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W E ) sUk &R £k (Generalized Minimum Residual, GMRES) 52 —ff K A i A M A g e Ry x4 2 A T4 %
5t S, HBEFOBREXEK LT GMRES F ik K fifey PLAMAE IRk, AT LHRABER Ao K i, F XA
RRBETEeEHEG S AKX GMRES ik, AMAERAFTOR SHEH T, F EAGMAEENEF 5 A GPU Sk ZHM %
HEBEKEIE,RHT 55X GMRES ke bdk, 4haF GPU £ Lo oA X GMRES ik, 428 7T — A L T A4 & 69 e
kR R AR EFEEAT  EFRRT EFI RGN A T4, N RET —HHABEEHOHERAEL L. S50 ER
PEERBEGHE DRIEE R S RBEOLBER, FRERAV TR ATROHEARAT LT ERFIY 2.4 4565 dm
ML A R ARRAL T R B T RT3 7.6 456 mik bk,

KBRS L RADKRLE L REOHE ;GPU EFH; 5 A X A%

FESHES TP311;0246

Optimizing Distributed GMRES Algorithm with Mixed Precision

GUO Shuaizhe, GAO Jianhua and JI Weixing

School of Computer Science and Technology,Beijing Institute of Technology,Beijing 100081, China
Abstract The generalized minimum residual (GMRES) method is an iterative method for solving sparse linear systems. It is
broadly used in many areas like scientific and engineering computing. The exponential data growth makes the scale of problems
solved by the GMRES algorithm expand rapidly. To support the solving of large-scale problems, researchers have implemented
distributed GMRES algorithm on clusters. However, the current inter-node network still significantly lags behind intra-node fa-
brics in terms of both bandwidth and latency,which greatly limits the performance of the distributed GMRES algorithm. This pa-
per proposes a mixed-precision approach for optimizing the GMRES algorithm on GPU clusters, where the data transferred is re-
presented in a low-precision format.the network traffic during inter-GPU communication is significantly reduced. In addition, this
paper proposes a balancing algorithm that dynamically adjusts the precision of the data transferred to achieve the satisfied resi-
dual. Experimental results show that the proposed method achieves an average speedup of 2. 4 X ,and a further average speedup of

7.6 X when combined with other optimizations.

Keywords Generalized minimum residual, Mixed precision, GPU cluster, Distributed system
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Fig. 1 Typical node topology of GPU cluster
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