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Benefiting from the superiority of tensor Singular Value Decomposition (t-SVD) in
excavating low-rankness in the spectral domain over other tensor decompositions (like
Tucker decomposition), t-SVD-based tensor learning has shown promising performance
and become an emerging research topic in computer vision and machine learning very
recently. However, focusing on modeling spectral low-rankness, the t-SVD-based models
may be insufficient to exploit low-rankness in the original domain, leading to limited
performance while learning from tensor data (like videos) that are low-rank in both
original and spectral domains. To this point, we define a hybrid tensor norm dubbed
the “Tubal + Tucker” Nuclear Norm (T2NN) as the sum of two tensor norms, respectively,
induced by t-SVD and Tucker decomposition to simultaneously impose low-rankness in
both spectral and original domains. We further utilize the new norm for tensor recovery
from linear observations by formulating a penalized least squares estimator. The statistical
performance of the proposed estimator is then analyzed by establishing upper bounds on
the estimation error in both deterministic and non-asymptotic manners. We also develop
an efficient algorithm within the framework of Alternating Direction Method of Multipliers
(ADMM). Experimental results on both synthetic and real datasets show the effectiveness
of the proposed model.

Keywords: tensor decomposition, tensor low-rankness, tensor SVD, tubal nuclear norm, tensor completion

1 INTRODUCTION

Thanks to the rapid progress of computer technology, data in tensor format (i.e., multi-dimensional
array) are emerging in computer vision, machine learning, remote sensing, quantum physics, and
many other fields, triggering an increasing need for tensor-based learning theory and algorithms
[1-6]. In this paper, we carry out both theoretic and algorithmic research studies on tensor recovery
from linear observations, which is a typical problem in tensor learning aiming to learn an unknown
tensor when only a limited number of its noisy linear observations are available [7]. Tensor recovery
finds applications in many industrial circumstances where the sensed or collected tensor data are
polluted by unpredictable factors such as sensor failures, communication losses, occlusion by objects,
shortage of instruments, and electromagnetic interferences [7-9], and is thus of both theoretical and
empirical significance.

In general, reconstructing an unknown tensor from only a small number of its linear observations
is hopeless, unless some assumptions on the underlying tensor are made [9]. The most commonly
used assumption is that the underlying tensor possesses some kind of low-rankness which can
significantly limit its degree of freedom, such that the signal can be estimated from a small but
sufficient number of observations [7]. However, as a higher-order extension of matrix low-rankness,
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the tensor low-rankness has many different characterizations due
to the multiple definitions of tensor rank, eg, the
CANDECOMP/PARAFAC (CP) rank [10], Tucker rank [11],
Tensor Train (TT) rank [12], and Tensor Ring (TR) rank [13]. As
has been discussed in [7] from a signal processing standpoint, the
above exampled rank functions are defined in the original domain
of the tensor signal and may thus be insufficient to model low-
rankness in the spectral domain. The recently proposed tensor
low-tubal-rankness [14] within the algebraic framework of tensor
Singular Value Decomposition (t-SVD) [15] gives a kind of
complement to it by exploiting low-rankness in the spectral
domain defined via Discrete Fourier Transform (DFT), and
has witnessed significant performance improvements in
comparison with the original domain-based low-rankness for
tensor recovery [6, 16, 17].

Despite the popularity of low-tubal-rankness, the fact that it is
defined solely in the spectral domain also naturally poses a
potential limitation on its usability to some tensor data that
are low-rank in both spectral and original domains. To address
this issue, we propose a hybrid tensor norm to encourage low-
rankness in both spectral and original domains at the same time
for tensor recovery in this paper. Specifically, the contributions of
this work are four-fold:

¢ To simultaneously exploit low-rankness in both spectral and
original domains, we define a new norm named T2NN as
the sum of two tensor nuclear norms induced, respectively,
by the t-SVD for spectral low-rankness and Tucker
decomposition for original domain low-rankness.

e Then, we apply the proposed norm to tensor recovery by
formulating a new tensor least squares estimator penalized
by T2NN.

e Statistically, the statistical performance of the proposed
estimator is analyzed by establishing upper bounds on
the estimation error in both deterministic and non-
asymptotic manners.

o Algorithmically, we propose an algorithm based on ADMM
to compute the estimator and evaluate its effectiveness on
three different types of real data.

The rest of this paper proceeds as follows. First, the notations
and preliminaries of low-tubal-rankness and low-Tucker-
rankness are introduced in Section 2. Then, we define the new
norm and apply it to tensor recovery in Section 3. To understand
the statistical behavior of the estimator, we establish an upper
bound on the estimation error in Section 4. To compute the
proposed estimator, we design an ADMM-based algorithm in
Section 5 with empirical performance reported in Section 6.

2 NOTATIONS AND PRELIMINARIES

Notations. We use lowercase boldface, uppercase boldface, and
calligraphy letters to denote vectors (e.g., v), matrices (e.g., M),
and tensors (e.g., T), respectively. For any real numbers a, b, let
aV b=max{a, b} and a A b = min{a, b}. If the size of a tensor is not
given explicitly, then it is in RY>*¥=*% We use ¢, ¢/, ¢, etc., to
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denote constants whose values can vary from line to line. For
notational simplicity, let d = (d, + d)ds and dy = d,d,d5/d}, for
k=1,2,3.

Given a matrix M € C*"%, its nuclear norm and spectral
norm are defined as [|[M|.:=) ;0; and [|M]|:= max g;, respectively,
where {0; [i =1, 2, ..., d} A do} are its singultar values. Given a
tensor 7 € R"***% - define its /;-norm and F-norm as
17N, =lvec(D)ly, 17T NIk =llvec(T)ll,, respectively, where vec
(-) denotes the vectorization operation of a tensor [18]. Given
T e R4*>d 1ot TW .= T (:,:,i) denote its ith frontal slice.
For any two (real or complex) tensors A, B of the same size,
define their inner product as the inner product of their
vectorizations (A, B) = {(vec(A),vec(B)). Other notations
are introduced at their first appearance.

2.1 Spectral Rankness Modeled by t-SVD
The low-tubal-rankness defined within the algebraic framework
of t-SVD is a typical example to characterize low-rankness in the
spectral domain. We give some basic notions about t-SVD in this
section.
Definition 1 (t-product [15]). Given T, € R¥>® gu4
T, e Rbxdxds  ypoiy t-product T =T *T, ¢ Rbxdaxds 4o g
tensor whose (i, j)-th tube T (i,j,:)= ZZ;TI (i, k,: )e
T, (k, j,: ), where o is the circular convolution [15].
Definition 2 (tensor transpose [15]). Let T be a tensor of size dy x
dy x ds, then T " is the d, x d; x dj tensor obtained by transposing
each of the frontal slices and then reversing the order of transposed
frontal slices 2 through ds.
Definition 3 (identity tensor [15]). The identity tensor
T e R*¥% s g tensor whose first frontal slice is the d x d
identity matrix and all other frontal slices are zero.
Definition 4 (f-diagonal tensor [15]). A tensor is called f-diagonal
if each frontal slice of the tensor is a diagonal matrix.
Definition 5 (Orthogonal tensor [15]). A tensor Q € Rxdxds
orthogonal if Q" +Q =0+ Q" =T.

Then, t-SVD can be defined as follows.
Definition 6 (t-SVD, tubal rank [15]). Any tensor T € R¥d>xd:
has a tensor singular value decomposition as

T=U*8*V", (1)

where U € R ¢ RED gre orthogonal tensors and
S e R4 s an f diagonal tensor. The tubal rank of T is
defined as the number of non-zero tubes of T,

ranklb (T) = #{l |S(l’ i>: ) # 0}: (2)

where # counts the number of elements in a set.

For convenience of analysis, the block diagonal matrix of 3-
way tensors is also defined.
Definition 7 (block-diagonal matrix [15]). Let T denote the block-
diagonal matrix of the tensor T in the Fourier domain', i.e.,

"The Fourier version 7 is obtained by performing 1D-DFT on all tubes of 7,
ie, T =fft(T, [],3) € C"*® in MATLAB.
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~ (1)

el
ii

. ¢ Chdixdads 3)
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Definition 8 (tubal nuclear norm, tensor spectral norm [17]).

Given T € R*>®*% ot T be its Fourier version in C**4*% The

Tubal Nuclear Norm (TNN) ||~||mn~ofT is defined as the averaged

nuclear norm of frontal slices of T,

1 & o
17 N :=d—3;uT I,

whereas the tensor spectral norm ||-|| is the largest spectral norm of
the frontal slices,

~ ()
I71l:= max{|T""{1}.
i€[ds]

We can see from Definition 8 that TNN captures low-rankness
in the spectral domain and is thus more suitable for tensors with
spectral low-rankness. As visual data (like images and videos)
often process strong spectral low-rankness, it has achieved
superior performance over many original domain-based
nuclear norms in visual data restoration [6, 17].

2.2 Original Domain Low-Rankness

Modeled by Tucker Decomposition

The low-Tucker-rankness is a classical higher-order extension of
matrix low-rankness in the original domain and has been widely
applied in computer vision and machine learning [19-21]. Given
any K-way tensor 7~ € R¥*4*% s Tucker rank is defined as the
following vector:

Froer (T) = (rank(T(y), -+, rank(T(g))" € RY,  (4)

where T € R* L denotes the mode-k unfolding (matrix)
of 7 [18] obtained by concatenating all the mode-k fibers of 7™ as
column vectors. We can see that the Tucker rank measures the low-
rankness of all the mode-k unfoldings T, in the original domain.

Through relaxing the matrix rank in Eq. 4 to its convex
envelope, ie., the matrix nuclear norm, we get a convex
relaxation of the Tucker rank, called Sum of Nuclear Norms
(SNN) [20], which is defined as follows:

K
17 Noon = ) el Tl (5)
k=1

where ay’s are positive constants satisfying ) yax = 1. As a typical
tensor low-rankness penalty in the original domain, SNN has
found many applications in tensor recovery [19, 20, 22].

3 A HYBRID NORM FOR TENSOR
RECOVERY

In this section, we first define a new norm to exploit low-rankness
in both spectral and original domains and then use it to formulate
a penalized tensor least squares estimator.

T2NN for Tensor Recovery

3.1 The Proposed Norm

Although TNN has shown superior performance in many tensor
learning tasks, it may still be insufficient for tensors which are
low-rank in both spectral and original domains due to its
definition solely in the spectral domain. Moreover, it is also
unsuitable for tensors which have less significant spectral low-
rankness than the original domain low-rankness. Thus, it is
necessary to extend the vanilla TNN such that the original
domain low-rankness can also be exploited for sounder low-
rank modeling.

Under the inspiration of SNN’s impressive low-rank modeling
capability in the original domain, our idea is quite simple: to
combine the advantages of both TNN and SNN through their
weighted sum. In this line of thinking, we come up with the
following hybrid tensor norm.

Definition 9 (T2NN). The hybrid norm called “Tubal + Tucker”
Nuclear Norm (T2NN) of any 3-way tensor T € RI>&xd: g
defined as the weighted sum of its TNN and SNN as follows:

17 N2on = YIT Nian + (1 = PUIT Nlsins (6)

where y € (0, 1) is a constant balancing the low-rank modeling in
the spectral and original domains.

As can be seen from its definition, T2NN approximates TNN
when y — 1, and it degenerates to SNN as y — 0. Thus, it can
be viewed as an interpolation between TNN and SNN,
which provides with more flexibility in low-rank tensor
modeling. We also define the dual norm of T2NN (named
the dual T2NN norm) which are frequently used in
analyzing the statistical performance of the T2NN-based
tensor estimator.

Lemma 1. The dual norm of the proposed T2NN defined as

”T”:;nn

= sup <X, T>, S.t. ”X”thn <1, (7)
T

can be equivalently formulated as follows:

. , 1 1
17 0 = A,llggv maX{yllAll,al( Bl

1-y)

::D<3>||}, ®)

||C )
a(1-y) ol a(1-y)
st A+B+C+D="T.

Proof of Lemma 1. Using the definition of T2NN, the
supremum in Problem (7) can be equivalently converted to
the opposite number of infimum as follows:

“I1 Ty, = inf7 = (X, T),

St P Xl + 0 (1= PIX @l + (1 =7)  (9)
< NX )l + o (1= PIX ]l < 1.

®
t2nn

By introducing a multiplier A > 0, we obtain the Lagrangian
function of Problem (9),

L(X,})
==X, T) + AP X lan + 02 (1= PIX
+o (L= PIX gl + a3 (1 =PI X 3l - 1).

Since Slatter’s condition [23] is satisfied in Problem (9), strong
duality holds, which means
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|7 lone = inf sup L(X,A) = sup inf L(X,A).
X X
Thus, we proceed by computing sup,infx L(X, 1) as follows:
sup inf —(X, T) + A (Y1 Xl + 1 (1= PIX .
A

+o(1=PIX ol + a (1= PIX 3l - 1)
9 sup inf ~(X, A +B+C+D)
A

+ A1 X + o1 (1= PIX @l + a2 (1= PIX o)

+a;(1=pPIX @l —1)—A,  where
A+B+C+D="T,
= sup ir/_{}f A+ (WPN Xl — <X, AY) + (A (1 - y)
p)
XXl = <X, B)) + (Aaz (1 = P)IX . = (X, C))
+ (Aas (1 = PIX sl — (X, D)), where
A+B+C+D="T,
1
@ 0 if A=~ Al
= sup A+ Y
! —oo otherwise
1
0 if A>——|Byll
N a(1-y
—oo0 otherwise
1
0 ifA>——|Cpyll
N a(l-y) @
—oo otherwise
1
0 if Ax———|Dgl
+ a(l-p
—oco otherwise
where A+B+C+D=1T,
1 1
=— inf Al ————
VB DT ax{yIIAII a(1-1y)

< IByl———JCel———— Dl
0(2(1—)/) 0‘3(1_)/)

where (i) is obtained by the trick of splitting 7" into four auxiliary
tensors A, B, C, D for simpler analysis and (ii) holds because for
any positive constant «, any norm f (-) with dual norm f*(-), we
have the following relationship:

inf Aaf (X) - (X,.A) > inf Aaf (X) - yf (X) - éf*(A),

1.
=n}(faf(X)(A—;f (A)),
0, if )Lz%f*(.A),
—oo,  otherwise.

This completes the proof.

Although an expression of the dual T2NN norm is given in Lemma
1, it is still an optimization problem whose optimal value cannot be
straightforwardly computed from the variable tensor 7. Following the

T2NN for Tensor Recovery

tricks in [22], we instead give an upper bound on the dual T2NN
norm which is directly in terms of 7" in the following lemma:
Lemma 2. The dual T2NN norm can be upper bounded as follows:

1 1
T — II'T T
1T 0 _16( IT1+ g Tol + g Tel
1
+——T ||>.
a(l-y @

(10)

Proof of Lemma 2. The proof is a direct application of the basic
equality “harmonic mean < arithmetic mean” with careful
construction of auxiliary tensors A, 13,C, D in Eq. 8 as follows:
AT B,=" (L=PITl™

-1 M ) -1
1 -PITel” 5 el -pITel
> 0 -
M M

A():

C():

>

where the denominator M is given by
=TI + o (L=-PITI™ + (1= PITI™
+o (1=pITel™
It is obvious that A, + By + Cy + Dy = T . By substituting the

particular setting (Ao, By, Co, Dp) of (A, B,C, D) into Eq. 8, we
obtain

1
= 2 +0¢1(1—y)||T<1>|I1+0¢z(1—y) (11)
ITl™ +as (1= PITl™

1711

Then, by using “harmonic mean < arithmetic mean” on the
right-hand side of Eq. 11, we obtain

4
TN + o (1= PIT ™ + o (1-y)

IToI™ +as (1 =PITEl™
1/1 1 1 (12)
S| =T+ ———=ITyl + ————=ITpl
4<y a@-p -y @

which directly leads to Eq. 10.

3.2 T2NN-Based Tensor Recovery

3.2.1 The observation Model

We use L* € R"4x% to denote the underlying tensor which is
unknown. Suppose one observes N « d,d,d; scalars,

={L" Xy +0¢, Vie[N], (13)

where X;’s are known (deterministic or random) design tensors,
&’s are i. i.d. standard Gaussian noises, and o is a known standard
deviation constant measuring the noise level.

Let y= (y1,....yn)' and &= (&,...,&y)" denote the
collection of observations and noises. Define the design
operator X (-) with adjoint operator X" (-) as follows:

VT e R X (T) = ((T,X,), (T, X)) R,

N
x* (Z)ZZ Z ZiXi € Rdlxdzxzh. (14)

i=1

vz e RY,
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Then, the observation model (13) can be rewritten in the
following compact form:

y=%X(LY)+E.

3.2.2 Two Typical Settings
With different settings of the design tensors {X;}, we consider
two classical examples in this paper:

o Tensor completion. In tensor completion, the design tensors
{X;} are i. i.d. random tensor bases drawn from uniform
distribution on the canonical basis in the space of d; x d, X d;
tensors {ei oejoe, V(i j,k) € [di] x [da] x [d3]}, where e;
denotes the vector whose ith entry is 1 with all the other entries
0 and ° denotes the tensor outer product [18].

e Tensor compressive sensing. When X is a random Gaussian
design, Model (13) is the tensor compressive sensing model
with Gaussian measurements [24]. X is named a random
Gaussian design when {X;} are random tensors with i. i.d.
standard Gaussian entries [22].

3.2.3 The Proposed Estimator

The goal of this paper is to recover the unknown low-rank tensor
L" from noisy linear observations y satisfying the observation
model (13).

Inspired by the capability of the newly defined T2NN in
simultaneously modeling low-rankness in both spectral and
original domains, we define the T2NN penalized least squares
estimator £ to estimate the unknown truth £,

R 1
L € argmin EIIY = XL + MLl (15)
c

where the squared l,-norm is adopted as the fidelity term for
Gaussian noises, the proposed T2NN is used to impose both
spectral and original low-rankness in the solution, and A is a
penalization parameter which balances the residual fitting
accuracy and the parameter complicity (characterized by low-
rankness) of the model.

Given the estimator £ in Eq. 15, one may naturally ask how
well it can estimate the truth £* and how to compute it. In the
following two sections, we first study the estimation
performance of L by upper bounding its estimation error
and then develop an ADMM-based algorithm to efficiently
compute it.

4 STATISTICAL GUARANTEE

In this section, we first come up with a deterministic upper
bound of the estimation error and then establish non-
asymptotic error bounds for the special cases of tensor
compressive sensing with random Gaussian design and noisy
tensor completion.

T2NN for Tensor Recovery

First, to describe the low-rankness of £*, we consider both its
low-tubal-rank and low-Tucker-rank structures as follows:

e Low-tubal-rank structure: Let ry, denote the tubal rank of L".
Suppose it has reduced t-SVD L =U * S * V7, where
U e R*7oxd YT ¢ R4 are orthogonal tensors and
S e R'w"v*% s f-diagonal. Then, following [25], we define
the following projections of any tensor 7~ € R¥>*d2xd:.

PYT)= (T-U+U)*T+(T -V *V) and
P(T) =T - P*(T) (16)

where Z denotes the identity tensor of appropriate
dimensionality.

e Low-Tucker-rank structure: Let ¥}, = (ry,75,73)" denote the
Tucker rank of £%, i.e., r; = rank (L{4))- Then, we have the
reduced SVD factorization Tk = UpScVi', where
Ui e R%% and Vi e RO are orthogonal and
Sk € R« is diagonal. Let T~ € R*¥*% be an arbitrary
tensor. Similar to [22], we define the following two
projections for any mode k = 1, 2, 3:

P]t (T) = (I - UkUkT)T(k) (I - VkaT) and

Pu(T) = Tgy - P (T), (17

where I denotes the identity matrix of appropriate dimensionality.

4.1 A Deterministic Bound on the Estimation
Error

Before bounding the Frobenius-norm error ||£ - L, the
particularity of the error tensor A:= L-LC° is first
characterized by a certain choice of regularization parameter A
involving the dual T2NN norm in the following proposition.

Proposition 1. By setting the regularization parameter
A= 200X" ()5, we have

(I) rank inequality:

ranky, (P(A)) <2ry, and

rank (P, (A) <2r, k=1,2,3, (18)

(I) sum of norms inequality:

PP (Dlln + (1=9) Y P (D]
k=1

. (19)
< 3<y||P(A)||mn (1= Y alpe (A)u*)

k=1

(IIT) an upper bound on the “observed” error:

le(A)II§S3<y 2rpy + (1-9) ) a2r )"A"F~ (20)

k=1
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Proof of Proposition 1. The proof is given as follows:
Proof of Part (I): According to the definition of P(7) in
Eq. 16, we have

P(T)=T-P(T)=U+U"*T+T =V V'
“UUT =T =YV,
=UxU =T+ T -U*xU")

ARV VA

Due to the facts that ranky (A * B)<max
{ranky, (\A), ranky, (B)}, ranky, (A + B) <rankg (A) +
ranky, (B) [26], and rankg, () = ranky, (V) = r};,, we have

ranky, (P (7)) <ranky, (U * U™ * T)
+ranky, (Z-U*U") T =V V')<2r),.

Also, according to the definition of P(7") in Eq. 17, we have

P(T)=Tw~ P (T) =UU Ty + Ty ViV,
- UkU,IT(k)VkVZ
= UkU;IT(k) + (I - UkUZ)

X T(k)VkV;:.

Due to the facts that rank (AB) < max{rank (A), rank (B)},
rank (A + B) <rank (A) + rank (B) [26], and
rank (Uy) = rank (V) = r}, we have

rank(Pk (T)) < rank(UkUZ * T(k))
+ rank( (I - UkUZ)T(k)VkVZ) < 21‘:.

Proof of Part (II) and Part (III): The optimality of L to
Problem Eq. 15 indicates

1 ~ ~ 1 % *
Sy -% (L3 + M Lllonn < Sy - %(L 3 + AL Nann-

By the definition of the error tensor A = L - L*, we can get
X(L)=%(L")+ X%(A), which leads to
Sy - X (L) - X - Sy -%(L I3
S ML o = ML zan-

The definition that o€ =y — X (L") yields

%IIX(A)IIE <CE(A), 08 + A (1L ann = 1L lzon)

<X (), A + AUL lann — 1L 2n)»

where the last inequality holds due to the definition of the adjoint
operator X" (-).

According to the definition and upper bound of the dual
T2NN norm in Lemma 1 and Lemma 2, we obtain

1 * * * % P
EIIX(A)IESGII% (OlgnallAliann + AUL Ngnn = 1LNn)-  (21)

T2NN for Tensor Recovery

According to the decomposibility of TNN (see the
supplementray material of [25]) and the decomposibility of
matrix nuclear norm [27], one has

1L on = 1L = 1L e = 17 + Ally
= 1L o = [[(£7 + P (A)) + P (D)
SNL Nean = (IL™ + P (M)l = IP (A) )
= "E ”tnn - (”L: "tnn + "PL (A)"tnn - ”P(A)"tnn)
= 1P (M)llign = IP* (Al
and
”Lszk) ”* - ||i4(k) "* = ||L1(<k)”* - "L?k) + A?k) ”*

= Il = (L + P (A)) + Pe(D)].

<L I = (ILy, + Pt ()] - 1P (A1)
= L5 Il = (LG I + 1PE (A = [P (A1)
= 1P (D) = I1PE (Al
Then, we obtain
1L izmn = 1 £llonn
3
< { YIPW)lan + (1=9) Yl Pe(A)].
< t ; (22)

k=1

3
—()/IIP* (Dlln + (1=9) Y P} (A)u*)
Using the definition of T2NN and triangular inequality yields

”A”thn

3
< (ynP(A)nmn +(1-y) Zakupk(mn*)

k=1 (23)

3
+<y||Pi (Dl + (1=9) Y olIP} (A)u*>

k=1

Further using the setting 1 > 20| X" (m«f)llf2nn yields Part (III),

l||x(A)||§
(ynP(A)umn +(1=-y)) ockupk(A)n*)
k=1
A L J.
——<yIIP (D)l + (1—y>2ak||P A>||*>
k=1
3)L
=3 <y||P(A>||mn +(1-y) Zakupk(mn*>
k=1
(i) 34

IA

2
(iii) 3/\
5 <y 2ry, I|AI|F+<1—y>Zak 2ry IIAIIF>

31
7()’ 2ry + (1= )’)z(xk\lzr >"A"F:

3
<V 2 IP (M)l + (1 —)/)fok 2r} "Pk(A)”F>
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where by combing (i) and IIX(A)H% >0, Part (II) can be directly
proved; inequality (i) holds due to the compatible inequality of
TNN and matrix nuclear norm, i.e., |7 ||y < Vranke ()17 |le
[25] and |Tll. < yrank(T)|Tlz [27], and liequality (iii)
holds because one can easily verify the facts that ||P(A)||§ =
IAIZ - IP* (A< A (23] and 1P = Al -
| PER <A = 1A [27].

Note that inequality (20) gives an upper bound on the
X (A)]l,, which can be seen as the “observed” error.
However, we are more concerned about upper bounds on
the error itself ||A|p rather than its observed version. The
following assumption builds a bridge between |[X(A),
and [|All.

Assumption 1 (RSC condition). The observation operator X (-) is
said to satisfy the Restricted Strong Convexity (RSC) condition
with parameter « if the following inequality holds:

X (DI = I T Il (24)

for any T € R4 pelong to the restricted direction set,

3
C= {T | P (Dllan + (1=9) Y. allP (T

k=1

5 (25)
s3<y||P(T)||mn r1-pY aknPk(T)u*> }

k=1

Then, a straightforward combination of Proposition 1 and
Assumption 1 leads to an deterministic bound on the
estimation error.

Theorem 1. By setting the regularization parameter
A2 20)E" (§)liy, we have the following error bound for any

solution L to Problem (15):
32
e - £||F<—A< 1—y>2ak(>. (26)

Note that we do not require information for distribution of
the noise & in Theorem 1, which indicates that Theorem 1
provides a deterministic bound for general noise type. The
bound on the right-hand side of Eq. 26 is in terms of the
quantity,

3
Yo+ (=9 ) aris
k=1

which serves as a measure of structure complexity, reflecting the
natural intuition that more complex structure causes larger error.
The result is in consistent with the results for sum-of-norms-based
estimators in [5, 22, 24, 28]. A more general analysis in [24, 28]
indicates that the performance of sum-of-norms-based estimators
are determined by all the structural complexities for a simultaneously
structured signal, just as shown by the proposed bound (26).

4.2 Tensor Compressive Sensing
In this section, we consider tensor compressive sensing from
random Gaussian design where {X;}’s are random tensors with i.

T2NN for Tensor Recovery

i.d. standard Gaussian entries [22]. First, the RSC condition holds
in random Gaussian design as shown in the following lemma.
Lemma 3 (RSC of random Gaussian design). If
X(-): R dxd RN s g random Gaussian design, then a
version of the RSC condition is satisfied with probability at
least 1-2 exp(—N/32) as follows:

VN <\/d d, +\dod, Z Var + m)IIAII

3€ A —|A
1 ()] > || lle - Z a (1 )
(27)

for any tensor A € RY>4*% iy the restricted direction set C whose
definition is given in Eq. 25.

Proof of Lemma 3. The proof is analogous to that of Proposition
Lin [27]. The difference lies in how we lower bound the right hand
side of (H.7) in [27], i.e.,

IE[ inf sup Yy |, (27a)

OR (1) | on-1

where SV = {v e RV | |lv]|, = 1}, R(t) = {® € R"D|Q]|; = 1, |Ollpnn <t}

and
Yye =<guw +<G,0),
where random vector g € RN and random tensor G €

are independent with i. i.d. A/ (0, 1) entries.
We bound the quantity in Eq. 27 as follows:

Rdlxdzxdg

]E[@inf sup Y“,@] :E[ sup (g,u)] +E[®i€171€f([) <g,®>]

ER() yegh-1 uesMN!

—E[lgl] -E| sup (G, @>] (28)
QR ()

. )
_ zm‘ tE[IGI s

where [|Gll5,,,, can be bounded according to Lemma 4. The rest of
the proof follows that of Proposition 1 in [27].

The remaining bound on [|X” (&’)Ilf2Im is shown in the
following Lemma.
Lemma 4 (bound on X" (§)II},,,)- Let X: RI>d RN pe g
random Gaussian design. With high probability, the quantity
II&”*(E)IIT2Im is concentrated around its mean, which can be
bounded as follows:

ElI% <f>nt2m1<cr<W3 + V& zﬂm—k)

o -y
(29)

Proof. Since &,’s are i. i.d. N'(0, 1) variables, we have

I€l, <2VN

with high probability according to Proposition 8.1 in [29].

For k = 1, 2, 3, let X*(¢) (4 be the mode-k unfolding
of random tensor X*(£). A direct use of Lemma C.1 in [27]
leads to

(29a)

E[IX" (&) goll] < co VN (Ve + Vi) (30)
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with high probability. A similar argument of Lemma C.1 in [27]
also yields

E[IZ Ol <c VN (Vdids +\dyds) (31)

with high probability. Combining Eqs 30, 31, we can complete
the proof.

Then, the non-asymptotic error bound is obtained finally as
follows.
Theorem 2 (non-asymptotic error bound). Under the random
Gaussian design setup, there are universal constants cs, ¢, and cs
such that for a sample size N greater than

(W +\dod; Zw—kwx)

o a(l-y)
2
x (y o+ (l—y)zak\/72>
k=1

and any solution to Problem (15) with regularization parameter

W(W A 5 Vs inT)

& ock(l—y)

then we have

w%@<”%“MSZ(hﬁa
(32)

o a(l-y)

2
()’ o+ (1= V)Zkzlak\f;i)
N >
which holds with high probability.

To understand the proposed bound, we consider the three-
Rdxdxd

way cubical tensor L” € with regularization weights y =
(I -9)a; =(1 - p)ay = (1 - p)az = 1/4. Then, the bound in Eq. 52
is simplified to the following element-wise error:

~ 2
1€ - L1z 1 /rfb . ,r;’;
. + E 33
3 <Of o N pa > (33)

which means the estimation error is controlled by the tubal rank
and Tucker rank of L* simultaneously. From the right-hand side
of Eq. 33, it can be seen that the more observations (i.e., the larger
N), the smaller the error; it is also reflected that larger tensors with
more complex structures will lead to larger errors. The
interpretation is consistent with our intuition.

Equation 33 also indicates the sample size N should satisfy

2
Nzg<<\/?g+g\[f;>d2> (34)

for approximate tensor sensing.

Another interesting result is that by setting the noise level 6= 0
in Eq. 33, the upper bound reaches 0, which means the proposed
estimator can exactly recover the unknown truth £ in the
noiseless setting.

T2NN for Tensor Recovery

4.3 Noisy Tensor Completion
For noisy tensor completion, we consider a slightly modified

estimator,

L e argmin *IIY E (LI + MLllznns (35)

£l <a

where ma >0 is a known constant constraining the magnitude
of entries in £". The constraint | £|., <a is very mild because
real signals are all of limited magnitude, e.g., the intensity of
pixels in visual light images cannot be greater than 255. The
constraint also provides with theoretical continence in
excluding the “spiky” tensors while controlling the
identifiability of £". Similar “non-spiky” constraints are also
considered in related work [6, 16, 30].

We consider noisy tensor completion under uniform sampling
in this section.
Assumption 2 (uniform sampling scheme). The design tensors {X;}
are i.i.d. random tensor bases drawn from uniform distribution I1 on
the set,

feroeroe v jm e il x ) x @]

Recall that Proposition 1 in Section 4.1 gives an upper bound
on the “observed part” of the estimation error || X (A)[lz. As our
goal is to establish a bound on [|A|g, we then connect || X (A)||
with [|A|lr by quantifying the probability of the following RSC
property of the sampling operator X:

1 2
NIx Ol 2

—— |AI? - anintercept term,
2drdod; e P

when the error tensor A belongs to some set mC (S, mr)
defined as

C(/_;,T {A € Rdlxdzxd3 | ”A"m < ” ”:l ﬁ
dyds (36)
"A"tZHn < <Y\/; + (1 - Y) Z “k\/r_k >"A"F }’
k=1
_ 64logd
where 8 = Nog(6/5) is an F-norm tolerance parameter and mr =

(r, 11, 12, 13) 'is a rank parameter whose values will be specified in
the sequel.

Lemma 5 (RSC condition under uniform sampling). For any
A € C(B,r), it holds with probability at least 1 — (d,d3 + dyd3)™! that

lAl:  44d d2d3
2d\dyd;  N?

X ()’\/77"' (1—Y)Zak\/ﬁ> 5
k=1

where e is the base of the natural logarithm, and the entries €; of
vector € € RN are i. i.d. Rademacher random variables.

1 2

(37)

Before proving Lemma 5, we first define a subset of C (3, r) by
upper bounding the F-norm of any element A in it,
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_ I (IR
B(r,T) = {A. AeC(Br, g =T
and a quantity
_— 1X @I 1Al
T = - >
B N didyds

which is the maximal absolute deviation of N1 % ( A)II% from its
expectation (dydrds)™! IIAII% in B(r,T). Lemma 6 shows the
concentration behavior of Zr.

Lemma 6 (concentration of Zr). There exists a constant c, such that

5 44d,d,d,

]P’[ZrzlzT SR @I 0F + (1-))

2
X Z“k\/ﬁ) ]Sexp(—cONTz).
k

Proof of Lemma 6. The proof is similar to that of Lemma 10 in
[31]. The difference lies in the step of symmetrization arguments.
Note that for any A € B(r,T), it holds that

1Alnn < VidadsT(pr + (1)) /i),
which indicates
E[Z;] SSE[ sup <X"(e), A)]
AeB(r,T)

|y
SSE[ sup d—llx (e)IIIIAIImH]
AeB(r,T) ©3

<8\didyd; TE[| X (I (yvVr + (1-9)) a7k )-

Then, Lemma 5 can be proved by using the peeling
argument [30].
Proof of Lemma 5. For any positive integer [, we define disjoint

subsets of C(f3,7) as

A ||F !
<ddd. Pl

Let D = d1d2d3 for

D(r,1) = {A: A € C(B,r), pp" ' <

64logd
Nlogp®

with constants p=¢ and =
simplicity, and define the event

NAE
2D

2
(CE= {EIA € C(B,1r),st. ”x;?)”z _|

D

[ux*(e)n]<w +(1 —y)ZoWT) }
k

and its sub-events for any [ € N,

IIx(A)IIZ

_ﬁ !
[||x*(e)||1<yw + <1—y>2akv7k> }
k

G = {EIA eD(,1),s.

T2NN for Tensor Recovery

Note that Lemma 6 implies that

P[€)] = Pacc rz>[ZT>* E*[IZ" (e)l]

x (yvr + (I_V)zk“k\/_k) ]
<exp (—CON/SZpZZ).

Thus, we have

oo

P[€¢] < ip[@z] < ) exp(-coNBp?)

I=1 I=1

Z exp (-2¢coNB’1log p)

=1
< exp (—copp’ log p)
1 - exp (—copp’logp)’

64logd
log (6/5)N°

Recall that § = then P[] < 2/d, which leads to the
result of Lemma 5.

Based on the RSC condition in Lemma 5, we are able to give an
upper bound on the estimation error ||A| |z in the following proposition.
Proposition 2. With parameter 1> 20| X" (I, the estimation

error satisfies

Al
dydrd <max- ¢;

2 =
x(y\/;f; +(1-y) Zock\/r‘z> ,czaﬁ%} (38)
k

with probability at least 1 —2(d,d; + dydy) ™.

(V +@’E[1%" (o)1)

dl d3d3
N2

Proof of Proposition 2. A direct consequence of property (II) in
Proposition 1 and the triangular inequality is that the error tensor A satisfies

3
1Allonn < <y 321, + (1—y)zak\/32r;>|mup. (39)
k=1

Since [£]..<a and [£|..<a, we also have Al <L -
L <L + 1£7]. < 22

Let r* = (r},r},75,75)" denote the rank complexity of the
underlying tensor £". By discussing whether tensor £ is in set
C (B, 32r"), we consider the following cases.

Case 1: If % ¢ C(B,32r"), then from the definition of set

C(B,r), we have
A 64log d (40)
d1d2d3 4a lOg(6/5)N

Case 2:1f 55~ € C (3, 32r"), then by Proposition 1 and Lemma 5, we
have

.

Dal, 44-32D_, . -\
B8 R 1 @] x (rra + (- DY, e\ )

S3\1<?\( \/_;+(1 V)Zk“k\/—') A

2a|lg

(41)

with probability at least 1 —2(d;d5 + dyrds)™!
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By performing some algebra (like the proof of Theorem 3 in
[30]), we have

IAIE < ¢hdads
didyds N?

X <y ry + (1 —y)Z(xk\/;’E> .
k

Combining Case 1 and Case 2, we obtain the result of
Proposition 2.

According to Proposition 2 and Lemma 5, it remains to bound
1" (O, and E[IZ" (€)ll55,,]- The following lemmas give their
bounds respectively. As the noise variables {{;} are i. i.d. standard
Gaussian, it belongs to the sub-exponential distribution [32], and
thus, there exists a constant g as the smallest number satisfying [30]

(\ + @B [1%" (o)1)

(42)

maxIE[e%] <e. (43)

i<N

Suppose the sample complexity N in noisy tensor completion
satisfies

N >max{d,d; V d,ds, m;flx(d" V dy)}

>2(dy A dy)o* log’ (oVd, A dy)log(dyds + dads)

N 2 max2(di A dy)e’ log* (Vi A dy)log (d + du) (44
N >2(d, A dy)log’ (Vd, A d,)log(d,ds + dads)

N > max2 (di A dy)log’ (Vdi A dy)log (dy + dy).

z

Then, we have the following Lemma 7 and Lemma 8 to bound
12" ()llzn and ELIZ" ()l ]-
Lemma 7. Under the sample complexity of noisy tensor completion
in Eq. 44, it holds with probability at least 1 — (d\ds + dyd3)™" -
Zk (di + d\k)71 that

% % 1 log(d1d3 +d2d3) 1
1% Ol SC@W(W dind, -y

3 1 log(dk+d\k)
* ;‘x_k \J dx A dy ’

where C, is a constant dependent on the @ that is defined in
Eq. 43.

Proof of Lemma 7. The proof can be straightforwardly
obtained by adopting the upper bound of the dual T2NN
norm in Lemma 2 and Lemma 5 in the supplementary
material of [25], and Lemma 5 in [30] as follows:

(45)

>~

e First, Lemma 5 in the supplementary material of [25] shows
that letting N > dids \Y, drds and
N>2 (dl N dz)Qz 10g2 (Q\/dl N dz )10g(d1d3 + d2d3), then
it holds with probability at least 1 — (d,ds + d,d;)™! that

X" () <C, \/N(dl A dy) ' log(dyds + dyds). (46)

e For k = 1, 2, 3, let X"() (1) be the mode-k unfolding
of random tensor X" (£). Then, Lemma 5 in [30]

T2NN for Tensor Recovery

indicates that letting N > dy VvV (dy) and

N >2(di A (dw))o? log® (o+/dx A dy )log(dy + dy), then
it holds with probability at least 1 — (di + dy)! that

IX" (&) ol < C \/N(dk A dy) ™ log (dy + d). (47)

Then, combining Eq. 46 and 47 and using union bound, Eq.
45 can be obtained.
Lemma 8. Under the sample complexity of noisy tensor completion
in Eq. 44, it holds that

]Scm(l log(didy +dody) 1

; \J dind, (1-y
> 1 log(dk + d\k)
X ) —\|—=— |
Z:;‘ Ok di A di
Proof of Lemma 8. Similar to the proof of Lemma 7, the
proof can be straightforwardly obtained by adopting the
upper bound of the dual T2NN norm in Lemma 2 and

Lemma 6 in the supplementary material of [25], and
Lemma 6 in [30].

E[12° ()l

t2nn

(48)

=~

e First, Lemma 6 in the supplementary material of [25]
shows that letting N > d,d; V dyd; and N > 2 (d; A dy)
log2 (dy A dy)log (dyd; + d,ds), then, the following
inequality holds:

E[X* (e)ll <C, \/N(dl A dy) ' log(dyds + dayds). (49)

e For k =1, 2, 3, let X*(e) () be the mode-k unfolding of
random tensor X*(e). Then, Lemma 6 in [30]
indicates that letting N > di V d\x and N > 2 (di A dyx)
log2 (di A d\ k) log (di + d\x), then, the following inequality
holds:

E[IX" (&)l <C; \/N(dk A dy) " log (dy + dy). (50)

Then, Eq. 48 can be obtained by combining Eqs. 49 and 50.
Further combining Lemma 7, Lemma 8, and Proposition 2, we
arrive at an upper bound on the estimation error in the follow
theorem.
Theorem 3. Suppose Assumption 2 is satisfied and | L||., < a. Let
the sample size N satisfies Eq. 44. By setting

A= Cyo VN < 1 {10g(d1d3 +dyds)
)/ dl N dz
. 1 i l log(dk + d\k) :
(1-y) & x dx A dy

the estimation error of any estimator L defined in Problem (35)
can be upper bounded as follows:

(51)

Frontiers in Physics | www.frontiersin.org

July 2022 | Volume 10 | Article 885402


https://www.frontiersin.org/journals/physics
www.frontiersin.org
https://www.frontiersin.org/journals/physics#articles

Luo et al.

N’

X <y\/r—* +(1 _Y)Zk“k\/rEY
.(1 log(didy +dody) 1 (52)

+
v\ dind, (1 -
Z lOg (dk + d\k)
di A dy ’

with probability at least 1 —3(d,d5 + dyd;) ™" —

o
12 - c|? <szax{a2 log d dd2d3(o v a’)

Zk (di + d\k)il-

To understand the proposed bound in Theorem 3, we consider
the three-way cubical tensor £* € R with regularization
weights y = (1 — y)a; = (1 — p)ay = (1 — p)az = 1/4. Then, the
bound in Eq. 52 is simplified to the following element-wise error:

||£d£IIF_ ( (avay. <\f z()zlogd)

(53)

which means the estimation error is controlled by the tubal rank
and Tucker rank of L* simultaneously. Equation 53 also indicates
that the sample size N should satisfy

3 2
N>l | vV + =) d?logd (54)
(727 ) )

for approximate tensor completion.

5 OPTIMIZATION ALGORITHM

The ADMM framework [33] is applied to solve the proposed
model. Adding auxiliary variables /C and 7", 7%, 7" to Problem
(15) yields an equivalent formulation,

E (L3 + WKl + A (1~ y)

. 1
min |y -
LICT

3
55
x Y all T, I. (55)
k=1
st. K=L; TF=r, k=1,2,3.

To solve Problem (55), an ADMM-based algorithm is
proposed. First, the augmented Lagrangian is

1
L (L1 AT o AL (B'Y) = Sy = E (O + 1Kl
(ALK - L) + B - L

3
A=) Y (@l T L + (BT - £y + BT - I},

k=1
(56)

where tensors A and {Bk}k are the dual variables.

T2NN for Tensor Recovery

The primal variables £, JC, and T can be divided into two
blocks: The first block has one tensor variable £, whereas the
second block consists of four variables &C and 7*’s. We use the
minimization scheme of ADMM to update the two blocks
alternatively after the tth iteration (t =0, 1, --*):

Update the first block L: We update L by solving following
L-subproblem with all the other variables fixed:

£t+1
= argmin L, (£, K, (T} AL (B )

1
= argmin Jlly - X (O} + §||IC‘ +p A - L)
L
3
P kyt —-1 e\t 2
Pl —CI2
+kz SIT +p7 (BY - LI

By taking derivative with respect to £ and setting the
derivative to zero, we obtain the following equation:

ptAY)
p—l (Bk)t) =0

x*(x(ﬁ)—y)+p(£—lct—

+ZP( - (T

Solving the above equation yields

= (% + 4,)]1)'1 <3€ (y) + pK' + A’

: (57)
+Z(p(’2’k) + (B )>

k=1

where I(-) is the identity operator.

Update the second block (IC, {T5): We update /C and {T"} in
parallel by keeping all the other variables fixed. First, IC is updated
by solving the /C-subproblem,

K" = argmin L, (£, K, (T} AL LB )
[
= argmin Ay[|[ICll,, + (A’ IC
K
-pAY,

LMYy 4 gllKJ - L
_ [I-ltnn t+1
= Proxp,uy c

(58)

where Prox!™ (.) is the proximal operator of TNN given in Lemma 9.
Then, 7" is updated by solving the 7 *-subproblem (k = 1, 2, 3),

(TH™ = argmin L, (£, K (T} A {(BY' L)
Tk
= argminAag (1 — p)| TS . + (B, TF - £ + §||Tk - LM
Tk

= §y(Proxth,, ) (L) -7 (BY)))), (59)

where § (-): R dw — Rxdxds g the folding function to
reshape a mode-k matricazation to its original tensor format
and Prox!'- (-) is the proximal operator of matrix nuclear norm
given in Lemma 10.

Lemma 9 (proximal operator of TNN [34]). Let tensor
Ty e RIxdxds i tSVD To=U*S* V', where
U e R gnd Ve R gre orthogonal tensors and
S ¢ R™™% s the f-diagonal tensor of singular tubes. Then, the
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proximal operator of function |||, at point T o with parameter T
can be computed as follows:
1
Prox!‘”tnn (T) = argmin EHTO - T||12: + 717 Nl on
T
=U * ifft; (max (££t5(S) - 7,0)) * V',

where ££t; (-) and ifft; (-) denote the operations of fast DFT and
fast inverse DFT on all the tubes of a given tensor, respectively.

Lemma 10 (proximal operator of the matrix nuclear norm
[35]). Let tensor To € R with SVD T, = USV", where
UeR™ and VeR™ are orthogonal matrices and
S € R™ is a diagonal matrix of singular values. Then, the
proximal operator of function ||-||. at point Ty with parameter T
can be computed as follows:
1
Proxﬂ‘"* (Ty) = arg;nin EHTO - Tllé + 77Tl
=U max(S-1,0)V".

Update the dual variables (A,{B"}). We use dual ascending

[33] to update (A,{B}) as follows:

At+l — At +P(Kt+l _£t+1),

(Bk)Hl — (Bk)t +P( (Tk)Hl _ £t+1)’ k = 1’2, 3. (60)

Termination Condition. Given a tolerance € > 0, check the
termination condition of primal variables

12 - &' <e, YA € £, {TH], (61)
and convergence of constraints
IK - L. <e, and (T - L'.<e k=1,2,3. (62)

The ADMM-based algorithm is described in Algorithm 1.

Algorithm 1. ADMM for Problem(55)

Require: {X;}i,y, p, €, Tinax-
Ensure: £ = L. .
LY =0 = (TI)O — (T2)0 — (TJ)(J =0, AO — (Bl>0 — (32)0 — (33)0 =0;
2 fort = 0to Thyax — 1 do
3 Update £ according to Eq. (57);
4 Update IC and Tkaccording to Eq. (58) and Eq. (59), respectively;
s: Update the dual variables (A, {B*}) using Eq. (60);
6:  Check stopping condition according to Egs. (61) and (62);
7. end for

Computational complexity —analysis: We
computational complexity as follows.

analyze the

e By precomputing (I+ X*XX*¥)™" and X¥*¥, which costs
O (d?d;dg + Ndfd%dg), the cost of updating £ is O (dfd%dg)

e Updating &C and T* involves computing the proximal
operator of TNN and NN, which costs O (d1d,d5 (dy A ds +
logds + Y7 di A dw)).

e Updating A and {Bk} (k =1, 2, 3) costs O (d,d»d5).

Overall, supposing the iteration number is T, the total
computational complexity will be

T2NN for Tensor Recovery

3
o(dfd;dg + TddAd + Td1d2d3(d1 ndy +logds + Y di A d\k)),
k=1
(63)

which is very expensive for large tensors. In some special cases
(like tensor completion) where (X;, L) operates on an element
of £, (I+X*%X%X"%)" and X*¥ can be computed in O
(d1d»ds). Hence, the total complexity of Algorithm 1 will
drop to

k=1

3
O<Td1d2d3 (min {d;, d,} + logd; + Z di A d\k)>. (64)

Convergence analysis: We then discuss the convergence of
Algorithm 1 as follows.
Theorem 4 (convergence of Algorithm 1). For any positive
constant p, if the unaugmented Lagrangian function
Lo(L AT, A, {BY) has a saddle point, then the
iterations L, (L, K", {(T5)'}, A {(B")'}) in Algorithm 1
satisfy the residual convergence, objective convergence, and
dual variable convergence (defined in [33]) of Problem (55)
ast — oo,

Proof of Theorem 4. The key idea is to rewrite Problem(55)
into a standard two-block ADMM problem. For notational
simplicity, let

1 3
S =5y~ EL, g = WKl + A1 =) Yl Ty .,

k=1

with u, v, w, and A defined as follows:

vec (KC)
- dydads _ | vec (T1 ) 4d,dyds
u=vec(L) eR , V= vec (T?) eR ,
vec (T7)
vec(A) Ip
| vec(BY) adydads _|Io adydydsxd,dads
w = vec(B) e R , A= I eR R
vec(B%) Ip

where vec (-) denotes the operation of tensor vectorization
(see [18]).

It can be verified that f (-) and g (-) are closed, proper
convex functions. Then, Problem(55) can be re-written as
follows:

min f(u)+ g(v)
st Au-v=0.

According to the convergence analysis in [33], we have

objective convergence : lim f(u') +g(v) = "+ 4",
t—o0

limw' = w",

t—o0

lim Au’ - v/ =0,

t—o0

dual variable convergence :

constraint convergence :

where f*, ¢" are the optimal values of f(u), g(v), respectively.
Variable w" is a dual optimal point defined as
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vec(A")
« | vec(B™)
vec(B¥) |’
vec (B*)

where (A*,{Bk*}k) are the dual variables in a saddle point
(L 1C (TR, AY (B of  the unaugmented
LagrangianLo (L, IC, (T}, A, {B}).

Since there are only equality constraints in the convex
problem(55), strong duality holds naturally as a corollary of
Slater’s condition [23], which further indicates that the
unaugmented Lagrangian Lo (L, I, (T, A,{B"}) has a
saddle point. Moreover, according to the analysis in [36], the
convergence rate of general ADMM-based algorithms is O (1/T),
where T denotes the iteration number. In this way, the convergence
behavior of Algorithm 1 is analyzed.

6 EXPERIMENTAL RESULTS

In this section, we first conduct experiments on synthetic
datasets to validate the theory for tensor compressed
sensing and then evaluate the effectiveness of the proposed
T2NN on three types of real data for noisy tensor completion.
MATLAB implementations of the algorithms are deployed on
a PC running UOS system with an AMD 3 GHz CPU and a
RAM of 40 GB.

6.1 Tensor Compressed Sensing

Our theoretical results on tensor compressed sensing are
validated on synthetic data in this subsection. Motivated by
[7], we consider a constrained T2NN minimization model that
is equivalent to Model (15) for the ease of parameter selection. For
performance evaluation, the proposed T2NN is also compared
with TNN-based tensor compressed sensing [37]. First, the
underlying tensor L£* e R4 and its  compressed
observations {y;} are synthesized by the following tow steps,
respectively:

o Step I: Generate L" that is low-rank in both spectral and
original domains. Given positive integers d;, d,, ds, and r <
min{d;, d,, ds;}, we first generate 7T € Rebxedxr by
T = G,%G,, where G, € R and G, € R"?*" are
tensors with i. i.d. standard Gaussian entries. Then, let £ =
T %3G where x; is the tensor mode-3 product [18], and
G € R™% is a matrix with i. i.d standard Gaussian entries.
Our extensive numerical experimental results show that
with high probability, the tubal rank and Tucker rank of
L" are all equal to r, that is, rankg (L") =r and
rank(L{)) =1, Vk=1,2,3.

e Step 2: Generate N compressed observations {y;}. Given a
positive integer N <« D, we first generate N design tensors
{X;} with i. i.d. standard Gaussian entries. Then, N noise
variables {{;} are generated as i. i.d. standard Gaussian
variables. The parameter of standard deviation o is set by
0 = cop, where 0y = || L*||p/+/d1d>d3, and we use ¢ to denote

the noise level. Finally, {y;} are formed according to the
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+T2NN|
«TNN

logio(|I1£ — £*|I%)
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N/N,

FIGURE 1 | Estimation error in logarithm vs. the normalized observation
number N/Ng for tensor compressed sensing of underlying tensors of size
16x16x16 and rank proxy r =2. The proposed T2NN is compared with
TNN [37].

observation model (13). The goal of tensor compressed
sensing is to reconstruct the known £ from its noisy
compressed observations {y;}.

For simplicity, we consider cubic tensors, i.e., d; = d, = d; = d,
and choose the parameter of T2NN by y = 1/4, &y = a, = a3 = 1/3.
Recall that the underlying tensor £* € R¥*¥*¢ generated by the
above Step 1 has the tubal rank and Tucker rank all equal to r with
high probability. We consider tensors with dimensionality d €
{16, 20, 24} and rank proxy r € {2, 3}. Then, if the proposed main
theorem for tensor compressed sensing (i.e, Theorem 2) is
correct, the following two phenomena should be observed:

(1) Phenomenon I: In the noiseless setting, ie., o = 0, if the
observation number N is larger than Cyrd” for a sufficiently
large constant Cy, then the estimation error IIZI -LC* ||12; can be
zero, which means exact recovery. Let N, = rd> as a unit
measure of the sample complexity. Then, by increasing the
observation number N gradually from 0, we will observe a
phase transition point of the estimation error in the noiseless
setting: If N/N, > Cy, the estimation error is relatively “large”;
once N/Ny < Cy, the error will drop dramatically to 0.

Phenomenon 2: In the noisy case, the estimation error
IIZZ -LC* ||§ scales linearly with the variance o* of the
random noises once the observation number N > CyN,.

)

To check whether Phenomenon 1 occurs, we conduct tensor
compressed sensing by setting the noise variance o> = 0. We
gradually increase the normalized observation number N/N,
from 0.25 to 5. For each different setting of d, r, and N/N,, we
repeat the experiments 10 times and report the averaged
estimation error |- L" ||§. For both TNN [37] and the
proposed T2NN, we plot the curves of estimation error in
logarithm versus the normalized observation number N/N, for
L € R4 yith rank proxy r = 2 in Figure 1. It can be seen that
Phenomenon 1 occurs for the proposed T2NN: When N/N, >
1.75, the estimation error is relatively “large”; once N/N, < 1.75,
the error will drop dramatically to 0. The same phenomenon also
occurs for TNN with a phase transition point near 3.5. Thus, the
sample complexity for exact tensor compressed sensing of T2NN

Frontiers in Physics | www.frontiersin.org

July 2022 | Volume 10 | Article 885402


https://www.frontiersin.org/journals/physics
www.frontiersin.org
https://www.frontiersin.org/journals/physics#articles

Luo et al.

6 <10 ‘ - .

o T2NN o |
aizy || © TNN |
N a- °
k‘) 3h o - o il
«Q Ll o ,
— e

1 e 1

P_s e
On’jE,ALL—er—*"*e"”\"oiriiiAigi —-77770""”""7?7-77777 L °
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07
a*/ag

FIGURE 2| Estimation error vs. the (squared) noise level ¢%/03 for tensor
compressed sensing of underlying tensors of size 16x16x16 and rank proxy
r =2. The proposed T2NN is compared with TNN [37].

is lower than that of TNN, indicating the superiority of the
proposed T2NN. Since similar phenomena have also been
observed for tensors of other sizes and rank proxies, we
simply omit them.

For the validation of Phenomenon 2, we consider the noisy
settings with normalized sample complexity N/N, = 3.5,
which is nearly the phase transition point of TNN and
much greater than that of T2NN. We gradually increase
the noise level ¢ o/o, from 0.025 to 0.25. For each
different setting of d, r, and ¢, we repeat the experiments
10 times and report the averaged estimation error IIL?, -Cr ||§.
For both TNN [37] and the proposed T2NN, we plot the
curves of estimation error in logarithm versus the (squared)
noise level 02/0% for £L* € R*¥ with rank proxy r = 2 in
Figure 2. It can be seen that Phenomenon 2 also occurs for the
proposed T2NN: The estimation error scales approximately
linearly with the (squared) noise level. The same
phenomenon can also be observed for TNN with a higher
estimation error than T2NN, indicating T2NN is more
accurate than TNN. We omit the results for tensors of
other sizes and rank proxies because the error curves are
so similar to Figure 2.

6.2 Noisy Tensor Completion

This subsection evaluates effectiveness of the proposed
T2NN through performance comparison with matrix
nuclear norms (NN) [30], SNN [22], and TNN [25] by
carrying out noisy tensor completion on three different
types of visual data including video data, hyperspectral
images, and seismic data.

6.2.1 Experimental Settings

Given the tensor data £* € R4*4%%  the goal is to recover it
from its partial noisy observations. We consider uniform
sampling with ratio p € {0.05, 0.1, 0.15} for the tensors,
that is, {95, 90, 85%} entries of a tensor are missing. The
noise follows i. i.d. Gaussian N (0, 0?) where ¢ = 0.050,, where
0o = |L"|lg/A/d1d2d; is the rescaled magnitude of tensor
E* € Rdlxdzxdg.

T2NN for Tensor Recovery

TABLE 1 | PSNR and SSIM values obtained by four norms (NN [30], SNN [22],
TNN [25], and our T2NN) for noisy tensor completion on the YUV videos.

(a) Akiyo
Sampling ratio Index NN SNN TNN T2NN
5% PSNR 16.37 19.49 27.04 27.51
SSIM 0.1864 0.6047 0.8019 0.8302
10% PSNR 18.01 22.54 29.18 30.08
SSIM 0.2858 0.7186 0.8556 0.8828
15% PSNR 19.64 24.37 30.60 31.43
SSIM 0.3694 0.7812 0.8791 0.8968
(b) Carphone
Sampling ratio Index NN SNN TNN T2NN
5% PSNR 13.58 17.58 23.81 24.16
SSIM 0.1378 0.5282 0.6725 0.7226
10% PSNR 16.04 20.49 25.38 25.87
SSIM 0.2352 0.6425 0.7309 0.7813
15% PSNR 17.86 22.42 26.40 26.81
SSIM 0.3242 0.7139 0.7663 0.8057
(c) Grandma
Sampling ratio Index NN SNN TNN T2NN
5% PSNR 16.52 19.13 28.53 28.84
SSIM 0.1928 0.5503 0.8135 0.8516
10% PSNR 18.34 22.52 31.44 32.64
SSIM 0.2992 0.6755 0.8822 0.9141
15% PSNR 19.66 24.88 33.02 34.28
SSIM 0.3757 0.7525 0.9088 0.9307
(d) Mother-daughter
Sampling ratio Index NN SNN TNN T2NN
5% PSNR 16.17 20.22 27.66 27.96
SSIM 0.1895 0.56824 0.7491 0.7816
10% PSNR 18.55 23.48 29.38 30.32
SSIM 0.2780 0.6840 0.8035 0.8412
15% PSNR 20.32 25.31 30.49 31.18
SSIM 0.3548 0.7405 0.8293 0.8526

The highest PSNS/SSIM are highlighted in bold.

6.2.2 Performance evaluation

The effectiveness of algorithms is measured by the Peak Signal
Noise Ratio (PSNR) and structural similarity (SSIM) [38].
Specifically, the PSNR of an estimator £ is defined as

dldzdsllﬁ*lli>

PSNR := 10log ( ~ .
L -2

Rdlxdzxdg

for the underlying tensor L € The SSIM is

computed via

ugepz + (0.010)°) (20, + (0.030)%)

SSIM := X
(4 + 1 + (0.010)°) (0% + 0% + (0.030)°)

where ppopp,0p,04,0, 5, and @ denote the local means,
standard deviation, cross-covariance, and dynamic range of the
magnitude of tensors £ and L. Larger PSNR and SSIM values
indicate the higher quality of the estimator £. In each setting, we test
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FIGURE 3 | Visual results obtained by four norms for noisy tensor completion with 95% missing entries on the YUV-video dataset. The first to fourth rows
correspond to the video of Akiyo, Carphone, Grandman, and Mother-duaghter, respectively. The sub-plots from (A) to (F): (A) a frame of the original video, (B) the
observed frame, (C) the frame recovered by NN [30], (D) the frame recovered by SNN [22], (E) the frame recovered by the vanilla TNN [25], and (F) the frame recovered

T2NN

each tensor for 10 trials and report the averaged PSNR (in db) and
SSIM values.

6.2.3 Parameter Setting

For NN [30], we set the parameter
A=Mdo+/p(d; vV dylog(d, +d;). For SNN [22], we set the
regularization parameter A = A, and chose the weight « by a;: a:

a; = 1 : 1. 1. For TNN [25], we set
A =MNo+/pd;(d, vV dy)log(did; + drd3). For the proposed
T2NN, we set the regularization parameter A=

Mo+pds(dy v dy)log(d ds + dyds) and choose the weights
y = 0.5 and a with a;: ay: a3 = 1 : 1: 10. The factor A, is then
tuned in {1073, 1072, ..., 10°} for each norm, and we chose the one
with highest PSNRs in most cases in the parameter tuning phase.

6.2.4 Experiments on Video Data

We first conduct noisy video completion on four widely used YUV
videos: Akiyo, Carphone, Grandma, and Mother-daughter. Owing to
computational limitation, we simply use the first 30 frames
of the Y components of all the videos and obtain four tensors
of size 144 x 17 x 30. We first report the averaged PSNR and
SSIM values obtained by four norms for quantitative
comparison in Table 1 and then give visual examples in
Figure 3 when 95% of the tensor entries are missing for
qualitative evaluation. A demo of the source code is available
at https://github.com/pingzaiwang/T2NN-demo.

TABLE 2 | PSNR and SSIM values obtained by four norms (NN [30], SNN [22],
TNN [25], and our T2NN) for noisy tensor completion on the hyperspectral
datasets.

(a) Indian pines

Sampling ratio Index NN SNN TNN T2NN
5% PSNR 20.44 22.01 25.68 26.00
SSIM 0.3895 0.6359 0.6293 0.6730
10% PSNR 22.23 24.94 27.45 28.27
SSIM 0.4836 0.7171 0.7226 0.7724
15% PSNR 23.52 26.61 28.54 29.11
SSIM 0.5438 0.7668 0.7713 0.7979
(b) Salinas A
Sampling ratio Index NN SNN TNN T2NN
5% PSNR 156.21 20.79 22.55 23.68
SSIM 0.2594 0.7547 0.5667 0.7013
10% PSNR 20.62 25.56 25.72 27.93
SSIM 0.4775 0.8284 0.7027 0.8291
15% PSNR 23.09 27.99 28.06 29.67
SSIM 0.5643 0.8622 0.7804 0.8671

The highest PSNS/SSIM are highlighted in bold.

6.2.5 Experiments on Hyperspectral Data

We then carry out noisy tensor completion on subsets of the
two representative hyperspectral datasets described as
follows:
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FIGURE 4 | Visual results obtained by four norms for noisy tensor completion with 85% missing entries on the hyperspectral dataset (gray data shown with pseudo-
color). The first and second rows correspond to Indian Pines and Salinas A, respectively. The sub-plots from (A) to (F): (A) a frame of the original data, (B) the observed
frame, (C) the frame recovered by NN [30], (D) the frame recovered by SNN [22], (E) the frame recovered by the vanilla TNN [25], and (F) the frame recovered by our

TABLE 3 | PSNR and SSIM values obtained by four norms (NN [30], SNN [22],
TNN [25], and our T2NN) for noisy tensor completion on the Seismic dataset.

Sampling ratio Index NN SNN TNN T2NN

(%)

5 PSNR 22.25 22.28 22.49 22.80
SSIM 0.4369 0.4906 0.3928 0.4794

10 PSNR 23.58 23.53 23.48 24.05
SSIM 0.5462 0.5740 0.5004 0.5845

15 PSNR 24.74 24.66 24.51 25.25
SSIM 0.6266 0.6552 0.5898 0.6657

The highest PSNS/SSIM are highlighted in bold.

e Indian Pines: The dataset was collected by AVIRIS sensor in
1992 over the Indian Pines test site in North-western
Indiana and consists of 145 x 145 pixels and 224 spectral
reflectance bands. We use the first 30 bands in the
experiments due to the trade-off between the limitation
of computing resources.

e Salinas A: The data were acquired by AVIRIS sensor over
the Salinas Valley, California in 1998, and consists of 224
bands over a spectrum range of 400-2500 nm. This
dataset has a spatial extent of 86 x 83 pixels with a
resolution of 3.7 m. We use the first 30 bands in the
experiments too.

The averaged PSNR and SSIM values are given in Table 2 for
quantitative comparison. We also show visual examples in
Figure 4 when 85% of the tensor entries are missing for
qualitative evaluation.

6.2.6 Experiments on Seismic Data

We use the seismic data tensor of size 512 x 512 x 3, which is
abstracted from the test data “seismic.mat” of a toolbox for
seismic data processing from Center of Geopyhsics, Harbin
Institute of Technology, China. For quantitative comparison,
we present the PSNR and SSIM values for two sampling
schemes in Table 3.

6.2.7 Summary and Analysis of Experimental Results
According to the experimental results on three types of real tensor
data shown in Table 1, Table 2, Table 3, and Figure 3, the
summary and analysis are presented as follows:

1) In all the cases, tensor norms (SNN, TNN, and T2NN)
perform better than the matrix norm (NN). It can be
explained that tensor norms can honestly preserve the
multi-way structure of tensor data such that the rich
inter-modal and intra-modal correlations of the data
can be exploited to impute the missing values, whereas
the matrix norm can only handle two-way structure and
thus fails to model the multi-way structural correlations of
the tensor data.

In most cases, TNN outperforms SNN, which is in consistence
with the results reported in [14, 17, 25]. One explanation is that
the used video, hyperspectral images, and seismic data all possess
stronger low-rankness in the spectral domain (than in the
original domain), which can be successfully captured by TNN.
In most cases, the proposed T2NN performs best among the
four norms. We owe the promising performance to the
capability of T2NN in simultaneously exploiting low-
rankness in both spectral and original domains.

2)

3)

7 CONCLUSION AND DISCUSSIONS

7.1 Conclusion

Due to its definition solely in the spectral domain, the popular
TNN may be incapable to exploit low-rankness in the
original domain. To remedy this weaknesses, a hybrid
tensor norm named the “Tubal + Tucker” Nuclear Norm
(T2NN) was first defined as the weighted sum of TNN and
SNN to model both spectral and original domain low-
rankness. It was further used to formulate a penalized
least squares estimator for tensor recovery from noisy
linear observations. Upper bounds on the estimation
error were established in both deterministic and non-
asymptotic senses to analyze the statistical performance of
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the proposed estimator. An ADMM-based algorithm was also
developed to efficiently compute the estimator. The effectiveness
of the proposed model was demonstrated through experimental
results on both synthetic and real datasets.

7.2 Limitations of the Proposed Model and
Possible Solutions

Generally speaking, the proposed estimator has the following two
drawbacks due to the adoption of T2NN:

e Sample inefficiency: The analysis of [24, 28] indicates that
for tensor recovery from a small number of observations,
T2NN cannot provide essentially lower sample complexity
than TNN.

e Computational inefficiency: Compared to TNN, T2NN is
more time-consuming since it involves computing both
TNN and SNN.

We list several directions that this work can be extended to
overcome the above drawbacks.

e For sample inefficiency: First, inspired by the attempt of
adopting the “best” norm (e.g., Eq. 8 in [28]), the following
model can be considered:

LM LG -
* >, max )
Ic "tnn k=123 "L(k)”*

st fly-X(L)l.<e

min max{
“ (65)

for a certain noise level € > 0. Although Model (65) has a
significantly higher accuracy and lower sample
complexity according to the analysis in [28], it is
impractical because it requires |£"||¢, and ||L?k) Il (k=
1, 2, 3), which are unknown in advance. Motivated by
[39], a more practical model is given as follows:

3
min > exp (alIL iy l.) + exp (BILlan)
k=1
st ly-X(LO)l; <e,

where 3 > 0 is a regularization parameter.

e For computational inefficiency: To improve the efficiency of
the proposed T2NN-based models, we can use more
efficient solvers of Problem (15) by adopting the
factorization strategy [40, 41] or sampling-based
approaches [42].

7.3 Extensions to the Proposed Model

In this subsection, we discuss possible extensions of the proposed
model to general K-order (K > 3) tensors, general spectral domains,
robust tensor recovery, and multi-view learning, respectively.

e Extensions to K-order (K > 3) tensors: Currently, the
proposed T2NN is defined solely for 3-order tensors,
and it cannot be directly applied to tensors of more than

T2NN for Tensor Recovery

3 orders like color videos. For general K-order tensors, it
is suggested to replace the tubal nuclear norm in the
definition of T2NN with orientation invariant tubal
nuclear norm [5], which is defined to exploit multi-
orientational spectral low-rankness for general higher-
order tensors.

e Extensions to general spectral and original domains: This
paper considers the DFT-based tensor product for spectral
low-rank modeling. Recently, the DFT based t-product has
been generalized to the *;-product defined via any
invertible linear transform [43], under which the tubal
nuclear norm is also extended to *;-tubal nuclear norm
[44] and *;-Spectral k-support norm [7]. It is natural to
generalize the proposed T2NN by changing the tubal
nuclear norm to *;-tubal nuclear norm or *;-Spectral k-
support norm for further extensions. It is also interesting
to consider other tensor decompositions for original
domain low-rankness modeling such as CP, TT, and TR
as future work.

e Extensions to robust tensor recovery: In many real
applications, the tensor signal may also be corrupted by
gross sparse outliers. Motivated by [5], the proposed T2NN
can also be used in resisting sparse outliers for robust tensor
recovery as follows:

1
min ~lly = X(L + S)l> + ALl + plSl,

where 8 € R¥*®*% denotes the tensor of sparse outliers, the
tensor /;-norm ||-||; is applied to encourage sparsity in S, and
¢ > 0 is a regularization parameter.

e Extensions to multi-view learning: Due to its
superiority in modeling multi-linear correlations of
multi-modal data, TNN has been successfully
applied to multi-view self-representations for
clustering [45, 46]. Our proposed T2NN can also be
utilized for clustering by straightforwardly replacing
TNN in the formulation of multi-view learning models
(e.g., Eq. 9 in [45]).
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