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Abstract
Parallel Processing With CUDA
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Study Purpose

The success of parallel application development for multi-core and many-core
processors will hinge upon the existence of strong automatic parallelized compilers,
as well as effective manual parallel programming tools. Both types of tools require
deep analysis techniques that discover coarse-grain parallelism in large applications
written in standard programming languages - a task many in industry consider
impossible. Both will also require techniques for automating the tedious
performance tuning process needed for parallel applications to achieve scalability
and performance goals. And The GPU is specialized for compute-intensive, massively
data parallel computation. Based on above reasons, this project is to parallel LINPACT

benchmark on CUDA platform. Furthermore, analyze the pros and cons of CUDA.

Study Method and Procedure

I. Description
LINPACK is a software library for performing numerical linear algebra
on digital computers and it was intended for use on supercomputers
in the 1970s and early 1980s. LINPACK makes use of the BLAS (Basic
Linear Algebra Subprograms) libraries for performing basic vector
and matrix operations.
The LINPACK Benchmarks are a measure of a system's floating point
computing power. They measure how fast a computer solves a dense
N by N system of linear equations Ax=b, which is a common task in
engineering. The solution is obtained by Gaussian elimination with
partial pivoting, with 2/3-N3 + 2:N2 floating point operations. The
result is reported in millions of floating point operations per second
(MFLOP/s, sometimes simply called FLOPS).

How does top500 uses LINPACK BENCHMARK to measure performance?

There are three benchmarks in LINPACK BENCHMARK:

- First is LINPACK Fortran n=100 benchmark that is for a matrix of order 100
using in Fortran. The ground rules for running this benchmark are that you
can make no changes to the Fortran code, not even to the comments. Only
compiler optimization can be used to enhance performance. This Linpack
benchmark measures the performance of two routines DGEFA O(n3) and
DGESL O(n2)from the Linpack collection of software.

- Second is LINPACK n=1000 benchmark is for matrix of size 1000. The ground
rules for running this benchmark are a bit more relaxed in that you can

specify any linear equation solve you wish, implemented in any language. A
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requirement is that your method must compute a solution and the solution
must return a result to the prescribed accuracy.
- Finally is LINPACK’s “Highly Parallel Computing” benchmark.

II. Implementation
Use the CUBLAS library on top of the CUDA, through this way to execute data on
GPU instead of moving data to calculating on CPU. This really can eliminate time

moving data between CPU and GPU.

Func dgefa
for k=0 to n-1{ 1 Initialize data on Device
| = Func Isamax 2 Fucn dgefa
ipvt[k] =1 3 for k=0 to n-1{
t =-1.0/a[k][K] 4 | = cublaslsamax
Func scales 5 ipvt[k] =1
for j=k+1ton 6 if(l'=k)
t=a[j][!]; > 7 operate swap on device
if (11=k) Rearrange from element k to n-1
swap a[j][1] and a[j][k] | control flow 8 t=-1.0/a[k][k]
Func daxpy for optimizing | 9 cublasSscal
for i=0 to n-(k+1) parallelization 10 gpu_saxpy_kernel
a[j I k+l+i]+= }
t*a[ K][ k+1+i] Update matrix into host
} Adapted for GPU
Naive

Pseudo code for factoring algorithm that implementing in DGEFA
- Line4and9
For the ISAMAX and SCALING operation, use the CUBLAS library on top of the CUDA
to execute data on GPU instead of moving data to calculating on CPU. Through the
way really eliminates time updating data between host and device and ultimately get

a great performance improvement.

- Memory Coalescing

Because the hardware designed feature, there is a big program which is related with
memory bandwidth when the processing unit wants to get data stored in global

memory. The local memory on chip doesn’t big enough to store all processing data,
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therefore the accessing bottleneck is un-avoided. Coalescing on devices will cause
that global memory access by all threads of a half-warp is coalesced into one or two
memory transactions. By this way, the wasting time for transactions will decrease
and performance will increase quickly.

- Kernel function of GPU

Memory bandwidth is always the limitation of performance, so this is an important
issue how accessing memory to get maximum bandwidth. The alighnment used to
read several words from global memory in single one load instruction in order to use
bandwidth efficiently.

There are two different methods to archive alignment requirement:

1) Expand memory dimension to number that is nearest of power of 2 and use API
“cudaMemcpy” to copy valid data row by row.

2) Use API “cudaMallocPitch” provided by CUDA v1.0 to do memory coalescing and
corresponding with APl “cudaMemcpy2D” to move data between host and device at

once.

Method A

Parallelize j loop in dgefa by assigning each row to one thread on the GPU.

2) Derive t in host

Parallelize | iteration
Threado —> Func dgefa

For (j=k+1; j<n; j++ )}

t=aljlll];

Thread2 —> if (11=k 4
a[jlltl1=aljlll];
a[jllk]=t

}
™1 Func daxpy
For (i=0; i< n-(k+1); i++)
a[j [ k+1+i] +=
t*al k T K+1+i1
} 1) Constant Cache

Thread1l —>

4) Coalesce
5) Aligned Allocated Memory

How to Improve Performance?
1) Constant Cache




Load a[k][k+1] vector in daxpy into constant memory to enhance performance
because all threads read same address at same time therefore load as fast as reading
register.

2) Derive tin host

Derive t for j iteration in host saved as array and perform swap when necessary.
3) Unroll loop in daxpy
4) Coalesce

Split matrix up into block and coalescing to load data from global memory to
operate.

5) Alignment of allocated memory

Allocate share memory to store result temporarily.
Method B

Also parallelize iteration in dgefa and difference with Method A is uses column as

index to execute in Thread.

...... BIOCk 0

—

------ Thread2 Thread1l ThreadO

Parallelization

How To Improve Performance

1) Coalescing and Alignment
Because the start index of loop in daxpy varies, it can’t just assign thread from
start index to do coalescing. Therefore the implementation can be changed into

reverse original sequence to achieve alignment requirement.
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lll. Performance Comparison of Rolled Single Precision LINPACK

Parallelization by Row
N=1024(matrix order)

Performance Execution Time of  Execution Time of

degfa kernel

772911 Kflops 906.263296 ms 348.797626 ms

815032 Kflops 821.953726 ms 260.840708 ms
p.s. Moving a[k][] to constant memory costs 1.285961 ms

767950 Kflops 913.513822 ms 348.663349 ms
p.s. Forming array and swapping spends 7.870732 ms.

Base Case
Constant Memory

Derive t for j iterat

Parallelization by Column

N=1024 N=2048 N=4096 N=8192
Padding with2n  0.13 ms 0.26 ms 0.59 ms 1.38 ms

5,294,105 21,052,334 73,846,120 240,940,528
cudaMallocPitch 0.11 ms 0.20 ms 0.46 ms 1.05ms

6,622,509 27,255,974 93,254,016 309,014,848

Parallelization by Element

N=1024 N=2048 N=4096 N=8192
Padding with2n  0.13 ms 0.27 ms 0.60 ms 1.41 ms

5,389,492 20,747,686 72,721,576 237,568,128
cudaMallocPitch  0.10 ms 0.20 ms 0.47 ms 1.07 ms

6,850,004 26,697,658 91,540,952 302,387,936
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