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Ay S8 4% (Singular Value Decomposition)

k=1,eta=86.1 k=2,eta=90.2 k=4,eta=93.8

k=16,eta=98.2

From Heyuan Yao
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Computing the Singular Value Decomposition of 3 < 3 matrices with minimal
branching and elementary floating point operations

Aloka McAdams* -

! Walt Disney Animation Studios

Andrew Sclle’  Rasmus Tamstoef'  Joseph Terun™' Eftychaos Sifakis™!

? University of California. Los Angeles

" University of Wisconsin, Madison

Abstract

A numencul method for the computation ol the Singular \.mx D:
compasitnn of 3 x 3 munices i pr d. The prop

ology robastly handies cank-deficient matnices and guaramcds or-
thonormaliey of the comgruted rotational factors, The algonthm is
takbored o the characteristics of SIMD oe vector processon, s par-
ticular, 1 does met require any explicit brunching beyood simple
condtional 2ssignments (as in the C++ lernary aperator 7 2, or the
SSEA 1 instructson VELEND# S), emabling trivial data-level paral-
befivm for any number of operstions. Farthesmarne, 10 trignsometnic
or other expensive operations are required: the only floating point
operations utshred gre additson, muiltplication, and an inexact {yet
fast) reciprocal square root which i broadly svailable ca current
SIMDSsector sechitectures. The performance observed appeoacties
the st of making the 3« 3 SV a memocy-bound (as opposed 1o
CPU-boend) operutioa on carent SMP platforms.

Keywoeds: singubar value decomposition, Jscobs expenvalue algo-
rithm

1 Method overview

The algosithm frst determines the factor V by computing the eige

sanalysis of the matriy A“A = VE'V' uhich is symmetric
and pasitive semi-definne. This is accomplished via 2 modified
Jacobt iteranon where the Jacobé factors are appeoxumutad using
ineapensive. clemontary anthmetic operations as described in seg-
gsion 2. Siewce the symmetric eipemanalysis abio produces B°, and
consequently X stself, the remaning factor U can theoretxally be
obtained as U « AVE ' however this process is not applica

hle when A (and as a result, X) &s singelar, and can also Jead to
substantial loss of onhogonatity an U for an ill-conditioned, yer
nonsingalar, maix A Another possibility i to form AV = UX
it observe that this matnix contasns the cobumms of U, each scaled
oy the respective dlagonal entry of 2. The Gram-Schmid process
coukd generate U as the oethonormal busis for AV, vet (his method
woukd sull seffer from instability m the case of near-2ero singu-
lar vadues. Our appeosch is based oo the QR factosization of the
manx AV, using Givens roations. With proper atiention 10 some
special cases, as described m section 4, the Givens QR procedure
Is guaranteed 10 prodece 2 Gctor Q= U) whsch 15 exactly onthog-
cnad by coastnision, while the upper-triangular facuy R will be
shown to be s fact diugomal and ieatical o ¥ up to sign Bips of
the disganal entries

FLAR A AT A9 B E, A IR 69 LI ELE S+

4

scipy.sparse.linalg.svds

scipy.sparse.linalg.svds (.ﬂ, k=6, ncv=None, tol=8, which="LM', v@=None, maxiter=None,

return_singular_vectors=True, solver='arpack', random_state=None, options=None) [source]

Partial singular value decomposition of a sparse matrix.

Compute the largest or smallest & singular values and corresponding singular vectors of a sparse matrix A.
The order in which the singular values are returned is not guaranteed.

In the descriptions below, let n, n = A.shape.

Notes

This is a naive implementation using ARPACK or LOBPCG as an eigenscolver on the matrix . cond (). 7T
@ A.coni().T, depending on which ane is smaller size, followed by the Rayleigh-Ritz method as

postprocessing; see Using the normal matrix, in Rayleigh-Ritz method, (2022, Nov. 19), Wikipedia,
https:/fw.wikif4zms.
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F %434 M (Principal Component Analysis)

Eigenfaces
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PCA
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WMH: R=ikW

RARAETE, 7 F % BA 6 ik

From “A Sampler of Useful Computational Tools for Applied Geometry, Computer Graphics, and Image Processing’/“2
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https://medium.com/@MarynaL?source=post_page-----3675c94a7d--------------------------------

W H: BERIEER (Model Reduction)

KA IE 2 4% (Proper orthogonal decomposition)
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Kernel PCA

Input
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* Daniel Cohen-Or:
https://www.cs.tau.ac.il/~dcor/Graphics/ graphics2021.html

* Gilbert Strang: https://math.mit.edu/~gs/lLectureNotes/

* Eftychios Sifakis: https://viterbi-web.usc.edu/~jbarbic/femdefo/

* Olga Sorkine-Hornung:
https://igl.ethz.ch/projects/ ARAP/svd_rot.pdf
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