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Abstract—Given an irregular dense tensor, how can we ef-
ficiently analyze it? An irregular tensor is a collection of
matrices whose columns have the same size and rows have
different sizes from each other. PARAFAC2 decomposition is a
fundamental tool to deal with an irregular tensor in applications
including phenotype discovery and trend analysis. Although
several PARAFAC2 decomposition methods exist, their efficiency
is limited for irregular dense tensors due to the expensive
computations involved with the tensor.

In this paper, we propose DPAR2, a fast and scalable
PARAFAC2 decomposition method for irregular dense tensors.
DPAR2 achieves high efficiency by effectively compressing each
slice matrix of a given irregular tensor, careful reordering of
computations with the compression results, and exploiting the ir-
regularity of the tensor. Extensive experiments show that DPAR2
is up to 6.0x faster than competitors on real-world irregular
tensors while achieving comparable accuracy. In addition, DPAR2
is scalable with respect to the tensor size and target rank.

Index Terms—irregular dense tensor, PARAFAC2 decomposi-
tion, efficiency

I. INTRODUCTION

How can we efficiently analyze an irregular dense tensor?
Many real-world multi-dimensional arrays are represented as
irregular dense tensors; an irregular tensor is a collection of
matrices with different row lengths. For example, stock data
can be represented as an irregular dense tensor; the listing
period is different for each stock (irregularity), and almost all
of the entries of the tensor are observable during the listing
period (high density). The irregular tensor of stock data is
the collection of the stock matrices whose row and column
dimension corresponds to time and features (e.g., the opening
price, the closing price, the trade volume, etc.), respectively. In
addition to stock data, many real-world data including music
song data and sound data are also represented as irregular
dense tensors. Each song can be represented as a slice matrix
(e.g., time-by-frequency matrix) whose rows correspond to the
time dimension. Then, the collection of songs is represented as
an irregular tensor consisting of slice matrices of songs each
of whose time length is different. Sound data are represented
similarly.

Tensor decomposition has attracted much attention from the
data mining community to analyze tensors [I|-[10]. Specifi-
cally, PARAFAC2 decomposition has been widely used for
modeling irregular tensors in various applications including
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phenotype discovery [11], [[12]], trend analysis [13]], and fault
detection [14]]. However, existing PARAFAC2 decomposition
methods are not fast and scalable enough for irregular dense
tensors. Perros et al. [11] improve the efficiency for handling
irregular sparse tensors, by exploiting the sparsity patterns of
a given irregular tensor. Many recent works [12]], [[15[]—[17]]
adopt their idea to handle irregular sparse tensors. However,
they are not applicable to irregular dense tensors that have
no sparsity pattern. Although Cheng and Haardt [[18]] improve
the efficiency of PARAFAC2 decomposition by preprocessing
a given tensor, there is plenty of room for improvement in
terms of computational costs. Moreover, there remains a need
for fully employing multicore parallelism. The main challenge
to successfully design a fast and scalable PARAFAC2 decom-
position method is how to minimize the computational costs
involved with an irregular dense tensor and the intermediate
data generated in updating factor matrices.

In this paper, we propose DPAR2 (Dense PARAFAC2
decomposition), a fast and scalable PARAFAC2 decomposition
method for irregular dense tensors. Based on the charac-
teristics of real-world data, DPAR2 compresses each slice
matrix of a given irregular tensor using randomized Sin-
gular Value Decomposition (SVD). The small compressed
results and our careful ordering of computations consider-
ably reduce the computational costs and the intermediate
data. In addition, DPAR2 maximizes multi-core parallelism
by considering the difference in sizes between slices. With
these ideas, DPAR2 achieves higher efficiency and scalability
than existing PARAFAC2 decomposition methods on irregu-
lar dense tensors. Extensive experiments show that DPAR2
outperforms the existing methods in terms of speed, space,
and scalability, while achieving a comparable fitness, where
the fitness indicates how a method approximates a given data
well (see Section [TV-A).

The contributions of this paper are as follows.

o Algorithm. We propose DPAR2, a fast and scalable
PARAFAC2 decomposition method for decomposing ir-
regular dense tensors.

« Analysis. We provide analysis for the time and the space
complexities of our proposed method DPAR2.

« Experiment. DPAR2 achieves up to 6.0x faster running
time than previous PARAFAC2 decomposition methods
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Fig. 1. [Best viewed in color] Measurement of the running time and fitness on real-world datasets for three target ranks R: 10, 15, and 20. DPAR2 provides
the best trade-off between speed and fitness. DPAR2 is up to 6.0 faster than the competitors while having a comparable fitness.

TABLE I
SYMBOL DESCRIPTION.
Symbol Description
{Xrti irregular tensor of slices Xy, for k =1,..., K
Xk slice matrix (€ I X J)
X(1,:) i-th row of a matrix X
X(:,7) j-th column of a matrix X
X (4, 7) (%, j)-th element of a matrix X
X (n) mode-n matricization of a tensor X
Q, Sk factor matrices of the kth slice
H, V factor matrices of an irregular tensor
Ay, Bg, Ci, SVD results of the kth slice
D, EF SVD results of the second stage
F) kth vertical block matrix (€ R* 1) of F(c REKEXE)
Zi Sk, Pi. SVD results of FOEDT VS, HT
R target rank
® Kronecker product
® Khatri-Rao product
element-wise product
I horizontal concatenation
vec(+) vectorization of a matrix

based on ALS while achieving a similar fitness (see
Fig. [T).

« Discovery. With DPAR2, we find that the Korean stock
market and the US stock market have different corre-
lations (see Fig. [[I) between features (e.g., prices and
technical indicators). We also find similar stocks (see
Table on the US stock market during a specific event
(e.g., COVID-19).

In the rest of this paper, we describe the preliminaries in
Section |lI} propose our method DPAR2 in Section present
experimental results in Section discuss related works in
Section [V] and conclude in Section The code and datasets
are available at https://datalab.snu.ac.kr/dpar2,

II. PRELIMINARIES

In this section, we describe tensor notations, tensor opera-
tions, Singular Value Decomposition (SVD), and PARAFAC2
decomposition. We use the symbols listed in Table [I]

A. Tensor Notation and Operation

We use boldface lowercases (e.g. x) and boldface capitals
(e.g. X) for vectors and matrices, respectively. In this paper,
indices start at 1. An irregular tensor is a 3-order tensor X
whose k-frontal slice X(:,:, k) is X € R**/. We denote
irregular tensors by {X;}X | instead of X where K is
the number of k-frontal slices of the tensor. An example

Algorithm 1: Randomized SVD [20]

Input: A € R™*/

Output: U € R7*F S ¢ RPXE and V € R7*E,
Parameters: target rank R, and an exponent ¢

: generate a Gaussian test matrix € € R7*(F+2)
construct Y + (AAT)7AQ

QR Y using QR factorization

construct B < QT A

Uxv?T B using truncated SVD at rank R
return U =QU, X, and V

AR

is described in Fig. @ We refer the reader to [19] for the
definitions of tensor operations including Frobenius norm,
matricization, Kronecker product, and Khatri-Rao product.

B. Singular Value Decomposition (SVD)

Singular Value Decomposition (SVD) decomposes A €
R’ to X = UXVT. U € RIXE js the left singular vector
matrix of A; U = [u; ---u,] is a column orthogonal matrix
where R is the rank of A and uy, - - -, up are the eigenvectors
of AAT. 3 is an Rx R diagonal matrix whose diagonal entries
are singular values. The ¢-th singular value o; is in 3; ; where
01> 09> >0p >0.VcR/¥F is the right singular
vector matrix of A; V = [vy---vg] is a column orthogonal
matrix where vy, ---, vy are the eigenvectors of ATA.

Randomized SVD. Many works [20]-[22]] have introduced
efficient SVD methods to decompose a matrix A € RI*/
by applying randomized algorithms. We introduce a popular
randomized SVD in Algorithm [I] Randomized SVD finds a
column orthogonal matrix Q € R (7i+5) of (AAT)IAQ us-
ing random matrix €2, constructs a smaller matrix B = QTA
(€ RUE+$)x7) "and finally obtains the SVD result U (= QU),
3, V of A by computing SVD for B, ie., B ~ USVT,
Given a matrix A, the time complexity of randomized SVD

s O(IJR) where R is the target rank.

C. PARAFAC2 decomposition
PARAFAC2 decomposition proposed by Harshman [23]]

successfully deals with irregular tensors. The definition of
PARAFAC2 decomposition is as follows:

Definition 1 (PARAFAC2 Decomposition). Given a target
rank R and a 3-order tensor {X;,}5_, whose k-frontal slice
is X;, € RIXJ for k = 1,..., K, PARAFAC2 decomposition
approximates each k-th frontal slice Xy, by UpS, V™. Uy, is
a matrix of the size I, X R, Sy is a diagonal matrix of the
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Algorithm 2: PARAFAC2-ALS [24]

Input: X, ¢ R"**/ fork=1,...,K

Output: U, € R**F §, e RE*F for k=1, ...,
V e R7*E,

Parameters: target rank R

K, and

1: initialize matrices H € RF*®, V, and Sy, for k=1,..., K
2: repeat
3: fork=1,..,.K do/
4: compute Z} X1 P,T + X, VS, HT by performing
truncated SVD at rank R
6: end for
7. fork=1,.. K do
8: Y, — QF X,
9: end for
10:  construct a tensor Y € RF**X from slices Y, € REX/
fork=1,...K
/* running a single iteration of CP-ALS
on'Y «/
1: H«YnH(WoV)(WIWxVTv)f
122 VYo, (WoH)(W'W«H H)'
132 W<+ Y (VoH)(VIV«HTH)!
14. fork=1,..,K do
15: Sk < diag(W (k,:))
16: end for
17: until the maximum iteration is reached, or the error ceases to
decrease;
18: for k=1,..., K do
19: Ui +— QkH
20: end for

size R X R, and V is a matrix of the size J X R which are
common for all the slices. O

The objective function of PARAFAC2 decomposition [23]]

is given as follows.
K

min X, — UpS,VT||? 1
{Uk},{sk},vk;H k= UiVl )

For uniqueness, Harshman [23]] imposed the constraint (i.e.,

UJU = & for all k), and replace U} with Q;H where Q,

is a column orthogonal matrix and H is a common matrix for

all the slices. Then, Equation (1) is reformulated with Q;H:
min

X, — QuHS, VT 2
{Qt}{sk}HleH ¢~ QHS VI ®)

Fig. 2] shows an example of PARAFAC2 decomposition for a
given irregular tensor. A common approach to solve the above
problem is ALS (Alternating Least Square) which iteratively
updates a target factor matrix while fixing all factor matrices
except for the target. Algorithm |2 describes PARAFAC2-ALS.
First we update each Qj while fixing H, V, Sy for k =
LK (hnes E] and [5] ' By computing SVD of X; VS, H”
as Z’ >/ ;CP,~C , we update Qp as Z, Pk , which minimizes
Equatlon @) over Qi [11]I, [24]l, [25]]. After updating Q. the
remaining factor matrices H, V, S, is updated by minimizing
the following objective function:
K
min

shn ZHQka ~HS, V'||% 3)
k

Minimizing this functlon is to update H, V, S; using CP
decomposition of a tensor Y € R*/*K whose k-th frontal

U, = QH
Q; H Sk

]

Its PARAFAC2 Decomposition

{Xk }kK:1

PARAFAC2
Decomposition
i

> <

— > <
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<
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Fig. 2. Example of PARAFAC2 decomposition. Given an irregular tensor
{Xk}szl, PARAFAC?2 decomposes it into the factor matrices H, V, Qy,
and Sy, for k =1, ..., K. Note that QH is equal to Uy,.
slice is QTX;C (lines I and . We run a single iteration of
CP decomposition for updating them [24] (lines[TT|to[I6). Qp,
H, S;, and V are alternatively updated until convergence.
Iterative computations with an irregular dense tensor require
high computational costs and large intermediate data. RD-
ALS [18]] reduces the costs by preprocessing a given tensor and
performing PARAFAC?2 decomposition using the preprocessed
result, but the improvement of RD-ALS is limited. Also,
recent works successfully have dealt with sparse irregular
tensors by exploiting sparsity. However, the efficiency of their
models depends on the sparsity patterns of a given irregular
tensor, and thus there is little improvement on irregular dense
tensors. Specifically, computations with large dense slices Xy,
for each iteration are burdensome as the number of iterations
increases. We focus on improving the efficiency and scalability
in irregular dense tensors.

III. PROPOSED METHOD

In this section, we propose DPAR2, a fast and scalable
PARAFAC2 decomposition method for irregular dense tensors.

A. Overview

Before describing main ideas of our method, we present
main challenges that need to be tackled.

Cl. Dealing with large irregular tensors. PARAFAC2 de-
composition (Algorithm [2) iteratively updates factor ma-
trices (i.e., Uy, Si, and V) using an input tensor. Dealing
with a large input tensor is burdensome to update the
factor matrices as the number of iterations increases.
Minimizing numerical computations and intermediate
data. How can we minimize the intermediate data and
overall computations?

Maximizing multi-core parallelism. How can we paral-
lelize the computations for PARAFAC2 decomposition?

C2.

C3.

The main ideas that address the challenges mentioned above
are as follows:

I1. Compressing an input tensor using randomized SVD

considerably reduces the computational costs to update

factor matrices (Section [III-B)).

Careful reordering of computations with the com-

pression results minimizes the intermediate data and the

number of operations (Sections to [[II-E.

13. Careful distribution of work between threads enables
DPAR2 to achieve high efficiency by considering various
lengths I, for k =1, ..., K (Section [[II-F).

12.



[OOSR
| 1

Fo=—-===- -

X '
,I:”:l- transpose ] concatenation 1 D
1
'

C;B;

X ~

! The preprocessed results !

1]
<
o

Stage 2

Fig. 3. Two-stage SVD for a given irregular tensor. In the first stage,
DPAR2 performs randomized SVD of Xy for all k. In the second stage,
DPAR?2 performs randomized SVD of M € RY XX which is the horizontal
concatenation of CBy.

DPAR?2 first compresses each slice of an irregular tensor
using randomized SVD (Section [[II-B). The compression is
performed once before iterations, and only the compression
results are used at iterations. It significantly reduces the time
and space costs in updating factor matrices. After compression,
DPAR?2 updates factor matrices at each iteration, by exploiting
the compression results (Sections to [II-E). Careful re-
ordering of computations is required to achieve high efficiency.
Also, by carefully allocating input slices to threads, DPAR2
accelerates the overall process (Section [II-F).

B. Compressing an irregular input tensor

DPAR? (see Algorithm [3) is a fast and scalable PARAFAC2
decomposition method based on ALS described in Algo-
rithm [2} The main challenge that needs to be tackled is to
minimize the number of heavy computations involved with a
given irregular tensor {X;}X | consisting of slices X for
k=1,...,K (in lines @ and [§] of Algorithm [2). As the number
of iterations increases (lines[2]to[I7)in Algorithm [2), the heavy
computations make PARAFAC2-ALS slow. For efficiency, we
preprocess a given irregular tensor into small matrices, and
then update factor matrices by carefully using the small ones.

Our approach to address the above challenges is to compress
a given irregular tensor {Xk,}f:1 before starting iterations. As
shown in Fig. [3] our main idea is two-stage lossy compres-
sion with randomized SVD for the given tensor: 1) DPAR2
performs randomized SVD for each slice X, for k =1,..., K
at target rank R, and 2) DPAR2 performs randomized SVD
for a matrix, the horizontal concatenation of singular value
matrices and right singular vector matrices of slices Xj.
Randomized SVD allows us to compress slice matrices with
low computational costs and low errors.

First Stage. In the first stage, DPAR2 compresses a given
irregular tensor by performing randomized SVD for each slice
X, at target rank R (line [3] in Algorithm [3).

Xy ~ AyBLCL 4)
where A, € R™* is a matrix consisting of left singular
vectors, By, € REXE jg g diagonal matrix whose elements are
singular values, and C; € R7*F is a matrix consisting of
right singular vectors.

Second Stage. Although small compressed data are gener-
ated in the first step, there is a room to further compress the
intermediate data from the first stage. In the second stage, we

compress a matrix M = ||X_, (C;By,) which is the horizontal
concatenation of C;By for £k = 1,..., K. Compressing the
matrix M maximizes the efficiency of updating factor matrices
H, V, and W (see Equation (EI)) at later iterations. We
construct a matrix M € R7*&% by horizontally concatenating
CiBy, for k =1, ..., K (line[5]in Algorithm [3). Then, DPAR2
performs randomized SVD for M (line [6] in Algorithm [3):

M = [C,B;;--- ;CxBxk| = |, (CyBr) ~ DEFT (5)
where D € R7*® is a matrix consisting of left singular
vectors, E € REXE j5 a diagonal matrix whose elements are
singular values, and F € RXEXR j5 a matrix consisting of
right singular vectors.

With the two stages, we obtain the compressed results D, E,
F, and Ay for k =1, ..., K. Before describing how to update
factor matrices, we re-express the k-th slice X by using the
compressed results:

X, ~ A, FOEDT (6)
where F(¥) ¢ REXE ig the kth v(elr)tical block matrix of F:
F
F=| : (7
F&K)

Since Cj,By is the kth horizontal block of M and DEF ()T
is the kth horizontal block of DEFT, B, C% corresponds to
FMEDT”. Therefore, we obtain Equation (6 by replacing
B, C} with F®WED” from Equation ().

In updating factor matrices, we use A;F*)ED? instead
of Xj. The two-stage compression lays the groundwork for
efficient updates.

C. Overview of update rule

Our goal is to efficiently update factor matrices, H, V, and
Si and Qg for £ = 1,..., K, using the compressed results
A, FOEDT. The main challenge of updating factor matrices
is to minimize numerical computations and intermediate data
by exploiting the compressed results obtained in Section [III-B
A naive approach would reconstruct X, = A, F®ED? from
the compressed results, and then update the factor matrices.
However, this approach fails to improve the efficiency of
updating factor matrices. We propose an efficient update rule
using the compressed results to 1) find Qj and Yy (lines
and [§] in Algorithm [2), and 2) compute a single iteration of
CP-ALS (lines [T1] to [I3] in Algorithm [2).

There are two differences between our update rule and
PARAFAC2-ALS (Algorithm [2). First, we avoid explicit com-
putations of Qj and Y. Instead, we find small factorized
matrices of Qi and Yy, respectively, and then exploit the
small ones to update H, V, and W. The small matrices
are computed efficiently by exploiting the compressed results
A, F®EDT instead of X;. The second difference is that
DPAR2 obtains H, V, and W using the small factorized
matrices of Y. Careful ordering of computations with them
considerably reduces time and space costs at each iteration.
We describe how to find the factorized matrices of Qj and
Y, in Section and how to update factor matrices in
Section [[II-El



D. Finding the factorized matrices of Qy and Y,

The first goal of updating factor matrices is to find the fac-
torized matrices of Qj and Yy, for k = 1, ..., K, respectively.
In Algorithm [2] finding Qj and Y}, is expensive due to the
computations involved with X, (lines ] and [8]in Algorithm 2).
To reduce the costs for Qj, and Y, our main idea is to exploit
the compressed results Ay, D, E, and F(&) instead of Xk.
Additionally, we exploit the column orthogonal property of
A, e, A{Ak = I, where I is the identity matrix.

We first re-express Qy using the compressed results ob-
tained in Section DPAR2 reduces the time and space
costs for Qy by exploiting the column orthogonal property of
Ay, First, we express X, VS,H” as A, FOEDTVS,H”
by replacing X, with A, F*ED7. Next, we need to obtain
left and right singular vectors of A,F®EDT VS,HT. A
naive approach is to compute SVD of A, F®WED”VS,HT,
but there is a more efficient way than this approach. Thanks to
the column orthogonal property of A, DPAR2 performs SVD
of FOMEDTVS, HT € REXE not A ,FHEDTVS,HT ¢
RIxx1 at target rank R (line E] in Algorithm :

FOEDTVS,HT *Y 7,5, PT (8)
where X, is a diagonal matrix whose entries are the singular
values of FMEDTVS,H7, the column vectors of Z; and
P;. are the left singular vectors and the right singular vec-
tors of FWEDT VS, HT, respectively. Then, we obtain the
factorized matrices of Qj, as follows:

Qi = ALZ,P] )
where ApZ; and Pj are the left and the right singular
vectors of A,FHEDTVS,H”, respectively. We avoid the
explicit construction of Qy, and use Ay Zka instead of Q.
Since Ay is already column-orthogonal, we avoid performing
SVD of A, FOEDTVS,H”, which are much larger than
FHWEDTVS,HT.

Next, we find the factorized matrices of Y. DPAR2 re-
expresses Q7 Xy, (line [8]in Algorithm [2) as QgAkF(k)EDT
using Equation (6). Instead of directly computing
QFAFMEDT, we replace QF with P,ZIAZ. Then,
we represent Y as the following expression (line in
Algorithm [3):

Y, QA FWEDT = P2l AT AL FHEDT
=P, Z{ FHED”
Note that we use the property AfAk = Igr«Rr, where Ig.
is the identity matrix of size R x R, for the last equality.

By exploiting the factorized matrices of Qy, we compute Yy
without involving Ay in the process.

E. Updating H, V, and W

The next goal is to efficiently update the matrices H, V,
and W using the small factorized matrices of Y. Naively,
we would compute Y and run a single iteration of CP-
ALS with Y to update H, V, and W (lines to in
Algorithm [2). However, multiplying a matricized tensor and
a Khatri-Rao product (e.g., Y(1)(W © V)) is burdensome,
and thus we exploit the structure of the decomposed results
P,LZIFHED” of Y}, to reduce memory requirements and

Algorithm 3: DPAR2

Input: X5 e R*7 fork=1,.... K
Output: U, € R"**E §, ¢ REXE for k=1, ..., K, and
V e R7*E,
Parameters: target rank R
1: initialize matrices H € RE*® V, and S, for k = 1,..,.K
/+ Compressing slices in parallel x/
2: for k=1,...,K do
3:  compute AyBC} « SVD(X) by performing
randomized SVD at rank R
4: end for
M « [[;21(CyBy)
6: compute DEFT < SVD(M) by performing randomized SVD
at rank R
/+ Iteratively updating factor matrices =/
7: repeat
8 fork=1,..,K do
9 compute Z X, P «— SVD(FWEDTVS,HT) by
performing SVD at rank R
10: end for
/* no explicit computation of Yji =/
11: fork=1,...,K do

ed

12: Y, « PLZTFHEDT

13:  end for
/* running a single iteration of CP-ALS
onY «/

14:  compute G < Y (;)(W ® V) based on Lemma

15 H+ GHOWIW « vIv)f > Normalize H

16:  compute G? « Y (2) (W © H) based on Lemma

17 V+ GOW'W+HTH) > Normalize V

18:  compute G®) Y (3)(V © H) based on Lemma

190 W+« GOWVITV«HTH)

20: for k=1,..., K do

21: Sk + diag(W(k,:))

22:  end for

23: until the maximum iteration is reached, or the error ceases to
decrease;

24: for k=1,..., K do

25: U+ AZ,PTH

26: end for

GW e RRP*R W € RK*R, p, ZTF®) € RR*R EDTV € RR*R
Ww(,r)

W(K,r)

Fig. 4. Computation for G(1) = Y (1)(W®V). The rth column GO, r)
of GM) is computed by (Zf:l Wi(k,r) (PkZEF(k'))) EDTV(,r).

i +. . .+|

--- P ZTF®

EDTV(:,7)

computational costs. In other word, we do not compute Yy,
and use only Py ZgF(k)EDT in updating H, V, and W. Note
that the k-th frontal slice of Y, Y(:,:, k), is PLZI FHEDT.

Updating H. In Y (1) (WO V)(WTW « VI'V)T, we focus
on efficiently computing Y (1)(W © V) based on Lemma
A naive computation for Y 1)(W © V) requires a high com-
putational cost O(JK R?) due to the explicit reconstruction
of Y(l). Therefore, we compute that term without the recon-
struction by carefully determining the order of computations
and exploiting the factorized matrices of Y (1), D, E, Py, Zy,



G® € R/*R DE € R/*R, W € RK*R F(OTZ, pT € RR¥R H € RF¥R

W(1,7) F(K)TZKpl’g

G¢@(,r) DE

f

" '?’E e
WK, ) ¢

Fig. 5. Computation for G(2) = Y (,)(W@®H). The rth column G (:, r)
of G is computed by DE Y"1 (W (k, r)FMTZ, PTH(:,7)).

and F*) for k = 1,..., K. With Lemma [I| we reduce the
computational cost of Y(1)(W ® V) to O(JR? + KR?).

Lemma 1. Let us denote Y (W © V)
with G € REXE GM(.,r) is  equal to
((Zi Wik, 7) (PZIF®) ) EDTV(: 1) ). 0
Proof. Y (1) is represented as follows:
Y = [P1ZTFOEDT ; PrzZLFHEEDT]

EDT ... (0)

= (I, (PiziE®)) ;

EDT

= (I (Pi2FW) ) (L © BDT)
where Iy is the identity matrix of size K x K. Then,
G =Y ;) (W ® V) is expressed as follows:

GM = (i, (PuzfF®))
(IK><K ® EDT) (Hﬁ:l(W(Z,T) ® V(:J‘)))

= (I (PZEF™) ) (1) (W) @ EDTV(, 1))
The mixed-product property (ie., (A ® B)(C ® D) =
AC ®BD)) is used in the above equation. Therefore, G (
,7) is equal to (||&; (PLZTF®)) (W(:,r) @ EDTV(,1))
We represent it as > p_, W(k,r) (PtZIF®) EDTV(:
,7) using block matrix multiplication since the k-th ver-
tical block vector of (W(:;,7) @ EDTV(;,r)) € RKR is
W (k,r)EDTV(;,r) € RE. m

X

As shown in Fig. |4l we compute Y (1)(W © V) column by
column. In computing G (:,7), we compute EDTV(:,r),
sum up W (k,r) (P,ZLF®) for all k, and then perform ma-
trix multiplication between the two preceding results (line [14]
in Algorithm . After computing G+ Y (1)(W © V),
we update H by computing G (WTW x VI'V)! where
T denotes the Moore-Penrose pseudoinverse (line [T3] in Al-
gorithm [3). Note that the pseudoinverse operation requires a
lower computational cost compared to computing G(1) since
the size of (WTW x VIV) € REXE i small.

Updating V. In computing Y (2)( WoU)(WTWxUTU)T,
we need to efficiently compute Y (5)(W © U) based on
Lemma As in updating H, a naive computation for
Y (2)(W © U) requires a high computational cost O(JK R?).
We efficiently compute Y (o) (W @ U) with the cost O(JR? +
K R?), by carefully determining the order of computations and
exploiting the factorized matrices of Y ().

G® e RKXR p, ZTF®) € RR¥R EDTV € RR*R, H € RF*R

I_____(vec(sz,fF(k)))T H(:l,r)
e[ Tal]]
S
EDTV(:,7)

Fig. 6. Computation for G(3) = Y3 (Vo H). G®) (k,r) is computed
by (vec (PLZTF®)))T (EDTV(:,r) @ H(;, ).

Lemma 2. Let us denote Yo(W © H)
with  G®) € RI*E GO (. r) is equal to
DE (L1, (W(k,)FMTZPTH(, 1)) ), O
Proof. Y (3) is represented as follows:

Y = [DEFWTZ,PT ;...; DEFOTZ,PL]

— DE (HkK:lF(k)Tsz{)
Then, G = Y (2)(W © H) is expressed as follows:
G® —DE (||kK:1F<k>TZkP{)

W (L, DH(:, 1); . W(1, R)H(:, R)
x : :
W (K, H(;, 1); s W(K, R)H(;, R)
G®@(:,r)is equal to DE Zkl,(zl (W (k,r)FPTZ,PTH(:, 1))
according to the above equation. O

As shown in Fig. |S| we compute G(?) < Y5 (W © H)
column by column. After computing G, we update V
by computing G (WTW s« H'H)" (lines (16 and [17] in
Algorithm [3).

Updating W. In computing Y (5)(VoOH)(VIV«H H)T,
we efficiently compute Y (3)(V © H) based on Lemma (3| As
in updating H and V, a naive computation for Y (3)(V © H)
requires a high computational cost O(JK R?). We compute
Y (3)(VOH) with the cost O(J R?+ K R?) based on Lemma[3]
Exploiting the factorized matrices of Y (3) and carefully de-
termining the order of computations improves the efficiency.

Lemma 3. denote Y3 (V © H)
with G € GO (k,r) is equal to
(vec (PkZEF(k)))T (EDTV(:,r) @ H(:,7)) where vec(-)
denotes the vectorization of a matrix. (|

Let us
RK XR

Proof. Y (3) is represented as follows:
(vee (P,ZTFWEDT))"
Y3 = :
(vec (P ZLFEEDT))"

(Hkl-(=1 (1}66 (PkZEF(k)EDT) ) ) !

- (Hﬁ(:l(DE ® I)vec (PkZ{F(k))>T

T

= (I, (vee (PuzfF®9))) " (EDT @ Lnxn)
where I g is the identity matrix of size R x R. The property
of the vectorization (i.e., vec(AB) = (BT ® I)vec(A)) is



used. Then, G =Y (3)(V © H) is expressed as follows:

T
G® = (||sz1 (vec (szzF(k)))>
x (|2 (EDTV(:,r) @ H(:,7)))
GO (k,r) is (vec (PLZIF®)) (EDTV(;,r) @ H(:,r))
according to the above equation. O
We compute G3) =Y (3)(V ® H) row by row. Fig. |§I shows
how we compute G®)(k,r). In computing G®), we first
compute ED”'V, and then obtain G®)(k, :) for all k (line
in Algorithm [3). After computing G®), we update W by
computing G®) (VTV « HTH)T where t denotes the Moore-
Penrose pseudoinverse (line [[9)in Algorithm [3). We obtain Sy,
whose diagonal elements correspond to the kth row vector of
W (line 2] in Algorithm [3).
After convergence, we obtain the factor matrices, (Uy
A, ZPTH = Q,H), S, and V (line 5] in Algorithm [3).
Convergence Criterion. At the end of each iteration, we

determine whether to stop or not (line[23]in Algorithm [3) based
on the variation of e = (Zle IXx — XkH%) where X, =
QHS, VT is the kth reconstructed slice. However, measuring
reconstruction errors Zle | X, —X||% is inefficient since it
requires high time and space costs proportional to input slices
Xy To efficiently verify the convergence, our idea is to exploit
A, FOEDT instead of X, since the objective of our update
process is to minimize the difference between A, F*)ED”
and Xk = Q,HS,VT. With this idea, we improve the effi-
ciency by computing "1 |PLZTFMEDT — HS, V7|2,
not the reconstruction errors. Our computation requires the
time O(JK R?) and space costs O(JKR) which are much
lower than the costs O(3 1 I JR) and O(Xp, I;.J) of
naively computing 25:1 X — Xk||%, respectively. From
|PLZ FREDT — HS, VT |2, we derive |A,FHEDT —
Xk||% Since the Frobenius norm is unitarily invariant, we
modify the computation as follows:

|PrZfFOEDT — HS, VT |2

= |QsP+Z[FWED” — QHS, V" |}

= |ALZ PP Z]FWEDT — Q HS, V7|3

= |A,FPED” - X, %
where Pka and ZkZZ are equal to I € RE*E since
P, and Z, are orthonormal matrices. Note that the size of
P,ZIFOWEDT and HS, VT is R x J which is much smaller

than the size I, x J of input slices Xj. This modification
completes the efficiency of our update rule.

FE. Careful distribution of work

The last challenge for an efficient and scalable PARAFAC2
decomposition method is how to parallelize the computations
described in Sections to Although a previous
work [11]] introduces the parallelization with respect to the K
slices, there is still a room for maximizing parallelism. Our
main idea is to carefully allocate input slices X, to threads
by considering the irregularity of a given tensor.

The most expensive operation is to compute randomized
SVD of input slices X for all k; thus we first focus on

Algorithm 4: Careful distribution of work in DPAR2

Input: the number 7" of threads, X, € R™**7 fork=1,..., K
Output: sets J; fori =1,...,7T.
1: initialize J; < @ fori =1, ..., 7.
2: construct a list S of size T" whose elements are zero
3: construct a list L;n;+ containing the number of rows of X, for
k=1,.,.K
4: sort L;ns+ in descending order, and obtain lists L,q; and Ling
that contain sorted values and those corresponding indices
5: fork=1,..., K do
6 tmin <— argmin S
7 l < Lindlk]
8: U’tmin < Ttmm U {Xl}
9
10

S[tmzn} — S[tmzn} + Lval [k}
: end for

how well we parallelize this computation (i.e., lines [2] to ] in
Algorithm [3). A naive approach is to randomly allocate input
slices to threads, and let each thread compute randomized SVD
of the allocated slices. However, the completion time of each
thread can vary since the computational cost of computing
randomized SVD is proportional to the number of rows of
slices; the number of rows of input slices is different from each
other as shown in Fig. [/} Therefore, we need to distribute Xy
fairly across each thread considering their numbers of rows.

For ¢ = 1,..,T, consider that an ¢th thread performs
randomized SVD for slices in a set J; where T is the number
of threads. To reduce the completion time, the sums of rows
of slices in the sets should be nearly equal to each other. To
achieve it, we exploit a greedy number partitioning technique
that repeatedly adds a slice into a set with the smallest sum
of rows. Algorithm (4| describes how to construct the sets J;
for compressing input slices in parallel. Let L;,;; be a list
containing the number of rows of Xy, for k =1, ..., K (line
in Algorithm [4). We first obtain lists L,q; and L;yq, sorted
values and those corresponding indices, by sorting L;,;; in
descending order (line [] in Algorithm [4). We repeatedly add
a slice X, to a set J; that has the smallest sum. For each
k, we find the index ¢,,;, of the minimum in S whose ith
element corresponds to the sum of row sizes of slices in the
ith set J; (line E] in Algorithm . Then, we add a slice X; to
the set I, where [ is equal to L;y4[k], and update the list S
by Sltimin] < S[tmin] + Luvai[k] (lines [7| to @] in Algorithm .
Note that S[k], Linalk], and L,q;[k] denote the kth element of
S, Ling, and Ly, respectively. After obtaining the sets J; for
i =1,..,T, ith thread performs randomized SVD for slices in
the set J;.

After decomposing X for all k, we do not need to
consider the irregularity for parallelism since there is no com-
putation with Aj; which involves the irregularity. Therefore,
we uniformly allocate computations across threads for all
k slices. In each iteration (lines [§] to in Algorithm [3)),
we easily parallelize computations. First, we parallelize the
iteration (lines [§] to [I0) for all %k slices. To update H,
V, and W, we need to compute GO, G@, and GO
in parallel. In Lemmas [I] and 2] DPAR2 parallelly com-
putes W(k,r) (P,ZIF™*) and W(k,r)F®Z,PTH(:,r)
for k, respectively. In Lemma [3|, DPAR2 parallelly computes
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(vee (PLZTF®)) T (EDTV(:,r) @ H(:,r)) for k.

2000

G. Complexities
We analyze the time complexity of DPAR2.

Lemma 4. Compressing slices takes

input
O ((z,ﬁil IkJR) n JKR2> time.

Proof. The SVD in the first stage takes O (Zle IkJR)
times since computing randomized SVD of X takes
O(IJR) time. Then, the SVD in the second stage takes
O (JKR?) due to randomized SVD of My, € R/*KE,
Therefore, the time complexity of the SVD in the two stages

is O (SIS, eI R) + JKR?), O

Lemma 5. At each iteration, computing Y, and updating H,
V, and W takes O(JR? + K R3) time.

Proof. For Y}, computing FMED?TVS,H” and performing
SVD of it for all k take O(JR?+ K R?). Updating each of H,
V, and W takes O(JR? + KR? + R®) time. Therefore, the
complexity for Yy, H, V, and W is O (JR*+ KR?). [

Theorem 1. The time complexity
O (SIS, kI R) + JKR? + MKR)
the number of iterations.

of DPAR2 is
where M is

Proof. The overall time complexity of DPAR2
is the summation of the compression cost (see
Lemma [) and the iteration cost (see Lemma [3):

O (/S nJR) + JKR? + M(JR? + KR®)).  Note
that M JR? term is omitted since it is much smaller than
(SIS eI R) and JKR2. 0

Theorem 2. The size of preprocessed data of DPAR2 is
O (TS, kR) + KR + JR).

Proof. The size of preprocessed data of DPAR2 is proportional
to the size of E, D, Ay, and F*) for k = 1,..., K. The
size of E and D is R and J x R, respectively. For each

k, the size of A and F is I x R and R x R, respec-
tively. Therefore, the size of preprocessed data of DPAR2 is

O (SIS kR) + KR + JR). O
IV. EXPERIMENTS

In this section, we experimentally evaluate the performance
of DPAR2. We answer the following questions:

TABLE II
DESCRIPTION OF REAL-WORLD TENSOR DATASETS.

Dataset Max Dim. I;; Dim.J Dim. K Summary
FMAD (261 704 2,049 7,997 music
Urbalm[27:\ 174 2,049 8,455 urban sound
US Stock! 7,883 88 4,742 stock
Korea Stockd] [3] 5,270 88 3,664 stock
Activity2! [28], [29] 553 570 320  video feature
Action [28], [29] 936 570 567  video feature
Traffid® [30] 2,033 96 1,084 traffic
PEMS-SHZ 963 144 440 traffic

Q1 Performance (Section IV-B). How quickly and accu-
rately does DPAR2 perform PARAFAC2 decomposition
compared to other methods?

Q2 Data Scalability (Section [[V-C). How well does DPAR2
scale up with respect to tensor size and target rank?

Q3 Multi-core Scalability (Section [IV-D). How much does
the number of threads affect the running time of DPAR2?

Q4 Discovery (Section [IV-E). What can we discover from
real-world tensors using DPAR2?

A. Experimental Settings

We describe experimental settings for the datasets, competi-
tors, parameters, and environments.

Machine. We use a workstation with 2 CPUs (Intel Xeon
E5-2630 v4 @ 2.2GHz), each of which has 10 cores, and
512GB memory for the experiments.

Real-world Data. We evaluate the performance of DPAR2
and competitors on real-world datasets summarized in Table[I]
FMA datasetﬂ [26] is the collection of songs. Urban Sound
dataselE] [27] is the collection of urban sounds such as drilling,
siren, and street music. For the two datasets, we convert each
time series into an image of a log-power spectrogram so
that their forms are (time, frequency, song; value) and (time,
frequency, sound; value), respectively. US Stock dataseﬂ is
the collection of stocks on the US stock market. Korea Stock
dataseﬂ [3] is the collection of stocks on the South Korea
stock market. Each stock is represented as a matrix of (date,
feature) where the feature dimension includes 5 basic features
and 83 technical indicators. The basic features collected daily
are the opening, the closing, the highest, and the lowest prices
and trading volume, and technical indicators are calculated
based on the basic features. The two stock datasets have the
form of (time, feature, stock; value). Activity datf] and Action
datd® are the collection of features for motion videos. The two
datasets have the form of (frame, feature, video; value). We
refer the reader to [28] for their feature extraction. Traffic
dateﬂ is the collection of traffic volume around Melbourne,
and its form is (sensor, frequency, time; measurement). PEMS-
SF dateﬂ contain the occupancy rate of different car lanes of

Uhttps://github.com/mdeff/fma

Zhttps://urbansounddataset. weebly.com/urbansound8k. html
3https://datalab.snu.ac kr/dpar2
4https://github.com/jungijang/KoreaStockData
Shttps://github.com/titu1994/MLSTM-FCN
Shttps://github.com/florinsch/Big TrafficData
Thttp://www.timeseriesclassification.com/
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Fig. 9. The size of preprocessed data. DPAR2 generates up to 201X smaller
preprocessed data than input tensors used for SPARTan and PARAFAC2-ALS.
San Francisco bay area freeways: (station, timestamp, day;
measurement). Traffic data and PEMS-SF data are 3-order
regular tensors, but we can analyze them using PARAFAC2
decomposition approaches.

Synthetic Data. We evaluate the scalability of DPAR2 and
competitors on synthetic tensors. Given the number K of
slices, and the slice sizes I and J, we generate a synthetic
tensor using fenrand(l, J, K) function in Tensor Toolbox [31]],
which randomly generates a tensor X € R/*/*K_ We con-
struct a tensor {X;}X_, where X, is equal to X(:,:, k) for
k=1,.K.

Competitors. We compare DPAR2 with PARAFAC2 de-
composition methods based on ALS. All the methods includ-
ing DPAR2 are implemented in MATLAB (R2020b).

o DPAR2: the proposed PARAFAC?2 decomposition model
which preprocesses a given irregular dense tensor and
updates factor matrices using the preprocessing result.

« RD-ALS [18]: PARAFAC2 decomposition which prepro-
cesses a given irregular tensor. Since there is no public
code, we implement it using Tensor Toolbox [31]] based
on its paper [[18].

« PARAFAC2-ALS: PARAFAC2 decomposition based on
ALS approach. It is implemented based on Algorithm [2]
using Tensor Toolbox [31]].

o SPARTan [11]: fast and scalable PARAFAC2 decompo-
sition for irregular sparse tensors. Although it targets on
sparse irregular tensors, it can be adapted to irregular
dense tensors. We use the code implemented by authorﬂ

Parameters. We use the following parameters.

o Number of threads: we use 6 threads except in Sec-
tion

8https://github.com/kperros/SPARTan

« Max number of iterations: the maximum number of
iterations is set to 32.

« Rank: we set the target rank R to 10 except in the trade-
off experiments of Section [[V-B] and Section [[V-D] We
also set the rank of randomized SVD to 10 which is the
same as the target rank R of PARAFAC2 decomposition.

To compare running time, we run each method 5 times, and
report the average.

Fitness. We evaluate the fitness defined as follows:

e A
(X - Xl

e Xl
where X}, is the k-th input slice and Xk is the k-th recon-
structed slice of PARAFAC2 decomposition. Fitness close to 1
indicates that a model approximates a given input tensor well.

B. Performance (Q1)

We evaluate the fitness and the running time of DPAR2,
RD-ALS, SPARTan, and PARAFAC2-ALS.

Trade-off. Fig. [I] shows that DPAR2 provides the best
trade-off of running time and fitness on real-world irregular
tensors for the three target ranks: 10, 15, and 20. DPAR2
achieves 6.0x faster running time than the competitors for
FMA dataset while having a comparable fitness. In addition,
DPAR2 provides at least 1.5x faster running times than the
competitors for the other datasets. The performance gap is
large for FMA and Urban datasets whose sizes are larger than
those of the other datasets. It implies that DPAR2 is more
scalable than the competitors in terms of tensor sizes.

Preprocessing time. We compare DPAR2 with RD-ALS
and exclude SPARTan and PARAFAC2-ALS since only RD-
ALS has a preprocessing step. As shown in Fig. DPAR2
is up to 10x faster than RD-ALS. There is a large performance
gap on FMA and Urban datasets since RD-ALS cannot avoid
the overheads for the large tensors. RD-ALS performs SVD
of the concatenated slice matrices ||%_, XT', which leads to its
slow preprocessing time.

Iteration time. Fig. shows that DPAR2 outperforms
competitors for running time at each iteration. Compared
to SPARTan and PARAFAC2-ALS, DPAR?2 significantly re-
duces the running time per iteration due to the small
size of the preprocessed results. Although RD-ALS reduces
the computational cost at each iteration by preprocessing
a given tensor, DPAR2 is up to 10.3x faster than RD-
ALS. Compared to RD-ALS that computes the variation of
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when a high target rank is given. (c) Multi-core scalability with respect to the number of threads. T, indicates the running time of DPAR2 on the number
M of threads. DPAR2 gives near-linear scalability, and accelerates 5.5x when the number of threads increases from 1 to 10.

S X — QkHSkVTH%) for the convergence criterion,
DPAR2 efficiently verifies the convergence by computing
the variation of 31, |[PrZLFWEDT — HS, V|, which
affects the running time at each iteration. In summary, DPAR2
obtains Uy, Si, and V in a reasonable running time even if
the number of iterations increases.

Size of preprocessed data. We measure the size of pre-
processed data on real-world datasets. For PARAFAC2-ALS
and SPARTan, we report the size of input irregular tensor
since they have no preprocessing step. Compared to an input
irregular tensor, DPAR2 generates much smaller preprocessed
data by up to 201 times as shown in Fig.[9] Given input slices
Xy, of size I x J, the compression ratio increases as the
number J of columns increases; the compression ratio is larger
on FMA, Urban, Activity, and Action datasets than on US
Stock, KR Stock, Traffic, and PEMS-SF. This is because the

- L : Size of an irregular tens
compression ratio is proportional to 25O AN IMesuar lensor__
K Size of the preprocessed results

1 : _
TKRYKR*TJR R/JTRZ/IJ+R/IK Aassuming L = .. =
Ix = I, R/J is the dominant term which is much larger
than R%/I.J and R/IK.

C. Data Scalability (Q2)

We evaluate the data scalability of DPAR2 by measuring the
running time on several synthetic datasets. We first compare
the performance of DPAR2 and the competitors by increasing
the size of an irregular tensor. Then, we measure the running
time by changing a target rank.

Tensor Size. To evaluate the scalability with respect to the
tensor size, we generate 5 synthetic tensors of the following
sizes I x J x K: {1000 x 1000 x 1000,1000 x 1000 x
2000, 2000 x 1000 x 2000, 2000 x 2000 x 2000, 2000 x 2000 x
4000}. For simplicity, we set Iy = --- = Ix = I. Fig.
shows that DPAR2 is up to 15.3x faster than competitors on
all synthetic tensors; in addition, the slope of DPAR?2 is lower
than that of competitors. Also note that only DPAR2 obtains
factor matrices of PARAFAC2 decomposition within a minute
for all the datasets.

Rank. To evaluate the scalability with respect to rank, we
generate the following synthetic data: I; = --- = Ix = 2,000,
J = 2,000, and K = 4,000. Given the synthetic tensors,
we measure the running time for 5 target ranks: 10, 20, 30,

40, and 50. DPAR2 is up to 15.9x faster than the second-
fastest method with respect to rank in Fig. For higher
ranks, the performance gap slightly decreases since DPAR2
depends on the performance of randomized SVD which is
designed for a low target rank. Still, DPAR2 is up to 7.0x
faster than competitors with respect to the highest rank used
in our experiment.

D. Multi-core Scalability (Q3)

We generate the following synthetic data: [} = --- =
Ix = 2,000, J = 2,000, and K = 4,000, and evaluate the
multi-core scalability of DPAR2 with respect to the number
of threads: 1,2,4,6,8, and 10. T, indicates the running
time when using the number M of threads. As shown in
Fig. DPAR?2 gives near-linear scalability, and accelerates
5.5x when the number of threads increases from 1 to 10.

E. Discoveries (Q4)

We discover various patterns using DPAR2 on real-world
datasets.

1) Feature Similarity on Stock Dataset: We measure the
similarities between features on US Stock and Korea Stock
datasets, and compare the results. We compute Pearson Cor-
relation Coefficient (PCC) between V (4, :), which represents a
latent vector of the ith feature. For effective visualization, we
select 4 price features (the opening, the closing, the highest,
and the lowest prices), and 4 representative technical indicators
described as follows:

« OBV (On Balance Volume): a technical indicator for
cumulative trading volume. If today’s closing price is
higher than yesterday’s price, OBV increases by the
amount of today’s volume. If not, OBV decreases by the
amount of today’s volume.

« ATR (Average True Range): a technical indicator for
volatility developed by J. Welles Wilder, Jr. It increases
in high volatility while decreasing in low volatility.

« MACD (Moving Average Convergence and Diver-
gence): a technical indicator for trend developed by
Gerald Appel. It indicates the difference between long-
term and short-term exponential moving averages (EMA).



OPENING

HIGHEST

LOWEST

CLOSING

0.27

0.20 0.19 0.19

OBV

ATR [039 039 034 036

-0.07 -0.08 -0.06 -0.07

MACD

OPENING
HIGHEST
LOWEST
CLOSING
OBV
ATR
MACD
STOCH

(a) US stock data
Fig. 11.

OPENING 00 00 00 0.9
HIGHEST 00 00 00 0.96
LOWEST 00 00 00 0.9
CLOSING [REERUELIN 00
oBv |0.03 004 -0.01 0.04
-0.0
ATR j0.17 0.19 0.14 0.37
--0.2
MACD -0.14 -0.15 -0.16 -0.12
--0.4
STOCH b -0. -0.47 }-0:3_3
--0.6

LOWEST
CLOSING
OBV
ATR
MACD
STOCH

g &7
= o
z =
£ 2
s =

(b) Korea stock data

The similarity patterns of features are different on the two stock markets. (a) For US Stock data, ATR and OBV have a positive correlation with

the price features. (b) For Korea Stock data, they are uncorrelated with the price features in general.

e STOCH (Stochastic Oscillator): a technical indicator
for momentum developed by George Lane. It indicates
the position of the current closing price compared to the
highest and the lowest prices in a duration.

Fig. [T1(a)| and [T1(b)] show correlation heatmaps for US
Stock data and Korea Stock data, respectively. We analyze
correlation patterns between price features and technical indi-
cators. On both datasets, STOCH has a negative correlation
and MACD has a weak correlation with the price features.
On the other hand, OBV and ATR indicators have different
patterns on the two datasets. On the US stock dataset, ATR
and OBV have a positive correlation with the price features.
On the Korea stock dataset, OBV has little correlation with the
price features. Also, ATR has little correlation with the price
features except for the closing price. These different patterns
are due to the difference of the two markets in terms of market
size, market stability, tax, investment behavior, etc.

2) Finding Similar Stocks: On US Stock dataset, which
stock is similar to a target stock st in a time range that a
user is curious about? In this section, we provide analysis by
setting the target stock sy to Microsoft (Ticker: MSFT), and
the range a duration when the COVID-19 was very active
(Jan. 2, 2020 - Apr. 15, 2021). We efficiently answer the
question by 1) constructing the tensor included in the range, 2)
obtaining factor matrices with DPAR2, and 3) post-processing
the factor matrices of DPAR2. Since Uy, represents temporal
latent vectors of the kth stock, the similarity sim(s;,s;)
between stocks s; and s; is computed as follows:

sim(si, s;) = exp (—|Us, Uy, [3)  (10)
where exp is the exponential function. We set v to 0.01 in
this section. Note that we use only the stocks that have the
same target range since Uy, — Uy, is defined only when the
two matrices are of the same size.

Based on sim(s;, s;), we find similar stocks to sp using two
different techniques: 1) k-nearest neighbors, and 2) Random
Walks with Restarts (RWR). The first approach simply finds
stocks similar to the target stock, while the second one finds
similar stocks by considering the multi-faceted relationship
between stocks.

k-nearest neighbors. We compute sim(sr,s;) for j =
1,..., K where K is the number of stocks to be compared, and
find top-10 similar stocks to s, Microsoft (Ticker: MSFT).
In Table the Microsoft stock is similar to stocks of
the Technology sector or with a large capitalization (e.g.,
Amazon.com, Apple, and Alphabet) during the COVID-19.
Moody’s is also similar to the target stock.

Random Walks with Restarts (RWR). We find similar
stocks using another approach, Random Walks with Restarts
(RWR) [32]-[35]]. To exploit RWR, we first a similarity graph
based on the similarities between stocks. The elements of the
adjacency matrix A of the graph is defined as follows:
ez (11

0 ifi=j
We ignore self-loops by setting A(4,4) to 0 fori =1, ..., K.

. sim(S;, S;
Ai,f) = § Smlsis)

After constructing the graph, we find similar stocks using
RWR. The scores r is computed by using the power itera-
tion [36] as described in [37]:

r « (1—)ATr=Y 4 ¢q (12)
where A is the row-normalized adjacency matrix, r( is the
score vector at the <th iteration, ¢ is a restart probability,
and q is a query vector. We set ¢ to 0.15, the maximum
iteration to 100, and q to the one-hot vector where the element
corresponding to Microsoft is 1, and the others are 0.

As shown in Table [T, the common pattern of the two
approaches is that many stocks among the top-10 belong to
the technology sector. There is also a difference. In Table
the blue color indicates the stocks that appear only in one
of the two approaches among the top-10. In Table [[lI(a)] the
k-nearest neighbor approach simply finds the top-10 stocks
which are closest to Microsoft based on distances. On the
other hand, the RWR approach finds the top-10 stocks by
considering more complicated relationships. There are 4 stocks
appearing only in Table [[TlI(b)] S&P Global is included since it
is very close to Moody’s which is ranked 4th in Table [[II(a)]
Netflix, Autodesk, and NVIDIA are relatively far from the
target stock compared to stocks such as Intuit and Alphabet,
but they are included in the top-10 since they are very close to



TABLE III
BASED ON THE RESULTS OF DPAR2, WE FIND SIMILAR STOCKS TO MICROSOFT (MSFT) DURING THE COVID-19. (A) ToP-10 STOCKS FROM
k-NEAREST NEIGHBORS. (B) TOP-10 STOCKS FROM RWR. THE BLUE COLOR REFERS TO THE STOCKS THAT APPEAR ONLY IN ONE OF THE TWO
APPROACHES AMONG THE TOP-10 STOCKS.

(a) Similarity based Result

(b) RWR Result

Rank Stock Name Sector Rank Stock Name Sector
1 Adobe Technology 1 Synopsys Technology
2 Amazon.com Consumer Cyclical 2 ANSYS Technology
3 Apple Technology 3 Adobe Technology
4 Moody’s Financial Services 4 Amazon.com Consumer Cyclical
5 Intuit Technology 5 Netflix ~Communication Services
6 ANSYS Technology 6 Autodesk Technology
7 Synopsys Technology 7 Apple Technology
8 Alphabet  Communication Services 8 Moody’s Financial Services
9 ServiceNow Technology 9 NVIDIA Technology

10  EPAM Systems Technology 10 S&P Global Financial Services

Amazon.com, Adobe, ANSYS, and Synopsys. This difference
comes from the fact that the k-nearest neighbors approach
considers only distances from the target stock while the RWR
approach considers distances between other stocks in addition
to the target stock.

DPAR?2 allows us to efficiently obtain factor matrices, and
find interesting patterns in data.

V. RELATED WORKS

We review related works on tensor decomposition methods
for regular and irregular tensors.

Tensor decomposition on regular dense tensors. There
are efficient tensor decomposition methods on regular dense
tensors. Pioneering works [38]|-[43] efficiently decompose a
regular tensor by exploiting techniques that reduce time and
space costs. Also, a lot of works [44]-[47] proposed scalable
tensor decomposition methods with parallelization to handle
large-scale tensors. However, the aforementioned methods fail
to deal with the irregularity of dense tensors since they are
designed for regular tensors.

PARAFAC2 decomposition on irregular tensors. Cheng
and Haardt [[18] proposed RD-ALS which preprocesses a
given tensor and performs PARAFAC2 decomposition using
the preprocessed result. However, RD-ALS requires high
computational costs to preprocess a given tensor. Also, RD-
ALS is less efficient in updating factor matrices since it
computes reconstruction errors for the convergence criterion
at each iteration. Recent works [11]], [12], [15] attempted
to analyze irregular sparse tensors. SPARTan [11] is a scal-
able PARAFAC2-ALS method for large electronic health
records (EHR) data. COPA [12] improves the performance
of PARAFAC?2 decomposition by applying various constraints
(e.g., smoothness). REPAIR [15] strengthens the robustness of
PARAFAC2 decomposition by applying low-rank regulariza-
tion. We do not compare DPAR2 with COPA and REPAIR
since they concentrate on imposing practical constraints to
handle irregular sparse tensors, especially EHR data. However,
we do compare DPAR2 with SPARTan which the efficiency
of COPA and REPAIR is based on. TASTE [16] is a joint
PARAFAC2 decomposition method for large temporal and
static tensors. Although the above methods are efficient in

PARAFAC2 decomposition for irregular tensors, they concen-
trate only on irregular sparse tensors, especially EHR data.
LogPar [17], a logistic PARAFAC2 decomposition method, an-
alyzes temporal binary data represented as an irregular binary
tensor. SPADE [48]] efficiently deals with irregular tensors in
a streaming setting. TedPar [49]] improves the performance of
PARAFAC2 decomposition by explicitly modeling the tempo-
ral dependency. Although the above methods effectively deal
with irregular sparse tensors, especially EHR data, none of
them focus on devising an efficient PARAFAC2 decomposition
method on irregular dense tensors. On the other hand, DPAR2
is a fast and scalable PARAFAC?2 decomposition method for
irregular dense tensors.

VI. CONCLUSION

In this paper, we propose DPAR2, a fast and scalable
PARAFAC2 decomposition method for irregular dense tensors.
By compressing an irregular input tensor, careful reordering of
the operations with the compressed results in each iteration,
and careful partitioning of input slices, DPAR2 successfully
achieves high efficiency to perform PARAFAC2 decomposi-
tion for irregular dense tensors. Experimental results show
that DPAR2 is up to 6.0x faster than existing PARAFAC2
decomposition methods while achieving comparable accuracy,
and it is scalable with respect to the tensor size and target rank.
With DPAR2, we discover interesting patterns in real-world
irregular tensors. Future work includes devising an efficient
PARAFAC?2 decomposition method in a streaming setting.
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