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      Series Foreword

      The MIT Press Essential Knowledge series offers accessible, concise, beautifully produced pocket-size books on topics of current interest. Written by leading thinkers, the books in this series deliver expert overviews of subjects that range from the cultural and the historical to the scientific and the technical.

      In today’s era of instant information gratification, we have ready access to opinions, rationalizations, and superficial descriptions. Much harder to come by is the foundational knowledge that informs a principled understanding of the world. Essential Knowledge books fill that need. Synthesizing specialized subject matter for nonspecialists and engaging critical topics through fundamentals, each of these compact volumes offers readers a point of access to complex ideas.

      Bruce Tidor

      Professor of Biological Engineering and Computer Science

      Massachusetts Institute of Technology

    
  
    
      Preface

      Deep learning is enabling innovation and change across all aspects of our modern lives. Most of the artificial intelligence breakthroughs that you hear about in the media are based on deep learning. As a result, whether you are a business person interested in improving the efficiency of your organization, a policymaker concerned with ethics and privacy in a Big Data world, a researcher working with complex data, or a curious citizen who wants a better sense of the potential of artificial intelligence and how it will change your life, it is important for you to have an understanding of deep learning.

      The goal of this book is to enable the general reader to gain an understanding of what deep learning is, where it has come from, how it works, what it makes possible (and what it doesn’t), and how the field is likely to develop in the next ten years. The fact that deep learning is a set of algorithms and models means that understanding deep learning requires understanding how these algorithms and models process data. As a result, this book is not purely descriptive and definitional; it also includes explanations of algorithms. I have attempted to present the technical material in an accessible way. From my teaching experience, I have found that for technical topics the most accessible presentation is to explain the fundamental concepts in a step-by-step manner. So, although I have tried to keep the mathematical content to a minimum, where I felt it was necessary to include it I have endeavored to walk you through the mathematical equations in as clear and direct a manner as I can. I have supplemented these explanations with examples and illustrations.

      What is really wondrous about deep learning is not the complexity of the math it is built on, but rather, that it can perform such a diverse set of exciting and impressive tasks using such simple calculations. Don’t be surprised to find yourself saying: “Is that all it’s doing?” In fact, a deep learning model really is just a lot (admittedly, an awful lot) of multiplications and additions with a few nonlinear mappings (which I will explain) added in. Yet, despite this simplicity, these models can, among other achievements, beat the Go world champion, define the state-of-the-art in computer vision and machine translation, and drive a car. This book is an introductory text about deep learning, but I hope that it is an introduction that has enough depth that you will come back to the book as your confidence with the material grows.
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      Introduction to Deep Learning

      Deep learning is the subfield of artificial intelligence that focuses on creating large neural network models that are capable of making accurate data-driven decisions. Deep learning is particularly suited to contexts where the data is complex and where there are large datasets available. Today most online companies and high-end consumer technologies use deep learning. Among other things, Facebook uses deep learning to analyze text in online conversations. Google, Baidu, and Microsoft all use deep learning for image search, and also for machine translation. All modern smart phones have deep learning systems running on them; for example, deep learning is now the standard technology for speech recognition, and also for face detection on digital cameras. In the healthcare sector, deep learning is used to process medical images (X-rays, CT, and MRI scans) and diagnose health conditions. Deep learning is also at the core of self-driving cars, where it is used for localization and mapping, motion planning and steering, and environment perception, as well as tracking driver state.

      Perhaps the best-known example of deep learning is DeepMind’s AlphaGo.1 Go is a board game similar to Chess. AlphaGo was the first computer program to beat a professional Go player. In March 2016, it beat the top Korean professional, Lee Sedol, in a match watched by more than two hundred million people. The following year, in 2017, AlphaGo beat the world’s No. 1 ranking player, China’s Ke Jie.

      In 2016 AlphaGo’s success was very surprising. At the time, most people expected that it would take many more years of research before a computer would be able to compete with top level human Go players. It had been known for a long time that programming a computer to play Go was much more difficult than programming it to play Chess. There are many more board configurations possible in Go than there are in Chess. This is because Go has a larger board and simpler rules than Chess. There are, in fact, more possible board configurations in Go than there are atoms in the universe. This massive search space and Go’s large branching factor (the number of board configurations that can be reached in one move) makes Go an incredibly challenging game for both humans and computers.

      One way of illustrating the relative difficulty Go and Chess presented to computer programs is through a historical comparison of how Go and Chess programs competed with human players. In 1967, MIT’s MacHack-6 Chess program could successfully compete with humans and had an Elo rating2 well above novice level, and, by May 1997, DeepBlue was capable of beating the Chess world champion Gary Kasparov. In comparison, the first complete Go program wasn’t written until 1968 and strong human players were still able to easily beat the best Go programs in 1997.

      The time lag between the development of Chess and Go computer programs reflects the difference in computational difficulty between these two games. However, a second historic comparison between Chess and Go illustrates the revolutionary impact that deep learning has had on the ability of computer programs to compete with humans at Go. It took thirty years for Chess programs to progress from human level competence in 1967 to world champion level in 1997. However, with the development of deep learning it took only seven years for computer Go programs to progress from advanced amateur to world champion; as recently as 2009 the best Go program in the world was rated at the low-end of advanced amateur. This acceleration in performance through the use of deep learning is nothing short of extraordinary, but it is also indicative of the types of progress that deep learning has enabled in a number of fields.

      AlphaGo uses deep learning to evaluate board configurations and to decide on the next move to make. The fact that AlphaGo used deep learning to decide what move to make next is a clue to understanding why deep learning is useful across so many different domains and applications. Decision-making is a crucial part of life. One way to make decisions is to base them on your “intuition” or your “gut feeling.” However, most people would agree that the best way to make decisions is to base them on the relevant data. Deep learning enables data-driven decisions by identifying and extracting patterns from large datasets that accurately map from sets of complex inputs to good decision outcomes.

      Artificial Intelligence, Machine Learning, and Deep Learning

      Deep learning has emerged from research in artificial intelligence and machine learning. Figure 1.1 illustrates the relationship between artificial intelligence, machine learning, and deep learning.

      
        Deep learning enables data-driven decisions by identifying and extracting patterns from large datasets that accurately map from sets of complex inputs to good decision outcomes.

      

      The field of artificial intelligence was born at a workshop at Dartmouth College in the summer of 1956. Research on a number of topics was presented at the workshop including mathematical theorem proving, natural language processing, planning for games, computer programs that could learn from examples, and neural networks. The modern field of machine learning draws on the last two topics: computers that could learn from examples, and neural network research.
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        Figure 1.1 The relationship between artificial intelligence, machine learning, and deep learning.

      
      Machine learning involves the development and evaluation of algorithms that enable a computer to extract (or learn) functions from a dataset (sets of examples). To understand what machine learning means we need to understand three terms: dataset, algorithm, and function.

      In its simplest form, a dataset is a table where each row contains the description of one example from a domain, and each column contains the information for one of the features in a domain. For example, table 1.1 illustrates an example dataset for a loan application domain. This dataset lists the details of four example loan applications. Excluding the ID feature, which is only for ease of reference, each example is described using three features: the applicant’s annual income, their current debt, and their credit solvency.

      Table 1.1. A dataset of loan applicants and their known credit solvency ratings

      
        
          
            	ID
            	Annual Income
            	Current Debt
            	Credit Solvency
          

        
        
          
            	
              1

            
            	
              $150

            
            	
              -$100

            
            	
              100

            
          

          
            	
              2

            
            	
              $250

            
            	
              -$300

            
            	
              -50

            
          

          
            	
              3

            
            	
              $450

            
            	
              -$250

            
            	
              400

            
          

          
            	
              4

            
            	
              $200

            
            	
              -$350

            
            	
              -300

            
          

        
      

      An algorithm is a process (or recipe, or program) that a computer can follow. In the context of machine learning, an algorithm defines a process to analyze a dataset and identify recurring patterns in the data. For example, the algorithm might find a pattern that relates a person’s annual income and current debt to their credit solvency rating. In mathematics, relationships of this type are referred to as functions.

      A function is a deterministic mapping from a set of input values to one or more output values. The fact that the mapping is deterministic means that for any specific set of inputs a function will always return the same outputs. For example, addition is a deterministic mapping, and so 2+2 is always equal to 4. As we will discuss later, we can create functions for domains that are more complex than basic arithmetic, we can for example define a function that takes a person’s income and debt as inputs and returns their credit solvency rating as the output value. The concept of a function is very important to deep learning so it is worth repeating the definition for emphasis: a function is simply a mapping from inputs to outputs. In fact, the goal of machine learning is to learn functions from data. A function can be represented in many different ways: it can be as simple as an arithmetic operation (e.g., addition or subtraction are both functions that take inputs and return a single output), a sequence of if-then-else rules, or it can have a much more complex representation.

      
        A function is a deterministic mapping from a set of input values to one or more output values.

      

      One way to represent a function is to use a neural network. Deep learning is the subfield of machine learning that focuses on deep neural network models. In fact, the patterns that deep learning algorithms extract from datasets are functions that are represented as neural networks. Figure 1.2 illustrates the structure of a neural network. The boxes on the left of the figure represent the memory locations where inputs are presented to the network. Each of the circles in this figure is called a neuron and each neuron implements a function: it takes a number of values as input and maps them to an output value. The arrows in the network show how the outputs of each neuron are passed as inputs to other neurons. In this network, information flows from left to right. For example, if this network were trained to predict a person’s credit solvency, based on their income and debt, it would receive the income and debt as inputs on the left of the network and output the credit solvency score through the neuron on the right.

      A neural network uses a divide-and-conquer strategy to learn a function: each neuron in the network learns a simple function, and the overall (more complex) function, defined by the network, is created by combining these simpler functions. Chapter 3 will describe how a neural network processes information.
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        Figure 1.2 Schematic illustration of a neural network.

      
      What Is Machine Learning?

      A machine learning algorithm is a search process designed to choose the best function, from a set of possible functions, to explain the relationships between features in a dataset. To get an intuitive understanding of what is involved in extracting, or learning, a function from data, examine the following set of sample inputs to an unknown function and the outputs it returns. Given these examples, decide which arithmetic operation (addition, subtraction, multiplication, or division) is the best choice to explain the mapping the unknown function defines between its inputs and output:
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      Most people would agree that multiplication is the best choice because it provides the best match to the observed relationship, or mapping, from the inputs to the outputs:
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      In this particular instance, choosing the best function is relatively straightforward, and a human can do it without the aid of a computer. However, as the number of inputs to the unknown function increases (perhaps to hundreds or thousands of inputs), and the variety of potential functions to be considered gets larger, the task becomes much more difficult. It is in these contexts that harnessing the power of machine learning to search for the best function, to match the patterns in the dataset, becomes necessary.

      Machine learning involves a two-step process: training and inference. During training, a machine learning algorithm processes a dataset and chooses the function that best matches the patterns in the data. The extracted function will be encoded in a computer program in a particular form (such as if-then-else rules or parameters of a specified equation). The encoded function is known as a model, and the analysis of the data in order to extract the function is often referred to as training the model. Essentially, models are functions encoded as computer programs. However, in machine learning the concepts of function and model are so closely related that the distinction is often skipped over and the terms may even be used interchangeably.

      In the context of deep learning, the relationship between functions and models is that the function extracted from a dataset during training is represented as a neural network model, and conversely a neural network model encodes a function as a computer program. The standard process used to train a neural network is to begin training with a neural network where the parameters of the network are randomly initialized (we will explain network parameters later; for now just think of them as values that control how the function the network encodes works). This randomly initialized network will be very inaccurate in terms of its ability to match the relationship between the various input values and target outputs for the examples in the dataset. The training process then proceeds by iterating through the examples in the dataset, and, for each example, presenting the input values to the network and then using the difference between the output returned by the network and the correct output for the example listed in the dataset to update the network’s parameters so that it matches the data more closely. Once the machine learning algorithm has found a function that is sufficiently accurate (in terms of the outputs it generates matching the correct outputs listed in the dataset) for the problem we are trying to solve, the training process is completed, and the final model is returned by the algorithm. This is the point at which the learning in machine learning stops.

      Once training has finished, the model is fixed. The second stage in machine learning is inference. This is when the model is applied to new examples—examples for which we do not know the correct output value, and therefore we want the model to generate estimates of this value for us. Most of the work in machine learning is focused on how to train accurate models (i.e., extracting an accurate function from data). This is because the skills and methods required to deploy a trained machine learning model into production, in order to do inference on new examples at scale, are different from those that a typical data scientist will possess. There is a growing recognition within the industry of the distinctive skills needed to deploy artificial intelligence systems at scale, and this is reflected in a growing interest in the field known as DevOps, a term describing the need for collaboration between development and operations teams (the operations team being the team responsible for deploying a developed system into production and ensuring that these systems are stable and scalable). The terms MLOps, for machine learning operations, and AIOps, for artificial intelligence operations, are also used to describe the challenges of deploying a trained model. The questions around model deployment are beyond the scope of this book, so we will instead focus on describing what deep learning is, what it can be used for, how it has evolved, and how we can train accurate deep learning models.

      One relevant question here is: why is extracting a function from data useful? The reason is that once a function has been extracted from a dataset it can be applied to unseen data, and the values returned by the function in response to these new inputs can provide insight into the correct decisions for these new problems (i.e., it can be used for inference). Recall that a function is simply a deterministic mapping from inputs to outputs. The simplicity of this definition, however, hides the variety that exists within the set of functions. Consider the following examples:

      
        	•	Spam filtering is a function that takes an email as input and returns a value that classifies the email as spam (or not).

        	•	Face recognition is a function that takes an image as input and returns a labeling of the pixels in the image that demarcates the face in the image.

        	•	Gene prediction is a function that takes a genomic DNA sequence as input and returns the regions of the DNA that encode a gene.

        	•	Speech recognition is a function that takes an audio speech signal as input and returns a textual transcription of the speech.

        	•	Machine translation is a function that takes a sentence in one language as input and returns the translation of that sentence in another language.

      

      It is because the solutions to so many problems across so many domains can be framed as functions that machine learning has become so important in recent years.

      Why Is Machine Learning Difficult?

      There are a number of factors that make the machine learning task difficult, even with the help of a computer. First, most datasets will include noise3 in the data, so searching for a function that matches the data exactly is not necessarily the best strategy to follow, as it is equivalent to learning the noise. Second, it is often the case that the set of possible functions is larger than the set of examples in the dataset. This means that machine learning is an ill-posed problem: the information given in the problem is not sufficient to find a single best solution; instead multiple possible solutions will match the data. We can use the problem of selecting the arithmetic operation (addition, subtraction, multiplication, or division) that best matches a set of example input-output mappings for an unknown function to illustrate the concept of an ill-posed problem. Here are the example mappings for this function selection problem:
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      Given these examples, multiplication and division are better matches for the unknown function than addition and subtraction. However, it is not possible to decide whether the unknown function is actually multiplication or division using this sample of data, because both operations are consistent with all the examples provided. Consequently, this is an ill-posed problem: it is not possible to select a single best answer given the information provided in the problem.

      One strategy to solve an ill-posed problem is to collect more data (more examples) in the hope that the new examples will help us to discriminate between the correct underlying function and the remaining alternatives. Frequently, however, this strategy is not feasible, either because the extra data is not available or is too expensive to collect. Instead, machine learning algorithms overcome the ill-posed nature of the machine learning task by supplementing the information provided by the data with a set of assumptions about the characteristics of the best function, and use these assumptions to influence the process used by the algorithm that selects the best function (or model). These assumptions are known as the inductive bias of the algorithm because in logic a process that infers a general rule from a set of specific examples is known as inductive reasoning. For example, if all the swans that you have seen in your life are white, you might induce from these examples the general rule that all swans are white. This concept of inductive reasoning relates to machine learning because a machine learning algorithm induces (or extracts) a general rule (a function) from a set of specific examples (the dataset). Consequently, the assumptions that bias a machine learning algorithm are, in effect, biasing an inductive reasoning process, and this is why they are known as the inductive bias of the algorithm.

      So, a machine learning algorithm uses two sources of information to select the best function: one is the dataset, and the other (the inductive bias) is the assumptions that bias the algorithm to prefer some functions over others, irrespective of the patterns in the dataset. The inductive bias of a machine learning algorithm can be understood as providing the algorithm with a perspective on a dataset. However, just as in the real world, where there is no single best perspective that works in all situations, there is no single best inductive bias that works well for all datasets. This is why there are so many different machine learning algorithms: each algorithm encodes a different inductive bias. The assumptions encoded in the design of a machine leanring algorithm can vary in strength. The stronger the assumptions the less freedom the algorithm is given in selecting a function that fits the patterns in the dataset. In a sense, the dataset and inductive bias counterbalance each other: machine learning algorithms that have a strong inductive bias pay less attention to the dataset when selecting a function. For example, if a machine learning algorithm is coded to prefer a very simple function, no matter how complex the patterns in the data, then it has a very strong inductive bias.

      In chapter 2 we will explain how we can use the equation of a line as a template structure to define a function. The equation of the line is a very simple type of mathematical function. Machine learning algorithms that use the equation of a line as the template structure for the functions they fit to a dataset make the assumption that the model they generate should encode a simple linear mapping from inputs to output. This assumption is an example of an inductive bias. It is, in fact, an example of a strong inductive bias, as no matter how complex (or nonlinear) the patterns in the data are the algorithm will be restricted (or biased) to fit a linear model to it.

      One of two things can go wrong if we choose a machine learning algorithm with the wrong bias. First, if the inductive bias of a machine learning algorithm is too strong, then the algorithm will ignore important information in the data and the returned function will not capture the nuances of the true patterns in the data. In other words, the returned function will be too simple for the domain,4 and the outputs it generates will not be accurate. This outcome is known as the function underfitting the data. Alternatively, if the bias is too weak (or permissive), the algorithm is allowed too much freedom to find a function that closely fits the data. In this case, the returned function is likely to be too complex for the domain, and, more problematically, the function is likely to fit to the noise in the sample of the data that was supplied to the algorithm during training. Fitting to the noise in the training data will reduce the function’s ability to generalize to new data (data that is not in the training sample). This outcome is known as overfitting the data. Finding a machine learning algorithm that balances data and inductive bias appropriately for a given domain is the key to learning a function that neither underfits or overfits the data, and that, therefore, generalizes successfully in that domain (i.e., that is accurate at inference, or processing new examples that were not in the training data).

      However, in domains that are complex enough to warrant the use of machine learning, it is not possible in advance to know what are the correct assumptions to use to bias the selection of the correct model from the data. Consequently, data scientists must use their intuition (i.e., make informed guesses) and also use trial-and-error experimentation in order to find the best machine learning algorithm to use in a given domain.

      Neural networks have a relatively weak inductive bias. As a result, generally, the danger with deep learning is that the neural network model will overfit, rather than underfit, the data. It is because neural networks pay so much attention to the data that they are best suited to contexts where there are very large datasets. The larger the dataset, the more information the data provides, and therefore it becomes more sensible to pay more attention to the data. Indeed, one of the most important factors driving the emergence of deep learning over the last decade has been the emergence of Big Data. The massive datasets that have become available through online social platforms and the proliferation of sensors have combined to provide the data necessary to train neural network models to support new applications in a range of domains. To give a sense of the scale of the big data used in deep learning research, Facebook’s face recognition software, DeepFace, was trained on a dataset of four million facial images belonging to more than four thousand identities (Taigman et al. 2014).

      The Key Ingredients of Machine Learning

      The above example of deciding which arithmetic operation best explains the relationship between inputs and outputs in a set of data illustrates the three key ingredients in machine learning:

      
        	1.	Data (a set of historical examples).

        	2.	A set of functions that the algorithm will search through to find the best match with the data.

        	3.	Some measure of fitness that can be used to evaluate how well each candidate function matches the data.

      

      All three of these ingredients must be correct if a machine learning project is to succeed; below we describe each of these ingredients in more detail.

      We have already introduced the concept of a dataset as a two-dimensional table (or n × m matrix),5 where each row contains the information for one example, and each column contains the information for one of the features in the domain. For example, table 1.2 illustrates how the sample inputs and outputs of the first unknown arithmetic function problem in the chapter can be represented as a dataset. This dataset contains four examples (also known as instances), and each example is represented using two input features and one output (or target) feature. Designing and selecting the features to represent the examples is a very important step in any machine learning project.

      As is so often the case in computer science, and machine learning, there is a tradeoff in feature selection. If we choose to include only a minimal number of features in the dataset, then it is likely that a very informative feature will be excluded from the data, and the function returned by the machine learning algorithm will not work well. Conversely, if we choose to include as many features as possible in the domain, then it is likely that irrelevant or redundant features will be included, and this will also likely result in the function not
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      Supervised, Unsupervised, and Reinforcement Learning

      
      
      
      
      Why Is Deep Learning So Successful?

      
      
        
      

      
      
      Summary and the Road Ahead

      
      
      
        	•	Chapter 2 introduces some of the foundational concepts of deep learning, including what a model is, how the parameters of a model can be set using data, and how we can create complex models by combining simple models.

        	•	Chapter 3 explains what neural networks are, how they work, and what we mean by a deep neural network.

        	•	Chapter 4 presents a history of deep learning. This history focuses on the major conceptual and technical breakthroughs that have contributed to the development of the field of machine learning. In particular, it provides a context and explanation for why deep learning has seen such rapid development in recent years.

        	•	Chapter 5 describes the current state of the field, by introducing the two deep neural architectures that are the most popular today: convolutional neural networks and recurrent neural networks. Convolutional neural networks are ideally suited to processing image and video data. Recurrent neural networks are ideally suited to processing sequential data such as speech, text, or time-series data. Understanding the differences and commonalities across these two architectures will give you an awareness of how a deep neural network can be tailored to the characteristics of a specific type of data, and also an appreciation of the breadth of the design space of possible network architectures.

        	•	Chapter 6 explains how deep neural networks models are trained, using the gradient descent and backpropagation algorithms. Understanding these two algorithms will give you a real insight into the state of artificial intelligence. For example, it will help you to understand why, given enough data, it is currently possible to train a computer to do a specific task within a well-defined domain at a level beyond human capabilities, but also why a more general form of intelligence is still an open research challenge for artificial intelligence.

        	•	Chapter 7 looks to the future in the field of deep learning. It reviews the major trends driving the development of deep learning at present, and how they are likely to contribute to the development of the field in the coming years. The chapter also discusses some of the challenges the field faces, in particular the challenge of understanding and interpreting how a deep neural network works.
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