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A Tensor Is an-Way Array

Vector Matrix 3d-Order Tensor 5th-Order Tensor
d=1 d=2 d=3 d=5
a A A

4th-Order Tensor
d=4
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Tensor Decompositions are the
New Matrix Decompositions
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Singular value decomposition (SVD),
eigendecompositio(EVD),
nonnegative matrix factorization
(NMF), sparse SVD, etc.

Viewpoint 1:Sum of outer products,
useful for interpretation
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CP ModelSum of dway outer products,
useful for interpretation
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CANDECOMP, PARAFAC, CanoRigighdic CP

Viewpoint 2:Highvvariance subspaces,
useful for compression
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Tucker ModelProject onto higkhvariance
subspaces to reduce dimensionality
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Other models for compression include
hierarchical Tucker and tensor train.




CP Tensor Decomposition: Wi
Sum of Outer Products

Component R
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Data Factor Matrices

Model: M = Z N\, X0V, 0Z

[Hjl&[n Z(aijk — mijk)z subject to  myix = z,; A Tir Yir zm}
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Key references: Hitchcock, 192arshman 1970; Carroll and Chang, 1970
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Featuring work of Alex williams
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Motivating Example: e B
Neuron Activity in Learning

One Trial

Thanks tdSchnitzeGroup @ Stanford 300 neuronsH120 time bins

Mark SchnitzerForiwang, Tony Kim

Microscope by

Inscopix
One Column
of Neuron X
mouse T & neural activity fime e,
AY aYFT S¢ -

H600 trials (over 5 days)

Coming soon: Williams, Wang, KiathnitzerGanguli Kolda, 2016
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