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applications, such as finite element analysis and computer vision. Some things that looked like they would be major 
trends in 1981, such as big Single Instruction Multiple Data arrays disappeared for some time but have been revived 
recently in deep neural network processors. There are now major trends that did not exist in 1980, such as GPUs, 
distributed memory machines, and parallel processing in nearly every commodity device.
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gains. In programming notations and compilers, we observe that the roots of today’s programming notations existed 
before 1980. And that, through a great deal of research, the most widely used programming notations today, although 
the result of much broadening of these roots, remain close to target system architectures allowing the programmer to 
almost explicitly use the target’s parallelism to the best of their ability. The parallel versions of applications directly or 
indirectly impact nearly everyone, computer expert or not, and parallelism has brought about major breakthroughs in 
numerous application areas. Seven parallel applications are studied in this book.
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ABSTRACT
This historical survey of parallel processing from 1980 to 2020 is a follow-up to the authors’ 1981 
Tutorial on Parallel Processing, which covered the state of the art in hardware, programming lan-
guages, and applications. Here, we cover the evolution of the field since 1980 in: parallel computers, 
ranging from the Cyber 205 to clusters now approaching an exaflop, to multicore microprocessors, 
and Graphic Processing Units (GPUs) in commodity personal devices; parallel programming nota-
tions such as OpenMP, MPI message passing, and CUDA streaming notation; and seven parallel 
applications, such as finite element analysis and computer vision.  Some things that looked like they 
would be major trends in 1981, such as big Single Instruction Multiple Data arrays disappeared 
for some time but have been revived recently in deep neural network processors. There are now 
major trends that did not exist in 1980, such as GPUs, distributed memory machines, and parallel 
processing in nearly every commodity device. 

This book is intended for those that already have some knowledge of parallel processing 
today and want to learn about the history of the three areas. In parallel hardware, every major 
parallel architecture type from 1980 has scaled-up in performance and scaled-out into commodity 
microprocessors and GPUs, so that every personal and embedded device is a parallel processor. 
There has been a confluence of parallel architecture types into hybrid parallel systems. Much of 
the impetus for change has been Moore’s Law, but as clock speed increases have stopped and fea-
ture size decreases have slowed down, there has been increased demand on parallel processing to 
continue performance gains. In programming notations and compilers, we observe that the roots of 
today’s programming notations existed before 1980. And that, through a great deal of research, the 
most widely used programming notations today, although the result of much broadening of these 
roots, remain close to target system architectures allowing the programmer to almost explicitly use 
the target’s parallelism to the best of their ability. The parallel versions of applications directly or 
indirectly impact nearly everyone, computer expert or not, and parallelism has brought about major 
breakthroughs in numerous application areas. Seven parallel applications are studied in this book.     

KEYWORDS
history of computing, parallel applications, parallel computers, supercomputers, parallel computing 
models, parallel programming languages, parallel programming paradigms, parallel programming 
models, parallel runtime environments
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Foreword by David Kuck
This book covers the past 40 years of parallel computing. To appreciate that statement, consider the 
40 years of computing previous to that. In 1940, computers barely existed, and they were regarded as 
special-purpose devices for many following years; not until the middle of that 40-year period did 
they become commonplace in business and technical areas. Also, in the 1960s, parallel computing 
hardware began to be developed for special purposes. 

	 Today, serious computing (business and technical), communication (serious and frivolous), 
and entertainment (now dependent on serious computing and merged with communication) are 
all rolled into devices that contain multicore parallelism. Before 1940, these were strictly distinct 
areas, and things remained so for all but a few cases until the period discussed in this book. Of 
course, today’s cell phone or tablet users are unaware of the remarkable fusion of ideas, technical 
innovations, and integration steps that were required to produce the devices now carried by 2/3 of 
the world’s population. Few people even considered the possibilities before 1980, and those who 
did would be surprised by what is commonplace today.

	 Parallelism is not used in all applications, but key areas in technology, business, and enter-
tainment now depend on it for performance. This book covers the hardware/architecture, software, 
and applications that have been developed to make this possible. Remarkably, special purpose archi-
tectures and software methods have not been required to make most of this happen. Although, in 
many cases, specialized hardware feeds market growth by delivering the best performance increases. 
Also, some application domains have grown by using embedded components, e.g., parallelism sup-
ports computer vision functionalities built into medical devices, robots, vehicles, security systems, 
etc. While each application area indeed exploits distinct hardware and software configurations, a 
great deal of shared or similar underlying technology is used.	

	 In high-performance computing, the dependence on parallel technology has become wide-
spread, and in many cases absolute. Computing has become the “third branch” of science, joining 
theoretical and experimental science as an equal partner. Scientists now use very accurate parallel 
simulations to understand how the world works and explore how it can be changed in various ways. 
Multiple Nobel prizes have depended on computational results. At the other pole, many movies, 
most TV commercials, and a world of games totally depend on parallel computation for their exis-
tence, as do all sorts of social networking applications.

	 By blending computing, communication, and entertainment in the past 40 years, tech-
nologists have created a world that seems quite different from the one that existed before 1940, 
and most of the change has occurred in the period covered by this book. Many of the innovations 
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necessary to support this new world are discussed in some detail herein. This book also probes the 
questions of how these things came to happen. The changes depend on many factors beyond tech-
nology, but it is important to understand the interplay of technical ideas with the business world.

	 Necessity is no longer the “mother of invention.” That idea has been expanded to include 
the possibility of doing something that seems useful or is even simply marketable. Fueled by a 
host of hardware and software building blocks, software people can create applications that sweep 
disruptively into the marketplace, even though they weren’t regarded as necessities or thought to 
be of much value until they appeared. This same mentality dominated computer architecture in the 
1980s and is reported in detail in this book. Software has mostly followed the demands of hardware, 
but domain-specific software tools and programming notations have been created to help specific 
application areas.

	 The dynamics of the applications, architecture, and software triangle are constantly chang-
ing, driven by many factors. Many sources of business capital growth are now present beyond the 
traditional sale of equity and profits from end-user sales, ranging from venture capital pushes to in-
ternet advertising revenue. This has sometimes driven product development in new ways. Similarly, 
the fact that hardware has reached physical limitations (e.g., signal propagation times) reduced the 
rate of computer speed growth. This increased the demands on system architecture and software 
parallelism to maintain system speed growth. Parallelism and multiprocessing in Systems-on-a-
Chip (SoCs) are much intertwined with speed, power, and thermal effects, so they sometimes 
provide system-design options for the market side necessities of portability and easy use that have 
helped drive the field.

	 This book provides a nice balance of discussions covering the technologies of hardware/
architecture, software notations, and applications areas, framing many advances in parallel comput-
ing. Just as the sources of investment money have changed, so have the interactions among these 
three technologies. Thus, it is sometimes hard to understand or explain just why the field moved one 
way or another, but an understanding of the technologies discussed here is a prerequisite, because 
multiple factors are usually involved. Due to the rate of technical change, some product changes 
move so quickly that technologists are surprised, and investors are shocked. 

	 Where the field will be 40 years hence is impossible to predict because 40 years ago few 
specialists could have imagined where we would be today, and given the much more complex tech-
nology today, it seems even less likely that we can make reasonable predictions now. But looking 
back is always a good way to judge progress and the current state of affairs. By that method, we 
can expect a continuing growth of parallel computing in many surprising and innovative directions. 
Based on the coordinated growth of these three technologies, more areas will yield to one kind of 
parallel computation or another, so whatever hardware technologies survive, performance and ap-
plication utility will continue to grow without bound. 

FOREWORD
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	 I was personally impressed by the fact that even though I worked through this entire 
period as a parallel computing advocate, the authors have revealed and explained interesting rela-
tionships that I had forgotten or never recognized myself. I believe that students new to the field, 
experienced practitioners, and historians of technology will all benefit from this book. As with any 
historical review, one cannot really understand how the world moves forward without considering 
several insightful historical perspectives. This book is a serious contribution to those perspectives. 
Finally, since both authors were my students in the 1970s, it is especially rewarding to be learning 
from them about a field in which we have all been active for so long. 

David Kuck
Intel Corporation

FOREWORD
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Preface
The last few decades saw parallel computing come of age.  We were fortunate to be throughout 
our careers in close proximity to these developments, among the most exciting in the history of 
technology. The numerous challenges remaining should not make us forget the immense successes 
that enabled, in only 40 years, the transition of the field from a small research area to the norm of 
today and tomorrow.

Clearly, now is an excellent time to look back and summarize the evolution of parallel com-
puting. This and our realization that 40 years had passed since we gave a tutorial at the Interna-
tional Conference on Parallel Processing (ICPP) motivated us to undertake this short history. The 
tutorial is our starting point and the basis for our focus on hardware, programming notations, and 
applications. Initially, we intended this booklet to be even shorter than it became, but we did not 
fully realize until we were in the middle of the work how long a time is 40 years and how incredibly 
productive those working in this area have been. 

We assume that the reader is familiar with parallel computing technology, both hardware and 
software. We tried to use widely accepted terminology and, in most cases, we do not give defini-
tions. And we do not include references to the literature for some of the machines discussed; often 
only marketing driven documents and user guides remain.

 However, most concepts are not advanced and the background given by any introductory 
parallel computing course should suffice to follow the presentation and for most machines dis-
cussed, internet search engines should be able to identify good descriptions.

Readers are encouraged to read in the order that their curiosity leads them with the note that 
Chapter 2, on parallel hardware, follows the evolution of parallel hardware through time.

 We would like to express our gratitude to our common Ph.D. thesis adviser, David Kuck, 
for agreeing to write the foreword and especially for recommending us to Tse-yun Feng, the orga-
nizer of ICPP. We also would like to thank Stott Parker for his invaluable recommendations and 
the people from Morgan & Claypool publishers, especially Mike Morgan, Christine Kiilerich, and 
Natalie Enright Jerger for their help and encouragement during the preparation of the manuscript.

Robert Kuhn and David Padua
September 2020
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CHAPTER  1

Introduction
In 1981, the authors edited the Tutorial on Parallel Processing containing papers on hardware, pro-
gramming languages, and applications [KuPa81]. It was one of the first collections of papers on 
parallel processing and tried to capture the state-of-the-art. This book investigates what has hap-
pened since then. To characterize parallelism in this period there are five classes of developments 
that recur.

1.  Performance improvements: Speedup is THE measure of parallelism. One enabler of 
speedup is the hardware performance gains of more than 3 orders of magnitude over 
the last 40 years. Step-by-step, how did that occur? Item 5 below is the other enabler 
required for success: the development of applications that speedup with the hardware. 

2.  Popularization: Parallelism would remain useful to the R&D sector alone had it not 
been that the hardware in everyday use, commodity hardware, has also become par-
allel. The most widely used parallel commodity hardware are general purpose units 
(GPUs) and multicore CPUs. Between these two, GPU applications consistently use 
parallelism. For multicore microprocessors, although more slowly than we would like, 
applications are becoming parallel (see Appendix A).

3.  Incremental consistent innovation: We have seen many innovations in parallelism 
in 40 years. These good ideas have continued forward as building blocks of the 
next-generation systems, often in hybrid forms. 

4.  Parallel programming notations broaden and diffuse: We show that the main ideas 
behind current parallel programming notations existed in 1980. But, each one needed, 
first, to be broadened to be easily applicable in many applications. Second, for devel-
opers to learn and apply parallel programming notations takes time, years in fact. That 
is, parallelism takes time to diffuse into applications.

5.  Growth in the number and performance of scalable applications: Parallel applica-
tions now impact nearly everyone every day. Reaching this level of impact takes years 
of version after version improvements. In addition to parallel hardware with good 
performance being available there must be motivations from the users’ side to apply 
parallelism. The four frequent parallel application growth drivers we have found are: 
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growth of data, adding new layers of scalable parallelism, new algorithmic methods, 
and time-to-solution requirements. 

These five classes of development have resulted in the broad adoption of parallel processing 
we see today. (Over these years parallel processing has also had its share of myths and misconcep-
tions. Some of these are captured in Appendix A.)

The goal of identifying these developments is to help us better understand the problems we 
face today. One does need not need to search far to find numerous challenges for parallel processing.

•	 On the application side, how to use new parallelism to improve current applications 
and attack new applications? Someone passionate about parallelism might say, how do 
we defeat Amdahl’s Law every time?

•	 On the hardware side, over time Moore’s Law has solved multiple problems without 
parallelism. Many say Moore’s Law is ending. Can parallelism step up to enable com-
puting to grow through this challenge? 

•	 On the programming notation side, invention, broadening, and diffusion have worked, 
but they have worked slowly. Are we still on a steady, efficient growth track?

Today, especially, parallel processing is a broad term. For purposes of historical analysis we 
used a wide definition to note interesting developments across the field. At the same time, to apply 
a limit to what should be included, by parallel processing we mean multiple hardware units working 
simultaneously to solve a particular problem faster. Note that this goal may overlap with the use 
of other technologies in some applications described below. For example, parallel processing often 
coexists with distributed processing and multiprogramming.

The rest of this chapter describes the organization of the book and presents a quick overview 
of the evolution of hardware, programming notations, and applications during the last four decades.

1.1	 OVERVIEW OF THE BOOK
In the three subsequent chapters, this book covers the evolution from 1980 to our times of the bind-
ing of parallel applications, to parallel hardware, through parallel programming notations. Chapter 
5 overviews where are we now and asks where can we go in the short term.

Chapter 2 shows the evolution of parallel hardware in several dimensions. In 1980, the 
Cray-1 had a single processor with a peak performance of 160 megaflops. Today at the high-end, 
the number of processors per machine has grown by a factor of hundreds of thousands. As a re-
sult, the Summit cluster (DOE/IBM) is approximately 188,000 teraflops. (See [TOP500] for the 
fastest performance systems today.) Over four decades, the high-end pipelined vector processors, 
Single Instruction Multiple Data (SIMD) machines, and shared memory machines of the 1980s, 
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along with the companies that did the pioneering work, with a few exceptions, have disappeared. 
Now, even at the low-end vector pipelining, SIMD, and shared memory model (SMM) designs 
are present in commodity microprocessors, GPUs, and “AI chips” referred to here as Deep Neural 
Net Processors (DNNPs). Figure 1.1 shows a few of the important parallel processors that have 
appeared over this period. Although not initially parallel, the PC introduced by IBM in 1981 has 
been an important pathway for the expansion of parallelism. The original PC with its 4.77 MHz 
Intel 8088 processor evolved into today’s laptop, desktop, and smartphone systems, which almost 
universally contain multicore processors and GPUs operating at around 4 GHz. Although the price 
for the largest systems is still very high today, the low price per megaflop provides more than the 
power of a Cray-1 in every smartphone. 

Chapter 3 shows that the seeds of parallel programming sown by 1981 have become broader 
and have diffused to common usage. The mutual exclusion constructs including the monitors of 
Concurrent Pascal, the message passing primitives of CSP, the DOALL construct of the Burroughs 
FMP, and the simple fork/join operation of 1963 have evolved into the large number of powerful 
primitives in a handful of standard programming notations today: MPI, OpenMP, TBB, standard-
ized threading primitives, CUDA, OpenCL, and libraries and flowgraphs encapsulating parallelism. 
On the other hand, the focus on getting the highest performance, which characterizes parallelism, 
has blocked progress in some programming notations. High-level programming notations require 
powerful compilers for efficient implementation, but today’s compiler techniques still cannot match 
manual coding with low-level programming notations, such as MPI, which has been called the “as-
sembly language of parallel programming.” Note that, although low-level, MPI has greatly added to 
the standardization of the message passing notation. 

Chapter 4 shows that the abundant availability of parallel hardware has meant that parallel-
ism has come into broad use so that nearly every person has benefitted from parallel processing in 
one application or another. Many of these applications are datacenter applications used in a wide 
variety of industries. For these, often the benefit to end-users is indirect through engineers, scien-
tists, and designers applying the results produced by parallel applications. There are also many ap-
plications that directly benefit end-users running on the laptop, desktop, handheld, and embedded 
hardware that has emerged since 2000. Success has not been rapid; most applications have made 
parallel processing practical step-by-step over several years. 

Seven parallel application areas are discussed in this book. In each of the application areas, a 
striking breakthrough due to parallelism that impacts millions of end-users has been achieved. The 
columns of Table 1.1 correspond to problem domains. Most of these applications have implemen-
tations for distributed memory, shared memory, and GPU architectures. The table illustrates that 
over time more parallel applications have been deployed to end-user devices. Of course some ap-
plications will stay in the datacenter because they need massive parallelism or they produce results 
that must be interpreted by domain experts. Large parallel computing clusters are usually found 

1.1 OVERVIEW OF THE BOOK
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in laboratories for use by researchers; seismic analysis is an exception. Medium clusters are usually 
found in industry R&D datacenters. Applications that can be deployed to end-user devices, such as 
vision and speech applications, are often developed in datacenters and may even be deployed there 
for business strategy reasons. 

There are four appendices. Appendix A covers some of the myths and misconceptions about 
parallel processing. Appendix B contains bibliographic notes. Appendix C is taxonomic notes. Fi-
nally, Appendix D outlines the 1981 tutorial on parallel processing.

Chapter 5 asks if recent parallelism reflects historical parallel processors. For example, do the 
features of deep neural net processors inherit features of prior parallel processors? Are we making 
progress toward exascale clusters? What is happening with the biggest multicores today? Some 
architectural concepts in GPUs in 2020 go back to 1980, but with a very different implementation. 
A subject central to parallelism’s progress asks, if Moore’s Law is slowing, where can fabrication and 
packaging technology go. The last section asks whether parallel system architecture and software 
can continue to scale-up using fabrication and packaging in the near term. 

Table 1.1: Some parallel applications over time on clusters and commodity hardware

Date 1975 1985 1995 2005 2010 2010 2015
Primary 
Active 
Sector

Large 
clusters

Seismic 
processing
3D Survey 
(1971)

Genomics 
Sequence 
human 
genome 
(2001)

Molecular 
dynamics 
Protein 
folding 
(2010)

Research 
laborato-
ries

Medium 
clusters  

Dynamic 
FEA 
Full car 
crash 
simulation 
(1983)

Photoreal-
istic 
rendering 
Full length 
animation 
(1995)

Industrial 
R&D lab-
oratories

End user 
and Em-
bedded 
devices

  

Realtime 
rendering 
PlaySta-
tion
(1995)

Image 
processing

Consumer 
productsImage rec-

ognition 
Autono-
mous vehi-
cle (2010)

Speech 
recogni-
tion 
Word error 
rate <5% 
(2015)

(Breakthrough results of applications in Chapter 4 are shown by year in columns with the application method in 
bold and the result in italics. Rows indicate typical parallel processors used today for each application.)
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Figure 1.1: Some parallel system breakthroughs.

1.1 OVERVIEW OF THE BOOK



6 1. INTRODUCTION

1.2	 RELATION BETWEEN HARDWARE, PROGRAMMING 
NOTATIONS, AND APPLICATIONS 

To conclude the introduction, important lessons can be found in the trends in parallel processing. 
Table 1.2 illustrates the trends in hardware, programming notations, and applications that are de-
scribed in the book.

•	 At the high end, the trend in hardware has been toward looser coupling, which in-
creases opportunities for scalable applications. Coupling can be measured in terms of 
the number of processor clock cycles to communicate data between processors or the 
cycles to complete a pipeline stage. For a vector or SIMD processor the coupling is 
as little as a single cycle. For a cluster, it can be thousands of cycles to pass a message. 
(Although the SIMD and VLIW systems shown in grey are tightly coupled and re-
verse the trend, these reverses did not survive.) 

•	 In the table, for each hardware row, the programming notation most appropriate to 
that hardware is shown. The trend in programming notations has been from implicit 
parallelism, such as autoparallelization, toward more explicit programming notations. 
Although more recently, implicit parallelism, in the form of macrodataflow and appli-
cation specific libraries, has been used. 

•	 In applications, the trend has been to increase scalability over time by taking advantage 
of new parallel hardware and better programming notations as they became available. 

Table 1.3 lists the major terms used in this book for hardware, programming notations, and 
applications, by the section that defines them. If an acronym for a term is used, it is shown in the 
table. (Refer also to Appendix C for taxonomic notes.)
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CHAPTER  2

Parallel Hardware
Seymour Cray was quoted as saying “If you were plowing a field, which would you rather use? Two 
strong oxen or 1,024 chickens?” [WikCray]. This quote vividly illustrates the evolution of parallel 
processing from 1980–2020. Figure 2.1 breaks down the timeline into three overlapping waves of 
parallel systems. 

The blue bubble is the first wave, vector supercomputers. Inside the bubble, the blue line 
shows that Cray supercomputer performance increased by over a factor of a thousand in the 15 
years from the Cray-1 to the Cray C90. By the early 1990s, turning point numbered 1 in the fig-
ure, pipelined vector supercomputer peak performance was below the peak performance of large 
Distributed Memory Model (DMM) clusters showing Cray may have underestimated the power 
of scalability. He was not wrong at that time. Vector supercomputers were able to reach a higher 
percentage of peak performance and had more applications running at high speed, but the future 
was not looking good for vector supercomputers. (Cray had a way of making figurative quotes at 
the right moment. For example he said, “Parity is for farmers,” when challenged by memory error 
rates compared to machines that had error correcting memory.) Around 1988, the Cray Y-MP/832 
was the last Cray vector processor to hold the number one position in the TOP500. Followed by 
the Fujitsu VP2600/10 and the NEC SX-3-44, they were the last vector supercomputers with 
modest multiprocessor configurations, i.e., less than 32 processors. In 1993, the TMC CM-5 with 
1,024 processors became the first non-vector system to reach the number one position. All systems 
after had hundreds to thousands of processors. (The bottom point of the vertical descending dotted 
line, the “tail,” on the performance lines in the figure show the performance of a single processor in 
the system.) A single C90 processor in Emitter-Coupled Logic (ECL) was only twice as fast as a 
CMOS GPU. This is hardly price-performance competitive. 

Meanwhile, the second wave, machines produced by innovative start-ups, are shown as a 
green bubble in Figure 2.1. Mini-supercomputer manufacturers were at first successful start-ups. 
Convex performance improvement over time is representative of mini-supercomputers. (It is shown 
in the dark green line.) Their performance growth over time looked impressive. However, other 
designs soon overtook mini-supercomputers. Consider the 1991 end of the line mark that shows 
the performance of an eight-processor system connected with a crossbar switch. The bottom of the 
vertical dotted line descending from the end of line mark shows that the performance of a single 
processor is below the performance of a single GPU. Because the cost-performance of the “killer 
microprocessor” was apparent by that time, and given the time and resources needed to design the 
next generation of a custom architecture, wave two companies, such as Convex, switched to NUMA 
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microprocessor-based architectures or went out of business. For example, Convex worked with HP 
to produce the Exemplar NUMA architecture. NUMA supercomputer performance improvement 
over time kept pace with clusters for over 10 years, as represented by SGI NUMA systems, the 
light green line in Figure 2.1. The SGI Origin 2000 evolved through several models of NUMAlink 
systems into the Altix 4700. At the beginning of this period the performance gap to a cluster could 
be rationalized because NUMA systems are easier to program than a DMM cluster. But by the 
end of this period, turning point numbered 2 in the figure, around 2010, the higher performance 
of clusters became more appreciated because message passing technology had diffused into more 
high-end applications. The Altix 4700 was the last of the SGI NUMA breed. 

The third wave, the red bubble in Figure 2.1, consists of two lobes. The upper lobe contains 
clusters taking over as the highest performing supercomputers. One can see the performance trend 
of clusters in the dark red line at the top of the red bubble. As just mentioned, in 1993 the CM-5 
reached the number one ranking in the TOP500. Performance improvement of clusters increased 
rapidly. Around 2008, the first GPU accelerated cluster, Roadrunner, reached the number one 
ranking and the “accelerated cluster” performance trend takes a slightly steeper slope at that point. 
Clusters are expected to reach exaflop performance by the early 2020s.

The lower lobe of the third wave resulted in the popularization of parallelism in commodity 
consumer systems that became unstoppable around 2006 with the introduction of multicore mi-
croprocessors and manycore GPUs. From turning point 1, around 1992, one notes the steep rise 
in performance of both microprocessors and GPUs. This is represented by an orange line for Intel 
microprocessors and a red line from the Namco System 21 of 1988 to the Nvidia Turing system of 
2018. There was not much parallelism in these processors early on but they were commodity items. 
For example, the Sony PlayStation was introduced in 1994–1995, which ultimately sold over 102 
million systems, contained an SGI MIPS R3000 microprocessor in parallel with a Sony GPU. In 
addition to high-speed game consoles, some professional workstations contained multiprocessors. 
But, the big turning point was in 2006 when the dual core microprocessor was launched. From 
then on, multicore and GPUs were used in every laptop, and then in many embedded systems. 
By 2020 the top multicore processors contain around 64 cores and GPUs contain over 4000 small 
cores. (The performance gains of microprocessor technology are discussed in more detail in Section 
2.2.) Around 2015 DNNPs for processing neural nets started to appear. It is hard to put them on 
the same gigaflops scale with the systems above because they compute with shorter representations 
(32-bit floating point down to 8-bit integer arithmetic) than those typically used by scientific-en-
gineering applications, but for their special purpose they can be over 30 times the performance of 
a GPU and at wafer scale integration, which one DNNP start-up (Cerebras) is already using, may 
contain over 100K small cores. 

Behind these improvements in performance, in addition to parallelism improvements such 
as more processors and more parallelism inside the processor, two main trends characterize the 
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Figure 2.1: Peak performance of major parallel architectures over time. (The blue bubble is vector 
supercomputers. Cray supercomputers, the blue line, is representive. The green bubble is mini-super-
compters. Two lines are representative: Convex computers, darker green, and SGI NUMA computers, 
lighter green. The red bubble is current parallel systems. There are three representative lines: the top 
cluster of the TOP500, dark red; Intel microprocecssors, orange; and GPUs from the Namco System 
21 to the Nvidia Turing. Around 2010 GPUs and microprocesssors become parallel and enter the 
third bubble.)

PARALLEL HARDWARE
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evolution of all computer hardware, including parallel hardware, in the 1980–2020 period. First, 
is the increase in integration which in turn changed the hardware technology from BJT (Bipolar 
Junction Transistor) to CMOS (Complementary metal–oxide–semiconductor). In the case of par-
allel hardware, we observe that while the pipelined vector processors of the first wave used bipolar 
technology, the CMOS technology transition started in the second wave. The second computer 
hardware trend is the evolution toward commodity processors. We can observe that the machines 
of the first wave used custom processors, during the second wave both custom and commodity pro-
cessors were used (see Tables 2.1 and 2.2), and, finally, during the third wave commodity processors 
are used universally. 

In a technical book one would like to show clear technical reasons to construct the parallel 
systems described in this chapter. We found that in addition to the technical causes that are covered 
below, economic forces have also intervened. To clear the path for the technical discussion, let’s 
preview the chapter in terms of some of the economic reasons that have played a role in changing 
parallel processing history. 

•	 Win-win situations in which both the user and creator of the parallel processor are 
happy for one or more of these reasons.

ºº Savings in applications: In some cases the application was not feasible without 
parallel processing. The vector pipelined processors of Section 2.1 made applica-
tions like 3D seismic processing and car crash simulation feasible (see Chapter 4).

ºº Price or performance increase: Parallel hardware manufacturers have often gone 
to new technology because it provides better performance or a lower price. In-
creasing scale of integration over time, Section 2.2, has been compelling to parallel 
processing. 

ºº Commitments to the installed base of customers. (Doing something to keep 
a customer is win for the manufacturer and one hopes for the customer. Cray 
Research, Inc. stayed with vector supercomputers until they went out of business, 
even though they prudently and successfully developed other parallel processors; 
Section 2.3).

•	 Conviction: To do something beyond technical or monetary advantage, often because 
one thinks it will be the right thing in the end.

ºº Investing assets, either one’s capital or one’s time: Sometimes the saving to soci-
ety or one nation is so strong that an investment is made to find out if a solution 
is even feasible. A clear case is David Shaw who saw that molecular dynamics was 
slow to reach its major goals because enough parallelism was not being applied. 
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D. E. Shaw provided the capital to fabricate ASICs, Section 2.5.5, and the Anton 
computer (Section 4.5). 

ºº Engineers – Engineer: A management theory holds that one should hire the best 
people, new and better solutions will be found. It is often subtle to see examples 
from the outside because it consists of many small innovations. Beowulf, for exam-
ple, got engineering clusters right, and cluster computing took off (Section 2.5.1). 

•	 Taking advantage of the economic climate.

ºº When large market opportunities appear, new parallel solutions often appear 
as well. Mainstream computer companies entered parallelism because of that 
opportunity (Section 2.4.5). GPUs successfully addressed the video game market. 
Then, they seized the general-purpose GPU (GPGPU) market opportunity when 
it appeared before them (Section 2.5.5).

ºº Venture capital companies are a multiplier of this process. When the opportunity 
is large and a good business plan is made, they provide the bootstrap funding of 
start-ups, with significant return on investment anticipated. Considerable venture 
capital appeared in the second wave (Section 2.4). In hindsight, one would think 
too much capital for the actual market opportunity. 

•	 Mistakes – On the downside … 

ºº Technology was flawed: Either it didn’t provide the expected performance, it 
didn’t prove stable, or it was too costly to the final product. SIMD arrays (Section 
2.4.2) had the potential for massive speedup, which never materialized.

ºº Product didn’t sell: Business plans have often been wrong. Sometimes it’s not 
clear why and the catchall reason is “it didn’t sell.” 

Economic reasons aside, let’s outline this chapter in the technically logical order. We start 
with the context of the four decades from 1980–2020. Section 2.1 looks back at parallel processing 
in 1980. Section 2.2 reviews the evolution of the scale of integration and clock rate. Then, the body 
of the subject, the evolution of parallel hardware in this period is discussed as the three overlapping 
waves shown in Figure 2.1. Section 2.3 covers pipelined vector processors; Section 2.4 is about 
innovative start-ups; Section 2.5 covers the transfer of parallel processing of the prior waves into 
new directions that remain today: clusters of microprocessors and commodity parallel systems for 
personal and embedded uses. As a summary, Section 2.6 lists some common parallel processing 
design patterns. 

PARALLEL HARDWARE
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(To learn more, many books about various aspects of parallel processing are available to the 
reader. In addition, Appendix B has a list of online historical sources that the reader may wish to 
pursue.)

2.1	 PARALLEL PROCESSING BEFORE 1980 
By 1980 there were four types of parallel systems. Compared to today’s systems they are primitive, 
but they were major breakthroughs in their day. (The 1981 tutorial had a more detailed view of 
parallel processing then. See Appendix D for an outline of the tutorial.)

•	 Pipelined vector processors whose most notable examples by 1980 were the CDC 
STAR-100 [HiTa72], the CDC 205 [Shoo80], and the Cray-1 [Russ78]. These were 
the production supercomputers of the era. For example, the CDC STAR-100, of 1974, 
had a peak performance of 100 megaflops and contained only 32 MB of magnetic core 
memory with an access time of 1.28 microseconds. In contrast, today’s cell phones are 
in the gigahertz range and have more than two orders of magnitude more memory. 
One of the things that made the Cray-1 unique from the others is that it introduced 
vector registers instead of memory-to-memory vector operations. Program-controlled 
caching of intermediate result vectors was possible. And, this enabled the clock to be 
made faster because the wire lengths ALU-to-registers became shorter. A faster clock 
made scalar processing faster. (Amdahl’s Law was on everyone’s mind at that time.) 
Over 100 Cray-1s were sold. It was one of the most popular supercomputers ever. 

•	 Single Instruction Multiple Data (SIMD) machines which by 1980 were represented 
by Goodyear MPP [Batc80] and Burroughs BSP [Stok77]. SIMD systems had shown 
promising results in R&D organizations for a few important applications. The BSP 
was the follow-on to the ILLIAC IV and featured “conflict-free memory access” 
which allowed rows, columns, and diagonals of a 2D array to be accessed in parallel. 
(To implement conflict-free access the number of memory banks, 17, was relatively 
prime to the number of PEs, 16.) SIMD designs faded from the scene by the mid 
1990s until revived by DNNPs. 

•	 Shared Memory Model (SMM) machines whose 1980 representatives were S-1 
[Widd80], Cm* [SwFS77, SBLO77], and Burroughs FMP [LuBa86]. An interesting 
example was the S-1 Mark IIA which had a 15 MIPS processor and microcoded 
instructions as complex as an FFT instruction. However, none of these systems were 
more than prototypes. Now practically all microprocessors are SMM multicores.
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•	 Dataflow. There was much excitement about dataflow machines in 1980 [DeMi75], 
but the potential never materialized in the form of commercially profitable machines. 
The tutorial classified the Denelcor HEP [Smit78] as a dataflow machine although 
it really was not. The HEP was, however, a promising concept and a few systems sold 
commercially.

There were few other parallel systems in that era, for example the TI-ASC [Wats72] and the 
ICL DAP [Redd73], but not many. In addition there was considerable momentum toward building 
special purpose parallel processors.

As a glimpse of what was to come, there were several DMM installations at the time; one 
type used the IBM channel-to-channel adapter to connect mainframes. Although DMM systems 
were the subject of some parallel processing research [Ston77], such systems were frequently 
throughput oriented and not parallel processing solutions [ChLi78].

2.2	 CLOCK SPEED AND GROWTH IN SCALE OF 
INTEGRATION

Supercomputer integrated circuit technology has changed dramatically in the last 40 years. In 1981, 
the Cray-1 and other top machines were built with ECL small-scale integration chips. Today, 
CMOS technology is almost universally used and a truly dramatic increase in integration leading to 
chips with more than 7 billion transistors. This has made it possible for nearly all machine organi-
zations commercialized in 1980 to be reincarnated in current microprocessors: SIMD execution in 
GPUs and vector extension instructions, SMM multicore processors, and pipelining in instruction 
processing as well as floating point arithmetic operations.

Since 1980, clock rates have increased several orders of magnitude. The original PCs were 
around 4 MHz. (The Cray-1 was 80 MHz and was limited by the speed of propagation in copper 
interconnects.) With each generation Intel would alternately improve the fabrication process and 
then improve the microarchitecture. This was so regular it resulted in Moore’s Law and became 
known as the Tick-Tock model. Despite this growth, and perhaps the most important event in ma-
chine organization since 1980, is that clock cycles per second stopped increasing around the middle 
of the decade 2000. This signaled the end of Dennard Scaling of CMOS. Dennard Scaling says 
roughly that if a CMOS circuit’s density is doubled, the clock speed can be increased roughly 40% 
without increasing power consumed. The problem was that as the feature size decreased further the 
CMOS power consumption started increasing dramatically due to current leakage. 

Figure 2.2 illustrates the growing performance of the Intel series of processors from 1993–
2019. Although the clock frequency stalled around 2004, vector instructions and multicore has kept 
the peak gigaflops increasing at the same rate. For example, in 2017 peak performance grew faster 
than any year before thanks to the production of the largest Xeon processor that, at the time, had 

2.2 CLOCK SPEED AND GROWTH IN SCALE OF INTEGRATION
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28 cores implementing the 512-bit advanced vector extensions (AVX-512). This illustrates that 
parallelism could allow performance to grow without exceeding chip power limits. (Although the 
quantity shipped of this particular processor was probably low compared to the other mainstream 
Intel Xeon servers and the mainstream Intel Core series desktop and mobile processors, growth of 
cores in microprocessors continues today; see Section 5.4.) Some claim that today we are close to 
the limits of parallelism scaling; others argue that is not so (see Section 5.7). More claim that we 
are close to the end of Moore’s Law (see Section 5.6) citing that decreasing the lithography has 
become more difficult for Intel [Cutr18]. The Tick-Tock model has been slowed to three phases: 
Process, Architecture, and Optimization. 

In either case, it has been noted often that increasing the number of cores or the vector 
length is not as effective for general computing as increasing the clock rate. The mega-challenge 
today for the parallel processing field, not just hardware manufacturers, is to use parallelism to con-
tinue to overcome stalled clock rates and slower decreases in lithography, and to make parallelism 
effective for almost any application.

Figure 2.2: Intel microprocessor progression from 1993–2019 (updated from [ChFP08]). (The lithog-
raphy feature size (in nm) has decreased steadily. The peak double precision gigaflops have increased 
steadily despite the peak in clock frequency (in GHz) at around 3 GHz.) 
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2.3	 VECTOR SUPERCOMPUTERS
The first wave, from the late 1970s to the late 1990s, was pipelined vector processors. This could be 
called the age of big iron supercomputing because there were few small computer companies that 
could afford to design, build, and support these big systems. Cray Research, Inc. was an exception 
and they often had to convince the large enterprises that bought a Cray that they should spend 
several million dollars with a relatively small company. (By the third wave, small companies were 
more acceptable. A small integrator of COTS (Commercial Off-The-Shelf ) hardware and open 
source software can build a cluster system.) In the U.S., Cray dominated as the TI-ASC, CDC 
STAR-100, and the CDC Cyber 205 were withdrawn from production relatively quickly. Then, 
CDC spun off the ETA Systems Company, whose ETA-10 was produced from 1986–1990 and 
then it was withdrawn also. 

In Japan, three companies entered the market in 1982–1983, later than Cray in this wave: 
Fujitsu, e.g., the FACOM VP; Hitachi, e.g., the HITAC S-810; and NEC, the SX Series. They 
successfully transitioned from first wave vector supercomputer architectures to massively parallel 
microprocessor architectures. Their systems successfully reached the top of the TOP500 and ex-
tended this wave of processors to the recent past with systems such as the NEC SX-Aurora as 
stated below, the Hitachi pseudo vector processor in 1992 also below, and recently Fujitsu’s ARM 
A64FX microprocessor with Scalable Vector Extensions (SVE) (Section 5.4).

The main period of vector system dominance had a large impact on parallel programming 
notations and applications, as described in Chapters 3 and 4. Autovectorization, autoparallelization, 
and shared memory programming notations were employed for the first time on big iron systems. 
Many successful parallel applications in industries such as national research labs, weather forecast-
ing, petroleum, and automotive created breakthroughs impacting millions of people indirectly.

Figure 2.3 shows the evolution of Cray systems and the NEC SX-Series. The horizontal 
axis numbers each new system generation. The vertical axis is the year that system generation was 
released. One gets the feeling of an arms race between vendors with each vendor’s new generation 
one-upping their competitors. And, in the big iron era, it was! Selling each multi-million dollar 
system was a big deal. Even within the Cray family engineers competed fiercely on how to one-up 
the previous generation. Seymour Cray himself left his current company to start a competing big 
iron supercomputer not just with the Cray-2 but with the Cray-3 as well. What defined a major 
system generation was usually a system redesign with the most recent generation of IC plus some 
architectural improvement. This figure shows not only pipelined vector processors, but SMM and 
DMM machines from these companies as well. The Cray SV-1 (1998) was the last Cray vector pro-
cessor. It was a 4-processor SMM machine, which also had a feature called multi-streaming which 
executed vector operations by coordinating the processors to work together on vector operations. 

2.3 VECTOR SUPERCOMPUTERS
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Figure 2.3: Cray and NEC SX-series machines by system generation. (The yellow Cray Research, 
Inc. line shows where new Cray companies were spun-off from CRI as dotted horizontal or ver-
tical lines. Note that to reduce the space needed for the figure, the Cray system evolution restarts 
all the way to the left at the year 2000, the beginning of Cray, Inc.)

In Figure 2.3, we see that NEC created successful systems over several generations, as did 
Hitachi and Fijitsu (not shown). The evolution of all three Japanese supercomputer was strong and 
steady compared to the many branches of Cray’s evolution. For example, the concept of multiple 
processors coordinating as a vector processor has been continuing for 20 years to the NEC SX-Au-
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rora TSUBASA (2017) with 64 coordinated vector engines. An example from Hitachi is that, 
although cache is widely used in uniprocessors to buffer between slow memory and fast processor, 
during the first wave and the first part of the second wave cache was not used for vector processing 
leaving to the programmer and the compiler the control of locality using vector registers. As the 
second wave was switching to microprocessors with caches, Hitachi adopted PA-RISC micropro-
cessors and they devised innovative architecture extensions to use register windows to preload and 
poststore non-contiguous array references without changing the PA-RISC’s existing architecture 
[NNIK92]. 

2.4	 INNOVATIVE START-UPS
The second wave was the richest period for creating parallel system companies. One can break the 
systems in this wave into two broad classes, mini-supercomputers and massively parallel processors 
(MPPs); see Sections 2.4.1 and 2.4.2, respectively. Because each of the start-ups was funded by ven-
ture capital, they had to show some differentiation from their competitors to argue that they would 
succeed in the marketplace. Often their differentiation was a technical innovation they brought to 
parallel processing, see Section 2.4.3. During the same period, it is important to note that other 
types of companies entered parallel processing; in particular, computer graphics companies and 
mainstream computer companies; see Sections 2.4.4 and 2.4.5. In the end, though, it was not too 
long before, “killer micros” and clusters caused a transition to the third wave of parallelism, which 
led to the closing of the innovative start-ups; see Section 2.4.6.

2.4.1	 MINI-SUPERCOMPUTERS: CLOSE TO A CRAY AT A FRACTION OF 
THE PRICE

The period roughly between 1985 and 1995 was marked by widespread interest in supercomput-
ing. The Supercomputer Conference (which has continued to this day under the simpler name of 
SC<number>) grew from just technical paper presentations to also include exhibits on a large show 
floor where each vendor, like at the Consumer Electronics Show today, tried to demonstrate some 
really cool applications of supercomputing, not just to the engineers of corporate customers but to 
the technical press as well. (For example, one year, Alliant, a company where one of the authors 
worked at the time, demonstrated how the Arnold Schwarzenegger skeleton running through the 
metal detector corridor in the movie “Total Recall” was made. You, a show attendee, could make 
a sequence just like Arnie had in the film. To some extent, this was a valid illustration of a new, 
useful technology. Alliant sold a parallel processor to a paper towel maker so that they could sim-
ulate how to make better paper towels.) Even university computing centers worked to stimulate 
supercomputing interest. (The University of Illinois placed a full-page ad in the Wall Street Journal 
about its expertise in parallel processing. The quite serious point was to attract corporate sponsors 

2.4 INNOVATIVE START-UPS
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who would participate in joint research projects on supercomputer applications in industries that 
had not thought about it.) Broad interest in supercomputing also stimulated capital investment in 
parallel processing. Perhaps both broad interest and investment capital were a result of Cray’s suc-
cess. (Today’s DNNP companies are in a similar position. Funded by venture capital and trying to 
get their differentiation into the marketplace soon enough to corner the market. At the same time 
they must demonstrate that deep learning can be applied in many new situations.)

The result was a period of innovative parallel computers. First there were microprocessor 
based shared SMM machines, including those with Uniform Memory Access (SMM/UMA). 
These were also known as symmetric multiprocessors (SMPs); meaning roughly the same access 
time was required for each processor to any memory. Second, there were Non-Uniform Memory 
Access systems (SMM/NUMA). They were so named because each processor had only a portion of 
main memory locally; and memory requests to other processor’s local memory might take an order 
of magnitude more time than to the processor’s own local memory. Third, there were cache coher-
ent NUMA systems (ccNUMA), whose hardware guaranteed all processors would see memory 
changes in the same order despite concurrent accesses and updates to distributed memory. Fourth, 
there were Cache Only Memory Access (COMA) systems that used even more sophisticated 
protocols than ccNUMA to let data migrate to the best node. Finally fifth, there were Very Long 
Instruction Word processors (VLIW), which attempted to reorder and parallelize operations to 
fill memory wait times. Some of the systems in this wave incorporated no major new features, but 
were instruction compatible with the first wave vector supercomputers and used less expensive IC 
technology. As a class these systems were called mini-supercomputers. For users who did not need 
or could not afford a Cray, they promised computational economy, such as, half the performance of 
a Cray at a quarter of the cost. 

Table 2.1 shows the evolution by major system generations of the parallel computer compa-
nies of this wave along with the speed of a single processor and the technology used in that gen-
eration. The architecture type of each system is also shown. If it was a hybrid parallel system, the 
dimension offering higher potential for speed-up is shown first. Figures 2.4(a) and 2.4(b) visualize 
the evolution of each company by hardware generations, horizontally, and by year, vertically. In 
this way one can see which companies innovated faster. The years 1982–1984 were the peak years 
for introduction of mini-super start-ups, seven companies opened their doors. The most successful 
start-ups had 4 generations of systems and the average lifetime of these companies was 12 years 
starting from the time they hired their first engineer. 

For the most part, the innovations brought to market by these companies did not lead to 
the hoped-for long-term success, e.g., Alliant with their DOACROSS loop synchronization lasted 
only 10 years and Multiflow with their VLIW architecture, only 6. However, several of them were 
at the forefront of scalability at their time, e.g., Convex Exemplar, FPS T-Series, and Sequent NU-



23

MA-Q offered the first NUMA systems that scaled well beyond the typical 8 × 4 scaling of those 
days (an 8-way SMP with about 4 stage vector pipelines). 

With respect to programming notations, to a large degree these companies did not attempt 
breakthroughs in parallel programming notations. Not being market leaders, they opted to persuade 
application developers to adopt a minimum of changes in their applications to get up and running 
quickly. And they supported as many standard programming notations as was demanded of them. 
With respect to parallel applications, they usually did not lead new parallel applications to market. 
They could not provide the highest levels of performance that application vendors could use to market 
their software. (By contrast, the massively parallel processor companies discussed next hoped to do just 
that.) However, as a whole, the mini-supercomputer companies helped parallelism penetrate a broader 
market. Their lower price allowed many institutions to use true parallel processors for the first time.

A promising architecture concept from the 1970s, which no company actually put into 
production, was dataflow [DeMi75]. There were a few dataflow processor prototypes built in labs 
and universities at the beginning of the second wave, such as the Electromechanical Lab Sigma-1 
[YSHK85] and the Manchester Dataflow Computer [GuKW85]. These prototypes are not listed 
in Table 2.1 or Figure 2.2. (There are many more prototype parallel systems of all types that won’t 
be mentioned in the book.) A key characteristic of dataflow is that operands are tagged allowing 
their operations to execute flexibly in parallel when the data arrives. Dataflow architectures turned 
out to be hard to program in some dimensions such as data locality [GPKK82]. (Some will argue 
that Instruction Level Parallelism (ILP) is a descendant of dataflow designs. However, tagged ILP 
(such as in the IBM 360/91) predated dataflow machine designs.) Only, the concept of dataflow 
graphs at a much coarser level has lived on as a parallel notation (Section 3.6). 

Table 2.1: Mini-supercomputer start-ups. (Architecture hybrids are hyphenated with the more sig-
nificant parallelism first. An asterisk in the Maximum Processors column indicates the theoretical 
maximum processor count. “?” indicates unknown.) 

Architecture 
Type

Maximum 
# of 
Processors

Technology
Processor 
Speed

Units of 
Processor 
Speed

(1) Alliant(Alnt) 1982–1992
A mini-supercomputer company made multiprocessors in which each processor had vector 
register instructions. They migrated to the i860 RISC microprocessor and tripled the level of 
multiprocessor parallelism. In the end, they made a cluster DMM also.
Alnt FX/8 1985 SMM-vector 8 Semi-custom 

Weitek 1064
11.8 megaflops 

(est)
Alnt FX/80 1988 SMM-vector 8 Semi-custom, 

FPU: BIT 
23.5 megaflops

2.4 INNOVATIVE START-UPS
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Alnt FX/2800 1990 SMM-vector 28 Intel i860 40 megaflops 
Alnt Cam-
pus/800

1990 DMM-
SMM

192 Intel i860 40 megaflops

(2) Convex(Cvex) 1982–1995
A mini-supercomputer company that also made vector multiprocessors that were generally 
faster than Alliant’s. They used higher performance logic such as ECL and GaAs. They mi-
grated to NUMA MPPs with RISC microprocessors.
Cvex C-1 1985 Vector 1 CMOS 

semi-custom, 
FPU: ECL

20 megaflops

Cvex C-2 1988 Vector- 
SMM

4 CMOS 
semi-custom, 
FPU: ECL

50 megaflops

Cvex C-3 1991 Vector- 
SMM

8 GaAs 50 to 240 megaflops

Cvex Exem-
plar SPP-
1600

1994 SMM-
NUMA

128 HP PA-7200 140 MHz

(3) FPS Inc 1970–1991
FPS predates Cray but later generations are second wave. (Their first system used magnetic core 
memory!) Mainly they made VLIW vector accelerators for minicomputers and mainframes. 
They migrated to MPP, first trying DMM, and then NUMA.
FPS AP-
120B

1976 Vector 1 TTL Core mem-
ory

12 megaflops

FPS-264 1981 Vector 1 ECL 60 megaflops
FPS T-Series 1986 DMM 16384* INMOS Trans-

puter; Weitek
16 megaflops

FPS Model 
500

1988 SMM 8 Sun SPARC/
BIT B5000

(4) Encore(Encr) 1983–2002
Encore first made unsophisticated SMM multi-microprocessors systems, switching to faster 
microprocessors when needed. Later they migrated to a DMM systems with SMM nodes.
Encr Multi-
max

1985 SMM 20 National Semi. 
NS32032

0.7 mips

Encore-91 1991 SMM 40 Motorola 88000 25 MHz
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Encr Infinity 
R/T300

1994 SMM-
DMM

2000* Alpha 21064 200 MHz

(5) Sequent(Seq) 1983–1999
Sequent was similar to Encore. Except that they tried migrating to NUMA.
Seq Balance 
21000

1986 SMM/UMA 30 National Semi. 
NS32032

0.7 mips

Seq Symme-
try 2000

1987 SMM/UMA 30 Intel 80386 40 MHz

Seq NU-
MA-Q

1996 SMM/
NUMA

250* Intel Pentium 
Pro

200 MHz

(6) Celerity(Cel) 1983–1988
Celerity was a short-lived mini-supercomputer company which like Alliant and Convex offered 
vector processor SMM systems. They attempted to switch to faster ECL logic and ran into fi-
nancial difficulty.
Cel 6000 1985 SMM-vector 8 BIT and 

NCR/32
33 MHz

(7) Supertek(Stek) 198–1994
Supertek’s business plan was to be a low-cost mini-supercomputer binary compatible with the 
Cray X-MP but slower. They succeeded at this for almost ten years.
Stek S-1 1989 Vec-

tor-SMM
Cray x-mp CMOS ?

Stek S-2 1992 Vec-
tor-SMM

Cray y-mp CMOS? ?

(8)Cydrome(Cyd) 1984–1988
Cydrome was short-lived and made a VLIW multi-functional unit processor. This allowed 
them to speedup some crucial applications that that did not vectorize.
Cyd Cydra-5 1987 VLIW ECL 25 MHz

(9) Multiflow(Mflw) 1984–1990
Multiflow architecture was similar to Cydrome but more successful in business. The VLIW ma-
chines needed and had more sophisticated compilers to keep their multiple functional units busy.
Mflw 
Trace14/300

1987 VLIW FPU ex-
pandable

CMOS ?

(10) Denelcor(Dcor) 1974–1985
Denelcor preceeded the VLIW systems at attempting to speedup applications that didn’t vec-
torize. But, they took the approach of executing many threads simultaneously (SMT). They also 
provided full-empty bits on memory words to ease syncrohonization.

2.4 INNOVATIVE START-UPS
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Dcor HEP 1982 Multi-
threaded

4 ECL 10 mips

(11) Tera Computer(Tara/Cray) 1987–2009
Denelcor went out of business very early in the second wave. But, the concepts (and some of 
the engineers) started over again in Tera Computer with a little better success. Eventually, there 
were not enough applications in their domain to survive.
Tera MTA-1 1997 Multi-

threaded
4 GaAs 780 megaflops 

(est)
Cray MTA-2 2003 Multi-

threaded
4 CMOS ~ Cray 

T90
Cray MTA-3 2006 Multi-

threaded
CMOS?

		  (a) Timelines for SMM, SMM-vector, and vector-SMM start-ups
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(b) Unique architecture start-ups

Figure 2.4: Mini-supercomputers and unique architecture start-ups by system generation.

2.4.2	 MASSIVELY PARALLEL PROCESSORS

A second class of machines in the second wave consisted of systems with the capability of scaling 
to a large number of processors (typically more than 100). They were known as MPPs. These sys-
tems used either simplified custom processors or off-the-shelf microprocessors. They were SIMD, 
SMM/NUMA, or DMM machines. The evolution of this wave is depicted in Figure 2.5 using the 
same scheme as Figures 2.3 and 2.4(a) and (b). Whether mini-supers or MPPs, it was hard for 
custom processor systems to keep up with the pace of microprocessor evolution and the micropro-
cessor-based companies seemed to stay in business longer. Perhaps they were more capital efficient, 
not having to develop their own processors or compilers.

Table 2.2 shows the major MPP based start-up companies either SIMD or MIMD. As 
with the mini-supercomputer companies, the years 1982–1984 were the peak years for introducing 
MPPs. Also included in the table for completeness are the Goodyear MPP, the ICL DAP, and 
the BBN Butterfly. They appeared earlier than the MPP system wave. The maximum number of 
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processors is shown in the table together with the interconnection network characteristics. Since 
the number of processors configurable in a system was sometimes far larger than the largest system 
delivered, the largest system delivered is listed when it has been documented. There are many dif-
ferent ways to measure peak performance of these systems, especially SIMD systems. Thus, a metric 
appropriate to each system is shown. 

At the same time, it would be useful to compare performance. One wonders how 1-bit 
SIMD array processors would perform compared to microprocessor-based MPPs. One compari-
son could be a SIMD array doing floating-point operations. Batcher [Batc80] gives us a few data 
points for the Goodyear MPP performing element-by-element array operations. From this data we 
estimate that a single precision floating-point add took around 380 instructions and a single pre-
cision floating-point multiply took around 750 instructions, including array manipulations. Thus, 
performing floating-point multiply-adds, the 16K + processors in the MPP could have roughly the 
performance of 16 microprocessors of the same period. On the other hand, early SIMD arrays were 
never intended for floating-point. They were designed for applications that favor pixel or small pre-
cision integer array operations, such as image processing. Batcher also reports 12-bit integer array 
operations. With this data we estimate around 37 instructions per 12-bit integer add and around 
180 instructions per 12 bit multiply, again including array manipulation overhead. 

Moving forward in time to 1990, each Maspar MP-1 PE was much more powerful. It con-
tained a single precision floating-point unit as well as 48 32-bit registers [Nick90]. (There were 32 
PEs per chip.) The 16K PE system’s peak performance was listed as 1.2 gigaflops. The MP-2 was 
listed at 6.3 single precision gigaflops. (Its price was said to be comparable to a minicomputer.) 
[FiDo91] reports the applications ported from the Goodyear MPP to the MP-1 including: a finite 
element method, neural nets, and of course image processing. Performing the standard JPEG image 
compression algorithm the 16K PE MP-1 reached more than 25 times the speed of a 28 mips 
SPARC 2, a typical microprocessor at that time [CoDe93].

Moving forward in time again, recent DNNPs, listed in Table 5.1(b), frequently contain 
SIMD arrays with 8-bit PEs for inferencing. Most have designed-in single precision floating-point 
support for learning. 

SIMD system start-ups struggled for several years to get broad adoption by productizing 
applications that had very exciting peak performance as prototypes [TuRo88]. Generally, applica-
tions had to face the inefficiency of operating part of the time with less than highly parallel kernels. 
SIMDs also faced the obstacle of requiring the use of their unique programming model supported 
by the array notations (see Section 3.1). Finally, the SIMD system companies had shut their doors 
by the mid 1990s. A few concepts of these designs live on in today’s clusters and GPUs. Internally 
GPUs do not use many hop mesh, hypercube, or fat tree interconnections; they use high degrees of 
SMT to allow bus memory accesses to clear. Several DNNP chips on the other hand are using lim-
ited interconnection SIMD architectures because of the regular nature of their computations. See 
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for example, Mythic’s 2D array and Groq’s TSP systolic array, touched on in Section 5.2. They also 
provide libraries of primitives that allow the developer to program using macrodataflow operations. 

Table 2.2: MPP start-ups ( “?” indicates unknown) 
Primary 
Programming 
Notations

Max 
Processors

Interconnect Technology Speed Units (whole 
system)

(12) ICL 1974–1986
The DAP appeared before the second wave. It is included for comparison with Thinking Machines and nCube.
ICL DAP 1979 SIMD 64x64 1-bit 4 neighbor mesh MSI, LSI 160 microsec, 20- 

bit multiply
(13) BBN and ACI 1978–1991

The Butterfly is the first MPP NUMA system. It was a linear array with a multistage crossbar switch. This was 
unique.
BBN Butterfly 
GP-1000

1981 SMM/
NUMA

128(256) NUMA crossbar Motorola 
68020

5 mips

ACI TC-2000 1989 SMM/
NUMA

512 NUMA crossbar Motorola 
MC88100

33 MHz

(14) Goodyear (Gdyr) 1972–1991
Both the STARAN and the MPP were SIMD arrays that appeared before wave two. The STARAN was a 
linear array that implement content addressable memory using the shuffle interconnection. The MPP was a 2D 
array similar to the DAP.
Gdyr 
STARAN

1972 SIMD 4x256 1-bit shuffle ? 40 mips, whole 
system

Gdyr MPP 
Started

1977 SIMD 128x128 1bit 4 neighbor mesh ? 910 mips, 12-bit 
array mul-
tiply

Gdyr MPP 
Delivered

1983

(15) MasPar 1987–1996
The MasPar systems were 2D SIMD arrays of one bit processors. However, compared to the DAP and the 
Goodyear MPP, each PE contained floating-point units and more memory. The mesh connections were diago-
nal as well as horizontal and vertical. 
MasPar MP-1 1990 SIMD 128x128 

4-bit w/fltpt
8 neighbor mesh, 
external xbar

custom 
CMOS

2,600 mips, whole 
system

MasPar MP-2 1992 SIMD 128x128 32-
bit w/fltpt

8 neighbor mesh, 
external xbar

custom 
CMOS

68,000 mips, whole 
system

(16) Thinking Machines (TMC) 1983–1994
Each generation of Connection Machine (CM) was substantially different. The CM-1 was a strict 2D SIMD 
array. CM-2 had an attached floating-point accelerator for every 32 processors. The CM-5 switched to a micro-
processor MPP with a fat-tree.
TMC CM-1 1985 SIMD 64K 1-bit hypercube custom chip ?

2.4 INNOVATIVE START-UPS
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TMC CM-2 1987 SIMD 64K 1-bit hypercube custom chip, 
plus Weitek 
float-
ing-point 
unit

33 MHz 
(Weitek)

TMC 
CM-5E

1991 DMM 1024 fat-tree Sun Super-
SPARC

130 gigaflops 
measured, 
1024 cores

(17) nCUBE 1983–2005
nCUBE made DMM clusters relatively early. They made custom microprocessors with 64bit floating-point and 
communication instructions to be able to put 64 nodes on one board. By the Media CUBE4 generation they 
switched to Intel microprocessors.
nCUBE 10 1985 DMM 1024 32-bit hypercube custom chip
nCUBE-2 1989 DMM 1024 32-bit hypercube custom chip 1.91 gigaflops 

measured
nCUBE-3 1995 DMM 64K 64-bit custom chip 6.5 teraflops max
nCUBE 
Media 
CUBE4

1999 DMM IA32 server ?

(18) CMU Warp 1984–1994
The Warp processor was the first systolic array system. Eventually Intel won a production contract and built a 
custom VLIW microprocessor which allowed high-speed communication although the torus was not totally syn-
cronous.
CMU/GE 
WARP

1986 Systolic 10 expand-
able

systolic linear ? 10 megaflops

CMU/Intel 
iWarp

1990 Systolic 10 expand-
able

systolic torus custom chip ?

(19) Intel iPSC 1984–2000
Like nCUBE, the iPSC was a hypercube cluster. But, it used standard Intel microprocessors. This led to the 
Intel Paragon which switched to a mesh connection of i860 processors that reached the top of the TOP500.
Intel iPSC/1 1985 DMM 128 hypercube Intel 80286, 

80287
12 MHz 

(80287)
Intel iPSC/2 1987 DMM 128 hypercube Intel 80386, 

80387
33 MHz 

(80387)
Intel 
iPSC/860

1990 DMM 128 hypercube Intel i860 50 MHz

Intel Paragon 
XP/S

1993 DMM 2048 4 neighbor mesh Intel i861 50 MHz

(20) Kendall Square Research (KSR) 1986–1994
Later in the second wave, KSR was the first production COMA processor. They built their own VLIW proces-
sor to achieve high performance 64bit floating-point and the fat-tree was a hierarchy of rings.
KSR KSR1 1991 SMM/

COMA
1088 COMA fat-tree CMOS 40 megaflops

KSR KSR2 1992 SMM/
COMA

5000 COMA fat-tree CMOS? 80 megaflops
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Figure 2.5: MPP start-ups by system generation.

2.4.3	 THE INNOVATIONS OF THE SECOND WAVE.

The second wave is marked by the interesting parallel architecture features the start-up companies 
brought to the field. Here are the parallel features introduced by the second wave sorted into three 
bins: (Only a few predecessors and successors are shown.)

•	 New parallel processor features:

ºº Multiflow and Cydrome: Very Long Instruction Word (VLIW) 

•	 Predecessor: FPS AP-120B 

•	 Successor: Some DNNPs, such as Groq and Habana, Section 5.2.

•	 New parallel threading features:

ºº Alliant: DOACROSS synchronization of multiprocessors 

2.4 INNOVATIVE START-UPS
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•	 Predecessor: Cray X-MP synchronization registers 

ºº Denelcor and MTA: Simultaneous Multithreading (SMT) 

•	 Predecessor: CDC6600 peripheral processor barrel

•	 Successor: GPUs, such as Nvidia SIMT

•	 New memory architectures:

ºº Convex Exemplar, and others: Non Uniform Memory Access (NUMA) 

•	 Predecessor: BBN Butterfly

•	 Successor: Intel QuickPath Interconnect

ºº KSR: Cache Only Memory Access (COMA) 

•	 Successor: Sun Wildfire (prototype).

VLIW [FERN84] was an attempt to extend pipelining beyond the limits imposed by condi-
tionals and short loops. The FPS AP-120B of 1976 was an early VLIW machine. Unlike the AP-
120B, which was an attached processor, Multiflow and Cydrome were standalone systems. VLIW 
emphasized scheduling algorithms in the compiler to be able to avoid complex runtime hardware 
in the processor such as branch prediction. (In that sense, it had the same goal as RISC.) However, 
VLIW systems weren’t able to push the pipelining speed-up limit far enough to be called scalable 
in a period when there were several other promising ways to achieve scalability. Still several appli-
cations found VLIW faster than conventional vector architectures. Today, some of the deep neural 
net processors are re-introducing VLIW architecture for other purposes. Where Multiflow sought 
to speedup irregular applications, DNNPs seek to tune well-structured matrix operations.

DOACROSS [KDLS86] loop synchronization hardware was an interesting attempt to 
speedup loops that had a limited number of dependences. It consisted of improvements to dedicated 
multiprocessor synchronization registers, such as those in the Cray X-MP. Going back to machines 
like the Burroughs FMP prototype, it was hoped that reduction operations that are frequently only 
a small part of a large loop, could be executed sequentially and be hidden behind parallelism in the 
rest of the loop. Today two alternatives are used. If there are nested parallel loops, parallelize a loop 
other than the loop that contains dependences. Or, isolate dependences into collective or reduction 
operations where the strategy is to provide a kernel that is tuned for each system configuration.

Since the latency to main memory on HPC systems is high, memory latency hiding mech-
anisms were sought to compensate for the growing disparity between fast processors and slower 
memories. The most influential such mechanisms was Simultaneous Multithreading (SMT). SMT 
appeared in second wave systems, such as the Denelcor HEP [Smit78] and the Tera Computer 
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MTA [SCBM98], which contained many register sets to quickly swap the register set of a thread 
that stalls to the register set of possibly many that are ready to execute. For example, a four pro-
cessor MTA-1 supported 512 threads. (Denelcor and MTA also introduced full and empty bits on 
memory words for synchronization.) Multiple register sets for multithreading is a concept that lives 
beyond the HEP and the MTA. In many GPUs, it is part of Single Instruction Multiple Thread 
(SIMT). And with fewer register sets in microprocessors, hyperthreading is used, which may 
only support two threads. (Dating back to the CDC6600 [Thor70], the world’s fastest computer 
between 1964 and 1969, the peripheral processing unit could compensate for the latency of IO 
devices compared to the CPU. The “register barrel” was 10 registers sets that swap on every clock 
cycle whether stalled or ready.)

Multithreaded processor techniques do hide the latency to main memory as seen by the 
thread that is blocked but they do not make the stalled thread run any faster. Thus, other mecha-
nisms to deal with latency were sought. Cache Only Memory Architecture (COMA) [DaTo99] 
was built by KSR Corp. They developed an MPP in which data from other nodes migrated to the 
local memory of the node using the data; it was called “Allcache”. (NUMA systems have a portion 
of memory allocated statically to each node.) In COMA, if a memory reference was already in the 
local node, performance was good. If not, the whole memory was searched by the hardware memory 
protocol to bring the access to the node accessing it. Given that the cached line was now node local, 
no more network traversals were necessary. Thus, COMA could offer improved latency in MPPs 
on average. However, at this point in time commodity microprocessors, which could be integrated 
into a NUMA architecture, were faster than KSR’s custom multi-chip processor, KSR went out of 
business. After that a few other prototypes of COMA systems appeared, e.g., the Sun Wildfire. But 
as far as we can tell, none were put into production.

Many of the second wave companies saw they would have to transition to MPP micro-
processors architectures. How could they scale-up and at the same time have an integrated easily 
programmed system? NUMA appeared to be the answer. NUMA systems are broadly defined as 
microprocessor-based systems with limited interconnection topology in which the virtual memory 
architecture was integrated with the interconnection networks. Thus, MPPs could appear to share 
main memory across all nodes and message passing to get the data was hidden from the program-
mer by the system. SMM compatibility and notations could be kept. This was true except that 
frequently applications needed to be tuned to utilize the NUMA protocol more efficiently and each 
NUMA system had differences in protocol, interconnection, and memory. NUMA microprocessor 
systems, although not a perfect solution, generally won over KSR’s COMA [SJGH93]. But given 
one had to do the tuning, NUMA eventually also lost to simpler, less costly DMM machines as 
DMM notations, e.g., message passing, diffused into the skills of many developers. 

Although the SMM was not new by the second wave, this section would not be complete if 
we did not mention its importance to parallel programming at that time. An SMM architecture in 
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which each thread can execute a different control path makes it inherently easier to parallelize new 
applications and developing more parallel applications was important then. In contrast, certainly on 
SIMD machines, and sometimes on vector machines, one should conceive and code the application 
anew for efficient operation. In addition, comparing an SMM to a DMM system, on an SMM sys-
tem it is not necessary to explicitly program communication. Hence, the second wave mini-super-
computers almost all opted for a strong multiprocessor dimension. Gradually, over 20 years or more 
of diffusion of more sophisticated parallel programming techniques, many applications can run 
effectively on architectures that are harder to program than an SMM machine and, in the today’s 
third-wave high-end systems, SMM multiprocessing, albeit ubiquitous, is not the primary dimen-
sion. Today, adapting algorithms to restricted, simpler, but faster, hardware can avoid the expense of 
a globally shared memory machine. For example, BLAST, a gene matching algorithm discussed in 
Section 4.4, was first parallelized on an SMM machine during the second wave because the loop 
selecting each gene could be converted quite simply from sequential to parallel loop form with the 
addition of a few reduction operations. Later, the BLAST was adapted to run on a DMM machine 
using MPI. It has even been adapted to run on GPUs. In the final analysis, one tends to trade-off 
the price of added hardware for greater programming complexity.

In summary, the second wave showed remarkable experimentation by start-up companies 
and, more broad than the particular examples above, they put into use the general parallelism con-
cepts found today: multiprocessors with several varieties of shared memory architecture with SMM 
notations, and limited topology interconnection network-based DMMs using message passing no-
tations. However, don’t forget the examples above. We will see that several of them will come back. 

2.4.4	 GRAPHICS IMPACT ON PARALLEL PROCESSING

Before moving to the third wave, this and the next two subsections note a few topics that supported 
the rise of parallel processing. Particularly noteworthy is that the first large end-user market to 
utilize parallel processing was computer graphics. Computer games and graphic workstations were 
key proof points for parallelism. There was a brief period when venture capital funded multiproces-
sor visualization workstation companies such as Stellar, Ardent, and then their merged company 
Stardent. Multiprocessor workstations from pioneering companies such as SGI, Silicon Graphics 
Inc., and Stardent led to commodity SMM workstations from companies like Digital, HP, and 
IBM, which dropped the visualization features. Many interesting applications were parallelized 
for scientific and engineering use on these workstations to the benefit of the multicore PCs that 
came later. With respect to machine design principles though, there was not much new in these 
workstations. Finally, single-chip GPUs could be added into PCs and several years later integrated 
into the processors on laptops with very little extra cost.
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A curious example of graphics impact on parallel processing is the ES-1 from Evans and 
Sutherland. They pioneered graphic systems in the 1970s and were prosperous in the 1980s and 
1990s. They produced very high-performance graphic systems for special applications such as 
flight simulators and digital theaters. These systems turned out to be so close to general-purpose 
computers that Evans and Sutherland attempted their own supercomputer called the ES-1 in the 
late 1980s. It was a multiprocessor with impressive benchmark performance. Its downfall was that 
applications other than graphics could create high memory contention. 

The biggest impact on parallelism in engineering and science among graphics companies 
was SGI. Founded in 1981, they originally produced just graphics workstations. Then, as well as 
SMM workstations, they successfully produced many different parallel systems from super-mini-
computers to NUMA systems. In fact, SGI’s critical mass in the market probably hastened the 
demise of some of the mini-supercomputer companies. Finally, in 2009 SGI disappeared for 
multiple reasons: as graphics expertise diffused and GPUs reached commodity markets, graphic 
performances was not the differentiator it had been when they were founded; supporting their 
proprietary RISC architecture, called MIPS, was costly in the face of commodity microprocessors; 
consequently, they moved to Intel Itanium, which itself ran into trouble; finally, their strategy of 
fully integrated systems when parallelism was moving into COTS clusters had the same problems 
for them as other second wave companies.

As noted throughout this book, GPUs have had a major impact on parallel processing. The 
first GPU with enough complexity to be a capable parallel processor, i.e., capable of 3D polygon 
rendering, appears to be the Namco System 21 created in 1988 for arcade games. It was a system 
with 2 Motorola 68000s and 4 Texas Instruments DSPs. Since then GPU parallelism has grown to 
thousands of small cores on an IC. 

Applying GPUs for GPGPU faced similar challenges to those faced by Stardent, Evans and 
Sutherland, and SGI. But, this direction has been more successful. First, they are inexpensive, which 
the others weren’t. Also, parallel notations for GPUs have been more up to the challenge for three 
reasons: high-level languages like CUDA, carefully tuned kernels provided to and by the commu-
nity, and an investment to accelerate diffusion of GPGPU by funding university research programs 
and posting GPU techniques and algorithms on the web.

2.4.5	 PARALLEL PROCESSING FROM MAINSTREAM COMPANIES

A trend toward general parallelism technologies was started later in the second wave by many of 
the mainstream computer companies (OEMs) who advanced parallel processing as a portion of 
their broad product lines in two ways. First, they successfully commoditized less aggressive parallel 
architectures. And second, some of them directly supported start-ups for a time. Why did they do 
this? Later in the second wave, reciprocal arrangements between the mainstream system providers 
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and the parallel processing companies could be a win-win. The parallel processing companies saw 
they were losing the performance battle with microprocessors and that they could no longer afford 
the time or cost to design their own processors, which would be slower than the microprocessors 
by the time they were released. At the same time, the mainstream companies were looking at the 
threatening progress in x86 architecture and they were persuaded they could make their own faster 
microprocessors based on RISC architecture. Realizing they needed to get design wins outside their 
own systems to compete with Intel, they saw the parallel processing companies as potential adopt-
ers of their RISC architecture. Figure 2.6 shows OEMs that produced RISC systems, what parallel 
system companies adopted which RISC architecture, and some of the parallel systems they went 
into. Into the third wave, OEMs started merging and some of these acquisitions are also shown. 
(There are more RISC architectures, adoptions, and acquisitions not shown.)

Figure 2.6: RISC architectures in parallel systems. (Itanium is included because it evolved from 
RISC.)

For some examples of relationships between RISC systems and parallelism companies:

•	 Digital Equipment Corporation (DEC): Cray adopted DEC’s Alpha architecture for 
their T3D, T3E series. DEC, by working with Cray on the T3D and T3E, is said have 
been able to double Alpha RISC performance.

•	 HP: Hitachi, leaving their vector architecture to develop an MPP system, supported 
HP’s PA-RISC for their supercomputers and then extended PA-RISC by developing 
a system of register windows for vector processing. 
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•	 SGI: First made their own RISC architecture, MIPS. Later they partnered with Intel 
on Itanium NUMA systems at one point own the second spot on the TOP500, Co-
lumbia. 

•	 Sun: Fujitsu adopted the SPARC architecture and from 1995 manufactured SPARC 
multiprocessor workstations and servers, e.g., PRIMEHPC series and the K Com-
puter that was number one on the TOP500 in 2010. 

2.4.6	 THE END OF THE SECOND WAVE: SUPERCOMPUTERS MOVE TO 
MICROPROCESSORS, DMM, AND OPEN SOURCE

The second wave of parallelism start-ups were overtaken by a new wave in less than a decade in a 
sequence of steps that is as amazing as many TV series.

•	 First, around 1980, the BBN Butterfly was an idea ahead of its time, a parallel pro-
cessor made from over 100 microprocessors, i.e., an MPP, connected by a high-speed 
interconnection fabric [LeSB88]. Unfortunately, its interconnection network turned 
out to be slower than the microprocessors that they used, MC68000s, which were 
themselves slower than the custom processors of early second wave companies. It was 
successfully employed in only a few production applications. 

•	 Second, early second wave companies, such as Convex and Alliant, appeared to be 
doing well with custom processor mini-supercomputers. However, all was not well as 
a business. In those days, a system buyer wanting more application performance had 
a choice of going with a new moderately parallel Vector-SMM architecture where it 
took at least a year to learn and apply the parallelism to their applications or they could 
wait the mythical 18 months for Moore’s Law to produce microprocessors that were 
nearly twice as dense and fast with no program changes. Many pragmatic buyers chose 
to wait. This was a problem, since, in the start-up business model, venture capitalists 
had strict financial requirements that refused granting additional rounds of funding if 
growth slowed. 

•	 Third, the packaging of ICs as density increased meant that any processor imple-
mented in more than one IC was almost certainly slower than a microprocessor. 
Thus, this led to the “killer micro,” which appeared by 1990 [Broo90]. Companies like 
Alliant and Convex tried get back on track by converting to RISC microprocessors, 
which were faster and, by going to a single-chip processor, the company could double, 
maybe even quadruple, the number of processors on a board. In addition, new inter-
connection network hardware was being used in datacenters bringing costs down. At 
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this juncture it looked like BBN was right, an MPP system using microprocessors, 
assisted with proprietary inconnection protocols, would allow for shared memory and 
easy programming … NUMA was the way to go. 

•	 Fourth, additional systems, like nCube and i/PSC, based on the Caltech Cosmic Cube 
experience proposed that fast microprocessors and inexpensive networks could be 
nearly as good as other parallel systems of the time without NUMA hardware. Thus, 
DMM message-passing systems got a foothold. (Not knowing this would bring about 
the demise of these systems.) 

•	 Fifth, a few years later, everyone started seeing that RISC was not much faster than 
CISC x86 at any point. And that x86 generations were coming faster than any one 
RISC provider could go through the design-fab cycle. So ended the second wave and 
so entered the third wave, with the Beowulf cluster. (Only a few RISC architectures 
would survive, IBM continues producing their POWER, Performance Optimization 
With Enhanced RISC, and ARM, although under the radar for several years, it is 
having a resurgence.) 

One should note that the second wave was crippled for software reasons as well. Although all 
these start-ups ran some variation of UNIX, the “Linux Revolution” meant that system managers 
could reject the economics of buying a complete system solution with continuing hardware and 
software support. This upset the second wave business plans, which were formed before the Linux 
revolution. 

With respect to programming notations, with exception of message passing, there were as 
least as many parallel notations at the beginning of the second wave as today so that becoming a 
parallelism expert is not much easier today. However, today the expertise has diffused into many 
applications, application specific libraries, and cluster management tools so that fewer users need 
black belt skills. By diffusion we mean that a major asset of the start-up companies of the second 
wave was their engineers, both hardware and software. Skilled in practical parallelism, they went on 
to other companies to develop the parallelism we see today. 

2.5	 CLUSTERS OF MICROPROCESSORS AND COMMODITY 
PARALLELISM

The third wave, DMM clusters and commodity parallelism, started before the end of the second 
wave. The third wave is not as active as the second wave was with parallel system companies com-
ing and going, but the flexibility and choices of commodity parallel processing hardware is richer 
than ever and DMM systems have grown into true supercomputers. There are several choices of 
parallel processing ICs that can be used in supercomputer nodes and now in ever-smaller parallel 
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systems for personal systems and Systems-On-a-Chip (SoCs) in embedded devices. Today, parallel 
processing has found its way into nearly every computer system from the largest to the smallest for 
applications to adopt to varying degrees. As such, despite all the comings and goings in the first 
and second waves, parallelism has succeeded. 

This section contains two groups of three subsections each. Supercomputer clusters will be 
discussed in the first three subsections: 2.5.1 discusses the DMM clusters from Beowulf systems to 
the TOP500 clusters of today; 2.5.2 looks forward to the challenges ahead as clusters continue to 
grow; and 2.5.3 shows that many systems today are hybrid parallel systems combining some form 
of vector processor, as well as SMM, and DMM parallelism. 

The second group is an ingredients view of the third wave: 2.5.4 covers how interconnection 
networks that started in the second wave evolved into the network fabrics of today’s supercom-
puter clusters; 2.5.5 covers IC architectures used in parallel processing: multicores, GPUs, ASICs, 
FPGAs, and SoCs; and 2.5.5 touches on how networks of workstations and cloud computing can 
“virtualize” parallel processing resources. 

2.5.1	 EMERGENCE AND TRIUMPH OF DMM CLUSTERS

There are two types of DMM machines. Ordinary clusters, or simply clusters, are DMM machines 
made with Commercial Off The Shelf (COTS) microprocessor boards and switches. Many of the 
systems in the TOP500 today are ordinary clusters. There are also integrated DMM machines, which 
are in the minority of the TOP500 (see Figure 2.7) and use customized components, typically the 
interconnection network, and perhaps for I/O. They may also have optimized development and 
operating software. All intended to achieve petascale or exascale computing. Examples of integrated 
DMM machines include the Sunway TaihuLight System consisting of a Sunway custom network 
connecting manycore Sunway SW26010 processors and the Cray XC50 consisting of Cray’s pro-
prietary “Aries” network connecting Intel Xeon processors, Cavium ThunderX2 processors, and/
or NVIDIA Tesla P100 GPUs. An example of an ordinary cluster is IBM’s Summit consisting of 
nodes containing two IBM POWER9 CPUs and six Nvidia Tesla GPUs connected via a dual-rail 
Mellanox EDR InfiniBand. As illustrated by these examples, both types of DMM machines today 
have nodes that are multicore microprocessors and could also include accelerators, usually GPUs as 
a result of GPGPU research [PhFe05, OLGH07].

Clusters arrived quickly; Gordon Bell described Beowulf ’s [SSBD95] growth in one para-
graph in 2002:

“The Beowulf Project was based on commodity technology. The project was started in 1993 
based on NASA’s requirement for a one gigaflop workstation costing under $50,000. The 
recipe for building your own Beowulf is contained in ‘How to Build a Beowulf ’ [Ster99]. A 
16 node, $40,000 cluster built from Intel 486 computers ran in 1994. In 1997, a Beowulf 
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cluster won the Gordon Bell Prize for performance/price. By 2000, several thousand node 
computers were operating. In December 2000, 28 Beowulfs were in the TOP500 super-
computer centers and the Beowulf population is estimated to be several thousand since any 
technical high school can buy and assemble its own from standard parts.” [Bell02]

Figure 2.7 shows how, over the course of 25 years, DMM machines, encompassing both 
integrated DMM machines and ordinary clusters, grew to constitute all of the registered TOP500 
systems. The clusters targeting exaflop performance will follow this trend, as discussed in Chapter 5. 

Figure 2.7: Distribution of the TOP500 systems by architecture type over time. (The TOP500 orga-
nization database has a somewhat different set of labels than those used in this figure. Here: 
Cluster = Ordinary clusters with: single processor, SMM, or accelerated nodes; DMM = In-
tegrated DMM machines with customized nodes or interconnects; SMM = Shared Memory 
Model machines: simple SMMs or NUMA-SMMs; Vector = Vector pipelined machines: single 
processor, SMM-vector machines, or NUMA-vector machines; and SIMD = SIMD machines 
such as the Goodyear MPP.)

Note that the emergence of cluster technology has caused a globalization of parallel process-
ing. Where the first and second waves were mostly led by the U.S., cluster technology has enabled 
centers of parallelism excellence around the world. 
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•	 The Japanese Fugaku cluster took over the top position from the Summit cluster in 
June 2020. Before that, Japan held the top position several times: the K Computer, the 
Earth Simulator, the Hitachi SR2201, the Numerical Wind Tunnel, the NEC SX-
3/44, and the Fijitsu VP2600/10.

•	 China has also held the top position several times with TaihuLight and Tianhe-2A. 
China now, in 2020, has 226 systems in the TOP500 compared to only 114 in the U.S.

•	 Europe is well represented in 2020 with three systems in the top 10 located in Italy 
(2) and Switzerland (1). In terms of the number of systems per country, France has 18 
systems in the TOP500 (4th most supercomputers) and Germany 16 (5th most). Fol-
lowed in rank order by Netherlands (15), Ireland (14), and the United Kingdom (10).

Figure 2.8: The peak teraflops for the number-one system in the TOP500 ranking each year.

2.5.2	 INCREASING THE NUMBER OF PROCESSORS IN A CLUSTER 
RAISES CHALLENGES

As Figure 2.8 shows, at the high end, as performance has increased, so has the number of cores. 
The challenges that arise as the scale of parallelism continues to increase have been discussed in 
the literature (see for example [Snir13]). Challenges of delivering very large-scale parallelism in 
applications include [SaHS09] the following.
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•	 Scheduling dynamic parallelism with fine-grained tasks: Scheduling in a coarse-
grained parallelism environment is relatively easy. Here we refer to applications that 
have phases requiring fine-grained parallelism that can’t be prescheduled. If the fine-
grained tasks can be prescheduled, even to a limited degree, it may be possible to com-
bine them into coarse-grained tasks, doing reductions locally before globally is a classic 
example. If prescheduling is not an option, fine-grained synchronization can take 
thousands of processor cycles, which can easily take longer than a fine-grained task. 

•	 Distribution and co-location of tasks and data: Data placement on large numbers of 
cores must be a dominant consideration. As a significant aside, data placement is most 
often implicit in most of today’s programming notations and to be reasoned about it 
must to be documented in the code.

•	 Collective and point-to-point synchronization with dynamic parallelism: Managing 
to keep all synchronization types efficient as the number of cores increases is a large 
challenge. In addition, the best synchronization strategy may change with each dataset.

•	 Producer-Consumer parallelism: This challenge is to program the application to move 
from one phase to the next without incurring a drastic reduction in speedup as the 
summarized data produced by one phase is broadcast and consumed in the next phase.

2.5.3	 HYBRID PARALLEL SYSTEMS

Looking separately at each of the four major architecture types: Vector pipelined, SMM, DMM, 
and SIMD may let an important observation fall through the cracks. Since 1980, several systems 
have successfully combined multiple architecture types, i.e., hybrid parallel architectures. 

The first hybrid parallel systems to appear were Vector pipelined-SMM. In the first wave, in 
the early 1980s, starting with the Cray X-MP, groups of vector processors were organized in SMM 
configurations. The first programming notations that allowed combining multithreading and vector 
processing in one application appeared at that time, for example Cray microtasking worked with 
vectorization. 

Late in the second wave, in the 1990s, and even today in the third wave, SMM technology 
became prevalent enough that DMM machines could be built with multiprocessor nodes. The 
ASCI White system appears to be the first large cluster of this type. It enabled for the first time 
a hybrid parallel programming notation with MPI for pleasingly parallel loops and OpenMP for 
inner loops. This combination worked well for parallelism rich applications. There is nothing spe-
cific to MPI or OpenMP here; other well-crafted programming notations allow hybrid program-
ming. A nuance arises here that the hardware packaging can be hybrid while the programmer’s view 
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can be simpler. One example is using message passing for all parallelism, including within an SMM 
node. This is possible and even preferable in some applications. Also, MPPs that adopted NUMA 
could relatively easily use symmetric multiprocessing within the nodes.

Three-way hybrids also appeared, primarily Vector-SMM-DMM and SIMD-SMM-DMM 
(considering GPUs as a SIMD type). In the third wave, in the middle of the 2000–2010 decade, 
DMM clusters with SMM nodes could start using vector extension such as MMX or SSE or 
GPUs could be added to the nodes [FQKY04]. Here a programming notation such as: BLAS li-
brary for vector extensions or CUDA kernels for a GPU, could be combined with a multithreading 
notation, combined with MPI message passing. The latest high-end clusters continue this trend of 
3-way hybrids. For example, Summit nodes have two 22-core Power 9 CPUs with 6 NVIDIA Tesla 
V100 GPUs and uses MPI, multithreading, and CUDA. Thus, at least at the high end, exploiting 
highly parallel systems fully can lead to highly sophisticated applications.

Figure 2.9 illustrates the evolution of hybrid parallel architectures. Arrows indicate when a 
new hybrid appeared. The names of the architectures and their hybrids are in red; the text in black 
shows interesting first examples of hybrids. (The colors of the bars simply distinguish one bar from 
another.) Among other combinations, the figure shows the following. 

•	 Vector-SMM hybrids arrived on the scene in the period 1983–1985, e.g., the Cray-
XMP, and continues in today’s multicore microprocessors that all have vector instruc-
tion extensions. 

•	 In the period 1998–2000, the Cray SV-1 created another hybrid of an SMM system 
containing vector processors. Recall, this type is one in which multiple SV-1 processors 
can work together to execute vector SIMD instructions. 

•	 In 2004–2006, clusters of SMM nodes, i.e., DMM-SMM machines, such as the Alli-
ant Campus and ASCI White appeared. Around 2010 DMM-SMM hybrids evolved 
into the 3-way hybrids described in the previous paragraph [MiVe15]. 

Meanwhile, interesting special architectures such as: dataflow, many-threaded, latency hid-
ing, and systolic processors were not prevalent enough to form hybrids. 

At the bottom of the figure, one can see the concurrent advances in programming notations 
and the major breakthroughs in the seven applications reviewed in the book. 
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Figure 2.9: Over time, parallel architectures become more sophisticated as hybrids.

2.5.4	 INTERCONNECTION NETWORK EVOLUTION 

Interconnection networks have improved with each of the three waves of parallel hardware. Ideally, 
one would like an interconnection network to be an all-to-all crossbar switch connecting thousands 
of processors. But, starting with SMM vector supercomputers of the 1980s, 16 × 16 switches were 
a rule-of-thumb limit of scalability for high-speed switches, and 8 × 8 was most common. (In the 
book, the term “switch” always means crossbar switch.) (Scalability is limited by the asynchronous 
arbitration logic between ports, which is increasingly less deterministic as the switch grows. To 
avoid this, more logic may be added, which unfortunately slows the switch down.) 

In the 1980s there was considerable research into scalable networks [Park80]. Two broad 
topological classes were used. The first is a limited topology network, such as the 2D mesh in the 
Distributed Array Processor (DAP) from International Computers Limited (ICL), whose topol-
ogy meant that to move data from any processor to any other takes several (or many) hops through 
intermediate processor nodes. Second, a multi-stage network, such as the STARAN or the BBN 
Butterfly in which intermediate hops did not pass through processors but through internal switch 
nodes. So that if the switch nodes are m × m and the number of processors is n, the minimum 
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number of intermediate nodes is logm(n). The BBN Butterfly interconnect was composed of 4 × 4 
switch elements, each with a bandwidth of 32 MB/sec. The interconnection network could accom-
modate 512 processors although the largest documented Butterfly system had only 128 processors. 

In the second wave, SIMD and MPP systems of greater scalability used networks of several 
sorts, frequently: a mesh (e.g., MasPar), hypercube (e.g., iPSC), or fat-tree (e.g., SGI Altix). By the 
third wave, interconnection networks for cluster systems, sometimes called message passing fabrics, 
started to appear. It was found that message passing could be accelerated with generic switch nodes 
that were microprogrammed to support standards such as: in the late 1980s, HIPPI; around 2002, 
10 Gigabit Ethernet, called “10GigE”; or in the early 2000s, InfiniBand. In addition, these switches 
could be tuned to optimize MPI directly. These could also be wired and tuned to the needs of the 
cluster being built and the dominant applications to be run on the cluster. Tuning for reductions 
operations for example. 

The switch nodes for these fabrics fit into the same standard chassis as processor nodes. And, 
breaking the old 16 × 16 rule-of-thumb, 32 × 32, and even 64 × 64 switch nodes are available espe-
cially when optical links are used [KiTG05]. In addition, in each generation of the interconnection 
standards, the links between nodes could be increasingly wider, i.e., more parallel. For example, 
InfiniBand links can be “aggregated” to be 4×, 8×, or 12× wide and can be bidirectional. Thus, an 
interconnection network design can trade-off between ports and link aggregation.

To bring the evolution of network topology up to date, the fat-tree [Leis85] still appears 
to be a popular topology. And, although numerous ordinary clusters have adopted the InfiniBand 
standard, networks for large integrated DMM machines such as those produced by Cray increas-
ingly use the dragonfly topology [KDSA08]. This is to the extent that dragonfly networks are no 
longer considered custom but an ordinary product. Dragonfly topologies are more costly because 
they use longer optical fiber cables and high-radix switching nodes. Driving adoption, dragonfly is 
especially beneficial for applications that can take advantage of minimum hop interconnects, for ex-
ample seismic processing and molecular dynamics applications sometimes uses 3D FFT methods. 
3D FFTs force many small messages in either the X, Y, or Z FFT transform. To avoid a bottleneck 
in that dimension, a low number of hops is ideal. 

Here are a few examples of interconnections networks today. 

•	 The Cray Shasta system which will be delivered to the U.S. Dept. of Energy in 2020 
will contain an Aries interconnect with the dragonfly topology. It has at most three 
hops between any two nodes and is built with Gemini Router ASICs. 

•	 The Aurora system anticipated in 2021 or 2022 will also have a Cray interconnect with 
dragonfly topology with 64 port switches running at 12.8 Tb/s. 
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•	 The Sunway TaihuLight system has a custom interconnect called the Sunway Network 
which connects nodes with PCI-E 3.0 which operate at 12 GB/sec and has a network 
diameter of 7 [Dong16]. 

•	 The Summit system is an ordinary cluster using the standard commodity interconnect 
in a fat tree with Mellanox InfiniBand EDR nodes. 

In addition to the primary interconnection network across the cluster there are often sec-
ondary interconnection networks. The common secondary interconnects are: a system management 
interconnect (necessary on even the earliest clusters), a high-speed small-message interconnect for 
fine-grain tasks such as reductions, and an interconnection network to the IO subsystem.

It should be remarked that during this evolution, the packet routing software inside both 
custom and standard switch nodes has become much more sophisticated at minimizing congestion 
and can be tuned to various protocols, such as MPI to maximize throughput in HPC applications. 
For example, adaptive routing software that avoids tail latency with backpressure congestion control 
is a feature of the Cray interconnects just mentioned for Shasta and Aurora.

2.5.5	 MULTICORES, GPUS, SOCS, FPGAS, AND ASICS

The need for parallelism is not confined to high-end systems. It is appearing increasingly in per-
sonal and embedded devices. As the scale of integration increased and clocks stopped getting faster, 
it was inevitable that parallel architecture would appear in most types of integrated circuits used in 
all types of systems. In fact, the parallel processing community noticed that types of ICs used in 
personal and embedded devices could sometimes provide higher density computing and consume 
less power than conventional parallel systems. This section looks at five types of ICs that feature 
parallel processing: Multicores, GPUs, SoCs, FPGAs, and ASICs.

Multicores

The number of cores frequently gets the attention when one speaks of parallelism in microproces-
sors. But here, the evolution of two other aspects of parallelism in microprocessors is noted.

First, SIMD processing inside each core has broadened steadily over the last 20 years. Table 
2.3 shows the history of Intel and x86 SIMD instruction extensions starting from 1997 as pre-
sented in [HuHL17]. 



47

Table 2.3: Evolution of SIMD instructions in x86 [HuHL17]
Acronym Name Description Year
MMX Multimedia Extensions 64-bit MMX for packed integers 1997
SSE Streaming SIMD Extensions 128-bit XMM for floating point 1999
SSE2 Steaming SIMD Extensions 2 XMM supports doubles and integers 2001
SSE3 Streaming SIMD Extensions 3 Horizontal operations added 2004
SSSE3 Supplemental SSE3 Horizontal and data movement 2006
SSE4.1 Streaming SIMD Extensions 4.1 Extra functionality 2007
SSE4.2 Streaming SIMD Extensions 4.2 Vector string instructions 2008
AVX Advanced Vector Extensions 256-bit registers that contain packed 

floating point numbers
2011

FMA Fused Multiply Add Fused multiply add instructions 2011
AVX2 Advanced Vector Extensions 2 Supports for packed integers 2013
AVX512 Advanced Vector Extensions 512 512-bit packed registers 2016
AVX512 
VNNI

AVX512 plus Vector Neural Net In-
structions

Fused instructions for packed 8- and 
16-bit

2018

Second, power consumption and density is a major design factor that architects traditionally strug-
gled to manage. Over the last 15 years, with multicore growing to 20, 30, 40, … cores, more often 
than not running all the cores in parallel at their peak clock rate would exceed the power limit of 
the package. Therefore, architects began allowing end users to choose their operating point on the 
power-performance spectrum by altering the clock frequency of some cores. (Recall that in CMOS 
the processor speed has a major impact on power consumed: Power ~ C * Voltage2 * Frequency.) 
Here are a few of the dynamic frequency scaling modes developed over the last 20 years (Intel 
names are used, but other microprocessors have similar power controls).

•	 Enhanced Speedstep (2005): Power state (P-State) was introduced to map requested 
power-level to on-chip voltage and hence frequency. 

•	 Turbo Boost (2008–2010): With a single core running, how fast can it go. If the core 
is using vector mode, e.g., AVX-512, a different turbo frequency may be used. 

•	 Speed Select (2019): Speed Select allows the operator to define several profiles of core 
frequencies so that the best profile can to matched with each workload.

Power management can be important for datacenter operators interested in minimizing 
power consumption and for end users interested in maximizing performance of their personal sys-
tem. It raises several interesting questions for the user such as: How much parallelism do I really 
benefit from? What’s the best clock rate for as many cores as are used? How long does the workload 
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run at peak power? And, how aggressively can the trade-off be managed? Of course, if one does 
not manage the power and speed parameters, the microprocessor will manage them automatically 
with built-in thermal sensors. (Cores that are turned off are called “dark silicon” (see Section 5.7)).

Graphic Processing Units (GPUs) 

As noted in Section 2.4.4, computer graphics has played an important part in parallel computation. 
GPUs followed Moore’s Law evolving independently of microprocessors. Traditional GPUs have 
integrated raster processing units, texture processors with on-chip texture memory, and shader cores 
that contain 32-bit integer and floating-point ALUs to perform the rendering pipeline (see also 
Section 4.3). In 2001, it was realized that the GPU compute density was exceeding that of mi-
croprocessors. Also, GPUs’ streaming architectures: loading from main memory to GPU memory, 
executing vector kernels, and returning the computed data to memory, made them well suited for 
accelerating long vector kernels in applications where data size was growing rapidly. At that time 
with the GeForce 3, Nvidia introduced programmable shaders, and the GPGPU programming 
research community researched applying GPUs to diverse applications, e.g., [WHwu11]. Out of 
this architectural and application change arose several programming notations for developing and 
interfacing GPU kernels: OpenCL, CUDA, OpenACC, OpenMP accelerator support, and others. 

Initially, the cores in a GPU were controlled essentially in SIMD mode. As the number of 
cores increased, they were laid out into groups to place several groups on one die, each with a sep-
arate control unit so that the scheduling logic for one or multiple clusters has improved to allow 
increased efficiency and overlap. 

GPU design is still driven by graphics performance where a major application goal is re-
al-time ray tracing (see Section 4.3). For example, the Nvidia Turing architecture has added spe-
cial-purpose cores called RT cores replacing some of the CUDA cores. Over the last few years the 
emergence of deep learning in applications, including computer games, has given birth to tensor 
product cores on Nvidia GPUs. They accelerate 16-bit floating point or 8-bit integer math to in-
crease the effective compute density further. Hardware supported L2 cache on newer GPUs allows 
even more programming flexibility. Table 2.4 shows the recent evolution of Nvidia GPUs. (Notes: 
see also Section 5.5. Volta is comparable to Turing but designed for datacenters. The next Nvidia 
architecture, called Ampere, is expected in 2020 and will also have personal device, GA100, and 
datacenter, A100, variations.)
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Table 2.4: Recent evolution of NVidia GPUs

Kepler 
(2012)

Maxwell
(2014)

Pascal 
(2016)

Turing 
(2018)

Ampere 
(GA100) 

(2020)
FP/INT Cores 1536 2048 3584 4352 8192
Tensor Cores - - - 8 512
FP teraflops ~3 ~4.5 ~12 ~15 ~23
Register file (KB) 48 96 96 192 partitionable 192 KB 
Per SM
L1 cache (KB) - - 48
L2 cache (MB) .5 2 ~3 ~6 40
Transistors (billion) 3.5 5.2 12 18 54

SoCs and MCMs

Regardless of whether Moore’s Law continues, functionality and performance may continue to 
increase for System on a Chip (SoC) and Multi-Chip Module (MCM) devices because more so-
phisticated power management methods can be used and the limits are based mostly on package 
power. Also, parallelism inside commodity devices, personal, embedded, and Internet of Things 
devices, is likely to continue because they currently have less functionality and hence use less power 
than high-end multicore and manycore devices. An SoC may sound like a better choice than an 
MCM because a single-chip SoC would have faster connections than an MCM of multiple chips. 
However, today’s MCM technology facilitates choosing the optimum die fabrication processes 
for distinct functions and the MCM’s substrate can provide comparable lithography widths. The 
discussion of SoCs and MCMs continues in Chapter 5 where options for extending Moore’s Law 
are taken up. As an example of these technology capabilities, Table 2.5 shows the growth in on-
chip parallelism over three generations of the Apple iPhone. The term “performance core” refers to 
a core constructed with high-performance building blocks, in contrast to an “efficiency core” that 
implements the same functions but is constructed with smaller, low-performance, building blocks. 
(These are sometimes referred to as “big cores” and “little cores” respectively.) Considerable energy 
is saved by executing on an efficiency core normally and switching to a performance core only when 
there is benefit for high-performance execution. This extends battery life in a smartphone, but it is 
also now used in PCs and even multicore servers. 
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Table 2.5: SoC components in several generations of Apple iPhone
iPhone 1 (2007) iPhone 4 (2011) iPhone Xs with Apple 

A12 Bionic (2018)

CPU Single core (620 MHz) Dual core (1 GHz)
2 Performance + 4 Effi-
ciency cores (2.5 GHz)

GPU 103 MHz 200 MHz
4 GPU cores + 8 cores 
Neural Net

DRAM (Package on 
Package)

128 MB 512 MB 4 GB 

Other device specs
Storage 16 GB 64 GB Up to 512 GB
Display 480 × 320 960 × 640 1792 × 828
Camera 2M pixels 8M pixels 12M pixels

FPGAs 

Field Programmable Gate Arrays (FPGAs) are frequently used in embedded devices. FPGAs allow 
designers to design a chip from a large number of subsystem building blocks. They are less costly 
to manufacture than SoCs, because a fabrication mask set and fabrication processing is not needed. 
System designers can program FPGAs themselves. With the large silicon area that is currently 
integrated into an FPGA, parallel technology is often employed. One application domain that has 
been researched intensely since 2000 is computer vision (see Section 4.6 and [HDDR16]). Also, 
FPGAs as supercomputing accelerators have been explored since the first half of the 2000-2010 
decade when microprocessor cores as well as floating-point units could be embedded inside one 
FPGA. Maxwell was one of the first clusters in which each node contained an FPGA [BBBC07]. 
Progress has not been rapid but, with the emergence of neural net computing in 2018, Microsoft 
and Intel launched Project Brainwave in Microsoft’s Azure cloud computing fabric. An important 
consideration in using FPGAs has been the need to use a programming notation that includes 
FPGA hardware design and layout. Current “C-to-gates” compilation is complex because, in addi-
tion to getting the program correct, one must understand which statements will generate hardware 
and which will execute on already generated hardware [THBC18]. See [Mitt18] for a case study 
of a parallel application, neural nets, on FPGAs.

ASICs

Finally, one step more complex in IC design and production than FPGAs is ASIC technology. 
ASICs, like FPGAs, are best focused on embedded devices that can have large production volumes 
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offsetting the added design and implementation cost. However, supercomputer applications of 
ASICs are also possible. (See the Anton computer for molecular dynamics in Section 4.5 and the 
DNNP discussion in Section 5.2.)

2.5.6	 FROM NETWORKS OF WORKSTATIONS TO CLOUD COMPUTING

Several interesting mechanisms for accessing parallel programming have emerged since the 1980s. 
When workstations became popular, many inventive computer scientists connected idle worksta-
tions on their Ethernet with software that could enable them be used for embarrassingly parallel 
computing. The Network of Workstations (NOWs) movement arose in the 1990s [AnCP95]. API 
notations were developed to schedule and communicate between workstations that could partic-
ipate in a parallel computation. The next step for some was to buy several workstations and put 
them into the same rack so that higher communication rates were available. Thus, Beowulf clusters 
emerged in 1994 [SSBD95], as did system software tools to manage a rack full of asynchronously 
operating workstations, for example OSCAR in 2000. As Internet bandwidth has increased cloud 
computing and crowd computing have become a new mode of parallel processing. Cloud com-
puting, such as Amazon AWS (2003) and Microsoft Azure (2008), has become a readily available 
resource for parallel processing in which nearly anyone can construct a temporary cluster rapidly. 
For embarrassingly parallel applications, crowd computing platforms, for example BOINC (2002) 
used originally in SETI@home, invites individuals, called loaners or donors, who have somewhat 
idle personal computers to allow their system to be used to take on a task from someone else’s 
embarrassingly parallel application. In return, the loaners may someday create an application using 
the platform to become borrowers. 

2.6	 SUMMARY OF PARALLEL HARDWARE
Throughout the history of parallel processing a number of now familiar design patterns have 
emerged for making and improving parallel processors. As an approach to summarizing this chap-
ter, it may be worth noting some of the main patterns that fit historically significant machines and 
trends. Table 2.6 cites nine design patterns. When one machine is an outstanding example of the 
pattern, it is noted. Otherwise, a historical trend is cited. 

There are a few caveats to realize with this table. First, we do not know what the companies 
that built these systems were really thinking, i.e., they may have had different or multiple patterns 
in mind. Second, this table is not an exhaustive list of design patterns. Finally, there is no standard 
way of describing and naming these patterns. 

2.6 SUMMARY OF PARALLEL HARDWARE
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Table 2.6: Some architecture change patterns used in parallel processing
Architecture Change Pattern Historic Examples More Recent Examples
Fresh Start Goodyear STARAN Fat-tree interconnection
This pattern tries to start a 
new company or a new trend 
by taking advantage of new 
technology.

STARAN implemented con-
tent addressable memory in a 
dramatically different manor. 
It had a “flip” network to 
transpose columns into rows 
and back.

TMC did not survive even 
after they migrated from the 
hypercube to the fat tree ar-
chitecture. Many of today’s 
clusters are built with fat tree 
interconnections. 

Implement in hardware SGI Geometry Engine Microprocessor vector extensions
This pattern implements a fre-
quent execution path in hard-
ware to avoid overhead.

The SGI Geometry Engine 
improved on Evans and 
Sutherland’s pipelined graph-
ics rendering process and im-
plemented it in VLSI.

X86 processors have added 
and extended SIMD vector 
registers and instructions over 
many generations of micro-
processors.

Transfer HW to ISA Cray-1 vector registers GPGPUs
A different pattern is to move 
what was in hardware into the 
instruction set architecture.

The Cray-1 had a faster clock 
at its time because mem-
ory-to-register and regis-
ter-to-functional unit in two 
instructions decoupled the 
long memory-to-memory ar-
chitecture. 

Nvidia, starting with pro-
grammable GPU shaders, has 
successfully listened to the 
GPGPU community in tran-
sitioning shaders into more 
general-purpose compute 
engines.

Quantity optimization Cache levels and sizes Hybrid parallelism
In going from one version to 
the next, architects try to tune 
the hardware in the face of 
design trade-offs that must be 
made.

Nearly every computer de-
signed has had to determine 
the best cache architecture. 
Parallel processors especially 
face issues of level of sharing 
and coherency.

Quantity optimizations also 
occur in blending a hybrid 
cluster node. How many 
microprocessors and how 
many GPUs on each node? 
([VSBG18], Section 5.7)
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Redesign to accelerate AP-120B redesigned to the 
FPS-264

Intel Tick-Tock

Resigning a component or the 
whole system to take advan-
tage of newer, often faster and 
denser, technology is often a 
good choice.

FPS was successful with the 
AP-120B. Next, FPS-264 
was designed with ECL logic 
rather than with the latest 
TTL. In addition to increas-
ing from single precision to 
double precision, the FPS-264 
was five times faster. 

Intel successfully applied 
Redesign to Accelerate in al-
ternating steps for several de-
cades. The first step installed 
a faster/denser fab process, 
called a Tick step. Then, the 
next step would redesign the 
microarchitecture, Tock. Since 
2016 they have shifted to a: 
Process, Architecture, Optimi-
zation model. 

“Hyperspace Jump” Convex Exemplar, Alliant 
FX/2800

Intel attempts Intel i860, at-
tempts Itanium, attempts ARM

To react to a slowing of sales 
momentum, companies can 
make a dramatic architecture 
change.

When Convex and Alliant 
saw the killer micro coming, 
both decided that they had to 
change instruction set archi-
tectures, to take advantage of 
the microprocessor trend.

Intel has kept the x86 archi-
tecture for decades. They have 
also tried other ISAs: the i860 
of 1989, Itanium in 2001, and 
ARM replaced i860 in 1997. 
Although Itanium was used 
in a system that was as high 
as 2nd on the TOP500, all of 
these have been discontinued.

Additional features Cray T3E Short message redirecting in the 
switch nodes

Adding a new, easy to imple-
ment feature can sometimes 
generate more success than 
the effort.

The T3E was a major rede-
sign from the T3D. Working 
with DEC, five subsequent 
upgrades of the DEC Alpha 
processor were designed with 
other changes they more than 
doubled the clock speed.

Cluster switching nodes have 
become increasingly sophis-
ticated to accelerate frequent 
message passing patterns. 

2.6 SUMMARY OF PARALLEL HARDWARE
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Co-design Multiflow VLIW SoCs, FPGAs, ASICs
All new systems now are 
designed and validated with 
both compilation of workloads 
and full gate-level simulation.

An example that stands out 
is Multiflow VLIW where 
the major question was, could 
compilers really find enough 
fine-grained parallelism?

Today, designers have a clus-
ter just to simulate a new 
design all the way from pow-
er-on through OS boot to 
a workload run. This can be 
especially important when 
designing custom or semi-cus-
tom ICs.

Benchmarks Linpack benchmarks Vision, Speech neural net bench-
marks

Benchmarks are usually the 
kernel from a real workload. 
Although they provide system 
comparison points, they also 
oversimplify. 

Linpack100, Linpack1000, 
and HPLinpack give compar-
isons between parallel systems. 
(For system design traces from 
customer workloads are used 
most often.) 

Vision and speech recognition 
benchmark have been used 
in comparing new SIMD 
instructions, tensor cores on 
GPUs, and DNNP configura-
tions [RDSK15], Section 4.6. 



55

CHAPTER  3

Programming Notations and 
Compilers

In 1980, uniprocessor vector supercomputers were the dominant type of parallel machine. As a 
result, the dominant programming notations were the two most frequently used to program these 
machines: vector extensions to FORTRAN and conventional, scalar, FORTRAN, translated into 
vector form by compilers. Today, there is a much wider range of possibilities including the two 
just mentioned.

To keep the discussion on programming notations to a reasonable size, we focus on the 
notations most widely used by practitioners today: array notation, automatic vectorization/paral-
lelization, SPMD notations, message passing primitives, shared memory primitives, macrodataflow 
graphs, and subroutine libraries encapsulating parallelism. Below, a separate section is devoted to 
the history of each one of these seven notations. 

These programming notations can be used separately or in combination. For example, 
DMM machines with multicore nodes are often programmed using both message passing prim-
itives and shared memory primitives. As a second example, consider autovectorization, which can 
be applied to single-threaded, shared-memory, distributed memory, or hybrid distributed/shared 
memory programs. 

As is the case with most programming constructs, all the parallel programming notations 
discussed next trace their origin to ideas and prototypes introduced before 1980. 

3.1	 ARRAY NOTATION
ILLIAC IV, one of the earliest parallel machines, used SIMD processors with array instructions 
and therefore it was natural that one of the first notations developed to program these machines 
was based on array extensions to FORTRAN and other languages. 

Array notation was not originally designed to represent parallelism but to facilitate program-
ming by raising the level of abstraction. This is achieved by abstracting implementation details. For 
example, the C loop

for (i=0;i<n;i++)a[i]=b[i]+c[i]

would be represented in array notation, assuming all array are of size n, simply as a=b+c; which 
neither uses the for loop nor the loop index, i.
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One of the earliest languages incorporating array expressions was Iverson’s “A Programming 
Language” (APL) [Iver62]. APL was designed around powerful operators, especially array oper-
ators. The first implementation of APL was released by IBM in the 1960s. An illustration of the 
importance given at the time to this new language is that IBM supported APL’s unusual character 
set with custom designed keyboards and a Selectric typewriter ball. Today, more than half a century 
later, array notation is highly popular for scientific computing, especially in dynamic languages such 
as MATLAB, R, and NumPy. However, today’s array notations, like APL, are not primarily used 
to specify parallelism, but for programmability.

The situation was different for the languages used in the early days of parallel computing. In 
fact, in the 1970s array notation was introduced to specify parallel operations for pipelined vector 
processors and SIMD computers. Array extensions to FORTRAN and other languages became 
the notation of choice to program most of the SIMD machines developed before 2000. Languages 
containing array operations included: the Burroughs ILLIAC IV FORTRAN [Burr71], the Mas-
sachusetts Computer Associates’ IVTRAN [Mill73] developed for ILLIAC IV, CFD developed by 
NASA AMES Research Center also for ILLIAC IV, ICL DAP FORTRAN, Parallel Pascal for 
the Goodyear MPP [Reev84], MasPar Fortran [MasP92a], and CM Fortran for the Connection 
Machine [Thin91]. Except for the array assignment statements, the semantics of these languages 
required results consistent with the execution of one statement at a time in the order specified by 
the program. This reflected the nature of the target machines in which all parallelism was array 
parallelism. 

Initially, data layout on the SIMD machines was essential but kept to simple rules about how 
arrays were mapped so that the programmer could understand easily where the compiler would 
place the data. By the time of CM Fortran, directives were added to allow the programmer to opti-
mize data layout. There was very little local memory on the early SIMDs and one had to optimize 
its use. (Illiac IV had only 2k 64-bit words per PE. The Goodyear MPP was a 128 by 128 array of 
1-bit PEs with 1024 bits each.) By contrast, today’s DNNPs can have hundreds of megabytes of 
data integrated into the array with multiple neural nets all being processed concurrently.

Burroughs ILLIAC IV FORTRAN assignment statements could represent parallelism in 
the form of element-by-element array operations. Arithmetic operations could operate on complete 
arrays or subsets of array elements selected using bit vectors, known as control vectors. ICL DAP 
FORTRAN assignment statements could also operate on array sections selected by bit vectors. 
Array indices could be slices of multidimensional arrays specified by assigning a specific value 
to one of the dimensions and leaving the other dimensions empty to represent complete rows or 
complete columns. The assignment statement in CM Fortran and MasPar Fortran could contain 
whole arrays or array sections represented using the <begin>, <end>, <stride> triplet notation which 
is the norm today. Parallel Pascal’s array expressions could operate element by element on whole 
arrays, on array slices, or on a subset of consecutive elements of an array. In IVTRAN, array oper-
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ations were represented differently using the do <label> for all construct, a precursor of today’s 
Fortran forall construct, which can conveniently represent all the array operations that could be 
represented in the languages just mentioned. (forall here is a SIMD operation, not a MIMD 
parallel loop. So, application developers had to think “keep mostly in lock-step”.) An important 
characteristic is that the forall semantics require that the right hand side(s) be evaluated before 
any assignment takes place.

CDC FORTRAN [Gent82] and Lawrence Radiation Laboratory1 forTRAN (LRLTRAN) 
[Zwak75] contained array extensions to represent vector operations for pipelined processors. 
Like the languages mentioned in the previous paragraph, these two languages could represent 
element-by-element vector operations in the form of arithmetic expressions. For efficiency of the 
vector pipeline, sets of elements stored in consecutive memory locations were preferred, but vec-
tors of subscripts as well as bit vectors could be used to represent gather and scatter operations. 
Although available, it was very important to keep these gather-scatter operations to an absolute 
minimum on most vector processors because the memory system contained banks that needed to 
run in a synchronized order. Using them, a supercomputer could end up being about the same as a 
high-performance serial processor. For example, to be efficiently vectorized car crash applications 
(Section 4.2) were designed around minimizing their use.

By the late 1970s, the U.S. Fortran Programming Language Standards Technical Committee, 
known at the time as ANSI X3J3, took notice of the popularity of array-extended version of FOR-
TRAN2, which includes the ones just mentioned and others such as IBM’s VECTRAN [PaWi75], 
and started considering array extensions for the Fortran standard [Hend79]. This eventually cul-
minated in the Fortran 90 standard; the first standard language to include array notation. Today’s 
Fortran standard is an extension of Fortran 90.

Although its array notation was rarely used to explicitly exploit parallelism, Fortran 90 influ-
enced the design of several of the later array notations for SIMD systems just mentioned including 
CM Fortran and MasPar Fortran. Fortran 90 was also the base language for High Performance 
Fortran (HPF), a language to program MIMD machines. HPF used array operations to represent 
parallelism. By then data layout had become important to specify. The distribution of array elements 
across nodes of distributed memory MIMD machines was controlled using new declaration state-
ments. HPF was the work of the High-Performance Fortran Forum with more than 60 academic 
and industrial representatives. The Forum started work in 1991 and delivered the first version of 
the language in 1993. Although there were initially great expectations and there was vigorous en-
gagement from industry, the project was not successful [KeKZ11] for reasons discussed briefly at 
the end of this subsection.

1  Today’s Lawrence Berkeley Laboratory.
2  Starting with Fortran 90, only the first letter of the language is capitalized. 

3.1 ARRAY NOTATION
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Although array notation can conveniently represent SIMD computations and, as HPF 
demonstrated, MIMD parallelism for SIMD-type computations, array notation is not as popular 
for parallelism today as it was in the early days of parallel computing. Instead, a number of alter-
native notations are used for SIMD programming today. For example, to program microprocessor 
vector extensions such as Intel’s AVX and IBMs AltiVec, programmers can use built-in functions 
or the simd directive of OpenMP. Alternately, programmers can rely on the compiler to generate 
vector instructions from conventional code as discussed in the next section. Other alternatives to 
array notations are the GPU languages that follow the SPMD model discussed in Section 3.3, 
notably CUDA and OpenCL. 

The fact that array notation is not popular to represent parallelism does not mean that it 
has disappeared. On the contrary, some of today’s most appealing parallel programming notations 
make use of arrays. One example is TensorFlow [ABCC16], built around array operations that can 
be implemented in parallel. TensorFlow programs can be mapped onto multiple classes of parallel 
machines including hybrid machines. For DMM machines, coarrays [DCMC04, Numr11] have 
gained some traction, but their purpose is to control communication. One or more dimensions of a 
coarray can be used to read or modify data on non-local memory locations. In this way, conventional 
assignment statements can be used for communication, avoiding in this way the need for messages. 
Parallelism in coarrays is expressed in the SPMD paradigm. 

Seismic processing, an application discussed in the next section, can use array notation ef-
fectively. Some of the seismic processing techniques were first implemented when array notations 
were first developed, although more so on the Cray than on the SIMD processors. The main reason 
why array notation is not more widely used to represent parallelism seems to be the semantic gap 
between the machine independent array notation and the actual code that must be generated for 
efficient execution. Complex compiler optimizations [KnWL93, KeKZ11] are needed to bridge 
this gap and achieve the performance and efficiency expected by the programmers of high-end 
systems. However, today’s compiler technology is not sufficiently effective. In the case of HPF, an 
additional reason for the lack of success was that the language, at least in its initial form, was not 
capable of representing well some complex parallel algorithms [FoxG18].

3.2	 AUTOMATIC PARALLELIZATION FOR CONVENTIONAL 
LANGUAGES

The use of conventional languages to program parallel machines, relying on compilers to transform 
sequential code into efficient parallel form, is an appealing idea. It frees the programmer from 
concerns about the parallel capabilities of the target machine, which as we noted above had to be 
thought about when using array notations on the SIMD processors of that time. In this sense, using 
conventional languages raises the level of abstraction over that of explicitly parallel languages. And, 
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when it works, it makes the code portable across machine classes. Compilers that convert conven-
tional code into the vector parallel code of pipelined processors and SIMD machines are called 
autovectorizing compilers. Those that convert conventional code for execution on MIMD machines 
are called autoparallelizing compilers. 

Autoparallelization and autovectorization optimizations, as well as the algorithms used by 
the compilers for instruction level parallelism (ILP), are based on the notion of dependence that was 
described for the first time in 1966 for sequences of assignment statements [Bern66]. The notion 
of dependence was extended to loops by researchers from the University of Illinois [KuMC72] and 
applied to vectorization, parallelization, and other powerful loop transformations such as tiling. 
Work on dependence technology has continued to this day and has led to a formal foundation of 
the technology [Bane93]. Although as mentioned at the end of this subsection, there is still much 
room for improvement.

One of the first autovectorizing compilers (and perhaps the first), the Paralyzer, was de-
veloped for ILLIAC IV [PrJo75]. However, except for the compiler planned for the Burroughs 
Scientific Processor, it seems that no other production autovectorizer for SIMD machines was ever 
developed. The Cray and CDC compilers [Gent84] of the early 1980s implemented autovectoriza-
tion for pipelined vector processors. Array notation could be used to program the CDC machines as 
well, but for Cray systems, autovectorization was the only way to exploit parallelism from high-level 
languages [WikCTS]. Autovectorization was considered a success because it allowed new users to 
try the Cray-1. Cray experts could narrow their questions to a handful about the application to give 
tentative feedback to “try the vectorizer” or not. Some of the frequent questions were: how many it-
erations of the loop are there; the array dimensions of the arguments are not specified, can we put in 
numbers; where are the COMMONs shared; can key subroutines be inlined or are they known to 
be parallel. A drawback then, just as today, was that experts often had to interpret what the cryptic 
vectorizer diagnostics meant. At least they could first run the vectorized code to see if the program 
was faster. With other programming notations, such as array notations, one had to commit to fully 
recode a part of the application by hand before anything could be tested. 

One of the earliest autoparallelizing compilers was implemented for the Alliant multipro-
cessor in the mid-1980s [TeMS87]. Parallelization of scalar operations emerged in the 1990s along 
two main directions. The first focuses on ILP [LFKL93, RauR94, SCHL03]. The second, which 
targets reconfigurable FPGAs [AtSi93], is much less widely used although interest is growing as 
testified by the recent announcement of Intel’s High Level Synthesis tool.

Today, focusing on microprocessors, the most widely used Fortran and C compilers contain 
autovectorization and autoparallelization capabilities. Autovectorization is currently almost exclu-
sively used to generate the SIMD microprocessor vector extensions (originally called multimedia 
extensions, MMX, see Section 2.5.5) such as Intel’s AVX and IBMs AltiVec. For Pipelined Vec-
tor-SMM hybrid machines, the autovectorizing/parallelizing compiler had the task of selecting the 
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best mode of parallelism. For a multiply nested loop, vectorizing the innermost loop and paralleliz-
ing one or more outer loops, if possible, was the natural mode. A single loop could be converted into 
a multiply nested loop by strip-mining and then outer parallelization and inner loop vectorization 
can be applied. Multicore microprocessor can apply these strategies today. We should mention that 
autoparallelization, although typically coexisting with vectorization in today’s compilers, seems not 
to be widely used, based on compiler developers’ lore, since there are no publicly available statistics 
on this.

Programmers could enable compiler vectorization that did not pass the dependence tests by 
adding directives such as ivdep and noalias or by following simple programming rules. For exam-
ple, for vectorization to work, the Paralyzer required that all subscript expressions be of the form 
I+C, I-C, or C where I is a loop index and C a loop constant expression. A perennially useful rule 
is to avoid cross-iteration dependence in the innermost loop. An IBM technical report from 1985 
[DuSK85] lists a number of programming rules to enable compiler vectorization.

Astute programmers were likely the main reason why compiler vectorization was effective 
enough to be widely used. Vectorization was considered so important to Cray users that experts, 
instead of turning to assembly code, analyzed how they could restructure their code so that Cray 
Fortran (CFT) would generate the most efficient code [DoEl84]. Dynamic FEA applications, as 
discussed in the applications section, when properly structured and with the right directives can 
vectorize most of the code. Dynamic FEA was one of the first commercially successful applications 
of the Cray architecture. All the elements of each element type can be processed as vectors. Atten-
tion has to be paid to vectorizing the gathers and scatters. (In dynamic FEA elements can come 
into contact or contacts can be broken during the run and that is not known at compile time, so 
that vectors of indices to element must be used rather than simply vectors of elements.) 

Without programmer intervention, compilers are, to this day, often unable to vectorize 
code even though only simple transformations are typically needed for successful vectorization 
[MGGW11]. The need for programmer intervention implies a significant increase in the cost of 
performance tuning. This cost is magnified by the lack of rules to decide what transformations are 
needed to enable vectorization. For example, consider the case of induction variables. These are 
variables that assume values that form an arithmetic sequence. Their computation using increments 
preclude vectorization, but they can often be eliminated by replacing their occurrences with expres-
sions of the loop indices. Although vectorizing compilers can often handle induction variables, this 
is not always the case and, even for simple induction variables, the programmer must in some cases 
eliminate the induction variable to enable vectorization. 
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3.3	 SPMD PROGRAMMING
In the Single Program Multiple Data (SPMD) programming paradigm, the same code is executed 
by all processing elements. Although the term was originally introduced to describe an SMM 
programming paradigm [DGNP88], it is today also used within SIMD and DMM programming 
models. In the case of SIMD machines, SPMD programs further work synchronously in the sense 
that all processing elements execute the same instruction at any given time. SPMD is a dominant 
programming paradigm today. It was used for SIMD and is being used for many SMM applica-
tions. And although they are at opposite ends of the parallelism spectrum in terms of task size, it 
is being used for nearly all GPU and DMM applications. 

Programmers of the 1970s found that besides relying on autovectorization as implemented 
in the ILLIAC IV Paralyzer, or using one of the numerous languages with explicit array notation, 
SIMD machines could conveniently be programmed directly. The semantics of assembly language 
programs for parallel SIMD machines is that each instruction is executed by all processing elements 
(PEs), or a subset of PEs if a mask is used, and each PE operate on different data. The earliest 
SPMD high-level programming notation with low level SIMD semantics was the language Glyp-
nir developed for ILLIAC IV [LLBR75]. 

In Glypnir, as in SIMD assembly language, an operation on PE variables is executed by each 
PE using local values. Control statements were generalized so that, for example, in an if statement 
where the condition contains PE variables the then part is executed by all PEs for which the con-
dition was true, while the other PEs remain idle. If the if statement contains an else part, it is 
executed for the complementary set of PEs while the other PEs remain idle. While loops whose 
condition involved PE variables would be executed until the conditional expressions become false 
for all PEs involved. The inefficiency in execution of conditional statements that is introduced 
when first the then part is executed and after the else part is executed is called branch divergence 
[HaAb11]. Branch divergence can add considerable inefficiency to SIMD execution.

Glypnir introduced a new class of languages that was later to include the MasPar Program-
ming Language or MPL [MasP92b]. This class of languages evolved to encompass CUDA and 
OpenCL that are today the dominant notations for programming GPUs. An important extension 
to Glypnir and MPL is the introduction of shared memory features in CUDA and OpenCL. The 
main reason why Glypnir-style programming notation superseded the array notation used for the 
SIMD machines seems to be efficiency. In fact, going back as far as the late 1980s MasPar’s MPL 
Language Manual explicitly tells us that this is the case when it states that MPL was the “most 
efficient and most flexible” programming language supported by MasPar.

SPMD notation is also widely used today to program distributed memory and shared mem-
ory machines. The reason for its popularity is the same: provide better control of the code and thus 
facilitate achieving high performance. Since in this case the target is a MIMD machine, each node 
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can follow its own path through the code, avoiding in this way the branch divergence penalty of 
SIMD machines or GPUs. 

The common use of the SPMD notation for both SIMD and distributed memory program-
ming seems to indicate an influence of the first over the second although we have not found any 
acknowledgement of this in the literature. 

A GPU SPMD implementation of the molecular dynamics nonbonded computation men-
tioned above can be found in [SHPS16]. Here, atoms are arranged in tiles to be executed in thread 
blocks. When computing the force on an atom, if the distance to an atom in an adjacent tile is 
small enough, there will be a tangible force between them, and that atom is included in the force 
computation. This distance condition is an example of SPMD branch divergence.

3.4	 MESSAGE PASSING PRIMITIVES
Distributed memory machines were not that important in 1980 although, as mentioned at the 
beginning of Chapter 2 on hardware there were a few loosely coupled multiprocessors, as distributed 
memory machines were known back then. Today, message passing on DMM systems is being 
used effectively in many applications. For a simple example, sequence alignment applications run 
efficiently on DMM systems because a genetics database of sequences can be spread across a clus-
ter, e.g., BLAST discussed below in Section 4.4. With the dominance of clusters in the TOP500 
illustrated in Section 2.5.1, most supercomputer applications have been structured with message 
passing, frequently with much more complex techniques than genetics such as domain decomposi-
tion used in FEA and molecular dynamics; see Sections 4.2 and 4.5. 

The message passing paradigm was developed before 1980. See, for example, [Lori72] on 
parallel programming with IBM’s channel-to-channel adapter and [Hoar78] on communicating 
sequential processes (CSP). However, the message passing notations of today originated in the 
early 1980s with the Caltech Cosmic Cube [Seit85],3 developed by the Caltech Concurrent Com-
putation Program (C3P). The Crystalline Operating System (CrOS), developed for the Cosmic 
Cube, made message passing operations available to programmers not as a language extension, 
such as those in CSP, but as a library. This library approach was adopted by practically all widely 
used message-passing systems developed afterwards. CrOS also introduced to the world of DMM 
programming collective communication operations such as broadcast and reduction that increased 
the usability of the notation. The designers of CrOS advocated and used the SPMD paradigm to 
program the Cosmic Cube [FoxG18]. 

After the Cosmic Cube, there was a proliferation of message passing APIs. Some developed 
by vendors such as IBM’s EUI [BaKi93, BBBC94] and Intel’s NX [Pier94], others by research 
groups such as PARMACS (developed at the German National Research Centre for Computer 

3  The Cosmic Cube was the first Hypercube connected DMM system and it led to production of the iPSC.
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Science) [CHHW94] and PVM (developed at Oak Ridge National Laboratory) [Sund90]. An 
important characteristic introduced by the end of this wave of message passing systems was system 
independence. Message passing libraries were not integrated into any one OS or any one intercon-
nection network. Thus, they were portable and still pretty effective across different systems. PVM 
was for a while the de facto machine independent standard for distributed memory programming. 

The most popular notation today to program distributed memory machines is MPI (the 
Message Passing Interface). Development of MPI started in 1992 at a Workshop on Standards for 
Message Passing and, under the guidance of a committee known as the Message Passing Interface 
Forum, it created a portable API that incorporated features of the earlier, syntactically incompat-
ible APIs mentioned in the previous paragraph [MPIF93]. This standardization effort resembled 
the Parallel Computing Forum initiated several years before by Kuck and Associates Inc. (KAI) to 
standardize shared memory programming notations. See the next section. Today’s MPI is much 
larger than the CrOS library in terms of the number of routines and their complexity, but it retains 
the CrOS’ library reliance on collective communication and SPMD programming style.

A second approach to programming distributed memory machines with message passing 
primitives is to follow a partitioned global address space (PGAS) model. Among the popular ex-
amples of this approach are SHMEM, implemented as a library, initially introduced by Cray for 
the T3D, and two parallel languages: Coarray Fortran [DCMC04, Numr11] and UPC [ElCh01]. 
The most recent versions of MPI contain one-sided communication primitives that are needed to 
implement PGAS notations. PGAS notations have benefits over the first MPI versions, but for ef-
ficient execution, they require low latency interconnection networks, for example the Cray Gemini 
interconnection network; see Section 2.5.4. 

3.5	 SHARED MEMORY PRIMITIVES
Long before 1980, primitive operations were introduced to control task creation, and synchroniza-
tion for shared-memory machines. In application terms, the 1980s automatic speech recognition 
originally experimented with shared memory primitives because the structure of phoneme graphs 
could not be cast as vectors. (Parallelism in speech recognition is discussed in Section 4.7.) Today, 
this programming notation is used in many applications and one can use libraries, compiler direc-
tives, or language extension implementations. 

The most basic programming notations for shared memory parallelism are APIs to control 
task spawning and synchronization. Mechanisms to represent task parallelism are typically provided 
by the operating system processes and they have existed since the beginning of electronic computers 
to support all forms of parallelism including that between I/O and computation. One of the earliest 
API designs for large task parallelism that is influential to this day is the Fork-Join model whose 
description was published in 1963 [Conw63]. Also, long before 1981, programming languages such 
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as Algol 60 and PL/1 included tasking primitives. The advent of SMM machines in the early 1980s 
led to a variety of APIs which supported parallelism for performance including the macrotasking 
functions from Cray [Cray84] that were used to spawn processes for tasks using relatively slow 
operations. Popular APIs for tasking today include POSIX Threads, which are lightweight com-
pared to operating system processes, and the standard libraries of languages such as Java and C++. 
There are also tasking APIs for Python although their effectiveness is constrained by its Global 
Interpreter Lock (GIL). Since not all operating systems contain standard tasking APIs, application 
developers are forced to use wrapper layers to facilitate portability across machines with different 
tasking APIs. The specific synchronization primitives their application depended on could also be 
added to these wrapper layers.

The basic multitasking mechanisms have some limitations as a programming notation. One 
is that a naive use of the multitasking mechanisms could often result in unstructured programs that 
are difficult to read, let alone debug. This lack of structure is even greater in programs that reuse 
threads from a pool of threads. Thread pools are used to avoid the significant operating system 
overhead of repeated thread creation for each task within the application. For that reason, computer 
vendors developed collections of directives to represent parallelism. One class of directives (e.g., 
Cray microtasking directives) annotated loops, typically Fortran loops, as parallel. The idea of a 
parallel loop had earlier been proposed for the Burroughs FMP multiprocessor [LuBa86] under the 
name of DOALL, but the notation of parallel loops was proposed even earlier [Gosd66]. 

Starting in 1987, under the leadership of KAI, representatives from the main multiprocessor 
computer vendors, under the name of the Parallel Computing Forum, undertook the creation of a 
standard to unify the numerous sets of Fortran directives which included those from Alliant, Con-
vex, Cray, Encore, IBM, and Sequent. The final version of their proposed standard was released in 
1991 [PaCF91] and contained not a set of directives, but Fortran language extensions that imple-
mented the constructs that were typically specified using directives before PCF. With the release of 
the standard, the PCF ended and a committee was organized to develop an ANSI standard based 
on the PCF proposal. Unfortunately, no standard was produced. As far as we could determine there 
were two main reasons for this. One was that the PCF founders found the process required to 
develop a standard within ANSI was too long and cumbersome [Kuck18]. In addition, the ANSI 
committee was too ambitious and expanded the initial PCF primitives creating what many believed 
was an unmanageable proposal [Leas18]. 

After it was clear that the ANSI subcommittee was not converging, KAI restarted the pro-
cess and assembled a group from companies and research laboratories that put together a proposal 
for FORTRAN directives and function calls to specify parallelism, including loop parallelism. 
The primitives included in this proposal were almost the same as those in the PCF document, but 
with some simplifications. The proposed programming notation, which they called OpenMP, was 
presented at Supercomputing in 1997 [ChJR07]. The name OpenMP reflects the desire to make 
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the programming notation standard/open access. Under the guidance of the OpenMP Architecture 
Review Board, the standard has evolved for the last 20 years to include numerous new constructs 
for C, C++, and Fortran. Instead of using language extensions, OpenMP operations are specified 
via directives that take the form of #pragmas in the case of C and C++ and special comments, in 
the case of Fortran. Aside from programming with threads directly, OpenMP has become the most 
popular standard for shared memory parallel programming.

Alternatives to OpenMP for C/C++ are implemented as template libraries in Microsoft’s 
Task Parallel Library (TPL) and in Intel’s Threading Building Blocks (TBB), released in 2006 
[Rein07]. Because C++ supports templates, TPL and TBB do not require compiler support. In this 
way, they are simpler to implement and easier to evolve than OpenMP which does require compiler 
support. Another emerging alternative is the C++17 Standard Template Library, which includes the 
concept of a parallel iterator. This allows the programmer to apply considerable freedom in creating 
SMM tasks. Like threads, it is important to observe that APIs, directives, and templates do not 
check for correctness, which can be a source of problems. These checks can be implemented by ap-
plying dependence checking or validating proper synchronization with tools such as Intel Inspector. 

Notations for shared memory programming require run-time support in both user mode and 
by the operating system. For example, task scheduling techniques such as self-scheduling [Smit82], 
guided self-scheduling [Poly87], and gang scheduling have been an important component in the 
implementation and use of parallel loops. Also of great importance is the capability of the oper-
ating system to switch contexts to a different process if processors become idle during execution 
of a shared memory program [Boot18, Furt18]. Context switches are used as a last resort in high 
performance computing since processor idle cost is not as significant as it was for the vector pro-
cessors of the first wave. (We personally note that they still become important when we introduce a 
deadlock or busy wait, the bane of shared memory primitives, and start hoping for a context switch 
to let us get control again.) 

Finally, one can compare shared memory primitives to both finer and coarser parallelism 
models. Today, shared memory primitive programming notations are suitable for multicore pro-
cessors but are too coarse for manycore processors such as GPUs where a fine-grained SPMD 
model is appropriate. Threads at this level are referred to as microthreads because the tasks are too 
fine-grained to schedule individually. Here a block of threads is scheduled concurrently and the 
threading model guarantees that all threads in the block are alive with registers and cores allocated 
concurrently. Synchronization is limited in this model to barriers where all threads must check-in 
to the same barrier before any thread in the block is released. This is in contrast to the threads 
of the shared memory primitives where synchronization can cause a thread to busy wait, or even 
be context switched. ([SGMA10] illustrates this model and how it can be translated to shared 
memory primitives.) An even coarser parallel model such as in MPI that uses processes can easily 
use multicore today. One can ask for any number of virtual MPI workers on the same multicore, 
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including more workers than cores because a worker will be suspended to allow other workers to 
make progress.

3.6	 DATAFLOW
Although there are no commercial dataflow machines today, the notion of a task graph to control 
parallelism and schedule computations has been highly influential. At the fine grain, instruction 
level parallelism controlled by hardware, pervasive today, can be considered an incarnation of data-
flow although it predates dataflow and is not explicitly based on a graph. On the other hand, we 
can legitimately say that macrodataflow, where each node of the graph executes multiple instruc-
tions, was partly inspired by dataflow concepts. There have been numerous macrodataflow designs 
since 1981 and the notation is still of great interest. An early example was the dependence-driven 
computation design planned for the experimental Cedar multiprocessor, built by the University 
of Illinois [GaKP81]. Charisma++ [KaHH04] is an example of macrodataflow as a programming 
model for distributed memory machines. The Open Community Runtime is a recent example of 
macrodataflow [MCCS16]. This design was intended as an alternative to MPI for exascale com-
puting. Other examples include the dataflow graph mechanisms of TBB, Microsoft’s Task Parallel 
Library (TPL) and TensorFlow. In TensorFlow, the nodes represent array operations and the values 
flowing along the edges of the task graph are arrays or tensors. Similarly, for applications one does 
not have far to look. Automatic speech recognition traditionally used phoneme graphs and more re-
cently, deep neural nets models have used TensorFlow. In fact, deep neural net processors, discussed 
in Section 5.2, rely on macrodataflow notation as their high-level language. 

3.7	 PARALLEL COMPUTING LIBRARIES
Libraries encapsulating parallelism within the compute intensive functions are of great importance. 
They facilitate parallel programming in the same way that conventional libraries facilitate conven-
tional programming. If an application can be implemented in terms of subroutines encapsulating 
parallelism, excellent performance can be obtained without the need for the library user to explicitly 
handle parallelism or synchronization. Of course, this does not work for all applications, and relying 
on sequences of basic parallel algorithms does not always lead to efficient computations.

We are not aware of any widely used libraries of computational subroutines designed to en-
capsulate parallelism before 1980. The version of LINPACK available in 1980 seems to have been 
automatically vectorized within appropriate subroutines. The Numerical Algorithms Group (NAG) 
library was “partially vectorized” for the Cray-1 in 1983 [WikNAG]. Also, after 1980, an assembly 
language implementation of the BLAS for the Cray Y-MP and Cray 2 [SVYM91] was developed 
and this implicitly meant a vectorized version of LINPACK [DoSt84] since it is implemented on 
top of BLAS. Even then applications were taking advantage of numerical libraries’ parallel capabil-
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ities. Static FEA, discussed in the Section 4.2, uses solver kernels and algorithms frequently found 
in subroutine libraries.

During the last three and a half decades the number of libraries encapsulating parallelism has 
increased and they collectively now span a wide range of applications, algorithms implementations, 
and target machines. The libraries sometimes target a single class of machines (shared memory, 
distributed memory, or GPUs) or include alternate routines for different classes of machines. A few 
general-purpose examples include: 

•	 IMSL and NAG for shared and distributed memory machines,

•	 LAPACK for shared memory machines and vector processors (originally LINPACK),

•	 ScaLAPACK for distributed memory machines, 

•	 NVIDIA GPU-Accelerated libraries, 

•	 Intel’s MKL library, which includes implementations for shared and distributed mem-
ory machines,

•	 the Parallel Boost Graph Library for distributed memory machines,

•	 the C++ parallel Standard Template Library for shared memory machines, and

•	 TensorFlow for machine learning and neural nets on clusters and GPUs.

There are many application specific libraries that encapsulate parallelism as well.

3.8	 PARALLEL PROGRAMMING NOTATIONS AND MACHINE 
CLASSES

To conclude this section, we summarize in Table 3.1 the parallel programming notations discussed 
here. The top-5 rows summarize the characteristics of the different programming notations that 
are the columns of the table. Below that, the relation between machine classes and parallel pro-
gramming notations is shown. Example languages for each class of notation are shown in each cell 
indicating that the notation is appropriate for that class of machine.

3.8 PARALLEL PROGRAMMING NOTATIONS AND MACHINE CLASSES
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CHAPTER  4

Applications
In 1980 there weren’t many parallel applications. Those that existed were mostly experimental in 
research labs. But then, parallel machines were few and they cost millions of dollars. Now there are 
many parallel applications and we have to select a small representative set to cover in this chapter, 
see Table 1.1 or 4.1. By 1980 most of these applications had already made a start in parallel pro-
cessing but the progress was very different. Parallelism in seismic processing started in the 1960s 
on IBM attached vector processors and was using vector supercomputers on production seismic 
surveys by 1980. Finite element analysis and computational chemistry were beginning to see their 
potential [GlHo83, FiRa81]. As early as the 1960s computer vision researchers saw that 2D pro-
cessor arrays such as Illiac III could work well for image processing [McCo63]. Object recognition, 
on the other hand, had not seen much opportunity for parallelism because algorithms were still 
being explored. In 1980, computer graphics experts were experimenting with graphics systems on 
the Cray-1 and on a DMM system [EwMa78, Fuch77]. By 1981, the E&S CT5 flight simulator 
came out which had a pipeline of custom VLIW processors controlled by a PDP-11. The whole 
simulator cost around $20M when a Cray-1 cost $8M. Bioinformatics was researching laboratory 
equipment and algorithms to support them, a long way from having any interesting results. 

Today, with the cost of parallel processors in the $100 range, parallel applications are 
abundant. And, advances in parallel hardware and programming notations since the 1980s have 
allowed parallel application developers to achieve many major milestones in their fields. As a 
result, parallelism impacts millions of people every day. Table 1.1 shows key milestones for these 
seven parallel applications. Each application is discussed in the subsections below following the 
temporal order of the milestones. At the end of this chapter, Table 4.2 will summarize the appli-
cation scalability growth. 

What about the engineers and scientists that brought these parallel applications into exis-
tence? Most of them are now pre-eminent in their fields. Some looked for ways to use computers 
to solve problems they could only attack with pencil and paper before that. And, it turned out, 
they needed a supercomputer in the end. For example, theoretical chemists Walter Kohn and 
John Anthony Pople were awarded the Nobel Prize in Chemistry in 1998 for inventing ab initio 
computational chemistry, which is covered in Section 4.5. Others were simply solid engineers with 
a good idea that they pursued with a passion. For example, John O. Hallquist at LLNL invented 
the finite element analysis applications NIKE2D, then NIKE3D and DYNA2D. These led to an 
even better application. In 1976, he invented DNYA3D that we will speak about in Section 4.2. A 
final example shows that sometimes supercomputing applications have had to win out step-by-step 
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over analog or mechanical technology. Industrial Light and Magic (ILM), with a render farm of 
over 7500 nodes, was founded in 1975 when George Lucas hired John Dykstra, who did work on 
Close Encounters of a Third Kind. As of 2016 ILM had won 16 Best Visual Effects Oscars and 24 
Scientific and Technical Awards from the Academy of Motion Picture Arts and Sciences. See ray 
tracing in Section 4.3. Thus, for over 40 years, passion to solve real-world problems has inspired 
many good engineers and scientists to employ parallelism in their applications.

These seven applications have exhibited four orthogonal modes of parallelism growth over 
the period of four decades. 

1.  New Parallel Methods (NPM) have been applied. For example, [LTEK20] traces 
major algorithmic improvements in the maximum-flow problem over 40 years leading 
to 9 orders of magnitude increase in performance on graphs with 1012 nodes.

2.  Simply application Data Size Grows (DSG). In some cases this comes about because 
the number of data points grows, e.g., genetic sequences, or because the precision of 
the input is increases, e.g., more elements in an FEA model. 

3.  Additional Scalable Layer (ASL) of parallelism that contribute new functionality. The 
parallelism in this new layer was typically just repetitions of multiple instances of a 
problem. This is what is sometimes called “embarrassingly parallel” and more appro-
priately called “pleasingly parallel” because it is not at all embarrassing to compute and 
apply more useful computation.

4.  Sometimes Time-to-Solution Pressure (TSP) demands best met by using parallel 
processing have been added.

Historical analysis shows that often an application that benefited from one parallelism mode 
can grow scalability in the future following the same mode. But, that may not always the case. For 
example, a protein has only a certain number of atoms; simulating more atoms is not necessary. 
Although a large protein can be over 500,000 atoms, a small protein is about 2,000 atoms. But also, 
in most of these cases, there are more problems to solve, e.g., adding new methods to increase the 
accuracy of simulation or simply simulating even larger proteins. Advances in a different area of the 
application field often appear to create future scalability growth in a mode that was not used in the 
past, e.g., iterating over a set of proteins in a database. 
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Table 4.1: Applications in Chapter 4 and their major parallelism modes. (In this chapter, the abbre-
viation for each mode of parallelism will be used to identify the cases. For example, DSG mode will 
stand for Data Size Growth.)

Application- Major 
Milestone Achieved

New Parallel 
Methods 

(NPM mode)

Data Size 
Growth 

(DSG mode)

Additional 
Scalable 

Layer 
(ASL mode)

Time to 
Solution 
Pressure 

(TSP mode)
Seismic Data Processing-3D 
seismic processing

P P

Finite Element Analysis-Car 
crash simulation

P P P

Computer-Generated Images- 
Full-length animated movie

P P P

Bioinformatics- Sequencing 
the human genome

P P P

Computational Chemistry- 
 Protein folding

P P P

Computer Vision- 
Autonomous vehicle

P P P P

Speech Recognition- 
Continuous recognition with 
less than 5% error

P P P

Before going into the specifics, here are several general points about parallel applications.

•	 Parallel applications affect ordinary people in two ways. Quite a few parallel applica-
tions touch people indirectly. These are usually datacenter applications where experts 
interpret and apply the results of the computations to benefit many non-experts. For 
example, chemists must analyze the results of computational chemistry applications 
to select the most promising compounds for human use. On the other hand, in more 
recent cases, multicore microprocessors and GPUs in personal devices have allowed 
parallelism to be used by people directly in daily life, e.g., a weather forecast.

•	 The seven applications discussed in this chapter have sufficient usage and parallelism 
to target several different platforms by using several of the programming notations 
discussed above. The platforms can be simple or hybrid parallel systems. For example, 
seismic processing, although vectorized in the 1960s, was programmed for the pipe-
lined vector supercomputers in the 1980s, a simple parallelism system (see Section 

4. APPLICATIONS
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3.2). There they relied on vectorizing compilers. It evolved across many years of version 
after version evolution onto hybrid parallel systems, adopting multiple programming 
notations such as: SMM microtasking of Section 3.5, NUMA SHMEM notation of 
Section 3.4, clusters with MPI of Section 3.4, and more. 

•	 For each application field there is a suite of programs used in various combinations 
to address a broad range of problems. Each program in the suite might use different 
algorithms and thus might have different types and amounts of parallelism. Although 
some of the programs receive little value from parallelism, the most compute intensive 
components of the suite are often the best parallelized. Only a few applications in each 
suite can be mentioned specifically below. For a general picture consider two examples 
(the highly parallel components are in bold):

ºº Chemical design suite which usually contains:

•	 A graphical molecule builder

•	 A chemical and protein database interface

•	 Several computational chemistry packages (discussed in Section 4.5):

-- Simulated docking tools

-- Molecular modelling

-- Quantum chemistry analysis

•	 Molecule visualization and property extraction tools

•	 Statistical analysis package for computing chemical properties

ºº Computer Aided Engineering usually consists of:

•	 A pre-processor to convert computer generated models into a mesh of 
elements for analysis

•	 Analysis applications which are usually parallel:

-- Finite element analysis 

-- Computational fluid analysis 

-- Manufacturing analysis 

-- Multi-body dynamics and kinematics 
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•	 Post-processing: to visualize the results

•	 All of the above are used in an additional layer of parallelism for doing 
design optimization

•	 There has been considerable research into general techniques to improve parallel pro-
grams. Consider the three main techniques as follows.

ºº Tuning for the architecture: For example, today one may wonder why MPP 
NUMA systems lasted for a decade after the appearance of clusters. Shared mem-
ory systems, even with NUMA protocol overhead, were simply easier to program. 
If one bought a cluster, it could take a couple of years to convert and tune one’s 
applications to DMM message passing. The cost of person-years of engineering 
was greater than the cost difference between a cluster and a NUMA system. (To 
make this point to eager DMM parallel processing start-ups, prospective buyers 
could give the salesperson a set of 10 benchmarks and say, “Bring back your best 
performance numbers in one month,” i.e., not nearly enough time to reprogram 
an application with message passing. From time-to-time one got lucky and the 
DMM implementation was easy. More frequently, tuning an SMM application 
for NUMA could be done within a short period of time. Even today, NUMA 
architecture is used on a smaller scale, e.g., UltraPath Interconnect.)

ºº New algorithms: Better algorithms can go as far as making an application a “killer 
app.” To continue the NUMA versus cluster example, implementing domain de-
composition in an SMM application could allow it to scale an order of magnitude 
faster on a NUMA system. And, domain decomposition can make it feasible to 
add message passing to run even faster on a cluster. Gradually, domain decompo-
sition diffused into many applications and the advantage of NUMAs disappeared.

ºº New parallel methods: On the other hand, new methods can sometimes launch a 
whole new market. Here are three examples.

•	 Seismic processing: wave migration methods can allow geophysicists to 
confidently predict whether there is an oil reservoir or not in the survey 
area. The cost of a well that doesn’t produce oil, a “dry hole,” is high. The 
U.S. Energy Information Administration reports that onshore wells typ-
ically cost more than $5M. Offshore wells may be more than ten times 
that cost. 

4. APPLICATIONS
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•	 Finite Element Analysis: the explicit method, as opposed to the implicit 
method, made engineering cars for crashworthiness possible. Without 
computer simulation, crashworthiness is experimental: build a car, crash it, 
rebuild it, …. We note below that a conservative estimate of $2.5M was 
saved each year by just one manufacturer at the introduction of FEA car 
crash.

•	 Computer vision: As noted below, deep neural nets made previous meth-
ods obsolete by cutting error rates more than in half. 

The figures above are individual instances. When a whole industry applies these 
methods the multiplier creates large markets. For example, in computer vision, this 
level of error reduction has made autonomous vehicles feasible. Auto manufacturers 
call autonomous vehicles the most dramatic change in their industry since the inven-
tion of the automobile.

There is a lot of research available about each of these three techniques. But, as just men-
tioned, the greatest opportunities are in finding new parallel methods. Here are a few pointers to 
parallel methods surveys: in linear algebra, see [GaPS16]; in deep learning, see [BeHo18]; a final 
example, the Thirteen Parallel Dwarfs [ABCG06]. 

•	 In practice, parallelization of an application is relatively easy compared to the work 
in preparing the application for production and commercial use. The latter involves 
a great deal of testing and validating that the application solves necessary real-world 
problems as well as making sure that it always recovers gracefully from any failure in 
parallel mode. (Application developers usually make sure the serial version is correct so 
that they can diff to the parallel version. So, naturally, the serial version almost always 
has priority for commercial application developers.)

Before discussing these seven applications, here is a short list of other parallel applications with 
high end-user impact.

•	 Weather forecasting: many people consult a weather forecasting service before leaving 
the house. Massive parallelism has been exploited in weather forecasting.

•	 Climatology: Global warming has such a tremendous economic impact that it touches 
everyone. Parallelism in climatology has allowed many more climatology scenarios to 
be simulated and evaluated.

•	 Computational finance: Financial markets have changed considerably since the 1980s 
due to computational finance where evaluating risk before a trade is made is essential. 
Parallelism allows many possible market outcomes to be evaluated too. 
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•	 Computer Security: Security analysis with parallel processors helps us to stay one step 
ahead of fraudulent use that can impact massive numbers of people. And on the other 
side, the new abundance of commodity parallelism helps perpetrators break security 
measures faster.

•	 Oil/Gas Reservoir Simulation: Petroleum exploration is discussed below. Parallelism 
is also important on the production side.

•	 Computational Fluid Dynamics: CFD is one of the first applications to employ paral-
lelism. Now, that parallelism has migrated down to most high-end desktops and even 
laptops, engineers can employ CFD in many quite ordinary design problems.

•	 Data Analytics: Data analytics is used in many fields more than bioinformatic labo-
ratory analysis mentioned below. From its roots in statistics and data mining, as data 
size has scaled-up, data analytic methods have employed more and more parallelism. 

•	 Defense and National Labs: Computational analysis of national goals such as natural 
resource management, productivity, and defense has been primary driver of parallel 
processing since the computer was invented. Cray-1 serial number 1 was installed 
at Los Alamos National Laboratory in 1976, while Livermore National Laboratory 
received the CDC STAR-100. Summit is located at Oak Ridge National Laboratory. 
And, there are many examples of national labs supercomputers in between.

Still more parallel applications with high impact to society could be listed. See, for example, 
[HPCA18, FCCS92, ACCI11].

Here are two general notes to keep in mind about this chapter.

•	 In this book, the term “application” usually refers to an application field. Experts in 
a field tend to call each program in the field “an application.” That latter sense of the 
term may be used in this chapter when discussing different specific types of programs 
in an application field.

•	 There are generally two types of references provided below. First, a technical reference 
that shows one way in which parallelism works in the application. Second, a historical 
reference as early as possible to a parallel version on some parallel architecture.

4.1	 SEISMIC DATA PROCESSING
The goal of seismic analysis is to allow geophysics to understand the geology of the surveyed area 
ever more clearly and ever deeper into the earth. The processing power that is applied to seismic 
surveys has increased tremendously since 1980, in fact, since the first computers. This need for 

4.1 SEISMIC DATA PROCESSING
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processing power is mainly due to ever-larger seismic surveys, starting from 1D surveys and pro-
gressing to 3D surveys today (DSG mode).

Seismic processing of these surveys consists of a sequence of methods: first signal enhance-
ments, such as deconvolution, is applied; continuing with corrections for the geometry of the survey, 
e.g., normal move out; and, most significant in accuracy and computational complexity, wave equa-
tion methods. Wave equation methods are governed by the transmission and reflection of seismic 
signals. Of the three types of methods, seismic migration is the newest parallel method (abbreviated 
NPM as discussed above). Traditionally, parallelism has been applied by processing many shots in 
parallel. (A shot, or trace, is the data that corresponds to one sound source and microphone pair. 
Hence, a shot was often recorded as one input record.) With this technique, parallelism in most 
parallel architectures, vector machines, SMM machines, DMM machines, SIMD devices, and 
GPUs can be applied. And often, they can be applied in hybrid combination. For example, in 1989 
on a Cray X-MP the Cray macrotasking as well as vectorization were used in 1989 [ReEd89]. At 
that time, 3 × 5 mile 3D survey took up to 6000 reels of 6250 bpi tape and that most of the seismic 
methods just mentioned, except migration, were processed while loading the next tapes. Progress 
has continued constantly. For example, in 2012, prestack depth migration and reverse time migra-
tion was performed on a cluster with GPU accelerated nodes 10–20 times faster than a cluster with 
CPU nodes alone [Zhan12].

In 1970, it was shown that geophysicists could visualize the earth’s structure in a more natural 
way with 3D surveys, one could say in a stereo view. This was a golden moment in seismic data 
processing. This insight propelled further progress:

“The geophysical firm CGG officially entered the Big Data market in 1971 with its first 3D 
seismic acquisition survey for the oil and gas industry 

…

“A land seismic survey conducted in 2005 had 400,000 sensors per square kilometer; by 
2009, that number had reached 36 million. From 2005 to 2009, the average volume of 
data gathered on an eight-hour shift grew from 100 GB to more than 2 terabytes. 

…

“Marine seismic surveys are more complex, with a vessel towing a streamer a kilometer 
wide and a 10K trace distance in length. CGG uses multiple vessels to create wide and full 
azimuth views to open the second eye and see in stereo below the sea floor surface. These 
streamers represent the largest moving infrastructure on earth, and can be seen from space 
as they move and collect data. 

…
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“The company has 40 computing centers worldwide; one of its larger computing centers is 
within the [size] range of major processing centers such as Sequoia [located at Lawrence 
Livermore National Lab], with more than 100 petabytes/day of active data.”

Comments by Hovey Cox, Senior VP of Marketing and Strategy, CGG [Boma15]. 
It is interesting to note that large-scale machines such as the Cray XC30 provide several 

advanced parallel programming notations, e.g., Fortran co-arrays, UPC, and Cray SHMEM nota-
tions, as well as MPI, to allow geophysicists to program the most recent seismic analysis techniques 
and numerical methods [Bran17]. However, we do not know whether these advanced programming 
notations are finally in use in production geophysical application suites.

 Since the origins of parallel processing, seismic processing was always the first to look for 
more parallel processing. As a historical note, the “S” in the TI-ASC processor name originally 
stood for “Seismic” and was changed to “Texas Instruments-Advanced Scientific Computer” when 
they found other applications might also be interested. The future of seismic processing appears to 
demand even more computational power. Much more data can be integrated to provide ever-clearer 
views below the surface of the earth. More valuable insights can come from integrating data from 
sources such as: more flexible sensors, multiple surveys, and satellite remote sensing indicating data 
size growth (DSG mode) and potential additional scalable layers (ASL mode). Further, new or 
more complex algorithms can be applied such as: more sophisticated migration, principal compo-
nent analysis, convolutional neural nets, and self-organizing maps (NPM mode) [Kris15]. Driving 
this growth is an extension of what geological structures are being searched for. Until recently, one 
looked for specific types of structure likely to “trap” oil as it migrated through the sub-surface. Now 
there is increased interest in identifying interesting “continuous” structures where oil is likely to be 
generated although it may migrate elsewhere. 

Although demanding more computational power, one could say that the computational 
problem of seismic processing is mostly solved. New methods are being developed to help analysts 
avoid missing opportunities, but the basic methods are stable. New problems are also well defined 
and in the works. One could look at the U.S. Geological Survey world assessment of oil and gas 
resources to see not only where conventional seismic studies have been done (40–50% of the world) 
but where unconventional studies have been done (only 10–20% of the world). Conventional 
analyses look for particular geologic structures known to trap oil or gas. Unconventional studies 
usually look for continuous oil and gas accumulation, where new methods are being developed 
to identify “sweet spots.” (Undoubtedly, society will not pursue these resources rapidly because of 
global warming.)

4.1 SEISMIC DATA PROCESSING
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4.2	 FINITE ELEMENT ANALYSIS
Finite Element Analysis (FEA) applications have an interesting and mixed record in parallelism. 
The focus of this section is on NASTRAN and DYNA3D that are used largely for different types 
of mechanical structural analysis. NASTRAN (NAsa STRucture ANalysis) was first released in 
1968. Shortly after MacNeal-Schwendler Corporation released a commercial version, MSC/NAS-
TRAN. NASTRAN uses an implicit solver method, which is often used for linear static and vibra-
tion modal analyses. It was first vectorized for the Cray-1. In [GlHo83], it was noted that unless 
the analysis was large (for those times), the performance on the Cray-1 was not much better than 
that of a high-performance scalar processor of the same period. Although the element assembly 
phase is also parallelizable using an SMM tasking notation, it was not considered effective. SMM 
machines were not widely used in those days and the solver took considerable time. Similarly, gath-
ering all the elements of each type into vectors could have been effective parallelism, as DYNA3D 
showed several years after. Nonetheless, NASTRAN showed improvement in the solver phase on 
vector architectures using a parallel library. This is due to the dominance of vector-vector and vec-
tor-matrix operations, BLAS Level 1 and 2 [LHKK79]. Since then, more parallelizable numerical 
methods are being adopted in these solvers, such as preconditioned conjugate gradient techniques 
(NPM mode). This type of FEA method has advanced to support all architectures from DMM 
systems to GPUs [AnTD16]. Multicore and GPU parallelism in personal computers has enabled 
small engineering companies to profit from parallel FEA analysis, for example see [FiZe16] in 
which ANSYS, another popular application for implicit FEA is used. 

DYNA3D uses an explicit solver FEA method for solving dynamic, i.e., time varying, and 
nonlinear analysis problems. It was implemented in 1976 and shortly after vectorized on the Cray-
1. In 1988, the commercial version, LS-DYNA, was launched by Livermore Software Technology 
Company. Vector parallelism was part of the software architecture from the beginning [Bens07, 
GiJo89]. The Cray Microtasking notation was also applied as soon as it was available on the Cray-
XMP. As discussed in Section 3.5, Cray microtasking enabled the efficient execution of parallel 
loops by reusing a thread when it had finished the previous task for the next task and in this way 
significantly reduced the number of expensive task creation operations. Although Cray-1 style 
parallelism was not widely available at the time, it was the target architecture of choice because dy-
namic FEA analysis with sufficient number of elements for valid analyses could rarely be performed 
on slower machines. A major milestone occurred when automotive structural engineers applied 
nonlinear dynamic analysis in the design of safer cars during the 1980s and 1990s. Several safe car 
features credited with saving many lives every year have been designed on parallel computers. For 
example, crush zones, door beams, and air bags. A key requirement of this type of problem is that 
the finite element model evolves over the duration of the simulation with new contacts and sepa-
rations between elements expected to occur all the time. Every major automaker has several hybrid 
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clusters continuously simulating car crashes. Hybrids can be used efficiently since the support of 
parallel architectures in LS-DYNA has grown to include SMM machines, DMM machines, and 
GPUs. It was estimated conservatively in 1999 that roughly 30% of car crashes could be simulated 
with LS-DYNA instead of crashing a real prototype. Based on the number of real prototypes 
crashed, an estimated $2.5M was being saved each year by just one manufacturer [Bens07]. The 
number of elements in complex structures such as automobiles has increased through the years. 
Around the turn of the century a car model contained typically 250K elements. Now, more than 
1M element models are common (DSG mode). 

Over the past 40 years, more powerful computers have supported the demand for higher 
quality engineering in the automotive industry and elsewhere with all types of FEA applications: 
static, dynamic, modal, linear, and nonlinear [Gins99]. And, design optimization, which adds an 
additional scalable layer (ASL mode) to FEA analysis, although optimization algorithms them-
selves are only moderately parallel, the different types of mechanical analysis methods used in the 
optimization are parallel. Optimization is now available with many FEA applications.

In the near future, parallelism in FEA codes is likely to become more sophisticated for two 
reasons. First, topics such as optimization and multiphysics, both of which dramatically increase the 
computing required (ASL, NPM modes), are continuing to develop [KMWG13]. In multiphysics, 
new methods are being reported by integrating CAE applications, and also multiphysics applica-
tions, for example, COMSOL. All these cases, lead to new low cost parallel application demands. 
Second, the democratization of FEA, i.e., use for many new, different types of product, which has 
occurred through the availability of FEA applications, has led to a schism between generic FEA 
applications versus fit-for-purpose FEA [Wass15]. Democratization implies that with respect to 
parallelism the largest portion of FEA use may continue to move from large DMM servers to 
SMM and hybrid GPU clients. Multiphysics and optimization certainly require more computation 
but there are computational dependences in dataflow that make it hard to predict that computation 
growth will lead to great parallelism.

FEA has more solved problems than unsolved problems. An example of the newer challeng-
ing types of problems just mentioned in multiphysics and integrated CAE is designing motors for 
electric airplanes. This benefits from solving electrical, fluid dynamic and mechanical equations in 
the same simulation. This is an important problem area because for short flights, 100 miles or less, 
conventional planes are the most inefficient. They consume fuel costing around $400 while the 
same electric plane flight is anticipated to cost $12 for the electricity. Start-up companies, such as 
those investigating sustainable technologies, are tackling problems like this. In the past, they would 
have been hard pressed to use CAE methods. Multiphysics methods required large computations. 
With the democratization of CAE due to multicore/GPU workstations, start-ups can make faster 
progress and save precious investment capital. However, large companies with big servers may not 
see great scale-ups. 

4.2 FINITE ELEMENT ANALYSIS
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4.3	 COMPUTER-GENERATED IMAGERY
The parallelism in Computer-Generated Imagery (CGI) touches almost everyone daily. CGI in-
cludes computer graphics, computer games, computer animation, and related applications. In this 
field, historically, there was a bifurcation between real-time polygon rendering for interactive use 
and photorealistic rendering, which requires high computational intensity to achieve the appro-
priate visual realism. Although today both types of CGI applications can be executed on GPUs, 
originally GPUs were designed for real-time polygon rendering on personal systems while SMM 
machines and later DMM machines were used for photorealistic rendering. 

As noted above in Section 2.4.4, parallelism and graphics have had a long partnership. Par-
allelism in real-time rendering started in the early 1960s. Rudimentary parallelism was in the form 
of graphic displays connected to an additional processor to offload graphic processing from the 
mainframe. Before 1980, parallelism within the processor had been applied to CGI. [EwMa78] 
discusses a real-time graphic system where the Cray-1 built a display list, which was transferred to 
a PDP-11/70 and then an Evans and Sutherland Picture System 2 (TSP mode). Also before 1980, 
[Fuch77] studied parallelism in graphics on a distributed memory, multiple microprocessor system. 
In the early 1980s, the first special purpose graphics accelerators were attached to workstations, e.g., 
Clark’s Geometry Engine which had a 12-stage rendering pipeline. See [Croc97] for the history 
of techniques in parallel real-time graphics. GPU history started in the 1980s with processors for 
polygon rendering in arcade games. Into the 1990s, 3D graphic accelerators were common in game 
consoles and on PC graphics boards. 

In contrast with polygon rendering, photorealistic rendering changes the design criteria 
from rendering speed to rendering quality. Photorealistic rendering in computer-generated an-
imation has perhaps impacted an even broader public than polygon rendering. A few landmark 
computer-generated sequences in conventional films were:

•	 1973: Westworld,

•	 1982: Both the Genesis Effect sequence in Star Trek II: The Wrath of Kahn and the movie 
Tron, and

•	 1984: The Last Starfighter which had 27 minutes of CGI produced on a Cray X-MP.

A major challenge to film makers has been integrating CGI with traditional camera-film sequences, 
an early glimpse of augmented reality. Landmarks here are films such as:

•	 1991: Terminator 2: Judgment Day and

•	 1993: Jurassic Park.

In the mid 1990s, a major milestone was achieved, the first fully computer-generated feature 
length film (DSG mode):
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•	 1995: Toy Story. 

See [WikTCA]. 
The fundamental ray tracing algorithm goes back to 1968 [Appe68]. Ray tracing became the 

main algorithm for photorealistic rendering around 1980. Ray tracing is considered embarrassingly 
parallel in that the shading of all pixels can in principle be computed in parallel. However, the lim-
itations of real parallel processing make it harder to get perfect speedup. For pipelined architectures, 
ray tracing was vectorized on the Cray-1 and Cyber 205 [ArKi89]. In the late 1980s, Ray tracing 
was parallelized on MPPs [Dela88] and on DMM machines [Muus87]. Finally, ray tracing was 
parallelized for GPUs around 2005 [FoSu05]. With respect to current computer resources used for 
ray tracing, in 2017 a Pixar animation render farm of 80 renderBOXXs containing 960 cores was 
typical of the industry. For production rendering [Sala17] notes: 

“… Render farms often exceed 10,000 cores. …” . 

Hybrid parallel systems distribute frames at DMM level and ray tracing a frame at the SMM 
level (NPM mode). To support higher performance on modern SMM hardware with its multi-level 
cache, geometric data structures for ray-polygon intersection are used. Today, real-time ray tracing 
with acceptable quality has been close to becoming a reality on GPUs for a few years [MSGS18]. 
However, the rapidly changing geometric data structures that occur in real-time gaming and vi-
sualization, can cause data structure construction for shared access to become the performance 
bottleneck. Further improvements in data structure construction have been achieved [HLJH09] so 
that real-time ray tracing is appearing in games [Nvid18].

The future of parallelism in CGI is bright. Content creation, as in the past, has a strong 
agenda in datacenters. For example, Amazon Web Services includes the Zync Rendering Service. 
At the same time, content creation for HDTV is striving for real-time bandwidth [Fraz17] creat-
ing time to solution pressure (TSP mode) on the parallel architecture. Looking forward, Virtual 
Reality and Augmented Reality will probably have near term impact on client devices as well as in 
the cloud. Even further, although in large part also image processing, 3D telepresence and tele-im-
mersion are promising and still in their infancy [CGNG15, KuYB16] (NPM, DSG modes).

Although the usage of computer graphics is bright, CGI is mostly a solved problem, espe-
cially polygon rending. However, real-time ray tracing is becoming fast enough so that it can replace 
polygon rendering on client devices. One can add augmented/virtual reality and telepresence to 
that. For example, 3D reconstruction, which goes back at least to 1913, can finally be performed on 
commodity devices in these new application areas. 3D reconstruction with the goals of achieving 
real time presence, with few cameras, and low transmission bandwidth has already triggered many 
proposed solutions. 

4.3 COMPUTER-GENERATED IMAGERY
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4.4	 BIOINFORMATICS
One of the milestones in science and health of the last 40 years was sequencing the human ge-
nome. The oft-cited Science article on sequencing the human genome [Vent01] discusses their need 
to parallelize the key routines for gene assembly. At that time, the late 1990s, The Institute for 
Genomic Research ran on 10 four-processor SMM machines plus a 16-processor NUMA system 
within their 440-processor Compaq Alpha TruCluster. (One should note that there was and is 
parallelism in the laboratory processing of DNA material as well as in the computational analysis 
of DNA information. In the laboratory, a large number of DNA sequencing machines work in 
parallel, e.g., Sanger Sequencers [HeCh16]. This produces genetic sequences called reads for DNA 
computational analysis.) 

Today, bioinformatics has evolved to address many questions of great social importance, often 
with the use of parallel computers. DNA computational analysis, genomics, touched on in this sec-
tion would have for example, as an objective to provide genetic sequences causing a new disease 
in an organism. Then, the genetic sequences are assembled and used to search a large database for 
closely matching genes or their associated proteins to enlarge the human disease information net-
work. In 2014, the European Bioinformatics Institute stored 40 petabytes of data on genes, proteins, 
and smaller molecules. They ran on a 17K core cluster. And, the amount of data was doubling every 
year [KHAH16] (DSG mode). (Keep in mind that one individual’s genome is around 200 GB.) 

For this application field, a key algorithm is sequence alignment, a.k.a. gene matching. For 
example, sequence alignment is used repeatedly to assemble reads into longer sequences. And then 
it is used again to compare the longer sequence to sequences in a genomic database. Today, several 
sequence alignment algorithms are used. See [Stad79] for one of the earliest descriptions of how 
this matching works. There is usually ample parallelism opportunity no matter which alignment 
algorithm or parallel architecture is used because the genetic material being matched can be par-
titioned to match against a database of other independent pieces, which can also be partitioned 
for execution of many sequence alignments in parallel. In the foundations of bioinformatics in 
the 1990s, parallelizing on SMM systems was found to be relatively easy using this partitioning 
technique, as mentioned above regarding sequencing the human genome. Later, other parallel 
architectures were targeted. For example, the Smith-Waterman algorithm has been parallelized 
for microprocessor vector extensions like MMX in Intel Processors [RoSe00]. This used C++ with 
inline assembly code notation. 

BLAST is probably the most popular alignment algorithm [AGMM90]. Although it is not 
the most accurate alignment algorithm, it is fast with reasonable accuracy. Today, very large genetic 
databases such as GenBank are partitioned and stored across a large DMM cluster. For another 
level of parallelism, often a website interface allows many researchers to query the database simul-
taneously (ASL mode). [DaCF03] discusses mpiBLAST and [ZLZM11] compares mpiBLAST 
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running on an in-house cluster to mpiBLAST running on an Amazon AWS cluster. BLAST has 
been parallelized on most architectures including GPUs [VoSa11]. New parallelization techniques 
for BLAST are still appearing, for example [MLBV17]. 

There are many different genomic applications and more appearing frequently. Quite a few 
of them can be posed as algorithms using sequence alignment to build relationships among pieces 
of genetic material (genomics) or between proteins (proteomics). Most of these scale well, but not 
completely. For a survey of frequent parallelism motifs in these applications, see [YBAA20]. Below 
we will mention a very computationally complex application of sequence matching, computational 
phylogenetics. 

Bioinformatics has several very rich fields of microbiology research in which many applica-
tions and algorithms are data-rich and parallel. It is an experimental science involving many aspects 
of microbiology in which big data and data analytics play a major role [Adam15]. Big data analytic 
tools such as MongoDB, Hadoop, Spark Streaming, and Mahout are used to name a few (NPM 
mode). Macrodataflow notation tools such as GraphLab may be used to control the flow of large 
lab dataset computation on a cluster. For example, [KHAH16] discusses, among other bioinfor-
matics data analytics techniques, association rule mining of DNA expression studies using DNA 
microarrays. (A microarray contains thousands of comparison dots of gene sequences, for example 
from a healthy subject, and from an experimental sample, perhaps a cancer sample.) Data mining is 
used to find associations, a frequently occurring pattern of genes expressed among the thousands of 
dots paired in the two samples. What makes this a “big data” problem is that a subject would have 
a series of DNA samples taken at several points in time. And, there may be one series of samples 
for each of the 100s of subjects in a clinical study. [WSSA18] illustrates some of the bioinformatics 
techniques applied to current medical research. 

This field is far from being solved. DNA sequencing has grown from decoding the human 
genome to mapping the genome of all living things. This map can be organized as deriving the 
evolution of all living things. A frequent problem in the new area of computational phylogenetics 
is to find a good or optimal phylogenetic tree linking 10s, 100s, or 1,000s of taxa. (A taxon is a 
population of an organism seen by taxonomists to form a unit. Taxa is the plural form.) A very rel-
evant example is to model the evolution of pathogenic viruses such as HiV, Ebola, or coronavirus 
to understand how infections may be treated, e.g., each of these viruses is one taxa evolved among 
many less potent related virus taxa. These problems are much more computationally complex 
than the problems discussed above. Not only is data growth rapid in this area, but new methods 
are also sought. Nearly perfect speed-ups on large clusters are reported for some phylogenetic 
search methods, but speed-ups due to better methods, “only” in the range of 200,000-fold is still 
extremely parallel. 

4.4 BIOINFORMATICS
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4.5	 COMPUTATIONAL CHEMISTRY
Computational Chemistry (CC) has always been seen as an analysis methodology that could grow 
to be of the same caliber as other the types of chemistry analyses, in vivo (in real life), and in vitro 
(in the laboratory). A new term was coined for computational chemistry, “in silico.” Like Bioinfor-
matics, CC consists of many different applications. Let’s consider three of these application types. 

The first of the three is Molecular Dynamics (MD), which models a molecule in terms of 
the forces between atoms in the molecule and in adjacent spaces. The first research paper using the 
MD method on a molecule of 864 atoms appeared in 1964 [Rahm64]. This simulation ran on a 
CDC3600. (A computer designed by Seymour Cray.) Today, with this type of application one can 
study very large molecules such as whole proteins. 

MD applications simulate many time steps of the loop: compute the forces on each atom 
due to surrounding atoms, integrate these forces, move the atoms in the direction of the total force, 
and repeat. There are several types of atomic force that must be calculated, but the most compute- 
and communication-intensive is the electrostatic force between atoms. Fortunately, the larger the 
molecule, the more abundant the parallelism is because there are more atoms to simulate, and the 
forces between atoms decrease with distance allowing mostly simultaneous simulation of the atoms 
that are distant [PZKK02, PeSc17]. Applying a heuristic cut-off distance beyond which electrostatic 
force computation can change from atom-to-atom computation (communication intense) to a 
long-distance force computation allows a spatial meshing, a partitioning of the molecule, so that the 
force created by all the atoms in each partition can aggregate their effect on distant atoms (reducing 
long range communication). All the atoms in a partition can be computed in parallel followed by a 
computation of the long-range effects. 

From 1980 until now, one could easily increase the number of atoms modeled whenever a 
larger parallel processor was available. (The smallest human protein is about 2,000 atoms. The me-
dian is about 7,200 atoms. But the largest, Titin providing muscle elasticity, is about 642,000 atoms. 
To which one adds at least surrounding chemical solvent models of interest, e.g., a model for water. 
But, more often one simulates multiple molecules interacting at active sites. Simulations between 
100,000 and 10 million atoms are typical.) That is, one could increase the speedup by weak scaling, 
which purportedly “beats” Amdahl’s Law (DSG mode). Parallelism in molecular mechanics started 
with vector processing [FiRa81] and has continued on all types of parallel architecture including 
DMM systems with GPU accelerated nodes [SHPS16] and with ASIC nodes. The basic parallel-
ism strategy has evolved as the number of cores has increased. On vector supercomputers, explicit 
lists of atoms within cut-off distance were used. Then, all the atoms were in the same shared mem-
ory and atoms on the list could be accessed randomly (although slower than for strided accesses). 
Today, on clusters, atoms in mesh structures should be used with additional computational meth-
ods, such as Particle Mesh Ewald, which uses 3D FFTs to compute long distance forces (NPM 
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mode). In most cases, a parallel programming notation appropriate for the architecture has been 
used because the key kernels are well known and not too difficult to recode. 

A major milestone of MD has been to simulate a protein chain as it folds into the complex 
3D shape, which defines how it reacts with other molecules. MD is the primary tool in this re-
search. The Anton supercomputer [Shaw09] set a record in 2010 for simulating 1.5 milliseconds of 
a protein folding in a run taking over 100 days of computation. Timesteps in MD are measured in 
femtoseconds. This run simulated more than 100 times longer simulated time than had previously 
been simulated [Ledf10]. Anton, built at D. E. Shaw Research, is a special purpose 512-node 
ASIC cluster, connected in a 3D torus. Each ASIC contains two subsystems: the first has 32 deeply 
pipelined arithmetic modules; the second has 10 Tensilica cores with 8 SIMD cores each. Anton 
improves the performance of a general-purpose cluster running MD by: tuning the interconnection 
network and protocol specifically for MD communication (Anton uses a 3D torus configuration); 
using special purpose cores in of the subsystems, each tuned for specific types of MD force calcu-
lation; and finally, using a lot of computation and communication and relatively little memory so 
that the Anton memory subsystem can be streamlined. 

The second application type for CC is based on quantum mechanical simulation. Ab initio 
computation was developed before computers shortly after the Schrödinger Equation in the late 
1920s. Some of the major types of these applications are ab initio, density functional theory, and 
semi-empirical. By simulating the principles of quantum chemistry with the Schrödinger Equation, 
ab initio applications are much more computationally dense modeling electron wave functions with 
basis sets in atoms in smaller molecules, e.g., inorganic chemistry. 

Ab initio computation is highly parallel and the parallelism can be implemented with shared 
memory parallel loop and/or message passing notations [MAKD17]. Until large parallel processors 
appeared, molecules of only a few atoms could be studied. MD is used for modeling much larger 
molecules spread over a greater distance, e.g., organic chemistry. In effect, MD data structures 
are sparse, while ab initio uses dense matrices. A major commercial ab initio code, Gaussian, was 
benchmarked on a 512-node Cray T3E in 1994 reporting speedups up to 33 on 64 processors 
[SCOF98]. The resulting speedup depended on: the molecule size, the number of basis functions, 
and the analysis mode.

For a third type of CC application, a major commercial application that has emerged in the 
last 30 years is drug design. Drug design brings together several CC applications to carry out virtual 
screening. A combination of lightweight applications is used to evaluate the docking potential of 
two molecules, viz. their likeliness to react. For example, a dataset of synthesizable compounds can 
be screened against a database of human proteins to estimate the potential reactivity of each com-
pound. If the potential reactivity is high, the compound can be analyzed in much more detail with 
other CC applications, such as those above, for an estimation of positive and negative effects before 
they are taken to the “wet” lab. In the 1990s, databases were 10s of thousands of compounds and 
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the lightest weight applications of the times could be used for screening on SMM systems (ASL). 
Now, screening is usually carried out on large DMM systems [YuMa17]. Databases may be 10s of 
millions of compounds, for example ZINC15 has 230 million compounds, so that a few seconds at 
most should be spent to evaluate each docking and even lighter weight applications are used. In a 
study of light docking applications, one was selected that took a few seconds of elapsed time more 
than the others on a single core yet produced better reactivity estimates. It was parallelized in SMM 
mode to achieve a 7× speedup on an 8-way multicore node and it replaced the use of several of the 
poorer quality docking applications [TrOl10].

One view of the future of computational chemistry is to propose that at its heart it is using a 
computer to simulate the composition and reaction of all matter. Which is to say, a vast and parallel 
CC computation can be envisioned [AsLR18] (ASL mode). However, it is interesting to note that 
the computers used need mostly lots of processors and relatively little memory. The actual data input 
is small, a protein is usually much less than a million atoms, the internals of the computation that 
follows generates large data output demands, e.g., ab initio computations can be 4–7 loops deep 
and MD analysis of behavior in the femtosecond range drives huge computations. There are also 
research advances in drug design. It is estimated that the synthesizable chemical space is 1030 to 
1060 molecules [ENSL18] (DSG mode). Research is ongoing into new methods to tackle this huge 
chemical space in a structured and parallel manner. For example, [PoIT18] studies reinforcement 
learning methods (NPM mode). 

Like bioinformatics, this field is far from computationally solved on the drug design side. 
Mapping, organizing, the effects of so many molecules is just starting. To take the human out of the 
loop, it is being viewed as a machine learning opportunity. The same is true for proteins. Humans 
have envisioned the behavior of proteins by finding and defining many different conformations of 
the parts of a protein. How these conformational parts form and interact with other molecules is 
doubly complex. 

4.6	 COMPUTER VISION
Computer Vision (CV) consists of several major application areas. One of these, image processing, 
was one of the first applications of parallel processors. Going back to 1958, there were studies of 
parallel architectures based on 2D mesh interconnection that would execute many pixel-based 
image processing algorithms efficiently when a rectangular set of pixels was assigned to each 
processing element [Unger58]. The ILLIAC III [McCo63], a 2D cellular architecture of 36 × 36 
processors, was built and programmed, although the image processing then was rudimentary com-
pared to today. 

Image processing is an application where the first vector processors, e.g., Crays, were not 
very cost efficient. Their long word length made it awkward and inefficient to unpack, operate, 
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and repack 8–24-bit pixels into Cray’s 60-bit words. (Given the cost of these machines, very high 
efficiency was expected.) However, image processing covers many applications and attached array 
processors such as the FPS AP-120B had more manageable physical size and reduced cost so that 
they were a practical solution for the more complex image processing problems, which may com-
bine signal processing with image processing, for example, tomography, radar, sonar, and satellite 
temporal data applications [McRK85, KaCo81] (DSG, ASL).

To move on to another computer vision application area, object recognition is perhaps the 
most intensely studied application in CV. Many distinctly different algorithms have been devel-
oped since 1980 (NPM mode). Object recognition is often thought of in three stages with the first 
stage being image processing to clean and clarify the image for the benefit of the specific subsequent 
stages. Middle-stage algorithms, such as segmentation or classification, are mostly as appropriate 
for SIMD processing as image processing. However, the last stage of object recognition may be ex-
ecuted more efficiently on SMM machines because geometric data structures are used to efficiently 
represent object relationships and movement in the case of video processing.

A now classic object recognition algorithm is Scale-Invariant Feature Transformation 
(SIFT) [Lowe04]. SIFT can be used with current systems for video object recognition. That is to 
say video implies that the goal is real-time or near real-time performance (TSP mode). Hence, like 
many seminal algorithms in a variety of applications, it has been parallelized on several different 
architectures such as multicore microprocessors [ZCZX08] and GPUs [FaRo15] using the parallel 
programming notations of choice for these architectures. 

There have been recent milestones in object recognition by using deep neural nets (NPM 
mode). For example, since 2010 the ImageNet Challenge has posed an object recognition bench-
mark. In 2012 there was a dramatic breakthrough in which classification error rate dropped from 
25% to around 15% when convolutional neural nets (CNNs) were used. CNNs composed of several 
stages, i.e., Deep Neural Nets (DNNs), with each net being much larger than had been used in prior 
decades, could be trained using many more images. This marked a transition from algorithm-centric 
CV, such as SIFT, to data-centric CV. AlexNet, for example, was trained on two Nvidia GTX580s 
in 5–6 days [KrSH12]. By 2015, GoogLeNet reduced the error rate to 6.7%. It also trained on a 
few GPUs in about a week [SLJS15]. By 2017, the winning team had a 2.3% error rate [ChLY18]. 
The DNNs in this case were trained using eight servers or less, with eight NVIDIA TITAN X 
per server. (Note that ImageNet Challenges are a moving target, changing roughly every year 
[RDSK15]. There are several different challenges every release, e.g., ImageNet 2017 among other 
tests includes localization, which can be important in applications such as image understanding in 
the next paragraph. Note also, there are several metrics for success, e.g., precision, how repeatable 
the result is, as well as classification error rate. ImageNet is now hosted by www.kaggle.com, which 
contains many other data science benchmarks.) 

4.6 COMPUTER VISION
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A major milestone in image understanding is happening now. (Image understanding is more 
comprehensive than object recognition. It involves some degree of knowledge representation be-
tween recognized objects and some degree of inference capability on that knowledge. In the case of 
autonomous vehicles, the goal involves decision processing, such as “Stop Now, right and left lane 
blocked”, etc.) Some industry experts say that autonomous vehicles may be the biggest change in 
the automotive industry since the car was invented. An onboard platform for autonomous driving 
uses parallel processing at several stages. 

1.  Perception tasks: Fusing and processing data from multiple sources, ultrasonic sen-
sors, radar, LiDAR (Light raDAR), and multiple cameras, while simultaneously per-
forming image processing algorithms. This stage is perhaps best performed on digital 
signal processors (DSPs).

2.  Recognition tasks: Includes object classification, localization, and object tracking. 
Perhaps best performed on GPUs.

3.  Decision processing: This stage includes path prediction, path planning, and obstacle 
avoidance. These may perhaps be best done on multicore microprocessors.

The best overall system architecture is not clear at this point. Since DNNs were mentioned 
above, we note that the NVIDIA DRIVE system is designed to compute deep learning methods in 
the central stage of these automotive applications. However, because power consumption is critical 
in vehicles, FPGAs (e.g., Intel’s Cyclone V) and ASICs (MobilEye EyeQ5) may also be com-
petitive [LTZG17, LZHS18]. It should be noted that for automotive, as well as for image-based 
Internet of things devices, system optimization with hybrid parallel architectures is indicated. 

CV has a robust future. Few if any parallel application areas combine processing high band-
width real-time data streams (as from one or multiple sources) with high computation requirements 
(as in the image processing Ú object recognition Ú image understanding) into small portable 
formats. In addition, there are still several research challenges; [Mali19] recently pointed out four 
near-term challenges for computer vision: few shot learning, learning with little supervision, uni-
fying learning with geometric reasoning, and perception and control. (TSP, DSG, ASL modes). 
With respect to platforms, as with CGI both edge device and cloud parallelism are indicated. See 
[DeAr15] for some recent examples of CV applications and methods (NPM mode).

Consisting of two parts, image processing and object recognition, CV is partly a solved prob-
lem and partly far from solved problem, respectively. Object recognition in autonomous vehicles is 
far from solved. Onboard sensors will produce around 1 GB of data every second may require 100 
TOPs of computing from multiple SoCs. For example, an Nvidia Xavier designed for this problem, 
available in 2020, contains: a multicore CPU, a GPU such as Nvidia Turing, a vision accelerator, 
a deep learning accelerator, and an optical flow engine. On the datacenter level, the problem of 
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improving object recognition to assure safe autonomous operation, using current DNN methods, 
is said to require recording and analyzing thousands of operating years of onboard camera data, a 
huge parallel computation process.

4.7	 AUTOMATIC SPEECH RECOGNITION
Compared to other applications discussed here, automatic speech recognition (ASR) seems the 
weakest candidate for parallelism on today’s high-speed hardware. However, it is useful to in-
clude ASR to show that parallel processing is often useful for improving quality of results. With 
applications that provide indirect results through domain experts such as seismic processing, bio-
informatics, etc., it is hard for end users to see the benefit of parallel processing. However, if one 
says to their virtual assistant “take me home” and “telephone” is understood instead the need for 
more processing or a better algorithm is clear. It seems like ASR should not be computationally 
intense; the input data is a serial digitization at the relatively slow rate of human speech. But there 
are several complicating factors: the need for speaker independent recognition; the difficulty of 
recognizing non-native speakers; and the very noisy real world environment. Finally, in many cases 
one can trade-off accuracy for speed, but ASR exemplifies that in command and control achieving 
both simultaneously is required. ASR is at a turning point; today’s server clusters have improved 
quality to the point where the general public is accepting ASR. Google reports that over 20% of 
web queries from mobile devices will be spoken in 2020. 

Training recognizers is also an interesting subject for parallelism. Although originally rec-
ognizers were phoneme graphs constructed by hand, today recognizers are more accurate and have 
a larger vocabulary when built on servers using the greatly increased audio corpus available on the 
Internet.

ASR was a goal of researchers for several years before 1980. In 1952, Bell Labs Audrey 
could recognize digits spoken one by one. In 1962, IBM’s Shoebox was demonstrated at the Se-
attle World’s Fair. In 1971, DARPA funded computer-based speech understanding research. It 
took quite a few years and several competing fundamentally different methods for limited initial 
goals to be reached. Four methods were explored between 1973 and 1980: stochastic, logic-based, 
natural language understanding, and discourse models [ JuMa09]. Between 1983 and 1993 prob-
abilistic methods emerged. The Sphinx-II system [AHHH92] scored the highest in the DARPA 
evaluation in 1992. It was the first system to do speaker independent, large vocabulary, continuous 
speech recognition with 95% accuracy. Without first having a recognizer with high accuracy at any 
recognition rate, it made little sense to speedup researched approaches with the expensive parallel 
platforms of the day. Sphinx-II’s success in 1992 was past the vector machines’ peak years in the 
1980s. Killer microprocessor-based multiprocessors and clusters were just appearing in 1992 and 
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parallelism in ASR could be studied on small laboratory-based systems [TBRT02]. Recently, 
GPUs have also been applied to ASR [HDYD12]. 

We should underscore that ASR, particularly the recognition engine, compared to feature/
word extraction, has been a challenge for parallelism due to the irregular graphs present in Hidden 
Markov Models (HMM) or Weighted Finite State Transducers (WFST). The main challenges 
have been avoiding redundant computation, avoiding memory conflicts due to irregular data access, 
and achieving fast work queue insertion and extraction [ChGK11, YCYG09]. On personal devices 
SIMD instructions and onboard GPUs can decrease recognition time on some tests from 1.6 sec 
to 200 msec and 66 msec, respectively [HDYD12]. 

Today, in fact from 2000 onward, deep machine learning approaches to ASR have become 
dominant due to the accuracy improvements achieved with Recurrent Neural Nets (RNNs) when 
trained with the much larger corpus of online voice/text data (NPM, DSG modes). A large corpus 
could only be analyzed with abundant cluster hardware supporting large amounts of memory. By 
2015 Deep Speech 2 [AAAB15] trained on a GPU cluster slightly outperformed human word 
error rate on Wall Street Journal articles and audio books. Word2vec is also a frequently cited ASR 
application [MSCC13]. It should be kept in mind that through the early 2010s, the trained speech 
recognizers required more memory than normal personal devices supported. This perhaps explains 
why embedded device ASR has had limited acceptance. Now, high-quality ASR products are 
cloud-based. Also note that, on these servers batching requests for parallel transcription has been 
used in keeping average latency low with good efficiency [AAAB15] (ASL mode).

With voice-based user interfaces reaching broad adoption, long-term goals for ASR are 
pushing beyond speech recognition toward higher levels of artificial intelligence with cognitive and 
dialog capabilities [Stan16]. (2024 and 2030, respectively, have been cited as goals.) (NPM mode). 
Although it is quite difficult to say how we will get there, the goals set in [Stan16] are based on 
current AI research trends and computational resources reaching teraflop scale on a smartphone 
priced product around 2020. The study goes on to assess that computers will go beyond impacting 
individuals to impacting several industries, transportation, medical, education, each with their own 
unique vocabulary (DSG mode). 

ASR is closing in on “problem solved.” ASR requires the least parallel processing of the 
applications studied here. It has benefited from parallelism growth by shadowing increases in com-
puting power to attack problems such as limited vocabulary and accents. So that the next larger 
problem, person-machine dialogs has come into focus. Here, most current commercial systems are 
task-oriented. That is, the goal of each dialog application is specifically limited to help solve a small 
fixed set of tasks, e.g., arranging travel or a doctor’s appointment. These systems are mostly human 
intensive frame based, i.e., ontology-based systems using tools such as VoiceXML. A major prob-
lem is that, to date, automated learning systems where parallelism might be more beneficial can too 
easily learn unintended domains of dialog. Without having a way to detect when any of the many 
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inappropriate domains has been learned, it has been best to stick with a frame-based approach. 
Although natural language processing has been researched since the beginning of artificial intelli-
gence, it’s clear that new software methods are needed to automate achieving “machine cognition.” 
For our purposes, one hopes these new methods would be parallelizable.

4.8	 APPLICATION SUMMARY
There are many parallel applications today. Forty years ago, there were hardly any and even fewer 
that made a difference in people’s lives. Seven parallel applications were reviewed here that directly 
or indirectly impact millions of people. Figure 4.1a–c shows the performance growth over time 
patterns demonstrated by the applications reviewed above. These are general patterns that don’t 
convey precise data; they provide an image that fits the historical trends. The dashed lines in each 
chart correspond to the pattern for an application’s growth over the 40 years studied. The light solid 
lines are from Figure 2.1 and repeat the performance growth lines of Cray supercomputers, top 
of the TOP500 clusters, and Intel microprocessors for reference. If an application growth pattern 
line is above the performance of the hardware line, it indicates that the application could have used 
even larger systems than were available at the time. If the application pattern line falls below the 
performance of some type of parallel processor, it indicates that multiple application runs could be 
run simultaneously on that hardware as a workload. Taken together these patterns indicate that 
parallel applications’ performance has increased at the pace of parallel processors for over the forty 
years and in the majority of cases these applications are likely to grow as fast as future performance 
increases in the hardware.

Table 4.2 summarizes the growth pattern found in each application areas in terms of the 
methods that were discussed in the chapter. It refers the patterns in the different parts of Figure 
4.1a–c. The table also lists the application methods that were outlined in each section above. A 
specific application using each method is shown in the next column. (Note that each application 
area uses more methods than those described here.)

4.8 APPLICATION SUMMARY
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Figure 4.1: (a) Long-term parallel application patterns. (High Data Growth Rate applications typically 
can use all parallel performance increases that occur over time. Data Growth Leveling Off applica-
tions typically slow their need for adopting new hardware performance increases after hardware 
performance eventually meets their needs.)
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Figure 4.1: (b) Application patterns for new fields. (New Growth Field applications typically grow 
their demand for parallelism faster than hardware performance increases. Being new, and applying 
parallelism for the first time, they quickly incorporate parallel hardware already available. Unit Task 
type applications launch many unit tasks in parallel, in ASL mode. Also, over time, the unit tasks’ size 
tend to increase slowly as more features are added.)

4.8 APPLICATION SUMMARY
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Figure 4.1: (c) Client targeted parallel application patterns. (Migrating Down To Client applications 
typically increase their performance slowly. So that, over time, they can move from the datacenter to 
personal or embeddded devices. Shadowing Client type applications are already on personal or embed-
ded device. They can take advantage of parallelism advances in client hardware.)

Figure 4.1: Application performance growth patterns. 
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Table 4.2: Parallelization of applications discussed in this section
Application 
Field

Methods 
Reviewed

Example
Application

Parallelism Growth Pattern

Seismic Data 
Processing

Digital signal 
processing 

Deconvolution
High Data Growth Rate pattern of 
Figure 4.1(a). Seismic data processing 
has grown steadily over the period from 
1980–2020. It has always been able 
to use the largest parallel processors 
available. See the comments of Hovey 
Cox in Section 4.1.

Geometry-
based 
processing

Normal move out

Migration Kirchhoff migration

Finite Element 
Analysis

Implicit 
linear solvers

Nastran, ANSYS
Data Growth Leveling Off pattern 
of Figure 4.1(a). FEA applications 
like DYNA3D grew steadily as FEA 
models for cars and other structures 
grew in the 1980s and 1990s. See 
[Bens07, GiJo89]. The field is still 
growing as more products from smaller 
businesses install small clusters and 
workstations with multicore and GPUs.

Explicit 
dynamic 
solvers

DYNA3D

Computer- 
Generated 
Imagery

Polygon 
rendering 

OpenGL
CGI has two growth patterns. 
Polygon rendering has shadowed 
the performance growth of GPUs, 
the Shadowing Client Performance, 
Figure 4.1(c). GPU performance is 
approaching the level at which Ray-
tracing can be performed in real time, 
a Migrating Down to Client pattern 
shown in Figure 4.1(c).

Ray-tracing BRL-CAD

Bioinformatics
Sequence 
alignment

BLAST

In the New Growth Field pattern of 
Figure 4.1(b) the rapid growth of this 
application is reflected in the growth 
of the large genetic databases. Each 
database entry corresponds to a unit 
task to be performed, e.g., sequence 
matching. This is an example of the 
Unit Task pattern of Figure 4.1(b). 

4.8 APPLICATION SUMMARY
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Computational 
Chemistry

Molecular 
dynamics 

Anton
This field follows a couple of growth 
patterns. Molecular dynamics and ab 
initio computations follow the High 
Data Growth Rate pattern. Drug design 
is the New Growth Field and Unit 
Task patterns.

Ab Initio Gaussian

Drug design 
Click2Drug 
[SwIB13]

Computer 
Vision

Image 
processing

StreamHPC
Image processing has two growth 
patterns Data Growth Leveling Off 
pattern. In traditional areas. On the 
other hand, high-level consumer 
cameras follow the Migrating Down 
to Client pattern. Object recognition 
follows the New Growth Field 
pattern in training neural nets phase. 
Inferencing on the vehicle, follows the 
Unit Task pattern.

Object 
recognition

OpenCV

Object 
recognition 

GoogleNet

Automatic 
Speech 
Recognition

Probabilistic 
model 

Sphinx-II

As embedded hardware improves, ASR 
quality can be improved, a Shadowing 
Client Performance pattern. Datacenter-
based ASR follows the New Growth 
Field pattern as verbal grow and 
as context-based models improve 
performance.

Speech 
recognition

Deep Speech 2
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CHAPTER  5

Parallel Hardware Today and 
Tomorrow

In this chapter, the major classes of today’s parallel systems are compared to historical parallel sys-
tems. Then, some research on where the field is headed is cited. The first section asks where are the 
big parallel processing companies after 40 years. The second takes a look at a new wave of innova-
tion, Deep Neural Net Processors(DNNPs). The reader can contemplate how these DNNPs will 
fare as businesses compared to parallel processing companies of the past after reading Section 5.1. 
Sections 5.3–5.6 look at recent progress in the ingredients of the third wave. Sections 5.3 reviews 
the last 20 years of progress in clusters and looks at exascale clusters on the horizon. Section 5.4 
reviews microprocessors since multicore appeared, a multicore that pushes the limit today, and the 
recent progress in ARM multicores. The architectural concepts behind GPUs compared to their 
implementation is presented in Section 5.5. Section 5.6 looks at where MCM and IC technology 
can go, a subject central to parallelism’s progress. Finally, we look at where parallel system architec-
ture is going in the near term. We tried to write these recent events from the point of view of: first, 
the lessons learned in parallel processing in the period from 1980–2020; and second, where parallel 
system architecture is going.

5.1	 SUPERCOMPUTER COMPANIES VS. COMMODITY 
COMPANIES

As we said at the beginning of the book, parallel system decisions sometimes depend on business 
decisions. Here, we touch on parallel processing companies as businesses. None of the vector 
supercomputer companies, not even Cray, survived to be the long-term market leader in parallel 
processing. And, we don’t see a new parallel processing company on the horizon to change that. 
Start-up parallel processor companies successfully defined and dominated several niches, then 
they disappeared. In the end though, parallel processing is now solidly established in several major 
computer and information system manufacturers, IBM, Intel, HP Enterprise, Fujitsu, and others. 
Compare this record to other computer industry sectors where a dominant company pioneered and 
survived, e.g., IBM in mainframes, Intel in microprocessors, or Google on the Internet. 

The turning point in supercomputing for Cray Research, Inc. (CRI), the largest super-
computer company of the 1980s, was when SGI bought Cray (1996). SGI did quite well with 
parallelism at first. Founded in 1981, a parallel rendering pipeline for high-performance worksta-
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tion graphics was a key differentiator from other workstations. In the early 1990s it launched the 
Challenge series of SMM crossbar switch servers, growing to $3.7B at its peak in 1997. Then, after 
several years of decline, SGI sold Cray to Tera Computer Company, 2000, and finally, SGI went 
bankrupt in 2009. 

If one allows that the supercomputer bubble of the 1980s was bound to collapse, one should 
ask if the commodity parallelism companies strongly or fully invested in popularizing parallel pro-
cessing have done and will do better. We argue the commodity companies with historically strong 
parallelism strategies have done better over the last 20 years. Table 5.1(a) compares two commodity 
parallelism companies, Intel and Nvidia, to Cray, Inc, at 5-year intervals from 2000–2019. (One can 
follow a historical thread from CRI to Cray, Inc. In late 2019, Cray, Inc. was acquired by Hewlett 
Packard Enterprise.) The last 20 years show that the two commodity product companies have done 
well. They both have had some unprofitable years also. Cray Inc. also did well in this period grow-
ing by 4x on the strength of their high-speed, HPC-oriented, cluster interconnection networks, 
see Section 2.5.4. Cray, Inc. before they were acquired was comparable in size to CRI 30 years ago 
when the Cray X-MP was launched. 

We don’t know why supercomputer companies have had a difficult time surviving. Finally, 
because their clients are mostly tech savvy and they can change to a new parallelism technology 
more rapidly than a computer system companies that supplies them. This may be true when the 
new technology provides more speedup and also when the technology reduces cost, e.g., the birth 
of clusters. Perhaps, when computer companies have an installed base of loyal customers, they are 
reluctant to abandon or appear to abandon their current technology. Perhaps the commodity com-
panies have a customer base that would like to buy something easier to use more than something 
faster. Perhaps high-performance computing is at best an industry sector. And, industry leaders 
eventually acquire industry sector companies. For example, Intel may explore supercomputing as a 
technology source for their more profitable commodity microprocessors. Wave one and two parallel 
hardware companies were not the only computer companies that did not survive. For example, the 
period from 1980–2020 also saw the birth, growth, and death/acquisition of workstation com-
panies. None of them successfully transitioned to desktop or laptop systems. In conclusion, with 
parallelism established in several commodity corporations with diverse product bases, downturns 
in parallel processing as a whole seem less likely. 

5.2	 HARDWARE INNOVATION-DEEP NEURAL NET 
PROCESSORS

Over the last 40 years innovations have been frequent. In wave two, recall that the peak parallelism 
innovation years were from 1982–1984 (Section 2.4.3). Section 2.4.6 reviewed when the wave two 
start-ups transitioned to microprocessors, the early 1990s. Also note that in the early 2000 decade, 
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DMM clusters arrived (Section 2.5.1). The next major change, the switch to multicore micropro-
cessors, 2006, has not been pointedly innovative. On the other hand, a little noticed innovation at 
that time, making GPU shaders user programmable, launched the GPGPU and accelerated cluster 
era. 

A new innovative trend starting around 2010 was a wave of start-up companies based on 
Deep Neural Net Processors (DNNP). (They are sometimes called AI Chips.) Table 5.1(b) com-
pares several of these companies. (Note that this table is based on fragmentary information available 
at the time of publication about each DNNP. The information was collected from: posts on their 
website, disclosed to technology review sites, or at the Hot Chips Symposium.) Some historical 
comparisons to these DNNPs are listed here.

•	 DNNPs are not general-purpose parallel processors the way most previous parallel 
systems were. They are tuned to perform DNN learning and inferencing by execut-
ing a limited set of linear algebra computations. With this specialization, citing one 
comparison point [ JYPP17], they are 15–30× faster than multicores and GPUs and 
70–200× more power efficient.

•	 The architectures of the DNNPs apply several of the concepts of massively parallel 
processors of the second wave.

ºº Short precision PEs, between 8bit integer and 32-bit floating point. Compared to: 
the ICL DAP-1 bit, later 8 bits; the MasPar-4 bits; or the TMC CM-2-1 bit 
with 32-bit floating point accelerators.

ºº 2D array configuration, e.g., the Cerebras Wafer Scale Engine and the Mythic 
Intelligence Processing Unit. Compared to: the Goodyear MPP, the Illiac IV, and 
others.

ºº Systolic operation, e.g., the Groq Tensor Streaming Processor is systolic 1D 
bidirectional. Compared to the CMU/GE/Intel Warp 1D bidirectional systolic 
processor.

ºº VLIW, e.g., the Groq Tensor Streaming Processor and both the Habana Goya 
and Gaudi. Compared to the Multiflow or Cydrome VLIW processors.

ºº Memory distributed into the array, e.g., the Graphcore Intelligence Processing 
Unit. Similar to node memory in the massively parallel processors and clusters.

•	 Compared to the early MPP systems there are two major improvements. First, the 
amount of memory distributed across cores. For example, the Graphcore IPU has 256 
KB of static RAM per core for a total of 300 MB per 1,200 cores. Second, because all 

5.2 HARDWARE INNOVATION-DEEP NEURAL NET PROCESSORS
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the cores are on the same chip, the bandwidth of the interconnection networks is much 
higher, e.g., 7.7 TB/sec cross-section bandwidth on the Graphcore IPU. 

•	 To gain performance density over more general-purpose processors, such as GPUs, 
DNNPs use shorter numeric data types: 32-bit floating point down to 8-bit integer, 
often with capability for other types in between. One can see precursors in the MPP 
SIMD systems, which had to compose larger data types from 1-bit PEs. For example, 
the Goodyear MPP performed 32-bit floating-point products “only” 3.4 times slower 
than 24-bit integer products, which were 1.8 times slower than 16-bit integer products.

•	 DNNPs are used in two-system configurations, which frequently use the vendor’s 
same DNNP chip. One configuration for training neural nets, which uses larger data 
types, more memory, and larger bandwidth IO interfaces. These systems can be used 
as nodes of a clustered DNNP configuration. The other configuration, on smaller 
single board systems, is for deploying the trained networks, a.k.a. an inferencing con-
figuration, which can be either a single chip for embedded systems or a cluster for 
datacenters. The ICL DAP team produced a deployment version in the Mini-DAP 
and the Mil-DAP.

•	 DNNPs frequently compare their performance to GPUs. When executing DNN ap-
plications, GPUs use SMT to hide memory latency until the DNN coefficients are in 
L2 cache. On the other hand, each DNNP has a unique approach to hide and limit 
memory latency. Principally, they provide memory to store DNN coefficients locally. 
Some latency variation is still present and some DNNPs also use SMT. For example, 
the Graphcore IPU provides six-way SMT. On the other hand, the Groq TSP, because 
it is systolic, is “fully deterministic”, meaning, in principle, the number of clock ticks 
for processing a compiled DNN can be counted and does not change for any input 
stream.

•	 DNNPs companies attempt to reduce the software they have to develop and to 
shorten the time for their technology to diffuse into the market by supporting stan-
dard deep learning software tools, such as TensorFlow, and by providing only the nec-
essary machine-specific kernel libraries. Mini-supercomputers in the second wave took 
the same strategy by supporting only standard Fortran and C via autoparallelization 
and by tuning only the low-level, popular numerical libraries. A strength of DNNP 
technology is that DNN programs are relatively small. (In contrast to the small DNN 
programs, the training datasets are large and they must be marshalled through many 
DNNP training runs.) The applications of the 1980s were larger and each application 
had to be vectorized and sometimes parallelized specific to the machine. 
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The following points are not comparable to historical parallel processors.

•	 The system software tools are unique for each DNNP. They schedule the DNN mac-
rodataflow graph on the DNNP’s resources. A performance monitor must be used 
during experiments to understand the efficiency of the system. 

•	 DNNPs are fabricated with processes that are about two generations (14–24 nm) 
behind those used for GPUs and microprocessors (7 and 10 nm). DNNPs still out-
perform GPUs and microprocessors. [ThSp18] point out the economic advantages of 
this strategy.

•	 Each DNNP company tries to present a differentiation to win particular segments of 
the growing AI market. Differentiation can be with marketing, partnerships, price, or 
other methods. The following are a few technical differentiations of DNNPs. 

ºº Cerebras implemented a wafer scale DNNP. The chief benefit is that inter IC delay 
is greatly reduced. The risks are in keeping the yield high by using programmable 
routing around a defective die and in cooling a whole wafer uniformly. The latter 
because temperature differences across the wafer can cause intermittent faults. 

ºº Mythic uses an analog circuit for matrix multiply. The neural net coefficients 
are programmed into flash transistors that act as variable resistors of 256 values, 
providing 8-bit accuracy. This technology makes matrix multiplies both fast and 
low power. 

If one were to take the lessons of the supercomputer start-ups of the 1980s too literally, one 
would say few if any of the DNNP companies would survive. One of the DNNP start-ups, has 
already been acquired by a larger company; Habana was acquired by Intel. Another, Wave Comput-
ing, recently filed a Chapter 11 to seek shelter from its creditors. As with the second wave, start-ups 
acquisition or merger is more likely than bankruptcy and the knowledge gained by engineers in 
DNNP start-ups will benefit the whole industry. (The experience of one of the authors in a second 
wave start-up that failed was still positive.)

On the other hand, the breakthroughs and applications of DNNs have already been greater 
than the AI expert system boom of the late 1970s and early 1980s. And most of the DNNPs 
demonstrate the four key advantages that special purpose processors should demonstrate over 
more general-purpose processors to be successful [HePa19]: abundant parallelism, high locality, 
numeric precision adapted to the application, and domain specific languages for rapid diffusion 
(see Section 5.7).

There are also evolutionary paths for DNNPs. For example, some of these systems may ex-
pand into less special-purpose linear algebra appliances to be deployed in new market segments. 

5.2 HARDWARE INNOVATION-DEEP NEURAL NET PROCESSORS
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Although today DNNPs perform linear algebra computation with single or half precision compu-
tation in both training and inference stages, given that DNNPs can migrate to denser fabrication 
processes, double precision multiply-accumulators are not too far away for them. Once DNN mac-
rodataflow notations mature and diffuse as did GPGPU tools, the next generation DNNPs may be 
more general-purpose. [LTEK20] points out that specialization of a system is regularly followed 
by generalizations such as this. Above, we noted programmable GPU shaders as an example of 
generalization. 

A final note, several large enterprises have created their own DNNPs, for example, Google’s 
Tensor Processing Unit [ JYPP17], Alibaba’s Hanguang 800, Microsoft Project Brainwave, Amazon 
Web Services Inferentia, and Intel’s Stratix FPGAs.

5.3	 CLUSTER LESSONS-LEADING TO AN EXAFLOP
After almost 30 years of growth and evolution, where are clusters now and what is next? Table 
5.1(c) show the configuration of the top cluster on the TOP500 list at 5-year intervals from 2005–
2020. Both the peak performance (Rpeak) and Linpack speed (Rmax) have increased 1,000 fold 
in 15 years. The memory capacity reported on the node and in the processor cache has increased 
only 20 fold, surprisingly little compared to the computational speed-up. The network bandwidth 
of the node has hardly increased at all in the last 10 years. One concludes that supercomputer 
applications have become more sophisticated in managing memory and communication resources 
through teamwork. [VSBG18]

Making a large step toward an exaflop, in June 2020, the Summit cluster at 149 petaflops was 
eclipsed by Fugaku at 415 petaflops, as shown in the first row of Table 5.1(c). Fugaku is located at 
the RIKEN Center for Computational Science in Japan. (As an aside, clusters are now used in a 
variety of non-floating-point applications. For example, the Summit cluster had already achieved 
an exaop performance in 2018. This was on a genomics application [Hine18].)

We are looking forward to the next generation of cluster systems where the race to have 
an exascale cluster operational is in progress. For example, in 2021 or 2022, the Aurora cluster at 
Argonne National Lab is expected to be operational after having been delayed a couple of times. 
There are several echoes of parallel processing evolution anticipated.

•	 On the SMM side, growing from ASCI White’s four processors, each node will have 
two 30-core Xeon processors.

•	 The GPU side will have four Intel Xe GPUs connected with an all-to-all switch shar-
ing an integrated 10 PB memory. Similar to early vector pipelined supercomputers, 
kernels will operate in memory-to-memory streaming mode. However, the kernels 
will be much more complex than the simple vector instructions of the 1980s. 
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•	 Multiple programming notations used on previous clusters will be integrated in the 
oneAPI development environment: array, autoparallelization, SPMD, and message 
passing.

•	 The interconnect will be Cray Slingshot in the dragonfly 3-hop topology. Switches in 
the fabric will have 64 ports to run at 12.8 Tb/s with adaptive routing software. His-
torically, Cray has been evolving their interconnection systems since 1992.

There are several other exascale clusters in progress. Less is known about these projects, but 
to some extent they will be similar to Aurora plus the technology growth likely to occur every year. 
Here are some examples we found [Andr20].

•	 The Frontier cluster expects to reach 1.5 exaflops and will consist of more than 100 
Cray Shasta cabinets with AMD EPYC microprocessors and Radeon GPUs in a 1–4 
ratio. Networking will also be Cray Slingshot dragonfly. 

•	 The El Capitan cluster has been announced. It will have the same capabilities and 
ingredients as Frontier. It is expected to be in production by 2023.

•	 Three clusters in China are hoping to reach the exaflop mark before the U.S. systems. 
They will be built with Chinese components.

•	 The Fugaku cluster mentioned above is already close to a half an exaflop and is still 
evolving. It is based on ARM architecture by Fujitsu and RIKEN and uses 7nm Fin-
FET technology.

What is important about the direction of clusters? First, they rely on data growth to con-
tinue scaling. Note that in Table 5.1(c) Nmax, the size of the linear system used in the benchmark 
run, has increased by a factor of 12 from 2005–2020. Second, the capacity ratios of: cores, memory, 
interconnect, and IO must be scaled proportionally to maintain a high fraction of achieved to peak 
performance. For example, [VSBG18] computes and compares these ratios for Summit, Sierra, and 
Titan. Then, this paper comments on goals for exascale clusters and applications. Finally, to make 
cluster applications programmable, software capabilities must continue to improve in the whole 
stack from interconnect routing, to critical paths in the OS, to programming tools (see Section 
2.5.2). For example, Tianhe-2 was criticized as achieving high peak performance at the cost of 
being hard to program, and Tianhe-2 is not the only example. In 2014, Chi Xuebin, deputy director 
of the Computer Network and Information Centre said, “Some users would need years … to write 
the necessary code.”

Elsewhere in this chapter, other recent technologies that can support continued scale-up of 
clusters are discussed: going to the next generation of conventional CMOS devices; 3D MCMs 
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in the node and in the switch; DNN methods, perhaps DNNPs; and programming notations will 
broaden to facilitate exaflop programming. 

5.4	 COMMODITY MICROPROCESSORS STILL EVOLVING
Multicore microprocessors keep increasing the level of parallelism, even with the reported slow-
ing of Moore’s Law. For example, today’s most parallel x86 microprocessor is the AMD Ryzen 
Threadripper 3990X with 64 cores. This processor has 24 times the performance on the PassMark 
benchmark as the first quad-core microprocessor in 2008, Intel Core2 Extreme X9770. Note that 
this Intel processor ran at 3.2 GHz with up to 4.3 GHz in Turbo mode, compared to Threadripper 
at 2.9 GHZ. 

Here are some parallel processing highlights of recent multicore microprocessors.

•	 Hyper-threading, introduced in 2002, is a form of SMT. Usually all x86 processors 
run two threads on the same processor now. Thus, the Threadripper supports up to 
128 concurrent threads before needing to do context switching on compute-bound 
workloads.

•	 Microprocessors started echoing vector processors in 1997 with the introduction of 
MMX and “3DNow!” vector instructions. Since then five generations of SSE and sev-
eral generations of AVX up to AVX-512 have followed (see Table 2.3). Threadripper 
supports AVX2.

•	 SMM shared cache design has been refined many times on microprocessors. Now, 
there are three levels of cache with L3 being shared on-chip cache. In addition, cache 
management protocols have become more sophisticated. For example, Intel Smart-
Cache implements L3 shared cache, implements a prefetching policy, and allows cache 
flushing in the background.

•	 It should be noted that the Threadripper is an MCM of eight chiplets of eight cores 
plus another chiplet for IO mounted on a substrate connected by AMD Infinity Fab-
ric. (The first Intel quad core of 2008 was also an MCM.)

This Threadripper is extreme for several reasons. First, recalling that the clock has not in-
creased in recent years, in comparison to the quad core, some increase in performance is due to 
package cooling improvements allowing more cores to run simultaneously. The 2008 processor was 
run at 140W TDP (Thermal Design Power) and today’s processor is run at 280W. Microprocessors 
with such high TDP are intended for high-end deskside and desktop systems with active cool-
ing devices. Second, although parallel programming notations will continue to diffuse into more 
consumer applications, today, whether consumer or professional, only applications that are highly 
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scalable and very compute bound can use that many cores. For example, content creation or high-
end engineering workstation applications. A third caveat is that this Theadripper does not have 
an integrated GPU, even though the additional cores do help graphics performance. Overall, two 
socket desktop systems, either cpu-cpu or cpu-gpu, having an aggregate greater memory and IO 
capacity, may cost less, and perform better.

One should also note that microprocessors for servers and non-consumer systems, AMD 
EPYC and Intel Xeon product lines, are configured differently with: higher performance memory 
and IO interfaces, enterprise system management features, and other features to manage power. 

Table 5.1(d) shows the top server microprocessors at roughly five year intervals from 2005–
2020 as rated by the PassMark benchmark and website. For the first entry in the table, we took 
special note of the first multicore processor, in 2006 rather than the top 2005 processor. (All these 
results are from the database on the PassMark site, https://www.cpubenchmark.net/. The PassMark 
multicore benchmark is based on throughput, executing independent PassMark single core bench-
marks on each hyperthread on each core.) Microprocessor performance improvement in this period 
shows a 48× speedup. This table can be compared to Table 5.1(c) of TOP500 clusters in terms of 
relative performance gain every 5 years where clusters gained a 1,000× speedup in this period. Here 
are some other growth factors for microprocessors between 2006 and 2020: cores 32×, cache 128×, 
memory bandwidth 38×, and TDP 7×. It is interesting to remark that the memory bandwidth in-
crease has been achieved by the evolution of the memory standard interface from DDR2 to DDR4 
as well as ramping-up the number of memory rails. Recently, DDR6 and HBM2 are available. 

In Section 5.7, the dark silicon study will be discussed. It models the practical limits of 
multicore scaling [EBAS11]. A factor not considered in that study is the surprising TDP increase 
by a factor of 7. But one should add that Table 5.1(d) shows the highest power packages that are 
used in specialized high cooling environments. One infers that cooling devices have become more 
prevalent and aggressive. 

Another dimension of recent microprocessor evolution is RISC versus CISC. For many mi-
croprocessor examples in the book we have used x86 processors. Today, there are two main lines of 
multicore microprocessor architecture. The first of course is the x86 architecture. X86 is still CISC 
and it consistently adds (or sometimes drops) instructions. For example, in 1998 AMD added 
3DNow! instructions, which were dropped in 2010 as other vector extension instructions super-
seded them. Perhaps more interesting, x86 is “democratic” with extensions to support all types of 
computing. For example, x86 has added instructions for security and encryption as well as graphics, 
AI, and HPC. 

The second main multicore architecture is ARM. Although there were quite a few RISC 
architectures used in supercomputing from the 1980s until 2000, hardly any have survived. ARM 
remains and it is focused on multicore processors for the datacenter with extensions to HPC, nota-
bly Scalable Vector Extensions (SVE). ARM microprocessors are recently very strong in multicore. 

5.4 COMMODITY MICROPROCESSORS STILL EVOLVING
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The history of ARM is fascinating. ARM started in 1983 in the UK meaning Acorn RISC 
Machine. It became ARM Ltd. in 1998. Then, following just one of many storylines StrongARM 
was developed by DEC and sold to Intel in 1997 to replace the i860 architecture. Intel changed 
marketing strategy to Xscale around 2002. Xscale PXA, an SoC device, was sold to Marvell in 2006 
who has come back with ARM as a datacenter part. Another thread is with Apple; the A12 Bionic 
is ARM architecture. 

Here are a few recent ARM multicore processors.

•	 Marvell Thunder X3: 96 ARM cores each with 4way SMT … that is 384 threads per 
socket.

•	 AWS Graviton2: AWS refers to Amazon’s AWS clusters in the cloud. It has 64 cores 
of 64-bit processors.

•	 Ampere ARM: 80 64-bit cores that are 4-wide superscalar with out-of-order execu-
tion, as well as two 128-bit SIMD processors on the chip. 

Here are a few recent ARM cluster data points.

•	 Cray XC50: ThunderX2 blades have 192 nodes per cabinet with dragonfly Aries in-
terconnect.

•	 Cray-Fujitsu CS500 with 48 A64FX cores, having SVE 512-bit vectors.

•	 A64FX Fugaku cluster based on 48 core A64FX SoCs is currently Number 1 on the 
TOP500 list at 415 petaflops. 

•	 Sandia National Lab’s Astra cluster with Marvell ThunderX2 processors was formerly 
the top ARM processor cluster in the TOP500 at 2.3 petaflops. Sandia recently an-
nounced acquiring an A64FX cluster.

Although, in Section 5.7, we note that [HePa19] argue that RISC architecture simplifica-
tions have advantages over x86, today ARM is approximately the open architecture equivalent of 
the x86 server line. Which is to say it too faces: the tapering of Moore’s Law discussed in Section 
5.6; the dark silicon effects due to power limits; and the proposed decline of general-purpose pro-
cessors in favor of special-purpose processors [ThSp18]. 

5.5	 GPUS-VECTOR ARCHITECTURES UNLIKE PIPELINED 
SUPERCOMPUTERS

The GPU is the dominant microprocessor architecture in graphic processing for both consumer and 
professional graphics. They are now also used in datacenters for HPC, with different core configu-
rations. Compared to today’s multicore microprocessors, GPUs eliminate a great deal of the control 
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logic in instruction processing and reduce cache size to pack more ALUs onto the die. The GPU 
architecture, such as Nvidia’s, echoes architectural concepts from the history of parallel processing. 
Even though the implementation of GPUs is very different from previous parallel processors. (It 
is important to note architectural concept similarities for software developers.) Here are several 
examples. 

•	 SPMD: The GPU programming model is SPMD with fine-grained threads, micro-
threads. In this model, each thread is given a unique thread index so that the program 
can compute a pointer to its unique data items. Compare that to MPI, which is also 
SPMD notation but implemented at the process level. They use the same work iden-
tification model, but greatly different programming languages. The GPU goes further 
in that the collection of microthreads, called a grid, is broken into blocks, which are 
broken into sets of 32 threads, called a warp. Warps are the units of microthread work 
issued in the control unit. 

•	 SIMD control units: GPUs have many control units, called Streaming Multiproces-
sors (SMs), than MPPs had. Nvidia Ampere GA100 has 128 SMs. SIMD arrays had 
fewer control units, each controlling a set of PE, e.g., the TMC CM-1 and CM-2 had 
eight subcubes, each with its own SIMD control unit. 

•	 Branch divergence: In both GPUs and SIMD arrays, all microthreads in a warp or 
PEs in MPPs executed all instructions including those on both sides of a conditional. 
(However, Nvidia Kepler introduced dual instruction issue units, so if both sides are 
independent, they may execute simultaneously.)

•	 Warps: Although the implementation could not be more different, GPUs have 32 
threads per warp that at a conceptual level compares to the vector register on the Cray 
and AVX registers on the x86 architectures in that the programmer should keep these 
sizes in mind for most efficient execution.

•	 Shared random access memory: GPUs have a shared memory random access model 
like multiprocessors. This was of necessity to allow GPUs to make local changes in 
image buffers. 

•	 SIMT: Single Instruction Multiple Thread was introduced with GPUs. On multicores, 
the threading model goes back to Unix System V’s “light-weight processes”. (Despite 
the name, this was a threading model.) However, GPUs have microthreads that are 
supported directly in hardware. 

5.5 GPUS-VECTOR ARCHITECTURES UNLIKE PIPELINED SUPERCOMPUTERS



110 5. PARALLEL HARDWARE TODAY AND TOMORROW

•	 Host processor/Attached processor model: GPU languages use the model in which 
the program starts on the host that does a memory move to transfer data to the GPU. 
The host does a remote call on the GPU to run the computational kernel. Finally, the 
host transfers the results back. This model was used on attached processors like the 
Floating Point systems AP-120B and on MPPs.

In Section 2.5.5, the evolution of several generations of Nvidia GPUs are compared. There 
are also different types of GPUs in the same generation now. For example, Nvidia provides: Turing 
for graphics systems, Volta for datacenters, and Xavier for embedded systems such as autono-
mous vehicles. Table 5.1(e) compares recent datacenter and consumer versions GPUs. Datacenter 
versions have almost twice as many cores and consume more power as a result. These usually use 
HBM2 memory cubes versus consumer versions that use less costly DDR6. New GPUs such as 
Nvidia Ampere are expected in 2020. Beyond Ampere, Hopper is reported to be in development. 
Hopper is said to be preparing for MCM implementation to keep the rate of scale-up high as 
Moore’s Law is eclipsed. 

Table 5.1: (a) 20-year revenue comparison of Intel, Cray Inc., and Nvidia at 5-year intervals
Intel (INTC) Cray (CRAY) Nvidia (NVDA)

Revenue 
($B)

Growth 
(YOY)

Revenue 
($B)

Growth 
(YOY)

Revenue 
($B)

Growth 
(YOY)

2000 29.39 11.86% 0.118 NA 0.37 136.67%
2005 34.21 13.50% 0.149 -8.80% 2.01 10.26%
2010 35.13 -6.54% 0.284 0.10% 3.33 -2.87%
2015 55.87 6.00% 0.562 3.60% 4.68 13.37%
2020 71.96 1.58% 0.456 6.30% 10.92 -6.81%
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5.6	 BEYOND MOORE-ICS, MCMS, AND SOCS
Technology watchers point out that the rate at which smaller lithography fabrication processes 
come into production is slowing. Thus, they infer the end of Moore’s Law may be approaching. As 
a result, an increasing amount of research and development in several alternatives to CMOS scaling 
is in progress. This section looks at three fabrication options being researched: ICs, MCMs, and 
SoCs. This is a broad subject and in a few pages one can mention only a few directions and refer-
ences that the reader may pursue to understand how this research may change parallel processing.

A case can be made that with the slowing of Moore’s Law, advances in general-purpose 
computers may also be coming to end. This is based not only directly on fabrication technology 
but also on the economics of fabrication. In [ThSp18], they point out that from before 1980 gen-
eral-purpose computers were in a virtuous cycle: IC technology advances Ú New applications of 
general-purpose computers appear Ú More investment Ú More technology advancements Ú, 
etc. This cycle has led to fabrication lines that cost over $7 billion. On each new line achieving 
profitable yields takes more time. They propose an economic model to decide when special-purpose 
processors implemented with less aggressive processes are cost optimal over a general-purpose pro-
cessor on the most advanced process. The model is based on the case that with parallel processing 
a special-purpose processor can achieve speedup over the same computation on a general-purpose 
processor. In this case, a modest speedup with a special-purpose processor, e.g., 3 times faster, if it 
is fabricated on a process a couple of generations behind the leading edge, would need a produc-
tion run of less than 200K devices to be cost optimal. They list ten GPU applications that achieve 
speedups greater than 3 over a multicore microprocessor, and the GPU implementation may be 
only the start of what could be done in a special-purpose device.

An optimistic point of view is that special-purpose processors may not be needed yet. The 
ending of Moore’s Law may be an eventuality in that process scaling cannot last forever, but simi-
lar to when we thought in the 1980s that Amdahl’s Law would put an upper limit on parallelism. 
Loopholes that may appear that can be put into large-scale production in a few years, such as 3D 
devices, multi-gate devices, SoCs, or MCMs.

3D and multi-gate devices: 7-nm fabrication is in production in 2020 with FinFET devices. 
A FinFET is a 3D device with a gate formed on three sides of the channel, so that increased energy 
efficiency and lower gate delay is achieved. A 3-nm FinFET has been demonstrated and may be 
in production in a few years. Several multi-gate devices are being researched which may also de-
crease the effective feature size. Although decreasing the feature size may continue at a slower pace, 
3D silicon structures may allow “effective feature size” to continue to decrease. For examples, see 
[Moor18]. It is likely that with any of these devices similar logic rules would apply. So too similar 
architecture rules, hence parallelism design principles would be similar. 



117

SoCs: In Section 2.5.5, we pointed out that SoCs are crucial for commodity-scale opportuni-
ties for parallelism. On an SoC, it can be hard to quantify the “computing power” of design blocks 
that are close to the edge between digital and analog. Blocks like networking wireless, telephony, 
camera(s), (ultra)sound transducers, GPS, IoT actuation, the list goes on, allow one to say the effects 
of integration scaling is still growing. By that we mean that integrating more functions into the 
SoC makes the system containing the SoC physically smaller. Each SoC block may implement a 
different analog interface externally but the digital interfaces internally are usually consistent with 
the historical digital interfaces. Hence, the designer’s view is consistent with multi-functional unit 
parallelism. This process has been successful on Apple iPhone SoCs where by the 11th generation 
they contain 44 special purpose blocks and the CPU is less than 20% of the chip area [ThSp18]. 

In general, the current IC technology roadmap is very rich. See the IEEE International 
Roadmap for Devices and Systems annual series of reports that review research issues across the field. 
Of particular interest may be: More Moore [IRDS20a] that discusses 3D and multi-gate devel-
opments; Beyond CMOS [IRDS20b] covers FPGAs and some other devices that can be used in 
building parallel systems; and for storage technologies see [IRDS20b]. 

Multi-chip modules (MCMs): By mounting multiple dies on a common substrate or con-
necting them with through-silicon vias, whether it be front-side, back-side, or both, interconnect 
speed, power, and density are much better than mounting chips on circuit boards [KuNa17]. 
Several examples have been mentioned above. As with SoCs, MCMs are consistent with current 
parallelism architectures. In fact, with small enough substrate lithography sizes, e.g., the 7 nm 
seen today, MCMs provide the flexibility over SoCs of choosing the optimum fabrication process 
for each system block. Putting system blocks on different dies can also reduce the cost of fabri-
cating one larger die without losing significant performance. An example of this approach is the 
64-core Ryzen Threadripper described in Section 5.4. For a discussion of a recent MCM process 
see [Alco20]. At the cluster node level, MCMs are already having an impact as multiple GPUs 
are being mounted on the same substrate with the added benefit of all-to-all connectivity, Intel 
Xe Link, for example. [Shal20] points out the research into optical links mountable on MCMs. 
The energy consumed by data movement on local connections such as those on the node has not 
decreased appreciably over time and that current research could provide a major bandwidth boost 
without significant power increase.

Going beyond CMOS devices is possible but likely to take very large investments. For exam-
ple, spintronics are one of many of the devices being explored that could scale well beyond CMOS. 
(Spintronics store information in nanomagnets [WNNC17].) Some new devices could change 
conventional binary logic and memory rules, which may be good and bad for current parallel archi-
tecture. Good in the sense that they may lead to new parallel modes of computing, such as quantum 
computing, to complement digital processing. Bad in the sense that adapting to new parallelism 
design modes would add another decade to the one to two decades needed to put these devices 

5.6 BEYOND MOORE-ICS, MSMS, AND SOCS
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into production use. An example of this long delay is that the best application method to use may 
change as a result of using a new device. In this case changes to the entire stack up to application 
software is needed [VeDC17]. 

Non-silicon devices aren’t new to supercomputing. In the 1980s Gallium Arsenide (GaAs) 
devices were researched thoroughly because among other properties their higher electron mobil-
ity made gates much faster than ECL gates of the time. In 1992, the PEs in the Fijitsu VPP500 
combined GaAs, BiCMOS, and ECL circuits. The Convex C-3 was implemented with low density 
GaAs FPGAs. The Cray-3 was a GaAs supercomputer launched in 1993. Only one was installed 
and none were sold before Cray Computer Corp. went bankrupt in 1995. Research in GaAs has 
continued and some special purpose devices have been manufactured over our 1980–2020 period 
but there has not been a major breakthrough to high quantity. GaAs history underscores how dif-
ficult it will be to launch a non-CMOS ecosystem. 

[Shal20] concludes that MCMs with application specific processors, as small as DNNPs or 
as large as Anton, may be the best choice for progress over the next decade while beyond-CMOS 
devices may take 20 years to bring to production. While new computation model devices like quan-
tum computing are a decade or more beyond that.

5.7	 NEAR TERM-SYSTEM AND SOFTWARE SCALING
In addition to devices improvements discussed in the previous section, architecture researchers 
have made the case that in this decade parallel system and software architecture may keep us on a 
scale-up path using current IC technology.

Adapted from [ JYPP17], Table 5.1(f ) reviews the high-level specifications of three systems 
on a three-step path through the tapering of Moore’s Law: an x86 multicore microprocessor (gen-
eral-purpose architecture), a GPU (special-purpose evolved into limited general-purpose), and a 
DNNP (special-purpose architecture). The x86 multicore is the Swiss army knife of computing. 
However, it may be reaching its limit of lithography scaling. Even the multicore dimension may 
have limits, which are argued just below. The GPU has demonstrated greater power-performance, 
but only on scalable computations. The DNNP outperforms even the GPU on performance and 
power, but, also, only on computations that are more scalable and can be tuned further with spe-
cial-purpose memory and arithmetic. In Chapter 4, we have seen that there are several highly 
scalable applications that impact many people. Although it remains to be shown whether they can 
cross the economic threshold described in the previous section, perhaps some of these applications 
can scale-up on special-purpose processors. Anton in molecular dynamics is a proof point. 

Will multicore scaling, the first step of the three-steps shown in Table 5.1(f ), be scalable 
enough? In 2006, multicore scaling was announced as the next step in microprocessor evolution 
intended to head-off the limit imposed by the end of Dennard Scaling. Only six years after the 
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release of the first multicore, an analysis was published predicting the limits of multicore growth 
[EBAS11]. They argued that if the end of Dennard Scaling led to multicore, it would eventually 
limit multicore growth also. That is, average power consumption would exceed package cooling to 
the extent adding more cores is not beneficial. They proposed that with manycore either some cores 
are turned off while running less parallel computations or the power/speed per core for parallel 
computations is scaled-back so that the total power consumed meets the TDP limit. They coined 
the term “dark silicon” for the turned off cores. (Microprocessor manufacturers with the increasing 
layers of core power control that were discussed in Section 2.5.5 already support several dark sili-
con modes of operation.) Dark silicon research modeled not only CPUs cores, but also GPU cores. 
It was based on 512 processors manufactured up to that date. They concluded that, for their 12 
benchmark workload, at 22 nm 21% of the chip must be powered down to keep power consump-
tion below the current TDP. For 8-nm fabrication 44% must be powered down. In short, [HePa19] 
estimate that we have had to move on from multicore scaling alone sometimes between 2010 and 
2015. (Recent heterogeneous core models, in which large high-power cores and small low-power 
cores are combined in the same MCM, as with the Intel Lakefield processor, were not explored in 
these reports.) 

To go beyond the end of multicore scaling, here are some of the techniques that have been 
proposed.

•	 Specialization: The dark silicon model was based partly on general-purpose processors. 
However, special-purpose processors have proven to be different. First, note that not 
every application is suited to a special-purpose processor, far from it. [HePa19] point 
out four ingredients that allow an effective special-purpose processor: (1) abundant 
parallelism that can use many core; (2) high regularity with good locality for simpler 
control units, regular interconnections, and less cache; (3) lower, or, at least adapted 
arithmetic precision, below 64-bit floating point to go to smaller cores, and (4) macro-
dataflow/kernel library like parallel notation to make highly tuned architectures easily 
programmable. In addition, the cost has to be affordable under some economic model. 
There have been several cases now, which support these points in varying degree: 
DNNPs 30x, or more, faster than multicore processors; 180x faster ASIC cluster for 
molecular dynamics, the Shaw Anton; and the Apple Bionic.

•	 Simplification: [HePa19] argue that CISC architectures are inefficient. They measured 
speculative execution where 19% of the instructions executed are wasted on an Intel 
Core i7 on a workload of 12 benchmarks. CISC architectures increase instructions 
per cycle in favorable computations, but as with speculative execution, they can cause 
wasted cycles. Plus, the added control logic burns more power. EPIC multi-issue 

5.7 NEAR TERM-SYSTEM AND SOFTWARE SCALING
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control units are another example of runtime hardware that can be avoided in special 
cases with VLIW multiple issue. 

Architecture researchers also argue that software tools will enable more scalable performance 
on current technology. 

•	 Software performance engineering: Software for general-purpose systems has been 
growing under Moore’s Law for several decades. Such software has led to a large possi-
bility for inefficiency that can be reclaimed at points where it matters most. [LTEK20] 
points out that a 4k × 4k matrix multiply can be made over 62,000 times more efficient 
by: going from implementation in a scripting language on a single processor; to C code 
on 18 cores parallel with cache blocking; to execution with AVX vector instructions. 
(This computation becomes 380,000 times faster with a tuned GPU version.)

•	 Methods and algorithms: [LTEK20] point out ways in which new applications lead 
to new methods, which leads to new algorithms with large performance gains. In ad-
dition, new methods and algorithms can have large economic and end user impact in 
solving new problems. 

•	 Big components: [LTEK20] also argue that big software components, over 1 million 
lines of code, such as database engines and websites have offered large opportunities 
for performance improvement through system tuning. 

Finally, one must apply well-proven design principles to achieve good scale-up. To point out 
one of them consider bandwidth balancing that states that system components that communicate 
must be sized so that their input/output bandwidths are comparable. If not, performance of the 
faster components will be limited by the slowest component. For an IC example, [ JYPP17] analyze 
operating point bandwidth using the roofline method for their benchmarks. For a cluster example 
see [VSBG18]. Defining a cluster is a co-design effort between: the hardware provider, the applica-
tion developers, and the users. They show that when CPUs were combined with GPUs on a cluster 
node in mid 2017, e.g., the Titan cluster at Oak Ridge National Lab, one multicore and one GPU 
were considered a balanced combination. On newer clusters like Summit, operational in late 2019, 
one finds two or three GPUs per multicore processor. Over time, more applications have utilized 
GPUs making the new balance point appropriate. ([ThSp18] point out that GPUs increase flops 
per watt 5 times over CPUs and that the diffusion rate of GPGPU has been about 400 applications 
over 7 years.) Finally, [VSBG18] note that bandwidth between the node and the interconnection 
network tends to be further out of balance over time requiring greater locality in the applications 
and greater memory on the nodes. In addition to bandwidth balancing, all of the researchers cited 
here point out the importance of co-design. See [ JKMM18] for a detailed example of co-design 
techniques using bandwidth-balancing principles. 
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CHAPTER   6

Concluding Remarks
The major conclusion of the foregoing discussion is that the growth in parallel processing between 
1980 and now has been tremendous, and sometimes not in directions that were clear in 1980. Below 
are 3 perspectives on the last 40 years: a hardware perspective, a perspective on programming nota-
tions, and a perspective on applications. 

6.1	 A HARDWARE PERSPECTIVE
For an effective parallel computation ecosystem one could say that three components are needed: 
data, software, and hardware. Here we use broad definitions of these components: data meaning 
good quality input information in computer-readable form and a lot of it; software including par-
allel programming notations that are broad and readily diffusible, applications that can be ported to 
more parallel systems, and run-time environments tuned for the system; and hardware including all 
components of the system in a form that can enable the software to speedup the processing of data. 

During the 1980s, hardware was the driving force. There was a rapid succession of faster 
computer systems, predominantly faster vector supercomputers. But software and data weren’t quite 
ready. Let us denote that as: hardware → software → data, i.e., “hardware drove software, which 
in turn drove data.” In the 1980s, venture capital to build hardware, i.e., new parallel systems, went 
beyond software and data available to process on them. When we say software wasn’t ready, there 
was considerable research into new, potential programming notations, much more than today, but 
there were few production applications to use it. Seismic and FEA applications, yes; genomics, 
chemistry, were all research, no industrial production; graphics, vision, speech weren’t ready to seize 
multi-million dollar supercomputers. Regarding data, five of the seven applications in Chapter 4 
did not show significant growth in data until into the 1990s. Also, note that six of the seven appli-
cations appear to be able to grow into the future. 

Cray supercomputers were rapidly accepted by large R&D labs in the 1980s. Hitachi, NEC, 
and Fujitsu were also successful in the Japanese large labs sector. R&D labs had the budget and 
skilled engineers to buy big machines and develop new applications. Mini-supercomputers, Alliant, 
Convex, and more, aiming at smaller R&D labs in the industry sector, didn’t find a sufficient num-
ber of them interested in following in the footsteps of the large labs. Without producing a great 
number of results to impact many people, after a few years, available venture capital for parallelism 
decreased. Massively parallel processors stayed in research mode. The parallel hardware in SIMD 
machines with potentially thousands of processors, notably Thinking Machines and MasPar, led 
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the way to MPPs. They were built because of the potential application performance but complete 
applications trailed too far behind to sustain these companies. 

After the hardware-led boom in parallel processing, there was a period of recovery. The 1990s 
and 2000s was a period when software growth led the way. (software → hardware → data.) Linux, 
being open source, took the custom OS out of the hands of hardware system companies and made 
large distributed clusters more affordable to many. RISC killer micros were well suited here because 
they were already running Linux on workstations! 

The programming notations software community was well suited to seize the lead too. 
DMM message passing and shared memory primitives had each diffused to healthy size commu-
nities that had produced different implementations. With the open source movement, they realized 
the opportunity to standardize to enable application developers to move forward. The open source 
model also fueled rapid diffusion of new parallel applications to the point that at least five of the 
seven application fields discussed in Chapter 4 had, and still have, major open source packages. 

Parallel hardware followed software’s leads. Small-scale SMM systems built with RISC mi-
croprocessors were a straightforward extension of workstations and servers for SGI, Sun, Digital, 
HP, and IBM. They made the easiest architecture to parallelize applications for. Parallel applications 
for DMM systems required much more time to program. So, the companies still around after the 
supercomputer boom stepped in with NUMA RISC systems, notably: SGI Origin/Altix and the 
HP-Convex Exemplar; while Digital and Sun chose to back others: Cray T3D, TMC CM-5 re-
spectively. DMM clusters built momentum as message passing broadened and diffused. The MPP 
hardware vendors supported cluster growth by producing the interconnection networks: (more or 
less successfully) Intel iPSC, nCUBE, TMC CM-5.

In the software → hardware → data period, parallel programming notations and applications 
matured sufficiently to enable hybrid parallel architectures starting with DMM systems containing 
SMM nodes such as ASCI White. At first there was no change in the programming model and 
application developers just ran multiple MPI processes on the SMM nodes, but hybrid program-
ming paradigms became increasingly popular in time. (SMM-vector hybrids were already successful 
in the hardware-led period, e.g., Cray X-MP, Alliant FX-8, Convex C-2.) 

Around 2000, data started taking the lead from software; we were entering the data → 
hardware → software phase. Several applications accumulated data continuously so there was no 
precise date when this occurred for them. Seismic processing was one application that had steadily 
increased the size of geophysical survey data over 40 years and seismic data processing centers were 
a consumer of DMM clusters such as the Cray XC30 [Bran17]. Some applications just needed time 
for human experts to build larger, more accurate models, e.g., FEA, whole car models assembled 
from each car part, and CGI, animation character models detailed enough for realistic body and 
facial feature motion guided by kinematics. Data storage prices continued to come down continu-
ously driving the need for clusters in these applications.
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But, around 2000 the genomics and computational chemistry labs started producing large 
amounts of data. As was noted in Sections 4.4 and 4.5, DMM clusters work well for these appli-
cations. 

By 2010, data collection on the Internet was increasingly driving applications like speech 
recognition. In addition, less expensive data collection devices, e.g., solid-state cameras, running 
in video mode began to drive computer vision. Predominantly Internet data driven companies 
like Google, Baidu, Amazon, and Microsoft began to be interested in clusters as supercomputers 
with the emergence of machine learning and deep neural network applications. Parallel hardware 
followed with GPUs. 

GPU manufacturers reacted with Tensor Processing cores. FPGAs for use in datacenter 
clusters also appeared, e.g., Microsoft Brainwave. Data leading hardware also worked for personal 
devices. This effect can be seen in the design of Apple’s Bionic and the addition of AVX512-VNNI 
to the x86 platforms (vector neural network instructions). 

At the high-performance computing level, the applications used on the TOP500 clusters 
started including data centric applications so that memory and IO started to grow in clusters. For 
example in 2010, the Graph500, a non-numeric benchmark composed of: building a large graph 
with sparse data structure, parallel breath-first traversal, and single-source shortest path compu-
tation, appears (although there aren’t 500 system submissions at that time). By 2013, there were 
nine IBM Blue Gene/Q systems in the top 11 spots in the Graph500. Increasingly, this became an 
international phenomenon; in the 2019 at the top of list one finds: TaihuLight, Tianhe-2 clusters 
from China; IBM and Lenovo clusters in Germany, Italy, and France; a Cray cluster in Korea; as 
well as the perennial U.S. labs, LLNL, Argonne, ORNL with IBM clusters, and NERSC with a 
Cray system. Finally, starting around 2010 DNNP companies started up, as we saw in Section 5.2. 

It is hard to say how long the data driven phase will last. A philosophical point of view is 
that this phase is economically stable because data is an eternal, customer oriented driver whereas 
hardware and software are technology drivers. If one looks at the previous phases, they were each 
dominant for 15 years and data has been dominant for 10 years so far.

6.2	 A PROGRAMMING NOTATION PERSPECTIVE
In terms of programming notations, we can say that the last 40 years gave us the powerful nota-
tions of today for distributed memory machines, shared memory machines, vector operations, and 
GPUs. The germs of all of today’s programming notations were ideas already available in 1980. For 
example, as mentioned in Chapter 3, message passing notation was introduced in the literature 
with the CSP notation, in the late 1970s, years before message passing was used to program DMM 
systems. Shared memory programming notations are rooted in tasking primitives and parallel 
loop constructs introduced before 1980. And GPU programming notations can trace their origins 

6.2 A PROGRAMMING NOTATION PERSPECTIVE
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to ILLIAC IV’s Glypnir. However, programming notations, especially those for distributed and 
shared memory programming, have gone from a minimal orthogonal set of constructs to an exten-
sive library of functions, and from short descriptions to today’s specifications and books containing 
hundreds of pages to help new users acquire parallel programming skills.

A second observation is that programmers of parallel machines are extraordinarily demand-
ing to the point that 10% performance loss has often been considered unacceptable. Today’s com-
piler technology cannot guarantee generating code from high-level programming notations, such as 
array operations, that is within 10% of what can be obtained by a programmer with lower level pro-
gramming notations. Although there is little experimental evidence in the literature, it is common 
lore that the code generated by today’s compilers, even sequential language compilers, is typically 
suboptimal and sometimes significantly suboptimal. Most programmers are not aware of this since 
it is not easy to notice that there is much room for improvements in the case of sequential systems, 
but for parallel machines, speedup measurements give away compiler inefficiencies. Thus, while 
there is no natural upper bound to the improvement that can be expected from the application of 
sequential optimizations, the number of processors and the number of pipeline stages are a natural 
upper bound for speedup. When the compiler delivers a speedup that is significantly less than the 
number of processors it is a trivial and quite clear indication that the compiler failed to deliver 
an efficient executable. The end result of today’s compiler limitations is that MPI, categorized by 
some as “the assembly language of parallel programming,” is the norm for programming high-end 
machines instead of a higher-level programming notation. A similar situation arises in the case of 
the SIMD vector parallelism of microprocessor vector extensions and in the case of GPUs where 
lower-level intrinsics notation and SPMD programming are used instead of array notation. Also, 
for many application domains, library notations are preferred to programming languages. Although 
a library notation is more verbose and compile-time error detection is not as powerful, the use of 
libraries does not support compiler analysis, which would greatly facilitate the implementation, 
portability, and evolution of programming notations.

Looking toward the future, some less efficient but safer scripting programming notations 
may gain more traction. Parallel hardware has become orders of magnitude less expensive and more 
available so that programmers more often change their attitude from “the programming notation 
must provide efficiency” to “if some part of the application is slow, how can I use the available 
hardware without expending a lot of programming effort?”

The parallel programming community has been quite successful at coming together to create 
standard programming notations that do not change the underlying programming language, e.g., 
APIs, templates, and directives. Although none of the major programming notations has been stan-
dardized by ANSI, as has been the case for most of the popular conventional languages, the com-
munity has been able to form organizations to regulate programming notations that have received 
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the support of academic and industrial organizations. These organizations include the OpenMP 
Architecture Review Board, the MPI Forum, and the Khronos Group.

The landscape of parallel programming notations has been stable in the recent past with 
MPI, threading, OpenMP, TBB, CUDA, OpenCL, etc. However, these notations continue to 
evolve in the form of new extensions and implementation releases. Thus, tasking mechanisms, 
SIMD directives, and accelerator directives have been added to OpenMP in the last decade. The 
MPI forum is considering extensions to better support hybrid programming models and to support 
fault tolerance among other new features. 

Looking toward the future, an appealing programming notation is macrodataflow. As men-
tioned above, it has been explored as a programming model for future exascale machines and has 
been incorporated in a few popular systems such as TensorFlow and as an extension to Charm++ 
[HuKa07]. Although the dataflow notation can complicate program readability, its popularity 
seems to be slowly growing. There is also renewed interest in array notation for parallelism, in part 
due to its use in programming notations such as TensorFlow. In part, these trends are due to the 
massive amounts of data now being processed, which gain significant caching and I/O efficiency by 
organizing and staging the data for efficient processing. There is also great interest today in domain 
specific programming notations as a mechanism to facilitate parallel programming. Finally, there is 
also great interest in programming notations that guarantee determinacy of shared memory parallel 
programs [BADA09] due to the debugging difficulties created by non-determinacy.

6.3	 AN APPLICATION PERSPECTIVE
The seven applications in the book are just a sample showing that parallel applications have achieved 
breakthroughs in several fields. We showed that through parallel applications many people’s lives 
are better in several ways either directly or as a result of engineers and scientists using the results of 
parallel computation. To summarize parallel applications, let’s note where applications stand with 
respect to the five themes of the book. 

Performance improvement: Many parallel applications have speeded-up as parallel hardware 
has scaled-up. “Application” here has two senses, i.e., application programs make up an application 
field. To make the application field successful effort has been put into parallelizing not only the 
most computationally intense application programs but the application programs with great benefit 
to the application field. For example, drug design applications are pleasantly parallel and easy to 
put on scaled-up hardware. Molecular dynamics is also parallel but it gets harder to improve as the 
hardware scales-up. 

Popularization: Recently, applications run on commodity devices have been parallelized to 
directly impact end users. Computer vision and speech recognition are two recent examples, starting 
around 2010. Computer-generated images scaled-out earlier. In 1995, Sony invented the acronym 

6.3 AN APPLICATION PERSPECTIVE



126 6. CONCLUDING REMARKS

GPU for their polygon-rendering engine when it was put into the Playstation. The same year, with 
ray tracing, the entirely computer-generated Toy Story came out. 

Persistent incremental innovation: Innovation in parallel applications has been a consistent 
story of parallel hardware inspiring new applications and parallel applications inspiring new hard-
ware. For example, DYNA3D was inspired by the vector processors of 1980. By 1990, the oppor-
tunity to make computer games more realistic inspired GPU hardware. By 2000, a cluster of SMM 
systems allowed the human genome to be sequenced, which has inspired considerable parallel 
hardware at all levels. The field of GPGPU applications grew from GPU performance increases. In 
2005, LU factorization became reality on a GPU. Which in turn changed the composition of clus-
ters allowing them to reach a higher level of parallelism. As mentioned in the hardware perspective, 
the 2010 decade has seen remarkable innovation between DNN applications and DNN processors. 
Today and looking forward, new application fields are inspiring new application programs in bio-
informatics and computer vision, to name a few, and new hardware such as exascale clusters and 
beyond-Moore technologies are coming out to sustain application innovation. 

Broadening and diffusion of programming notations: As noted in concluding remarks for 
programming notations the focus is on supporting the main architectures and enabling the appli-
cation programmer to get directly to the parallel performance those architectures offer. This and a 
mistrust of optimizers is not surprising to application developers. When one works on the same 
application for 10–20 years or more, one knows where and how parallelism should be used. Sup-
porting this simple, direct approach, the clearer the programming notation is, the easier software 
maintenance is. 

In each parallel application subsection, we showed that the applications became available to 
run on the major architectures when they came into production and even on the hybrids composed 
of these architectures. That happens because programming notation standard groups and forums 
have been attentive to application demands and have broadened the programming notations in 
support as large a range of applications as possible. 

Dramatic increase in the number and performance of applications: Throughout the book we 
have pointed to the drivers of application scaling: data size growth, new parallel methods, new scal-
able layers, and time-to-solution pressure. Data size growth is driving just about every application 
category discussed, 6 of 7. New parallel methods and additional scalable layers occur just about as 
often, 5 of 7 each. Although time-to-solution pressure doesn’t occur as often (only 3 of 7 times), it 
is likely it will appear more as more applications use the growing parallelism in commodity devices. 
These scalability drivers have led applications to follow several parallelism scaling patterns over the 
40 years: high growth over the whole period, growth leveling-off as the fundamental problem is 
solved, growth shadowing or track client device parallelism in the case of direct end user impact, 
growth migrating down to client devices to enable the application to reach more end users, and 
new rapid growth fields driven by breakthroughs in solving real-world problems. It is important to 
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note that only one pattern, performance leveling-off, indicates that application parallelism will not 
continue to grow as quickly as parallelism in hardware grows.

6.4	 CONCLUSION
Two questions were frequently asked in creating this history. First, what caused events to occur, and 
second, what lessons can be learned from them. Upon finishing this document we feel a bit closer to 
having answered what led us to the dominant parallel architectures and applications we see today. 
For the second question, when future technologies arise they will most likely invalidate some of 
the things learned in parallel processing history. However, we expect some of the things learned 
over forty years of parallel processing will benefit computer science when new technologies emerge 
in the future. We hope that the reader will abstract from details reviewed here to see analogies to 
situations they find themselves engaged in. We ourselves hope we can work with others to find and 
form useful meta or macro observations.

6.4 CONCLUSION
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Appendix A: Myths and 
Misconceptions about Parallelism

To make parallel processing an everyday technology several conceptual challenges had to be over-
come through the recent decades. 

•	 “Supercomputer Mystique”: Parallel processing was hampered by the availability of 
parallel hardware for regular users until multicores and GPUs became readily available 
in the decade 2000–2010. Today, due to broad availability of parallel hardware, every 
application developer can take advantage of it. 

•	 “People Don’t Think In Parallel” and “Synchronization Is Tricky”: Parallel program-
ming has been hampered by non-parallel programming notations and application 
architects that were slow to incorporate parallelism. Indeed in developing a new appli-
cation, one may write and debug in serial before adding the complexity of parallelism. 
However, several language designers and application architects were afraid to give 
their programmers access to parallel constructs assuming that their use would create 
hard to trace or reproduce problems. These attitudes still exist today. Some software 
architects say that parallelism is to be used only after all serial algorithmic perfor-
mance improvements have been exhausted. Now, there is growing familiarity with 
parallel programming, but solid understanding is still not widespread. On the positive 
side, with the broadening and diffusion of parallel notations the obstacles keep slowly 
decreasing. For example, parallel library notations (see Section 3.7) are prevalent in 
some application domains. Another positive concept is implementing the pyramid of 
parallel software development team. At the top application architects encapsulate and 
manage parallelism allowing more programmers, at the base of the pyramid, to benefit 
from parallelism without having to write parallel code.

•	 “Amdahl’s Law” will asymptotically limit speedup: Despite earlier positive analyses 
of available parallelism [KuMC72], Amdahl’s Law was often cited as why parallel 
processing was bound to fail. Loopholes to this law [Wolf15] have made the opposite 
outcome possible. In fact one could say that the main task of parallel processing is to 
break Amdahl’s Law in every practical case. A principal loophole that has occurred in 
the history of parallelism is data growth over time. That is, the amount of data that 
applications process tends to increase in concert with the hardware capacity to process 
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the data. Data growth enabled speed-up, sometimes called “scaled speed-up”, is often 
called “weak scaling” where Amdahl’s Law describes “strong scaling”, meaning speed-
ing-up an application when the data size is fixed [Gust88]. Several of these cases are 
described in the applications chapter: finite element analysis, seismic processing, image 
processing, computational chemistry, and bioinformatics. For these cases and many 
others data growth has been several orders of magnitude since the 1980s. 

•	 “It’s For Multitasking, Not Multiprocessing”: When multicore microprocessors ar-
rived many thought they would be used for multitasking several applications. But, 
most users find it difficult to conscientiously keep foreground and background tasks 
active simultaneously, let alone 4, 8, or more tasks. With respect to multitasking, the 
number of processes running on an average laptop today is several hundred and a 
reasonable number can run autonomously, as soon as triggered by the arrival the right 
data or signal. The number of autonomous services may be increasing slowly over 
time. With respect to multiprocessing, we are reminded that shortly after the launch 
of multicore microprocessors, Intel and Microsoft launched a research project at a few 
of the top universities doing parallel processing research [TAAD13, ABCG06]. Few 
new killer applications are clear yet and results from this research have been slow in 
reaching production applications. But gradually or in rapidly-blooming areas, e.g., 
deep neural nets, one cannot deny that the parallelism is exploited in numerous appli-
cations that now impact many people. 

•	 “Most Users Spend Most Of Their Time In Applications That Aren’t Parallel”: Many 
widely used features of common applications such as: mail, word processing, spread-
sheets, and social media are inherently serial. A serial text stream is a very meagre 
amount of data to process these days and that limits the potential of today’s multicore 
microprocessors. Gradually more compute intensive features, some of which are men-
tioned next, are added to these applications allowing more parallelism to take root.

Despite the skepticisms about parallelism above, one should consider a few success stories.

•	 For processing serial text streams, if one adds features such as speech-to-text dictation, 
the computational intensity and value of parallelism increases.

•	 Many thought that games were inherently serial given they must follow the sequential 
actions of the player. That part is true, but many games feature multiple agents that 
act in parallel through the game’s AI engine for example. The physics engine also fre-
quently can run many different bodies moving in parallel. 
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•	 Video data processing, although its use increases slowly, offers much parallelism po-
tential. A now common example is HD streaming video decoders which were futuris-
tic in 1981. By the 1990s, mini-supercomputers were being sold to video research labs. 
Now, thanks to higher clock rates, more parallel functional units, and microprocessor 
vector instructions, video decoders use only a portion of one core of today’s multicore 
processors. 

•	 A final example to show that parallelism and perseverance are almost synonymous, 
many think that browsers are not parallel, and indeed, a great deal of the wait time is 
network delay. However, browsers do get faster. On the hardware side, browsers im-
plicitly will use different processors on different pages and can use GPU parallelism, 
e.g., Chrome. Parallelism in browsers use can be expanded further. As page content 
grows, so does parallelism opportunity. Thorough studies of parallelizing rendering 
in the browser showed promise [ JLMA09] and action is being taken to bring this to 
production [Clar17]. In the future, as web content becomes more active and complex, 
studies [RHSD17] show threading capability, such as Web Workers supported in 
HTML5, may bear fruit.

•	 With respect to notations, many IDEs now contain features supporting the develop-
ment of parallel applications, especially the Microsoft and Intel IDEs. 

APPENDIX A
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Appendix B: Bibliographic Notes
Here are some bibliographic observations on parallel processing in this period: 

•	 This book focuses on the broad interaction between hardware, notations, and applica-
tions that has led to the success of parallel processing in both datacenter servers and 
client devices. There are more detailed technical analyses of this three-way interaction. 
See for example [ JKMM18].

•	 The Gordon Bell Prize [BBDK17] is an annual award for outstanding advances in 
high performance computing. The prize was founded in 1987 and there are now many 
interesting advances to read about. 

•	 In the late 1980s, the U.S. Office of Science and Technology Policy created a list of 
research challenges for high performance computing. Their findings were published 
in 1992 and became known as The Blue Book [FCCS92]. The National Science Foun-
dation updated this list and published their findings in 2011 [ACCI11]. Before and 
after this other countries created HPC roadmaps also, for example, the Japanese 
Fifth-Generation Computer Systems Project started in 1982. See also the High Per-
formance Computing Advisory Council’s website [HPCA18], started in 2009. 

•	 There are several interesting articles on the history of high-performance computing 
and parallel computers. For example, [LLNL02] covers the first 50 years of computing 
at Lawrence Livermore National Lab. And, many improvements have emerged since 
then. 

•	 There are also several interesting informal webpages worth reviewing. 

ºº The TOP500 is a site that lists news about the top 500 supercomputers in the 
world as ranked by performance on a HPLinpack benchmark. It also contains a 
database on performance by date that can be analysed from many points of view 
[TOP500]. 

ºº Wikipedia has pages about each of the “World’s Fastest Computers” with a link 
to what was the prior fastest system, when this system became number one on the 
list, and a link to the system that replaced it. The earliest computer on the list is 
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the Whirlwind I of 1951 [WikWHI]. The most recent on the list, at the time of 
writing, is the Summit system [WikSUM]. 

ºº The WaybackMachine, an Internet archive contains many webpages and docu-
ments on the history of parallel computing. For example [https://web.archive.org/
web/20041120084657/http://arrakis.ncsa.uiuc.edu/ps2/] is a page about a cluster 
built in 2003 with Sony PlayStation2s. This little known system was precursor of 
the GPGPU movement.

ºº “The History of the Development of Parallel Computing” webpage gives a concise 
parallel processing timeline. Unfortunately it stops at 1994 [Wils94]. 

ºº The “Overview of Recent Supercomputers” webpage is hierarchically organized by 
architecture type [StDo04] and contains some nice historical insights.

•	 There are numerous journals and conferences that treat research in parallel processing. 
Examples include the ACM Symposium on Principles and Practice of Parallel Program-
ming (PPoPP), the IEEE International Parallel and Distributed Processing Symposiums 
(IPDPS), and the European Conference on Parallel Programming (Euro-Par).

•	 Those interested in the history of computers should visit one of the many computer 
history museums. Wikipedia has a page listing computer museums around the world 
and often the museum’s webpage will note if they have parallel computers [WikLCM].

•	 The Encyclopedia of Parallel Computing [Padu11] is a good source of information about 
a broad spectrum of parallel computing topics.

•	 In several cases, references in this book cite web pages. We have found this important 
especially where technical papers have not yet been published, for example in noting 
trends and directions in parallel applications. We felt that to put past achievements 
in parallel processing into perspective we should cite some material to discover what 
direction parallelism may take in the near future. 

https://web.archive.org/web/20041120084657/http://arrakis.ncsa.uiuc.edu/ps2/
https://web.archive.org/web/20041120084657/http://arrakis.ncsa.uiuc.edu/ps2/
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Appendix C: Taxonomic Notes
Machine organization concepts have remained fairly consistent over the years. The term SIMD 
(Single Instruction Multiple Data), introduced by Flynn in 1972 [Flyn72] to describe, “processors 
characterized by a master instruction applied over a vector of related operands.” SIMD operations 
can be executed in pipelined form or simultaneously on multiple identical devices. When discussing 
hardware, we will use the term vector with the pipelined form and SIMD to refer to processors 
containing an array of processing elements. Today, in a system where multiple independent proces-
sors can dynamically couple together to execute a single instruction and then uncouple, sometimes 
called Single Instruction Multiple Thread (SIMT) fashion, Flynn’s taxonomy becomes blurry. With 
the large scale of integration available now, replicating control units that operate in this way is 
practical and effective. Simultaneous Multi-Threading (SMT) is different. In SMT, a control unit 
keeps register sets for several threads ready so that if an executing thread stalls the control unit can 
switch to another thread, most frequently to hide memory latency. 

A second term introduced by Flynn was MIMD (Multiple Instruction Multiple Data), 
which we do not use in this book, was a classification for either SMM machines or DMM ma-
chines. Machine organizations involving hybrid SIMD and MIMD designs have become pervasive 
by virtue of Moore’s Law applied to microprocessor real estate (see Subsection 2.5.3 and Figure 
2.9). The two widely used examples of these hybrid designs are today’s multicores and GPUs nodes 
whose emergence contributed significantly to the popularization of parallelism. GPU technology 
was first a special purpose processor for graphics, but soon evolved into useful general-purpose 
computational devices [DWLT12]. 
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Appendix D: The 1981 Tutorial
The 1981 tutorial was a collection of papers that were selected to present a comprehensive view of 
what was then a nascent field. The first chapter, an introduction, contained two classifications of par-
allel machine organization and a survey of multiprocessor designs. The next four chapters contained 
papers describing machines, architecture issues, and parallel applications for each of the four classes 
of machines covered by the tutorial. Chapter 2 about pipelined vector processors contained papers on 
four machines (CRAY-1, STAR-100, CDC 205, and Floating Point Systems AP-120B) and two 
applications (Finite Difference Equations and Plasma Simulation). Chapter 3 on Single Instruction 
Multiple Data, SIMD machines, covered three machines (Burroughs Scientific Processor, STARAN, 
and Goodyear MPP), three architecture issues (Collective Operations, Access Alignment, and 
Interconnection networks), and two applications (Image Processing and Databases). Chapter 4 
on multiprocessors included papers on three machines (S-1, Cm*, and the Burroughs FMP design), 
a paper on memory bandwidth, and two applications (speech understanding and atmospheric 
weather prediction). Chapter 5 on dataflow machines included two machines (a dataflow machine 
design and Denelcor’s HEP) and one application (weather forecasting). In addition to these four 
classes, Chapter 6 was about special purpose processors (the Structured Multiprocessor System (SMS), 
the Finite Element Machine, cellular logic machines for image processing, and relational database 
machines). Chapter 7 covered parallel programming languages (Concurrent Pascal, Communicating 
Sequential Processes (CSP), an array language, and Dataflow Languages). Chapter 8 contained 
three papers on automatic parallelism (using automatic analysis to measure the parallelism of ordi-
nary programs, a compiler/runtime system for the exploitation of low-level parallelism in Cm*, and 
Linpack timings using different compilers including the Cray-1 vectorizing compiler). Chapter 9 
covered operating systems (for Cray-1, STARAN, and Cm*). Finally Chapter 10 contained papers on 
parallel algorithms (a survey of numerical algorithms, an introduction to asynchronous algorithms, 
sorting on pipelined processors, and concurrent operations on B-Trees).
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