oo

B3TH B
2010 4 8

an

W it B

Computer Science

Vol. 37 No. 8
Aug 2010

B ¥

EFGPUNBKEHREREOEFRMLL

E¥% KIEAH TR = = AWA
(FHAEHIAMEFHAER K& 130012)
(SHASHEHE L RIRATHEALRE K& 130012)

B E 4R REMHEISUAEABLARENBRRELEAGAR A TAMLEZENR—HERE, A& 20
HBREIREFTERET —AFHTHERRFT Z AR ERT —FAAEEABEATTORZESRGTRFTE
s, KT A (DA A Warp REAZX KB F 454, Half-warp R RS R WA A E 653 QO RESER
HAE, FRAHF TR QOORMAOERAANSEABE  RBELR; OFF>ABELALE, ik KEAE; ORALEHR
BB EHBERAR, FRIWAR BEHEFTFERLI THAHHER., 5 A ¢ CUDPP f= SpMV library ¥+ 49
CSR-vector A, AH KR TEHNABBFEAF LB L AL, A HMEL CPU B4HFRART 34
Lk,

XEW HEES TEEAMH, BULES 41X EM KL RL

hEESH#ES TP311  ITHIRIRE A

Optimizing Sparse Matrix-vector Multiplication Based on GPU
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Abstract Sparse matrix computations present additional challenges for harnessing the potential of modern graphics
processing unit(GPU) for general-purpose computing. We investigated various optimizations on thread-mapping, data
reuse etc. and a parallel Sparse Matrix-Vector multiplication(SpMV) on GPU with compute unified device architecture
(CUDA) was proposed under compressed sparse row(CSR) structure afterwards. The optimizations include: (1) ex-
ploiting each element using half-warp threads, which synchronize free within one warp; (2) making up integer address to
achieve coalesced accesses; (3) data reuse through reading from texture vector resides in; (4) data transfer using page-
locked memory; (5) reading results in shared memory. We compared the performance of our approach with that of effi-
cient parallel SpMV implementations such as (1) the one from NVIDIA’ s CUDPP library and (2) the one from
NVIDIA’s SpMV library. Our approach outperforms two both in memory bandwidth and GFLOPS., In addition, the to-
tal performance of our approach is three times greater than that of a CPU counterpart.

Keywords Sparse matrix, Compressed sparse row, Graphics processing unit, Compute unified device architecture, Opti-

mizations
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