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What is 
“Communication”,
And how can it be 
“avoided” ?
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“Communication Avoiding” Krylov

• Partially use polynomial with constant coefficients 
• Fewer orthogonalization operations
• More compute-intensive ‘tall&skinny’ operations
• Bundle reductions
• Glue SpMV’s together (Matrix-Power Kernel):
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Simple Example:
Neumann Polynomial Preconditioner
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Simple Example:
Neumann Polynomial Preconditioner

Neumann series

1
x
≈∑k=1

s
(1−x )k

Jacobi splitting

A=D−(L+U )

Degree-s preconditioner

(D−1 A)−1 v≈[D−1(L+U )]s D−1 v
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Alappat et al, "Level-Based Blocking for Sparse Matrices: Sparse Matrix-Power-Vector Multiplication," in  IEEE Transactions on 
Parallel and Distributed Systems, 2023, doi: 10.1109/TPDS.2022.3223512.

Wavefront passing through matrix.
• More complicated than the Regular example seen here!

x
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Sparse Matrix  Graph
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RACE MPK Performance

256 GB RAM
(146 GB/s)

256 MB L3 Cache
(2600 G B/s)
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Alappat et al.: A Recursive Algebraic Coloring Technique for Hardware-efficient 
Symmetric Sparse Matrix-vector Multiplication, ACM TOPC 7 (3), 2020

Alappat et al.: Level-based blocking for Sparse Matrices: Sparse Matrix-Power-
Vector Multiplication. IEEE TPDS  34(2), 2023

Alappat et al.: Algebraic Temporal Blocking for Iterative Solvers on Multi-Core 
CPUs. To be submitted, will be on arXiv soon.
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DCSE Summerschool next week:
Linear Algebra on High Performance Computers

Few places available:
https://www.aanmelder.nl/143287

Paolo Bientinesi
(Umeå University)

Gerhard Wellein
(U. Erlangen)

Laura Grigori
(EPFL)
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