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Abstract

Data-parallel primitives play a significant role in a large number of applications using
parallel architecture devices. One of the commonly used devices is GPU(graphical
processing unit). GPUs are used from the 1970s, but the term GPU was popularized
in 1999. These GPUs are used in many modern-day applications as they are more
efficient than general-purpose CPUs(central processing unit). The parallel structure
makes them more useful. So with development in parallel architecture devices, the
pivot on utilizing the capacity of parallel devices became crucial. In the process, many
methods are introduced for optimizing the parallel devices, and one of them is scan.
The first naive scan was introduced by Hillis and Steele, which is not efficient, so in
further years, blelloch introduced an efficient work scan. The efficient work scan is
extended for solving many similar tasks as one task called blelloch segmented scan.
The blelloch scan cannot solve the tasks which can be solved by other methods like the
sparse matrix method, which uses fewer data storage compared to the blelloch scan. In
this paper, we implemented a blelloch segmented scan and used a sparse matrix method
to generate the blelloch segmented scan output on GPU using OpenCL API, and we
evaluated them for small data sets. From the evaluation results, we found that both the
methods are taking the same runtime for executing the same kind of data. So we have
developed an equivalent method (sparse matrix segmented scan)to blelloch segmented
scan. In the future, by using workgroups, we can get better results as we are getting
the same results for one thread block.
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1. Introduction

The GPUs are one of the most import parts of the computing machines in the modern
world due to its parallel architecture. These powerful devices are used for large and
difficult computational tasks. Initially, GPUs are used for graphics applications, where
the same kind of work can be done many times individually. Nowadays, GPUs are used
for running many general-purpose applications(GPGPU). From many years CUDA and
OpenCL are famous in GPU programming. CUDA is designed by NVIDIA, and it
is a closed source language that runs only on the Nvidia platform. OpenCL is an
open-source language that can run on any platform like AMD, Intel, and Nvidia also.
OpenCL was designed by Apple, and later it was taken by the Khronos group.

Due to the development of parallel computer architecture, the programming of software
has developed from sequential to parallel. The parallel programming can run the code on
both CPUs and GPUs. There are many algorithms developed for parallel programming
as the applications based on parallel computing increased.

The scan algorithm is one of the basic algorithms for parallel programming, which is
also called as prefix sum [4]. The scan was suggested by Iverson in the mid-1950s
as operations for the APL language. A parallel version of scans was later suggested
by stone. A scan is used for many applications like radix sort, quick sort, removing
elements, etc. [B]. The scan operations are so useful in the practical world that they
are assigned as primitive instructions. A scan is of two types inclusive scan and exclusive
scan, which are explained in detailed in further chapters.

In scans, there are different algorithms which are efficient than basic scan and one of
them is Blelloch scan, in which the processing of task is split into two phases, i.e.,
upsweep phase and down sweep phase [4]. The scan can be used for solving multiple
tasks all at once, which have the same instructions. This is done by combing the
individual tasks and splitting them after the process is done, and the individual results
are collected. This process of scan is called a segmented scan [6].
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A sparse matrix is also one of the efficient algorithms used for the optimization of
problems [7]. The sparse matrix optimizes the task data and uses less space for storage.
There are different formats to store the sparse matrix in a database like CSR format,
COO format, etc., which we see in further chapters.

1.1 Aim of the thesis

The goal of the thesis is:

e To implement the blelloch segmented scan using a sparse matrix storage method,
i.e., CSR format on GPU.

e To evaluate the blelloch segmented scan and sparse matrix method by taking run
time and segment length.

1.2 Structure of the thesis

The remaining structure of the thesis as follows:

e Chapter 2 introduces the basics of parallel programming, the difference between
CPU and GPU and also gives the terminology of OpenCL.

e Chapter 3, we discuss the scan and parallelization of the scan, blelloch scan

e Chapter 4 introduces the segmented scan and implementation of blelloch seg-
mented scan.

e Chapter 5 introduces the sparse matrix, the storage formats, and the implemen-
tation of a segmented scan using a sparse matrix.

e Chapter 6, we evaluate the blelloch segmented scan and sparse matrix segmented
scan by plotting graphs.

e Chapter 7, we discuss the results and conclude the thesis.



2. Background

The procedure of solving large problems by breaking them into smaller pieces and
running these problems at the same period of time is called parallel computing. The
present world has run into parallel that all the machines are using highly parallel de-
vices. The modern parallel devices have thousands of ALUs that run the thousands of
arithmetic operations simultaneously, thousands of processors that each can run a piece
of the problem in parallel and tens of thousands of threads where each piece of work
is a thread. All these futures help us to solve our problems faster but utilizing all the
computing power at the same time in parallel needs a different way of programming
than programming a single scalar program. This type of programming is called parallel
programming.

CPU

ALU

Input Unit j—— H 1; [, >t Output Unit

Control Unit

I v

Main Memory

Figure 2.1: CPU block diagram
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2.1 Parallel Programming

In any computer, the instructions of a program are stored in the hard drive, and when
you execute the program, the instructions from hard drive are moved to RAM then
the computing unit takes the input and processes the data and gives the output. The
basic model is shown in Regardless of the size of the input or the number
of instructions the computing unit executes one instruction at a time sequentially but,
computers can run multiple applications simultaneously even it is a single-core processor
because of the concept process. [§].

A process is a state of a program that is being executed, and data of the state is stored,
which is called context [9]. Context holds the state of an execution process [10] and
executes one process for a certain period and stops the process and executes the next
process for another amount of time. This loop shifts from one process to another process
during execution called context switching [§]. Each process has a main thread, which
is the entry point of the process. If different tasks are running on a single processor at
the same time, we call it as concurrency. The modern CPUs have multiple cores with
multiple threads that can execute multiple instructions without context. This type of
execution process is called parallel processing or parallel computing. Concurrency and
parallel computing are similar because both run programs simultaneously in the soft-
ware level, but when you go for hardware-level, the parallel code runs in a sequence
if the system doesn’t have enough cores which are not useful for improving the per-
formance of the system. Concurrency can also happen in some parallel programming.
Concurrency and parallel computing process is shown in [Figure 2.2 and [Figure 2.3|

process 1 —

process 2 — (\ rocessor
N

Figure 2.2: concurrency

To benefit from parallel computing, we need multiple core system, although modern
computers are multi-core they do not have thousands of cores, which is not efficient.
To overcome this, we use GPUs. The GPUs(graphical processing unit) are designed to
address the demand for high-resolution graphics. So GPUs are built differently than
standard CPUs.
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process 1
processor

process 2
processor

process 3
— processor

Figure 2.3: parallel computing

2.2 CPUs and GPUs
CPU GPU

MULTIPLE THOUSARMDS OF
CORES CORES

Figure 2.4: Core diagram

2.2.1 CPU

CPU (central processing unit) has a very little number of computing cores. The CPU
showed in [Figure 2.4 has only 6 cores. These cores have advanced optimization hardware
like branch predictors and multilevel caches. In CPU, context switching is done by
software.

2.2.2 GPU

GPUs are built with thousands of computing cores, as shown in [Figure 2.4] these
cores accommodate thousands of instructions at once. These cores do not have branch
predictors and have less clock speed compared to CPU. As GPUs have thousands of
cores, we call it massively parallel architecture. In GPU context-switching is done by
hardware.
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2.3 Real-World Example

For a better understanding of parallel programming, we take a real-world example of
building a house. For building a house, there will be many tasks like planning, foun-
dation laying, building walls, roofing, wiring, painting, furnishing gardening. In these
tasks, planning and foundation laying need to be done in sequence but the other tasks
can be done simultaneously. For example, some workers can work on building sidewalls,
and some can work on wiring, some on painting. So to complete any task, certain things
should be done in sequential order, and some tasks can be done simultaneously/paral-
lelly. The same process runs in computer tasks so better performance can be achieved
in the combination of CPUs and GPUs. The capacity of both CPU and GPUs can be
utilized by programming with parallelism concepts. There are two types of parallelism

[11].
2.3.1 Task-level parallelism

Assigning different threads to perform a different task or different task on the same or
different data is called task-level parallelism [T1]. In the real world example if we assign
multiple workers for different tasks, as shown in is task-level parallelism. For

Figure 2.5: Task-level parallelism

better understanding consider an array of 'n’ elements, and if we want to calculate the
maximum value, minimum value, average value and sum of all numbers of the array
than we call the array of n elements for every task which means we are accessing same
data four different times. This kind of process, using the same data several times for
different tasks is task-level parallelism.

2.3.2 Data-level parallelism

Assigning different threads to perform the same task on different data is called data-
level parallelism [I1]. In the real world example if we assign multiple workers for the
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same task as shown in is data-level parallelism. For better understanding,

..
..

Figure 2.6: Data-level parallelism

consider four different arrays are having a different kind of elements stored in them and
if we need the maximum value of each array. We do the same task on different data
arrays. This kind of process, doing the same task on different data sets is data-level
parallelism.

2.4 Supercomputers

The development of GPUs and parallel computing led to the generation of supercom-
puters [12]. Supercomputers are the machines which are integrated with high com-
patible CPUs and a large number of GPUs which gives high performance compared to
general-purpose computers [I3]. Supercomputers are used in many fields like biomedical
research, genetic research, physics simulations, aerospace simulation, etc. [I4]. Mainly
these fields because these fields need faster results and the data, attributes, and vari-
ables that to be calculated are more. For example, if we consider a rocket launch, we
need to have accurate results because a small point can make a difference of thousands
of miles in space. Some of the fastest computers in the world are the summit, Sierra,
Sunway TaihuLight, etc. [15].

The system which works on different platforms is called a heterogeneous system [16], [17].
There are many devices that have multiple combinations of different processors like
GPUs, CPUs, FPGAs, etc. To run a program across these platforms there are different
interface frameworks like OpenCL [2], CUDA [18] etc.exi[19].
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2.5 OpenCL

OpenCL (open computing language) is a framework which facilitates parallel program-
ming [20]. Khronos group enumerated OpenCL [21]. The hardware like Nvidia, AMD,
Intel, etc. provides the SDK files with inbuilt header files and libraries which accommo-
date the OpenCL implementations. For writing OpenCL code for GPU devices, there
are separate kernels which are included in the application called as the host application.
OpenCL implementations use the host applications to communicate with in the system.
The implementation of any OpenCL code starts by selecting the device platform like
AMD, Nvidia, etc. which support the OpenCL drivers. For executing the instructions
on a device, a context is needed which allocates the temporary storage space for differ-
ent OpenCL objects such as buffers, kernels, command queue instructions which run on
the Device. For compiling the program on the Device, the main code is sent to OpenCL
drivers then the Kernel in the program is launched. A kernel is a function that returns
void, and as a normal function, we can also give parameters to the kernel function. It
is initialized by using the attribute __kernel. For transferring the data to the Kernel
and collecting the results from the Kernel after data execution, we use buffer objects
which are enqueued in the command queue, which gives access to the Kernel for reading
and writing the data. A pointer variable can access buffers if the Buffer is set as an
argument to the Kernel. OpenCL is a heterogeneous computing programming language
run on CPUs, GPUs and Accelerator devices. It is used for processing a large amount
of data for the best performance. It facilitates the programming languages based on
C99 and C++11. The modules that make Opencl to work on all devices are:

SDK

The tools and resources required to write a program using OpenCL are placed in the
SDK(software development kit). There are different SDKs for different hardware de-
vices. For example, Nvidia’s SDK called a CUDA Tool kit contains header files and
libraries that link the basic programming languages to OpenCL, and some devices even
provide the sample codes in SDK. So SDK has every tool required for writing and exe-
cuting the program.

API

The application programming interface(API) assures that all devices are capable of
implementing Opencl and is defined by the Khronos Group. This API provides C
header files required for a software developer, and this API set can be obtained from
the Khronos website. Khronos later extended header files to C++ and other existing
languages, but they are not controlled by Khronos. The class diagram of OpenCL spec-

ified by Khronos group is shown in

OpenCL C
OpenCL C language is used to write kernels in an individual source file. These files are
read by applications during runtime and transferred to the compiler where the kernel
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[y

Platform

x| Command Queue 0'--%* Event

.1_* 0_-..-.1* -

; : lg' *
Device ID 1 Context 1
1

* a=|

Program | MemObject
{abstract} *
1 Sampler
X 5
Kernel | |
Buffer Image

Figure 2.7: OpenCL class diagram. [I]

code is changed into binary. These kernels can have any number of functions, but it
should have a minimum of one function which is the entry point to the Kernel and
identified by __kernel.

Driver

In any computer, the communication between the operating system and the hardware
devices is done by a bunch of files called drivers. So to implement OpenCL and commu-
nicate between functions. There is a driver called OpenCLs core which compiles kernels
and communicates. Every Device has there own drivers provided by there respective
hardware developing companies.

Platform

The SDK is installed on the system or computer (The combination of devices, context,
and queue). In the modern world, every computer has a minimum of a CPU and GPU,
and many GPUs are produced by different companies like Nvidia, AMD, Intel, etc.
These have different OpenCL implementations that are handled by the platform. The
software programmer can get the information of the number of platforms in a system
by using the function clGetPlatformIDs and also the number of devices and device
properties can be obtained by using the functions c1GetDeviceIDs and clGetDevice-
Info respectively.
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OpenCL setup

Before the execution of kernels on the Device, we need to set up memory buffers, which
allocates required storage space for input and output data. This is done by context
which is created using function clCreateContext. In this context, we can also set
the properties. As context holds the data, we use one more command called command
queue, which requests the actions from the Device. After all the requests are completed,
we use another function cl1finish, which synchronizes the data on the Device.

Device: The processor or hardware cores on which OpenCL runs like CPU, GPU,
FPGA, etc.

Kernel: The function that does the work on Device and It is single instruction multiple
data execution [22].

Command queue: Sends the commands to the Device from the host to execute
instructions.

Buffer: Allocated memory space on a device is a buffer. These are created by call-
ing clCreateBuffer function from the host. The memory transfer between the host
and device can be done by using buffer functions clEnqueueReadBuffer and clEn-
queueWriteBuffer.

Kernel creation and execution

Once the OpenCL environment is set up, the next step is to execute the device code.
OpenCL code is written in the source file as normal code, but during runtime, the appli-
cation reads the source file and sends it to c1CreateProgramWithSource function. This
program is built on the available devices on the system using c1Build function. Once
the program is built, then the kernels are created by using c1CreateKernel function.
A kernel is a normal function that can be executed on a parallel architecture device.
To execute the Kernel the user/programmer has to define the size of the task called
NDRange(n-dimensional range) which is the size of input or output.

Barrier It acts as a bridge between workgroups. Every work item in a workgroup
executes barrier function before interacting with other workgroups behind the barrier.
It mainly helps while using if conditions and for loop conditions. In OpenCL barrier
function is used by calling the barrier function with parameters CLK_LOCAL_MEM_FENCE
and CLK_GLOBAL_MEM_FENCE while using local memory and global memory respectively
[20]. For example, we are adding three numbers say 4, 8, and 16. In the first step, a
work item adds 4 and 8 and stores the result in the previous index of 8. So, 4 + 8
= 12 is stored in place of 8. In the second step, another work item takes this 12 and
adds to 16, i.e., equal to 28 and stores the result in place of 16. If we do not put the
barrier between the first and second steps then in the second step the work item takes
the initial value of the 1st index, i.e., 8 and adds it to 16 which gives the wrong result
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of 24. So, in any parallel programming, the barrier function needs to be placed where
ever needed to get the output.

Memory :

OpenCL standardized a memory model that suits the OpenCL API. So that all the
companies that are manufacturing the parallel devices can follow the standard pattern.
The specified model is shown in There are different parts of the memory
model. They are:

Private Private Private Private
Memory Memory Memory Memory

Work-Item Work-Item Work-Ttem Work-Ttem

Local Memory Local Memory

Workgroup Workgroup

Global/Constant Memary

Compute Device

Host Memory

Figure 2.8: Memory model. [2]

e Compute unit The combination of local memory and work group.

e Global/Constant memory The largest memory in the device is global memory.
This memory is used for copying data into and from the device. Inside a kernel,
every variable directing to global memory has to be added with __global attribute
at stating point. The buffers are issued in this memory. The constant memory
is a part of global memory which stores the data that can only be read but not
modified. Every variable directing to constant memory has to be added with
__constant attribute at staring of the variable in a kernel.

e Local memory The memory of a single compute unit. This memory is also called
shared memory as the memory is shared between work items in a workgroup.
Local memory can be considered as a cache of global memory which is accessed
faster. The variables directing to local memory have to be added with __local
attribute in a kernel. Local memory stores the data required for work items in a
workgroup.
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S.NO OpenCL CUDA
1 Work item Thread
2 work group Thread block
3 private memory | local memory
4 local memory | shared memory
5 process element CUDA core
6 compute unit multiprocesser

Table 2.1: Difference between OpenCL and CUDA

e Private memory The memory of the individual work item. The data stored in
the private memory of a work item cannot be seen by the other work items.

e Host memory The memory of CPU. In this memory, all the data and results
are stored, and the data needed for devices are transferred from here.

Most of the above-mentioned OpenCL terms and memory patterns are similar for
CUDA, but there is some difference in terminology [23] that are shown in [Table 2.1]

The other differences are :

1. CUDA is built only for NVIDIA platform and it is a closed source working only
on NVIDIA devices whereas OpenCL is open-source and can work on all platforms.

2. In CUDA the device is GPU so it launches GPU directly whereas in OpenCL the
device can also be CPU and it is chosen and launched by the user.

CUDA has built-in libraries, and it runs faster than OpenCL, but in this paper, we use
OpenCL because it is compatible with all devices. The steps in OpenCL programming
[24] are :

Initialize data from CPU.

Transfer data from CPU context to GPU context.

Launch the kernel with block dimensions.

Transfer results back to CPU from GPU.

Free the memory allocated.

U o=

Every OpenCL code has a sequential code and a parallel code. When we write the
code, there will be two main parts of code:

1. Host code
The sequential code runs on the CPU. The code which runs on CPU is called the host
code. The kernel launch is also done by the host code.
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2. Device code
The parallel code runs on the GPU. The code which runs on GPU is called device code.

The difference between the sequential code and parallel code is mainly allocating more
number of work items for a task in place of the loop So that the execution time is faster
than sequential execution time. For example, consider the addition of two vectors of

length 'n’. The difference in the code is shown in [Figure 2.9

Serial code Parallel OpenCL code

void

) kernel void
mul(const int n, —

. mul(__global const float *a,
const float &, __global const float *b,
const float *b, —global float *c)

float *c) {
i{m i. intid = get_global_id(0);
for Ei =0;i<n; i++) f[ld] = afid] * biid];

cli] = a[i] * b[i];
}

Figure 2.9: comparison of serial and parallel code

In sequential code and in the loop runs 'n’ times which means a single work
item executes 'n’ times. If we consider the time taken for running the loop once is one
second, then the total time taken is 'n’ seconds. But for the parallel code, we assign 'n’
work items. So all the 'n” work items work together and give the output in one second
as shown in |[Figure 2.10| which is 'n’ times faster. In the process of making efficient use
of work items, the sequential code algorithms are modified for parallel programming,
and one of them is scan.
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a[0]

a[1]

al2]

a[n]

- b[O]
+ b[1]
+ b[2]
+ bin]

c[0]

c[1]

cl2]

c[n]

Figure 2.10: Parallel execution with n work items

h 4

Data

v

Load a[i]

!

Load bJ[i]

}
\ a[i] + b[i] /

store c[i]

h 4

End

Figure 2.11: Flow chart for sequential execution
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2.6 Scan

Scan is the prefix sum of an array. If you take a set of data elements [a0,al,a2,a3, .

] with binary function @ and apply prefix sum scan, exclusive scan output will be
[i,a0,a0dal,a0dalda2, . . .| and inclusive scan output will be [a0,a0®al,a0dal®a2, .
. .] [4]. Here ’i’ is the identity element. The identity element will be set to zero if @ is
addition and it will be one for multiplication [25]. In exclusive scan, each element is the
result of the reduction of all elements up to but does not include current element itself
in the input array. In inclusive scan, all elements are summed including current element.

For example: If @ is addition, then the prefix sum(Scan) operation
on the array [1 2 3 4 5] would return

exclusive scan [0 1 3 6 10]

inclusive scan [1 3 6 10 15]

To perform the scan, the binary operator & should be associate i.e abb = bda.
For example consider a = 2, b = 4 then

1. 2+ 4 =4+ 2 '+ is associative.

2. 2% 4 =4%2 " is associative but,

3.2/41=4/2 /) is not associative.

In the next chapter, we see the evolution and related work of scans.
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3. Types of Scan

In this chapter, we see the progression of scans, how scans have become efficient, and
also we discuss some of the scan methods in detail. The basic types of scan are sequential
scan and parallel scan.

3.1 Sequential Scan

In a sequential scan, the first element of the input array will be the first element of the
output array and the second element of the output is the sum of first output element
and the second input element than on loop continues until the last element of the input
array. For example, consider an array consisting of one to eight numbers. The process of
execution goes by adding one number to the other in sequence, as shown in [Figure 3.1]

To compute the result of an array of length eight, it took eight steps. So to reduce
the steps, we parallelize the scan based on Hillis and Steele algorithm [26] i.e., Naive
Parallel Scan.

3.2 Parallel Scan

Until now, we have seen the scans which use single work item for executing the task
but from now we employ more work items by parallelizing the scans.

3.2.1 Naive Parallel Scan

Naive Parallel Scan [3], in this scan in the first step, we add the adjacent elements and
store them in an array. In the second step, we add the adjacent element of adjacent
elements by considering the offset equal to one. i.e., now the offset is two, and this

process is done until the final result is obtained. The example is shown in [Figure 3.2]
In this example, the length of the array is eight, and the number of steps taken to
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|1|3‘6|10‘15|21|23‘36| n=8

Figure 3.1: The sequential scan

compute is three. So to compute 2" elements, it takes 'n’ steps. So the step complexity
of Naive Parallel Scan is O(log n). The efficiency of any scan is mainly determined by
work complexity and step complexity.

Step complexity : The number of steps taken to execute a task is called step com-
plexity.

Work complexity : The number of operations done in executing a task is called work
complexity.

In the naive parallel scan, the step complexity is less compared to the sequential scan.
But the work complexity is more. In the example an array of eight elements it made
24 operations which is not efficient. When the data is large, there will be a conflict
between the synchronization of work items [3]. To overcome this Blelloch proposed a
scan called as reduce/down-sweep scan or Blelloch scan.

3.2.2 Blelloch Scan

Blelloch scan is also known as reduce and down sweep scan. In this, the scan of n
elements has two phases reduce phase and down-sweep phase. Each phase undergoes
log(n) parallel steps with an overall work complexity O(n) [4]. The algorithms for both
phases are shown below. The figure of the reduce algorithm is and the figure
of the down-sweep phase is [25]. A binary tree that has n leaves has logan
levels, and each level has 2¢ nodes and ’d’ is the depth of the level. If you perform one
add per node, then we perform O(n) adds on a single phase of the tree. We use the
up-sweep phase to calculate the intermediate sums of the input array.
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Figure 3.2: The Naive Parallel scan
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Figure 3.3: The reduce (up-sweep) phase scan. [3]

Algorithm 1 Reduce Phase [3]

1: for d=0 to log,n — 1 do
for all k=0 to n-1 by 2¢*! in parallel do
zlk + 29 — 1] + [k + 2% — 1] + z[k + 2471 — 1]

2:
3:
4:

end for

5. end for




20 3. Types of Scan

In the reduction phase, we take the input array and put in the bottom as shown in the
and perform iterations upwards. Elements in the initial stage(d=3) called
leaves. The purpose of the reduction phase is to find out the total sum of the elements
in the array. After the reduction phase is completed we have the sum of all elements
in the final index element of the array, we call this element as a root node. In the
first iteration(d=2) we sum up two leaves, ith and (i-1)the leaf i.e two odd indices in
the array. After the first iteration is completed we have the summation of the first
two elements in index one and the element in index three is the sum of index 2 and 3
and so on. In the second iteration(d=1) the indices which have 4n-1 will perform the
operation. For example, if n=1 then 4n-1 is equal to 3 so the third index will have
the summation of indices 3 and 1 from the previous step. In the third iteration indices
with 8n-1 will perform as we have only eight elements in the shown figure the reduction
phase is completed. Now, we have the summation of all elements in the last index.
Every element used for calculating the intermediate result is the child of that node.
Now, we go for the down-sweep phase.

Algorithm 2 The down-sweep Phase[3]
1: X[n - 1] 0
2: for d = logyn — 1 down to 0 do

3:  for all k=0 to n-1 by 2¢*! in parallel do
4 t « x[k +2¢ 1]
5 z[k + 2% — 1] « z[k + 241 — 1]
6: wlk + 29 — 1]« ¢ + xlk + 2471 — 1]
7. end for
8: end for
Xo [Z(Gox)| X | Z(Xe-X3)| Xy |EZ(XeXs)| Xg |Z(Xo-X7)
|
d=0 X0 |Z(Xo.X1)| Xp |Z(X0-X3)| X4 |Z(XaXs)| Xg 0
',/" K
=1 % |2ex)| X 0 Xs |Bexs)| Xe |D(x0.x5)
- 4 v v
=2 | %, 0 X, |Z(ox1)| Xg |B(Kexs)| Xg |E(xo.xs)
/ y
5 | Sl [ Sl %
a=3 0 Xp | Z(X0--X1) | 2(Xp.-X2) | Z(Xo.-X3) | E(Xo. X4) | E(Xo..X5) | Z(Xp..Xs)

Figure 3.4: The down-sweep phase scan[3]
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In down sweep scan, we take the output array from the reduce phase and initialize the
root element to zero then In the first iteration we pass the root element to its left child
and set the root right child to the sum of the root element and the value of a left child in
the previous step. For the second iteration, we have to do the first iteration process for
two indices, as shown in [Figure 3.4(d=2). In the third iteration, we repeat the process
for four indices. This is where the down sweep scan ends. Now, we get the results of the
scan. These are for an exclusive scan, to make it inclusive, we remove the first element
and add one more element at the end of the array.

X0 |X(xo-xp)| X2 |X(x0-x3)| X4 |X(x4.x5)| X§ |X(X0..X7)

—

X0 |Seo-x)| X2 |Sxoxs)| X4 |[T(xo.xs)| Xg  [Tlxg-x7)

X0 | Z(Xg--x1)| X(x0--X2) | XX X3)| X(X0--Xg) | X(X0--X5) | X(Xg--X6) | L(X0---X7)

Figure 3.5: The down-sweep inclusive scan

The inclusive scan also has reduce phase and down-sweep phase. The algorithm for
reduce phase is the same as exclusive, but the down-sweep phase is different from the
exclusive scan. As the reduction phase is equal, we take the output of the exclusive
reduction phase and proceed for the down-sweep inclusive scan. In the first iteration,
we add the elements which are two offset’s away from each other. In the next iteration,
we add the elements which are away from half of the previous offset. Now, we have the
final inclusive prefix sum of every element.
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4. Segmented scan

In some applications, we deal with many small scans rather than a large scan. In this
case, it is not efficient to launch a kernel for every small scan. So we combine the small
scans to form a large scan as segments. The segments are identified by the second array;,
which is called a flag vector or flag array. Flag vector stores the starting element of the
segment as one and the remaining elements as Zero. Now the kernel is launched after
the execution is done. The results are split as individual segments with the help of the
second array. This type of scan is called a segmented scan [6]. For example:

VAL=(51343926)
FLAG=(10100010)
Inclusive-scan(VAL,FLAG) = (56 3 7 10 19 2 8)

The segmented scan is efficient than individual scans because it reduces the step com-
plexity. For example, if we have m arrays, each of which has n numbers. Independently
Scanning them takes O(m log n) step complexity. If you put them into a single array
with m*n numbers and do a segmented scan, it takes only O(log(m*n)) step complexity.
The segmented scan is also used in computer graphics, as it mainly works on matrix
multiplication [27], machine learning. In machine learning, most methods depend on
matrix operations [28]. Many engineering applications use the matrix to store data
mainly in the sparse matrix.

Consider an input array of 'n’ elements that produce an output of 'n’ elements then
the work complexity is equal to the number of operations done to get output from the
input including copying the element and step complexity is the number of steps took to
get the output. The step complexity and work complexity of different scans are shown

in [Table 4.11



24 4. Segmented scan

Type of scan | Work complexity Step complexity
Sequential scan O(n) O(n)

Parallel scan O(n log n) O(log n) [considering there are n processors|
Segmented scan O(n log n) O(log n) [considering there are n processors|

Table 4.1: work and step complexity

4.1 Implementation setup

The implementation results are generated on Intel(R) Core(TM) i5-2500 CPU with
3.30GHz and the 64-bit processor. The operating system we used is Ubuntu 16.04
version. We used the GCC compiler to compile the code and NVIDIA GPU. The

properties of GPU we used are shown in

NVIDIA Corporation GK107 [GeForce GT 640] (rev al) (prog-if 00 [VGA controller])
Flags: bus master, fast devsel, latency 0, IRQ 36

Memory at fa000000 (32-bit, non-prefetchable) [size=16M]

Memory at cO000000 (64-hit, prefetchable) [size=256M]

Memory at d0000000 (64-bit, prefetchable) [size=32M)]

I/O ports at e000 [size=128]

[virtual] Expansion ROM at fb000000 [disabled] [size=512K]
Capabilities: <access denied>
Kernel driver in use: nvidia

Kernel modules: nvidiafh, nouveau, nvidia_ 384 drm, nvidia_384

Figure 4.1: Specifications of GPU

4.2 Implementation of Blelloch segmented scan

The segment scan algorithm has a slight change from scan due to the addition of the
flag vector, which identifies each segment or individual input array. The segment scan
algorithms are Algorithm [3] and Algorithm [4]

Segmented scan implementation differs from scan implementation as the algorithms
differ[4]. For example, consider an array of eight numbers that have three sets of seg-
ments (1,2), (3,4), (5,6,7,8). In segmented scan implementation, segments are denoted
by a head flag vector which is in equal size of the input vector.



4.2. Implementation of Blelloch segmented scan 25

Algorithm 3 Reduce Phase of Segmented scan[3]
1: for d=1 to log,n — 1 do

2. for all k=0 to n-1 by 2%*! in parallel do

3 if flk+2¢t1 — 1] is not set then

4 zlk + 27 — 1] « z[k + 27 — 1] + z[k + 29 — 1]
5: flk+ 2% — 1] « flk + 2% — 1]|f[k + 241 — 1]
6: end for

7: end for

inputarray’1‘2‘3\4‘5‘6‘7\8‘

flag vector |1 [0 [1[0]1]0]0]0]

segments’1‘2”3‘4”5‘6‘7‘8‘

For every first element in the input vector, the corresponding element in the head flag
vector is 1, and the leftover elements are 0. With the help of the head flag vector, we
can always distinguish the start and end of the segment when you go from left to right
of the vector. Before starting the execution process, we store the copy of the flag vector
as the original flag because, during the execution process, we update the flag vector,
and we also need the original values. In the implementation, we start with the reduction
phase, where we take the input array (d=2) and perform iterations; every element in
the input array is called a leaf. In the first iteration (d=1) we sum up two leaves i
th and (i-1) th leaf i.e., two odd indices in the array but for every addition, we check
the flag vector so that the elements in one segment will not be added to other segment
elements. After the first iteration is completed, we have the summation of the first two
elements in index one and the element in index three is updated with the summation
of index 2 and 3, and so on.

d=2[1]2[3[4][5]6[7[8]

d=1]1]14+2|[3[344 ]| 5546 | 7] 7+8]

In the second iteration, the indices which have 4n-1 will perform the operation. For
example, if n=1 then 4n-1 is equal to 3, so the third iteration should have the sum-
mation of indices 3 and 1 from previous step but during the second iteration when the
compiler checks the flag vector where it knows that index 1 and 3 belongs to different
segments so the summation will not happen and the values in these indices remain same
as previous one and In the third iteration indices with 8n-1 will perform the task and
these iterations continue depending on the data size. By the end of the reduction phase,
we will have the summation of all elements of the last segment in the array stored in
the last index, which is called as root. Every element used for finding the intermediate
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result is the child of the node where the result of these elements stored. Now, we go for
the down-sweep phase.

d=1[1]14+2|[3[34+4 || 5546 | 7] 7+8]

d=0[1[1+2 |/ 3[3+4][5]5+6 | 7] 5+6+7+8 |

Algorithm 4 The down-sweep Phase of Segmented scan[3]
1: X[n —1] <0
2: for d = logyn — 1 down to 0 do
3:  for all k=0 to n-1 by 2%*! in parallel do

4: t%%[k—i—Qd—l]

5: xlk + 24 — 1] « z[k + 29+ — 1]

6: if filk+27 ] is set then

7 afk+ 2 1]+ 0

8: elself f[k+2¢-1] is set then

9: ok + 29 — 1]+t

10: else z[k + 241 — 1] <t + x[k + 241 — 1]
11: Unset flag f[k + 29 — 1]

12:  end for

13: end for

In down sweep phase, we take the output array from the reduce phase and initialize the
root element to zero then In the first iteration (d=0 to d=1)we pass the root element
to its left child and set the root right child to the sum of the root element and the value
of the left child in the previous step but if the child elements are in different segments
then we only update the left child to Zero and the remaining elements will be the same.

d=0]1]14+2|[3[34+4]|5][546|7]0]

d=1[1]14+2|[3]0][5]0][7[5+6 |

In the second iteration (d=1 to d=2), we do the first iteration process, and for every
iteration, we check the flag vector so that elements do not interfere between segments
this process runs until the final output is obtained. Now we have the prefix sum of
every segment in the array(d=2).

d=2[0[1][0]3][0]5]5+6[5+6+7]

Now we separate the result of each segment with the help of the head flag. The fi-
nal result(exclusive scan) of three-segment arrays will be
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1. (1,2) = (0,1)
2. (3,4) = (0,3)
3. (5,6,7,8) = (0,5,11,18)

For implementing the above algorithm in OpenCL on GPU(device), We initialize the
input vector and flag vector, and we create an empty vector of the size of the input
vector, which stores the output. Once the initialization part is done, we create the
buffers that allocate the space required for the data variables in GPU then we transfer
the data from CPU to GPU using write buffer. Now, we create a kernel function as
shown in [Figure 4.2] which holds the instructions that to be executed on GPU. Once
the kernel is created, we launch it by providing the NDRange. The kernel executes the
instructions on GPU data and stores the result in GPU itself. The results are sent from
GPU to CPU by using the Read buffer.

std::string kernel_code=

" void kernel segmentscan_kernel(global int* n, \n"
" global float *A, \n"
" global float *B, \n"
" global float *C, \n"

" global int *flago, \n"
" global int *flag) \n"

|l{ \nll
" //Get the index of the work-item \n"
" int thid = get_global_id(0); \n"
" int offset = 1, \n"
" C[2*thid] =A[2*thid]; \n"
" C[2*thid + 1] =A[2*thid + 1]; \n"
"for (int d = n>>1; d > 0; d>>=1 \n"
Il{ \nll
"barrier (CLK_GLOBAL_MEM_FENCE ); \n"
" if (thid < d) \n"
Il{ \nll
" int ai = offset*(2*thid+1)-1; \n"
"int bi = offset*(2*thid+2)- \n"
" if(flag[bi] == 0) \n"
|l{ \nll
"C[bi] += C[ai]; \n"
" \nll
"flag[bi]=flag[ai] || flag[bi]; \n"
Il} \nll
"offset *= 2; \n"
Il} \nll

Figure 4.2: Reduce phase kernel function
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5. Sparse Matrix

In this chapter, we use the sparse matrix-vector multiplication method to produce the
output as the prefix sum. But to get the same output, we make some changes to the
SpMV program by removing the product operation and changing it to an addition
operation.

A sparse matrix is such a matrix that have the majority of their elements equal to zero.
For performing a mathematical operation between two sparse matrices or one sparse
matrix and a matrix, like multiplication, addition, etc., it is simpler to get the result
because we can neglect the zero values as operating on them doesn’t change anything.
A sparse matrix is one of the efficient and advanced methods used to implement most
segmented operations because it reduces the algebraic operations and also reduces the
cost in iterative methods for solving significant mathematical problems that occur in
many scientific applications[29]. The sparse matrix is stored in a database using several
techniques like CSR(Compressed sparse row), COO(Coordinate format), etc. [30].

CSR format :

CSR format consists of three arrays, in which data array stores non zero values row by
row, indices array stores the column indices of every value stored in the data array and
the ptr array stores the starting point of indices of each row [7]. For example, consider
a matrix :

O Ot O
SO N
S W oo O
=~ o O O

ptr=[0 2 4 7 9]
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ptr

indices

data

Figure 5.1: CSR format

indices=[0 1 1 2 0 2 3 1 3]
data=[1 72 8 5 3 9 6 4]

COO format :

The COO format is the same as the CSR format with a slight change. Instead of ptr
array, we have row array which stores the row index of every value stored in the data
array [7]. The data storage required is always three times the number of non zero
elements in a matrix. For example, consider a matrix:

1 700
A:

o Oov O

2 8
0 3
6 0

=~ o O

roo=[0 011222 3 3]
indices=[0 1 1 2 0 2 3 1 3]
data=[1 72 8 5 3 9 6 4]

From both formats, we can see that the CSR format needs less storage space than COO
because ptr array size is less compared to row array size in COO format. The CSR
format is fast in query computing in the database and always ready for execution. Due
to this CSR format is used in many computations like sparse matrix-vector multipli-
cation [3I]. Sparse matrix-vector multiplication(SpMV) is used in many scientific and
engineering applications. The SpMYV is highly capable of calculating eigenvalues, large
linear systems, and implementing LAPACK [32].

5.1 Sparse Matrix-Vector Multiplication

In sparse matrix computations, matrix multiplication is the most commonly used one
[33]. Let us consider a sparse matrix A and a column matrix X. Now we multiply A and
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X and store the result in Y. i.e Y = AX. The kernel function is shown in [Figure 5.2
For example :

Lo
o)

Yo
n) =
Yo

ot O =
O N
w oo O

ptr =10 2 4}
indices=[0 1 1 2 0 2]
data=[17 2 8 5 3]

__kernel void
spmv_csr_scalar_kernel ( ___global const int num_rows ,

__global const int * ptr ,
__globalconst int * indices ,

__globalconst float * data ,
__globalconst float * x ,

__globalfloat * y)

{

int row = get_global_id(0);

if( row < num_rows }{

float dot = 0;

int row_start = ptr [ row ];

int row_end = ptr [ row +1];

for (int jj = row_start ; jj <row_end ; jj ++)
dot +=data [ jj] * X[ indices [jj ]];

y[ row ] += dot ;

}
}

Figure 5.2: kernel function of SpMV
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In this example we took the CSR format to store the data of matrix A. In the first step
of execution the each work item is assigned to each row of matrix A. This work item
takes the first row element of input matrix and multiply the element with first column
element of the matrix x and stores the result in dot product then it takes the second row
element of the input array and multiply with the second column element of the matrix
x and add this result to the dot product and store the overall result to dot product.
This process runs until the elements in the first row of the matrix is completed. As
we assigned work items for all the rows, the above process is done by every work item
parallelly. Once all the work items complete the execution, the resultant value stored
in each work item is collected.

product = [ xg, 7x1, 221, 82X, Do, 3T }
product = | (wo, T21)(2x1, 822, ) (519, 322) |
product = | (zo, zo + T1)(2x1, 221 + 822, ) (50, 5o + 312) |
Y = [ xo + 721,221 + 89, b0 + 329 }

The Result:
Yo = To + 711
Y1 = 221 + 8x9
Yo = 5.170 + 3:[‘2

5.2 Implementation of Segmented Scan Using Sparse
Matrix

In the implementation, we consider CSR format for storing the data of the matrix. The
advantage of using CSR format is, it only stores the row start in the pointer during
execution row-end takes the value of next row-start. So the memory required is less,
and the other major option is we completely neglect the indices matrix because we
consider each row as a segment, and we need all elements in the row. So we need
only two arrays. They are data array and ptr array as we aim to evaluate the blelloch
segmented scan and sparse matrix segmented scan. We take the same data which is
used for implementing the blelloch segmented scan as input. Now, all the input data is
in the CPU. For parallel execution, the data is transferred to the device(GPU), and the
kernel is launched by allocating the work items needed (one work item for one row).

In the kernel function we assigned the index of the work items to the row attribute,
and also we have provided the kernel with the number of segments in the form of the
number of rows. Now, for every row value, the compiler checks whether the row value
is less than the number of rows or not ( if(row< num_rows) ). If the number of rows
is less than the row value then the compiler takes two more attributes row-start and
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row end where row-start stores the value stored in row index of ptr array (row-start
= ptr[row]) and row-end stores the next value stored in next row index (row-end =
ptrfrow+1]). Now every work item is executed through a for loop ((for j = row-start;
j< row-end; j++)) where the initial value is taken as row-start, and the end value is
taken as row-end. Every time the loop has executed the value stored in the respective
index of the input array is taken and added to the previous input array value. This
loop runs until the index becomes row-end. These steps are done by every work item
on their respective rows and store the result in the device(GPU). Finally, we transfer
the result back to the CPU and clear the data in the GPU. As we already placed each
segment as a row, we can directly take the result from the row because the result of the
rows is stored in their respective output rows. The kernel function is shown i

if( row < num_rows }{

float dot = 0

int row_start = ptr [ row |;

int row_end = ptr [ row +1];

for (intj = row_start;j<row_end ;j++)
{

if(j== row_start)
{

ylI=0;

}

else

{
dot +=input[j];
output[ j ] = dot ;

}
}
}

Figure 5.3: kernel function
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6. Evaluation

In this chapter, we have evaluated the blelloch segmented scan and segmented scan using
sparse matrix method with respect to the segment length and run time for particular
data size. We plotted the graphs based on the results obtained from implementing both
the methods. For each graph, we have ten repetitions, and the average value of all the
repetitions are taken. We have plotted four different graphs, line graph, column graph,
data transfer graph, and kernel execution graph for better understanding. We plotted
the graph by taking segment length on the x-axis and run time on the y-axis.

6.1 Line Graph

The line graph shown in the is plotted for the results obtained for the data
set having 2'° elements then splitting the data elements into different segment lengths.
In this plot, we took the minimum length of the segment as two and the maximum
has 512. As we maintained the size of data set constant when we took small length
segments we got more number of segments, when we took 2 elements per segment we
had 512 segments and when we took 4 elements per segment we had 256 elements. The
product of the number of segments and length of segment gives the size of data. From
the graph shown in [Figure 6.1 we can say that all the segments have taken the same
amount of time irrespective of the segment length because the size of the data set is
constant and we cannot make a conclusion from this graph as the lines in the graph are
overlapping. So, we go for column graph.

6.2 Column Graph

The column graph shown in is plotted for each segment where the run time
for each segment length is individually obtained. In this graph, we can see some clear
differences compared to the line graph that the sparse matrix is taking less time than
the blelloch segment scan. As we plotted this graph for the total run time which is time
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Sparse matrix vs Blelloch scan

== Sparse matrix == Blelloch scan

01
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0.05

Time(s)
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Segment length{number of elements per segment)

Figure 6.1: Line Graph

taken for initialization of data, creating the kernels, transferring the data, executing
the kernel, and transferring back the results. We cannot clearly say where the time
difference is caused, so we plot two more graphs only taking the data transfer and
kernel execution so that we can have a better understanding.

6.3 Data Transfer Time Graph

The data transfer graph shown in the is plotted by taking the fixed segment
length and increasing the number of segments. when we are increasing the number of
segments that also means we are increasing the data size. In this graph, we can see the
time taken for transferring the data from CPU to GPU. As the number of segments
is increasing the time taken for data transfer is also increasing in both methods but
the time taken by the sparse matrix method is less compared to the blelloch segmented
scan until hunderad segments after that the both methods are taking same amount of
time for data transfer.
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Figure 6.3: Data Transfer Time Graph
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6.4 Kernel Execution Time Graph

The kernel execution time graph is shown in The time taken by each method
for executing the kernel function is plotted. By seeing the graph, we can say that the
kernel execution time of the sparse matrix method is very less compared to the blelloch
segmented scan.

Kernel Execution Time

B biellioch [ sparse matrix

0.0002

0.00015
W

T 0.0001
=
=

0.00005

0

2 4 B 16 a2 64 128 256
Mumber of segments

Figure 6.4: Kernel Execution Time Graph

In the thesis, we expected that the sparse matrix segmented scan would give better
results because of the time taken for transferring the data will be less compared to the
time taken in blelloch segmented scan. But from seeing the evaluation results of all four
graphs based on segment length and run time, we found that the time taken for kernel
execution of sparse matrix segmented scan is less than the blelloch segmented scan due
to the instructions given for implementing the task are less in sparse matrix segmented
scan.



7. Conclusion

In recent years, most of the scientific development companies are dealing with the faster
results of mathematical calculations, so the companies are using highly parallel machines
that indeed work on parallel computing. With the development of parallel machines,
the importance of parallel computing is also growing, and the new applications based
on parallel programming and GPUs are increasing. The optimization of algorithms
used for parallel programming has become a major task. In this evolution process,
many efficient algorithms are developed. Some algorithms are based on optimizing
the memory patterns, and some are addressing the execution run time issues. In the
process of optimization, we focused on using one of the efficient ways of storing data,
i.e., sparse matrix storage method for generating blelloch segmented output. In this
thesis, we maintained the data set size not to cross maximum of 2'° elements because
the methods and algorithms we choose are for small data because we are trying to test
whether the sparse matrix can generate prefix segmented scan if so we evaluate them.

We have implemented the blelloch segmented scan and segmented scan using a sparse
matrix. Then we evaluated the results by plotting the graphs between run-time and
segment length. From the results, we have discovered that both methods take the
same time. So, we conclude this thesis by suggesting that both the methods are good
enough. Finally, we suggest that we can use the sparse matrix method also for prefix
scans instead of the blelloch segmented scan.
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8. Future Work

As we have implemented blelloch segmented scan and sparse matrix segmented scan on
small data sets. For the future work :

e We would like to extend this for large data sets. In blelloch segmented scan, we
divide the data set into data blocks which can be calculated by a single thread
block. In sparse matrix instead of using single thread per row, we use total wrap
(a group of 32 threads) and we can use the lane techniques[31]. we implement
both these and evaluate their performance.

e We want to merge both the blelloch segmented approach and segmented scan
using a sparse matrix method to form a new algorithm where we try to replace
the flag vector with a pointer array in the blelloch segmented scan.
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9. Appendix

In this section, the code of our implementation is included, for reference.

9.1 Kernel Code for Blelloch segmented implemen-
tation

Listing 9.1: Kernel implementation for Belloch segmented scan in OpenCL

std::string kernel_code=

7 void kernel segmentscan_kernel(global int* n, \n”
7 global float %A, \n”
7 global float *B, \n”
7 global float xC, \n”
7 global int xflago , \n”
7 global int xflag) \n”
77{ \n77
7 //Get the index of the work—item \n”
7 int thid = get_global_id (0); \n”
7 int offset = 1; \n”
7 Cl[2xthid] =A[2x*thid ]; \n”
7 Cl[2xthid + 1] =A[2xthid + 1]; \n”
for (int d = n>>1; d > 0; d>>=1 \n”
77{ \n77
"barrier (CLK. GLOBAL MEM FENCE ); \n”
7 if (thid < d) \n”
77{ \n77
7 int ai = offsetx(2xthid+1)—1; \n”

7int bi = offset x(2xthid+2)— \n”
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7 if (flag[bi] = 0)
77{

"C[bi] += Clail;

77}

"flag [bi]=flag[ai] ||
77}

"offset x= 2;
77}

7if (thid =
“for (int d =
77{

7 offset >>= 1;

"barrier (CLK. GLOBALMEM FENCE ) ;

"if (thid < d)
77{

7int ai = offset*(2xthid+1)—1;
7int bi = offset*(2xthid+2)—1;

"int ci= ai+1;
"float t = Clai];
"Clai] = C[bi];

7 if (flago[ci] = 1)
77{

"C[bi]=0;

77}

"else

77{

"Clbi] 4= t;

77}

7flag [ai]=0;

77}

77}

"barrier (CLK.GLOBAL MEM FENCE );
"B[2% thid] = C[2x thid];
"B[2*thid+1] = C[2xthid+1];

"}

flag [bi];

0) { C[n —
1; d < n;

,,
=
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\n’
\w’
\n’
\n’
\n’
\n’
\n’
\n’
\n;
,
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9.2 Kernel Code for matix segmented implementa-
tion
Listing 9.2: kernel code implementation for segmented scan using sparse martrix in

OpenCL

// kernal code;
std :: string kernel_code=
7 void kernel matrix_kernel(global const intx alpha ,\n”

7 global float =xA, \n”
7 global int =B, \n”
? global float xC) \n”
77{ \n”
7 //Get the index of the work—item \n”
K int row = get_global_id (0); \n”
” if (row < alpha) \n”
) { \n”
7 float D = 0.0; \n”
" int row_start = B[row] ; \n”
” int row_end = B[row+1]; \n”
" for ( int j= row_start ; j < row_end; j++) \n”
” { \n”
" D+=A[] \n”
" Cli) =D wn

"} \n”
"} \n”
"} \n”;



46

9. Appendix




Bibliography

1]

2]

[3]

[4]

[10]

Aaftab Munshi. The opencl specification. In 2009 IEEE Hot Chips 21 Symposium
(HCS), pages 1-314. IEEE, 2009. (cited on Pngean(l)

Jonathan Tompson and Kristofer Schlachter. An introduction to the opencl pro-
gramming model. Person Education, 49:31, 2012. (cited on Page and

Mark Harris, Shubhabrata Sengupta, and John D Owens. Parallel prefix sum
(scan) with cuda. GPU gems, 3(39):851-876, 2007.  (cited on Page[i
nnd

Shubhabrata Sengupta, Mark Harris, Yao Zhang, and John D Owens. Scan primi-
tives for gpu computing. In Graphics hardware, volume 2007, pages 97-106, 2007.

(cited on Page and

Guy E. Blelloch. Prefix sums and their applications. Technical Report CMU-CS-
90-190, School of Computer Science, Carnegie Mellon University, November 1990.

(cited on Page

Guy E Blelloch. Scans as primitive parallel operations. IEEE Transactions on
computers, 38(11):1526-1538, 1989.  (cited on l)agemand 23

Nathan Bell and Michael Garland. Implementing sparse matrix-vector multiplica-
tion on throughput-oriented processors. In Proceedings of the conference on high
performance computing networking, storage and analysis, page 18. ACM, 20009.

(cited on Page and

Naoto Aoshima, Haruo Kimura, and Katsuhito Minai. Process scheduling system
that allocates cpu time with priority to interactive type processes, June 30 1998.
US Patent 5,774,718.  (cited on Pngo

Bryan Ford and Sai Susarla. Cpu inheritance scheduling. In OSDI, volume 96,
pages 91-105, 1996.  (cited on Page

Ajit Singh, Priyanka Goyal, and Sahil Batra. An optimized round robin scheduling
algorithm for cpu scheduling. International Journal on Computer Science and
Engineering, 2(07):2383-2385, 2010.  (cited on Page ||



48

Bibliography

[11]

[12]

[13]

[14]

[15]

[16]

[19]

[20]

[21]

[22]

Mani Chandy, Lan Foster, Ken Kennedy, Charles Koelbel, and Chau-Wen Tseng.
Integrated support for task and data parallelism. The International Journal of
Supercomputer Applications and High Performance Computing, 8(2):80-98, 1994.
(cited on Page

G. Zorpette. Technology 1992-large computers. IEEE Spectrum, 29(1):33-35, Jan
1992. ISSN 0018-9235. doi: 10.1109/6.109592.  (cited on Pagel[7)

George Cybenko, Lyle Kipp, Lynn Pointer, and David Kuck. Supercomputer per-
formance evaluation and the Perfect Benchmarks, volume 18. ACM, 1990. (cited

on Page E[)

Haohuan Fu, Junfeng Liao, Jinzhe Yang, Lanning Wang, Zhenya Song, Xiaomeng
Huang, Chao Yang, Wei Xue, Fangfang Liu, Fangli Qiao, et al. The sunway
taihulight supercomputer: system and applications. Science China Information
Sciences, 59(7):072001, 2016.  (cited on Pag(\,

Hans Meuer, Erich Strohmaier, Jack Dongarra, and Horst D Simon. Top500 su-
percomputer sites. Proceedings of SC, pages 10-16, 2001.  (cited on Page[7)

Rakesh Kumar, Dean M Tullsen, Norman P Jouppi, and Parthasarathy Ran-
ganathan. Heterogeneous chip multiprocessors. Computer, 38(11):32-38, 2005.

(cited on Page [7)

Dominik Grewe and Michael FP O’Boyle. A static task partitioning approach
for heterogeneous systems using opencl. In International Conference on Compiler
Construction, pages 286-305. Springer, 2011.  (cited on Page [7)

Danilo De Donno, Alessandra Esposito, Luciano Tarricone, and Luca Catarinucci.
Introduction to gpu computing and cuda programming: A case study on fdtd
[em programmer’s notebook|. IEEE Antennas and Propagation Magazine, 52(3):
116-122, 2010.  (cited on Page

Chuntao Hong, Dehao Chen, Wenguang Chen, Weimin Zheng, and Haibo Lin.
Mapcg: writing parallel program portable between cpu and gpu. In Proceedings of
the 19th international conference on Parallel architectures and compilation tech-
niques, pages 217-226. ACM, 2010. (cited on Page[7)

John E Stone, David Gohara, and Guochun Shi. Opencl: A parallel programming
standard for heterogeneous computing systems. Computing in science & engineer-
mg, 12(3):66, 2010. (cited on Page and

Bernhard Manfred Gruber. GPGPU Computing with OpenCL. GRIN Verlag, 2014.
(cited on Page

Sean Rul, Hans Vandierendonck, Joris D’Haene, and Koen De Bosschere. An
experimental study on performance portability of opencl kernels. In Application



Bibliography 49

[23]

[25]

[20]

[27]

[28]

[29]

[33]

Accelerators in High Performance Computing, 2010 Symposium, Papers, page 3,
2010. URL http://saahpc.nesa.illinois.edu/papers/paper_2.pdf.  (cited on Page[i0)

Peng Du, Rick Weber, Piotr Luszczek, Stanimire Tomov, Gregory Peterson, and
Jack Dongarra. From cuda to opencl: Towards a performance-portable solution
for multi-platform gpu programming. Parallel Computing, 38(8):391-407, 2012.

(cited on Page )

Aaftab Munshi, Benedict Gaster, Timothy G Mattson, and Dan Ginsburg. OpenCL
programming guide. Pearson Education, 2011. (cited on Page[12

Hubert Nguyen. Gpu gems 3. Addison-Wesley Professional, 2007.  (cited on Page[17]
and

W Daniel Hillis and Guy L Steele Jr. Data parallel algorithms. Communications
of the ACM, 29(12)2117071183, 1986. (cited on Page

Franklin C Crow, Gary Demos, Jim Hardy, John McLaughlin, and Karl Sims. 3d
image synthesis on the connection machine. International Journal of High Speed
Computing, 1(02):329-347, 1989.  (cited on Page 3]

Guy E Blelloch and Charles R Rosenberg. Network learning on the connection
machine. In IJCAI volume 87, page 323. Citeseer, 1987.  (cited on Page 23)

[ain S Duff, Roger G Grimes, and John G Lewis. Sparse matrix test problems.
ACM Transactions on Mathematical Software (TOMS), 15(1):1-14, 1989.  (cited

on Page )

Guy E Blelloch, Michael A Heroux, and Marco Zagha. Segmented operations for
sparse matrix computation on vector multiprocessors. Technical report, Carnegie-
Mellon Univ Pittsburgh PA School of Computer Science, 1993.  (cited on Page [29)

Nathan Bell and Michael Garland. Efficient sparse matrix-vector multiplication on
cuda. Technical report, Nvidia Technical Report NVR-2008-004, Nvidia Corpora-

tion, 2008.  (cited on Pag(\zmd

Edward Anderson, Zhaojun Bai, Christian Bischof, Susan Blackford, Jack Don-
garra, Jeremy Du Croz, Anne Greenbaum, Sven Hammarling, Alan McKenney,
and D Sorensen. LAPACK Users’ guide, volume 9. Siam, 1999. (cited on Page[30)

Muthu Manikandan Baskaran and Rajesh Bordawekar. Optimizing sparse matrix-
vector multiplication on gpus. IBM Research Report RC24704, (W0812-047), 2009.

(cited on Page


http://saahpc.ncsa.illinois.edu/papers/paper_2.pdf

	Contents
	List of Figures
	List of Tables
	1 Introduction
	1.1 Aim of the thesis
	1.2 Structure of the thesis

	2 Background
	2.1 Parallel Programming
	2.2 CPUs and GPUs
	2.2.1 CPU
	2.2.2 GPU

	2.3 Real-World Example
	2.3.1 Task-level parallelism
	2.3.2 Data-level parallelism

	2.4 Supercomputers
	2.5 OpenCL
	2.6 Scan

	3 Types of Scan
	3.1 Sequential Scan
	3.2 Parallel Scan
	3.2.1 Naive Parallel Scan
	3.2.2 Blelloch Scan


	4 Segmented scan
	4.1 Implementation setup
	4.2 Implementation of Blelloch segmented scan

	5 Sparse Matrix
	5.1 Sparse Matrix-Vector Multiplication
	5.2 Implementation of Segmented Scan Using Sparse Matrix

	6 Evaluation
	6.1 Line Graph
	6.2 Column Graph
	6.3 Data Transfer Time Graph
	6.4 Kernel Execution Time Graph

	7 Conclusion
	8 Future Work
	9 Appendix
	9.1 Kernel Code for Blelloch segmented implementation
	9.2 Kernel Code for matix segmented implementation

	Bibliography

