

[image: Zefs Guide to Deep Learning]



  Zefs Guide to Deep Learning


   


  Roy Keyes

   

  This book is available at http://leanpub.com/zefsguide2dl

  This version was published on 2024-12-24

  [image: publisher's logo]

    *   *   *   *   *

  This is a Leanpub book. Leanpub empowers authors and publishers with the Lean Publishing process. Lean Publishing is the act of publishing an in-progress ebook using lightweight tools and many iterations to get reader feedback, pivot until you have the right book and build traction once you do.

  *   *   *   *   *


  

© 2022 - 2024 Roy Keyes


      
        Table of Contents


         
           
  	
    Acknowledgments
  

  	
    1 Introduction
    
      	
        Why deep learning?
      

      	
        Why this book?
      

      	
        What does this book cover and not cover?
      

      	
        How to use this book
      

    

  

  	
    2 Machine Learning
    
      	
        What is machine learning?
      

      	
        Types of machine learning tasks and solutions
        
          	
            Regression
          

          	
            Classification
          

          	
            Supervised learning
          

          	
            Unsupervised learning
          

          	
            Self-supervised learning
          

          	
            Reinforcement learning
          

        

      

      	
        An example task
        
          	
            Predicting real estate sales prices
          

        

      

      	
        Formulating machine learning problems
      

      	
        Data sets and features
      

      	
        Measuring performance
        
          	
            Performance baselines and success thresholds
          

        

      

      	
        Model selection
      

      	
        Model training
        
          	
            Supervised learning
          

          	
            Unsupervised learning
          

          	
            Loss functions
          

          	
            Parameter optimization
          

          	
            Generalization and overfitting
          

          	
            Avoiding overfitting
          

          	
            Hyperparameters
          

        

      

      	
        Productionization
      

      	
        Common issues
      

      	
        Common machine learning models
      

      	
        From “traditional” ML to deep learning
      

      	
        References
      

    

  

  	
    3 Neural Networks
    
      	
        What is a neural network?
      

      	
        What are some tasks that neural networks can accomplish?
      

      	
        The building blocks of neural networks
        
          	
            Activation functions
          

          	
            Neural network layers
          

          	
            Connections, weights, and biases
          

          	
            Learning via gradient descent
          

          	
            Output layers
          

        

      

      	
        What does a neural network do?
      

      	
        From basic neural networks to deep learning
      

      	
        Resources
      

    

  

  	
    4 The rise of deep learning
    
      	
        Moving to deep neural networks
        
          	
            What made deep neural networks possible?
          

        

      

      	
        Where are we now with deep learning?
      

    

  

  	
    5 Computer vision and convolutional neural networks
    
      	
        Computers and images
        
          	
            Computer vision tasks
          

          	
            Traditional computer vision
          

        

      

      	
        What’s hard about computer vision tasks?
      

      	
        Convolutional neural networks
        
          	
            Convolutions
          

          	
            Filter size, strides, padding, and pooling
          

          	
            A basic CNN architecture
          

        

      

      	
        Some important CNN model architectures for computer vision tasks
        
          	
            AlexNet
          

          	
            ResNet
          

          	
            U-Net for semantic segmentation
          

          	
            YOLO for object detection
          

          	
            Image generation with GANs
          

        

      

      	
        Common CNN techniques
        
          	
            Regularization
          

          	
            Data augmentation
          

          	
            Batch normalization
          

          	
            Gradient descent algorithms
          

          	
            Transfer learning
          

        

      

      	
        Summary and resources
      

    

  

  	
    6 Natural language processing and sequential data techniques
    
      	
        Text, natural language, and sequential data
        
          	
            Types of sequential tasks
          

          	
            Traditional approaches
          

        

      

      	
        Making a neural network remember
        
          	
            The recurrent neural network
          

        

      

      	
        Creating context with embeddings
        
          	
            Embeddings
          

        

      

      	
        Architectures for sequential tasks
        
          	
            Gated recurrent units
          

          	
            Long short-term memory
          

          	
            Attention
          

          	
            Transformers
          

          	
            Applications and Transformer based architectures
          

        

      

      	
        Summary and resources
      

    

  

  	
    7 Advanced techniques and practical considerations
    
      	
        Combining vision and language
        
          	
            Image captioning
          

          	
            Joint embeddings
          

          	
            Diffusion models
          

        

      

      	
        Self-supervised learning
        
          	
            Image-based techniques
          

          	
            Contrastive learning
          

        

      

      	
        Math topics related to deep learning
        
          	
            Linear algebra
          

          	
            Statistics and probability
          

          	
            Differential calculus
          

        

      

      	
        Machine learning engineering
        
          	
            Deep learning libraries
          

          	
            Graphical processing units and specialized hardware
          

          	
            Machine learning systems
          

        

      

      	
        Wrapping up
      

    

  

  	
    Notes
  




         

         
            Guide

            
               	
                  Begin Reading
               

            

         



Acknowledgments



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









1 Introduction



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Why deep learning?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Why this book?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



What does this book cover and not cover?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



How to use this book



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









2 Machine Learning


Deep learning is a family of techniques for building predictive models that are at the center of the current boom in “artificial intelligence”. In the past decade deep learning models have been able to surpass “traditional” techniques in many domains and applications, sometimes even exceeding human performance. But to understand deep learning, we need to put it in the larger context of machine learning, as deep learning is itself one type of machine learning. We will also look at shallow neural networks, the ancestors of deep learning.


In this chapter and the next we’ll go over some of the core concepts of machine learning and the basics of neural networks, setting us up to learn about modern, deep neural networks.


What is machine learning?


Machine learning (ML) is an approach to solving problems, where data is used directly to adjust the internal parameters of a computer program to provide the best answers possible. Examples include predicting the ultimate sale price of a house or detecting the presence of a tumor in a medical scan. The difference between machine learning programs (usually called “models”) and traditional computer programs is that instead of having programmers explicitly write the logic of the program by hand, the important decision logic is “learned” by the program by looking at example data. This process is called training the model.


Machine learning is closely related to (and sometimes identical to) statistical modeling. The main differences are in the historical development and the emphasis on outcomes and explanatory power. Machine learning tends to focus on producing the most highly predictive models, even if they are effectively “black boxes”1 to the users. Statistical modeling has more emphasis on creating models that have more explanatory power (e.g. creating a model that mimics the underlying process that generates the data). Statistics has also built out robust techniques to deal with small amounts of data, which many practitioners of ML tend to avoid. That said, there are many concepts from statistics that underlie ML and deep learning.
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As more data has become available in many areas of science, industry, and government, machine learning has been increasingly adopted as a viable solution to solve real-world problems. The abundance of data is however not the only factor. More data plus cheaper storage and computing power has led to the development of more software (especially open source software) and the refinement of techniques to make the best use of that data. This has been especially true of deep learning, as we will see in later chapters.




  Artificial Intelligence


  Artificial intelligence, or AI, is often discussed in relation to deep learning. In fact, many people are actually referring to deep learning these days when they say “AI”. Worse, some people even use “AI” to refer to anything related to data. In this book I will try to avoid the term AI, as it is currently used in a very broad and often vague sense, in part due to the hype surrounding it.


  AI has a very interesting history going back decades. It’s broadly defined as enabling computers to do tasks that we typically think of as needing some level of intelligence to achieve, whether that be playing chess or holding a conversation. I will not go into the details of this history, except to mention that the two main approaches to achieving this have been so-called “knowledge-based” approaches, with hard-coded logic rules, and “connectionist” or learning-based approaches, which ultimately include the current deep learning techniques.


  I am of the opinion that for most practitioners of deep learning, the near-term task-oriented applications of deep learning are where they will get their biggest returns on learning. That said there is a lot of interesting research on how these current techniques might achieve broader “artificial general intelligence” type systems.


  For more on AI and AGI, a good place to start is Wikipedia’s article on artificial intelligence.




Types of machine learning tasks and solutions


Most problems that machine learning is used to solve can be thought of as predictions problems. Some fit more into the casual usage of the term “prediction”, as in predicting the ultimate sale price of a house, which will only be known at some point in the future. Others are predictions in a technical sense, such as predicting whether a certain image is of a dog or a cat.
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Regression


Machine learning tasks can be broken down into a handful of categories. A common way to categorize tasks is by the type of output that a machine learning model needs to produce. One of the most common types of task is regression2. Regression is the task of predicting a (continuous) numerical value, such as the temperature in a weather forecast, the sales volume of a product, or estimating time of arrival of a vehicle.


The most basic version of regression that many people are familiar with is finding the slope and intercept of a “best fit line” that fits some data points. This line can then be used to predict other values by using the basic line equation to estimate new, unseen values. This is the manual version of finding the best fit slope and intercept values (a.k.a. parameters). In ML, as we’ll discuss in more detail, those slope and intercept parameters are determined by the training process, where different values are tried iteratively and the fit of the line is compared with the known data to see how good the fit is. This is the core of machine learning: “learning” the best parameter values of a model from the known, existing data.


Regression is one of the most common applications of machine learning and typically falls under the category of supervised learning, which we will discuss below.


Classification


Classification is the task of predicting the class, category, or label of an item. This can be a task with many possible choices, such as facial recognition, or a binary, yes/no scenario, such as predicting whether a customer will purchase an advertized item. Other examples include predicting the species of an animal present in an image, the sentiment of a product review, whether a self-driving car needs to make an emergency stop, and how a support request should be routed.


A simple classification algorithm is the flow chart, which is similar to the decision tree. A medical doctor might create a flow chart to map out how to make a certain medical diagnosis based on symptoms, medical history, and measured patient data. The doctor does this based on their knowledge and understanding of how they make decisions based on the available data. The doctor creates  decision criteria for each piece of input data, such as body temperature. The path of the flow chart, based on each decision, leads to the medical diagnosis, or “classification”. A similar model can be created with machine learning. Instead of the doctor manually inputting the decision thresholds and the overall flow of the decisions, the decision criteria are learned from the available data by trying out many combinations of decision thresholds and structures and evaluating the overall goodness of the predictions, until the best decision thresholds and flow structure are found.


As with regression, classification tasks typically fall under the umbrella of supervised learning. Sometimes you don’t know what the classes are for a classification problem, so instead you try to discover clusters or groupings in the data based on similarities. This is unsupervised learning, which we will discuss below.
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Supervised learning


Another way to organize machine learning tasks is by the method used to solve the problem, rather than the type of predictive task. One of the most common classes of methods used to build predictive models is “supervised learning”. Supervised learning is when you have data to train a model that includes “ground truth” answers. For example, if you were building a model to predict how tall children would be as adults, you could use a supervised learning approach if you had data on full-grown adults when they were children and their final, adult heights. The inputs to the model would be the earlier data, such as age, height, height of parents, etc, and the matching outputs would be the known, final heights of those people.


Essentially supervised learning is when you train a model by taking example inputs and comparing the predictions of the model to the known, desired outputs. By altering the parameters of the model (think the slope and intercept of your fit line), you can then check if the new parameters provide an improvement in the overall predictive performance of the model. In practice this is done by training algorithms, which automatically try many possible model parameter values to land on the best model, given the current data.


Unsupervised learning


In contrast to supervised learning is “unsupervised learning”, where you do not have the “ground truth” answers for the task you are trying to address. One of the most common tasks using unsupervised learning is “clustering”. When clustering, you want to discover natural groupings of data, based on similarities within the data set. For example, you might want to cluster customers by purchasing behavior or demographic information to create focused advertising campaigns. You may not know what these groupings are beforehand or how many groups to expect. Only after investigating the members of these clusters can you (potentially) give them labels that make sense. This is in contrast to supervised learning, where you know beforehand how many classes you have and what they are. These additional challenges can make unsupervised learning more difficult to perform, but it may be worth it if collecting the “ground truth” is very costly or even impossible.


Self-supervised learning


There are some approaches to solving problems that use “unlabeled” data, but in a different way than the unsupervised approaches mentioned above. Instead of searching for natural clusters or patterns within the data, you can pose tasks where the answer is already contained in the data. Examples include training models to predict the next word in a sentence, using the first part of the sentence as the input and the following word(s) as the “ground truth” output, effectively formulating the task as a supervised learning problem. This reformulation from “unlabeled” data to a supervised learning problem is why the moniker “self-supervised” is used, as the data is its own label.


The distinction between supervised, unsupervised, and semi-supervised learning is not always clear-cut, but it is often a useful one3.


Reinforcement learning


Another category of machine learning is “reinforcement learning”. Reinforcement learning is an approach to solving tasks where a strategy for decision making is learned, typically trying to maximize or minimize some score or ultimate goal. Common examples of tasks that reinforcement learning is applied to are games, where the player needs to make a series of decisions, given the state of play. The reinforcement learning model may learn from the score in the game, winning or losing, or all of those combined. Reinforcement learning combined with deep learning has been used successfully in many gaming tasks in recent years4. Reinforcement learning will not be further covered in this book.


An example task


Before we look at the details of how machine learning problems are formulated and solutions are built and tested, let’s consider an example problem. This will give us even more context when we discuss the specifics of how machine learning solutions are created.


Predicting real estate sales prices


Let’s imagine that you decide that you want to buy some real estate (e.g. a house). You want to use your computing skills to give you the best understanding possible of how much to pay for a house by building a program that could predict how much a given house would ultimately sell for. How would you do this?


As we have seen above, this is a regression problem. We want to know a specific numerical estimate: the price in some currency. If you were a physicist, cough, you might try to build a model from first principles. One based on assumptions about how humans act and information about the fundamental attributes of the house. This probably won’t work, as the underlying mechanisms are far too complicated. The machine learning approach would be to try to use data to adjust a mathematical model, such that the model can effectively use the different characteristics of the house to predict the sales price. By collecting data from recent sales of homes in the region, you could use the known characteristics, or features, of these homes as training inputs to an ML model and compare the predicted sales prices to the known, actual sales prices.


Assuming you had selected a model and trained it using the data you had, how would you know if the model was good? A good model should produce price predictions that are close to the actual sales prices of homes in the area. While training, you would compare the outputs of your model to the known values, adjust the internal parameters of the model, check the overall goodness of the predictions, and iterate this process until the model is no longer improving or you are satisfied. This training process is done via a training algorithm, which is usually specific to the type of machine learning model you are training.


One immediate issue with this is that your model may be able to learn to predict the sales prices of the examples you have (effectively memorizing them), but, when faced with new data, not be able to make reasonable predictions. Your model has focused on memorizing the training data, rather than on learning the more general patterns that are useful for predicting sales prices of houses that it has not yet seen. The way to understand and quantify the goodness of your model is to test it on house sales data that it did not see during the training process. This will help estimate how it will do with “real world” data.


The basic steps in this example are:



  	Formulate the problem

  	Collect necessary data

  	Train the model

  	Evaluate the performance of the model

  	Iterate as necessary




There are a lot of details that I have glossed over in this example of a supervised regression problem, but we have now set the stage to dive into those details more deeply.


Formulating machine learning problems



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Data sets and features



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Measuring performance


Probably the most important question about a machine learning model is how good the model is. This question sounds straight-forward, but how you measure the performance of a model is something that ML practitioners often must spend a lot of effort on.


For regression tasks, common measures of performance are the mean absolute error, MAE, and the root-mean-square error, RMSE. These quantify the typical error of predictions made by the model. Both look at the difference between a prediction and the “ground truth”, while treating an overestimate the same as an underestimate, but RMSE effectively “focuses” on large errors in a disproportionate way. This is often preferred, if large prediction errors are especially costly. In contrast to this, you might have a task where overestimation is fine, but underestimation is very costly, so using a symmetric metric, such as MAE or RMSE would not be appropriate and a “weighted” approach would be better suited.


Classification tasks have their own set of performance metrics and even more explicit tradeoffs, depending on the issues related to incorrect predictions. Common classification metrics include accuracy, precision, recall, specificity, and F1 score. We will discuss some of these in more detail when we talk about classification tasks for deep learning.


Regardless of the task, the most appropriate performance metric should be chosen, taking into account the pros and cons as relates to the specific task.


Performance baselines and success thresholds


One of the difficulties in trying to solve problems with machine learning is that large amounts of data and long training times are often needed before good performance levels are achieved. The practical drawback of this is that “starting small” and moving incrementally is often not feasible. That means that it’s common to dive in with what seems like a good idea, only to discover that the idea does not result in a good model after much effort.


One mitigation strategy is to establish performance baselines. By quantifying the performance of the current solution, you can set a baseline for how well the new model needs to perform. If there is no current solution, you can create a baseline solution by starting with something as simple as possible, such as using the mean price or a very simple linear model for predicting real estate prices. If your model does worse than that simple baseline, you know that you are on the wrong track5.


Along with performance baselines, it’s very important to establish success thresholds for models. How far off can your real estate sales price predictor be and still be considered good enough? $100, $1,000, $10,000? This is even more important when you are building models at the request of others who will ultimately rely on those models.


Model selection



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Model training



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Supervised learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Splitting data sets for training



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Unsupervised learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Dimensionality reduction



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Loss functions



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Parameter optimization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Gradient descent



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Generalization and overfitting



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Bias and variance


Two of the most important ways to quantify how well a model behaves are bias and variance. In general you can think of bias as how consistently off an estimate is from the true value. More specific to ML, bias is how far off a model trained with a given set of hyperparameters is from the the true target value when being used to predict the target value from a test set. In other contexts this is called systematic error, rather than random error or noise. To characterize the bias, multiple estimates of a value need to be made. The mean error of those estimates is the bias.


For ML models, the bias is the mean error from multiple models all with the same hyperparameters, but trained on different samples of the training data. This estimates how far off (and in what direction) a specific model will be from the “ground truth”.
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Variance is a measure of how “spread out” a set of values are. For ML models this is the spread of predictions for a single point in the test set, as made by several instances of the same model (i.e. same hyperparameters) trained on different samples of the training data. A model that overfits will result in several models that give widely varying predictions of the same input, as each model has learned the very specific patterns in the samples, rather than the more general pattern common to all samples.
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The ideal model has low bias and low variance. In practice there is typically a trade off between having either a low bias or low variance model and the best choice is a moderately low bias and moderately low variance model.


Avoiding overfitting



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Regularization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Hyperparameters



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Productionization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Common issues



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Common machine learning models



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



From “traditional” ML to deep learning


The remainder of this book is about neural networks and deep learning. Neural networks are are specific type of ML model with a number of interesting attributes, but share most of the basic principles of machine learning found in this chapter. Because of that, I will refer back to many of the concepts presented in this chapter in the subsequent chapters.


References



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









3 Neural Networks


This book is about “deep learning”, but deep learning is really just a name for the modern use of (deep) neural networks. Before we get to deep learning, we need to first look at traditional (shallow) neural networks and understand the basic concepts and issues with them. In this chapter we will cover those basics, preparing us to understand the more recent innovations that fall into the category of deep learning.


What is a neural network?


A neural network, or more properly an artificial neural network1, is a type of machine learning model. Under the surface it’s a collection of mathematical operations that take raw input data and, based on the internal structure and parameters of the neural network, it produces an estimate or prediction of some quantity as the output. Just as with other ML models, the parameters of the neural network are learned from training data.


Unlike other machine learning models, neural networks are explicitly inspired by the structure and, to some degree, the function of animal brains. They are collections of neuron-like structures that are connected to each other as a network, similar to real neural networks in real brains. The neurons, or nodes, in artificial neural networks are much simpler than real neurons and are designed to have convenient mathematical properties, rather than to simulate or closely mimic the mechanics of real neurons. That said, the basis for exploring these types of models has been the flexibility and power of real brains. For this reason, artificial neural networks became one of the main approaches to the problem of artificial intelligence.


As we will discuss in the rest of this book, neural networks are not one single model, but due to the flexibility of how the components of neural networks can be combined, they form a very large class of machine learning models. We will first look at the simplest form of neural network and in later chapters learn about many of the variations that are used for specific tasks.
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What are some tasks that neural networks can accomplish?


Because of the variety of internal structures possible with neural networks, they are able to be applied to many different kinds of tasks. In recent years they have proven to be the best solution to several tasks, including most computer vision and language related tasks.


Some examples of tasks that neural networks perform well on:



  	Identifying what is in a photograph

  	Recognizing faces and fingerprints

  	Transcribing speech

  	Translating text from one language to another

  	Generating images and text from scratch or from prompts

  	Transforming raw images into other styles

  	Playing games like Atari and go (typically in conjunction with other algorithms)

  	Web search

  	Product recommendations

  	Recognizing and transcribing handwritten or printed text

  	Compressing data




Some of these tasks have only become tractable in the past decade due to the development of (useable) deep neural networks. On some tasks neural networks have even been able to match or surpass human performance. Other tasks have been addressed with neural networks for decades. The success and promise of neural networks across so many tasks is one of the main reasons why they are of so much interest to researchers and engineers. They are not one-trick ponies. They can be adapted to almost any machine learning task.


The building blocks of neural networks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Activation functions



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Neural network layers



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Connections, weights, and biases



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Learning via gradient descent



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Backpropagation of the gradient



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Vanishing gradients and parameter initialization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Output layers



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



What does a neural network do?


Having looked at the mechanics of how neural networks work, it’s natural to ask “what does a neural network actually do?” in a more abstract sense and “how is a neural network different from other types of machine learning models?”.


In most traditional machine learning models, much of the effort from the person training the model is around feature engineering, i.e. creating, iterating, and selecting the best features. The goal is to find the information or ways to represent the information that best allows the model to cleanly separate classes in the data or pick out the pattern needed to predict numerical values (i.e. regression). While some of this can be automated to a certain extent, it is one of the main focuses when training traditional machine learning models.


Neural networks present a different set of capabilities and shift the focus away from feature engineering. One way to think of this is that a neural network is learning how to warp the existing feature “space”  in a way that makes the classes easily separable by the final layer of the network. Similarly, when performing a regression task, the network is learning to represent the features in a way that allows it to easily perform a simple linear regression in the last layer. The flexibility within the network allows it to combine the inputted raw features in different ways until it lands on the best way to represent these features for the goal of the network.
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This can be contrasted to traditional methods such as a support vector machine classifier, where the person training the model needs to select a transform kernel that will project the features into a space that allows for easy separation of the classes. Done properly, a neural network will learn the equivalent of this projection kernel on its own.


An important aspect of neural networks that makes this possible is the layer structure of the network. This lends itself to a hierarchical representation of data/features that is natural to many types of data. Thinking about image data, we can imagine the hierarchy of “features”, going from individual pixels, to basic lines, to curves, shapes, and complicated structures, such as faces. A neural network tends to naturally learn these types of hierarchical levels in data.


Generalization in a model is about finding the common patterns, while ignoring the “noise” specific to individual examples. One way to do this is by learning “compressed” representations of data. Encoding data in a smaller number of bits typically results in “loss”, meaning that it is not quite the same as the original. If you can create a compressed encoding that can then decompress in a way that has relatively high fidelity to the original (by some measure), that typically means that non-essential aspects (i.e. noise) have been removed. Neural networks are often able to create these kinds of compressed representations of data internally, preserving the fundamental patterns and helping them generalize.


As we will discuss later, a final very important aspect of neural networks is their composibility. Because of their layered, hierarchical nature, neural networks can learn to represent data for one task and then be repurposed for other tasks by modifying the later layers in the network. This access to intermediate feature representations from somewhere in the middle of the model is unlike most other types of ML models, where typically only the final result is of any value.


From basic neural networks to deep learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Resources


Some further resources for learning the basics of neural networks and deep learning:



  Courses



  	The NYU Deep Learning course (Theme 1) by Yann LeCun & Alfredo Canziani.

  	Fast.ai’s Practical Deep Learning for Coders, with Sylvain Gugger and Jeremy Howard.

  	Andrew Ng’s Neural Networks and Deep Learning on Coursera.





  Books



  	“Neural Networks and Deep Learning”, by Michael Nielsen

  	“Machine Learning with PyTorch and Scikit-Learn: Develop machine learning and deep learning models with Python” by Sebastian Raschka, Yuxi (Hayden) Liu, and Vahid Mirjalili. Packt Publishing.





  Other online resources



  	
Neural Networks series by 1Blue3Brown (Grant Sanderson).

  	
How Neural Networks Work by Brandon Rohrer.











4 The rise of deep learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Moving to deep neural networks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



What made deep neural networks possible?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Where are we now with deep learning?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









5 Computer vision and convolutional neural networks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Computers and images



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Computer vision tasks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Traditional computer vision



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



What’s hard about computer vision tasks?



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Convolutional neural networks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Convolutions



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Filter size, strides, padding, and pooling



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



A basic CNN architecture



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Some important CNN model architectures for computer vision tasks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



AlexNet



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



ResNet



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



U-Net for semantic segmentation



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



YOLO for object detection



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Image generation with GANs



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Common CNN techniques



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Regularization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Dropout



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



L1 and L2 Regularization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Data augmentation



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Batch normalization



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Gradient descent algorithms



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Stochastic gradient descent



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Adam



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Transfer learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Feature transfer



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Fine tuning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Summary and resources



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









6 Natural language processing and sequential data techniques



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Text, natural language, and sequential data



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Types of sequential tasks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Traditional approaches



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Making a neural network remember



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



The recurrent neural network



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Backpropagation through time



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Creating context with embeddings



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Embeddings



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Word2vec



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Architectures for sequential tasks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Gated recurrent units



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Long short-term memory



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Attention



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Transformers



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



The high-level architecture of the Transformer



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Self-attention



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



The encoder and decoder blocks



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Applications and Transformer based architectures



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Transformers for NLP



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Transformers beyond NLP



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Summary and resources



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.









7 Advanced techniques and practical considerations



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Combining vision and language



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Image captioning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Joint embeddings



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Diffusion models



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Stable Diffusion



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Self-supervised learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Image-based techniques



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Contrastive learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Math topics related to deep learning



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Linear algebra



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Statistics and probability



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Differential calculus



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Machine learning engineering



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Deep learning libraries



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Graphical processing units and specialized hardware



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Machine learning systems



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.



Wrapping up



This content is not available in the sample book. The book can be purchased on Leanpub at http://leanpub.com/zefsguide2dl.
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