Every chapter includes
worked examples and exercises to test understanding. Programming tutorials are offered on
the book's web site.
The goal of learning theory is to approximate a function from sample values. To attain this goal
learning theory draws on a variety of diverse subjects, specifically statistics, approximation
theory, and algorithmics. Ideas from all these areas blended to form a subject whose many
successful applications have triggered a rapid growth during the last two decades. This is the
first book to give a general overview of the theoretical foundations of the subject emphasizing
the approximation theory, while still giving a balanced overview. It is based on courses taught
by the authors, and is reasonably self-contained so will appeal to a broad spectrum of
researchers in learning theory and adjacent fields. It will also serve as an introduction for
graduate students and others entering the field, who wish to see how the problems raised in
learning theory relate to other disciplines.
This text teaches maths in a step-by-step fashion – ideal for students on first-year engineering
and pre-degree courses. - Hundreds of examples and exercises, the majority set in an applied
engineering context so that you immediately see the purpose of what you are learning Introductory chapter revises indices, fractions, decimals, percentages and ratios - Fully worked
solutions to every problem on the companion website at www.palgrave.com/engineering/singh
plus searchable glossary, e-index, extra exercises, extra content and more!
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This engaging and clearly written textbook/reference provides a must-have introduction to the
rapidly emerging interdisciplinary field of data science. It focuses on the principles fundamental
to becoming a good data scientist and the key skills needed to build systems for collecting,
analyzing, and interpreting data. The Data Science Design Manual is a source of practical
insights that highlights what really matters in analyzing data, and provides an intuitive
understanding of how these core concepts can be used. The book does not emphasize any
particular programming language or suite of data-analysis tools, focusing instead on high-level
discussion of important design principles. This easy-to-read text ideally serves the needs of
undergraduate and early graduate students embarking on an “Introduction to Data Science”
course. It reveals how this discipline sits at the intersection of statistics, computer science, and
machine learning, with a distinct heft and character of its own. Practitioners in these and
related fields will find this book perfect for self-study as well. Additional learning tools: Contains
“War Stories,” offering perspectives on how data science applies in the real world Includes
“Homework Problems,” providing a wide range of exercises and projects for self-study
Provides a complete set of lecture slides and online video lectures at www.data-manual.com
Provides “Take-Home Lessons,” emphasizing the big-picture concepts to learn from each
chapter Recommends exciting “Kaggle Challenges” from the online platform Kaggle Highlights
“False Starts,” revealing the subtle reasons why certain approaches fail Offers examples
taken from the data science television show “The Quant Shop” (www.quant-shop.com)
Can artificial intelligence learn mathematics? The question is at the heart of this original
monograph bringing together theoretical physics, modern geometry, and data science. The
study of Calabi–Yau manifolds lies at an exciting intersection between physics and
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mathematics. Recently, there has been much activity in applying machine learning to solve
otherwise intractable problems, to conjecture new formulae, or to understand the underlying
structure of mathematics. In this book, insights from string and quantum field theory are
combined with powerful techniques from complex and algebraic geometry, then translated into
algorithms with the ultimate aim of deriving new information about Calabi–Yau manifolds. While
the motivation comes from mathematical physics, the techniques are purely mathematical and
the theme is that of explicit calculations. The reader is guided through the theory and provided
with explicit computer code in standard software such as SageMath, Python and Mathematica
to gain hands-on experience in applications of artificial intelligence to geometry. Driven by data
and written in an informal style, The Calabi–Yau Landscape makes cutting-edge topics in
mathematical physics, geometry and machine learning readily accessible to graduate students
and beyond. The overriding ambition is to introduce some modern mathematics to the
physicist, some modern physics to the mathematician, and machine learning to both.

Taken literally, the title "All of Statistics" is an exaggeration. But in spirit, the title is apt,
as the book does cover a much broader range of topics than a typical introductory book
on mathematical statistics. This book is for people who want to learn probability and
statistics quickly. It is suitable for graduate or advanced undergraduate students in
computer science, mathematics, statistics, and related disciplines. The book includes
modern topics like non-parametric curve estimation, bootstrapping, and classification,
topics that are usually relegated to follow-up courses. The reader is presumed to know
calculus and a little linear algebra. No previous knowledge of probability and statistics is
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required. Statistics, data mining, and machine learning are all concerned with collecting
and analysing data.
The significantly expanded and updated new edition of a widely used text on
reinforcement learning, one of the most active research areas in artificial intelligence.
Reinforcement learning, one of the most active research areas in artificial intelligence,
is a computational approach to learning whereby an agent tries to maximize the total
amount of reward it receives while interacting with a complex, uncertain environment. In
Reinforcement Learning, Richard Sutton and Andrew Barto provide a clear and simple
account of the field's key ideas and algorithms. This second edition has been
significantly expanded and updated, presenting new topics and updating coverage of
other topics. Like the first edition, this second edition focuses on core online learning
algorithms, with the more mathematical material set off in shaded boxes. Part I covers
as much of reinforcement learning as possible without going beyond the tabular case
for which exact solutions can be found. Many algorithms presented in this part are new
to the second edition, including UCB, Expected Sarsa, and Double Learning. Part II
extends these ideas to function approximation, with new sections on such topics as
artificial neural networks and the Fourier basis, and offers expanded treatment of offpolicy learning and policy-gradient methods. Part III has new chapters on reinforcement
learning's relationships to psychology and neuroscience, as well as an updated casestudies chapter including AlphaGo and AlphaGo Zero, Atari game playing, and IBM
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Watson's wagering strategy. The final chapter discusses the future societal impacts of
reinforcement learning.
Uncover the power of artificial neural networks by implementing them through R code.
About This Book Develop a strong background in neural networks with R, to implement
them in your applications Build smart systems using the power of deep learning Realworld case studies to illustrate the power of neural network models Who This Book Is
For This book is intended for anyone who has a statistical background with knowledge
in R and wants to work with neural networks to get better results from complex data. If
you are interested in artificial intelligence and deep learning and you want to level up,
then this book is what you need! What You Will Learn Set up R packages for neural
networks and deep learning Understand the core concepts of artificial neural networks
Understand neurons, perceptrons, bias, weights, and activation functions Implement
supervised and unsupervised machine learning in R for neural networks Predict and
classify data automatically using neural networks Evaluate and fine-tune the models
you build. In Detail Neural networks are one of the most fascinating machine learning
models for solving complex computational problems efficiently. Neural networks are
used to solve wide range of problems in different areas of AI and machine learning.
This book explains the niche aspects of neural networking and provides you with
foundation to get started with advanced topics. The book begins with neural network
design using the neural net package, then you'll build a solid foundation knowledge of
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how a neural network learns from data, and the principles behind it. This book covers
various types of neural network including recurrent neural networks and convoluted
neural networks. You will not only learn how to train neural networks, but will also
explore generalization of these networks. Later we will delve into combining different
neural network models and work with the real-world use cases. By the end of this book,
you will learn to implement neural network models in your applications with the help of
practical examples in the book. Style and approach A step-by-step guide filled with realworld practical examples.
During the past decade there has been an explosion in computation and information
technology. With it have come vast amounts of data in a variety of fields such as
medicine, biology, finance, and marketing. The challenge of understanding these data
has led to the development of new tools in the field of statistics, and spawned new
areas such as data mining, machine learning, and bioinformatics. Many of these tools
have common underpinnings but are often expressed with different terminology. This
book describes the important ideas in these areas in a common conceptual framework.
While the approach is statistical, the emphasis is on concepts rather than mathematics.
Many examples are given, with a liberal use of color graphics. It should be a valuable
resource for statisticians and anyone interested in data mining in science or industry.
The book’s coverage is broad, from supervised learning (prediction) to unsupervised
learning. The many topics include neural networks, support vector machines,
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classification trees and boosting---the first comprehensive treatment of this topic in any
book. This major new edition features many topics not covered in the original, including
graphical models, random forests, ensemble methods, least angle regression & path
algorithms for the lasso, non-negative matrix factorization, and spectral clustering.
There is also a chapter on methods for “wide” data (p bigger than n), including multiple
testing and false discovery rates. Trevor Hastie, Robert Tibshirani, and Jerome
Friedman are professors of statistics at Stanford University. They are prominent
researchers in this area: Hastie and Tibshirani developed generalized additive models
and wrote a popular book of that title. Hastie co-developed much of the statistical
modeling software and environment in R/S-PLUS and invented principal curves and
surfaces. Tibshirani proposed the lasso and is co-author of the very successful An
Introduction to the Bootstrap. Friedman is the co-inventor of many data-mining tools
including CART, MARS, projection pursuit and gradient boosting.
The first book to present the common mathematical foundations of big data analysis
across a range of applications and technologies. Today, the volume, velocity, and
variety of data are increasing rapidly across a range of fields, including Internet search,
healthcare, finance, social media, wireless devices, and cybersecurity. Indeed, these
data are growing at a rate beyond our capacity to analyze them. The tools—including
spreadsheets, databases, matrices, and graphs—developed to address this challenge all
reflect the need to store and operate on data as whole sets rather than as individual
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elements. This book presents the common mathematical foundations of these data sets
that apply across many applications and technologies. Associative arrays unify and
simplify data, allowing readers to look past the differences among the various tools and
leverage their mathematical similarities in order to solve the hardest big data
challenges. The book first introduces the concept of the associative array in practical
terms, presents the associative array manipulation system D4M (Dynamic Distributed
Dimensional Data Model), and describes the application of associative arrays to graph
analysis and machine learning. It provides a mathematically rigorous definition of
associative arrays and describes the properties of associative arrays that arise from this
definition. Finally, the book shows how concepts of linearity can be extended to
encompass associative arrays. Mathematics of Big Data can be used as a textbook or
reference by engineers, scientists, mathematicians, computer scientists, and software
engineers who analyze big data.
An up-to-date account of the interplay between optimization and machine learning,
accessible to students and researchers in both communities. The interplay between
optimization and machine learning is one of the most important developments in
modern computational science. Optimization formulations and methods are proving to
be vital in designing algorithms to extract essential knowledge from huge volumes of
data. Machine learning, however, is not simply a consumer of optimization technology
but a rapidly evolving field that is itself generating new optimization ideas. This book
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captures the state of the art of the interaction between optimization and machine
learning in a way that is accessible to researchers in both fields. Optimization
approaches have enjoyed prominence in machine learning because of their wide
applicability and attractive theoretical properties. The increasing complexity, size, and
variety of today's machine learning models call for the reassessment of existing
assumptions. This book starts the process of reassessment. It describes the
resurgence in novel contexts of established frameworks such as first-order methods,
stochastic approximations, convex relaxations, interior-point methods, and proximal
methods. It also devotes attention to newer themes such as regularized optimization,
robust optimization, gradient and subgradient methods, splitting techniques, and
second-order methods. Many of these techniques draw inspiration from other fields,
including operations research, theoretical computer science, and subfields of
optimization. The book will enrich the ongoing cross-fertilization between the machine
learning community and these other fields, and within the broader optimization
community.
Linear algebra and the foundations of deep learning, together at last! From Professor
Gilbert Strang, acclaimed author of Introduction to Linear Algebra, comes Linear
Algebra and Learning from Data, the first textbook that teaches linear algebra together
with deep learning and neural nets. This readable yet rigorous textbook contains a
complete course in the linear algebra and related mathematics that students need to
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know to get to grips with learning from data. Included are: the four fundamental
subspaces, singular value decompositions, special matrices, large matrix computation
techniques, compressed sensing, probability and statistics, optimization, the
architecture of neural nets, stochastic gradient descent and backpropagation.
Distills key concepts from linear algebra, geometry, matrices, calculus, optimization,
probability and statistics that are used in machine learning.
Discover New Methods for Dealing with High-Dimensional Data A sparse statistical model has
only a small number of nonzero parameters or weights; therefore, it is much easier to estimate
and interpret than a dense model. Statistical Learning with Sparsity: The Lasso and
Generalizations presents methods that exploit sparsity to help recover the underlying signal in
a set of data. Top experts in this rapidly evolving field, the authors describe the lasso for linear
regression and a simple coordinate descent algorithm for its computation. They discuss the
application of l1 penalties to generalized linear models and support vector machines, cover
generalized penalties such as the elastic net and group lasso, and review numerical methods
for optimization. They also present statistical inference methods for fitted (lasso) models,
including the bootstrap, Bayesian methods, and recently developed approaches. In addition,
the book examines matrix decomposition, sparse multivariate analysis, graphical models, and
compressed sensing. It concludes with a survey of theoretical results for the lasso. In this age
of big data, the number of features measured on a person or object can be large and might be
larger than the number of observations. This book shows how the sparsity assumption allows
us to tackle these problems and extract useful and reproducible patterns from big datasets.
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Data analysts, computer scientists, and theorists will appreciate this thorough and up-to-date
treatment of sparse statistical modeling.
Deep learning is often viewed as the exclusive domain of math PhDs and big tech companies.
But as this hands-on guide demonstrates, programmers comfortable with Python can achieve
impressive results in deep learning with little math background, small amounts of data, and
minimal code. How? With fastai, the first library to provide a consistent interface to the most
frequently used deep learning applications. Authors Jeremy Howard and Sylvain Gugger, the
creators of fastai, show you how to train a model on a wide range of tasks using fastai and
PyTorch. You’ll also dive progressively further into deep learning theory to gain a complete
understanding of the algorithms behind the scenes. Train models in computer vision, natural
language processing, tabular data, and collaborative filtering Learn the latest deep learning
techniques that matter most in practice Improve accuracy, speed, and reliability by
understanding how deep learning models work Discover how to turn your models into web
applications Implement deep learning algorithms from scratch Consider the ethical implications
of your work Gain insight from the foreword by PyTorch cofounder, Soumith Chintala
An engaging introduction to vectors and matrices and the algorithms that operate on them,
intended for the student who knows how to program. Mathematical concepts and
computational problems are motivated by applications in computer science. The reader learns
by "doing," writing programs to implement the mathematical concepts and using them to carry
out tasks and explore the applications. Examples include: error-correcting codes,
transformations in graphics, face detection, encryption and secret-sharing, integer factoring,
removing perspective from an image, PageRank (Google's ranking algorithm), and cancer
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detection from cell features. A companion web site, codingthematrix.com provides data and
support code. Most of the assignments can be auto-graded online. Over two hundred
illustrations, including a selection of relevant "xkcd" comics. Chapters: "The Function," "The
Field," "The Vector," "The Vector Space," "The Matrix," "The Basis," "Dimension," "Gaussian
Elimination," "The Inner Product," "Special Bases," "The Singular Value Decomposition," "The
Eigenvector," "The Linear Program" A new edition of this text, incorporating corrections and an
expanded index, has been issued as of September 4, 2013, and will soon be available on
Amazon.
A comprehensive and rigorous introduction for graduate students and researchers, with
applications in sequential decision-making problems.
A comprehensive introduction to the tools, techniques and applications of convex optimization.
This text for a second course in linear algebra, aimed at math majors and graduates, adopts a
novel approach by banishing determinants to the end of the book and focusing on
understanding the structure of linear operators on vector spaces. The author has taken
unusual care to motivate concepts and to simplify proofs. For example, the book presents without having defined determinants - a clean proof that every linear operator on a finitedimensional complex vector space has an eigenvalue. The book starts by discussing vector
spaces, linear independence, span, basics, and dimension. Students are introduced to innerproduct spaces in the first half of the book and shortly thereafter to the finite- dimensional
spectral theorem. A variety of interesting exercises in each chapter helps students understand
and manipulate the objects of linear algebra. This second edition features new chapters on
diagonal matrices, on linear functionals and adjoints, and on the spectral theorem; some
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sections, such as those on self-adjoint and normal operators, have been entirely rewritten; and
hundreds of minor improvements have been made throughout the text.
This beginning graduate textbook teaches data science and machine learning methods for
modeling, prediction, and control of complex systems.
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