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I
Preface

For many years I have worked in the area of reconfigurable computing, whose goal is to develop
tools and methodologies to facilitate the use of field programmable gate arrays (FPGAs) as
co-processors for high-performance computer systems.

One of the main challenges in this discipline is the “programming problem,” in which the prac-
tical application of FPGAs is fundamentally limited by their tedious and error-prone program-
ming model. This is of particular concern because this problem is a consequence of the
technology’s strengths: FPGAs operate with fine grain concurrency, where the programmer
can control the simultaneous behavior of every circuit on the chip. Unfortunately, this control
also requires that the programmer manage fine grain constraints such as on-chip memory usage
and routing congestion. The CPU programmer, on the other hand, needs only consider the poten-
tial state of the CPU at each line of code, while on-chip resources are automatically managed by
the hardware at runtime.

I recently realized that modern embedded systems may soon face a similar programming prob-
lem. Battery technology continues to remain relatively stagnant, and the slowing of Moore’s
Law became painfully evident after the nearly 6-year gap between 65 and 28 nm fabrication
technology. At the same time, consumers have come to expect the continued advancement
of embedded system capabilities, such as being able to run real-time augmented reality software
on a processor that fits in a pair of eyeglasses.

Given these demands for energy efficiency and performance, many embedded processor ven-
dors are seeking more energy-efficient approaches to microarchitecture, often involving target-
ing the types of parallelism that cannot be automatically extracted from software. This will
require cooperation of the programmers to write parallel code. This is a lot of to ask of program-
mers, who will need to juggle both functionality and performance on a resource- and power-
constrained platform that includes a wide range of potential sources of parallelism from multi-
cores to GPU shader units.

Many universities have developed “unified” parallel programming courses that cover the spec-
trum of parallel programming from distributed systems to manycore processors. However, the
topic is most often taught from the perspective of high-performance computing as opposed to
embedded computing.

With the recent explosion of advanced embedded platforms such as the Raspberry Pi, I saw a
need to develop curriculum that combines topics from computer architecture and parallel pro-
gramming for performance-oriented programming of embedded systems. I also wanted to
include interesting and relevant projects and case studies for the course to avoid the traditional
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types of dull course projects associated with embedded systems courses (e.g., blink the light)
and parallel programming courses (e.g., write and optimize a Fast Fourier Transform).

While using these ideas in my own embedded systems course, and I often find the students com-
peting among themselves to achieve the fastest image rotation or the fastest Mandelbrot set gen-
erator. This type of collegial competition cultivates excitement for the material.

USING THIS BOOK

This book is intended for use in a junior- or senior-level undergraduate course in a computer
science or computer engineering curriculum. Although a course in embedded systems may
focus on subtopics such as control theory, robotics, low power design, real-time systems, or
other related topics, this book is intended as an introduction to performance-oriented program-
ming for lightweight system-on-chip embedded processors.

This book should accompany an embedded design platform such as a Raspberry Pi, on which the
student can evaluate the practices and methodologies described.

When using this text, students are expected to know the C programming language, have a basic
knowledge of the Linux operating system, and understand basic concurrency such as task
synchronization.

INSTRUCTOR SUPPORT

Lecture slides, exercise solutions, and errata are provided at the companion website:
textbooks.elsevier.com/9780128003428


http://textbooks.elsevier.com/9780128003428

I
Acknowledgments

Several students assisted me in the development of this book.

During spring and summer 2013, undergraduate students Benjamin Morgan, Jonathan Kilby,
Shawn Weaver, Justin Robinson, and Amadeo Bellotti evaluated the DMA controller and
performance monitoring unit on the Raspberry Pi’s Broadcom BCM2835 and the Xilinx
Zynq 7020.

During summer 2014, undergraduate student Daniel Clements helped develop a uniform
approach for using the Linux perf_event on the ARM11, ARM Cortex A9, and ARM Cortex
A15. Daniel also evaluated Imagination Technology’s OpenCL runtime and characterized its
performance on the PowerVR 544 GPU on our ODROID XU Exynos 5 platform.

During summer 2015, undergraduate student Friel “Scottie’” Scott helped evaluate the Mali
T628 GPU on the ODROID-XU3 platform and proofread Chapter 5.

Much of my insight about memory optimizations for computer vision algorithms were an out-
growth of my graduate student Fan Zhang’s dissertation on auto-optimization of stencil loops
on the Texas Instruments Keystone Digital Signal Processor architecture.

I would like to thank the following reviewers, who provided feedback, insight, and helpful sug-
gestions at multiple points throughout the development of the book:

B Miriam Leeser, Northeastern University

®  Larry D. Pyeatt, South Dakota School of Mines and Technology

B Andrew N. Sloss, University of Washington, Consulting Engineer at ARM Inc.
B Amr Zaky, Santa Clara University

I would like to thank Morgan Kaufmann and specifically to Nate McFadden for his constant
encouragement and limitless patience throughout the writing. [ am especially grateful for Nate’s
open-mindedness and flexibility with regard to the content, which continually evolved to keep
current with new ARM-based embedded development platforms being released while I was
developing the content. I also wish to thank Sujatha Thirugnana Sambandam for her
detail-oriented editing and to Mark Rogers for designing the cover.

Xv



Chapter

The Linux/ARM embedded platform

CHAPTER OUTLINE
1.1 Performance-Oriented Programming 3
1.2 ARM Technology 6
1.3 Brief History of ARM 7
1.4 ARM Programming 8
1.5 ARM Architecture Set Architecture 8
1.5.1 ARM General Purpose Registers 9
1.5.2 Status Register 11
1.5.3 Memory Addressing Modes 12
1.5.4 GNU ARM Assembler 13
1.6 Assembly Optimization #1: Sorting 14
1.6.1 Reference Implementation 14
1.6.2 Assembly Implementation 15
1.6.3 Result Verification 18
1.6.4 Analysis of Compiler-Generated Code 21
1.7 Assembly Optimization #2: Bit Manipulation 22
1.8 Code Optimization Objectives 25
1.8.1 Reducing the Number of Executed Instructions 25
1.8.2 Reducing Average CPI 25
1.9 Runtime Profiling with Performance Counters 28
1.9.1 ARM Performance Monitoring Unit 28
1.9.2 Linux Perf_Event 29
1.9.3 Performance Counter Infrastructure 30
1.10 Measuring Memory Bandwidth 34
1.11 Performance Results 37
1.12 Performance Bounds 38
1.13 Basic ARM Instruction Set 38
1.13.1 Integer Arithmetic Instructions 39
1.13.2 Bitwise Logical Instructions 39
1.13.3 Shift Instructions 39
1.13.4 Movement Instructions 40



2 (CHAPTER 1 The Linux/ARM Embedded Platform

1.13.5 Load and Store Instructions 40
1.13.6 Comparison Instructions 42
1.13.7 Branch Instructions 42
1.13.8 Floating-Point Instructions 42
1.14 Chapter Wrap-Up 44
Exercises 45

Our culture is becoming increasingly inundated with mobile and wearable
devices that can deliver rich multimedia, high-speed wireless broadband
connectivity, and high-resolution sensing and signal processing. These
devices owe their existence to two crucial technologies.

The first is ARM processor technology, which powers virtually all of these
devices. ARM processors were introduced into customer electronics in the
1980s and have grown to become the de facto embedded processor technology.

Unlike desktop and server processors, ARM processors are never manufac-
tured as standalone chips, but rather as integrated components of a diverse
and heterogeneous embedded system-on-chip (SoC) that is customized for
each specific product.

An embedded SoC is a collection of interconnected hardware modules on a
single chip. A typical SoC will include one or more ARM processor cores.
These processors serve as the “host,” or central controller, of the whole SoC,
and are responsible for the user interface and maintaining control of the
peripherals and special-purpose coprocessors.

In addition to the processor cores, a typical SoC will contain a set of
different types of memory interfaces (for SDRAM, Flash memory, etc.),
a set of communications interfaces (for USB, Bluetooth, WiFi, etc.), and
special-purpose processors for graphics and video (such as graphical
processor units).

Figure 1.1 shows a photo of the Apple A8 chip, the processor inside Apple’s
iPhone 6. The area identified as “CPU” comprises a dual-core ARM proces-
sor and the areas identified as “GPU” comprise a set of special-purpose pro-
cessors used for video and graphics. The large unlabeled area contains
additional modules used for various other peripherals to support the
iPhone’s functionality.

In the sense of being capable of executing any program written in any pro-
gramming language, the ARM processors comprise the “computer” part of
the SoC. Unfortunately, by the standards set by modern desktop and server
computers, ARM processors are very low performing processors because
their design places higher emphasis on energy efficiency than performance
as compared to desktop and server processors.
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SRAM Cache
Memory

Quad-Core GPU
Dual-Core CPU

W FIGURE 1.1 The processor integrated circuit inside the Apple A8 chip package. It has two ARM
processor cores, four PowerVR G6450 cores, four DRAM interfaces (connections to off-chip memory), an
L(D interface, a camera interface, and a USB interface. (Photo from ChipWorks.)

The second technology that enables modern consumer electronics is the
Linux operating system (OS), which is run on nearly all ARM processors.
Due to its free availability, success, and widespread adoption on desktop and
server computers, Linux has grown to become the universal standard
embedded OS. As an embedded OS, Linux greatly facilitates code develop-
ment and code reuse across different embedded platforms.

1.1 PERFORMANCE-ORIENTED PROGRAMMING

In general, embedded processors are designed with different objectives than
desktop and server processors. Mobile embedded processors in particular
emphasize energy efficiency above all other goals, and writing highly per-
forming code for embedded systems generally requires more effort on the
part of the programmer as compared to writing code for desktop and server
processors.
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This is because desktop and server processors are designed to extract max-
imum performance from both legacy code, code written and compiled long
ago for a previous version of the processor, and processor agnostic code,
code that was not written with any specific target processor in mind. They
do this by devoting much of real estate and energy consumption to two spe-
cific features:

1. Extraction of instruction-level parallelism: The processor attempts to
(1) execute as many instructions as possible per clock cycle, (2) change
the execution order of instructions to reduce waiting time between
dependent pairs of instructions, and (3) predict execution behavior and
execute instructions before knowing if they are needed, throwing away
unneeded results when necessary. This allows the processor to achieve
maximum instruction execution rate even when instructions are not
ordered in the program code in any particular way.

2. Large, complex caches: The processor attempts to maximize memory
system performance even when the program accesses memory
nonideally for the attached memory. This involves intelligent data pre-
fetching, memory access scheduling, and high associativity,
allowing the cache to avoid repeated accesses to the same memory.

Embedded processors, on the other hand, typically forego most of these fea-
tures, which makes embedded processors exhibit a wider performance gap
between programs that are “performance tuned” and those that are not.

Keep in mind, though, that this difference is only noticeable for compute
bound programs, which are programs whose speed or response time is deter-
mined by the processor or memory speed as opposed to input and output. For
example, an embedded processor will certainly require more time than a
server processor to compress a video, since this waiting time is determined
by the processor and memory speed.

On the other hand, the performance of an //O bound program is determined
by the speed of communication channels or other peripherals. For example,
a program that forces the user to wait for data to be downloaded would not
be any faster regardless of the processor technology. In this case the res-
ponse time is determined solely by how fast the device can complete the
download.

So how many mobile embedded programs are compute bound, as opposed
to I/O bound? Most image and video encoding are compute bound, but
since these are generally based on rarely changing standards, most SoC
vendors “cheat” by offloading these tasks to special-purpose hardware as
opposed to processing them in software running on ARM processor cores.
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However, next-generation embedded applications such as computer vision
will require rapidly evolving algorithms, and most of these are compute
bound. Examples of these include programs that stitch together individual
images to form a panoramic image, facial detection and recognition, aug-
mented reality, and object recognition.

This textbook provides a general overview of some of the methods of how
program design can influence processor performance—methods in which a
programmer can make changes to code without changing program seman-
tics but improving code performance.

These techniques generally require that the programmer write his or her
code in such a way as to expose specific features in the underlying micro-
architecture. In other words, the programmer must write code at a low
abstraction level in such a way that the program is aware of the underlying
processor technology. This is often referred to as performance tuning or
code optimization.

These ideas are not new; many of these techniques are common in the area of
high-performance computing. However, this book will present these ideas in
the context of embedded processors, and ARM processors in particular. This
will also provide insight into computer architecture, application design, and
embedded systems, as well as gain practical knowledge in the area of
embedded software design for modern embedded systems.

In describing these methodologies, the textbook will use several example app-
lications, including image transformations, fractal generation, image convolu-
tion, and several computer vision tasks. These examples will target the
ARMv6 and ARMv7-A instruction set architectures used on three ARM cores:

ARMI11 used in the generation 1 Raspberry Pi,

Cortex-A9 used in the Xilinx Zynq (the device used in the Avnet

Zedboard, Adapteva Parallela, and National Instruments myRIO), and
m  Cortex-A15 used in the NVIDIA Tegra K1.

This book also introduces methodologies for programming mobile general-
purpose GPUs (GPGPU) using the OpenCL programming model.

This textbook will take advantage of the system facilities offered by the
Linux OS, including Linux’s GCC compiler toolchain and debug tools, per-
formance monitoring support, OpenMP multicore runtime environment,
video frame buffer, and video capture capabilities.

This textbook is designed to accompany and work with any of the many low-
cost Linux/ARM embedded development boards currently on the market.
Examples of these include the following:
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m  $35 Raspberry Pi with a 700 MHz ARMI11 processor, and the newer
Generation 2 Raspberry Pi with a dual-core Cortex-A9 processor,

m  $65 ODROID-U3 with a 1.7 GHz quad-core ARM Cortex A9
processor,
$90 BeagleBone Black with a 1 GHz ARM Cortex A8 processor,
$99 Parallella Platform with a 1 GHz dual-core ARM Cortex A9 processor
$169 ODROID-XU3 with a 1.6 GHz quad-core ARM Cortex Al5
processor,
$182 PandaBoard with a 1.2 GHz dual-core ARM Cortex A9 processor,
$192 NVIDIA Jetson TK1 with a 2.23 GHz quad-core ARM Cortex
A1S5 processor,

m $199 Arndale Octa with a 1.8 GHz quad-core ARM Cortex Al5
processor,

m  $199 Avnet MicroZed with a 666 MHz dual-core ARM Cortex A9
processor.

Each of these platforms allows the programmer to use an interactive login
session to compile, debug, and characterize code, eliminating the need for
complex cross-compilers, remote debuggers, and/or architectural simulators.

1.2 ARM TECHNOLOGY

ARM processor technology is controlled by ARM Holdings. ARM stands
for “Advanced RISC Machine,” and RISC stands for “Reduced Instruction
Set Computer.” RISC is a design philosophy in which the native language of
the processor, or instruction set, is deliberately designed as a repertoire of
extremely simple instructions, which requires that the processor execute a
large number of these simple instructions to execute a program. The advan-
tage of this approach is that—even if a program requires the execution of N
times more simple instructions as compared to a processor having individual
instructions that perform more work—simple instructions can be made to
execute more than N times faster on average than complex instructions,
which gives better performance overall.

RISC instructions are generally strictly divided into three main types: arith-
metic instructions, memory instructions, and control instructions. Arithmetic
instructions are the only type that performs any actual mathematical compu-
tations, while memory and control instructions are necessary overheads
required to exchange data with an external memory and implement data-
dependent behaviors. Memory and control instructions on average take sub-
stantially more time than arithmetic instructions. Memory instructions, in
particular, are generally /0-20 x slower than arithmetic instructions,
although this depends on the program’s memory access pattern and the per-
formance of the processor’s memory hierarchy.



1.3 Brief History of ARM 7

1.3 BRIEF HISTORY OF ARM

The ARM instruction set architecture was originally developed in the 1980s
by the British company Acorn Computers for their ARM1, ARM?2, and
ARM3 CPUs. These CPUs were intended to be used as desktop personal
computer CPUs, but after unsuccessfully competing against the Intel x86
and Motorola 68,000 CPUs of the time, ARM changed their business model
from selling CPUs to selling to the rights to use its processor design or
instruction set architecture. Their first major customer was Apple, who used
an ARM processor for their Newton PDA.

Today, ARM processors are sold as a reusable macrocell, which is a pre-
made design that is used as a module of a system-on-chip. Thus an ARM
macrocell can be inserted into an existing design among other macrocells
to form a customized, heterogeneous system-on-chip. Alternatively, one
of the ARM instruction set architectures can be licensed and its imple-
mentation designed from scratch by the licensee. In either case, the wide-
spread use of a consistent instruction set architecture allows programmers
to leverage mature front-end development tools such as compilers, de-
buggers, and code libraries. There are several different versions of both
ARM instruction set architecture and the macrocell, but none of them alone
are capable of delivering the rich multimedia features that customers have
come to expect, so they are almost always combined with specialized
coprocessors that perform most of the multimedia algorithms on behalf
of the CPUs.

The ARM instruction set architecture is constantly evolving. After version 6
of the ARM ISA (ARMv6), the ARM ISA forked into three different ver-
sions, each optimized for a specific use. Currently, there are three ISAs that
are optimized for microcontrollers (ARMv6-M, ARMv7-M, and ARMv7E-
M), one optimized for real-time applications (ARMv7-R), and two opti-
mized for general-purpose applications (ARMv7-A and ARMvS8-A).

This book focuses mostly on the ARMv6 and ARMv7 architectures. The
ARMVG6 is used in the ARMI11 processor in the Raspberry Pi while the
ARMV7 is currently used in most modern embedded devices of the smart-
phone and tablet variety. ARMv6 and ARMvV7 are very similar, with perhaps
the most significant difference being the addition of the NEON instructions
in ARMv7. An overview of NEON instructions appears later in this chapter.

The ARMv8 architecture was introduced in 2013 and includes several fun-
damental differences to the v6 and v7. These differences include changes to
the structure of the register files, the addition and deletion of significant
instructions, and the dropping of the conditional execution field.



8 CHAPTER 1 The Linux/ARM Embedded Platform

This textbook is not intended to be a thorough treatment of either ARM
assembly language or ARM microarchitecture. However, in order to under-
stand and improve code performance, it is often necessary to interpret
assembly code that is generated by the compiler. In many cases it is also
necessary to write snippets of code in assembly language in order to describe
a particular operation more efficiently than the compiler. Note that this
hand-written assembly language can be embedded into a program written
in high-level language.

14 ARM PROGRAMMING

ARM processors can be programmed using a variety of high-level program-
ming languages. Some ARM processors can even natively execute Java
bytecode. Even so, since this textbook is primarily concerned with code per-
formance, it uses the C programming language.

The two most popular open source C/C++ compiler toolchains, GCC and
Clang, include a backend for ARM processors, allowing full C/C++ devel-
opment, library support, and debugging. ARM Holdings, Keil, and Texas
Instruments offer commercial compiler toolchains for ARM. Commercial
compilers may generate faster object code than the open source compilers
but in an effort to remain faithful to Linux, this book uses Linux’s official
compiler GCC for characterizing high-level code.

RISC architectures like ARM were originally designed with a small, simple
instruction set. This allowed compilers to efficiency utilize the available
instructions. However, most modern instruction set architectures, including
those from ARM and Intel, have added complex instructions such as
those for media, digital signal processing. Many of these instructions allow
a single instruction to process multiple inputs (so-called single instruction,
multiple data—or SIMD—instructions). Today’s compilers are having a
difficult time making efficient use of these instructions without programmer
involvement.

In general, taking advantage of these instructions (and gaining the resultant
performance boost) requires that the programmer use inline assembly or
intrinsics. Intrinsics are functions that resolve to specific instructions when
compiled. Intrinsics are easier to use than assembly language but some
optimization techniques require assembly language.

1.5 ARM ARCHITECTURE SET ARCHITECTURE

ARM is a “load-store” architecture. This means that the programmer must
explicitly load (read) input data from memory into registers before the data
can be processed. Likewise, the programmer must explicitly store output
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data to memory after it has been processed. All arithmetic instructions use
the contents of registers as both their inputs and results. Registers can also be
used to store temporary or intermediate results, such as loop counters or sub-
expression values. The programmer (or compiler when using a high-level
language) has complete control of the state of the registers. For example,
when adding two values, the programmer must decide which register to tem-
porarily assign to each value and the computed sum. Registers can be arbi-
trarily reused when their previous contents are no longer needed.

1.5.1 ARM general purpose registers

ARM is a three-address architecture, meaning that a single instruction can
reference up to three register addresses. For example, an arithmetic instruc-
tion such as “add” can specify two registers from which to read the input
values and one register to store the calculated sum. When using gcc’s assem-
bler, the destination register is listed first.

There are 16 user-accessible integer registers named r0 through r15. Pro-
grams that are written entirely in assembly language can freely use any
of the registers without inference from the hardware, except for two special
cases:

m the value of register r14, the link register (also called Ir or LR), is
updated by the hardware when executing a branch-and-link
instruction and

m the value of register r15, the program counter (also called pc or PC), is
maintained by the hardware and used to control program flow.

When writing an assembly language routine—especially one that is embed-
ded in or callable from C code—the programmer should be careful when
using certain registers that have special meaning, as defined under the
ARM Procedure Call Standard (APCS). Caution is needed because these
registers may be arbitrarily changed by code generated by the compiler
or by code written by other programmers.

These registers are comprised of the following:

m  Registers r0 and rl are used for function return values. Unlike the
MIPS instruction set, register r0 is not “hardwired” to contain a
zero value.

m  Registers r0 through r3 (also called al-a4, for argument registers) are
used for passing arguments to functions. The programmer can freely use
these registers as “scratch registers” but should be aware that their state
may not be preserved across function calls.
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m  Registers r4 through r11 (also called v1-v8, for variable registers) are
generally safe to use, except that some obscure compilers may use r9 as
the static base register (also called sb, SB, or v6) and r10 as the stack
limit register (also called sl, SL, or v7).

m  Compilers such as gcc use rll as the frame pointer (also called fp,
FP, or v8) to point to the base of the current activation frame. The
activation frame contains local subroutine data such as the local
variables.

m  Register r13 the stack pointer (also called sp or SP) is used to point to
the top of the activation stack.

ARM allows a flexible second operand, meaning that arithmetic instructions
allow the second operand register to be shifted or rotated prior to being used
in the instruction’s main operation. For example, the instruction:

add rl,r2,r3, 1s1 42

...would left-shift the contents of register r3 before adding it to the contents
of register 2, and:

addrl,r2,r3, asrr4

...would arithmetically right-shift the contents of register r3 by a number of
bits as specified by the low-order byte of the contents of register r4 before
adding them to the contents of register r2.

The list of valid shift operations is:

m asr: arithmetic shift right, store the last bit shifted out in the carry flag
(if instruction uses the S suffix);

m 1s1: logical shift left, store the last bit shifted out in the carry flag
(if instruction uses the S suffix);

m 1sr: logical shift right, store the last bit shifted out in the carry flag
(if instruction uses the S suffix);

m ror: rotate right, place original bit n —1 into the carry flag;

m rrx: rotate right exactly one bit (this operation does not accept a shift
amount), treat the register as a 33-bit register with the carry flag acting as
the LSB.

These operations also have their own corresponding instructions, but when
using these as instructions the flexible second operand is not available. In
other words, the following instruction is not allowed:

asrrl,r2,r3, asri4
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1.5.2 Status register

ARM v6/v7 maintains a status register called the CPSR (current program
status register) that holds four status bits, negative (N), zero (Z), carry
(C), and overflow (O). These bits can be used for conditional execution
of subsequent instructions.

The bits are set according to the most recently executed ALU instruction that
includes the special “s” suffix. For example, the “adds” instruction will
modify the status bits but the “add” instruction will not.

Nearly all ARM instructions can include an optional condition code that
determines if the instruction will be executed or skipped over. In other
words, an instruction whose condition code is evaluated to false will
not change the state of the processor, such as writing a result register to
changing the PC.

For example, the 1dreq instruction will only execute if the Z-bit in the CPSR
is set, which will be the case if the most recent computational instruction
resulted in a result of zero.

For example, the sequence:
subs r2,r2,4#1
streqr3, [r0]

...will decrement register 12 and store r3 only if the new value of 12
is zero.

The compare (cmp) instruction can be used to set the status bits without any
other side effect.

For example:
cmp r2,r3
streqr4, [r0]

...will store register r4 only if the contents of registers 12 and 13
are equal.

When combining the condition code and the “s” suffix, the condition code
comes first, for example,

addeqs r0,r0,rl

The complete list of conditional suffixes are shown in Table 1.1.
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Table 1.1 Condition Codes

Suffix Flags Meaning

eq z set Equal

ne z clear Not equal

hs c set Unsigned > =
lo ¢ clear Unsigned <
mi n set Negative

pl n clear Positive or zero
Vs v set Overflow

vC v clear No overflow
hi c set and z clear Unsigned >
Is c clear and z set Unsigned <=
ge n and v the same Signed > =

It n and v different Signed <

gt z clear, or n and v the same Signed >

le z set, or n and v different Signed <=

1.53 Memory addressing modes

Like other load-store architectures, the only ARM instructions that access
off-chip memory are load and store instructions. For load and store instruc-
tions, there are several available addressing modes, or ways that the off-chip
memory address can be specified by the programmer or compiler.

Let us begin by examining the format of load and store instructions.

To load from memory, use the 1dr instruction mnemonic followed by the
target register and the memory address:

1dr <register>, <memory address>.

To store to memory, use the str instruction mnemonic followed by the
source register and the memory address:

str <register>, <memory address>

Notice that, unlike most instructions, in the store instruction the destination
location (the memory address) is given second.

The 1dr and str instructions can also exchange non-32-bit values (such as
bytes and halfwords) in memory by using an optional type modifier follow-
ing the mnemonic:

1drd/strd load/store double (64 bits)
1drsh load signed halfword (16 bits)
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Table 1.2 ARM Memory Addressing Modes

Example Instruction Effective Address Calculation
1dr r0, [rl] address =R[r1]

1dr r0, [rl, #4] address=R[r1]+4

1dr r0, [rl, #4]! preincrement:

address=R[r1]+4
RIr1]=RI[r1]+4
1dr r0, [rl], #4 postincrement:
address =Rir1]
RIr1]1=R[r1]+4

1dr ro0, [rl, r2] address =R[r1]+RI[r2]

1dr r0, [rl, r2, #4] address=R[r1]+R[r2]+4

1dr r0, [rl,r2, 1s1 #2] address=R[r1]+R[r2] x 4
(shift the address left 2 bits)

1dr r0, [pc, #8192] address =R[PC]+8192

1drh/strh load/store halfword (16 bits)
ldrsb load signed byte (8 bits)
ldrs/strb load/store byte (8 bits)

Load and store instructions can also be conditional. For example, 1dreq
only loads if the z flag is set.

The memory address is specified using register in square brackets. An
optional constant offset, index register, and scaling factor can be specified.
ARM also supports auto-incrementing of registers.

Table 1.2 summarizes the memory addressing modes.

154 GNU ARM assembler

This textbook uses the GNU assembler to illustrate the ARM instruction set
architecture. The GNU assembler uses a different assembly language than
other assemblers including ARM’s own assembler.

For example, in the GNU assembler syntax:
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labels that denote instruction locations for branch targets end with a
colon (e.g., “loop: 1dr r2,[r317),

assembler directives begin with a period (e.g., “.text”),

comments begin with an ampersand (e.g., “& outer Toop”).

Other notable characteristics of ARM assembly code include:

destination registers are generally listed to the left of source registers and

are named r0 through r15 (e.g., “add r1,r2,r3 & add contents of r2
and r3 and store sumin r1”).

immediates, which are constant values encoded directly within an
instruction, are denoted with a hash symbol (e.g., “add r1, r2, #127).
constants that are defined using the “.equ” directive are preceded by an
equal sign when used (e.g., “add r1, r2, =N").

1.6 ASSEMBLY OPTIMIZATION #1: SORTING

The next two sections walk through ARM assembly programming, optimi-

zation, and performance analysis for two examples. The first example is a
bubble sort.

1.6.1 Reference implementation

Begin by writing a reference implementation in C in the file bubble_sort.c:

1

2

10

11

12

ftdefine N 32768

int data[N];

int main () {

inti,j,temp;

for (i=0;i<(N-1);i++)
for (j=0;j<(N-1);j++)
if (data[j]>datal[j+1]) {
temp=datal[j];

datal[j]l=datalj+1];
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13 data[j+1l]=temp;
14 }

15 returnl;

16 }

The first three lines allocate an array of 32K integers in global memory. For
now the program will not initialize this array.

Recall that the bubble sort compares each consecutive pair of values n— 1
times, where 7 is the number of elements. After each comparison, the values
are swapped if they are in nonsorted order. Each individual value can move
at most one position toward the beginning of the array per iteration of the
outermost loop, which can be thought of as bubbles slowing rising to the
top of a liquid.

Save this file as bubble_sort.c and compile with gcc, using the “-O3” flag to
tell the compiler to use maximum optimization:

gcc bubble_sort.c -03 -o bubble_sort
Execute and time the program using:
time ./bubble_sort

On an ARM Cortex AlS5, the program requires 4.0 s of user CPU time to
execute. From this it is possible to make rough estimations regarding the
efficiency of the compiler.

The program compares n? =213 x215=2% pairs of values, meaning the pro-
cessor needs approximately 4.0/2°°=3.7 ps per comparison.

At our clock rate of 2.3 GHz (usually found in /sys/devices/system/
cpu/cpu0/cpufreq/cpuinfo_max_freq), this translates into

2.3e9 x 3.7e —9 =8.5 cycles per comparison

This includes both the cycles required to execute the comparison instruc-
tions and the time needed for the transactions with memory (cache miss
stalls). Is this reasonable?

To find out, let us write a pure assembly implementation in the file bub-
ble_sort_asm.s.

1.6.2 Assembly implementation

Use the “.equ” assembler directive to define the constant N:
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1 .equ N,32768

Use the “.comm” assembler directive to allocate space for the data array.
This creates the array with name “data,” size N*4, and whose starting
address is aligned on the 4-byte boundary (evenly divisible by 4).

2 .comm data,N*4,4

Next, use the “.global” directive to tell the assembler to export the main
function (defined later) so it can be statically linked and called by Linux’s
runtime environment:

3 .global main

Finally, use the “.arch” directive to tell the assembler to generate ARMv7-A
machine language:

4 .arch armv7-a

Begin the main function with the “main” label, using the first instructions
to set register rl up to be the iteration limit for both the outer and inner
for-loops. Our first instructions will perform the following:

1. load the value defined as N into register rl and
2. decrement this register by 1

5 main: 1dr rl,=N
6 sub ril,rl,#1 @rl =N-1

Begin the outer for-loop by assigning the outer loop counter—the i vari-
able—to register 5 and initialize it to 0:

7 mov r5,#0 @i=0

Both the outer and inner loops are for-loops. For-loops are pretest loops,
so they begin with a test to determine if the loop body should be executed.
In this case, compare the value of the outer loop counter to the limit, which
is assigned to registers 5 and rl, respectively. If these values are equal, exit
the loop:

8 oloop:cmp r5,rl @i==N-17?
9 beq exito

The outer loop body will consist of the inner loop, which can be set up
exactly as for the outer loop. Use register 3 for the inner loop counter:

10 mov r3,4#0 @j=0
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In addition to initializing our loop counter to 0, initialize a base register for
the array:

11 ldr r2,=data @r2 = &data

In a literal translation of the C code, the inner loop will load elements j
and j+1 into two registers, compare them, and store them back in reverse
order if necessary. But every iteration of the inner loop needs only to load
element j+1, since element j would have been available in the previous
iteration.

The inner loop allocates register r11 for element j and register r10 for ele-
ment j+ 1. The register numbers are in reverse order so use a store-multiple
(stm) instruction to store the registers in order when swapping the values in
memory (a requirement of the stm instruction).

Before starting the inner loop the program must pre-load the first element.
12 1dr ril,[r2]

Add our loop test:

13 iloop:cmp r3,rl @j==N-17?

14 beq exiti

The inner loop body loads one value from the array (corresponding to ele-
ment j+ 1), compares it with element j, and stores them back to the array in
reverse order if necessary.

Use register 2 as the base register for the current position in the array. When
loading element j+ 1, use the pre-increment addressing mode that will load
the second value and update register 2 to the address of the second value:

15 1dr r1o,[r2,#4]

Compare these values. The condition of element j being greater than the ele-
ment j+1 value will serve as the predicate for storing the values back in
reverse order.

Use the store-multiple instruction when storing the elements.
16 cmp rll,rl0 @ compare values
17 stmgt r2,{rl0,rll} @storeinreverseorder

If the program stored the values back in reverse order, the current value of
r11, which originally represented element j, will now have moved up one

position in the array to effectively become element j+ 1. This value will
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be treated at element j in the next iteration so the program can leave it in
register r11 for the next iteration.

If the values were not swapped, copy the value in register r10 to register r11
for the next iteration of the loop. The condition for this is less than or equal
(le), the logical complement of greater than.

19 movle rll,rl0

After the inner loop body, increment the array index register and inner loop
counter, and then branch back to the beginning of the loop.

20 add  r2,r2.#4
21 add  r3,r3,#1 @j++
22 b iloop

Upon exiting the inner loop, do the same for the outer loop:
23 exiti:add r5,r5,#1 @i++
24 b oloop

Upon exiting the outer loop, return from the main function by jumping to the
location stored in the link register:

25 exito:bx 1r

Assemble this code using gcc and time its execution by:
gcc bubble_sort_asm.s -o bubble_sort -03

time ./bubble_sort_asm

The time required by this assembly implementation requires 3.6 s, a speedup
of 11% over the compiler-generated version.

1.6.3 Result verification

Assembly code is less readable than C code, making it more prone to pro-
gramming errors. As such, when testing an optimized implementation you
should always validate its results against a second, reference implementa-
tion and compare the results. Executing both implementations provides
the ability to perform performance comparisons, and bugs are revealed
by mismatches in the output data.

In order to move forward, convert the reference implementation into
a function. This requires deleting the code relating to the array and the value
of N, changing the name of the function from main to “bubble_sort”, and
using arguments to pass in the pointer to the array and its size:
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1 int bubble_sort (int *data,int n) {
2 inti,j,temp;

3 for (i=0;i<n-1;i++)

4 for (j=0;j<n-1;j++)

5 if (data[jl>datalj+11) {
6 temp=dataljl;

7 data[jl=datal[j+1];

8 data[j+1]=temp;

9 }

10 returnl;

11 }

Next, convert the assembly implementation into a function. To do this,
remove the “.equ” and “. comm” directives, change the name of the exported
symbol to “bubble_sort_asm”, and add a new directive that specifies this as

a function:

1 .global bubble_sort_asm

2 .arch armv7/-a

3 .type bubble_sort_asm, %function

The function arguments, the pointer to the array and its size, will arrive in
registers r0 and r1, respectively. As such, remove the instruction “1drrl, =
N that initializes the size of the array. Also, change the instruction that ini-
tializes the base register for the array in the outer loop body from “1dr r2, =
data” to “mov r2,r0”.

Lastly, set the return value in register 10 just before returning to the caller:
exito: mov ro,#1
bx 1r

Now write a driver that will call both functions. The driver will also be
responsible for allocating the arrays and verifying the results.

1 #include <stdio.h>
2 #include <stdlib.h>

3 Jtdefine N 32768
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4
5 int bubble_sort (int *data,intn);

6 int bubble_sort_asm (int *data,intn);

7

8 intmain () {

9 int i,*datal,*data2;

10

11 datal = (int *)malloc(N*sizeof (int));

12 data2 = (int *)malloc(N*sizeof (int));

13

14 srand(11);

15 for (i=0;i<N;i++) datal[il=data2[il=rand();
16 bubble_sort(datal,N);

17 bubble_sort_asm(data2,N);

18

19 for (i=0;i<N;i++)

20 if (datal[i] !=data2[i]) {

21 fprintf(stderr,"mismatch on elTement %d\n",7);
22 return0;

23 }

24

25 returnl;

26 }

Compile this code with gcc:
gccmain2.c bubble_sort.c bubble_sort_asm.s -omain

If the program runs without validation errors, it is reasonable to assume that
the assembly implementation is functionally correct and implements the
same algorithm as the compiler-generated code. But what accounts for
the performance difference?
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Recall that performance is impacted by many factors, including:

number of instructions executed,
stalls from data dependencies and branch mispredictions,
data dependencies and resource constraints that prevent multiple-
issue, and
m stalls from cache misses.

All of these factors, including the cache miss rate, can potentially be chan-
ged in a way that improves performance by changing the assembly code
implementation of the algorithm.

164 Analysis of compiler-generated code

In order to explore how assembly implementation affects these performance
factors, examine the compiler-generated assembly (using) and compare it
with the hand-written assembly. Use gcc’s “-S” switch to generate the
assembly, the “-03” switch to enable maximum compiler optimization,
and the “-marm” switch to generate ARM-mode assembly (as opposed to
THUMB-mode).

The bubble sort function begins with r0 containing the address of the data
array (data) and rl containing the size of the array (n).

Compute n — 1 and exit the function if the result equals 0.

1 sub 1r, rl, #1
2 cmp 1r, #0
3 ble .L2

Compute the effective address of the end of the array, which is data + n*4.
Note that “ip” is register r12, which is defined as the “intra procedure scratch
register.”

4 add ip, r0, rl, as1 {2

Set r4 = data + 4 and initialize i = (r0) =0

5 add rd, ro, #4

6  mov ro, #0

Begin outer loop; reset 13 to point to the beginning of the array
7 .L3:

8 mov r3, r4
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Begin inner loop; load two elements into r2 and r1. Note that r3 begins at 4
bytes into the array, so the first load offsets by —4 bytes and the second load
uses post-increment to increment r3.

9 .L6:

10 1dr r2, [r3, #-4]

Compare the values and swap (using the store multiple instruction) if necessary.
11 1dr rl, [r3], #4

12 cmp r2, rl

13 stmgtdb r3, {rl, r2}

Compare r3 with the end of the array and loop; if not equal repeat inner loop.
14 cmp r3, ip

15 bne .L6

Once finished with inner loop, increment counter, compare counter with n,
and if not equal repeat output loop.

16 add ro, ro, #1
17 cmp r0, 1r
18 bne .L3

The “.L.2” label is the exit point.
19 .L2:

The inner loop is comprised of only six instructions, while ours has nine
instructions, so we must assume our inner loop required less than 2/3 of
the cycles as compared to the compiler-generated inner loop.

1.7 ASSEMBLY OPTIMIZATION #2: BIT MANIPULATION

The code optimizers built into compilers are less effective for codes that
cannot be naturally expressed in a high-level language, such as those that
involve complex bit manipulation, specialized arithmetic, or that involve
high-latency operations such as floating-point instructions or memory
instructions having low access locality.

Consider the following simple C loop, which reverses the order of bits within
a word. In this code, “in” and “out” are declared as unsigned integers:
for (i=0;1<32;i++) out |= in>> (31-1) << i

When compiled with ARM GCC 4.8.2-19 using maximum optimization
(using the “-O3” switch), and forcing the compiler to generate ARM mode
code as opposed to THUMB mode code (by using the “-mcpu=cortex-al5
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—marm” switches), the compiler generates the following assembly code,
where the “in” variable is assigned to register 10:

Compiler-Generated Assembly Code Purpose

1 mov r3, #0 i=0

2 mov r2,r3 out=0

3 .L3: loop body begin

4 rsb rl,r3, #31 temp = 31 —i

5 mov rl,r0, Isrrl temp2 = in << (31- i)

6 orr r2,r2,rl,aslr3 out = out | (temp2 << i)
7 add r3,r3,#l i++

8 cmp r3, #32 compare i and 32

9 bne .L3 if not equal, repeat

The compiler-generated assembly code looks reasonable, but it is possible to
reduce the number of instructions in the loop body by taking advantage of
instruction set features that cannot be described in the C language.

Specifically, recall that when using shift operations, either as standalone ins-
tructions or as the flexible second operand, the last shifted out bit is stored in
the carry flag. Also, the rotate right and extend (RRX) operation allows the carry
flag to be shifted into a register. This allows us to use the carry flag to transfer
each bit between the original and reversed registers while using opposing shift
operations. An added benefit is that the program can terminate the loop when all
the bits have been shifted out of the source register, eliminating the need for the
instruction that increments the i variable. This approach is shown below.

Hand-Written

Assembly Code Purpose
1 mov r2,#0 out=0
2 1sls r0,r0,#1 in = in <<= 1, save bit that
was shifted out to C flag
3 orr0,r0,i1 set LSB of in to 1 to “mark” bit 32

Continued
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Hand-Written

Assembly Code Purpose

4 .L3: loop body begin

5 rrx r2,r2 out = out >> 1, shift in C flag

6 1sls r0,r0,#1 in <<= 1, save bit that was shifted
out to C flag

7 cmp r0, {0 compare in and 0

8 bne .L3 if not equal, repeat

In this version, the loop body shrinks by two instructions. Assuming the cost
of each instruction is the same as in the previous version, this gives a
speedup of 6/4=1.5, making the code 50% faster.

This assumption is not necessarily realistic, because changing the instruc-
tion sequence may have also changed several other performance factors.
As aresult, the actual performance improvement may be greater or less than
50%. Specifically, modifying the code may also have changed:

m the average number of clock cycles required by each instruction (cycles
per instruction, or CPI),
the instruction cache miss rate, or
if the loop had included load and store instructions, a change in the data
cache miss rate from potentially changing the memory access pattern.

As such, the static instruction code does not necessarily translate into a pro-
portional performance impact. In order to accurately capture the impact of
code changes, the programmer must measure the program’s runtime behav-
ior using profiling.

The objective of profiling is to collect program runtime information on an
actual processor or using a cycle-accurate simulator. Cycle-accurate simu-
lators are able to associate performance-relevant events to lines or features
in the code, but are slow and limit the scope of programs and datasets that
can be tested. Using an actual processor is much faster but information can
only be collected in an aggregated way using performance counters.

This book uses profiling with performance counters. Performance counters
are a low-level architectural feature and are generally difficult to use without
the help of one or more abstraction layers. Linux provides a system-level
abstraction, and this chapter will describe how to build a user-/evel abstrac-
tion on top of it.
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1.8 CODE OPTIMIZATION OBJECTIVES

When choosing which events to count, our objective is to identify those that
significantly impact program performance but whose occurrence rate can
most easily be manipulated through code transformations that do not
change program semantics. To further examine this question let us recall
how execution time is determined.

Program execution time can be computed as the product of number of
instructions executed, average number of cycles per instruction (CPI),
and clock period, that is:

seconds instructions  cycles  seconds

program  program  instruction  cycle

Optimizing code usually involves reducing the first two terms, since the
clock period is usually fixed.

1.8.1 Reducing the number of executed instructions

Reducing the dynamic (runtime) instruction count involves eliminating
redundant code. The compiler is able to eliminate some redundancies in high
level code automatically, usually by eliminating the re-computation of com-
mon sub-expressions or moving loop invariant code outside of a loop. Even
so, compilers will often generate more instructions than necessary when
translating high-level code to assembly code. In this case, significant perfor-
mance can sometimes be gained by writing small segments of assembly
code for performance critical code in the innermost loops.

For this reason, it is important to have a performance counter to count the
number of executed instructions. Because most processors use branch spec-
ulation, where some instructions are executed before a proceeding branch is
resolved, instruction counters are often an estimation rather than an
exact number.

1.8.2 Reducing average CPI

An ARMI11 processor is only capable of beginning execution, or issuing,
one instruction per cycle, while an ARM Cortex core can issue up to two
instructions per cycle. In average, both processors have an average issue rate
that is less than their respective maximums due to stalls.

Stalls are events caused by an instruction that temporarily prevents the pro-
cessor from beginning execution (issuing) the maximum number of instruc-
tions in subsequent cycles. In other words, most ARM processors have an
ideal CPI of 0.5.
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There are three major causes of stalls:

m  Branch stalls: Caused by branch mispredictions or branch target buffer
misses.

m  Data dependency stalls: Caused by register read-after-write
dependencies and is most serious when involving floating-point
instructions that have long latency.

m  Load/store stalls: Caused by cache misses, requiring off-chip access to
external memory.

Branch stalls are caused when the processor fails to accurately predict the
outcome of a conditional branch instruction. When this happens, instruc-
tions that were speculatively fetched after the branch must be discarded
and replaced with stalls.

For example, assume the following instruction sequence:

1 cmp rl,r2
2 beq target
3 <n-1 speculative instructions >

In this case, the beq instruction depends on the status register outcome of the
cmp instruction, which itself may depend on the outcome of previous instruc-
tions that compute r1 and 12. The processor will continue fetching instructions
after the beq based on its branch prediction. The number of these speculative
instructions will depend on how long the processor must wait for the beq
instruction to execute the execute stage. If the branch is found to be mispre-
dicted, all of these instructions will be converted to branch stalls.

The rate at which this occurs is associated with the rate at which conditional
branches are executed, which is higher for programs that contain control-
dependent code, code that has unpredictable if-statements in the
innermost loops.

The most obvious way to reduce branch stalls is to reduce the number of if-
statements. Unless there are redundant if-statements that can be removed, it
is difficult to do this without changing the semantics of the code. Another
technique is to replace conditional branch instructions with predicated
instructions, which is only effective when the number of conditional instruc-
tions is relatively small.

Data dependency stalls are caused when instructions must wait to execute
until the results from previous instructions have been computed. These stalls
are most serious in programs that perform floating-point instructions, since
these instructions have the longest latency of all the arithmetic instructions.
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For example, the following sequence of instructions performs a sequence of
two dependent double-precision add instructions, because the second
instruction cannot begin execution until the value of dO is computed by
the first instruction.

1 faddd d0,d2,d4
2 faddd d4,d0,d2

In this case, the second instruction cannot enter the execute pipeline until the
first instruction completes. The time between the completion of the first
instruction and the initiation of the second instruction is spent executing
stalls. Most floating-point programs contain many of these types of depen-
dencies leading to data dependency stalls and resulting in low utilization of
the floating-point functional units.

Reducing the number of these stalls is generally accomplished by rearran-
ging the order of instructions in the code, allowing the latency of floating-
point instructions to be “hidden” by executing other, non-dependent
floating-point instructions in the meantime.

Processors that perform aggressive dynamic scheduling—also called out-of-
order execution—can do this automatically at runtime without needing to
change the program code. However, most embedded processors, including
those from ARM, cannot afford the cost of this feature, in terms of chip real-
estate or power consumption, so they generally have limited or no capability
for dynamic scheduling.

Chapter 2 describes how to use code optimization techniques to hide the
latency of floating-point instructions and reduce the number of data depen-
dency stalls by using double buffering, software pipelining, and SIMD
instructions.

Another way to reduce the effect of floating-point latency is to convert
floating-point instructions into fixed-point instructions. Fixed-point repre-
sentation allows the usage of fractional numbers using the lower-latency
integer functional units. The main drawback of this approach is a reduction
in the dynamic range, or the ratio between the largest- and smaller-
magnitude numerical values that can be represented. Luckily, many graph-
ical computations do not require high dynamic range. Chapter 2 explores
this technique as well.

Load and store stalls are linked to the effectiveness of the processor’s cache,
but can be reduced by changing the order in which data is accessed in mem-
ory. The goal is to increase the locality of the accesses. To do this, the pro-
grammer or compiler must arrange the order of load and store instructions
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such that the resulting sequence of effective addresses is favorable for the
cache. This means that whenever the same or nearby addresses are accessed,
the time between accesses should be minimized. This often requires making
substantial changes to the structure of nested loops.

The primary method for accomplishing this is through loop transformations,
such as loop interchange, loop fusion, loop fission, and loop tiling. In order
to track load and store stalls, the programmer must be able to monitor the
number of references and misses on the last-level cache.

This chapter describes the use of performance counters to keep track of
cycles, instructions, cache references, and cache misses. The cycle count
will provide information about execution time, the ratio of instructions to
cycles will provide CPI, and the ratio of cache misses to references will pro-
vide cache miss rate. Note that the total CPI includes the stall cycles from
branches, data dependencies, and cache misses, although there is no way to
discriminate each type of stall. There is still enough information to make
optimization decisions, and understand how our code transformations affect
performance.

On a final note: the ARMI11 and ARM Cortex-A9 PMUs can count data
dependency stalls, but this event is no longer supported (countable) in the
Cortex A15 PMU. In order to remain consistent across all our target proces-
sors, this chapter will not use this particular counter.

1.9 RUNTIME PROFILING WITH PERFORMANCE
COUNTERS

Most modern processors contain a set of registers called performance coun-
ters that can be programmed to count specific events that may be of interest
for understanding program performance or diagnosing problems. The most
commonly used performance counter is the cycle counter, which is a simple
counter that increments every cycle. The cycle counter can be used to pro-
vide timing information at the granularity of a single clock cycle.

19.1 ARM performance monitoring unit

In addition to a cycle counter, most processors also offer a set of flexible
counters that can be programmed to count events such as cache misses,
instruction executions, floating-point instruction executions, or branch mis-
predictions. These counters, as well as the associated logic used to program
each counter with a specific event, are called the performance monitoring
unit (PMU).
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The performance counters are a limited hardware resource that must be
shared by all programs and users, so the OS must be responsible for arbi-
trating access to the counters. In addition, a user may want to count more
events than there are physical counters, so the OS must be responsible
for multiplexing access to the counters. Also, multicore processors will often
have a PMU in each core, so inconsistent results may arise when a program
inadvertently reads the counters of different cores. As such, the OS must be
responsible for maintaining per-process counter states across all cores. This
also includes not incrementing the per-process counters during the times
when the process is suspended by the OS, despite the fact that the hardware
counters would still otherwise be counting.

For these reasons, the OS must manage the PMU on behalf of the users. In
fact, the processor will actually prevent user code from directly accessing
the counters (registering as an invalid instruction exception). Users are
therefore forced to access the PMU through the OS using system calls.

1.9.2 Linux Perf Event

Linux provides an abstraction layer for PMU management called perf event. In
addition to interfacing with the PMU, perf_event is also capable of keeping track
of software events such as context switches and page faults. Unfortunately, as of
this writing, perf_event is not fully implemented for the ARM11 processor of the
Raspberry Pi. Appendix A describes how to patch the kernel to add support.

When more counters are requested than are physically available, perf_event
uses a technique called multiplexing. In this case, the kernel enables a subset
of the requested counters, enabling a different subset at regular intervals.
This allows the hardware counters to statistically sample the event counts
at various periods throughout the time the user requests the counters to
be enabled. When the user requests the results, perf_event will also report
the number of cycles since the user enabled the counter and the number of
cycles the counter was actually enabled. These values are called time
enabled and time running. The user can extrapolate the actual count by scal-
ing the reported count by the ratio of these values.

In order to use perf_event, the user instantiates each counter using the sys-
tem call named perf_event_open. Once open, the user can use the standard
Posix ioct1() function to enable, disable, and reset it, and the read () func-
tion to read its state.

When opening a counter, the user must fill ina “struct perf_event_attr”
structure to configure the counter. The two most important fields of this
structure are the .type field and .config field. When counting hardware
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events, there are only two valid types: PERF_TYPE_HARDWARE and PERF_TY -
PE_RAW. PERF_TYPE_HARDWARE is a platform-independent mechanism for

specifying a set of common events, while PERF_TYPE_RAW allows the user
to specify a processor-specific event encoding to count.

1.9.3 Performance counter infrastructure

In order to use perf_event, it is easy to develop a set of reusable functions to
measure the performance of various aspects of program execution. This will
include functions for initialization, result printing, resetting the performing
counters (named “tick”), and reading the state of the performance counters
(named “tock™).

Begin by adding the necessary header files and constant definitions of each
of our five counters:

#include <stdio.h> // needed for printf()

#include <stdlib.h> // needed for malloc() and
RAND_MAX

#include <string.h> // needed for memset()

#include <math.h> // needed for floating point
routines

#include <sys/time.h> // needed for gettimeofday()

#include <unistd.h> // needed for pid_t type

#include <sys/ioctl.h> // needed for ioct1()

f#finclude <asm/unistd.h> // needed for perf_event
syscall

f#include <linux/perf_event.h> // needed for perf_event

ffdefine CYCLES 0
ffdefine INSTRUCTIONS 1
ffdefine CACHEREFS 2
ffdefine CACHEMISSES 3

Next, write an explicit C wrapper to invoke the system call to open a specific
performance counter using perf_event:

long perf_event_open(struct perf_event_attr *hw_event,
pid_t pid,

int cpu,
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int group_fd,
unsigned Tong flags) {
int ret;

ret = syscall(__NR_perf_event_open, hw_event, pid, cpu,
group_fd, flags);

return ret;
}

The pid argument specifies the Linux process ID for which processes the
measurements are made. There are two special values: if pid is 0 the mea-
surement is made on the current process, and if pid is —1 the measurement
is made on all processes. This code will set this argument to O to measure the
current process.

The cpu argument allows the user to restrict measurements on a single CPU.
If cpu is —1 events are measured on all CPUs.

The group_fd argument allows event groups to be created, allowing

for more than one event to be counted with a single call to perf_event_o-
pen. The code in this chapter uses separate calls to perf_event_open to

count each individual event, so set this argument to —1 to measure a
single event.

Also needed is a function that will scale the results given by perf_event
according to the ratio between time enabled and time running. Reading a
counter opened with perf_event returns an array of three 64-bit integers;
the value at index O represents the counter value, the value at index 1 rep-
resents the time enabled, and index 2 represents the time running.

staticinlineunsigned long Tong perf_count(unsigned Tong long
*values) {

return (unsigned Tong long) ((float)values[0] *
(float)values[1]/(float)values[2]);
}

In perf_event, individual performance counters can be accessed through a
file descriptor, so begin by declaring an array of file descriptors:

int fd[5];
Declare an array to store the information read from each counter:

unsigned Tong long cnts[4][3];
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The following function will open the four counters. This function is designed
to work for the ARM11, ARM Cortex A9, and ARM Cortex A15 processors.
Opening the cache miss and cache reference counters is slightly different for
the ARM11, so the code assumes that the ARM11 variable is set when com-
piling for the ARM11 (compile with the -DARM11 option).

int cnts_open (int *fd) {
struct perf_event_attr attr;
memset(&attr, 0, sizeof(attr));
attr.type = PERF_TYPE_HARDWARE;
attr.size = sizeof(struct perf_event_attr);
attr.read_format =

PERF_FORMAT_TOTAL_TIME_ENABLED|
PERF_FORMAT_TOTAL_TIME_ RUNNING;

attr.config = PERF_COUNT_HW_CPU_CYCLES;
fd[CYCLES] = perf_event_open(&attr, 0, -1, -1, 0);
if (fd[CYCLES] == -1) {
perror("cannot open perf_counter for cycles"); exit(0); }
attr.config = PERF_COUNT_HW_INSTRUCTIONS;

fAd[INSTRUCTIONS] = perf_event_open(&attr, 0, -1, -1, 0);

if (fd[INSTRUCTIONS] == -1) {
perror("cannot open perf_counter for instructions”);
exit(0); }
#ifdef ARM11

attr.type = PERF_TYPE_RAW;
attr.config = 0x9;
fd[CACHEREFS] = perf_event_open(&attr, 0, -1, -1, 0);
if (fd[CACHEREFS] == -1) {
perror("cannot open perf_counter for cacherefs™); exit(0); }
attr.config = 0xB;
fd[CACHEMISSES] = perf_event_open(&attr, 0, -1, -1, 0);

if (fd[CACHEMISSES] == -1) {
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perror("cannot open perf_counter for cachemisses"); exit
(0); }

felse
attr.config = PERF_COUNT_HW_CACHE_REFERENCES;
fd[CACHEREFS] = perf_event_open(&attr, 0, -1, -1, 0);
if (Fd[CACHEREFS] == -1) {
perror("cannot open perf_counter for cacherefs"); exit(0); }
attr.config = PERF_COUNT_HW_CACHE_MISSES;
fd[CACHEMISSES] = perf_event_open(&attr, 0, -1, -1, 0);
if (fd[CACHEMISSES] == -1) {

perror("cannot open perf_counter for cachemisses™);
exit(0); }

fendif

}

Add the “tick” and “tock” functions, which can be called before and after the
code to be measured:

void cnts_tick (int *fd) {
int i,ret;
cnts_open(fd);
for (i=0;i<4;i++) {
ret=ioct1(fd[i], PERF_EVENT_IOC_RESET);

if (ret==-1) err (™ioct1() incnts_tick() failed");

}
void cnts_tock (int *fd, unsigned Tong Tong cnts[1[3]) {
inti,ret;
for (i=0;i<4;i++) {
ret = read(fd[i], cnts[i], sizeof(cnts[il));

if (ret!=24) err ("ioct1() incnts_tock() failed");



34 (CHAPTER 1 The Linux/ARM Embedded Platform

cnts_close(fd);

}

void cnts_close(int *fd) {
inti;

for (i=0;i<4;i++) close(fd[i]);

1.10 MEASURING MEMORY BANDWIDTH

To begin using perf_event, let us use it to measure the time required for the
processor to write a contiguous block data and to read a contiguous block of
data. This test will also allow us to measure the processor’s memory band-
width, which is often different for reads versus writes. The programmer can
use these values to calculate the performance upper bound.

Write a print routine that prints our performance results and calculates mem-
ory bandwidth:

void cnts_dump (unsigned Tong Tong cnts[1[3]1) {
float time, membw;
time = ((float)perf_count(cnts[CYCLES]))/CLOCK_RATE;
membw = (float)N/time/(1024.0f*1024.0f);
printf("[perf_event] cycles = %11u (%0.0f us)\n",
perf_count(cnts[CYCLES]),

(float) (perf_count(cnts[CYCLES])/(CLOCK_RATE/
1.0E6)));

printf("[perf_event] %0.2f MB/s\n",membw) ;
printf("[perf_event] instructions = %11u (CPI=%0.2f)\n",
perf_count(cnts[INSTRUCTIONS]),
(float) (perf_count(cnts[CYCLES]))/
(float)(perf_count(cnts[INSTRUCTIONS])));
printf("[perf_event]l misses = %11u, references = %11u\
(miss rate=%0.4f)\n",

perf_count(cnts[CACHEMISSES]),
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perf_count(cnts[CACHEREFS]),

(float)(perf_count(cnts[CACHEMISSES]))/

(float)(perf_count(cnts[CACHEREFS])));
}

Next add defines to specify the size, in words, of the memory block to copy,
and the processor clock frequency.

fdefine SIZE  128<<20 // 128MB
i f ARM11

fidefine CLOCK_RATE 700.0e6
#elif A9

ftdefine CLOCK_RATE 666.0e6

fre1if Al5

ftdefine CLOCK_RATE 2230.5e6

ffendif

In order to verify our clock frequency setting and that perf_event is reporting
correct cycle counts, examine a segment of code using both the performance
counters and the Linux system clock using gettimeofday(). The system
clock measures the “wall clock time”, while perf_event only counts cycles
while the process is running. Because of this, the programmer may observe
higher values from the system clock, since it may accumulate time during
temporary periods when the process is suspected by the OS.

In order to use gettimeofday(), declare two variables to hold the time
values that it returns:

struct timeval timel,time2;

The timeval struct contains a 32-bit value #v_sec that measures seconds
and a 32-bit value rv_usec that measures microseconds within each
second.

You will also need to declare and allocate a test array:
unsigned int *test_array;
test_array = (unsigned int *)test_array(N);

The following code independently tests memory read and write
throughput.
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When testing reads, make sure you print the final value of sum in order to
prevent sum from being optimized out by the compiler.

void memory_test () {
int fd[5];
unsigned long long cnts[4]1[3];
unsigned int us;
struct timeval timel,time2;
unsigned int *test_array;
inti,j,n,z,sum=0;
test_array = (unsigned int *)malloc(N+0x10);
// alignon 16-byte boundary

test_array = (unsigned int *)(((unsigned int)test_array &
~0x1F) +0x10);

// initialize test_array

for (i=0;i<(N>>2);i++) test_array[i]=0;
printf("—-—————————— read test——————————— \n");
cnts_tick(fd);

gettimeofday(&timel,0);

for (i=0;i<(N>>2);i++)
sum+=test_array[i];

gettimeofday(&time2,0);

cnts_tock(fd,cnts);

us =time2.tv_sec*1000000 + time2.tv_usec -

timel.tv_sec*1000000 - timel.tv_usec;

printf("[systemclock] time = %d us\n",us);

cnts_dump(cnts);

printf ("[sum] = %d\n",sum); // used to ensure that
// test_array isn't optimized out

printf("——————————- write test-————————— \n");



1.11 Performance Results 37

cnts_tick(fd);

gettimeofday(&timel,0);

for (i=0;i<(N>>2);i++) test_array[i]=0;

gettimeofday(&time2,0);

cnts_tock(fd,cnts);

us = time2.tv_sec*1000000 + time2.tv_usec -
timel.tv_sec*1000000 - timel.tv_usec;

printf("[systemclock] time = %d us\n",us);

cnts_dump(cnts);

1.17 PERFORMANCE RESULTS

Compile the code using the -03 flag and run it on your platform.

Table 1.3 shows the memory bandwidth results for an ARM11, ARM Cortex
A9, and ARM Cortex A15. For each processor, write bandwidth is approx-
imately three times that of read bandwidth. The differences in CPI and miss
rate shed some light on the reasons for this difference. The higher CPI and
miss rate of the read test indicates that the cache does not block the CPU or
register a cache miss as often when writing, probably because the cache does
not allocate space in the cache on a write miss, and a write miss is only trig-
gered when all the write buffers are full.

Table 1.3 Results of Memory Bandwidth Test

Raspberry Pi

Avnet
Zedboard

NVIDIA Jetson
Tegra TK1

CPU ARM11 Dual Cortex A9 Quad Cortex A15
Read B/W 140 MB/s 347 MB/s 2.94 GB/s

CPI 4.69 1.83 0.72

Miss rate 9.21% 11.9% 6.26%

Write B/W 325 MB/s 1.67 GB/s 11.2 GB/s

CPI 2.70 0.51 0.67

Miss rate 1.64% 28.7% 0.00%
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1.12 PERFORMANCE BOUNDS

A program loop or loop nest that comprises a substantial portion of the exe-
cution time is referred to as a kernel. The runtime behavior of relatively sim-
ple kernels can be characterized by arithmetic intensity, or number of
primitive CPU operations performed per unit of data. Once the kernel’s
arithmetic intensity is known, it can be used to compute a performance
upper bound as a function of a processor’s peak memory bandwidth.

The processor’s peak floating-point throughput can be estimated by multi-
plying its clock rate by the number of floating-point operations it can per-
form per cycle. If, for example, a processor can perform 10 floating-point
operations per cycle at 1 GHz, its peak throughput is thus 10 billion
floating-point operations per second, or 10 Gflops. Note that the term
“flops” can be confusing, since it can be used as an acronym for floating-
point operations per second or as shorthand for floating-point operations.
You can usually determine the intended meaning from its context.

Kernels that have a high arithmetic intensity are said to be compute bound,
which means that the performance is limited by the number of operations
that can be dispatched to the processor’s internal functional units. This is
in contrast to memory bound, which means the performance is limited by
the memory bandwidth.

The exact arithmetic intensity value at which a kernel goes from being mem-
ory bound to compute bound depends on the processor, but in practice very
few kernels are compute bound. Even kernels that seem to have very high
arithmetic intensity, such as matrix-matrix multiply that performs O(n*)
flops for every O(n*) input and output value, are often still performance
bounded due to load-store stalls or data dependency stalls. This is seen in
cases where SGEMM achieves only 50-75% of the peak theoretical perfor-
mance for a particular processor.

Arithmetic intensity is measured in floating-point operations per byte (flops/
byte). Thus the performance upper bound for a kernel can be computed as
P=A xB, where A == arithmetic intensity in flops/byte, B == memory
bandwidth in bytes/s, and P == performance in flops/s (flops).

1.13 BASIC ARM INSTRUCTION SET

This section provides a concise summary of a basic subset of the ARM
instruction set. The information provided here is only enough to get you
started writing basic ARM assembly programs, and does not include any
specialized instructions, such as system instructions and those related to
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coprocessors. Note that in the following tables, the instruction mnemonics are
shown in uppercase, but can be written in uppercase or lowercase.

1.13.1 Integer arithmetic instructions

Table 1.4 shows a list of integer arithmetic instructions. All of these support
conditional execution, and all will update the status register when the S suf-
fix is specified. Some of these instructions—those with “operand2”—
support the flexible second operand as described earlier in this chapter. This
allows these instructions to have either a register, a shifted register, or an
immediate as the second operand.

1.13.2 Bitwise logical instructions

Table 1.5 shows a list of bitwise logical instructions. All of these support
conditional execution, all can update the flags when the S suffix is specified,
and all support a flexible second operand.

1.13.3 Shift instructions

Table 1.6 shows a list of shift instructions. All of these support conditional
execution, all can update the flags when the S suffix is specified, but note
that these instructions do not support the flexible second operand.

Table 1.4 Integer Arithmetic Instructions
Instruction Description Function
ADC{S}{<cond >} Rd, Rn, operand2 Add with carry R[Rd]=R[Rn] + operand2 + Cflag
ADD({S}{<cond >} Rd, Rn, operand2 Add R[Rd] =R[Rn] +operand2
MLA{S}<cond >} Rd, Rn, Rm, Ra Multiply-accumulate R[Rd] =R[Rn]* RIRm] + R[Ra]
MUL{SH{<cond >} Rd, Rn, Rm Multiply R[Rd]=R[Rn]*R[Rm]
RSB{SH{<cond >} Rd, Rn, operand2 Reverse subtract R[Rd] =operand2-R[Rn]
RSC{S}{<cond >} Rd, Rn, operand2 Reverse subtract with carry ~ R[Rd]=operand2-R[Rn] — not(C flag)
SBC{SH{<cond >} Rd, Rn, operand2 Subtract with carry R[Rd]=R[Rn] — operand2 — not(C flag)
SMLAL{S}{<cond >} RdLo, RdHi, Rn, Rm  Signed multiply R[RdHi] = upper32bits(R[Rn] * RIRm]) + R[RdHi]
Iaccumulate RIRdLo] = lower32bits(R[Rn]* RIRm]) + R[RdLo]
ong
SMULL{S{<cond >} RdLo, RdH;, Signed multiply long R[RdHi] = upper32bits(R[Rm] * R[Rs])
Rn, Rm R[RdLo] = lower32bits(RIRm] * R[Rs])
SUB{S{<cond >} Rd, Rn, operand2 Subtract R[Rd]=R[Rn] — operand2
UMLAL{SH<cond >} RdLo, RdHi, Unsigned multiply R[RdHi] = upper32bits(R[Rn] * RIRm]) + R[RdHi]
Rn, Rm accumulate long R[RdLo] = lower32bits(R[Rn] * RIRm]) + R[RdLo]
UMULL{S}{<cond >} RdLo, RdHi, Rn, Rm  Unsigned multiply long RI[RdHi] = upper32bits(R[Rn] * RIRm])
R[RdLo] = lower32bits(R[Rn]* R[Rm])
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Table 1.5 Integer Bitwise Logical Instructions

Instruction Description Functionality

AND{SH<cond >} Rd, Rn, operand2 Bitwise AND R[Rd]=RI[Rn] & operand2
BIC{SH{<cond >} Rd, Rn, operand2 Bit clear R[Rd]=RI[Rn] & not operand2
EOR{S}{<cond >} Rd, Rn, operand2 Bitwise XOR R[Rd]=RI[Rn] ~ operand2
ORR{SH{<cond >} Rd, Rn, operand2 Bitwise OR R[Rd] =RIRn] | operand2

Table 1.6 Integer Bitwise Logical Instructions

Instruction Description Functionality

ASR{S}<cond >} Rd, Rn, Rs/#sh Arithmetic shift right R[Rd] = (int)R[Rn] >> (R[Rs] or #sh)
allowed shift amount 1-32

LSR{SH{<cond >} Rd, Rn, Rs/#sh Logical shift right R[Rd]= (unsigned int)R[Rn] >> (R[Rs] or #sh)
allowed shift amount 1-32

LSL{S{<cond >} Rd, Rn, Rs/#sh Logical shift left RIRd]=RI[Rn] << (R[Rs] or #sh)
allowed shift amount 0-31

ROR{S}<cond >} Rd, Rn, Rs/ Rotate right R[Rd]=rotate R[Rn] by operand2 bits

#sh allowed shift amount 1-31

RRX{SH{<cond >} Rd, Rm Shift right by 1 bit

The old carry flag is shifted

into R[Rd] bit 31

If used with the S suffix, the

old bit 0 is placed in the carry flag

1.134 Movement instructions

Table 1.7 shows a list of data movement instructions. Most useful of these is
the MOV instruction, since its flexible second operand allows for loading
immediates and register shifting.

1.13.5 Load and store instructions

Table 1.8 shows a list of load and store instructions. The LDR/STR instruc-
tions are ARM’s bread-and-butter load and store instructions. The memory
address can be specified using any of the addressing modes described earlier
in this chapter.

The LDR instruction can also be used to load symbols into base registers,
e.g. “ldr rl,=data”.

The LDM and STM instructions can load and store multiple registers and are
often used for accessing the stack.



Table 1.7 Data Movement Instructions

Instruction

MOV{SH{<cond >} Rd, operand2
MRS{<cond >} Rd, CPSR
MRS{<cond >} Rd, SPSR

MSR{< cond >} CPSR_f, #imm
MSR{< cond >} SPSR_f, #imm

MSR{< cond >} CPSR_ < fields >, Rm
MSR{< cond >} SPSR_ < fields >, Rm

MVN({S}{< cond >} Rd, operand2

Description Functionality
Move R[Rd] =operand2
Move status register or saved status R[Rd]=CPSR
register to GPR R[Rd]=SPSR
Move to status register from fields is one of:
ARM register ¢ X% s, f

Move one’s complement

R[Rd] = not operand2

Table 1.8 ARM Load and Store Instructions

Instruction

LDM{cond} < address mode > Rn{!},

<reg list in braces >

LDR{cond}{B|H|SB|SH} Rd,
<address >

STM{cond} < address mode > Rn,
<registers >

STR{cond}{B|H} Rd, <address >

SWP{cond} < B| Rd, Rm, [Rn]

Description

Load multiple

Load register

Store multiple

Store register

Swap

Functionality

Loads multiple registers from consecutive
words starting at R[Rn]

Bang (!) will autoincrement base register
Address mode:
IA=increment after
IB=increment before

DA =decrement after

DB =decrement before
Example:

LDMIA r2!, {r3,5-r7}

Loads from memory into Rd.
Optional size specifiers:
B=byte

H = halfword

SB=signed byte

SH=signed halfword

Stores multiple registers
Bang (!) will autoincrement base register
Address mode:
IA=increment after
IB=increment before

DA =decrement after

DB =decrement before
Example:

STMIA r2!, {r3,5-r7}

Stores from memory into Rd.
Optional size specifiers:
B=byte

H = halfword

Swap a word (or byte) between registers
and memory
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1.13.6 Comparison instructions

Table 1.9 lists comparison instructions. These instructions are used to the
status flags, which are used for conditional instructions, often used for con-
ditional branches.

1.13.7 Branch instructions

Table 1.10 lists two branch instructions. The BX (branch exchange) instruc-
tion is used when branching to register values, which is used often for
branching to the link register for returning from functions. When using this
instruction, the LSB of the target register specifies whether the processor
will be in ARM mode or THUMB mode after the branch is taken.

1.13.8 Floating-point instructions

There are two types of floating-point instructions: the Vector Floating Point
(VFP) instructions and the NEON instructions.

ARMV6 processors such as the Raspberry Pi (genl)’s ARM11 support only
VFP instructions. Newer architectures such as ARMv7 support only NEON
instructions. The most common floating-point operations map to both a VFP
instruction and a NEON instruction. For example, the VFP instruction
FADDS and the NEON instruction VADD.F32 (when used with s-registers)
both perform a single precision floating point add.

The NEON instruction set is more extensive than the VFP instruction set, so
while most VFP instructions have an equivalent NEON instruction, there are
many NEON instructions that perform operations not possible with VFP

instructions.
Table 1.9 Comparison Instructions
Instruction Description Functionality
CMN{<cond >} Rn, Rm Compare negative Sets flags based on comparison between R[Rn] and —-R[Rm]
CMP{< cond >} Rn, Rm Compare negative Sets flags based on comparison between R[Rn] and R[Rm]
TEQ{cond} Rn, Rm Test equivalence Tests for equivalence without affecting V flag
TST{cond} Rn, Rm Test Performs a bitwise AND of two registers and updates the flags
Table 1.10 Branch Instructions
Instruction Description Functionality
B{LH{cond} < target > Branch Branches (and optionally links in register r14) to label
B{L}X{cond} Rm Branch and Branches (and optionally links in register r14) to register. Bit 0 of register
exchange specifies if the instruction set mode will be standard or THUMB upon
branching
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In order to describe floating point and single instruction, multiple data
(SIMD) programming techniques that are applicable to both the ARM11
and ARM Cortex processors, this section and Chapter 2 will cover both

VFP and NEON instructions.

Table 1.11 lists the VFP and NEON version of commonly used floating-point

instructions. Like the integer arithmetic instructions, most floating-point

instructions support conditional execution, but there is a separate set of flags
for floating-point instructions located in the 32-bit floating-point status and
control register (FPSCR). NEON instructions use only bits 31 down to 27
of this register, while VFP instructions use additional bit fields.

VFP Instruction

FADDIS|D]{cond} Fd, Fn, Fm
FSUBI[S|Dl{cond} Fd, Fn, Fm
FMUL[S|Dl{cond} Fd, Fn, Fm
FNMULIS|Dl{cond} Fd, Fn, Fm
FDIVIS|Dl{cond} Fd, Fn, Fm
FABS[S|Dl{cond} Fd, Fm
FNEGIS|Dl{cond} Fd, Fm
FSQRT[S|Dl{cond} Fd, Fm
FCVTSD{cond} Fd, Fm
FCVTDS{cond} Fd, Fm

FMACIS|Dl{cond} Fd, Fn, Fm

FLDIS|Dl{cond} Fd,<address >
FST[S|D]{cond} Fd,<address >

FLDMI[S|Dl{cond} < address >,
< FPRegs >

FSTMI[S|D]{cond} < address >,
< FPRegs >

FMRX{cond} Rd
FMXR{cond} Rm
FCPY[S|Dl{cond} Fd,Fm

Table 1.11 Floating-Point Instructions

Equivalent NEON Instruction

VADD.[F32|F64] Fd, Fn, Fm
VSUB.[F32|F64] Fd, Fn, Fm
VMUL.[F32|F64] Fd, Fn, Fm
VNMUL.[F32|F64] Fd, Fn, Fm
VDIV.[F32|F64] Fd, Fn, Fm
VABS.[F32|F64] Fd, Fn, Fm
VNEG.[F32|F64] Fd, Fn, Fm
VSQRT.[F32|F64] Fd, Fn, Fm
VCVT.F32.F64 Fd, Fm
VCVT.F64.F32 Fd, Fm

VCVT.[S|U1[32|16].[F32|F64], #fbits
Fd, Fm
VCVT.[F32|F64].[S|U][32]16],#fbits
Fd, Fm, #fbits

VMLA.[F32|F64] Fd, Fn, Fm

VLDR{cond} Rd, <address >
LSTR{cond} Rd, < address >
VLDM({cond} Rn{!}, <FPRegs >

VSTM{cond} Rn{l}, <FPRegs >

FMRX Rd
FMXR Rm
VMOV{cond} Fd,Fm

Description

Single and double precision add

Single and double precision subtract

Single and double precision multiply and
multiply-and-negate

Single and double precision divide

Single and double precision absolute value
Single and double precision negate

Single and double precision square root
Convert double precision to single precision
Convert single precision to double precision
Convert floating point to fixed point

Convert floating point to fixed point

Single and double precision floating point
multiply-accumulate, calculates Rd=Fn * Fm
+Fd

There are similar instructions that negate the
contents

of Fd, Fn, or both prior to use, for example,
FNMSC[S|D], VNMLS[.F32|.F64]

Single and double precision floating point
load/store

Single and double precision floating point
load/store multiple

Move from/to floating point status and control
register
Copy floating point register
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Floating-point instructions use a separate set of registers than integer
instructions. ARMv6/VFP provides 32 floating-point registers, used as 32
individual single-precision registers named s0-s31 or as 16 double-precision
registers named d0-s15.

ARMV7/NEON provides 64 floating-point registers, which can be used in
many more ways, such as:

64 single-precision registers named s0-s63,

32 two-element single-precision registers named d0-d31,
16 four-element single-precision registers named q0-q15,
32 double-precision registers named d0-d31, and

16 two-element double-precision registers named q0-q15.

In both VFP and NEON, register dO consumes the same physical space as
registers sO and s1 and register d1 consumes the same space as registers s2
and s3.

Values in floating-point registers can be exchanged with general-purpose
registers, and there is hardware support for type conversion between single
precision, double precision, and integer.

1.14 CHAPTER WRAP-UP

This chapter covered the following topics:

m  ARM + Linux Embedded System Technology
The combination of ARM processors with the Linux OS, along with its
standardized programming and runtime abstraction layer, has facilitated
the development of many consumer electronics that contain powerful
embedded computers. ARM +Linux programs can be easily prototyped
using low-cost development boards such as the ubiquitous $35
Raspberry Pi education and hobbyist platform.

m  ARMv6 and ARMv7a Instruction Set Architectures
While ARM is a RISC ISA, it offers several unique features not found in
traditional RISC architectures such as MIPS. This chapter emphasized
several of these, such as ARM’s flexible second operand, the status
register and conditional instruction execution, and ARM’s large set of
memory addressing modes.

m  GNU GCC Toolchain for Assembly Language Programming
This chapter covered how to use the GCC compiler, assembler, and
linker to write and execute standalone assembly language programs, as
well as how to combine C and assembly code into one executable in
order to verify the correctness of assembly code subprograms.
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m  Using Performance Counters with Linux Perf Event
This chapter introduced a methodology for using runtime profiling
through code instrumentation to measure key system performance
metrics, such as instruction and memory throughput. The Linux
Perf_Event functionality provides this ability without needing to drive a
custom kernel module.

Looking forward, Chapter 2 uses a specific floating-point subroutine as a
running case study to demonstrate how to use assembly language-level code
optimizations to substantially improve program performance. Chapter 2 will
also describe how to use performance counters to gain more insight into pro-
gram behavior and how it relates to processor performance.

EXERCISES

1. For the following kernels, calculate the arithmetic intensity in flops per
byte and calculate the expected peak performance for a processor that
has a peak memory bandwidth of 12.8 GB/s. Assume all arrays are of
type float.

a. kernel 1:
for (i=0;i<n-3;i++)
for (j=0;j<n-3;j++)
outli*rs+j] =1in[i*rs+j]l+in[i*rs+j+1]
+in[i*rs+j+2];
b. kernel 2: assume the values in array a are uniformly distributed in the
range [0,9]
val=0;
for (i=0;i<n;i++)
val = val +table[ali1];
c. kernel 3:
for (i=0;i<n;i++)
for (j=0;j<n;j++) {
sum=0;
for (k=0;k<n;k++)
sum=sum+ali][k] *alk][jl;
}
2. How many ways can the instructions in the following code sequence be
rearranged without violating any data or control dependencies?
add r3,r7, #88
subs r3, r3, #72
movs r2, #0
str r2, [r3]
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add r3, r7, {88
subs r3, r3, #76

movs r2, {0
str r2, [r3]
b .L4

3. Consider the bubble sort code from this chapter, where predicated
instructions are used for swapping values in the array:
cmp rl0,rll @ compare values
strgt r10,[r2] @store inreverse order
strgt r1l,[r2,4#-4]
Let us consider an alternative approach:

cmp rl0,rll @compare values

bge skip

str r10,[r2] @store inreverse order
str ril,[r2,#-4]

skip:

Assume we discover that for a particular dataset 45% of the cmp tests
determine that R[r10] >R[r11]. Assume that the branch is predicted
correctly 80% of the time, and a correctly predicted branch has no stalls
but a mispredicted branch adds 10 cycles of stalls to the total
instruction count.
Calculate the number of instructions executed for both versions of the
code assuming an array size of 10,000. Count stalls as instructions.
4. Change the following C code to eliminate any unnecessary if-statements
that would be encountered during runtime:
if ((alil<0) || (a[i]>=10)) {
if (a[i]l==0) sum=sum+1;
if (a[11>20) sum=sum+2;
}else{
if (a[i1==5) sum=sum+4;
}
5. Translate the following C function to ARM assembly:
int reorder (int a) {
return (a<<24)
| ((a<<16) & OxFF00)
| ((a>>16) & 0XFF0000)
| ((a>>24) & OXFF);
}
6. Write a short sequence of ARM instructions that add two 128-bit
integers. What is the minimal number of instructions required?
Write a short sequence of ARM instructions that multiply two 128-bit
integers and produce a 256-bit result. What is the minimal number of
instructions required?
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7. Which instructions shown in Tables 1.4—1.11 are least likely to be
generated by a C compiler when compiling a C program? Why?

8. Write a complete program in ARM assembly that computes the double-

precision square root of each value in a randomly generated array of
double-precision values. Make sure you use double-precision
instruction.
Compare its performance against a C implement that uses the POSIX
sqrt() function from the math library to calculate the square root of the
same input array. Also, calculate the average relative difference between
the elements of two output arrays.
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Desktop and server processors contain many features designed to achieve
maximum exploitation of instruction level parallelism and memory locality
at runtime, often without regard to the cost of these features in terms of chip
area or power consumption. Their design places highest emphasis on super-
scalar out-of-order speculative execution, accurate branch predication, and
extremely sophisticated multilevel caches. This allows them to perform well
even when executing code that was not written with performance in mind.

On the other hand, embedded processor design emphasizes energy efficiency
over performance, so designers generally forego these features in exchange
for on-chip peripherals and specialized coprocessors for specific tasks.
Because of this, embedded processor performance is more sensitive to code
optimizations than desktop and server processors. Code optimizations include
any features of the program code that is specifically designed to improve per-
formance. Code optimizations can be added by the compiler, a tool that auto-
matically transforms code, or the programmer, and can be processor agnostic,
such as eliminating redundant code, or processor specific, such as substituting
a complex instruction in place of a sequence of simple instructions.

Conceptually, the process of optimizing code often involves starting with a
naive implementation, a serial but functionally correct implementation of a
program. The programmer must then identify its kernels, or portions of code
in which the most execution time is spent. After this, the programmer must
identify the performance bottleneck of each kernel, and then transform the
kernel code in a way that improves performance without changing their
underlying computation. These changes generally involve removing code
redundancy, exploiting parallelism, taking advantage of hardware features,
or sacrificing numerical accuracy, precision, or dynamic range in favor of
performance.

2.1 OPTIMIZATION TECHNIQUES COVERED
BY THIS BOOK

This chapter will cover two programmer-driven optimization techniques:

1. Using Assembly Language to Improve Instruction Level Parallelism and
Reduce Compiler Overheads
In some situations hand-written assembly code offers performance
advantages over compiler-generated assembly code. You should not
expect hand-written assembly to always outperform compiler-generated
code. In fact, the automatic optimizers built into modern compilers are
usually very effective for integer code, but hand-written assembly is
often more effective for intensive floating-point kernels.
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2. Multicore Parallelism
Even server processors cannot automatically distribute the workload of a
program onto multiple concurrent processor cores. The programmer
must add explicit support for multicore into the program code, and is
also responsible for verifying that the code is free from concurrency
errors such as data races and data sharing errors. Even then, achieving
high multicore efficiency is difficult, but is becoming increasingly
important in embedded system programming.

The following chapters cover additional topics in program optimization,
including:

1. Fixed-Point Arithmetic
Floating-point instructions are usually more costly than integer
instructions, but are often unnecessary for multimedia and sensing
applications. Using fixed-point representation allows integers to
represent fractional numbers at the cost of reduced dynamic range as
compared to floating point. Most high-level languages, including C/C++
and Java, lack native support for fixed point so the programmer must
include explicit support for fixed-point operations.

2. Loop Transformations
Cache performance is associated with a program’s memory access
locality, but in some cases the locality can be improved without
changing the functionality of the program. This usually involves
transforming the structure of loops, such as in loop tiling, where the
programmer adds additional levels of loops to change the order in which
program data is accessed.

3. Heterogeneous Computing
Many embedded systems, and even systems-on-a-chip, include
integrated coprocessors such as Graphical Processor Units, Digital
Signal Processors, or Field Programmable Gate Arrays that can perform
specific types of computations faster than the general purpose
processors. Since the coprocessor is typically treated as a peripheral to
the general purpose processor, the programmer must write special code
for the coprocessor and also explicitly handle control, interfacing,
memory management, and synchronization of the coprocessor.

No compiler or development tool can perform any of these techniques auto-
matically, and each of them requires repeated experimentation and verifica-
tion on the part of the programmer. In other words, when utilizing these
techniques, the programmer must follow an iterative process, in which
the programmer begins with functional but nonoptimized code, then mod-
ifies the code, verify that the modifications do not break the functionality of
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the original code, measure the resulting impact on performance, and possi-
bly repeat the process to extract more performance.

Luckily, the programmer need not optimize the entire program because it is
usually the case that only a small portion of the code consumes nearly all the
execution time. This portion is typically comprised of the innermost loop(s)
within a loop nest. These loops are called the kernel. Thus the programmer
needs only to apply the above techniques to the program kernel(s) in order to
achieve a substantial overall performance improvement.

2.2 AMDAHL'S LAW

Amdahl’s Law, shown as Equation (2.1), calculates the performance impact
resulting from optimizing one or more components of a program.

The equation calculates the overall speedup, of the program, Syyeran, as a
function of what portion of the execution time corresponds to the code to
which an improvement (parallelism) is applied, timeypimizeq and the amount
that it is improved (Soptimized):

1

2.1

So erall — :
v . t11‘1‘160plimiLed
(1 - tlrneoptimized) t——

Soptimized

Amdahl’s Law has several important implications.

First is that the overall improvement of a program depends on improving the
common case in the sense of execution time. In some cases this may orig-
inate from a very small portion of the program code.

An often frustrating aspect of Amdahl’s Law: Sqyeran is often much lower
than expected. For example, if the programmer speeds up the portion of
the code that consumes 10% of the execution time (timeqpimized =0.10)
by a factor of 10,000 (Soptimized= 10,000), our overall speedup is only
11% (Soveran = 1.11)! In this case, there was very little return for such a large
speedup of one aspect of the execution.

As another example, if the programmer speed up the portion of the code that
consumes 99% of execution time (timeqpiimizea=0.99) by a factor of 100
(Soptimizea = 100), our overall speedup is only 50 (Soyeran=30)! In other
words, 50% of the performance benefit of the enhancement is lost from only
1% of the execution time that was not subject to the improvement!

Another important practical aspect is the importance of timegptimized OVer
Soptimized- For example, Figure 2.1 plots the overall speedup (Soveran) Versus
the relative execution time of the optimized code (timeptimizea) for two very



2.3 Test Kernel: Polynomial Evaluation 53

50 r T T
6~ Sppr= 10
—+— Sgpy = 1000
40+
30+
T
2
o
(%)
20
10+
. ‘ .
0 0.2 0.4 0.6 0.8 1

Timeoptimized

B FIGURE 2.1 Sy VErsUS timeopimized 01 Sopimized = 10 and 1000,

different optimization speedup factors, Sopiimized = 10 and Sopiimizea = 1000.
As shown in the plot, the overall speedup does not diverge significantly until
time opgimized > 90%, and the relative difference between the curves is only a
factor of 4.1 x when timegpimized =97 %! This basically means that the over-
all speedup is nearly 250 times less than that of our kernel speedup when the
kernel consumes 97% of the execution time.

2.3 TEST KERNEL: POLYNOMIAL EVALUATION

This section introduces a benchmark kernel that used throughput this chap-
ter and Chapter 5 to describe and evaluate code optimizations. The kernel
evaluates a degree-8 polynomial at every point in a vector x:

Horner’s method, an iterative method that evaluates the polynomial by
repeatedly adding each coefficient and multiplying by x:

do(x)=a7
dy (x) =xdy(x) +ag =arx+ae
dy (x) = xdy (x) + as = a7x® + agx + as
ds(x) = xdy (x) + ag = a7x> + agx* + asx +ay
dy(x) = xd3 (x) + a3 = arx* + agx® + asx* + agx + a3
ds(x) = xdy(x) +ar = a7 + agx* + asx® + ax* + asx + ay
ds(x) = xds(x) + a; = a7x° + agx’ + asx* + agx® + a3’ + arx +a,
d7(x) = xds(x) + ag = arx” +asx® + asx® + agx* + asx> + ax® +a;x +ap
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Begin by implementing Horner’s method in C to determine how well the
compiler optimizes it automatically. Set the input and output array size to
be 128 MB.

ffdefine N 128*1024*1024

First, declare and initialize an array for the polynomial coefficients. Their
values would not affect performance (assuming they do not cause
floating-point exceptions). Assume the coefficients are ordered from highest
order to the lowest order:

static float coeff[8] ={1.2,1.4,1.6,1.8,2.0,2.2,2.4,2.6};

Since N represents the size of the dataset in bytes, the array sizes must incor-
porate the size of a float:

static float x[N/4]1,d[N/4];

For this kernel it is useful to measure performance in terms of floating-point
throughput, so augment the cnts_dump () function from Chapter 1 to calcu-
late floating-point operations per second, or flops). For a degree-8-
polynomial, there are 14 floating-point operations per input element.

Since the floating-point operations are the only operations that directly con-
tribute to progressing the objective of the kernel, it may provide insight to
measure code efficiency in terms of number of executed instructions per
floating-point operation, which the instrumentation code can compute
and print:

float flops,mflops,ipf;
flops = (float)N/4.0* 14; // 14 ops per output value
mflops = flops/time/1.0e6;

ipf = (float) (perf_count(cnts[INSTRUCTIONS])) / flops;

printf("[perf_event] mflops5%0.2f, instructions per flop=\
%0.2f\n" ,mflops,ipf);

Change the memory bandwidth calculation to reflect that the code is now
reading and writing the number of bytes specified by N:

membw = (float)N*2.0/time/(1024.0f*1024.0f);

Next, populate the input array x with random numbers. Like the coefficient
values, the input values are not important as long as:
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1. there is diversity in the values to improve the chance that logical errors in
the code will cause a mismatch between two implementations, and
2. the values do not cause floating-point exceptions:

for (i=0;1<N/4;i++) x[i]=(float)rand()/(float)RAND_MAX;
Use the performance counter to instrument a naive version of Horner’s method:

float *d, *x, *d_test;

inti,j;

int fd[5];

unsigned Tong long cnts[4]1[31];

float coeff[32] ={1.2,1.4,1.6,1.8,2.0,2.2,2.4,2.6};

d=(float *)malloc(N);
x=(float *)malloc(N);

if (!d|| !x) err(“malloc()”);
for (i=0;i<N/4;i++) x[1]=(float)rand()/(float)RAND_MAX;

cnts_tick(fd);
for (i=0;i<N/4;i++) { (the outer loop)
dli]=coeff[0];
for (j=1;j<8;j++) { (the inner loop)
dlil*=x[il;

d[i]+=coeff[j];

}
cnts_tock(fd,cnts);
cnts_dump(cnts);

24 USING MULTIPLE CORES: OpenMP

The Generation 1 Raspberry Pi’s ARM11 CPU has one processor core, but
many modern ARM CPUs (including the Generation 2 Raspberry Pi) have
multiple cores. The ARM Cortex A9 typically has two cores and the ARM
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Cortex A15 typically has four cores. Any program that requires a nontrivial
amount of computation should use all available processor cores or else the
program is not taking advantage of all the CPU’s capabilities.

To do this, the programmer must add explicit support to the code such
that its workload can be distributed over multiple cooperating parallel
threads that communicate through a shared memory. The number of threads
should equal the number of processor cores so each thread can execute con-
currently on a different processor core without having to time-multiplex
multiple threads onto a single core. OpenMP is a convenient method by
which the programmer can specify how a kernel should be executed in
parallel.

As shown in Figure 2.2, OpenMP assumes a globally sequential, locally par-
allel approach, where program code executes sequentially until reaching the
beginning of a parallel region, where multiple child threads are created and
launched—or “forked”—to cooperatively process a workload. Once all the
threads complete, the original thread—or “master” thread—continues exe-
cuting sequentially at the point immediately following the parallel region.
This is called “fork-join™ parallelism.

Code-wise, OpenMP involves a combination of “decorating” specific loops
and code blocks using preprocessor commands called pragmas as well as
using a small set of OpenMP library functions.

OpenMP allows the programmer to specify distinct code for different threads,
which are called parallel section. Usually, though, every thread executes ex-
actly the same code. In this case, each thread’s behavior is determined by its
ability to self-identify its own thread ID and the total number of threads. The

OpenMP functions used for this are omp_get_thread_num() and omp_get_
num_threads (). This section provides a short introduction to OpenMP.

24.1 OpenMP directives

OpenMP largely involves adding OpenMP directives to serial code. Most
OpenMP directives are meant to mark the next statement or code block
as being significant with respect to multi-thread parallelism (a code block
consists of multiple statements enclosed in braces {}), but there are a few
directives that stand alone and are not used to modify the following state-
ment or block.

An OpenMP directive is specified using a preprocessor command called a
pragma using the syntax:

J#pragma omp <directive name> <directive options>
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Initial thread
#pragma omp parallel
Master thread
‘: Child threads
1
1

End of parallel region,
implicit barrier

M FIGURE 2.2 OpenMP thread creation. perf_event tracks performance counter events only within
the master thread (solid line).

The most commonly used OpenMP directive is the parallel directive, which
specifies the start of a parallel region:

J#pragma omp parallel <directive options>

As shown in Figure 2.2, in the OpenMP programming model, all programs
begin their execution as a single thread called the master thread. At some
point the master thread will encounter a parallel region, which will create
worker threads. Together with the master thread, these worker threads will
execute the code inside the parallel region concurrently. The number of
worker threads created when the processor encounters a parallel region will
have previously been determined by the programmer using any of the fol-
lowing methods in decreasing order of precedence:

m in the num_threads() directive option, e.g., ffpragma omp parallel
num_threads(4),

m through a previous call to OpenMP function omp_set_number_threads(),
e.g., omp_set_number_threads(4), or

m through the value of the OMP_NUM_THREADS environment variable at
program launch.

Since the master thread counts toward the total number of threads, the par-
allel region will cause the OpenMP runtime to create one less thread than the
number specified by the programmer. Often times, the program will be con-
structed such that the master thread and worker threads execute exactly the
same code. In this case their behavior will only differ in the ranges of input
and output data processed (i.e., their array indices are specified as a function
of their thread ID).

In other cases each thread will branch off to different code sections. In yet
other cases the worker threads will execute the same code while the master
thread performs special functions. OpenMP includes a directive that allows
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the programmer to mark portions of the parallel section that should only be
executed by the master thread (#pragma omp master).

When the master thread reaches the end of the parallel region, it will auto-
matically wait until all worker threads also reach the end of the parallel
region. At this point the worker threads will terminate and the master thread
will resume execution. In other words, there is an implicit barrier at the end
of the parallel region.

The programmer may use nested directives to define separate code blocks to
be executed in each thread. Examples of these are shown below:

#fpragma omp parallel
{
code to be executed in each thread
}
#fpragma omp parallel

#fpragma omp sections

{
f#pragma omp section
{
code executed in first thread
}
f#fpragma omp section
{
code executed in second thread
}
}
242 Scope

By default, variables declared outside the parallel region and used within the
parallel region are “shared.” This means:

= within the parallel region, the variable will inherit its initial state from its
state in the master thread just prior to the parallel region,
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m any state changes inside the parallel region are visible in all threads, and
m  after the parallel region, its value in the master thread will reflect the
most recent write among all the threads.

This is illustrated in the following example, in which four threads write the
shared variable b.

inta=1;

#pragma omp parallel num_threads(4)

printf (“%d\n”,a); // value printed is 2

As is generally the case with parallelism and shared memory, the program-
mer should use thread synchronization when writing shared variables that
are read in another thread. This is described in more detail below.

Alternatively, the programmer can mark an externally declared variable as
being private in the parallel region using the “private” directive option. In
C++, the programmer can achieve the same effect by declaring the variable
inside the parallel region.

Private variables are local to each thread, such that changes to the variable
are only visible to the thread making the change and the variable state is
destroyed when the thread is destroyed.

Private scope is illustrated in the next example, in which the updates to the
private variable are lost after the parallel region.

int a=1;
#fpragma omp parallel num_threads(4) private(a)
{
a=2; // awill be destroyed
}
printf (“%d\n”,a); // printed value is 1l

Variables can also be marked as “firstprivate” in which the OpenMP
runtime initializes the variable in the parallel region the same way as it
would for shared variables, that is, using the variable’s state prior to the
parallel region.
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int a=1;

f#fpragma omp parallel num_threads(4) firstprivate(a)

{
at=omp_get_thread_num(); // initial value of a=1
printf ("%d\n",a);

}

The programmer can also instruct the OpenMP runtime to retain the
variable state in each individual thread, even between parallel regions,
using the “threadprivate” direction option. Threadprivate variables must
be allocated as global or static variables, and the threadprivate directive
must be used as a standalone directive. For example:

staticint a; // threadprivate
//variables must be
//global

ffpragmaomp threadprivate(a) //threadprivate()mustbe
//used as a

// standalone OMP
//directive

fipragma omp parallel num_threads(4) // first parallel region
//sets four

// separate “versions” of
//avariable

a=omp_get_thread_num();
}

ffpragma omp parallel num_threads(4) //secondparallel region
//recalls the

// four “versions” of a
//variable

printf ("%d\n",a);

}

Threadprivate variables can be initialized using the “copyin” directive
option, as shown below.
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a=1;
#fpragma omp threadprivate(a)
J#fpragma omp parallel num_threads(4) copyin(a)
{
at=omp_get_thread_num(); // initial value of a=1
}

A variable can also be specified as a reduction variable, which is a private
variable, but at the end of the parallel region its final value in each thread is
combined using a specific operation such as summation and assigned to the
variable in the master thread after the parallel region. For example:

int a;
f#fpragma omp parallel num_threads(4) reduction(+:a)
{
a=omp_get_thread_num();
}
printf("%d\n",a); // printed value is 0+1+2+3=6

A variable can also be marked as lastprivate, in which the variable’s state in
the last loop iteration in parallel-for or the last section in the parallel region is
assigned to the variable in the master thread after the parallel region.

For example:
inta,i;
f#fpragma omp parallel for num_threads(4) lastprivate(a)
for (i=0;i1<16;i++) {
a=omp_get_thread_num();
}
printf("%d\n",a); // printed value is 3, since iteration 15 is
// performed in thread 3

Three threads are spawned in the first parallel region. The default(none)
option changes the default scope for all externally declared variables
from shared to none. This is a safety feature that causes the compiler to gen-
erate an error on any line in the parallel region that changes an externally
declared variable whose scope was not explicitly specified in the directive
options.
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Also note the shorthand notation for the parallel region sections, in which
the “omp parallel” and “omp sections” directives are combined into a sin-
gle directive “omp parallel sections.” Thread groups within each paral-
lel section are numbered starting at 0. As a result, in this example,
omp_get_thread_num() function would return O in each thread so individ-

ual constants in each section differentiate the behavior of each thread.

The final state of variables a and b in each thread are 10, 11, and 12, respec-
tively, demonstrating the initialization of the variable a. The printed value of
b is 12, as assigned in the last section.

Four threads are spawned in the second parallel region. The final state of
variable ¢ in each thread is O, 1, 2, and 3. Because ¢ is marked as a summa-
tion reduction variable, the printed value of ¢ is 11, calculated as the sum of
these values as well as the initial value of c.

int a=10,b=1,c=5;

f#fpragma omp parallel sections firstprivate(a) lTastprivate(b)
default(none)

{
J#fpragma omp section
b=0+a;
f#fpragma omp section
b=1+a;
f#ipragma omp section
b=2+a;
}
#pragma omp parallel num_threads(4) reduction(+:c)
c=omp_get_thread_num();

printf("a=%d, b=%d, c=%d\n",a,b,c); // a=10, b=12, c=11

243 Other OpenMP directives

Nested pragmas are also used when a section within a parallel block must be
executed in a special way, such as when a section must be executed in
sequential order among the threads (the ordered pragma), when a section
must be executed only on the master thread (the master pragma), when a
section must be executed atomically (the atomic pragma), when a section
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should only be executed in one thread (the single pragma), when a section
should only be executed by the master (the master directive) or a critical
section, which can only be executed by one thread at a time (the atomic
pragma).

244 OpenMP synchronization

OpenMP offers the following basic parallel synchronization operations. Some
of these are specified by the programmer using OpenMP pragmas embedded
in parallel regions while others are specified using OpenMP function calls.

2.4.4.1 Critical sections

Critical sections are implemented as pragmas. Only one thread can execute
code in a critical section at any time, meaning that a thread that encounters a
critical section will wait to enter until all threads executing or waiting on the
critical section have exited it. This creates a serialization effect and causes a
loss in parallelism, so the use of critical sections should be minimized to
maximize performance.

Critical sections are necessary when threads perform read-modify-write
operations on shared variables. In the following example, the parallel region
manipulates a shared variable named “place” that is used to determine the
order in which each thread reaches that place in the code. Since the shared
variable is incremented, this section is marked as a critical section. This
way, only one thread can execute this code at one time, avoiding any data
sharing errors. In this example, the entire parallel section is in a critical sec-
tion, which makes the use of the parallel region redundant since this would
not allow any of the threads to execute in parallel.

ffpragma omp paraliel
{
f#fpragma omp critical (mycritsec)
{
placet++;

printf ("thread %d finished in position %d\n",
omp_get_thread_num(),place);

}
}

printf (“parallel region ended\n”);
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Compile this example with the option “-fopenmp.” When executed, the
master thread, thread 0, always reaches the critical section first but the
worker threads reach the print in different orderings each run. Also notice
that the print statement that is immediately after the parallel section will
always print after all worker threads finish.

Run 1:
thread 0 finished in positionl
thread 2 finished in position 2
thread 3 finished in position 3
thread 1 finished in position 4
parallel region ended

Run 2:
thread 0 finished in positionl
thread 3 finished in position 2
thread 2 finished in position 3
thread 1 finished in position 4
parallel region ended

Run 3:
thread 0 finished in position 1
thread 1 finished in position 2
thread 3 finished in position 3
thread 2 finished in position 4
parallel region ended

2.4.4.2 Locks

Locks provide a similar functionality as critical sections. Locks are specified
as functions, so the programmer would call omp_set_lock() to mark the
beginning of a critical section and omp_unset_lock() to mark its end. Locks
have an associated handle that the programmer must declare and initialize in
the master thread before use.

For example:
int a=0;
omp_lock_t mylock;
omp_init_lock(&mylock);
f#fpragma omp parallel num_threads(4)
{
omp_set_lock(&mylock);

at+;
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omp_unset_lock(&mylock);
}

printf("%d\n",a); // printed value is always 4

2.4.4.3 Barriers

A barrier is a point in the parallel region in which all threads must reach
before any thread may proceed further. Barriers are useful for splitting up
various phases of a parallel operation because threads will always experi-
ence load imbalance.

For example, in a video processing application, multiple threads will process
the pixels in the frame in parallel, but all threads must complete before mov-
ing to the next frame.

Barriers are specified as pragmas, as shown in the example below:
inta;

f#fpragma omp parallel num_threads(4)

{
if (omp_get_thread_num()!=2) a=omp_get_thread_num();
f#fpragma omp barrier
if (omp_get_thread_num()==2) a=omp_get_thread_num();
}

printf("%d\n",a); // printed value is always 2

2.4.4.4 Atomic sections

An atomic operation is guaranteed to be performed on one thread at any
given moment in time. In this sense they are indivisible, much like actual
atoms. In concept they are identical to critical sections, but atomic sections
can only ensure exclusivity for a single assignment operation, so they are
used only for single statements. Their advantage is that they have lower
overhead than critical sections.

Atomic operations are specified as pragmas, for example:
int a=0;
#pragma omp parallel num_threads(4)
{

J#fpragma omp atomic
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at+;
}
printf("%d\n",a); // printed value is always 4

}

245 Debugging OpenMP code

There are a few things to note when debugging OpenMP programs with
GNU Debugger (GDB). GNU Compiler Collection (GCC) “outlines” the
parallel regions, meaning that it encapsulates the parallel code block into
a function, which is called from the host function within each thread. Shared
variables are copied into a container before being passed by reference into
this function. Private variables are declared as local variables include the
outlined function.

In the previous example, OpenMP would generate a container type:
struct .omp_data_s {
int place;
}s

The outlined function would look similar to the following, without including
the critical section:

voidmain._omp_fn.0(struct omp_data_s* omp_data_i) {
printf ("thread %d finished in\
position%d\n",omp_get_thread_num(),omp_data_i->place);
}
GCC replaces the parallel region in main()with
struct omp_data_s omp_data_o;
omp_data_o.place=place;

__builtin_GOMP_parallel_start (main._omp_fn.0,
&omp_data_o, 2);

main._omp_fn.0 (&.omp_data_o);
__builtin_GOMP_parallel_end ();

place = omp_data_o.place;
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Re-compile the example with the debug (-g) option and execute it
within GDB:

gcc omp_test.c -fopenmp -g
gdb a.out

Set a breakpoint on the line containing the #progra omp parallel for and
step once:

(gdb) b 11

Breakpoint 1 at 0x8600: /share/reconfig/arm_code/omp_test.
c:11. (2 locations)

(gdb) r

Breakpoint 1, main () at omp_test.c:11

11 f#fpragma omp parallel shared(place)
(gdb) s

[New Thread 0xb66b1430 (LWP 23388) ]

[New Thread 0xb5eb1430 (LWP 23389)]

[New Thread 0xb56b1430 (LWP 23390)]

[Switching to Thread Oxb5eb1430 (LWP 23389)]
Breakpoint 1, main._omp_fn () at omp_test.c:15

15 place++;

Notice how after stepping past the #pragma line, GDB shows that the pro-
gram created three new worker threads. By default the debugging session
remains in the master thread. The programmer can view the list of active
threads using the “info threads” command, and switch the debugging session
to another thread using, for example, the “thread 1” command to switch to
thread 1.

Also notice that the current function is now main._omp_fn(). Since
the debugging session is no longer in the scope of the main()
function, the user cannot access the local variables of main such as
“place.” Even if you change the frame to the main function, the values
of the “place” variable would not reflect the local copy in the parallel
region.
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Unfortunately, GCC does not generate debug information for local variables
within the outlined function. You can verify this by using the “infolocals”
command while inside main._omp_fn(). As a result our debugging capa-
bility within a parallel region is limited.

Later in this chapter you may need to use GDB to debug code with inline
assembly language. For this, use the “info registers” command to list
the registers and their current state, producing an output like below:

ro 0xb667d008 3060256776
rl Ox7fff 32767

r2 0xb667d00c 3060256780
r3 0x0 0

ra 0xb66be004 3060523012
r5 0x0 0

ré 0xb66df004 3060658180
r7 Oxbe7ffb5a0 3196056992
r8 0x0 0

r9 0x0 0

rio 0x76927bbf 1989311423
ril 0x43645796 1130649494
ri2 0x11010 69648

sp Oxbe7ff5a0 Oxbe7ff5a0
Ir 0x859d 34205

pc 0x872c 0x872c <iloop+28>
cpsr 0x20000010 536870928

To print the value from an individual register, use the standard print com-
mand and use the dollar sign to denote a register. For example, the command
“p $rl” prints register r1’s contents in decimal, and “p /x $r1” prints it in
hexadecimal.

246 The OpenMP parallel for pragma

Kernels are usually comprised of a for-loop containing nested for-loops.
OpenMP offers a simple way to automatically distribute the iterations of
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a for-loop to multiple threads using the for directive. The directive can be
written as

f#fpragma omp parallel
#fpragma omp for

for (...)

or as a shortcut:

f#fpragma omp parallel for
for (...)

The parallel for directive requires that the termination condition be a single
less-than, less-than-or-equal, greater-than, or greater-than-or-equal compar-
ison with the loop variable, the increment operation must not be dependent
on code in the loop body, and no break, goto, or throw statements are
allowed in the loop body.

By default the loop variable is treated as private. This is important since each
thread will be simultaneously working on a different set of loop iterations
and so the value of each thread’s i variable will have different values at
the same time.

Consider the following example:

f#fpragma omp parallel for

for (i=0;1<12;i++) {

printf ("iteration %d, thread %d\n",
i,omp_get_thread_num());

}

printf ("master thread completed\n");
When executed the new code will produce the following output:

iteration 0, thread 0

iterationl, thread 0

iteration 2, thread 0

iteration 9, thread 3

iteration 10, thread 3

iteration1l, thread3
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iteration 6, thread 2
iteration 7, thread 2
iteration 8, thread 2
iteration 3, thread 1
iteration 4, threadl
iteration 5, threadl
master thread completed

As shown by our output, three iterations are assigned to each thread. Since
the threads are executing in parallel, the print statements from all the threads
are shown interleaved in the console. The print message after the parallel
region from the master thread always appear at the end of the console output
due to the barrier after the parallel region.

OpenMP supports several policies for assigning iterations to threads. By
default, the assignment is sfatic, meaning that each thread executes approx-
imately the same number of loop iterations. Since all threads must finish
their assigned set of iterations before the program moves beyond the for-
loop, threads whose assigned set of iterations finish faster than other threads
will experience a longer waiting time than other threads.

In order to avoid this problem, OpenMP supports dynamic scheduling, in
which a smaller batch of loop iterations, called a chunk, is assigned to each
thread. A new chunk is assigned in turn to each thread that completes its
previous chunk. This allows for load balancing, and is best when the exe-
cution time varies between iterations.

Scheduling in general is only applicable for parallel for directives and can be
specified using the schedule option to the parallel for directive. By default,
for parallel for loops are scheduled statically. A directive option specifies

dynamic scheduling, For example “#pragma parallel for schedule
(dynamic)” turns on dynamic scheduling with automatic chunk size;

“#fpragma parallel for schedule(dynamic,chunksize)” allows the
programmer to specify a chunksize.

24.7 OpenMP with performance counters

Perf_event only records events in the master thread so the programmer must
account for this when calculating metrics that incorporates values not
reported by the performance counters, such as the number of floating-point
operations. For example, the cnts_dump() function will only count the
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number of instructions executed by the master thread. To calculate the num-
ber of instructions per flop, multiply the instruction count by NUM_TH-
READS or divide the number of floating-point operations by
NUM_THREADS.

248 OpenMP support for the Horner kernel

The Horner kernel’s outermost loop contains no loop-carried dependencies,
meaning that each iteration is independent of subsequent iterations. This
way the programmer can distribute the workload of the outermost loop
on all the available cores. Add the OpenMP header file and a definition
to set the number the threads, which should be set to the number of cores
for your particular processor:

#include <omp.h>
ftdefine NUM_THREADS 4
Specify the number of threads in the initialization section of the code:
omp_set_num_threads(NUM_THREADS) ;
Finally, tell the OpenMP runtime to parallelize the outer Horner loop:
#fpragma omp parallel for
for (i=0;1<N/4;i++) {
d[i]=coeff[0];
for (j=1;j<8;j++) {
dlil*=x[il;

d[i]+=coeff[j];

2.5 PERFORMANCE BOUNDS

A processor’s peak theoretical floating-point performance is generally at
least 2 x cores X frequency x n, where 7 is the number of floating-point oper-
ations the processor can perform per cycle and assuming the processor
supports multiply-accumulate operations. For single precision floating point,
n=1 for the ARM11 processors and n =4 for Cortex processors. This gives a
peak capacity of 1.4 Gflops for the ARM11 processor on the Raspberry Pi,
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2.7 Gflops for the Cortex-A9 processors on the Xilinx Zedboard, and
17.8 Gflops for the Cortex-A15 processors on the NVIDIA Jetson.

In practice, it is virtually impossible for any processor to achieve its peak
floating-point performance, since it would require that the processor provide
inputs to all its floating point units every cycle and hide all sources of latency.
One significant source of latency is the average memory access time, meaning
that the floating-point units would need to be kept busy during the entire time
required to access the data needed for the computation. Since the floating-
point units can achieve much higher throughput than the off-chip memory,
their effective performance depends on the degree to which the kernel reuses
data during its execution. This reuse rate is usually characterized using a mea-
surement called arithmetic intensity, which expressed the average number of
floating-point operations performed per byte of data.

Every CPU has a theoretical arithmetic intensity threshold, under which the
kernel’s performance is bound by memory bandwidth and over which is bound
by floating-point throughput. This is an oversimplification, since it does not
consider memory locality, which determines cache performance, nor any other
sources of latency, including those caused by data dependencies.

Arithmetic intensity does provide a tighter upper performance bound than
peak floating point-performance. This bound can be computed as

2 x cores X frequency X n

. . floating-point operations per second
intensity x peak memoryb/w &P P P

Upper bound = min {

Our benchmark kernel performs two floating-point operations (multiply,
add) per iteration of the inner loop, which iterates seven times for every
iteration of the outer loop, giving 14 floating-point operations.

The body of the outer loop references one element of x, one element of
d, and all eight coefficients. The small size and high temporal locality of
the coefficients should allow the processor to keep them in the registers
or cache, so this analysis only considers the 8 bytes that comprise an element
of d and x. This gives an arithmetic intensity of 14/8 =1.75 flops per byte.

This analysis computes the peak memory bandwidth as a weighted average
of read bandwidth and write bandwidth for each platform as measured in
Chapter 1. This kernel reads and writes the same amount of data—4 bytes
read and 4 bytes written on each iteration of the outermost loop—so in this
case the weighted average is 0.5 x (read b/w)+0.5 x (write b/w).

The performance upper bound is thus 1.75 multiplied by the average band-
width, since this is always less than the peak floating-point throughput on all
three CPUs.
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The efficiency is the ratio of actual performance and the resulting performance
bound. This efficiency is determined by the overheads in the generated assem-
bly code (in terms of instructions per flop), the instruction and data cache
miss rate, and cycles per instruction (CPI), which is largely determined by
memory performance and stalls caused by data dependencies.

26 PERFORMANCE ANALYSIS

Table 2.1 shows the performance results of our naive kernel implementation
on all three platforms. Even when using maximum compiler optimization
the compiler only achieves 10-18% of the performance bound! The perfor-
mance counters can provide some insight into the program’s implementa-
tion problems.

Memory bandwidth: Since the kernel is memory bandwidth bound, the per-
formance efficiency will match our memory bandwidth efficiency, so the
effective memory bandwidth is not shown in subsequent tables.

CPI: The ideal CPI is 1 for the ARM11 and 0.5 for the Cortex A9/A15. Our
observed CPIs are three to six times this. This may be caused by

Table 2.1 Performance of Horner Code without Programmer-Supplied Optimizations
Raspberry Pi Xilinx Zedboard NVIDIA Jetson TK1
CPU ARM11 Dual Cortex A9 Quad Cortex A15
Average B/W 233 MB/s 1.01 GB/s 7.07 GB/s
B/W bound 408 Mflops/s 1.77 Gflops/s 12.37 Gflops/s
No optimization
Observed throughput/efficiency 12.13 Mflops 27.91 Mflops 63.07 Mflops
2.97% efficiency 1.58% efficiency 0.51% efficiency
Effective memory B/W 6.61 MB/s 15.21 MB/s 63.07 MB/s
CPI 2.78 1.84 291
Cache miss rate 23.61% 3.27% 1.91%
Instructions per flop 20.8 25.86 26.47
Maximum optimization (-03)
Observed throughput/efficiency 74.01 Mflops 212.59 Mflops 2209.38 Mflops
18.1% efficiency 12.0% efficiency 17.9% efficiency
Effective memory B/W 40.33 MB/s 115.85 MB/s 1204.02 MB/s
CPI 473 1.77 1.15
Cache miss rate 38.9% 0.77% 0.46%
Instructions per flop 2.00 3.55 3.51
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unsatisfactory cache performance or unsatisfactory instruction scheduling
the compiler, processor, or both.

Cache miss rate: Miss rate measures cache performance and determines the
average latency of a memory instruction. As such, it gives an idea of how
much the CPI is influenced by cache performance. Miss rate is determined
by the locality of the kernel’s access pattern. Both the d and x arrays are
accessed with both spatial and temporal locality (each element is accessed
repeatedly and consecutively), so it is reasonable to expect the data cache to
perform well for this kernel.

Instructions per flop: This metric is another way to express the number of
instructions executed, and is affected by how efficiently the compiler trans-
lates the high-level code.

In order to improve the kernel the programmer requires more control over its
implementation.

2.7 INLINE ASSEMBLY LANGUAGE IN GCC

GCC provides an interface that allows the programmer to embed inline
assembly language into C/C++ code. Unlike writing an entire function in
assembly, inline assembly allows the programmer to write only those com-
ponents of the code that need be written in assembly code.

Inline assembly allows the programmer to specify C/C++ variables and
pointers as destinations and operands for instructions that normally take reg-
isters or register-based addresses. In this case, the compiler substitutes reg-
isters for the variables and automatically adds any additional load
immediate or load and store instructions required to temporarily allocate
the needed registers. The programmer may also directly use registers. In this
case, the programmer must specify the affected registers in a clobber list so
the compiler can ensure that the register state is not adversely affected by the
inline instructions.

The syntax for inline assembly is shown below:

asm[volatile] (code : output operand list : input operand list : clobber
list);

If the volatile modifier is included, the compiler will exclude the statement(s)
from being subject to compiler optimization. In other words, the compiler will
generate the assembly code as written and not modify it for the purpose of
optimization.
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code is one or multiple instructions enclosed in quotes. Each instruction
should be followed by “\n\t” (newline then tab) to ensure proper formatting
when the assembly code is generated from the compiler.

When writing short sequences of inline assembly code, the programmer can
choose to enclose each instruction in an asm statement or combine multiple
instructions within an asm statement. The advantage of enclosing individual
instructions is that the input, output, and clobber lists are associated with
only one instruction, making it easier to read. However, the programmer
should be cautious when using registers to hold intermediate results between
asm statements, since the compiler may generate instructions between asm
statements that overwrite registers holding intermediate results. GCC’s
inline assembly syntax provides no way to specify which registers are used
to transfer data between asm statements. As such, whenever a block of inline
assembly instructions contains dependencies involving general purpose reg-
isters, the programmer should enclose the entire block of instructions within
a single asm statement as opposed to using a separate asm statement for each
instruction. This is not a concern when using floating-point registers, since
GCC is unlikely to reuse these registers between asm statements.

The output operand list is a list of any C/C++ variables used as outputs for
the assembly code.

The input operand list is a list of a C/C++ variables that are used as inputs for
the assembly code. It uses the same format as the output list.

The format of the input and output lists are
[name]“MC” (expression)|, ...]

m name is the name of symbol in the assembly code. The name is preceded
by a percent sign (%) in the code.

m M is an optional constraint modifier, and is usually = for write only
operand or+ for read-write operand.

m  Cis aconstraint, which is usually one of the following: f (floating-point
register), I (immediate value), r (general purpose register), or m
(memory address). For example, using “f”” means that the corresponding
operand will be placed by the compiler into a register prior to the
instruction being fetched, and its value is specified in the inline assembly
using a C/C++ expression.

m  expression is the C/C++ expression, variable, or pointer representing the
input or output.

The clobber list is a list of registers that will be modified by the instruction
and is used when registers are specified directly.
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For example, consider the following inline assembly statement:
asm("mov %[outvall,%[invall, ror #2" : [outvall"=r"(b) :
[invall"r"(a));

If a and b are local variables stored on the stack, this line could be translated
by the compiler into the following ARM assembly instructions:

1drr3, [sp, #01] (allocate register r3 and load it with the value of a)

mov r3, r3, ror#2 (perform the mov instruction, reused register r3 as
output)

strr3, [sp, #41] (store the result into variable b on the stack)

2.8 OPTIMIZATION #1: REDUCING INSTRUCTIONS
PER FLOP

GCC achieved only 18% efficiency (ratio of observed performance to upper
bound) for our C implementation of Horner’s method. One way to improve
the efficiency is to reduce the number of executed instructions per floating-
point operation.

Since Horner’s method performs an equal number of multiply and add
instructions, the programmer should use the floating-point multiply-
accumulate instruction, since it performs two floating-point operations in
a single instruction.

The ARMv6 Vector Floating Point (VFP) instruction set includes instruc-
tions for single- and double precision add, subtract, multiply, multiply-
accumulate (and variations), divide, and square root. Most floating-point
instructions are fully pipelined, meaning that they can be initiated in
consecutive clock cycles, except for divide, square root, and instructions
that perform a double precision multiply. The VFP instruction set
was replaced with the NEON instruction set in ARMv7, but programs
containing scalar VFP instructions will still work on ARMv7 processors.
Vector VFP instructions, covered later, are not supported by NEON.

The VFP fmacs Fd, Fn, Fm instruction performs the single precision
multiply-accumulate operation

R[Fd] = R[Fn] «R[Fm] + R[Fd]

and is supported in both the ARM11 and Cortex processors.
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Horner’s method is based on adding each coefficient and multiplying the
result with x:

temp = (temp + coeff; ) *x

The C implementation begins by initializing the output with the first coef-
ficient, which allows it to effectively perform 7 add-multiplies and a
final add.

d[i]=coeff[0];

for (j=1;j<8;j++) {
dlil*=x[i];
d[il+=coeff[j];

}

The add-multiply operation is the reverse of the behavior of fmacs instruc-
tion. To reconcile this difference, load Fd with the next coefficient, Fn with
the current partial result, and Rd with x.

In order for this to work the programmer must use a double buffer approach
where the code alternates which register is loaded with the coefficient, as
shown in the code below.

1 templ=coeff[0];

2 for (j=1;j<7;j=j+2) {

3 temp2=coeff[j];

4 temp2=temp2+templ*x[i];

5 templ=coeff[j+1]1;

6 templ=templ+temp2*x[i];

7}

8 d[il=coeff[j+11;

9 d[il=d[il+temp2*x[i];

Lines 4, 6, and 9 map directly to the fmacs instruction.

Since the innermost loop has a fixed iteration count, unroll and translate to
inline assembly language as shown below.

for (i=0;1<N/4;i++) {

asm ("f1ds s0, %[mem]\n\t" : : [mem]"m" (coeff[0]) : "s0");
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asm ("flds s1, Z[mem]\n\t" : : [mem]"m" (x[i]) : "s1");
asm ("f1ds s2, %Z[mem]\n\t" : : [mem]"m" (coeff[1]) : "s2");
asm ("fmacs s2, s0, s1\n\t" : : : "s2");
asm ("f1ds s0, %Z[mem]\n\t" : : [mem]"m" (coeff[2]) : "s0");
asm ("fmacs s0, s2, s1\n\t" : : : "s0");
asm ("f1ds s2, %Z[mem]\n\t" : : [mem]"m" (coeff[3]) : "s2");
asm ("fmacs s2, s0, sI\n\t" : : : "s2");
asm ("f1ds s0, Z[mem]I\n\t" : : [mem]"m" (coeff[4]) : "s0");
asm ("fmacs s0, s2, sI\n\t" : : : "s0");
asm ("f1ds s2, %Z[mem]\n\t" : : [mem]"m" (coeff[5]) : "s2");
asm ("fmacs s2, s0, s1\n\t" : : : "s2");
asm ("f1ds s0, Z[mem]\n\t" : : [mem]"m" (coeff[6]) : "s0");
asm ("fmacs s0, s2, sI\n\t" : : : "s0");
asm ("f1ds s2, %Z[mem]\n\t" : : [mem]"m" (coeff[7]) : "s2");
asm ("fmacs s2, s0, s1\n\t" : : : "s2");
asm ("fsts s2, %[mem]\n\t" : [mem]"=m" (d[i1]1));

}

In order to verify the correctness of the implementation, the program must
compare results of the optimized code with the original C implementation.
When verifying floating-point code you should not expect the results to
match bit-for-bit due to differences in rounding error between different
assembly implementations. Instead of checking for equivalence, make sure
the results differ by no more than 1%:

for (i=0;1<N/4;i++) {
d_test[i]l=coeff[0];
for (j=1;j<8;j++) {
d_test[i1*=x[i];
d_test[il+=coeff[jI;
}

error = fabs(d[i]-d_test[i])/d_test[i];
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if (error>1.0e-2) {
printf("verificationerror, d_test[%d]=%0.2e,\
d[%d1=%0.2e, error=%0.2f%%\n",
i,d_test[i],i,d[i],error*1.0e2);

return 0;

}

As shown in Table 2.2, this optimization gives a 32-76% performance
improvement by improving the number instructions per flop. By reducing
the number of unnecessary instructions, the kernel puts more pressure on
the memory system, which increases the cache miss rate.

2.9 OPTIMIZATION #2: REDUCING CPI

Double buffering with the fmacs instruction has reduced the number of
instructions per floating-point operation but efficiency is still very low. This
section focuses work on reducing the number of CPL.

CPI is determined by the number of stalls in the instruction stream.
Stalls are triggered by a variety of events, including instruction cache
misses, branch mispredictions, and translation lookaside buffer (TLB)
misses, but a significant source of stalls are triggered by events whose
rate can be indirectly controlled by the programmer: cache misses and
data dependencies. This section focuses on stalls caused by data
dependencies.

Table 2.2 Performance Improvement from Double Buffering Versus Naive Code

Raspberry Pi Xilinx Zedboard NVIDIA Jetson Tegra TK1

ARM11 Dual Cortex A9 Quad Cortex A15
Throughput/efficiency 1.32 speedup 1.37 speedup 1.76 speedup

24.0% efficiency 12.0% efficiency 31.5% efficiency
CPI 1.12 speedup 1.41 speedup 0.90 speedup (slowdown)
Cache miss rate 0.97 speedup (slowdown) 0.38 speedup (slowdown) 0.66 speedup (slowdown)

Instructions per flop 1.18 speedup 1.92 speedup 1.96 speedup
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Recall that a data dependency exists between any pair of instructions
where the first instruction produces a result that the second instruction
uses as an input operand. These are called read-after-write (RAW)
dependencies.

For example, the instruction sequence “fadds s0,s1,s2” followed by
“fadds sl1,s0,s2” contains a dependency because the second add
instruction requires the result computed by the first instruction, stored
in s0. Assume, for example, that the latency of the floating point add oper-
ation is four cycles. In this case, whenever these two instructions are
fetched within four cycles of each other, stalls must be inserted
between them.

As shown in Figure 2.3, the assembly implementation of Horner’s method
from the previous section contains many dependencies involving instruc-
tions that appear in nearby lines of code. These dependencies may contribute
to the high CPI of our kernel.

The latency of the fmacs instruction is eight cycles, meaning that any sub-
sequently issued instruction that takes the output of this instruction as an

flds s0, coeff[0]
flds s1, x[i]
flds s2, coeff[l]

—le
< <

A

fmacs s2, s0, sl

|-— flds s0, coeff[2] :l

>—»—pfmacs s0, s2, sl

flds s2, coeff[3]

fmacs s2, s0, sl :L

<

A

|——flds s0, coeff[4]

»—>»—p fmacs s0, s2, sl

flds s2, coeff[5]

-

A

fmacs s2, s0, sl

|-— flds s0, coeff[6]

»—>»'—> fmacs s0, s2, sl

flds s2, coeff[7]

fmacs s2, s0, sl <+—+—a
|———>fsts s2, d[i]

B FIGURE 2.3 RAW dependencies in the Homer Kernel loop body.
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input in the following seven cycles will be stalled due to a data depen-
dency. Likewise, the latency of the f1ds instruction is four cycles (assum-
ing a cache hit). The latency of the store instruction is system dependent.

Stalls can be avoided or the number of stalls can be reduced if the processor
can identify and move other, nondependent instructions between the depen-
dent instructions. This technique is called dynamic out-of-order scheduling.
Modern processors, including some embedded processors such as the ARM
Cortex-AlS5, offer this feature.

Dynamic out-of-order scheduling introduces two additional types of depen-
dencies, write-after-read and write-after-write, which the processor must
resolve through the use of register renaming. Register renaming requires
the addition of additional registers and additional datapaths to supply these
registers. Also, dynamic scheduling relies on maintaining a buffer to hold a
window of potential instructions to issue as well as another buffer to keep
track of all in-flight instructions and their original ordering (called the reor-
der buffer). These resources are limited, especially for embedded proces-
sors, and these limitations place constraints on the extent at which the
processor can reorder instructions. As a result, any effort by the programmer
or compiler to preschedule—or statically schedule—instructions in the pro-
gram to separate dependent instructions can potentially improve perfor-
mance, even for processors that support dynamic scheduling. One way to
do this is through software pipelining, in which a loop is transformed in a
way that its body is comprised of instructions from different loop iterations.
This does not remove dependencies, but it separates dependent instructions.
This often comes at the cost of additional registers for holding intermediate
results longer.

29.1 Software pipelining

Consider the following simple loop:
1: Fori=0ton-1{

2: 10 = load A[i]

3: 10=10+C

4:  Ali] = store 10}

In this case, there are RAW dependences between each pair of instructions
in the loop body. Assume the latency of load and add is three cycles. This
would give the following instruction schedule, assuming a single-issue, in-
order processor:
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Instruction Cycle
Load A[0] 0
Add A[0] 3
Store A[Q] 6
Load A[1] 7
Add A[1] 10
Store A[1] 13
Load A[2] 14
Add A[2] 17
Store A[2] 20

In this case, the loop iteration interval (II), or number of cycles per itera-
tion, is seven cycles, giving a CPI of 7/3. This means that four out of every
seven cycles is a stall.

Software pipelining is a method for interleaving loop iterations in order to
separate the dependent instructions. To do this, unroll the loop three times
and use different registers in each unrolled loop body:

1: Fori=0ton—1 step 3{
2: 10 = load A[i]

3: 10=10+C

4: Ali] = store 10

W

rl = load A[i + 1]

6: 11=r1+C

7: Ali+ 1] = store rl
8: 12 =1load A[i + 2]

9: 1R”=12+C

10:  A[i + 2] = store 12}

Now take the third instruction from iteration i (line 4), the second instruction
from iteration i+1 (line 6), and the first instruction from iteration i+2
(line 8) and form a new loop:

1: Fori= 0 ton-3{
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2:  AJi] = store r0 (same as A[i + 1] in previous iteration)
3: rl=r1+C (same as A[i + 2] in previous iteration)
4: 12 =load Ali + 2]} (not from any previous iterations)

Now adjust the registers such that each instruction will write the register
used in the next iteration:

1: Fori= 0 ton-3{

2:  Ali] = store r0 (same as A[i + 1] in previous iteration)
3: 0=r1+C (same as A[i + 2] in previous iteration)
4: rl =load A[i + 2]} (not from any previous iterations)

Now there are no RAW dependencies and the loop will still work, because
when i ==0 instruction 4 will load A[2], when i == 1 instruction 3 will add
AJ[2], and when i ==2 instruction 2 will store A[2].

The only problem is that the loop never loads A[0] and A[1], never adds A
[0], never stores A[n— 1] and A[n—2], and never adds A[n— 1]. To solve
this, add a prolog and epilog to the loop:

Prolog:

1: 10 = load A[0]

2: 10=10+C

3: rl =load A[1]
Main loop:

4: Fori= 0 ton-3{
5:  A[i] = store 10
6: 10=1r1+C

7. rl =load A[i + 2]}
Epilog:

8: A[n-2] = store 10
9: 10=r1+C

10:  A[n-1] = store r0
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The new loop will have the following schedule:

Instruction Cycle
Store A[Q] 6
Add A[1] 7
Load A[2] 8
Store A[1] 10
Add A[2] 11
Load A[3] 12
Store A[2] 14

The processor will perform with the same CPI as the nonpipelined version of
the code when executing the prolog and epilog, so the loop will begin in
cycle 6, the same cycle A[0] was stored before. The loop’s II is now only
four cycles, since no stalls are required within the loop and only one stall
is required between iterations to separate each store-add dependency and
load-add dependency. The code has thus achieved a loop speedup of 7/4
and the only cost was one additional register.

29.2 Software pipelining Horner's method

Before pipelining our unrolled Horner’s method kernel, use the floating-
point load multiple instruction (fldmias) to consolidate all the individual
load instructions into one instruction.

The f1dmias instruction loads multiple floating-point values from memory.
The registers are listed in braces and may be separated by commas or spec-
ified using a range with a hyphen. The registers must be contiguously num-
bered. Note that this instruction requires that the registers be listed after the
label, as opposed to the single load/store in which the register is listed first.

Using the f1dmias instruction will load each coefficient into separate reg-
isters, unlike our original version that reused registers sO and s2 when load-
ing the coefficients.

asm ("fldmias %[mem], {s0,sl,s2,s3,54,s5,s6,s7}\n\t" : :
[mem]"r"(&coeff[0]) : "sO", "s1", "s2", "s3", "s4", "s5",
"s6", "s7");

asm ("flds s9,%[mem]\n\t": : [mem]"m"(x[i]) : "s9");

asm ("fmacs s1, s9, sO\n\t" : : : "s1");

asm ("fmacs s2, s9, s1\n\t" : : : "s2");
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asm ("fmacs s3, s9, s2\n\t" : : : "s3");
asm ("fmacs s4, s9, s3\n\t" : : : "s4");
asm ("fmacs s5, s9, s4\n\t" : : : "s5");
asm ("fmacs s6, s9, sb\n\t" : : : "s6");
asm ("fmacs s7, s9, s6\n\t" : : : "s7");

asm ("fsts s7,%[mem]\n\t" : [mem]"=m" (d[i++]));

As before, each line of code has a dependency. Our objective is to construct
a software pipeline having nine stages, corresponding to each instruction
after the load-multiple. The prolog will begin by executing all but the last
instruction for iteration 0, leaving register s7 with the final value to store into
the d array. Then it will execute all but the last two instructions, leaving reg-
ister s6 with its value for iteration 2, and so on.

In order to implement the double buffer technique (in which a set of eight
registers will take turns holding the raw coefficients and the running sum of
the polynomial value), unroll the outer loop by 2 as in the previous
implementation.

Load one value from the x array each iteration of the outer loop. However,
since the software pipeline is executing all seven fmacs instructions in the
same body, it is necessary to maintain seven different values from the x
array at all times. To do this use registers §9-s15. These values must be
shifted with respect to the fmacs instructions on every iteration of the outer
loop. Since our main loop will perform two unrolled bodies of the original
outer loop, perform this shift by changing the code.

After this, use the fcpys instruction to rearrange the values appropriately.
fcpys copies the contents of a register between two floating-point registers.
Its latency is four cycles.

for (i=0;i1<N/4;i+=2) {

asm ("fsts s7,%[mem]\n\t" : [mem]"=m" (d[i]1));

asm ("fmacs s23, s10, s6\n\t" : : : "s23");
asm ("fmacs s22, s11, s5\n\t" : : : "s22");
asm ("fmacs s21, s12, s4\n\t" : : : "s21");
asm ("fmacs s20, s13, s3\n\t" : : : "s20");
asm ("fmacs s19, s14, s2\n\t" : : : "s19");

asm ("fmacs s18, s15, s1\n\t" : : : "s18");
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asm ("fmacs s17, s9, s16\n\t" : : : "s17");

asm ("fldmias %[mem],{s0,s1,s2,s3,s4,s5,s6,s7}\n\t" : :
[mem]"r™ (&coeff[0]) : "sO", "s1", "s2", "s3", "s4",
"s5", "s6", "s7");

asm ("fl1ds s10, %Z[memJ\n\t" : : [mem]"m" (x[i+8]) : "s10™);

asm ("fsts s23,%[mem]\n\t" : [mem]"=m" (d[i+1]));

asm ("fmacs s7, s11, s22\n\t" : : : "s7");

asm ("fmacs s6, s12, s21\n\t" : : : "s6");
asm ("fmacs s5, s13, s20\n\t" : : : "sb");
asm ("fmacs s4, s14, s19\n\t" : : : "s4");
asm ("fmacs s3, s15, s18\n\t" : : : "s3");
asm ("fmacs s2, s9, s17\n\t" : : : "s2");
asm ("fmacs s1, s10, sO\n\t" : : : "s1");

asm ("fldmias %[mem],
\{s16,s17,s18,s19,s20,s21,522,s23}\n\t" : :
[mem]I"r" (&coeff[0]) :
"sl6", "s17", "s18", "s19",
"s20", "s21", "s22","s23");

// preserve $s10

asm ("fcpys s31, s10\n\t" : : : "s31");
asm ("fcpys s10, s12\n\t" : : : "s10");
asm ("fcpys s11, s13\n\t" : : : "sll1");
asm ("fcpys s12, sl4\n\t" : : : "sl12");
asm ("fcpys s13, s15\n\t" : : : "s13");
asm ("fcpys sl4, s9\n\t" : : : "sl14");

asm ("fcpys s15, s31\n\t" : : : "sl15");
asm ("flds s9, %[mem]\n\t" : : [mem]"m" (x[i+9]) : "s9");
}

It is not possible to add an OpenMP parallel-for to the loop since each
thread must contain its own prolog and epilog. This rules out OpenMP’s
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automatic scheduling mechanism for for-loops, but OpenMP is still appli-
cable as long as the iterations are manually distributed to each thread. To
do this, calculate the first and last value of i in each thread as a function of
the thread number.

Add a “#pragma omp parallel private(i)” before the prolog, and enclose the
prolog, loop, and epilog with braces. This tells the OpenMP runtime to run
an instance of the entire software pipelined implementation in each thread
and allows each thread to have its own private version of the i variable.

Next, insert the following line as the first line in the parallel section:
i=omp_get_thread_num() * N / (4*NUM_THREADS) ;

This will initialize i to for each thread. Reference this i variable in the prolog
and epilog.

Then change the for-loop as:
for (;i<(omp_get_thread_num()+1) * N/
(4*omp_get_num_threads()) - 1;1+52) {
The prolog and epilog will need to come immediately before and after the loop.
The prolog is
// prolog
//1it0
asm ("fldmias %[mem], {s0,sl,s2,s3,54,s5,s6,s7}\n\t" : :
[mem]"r" (&coeff[0]) :
"s0", "sl1", "s2", "s3", "s4", "s5", "s6", "s7");
asm ("fldmias%[mem], {s16,s17,s18,s19,520,s21,522,s23}\n\t" : :
[mem]"r"(&coeff[0]) :
"sle", "s17", "s18", "s19", "s20", "s21", "s22", "s23");

asm ("flds s9,%[mem]\n\t": : [mem]"m" (x[i]) : "s9");

asm ("fmacs s1, s9, sO\n\t" : : : "s1l");
asm ("fmacs s2, s9, sI\n\t" : : : "s2");
asm ("fmacs s3, s9, s2\n\t" : : : "s3");
asm ("fmacs s4, s9, s3\n\t" : : : "s4");
asm ("fmacs s5, s9, s4\n\t" : : : "sb");

asm ("fmacs s6, s9, sb\n\t" : : : "s6");
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asm ("fmacs s7, s9, s6\n\t" : : : "s7");

/7it1

asm ("fldmias %[mem], {s10}\n\t": : [mem]"r" (&x[i+1]) :
"s10");

asm ("fldmias %[mem],{s0,s1,s2,s3,s4,s5,56}\n\t" : :

[mem]"r" (&coeff[0]) : "sO", "s1", "s2", "s3", "s4", "sb",

"s6");

asm ("fmacs s1, s10, sO\n\t" : : : "s1");
asm ("fmacs s2, s10, s1\n\t" : : : "s2");
asm ("fmacs s3, s10, s2\n\t" : : : "s3");
asm ("fmacs s4, s10, s3\n\t" : : : "s4");
asm ("fmacs s5, s10, s4\n\t" : : : "sb");
asm ("fmacs s6, s10, s5b\n\t" : : : "s6");
//it2

asm ("fldmias %[mem], {s11}\n\t": : [mem]"r" (&x[i1+2]) :
"s11");// it 2
asm ("fldmias %[mem],{s0,sl,s2,s3,s4,s5}\n\t" : :

[mem]"r"(&coeff[0]) : "sO", "sl1", "s2", "s3", "s4",

"sb5");
asm ("fmacs s1, s11, sO\n\t" : : : "sl1");
asm ("fmacs s2, s11, s1\n\t" : : : "s2");
asm ("fmacs s3, s11, s2\n\t" : : : "s3");
asm ("fmacs s4, s11, s3\n\t" : : : "s4");
asm ("fmacs s5, s11, s4\n\t" : : : "s5");
//it3

asm ("fldmias %[mem], {s12}\n\t": : [mem]"r" (&x[i+3]) :
"s12");

asm ("fldmias %[mem], {s0,s1,s2,s3,s4}\n\t" : :
[mem]"r" (&coeff[0]) : "sO", "s1™, "s2", "s3", "s4");

asm ("fmacs sl, s12, sO\n\t" : : : "s1™);
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asm ("fmacs s2, s12, sI\n\t" : : : "s2");

asm ("fmacs s3, s12, s2\n\t" : : : "s3");

asm ("fmacs s4, s12, s3\n\t" : : : "s4");

/]t 4

asm ("fldmias %[mem], {s0,sl,s2,s3}\n\t" : :
[mem]"r"(&coeff[0]) : "sO", "s1™, "s2", "s3");

asm ("fldmias %[mem], {s13}\n\t": : [mem]"r" (&x[i+4]) :

"s13");
asm ("fmacs s1, s13, sO\n\t" : : : "sl");
asm ("fmacs s2, s13, s1\n\t" : : : "s2");
asm ("fmacs s3, s13, s2\n\t" : : : "s3");

//ith
asm ("fldmias %[mem], {s0,sl,s2}\n\t" : :
[mem]"r" (&coeff[0]) : "sO", "sl1", "s2");

asm ("fldmias %[mem], {s14}\n\t": : [mem]"r"(&x[i+5]) :

"514");
asm ("fmacs sl, s14, sO\n\t" : : : "sl");
asm ("fmacs s2, s14, s1\n\t" : : : "s2");

/]t 6

asm ("fldmias %Z[mem],{s15}\n\t": : [mem]"r" (&x[i+6]) :
"s15");

asm ("fldmias %[mem], {sO,s1}\n\t" : : [mem]"r" (&coeff[0]) :
"s0", "s1");

asm ("fmacs s1, s15, sO\n\t" : : : "s1");

/1it7

asm ("fldmias %Z[mem], {s9}\n\t": : [mem]"r" (&x[i+7]) : "s9");

The epilog is
// epilogiti-1
/it i-1

asm ("fstmias %[mem], {s7}\n\t" : : [mem]"r" (&d[i1));
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//iti-2

asm ("fmacs s7, s10, s6\n\t" : : : "s7");

asm ("fstmias %Z[mem], {s7}\n\t" : : [mem]"r" (&d[i+11));
//iti-3

asm ("fmacs s6, s11, sb\n\t" : : : "s6");

asm ("fmacs s7, s11, s6\n\t" : : : "s7");

asm ("fstmias %[mem], {s7}\n\t" : : [mem]"r" (&d[i+2]));

//iti-4

asm ("fcpys sb,s21\n\t" : : : "sb");

asm ("fmacs s5, s12, s4\n\t" : : : "sb");
asm ("fcpys s6,s22\n\t" : : : "s6");

asm ("fmacs s6, s12, sb\n\t" : : : "s6");
asm ("fcpys s7,s23\n\t" : : : "s7");

asm ("fmacs s7, s12, s6\n\t" : : : "s7");
asm ("fstmias %Z[mem], {s7}\n\t" : : [mem]"r" (&d[i+3]1));
//iti-5

asm ("fcpys s4,s20\n\t" : : : "s4");

asm ("fmacs s4, s13, s3\n\t" : : : "s4");
asm ("fcpys s5,s21\n\t" : : : "s5");

asm ("fmacs s5, s13, s4\n\t" : : : "s5");
asm ("fcpys s6,s22\n\t" : : : "s6");

asm ("fmacs s6, s13, sb\n\t" : : : "s6");
asm ("fcpys s7,s23\n\t" : : : "s7");

asm ("fmacs s7, s13, s6\n\t" : : : "s7");

asm ("fstmias %[mem], {s7}\n\t" : : [mem]"r" (&d[i+4]));

//iti-6
asm ("fcpys s3,s19\n\t" : : : "s3");
asm ("fmacs s3, s14, s2\n\t" : : : "s3");

asm ("fcpys s4,s20\n\t" : : : "s4");
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asm ("fmacs s4, s14, s3\n\t" : : : "s4");
asm ("fcpys s5,s21\n\t" : : : "s5");
asm ("fmacs s5, s14, s4\n\t" : : : "sb");
asm ("fcpys s6,s22\n\t" : : : "s6");
asm ("fmacs s6, s14, sb\n\t" : : : "s6");
asm ("fcpys s7,s23\n\t" : : : "s7");

asm ("fmacs s7, s14, s6\n\t" : : : "s7");

asm ("fstmias %[mem], {s7}\n\t" : : [mem]"r" (&d[i+5]));

//iti-7

asm ("fcpys s2,s18\n\t" : : : "s2");

asm ("fmacs s2, s15, s1\n\t" : : : "s2");
asm ("fcpys s3,s19\n\t" : : : "s3");

asm ("fmacs s3, s15, s2\n\t" : : : "s3");
asm ("fcpys s4,s20\n\t" : : : "s4");

asm ("fmacs s4, s15, s3\n\t" : : : "s4");
asm ("fcpys sb,s21\n\t" : : : "s5");

asm ("fmacs s5, s15, s4\n\t" : : : "s5");
asm ("fcpys s6,s22\n\t" : : : "s6");

asm ("fmacs s6, s15, sb\n\t" : : : "s6");
asm ("fcpys s7,s23\n\t" : : : "s7");

asm ("fmacs s7, s15, s6\n\t" : : : "s7");

asm ("fstmias %[mem], {s7}\n\t" : : [mem]"r" (&d[i+6]));

Table 2.3 shows the performance improvement relative to our double buffer
implementation. As compared to our previous implementation, software
pipelining improves CPI and instructions per flop. This increases the access
rate for the data cache, which increases the miss rate.

Despite this, the code still achieves a significant improvement, nearly tri-
pling the performance on the ARM11 and Cortex A9 and still achieves a
62% improvement on the Cortex A5 despite its ability to dynamically
schedule the loop.
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‘ Table 2.3 Performance Improvement from Software Pipelining Versus Double Buffering ‘

Raspberry Pi Xilinx Zedboard NVIDIA Jetson Tegra TK1
ARM11 Dual Cortex A9 Quad Cortex A15
Throughput/efficiency 2.34 speedup 2.71 speedup 1.62 speedup
44.4% efficiency 44.3% efficiency 51.3% efficiency
CPI 1.75 speedup 2.08 speedup 1.35 speedup
Cache miss rate 0.91 speedup (slowdown) 0.60 speedup (slowdown) 0.77 speedup (slowdown)
Instructions per flop 1.34 speedup 1.30 speedup 1.19 speedup

2.10 OPTIMIZATION #3: MULTIPLE FLOPS PER
INSTRUCTION WITH SINGLE INSTRUCTION,
MULTIPLE DATA

Nearly all modern processors have the ability to perform multiple indepen-
dent operations using one instruction. These are called Single Instruction,
Multiple Data (SIMD) instructions or vector instructions. SIMD instructions
decrease the number of instructions per operation, which increases floating-
point throughput and decreases instruction cache miss rate.

Some processors, such as the ARM Cortex A9 and A15, provide the ability to
issue an SIMD instruction in less cycles than an equivalent number of scalar
instructions. These processors have multiple SIMD lanes, in which there are
multiple independent parallel functional units as well as a register file that can
provide simultaneous access to all the necessary input and output registers.
In this case, using SIMD instructions allows multiple operations to be per-
formed in a single clock cycle as compared to using scalar instructions.

Other processors, such as the ARM11, provide SIMD instructions but they
require the same number of cycles to issue as the equivalent number of sca-
lar instructions. In other words, it requires 7 cycles to issue an n-way SIMD
instruction, while it would also take n cycles to issue n regular one-way
instructions. While it may seem that, in this case, using SIMD instructions
is pointless, these instructions can still provide performance benefits by pro-
viding for less code size and potentially reducing instruction cache misses,
but more importantly by hiding the latency required by a dependent chain on
SIMD instructions. For example, consider the following loop:

for (i=0;i<n;i++) {
fmacs s0, s1, s2 // assume $s1 is Toop-invariant

fmacs s2, s1, sO // $s0 depends on the result of
// the previous instruction
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Assume for the sake of this example that the latency of the fmacs
instruction is four cycles, it will require five cycles to issue the first
two instructions. Assuming it is not possible to move enough of the
other instructions from the loop body to cover this latency, unroll
the loop by a factor of 4 to find more instructions to hide the latency.
In this way instructions from other iterations are “borrowed” to cover
the latency:

for (i=0;i<n;i+=4) {
fmacs s0, s1, s2

fmacs s2, sl1, s0

fmacs s4, sl1, s2

fmacs s6, sl, s4

fmacs s8, sl1, s2

fmacs s10, s1, s8

fmacs s12, sl1, s2

fmacs s14, sl, sl2

This does not solve our problem, since the instruction stream will have four
cycles of uncovered latency between each pair of instructions. Now inter-
leave the four pairs of instructions as follows:

for (i=0;i<n;i+=4) {
fmacs s0, s1, $s2
fmacs s4, sl, $s2
fmacs s8, sl, $s2
fmacs s12, sl, $s2
fmacs s2, s1, $s0
fmacs s6, s1, $s4

fmacs s10, s1, $s8



94 (HAPTER 2 Multicore and Data-Level Optimization: OpenMP and SIMD

fmacs s14, s1, $s12

}

Now there are three intervening instructions between each pair of dependent
instructions. Note that a processor that is capable of dynamic out-of-order
execution may have been able to automatically achieve this same reorder-
ing, but depending on its capabilities it may not be able to achieve the same
performance as when it is done statically.

As a final step, replace the first four and second four instructions with a sin-
gle SIMD instruction each.

This technique is applicable for the Horner’s method kernel. However, there
is a major difference in how the ARM11 and ARM Cortex processors imple-
ment SIMD instructions. This section examines both separately.

2.10.1 ARM11 VFP short vector instructions

The ARMvV6 VFP instruction set offers SIMD instructions through a feature
called short vector instructions, in which the programmer can specify a vec-
tor width and stride field through the floating-point status and control reg-
ister (FPSCR). Setting the FPSCR will cause all the thread’s subsequently
issued floating-point instructions to perform the number of operations and
access the registers using a stride as defined in the FPSCR. Note that VFP
short vector instructions are not supported by ARMv7 processors. Attempt-
ing to change the vector width or stride on a NEON-equipped processor will
trigger an invalid instruction exception.

The 32 floating-point VFP registers are arranged in four banks of eight reg-
isters each (four registers each if using double precision). Each bank can be
used as a short vector when performing short vector instructions. The first
bank, registers s0-s7 (or d0-d3), will be used as scalars in a short vector
instruction when specified as the second input operand. For example, when
the vector width is 8, the fadds s16,s8,s0 instruction will add each element
of the vector held in registers s8-15 with the scalar held in sO and store the
result vector in registers s16-s23.

The fmrx and fmxr instructions allow the programmer to read and write
the FPSCR register. The latency of the fmrx instruction is two cycles
and the latency of the fmxr instruction is four cycles. The vector width
is stored in FPSCR bits 18:16 and is encoded such that values O through
7 specify lengths 1-8.
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When writing to the FPSCR register you must be careful to change only the
bits you intend to change and leave the others alone. To do this, you must
first read the existing value using the fmrx instruction, change bits 18:16,
and then write the back using the fmxr instruction.

Be sure to change the length back to its default value of 1 after the kernel
since the compiler would not do this automatically, and any compiler-
generated floating-point code can potentially be adversely affected by the
change to the FPSCR.

You can use the following function to change the length field in the FPSCR:
void set_fpscr_reg (unsigned char Ten) {
unsigned int fpscr;
asm("fmrx %Lvall, fpscr\n\t" : [val]l"=r"(fpscr));
len=1len - 1;
fpscr = fpscr & ~(0x7<<16);
fpscr = fpscr | ((Ten&0x7)<<16);
asm("fmxr fpscr, %[vall\n\t" : : [val]l"r"(fpscr));
}

To maximize the benefit of the short vector instructions, target the maxi-
mum vector size of 8 by unrolling the outer loop by 8. In the original assem-

bly implementation, each fmacs instruction is followed by a dependent
fmacs instruction two instructions later. To fully cover the eight-cycle

latency of all the fmacs instructions, use each fmacs instruction to perform
its operations for 8 loop iterations.

In other words, unroll the outer loop to calculate eight polynomial values on
each iteration and use short vector instructions of length 8 for each instruc-
tion. Since the fmacs instruction adds the value in its Fd register, the code
requires the ability to load copies of each coefficient into each of the four Fd
registers. To make this easier, re-write your coefficient array so each coef-
ficient is replicated eight times:

float coeff[64]={1.2,1.2,1.2,1.2,1.2,1.2,1.2,1.2,
1.4,1.4,1.4,1.4,1.4,1.4,1.4,1.4,...
2.6,2.6,2.6,2.6,2.6,2.6,2.6,2.6};

Change the short vector length to 8 and unroll the outer loop by 8, so change
the iteration step in the outer loop to 4:
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set_fpscr_reg (8);
for (i=0;i<N/4;i+=8) {

Now load the first coefficient into a scalar register and eight values of the x
array into vector register s15:s8:

asm("flds sO, %[mem]\n\t" : : [mem]"m" (coeff[0]) : "s0™);

asm("fldmias%[mem], {s8,s9,s10,s11,512,s13,s14,s15}\n\t"::
[mem]"r"(&x[i]) : "s8", "s9", "s10", "s11", "sl2", "s13",
"s14", "s15™);

Next load eight copies of the second coefficient into vector register s23:s16
and perform our first fmacs by multiplying the x vector by the first coeffi-
cient and adding the result to the second coefficient, leaving the running sum
in vector register s23:516:

asm("fldmias %[mem], {s16,s17,s18,s19,520,521,522,523}\n\t": :
[mem]"r" (&coeff[8]) :
"sle", "sl17", "s18", "s19", "s20", "s21", "s22", "s23");
asm("fmacs s16, s8, sO\n\t" : : :
"sle", "s17", "s18", "s19", "s20", "s21", "s22", "s23");

Now repeat this process but now swapping the vector registers s23:s16 with
s31:524:

asm("fldmias %[mem], {s24,s25,s26,s27,528,529,s30,s31}\n\t": :
[mem]"r" (&coeff[16]) :
"s24™, "s25", "s26", "s27", "s28", "s29", "s30", "s31");
asm("fmacs s24, s8, s16\n\t" : : :
"s20", "s17", "s18", "s19", "s28™, "s29", "s30", "s31");

Now repeat these last two steps two more times. End with the following
code:

asm("fldmias %[mem], {s16,s17,s18,519,520,521,522,523}\n\t": :
[mem]"r" (&coeff[56]) :
"sl6", "s17", "s18", "s19", "s20", "s21", "s22", "s23");
asm("fmacs s16, s8, s24\n\t" : : :

"s16™, "s17", "s18", "s19", "s20™, "s21", "s22", "s23");
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‘ Table 2.4 Performance Improvement from Short Vector Instructions Versus Software Pipelining ‘

Platform Raspberry Pi
CPU ARM11
Throughput/efficiency 1.37 speedup

55.2% efficiency
CPI 0.43 speedup (slowdown)
Cache miss rate 1.89 speedup
Instructions per flop 3.17 speedup

asm("fstmias %[mem], {s16,s17,s18,519,520,s21,s22,523}\n\t" : :
[mem]"r™ (&d[i1));
Be sure to reset the short vector length to 1 after the outer loop:
set_fpscr_reg (1);

Table 2.4 shows the resulting performance improvement on the Raspberry
Pi relative to the software pipelined implementation. The use of scheduled
SIMD instructions provides a 37% performance improvement over software
pipelining. This optimization increases CPI because each eight-way SIMD
instruction requires eight cycles to issue, but comes with a larger relative
decrease in instructions per flop (the product of CPI slowdown and instruc-
tions per flop speedup gives a total speedup of 1.36).

Another benefit of this optimization is the reduction in cache miss rate due to
the SIMD load and store instructions.

2.10.2 ARM Cortex NEON instructions

ARM Cortex processors support SIMD floating point with NEON instruc-
tions. NEON instruction mnemonics begin with the letter V. When compil-
ing code with NEON instructions, make sure you use the “-compile with
mfpu-neon” GCC compiler flag.

To support SIMD NEON instructions, ARM increased the number of over-
lapped 64-bit d-registers to 32 and added a new set of 16 overlapped 128-bit
registers q0-q15 that each overlap a pair of d-registers.

Like VFP, there are still only 32 32-bit s-registers and 16 64-bit d-registers
for use with scalar single- and double-precision instructions. The extended
set of d-registers and new set of g-registers are only usable for NEON SIMD
instructions.
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Instead of having to write the vector length in the FPSCR register, the vector
size is encoded directly into each individual NEON instruction. The vector
length is determined through a combination of an operand type after the
mnemonic and the register size of the operands.

The vector length is implied by dividing the size of the operand register by
the size of the type. For example, the instruction vadd.f32 q4, 5, q6 would
perform four floating-point additions because four 32-bit single precision
floating-point values, or lanes, can fit inside of a single 128-bit q-register.
In other words, the “.f32” mnemonic suffix specifies the datatype of single
precision, while the g-register prefix specifies 128-bit registers, so the vector
size is implied by 128/32=4.

There are also several NEON instructions that allow for manipulation of
individual subfields within a register, such as vext, vimov, and vmvn.

The NEON load and store instructions use a different method to specify their
width, because they support a memory access stride of 1, 2, 3, or 4 values
and allow for a list of destination registers. They use the format:

vid<stride>.<element size><destination registers>,<base register>

For example, the instruction vld2.8 {d0,d1}, [r0] would load every other 8-
bit value beginning at the address in r0 into d0, and every other 8-bit value
beginning at address 10+ 1 into d1.

NEON load and store performance can be improved by using aligned
addresses—memory accesses that are evenly divisible by 16, 32, 64,
128, or 256 bytes. In addition to ensuring that the addresses are aligned,
the alignment must be explicitly given in the instruction by adding suffix
such as @64 to the end of the instruction.

While ARM11 short vector instructions support a length of eight single pre-
cision operations, NEON are limited to four. As such, make the appropriate
adjustment to the coefficient array. In order to align the coefficient array, use
the C aligned attribute as shown below:

float _ _attribute_ ((aligned(16))) coeff_4vector[32] =
{1.2,1.2,1.2,1.2,

1.4,1.4,1.4,1.4,

2.6,2.6,2.6,2.6};
d= (float *)malloc(N+16);

x = (float *)malloc(N+16);
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d= (float *)(((unsigned int)d & ~0xF) +16);
x = (float *)(((unsigned int)x & ~0xF) +16);
f#fipragma omp parallel for
for (i=0;i<N/4;i+=4) {
asm(  "pld Z[nextxJ\n\t"
"mov r0,%[coeff_addr]\n\t" // reset coeff pointer

"v1d1.32 {q0},%[x_addr]@128\n\t" // load four x-values

// into q0
"v1dl.32 {ql},[r0]!@128\n\t" // loads first

// coefficient intoql
"v1d1.32 {q2},[r0]!@128\n\t" // 1oads second

// coefficient into q2
"v1d1.32 {q3},[r0]!@128\n\t" // Toads third

// coefficient into q3
"v1d1.32 {q4},[r0]!@128\n\t" // 1oads fourth

// coefficient into q4
"v1dl.32 {q5},[r0]!@128\n\t" // loads fifth

// coefficient into g5
"v1d1.32 {q6},[r0]1!@128\n\t" // Toads sixth

// coefficient into g6
"v1d1.32 {q7},[r0]!@128\n\t" // 1oads seventh

// coefficient intoq7
"v1d1.32 {q8},[r0]1!@128\n\t" // lToads eighth

// coefficient into q8
"vmla.f32 q2, q0, gl\n\t" // multiply-accumulatel
"vmla.f32 q3, q0, g2\n\t" // multiply-accumulate 2
"vmla.f32 g4, q0, g3\n\t" // multiply-accumulate 3
"vmla.f32 g5, q0, q4\n\t" // multiply-accumulate 4
"vmla.f32 g6, q0, g5\n\t" // multiply-accumulate 5
"vmla.f32 q7, q0, g6\n\t" // multiply-accumulate 6
"vmla.f32q8, q0, g7\n\t" // multiply-accumulate 7

"vstl.32 {q8}, %[d_addr]@128\n\t" : :
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Table 2.5 Performance Improvement from NEON SIMD Instructions Versus Software Pipelining
Platform Xilinx Zedboard NVIDIA Jetson Tegra TK1
CPU Dual Cortex A9 Quad Cortex A15
Throughput/efficiency 1.05 speedup 1.13 speedup

45.7% efficiency 60.0% efficiency
CPI 0.48 speedup (slowdown) 0.48 speedup (slowdown)
Cache miss rate 0.45 speedup (slowdown) 0.45 speedup (slowdown)
Instructions per flop 1.30 speedup 2.36 speedup

[x_addr]"m"(x[i]), [nextx]"m" (x[i+16]1),
[d_addr]™m"(d[i]),[coeff_addr]"r"(coeff_4vector):

"RO",TPLY, P2, 3", "ql", "q2", "q3") ;

Table 2.5 shows the Cortex A9 and Cortex A15 performance results for the-
NEON implementation relative to the software pipelined implementation.
The data dependencies in the sequence of SIMD NEON instructions intro-
duce stalls that cannot be fully hidden by reordering the instructions. This
causes an increase in CPI. Despite this, the reduction in instructions per flop
makes up for this loss and allow for a small improvement.

2.10.3 NEON intrinsics

Unlike VFP short vector instructions, the programmer can use SIMD NEON

instructions without using inline assembly language. The header file arm_-
neon.h provides a set of preprocessor wrappers around built-in compiler

expressions that allow for the programmer to use C-style semantics to
invoke specific NEON instructions. These are called intrinsics.

Intrinsics allow the programmer to use a C-style function call to “invoke” a
single instruction, meaning that the compiler is forced to use a specific
instruction corresponding to the intrinsic. Like inline assembly, intrinsic
calls often must generate additional instructions in order to allocate C
variables, arrays, and pointers into registers.

An intrinsic version of the code from above is shown below. It achieves
roughly the same performance as the inline assembly version of the kernel
but is much easier to write and requires no inline assembly language.
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f#include <arm_neon.h>
J#pragma omp parallel for private(x0,a,b)
for (i=0;i<N/4;i+=4) {

x0 = v1dlq_f32((float32_t *)&x[i]);
a =v1dlq_f32((float32_t *)&coeff_4vector[0]);
b =v1dlq_f32((float32_t *)&coeff_4vector[4]);
b=vmlaq_f32 (b,a,x0);
a=v1dlq_f32((float32_t *)&coeff_4vector[8]);
a=vmlaq_f32 (a,b,x0);
b=v1dlq_f32((float32_t *)&coeff_4vector[12]);
b=vmlaq_f32 (b,a,x0);
a=vldlq_f32((float32_t *)&coeff_4vector[16]);
a=vmlaq_f32 (a,b,x0);
b=v1dlq_f32((float32_t *)&coeff_4vector[20]);
b=vmlaq_f32 (b,a,x0);
a=v1dlq_f32((float32_t *)&coeff_4vector[24]);
a=vmlaq_f32 (a,b,x0);
b=v1dlq_f32((float32_t *)&coeff_4vector[28]);
b=vmlaq_f32 (b,a,x0);

vstlq_f32((float32_t *)&d[il,b);

2.11 CHAPTER WRAP-UP

This chapter described four programming techniques for optimizing code to
increase kernel performance.

The first optimization is the usage of OpenMP to take advantage of multiple
cores. OpenMP is not specific to embedded systems or ARM processors, but
is nevertheless necessary for writing high-performance code on multicore
embedded CPUs.
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The second optimization is the usage of inline assembly language for the
purpose of increasing the floating-point throughput with respect to the total
number of executed instructions.

The third optimization is software pipelining, which reduces the stall rate
by transforming dependencies within the loop body into loop-carried
dependencies. This increases the distance between dependent instructions,
reducing the number of stalls and increasing CPI. This optimization is
effective even for the Cortex-Al5 that supports dynamic instruction
scheduling.

The fourth optimization is manual vectorization the loop body using SIMD
instructions. This chapter covered SIMD instructions on both ARM11 and
ARM Cortex processors.

The examples in this chapter used code instrumentation with performance
counters in order to evaluate each optimization using several metrics:
instructions per flop, CPI, effective memory bandwidth, and floating-point
throughout.

Each optimization technique is applied to a simple benchmark kernel
that uses Horner’s method to compute a polynomial over a 1D array.
This kernel performs seven multiply-accumulates for every input and
output word and is memory bandwidth bound. Our initial implementation
is a relatively simple multithreaded loop nest, consisting of only seven lines
of code. Using its performance as a baseline, the optimizations achieved a
speedup of 11 on the single-issue, in order ARM11 processor (from 35 to
380 Mflops) and a speedup of four on the multiple-issue ARM Cortex A9
and A15 (211 to 790 Mflops on the A9 and 2.0 to 7.5 Gflops on the A15).

The next chapter covers the Linux framebuffer and describes new kernels
for image transformation and new methodologies for tuning them.

EXERCISES

1. Consider the bit reverse example from Section 2.1 It may be possible
to change the high-level code to improve performance without using
hand-written assembly. Specifically, is it possible to reduce the
number of instructions in the loop body by using a different
termination condition for the loop? Why or why not?

2. Write a version of the Horner kernel that combines NEON
instructions and software pipelining. Test it on an ARM-based
development board and evaluate its efficiency with respect to its peak
memory bandwidth.
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3. Consider the following integer loop that calculates the derivative of an

integer array:
for (i=0;1<1023;i++) a[il=ali+1]1-alil;

a. Implement this loop in ARM assembly language. Assume the code is
run on a single issue, in-order processor and that every instruction
must be separated from the closest dependent instruction by at least
three cycles. What is the loop iteration interval (II)?

b. Software pipeline the loop to minimize the II.

c. Use NEON instructions to vectorize the loop using a width of four.

d. Which approach, software pipelining or vectorization, achieves the
highest throughput in terms of output elements per cycle?

4. Consider the problem of multiplying two single precision matrices
A and B:

C=C+AB

This can be performed with a simple serial, triple-nested loop:

for (i = 0;i < A_rows;i++)
for (j = 0;j < B_cols;j++)
for (k =0;k < A_rows;k++) C[i*A_cols +j] + = A[i*A_cols + k] *

B[k*B_cols + j];

Matrix multiply is theoretically compute bound, since it performs o)

operations but only requires O(n?) data. Despite this, on modern

processors it still only achieves approximately 2/3 of the processors peak
floating-point performance. Achieving high performance for matrix
multiply involves optimizing its mapping to the processor’s hardware as
well as optimizing the memory access pattern. In this exercise we will
evaluate methods for parallelizing it using OpenMP.

In the code above, any of the three loops could be parallelized with a

“#pragma omp parallel for”. Alternatively, in OpenMP 3.0, all three can

be simultaneously parallelized by adding a “#pragma omp parallel for

collapse(3)” in front of the outermost loop.

Try all four of these approaches when using A and B matrix sizes of

256 x 256, 512 x 512, and 1024 x 1024. Evaluate each in terms of

floating-point operations per second.

5. For the Horner kernel, increase the number of coefficients to 16 and 32.
What is the effect of this on the speedup of the SIMD approach as
compared to the baseline implementation?

6. The OpenMP parallel for directive supports dynamic scheduling of loop
iterations to threads. This approach also allows the “chunk size,” or the
number of iterations assigned at a time to each thread, to be specified by
the programmer. Measure the performance of the baseline
implementation of the Horner loop with dynamic scheduling and a
chunk size of 8, 32, 64, and 128. What is the performance as compared to
the static approach?
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The previous chapter examined a sample kernel that performed polynomial
evaluation using Horner’s method and applied several optimization techniques
to improve its performance. These techniques gave a 10 x speedup over the
compiler-generated code for the in-order ARM11 processor and a4 x speedup
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over the compiler-generated code for the Cortex-A9 and Cortex-Al5
processors.

This chapter examines new benchmark kernels and new optimization tech-
niques. Each of these kernels generates graphics using the Linux Framebuf-
fer. Graphical kernels are interesting with respect to code optimization for
several reasons.

Graphics kernels operate on two-dimensional (2D) data and generally
exhibit a computational and data complexity of O(n%). For video applica-
tions, the frame processing time must be constrained to maintain video qual-
ity. A 30 frame per second video allows only 33 ms of execution time per
frame or 16 ns per pixel for High Definition (HD) resolution (1920 x 1080).
For a processor with a 2 GHz clock, the processor must process each pixel
within 29 clock cycles on average.

This chapter uses the Linux Framebuffer to render graphics on an attached
monitor. There are more robust libraries for graphical rendering, but the
Linux Framebuffer is the most lightweight in the sense that it adds little per-
formance overhead.

Our primary performance optimization will involve using fixed-point data
types to avoid the longer latencies of floating point.

3.1 THE LINUX FRAMEBUFFER

This chapter examines two case study applications: interpolated affine
image transformation and fractal rendering. These applications require
the ability to “paint” pixels on an attached monitor. There are numerous
Linux C/C++ libraries that facilitate graphics programming. Most of these
are built on top of the X Windows environment. Examples of these include
XLib, GTK, SDL, Motif, and Qt. These libraries, as well as the X Windows
environment itself, provide advanced capabilities for building rich grap-
hical and multimedia user interfaces and have facilities for creating basic
user interface elements (sometimes called “widgets”) as well as video
and sound.

Unfortunately these layers add performance overhead, and in general X
Windows feels less responsive on an embedded ARM platform than a desk-
top or server Linux platform.

This chapter is concerned only with video output, not input, and our objec-
tive is to write the highest-performing code possible. Because of this, the
chapter instead uses the Linux framebuffer, which will allow us to write
directly to the region of memory used to store the image currently being dis-
played on the monitor. This will allow us to both avoid the performance
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overheads of complex graphical user interfaces and avoid the need to add
boilerplate code and to link to libraries to make them work.

The framebuffer is represented by the device file /dev/fb0 (or sometimes /
dev/fbl) and can only be opened in write mode by a superuser (root
account). Instead of read and write functions, the framebuffer is accessed
using the system calls ioct1() and mmap().

By default, the framebuffer will adopt the native resolution of the attached
monitor, although both the resolution and the number of color bits per pixel
can be changed using the Linux fbset command or using an ioctl() calls to
the framebuffer device file.

The ioctl() system call accesses parameters for device files. The parameter
set depends on each specific device. In the case of the framebuffer, it is used
to get and set parameters such as resolution, bits per pixel, row length, and
offsets. To illustrate this, open the framebuffer in read-write mode using the
open() system call:

int fd;

fd = open("/dev/fb0", O_RDWR);

if (fd==-1) {
perror("Error: cannot open framebuffer device");
exit(0);

}

Notice that open() opens the file, as opposed to fopen(). The difference
between these two functions is that open () returns an integer file descriptor

while fopen() returns a pointer to a FILE data structure. If the code did use
fopen(), it can still use the fileno() function to retrieve the file corre-

sponding file descriptor.
Next, call ioctl() once to retrieve information from the framebuffer:
struct fb_var_screeninfo vinfo;
if (ioct1(fd, FBIOGET_VSCREENINFO, &vinfo) == -1) {
perror("Error reading variable information");
exit(-1);
}

This will report the x-resolution (number of columns), y-resolution (number
of rows), and the number of bits per pixel, which can be used to calculate the
size of the screen in bytes and the size of each row:
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screensize=vinfo.xres*vinfo.yres*vinfo.bits_per_pixel/8;
row_size = vinfo.xres * vinfo.bits_per_pixel / 8;

Now map the framebuffer itself to a block of virtual memory within our pro-
gram’s process:

char *fbp;
fbp 5 (char *)mmap(0, screensize, PROT_READ | PROT_WRITE,
MAP_SHARED, fd, 0);
if ((int)fbp 55 -1) err("Error: failed to map framebuffer \
device to memory");

The program can now paint pixels by writing data to the region of memory
pointed to by the fbp pointer. The code that draws pixels depends on the
pixel size. For example, for 16-bit pixels (in which the most significant 5
bits are red intensity, the least significant 5 bits are blue intensity, and
the middle 6 bits are the green intensity):

*((unsigned short *)(fbp + i*(row_size) + j*2)) =
(red << 11) | (green << 5) | blue;

The Linux framebuffer is a zero-copy framebuffer, meaning that a single
write from the program updates the pixel on the monitor. As such, estimate
the upper bound for our frames per second (fps) using the write memory
bandwidth experiment from Chapter 1.

For example, the Raspberry Pi has a write bandwidth of 325 MB/s, while a
1920 x 1080 x 16 frame is comprised of 4,147,200 bytes, so the program can
achieve 1/(4,147,200/(325*2 20)) =82 fps.

Once you are finished with the framebuffer you should unmap the memory
and close the file:

munmap(fbp, screensize);

close(fd);

3.2 AFFINE IMAGE TRANSFORMATIONS

Anyone who has played a video game, flipped through virtual album covers
on their personal media device, or used image editing software is familiar
with the idea of image transformations. An image transformation describes
an operation that changes or distorts an image. A linear image transforma-
tion, in particular, can be used to do things such as rotate, scale, shear,
reflect, or project an image.
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Assume that the location of pixel, represented as a row and column value, is
stored as a column vector ¢. A linear image transformation can be described
as a 2x2 matrix A, and can be applied to this pixel by multiplication;
¢’=A xc. ¢’ is a column vector that represents the position of the pixel
in the transformed image.

In an affine transformation, the matrix A is a 3 X 3 matrix and there must be
an additional element added to the pixel location vector c.

For example, the following three affine transformation matrices
allow an image to be rotated clockwise by angle 8 about the X, Y, and Z

dimensions:
(1 0 0
A,= [0 cos@ —sind
10 sind cosd |

[ cos@ 0 sind]
Ay = 0 1 0
| —sinf 0 cosd |

[ cos@® sinfd 0]
A, = | —sinf cosf 0
0 0 1]

The effect of affine transformations can be combined by multiplying mul-
tiple transformation matrices. For example, the program can rotate an image
about the X, ¥, and Z axes simultaneously by multiplying these three matri-
ces together, that is, A, =A, XA, XA

An obvious way to transform an entire image is to iterate over all the pixels
in the source image, calculate their new positions in the transformed image,
and copy the pixel to its new location. However there is a problem with this
approach. The transformed pixel locations will contain fractional values,
making it unclear how to copy the pixels to their new positions.

Instead, the program can iterate over all the pixel locations in the destination
image and calculate the inverse transformation to determine each pixel’s
corresponding location in the source image, using the inverse transforma-
tions below. This will give us integral pixel locations for our destination
image and fractional pixel locations for our source image. The program
can use interpolation to calculate the estimated value of fractional source
image pixel locations.

1 0 0
A =10 1/cos® tand
0 tanf —1/cos@
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1/cos@ 0 —tand
= 0 1 0
tand 0 1/cos@

<~

cosf —sind O
Al=sinf@ cosf 0
0 0 1

3.3 BILINEAR INTERPOLATION

When performing the inverse transformation, many of the pixels in the trans-
formed image will correspond to fractional locations in the source image.
Since our source image is discretely “sampled” at integral pixel positions,
the program must use a technique for calculating the pixel colors of locations
between pixels. There are various methods for doing this type of interpola-
tion, but begin by using the simplest method, bilinear interpolation.

When an inverse transformation maps one of the destination image pixels to
fractional source pixel, the program must estimate the color of this “virtual”
pixel value based on the sampled pixels around it. The basic idea of bilinear
interpolation is that a fractional coordinate within a 2D space will be posi-
tioned somewhere inside of 2 x 2 pixel block. The interpolated pixel can be
calculated using a weighted average of these four pixels, where the weights
of each of the four pixels are calculated as a function of the fractional portion
of the location in both dimensions.

Figure 3.1 depicts this situation, assuming the inverse transformation give us
pixel (i) and iin =1, ifrae =i — i and jim =, ftruc =) — .
The weights would be calculated as:
weight (Zing fint) = (1 = ffrac) - (1 —Jrac)
weight (Ging, fint + 1) = (1 = ifrac) *ffrac
weight(iine + 1, fint) = ffrac - (1 — frac)

Weight(iim + Ljim + 1) = Ifrac 'jfrac

34 FLOATING-POINT IMAGE TRANSFORMATION

The image transformation and interpolation calculations must be performed
using fractional values and floating point may seem like an obvious choice.
One problem with using floating point is that each transformed pixel
will begin and end as a pixel location and color value, both of which are
integers. This will require typecasting between integers and floats for the
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Pixel Pixel
iinl’ jinl iinl’ jinl_*'1
' Ifrac i
@< | .
X Rt B Pixel

i iinl+ ifmw jinl+ jfrac

Pixel Pixel
iim+1= jim l'im+1, ./int+1

W FIGURE 3.1 Fractional source pixel.

intermediate calculations. Typecasting between integers and floating point
requires the use of high latency conversion instructions.

In order to characterize the overhead added by these operations, begin by
implementing the image transformation using floating point and measuring
its performance using the performance counters.

Our objective is to generate a video consisting of a sequence of frames
depicting the image smoothly rotating around all three axes. Graphically,
this will appear as a 2D image being rotating in 3D space.

To do this, gradually change the X, Y, and Z rotation of the image in each
frame. For this the program needs to call a function before each frame that
computes the transformation matrix for a given X, Y, and Z rotation angles.
Since this function is called once per frame (as opposed to once per pixel), it
is reasonable to expect it to have a negligible effect on performance.

The following function will calculate the transformation matrix as a func-
tion of X, Y, and Z angles and returns the first two rows and first two columns
of the transformation matrix as arrays ¢_row and c¢_col:

void calc_coeffs(float c_row[2],
float c_col[2],
float scale,

float rot_x,
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float rot_y,
float rot_z) {
inti,j.k;
float rotm_x[3]1[3]={{1.0, 0, 0},
{0, 1.0/cosf(rot_x),tanf(rot_x)},
{0, tanf(rot_x), -1.0/cosf(rot_x)1}},
rotm_y[31[3]1={{1.0/cosf(rot_y), 0, -tanf(rot_y)},
{0, 1.0, 0},
{tan(rot_y), 0, 1.0/cosf(rot_y)}},
rotm_z[31[3]={{cosf(rot_z), -sin(rot_z), 03,
{sinf(rot_z), cosf(rot_z), 0},
{0, 0, 1.0}},
tempmO[3]1[3],tempml[3][3],tempm2[3]1[3],sum;
for (i=0;i<3;i++) // (temp =Ax X Ay)
for (j=0;3<3;j++) {
sum=0.0;
for (k=0;k<3;k++) sum+=rotm_x[iI[k] *rotm_y[k1[j];
tempmOLi1[j] = sum;
}
for (i=0;i<3;i++) // (temp =temp X Az)
for (j=0;3<3;j++) {
sum=0.0;
for (k=0;k<3;k++) sum+=tempmO[i]J[k] * rotm_z[k]I[j]1;
tempml[i1[j] = sum;
}
c_row[0] = tempml[0]1[0];

c_row[1] = tempml1[0][1];
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c_col[0] = tempml1[1][0];

c_col[1l] =tempml[1]1[1];

34.1 Loading the image

Begin by loading a source image into memory. Find a suitable image online,
such as the color version of the famous 512 pixel by 512 pixel “Lena” image
commonly used for image processing work. First you will need to convert
the image to PPM format using an image editing tool on your workstation.

The PPM file format is an uncompressed or “raw”” format, which is trivial to
read and write in a program without needing any special image libraries.

A PPM file contains both ASCII text and binary data. A header appears at
the beginning of the file that is comprised of ASCII text. The header is fol-
lowed by binary data representing each row of the image in ascending row
order (top to bottom). Each row is comprised of pixels ordered in ascending
column order (left to right). Each pixel usually stored as three consecutive
bytes corresponding to the red, green, and blue (RGB) color channels.

The PPM header consists of the following four values in ASCII separated by
whitespace (spaces, tabs, newlines, line feeds):

the format’s “magic number” P6,

the number of columns,

the number of rows, and

the maximum color value (usually 255).

A S

PPM files may also contain comment lines that begin with #.

To read a PPM file and convert it into a 16-bit format in memory, begin with
the following declarations:

FILE *myFile; (file pointer)

int rows=0, cols=0, maxcolorvalue=0; (header information)
inti,j; (loop vars)
staticunsigned short *src_image; (pointer to image in memory)

Next, open the file and read the header information. The tool that converted
the image to a PPM file may have inserted one or more lines of comments
before the header. To skip these, repeatedly execute the fscanf() function
to search for integers, looking for the first integer that is large enough to
represent each value in the header:
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myFile = fopen("lena.ppm","r+"); (open the file, assume
hardcoded name)

if (ImyFile) {perror("image file");exit(0);} (check for error)

fscanf (myFile,"%d",&cols); (try to read column number)
while (cols<160) { (search file for legitimate “cols” value)
fseek(myFile,1,SEEK_CUR); (advance file pointer one
character)
fscanf (myFile,"%d",&cols); (try again)
}
fscanf (myFile,"%d",&rows); (try to read row number)
while (rows<120) { (search file for legitimate “rows” value)
fseek(myFile,1,SEEK_CUR); (advance file pointer one
character)
fscanf (myFile,"%d",&rows); (try again)
}

fscanf (myFile,"%d",&maxcolorvalue); (try to read row number)

while (!maxcolorvalue) { (search for leg. “maxcolorval” value)
fseek(myFile,1,SEEK_CUR); (advance file pointer one
character)

fscanf (myFile,"%d",&maxcolorvalue); (try again)

}

In a PPM file, each pixel is stored as three bytes representing RGB intensity.
Use this same 24-bit format to store the image in memory.

Now that the program has the row and column count it can allocate
rows X columns x 3 bytes. src_image is declared as an unsigned character
pointer (unsigned char *).

src_image=(unsignedchar*)malloc(rows*cols*3); (allocate mem-
ory for image)

if (!src_image) { (check return value of malloc)
perror(“Allocating memory for source image”);

exit(0);
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Advance the file pointer by one byte to move beyond the newline character
after the header. Then read the contents of the image directly into the
image array.

fseek(myFile,1,SEEK_CUR); (advance file pointer by one byte)

fread (src_image,1,rows*cols*3,myFile); (read image contents)

342 Rendering frames

Initialize the X, ¥, and Z angles to 0. Inside of an infinite while-loop, incre-
ment each by 1, 0.5, and 0.25 degrees per frame, respectively (0.0175,
0.0087, and 0.0044 rad) and calculate the corresponding transformation
matrix.

while (1) {
rot_x+=0.0175; // 1 degree per frame
rot_y +=0.0087; // 0.5 degree per frame
rot_z+=0.0044; // 0.25 degree per frame
calc_coeffs(c_row, c_col, scale, rot_x, rot_y, rot_z);

The transformation will rotate the image relative to the origin point row
0 column 0, which is the upper left pixel. In order to perform the transfor-
mation around the center point of the image, one must change the location of
each pixel before applying the transformation. To do this, subtract one-half
the image width from the column value and one-half the image depth from
the row value before applying the transformation, and re-add these values
after the transformation (note that the compiler will convert the divide-
by-2 operations with a shift right by 1 bit). For each destination pixel at
row i and column j, calculate the source image pixel location src_pixel.

In this case, src_pixel is declared as a 2-element array of type float. The pro-
gram must also have an integer version of these indices, since it needs them
to index the image array. This array is named src_pixel int in the
code below.

for (i=0;i<rows;i++)
for (j=0;j<cols);j++) {
src_pixel[0] = c_row[0]* (float)(i-(rows/2)) +
c_row[1]* (float)(j-(cols/2));

src_pixel[1l] = c_col[0]* (float)(i-(rows/2)) +
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c_col[1]* (float)(j-(cols/2));

(int)floorf(src_pixel[0]) +
(rows/2);

src_pixel_int[0]

(int)floorf(src_pixel[1l]) +
(cols/2);

src_pixel_int[1]

Check if the calculated source pixel, along with its neighbors to the right,
below, and diagonally right and down, fall within the boundary of the source
image. If so calculate the distance of the fractional source pixel to its neigh-
bors in a 2-element float array named frac, calculate the interpolation
weights in a 4-element float array named weights, and load the four neighbor
source pixels into integer variables.

Depending on the rotation angles, some frames will have more source pixels
outside the image area than others. As a result, this if-statement will cause
some frames to render faster than others.

if ((src_pixel_int[0]>=10) &&
(src_pixel_int[0] < (rows-1)) &&
(src_pixel_int[1] >=10) &&
(src_pixel_int[1] < (cols-1))) {

frac[0] = src_pixel[0] - floorf(src_pixel[0]); (calculate
fraction
(row))

frac[1] = src_pixel[1] - floorf(src_pixel[1]); (calculate
fraction

(column))

weights[0]=(1.0-frac[0])* (1.0-frac[1]); (calculate interpo-
lation weights)

weights[1] = (1.0-frac[0]) * (frac[1]);
weights[2] = (frac[0]) * (1.0-frac[1]);
weights[3] = (frac[0]) * (frac[1]);

In order to calculate each transformed pixel the program must have access to
each of the three-color channels from each of the four pixels surrounding
each of the source pixels identified with the transformation.

Figure 3.2 shows an image of size rows rows and cols columns where each
pixel is 24-bits. Each row of the image (the x-dimension) is stored consecu-
tively. To access a pixel, calculate its offset relative to the beginning of the
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«— cols pixels, col x 3 bytes ———
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R
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cols x 3 “R|G|B

M FIGURE 3.2 Byte offsets for each color channel of each pixel within a 24-bit RGB frame.

src_pixel array but remember that each pixel is comprised of three bytes. For
example, the pixel at location (x,y) is stored at pixel location (y x cols+x) since
getting torow y requires that the program skip down y rows each of size cols, but
this value must be multiplied by 3 to reach the byte offset. This gives us:

(y % cols +x) x 3 for the red channel
(y x cols+x) x3+1 for the green channel
(y x cols+x) x 3+2 for the blue channel

Declare three 4-element integer arrays for each color channel, that is, int r
[4], g[4], b[4]. The three-color channels from each of the four pixels around
the source pixel can be extracted using the following code:

r[0] = src_image[(src_pixel_int[0]*cols+src_pixel_int[1])*3];
g[0] = src_image[(src_pixel_int[0]*cols+src_pixel_int[1])*3+1];

b[0] = src_image[(src_pixel_int[0]*cols+tsrc_pixel_int[1])*3+2];

r[1] =src_image[(src_pixel_int[0]*cols+src_pixel_int[1]+1)*3];
g[1] = src_image[(src_pixel_int[0]*cols+src_pixel_int[1]+1)*3+1];

b[1] = src_image[(src_pixel_int[0]*cols+src_pixel_int[1]+1)*3+2];

r[2] = src_image[((src_pixel_int[0]+1)*cols+src_pixel_int[1])*3];

g[2] = src_image[((src_pixel_int[0]+1)*cols+
src_pixel_int[1]1)*3+1];

b[2] = src_image[((src_pixel_int[0]+1)*cols+

src_pixel_int[1])*3+2];
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r[3] = src_image[((src_pixel_int[0]+1)*cols+
src_pixel_int[1]1+1)*3];
g[3] = src_image[((src_pixel_int[0]+1)*cols+
src_pixel_int[1]+1)*3+1];
b[3] = src_image[((src_pixel_int[0]+1)*cols+
src_pixel_int[1]+1)*3+2];
With the four pixels the program can calculate the interpolated value.
red = (int)((float)(r[0]) * (weights[0]) +
(float)(r[1]) * (weights[1]) +
(float)(r[2]) * (weights[2]) +
(float)(r[31) * (weights[31));
green = (int)((float)(g[0]) * (weights[0]) +
(float)(g[1]) * (weights[1]) +
(float)(g[2]) * (weights[2]) +
(float)(g[3]) * (weights[31));
bTue = (int)((float)(b[0]) * (weights[0]) +
(float)(b[1]) * (weights[1]) +
(float)(b[2]) * (weights[2]) +
(float)(b[3]) * (weights[3]));

The framebuffer is organized in a similar way to our image but it will likely
be larger than our image. However, the pixels will not necessarily consist of
24-bits. To check, you can use the “fbset” tool at the command line.

When opening the framebuffer the program calculated the row size and
assigned it to the variable row_size. This will show an output similar to
the following:

mode "1920x1200"
geometry 1920 1200 1920 1200 16
timings0000000
rgba 5/11,6/5,5/0,0/16

endmode
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The last value on the second line of output indicates the color depth. In our
case it is 16-bits. The fourth line displays the format of each pixel, in
which the red value is 5 bits starting at bit offset 11 (spanning bits 15 down
to 11), the green value is 6 bits starting at bit offset 5 (spanning bits 10
down to 5), the blue value is 5 bits starting at bit offset 0 (spanning bits 4
down to 0), and the alpha (transparency) value is O bits (not used). If your

framebuffer uses 24- or 32-bit color you can change it to 16 bits using the
fbset command with superuser credentials (see the main page for details).

To paint the interpolated pixel value to the framebuffer, calculate the pixel
offset in the framebuffer while simultaneously converting the 24-bit pixel to
a 16-bit pixel. Each 8-bit color channel can be converted into a 5- or 6- bit
value by shifting to the right. The resulting value must be shift to the left
according to the bit offsets defined by the framebuffer:

*((unsigned short *) (fbp + i*row_size + j*2)) =
(red >>3 << 11) | (green>>2 <<5) | (blue>> 3);

Finally, recall that this code is executed only if the source pixel correspond-
ing to the destination pixel being considered falls within the boundaries of
the original image. Otherwise write a black (zero) pixel.

} else

*((unsigned short *)(fbp + i*row_size + j*2)) =0;

3.5 ANALYSIS OF FLOATING-POINT PERFORMANCE

Applications such as this are typically concerned with maximizing the num-
ber of frames (or pixels) per second. This metric is affected by the number of
executed instructions per pixel, average cycles per instruction (CPI) the
number of floating per operations per second (flops), and the cache
miss rate.

To measure each of these metrics you can use the performance monitoring
code from Chapter 1 and customize the cnts_dump() function.

With respect to floating-point operations, each pixel requires 35 flops:

m 4 floating point multiplies and 2 floating point adds when transforming
each pixel,

m 2 floating point subtracts and 2 floating point floor operations when
calculating the fractions,
4 floating point multiplies when calculating the weights, and
12 floating point multiplies and 9 floating point adds when interpolating
each color channel.
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When compiled with maximum compiler optimization and executed on the
Raspberry Pi, the worst-performing frames achieve roughly

1.3 million pixels per second,
5 ps,

225 instructions per pixel,

50 Mflops.

The CPI is approximately 2.6 and the cache miss rate ranges from 4% to
11%.

According to these results, the kernel requires approximately 225/35=~6.5
instructions per flop. Many of these overhead instructions are caused by the
need to convert between floating point and integer types, so the next section
will address how to eliminate this aspect of the code.

3.6 FIXED-POINT ARITHMETIC

As described in Chapter 2, floating-point instructions have a longer latency
than integer instructions, meaning that several clock cycles must elapse
between when a floating-point instruction begins execution and when its
result is available. By itself this is not a problem, but floating-point code
is often comprised of a series of instructions that depend on the intermediate
result calculated by a previous instruction. Without enough nondependent,
ancillary instructions to schedule in between the dependent floating-point
instructions, this situation will cause stalls to be inserted between the depen-
dent instructions, reducing the utilization of the hardware.

Some programmers will always use floating-point instructions (by declaring
variables as floating point) whenever the program requires a fractional num-
ber or large whole number that have a magnitude outside the range of an
integer. However, in some cases this is unnecessary, since integers—when
used as fixed-point values—can represent both fractional and very large
values. The shorter latency of integer instructions will often translate into
increased throughput for code containing chains of dependent instructions.

Graphics code, which contains type conversions between floating point and
integers, will receive the added benefit of less type-conversion instructions
(instructions that transfer and convert values between integer and floating-
point registers).

In a fixed-point value, the program treats an integer as having an implicit
decimal point, or radix point, placed at some location other than after bit
0. A signed n-bit value having m bits to the right of the radix point has a
fixed range of
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_Zn—m—l to 2)17"!1*1 _o—m
and an equivalent unsigned value has a range of
0to2"-—"—27"
both in increments of 27"

Since fixed-point values usually place the implied radix point within the
middle of the value, they are usually defined as an (n,m) value, in which
there are n total bits of which m bits fall to the right of the radix point. This
means that there are m fractional bits.

For example, a signed (7,4) fixed-point value would cover the range —4 to
3.9375 in increments of 0.0625. A binary value of 010.1101 represents
2'+27 4272427 =2.8125.

The increment, or the significance of the rightmost bit, or unit in the last
place (ulp), determines the representation’s accuracy.

When using the (n,m) notation, a regular integer that does not contain any
fractional bits is considered a (32,0) fixed-point value. In this way, if the
program multiplies a (32,8) value by a regular integer such as a loop counter,
it is multiplying a (32,8) value by a (32,0) value and producing either a
(64,8) product or a (32,8) product, depending on if it uses a multiply instruc-
tion that produces a 32- or 64-bit product.

3.6.1 Fixed point versus floating point: Accuracy

In fixed-point representation there is a tradeoff between range and accuracy.
Accuracy captures the approximation error, or the average difference
between a desired real number and the closest representable value in the
format.

In fixed-point representation, the accuracy depends on how many bits are
allocated to the right of the radix point. This in an (n,m) fixed-point value
the accuracy is 27"

The accuracy of floating-point values, on the other hand, depends on the
value of the exponent. Calculated in the same way, the accuracy of a
floating-point number is 2P 23,

3.6.2 Fixed point versus floating point: Range

There are some cases when fixed point cannot substitute for floating point.
Floating point’s advantage over fixed point is its range. Range can be
defined in two ways. When defined in terms of the number line, the range
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of an (n,m) fixed-point value is 2"~ 1, which for our signed (7,4) example
is only 7.

The range of an IEEE 754-style floating-point value is 2>° where e =the
width of the exponent field. For example, a single precision floating-point
value can represent a value from approximately —2~'*% to 2'%%,

Range can also be defined in terms of the ratio between the largest and smal-
lest representable value, often called dynamic range. The dynamic range of
an (n,m) fixed-point value is (2"~ '—2")/27"=2""'"1, the same as for
any other integer. For our signed (7,4) example is 63.

The dynamic range of a floating-point number is 22! / [2(72H 71)} =2¥1,
For single precision floating point this is (2’127/2’127) =22,
Floating-point instructions are thus necessary when a program requires a
larger range than can be provided by fixed point. Graphics, audio, and signal
processing code often requires a determined range, determined by the num-
ber of pixels or available colors, or have a predetermined signal range. For
example, digital audio data is usually confined to the range of [—2,2), so
digital audio uses a (16,14) fixed-point data type.

3.6.3 Fixed point versus floating point: Precision

The precision, or maximum number of significant bits that can be stored in a
fixed-point value, depends on its value. Because the radix point is fixed,
values that contain leading 0-bits will prevent the use of all the available
bits in the format. For example, a (7,4) value 011.1101 has 6 significant bits,
but 000.0010 has only 2 significant bits.

A signed (n,m) value has a precision of n — 1 bits when its value falls within
the ranges:

- [2r17n1727 2n7m71_2-m] and [_2"7”171,_2'17}’"72_27”’!]

For example, for our (7,4) example the 64 values in the range [2, 3.9375] and
[—4 to —2.0625]

The precision drops to n—2 bits when its value falls within the ranges:
- [2117m73’ 2”,"1,2_2,,”] and [_2n7m72’ _2n7n173_27m]

For example, for our (7,4) example the 32 values in the range [1, 1.9375] and
[-2 to —1.0625]

The precision drops to n— 3 bits when its value falls within the ranges:

- [2117n174’ 2n7n173_27m] and [_2n7m73, _2n7n174_27m]
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For example, for our (7,4) example the 16 values in the range [0, 0.9375] and
[—1 to —0.0625]

...and so on.

Assuming every value is equally likely, an n-bit signed number offers n — 1
bits of precision (all bits its sign bit) for half of its representable values, n —2
bits of precision for the remaining half, n — 2 bits for the remaining half of
those, and so on.

On average this is ZL . (n—1i)- 277 bits, so our (7,4) value offers approx-
imately 5 bits of precision.

On the other hand, a floating-point value offers s+ 1 bits of precision, where s is
the number of bits in the significand (mantissa) field. Since the exponent field
occupies some of bits in a floating-point value, a fixed-point value will gener-
ally offer more precision than a floating-point value of the same bit width.

Calculated this way, a 32-bit fixed-point value has approximately 30 bits of
precision, while a 32-bit single precision floating-point value has 24 bits of
precision.

3.64 Using fixed point

C and C++ lack built-in support for fixed point. A programmer wishing to
use fixed-point types must either explicitly incorporate considerations for
fixed-point arithmetic into the code or use a pre-written library.

A challenge when using fixed point is keeping track of the position of the
radix point before and after each fixed-point operation.

When adding or subtracting, the radix points must be aligned for both oper-
ands. For example, a (32,16) operand can be added or subtracted with
another (32,16) operand, but a (32,16) operand cannot be added to a
(32,32) operand without first arithmetically shifting the operand having
the radix point furthest to the left (the 32,32 operand) by the difference
in m-values (by 16 bit positions).

3.6.5 Efficient fixed-point addition

Consider the following preprocessor macro, which adds a (32,rpl) value
with a (32,rp2) value and returns a (32,min(dp/,dp2)) sum.

To do this, create a #define that expects the usage:
ADDFP(<result>, <operand 1>, <operand 2>,

<radix point location in operand 1>,
<radix point location in operand 2>):
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In order to align the radix point before adding, the code must first identify
which operand’s radix point is further to the left and shift this value to the
right by the difference in radix point positions. Afterward, the values are
added and sum will have a radix point at the same position as the operand
having the rightmost radix point.

For example, assume the following two values:
opl =0110.011(rp=3) (=6.375}9)
op2=01.01111(rp=5) (=1.46875y)
In order to align the radix points, shift opO one bit to the right:
opl =0110.011(rp=3) (=6.375}9)
op2=0001.011(rp=3) (=1.375;¢,2bitsshiftedoff =11)
sumwith inf.precision=0111.11011 (=7.84375;9)
computedsum (round down) =0111.110, =(7.750y¢) error = 0.09375
computedsum (roundup) =0111.111(=7.8759) error=0.03125

The sum with infinite precision is 7.84375;, but, assuming no explicit
rounding, the computed sum is 7.750;¢, a difference of the value having
been dropped as a result of shifting off (0.00011,=0.09375,).

When the most significant (left-most) bit shifted out is 1, the result should be
rounded up by adding one into the rightmost bit position once the radix point
has been repositioned.

The following preprocessor macro performs this behavior. The macro
assumes that the sum and both operands are allocated as 32-bit variables.

jtdefine ADDFP(res,opl,op2,rpl,rp2) \
res = (rpl>rp2)? \
(Copl>>(rpl-rp2)) +op2) + (opl>>(rpl-rp2-1)&1) : \
(opl + (op2>>(rp2-rpl))) + (op2>>(rp2-rpl-1)&1);

Shifting one of the operands right prior to adding is a natural usage of
ARM’s flexible second operand feature. As shown in the compiler-
generated code below, the compiler takes advantage of this feature.

The compiler’s code begins with rp/ and rp2 loaded into registers r0 and 5.
It compares these values and uses the resulting status bits to calculate the
difference as rpl —rp2 or rp2 —rpl. After this it shifts the operand with
the greatest radix point twice—once to align the radix point and once to
align the round bit—and then calculates the final sum.
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Notice the redundant subtract instructions on lines 5 and 6.

1 cmp r5, r0

2 mov ré, r0

3 rsbgt rd4, r0, rb

4 rsble rd, r5, r0

5 subgt r3, rd, i1

6 suble r3, rd, #1

7 movgt r3, r8, asrr3

8 movle r3, r7,asrr3

9 addgt rd, r7, r8, asr r4

10 addle r4d, r8, r7, asrr4

11 and r3, r3, #1
12 mov ro, #1
13 add rd, rd, r3
14 mov r2, ra

Using inline assembly language the programmer can implement this oper-
ation in less instructions and with fewer data dependencies.

There are a few things to keep in mind when using inline assembly language
in order to make sure your inline assembly code does not interfere with the
compiler-generated code and vice versa.

When explicitly writing to specific registers directly (as opposed to substi-
tutions), make sure you add the registers to the clobber list to avoid over-
writing live registers being maintained by the compiler.

Also, when doing this make sure the instruction that writes to the register
and the instruction that subsequently reads from that register are both encap-
sulated into a single asm() block to avoid the register being overwritten by
the compiler in between the inline assembly statements. In order to avoid
this, all the instructions will be included in a single asm() block.

When using condition instructions, keep in mind that any auxiliary instruc-
tions generated to support substitutions will not be conditional.

Finally, when compiling be sure to use the “-marm” option to prevent
THUMB mode, which treats conditional instructions differently than
ARM mode.
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First, define the macro as before:
1 ffdefine ADDFP2(res,opl,op2,rpl,rp2) \

In order to avoid data dependencies, this implementation will maintain two
versions of each operand: the original value and the shifted and rounded ver-
sion. To support this, the code begins by copying the operand values to reg-
isters rl and r2.

2 asm("mov rl,%[oplval]\n\t\

3 mov r2,%Lop2val]\n\t\

Subtract the radix point positions and store the difference in register r0.
4 sub r0,%Lrplvall,%[rp2vall\n\t\

Right-shift operand 1 by the difference in radix points. From this point on, r1
will serve as the shifted version of operand 1.

Refer to %[oplval] as the original value of operand 1, which substitutes to
another register still holding the original value.

Instead of using the flexible second operand, use the stand-alone shift
instruction to shift operand 1, but also use the s-suffix. This way, the last
bit shifted out will be stored in the carryout (c) flag, used for rounding later.
Note that this flag is not written when the shift amount is zero, so the code
must account for this possibility.

5 asrsrl,rl,ro\n\t\
Add 1 to the shifted value if the c-flag is set.
6 addhs r1,rl,#1\n\t\

Subtract the radix point positions in reverse order and store the result in
register 10.

7 sub r0,%Lrp2vall,%[rplvall\n\t\

Shift the original value of operand 2 and round if necessary. This version of
operand 2 will now reside in register r2.

8 asrsr2,r2,r0\n\t\

9 addhs r2,r2,#1\n\t\

Now subtract the radix points again to reset the flags.
10 subs r0,%[rplvall,%[rp2valI\n\t\

If rpl >1p2, add the shifted/rounded operand 1 to the original operand 2.
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11 addpl rl,rl,%[op2val]\n\t\
If rpl <rp2, add the original operand 1 to the shifted/rounded operand 2.
12 addmi r1,%[oplvall,r2\n\t\

If equal, the rounding operation would have produced unpredictable results,
so deal with equal radix point positions separately.

13 addeq rl,%[oplvall,%[op2val]\n\t\

Move the calculated sum back to register associated with the result.
14 mov #[resvall,rl\n\t" :\

The only output is the result value.

15 [resval]"=r"(res) :\

The input values:

15 [rplvall”r"(rpl), [rp2vall"r"(rp2),\

16 [Loplval]l"r"(opl), [op2vall"r"(op2) :\

Add the clobber list, which ensures the compiler is aware of which of the
general purpose registers that it did not allocate are written in the inline
assembly.

17 "ro", "rl","r2");

When executing the code on a Cortex A15 processor core, the inline assem-
bly version of the fixed point is approximately seven times faster than the
compiler-generated code.

3.6.6 Efficient fixed-point multiplication

Unlike addition and subtraction, any two fixed-point values (n;,m;) and
(n,my) can be multiplied without first aligning the radix point, but the
multiplication will position the product’s radix point to bit 72, +m,. In order
to reposition the product’s radix point at bit m; or m,, the program must
perform adjustments to the product.

In this way in fixed-point addition and subtraction, one of the operands must
be adjusted prior to performing the operation while in multiplication the
product must be adjusted after performing the operation.

For example, the product of a (32,16) value and a (32,32) value is a (64,48)
value. In order to avoid the growth of product width, the product is usually
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shifted to the right and converted back to a 32 bit value to prepare for sub-
sequent operations.

Any integer multiply where the product is allocated the same number of bits
as the operands has the potential to overflow. In order to cope with this, C
compilers have the ability to allocate a 2n-bit product of n-bit operands, but
only when the operands are cast as datatypes having 2n bits. This allows the
product to be shifted as a 2n-bit value and optionally converted back to an
n-bit value.

When using gcc to compile for ARM, “long” represents a signed 32-bit type,
and “long long” represents a signed 64-bit type. For example, when multi-
plying two (32,16)-bit integers of type long, the following code will guar-
antee that the non-fractional bits in the product are not lost when storing to a
(32-16) product:

long a,b,c;
c = ((long long)a * (long Tong)b) >> 16;

This code generates the following assembly code. Perform signed multiply
of two 32-bit registers and store least significant word of product in r4 and
most significant word of product in 15.

1 smull r4, r5,r4, r0

Right shift lower 32-bits of product by 16 bits. It is not clear why the com-
piler used the s-suffix without generating any subsequent conditional
instructions.

2 Isrs r2, r4, #16

Combine previous result by lower 32-bits of product left-shifted by 16 bits.
3 orr r2,r2,r5,1s1#16

The result of these instructions is shown graphically in Figure 3.3.

Notice that there are two shift operations. The first shifts the least significant
32 bits of the product in r4 RIGHT by 16 bits, which moves the radix point to
the right to compensate to the new fractional bits generated by the multiply.

The second shifts the most significant 32 bits of the product in r5 LEFT by
16 bits. The purpose is to position the bits that when shift RIGHT cross the
boundary between the upper and lower half of the product. These are lower-
order bits in the left product that will form the higher-order bits of the final
32-bit product.

To add rounding capability to this code, the programmer can again take
advantage of how shifting operations leave the last shifted-out bit in the ¢ flag.
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r4 r0 r5 (hi)

| x| | — W7

(desired data) Isl

Isrs

W FIGURE 3.3 Two (32,16) values multiplied to produce (64,32) product. To convert the product to a
(32,16) value, the lower 16 bits of r5 and the upper 16 bits of r4 need to be combined into a single register.
To do this, the compiler uses shift operations to isolate the bits and uses an OR instruction to combine
them into a single register.

4 addhs r2, r2, #1

To implement a general macro for fixed-point multiply of operands each
having an arbitrary radix point position, the code must decide where to place
the radix point of the product.

A common method is to set the radix point of the product to match the oper-
and having the rightmost position. To do this, the code will shift the product
to the right by the position of the left-most radix point.

The macro has the same arguments as the fixed-point addition: a result, to
which the product is assigned, two operands, and the corresponding radix
point positions of each operand. As before this code assumes that the prod-
uct and both operands are allocated as 32-bit variables. This code also
assumes that both radix points are nonnegative and only one can be zero.

1 ftdefine MULTFP(res,opl,op2,rpl,rp2)\

First, compare the radix point positions. The cmp instruction sets the flag bits
as a subtract instruction: if the first compared value is greater or equal to the
second value, then the carry flag will be set to one and zero otherwise. This is
because all subtracts produce a carry out except when resulting in a differ-
ence that would result in an unsigned underflow.

2 asm("cmp %[rplvall, %[rp2val]\n\t\

Compute the left-shift value, which is the difference between 32 and the
position of the left-most radix point position. Since calculation depends
on which radix position is further left, use conditional instructions.

3 rsbgt r0,%[rplvall,#32\n\t\
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4 rsble r0,%[rp2vall,#32\n\t\

Perform the multiply, storing the upper portion of the product in r5 and the
lower portion of the product in r4.

5 smull r4, r5, %[oplvall, %[op2valI\n\t\

Right shift the lower half of the product using conditional shift instructions,
shifting by the greater of the radix point positions. Use the s-suffix to retain
the last bit shifted out—the round bit—in the carry flag. This behavior is
supported when using shift instructions or when using the flexible second
operand with the movs, mvns, ands, orrs, eors, bics, teq, or tst

instructions.
6 Isrgts r2, r4, %[rplval]\n\t\
7 Isrlesr2, r4, %[rp2valJ\n\t\

Using the flexible second operand, left-shift the upper half of the product by
the distance previously calculated in r0, and using a bitwise OR to merge
with the previously shifted value.

8 orrr2, r2,r5,1s1 rOo\n\t\

Round up using the last shifted-off bit from the lower half of the product.
The carry flag is not changed if the shift amount is zero, in which case
the carry flag would remain in the state that resulted from the cmp instruc-
tion. As a result this macro will not produce correct results if both radix point
positions are zero.

9 addhs r2, r2, #1\n\t\

Line 6 sets the value of r1 to —1 when the radix point positions are equal in
order to cancel the round up operation. Apply this correction now.

10 mov %»[resval]l,r2\n\t" :\

11 [resval]l"=r"(res) :\

12 Loplvall"r"(opl),[op2vall"r"(op2),\
13 [rplvall"r"(rpl),[rp2vall"r"(rp2) :\
14 "r0", "rl", "r2", "r4", "r5");

3.6.7 Determining radix point position

The radix point should be placed to accommodate the range and the accu-
racy requirements of the application. The range is determined by the number
of bits to the left of the radix point. The accuracy is determined by the num-
ber of bits to the right of the radix point.
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| 32-n-m bits | n bits | m bits ‘
X | 32-n-m bits | n bits | m bits ‘
| 32-n-2m bits n bits | 2m bits ‘

M FIGURE 3.4 Multiplying two (32,m) values when n+2 m <32,

In general the programmer should select the minimal number of fractional
bits to satisfy the accuracy requirement. Leaving as many bits as possible to
the left of the radix point will minimize the likelihood of arithmetic overflow
when performing multiplies.

For example, consider an application whose minimal range requirement is
2" and minimal accuracy requirement is 27", Assuming n+m <32, the
requirements are met using a (32 —m,m) format.

Figure 3.4 shows a case where 32 —2m > n. In this case, after multiplying
two values of this type, there are a sufficient number of bits remaining left of
the radix point in the lower 32 bits of the product value that there is no risk of
overflow if only 32 bits are allocated to the product.

Avoiding the use of 64-bit products avoids the need for the instructions
required to shift bits across the boundary between two registers.

3.6.8 Range and accuracy requirements for image
transformation

In the image transformation example, the variables must be converted from
floating to fixed point.

If all fractional intermediate variables use a consistent fixed-point format,
the program has the following range and accuracy requirements.

Range: Transformed row and columns values must be able to address a pixel
within the frame’s resolution (1920 x 1200, in our example implementa-
tion). This requires at least 11 (unsigned) bits to the left of the radix point.
Color channel values need only 8 bits.

Accuracy: Weight calculations should have sufficient accuracy to discrim-
inate between individual color channel values when multiplied against
colors channels from the source image. In other words, the accuracy of
the weights must match the precision of the color data, meaning that there
must be at least 8 fractional bits when multiplying against color values.
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Using a (32,8) format provides 24 bits of range and 8 bit of accuracy, ful-
filling both requires for the image transformation.

369 Converting from floating-point to fixed-point
arithmetic

This section describes a method for converting the image transformation
code described earlier in the chapter to fixed point. The code uses high-level
language to perform the fixed-point arithmetic.

Begin by changing the type of the arrays src_pixel, frac, and weights to int.
Then, define two parameters that can be used to adjust the position of the
radix point (m) and its corresponding numerical significance (2™).

ffdefine FRACBITS 8
ffdefine FRAC_SIG 256

The rotation transformation requires the use of sine and cosine functions,
and there are no fixed-point versions of these in the POSIX standard math
library. Although it is possible to implement them or use a third party
library, doing so will have negligible impact on performance since the pro-
gram calls these functions once per frame when computing the transforma-
tion matrices. As such, the program can calculate these values using floating
point and convert the floating-point values to fixed point.

To do this, define a fixed-point version of the transformation matrix by
declaring new variables c¢_row_fp and c_col_fp as 2-element arrays of
type int.

After the call to calc_coeffs(), add the following code to convert the
floating-point transformation matrix to fixed point. To convert, multiply
the floating-point values by the 2/, where f=the number to bits to the right
of the radix point, then converting the result to an integer as shown below:

c_row_fp[0] = (int)(c_row[0] * (float)FRAC_SIG);
c_row_fp[l] = (int)(c_row[1l] * (float)FRAC_SIG);
c_col_fp[0] = (int)(c_col[0] * (float)FRAC_SIG);
c_col_fp[l]l = (int)(c_col[1] * (fToat)FRAC_SIG);

The inner loop body begins by multiplying the destination pixel location at
row i column j (or x=j, y=i) by the transformation matrix. This time no int-
to-float typecasting is necessary.

The following lines map each pixel location in the transformed image to a
(fractional) pixel location in the source image. Each line adds two products
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of a (32,8) transformation matrix value (c_row_fp) and a (32,0) loop
counter value. When added, the two (32,8) products produce a (32,8)
sum, which is stored in the src_pixel array.

src_pixel[0] = c_row_fp[0]* (i-(rows/2)) +
c_row_fp[l]* (j-(cols/2)); // (32,FRACBITS)

src_pixel[1] = c_col_fp[0]* (i-(rows/2)) +
c_col_fp[l]l*(j-(cols/2));

After this convert src_pixel to a (32,0) type and round down by shifting
right by the number of fractional bits.

src_pixel_int[0]= (src_pixel[0]>> FRACBITS)+(rows/2);//(32,0)
src_pixel_int[1] = (src_pixel[1] >> FRACBITS) + (cols/2);

Use a bitwise AND operation to extract the fractional portion of src_pixel.
To extract the lower m bits from any value, perform a bitwise-AND with
2"—1:

frac[0] = src_pixel[0] & (FRAC_SIG-1); // (32, FRACBITS)
frac[1] = src_pixel[1] & (FRAC_SIG-1);

When calculating the weights, subtract the fractional point of each source
pixel location from 1. Since 1 must be expressed in the same fixed-point
format as the fractional values computed above, use the defined value for
2™, Multiplying two (32,m) values produces a (32,2 m) product.

weights[0] = (FRAC_SIG-frac[01) * (FRAC_SIG-frac[11); // (32,2x
// FRACBITS)

weights[1] = (FRAC_SIG-frac[0]) * (frac[1]);
weights[2] = (frac[0]) * (FRAC_SIG-frac[1]);
weights[3] = (frac[0]) * (frac[1]);

Extract the RGB values of the four source pixels as before. When calculating
the interpolated color values, you must remember to shift the final value,
which is in (32,2m) format, 2m bits to the right to compute the final
(32,0) color value.

red = ((r[0]) * (weights[0]) +
(r[1]) * (weights[1]) +
(r[2]) * (weights[2]) +

(r[3]1) * (weights[3])) >> FRACBITS*2;
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green = ((g[0]) * (weights[0]) +
(g[1]) * (weights[1]) +
(g[2]) * (weights[2]) +

(g[31) * (weights[3]1)) >> FRACBITS*2;

blue = ((b[0]) * (weights[0]) +
(b[1]) * (weights[1]) +
(b[2]1) * (weights[2]) +

(b[31) * (weights[3]1)) >> FRACBITS*2;

3.7 FIXED-POINT PERFORMANCE

As compared to floating point, using fixed point reduces the latency after
each arithmetic instruction at the cost of additional instructions required
for rounding and radix point management, although if the overhead code
contains sufficient instruction level parallelism the impact of these addi-
tional instructions on throughput may not substantial.

On the other hand, for graphics applications like the image transformation
that require frequent conversions between floating point and integer, using
fixed point may result in a reduction of executed instructions.

In fact, when compared the floating-point implementation on the Raspberry
Pi, the fixed-point implementation achieves approximately the same CPI
and cache miss rate, but decreases the number of instructions per pixel from
225 to 160. This resulted in a speedup of throughput of approximately 40%.

3.8 REAL-TIME FRACTAL GENERATION

A fractal is a mathematical set that exhibits infinitely repeating self-similar
patterns at increasingly finer scale.

Perhaps the most well-known fractal is the Mandelbrot set shown in
Figure 3.5. The Mandelbrot set is a set of complex numbers, all of which
have a Euclidean norm that is less than 2. In other words, when the complex
numbers in the Mandelbrot set are plotted on a 2D space where the real part
is plotted on the X-axis and the imaginary part is plotted on the Y-axis, every
point would be contained within a radius 2 circle of the origin.
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M FIGURE 3.5 Mandelbrot set.

Plotting member points with a single color and all nonmember points using a
spectrum of colors according to how “close” they are to being the set creates
a rendered image can be quite beautiful, especially when viewed with high
magnification in certain areas.

A complex value is defined as being a member of the Mandelbrot set if the
series produced by an infinite recursive evaluation of the polynomial P .(z) =
z* +¢ is bounded within a radius 2 circle of the origin (a complex absolute
value), where c is the point being tested for membership and z begins at 0.

The program can test an arbitrary point ¢ by computing the series of values
P(0), P(P(0)), P(P(Pc(0)), P(P(P(P0)))), P(P(PP(P(0))))), ...
For any value of ¢ in the Mandelbrot set, no value in this series will have a
complex absolute value greater than 2. Some values of ¢ will eventually pro-
duce a value whose absolute value does exceed this bound. Some of these
points require a very high number of evaluations before this happens. Points
that exhibit this behavior appear near the boundary between member and
nonmember points, and can also be considered points of interest because
these points are usually surrounded by interesting visual features.

In practice, an arbitrary cutoff is used to test if a value falls within the Man-
delbrot set. An example of this is when the number is marked as being in the
set if the polynomial is not disqualified (evaluate to a complex absolute
value >2) after 500 polynomial evaluations. This criterion can lead to false
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positives, but when the fractal used only for visual display the effect of false
positives is only a subjective degradation of image quality. A higher cutoff
will reduce the number of points that are falsely judged to be members, but
will increase the execution time for member pixels.

The number of evaluations before disqualification determines the point’s
color. Usually, lighter colors are used to points that require a higher number
of evaluations.

For example, to test the membership of the value 0.50+0.75::

Set ¢=0.50+0.75i
Set initial z=0

P.(0)=0%+(0.50+0.75i) =0.50+0.75i (distance from origin = 0.90)

P.(0.50+0.75) = (0.50 +0.75i)* + (0.50 +0.754)
=0.19+1.50i (distance from origin=1.51)

P.(0.19+1.50i) = (0.19+ 1.50i)* + (0.50 +0.75i)
=—1.71+1.31i (distance from origin =2.15)

In this case, the third evaluation of the polynomial gave a value outside the
radius 2 circle, so this the original value, 0.50+0.75i, is not a member of the
Mandelbrot set.

Testing another value, 0.25+0.50i:

Set ¢=0.25+0.50i
Set initial z=0

P.(0) =0%+(0.25+0.50i) =0.25+0.50i (distance from origin = 0.56)

P(0.25+0.50i) = (0.25 +0.50i)* + (0.25 +0.501)
=0.063+0.75i (distance from origin =0.75)

P.(0.063+0.75) = (0.063 +0.75) + (0.25 +0.507)
=—0.31+0.59i (distance from origin =0.67)

P.(—0.31+0.59i) = (—0.31+0.59i)> + (0.25 +0.50i)
=—0.0073+0.13; (distance from origin =0.13)

Po(—0.0073 +0.13i) = (—0.0073 +0.13)* + (0.25 +0.501)
=0.23+0.50i (distance from origin = 0.55)

Even after 1000 evaluations, the polynomial never evaluates to any value
having a complex absolute value greater than 2. This is not a guarantee it
will never occur. In fact, there are some c-values that will generate a series
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that remains within the circle for an extremely high number of iterations
before finally evaluating to the point outside the circle.

The following pseudocode shows the main loop for generating each frame:
for i =0 to rows-1 begin
for j = 0 to cols-1 begin

Initialize c: transform j,i into x0,y0 based on pre-established x- and y-
ranges

Initialize z: x =0,y = 0
Set iteration = 0
while ((x*x + y*y) < = 4) and (iteration < cutoff) begin

xtemp = x*x — y*y + x0

y = 2%x*y + y0
X = xtemp
iteration++

end /] while
if iteration == cutoff then
color = black,
else
color = f{iteration)
end !/ for j
end // for i

3.8.1 Pixel coloring

Pixels that correspond to c-values that the program determines to be mem-
bers of the Mandelbrot set are usually colored black. Pixels that correspond
to c-values whose sequence of polynomial evaluations quickly escape the
radius =2 boundary around the origin are usually also darkly colored.

Pixels that correspond to c-values that require a high number of evaluations
before being disqualified are usually colored a bright color. You can write
your own function that determines the RGB components of each pixel that
corresponds to each nonmember point as a function of the number of poly-
nomial evaluations required before the point exits the radius 2 circle.
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The function can be a simple linear function, such as

coeffeq - evaluations

ixel .4 =
p red Zoom
ixel coeffgreen - €valuations
ixe =
p green zoom
. coeffyye - evaluations
plxelblue =

Zzoom

Attenuating the color intensity by the zoom factor avoid oversaturation of
colors for extreme zoom levels.

Since the number of evaluations may be large, the calculated value may
exceed the maximum value of the corresponding color channel. To avoid
a potential overflow, you must use saturating arithmetic when calculating
each pixel value. This way, if the calculated value exceeds the maximum
allowed value, set it to the maximum value.

3.82 Zooming in

When rendering each frame of the Mandelbrot set, the program should
maintain the c-value of the nonmember point requiring the greatest number
of evaluations before disqualification. This point can serve as the central
point when zooming, referred to as the target point, (target,,target,).

The program will begin by plotting the entire Mandelbrot set (often initially
in the range —2.5 <x< 1.0, —1 <y < 1) and then zoom in to get a closer
look at a target point within each frame. This produces a visually appealing
video sequence.

Our first challenge is to develop a method to determine the c-value for each
pixel given a specified zoom level.

Establish variables to keep track of the minimum and maximum values for
the X- and Y-axes. This way, the frame area is discretized at regular
intervals.

This way, for a given frame (Xmin, Xmax)> Pmin> Ymax)> the x and y values for
any (row,col) is computed as
col

= IW : (Xmax 7xmin) + Xmin
width

Creal =X

pixelsygign — 1 —row

plxelsheight

Cimag =Y = . (ymax _Ymin) + Ymin

The range of values in each dimension are determined by the center point
(target,,target,), the aspect ratio, the zoom level, and the room rate.
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If the initial range of the Y-axis is [—1.25,1.25), the corresponding range for
the X-axis is aspect ratio x 2.5, or [—2.0,2.0) for a 16 x 10 framebuffer
(aspect ratio=1.6). To implement zooming, update the boundaries of the
plotted area using the point of interest to center the frame while narrowing
the range. In order to reveal the repeating patterns in the Mandelbrot set, the
program must zoom in at an exponential rate:

aspect ratio

min, = target, — atelrame

aspect ratio
max , = target, + ————

rateframe

mlny = targety — ra[em
max, = targety T fame
4 rate rame

As you zoom in, the difference in c-value between adjacent pixels will
decrease. Since the target point is associated with one pixel on the frame,
you should recalculate a new target point on each frame.

3.8.3 Range and accuracy requirements

As the zoom level increases, the difference between the values of adjacent
pixels shrinks at an exponential rate. Eventually the processor run out of pre-
cision for whatever data type the program is using to represent each c-value.
When this occurs the difference in values between adjacent pixels will
shrink to a value that can no longer be represented, assigning the same X-
or Y-value for multiple pixels, thus reducing the effective resolution.

Since the conversion between pixel locations and c-values requires the mix-
ing of integers and fractional values (often represented as floating point) and
the ranges of representable fractional values is fixed to predetermined
values, this is another application that calls for the use of fixed-point
arithmetic.

Recall that:
le] <2
And thus:
—2<real(c) <2
—2 <imag(c) <2
On each evaluation of P(z):

—2<real(z) <2
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—2<imag(z) <2
Recall that:
P(z)=2+c
real(P(z)) =real(z)* — imag(z)” + real(c)
imag(P(z)) =2 -real(z) - imag(z) + imag(c)
Thus:
—6<real(z) <6
—10 <imag(z) <10
and:
0 <real(P(z))* <36
0 <real(P(z))* <100

To use a consistent format for all fractional values, allocate 8 bits to the left
the radix point, that is, 7 bits plus a sign bit. For 32 bit values, this gives an
accuracy of 27>,

Setting the zoom rate =1.5 gives approximately
24 x log(2)/log(1.5) =41frames

before pixels begin to alias and lose effective resolution. Using 64 bit values
will give us

56 x log(2)/log(1.5) =95 frames

39 CHAPTER WRAP-UP

This chapter described the Linux Framebuffer, which allows programs to
produce graphical output without needing heavyweight libraries or graphi-
cal desktop servers.

Using the framebuffer, the chapter described a floating-point implementa-
tion of affine image transformation and characterized its performance on the
Raspberry Pi’s ARM11 processor. While the latency of the floating-point
instructions can be hidden using independent operations on other pixels,
the overhead required to convert pixel indices from integers to floating-
point values and back to integers resulted in a large number of instructions
required per pixel.
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To overcome this problem, the chapter introduced fixed-point representa-
tion and arithmetic. Fixed-point arithmetic gives the programmer access
to fractional number arithmetic using integer instructions and without using
floating point. Fixed point is available to applications that have a narrow,
predefined numerical range.

The chapter described the accuracy, range, and precision of fixed-point
values as compared to floating point. In order to explore the practical aspects
of fixed point, the chapter showed example macros for fixed-point addition
and multiplication, written in both high-level language and inline
assembly code.

Using these macros as examples, the chapter demonstrated how using inline
assembly language allows the programmer to exploit architectural features
useful in fixed-point arithmetic that are not available to the C-language
code. An example of this is taking advantage of the status register to capture
the last shifted-out bit to implement rounding.

After this, the chapter described how to convert the image transformation
example from floating point to fixed point. This provided a 40% improve-
ment to performance by reducing the number of instructions per pixel.

As another example of a computationally expensive graphical application,
the chapter introduced Mandelbrot set generation. Although the Mandelbrot
set has few practical applications, it serves as a benchmark for a compute-
and arithmetically intensive program, and has the advantage that speeding
up the application produces a visible improvement in frames per second as
the images as rendered in real time on an attached monitor.

The Mandelbrot set is also amenable to fixed-point arithmetic but requires
careful selection of radix point location in order to maintain sufficient range
and maximize precision. The behavior of the Mandelbrot set, in terms of the
number of zoom levels, is determined to the amount of precision in the inter-
mediate data types. This makes fixed-point arithmetic, being amenable to
multi-precise integer arithmetic, even more attractive for this application.

The next chapter covers the Video4Linux subsystem, which allows us to cap-
ture video frames from an attached camera for processing with computer
vision algorithms. This chapter’s optimization strategy is memory optimi-
zation through loop transformation.

EXERCISES

1. Write a fixed-point implementation of the Mandelbrot generator.
a. You will notice that the performance is inconsistent between
different pixels and different frames. Why is this?
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b. What is the arithmetic intensity of the innermost loop body, in
operations per byte accessed from memory? What is the
corresponding performance bound for your ARM CPU? How does
it compare to your observed performance?

¢. Measure the following performance metrics for the innermost loop
body:

m instructions per iteration
m instructions per operation
m CPI

m  cache miss rate

d. Use inline assembly to implement the innermost loop body and
measure the performance impact with respect to the metrics from part
c. What is the speedup as compared to the compiler-generated code?

2. Parallelize the Mandelbrot set generator using OpenMP. Apply the
parallel-for directive to the outer-most (row) loop.

a. Measure the average number of cycles required for each iteration of
the innermost loop (to evaluate the polynomial) for one thread and two
threads for the initial frame. Use these measurements to calculate the
speedup, in terms of pixels per second, of two threads over one thread.

b. Measure the time to compute all the pixels in the first frame when
using the dynamic schedule as compare to the static schedule.

3. What makes it difficult to apply SIMD operation for the Mandelbrot set
generator? What is the most efficient method for applying SIMD
operation for the Mandelbrot set generator?

4. Measure the effective write throughput for the Linux Framebuffer. Is it
equivalent to the write throughput for a memory array allocated from
the heap?

5. Calculate the arithmetic intensity of the image transformation program
in operations per pixel. What is its performance bound given the
effective memory throughput of your ARM CPU? How does it compare
to your observed performance?

6. Use OpenMP to add multicore support to the fixed-point image
transformation program. To do this, apply the parallel for pragma to the
outer-most (row) loop.

Measure its performance on a four-core ARM CPU. How does its

performance scale when executed with one, two, three, and four

threads?

7. Use intrinsics to add NEON SIMD support to the fixed-point version of
the image transformation program. Use four-way operations to
compute the following calculations for a group of four pixels: source
pixel location, fraction extraction, and weight calculation. To what
degree does this improve performance?
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8. We cannot easily optimize the Mandelbrot generator program using
SIMD instructions, since neighboring pixels may require a different
number of polynomial evaluations and each iteration of the
polynomial is dependent on the previous evaluation. An alternative
approach is to implement the loop in inline assembly, unroll by at
least four, and then use software pipelining to improve loop CPL
In this case, we should avoid conditional branches inside the unrolled
loop. Since diverging c-values will continue to diverge with
subsequent evaluations, we can wait to check the loop exit
condition after each group of four iterations. However, performing
additional polynomial evaluations after a P.() potentially diverges
outside the radius-2 circle will require us to account for the
additional range requirements for our fixed-point format. Recalculate
the fixed-point range requirements for this optimization and
determine to what degree this will reduce the maximum zoom
level.

9. The principle advantages of fixed point are the reduction in operation
latency and the ability to avoid type conversions in certain types of
graphics codes. Chapter 2 highlights an example program whose
performance is sensitive to operation latency, Horner’s method.
Assuming that we can tolerate the range limitations of fixed point in our
Horner’s method code, would converting it to fixed-point improve
performance? Explain your answer.

Section 3.6.5 showed two different implementations of a generalized

fixed-point addition preprocessor macro. The first was generated by

gcc under maximum optimization, the second was hand coded using
inline assembly language. Both implementation required
approximately the same number of instructions.

a. Show the read-after-write data dependencies in both
implementations. Assuming the processor uses single instruction,
in order issue, and assuming the latency of all integer arithmetic
operations is four cycles, how many compare the number of data
stall cycles needed for both implementations.

b. Re-write the inline assembly version of the fixed-point addition
macro to schedule the instructions such that dependent instructions
are separated as much as possible. To what degree are the stalls
reduced, assuming the latency given in part a?

c. Write code that demonstrates how all three implementations
(compiler generated, inline assembly, and scheduled inline
assembly) can be characterized for performance.

In this question we examine the inline assembly implementation of

generalized fixed-point multiply described in Section 3.6.6.
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a. How does it compare, in terms of number of instructions and
runtime performance, as compared to the equivalent compiler-
generated code for:

res = (((Tong Tong)opl * (Tong Tong)op2) >> (rpl>rp2?
rpl:rp2)) +(rpl>rp2 ? ((((long Tong)opl * (long
long)op2) >> (rpl-1))&1) :
((((longTong)opl*(lTonglong)op2) >> (rp2-1))8&1));
Make sure you use the “-03” and “-marm” switches when compiling
with gcc.

b. Schedule the instructions of the inline assembly version of the
multiply macro to minimize data dependency stalls. Measure its
performance relative to the version given in Section 3.6.6.

c. For the inline assembly implementation, how much more
throughout is achieved if changed such that the radix point positions
are fixed instead of variable as in the code? For this question, use
both the number of instructions and actual runtime behavior.

10. Calculating the pixel values for a Mandelbrot set requires a function
for converting the iteration count to the R, G, and B color channels.
Setting all three channels to the same value will generate a gray image,
so the slope of each color channel function should be unique, and
whichever slope is greatest will determine the hue of the image.

As described in Section 3.8.1, the number of polynomial evaluations

may exceed the value that exceeds the range of a color channel. To

avoid a potential overflow, you must use saturating arithmetic when
calculating each pixel value. This way, if the calculated value exceeds
the maximum allowed value, set it to the maximum value.

Write a C macro that performs an 8-bit unsigned saturating multiply.

The function will take two 8-bit operands and produce an 8-bit product

set to 255 if the product exceeds 255. The macro must not include

branch instructions and be scheduled for data dependencies.

11. This exercise will explore increasing the precision of the fixed-point
types for the Mandelbrot generator to 64-bit.

a. Using a zoom rate of 1.57°°", to what level can the frame be zoomed
before exceeding this precision?

b. Define a macro in C for adding two (64,56) fixed-point values. The
macro can perform the 128-bit add using four 32-bit adds and use
the carry flag to implement carries from each 32-bit group to the
next most significant 32-bit group.

c¢. Define a macro in C for multiplying two (64,56) fixed-point values.
Build this macro on top of the 64-bit add macro from part b.

As shown in Figure 3.6, a simple way to perform a 64-bit multiply is
to perform a series of four 32-bit multiply/shift/accumulate
operations that each produce a 64-bit result.
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Al A0 Bl BO
[0 || 1 |x[ 11 ][ 10 |
=11y 1449

‘ A0*B0=3*2=6

‘ AT*BO<k2 = 4xk2=16

|
‘ AO*B1<<2 = 92=36 ‘
|
|

* ‘ A1*Bl1<k4 = 6<x4=96

154
M FIGURE 3.6 An 8-bit multiplier implemented with 4-bit multipliers.

In the figure, two 4-bit values A and B holding values 11, and 144
are each separated into two 2-bit upper and lower portions, named
A1, AO and B1 and BO. Assuming the products are 4-bits, the 8-bit
product is computed as (A1¥*B1) <4+ (A1*B0) <2+ (A0*B1) <« 2+
(A0*B0).
To apply this to a 64-bit multiply, each of the two 64-bit values must
be held in two 32-bit registers. Each multiply generates a 64-bit
result, allowing for a 128-bit final product.

d. Using these macros, implement a 64-bit Mandelbrot set generator
and measure the resultant performance difference.

e. Implement both macros in inline assembly language and measure
the result speedup of the Mandelbrot generator as compared to that
of part d.
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The optimization objective in the previous chapter was to reduce the average
number of cycles per instruction (CPI) by replacing higher latency instruc-
tions with lower latency instructions, specifically by replacing floating-
point operations with fixed-point operations. Chapter 3 also covered the

processing

147
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Linux framebuffer, which allowed us to explore case studies that examined
practical applications of this optimization.

Unfortunately, optimizations that reduce data dependency stalls can only get us
so far. Often the performance bottleneck is at the memory interface. When this
happens, cache miss stalls will become substantially more numerous than
instruction scheduling stalls. In general, the gap between on-chip and off-chip
bandwidth and latency, often called the memory wall, is often the primary
performance-limiting factor for programs.

Luckily, there are programming techniques for improving memory system
performance. The most obvious approach is to reduce unnecessary memory
references. Another approach is based on the observation that memory ref-
erences in a given kernel can potentially be reordered without affecting the
kernel’s behavior but can potentially improve cache performance by reduc-
ing unnecessary cache line replacements.

This chapter introduces this type of memory optimization using a technique
called loop transformation. Loop transformations can improve cache perfor-
mance by increasing temporal locality by reducing the time between memory
address reuses. This type of optimization is useful for loops that access mem-
ory according to a regular pattern. Possibly the most common of these are
stencil loops, which see use in scientific applications and image processing.

To continue with the theme of graphical applications, this chapter’s case studies
focus on image processing using stencil loops. These will include the Gaussian
blur and the Sobel derivative filter. To make these more interesting, this chapter
will introduce a method for accessing real-time video data from an attached
USB camera using the Video4Linux subsystem. This, together with optimized
image processing kernels and the Linux frame buffer, will allow us to use
real-time computer vision as an application and performance objective.

4.1 STENCIL LOOPS

Most compute-intensive kernels take one or more arrays as input and produce
one or more arrays as output. For example, linear algebra kernels such as
matrix-matrix multiply perform pairwise multiply-accumulates between cor-
responding elements of the input arrays representing each matrix operand, and
subsequently produce an output array representing the product matrix.

Stencils, on the other hand, compute each output array element as a function
of input array elements whose locations are defined relative to the coordi-
nate of the output element. The input and output arrays are often two-
dimensional (2D) or three-dimensional (3D), so for example the kernel
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may compute output element (x,y) as a function of the input elements above,
below, to the left, and to the right, that is, (x,y — 1), (x,y+1), (x— 1,y), (x+1,
y), although any pattern is possible.

Stencil loops are common in scientific and image processing code. They are
often embedded deeply in nested loops, such as when a stencil loop is
applied iteratively (multiple times) to each frame of a video stream. As such,
the stencil loop is generally the most expensive component of any applica-
tion that requires it, so stencil loops are often a target for optimization.

Luckily, stencil loops have two properties that allow for optimization. The
first is their data-level parallelism. In cases where the input and output array
are separate, each output element may be computed independently of the
other output elements. This makes these types of stencil loops “embarrass-
ingly parallel,” meaning that concurrent processors and/or functional units
can compute output elements in parallel with little synchronization over-
head. In other cases, the input and output arrays reside in the same memory
pool, which creates dependencies between output elements. In this case, the
stencil loop is still parallelizable but the code must constrain the order in
which output elements are computed.

The second property is their data reuse. Input elements referenced by one
output often overlap with elements referenced by other outputs. This way,
stencils may reuse input data through the processor’s cache. However, sten-
cil patterns are often complex in the sense that they span multiple dimen-
sions, and this can lead to conflict misses in the cache. This is especially
problematic when there is a long delay between the first and second time
the loop references a particular input element, which is especially challeng-
ing for larger input spaces and/or stencil points.

4.2 EXAMPLE STENCIL: THE MEAN FILTER

A mean filter is an example of a simple stencil. A mean filter calculates the
average value among a set of inputs arranged on a 2D grid.

Figure 4.1 depicts the relationship between the input and output arrays for a
3 x 3 mean filter in which the input array is shown on the left and the output
array is shown on the right. The elements of the first four rows and first four
columns of each array are labeled with letters A through P.

In the 3 x 3 mean filter, each location of the output array is computed as the
arithmetic mean of the 3 x 3 neighborhood of input elements centered on the
corresponding location in the input array. For example, output element K
will reference input elements F, G, H, J, K, L, N, O, and P.
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Output array
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M FIGURE 4.1 3 x 3 mean filter.

Locations close to the boundary of the output array would reference loca-
tions outside the bounds of the input array. For example, output element
A references only input elements A, B, E, and F.

Stencil loops often exhibit a high level of data reuse, where the same input
element can be used multiple times when computing different output ele-
ments. As such, stencil loops have a high arithmetic intensity but their per-
formance depends on the ability the memory system to take advantage of the
locality of data access, since otherwise the stencil may access off-chip mem-
ory through cache misses more than necessary.

4.3 SEPARABLE FILTERS

Stencil loops are often used to implement Finite Impulse Response (FIR)
filters, which are comprised of a set of coefficients. The filtering operation
computes each output element by multiplying each coefficient against a set
of input elements and summing the products. In the 2D case, if the coeffi-
cients are stored in an (n X n) matrix G and the input image is stored in
matrix I, then the output value O, . is computed as

0= ZZG it

n
2
i=1 j=1

—Le+j—|4-1

This requires n’ multiplies and n? adds per output @n® operations), but there is
a simple way to reduce this workload. Any 2D FIR filter whose coefficient
matrix can be calculated as the product of a column vector and row vector
is separable, meaning that it is equivalent to performing a 1D row filter
on I to compute intermediate matrix I2, followed by a column filter on 12
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to compute output O. In other words, any 2D filter with coefficient matrix
G =CR can be performed as a series of two 1D filters using coefficient vec-
tors C and R.

A row filter is performed using

n
i=1

...and a column filter is performed using

n
Or,c= ZG"L;FH*],C
i=1

Figure 4.2 shows these two passes. The dashed rectangle shows which input
elements are used to compute each output element. The shaded coloration
shows which output elements have already been computed. The outputs
from the row pass are used as inputs for the column pass, but one pass must
complete before the next pass may begin. As such, the output elements need
not be computed in any particular order.

This approach requires » multiplies and n adds per output per pass, or 4n ops
per output in total. This reduces the computational load from 2x” to 4n.

43.1 Gaussian blur

Gaussian blur is a weighted mean filter in which the coefficients are nor-
malized samples from a Gaussian probability density function (PDF).
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\

M FIGURE 4.3 2D Gaussian blur using 7 x 7 coefficient array sampled from normal distribution applied
to the “Lena” image. Note the black line that borders the bottom and right edges, which is produced from the
filter coefficients being multiplied against implicit zeros that exist beyond the boundaries of the image.

As shown in Figure 4.3, applying the Gaussian blur makes images appear
out of focus, producing an effect that softens the edges. The amount of blur-
ring depends on the number of coefficients.

In other words, the Gaussian blur is a low pass filter that attenuates high-
frequency signals from the image, where the high-frequency signals com-
prise the sharply defined edges in the image. The Gaussian blur is a common
operation in image editing and many computer vision algorithms.

Image formats usually store pixel values as integers, whereas the Gaussian
PDF is defined over real numbers. Because of this, the image data is typi-
cally converted into floating- or fixed-point format when applying the
Gaussian blur.

A 2D Gaussian blur is separable because the 2D Gaussian PDF is equivalent
to the product of two 1D Gaussian PDFs:

| R - e .
G, ,= e 25 e 206 =——e 25
Vs 275 218

The Gaussian blur is implemented using the following algorithm.
Row pass:
for i=1 to rows
for j=I to columns
sum = 0;
for k=1 ton
image_j = j+k-floor(n/2);
if (image_j > 0) && (image_j <= columns)
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sum = sum + image(i,image_j) * G(k)
end
end
blurred(i,j)=sum
end
end
Column pass:
for i=1 to rows
for j=1 to columns
sum = 0;
for k=1 ton
image_i = i+k-floor(n/2);
if (image i > 0) && (image i <= rows)
sum = sum + blurred(image_i,j) ¥ G(k);
end
end
blurred2(i,j)=sum
end
end
You can compute the coefficients using the Linux Octave commands
g_1D = normpdf (-floor(N/2):floor(N/2),0,1);

g_1D=g_1D./sum(g_1D);

43.2 The Sobel filter

Conceptually, a grayscale image can be represented as a function /(x,y),
which evaluates to the pixel intensity at pixel location (x,y). Many computer
vision tasks require, as input, the partial derivatives of the image, that is,
Ol(x,y)/6x, 6l(x,y)/6y in the X and Y direction. These partial derivatives
are often abbreviated as I,(x,y) and I,(x,y). The Sobel filter is a popular
method to calculate these partial derivatives.



154 CHAPTER 4 Memory Optimization and Video Processing

Figure 4.4 shows the effect of applying the Sobel filter to calculate the X and
Y partial derivatives on the original Lena image. In these images, white
pixels represent edges.

As shown in Figure 4.5, the Sobel filter also has the ability to distil an image
to its edges, the boundaries between the objects in the image. To do this, one
can calculate the norm of each pixel’s X and Y derivative, that is,

8l(x.y)\* , (dl0xy)\?
ox oy
In order to use this “edge detection” method, the program must fully
compute the X and Y derivatives from the source image, resulting in two

B FIGURE 4.4 |, (left), /, (right) of Lena image using Sobel filter.

B FIGURE 4.5 Norm of (/,/,) of Lena image.
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intermediate images. It must then combine these intermediate images using
the norm operation to compute a final image.

The coefficient matrices for the Sobel filter are

-1 01
G,=|-202
-1 01
and
1 2 1
G,=]0 0 0
-1 -2 —1

which are separable into row pass and column pass filters:

-101 1
Ge=|-202|=|2|[-10 1]
N

12 1 1
Gy=|0 0 0|=]0]|[121]
-1 =2 -1 -1

As seen in the images above, high-frequency noise creates false edges in the
filtered image, so often the image is filtered with a Gaussian filter prior to
applying the Sobel filter.

Figure 4.6 shows the effect of the Gaussian when applied as a preprocessing
step before applying the Sobel filter. Notice that many of the white dots have
been removed.

M FIGURE 4.6 Sobel filter output (), /, and edges) when image is prefiltered with Gaussian.
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433 The Harris corner detector

Some computer vision applications require a method for identifying
“anchor points” in an image for the purpose of establishing a correspon-
dence between multiple images taken of the same scene from different per-
spectives. This is useful for video tracking, image stitching, and 3D
modeling.

One way to identify anchor points is to find corners, an intersection of at
least two edges. More generally, a corner is any point on the image whose
surrounding patch, or square subregion centered on the point, would change
significantly if the patch area would shifted in any direction.

This is depicted in Figure 4.7.

These are many methods for detecting corners in an image. One of the most
commonly used is the Harris detector. The Harris detector looks for pixel
that has a large “shift difference” when shifted by (u,v) pixels:

E(u,v) :Zw(x,y)[l(x+u,y+v) —I(x,y))
I() represents the image, and w() represents the weights of the pixels in
the patch.

This section examines a simple case where the weights are set to all ones. As
such this term is dropped from the equation.

Move patch
[~ 71 up/down,
| no change

Pixel under
consideration

Any move
changes
1
——————— patch
Pixel under

consideration
M FIGURE 4.7 Two candidate pixels evaluated for their suitability as corners. The pixel on the left is
near an edge and its corresponding patch would only change with a horizontal or diagonal movement. The pixel
on the right is located on a corner, and its corresponding patch would change the patch significantly for

any movement.
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Despite the ready availability of the pixel values (), the Harris detector is nor-
mally evaluated as the first-order Taylor expansion of the above expression:

E(u, v) :Z[[(X+M,}'+") _I(x’y)}z

X,y

~ Y (1 y) +uly(x.y) + VL (x.y)) —1(x.y)]*

X,y

where I, and I, are the partial derivatives of / with respect to x and y.

= Zuzlx (x, )%+ 2uvl,(x, W (x,y) +7 1 (x, y)?

Xy

“wa(SL st e

. Ly Loy)l(xy) :
The matrix M = Z "V measures the patch’s
X,y ],\-(X’)’)]y(«’f»Y) ]}'(x’y)

center pixel’s “corner response” R, as

R = det(M) — k(trace (M))2

aa([£ 4]) s
e[ ] v

and k is parameter, typically set to k=0.04.

where

and

R is subjected to a threshold; where any value over a threshold is considered
a corner.

Figure 4.8 shows the corners (shown in white) for the Lena image for dif-
ferent threshold values for a patch size of 5 x 5. These images are generated
using the following steps:

1. Apply 7 x 7 separated Gaussian filter
2. Compute /, and /, using Sobel filter
3. Apply 5 x5 Harris corner detector, which performs:
a. Compute products of derivatives at each pixel (I,%,Ii,lxly)

b. Compute the response at each pixel
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M FIGURE 4.8 Comers in Lena image using threshold values={[Te6 1e7 1e8 1e9 1e10].

434 Lucas-Kanade optical flow

Like corner detection, optical flow is a common calculation in computer
vision. Also like corner detection, there are many algorithms for computing
it. This section describes a version case of Lucas-Kanade optical flow. The
full version of Lucas-Kanade also includes a hierarchical method for eval-
uating the optical over subsampled versions of the image, which is not
included in this description.

Its objective is to compute the movement of each pixel from one video frame
to the next. This is represented as a flow field, a 2D array of two-element
vectors that indicates the X and ¥ movement of each pixel.
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Optical flow attempts to solve the following equation for the Ax and Ay
terms (At is an independent variable representing the time between frames).

I(x,y,1) =I(x+Ax,y+ Ay,t + At)

As before, the expression is approximated using the first-order Taylor
expansion:

I(x,y,0) =1(x,y, ) + L(x, y) Ax + 1, (x, y) Ay + I, (x, y) At

Also as before, the X and Y partial derivatives are computed using the
Sobel filter.

The T partial derivatives are computed by computing the average difference
in pixel intensities between the current and next frame:

I, y) = (1"(x,y)—l"”(x,y))+(I”(x+1,y)—1””(x+l,y))+(I"(x,y+1)—I”*'(x,y+1))+(I"(x+1,y+1)—["+l(x+1,y+1))
O 4

The first-order Taylor expansion can be reduced to the following equation,
in which the objective of optical flow is to solve for v, and v,:

L(x, y)vi + 1, (x, y)vy = —I,(x, y)

This gives an underdetermined system of equations, having only one equa-
tion and two unknowns.

One way to work around this problem is to assume that all pixels within a
patch of n pixels exhibit the same movement.

For example, a 3 x 3 patch would give the following system of equations:
Li(x—1Ly—1Dve+L(x—1Ly—1)vy=—I(x—1,y—1)
L(x,y—Dve+ L (x,y — vy =—L(x,y— 1)
Lx+1Ly—Dve+L(x+1Ly—vy=—L(x+1,y—1)
L(x—1Lyve+L(x—1,y)vy,=—L(x—1,y)
L(x, y)ve +1y (6, y)vy = =1 (x, y)
L(x+ Ly)ve+L(x+ Ly)vy ==L (x+1,y)
L(x—Ly+ v+ L(x—Ly+1)vy=—L(x—1,y+1)
L(x,y+ Dve+ L (x,y+ 1)vy = =L (x,y+ 1)
L(x+Ly+1)ve+L(x+1Ly+1)vy=—L(x+1,y+1)

This system of equations is now an overdetermined system, having nine
equations and two unknowns. Overdetermined systems are solvable under
certain conditions.
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The problem is described using linear algebra as shown below:

Let
L(x—1,y—1) L(x—1,y—1)
A=| Lxy-1)  L(xy-1)
and
—I,(x— 1,y— 1)
b=| —IL(x,y—1)
Then:
ALY =b

LVy]

Pl = At

LVy

M= (ATA) AT

LVy ]

-1

. Iy 7 |

Vx — Z|: [‘)—(X,_}) [).(xyy)l}();vy):l ATb

]\ e )L y) L y)

The inverse of a 2 x 2 matrix is computable quickly. AT is a 2 x n matrix and
b is an nx 1 vector, so ATh evaluates to a 2 x 1 vector.

This simple version of optical flow is another example of a memory
bounded stencil loop.

44 MEMORY ACCESS BEHAVIOR OF 2D FILTERS

Stencil loops such as 2D filters are generally memory bound. The good news
is that their memory access behavior, which involves reading overlapping
sets of inputs, is favorable for the cache to exploit temporal and spatial local-
ity and achieve a high rate of data reuse. The challenge is that the memory
access behavior implied by the program code may need to be optimized to
gain maximum cache performance.

Recall that cache misses categorized according to their cause: compulsory,
capacity, and conflict.

Compulsory misses occur on the first access to a cache block. The primary
method to reduce compulsory misses is the use of cache prefetching tech-
nology. The effectiveness of prefetching depends on the regularity and
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predictability of the access pattern. Luckily, image filtering (and stencil
loops in general) is both regular and predictable.

Capacity misses occur as a result of the cache not having sufficient capacity
to exploit the available locality. The primary method to reduce capacity mis-
ses is to increase the size of the cache.

Conflict misses occur when multiple memory addresses compete for a single
cache line. In the case of image filtering, when the image’s row size is such
that pixels from row r+n map to the same cache line as pixels from row r, a
conflict miss may cause cache lines to be discarded and subsequently re-
read from memory the next time the program revisits row r.

The output pixels computed in the row pass are subsequently read in the col-
umn pass. Since the entire image must be processed with the row pass before
the column pass may begin, it is reasonable to assume that none of the output
pixels from the row pass will remain in the cache long enough to be reused in
the column pass.

There are many hardware approaches for reducing conflict misses, such as in-
creasing cache associativity, improving the replacement policy, and using
victim caches, but there are also software methods for reducing conflict misses.

In software, the programmer can potentially reduce conflict misses using
memory allocation and loop transformations to optimize the access pattern.
Memory allocation techniques include interleaving multiple arrays into one
array or changing the dimensionality of an array (e.g., transposing a matrix).

Loop transformations include such techniques as loop interchange (swap-
ping the inner and outer loop), loop fusion (combining two loops into
one), loop fission (splitting one loop into two), and loop tiling, sometimes
called loop blocking.

Unfortunately, standard compilers are not generally able to apply these
types of optimization automatically, so it is up to the programmer. This
chapter focuses on loop tiling due to its effectiveness for stencil loops.

44.1 2D data representation

2D data structures such as images and matrices must be superimposed onto
organized into a 1D array of elements when stored in memory or transmitted
across of communication channel. For memory this is an important consid-
eration, because both cache and DRAM achieve substantially higher perfor-
mance when consecutive accesses have consecutive addresses.

Figure 4.9 shows two different methods for projecting an image onto a 1D
memory space: row-major and column-major. Row-major is the most
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W FIGURE 4.9 4 4 arays collapsed using row-major and column-major order. Row-major order stores
the elements across each row in consecutive memory locations, while column-major order stores the
elements across each column in consecutive memory locations. In this figure, consecutive letters represent
consecutive memory addresses.

common. In this case, pixels across each row are stored in consecutive mem-
ory locations. On the other hand, pixels across each column are stored in
locations separated by the row size. For example, traversing the third col-
umn would require pixel addresses C, G, K, O.

442 Filtering along the row

Assume the image is stored in row-major order, and consider a 1D row filter
having three coefficients. When filtering the image the processor will load
three input values from consecutive memory locations for each filter eval-
uation. Since the filter uses a sliding window, the processor will re-load two
of these same elements in the next iteration. Because of the overlap, the pro-
cessor will read each pixel three times.

If written as a standard averaging filter, the code will perform five arithmetic
operations per output: three multiplies and two adds. For each output pixel,
the filter will write one pixel and read at least one pixel, since one new pixel
is revealed as the filtering window advances by one element.

With an arithmetic intensity of only five operations per two pixels, this filter
will most likely be memory bound and its performance will depend on its
cache miss rate. The miss rate depends on what portion of memory accesses
is reused from the cache (through a hit).

The programmer can roughly estimate cache performance using a simplistic
cache and execution model by making the following assumptions:

the cache is fully associative,

consider only the load operations,

cache lines hold four pixels each (equivalent to 16-byte lines), and
do not consider outputs whose inputs would reside outside the image
boundaries
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Output 0,1

Tag=beginning of row 0
Output 0,2

Output 0,3

Tag=beginning of row 0 Tag:begmmng of row 0
+4 pixels

W FIGURE 4.10 Runtime behavior of a 3-tap 1D row filter.

This simple model is depicted in Figure 4.10, assuming the outputs are pro-
cessed in row-major order. As the filter operates there is one cache line
replacement after every two outputs are computed, but no cache line will
ever need to be loaded again after being replaced.

443 Filtering along the column

For the column filter, on every filter evaluation the processor will load a
pixel from a different row. In order to fully utilize the cache, the column
filter should process each output element in row-major order. This way,
for each consecutive filter evaluation, the processor will read consecutive
inputs along the row.

This is depicted in Figure 4.11. In this case there is a cache line replacement
on every fourth input element loaded. At first glance this seems better than
the row filter, for which there was a line replacement after every third input
element loaded. However, unlike the row filter, only one element is read
from each cache line for output element, meaning that the vertical filter
has less temporal locality.

This is a problem, because by the time all the outputs from row 1 are pro-
cessed, the cache lines containing the lower-numbered columns for rows 1
and 2 would likely have been replaced and need to be loaded again into
the cache.
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M FIGURE 4.11 Runtime behavior of a 3-tap 1D column filter.

In other words, like the row filter, the column filter reads each input element
n times (where n =the filter size), but the time between reuses is equivalent
to the time needed to process a row of output elements. Between reuses, the
input elements to be reused will be replaced unless the cache is able to retain
at least n x ¢ pixels, where c is the number of columns.

45 LOOP TILING

As shown in Figure 4.12, by changing the order in which the output elements
are evaluated, the image can effectively be subdivided into a series of smal-
ler vertical strips. This will reduce the effective number of columns from ¢ to
¢;, which will reduce the number of repeated cache line fills.

The drawback of this type of subdividing is that it prevents reuse of pixels in
cache lines that straddle the divisions between vertical strips. Also, for 2D
stencils such as the Harris corner detector that cannot be separated into a row
and column pass, using this partitioning approach will prevent the horizontal
component of the stencil from reusing input pixels in the strips to the left and
the right.

As shown in Figure 4.13, partitioning the image into rectangular sub-images
that are processed in row-major order solves this problem.
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W FIGURE 4.13 Subdividing the image into rectangular sub-images.

This partitioning is achieved using loop tiling. Loop tiling is a systematic
approach that changes the order in which elements are accessed when tra-
versing a multidimensional array. Instead of accessing all indices in each
dimension before incrementing the index of the next dimension, the iteration
space is decomposed into a series of smaller blocks, where all the indices
within each block are processed before moving to the next block. To do this,
the programmer must add additional levels of outer loops in order to process
each “tile” of the image space.
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For example, consider the following loop:
for (i=0;1<SIZE_Y;i++)
for (j=0;J<SIZE_X;j++)

do_something(i,j)

This loop can be tiled by adding two additional levels of nesting:
for (i=0;i<ceiling(SIZE_Y/TILESIZE_Y);i++)
for (j=0;j<ceiling(SIZE_X/TILESIZE_X);j++)
for (ii=i*TILESIZE_Y;ii<(i+1)*TILESIZE_Y;ii++)
if (i1<SIZE_Y)
for (Jj=J*TILESIZE X;jj<(J+1)*TILESIZE_X;jj++)
if (11<SIZE_X)
do_something(ii,jj)

Tiling is depicted in Figure 4.14. The left side shows the nontiled access

pattern for a row-wise traversal. To the right is a tiled version, which pro-
cesses each 2 x 2 pixel tile in the image.

[0,0] —»[0,1]] —» -+ —[0,N-1]

[1,0]=> [1,1]—> .. —>[1,N-1]

[2,0] = [2,1]—» ... —»[2,N-1]

[3,001=—[3,1]]—» .. —»[3,N-1]

for (i=0;i<N;i++) for (i=0;i<N;i+=2)
for (j=0;j<N;j++) for (j=0;j<N;j+=2)
Clijl = ... for (ii=i;i<min(i+2,N);i++)

for (jj=jijj<min(j+2,N);jj++)
Clii jj] = ...

W FIGURE 4.14 Nontiled and tiled access pattern.
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MW FIGURE 4.15 The output pixels of a 3 x 3 filter using a 3 x 3 tile are colored black. The dashed lines show
the tile boundaries with respect to the output pixels for each tile. The gray pixels represent the halo region of the
center tile. The patterned box covers the input pixels for tile output location (0,0).

4.6 TILING AND THE STENCIL HALO REGION

As shown in Figure 4.15, a 2D stencil comprising » rows and m columns will
access |n/2] rows above and below the tile boundaries, and | /2] columns
to the left and right of the tile boundaries. These pixels form the halo region
around each tile.

When tiling a stencil loop, the programmer may wish to buffer each tile in a
smaller array whose row size matches the tile width. In this case, the pro-
grammer must also copy the halo region.

4.7 EXAMPLE 2D FILTER IMPLEMENTATION

This section describes how to build a tiled image filter in order to explore the
performance impact of tile optimization.

Begin by defining a structure to store a 2D value:
struct size {
int x;

inty;
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W FIGURE 4.16 Boundary tile.

Define a structure to hold the tile size, its location in an image, and the image
size:

struct tile {
struct size tile_size, tile_loc, image_size;

}s

Before filtering each tile the program must determine how to handle tiles on
the image boundary, specifically those where part of the tile extends beyond
the image boundary, as shown in Figure 4.16.

To do this, determine if the program is processing a boundary tile. If so,
determine if the right or bottom edge of the tile is outside the limits of
the original image. Use a function to precompute the limitations for the X
and Y dimension:

void find_Tlimit(struct tile *mytile,struct size *1imit)

{

Timit->x=((mytile->tile_loc.x+1) *mytile->tile_size.x-1>
mytile->image_size.x) ?
mytile->image_size.x %Zmytile->tile_size.x :
mytile->tile_size.x;

Timit->y=((mytile->tile_loc.y+1) *mytile->tile_size.y - 1>
mytile->image_size.y) ?
mytile->image_size.y %mytile->tile_size.y :

mytile->tile_size.y;
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Next, write functions that apply a 2D and 1D filter to a tile. The function will
takes as input

(1) atile object, which defines the size of the tile and its location within the
image,

(2) apointer to a grayscale, floating-point representation of the input image,
(3) a pointer to the output image,

(4) a pointer to the coefficient array,

(5) the size of each filter dimension,

(6) the usable portion of the tile, to avoid writing beyond the edge of image
when processing boundary tiles, and

(7) a flag that specifies when the output image already contains one of the
components of a direction vector, useful when calculating the
Sobel filter.

void filter_tile2d (struct tile *mytile,
float *in,
float *out,
float *coeffs_2d,
int fsize,
struct size *1imit,
int vec) {

The filter must iterate over each value in the tile, requiring a two-level nested
loop. Each dimension of the loop must be constrained by limit input, which can
be precomputed using the find_limit() function prior to calling this function.

inti,j,k,1,offset,coeff_radius,img_x,img_y;
float sum;

coeff_radius = fsize>>1;

for (i=0;i<limit->y;i++) {

img_y =mytile->tile_loc.y *mytile->tile_size.y+1i;
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for (j=0;j<limit->x;j++) {
img_x=mytile->tile_loc.x*mytile->tile_size.x+j;
sum=0.0;

The filter itself is a pairwise multiple-accumulate between pixels and their
corresponding coefficients. Use if-statements to avoid accessing halo pixels
that are outside the boundaries of the image:

The 2D filter function requires another two-level nested loop in order to pro-
cess each coefficient. Note the loop variables k and /.

for (k=-coeff_radius;k<(coeff_radius+1);k++) {
if (((img_y+k)>=0) && ((img_y+k) <mytile-> image_size.y))
for (1=-coeff_radius;I<(coeff_radius+l);1++)
I (((img_x+1)>=10) && ((img_x+1) <mytile->image_size.x)) {

This loop calculates the offset of each input pixel. In this case assume the
pixels are contained within a tile buffer whose dimensions match the size of
the tile and its enclosing halo region.

offset = (i + coeff_radius +k)*
(mytile->image_size.x + coeff_radius) +
j +coeff_radius+1;
sum+=in[offset]* coeffs_2d[(k + coeff_radius) *
fsize + (1 + coeff_radius)];
}
}

In a separate 1D horizontal filter function use the following loop (note the
coefficient array is named “coeff_h” in this version):

for (kb-coeff_radius;k<(coeff_radius+l);k++) {
if (((img_x+k) >=0) &&
((img_x+k) <mytile->image_size.x)) {
offset = (i+coeff_radius) *
(mytile->image_size.x +

coeff_radius) + j + coeff_radius+k;
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sum+= in[offset] * coeffs_h[k+coeff_radius];

}

In a separate 1D vertical filter function use the following loop (note the coef-
ficient array is named “coeff_v” in this version):

for (k=-coeff_radius;k<(coeff_radius+l);k++) {
if (((img_y +k) >=0) &&
((img_y + k) <mytile->image_size.y)) {
offset = (i+coeff_radius+k) *
(mytile->image_size.x +
coeff_radius) + j + coeff_radius;
sumt=in[offset]*

coeffs_v[k+coeff_radius];

}

Lastly, in all three functions, calculate the address of the output pixel and
store it. If the vec flag is set, the output is calculated as the norm for the cur-
rent output value and the newly calculated value.

offset = (i+coeff_radius) * (mytile->image_size.x+
coeff_radius) +j + coeff_radius;

if (vec) {
out[offset] = sqrtf(out[offset] *
out[offset] + sum* sum);

}else {

out[offset] = sum;
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48 CAPTURING AND CONVERTING VIDEO FRAMES

The chapter’s examples require a source of test images with which to verify
functionality. One way to acquire an image is to read a PPM file as described
in Chapter 3, but to make this material more interesting this section will describe
how to integrate your code with an attached webcam-type USB camera.

This requires a function to capture images from a camera and a function to
convert each tile from a captured image into the floating-point format
expected by the filtering functions.

Your USB camera may support a variety of image formats. Some cameras
can even compress individual frames or even the video itself prior to trans-
mitting it via USB. For simplicity, in this section assume the video is cap-
tured as a series of uncompressed images.

48.1 YUV and chroma subsampling

Each USB camera supports its own unique set of pixel formats. Some cameras
transmit pixels as RGB values but most cameras transmit pixels in the YUV col-
orspace. YUV stores each pixel as three values: luminance (Y), representing the
brightness of the pixel, and two chrominance (U, V)—or color—values.

The luminance values that comprise the image by themselves represent a
grayscale version of the image. This is convenient because many computer
vision and image processing algorithms require only the grayscale version
of the image. If, for example, the camera used the RGB colorspace, calculating
the grayscale value of each pixel would require the additional calculation:

gray = 0.299 x red + 0.587 x green + 0.114 X blue

The chrominance values provide the color values that allow YUV values to be
converted into RGB values when needed. U represents the difference between
the red color intensity and luminance, and V represents the difference between
the blue intensity and luminance. Combined, the luminance and chrominance
values can be translated into red, green, and blue color channels.

YUYV values can be translated into RGB values by combining the luminance
with the chrominance values using the following conversion expressions:

R=1Y +1.13983x (V —128)
G =Y —0.39465 x (U — 128) — 0.58060 x (V — 128)
B =Y +203211x (U—128)

As shown in the expressions, the red channel is a combination of luminance
and the V-chrominance values, the green channel is a combination of
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B FIGURE 4.17 In YUYV format, a ¥ value is stored for each pixel and a (U,/) value is stored for each pair of
pixel values horizontally.

luminance and both chrominance values, and the blue channel is a combi-
nation of the luminance and U-chrominance value.

Webcams may also use a technique called chroma subsampling to reduce the
number of bits required for each pixel. Of these techniques, YUYV is a varia-
tion on YUYV that stores the chroma information at half the resolution of the
luminance information. This reduces the average number of bits per pixel from
24 bits per pixel (assuming 8-bit values for ¥, U, and V) to 16 bits per pixel.

As shown in Figure 4.17, in this format there is a luminance for each pixel, but
there is only one chrominance value for every two horizontally adjacent pixels.

The following function will convert each tile and halo region of pixels from
YUYV to grayscale floating point and store the resulting values in an array
large enough to hold only the tile and the halo region.

The function will have a similar interface to the filter function:
void extract_tile (unsigned short *in_image,
struct tile *mytile,
float *out,
int fsize,

struct size *1imit) {

inti,j,offset,img_x,img_y,coeff_radius;

float Tum;

coeff_radius = fsize>>1;

for (i=-coeff_radius;i<limit->y+coeff_radius;i++) {

img_y =mytile->tile_loc.y *mytile->tile_size.y+1;
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if ((img_y >=0) && (img_y <mytile->image_size.y)) {
for (j=-coeff_radius;j<limit->x+coeff_radius;j++) {
img_x=mytile->tile_loc.x*mytile->tile_size.x+];
if ((img_x>=0) && (img_x <mytile->image_size.x)) {

At this point the program must calculate separate offsets to find the lumi-
nance value in the YUYV image (every second byte) as well as the offset
within the target image:

offset_cam= (img_y) *mytile->image_size.x * 2 +
img_x*2;

offset = (i+coeff_radius) * (mytile->image_size.x +
coeff_radius) + j+coeff_radius;

The program can convert each luminance value to floating point by normal-
izing against its maximum value:

Tum= (float)(*((unsigned char *)in_image+toff-
set_cam)) /

255.0;

out[offset] = Tum;

482 Exporting tiles to the frame buffer

After the program processes each tile it can convert each pixel to the frame
buffer pixel format (16-bit RGB, in this case) and write it directly to the
frame buffer.

This requires a new function:
void export_tile (struct tile *mytile,
unsigned char *fbp,

float *in,
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int fsize,
struct size *1imit) {
int i,j,offset,location,coeff_radius,scaled_b5bit,scaled_
6bit;

float Tum;
coeff_radius = fsize>>1;

for (i=0;i<limit->y;i++) {
for (j=0;j<limit->x;j++) {
offset = (i+coeff_radius) *
(mytile->image_size.xtcoeff_radius)
+j+coeff_radius;
Tum = in[offset];

When converting from a single grayscale value to RGB, the program can
assign the grayscale value to all three color components.

Each pixel value is stored as a normalized value in the range [0,1],
so the program can separately compute the red, green, and blue values
by multiplying against their maximum value and converting back to integer.
In 16-bit RGB, the maximum value for red and blue is 31 and for green is 63.

scaled_56bit = (int)(lum*31.0);
scaled_bbit =scaled_5bit >317?31: scaled_5bit & O0x1F;
scaled_6bit = (int)(lum* 63.0);
scaled_6bit =scaled_6bit > 63763 :scaled_6bit & 0x3F;
Next the program must calculate the frame buffer and write the pixel into the
frame buffer:
lTocation=((mytile->tile_loc.y*mytile->tile_size.y+
i)+vinfo.yoffset) * finfo.line_length +
(mytile->tile_loc.x *mytile->tile_size.y +
jtvinfo.xoffset) * (vinfo.bits_per_pixel/8);

*((unsignedshort*)(fbp+location)) = (scaled_5bit<<11)



176 CHAPTER 4 Memory Optimization and Video Processing

(scaled_6bit << 5) |scaled_5bit;

49 VIDEOALINUX DRIVER AND API

Video4Linux is a driver framework built into most Linux distributions that
provides a standard interface for video capture. Since most ARM-based
platforms include a USB interface, Video4Linux provides an easy and inex-
pensive way to attach a USB-based webcam as a means to test and evaluate
video processing kernels.

If you do not have a webcam, you can use a PPM file as an input image, as
described in the previous chapter. If you do have a webcam, you may need to
modify this code in order to make it compatible with your camera. This code
is based on the Microsoft LifeCam Studio.

This example code uses the webcam to capture 640 x 480 resolution
images using the YUYV colorspace. The reader is encouraged to attempt
to process even larger image sizes. However, the bandwidth of a typical
USB2 interface will limit the maximum resolution to approximately
1024 x 768 for uncompressed video at 30 frames per second. Some
USB cameras support higher resolution video using compression, in which
case your software will need to use a third-party library call to decompress
the video.

To get started with Video4Linux, add the following includes:
finclude <stdio.h>
#include <stdlib.h>
#include <sys/ioctl.h>
#include <sys/select.h>
#include <sys/mman.h>
#include <linux/videodev2.h>
f#include <string.h>

Since the program is using the Linux Framebuffer, the following includes
will also be necessary:
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J#include <unistd.h>
#include <fcntl.h>
J#include <Tinux/fb.h>

The program must initialize the Video4Linux camera interface before it can
capture frames from camera. The initializing function will return two values
that will allow us to maintain the state of the capture system: a variable of the
“struct v412_buffer” type and a pointer to the capture buffer. Use a global
variable for the file handle.

int open_cam (struct v412_buffer *buf,void **buffer) {
struct v412_format fmt;
struct v412_requestbuffers req;

The Video4Linux driver creates a device file at /dev/video0 whenever a
webcam is attached. If this file does not exist then you may need to install
support for Video4Linux into your Linux distribution.

Like most Linux kernel modules, your program communicates with the
Video4Linux module by opening its corresponding device file and issuing
system calls using the file descriptor.

In this case you must use the ioctl() function to set capture parameters and
the mmap() function to retrieve captured images.

Begin by setting the resolution to 640 columns by 480 rows and setting the
pixel format to YUYV. Since each pixel is represented by two bytes, this
means that each frame requires 614,400 bytes, or 147.5 Mbit/s to transmit
30 frames per second.

Begin by opening the capture device:
fdl = open("/dev/video0",0_RDWR);
if (fdl==-1) {// fdl is global
perror("opening video device");
return 0;

}

Next, clear the format structure and set it up for video capture mode and set
its resolution to 480 rows by 640 columns.

memset (&fmt,0,sizeof(fmt));
fmt.type = V4L2_BUF_TYPE_VIDEO_CAPTURE;

fmt.fmt.pix.width = 640;
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fmt.fmt.pix.height = 480;

Use the following code to select YUYV mode:
fmt.fmt.pix.pixelformat = V4L2_PIX_FMT_YUYV;
fmt.fmt.pix.field = V4L2_FIELD_NONE;
if (ioct1(fdl,VIDIOC_S_FMT,&fmt)==-1) {

perror("setting pixel format™);
returnQ;
}

After calling ioctl(), the format structure will be updated. The program must
also check it to ensure that the driver applied the expected settings:

if (fmt.fmt.pix.pixelformat != V4L2_PIX_FMT_YUYV) {

fprintf(stderr,”capturedevicedidn't accept YUYV format\n");
return0;

}

if ((fmt.fmt.pix.width !=640) || (fmt.fmt.pix.height !=480)) {
fprintf(stderr,"driver is sending image at %d x %d\n",

fmt.fmt.pix.width, fmt.fmt.pix.height);
return0;

}

Now that the resolution and color depth are set, the program can instruct the
driver to capture frames using memory mapped I/O:

memset (&req,0,sizeof(req));

req.count =1;

req.type = V4L2_BUF_TYPE_VIDEO_CAPTURE;

req.memory = V4L2_MEMORY_MMAP;

if (ioct1(fdl,VIDIOC_REQBUFS,&req)==-1) {
perror("requesting buffer™);

return0;
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The next step is to query the driver to determine the size of the buffer used to
send frames back to user space, and then create the memory mapping:

memset (buf,0,sizeof(buf));
buf->type = V4L2_BUF_TYPE_VIDEO_CAPTURE;
buf->memory = V4L2_MEMORY_MMAP;
buf->index =0;
if (ioct1(fdl,VIDIOC_QUERYBUF,buf)==-1) {
perror("querying buffer”);
return 0;
}
*pbuffer = mmap(0,buf->Tength, PROT_READ |
PROT_WRITE,MAP_SHARED, fdl,buf->m.offset);
if (foct1(fdl, VIDIOC_QBUF, buf)==-1) {
perror("queuing buffer");
return0;
}

The last step before capturing is to turn on the streaming function of the
camera:

if (ioct1(fdl,VIDIOC_STREAMON,&buf->type)==-1) {

perror("start capture");

return0;
}
returnl;
}

Once the initialization returns successfully the program is ready to begin
receiving frames from the camera.

The next function will capture a frame from the camera. This is a synchro-
nous function, meaning that it would not return until the frame has been suc-
cessfully captured.
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int capture_frame (struct v412_buffer *buf) {
fd_set fds;
int ret;
struct timeval tv;

The Linux select() system can synchronize the software with the frame cap-
ture rate of the camera. select() is used to block a program’s execution until
new data is ready to be read. It is often used when using the Sockets API to
wait for incoming network data.

Make sure you open the framebuffer after opening the capture device to
ensure that the capture device’s file descriptor has a value greater than
the framebuffer. Otherwise, the select() call will fail.

tv.tv_sec=0;

tv.tv_usec=0;

FD_ZERO(&fds);

FD_SET(fd1, &fds);

ret = select(fdl+1, &fds, NULL, NULL, &tv);
if(ret==-1) {
perror("waiting for frame");
returnl;
}

The next two IO control calls will dequeue a frame buffer from Video4Li-
nux and then enqueue another request for a buffer.

if(ioct1(fdl, VIDIOC_DQBUF, buf) == -1) {
perror("retrieving frame");
returnl;

}

if (ioct1(fdl, VIDIOC_QBUF, buf) == -1) {
perror("queuing buffer");

return0;
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4.10 APPLYING THE 2D TILED FILTER

The next step is to write a loop that applies the filter to each tile. The loop
will iterate for each tile so it can be structured as a two-level nested loop.

This function should accept the image size and tile size as arguments, so
before the loop, initialize a “struct tile” variable (named mytile in the code
below) such that it contains these sizes.

The program can use OpenMP to distribute the outer loop’s workload across
the thread pool. This way, each thread will process a set of tile rows.

The last tile in each dimension may straddle the image boundary, so the loop
bound must “round up” partial tiles. To do this, use a trinary expression that
adds one to the image size-tile size quotient when the corresponding modulo
is nonzero.

#fpragma omp parallel for firstprivate(mytile)
for (i=0;i<(mytile.image_size.y % mytile.tile_size.y?
mytile.image_size.y/mytile.tile_size.y+1:

mytile.image_size.y / mytile.tile_size.
y)i+) {

mytile.tile_loc.y =1;
for (j=0;j<(mytile.image_size.x hmytile.tile_size.x?
mytile.image_size.x/mytile.tile_size.x+1:

mytile.image_size.x/mytile.tile_size.x);]
++) {

mytile.tile_loc.x=j;

For each tile the program must compute its internal limits to prevent
the filter loop from exceeding the image boundaries in either dimension
for any tile whose right or bottom edge extends beyond the image
boundary.

Next, the tile is extracted from the YUYV frame. From this data, perform the
2D version of both the X and Y Sobel operator. After computing the X and Y
partial derivatives for each pixel, calculate the resultant norm. Lastly con-
vert the tile to 16-bit RGB and write it into the frame buffer.

find_Timit(&mytile,&Timit);

extract_tile(in_image,&mytile,frame,3,&T1imit);
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filter_tile2d(&mytile,frame,filtered_x,
xsobel_2d,3,&1imit,0);

filter_tile2d(&mytile,frame,filtered_xy,
ysobel_2d,3,&1imit,1);

export_tile(&mytile,fbp,filtered_xy,&1imit);

}

Use perf_event to instrument the code at this level to measure the perfor-
mance counters before and after the OpenMP parallel section. This way
you can measure the performance metrics for processing each frame.

411 APPLYING THE SEPARATED 2D TILED FILTER

When processing a separated 2D filter using a 1D row filter pass followed by
a 1D column filter pass, you must make sure the halo region pixels passed to
the second pass reflect the updates generated by the first pass in the tiles
above, below, to the left, and to the right of the current tile.

The easiest way to guarantee this is to process the entire image using the row
filter before applying the column filter. However, since all tiles must be pro-
cessed by one pass before beginning the second pass, this will cause a long
delay between when the row pass writes its pixels and when the column reads
the same pixels. We leave the details of this implementation as an exercise.

4.12 TOP-LEVEL LOOP

In order to measure the performance impact of different tile sizes, the code
will vary the tile size while capturing frames from the camera.

To do this, assume the tiles are square and store the widths of each size in a
zero-terminated array:

int dims[15] = {8,16,32,48,64,96,128,160,
192,224,256,288, 320,352, 0};

Use an infinite loop to capture each frame and apply the Sobel filter. After
exhausting all tile sizes, set the tile size to match the image size, which will
provide a baseline performance resulting from no tiling.

k=0;

while (1) {
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t_size.x =t_size.y =dims[k];

if (t_size.x550) {// triedall tile sizes,
// now filter without tiling

k=0;
t_size.x = 640;
t_size.y = 480;
} else k++;
capture_frame (&buf);

filter_16bit_cam (buffer, t_size, 480, 640, fbp);

4.13 PERFORMANCE RESULTS

Figure 4.18 shows the cache miss rate and CPI for the filter function on the
Raspberry Pi. The filter function includes the tile conversion code and frame
buffer output code. Note that some tile sizes are unreasonably large as com-
pared to the frame size of 640 x 480.

The worst cache miss rate occurs when there is no tiling, but the worst CPI
occurs with tile size 288 x 288. CPI improves slightly when tiling is discon-
tinued. This is likely due to lower instruction CPI that results from the
reduction of executed branch instructions from needing fewer iterations
of the tile loops.

Tiling performance: Sobel filter
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W FIGURE 4.18 (ache miss rate and CPI for 2D Sobel edge detection filter for a range of square tile sizes, from 8 x 8 pixels to 352 x 352 pixels, and without
tiling. This performance includes the function that converts and buffers each frame and the function that writes the frame buffer. Cache miss rate roughly
correlates with average CPIL. The highest-performing tile was 8 x 8, which provided a speedup of 1.7 in miss rate as compared to the nontiled version.



184 CHAPTER 4 Memory Optimization and Video Processing

414 CHAPTER WRAP-UP

This chapter described tile-based loop optimization, whose objective is to
reduce the cache miss rate by reordering memory references to improve
memory access locality. To demonstrate this optimization, the chapter
examined image filtering using stencil loops, and described a complete com-
puter vision pipeline that applied Sobel edge detection to frames captured
from a video stream using a USB camera and displaying the output to a mon-
itor via the Linux framebuffer. The performance counters revealed an unex-
pected trade off, revealing that the tiling approach introduces overhead in
the form of additional branch penalties, but overall performance was still
highest when using small tile sizes due to the tiling allowing for a lower
cache miss rate.

The next chapter introduces OpenCL, a general purpose programming
model for coprocessors such as graphical processing units.

EXERCISES

1. Section 4.7 describes how to design a generalized 2D filter, both as a true
2D filter and as a separated filter comprised as a 1D horizontal filter and
1D vertical filter pass. In this exercise we will measure the impact of
exploiting data-level parallelism for both the 1 x 3 1D horizontal filter
and the 1 x 3 1D vertical filter.

Unroll the innermost loop by four and use NEON SIMD intrinsics or
inline assembly instructions to perform the loads, multiplications,
additions, and stores from the unrolled iterations in parallel. Make sure
you include code to use a scalar version of the code when the number of
elements remaining is less than four.

Measure the resulting performance of both filters relative to the original
implementation with respect to Gflops and cache miss rate.

2. Using the OpenMP directive num_threads clause, measure the speedup
in floating-point throughput when the filter function is performed using
two, three, and four threads relative to the single thread performance.

3. Convert the filter function from floating point to fixed point using signed
(32,29) format. Measure the performance impact relative to the original
implementation with regard to CPL.

4. Implementa7x7,9x9,and 11 x 11 tiled Gaussian filter and measure
the improvement of the best tile size as compared to no tiling.

5. As described in Section 4.3.3, the Harris corner detector is a feature
extraction algorithm used to identify intersections of edges in an image
for use as interest points. The input to this algorithm is the X and Y partial
derivatives computed by the Sobel filter.
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Calculate the number of flops per byte for this stencil (assuming the
partial derivatives are available as inputs) as compared to that of the 2D
Sobel filter. Which has the higher arithmetic intensity?

6. As described in Section 4.3.4, Lucas-Kanade optical flow is an optical
flow algorithm used to determine the movement of pixels between
frames. The input to this algorithm is the X and Y partial derivatives
computed by the Sobel filter.

Calculate the number of flops per byte for this stencil (assuming the
partial derivatives are available as inputs) as compared to that of the 2D
Sobel filter. Which has the higher arithmetic intensity?

7. Instrument your code to measure the time required to extract and filter a
tile and the time required to write a tile to the frame buffer. Use OpenMP
to implement a double buffering scheme, in which these steps are
performed in parallel. In other words, while a tile is being extracted,
write the most recently filtered tile to the framebuffer. Each of these
steps should be independently multithreaded as well. Measure the
speedup achieved by this approach.

8. The Smith-Waterman sequence alignment algorithm, which aligns two
sequences against each other, can be implemented using a stencil loop
that reads and writes to the same matrix. Given two strings A and B, the
Smith-Waterman algorithm can be implemented as generating the
matrix H:

Hio1,j-1+S(Ai. By)
H,"j:mil’l Hi—l,jfd
H,',j_l —d

In this case, the stencil reads the input element diagonally to the upper
left, above, and below the output element. This creates a set of
dependencies that requires that the output elements can be generated in
parallel only along the diagonal, and there must be barrier after each
diagonal is processed.

Write a tiled implementation of this kernel using OpenMP using the
coding style described in the Sobel example given in this chapter.

9. Separable filters reduce the algorithmic complexity of the filter but
complicate tiling, since each pass of the separable kernel must be
performed over the entire image to guarantee that the halo region pixels
reflect the updates from the previous pass. This potentially reduces the
locality of the tiled filter.

Write a tiled version of the separable Gaussian blur and compare its
throughput and cache miss rate to that of the equivalent tiled
nonseparated filter. Do this for filter sizes of 7x 7,9 %9, and 11 x 11.
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Most smartphone and tablet users take for granted their ability to encode and
decode high definition video and render three-dimensional (3D) graphics in
real time. These tasks would not be possible without the help of specialized
coprocessors such as graphical processing units (GPUs).

Even the high-performance quad-core ARM Cortex A15—with its single
instruction, multiple data (SIMD) units, out-of-order speculative superscalar
architecture, and advanced caches—is not capable of performing these tasks
on its own. For this reason, all modern embedded system-on-chip (SoC) pro-
cessors contain a diverse set of specialized coprocessor technologies. The
most advanced of these support general purpose programming using Open
Computing Language (OpenCL).

For example, the Xilinx Zynq device supplements its dual ARM Cortex-A9
processors with an integrated Field Programmable Gate Array (FPGA) fab-
ric which can be used to implement customized digital logic circuits to per-
form specific kernels at high throughput and low latency.

Another example is the Texas Instruments Keystone II, which supplements
its quad ARM Cortex A15 processors with eight Digital Signal Processor
(DSP) cores that have a Very Long Instruction Word microarchitecture that
offer a peak floating-point throughput of 160 Gflops.

Smartphone and tablet SoCs include coprocessors that are generally be clas-
sified as GPUs. Unlike desktop and server GPUs whose market is dominated
by NVIDIA, AMD, and Intel, the market for low power, mobile embedded
GPUs is still competitive, diverse, and vibrant. They include such micro-
architectures as the

ARM Mali GPU,

Imagination Technologies PowerVR GPU,
Broadcom VideoCore GPU,

Qualcomm Adreno GPU, and

NVIDIA Embedded Kepler GPU.

Desktop and server GPUs are connected to their own high-speed memory
system and typically offer 10 x the memory bandwidth as compared to their
host CPU. The drawback of this approach is all input and output data must be
exchanged between the host memory and device memory, which adds over-
head as compared to using the CPU only.

Embedded GPUs generally share the same memory system as their host
CPU so they do not have an advantage in memory bandwidth but they
are not subject to CPU-GPU communication overhead.
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General purpose programming for embedded GPUs is still relatively new
and the associated runtime libraries and compilers are immature. This chap-
ter uses the ARM Mali-T628 GPU as found on the $179 ODROID-XU3
platform as a case study.

Like other embedded GPUs, the ARM Mali supports general purpose pro-
gramming using OpenCL, which is an open, technology independent frame-
work for writing performance oriented, explicitly data parallel code for a
wide variety of microarchitectures.

There are several challenges when programming embedded GPUs. First,
as with any heterogeneous platform—a platform comprised of a set of dif-
ferent processor technologies—the programmer must manually identify
which components of the application to map to the coprocessors. Even after
carefully implementing these components on the coprocessor, the program-
mer must adjust parameters that affect coprocessor performance in
ways that are specific to the coprocessor used. Luckily, OpenCL provides
mechanisms to allow the programmer to query the runtime environment
to get hints on how to set these parameters for the specific coprocessor
technology used.

5.1 GPU MICROARCHITECTURE

This chapter revisits the Horner’s method kernel from Chapter 2 to illustrate
the concepts and performance factors involved in OpenCL programming.

Recall that our Horner’s method kernel performs the following loop:

1 fori=0ton-1

2 sum = coeff[0]

3 forj=1to7

4 sum = sum * input_val[i]
5 sum = sum + coeff[j]

6 endfor

7 endfor

The performance bottleneck in this code is the data dependency between
lines 4 and 5. In Chapter 1 we addressed this using two different approaches:
software pipelining, which focused on the inner loop, and explicit SIMD
parallelism, which focused on the outer loop.
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Dependency
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B FIGURE 5.1 Pipeline SIMD execution. “it” stands for “iteration number” and “In" stands for “line number.” The four-cycle latency between lines 4 and 5 of iteration 0 is
hidden by instructions from other iterations.

GPUs can use both these approaches simultaneously without assembly lan-
guage or intrinsics by combining SIMD datapaths with dynamically inter-
leaving instructions from different iterations of the outermost loop in the
same execution pipeline. This allows GPUs to use instructions from other
threads to hide the latency required by data dependencies and load instruc-
tions, providing pipeline parallelism. On the other hand, each instruction
executed can perform one operation from multiple iterations of the outer-
most loop, providing data-level, or SIMD parallelism.

Returning back to our example, assume the GPU is executing the inner loop.
Also, assume the multiply from line 4 requires a four-cycle latency. Nor-
mally this requires three stalls after each time line 4 is executed. Instead
of issuing stalls, the GPU will issue three instructions, one from each of
three other iterations of the outer loop. This way, the GPU can keep the pipe-
line flowing without needing to insert any stalls. Also, the GPU may have
four lanes, meaning that it can issue one instruction from each of four iter-
ations of the outer loop in each cycle.

Figure 5.1 shows how a four-SIMD lane GPU would execute this loop
assuming it was processing 16 iterations of the outer loop. Notice that the
latency required by the dependency between lines 4 and 5 can be covered
by instructions from the other iterations. In order to support the resulting
instruction throughput, GPUs contain many parallel functional units and
extremely large register files.

5.2 OpenCL

Like OpenMP, OpenCL presents the programmer with a multi-threaded pro-
gramming model. In OpenCL, threads are called work-items. As with
OpenMP, a thread, or work-item, is a serial instruction stream that works
cooperatively with others to advance the objective of the program. Also
as with OpenMP, work-items can share a common memory space and
use shared memory locations to communicate and can have variables
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explicitly allocated as private. Read-modify-write and producer-consumer-
type accesses to shared memory are usually synchronized among work-
items using locks and barriers. However, this is where the similarity between
OpenMP threads and OpenCL work-items ends.

With OpenMP, the programmer instantiates one thread for each processor
core because there is no advantage to having more threads than CPU cores.

With OpenCL, the goal is to exploit parallelism as the finest grain possible,
and it benefits the programmer to invoke as many work-items as possible
regardless of the number of physical processor cores on the target device.
As such, when adapting OpenMP code to OpenCL code, it is common to
delete the outermost for-loop and replace it by instancing one work-item
for every iteration of the outermost loop. In this case, each thread only per-
forms one iteration of the original outermost loop.

OpenMP threads each have independent control flow, while it is often the
case for GPU-like coprocessors that each OpenCL work-item within each
group of 32 or 64 work-items are mapped to an individual SIMD lane, mean-
ing that their control flow must remain in lock-step or two groups of work-
items will diverge and become serialized relative to each other. This means
that to achieve maximum performance, all if-statements should evaluate
equivalently and all inner loops must iterate an equal number of times.

One of the other major (and often frustrating) differences between OpenMP
and OpenCL is the amount of extra code required to use it as compared to serial
code. A programmer may add OpenMP support to a serial program by adding as
few as one additional line of code, while a programmer must add hundreds of
additional lines of code to add OpenCL support. Luckily, much of this extra
code is boilerplate, meaning that it is reusable between different programs.

5.3 OpenCL PROGRAMMING MODEL, IDIOMS,
AND ABSTRACTIONS

This section briefly summarizes OpenCL terminology, the associated Appli-
cation Programming Interface (API) functions, and their relevance for both
the host and device code.

5.3.1 The host/device programming model

Code intended for execution on the device is referred to as a kernel. The
kernel performs the computationally- or memory-intensive computations
on behalf of the host CPU. OpenCL kernels are written in the C language,
augmented with a few special OpenCL-specific types and built-in functions.
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An OpenCL programmer must explicitly divide the program into code exe-
cuted by the host CPU and code executed by the coprocessor, or device.

The programmer must write special code for that host to interact with the
OpenCL runtime environment. The special functions called in this code
make up the OpenCL platform layer. Specifically, the platform layer is com-
prised of a set of API functions used to initialize and communicate with the
device. The API function interfaces are standardized, meaning that they will
work on any OpenCL-compatible device, but their implementations are pro-
vided by the target device’s vendor. A vendor implementation of the
OpenCL platform layer is called a platform.

The next several subsections describe a basic set of OpenCL platform func-
tions and their usage. Each of these subsections includes a section that shows
the prototypes of the related functions and a section that shows a relevant
code snippet from the running example program. When put together, these
code snippets will form a complete program that executes an OpenCL
implementation of the Horner example from Chapter 2.

To begin, include the necessary header files:

stdio.h for basic console and file I/O.

std1ib.h for random number generation for creating synthetic datasets.
CL/c1.h for the OpenCL platform functions.

sys/time.h for the POSIX gettimeofday() function. Linux
perf_event is not compatible with coprocessor performance counters, so
this code will use wall clock time and OpenCL’s built-in profiling
functionality to measure kernel performance.

fHinclude <stdio.h>
fHinclude <stdlib.h>
fHinclude <CL/cl.h>

#include <sys/time.h>

5.3.2 Error checking

OpenCL platform functions use return codes defined in c1.h to communi-
cate error codes back to the user in the form of a 32-bit signed integer of type
c1_int. Unfortunately, OpenCL does not provide any corresponding error
reporting functions—similar to the POSIX function strerror() and perror()
functions—to convert an error code into a human-readable string. As a
result, for debugging purposes it is important for the programmer to write
one such function as part of the host boilerplate code.
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C99 has a somewhat obscure feature called “stringification” in which a pre-
processor definition is interpreted by the compiler as a string literal when
preceded by a hash mark (#). Using this, the programmer can write a func-
tion to convert an OpenCL error definition to a string.

One way to do this is to use a switch statement to map OpenCL error sym-
bols to their corresponding strings. To make this easier, define a preproces-
sor macro such as the one below:

Jfdefine CASE_CL_ERROR(NAME) case NAME: return {#NAME;

...and apply it to each of the error codes listed in c1.h to construct a switch
statement:

const char* opencl_error_to_str (cl_int error) {
switch(error) {
CASE_CL_ERROR(CL_SUCCESS)
CASE_CL_ERROR(CL_DEVICE_NOT_FOUND)

CASE_CL_ERROR(CL_DEVICE_NOT_AVAILABLE)

default:
return "UNKNOWN ERROR CODE";
}

}

Using this, it is possible define a preprocessor macro for reporting OpenCL
errors back to the user and exiting the program.

For any return code other than CL_SUCCESS, the program will print the
error and exit with code 0. In addition to showing the “stringified” error code
in the error message, this define will also provide the source file name and
approximate line number where the error occurred using the __FILE__ and
__LINE__ preprocessor macros.

ftdefine CHECK_STATUS(status) \
if (status != CL_SUCCESS) {\
fprintf(stderr,\
"OpenCLerrorinfile%s 1ine%d, error code %s\n",\

_ FILE__,\



194 CHAPTER 5 Embedded Heterogeneous Programming with OpenCL

_ LINE__,\
opencl_error_to_str(status));\
exit(0);\
}

This chapter’s example code will invoke this macro after every call to an
OpenCL platform function.

5.3.3 Platform layer: Initializing the platforms

OpenCL platform functions begin with “c1” followed by a capital letter, for
example: c1GetDeviceIDs()and cTFinish().

In practice, most calls to the OpenCL platform functions serve one of the
following purposes:

m querying the OpenCL runtime for device-specific or kernel-specific
information (e.g., determining how many devices are present or
determining the maximum number of work-items allowed for a device);

m device memory management (e.g., allocating memory on a device); or

m sending commands to the device (e.g., initiating kernel execution on a
device).

This section describes how to obtain a handle to the platforms and query
them for information.

In Practice:

Some OpenCL functions require that the host call them twice: once to obtain
the size of the requested data structure and again to obtain its data.

The initialization section of the example host code calls c1GetPTat formIDs ()
to obtain the number of available platforms. Then, using the returned
number of platforms, it allocates a correspondingly sized array of type
cl_platform_id and calls the function again to obtain a list of platform
handles.

For example, a theoretical embedded SoC may contain CPUs, GPUs, and a
FPGA fabric. In this case, the OpenCL platform layer would include one
platform corresponding to the GPU, another platform corresponding to
the FPGA fabric, and potentially a third platform to allow OpenCL kernels
to execute on the CPU cores. However, in practice most embedded SoCs
today only have one platform.
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Once the host obtains the platform handles, it can query them for informa-
tion such as name, OpenCL version (profile), etc.

Related Functions:

cl_int clGetPlatformIDs(cl_uint num_entries,
cl_platform_id *platforms,
cl_uint *num_platforms)

Obtain the list of platforms available. Set the platforms argument to NULL
to obtain the number of platforms.

cl_int clGetPlatformInfo(cl_platform_id platform,
cl_platform_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size ret)
Get specific information about the OpenCL platform.
Required Declarations:
cl_platform_id platform_ids[8];
cl_int ret;
size_t Tength;
char str[10241;
Example Code:
// query number of platforms
ret = clGetPlatformIDs(0,0,&num_platforms);
CHECK_STATUS(ret);
printf("Number of availableplatforms: Zu\n", num_platforms);
// retrieve handle toplatforms, Timit to 8
ret = clGetPlatformIDs(num_platforms > 8 ? 8:
num_platforms,platform_ids,0);

CHECK_STATUS(ret);
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// query each platform
for (i =0; i <num_platforms; i++) {

ret = clGetPTatformInfo(platform_ids[i],
CL_PLATFORM_PROFILE,0,0, &length);

CHECK_STATUS(ret);

ret =clGetPlatformInfo(platform_ids[i],
CL_PLATFORM_PROFILE,
length>10242?1024:1ength,&str[0]1,0);

CHECK_STATUS(ret);

printf("CL_PLATFORM_PROFILE: %s\n",str);

//display the platformversion

ret = clGetPlatformInfo(platform_ids[i],
CL_PLATFORM_VERSION,
0,0, &length);

CHECK_STATUS(ret);

ret =clGetPTatformInfo(platform_ids[i],
CL_PLATFORM_VERSION,
length>102471024:1ength, &str[0], 0);

CHECK_STATUS(ret);

printf("CL_PLATFORM_VERSION: %s\n",str);

ret = clGetPTatformInfo(platform_ids[i],
CL_PLATFORM_ NAME, 0,0, &length);

CHECK_STATUS(ret);

ret =clGetPlatformInfo(platform_ids[i],
CL_PLATFORM_NAME,1ength>1024?1024:1ength,
&str[0], 0);

CHECK_STATUS(ret);

printf("CL_PLATFORM_NAME: %s\n",str);

ret = clGetPlatformInfo(platform_ids[i],

CL_PLATFORM_ VENDOR,0,0,&1ength);
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CHECK_STATUS(ret);
ret =clGetPlatformInfo(platform_ids[i],
CL_PLATFORM_VENDOR,
length>102471024:7ength,
&str[0]1,0);
CHECK_STATUS(ret);
printf ("CL_PLATFORM_VENDOR: %s\n",str);
ret =clGetPlatformInfo(platform_ids[i],
CL_PLATFORM_EXTENSIONS,
0,0, &length);
CHECK_STATUS(ret);
ret =clGetPTatformInfo(platform_ids[i],
CL_PLATFORM_EXTENSIONS,
length>102471024:Tength,
&str[0], 0);
CHECK_STATUS(ret);

printf("CL_PLATFORM_EXTENSIONS: %s\n",str);

5.34 Platform layer: Initializing the devices

This section describes device-specific functions in the platform layer.
In Practice:

Once the host has obtained handles to the platforms, it must obtain handles
to the devices. Optionally it can query the devices for information.

The example code calls the c1GetDeviceIDs() and c1GetDeviceInfo() to
obtain handles to the devices associated with each platform.

Related Functions:
cl_int clGetDevicelDs(cl_platform_id platform,
cl_device_type device_type,

cl_uint num_entries,
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cl_device_id *devices,
cl_uint *num_devices)
Obtain the list of devices available on a platform.
cl_int clGetDevicelnfo(cl_device_id device,
cl_device_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size ret)
Get information about an OpenCL device.
Required Declarations:
cl_device_id device;
Example Code:

ret =clGetDevicelIDs(platform_ids[0], CL_DEVICE_TYPE_ALL,O,O0,
&num_devices);

CHECK_STATUS(ret);
printf("Number of devices for platform0: %d\n",num_devices);
for(i=0;i<num_devices;i++) {
ret =
clGetDevicelIDs(platform_ids[0],
CL_DEVICE_TYPE_ALL,num_devices,&device[i],0);
CHECK_STATUS(ret);
}
for(i=0; i<num_devices;i++) {

ret = clGetDevicelInfo(device[i], CL_DEVICE_NAME, 0, O,
&length)

CHECK_STATUS(ret);
ret =cl1GetDeviceInfo(devicel[i],
CL_DEVICE_NAME,

Tength>102471024:7ength,
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&str[0]1,0);

printf("Device NAME: %s\n",str);

5.3.5 Platform layer: Initializing the context

A context is an abstraction on the host that manages host-device interaction
and device memory. Every OpenCL function that interacts with the device
requires a context.

In Practice:

After obtaining a handle to the platform and device(s), the host calls c/Crea-
teContext() or clCreateContextFromType() to obtain a handle to a corre-
sponding context.

Both functions are similar, but c/CreateContext() returns a context given
associated with a given device handle, while cI/CreateContextFromType()
returns a context associated with a given device “type,” such as GPU.

Both of these functions return the context through the properties argument,
passed by reference.

The callback function pfn_notify and associated user _data are used by the
runtime environment to asynchronously report errors to the application, but
the programmer can set both to NULL if this behavior is not needed.

The example code below uses c/CreateContextFromType() to request a con-
text handle for a device of type CL_DEVICE_TYPE_GPU and then uses the con-
text handle to extract the associated device handle. The program will use the
device handle later for discovering the cause of kernel build errors and deter-
mining the maximum work group size and preferred vector width.

Related Functions:
cl_context clCreateContext(cl_context_properties *properties,
cl_uint num_devices,
const cl_device_id *devices,
void (*pfn_notify) (const char *errinfo,
const void *private_info,

size_t cb,
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void *user_data),
void *user _data,
cl_int *errcode_ret)
Creates an OpenCL context (from a specified device).
cl_context clCreateContextFromType(cl_context_properties *properties,
cl_device_type device_type,
void (*pfn_notify) (const char *errinfo,
const void *private _info,
size_t cb,
void *user_data),
void *user_data,
cl_int *errcode_ret)

Create an OpenCL context from a device type that identifies the specific
device(s) to use.

cl_int clReleaseContext (cl_context context)

Decrement the context reference count. When the count reaches zero, the
OpenCL runtime can unload the context from memory.

Regquired Definitions/Declarations:
ffdefine DEVICE 0
cl_context context;
cl_context_properties context_props[] = {
CL_CONTEXT_PLATFORM, (c1_context_properties)platform_ids[0],0
b

Example Code:
context=clCreateContextFromType(context_props,

CL_DEVICE_TY PE_GPU,0,0,&ret);

CHECK_STATUS(ret);
ret=clGetContextInfo(context, CL_CONTEXT_DEVICES,

0, NULL, &deviceBufferSize);
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CHECK_STATUS(ret);
ret=clGetContextInfo(context, CL_CONTEXT_DEVICES,
deviceBufferSize, &device[DEVICE], NULL);

CHECK_STATUS(ret);

5.3.6 Platform layer: Kernel control

All communication between the host and device is handled through a com-
mand queue. The programmer uses the command queue to set the size of the
kernel data set and send input data to the kernel.

In Practice:

The program obtains a handle to a command queue by passing an associated
context to clCreateCommandQueue().

When calling c/CreateCommandQueue(), specity the CL_QUEUE_PROFI-
LING_ENABLE option, which will allow the host to collect runtime
information.

Related Functions:

cl_command_queue clCreateCommandQueue(cl_context context,
cl_device_id device,
cl_command_queue_properties properties,
cl_int *errcode_ret)

Create a command queue on a specific device.

cl_int clReleaseCommandQueue(cl_command_queue command_queue)
Decrements the command_queue reference count.
Required Declarations:

cl_command_queue queue;

Example Code:
queue = c1CreateCommandQueue(context,device,
CL_QUEUE_PROFILING _ENABLE,&ret);

CHECK_STATUS(ret);
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5.3.7 Platform layer: Kernel compilation

OpenCL kernel code is usually compiled by the host program at runtime. As
such, OpenCL uses a just in time compilation approach, where instead of the
kernel being compiled alongside the host code (as in NVIDIA’s CUDA
framework), the host code must include a sequence of actions that read
the kernel code and compile it using an API call.

In Practice:

The platform layer function that compiles the kernel source code does not
take a path to the source code file as one might expect, but instead takes a
pointer to a zero-terminated character array—a C string—containing the
source code. As such, the programmer must to use standard system calls
to read the kernel source file into a string before calling the compile function.

To do this, open the file (with fopen()), determine its size (with a fseek(),
ftell(), fseek() sequence), allocate memory for the string (with malloc()),
then read the contents of the file into the string (with fread()). Make sure
you allocate one extra character for the string to zero-terminate it before
passing the string to the compile function.

To compile the program, call c/CreateProgramWithSource() to obtain a
handle to the program, clBuildProgram() to compile the program, and
clCreateKernel() to create kernel instantiation.

When building, the program can pass the compiler options stored in an
options string. This example uses “-c1-fast-relaxed-math.” These
options allow the GPU to perform floating-point operations that are not
100% IEEE 754 compliant but achieve higher throughput than if compli-
ance must be guaranteed.

Since the programmer (usually) cannot compile any OpenCL kernels out-
side of the OpenCL host API, the programmer needs a way to identify any
syntax or semantic errors in our kernel source. For this the program can use
the clGetProgramBuildInfo() along with the device ID of the coprocessor.

Related Functions:

cl_program clCreateProgramWithSource (cl_context context,
cl_uint count,
const char **strings,
const size_t *lengths,

cl_int *errcode_ret)
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Creates a program object for a context, and loads the source code specified
by the text strings in the strings array into the program object.

cl_int clBuildProgram (cl_program program,
cl_uint num_devices,
const cl_device_id *device_list,
const char *options,
void (*pfn_notify)(cl_program, void *user_data),
void *user_data)

Builds (compiles and links) a program executable from the program source
or binary.

cl_kernel clCreateKernel (cl_program program,
const char *kernel_name,
cl_int *errcode_ret)
Creates a kernel object.
cl_int clReleaseKernel (cl_kernel kernel)
Decrements the kernel reference count.
cl_int clGetProgramBuildlnfo (cl_program program,
cl_device_id device,
cl_program_build_info param_name,
size_t param _value_size,
void *param_value,
size_t *param_value_size ret)
Returns build information for each device in the program object.
cl_int clReleaseProgram (cl_program program)
Decrements the program reference count.
Required Declarations:
cl_programprogram;
cl_kernel kernel;

FILE *myFile;
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char *program_source,*10g;
size_t file_size, program_size;
const char options[50] = "-cl-fast-relaxed-math\0";
size_t Tog_length =0, return_size,
work_item_sizes[3], max_wg_size[3];
Example Code:
myFile = fopen("horner.c1","r+");
if (ImyFile) {
perror("Cannot open kernel source file");
exit(0);
}
fseek(myFile,0,SEEK_END);
file_size = ftell(myFile);
fseek(myFile,0,SEEK_SET);
program_source=(unsigned char *)malloc(file_size+l);
fread((void *)program_source,l,file_size,myFile);
program = c1CreateProgramWithSource(context,1,
&program_source,0,&ret);
CHECK_STATUS(ret);
ret = c1BuildProgram(program, 0, 0, options, 0, 0);
fclose(myFile);
program_source[program_size]=0;
if(ret== CL_BUILD_PROGRAM_FAILURE) {
ret =clGetProgramBuildInfo(program,
device,CL_PROGRAM_BUILD_LOG,
0,0,&Tog_length);
CHECK_STATUS(ret);

log=(char *)malloc(log_length);
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ret =cl1GetProgramBuildInfo(program,device,
CL_PROGRAM_BUILD_LOG,
log_length,&10g[0],0);

CHECK_STATUS(ret);

fprintf(stderr,"OpenCL build error: :%s",109);

free(log);

return;

} else
CHECK_STATUS(ret);
kernel = c1CreateKernel(program, "horner"”, &ret);

CHECK_STATUS(ret);

5.3.8 Platform layer: Device memory allocation

Desktop and server GPUs typically have physically separated RAM from
that of the CPU. Data is exchanged between memories using a peripheral
bus such as PCI-express.

Embedded GPUs typically share the same physical memory with the host
but may refer to the same memory locations using different addresses
because the GPU uses physical addresses while the CPU uses virtual
addresses.

Because of this, OpenCL 1.1 and 1.2 require that the host and device allocate
shared arrays separately. The programmer allocates host memory statically
or on the heap using malloc() or new and allocates device memory using
the platform function c1CreateBuffer().

Since the kernel’s input data typically originates from host-controlled
peripherals such as the disk, network, or camera, the data is copied to the

device memory either explicitly using the asynchronous c1Enqueuelrite-
Buffer() platform function, or implicitly using the c1CreateBuffer()
function.

OpenCL 2.0 introduced shared virtual memory, in which the management
and exchange of data between host and device is abstracted from the
programmer, but as of this writing embedded GPUs generally only support
earlier version of OpenCL. For example, the ARM Mali-T628 GPU used
for this chapter only supports OpenCL 1.1, two versions earlier than
OpenCL 2.0.
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In Practice:

To allocate memory on the device, the host must create a “memory object,”
of which there are two types: buffers and images. Buffers are simple arrays
while images are used to encapsulate data in a device-specific way that facil-
itates optimizations that are specific to graphical data. Not all devices sup-
port images.

To allocate a device buffer, allocate memory on the host and then use the
clCreateBuffer() function to create a corresponding device buffer.

This example uses the CL_MEM_COPY_HOST_PTR option for the two input
arrays, inputBuffer and coeffBuffer, which tells c/CreateBuffer() to

copy the data to the device, avoiding the need to call cTEnqueueWrite-
Buffer()

The host must copy the output array, outputBuffer, from the device to the
host using c1EnqueueReadBuffer() after the kernel finishes.

Related Functions:
cl_mem clCreateBuffer (cl_context context,
cl_mem_flags flags,
size_t size,
void *host_ptr,
cl_int *errcode_ret)
Creates a buffer object.
cl_int clReleaseMemObject (cl_mem memobj)
Decrements the memory object reference count.
Required Definitions/Declarations:
ftdefine N 128 << 20 // data set is 128MB
cl_mem inputBuffer;
cT_memoutputBuffer;
cl_mem coeffBuffer;
cl_uint vecwidth;
float *x, *d;

float coeff[8] = {1.2f,1.4f,1.6f,1.8f,2.0f,2.2f,2.4f,2.6f};



5.4 Kernel Workload Distribution 207

Example Code:

d= (float *)malloc(N);

x = (float *)malloc(N);

for (i=0;i1<N/4;i++) x[i]I=(float)rand()/(float)RAND_MAX;
inputBuffer = c1CreateBuffer(context,
CL_MEM_READ_ONLY |
CL_MEM_ COPY_HOST_PTR,
N,x,&ret);
CHECK_STATUS(ret);
coeffBuffer = clCreateBuffer(context,
CL_MEM_READ_ONLY |
CL_MEM_ COPY_HOST_PTR,
8 * sizeof(float),coeff,&ret);
outputBuffer = c1CreateBuffer(context,
CL_MEM_WRITE_ONLY |
CL_MEM_USE_HOST_PTR,
N,d,&ret);

CHECK_STATUS(ret);

54 KERNEL WORKLOAD DISTRIBUTION

The next step is to specify parameters for the kernel, assign the kernel’s
arguments, and dispatch the kernel to the device. As described earlier, an
OpenCL thread is called a work item because kernels are typically paralle-
lized by associating each work-item with a data element.

When adapting a serial loop to an OpenCL kernel, it is often the case
that each iteration of the original outermost loop is mapped to a work-item.
As a result, the outermost loop is deleted and upon dispatch the kernel
is assigned one work item for each of the original iterations of the
outermost loop.

For example, consider a loop that processes each pixel for a 1920 x 1080
image:
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KERNEL:
for (i = 0;i < 1080;i++)
for (j = 0;j < 1920;j++)
// process pixel (i,j)

... the OpenCL kernel could be comprised of the inner loop (the j=1oop),
and the program would dispatch the kernel with 1080 work items, one for
each pixel row:

KERNEL:
for (j = 0;j < 1920;j++)
/[ process pixel (work_item_number,j)

Alternatively, the programmer can associate each pixel with a work item and
dispatch the kernel with a 2D work item size:

KERNEL:
/I process pixel (work_item_number(0),work_item_number(1))

When the host dispatches a kernel, the program assigns the kernel a number
of work-items. This is called an n-dimensional range (NDRange), which is a
1D, 2D, or 3D value that represents how the input or output data is mapped
into work-items.

As in OpenMP, the kernel code associated with each thread—or work
item—can identify its unique ID for the purpose of adapting its runtime
behavior to its own particular workload, or element of its working set.

The work-items can also be organized into a two-level hierarchy, in which
sets of work items can be divided into equal-sized workgroups. All threads
within a workgroup can synchronize and access a shared memory space.
Work items in different workgroups cannot communicate.

For example, the programmer sets NDRange to {64,4,2}, the kernel will be
comprised of 64 x4 x2=512 work-items. If the programmer defines the
workgroup size to be {2,2,2} then there will be 512/(2 x2x2)=64
workgroups.

54.1 Device memory

One of the most important differences between CPUs and coprocessor
devices such as GPUs, FPGAs, and DSPs is their memory hierarchy.
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CPUs derive much of their performance from their caches, which typi-
cally support rich feature sets such as sophisticated replacement policies,
prefetching, victim caches, and coherency with other caches. These
features are designed to maximize memory performance for platform
agnostic code.

Aggressive multilevel caches also allow CPUs to have small general pur-
pose register files, since compilers can use frequent register spilling to
exchange register contents with memory without a large performance
penalty.

On the other hand, GPUs, FPGAs, and DSPs generally have simple or no
caches, relying instead on annotations in the program code that explicitly
allocate and manage on-chip memories. These program-controlled on-chip
memories are sometimes referred to as scratchpad memory, although GPUs
sometimes call them shared memory since they are also used as a mecha-
nism by which intermediate results can be exchanged between work items
within a workgroup.

On a CPU, the contents of any memory address may be stored in multiple
levels of the memory hierarchy at any given time. In other words, the phys-
ical location of the data stored at a particular address cannot be determined
since the on-chip caches are automatically managed by the hardware.

On a GPU, on-chip memory locations have their own special address ranges.
This allows the program to specifically address on-chip memory and to
explicitly copy data between on-chip and off-chip memory.

Also, GPUs typically have large register files and their compilers do not
spill register values to off-chip memory. The registers serve as a work-
item’s private memory and must have sufficient capacity to store the high-
est number of live register values that a work-item will ever need during its
execution, multiplied by the number of work-items assigned to the same
GPU core.

OpenCL supports programming idioms by which these different memories
are referenced. Since different devices have different on-chip memory struc-
tures, OpenCL must define a set of generalized abstractions that can be
mapped to different device technologies.

OpenCL defines global memory as memory accessible by all processor
cores. Global memory is usually the off-chip RAM. Global memory has
the largest capacity, is globally accessible to all work-items in the kernel,
but has the highest latency. The OpenCL keyword “global” is used as a
prefix to specify a pointer that points to global memory.
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Despite OpenCL’s objective of being an opaque abstraction for programming
coprocessor devices, there are some technology-specific elements that exist in
the language. These elements have a lineage that traces back to GPUs. One of
these is the concept of constant memory. Many GPUs include a memory path-
way that is specifically designed for high bandwidth retrieval of read-only
graphical texture data that are painted over 3D rendered objects. This area
of the memory space can be initialized by the host but not written by the
device. In OpenCL, a pointer declared with the “constant” keyword points
to data in this memory space. Constant memory is physically stored in global
memory but it can be optimized for high bandwidth read access.

In OpenCL, local memory refers to program-controlled on-chip scratchpad
memory, and is specified when declaring a pointer or array using the
“local” prefix. Local memory has limited capacity, is shared by all
work-items within a single workgroup, and has a lower latency than global
memory. Local memory can be allocated at runtime by declaring a local
array in the kernel function or in the host by using the clSetKernelArg()
function (described below).

The programmer can also declare a variable or small array to be allocated in
private memory that is private to an individual work item. Private variables
are generally mapped to registers.

Table 5.1 summarizes the device memory types for a typical GPU, although
in theory all of these memory types are abstractions and can have different
meanings on different device technologies.

54.2 Kernel parameters

The programmer must set three primary parameters that affect determine
how workload is distributed:

Table 5.1 Summary of Device Memory Types

Declaration

Prefix Where Allocated Capacity Speed Sharing Usage

global On board (off-chip) Large Slow All work items in all Top-level input and
DRAM memory workgroups output arrays

constant On board (off-chip) Device- Device- All work items in all Read-only input
DRAM memory specific specific workgroups arrays

shared On-chip SRAM Small Fast Local to each Intermediate arrays

workgroup
private On-chip registers Very Very fast Local to each work Intermediate scalars
small item
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m  Number of workgroups (referred to as “NWG”)

For most GPUs, the unit of workload assigned to processor cores is the
workgroup. This means that the programmer must instantiate at least as
many workgroup as cores in order to take advantage of multicore
parallelism. As described above, the workgroup also has implications for
the memory system, since only work-items within the same workgroup
can share on-chip memory. Having too may workgroups will thus limit data
sharing and may also add scheduling overhead.

m  Work group size (referred to as “WGS”)

The workgroup size, or number of work-items per workgroup, affects the
number of instructions executed per work-item invocation. Having too
few work-items may limit the number of work-items that the GPU can
map on parallel SIMD lanes or limit the pool of ready work-items available
to hide the latency of other work-items. Having too many work-items might
result in work-items executing so few instructions that their dispatch over-
head outweighs their performance benefit. The workgroup size has an upper
limit as determined by the hardware but can be limited further by register
and shared memory usage of the kernel.

m  Work-item vector size (referred to as “VS”)

The programmer can explicitly vectorize the OpenCL kernel, much like as
described in Chapter 2 for ARM NEON instructions. This is less necessary
for desktop and server GPUs since they are more effective at abstracting the
vectorization from the programmer, while embedded GPUs may still benefit
from this.

For a simple kernel like the Horner example, the product of
NWG x WGS x VS determines the minimal number of elements processed
by the kernel. If this number is less than the dataset, the kernel will need a loop.

The programmer can get hints for setting these parameters by invoking
certain queries to the platform layer.

For example, the programmer can use c1GetDeviceInfo() to report the
maximum number of work items supported by the hardware in each of
the three workgroup size dimensions (x, y, z):

ret = clGetDeviceInfo(device[DEVICE],
CL_DEVICE_MAX_WORK_ITEM_ SIZES,

3*sizeof(size_t),
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work_item_sizes,&return_size);
CHECK_STATUS(ret);
printf("CL_DEVICE_MAX_WORK_ITEM_SIZES: %d,%d,%d\n",
work_item sizes[0], work_item sizes[1], work_item sizes[2]);
This information varies per device. For example, on the OpenCL platform
for the Imagination Technologies PowerVR 544 GPU, the maximum work-
group size is only one. The OpenCL platform for the ARM Mali T628

reports a maximum size of 256, 256, 256. The OpenCL platform for the
NVIDIA K20X GPU (a server GPU) reports 1024, 1024, 64.

The programmer can use c1GetDeviceInfo() to determine the device’s
preferred vector width:

ret =clGetDevicelInfo(device[DEVICE],
CL_DEVICE_PREFERRED_VECTOR_WIDTH_FLOAT,
sizeof(cl_uint),&vecwidth,&return_size);

printf("CL_DEVICE_PREFERRED_VECTOR_WIDTH_FLOAT: \t%d",

vecwidth);

This information also varies per device. The ARM Mali reports four, while
the NVIDIA K20X reports one. This implies that the ARM Mali benefits
from the explicit vectorization of the kernel while the server GPU is able
to dynamically map scalar operations on individual work items to the SIMD
lanes in the hardware.

The programmer can use c1GetDeviceInfo() to determine the number of
processor cores on the CPU:

ret =clGetDevicelInfo(device[DEVICE],
CL_DEVICE_MAX_COMPUTE_UNITS,
sizeof(cl_uint),&maxComputelnits,
&return_size);

CHECK_STATUS(ret);

printf("CL_MAX_COMPUTE_UNITS:\t%d\n ", maxComputeUnits);

The ARM Mali has four compute units on each of its two devices, while the
NVIDIA K20X has 14 compute units.
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Related Functions:

cl_int clGetDevicelnfo(cl_device_id device,
cl_device_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size ret)

Get information about an OpenCL device.

543 Kernel vectorization

OpenCL kernel code uses an elegant way to explicitly perform SIMD arith-
metic. Instead of intrinsic functions as required for ARM NEON as
described in Chapter 2, the OpenCL compiler will automatically generate
SIMD instructions for any normal arithmetic operation when one or more
operands are of a SIMD type. These SIMD types can be as large as 16
elements.

Consider the following example variable declarations and operations:
float4 a,b;
float c;
a=a*bh;
b=a*c;

The variables a and b will be 4-element floating-point vectors. This code
will result in a being computed as an element-wise vector product of a
and b, that is,

a <= {a[3]*b[3] a[2]*b[2] a[1]*b[1] a[0]*b[O]},

while b will be computed as the product of each element of b and the scalar
value c, that is,

b = {a[3]*c a[2]*c a[1]*c a[0]*c}.

For variables declared using a SIMD type, individual elements of floating-
point vector types can be referenced as:

<name >.s0 (element 0)

<name >.s1 (element 1)
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<name >.se (element 14)

< name >.sf (element 15)

You can even reference subsets of a vector, using for example

<name >.s02 (elements 0 and 2 concatenated)

<name >.s441 (two copies of element 4 concatenated with element 1)

OpenCL includes function primitives that perform vector operations on var-
iables declared using SIMD datatypes, such as distance(), dot(), and normal-
ize(), which evaluate to the distance between to vectors, dot product of two
vectors, and the normalized form of a vector.

In the kernel code there are various functions to determine the number of
work-items, number of workgroups, and offsets, such as:

size_t get global id(uint D) get global work item number for
dimension D

size_t get local id(uint D) get local work item number for
dimension D

size_t get_global size(uint D) get global size for dimension D
size_t get local size(uint D) get local size for dimension D
size_t get_global offset(unint D) get global offset for dimension D

Related Functions:

cl_int clGetDevicelnfo(cl_device_id device,
cl_device_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size ret)

Get information about an OpenCL device.

544 Parameter space for Horner kernel

The input and output arrays of the Horner kernel are 1D, each comprising
N bytes, interpreted as an array of N/4 floating-point values.

The input array is likely to be too large to associate one element with one
work item. In this example there are 32 million elements and the maximum
workgroup size is 256 x 256 x 256 = 16 million. Even if it were possible to
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M FIGURE 5.2 Hierarchical workload distribution for the example kernel.

associate one element per work item, the program would likely not be able to
exploit multicore parallelism.

As such, the programmer must choose the workgroup size (WGS), number
of workgroups (NWG), and kernel vector size (VS).

Figure 5.2 shows how each of these parameters affects the hierarchical way
the workload associated with the input data is subdivided among the
work items.

The top of the figure shows x, the input array. The array is evenly divided
into each of the workgroups, which themselves are divided into work items.
Each work item can optionally processes input elements using vector oper-
ations and/or a for-loop.

The number of iterations performed by the for-loop is a function of the
values N, WGS, NWG, and VS. In other words, if N/4 <NWG x WGS x VS,
then the for-loop within the work-items balances out the work load by
looping through N/(4 x NWG x WGS x VS) iterations.
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545 Kernel attributes

The programmer declares the kernel function using the kernel prefix.
Between this prefix and the return type of kernel function, the programmer
can use the “__artribute(())” qualifier to set attributes that can provide hints
to the kernel compiler.

For example, consider the following kernel declaration:
kernel
__attribute((reqd_work_group_size(8,8,1)))
void naive_opencl (global float *x,

global float *d,
global float *coeff) {

The reqd_work_group_size attribute specifies the work group size that the
programmer must use when dispatching the kernel. This is essentially a
promise that the programmer makes to the compiler, which allows the com-
piler to optimize the code appropriately.

546 Kernel dispatch

The host typically performs the following steps before and after kernel
dispatch:

1. set the kernel arguments (call c1SetKernelArg())
2. optionally transfer the input data into the device’s memory (call
clEnqueueWriteBuffer() by referencing the input buffers previously

created with c1CreateBuffer()) (note that the example uses the
CL_MEM_COPY_HOST_PTR option in c1EnqueueWriteBuffer(), which

allows it to avoid this step)

3. set the workgroup size, number of workgroups and execute the kernel
(call cI[EnqueueNDRangeKernel())

4. transfer the output data to host memory (call c/EnqueueReadBuffer() by
referencing the output buffers previously created with c/CreateBuffer())

In Practice:

One potentially confusing aspect of kernel dispatch is the managing of the
kernel’s input and output arrays. Each of these arrays is referenced by its
pointer in host memory (usually obtained from a call to malloc()), as well
as a corresponding ¢/ _mem object that serves as a handle to the correspond-
ing OpenCL buffer (obtained from a call to c/CreateBuffer()).

The kernel function expects to receive pointers to each of these arrays as
arguments but these pointers will be different from the ones allocated on
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the host. To reconcile this difference, the host will send the kernel a refer-
ence to each corresponding ¢/ _mem object.

In other words, the host calls cISetKernelArg() for each of the kernel’s
corresponding arguments. Some of these may be scalars, but for each
array argument the host will pass its corresponding ¢/_mem object. Note
that the host must pass each argument to clSetKernelArg() by reference
as a void pointer, but the kernel receives a de-referenced version of each
argument. Also note that clSetKernelArg() assigns each actual argument
value to each of the kernel’s formal arguments according to the order in
which the formal arguments are listed in the kernel function (see the second
argument value of clSetKernelArg(), which specifies the formal argument
by its relative position in the kernel’s argument list).

For example, the arguments of the example kernel prototype:
kernel void example_kernel(global float* invals,
global float* outvals, intn)

...could be assigned on the host with:
c1SetKernelArg(my_kernel, 0, sizeof(cl_mem),
(void*)&inval_buffer);
clSetKernelArg(my_kernel, 1, sizeof(cl_mem),
(void*)&outval_buffer);
clSetKernelArg(my_kernel, 2, sizeof(cl_mem),
(void*)&n);

...where inval_bufferand outval_buffer are declared as c1_mem objects
and n is declared as int.

To dispatch the kernel, the host calls c1EnqueueNDRangeKernel (), whose
arguments specify the workgroup size and number of workgroups.

After the kernel completes execution, the host must call c/EnqueueReadBuf-
fer() to transfer the kernel’s output arrays back to the host.

Related Functions:

cl_int clSetKernelArg (cl_kernel kernel,
cl_uint arg index,
size_t arg_size,
const void *arg value)

Used to set the argument value for a specific argument of a kernel.
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cl_int clEnqueueWriteBuffer (cI_command_queue command_queue,
cl_mem buffer,
cl_bool blocking write,
size_t offset,
size_t cb,
const void *ptr,
cl_uint num_events_in_wait _list,
const cl_event *event_wait _list,
cl_event *event)
Enqueue commands to write to a buffer object from host memory.
cl_int clEnqueueNDRangeKernel (cl_command_queue command_queue,
cl_kernel kernel,
cl_uint work_dim,
const size_t *global work_offset,
const size_t *global _work_size,
const size_t *local_work_size,
cl_uint num_events_in_wait_list,
const cl_event *event_wait_list,

cl_event *event)
Enqueues a command to execute a kernel on a device.

cl_int clEnqueueReadBuffer (cl_command_queue command_queue,
cl_mem buffer,
cl_bool blocking read,
size_t offset,
size_t cb,
void *ptr,

cl_uint num_events_in_wait _list,
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const cl_event *event_wait_list,

cl_event *event)
Enqueue commands to read from a buffer object to host memory.
cl_int clFinish (cl_command_queue command_queue)

Blocks until all previously queued OpenCL commands in a command queue
are issued to the associated device and have completed.
cl_int clGetEventProfilinglnfo (cl_event event,

cl_profiling info param_name,

size_t param_value_size,

void *param_value,

size_t *param_value_size ret)
Returns profiling information for the command associated with event if pro-
filing is enabled.
Required Definitions/Declarations:

The following definitions will provide the input size (in bytes), the kernel
vector size, the work group size (assuming 1D workgroups), the number
of workgroups (assuming 1D array of workgroups), and the device number.

In this example, the number of workgroups is maximized by setting to N/(4
X VS x WGS). This will cause each work item to perform only one loop

iteration.
fdefine N 1024*1024*128
ftdefine VS 4
Jidefine WGS 256
ftdefine NWG N/ (4*VS*UWGS)
fidefine DEVICE 1

localSize and globalSize are 1D arrays that specify the workgroup size
and number of workgroups to the platform layer.

localSize directly determines the workgroup size, while globalSize
determines the total number of work-items. The number of workgroups is
thus implied as globalSize/localSize.
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size_t lTocalSize[1] = {WGS};
size_t globalSize[1] = {NWG*WGS};
struct timeval start, end;
Example Code:
ret = c1SetKernelArg(kernel, 0, sizeof (inputBuffer),
&input Buffer);
CHECK_STATUS(ret);
ret = c1SetKernelArg(kernel, 1, sizeof (outputBuffer),
&outputBuffer);
CHECK_STATUS(ret);
ret = c1SetKernelArg(kernel, 2, sizeof (coeffBuffer),
&coeffBuffer);
CHECK_STATUS(ret);

Since this was the last step before invoking the kernel, timing code to instru-
ment the kernel execution. Note that c1EnqueueNDRangeKernel () is asyn-
chronous, meaning that it returns immediately after enqueuing the kernel.
The clFinish() function will block until the kernel has completed execution,
so the program can assume that the c1EnqueueNDRangeKernel () marks the
beginning of kernel execution and ¢1Finish() marks the end of kernel exe-
cution. Note that this time does not necessarily include the time to transfer
the input and output data between the host and device.

gettimeofday(&start, NULL);

ret = c1EnqueueNDRangeKernel (queue, kernel,1,0,
globalSize,localSize,0,0,&horner);

CHECK_STATUS(ret);

ret = clFinish(queue);

CHECK_STATUS(ret);

gettimeofday(&end, NULL);

float ndrangeDuration = (end.tv_sec +end.tv_usec * le-6) -
(start.tv_sec+start.tv_usec *le-6);

float gflops = (float)(N/4 * 14) / ndrangeDuration / 1.0e9;
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Since the code enabled profiling support when creating the command queue,
the OpenCL runtime will return the kernel’s execution time (note that the
host code also uses its own timing to):
ret = clGetEventProfilingInfo(horner,
CL_PROFILING_COMMAND_START,
sizeof(cl_ulong),&start_t,
&return_size);
CHECK_STATUS(ret);
ret = clGetEventProfilingInfo(horner,
CL_PROFILING_COMMAND_END,
sizeof(cl_ulong),&end_t,
&return_size);
CHECK_STATUS(ret);
float runtime = (float)(end_t - start_t) / 1.0e9;
The kernel must also retrieve the output array of the kernel using
clEnqueueReadBuffer() for validation using a CPU-based verification

routine as in Chapter 2 (the verify() function is also shown in
Section 5.5.1).

Notice the third argument to clEnqueueReadBuffer, blocking_read,
which is set to CL_TRUE to prevent the function from returning until the copy
completes.

ret = c1EnqueueReadBuffer (queue,outputBuffer,CL_TRUE,
0,N,d,0,0,0);

CHECK_STATUS(ret);

verify(x,d);

And finally de-allocate the arrays and shut down the OpenCL runtime:

free(x);

free(d);

ret = clReleaseMemObject(coeffBuffer);

CHECK_STATUS(ret);
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ret = c1ReleaseMemObject(inputBuffer);
CHECK_STATUS(ret);

ret = cTReleaseMemObject(outputBuffer);
CHECK_STATUS(ret);

ret = c1ReleaseKernel(kernel);
CHECK_STATUS(ret);

ret = c1ReleaseProgram(program);
CHECK_STATUS(ret);

ret = c1ReleaseCommandQueue(queue);
CHECK_STATUS(ret);

ret = c1ReleaseContext(context);

CHECK_STATUS(ret);

5.5 OPENCL IMPLEMENTATION OF HORNER'S
METHOD: DEVICE CODE

Begin with the kernel parameters, which must match the corresponding
parameters in the host code:

ftdefine N 1024*1024*128
fdefine VS 4

ftdefine WGS 256

ftdefine NWG N/ (4*VS*WGS)

The top-level kernel function must have the “kernel” prefix, its name
match the name specified in the c1CreateKernel () call, and its arguments
must match those specified in the c1SetKernelArg() calls:

kernel void horner (global float *x, global float *d,
global float *coeff) {

The kernel requires two local variables to hold intermediate values. By
default, local variables are private and are allocated in registers.

The first, temp, holds each coefficient and the partial sums when evaluating
the polynomial. The other, xtemp, holds the input value, x.
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Both these variables must match the vector size of the kernel. Thus, these
variables are declared differently in five different versions of the kernel, cor-
responding to vector size 1, 2, 4, 8, and 16:

For VS=1

float temp,xtemp;
For VS =2

float2 temp,xtemp;
For VS =4

float4 temp,xtemp;
For VS=8

float8 temp,xtemp;
For VS=16

floatl6 temp,xtemp;

Using preprocessor directives it is possible to avoid having to maintain one
version of the kernel code for each vector size:

fHEVS ==

float temp,xtemp;
#elif VS ==

float2 temp,xtemp;
felif VS ==

float4 temp,xtemp;
felif VS ==

float8 temp,xtemp;
ffelif VS == 16

floatl6 temp,xtemp;
ffendif

Next, the kernel needs to declare integers for both the loop iterator and the
start and end indices for which the loop will cover. Note that these variables
default to the “private” OpenCL storage class.

Since the kernel will operate over vectors of size VS, all vector load and
store operations must assume an element size of 4 x VS. For example, for
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VS =4, the kernel will operate over 16-byte values, so all indexing opera-
tions must be divided by this value.

Declare and initialize these integers as shown below:
int i,
start = get_global_id(0) * N/ (4*NWG*WGS*VS),
end = (get_global_id(0)+1) * N/ (4*NWG*WGS*VS);

The kernel’s main loop, which will iterate if N/(4 x NWG x WGS x VS)
times, begins:

for (i=start;i<end;i++) {

The loop body begins by loading the element(s) of x into xtemp. OpenCL
requires the use of special load and store intrinsics for vectors, so use pre-
processor commands to differentiate the behavior for a given vector size:

#if VS ==

xtemp = x[11];
felif VS ==2

xtemp = vload2(i,x);
felif VS ==14

xtemp = vload4(i,x);
felif VS ==8

xtemp = vload8(i,x);
felif VS == 16

xtemp = vloadl6(i,x);
ffendif

The main computational portion of the loop body can be written in a way
that is generalized for any vector size. The code begins by loading VS copies
of the first coefficient into temp:

temp = coeff[0];

The OpenCL mad(a,b,c) intrinsic is compatible with vector types and per-
forms the operation a X b+c.

This intrinsic can multiply the previous partial sum—initially the first
coefficient—by x, add the next coefficient to the sum, and store the result
back to temp. Unroll this “loop” to avoid the need to an inner loop:

temp = mad(temp,xtemp,coeff[1]);
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temp = mad(temp,xtemp,coeff[2]);
temp = mad(temp,xtemp,coeff[3]);
temp = mad(temp,xtemp,coeff[4]);
temp = mad(temp,xtemp,coeff[5]1);
temp = mad(temp,xtemp,coeff[6]);
temp = mad(temp,xtemp,coeff[7]);

The kernel must store the final value of temp back to the d-array. This line
depends on the vector size, so as before use preprocessor to differentiate the
code’s behavior depending on the value of VS:

#if Vs ==
d[i] = temp;
felif VS == 2
vstore2(temp,i,d);
fe1if VS ==
vstored4(temp,i,d);
fe1if VS ==

vstore8(temp,i,d);
ffelif VS == 16
vstorel6(temp,i,d);
ffendif
}
}

5.5.1 Verification

As in Chapter 2, when developing and characterizing a tuned kernel imple-
mentation, the program should validate the results a trusted implementation
of the same operation.

int verify (float *x,float *d) {
inti,j;
float error;

float *d_test;
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float coeff[8] = {1.2f,1.4f,1.6f,1.8f,2.0f,2.2f,2.4f,
2.6f};

d_test = (float *)malloc(N);
if (ld_test) {
perror("malloc() inverify()");
return 0;
}
for (i=0;1<N/4;i++) {
d_test[i]=coeff[0];
for (j=1;j<8;j++) {
d_test[il*=x[i];
d_test[il+=coeff[jI;
}
error = fabs(d[i]-d_test[i])/d_test[i];
if (error >1.0e-2) {
printf("verificationerror,\
d_test[%d]1=%0.2e,\
d[%d1=%0.2e,\
error5%0.2f%%\n",
i,d_test[i],i,d[i],
error*1l.0e2);
free(d_test);

return 0;

}
printf("results verified\n");
free(d_test);

return1;
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5.6 PERFORMANCE RESULTS

One surprising result from running the example code is that the performance
measured using getttimeofday () is substantially less—indicating as little
as half the performance in Gflops—than the performance measured using
OpenCL profiling.

When using gettimeofday(), the program begins measuring immediately
before the call to c1EnqueueNDRangeKernel (), so there is an assumption
that the kernel begins execution soon after calling this function. Latency
between when the kernel is enqueued and when it begins execution on
the device will cause this perceived performance difference.

56.1 Parameter exploration

The values of the WGS, NWG, and VS parameters affect kernel perfor-
mance. To examine the impact of each parameter separately, hold two
parameters constant while varying the other.

5.6.2 Number of workgroups

The OpenCL runtime reports that both of the Mali T628 GPU devices on

the ODROID-XU3 board contains four compute units, as reported by
clGetDeviceInfo() with the CL_DEVICE_MAX_COMPUTE_UNITS option.

The kernel has little potential for load imbalance, having a uniform loop iter-
ation count and lack of if-statements. Given this, it may be reasonable to
conclude that there is no advantage to instantiate more than four work-
groups, since four workgroups would utilize all available multicore
parallelism.

Table 5.2 shows the performance results, as reported by the OpenCL pro-
filer, with

Table 5.2 Kernel Performance for
N=128 MB, WGS =256, VS=4

NWG Kernel FP Throughput (Gflops)
4 0.6
2048 5.8
4096 6.3
8192 7.1
16,384 14.4

32,768 15.6
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WGS =256, the maximum number in one dimension for the kernel
(as reported by clGetKernelWorkGrouplnfo() with
CL_KERNEL_WORK_GROUP_SIZE),

VS =4, the preferred vector size for the device (as reported by
CL_DEVICE_PREFERRED_VECTOR_WIDTH_FLOAT,
sweeping NWG from 4 to 32,768 (the maximum for N =128 MB).

The results show that performance improves as the number workgroups is
increased. For this test the maximum performance is 15.6 Gflops, achieved
with the 32,768 workgroups, which indicates that the number of compute
units has no effect on the ideal number of workgroups.

Recall that in Chapter 2, the same kernel executed on four ARM Cortex A15
cores running at 2.23 GHz with the most highly tuned implementation
achieved 17.8 Gflops. Note that these results were obtained on the NVIDIA
Jetson TK1, which is a larger, more substantial platform than the ODROID-
XU3.

56.3 Workgroup size

Workgroup size affects how effectively the GPU core can hide the latency of
instructions from individual work-items.

Table 5.3 shows the performance results, as reported by the OpenCL
profiler, with:

NWG=N/(4 x VS x WGS), the maximum possible value such that the
kernel’s for-loop executes only one iteration and the best-performing
setting from the previous test,

VS =4, the preferred vector size for the device (as reported by
CL_DEVICE_PREFERRED_VECTOR_WIDTH_FLOAT,

sweeping WGS from 1 to 256.

Table 5.3 Kernel Performance for
N=128 MB, NWG=N/(4 x VS x WGS), VS=4

WGS Kernel FP Throughput (Gflops)
1 6.9

16 13.8

32 13.9

64 13.8

128 15.3

256 15.6
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Table 5.4 Kernel Performance for

N=128 MB, NWG =N/(4 x VS x WGS),

WGS =256

Vs Kernel FP Throughput (Gflops)
1 4.8

2 9.4

4 15.6

8 15.5

16 14.7

For this test, the maximum performance is again 15.6 Gflops, which is
achieved for the maximum workgroup size of 256, matching the same
parameters from the last row of the previous table.

564 Vector size

Regardless of the native width of the GPU’s SIMD functional units, using
wider vectors in the kernel may provide the GPU architecture more oppor-
tunity for exploiting data-level parallelism.

Table 5.4 shows the performance results, as reported by the OpenCL pro-
filer, with

m NWG=N/4 x VS x WGS), which is the maximum possible, such that
the kernel’s for-loop executes only one iteration.

m  WGS =256, the best-performing setting for this parameter was
determined by the previous test.

m sweeping VS from 1 to 16.

The performance exhibits an increasing trend from VS=1to VS=4 and a
decreasing trend from VS =4 to VS =16. The maximum performance is at
VS=4 with 15.6 Gflops, achieved with the same parameters as in the
previous test.

5.7 CHAPTER WRAP-UP

This chapter introduces OpenCL, an openly defined framework for devel-
oping and dispatching general purpose programs to a slave-type coprocessor
such as a GPU. OpenCL is adopted by several CPU, GPU, FPGA, and DSP
manufacturers, allowing programs written in OpenCL to be portable across
a wide range of diverse embedded and high-performance processing
technologies.
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OpenCL is already well-known in the high-performance computing area but
is arguably more important for embedded systems, which often relies on
coprocessors to meet real-time performance constraints such as real-time
video compression for smart phones or computer vision algorithms for
robots.

Unlike OpenMP, which only requires a few additional lines of code to con-
vert a serial program into a parallel program, OpenCL is more verbose but it
gives the programmer fine grain control over memory allocation and
movement.

Writing OpenCL programs requires code at the platform level and
kernel level.

At the kernel level, the programmer must identify the applications’
kernels—the loops that account for nearly all execution time—and adapt
them for execution on the coprocessor device. This requires the programmer
isolate the loops in separate source files and transform them into an explic-
itly data-parallel form in which the outermost loop iterations are mapped to
hierarchical work sharing constructs known as workgroups and work items.

OpenCL kernel code provides many opportunities for optimization, such as
explicitly allocating and managing program-controlled on-chip memories,
usage of SIMD intrinsics, and adjusting the granularity of parallelization.
OpenCL also provides a mechanism for parameterizing kernels—by adjust-
ing workgroup and vector size—to tune to specific architectures.

At the platform level, the programmer must manage the initialization, com-
munication, and synchronization of the devices, allocate device memory,
and compile the kernel code at runtime.

This chapter provides a running example in which the Horner’s method pro-
gram from Chapter 2 is adapted into the OpenCL framework for an embed-
ded GPU. The code is tested on the ARM Mali T628 embedded GPU, which
achieves an effective performance of 15.6 Gflops.

EXERCISES

1. Write an OpenCL kernel to measure the actual memory bandwidth of the
coprocessor. Use one work item per workgroup with 1024 workgroups.
Each work item should use the vioadl6() and vstorel 6() functions to
copy a block of data from one location to another. How does the
coprocessor’s bandwidth compare to that of the host CPU?

2. Plotthe performance of the Horner example described in this chapter with
WGS =1, NWG=N/(4 x VS x WGS), and with VS={1,2, 4, 8, 16}.
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3. Change the Horner example such that the coefficient array is allocated in
local memory. How does this impact the performance results from
Tables 5.2-5.4.

4. Use OpenCL to implement the image transformation example from
Chapter 3. Use fixed-point datatypes. Write the kernel such that it uses
SIMD operations to calculate the interpolated values for 16 destination
pixels in parallel. Invoke the kernel for all the pixels simultaneously.
Calculate the resultant performance in frames per second and compare
to that of your embedded CPU.

5. Use OpenCL to implement the Mandelbrot set generator from Chapter 3.
Use floating-point datatypes. Write the kernel such that it calculate the
color value for a particular pixel given its coordinates and the x- and y-
range. Invoke the kernel for all the pixels simultaneously. Calculate the
resultant performance in frames per second and compare to that of your
embedded CPU.

6. Use OpenCL to implement the tiled Sobel filter from Chapter 4. Copy
the entire frame to the device memory before dispatching the kernel.
Begin by processing each output pixel with each work item. Then
change the code such that each work item processes one tile. Finally,
change the kernel such that it buffers each input tile in local memory
before processing it. What is the achieved performance in Gflops in each
of these three cases?
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Adding PMU support to
Raspbian for the Generation 1
Raspberry Pi

The Linux kernel included in the Raspbian Linux distribution through its
December 2014 release does not support for the ARM11 Performance Mon-
itoring Unit through Linux’s perf_event API. Fortunately, it is relatively
easy to patch the kernel to enable this feature. This patch was developed
by Chad Paradis and Vincent M. Weaver of the University of Maine.

To check to see if your kernel supports perf_event, check to see if the direc-
tory /sys/bus/event_sourcel/devices contains any files except from “break-
point” and “software.” On the Raspberry Pi, the existence of the
symbolic link named “v6” indicates support for perf_event.

To enable support you must make a minor change to two kernel source files
and recompile the kernel. Compiling the Linux kernel requires an unreason-
able amount of time if performed on the Raspberry Pi itself, so it is best to do
this by cross-compiling on a capable Linux workstation.

A.1 DOWNLOAD THE LINUX KERNEL AND

CROSS-COMPILER TOOLS
The Raspbian kernel is available for download on GitHub at https://
github.com/raspberrypi/Tinux.git. You should download the same

kernel version as currently running on your Raspberry Pi. You can check
your kernel version using the uname -a command on the Raspberry Pi.

This kernel repository is usually several versions ahead of the kernel
installed in the latest version of Raspbian, but you can use the “git clone”
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command to download a specific branch of the source code using a com-
mand such as:

git clone-branch rpi-3.12.y
https://github.com/raspberrypi/Tinux.git

You can download the ARM cross-compiler toolchain for Intel-based work-
stations at https://github.com/raspberrypi/tools.git.

A.2 KERNEL MODIFICATIONS

In the kernel source code, open the file arch/arm/mach-bcm2708/
bcm2708.c. At (or around) line 468, add the following code:

static struct platform_device bcm2708_pmu_device = {
.name = "arm-pmu",
.id=-1, /*0Only one */
b
In the function bcm?2708_init(), after the following line of code:
bcm_register_device(&bcm2708_powerman_device);
...add:
bcm_register_device(&bcm2708_pmu_device);

Next, open the file arch/arm/kernel/perf_event_cpu.c. In the cpu_pmu_re-
quest_irqg() function, change the following code:

if (irgs<1) {
pr_err("no irqgs for PMUs defined\n");
return -ENODEV;
}
...to:
if (irgs<1) {

printk_once("no irqs for PMUs defined, disabling
sampled events\n");

return0;
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A.3 BUILDING THE KERNEL

On your workstation, define the CCPREFIX environment variable to:

“<tools directory root>/arm-bcm2708/arm-bcm2708-1inux-gnueabi/
bin/arm-bcm2708-1inux-gnueabi-"

Next, define the KERNEL SRC environment variable to the root of your
kernel source code.

Copy and decompress your Raspberry Pi’s current kernel build configuration
to the kernel source directory with the filename ““.config”. The kernel config-
uration is stored in the compressed file /proc/config.gz on the Raspberry Pi.

You can use the “zcat” command to perform the decompression, that is,
zcat config.gz > $KERNEL_SRC/.config

Change to the root of the kernel source and issue the following command,
which will ensure that the .config file is correct. Due to minor version dif-
ferences between your current kernel and the downloaded kernel, this com-
mand may prompt you for a few build options. If so, just push enter to accept
the default responses.

make ARCH=arm CROSS_COMPILE=${CCPREFIX} oldconfig

Use the following command to build the kernel. This step may take a sig-
nificant amount of time.

make ARCH=arm CROSS_COMPILE=${CCPREFIX}
Use the following command to build the modules.
make ARCH=arm CROSS_COMPILE=${CCPREFIX} modules

Finally, on the Raspberry Pi itself, issue the following command in Linux
kernel source root. This will install the modules.

make modules_install

A4 INSTALLING THE KERNEL

The new kernel image will be located in the kernel source at arch/arm/boot/
zImage. Copy this file to /boot/kernel.img and reboot.

After the reboot, re-check the /sys/bus/event_source/devices directory for
perf_event support.
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NEON intrinsic reference

The arm_neon.h header file defines 102 data types and 2009 intrinsics that
allow the programmer to explicitly encode support for ARM NEON instruc-
tions in high-level source code. To use an intrinsic, the programmer needs
only to call a specific function, but intrinsics are not normal functions. Each
intrinsic is defined as an inline function that acts as a wrapper around a built-
in compiler command that forces the compiler’s back-end to emit a specific
instruction (often along with supporting instructions).

This appendix provides additional details on ARM NEON intrinsics beyond
that provided in Chapter 2. Interested readers should refer to the actual
header file, located in /usr/lib/gcc/arm-linux-gnueabihf] <version>/
include, as well as ARM’s documentation for additional details on NEON
programming.

B.1 VECTOR DATA TYPES

Tables B.1-B.9 list the types defined in arm_neon.h. NEON intrinsics sup-
port 64-bit and 128-bit (“quad’-size) vectors comprised of signed and
unsigned integers and floating-point values.

Intrinsics that use 64-bit (double word) vectors have no suffix, while those
that use 128-bit (quad-word) vectors require a g-suffix that typically appears
after the operation mnemonic and before the element type specifier. For
example:

= the vmul_s8 intrinsic performs a pairwise multiply two 64-bit vectors,
each comprised of eight 8-bit signed integers of type int8x8 t

= the vmulq_s8 intrinsic (with the g-suffix) performs a pairwise multiply
two 128-bit vectors each comprised of sixteen 8-bit signed integers of
type int8x16_t.

NEON also supports special integer vectors called polynomials. Polynomial
elements are stored in integer format, but bit carries are disabled whenever
an arithmetic operation uses polynomial input and output operands. As such
all additions are replaced with bitwise XOR operations.
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Table B.1 NEON Types Having 8-Bit Integer Elements

Signed Unsigned Elements Total Bits
1D types

int8x8_t uint8x8_t 8 64
int8x16_t uint8x16_t 16 128
2D types

int8x8x2_t uint8x8x2_t 8x2 128
int8x8x3_t uint8x8x3_t 8x3 192
int8x8x4_t uint8x8x4_t 8x4 256
int8xl6x2_t uint8x16x2_t 16 x2 256
int8x16x3_t uint8x16x3_t 16x3 384
int8x16x4_t uint8x16x4_t 16 x4 512
Table B.2 NEON Types Having 16-Bit Integer Elements

Signed Unsigned Elements Total Bits
1D types

intléx4_t uint16x4_t 4 64
int16x8_t uint16x8_t 8 128
2D types

intléx4x2_t uint16x4x2_t 4x2 128
intl6x4x3_t uint16x4x3_t 4x3 192
intlex4x4_t uint16x4x4_t 4x4 256
intl6x8x2_t uint16x8x2_t 8x2 256
intl6x8x3_t uint16x8x3_t 8x3 384
intl6x8x4_t uint16x8x4_t 8x4 512
Table B.3 NEON Types Having 32-Bit Integer Elements

Signed Unsigned Elements Total Bits
1D types

int32x2_t uint32x2_t 64
int32x4_t uint32x4_t 128
2D types

int32x2x2_t uint32x2x2_t 2x2 128
int32x2x3_t uint32x2x3_t 2x3 192
int32x2x4_t uint32x2x4_t 2x4 256
int32x4x2_t uint32x4x2_t 4x2 256
int32x4x3_t uint32x4x3_t 4x3 384
int32x4x4_t uint32x4x4_t 4x4 512




‘ Table B.4 NEON Types Having 64-Bit Integer Elements
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Signed Unsigned Elements Total Bits
1D types

int64xl_t uint64x1_t 1 64
int64x2_t uint64x2_t 2 128
2D types

int64x1lx2_t uint64x1x2_t 1x2 128
int64x1x3_t uint64x1x3_t 1x3 192
int64x1x4_t uint64x1x4_t 1x4 256
int64x2x2_t uint64x2x2_t 2x2 256
int64x2x3_t uint64x2x3_t 2x3 384
int64x2x4_t uint64x2x4_t 2x4 512
Table B.5 NEON Types Having 8-Bit Polynomial Elements

Type Elements Total Bits

Primitive types

poly8_t 1 8
1D types

poly8x8_t 8 64
poly8x16_t 16 128
2D types

poly8x8x2_t 8x2 128
poly8x8x3_t 8x3 192
poly8x8x4_t 8x4 256
poly8x1l6x2_t 16 x2 256
poly8x16x3_t 16x3 384
poly8x16x4_t 16 x4 512

For example, multiplying 3 x 3 in binary requires the addition of two partial
products, 3 (011,) and 6 (110,), but when performed as polynomial values
the result is 5 (011, XOR 110,=101,).

NEON also supports small matrix types having up to 16 columns and
4 rows. Variables of these types are only used for special 2D “reordering”
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Table B.6 NEON Types Having 16-Bit Polynomial Elements ‘
Type Elements Total Bits

Primitive types

polylé_t 1 16
1D types

polyléx4_t 4 64
polyléex8_t 8 128
2D types

polyléx4x2_t 4x2 128
polyléx4x3_t 4x3 192
polyléx4x4_t 4x4 256
polylé6x8x2_t 8x2 256
polyl6x8x3_t 8x3 384
polyl6x8x4_t 8x4 512

Table B.7 Other NEON Polynomial Types
Type Elements Total Bits

Primitive types

poly64_t 1 64
polyl28_t 1 128
1D types

poly64x1_t 1 64
poly64x2_t 2 128
2D types

poly64x1x2_t 1x2 128
poly64x1x3_t 1x3 192
poly64x1x4_t 1x4 256
poly64x2x2_t 2x2 256
poly64x2x3_t 2x3 324
poly64x2x4_t 2x4 512
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Table B.8 NEON Types Having 16-Bit (Half Precision) Floating-Point

Elements
Type Elements Total Bits
floatl6x4_t 4 64

Table B.9 NEON Types Having 32-Bit (Single Precision) Floating-Point
Elements

Type Elements Total Bits

Primitive types

float32_t 1 32
1D types

float32x2_t 2 64
float32x4_t 4 128
2D types

float32x2x2_t 2x2 128
float32x2x3_t 2x3 192
float32x2x4_t 2x4 256
float32x4x2_t 4x2 256
float32x4x3_t 4x3 384
float32x4x4_t 4x4 512

operations: transposing, interleaving (zipping), and 2D loads and
stores, although their 1D constituent vectors can be used with any NEON
operation.

B.2 READING AND WRITING VECTOR VARIABLES

There are several methods for reading and writing NEON vector variables
outside of the intrinsics. The simplest way is to treat them as any standard
C array.

For example:

= Initialize on declaration:

int8x8_t a={0,0,2,2,4,4,6,6};
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= Set as an array:
int8x8_t a;

for (i=0;i<8;i++) a[i]l=1*2;

= Read as an array:
for (i=0;i<8;i++) printf("%d ",ali]);
printf ("\n");

As shown below, NEON intrinsics have a suffix that specifies the type
and size of their elements. Note the conspicuous lack of 64-bit floating
point.

= _s8 signed 8-bit integer

= _u8 unsigned 8-bit integer

= 516 signed 16-bit integer

= _ul6 unsigned 16-bit integer
= 532 signed 32-bit integer

= _u32 unsigned 32-bit integer
= _p8 8-bit polynomial

= _pl6 16-bit polynomial

= _f16 16-bit float

= 32 32-bit float

Normal, double-word intrinsics assume a 64-bit total width, so the vector
size is implied by the element size. For example, an _s8 intrinsic would

[Tt

operate on a 64/8 =8-element vector. As described above, the “q” suffix
specifies a 128 bit vector, so an intrinsic ending with q_s8 would operate
on a 128/8 =16-element vector.

Some intrinsics are used to instance a vector. For example, the vcreate
intrinsic maps each 8-bit field from a scalar into the elements of an 8-
element vector:

// set vector from least significant byte,
//i.e.al0]1550, a[7]5514
a = vcreate_s8(0x0D0C0A0806040200) ;

The vdup intrinsic sets each element to a specified scalar value:
int8x16_t b;
a = vdup_n_s8(5); // set all 8 elements to 5

b = vdupq_n_s8(5); // set all 16 elements to 5
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You can load and store 64-bit and 128-bit vectors using the v1d1l and vidlq
intrinsics. For example:

// declare standard local arrays for

// demonstrating vld and vst

int8_t data_in[64],data_out[64];

// initialize data in the data_in array

for (i=0;i<64;i++) data_in[il=1;

// 1oad 64 bits, or eight elements of 8-bit values

// into vector variable a

a =vldl_s8(data_in);

// print the elements in vector variable a

for (i=0;1<8;i++) printf("%d ",ali]); printf ("\n");

// store the contents of vector variable a into output array
vstl_s8(data_out,a);

// print the output array

for (i=0;1<8;i++) printf("%d ",data_out[i]); printf ("\n");

NEON supports loading and storing vectors with a stride of two, three, and
four elements with the vld and vst intrinsics.

One way to interpret the behavior of the v/d4 intrinsic is that it treats the
input array as a row-major matrix with 64/n rows and 4 columns, where
n is the bit width of the type suffix, while the intrinsic returns the data in
transposed order.

The code below uses the vid4_s8 intrinsic to load data from the data_in array
as declared and initialized above. The returned variable, ¢, is declared as an
8 x 4 array. The vld4 intrinsic loads four double words (64 bits each, 256 bits
total), but also applies a stride of four elements to each of the four 8 x 1 vec-
tors given by c.

int8x8x4_t c;
c=v1d4_s8(data_in);
for (i=0;1<8;i++)
for (j=0;j<4;j++) printf("%d ",c.valljl[il);

printf ("\n");
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The vld4_s4 works in a similar way but in reverse. There are also 2- and
3-stride versions of both the vid and vst instructions.

B.3 VECTOR ELEMENT MANIPULATION

Several intrinsics are available for manipulating elements within
a vector.

Reversing:

Vector elements can be reversed using the vrev intrinsic, for example:
// reverse the eight elements in vector variable a
b=vrev64_s8(a);

Combining:

A range of elements from two vectors can be extracted and combined using the
vext intrinsic. For example if the state of the @ and b vectors are the following:

a=1{0,1,2,3,4,5,6,7}
b=1{8,9, 10, 11, 12, 13, 14, 15}

The following intrinsic call will extract the last five elements from a and
first three elements from b:

b=vext_s8(a,b,3);
Setting the new state of vector b to:
b=1{3,4,5,6,7,8,9, 10}
Transposing:

The vtrn intrinsic takes two vectors, interprets them as a set of 2x2
matrixes, transposes the matrices, and then returns the result as a 2D vector
type having two rows.

As before, assume the a and b vectors are initialized as follows:
a=1{0,1,2,3,4,5,6,7}
b={8,9,10, 11, 12, 13, 14, 15}

The following intrinsic call will interpret these vectors as four 22 matrices
and transpose them. The result is returned as an int8x2_t type.

c=vtrn_s8(a,b);

c=1{{0,8, 2,10, 4, 12, 6, 14},
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{1,9,3,11,5, 13,7, 15}}
Interleaving:

The vzip intrinsic takes two input vectors and interleaves them. The result is
returned as a two-row vector type.

For example, assume @ and b are initialized as before:

a={0,1,2,3,4,5,6,7}

b={8,9, 10, 11, 12, 13, 14, 15}

The following intrinsic call will return the following value of c:
c=vzip_s8(a,b);

c=1{{0,8,1,9,2,10, 3, 11},

{4,12,5,13,6, 14,7, 15}}

The vuzip intrinsic takes two vectors and returns the even-numbered ele-
ments in one vector and the odd-numbered elements in another vector.

Starting with the same input vectors as above:
a=1{0,1,2,3,4,5,6,7}
b={8,9, 10, 11, 12, 13, 14, 15}
The following intrinsic call will return the following value as an int8x2_t
type:
c=vuzp_s8(a,b);
c=1{{0,2,4,6,8, 10, 12, 14},
{1,3,5,7,9, 11, 13, 15}}
Gather:

The vtbl intrinsic performs a “gather” operation, which takes two vectors
and interprets the second vector as a set of indices to load a set of corre-
sponding elements from the first vector. If any of the values of the second
vector are out of range, vtbl inserts zeroes at their corresponding positions in
the return vector. A related intrinsic, vtblx, performs the same operation but
treats out of range values in the second vector differently. In for these, vtbx
copies the original values from the first vector.

Assume a and b are initialized as follows:
a=1{0,1,2,3,4,5,6,7}
b=1{0,0,2,2,4,4,6, 6}
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Passing a and b to vtbl will return the following value of c.
b=vtb11_s8(a,b);

c=1{8, 8, 10, 10, 12, 12, 14, 14}

Combining:

The vcombine intrinsic concatenates two vectors, where the result vector is

twice the width of the input vectors.

Assume two 8-element vectors a and b with the following values:

a=1{0,0,2,2,4,4,6,6};

b=1{8,8,10,10,12,12,14,14};

The following intrinsic call will return the following 16-element vector:
c=vcombine_s8(a,b);

c=1{0,0,2,2,4,4,6,6,8,8, 10, 10, 12, 12, 14, 14}

B4 OPTIMIZING FLOATING-POINT CODE WITH NEON
INTRINSICS

Inline assembly does not include its own set of special data types, but the NEON
intrinsics are more “type-aware” in that they expect their inputs to be NEON
vector variables passed by value and their outputs are given as return values.

The need for these special vector variables complicates the process by which
NEON support is added to existing code that uses standard C-style arrays, but
luckily the compiler is able to reinterpret standard arrays as NEON vector
pointers. However, this requires that NEON code include frequent typecast-
ing, making the code appear more cluttered and less readable.

To demonstrate how existing floating-point code can be enhanced with
NEON intrinsics, this appendix examine a simple implementation for matrix
inversion using Gaussian elimination.

This method begins by concatenating the input matrix, shown as matrix A
below, with the identity matrix, shown below it:

1231
2141
5621
7632

RO[1 23 1/1 000
R1{2141/0100
R2|156 210010
R3[7 6320001
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Gaussian elimination performs successive row transformations on the
concatenated matrix having the objective of transforming the left-side of
the concatenated matrix—the original A matrix—into the identity and the
right side into the inverted form of A.

This requires three discrete steps. The first step is to convert the matrix into tri-
angular form, in which the transformations systematically set each element of
the bottom triangle to zeroes beginning with the lower-left element and then
each element along each upper-left to lower-right diagonal as shown below.

oooo|aoon oooo |oodn gooo | godad
oooOo|aodo Oooog | good_ mooo gogdo
o000 |0000- T@ooo|0oood ogoo|oodad
OOoOooOojoodo o@EOo0O | ooono ooeo|oood

For the purpose of this simple example, assume that the original A matrix
contains no zero elements. This allows the matrix to be converted to trian-
gular form using the following row transformations:

set element (3,0) to zero R3 «+—R3+(—A;,0/A;0)R2
set element (2,0) to zero R2+—R2+(—A;, ¢/A; 0)R1
set element (3,1) to zero R3+R3+(—A;3,/A2,1)R1
set element (1,0) to zero R1+R1+(—A; /A9 0)RO
set element (2,1) to zero R2+R2+(—A,1/A;1)R1
set element (3,2) to zero R3 «+R3+(—A3,/A,,)R1

AR W=

This gives the following result:

RO|1.0 20 30 10|10 O 0 0
R1|0 -30 -20 -10|{-20 1.0 O O
R2{ 0 0 -103 -27|-23 —-13 1.0 O
R3[0 O 0 0912 —-10 —-12 1.0

Assuming the input matrix is stored in row-major order in array a and the
identity matrix is stored in array b, the code that performs this is as follows:

for (i=3;1>0;1--) {
for (j=0;j<(4-1);j++) {
coeff = -al(i+j)*4+j1/al((i+j)-1)*4+]];
for (k=0;k<4;k++) {
bL(i+j)*4+k]+= coeff * b[((i+j)-1)*4+k];

al (i+j)*4+k]+= coeff *a[ ((i+])-1)*4+k];
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gcc 4.8.2 does not generate any NEON SIMD instructions when compiling
this code, even when requesting maximum optimization and explicitly spec-
ifying their target architecture and NEON support (using the -O3 -
mfpu=neon -march=armv7-a switches).

The programmer can replace the entire innermost loop (the k-loop)
with two 4-wide (quad) VMLAQ (multiply-accumulate quad) intrinsics,
using:

*((float32x4_t *)(&b[(i+j)*4]1)) =
vmlaq_f32(*((float32x4_t *)&b[(i+j)*4]1),
*((float32x4_t *) (&bL((i+]j)-1)*4]1)),
vdupg_n_f32(coeff));
*((float32x4_t *)(&al(i+j)*4])) =
vmlaq_f32(*((float32x4_t*)(&a[(i+j)*4])),
*((float32x4_t *)(&al[((i+j)-1)*41)),

vdupq_n_f32(coeff));

Notice that the a- and b-arrays must be referenced, cast as float32x4_t
pointers, and then dereferenced for both the vector inputs and outputs. Also,
the coeff scalar value must be converted from a scalar to a vector using the
duplicate (vdupq) intrinsic.

The next step of the Gaussian elimination is to further refine the matrix
by setting each element in the upper triangle to zero using a similar

approach:

1. set element (2,3) to zero R2+—R2+(—A»3/A53)R3
2. set element (1,2) to zero R1+R1+(—-A;2/A2,)R2
3. set element (1,3) to zero R1+—R1+(—A;3/A33)R3
4. set element (0,1) to zero RO—RO+(—Ap /A1 1)R1
5. set element (0,2) to zero RO—RO+(—Ap,/A2,)R2
6. set element (0,3) to zero RO«—RO+(—Ap3/A33)R3

This gives the following result:

RO[1.0 O
R1 -3.0

R3 0

0|-06 03 0 0.1
0|-09 07 —-08 05

0
R2{0 0 -103 0|11 —43 -25 29
0 0912 -10 -12 1.0
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This can be performed with the following loop nest:
for (i=2;i>=0;1--) {
for (J=i+1;j<4;j++) {
coeff = -a[i*4+j1/alj*4+j];
for (k=0;k<4;k++) {
b[i*4+k]+=coeff * b[j*4+k];

ali*4+k]+=coeff * a[j*4+k];

}
Again the innermost loop (k-loop) can be replaced with two NEON intrinsics:
*((float32x4_t *) (&b2[i*4])) =
vmlaq_f32(*((float32x4_t *) (&b2[i*41])),
*((float32x4_t *) (&b2[j*41)),
vdupg_n_f32(coeff));
*((float32x4_t *)(&a2[i*4])) =
vmlaq_f32(*((float32x4_t *)(&a2[i*4])),
*((float32x4_t *)(&a2[j*41)),
vdupg_n_f32(coeff));

As a final step, divide each row by its diagonal value to complete the tran-
sition of the matrix into the identity matrix:

1. set element (0,0) to one RO—RO0/Ag 0

2. set element (1,1) to one R1—RI1/A;,

3. set element (2,2) to one R2—R2/A;,

4. set element (3,3) to one R3—R3/A53

This gives the following result:
RO[1.0 © -0.6 03 0.1
RI| 0O 10 0 0]03 —-02 03 -02
R2| 0 0 1.0 0 |-0.1 04 -0.3
R3[0 O 1.3 —1.1 —1.3 1.1
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This can be performed with the following code:

for (i=0;i<4;i++) for (j=0;j<4;j++) b[i*4+j] /= a[i*4+i];

B.5 SUMMARY OF NEON INSTRINSICS

NEON intrinsics begin with the letter “v”” and follow the following naming
scheme:

v{ prefix}{operation}{ modifier’}_{operand type}{operand width}

The prefix is optional and, depending on the intrinsic, is used to specify one
of the available rounding and saturating modes.

The operation is a mnemonic usually named the same or similar to the
intrinsic’s associated instruction.

The modifier is optional and is used for intrinsics that do not use standard 64-
bit operands and results.

The operand type and width defines the datatype of each vector element.

B.5.1 Prefix

The set of allowable prefix values depends on the operation. Example pre-
fixes include:

=} (halving): shifts each output element one bit to the right

= d (doubling): shifts each output element by one bit to the left

= 7 (rounding): rounds each output element (used with the 4n modifier)

= 7h (rounding halving): shifts each output element one bit to the right and
rounds

= g (saturate): sets each output element to its maximum value on overflow
or minimum value on underflow

= gd (saturating doubling): saturates and doubles

= grd (saturating, rounding, and doubling): saturates, rounds, and doubles

B.5.2 Operation

NEON operations can be grouped into several basic categories:

Arithmetic:

= add, sub, mul: add, subtract, multiply
» mla, mls: multiply-accumulate, multiply-subtract
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=  padd, padal: adds (or add and accumulate) each adjacent pair of
elements from each input vector recpe, rsqrte: reciprocal estimate,
reciprocal square root estimate (can be fp)

» abs, neg: absolute value and negate (can be fp)

=  fma: fused multiply-accumulate

= fms: fused multiply-subtract

Bit manipulation:

= shl, shr: shift left, shift right (logical?)

= sra: and accumulate. Each vector element is shift independently.

= sra

= sli, sri: shift left insert, shift right insert. Bits are not shifted across
element boundaries. Each element is shifted independently. [do these
support the prefixes??]

= and (Bitwise AND), vbic (Bit Clear), veor (Bitwise Exclusive OR), vorn
(Bitwise OR NOT), and vorr (Bitwise OR): bitwise logical operations
between two registers, and place the results in the destination register

*  mov, mvn: move, move negate

= cls, clz, cnt: count leading sign bits, count leading zeros, count set bits

= vbif, vbit, vbsl: bitwise insert if true, bitwise insert if false, bitwise select;
copies bits from the source operands into the destination.

Comparison:

= ceq, cge, cgt, cle, clt: compare equal, greater-than-or-equal, greater-
than, less-than, less-than-or-equal

= tst: performs a bitwise logical AND between the corresponding elements
in both vectors, if the result of the AND is not zero, sets the output
element to all ones, otherwise sets the output element all zeros

» abd, aba: absolute difference, absolute difference and accumulate

= max, min: sets each output element to the maximum or minimum of the
each of the two corresponding elements

=  pmin, pmax: sets each output element to the maximum or minimum of
each of the adjacent pairs of elements in both vectors

= ceq, cge, cgt, cle, clt: compare equal, greater-than-or-equal, greater-
than, less-than, less-than-or-equal

B.5.3 Modifier

By default the intrinsic will use a 64-bit input and output width, implying
that the vector size is 64/(operand width). The following modifiers are
available:

= g specifies 128 bit input and output width.
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= [ specifies a 64-bits input width but generates a 128-bit output width.

= w allows the operation to accept one operand that is 128 bits wide and a
second operand that is 64 bits wide operands and generate a result that is
128 bits wide.

= jin stores the high half of each result element (implies half-width result
elements).

= ¢ specifies 128 bit input and output width.

= [ specifies a 64-bits input width but generates a 128-bit output width.

= w allows the operation to accept a 128-bit and 64-bit operands and
generate a 128-bit result.

= hn stores the high half of each result element (implies half-width result
elements).

B.54 Operand type and width

operand width is one of:

= 58, 516, s32: signed integer

= u§, ul6, u32: unsigned integer
= p8: polynomial integer

= {16, f32: floating point



Appendix

OpenCL reference

This appendix provides a reference for the most common features of
OpenCL versions 1.1 and 1.2. These are older versions of OpenCL but
are the most likely to be supported on embedded GPUs at the time of this
writing.

Annotations throughout the appendix note any differences between OpenCL
versions 1.1 and 1.2 where appropriate.

This appendix is intended only as a quick reference; it provides only a
brief summary of the relevant information. For more a more thorough
description of any feature, the reader should refer to the official OpenCL
documentation.

Much of this information is from Khronos Group OpenCL documentation,
available at the Khronos Group website at https://www.khronos.org.

C.1 PLATFORM LAYER

The platform layer includes a set of functions called by the host to query
coprocessor capabilities and instantiate communication channels to the
device, called contexts. This section lists the most commonly used of these.

cl_int clGetPlatformIDs (c1_uint num_entries,
cl_platform_id *platforms,
cl_uint *num_platforms)
Obtain the list of platforms available.

This function retrieves the number of available platforms (if platforms is

NULL) or retrieves handles to the actual platforms themselves (if num_-
platforms contains a value or NULL).

cl_int clGetPlatformInfo (c1_platform_id platform,
cl_platform_info param_name,

size_t param_value_size,
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void *param_value,
size_t *param_value_size_ret)
param_name: CL_PLATFORM_{PROFILE, VERSION},
CL_PLATFORM_{NAME, VENDOR, EXTENSIONS}
Get specific information about the OpenCL platform.

This function retrieves information regarding the available platform(s),
such as the version of OpenCL and set of extensions supported. This is most
useful for writing portable OpenCL applications, allowing the application
to adapt to the capabilities of the available resources.

cl_int clGetDevicelIDs (c1_platform_id platform,
cl_device_type device_type,
cl_uint num_entries,
cl_device_id *devices,
cl_uint *num_devices)

device type: CL_DEVICE_TYPE_{ACCELERATOR, ALL, CPU},

CL_DEVICE_TYPE_{CUSTOM, DEFAULT, GPU}
Obtain the list of devices available on a platform.

This function retrieve device handle(s). Every OpenCL application must call
this function in order to access a device.

cl_int clGetDeviceInfo (cl_device_id device,
cl_device_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_DEVICE_{NAME, VENDOR, PROFILE, TYPE},
CL_DEVICE_NATIVE_VECTOR_WIDTH_{CHAR, INT},
CL_DEVICE_NATIVE_VECTOR_WIDTH_{LONG, SHORT},
CL_DEVICE_NATIVE_VECTOR_WIDTH_{DOUBLE, HALF},

CL_DEVICE_NATIVE_VECTOR_WIDTH_FLOAT,
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CL_DEVICE_PREFERRED_VECTOR_WIDTH_{CHAR, INT},
CL_DEVICE_PREFERRED_VECTOR_WIDTH_{LONG, SHORT},
CL_DEVICE_PREFERRED_VECTOR_WIDTH_{DOUBLE, HALF},
CL_DEVICE_PREFERRED_VECTOR_WIDTH_FLOAT,
CL_DEVICE_PREFERRED_INTEROP_USER_SYNC,
CL_DEVICE_ADDRESS_BITS,

CL_DEVICE_AVAILABLE,
CL_DEVICE_BUILT_IN_KERNELS,
CL_DEVICE_COMPILER_AVAILABLE,
CL_DEVICE_{DOUBLE, HALF, SINGLE}_FP_CONFIG,
CL_DEVICE_ENDIAN_LITTLE,
CL_DEVICE_EXTENSIONS,
CL_DEVICE_ERROR_CORRECTION_SUPPORT,
CL_DEVICE_EXECUTION_CAPABILITIES,
CL_DEVICE_GLOBAL_MEM_CACHE_{SIZE, TYPE},
CL_DEVICE_GLOBAL_MEM_{CACHELINE_SIZE, SIZE},
CL_DEVICE_HOST_UNIFIED_MEMORY,
CL_DEVICE_IMAGE_MAX_{ARRAY, BUFFER}_SIZE,
CL_DEVICE_IMAGE_SUPPORT,
CL_DEVICE_IMAGE2D_MAX_{WIDTH, HEIGHT},
CL_DEVICE_IMAGE3D_MAX_{WIDTH, HEIGHT, DEPTH},
CL_DEVICE_LOCAL_MEM_{TYPE, SIZE},
CL_DEVICE_MAX_{READ, WRITE}_IMAGE_ARGS,
CL_DEVICE_MAX_CLOCK_FREQUENCY,
CL_DEVICE_MAX_COMPUTE_UNITS,
CL_DEVICE_MAX_CONSTANT_{ARGS, BUFFER_SIZE},
CL_DEVICE_MAX_{MEM_ALLOC, PARAMETER}_SIZE,

CL_DEVICE_MAX_SAMPLERS,



256 APPENDIX C OpenCL Reference

CL_DEVICE_MAX_WORK_GROUP_SIZE,
CL_DEVICE_MAX_WORK_ITEM_{DIMENSIONS,SIZES},
CL_DEVICE_MEM_BASE_ADDR_ALIGN,
CL_DEVICE_OPENCL_C_VERSION,
CL_DEVICE_PARENT_DEVICE,
CL_DEVICE_PARTITION_AFFINITY_DOMAIN,
CL_DEVICE_PARTITION_MAX_SUB_DEVICES,
CL_DEVICE_PARTITION_{PROPERTIES, TYPE},
CL_DEVICE_PLATFORM,
CL_DEVICE_PRINTF_BUFFER_SIZE,
CL_DEVICE_PROFILING_TIMER_RESOLUTION,
CL_DEVICE_QUEUE_PROPERTIES,
CL_DEVICE_REFERENCE_COUNT,
CL_DEVICE_VENDOR_ID,
CL_{DEVICE, DRIVER}_VERSION

Get information about an OpenCL device.

This function retrieves specific information regarding the architecture of the
device. Advanced OpenCL applications may use this information to auto-
matically adjust kernel parameters. For example, the kernel’s tile size could
theoretically be customized according to the device’s cache size
(CL_DEVICE_GLOBAL_MEM_CACHE_SIZE).

cl_context clCreateContext
(const cl_context_properties *properties,

cl_uint num_devices,
const cl_device_id *devices,
void (CL_CALLBACK* pfn_notify)
(const char *errinfo,
const void *private_info, size_t cb,

void *user_data),
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void *user_data,
cl_int *errcode_ret)
properties: NULL or CL_CONTEXT_PLATFORM,
CL_CONTEXT_INTEROP_USER_SYNC,
CL_CONTEXT_{D3D10, D3D11}_DEVICE_KHR,
CL_CONTEXT_ADAPTER_{D3D9, D3D9EX, DXVA}_KHR,
CL_GL_CONTEXT_KHR,
CL_CGL_SHAREGROUP_KHR,
CL_{EGL, GLX}_DISPLAY_KHR,
CL_WGL_HDC_KHR
Creates an OpenCL context.

This function retrieves a context. Every OpenCL application must
call this function or c1CreateContextFromType() in order to access the
device.

cl_context clCreateContextFromType
(const cl_context_properties *properties,

cl_device_type device_type,

void (CL_CALLBACK *pfn_notify)
(const char *errinfo,
const void *private_info, size_t cb,
void *user_data),

void *user_data,

cl_int *errcode_ret)

properties: See clCreateContext

Create an OpenCL context from a device type that identifies the specific
device(s) to use.

This function retrieves a context. Every OpenCL application must call this
function or c1CreateContext() in order to access the device.

cl_int cl1ReleaseContext (c1_context context)
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Decrement the context reference count.

This function is typically called in the “cleanup” code before an application
terminates.

cl_int clGetContextInfo (c1_context context,
cl_context_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_CONTEXT_REFERENCE_COUNT,
CL_CONTEXT_{DEVICES, NUM_DEVICES, PROPERTIES},
CL_CONTEXT_D3D10_PREFER_SHARED_RESOURCES_KHR,
CL_CONTEXT_D3D11_PREFER_SHARED_RESOURCES_KHR
Query information about a context.

This function retrieves information about a context but the usefulness of
information is limited.

C.2 MEMORY TYPES

Coprocessor devices such as GPUs, DSPs, and FPGAs contain specialized
program-controlled on-chip memories. Programs can use these memories to
allocate application data whose locality is particularly suited to the target
memory’s organization.

These memories may hold input or output tiles (such as when using the tiling
approach described in Chapter 4) or serve as an extended register file for
intermediate values that never need to be read to written to off-chip memory
(such as for storing partial sums when summing an array of numbers).

OpenCL defines four abstract classes of memory according to a set of con-
straints regarding how each is accessed and allocated. Since the device ven-
dor determines the implementation of these memories, OpenCL does not
include any guidelines on how their usage affects performance. As such,
it is up to the programmer on how and when to use these memories.

Generally speaking, all the kernel’s input data originates from global mem-
ory, and all the kernel’s outputs will ultimately be stored in global memory.
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Table C.1 OpenCL buffer types, from the perspective of the host and kernel

Global Constant Local Private

Host Dynamic allocation, read/ Dynamic allocation, read/ Dynamic allocation, no No allocation, no
write access write access access access

Kernel No allocation, read/write Static allocation, read- Static allocation, read/ Static allocation, read/
access only access write access write access

All function local variables default to private memory, and are usually
reserved for scalars such as loop iterators and temporaries for index
calculations.

Local memory is typically used as a replacement for cache for devices that
lack caches. As such, kernels often contain a loop whose body begins by
copying a block of input data into a small array declared in local memory,
process it, and then write it back to global memory.

Table C.1 lists the four types of memories in which buffers (arrays) can be
allocated in the OpenCL device architecture. Each type of memory has dif-
ferent allocation and access restrictions on the host and device.

C2.1 Global memory

Global memory can only be allocated on the host using the clCreateBuffer
() function. The host sends a pointer to each global buffer to the kernel
through the kernel function arguments using the c1SetKernelArg()
function.

Global buffers are generally used to send input data to the kernel (in which
the host writes data using c1EnqueueWriteBuffer()) and to retrieve output

data from the kernel (in which the kernel reads it using c1EnqueueRead-
Buffer()).

Since global memory buffers are normally allocated in off-chip memory, it
generally has the highest access time.

C.2.2 Constant memory

Constant memory is allocated on the host and its pointers are sent to the ker-
nel the same way as with global memory. To define a buffer as being allo-
cated in constant memory, “global const” or “constant” prefix must
precede the corresponding kernel arguments.
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Unlike global memory, the kernel can statically allocate and initialize con-
stant arrays by declaring a local array variable using the “constant” prefix.

Constant memory is read-only in the kernel but is generally stored in off-
chip memory. Some devices include special caches for constant memory.

C.2.3 Local memory

The host can allocate buffers in local memory and send their corresponding
pointers to the kernel using the same method as global and constant memory.
In this case, the corresponding buffer name must include the “/ocal” prefix
in the kernel argument list. Also, when setting this parameter using c1Set-
KernelArg() the host must specify NULL for the arg_value argument,
because the host cannot initialize local buffers.

The kernel can statically allocate and initialize local arrays by declaring a
local array variable using the “local” prefix.

Local memory is generally stored in fast on-chip memory and the contents
of local buffers are shared among all work-items in each workgroup.

C24 Private memory

The host cannot allocate buffers in private memory. The kernel can allocate
and initialize buffers in private memory by specifying the “private” prefix
for variable declarations. Buffers stored in private memory are generally
stored in registers and are private to each work-item.

C.3 BUFFER MANAGEMENT

The host allocates global, constant, and local memory buffers using the
clCreateBuffer() function. The host can subsequently read and write
the buffer, most commonly using c1EnqueueWriteBuffer() and clEn-
queueReadBuffer(). There are also several more specialized functions

for reading and writing buffers.

For example, c1EnqueueReadBufferRect() writes a rectangular buffer,
one that is not stored contiguously in host memory but instead comprised
of a series of separated contiguous data blocks. c1EnqueueFil11Buffer()

allows an arbitrary data pattern to be copied to a buffer. c1EnqueueCopy -
Buffer() copies data from one buffer to another. c1EnqueueMapBuffer
() allows a memory region on the host to be mapped to a buffer, in which

updates to either the host’s mapped region on the device’s buffer will be
visible by the other entity.
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cl_memclCreateBuffer (cl_context context,
cl_mem_flags flags,
size_t size,
void *host_ptr,
cl_int *errcode_ret)
flags: CL_MEM_READ_WRITE,
CL_MEM_{WRITE, READ}_ONLY,
CL_MEM_HOST_NO_ACCESS,
CL_MEM_HOST_{READ, WRITE}_ONLY,
CL_MEM_{USE, ALLOC, COPY}_HOST_PTR
The following flags are available in OpenCL 1.2:
CL_MEM_COPY_HOST_WRITE_ONLY,
CL_MEM_COPY_HOST_READ_ONLY,
CL_MEM_COPY_HOST_NO_ACCESS
Creates a buffer object.

The programmer must be careful when using this function, since its usage
may depend on whether the host and device share a physical memory.
For example, the programmer shouldn’t use the CL_MEM_USE_HOST_PTR
option for devices on add on cards that have separate memories from the
host CPU.

Also, some options, such as CL_MEM_COPY_HOST_PTR, will cause the
OpenCL runtime to automatically copy the data into the device’s memory,
meaning that the programmer does not need to call c1EnqueueWriteBuf-
fer() for the corresponding array.

cl_int cTEnqueueReadBuffer (c1_command_queue command_queue,
cl_mem buffer,
cl_bool blocking_read,
size_t offset,
size_t size,

void *ptr,
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cl_uint num_events_in_wait_Tlist,
const cl_event *event_wait_list,
cl_event *event

Enqueue commands to read from a buffer object to host memory.

The name of this function can potentially be confusing. “Read” is from the
perspective of the host, so this function is normally applied to an output
array of the kernel. In other words, the programmer refers to the output
array as a read buffer, since it will be eventually read by the host.

cl_int cTEnqueueReadBufferRect (c1_command_queue command_queue,
cl_mem buffer,
c1_bool blocking_read,
const size_t *buffer_origin,
const size_t *host_origin,
const size_t *region,
size_t buffer_row_pitch,
size_t buffer_slice_pitch,
size_t host_row_pitch,
size_t host_slice_pitch,
void *ptr,
cl_uint num_events_in_wait_1ist,
const cl_event *event_wait_1ist,
cl_event *event)

Enqueue commands to read from a rectangular region from a buffer object to
host memory.

This function is necessary for copying a subregion of a 2D array to the host.
This isn’t necessary when copying an entire 2D array having the elements of
its major dimension stored consecutively since such an array occupies a

contiguous block of memory and can thus be copied with c1EnqueueRead-
Buffer().

cl_int clEnqueueWriteBuffer (c1_command_queue command_queue,

c1_mem buffer,
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c1_bool blocking_write,
size_t offset,
size_t size,
const void *ptr,
cl_uintnum_events_in_wait_list,
const c1_event *event_wait_list,
cl_event *event)

Enqueue commands to write to a buffer object from host memory.

The name of this function can potentially be confusing. “Write” is from the
perspective of the host, so this function is normally applied to an input
array of the kernel. In other words, the programmer refers to the output
array as a write buffer, since it is written by the host prior to being sent
to the device.

c1_int cTEnqueueWriteBufferRect (c1_command_queue command_queue,
c1_mem buffer,
cl_bool blocking_write,
const size_t *buffer_origin,
const size_t *host_origin,
const size_t *region,
size_t buffer_row_pitch,
size_t buffer_sTlice_pitch,
size_t host_row_pitch,
size_t host_slice_pitch,
const void *ptr,
cl_uint num_events_in_wait_list,
const cl_event *event_wait_list,
cl_event *event)

Enqueue commands to write a rectangular region to a buffer object from
host memory.

cl_int c1EnqueueFilTBuffer (c1_command_queue command_queue,
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cl_mem buffer,

const void *pattern,

size_t pattern_size,

size_t offset,

size_t size,

cl_uint num_events_in_wait_Tist,
const cl_event *event_wait_1ist,
cl_event *event)

Enqueues a command to fill a buffer object with a pattern of a given pattern
size. [OpenCL 1.2 only]

This function can be used to initialize a buffer on the device.

cl_int cTEnqueueFillImage (c1_command_queue command_queue,
cl_mem image,
const void *fill_color,
const size_t *origin,
const size_t *region,
cl_uint num_events_in_wait_1list,
const cl_event *event_wait_1list,
cl_event *event)

Enqueues a command to fill an image object with a specified color.
[OpenCL 1.2 only]

This function can be used to initialize an image object on the device.
cl_int cl1EnqueueCopyBuffer (c1_command_queue command_queue,
cl_mem src_buffer,
cl_memdst_buffer,
size_t src_offset,
size_t dst_offset,
size_t size,

cl_uint num_events_in_wait_list,
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const cl_event *event_wait_list,
cl_event *event)
Enqueues a command to copy a buffer object to another buffer object.

This function is similar to the Linux memcpy () function for source and des-
tination arrays in the device global memory.

cl_int clEnqueueCopyBufferRect (c1_command_queue command_queue,
cl_mem src_buffer,
cl_memdst_buffer,
const size_t *src_origin,
const size_t *dst_origin,
const size_t *region,
size_t src_row_pitch,
size_t src_slice_pitch,
size_t dst_row_pitch,
size_t dst_slice_pitch,
cl_uintnum_events_in_wait_list,
const cl_event *event_wait_Tist,
cl_event *event)

Enqueues a command to copy a rectangular region from the buffer object to
another buffer object.

This function is the rectangular version of c1EnqueueCopyBuffer().
void *cTEnqueueMapBuffer (c1_command_queue command_queue,
cl_mem buffer,
c1_bool blocking_map,
cl_map_flags map_flags,
size_t offset,
size_t size,
cl_uint num_events_in_wait_list,

const cl_event *event_wait_list,
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cl_event *event,
cl_int *errcode_ret)
map_flags: CL_MAP_{READ, WRITE},
CL_MAP_WRITE_INVALIDATE_REGION [OpenCL 1.2 only]

Enqueues a command to map a region of the buffer object given by buffer
into the host address space and returns a pointer to this mapped region.

This function allows an array in host memory and an array in device mem-
ory to be linked, such that updates to one array will update the other.

cl_int c1RetainMemObject (c1_mem memobj)

Increments the memory object reference count.

This function prevents an OpenCL buffer from being deleted by the runtime.
cl_int c1ReleaseMemObject (c1_mem memobj)

Decrements the memory object reference count.

This function is typically called during program cleanup to free all OpenCL
buffers.

cl_int c1SetMemObjectDestructorCallback (c1_mem memobj,
void (CL_CALLBACK *pfn_notify)
(cT_memmemobj, void *user_data),
void *user_data)

Registers a user callback function that will be called when the memory
object is deleted and its resources freed.

This function allows the program to determine when a buffer is deleted.

cl_int cl1EnqueueUnmapMemObject (c1_command_queue command_queue,
c1_mem memobj,

void *mapped_ptr,
cl_uint num_events_in_wait_list,
const cl_event *event_wait_list,

cl_event *event)



(.3 Buffer Management 267

Enqueues a command to unmap a previously mapped region of a memory
object.

This function reverses the operation performed by c1EnqueueMapBuffer().

cl_intclEnqueueMigrateMemObjects (c1_command_queue command _queue,
cl_uint num_mem_objects,
const c1_mem *mem_objects,
cl_mem_migration_flags flags,
cl_uint num_events_in_wait_list,
constcl_event *event_wait_Tlist,
cl_event *event)

flags: CL_MIGRATE_MEM_OBJECT_HOST,
CL_MIGRATE_MEM_OBJECT_CONTENT_UNDEFINED

Enqueues a command to indicate which device a set of memory objects
should be associated with. [OpenCL 1.2 only]

One of the improvements of OpenCL 1.2 over 1.1 was a set of functionalities
designed for systems with multiple devices. This function associates buffers
with a specific device.

cl_int clGetMemObjectInfo (c1_memmemobj, c1_mem_infoparam_name,
size_tparam_value_size, void*param_value,
size_t *param_value_size_ret)
param_name: CL_MEM_{TYPE, FLAGS, SIZE, HOST_PTR},

CL_MEM_{MAP, REFERENCE}_COUNT,

CL_MEM_OFFSET,

CL_MEM_CONTEXT,

CL_MEM_ASSOCIATED_MEMOBJECT,

CL_MEM_{D3D10, D3D11}_RESOURCE_KHR,

CL_MEM_DX9_MEDIA_ADAPTER_TYPE_KHR,

CL_MEM_DX9_MEDIA_SURFACE_INFO_KHR
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Used to get information that is common to all memory objects (buffer and
image objects).

This function is useful for recovering the host address associated with an
OpenCL buffer.

cl_memclCreateImage (c1_context context,
cl_mem_flags flags,
const cl_image_format *image_format,
const cl_image_desc *image_desc,
void *host_ptr,
cl_int *errcode_ret)

Creates a 1D image, 1D image buffer, 1D image array, 2D image, 2D image
array, or 3D image object. [OpenCL 1.2 only]

This function creates an image object. This replaced the OpenCL 1.1 func-
tion c1CreatelImage2D().

cl_memclCreatelmage2D (c1_context context,
cl_mem_flags flags,
const cl_image_format *image_format,
size_t image_width,
size_t image_height,
size_t image_row_pitch,
void *host_ptr,
cl_int *errcode_ret)
Creates a 2D image object. [OpenCL 1.1 only]

This function creates an image object. This was replaced in OpenCL 1.2
with c1CreateImage().

cl_memclCreateImage3D (c1_context context,
cl_mem_flags flags,
const cl_image_format *image_format,

size_t image_width,
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size_t image_height,

size_t image_depth,

size_t image_row_pitch,

size_t image_slice_pitch,

void *host_ptr,

cl_int *errcode_ret)
Creates a 3D image object. [OpenCL 1.1 only]

This function creates an image object. This was replaced in OpenCL 1.2
with c1Createlmage().

C4 PROGRAMS AND COMPILING

OpenCL kernels can compiled at runtime using c1CreateProgramWith-
Source() and c1BuildProgram() (or c1CompileProgram() and c1Link-
Program()) or offline using c1CreateProgramWithBinary().

Either way, the kernel code is stored in separate file from the host object
code, so the host must explicitly read the kernel code before dispatching
it onto the device for execution.

After this, the program is associated with a kernel using a function such as
clCreateKernel(), arguments are set using cl1SetKernelArg(), and
invoked using a function such as c1EnqueueNDRangeKernel ().

cl_programclCreateProgramWithSource (cl1_context context,
cl_uint count,
const char **strings,
const size_t *lengths,
cl_int *errcode_ret)

Creates a program object for a context, and loads the source code specified
by the text strings in the strings array into the program object.

Using this function as part of a “just-in-time” compilation method is per-
haps the most common method to compile a kernel in OpenCL. Since differ-
ent devices often have different binary interfaces, this approach provides an
obvious advantage in portability. Its drawback is that it compiles the kernel
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source code every time the program is executed, adding performance over-
head that degrades the overall benefit from coprocessor acceleration.

cl_programclCreateProgramWithBinary (c1_context context,
cl_uint num_devices,
const cl_device_id *device_list,
const size_t *lengths,
const unsigned char **binaries,
cl_int *binary_status,
cl_int *errcode_ret)

Creates a program object for a context, and loads specified binary data into
the program object.

This function allows the loading of pre-compiled kernels. Many OpenCL
platform implementations don’t offer a standalone (offline) compiler.
In this case, the programmer needs to write his or her own program
that compiles the kernel, extract the binary using c1GetProgramInfo(),
and save it to a file.

cl_programclCreateProgramWithBuiltInKernels
(c1_context context,

cl_uint num_devices,

const c1_device_id *device_1list,
const char *kernel_names,

cl_int *errcode_ret)

Creates a program object for a context, and loads the information related to
the built-in kernels into a program object.

This function allows vendors to offer pre-made kernels to programmers.
cl_int clRetainProgram (c1_programprogram)

Increments the program reference count.

This function prevents a program object from being deleted by the runtime.

cl_int cTReleaseProgram (cl_programprogram)
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Decrements the program reference count.

This function is typically used in the program’s “cleanup” code to de-
allocate a program.

cl_int c1BuildProgram (cl_programprogram,
cl_uint num_devices,
const cl_device_id *device_list,
const char *options,

void (CL_CALLBACK *pfn_notify)
(c1_programprogram,

void *user_data), void *user_data)

Builds (compiles and links) a program executable from the program source
or binary.

This function compiles a kernel. The programmer can specify a callback
function to notify the program when the compile is complete.

cl_int c1CompileProgram (c1_programprogram,

cl_uint num_devices,

const cl_device_id *device_list,

const char *options,

cl_uint num_input_headers,

const cl_program *input_headers,

const char **header_include_names,

void (CL_CALLBACK *pfn_notify) (c1_programprogram,
void *user_data),
void *user_data)

Compiles a program’s source for all the devices or a specific device(s) in the
OpenCL context associated with program. [OpenCL 1.2 only]

This function compiles a program without linking. Typically it is used
together with c1LinkProgram().



272 APPENDIX C OpenCL Reference

cl_programclLinkProgram (c1_context context,

cl_uint num_devices,

const c1_device_id *device_list,

const char *options,

cl_uint num_input_programs,

const c1_program *input_programs,

void (CL_CALLBACK*pfn_notify) (c1_programprogram,
void *user_data),
void *user_data,
cl_int *errcode_ret))

Links a set of compiled program objects and libraries for all the devices or a
specific device(s) in the OpenCL context and creates an executable.
[OpenCL 1.2 only]

This function links a compiled program. Typically it is used together with
c1CompileProgram().

cl_int clUnloadCompiler (void)

Allows the implementation to release the resources allocated by the
OpenCL compiler. [OpenCL 1.1 only]

This function is a hint to the runtime that it can unload the compiler,
although calling this function doesn’t prevent the program from performing
further compiles.

This function is replaced with c1UnloadPlatformCompiler() in OpenCL
1.1.

cl_int clUnloadPTlatformCompiler (cl_platform_id platform)

Allows the implementation to release the resources allocated by the
OpenCL compiler for platform. [OpenCL 1.2 only]

This function is a hint to the runtime that it can unload the compiler,
although calling this function doesn’t prevent the program from performing
further compiles.

This function replaced c1UnloadCompiler() from OpenCL 1.0.

cl_int c1GetProgramInfo (c1_programprogram,
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cl_program_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)

param_name: CL_PROGRAM_REFERENCE_COUNT,
CL_PROGRAM_{CONTEXT,NUM_DEVICES, DEVICES},
CL_PROGRAM_{SOURCE, BINARY_SIZES, BINARIES},

CL_PROGRAM_{NUM_KERNELS, KERNEL_NAMES}
[OpenCL 1.2 only]

Returns information about the program object.

This function is useful for obtaining kernel object code for platform imple-
mentations that don’t provide a standalone (offline) kernel compiler.

cl_int clGetProgramBuildInfo (c1_programprogram,
cl_device_id device,
cl_program_build_infoparam_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)

param_name: CL_PROGRAM_BINARY_TYPE,
CL_PROGRAM_BUILD_{STATUS, OPTIONS, LOG}

Returns build information for each device in the program object. [OpenCL
1.2 only]

Using this function to retrieve the list of potential warnings and errors from
the kernel build is a virtual necessity when using just-in-time compilation,
since otherwise it’ s very inconvenient for the programmer to identify and fix
errors in the kernel source.

Compile Options

The kernel compiler accepts options that are familiar to programmers that
use gcc. There are some options that allow the programmer to relax accuracy
requirements for the device’s floating-point units in order to achieve higher
performance.
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Preprocessor: (-D processed in order listed in c1BuildProgram() or
c1CompileProgram())

-D name
-D name = definition
-1 dir
Math intrinsics: -c1-single-precision-constant
-cl-denorms-are-zero
-c1-fp32-correctly-rounded-divide-sqrt
Optimization options: -c1-opt-disable
-cl-mad-enable
-cl-no-signed-zeros
-cl-finite-math-only
-cl-unsafe-math-optimizations
-c1-fast-relaxed-math
Warning request/suppress: -w
-Werror

Control OpenCL C language version: -cl-std=CL1.1 // OpenCL 1.1
specification

-c1-std=CL1.2 // OpenCL 1.2
specification

Query kernel argument information: -c1-kernel-arg-info

Link Options

Library linking options: -create-1ibrary
-enable-link-options

Program linking options: -c1-denorms-are-zero
-cl-no-signed-zeroes

-cl-unsafe-math-optimizations
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-cl-finite-math-only

-cl-fast-relaxed-math

C.5 KERNEL FUNCTIONS

The kernel functions allow the programmer to prepare the kernel’s param-
eters and arguments prior to kernel execution.

cl_kernel c1CreateKernel (c1_programprogram,
const char *kernel_name,
cl_int *errcode_ret)
Creates a kernel object.

When using this function, be sure that the kernel_name string matches the
kernel function name in the .cl source code file. Otherwise the kernel will fail
to execute.

cl_int ciCreateKernelsInProgram (cl_programprogram,
cl_uint num_kernels,
cl_kernel *kernels,
cl_uint *num_kernels_ret)

Creates kernel objects for all kernel functions in a program object.

This function allows the programmer to obtain kernel objects for all the
functions in a program declared with “kernel,” as opposed to obtain only
one kernel by name as in c1CreateKernel ().

cl_int clRetainKernel (c1_kernel kernel)

Increments the kernel object reference count.

This function prevents a kernel from being de-allocated by the runtime.
cl_int c1ReTeaseKernel (cl1_kernel kernel)

Decrements the kernel reference count.

This function is typically used in the program’s “cleanup” code to de-
allocate a kernel.

cl_int c1SetKernelArg (c1_kernel kernel,

cl_uint arg_index,
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size_t arg_size,
const void *arg_value)
Used to set the argument value for a specific argument of a kernel.

This function is used to set the kernel arguments before execution, since the
kernel can’t be called directly from the host program. This function is used
in virtually all OpenCL programs.

cl_int clGetKernelInfo (c1_kernel kernel,
c1_kernel_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_KERNEL_FUNCTION_NAME,
CL_KERNEL_NUM_ARGS,
CL_KERNEL_REFERENCE_COUNT,
CL_KERNEL_{ATTRIBUTES, CONTEXT, PROGRAM}
Returns information about the kernel object.

This function can be used to obtain information such as function name or
program object from a kernel object.

cl_int cl1GetKernelWorkGroupInfo (c1_kernel kernel,
cl_device_id device,

cl_kernel_work_group_info
param_name,

size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_KERNEL_GLOBAL_WORK_SIZE,
CL_KERNEL_[COMPILE_JWORK_GROUP_SIZE,
CL_KERNEL_{LOCAL, PRIVATE}_MEM_SIZE,

CL_KERNEL_PREFERRED_WORK_GROUP_SIZE_MULTIPLE
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Returns information about the kernel object that may be specific to a device.

The kernel compiler is able to determine from the kernel source information
such as its maximum workgroup size and local memory size. For example,
the register requirement of a kernel may prevent it from executing with the
device’s maximum workgroup size. This function allows the platform layer
to determine this information prior to having to set the execution parameters
such as workgroup size.

cl_int clGetKernelArgInfo (c1_kernel kernel,
cl_uint arg_indx,
c1_kernel_arg_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_KERNEL_ARG_{ACCESS, ADDRESS, TYPE}_QUALIFIER,
CL_KERNEL_ARG_NAME,
CL_KERNEL_ARG_TYPE_NAME
Returns information about the arguments of a kernel. [OpenCL 1.2 only]

This function can retrieve the kernel’s arguments after they are set.

C6 COMMAND QUEUE FUNCTIONS

The OpenCL command queue is the method by which the host controls the
device(s). The host can use the command queue to send simple, in-order
commands to the device, or it can configure the command queue as being
an out-of-order queue, which allows it to construct complex task graphs.

A task graph is comprised of nodes representing kernels, and uses events to
control when each kernel executes according to the data dependencies as
defined by the graph’s arcs.

The command queue can contain commands, which execute code or
exchange data with buffers. Commands are kernels, tasks, native kernels,
read buffers, or write buffers.

The commands queue can also contain synchronization primitives, which
enforce ordering between the execution of commands on the device (and
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host, in the case of native kernels). Synchronization primitives include
events, markers, and barriers.

Events allow commands to wait for the completion of another command or
commands. Each of the functions that enqueue commands:

c1EnqueueReadBuffer(),
clEnqueueWriteBuffer(),
c1EnqueueReadImage(),
clEnqueueWriteImage(),
cl1EnqueueMapBuffer(),
c1EnqueueMapImage(),
c1EnqueueNDRangeKernel(),
c1EnqueueTask(), and
c1EnqueueNativeKernel(),

...have arguments named event_wait_list and event. event_wait_list
is an array of event objects that must trigger before the task executes. event
is event object that triggers than the command completes.

Markers are synchronization primitives that the host can enqueue that do
nothing but trigger an event after all previously enqueued commands (in
program order) have completed.

Barriers are synchronization primitives that the host can enqueuer that do
nothing but require that all commands enqueued before the barrier (in pro-
gram order) have completed before any of the commands enqueued after.

cl_command_queue c1CreateCommandQueue (c1_context context,
cl_device_id device,
c1_command_queue_properties properties,
cl_int *errcode_ret)
properties: CL_QUEUE_PROFILING_ENABLE,
CL_QUEUE_OUT_OF_ORDER_EXEC_MODE_ENABLE
Create a command-queue on a specific device.

This function creates a command queue and only has two options.
CL_QUEUE_PROFILING_ENABLE allows the host to gather performance infor-

mation. CL_QUEUE_OUT_OF_ORDER_EXEC_MODE_ENABLE allows commands
to be dequeued out-of-order. In this case, the host must also use events,
markers, and barriers to determine execution order.
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cl_int cTRetainCommandQueue (c1_command_queue command_queue)
Increments the command_queue reference count.

This function prevents a command queue from being de-allocated by the

runtime.
cl_int c1ReTeaseCommandQueue (c1_command_queue command_queue)
Decrements the command_queue reference count.

This function is typically used in the program’s “cleanup” code to de-
allocate a command queue.

cl_int c1GetCommandQueuelnfo (c1_command_queue command_queue,
c1_command_queue_infoparam_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_QUEUE_CONTEXT,
CL_QUEUE_DEVICE,
CL_QUEUE_REFERENCE_COUNT,
CL_QUEUE_PROPERTIES
Query information about a command-queue.

This function is typically used to retrieve the context or device associated
with a command queue.

cl_int clEnqueueNDRangeKernel (cl_command_queue command_
queue,

cl_kernel kernel,

cl_uint work_dim,
constsize_t*global_work_offset,
const size_t *global_work_size,
const size_t *lTocal_work_size,
cl_uint num_events_in_wait_Tlist,
const cl_event *event_wait_list,

cl_event *event)
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Enqueues a command to execute a kernel on a device.

This is arguably the most important function in the OpenCL platform
layer, since it instructs the device to execute a kernel with an NDRange.

cl_int clEnqueueTask (c1_command_queue command_queue,
cl_kernel kernel,
cl_uint num_events_in_wait_1ist,
const cl_event *event_wait_list,
cl_event *event)

Enqueues a command to execute a kernel on a device.

This function is the same as c1EnqueueNDRangeKernel () but only executes
one work-item, i.e., equivalent to calling c1EnqueueNDRangeKernel () with
work_dim=1, global work_offset=NULL, global work_size[0] set to 1,
and local_work_size[0] set to 1.

cl_int cTEnqueueNativeKernel (cl_command_queue command_queue,
void (*user_func)(void *),
void *args, size_t cb_args,
cl_uint num_mem_objects,
const c1_mem *mem_list,
const void **args_mem_1oc,
cl_uint num_events_in_wait_list,
const cl_event *event_wait_1ist,
cl_event *event)

Enqueues a command to execute a native C/C++ function not compiled
using the OpenCL compiler.

This function enqueues a kernel that executes on the host and trigger and be
triggered by events.

cl_event clCreateUserEvent (c1_context context,

cl_int *errcode_ret)
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Creates a user event object.
This function instantiates an event object.
cl_int c1SetUserEventStatus (c1_event event,
cl_int execution_status)
Sets the execution status of a user event object.

This function can trigger an event manually, as opposed to from the com-
pletion of command, or earlier than it would otherwise.

cl_int clWaitForEvents (c1_uint num_events,
const c1_event *event_1Tist)

Waits on the host thread for commands identified by event objects to
complete.

This function forces the host to wait for a specific event.
See also: c1GetEventInfo(), c1SetEventCallback()
cl_int clGetEventInfo (c1_event event,
c1_event_info param_name,
size_t param_value_size,
void *param_value,
size_t *param_value_size_ret)
param_name: CL_EVENT_COMMAND_{QUEUE, TYPE},
CL_EVENT_{CONTEXT, REFERENCE_COUNT},
CL_EVENT_COMMAND_EXECUTION_STATUS
Returns information about the event object.

This function retrieves information relating to an event. It is useful for poll-
ing, as opposed to blocking with c1WaitForEvents (), when waiting for an
event to trigger.

See also: c1WaitForEvents(), c1SetEventCallback()
cl_int c1SetEventCallback (c1_event event,

cl_int command_exec_callback_type,
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void (CL_CALLBACK *pfn_event_notify)
(cl_event event,
cl_intevent_command_exec_status,
void *user_data),
void *user_data)
Registers a user callback function for a specific command execution status.

This function registers a callback function to notify the host when an event
triggers.

See also: c1WaitForEvents(), clGetEventInfo()

cl_int cTRetainEvent (c1_event event)

Increments the event reference count.

This function prevents and event from being deleted by the runtime.
cl_int cTReleaseEvent (c1_event event)

Decrements the event reference count.

This function is typically called in the “cleanup” code before an application
terminates.

cl_int cl1EnqueueMarker (c1_command_queue command_queue,
cl_event *event)
Enqueues a marker command. [OpenCL 1.1 only]

The order the marker is enqueued, in relation to the enqueued commands,
determines the set of commands that, when complete, trigger the marker.

cl_int clEnqueueBarrier (c1_command_queue command_queue)

A synchronization point that enqueues a barrier operation. [OpenCL 1.1
only]

This function ensures that all commands enqueued before the barrier com-
plete earlier than those before.

cl_int cTEnqueueWaitForEvents (c1_command_queue command_queue,
cl_uint num_events,

const cl_event *event_Tlist)
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Enqueues a wait for a specific event or a list of events to complete before any
future commands queued in the command-queue are executed. [OpenCL
1.1 only]

This synchronization primitive prevents any commands enqueued after this
primitive to wait until all the specified events have triggered.

cl_int cTEnqueueMarkerWithWaitList
(c1_command_queue command_queue,

cl_uint num_events_in_wait_list,
const c1_event *event_wait_list,
cl_event *event)

Enqueues a marker command which waits for either a list of events to com-
plete, or all previously enqueued commands to complete. [OpenCL 1.2
ONLY]

This synchronization primitive triggers and event after all the specified
events have triggered.

cl_int cTEnqueueBarrierWithWaitList
(c1_command_queue command_queue,

cl_uint num_events_in_wait_list,
const cl_event *event_wait_list,
cl_event *event)

A synchronization point that enqueues a barrier operation. [OpenCL 1.2
ONLY]

This function prevents any commands enqueued afterward from executing
until either all previously enqueued commands completed or all the speci-
fied events have triggered. This synchronization can also trigger its own
event.

cl_int c1GetEventProfilingInfo (c1_event event,
cl_profiling_info param_name,
size_t param_value_size,
void *param_value,

size_t *param_value_size_ret)
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param_name: CL_PROFILING_COMMAND_QUEUED,
CL_PROFILING_COMMAND_{SUBMIT, START, END}

Returns profiling information for the command associated with event if pro-
filing is enabled.

This function is typically used to retrieve the time in which a command is
queued, submitted, starts execution, or completes execution.

cl_int cTFlush (c1_command_queue command_queue)

Issues all previously queued OpenCL commands in a command-queue to the
device associated with the command-queue.

This function flushes all blocking enqueue commands, which include those
that enqueue or dequeue buffers, images, mapbuffers, etc.

cl_int c1Finish (c1_command_queue command_queue)

Blocks until all previously queued OpenCL commands in a command-queue
are issued to the associated device and have completed.

This function is typically used to block the host until all commands in a com-
mand queue have completed.

C.7 VECTOR AND IMAGE DATA TYPES

As shown in Table C.2, OpenCL includes a set of special types. Of these
have different names depending on if the declaration is made on the host
or kernel code.

The vector and image types are useful for explicitly vectorizing code.
OpenCL generally allows for vectors of up to length 16. Individual elements
of a vector element can be accessed by adding a “.sn” suffix after the var-
iable, where 7 is a hexadecimal number from O to f (or F). Multiple elements
can be combined by adding multiple indices after the “.s” suffix, for exam-
ple “.s02”.

C.8 ATTRIBUTES

When dispatching a kernel using c1EnqueueNDRangeKernel(), the pro-
grammer may specify the number of work-items without specifying the
number of workgroups (by setting the local_work_size argument to
NULL). In this case, the OpenCL implementation will determine how to
break the number of global work-items into appropriate workgroup
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Table C.2 OpenCL Types

Kernel Type

charn

ucharn

shortn

ushortn

intn

uintn

Tongn

ulongn

floatn

doublen
image2d_t
image3d_t
image2d_array_t
imageld_t
imageld_buffer_t
imageld_array_t
sampler_t
event_t

booln

halfn

quad, quadn

Description Host Type (If Applicable)
8-bit signed cl_charn
8-bit unsigned cl_ucharn
16-bit signed cl_shortn
16-bit unsigned cl_ushortn
32-bit signed cl_intn
32-bit unsigned cl_uintn
64-bit signed cl_longn
64-bit unsigned cl_ulongn
32-bit float cl_floatn
64-bit float c1_doublen

2D image handle
3D image handle
2D image array
1D image handle
1D image buffer
1D image array
Sampler handle
Event handle
Boolean vector
16-bit float, vector

128-bit float, vector

Continued
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Table C.2 OpenCL Types —cont'd

Kernel Type Description Host Type (If Applicable)
complex_half,complex_halfn 16-bit complex, vector
imaginary_half,imaginary_halfn 16-bit imaginary, vector
complex_float,complex_floatn 32-bit complex, vector
imaginary_float,imaginary_floatn 32-bit imaginary, vector
complex_double,complex_doublen 64-bit complex, vector
imaginary_double,imaginary_doublen 64-bit imaginary, vector
complex_quad,complex_quadn 128-bit complex, vector
imaginary_quad,imaginary_quadn 128-bit imaginary, vector
floatnxm nxm matrix of 32-bit floats
doublenxm nxm matrix of 64-bit floats

instances. In this case, the programmer can provide workgroup and vector
size information to the kernel in the form of attributes, as shown below.

Kernel Attributes
__attribute__(vec_type_hint(type))
__attribute__((work_group_size_hint(X, Y, Z2)))

__attribute_ ((reqd_work_group_size(X, Y, Z)))

OpenCL also allows for declared variables to be given attributes for align-
ment, packing, and endianness.

Type Attributes
__attribute__((aligned(n)))

__attribute__((aligned))
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__attribute__ ((packed))
__attribute_ ((endian(host)))
__attribute__((endian(device)))

__attribute__((endian))

C.9 CONSTANTS

OpenCL defines a list of single-precision floating-point constants as defined
in Table C.3. Each constant that ends with “_F" has a corresponding double
precision version without the “_F” suffix and half precision by replacing
with the “_H” suffix, when supported by the OpenCL implementation.

C.10 BUILT-IN FUNCTIONS

OpenCL provides a set of built-in functions available for use in kernel code.
Some of these functions are standard mathematical primitives and many of
these accept vector operands. Others are utility functions for work-item
identification and vector loads and stores.

C.10.1 Integer functions

Table C.4 list the integer functions. These functions accept vector operands.

C.10.2 Floating-point functions

Table C.5 lists the floating-point functions. Most of these functions accept
vector operands.

C.10.3 Vector functions

OpenCL kernels should always use explicit vector load and store functions
to exchange data between vector variables and arrays (Table C.6).

C.104 Work-item functions

OpenCL kernels can be dispatched as a 1-, 2-, and 3-dimensional array of
work-items. The array of work-items can optionally be subdivided into a

1-, 2-, or 3-dimensional array of workgroups (when
clEnqueueNDRangeKernel () is called with the Tocal_work_size argu-

ment set to a non-NULL value).

Kernel workload distribution is governed by the ability for each work-item
to self-identify itself within this coordinate system. A work-item’s global ID
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Table C.3 OpenCL Constants

Constant Description

MAXFLOAT Value of maximum noninfinite single-precision floating-point number
HUGE_VALF Positive float expression, evaluates to +infinity
HUGE_VAL Positive double expression, evaluates to +infinity
INFINITY Constant float expression, positive or unsigned infinity
NAN Constant float expression, quiet NaN.

M_E_F Value of e

M_LOG2E_F Value of log,e

M_LOG10E_F Value of log;ee

M_LN2_F Value of loge 2

M_LN1O_F Value of loge 10

M_PI_F Value of =

M_PI_2_F Value of z/2

M_PI_4_F Value of z/4

M 1 PI F Value of 1/n

M_2_PI_F Value of 2/x

M_2_SQRTPI_F Value of 2/+/z

M_SQRT2_F Value of /2

M_SQRT1_2_F Value of 1/4/2

is calculated irrespective of its position within a workgroup, while its local
ID is calculated relative to its location within its workgroup (Table C.7).

Work-items within a workgroup can be synchronized with a barrier opera-
tion and their memory operations ordered (Table C.8).
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abs(x)

abs_diff(x)

add_sat(x,y)

hadd(x,y)

rhadd(x,y)

clamp(x,minval,maxval)

clz(x)

mad_hi(a,b,c)

mad_sat(a,b,c)

max(x,y)

min(x,y)

mul_hi(x,y)

rotate(v,i)

sub_sat(x,y)

popcount(x)

short[n] upsample(char[n] hi, uchar[n] 10)

ushort[n]upsample(uchar[n]hi, uchar[n]lo)
int [n] upsample(short[n] hi, ushort[n] 10)
uint[n]upsample(ushort[n]hi, ushort[n]lo)
lTong [n] upsample(int[n] hi, uint[n] 10)

ulong[n] upsample(uint[n] hi, uint[n] 10)

mad24(x,y,z)

mul24(x,y)

| x | (unsigned)

| x—y | without overflow (unsigned)

x+y and saturate the result

(x+y) >>1 without overflow
x+y+1)>>1

min(max(x,minval),maxval) min and max can be vectors or
scalars

Number of leading 0-bits in x
mul_hi(a,b) +c

a*b+c and saturates the result

y if x<y else x y can be a vector or scalar
y if y<x else x y can be a vector or scalar
high half of x*y

rotate v by i bits

x—y and saturate the result
Number of one-zero bits in x

result[il = ((short)hi[] << 8) | lo[i]

result[i] = ((ushort)hi[] << 8) | lo[i]
result[/]= ((int)hi[i] << 16) | loli]

result[i]= ((uint)hil] << 16) | loli]

result[i] = ((long)hili] << 32) | loli]
result[/]= ((ulong)hili] << 32) | lo[i]
Multiply 24-bit integer values x, y, add 32-bit int. result to 32-

bit int. z
Multiply 24-bit integer values x and y
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Table C.5 Built-in Floating-Point Functions
Trigonometry functions

sin(x), cos(x), tan(x),
asin(x), acos(x), atan(x),
sinh(x), cosh(x), tanh(x),
asinh(x), acosh(x), atanh(x),
sinpi(x), cospi(x), tanpi(x),
asinpi(x), acospi(x), atanpi(x)
atan2(x,y)

atan2pi(x,y)

Logarithms, exponentiation, and power functions
log(x), Tog2(x), 10gl0(x),
Toglp(x),

Togb(x), ilogh(x)

exp(x), exp2(x), expl0(x),
expml(x)

pow(x,y), pown(x,y), powr(x,y)
rootn(x,y)

ilogb(x)

ldexp(x,n)

frexp(x, *exp)

modf(x, *iptr)

Basic trigonometry functions

Inverse trigonometry functions

Hyperbolic trigonometry functions

Inverse hyperbolic trigonometry functions

Basic trigonometry functions, result divided by pi
Inverse trigonometry functions, result divided by pi
Tangent of x/y

atan2(x,y)/pi

Logarithm base e, 2, and 10

In (1.0+x)

Exponent of x as float, integer
Exponentiation, base e, 2, and 10
e“—1.0

Computes x’

K

Extract exponent

x*2"

Extract mantissa and exponent

Decompose floating-point number
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Table C.5 Built-in Floating-Point Functions —cont'd

Geometric functions

cbrt(x)

hypot(x,y)
cross(p0,pl)
distance(p0,pl)
dot(p0,pl)

lTength(p)
normalize(p)
fast_distance(p0,pl)
fast_length(p)
fast_normalize(p)

Rounding operations
ceil(x), floor(x)

rint(x)
copysign(x,y)
erf(x), erfc(x)
fabs(x),
fdim(x)

Multiply accumulate
fma(a,b,c), mad(a,b,c)

Max/min functions
fmax(x,y), fmin(x,y)

maxmad(x,y), minmad(x,y)

Cube root of x

Square root of x>+

Cross product (vector size 3 or 4)
Vector distance

Dot product

Normal vector length 1
Normalize

Vector distance

Vector length

Normal vector length 1

Ceiling, floor

Round to nearest even integer

x changed to sign of y

Error function, complementary error function
Absolute value

Positive difference between x and y

Multiply accumulate

Maximum, minimum

Maximum, minimum magnitude of x and y

Continued
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Division operations

fmod(x,y), Floating-point modulo of x and y

fract(x) Fractional portion of x

remainder(x,y) Remainder of x and y

remquo(Xx,y,*quo) Remainder and quotient of x and y

tgamma(x) Gamma function

Tgamma(x) Log gamma

nextafter(x,y) Next representable floating-point value after x in the direction of y

Table C.6 Vector Load and Store Functions

vloadn (offset, *p) Load vector of size n
vload_half (offset, *p) Load half precision floating-point value
vload_halfn (offset, *p) Load vector of half precision f.p. values
vstoren (offset, *p) Store vector of size n
vstore_half (offset, *p) Store half precision floating-point value
vstore_halfn (offset, *p) Store vector of half precision f.p. values

Table C.7 Work-Iltem Functions

get_work_dim() Number of dimensions
get_global_size(D) Number of global work-items in dimension D
get_global_id(D) Global work-item number in dimension D
get_local_size(D) Number of local work-items in dimension D
get_local_id(D) Local work-item ID in dimension D
get_num_groups(D) Number of workgroups in dimension D
get_group_id(D) Workgroup ID

get_global_offset(D) Global offset in dimension D
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Table C.8 Work-ltem Synchronization

barrier(flags) All work-items within a workgroup must execute this before any can continue
mem_fence(flags) Orders loads and stores of a work-item executing a kernel
read_mem_fence(flags) Orders memory loads

write_mem_fence (flags) Orders memory stores

C.10.5 Relational functions

OpenCL provides a set of functions for comparing vector variables.

isequal(x,y) Basic comparison operations, returns vector
isnotequal(x,y)
isgreater(x,y)

isgreaterequal(x,y)
isless(x,y)

islessequal(x,y)

islessgreater(x,y)

isfinite(x) Tests each element for special floating-point values
isinf(x)

isnan(x)

isnormal(x)

isordered(x,y)
isunordered(x,y)

signbit(x) Returns sign bit of each element

any(x) Tests if MSB of any element is 1

Continued
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all(x) Tests if all MSB of all elements is 1

bitselect(a,b,c) Each bit of result is corresponding bit of a if corresponding bit of cis 0. Otherwise it is
the corresponding bit of b.

select(a,b,c) For each component of a vector type, result[i] =if MSB of cli] is set ? bl : alil. For
scalar type, result=c? b : a.

C.106 Atomic functions

Atomic operations allow shared memory locations to be read, modified, and
updated in a way that is not interruptible, allowing work-items to perform
certain primitive shared memory operations without a critical section lock.

Note that OpenCL 1.1 and 1.2 do not include any locking functions for ker-
nels, but one can be built using the atomic exchange function.

atomic_add(*p,val) Read, add, store Integers only
atomic_sub(*p,val) Read, subtract, and store Integers only
atomic_xchg(*p,val) Read, swap, and store Returns the value swapped out from *p
atomic_inc(*p) Read, increment, and store Integers only
atomic_dec(*p) Read, decrement, and store Integers only
atomic_cmpxchg(*p,cmp,val) Read, store only if memory contents match cmp
atomic_min(*p,val) Read, store min(*p,val) Integers only
atomic_max(*p,val) Read, store max(*p,val) Integers only
atomic_and(*p,val) Read, store (*p & val) Integers only
atomic_or(*p,val) Read, store (*p | val) Integers only
atomic_xor(*p,val) Read, store (*p “val) Integers only
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C.10.7 Conversions

OpenCL supports C99-style typecasting, but also has conversion extensions
to support saturation and rounding modes.

a

convert_T_R(b): convert to type T with rounding mode R

a =convert_T_sat_R convert to type T with saturation and rounding

mode R
where R is one of

_rte (tonearest even)
_rtz (toward zero)

_rtp (toward +infinity)
_rtn (toward - infinity)
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Zero-copy frame buffer. See Linux frame
buffer
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