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gggg;g val =[8,9,4,5,7,5,6,2,6,7,9,6,2,2,7,2,8]
888283 ind=[1,2,5,6,2,3,4,5,2,4,1,4,6,3,3,4,5]
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__global__ void SpmvKernel NT int Spmv
(int m, double alpha, double* a_val, int* a_ptr, (char trans, int m, int n, double alpha,
int* a_idx, const double* __restrict__ x, double* a_val, int* a_ptr, int* a_idx, doublex* x,
double beta, doublex* y) double beta, double* y, int nonzeros)
{ {
unsigned int t; int NT, ntx, nbx;
unsigned int tx = threadldx.x; float nnzrow = (float)nonzeros/(float)m;
unsigned int tid = blockDim.x * blockIdx.x + tx; NT = max(1, min(32, (int)pow(2.,ceil(log2(nnzrow)))));
unsigned int rowid = tid / NT; ntx = NTX;
unsigned int lane = tid % NT; nbx =m / (ntx / NT) + ((m % (ntx / NT)) !'= 0);
double val; dim3 threads (ntx);
int val_hi, val_lo; dim3 grid (nbx);
if (rowid < m) { if (trans == ’N’) {
val = 0.0; if (NT == 32) {
for (i = a_ptr[rowid] + lane; cudaFuncSetCacheConfig
i < a_ptrlrowid + 1]; i += NT) { (SpmvKernel_32, cudaFuncCachePreferLl);
val += a_vall[i] * x[a_idx[il]; SpmvKernel_32 <<< grid, threads >>>
} (m, alpha, a_val, a_ptr, a_idx, x, beta, y);
for (i =NT / 2; 1 >0; i=1i> 1) { }
val_hi = __double2hiint(val); else if (NT == 16) {
val_lo = __double2loint(val); o 0
val += __hiloint2double( else if (NT == 2) {
__shfl_xor(val_hi, i, 32),
__shfl_xor(val_lo, i, 32)); else {
} ...
if (lane == 0) { }
y[rowid] = alpha * val + beta * y[rowid]; R4 AAFa—Fo 4
}
}
}
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DH®D for ) IZBWT, REREDGEIHREAL Yy FENT
WKLo TIRET S0, V—=77va—=Y v 7 %&{ToT»
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Speedup (Tesla K20, Double Precision)
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