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Matrix calculus

MatrixCalculus.org
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CPU GPU
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Running times

Hessian of f (U) = ‖T − UV>‖2
2

CPU ∼ 100x GPU ∼ 1000x



Running times

Hessian of neural net (10 dense layers w/ ReLU, softmax cross-entropy)

CPU ∼ 100x GPU ∼ 1000x



Matrix calculus

Algorithmic Details



Derivatives

Symbolic Differentiation vs. Automatic Differentiation
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I T = T[i, j, . . .]

I allows for compression of derivatives



Matrix Calculus – Einstein Notation

Use generalized Einstein notation for matrix calculus.

I does not distinguish between upper and lower indices

I T = T[i, j, . . .]

I allows for compression of derivatives



Matrix Calculus – Einstein Notation

Use generalized Einstein notation for matrix calculus.

I does not distinguish between upper and lower indices

I T = T[i, j, . . .]

I allows for compression of derivatives



Matrix Calculus – Einstein Notation

Use generalized Einstein notation for matrix calculus.

I does not distinguish between upper and lower indices

I T = T[i, j, . . .]

I allows for compression of derivatives



Matrix calculus – Einstein notation

Let A,B and C be tensors. Any tensor/matrix multiplication can be written as:

C[s3] =
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(s1∩s2)\s3

A[s1] · B[s2],

where s1, s2 and s3 are index sets.

multiplication symbol
C = A∗(s1,s2,s3)B

einsum in NumPy
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where s4 is the new index set of dx
dx .

reverse mode autodiff:

B̄ = A ∗(s1,s5s3,s5s2) C̄

where s5 is the new index set of df
df (f - output function).
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MatrixCalculus.org
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Sören Laue, Matthias Mitterreiter, Joachim Giesen.
A Simple and Efficient Tensor Calculus. (AAAI), 2020.
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