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preface

  Thank you for buying our book. We hope that it provides you with a look under the hood of deep learning (DL) and gives you some inspirations on how to use probabilistic DL methods for your work.

  All three of us, the authors, have a background in statistics. We started our journey in DL together in 2014. We got so excited about it that DL is still in the center of our professional lives. DL has a broad range of applications, but we are especially fascinated by the power of combining DL models with probabilistic approaches as used in statistics. In our experience, a deep understanding of the potential of probabilistic DL requires both insight into the underlying methods and practical experience. Therefore, we tried to find a good balance of both ingredients in this book.

  In this book, we aimed to give some clear ideas and examples of applications before discussing the methods involved. You also have the chance to make practical use of all discussed methods by working with the accompanying Jupyter notebooks. We hope you learn as much by reading this book as we learned while writing it. Have fun and stay curious!
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about this book

  In this book, we hope to bring the probabilistic principles underpinning deep learning (DL) to a broader audience. In the end (almost), all neural networks (NNs) in DL are probabilistic models.

  There are two powerful probabilistic principles: maximum likelihood and Bayes. Maximum likelihood (fondly referred to as MaxLike) governs all traditional DL. Understanding networks as probabilistic models trained with the maximum likelihood principle helps you to boost the performance of your networks (as Google did when going from WaveNet to WaveNet++) or to generate astounding applications (like OpenAI did with Glow, a net that generates realistic looking faces). Bayesian methods come into play in situations where networks need to say, “I’m not sure.” (Strangely, traditional NNs cannot do this.) The subtitle for the book, “with Python, Keras, and TensorFlow Probability,” reflects the fact that you really should get your hands dirty and do some coding.

  
Who should read this book

  This book is written for people who like to understand the underlying probabilistic principles of DL. Ideally, you should have some experience with DL or machine learning (ML) and should not be too afraid of a bit of math and Python code. We did not spare the math and always included examples in code. We believe math goes better with code.

  
How this book is organized: A roadmap

  The book has three parts that cover eight chapters. Part 1 explains traditional deep learning (DL) architectures and how the training of neural networks (NNs) is done technically.

  
    	
      Chapter 1--Sets the stage and introduces you to probabilistic DL.

    

    	
      Chapter 2--Talks about network architectures. We cover fully connected neural networks (fcNNs), which are kind of all-purpose networks, and convolutional neural networks (CNNs), which are ideal for images.

    

    	
Chapter 3--Shows you how NNs manage to fit millions of parameters. We keep it easy and show gradient descent and backpropagation on the simplest network one can think of--linear regression.

  

  Part 2 focuses on using NNs as probabilistic models. In contrast to part 3, we discuss maximum likelihood approaches. These are behind all traditional DL.

  
    	
      Chapter 4--Explores maximum likelihood (MaxLike), the underlying principle of ML and DL. We start by applying this principle to classification and (simple regression problems).

    

    	
      Chapter 5--Introduces TensorFlow Probability (TFP), a framework to build deep probabilistic models. We use it for not-so-simple regression problems like count data.

    

    	
Chapter 6--Begins with more complex regression models. At the end, we explain how you can use probabilistic models to master complex distributions like describing images of human faces.

  

  Part 3 introduces Bayesian NNs. Bayesian NNs allow you to handle uncertainty.

  
    	
      Chapter 7--Motivates the need for Bayesian DL and explains its principles. We again look at the simple example of linear regression to explain the Bayesian principle.

    

    	
Chapter 8--Shows you how to build Bayesian NNs. Here we cover two approaches called MC (Monte Carlo) dropout and variational inference.

  

  If you already have experience with DL, you can skip the first part. Also, the second part of chapter 6 (starting with section 6.3) describes normalizing flows. You do not need to know these to understand the material in part 3. Section 6.3.5 is a bit heavy on math, so if this is not your cup of tea, you can skip it. The same holds true for sections 8.2.1 and 8.2.2.

  
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.

  The code samples are taken from Jupyter notebooks. These notebooks include additional explanations and most include little exercises you should do for a better understanding of the concepts introduced in this book. You can find all the code in this directory in GitHub: https://github.com/tensorchiefs/dl_book/ . A good place to start is in the directory https://tensorchiefs.github.io/dl_book/ , where you’ll find links to the notebooks. The notebooks are numbered according to the chapters. So, for example, nb_ch08_02 is the second notebook in chapter 8.

  All the examples in this book, except nb_06_05, are tested with the TensorFlow v2.1 and TensorFlow Probability (TFP) v0.8. The notebooks nb_ch03_03 and nb_ch03_04, describing the computation graphs, are easier to understand in TensorFlow v1. For these notebooks, we also include both versions of TensorFlow. The nb_06_05 notebook only works with TensorFlow v1 because we need weights that are only provided in that version of TensorFlow.

  You can execute the notebooks in Google’s Colab or locally. Colab is great; you can simply click on a link and then play with the code in the cloud. No installation--you just need a browser. We definitely suggest that you go this way.

  TensorFlow is still fast-evolving, and we cannot guarantee the code will run in several years’ time. We, therefore, provide a Docker container (https://github.com oduerr/ dl_book_docker/) that you can use to execute all notebooks except nb_06_05 and the TensorFlow 1.0 versions of nb_ch03_03 and nb_ch03_04. This Docker container is the way to go if you want to use the notebooks locally.

  
liveBook discussion forum

  Purchase of Probabilistic Deep Learning 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 authors and from other users. To access the forum, go to https://livebook.manning.com/book/probabilistic-deep-learning-with-python/welcome/v-6/ . 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 authors can take place. It is not a commitment to any specific amount of participation on the part of the authors, whose contribution to the forum remains voluntary (and unpaiD). We suggest you try asking the authors some challenging questions lest their 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.

  
about the authors

  Oliver Dürr is professor for data science at the University of Applied Sciences in Konstanz, Germany. Beate Sick holds a chair for applied statistics at ZHAW, and works as a researcher and lecturer at the University of Zurich, and as a lecturer at ETH Zurich. Elvis Murina is a research scientist, responsible for the extensive exercises that accompany this book.

  Dürr and Sick are both experts in machine learning and statistics. They have supervised numerous bachelor’s, master’s, and PhD theses on the topic of deep learning, and planned and conducted several postgraduate- and master’s-level deep learning courses. All three authors have worked with deep learning methods since 2013, and have extensive experience in both teaching the topic and developing probabilistic deep learning models.

  
about the cover illustration

  The figure on the cover of Probabilistic Deep Learning is captioned “Danseuse de l’Isle O-tahiti,” or A dancer from the island of Tahiti. 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 1788. 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. Basics of deep learning

  

  P art 1 of this book gives you a first high-level understanding of what probabilistic deep learning (DL) is about and which types of tasks you can tackle with it. You’ll learn about different neural network architectures for regression (that you can use to predict a number), and about classification (that you can use to predict a class). You’ll get practical experiences in setting up DL models, learn how to tune these, and learn how to control the training procedure. If you don’t already have substantial experience with DL, you should work through part 1 in full before moving on to the probabilistic DL models in part 2.


  
    
1 Introduction to probabilistic deep learning

  

  This chapter covers

  
    	
What is a probabilistic model?

    	
What is deep learning and when do you use it?

    	
Comparing traditional machine learning and deep learning approaches for image classification

    	
The underlying principles of both curve fitting and neural networks

    	
Comparing non-probabilistic and probabilistic models

    	
What probabilistic deep learning is and why it’s useful

  

  [image: ]

  Deep learning (DL) is one of the hottest topics in data science and artificial intelligence today. DL has only been feasible since 2012 with the widespread usage of GPUs, but you’re probably already dealing with DL technologies in various areas of your daily life. When you vocally communicate with a digital assistant, when you translate text from one language into another using the free DeepL translator service (DeepL is a company producing translation engines based on DL), or when you use a search engine such as Google, DL is doing its magic behind the scenes. Many state-of-the-art DL applications such as text-to-speech translations boost their performance using probabilistic DL models. Further, safety critical applications like self-driving cars use Bayesian variants of probabilistic DL.

  In this chapter, you will get a first high-level introduction to DL and its probabilistic variants. We use simple examples to discuss the differences between non-probabilistic and probabilistic models and then highlight some advantages of probabilistic DL models. We also give you a first impression of what you gain when working with Bayesian variants of probabilistic DL models. In the remaining chapters of the book, you will learn how to implement DL models and how to tweak them to get their more powerful probabilistic variants. You will also learn about the underlying principles that enable you to build your own models and to understand advanced modern models so that you can adapt them for your own purposes.

  
1.1 A first look at probabilistic models

  Let’s first get an idea of what a probabilistic model can look like and how you can use it. We use an example from daily life to discuss the difference between a non-probabilistic model and a probabilistic model. We then use the same example to highlight some advantages of a probabilistic model.

  In our cars, most of us use a satellite navigational system ( satnav--a.k.a. GPS) that tells us how to get from A to B. For each suggested route, the satnav also predicts the needed travel time. Such a predicted travel time can be understood as a best guess. You know you’ll sometimes need more time and sometimes less time when taking the same route from A to B. But a standard satnav is non-probabilistic: it predicts only a single value for the travel time and does not tell you a possible range of values. For an example, look at the left panel in figure 1.1, where you see two routes going from Croxton, New York, to the Museum of Modern Art (MoMA), also in New York, with a predicted travel time that is the satnav’s best guess based on previous data and the current road conditions.

  Let’s imagine a fancier satnav that uses a probabilistic model. It not only gives you a best guess for the travel time, but also captures the uncertainty of that travel time. The probabilistic prediction of the travel time for a given route is provided as a distribution. For example, look at the right panel of figure 1.1. You see two Gaussian bell curves describing the predicted travel-time distributions for the two routes.

  How can you benefit from knowing these distributions of the predicted travel time? Imagine you are a New York cab driver. At Croxton, an art dealer boards your taxi. She wants to participate in a great art auction that starts in 25 minutes and offers you a generous tip ($500) if she arrives there on time. That’s quite an incentive!

  Your satnav tool proposes two routes (see the left panel of figure 1.1). As a first impulse, you would probably choose the upper route because, for this route, it estimates a travel time of 19 minutes, which is shorter than the 22 minutes for the other route. But, fortunately, you always have the newest gadgets, and your satnav uses a probabilistic model that not only outputs the mean travel time but also a whole distribution of travel times. Even better, you know how to make use of the outputted distribution for the travel times.

  [image: ]

  Figure 1.1 Travel time prediction of the satnav. On the left side of the map, you see a deterministic version--just a single number is reported. On the right side, you see the probability distributions for the travel time of the two routes.

  You realize that in your current situation, the mean travel time is not very interesting. What really matters to you is the following question: With which route do you have the better chance of getting the $500 tip? To answer this question, you can look at the distributions on the right side of figure 1.1. After a quick eyeball analysis, you conclude that you have a better chance of getting the tip when taking the lower route, even though it has a larger mean travel time. The reason is that the narrow distribution of the lower route has a larger fraction of the distribution corresponding to travel times shorter than 25 minutes. To support your assessment with hard numbers, you can use the satnav tool with the probabilistic model to compute for both distributions the probability of arriving at MoMA in less than 25 minutes. This probability corresponds to the proportion of the area under the curve left of the dashed line in figure 1.1, which indicates a critical value of 25 minutes. Letting the tool compute the probabilities from the distribution, you know that your chance of getting the tip is 93% when taking the lower route and only 69% when taking the upper road.

  As discussed in this cab driver example, the main advantages of probabilistic models are that these can capture the uncertainties in most real-world applications and provide essential information for decision making. Other examples of the use of probabilistic models include self-driving cars or digital medicine probabilistic models. You can also use probabilistic DL to generate new data that is similar to your observed data. A famous fun application is to create realistic looking faces of non-existing people. We talk about this in chapter 6. Let’s first look at DL from a bird’s-eye view before peeking into the curve-fitting part.

  
1.2 A first brief look at deep learning (DL)

  What is DL anyway? When asked for a short elevator pitch, we would say that it’s a machine learning(ML) technique based on artificial neural networks(NNs) and that it’s loosely inspired by the way the human brain works. Before giving our personal definition of DL, we first want to give you an idea of what an artificial NN looks like (see figure 1.2).
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  Figure 1.2 An example of an artificial neural network (NN) model with three hidden layers. The input layers hold as many neurons as we have numbers to describe the input.

  In figure 1.2, you can see a typical traditional artificial NN with three hidden layers and several neurons in each layer. Each neuron within a layer is connected with each neuron in the next layer.

  An artificial NN is inspired by the brain that consists of up to billions of neurons processing, for example, all sensory perceptions such as vision or hearing. Neurons within the brain aren’t connected to every other neuron, and a signal is processed through a hierarchical network of neurons. You can see a similar hierarchical network structure in the artificial NN shown in figure 1.2. While a biological neuron is quite complex in how it processes information, a neuron in an artificial NN is a simplification and abstraction of its biological counterpart.

  To get a first idea about an artificial NN, you can better imagine a neuron as a container for a number. The neurons in the input layer are correspondingly holding the numbers of the input data. Such input data could, for example, be the age (in years), income (in dollars), and height (in inches) of a customer. All neurons in the following layers get the weighted sum of the values from the connected neurons in the previous layer as their input. In general, the different connections aren’t equally important but have weights, which determine the influence of the incoming neuron’s value on the neuron’s value in the next layer. (Here we omit that this input is further transformed within the neuron.) DL models are NNs, but they also have a large number of hidden layers (not just three as in the example from figure 1.2).

  The weights (strength of connections between neurons) in an artificial NN need to be learned for the task at hand. For that learning step, you use training data and tune the weights to optimally fit the data. This step is called fitting. Only after the fitting step can you use the model to do predictions on new data.

  Setting up a DL system is always a two-stage process. In the first step, you choose an architecture. In figure 1.2, we chose a network with three layers in which each neuron from a given layer is connected to each neuron in the next layer. Other types of networks have different connections, but the principle stays the same. In the next step, you tune the weights of the model so that the training data is best described. This fitting step is usually done using a procedure called gradient descent. You’ll learn more about gradient descent in chapter 3.

  Note that this two-step procedure is nothing special to DL but is also present in standard statistical modeling and ML. The underlying principles of fitting are the same for DL, ML, and statistics. We’re convinced that you can profit a lot by using the knowledge that was gained in the field of statistics during the last centuries. This book acknowledges the heritage of traditional statistics and builds on it. Because of this, you can understand much of DL by looking at something as simple as linear regression, which we introduce in this chapter and use throughout the book as an easy example. You’ll see in chapter 4 that linear regression already is a probabilistic model providing more information than just one predicted output value for each sample. In that chapter, you’ll learn how to pick an appropriate distribution to model the variability of the outcome values. In chapter 5, we’ll show you how to use the TensorFlow Probability framework to fit such a probabilistic DL model. You can then transfer this approach to new situations allowing you to design and fit appropriate probabilistic DL models that not only provide high performance predictions but also capture the noise of the data.

  
1.2.1 A success story

  DL has revolutionized areas that so far have been especially hard to master with traditional ML approaches but that are easy to solve by humans, such as the ability to recognize objects in images (computer vision) and to process written text (natural language processing) or, more generally, any kind of perception tasks. Image classification is far from being only an academic problem and is used for a variety of applications:

  
    	
      Face recognition

    

    	
      Diagnostics of brain tumors in MRI data

    

    	
      Recognition of road signs for self-driving cars

    

  

  Although DL reveals its potential in different application areas, probably the easiest to grasp is in the field of computer vision. We therefore use computer vision to motivate DL by one of its biggest success stories.

  In 2012, DL made a splash when Alex Krizhevsky from Geoffrey Hinton’s lab crushed all competitors in the internationally renowned ImageNet competition with a DL-based model. In this competition, teams from leading computer vision labs trained their models on a big data set of ~1 million images with the goal of teaching these to distinguish 1,000 different classes of image content. Examples for such classes are ships, mushrooms, and leopards. In the competition, all trained models had to list the five most probable classes for a set of new test images. If the right class wasn’t among the proposed classes, the test image counted as an error (see figure 1.3, which shows how DL-based approaches took image classification by storm).
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  Figure 1.3 The impressive results of DL in the ImageNet competition

  Before DL entered the competition, the best programs had an error rate of ~25%. In 2012, Krizhevsky was the first to use DL and achieved a huge drop in the error rate (by 10% to only ~15%). Only a year later, in 2013, almost all competitors used DL, and in 2015, different DL-based models reached the level of human performance, which is about 5%. You might wonder why humans misclassify 1 image in 20 (5%). A fun fact: there are 170 different dog breeds in that data set, which makes it a bit harder for humans to correctly classify the images.

  
1.3 Classification

  Let’s look at the differences between non-probabilistic, probabilistic, and Bayesian probabilistic classification. DL is known to outperform traditional methods, especially in image classification tasks. Before going into details, we want to use a face recognition problem to give you a feeling for the differences and the commonalities between a DL approach and a more traditional approach to face recognition. As a side note, face recognition is actually the application that initially brought us into contact with DL.

  As statisticians, we had a collaboration project with some computer science colleagues for doing face recognition on a Raspberry Pi minicomputer. The computer scientists challenged us by kidding about the age of the used statistical methods. We took the challenge and brought them to a surprised silence by proposing DL to tackle our face recognition problem. The success in this first project triggered many other joint DL projects, and our interests grew, looking deeper into the underlying principles of these models.

  Let’s look at a specific task. Sara and Chantal were together on holidays and took many pictures, each showing at least one of them. The task is to create a program that can look at a photo and determine which of the two women is in the photo. To get a training data set, we labeled 900 pictures, 450 for each woman, with the name of the pictured woman. You can imagine that images can be very different at first sight because the women might be pictured from different angles, laughing or tired, dressed up or casual, or having a bad hair day. Still, for you, the task is quite easy. But for a computer, an image is only an array of pixel values, and programming it to tell the difference between two women is far from trivial.

  
1.3.1 Traditional approach to image classification

  A traditional approach to image classification doesn’t directly start with the pixel values of the images but tackles the classification task in a two-step process. As a first step, experts in the field define features that are useful to classify the images. A simple example of such a feature would be the mean intensity value of all pixels, which can be useful to distinguish night shots from pictures taken during the day. Usually these features are more complex and tailored to a specific task. In the face recognition problem, you can think about easily understandable features like the length of the nose, width of the mouth, or the distance between the eyes (figure 1.4).
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  Figure 1.4 Chantal (left) has a large distance between the eyes and a rather small mouth. Sara (right) has a small distance between the eyes and a rather large mouth.

  But these kinds of high-level features often are difficult to determine because many aspects need to be taken into account, such as mimics, scale, receptive angle, or light conditions. Therefore, non-DL approaches often use less interpretable, low-level features like SIFT features (Scale-Invariant Feature Transform), capturing local image properties such as magnification or rotation that are invariant to transformations. You can, for example, think about an edge detector: an edge won’t disappear if the image is rotated or scaled.

  Already this simple example makes clear that feature engineering, meaning defining and extracting those properties from the image that are important for the classification, is a complicated and time-consuming task. It usually requires a high level of expertise. The (slow) progress in many applications of computer vision like face recognition was mainly driven by the construction of new and better features.

  NOTE You need to extract all these features from all images before you can tackle the actual classification task.

  After the features-extraction step, the values of these features represent each image. In order to identify Sara or Chantal from this feature representation of the image, you need to choose and fit a classification.

  What is the task of such a classification model? It should discriminate between the different class labels. To visualize this idea, let’s imagine that an image is described by only two features: say, distance of the eyes and width of the mouth. (We are aware that in most real cases, a good characterization of an image requires many more features.)

  Because the women aren’t always pictured head on but from different viewpoints, the apparent distance between the eyes isn’t always the same for the same women. The apparent width of the mouth can vary even more, depending if the woman laughs or makes an air-kiss. When representing each image of the pictured woman by these two features, the feature space can be visualized by a 2D plot. One axis indicates the eye distance and the other axis shows the mouth width (see figure 1.5). Each image is represented by a point; images of Sara are labeled with an S and images of Chantal with a C.
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  Figure 1.5 A 2D space spanned by the features mouth width and eye distance. Each point represents an image described by these two features (S for Sara and C for Chantal). The dashed line is a decision boundary separating the two classes.

  One way you can think about a non-probabilistic classification model is that the model defines decision boundaries (see the dashed line in figure 1.5) that split the feature space into different regions. Each resulting region corresponds to one class label. In our example, we’ve determined a Sara region and a Chantal region. You can now use this decision boundary to classify new images from which you only know the values for the two features: if the corresponding point in the 2D feature space ends up in the Sara region, you classify it as Sara; otherwise, as Chantal.

  You might know from your data analysis experiences some methods like the following, which you can use for classification. (Don’t worry if you aren’t familiar with these methods.)

  
    	
      Logistic or multinomial regression

    

    	
      Random forest

    

    	
      Support vector machines

    

    	
      Linear discriminant analysis

    

  

  Most classification models, including the listed methods and also DL, are parametric models, meaning the model has some parameters that determine the course of the boundaries. The model is only ready to actually perform a classification or class probability prediction after replacing the parameters by certain numbers. Fitting is about how to find these numbers and how to quantify the certainty of these numbers.

  Fitting the model to a set of training data with known class labels determines the values of the parameter and fixes the decision boundaries in the feature space. Depending on the classification method and the number of parameters, these decision boundaries could be simple straight lines or a complex boundary with wiggles. You can summarize the traditional workflow to set up a classification method in three steps:

  
    	
      Defining and extracting features from the raw data

    

    	
      Choosing a parametric model

    

    	
      Fitting the classification model to the data by tuning its parameter

    

  

  To evaluate the performance of the models, you use a validation data set that is not used during the training. A validation data set in the face recognition example would consist of new images of Chantal and Sara that were not part of the training data set. You then can use the trained model to predict the class label and use the percentage of correct classifications as a (non-probabilistic) performance measure.

  Depending on the situation, one or another classification method will achieve better results on the validation data set. However, in classical image classification, the most important ingredient for success isn’t the choice of the classification algorithm but the quality of the extracted image features. If the extracted features take different values for images from different classes, you’ll see a clear separation of the respective points in the feature space. In such a situation, many classification models show a high classification performance.

  With the example of discriminating Sara from Chantal, you went through the traditional image classification workflow. For getting good features, you first had to recognize that these two women differ in their mouth width and their eye distance. With these specific features, you saw that it is easy to build a good classifier. However, for discriminating between two other women, these features might not do the trick, and you would need to start over with the feature developing process again. This is a common drawback when working with customized features.

  
1.3.2 Deep learning approach to image classification

  In contrast to the traditional approach to image classification, the DL approach starts directly from the raw image data and uses only the pixel values as the input features to the model. In this feature representation of an image, the numbers of pixels define the dimension of the feature space. For a low-resolution picture with 100 × 100 pixels, this already amounts to 10,000.

  Besides such a high dimension, the main challenge is that pixel similarity of two pictures doesn’t imply that the two images correspond to the same class label. Figure 1.6 illustrates where the images in the same column obviously correspond to the same class but are different on the pixel level. Simultaneously, images in the same row of figure 1.6 show high pixel similarity but don’t correspond to the same class.
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  Figure 1.6 The left column shows two images of the class dog. The right column shows two images of the class table. When comparing the pictures on the pixel level, the two images in the same column are less similar than the two images in the same row, even if one image in a row shows a dog and the other image displays a table.

  The core idea of DL is to replace the challenging and time-consuming task of feature engineering by incorporating the construction of appropriate features into the fitting process. Also, DL can’t do any magic so, similar to traditional image analysis, the features have to be constructed from the pixel values at hand. This is done via the hidden layers of the DL model.

  Each neuron combines its inputs to yield a new value, and in this manner, each layer yields a new feature representation of the input. Using many hidden layers allows the NN to decompose a complicated transformation from the raw data to the outcome in a hierarchy of simple transformations. When going from layer to layer, you get a more and more abstract representation of the image that becomes better suited for discriminating between the classes. You’ll learn more about this in chapter 2, where you’ll see that during the fitting process of a DL model, a hierarchy of successively more complex features is learned. This then allows you to discriminate between the different classes without the need of manually specifying the appropriate features.

  
    Branding DL (Deep learning)

    In the earlier days of machine learning (ML), neural networks (NNs) were already around, but it was technically impossible to train deep NNs with many layers, mainly because of a lack of computer power and training data. With the technical obstacles resolved, some tricks have been discovered that made it possible to train NNs with several hundred layers.

    Why do we talk about DL instead of artificial NNs? DL sells better than artificial NNs. This might sound disrespectful, but such rebranding was probably a smart move, especially because NNs haven’t delivered what was promised during the last decades and, therefore, gained a somewhat bad reputation. We work with “deep” NNs with many hidden layers. This leads to a deep hierarchy in the construction of features, allowing these to become more abstract with every step up in the hierarchy.

  

  After defining the architectures, the network can be understood as a parametric model that often contains millions of parameters. The model takes an input x and produces an output y. This is true for every DL model (including reinforcement learning). The DL modeling workflow can be summarized in two steps:

  
    	
      Defining the DL model architecture

    

    	
      Fitting the DL model to the raw data

    

  

  The next sections discuss what is meant by non-probabilistic and probabilistic classification models and what benefits you can get from a Bayesian variant of a probabilistic classification model.

  
1.3.3 Non-probabilistic classification

  Let’s first look at non-probabilistic classification. To make it easy and illustrative, we use the image classification example again. The goal in image classification is to predict for a given image which class it corresponds to. In the ImageNet competition in section 1.2, there were 1,000 different classes. In the face recognition example, there were only two classes: Chantal and Sara.

  In non-probabilistic image classification, you only get the predicted class label for each image. More precisely, a non-probabilistic image classifier takes an image as input and then predicts only the best guess for the class as output. In the face recognition example, it would either output Chantal or Sara. You can also think about a non-probabilistic model as a deterministic model without any uncertainty. When looking with probabilistic glasses at a non-probabilistic model, it seems that a non-probabilistic model is always certain. The non-probabilistic model predicts with a probability of one that the image belongs to one specific class.

  Imagine a situation where the image shows Chantal where she dyes her hair the same color as that of Sara and the hair covers Chantal’s face. For a human being, it’s quite hard to tell if the image shows Chantal or Sara. But the non-probabilistic classifier still provides a predicted class label (for example, Sara) without indicating any uncertainty. Or imagine an even more extreme situation where you provide an image that shows neither Chantal nor Sara (see figure 1.7). Which prediction will you get from the classifier? You would like the classifier to tell you that it is not able to make a reliable prediction. But a non-probabilistic classifier still yields either Chantal or Sara as a prediction without giving a hint of any uncertainty. To tackle such challenges of handling difficult or novel situations, we turn to probabilistic models and their Bayesian variants. These can express their uncertainty and indicate potentially unreliable predictions.
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  Figure 1.7 A non-probabilistic image classifier for face recognition takes as input an image and yields as outcome a class label. Here the predicted class label is Chantal, but only the upper image really shows Chantal. The lower image shows a woman who is neither Chantal nor Sara.

  
1.3.4 Probabilistic classification

  The special thing in probabilistic classification is that you not only get the best guess for the class label but also a measure for the uncertainty of the classification. The uncertainty is expressed by a probability distribution. In the face recognition example, a probabilistic classifier would take a face image and then output a certain probability for Chantal and for Sara. Both probabilities add up to 1 (see figure 1.8).
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  Figure 1.8 A probabilistic image classifier for face recognition takes as input an image and yields as outcome a probability for each class label. In the upper panel, the image shows Chantal, and the classifier predicts a probability of 0.85 for the class Chantal and a probability of 0.15 for the class Sara. In the lower panel, the image shows neither Chantal nor Sara, and the classifier predicts a probability of 0.8 for the class Chantal and a probability of 0.2 for the class Sara.

  To give a best single guess, you would pick the class with the highest probability. It is common to think about the probability of the predicted class as an uncertainty of the prediction. This is the case when all the images are sufficiently similar to the training data.

  But in reality, this is not always the case. Imagine that you provide the classifier with an image that shows neither Chantal nor Sara. The classifier has no other choice than to assign probabilities to the classes Chantal or Sara. But you would hope that the classifier shows its uncertainty by assigning more or less equal probabilities to the two possible but wrong classes. Unfortunately, this is often not the case when working with probabilistic NN models. Instead, often quite high probabilities are still assigned to one of the possible but wrong classes (see figure 1.8). To tackle this problem, in part 3 of our book, we extend the probabilistic models by taking a Bayesian approach, which can add an additional uncertainty that you can use to detect novel classes.

  
1.3.5 Bayesian probabilistic classification

  The nice thing about Bayesian models is that these can express uncertainty about their predictions. In our face recognition example, the non-Bayesian probabilistic model predicts an outcome distribution that consists of the probability for Chantal and the probability for Sara, which add up to 1. But how certain is the model about the assigned probabilities? Bayesian models can give an answer to this question. In part 3 of this book, you will learn how this is done in detail. At this point, let’s just note that you can ask a Bayesian model several times and get different answers when you ask it. This reflects the uncertainty inherent in the model (see figure 1.9). Don’t worry if you do not see how you get these different model outputs for the same input. You will learn about that in the third part of the book.

  The main advantage of Bayesian models is that these can indicate a non-reliable prediction by a large spread of the different sets of predictions (see lower panel of figure 1.9). In this way, you have a better chance to identify novel classes like the young lady in the lower panel of figure 1.9 who is neither Chantal nor Sara.
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  Figure 1.9 A Bayesian probabilistic image classifier for face recognition takes as input an image and yields as outcome a distribution of probability sets for the two class labels. In the upper panel, the image is showing Chantal, and the predicted sets of probabilities all predict a large probability for Chantal and an accordingly low probability for Sara. In the lower panel, the image shows a lady who is neither Chantal nor Sara, so the classifier predicts different sets of probabilities indicating a high uncertainty.

  
1.4 Curve fitting

  We want to finish this introductory chapter talking about the differences in probabilistic and non-probabilistic DL methods on regression tasks. Regression is sometimes also referred to as curve fitting. This reminds one of the following:

  All the impressive achievements of deep learning amount to just curve fitting.

  --Judea Pearl, 2018

  When we heard that Judea Pearl, the winner of the prestigious Turing Award in 2011 (the computer science equivalent of the Nobel prize), claimed DL to be just curve fitting (the same curve fitting done in simple analysis like linear regression for centuries), at first we were surprised and even felt a bit offended. How could he be so disrespectful about our research subject, which, moreover, showed such impressive results in practice? Our relative calmness is probably due to the fact that we aren’t computer scientists but have a background in physics and statistical data analysis. Curve fitting isn’t just curve fitting for us. However, giving his statement a second thought, we can see his point: the underlying principles of DL and curve fitting are identical in many respects.

  
1.4.1 Non-probabilistic curve fitting

  Let’s first take a closer look at the non-probabilistic aspects of traditional curve-fitting methods. Loosely speaking, non-probabilistic curve fitting is the science of putting lines through data points. With linear regression in its most simple form, you put a straight line through the data points (see figure 1.10). In that figure, we assume that we have only one feature, x, to predict a continuous variable, y. In this simple case, the linear regression model has only two parameters, a and b :

  y = a ⋅ x + b
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  Figure 1.10 Scatter plot and regression model for the systolic blood pressure(SBP) example. The dots are the measured data points; the straight line is the linear model. For three age values (22, 47, 71), the positions of the horizontal lines indicate the predicted best guesses for the SBP (11, 139, 166).

  After the definition of the model, the parameters a and b need to be determined so that the model can be actually used to predict a single best guess for the value of y when given x. In the context of ML and DL, this step of finding good parameter values is called training. But how are networks trained? The training of the simple linear regression and DL models is done by fitting the model’s parameters to the training data--a.k.a. curve fitting.

  Note that the number of parameters can be vastly different, ranging from 2 in the 1D linear regression case to 500 million for advanced DL models. The whole procedure is the same as in linear regression. You’ll learn in chapter 3 how to fit the parameter of a non-probabilistic linear regression model.

  So, what do we mean when we say a non-probabilistic model is fit to data? Let’s look at the model y = a ⋅ x + b for a concrete example of predicting the blood pressure y based on the age x. Figure 1.10 is a plot of the systolic blood pressure (SBP) against the age for 33 American women. Figure 1.10 shows concrete realizations with a = 1.70 and b = 87.7 (the solid line). In a non-probabilistic model, for each age value you get only one best guess for the SBP for women of this age. In figure 1.10, this is demonstrated for three age values (22, 47, and 71), where the predicted best guesses for the SBP (111, 139, and 166) are indicated by the positions of the dashed horizontal lines.

  
1.4.2 Probabilistic curve fitting

  What do you get when you fit a probabilistic model to the same data? Instead of only a single best guess for the blood pressure, you get a whole probability distribution. This tells you that women with the same age might well have different SBPs (see figure 1.11). In the non-probabilistic linear regression, an SBP of 111 is predicted for 22-year-old women (see figure 1.10). Now, when looking at the predicted distribution for 22-year-old women, SBP values close to 111 (the peak of the distribution) are expected with higher probability than values further away from 111.
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  Figure 1.11 Scatter plot and regression model for the systolic blood pressure (SBP) example. The dots are the measured data points. At each age value (22, 47, 71), a Gaussian distribution is fitted that describes the probability distribution of possible SBP values of women in these age groups. For the three age values, the predicted probability distributions are shown. The solid line indicates the positions of the mean values of all distributions corresponding to the ages between 16 and 90 years. The upper and lower dashed lines indicate an interval in which 95% of all values are expected by the model.

  The solid line in figure 1.10 indicates the positions of the mean values of all distributions corresponding to the age values between 16 and 90 years. The solid line in figure 1.11 exactly matches the regression line in figure 1.10, which is predicted from a non-probabilistic model. The dashed lines that are parallel to the mean indicate an interval in which 95% of all individual SBP values are expected by the model.

  How do you find the optimal values for the parameters in a non-probabilistic and a probabilistic model? Technically, you use a loss function that describes how poorly the model fits the (training) data and then minimizes it by tuning the weights of the model. You’ll learn about loss functions and how to use these for fitting non-probabilistic or probabilistic models in chapters 3, 4, and 5. You’ll then see the difference between the loss function of a non-probabilistic and a probabilistic model.

  The discussed linear regression model is, of course, simple. We use it mainly to explain the underlying principles that stay the same when turning to complex DL models. In real world applications, you would often not assume a linear dependency, and you would also not always want to assume that the variation of the data stays constant. You’ll see in chapter 2 that it’s easy to set up a NN that can model non-linear relationships. In chapters 4 and 5, you’ll see that it is also not hard to build a probabilistic model for regression tasks that can model data with non-linear behavior and changing variations (see figure 1.12). To evaluate the performance of a trained regression model, you should always use a validation data set that is not used during training. In figure 1.12, you can see the predictions of a probabilistic DL model on a new validation set that shows that the model is able to capture the non-linear behavior of the data and also the changing data variation.
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  Figure 1.12 Scatter plot and validation data predictions from a (non-Bayesian) probabilistic regression model. The model is fitted on some simulated data with a non-linear dependency between x and y and with non-constant data variation. The solid line indicates the positions of the mean values of all predicted distributions. The upper and lower dashed lines indicate an interval in which 95% of all values are expected by the model.

  What happens if we use the model to predict the outcome of x values outside the range of the training data? You can get a first glimpse when looking at figure 1.12, where we only have data between -5 and 25 but show the predictions in a wider range between -10 and 30. It seems that the model is especially certain about its predictions in the ranges where it has never seen the data. That is strange and not a desirable property of a model! The reason for the model’s shortcoming is that it only captures the data variation--it does not capture the uncertainty about the fitted parameters. In statistics, there are different approaches known to capture this uncertainty; the Bayesian approach is among these. When working with DL models, the Bayesian approach is the most feasible and appropriate. You will learn about that in the last two chapters of this book.

  
1.4.3 Bayesian probabilistic curve fitting

  The main selling point of a Bayesian DL model is its potential to sound the alarm in case of novel situations for which the model was not trained. For a regression model, this corresponds to extrapolation, meaning you use your model in a data range that is outside the range of the training data. In figure 1.13, you can see the result of a Bayesian variant of the NN that produces the fit shown in figure 1.12. It is striking that only the Bayesian variant of the NN raises the uncertainty when leaving the range of the training data. This is a nice property because it can indicate that your model might yield unreliable predictions.

  [image: ]

  Figure 1.13 Scatter plot and validation data predictions from a Bayesian probabilistic regression model. The model was fitted on some simulated data with non-linear dependency between x and y and non-constant data variation. The solid line indicates the positions of the mean values of all predicted distributions. The upper and lower dashed lines indicate an interval in which 95% of all values are expected by the model.
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