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Abstract: Recently, as applied widely in scientific computing, GPU plays a more and more important role in high
performance computing. The third generation of NVIDIA architecture — Fermi significantly improves floating point
computation performance in double-precision. It is a necessity to optimize Algebraic Multigrid (AMG) on GPU,
which is an important iterative algorithm in high performance computing area. In this paper, we optimize AMG
solution of sparse linear equations on GPU, and AMG-GPU performance has 2X improvement compared with
implemented on CPU. However, limited by error accuracy of 1e-6, the performance improvement is merely 6% due
to the smaller number of cycles. We analyze AMG-GPU in detail, and draw a conclusion that the major factor
influencing AMG-GPU performance is the dynamic changes of operators scale at each level.
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void
spmv_csr (int num_rows, int *ptr, int *indicies,
double *data, double *x, double *y)
{
for (int i=0; i<num_rows; i++)
{
double dot = 0;
int row_start = ptr[i];
int row_end = ptr[i+1];
for (int jj=row_start; jj<row_end; jj++)
dot +=data[jj]*x[indices[jj1]1;
y[i] += dot;

__global__ void
spmv_csr_kernel (int num_rows, int *ptr, int
*indicies, double *data, double *x, double *y)
{
int row = blockdim.x*blockdim.x+threadidx.x;
if (row < num_rows)
{
double 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[jj11;
y[row] += dot;
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i) threads [A 7] LAEAT 25, MiAS[F blocks 2 [MANGE[F] 25 . SpMV 1 GPU kernel ", FH T B FUAE (1 AN 52 14
Faiffi i thread ZFRATRAAATH . Fith, FRATHRIE 5 FE AL S) A KI5 block A thread B/, JE R 2 1)
RSN, HA SpMV kernel Xt R —A4 grid.

AMG-GPU HI¥iEf&5 =t RATIERMITFER P A 4R E: SpMV Rl Jacobi i AR#I# 1 3| GPU
AT, BETFk%EE CPU 5 GPU EMEIRE F 8. BT GPU T i+ 1 JE K #RAE A% 7E CPU (N 1F
W, T GPU R MR AAFAE T A7 LI A Bed AT 1R &, X A T HUR AR A . RATTE AMG [ it 72
&, R ETE RRE R F M CPU | GPU HHTHE £, HpaREERIEHE AL A% - AM, A% E
) ) e e —— S 10, h =12, M — IRIRHI S FIY, h =12, ,M— 1, XEEFA GPU FiH 1
AR PRATAFMETE GPU BAFH o X B BT (B ATE AR ARET (0] . 7EBEAS cycle AT 5B RLE , #A R — A& u.
XANFE u TR ER, FHELE CPU EXREHCRIE. BILER cycle il & u #FHE M GPU 1
WiE] CPU, XA FEAE RGP EBHEAT, TR 3350 43 (4 A% A ) ) T o LU A BB oK.

__global__ void
void jacobi_csr_kernel (int num_rows, int relax_points,

jacobi_csr (int num_rows, int relax_points, int
relax_weight, int *cf_marker, int *ptr, int *indicies,
double *data, double *Vtemp, double *f, double *u)
{
for (int i=0; i<num_rows; i++)
{
if  (cf_marker[i] ==
data[ptx[i]] !'= zero)
{
double res = f[i];
for (int jj=ptx[i]+1; jj<ptx[i+1]; jj++)
res +=data[jj]*Vtemp[indices[jj1];
ufi] *= (1-relax_weight);
u[i] += relax_weight * res / data[ptx[i]];
}
}

relax_points &&

int relax_weight, int *cf_marker, int *ptr, int
*indicies, double *data, double *Vtemp, double *f,
double *u)
{
int row = blockdim.x*blockdim.x+threadidx.x;
if (row < num_rows)
{
if (cf_marker[row] == relax_points &&
data[ptx[row]] != zero)
{
double res = f[row];
for (int jj=ptx[row]+1; jj<ptx[row+1]; jj++)
res +=data[jj]*Vtemp[indices[jjl1;
u[row] *= (1-relax_weight);
u[row] += relax_weight * res / data[ptx[row]];
}
}
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CPU GPU
Level | Relax | SpMV | Relax | SpMV
Average | kernel |Average| kernel
0 1286 768 2933 | 2921 AR | BSLMY B [RABBY B SiEvIsh 4k
1 1902 923 3094 | 1548
sec 2.24 1.78 2.39
2 1446 | 1056 | 1325 826
3 2129 | 1083 | 1505 | 769 #3 AMG-GPU # ki B [ 4 1
4 1596 | 1121 | 1324 688
5 2274 | 1210 | 1822 638
6 2239 | 1568 | 1709 642
7 2085 | 1544 | 851 | 486 RS TE) |solve if 2 |Relax| M4k | #EfH | Btk
8 | 1811 | 1351 | 232 | 141 ms | 189 |104] 48 | 2 8
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MR
AMG-GPU VS CPU
H(:fn'?) CPU GPU Tk
level | AR | Relax Wil | MfLif | 0 T Relg‘” IR
0 1000000 26. 000 25. 700 7.19 5. 65 3.62 4.55
1 500000 13. 120 14. 360 6.15 6. 94 2.13 2.07
2 250000 16. 650 12. 850 16. 03 13.32 1.04 0. 96
3 125000 6. 620 6. 820 8.45 8. 45 0.78 0.81
4 62006 6. 150 4. 690 7.02 6. 85 0. 88 0. 68
5 31001 2. 950 2.520 4.16 4. 49 0.71 0. 56
Ry 6 7817 0.410 0. 300 0. 74 0. 74 0.55 0.41
it 7 1986 0. 100 0. 080 0.39 0. 34 0. 26 0. 24
8 565 0. 040 0. 020 0.39 0.3 0.10 0. 07
9 201 0.013 0.011 0.28 0.2 0.05 0. 06
10 80 0. 006 0. 005 0.24 0.17 0.03 0.03
11 31 0. 003 0. 004 0. 24 0.15 0.01 0. 02
12 12 0. 002 0. 002 0.22 0.15 0.01 0. 02
13 3 0.012 - 0. 06 0. 20 -
(o 72 i E o 72 AR
13 3 0.012 0. 001 0. 06 0.03 0. 20 0.03
12 12 0. 001 0. 001 0.22 0.03 0.01 0.03
11 31 0. 002 0. 001 0.23 0.03 0.01 0. 04
10 80 0. 004 0. 002 0. 24 0.03 0. 02 0. 07
9 201 0.010 0. 004 0.29 0.03 0.03 0.13
8 565 0. 024 0.010 0.38 0.03 0. 06 0.33
) b4 7 1986 0. 080 0. 034 0.39 0. 04 0.21 0.85
[ERUR 6 7817 0.310 0. 140 0.74 0. 06 0. 42 2.33
5 31001 2. 930 0.370 4.14 0.1 0.71 3.70
4 62006 6. 130 0. 760 7.02 0.15 0. 87 5.07
3 125000 6.610 1.520 8.43 0.29 0.78 5. 24
2 250000 16. 680 3. 050 16.1 0. 45 1.04 6. 78
1 500000 13. 100 6.170 6. 24 1.01 2.10 6.11
0 1000000 25. 850 - 7.88 - 3.28 -




