an | use Strassen’s Method when doing the matrix multiples in

the HPL benchmark or for the Top500 run?

The normal matrix multination algorithm requires n3 + 0(n2) multiplications

and about the same number of additions. Strassen’s algorithm reduces the
total number of operations to O(gV&:¥4| by recursively multiplying 2n x 2n

matrices using seven n x n matrix multiplications. Thus using Strassen’s

Algorithm will distort the true execution rate. As a result we do not allow

Strassen’s Algorithm to be used for the TOP500 reporting. As a side note, in
the "usual” matrix multiplication, we have an n2 error term. In Strassen’s

method, the error exponent p for npranges from 2-3.85 and the numerical

error can be 10-100 times greater than that for standard multiplication.
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have a widespread impact, as it can affect the overall speed of a large

amount of computations. Matrix multiplication is one such primitive task,

occurring in many systems—from neural networks to scientific computing
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Theorem 2.7.6 : Matrix co-norm and 1-norm

X

P

|Al[1 = max
1< <

XY Alle = max 3[4y,

n
) 1Al
i)

g

Sa

S

A

xnf

(2.7.9)

(2.7.10)
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