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————————————

This white book is a GPGPU tutorial initiated to assist the students of MAS (Master

of Autonomous Systems), Hochschule Bonn-Rhein-Sieg in their first step of GPGPU

programing. The readers are assumed to have the basic knowledge of computer vision,

the understanding of college maths, a good programming skill of C and C++ and

common knowledge of development in Unix. No computer graphics or graphics device

architecture knowledge is required. The objective of the white book is to present a first-

step-first tutorial to the students who are interested in GPGPU technique. After the

study, students should have the capability of applying GPGPU to their implementations.

————————————
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“Efficiency is doing better what is already being done. ”

Peter Drucker
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Chapter 1

Introduction

Welcome to be a part of the revolution! Maybe you have heard about the magic power

of GPGPU, which accelerates applications amazingly. With GPGPU technique, many

stubborn bottlenecks do not exist any more, and realtime processing becomes much

easier.

In computer science, algorithms are continuously improved to reach a higher processing

speed. It is commonly the case that some algorithms are optimized and are reported

to outperform their predecessors by a factor of 20% or 50%, which might be treated as

significant contributions. Now it is the time to introduce you a revolutionary technique

of acceleration, which can speed up your computation to perform tens or even hundreds

of times faster. This tutorial will guide you to the vanguard of the revolution, showing

you how a commercial video card can make this magic happen.

GPGPU, the leading role of the tutorial, stands for General Purpose Computing on

Graphics Processing Unit, which is a newly emerged technique for computational

acceleration. There are a couple of things that you might need to know before we

take off. In the introduction, we are going to go through some basic concepts. You

can pick up the concepts that you are not aware of, and skip the parts that you have

already known well. Although the tutorial is designed to be self-contained, it is still

suggested that those recommended references and webpages appended in the end of

every chapter are studied.

1.1 Graphics Processing Unit

So this is all about the story: GPU (Graphics Processing Unit), which is a dedicated

graphics rendering device that one can find in every modern PC [Dinh, 2008] It can be

1
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directly integrated into the motherboard, or can sit on top of a video card. Normally

the latter gives much better performance.

1.1.1 Evolution

The history of GPU can be roughly divided into 4 eras (in my personal perspective).

The first era was before 1991, when CPU, as a general-purpose processor, handles every

aspects of computation, including graphics tasks. There was no GPU that we mean it.

The second era was until 2001. The rise of Microsoft Windows stimulated the develop-

ment of GPU. In 1991, S3 Graphics introduced the first graphics accelerator, which can

be considered as the start point of the device. GPUs in the early times are only capable

of some 2D bitmap operations, but in the late 1990s, hardware accelerated 3D transform

and lighting (T&L) has been presented.

The third era was from 2001 to 2006. The GeForce 3 was the first GPU that supports

programmable graphics pipeline, i.e., programmable shading was added to the hard-

ware. (see section 1.2) Thus, GPU was not just a functionality-fixed device, but more

flexible and adaptive. In this era, GPGPU came into view. General applications have the

chance to be accelerated by the highly parallelized architecture of GPU by its presented

programmable shaders. For shader programing, shading languages were developed,

e.g., GLSL. The shading language based GPGPU was the first generation GPGPU, or,

the traditional GPGPU. Shading languages are designed not for general purpose com-

putations, but for more complex graphics assignments. Too many tricks have to be

played to get GPU running on non-graphics applications.

The fourth era started from 2006, during which GPUs have developed to be more

flexible and even considered for GPGPU. In 2006, nVidia implemented the Unified

Shader Model on their GeForce 8 series GPUs. With a Unified Shader Model, shaders

can be used either as vertex shaders, or fragment shaders. Based on the more advanced

hardware, GPGPU languages were developed, such as CUDA, which was released in

2007. Now we are on the right time to take advantage of the new technique.

1.1.2 Functionality

We would understand the functionality of a GPU better by taking a look at its position

in the system. Figure 1.1 illustrates a PC system, which ignores most of the peripherals

other than the graphics part. Once the GPU is present, everything that is displayed on

the monitor are produced by it. In the case of a modern GPU, it gets geometry and color
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information from the CPU (or, the host), and projects / rasterizes the visible part of the

model onto the monitor (or, the framebuffer). This is called a graphics pipeline.

Figure 1.1: The position of a GPU in the system.

GPUs are initially used to accelerate the memory-intensive work of texture-mapping

and rendering. Afterwards, units were added to accelerate geometric calculation such as

vertex rotation and translation. They also support oversampling and interpolation tech-

niques. In addition, video codec are also accelerated by GPU, such as high-definition

video decoding. More and more workload are being moved from the central processing

unit to the GPU [Crow, 2004].

1.2 OpenGL / GLSL and the Graphics Pipeline

GPUs have developed all the way along with two graphics APIs (Application Pro-

gramming Interfaces): OpenGL and Direct3D. Once new requirements from graphic

applications are brought forward, new functions are added in these APIs, which are

then accelerated by the latest hardware. OpenGL has been an industry stand, cross-

platform API since it was finalized in 1992. Its property of platform independency

makes it easier than DirectX to program portable applications. OpenGL’s intention is

to provide access to graphics hardware capability at the lowest possible level that still

provides hardware independence. [Rost et al., 2004]

Figure 1.2 illustrates a simplified graphics pipeline defined by OpenGL. Applications

send 3D representations (vertices and their color information) into the pipeline. Vertex

shader modifies the position of each vertex and transforms them into a 2D image.

Rasterizer decides the color of each pixel according to the position of the triangles.

Fragment shader modifies the color and depth of each pixel. Finally pixels are stored

in framebuffer, waiting for being refreshed to the display. Texture images are stored in

texture buffer.
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Figure 1.2: A simplified graphics pipeline defined by OpenGL. Blocks depict stages.
Blocks in darker blue are stages that are programmable on modern CPUs. The bidirec-
tional arrow between fragment shader and texture buffer denotes the typical procedure

of GPGPU: Render-To-Texture.

Notice that there are two stages, namely, vertex shader and fragment shader, are pro-

grammable. That is to say, programmers can design their own strategies to alter per-

vertex attributes and per-pixel color. These are achieved by programs called shaders.

Shading Languages are special languages for shader programming. Three shading

languages dominate nowadays: GLSL (OpenGL Shading Language) coming with

OpenGL, Cg developed by nVidia and HLSL (High Level Shader Language) sup-

ported by DirectX.

GLSL is a companion to OpenGL from the OpenGL version of 1.4 and became a part of

the OpenGL core from version 2.0. As a core module, GLSL inherits all the advantages

from OpenGL. Firstly, it’s platform independent. GLSL can run on all the operating

systems that OpenGL can, and on any graphics devices as long as its programmable

hardware acceleration is present. Secondly, GLSL is efficient, due to its lowest-possible-

level API nature. Lastly, GLSL supports the code to be written in a C/C++ style, which

makes development much easier. More on the programming skills and syntax are

introduced in later chapters.

GLSL-based GPGPU is the traditional GPGPU, which is implemented by the graphics

pipeline. In a normal graphic application, data streams flow from CPU to framebuffer to

display. But in a GPGPU application, data streams flow in both directions. The texture

buffer is bound to a framebuffer as the actual rendering target, and then data flow from

CPU via both shaders to the texture buffer. When passing through the shaders, data

are processed. Data might need to be passed back-and-forth between the shaders and

texture buffer for several times, depending the algorithm, before they finally flow back

to CPU. Notice that in a GPGPU application, data are not necessary or desirable to be

displayed.

A comparatively steep learning curve exists for non-graphic researchers to step in

the traditional GPGPU. Although GPGPU languages have been developed, shader

languages still have their significance in GPGPU. Firstly, they are low level API, which
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are very efficient. Secondly, understanding the workflow inside GPU is necessary to

optimize the GPGPU code.

1.3 CUDA

(a) nVidia GeForce 6800 architecture. The upper processor array comprises vertex shaders, while the array in the
middle comprises fragment shaders. This architecture belongs to the old programmable GPU model, when a graphics
pipeline consists of dedicated units. Functions of these units are labeled.

(b) nVidia GeForce 8800 architecture. Each orange block in the sketch depicts a scalar processor / thread processor.
Every eight processors make up a multiprocessor. Two multiprocessors are in a multiprocessor unit. This architecture
belongs to the first generation of unified shader GPU. Note that there’s no more distinguishing between vertex shaders
and fragment shaders.

Figure 1.3: Two examples of GPU architecture. The figure is taken from [Owens, 2007]
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A couple of GPGPU languages have been developed, such as CUDA (Compute Unified

Device Architecture, but no one would remember its original name), Stream SDK

(Close to Metal) and BrookGPU (Brook+). From the market’s point of view, CUDA is

the most successful one. CUDA is a compiler and set of development tools that enable

programers to use a variation of C to code algorithms for execution on the graphics

processing unit. [Nickolls et al., 2008]1 Not like GLSL, CUDA only supports a limited

range of GPUs and operating systems. See 1.6 for a list of video cards that supports

CUDA.

CUDA supports Unified Shader Model. A comparison of a graphics card with a normal

programmable graphics pipeline and another with a unified shader architecture is

shown in Figure 1.3. GPUs with unified shader architecture are more like highly

parallelized super computers. They are not designed to fit in the graphics pipeline any

more. Every core is a scalar processor that can execute any non-graphic code. More

effort has to pay for thread scheduling, thus the thread execution manager is added.

This moves a big step on the way of GPGPU.

1.4 Why GPGPU?

Finally we get on the right point: GPGPU. One might ask: Why GPGPU? Some com-

parisons between GPU and CPU have been prepared to answer the question.

The essential reason of GPGPU lies in the powerful computational capability of modern

GPUs. Not only the programmable pipeline gives rise to more possibilities, but the raw

computational power brings a surprising performance augmentation as well. Table 1.1

shows a comparison between the specifications of a modern CPU and a modern GPU.

A GPU is apparently more powerful, especially in the following aspects: number of the

processors (cores), memory bandwidth(NVidia GeForce GTX 280 is more than 10 times

as that of Intel Core 2 Extreme QX965), and the peak gigaflops (GTX 280 is nearly 10

times as that of Core 2 Extreme QX965).

Figure 1.4 compares the product line of modern CPUs and GPUs.2 The difference lies in

computational power between GPUs and CPUs is dramatically large, and the difference

has a tendency to be increasing.

From the hardware design we can also get impressed visually. Figure 1.5 compares

the die of a CPU and that of a GPU. Being a highly sophisticated general purpose

1The definition of CUDA is quoted from: http://en.wikipedia.org/wiki/CUDA.
2Plots are taken from http://www.reghardware.co.uk/2006/10/26/the_story_of_amds_fusion/

page2.html and http://www.behardware.com/articles/659-1/nvidia-cuda-preview.html respec-
tively.

http://en.wikipedia.org/wiki/CUDA
http://www.reghardware.co.uk/2006/10/26/the_story_of_amds_fusion/page2.html
http://www.reghardware.co.uk/2006/10/26/the_story_of_amds_fusion/page2.html
http://www.behardware.com/articles/659-1/nvidia-cuda-preview.html
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Table 1.1: A comparison between a modern CPU and a modern GPU. Note that the
peak gigaflops of NVidia GeForce GTX 280 is nearly 10 times as many as that of Intel

Core 2 Extreme QX9650 [Reviews, 2008]

Processor Intel Core 2 Extreme QX9650 NVidia GeForce GTX 280

Transistors 820 million 1.4 billion
Processor clock 3 GHz 1296 MHz
Cores 4 240
Cache / Shared Memory 6 MB x 2 6 MB x 2
Threads executed per clock 4 240
Hardware threads in flight 4 30,720
Peak gigaflops 96 gigaflops 933 gigaflops
Memory controllers Off-die 8 x 64-bit
Memory Bandwidth 12.8 GBps 141.7 GBps

(a) compares the products up to x1900 series
(released in 2006) of GPU manufactured by
AMD/ATI to CPU products up to the dual-core
AMD Opteron CPU processors produced by the
same company.

(b) compares the nVidia product line with Intel CPUs.

Figure 1.4: A comparison between GPUs and CPUs. The performance measures are
measured in gigaflops, or billions of calculations per second.

processor, CPU put its emphasis on a complex cache system, branch predictors, and all

other control logics. In the other way around, GPU devotes most of its transistors for

computation. It has a tremendous raw computational power but is less programmable

and flexible than CPU. GPGPU technique aims at taking advantage of GPU’s huge

computational power for non-graphic computation.

1.5 Basic Concepts

1.5.1 SIMD Model

Not any program can directly run on GPU. The program can be executed on GPU

must come up to (or at least locally) SIMD model, which is a fundamental difficulty of
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(a) The die of an AMD “Deerhound”(high end of K8 series)
quad-core CPU. Red blocks mark the area of computational
units, like ALUs and floating point units.

(b) The die of GTX200 series GOU. Red blocks
mark the control units, and rest of the chip is
filled by different processors for computations.
Caches are small thus can hardly be visible, but
they exist.

Figure 1.5: Photos taken from dies of a modern CPU and a modern GPU. One can
be impressed by the big difference of the percentage of area on dies that is used for

computation. Control hardware dominates CPUs.

Figure 1.6: Flynn’s taxonomy of computing parallelism.

GPGPU. SIMD (Single Instruction Multiple Data) is a paradigm of parallelism. Figure

1.6 illustrates the Flynn’s taxonomy of parallel computing. SISD is a normal sequential

model, fits on every single CPU. MISD is publicly considered to be pipelining, although

it is academically not precise enough. MIMD is the model typically adopted on multi-

core CPUs. In MIMD there exist multiple control and multiple collaboration, and every

thread executes asynchronously the instructions. Listing 1.1 gives an example of MIMD.

More details on the difference between SIMD and MIMD are elaborated by[Qiu et al.,

2009].

Now let’s put emphasis on SIMD. I give the first impression of the difference between

SISD and SIMD. Consider a normal ’for’ loop as the Listing 1.2 shows. The loop starts

from fArray[0] and executes addition one by one until fArray[99999]. Namely, the

addition operation is executed 100000 times sequentially. So, theoretically, the total

processing time is linear to the processing time of one iteration. This is the SISD
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begin
if CPU="a" then

do task "A" //task parallelism (MIMD)
else if CPU="b" then

do task "B" //task parallelism (MIMD)
end if

end

Listing 1.1: Pseudo code illustrating Task Parallelism (MIMD)

computational model that we can find in every normal single-CPU program.

float fArray[100000] = {0.0f};
for(unsigned i = 0; i<100000; i++)
{

fArray[i] += 1.0;
}

Listing 1.2: Array addition in a sequential style

This piece of code can be executed by SIMD model more efficiently. In SIMD model,

if the number of threads is larger than the size of the array, all addition operations

are executed simultaneously. That is to say, the total processing time is equal to the

processing time of one iteration. Listing 1.3 shows the pseudo code of array addition in

a SIMD style. If the size of the array is larger than the maximal number of threads that

the computational device can assign at the same time, the array is broken into groups,

each thread processes more than one elements. Normally, the user do not need to care

about the assignment of threads, what he or she should be in charge of are:

1. What is the capability of the processor? How many threads (maximally) can be

assigned at a time?

2. Are there enough data to keep these threads busy?

This is the first step of a GPGPU design. The programmer should hide all the latency

to maximize the efficiency. The low level threads scheduling would be a part of the

driver’s task.

float fArray[100000] = {0.0f};
if(threadID == i)
{

fArray[i] += 1.0;
}

Listing 1.3: Array addition in a SIMD style
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Now you have got the first test of the characteristics of GPUs. Why does SIMD model

fit into the graphics devices? Think about an important task of a GPU: pixel rendering,

i.e., to assign color values to every pixel in the framebuffer. The color of one pixel is

decided by the result of projection and rasterization. So it is only related to the color of

the 3D or 2D model (more precisely, a piece of the model) and the global projection and

rasterization strategy. The color of each pixel is independent with other pixels, which

can be rendered independently. Furthermore, render operations for each pixel are the

same. Highly parallelized streaming processor is designed for graphics tasks like this.

Any program that wants to take advantage of GPU’s parallelism should match these

two requirements:

1. Each thread’s task is independent with other threads,

2. Each thread executes the same set of instructions.

This kind of parallelism is Data Parallelism, which differentiates from MIMD model’s

Task Parallelism. When the algorithm is obviously of data parallelism, it is then em-

barrassingly parallel, like pixel rendering, which gets optimal efficiency on GPU. The

algorithms that are reported to be accelerated hundreds of times are mostly embarrass-

ingly parallel. That is to say, they fit to graphics device radically.

Not all program can be casted to an embarrassingly parallel one. With GPGPU lan-

guages like CUDA, things have become easier. The overall program does not need to be

in a SIMD style. Only the GPU executed code should be locally of SIMD. The advantage

of CUDA has made a lot of applications possible to migrate to GPU, such as computer

vision, machine learning, signal processing, linear algebra and so on.

1.5.2 Host-device Data Transfer

When doing GPGPU, we have to face the coordination problem between CPU and GPU.

In the context, I use the term host and device to refer to CPU and GPU respectively. In a

common case, data have to be transfered from host to device. When the computationally

expensive process is done on device, the result is fetched back to the host. As a matter

of fact, the data transfer between host and device would normally be a bottleneck of

the performance of a GPGPU program. We explain this with the structure illustrated in

Figure 1.7.

Data are transferred between graphics devices and CPU via AGP or PCIe ports. AGP

(Accelerated Graphics Port) was created in 1997, which is a high speed channel for

attaching graphics cards to a motherboard. Data transfer capacity of AGP is up to
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Figure 1.7: Host-device Communication.

2133MB/s. Since 2004, AGP is being progressively phased out in favor of PCI Express.

However, as of mid 2008 new AGP cards and motherboards are still available for

purchase [Intel, 2002]. PCIe (Peripheral Component Interconnect Express) standard

was introduced by Intel in 2004, and currently is the most recent and high-performance

standard for expansion cards that is generally available on modern PCs.[Budruk et al.,

2003] For 16 lane PCIe ports, e.i., PCIe×16, which are commonly used, PCIe 1.1 has a

data rate of 4GB/s, while PCIe 2.0, released in late 2007, doubles this rate. The proposed

PCIe 3.0 is scheduled for release around 2010 and will again double this to 16 GB/s. By

now most computers are run on AGP or PCIe ×16 1.1.

On the other hand, video cards have a much higher throughput between GPU and

VRAM (Video Memory). Since graphic tasks need frequent access to the memory,

graphic memory has been improved to be extremely fast. Two examples of commercial

video cards can be found in Table 1.2.

CPU and host memory is connected via FSB (Front-side Bus). The throughput of FSB

is related to the FSB frequency and bandwidth, which is normally from 2 GB/s to 12.8

GB/s [Intel, 2008]. Although CPU and host memory (DDR SDRAM) has a comparatively

low peak transfer rate as PCIe, CPU has a highly sophisticated cache system which

normally holds a less than 10−5 cache miss, which makes host memory access by CPU

much faster than PCIe channel [Cantin, 2003]. Device memory on graphics device has

a much higher bandwidth than PCIe. Some device memory is also cached, e.g., texture

memory in nVidia G80 architecture is cached in every multi-processor. Shared memory

and registers built in GPU also have neglectable latency. Thus, compared with data

transfer between CPU and host memory, and that between GPU and device memory,

the transfer between CPU and GPU is a bottleneck, even if data are transferred via the

newest PCIe 2.0 channel. The rather that, actual PCIe data rate is lower than theoretical

specifications. Table 1.2 compares the bandwidth between host-device BUSes and

Graphics memory.

In short, try to store the data of processing in the VRAM as much as possible to reduce

accessing the host memory. Too much host-device data transfer would hold back the

overall performance dramatically.
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Table 1.2: Comparison of the throughput among host-device transfer, device memory
access and host memory access [Davis, 2008] [nVidia, 2006] [nVidia, 2008]. Most
computers use AGP or PCIe ×16 1.1 channels. The data transfer between host and

device becomes a bottleneck of GPGPU.

Devices Bandwidth (GB/s)

Host-Device BUS
AGP 8× 2.1
PCIe ×16 1.1 4.0
PCIe ×16 2.0 8.0

Device Memory
nVidia GeForce 8800GTX 86.4
nVidia GeForce GTX280 141.7

FSB depending on FSB frequency and bandwidth 2 - 12.8

1.5.3 Design Criteria

Putting them altogether, we can conclude the following two basic criteria when design-

ing your first GPGPU program.

1. The SIMD criterion: The program must conform to, or locally conform to SIMD

model.

2. The Minimal Data Transfer criterion: The host-device data transfer should be

minimized.

1.6 System Requirement

1.6.1 Hardware

This tutorial covers both GLSL-based traditional GPGPU technique, and CUDA-based

GPGPU. In order to run GLSL, you will need at least an NVIDIA GeForce FX or an

ATI RADEON 9500 graphics card. Older GPUs do not provide the features (most

importantly, single precision floating point data storage and computation) which we

require. Only nVidia GeForce G80 architecture and newer graphics cards support

CUDA. Check the link for the list of supported hardwares:

http://www.nvidia.com/object/cuda_learn_products.html

CUDA defines different levels of compute capability. Check whether your nVidia card

supports the compute capability you need. You can do this according to the explanations

in section 4.2.

http://www.nvidia.com/object/cuda_learn_products.html
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It is highly suggested that a dedicated video card is used (which is not integrated in

the main board), with a dedicated VRAM not less than 256 MB. The graphic device had

better to have a PCIe slot, but not an AGP one, to release the transfer bottleneck.

1.6.2 Software

First of all, a C/C++ compiler is required. If you use MS Windows, you can use Visual

Studio .NET 2003 onwards, or Eclipse 3.x onwards plus CDT / MinGW. If you use Linux,

the Intel C++ Compiler 10.x onwards and GCC 4.0 onwards are needed. If you use Mac

OS, you need to install Xcode and related development packages. These can be found

on the disc that came with your machine or you can log into the Mac Dev Center and

download these packages:

http://developer.apple.com/mac/

Up-to-date drivers for the graphics card are essential. By the time of writing, both ATI

and nVidia cards have been supported officially in Windows, and partially in Linux.

According to the product model you are using, you can choose from a new driver or a

driver for legacy products. If you use Linux, Red Hat, Linux, SuSE, Ubuntu and Debian

are recommended, since they supports most of the drivers. FreeBSD and Solaris should

also work but are not tested. Check this link for up-to-date ATI drivers:

http://support.amd.com/us/gpudownload/Pages/index.aspx

and this one for nVidia drivers:

http://www.nvidia.com/Download/index.aspx?lang=en-us

Check this link for especially Unix and Linux drivers of nVidia cards:

http://www.nvidia.com/object/unix.html

Although Mac OS users can also find their proper driver on the manufacturer’s websites,

they are supported quite well by the vendor, and should not have problems.

The GLSL code in the tutorial uses two external libraries, GLUT and GLEW. For Win-

dows systems, GLUT is available here:

http://www.xmission.com/~nate/glut.html

On Linux, the packages freeglut and freeglut-devel ship with most distributions.

For Mac OS users, find GLUT via:

http://developer.apple.com/samplecode/glut/

http://developer.apple.com/mac/
http://support.amd.com/us/gpudownload/Pages/index.aspx
http://www.nvidia.com/Download/index.aspx?lang=en-us
http://www.nvidia.com/object/unix.html
http://www.xmission.com/~nate/glut.html
http://developer.apple.com/samplecode/glut/
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GLEW can be downloaded from SourceForge. Header files and binaries must be in-

stalled in a location where the compiler can locate them, alternatively, the locations

need to be added to the compiler’s include and library paths. Shader support for GLSL

is built into the driver.

Having a shorter history and a more centralized management, CUDA platform is easier

to set up. All you should do is to go to the CUDA Zone website:

http://www.nvidia.com/object/cuda_get.html

select your operating system and find a proper version, and then install both CUDA

driver and CUDA Toolkit. CUDA SDK code samples are selective. Again, add these

locations to the system path.

You might bump into problems when setting up your platforms. I cannot cover all

specific problems from every operating systems and versions of soft-/hardware. If you

have problems, you can either contact me, or pose questions in the popular forums that

I would suggest later. In the tutorial, I have tested the configurations shown in Table

1.3.

I use my MacBook Pro compiling the tutorial, therefore, most of the sample codes are

programmed in Mac OS X. Due to the platform diversity, small modifications might

have to be made if you use MS Windows or Linux. In most cases, the instructions of

such modifications are provided.

Table 1.3: Tested system configurations.

CPU Intel R© CoreTM2 Duo E6600 / Core TM2 Duo P8600 / i7-965 Extreme Edition
GPU nVidia R© GeForce 8800 GTX / 9400M / 9600M GT / GTX 280 / GTX 295
OS Linux Debian 2.6 etch / Linux Ubuntu 9.04 / Mac OS X 10.5.6

OpenGL 2.1 / 3
GLSL 1.2 / 1.3

C++ Compiler gcc 4.0.1 / 4.1.2 / Intel C++ Compiler 11.0
GLUT 3
GLEW 1.5 / 1.5.1
CUDA 2.0 / 2.1

1.7 The Running Example: Discrete Convolution

Before we start to learn any GPGPU programing in the following chapters, we take

the last section of this chapter to do some preparation of the study. I set a commonly

used procedure in computer vision to be the running example of this tutorial. We

http://www.nvidia.com/object/cuda_get.html
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implement the algorithm by CPU here and we improve it by different GPU methods

in later chapters. Implementing the algorithm by CPU is helpful because the most

essential computational characteristics of GPGPU can be revealed by comparing the

original CPU implementation with its GPU counterparts. From the improvement in

later chapters, we will see which kinds of algorithms match GPU implementation and

how they are "converted".

Let’s assume a 2D discrete convolution problem:

Y(x, y) =
∑

u

∑
v

[X(x + u, y + v) ·M(u, v)] (1.1)

in which, X is the input matrix, and Y is the output matrix. M is the mask. For

simplification, we use an average kernel in this example, and the midpoints of the

definition domains of the variable u and v are both 0. In another word, the mask moves

over the input matrix, averaging the elements in range and assigns the average to the

element in the center. If you are not familiar with convolution, please find a more

detailed explanation at [Press et al., 2007]. Convolution is frequently used in computer

vision and signal processing. This is a good example to reveal the GPGPU concepts, so I

take it as an entry-level example. Firstly, let’s implement it on CPU. The implementation

is shown in Listing C.2. The average filter is implemented by sliding over the matrix,

replacing every element by its neighbors’ average.

Figure 1.8 illustrate the discrete convolution of a mask radius of 2. In this case, every

thread calculates 25 pixels.

Figure 1.8: Discrete convolution with a mask radius of 2.

1 /*
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2 * @brief The First Example: Discrete Convolution

3 * @author Deyuan Qiu

4 * @date May 6, 2009

5 * @file convolution.cpp

6 */

7
8 #include <iostream>

9 #include "../CTimer/CTimer.h"

10 #include "../CSystem/CSystem.h"

11
12 #define WIDTH 1024 //Width of the image

13 #define HEIGHT 1024 //Height of the image

14 #define CHANNEL 4 //Number of channels

15 #define RADIUS 2 //Mask radius

16
17 using namespace std;

18
19 int main(int argc, char **argv)

20 {

21 int nState = EXIT_SUCCESS;

22 int unWidth = (int)WIDTH;

23 int unHeight = (int)HEIGHT;

24 int unChannel = (int)CHANNEL;

25 int unRadius = (int)RADIUS;

26
27 //Generate input matrix

28 float ***fX;

29 int unData = 0;

30 CSystem<float >::allocate(unHeight, unWidth, unChannel , fX);

31 for(int i=0; i<unHeight; i++)

32 for(int j=0; j<unWidth; j++)

33 for(int k=0; k<unChannel; k++){

34 fX[k][j][i] = (float)unData;unData++;

35 }

36
37 //Generate output matrix

38 float ***fY;

39 CSystem<float >::allocate(unHeight, unWidth, unChannel , fY);

40 for(int i=0; i<unHeight; i++)

41 for(int j=0; j<unWidth; j++)

42 for(int k=0; k<unChannel; k++){

43 fY[k][j][i] = 0.0f;

44 }

45
46
47 //Convolution

48 float fSum = 0.0f;

49 int unTotal = 0;

50 CTimer timer;

51 timer.reset();

52
53 for(int i=0; i<unHeight; i++)

54 for(int j=0; j<unWidth; j++)

55 for(int k=0; k<unChannel; k++){

56 for(int ii=i-unRadius; ii<=i+unRadius; ii++)
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57 for(int jj=j-unRadius; jj<=j+unRadius; jj++){

58 if(ii>=0 && jj>=0 && ii<unHeight && jj<unWidth){

59 fSum += fX[k][jj][ii];

60 unTotal++;

61 }

62 }

63 fY[k][j][i] = fSum / (float)unTotal;

64 unTotal = 0;

65 fSum = 0.0f;

66 }

67
68 long lTime = timer.getTime();

69 cout<<"Time elapsed: "<<lTime<<" milliseconds."<<endl;

70
71 CSystem<float >::deallocate(fX);

72 CSystem<float >::deallocate(fY);

73 return nState;

74 }

Listing 1.4: CPU implementation of the first example: 2D discrete convolution

Notice that a CPU timer is adopted in the program: CTimer. The implementation of the

timer is provided in Appendix A. If you don’t have a comfortable timer at hand, you

can simply take this one. Note that the timer is currently only for Unix systems. Any

similar timer routine can do the same job. We will need it for timing purpose in the

tutorial. Besides, CSystem is a system utility class. In this example, it helps to allocate

and deallocate a 3D array. You can find its source code in Appendix C. The source is

derived from fairlib3. Please keep the authors’ information when reusing it.

You can either use your favorite IDE or make tools to build the program. I assume you

are proficient in building C++ codes. Compile the code with -O3 optimization with

gcc, I attain my first testing result on the Core TM2 Duo P8600 CPU:

Time elapsed: 1114 milliseconds.

In the following chapters, we are going to study GPGPU. Chapter 2 introduces the

minimum set of OpenGL knowledge, brings you as fast as possible to GPGPU. Chapter

3 elaborates the classical GPGPU techniques, which take advantage of the graphic

pipeline and the streaming processor. We will implement the discrete convolution

example by GLSL to reveal the characteristics of classical GPGPU. In chapter 4 CUDA

is introduced. The difference between CUDA and classical GPGPU is explained. CUDA

is platform-dependent, therefore, you will also see how to set up your environment and

verify your hardware. Chapter 5 improves a CUDA program - quadratic sum - step by

step. From several speedups you will learn the CUDA optimization strategies. Chapter

3fairlib (Fraunhofer Autonomous Intelligent Robotic Library) is a repository of basic robotic drivers
and algorithms.
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6 explains the texture memory of CUDA and the discrete convolution algorithm is

implemented. In the end, chapter 7 discusses some additional situations that you might

bump into when programming with CUDA, e.g., multi-GPU system, C++ integration,

and so on.

Further Readings:

1. GPGPU

Check this website for everything about GPGPU: http://gpgpu.org/.

2. Read these Wikipedia items:

graphics processing unit, GPGPU, parallel computing, SIMD, graphics pipeline,

OpenGL, shader, shading language, GLSL.

3. CUDA Zone

Browse applications that have been successfully accelerated by GPU, notice speedup

ratios marked for each project: http://www.nvidia.com/object/cuda_home.

html#.

4. OpenGL Video Tutorial

In the coming chapter we are going to learn some basic OpenGL. This website

provides a series video tutorials for beginner, which is very helpful: http://www.

videotutorialsrock.com/.

5. What is Computer Graphics?

Before using OpenGL, you need to have a at least blurry concept of computer

graphics. This website explains some keywords in computer graphics, helping

you know some basic concepts: http://www.graphics.cornell.edu/online/

tutorial/.

6. ExtremeTech 3D Pipeline Tutorial

This is a tutorial of 3D graphics pipeline. Understanding graphics pipeline is the

basis of GPGPU with OpenGL: [Salvator, 2001].

7. A Survey of General-Purpose Computation on Graphics Hardware See what

can traditional GPGPU do: [Owens et al., 2005].

http://gpgpu.org/
http://www.nvidia.com/object/cuda_home.html#
http://www.nvidia.com/object/cuda_home.html#
http://www.videotutorialsrock.com/
http://www.videotutorialsrock.com/
http://www.graphics.cornell.edu/online/tutorial/
http://www.graphics.cornell.edu/online/tutorial/


Chapter 2

GLSL - The Shading Language

In this chapter we will set up OpenGL, and present how a graphics pipeline works, as

well as how to program the shaders. These assignments are the prerequisites of the

classical GPGPU. We will use GLSL to implement GPGPU in the next chapter.

Two graphics pipeline models are notable and are accepted widely as industry stan-

dards: OpenGL and Direct3D. Both define their own shading languages as subsets

of the APIs: GLSL and HLSL respectively. Cg (C for Graphics), the nVidia shading

language, is also quite popular. We choose OpenGL because its cross-platform charac-

teristics. However, classical GPGPU, or traditional GPGPU, is notorious for its steep

learning curve for non-graphics people. Shading languages are designed for complex

and flexible graphics tasks, but not for general computation. All about GPGPU with

shading languages are playing tricks. If one knows nothing about computer graphics, it

is almost impossible to make a classical GPGPU running. I assume that you have some

initial blurry idea on computer graphics (at least from the further readings of previous

chapter).

This chapter would find the shortest way to let you start to program on shaders. Ne-

glecting most of the graphics-purpose functionalities of OpenGL, we will only involve

the minimal set of OpenGL for our GPGPU purpose. The good news is, although

OpenGL is a highly sophisticated graphic API, implementing the minimum application

and the minimum shaders are quite simple, and that is sufficient at the moment. Now

I will help you to set up the OpenGL in your PC.

19



Chapter 2. GLSL - The Shading Language 20

2.1 Installation and Compilation

It won’t be difficult to use OpenGL on Linux. Not only OpenGL itself, GLUT (The

OpenGL Utility Toolkit)1 and GLEW (The OpenGL Extension Wrangler Library)2 are

both standard packages available in the software repositories in your dirstribution. In

Linux, a typical command of compilation is:

cc application.c -o application -lgl -lglu -lglut -lm -lx11

Notice the right order of including the libraries. In all Linux distributions, we can use

nearly the same command to compile. The only difference across distributions is to set

the right location of X library:

-L/usr/X11R6/lib

Of cause if you install any of your OpenGL libraries and including files in a non-standard

path, you should also specify them in the command or in the Makefile.

If you are using Visual C++ in MS Windows, you should make sure that OpenGL32.dll

and glu32.dll are in the system folder. Libraries should be set as ..\vc\lib, and

including files should be set as ..\vc\include\gl.

If you are using Mac OS X, tiny differences should be made. You need to download

OpenGL and GLUT from the aforementioned Mac Developer’s webpage (see Section

1.6). After installation, they should be a part of the framework, i.e., check whether the

folder exists:

/System/Library/Frameworks

The file glut.h should be included as:

#include <GLUT/glut.h>

Notice that glut.hhas included gl.h and glu.h, so they are not necessary to be included

again. Specifically for Mac users, compile command should include the flags:

-framework OpenGL -framework -GLUT

In the tutorial, we are also going to use GLEW. In Linux and MS Windows they can be

installed easily. For Mac users, you can either download the package from its official

SourceForge webpage, or using tools like Fink, MacPorts or DarwinPorts. As to the first

way, download the latest TGZ package (version 1.5.1) from the GLEW website. Follow

the instructions in the webpage below to get around a known bug in the Makefile:

1http://www.opengl.org/resources/libraries/glut/
2http://glew.sourceforge.net/

http://www.opengl.org/resources/libraries/glut/
http://glew.sourceforge.net/
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http://sourceforge.net/tracker/index.php?func=detail&aid=2274802&group_id=

67586&atid=523274

and install it to /usr/. If you do it in the second way, the ports tool would install GLEW

to /opt/local/. For development, if you use Xcode, just follow to instructions in the

webpage below to set up your first project:

http://julovi.net/j/?p=21

Or, simply use Makefile (or maybe CMake) as I do.

2.2 A Minimum OpenGL Application

A minimum graphics pipeline is illustrated in Figure 1.2, which comprises the basic

components to set up a minimum OpenGL application. Now we are going to write the

first program using the concept of the pipeline.

1 /*

2 * @brief The minimum OpenGL application

3 * @author Deyuan Qiu

4 * @date May 8, 2009

5 * @file minimum_opengl.cpp

6 */

7
8 #include <stdio.h>

9 #include <stdlib.h>

10 #include <glew.h>

11 #include <GLUT/glut.h>

12
13 GLuint v,f,p;

14 float lpos[4] = {1,0.5,1,0};

15
16 void changeSize(int w, int h) {

17 // Prevent a divide by zero, when window is too short

18 if(h == 0) h = 1;

19 float ratio = 1.0* w / h;

20
21 // Reset the coordinate system before modifying

22 glMatrixMode(GL_PROJECTION);

23 glLoadIdentity();

24
25 // Set the viewport to be the entire window

26 glViewport(0, 0, w, h);

27
28 // Set the correct perspective.

29 gluPerspective(45,ratio ,1,1000);

30 glMatrixMode(GL_MODELVIEW);

31 }

32

http://sourceforge.net/tracker/index.php?func=detail&aid=2274802&group_id=67586&atid=523274
http://sourceforge.net/tracker/index.php?func=detail&aid=2274802&group_id=67586&atid=523274
http://julovi.net/j/?p=21
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33 float a = 0;

34
35 void renderScene(void) {

36 glClear(GL_COLOR_BUFFER_BIT | GL_DEPTH_BUFFER_BIT);

37 glLoadIdentity();

38 gluLookAt(0.0,0.0,5.0,

39 0.0,0.0,-1.0,

40 0.0f,1.0f,0.0f);

41 glLightfv(GL_LIGHT0 , GL_POSITION , lpos);

42 glRotatef(a,0,1,1);

43 glutSolidTeapot(1);

44 a+=0.1;

45 glutSwapBuffers();

46 }

47
48 int main(int argc, char **argv) {

49 glutInit(&argc, argv);

50 glutInitDisplayMode(GLUT_DEPTH | GLUT_DOUBLE | GLUT_RGBA);

51 glutInitWindowPosition(100,100);

52 glutInitWindowSize(320,320);

53 glutCreateWindow("GPGPU Tutorial");

54 glutDisplayFunc(renderScene);

55 glutIdleFunc(renderScene);

56 glutReshapeFunc(changeSize);

57 glEnable(GL_DEPTH_TEST);

58 glClearColor(0.0,0.0,0.0,1.0);

59 glColor3f(1.0,1.0,1.0);

60 glEnable(GL_CULL_FACE);

61 glewInit();

62
63 glutMainLoop();

64
65 return 0;

66 }

Listing 2.1: A minimum yet nice OpenGL Application

You will not find a comprehensive explanation of OpenGL in this tutorial, since it is not

our focus. If these GL functions look strange to you, please look them up in the books

suggested in the further readings in the end of this chapter (especially the OpenGL

official manual). Understanding the basic concept of OpenGL is what I assume of

you. Please make sure that you understand the following concepts before continuing:

3D projection (perspective and orthogonal), view port, view frustum, transformation

matrix (homogeneous matrix), idle function, main loop, framebuffer and maybe more.

This minimum application is a good example to understand the graphics pipeline,

based on which, we are going to take shaders to the stage. OpenGL is a state machine,

which controls different modes and values by environmental variables.

After compilation, you will see a profile of a rotating teapot as shown in Figure 2.1. For

better display quality, double display buffer is applied in the example (Line 45), so that
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you can find that the teapot is moving smoothly. The application also addresses the

situations of the view being occluded by other windows, and being resized.

Figure 2.1: Output snapshot of Listing 2.1

Let’s have a look in the example together with Figure 1.2. The stage Application

generates 3D or 2D models and send them into the graphics pipeline. This is equal to

the statement in Line 43, in which the teapot is produced. Vertex Shader does per-

vertex operations, such as transformation, color assignment, etc. Line 42 rotates the

teapot, which is a vertex operation. Rasterizer rasterizes the projected mode, which

is set in Line 22. Line 58 and Line 59 set the background color and foreground color

respectively, which is what Fragment Shader does. When the model is translated into a

digital image and stored in framebuffer, it is displayed when function like glFlush() is

called. More OpenGL concepts used in the example like view port, frustum, projection

matrix, clipping, and callback functions are necessary to know but cannot be elaborated

here.

2.3 2nd Version: Adding Shaders

If the user defined shaders are not present (like the example in Listing 2.1), OpenGL

will use the related GL functions that appear in the code (e.g., Line 58 and 59) and its

default shading strategies. Once user configured shaders are defined, these shaders

will replace the original shading strategies. GLSL is the shading language of OpenGL.

Cg is also platform-independent and has similar functionalities and syntaxes as GLSL.

GLSL code can be easily ported to Cg code. In this section, I’m going to explain how

to put our own shaders into the existing pipeline using GLSL. After that, you will be

pretty much there for GPGPU.
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2.3.1 Pass-through Shaders

Same as what we see in the graphics pipeline, GLSL also defines two kinds of shaders:

the vertex shader and the fragment shader. There exist a kind of shader, that though

it is defined, it will not effect the existing shading functions. This kind of minimum

shader is called a pass-through shader. A vertex pass-through shader looks like this:

void main(void)
{
// gl_Position = gl_ProjectionMatrix * gl_ModelViewMatrix * gl_Vertex;
// gl_Position = gl_ModelViewProjectionMatrix * gl_Vertex;

gl_Position = ftransform();
}

Listing 2.2: A vertex pass-through shader

Either of the three statements is valid. Variables starting with gl_ are parts of OpenGL

state. Position of the vertices must be stored in gl_Position. This is a fragment

pass-through shader:

void main(void)
{

gl_GragColor = gl_FrontColor;
}

Listing 2.3: A fragment pass-through shader

The shader takes simply the current color, not changing anything. A vertex shader

and a fragment shader are very similar. They both have a main function, and they use

similar data types. Later we will see that the way of using them are also quite similar.

What really makes differences is the type of processors that they are loaded. GLSL

supports only three data types: float, int and bool, and 2D, 3D and 4D vectors of

these types. Since GLSL does not support pointers, parameters and return values are

both passed by copy. More on the GLSL programming can be referred to the further

readings appended in the end of this chapter.

2.3.2 Shader Object

Shaders are normally saved in text files. For short shaders, we can even use strings to

store them (doing this, you have to compile the shaders specifically every time when

you modify them. You will know a good characteristic of text file shaders in the next

section). Before we compile our shader files, we have to create so-called shader objects,

and then attach these shader objects to program objects. Let’s break it down to three

steps:
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1. Use glCreateProgram() to create a program object. It returns an identifier of the

object.

2. Use glCreateShader() to create a shader object. It returns a shader object identi-

fier. Both vertex shader and fragment shader can use this function.

3. Use glAttachShader() to attach shader objects to the program object.

2.3.3 Read Shaders

Assume that we have saved the shaders in separated text files. In order to load the

shaders, the program should read the text file. You can use the basic I/O functions

of C++ to write a simple text file reader for this purpose. You can also find one in

Appendix B, which is used in all GLSL examples in the tutorial. When the shaders are

read into strings, we can use the function glShaderSource to load the shader source to

shader object. The function is defined as following:

void glShaderSource (GLuint obj, GLsizeit num_strings,

const GLchar *source, const GLint len)

Notice that OpenGL uses its self-contained data types, which are consistent with C++.

So you can also use C++ types. The function loads the shader code from source to the

shader object obj. When the string length len is set to NULL and num_string is set to 1,

source is a string ended with null.

2.3.4 Compile and Link Shaders

After shaders are created and loaded, we use the following two functions to compile

shader objects and link program objects:

void glCompileShader(GLint shader)

void glLinkProgram(GLuint prog)

Here an advantage of using the text file based shader source can be observed: Shaders

can be modified without being compiled specifically. If there exist more than one

program objects, we can use glUseProgram to select the current program object.
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2.3.5 2nd Version of the Minimum OpenGL Application

Putting them all together, now let’s modify Listing2.1 to put our pass-through shaders

into the pipeline.

1 /*

2 * @brief The minimum OpenGL application: 2nd version

3 * @author Deyuan Qiu

4 * @date May 8, 2009

5 * @file minimum_shader.cpp

6 */

7
8 #include <stdio.h>

9 #include <stdlib.h>

10 #include <glew.h>

11 #include <GLUT/glut.h>

12 #include "../CReader/CReader.h"

13
14 GLuint v,f,p;

15 float lpos[4] = {1,0.5,1,0};

16 float a = 0;

17
18 void changeSize(int w, int h) {

19 // Prevent a divide by zero, when window is too short

20 if(h == 0) h = 1;

21 float ratio = 1.0* w / h;

22
23 // Reset the coordinate system before modifying

24 glMatrixMode(GL_PROJECTION);

25 glLoadIdentity();

26
27 // Set the viewport to be the entire window

28 glViewport(0, 0, w, h);

29
30 // Set the correct perspective.

31 gluPerspective(45,ratio ,1,1000);

32 glMatrixMode(GL_MODELVIEW);

33 }

34
35 void renderScene(void) {

36 glClear(GL_COLOR_BUFFER_BIT | GL_DEPTH_BUFFER_BIT);

37 glLoadIdentity();

38 gluLookAt(0.0,0.0,5.0,

39 0.0,0.0,-1.0,

40 0.0f,1.0f,0.0f);

41 glLightfv(GL_LIGHT0 , GL_POSITION , lpos);

42 glRotatef(a,0,1,1);

43 glutSolidTeapot(1);

44 a+=0.1;

45 glutSwapBuffers();

46 }

47
48 void setShaders() {

49 char *vs = NULL,*fs = NULL;
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50 v = glCreateShader(GL_VERTEX_SHADER);

51 f = glCreateShader(GL_FRAGMENT_SHADER);

52
53 CReader reader;

54 vs = reader.textFileRead("passthrough.vert");

55 fs = reader.textFileRead("passthrough.frag");

56
57 const char * vv = vs;

58 const char * ff = fs;

59
60 glShaderSource(v, 1, &vv,NULL);

61 glShaderSource(f, 1, &ff,NULL);

62
63 free(vs);free(fs);

64 glCompileShader(v);

65 glCompileShader(f);

66
67 p = glCreateProgram();

68 glAttachShader(p,v);

69 glAttachShader(p,f);

70 glLinkProgram(p);

71 glUseProgram(p);

72 }

73
74 int main(int argc, char **argv) {

75 glutInit(&argc, argv);

76 glutInitDisplayMode(GLUT_DEPTH | GLUT_DOUBLE | GLUT_RGBA);

77 glutInitWindowPosition(100,100);

78 glutInitWindowSize(320,320);

79 glutCreateWindow("GPGPU Tutorial");

80 glutDisplayFunc(renderScene);

81 glutIdleFunc(renderScene);

82 glutReshapeFunc(changeSize);

83 glEnable(GL_DEPTH_TEST);

84 glClearColor(0.0,0.0,0.0,1.0);

85 glColor3f(1.0,1.0,1.0);

86 glEnable(GL_CULL_FACE);

87 glewInit();

88
89 setShaders();

90
91 glutMainLoop();

92
93 return 0;

94 }

Listing 2.4: Second version of the OpenGL minimum application, with shaders

implemented by GLSL

There are three major modifications in the 2nd version. First, a text file reader class is

applied to load the shader sources: CReader. The source code of the class is found in Ap-

pendix B. This file reader class will always be used in GLSL examples in the tutorial. Sec-

ond, two shader files are added into the same path as the main file: passthrough.vert
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(as shown in Listing 2.2) and passthrough.frag (as shown in Listing 2.3). Third,

the method setShaders is added to the main file. With the explanations in previous

sections, the method should be self-explaining.

Compile and run the program, and then you would find no difference in the output.

The teapot is observed as before. That is because we used two pass-through shaders,

which do not change the shading condition. Now let’s change the shader to make some

differences to the teapot. You can either change the content of the existing shaders,

without compiling the project, or you can create new shaders with different names (e.g.,

test.frag and test.vert) and modify the file names in the main file, then you have

to compile the project. Now we use this fragment shader:

void main()
{

gl_FragColor = vec4(0.627,0.125,0.941,1.0); //purple
}

Listing 2.5: Another fragment shader

Check the output, and then you will see the teapot is now in purple, as shown in Figure

2.2. This is because we changed the current rendering color by the fragment shader.

Figure 2.2: Output snapshot when Shader of Listing 2.5 is applied.

We can also do something to the vertex shader. Apply this vertex shader and you will

see a distorted teapot as shown in Figure 2.3.

void main(){
vec4 a;
a = gl_ModelViewProjectionMatrix * gl_Vertex;
gl_Position.x = 0.4 * a.x;
gl_Position.y = 0.1 * a.y;

}

Listing 2.6: Another vertex shader
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vec4 is a 4 dimensional floating point data type. Components of a vector can be accessed

by so called component accessors. There are two methods to access components:

a named component method (the method we use here), and an array-like method.

Again, refer to the related materials suggested in Further reading for more about GLSL

language.

Figure 2.3: Output snapshot when Shader of Listing 2.6 is applied.

We have successfully interfered the existing graphics pipeline. Although the shaders

we use are extremely simple, there can be highly complicated shaders that produce

professional rendering effects. As you can see, GLSL is so powerful, i.e., it can change

the rendering behavior in a completely user-defined way.

2.4 3rd Version: Communication with OpenGL

We have already a nice running OpenGL application, with two shaders implemented

by GLSL. Now let’s add some sugar on the coffee. Except some built-in variables of

OpenGL that can be used inside the shaders, the shaders have no communication with

OpenGL, i.e., they run completely on their own. In GPGPU, we need to control the

shaders by passing parameters to the shaders, or get return from the shaders. This

could be achieved by three kinds of variables: uniform variables, attribute variables

and varying variables. Both uniform variables and attribute variables can be used to

pass parameters from OpenGL to shaders. You can check the differences of them in the

suggested materials. Both of them are read-only in shaders. Varying variables are used

to pass parameters between the vertex shaders and fragment shaders. We are going to

use uniform variables.

In Listing 2.4, the variable a (declared in Line 16) is actually a time information. It

is accumulated with the function renderScene over loops (Line 44). If we pass the



Chapter 2. GLSL - The Shading Language 30

variable a to one of the shaders, we can make some change to the teapot over the time.

GPGPU uses mostly the fragment shader, so here I’m going to show how to send a

variable to the fragment shader using a uniform variable.

1 /*

2 * @brief The minimum OpenGL application: 3rd version

3 * @author Deyuan Qiu

4 * @date May 10, 2009

5 * @file glsl_uniform.cpp

6 */

7
8 #include <stdio.h>

9 #include <stdlib.h>

10 #include <glew.h>

11 #include <GLUT/glut.h>

12 #include "../CReader/CReader.h"

13
14 GLuint v,f,p;

15 float lpos[4] = {1,0.5,1,0};

16 float a = 0;

17 GLint time_id; //*change 1: The identifier of uniform variable

18
19 void changeSize(int w, int h) {

20 // Prevent a divide by zero, when window is too short

21 if(h == 0) h = 1;

22 float ratio = 1.0* w / h;

23
24 // Reset the coordinate system before modifying

25 glMatrixMode(GL_PROJECTION);

26 glLoadIdentity();

27
28 // Set the viewport to be the entire window

29 glViewport(0, 0, w, h);

30
31 // Set the correct perspective.

32 gluPerspective(45,ratio ,1,1000);

33 glMatrixMode(GL_MODELVIEW);

34 }

35
36 void renderScene(void) {

37 glClear(GL_COLOR_BUFFER_BIT | GL_DEPTH_BUFFER_BIT);

38 glLoadIdentity();

39 gluLookAt(0.0,0.0,5.0,

40 0.0,0.0,-1.0,

41 0.0f,1.0f,0.0f);

42 glLightfv(GL_LIGHT0 , GL_POSITION , lpos);

43 glRotatef(a,0,1,1);

44 glutSolidTeapot(1);

45 a+=0.1;

46 glUniform1f(time_id, a); //*change 2: update the the uniform variable.

47 glutSwapBuffers();

48 }

49
50 void setShaders() {
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51 char *vs = NULL,*fs = NULL;

52 v = glCreateShader(GL_VERTEX_SHADER);

53 f = glCreateShader(GL_FRAGMENT_SHADER);

54
55 CReader reader;

56 vs = reader.textFileRead("passthrough.vert");

57 fs = reader.textFileRead("uniform.frag"); //*change3: use the right shader.

58
59 const char * vv = vs;

60 const char * ff = fs;

61
62 glShaderSource(v, 1, &vv,NULL);

63 glShaderSource(f, 1, &ff,NULL);

64
65 free(vs);free(fs);

66 glCompileShader(v);

67 glCompileShader(f);

68
69 p = glCreateProgram();

70 glAttachShader(p,v);

71 glAttachShader(p,f);

72 glLinkProgram(p);

73 glUseProgram(p);

74
75 time_id = glGetUniformLocation(p, "v_time"); //*change 4: get an identifier for

the uniform variable.

76 }

77
78 int main(int argc, char **argv) {

79 glutInit(&argc, argv);

80 glutInitDisplayMode(GLUT_DEPTH | GLUT_DOUBLE | GLUT_RGBA);

81 glutInitWindowPosition(100,100);

82 glutInitWindowSize(320,320);

83 glutCreateWindow("GPGPU Tutorial");

84 glutDisplayFunc(renderScene);

85 glutIdleFunc(renderScene);

86 glutReshapeFunc(changeSize);

87 glEnable(GL_DEPTH_TEST);

88 glClearColor(0.0,0.0,0.0,1.0);

89 glColor3f(1.0,1.0,1.0);

90 glEnable(GL_CULL_FACE);

91 glewInit();

92
93 setShaders();

94
95 glutMainLoop();

96
97 return 0;

98 }

Listing 2.7: Third version of the OpenGL minimum application, applying a uniform

variable

The fragment shader using uniform variable is as follows:



Chapter 2. GLSL - The Shading Language 32

1 uniform float v_time;

2
3 void main()

4 {

5 float fR = 0.9 * sin(0.0 + v_time*0.05) + 1.0;

6 float fG = 0.9 * cos(0.33 + v_time*0.05) + 1.0;

7 float fB = 0.9 * sin(0.67 + v_time*0.05) + 1.0;

8 gl_FragColor = vec4(fR/2.0, fG/2.0, fB/2.0, 1.0);

9 }

Listing 2.8: The fragment shader used in Listing 2.7

You can find four changes in the main file. They are labeled with “*” marks. Passing a

variable to fragment shader can be fulfilled in 3 steps:

1. Declare a uniform variable in the fragment shader. Again, it is read-only, so do

not initialize it. (Line 1, Listing 2.8)

2. For establishing the connection between a and v_time, after we have created and

linked a program object, we need use the function glGetUniformLocation to get

a identifier for the uniform variable. (Line 75, Listing 2.7)

3. Every time a is updated, we can update v_timeby function glGetUniform1f. Note

that most OpenGL functions have corresponding forms for different data types.

For example, glGetUniform1f is for scalar floating type, and glGetUniform4i is

for 4 dimensional integer type.

By the way, you need to do exactly the same to use attribute variable.

Compile and run the program, then you will see the teapot is constantly changing its

color, as the snapshots in Figure 2.4 show.

(a) (b) (c) (d)

Figure 2.4: A color changing teapot, implemented by a uniform variable passing time
information to the fragment shader.

In this chapter we have studied the necessary preliminaries of OpenGL for GPGPU. You

might have noticed the somewhat steep learning curve of classical GPGPU. Although I
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have minimized it, it still takes more than one chapter. You might still not know how

to connect this with general-purpose computation. In the following chapter we will

implement the first example (see section 1.7) by OpenGL. Other than the knowledge

introduced in this chapter, you might also need to know something about texturing, or

texture mapping. Texturing is an essential technique for classical GPGPU. Please find

some useful materials about texturing in the further reading part.

Further Readings:

1. OpenGL Shading Language

The “red book", something that you must read when working with OpenGL [Shreiner

et al., 2005].

2. OpenGL SuperBible

Also a nice book to have on your desk [S.Wright et al., 2007].

3. OpenGL Shading Language

The “orange book", another must for GLSL programing [Rost, 2006]. This book is

also available at Google books: http://books.google.com/books?id=kDXOXv_

GeswC&lpg=PP1&dq=opengl%20shading%20language&pg=PP1.

4. OpenGL Shading Language @ Lighthouse 3D

The website provides a very fast way to start learning GLSL. With several exam-

ples you can already program in GLSL: http://www.lighthouse3d.com/opengl/

glsl.

http://books.google.com/books?id=kDXOXv_GeswC&lpg=PP1&dq=opengl%20shading%20language&pg=PP1
http://books.google.com/books?id=kDXOXv_GeswC&lpg=PP1&dq=opengl%20shading%20language&pg=PP1
http://www.lighthouse3d.com/opengl/glsl
http://www.lighthouse3d.com/opengl/glsl
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Chapter 3

Classical GPGPU

Now that we have learned the OpenGL environment and shader programming using

GLSL, we will start to deal with GPGPU in this chapter. After introducing the classical

/ traditional GPGPU concept, we will implement our first example (see section 1.7)

by OpenGL step by step. I assume you have already got the idea of the principle of

texturing and know the functionality of a texture buffer. If not, a tiny explanation in

section 3.1.1 and the further readings of the previous chapter are recommended.

3.1 Computation by Texturing

The classical GPGPU concept can be summarized as "computation by texturing". It

sounds weird but it has worked as the only way of GPGPU for years. Next we introduce

the brief idea of texturing and then we reveal the concept of the classical GPGPU.

3.1.1 Texturing in Plain English

Texturing, also called texture mapping is a computer graphics technique to produce

photorealism. In order to render the model, you can explicitly paint the surfaces by

specific colors. However, defining an identical color for each surface is monotonic (and

apparently not photorealistic), and manually rendering different colors for every pixel

in every frame is also impossible for the designer. Texture mapping turned out to be an

effective compromise for rendering graphics of high quality.

The principle of texturing is straight-forward. First, a 3D model is constructed, which is

composed of vertices. Next the model is meshed by some tessellation or triangulation

algorithms. Note that by now these two steps are not interested in our application,

35
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(a) Before texturing.

(b) After texturing.

Figure 3.1: An example of texturing. Textures are mapped to the 3D model to produce
photorealism. (a) is a tessellated mesh. Textures are mapped to the surfaces in (b).

which are the techniques to form a valid 3D model out of point clouds. This 3D model

is not yet rendered. Again, you can paint on it manually but it would be hardly

photorealistic unless you are a fine artist. The idea of making the 3D model realistic is

to map a piece of image (with the desirable patterns) to the surface. The pixels on the

image is scaled to fit the shape of the surface.

Naming these essentials by terms, the images that are ’pasted’ are called textures. The

procedure of mapping the images to the 3D surfaces is called texturing. Texturing has

been defined as a standard functionality in both graphics APIs and graphics hardwares.

In GPUs, textures are stored in texture buffers. When mapping the texture, you only

have to align the four corners of the texture image to the desired position in your 3D

model, and the pixels are automatically interpolated and sampled. All these procedures

are hardware-accelerated. Figure 3.1 presents an example of texturing in computer
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graphics.1 Nearly all computer graphic arts are created by texturing.

3.1.2 Classical GPGPU Concept

Classical GPGPU takes advantage of GPU’s massively parallel computational power by

means of the graphics pipeline. The typical process of a graphics task is illustrated by

the simplified graphics pipeline in Figure 1.2. To refresh your memory of the graphics

pipeline, you can refer to section 1.2 and section 2.2. The vertices from CPU are

processed by the same pipeline (algorithm) and become the pixels on the framebuffer.

The process holds same for every vertex and every pixel, which is the essential reason

of GPU’s SIMD character.

Figure 3.2: The classical GPGPU pipeline.

For GPGPU, a few alterations need to be carried out for the existing graphics pipeline.

Based on Figure 1.2, we draw a new “pipeline” for GPGPU (see Figure 3.2). First, the

purpose of computation is no more for graphics. Therefore, we are not interested in

the display, but the result of calculation. In this case, framebuffer is not used any more.

The new concept is called Offscreen Rendering, or Render-To-Texture, meaning, we

use texture buffers as render targets, other than the framebuffers. Render-To-Texture is

implemented by wrapping texture buffer by the Framebuffer Object (FBO), and setting

the FBO as the render target.

Second, we use only fragment shader to achieve GPGPU. The vertex shader can be

the fix function of OpenGL or a pass-through shader. By performing computation, the

technique Calling-by-Drawing is employed. We break it down to 6 steps:

1. Prepare a quad that contains the input data of your algorithm. For example, if

you want to calculate 1, 000, 000 data, you can load the data into a 1, 000 × 1, 000

2D array, or, into a 500 × 500 × 4 3D array (notice that the third dimension must

1The texturing mapping example in computer graphics is taken from http://s281.photobucket.com/
albums/kk208/classicgamer-3dt/. More texture mapping examples can be found in the link.

http://s281.photobucket.com/albums/kk208/classicgamer-3dt/
http://s281.photobucket.com/albums/kk208/classicgamer-3dt/
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be less than 4 in order to fit into the RGBA channels of texels). Your data are

not necessarily to be two-dimensional or three-dimensional. The quad is just a

container for general data. We make this quad so that OpenGL takes it as an

image.

2. Load the quad to the texture buffer. Now our input data acts as a piece of texture.

3. Set the viewport to see exactly the quad and set the orthogonal projection, so as

to have a 1:1 projection.

4. Draw a quad of the same size as the texture quad to cover every texel2 and to have

a 1:1 texture mapping.

5. Map the texture to the quad. This forces the texture to be copied and sent to the

entrance of the graphics pipeline. Every texel flows through the shaders. While

in the fragment shader, texels are processed by per-fragment operations, namely,

our algorithm.

6. Again, the processed image is rendered to another texture buffer. If no further

operation is needed, the data is read back to host memory.

Third, if a single pass does not fulfill the purpose of the algorithm, more passes can be

performed by the so-called Ping Pong Technique. In the case, two or more textures are

prepared, they are either read-only, or write-only. Data (texture quad) are read from

texture buffer, processed by the fragment shader and write to another write-only texture

buffer. This process is repeated for several times, meanwhile, different algorithms can

be loaded to fragment shader. Therefore, comparatively complex algorithms can be

implemented. The circle with an arrow in Figure 3.2 illustrates the Ping Pong Technique.

3.2 Texture Buffer

As one might have noticed that the essential role in classical GPGPU is the texture

buffer. In this section we try to make a quad and transfer it to texture, and then fetch

them back to host memory. We will not do any computation in this step.

3.2.1 Texture Complications

First of all, we need to clarify some complications. These complications are discussed

in detail by Dominik Göddeke [Göddeke, 2005]. If you do not want to study too much
2The word texel is formed by texture element. A texel as to the texture is analogous to a pixel as to the

image.



Chapter 3. Classical GPGPU 39

of these complications, following the examples in this tutorial, you would be on the

safe side for most of the circumstances.

3.2.1.1 Texture Targets

The texture target that comes with OpenGL is the GL_TEXTURE_2D, which is a normal

texture target that support single floating data. By default, all dimensions of a texture

are normalized to [0, 1]. This eases texturing a lot, because user do not need to care

about the size of the texture. But for GPGPU, it adds complication. Another texture

target option is GL_TEXTURE_RECTANGLE_ARB, which is an ARB extension of OpenGL. It

does not normalize the texture. We can access the elements of the array by just using

the indices in shader.

Before OpenGL 2.0, GL_TEXTURE_2D only supports textures that have power-of-2 di-

mensions. Any way, you can use either of the two texture targets as you like. But I

would suggest GL_TEXTURE_RECTANGLE_ARB.

3.2.1.2 Texture Format

Texels have the same structure as pixels. Each texel can contain up to 4 channels: RGBA

(Red, Green, Blue and Alpha). Alpha channel stores the depths information. When

making up the quad for your data, you can use all the four channels of texels, or you

can also use only one of them. In some cases, you might also hope to use 3 channels

(in this case, I suggest you use 4 channels but leave one channel empty). When using

only one single floating point value per texel, you can use the OpenGL texture format:

GL_LUMINANCE; when using all the four channels, the format is: GL_RGBA. If you have

plenty of data for computation, using more channels would improve the performance.

3.2.1.3 Internal Format

The two main graphics card manufacturers, nVidia and AMD (formerly ATI), have

there own internal format of texture: NV and ATI. For example, GL_FLOAT_R32_NV is

the nVidia internal format of single-precision floating data of one value per texel and

GL_LUMINANCE_FLOAT32_ATI is the ATI internal format of single-precision floating data

of one value per texel. Other than these, ARB (OpenGL Architecture Review Board)

also declares their own internal format, e.g., GL_RGBA32F_ARB.

The choice of internal format influences the performance. Not all of these formats

support offscreen rendering and not all of them are compatible with both texture targets
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introduced in 3.2.1.1. So care has to be taken at the time of choosing. If you do not want

to study the complication, following the examples in this tutorial, you would be on the

safe side for most of the circumstances.

3.2.2 Texture Buffer Roundtrip

Enough about theories, let us learn by doing. First of all, we are going to send some

data to texture buffer and read them back to host memory. Although the data will not

be displayed on monitor, for a valid OpenGL environment, we still need to create a

window. So the following code is still necessary to initialize GLUT:

glutInit(&argc, argv);
glutCreateWindow("GPGPU Tutorial");

Then create a framebuffer object (FBO) and bind it. Using extension function

glGenFramebuffersEXT can generate a framebuffer object that is not necessarily bound

to a framebuffer. Therefore, offscreen rendering can be implemented.

GLuint fb;
glGenFramebuffersEXT(1, &fb);
glBindFramebufferEXT(GL_FRAMEBUFFER_EXT , fb);

Now we allocate a texture buffer, which will be used for storing the data.

1 GLuint tex;
2 glGenTextures(1, &tex);
3 glBindTexture(GL_TEXTURE_2D , tex);

Since GL_TEXTURE_2D is enough for the roundtrip purpose, we do not really need the

ARB extension. However, the ARB extension can certainly be used. So line 3 in previous

code can be replaced by

glBindTexture(GL_TEXTURE_RECTANGLE_ARB, tex);

The replacement is applicable in all the roundtrip example, but either of them has to be

used throughout the example.

After creating the texture buffer, we have to set the texture buffer parameters by the

function glTexParameter. These parameters are all about the strategies of texture

mapping. Please find the explanation of the function and its parameters in OpenGL

documents. Till now the texture buffer is empty. First we attach the texture to the FBO
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for offscreen rendering. Then we define a 2D texture image in the texture buffer and

transfer the data to the texture buffer.

// set texture parameters
glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_MIN_FILTER , GL_NEAREST);
glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_MAG_FILTER , GL_NEAREST);
glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_WRAP_S , GL_CLAMP);
glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_WRAP_T , GL_CLAMP);

// attach texture to the FBO
glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,
GL_TEXTURE_2D , tex, 0);

// define texture with floating point format
glTexImage2D(GL_TEXTURE_2D , 0, GL_RGBA_FLOAT32_ATI , nWidth, nHeight, 0, GL_RGBA,
GL_FLOAT, NULL);

// transfer data to texture
glTexSubImage2D(GL_TEXTURE_2D , 0, 0, 0, nWidth, nHeight, GL_RGBA, GL_FLOAT ,
pfInput);

Specially, when transferring data to the texture, we had better use the hardware-specific

method to achieve the optimal performance. The transfer method above is hardware-

accelerated for nVidia cards. The CPU-to-GPU data transfer method can be different, if

you are using an ATI video card and want to achieve the optimal performance:

glDrawBuffer(GL_COLOR_ATTACHMENT0_EXT);
glRasterPos2i(0,0);
glDrawPixels(texSize,texSize,texture_format ,GL_FLOAT ,data);

Users have completely no control on transfering data to texture. The order of transfer

and how they are stored on the texture buffer are managed by the driver. Again, data

transfer should be minimized, because it is expensive in GPGPU.

Now that the data have been sent to the texture buffer, which has also been bound to

the FBO as a render target, we can now read the “image” (our data) back from the

“framebuffer” (texture buffer).

glReadBuffer(GL_COLOR_ATTACHMENT0_EXT);
glReadPixels(0, 0, nWidth, nHeight, GL_RGBA, GL_FLOAT ,
pfOutput);

Putting them all together, the code is integrated in Listing 3.1. The parts using the rectan-

gle ARB extension have been commented out. You can also replace the GL_TEXTURE_2D

parts by them.

1 /*

2 * @brief OpenGL texture memory roundtrip test.

3 * @author Deyuan Qiu
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4 * @date June 3, 2009

5 * @file gpu_roundtrip.cpp

6 */

7
8 #include <stdio.h>

9 #include <stdlib.h>

10 #include <iostream>

11 #include <glew.h>

12 #include <GLUT/glut.h>

13
14 #define WIDTH 2 //data block width

15 #define HEIGHT 3 //data block height

16
17 using namespace std;

18
19 int main(int argc, char **argv) {

20 int nWidth = (int)WIDTH;

21 int nHeight = (int)HEIGHT;

22 int nSize = nWidth * nHeight;

23
24 // create test data

25 float* pfInput = new float[4* nSize];

26 float* pfOutput = new float[4* nSize];

27 for (int i = 0; i < nSize * 4; i++) pfInput[i] = i + 1.2345;

28
29 // set up glut to get valid GL context and get extension entry points

30 glutInit(&argc, argv);

31 glutCreateWindow("GPGPU Tutorial");

32 glewInit();

33
34 // create FBO and bind it

35 GLuint fb;

36 glGenFramebuffersEXT(1, &fb);

37 glBindFramebufferEXT(GL_FRAMEBUFFER_EXT , fb);

38
39 // create texture and bind it

40 GLuint tex;

41 glGenTextures(1, &tex);

42 // glBindTexture(GL_TEXTURE_RECTANGLE_ARB , tex);

43 glBindTexture(GL_TEXTURE_2D , tex);

44
45 // set texture parameters

46 // glTexParameteri(GL_TEXTURE_RECTANGLE_ARB , GL_TEXTURE_MIN_FILTER , GL_NEAREST);

47 // glTexParameteri(GL_TEXTURE_RECTANGLE_ARB , GL_TEXTURE_MAG_FILTER , GL_NEAREST);

48 // glTexParameteri(GL_TEXTURE_RECTANGLE_ARB , GL_TEXTURE_WRAP_S , GL_CLAMP);

49 // glTexParameteri(GL_TEXTURE_RECTANGLE_ARB , GL_TEXTURE_WRAP_T , GL_CLAMP);

50 glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_MIN_FILTER , GL_NEAREST);

51 glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_MAG_FILTER , GL_NEAREST);

52 glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_WRAP_S , GL_CLAMP);

53 glTexParameteri(GL_TEXTURE_2D , GL_TEXTURE_WRAP_T , GL_CLAMP);

54
55 // attach texture to the FBO

56 // glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,

GL_TEXTURE_RECTANGLE_ARB , tex, 0);
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57 glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,

GL_TEXTURE_2D , tex, 0);

58
59 // define texture with floating point format

60 // glTexImage2D(GL_TEXTURE_RECTANGLE_ARB , 0, GL_RGBA32F_ARB , nWidth, nHeight, 0,

GL_RGBA, GL_FLOAT, 0);

61 glTexImage2D(GL_TEXTURE_2D , 0, GL_RGBA_FLOAT32_ATI , nWidth, nHeight, 0, GL_RGBA,

GL_FLOAT, NULL);

62
63 // transfer data to texture

64 // glTexSubImage2D(GL_TEXTURE_RECTANGLE_ARB , 0, 0, 0, nWidth, nHeight, GL_RGBA,

GL_FLOAT, pfInput);

65 glTexSubImage2D(GL_TEXTURE_2D , 0, 0, 0, nWidth, nHeight, GL_RGBA, GL_FLOAT ,

pfInput);

66
67 // and read back

68 glReadBuffer(GL_COLOR_ATTACHMENT0_EXT);

69 glReadPixels(0, 0, nWidth, nHeight, GL_RGBA, GL_FLOAT , pfOutput);

70
71 // print and check results

72 bool bCmp = true;

73 for (int i = 0; i < nSize * 4; i++){

74 cout<<i<<":\t"<<pfInput[i]<<’\t’<<pfOutput[i]<<endl;

75 if(pfInput[i] != pfOutput[i]) bCmp = false;

76 }

77 if(bCmp) cout<<"Round trip complete!"<<endl;

78 else cout<<"Raund trip failed!"<<endl;

79
80 // clean up

81 delete pfInput;

82 delete pfOutput;

83 glDeleteFramebuffersEXT(1, &fb);

84 glDeleteTextures(1, &tex);

85 return 0;

86 }

Listing 3.1: A texture buffer roundtrip example of classical GPGPU.

3.3 GLSL-accelerated Convolution

Finally we will create our first GPGPU program. In this section, the discrete convolution

example will be implemented by OpenGL. We have studied the principle of texture

buffer and how to use user-defined shaders. Now we are going to put them all together

and see how general computation is fulfilled.

First of all, we must make sure that after the computation, we can still retrieve our data

“safely”, i.e., all data are processed and data are arranged in the same way as we send

them to the texture buffer. In order to achieve this, we must preserve the texture image

during computation, namely, mapping, projection and tranfering. Let’s break it down
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to 3 parts. In the following sample codes, unWidth and unHeight are the dimensions of

the data array.

1. The quad we draw must be of the same size as the texture image, so that we

attain a 1:1 texture mapping. By texturing the quad, texture image (our data) is

mapped to the quad without scaling, wrapping or cropping. Texturing mapping is

implemented by aligning the four vertices of the quad with the texture coodinates

of the texture image:

glBegin(GL_QUADS);
glTexCoord2f(0.0, 0.0);
glVertex2f(0.0, 0.0);
glTexCoord2f(unWidth, 0.0);
glVertex2f(unWidth, 0.0);
glTexCoord2f(unWidth, unHeight);
glVertex2f(unWidth, unHeight);
glTexCoord2f(0.0, unHeight);
glVertex2f(0.0, unHeight);
glEnd();
glFinish();

2. When the rendered quad is projected, we must also make sure that the projection

preserves the shape of the quad. The easiest way is to choose the orthogonal

projection which preserves the size.

glMatrixMode(GL_PROJECTION);
glLoadIdentity();
gluOrtho2D(0.0, unWidth, 0.0, unHeight);

3. The viewport should also be in the same size as the quad.

glMatrixMode(GL_MODELVIEW);
glLoadIdentity();
glViewport(0, 0, unWidth, unHeight);

By the way, you can also not following these rules, but once you changed the shape of

the texture image or the quad, you must make sure that you can transform it back, or

you know the new positions of you data. Now I present the complete GLSL-accelerated

discrete convolution algorithm (see Listing C.2 for the CPU counterpart) as Listing 3.2.
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1 /*

2 * @brief The First Example: GLSL-accelerated Discrete Convolution

3 * @author Deyuan Qiu

4 * @date June 3, 2009

5 * @file gpu_convolution.cpp

6 */

7
8 #include <stdio.h>

9 #include <stdlib.h>

10 #include <iostream>

11 #include <glew.h>

12 #include <GLUT/glut.h>

13 #include "../CReader/CReader.h"

14 #include "../CTimer/CTimer.h"

15
16 #define WIDTH 1024 //data block width

17 #define HEIGHT 1024 //data block height

18 #define MASK_RADIUS 2 //Mask radius

19
20 using namespace std;

21
22 void initGLSL(void);

23 void initFBO(unsigned unWidth, unsigned unHeight);

24 void initGLUT(int argc, char** argv);

25 void createTextures (void);

26 void setupTexture(const GLuint texID);

27 void performComputation(void);

28 void transferFromTexture(float* data);

29 void transferToTexture(float* data, GLuint texID);

30
31 // texture identifiers

32 GLuint yTexID;

33 GLuint xTexID;

34
35 // GLSL vars

36 GLuint glslProgram;

37 GLuint fragmentShader;

38 GLint outParam, inParam, radiusParam;

39
40 // FBO identifier

41 GLuint fb;

42
43 // handle to offscreen "window", providing a valid GL environment.

44 GLuint glutWindowHandle;

45
46 // struct for GL texture (texture format, float format etc)

47 struct structTextureParameters {

48 GLenum texTarget;

49 GLenum texInternalFormat;

50 GLenum texFormat;

51 char* shader_source;

52 }textureParameters;

53
54 // global vars
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55 float* pfInput; //input data

56 float fRadius = (float)MASK_RADIUS;

57 unsigned unWidth = (unsigned)WIDTH;

58 unsigned unHeight = (unsigned)HEIGHT;

59 unsigned unSize = unWidth * unHeight;

60
61 int main(int argc, char **argv) {

62 // create test data

63 unsigned unNoData = 4 * unSize; //total number of Data

64 pfInput = new float[unNoData];

65 float* pfOutput = new float[unNoData];

66 for (unsigned i = 0; i < unNoData; i++) pfInput[i] = i;

67
68 // create variables for GL

69 textureParameters.texTarget = GL_TEXTURE_RECTANGLE_ARB;

70 textureParameters.texInternalFormat = GL_RGBA32F_ARB;

71 textureParameters.texFormat = GL_RGBA;

72 CReader reader;

73
74 // init glut and glew

75 initGLUT(argc, argv);

76 glewInit();

77 // init framebuffer

78 initFBO(unWidth, unHeight);

79 // create textures for vectors

80 createTextures();

81 // clean the texture buffer (for security reasons)

82 textureParameters.shader_source = reader.textFileRead("clean.frag");

83 initGLSL();

84 performComputation();

85 // perform computation

86 textureParameters.shader_source = reader.textFileRead("convolution.frag");

87 initGLSL();

88 performComputation();

89
90 // get GPU results

91 transferFromTexture (pfOutput);

92
93 // clean up

94 glDetachShader(glslProgram , fragmentShader);

95 glDeleteShader(fragmentShader);

96 glDeleteProgram(glslProgram);

97 glDeleteFramebuffersEXT(1,&fb);

98 glDeleteTextures(1,&yTexID);

99 glDeleteTextures (1,&xTexID);

100 glutDestroyWindow (glutWindowHandle);

101
102 // exit

103 delete pfInput;

104 delete pfOutput;

105 return EXIT_SUCCESS;

106 }

107
108 /**

109 * Set up GLUT. The window is created for a valid GL environment.
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110 */

111 void initGLUT(int argc, char **argv) {

112 glutInit ( &argc, argv );

113 glutWindowHandle = glutCreateWindow("GPGPU Tutorial");

114 }

115
116 /**

117 * Off-screen Rendering.

118 */

119 void initFBO(unsigned unWidth, unsigned unHeight) {

120 // create FBO (off-screen framebuffer)

121 glGenFramebuffersEXT(1, &fb);

122 // bind offscreen framebuffer (that is, skip the window-specific render target)

123 glBindFramebufferEXT(GL_FRAMEBUFFER_EXT , fb);

124 // viewport for 1:1 pixel=texture mapping

125 glMatrixMode(GL_PROJECTION);

126 glLoadIdentity();

127 gluOrtho2D(0.0, unWidth, 0.0, unHeight);

128 glMatrixMode(GL_MODELVIEW);

129 glLoadIdentity();

130 glViewport(0, 0, unWidth, unHeight);

131 }

132
133 /**

134 * Set up the GLSL runtime and creates shader.

135 */

136 void initGLSL(void) {

137 // create program object

138 glslProgram = glCreateProgram();

139 // create shader object (fragment shader)

140 fragmentShader = glCreateShader(GL_FRAGMENT_SHADER_ARB);

141 // set source for shader

142 const GLchar* source = textureParameters.shader_source;

143 glShaderSource(fragmentShader , 1, &source, NULL);

144 // compile shader

145 glCompileShader(fragmentShader);

146
147 // attach shader to program

148 glAttachShader (glslProgram , fragmentShader);

149 // link into full program, use fixed function vertex shader.

150 // you can also link a pass-through vertex shader.

151 glLinkProgram(glslProgram);

152
153 // Get location of the uniform variable

154 radiusParam = glGetUniformLocation(glslProgram , "fRadius");

155 }

156
157 /**

158 * create textures and set proper viewport etc.

159 */

160 void createTextures (void) {

161 // create textures.

162 // y is write-only; x is just read-only.

163 glGenTextures (1, &yTexID);

164 glGenTextures (1, &xTexID);
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165 // set up textures

166 setupTexture (yTexID);

167 setupTexture (xTexID);

168 transferToTexture(pfInput,xTexID);

169 // set texenv mode

170 glTexEnvi(GL_TEXTURE_ENV , GL_TEXTURE_ENV_MODE , GL_REPLACE);

171 }

172
173 /**

174 * Sets up a floating point texture with the NEAREST filtering.

175 */

176 void setupTexture (const GLuint texID) {

177 // make active and bind

178 glBindTexture(textureParameters.texTarget ,texID);

179 // turn off filtering and wrap modes

180 glTexParameteri(textureParameters.texTarget , GL_TEXTURE_MIN_FILTER , GL_NEAREST);

181 glTexParameteri(textureParameters.texTarget , GL_TEXTURE_MAG_FILTER , GL_NEAREST);

182 glTexParameteri(textureParameters.texTarget , GL_TEXTURE_WRAP_S , GL_CLAMP);

183 glTexParameteri(textureParameters.texTarget , GL_TEXTURE_WRAP_T , GL_CLAMP);

184 // define texture with floating point format

185 glTexImage2D(textureParameters.texTarget ,0,textureParameters.texInternalFormat ,

unWidth,unHeight ,0,textureParameters.texFormat ,GL_FLOAT ,0);

186 }

187
188 void performComputation(void) {

189 // attach output texture to FBO

190 glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,

textureParameters.texTarget , yTexID, 0);

191
192 // enable GLSL program

193 glUseProgram(glslProgram);

194 // enable the read-only texture x

195 glActiveTexture(GL_TEXTURE0);

196 // enable mask radius

197 glUniform1f(radiusParam ,fRadius);

198 // Synchronize for the timing reason.

199 glFinish();

200
201 CTimer timer;

202 long lTime = 0.0;

203 timer.reset();

204
205 // set render destination

206 glDrawBuffer(GL_COLOR_ATTACHMENT0_EXT);

207
208 // Hit all texels in quad.

209 glPolygonMode(GL_FRONT , GL_FILL);

210
211 // render quad with unnormalized texcoords

212 glBegin(GL_QUADS);

213 glTexCoord2f(0.0, 0.0);

214 glVertex2f(0.0, 0.0);

215 glTexCoord2f(unWidth, 0.0);

216 glVertex2f(unWidth, 0.0);

217 glTexCoord2f(unWidth, unHeight);
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218 glVertex2f(unWidth, unHeight);

219 glTexCoord2f(0.0, unHeight);

220 glVertex2f(0.0, unHeight);

221 glEnd();

222 glFinish();

223 lTime = timer.getTime();

224 cout<<"Time elapsed: "<<lTime<<" ms."<<endl;

225 }

226
227 /**

228 * Transfers data from currently texture to host memory.

229 */

230 void transferFromTexture(float* data) {

231 glReadBuffer(GL_COLOR_ATTACHMENT0_EXT);

232 glReadPixels(0, 0, unWidth, unHeight ,textureParameters.texFormat ,GL_FLOAT ,data);

233 }

234
235 /**

236 * Transfers data to texture. Notice the difference between ATI and NVIDIA.

237 */

238 void transferToTexture (float* data, GLuint texID) {

239 // version (a): HW-accelerated on NVIDIA

240 glBindTexture(textureParameters.texTarget , texID);

241 glTexSubImage2D(textureParameters.texTarget ,0,0,0,unWidth,unHeight ,

textureParameters.texFormat ,GL_FLOAT ,data);

242 // version (b): HW-accelerated on ATI

243 // glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,

textureParameters.texTarget , texID, 0);

244 // glDrawBuffer(GL_COLOR_ATTACHMENT0_EXT);

245 // glRasterPos2i(0,0);

246 // glDrawPixels(unWidth,unHeight ,textureParameters.texFormat ,GL_FLOAT ,data);

247 // glFramebufferTexture2DEXT(GL_FRAMEBUFFER_EXT , GL_COLOR_ATTACHMENT0_EXT ,

textureParameters.texTarget , 0, 0);

248 }

Listing 3.2: The GLSL-accelerated version of the first example: discrete convolution.

The usage of the shaders can be found in section 2.3. For security reasons, the texture

image is set formatted (set to all zero) by the clean shader before computation. The

simple clean shader is as follows.

1 void main(void)

2 {

3 gl_FragColor = vec4(0.0,0.0,0.0,0.0);

4 }

Listing 3.3: The fragment shader used to clean the texture memory.

And the convolution shader is:

1 #extension GL_ARB_texture_rectangle : enable

2
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3 uniform sampler2DRect texture;

4 uniform float fRadius;

5 float nWidth = 3.0;

6 float nHeight = 3.0;

7
8 void main(void) {

9 //get the current texture location

10 vec2 pos = gl_TexCoord[0].st;

11
12 vec4 fSum = vec4(0.0, 0.0, 0.0, 0.0); //Sum of the neighborhood.

13 vec4 fTotal = vec4(0.0, 0.0, 0.0, 0.0); //NoPoints in the neighborhood.

14 vec4 vec4Result = vec4(0.0, 0.0, 0.0, 0.0); //Output vector to replace the current

texture.

15
16 //Neighborhood summation.

17 for (float ii = pos.x - fRadius; ii < pos.x + fRadius + 1.0; ii += 1.0) //plus 1.0

for the ’0.5 effect’.

18 for (float jj = pos.y - fRadius; jj <= pos.y + fRadius + 1.0; jj += 1.0) {

19 if (ii >= 0.0 && jj >= 0.0 && ii < nWidth && jj < nHeight) {

20 fSum += texture2DRect(texture, vec2(ii, jj));

21 fTotal += vec4(1.0, 1.0, 1.0, 1.0);

22 }

23 }

24 vec4Result = fSum / fTotal;

25
26 gl_FragColor = vec4Result;

27 }

Listing 3.4: The convolution shader.

There is something in the convolution kernel that we have not talked about in section

2.3: the Texture Sampler. Texture samplers can be used to access the texel values in

a provided texture image. A texture sampler is defined as a uniform variable. The

OpenGL texture sampler for a 2D texture image is sampler2D, which can be used with

texture 2D. sampler2DRect is the sampler used together with the ARB extension texture

rectangle. The sampler variable is the coordinates of the current texel that the thread is

working on. To define a sampler and to sample a certain texel can be done via:

uniform sampler2D texture;
vec4 value = texture2D(texture, gl_TexCoord[0].st);

Again, doing it in a texture rectangle way is as simple as replacing the identifiers. It

was mentioned that using texture rectangle is more comfortable for GPGPU purpose,

because the coordinates are not normalized. When the image is passing a fragment

shader, the user has no control on the order of accessing the texels. That is to say, texels

are processed randomly and that is the reason that the texture buffer is either read-only

or write-only. This is an notable difference between shading languages and GPGPU
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languages: GPGPU languages support arbitrary gather and scatter, making GPGPU

programing flexible than ever.

The last thing to remind is that the sampler samples by default at the center of the a texel.

That is to say, when you are using an unnormalized texture, where the coordinates are

integers, the sampler does not sample at these integers. For example, if you want to

access the first element of the input array whose initial index is [0, 0], the sampler will

get the position [0.5, 0.5] for it. Not accessing the borders of the texel assures that the

sampler samples the correct value of the texel, but it brings somehow inconvenience

for GPGPU. Therefore, GPGPU programmers should take care of this.

Now let us test the performance of the implementation, so please hold your breath. On

my nVidia R© GeForce 9400M video card, it takes 68 milliseconds; on nVidia R© GeForce

9600M GT card, it takes 37 milliseconds! Taking a look at the CPU performance record

in section 1.7, that is a speedup of around 30 times!! I am pretty sure that on a state-

of-the-art desktop GPU, the algorithm can run even faster, a speedup of over 100 times

or even hundreds of times would be expected. The GLSL-accelerated version is loaded

with the same input data as the CPU version. You can check the correctness of the

computation yourself.

3.4 Pros and Cons

Using GLSL for GPGPU, you do not need to possess exclusively the small range of

graphics cards that the manufacturers specify. The graphics devices are prepared for

your GPGPU only if their hardware acceleration is present. Nearly all operating systems

support OpenGL. So GLSL is platform independent. As a lowest possible graphics

interface, OpenGL has a smaller overhead comparing with GPGPU languages.

Nevertheless, GLSL is difficult to use for non-graphics developers. A steep learning

curve of computer graphics lies there (I hope my tutorial releases this defect more or

less). OpenGL is not so flexible as GPGPU languages. Programers need to spend

time on making their data “look like images”. GPGPU languages support arbitrary

scatter and gather, and more features of C programming language. They have more

sophisticated thread schedulers.

Further Readings:

1. GPU Gems 2

Part IV and VI of the book are helpful, which explain the concept of classical
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GPGPU using Cg or GLSL [Pharr and Fernando, 2005]. All chapters of this book

has been also available from the nVidia website: http://developer.nvidia.com/

object/gpu_gems_2_home.html.

2. Scan - Parallel Prefix Sum

Reduction process like max, min and sum are inherently sequential. However,

they can be parallelized by the prefix sum algorithm. Blelloch developed the

algorithm [Blelloch, 1990], and it is used by classical GPGPU in several algorithms

like reduction and sort [Owens et al., 2005]. The bitonic sort algorithm is used in

data mining by Naga Govindaraju et al.: http://gamma.cs.unc.edu/SORT/.

http://developer.nvidia.com/object/gpu_gems_2_home.html
http://developer.nvidia.com/object/gpu_gems_2_home.html
http://gamma.cs.unc.edu/SORT/


Chapter 4

CUDA - The GPGPU Language

4.1 Preparation

If you have an nVidia’s specified video card at hand, you are ready to use CUDA.

GPGPU languages possess lots of advantages over shading languages for GPGPU. We

will discuss the background and features of CUDA in this section.

4.1.1 Unified Shader Model

Graphics devices before 2006 had separated vertex shaders and fragment shaders.

For a more flexible rendering capability, unified shader model was released in 2006.

nVidia started to support unified shader model from their G80 architecture (see Figure

1.3) [nVidia, 2006]. In the brand new architecture, shaders are not distinguished any

more. Instead, scaler processors are deployed as SIMD arrays. Because the new ar-

chitecture is no more casted for graphics pipeline, it is a big step’s leap ahead towards

general-purpose computation.

Among the nVidia product line, instead of choosing a professional Tesla video card, a

commercial video card (GeForce series) provides normally enough performance leap

for general-purpose computation. GeForce 8800 GTX was an evergreen video card

for GPGPU purpose [ExtremeTech, 2006], which was the representative of the first

generation CUDA GPUs. If you want to use a higher compute capability, GeForce GTX

280 and GeForce GTX 295 might be your right choice.

53
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4.1.2 SIMT (Single Instruction Multiple Threads)

SIMT (Single Instruction Multiple Threads) is CUDA’s new concept on massive paral-

lelism. Traditional GPGPU was based on the concept of SIMD. In shading language

based GPGPU, algorithms are divided into stages, which are loaded in to the fragment

shader one by one. When processed, data are read from the texture buffer, passed

through the shader, and written to another texture buffer. Then the shader is loaded

with the algorithm of the next stage, and the data is read from the texture and passed

through the shader again. In this model, graphics pipeline is static, while data are fluid

(so called stream).

In the new SIMT model, data can be inputted just like what we do on CPUs. Because

arbitrary scatter and gather is supported, each scaler processor can access any element of

the data array stored in global memory. Therefore, a certain algorithm is not duplicated

on every data value, but duplicated on every thread. A thread, in SIMT model, executes

a certain algorithm on different data values. Therefore, the programming model is closer

to C.

CUDA is basically according to the syntax of C, with some restrictions and some exten-

sions. We will discuss how to write a CUDA code in following sections.

4.1.3 Concurrent Architecture

CUDA is not just a GPU language, but coordinates the two processing units: CPU

and GPU. Not all algorithm is suitable for GPU. The proper concept of GPGPU is to

distinguish the part that is optimized on CPU and the part that is optimized for GPU and

find the best combination of the two. The best combination also includes maximizing

the concurrent execution. When the GPU is occupied, the CPU should also not be

pending. CUDA provides such a concurrent architecture. CUDA functions are labeled

with qualifiers that declare whether functions are executed on CPU or GPU.

The two processing kernels are arranged as Figure 1.7 shows. CUDA achieves a higher

throughput on PCIe bus if the page-locked memory is used. Table 4.1 shows the com-

parison.1 The performance may vary on different systems, but the difference between

a non page-locked transfer and a page-locked one is obvious. But still, data transfer be-

tween host and device should be minimized. You will find how to allocate page-locked

memory in following sections.

1Data are extracted from http://www.gpgpu.org/forums/viewtopic.php?t=4798.

http://www.gpgpu.org/forums/viewtopic.php?t=4798
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Table 4.1: The data transfer rate comparison between CUDA page-locked memory,
CUDA non page-locked memory and OpenGL with PBO (Pixel Buffer Object). Using

page-locked memory is of a big advantage.

CUDA
OpenGL with PBO

non page-locked page-locked
CPU⇒ GPU 1.6 GB/sec 3.1 GB/sec 1.5 GB/sec
CPU⇐ GPU 1.4 GB/sec 3.0 GB/sec 1.4 GB/sec

4.1.4 Set up CUDA

The CUDA Toolkit provided by nVidia can be downloaded from:

http://www.nvidia.com/object/cuda_get.html

The newest version so far is 2.3. CUDA supports Windows (32 and 64 versions), Mac

OS X and 4 distributions of Linux. CUDA Toolkit needs valid C compiler. In Windows,

only Visual Studio 7.x and 8 (including the free Visual Studio C++ 2005 Express) are

supported. Visual Studio 6 and gcc is not supported in Windows. In Linux and Mac

OS X, only gcc is supported.

CUDA Toolkit includes basic tools of CUDA, while CUDA SDK includes some sample

applications and libraries. Usually, CUDA Toolkit is enough for development. How-

ever, CUDA SDK provides a lot of useful examples. As usual, you might prefer to set

some environment variables for include directory and library directory.

It does not take any effort for Linux users to set up CUDA, if you have a supported

distribution. Notice that installing the CUDA driver needs to be done when the X-

server is shut down. Follow the instructions in the ’console UI’ and start X-server after

installation.

Windows users can follow the instructions in this page to set up the CUDA in Microsoft

Visual C++:

http://sarathc.wordpress.com/2008/09/26/how-to-integrate-cuda-with-visual-c/

There is a tutorial issued by nVidia helping Windows users to set up CUDA [nVidia,

2008]. Likewise, this is the one for Mac users: [nVidia, 2009]

For compiling the CUDA code, a minimum command would be:

nvcc program_name.cu

Like what we do in gcc, we can also use different compiling and linking options by

flags. The compiler that CUDA use is nvcc. Please check its manual for advanced

usages [nVidia, 2007]. Valid CUDA program has the extension: .cu.

http://www.nvidia.com/object/cuda_get.html
http://sarathc.wordpress.com/2008/09/26/how-to-integrate-cuda-with-visual-c/
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4.2 First CUDA Program: Verify the Hardware

CUDA comprises two set of APIs: the Runtime API and the Driver API. The Runtime

API is a higher level API, which is easier to use. We start with the Runtime API. I

assume you have successfully set up your system.

In the first CUDA program, I will not do any computation, but verify the CUDA

environment. Knowing the hardware is important for designing the code. CUDA

programs are related to the hardware configuration. Since we do not compute, it is only

necessary to include the CUDA Utility library:

#include ‘‘cutil.h’’

CUDA provides some useful functions to get hardware information. Three of them are

commonly needed: (1) cudaGetDeviceCount(&int) counts the number of valid GPUs

installed in the system. (2) cudaGetDevice(&int) gets the first of the currently available

GPUs. (3) cudaGetDeviceProperties(&cudaDeviceProp, int) gets the properties of

the device. The second parameter specifies which device to check. The complete CUDA

program is listed as following:

1 /*

2 * @brief CUDA Initialization and environment check

3 * @author Deyuan Qiu

4 * @date June 5, 2009

5 * @file cuda_empty.cu

6 */

7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 using namespace std;

12
13 bool InitCUDA()

14 {

15 int count, dev;

16
17 CUDA_SAFE_CALL(cudaGetDeviceCount(&count));

18 if(count == 0) {

19 fprintf(stderr, "There is no device.\n");

20 return false;

21 }

22 else{

23 printf("\n%d Device(s) Found\n",count);

24 CUDA_SAFE_CALL(cudaGetDevice(&dev));

25 printf("The current Device ID is %d\n",dev);

26 }

27
28 int i = 0;
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29 bool bValid = false;

30 cout<<endl<<"The following GPU(s) are detected:"<<endl;;

31 for(i = 0; i < count; i++) {

32 cudaDeviceProp prop;

33 if(cudaGetDeviceProperties(&prop, i) == cudaSuccess) {

34 cout<<"-------Device "<<i<<" -----------"<<endl;

35 cout<<prop.name<<endl;

36 cout<<"Total global memory: "<<prop.totalGlobalMem <<" Byte"<<endl;

37 cout<<"Maximum share memory per block: "<<prop.sharedMemPerBlock <<" Byte"

<<endl;

38 cout<<"Maximum registers per block: "<<prop.regsPerBlock <<endl;

39 cout<<"Warp size: "<<prop.warpSize <<endl;

40 cout<<"Maximum threads per block: "<<prop.maxThreadsPerBlock <<endl;

41 cout<<"Maximum block dimensions: ["<<prop.maxThreadsDim[0]<<","<<prop.

maxThreadsDim[1]<<","<<prop.maxThreadsDim[2]<<"]"<<endl;

42 cout<<"Maximum grid dimensions: ["<<prop.maxGridSize[0]<<","<<prop.

maxGridSize[1]<<","<<prop.maxGridSize[2]<<"]"<<endl;

43 cout<<"Total constant memory: "<<prop.totalConstMem <<endl;

44 cout<<"Supports compute Capability: "<<prop.major<<"."<<prop.minor<<endl;

45 cout<<"Kernel frequency: "<<prop.clockRate <<" kHz"<<endl;

46 if(prop.deviceOverlap) cout<<"Concurrent memory copy is supported."<<endl

;

47 else cout<<"Concurrent memory copy is not supported."<<endl;

48 cout<<"Number of multi-processors: "<<prop.multiProcessorCount <<endl;

49 if(prop.major >= 1) {

50 bValid = true;

51 }

52 }

53 }

54 cout<<"----------------"<<endl;

55
56 if(!bValid) {

57 fprintf(stderr, "There is no device supporting CUDA 1.x.\n");

58 return false;

59 }

60
61 CUDA_SAFE_CALL(cudaSetDevice(1));

62
63 return true;

64 }

65
66 int main()

67 {

68 if(!InitCUDA()) return EXIT_FAILURE;

69
70 printf("CUDA initialized.\n");

71
72 return EXIT_SUCCESS;

73 }

Listing 4.1: The first CUDA program: verifying the hardware.

You might have put your cutil.h in a different path, or declared as an environ-

ment variable. Just include it in your way. Throughout the program, the macro
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SAFE_CUDA_CALL() is used from time to time. It is a utility macro provided by CUTIL.

Its functions include collecting error messages of CUDA functions as soon as possible

and exit the program safely. All CUDA functions (functions with names starting with

“cuda”) can be the parameter of this macro.

There must be at least one GPU in the system that is at least of compute capability 1.0.

Otherwise, you cannot use CUDA. Running the program on my MacBook Pro, I get the

following output:

2 Device(s) Found
The current Device ID is 0

The following GPU(s) are detected:
-------Device 0 -----------
GeForce 9600M GT
Total global memory: 268107776 Byte
Maximum share memory per block: 16384 Byte
Maximum registers per block: 8192
Warp size: 32
Maximum threads per block: 512
Maximum block dimensions: [512,512,64]
Maximum grid dimensions: [65535,65535,1]
Total constant memory: 65536
Supports compute Capability: 1.1
Kernel frequency: 783330 kHz
Concurrent memory copy is supported.
Number of multi-processors: 4
-------Device 1 -----------
GeForce 9400M
Total global memory: 266010624 Byte
Maximum share memory per block: 16384 Byte
Maximum registers per block: 8192
Warp size: 32
Maximum threads per block: 512
Maximum block dimensions: [512,512,64]
Maximum grid dimensions: [65535,65535,1]
Total constant memory: 65536
Supports compute Capability: 1.1
Kernel frequency: 250000 kHz
Concurrent memory copy is not supported.
Number of multi-processors: 2
----------------
CUDA initialized.

Apparently, my graphics devices are ready for CUDA. If you do not pass the verification,

please check your hardware model. Doing this, go to Device Manager in Windows, or

type glxinfo in Unix and check the value of OpenGL renderer string. If you have
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a valid hardware (see section 1.6) but it is not present, you might have to reinstall its

driver. An alternative way of getting the hardware information is through the CUDA

Visual Profiler (Profile→Device Properties→ choose the device), which has a nice GUI

and might be more comfortable to use.

To verify the hardware is always important in CUDA programs, even if you are always

working on the same platform that you have verified. Not all the information has to be

queried in the verification, but CUDA utility library provides us a minimum verification

which should be put at the beginning of every CUDA program:

CUT_DEVICE_INIT(argc, argv);

Several properties of the GPUs are reported in the routine. You might not understand

all of them. We will discuss them in the following section.

4.3 CUDA Concept

You can find a comprehensive description of the CUDA programming concept in its

official guide [nVidia, 2008a], I will emphasize and explain important concepts for

development. The CUDA’s programing model is tightly coupled with architectures of

nVidia graphics processors. Every concept in the programing model can be mapped to

a hardware implementation. Knowing the capabilities and limitations of the hardware

helps to achieve the optimal performance. A couple of conceptual mappings are listed

in Table 4.2. They are further explained in the following paragraphs. For more details of

CUDA programing, please refer to the programing guide ([nVidia, 2008a]) and manual

([nVidia, 2008b]).

Table 4.2: The CUDA concepts mapping from programing model to hardware imple-
mentation. Note that only the concepts that do not have the same term in programing

model and hardware implementation are listed.

Programing Model Hardware Implementation

a kernel (program) / a grid (threads) GPU
a thread block a multiprocessor

a thread a scalar processor
the group of active threads a warp

private local memory registers
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4.3.1 Kernels

A kernel is a basic unit of a program that is executed on GPU. It is analogous to a

function executed on CPU. Claimed as an extension of C, CUDA’s kernels are in the

form of C functions. But there are a couple of limitations, which are discussed later.

A kernel, when called, is executed N times in parallel by N different CUDA threads.

A GPU can execute only one kernel at a time. A kernel is implemented by a global

function explained in the next paragraph.

4.3.2 Functions

There are three sorts of functions in CUDA, as shown in Table 4.3. They are differentiated

according to the place of calling and place of execution. A global function is a kernel

function (See previous paragraph). A device function is called by the kernel on device.

Though written in C, global functions and device functions have limitations: (1) They

do not support recursion. (2) They cannot declare static variables inside their body.

(3) They also cannot have a variable number of arguments. (4) global functions cannot

return values, and their function parameters are limited to 256 bytes. A host function is

the same as a normal C function on CPU. The default function type (without qualifier)

is the host function. A CUDA program (program containing these functions) must be

compiled by the nvcc compiler [nVidia, 2007].

Table 4.3: CUDA Function Types.

Function Type Definition

device Callable from device only. Executed on the device.
global Callable from the host only. Executed on the device.
host Callable from the host only. Executed on the host.

4.3.3 Threads

CUDA threads are organized as the thread hierarchy: grid - block - thread, as shown in

Figure 4.1. A grid can be 1- or 2-dimensional, and a block can be of up to 3-dimensional.

The maximum number of threads in a block and the maximum number of blocks in a

grid vary depending on different Compute Capabilities. The compute capability can
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Figure 4.1: The thread-block-grid architecture in CUDA. The illustration is taken
from [nVidia, 2008a].

be 1.0, 1.1, 1.2 or 1.3. A unique compute capability is defined for one nVidia GPU.

Notice that only compute capability 1.3 can process double floating data.

The concepts of threads in programing model are mapped to hardware implementation

in the following way. The threads of a thread block execute concurrently on one

Streaming Multiprocessor (SM). As blocks terminate, new blocks are launched on

the vacated multiprocessors. Two important features of a block should be mentioned:

threads in a block can be synchronized and threads in a block can access the same

piece of shared memory (see the next paragraph addressing memory hierarchy). A

multiprocessor consists of eight Scalar Processor (SP) cores. The multiprocessor maps

each thread to one of its scalar processor core, making each scalar thread execute

independently with its own instruction address and register state. The multiprocessor

SIMT unit creates, manages, schedules, and executes threads in groups of 32 parallel

threads called warps. When a multiprocessor is assigned to execute one or more thread
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Figure 4.2: The CUDA memory hierarchy. (a) Memory hierarchy of the programing
model. (b) Hardware implementation of the memory model.

blocks, it splits them into warps that get scheduled by the SIMT unit. Full efficiency is

achieved when all 32 threads of a warp agree on their execution path.

4.3.4 Memory

CUDA memory is managed by the so-called memory hierarchy, which is a complexity

of CUDA. Likewise, the memory hierarchy is defined both for the programming model,

and the hardware implementation. The memory hierarchy of the programing model is

shown in Figure 4.22 (a). Three sorts of memory exist in the memory hierarchy model.

Like the thread concepts, each of the memory type has its hardware implementation.

The three kinds of memories are: (1) Each thread has a private local memory. (2) Each

thread block has a shared memory visible to all threads of a block and with the same

lifetime as the block. (3) All threads have access to the same global memory.

Figure 4.2 (b) illustrates the hardware implementation of the memory hierarchy. Private

local memory is implemented by registers. A variable declared in device code without

any qualifiers will suggest the compiler to put it into a register. Generally, accessing

a register consumes zero extra clock cycles per instruction, but delays may occur due

2Figures are taken from [nVidia, 2008a]
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to registers’ read-after-write dependencies and registers’ memory bank conflicts. The

delays caused by the read-after-write dependencies can be ignored as soon as there are

at least 192 active threads per multiprocessor, so that the latency can be hidden. This

is important when optimizing the dimension of the blocks. Moreover, best results are

achieved when the number of threads per block is a multiple of 64. Other than following

these rules, an application has no direct control over register bank conflicts.

Shared memory is repeatedly highlighted by nVidia as one of the core features of

G80 architecture. Shared memory is an on-chip memory that can be shared across all

threads in a block, i.e., in a multiprocessor. In principle, accessing the shared memory

is as fast as accessing a register as long as there is no bank conflict between the threads.

Shared memory is divided into equally-sized memory modules, called banks. A couple

of reports have addressed approaches of optimizing CUDA code by avoiding shared

memory bank conflicts (see section 5.1.2.5 in [nVidia, 2008a], as well as [Harris, 2008]).

Other than global memory, there are two additional read-only memory spaces accessible

by all threads: the constant memory and texture memory spaces. Global, constant, and

texture memory are optimized for different memory utilization. Next three paragraphs

discuss the difference among them.

In the context of the programing models, global memory is also called linear memory

(as opposed to CUDA array) or device memory (as opposed to host memory). Global

memory is the most commonly used memory in CUDA model. It supports arbitrary

array scatter and gather. However, it is not cached in the multiprocessor, so it is all the

more important to follow the right access pattern to get maximum memory bandwidth,

especially given how costly the access to device memory is. The right access pattern is

defined as coalescing, meaning, alignment of data. More about coalescing rules can be

found in section 5.1.2.1 in [nVidia, 2008a].

Texture memory plays an important role in the graphics pipeline. In general-purpose

computing of CUDA, it can be also made use of. Like the texture buffer in OpenGL,

the following configurations are also available for CUDA texture: whether texture

coordinates are normalized, the addressing mode, and texture filtering, etc. More on

the use of texture memory can be found in section 4.3.4.2 in [nVidia, 2008a]. CUDA

texture can be bound to either texture memory or global memory. However, using

texture memory presents several benefits over global memory: (1) Texture memory is

cached in multiprocessors. (2) It is not subject to the constraints on memory access

patterns to get good performance like global memory is. (3) The latency of addressing

calculation is hidden better, which possibly improves performance for applications that

perform random accesses to the data. Therefore, it is highly recommended that, if the

texture memory fits the need of the algorithm, it is preferable to global memory.
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Constant memory is both read-only and cached, so reading from constant memory costs

the same time as one memory access to device memory only on a cache miss, otherwise

it costs only the time of one constant cache access. For all threads in a half-warp, reading

from the constant cache is as fast as reading from a register as long as all threads read

the same address.

4.4 Execution Pattern

Comparing with a CPU, a GPU has less control logic but more computational units

(see Figure 1.5). Although CPU and host memory (DDR SDRAM) has a close peak

transfer rate as PCIe (see Table 1.2), CPU has a highly sophisticated cache system,

which normally holds a less than 10−5 cache miss rate, making host memory access

by CPU much faster than PCIe channel [Cantin, 2003]. Besides, CPUs can predict

branching, which makes them highly sophisticated on complex algorithms.

A GPU does not possess such advanced functionalities. Nevertheless, a GPU has its

own way to deal with memory access (without cache or with few cache) and branching

instructions. On memory access, CUDA hides latency by parallelism. When a thread

is pending at memory access, another thread is launched to start execution. Since this

holds true for all the threads, the total active threads are always more than the scaler

processors. We will do an experiment on this to show that GPU is so slow if the latencies

are not hidden. On branching prediction, GPUs use the same technique as the memory

access to hide latencies.

In short, CUDA is optimized only on massively parallel problems. Only when there

are enough data, can the latency be hidden and all the computational units be used

efficiently. Therefore, it is normal for CUDA that thousands of threads are on the fly

simultaneously.

Now you have set up your CUDA environment, and you have already a basic idea of the

structure of CUDA. In the next chapter, we will use CUDA to compute the quadratic

sum of a large number of data. In this tutorial you will not find a comprehensive

itemization of CUDA functions. For specific function descriptions, please refer to the

programming guide ([nVidia, 2008a]) and the reference manual ([nVidia, 2008b]).

Further Readings:

1. GPU Gem 3

The latest version of GPU Gem series [Nguyen, 2007]. Part VI is about GPGPU
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on CUDA. Most parts of the book are available on the nVidia website: http:

//developer.nvidia.com/object/gpu-gems-3.html.

2. Scan Primitives for GPU Computing

CUDA-implemented prefix sum-based algorithms [Sengupta et al., 2007]. You

can find most of the algorithms in the CUDPP library.

http://developer.nvidia.com/object/gpu-gems-3.html
http://developer.nvidia.com/object/gpu-gems-3.html
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Chapter 5

Parallel Computing with CUDA

We have had enough about the theories from last chapter. Now we will do some real

computation. CUDA is well-known for its characteristics of arbitrary scatter and gather.

Gather / scatter refers to the process of gathering data from, or scattering data into the

given set of buffers, which are common processes on an array:

float fArray[100];
float fData = 0.0f;
fData = fArray[33]; //gather
fArray[66] = fData; //scatter

Gather and scatter are easy for CPU memory, but are not possible with classical GPGPU

program. In CUDA, we will heavily use this advantage to enhance the flexibility of our

programs.

With CUDA, it is also easier to implement some algorithm that is not parallel, e.g., a

reduction kernel. A reduction kernel refers to an algorithm that calculates one value or

several values from a large data set. For example, the maximum kernel and the sum

kernel are both reduction kernels.

In this chapter we are going to learn CUDA by implementing a quadratic sum (sum of

squares) algorithm. By optimizing the code step by step, you will get the ideas of how

to make the most use of CUDA.

5.1 Learning by Doing: Reduction Kernel

The quadratic sum is defined as following:

67
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n∑
i=1

x2 (5.1)

This is a good example to reveal the essential difference between shading languages

and CUDA.

5.1.1 Parallel Reduction with classical GPGPU

The way of implementing reduction on CPU is via a loop and a global variable accu-

mulating the result. If n is the number of elements to reduce, CPU takes n − 1 steps to

finish the reduction.

With traditional GPGPU technique, the algorithm is possible but not so efficient to

implement, because the per-fragment operation cannot get the reduction in a single

pass. In general, this process takes log4n passes, where n is the number of elements

to reduce. The base of the logarithm is 4, because every pass sum up 4 neighboring

elements. You can also sum up less of more elements in each pass. However, 4 turns

out to be the optimal: The sampler doubles its pace in every pass on both the column

direction and the row direction. If less elements are summed in every pass, it seems the

sampler needs to pause propagating on either the column direction or the row direction

in the process (because 2 is the smallest integer that is larger than 1), which is not

convenient to program the passes into a Ping Pong loop. If more elements are summed

in every pass, the granularity of parallelism would not be small enough to use as many

threads as possible.

Figure 5.1: Reduction by GLSL. The showed case calculates the maximum of a given
data set (2D texture).

For a 2D reduction, the fragment shader activates only the threads that happen to locate

at the pixels whose positions are the integer multiples of 2 (both column indices and row

indices) in the first pass. The activated threads read four elements from its neighboring

pixels of the input buffer and sum them up. The results are recorded in the original
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position of the activated thread. In the second pass, the fragment shader activates only

the threads that are positioned at the pixels with integer multiples of 4. In the third

pass, the sampler propagates again twice in both dimensions, such that the output size

is halved in both dimensions at each step. The process is fulfilled by the Ping Pong

Technique introduced in 3.1.2. Figure 5.1 illustrates a reduction kernel implemented by

GLSL1. For large data sets, reduction by classical GPGPU is faster than CPU.

5.1.2 Parallel Reduction with CUDA

Now we are going to write our first CUDA program to calculate the quadratic sum.

First we generate some numbers for calculation:

int data[DATA_SIZE];

void GenerateNumbers(int *number, int size)

{

for(int i = 0; i < size; i++) number[i] = rand() % 10;

}

GenerateNumbers generates a one dimensional array of integers. In order to use these

data, they need to be downloaded to the GPU memory. Therefore, a piece of GPU

memory with a proper size should be allocated to store the data. CUDA global memory

takes arbitrary size of input array. However, in classical GPGPU we must fit the data

into a 2D array so as to use the texture memory. The following statements allocate

global memories in GPU:

int* gpudata, *result;
cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE);
cudaMalloc((void**) &result, sizeof(int));
cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,
cudaMemcpyHostToDevice);

cudaMalloc() allocates GPU memory and cudaMemcpy() transfers data between de-

vice and host. result stores the quadratic sum of the input data. The usages of

cudaMalloc() and cudaMemcpy() are basically the same as that of malloc() and

memcpy(). However, cudaMemcpy() takes one more parameter, which indicates the

direction of data transfer.
1The figure is taken from section 31.3.7 from [Pharr and Fernando, 2005]
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The functions executed on GPU has basically the same form as normal CPU functions.

They are distinguished by the qualifier __global__. The global function that calculates

the quadratic sum is as following:

__global__ static void sumOfSquares(int *num, int* result)
{

int sum = 0;
int i;
for(i = 0; i < DATA_SIZE; i++) {

sum += num[i] * num[i];
}

*result = sum;
}

It is already mentioned that there are a couple of limitations of global functions, such as

no return value, no recursion, etc. We are going to explain these limitations by examples

in later sections. As a global function, it is executed on GPU but called on CPU. The

following statement calls a global function from the host side:

functionName<<<noBlocks, noThreads, sharedMemorySize>>>(paramiterList);

We need to retrieve the result from the device after calculation. The following codes do

this for us:

int sum;
cudaMemcpy(sum, result, sizeof(int), cudaMemcpyDeviceToHost
);
cudaFree(gpudata);
cudaFree(result);

printf("sum: %d\n", sum);

In order to check whether the CUDA calculation is correct, we write a CPU program

for verification.

sum = 0;
for(int i = 0; i < DATA_SIZE; i++) {

sum += data[i] * data[i];
}
printf("sum (CPU): %d\n", sum);

The complete quadratic sum program is as following:
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1 /*

2 * @brief The first CUDA quadratic sum program.

3 * @author Deyuan Qiu

4 * @date June 9, 2009

5 * @file gpu_quadratic_sum_1.cu

6 */

7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define DATA_SIZE 1048576

12
13 using namespace std;

14
15 int data[DATA_SIZE];

16
17 void GenerateNumbers(int *number, int size)

18 {

19 for(int i = 0; i < size; i++) number[i] = rand() % 10;

20 }

21
22 //The kernel implemented by a global function: called from host, executed in device.

23 __global__ static void sumOfSquares(int *num, int* result)

24 {

25 int sum = 0;

26 for(unsigned i = 0; i < DATA_SIZE; i++) sum += num[i] * num[i];

27
28 *result = sum;

29 }

30
31 int main(int argc, char **argv)

32 {

33 CUT_DEVICE_INIT(argc, argv);

34
35 GenerateNumbers(data, DATA_SIZE);

36
37 int *gpudata, *result;

38 CUDA_SAFE_CALL(cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE));

39 CUDA_SAFE_CALL(cudaMalloc((void**) &result, sizeof(int)));

40 CUDA_SAFE_CALL(cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice));

41
42 //Using only one scalar processer (single-thread).

43 sumOfSquares <<<1, 1, 0>>>(gpudata, result);

44
45 int sum = 0;

46 CUDA_SAFE_CALL(cudaMemcpy(&sum, result, sizeof(int), cudaMemcpyDeviceToHost));

47 CUDA_SAFE_CALL(cudaFree(gpudata));

48 CUDA_SAFE_CALL(cudaFree(result));

49
50 cout<<"sum = "<<sum<<endl;

51
52 return EXIT_SUCCESS;

53 }
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Listing 5.1: The first CUDA-accelerated quadratic sum.

The first trial uses only one thread executing the quadratic sum. Therefore, the noBlocks

and noThreads are both 1. We do not use shared memory, which is set to 0.

5.1.3 Using Page-locked Host Memory

Using page-locked memory accelerates the data transfer rate between host and device.

However, the price to pay is that, if too much host memory is allocated as page-locked,

the overall system performance is affected. Data-transfer rate among page-locked and

non page-locked, together with that of OpenGL have been tested. Table 4.1 shows

the comparison.2 The performance may vary on different systems, but the difference

between a non page-locked transfer and a page-locked one is obvious.

Allocating page-locked host memory is fulfilled by calling cudaMallocHost() and is

freed by calling cudaFreeHost(). It is highly recommended that if the system memory

is large enough and the amount of data using the page-locked memory have a tolerable

size, we should use it.

5.1.4 Timing the GPU Program

We have been using the CPU timer in the examples (see Appendix A). It can be certainly

used also in the GPU programs. However, since the CPU timer is calculated based on

the CPU clock, the GPU threads have to be synchronized, which destroys concurrency

and slows down the performance. On the other hand, a CPU timer counts also the data

transfer time. If you want to count the pure execution time of GPU, you would prefer

to use the timing function provided by CUDA.

CUDA provides a clock() function, which can sample the current time stamp of the

GPU. The time is counted by the GPU frequency, which can be queried by the hardware

verification program in section 4.2. Using the CUDA timer, the global function has to

be modified:

The data type clock_t is the CUDA container of the GPU time stamp. Notice that if

you want to compare it with the result of CPU timer, you have to convert the GPU

timing result to milliseconds by the processor frequency. The complete program is as

following:

2Data are extracted from http://www.gpgpu.org/forums/viewtopic.php?t=4798.

http://www.gpgpu.org/forums/viewtopic.php?t=4798


Chapter 5. Parallel Computing using CUDA 73

__global__ static void sumOfSquares(int *num, int* result,
clock_t* time)

{
int sum = 0;
clock_t start = clock();

for(unsigned i = 0; i < DATA_SIZE; i++) sum += num[i] * num
[i];

*result = sum;
*time = clock() - start;

}

1 /*

2 * @brief The first CUDA quadratic sum program with timing and page-locked memory.

3 * @author Deyuan Qiu

4 * @date June 9, 2009

5 * @file gpu_quadratic_sum_1_timer.cu

6 */

7
8
9 #include <iostream>

10 #include "/Developer/CUDA/common/inc/cutil.h"

11
12 #define DATA_SIZE 1048576 //data of 4 MB

13
14 using namespace std;

15
16 void GenerateNumbers(int *number, int size)

17 {

18 for(int i = 0; i < size; i++) number[i] = rand() % 10;

19 }

20
21 //The kernel implemented by a global function: called from host, executed in device.

22 __global__ static void sumOfSquares(int *num, int* result, clock_t* time)

23 {

24 int sum = 0;

25 clock_t start = clock();

26 for(unsigned i = 0; i < DATA_SIZE; i++) sum += num[i] * num[i];

27
28 *result = sum;

29 *time = clock() - start;

30 }

31
32 int main(int argc, char **argv)

33 {

34 CUT_DEVICE_INIT(argc, argv);

35
36 int *data, *sum;

37 CUDA_SAFE_CALL(cudaMallocHost((void**)&data, DATA_SIZE*sizeof(int)));

38 GenerateNumbers(data, DATA_SIZE);

39 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum, sizeof(int)));
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40
41 int *gpudata, *result;

42 clock_t *time;

43 CUDA_SAFE_CALL(cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE));

44 CUDA_SAFE_CALL(cudaMalloc((void**) &result, sizeof(int)));

45 CUDA_SAFE_CALL(cudaMalloc((void**) &time, sizeof(clock_t)));

46 CUDA_SAFE_CALL(cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice));

47
48 //Using only one scalar processer (single-thread).

49 sumOfSquares <<<1, 1, 0>>>(gpudata, result, time);

50
51 clock_t time_used;

52 CUDA_SAFE_CALL(cudaMemcpy(sum, result, sizeof(int), cudaMemcpyDeviceToHost));

53 CUDA_SAFE_CALL(cudaMemcpy(&time_used , time, sizeof(clock_t),

cudaMemcpyDeviceToHost));

54 printf("sum: %d\ntime: %d\n", *sum, time_used);

55
56 //Clean up

57 CUDA_SAFE_CALL(cudaFree(time));

58 CUDA_SAFE_CALL(cudaFree(result));

59 CUDA_SAFE_CALL(cudaFree(gpudata));

60 CUDA_SAFE_CALL(cudaFreeHost(sum));

61 CUDA_SAFE_CALL(cudaFreeHost(data));

62
63 return EXIT_SUCCESS;

64 }

Listing 5.2: The CUDA quadratic sum program with page-locked memory and GPU

timing.

You should receive an output like this:

Using device 0: GeForce 9600M GT

sum: 29832171

time: 540301634

The frequency of GeForce 9600M GT is 783330 kHz. Therefore, the elapsed time can be

derived:

time =
540, 301, 634
783, 330kHz

= 690ms (5.2)

You might notice that the program is not so efficient as you expected. That is because

we did not apply the parallelism of GPU, but using only one scalar processor. In the

following sections, we are going to improve the quadratic sum program step by step.
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5.1.5 CUDA Visual Profiler

Except for timing the program manually as described in the previous section, a more

convenient and yet powerful tool of profiling, including timing and performance statis-

tics can be used: the CUDA Visual Profiler. Now the application is available for Win-

dows, Linux and Mac. We have used it for the hardware verification (see section 4.2).

CUDA Visual Profiler can be downloaded at the same page of downloading CUDA:

http://www.nvidia.com/object/cuda_get.html

A short “readme” is also available while downloading the profiler. For unix users,

please set the paths of all CUDA shared libraries as the environment variable. When

using the profiler, first set up a new project with the execution file (see Figure 5.2

(a)). Then choose the items of interest in the profiler options. Press start to execute

the program and profile. Figure 5.2 (b) is the minimum profiling results of our first

quadratic sum program.

(a) CUDA Visual Profiler setting.

(b) CUDA Visual Profiler results.

Figure 5.2: Using the CUDA Visual Profiler.

http://www.nvidia.com/object/cuda_get.html
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CUDA occupancy is defined as ratio of the number of active warps per multi-processor

to the maximum number of active warps. The occupancy here is quite low because the

program is not parallelized.

5.2 2nd Version: Parallelization

Doing quadratic sum on GPU is only an simple example, which helps us to understand

the CUDA optimization. Actually, doing quadratic sum on CPU will be faster than

doing it on GPU. Because quadratic sum does not require too much computation, the

performance is mainly limited by the memory bandwidth. That is to say, only copying

the data to GPU would take the same time to execute the sum on CPU. However, if the

quadratic sum is only a part of a more complex algorithm, it would make more sense

to do it on GPU.

We have mentioned that our quadratic sum program is limited mainly by the memory

bandwidth. Theoretically, the memory bandwidth of GPU is quite large. Normally

desktop GPUs have a larger memory bandwidth than laptop products. Look up the

Wikipedia table to find the memory bandwidth of your GPU:

http://en.wikipedia.org/wiki/Comparison_of_Nvidia_Graphics_Processing_Units

The applied GeForce 9600M GT GPU possesses a memory bandwidth of 25.6 GB/s.

Notice that we calculated 4 MB of data. Let’s calculate the memory bandwidth that we

have actually used:

bandwidth =
4MB

690ms
= 5.8MB/s (5.3)

This is unfortunately a very terrible performance. We used the global memory which

is not cached in the GPU. Theoretically an access to the global memory takes about

400 clock cycles. We have only one thread in our program. It reads, adds and then

continues with the next step. This read-after-write dependency deteriorates the overall

performance.

When using the cacheless global memory, the way of avoiding the big latency is to launch

a large number of threads simultaneously. We assume that there is a thread reading

the data from global memory (which takes hundreds of cycles), GPU can schedule to

another thread and start to read the next position. Therefore, when there are enough

active threads, the big latency of global memory can be hidden.

http://en.wikipedia.org/wiki/Comparison_of_Nvidia_Graphics_Processing_Units
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The simplest way of parallelization is to divide the data into several groups, and

calculate the quadratic sum of each group separately. For the first step, we can do the

final sum up on CPU.

First, we set the number of threads:

#define THREAD_NUM 256

Then we change the kernel function:

__global__ static void sumOfSquares(int *num, int* result,
clock_t* time)

{
const int tid = threadIdx.x;
const int size = DATA_SIZE / THREAD_NUM;
int sum = 0;
int i;
clock_t start;
if(tid == 0) start = clock();
for(i = tid * size; i < (tid + 1) * size; i++) {
sum += num[i] * num[i];

}

result[tid] = sum;
if(tid == 0) *time = clock() - start;

}

threadIdx is a CUDA build-in variable, recording the index of threads (starting from

0). Since we are using a 1 dimensional block, so use threadIdx.x to address the current

thread. The difference of SIMD and SIMT can be apparently noticed here. In shading

languages, we use the index of the data element instead of the index of the thread

(remember the gl_TexCoord[0].st in GLSL?). In our example, we have 256 threads, so

each threadIdx.x is a value from 0 255. We time the execution only in the first thread

(threadIdx.x = 0).

Since the result retrieved from the GPU is no more the final result, we need also to

expand the GPU memory (result) and CPU memory (sum) to 256 elements. Also when

we call the global function, we have to set the dimension of the block as 256. At last,

we sum up the final result on CPU. The complete program is as follows:

1 /*

2 * @brief The second CUDA quadratic sum program with parallelism.

3 * @author Deyuan Qiu

4 * @date June 21st, 2009

5 * @file gpu_quadratic_sum_2.cu
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6 */

7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define DATA_SIZE 1048576 //data of 4 MB

12 #define THREAD_NUM 256

13 #define FREQUENCY 783330 //set the GPU frequency in kHz

14
15 using namespace std;

16
17 void GenerateNumbers(int *number, int size)

18 {

19 for(int i = 0; i < size; i++) number[i] = rand() % 10;

20 }

21
22 //The kernel implemented by a global function: called from host, executed in device.

23 __global__ static void sumOfSquares(int *num, int* result,

24 clock_t* time)

25 {

26 const int tid = threadIdx.x;

27 const int size = DATA_SIZE / THREAD_NUM;

28 int sum = 0;

29 int i;

30 clock_t start;

31 if(tid == 0) start = clock();

32 for(i = tid * size; i < (tid + 1) * size; i++) {

33 sum += num[i] * num[i];

34 }

35
36 result[tid] = sum;

37 if(tid == 0) *time = clock() - start;

38 }

39
40 int main(int argc, char **argv)

41 {

42 CUT_DEVICE_INIT(argc, argv);

43
44 int *data, *sum;

45 CUDA_SAFE_CALL(cudaMallocHost((void**)&data, DATA_SIZE*sizeof(int)));

46 GenerateNumbers(data, DATA_SIZE);

47 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum, THREAD_NUM*sizeof(int)));

48
49 int *gpudata, *result;

50 clock_t *time;

51 CUDA_SAFE_CALL(cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE));

52 CUDA_SAFE_CALL(cudaMalloc((void**) &result, sizeof(int) * THREAD_NUM));

53 CUDA_SAFE_CALL(cudaMalloc((void**) &time, sizeof(clock_t)));

54 CUDA_SAFE_CALL(cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice));

55
56 //Using THREAD_NUM scalar processer.

57 sumOfSquares <<<1, THREAD_NUM , 0>>>(gpudata, result, time);

58
59 clock_t time_used;
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60 CUDA_SAFE_CALL(cudaMemcpy(sum, result, sizeof(int) * THREAD_NUM ,

cudaMemcpyDeviceToHost));

61 CUDA_SAFE_CALL(cudaMemcpy(&time_used , time, sizeof(clock_t),

cudaMemcpyDeviceToHost));

62
63 //sum up on CPU

64 int final_sum = 0;

65 for (int i = 0; i < THREAD_NUM; i++) final_sum += sum[i];

66
67 printf("sum: %d time: %d ms\n", final_sum , time_used/783330);

68
69 //Clean up

70 CUDA_SAFE_CALL(cudaFree(time));

71 CUDA_SAFE_CALL(cudaFree(result));

72 CUDA_SAFE_CALL(cudaFree(gpudata));

73 CUDA_SAFE_CALL(cudaFreeHost(sum));

74 CUDA_SAFE_CALL(cudaFreeHost(data));

75
76 return EXIT_SUCCESS;

77 }

Listing 5.3: The second version of quadratic sum algorithm with parallelism.

You can check the result by comparing with CPU program. This is the output on my

PC:

Using device 0: GeForce 9600M GT

sum: 29832171 time: 11 ms

Comparing with our first quadratic sum program, the second version is 63 times faster!

This is right the effect of hiding latency by parallelism. Using CUDA Visual Profiler to

calculate the occupancy, we find that now it is 1, meaning, all warps are active.

In the same way we calculate the used memory bandwidth (see Equation 5.3), the mem-

ory bandwidth of the second version is 363.6 MB/s. This has been a big improvement,

but there is still a big difference from the GPU bandwidth.

5.3 3rd Version: Improve the Memory Access

The graphics memory is DRAM. Thus, the most efficient way of both writing to and

reading from the graphics memory is the continuous way. The 2nd version accesses

the memory in a continuous way - at least it seems to be. Every thread accesses a

continuous section of the memory. However, if we consider the way that the GPU

schedules threads, the memory is not accessed in a continuous way. As is mentioned,
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accessing global memory takes hundreds of milliseconds. When the 1st thread is waiting

for the response, the 2nd thread is then launched to access the next array element. So

the threads are launched in this way:

Thread0 // Thread1 // Thread2 // . . . // Thread255BCD@GA���
//

Therefore, accessing the memory continuously in each thread results in a discontinuous

memory access instead. In order to form a continuous access, thread 0 should read the

first element, thread 1 should read the second element, and so on. The difference of the

two methods are illustrated in Figure 5.3.

Accordingly, we change our global function to:

__global__ static void sumOfSquares(int *num, int* result,

clock_t* time)

{

const int tid = threadIdx.x;

int sum = 0;

int i;

clock_t start;

if(tid == 0) start = clock();

for(i = tid; i < DATA_SIZE; i += THREAD_NUM) {

sum += num[i] * num[i];

}

result[tid] = sum;

if(tid == 0) *time = clock() - start;

}

Compile and Execute the 3rd version program. After confirming the correctness of the

result, I get the following output:

sum: 29832171 time: 3 ms

This is again 3.7 times faster. The used memory bandwidth is now 1.33 GB/s. The

improvement seems not to be good enough. Theoretically, 256 threads can maximally

hide the latency of 256 clock cycles. However, accessing global memory has a latency

of at least 400 cycles. Increasing the number of threads can improve the performance.

Change the HREAD_NUM to 512 and run the program again, I get:
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sum: 29832171 time: 2 ms

Now it is 5 times faster than the second version, and the memory bandwidth is 1.7 GB/s.

The current compute capability supports at most 512 threads, so this is the most that

we can do. Moreover, the more threads we use, the more work the CPU has to do. We

will tackle that problem later.

(a) Memory access method in the 2nd version quadratic sum program. The memory is accessed
continuously in each thread, but in a discontinuous overall order.

(b) Memory access method in the 3rd version quadratic sum program. Thread 0 reads the
first element, thread 1 reads the second element, and so on. This method reads the memory
continuously.

Figure 5.3: Improving the global memory access. Grids are the elements of the array
stored in a continuous piece of global memory. Arrows stand for threads. Memories
and threads are numbered. Each subfigure illustrates the situation of one “round” (256

memory accesses), which occur from up to down.

5.4 4th Version: Massive Parallelism

GPGPU is well-known for its massive parallelism. Latency can only be hidden by

enough active threads. In the 3rd version, we found that 512 threads are the maximum
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of a block. How can we increase the number of threads then? In the introduction, we

mentioned that threads are managed by not only blocks, but also the grid. The same

group of threads that are implemented by a multi-processor are defined as the block.

Threads in the same block have a shared memory, and they can be synchronized. Since

we do not really need to synchronize our threads, we can use multiple blocks. The

number of blocks is defined by the grid dimension. Hence, we can increase the number

of threads by using a larger grid which contains multiple blocks.

We define a new constant:

#define BLOCK_NUM 32

The THREAD_NUM remains 256. Therefore, we have in total 32×256 = 8192 threads. Since

the number of blocks changed, we also have to modify the global function:

__global__ static void sumOfSquares(int *num, int* result,
clock_t* time)

{
const int tid = threadIdx.x;
const int bid = blockIdx.x;
int sum = 0;
int i;
if(tid == 0) time[bid] = clock();
for(i = bid * THREAD_NUM + tid; i < DATA_SIZE;

i += BLOCK_NUM * THREAD_NUM) {
sum += num[i] * num[i];

}

result[bid * THREAD_NUM + tid] = sum;
if(tid == 0) time[bid + BLOCK_NUM] = clock();

}

As same as threadIdx, blockIdx is also a build-in variable, which is the index of the

current block. Notice that the timing strategy is also changed. We time on every multi-

processor and calculate the time by comparing the earliest starting point with the latest

ending point.

The complete program:

1 /*

2 * @brief The forth CUDA quadratic sum program with increased threads.

3 * @author Deyuan Qiu

4 * @date June 21st, 2009

5 * @file gpu_quadratic_sum_4.cu

6 */

7
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8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define DATA_SIZE 1048576 //data of 4 MB

12 #define BLOCK_NUM 32

13 #define THREAD_NUM 256

14
15 using namespace std;

16
17 void GenerateNumbers(int *number, int size)

18 {

19 for(int i = 0; i < size; i++) number[i] = rand() % 10;

20 }

21
22 //The kernel implemented by a global function: called from host, executed in device.

23 __global__ static void sumOfSquares(int *num, int* result,

24 clock_t* time)

25 {

26 const int tid = threadIdx.x;

27 const int bid = blockIdx.x;

28 int sum = 0;

29 int i;

30 if(tid == 0) time[bid] = clock();

31 for(i = bid * THREAD_NUM + tid; i < DATA_SIZE;

32 i += BLOCK_NUM * THREAD_NUM) {

33 sum += num[i] * num[i];

34 }

35
36 result[bid * THREAD_NUM + tid] = sum;

37 if(tid == 0) time[bid + BLOCK_NUM] = clock();

38 }

39
40 int main(int argc, char **argv)

41 {

42 CUT_DEVICE_INIT(argc, argv);

43
44 //allocate host page-locked memory

45 int *data, *sum;

46 CUDA_SAFE_CALL(cudaMallocHost((void**)&data, DATA_SIZE*sizeof(int)));

47 GenerateNumbers(data, DATA_SIZE);

48 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum, BLOCK_NUM*THREAD_NUM*sizeof(int)));

49 clock_t *time_used;

50 CUDA_SAFE_CALL(cudaMallocHost((void**)&time_used , sizeof(clock_t) * BLOCK_NUM * 2)

);

51
52 //allocate device memory

53 int *gpudata, *result;

54 clock_t *time;

55 CUDA_SAFE_CALL(cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE));

56 CUDA_SAFE_CALL(cudaMalloc((void**) &result, sizeof(int) * THREAD_NUM * BLOCK_NUM))

;

57 CUDA_SAFE_CALL(cudaMalloc((void**) &time, sizeof(clock_t) * BLOCK_NUM * 2));

58 CUDA_SAFE_CALL(cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice));

59
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60 //Using THREAD_NUM scalar processer.

61 sumOfSquares <<<BLOCK_NUM , THREAD_NUM , 0>>>(gpudata, result, time);

62
63 CUDA_SAFE_CALL(cudaMemcpy(sum, result, sizeof(int) * THREAD_NUM * BLOCK_NUM ,

cudaMemcpyDeviceToHost));

64 CUDA_SAFE_CALL(cudaMemcpy(time_used , time, sizeof(clock_t) * BLOCK_NUM * 2,

cudaMemcpyDeviceToHost));

65
66 //sum up on CPU

67 int final_sum = 0;

68 for (int i = 0; i < THREAD_NUM * BLOCK_NUM; i++) final_sum += sum[i];

69
70 //calculate the time: minimum start time - maximum end time.

71 clock_t min_start , max_end;

72 min_start = time_used[0];

73 max_end = time_used[BLOCK_NUM];

74 for (int i = 1; i < BLOCK_NUM; i++) {

75 if (min_start > time_used[i])

76 min_start = time_used[i];

77 if (max_end < time_used[i + BLOCK_NUM])

78 max_end = time_used[i + BLOCK_NUM];

79 }

80
81 printf("sum: %d time: %d\n", final_sum , max_end - min_start);

82
83 //Clean up

84 CUDA_SAFE_CALL(cudaFree(time));

85 CUDA_SAFE_CALL(cudaFree(result));

86 CUDA_SAFE_CALL(cudaFree(gpudata));

87 CUDA_SAFE_CALL(cudaFreeHost(sum));

88 CUDA_SAFE_CALL(cudaFreeHost(data));

89 CUDA_SAFE_CALL(cudaFreeHost(time_used));

90
91 return EXIT_SUCCESS;

92 }

Listing 5.4: The fourth version of quadratic sum algorithm with increased threads.

Because the elapsed time is already less than 1 millisecond, we do not calculate the time

in millisecond. Instead, the steps of the processor is used again. Every multi-processor

is timed, and the longest one is taken as the overall time. Compile and run the program,

I get the output:

sum: 29832171 time: 427026

It is 4 times faster than the 3rd version. The used memory bandwidth is now 7.3

GB/s. We use 256 threads instead of 512 is according to the optimization rule of CUDA.

Choosing a proper number of threads per block is a problem of the compromise among

different aspects. The aspects of considerations are listed as follows:
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• So as to efficiently use registers, it is concluded that, the delays introduced by

read-after-write dependencies can be ignored as soon as there are at least 192

active threads per multiprocessor. So as to get rid of the registers’ bank conflicts,

the best result is achieved when the number of threads per block is a multiple of

64.

• The number of blocks should also be configured to maximize the utilization of the

available computing resources. Since the blocks are mapped to multiprocessors

as a equivalent concept, there should be at least as many blocks as there are

multiprocessors in the device (see Table 4.2).

• The multiprocessor might be idle when the threads from one block are synchro-

nized or they read device memory. It is usually better to allow at least more than

two blocks to be active on each multiprocessor, so as to allow the overlap between

blocks that wait and blocks that can run.

• The number of blocks per grid should be at least 100, if one wants it to scale to

future devices.

• With a large enough number of blocks, the number of threads per block should be

chosen as a multiple of the warp size to avoid wasting computing resources with

under-populated warps. This point of view is consistent with the registers’ point

of view.

• Allocating more threads per block is better for efficient time slicing. Nevertheless,

the more threads are allocated per block, the fewer registers are available per

thread. A kernel invocation might be prevented from succeeding if the kernel

compiles to more registers than are allowed by the executing configuration.

• Last but not least, the maximum number of threads per block in current compute

capability specification is 512.

CUDA users have provided tons of discussions on the block design. More technical

analysis can be found in section 5.2 of [nVidia, 2008a]. Above all, 192 or 256 threads

per block are preferable and usually allow for enough registers to compile. Maximally

8 blocks are active on one multiprocessor. When there are not enough threads per

block to hide the latency, more blocks are launched. GeForce 9600M GT - the video

card I am using in the tutorial, has 4 multi-processors. Thus allocating 8 blocks per

multi-processor would assure the maximum number of active thread. Again, CUDA

optimization is tightly coupled with the graphics device. You should carefully choose

parameters according to the capability of your GPU.



Chapter 5. Parallel Computing using CUDA 86

5.5 5th Version: Shared Memory

5.5.1 Sum up on the Multi-processors

In the previous version, we have more data to be summed on CPU. To avoid this, we

can do summation on every multi-processor on their own part of the data. This can be

achieved by the block synchronization and shared memory. The global function is thus

modified as:

__global__ static void sumOfSquares(int *num, int* result,
clock_t* time)

{
extern __shared__ int shared[];
const int tid = threadIdx.x;
const int bid = blockIdx.x;
int i;
if(tid == 0) time[bid] = clock();
shared[tid] = 0;
for(i = bid * THREAD_NUM + tid; i < DATA_SIZE;

i += BLOCK_NUM * THREAD_NUM) {
shared[tid] += num[i] * num[i];

}

__syncthreads();
if(tid == 0) {

for(i = 1; i < THREAD_NUM; i++) {
shared[0] += shared[i];

}
result[bid] = shared[0];

}

if(tid == 0) time[bid + BLOCK_NUM] = clock();
}

The memory allocated with the qualifier __shared__ is shared memory. Shared memory

is on-chip, therefore accessing it is much faster than accessing global memory. For all

threads of a warp, accessing the shared memory is as fast as accessing a register as

long as there are no bank conflicts between the threads. Avoiding bank conflict is a

complication of CUDA programming. Interested readers can find a comprehensive

explanation in section 5.1.2.5 of [nVidia, 2008a]. If no bank conflict occurs, no latency

should be worried about. We will improve the algorithm by minimizing the bank

conflict in the next section.

__syncthreads() is a CUDA function. All threads must be synchronized at this point

before continuing. This is necessary in our program. All data must be written into the
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shared[] before the summation starts. Now the CPU needs only to add BLOCK_NUM

data, so the modifications in main function are as follows:

int* gpudata, *result;

clock_t* time;

cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE);

cudaMalloc((void**) &result, sizeof(int) * BLOCK_NUM);

cudaMalloc((void**) &time, sizeof(clock_t) * BLOCK_NUM * 2)

;

cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice);

sumOfSquares <<<BLOCK_NUM , THREAD_NUM ,

THREAD_NUM * sizeof(int)>>>(gpudata, result, time);

int sum[BLOCK_NUM];

clock_t time_used[BLOCK_NUM * 2];

cudaMemcpy(sum, result, sizeof(int) * BLOCK_NUM ,

cudaMemcpyDeviceToHost);

cudaMemcpy(&time_used , time, sizeof(clock_t) * BLOCK_NUM *

2,

cudaMemcpyDeviceToHost);

cudaFree(gpudata);

cudaFree(result);

cudaFree(time);

int final_sum = 0;

for(int i = 0; i < BLOCK_NUM; i++) {

final_sum += sum[i];

}

You might notice that the program runs slightly slower than the 4th version. That is

because the GPU does more work than before. We will improve the summation process

on the GPU in the following section.

5.5.2 Reduction Tree

Sum the data up linearly by only one thread per block on GPU is not efficient. The

parallelism of reduction has been studied by many researchers [Owens et al., 2005]. A
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commonly applied method now is the reduction tree as Figure 5.4 illustrates3, which is

self-explained.

Figure 5.4: A reduction tree.

Therefore, the kernel is modified as:

__global__ static void sumOfSquares(int *num, int* result,

clock_t* time)

{

extern __shared__ int shared[];

const int tid = threadIdx.x;

const int bid = blockIdx.x;

int i;

int offset = 1, mask = 1;

if(tid == 0) time[bid] = clock();

shared[tid] = 0;

for(i = bid * THREAD_NUM + tid; i < DATA_SIZE;

i += BLOCK_NUM * THREAD_NUM) {

shared[tid] += num[i] * num[i];

}

__syncthreads();

while(offset < THREAD_NUM) {

if((tid & mask) == 0) {

shared[tid] += shared[tid + offset];

}

offset += offset;

mask = offset + mask;

__syncthreads();

3The figure is taken from the lecture slides [Bolitho, 2008]
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}

if(tid == 0) {

result[bid] = shared[0];

time[bid + BLOCK_NUM] = clock();

}

}

mask is used to extract the correct elements from the array by the bit operation. offset

is doubled so that a correct mask is formed. Final result is written in the first element

of the shared array. Notice that __syncthreads() must be used whenever one step of

the shared memory operation is finished to make sure that all data have successfully

written into the shared memory.

Compiling and running the program, you might find that it is now even faster than

not doing summation on GPU. This is because less data are now written to the global

memory. We had to write 8192 data to the global memory, but now only 32.

5.5.3 Bank Conflict Avoidance

Using CUDA shared memory, one must face the problem of the bank conflict. For

devices of compute capability 1.x, the shared memory is divided into 16 equally-sized

memory modules, called banks. Memory accesses fall in different memory banks are

conflict-free. For example, 16 memory read or write occur in 16 different banks is 16

times faster than occur in the same bank. If a bank conflict happens, the access has to

be serialized. Consequently, for GPUs with compute capability 1.x, the user needs only

to care about threads with ID ≤ 15.

A common strategy of minimizing the bank conflict is to index the array by thread ID

and with some stride:

__share__ float shared[32];

float data = shared[StartIndex + s*tid] //tid is the thread ID.

You might have noticed that our previous reduction tree produces bank conflicts. It can

be observed from Figure 5.4 that memory access happens frequently in the same bank.

Therefore, this parallel reduction is actually locally sequential. To minimize conflict, we

can use the following access pattern. Pairs of elements are summed up and stored in the

beginning of the array, but not in the same position of one of the “parent element”. This
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summation algorithm is illustrated in Figure 5.5. This strategy assures that as many

banks as possible are accessed simultaneously.

Figure 5.5: A reduction tree with minimized bank conflict.

The new method is implemented by the following code:

offset = THREAD_NUM / 2;

while(offset > 0) {

if(tid < offset) {

shared[tid] += shared[tid + offset];

}

offset >>= 1;

__syncthreads();

}

Now that we have implemented the summation on multi-processors and have improved

it step by step, the complete program is as follows:

1 /*

2 * @brief The fifth CUDA quadratic sum program with reduction tree.

3 * @author Deyuan Qiu

4 * @date June 22nd, 2009

5 * @file gpu_quadratic_sum_5.cu

6 */
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7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define DATA_SIZE 1048576 //data of 4 MB

12 #define BLOCK_NUM 32

13 #define THREAD_NUM 256

14
15 using namespace std;

16
17 void GenerateNumbers(int *number, int size)

18 {

19 for(int i = 0; i < size; i++) number[i] = rand() % 10;

20 }

21
22 //The kernel implemented by a global function: called from host, executed in device.

23 __global__ static void sumOfSquares(int *num, int* result,

24 clock_t* time)

25 {

26 extern __shared__ int shared[];

27 const int tid = threadIdx.x;

28 const int bid = blockIdx.x;

29 int i;

30 int offset = 1;

31 if(tid == 0) time[bid] = clock();

32 shared[tid] = 0;

33 for(i = bid * THREAD_NUM + tid; i < DATA_SIZE;

34 i += BLOCK_NUM * THREAD_NUM) {

35 shared[tid] += num[i] * num[i];

36 }

37
38 __syncthreads();

39 offset = THREAD_NUM / 2;

40 while (offset > 0) {

41 if (tid < offset) {

42 shared[tid] += shared[tid + offset];

43 }

44 offset >>= 1;

45 __syncthreads();

46 }

47
48 if (tid == 0) {

49 result[bid] = shared[0];

50 time[bid + BLOCK_NUM] = clock();

51 }

52 }

53
54 int main(int argc, char **argv)

55 {

56 CUT_DEVICE_INIT(argc, argv);

57
58 //allocate host page-locked memory

59 int *data, *sum;

60 CUDA_SAFE_CALL(cudaMallocHost((void**)&data, DATA_SIZE*sizeof(int)));

61 GenerateNumbers(data, DATA_SIZE);
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62 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum, BLOCK_NUM*sizeof(int)));

63 clock_t *time_used;

64 CUDA_SAFE_CALL(cudaMallocHost((void**)&time_used , sizeof(clock_t) * BLOCK_NUM * 2)

);

65
66 //allocate device memory

67 int *gpudata, *result;

68 clock_t *time;

69 CUDA_SAFE_CALL(cudaMalloc((void**) &gpudata, sizeof(int) * DATA_SIZE));

70 CUDA_SAFE_CALL(cudaMalloc((void**) &result, sizeof(int) * BLOCK_NUM));

71 CUDA_SAFE_CALL(cudaMalloc((void**) &time, sizeof(clock_t) * BLOCK_NUM * 2));

72 CUDA_SAFE_CALL(cudaMemcpy(gpudata, data, sizeof(int) * DATA_SIZE ,

cudaMemcpyHostToDevice));

73
74 //Using THREAD_NUM scalar processer and shared memory.

75 sumOfSquares <<<BLOCK_NUM , THREAD_NUM , THREAD_NUM * sizeof(int)>>>(gpudata, result,

time);

76
77 CUDA_SAFE_CALL(cudaMemcpy(sum, result, sizeof(int) * BLOCK_NUM ,

cudaMemcpyDeviceToHost));

78 CUDA_SAFE_CALL(cudaMemcpy(time_used , time, sizeof(clock_t) * BLOCK_NUM * 2,

cudaMemcpyDeviceToHost));

79
80 //sum up on CPU

81 int final_sum = 0;

82 for (int i = 0; i < BLOCK_NUM; i++) final_sum += sum[i];

83
84 //calculate the time: minimum start time - maximum end time.

85 clock_t min_start , max_end;

86 min_start = time_used[0];

87 max_end = time_used[BLOCK_NUM];

88 for (int i = 1; i < BLOCK_NUM; i++) {

89 if (min_start > time_used[i])

90 min_start = time_used[i];

91 if (max_end < time_used[i + BLOCK_NUM])

92 max_end = time_used[i + BLOCK_NUM];

93 }

94
95 printf("sum: %d time: %d\n", final_sum , max_end - min_start);

96
97 //Clean up

98 CUDA_SAFE_CALL(cudaFree(time));

99 CUDA_SAFE_CALL(cudaFree(result));

100 CUDA_SAFE_CALL(cudaFree(gpudata));

101 CUDA_SAFE_CALL(cudaFreeHost(sum));

102 CUDA_SAFE_CALL(cudaFreeHost(data));

103 CUDA_SAFE_CALL(cudaFreeHost(time_used));

104
105 return EXIT_SUCCESS;

106 }

Listing 5.5: The fifth version of quadratic sum algorithm with conflict-free reduction

tree.

Now I get the following output:
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sum: 29832171 time: 380196

The processing time is only 0.485 milliseconds, which is 1.2 times faster than version 4.

Now the bandwidth is 8.25 GB/s.

5.6 Additional Remarks

5.6.1 Instruction Overhead Reduction

The quadratic sum algorithm is already parallelized. Since quadratic sum is not arith-

metic complicated, the bottle neck at the moment is mostly the instruction overhead.

As is discussed, GPUs do not have many control logic as CPUs have, like branching

prediction, program stacking, loop optimization, etc. We can still improve the algo-

rithm by reducing the instruction overhead. For example, we could unroll the addition

loop in the global function:

if(tid < 128) { shared[tid] += shared[tid + 128]; }

__syncthreads();

if(tid < 64) { shared[tid] += shared[tid + 64]; }

__syncthreads();

if(tid < 32) { shared[tid] += shared[tid + 32]; }

__syncthreads();

if(tid < 16) { shared[tid] += shared[tid + 16]; }

__syncthreads();

if(tid < 8) { shared[tid] += shared[tid + 8]; }

__syncthreads();

if(tid < 4) { shared[tid] += shared[tid + 4]; }

__syncthreads();

if(tid < 2) { shared[tid] += shared[tid + 2]; }

__syncthreads();

if(tid < 1) { shared[tid] += shared[tid + 1]; }

__syncthreads();

After unrolling the loop, the performance is slightly improved:

sum: 29832171 time: 372114

Strategies of finely tuning the performance differ from different GPU and compute ca-

pability. Till now, we have improved the quadratic sum algorithm with an accumulated

speedup of approximately 1452 times. This is what the massive parallelism brings.
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5.6.2 A Useful Debugging Flag

For debugging purpose, I suggest a useful flag that can be used in the nvcc command: –

ptxas-options=-v. By using this flag, detailed information of used memory is displayed

in compile time. This is the example of applying this flag to compile the last version of

our quadratic sum algorithm:

nvcc -O3 --ptxas-options=-v -o gpu_quadratic_sum_6 gpu_quadratic_sum_6.cu

-I/usr/local/cuda/include -L/usr/local/cuda/lib -L/Developer/CUDA/lib

-lcutil -lcublas -lcuda -lcudart

ptxas info : Compiling entry function ’_Z12sumOfSquaresPiS_Pm’

ptxas info : Used 6 registers, 32+32 bytes smem, 40 bytes cmem[1]

The register is the default type of memory in device and global function. Without

specifying any qualifier when declaring variables, they are stored in registers. 6 registers

are allocated for each thread. smem stands for shared memory, lmem is local memory

and cmem is constant memory. The amounts of local and shared memory are listed by

two numbers each. The first number represents the total size of all variables declared

in local or shared memory, respectively. The second number represents the amount of

system-allocated data in these memory segments: device function parameter block (in

shared memory) and thread / grid index information (in local memory). In the above

example, constant memory is partitioned in bank 1.

These additional information is very important for developers. Registers and shared

memory are scarce resources on GPU. Allocating too much of these memory will cause

deterioration of overall performance or probably cause the program fail to launch.

NVCC compiler supports various more helpful flags, please refer to [nVidia, 2007] for

details.

5.7 Conclusion

This quadratic sum example reveals the basic idea of CUDA optimization. Using global

memory is the most significant difference from shading language based GPGPU. Global

memory is flexible and thus easy to adapt to algorithms. However, using global memory

has to pay the cost of hundreds of clock cycles per memory access.

On the other hand, texture memory is cached on chip. Accessing texture is much

faster than accessing global memory. Texturing is also supported by CUDA. Therefore,
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all shading language based GPGPU program can be also implemented by CUDA. It

is recommended that if the texture memory fits the memory usage model of your

algorithm, it will be preferable to be used. Next chapter we will discuss how to

implement our running example - discrete convolution - with CUDA.

Further Readings:

1. Optimizing Parallel Reduction in CUDA

The optimization example in this chapter is inspired from the slides by Mark

Harris [Harris, 2008]. If you would like to try a more ’aggressive’ speedup, please

follow the slides.

2. CUDA Tutorial

An example-driven tutorial from brings you from a beginner to a developer: http:

//www.ncsa.illinois.edu/UserInfo/Training/Workshops/CUDA/presentations/

tutorial-CUDA.html.

3. CUDA Tutorial Slides

The slides from NVidia’s full-day tutorial (8 hours) on CUDA, OpenCL, and all

of the associated libraries:

http://www.slideshare.net/VizWorld/nvidia-cuda-tutorial-june-15-2009.

http://www.ncsa.illinois.edu/UserInfo/Training/Workshops/CUDA/presentations/tutorial-CUDA.html
http://www.ncsa.illinois.edu/UserInfo/Training/Workshops/CUDA/presentations/tutorial-CUDA.html
http://www.ncsa.illinois.edu/UserInfo/Training/Workshops/CUDA/presentations/tutorial-CUDA.html
http://www.slideshare.net/VizWorld/nvidia-cuda-tutorial-june-15-2009
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Chapter 6

Texturing with CUDA

CUDA features global memory and shared memory, which makes CUDA different from

traditional GPGPU approaches. In the previous chapter, we optimized the quadratic

sum algorithm step by step. The CUDA-accelerated quadratic sum algorithm is imple-

mented by global memory and shared memory. This chapter we are going to explore

the texture memory in CUDA, which is an essential memory for graphics. However,

possessing several benefits over the global memory, texture memory is also very helpful

in GPGPU. Not only the classical GPGPU algorithms can be transformed into CUDA

without any effort, but for all algorithms that matches the texture memory model are

highly recommended to use texture memory instead of global memory.

6.1 CUDA Texture Memory

In a graphics device, the texture memory is always present. Therefore, CUDA can also

manage texture memory. The good news is, for GPGPU usage, using texture memory

with CUDA is easier than that with GLSL. First, the texture is by default not normalized.

So you can use the original indices to access data stored in texture memory, without

using any extension. Second, the dimensions are not necessarily to be the power of

two, like what is required in the earlier GLSL versions. Third, managing the texture,

including creating, binding, setting and so on, are simplified. In section 6.1.3 you will

see using texture in CUDA is very straight-forward.

6.1.1 Texture Memory vs. Global Memory

Reading device memory through texture present several benefits over reading from

global memory.

97
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1. Texture memory is optimized for 2 dimensional memory model, e.g., images, laser

scans, 2D histograms, etc.

2. They are cached in every multi-processor. If there is no cache miss, reading from

texture cache occurs no latency.

3. They are not subject to the constraints on memory access patterns, like the bank

conflict in shared memory and the coalescing of global memory.

4. The latency of addressing calculations is hidden better. That means finding the

optimized order of memory fetch (see section 5.3) is possibly not necessary.

5. If the memory access has the character of locality, it exhibit higher memory band-

width than global memory.

6.1.2 Linear Memory vs. CUDA Arrays

Using texture in CUDA, the so-called texture reference has to be applied. Texture can

be bound to either linear memory or to CUDA arrays. Linear memory is in a 32-bit

address space on device. CUDA arrays are optimized for texture fetching. Texture

memory can be bound to either linear memory or CUDA array. Texturing from CUDA

array presents several benefits over texturing from linear memory.

1. CUDA arrays can be 1-, 2- or 3-dimensional and composed of elements, each of

which has 1, 2 or 4 components. Linear memory can only be of dimensionality of

1.

2. CUDA arrays support texture filtering.

3. CUDA arrays can be addressed in a normalized texture coordinate. However, it

is not important for GPGPU.

4. CUDA arrays support various boundary regulations (clamping or repeat), e.g.,

out-of-range texture accesses return zero.

Both linear memory and CUDA arrays are readable and writable by the host through

the memory copy functions. But CUDA arrays are only readable by kernels through

texture fetching. Therefore, when some data are only needed to frequently read from

(e.g., as some reference) but not required to modify, texture memory would be the best

container of such data.
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6.1.3 Texturing from CUDA Arrays

Managing CUDA array needs a different set of command: cudaMallocArray(), cudaFreeArray()

and cudaMemcpyToArray(). Because cudaArray itself is not a template, when using

cudaMallocArray() to allocate memory, cudaChannelFormatDesc is needed to set the

type of the memory.

cudaChannelFormatDesc channelDesc = cudaCreateChannelDesc <float >();
cudaArray* cuArray;
cudaMallocArray(&cuArray, &channelDesc , width, height);

Above is a simple example. The declared cuArray is a float data type based CUDA

array, with the size of width * height. cudaChannelFormatDesc decides the format

type of the data that are fetched from the texture. It can be also used to create data of

other formats by using the template:

template <class T>
struct cudaChannelFormatDesc cudaCreateChannelDesc <T>();

The same as using linear memory, cudaMallocArray()needs also these four parameters:

cudaArray**, cudaChannelFormatDesc*, the width and the height. However, not like

linear memory, which uses cudaMemcpy() to copy data between the device and the host,

CUDA array uses cudaMemcpyToArray(). The definition of the function is:

cudaError_t cudaMemcpyToArray(struct cudaArray* dstArray,
size_t dstX, size_t dstY,
const void* src, size_t count,
enum cudaMemcpyKind kind);

This function copies the data src to dstArray. cudaMemcpyKind specifies the direc-

tion of data transfer, which can be udaMemcpyHostToHost, cudaMemcpyHostToDevice,

cudaMemcpyDeviceToHost orcudaMemcpyDeviceToDevice. count is the size of the data.

dstX and dstY is the coordinates of the upper-left corner of the texture that is copied.

Normally, for GPGPU, they are 0.

Using CUDA array to be the container of the texture, we need to usecudaBindTextureToArray()

to bind CUDA array and the texture. When doing this, simply provide texture and

cudaArray as the parameters of the function:

template <class T, int dim, enum cudaTextureReadMode readMode >
cudaError_t cudaBindTextureToArray(

const struct texture<T, dim, readMode >& texRef,
const struct cudaArray* cuArray);
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When unbinding texture with CUDA array, we do the same as when using linear

memory: cudaUnbindTexture(). Accessing the texture in kernel, we use the func-

tions tex1D() and tex2D() for the CUDA array instead of tex1Dfetch() for the linear

memory. The two functions have the forms:

template <class Type, enum cudaTextureReadMode readMode >
Type tex1D(texture<Type, 1, readMode > texRef, float x);

template <class Type, enum cudaTextureReadMode readMode >
Type tex2D(texture<Type, 2, readMode > texRef, float x, float y);

6.2 Texture Memory Roundtrip

Like what we have done when explaining the OpenGL texture buffer, a simple tex-

ture roundtrip is also performed here, as a ’warm up’ for implementing the discrete

convolution algorithm in the following section.

As is discussed, binding CUDA to texture is better than binding linear memory to

texture. In the roundtrip example a one-dimensional CUDA is used. First, some test

numbers are generated:

unsigned unSizeData = 8;
unsigned unData = 0;
int* pnSampler;
CUDA_SAFE_CALL(cudaMallocHost((void**)&pnSampler , unSizeData * sizeof(int)));
for(unsigned i=0; i<unSizeData; i++) pnSampler[i] = ++unData;

The piece of code above prepares a 1D array of numbers: [1,2,3,4,5,6,7,8]. Then

we follow the instructions in section 6.1.3 and allocate a one dimensional texture (using

CUDA array) in device:

texture<int, 1, cudaReadModeElementType > refTex;
cudaArray* cuArray;
cudaChannelFormatDesc cuDesc = cudaCreateChannelDesc <int>();
CUDA_SAFE_CALL(cudaMallocArray(&cuArray, &cuDesc, unSizeData));
CUDA_SAFE_CALL(cudaMemcpyToArray(cuArray, 0, 0, pnSampler , unSizeData *

sizeof(int), cudaMemcpyHostToDevice));
CUDA_SAFE_CALL(cudaBindTextureToArray(refTex, cuArray));

Notice that this is all we have to do to allocate and bind CUDA texture, which is notably

easier than OpenGL. Most of the complications are hidden. Since the CUDA array is

read-only, we have to allocate another global memory to record the result of calculation,

so that we can fetch the result:
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int* pnResult;
CUDA_SAFE_CALL(cudaMalloc((void**)&pnResult , unSizeData * sizeof(int)));

We use only a small array, so we configure the threads in one block and launch the

kernel:

convolution <<<1, unSizeData >>>(unSizeData , pnResult);

In the global function, we use every thread to process the number with the same index.

tex1D() is used to fetch data from the texture:

__global__ void convolution(unsigned unSizeData , int* pnResult){
const int idxX = threadIdx.x;
pnResult[idxX] = unSizeData + 1 - tex1D(refTex, idxX);

}

The effect of the function is to invert the order of the array. At last the data are copied

back from global memory to the host memory. The complete program is as following:

1 /*

2 * @brief CUDA memory roundtrip.

3 * @author Deyuan Qiu

4 * @date June 24th, 2009

5 * @file cuda_texture_roundtrip.cu

6 */

7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define DATA_SIZE 8

12 using namespace std;

13
14 //texture variables

15 texture<int, 1, cudaReadModeElementType > refTex;

16 cudaArray* cuArray;

17
18 //the kernel: invert the input numbers.

19 __global__ void convolution(unsigned unSizeData , int* pnResult){

20 const int idxX = threadIdx.x;

21 pnResult[idxX] = unSizeData + 1 - tex1D(refTex, idxX);

22 }

23
24 int main(int argc, char **argv)

25 {

26 CUT_DEVICE_INIT(argc, argv);

27
28 //prepare data

29 unsigned unSizeData = (unsigned)DATA_SIZE;

30 unsigned unData = 0;

31 int* pnSampler;
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32 CUDA_SAFE_CALL(cudaMallocHost((void**)&pnSampler , unSizeData * sizeof(int)));

33 for(unsigned i=0; i<unSizeData; i++) pnSampler[i] = ++unData;

34 for(unsigned i=0; i<unSizeData; i++) cout<<pnSampler[i]<<’\t’; cout<<endl; //

data before roundtrip

35
36 //prepare texture to read from

37 cudaChannelFormatDesc cuDesc = cudaCreateChannelDesc <int>();

38 CUDA_SAFE_CALL(cudaMallocArray(&cuArray, &cuDesc, unSizeData));

39 CUDA_SAFE_CALL(cudaMemcpyToArray(cuArray, 0, 0, pnSampler , unSizeData * sizeof(int

), cudaMemcpyHostToDevice));

40 CUDA_SAFE_CALL(cudaBindTextureToArray(refTex, cuArray));

41
42 //allocate global memory to write to

43 int* pnResult;

44 CUDA_SAFE_CALL(cudaMalloc((void**)&pnResult , unSizeData * sizeof(int)));

45
46 //call global function

47 convolution <<<1, unSizeData >>>(unSizeData , pnResult);

48
49 //fetch result

50 CUDA_SAFE_CALL(cudaMemcpy(pnSampler , pnResult , unSizeData * sizeof(int),

cudaMemcpyDeviceToHost));

51 for(unsigned i=0; i<unSizeData; i++) cout<<pnSampler[i]<<’\t’; cout<<endl; //

data after roundtrip

52
53 //garbage collection

54 CUDA_SAFE_CALL(cudaUnbindTexture(refTex));

55 CUDA_SAFE_CALL(cudaFreeHost(pnSampler));

56 CUDA_SAFE_CALL(cudaFreeArray(cuArray));

57 CUDA_SAFE_CALL(cudaFree(pnResult));

58
59 return EXIT_SUCCESS;

60 }

Listing 6.1: A simple example explaining the usage of CUDA texture: CUDA texture

roundtrip.

After compiling and running, I got the following output:

Using device 0: GeForce 9600M GT

1 2 3 4 5 6 7 8

8 7 6 5 4 3 2 1

If you got the same output, your system is ready for texturing. As a conclusion, Figure

6.1 illustrates the CUDA texture roundtrip.
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Figure 6.1: CUDA texture roundtrip.

6.3 CUDA-accelerated Discrete Convolution

In this section we are going to implement the running example - discrete convolution

- with CUDA texture. As what has been done before, we process an image with 4

channels, so firstly we allocate texture memory with 4 channels and with float format,

and bind it with CUDA 2D array:

texture<float4, 2, cudaReadModeElementType > refTex;
cudaArray* cuArray;
cudaChannelFormatDesc cuDesc = cudaCreateChannelDesc <float4 >();
CUDA_SAFE_CALL(cudaMallocArray(&cuArray, &cuDesc, unWidth, unHeight));
CUDA_SAFE_CALL(cudaMemcpyToArray(cuArray, 0, 0, pf4Sampler , unSizeData *

sizeof(float4), cudaMemcpyHostToDevice));
CUDA_SAFE_CALL(cudaBindTextureToArray(refTex, cuArray));

float4 is the quadruple float data type in CUDA. Using built-in vectors helps to coelesce

memory reads into a single memory transaction. However, if you are using a GPU of

the compute capability higher than 1.2, the coalescing requirement is largely released.

The situation here is somewhat different from the roundtrip example. We have defined

a two-dimensional texture of size [unWidth, unHeight]. Now we must configure the

threads so that (1) there are enough threads every block, (2) there are enough blocks,

(3) the work are evenly distributed (meaning, there will not be threads idle and others

busy), (4) threads cover the whole working area, namely, all pixels of the image. The first

two requirements assure that the latency is maximally hidden. The third requirement

minimizes the runtime, since the runtime is equal to the longest processing time of all

threads. The fourth requires to find a map between the thread indices and the image

pixels.

Now I present a common strategy to configure threads. First we determine the block

dimensions:
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#define BLOCK_X 16
#define BLOCK_Y 16
dim3 block(BLOCK_X, BLOCK_Y);

These two preprocessor directives defines the sizes of the blocks, each of which contain

16 × 16 = 256 threads. Then the grid dimensions are determined based on the block

dimensions:

dim3 grid(ceil((float)unWidth/BLOCK_X), ceil((float)unHeight/BLOCK_Y));

ceil() returns the minimal integer that is bigger than its parameter, which is one of

CUDA’s built-in mathematical standard library functions. This method of deciding

the grid size might produce some idle threads when the unWidth or unHeight cannot

be divided exactly by BLOCK_X or BLOCK_Y separately, but it assures to launch enough

threads to cover all the pixels. If the size of the image is determined, the user can

configure BLOCK_X and BLOCK_Y to minimize the number of threads.

In the global function, the thread ID is ’decoded’ and mapped to the global memory:

const int idxX = blockIdx.x * blockDim.x + threadIdx.x,
idxY = blockIdx.y * blockDim.y + threadIdx.y;

const int idxResult = idxY * nHeight + idxX;

The complete program is as following:

1 /*

2 * @brief CUDA-accelerated discrete convolution.

3 * @author Deyuan Qiu

4 * @date June 24th, 2009

5 * @file cuda_convolution.cu

6 */

7
8 #include <iostream>

9 #include "/Developer/CUDA/common/inc/cutil.h"

10
11 #define WIDTH 1024

12 #define HEIGHT 1024

13 #define CHANNEL 4

14 #define BLOCK_X 16

15 #define BLOCK_Y 16 //The block of [BLOCK_X x BLOCK_Y] threads.

16 #define RADIUS 2

17
18 #define VectorAdd(a,b) \

19 a.x += b.x; a.y += b.y; a.z += b.z; a.w += b.w;

20
21 using namespace std;

22
23 //texture variables
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24 texture<float4, 2, cudaReadModeElementType > refTex;

25 cudaArray* cuArray;

26
27 __global__ void convolution(int nWidth, int nHeight, int nRadius, float4* pfResult){

28 const int idxX = blockIdx.x * blockDim.x + threadIdx.x,

29 idxY = blockIdx.y * blockDim.y + threadIdx.y;

30 const int idxResult = idxY * nHeight + idxX;

31
32 float4 f4Sum = {0.0f, 0.0f, 0.0f, 0.0f}; //Sum of the neighborhood.

33 int nTotal = 0; //NoPoints in the neighborhood.

34 float4 f4Result = {0.0f, 0.0f, 0.0f, 0.0f}; //Output vector to replace the

current texture

35 float4 f4Temp = {0.0f, 0.0f, 0.0f, 0.0f};

36
37 //Neighborhood summation.

38 for (int ii = idxX - nRadius; ii < idxX + nRadius; ii++)

39 for (int jj = idxY - nRadius; jj <= idxY + nRadius; jj++)

40 if (ii >= 0 && jj >= 0 && ii < nWidth && jj < nHeight) {

41 f4Temp = tex2D(refTex, ii, jj);

42 VectorAdd(f4Sum,f4Temp);

43 nTotal++;

44 }

45 f4Result.x = f4Sum.x/(float)nTotal;

46 f4Result.y = f4Sum.y/(float)nTotal;

47 f4Result.z = f4Sum.z/(float)nTotal;

48 f4Result.w = f4Sum.w/(float)nTotal;

49 pfResult[idxResult] = f4Result;

50 }

51
52 int main(int argc, char **argv)

53 {

54 CUT_DEVICE_INIT(argc, argv);

55
56 unsigned unWidth = (unsigned)WIDTH;

57 unsigned unHeight = (unsigned)HEIGHT;

58 unsigned unSizeData = unWidth * unHeight;

59 unsigned unRadius = (unsigned)RADIUS;

60
61 //prepare data

62 unsigned unData = 0;

63 float4* pf4Sampler;

64 CUDA_SAFE_CALL(cudaMallocHost((void**)&pf4Sampler , unSizeData * sizeof(float4)));

65 for(unsigned i=0; i<unSizeData; i++){

66 pf4Sampler[i].x = (float)(unData++);

67 pf4Sampler[i].y = (float)(unData++);

68 pf4Sampler[i].z = (float)(unData++);

69 pf4Sampler[i].w = (float)(unData++);

70 }

71
72 //prepare texture

73 cudaChannelFormatDesc cuDesc = cudaCreateChannelDesc <float4 >();

74 CUDA_SAFE_CALL(cudaMallocArray(&cuArray, &cuDesc, unWidth, unHeight));

75 CUDA_SAFE_CALL(cudaMemcpyToArray(cuArray, 0, 0, pf4Sampler , unSizeData * sizeof(

float4), cudaMemcpyHostToDevice));

76 CUDA_SAFE_CALL(cudaBindTextureToArray(refTex, cuArray));
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77
78 //allocate global memory to write to

79 float4* pfResult;

80 CUDA_SAFE_CALL(cudaMalloc((void**)&pfResult , unSizeData * sizeof(float4)));

81
82 //allocate threads and call the global function

83 dim3 block(BLOCK_X, BLOCK_Y),

84 grid(ceil((float)unWidth/BLOCK_X), ceil((float)unHeight/BLOCK_Y));

85 convolution <<<grid, block>>>(unWidth, unHeight, unRadius, pfResult);

86
87 //fetch result

88 CUDA_SAFE_CALL(cudaMemcpy(pf4Sampler , pfResult , unSizeData * sizeof(float4),

cudaMemcpyDeviceToHost));

89
90 //garbage collection

91 CUDA_SAFE_CALL(cudaUnbindTexture(refTex));

92 CUDA_SAFE_CALL(cudaFreeHost(pf4Sampler));

93 CUDA_SAFE_CALL(cudaFreeArray(cuArray));

94 CUDA_SAFE_CALL(cudaFree(pfResult));

95
96 return EXIT_SUCCESS;

97 }

Listing 6.2: CUDA-accelerated discrete convolution.

Compile and then time the application with CUDA Visual Profiler. The algorithm runs

in 26.7 milliseconds, which is 41.7 times faster than the CPU version. The performance

is even better than the GLSL version. CUDA is specially designed and optimized for

nVidia up-to-date GPUs, which has a tighter connection with the hardware than the

general graphics API - OpenGL.

Again, we do not deny classical GPGPU. First, a lot of PCs are still mounted with

graphics cards produced before 2006, and there are graphics cards with GPUs of other

manufacturers but not nVidia. Second, OpenGL is a platform independent API, which

has been integrated with most of the operating systems. Third, as a lowest possible API,

OpenGL presents a lower overhead than CUDA. CUDA, on the other hand, devotes a

lot of effort on the thread scheduling.
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More about CUDA

When programing with CUDA, you might also bump into some specific situations. For

example, you have several GPUs installed and you want to use all of them at the same

time; or you have a project written in some other language, e.g., C++, and you want to

accelerate part of the project by CUDA or integrate some CUDA files into the project; or

in case you do not have a video card on your system that supports CUDA, but you still

want to emulate the CUDA programs on the system; or. . . This chapter explores such

kind of problems and provides the state-of-the-art solutions.

7.1 C++ integration

If you are not writing any standalone CUDA code or practicing CUDA by programing

some small examples, integrating CUDA source files into existing C++ projects is maybe

what the developers have to face. In most cases, CUDA source codes are just a part of a

project, which deal with GPU computation. What the programmers do is to either insert

them in the context of C codes, or to wrap them with an interface to other high-level

programs.

CUDA source files need to be compiled by nvcc, which is obviously different from C++

compilers. Normally nvcc does not support some features of C++, such as class, vector,

template, etc. However, recent nvcc compiler can also separate C++ code from CUDA

code and compile them by specified local C++ compiler (in this case, C++ features

like class are also supported). Still, compiling the whole project by merely nvcc is not

convenient. Not mentioning the instability when nvcc treats C++ features, nvcc does

have known problems with C++ libraries, e.g., OpenCV. A better solution is to separate

CUDA codes and C++ codes into different files. This section provides 3 common

strategies to implement this.

107
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7.1.1 cppIntegration from the SDK

In the CUDA SDK, you can find a sample project called cppIntegration. The project

presents a straight-forward method to integrate CUDA source codes into existing C++

projects. The method is easy to understand. However, choosing this method means you

have to use the fill out the makefile template provided by CUDA SDK, which includes

the CUDA SDK makefile (see the file CUDA_path/common/common.mk). Most of the users

choose this method because they believe that the ’official makefile’ is sophisticated

enough and they just need to configure the least part of the template. However, in some

circumstances setting up your own project is more comfortable (like what I propose in

section 7.1.3). Of course, you can also learn from the official makefile and modify it

(then you need to care about its adaptability to other SDK projects).

7.1.2 CuPP

CuPP is a newly developed C++ framework designed to ease the integration of CUDA

to existing C++ applications. CuPP alleged that it is easier to use than the standard

CUDA API. The first release of the project was in January of 2009. The second was in

May (Version 0.1.2), which is the newest. Till now, CuPP is only tested on 32-bit Ubuntu

Linux. You can find all about CuPP in these links:

• Homepage: http://www.plm.eecs.uni-kassel.de/plm/index.php?id=cupp

• Documentation: http://cupp.gpuified.de/

• Google group: http://groups.google.com/group/cupp

Breitbart’s thesis elaborates the usage of CuPP [Breitbart, 2008].

7.1.3 An Integration Framework

Other than the mentioned methods, you can also write your own framework. If you

just want to integrate CUDA programs into existing C++ projects, and you would like

your CUDA codes also appear in an object-oriented way, this section might be the right

choice for you. I will present a simple and safe integration framework in this section.

You can wrap any of your CUDA codes using this framework.

The basic idea is to extract CUDA codes out of the C++ program, making CUDA codes

not visible by any member function of the C++ class. Extracted CUDA codes are

http://www.plm.eecs.uni-kassel.de/plm/index.php?id=cupp
http://cupp.gpuified.de/
http://groups.google.com/group/cupp
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wrapped by agent functions. Agent functions call the kernels, and meanwhile they are

called by the C++ class. They do not contain implementation, but only redirect calls

and separate kernels from the C++ class. Listing 7.4 describes how a kernel-agent is

implemented.

1 //class member function

2 void class_kernel(){

3 wrapper_kernel();

4 }

5

6 //agent function

7 extern "C"

8 void wrapper_kernel(){

9 kernel<<<grid, block>, shared >>();

10 }

11

12 //kernel function

13 __global__ void kernel(){

14 thread implementation...

15 }

Listing 7.1: CUDA-C++ integration framework

Source files are organized as shown in Listing 7.2.

1 //application

2 #include necessary includes (iostream...)

3 #include class.cuh

4 the file body...

5

6 //class.cuh

7 #include all C++ headers

8 the file body...

9

10 //CIcpGpuCuda.cu

11 #include kernel.cuh

12 #include class.cuh

13 the file body...

14
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15 //kernel.cuh

16 #include all CUDA headers

17 the file body...

18 #include kernel.cu

19

20 //kernel.cu

21 the file body...

Listing 7.2: The file organization of the proposed integration framework. Note that

kernel.cu is included in the end of its header file.

A two-pass compilation is required: (1) Use nvcc to compile all .cu and .cuh files to

an object file class.o; (2) Use C++ compiler to compile the application file .cpp to

application.o, and then link class.owith application.o.

My thesis provides a complete example of C++ integration, including polymorphism

of the kernel functions [Qiu, 2009]. Section 5.3.4 of my thesis explains the framework

and you will find the source codes in Appendix D.2, together with the makefile. As an

exercise, you could try to wrap our discrete convolution example by the framework,

and set an object-oriented interface to any application that uses convolution.

7.2 Multi-GPU System

If you have not heard of the concept “Personal Supercomputer”, you might be out-

dated [Bertuch et al., 2009]. Today, the graphics cards have been able to put a teraflops-

supercomputer on your desk, which is affordable and of a normal PC appearance. The

only difference is that the personal supercomputers are installed with up-to-date video

cards. It is very likely that multiple GPUs are installed in one desktop1. Some comput-

ing centers and institutes are also deployed with GPU clusters. Figure 7.1 shows the

NCSA GPU cluster2. Even some laptops are equipped with more than one video cards

(e.g., MacBook Pro).

In this section you will find a discussion about working with a multi-GPU system.

7.2.1 Selecting One GPU from a Multi-GPU System

With several GPUs installed, you might only want to choose one of them. In this case, we

can use some of the hardware validation command in section 4.2: cudaGetDeviceCount
1The maximal number of GPUs that are allowed to install in one PC is eight.
2http://www.ncsa.uiuc.edu/Projects/GPUcluster/

http://www.ncsa.uiuc.edu/Projects/GPUcluster/
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Figure 7.1: The NCSA (National Center for Supercomputing Applications) GPU clus-
ter.

counts the number of available GPUs in the system; cudaGetDevice gets the ID of

the current GPU in use; cudaGetDeviceProperties gets the properties of the device;

cudaSetDevice chooses the GPU as the current device.

Therefore, you can check all the devices and set the one that suits you. Normally, you

can use this piece of code at the beginning of your .cu file to choose the best GPU:

1 int num_devices , device;

2 cudaGetDeviceCount(&num_devices);

3 if (num_devices > 1) {

4 int max_multiprocessors = 0, max_device = 0;

5 for (device = 0; device < num_devices; device++) {

6 cudaDeviceProp properties;

7 cudaGetDeviceProperties(&properties , device);

8 if (max_multiprocessors < properties.multiProcessorCount) {

9 max_multiprocessors = properties.multiProcessorCount;

10 max_device = device;

11 }

12 }

13 cudaSetDevice(max_device);

14 }

Listing 7.3: Choosing the best GPU from a multi-GPU system.
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As is introduced, CUTIL library provides many useful routines. It also wraps the

routine of choosing the GPU that provides the highest GLOPS in a multi-GPU system.

By doing this with CUTIL, simply add this line:

cudaSetDevice( cutGetMaxGflopsDeviceId() );

It seems to be a bit aggressive, but it really saves time. When using this function, you

should also do:

#include <cutil_inline.h>

Notice that cutil_inline.h defines a lot of short and helpful routines like this. When-

ever you are writing some common CUDA code blocks, check whether CUTIL has done

it for you first. I digress shortly to sample several of such helpful CUTIL functions,

which I use from time to time:

cutCheckCmdLineFlag();
cutCreateTimer();
cutFindFilePath();
cutResetTimer();
cutStartTimer();
cutStopTimer();
cutDeleteTimer();

7.2.2 SLI Technology and CUDA

SLI (Scalable Linking Interface) is the multi-GPU solution developed by Nvidia for

linking two or more video cards together to produce a single output. Unfortunately,

SLI is only available for graphics. Having this section here, I would like to clarify that

CUDA does not support SLI. In a multi-GPU system, CUDA will see several devices

with CUDA-capable GPUs. To use CUDA-based computation, SLI must be disabled.

Otherwise, you will only see one device. In the following section, we will discuss how

to run CUDA on several GPUs concurrently.

7.2.3 Using Multiple GPUs Concurrently

In most cases, you would prefer to use all GPUs on the system concurrently, but not

choose only one of them. Since no hardware technology supports using multi-GPU

systems for GPGPU, running multiple instances to control multiple GPUs is the only

possibility that one can see. Therefore, we normally use multithreading for this purpose.
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7.2.3.1 Controlling Multiple GPUs by Multithreading

Now CUDA can only operate a single device in the program, which is a limitation.

Therefore, in order to manipulate multiple GPUs at the same time, we have to maintain

multiple CUDA contexts. Likewise, there is no way to exchange data among GPUs

directly. Exchanging data must be done on the host side. Even multiple threads that

access the device memory on the same GPU cannot exchange data on the device. For

collecting or exchanging the data from different GPUs, we need a master thread on

the host to do the job. Each slave thread on the host maintains a CUDA context on a

GPU. Obviously, the efficiency can be maximized when we have the same number of

GPUs as the number of GPUs on the system. Figure 7.2 illustrates the master / slave

multithreading.

Figure 7.2: Illustration of using multiple GPUs concurrently by multi-threading. The
master thread collects and exchanges data among GPUs.

Multithreading can be implemented in several ways. You can either use system threads

or use some high-level implementations. Using system threads is system-dependent.

In unix, you can use pthreads (Posix Threads). The simpleMultiGPU project from the

CUDA SDK is an example of using pthreads to manipulate several GPUs. It is worth

mentioning that using pthreads together with NPTL (Native POSIX Thread Library)

is very efficient.

On MS Windows one could use Windows threads to achieve the same effect. Hammad

Mazhar explains using Windows threads to manage multiple GPUs under CUDA in

his report [Mazhar, 2008]. You can also find the source code there.

Using high-level implementation of multithreading is more comfortable than system

threads. OpenMP is an efficient threading API. However, it requires specific compilers.
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For example, gcc 4.1 and lower does not integrate OpenMP; Visual C++ 2008 Express

does not include OpenMP support. Alternatively, you can also use the boost library,

which supports sophisticated threading functionalities. Boost is platform-independent

and any C++ compiler can compile it. Boost is normally provided by standard packages

on most Linux distributions. It is also not necessary to be compiled when you install it

on MS Windows or Mac. You can just download the binary libraries and header files

of the package that you want. In the following section we will implement the discrete

convolution example on two GPUs by boost multithreading. Notice that the library of

boost multithreading is already included in the folder of our code, so there’s no need to

install anything.

7.2.3.2 The GPUWorker Framework

The HOOMD project (Highly Optimized Object-Oriented Molecular Dynamics) of

Ames Laboratory, Iowa State University provides a platform-independent yet con-

venient framework for using CUDA on multiple GPUs concurrently, called GPUWorker.

The framework was designed to accelerate the molecular modeling. However, since

it is quite general, we can use it as a common framework of using CUDA on multiple

GPUs concurrently. The framework is implemented by boost. Therefore, in order to

use the framework, you might have to install boost before compiling GPUWorker into

your project. The source code of GPUWorker can be found in Appendix D. The code

was released under an open source license, so you can feel free to use (please do not

remove the authors’ name).

GPUWorker is based on a master / slave thread approach, where a worker thread holds

a CUDA context and the master thread can send messages to many slave threads. Since

the framework consists only two files out of the project, there is no specific documen-

tation about it. However, it is so simple that you do not really need a manual, and the

codes are exhaustively documented. Furthermore, you can find some discussions on

the GPUWorker in the following forum thread:

http://forums.nvidia.com/index.php?showtopic=66598

Using GPUWorker is quite easy, you can understand it quite well by this simple sample

code presented by the author:

1 GPUWorker gpu0(0);

2 GPUWorker gpu1(1);

3

4 // allocate data

5 int *d_data0;

http://forums.nvidia.com/index.php?showtopic=66598
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6 gpu0.call(bind(cudaMalloc , (void**)((void*)&d_data0), sizeof(int)*N));

7 int *d_data1;

8 gpu1.call(bind(cudaMalloc , (void**)((void*)&d_data1), sizeof(int)*N));

9

10 // call kernel

11 gpu0.callAsync(bind(kernel_caller , d_data0, N));

12 gpu1.callAsync(bind(kernel_caller , d_data1, N));

Listing 7.4: CUDA-C++ integration framework

The constructor takes only one parameter: the ID of the GPU, which can be found

out by the methods introduced in section 7.2.1. There are only two member functions

that you are going to use. Using call() to call any CUDA synchronous functions and

using callAsync() to call any CUDA asynchronous functions. The latter case includes

memory copies and kernel function launches. Both of the functions call the boost

function bind(), which calls any CUDA function that returns cudaError_t. Notice that

call() has a built-in synchronization. If you want to time the program, you should put

the CUDA function cudaThreadSynchronize() before getting the time stamp, so as to

make sure all executions being finalized.

As an example, I will use both of my GPUs for the CUDA-accelerated discrete con-

volution algorithm (the last version). My laptop is installed with an nVidia GeForce

9400M and a GeForce 9600M GT. Since we use both GPUs concurrently, it does not

make sense to time the GPU kernels seperately using clock(). The two GPUs will run

asynchronously and the overlapping time is unknown, so we should time the program

on the host.

There are known issues of compiling / linking boost by nvcc compiler. Therefore, I use

the same framework that we introduced in section 7.1 to separate kernel functions with

application. This time, a shared header file is used so as to avoid code duplication. The

source files are as following:

1 #include "/Developer/CUDA/common/inc/cutil.h"

2 #define DATA_SIZE 1048576 //data of 4 MB

3 #define DATA_SIZE0 655360

4 #define DATA_SIZE1 393216 //DATA_SIZE = DATA_SIZE0 + DATA_SIZE1

5 #define BLOCK_NUM 32

6 #define THREAD_NUM 256

7
8 extern "C" cudaError_t kernel_caller(int nBlocks, int nThreads , int nShared, int*

gpudata, int* result, int nSize);

Listing 7.5: The source file of doing convolution of two GPUs concurrently: header.h.
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1 /*

2 * @brief Using two GPUs concurrently for the discrete convolution.

3 * @author Deyuan Qiu

4 * @date June 28nd, 2009

5 * @file multi_gpu.cpp

6 */

7 #include <cuda_runtime.h>

8 #include <iostream>

9 #include <boost/bind.hpp>

10 #include <boost/thread/mutex.hpp>

11 #include "../GPUWorker/GPUWorker.h"

12 #include "../CTimer/CTimer.h"

13 #include "header.h"

14
15 using namespace std;

16 using namespace boost;

17
18 void GenerateNumbers(int *number0, int *number1, int size0, int size1)

19 {

20 for(int i = 0; i < size0; i++) number0[i] = rand() % 10;

21 for(int i = 0; i < size1; i++) number1[i] = rand() % 10;

22 }

23
24 int main(int argc, char **argv)

25 {

26 CUT_DEVICE_INIT(argc, argv);

27
28 //allocate host page-locked memory

29 int *data0, *data1, *sum0, *sum1;

30 CUDA_SAFE_CALL(cudaMallocHost((void**)&data0, DATA_SIZE0*sizeof(int)));

31 CUDA_SAFE_CALL(cudaMallocHost((void**)&data1, DATA_SIZE1*sizeof(int)));

32 GenerateNumbers(data0, data1, DATA_SIZE0 , DATA_SIZE1);

33 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum0, BLOCK_NUM*sizeof(int)));

34 CUDA_SAFE_CALL(cudaMallocHost((void**)&sum1, BLOCK_NUM*sizeof(int)));

35
36 //specify two GPUs

37 GPUWorker gpu0(0);

38 GPUWorker gpu1(1);

39
40 //allocate device memory

41 int *gpudata0, *gpudata1, *result0, *result1;

42 gpu0.call(bind(cudaMalloc , (void**)(&gpudata0), sizeof(int) * DATA_SIZE0));

43 gpu0.call(bind(cudaMalloc , (void**)(&result0), sizeof(int) * BLOCK_NUM));

44 gpu1.call(bind(cudaMalloc , (void**)(&gpudata1), sizeof(int) * DATA_SIZE1));

45 gpu1.call(bind(cudaMalloc , (void**)(&result1), sizeof(int) * BLOCK_NUM));

46 CTimer timer;

47
48 //transfer data to device

49 gpu0.callAsync(bind(cudaMemcpy , gpudata0 , data0, sizeof(int) * DATA_SIZE0 ,

cudaMemcpyHostToDevice));

50 gpu1.callAsync(bind(cudaMemcpy , gpudata1 , data1, sizeof(int) * DATA_SIZE1 ,

cudaMemcpyHostToDevice));

51
52 //call global functions
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53 gpu0.callAsync(bind(kernel_caller , BLOCK_NUM , THREAD_NUM , THREAD_NUM * sizeof(int)

, gpudata0 , result0, DATA_SIZE0));

54 gpu1.callAsync(bind(kernel_caller , BLOCK_NUM , THREAD_NUM , THREAD_NUM * sizeof(int)

, gpudata1 , result1, DATA_SIZE1));

55 gpu0.callAsync(bind(cudaMemcpy , sum0, result0, sizeof(int) * BLOCK_NUM ,

cudaMemcpyDeviceToHost));

56 gpu1.callAsync(bind(cudaMemcpy , sum1, result1, sizeof(int) * BLOCK_NUM ,

cudaMemcpyDeviceToHost));

57
58 //get timing result

59 gpu0.call(bind(cudaThreadSynchronize));

60 gpu1.call(bind(cudaThreadSynchronize));

61 long lTime = timer.getTime();

62 cout<<"time: "<<lTime<<endl;

63
64 //sum up on CPU

65 int final_sum0 = 0;

66 int final_sum1 = 0;

67 for (int i = 0; i < BLOCK_NUM; i++) final_sum0 += sum0[i];

68 for (int i = 0; i < BLOCK_NUM; i++) final_sum1 += sum1[i];

69 int final_sum = final_sum0 + final_sum1;

70 cout<<"sum: "<<final_sum <<endl;

71
72 //Clean up

73 gpu0.call(bind(cudaFree , result0));

74 gpu1.call(bind(cudaFree , result1));

75 gpu0.call(bind(cudaFree , gpudata0));

76 gpu1.call(bind(cudaFree , gpudata1));

77 CUDA_SAFE_CALL(cudaFreeHost(sum0));

78 CUDA_SAFE_CALL(cudaFreeHost(sum1));

79 CUDA_SAFE_CALL(cudaFreeHost(data0));

80 CUDA_SAFE_CALL(cudaFreeHost(data1));

81
82 return EXIT_SUCCESS;

83 }

Listing 7.6: The source file of doing convolution of two GPUs concurrently:

multi_gpu.cpp.

1 #include "header.h"

2
3 //The kernel implemented by a global function: called from host, executed in device.

4 extern "C" __global__ static void sumOfSquares(int *num, int* result, int nSize)

5 {

6 extern __shared__ int shared[];

7 const int tid = threadIdx.x;

8 const int bid = blockIdx.x;

9 int i;

10 shared[tid] = 0;

11 for(i = bid * THREAD_NUM + tid; i < nSize;

12 i += BLOCK_NUM * THREAD_NUM) {

13 shared[tid] += num[i] * num[i];

14 }

15
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16 __syncthreads();

17 if(tid < 128) { shared[tid] += shared[tid + 128]; }

18 __syncthreads();

19 if(tid < 64) { shared[tid] += shared[tid + 64]; }

20 __syncthreads();

21 if(tid < 32) { shared[tid] += shared[tid + 32]; }

22 __syncthreads();

23 if(tid < 16) { shared[tid] += shared[tid + 16]; }

24 __syncthreads();

25 if(tid < 8) { shared[tid] += shared[tid + 8]; }

26 __syncthreads();

27 if(tid < 4) { shared[tid] += shared[tid + 4]; }

28 __syncthreads();

29 if(tid < 2) { shared[tid] += shared[tid + 2]; }

30 __syncthreads();

31 if(tid < 1) { shared[tid] += shared[tid + 1]; }

32 __syncthreads();

33
34 if (tid == 0) result[bid] = shared[0];

35 }

36
37 extern "C" cudaError_t kernel_caller(int nBlocks, int nThreads , int nShared,

38 int* gpudata, int* result, int nSize) {

39 sumOfSquares <<<nBlocks, nThreads, nShared >>>(gpudata, result, nSize);

40 #ifdef NDEBUG

41 return cudaSuccess;

42 #else

43 cudaThreadSynchronize();

44 return cudaGetLastError();

45 #endif

46 }

Listing 7.7: The source file of doing convolution of two GPUs concurrently: kernel.cu.

Table 7.1 summarize the performance of using only one GPU and using both GPUs.

As a matter of fact, this example just shows how to use multithreading for multi-GPU

systems. The workload is not decomposed optimally. Therefore, the performance gain

of using two GPUs is not as much as expected.

Table 7.1: Performance comparison between using one GPU and two GPUs. Two
GPUs are used concurrently by multithreading.

GPU Processing Time (milliseconds)

nVidia GeForce 9400M 6.4
nVidia GeForce 9600M GT 4

using both concurrently 3.6
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7.2.3.3 Load Balance

The central problem of computing with multiple GPUs concurrently is to balance the

computational load. If the system comprises identical GPUs, the data can be evenly

divided to several parts. If the machine has a diversity of GPUs of varying capabilities,

the data are preferable to separated into sections that are proportional to the capabilities

of the GPUs.

Static work decomposition uses normally the round-robin method, which is easy to

implement and has a low overhead. However, it works poorly for diverse GPUs.

Therefore dynamic work decomposition is desirable. John Stone studied the dynamic

workload decomposition problem [Stone, 2009].

7.2.4 Multithreading in CUDA Source File

I separated the application from the kernel functions in the previous example (see

section 7.2.3.2), because the mentioned problem of compiling or linking boost with

nvcc. However, nvcc compiler has no problem with OpenMP. If you are using OpenMP

to multithread the host code, you can simply compile your complete .cu file with nvcc.

The way of doing this is to add a flag in nvcc:

--host-compilation=C+ -Xcompiler /openmp+

You can have a look in the cudaOpenMP in the CUDA SDK (for Windows) as a complete

example of using OpenMP in CUDA source file.

7.3 Emulation Mode

Must we have a CUDA-ready GPU in our system, can we compile and run CUDA

program? The answer is no. In case you have to compile and run a CUDA program

on a system that is not equipped with a nVidia graphics card, you can still use the

emulation mode of CUDA. I give an example of doing this on Linux:

1. First, you need to extract the libcuda.so library from the driver bundle by exe-

cuting the driver’s .run file with the option -extract-only.

2. Then, copy the /lib/*.so files of the driver packages to the other CUDA libraries

(/usr/local/cuda/lib).

3. Add a symbolic link: sudo ln -s libcuda.so.version_number libcuda.so.
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Then you can compile the CUDA examples with make emu=1. Use flag -deviceemu to

compile your own program with nvcc. The emulation code runs very slowly - even

slower than the code of CPU version. So using emulation mode is only for debugging.

7.4 Enabling Double-precision

nVidia GPUs of compute capability 1.3 (such as the GTX 260 and GTX 280) supports

double precision. However, CUDA by default does not support double-precision float-

ing point arithmetic, and the CUDA compiler silently converts doubles into floats inside

of kernels. If you are sure that your device supports double precision, you should add

this flag to nvcc:

--gpu-name sm_13

Please notice two points: (1) Only if you are sure your device supports double precision,

you can do this. The code compiled in this way will not run on an old GPU. (2) If you

are compiling your CUDA files through MATLAB, you need to add the –gpu-name flag

shown above to COMPFLAGS in nvmexopts.bat.

On the GTX 280 or 260, a multiprocessor has eight single-precision floating point ALUs

(one per core) but only one double-precision ALU (shared by the eight cores). Thus,

for applications whose execution time is dominated by floating point computations,

switching from single-precision to double-precision will increase runtime by a factor

of approximately eight. For applications which are memory bound, enabling double-

precision will only decrease performance by a factor of about two.3 If single-precision

is enough for your purpose, use single-precision any way.

7.5 Useful CUDA Libraries

Before you decide to implement anything, you should check whether there are already

primitives or libraries released for your purpose. CUDA is young yet improves rapidly.

New CUDA-based libraries are released every day. Some of them are general-purpose,

some of them are of specific usage (like photon mapping, biopolymers dynamics, DNA

sequence alignment, etc). I cannot enumerate all of them. The simplest way to find

your library is to google for it. Or, go to the CUDA Zone home page. In this section I

will introduce several important and stable libraries.

3https://www.cs.virginia.edu/~csadmin/wiki/index.php/CUDA_Support/Enabling_
double-precision

https://www.cs.virginia.edu/~csadmin/wiki/index.php/CUDA_Support/Enabling_double-precision
https://www.cs.virginia.edu/~csadmin/wiki/index.php/CUDA_Support/Enabling_double-precision


Chapter 7. More about CUDA 121

7.5.1 Official Libraries

nvidia has not released many CUDA libraries. The three libraries are CUTIL, CUBLAS,

CUFFT. They have been integrated into the CUDA driver.

CUTIL CUTIL is the CUDA Utility Library, which has benn heavily used by all exam-

ples in this tutorial. CUTIL provides a nicer interface for CUDA users, especially

on error detection and device initialization.

CUBLAS CUBLAS is the CUDA Basic Linear Algebra Subprograms, which can be used

for basic vector and matrix computation.

CUFFT CUFFT is CUDA Fast Fourier Transforms library.

7.5.2 Other CUDA Libraries

Since there are too much of them, I will just point out several general-purpose and

useful ones.

CUDPP CUDPP is CUDA Data Parallel Primitives Library, which is developed by

Mark Harris, John Owens and other people. It provides a couple of basic array

operations like sorting and reduction. The library is built based on the Parallel

Prefix Sum algorithm [Sengupta et al., 2007]. Since its last release in July 2008 there

is no newer version available. The project might have been put off. Homepage:

http://gpgpu.org/developer/cudpp.

Thrust Thrust is a CUDA library of parallel algorithms with an interface resembling

the C++ Standard Template Library (STL). Thrust provides a flexible high-level

interface for GPU programming that greatly enhances developer productivity.

Homepage: http://code.google.com/p/thrust/

VTKEdge VTEEdge is a library of advanced visualization and data processing tech-

niques that complement the Visualization Toolkit (VTK). It does not replace VTK

but provides additional functionalities. Homepage: http://www.vtkedge.org/.

GPULib GPULib provides a library of mathematical functions, which allows users to

access high performance computing with minimal modification to their existing

programs. By providing bindings for a number of Very High Level Languages

(VHLLs) including MATLAB and IDL, GPULib can accelerate new applications

or be incorporated into existing applications with minimal effort. Homepage:

http://www.txcorp.com/products/GPULib/index.php.

http://gpgpu.org/developer/cudpp
http://code.google.com/p/thrust/
http://www.vtkedge.org/
http://www.txcorp.com/products/GPULib/index.php
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7.5.3 CUDA Bindings and Toolboxes

There are also some CUDA bindings of other languages.

CUDA.NET CUDA.NET is an effort by GASS to provide access to CUDA function-

ality through .NET applications. Homepage: http://www.gass-ltd.co.il/en/

products/cuda.net/Releases.aspx.

PyCUDA PyCUDA lets you access Nvidia’s CUDA parallel computation API from

Python. Homepage: http://mathema.tician.de/software/pycuda.

jCUDA jCUDA provides access to CUDA for Java programmers, exploiting the full

power of GPU hardware from Java based applications. jCuda also includes

jCublas, jCufft and jCudpp. Homepage: http://www.gass-ltd.co.il/en/products/

jcuda/.

FORTRAN CUDA FORTRAN CUDA offers FORTRAN bindings for CUDA, allowing

to integrate existing FORTRAN applications with CUDA. The solution is available

currently by request. You have to send an email to GASS to get the proper version

you want. Homepage: http://www.gass-ltd.co.il/en/products/Fortran.

aspx.

jacket Jacket is a MATLAB toolbox developed by AccelerEyes, which provides high-

level interface for CUDA programing and can compile MATLAB code for CUDA-

enabled GPUs. Jacket also has a graphics toolbox providing seamless integration

of CUDA and OpenGL for visualization. Jacket’s current version is V1.1. The

company plans to release its FORTRAN compiler for GPUs from the Portland

Group in November, 2009. Homepage: http://www.accelereyes.com/.

http://www.gass-ltd.co.il/en/products/cuda.net/Releases.aspx
http://www.gass-ltd.co.il/en/products/cuda.net/Releases.aspx
http://mathema.tician.de/software/pycuda
http://www.gass-ltd.co.il/en/products/jcuda/
http://www.gass-ltd.co.il/en/products/jcuda/
http://www.gass-ltd.co.il/en/products/Fortran.aspx
http://www.gass-ltd.co.il/en/products/Fortran.aspx
http://www.accelereyes.com/


Appendix A

CPU Timer

This is a minimal CPU timer class for Unix systems (Mac OS and Linux). Time is

calculated in milliseconds.

1 /*

2 * @brief CPU timer for Unix

3 * @author Deyuan Qiu

4 * @date May 6, 2009

5 * @file timer.h

6 */

7
8 #ifndef TIMER_H_

9 #define TIMER_H_

10
11 #include <sys/time.h>

12 #include <stdlib.h>

13
14 class CTimer{

15 public:

16 CTimer(void){init();};

17
18 /*

19 * Get elapsed time from last reset()

20 * or class construction.

21 * @return The elapsed time.

22 */

23 long getTime(void);

24
25 /*

26 * Reset the timer.

27 */

28 void reset(void);

29
30 private:

31 timeval _time;

32 long _lStart;

33 long _lStop;

123
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34 void init(void);

35 };

36
37 #endif /* TIMER_H_ */

Listing A.1: CPU timer class

1 /*

2 * @brief CPU timer for Unix

3 * @author Deyuan Qiu

4 * @date May 6, 2009

5 * @file timer.cpp

6 */

7
8 #include "CTimer.h"

9
10 void CTimer::init(void){

11 _lStart = 0;

12 _lStop = 0;

13 gettimeofday(&_time, NULL);

14 _lStart = (_time.tv_sec * 1000) + (_time.tv_usec / 1000);

15 }

16
17 long CTimer::getTime(void){

18 gettimeofday(&_time, NULL);

19 _lStop = (_time.tv_sec * 1000) + (_time.tv_usec / 1000) - _lStart;

20
21 return _lStop;

22 }

23
24 void CTimer::reset(void){

25 init();

26 }

Listing A.2: CPU timer class

If you are using MS Windows. Replace the related statements with the following ones:

# include "windows . h"

SYSTEMTIME time ;
GetSystemTime(&time ) ;
WORD m i l l i s = ( time . wSeconds ∗ 1000) + time . wMilliseconds ;

Listing A.3: Modifications for CPU timer.
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Text File Reader

Here you find a simple text file reader class, needed for loading shaders in the examples

of Chapter 2 and Chapter.

1 /*

2 * @brief Text file reader

3 * @author Deyuan Qiu

4 * @date May 8, 2009

5 * @file CReader.h

6 */

7
8 #ifndef READER_CPP_

9 #define READER_CPP_

10
11 #include <stdio.h>

12 #include <stdlib.h>

13 #include <string.h>

14
15 class CReader{

16 public:

17 CReader(void){init();};

18
19 /*

20 * Read from a text file.

21 * @param The text file name.

22 * @return Content of the file.

23 */

24 char *textFileRead(char *chFileName);

25
26 private:

27 void init(void);

28 FILE *_fp;

29 char *_content;

30 int _count;

31 };

32
33 #endif /* READER_CPP_ */
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Listing B.1: Text file reader class

1 /*

2 * @brief Text file reader

3 * @author Deyuan Qiu

4 * @date May 8, 2009

5 * @file CReader.cpp

6 */

7
8 #include"CReader.h"

9
10 char* CReader::textFileRead(char *chFileName) {

11 if (chFileName != NULL) {

12 _fp = fopen(chFileName , "rt");

13 if (_fp != NULL) {

14 fseek(_fp, 0, SEEK_END);

15 _count = ftell(_fp);

16 rewind(_fp);

17 if (_count > 0) {

18 _content = (char *) malloc(sizeof(char) * (_count + 1));

19 _count = fread(_content, sizeof(char), _count, _fp);

20 _content[_count] = ’\0’;

21 }

22 fclose(_fp);

23 }

24 }

25 return _content;

26 }

27
28 void CReader::init(void){

29 _content = NULL;

30 _count = 0;

31 }

Listing B.2: Text file reader class
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System Utility

The class CSystem provides 2D, 3D array allocation and deallocation functions.

1 #ifndef CSYSTEM_H_

2 #define CSYSTEM_H_

3
4 #include <stdio.h>

5 #include <stdlib.h>

6 #include <unistd.h>

7
8 using namespace std;

9 /**

10 * @class CSystem

11 * @brief This class encapsulates system specific calls

12 * @author Stefan May

13 * @update Deyuan Qiu

14 */

15 template <class T>

16 class CSystem

17 {

18 public:

19 /**

20 * Allocation of 2D arrays

21 * @param unRows number of rows

22 * @param unCols number of columns

23 * @param aatArray data array

24 */

25 static void allocate (unsigned int unRows, unsigned int unCols, T** &aatArray);

26 /**

27 * Deallocation of 2D arrays. Pointers are set to null.

28 * @param aatArray data array

29 */

30 static void deallocate (T** &aatArray);

31 /**

32 * Allocation of 3D arrays

33 * @param unRows number of rows

34 * @param unCols number of columns

127
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35 * @param unSlices number of slices

36 * @param aaatArray data array

37 */

38 static void allocate (unsigned int unRows, unsigned int unCols, unsigned int

unSlices, T*** &aaatArray);

39 /**

40 * Deallocation of 3D arrays. Pointers are set to null.

41 * @param aaatArray data array

42 */

43 static void deallocate (T*** &aaatArray);

44 };

45
46 #include "CSystem.cpp"

47 #endif /*CSYSTEM_H_*/

Listing C.1: CSystem header file

1 //#include "CSystem.h"

2
3 template <class T>

4 void CSystem<T>::allocate (unsigned int unRows, unsigned int unCols, T** &aatArray)

5 {

6 aatArray = new T*[unRows];

7 aatArray[0] = new T[unRows*unCols];

8 for (unsigned int unRow = 1; unRow < unRows; unRow++)

9 {

10 aatArray[unRow] = &aatArray[0][unCols*unRow];

11 }

12 }

13
14 template <class T>

15 void CSystem<T>::deallocate (T**& aatArray)

16 {

17 delete[] aatArray[0];

18 delete[] aatArray;

19 aatArray = 0;

20 }

21
22 template <class T>

23 void CSystem<T>::allocate (unsigned int unRows, unsigned int unCols, unsigned int

unSlices, T*** &aaatArray)

24 {

25 aaatArray = new T**[unSlices];

26 aaatArray[0] = new T*[unSlices*unCols];

27 aaatArray[0][0] = new T[unSlices*unRows*unCols];

28 for (unsigned int unSlice = 0; unSlice < unSlices; unSlice++)

29 {

30 aaatArray[unSlice] = &aaatArray[0][unRows*unSlice];

31 for (unsigned int unRow = 0; unRow < unRows; unRow++)

32 {

33 aaatArray[unSlice][unRow] =

34 &aaatArray[0][0][unCols*(unRow+unRows*unSlice)];

35 }

36 }

37 }
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38
39 template <class T>

40 void CSystem<T>::deallocate (T***& aaatArray)

41 {

42 // fairAssert(aaatArray != NULL, "Assertion while trying to deallocate null pointer

reference");

43 delete[] aaatArray[0][0];

44 delete[] aaatArray[0];

45 delete[] aaatArray;

46 aaatArray = 0;

47 }

Listing C.2: CSystem class
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Appendix D

GPUWorker Multi-GPU Framework

GPUWorker is a class providing the interface of using CUDA on multiple GPUs con-

currently, which is released under the Highly Optimized Object-Oriented Molecular

Dynamics (HOOMD) Open Source Software License.

1 /*

2 Highly Optimized Object-Oriented Molecular Dynamics (HOOMD) Open

3 Source Software License

4 Copyright (c) 2008 Ames Laboratory Iowa State University

5 All rights reserved.

6
7 Redistribution and use of HOOMD, in source and binary forms, with or

8 without modification , are permitted , provided that the following

9 conditions are met:

10
11 * Redistributions of source code must retain the above copyright notice,

12 this list of conditions and the following disclaimer.

13
14 * Redistributions in binary form must reproduce the above copyright

15 notice, this list of conditions and the following disclaimer in the

16 documentation and/or other materials provided with the distribution.

17
18 * Neither the name of the copyright holder nor the names HOOMD’s

19 contributors may be used to endorse or promote products derived from this

20 software without specific prior written permission.

21
22 Disclaimer

23
24 THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDER AND

25 CONTRIBUTORS ‘‘AS IS’’ AND ANY EXPRESS OR IMPLIED WARRANTIES ,

26 INCLUDING , BUT NOT LIMITED TO, THE IMPLIED WARRANTIES OF MERCHANTABILITY

27 AND FITNESS FOR A PARTICULAR PURPOSE ARE DISCLAIMED.

28
29 IN NO EVENT SHALL THE COPYRIGHT HOLDER OR CONTRIBUTORS BE LIABLE

30 FOR ANY DIRECT, INDIRECT, INCIDENTAL , SPECIAL, EXEMPLARY , OR

31 CONSEQUENTIAL DAMAGES (INCLUDING , BUT NOT LIMITED TO, PROCUREMENT OF

32 SUBSTITUTE GOODS OR SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS

131
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33 INTERRUPTION) HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY , WHETHER IN

34 CONTRACT , STRICT LIABILITY , OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE)

35 ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF

36 THE POSSIBILITY OF SUCH DAMAGE.

37 */

38
39 // $Id$

40 // $URL$

41
42 /*! \file GPUWorker.h

43 \brief Defines the GPUWorker class

44 */

45
46 // only compile if USE_CUDA is enabled

47 //#ifdef USE_CUDA

48
49 #ifndef __GPUWORKER_H__

50 #define __GPUWORKER_H__

51
52 #include <deque>

53 #include <stdexcept >

54
55 #include <boost/function.hpp>

56 #include <boost/thread/thread.hpp>

57 #include <boost/thread/mutex.hpp>

58 #include <boost/thread/condition.hpp>

59 #include <boost/scoped_ptr.hpp>

60
61 #include <cuda_runtime_api.h>

62
63 //! Implements a worker thread controlling a single GPU

64 /*! CUDA requires one thread per GPU in multiple GPU code. It is not always

65 convenient to write multiple-threaded code where all threads are peers.

66 Sometimes , a master/slave approach can be the simplest and quickest to write.

67
68 GPUWorker provides the underlying worker threads that a master/slave

69 approach needs to execute on multiple GPUs. It is designed so that

70 a \b single thread can own multiple GPUWorkers , each of whom execute on

71 their own GPU. The master thread can call any CUDA function on that GPU

72 by passing a bound boost::function into call() or callAsync(). Internally , these

73 calls are executed inside the worker thread so that they all share the same

74 CUDA context.

75
76 On construction , a GPUWorker is automatically associated with a device. You

77 pass in an integer device number which is used to call cudaSetDevice()

78 in the worker thread.

79
80 After the GPUWorker is constructed , you can make calls on the GPU

81 by submitting them with call(). To queue calls, use callAsync(), but

82 please read carefully and understand the race condition warnings before

83 using callAsync(). sync() can be used to synchronize the master thread

84 with the worker thread. If any called GPU function returns an error,

85 call() (or the sync() after a callAsync()) will throw a std::runtime_error.

86
87 To share a single GPUWorker with multiple objects, use boost::shared_ptr.
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88 \code

89 boost::shared_ptr <GPUWorker > gpu(new GPUWorker(dev));

90 gpu->call(whatever...)

91 SomeClass cls(gpu);

92 // now cls can use gpu to execute in the same worker thread as everybody else

93 \endcode

94
95 \warning A single GPUWorker is intended to be used by a \b single master thread

96 (though master threads can use multiple GPUWorkers). If a single GPUWorker is

97 shared amoung multiple threads then ther \e should not be any horrible

consequences.

98 All tasks will still be exected in the order in which they

99 are recieved, but sync() becomes ill-defined (how can one synchronize with a

worker that

100 may be receiving commands from another master thread?) and consequently all

synchronous

101 calls via call() \b may not actually be synchronous leading to weird race

conditions for the

102 caller. Then againm calls via call() \b might work due to the inclusion of a mutex

lock:

103 still, multiple threads calling a single GPUWorker is an untested configuration.

104 Use at your own risk.

105
106 \note GPUWorker works in both Linux and Windows (tested with VS2005). However,

107 in Windows, you need to define BOOST_BIND_ENABLE_STDCALL in your project options

108 in order to be able to call CUDA runtime API functions with boost::bind.

109 */

110 class GPUWorker

111 {

112 public:

113 //! Creates a worker thread and ties it to a particular gpu \a dev

114 GPUWorker(int dev);

115
116 //! Destructor

117 ~GPUWorker();

118
119 //! Makes a synchronous function call executed by the worker thread

120 void call(const boost::function < cudaError_t (void) > &func);

121
122 //! Queues an asynchronous function call to be executed by the worker thread

123 void callAsync(const boost::function < cudaError_t (void) > &func);

124
125 //! Blocks the calling thread until all queued calls have been executed

126 void sync();

127
128 private:

129 //! Flag to indicate the worker thread is to exit

130 bool m_exit;

131
132 //! Flag to indicate there is work to do

133 bool m_work_to_do;

134
135 //! Error from last cuda call

136 cudaError_t m_last_error;

137
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138 //! The queue of function calls to make

139 std::deque< boost::function< cudaError_t (void) > > m_work_queue;

140
141 //! Mutex for accessing m_exit, m_work_queue , m_work_to_do , and m_last_error

142 boost::mutex m_mutex;

143
144 //! Mutex for syncing after every operation

145 boost::mutex m_call_mutex;

146
147 //! Condition variable to signal m_work_to_do = true

148 boost::condition m_cond_work_to_do;

149
150 //! Condition variable to signal m_work_to_do = false (work is complete)

151 boost::condition m_cond_work_done;

152
153 //! Thread

154 boost::scoped_ptr <boost::thread> m_thread;

155
156 //! Worker thread loop

157 void performWorkLoop();

158 };

159
160
161 //#endif

162 #endif

Listing D.1: GPUWorker header file

1 /*

2 Highly Optimized Object-Oriented Molecular Dynamics (HOOMD) Open

3 Source Software License

4 Copyright (c) 2008 Ames Laboratory Iowa State University

5 All rights reserved.

6
7 Redistribution and use of HOOMD, in source and binary forms, with or

8 without modification , are permitted , provided that the following

9 conditions are met:

10
11 * Redistributions of source code must retain the above copyright notice,

12 this list of conditions and the following disclaimer.

13
14 * Redistributions in binary form must reproduce the above copyright

15 notice, this list of conditions and the following disclaimer in the

16 documentation and/or other materials provided with the distribution.

17
18 * Neither the name of the copyright holder nor the names HOOMD’s

19 contributors may be used to endorse or promote products derived from this

20 software without specific prior written permission.

21
22 Disclaimer

23
24 THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDER AND

25 CONTRIBUTORS ‘‘AS IS’’ AND ANY EXPRESS OR IMPLIED WARRANTIES ,

26 INCLUDING , BUT NOT LIMITED TO, THE IMPLIED WARRANTIES OF MERCHANTABILITY

27 AND FITNESS FOR A PARTICULAR PURPOSE ARE DISCLAIMED.
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28
29 IN NO EVENT SHALL THE COPYRIGHT HOLDER OR CONTRIBUTORS BE LIABLE

30 FOR ANY DIRECT, INDIRECT, INCIDENTAL , SPECIAL, EXEMPLARY , OR

31 CONSEQUENTIAL DAMAGES (INCLUDING , BUT NOT LIMITED TO, PROCUREMENT OF

32 SUBSTITUTE GOODS OR SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS

33 INTERRUPTION) HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY , WHETHER IN

34 CONTRACT , STRICT LIABILITY , OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE)

35 ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF

36 THE POSSIBILITY OF SUCH DAMAGE.

37 */

38
39 // $Id$

40 // $URL$

41
42 /*! \file GPUWorker.cc

43 \brief Code the GPUWorker class

44 */

45
46 //#ifdef USE_CUDA

47
48 #include <boost/bind.hpp>

49 #include <string>

50 #include <sstream>

51 #include <iostream>

52
53 #include "GPUWorker.h"

54
55 using namespace boost;

56 using namespace std;

57
58 /*! \param dev GPU device number to be passed to cudaSetDevice()

59
60 Constructing a GPUWorker creates the worker thread and immeadiately assigns it to

61 a device with cudaSetDevice().

62 */

63 GPUWorker::GPUWorker(int dev) : m_exit(false), m_work_to_do(false), m_last_error(

cudaSuccess)

64 {

65 m_thread.reset(new thread(bind(&GPUWorker::performWorkLoop , this)));

66 call(bind(cudaSetDevice , dev));

67 }

68
69 /*! Shuts down the worker thread

70 */

71 GPUWorker::~GPUWorker()

72 {

73 // set the exit condition

74 {

75 mutex::scoped_lock lock(m_mutex);

76 m_work_to_do = true;

77 m_exit = true;

78 }

79
80 // notify the thread there is work to do

81 m_cond_work_to_do.notify_one();
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82
83 // join with the thread

84 m_thread ->join();

85 }

86
87
88 /*! \param func Function call to execute in the worker thread

89
90 call() executes a CUDA call to in a worker thread. Any function

91 with any arguments can be passed in to be queued using boost::bind.

92 Examples:

93 \code

94 gpu.call(bind(function, arg1, arg2, arg3, ...));

95 gpu.call(bind(cudaMemcpy , &h_float, d_float, sizeof(float), cudaMemcpyDeviceToHost));

96 gpu.call(bind(cudaThreadSynchronize));

97 \endcode

98 The only requirement is that the function returns a cudaError_t. Since every

99 single CUDA Runtime API function does so, you can call any Runtime API function.

100 You can call any custom functions too, as long as you return a cudaError_t

representing

101 the error of any CUDA functions called within. This is typical in kernel

102 driver functions. For example, a .cu file might contain:

103 \code

104 __global__ void kernel() { ... }

105 cudaError_t kernel_driver()

106 {

107 kernel<<<blocks, threads >>>();

108 #ifdef NDEBUG

109 return cudaSuccess;

110 #else

111 cudaThreadSynchronize();

112 return cudaGetLastError();

113 #endif

114 }

115 \endcode

116 It is recommended to just return cudaSuccess in release builds to keep the

asynchronous

117 call stream going with no cudaThreadSynchronize() overheads.

118
119 call() ensures that \a func has been executed before it returns. This is

120 desired behavior , most of the time. For calling kernels or other asynchronous

121 CUDA functions , use callAsync(), but read the warnings in it’s documentation

122 carefully and understand what you are doing. Why have callAsync() at all?

123 The original purpose for designing GPUWorker is to allow execution on

124 multiple GPUs simultaneously which can only be done with asynchronous calls.

125
126 An exception will be thrown if the CUDA call returns anything other than

127 cudaSuccess.

128 */

129 void GPUWorker::call(const boost::function < cudaError_t (void) > &func)

130 {

131 // this mutex lock is to prevent multiple threads from making

132 // simultaneous calls. Thus, they can depend on the exception

133 // thrown to exactly be the error from their call and not some

134 // race condition from another thread
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135 // making GPUWorker calls to a single GPUWorker from multiple threads

136 // still isn’t supported

137 mutex::scoped_lock lock(m_call_mutex);

138
139 // call and then sync

140 callAsync(func);

141 sync();

142 }

143
144 /*! \param func Function to execute inside the worker thread

145
146 callAsync is like call(), but returns immeadiately after entering \a func into

the queue.

147 The worker thread will eventually get around to running it. Multiple contiguous

148 calls to callAsync() will result in potentially many function calls

149 being queued before any run.

150
151 \warning There are many potential race conditions when using callAsync().

152 For instance, consider the following calls:

153 \code

154 gpu.callAsync(bind(cudaMalloc(&d_array, n_bytes)));

155 gpu.callAsync(bind(cudaMemcpy(d_array, h_array, n_bytes, cudaMemcpyHostToDevice)));

156 \endcode

157 In this code sequence , the memcpy async call may be created before d_array is

assigned

158 by the malloc call leading to an invalid d_array in the memcpy. Similar race

conditions

159 can show up with device to host memcpys. These types of race conditions can be

very hard to

160 debug, so use callAsync() with caution. Primarily , callAsync() should only be used

to call

161 cuda functions that are asynchronous normally. If you must use callAsync() on a

synchronous

162 cuda function (one valid use is doing a memcpy to/from 2 GPUs simultaneously), be

163 \b absolutely sure to call sync() before attempting to use the results of the call

.

164 */

165 void GPUWorker::callAsync(const boost::function < cudaError_t (void) > &func)

166 {

167 // add the function object to the queue

168 {

169 mutex::scoped_lock lock(m_mutex);

170 m_work_queue.push_back(func);

171 m_work_to_do = true;

172 }

173
174 // notify the threads there is work to do

175 m_cond_work_to_do.notify_one();

176 }

177
178 /*! Call sync() to synchronize the master thread with the worker thread.

179 After a call to sync() returns, it is guarunteed that all previous

180 queued calls (via callAsync()) have been called in the worker thread.

181
182 \note Since many CUDA calls are asynchronous , a call to sync() does not
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183 necessarily mean that all calls have completed on the GPU. To ensure this,

184 one must call() cudaThreadSynchronize():

185 \code

186 gpu.call(bind(cudaThreadSynchronize));

187 \endcode

188
189 sync() will throw an exception if any of the queued calls resulted in

190 a return value not equal to cudaSuccess.

191 */

192 void GPUWorker::sync()

193 {

194 // wait on the work done signal

195 mutex::scoped_lock lock(m_mutex);

196 while (m_work_to_do)

197 m_cond_work_done.wait(lock);

198
199 // if there was an error

200 if (m_last_error != cudaSuccess)

201 {

202 // build the exception

203 runtime_error error("CUDA Error: " + string(cudaGetErrorString(m_last_error)))

;

204
205 // reset the error value so that it doesn’t propagate to continued calls

206 m_last_error = cudaSuccess;

207
208 // throw

209 throw(error);

210 }

211 }

212
213 /*! \internal

214 The worker thread spawns a loop that continusously checks the condition variable

215 m_cond_work_to_do. As soon as it is signaled that there is work to do with

216 m_work_to_do , it processes all queued calls. After all calls are made,

217 m_work_to_do is set to false and m_cond_work_done is notified for anyone

218 interested (namely, sync()). During the work, m_exit is also checked. If m_exit

219 is true, then the worker thread exits.

220 */

221 void GPUWorker::performWorkLoop()

222 {

223 bool working = true;

224
225 // temporary queue to ping-pong with the m_work_queue

226 // this is done so that jobs can be added to m_work_queue while

227 // the worker thread is emptying pong_queue

228 deque< boost::function< cudaError_t (void) > > pong_queue;

229
230 while (working)

231 {

232 // aquire the lock and wait until there is work to do

233 {

234 mutex::scoped_lock lock(m_mutex);

235 while (!m_work_to_do)

236 m_cond_work_to_do.wait(lock);
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237
238 // check for the exit condition

239 if (m_exit)

240 working = false;

241
242 // ping-pong the queues

243 pong_queue.swap(m_work_queue);

244 }

245
246 // track any error that occurs in this queue

247 cudaError_t error = cudaSuccess;

248
249 // execute any functions in the queue

250 while (!pong_queue.empty())

251 {

252 cudaError_t tmp_error = pong_queue.front()();

253
254 // update error only if it is cudaSuccess

255 // this is done so that any error that occurs will propagate through

256 // to the next sync()

257 if (error == cudaSuccess)

258 error = tmp_error;

259
260 pong_queue.pop_front();

261 }

262
263 // reaquire the lock so we can update m_last_error and

264 // notify that we are done

265 {

266 mutex::scoped_lock lock(m_mutex);

267
268 // update m_last_error only if it is cudaSuccess

269 // this is done so that any error that occurs will propagate through

270 // to the next sync()

271 if (m_last_error == cudaSuccess)

272 m_last_error = error;

273
274 // notify that we have emptied the queue, but only if the queue is

actually empty

275 // (call_async() may have added something to the queue while we were

executing above)

276 if (m_work_queue.empty())

277 {

278 m_work_to_do = false;

279 m_cond_work_done.notify_all();

280 }

281 }

282 }

283 }

284
285 //#endif

Listing D.2: GPUWorker source file
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