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foreword


  From the authors


  Bob Robey, Los Alamos, New Mexico


  It's a dangerous business, Frodo, going out your door. You step onto the road, and if you don't keep your feet, there's no knowing where you might be swept off to.


  —Bilbo Baggins


  I could not have foreseen where this journey into parallel computing would take us. “Us” because the journey has been shared by numerous colleagues over the years. My journey into parallel computing began in the early 1990s, while I was at the University of New Mexico. I had written some compressible fluid dynamics codes to model shock tube experiments and was running these on every system I could get my hands on. As a result, I along with Brian Smith, John Sobolewski, and Frank Gilfeather, was asked to submit a proposal for a high performance computing center. We won the grant and established the Maui High Performance Computing Center in 1993. My part in the project was to offer courses and lead 20 graduate students in developing parallel computing at the University of New Mexico in Albuquerque.


  The 1990s were a formative time for parallel computing. I remember a talk by Al Geist, one of the original developers of Parallel Virtual Machine (PVM) and a member of the MPI standards committee. He talked about the soon-to-be released MPI standard (June, 1994). He said it would never go anywhere because it was too complex. Al was right about the complexity, but despite that, it took off, and within months it was used by nearly every parallel application. One of the reasons for the success of MPI is that there were implementations ready to go. Argonne had been developing Chameleon, a portability tool that would translate between the message-passing languages at that time, including P4, PVM, MPL, and many others. The project was quickly changed to MPICH, which became the first high-quality MPI implementation. For over a decade, MPI became synonymous with parallel computing. Nearly every parallel application was built on top of MPI libraries.


  Now let’s fast forward to 2010 and the emergence of GPUs. I came across a Dr. Dobb’s article on using a Kahan sum to compensate for the only single-precision arithmetic available on the GPU. I thought that maybe the approach could help resolve a long-standing issue in parallel computing, where the global sum of an array changes depending on the number of processors. To test this out, I thought of a fluid dynamics code that my son Jon wrote in high school. He tested the mass and energy conservation in the problem over time and would stop running and exit the program if it changed more than a specified amount. While he was home over Spring break from his freshman year at University of Washington, we tried out the method and were pleasantly surprised by how much the mass conservation improved. For production codes, the impact of this simple technique would prove to be important. We cover the enhanced precision sum algorithm for parallel global sums in section 5.7 in this book.


  In 2011, I organized a summer project with three students, Neal Davis, David Nicholaeff, and Dennis Trujillo, to see if we could get more complex codes like adaptive mesh refinement (AMR) and unstructured arbitrary Lagrangian-Eulerian (ALE) applications to run on a GPU. The result was CLAMR, an AMR mini-app that ran entirely on a GPU. Much of the application was easy to port. The most difficult part was determining the neighbor for each cell. The original CPU code used a k-d tree algorithm, but tree-based algorithms are difficult to port to GPUs. Two weeks into the summer project, the Las Conchas Fire erupted in the hills above Los Alamos and the town was evacuated. We left for Santa Fe, and the students scattered. During the evacuation, I met with David Nicholaeff in downtown Santa Fe to discuss the GPU port. He suggested that we try using a hash algorithm to replace the tree-based code for the neighbor finding. At the time, I was watching the fire burning above the town and wondering if it had reached my house. In spite of that, I agreed to try it, and the hashing algorithm resulted in getting the entire code running on the GPU. The hashing technique was generalized by David, my daughter Rachel while she was in high school, and myself. These hash algorithms form the basis for many of the algorithms presented in chapter 5.


  In following years, the compact hashing techniques were developed by Rebecka Tumblin, Peter Ahrens, and Sara Hartse. The more difficult problem of compact hashing for remapping operations on the CPU and GPU was tackled by Gerald Collom and Colin Redman when they were just out of high school. With these breakthroughs in parallel algorithms for the GPU, the barriers to getting many scientific applications running on the GPU were toppling.


  In 2016, I started the Los Alamos National Laboratory (LANL) Parallel Computing Summer Research Internship (PCSRI) program along with my co-founders, Hai Ah Nam and Gabe Rockefeller. The goal of the parallel computing program was to address the growing complexity of high-performance computing systems. The program is a 10-week summer internship with lectures on various parallel computing topics, followed by a research project mentored by staff from Los Alamos National Laboratory. We have had anywhere from 12 to 18 students participating in the summer program, and many have used it as a springboard for their careers. Through this program, we continue to tackle some of the newest challenges facing parallel and high performance computing.


  
Yulie Zamora, University of Chicago, Illinois


  If there’s a book that you want to read, but it hasn’t been written yet, then you must write it.


  —Toni Morrison


  My introduction to parallel computing began with, “Before you start, go into the room at the end of the 4th floor and install those Knights Corner processors in our cluster.” This request from a professor at Cornell University encouraged me to try something new. What I thought would be a simple endeavor turned into a tumultuous journey into high performance computing. I started with learning the basics of how a small cluster worked through physically lifting 40-lb servers to working with the BIOS and running my first application, and then optimizing these applications across the nodes I installed.


  After a short family break, daunting as it was, I applied for a research internship. Being accepted into the first Parallel Computing Summer Research Internship program in New Mexico gave me the opportunity to explore the intricacies of parallel computing on today’s hardware and that is where I met Bob. I became enthralled with the gains in performance that were possible with just some knowledge of how to properly write parallel code. I personally explored how to write more effective OpenMP code. My excitement and progress in optimization of applications opened the door to other opportunities, such as attending conferences and presenting my work at the Intel User’s Group meeting and at the Intel booth at Supercomputing. I was also invited to attend and present at the 2017 Salishan Conference. That was a great opportunity to exchange ideas with some of the leading visionaries of high performance computing.


  Another great experience was applying for and participating in a GPU hackathon. At the hackathon, we ported a code over to OpenACC and, within a week, the code achieved a speedup by a factor of 60. Think of this—a calculation that previously took a month could now be done overnight. Fully diving into the potential of long-term research, I applied to graduate schools and chose University of Chicago, acknowledging its close relationship with Argonne National Laboratory. At the University of Chicago, I was advised by Ian Foster and Henry Hoffmann.


  From my experiences, I realized how valuable personal interactions are to learning how to write parallel code. I also was frustrated by the lack of a textbook or reference that discusses the current hardware. To fill this gap, we have written this book to make it much easier for those new to parallel and high performance computing. Taking on the challenge of creating and teaching an introduction to computer science for incoming University of Chicago students helped me gain an understanding of those new to the field. On the other hand, explaining the parallel programming techniques as a teaching assistant in the Advanced Distributed Systems course allowed me to work with students with a higher level of understanding. Both these experiences helped me to attain the ability to explain complex topics at different levels.


  I believe that everyone should have the opportunity to learn this important material on writing performant code and that it should be easily accessible to everyone. I was lucky enough to have mentors and advisors that steered me to the right website links or hand me their old manuscripts to read and learn. Though some of the techniques can be difficult, the greater problem is the lack of a coherent documentation or access to leading scientists in the field as mentors. I understand not everyone has the same resources and, therefore, I hope that creating this book fills a void that currently exists.


  
How we came to write this book


  Beginning in 2016, a team of LANL scientists led by Bob Robey developed lecture materials for the Los Alamos National Laboratory (LANL) Parallel Computing Summer Research Internships (PCSRI). Much of this material addressed the latest hardware that is quickly coming to market. Parallel computing is changing at a rapid rate and there is little documentation to accompany it. A book covering the materials was clearly needed. It was at this point that Manning Publications contacted Bob about writing a book on parallel computing. We had a rough draft of the materials, so how hard could this be? Thus began a two-year effort to put it all into a high quality format.


  The topics and chapter outline were well-defined at an early stage, based on the lectures for our summer program. Many of the ideas and techniques are drawn from the greater high performance computing community as we strive towards an exascale level of computing—a thousand-fold improvement in computational performance over the previous Petascale milestone. This community includes the Department of Energy (DOE) Centers of Excellence, the Exascale Computing Project, and a series of Performance, Portability, and Productivity workshops. The breadth and depth of the materials in our computing lectures reflect the deep challenges of the complex heterogeneous computing architectures.


  We call the material in this book “an introduction with depth.” It starts at the basics of parallel and high-performance computing, but without gaining knowledge of the computing architecture, it is not possible to achieve optimal performance. We try to give an insight into a deeper level of understanding as we go along because it is not enough to just travel along the trail without any idea of where you are or where you are going. We provide the tools to develop a map and to show how far the distance is to the goal that we are striving towards.


  At the outset of this book, Joe Schoonover was tapped to write the GPU materials and Yulie Zamora the OpenMP chapter. Joe provided the design and layout of the GPU sections, but had to quickly drop out. Yulie has written papers and given many presentations on how OpenMP fit into this brave new world of exascale computing, so this material was especially well-suited for the OpenMP chapter of the book. Yulie’s deep understanding of the challenges of exascale computing and her ability to break it down for newcomers to the field has been a critical contribution to the creation of this book.
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about this book


  One of the most important tasks for an explorer is to draw a map for those who follow. This is especially true for those of us pushing the boundaries of science and technology. Our goal in this book is to provide a roadmap for those just starting to learn about parallel and high performance computing and for those who want to broaden their knowledge of the field. High performance computing is a rapidly changing field, where languages and technologies are constantly in flux. For this reason, we’ll focus on the fundamentals that stay steady over time. For the computer languages for CPUs and GPUs, we stress the common patterns across the many languages, so that you can quickly select the most appropriate language for your current task.


  
Who should read this book


  This book is targeted at both upper division undergraduate parallel computing classes and as state-of-the-art literature for computing professionals. If you are interested in performance, whether it be run time, scale, or power, this book will give you the tools to improve your application and outperform your competition. With processors reaching the limits of scale, heat, and power, we cannot count on the next generation computer to speed up our applications. Increasingly, highly skilled and knowledgeable programmers are critical for getting maximum performance from today’s applications.


  In this book, we hope to get across key ideas true for today’s high performance computing hardware. These are the basic truths of programming for performance. These themes underlie the entire book.


  In high performance computing, it is not how fast you write the code, it is how fast the code you write runs.


  This one thought sums up what it means to write applications for high performance computing. For most other applications, the focus is on how fast you can write an application. Today, computer languages are typically designed to promote quicker programming rather than better performing code. Although this programming approach has long infused high performing computing applications, it has not been widely documented or described. In chapter 4, we discuss this different focus in a programming methodology that has recently been coined as data-oriented design.


  It is all about memory: how much you use and how often you load it.


  Even when you know that available memory and memory operations are almost always the limiting factor in performance, we still tend to spend a lot of time thinking about floating-point operations. With most current computing hardware capable of 50 floating-point operations for every memory load, floating-point operations are a secondary concern. In almost every chapter, we use our implementation of the STREAM benchmark, a memory performance test, to verify that we are getting reasonable performance from the hardware and programming language.


  If you load one value, you get eight or sixteen.


  It’s like buying eggs. You can’t get just one. Memory loads are done by cache lines of 512 bits. For a double-precision value of 8 bytes, eight values will be loaded whether you want them or not. Plan your program to use more than one value, and preferably eight contiguous values, for best performance. And while you are at it, use the rest of the eggs.


  If there are any flaws in your code, parallelization will expose them.


  Code quality requires more attention in high performance computing than a comparable serial application. This applies to before beginning parallelization, during parallelization, and after parallelization. With parallelization, you are more likely to trigger a flaw in your program and will also find debugging more challenging, especially at large scale. We introduce the techniques for improving software quality in chapter 2, then throughout the chapters we mention important tools, and finally, in chapter 17, we list other tools that can prove valuable.


  These key themes transcend hardware types applying equally to all CPUs and GPUs. These exist because of the current physical constraints imposed on the hardware.


  




  

  
How this book is organized: A roadmap


  This book does not expect that you have any knowledge of parallel programming. It does expect that readers are proficient programmers, preferably in a compiled, high performance computing language such as C, C++, or Fortran. It is also expected that readers have some knowledge of computing terminology, operating system basics, and networking. Readers should also be able to find their way around their computer, including installing software and light system administration tasks.


  The knowledge of computing hardware is perhaps the most important requirement for readers. We recommend opening up your computer, looking at each component, and getting an understanding of its physical characteristics. If you cannot open up your computer, see the photos of a typical desktop system at the end of appendix C. For example, look at the bottom of the CPU in figure C.2 and at the forest of pins going into the chip. Can you fit any more pins there? Now you can see why there is a physical limit to how much data can be transferred to the CPU from other parts of the system. Flip back to these photos and the glossary in appendix A when you need to have a better understanding of the computing hardware or computing terminology.


  We have divided this book into four parts that comprise the world of high performance computing. These are


  
    	
      Part 1: Introduction to parallel computing (chapters 1-5)

    


    	
      Part 2: Central processing unit (CPU) technologies (chapters 6-8)

    


    	
      Part 3: Graphics processing unit (GPU) technologies (chapters 9-13

    


    	
      Part 4: High performance computing (HPC) ecosystems (chapters 14-17)

    

  


  The order of topics is oriented towards someone tackling a high performance computing project. For example, for an application project, the software engineering topics in chapter 2 are necessary before starting a project. Once the software engineering is in place, the next decisions are the data structures and algorithms. Then come the implementations for the CPU and GPU. Finally, the application is adapted for the parallel file system and other unique characteristics of a high performance computing system.


  On the other hand, some of our readers are more interested in gaining fundamental skills in parallel programming and might want to go directly into the MPI or OpenMP chapters. But don’t stop there. Today, there is so much more to parallel computing. From GPUs that can speed up your application another order of magnitude to tools that can improve your code quality or point out sections of code to optimize—the potential gains are only limited by your time and expertise.


  If you are using this book for a class on parallel computing, the scope of the material is sufficient for at least two semesters. You might think of the book as a buffet of materials that can be individualized to the audience. By selecting the topics to cover, you can customize it for your own course objectives. Here is a possible sequence of material:


  
    	
      Chapter 1 provides an introduction to parallel computing

    


    	
      Chapter 3 approaches measuring hardware and application performance

    


    	
      Sections 4.1-4.2 describe the data-oriented design concept of programming, multi-dimensional arrays, and cache basics

    


    	
      Chapter 7 covers OpenMP (Open Multi-Processing) to get on-node parallelism

    


    	
      Chapter 8 covers MPI (Message Passing Interface) to get distributed parallelism across multiple nodes

    


    	
      Sections 14.1-14.5 introduce affinity and process placement concepts

    


    	
      Chapters 9 and 10 describe GPU hardware and programming models

    


    	
      Sections 11.1-11.2 focus on OpenACC to get applications running on the GPU

    

  


  You can add topics such as algorithms, vectorization, parallel file handling, or more GPU languages to this list. Or you can remove a topic so that you can spend more time on the remaining topics. There still are additional chapters to tempt students to continue to explore the world of parallel computing on their own.


  
About the code


  You cannot learn parallel computing without actually writing code and running it. For this purpose, we provide a large set of examples that accompanies the book. The examples are freely available at https://github.com/EssentialsOfParallelComputing. You can download these examples either as a complete set or individually by chapter.


  With the scope of the examples, hardware, and software, there will inevitably be flaws and errors in the accompanying examples. If you find something that is in error or just not complete, we encourage contributions to the examples. We have already merged in some change requests from readers, which were greatly appreciated. Additionally, the source code repository will be the best place to look for corrections and source code discussions.


  
Software/hardware requirements


  Perhaps the biggest challenge in parallel and high performance computing is the wide range of hardware and software that is involved. In the past, these specialized systems were only available at specific sites. Recently, the hardware and software has become more democratized and widely available even at the desktop or laptop level. This is a substantial shift that can make software for high performance computing much easier to develop. However, the setup of the hardware and software environment is the most difficult part of the task. If you have access to a parallel computing cluster where these are already set up, we encourage you to take advantage of it. Eventually, you may want to set up your own system. The examples are easiest to use on a Linux or Unix system, but should also work on Windows and the MacOS in many cases with some additional effort. We have provided alternatives with Docker container templates and VirtualBox setup scripts when you find that the example doesn’t run on your system.


  The GPU exercises require GPUs from the different vendors, including NVIDIA, AMD Radeon, and Intel. Anyone who has struggled to get GPU graphics drivers installed on their system will not be surprised that these present the greatest difficulty in setting up your local system for the examples. Some of the GPU languages also can work on the CPU, allowing the development of code on a local system for hardware that you do not have. You may also find that debugging on the CPU is easier. But to see the actual performance, you will have to have the actual GPU hardware.


  Other examples requiring special installation include the batch system and the parallel file examples. A batch system requires more than a single laptop or workstation to set it up to look like a real installation. Similarly, the parallel file examples work best with a specialized filesystem like Lustre, though the basic examples will work on a laptop or workstation.


  




  

  
liveBook discussion forum


  Purchase of Parallel and High Performance Computing includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the authors and from other users. To access the forum, go to https://livebook.manning.com/#!/book/parallel-and-high-performance-computing/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 authors can take place. It is not a commitment to any specific amount of participation on the part of the authors, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the authors some challenging questions lest their interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
Other online resources


  Manning Publications also provides an online discussion forum called livebook for each book. Our site is at https://livebook.manning.com/book/parallel-and-high-performance-computing. This is a good place to add comments or expand on the materials in the chapters.


  
About the cover illustration


  The figure on the cover of Parallel and High Performance Computing is captioned “M’de de brosses à Vienne,” or  “Seller of brushes in Vienna.” The illustration is taken from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757-1810), titled Costumes de Différents Pays, published in France in 1797. Each illustration is finely drawn and colored by hand. The rich variety of Grasset de Saint-Sauveur’s collection reminds us vividly of how culturally apart the world’s towns and regions were just 200 years ago. Isolated from each other, people spoke different dialects and languages. In the streets or in the countryside, it was easy to identify where they lived and what their trade or station in life was just by their dress.


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


  At a time when it is hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by Grasset de Saint-Sauveur’s pictures.
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Part 1 Introduction to parallel computing

  


  The first part of this book covers topics of general importance to parallel computing. These topics include


  
    	
      Understanding the resources in a parallel computer

    


    	
      Estimating the performance and speedup of applications

    


    	
      Looking at software engineering needs particular to parallel computing

    


    	
      Considering choices for data structures

    


    	
      Selecting algorithms that perform and parallelize well

    

  


  While these topics should be considered first by a parallel programmer, these will not have the same importance to all readers of this book. For the parallel application developer, all of the chapters in this part address upfront concerns for a successful project. A project needs to select the right hardware, the right type of parallelism, and the right kind of expectations. You should determine the appropriate data structures and algorithms before starting your parallelization efforts; it’s much harder to change these later.


  Even if you are a parallel application developer, you may not need the full depth of material discussed. Those desiring only modest parallelism or serving a particular role on a team of developers might find a cursory understanding of the content sufficient. If you just want to explore parallel computing, we suggest reading chapter 1 and chapter 5, then skimming the others to get the terminology that is used in discussing parallel computing.


  We include chapter 2 for those who may not have a software engineering background or for those who just need a refresher. If you are new to all of the details of CPU hardware, then you may need to read chapter 3 in small increments. An understanding of the current computing hardware and your application is important in extracting performance, but it doesn’t have to come all at once. Be sure to return to chapter 3 when you are ready to purchase your next computing system so you can cut through all the marketing claims to what is really important for your application.


  The discussion of data design and performance modeling in chapter 4 can be challenging because it requires an understanding of hardware details, their performance, and compilers to fully appreciate. Although it’s an important topic due to the impact the cache and compiler optimizations have on performance, it’s not necessary for writing a simple parallel program.


  We encourage you to follow along with the accompanying examples for the book. You should spend some time exploring the many examples that are available in these software repositories at https://github.com/EssentialsOfParallelComputing.


  The examples are organized by chapter and include detailed information for setup on various hardware and operating systems. For helping to deal with portability issues, there are sample container builds for Ubuntu distributions in Docker. There are also instructions for setting up a virtual machine through VirtualBox. If you have a need for setting your own system up, you may want to read the section on Docker and virtual machines in chapter 13. But containers and virtual machines come with restricted environments that are not easy to work around.


  Our work is ongoing for the container builds and other system environment setups to work properly for the many possible system configurations. Getting the system software installed correctly, especially the GPU driver and associated software, is the most challenging part of the journey. The wide variety of operating systems, hardware including graphics processing units (GPUs), and the often overlooked quality of installation software makes this a difficult task. One alternative is to use a cluster where the software is already installed. Still, it is helpful at some point to get some software installed on your laptop or desktop for a more convenient development resource. Now it is time to turn the page and enter the world of parallel computing. It is a world of nearly unlimited performance and potential.


  
    
1 Why parallel computing?

  


  This chapter covers


  
    	
What parallel computing is and why it’s growing in importance


    	
Where parallelism exists in modern hardware


    	
Why the amount of application parallelism is important


    	
Software approaches to exploit parallelism

  


  In today’s world, you’ll find many challenges requiring extensive and efficient use of computing resources. Most of the applications requiring performance traditionally are in the scientific domain. But artificial intelligence (AI) and machine learning applications are projected to become the predominant users of large-scale computing. Some examples of these applications include


  
    	
      Modeling megafires to assist fire crews and to help the public

    


    	
      Modeling tsunamis and storm surges from hurricanes (see chapter 13 for a simple tsunami model)

    


    	
      Voice recognition for computer interfaces

    


    	
      Modeling virus spread and vaccine development

    


    	
      Modeling climatic conditions over decades and centuries

    


    	
      Image recognition for driverless car technology

    


    	
      Equipping emergency crews with running simulations of hazards such as flooding

    


    	
      Reducing power consumption for mobile devices

    

  


  With the techniques covered in this book, you will be able to handle larger problems and datasets, while also running simulations ten, a hundred, or even a thousand times faster. Typical applications leave much of the compute capability of today’s computers untapped. Parallel computing is the key to unlocking the potential of your computer resources. So what is parallel computing and how can you use it to supercharge your applications?


  Parallel computing is the execution of many operations at a single instance in time. Fully exploiting parallel computing does not happen automatically. It requires some effort from the programmer. First, you must identify and expose the potential for parallelism in an application. Potential parallelism, or concurrency, means that you certify that it is safe to conduct operations in any order as the system resources become available. And, with parallel computing, there is an additional requirement: these operations must occur at the same time. For this to happen, you must also properly leverage the resources to execute these operations simultaneously.


  Parallel computing introduces new concerns that are not present in a serial world. We need to change our thought processes to adapt to the additional complexities of parallel execution, but with practice, this becomes second nature. This book begins your discovery in how to access the power of parallel computing.


  Life presents numerous examples of parallel processing, and these instances often become the basis for computing strategies. Figure 1.1 shows a supermarket checkout line, where the goal is to have customers quickly pay for the items they want to purchase. This can be done by employing multiple cashiers to process, or check out, the customers one at a time. In this case, the skilled cashiers can more quickly execute the checkout process so customers leave faster. Another strategy is to employ many self-checkout stations and allow customers to execute the process on their own. This strategy requires fewer human resources from the supermarket and can open more lanes to process customers. Customers may not be able to check themselves out as efficiently as a trained cashier, but perhaps more customers can check out quickly due to increased parallelism resulting in shorter lines.


  We solve computational problems by developing algorithms: a set of steps to achieve a desired result. In the supermarket analogy, the process of checking out is the algorithm. In this case, it includes unloading items from a basket, scanning the items to obtain a price, and paying for the items. This algorithm is sequential (or serial); it must follow this order. If there are hundreds of customers that need to execute this task, the algorithm for checking out many customers contains a parallelism that can be taken advantage of. Theoretically, there is no dependency between any two customers going through the checkout process. By using multiple checkout lines or self-checkout stations, supermarkets expose parallelism, thereby increasing the rate at which customers buy goods and leave the store. Each choice in how we implement this parallelism results in different costs and benefits.
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  Figure 1.1 Everyday parallelism in supermarket checkout queues. The checkout cashiers (with caps) process their queue of customers (with baskets). On the left, one cashier processes four self-checkout lanes simultaneously. On the right, one cashier is required for each checkout lane. Each option impacts the supermarket’s costs and checkout rates.


  


  definition Parallel computing is the practice of identifying and exposing parallelism in algorithms, expressing this in our software, and understanding the costs, benefits, and limitations of the chosen implementation.


  In the end, parallel computing is about performance. This includes more than just speed, but also the size of the problem and energy efficiency. Our goal in this book is to give you an understanding of the breadth of the current parallel computing field and familiarize you with enough of the most commonly used languages, techniques, and tools so that you can tackle a parallel computing project with confidence. Important decisions about how to incorporate parallelism are often made at the outset of a project. A reasoned design is an important step toward success. Avoiding the design step can lead to problems much later. It is equally important to keep expectations realistic and to know both the available resources and the nature of the project.


  Another goal of this chapter is to introduce the terminology used in parallel computing. One way to do that is to point you to the glossary in appendix C for a quick reference on terminology as you read this book. Because this field and the technology has grown incrementally, the use of many of the terms by those in the parallel community is oftentimes sloppy and imprecise. With the increased complexity of the hardware and of parallelism within applications, it’s important that we establish a clear, unambiguous use of terminology from the start.


  Welcome to the world of parallel computing! As you delve deeper, the techniques and approaches become more natural, and you’ll find its power captivating. Problems that you never thought to attempt become commonplace.


  
1.1 Why should you learn about parallel computing?


  The future is parallel. The increase in serial performance has plateaued as processor designs have hit the limits of miniaturization, clock frequency, power, and even heat. Figure 1.2 shows the trends in clock frequency (the rate at which an instruction can be executed), power consumption, the number of computational cores (or cores for short), and hardware performance over time for commodity processors.
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  Figure 1.2 Single thread performance, CPU clock frequency (MHz), CPU power consumption (watts), and the number of CPU cores from 1970 to 2018. The parallel computing era begins about 2005, when the core count in CPU chips begins to rise, while the clock frequency and power consumption plateaus, yet performance steadily increases (Horowitz et al. and Rupp, https://github.com/karlrupp/microprocessor-trend-data).


  In 2005, the number of cores abruptly increased from a single core to multiple cores. At the same time, clock frequency and power consumption flattened out. Theoretical performance steadily increased because performance is proportional to the product of clock frequency and the number of cores. This shift towards increasing the core count rather than the clock speed indicates that achieving the most ideal performance of a central processing unit (CPU) is only available through parallel computing.


  Modern consumer-grade computing hardware comes equipped with multiple central processing units (CPUs) and/or graphics processing units (GPUs) that process multiple instruction sets simultaneously. These smaller systems often rival the computing power of supercomputers of two decades ago. Making full use of compute resources (on laptops, workstations, smart phones, and so forth) requires you, the programmer, to have a working knowledge of the tools available for writing parallel applications. You must also understand the hardware features that boost parallelism.


  Because there are many different parallel hardware features, this presents new complexities to the programmer. One of these features is hyperthreading, introduced by Intel. Having two instruction queues interleaving work to the hardware logic units allows a single physical core to appear as two cores to the operating system (OS). Vector processors are another hardware feature that began appearing in commodity processors in about 2000. These execute multiple instructions at once. The width in bits of the vector processor (also called a vector unit) specifies the number of instructions to execute simultaneously. Thus, a 256 bit-wide vector unit can execute four 64-bit (doubles) or eight 32-bit (single-precision) instructions at one time.


  
    Example


    Let’s take a 16-core CPU with hyperthreading and a 256 bit-wide vector unit, commonly found in home desktops. A serial program using a single core and no vectorization only uses 0.8% of the theoretical processing capability of this processor! The calculation is


    16 cores × 2 hyperthreads × (256 bit-wide vector unit)/(64-bit double) = 128-way parallelism


    where 1 serial path/128 parallel paths = .008 or 0.8%. The following figure shows that this is a small fraction of the total CPU processing power.
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    A serial application only accesses 0.8% of the processing power of a 16-core CPU.


    Calculating theoretical and realistic expectations for serial and parallel performance as shown in this example is an important skill. We’ll discuss this in more depth in chapter 3.

  


  Some improvement in software development tools has helped to add parallelism to our toolkits, and currently, the research community is doing more, but it is still a long way from addressing the performance gap. This puts a lot of the burden on us, the software developers, to get the most from a new generation of processors.


  Unfortunately, software developers have lagged in adapting to this fundamental change in computing power. Further, transitioning current applications to make use of modern parallel architectures can be daunting due to the explosion of new programming languages and application programming interfaces (APIs). But a good working knowledge of your application, an ability to see and expose parallelism, and a solid understanding of the tools available can result in substantial benefits. Exactly what kind of benefits would applications see? Let’s take a closer look.


  
1.1.1 What are the potential benefits of parallel computing?


  Parallel computing can reduce your time to solution, increase the energy efficiency in your application, and enable you to tackle larger problems on currently existing hardware. Today, parallel computing no longer is the sole domain of the largest computing systems. The technology is now present in everyone’s desktop or laptop, and even on handheld devices. This makes it possible for every software developer to create parallel software on their local systems, thereby greatly expanding the opportunity for new applications.


  Cutting edge research from both industry and academia reveals new areas for parallel computing as interest broadens from scientific computing into machine learning, big data, computer graphics, and consumer applications. The emergence of new technologies such as self-driving cars, computer vision, voice recognition, and AI requires large computational capabilities both within the consumer device and in the development sphere, where massive training datasets must be consumed and processed. And in scientific computing, which has long been the exclusive domain of parallel computing, there are also new, exciting possibilities. The proliferation of remote sensors and handheld devices that can feed data into larger, more realistic computations to better inform decision-making around natural and man-made disasters allows for more extensive data.


  It must be remembered that parallel computing itself is not the goal. Rather, the goals are what results from parallel computing: reducing run time, performing larger calculations, or decreasing energy consumption.


  Faster run time with more compute cores


  Reduction of an application’s run time, or the speedup, is often thought to be the primary goal of parallel computing. Indeed, this is usually its biggest impact. Parallel computing can speed up intensive calculations, multimedia processing, and big data operations, whether your applications take days or even weeks to process or the results are needed in real-time now.


  In the past, the programmer would spend greater efforts on serial optimization to squeeze out a few percentage improvements. Now, there is the potential for orders of magnitude of improvement with multiple avenues to choose from. This creates a new problem in exploring the possible parallel paradigms—more opportunities than programming manpower. But, a thorough knowledge of your application and an awareness of parallelism opportunities can lead you down a clearer path towards reducing your application’s run time.


  Larger problem sizes with more compute nodes


  By exposing parallelism in your application, you can scale up your problem’s size to dimensions that were out of reach with a serial application. This is because the amount of compute resources dictates what can be done, and exposing parallelism permits you to operate on larger resources, presenting opportunities that were never considered before. The larger sizes are enabled by greater amounts of main memory, disk storage, bandwidth over networks and to disk, and CPUs. In analogy with the supermarket as mentioned earlier, exposing parallelism is equivalent to employing more cashiers or opening more self-checkout lanes to handle a larger and growing number of customers.


  Energy efficiency by doing more with less


  One of the new impact areas of parallel computing is energy efficiency. With the emergence of parallel resources in handheld devices, parallelism can speed up applications. This allows the device to return to sleep mode sooner and permits the use of slower, but more parallel processors that consume less power. Thus, moving heavy-weight multimedia applications to run on GPUs can have a more dramatic effect on energy efficiency while also resulting in vastly improved performance. The net result of employing parallelism reduces power consumption and extends battery life, which is a strong competitive advantage in this market niche.


  Another area where energy efficiency is important is with remote sensors, network devices, and operational field-deployed devices, such as remote weather stations. Often, without large power supplies, these devices must be able to function in small packages with few resources. Parallelism expands what can be done on these devices and offloads the work from the central computing system in a growing trend that is called edge compute. Moving the computation to the very edge of the network enables processing at the source of the data, condensing it into a smaller result set that can be more easily sent over the network.


  Accurately calculating the energy costs of an application is challenging without direct measurements of power usage. However, you can estimate the cost by multiplying the manufacturer’s thermal design power by the application’s run time and the number of processors used. Thermal design power is the rate at which energy is expended under typical operational loads. The energy consumption for your application can be estimated using the formula


  P = (N Processors) × (R Watts/Processors) × (T hours)


  where P is the energy consumption, N is the number of processors, R is the thermal design power, and T is the application run time.


  
    Example


    Intel’s 16-core Xeon E5-4660 processor has a thermal design power of 120 W. Suppose that your application uses 20 of these processors for 24 hours to run to completion. The estimated energy usage for your application is


    P = (20 Processors) × (120 W/Processors) × (24 hours) = 57.60 kWhrs


    In general, GPUs have a higher thermal design power than modern CPUs, but can potentially reduce run time or require only a few GPUs to obtain the same result. The same formula can be used as before, where N is now seen as the number of GPUs.

  


  
    Example


    Suppose that you’ve ported your application to a multi-GPU platform. You can now run your application on four NVIDIA Tesla V100 GPUs in 24 hrs! NVIDIA’s Tesla V100 GPU has a maximum thermal design power of 300 W. The estimated energy usage for your application is


    P = (4 GPUs) × (300 W/GPUs) × (24 hrs) = 28.80 kWhrs


    In this example, the GPU accelerated application runs at half the energy cost as the CPU-only version. Note that, in this case, even though the time to solution remains the same, the energy expense is cut in half!

  


  Achieving a reduction in energy cost through accelerator devices like GPUs requires that the application has sufficient parallelism that can be exposed. This permits the efficient use of the resources on the device.


  Parallel computing can reduce costs


  Actual monetary cost is becoming a more visible concern for software developer teams, software users, and researchers alike. As the size of applications and systems grows, we need to perform a cost-benefit analysis on the resources available. For example, with the next large High Performance Computing (HPC) systems, the power costs are projected to be three times the cost of the hardware acquisition.


  Usage costs have also promoted cloud computing as an alternative, which is being increasingly adopted across academia, start-ups, and industries. In general, cloud providers bill by the type and quantity of resources used and the amount of time spent using these. Although GPUs are generally more expensive than CPUs per unit time, some applications can leverage GPU accelerators such that there are sufficient reductions in run time relative to the CPU expense to yield lower costs.


  
1.1.2 Parallel computing cautions


  Parallel computing is not a panacea. Many applications are neither large enough or require enough run time to need parallel computing. Some may not even have enough inherent parallelism to exploit. Also, transitioning applications to leverage multi-core and many-core (GPU) hardware requires a dedicated effort that can temporarily shift attention away from direct research or product goals. The investment of time and effort must first be deemed worthwhile. It is always more important that the application runs and generates the desired result before making it fast and scaling it up to larger problems.


  We strongly recommend that you start your parallel computing project with a plan. It’s important to know what options are available for accelerating the application, then select the most appropriate for your project. After that, it is crucial to have a reasonable estimate of the effort involved and the potential payoffs (in terms of dollar cost, energy consumption, time to solution, and other metrics that can be important). In this chapter, we begin to give you the knowledge and skills to make decisions on parallel computing projects up front.


  
1.2 The fundamental laws of parallel computing


  In serial computing, all operations speed up as the clock frequency increases. In contrast, with parallel computing, we need to give some thought and modify our applications to fully exploit parallel hardware. Why is the amount of parallelism important? To understand this, let’s take a look at the parallel computing laws.


  
1.2.1 The limit to parallel computing: Amdahl’s Law


  We need a way to calculate the potential speedup of a calculation based on the amount of the code that is parallel. This can be done using Amdahl’s Law, proposed by Gene Amdahl in 1967. This law describes the speedup of a fixed-size problem as the processors increase. The following equation shows this, where P is the parallel fraction of the code, S is the serial fraction, which means that P + S = 1, and N is the number of processors:
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  Amdahl’s Law highlights that no matter how fast we make the parallel part of the code, we will always be limited by the serial portion. Figure 1.3 visualizes this limitation. This scaling of a fixed-size problem is referred to as strong scaling.
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  Figure 1.3 Speedup for a fixed-size problem according to Amdahl’s Law is shown as a function of the number of processors. Lines show ideal speedup when 100% of an algorithm is parallelized, and for 90%, 75%, and 50%. Amdahl’s Law states that speedup is limited by the fractions of code that remain serial.


  Definition Strong scaling represents the time to solution with respect to the number of processors for a fixed total size.


  
1.2.2 Breaking through the parallel limit: Gustafson-Barsis’s Law


  Gustafson and Barsis pointed out in 1988 that parallel code runs should increase the size of the problem as more processors are added. This can give us an alternate way to calculate the potential speedup of our application. If the size of the problem grows proportionally to the number of processors, the speedup is now expressed as


  SpeedUp(N ) = N - S * (N - 1)


  where N is the number of processors, and S is the serial fraction as before. The result is that a larger problem can be solved in the same time by using more processors. This provides additional opportunities to exploit parallelism. Indeed, growing the size of the problem with the number of processors makes sense because the application user wants to benefit from more than just the power of the additional processor and wants to use the additional memory. The run-time scaling for this scenario, shown in figure 1.4, is called weak scaling.
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  Figure 1.4 Speedup for when the size of a problem grows with the number of available processors according to Gustafson-Barsis’s Law is shown as a function of the number of processors. Lines show ideal speedup when 100% of an algorithm is parallelized, and for 90%, 75%, and 50%.


  Definition Weak scaling represents the time to solution with respect to the number of processors for a fixed-sized problem per processor.


  Figure 1.5 shows the difference between strong and weak scaling in a visual representation. The weak scaling argument that the mesh size should stay constant on each processor makes good use of the resources of the additional processor. The strong scaling perspective is primarily concerned with speedup of the calculation. In practice, both strong scaling and weak scaling are important because these address different user scenarios.
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  Figure 1.5 Strong scaling keeps the same overall size of a problem and splits it across additional processors. In weak scaling, the size of the mesh stays the same for each processor and the total size increases.


  The term scalability is often used to refer to whether more parallelism can be added in either the hardware or the software and whether there is an overall limit to how much improvement can occur. While the traditional focus is on the run-time scaling, we will make the argument that memory scaling is often more important.


  Figure 1.6 shows an application with limited memory scalability. A replicated array (R) is a dataset that is duplicated across all the processors. A distributed array (D) is partitioned and split across the processors. For example, in a game simulation, 100 characters can be distributed across 4 processors with 25 characters on each processor. But the map of the game board might be copied to every processor. In figure 1.6, the replicated array is duplicated across the mesh. Because this figure is for weak scaling, the problem size grows as the number of processors increases. For 4 processors, the array is 4 times as large on each processor. As the number of processors and the size of the problem grows, soon there is not enough memory on a processor for the job to run. Limited run-time scaling means the job runs slowly; limited memory scaling means the job can’t run at all. It is also the case that if the application’s memory can be distributed, the run time usually scales as well. The reverse, however, is not necessarily true.
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  Figure 1.6 Distributed arrays stay the same size as the problem and number of processors doubles (weak scaling). But replicated (copied) arrays need all the data on each processor, and memory grows rapidly with the number of processors. Even if the run time weakly scales (stays constant), the memory requirements limit scalability.


  One view of a computationally intensive job is that every byte of memory gets touched in every cycle of processing, and run time is a function of memory size. Reducing memory size will necessarily reduce run time. The initial focus in parallelism should thus be to reduce the memory size as the number of processors grows.


  
1.3 How does parallel computing work?


  Parallel computing requires combining an understanding of hardware, software, and parallelism to develop an application. It is more than just message passing or threading. Current hardware and software give many different options to bring parallelization to your application. Some of these options can be combined to yield even greater efficiency and speedup.


  It is important to have an understanding of the parallelization in your application and the way different hardware components allow you to expose it. Further, developers need to recognize that between your source code and the hardware, your application must traverse additional layers, including a compiler and an OS (figure 1.7).
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  Figure 1.7 Parallelization is expressed in an application software layer that gets mapped to the computer hardware through the compiler and the OS.


  As a developer, you are responsible for the application software layer, which includes your source code. In the source code, you make choices about the programming language and parallel software interfaces you use to leverage the underlying hardware. Additionally, you decide how to break up your work into parallel units. A compiler is designed to translate your source code into a form the hardware can execute. With these instructions at hand, an OS manages executing these on the computer hardware.


  We will show you with an example how to introduce parallelization to an algorithm through a prototype application. This process takes place in the application software layer but requires an understanding of computer hardware. For now, we’ll refrain from discussing the choice in compiler and OS. We will incrementally add each layer of parallelization so that you can see how this works. With each parallel strategy, we will explain how the available hardware influences the choices that are made. The purpose in doing this is to demonstrate how hardware features influence the parallel strategies. We categorize the parallel approaches a developer can take into


  
    	
      Process-based parallelization

    


    	
      Thread-based parallelization

    


    	
      Vectorization

    


    	
      Stream processing

    

  


  Following the example, we will introduce a model to help you think about modern hardware. This model breaks down modern compute hardware into individual components and the variety of compute devices. A simplified view of memory is included in this chapter. A more detailed look at the memory hierarchy is presented in chapters 3 and 4. Finally, we will discuss in more detail the application and software layers.


  As mentioned, we categorize the parallel approaches a developer can take into process-based parallelization, thread-based parallelization, vectorization, and stream processing. Parallelization based on individual processes with their own memory spaces can be distributed memory on different nodes of a computer or within a node. Stream processing is generally associated with GPUs. The model for modern hardware and application software will help you better understand how to plan to port your application to current parallel hardware.


  
1.3.1 Walking through a sample application


  For this introduction to parallelization, we will look at a data parallel approach. This is one of the most common parallel computing application strategies. We’ll perform the computation on a spatial mesh composed of a regular two-dimensional (2D) grid of rectangular elements or cells. The steps (summarized here and described in detail later) to create the spatial mesh and prepare for the calculation are


  
    	
      Discretize (break up) the problem into smaller cells or elements

    


    	
      Define a computational kernel (operation) to conduct on each element of the mesh

    


    	
      Add the following layers of parallelization on CPUs and GPUs to perform the calculation:


      
        	
          Vectorization—Work on more than one unit of data at a time

        


        	
          Threads—Deploy more than one compute pathway to engage more processing cores

        


        	
          Processes—Separate program instances to spread out the calculation into separate memory spaces

        


        	
          Off-loading the calculation to GPUs—Send the data to the graphics processor to calculate

        

      

    

  


  We start with a 2D problem domain of a region of space. For purposes of illustration, we will use a 2D image of the Krakatau volcano (figure 1.8) as our example. The goal of our calculation could be to model the volcanic plume, the resulting tsunami, or the early detection of a volcanic eruption using machine learning. For all of these options, calculation speed is critical if we want real-time results to inform our decisions.
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  Figure 1.8 An example 2D spatial domain for a numerical simulation. Numerical simulations typically involve stencil operations (see figure 1.11) or large matrix-vector systems. These types of operations are often used in fluids modeling to yield predictions of tsunami arrival times, weather forecasts, smoke plume spreading, and other processes necessary for informed decisions.


  Step 1: Discretize the problem into smaller cells or elements


  For any detailed calculation, we must first break up the domain of the problem into smaller pieces (figure 1.9), a process that is called discretization. In image processing, this is often just the pixels in a bitmap image. For a computational domain, these are called cells or elements. The collection of cells or elements form a computational mesh that covers the spatial region for the simulation. Data values for each cell might be integers, floats, or doubles.
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  Figure 1.9 The domain is discretized into cells. For each cell in the computational domain, properties such as wave height, fluid velocity, or smoke density are solved for according to physical laws. Ultimately, a stencil operation or a matrix-vector system represents this discrete scheme.


  Step 2: Define a computational kernel, or operation, to conduct on each element of the mesh


  The calculations on this discretized data are often some form of a stencil operation, so-called because it involves a pattern of adjacent cells to calculate the new value for each cell. This can be an average (a blur operation, which blurs the image or makes it fuzzier), a gradient (edge-detection, which sharpens the edges in the image), or another more complex operation associated with solving physical systems described by partial differential equations (PDEs). Figure 1.10 shows a stencil operation as a five-point stencil that performs a blur operation by using a weighted average of the stencil values.
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  Figure 1.10 A five-point stencil operator as a cross pattern on the computational mesh. The data marked by the stencil are read in the operation and stored in the center cell. This pattern is repeated for every cell. The blur operator, one of the simpler stencil operators, is a weighted sum of the five points marked with the large dots and updates a value at the central point of the stencil. This type of operation is done for smoothing operations or wave propagation numerical simulations.


  But what are these partial differential equations? Let’s go back to our example and imagine this time it is a color image composed of separate red, green, and blue arrays to make an RGB color model. The term “partial” here means that there is more than one variable and that we are separating out the change of red with space and time from that of green and blue. Then we carry out the blur operator separately on each of these colors.


  There is one more requirement: we need to apply a rate of change with time and space. In other words, the red would spread at one rate and green and blue at others. This could be to produce a special effect on an image, or it can describe how real colors bleed and merge in a photographic image during development. In the scientific world, instead of red, green, and blue, we might have mass and x and y velocity. With the addition of a little more physics, we might have the motion of a wave or an ash plume.


  Step 3: Vectorization to work on more than one unit of data at a time


  We start introducing parallelization by looking at vectorization. What is vectorization? Some processors have the ability to operate on more than one piece of data at a time; a capability referred to as vector operations. The shaded blocks in figure 1.11 illustrate how multiple data values are operated on simultaneously in a vector unit in a processor with one instruction in one clock cycle.


  [image: 01_11]



  Figure 1.11 A special vector operation is conducted on four doubles. This operation can be executed in a single clock cycle with little additional energy costs to the serial operation.


  Step 4: Threads to deploy more than one compute pathway to engage more processing cores


  Because most CPUs today have at least four processing cores, we use threading to operate the cores simultaneously across four rows at a time. Figure 1.12 shows this process.
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  Figure 1.12 Four threads process four rows of vector units simultaneously.


  Step 5: Processes to spread out the calculation to separate memory spaces


  We can further split the work between processors on two desktops, often called nodes in parallel processing. When the work is split across nodes, the memory spaces for each node are distinct and separate. This is indicated by putting a gap between the rows as in figure 1.13.
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  Figure 1.13 This algorithm can be parallelized further by distributing the 4×4 blocks among distinct processes. Each process uses four threads, each handling a four-node-wide vector unit in a single clock cycle. Additional white space in the figure illustrates the process boundaries.


  Even for this fairly modest hardware scenario, there is a potential speedup of 32x. This is shown by the following:


  2 desktops (nodes) × 4 cores × (256 bit-wide vector unit)/(64-bit double) = 32x potential speedup


  If we look at a high-end cluster with 16 nodes, 36 cores per node, and a 512-bit vector processor, the potential theoretical speedup is 4,608 times faster than a serial process:


  16 nodes × 36 cores × (512 bit-wide vector unit)/(64-bit double) = 4,608x potential speedup


  Step 6: Off-loading the calculation to GPUs


  The GPU is another hardware resource for supercharging parallelization. With GPUs, we can harness lots of streaming multiprocessors for work. For example, figure 1.14 shows how the work can be split up separately into 8x8 tiles. Using the hardware specifications for the NVIDIA Volta GPU, these tiles can be operated on by 32 double-precision cores spread out over 84 streaming multiprocessors, giving us a total of 2,688 double-precision cores that work simultaneously. If we have one GPU per node in a 16-node cluster, each with a 2,688 double-precision streaming multiprocessor, this is a 43,008-way parallelization from 16 GPUs.


  [image: 01_14]



  Figure 1.14 On a GPU, the vector length is much larger than on a CPU. Here, 8×8 tiles are distributed across GPU work groups.


  These are impressive numbers, but at this point, we must temper expectations by acknowledging that actual speedup falls far short of this full potential. Our challenge now becomes organizing such extreme and disparate layers of parallelization to obtain as much speedup as possible.


  For this high-level application walk-through, we left out a lot of important details, which we will cover in later chapters. But even this nominal level of detail highlights some of the strategies for exposing parallelization of an algorithm. To be able to develop similar strategies for other problems, an understanding of modern hardware and software is necessary. We now dive deeper into the current hardware and software models. These conceptual models are simplified representations of the diverse real-world hardware to avoid complexity and maintain generality over quickly evolving systems.


  
1.3.2 A hardware model for today’s heterogeneous parallel systems


  To build a basic understanding of how parallel computing works, we’ll explain the components in today’s hardware. To begin, Dynamic Random Access Memory, called DRAM, stores information or data. A computational core, or core for short, performs arithmetic operations (add, subtract, multiply, divide), evaluates logical statements, and loads and stores data from DRAM. When an operation is performed on data, the instructions and data are loaded from memory onto the core, operated on, and stored back into memory. Modern CPUs, often called processors, are outfitted with many cores capable of executing these operations in parallel. It is also becoming common to find systems outfitted with accelerator hardware, like GPUs. GPUs are equipped with thousands of cores and a memory space that is separate from the CPU’s DRAM.


  A combination of a processor (or two), DRAM, and an accelerator compose a compute node, which can be referred to in the context of a single home desktop or a “rack” in a supercomputer. Compute nodes can be connected to each other with one or more networks, sometimes called an interconnect. Conceptually, a node runs a single instance of the OS that manages and controls all of the hardware resources. As hardware is becoming more complex and heterogeneous, we’ll start with simplified models of the system’s components so that each is more obvious.


  Distributed memory architecture: A cross-node parallel method


  One of the first and most scalable approaches to parallel computing is the distributed memory cluster (figure 1.15). Each CPU has its own local memory composed of DRAM and is connected to other CPUs by a communication network. Good scalability of distributed memory clusters arises from its seemingly limitless ability to incorporate more nodes.
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  Figure 1.15 The distributed memory architecture links nodes composed of separate memory spaces. These nodes can be workstations or racks.


  This architecture also provides some memory locality by dividing the total addressable memory into smaller subspaces for each node, which makes accessing memory off-node clearly different than on-node. This forces the programmer to explicitly access different memory regions. The disadvantage of this is that the programmer must manage the partitioning of the memory spaces at the outset of the application.


  Shared memory architecture: An on-node parallel method


  An alternative approach connects the two CPUs directly to the same shared memory (figure 1.16). The strength of this approach is that the processors share the same address space, which simplifies programming. But this introduces potential memory conflicts, resulting in correctness and performance issues. Synchronizing memory access and values between CPUs or the processing cores on a multi-core CPU is complicated and expensive.
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  Figure 1.16 The shared memory architecture provides parallelization within a node.


  The addition of more CPUs and processing cores does not increase the amount of memory available to the application. This and the synchronization costs limit the scalability of the shared memory architecture.


  Vector units: Multiple operations with one instruction


  Why not just increase the clock frequency for the processor to get greater throughput as done in the past? The biggest limitation in increasing CPU clock frequencies is that it requires more power and produces more heat. Whether it is an HPC supercomputing center with limits on installed power lines or your cell phone with limited battery capacity, devices today all have power limitations. This problem is called the power wall.


  Rather than increasing the clock frequency, why not do more than one operation per cycle? This is the idea behind the resurgence of vectorization on many processors. It takes only a little more energy to do multiple operations in a vector unit, compared to a single operation (more formally called a scalar operation). With vectorization, we can process more data in a single clock cycle than with a serial process. There is little change to the power requirements for multiple operations (versus just one), and a reduction in execution time can lead to a decrease in energy consumption for an application. Much like a four-lane freeway that allows four cars to move simultaneously in comparison to a single lane road, the vector operation gives greater processing throughput. Indeed, the four pathways through the vector unit, shown in different shadings in figure 1.17, are commonly called lanes of a vector operation.


  Most CPUs and GPUs have some capability for vectorization or equivalent operations. The amount of data processed in one clock cycle, the vector length, depends on the size of the vector units on the processor. Currently, the most commonly available vector length is 256-bits. If the discretized data are 64-bit doubles, then we can do four floating-point operations simultaneously as a vector operation. As figure 1.17 illustrates, vector hardware units load one block of data at a time, perform a single operation on the data simultaneously, and then store the result.
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  Figure 1.17 Vector processing example with four array elements operated on simultaneously


  Accelerator device: A special-purpose add-on processor


  An accelerator device is a discrete piece of hardware designed for executing specific tasks at a fast rate. The most common accelerator device is the GPU. When used for computation, this device is sometimes referred to as a general-purpose graphics processing unit (GPGPU). The GPU contains many small processing cores, called streaming multiprocessors (SMs). Although simpler than a CPU core, SMs provide a massive amount of processing power. Usually, you’ll find a small integrated GPU on the CPU.


  Most modern computers also have a separate, discrete GPU connected to the CPU by the Peripheral Component Interface (PCI) bus (figure 1.18). This bus introduces a communication cost for data and instructions, but the discrete card is often more powerful than an integrated unit. In high-end systems, for example, NVIDIA uses NVLink and AMD Radeon uses their Infinity Fabric to reduce data communication costs, but this cost still is substantial. We will discuss the interesting GPU architecture more in chapters 9-12.
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  Figure 1.18 GPUs come in two varieties: integrated and discrete. Discrete or dedicated GPUs typically have a large number of streaming multiprocessors and their own DRAM. Accessing data on a discrete GPU requires communication over a PCI bus.


  General heterogeneous parallel architecture model


  Now let’s combine all of these different hardware architectures into one model (figure 1.19). Two nodes, each with two CPUs, share the same DRAM memory. Each CPU is a dual-core processor with an integrated GPU. A discrete GPU on the PCI bus also attaches to one of the CPUs. Though the CPUs share main memory, these are commonly in different Non-Uniform Memory Access (NUMA) regions. This means that accessing the second CPU’s memory is more expensive than getting at it’s own memory.
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  Figure 1.19 A general heterogeneous parallel architecture model consisting of two nodes connected by a network. Each node has a multi-core CPU with an integrated and discrete GPU and some memory (DRAM). Modern compute hardware normally has some arrangement of these components.


  Throughout this hardware discussion, we have presented a simplified model of the memory hierarchy, showing just DRAM or main memory. We’ve shown a cache in the combined model (figure 1.19), but no detail on its composition or how it functions. We reserve our discussion of the complexities of memory management, including multiple levels of cache, for chapter 3. In this section, we simply presented a model for today’s hardware to help you identify the available components so that you can select the parallel strategy best suited for your application and hardware choices.


  
1.3.3 The application/software model for today’s heterogeneous parallel systems


  The software model for parallel computing is necessarily motivated by the underlying hardware but is nonetheless distinct from it. The OS provides the interface between the two. Parallel operations do not spring to life on their own; rather, source code must indicate how to parallelize work by spawning processes or threads; offloading data, work, and instructions to a compute device; or operating on blocks of data at a time. The programmer must first expose the parallelization, determine the best technique to operate in parallel, and then explicitly direct its operation in a safe, correct, and efficient manner. The following methods are the most common techniques for parallelization, then we’ll go through each of these in detail:


  
    	
      Process-based parallelization—Message passing

    


    	
      Thread-based parallelization—Shared data via memory

    


    	
      Vectorization—Multiple operations with one instruction

    


    	
      Stream processing—Through specialized processors

    

  


  Process-based parallelization: Message passing


  The message passing approach was developed for distributed memory architectures, which uses explicit messages to move data between processes. In this model, your application spawns separate processes, called ranks in message passing, with their own memory space and instruction pipeline (figure 1.20). The figure also shows that the processes are handed to the OS for placement on the processors. The application lives in the part of the diagram marked as user space, where the user has permissions to operate. The part beneath is kernel space, which is protected from dangerous operations by the user.
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  Figure 1.20 The message passing library spawns processes. The OS places the processes on the cores of two nodes. The question marks indicate that the OS controls the placement of the processes and can move these during run time as indicated by the dashed arrows. The OS also allocates memory for each process from the node’s main memory.


  Keep in mind that processors—CPUs—have multiple processing cores that are not equivalent to the processes. Processes are an OS concept, and processors are a hardware component. For however many processes the application spawns, these are scheduled by the OS to the processing cores. You can actually run eight processes on your quad-core laptop and these will just swap in and out of the processing cores. For this reason, mechanisms have been developed to tell the OS how to place processes and whether to “bind” the process to a processing core. Controlling binding is discussed in more detail in chapter 14.


  To move data between processes, you’ll need to program explicit messages into the application. These messages can be sent over a network or via shared memory. The many message-passing libraries coalesced into the Message Passing Interface (MPI) standard in 1992. Since then, MPI has taken over this niche and is present in almost all parallel applications that scale beyond a single node. And, yes, you’ll also find many different implementations of MPI libraries as well.


  
    Distributed computing versus parallel computing


    Some parallel applications use a lower-level approach to parallelization, called distributed computing. We define distributed computing as a set of loosely-coupled processes that cooperate via OS-level calls. While distributed computing is a subset of parallel computing, the distinction is important. Examples of distributed computing applications include peer-to-peer networks, the World Wide Web, and internet mail. The Search for Extraterrestial Intelligence (SETI@home) is just one example of many scientific distributed computing applications.


    The location of each process is usually on a separate node and is created through the OS using something like a remote procedure call (RPC) or a network protocol. The processes then exchange information through the passing of messages between the processes by inter-process communication (IPC), of which there are several varieties. Simple parallel applications often use a distributed computing approach, but often through a higher-level language such as Python and specialized parallel modules or libraries.

  


  Thread-based parallelization: Shared data via memory


  The thread-based approach to parallelization spawns separate instruction pointers within the same process (figure 1.21). As a result, you can easily share portions of the process memory between threads. But this comes with correctness and performance pitfalls. The programmer is left to determine which sections of the instruction set and data are independent and can support threading. These considerations are discussed in more detail in chapter 7, where we will look at OpenMP, one of the leading threading systems. OpenMP provides the capability to spawn threads and divide up the work among the threads.
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  Figure 1.21 The application process in a thread-based approach to parallelization spawns threads. The threads are restricted to the node’s domain. The question marks show that the OS decides where to place the threads. Some memory is shared between threads.


  There are many varieties of threading approaches, ranging from heavy to light-weight and managed by either the user space or the OS. While threading systems are limited to scaling within a single node, these are an attractive option for modest speedup. The memory limitations of the single node, however, have larger implications for the application.


  Vectorization: Multiple operations with one instruction


  Vectorizing an application can be far more cost-effective than expanding compute resources at an HPC center, and this method might be absolutely necessary on portable devices like cell phones. When vectorizing, work is done in blocks of 2-16 data items at a time. The more formal term for this operation classification is single instruction, multiple data (SIMD). The term SIMD is used a lot when talking about vectorization. SIMD is just one category of parallel architectures that will be discussed later in section 1.4.


  Invoking vectorization from a user’s application is most often done through source code pragmas or through compiler analysis. Pragmas and directives are hints given to the compiler to guide how to parallelize or vectorize a section of code. Both pragmas and compiler analysis are highly dependent on the compiler capabilities (figure 1.22). Here we are dependent on the compiler, where the previous parallel mechanisms were dependent on the OS. Also, without explicit compiler flags, the generated code is for the least powerful processor and vector length, significantly reducing the effectiveness of the vectorization. There are mechanisms where the compiler can be by-passed, but these require much more programming effort and are not portable.
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  Figure 1.22 Vector instructions in source code returning different performance levels from compilers


  Stream processing through specialized processors


  Stream processing is a dataflow concept, where a stream of data is processed by a simpler special-purpose processor. Long used in embedded computing, the technique was adapted for rendering large sets of geometric objects for computer displays in a specialized processor, the GPU. These GPUs were filled with a broad set of arithmetic operations and multiple SMs to process geometric data in parallel. Scientific programmers soon found ways to adapt stream processing to large sets of simulation data such as cells, expanding the role of the GPU to a GPGPU.


  In figure 1.23, the data and kernel are shown offloaded over the PCI bus to the GPU for computation. GPUs are still limited in functionality in comparison to CPUs, but where the specialized functionality can be used, these provide extraordinary compute capability at a lower power requirement. Other specialized processors also fit this category, though we focus on the GPU for our discussions.
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  Figure 1.23 In the stream processing approach, data and compute kernel are offloaded to the GPU and its streaming multiprocessors. Processed data, or output, transfers back to the CPU for file IO or other work.


  
1.4 Categorizing parallel approaches


  If you read more about parallel computing, you will encounter acronyms such as SIMD (single instruction, multiple data) and MIMD (multiple instruction, multiple data). These terms refer to categories of computer architectures proposed by Michael Flynn in 1966 in what has become known as Flynn’s Taxonomy. These classes help to view potential parallelization in architectures in different ways. The categorization is based on breaking up instructions and data into either serial or multiple operations (figure 1.24). Be aware that though the taxonomy is useful, some architectures and algorithms do not fit neatly within a category. The usefulness comes from recognizing patterns in categories such as SIMD that have potential difficulties with conditionals. This is because each data item might want to be in a different block of code, but the threads have to execute the same instruction.
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  Figure 1.24 Flynn’s Taxonomy categorizes different parallel architectures. A serial architecture is single data, single instruction (SISD). Two categories only have partial parallelization in that either the instructions or data are parallel, but the other is serial.


  In the case where there is more than one instruction sequence, the category is called multiple instruction, single data (MISD). This is not a common architecture; the best example is a redundant computation on the same data. This is used in highly fault-tolerant approaches such as spacecraft controllers. Because spacecraft are in high radiation environments, these often run two copies of each calculation and compare the output of the two.


  Vectorization is a prime example of SIMD in which the same instruction is performed across multiple data. A variant of SIMD is single instruction, multi-thread (SIMT), which is commonly used to describe GPU work groups.


  The final category has parallelization in both instructions and data and is referred to as MIMD. This category describes multi-core parallel architectures that comprise the majority of large parallel systems.


  
1.5 Parallel strategies


  So far in our initial example in section 1.3.1, we looked at data parallelization for cells or pixels. But data parallelization can also be used for particles and other data objects. Data parallelization is the most common approach and often the simplest. Essentially, each process executes the same program but operates on a unique subset of data as illustrated in the upper right of figure 1.25. The data parallel approach has the advantage that it scales well as the problem size and number of processors grow.
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  Figure 1.25 Various task and data parallel strategies, including main-worker, pipeline or bucket-brigade and data parallelism


  Another approach is task parallelism. This includes the main controller with worker threads, pipeline, or bucket-brigade strategies also shown in figure 1.25. The pipeline approach is used in superscalar processors where address and integer calculations are done with a separate logic unit rather than the floating-point processer, allowing these calculations to be done in parallel. The bucket-brigade uses each processor to operate on and transform the data in a sequence of operations. In the main-worker approach, one processor schedules and distributes the tasks for all the workers, and each worker checks for the next work item as it returns the previous completed task. It is also possible to combine different parallel strategies to expose a greater degree of parallelism.


  
1.6 Parallel speedup versus comparative speedups: Two different measures


  We will present a lot of comparative performance numbers and speedups throughout this book. Often the term speedup is used to compare two different run times with little explanation or context to fully understand what it means. Speedup is a general term that is used in many contexts such as quantifying the effects of optimization, for example. To clarify the difference between the two major categories of parallel performance numbers, we’ll define two different terms.


  
    	
      Parallel speedup—We should really call this serial-to-parallel speedup. The speedup is relative to a baseline serial run on a standard platform, usually a single CPU. The parallel speedup can be due to running on a GPU or with OpenMP or MPI on all the cores on the node of a computer system.

    


    	
      Comparative speedup—We should really call this comparative speedup between architectures. This is usually a performance comparison between two parallel implementations or other comparison between reasonably constrained sets of hardware. For example, it may be between a parallel MPI implementation on all the cores of the node of a computer versus the GPU(s) on a node.

    

  


  These two categories of performance comparisons represent two different goals. The first is to understand how much speedup can be obtained through adding a particular type of parallelism. It is not a fair comparison between architectures, however. It is about parallel speedup. For example, comparing a GPU run time to a serial CPU run is not a fair comparison between a multi-core CPU and the GPU. Comparative speedups between architectures are more appropriate when trying to compare a multi-core CPU to the performance of one or more GPUs on a node.


  In recent years, some have normalized the two architectures so that relative performance is compared for similar power or energy requirements rather than an arbitrary node. Still, there are so many different architectures and possible combinations that any performance numbers to justify a conclusion can be obtained. You can pick a fast GPU and a slow CPU or a quad-core CPU versus a 16-core processor. We are therefore suggesting you add the following terms in parenthesis to performance comparisons to help give these more context:


  
    	
      Add (Best 2016) to each term. For example, parallel speedup (Best 2016) and comparative speedup (Best 2016) would indicate that the comparison is between the best hardware released in a particular year (2016 in this example), where you might compare a high-end GPU to a high-end CPU.

    


    	
      Add (Common 2016) or (2016) if the two architectures were released in 2016 but are not the highest-end hardware. This might be relevant to developers and users who have more mainstream parts than that found in the top-end systems.

    


    	
      Add (Mac 2016) if the GPU and the CPU were released in a 2016 Mac laptop or desktop, or something similar for other brands with fixed components over a period of time (2016 in this example). Performance comparisons of this type are valuable to users of a commonly available system.

    


    	
      Add (GPU 2016:CPU 2013) to show that there is a possible mismatch in the hardware release year (2016 versus 2013 in this example) of the components being compared.

    


    	
      No qualifications added to comparison numbers. Who knows what the numbers mean?

    

  


  Because of the explosion in CPU and GPU models, performance numbers will necessarily be more of a comparison between apples and oranges rather than a well-defined metric. But for more formal settings, we should at least indicate the nature of the comparison so that others have a better idea of the meaning of the numbers and to be more fair to the hardware vendors.


  
1.7 What will you learn in this book?


  This book is written with the application code developer in mind and no previous knowledge of parallel computing is assumed. You should simply have a desire to improve the performance and scalability of your application. The application areas include scientific computing, machine learning, and analysis of big data on systems ranging from a desktop to the largest supercomputers.


  To fully benefit from this book, readers should be proficient programmers, preferably with a compiled, HPC language such as C, C++, or Fortran. We also assume a rudimentary knowledge of hardware architectures. In addition, readers should be comfortable with computer technology terms such as bits, bytes, ops, cache, RAM, etc. It is also helpful to have a basic understanding of the functions of an OS and how it manages and interfaces with the hardware components. After reading this book, some of the skills you will gain include


  
    	
      Determining when message passing (MPI) is more appropriate than threading (OpenMP) and vice-versa

    


    	
      Estimating how much speedup is possible with vectorization

    


    	
      Discerning which sections of your application have the most potential for speedup

    


    	
      Deciding when it might be beneficial to leverage a GPU to accelerate your application

    


    	
      Establishing what is the peak potential performance for your application

    


    	
      Estimating the energy cost for your application

    

  


  Even after this first chapter, you should feel comfortable with the different approaches to parallel programming. We suggest that you work through the exercises in each chapter to help you integrate the many concepts that we present. If you are beginning to feel a little overwhelmed by the complexity of the current parallel architectures, you are not alone. It’s challenging to grasp all the possibilities. We’ll break it down, piece-by-piece, in the following chapters to make it easier for you.


  
1.7.1 Additional reading


  A good basic introduction to parallel computing can be found on the Lawrence Livermore National Laboratory website:


  Blaise Barney, “Introduction to Parallel Computing.” https://computing.llnl.gov/ tutorials/parallel_comp/.


  
1.7.2 Exercises


  
    	
      What are some other examples of parallel operations in your daily life? How would you classify your example? What does the parallel design appear to optimize for? Can you compute a parallel speedup for this example?

    


    	
      For your desktop, laptop, or cell phone, what is the theoretical parallel processing power of your system in comparison to its serial processing power? What kinds of parallel hardware are present in it?

    


    	
      Which parallel strategies do you see in the store checkout example in figure 1.1? Are there some present parallel strategies that are not shown? How about in your examples from exercise 1?

    


    	
      You have an image-processing application that needs to process 1,000 images daily, which are 4 mebibytes (MiB, 220 or 1,048,576 bytes) each in size. It takes 10 min in serial to process each image. Your cluster is composed of multi-core nodes with 16 cores and a total of 16 gibibytes (GiB, 230 bytes, or 1024 mebibytes) of main memory storage per node. (Note that we use the proper binary terms, MiB and GiB, rather than MB and GB, which are the metric terms for 106 and 109 bytes, respectively.)


      
        	
          What parallel processing design best handles this workload?

        


        	
          Now customer demand increases by 10x. Does your design handle this? What changes would you have to make?

        

      

    


    	
      An Intel Xeon E5-4660 processor has a thermal design power of 130 W; this is the average power consumption rate when all 16 cores are used. NVIDIA’s Tesla V100 GPU and AMD’s MI25 Radeon GPU have a thermal design power of 300 W. Suppose you port your software to use one of these GPUs. How much faster should your application run on the GPU to be considered more energy efficient than your 16-core CPU application?

    

  


  
Summary


  
    	
      Because this is an era where most of the compute capabilities of hardware are only accessible through parallelism, programmers should be well versed in the techniques used to exploit parallelism.

    


    	
      Applications must have parallel work. The most important job of a parallel programmer is to expose more parallelism.

    


    	
      Improvements to hardware are nearly all-enhancing parallel components. Relying on increasing serial performance will not result in future speedup. The key to increasing application performance will all be in the parallel realm.

    


    	
      A variety of parallel software languages are emerging to help access the hardware capabilities. Programmers should know which are suitable for different situations.

    

  


  
    
2 Planning for parallelization

  


  This chapter covers


  
    	
Planning steps for a parallel project


    	
Version control and team development workflows


    	
Understanding performance capabilities and limitations


    	
Developing a plan to parallelize a routine

  


  Developing a parallel application or making an existing application run in parallel can feel challenging at first. Often, developers new to parallelism are unsure of where to begin and what pitfalls they might encounter. This chapter focuses on a workflow model for developing parallel applications as illustrated in figure 2.1. This model provides the context for where to get started and how to maintain progress in developing your parallel application. Generally, it is best to implement parallelism in small increments so that if problems are encountered, the last few commits can be reversed. This kind of pattern is suited to agile project management techniques.
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  Figure 2.1 Our suggested parallel development workflow begins with preparing the application and then repeating four steps to incrementally parallelize an application. This workflow is particularly suited to an agile project management technique.


  Let’s imagine that you have been assigned a new project to speed up and parallelize an application from the spatial mesh presented in figure 1.9 (the Krakatau volcano example). This could be an image detection algorithm, a scientific simulation of the ash plume, or a model of the resulting tsunami waves, or all three of these. What steps can you take to have a successful parallelism project?


  It is tempting to just jump into the project. But without thought and preparation, you greatly reduce your chance of success. As a start, you will need a project plan for this parallelism effort, so we begin here with a high-level overview of the steps in this workflow. Then we’ll dive deeper into each step as this chapter progresses, with a focus on the characteristics typical for a parallel project.


  
    Rapid development: The parallel workflow


    You first need to prepare your team and your application for rapid development. Because you have an existing serial application that works on the spatial mesh from figure 1.9, there will likely be lots of small changes with frequent tests to ensure that the results do not change. Code preparation includes setting up version control, developing a test suite, and ensuring code quality and portability. Team preparation will be centered around processes for the development procedures. As always, project management will address task management and scope control.


    To set the stage for the development cycle, you will need to determine the capabilities of the computing resources available, the demands of your application, and your performance requirements. System benchmarking helps to determine compute resource limitations, while profiling aids your understanding of the application's demands and its most expensive computational kernels. Computational kernels refer to sections of the application that are both computationally intensive and conceptually self-contained.


    From the kernel profiles, you will plan the tasks for parallelizing routines and implementing the changes. The implementation stage is only complete once the routine is parallelized and the code maintains portability and correctness. With these requirements satisfied, the changes will be committed to a version control system. After committing the incremental changes, the process begins again with an application and kernel profile.

  


  
2.1 Approaching a new project: The preparation


  Figure 2.2 presents the recommended components in the preparation step. These are the items proven to be important specifically for parallelization projects.
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  Figure 2.2 The recommended preparation components address issues that are important for parallel code development.


  At this stage, you will need to set up version control, develop a test suite for your application, and clean up existing code. Version control allows you to track the changes you make to your application over time. It permits you to quickly undo mistakes and track down bugs in your code at a later date. A test suite allows you to verify the correctness of your application with each change that is made to your code. When coupled with version control, this can be a powerful setup for rapidly developing your application.


  With version control and code testing in place, you can now tackle the task of cleaning up your code. Good code is easy to modify and extend, and does not exhibit unpredictable behavior. Good, clean code can be ensured with modularity and checks for memory issues. Modularity means that you implement kernels as independent subroutines or functions with well-defined input and output. Memory issues can include memory leaks, out-of-bounds memory access, and use of uninitialized memory. Starting your parallelism work with predictable and quality code promotes rapid progress and predictable development cycles. It is hard to match your serial code if the original results are due to a programming error.


  Finally, you will want to make sure your code is portable. This means that multiple compilers can compile your code. Having and maintaining compiler portability allows your application to target additional platforms, beyond the one you may currently have in mind. Further, experience shows that developing code to work with multiple compilers helps to find bugs before these are committed to your code’s version history. With the high performance computing landscape changing rapidly, portability allows you to adapt to changes much quicker down the line.


  It is not unusual that the preparation time rivals that spent on the actual parallelism, especially for complex code. Including this preparation in your project scope and time estimates avoids frustrations with your project’s progress. In this chapter, we assume that you are starting from a serial or prototype application. However, you can still benefit from this workflow strategy even if you’ve already started parallelizing your code. Next, we discuss the four components of project preparation.


  
2.1.1 Version control: Creating a safety vault for your parallel code


  It is inevitable with the many changes that occur during parallelism that you will suddenly find the code is broken or returning different results. Being able to recover from this situation by backing up to a working version is critically important.


  Note Check to see what kind of version control is in place for your application before beginning any parallelism work.


  For your image detection project in our scenario, you find that there is already a version control system in place. But the ash plume model never had any version control. As you dig deeper, you find that there are actually four versions of the ash plume code in various developer’s directories. When there is a version control system in operation, you may want to review the processes your team uses for day-to-day operations. Perhaps the team thinks it is a good idea to switch to a “pull request” model, where changes are posted for review by other team members before being committed. Or you and your team may feel that the direct commit of the “push” model is more compatible with the rapid, small commits of parallelism tasks. In the push model, commits are made directly to the repository without review. In our example of the ash plume application without version control, the priority is to get something in place to tame the uncontrolled divergence of code among developers.


  There are many options for version control. If you have no other preferences, we would suggest Git, the most common distributed version control system. A distributed version control system is one that allows multiple repository databases, rather than a single centralized system used in centralized version control. Distributed version control is advantageous for open source projects and where developers work on laptops, in remote locations, or other situations where they are not connected to a network or close to the central repository. In today’s development environment, this is a huge advantage. But it comes with the cost of additional complexity. Centralized version control is still popular and more appropriate for the corporate environment because there is only one place where all the information about the source code exists. Centralized control also provides better security and protection for proprietary software.


  There are many good books, blogs, and other resources on how to use Git; we list a few at the end of the chapter. We also list some other common version control systems in chapter 17. These include free distributed version control systems such as Mercurial and Git, commercial systems such as PerForce and ClearCase, and for centralized version control, CVS and SVN. Regardless of which system you use, you and your team should commit frequently. The following scenario is especially common with parallelism tasks:


  
    	
      I’ll commit after I add the next small change. . . .

    


    	
      Just one more. . . . Then all of a sudden the code is not working.

    


    	
      It’s too late to commit now!

    

  


  This happens to me far too often. So I try to avoid the problem by committing regularly.


  Tip If you do not want lots of small commits in the main repository, you can collapse the commits with some version control systems such as Git, or you can maintain a temporary version control system just for yourself.


  The commit message is where the commit author can communicate what task is being addressed and why certain changes were made, whether for self or for current or future team members. Every team has their own preference for how detailed these messages should be; we recommend using as much detail as possible in your commit messages. This is your opportunity to save yourself from later confusion by being diligent today.


  In general, commit messages include a summary and a body. The summary provides a short statement indicating clearly what new changes the commit covers. Additionally, if you use an issue tracking system, the summary line will reference an issue number from that system. Finally, the body contains most of the “why” and “how” behind the commit.


  
    Examples of commit messages


    
      	
        Bad commit message:

      


      	
        Fixed a bug

      


      	
        Good commit message:

      


      	
        Fixed the race condition in the OpenMP version of the blur operator

      


      	
        Great commit message:

      


      	
        [Issue #21] Fixed the race condition in the OpenMP version of the blur operator.
* The race condition was causing non-reproducible results amongst GCC, Intel, and PGI compilers. To fix this, an OMP BARRIER was introduced to force threads to synchronize just before calculating the weighted stencil sum.
* Confirmed that the code builds and runs with GCC, Intel, and PGI compilers and produces consistent results.

      

    


    The first message doesn’t really help anyone understand what bug was fixed. The second message helps pinpoint the resolution to problems that involve race conditions in the blur operator. The last message references an issue number (#21) in an outside issue tracking system and provides the commit summary on the first line. The commit body, the two bullet points beneath the summary, provides more details about what specifically was needed and why, and indicates to other developers that you took the time to test your version before committing it.

  


  With a plan for version control and at least a rough agreement on your team’s development processes, we are ready to move on to the next step.


  
2.1.2 Test suites: The first step to creating a robust, reliable application


  A test suite is a set of problems that exercise parts of an application to guarantee that related parts of the code still work. Test suites are a necessity for all but the simplest of codes. With each change, you should test to see that the results that you get are the same. This sounds simple, but some code can reach slightly different results with different compilers and numbers of processors.


  
    Example: Krakatau scenario test for validated results


    Your project has an ocean wave simulation application that generates validated results. Validated results are simulation results that are compared to experimental or real-world data. Simulation code that has been validated is valuable. You don’t want to lose that while you parallelize the code.


    In our scenario, you and your team used two different compilers for development and production. The first is the C compiler in the GNU Compiler Collection (GCC), the ubiquitous, freely-available compiler dispersed with all Linux distributions and many other operating systems. The C compiler is colloquially referred to as the GCC compiler. Your application also uses the commercially available Intel C compiler.


    The following figure shows the hypothetical results for the validated test problem that predicts wave height and total mass. The output varies slightly depending on which compiler and the number of processors used in the simulation.
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    Which differences between calculations with various compilers and numbers of processors are acceptable?


    In this example, there are variations in the two metrics reported from the program. Without additional information, it is difficult to determine which is correct and which variations in the solution are acceptable. In general, differences in your program output can be due to


    
      	
        Changes in the compiler or the compiler version

      


      	
        Changes in hardware

      


      	
        Compiler optimizations or small differences between compilers or compiler versions

      


      	
        Changes in the order of operations, especially due to code parallelism

      

    

  


  In the following sections, we’ll discuss why such differences can arise, how to determine which variations are reasonable, and how to design tests that catch real bugs before these are committed to your repository.


  Understanding changes in results due to parallelism


  The parallelism process inherently changes the order of operations, which slightly modifies the numerical results. But errors in parallelism also generate small differences. This is crucial to understand in parallel code development because we need to compare to a single processor run to determine if our parallelism coding is correct. We’ll discuss a way to reduce the numerical errors so that the parallelism errors are more obvious in section 5.7, when we discuss techniques for global sums.


  For our test suite, we will need a tool that compares numerical fields with a small tolerance for differences. In the past, test suite developers would have to create a tool for this purpose, but a few numerical diff utilities have appeared on the market in recent years. Two such tools are


  
    	
      Numdiff from https://www.nongnu.org/numdiff/

    


    	
      ndiff from https://www.math.utah.edu/~beebe/software/ndiff/

    

  


  Alternatively, if your code outputs its state in HDF5 or NetCDF files, these formats come with utilities that allow you to compare values stored in the files with varying tolerances.


  
    	
      HDF5® is version 5 of the software originally known as Hierarchical Data Format, now called HDF. It is freely available from The HDF Group (https://www .hdfgroup.org/) and is a common format used to output large data files.

    


    	
      NetCDF or the Network Common Data Form is an alternate format used by the climate and geosciences community. Current versions of NetCDF are built on top of HDF5. You can find these libraries and data formats at the Unidata Program Center’s website (https://www.unidata.ucar.edu/software/netcdf/).

    

  


  Both of these file formats use binary data for speed and efficiency. Binary data is the machine representation of the data. This format just looks like gibberish to you and me, but HDF5 has some useful utilities that allow us to look at what’s inside. The h5ls utility lists the objects in the file, such as the names of all the data arrays. The h5dump utility dumps the data in each object or array. And most importantly for our purposes here, the h5diff utility compares two HDF files and reports the difference above a numeric tolerance. HDF5 and NetCDF along with other parallel input/output (I/O) topics will be discussed in more detail in chapter 16.


  Using CMake and CTest to automatically test your code


  Many testing systems have become available in recent years. This includes CTest, Google test, pFUnit test, and others. You can find more information on tools in chapter 17. For now, let’s look at a system created using CTest and ndiff.


  CTest is a component of the CMake system. CMake is a configuration system that adapts generated makefiles to different systems and compilers. Incorporating the CTest testing system into CMake couples the two tightly together into a unified system. This provides a lot of convenience to the developer. The process of implementing tests using CTest is relatively easy. The individual tests are written as any sequence of commands. To incorporate these into the CMake system requires adding the following to the CMakeLists.txt:


  
    	
      enable_testing()

    


    	
      add_test(<testname> <executable name> <arguments to executable>)

    

  


  Then you can invoke the tests with make test, ctest, or you can select individual tests with ctest -R mpi, where mpi is a regular expression that runs any matching test names. Let’s just walk through an example of creating a test using the CTest system.


  
    Example: CTest prerequisites


    You will need MPI, CMake, and ndiff installed to run this example. For MPI (Message Passing Interface), we’ll use OpenMPI 4.0.0 and CMake 3.13.3 (includes CTest) on the Mac with older versions on Ubuntu. We’ll use the GCC compiler, version 8, installed on a Mac rather than the default compiler. Then OpenMPI, CMake, and GCC (GNU Compiler Collection) are installed with a package manager. We’ll use Homebrew on the Mac and Apt, and Synaptic on Ubuntu Linux. Be sure to get the development headers from libopenmpi-dev if these are split out from the run time. ndiff is installed manually by downloading the tool from https://www.math.utah.edu/~beebe/ software/ndiff/ and running ./configure, make, and make install.

  


  Make two source files as shown in listing 2.1 to create applications for this simple testing system. We’ll use a timer to produce small differences in output from both a serial and a parallel program. Note that you’ll find the source code for this chapter at https://github.com/EssentialsofParallelComputing/Chapter2.


  Listing 2.1 Simple timing programs for demonstrating the testing system

  C Program, TimeIt.c
 1 #include <unistd.h>
 2 #include <stdio.h>
 3 #include <time.h>
 4 int main(int argc, char *argv[]){
 5    struct timespec tstart, tstop, tresult;
 6    clock_gettime(CLOCK_MONOTONIC, &tstart);    ❶
 7    sleep(10);                                  ❶
 8    clock_gettime(CLOCK_MONOTONIC, &tstop);     ❶
 9    tresult.tv_sec = 
         tstop.tv_sec - tstart.tv_sec;            ❷
10    tresult.tv_usec = 
         tstop.tv_nsec - tstart.tv_nsec;          ❷
11    printf("Elapsed time is %f secs\n", 
         (double)tresult.tv_sec +                 ❸
12       (double)tresult.tv_nsec*1.0e-9);         ❸
13 }
MPI Program, MPITimeIt.c
 1 #include <unistd.h>
 2 #include <stdio.h>
 3 #include <mpi.h>
 4 int main(int argc, char *argv[]){
 5    int mype;
 6    MPI_Init(&argc, &argv);                     ❹
 7    MPI_Comm_rank(MPI_COMM_WORLD, &mype);       ❹
 8    double t1, t2;
 9    t1 = MPI_Wtime();                           ❺
10    sleep(10);                                  ❺
11    t2 = MPI_Wtime();                           ❺
12    if (mype == 0)
         printf( "Elapsed time is %f secs\n",     ❻
                   t2 - t1);                      ❻
13    MPI_Finalize();                             ❼
14 }


  ❶ Starts timer, calls sleep, then stops the timer


  ❷ Timer has two values for resolution and to prevent overflows.


  ❸ Prints calculated time


  ❹ Initializes MPI and gets processor rank


  ❺ Starts timer, calls sleep, then stops the timer


  ❻ Prints timing output from first processor


  ❼ Shuts down MPI


  Now you need a test script that runs the applications and produces a few different output files. After these run, there should be numerical comparisons of the output. Here is an example of the process you can put in a file called mympiapp.ctest. You should do a chmod +x to make it executable.

  mympiapp.ctest
 1 #!/bin/sh
 2 ./TimeIt > run0.out                                ❶
 3 mpirun -n 1 ./MPITimeIt > run1.out                 ❷
 4 mpirun -n 2 ./MPITimeIt > run2.out                 ❸
 
 5 ndiff --relative-error 1.0e-4 run1.out run2.out    ❹
 6 test1=$?                                           ❺
 
 7 ndiff --relative-error 1.0e-4 run0.out run2.out    ❻
 8 test2=$?                                           ❻
 
 9 exit "$(($test1+$test2))"                          ❼


  ❶ Runs a serial test


  ❷ Runs the first MPI test on 1 processor


  ❸ Runs the second MPI test on 2 processors


  ❹ Compares the output for the two MPI jobs to get the test to fail


  ❺ Captures the status set by the ndiff command


  ❻ Compares the serial output to the 2 processor run


  ❼ Exits with the cumulative status code so CTest can report pass or fail


  This test first compares the output for a parallel job with 1 and 2 processors with a tolerance of 0.1% on line 5. Then it compares the serial run to the 2 processor parallel job on line 7. To get the tests to fail, try reducing the tolerance to 1.0e-5. CTest uses the exit code on line 9 to report pass or fail. The simplest way to add a bunch of CTest files to the test suite is to use a loop that finds all the files ending in .ctest and adds these to the CTest list. Here is an example of a CMakeLists.txt file with the additional instructions to create the two applications:

  CMakeLists.txt
 1 cmake_minimum_required (VERSION 3.0)
 2 project (TimeIt)
 3
 4 enable_testing()                                   ❶
 5
 6 find_package(MPI)                                  ❷
 7
 8 add_executable(TimeIt TimeIt.c)                    ❸
 9
10 add_executable(MPITimeIt MPITimeIt.c)              ❸
11 target_include_directories(MPITimeIt PUBLIC.       ❹
      ${MPI_INCLUDE_PATH})                            ❹
12 target_link_libraries(MPITimeIt ${MPI_LIBRARIES})  ❹
13
14 file(GLOB TESTFILES RELATIVE
     "${CMAKE_CURRENT_SOURCE_DIR}" "*.ctest")         ❺
15 foreach(TESTFILE ${TESTFILES})                     ❺
16    add_test(NAME ${TESTFILE} WORKING_DIRECTORY
         ${CMAKE_BINARY_DIR}                          ❺
17    COMMAND sh
         ${CMAKE_CURRENT_SOURCE_DIR}/${TESTFILE})     ❺
18 endforeach()                                       ❺
19
20 add_custom_target(distclean 
      COMMAND rm -rf CMakeCache.txt CMakeFiles        ❻
21    CTestTestfile.cmake Makefile Testing 
         cmake_install.cmake)                         ❻


  ❶ Enables CTest functionality in CMake


  ❷ CMake built-in routine to find most MPI packages


  ❸ Adds TimeIt and MPITimeIt build targets with their source code files


  ❹ Needs an include path to the mpi.h file and to the MPI library


  ❺ Gets all files with the extension .ctest and adds those to the test list for CTest


  ❻ A custom command, distclean, removes created files.


  The find_package(MPI) command on line 6 defines MPI_FOUND, MPI_INCLUDE_ PATH, and MPI_LIBRARIES. These variables include the language in newer CMake versions of MPI_<lang>_INCLUDE_PATH, and MPI_<lang>_LIBRARIES so that there are different paths for C, C++, and Fortran. Now all that remains is to run the test with

  mkdir build && cd build
cmake ..
make
make test


  or

  ctest


  You can also get the output for failed tests with

  ctest --output-on-failure


  You should get some results like the following:

  Running tests...
Test project /Users/brobey/Programs/RunDiff
    Start 1: mpitest.ctest
1/1 Test #1: mpitest.ctest ....................   Passed   30.24 sec
 
100% tests passed, 0 tests failed out of 1
 
Total Test time (real) =  30.24 sec


  This test is based on the sleep function and timers, so it may or may not pass. Test results are in Testing/Temporary/*.


  In this test, we compared the output between individual runs of the application. It is also good practice to store a gold standard file from one of the runs along with the test script to compare against as well. This comparison detects changes that will cause a new version of the application to get different results than earlier versions. When this happens, it is a red flag; check if the new version is still correct. If so, you should update the gold standard.


  Your test suite should exercise as many parts of the code as is practical. The metric code coverage quantifies how well the test suite does its task, which is expressed as a percentage of the lines of source code. There is an old saying from test developers that the part of the code that doesn’t have a test is broken because even if it isn’t now, it will be eventually. With all of the changes made when parallelizing code, breakage is inevitable. While high code coverage is important, for our parallelism efforts, it is more critical that there are tests for the parts of the code you are parallelizing. Many compilers have the capability to generate code coverage statistics. For GCC, gcov is the profiling tool, and for Intel, it is Codecov. We’ll take a look at how this works for GCC.


  
    Code coverage with GCC


    
      	
        Add the flags -fprofile-arcs and -ftest-coverage when compiling and linking

      


      	
        Run the instrumented executable on a series of tests

      


      	
        Run gcov <source.c> to get the coverage for each file


        Note For builds with CMake, add an extra .c extension to the source filename; for example, gcov CMakeFiles/stream_triad.dir/stream_triad.c.c handles the extension added by CMake.

      


      	
        You will get output something like this:

      

    

    88.89% of 9 source lines executed in file <source>.c
Creating <source>.c.gcov


    The gcov output file contains a listing with each line prepended with the number of times it was executed.

  


  Understanding the different kinds of code tests


  There are also different kinds of testing systems. In this section, we’ll cover the following types:


  
    	
      Regression tests—Run at regular intervals to keep the code from backsliding. This is typically done nightly or weekly using the cron job scheduler that launches jobs at specified times.

    


    	
      Unit tests—Tests the operation of subroutines or other small parts of code during development.

    


    	
      Continuous integration tests—Gaining in popularity, these tests are automatically triggered to run by a commit to the code.

    


    	
      Commit tests—A small set of tests that can be run from the command line in a fairly short time and are used before commits.

    

  


  All of these testing types are important for a project and, rather than just relying on one, these should be used together as figure 2.3 illustrates. Testing is particularly important for parallel applications because detecting bugs earlier in the development cycle means that you are not debugging 1,000 processors 6 hours into a run.
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