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INTRODUCTION


[image: Chapter opening image from the book’s cover; shows a dragon in flight with a jet pack.]

The deep learning revolution has arrived, and it’s changing our lives in ways we never imagined. From everyday conveniences to groundbreaking innovations, deep learning is at the core of many of the technologies shaping our future. Whether you’re ordering food, planning your commute, or searching for a playlist, deep learning is optimizing these experiences behind the scenes. But its impact goes far beyond these everyday tasks.

Today, deep learning is enabling scientists to design drugs tailored to specific receptors, accelerating medical breakthroughs and transforming health care. Large language models (LLMs) like GPT-4 are capable of generating text and writing code, revolutionizing fields like education, programming, and research. Deep learning is even reshaping social interactions, sometimes in unsettling ways, such as AI-powered chatbots serving as virtual companions or romantic partners.

Whether you need to learn deep learning for your career or are just curious about how it works, this book is for you. It covers everything from basic concepts to advanced problem-solving tools, equipping you to understand deep learning so that you can go from being a passive user to someone who can control and optimize this technique for your own unique needs.

Although the terms deep learning, machine learning, and artificial intelligence are often used interchangeably, they’re different. Artificial intelligence (AI) refers to any technique used to create systems capable of performing cognitive tasks that usually require human intelligence, such as recognizing faces, understanding speech, making complex decisions, or translating languages. Examples of AI that don’t involve machine learning include rule-based systems and expert systems used in medical diagnosis (remember IBM Watson?).

Machine learning is a branch of AI where computers use algorithms to learn from data and make predictions. Importantly, not all forms of machine learning fall under deep learning—for example, the decision trees and support vector machines that were popular in the early 2000s.

In turn, deep learning is a branch of machine learning that uses neural networks, typically with many layers of artificial neurons (hence the term deep). The ability of deep learning to learn directly from data makes it effective for solving a wide range of problems, from recognizing objects in images and videos, to translating spoken and written languages, to playing complex strategy games like Go. Notable applications encompass advanced conversational agents like ChatGPT, image-generation models like DALL-E, and protein structure prediction tools like AlphaFold.

With its foundation in neural network research from the 1950s to the 1980s, deep learning gained momentum after breakthroughs in the early 2000s and exploded in popularity in the mid-2010s. This revolution was fueled by gamers and social networks. As increasingly powerful graphics processing units (GPUs) were developed for gaming, social media provided a gold mine of data for training models. The turning point came in 2012 when a deep learning model, AlexNet, won the ImageNet Large Scale Visual Recognition Challenge. ImageNet is a large database of annotated images. The competition involves developing models to accurately classify and detect objects within these images. AlexNet’s success demonstrated the potential of deep learning, leading to its widespread adoption in just a few years.

The rapid development of AI brought about by these transformations has led to all sorts of sensational conjectures: the utopian remaking of society, vast economic disruption, and even humanity’s extermination. In this environment, understanding AI has never been more crucial, and the best way to grasp its nuances is through direct experience. This direct experience should also convince you that, despite predictions of doom and gloom, the most creative and purposeful aspects of our lives and careers will likely remain uniquely human for a long time.

This book is designed for those eager to dive into deep learning through practical, hands-on experience, without assuming any prior knowledge of deep learning. Each chapter is structured around examples and projects that are computationally manageable on standard hardware yet realistic in scope. Even so, readers will understand and implement the latest advancements in the field, such as diffusion models for generating high-resolution images and vision transformers (ViTs) for image classification.


Who Should Read This Book?

Whether you’re an engineer optimizing models, a scientist seeking new data analysis tools, a doctor looking to automate diagnostics, an artist exploring psychedelic image transformations, or simply an AI enthusiast wanting to learn more, you’ll find something here for you.

To get the most out of this book, you’ll need a basic understanding of programming, ideally in Python, which is the language we’ll use throughout this book. If you have experience in other programming languages like C/C++, Matlab, or R, you’ll be able to quickly familiarize yourself with Python.

If you know how to write a for loop and define a function, you’re ready to start. You should also be comfortable working with data structures like lists, dictionaries, and sets, as well as using libraries such as NumPy and Matplotlib for numerical data manipulation and visualization. You should also be familiar with reading and writing files, handling exceptions, and debugging your code efficiently by using tools like print statements or debugging environments. If you’ve written programs using classes and objects, you’re ahead of the game. Along the way, you’ll encounter more-advanced concepts, like context managers and hooks, as needed. By the end of this book, you’ll not only gain a strong grasp of deep learning but also become a better programmer.

If you’d like an introduction to Python, consider Python Crash Course, 3rd edition, by Eric Matthes (No Starch Press, 2023). Another great companion to this practical guide is Deep Learning: A Visual Approach by Andrew Glassner (No Starch Press, 2021), which provides intuitive explanations of the key deep learning concepts.

Beyond programming, some familiarity with high school–level math will be helpful, particularly with concepts like basic algebra, probability, and statistics. However, for a deeper understanding of the algorithms and models discussed in later chapters, knowledge of linear algebra and calculus will be important. While readers with prior exposure will find it easier to grasp the more advanced concepts, don’t worry if you’re rusty or new to these topics; we’ll introduce the necessary concepts you need at the intuitive level as we go along, without overwhelming you with too much mathematical notation.

If you’re looking to bolster your mathematical foundations specifically for deep learning applications, consider reading Math for Deep Learning by Ronald T. Kneusel (No Starch Press, 2021) or Machine Learning with Neural Networks: An Introduction for Scientists and Engineers by Bernhard Mehlig (Cambridge University Press, 2021).



This Book’s Approach

We believe that the best way to learn deep learning is by coding. For this reason, this book is organized around self-contained examples and projects that progress from simple to complex. As a result, you’ll receive all the benefits of sequential learning while also having the freedom to explore each topic independently.

As you embark on this journey, it’s important to recognize that deep learning frameworks continuously evolve, but their core principles remain consistent. This book primarily uses PyTorch, currently the most popular deep learning framework, along with Lightning and Deeplay for added convenience. However, the fundamental concepts, techniques, and insights you will gain are transferable across various frameworks. In an ever-evolving landscape, they will empower you to choose the best tools for your projects as well as transition between them, easing your learning curve when the next deep learning framework emerges.



Setting Up Your Learning Environment

Before diving into deep learning, you’ll have to set up your learning environment. For software, you’ll need Python. Python is an accessible, versatile programming language widely used in data science and machine learning because of its readability and extensive libraries. To install Python, you need to download the latest stable version from the official website (https://www.python.org). On the official Python documentation page (https://docs.python.org), you’ll find detailed installation instructions for Microsoft Windows, Apple macOS, and Linux.

You’ll also need various deep learning libraries, which you can install as they get imported in each example. The Python libraries you’ll most frequently use are NumPy, essential for numerical computations and array operations, and Matplotlib, for creating visualizations and plots. You can easily install these libraries via the Python package manager by typing pip install numpy matplotlib in your terminal or command prompt.

Python code can be written in any text editor and executed directly from the command line or terminal without compiling, making development quick and interactive. While simple text editors can be sufficient, using dedicated resources greatly enhances productivity and provides useful tools for debugging, version control, and code management. In particular, Jupyter Notebooks (https://jupyter.org) provide interactive interfaces for executing Python code block by block, ideal for exploratory analysis and visualization.

It might also be helpful to use dedicated development environments, such as Visual Studio Code (VS Code, https://code.visualstudio.com), which is a powerful, lightweight code editor that supports Python through numerous extensions, including linting, debugging, and Git integration. Online environments like Google Colab (https://colab.research.google.com) and Kaggle Notebooks (https://www.kaggle.com/code) will allow you to run Python code and notebooks directly from your browser.

For hardware, any computer with a recent, powerful GPU will be sufficient. Most examples will run in minutes, although the more computationally expensive ones might take a few hours. While you can use a central processing unit (CPU) for most tasks, some examples (especially those involving generative adversarial networks, or GANs, and diffusion models) become too computationally expensive without a GPU. You can run those examples in Google Colab or Kaggle, which provide free (although limited) access to powerful cloud hardware resources like GPUs and tensor processing units (TPUs).



Obtaining the Data and Code Used in This Book

You can find all necessary data and example code in the book’s GitHub repository at https://github.com/DeepTrackAI/DeepLearningCrashCourse. To get started, here are some guidelines to download and set up the repository.

To set up manually from GitHub, follow these steps:


	Visit the repository page.

	Click Code and select Download ZIP.

	Extract the ZIP file in your desired folder.



To download using GitHub Desktop, follow these steps:


	Download and install GitHub Desktop from https://desktop.github.com.

	Open GitHub Desktop and sign in with your GitHub account.

	Click Clone a repository from the Internet.

	Enter the repository URL, https://github.com/DeepTrackAI/DeepLearningCrashCourse, and select a local path to clone it to.

	Click Clone.



To download using the command line, take these steps:


	Open your terminal or command prompt.

	Navigate to the directory where you want to clone the repository.

	Run the command git clone https://github.com/DeepTrackAI/DeepLearningCrashCourse.git.



Once you have downloaded the repository, navigate to the relevant chapter folders to find the code and data for each project. For further instructions, read the README files within each folder.



What’s in This Book?

Each chapter of this book progressively builds your understanding of deep learning. The first two chapters provide a fundamental introduction to neural networks, assuming no prior knowledge—essential reading for those new to the field. Best studied sequentially, the following chapters progress through increasingly advanced topics, including state-of-the-art techniques and innovations. The final three chapters are more independent, highlighting complementary methods essential to a well-rounded understanding of deep learning as a whole.


Most chapters include hands-on projects designed to be self-contained so you can focus on the topics that interest you most or that align with your goals. Here’s a closer look at each chapter’s content:


	Chapter 1: Building and Training Your First Neural Network You’ll explore the basics of neural networks, starting with single neurons and gradually building up to multilayer dense networks. You’ll learn about activation functions, weight regularization, and training using backpropagation, culminating in the practical project of classifying handwritten digits from the MNIST dataset.

	Chapter 2: Capturing Trends and Recognizing Patterns with Dense Neural Networks You’ll focus on regression problems, which involve predicting continuous values rather than categories, thus using neural networks to predict continuous outputs. Starting with simple single-neuron models, you’ll progress to complex multilayer networks, learning about mini-batch training and evaluation metrics to improve and validate your models. You’ll then apply your acquired knowledge to simulate data by using a digital twin.

	Chapter 3: Processing Images with Convolutional Neural Networks Convolutional neural networks are powerful tools for image-processing tasks. You’ll learn the fundamentals of convolutions with 1D and 2D data. Then, you’ll implement these networks in PyTorch, combining convolutional, activation, pooling, and upsampling layers. This chapter’s projects include classifying malaria-infected blood smears, localizing microscopic particles, creating DeepDreams, and transferring the style of images.

	Chapter 4: Enhancing, Generating, and Analyzing Data with Autoencoders You’ll encounter encoder-decoder architectures, essential tools for tasks involving data compression and generation. Through practical examples, you’ll explore denoising autoencoders, variational autoencoders, and Wasserstein autoencoders, which will teach you how to manipulate and generate data in latent spaces as well as how to detect anomalies.

	Chapter 5: Segmenting and Analyzing Images with U-Nets U-Nets are specialized neural networks designed for image-transformation tasks. You’ll learn their architecture and training process through projects such as segmenting images of biological tissues, detecting diffraction-limited features in fluorescence images, and counting cells in biomedical datasets.

	Chapter 6: Training Neural Networks with Self-Supervised Learning Self-supervised learning uses the data itself to generate labels for training. You’ll explore techniques to exploit symmetries in data, using methods like translations and reflections to improve model performance. Projects focus on particle localization.

	Chapter 7: Processing Time Series and Language with Recurrent Neural Networks Recurrent neural networks are crucial for analyzing sequential data. You’ll see the implementation of basic recurrent neural networks, gated recurrent units (GRUs), and long short-term memory (LSTM) networks, applying them to time-series forecasting, such as temperature prediction. You’ll also use them to implement a simple text translator.

	Chapter 8: Processing Language and Classifying Images with Attention and Transformers Transformers using attention mechanisms have revolutionized sequence-processing tasks, especially in natural language processing (NLP). You’ll learn how attention and transformers work and apply them in tasks like sentiment analysis and image classification, using state-of-the-art models like ViT. You’ll also use the attention mechanism to improve the text translator implemented in Chapter 7.

	Chapter 9: Creating and Transforming Images with Generative Adversarial Networks Generative adversarial networks (GANs) are powerful tools for generating synthetic data. You’ll learn the architecture and training process of GANs, with practical projects including generating new images from the MNIST dataset, virtually staining a biological tissue, and transforming microscopic images.

	Chapter 10: Implementing Generative AI with Diffusion Models Diffusion models provide a powerful framework for data representation and exploration, often exceeding the performance of GANs. This chapter introduces these models and their applications, such as generating new images from the MNIST dataset, generating images from text prompts, and improving the resolution of microscopic images.

	Chapter 11: Modeling Molecules and Complex Systems with Graph Neural Networks Graph neural networks extend neural networks to graph-structured data. You’ll explore the basics of graph convolutions and message passing, applying graph neural networks to tasks like predicting molecular properties, simulating complex physical phenomena, and identifying trajectories.

	Chapter 12: Continuously Improving Performance with Active Learning Active learning strategies are essential for efficient model training, optimizing the use of labeled data. You’ll discover active learning techniques and their implementation, focusing on how to continuously improve models by selecting the most informative data points for training.

	Chapter 13: Mastering Decision-Making with Deep Reinforcement Learning Reinforcement learning is used for optimizing strategies in dynamic environments. You’ll learn the fundamentals of reinforcement learning by teaching an agent to play the classic game of Tetris.

	Chapter 14: Predicting Chaos with Reservoir Computing Reservoir computing is a framework for dealing with complex, chaotic systems. You’ll gain an understanding of the principles of reservoir computing and apply them to predict chaotic time series, gaining insights into the dynamics of nonlinear systems.






Online Resources

For additional support and resources, you can visit the book’s GitHub repository at https://github.com/DeepTrackAI/DeepLearningCrashCourse. Here, you’ll find tips, code examples, and extra materials that complement the content of each chapter.

In addition, all figures from the book are available in color through the online resources. Readers who purchase the book directly from No Starch Press receive the color ebook automatically, but those who purchase it through other online retailers or in bookshops may not. To ensure everyone has access to the clearest visual material, the color images can be freely downloaded from the book’s GitHub repository.

If you run into any issues or have questions, the GitHub repository offers a discussion forum where you can seek help and engage with the authors and other readers. You can also use the Issues section to ask questions, report problems, and clarify any confusion about the code examples. This interactive platform ensures that you have continuous support throughout your learning journey, allowing you to fully benefit from the hands-on approach of this book.

Your feedback is invaluable. Please feel free to contribute your thoughts and suggestions on the GitHub repository. Your input will help improve the materials and provide a better learning experience for everyone.



Time to Start Your Journey

Now it’s time to embark on your quest to understand deep learning. As you dive into the concepts and projects within this book, you’ll gain not only the knowledge and practical skills necessary to wield powerful deep learning tools but also a nuanced understanding of the technology’s potential and pitfalls that will help you navigate the fascinating world of AI. Whether you’re driven by curiosity, passion, or ambition, this journey will empower you to play an active role in the deep learning revolution—and maybe even shape its future. So, roll up your sleeves, fire up your neural networks, and let’s get started!





1BUILDING AND TRAINING YOUR FIRST NEURAL NETWORK


[image: Chapter opening image from the book’s cover; shows a dragon in flight with a jet pack.]

In this chapter, you’ll learn how to implement an artificial neuron and connect multiple neurons into a dense neural network. Then you’ll train dense neural networks to classify points in a plane by implementing the backpropagation algorithm.

This training method is an example of supervised learning, a type of machine learning that trains a model on labeled data. In supervised learning, each input is associated with an output, or target, and the neural network learns by iteratively adjusting its parameters to minimize the difference between its predictions and the actual outputs.

By the end of this chapter, you’ll be able to build a dense neural network to classify the images of handwritten digits in the Modified National Institute of Standards and Technology (MNIST) dataset—a classic initiation for anyone working in deep learning. Mastering the MNIST dataset classification isn’t just a deep learning milestone but also a stepping stone to more-advanced topics like regression, paving your way toward further exploration and more-advanced applications in the chapters ahead.



Classifying Data with a Single Neuron

An artificial neuron is a computational unit inspired by the biological neurons found in many multicellular animals. Figure 1-1 illustrates a biological neuron.


[image: Stimuli from synapses pass through the neuron. The synaptic potential passes through the neuron’s axon and then to other synapses.]

Figure 1-1: A biological neuron



Biological neurons are electrically excitable cells that receive stimulus signals from other neurons through their synapses. When the synaptic potential of a biological neuron exceeds a certain threshold, that neuron emits an electric signal that, in turn, can excite or inhibit other neurons.

Figure 1-2 shows an artificial neuron that emulates this behavior. This is a simple computational unit that responds to input signals with an output activation. The output activation is typically a nonlinear function.


[image: Artificial neuron with weighted inputs and bias summed into activation potential, passed through activation function to output y.]

Figure 1-2: An artificial neuron



The artificial neuron shown in Figure 1-2 works in this way:


	It receives a vector of inputs, x = (x0, . . . , xN–1) (corresponding to the synaptic signals received by a biological neuron).

	It calculates its activation potential (corresponding to the synaptic potential)
p=w⋅x+b  (1.1)

where w⋅x=∑0N−1wnxn is the weighted sum of the inputs, w = (w0, . . . , wN–1) is the vector of the weights, and b is a bias that shifts the activation function, enabling more flexibility.


	Finally, the artificial neuron returns a binary output that is the result of the activation function operating on the activation potential (corresponding to the emitted signal)
y=H(p)   (1.2)

where H is the Heaviside step function so that y = 0 if p ≤ 0, and y = 1 if p > 0.




In the rest of this section, you’ll write the Python code to implement a single neuron and solve the problem of classifying the points in a line or in a plane into two classes, denoted by the labels 0 and 1. You’ll implement this neuron from scratch, step-by-step, using Python’s basic NumPy library as well as the Matplotlib library for visualization.


Classifying 1D Data

Using a text editor, open the one-dimensional (1D) dataset from the data_class_1d_clean.csv file containing comma-separated values, often abbreviated as CSV (hence the .csv file extension). The first line is the header, which indicates the label of each column. The first column contains the input data. The second column contains the respective classification into the two classes 0 and 1, which are the output, or target, data.


Loading the Data

Before you can analyze the data, you need to load it. Start by writing the load_data_1d(filename) function shown in Listing 1-1.

import csv
from numpy import asarray

def load_data_1d(filename):
    """Load 1D data."""
 ➊ with open(filename) as file:
        reader = csv.reader(file)
        header = next(reader)
        data = []
        for row in reader:
            data.append(row)
        data = asarray(data).astype(float)
    x = data[:, 0]  # Input
    y = data[:, 1]  # Output/target/ground truth
    return (x, y)

Listing 1-1: The function to load the 1D data

This function returns the input (x) and output (y) data in the form of NumPy arrays. They both have the same shape, with a single dimension that corresponds to the number of samples in the dataset. (The with statement ➊ ensures that the file is automatically closed when the code execution is done with it.)

It’s convenient to create a Python package containing the load_data_1d() function. To do so, simply place it in a file named loader.py in the same folder as your code. Then you can import it via the following statement:

from loader import load_data_1d

You can then use this function to load the data with

(x, y_gt) = load_data_1d(filename="data_class_1d_clean.csv")

which saves the input data in the variable x and the output data in the variable y_gt, where gt stands for ground truth, which corresponds to the expected results. Using this variable name permits you to distinguish it from the predictions made by the neuron, which you’ll denote as y_p, where p stands for predicted.



Verifying and Visualizing the Data

Before proceeding further, it’s good practice to verify that the data has been loaded correctly. First, you can verify that the lengths of the input and output data are equal by using the commands print(len(x)) and print(len(y_gt)), which should both print 10. Then you can also print their values with print("x:", x) and print("y_gt:", y_gt), which should display this:

x: [ 0.69890926 -0.66948353 -1.26176998 -0.39901233 -0.06169857 -0.55097679
 -1.48984407 -0.07923319  0.9727084   0.43455583]
y_gt: [1. 0. 0. 0. 1. 0. 0. 1. 1. 1.]

Note that these are all floating-point numbers, even though y_gt acquires only values of 0 and 1.

Finally, plot the data using the plot_data_1d() function in Listing 1-2.

import matplotlib.pyplot as plt

def plot_data_1d(x, y_gt):
    """Plot 1D data."""
    plt.scatter(x, y_gt, s=20, c="k")
    plt.xlabel("x0", fontsize=24)
    plt.ylabel("y", fontsize=24)
    plt.tick_params(axis="both", which="major", labelsize=16)
    plt.show()

Listing 1-2: The function to plot the 1D data


It’s also convenient in this case to create a Python package by placing the plot_data_1d() function in a file named plotting.py. You can then import and use it with Listing 1-3.

from plotting import plot_data_1d

plot_data_1d(x, y_gt)

Listing 1-3: Plotting the 1D data

This listing generates the plot shown in Figure 1-3.


[image: Scatterplot with five points around (–1.5, 0) through (–0.5, 0) and five points around (0, 1.0) through (1.0, 1.0). ]

Figure 1-3: The 1D data for classification



Upon examining this plot, you can easily deduce the simulation model that produced this dataset. The model uses a step function that assigns values beneath a certain threshold to 0, while assigning those above it to 1.



Implementing a Single Neuron

You can now implement your first artificial neuron by using the code shown in Listing 1-4.

def neuron_clas_1d(w0, x):
    """Artificial neuron for 1D classification."""
    return (w0 * x > 0).astype(int)

Listing 1-4: An artificial neuron for 1D classification

This function represents a single neuron with one input (x) and one weight (w0). This neuron returns a binary output equal to 1 (true) if w0 * x > 0, and equal to 0 (false) otherwise. Since the result of the w0 * x > 0 operation is a logical value, it needs to be converted to a numerical form for further use in the neural network; this is done by the astype(int) function.


You can randomly initialize the weight of the neuron via Listing 1-5.

from numpy.random import default_rng

rng = default_rng()
w0 = rng.standard_normal()

Listing 1-5: Initializing the weight of the neuron

This code first creates an instance of the default Python random-number generator (rng). Next, it creates the w0 weight for the neuron sampled from a standard normal distribution by using rng.standard_normal() to return a Gaussian random number with zero mean and unitary variance.

You obtain the prediction of this neuron for the x input by using the randomly initialized w0 weight with Listing 1-6.

y_p = neuron_clas_1d(w0, x)

Listing 1-6: Obtaining a prediction from the neuron

This code returns the prediction y_p of the class corresponding to x. Note that this calculates the predictions of the neuron for all the inputs contained in the NumPy array x at the same time.

Now let’s test how well this neuron performs its task (even though your expectations shouldn’t be very high, as the neuron is randomly initialized). To do this, you can expand the plot_data_1d() function in Listing 1-2 to also plot the predicted results as crosses, resulting in the plot_pred_1d() function in Listing 1-7, which you should also add to your plotting.py Python package.

def plot_pred_1d(x, y_gt, y_p):
    """Plot 1D data and predictions."""
    --snip--
    plt.scatter(x, y_gt, s=20, c="k", label="ground truth")
    plt.scatter(x, y_p, s=100, c="tab:orange", marker="x", label="predicted")
    plt.legend(fontsize=20)
    --snip--

Listing 1-7: The function to plot both the 1D data and the predictions (by modifying Listing 1-2)



NOTE

In this listing, bold highlights changes from the earlier version of the code. We’ll use this convention in modified listings throughout the book so you can quickly spot what’s new.




Then import this function and use it to plot the predictions of the neuron with Listing 1-8.

from plotting import plot_pred_1d

plot_pred_1d(x, y_gt, y_p=neuron_clas_1d(w0, x))

Listing 1-8: Plotting both the 1D data and the predictions


In this way, you should get a plot similar to Figure 1-4.


[image: Scatterplot of neuron predictions versus ground truth (points in Figure 1-3), showing mismatched points due to random initialization.]

Figure 1-4: Predictions from a randomly initialized neuron



Since the neuron is randomly initialized, its prediction will often be wrong. In fact, since the neuron output is binary, it can produce only two sets of results depending on the sign of w0.



Training the Neuron

If you want to get useful predictions, you need to train your neuron. Given two sets of points to be classified, you can train the weights (and bias, if present) of your artificial neuron iteratively by following these steps:


	Initialize the weights w (and bias b) with random values (typically, it’s good if these values are of order 1 to ease convergence). This was done when initializing the weight of the neuron in Listing 1-5. (In the case you are currently considering, the neuron has the single w0 weight and no bias.)

	Choose at random a point x from one of the two sets, and call y~ the corresponding desired output (which can assume a value of 0 or 1).

	Calculate the output with the current weights (and bias), using Equations 1.1 and 1.2—that is, y = H(w · x + b).

	If y=y~, the prediction is correct. So, you don’t need to do anything. Just iterate from step 2.

	If y≠y~, the prediction is incorrect. So, you should update the weights as w→w−η(y−y~)x (and the bias as b→b−η(y−y~)), where η ∈ (0, 1] is the learning rate. Then iterate from step 2.




Listing 1-9 implements this algorithm to train a single neuron with one input and a binary output (and without bias).

num_samples = len(x)
num_train_iterations = 100
eta = .1  # Learning rate

for i in range(num_train_iterations):
 ➊ selected = rng.integers(0, num_samples)  # Select random sample
    x0_selected = x[selected]
    y_gt_selected = y_gt[selected]

    y_p_selected = neuron_clas_1d(w0, x0_selected)  # Neuron prediction

    error = y_p_selected - y_gt_selected  # Calculate error
 
    w0 = w0 - eta * error * x0_selected  # Update neuron weight

    print(f"i={i} w0={w0:.2f} error={error:.2f}")

Listing 1-9: Training a single neuron for binary classification

The two most important parameters of the training are the number of iterations (num_train_iterations), set to 100, which is sufficient for this problem as determined through trial and error, and the learning rate (eta), set to .1. During each iteration, the code selects a random sample among the available ones ➊ (returning a random integer between 0 and number_samples - 1, extremes included) and prints the intermediate results of the training at the end of the iteration. You’ll notice that the error is always +1, 0, or -1, reflecting the binary nature of the classification results, and the value of w0 becomes stably positive after a while, indicating the convergence of the learning algorithm.



NOTE

The learning rate is a very important parameter. When setting it, there’s a trade-off between the rate of convergence and the risk of overshooting. If the learning rate is too high, the learning process will jump over minima. If the rate is too low, the learning process will take too long to converge or get stuck in undesirable local minima. Therefore, to achieve faster convergence while avoiding oscillations and local minima, the learning rate is often varied during training either in accordance with a learning rate schedule or by using an adaptive learning rate.




You can now plot the performance of the trained neuron with the plot_pred_1d() function (Listing 1-8), which generates Figure 1-5.



[image: Scatterplot wherein most of the predictions align with the ground truth.]

Figure 1-5: Predictions by a trained neuron



These results are a marked improvement over the performance of the untrained neuron you saw in Figure 1-4.



NOTE

Code Example 1-1, “Classifying 1D Data with a Single Neuron,” is available at https://github.com/DeepTrackAI/DeepLearningCrashCourse. Navigate to the Ch01_DNN_classification folder and then ec01_1_neuron_class_1d. The neuron_class_1d.ipynb notebook provides a complete code example that loads the data contained in data_class_1d_clean.csv, trains a neuron to classify it, and finally uses it to predict the classification of the data in data_class_1d_clean_test.csv. This code also requires loader.py, which contains the load_data_1d() function, and plotting.py, which contains the plot_data_1d() and plot_pred_1d() functions.






EXERCISES

1-1: To observe the lack of training variability, randomly initialize and train the neuron several times. Why is the trained neuron’s performance always the same?

1-2: The neuron can never perfectly predict the data in data_class_1d_clean.csv. This is because this neuron is far too simple: With only one trainable parameter (w0), it can converge to only the Heaviside step function or its opposite. So, the output values corresponding to the points at x = –0.061 . . . and x = –0.079 . . . are systematically predicted as 0 instead of 1. How can this problem be overcome?

1-3: Retrain the neuron, making the learning rate smaller (for example, eta = 0.01) or larger (for example, eta = 1). How is the training process affected?

1-4: Use the trained neuron to analyze the test data provided in data_class_1d_clean_test.csv, which has been generated with the same underlying simulation model used for the training data (but hasn’t been seen by the neuron during its training).






Classifying Noisy Data

Now let’s consider some noisier data. Load the dataset in the data_class_1d_noisy.csv file as follows:

(x, y_gt) = load_data_1d(filename="data_class_1d_noisy.csv")

The left side of Figure 1-6 shows what you get when you plot the data with the plot_data_1d() function, as shown in Listing 1-3.


[image: Two scatter plots: left shows noisy ground truth data, right shows trained neuron predictions aligning closely with the ground truth.]

Figure 1-6: The 1D noisy data (left) and the prediction of a trained neuron (right)



Note the absence of a sharp change between the two classes, which is a consequence of the noise added to the underlying simulation model.

Now you can repeat the initialization (Listing 1-5) and the training (Listing 1-9) of the neuron. By plotting the predictions of the trained neuron via the plot_pred_1d() function (Listing 1-8), you should get results similar to those shown on the right side of Figure 1-6, which show good agreement between the predictions and the ground truth.



EXERCISE

1-5: Use the trained neuron to analyze the test data in data_class_1d_noisy_test.csv, which has been generated with the same underlying simulation model as the training data.





Attempting to Classify More-Complex Data

Let’s further challenge your neuron by considering a more complex dataset. As you may have already noticed, so far you’ve used only convex datasets, or datasets with a single change point between the two classes of the underlying model. Furthermore, the change point has always been around the origin. In fact, these conditions are necessary to get a good classification with the simple neuron you’ve been using until now because it can only separate the input data into two classes corresponding to positive and negative inputs.

To deal with some more-complex data, load data_class_1d_nonconvex.csv with the following code:

(x, y_gt) = load_data_1d(filename="data_class_1d_nonconvex.csv")


When you plot this data with the plot_data_1d() function, as shown in Listing 1-3, you should get the scatterplot on the left side of Figure 1-7.


[image: Two scatter plots: left shows non-convex ground truth data with multiple change points, right shows neuron predictions failing to separate classes.]

Figure 1-7: The 1D non-convex data (left) and the prediction of a trained neuron (right)



The plot now has at least three change points. Therefore, a single neuron can’t learn to distinguish the two classes in this dataset. You can try anyway by initializing the neuron (Listing 1-5), training it (Listing 1-9), and plotting its predicted output with the plot_pred_1d() function (Listing 1-8). This should result in a rather unsuccessful attempt, similar to the predictions from a trained neuron shown on the right side of Figure 1-7.



EXERCISES

1-6: Use the trained neuron to analyze the test data in data_class_1d_nonconvex_test.csv, which has been generated with the same underlying simulation model.

1-7: Play with the underlying simulation model. Generate your own data and explore how well the neuron works for various cases. Try convex and non-convex as well as noisy and non-noisy data. Try also to move the position(s) of the change point(s).






Classifying 2D Data

Now that you know how to classify 1D data, you can analyze higher-dimensional datasets, such as the dataset in data_class_2d_clean.csv. When you open it with a text editor, you should see that the first and second columns contain the input data, which are the two input variables corresponding to the vector x = (x0, x1). The third column contains the respective classification into the two classes 0 and 1.


Loading the Data

First, you need to upgrade the load_data_1d() function in Listing 1-1 to deal with an arbitrary number of inputs. Listing 1-10 shows the modified load_data() function.


import csv
from numpy import asarray, reshape

def load_data(filename):
    """Load multidimensional data."""
    with open(filename) as file:
        --snip--
  ➊ x = data[:, 0:-1]  # Input
  ➋ num_samples = data.shape[0]
  ➌ y = reshape(data[:, -1], (num_samples, 1))  # Output/target/ground truth
    return (x, y)

Listing 1-10: The function to load multidimensional data (by modifying Listing 1-1)

This code selects as input all data in the .csv file except the last column ➊. The resulting two-dimensional (2D) NumPy array has a shape equal to the number of samples (rows) times the number of inputs (columns). The code then extracts the number of samples ➋. Finally, it selects as output the last column and reshapes it into a 2D NumPy array with a shape equal to the number of samples (rows) times 1 (column) to make the subsequent processing of the data easier ➌.

Now add the load_data() function to loader.py and import it:

from loader import load_data

Then you can load the dataset contained in data_class_2d_clean.csv:

(x, y_gt) = load_data(filename="data_class_2d_clean.csv")

Note that this function still works for the special case where the input data is 1D, such as data_class_1d_clean.csv, which you can verify by rerunning the listings in the previous section with this function instead of load_data_1d() (but you’ll need to update the print statement in Listing 1-9 as shown in Listing 1-18).



Verifying and Visualizing the 2D Data

Again, it’s good practice to inspect the data. First, print out the data via print("x:", x) and print("y_gt:", y_gt), which should display this:

x: [[ 1.13210319 -1.4066463 ]
 [-1.09042665  1.92715243]
 --snip--
 [-0.54700911 -0.15378581]]
y_gt: [[0.]
 [1.]
 --snip--
 [1.]]

Then you can generate a 2D scatterplot of the data with the plot_data_2d() function shown in Listing 1-11, which you should add to plotting.py.


import matplotlib.pyplot as plt

def plot_data_2d(x, y_gt):
    """Plot 2D data."""
 ➊ plt.scatter(x[:, 0], x[:, 1], c=y_gt, s=50)
 ➋ plt.colorbar()
    plt.axis("equal")
    plt.xlabel("x0", fontsize=24)
    plt.ylabel("x1", fontsize=24)
    plt.tick_params(axis="both", which="major", labelsize=16)
    plt.show()

Listing 1-11: The function to plot the 2D data

This function color-codes the class of each point by assigning it its ground-truth value, y_gt, as the color parameter, c ➊, and it visualizes the color bar next to the plot ➋.

To import this function and use it to plot the figure, use Listing 1-12.

from plotting import plot_data_2d

plot_data_2d(x, y_gt)

Listing 1-12: Visualizing the 2D data with a scatterplot

Figure 1-8 shows the resulting scatterplot. The class assignment is indicated by the colors of the points.


[image: Scatterplot with points colored by class, showing two separable groups divided along a linear boundary.]

Figure 1-8: A scatterplot of the 2D data for classification



In this scatterplot, you can discern the dataset’s underlying model, where a straight line (not depicted) separates the two classes of points. Points above this line are designated as 1, while those below it are marked as 0.




Upgrading the Neuron with Multiple Inputs

Now you need to upgrade your neuron to have two inputs instead of one by modifying Listing 1-4 to add an extra input, leading to Listing 1-13.

def neuron_clas_2d(w, x):
    """Artificial neuron for multidimensional classification."
    return (x @ w > 0).astype(int)

Listing 1-13: The artificial neuron with multiple inputs (by modifying Listing 1-4)

This code implements a single neuron with multiple inputs (the x NumPy array), an equal number of weights (the w NumPy array), and one binary output (acquiring values 0 or 1). The code x @ w calculates the dot product between the input and the weights, which can be written in a more explicit way as x[0] * w[0] + x[1] * w[1] (so that x @ w > 0 represents all the points of the plane above the line passing by the origin of the coordinate system with slope -w[0] / w[1]).

You can randomly initialize the neuron’s weights with Listing 1-14.

--snip--
w = rng.standard_normal(size=(2,))

Listing 1-14: Initializing the weights of the neuron for 2D classification (by modifying Listing 1-5)

Compared to Listing 1-5, this code adds a second weight for the second input.

To obtain a prediction from this neuron, use Listing 1-15.

y_p = neuron_clas_2d(w, x)

Listing 1-15: Obtaining a prediction from the neuron for 2D classification (by modifying Listing 1-6)

Then add the predictions by this neuron to the scatterplot of the data by using the plot_pred_2d() function shown in Listing 1-16, obtained by slightly modifying Listing 1-11. Also add the plot_pred_2d() function to the package plotting.py.

def plot_pred_2d(x, y_gt, y_p):
    """Plot 2D data and predictions."""
    --snip--
    plt.scatter(x[:, 0], x[:, 1], c=y_gt, s=50, label="ground truth")
    plt.scatter(x[:, 0], x[:, 1], c=y_p, s=100, marker="x", label="predicted")
    plt.legend(fontsize=20)
    --snip--

Listing 1-16: The function to plot the 2D data and predictions (by modifying Listing 1-11)


Now import this function and use it to plot the predictions of the neuron, as shown in Listing 1-17.

from plotting import plot_pred_2d

plot_pred_2d(x, y_gt, y_p=neuron_clas_2d(w, x))

Listing 1-17: Plotting both the 2D data and predictions

You should see a plot similar to the one shown in Figure 1-9.


[image: Scatterplot wherein predictions align spatially with the ground truth but are assigned to the wrong classes.]

Figure 1-9: Predictions from a randomly initialized neuron



For the randomly initialized neuron, the output is pretty much unrelated to the actual ground truth, as the coefficients are chosen randomly. However, the output isn’t completely random, as there’s a clear decision boundary. This boundary is the result of the linear equation defined by the weights, which segregates the input plane into two halves, each corresponding to one class of the output.



Training with Two Inputs

Now you can train this neuron with Listing 1-18, which is a small variation on the training code provided in Listing 1-9.

--snip--
for i in range(num_train_iterations):
    selected = rng.integers(0, num_samples)  # Select random sample
    x_selected = x[selected]
    y_gt_selected = y_gt[selected]

    y_p_selected = neuron_clas_2d(w, x_selected)  # Neuron prediction

    error = y_p_selected - y_gt_selected  # Calculate error

    w = w - eta * error * x_selected  # Update neuron weights
 
 ➊ print(f"i={i} w0={w[0]:.2f} w1={w[1]:.2f} error={error[0]:.2f}")

Listing 1-18: Training the neuron with two inputs (by modifying Listing 1-9)

Note that this code alters the print statement by changing w0 and error to w[0] and error[0] ➊, which is necessary because they are now NumPy arrays as a consequence of the changes to the load_data() function.

The neuron’s performance rapidly improves during the training. You can plot the performance of the trained neuron with the plot_pred_2d() function (Listing 1-17). You should get a scatterplot similar to Figure 1-10.


[image: Scatterplot wherein the predictions align with the ground truth.]

Figure 1-10: Predictions by a trained neuron



This scatterplot shows that the data contained in data_class_2d_clean.csv (color of the dots) and the predictions of a trained neuron (color of the crosses) are in excellent agreement with each other.



NOTE

Code Example 1-2, “Classifying 2D Data with a Single Neuron,” is available at https://github.com/DeepTrackAI/DeepLearningCrashCourse. Navigate to the Ch01_DNN_classification folder and then ec01_2_neuron_class_2d. The neuron_class_2d.ipynb notebook provides a complete code example that loads the data contained in data_class_2d_clean.csv, trains a neuron to classify it, and finally uses it to predict the classification of the data in data_class_2d_clean_test.csv. Note that this code also requires loader.py containing the load_data() function and plotting.py containing the plot_data_2d() and plot_pred_2d() functions.







EXERCISES

1-8: Use the trained neuron to analyze the test data in data_class_2d_clean_test.csv generated with the same underlying simulation model.

1-9: Repeat the same training on the noisy data in data_class_2d_noisy.csv, and then test the trained neuron on the data in data_class_2d_noisy_test.csv.

1-10: Repeat the same training on the data corresponding to classes that are convex—meaning that at least one of the two classes of points is convex, which can be assessed by checking that any two points in the class are joined by a line segment completely contained within the class itself. Examples of such data are in data_class_2d_convex_clean.csv and data_class_2d_convex_noisy.csv. After training, test the trained neuron on the data in data_class_2d_convex_clean_test.csv and data_class_2d_convex_noisy_test.csv.

1-11: Repeat the same training on some data corresponding to the non-convex classes in data_class_2d_nonconvex.csv. Test the trained neuron on the data_class_2d_nonconvex_test.csv dataset.

1-12: Play with the underlying simulation model. Generate your own data and test how well the neuron works for various cases. Try convex and non-convex classes as well as noisy and non-noisy data.






Adding a Bias as Another Dimension

Until now we have disregarded the bias in the neuron (the b in Equation 1.1). Introducing a bias into the neuron allows it to shift the activation function to the left or right. This shift enables the neuron to represent patterns that aren’t origin centered, thereby increasing its flexibility and accuracy.

A bias can be added as an additional input with a constant value—for example, equal to +1. To do so, first you need to update the neuron initialization and activation by altering Listing 1-13 as shown in Listing 1-19.

def neuron_clas_2d_bias(w, b, x):
    """Artificial neuron with a bias for multidimensional classification."""
    return (x @ w + b > 0).astype(int)

Listing 1-19: The artificial neuron with a bias (by modifying Listing 1-13)

Then you need to initialize the bias with Listing 1-20.

b = rng.standard_normal()

Listing 1-20: Initializing the bias of the neuron

You also need to update the training procedure, altering Listing 1-18 as shown in Listing 1-21.


--snip--
for i in range(num_train_iterations):
    --snip--
    y_p_selected = neuron_clas_2d_bias(w, b, x_selected)  # Neuron prediction
    --snip--
    b = b - eta * error  # Update neuron bias

    print(f"i={i} w0={w[0]:.2f} w1={w[1]:.2f} b={b[0]:.2f} err={error[0]:.2f}")

Listing 1-21: Training the neuron with the bias (by modifying Listing 1-18)

Now you can repeat the analyses performed in the previous sections by using a neuron with a bias.



EXERCISE

1-13: Revisit the predictions made in the previous sections by using a neuron with a bias. Verify that the predictions improve, especially when the change point isn’t at the origin (for the 1D data) or the line separating the two classes doesn’t pass by the origin (for the 2D data).





Using Weight Regularization to Stabilize the Training

Before moving on to more-complex neural network architectures that use more than a single neuron, let’s consider weight regularization, which permits you to keep the values of the weights in check during the training.

As you might have noticed in the previous examples, the weights often decrease during training to very small values. Thus, since the output is binary, the relative size of the error increases to very large values. Consequently, the weights can change a lot in a single iteration, wreaking havoc on the neuron training.

More generally, having runaway weights (toward either small or large values) is a major problem in the training of any neural network. To prevent this issue, it’s possible to regularize the weights. For example, you can normalize the weights periodically with a small modification to Listing 1-18 as shown in Listing 1-22.

from numpy import sqrt
--snip--
for i in range(num_train_iterations):
    --snip--
    w = w - eta * error * x_selected  # Update neuron weights
    w = w / sqrt(w[0] ** 2 + w[1] ** 2)  # Weight regularization
    --snip--

Listing 1-22: Training the neuron with weight regularization (by modifying Listing 1-18)


Dividing the weights by their norm ensures that the norm of the weight vector remains unitary in every iteration, which is equivalent to constraining the weight vector to move on a (hyper)circle.



NOTE

Here, you’ve used the Euclidean norm, or L2 norm, of the vector, which for a vector x = (x0, x1) is:

‖x‖2=x02+x12

In machine learning, the L1 norm is often used, corresponding to:

∥x∥1 = |x0| + |x1|.

Generally, the Lp norm is defined as

∥x∥p = (|x0|p + |x1|p)1/p

for p ≥ 1.






EXERCISES

1-14: Repeat the previous training and analysis of 2D data by using weight regularization (why not also for the 1D data case?). Compare these new results with those without regularization.

1-15: Perform the regularization with the L1 norm of the weight vector. What differences do you notice? What happens when you use other Lp norms with p > 1?






Using Different Activation Functions

Instead of using the Heaviside step function activation, it’s possible and often convenient to use other activation functions:


	Sigmoid A smooth, S-shaped function that squashes its input into the range [0,1]

	Hyperbolic tangent (tanh) A smooth function that squashes its input into the range [–1,1]

	Linear function A function that returns the input unmodified

	ReLU (rectified linear unit) A continuous function often used for computational efficiency, given the ease with which it can be calculated together with its derivative

	Leaky ReLU A variation on the ReLU that can help avoid the vanishing gradient problem in deep neural networks



These activation functions are shown in Figure 1-11.



[image: Six plots of activation functions: Heaviside step, Sigmoid, Tanh, Linear, ReLU, and Leaky ReLU, each showing distinct output curves.]

Figure 1-11: Common activation functions



These alternative functions have the advantage of being continuous, so you can use the artificial neuron not only for classification tasks but also for regression tasks (as you’ll see in Chapter 2). Furthermore, they’re differentiable almost everywhere, which will become important when you use the backpropagation algorithm to train complex neural networks in the next sections.

Nevertheless, even when using these functions, a single artificial neuron is able to classify only datasets that can be separated by a single change point in 1D and by a single straight line in 2D (and by a hyperplane in higher dimensions) because it performs a linear operation computing a weighted sum of its inputs followed by a nondecreasing operation, which translates to a linear decision boundary in the input space. Nonlinearly separable data can’t be accurately classified by such a boundary, requiring more-complex models with multiple neurons arranged in layers, as you’ll see in the following sections.



EXERCISE

1-16: Revisit all the examples in the previous sections, using various activation functions. Note the corrections you need to implement in order to accommodate continuous activation functions.





Classifying Data with a Two-Layer Neural Network

In this section, you’ll see how multiple artificial neurons can be combined into more-complex architectures to perform more-complex tasks. For example, you can start considering a two-layer network, made of artificial neurons with Heaviside step function activation, such as that shown in Figure 1-12. The first layer is usually referred to as the hidden layer, whereas the last is called the output layer.




NOTE

The number of layers determines the depth of a network. As you’ll see later, increasing the number of hidden layers enhances the representational capacity of the network. A network is typically considered “deep” when it contains two or more hidden layers, allowing for more-complex data representations. However, networks with only two or three layers may still be regarded as shallow compared to modern deep learning models, which often contain dozens or even hundreds of layers.






[image: Left: two-layer neural network with two inputs, hidden neurons, and two outputs. Right: diagrams showing how each layer partitions the input space.]

Figure 1-12: A two-layer dense neural network



In Figure 1-12, the annotations near the connections denote the weights, while those beneath each neuron represent the biases. The depicted network features a first hidden layer composed of binary neurons that each execute a linear separation, dividing the input plane into distinct half-planes. Subsequently, the output layer—comprising two neurons—synthesizes these regions into more-complex shapes. Specifically, the first neuron in the output layer combines the outputs from the first layer to create the final partitioning of the plane, whereas the second neuron intersects them.

This process is illustrated on the right side of Figure 1-12: The first column illustrates how each neuron in the first layer bisects the plane, and the second column demonstrates the complex partitioning achieved by the output layer through the combination and intersection of these bisected regions.

This two-layer neural network is an example of a dense neural network. A dense neural network consists of multiple stacked layers of neurons. Each neuron in a layer receives inputs from all neurons in the previous layer and sends outputs to all neurons in the following layer, in a classical feed-forward architecture. Dense neural networks are also known as fully connected neural networks or multilayer perceptrons.



EXERCISES

1-17: Implement the two-layer neural network with the fixed weights illustrated in Figure 1-12 and verify that it works to separate the points of the plane as shown.


1-18: Use a two-layer neural network to implement the logic gates by figuring out the appropriate weights yourself. Show that it’s possible to implement NOT, AND, OR, and NAND, but not XOR. Can you figure out why XOR is not possible? Can any of these logic gates be implemented using a single neuron?




Implementing a Dense Neural Network

As usual, you’ll start by loading the data. Use the load_data() function in Listing 1-10 to load the data into data_class_2d_convex_clean:

from loader import load_data

(x, y_gt) = load_data(filename="data_class_2d_convex_clean.csv")

Then plot the data with the plot_data_2d() function as shown in Listing 1-12, which should show the plot in Figure 1-13.


[image: Scatterplot with points colored by class, showing clusters that are not linearly separable.]

Figure 1-13: A scatterplot of the 2D data with a convex class



As you’ve seen in Exercise 1-10, this data can’t be classified by a single neuron; you’ll need to implement a two-layer dense neural network. As a first step, you need to implement the sigmoidal activation function, as shown in Listing 1-23.

from numpy import exp

def sigmoid(x):
    """Sigmoid function."""
    return 1 / (1 + exp(-x))

Listing 1-23: The sigmoidal activation function


This code defines the sigmoidal function (shown in Figure 1-11), which will be the activation function of each neuron.

You can then implement the dnn2_clas() function in Listing 1-24 to define the neural network.

def dnn2_clas(wa, wb, x):
    """Two-layer dense neural network for classification."""
    x_a = x  # Input layer 1
    p_a = x_a @ wa  # Activation potential layer 1
    y_a = sigmoid(p_a)  # Output layer 1

    x_b = y_a  # Input layer 2
    p_b = x_b @ wb  # Activation potential layer 2
    y_b = sigmoid(p_b)  # Output layer 2 (output neuron)

    y_p = y_b  # Network prediction
 
    return y_p

Listing 1-24: The two-layer dense neural network (detailed calculation)

This function implements a two-layer dense neural network that takes the x array as input and returns the continuous output in the y_p array, which takes values between 0 and 1.

The implementation of this neural network can be made more compact, as shown in Listing 1-25.

def dnn2_clas(wa, wb, x):
    """Two-layer dense neural network for classification."""
    return sigmoid(sigmoid(x @ wa) @ wb)

Listing 1-25: The two-layer dense neural network (compact calculation, by modifying Listing 1-24)

The calculation of the neural network output from the value of the input and of its weight matrices is now done in a single expression, instead of the previous explicit calculation.

You can now define the number of neurons with Listing 1-26.

num_neurons = 3

Listing 1-26: Defining the number of neurons in the hidden layer

Although num_neurons is set to 3, you can change it.

Now you need to randomly initialize the weight matrices between the inputs and the first layer (wa) and between the first layer and the output (wb) via Listing 1-27.

   from numpy.random import default_rng

   rng = default_rng()

➊ wa = rng.standard_normal(size=(2, num_neurons))  # Input weights layer 1
➋ wb = rng.standard_normal(size=(num_neurons, 1))  # Input weights layer 2

Listing 1-27: Initializing the weight matrices

Since you have two inputs, three neurons in the first layer, and one neuron in the output layer, the weight matrices have dimensions 2×3 ➊ and 3×1 ➋, respectively.

Next, obtain the predictions by this neural network with Listing 1-28.

y_p = dnn2_clas(wa, wb, x)

Listing 1-28: Obtaining predictions by the dense neural network

Note that the predicted output y_p of this network is a continuous value from 0 to 1, so the class assignment won’t be sharp but will have a probabilistic flavor to it.

Plot the output above the ground truth with Listing 1-29.

--snip--
plot_pred_2d(x, y_gt, y_p=dnn2_clas(wa, wb, x))

Listing 1-29: Plotting the 2D data and the predictions of a two-layer neural network (by modifying Listing 1-17)

This should generate a scatterplot that looks like Figure 1-14.


[image: Scatterplot with ground truth and predictions colored by value, showing random predictions that align spatially but are assigned to various classes.]

Figure 1-14: Predictions by a randomly initialized two-layer network



Since the output is now a continuous function, the predicted results (color of the crosses) acquire the whole range of values in the color bar. As usual, the predictions are random, so there is no agreement between the ground truth and the neural network prediction—as you should expect given the random initialization of the weights.




Training with Error Backpropagation

Now you need to train this simple neural network. This training aims to minimize the neural network’s error, quantified by the loss function. This mathematical formula measures the difference between the network’s predicted outputs and the actual target values; the goal of training is to find the weight configuration that results in the lowest possible loss.

Conceptually, training involves evaluating the performance of each individual weight within the network to understand its impact on the final output. For example, you might slightly increase the value of a weight and observe the effect on the network’s output. If the adjustment results in a closer match to the actual target, the change has decreased the loss function, indicating a step in the right direction. Conversely, if the loss increases, you know to adjust the weight in the opposite direction. This process, repeated across all weights in the network, forms the basis of learning.

For every iteration, each weight is adjusted slightly in the direction that reduces the overall error of the network. This is known as gradient descent, where gradient refers to the slope of the loss function (representing the direction and rate of change of the error with respect to the weight), and descent indicates that the process seeks to move downward toward a minimum error.

You can perform gradient descent efficiently using the very powerful backpropagation algorithm, which is arguably the main technique responsible for the widespread success of deep learning. Similarly to the algorithm you used to train a single artificial neuron, it works by iteratively updating each weight.



NOTE

The backpropagation algorithm computes the gradient of the loss function with respect to each weight by the chain rule, computing the gradient one layer at a time, and iterating backward from the last layer to avoid redundant calculations of intermediate terms in the chain rule. This implies that the activation functions at all neurons need to be differentiable almost everywhere (for example, all the activation functions in Figure 1-11 except the Heaviside step function).




In the next section, you’ll see a simple mathematical derivation of the backpropagation algorithm. If you prefer, you can skip this derivation and jump directly to the implementation provided in Listings 1-30 and 1-31.


Mathematical Derivation

Consider a simple two-layer neural network with N inputs, Q neurons in the hidden layer, and M neurons in the output layer, as shown in the left panel of Figure 1-15.



[image: Left: two-layer network with error gradient flowing from output y2,0 back to hidden weight. Right: similar network showing gradient flow for output y1,0.]

Figure 1-15: Error backpropagation



All neurons have the same (differentiable) activation function f(p), where p is their input potential (the weighted sum of their inputs). Use as the loss function the mean squared error (MSE) of the output:

E=12∑m=0M-1(y2,m-y~m)2    (1.3)

Here, y2,m is the output of the mth neuron in the output layer (the subscript 2 indicates the second layer), and y~m is the target value for the mth output.

Now you need to calculate the error gradient with respect to the weights. Start by considering the weight w2,qm between the qth hidden neuron and the mth output neuron (again the subscript 2 indicates the second layer). The error gradient is

∂E∂w2,qm=∂E∂y2,m∂y2,m∂p2,m∂p2,m∂w2,qm=(y2,m−y~m)f'(p2,m)⏟y1,qδ2,m=δ2,my1,q  (1.4)

where

p2,m=∑q=0Q−1w2,qmy1,q

is the activation potential of the mth output neuron (the subscript 1 indicates the first layer), and y1,q is the output of the qth hidden neuron, which can be calculated as

∂p2,m∂w2,qm=y1,q

Therefore, you can update these weights as

Δw2,qm=−η∂E∂w2,qm=−ηδ2,my1,q   (1.5)


where η is the learning rate and the minus sign indicates that you want to decrease the error.

In an analogous way, you can calculate the error gradient with respect to the weights of the connections between the inputs and the neurons in the hidden layer (right panel in Figure 1-15). You obtain

∂E∂w1,nq=∂E∂y1,q∂y1,q∂p1,q∂p1,q∂w1,nq=∂E∂y1,qf′(p1,q)xn   (1.6)

where p1,q=Σn=0N-1w1,nqxn is the activation potential of the qth hidden neuron and xn is the nth input. Comparing this formula with the previous one, you should notice that, instead of the known








Implementation



def d_sigmoid(x):
    """Derivative of sigmoid function."""
    return sigmoid(x) * (1 - sigmoid(x))



   from numpy import reshape, sum, transpose
   --snip--
➊ num_train_iterations = 10 ** 5
   --snip--
   for i in range(num_train_iterations):
       # Select random sample
       selected = rng.integers(0, num_samples)
    ➋ x_selected = reshape(x[selected], (1, -1))
    ➌ y_gt_selected = reshape(y_gt[selected], (1, -1))
    
    ➍ # Detailed neural network calculation
       x_selected_a = x_selected  # Input layer 1
       p_a = x_selected_a @ wa  # Activation potential layer 1
       y_selected_a = sigmoid(p_a)  # Output layer 1

       x_selected_b = y_selected_a  # Input layer 2
       p_b = x_selected_b @ wb  # Activation potential layer 2
       y_selected_b = sigmoid(p_b)  # Output layer 2 (output neuron)
    
       y_p_selected = y_selected_b

       # Update weights
       error = y_p_selected - y_gt_selected

       delta_b = error * d_sigmoid(p_b)
       wb = wb - eta * delta_b * transpose(x_selected_b)

       delta_a = sum(wb * delta_b, axis=1) * d_sigmoid(p_a)
       wa = wa - eta * delta_a * transpose(x_selected_a)

    ➎ if i % 100 == 0:
           print(f"{i} y_p={y_p_selected[0, 0]:.2f} error={error[0, 0]:.2f}")






plot_pred_2d(x, y_gt, y_p=dnn2_clas(wa, wb, x))



[image: Scatterplot wherein the predictions closely match the classes of the ground truth.]







NOTE
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Attempting an Impossible Classification



(x, y_gt) = load_data(filename="data_class_2d_complex.csv")



[image: Scatterplot with classes intermixed, showing complex patterns not separable by a simple network.]







EXERCISES








Classifying Data with a Three-Layer Neural Network




[image: Left: three-layer neural network with two inputs, hidden neurons, and one output. Right: diagrams showing how each layer partitions the input space.]








EXERCISES







--snip--
def dnn3_clas(wa, wb, wc, x):
    """Three-layer dense neural network for classification."""
    return sigmoid(sigmoid(sigmoid(x @ wa) @ wb) @ wc)



num_neurons_1 = 7
num_neurons_2 = 5



   --snip--
➊ wa = rng.standard_normal(size=(2, num_neurons_1))
➋ wb = rng.standard_normal(size=(num_neurons_1, num_neurons_2))
➌ wc = rng.standard_normal(size=(num_neurons_2, 1))




y_p = dnn3_clas(wa, wb, wc, x)



--snip--
for i in range(num_training_iterations):
    --snip--
    y_selected_b = sigmoid(p_b)  # Output layer 2
 
    x_selected_c = y_selected_b  # Input layer 3
    p_c = x_selected_c @ wc  # Activation potential layer 3
    y_selected_c = sigmoid(p_c)  # Output layer 3 (output neuron)

    y_p_selected = y_selected_c

    # Update weights
    error = y_p_selected - y_gt_selected
 
    delta_c = error * d_sigmoid(p_c)
    wc = wc - eta * delta_c * transpose(x_selected_c)
 
    delta_b = sum(wc * delta_c, axis=1) * d_sigmoid(p_b) 
    wb = wb - eta * delta_b * transpose(x_selected_b)

    delta_a = sum(wb * delta_b, axis=1) * d_sigmoid(p_a)
    --snip--





EXERCISES







Project 1A: Classifying Handwritten Digits



Using the MNIST Digit Dataset



Importing the Data


   import os

   if not os.path.exists("MNIST_dataset"):
    ➊ os.system("git clone https://github.com/DeepTrackAI/MNIST_dataset")

➋ train_path = os.path.join("MNIST_dataset", "mnist", "train")
➌ train_images_files = sorted(os.listdir(train_path))




import matplotlib.pyplot as plt

train_images = []
for file in train_images_files:
    image = plt.imread(os.path.join(train_path, file))
    train_images.append(image)





train_digits = []
for file in train_images_files:
    filename = os.path.basename(file)
    digit = int(filename[0])
    train_digits.append(digit)





Visualizing the Data


import numpy as np

fig, axs = plt.subplots(nrows=3, ncols=10, figsize=(20, 6))
for ax in axs.ravel():
    idx_image = np.random.choice(60000)
    ax.imshow(train_images[idx_image], cmap="Greys") 
    ax.set_title(f"Label: {train_digits[idx_image]}", fontsize=20)
    ax.axis("off")
plt.show()




[image: Handwritten digits 0 through 9, each with a label that correctly identifies the number.]









Implementing the Neural Network



   import deeplay as dl
   from torch.nn import Sigmoid

   mlp_template = dl.MultiLayerPerceptron(
       in_features=28 * 28, hidden_features=[32, 32], out_features=10,
   )
➊ mlp_template[..., "activation"].configure(Sigmoid)
➋ mlp_model = mlp_template.create()




MultiLayerPerceptron(
  (blocks): LayerList(
    (0): LinearBlock(
   ➊ (layer): Linear(in_features=784, out_features=32, bias=True)
      (activation): Sigmoid()
    )
    (1): LinearBlock(
   ➋ (layer): Linear(in_features=32, out_features=32, bias=True)
      (activation): Sigmoid()
    )
    (2): LinearBlock(
   ➌ (layer): Linear(in_features=32, out_features=10, bias=True)
      (activation): Sigmoid()
    )
  )
)



print(f"{sum(p.numel() for p in mlp_model.parameters())} trainable parameters")



from torch.nn import MSELoss

classifier_template = dl.Classifier(
    model=mlp_template, num_classes=10, make_targets_one_hot=True, 
    loss=MSELoss(), optimizer=dl.SGD(lr=.1),
)
classifier = classifier_template.create()




Classifier(
  (loss): MSELoss()
  (train_metrics): MetricCollection(
    (MulticlassAccuracy): MulticlassAccuracy(),
    prefix=train
  )
  (val_metrics): MetricCollection(
    (MulticlassAccuracy): MulticlassAccuracy(),
    prefix=val
  )
  (test_metrics): MetricCollection(
    (MulticlassAccuracy): MulticlassAccuracy(),
    prefix=test
  )
  (model): MultiLayerPerceptron(
    --snip--
  )
  (optimizer): SGD[SGD](lr=0.1)
)




Training and Testing


train_images_digits = list(zip(train_images, train_digits))
train_dataloader = dl.DataLoader(train_images_digits, shuffle=True)




trainer = dl.Trainer(max_epochs=1, accelerator="auto")



trainer.fit(classifier, train_dataloader)




Calculating Accuracy




NOTE






   test_path = os.path.join("MNIST_dataset", "mnist", "test")
   test_images_files = sorted(os.listdir(test_path))

   test_images, test_digits = [], []
   for file in test_images_files:
       image = plt.imread(os.path.join(test_path, file))
       test_images.append(image)

       filename = os.path.basename(file)
       digit = int(filename[0])
       test_digits.append(digit)

   test_images_digits = list(zip(test_images, test_digits))
➊ test_dataloader = dl.DataLoader(test_images_digits, shuffle=False)




trainer.test(classifier, test_dataloader)





Visualizing Performance with a Confusion Matrix






NOTE






from seaborn import cubehelix_palette, heatmap

def plot_confusion_matrix(classifier, dataloader):
    """Plot confusion matrix."""
    confusion_matrix = np.zeros((10, 10), dtype=int)
 ➊ for image, gt_digit in dataloader:
        predictions = classifier(image)
        max_prediction, pred_digit = predictions.max(dim=1)
        np.add.at(confusion_matrix, (gt_digit, pred_digit), 1) 

    plt.figure(figsize=(10, 8))
 ➋ heatmap(confusion_matrix, annot=True, fmt=".0f", square=True, 
            cmap=cubehelix_palette(light=0.95, as_cmap=True), vmax=150)
    plt.xlabel("Predicted digit", fontsize=15)
    plt.ylabel("Ground truth digit", fontsize=15)
    plt.show()





plot_confusion_matrix(classifier, test_dataloader)



[image: Confusion matrix for digit classification, with strong diagonal accuracy and frequent misclassifications for 2s, 5s, 8s, and 9s.]








Making Improvements



Output Representation






   from torch.nn import Softmax

➊ classifier_template[..., "activation#-1"].configure(Softmax, dim=-1)
   classifier_softmax = classifier_template.create()

   trainer_softmax = dl.Trainer(max_epochs=1, accelerator="auto")
   trainer_softmax.fit(classifier_softmax, train_dataloader)

   trainer_softmax.test(classifier_softmax, test_dataloader)




plot_confusion_matrix(classifier_softmax, test_dataloader)




[image: Confusion matrix for digit classification using softmax, showing improved accuracy but persistent errors for 5s, 8s, and 9s.]










Activation Functions




   from torch.nn import ReLU

➊ classifier_template[..., "activation#:-1"].configure(ReLU)
   classifier_relu = classifier_template.create()

   trainer_relu = dl.Trainer(max_epochs=1, accelerator="auto")
   trainer_relu.fit(classifier_relu, train_dataloader)

   trainer_relu.test(classifier_relu, test_dataloader)




plot_confusion_matrix(classifier_relu, test_dataloader)



[image: Confusion matrix for digit classification with ReLU, showing high accuracy and fewer errors across digits compared to earlier models.]








Mini-Batches and Optimizer




train_dataloader_batch = dl.DataLoader(train_images_digits, shuffle=True, 
                                       batch_size=32)





➊ classifier_template.configure(optimizer=dl.RMSprop(lr=0.001))
   classifier_rmsprop = classifier_template.create()

➋ trainer_rmsprop = dl.Trainer(max_epochs=10, accelerator="auto")
   trainer_rmsprop.fit(classifier_rmsprop, train_dataloader_batch)

   trainer_rmsprop.test(classifier_rmsprop, test_dataloader)





plot_confusion_matrix(classifier_rmsprop, test_dataloader)



[image: Confusion matrix for digit classification with RMSprop, showing improved accuracy and fewer, more evenly distributed errors across digits.]








Performing Failure Analysis


➊ num_images_x_digit = 3

   plt.figure(figsize=(10, num_images_x_digit))

   num_fails_x_digit = np.zeros(10, int)
   for image, gt_digit in test_dataloader:
       gt_digit = int(gt_digit)

       if num_fails_x_digit[gt_digit] < num_images_x_digit:
           predictions = classifier_rmsprop(image)
           max_prediction, pred_digit = predictions.max(dim=1)

           if pred_digit != gt_digit:
               num_fails_x_digit[gt_digit] += 1

               plt.subplot(num_images_x_digit, 10, 
                           (num_fails_x_digit[gt_digit] - 1) * 10 + gt_digit + 1)
               plt.imshow(image.squeeze(), cmap="Greys")
               plt.annotate(str(int(pred_digit)), (.8, 1), (1, 1), 
                            xycoords="axes fraction", textcoords="offset points", 
                            va="top", ha="left", fontsize=20, color="red")
               plt.axis("off")
         
       if (num_fails_x_digit >= num_images_x_digit).all():
           break

   plt.tight_layout()
   plt.show()





[image: Handwritten digits 0 through 9, each with a label that incorrectly identifies the number.]
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