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Quick Introduction to Tensors

idimensional arrays, an N-dimensional
ors is said to be N-way or order-N.
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nical Polyadic
mposition (CP):
composes a tensor
) a sum of rank 1
SOrs

X=[UV,W]




legorithm 5 CP_ALS

equire: X is an N-way tensor with dimensions Iy X Iy X --- X In_1, n € [N], U, is the nth
factor matrix, and a rank C
function Y = cp_ALs(X,C)
while stopping conditions not met do
for n € [N] do
H= U-(I;))U(o) E JEIUE 3 U-(I;z—l)U(n—l) * U{n+1)U(‘n+1) E JEIUIE U{N_l)U(N—-l)
M=Xn(Un-1) @O U1 ©Un10---© U(g))
solve U,, = MH'
end for
end while
end function
nsure: Y is a rank C CP Model
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Element wise matrix product denoted *
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(n) (UIN-10..00n+1 OUin—-10..0Ul0)

tri Rao Product (KRP):
OB

A1l
Imn-wise Kronecker Product C

= AGLDOL(Y)

lJadamard Product of Rows

P+ rlA HB )= A(rd : )x B(riB ;) K(riB+rid N5 )



n=0, XI(:jk) n=1, XI(ik) n=2, XI(i})



l(n) (UIN-10..00in+1 OUIn-10..0010)

The nth mode matricization of a N-
way tensor x that is 70 xz1 x..xznv-1
IS denoted xu» and IS /nx/i#n

Xi(mn) denotes a matricization
where fmm+1,..,7}) are the row
modes
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[(n) (U0 O...00In—1 QUin+1 O..0UIN-1)

laive algorithm

)

.

Permute X to X{(n)
Call DGEMM

-Step and 2-Step MTTKRP
Avoid permuting X
Efficiently form the KRP
= 1Step

Form K=(/I0 O..QUn—1 QUin+1 O..QUIN-1)

Xi(n)

—

[l#n

o (UIN-10..0Uin+1 QUIn—10..QUL0)

= 2Step
o KL= (U0 0O..0Q0In-1)
o KIR=(Uin+10O..QUIN)

Utilize BLAS

VA
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Number of Threads

Timings for KRPs of naive and reuse algorithms.



id permuting tensor entries
5t computation as matmul

bservation: the nth mode
ization of a tensor can be
led by chunking the tensor
ontiguous submatrices of
size.

X(0)

IR blocks
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IR blocks ==
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st Compute a Partial MTTKRP
. Compute xuz and iz
. Le XU0:n—1)IT-KIL

o LIS MnX..XHUN-1XC

>cond Compute a Series of ? operations.
. Tensor Times Vector (TTVs)

. Tensor Times Matrix (TTMs)

. Quasi-Tensor Times Matrix (g-TTMs)




st Compute a Partial MTTKRP
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cond Compute a series of TTVs

TR I
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M(:,,
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Call Parallel BLAS
WOWw!!!
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Per iteration time of a CP decomposition via ALS. Matlab used the
Tensor Toolbox cp_als function, version 2.6. [1]
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) interesting networks
Positive affect

Negative affect

ia M., Hayashi K., Ballard G.,
lib I. Dynamic Functional
1nectivity and Individual
erences in Emotions During
vial Stress - 1o appear in

nan Brain Mapping
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