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  front matter


  preface


  JAX is a powerful Python library created by Google for deep learning and high-performance computing. It’s widely used in machine learning research and ranks as the third most popular deep learning framework, trailing only behind TensorFlow and PyTorch. Notably, it’s the go-to framework for companies like DeepMind, and Google’s research increasingly relies on JAX.


  What I really appreciate about JAX is its emphasis on functional programming in deep learning. It offers robust function transformations, including gradient computation, JIT compilation via XLA, auto-vectorization, and parallelization. JAX supports both GPUs and TPUs, delivering impressive performance.


  Now is an exciting time to dive into JAX, as its ecosystem is rapidly expanding. Despite being around for a few years, there’s a noticeable lack of comprehensive resources for beginners. While JAX’s website offers solid documentation and a supportive community, piecing everything together, especially when integrating other libraries, can be daunting.


  This book is crafted for those eager to master JAX. My goal is to consolidate crucial information in one place and guide you through understanding JAX concepts, enhancing your skills and ability to apply JAX in your projects and research.


  A basic understanding of deep learning and proficiency in Python are expected. This book doesn’t cover deep learning basics, as there are plenty of resources available. Instead, it focuses solely on JAX, although I’ll briefly touch on key deep learning concepts when necessary. This should benefit individuals from non–deep learning backgrounds, like physics.


  JAX is more than just a deep learning framework. Its expanding range of modules beyond deep learning suggests its potential in differentiable programming, large-scale physics simulations, and more. My hope is that this book will also serve those interested in these applications.


  JAX continues to evolve, and I’ve had to update several chapters significantly. Don’t worry about possible changes in the future; the core knowledge you’ll gain remains applicable to future versions of JAX.
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  about this book


  Deep Learning with JAX is written to help you understand and start using JAX in your projects and research. It consolidates crucial information in one place and guides you through understanding JAX concepts through a series of easy-to-digest examples that build your intuition in the subject.


  Who should read this book?


  Deep Learning with JAX targets deep learning practitioners and researchers familiar with frameworks such as PyTorch and TensorFlow who want to start using JAX. Readers should have a basic grasp of deep learning and be proficient in Python. Researchers from other areas (e.g., physics or optimization) or graduate students focused on deep learning, numerical optimization, or distributed computations will also find this book beneficial to their learning and practice.


  How this book is organized: A roadmap


  The book has three parts that cover 12 chapters.


  Part 1 is the introduction and a showcase for JAX:


  
    	
      Chapter 1 answers the crucial question, “Why JAX?” We’ll explore what JAX is, its strengths and weaknesses compared to other frameworks like TensorFlow and PyTorch, and when it might be the best tool for your project.

    


    	
      Chapter 2 guides you through your first hands-on experience with JAX. We’ll build a simple neural network for image classification, introducing key concepts like JAX transformations for auto-vectorization, gradient calculation, and just-in-time (JIT) compilation. You’ll also learn how to save and load models and understand the difference between pure and impure functions in JAX.

    

  


  Part 2 covers the core functionalities of JAX:


  
    	
      Chapter 3 explores the workhorse of deep learning: tensors or multidimensional arrays. We’ll compare NumPy arrays and JAX arrays, discuss how to work with them on different hardware like CPUs, GPUs, and TPUs, and explain the nuances of adapting code between NumPy and JAX.

    


    	
      Chapter 4 tackles the critical task of calculating gradients, which is essential for training neural networks. We’ll compare various differentiation methods, dive deep into JAX’s automatic differentiation capabilities, and explore both forward and reverse autodiff modes.

    


    	
      Chapter 5 teaches how to optimize your code for performance using JIT compilation. We’ll examine how JIT works under the hood, its interaction with the XLA compiler, and how to address potential limitations.

    


    	
      Chapter 6 introduces automatic vectorization, a powerful technique for efficiently processing batches of data. We’ll explore different vectorization approaches, discuss how to control JAX’s vmap() transformation, and analyze real-life scenarios where auto-vectorization shines.

    


    	
      Chapter 7 delves into parallelization, enabling you to run computations on multiple devices simultaneously. We’ll discuss how to use the pmap() transformation for parallel execution, control its behavior, and implement data parallel neural network training. We’ll also explore running code on multihost configurations for large-scale tasks.

    


    	
      Chapter 8 introduces tensor sharding, a modern and efficient approach to parallelization in JAX. We’ll explain how to leverage XLA for automatic parallelization and implement data and tensor parallelism for neural network training, as well as the advantages of this technique.

    


    	
      Chapter 9 tackles the important topic of generating random numbers in JAX. We’ll explore the differences between JAX and NumPy in this regard, discuss the role of keys in representing the state of random number generators, and explain how to apply these concepts in real-world applications.

    


    	
      Chapter 10 introduces pytrees, a powerful tool for representing complex data structures in JAX. We’ll discuss how to work with pytrees effectively, utilize functions for manipulating them, and even create custom pytree nodes for specialized needs.

    

  


  Part 3 covers the rich and diverse ecosystem of libraries and tools built around JAX:


  
    	
      Chapter 11 introduces higher-level neural network libraries like Flax and Optax, which provide convenient abstractions for building and training complex models. We’ll use Flax to build both a simple MLP and a more advanced residual network for image classification and explore how to leverage Hugging Face libraries for working with transformers and diffusion models.

    


    	
      Chapter 12 takes a broader look at the JAX ecosystem, showcasing libraries for various machine learning tasks, including training large language models (LLMs), reinforcement learning, and evolutionary computations. We’ll also explore JAX modules for other scientific fields like physics, chemistry, and more.

    

  


  If you’re a manager, I suggest reading the first two chapters to get a grasp of JAX’s strengths, how it stands out from PyTorch and TensorFlow, and what a typical JAX machine learning project looks like. Chapter 12 is also non-technical and can give you insight into where JAX shines.


  For developers eager to start crafting neural networks with JAX, focus on chapter 2 for a straightforward deep learning example, chapters 3 to 6 for JAX’s foundational concepts, and chapter 11 for an overview of the high-level libraries in the ecosystem. You can tackle the rest of the book in any order, depending on your specific interests. Feel free to skip chapters 7 and 8 if parallelization isn’t on your radar yet—you can always circle back. Dive into chapters 9 and 10 if you’re curious about random numbers and pytrees, though the earlier chapters provide enough groundwork to get you started.


  About the code


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


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In some cases, even this was not enough, and listings include line-continuation markers (➥). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/deep-learning-with-jax. The complete code for the examples in the book is available for download from the Manning website at https://www.manning.com/books/deep-learning-with-jax and from GitHub at https://github.com/che-shr-cat/JAX-in-Action.


  Almost every chapter has a corresponding Colab notebook (or several of them). The code was tested with JAX version 0.4.14.


  liveBook discussion forum


  Purchase of Deep Learning with JAX includes free access to liveBook, Manning’s online reading platform. Using liveBook’s exclusive discussion features, you can attach comments to the book globally or to specific sections or paragraphs. It’s a snap to make notes for yourself, ask and answer technical questions, and receive help from the author and other users. To access the forum, go to https://livebook.manning.com/book/deep-learning-with-jax/discussion. You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/discussion.


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


  Other online resources


  The most important source of information is the JAX documentation (https://jax.readthedocs.io/en/latest/). It updates frequently, and you may find answers there. Other important sources of information are GitHub Discussions (https://github.com/google/jax/discussions) and Issues (https://github.com/google/jax/issues).
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  about the cover illustration


  The figure on the cover of Deep Learning with JAX is captioned “La Bearnaise,” or “The Bearnese,” referring to a people from a specific region in the French Pyrenees mountains. Taken from a collection by Jacques Grasset de Saint-Sauveur, published in 1797, the illustration is finely drawn and colored by hand.
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  Part 1. First steps


  Embark on a journey into the world of JAX, a cutting-edge library that’s revolutionizing deep learning and high-performance computing. In this opening part of JAX for Deep Learning, we lay the groundwork for understanding why JAX is a pivotal tool in the ever-evolving landscape of machine learning frameworks. Through two foundational chapters, you’ll gain insights into the unique advantages of JAX over other popular libraries like TensorFlow, PyTorch, and NumPy and learn how to harness its power for your deep learning projects.


  Chapter 1 introduces you to the core concepts and strengths of JAX. It sets the stage by delving into the history of deep learning frameworks, highlighting the evolutionary path that led to the birth of JAX. This chapter illuminates JAX’s niche in the ecosystem, showcasing its adeptness at compiling and parallelizing code for a wide range of applications, from ocean simulation to large-scale neural networks. By comparing JAX with TensorFlow, PyTorch, and NumPy, you’ll understand the strategic scenarios that call for JAX’s utilization, laying a robust foundation for the rest of the book.


  Chapter 2 is a hands-on exploration that walks you through the development of a simple neural network application. This chapter is your gateway to experiencing JAX’s transformative capabilities firsthand. You’ll learn about the high-level structure of a JAX project, from loading datasets to creating neural networks, and discover the power of JAX transformations. The chapter concludes with a dive into saving and loading models and the distinction between pure and impure functions, equipping you with the knowledge to embark on more complex projects.


  Together, these chapters serve as your initiation into the potent world of JAX, ensuring you’re well prepared to tackle more advanced topics in deep learning and beyond. Whether you’re a seasoned developer or new to the field, part 1 of JAX for Deep Learning offers a comprehensive guide to starting your journey with confidence and clarity.


  1 When and why to use JAX



  This chapter covers


  
    	An introduction to JAX


    	When and where to use JAX


    	A comparison of JAX with TensorFlow, PyTorch, and NumPy

  


  One more deep learning library? Are you serious?! After everything has converged to the beloved-by-everyone PyTorch and the well-established ecosystem around Tensorflow, why should I bother about JAX? And if I wanted a low-level neural network development, there’s good old NumPy or its alternatives with GPU support. Why would I even want to look at JAX?


  The history of deep learning frameworks shows that no framework lasts forever. For instance, where is Theano, which shaped the field significantly? For me, it was the first deep learning library in the modern sense, after the long-forgotten PyBrain2 and others. And where is Caffe? It was hugely popular many years ago, especially for production deployments. Years ago, I developed a driver assistant tool to recognize road signs in real time, running on old Android smartphones with much less power than contemporary phones; Caffe was the best choice for this job back then. And what about good old Torch7, which many image style transfer models used around 2015? I participated in one such project back then, and we used many of these models on our backends. For that matter, where is Chainer, TensorFlow 1, CNTK, Caffe2, and so many others?


  Those were all remarkable frameworks; they did not fall out of use because they were bad. It’s just that time flies, context evolves, and requirements change. These frameworks (or libraries; the boundary is sometimes unclear), however, are alive in their descendants. Thanks to Torch7 and Caffe2, we now have PyTorch. Thanks to TensorFlow 1, we have Keras, which is now the default high-level API for TensorFlow 2. Thanks to Chainer, DyNet, and others, we now have dynamic computation graphs and eager execution.


  If you assume that PyTorch or Tensorflow 2 is the end of evolution, think again. There is already a newcomer in the field: JAX and its rich ecosystem.


  JAX is a Python library developed by Google for high-performance array computing. Some people call it “NumPy on steroids,” and it is used for large-scale and high-performance computations thanks to its ability to compile and parallelize your code, no matter whether it is deep learning code or, say, ocean simulation (https://mng.bz/MZAE), weather forecasting (https://arxiv.org/abs/2212.12794), or cosmology (https://arxiv.org/abs/2302.05163; https://arxiv.org/abs/2305.06347). Many exciting applications and libraries on top of JAX are built for physics, including molecular dynamics, fluid dynamics, rigid body simulation, quantum computing, astrophysics, ocean modeling, and more. There are libraries for distributed matrix factorization, streaming data processing, protein folding, and chemical modeling, with other new applications emerging constantly.


  No surprise, JAX is widely used for deep learning applications. In fact, JAX is often considered a deep learning framework, the third after PyTorch and TensorFlow.


  The well-known State of AI 2021 report (https://mng.bz/aEYx) calls JAX a new framework challenger, and indeed, more and more deep learning research is being conducted with JAX. Among the recent research are Google’s essential papers on applying transformers and modern versions of multilayer perceptrons (MLPs) for vision tasks (namely, Vision Transformer [ViT] and MLP-Mixer; https://mng.bz/gvjZ). DeepMind has announced it is using JAX to accelerate research, and the company contributes significantly to the JAX ecosystem (https://mng.bz/eo6w). Let’s look at some more ways JAX is currently gaining momentum. 


  Because JAX has enabled rapid experimentation with novel algorithms and architectures, it now underpins many of DeepMind’s recent publications. Among them, I’d highlight


  
    	
      A new approach to self-supervised learning called BYOL (Bootstrap Your Own Latent; https://arxiv.org/abs/2006.07733)

    


    	
      A general transformer-based architecture for structured inputs and outputs called Perceiver IO (https://mng.bz/OZ02) 

    


    	
      Research on large language models (LLMs), with the 280-billion-parameters Gopher model (https://mng.bz/Y7Be) and the 70-billion-parameters Chinchilla (https://mng.bz/r1yg)

    

  


  One of the first large, open source GPT-like models, EleutherAI’s GPT-J-6B, the 6-billion-parameter transformer language model, was trained with JAX on Google Cloud. The authors of the GPT-J paper state it was the right set of tools to develop large-scale models rapidly. Google internally uses JAX to train its LLMs, such as PaLM 2, Gemini, and Gemma. In 2023, xAI (https://x.ai/) began training its Grok LLM (https://github.com/xai-org/grok-1) using a custom training and inference stack based on Kubernetes, Rust, and JAX.


  Furthermore, in 2021, Hugging Face made JAX and Flax (the high-level neural network library on top of JAX) the third officially supported framework in their well-known Transformers library. The Hugging Face collection of pretrained models (as of June 2024) already has the number of JAX models comparable to the number of TensorFlow models. PyTorch is still ahead of both, but porting models from PyTorch to JAX/Flax is already happening.


  JAX on its own might not be very suitable for production deployment, as it primarily focuses on the research side, but that was precisely how PyTorch went. The gap between research and production will likely be closed soon. There is already a JAX2TF package that provides support for JAX native serialization and interoperation between JAX and TensorFlow. A JAX model could be converted to TensorFlow’s SavedModel so you can serve it with TensorFlow Serving, TFLite, or TensorFlow.js.


  Given Google’s weight and the rapid expansion in the community, I expect a bright future for JAX. It is easy to adopt since Python and NumPy are widely used and familiar to most developers. Its composable function transformations help support machine learning research. It has a vivid ecosystem and a high degree of expressiveness and can provide high performance and computational efficiency. It uses the familiar NumPy API and promotes a functional programming approach. The code can run efficiently on multiple backends, including CPUs, graphics processing units (GPUs), and tensor processing units (TPUs). And if you happen to be developing LLMs or training other large-scale neural networks, JAX is a good choice for these. (Find more on LLMs in chapter 12, where I provide you with a list of JAX modules for high-performance LLM training.)


  
    Why is it called JAX?


    According to the paper that first presented JAX, “Compiling Machine Learning Programs Via High-Level Tracing” (https://mlsys.org/Conferences/doc/2018/146.pdf), the acronym JAX stands for “Just After eXecution,” since to compile a function, we first monitor its execution once in Python. 

  


  Before we move on to the specific ways JAX is useful, let’s clarify a bit about this book. Although there are many fascinating areas in which to use JAX (including cosmology, protein folding, and ocean modeling), this book focuses mostly on deep learning. It targets developers, engineers, and researchers who already understand deep learning concepts and have some experience with one of the other frameworks. If you are a newbie to the field, you can still use the book to learn JAX, but you will need a separate book that teaches you deep learning.


  Although many examples are tailored for deep learning uses, a reader interested in using JAX for other purposes can also learn JAX from the eight chapters on core JAX in part 2. I added sidebars explaining deep learning concepts in simple language for these readers. Forgive me, deep learning experts; for you, these added notes may be too basic, but I believe they could be extremely helpful for people from other fields who want to learn JAX. Feel free to skip any sidebar that looks like “Deep Learning 101.”


  I deliberately did not include cases outside of deep learning, like astronomy. Although there are beautiful examples of using JAX in other fields, I don’t feel it is worth mixing such cases into the book. They won’t add much value for the deep learning people, and they also won’t be much help to the physics people as they likely need much more, likely a separate book or a workshop on the topic. I still want to focus on JAX essentials, which are useful everywhere, and deep learning people, to help them get a taste of the new framework and start using it. However, I mention JAX’s applicability to such fields many times and provide some relevant links (especially in the last chapter about the ecosystem).


  The book builds your core JAX understanding from the ground up, diving deeply into all the essential concepts, each explained with numerous examples and bite-sized projects. This may sometimes look pretty low-level, but this approach gives you a solid understanding of how things work and provides a strong basis to explore JAX’s rich ecosystem. As you begin your exciting journey with JAX, let Deep Learning with JAX be your indispensable guide.


  In this chapter, I will introduce JAX and its vibrant ecosystem and explain what JAX is and how it relates to NumPy, PyTorch, and TensorFlow. We will review JAX’s strengths to understand how they combine to give you a powerful tool for deep learning research and high-performance computing.


  1.1 Reasons to use JAX


  There are several reasons why you might want to use JAX. First is its outstanding performance and the ability to execute computations on multiple backends, including CPUs, GPUs, and TPUs, while having a familiar NumPy-style API for ease of adoption by researchers and engineers. Second is its functional nature and a set of composable function transformations for compilation, batching, automatic differentiation, and parallelization. Third is its composability and the rich ecosystem of modules and libraries built on top of JAX.


  Before we get into these three reasons for using JAX, it’s important to state that JAX is not always the best option for every problem. If you work with very special settings, like mobile or embedded deployments, keeping your current framework, such as TFLite, is probably best (though there is the JAX2TF converter if needed). Similarly, if you have a vast and established code base using your current framework, such as PyTorch, it may not make the most sense to switch to JAX (though, if the speed is super important for you, that still might be a good option). Now to those JAX advantages.


  1.1.1 Computational performance


  First, JAX provides excellent computational performance. Some benchmarks show that JAX is faster than TensorFlow (https://mng.bz/0GDm). Others state that “the performance of JAX is very competitive, both on GPU and CPU. It is consistently among the top implementations on both platforms” (https://github.com/dionhaefner/pyhpc-benchmarks) And even the world’s fastest transformer of 2020 was built with JAX (https://mng.bz/KZO4).


  Many things fit into this section, including the ability to use modern hardware such as GPUs or TPUs (and JAX is probably the best choice if you want to achieve the maximum performance on TPUs), just-in-time (JIT) compilation with Accelerated Linear Algebra (XLA), auto-vectorization, easy parallelization across the cluster, and ability to use data- and model-parallel training, while scaling your program from your laptop CPU to the largest TPU Pod in the cloud. We will discuss all these topics in different chapters of the book.


  You can use JAX as accelerated NumPy by replacing import numpy as np with import jax.numpy as np at the beginning of your program. It is, in some sense, an alternative to switching from NumPy to CuPy (for using GPUs with NVIDIA CUDA or AMD ROCm platforms), Numba (to have both JIT and GPU support), or even PyTorch, if you want hardware acceleration for your linear algebra operations. Not all NumPy functions are implemented in JAX; sometimes, you need more than just replacing an import. We will touch on this topic in chapter 3.


  Hardware acceleration with a GPU or TPU can speed up matrix multiplications and other operations that can benefit from running on this massively parallel hardware. To start using this type of acceleration, you only need to perform computations on multidimensional arrays you have put in the accelerator memory. Chapter 3 will show how to manage data placement.


  Acceleration can also stem from JIT compilation with the XLA compiler that optimizes the computation graph and can fuse a sequence of operations into a single efficient computation or eliminate some redundant computations. It improves performance even on the CPU, without any other hardware acceleration (yet, CPUs are different, and many modern CPUs provide special instructions suitable for deep learning applications).


  Figure 1.1 shows a screenshot with a simple (and pretty useless) function with some amount of computations that we will evaluate with pure NumPy, with JAX using a CPU and GPU (in my case, Tesla-P100) and with JAX-compiled versions of the same function for CPU and GPU backends. I will describe all the relevant things and dive deeper into this topic in chapter 5. The corresponding code can be found in the book’s code repository: https://mng.bz/9dRa.
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    Figure 1.1 A simple (and pretty useless) function with some amount of computations that we will evaluate with pure NumPy, with JAX using a CPU and GPU, and with JAX-compiled versions of the same function for CPU and GPU backends. We will evaluate the time to calculate f(x).

  


  Figure 1.2 compares the different ways of calculating our function. Please ignore the specific things like block_until_ready() or jax.device_put() for now. The former is needed because JAX uses asynchronous dispatch and does not need to wait for the computation to complete. In that case, the measurement would be wrong because it only counts some computations. The latter is needed to stick an array to the specific device. We will talk about this in chapter 3.
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    Figure 1.2 Time measurements for different ways of calculating our function f(x). Line 1 is a pure NumPy implementation; line 2 uses JAX on CPU; line 3 is a JAX JIT-compiled CPU version; line 4 uses JAX on GPU; and line 5 is a JAX JIT-compiled GPU version.

  


  In this particular example, the CPU-compiled JAX version of the function is almost five times faster than the pure NumPy original, yet a noncompiled JAX CPU version is a bit slower. You do not need to compile your function to use GPUs, and we might also ignore all these direct transfers to the GPU device as, by default, all the arrays are created on the first GPU/TPU device if available. The noncompiled JAX function that still uses a GPU is 5.6 times faster than the JAX CPU–compiled one. And the GPU-compiled version of the same function is another 2.9 times faster than the noncompiled one. Compared to the original NumPy function, the total speedup is close to 77 times—decent speed improvements without changing the function code so much!


  Another tool that might help in acceleration is auto-vectorization, which converts a single-element function to a function that can process a batch of elements. Its main goal is simplifying your developer life and writing efficient vectorized code faster. Still, it can also provide another way to speed up your computations if your hardware resources and program logic allow you to perform computations for many items simultaneously. We will discuss auto-vectorization in chapter 6.


  Finally, you can also parallelize your code across the cluster and perform large-scale computations in a distributed fashion, which is impossible with pure NumPy but can be implemented with something like Dask, DistArray, Legate NumPy, or others. Training large-scale models (like GPT-like LLMs or text-to-image diffusion models) is a very hot topic. The ability to do it efficiently may be a game changer, saving you hours and days of computing time and, as a result, a lot of money. Chapters 7 and 8 are dedicated to different aspects of parallelization.


  And, of course, you can benefit from all the mentioned things simultaneously, which is the case for training large distributed neural networks, doing large physical simulations, performing distributed evolutionary computations, and so on.


  1.1.2 Functional approach


  In JAX, everything is in plain sight and explicit. Thanks to the functional approach, there are no hidden variables or side effects (more on side effects here: https://mng.bz/jXQy). The code is clear; you can change anything you want, and doing something off the road is much easier. As I’ve mentioned, researchers love JAX, and much new research is being done with it. 


  Such an approach requires you to change some habits. In PyTorch and TensorFlow, the code is typically organized in classes. Your neural network is a class with all its parameters being an internal state. Your optimizer is another class with its internal state. If you work with reinforcement learning, your environment is usually another class with its state. Your deep learning program looks like an object-oriented program with class instances and method calls.


  In JAX, code is organized as functions instead. It’s wrong to say JAX does not allow the use of classes; all the high-level libraries provide you with class abstractions similar to traditional deep learning frameworks. The difference is that classes and functions do not use an internal state. You need to pass any internal state as a function parameter, so all the model parameters (sets of weights in the case of neural networks or even seeds for random numbers) are passed into functions directly. The random number generating functions now require you to explicitly provide the random generator state (we will dive into JAX random number generators in chapter 9). Gradients are calculated explicitly by calling a special function (obtained with the grad() transformation of your function of interest, the topic of chapter 4). The optimizer state and calculated gradients are also parameters of an optimizer function, and so on. There is no hidden state; everything is visible. Side effects are also bad because they do not work with JIT. 


  JAX forces you to change habits regarding if statements and for loops because of how it complies. We will discuss this topic in chapter 5.


  The functional approach also brings rich compositionality. JAX provides rich composable function transformations (more on that in section 1.2.2), like automatic differentiation, auto-vectorization, end-to-end compilation with XLA, and parallelization, which are easy to combine. JAX’s rich composability and expressivity lead to its powerful ecosystem.


  1.1.3 JAX ecosystem


  JAX provides a strong foundation for building neural networks, but its real power comes from its constantly growing ecosystem. Together with its ecosystem, JAX provides an exciting alternative to the two current state-of-the-art deep learning frameworks: PyTorch and TensorFlow.


  With JAX, it is easy to compose a solution from different modules. You do not have to use an all-in-one framework like TensorFlow or PyTorch, where everything is included. These are powerful frameworks, but replacing one tightly integrated thing with a different one is sometimes hard. In JAX, you can build a custom solution by combining the blocks you want.


  Long before JAX, the deep learning field resembled the LEGO approach, where you had a set of blocks of different shapes and colors for creating your solutions. Deep learning is a LEGO-style thing on different levels, from the lower levels of activation functions and types of layers to high-level engineering blocks of architecture primitives (like self-attention), optimizers, tokenizers, and so on.


  With JAX, you have even more freedom to combine different blocks that best suit your needs. For example, you can take a high-level neural network library you want and a separate module that implements the optimizers you wish to use. Then you can customize the optimizer to have custom learning rates for different layers, use PyTorch data loaders you love, use a separate reinforcement learning library, add Monte-Carlo Tree Search, and use some other things for meta-learning optimizers from another library.


  Combining a solution using JAX and its ecosystem resembles the Unix way of simple and modular design, as Eric Raymond stated: “Write programs that do one thing and do it well. Write programs to work together. Write programs to handle text streams because that is a universal interface.” (Basics of the Unix Philosophy, Addison-Wesley Professional, 2003) Except for the text streams, this is relevant to JAX philosophy. However, text communication might also become the universal interface between different (large) neural networks someday. Who knows? And here emerges the ecosystem.


  The ecosystem is already huge, and that’s just the beginning. There are excellent modules for


  
    	
      High-level neural network programming, including, among others,


      
        	
          Flax by Google (https://github.com/google/flax)

        


        	
          Equinox, with easy-to-use PyTorch-like syntax (https://github.com/patrick-kidger/equinox)

        


        	
          Keras 3, a brand-new multi-backend (https://github.com/keras-team/keras)

        

      

    


    	
      A module with state-of-the-art optimizers (Optax; https://github.com/deepmind/optax)

    


    	
      Reinforcement learning libraries


      
        	
          RLax by DeepMind (https://github.com/deepmind/rlax)

        


        	
          Coax by Microsoft Research (https://github.com/coax-dev/coax)

        

      

    


    	
      A graph neural network library (Jraph; https://github.com/deepmind/jraph),

    


    	
      A library for molecular dynamics (JAX, M.D.; https://github.com/google/jax-md)

    

  


  Please note, the list does not pretend to be a complete list of all the modules, it’s just to give you a first glimpse of the ecosystem.


  The JAX ecosystem contains hundreds of modules already and evolves quickly. New libraries constantly emerge. I recently noticed


  
    	
      EvoJAX (https://github.com/google/evojax) and evosax (https://github.com/RobertTLange/evosax) for evolutionary computations

    


    	
      FedJAX for federated learning (https://github.com/google/fedjax)

    


    	
      Paxml (https://github.com/google/paxml) and MaxText (https://github.com/google/maxtext) for training LLMs

    


    	
      The Scenic library for computer vision research (https://github.com/google-research/scenic)

    

  


  DeepMind already developed a set of libraries on top of JAX (some already mentioned earlier). New libraries are available for Monte Carlo Tree Search, neural network verification, image processing, and many others. But it is far from the whole picture. I do not intend to mention all of them in the first chapter as that’s not realistic and not the goal; the first chapter is not supposed to be an exhaustive list of everything in the ecosystem. There are many popular libraries, briefly described in chapter 12. However, there is a good chance that some useful new library will emerge or become widely used after this book is printed. If you understand JAX, it’s easy to start using these modules.


  The number of JAX models in the Hugging Face repository grows constantly, as JAX is among the three supported frameworks there. We will touch on this topic in practice in chapter 11.


  So, JAX is gaining momentum, and its ecosystem is constantly growing. It’s an excellent time to jump in!


  1.2 How is JAX different from NumPy?


  Strictly speaking, JAX is a Python mathematics library with a NumPy interface developed by Google (the Google Brain team, to be specific). It is heavily used for machine learning research, but it is not limited to it, and many other things can be solved with JAX. 


  JAX creators describe it as Autograd and XLA brought together for high-performance numerical computing. Do not be afraid if you are unfamiliar with these names; it’s expected, especially if you are just entering the field.


  Autograd (https://github.com/hips/autograd) is the library that efficiently computes derivatives of NumPy code, the predecessor of JAX. By the way, the Autograd library’s main developers are now working on JAX. In a few words, Autograd means you can automatically calculate gradients for your computations, which is the essence of deep learning and many other fields, including numerical optimization, physics simulations, and, more generally, differentiable programming. 


  XLA (Accelerated Linear Algebra) is Google’s domain-specific compiler for linear algebra. It compiles Python functions with linear algebra operations to high-performance code for running on GPU or TPU. Let’s start with the NumPy part.


  1.2.1 JAX as NumPy


  NumPy is a workhorse of Python numerical computing. It is so widely used in the industry and science that NumPy API became the de facto standard for working with multidimensional arrays in Python. JAX provides a NumPy-compatible API but offers many new features absent in NumPy. That’s why some people call JAX “NumPy on steroids.”


  JAX provides a multidimensional array data structure called Array that implements many typical properties and methods of the numpy.ndarray. There is also the jax.numpy package that implements the NumPy API with many well-known functions like abs(), conv(), exp(), and so on. 


  JAX tries to follow the NumPy API as closely as possible, and in many cases, you can switch from numpy to jax.numpy without changing your program. There are still some limitations; not all the NumPy code can be used with JAX. JAX promotes a functional programming paradigm and requires pure functions without side effects. As a result, JAX arrays are immutable, yet NumPy programs frequently use in-place updates, like arr[i] += 10. JAX provides a purely functional alternative API that replaces in-place updates with an indexed update function. For this particular case, it will be arr = arr.at[i].add(10). There are a few other differences, and we will address them in chapter 3.


  So you can use almost all the power of NumPy and write your programs as you are accustomed to when using NumPy. But you have new opportunities here.


  1.2.2 Composable transformations


  JAX is much more than NumPy. It provides a set of composable function transformations for Python + NumPy code. At its core, JAX is an extensible system for transforming numerical functions with four main transformations (but it doesn’t mean no more transformations are to come!):


  
    	
      Taking the gradient of your code or differentiating it. This is the essence of deep learning. JAX uses an approach called automatic differentiation (or autodiff for short). Automatic differentiation helps you focus on your code and not take derivatives by hand; the framework takes care of it. It is typically done by the grad() function, but other advanced options exist. We will give more context on automatic differentiation and dive deeper into the topic in chapter 4.

    


    	
      Compiling your code with jit() or JIT compilation. JIT uses Google’s XLA to compile and produce efficient code for GPUs (typically NVIDIA ones through CUDA, though AMD ROCm platform support is in progress) and TPUs (Google’s Tensor Processing Units). XLA is the backend that powers machine learning frameworks, originally TensorFlow, on various devices, including CPUs, GPUs, and TPUs. We will dedicate the whole of chapter 5 to this topic.

    


    	
      Auto-vectorizing your code with vmap(), which is the vectorizing map. You probably know what a map is if you are familiar with functional programming. If not, do not worry; later, we will describe what it means. vmap() takes care of batch dimensions of your arrays and can easily convert your code from processing a single item of data to processing many items (called a batch) at once. You may also call it auto-batching. By doing this, you vectorize the computation, which typically gives you a significant boost on modern hardware that can efficiently parallelize matrix computations. We will discuss auto-vectorizing in chapter 6.

    


    	
      Parallelizing your code to run on multiple accelerators, say, GPUs or TPUs. It is done with pmap(), which helps write single-program multiple-data (SPMD) programs. pmap() compiles a function with XLA, then replicates it and executes each replica on its XLA device in parallel. This topic will be discussed in chapters 7 and 8. 

    

  


  Each transformation takes in a function and returns a function, so you can take one function and automatically obtain a compiled or vectorized version of the function without writing much code for it. You focus only on what’s important. You can mix different transformations as you like if you use functionally pure functions. We will talk about this later, but in short, a functionally pure function is a function whose behavior is determined only by its input data. It has no internal state, and it should produce no side effects. For those who came from functional programming, it should be a natural thing to do. For others, it’s not hard to adopt this way of writing programs, and I will help you with it.


  If you respect these constraints, you can mix, chain, and nest transformations and create complicated pipelines if needed. JAX makes all those transformations arbitrarily composable.


  For example, you can prepare a function for processing an image with a neural network and then automatically generate a highly optimized, vectorized, and distributed version of the function, which can be automatically differentiated. Hence, you have everything you need for neural network training while writing only the core computation part. Technically, it means that using the original function and vmap(), you obtain another function that processes a batch of images. Then with jit(), you compile it into efficient code to run on GPU or TPU (or many of them in a parallel fashion with pmap()). Finally, you generate a function to calculate gradients with grad() to train our image processing function with gradient descent. In NumPy, you’d have to write a lot of code for it. We will see some exciting examples along the way.


  You do not want to implement these transformations in pure NumPy. You don’t need to calculate derivatives by hand; the powerful framework takes care of that, no matter how complicated your functions are—the same goes for auto-vectorization and parallelization.


  Figure 1.3 (left side) shows NumPy as an engine for working with multidimensional arrays with many useful mathematical functions. JAX (right side) has a familiar NumPy-compatible API with its multidimensional arrays and many functions, so it’s easy for researchers and engineers to adopt JAX. Besides this, NumPy-like API JAX provides a set of powerful function transformations, which saves a lot of time and effort compared with implementing the same things with pure NumPy.
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    Figure 1.3 JAX (right) is much more than NumPy (left). It provides a set of composable function transformations for Python + NumPy code for compilation, vectorization, parallelization, and automatic differentiation.

  


  In some sense, JAX resembles Julia. Julia also has JIT compilation, good automatic differentiation capabilities, machine learning libraries, and rich hardware acceleration with parallel computing support. But with JAX, you can stay within your well-known Python world. Sometimes it matters.


  1.3 How is JAX different from TensorFlow and PyTorch?



  We’ve already discussed how JAX compares to NumPy. Let’s compare JAX with the two modern deep learning frameworks, PyTorch and TensorFlow.


  We mentioned that JAX promotes the functional approach compared to the object-oriented approach common to PyTorch and TensorFlow. It is the first very tangible thing you face when you start programming with JAX. It changes how you structure your code and requires some changing of habits. At the same time, it gives you powerful function transformations, forces you to write clean code, and brings rich compositionality. If you like the functional programming approach or want these automatic function transformations, then JAX may be your choice. High-level neural network libraries on top of JAX, say Flax, still provide you with a set of functionally pure classes that look familiar to anyone with experience in Keras or PyTorch. You will see this in chapter 11.


  
    JAX-like composable function transforms for PyTorch


    JAX composable function transformations heavily influenced PyTorch. In March 2022, with the PyTorch 1.11 release, its developers announced a beta release of the functorch library (https://github.com/pytorch/functorch), providing JAX-like composable function transforms for PyTorch. The reason for doing this is that many use cases were tricky to do in PyTorch at that time—say, computing per-sample gradients, running ensembles of models on a single machine, efficiently batching tasks in the meta-learning inner loops, and efficiently computing Jacobians and Hessians and their batched versions. Now functorch is integrated into PyTorch as torch.func APIs (https://pytorch.org/docs/master/func.html), and the functorch APIs are deprecated as of PyTorch 2.0. The torch.func library is still in beta.

  


  Another tangible thing you soon notice is that JAX is pretty minimalistic. It does not implement everything. TensorFlow and PyTorch are the two most popular and well-developed deep learning frameworks, with almost all possible batteries included. Compared to them, JAX is a very minimalistic framework, and it’s even hard to call it a framework. It’s rather a library.


  For example, JAX does not provide any data loaders just because other libraries (e.g., PyTorch or Tensorflow) do this well. JAX authors do not want to reimplement everything; they want to focus on the core. And that’s precisely the case where you can and should mix JAX and other deep learning frameworks. It is okay to take the data loading stuff from, say, PyTorch and use it. PyTorch has excellent data loaders, so why not use it?


  In JAX, you may miss some things you liked that were included in your current framework, and you will need some time to find an alternative from the JAX ecosystem (or even use it from your current framework, like with data loaders). The good news is if something was missing from your original framework, or you didn’t like it but could not change it, you have the freedom to mix whatever you want in JAX.


  Another noticeable thing is that JAX primitives are pretty low-level, and writing large neural networks in terms of matrix multiplications could be time consuming. Hence, you need a higher-level language to specify such models. It’s similar to wanting something like torch.nn instead of just torch. JAX does not provide such high-level APIs outside the box (as did TensorFlow 1 before the high-level Keras API was added to TensorFlow 2). No such batteries are included, but it is not a problem as there are high-level libraries for the JAX ecosystem. Flax, Equinox, and Keras provide all the required high-level abstractions you might need, and your resulting model definitions may look very similar to the same model definitions in PyTorch or TensorFlow. You don’t need to write your neural networks with the NumPy-like primitives. We will touch on high-level libraries in chapter 11 after we cover all the core JAX.


  Figure 1.4 visualizes the differences between PyTorch/TensorFlow and JAX.
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    Figure 1.4 Compared to PyTorch/TensorFlow, JAX is a minimalistic framework. However, many components included in PyTorch/TensorFlow are available as separate modules from the JAX ecosystem.

  


  Because JAX is an extensible system for composable function transformations, it is easy to build separate modules for everything and mix them in any way you want.


  To conclude this introduction to JAX, if computational performance is crucial for you, if you value functional programming and clean code, if you are involved in deep learning research, or if you are interested in controlling every aspect of your code, JAX is a great option for you! At the same time, JAX is not always the best option for every problem, and in some cases, like embedded deployments or vast legacy codebases that use other frameworks, PyTorch or TensorFlow could be a better option.


  The next chapter provides a more technical introduction to JAX for those who like to see the code. We will examine an example deep learning project that uses JAX for image classification.


  Summary


  
    	
      JAX is a low-level Python library from Google that is heavily used for machine learning research (but can also be used in other fields like physics simulations and numerical optimization).

    


    	
      JAX provides a NumPy-compatible API for its multidimensional arrays and mathematical functions.

    


    	
      JAX has a powerful set of function transformations, including automatic differentiation (autodiff), JIT compilation, auto-vectorization, and parallelization, which are arbitrarily composable.

    


    	
      JAX provides good computational performance thanks to its ability to use modern hardware such as TPU or GPU, JIT compilation with XLA, auto-vectorization, and easy parallelization across the cluster.

    


    	
      JAX uses a functional programming paradigm and requires pure functions without side effects.

    


    	
      JAX has a constantly growing ecosystem of modules, and you have the freedom to combine different blocks that best suit your needs.

    


    	
      Compared to TensorFlow and PyTorch, JAX is a pretty minimalistic framework, but thanks to its constantly growing ecosystem, there are many good libraries to fit your particular needs.

    

  


  2 Your first program in JAX



  This chapter covers


  
    	The high-level structure of a JAX deep learning project


    	Loading a dataset


    	Creating a simple neural network in JAX


    	Using JAX transformations for auto-vectorization, calculating gradients, and just-in-time compilation


    	Saving and loading a model


    	Pure and impure functions

  


  JAX is a library for composable transformations of Python and NumPy programs. Though it is not limited to deep learning research, it is often considered a deep learning framework, sometimes the third after PyTorch and TensorFlow. Therefore, many people start by learning JAX for deep learning applications.


  In this chapter, we’ll do a deep learning Hello World exercise. We will build a simple neural network application demonstrating the JAX approach to building a deep learning model. It’s an image classification model that works on the MNIST handwritten digit dataset—a problem you’ve likely seen or addressed with PyTorch or TensorFlow. This project will introduce you to three of the main JAX transformations: grad() for taking gradients, jit() for compilation, and vmap() for auto-vectorization. With just these three transformations, you can build custom neural network solutions that do not need to be distributed on a cluster (for distributed computations, there is a separate pmap() transformation).


  The chapter provides an overall, big-picture view, highlighting JAX features and essential concepts. I will explain the details of these concepts in later chapters.


  The code for this chapter can be found in the book’s code repository. I use Google Colab notebook with GPU runtime. It is the easiest way to start using JAX. Colab has JAX preinstalled, and JAX can use hardware acceleration. Later in the book, we will also use Google TPU with JAX. So, I’d recommend running this code in the Colab notebooks. Appendix B contains instructions on how to start with Colab.


  You may run the code on a different system, so you might need to install JAX manually. To do so, check appendix A. It contains instructions on how to install JAX.


  Let’s start with defining a toy problem we want to solve.


  2.1 A toy ML problem: Classifying handwritten digits


  The task of image classification is ubiquitous among computer vision tasks: you can classify foods from a photo of a grocery shelf, determine the type of galaxy in astronomy, determine animal species, or recognize a digit from a ZIP code.


  Imagine you have a labeled set of images, each one being assigned a label—say, “cat,” “dog,” or “human”—or a set of images with numbers from 0 to 9 with the corresponding labels. This is usually called the training set. Then you want a program that will take a new image without a label, and you want it to assign one of the predefined, meaningful labels to the photo. You typically test your final model on the test set, which the model did not see during training. Sometimes, there is also a validation set to tune model hyper-parameters during training and choose the best ones.


  In the modern deep learning era, you typically train a neural network to perform this task. You then integrate the trained neural network into a program to feed the network with data and interpret its outputs. For example, this might be a program for butterfly classification. When you take a photo of a butterfly, the photo is processed by a neural network that produces output (technically, output neuron activations for each butterfly class known to the network). Then, the program interprets this data, for example, by choosing the class with the maximum activation and displaying a label with a butterfly name in the interface.


  
    Classification and regression tasks


    Classification is one of the standard machine learning tasks that, together with regression, falls under the umbrella of supervised learning. In both tasks, you have a dataset of examples (a training set) that provides the supervision signal (hence, the name “supervised learning”) of what is correct for each example.


    In classification, the supervision signal is a class label, so you must distinguish between a fixed number of classes. It could be classifying a dog breed by a photo or a tweet sentiment by its text or marking a specific card transaction as a fraud by its characteristics and previous history.


    A special case of a multiclass classification called binary classification is when you need to distinguish an object between only two classes. Classes can be mutually exclusive (say, animal species) or not (say, assigning predefined tags to a photo). The former case is called a multiclass classification and the latter, a multilabel classification.


    In regression, a supervision signal is usually a continuous number; you need to predict this number for new cases. It could be a prediction of room temperature at some point by other measurements and factors, a house price based on its characteristics and location, or the amount of food on your plate based on its photo.

  


  We will take a well-known MNIST dataset (https://www.tensorflow.org/datasets/catalog/mnist) of handwritten digits. Figure 2.2 shows some example images from the dataset.


  Now, we introduce a mental model of the process and then explore its steps in more detail. The chapters of the book explain the steps even further; I will point to specific chapters along the way.


  2.2 An overview of a JAX deep learning project


  A typical JAX deep learning project consists of the following steps:


  
    	
      Choose a dataset for your particular task. In our example, we use the MNIST dataset.

    


    	
      Create a data loader to read your dataset and transform it into a sequence of batches. We will use the data loader from TensorFlow Datasets.

    


    	
      Define a model that works with a single data point. JAX needs pure functions (more on this later in the chapter) without state and side effects, so you separate model parameters from the function that applies the neural network to data. A neural network model is defined as (a) a set of model parameters and (b) a function performing computations given the parameters and input data. You can also use high-level neural network libraries on top of JAX to define your models.

    


    	
      Define a model that works with a batch of data. In JAX, this is typically done by auto-vectorizing the model function from step 3.

    


    	
      Define a loss function that takes in model parameters and a batch of data. It calculates the loss value, which is usually some error we want to minimize. We will use the categorical cross-entropy loss, which is frequently used for multiclass classification.

    


    	
      Obtain gradients of the loss function with respect to the model parameters. The gradient function is evaluated on the model parameters and the input data and produces gradients for each model parameter. We will use JAX’s grad() transformation for this.

    


    	
      Implement a gradient update step. The gradients are used to update the model parameters with some gradient descent procedure. You can update model parameters directly (as we’ll do) or use a special optimizer from a separate library (say, Optax; we will use it later in chapter 11).

    


    	
      Implement the complete training loop.

    


    	
      The model is compiled to the target hardware platform using JIT compilation. This step may significantly speed up your computations.

    


    	
      You may also distribute model training across a cluster of computers.

    


    	
      After running the training loop for several epochs, you get a trained model (an updated set of the parameters) that can be used for predictions or any other task you designed the model for.

    


    	
      Save your trained model.

    


    	
      Use the model. Depending on your case, you can deploy the model using some production infrastructure or just load it and perform calculations without specialized infrastructure:

    

  


     a.   For saving and restoring model weights, you may use standard Python tools like pickle or safer solutions like safetensors. Higher-level libraries on top of JAX may also provide their own means for loading/saving models.


     b.   For deployment, there are several options available. For example, you can convert your model to TensorFlow or TFLite and use their well-developed ecosystem for model deployment.


  Step 1 of our process is already done. Let’s continue going through this process step by step, starting with loading the dataset and preparing it for the solution we will develop in the chapter. See figure 2.1 for a depiction of these steps.
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    Figure 2.1 High-level structure of a JAX project, with data loading, training, and deployment to production

  


  2.3 Loading and preparing the dataset


  As mentioned in chapter 1, JAX does not include any data loaders, as JAX tends to concentrate on its core strengths. You can easily use TensorFlow or PyTorch data loaders, whichever you prefer or are more familiar with. JAX official documentation contains examples of both of them. We will use TensorFlow Datasets with its data loading API for this particular example. In the JAX documentation, you can find an example of how to use PyTorch data loaders.


  TensorFlow Datasets contain a version of the MNIST dataset, not surprisingly under the name mnist. The total number of images is 70,000. The dataset provides a train/test split with 60,000 images in the train and 10,000 in the test part. Images are grayscale with a size of 28 × 28 pixels.


  Listing 2.1 Loading the dataset

  import tensorflow as tf                               ①
import tensorflow_datasets as tfds                    ①
  
data_dir = '/tmp/tfds'                                ②
  
data, info = tfds.load(name="mnist",                  ③
                       data_dir=data_dir,             ③
                       as_supervised=True,            ③
                       with_info=True)                ③
  
data_train = data['train']                            ④
data_test  = data['test']                             ④


  ① Imports relevant modules from TensorFlow


  ② A temporary directory for downloading the data


  ③ Loads the MNIST dataset using a function from TensorFlow Datasets. The as_supervised=True parameter returns the data as an (image, label) tuple instead of a dict.


  ④ Extracts train and test splits from the data


  After loading the data, we can look at the samples from the dataset with the following code.


  Listing 2.2 Showing samples from the dataset

  import numpy as np
import matplotlib.pyplot as plt                                             ①
plt.rcParams['figure.figsize'] = [10, 5]                                    ①
  
ROWS = 3                                                                    ②
COLS = 10                                                                   ②
  
i = 0
fig, ax = plt.subplots(ROWS, COLS)
for image, label in data_train.take(ROWS*COLS):
    ax[int(i/COLS), i%COLS].axis('off')                                     ③
    ax[int(i/COLS), i%COLS].set_title(str(label.numpy()))                   ③
    ax[int(i/COLS), i%COLS].imshow(np.reshape(image, (28,28)), cmap='gray') ③
    i += 1
   
plt.show()


  ① Imports Matplotlib drawing module and sets the canvas size


  ② Parameters for image layout: we want to present images in a grid of 3 rows and 10 columns.


  ③ Displays each example at the corresponding position inside the grid, turning off the axis coordinates, providing a class label as an image title, and displaying each image with the grayscale palette


  The preceding code generates the image in figure 2.2.


  
    [image: ]


    Figure 2.2 Examples from the MNIST dataset. Each handwritten image has a class label displayed above it.

  


  As the images are the same size, we can work with them similarly and pack multiple images into a batch. The only preprocessing we might want is normalization. It converts the pixel byte values (uint8) from integer values in the range of [0, 255] into the floating type (float32) with the range of [0,1].


  Listing 2.3 Preprocessing the dataset and splitting it into batches

  HEIGHT = 28                                       ①
WIDTH  = 28                                       ①
CHANNELS = 1                                      ①
NUM_PIXELS = HEIGHT * WIDTH * CHANNELS            ①
NUM_LABELS = info.features['label'].num_classes   ①
  
def preprocess(img, label):
  """Resize and preprocess images."""
  return (tf.cast(img, tf.float32)/255.0), label  ②
  
train_data = tfds.as_numpy(
data_train.map(preprocess).batch(32).prefetch(1)) ③
test_data = tfds.as_numpy(
data_test.map(preprocess).batch(32).prefetch(1))  ③


  ① Image and dataset parameters


  ② The function converts an integer value into a float32 floating-point value and divides it by 255, the maximum integer value in the dataset, to obtain values in the [0, 1] range.


  ③ Applies our preprocessing function to the train and test splits of the dataset, generating a stream of batches with 32 images each and prefetching one batch


  We ask the data loader to apply the preprocess function to each example, pack all the images into a set of batches of 32 items, and prefetch a new batch without waiting for the previous batch to finish processing on the GPU.


  Step 2 is done, and it is enough now. We can switch to developing our first neural network with JAX. Along the way, we will highlight the differences between JAX and more traditional frameworks like NumPy, TensorFlow, and PyTorch.


  2.4 A simple neural network in JAX


  Now step 3. Here, we use a feed-forward neural network known as a multilayer perceptron (MLP). It is a very simple (but far from being the best) network chosen for demonstrating important concepts without too much complexity. We will use a more advanced solution in chapter 11.


  Our solution will be a simple two-layer MLP, a typical Hello World example for neural networks. The neural network we will develop is shown in figure 2.3.
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    Figure 2.3 Structure of our neural network. The image of 28 × 28 pixels is flattened into 784 pixels without a 2D structure and passed to the network’s input layer. Then a fully connected hidden layer with 512 neurons follows, and another fully connected output layer with 10 neurons produces target class activations.

  


  The image is flattened into a 1D array of 784 values (because a 28 × 28 image contains 784 pixels), and this array is the input to the neural network. The input layer maps each of the 784 image pixels to a separate input unit. Then a fully connected (or dense) layer with 512 neurons follows. It is called the hidden layer because it is located between the input and output layers. Each of the 512 neurons “looks” at all the input elements simultaneously. Then, another fully connected layer follows. It is called the output layer. It has 10 neurons, the same number as there are classes in the dataset. Each output neuron is responsible for its class. Say neuron #0 produces the probability of the class 0, neuron #1 for the class 1, and so on. Hence, the output layer produces a probability distribution with the probability values predicted by the neurons in the output layer summing to 1.


  Each feed-forward layer implements a simple function y = f(x × w+b), consisting of weights w, that multiplies incoming data x and biases b, which are added to the product. Activation function f() is a nonlinear function applied to the result of multiplication and addition.


  The process of creating a neural network in JAX is different from the same process in PyTorch/TensorFlow in several ways, namely, in using random number generators for model parameter initialization and in how model code and parameters are structured.


  Regarding the first difference, random number generators in JAX require their state to be provided externally to be functionally pure (the PRNGKey in figure 2.4 plays this role). Regarding the second difference, the forward pass function must also be stateless and functionally pure, so model parameters are passed there as some input data. This is not the case in PyTorch and Tensorflow, where model parameters are stored inside some objects together with code. In other aspects, a forward pass function looks pretty much the same.


  I visualized the process of creating a model in figure 2.4.


  
    [image: ]


    Figure 2.4 The process of initializing and applying a neural network in JAX

  


  First, we need to initialize the layer parameters.


  2.4.1 Neural network initialization


  Before training a neural network, we need to initialize all the b and w parameters with random numbers.


  Listing 2.4 Initializing the neural network

  from jax import random
  
LAYER_SIZES = [28*28, 512, 10]                       ①
PARAM_SCALE = 0.01                                   ②
  
def init_network_params(sizes, key=random.PRNGKey(0), scale=1e-2):
  """Initialize all layers for a fully-connected 
neural network with given sizes"""
  
  def random_layer_params(m, n, key, scale=1e-2):
    """A helper function to randomly initialize
 weights and biases of a dense layer""" 
    w_key, b_key = random.split(key)                 ③
    return scale * random.normal(w_key, (n, m)), 
➥scale * random.normal(b_key, (n,))                 ④
  
  keys = random.split(key, len(sizes))
  return [random_layer_params(m, n, k, scale) 
➥for m, n, k in zip(sizes[:-1], sizes[1:], keys)]   ⑤
  
params = init_network_params(
LAYER_SIZES, random.PRNGKey(0), scale=PARAM_SCALE)


  ① The list with layer sizes


  ② Parameter for scaling random values


  ③ Generates random keys (more on this in chapter 7)


  ④ Generates random values for the layer parameters w and b


  ⑤ Running generation for all the layers


  Working with random numbers in JAX differs from NumPy because JAX requires pure functions, and the NumPy random number generators (RNG) are not pure because they use a hidden internal state. TensorFlow and PyTorch RNGs usually also use an internal state. JAX implements random number generators that are purely functional, and I will talk about them in depth in chapter 9. For now, it’s enough to understand that you must provide each call of a randomized function with an RNG state, which is called a key here, and you should use every key only once, so each time you need a new key, you split an old key into the required number of new ones. Step 3a is done.


  2.4.2 Neural network forward pass


  Then, you need a function that performs all the neural network computations, the forward pass. This is almost the same function as forward(self, x) in PyTorch or call(self, x) in Tensorflow/Keras, except how you pass model parameters there. In JAX, it looks like predict(params, x). The function name doesn’t matter; you may call it forward(), call(), or anything else. What matters is that it’s not a class function but a function with model parameters passed as a function parameter (sorry for the tautology). So, you have params instead of self.


  For the forward pass, we already have initial values for the b and w parameters. The only missing part is the activation function. We will use the popular Swish activation function from the jax.nn library.


  
    Activation functions


    Activation functions are essential components in the deep learning world. Activation functions provide nonlinearity in neural network computations. Without nonlinearity, a multilayer feed-forward network will be equivalent to a single layer. Because of simple mathematics, a linear combination of linear combinations of inputs is still a linear combination of inputs, which is what a single neuron does. We know that single-neuron capabilities for solving complex classification problems are limited to linearly separable tasks (you have probably heard of the well-known XOR problem that is impossible to solve with a linear classifier). So, activation functions ensure neural network expressivity and prevent collapse to a simpler model.


    Many different activation functions have been discovered. The field started with simple and easy-to-understand functions like the sigmoid or the hyperbolic tangent. They are smooth and have properties mathematicians love, such as being differentiable at each point. 
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    Then a new kind of function emerged, a rectified linear unit (ReLU). ReLU was not smooth, and its derivative at the point x = 0 does not exist. Yet, practitioners found that neural networks learn faster with ReLU. 


    [image: ]


    Then many other activation functions were found—some experimentally and others by rational design. Among the popular designed functions are Gaussian error linear units (GELUs, https://arxiv.org/abs/1606.08415) and scaled exponential linear units (SELUs, https://arxiv.org/abs/1706.02515). 
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    Among the latest trends in deep learning is automatic discovery. It is typically called the Neural Architecture Search (NAS). The idea of the approach is to design a rich yet manageable search space that describes components of interest. It could be activation functions, layer types, optimizer update equations, etc. Then, we run an automatic procedure to search through this space intelligently. Different approaches may also use reinforcement learning, evolutionary computations, or even gradient descent. The Swish (https://arxiv.org/abs/1710.05941) function was found this way.


    [image: ]


    NAS is an exciting story, and I believe that JAX’s rich expressivity can significantly contribute to this field. Maybe some of our readers will make an exciting advancement in deep learning!
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import jax
import numpy as np
import jax.numpy as jnp

# a function with some amount of calculations
def (x):

V1= X+ XX + 3

¥2 = XX+ x.T

return y1ty2

# generate some random data

X = np.random.randn(3600, 3600).astype('float32')

jax_x_gpu = jax.device_put(jnp.array(x), jax.devices('gpu’)[e])
cpu = jax.device_put(jnp.array(x), jax.devices('cpu')[e])

# compile function to CPU and GPU backends with JAX
Jax_f_cpu = jax.jit(f, backend='cpu')
jax_f_gpu = jax.jit(f, backend='gpu')

# warm-up
Jax_f_cpu(Jax_x_cpu)
Jax_f_gpu(jax_x_gpu);
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%timeit -n10@ f(x)

100 loops, best of 5: 49.8 ms per loop

%timeit -n100 f(jax_x_cpu).block_until_ready()

100 loops, best of 5: 59.5 ms per loop

%tineit -n16@ jax_f_cpu(jax_x_cpu).block_until_ready()

100 loops, best of 5: 10.5 ms per loop

%tineit -n100 f(jax_x_gpu).block_until_ready()

100 loops, best of 5: 1.87 ms per loop

%timeit -n100 jax_f_gpu(jax_x_gpu).block_until_ready()

100 loops, best of 5: 649 pis per loop
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