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when Randomized Algs meet TNS
Beheshteh T Rakhshan

Agenda
Motivation
why Tensor Decompositions
why Randomization

y tensor Trai
TT SVD
Randomized TISV
TT ALS
Randomized TIAL

Motivation

E 1f.it fetwmethoe
TN my parameterize linear models in

exponentially large space
ie g Stoudemire et al

Randomized my speedup classiial methods
e g SUD

Classical Randomized Algs suffer
Curseof dimensionality


















































































































Tensors and decompositions

Notations

a IR
m A 12mn

an E.IR
A Erdix do

d

Decompositions
Tensors are huge
Decompose them into smaller objs
compressed representation
Different ways doing it

2D example

SUDMO AER tv z r.tt

CP Decomposition

d A

d
d ai at

andI dl Id
Parameters d

Parameters O Ndr

Finding rank r decomp is NP hard


















































































































Tucker Decomposition

d A

d
d w iii on

parameters do
d d I

Exponential in µ
Parameters Of rN Nrd

Tensor_Train TT Decomposition

d A

d
d

S 52_ᵗ Ign Ign
d Id d d

parameters d
parameters O Ndr

Randomized Methods

speedup provide accurate approximate solutions

Linear Least square An b AER mad

Construct S by
1 Samplingmethods
2 Random projection

such that SAN Sb SER

obtain x ̅ a

Sampling e g Sample rows via uniform
Samplevows via leverage scores


















































































































HAI 5112 11 4 11AMopt bllw.h.pe

Random projection sym

f RmpRs sam their fix Ra

Define S R to 5 here is not data dependen

R No i and dense

then 11 61114 11 IISAXII 11 41114 11 w.h.pe

How to compute TT decomposition

1 TT SUD
2 Randomized TT SVD
3 TT ALS
4 Randomized TT ALS

III at
I Matricization 8 ReshapingA suchthat resulting

tensor is a 2D tensor

e g A eRd daddy a z
epdidaxds.de

A z
did 4

Apr e
d2d3 did4






























































I Left andrightorthogonal

R E Rm is left orthogonal QQ
Q E 12mn is right orthogonal to QQ Ifm

orthogonal Tensors
a

m
OR n n TH

n

E n

QQ In
m
for m BY n fl m In
Q

QQ Im

BP s d
Gaffer Id

Left orthogonal form of a TT

Br Me ma's
di d d d4

Right orthogonal form of a TT

pi Bob Po
di d d d4



Frobenius norm of a orthogonal TT

e go me peg's

dad d4 d de d d4

11C Tr CTE

By My pas
di da ds die

18m80s

11A 11

TT SVD
v Ʃ it

a
Reshape
dya.it sf a I I

I fire f Effi
r.VE4tResa8pe

V di



BY TH I
d do ds d4

Efficient way to covert a TT
n r B

dz d4

Ted is

di de d d4

mar HM
du

Q Rz

TT ALS Alternating Least Square

argmin 11 sit
A A p A 1

Al Az.AZA4

Non convex

Instead A

argmin A A at

As



HOW

Initialize A A randomly crudeguess

angmin d B to as11

As fnÉ
until convergence 1

argyj.nl A A A Aj 11

cost Old to solve LS

Randomized TIALS

argyink Ax b If arggin
11 SAX Sblf

argmin S A A'F A SAT j If

Leverage scorescontrasted patifastati
orth Fat



Pia Ali AT i squared norm of rows

Let L A

Define
g LT Rj

11 Sample a column index uniformly L

2 Sample a row index from LT 172

3 Define
T

h A I Sati A T Sj z A Tisja

samphversfromatuptokt
Lemma

Pl 4 4 5 Is E e a 11A t.sk h l

a data structure sample efficiently

Vivek Bharadwaj



Cost of one sweep of Rand TT ALS

0 Eg NR log I IR

such that

11 AI BHF 1 4 MAX Blle where

x ̅
arggin

11 SAI SB If w hip


