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Efficient Sparse Matrix-vector Multiplication and CG Solver Optimization on GPU

WANG Ying-rui REN Jiang-yong TIAN Rong -
(Institute of Computing Technology,Chinese Academy of Sciences, Beijing 100190, China)

Abstract Numerical methods of PDEs are mostly “compactly supported”, say finite element,and finite difference metho-
ds etc, Due to the compact support, the global matrix associated with those numerical methods for scientific and engi-
neering are sparse and very often also band shaped. We proposed and developed a high performance spMV algorithm for
this specific but widely used sparse matrix type. The new algorithm, termed “bDIA (banded diagnal)”,is implemented
on NVIDIA GTX 285. Detailed comparisons with the five other mostly used sparse matrix formats/algorithms suppor-
ted in the open source cuda linear algebra library (CUSP) show that bDIA doubles the best performance of the other
five algorithms, breaking the float-point efficiency limit of 4% for single precision and 22. 2% for double-precision. The
conjugate gradient (CG) and the bi-conjugate gradient stabilized (BiCGStab) solvers both gain a speedup of around 1. 5
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using the proposed “bDIA” format/algorithm.
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Algorithm: BDIA kernel to compute y «— Ax

(c) GFEM r=2h  (d) GFEM r=3h

Input: n*n matrix A, stored in BDIA(n*d) format as
values[0...n*d-1]; vectors x as x[0..n-1], y as y[0..n-1]
Output: Modifies y

Let Nts=thread block size

Let tid=local thread ID

Let index=globle thread ID

Initialize As[Nte+d-1] in sharememory

//Load nb from x coalesced
for circle=0;index+circle*Nmw < Nra + d-Licircle+ + do
if((index+ circle*Nra« df 2)||(index + circle*Nts) > =n+d/f2)
Aslindex+ circle*N1s] =0
else
As[index+ circle*Nre] =x[index+ circle*Nw-d/ 2]

/{Compute
for each thread that index<n
for i=0i<d;i++ do
value=values(index+n*i]
vec=As{b+i]
result+ =value*vec

ylindex}=resuit
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