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preface


  As a Googler, one of my duties is to educate software engineers on how to use machine learning. I already had experience creating online tutorials, meetups, conference presentations, training workshops, and coursework for private coding schools and university graduate studies, but I am always looking for new ways to effectively teach.


  Prior to Google, I worked in Japanese IT as a principal research scientist for 20 years—all without deep learning. Almost everything I see today, we were doing in innovation labs 15 years ago; the difference is we needed a room full of scientists and a vast budget. It’s incredible how things have so rapidly changed as a result of deep learning.


  Back in the late 2000s, I was working with small structured datasets with geospatial data from national and international sources all over the world. Coworkers called me a data scientist, but nobody knew what a data scientist really was. Then came big data, and I didn’t know the big data tools and frameworks, and suddenly I wasn’t a data scientist. What? I had to scramble and learn the tools and concepts behind big data and once again I was a data scientist.


  Then emerged machine learning on big datasets, like linear/logistic regression and CART analysis, and I hadn’t used statistics since graduate school decades ago, and once again I was not a data scientist. What? I had to scramble to learn statistics all over again, and once again I was a data scientist. Then came deep learning, and I didn’t know the theory and frameworks for neural networks and suddenly I wasn’t a data scientist. What? I scrambled again and learned deep learning theory and other deep learning frameworks. And once again, I am a data scientist.
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about this book


  
Who should read this book


  Welcome to my latest endeavor, Deep Learning Patterns and Practices. This book is for software engineers; machine learning engineers; and junior, mid-level, and senior data scientists. Although you might assume that the initial chapters would be redundant for the latter group, my unique approach will likely leave you with additional insight and a welcomed refresher. The book is structured so that every reader reaches the point of “ignition” and is able to self-propel forward into deep learning.


  I teach the design patterns and practices mostly in the context of computer vision, as this is where design patterns for deep learning first evolved. Developments in natural-language understanding and structured data models lagged behind and continued to be focused on classical approaches. But as they caught up, these fields developed their own deep learning design patterns, and I discuss those patterns and practices throughout the book.


  Though I provide code for the computer vision models, my emphasis is on the concepts underlying the approaches and innovations: how they are set up and why they are set up that way. These underlying concepts are applicable to natural-language processing, structured data, signal processing, and other domains, and by generalizing, you should be able to adapt the concepts, methods, and techniques to the problems in your field. Many of the models and techniques I discuss are domain-agnostic, and throughout the book I also discuss key innovations in natural-language processing, natural-language understanding, and structured data domains where appropriate.


  As for general background, you should know at least the basics of Python. It’s OK if you still struggle with what a comprehension is or what a generator is, or if you still have some confusion about the weird multidimensional array slicing, and this thing about which objects are mutable and nonmutable on the heap. For this book, that’s OK.


  For those software engineers wanting to become machine learning engineers—what does that mean? A machine learning engineer (MLE) is an applied engineer. You don’t need to know statistics (really, you don’t!), and you don’t need to know computational theory. If you fell asleep in your college calculus class on what a derivative is, that’s OK, and if somebody asks you to do a matrix multiplication, feel free to ask, “Why?”


  Your job is to learn the knobs and levers of a framework, and apply your skills and experience to produce solutions for real-world problems. That’s what I am going to help you with, and that’s what the design patterns using TF.Keras are about.


  This book is designed for machine learning engineers and data scientists at comparable levels. For those pursuing the data scientist route, I encourage you to study supplemental statistics-related material.


  Before we get started, I want to explain how you will learn, so this first section explains more about my philosophy and approach to teaching. Then we’ll review some foundational material, including terminology, the progression from classical or semantic AI to narrow or statistical AI, and an overview of the basic steps in machine learning. Finally, we’ll take a high-level look at what this book is all about: the modern model amalgamation approach to machine learning.


  I don’t use the traditional Western approach of rote memorization, iterate, iterate, test for correct answers, and then vertically advance. Beyond my view that it is less effective, I believe it is unintentionally discriminatory.


  Instead, I have had the benefit of teaching engineering and science across diverse cultures and teaching methods, and have developed a unique teaching style that uses what I call a lateral approach: I start with core concepts, and then spiral out using what I call abstraction. When questions are asked, I will gradually start to point to other students on their thoughts to the answer, before I reflect on their thoughts. I don’t do quizzes, where students try to get a 100%. Instead, I give assignments that each student will fail. I let the students pound away at the problem, struggling, and in doing so they will start to discover the underlying principles of what they need to learn. For example, I might give an assignment to train a CIFAR-10 dataset using a stock ResNet50 model, noting that the authors of the corresponding ResNet papers achieved 97% accuracy on CIFAR-10. Every student will fail, the model won’t converge, they won’t get over 70%, and so forth.


  I then assemble the students into teams to tackle the problems together. By conferring with each other, they learn to generalize together. And before they can get it, I do the leap where I present the students with another challenge that will be difficult to solve—and the process starts again. I never give the students a chance to rote memorize.


  Using my example, I might put on the whiteboard four possible solutions, like 1) image augmentation, 2) more regularization, 3) more hyperparameter search, 4) defer downsampling deep into the neural network (that’s the right answer). Then in the middle, I will stop the students and have each team state which solution they tried and what they learned so far. I then explain the why/why not of each solution, and then change the problem again.


  As the students progress to more advanced levels, I switch from the teacher role to what I call the master-student role and participate in the learning. The students are teaching me and each other as I am teaching them. I observe every student and look for what I call ignition—where the student will self-propel as a learner, and that is when the student is continuously learning. I find in my teaching method that the entire classroom comes up together, and no student is left behind.


  From time to time, a school administrator would sit in on one of my sessions to observe. They would hear chatter trickling up from students and want to observe how it works. Of course, administrators need to give a name to everything. At one private coding school, the administrator described it as “everyone is a learner.” The students learn from the teacher, the teacher learns from the students, and the students learn from the students. The administrator called it “Let’s Learn Together.”


  I have my own name for my teaching methodology, which I call “I believe in myself.” I tell my students, how can you believe in me (“the teacher”), if you don’t first believe in yourself?


  
How this book is organized: A roadmap


  This book is organized into three parts: fundamentals, design patterns, and design patterns for training and deployment for production.


  Part 1, “Deep learning fundamentals,” provides readers with a refresher on deep learning that includes an introduction to convolutional neural networks, as well as a discussion of the concepts and terminology that are mainstream today for all domains—computer vision, natural language processing, and structured data.


  The design patterns for models are presented in Part 2, “Basic design patterns.” In chapters 5 through 7, I introduce modern design patterns, and how they are applied to many current and former state-of-the-art deep learning models. I cover the procedural reuse design pattern, which has been the prevailing approach for hand-engineered models. I teach the design approaches, refinements, and pros/cons for large models discovered by researchers for going deeper in layers (chapter 5), wider in layers (chapter 6), and using alternative or out-of-the-box connectivity patterns (chapter 7).


  Chapter 5 looks at a procedural design pattern for convolutional neural networks, as well as the development of residual blocks with identity links to attention in transformers for natural language understanding.


  Chapter 6 expands on the procedural design pattern for convolutional neural networks and how researchers explored going wide in layers as an alternative to going deep. I show how this approach, such as ResNeXt, resulted in achieving comparing accuracy when compared to deep layers with less exposure to memorization and vanishing gradients. I also explore how wide convolutional neural networks are relevant to developments in wide and deep and TabNet models for structured data.


  Chapter 7 covers model design patterns that explored other alternative layer connections to going deeper or wider in layers to increase accuracy, reduce the number of parameters, and increase information gain at intermediate latent space within the model.


  Chapter 8 examines the unique design considerations and special constraints for mobile convolutional neural networks. Because of the memory constraints of these devices, tradeoffs between and size and accuracy had to be considered. I will teach the progression in these tradeoffs, the pros/cons, and how the designs of mobile networks differ from their large model counterparts to accommodate the tradeoffs.


  Chapter 9 introduces autoencoders for unsupervised learning. As standalone models, the practical application of autoencoders is very narrow. But the discoveries from autoencoders have contributed to advancements in pretraining models. These models better generalize to out-of-distribution serving—that is, prediction requests in a production-deployed model that have a different distribution then the data the model was trained on. I also explore how autoencoders are comparable to embeddings in natural language understanding.


  All the models in the second part of this book made seminal advancements to the research and development of deep learning, and continue to either be in use today, or their contributions have been incorporated in today’s models.


  Part 3, “Working with the pipelines,” looks at design patterns and practices for production pipelines. In chapter 10, we look at hyperparameter tuning, both manual and automatic. I teach the design decisions, pros/cons, and best practices for specifying the search space, and the patterns for searching it.


  Chapter 11 discusses transfer learning and introduces the concepts and methods of handling weight transfers and tuning for similar and distant tasks. I also look at the application to domain transfer for weight reuse during pretraining for models that are fully trained from scratch.


  Chapters 12 through 14 take a high-level look at production pipelines. We dive deep into the data side in chapters 12 and 13. Chapter 12, which introduces data distributions, is the only chapter that goes into some detail about statistics. A lot has changed since 2017, when one was expected to have PhD-level knowledge of statistics. Today, much of that is hidden or otherwise automated in deep learning frameworks like TensorFlow. Understanding data distributions and search spaces remains one of the prevailing areas of expected knowledge in statistics, and can substantially influence the cost of training and the ability of the model to generalize when deployed into production.


  Finally, chapters 13 and 14 turn from the data side to the deployment side. I cover the concepts and best practices for constructing the data side and then training side of a production pipeline.


  
About the code


  This book contains many examples of source code both in numbered listings and in line with normal text. In both cases, source code is formatted in a fixed-width font like this to separate it from ordinary text. Sometimes code is also in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  All the code samples in the book are written in Python and are working code; albeit they may be absent of import statements. In many cases, the code samples are part of a larger code component, such as a model. In these cases, the entire code is available in my Google Cloud AI Developer Relations public GitHub repo (https://github.com/GoogleCloudPlatform/keras-idiomatic-programmer/tree/master/zoo).


  
liveBook discussion forum


  Purchase of Deep Learning Patterns and Practices includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the author and from other users. To access the forum, go to https://livebook.manning.com/#!/book/deep-learning-patterns-and-practices/discussion. You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/#!/discussion.


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the author some challenging questions lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
Other online resources


  For a framework, I use TensorFlow 2.x, which has incorporated the Keras model API. I think that the combination of the two is a fantastic vehicle for education beyond its production value.


  The material is multimodal. In addition to the book and full code samples in repo, there are presentation slides, workshops, labs, and prerecorded lectures for each chapter on my Google Cloud AI Developer Relations YouTube account (www.youtube.com/channel/UC8OV0VkzHTp8_PUwEdzlBJg).


  
about the author


  I strongly believe that my lifelong experience makes me one of the most ideal individuals to teach concepts of deep learning. When this book is first printed, I will be nearly 60 years old. I have a wealth of knowledge and experience that translates to expectations today in the workforce. In 1987, I got my advanced degree in artificial intelligence. I specialized in natural language processing. When I got out of college, I thought I would be writing talking books. Well, it was the AI winter.


  I took other directions in my early career. First, I became an expert in government security for mainframe computers. As I became more proficient designing and coding in operating system kernels, I became a kernel developer for UNIX, being one of the contributors to today’s heavyweight UNIX kernel. In those same years, I participated in shareware (before open source) and was the founder of WINNIX, a shareware program that competed with the commercial MKS Toolkit for running the UNIX shell and commands in a DOS environment.


  Subsequently, I developed low-level object code tooling. I became an expert at both secured-level computing and compiler/assemblers for massively parallel computers in the early 1990s. I developed MetaC, which provided instrumentation into the operating system kernels of both conventional operating systems and highly secured and massively parallel computers.


  In the late 1990s, I made a career change and became a research scientist for Sharp Corporation of Japan. Within a couple of years, I became the company’s principal research scientist in North America. Over a 20-year period, Sharp filed over 200 US patent applications on my research, with 115 granted. My patents covered areas for solar energy, teleconferencing, imaging, digital interactive signage, and autonomous vehicles. Additionally, in 2014–2015 I was recognized as a leading world expert on open data and data ontologies, and founded the organization opengeocode.


  In March of 2017, at a nudging of a friend of mine, I looked into “what’s this thing called deep learning?” It was natural for me. I had a big data background, had worked as an imaging scientist and research scientist, had an AI graduate degree, worked on autonomous vehicles—it all seemed to align. So, I made the leap.


  In the summer of 2018, Google approached me about being a staff member in Google Cloud AI. I accepted a position that October. It’s been a great experience at Google. Today, I work with vast numbers of AI experts within both Google and Google’s enterprise clients, teaching, mentoring, advising, and solving challenges to make deep learning operational on a large production scale.


  
about the cover illustration


  The figure on the cover of Deep Learning Patterns and Practices is captioned “Indien,” or a man from India. The illustration is taken from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757–1810), titled Costumes de Différents Pays, published in France in 1784. Each illustration is finely drawn and colored by hand. The rich variety of Grasset de Saint-Sauveur’s collection reminds us vividly of how culturally apart the world’s towns and regions were just 200 years ago. Isolated from each other, people spoke different dialects and languages. In the streets or in the countryside, it was easy to identify where they lived and what their trade or station in life was just by their dress.


  The way we dress has changed since then and the diversity by region, so rich at the time, has faded away. It is now hard to tell apart the inhabitants of different continents, let alone different towns, regions, or countries. Perhaps we have traded cultural diversity for a more varied personal life—certainly for a more varied and fast-paced technological life.


  At a time when it is hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by Grasset de Saint-Sauveur’s pictures.


  
    
Part 1. Deep learning fundamentals

  


  In this first part, you’ll learn the fundamentals to get started building deep learning models. We start with the basic principles and steps of deep neural networks (DNN), with lots of diagrams illustrating these steps along with code snippets to implement the steps. I’ll describe each step and then walk you through the code. Next, we cover the principles and steps of convolutional neural networks (CNN). I’ll walk you through the seminal design patterns behind early state-of-the-art ConvNets, VGGs, and ResNets. You’ll learn how to code each one of these model architectures, with complete code accessible from our public GitHub repository.


  Once you are coding CNNs, what’s next? You train them. We wrap up this part by learning fundamentals of training CNN models.


    


  
    
1 Designing modern machine learning

  


  This chapter covers


  
    	
Evolving from classical AI to cutting-edge approaches


    	
Applying design patterns to deep learning


    	
Introducing the procedural reuse design pattern for modeling neural networks

  


  The latest revolution in deep learning is at the macro level rather than the micro level, with the introduction of an approach that I coined while working at Google Cloud AI as model amalgamation. In this approach, models are broken into composable units that share and adapt components to achieve different objectives with the same initial data. The components are interconnected in a variety of connectivity patterns, in which each component learns communication interfaces between the models through design, without the necessity of a backend application.


  In addition, model amalgamation can be used to train Internet of Things (IoT) devices for data enrichment, turning IoT sensors from static to dynamically learning devices—a technique called model fusion. Amalgamation is providing the means for putting AI into production at a scale and operational complexity not conceivable in 2017, when the push into production first started to emerge.


  Think, for example, of the operational complexity of visual real estate data on a variety of aspects of the rental market, such as pricing, property condition, and amenities. Using the model amalgamation approach, you could create a vision analysis pipeline that connects individual models’ components, each working on one of those aspects. In the end, you’d have a system in place to automatically learn to determine the condition, amenities, and general market appeal with the corresponding appropriate rental pricing.


  The model amalgamation approach encourages engineers to view models as design patterns or templates that can be adapted to create individual components. So if you hope to use this approach, you’ll need to understand the designs of the key models and systems that other engineers have developed to solve problems similar to the ones you will encounter.


  The goal of this book is to aid you in that deep understanding by introducing you to the design patterns of seminal deep learning models, as well as the design or system architecture that puts those components together to develop, train, deploy, and serve larger deep learning systems. Even if you never work with huge enterprise amalgamations, becoming fluent in the underlying designs of these models and architectures will improve the engineering of any deep learning system you create.


  
1.1 A focus on adaptability


  Because this book is aimed at less-experienced deep learning engineers and data scientists, part 1 starts with the designs of the basic deep neural networks (DNNs), convolutional neural networks (CNNs), and residual neural networks (ResNets). Part 1 also looks at the architecture of simple training pipelines. Whole books are written about just these networks and architectures, so here you’ll get more of a reminder of how they work, with an emphasis on design patterns and principles. The point here is to lay out the design of basic deep learning components that all of the models you’ll see in part 2 will fit into.


  That said, if you are well versed in the fundamentals, you can go directly to part 2, which looks at the seminal models in the development of deep learning. My approach is to provide enough information about each model design so that you can play around with them and come up with solutions to the AI challenges you may encounter. The models are introduced more or less chronologically, so part 2 also serves as a kind of history of deep learning, with an emphasis on the evolution from one model to the next.


  Now, if enterprise production is moving toward automatic learning for model development, you may wonder about the value of examining these manually designed, formerly state-of-the-art (SOTA) models. Many of these models, however, continue to be used as stock models, particularly for transfer learning. Some of the others never made it into production at all, but were responsible for discoveries that continue to be used today.


  Model development for production continues to be a combination of automatic and hand-designed learning—which is often crucial for proprietary needs or advantages. But designing by hand does not mean starting from scratch; typically, you would start with a stock model and make tweaks and adjustments. To do this effectively, you need to know how the model works and why it works that way, the concepts that underlie its design, and the pros and cons of alternative building blocks you will learn from other SOTA models.


  The final part of the book takes a deep dive into the design patterns for training and deployment for production. While not all readers will be deploying the kinds of enterprise systems that are my focus, I feel this information is relevant to all. Becoming familiar with many types—and sizes—of systems addressing a variety of problems can help you when you need to think outside the box to solve a problem. The more you know about the underlying concepts and designs, the more able and adaptable you become.


  This adaptability is probably the most valuable takeaway from this book. Production involves a vast number of moving parts, and an endless flow of “monkey wrenches” being tossed into the mix. If engineers or data scientists simply rote-memorize sets of reproducible steps in a framework, how will they handle the diversity of tasks they’ll encounter and resolve the monkey wrenches thrown at them? Employers look for more than just skill and experience; they want to know how technically adaptive you are.


  Imagine yourself in an interview: you score high on skill and work experience and nail the stock machine learning (ML) coding challenge. Then the interviewers throw you a monkey wrench, an unexpected or unusual problem. They do this to observe how you think through a challenge, which concepts you apply and the reasoning behind them, how you evaluate the pros and cons of the various solutions, and your ability to debug. That’s adaptability. And that’s what I hope deep learning developers and data scientists will get from this book.


  
1.1.1 Computer vision leading the way


  I teach all of these concepts primarily in the context of computer vision, because design patterns evolved first in computer vision. But they are applicable to natural-language processing (NLP), structured data, signal processing, and other fields. If we roll the clock back to prior to 2012, ML in all fields was mostly using classical statistics-based methods.


  Various academic researchers, such as Fei-Fei Liu at Stanford University and Geoffrey Hinton of the University of Toronto, began to pioneer applying neural networks to computer vision. Liu, along with her students, compiled a computer vision dataset, now known as ImageNet, to advance the research into computer vision. ImageNet, along with the PASCAL dataset, became the basis for the annual ImageNet Large Scale Vision Recognition Challenge (ILSVRC) competition in 2010. Early entries used traditional image recognition/signal processing methods.


  Then, in 2012, Alex Krizhevsky, also of the University of Toronto, entered a deep learning model, AlexNet, using convolution layers. This model won the ILSVRC contest and by a sizable margin. The AlexNet model, jointly designed with Hinton and Ilya Sutskever, kicked off deep learning. In their corresponding paper, “ImageNet Classification with Deep Convolutional Neural Networks” (http://mng.bz/1ApV), they showed how neural networks can be designed.


  In 2013, Matthew Zeiler and Rob Fergus of New York University won the competition by fine-tuning AlexNet into what they called ZFNet. This pattern of building on each other’s success continued. The Visual Geometry Group at Oxford expanded on the AlexNet design principles and won the 2014 contest. In 2015, Kaiming He and others at Microsoft Research further expanded on the AlexNet/VGG design principles and introduced new design patterns, winning the competition. Their model, ResNet, and their “Deep Residual Learning for Image Recognition” paper (https://arxiv.org/abs/ 1512.03385), set off a surge in discovering and exploring the design space of CNNs.


  
1.1.2 Beyond computer vision: NLP, NLU, structured data


  In these early years of developing design principles and design patterns using deep learning for computer vision, developments in natural-language understanding (NLU) and structured data models lagged behind and continued to focus on classical approaches. They used classical ML frameworks, like the Natural Language Toolkit (NLTK) for text input, and classical algorithms based on decision trees, like random forest, for structured data input.


  In the NLU field, progress was made with the introduction of RNNs and long-short-term-memory (LSTM) and gated recurrent unit (GRU) layers. That progress took a leap in 2017 with the introduction of the Transformer design pattern for natural language, and the corresponding paper “Attention Is All You Need” by Ashish Vaswani et. al (https://arxiv.org/abs/1706.03762). Google Brain, a deep learning research organization within Google AI, adopted early a comparable attention mechanism in ResNet. Likewise, advancements in design patterns for structured data evolved with the introduction of the wide-and-deep model pattern, outlined in “Wide & Deep Learning for Recommender Systems” (https://arxiv.org/abs/1606.07792) by Heng-Tze Cheng et. al, at the technology-agnostic research group Google Research, in 2016.


  While I focus on computer vision to teach both the evolution and current state of the art in design patterns, I refer to corresponding progress in NLU and structured data where appropriate. Many of the concepts in this book are applicable across fields and data types. For instance, chapters 2 through 4 cover universal fundamentals, and all but one chapter in part 3 cover concepts that are agnostic of the model and data type.


  In chapters where it makes sense, mostly in part 2, I introduce an example from beyond computer vision. For example, in chapter 5, I compare the development of residual blocks with identity links to attention in transformers for NLU. In chapter 6, we’ll explore how wide CNNs are relevant to developments in wide-and-deep and TabNet models for structured data. Chapter 9 explains how autoencoders are comparable to embeddings in NLU, and chapter 11 discusses how the steps for transfer learning are comparable to both NLU and structured data.


  By generalizing from the examples I share from computer vision, NLP, and structural data, you should be able to adapt the concepts, methods, and techniques to problems in your domain.


  
1.2 The evolution in machine learning approaches


  To understand the modern approach, we first have to understand where we are with AI and ML, and how we got here. This section presents several top-level approaches and design patterns for working in today’s production environment, including intelligent automation, machine design, model fusion, and model amalgamation.


  
1.2.1 Classical AI vs. narrow AI


  Let’s briefly cover the difference between classical AI and today’s modern narrow AI. In classical AI (also known as semantic AI ), models were designed as rule-based systems. These systems were used to solve problems that could not be solved by a mathematical equation. Instead, the system was set up to mimic a subject matter or domain expert. Figure 1.1 offers a visual of this approach.
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  Figure 1.1 In a classical AI approach, the domain expert designs rules to mimic their knowledge.


  Classical AI worked well in input spaces that were low-dimensionality (as in, had a low number of distinct inputs); had an input space that could be broken into discrete segments, such as categories or bins; and maintained a strong linear relationship between the discrete space and the output. The domain expert designed a set of rules, based on inputs and state transformations, that mimicked their expertise. A programmer then converted these rules into a rule-based system, typically of the form “If A and B are true, then C is true.”


  Systems like this were well suited for problems like predicting the quality and appropriateness of a wine, which required only a small set of rules. For example, for the wine selector, the inputs might have been whether the meal was lunch or dinner, the entree, the occasion, and whether dessert would be included. But classical AI failed to scale to larger problems; accuracy would drop dramatically, and rules required continuous refinement to try to stave off the drop. Inconsistencies among domain experts designing the rules was another problem contributing to inaccuracies.


  In narrow AI (also known as statistical AI ), a model gets trained on a large amount of data, alleviating the need for domain experts. Instead, the model uses principles of statistics to learn patterns in the distribution of the input data, also referred to as a sampling distribution. These patterns can then be applied with high accuracy to samples not seen in training. When trained with a sampling distribution made up of large amounts of data that is representative of the larger population, or population distribution, we can model problems without the constraints that come with classical AI. In other words, narrow AI can work very well with substantially higher dimensionality in the input space (meaning a large number of distinct inputs), and with inputs that can be a mix of discrete and continuous.


  Let’s contrast rule-based with narrow AI by applying both to predicting the sale price of a house. A rule-based system could generally consider only a small number of inputs; for instance, lot size, square footage, number of bedrooms, number of bathrooms, and property tax. A system like this could predict a median price for comparable homes, but not for any one home, because of nonlinearity in the relationships of the property to the price.


  Let’s take a step back and discuss the difference between a linear and nonlinear relationship. In a linear relationship, the value of one variable predicts the value of another. For example, say we have the function y = f(x), which we define as 2 × x. The value of y can be predicted with 100% confidence for any value x. In a nonlinear relationship, the value of y can be predicted only with a probability distribution on any value x.


  Using our housing example, we could try to say y = f(x) as the selling price = sqft × price_per_sq_ft. The reality is that a lot of other variables affect price_per_sq_ft, and there is some uncertainty in how those affect the price. In other words, the square footage of the house has a nonlinear relationship to the selling price, which, by itself, could predict only a probability distribution of the selling price.


  In narrow AI, we substantially increase the number of inputs to learn the nonlinearity, such as adding the year the house was built, when permits for upgrades were granted, the type of architecture, materials used for roofing and siding, school district information, employment opportunities, average income, the neighborhood, as well as crime, and vicinity to parks, public transportation, and highways. These additional variables help the model learn the probability distribution with high confidence. Inputs whose value is from a fixed set, such as building architecture, are discrete, while inputs that are from an unbounded range, like average income, are continuous.


  Narrow AI models work well with inputs that have a high level of nonlinearity to the outputs (predictions), by learning the boundaries to segment the inputs—again, if those segments have a strongly linear relationship to the output. These types of models are based on statistics, requiring large amounts of data, and are called narrow AI because they are good at solving narrow problems consisting of a limited range of tasks within one field. Narrow models are not so good at generalizing to problems of a wide scope. Figure 1.2 illustrates the narrow AI approach.
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  Figure 1.2 In narrow AI, the model learns to be the domain expert by training on a large dataset that is representative of the larger population.


  Another way to see the difference between classical AI and narrow AI is by looking at the error-rate reduction in both kinds of models, as deep learning is continuously pushing to the Bayes theoretical error limit. Bayes described this theoretical error limit as a progression, as shown in figure 1.3.
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  Figure 1.3 ML has progressed toward the Bayes theoretical error limit.


  First, what would be the error rate of an average non-expert solving a task? Then, what would be the error rate of an expert solving the task (this is analogous to semantic AI)? What would be the error rate with a roomful of experts solving the task? And finally, the theoretical limit: what would be the error rate of an infinite number of experts solving the task?


  Deep learning in vast numbers of computer vision and NLP tasks has achieved the error rate of a roomful of experts, vastly outperforming both conventional software applications and expert systems. In 2020, researchers and enterprise ML engineers began pursuing production systems that are in the realm of the Bayes theoretical error limit.


  
1.2.2 Next steps in computer learning


  Now that we understand how we got here, where, exactly, are we? As computer learning has changed, we first moved from artificial intelligence to intelligent automation. And then we’ve moved into machine design, model fusion, and model amalgamation. Let’s define these modern advances.


  Intelligent automation


  As we’ve just seen, early artificial intelligence meant classical AI, which was mostly rule-based and required domain experts. This allowed us to essentially write software programs to start automating tasks that were typically done manually. Then, in narrow AI, we applied statistics to learning, eliminating the need for a domain expert.


  The next major advance was intelligent automation (IA). In this approach, the models learn a (near) optimal way to automate the process, exceeding the performance and accuracy when compared to the manual or computer-automated counterpart.


  Typically, the IA system works as a pipeline process. Cumulative information, transformations, and state transitions are the inputs to a model at various points in the pipeline. The output, or prediction, of each model is used to perform the next information transformation and/or decide the next state transition. Typically, each model is trained and deployed independently, usually as a microservice, with a backend application driving the whole pipeline process.


  An example of IA is automating the extraction of patient information from patient medical records from diverse sources and formats, including sources the model was never trained on. I worked on architecting such systems in the healthcare field in 2018. Today, numerous turnkey providers make these kinds of systems available; Google Cloud Healthcare API (https://cloud.google.com/healthcare) is one.


  In 2019, AI was moving into full production in a vast number of enterprise-size companies. Throughout the year, I would be in a growing number of meetings with Google’s largest clients. We now talk about AI in business terms. These technology concepts have evolved into business concepts.


  In these meetings, we have moved away from saying AI and replaced it with IA to demystify the process. We have the client describe each step (manual and computer assisted) in the process that they want to apply AI to. Let’s say that one step costs $100,000. In the past, our tendency would be to jump to that step and apply AI—the “big reward.” But let’s say another step costs just a penny, but occurs a million times a day—that’s $10,000 a day, or $3.65 million a year. And let’s say we could replace this low-hanging fruit with a model that learns the optimal way to automate this step and that operationally costs $40,000 a year. No one leaves $3.61 million dollars on the table.


  That’s intelligent automation. Instead of programmers coding a predesigned algorithm to automate, the programmers guide the model to intelligently learn the optimal algorithm. Figure 1.4 maps out how we would apply IA to a single step in a claim-processing pipeline.
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  Figure 1.4 Intelligent automation applied to claims processing


  Let’s do a high-level review of what is happening in this pipeline. At step 1, documents relating to a claim are scanned and ingested into the IA pipeline. At step 2, the prior practice of a document operator subsequently viewing each scanned document and tagging it is replaced with a natural-language classification model that has been trained for this claims-processing task.


  This replacement has several advantages. First, the cost of manual labor is eliminated. In addition to the speed improvement of a computer versus a human, the process can be distributed so that a mass number of documents can be processed in parallel.


  Second, the error rate on correctly tagging the document’s classes is substantially reduced from the human error rate. Let’s consider why. Each human operator may have different levels of training and experience and wide variance in accuracy. Additionally, human fatigue contributes to the error rate. But let’s say we had one thousand trained human operators viewing the same document(s) and we use a majority voting method on how to tag the document. We would expect the error rate to be substantially reduced, approaching near zero.


  That’s what the model does: it has been trained on vast numbers of documents that have been tagged by vast numbers of trained human operators. In that way, once trained, the model’s performance is equal to that of a collective of trained human operators.


  At step 3 in the manual version, an expert human operator would inspect the tagging to further reduce errors. This step is not eliminated in the IA process—but with the substantial reduction in errors from step 2, the workload on the human operator is significantly further reduced.


  The IA processes downstream continue to reduce/eliminate human operator costs and further reduce error rates. Once we get to the final step, a trained subject-matter expert (SME) makes the final review for authorization (or nonauthorization) of payment. Now that the information that the SME reviews is of higher accuracy, the human subjective decision is more reliable, further reducing costs of making the wrong subjective decision.


  We in the industry have stopped using the term machine learning and replaced it with machine design, to make the analogy to computer-aided design (CAD). We applied CAD to problems that were too complex to engineer even a suboptimal solution. These systems had building components, mathematical knowledge, and expert system rules, and the SMEs guided the CAD systems to find a good suboptimal solution.


  In machine design, the system instead learns the building components, the mathematical knowledge, and the rules, and the ML engineer guides the machine design to find the optimal solution. By moving to machine design, we free up the high-value people assets to work on the next level of challenging problems, accelerating their technical progression and bringing a higher return on investment (ROI) per staffer for the business.


  Machine design


  Before deep learning, SMEs designed software programs to search for good solutions in parts of the software and hardware that had high complexity. Typically, these programs were a combination of search optimization and rule-based techniques.


  In the next advancement, machine design, the models learn a (near) optimal way to design and integrate the software and hardware components. These systems exceed in performance, accuracy, and complexity, even when compared to models designed by an SME with the assistance of a CAD program. The human designer uses their real-world expertise to guide the model’s search space for solutions.


  Consider a hospital with two X-ray departments; one department has an expensive X-ray machine, and the other a low-cost one. An examining physician chooses which department to send a patient to for confirmation of a pneumonia diagnosis depending on the likelihood of the patient having pneumonia. If the likelihood is low, or unlikely, for pneumonia, the doctor sends the patient to the low-cost X-ray machine, following hospital policy and the desire to lower costs for the insurance provider. If the determination is high, or likely, the patient merits the high-cost X-ray. This is an example of machine design informing the hyperparameter and architecture search space and guiding the pipeline in a system for automatic learning of medical images from different distributions (medical devices, in this case, X-ray machines).


  Keep in mind that if the accumulative X-rays and diagnostic determinations from the two X-ray devices are used to train a model, we have bias in the data. Instead of learning from the data, the model may inadvertently learn the unique characteristics of the two medical devices—a bias of the view perspective. The classic example of a view-perspective problem in a model is the case of determining dogs versus wolves, in which the model inadvertently learned snow for wolves, since all the training pictures of the wolves were taken during winter.


  In machine design, in addition to training a model, the system learns the optimal training pipeline for an adversarial model, known as the surrogate. If you want to delve into this more, “An Adversarial Approach for the Robust Classification of Pneumonia from Chest Radiographs” (https://arxiv.org/pdf/2001.04051.pdf) is a foundational machine-design paper related to this very problem.


  Model fusion


  Model fusion is the next advancement in developing more-accurate, lower-cost systems for predictive maintenance and fault detection, such as those used in IoT sensor systems. Traditionally, very expensive equipment and infrastructure, such as factory machines, airplanes, and regional power infrastructures, have had built-in IoT sensors. This continuous sensory data would be fed to rule-based algorithms designed by an expert.


  The problem with these traditional systems has been that they are subject to high environmental variance that affects their reliability. For example, in the electrical power industry, transmission lines have sensors at each tower that monitor for anomalies in the line impedance between the towers. The impedance can fluctuate as a result of stress on the line connection due to wind, changes in temperature affecting conductivity, and secondary factors such as moisture buildup.


  Model fusion improves the reliability of IoT systems by using a machine-learned model with higher operational cost to generate label data to convert the expert-designed system. Continuing with our example, the power industry today uses drones and deep learning models trained in computer vision to periodically inspect power-transmission lines. This process is highly accurate and more operationally expensive. Therefore, it is used to generate label data for the impedance sensor data created by the lower-cost sensor system. The labeled data generated at high operational cost is then used to train another model, which impedance sensors (the low-cost system) then use to achieve comparable reliability.


  Model amalgamation


  Before deep learning, applications were constructed as either a monolithic application running on a backend server or a core backbone on a server that used distributed microservices. In model amalgamation, the model(s) essentially become the entire application, which directly shares model components and outputs and learns a communication interface between the models. All this happens without the need for a bulky backend application or microservices.


  Imagine a model pipeline for the real estate industry that uses vision analysis on photographs of houses and apartment buildings to determine rental pricing. Models within a set are chained together, with each model trained on a particular feature; together, they automatically determine rental condition, rental amenities, and market appeal, and come up with the corresponding pricing.


  Let’s compare this to more traditional IA, where each step in the process pipeline is a separate deployed model instance, taking as input either the original image, or a transformation and state, all of which is controlled by a backend rule-based application designed by expert(s). In contrast, in an amalgamation, the model instances communicate directly with each other. Each model has learned the optimal method for performing its specialized task (e.g., determine condition); learned the optimal communication path and representation between the models (models for home, room, and amenities); and learned the optimal method for determining state changes (condition of the property).


  In 2021, I anticipate that at the enterprise level, production will move to model amalgamation. We are still trying to figure out how to make that work. Prior to amalgamation, a plurality of models would be deployed performing different tasks, and developers would construct a backend application that made representational state transfer (REST) or microservice calls. We still coded the logic of the application, and the interface and data communication between the application and the models. Figure 1.5 is an example of a model amalgamation I designed in late 2019 for sports broadcasting.
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  Figure 1.5 Model amalgamation applied to sports broadcasting


  Let’s walk through this process. First, the amalgamation ingests live video; that is, the amalgamation is continuously processing the video in real time. The video is parsed in real time as a time-sequence set of frames. Each frame is an image of the game, such as a baseball player ready to bat. Each frame is first processed by a shared set of convolutional layers (shared convolutional layers) that generates a common internal encoding across downstream tasks. In other words, instead of each downstream task (model) starting with the same input image and processing it into an internal encoding, the input image is encoded once and the encoding is reused downstream. This speeds up the model’s response and shrinks its size in memory.


  Next, the generated common encoding goes through an object-detection model, which has been trained on the common encoding as input instead of the input image, reducing the size and increasing the speed of the object detection. Let’s say the object detection is trained to recognize objects including people, player equipment, stadium, and field. For each object it recognizes in the frame, it will output an object-level embedding, which is a lower-dimensional representation (for example, reduced-size encoding) along with the spatial coordinates within the upstream input frame.


  These object-level embeddings now become inputs to another set of downstream tasks. Next, you see that embeddings classified as people are passed to a facial-recognition model that has been trained on the embeddings versus the original image. The model may be trained, for example, to recognize players, officials, referees, coaches, and security, and correspondingly tags the embedding. The player-specific object embeddings are then passed on to a pose-estimation model that finds human key points and classifies the identified person’s pose in the frame, such as player A is in a batting position.


  Next, the object-level embeddings (players, gears, stadium, and so forth) combine with the player-specific pose into an information-enriched dense embedding. And all this rich information is passed to another model to predict the player’s action, such as player A is at the mound, ready to bat. This predictive action is then passed to another model that converts the action into closed-captioned text that is overlaid on the live broadcast.


  Let’s assume the sports event is being broadcasted across the world and watched by viewers in a wide variety of languages. The output from the image-captioning model (for example, English) is passed to another model that performs language translation specific to each market. In each market, the translated text is converted to speech for real-time commentary.


  As you can see, models have evolved from single-task predictions and standalone deployments, to models that perform multiple tasks, share model components, and are integrated to form a solution, such as in the healthcare document-handling and the sports broadcasting examples. Another way of describing these integrated model solutions is as a serving pipeline. A pipeline is made of connected components; the output of one component is the input to another, and each component is configurable, replaceable, and has version control and history. Using pipelines in today’s production ML extends across the entire end-to-end pipeline.


  
1.3 The benefits of design patterns


  Prior to 2017, the majority of renditions of neural network models in all fields were coded in a batch scripting style. As AI researchers and experienced software engineers became increasingly involved in research and design, we started to see a shift in the coding of models that reflected software engineering principles for reuse and design patterns.


  A design pattern implies that a best practice exists for constructing and coding a model that can be reapplied across a wide range of cases, such as image classification, object detection and tracking, facial recognition, image segmentation, super-resolution, and style transfer for image data; document classification, sentiment analysis, entity extraction, and summarization for text data; and classification, regression, and forecasting for unstructured data.


  The development of design patterns for deep learning is what led to model amalgamation, model fusion, and machine design—in which model components can be reused and adapted. These design patterns for model components allowed researchers and other deep learning practitioners to incrementally develop both model components and best practices for applications, across all models and data types. This knowledge sharing accelerated the development of design patterns and the reuse of model components that makes it possible to deploy deep learning into widespread production applications.


  Many of the historical SOTA models I cover in this book revealed knowledge and concepts that have been incorporated into today’s modern production. Even though many of these models eventually stop being used, an understanding of the knowledge, concepts, and building-block components behind them is essential to understanding and practicing deep learning at today’s large scale.


  One of the earliest design patterns for neural network models was procedural reuse, which was simultaneously adopted across computer vision, NLU, and structured data. As with a software application, we design a procedural reuse model as components that reflect the data flow and decompose components into reusable functions.


  There were—and still are—many benefits to using a procedural reuse design pattern. First, it simplifies the task of representing models in architectural diagrams. Prior to the use of a formal design pattern, each team of researchers invented its own way of representing its model architecture in the papers it published. A design pattern also defines how a model structure and flow are represented. Having a consistent and refined method simplified the representation of architectural diagrams. Second, the model architectures are more understandable by other researchers and ML engineers. Furthermore, working from a standard pattern exposes the inner workings of the design, which, in turn, makes the models easier to modify and easier to troubleshoot and debug.


  In 2016, research papers began presenting component flow—typically referred to as the stem, (representational) learner, and (transformational) task. Prior to 2016, research papers presented their models as a monolithic architecture. These monolithic architectures made it challenging for researchers to prove that a new concept improved any individual part of a model. Because these components contain repeated flow patterns, eventually the concept of configurable components emerged. These repeated flow patterns were subsequently reused and refined by other researchers in the design of their model architectures. While the application of model components lagged behind in NLU and structured data, by 2017 we started to see their appearance in research papers. Today, regardless of the model type and field, you see the model design comprising the same comparable three primary model components.


  An earlier version of a design pattern that decomposed a model into components was SqueezeNet (https://arxiv.org/pdf/1602.07360.pdf), which used configurable components based on metaparameters. The introduction of metaparameters, which describe how to configure model components, helped formalize how to represent, design, and implement configurable components. Designing models based on configurable components provided the means for researchers to measure performance improvements on a per-component basis, while trying various component configurations. This design approach is standard practice when developing application software; among its many of the benefits is that it promotes code reuse.


  Procedural patterns for reuse were the first, and remain the most fundamental, reusable designs, so they are the focus of this book. Later, what we call factory and abstract factory patterns would be introduced to do machine design. A factory design pattern uses SOTA building blocks as a factory and an objective to search for the best design that matches the requirements. An abstract factory pattern abstracts down another level and searches for the best factory, which is then used to search for the best model.


  But in this book, you will learn the cornerstone designs, starting with the architectures of the basic DNNs and CNNs in part 1, moving to the seminal models coded for procedural reuse in part 2, and finishing up with a tour of the modern production pipeline in part 3.


  
Summary


  
    	
      Deep learning evolved from classical AI to narrow AI, which led to using AI to solve problems with high-dimensionality inputs.

    


    	
      Deep learning has evolved from experimenting with models to a reusable and reconfigurable pipeline approach for data, training, deployment, and serving.

    


    	
      At the leading edge at the enterprise scale, ML practitioners are using model amalgamation, model fusion, and machine design.

    


    	
      The procedural reuse design pattern is the building block and segue into today’s leading edge at the enterprise scale.

    

  


  
    
2 Deep neural networks

  


  This chapter covers


  
    	
Breaking down the structure of neural networks and deep neural networks


    	
Using feed-forward and backward propagation during training to learn model weights


    	
Coding neural network models in both TF.Keras sequential and functional APIs


    	
Understanding the various types of model tasks


    	
Using strategies to prevent overfitting

  


  This chapter starts with some basics on neural networks. Once you’ve gotten the basics down, I’ll introduce you to how deep neural networks (DNNs) can be easily coded using TF.Keras, which has two styles for coding neural networks: a sequential API and functional API. We will code examples using both styles.


  This chapter also covers the fundamental types of models. Each model type, such as regression and classification, learns different types of tasks. The task you want to learn determines the model type you will design. You’ll also learn the fundamentals of weights, biases, activations, and optimizers, and how they contribute to the accuracy of the model.


  To wrap up this chapter, we’ll code an image classifier. And finally, I’ll introduce the problem of overfitting when training along with an early approach to solving overfitting with dropout.


  
2.1 Neural network basics


  Let’s start with some basics on neural networks. First, this section covers the input layer to a neural network, then how this is connected to an output layer, and then how hidden layers are added in between to become a deep neural network. From there, we cover how the layers are made of nodes, what nodes do, and how layers are connected to each other to form fully connected neural networks.


  
2.1.1 Input layer


  The input layer to a neural network takes numbers! All the input data is converted to numbers. Everything is a number. The text becomes numbers, speech becomes numbers, pictures become numbers, and things that are already numbers are just numbers.


  Neural networks take numbers as vectors, matrices, or tensors. These are simply names for the number of dimensions in an array. A vector is a one-dimensional array, such as a list of numbers. A matrix is a two-dimensional array, like the pixels in a black-and-white image. And a tensor is any array of three or more dimensions—for example, a stack of matrices in which each matrix is the same dimension. That’s it. Figure 2.1 illustrates these concepts.
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  Figure 2.1 Types of arrays in deep learning


  Speaking of numbers, you might have heard terms like normalization or standardization. In standardization, numbers are converted to be centered around a mean of zero, with one standard deviation on each side of the mean. If you’re saying, “I don’t do statistics” right about now, I know how you feel. But don’t worry. Packages such as scikit-learn (https://scikit-learn.org) and NumPy (https://numpy.org) have library calls that do this for you. Standardization is basically a button to push, and it doesn’t even need a lever, so there are no parameters to set.


  Speaking of packages, you’re going to be using NumPy a lot. What is NumPy, and why is it so popular? Given the interpretive nature of Python, the language handles large arrays poorly—like really big, super-big arrays of numbers—thousands, tens of thousands, millions of numbers. Think of Carl Sagan’s infamous quote on the size of the universe: billions and billions of stars. That’s a tensor!


  One day a C programmer got the idea to write, in low-level C, a high-performance implementation for handling super-big arrays, and then added an external Python wrapper. NumPy was born. Today NumPy is a library with lots of useful methods and properties, like the property shape, which tells you the shape (or dimensions) of the array, and the where() method, which allows you to do SQL-like queries on your super-big array.


  All Python ML frameworks, such as TensorFlow and PyTorch, will take as input on the input layer a NumPy multidimensional array. And speaking of C, or Java, or C+, . . . , the input layer in a neural network is just like the parameters passed to a function in a programming language. That’s it.


  Let’s get started by installing Python packages you will need. I assume you have version 3.x of Python installed (www.python.org/downloads/). Whether you directly installed it or had it installed as part of a larger package such as Anaconda (www.anaconda.com/products/enterprise), you got with it a nifty command-line tool called pip. This tool is used to install any Python package you will ever need again, from a single command invocation. You use pip install and then the name of the package. It goes to the Python Package Index (PyPI), the global repository of Python packages, and downloads and installs the package for you. It’s quite easy.


  We want to start off by downloading and installing the TensorFlow framework and the NumPy package. Guess what? Their names are in the registry, tensorflow and numpy—thankfully, very obvious. Let’s do it together. Go to the command line and issue the following:

  pip install tensorflow
pip install numpy


  With TensorFlow 2.0, Keras is built in and the recommended model API, referred to now as TF.Keras. TF.Keras is based on object-oriented programming with a collection of classes and associated methods and properties.


  Let’s start simply. Say we have a dataset of housing data. Each row has 14 columns of data. One column indicates the sale price of a home. We are going to call that the label. The other 13 columns have information about the house, such as the square footage and property tax. It’s all numbers. We are going to call those the features. What we want to do is learn to predict (or estimate) the label from the features.


  Now, before we had all this computing power and these awesome ML frameworks, data analysts did this stuff by hand or by using formulas in a Microsoft Excel spreadsheet with a certain amount of data and lots and lots of linear algebra. We, however, will use Keras and TensorFlow.


  We will start by first importing the Keras module from TensorFlow, and then instantiate an Input class object. For this class object, we define the shape or dimensions of the input. In our example, the input is a one-dimensional array (a vector) of 13 elements, one for each feature:

  from tensorflow.keras import Input
 
Input(shape=(13,))


  When you run these two lines in a notebook, you will see this output:

  <tf.Tensor 'input_1:0' shape=(?, 13) dtype=float32>


  This output shows you what Input(shape=(13,)) evaluates to. It produces a tensor object named input_1:0. This name will be useful later in assisting you in debugging your models. The ? in shape shows that the input object takes an unbounded number of entries (examples or rows) of 13 elements each. That is, at runtime it will bind the number of one-dimensional vectors of 13 elements to the actual number of examples (rows) you pass in, referred to as the (mini) batch size. The dtype shows the default data type of the elements, which in this case is a 32-bit float (single precision).


  
2.1.2 Deep neural networks


  DeepMind, deep learning, deep, deep, deep. Oh my, what’s all this? Deep in this context just means that the neural network has one or more layers between the input layer and the output layer. As you will read later, by going deeper into hidden layers, researchers have been able to get higher accuracy.


  Visualize a directed graph in layers of depth. The root nodes are the input layer, and the terminal nodes are the output layer. The layers between are known as the hidden, or deep, layers. So a four-layer DNN architecture would look like this:


  
    	
      Input layer

    


    	
      Hidden layer

    


    	
      Hidden layer

    


    	
      Output layer

    

  


  To get started, we’ll assume that every neural network node in every layer, except the output layer, is the same type of neural network node. We’ll also assume that every node on each layer is connected to every other node on the next layer. This is known as a fully connected neural network (FCNN), depicted in figure 2.2. For example, if the input layer has three nodes, and the next (hidden) layer has four nodes, then each node on the first layer is connected to all four nodes on the next layer—for a total of 12 connections (3 × 4).
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  Figure 2.2 Deep neural networks have one or more hidden layers between the input and output layers. This is a fully connected network, so the nodes at each level are all connected to one another.


  
2.1.3 Feed-forward networks


  The DNN and CNN (you’ll learn more about the CNN in chapter 3) are known as feed-forward neural networks. Feed-forward means that data moves through the network sequentially, in one direction, from the input layer to the output layer. This is analogous to a function in procedural programming. The inputs are passed as parameters in the input layer, and the function performs a sequenced set of actions based on the inputs (in the hidden layers) and then outputs a result (the output layer).


  When coding a feed-forward network in TF.Keras, you will see two distinctive styles in blogs and other tutorials. I will briefly touch on both so when you see a code snippet in one style, you can translate it to the other.


  
2.1.4 Sequential API method


  The sequential API method is easier to read and follow for beginners, but the tradeoff is that it is less flexible. Essentially, you create an empty feed-forward neural network with the Sequential class object, and then “add” one layer at a time, until the output layer. In the following examples, the ellipses represent pseudocode:

  from tensorflow.keras import Sequential
 
model = Sequential()                    ❶
model.add( ...the first layer... )      ❷
model.add( ...the next layer... )       ❷
model.add( ...the output layer... )     ❷


  ❶ Creates an empty model


  ❷ Placeholders for adding layers in sequential order


  Alternatively, the layers can be specified in sequential order as a list passed as a parameter when instantiating the Sequential class object:

  model = Sequential([ ...the first layer...,
                     ...the next layer...,
                     ...the output layer...
                   ])


  So, you might ask, when would you use the add() method versus specifying as a list in the instantiation of the Sequential object? Well, both methods generate the same model and behavior, so it’s a matter of personal preference. I tend to use the more verbose add() method in instructional and demonstration material for clarity. But if I am writing code for production, I use the sparser list method, where I can visualize and edit the code more easily.


  
2.1.5 Functional API method


  The functional API method is more advanced, allowing you to construct models that are nonsequential in flow—such as branches, skip links, and multiple inputs and outputs (you’ll see how multiple inputs and outputs work in section 2.4). You build the layers separately and then tie them together. This latter step gives you the freedom to connect layers in creative ways. Essentially, for a feed-forward neural network, you create the layers, bind them to another layer or layers, and then pull all the layers together in a final instantiation of a Model class object:

  input = layers.(...the first layer...)                                 ❶
hidden = layers.(...the next layer...)( ...the layer to bind to... )   ❷
output = layers.(...the output layer...)( /the layer to bind to... )   ❸
model = Model(input, output)                                           ❹


  ❶ Constructs the input layer


  ❷ Constructs the hidden layer and binds it to the input layer


  ❸ Constructs the output layer and binds it to the hidden layer


  ❹ Assembles the model by following the bindings from the input to output layers


  
2.1.6 Input shape vs. input layer


  The input shape and input layer can be confusing at first. They are not the same thing. More specifically, the number of nodes in the input layer does not need to match the shape of the input vector. That’s because every element in the input vector will be passed to every node in the input layer, as shown in figure 2.3.
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  Figure 2.3 The input (shape) and input layer differ. Every element in the input is connected to every node in the input layer.


  For example, if our input layer is 10 nodes, and we use our earlier example of a 13-element input vector, we will have 130 connections (10 × 13) between the input vector and the input layer.


  Each connection between an element in the input vector and a node in the input layer has a weight, and each node in the input layer has a bias. Think of each connection between the input vector and input layer, as well as connections between layers, as sending a signal forward indicating how strongly it believes the input value will contribute to the model’s predictions. We need to have a measurement of the strength of this signal, and that is what the weight does. It is a coefficient that is multiplied against the input value for the input layer, and previous value for subsequent layers.


  Now, each one of these connections is like a vector on an x-y plane. Ideally, we want each of these vectors to cross the y-axis at the same central point (for example, the 0 origin). But they don’t. To make the vectors relative to one another, the bias is the offset of each vector from the central point on the y-axis.


  The weights and biases are what the neural network will “learn” during training. The weights and biases are also referred to as parameters. These values stay with the model after it is trained. This operation will otherwise be invisible to you.


  
2.1.7 Dense layer


  In TF.Keras, layers in an FCNN are called dense layers. A dense layer has n number of nodes and is fully connected to the previous layer.


  Let’s continue by defining in TF.Keras a three-layer neural network, using the sequential API method, for our example. Our input layer has 10 nodes and takes as input a 13-element vector (the 13 features), which is connected to a second (hidden) layer of 10 nodes, which is then connected to a third (output) layer of one node. Our output layer needs to be only one node since it will be outputting a single real value (for example, the predicted price of the house). In this example, we are going to use a neural network as a regressor, which means the neural network will output a single real number:


  Input layer = 10 nodes


  Hidden layer = 10 nodes


  Output layer = 1 node


  For input and hidden layers, we can pick any number of nodes. The more nodes we have, the better the neural network can learn. But more nodes means more complexity, and more time in training and predicting.


  In the following code example, we have three add() calls to the class object Dense. The add() method adds the layers in the same sequential order that we specified them. The first (positional) parameter is the number of nodes, 10 in the first and second layer, and 1 in the third layer. Notice that in the first Dense layer, we add the (keyword) parameter input_shape. This is where we will define the input vector and connect it to the first (input) layer in a single instantiation of the Dense layer:

  from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense
 
model = Sequential()
model.add(Dense(10, input_shape=(13,)))    ❶
model.add(Dense(10))                       ❷
model.add(Dense(1))                        ❸


  ❶ The first layer requires the input_shape parameter in a sequential model.


  ❷ Constructs the hidden layer


  ❸ Constructs the output layer as a regressor—single node


  Alternatively, we can define the sequential sequence of the layers as a list parameter when instantiating the Sequential class object:

  from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense
 
model = Sequential([
                   Dense(10, input_shape=(13,)),    ❶
                   Dense(10),                       ❶
                   Dense(1)                         ❶
                   ])


  ❶ The layers are specified in sequential order as a list.


  Let’s now do the same but use the functional API method. First, we create an input vector by instantiating an Input class object. The (positional) parameter to the Input object is the shape of the input, which can be a vector, matrix, or tensor. In our example, we have a vector that is 13 elements long. So our shape is (13,). I am sure you noticed the trailing comma. That’s to overcome a quirk in Python. Without the comma, (13) would be evaluated as an expression: the integer value 13 surrounded by parentheses. Adding a comma tells the interpreter this is a tuple (an ordered set of values).


  Next, we create the input layer by instantiating a Dense class object. The positional parameter to the Dense object is the number of nodes, which in our example is 10. Note the peculiar syntax that follows: (inputs). The Dense object is a callable; the object returned by instantiating Dense can be callable as a function. So we call it as a function, and in this case, the function takes as a (positional) parameter the input vector (or layer output) to connect it to; hence we pass it inputs so the input vector is bound to the 10-node input layer.


  Next, we create the hidden layer by instantiating another Dense object with 10 nodes. Using it as a callable, we (fully) connect it to the input layer.


  Then we create the output layer by instantiating another Dense object with one node. Using it as a callable, we (fully) connect it to the hidden layer.


  Finally, we put it all together by instantiating a Model class object, passing it the (positional) parameters for the input vector and output layer. Remember, all the other layers between are already connected, so we don’t need to specify them when instantiating the Model() object:

  from tensorflow.keras import Input, Model
from tensorflow.keras.layers import Dense
 
inputs = Input((13,))           ❶
input = Dense(10)(inputs)       ❷
hidden = Dense(10)(input)       ❸
output = Dense(1)(hidden)       ❹
model = Model(inputs, output)   ❺


  ❶ Constructs the input vector (13 elements)


  ❷ Constructs the first (input) layer (10 nodes) and connects it to the input vector


  ❸ Constructs the next (hidden) layer (10 nodes) and connects it to the input layer


  ❹ Constructs the output layer (1 node) and connects it to the previous (hidden) layer


  ❺ Constructs the neural network, specifying the input and output layers


  
2.1.8 Activation functions


  When training or predicting (via inference), each node in a layer will output a value to the nodes in the next layer. We don’t want to pass the value as-is, but instead sometimes want to change the value in a particular manner. This process is called an activation function.


  Think of a function that returns a result, like return result. In the case of an activation function, instead of returning result, we would return the result of passing the result value to another (activation) function, like return A(result), where A() is the activation function. Conceptually, you can think of this as follows:

  def layer(params):
    """ inside are the nodes """
    result = some_calculations
    return A(result)
 
def A(result):
    """ modifies the result """
    return some_modified_value_of_result


  Activation functions assist neural networks in learning faster and better. By default, when no activation function is specified, the values from one layer are passed as-is (unchanged) to the next layer. The most basic activation function is a step function. If the value is greater than 0, a 1 is outputted; otherwise, a 0 is outputted. The step function hasn’t been used in a long, long time.


  Let’s pause for a moment and discuss the purpose of an activation function. You likely have heard the term nonlinearity. What is this? To me, more importantly, what is it not?


  In traditional statistics, we worked in low-dimensional space with a strong linear correlation between the input and output. This correlation could be computed as a polynomial transformation of the input that, when transformed, had a linear correlation to the output. The most fundamental example is the slope of a line, which is represented as y = mx + b. In this case, x and y are coordinates of the line, and we want to fit the value of m, the slope, and b, where the line intercepts the y-axis.


  In deep learning, we work in high-dimensional space with substantial nonlinearity between the input and output. This nonlinearity means that an input is not uniformly related to (not near) an output based on a polynomial transformation of the input. For example, let’s say property tax is a fixed percentage rate (r) of the house value. The property tax can be represented by a function that multiplies the rate by the house value. Thus we have a linear (straight-line) relationship between the value (input) and property tax (output):


  tax = f (value) = r × value


  Let’s look at the logarithmic scale for measuring earthquakes, in which an increase of 1 means the power released is 10 times greater. For example, an earthquake of 4 is 10 times stronger than a 3. By applying a logarithmic transform to the input power, we have a linear relationship between power and scale:


  scale = f (power) = log(power)


  In a nonlinear relationship, sequences within the input have different linear relationships to the output, and in deep learning we want to learn the separation points as well as the linear functions for each input sequence. For example, consider age versus income to demonstrate a nonlinear relationship. In general, toddlers have no income, elementary-school children have an allowance, early teens earn an allowance plus money for chores, later teens earn money from jobs, and then when they go to college, their income drops to zero! After college, their income gradually increases until retirement, when it becomes fixed. We could model this nonlinearity as sequences across age and learn a linear function for each sequence, as depicted here:


  
    
      
        	
          income = F1(age) = 0

        

        	
          for age [0..5]

        
      


      
        	
          income = F2(age) = c1

        

        	
          for age [6..9]

        
      


      
        	
          income = F3(age) = c1 + (w1 × age)

        

        	
          for age [10..15]

        
      


      
        	
          income = F4(age) = (w2 × age)

        

        	
          for age [16..18]

        
      


      
        	
          income = F5(age) = 0

        

        	
          for age [19..22]

        
      


      
        	
          income = F6(age) = (w3 × age)

        

        	
          for age [23..64]

        
      


      
        	
          income = F7(age) = c2

        

        	
          for age [65+]

        
      

    
  


  Activation functions assist in finding the nonlinear separations and corresponding clustering of nodes within input sequences, which then learn the (near) linear relationship to the output. Most of the time, you will use three activation functions: the rectified linear unit (ReLU), sigmoid, and softmax.


  We will start with the ReLU, since it is the one that is most used in all but the output layer of a model. The sigmoid and softmax activations are covered in sections 2.2 and 2.3. The ReLU, depicted in figure 2.4, passes values greater than zero as-is (unchanged); otherwise, it passes zero (no signal).


  [image: ]


  Figure 2.4 The function for a rectified linear unit clips all negative values to zero. In essence, any negative value is the same as no signal, or ~ zero.


  The ReLU is generally used between layers. While early researchers used different activation functions (such as a hyperbolic tangent) between layers, researchers found that the ReLU produced the best result in training a model. In our example, we will add a ReLU between each layer:

  from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense, ReLU
 
model = Sequential()
model.add(Dense(10, input_shape=(13,)))
model.add(ReLU())                        ❶
model.add(Dense(10))
model.add(ReLU())                        ❶
model.add(Dense(1))


  ❶ Convention is to add ReLU activation to each non-output layer


  Let’s take a look inside our model object to see if we constructed what we think we did. You can do this by using the summary() method. This method is useful for visualizing the layers you constructed and verifying that what you intended to build is what you actually built. It will show in sequential order a summary of each layer:

  model.summary()
Layer (type)                 Output Shape              Param #   
=================================================================
dense_56 (Dense)             (None, 10)                140       
___________________________________________________________________
re_lu_18 (ReLU)              (None, 10)                0         
_________________________________________________________________
dense_57 (Dense)             (None, 10)                110       
_________________________________________________________________
re_lu_19 (ReLU)              (None, 10)                0         
_________________________________________________________________
dense_58 (Dense)             (None, 1)                 11        
=================================================================
Total params: 261
Trainable params: 261
Non-trainable params: 0
_________________________________________________________________


  For this code example, you see that the summary starts with a dense layer of 10 nodes (input layer), followed by a ReLU activation function, followed by a second dense layer (hidden) of 10 nodes, followed by a ReLU activation function, and finally followed by a dense layer (output) of 1 node. So, yes, we got what we expected.


  Next, let’s look at the parameter field in the summary. The input layer shows 140 parameters. How is that calculated? We have 13 inputs and 10 nodes, so 13 × 10 is 130. Where does 140 come from? Each connection between the inputs and each node has a weight, which adds up to 130. But each node has an additional bias. That’s 10 nodes, so 130 + 10 = 140. As I’ve said, it’s the weights and biases that the neural network will “learn” during training. A bias is a learned offset, conceptually equivalent to the y-intercept (b) in the slope of a line, which is where the line intercepts the y-axis:


  y = b + mx


  At the next (hidden) layer, you see 110 parameters. That’s 10 outputs from the input layer connected to each of the 10 nodes from the hidden layer (10 × 10) plus the 10 biases for the nodes in the hidden layers, for a total of 110 parameters to learn.


  
2.1.9 Shorthand syntax


  TF.Keras provides a shorthand syntax when specifying layers. You don’t actually need to separately specify activation functions between layers, as we did in the previous example. Instead, you can specify the activation function as a (keyword) parameter when instantiating a Dense layer.


  You might ask, why not always use the shorthand syntax? As you will see in chapter 3, in today’s model architecture, the activation function is preceded by another intermediate layer (batch normalization) or precedes the layer altogether (pre-activation batch normalization). The following code example does exactly the same thing as the previous one:

  from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense
 
model = Sequential()
model.add(Dense(10, input_shape=(13,), activation='relu'))     ❶
model.add(Dense(10, activation='relu'))                        ❶
model.add(Dense(1))


  ❶ The activation function is specified as a keyword parameter in the layer.


  Let’s call the summary() method on this model:

  model.summary()
Layer (type)                Output Shape              Param #   
=================================================================
dense_1 (Dense)             (None, 10)                140       
_________________________________________________________________
dense_2 (Dense)             (None, 10)                110       
_________________________________________________________________
dense_3 (Dense)             (None, 1)                 11        
=================================================================
Total params: 261
Trainable params: 261
Non-trainable params: 0
_________________________________________________________________
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