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Scientists See Promise in Deep-Learning Programs
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More dimensions: space, conditions, etc.
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(e.g., Amazon, Facebook)

[> Tucker decomposition (HOSVD) / CP decomposition



B8 - JEEDEE (SVD)
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where U, V: Orthogonal (UTU=I, VTV=I)

01

o;: jth largest singular value

) —

r: rank (number of non-zero

singular values)
* Note: r<min(d,,d,)
 Can be computed efficiently even for very large matrices

(see Liberty et al. “Randomized algorithms for the low-
rank approximation of matrices.”PNAS, 2007)
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« CP =CANDECOMP [Carroll & Chang 70] /

PARAFAC [Harshman 70]
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Convex

Non-convex
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Schatten p-/ )L /s HWH ' S:J 19 o (W)
(DpFE)
aj(W) : jth largest singular value
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minimize Z (ym — wz-j)z,
i (i)
subject to  ||W||g, <7

r
Schatten 1-/JL A HWHSl — S:j—l Uj(W)

O‘j(W) : jth largest singular value

See Candes & Recht 09; Candes & Tao 10; Foygel & Srebro 11



Tucker= > ¥ O EM

[Liu+09, Signhoretto+10, Tomioka+10, Gandy+11]
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Singular value shrinkage

1
softth(W) = argmin <§HZ — W% + )\HZHSl>

ZeRdl X do
= Umax(S — \,0)V'
where W=USVT

Original SV spectrum
Shrunk SV spectrum

Singularvalues

SV index



