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Recently, a set of tensor.norms known as coupled norms has been pro-
posed as a convex solution to coupled tensor completion. Coupled norms
have been designed by.combining low-rank-inducing tensor norms with
the matrix trace norm."Though coupled norms have shown good perfor-
mances, they/have two major limitations: they do not have a method
to control the regularization of coupled modes and uncoupled modes,
and they are not optimal for couplings among higher-order tensors. In
this letter, we propose a method that scales the regularization of cou-
pled components against uncoupled components to properly induce the
low-rankness on the coupled mode. We also propose coupled norms for
higher-order tensors by combining the square norm to coupled norms.
Using the excess risk-bound analysis, we demonstrate that our proposed
methods lead to lower risk bounds compared to existing coupled norms.
We demonstrate the robustness of our methods through simulation and
real-data experiments.

1 Introduction

Inrecent years, learning from multiple data sources has gained considerable
interest. One such field that has gained interest is coupled tensor completion
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(also referred to as collective tensor completion), where we impute miss-
ing elements of a partially observed tensor by sharing information from its
coupled tensors (Acar, Papalexakis et al., 2014; Acar, Nilsson,«& Saunders,
2014; Acar, Bro, & Smilde, 2015; Bouchard, Yin, & Guo, 2013). ‘A coupling
between two tensors occurs when they share a common'mode, where one
tensor can be side information (Narita, Hayashi, Tomioka, & Kashima, 2011)
to the other or both mutually share information (Acar, Papalexakis et al.,
2014). Coupled tensor completion has been useful in several real-world ap-
plications such as link prediction (Ermis, Acar,/& Cemgil, 2015), recommen-
dation systems (Acar, Kolda, & Dunlavy, 2011; Acar, Papalexakis et al., 2014;
Acar, Nilsson et al., 2014; Acar et al., 2015; Jeon, Jeon, Sael, & Kang, 2016),
and computer vision (Li, Zhao, Li, Cichocki, & Guo, 2015; Zhou, Qian, Shen,
Zhang, & Xu, 2017).

Recently, Wimalawarne, Yamada, and Mamitsuka (2018) proposed a set
of norms known as coupled norms to solve coupled completion. One of the
main advantages of these norms is that they are convex and lead to global
solutions, while many of the existing coupled completion models are non-
convex factorization methods (Acar, Nilsson et al., 2014; Ermis et al., 2015).
Furthermore, most factorization-based:methods are restricted to the CAN-
DECOMP /PARAFAC (CP) rank (Acar, Nilsson et al., 2014) of tensors while
others are restricted to nonnegativefactorization (Ermis et al., 2015). Cou-
pled norms are able to learn using the multilinear rank of tensors and are
applicable to heterogeneous tensor data. Theoretical analysis on completion
with coupled norms has shown that proper regularization of low-rankness
along the coupled modes leads to better performance compared to indi-
vidual tensor completion. Except for the computational challenge of using
trace norm regularization, these norms can be easily extended to multiple
couplings of multiple tensors, thus making them a promising approach to
coupled tensor learning.

Although ‘coupled norms have several favorable qualities, we find that
they have two limitations. One limitation is that there is no control on regu-
larization ‘of coupled modes with respect to uncoupled modes. In the exist-
ing design of coupled norms, there is always an assumption that all modes
are low-ranked. This is not an optimal design since the the shared low-
rankness induced by the concatenation of the tensors on the coupled modes
could be different compared to low-rankness induced by the tensors in-
dependently. Another limitation with coupled norms is that their design
is limited to coupling of three-mode tensors. A naive application of these
coupled norms to higher-order tensors (tensors with more than three di-
mensions) may not be optimal since these norms have been designed using
norms robust for three-mode tensors such as the overlapped trace norm
(Liu, Musialski, Wonka, & Ye, 2009; Tomioka & Suzuki, 2013) and scaled la-
tent trace norm (Wimalawarne, Sugiyama, & Tomioka, 2014). The recently
proposed square norm (Mu, Huang, Wright, & Goldfarb, 2014) has been



NECO_a_01254-Wimalawarne MITjats-NECO.cls December 4, 2019 16:53

Coupled Higher-Order Tensor Completion 3

shown to be better for completion of higher-order tensors, which would be
more suitable for coupled higher-order tensors.

In this letter, we propose extensions to coupled norms to overcome the
limitations we have noted. We introduce scaling of the regularization on the
coupled mode with respect to uncoupled modes. Additionally, we integrate
the square norm to coupled tensors to create extensions'for higher-order
tensors. We derive excess risk bounds for coupled completion based on reg-
ularization by scaled coupled norms and their higher-order extensions. We
provide details of simulation and real-data experiments’and show that our
methods lead to better performance for coupled completion.

Before we move on to the core concepts of our'research, we introduce
some notations that we use in this letter. Following Kolda and Bader (2009),
we write a K-mode tensor as 7 € R™ > fand its mode-k unfolding is
obtained by Ty € R4 which is obtained by concatenating all slices
along mode-k. Given two matrices M € R"*" and N € R™ xm the notation
[M; N] € R"*(m+m) represents their concatenation on the common mode-1.

2 A Short Review on Completion with Coupled Norms

Coupled tensors completion using coupled norms was introduced by
Wimalawarne et al. (2018). They considered a partially observed three-
way tensor 7 € R">*"2* and-a matrix M € R"*™ having a common mode
(mode-1 in this case) with/the number of partially observed elements of
my and my, respectively. Given mappings of Q4 : R">7*" — R™ and Qy
R™>" — R™, a collective completion model was proposed as

1 - 1 A
min > |2 (ME=MDIE + S 19T = DIE + AT, Mien, 1)

where |7, M||cn represents a coupled norm, which can be constructed by
using tensornorms such as the overlapped trace norm (Tomioka & Suzuki,
2013), the scaled latent trace norm (Wimalawarne et al., 2014), and the ma-
trix trace norm (Fazel, 2002; Candes & Recht, 2009).

We now review basic constructions of coupled norms. Given a tensor
T € Rmxmxns and a matrix M € R™*" | the general definition of a coupled
norm takes the following format,

”T? M”L(Ih,cyd)v (22)

where the superscript a specifies the mode in which the tensor and the
matrix are coupled, and the subscripts indicated by b,c,d € {O,L,S, —}
specify the regularization method on each mode of the tensor. The nota-
tion O indicates overlapping trace norm-based regularization, L indicates
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latent trace norm-based regularization, S indicates scaled latent trace norm-
based regularization, and — indicates no regularization withi.respect to the
specified mode. The core building block to construct coupledmorms is the
matrix trace norm also known as the nuclear norm (Fazel, 2002; Candeés
& Recht, 2009), which is defined for a matrix M € R"*% with rank ] as
M| = ijzl o;, where o is the jth nonzero singular‘value of the matrix
M. The matrix trace norm is a convex relaxation to minimizing the rank of a
matrix (Fazel, 2002; Candeés & Recht, 2009), and it is used to define all low-
rank tensor norms (Liu, Lin, & Yu, 2010; Wimalawarne et al., 2014; Mu et al.,
2014).

In order to look into few of the norms introduced in Wimalawarne et al.

(2018), we first consider the coupled norm,||7, M”%O,O,O)' which takes fol-
lowing format:
3
IT. Mll{o.0.0) = I[Tay: Mlllee 4.0 Wl (2.3)
k=2

In the above norm, the tensor 7 is unfelded on each mode and regularized
with the trace norm, and on the coupled mode, the concatenated matrix
[T1y; M] is regularized. The trace norm for the concatenation between the
matrix and the tensor induces low-rankness for both the tensor and the ma-
trix with respect to the coupled mode, allowing collective regularization.

A coupled norm with.all the modes regularized with the scaled latent
norm is defined as || 7, M|| %S_S,S), which takes the following format,

3
1 1
1 — inf - T(l).M - T(k)
”T’ M”(S,S,S) T(1)+T}£1+T(3)—T<J7Tlll[ 1y ]”tr + kgz: \/7Tk|| ) ”tr s

(2.4)

where 7O, @ and 7T® are latent tensors (Wimalawarne et al., 2014,
2018). The above norm is created by extending the scaled latent trace norm
(Wimalawarne et al., 2014) with the addition of the concatenation of M to
the unfolded latent tensor 7. The use of unfolded latent tensors on each
mode allows the norm to regularize the rank of each mode independent of
the ranks of other modes compared to overlapped regularization. For an ex-
ample, if all the modes of a tensor are full rank except one mode, the latent
trace norm will be able to induce low-rankness with respect to low-rank
mode since each mode is regularized independently using latent tensors.
However, the overlapped trace norm will regularize all the modes equally
to induce low-rankness. The use of latent tensors benefits the above cou-
pled norm, equation 2.4, since concatenated regularization on the coupled
mode does not depend on the ranks of the uncoupled modes. The division
of latent tensor regularization by the inverse of its mode dimension leads to
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the inducement of low-rankness with relative ranks with respect to mode
dimensions (Wimalawarne et al., 2014).

In addition to the homogeneous regularization methods given above,
mixed norms such as (S, O, O), (O, S, O), and (O, O, S) have also been pro-
posed (Wimalawarne et al., 2018). An example of a mixed:norm is

3
1
1 _ ; 1. § : ()
7. M”(S,O,O) - T(])ng'(fz):T (\/7?1||[T(1) s Ml + < ”T(k) ”tr)»

where the scaled latent trace norm is regularized on.the coupled mode and
the rest of the modes are regularized using the overlapped trace norm.

3 Limitations of Coupled Norms

Though coupled norms have favorable properties such as convexity and
better performance in coupled tensor.completion (Wimalawarne et al.,
2018) compared to individual tensor completion, they are not optimal for
coupled tensor completion. We identify two major limitations with coupled
norms.

3.1 Lack of Control on Shared Low-Rankness. The basic design prin-
ciple of coupled norms is to.combine two tensor norms by having a single
trace norm regularization.on the concatenated unfolding of tensors along
the coupled mode. The underlying assumption with this formulation is that
the concatenation of unfolded tensors is low rank; in other words, we can
have a low-rank factorization of the concatenated matrix. This indicates that
both tensors have acommon left component matrix indicating shared low-
rankness along the.coupled modes. Though this is a reasonable assumption,
in practice, the degree of shared low-rankness needs to be controlled when
regularizing a learning model. Since the coefficient in front of the regular-
ization of coneatenation of unfolded tensors is equal to one, similar to other
trace norm regularizations for other modes in a coupled norm, it induces
an equal amount of regularization for both coupled and uncoupled compo-
nents. This makes existing coupled norms suboptimal. A better design of
coupled norms with theoretical guarantees should be developed.

3.2 Inefficiency with Higher-Order Tensors. The coupled norms pro-
posed by Wimalawarne et al. (2018) are confined to the overlapped trace
norm and latent trace norms. Though these norms can be applied as low-
rank-inducing norms for any tensor, they may not be efficient with higher-
order tensors. The square norm proposed by Mu et al. (2014) has been
shown to be more efficient as a low-rank-inducing norm for higher-order
tensors. More specifically, for a higher-order tensor with K modes each of di-
mensions n with a multilinear rank of (7, . . ., r), the excess risk bound using



NECO_a_01254-Wimalawarne MITjats-NECO.cls December 4, 2019 16:53

6 K. Wimalawarne, M. Yamada, and H. Mamitsuka

the overlapped norm is bounded as O(K/r(~nX=1 + {/n)) (Wimalawarne
et al.,, 2018), while the use of the square norm leads to an/excessive risk
bound of O(r/2/nK/21) (see theorem 11 in the appendix and Muret al., 2014).
Thus, the existing coupled norms would not give the best performance for
coupled higher orders, which creates a need to incorporateithe’square norm
in coupled norms.

4 Proposed Methods

In this section, we propose new approaches to overcome the limitations we
have described. We propose a new coupled completion model and discuss
extensions to coupled norms.

First, we give the main problem that we invéstigate in this letter: gen-
eralized coupled tensor completion for higher-order tensors with con-
trol of regularization of coupled components. We define this problem by
considering two partially observed, tensors X e R™*"2x~>"k K >3 and
P e Ruxmxxty K’ > 2 Let m; and ma-be the number of observed ele-
ments of X and Y, respectively. We define Q; : R™>2X " — R™ and
Qy: R™MX1X XMy R™2 a5 mappingsto observed elements. Then the pro-
posed coupled completion modelis

hen

o1 N 1 N
min 2 12(X — D) £ SNLp0) ~ DI+ 212 Vi 4.1)

where || X, ylléi’{y) is an extended definition of coupled norms, with y indi-
cating scaling of the concatenated regularization on the coupled mode a. In
sections 4.1 and 4.2, wepropose our extensions to coupled norms with scal-
ing to previously defined coupled norms (Wimalawarne et al., 2018) with
three-mode tensors'and higher-order coupled tensors.

4.1 Scaled Coupled Norms. We propose to explicitly control the regu-
larization on concatenated components on the coupled mode. We achieve
this by introducing a scaling factor y € R, for the coupled regularization
of the coupled norm. To include the scaling parameter, we extend the ex-
isting definition of the coupled norm as || - || EZCVL), which we hereafter refer
to as a scaled coupled norm, where the superscript (4, y) indicates that the
regularization on components on coupled mode a is scaled by y.

Using the new definition, we redefine all the coupled norms in
Wimalawarne et al. (2018). As an example, we can show the norm

||7’,M||Egj’8 o) for a three-mode tensor 7 € R™*™*™ and M e R™M*" a5

follows:

3
1T, MIGD o) = Y ITay; Mllle + D 1T e (4.2)
j=2
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If y =1, then scaled coupled norms coincide with original coupled norms.
In practice, the optimal scaling parameter for y needs to be selected using an
appropriate parameter selection method such as cross-validation. Though
this creates an additional computational cost, we show theoretically (see
section 5.1) and experimentally (see section 6.1) that this scaling leads to
better performance.

We can also regularize each of the trace norms separately (e.g., the right-
hand side of equation 4.2 can be y||[T(1); M]|le +%2 Z?:z T llr), which
would add more computational costs to solve the completion model. Our
definition of scaled coupled norms is more convenient during optimization
due to fewer parameters and also helps in theoretical analysis and interpre-
tation, as we show in section 5.

4.2 Completion of Coupled Higher-Order Tensors. Now we propose
coupled norms for higher-order tensors by/combining the square norm with
the coupled norms.

We first consider a higher-order tensor’ € R™ *"2**" with K > 4 cou-
pled with another tensor, Y € R™ xmyxxiy woith K> 2. Without losing gen-
erality, we assume that they are coupled on a specific mode a. We introduce
a modified scaled coupled norm'notation as

12, VIGE ey (4.3)

where g indicates the coupled mode, and (b, c) and (d, e, f) indicate regular-
ization methods for each tensor. As defined in Wimalawarne et al. (2018), if
YV is a three-mode tensor, then c,d, e, f € {O, L, S, —}. The notation b := [v]
indicates that the particular higher-order tensor (X in this case) should be
regularized using the square norm (Mu et al., 2014), given as

v K
11l = |[reshape | Xy, [ [m [ ni ]| -
i=1 j=v+1

tr

where v specifies the modes to be considered for reshaping and the func-
tion reshape() (Mu et al., 2014) reshapes the tensor to a matrix of dimensions
11 ...1, X M1 ... ng. Further, the second parameter c in the subscript indi-
cates how the tensor X’ should be regularized coupled to ).

4.2.1 Coupled Norms for a Higher-Order Tensor and a Matrix. Let us look
at a few examples of possible higher-order coupled norms that we can
construct using the new extension, equation 4.3. Given that ) is a matrix
Y :=M e R"*" we can define a coupled norm using only the overlapped
regularization as
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”X M”( [v].0).(O. O) =Y ”[X(l); M]”tr + “X[v]”tr + ”M”tr (44)

Now let us consider making the regularization with respect to the coupled
mode less dependent on the regularization of other modes of the tensor. To
achieve this, we can add latent tensor regularization to the'cotipled modes.
By changing O to S in equation 4.4 for the tensor }, we have the following
definition,

12 MIGT8 0.0, =y 0E,_, = 10 MU+ 1 e+ 1M

(4.5)

where the tensor X is considered as a summation of latent tensors X and
X®@ with XU coupled to M and X® regularized independently.

4.2.2 Coupled Norms for a Higher-Order Tensor and a Three-Way Tensor. 1f Y
is a three-mode tensor ) € R™*"2%13, we'ean define several coupled norms
using the overlapped regularization (notation O) and latent and scaled la-
tent regularizations (notations L“and S) for the three-mode tensor, while
applying regularization to the.& tensor using the square norm. Ap-
plying overlapped regularization and scaled latent regularization to

1, .
X, yl|g[vly)o 1.(0.0.0) t0 Y gives us

3

12, V%) 0,00 =Xy Yayllle + Y 1Yl + 1 X0l
k=2

and

1y) : 14
12, VNG ordss) = o iryl(fz)_y( NG

3
+ Z —IIYG( lee + 11 X) ||tr) :

k=

11Xy Y ee

Additionally, we can create mixed norms by applying a mixture of
regularizations to the three-mode tensor. Due to space limitations, we
will give only one example of the mixed higher-order coupled norm

X, yll&% 1.(0.5.0y Which is defined as

1
L) _ ) @
1. Yl 0,080 = 4, <””[X<1>’ Yoyl + =¥l

+ 1Y) e + 1K) ||tr) :
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where the second mode of ) is regularized with the scaled latent trace
norm and the rest of the modes are regularized using the overlapped trace
norm.

4.2.3 Coupled Norms for Two Higher-Order Tensors. Letus now consider
Y also as a higher-order tensor J € R™ xnpxxiy - K SANIn this case, we
propose a coupled norm with both tensors regularized using the square

norm as | X, Y II([D] 0).(v']. Where v’ indicates the modes that are used for
the square reshaping norm for Y. Then the definition of this norm is

1, VUGS, ooy = ¥ IEXws Yoyl I Xl + 1Yo - (4.6)

We can also define coupled norms with“latent trace norm regulation for
higher-order tensors as

1, . 1
1 Vg o100 = o Q2K Yol 1G5 e + 1Yl
and
X, (L. V) . f inf X(l) Y(2
” y”([v ([v'].L) * X(1>+l;? —x y“ﬂgfl( ]/”[ ]“tr

FNX D e + 1Y e

4.2.4 Coupled Noyrmsfor Tensors Coupled on Multiple Modes. Our proposed
norms need not be restricted to coupling of tensors by a single mode. The
proposed norms can be extended to tensors that are coupled by more than
one mode by specifying the multiple modes on the superscript a of equa-
tion 4.3 and changing the definition of the norm accordingly. As an ex-
ample, let us consider two higher-order tensors & € R™"*™*>"< and ) e
Ry KK’ > 4, which are coupled on their first two modes. Us-
ing overlapped regularization for both the tensors, we can define the norm

(1.2)7)
12 Yl go].0).101.0) 3

1, VI oy = ¥ ITX a2 Yaollle + 1Xulle + 1 Yoalle,  (47)

where coupling with modes 1 and 2 leads to an unfolding of A and Y by
combining modes 1 and 2 for the coupled regularization. Further, if we con-
sider scaled latent norm regularization for both coupled tensors, we can
define the following coupled norm:
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((1,2).7) o : : 4 M @
”X? y”([v]_s)_([v/]’g) = X“)+1/€(1£:X y(l)ig}(t;):y M ”[X(lZ)’ Y(lyz)]”tr
1 2 1 2
+ ﬁ “X[(,)])”tr + Tn—//‘”Y[(Ur)] ”tr' (48)

4.3 Optimization of the Coupled Completion Model. The objective
function in equation 4.1 can be solved using conyex optimization meth-
ods. We have used the alternating direction method of multipliers (ADMM)
method (Boyd, Parikh, Chu, Peleato, & Eckstein, 2011) to solve the above
objective function. We do not give the details of the optimization pro-
cedure since it is similar to the optimization of coupled norms given in
Wimalawarne et al. (2018).

5 Theoretical Analysis

In this section, we present a theoretical) analysis of the proposed cou-
pled completion models regularized by the scaled coupled norms and the
higher-order coupled norms.

Taking a similar approach to that of Wimalawarne et al. (2018), we
derive excess risk bounds (El¢Yaniv' & Pechyony, 2007) for coupled com-
pletion using the Rademacher complexity. For our analysis, we consider
two tensors X' € R">*™x ik and ) e R™*™* M coupled on their first
mode. We represent indexes of observed elements of X’ by the set P, where
(i1, ..., ik) € P refers to the element &} ;. Similarly, the set Q represents
the set of observed elements’'in ). Further, we consider observed elements
separated as training and test sets as Prain, QTrain, Prest, and Qrest, such that
P= PTrain U PTest and Q = QTrain U QTest-

We denote any: coupled norm by [|W, V”l(qlc}}:) and the hypothesis class

constrained by it.with some constant B as W = {W, V : |W, VIISC’I):) < B}.
Then the training etror of the coupled completion model, equation 4.1, for

a given hypothesis class W is expressed as

1
LW, V): = ———— (X Wi
( ) |PTrain| + |QTrain| Z ( ot " JK)

(i1, -1k ) €PTrain

+ o Mo Vineie) |- (5.1)

(j1,++ ) EQTrain

where 1(a,b) = (a — b)*>. When K =3 and K’ =2, we deal with coupled
three-mode tensors based on the scaled coupled norms proposed in sec-
tion4.1. When K > 4and K’ > 2, we consider completion of coupled higher-
order tensors. We can also define the test error for a given hypothesis class
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W, LW, V) as follows:

_ 1
LWYV) = — (X,..is Wh,....i
( ) |PTest| + |QTest| Z ( e \ K)

(i1, .--,0K ) EPest

+ Z i Viroj) | (5.2)

(j1sees i )EQTest

Using the standard conditions, let I(-,-) be ‘a A-Lipschitz contin-
uous loss function bounded by Sup;, i (X i Wil < by and
sup; i Ip..iws Viroojio )] < bi. We consider the special case where
|PTrain| = [Prest] = |P|/4 and |QTrain| = [Qtest| = |Q|/4 This leads to equal'
sized training and test sets, |Prrain| 4 1Qmainl = [Prest| + Qrest| = IP|/2 =
|Q|/2 = d, similar to the assumption made in Shamir and Shalev-Shwartz
(2014). Following the transductive’ Rademacher complexity theory (EI-
Yaniv & Pechyony, 2007; Shamir & Shalev-Shwartz, 2014), the following
excess risk bound holds with prgbability 1 — 6,

Y% |PTrain| + |QTrain|
(5.3)

~ 11 + 4,/log %
LOV, V) =LV, V) <4Rpg(lo W, 10 V) + b ,

where Rpq(loW(lo)) is the transductive Rademacher complexity
(Wimalawarnge et/al:, 2018; El-Yaniv & Pechyony, 2007; Shamir & Shalev-
Shwartz, 2014), defined as follows,

1
RpqloW.loV) = JEs | sup D il (X i Wi

WVEW (i, ix)eP

+ D Tl Vi Vi) |
(s fi)€Q

where Rademacher variables o;, . ; and 0}, . j,, consist of values of {1, 1}
with probability 0.5. Let us define X e R« with X%; i
if (i1,...,ix) €P and %; _j =0 otherwise, and X’ € R™M="2% Mo with
E}l,...,jxr =0 .. if (j1,..., jx) € Qand E}l ,,,,, e = 0 otherwise. Then us-
ing the assumption of Rademacher contraction principle (Meir & Zhang,
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2003) we can bound Rp.q(l o W, I o V) as follows:

A
RpqloW,loV) = —E; | sup > ShicWil

WVeW "
+ Z e Viteie | - (54)
Juses Jxe
Using the primal-dual relationship of the normu||+ II&'I):,) we can further
bound equation 5.4 as follows,
A
RpqoW.loV) < = {E sup [P VIY|Is, z’n{};:ﬁ} . (55)
W.VeW

where || - ||§11’ny.) is the dual norm of || - Hl(nlc,r}\,)' Using equation 5.5, we bound

the Rademacher complexities for each of the scaled coupled norms (see ap-
pendixes B and C), which we discussnext.

5.1 Excess Risk of Scaled Three-Mode Couple Norms. Excess risk
bounds for three-mode tensors coupled with a matrix based on unscaled
coupled norms have been.derived in Wimalawarne et al. (2018). Since the
scaling parameter y affects only the concatenated components of the cou-
pled norm, the excess risk bounds in Wimalawarne et al. (2018) can be eas-
ily updated for scaled norms (see appendix A). The updated Rademacher
complexities (Rp,qo(le)V, | o V) in equation 5.5 for completion of a coupled
three-mode tensor X € R™>*™x1 and a matrix M := )Y € R™*™ are shown
in Table 1. Wé show only the || - {50 o, Il - g 4%, and || - (g% o, norms due
to space limitations.

In Table 1,.the parameter y scales the induced low-rankness re-
lated to the rank of the coupled unfolding ,/7). Note that the param-

eter y inversely scales the components y ~1Cy(\/n1 + ,/I—[?:2 nj+nj) and

y1Co(ny + ,/]_[?21 n; + niny). This behavior of scaling with y tells us that
if 0 < ¥ < 1, then the shared low-rankness among the two tensors on the
coupled mode is less, and excess risk would be bonded with larger terms

of y~1Ca( /1 + /]_[?=2 n;+ny) and y'Co(ny + /iy i + n1m}). On the
other hand, if y > 1, it indicates more shared low-rankness among coupled
tensors, and the maximum term would select a smaller value. This analysis
allows us to conclude that in order to obtain less excess risk, coupled tensor
should share an adequate amount of low-rankness on the coupled mode.
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Table 1: Rademacher Complexity Bounds of Scaled Coupled Norms for Three-
Mode Tensors.

Norm Rademacher Complexity Rp (I o W, [0 V)

Il - II%B_O) % [VM(BW +By)+ X, ﬁBv]
max {yflcz(«/ﬂ-i- /]_[?:2 n; + n/2 ),
minge 3G (Ji?k + ,/]_[?#k n; }}
[l - ||§éj§_)s> % [V\/;I?(BW + By) + minkep 3 %Bv]
max {y*Cz (111 +./ ]_[f'=1 n; + nln’2>,
Cymaxi=y 3 (”k +y T ”i) }
R VAN [y\/zﬁ (Bw + Bt Doia s «/rT-Bv}
max {y‘lcz <n1 + ,/]_[,?':1 n; + nln’2>,
ming— 3 C; (M +./ ]_[;;k ni> }

Note: Coupled completion of X € R"*"2*% and Y € R"*"2 re-

sulting in a hypothesis class W=wWw,v:w, Vll(l‘y) < B} where

hen
- }<11ch1/) is any of the three-mode tensor-based coupled norms. The

multilinear rank of )V is (r1, 72, r3), and the rank on coupled mode
unfolding is r({y. By, By, C1, and C; are constants.

5.2 Excess Risk of Coupled Higher-Order Tensors. Now we look into
excess risk/bounds for completion models regularized by the proposed
higher-order coupled norms. Due to the large number of coupled norms
we can define using the proposed norm, we analyze excess risk bounds for
only a few coupled norms in this section.

The following theorem gives the Rademacher complexity for a coupling
between a K-mode tensor X € R">*™X >k with K > 4 and a matrix ) :=
M e Rz,

Theorem 1. Let X € R™*mXx1k gnd ) := M € R™*"™ be coupled on their first
modes with sets of observed elements P and Q, respectively, with |P|/2 = |Q|/2 =

d. Given a hypothesis Clulsi)Wz W,V W, V”}Eﬂ)),(o,O) < B}, the coupled

completion using |V, V||E[D].O)’(O’O) leads to the following Rademacher complexity
of equation 5.5 with probability 1 — 8,
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prQ(l o W, l o V)

K

3A .

v
[Tr
i=1

2d )
j=v+1
K v K
min y‘1C1 N nnj—i-n’z ,max { Cy nni+ H nj|,
j=2 i=1 j=o+1
C3(«/I’ll + /n/z)
where (11, . .., rx) is the multilinear rank of Wi is the rank of V, r(y) is the rank

of the coupled unfolding on the first mode, Byy, By, C1, Cy, and Cs are constants.

Next, three theorems consider a coupling between a K-mode tensor X' €
Rmxn2xxnk with K > 4 and a threesmode tensor ) € R™M*"%75,

Theorem 2. Let X' € R"*"X">XK gnd, ) € RM*"2>"s pe coupled on their first
modes with sets of observed elements Pand Q, respectively, with |P|/2 = |Q|/2 =

d. Given a hypothesis class W.= A4V« WV, V”EE;{)O),(O,O,O) < B}, the coupled
(1.y)

completion using [[W. V| (1 &) (ng.0) leads to the following Rademacher complex-
ity of equation 5.5 with probability 1 — §,

Rpo(loW,10V)

3
3A .
<—\v T(])(BW ~+ BV) + Z \/;;BW —+ min

2d .
=2
K ) K
mind C1y | /11 + Hna+n/2n’3 ,max{Cy H"i+ 1_[ n; |,
a=2 i=1 j=v+1
min[C4(,/n/2—|—,/n1n’3),C5(1/n/3+,/n1n’2)] ,
where (r1, ..., rx) is the multilinear rank of W; (v|, 15, 13) is the multilinear rank

of V; ray is the rank of the coupled unfolding on the first mode; and Byy, By, C1, Cy,
Cy, and Cs are constants.

Theorem 3. Let X' € R"*"X>X gnd ) e RM*">" e coupled on their first
modes with set of observed elements P and Q, respectively, with |P|/2 = |Q]|/2 = d.
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Given a hypothesis class W = {W, V : |W, V||E[lo’i/,2)),(s,s,s
Ly)

pletion using W, VIl ;1 0).s.s.s) leads to the following Rademacher complexity of
equation 5.5 with probability 1 — 6,

) < Bl the coupled com-

Rpo(loW,10V)

3A r .
<—ly IQ(BW+BV)+mm
2d nq
i=1
7 7 K
+min | |2, [ | By | max {y"Cif11 + l_[na +mynyny |
1{%) ns i1

v K
Cy l—[”i+ 1_[ nj ,C4(n’2+,/n1n/2ng>,c5(ng+,/n1n/2n/3> ,
i=1 j=v+1
where (1, ..., rx) is the multilinear rank of W; (v}, 15, 13) is the multilinear rank

of V; rqy is the rank of the coupled unfolding on the first mode; and Byy, By, C1, Ca,
Cy, and Cs are constants.

Inspection of the bounds of theorem 1 to 3 leads us to similar con-
clusions as in section 5.1 that more shared low-rankness among the cou-
pled tensors leads to lowerexcess risks due to the scaling of y. In order
to make easier comparisons, we consider a tensor 7 € R™*"2**" with
ny =ny = = ng =i .and matrix M € R"*"2 with n; = n}, = n. Assuming
that the multilinear rank of 7 is (7, . . ., ), the rank of M is 7, and the rank on
the concatenation of unfolded tensors is also r, then the Rademacher com-
plexity of ||~ ”8&{2)),(0,0)3 bounded by O((y /7 + r*/21)nlk/2)) given that y
is sufficiently large'(y < n®/4).

Theorem 4. Let X € RM*m2X-X1k gyud ) ¢ RMxmxiy pe coupled on their first
modes with the set of observed elements P and Q, respectively, with |P|/2 =

|Ql/2 =d. Given a hypothesis clgss) W={W,V: W, V”E[lz;i/)?(S,O,O) < B}, the
Y

coupled completion using |V, V”([U],O), (5.0.0) leads to the following Rademacher
complexity of equation 5.5 with probability 1 — §,

Rpo(loW,10V)

3
3A T .
=57 J/,/%(Bw-i-Bv)-FE V1,By + min

a=2
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v K
max y’lCl nm + l_[n” +mnyng |, G l_[n,-—|— 1_[ nj
a=1 i=1 j=o+1
min (C4 (, /1), + 1/nmé) ,Cs (, /1y, + ,/nln’z))
where (r1, ..., rx) is the multilinear rank of W; (r{, ¥4, r3) s the multilinear rank

of V; rqy is the rank of the coupled unfolding on thefirst mode; and Byy, By, C1, Cy,
Cy, and Cs are constants.

Theorems 1, 2, and 3 also show that combining the square norm with
the overlapped trace norm and the scaled latent norm leads to a lower
Rademacher complexity. Again if we consider the special case of n; =
Ny =--- =ng =nand ny = n) = ny = n, we have a Rademacher complex-
ity of (9 ((y /11 + r2hnlks ZW) Howegver, if we apply coupled norm in
Wimalawarne et al. (2018), we end uip with a larger Rademacher complex-
ity of O((y /11 + +/7)vVnk-1). Hence, our proposed method leads to a better
theoretical guarantee.

Finally, we consider the coupling of two higher-order tensors X €
R™M*M2X XNk and Ve Rnlxn’zxmxn}(, where K, K >4,

Theorem 5. Let X € RMXMmXaxik gpd ) ¢ RMXMX X1y ho coupled on their first
modes with set of observed elements P and Q, respectively, with |P|/2 = |Q|/2 =d.
Given a hypothesis class W= {W, V 1 |W, V|| [v] o (1.0 = B}, the coupled com-

pletion using | W, V|| EE;{)O),([D’],O) leads to the following Rademacher complexity of

equation 5.5 with probability 1 — 6,

Rpql oW, I'0V)

v K

3A )
= o7 | vv@Bw + By) + min [Tra: | T1 o | Bw

i1=1 fl=o+1

a=2 b=2

where (r1, ..., rx) is the multilinear rank of W; (17, . . . , 1) is the multilinear rank
of V; rqy is the rank of the coupled unfolding on the first mode; and Byy; By, Cy, Cs,
and Cy are constants.
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We can draw a similar conclusion for coupling two higher-order ten-
sors as in previous theorems that the proposed extension leads to a
lower Rademacher complexity compared to applying coupled norms in
Wimalawarne et al. (2018). If we extend norms from Wimalawarne et al.

(2018) or section 4.1 for higher-order tensors (e.g., | - ”E(l)',yo),..‘,O))' the excess

risk will be bounded by a larger term, such as O(K\/r(v/'nX=1 + /n)), which
is larger than the excess risk bounds achievable from theorem 5. This in-
dicates that the integration of the square norm.to coupled norms leads to
better performance for coupled higher-order tensors.

Finally, we point out that Rademacher ‘complexities for all coupled
norms are bounded by O(1/d), where d is the total number of observed
elements of both coupled tensors. If completion of tensors were performed
separately, the resulting Rademacher complexities for each tensor would
be bounded with respect to the number of observed elements of that ten-
sor. Since the Rademacher complexity is bouinded by 1/d, it may lead to
lower bounds compared to the sum éf individual Rademacher complexities
for each tensor. Furthermore, since we used the transductive Rademacher
complexity analysis, we obtained faster rates of decrease by 1/d compared
to an analysis under inductive settings (Shamir & Shalev-Shwartz, 2014),
which could lead to a bounding by 1/+/d.

6 Experiments

In this section, we present details of simulation experiments that we carried
out for coupled tensor completion.

6.1 Simulation-Experiments. We organized our simulation experi-
ments into two sections. In the first section, we give a simulation ex-
periment based on scaled coupled norm regularized coupled completion
models for a coupled three-mode tensor and a matrix. In the following sec-
tion, we give simulation experiments to evaluate the proposed higher-order
coupled norms for coupled higher-order tensor completion.

6.1.1 Experiment with Coupled a Three-Mode Tensor and a Matrix. To cre-
ate coupled tensors for our simulations, we used a similar approach as in
Wimalawarne et al. (2018). All our coupled tensors were created using mul-
tilinear ranks. To generate a K-mode tensor X' € R™**"« with multilin-
ear rank (rq, ..., k), we created a core tensor C € R""*"*'« sampled from
a Normal distribution and orthogonal component matrices U; € R, i =
1,...,Kand compute X = C x1 U - - - xx Ux where x is the k-mode prod-
uct (Kolda & Bader, 2009). We coupled two tensors X and ) along a mode a
by sharing b left singular vectors on their mode-a, unfolding X,y = M1PIN;
and Y, = M2P2N2T with My(1:b,1:n,) = M(1:Db,1:n,). We added noise
sampled from a gaussian distribution of zero mean and variance of 0.01 to



NECO_a_01254-Wimalawarne

16:53

MITjats-NECO.cls December 4, 2019

18 K. Wimalawarne, M. Yamada, and H. Mamitsuka
0.04 0.05
0.03 0.04 i
S
Ny
N
& 0.02 | [*-O™N W 0% %;;\ ™\,
S 0 |-o-sLTN 2 |--omw RN
e IMLT|[! N 2N I
I lono R Tl
0.01 [T IM ”<‘o,o,o> RN < IMTIG 5
- 'HMvT”ﬁS),o) ‘\} 0.01 [l—+=IMTil}y s o)
—IMTlGs0) - =IMTiG,
0 —wTCSS
0.2 0.3 0.4 0.5 0.6 0.7 0.8 02 03 0.4 0.5 0.6 0.7 08

Fraction of training samples

Fraction of training samples

(a) Matrix Completion (M) (b) Tensor Completion (7°)
Figure 1: Performances of completion of a tensor with dimensions of 20 x 20 x
20 with a multilinear rank of (15, 5,5) and/a matrix with dimensions of 20 x 30
with a rank of 5.

all elements of the tensors. We randomly sampled training sets of percent-
ages of 30, 50, and 70 from the totalnumber of elements of each tensor and
another 10% as validation sets..The remaining elements were taken as test
sets. We repeated the experiments with three random selections and calcu-
lated the mean squared error (MSE) on the test data.

For our simulation experiment in this section, we created a three-mode
tensor 7 € R20*20x20 apdiaumatrix M € R2*3 coupled on their first modes.
We specified the multilinear rank of 7" as (15, 5, 5) and the rank of M as 5. We
explicitly shared five left'singular vectors among the tensor and the matrix
on the coupled mode such that all the left singular vectors of the matrix are
shared with the _tensor. We cross-validated the regularization parameters
from the range of 0.01 to 1 in intervals of 0.05 and the scaling parameters
from the set2-8,277, ..., 28

Figure 1 shows the performance of the simulation experiment. We exper-
imented with all the coupled norms for a three-mode tensor (Wimalawarne
et al., 2018) and their scaled norms; however, for clear plotting, we show
only the coupled norms and scaled coupled norms that gave the best per-
formances for the coupled matrix and the tensor. As baseline methods, we
used individual completion models regularized by the overlapped trace
norm (OTN), the scaled latent trace norm (SLTN), and the matrix trace norm
(MTN). As a further baseline method we used MTCSS proposed by Li et al.
(2015).

Figure 1 shows that for matrix completion, none of the coupled norms
outperformed individual matrix completion. The scaled coupled norm
IM. Tlio <o)
its unscaled norm has given a poor performance. For tensor completion,

has performance equal to that of the matrix trace norm, while
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Figure 2: Coupled completion of a four-mode:tensor and a matrix.

several norms, such as || M, TII%_VO)!O), | M T”%o,s,oy and ||M, TII%QO), per-

formed better than individual tensor completion by the overlapped trace
norm and the scaled latent trace norm. In addition, the coupled norm
1M, T”%Q,O,O) had weaker performance than individual tensor completion,
while its scaled norm had thé best performance, and the MTCSS method
had poor performance compared to coupled norms.

6.1.2 Experiments with Higher-Order Coupled Norms. In this section, we
consider four-mode tensors-of dimensions 20 x 20 x 20 x 20 coupled to
other tensors. We used the same procedure to create coupled tensors as in
the section 6.1.1.

For all the experiments in this section, we used the coupled comple-
tion models regularized by higher-order norms introduced in section 4.2.
To evaluate individual completion of the higher-order tensors, we used the
square norm(SN; Mu et al., 2014. Further, we used the OTN and the SLTN
for individual three-mode tensor completion and the matrix trace norm for
individual matrix completion. For all models, we used regularization pa-
rameters from a range of 0.01 to 2 in intervals of 0.025 and scaling parameter
set278, 277 .. 28,

For our first simulation experiment with coupled higher-order tensors,
we designed a coupled tensor with a four-mode tensor ), € R20x20x20x20
and a matrix M; € R?®? coupled on their first modes. We specified the
multilinear rank of the ) to be (3,6, 6, 6) and the rank of M; to be 3 where
all the left singular vectors along mode-1 were shared among both the
tensor and the matrix. For this experiment, we used the coupled norm
V1, My IIEH )O),(0,0) for coupled completion. From Figure 2, we can see that

both the scaled and unscaled norms of || Vy, M || E[lé{)C)), (0.0) 8ave the best per-
formances for both the matrix and the tensor completion.
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Figure 3: Coupled completion of a four-mode tensor and a three-mode tensor.

Next, we look into a coupled ténsor consisting of a four-mode tensor
YV, € R20x20x20x20 and a three-mode'tensor Vs € R?020x20 We specified the
multilinear rank of ), to be (3, 6,6,6) and the multilinear rank of )5 to be
(3,6,6) with all the left singular vectors along mode-1 shared among the
tensors. As baseline methods, we used the square norm for )% and the over-
lapped trace norm and the scaled latent trace norm for )3. We experimented
with different coupled norms that can be applied for coupled four-mode
and three-mode tensors; however, for convenience, we plot in Figure 3 only
results from the norms. that'gave the best performance. We observe that
for )1, the best performance is given by the scaled and unscaled norms of
12, Vsl (21.0).( o 0.0 and )%, Wsll (2, s s s.5)- For the tensor yz, the coupled

norms ||, y3||( 2], )O) (0,0,0)” 1V2, y3|| [2] s) (S.5.8)” and 12, y3||( [2]. 5) (5.8.9) out-
performed the OTN and the SLTN for 1nd1v1dua1 tensor completion.

Finally, we look into two coupled four-mode tensors. Here, we consid-
ered two tensors Y, € R20x20x20x20 gnd 5 e R20%x20x20x20 We constrained
the multilinear ranks of ), and Y5 to be (3,6,6,6) and (3,8, 8, 8), respec-
tively, and coupled them on their first modes by making all the left sin-
gular vectors common to both the tensors. We used the coupled norms
| Vs, 3)5||82’]1 )0) ([21.0 and | Vs, y5||21”’)0) (21.0) for coupled completion. Addi-
tionally, we used the scaled overlapped norm extended from Wimalawarne
et al. (2018) as ||V, y5|| ©, o 0.0)" which indicates that both tensors are reg-
ularized with respect to each mode unfolding and the concatenated tensor
unfolding on mode-1.

Figure 4 shows that both higher-order coupled norms outperformed in-
dividual tensor learning with the square norm. For the tensor )5, the scaled

higher-order norm ||y, y5|| [2] o further improved the performance

(121.0)
compared to the unscaled norm. We can also see that || Vs, Vs || ©. o 0.0) 8ave
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Figure 4: Coupled completion two four-mode tensors.

a weaker performance compared to coupled higher-order norms, agreeing
with our theoretical analysis in section 5.

6.2 Multiview Video Completion Experiment. As a real-data exper-
iment we applied our proposed‘methods for multiview video comple-
tion using the EPFL data set: multicamera pedestrian Videos data (Berclaz,
Fleuret, Turetken, & Fua, 2011). The data set consists of movements of four
people in a room captured from synchronized cameras. For our experi-
ments, we used two videos; one video was considered to be corrupted and
the other not. To create. the.video data, we sampled 50 frames with equal
time splits from each video. We then downsampled each frame to a height
and width of 76 and.102, respectively. The dimensions of both videos were
the same V;, V, € Rframesxchannelsxwidthxheight v here frames = 50, channels =
3 representing“RBG color channels, width =76, and height = 102. Since
frames and RGB channels are common to both videos, we considered that
the two videos are coupled on both of these modes. We considered the video
V; to be corrupted and sampled percentages of 10, 30, 50, and 70 of the to-
tal number of elements as its observed elements (training sets). From the
remaining elements, we considered 10% of the total number of elements as
validation sets; the rest were taken as test sets. To recover missing elements
of the corrupted video, we completed it coupled to the uncorrupted video
as side information using our proposed completion models regularized us-
ing higher-order coupled norms.

We completed coupled videos using the coupled norms ||V,
1.2), . . 1.2), . .
VZ”EEZLé)}T()IZLO) in equation 4.7 and ||V1,V2||EE2]’S))?’(%2],S) in equation 4.8.
We performed individual completion of V; using the square norm similar
to the coupled norm using the first two modes to reshape the tensor as
a matrix. We applied cross-validation on regularization parameters of

10* ranging x from 0 to 7, with intervals of 0.25. We experimented with



NECO_a_01254-Wimalawarne MITjats-NECO.cls December 4, 2019 16:53

22 K. Wimalawarne, M. Yamada, and H. Mamitsuka
25r
—+-SN
e ((1,2),0.5)
20 F Iy V3 Vellizyo 210
)N, —o-|IV,.V, [[(.2.01)
NN ([219).1215)
\\ .
15 = XY
L \$\\\
()] S, \\
= N
101 o
\~\“\,
~D.
CFen.
5r i
0
0 0.2 04 0.6 0.8

Fraction of training’samples

Figure 5: Performances of multiview video completion.

different values for y ranging from 0. 1 to 1, with intervals of 0.1. We

found that best performance for'||V1, V» || q 2] O) ()[2] o) Was given, withy = 0.5

and for ||[V1, Vs [; zs)y(;z] S) with y = 0.1. Figure 5 shows that the proposed
coupled norms gave better performance compared to the individual tensor
completion using square:norm regularization. We provide further experi-
mental results to compare the performances of the proposed methods with

baseline methods in appendix D.

7 Conclusion

In this letter, we have investigated two limitations of coupled norms and
proposed scaled coupled norms and coupled norms for higher-order ten-
sors. Through theoretical analysis and experiments, we demonstrated that
our proposed methods are more robust for coupled completion compared
to existing coupled norms. However, we feel that coupled norms should be
further investigated to be used widely in real-world applications.

One drawback of the scaling of coupled norms is that it requires more
computations to find the optimal scaling parameters (y). Though cross-
validation can be employed to find the optimal scaling parameter, it can
become computationally infeasible in real-world applications, especially
with tensors with large dimensions. Future research in coupled norms
should be directed toward finding better optimization strategies and pa-
rameter selection methods to overcome these computational issues. Fur-
ther, our theoretical analysis was focused on excess risk bounds for tensor
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completion. In future research, a more suitable yet rigorous theoretical anal-
ysis would be to derive exact recovery bounds (Yuan & Zhang, 2016) for
coupled completion.

Appendix A: Dual Norms for Scaled Coupled Norms

The dual norms of our proposed coupled norms areimportant to prove
excess risk bounds given in this letter. The dual*norms of scaled cou-
pled norms for three-mode tenors are similar to dual norms given in
Wimalawarne et al. (2018). The only difference'comes from the scaling pa-
rameter y, which is inversely multiplied in the dual norm. For instance, the

dual norm of ||, M||§(1)’8 0) is

1, Mll(ooo = max{y " I[Yay; MIllop, 1Y) llop 1 Y3) llop -

Dual norms of coupled higher-order tensors can also be derived by using
asimilar approach as in Wimalawarne et al. (2018). We give a brief overview
of how to derive dual norms for higher-order coupled norms, starting with

the dual norm of | X, Y IIEHB 1.(0:010) which we derive next.
Theorem 6. Let a matrix X e RMX12x1xm qpnd g tensor ) € R”‘X”'ZX”'S be cou-

pled on their first modes. The dual norm of | X, Y IIE;DV) ).(0,0,0) '

., . . — 1 1
1. V1T 0o0r & inf inf — max {7 IS V) lop,
X(1)+X(2)=X YO+Y@+yE=y

(2 2
1 lop 195 lop 195 op |-

Proof. We adopt the method of deriving dual norms for tensor norms in
Tomioka and'Suzuki (2013) and Wimalawarne et al. (2018) to derive the

dual norm || X, yuﬁ}vlyg (0.0.0)" . First, we derive the unscaled dual norm

1%, Yl oy 00,0

Let us consider a linear operator ® similar to Tomioka and Suzuki
(2013) and Wimalawarne et al. (2018) such that z := ®(X, V) = [vec([X()
Yoyl); vec(X(p)); vec(Ye); vec(Y(3)]l € R¥1+3%: where dy = ninpnzng and
dy = mnyn; .

Now, we consider the Schatten norm of the coupled norm

x,y ||(1 which is defined as

([+1,0),(0,0,0),5%

3 1/q
Izl = (n[Z?(i);ZSg)]n;+Z||Z I3, + 125, ||‘;p) , (A1)
k=2
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where Zl(k) is the inverse vectorization of elements zk_1yd,+1):(kd,) for k =

1,2,3, and Zz(l) and 22(2) are inverse vectorizations of z3y11):34,+d,) and
Z(3d; +ds+1):(3d; +24), T€Spectively. Then the dual of the above normvis

3 1/q
— @) . @) a0 k) 9 q:
Izl = (II[Zl(l),Zz(l)]ll LD NZRIE + ”quun”sw) :
k=2

where1/p+1/p* =1and 1/q9+1/q* = 1.
Since @ is the inverse operator of ® Tomiokaand Suzuki (2013), we find
that

2 3
q)T(Z) — {X, y} — Zz(])’ Zzl(l)

Then we have a norm such as

T : ; [OORTT @) 4
|||[X, y]”l*(Cb) - Z{l)igl(fz):)( Z£1)+22}21;14f22( (”[Zl(l)’ 32(1)]||5V + “Zl[v]HS,,
2 @ g1\
+ 125 Mt 1215 ) (A2)
Now if we take |||X, V|| |5@) = 1IX, ) I ]o 1.(0.0.0).5] and

X, Vlls@) =dnf [|z]l, st @ (z) = {X, V),

then from lemma 3.in Tomioka and Suzuki (2013), we can conclude that the
dual norm of || X y||([v 0).(0.0.0) is [|I[X, V]lllz@), as given in equation A.2.

If we consider the case spec1al where p = 1and g = 1, then we will obtain
the following dual norm:

. . 1 1
in inf  max {1 V) lop.
XOLXO—x YO 4 YPO YO =Y

(2 2 3
15 op 195 op 195 op |-

(11 -
¥, Vll51.0).0.0.00 =

Using the duality relationship (Boyd & Vandenberghe, 2004), we find

that the scaled norm || X, )| 2;,))’) .(0,0.0)* has the following dual norm:

1,y) . . -1 (1)
X, |y inf inf max{ ,
1, YNl 51,00, 0.0.0) L SNV LA y I, ]||op

2
1 lop 193 lop 175 op |-



NECO_a_01254-Wimalawarne MITjats-NECO.cls December 4, 2019 16:53

Coupled Higher-Order Tensor Completion 25

We can use theorem 6 to deduce dual norms for other norms. For exam-
ple, if we consider || X, Y || @.») s We can extend theorem 6 to arrive at

([v1,0),([v],0
the dual norm,
(L,y) : : -1 (1)
1 VUG Oy oy = it inf - max [y I YOy,

1% lops 19 lop -

Similarly, dual norms of other scaled higher<order coupled norms can be
derived.

Appendix B: Excess Risk Bounds for Coupled Three-Mode Tensor
Completion

The excess risk bounds for coupled completion using scaled coupled norms
given insection 5.1 can be derived in anidentical way, as Wimalawarne et al.
(2018) proved for unscaled norms. As a guide for proof and completeness

we give the detailed proof of excess risk bounds for the norm || - || ©. O oy

Theorem 7. Let X € R™*"%"s gud 3= M € R pe coupled on their first
modes with sets of observed elements P. and Q, respectively, with |P|/2 = |Q|/2 =

d. Given a hypothesis class W.= {W, Wy : W, Wyl (1)”0).0) < B}, the coupled
completion using | W, V||%€,O) leads to the following Rademacher complexity of

equation 5.5 with probability 1 - 6,

Rpo(loW,l10W)

3
3A
=5 |:J/ N (Bw + Bu) + Z\/FkBW:|

k=2

3 3
max { Co | /11 + l_[n]-—i-n’z ,li(ﬂé'ng Vi + 1_[”;'
€z,

j=2 itk

where (11, 2, 13) is the multilinear rank of W; ' is the rank of M, 11y is the rank of
the coupled unfolding on the first mode; and By, By, C1, Cy, and Cs are constants.

Proof. We first bound |W, WMII%V(;O as

3

IW. Wil 0y = ¥ IWay: Waallle + D Weg e
k=2

3
< y/ray(Bw + Bm) + Z VT Bw,

k=2
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where (71, 12, 13) is the multilinear rank of W, r(;) is the rank of the coupled
unfolding on mode 1, [Wullr < By, and |[W|lr < By.

To bound E| X, Z’ll%yo)_o)*, we use the following duality relationship
from section 8:

71 (Ly) _ ; -1 ). 57
12 2GR0y =, nf - max [y IEEG)(E T

2 3
1Z 8 lops 158 lop |

Since we can take any ® to be equal to T, the above norm can be upper-
bounded as

(1, — , .
1%, X ”20,38,0)' = max {J/ "IEZq); 2 hepsmin {1 Ze) llop, ||E(3)||op}}-
Now, taking the expectation leads to
EIZ, 2150 o <E [ Dy’ in{|IT by
1=, ”(O,OA,O)* < Emax{y [ (1)» ]”op»mln{” @ llops |l (3)||op}

< max{y TBIDE): 2 1llop, min {EI ) lop, Bl S5 lop -

From Wimalawarne et al.«(2018) we know that E[| X llop < 3%(\/117 +

‘/]_[;ﬁknj) and E[|[Zqy: & 1llop < 52 (i1 + 1/]_[?:2 nj+ nj) for come con-

stants C; and C,, which-give us the final bound as

Rpqo(l o W, l0V)

3
3A
[V_l ray(Bw + Bum) + Z \/EBW:|

=24
2 k=2

3 3
max{C, | /11 + | |71j+7l'2 ,minCy | /e + | |”j
ke2,3
j=2 j#k

O

From the proof of theorem 7, we can see how the parameter y changes
the bounds compared to unscaled coupled norms in Wimalawarne et al.
(2018).

Appendix C: Excess Risk Bounds for Coupled Higher-Order Tensor
Completion

In this section, we give the proofs for the theorems in section 5.2.
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Proof of Theorem 1. Let us denote X and X’ corresponding Rademacher
variables corresponding to W and V in equation 5.5.

We bound |V, VIIE%;{)O)T(O_’O) as follows,

W, VG, 0.0 = Y ITWw: Ve + W lle + | e

< )/‘/7’(1)(BW + By + min

+ /7By,

where [W|r < By and |V ||r < By.
Using Latala’s theorem (Latata, 2005; Shamir & Shalev-Shwartz, 2014),
we can bound || Xy llop as

K
l_[ i+ 12l
j=v+1

E” 2:[u] ||op =< C2

and since J/[Zp,] < JTT, i< %(,/]—[;’:l n; + ,/]_[f:l)Jrl n]-), we have

) K

3C
ElZullop < (| | [T+ | TT

=1 j=o+1

Similarly, using Latata’s theorem, we have the following bound:

3C,
IE”[E(l); 2:E1)]||op < —

K
v+ nnj—i-n’z

j=2

From Shamir and Shalev-Shwartz (2014), we know that E[|X’[qp <
Co (1 + ).

To bound E|Z, E/lli[léi/)C)) .0y We extend the dual norms for coupled
norms from Wimalawarne et al. (2018) as

(1, . — 1 1
1= =15 oor = inf inf - max [y IR 2 lep,

i (1)
2043 @=% 2 O4+32O=3

2
128 ops 15 @ lop |
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Since we can take any =%, k = 1,2 to be equal to ¥ and any ¥'?, [ =1,2
to be equal to £, the above norm, we have

Ly) : -1 .5
1Z 21§ o0 = min {y T IIEw): = Tlops max{1 £ Y. 12 lop} .

(C.1)

which can be understood as taking 50 = £ and 3! = =, which lead
to ||z, /| 7) <max{||2[v]||op, I='llop}, and taking £@ =¥ and

([v].0).(0,0)"
'@ = 5/, which lead to ||, ='||(" ol O) ©.0r =V HIIZa) Z'llop, while the

results by other combinations of () = Shand ¥'® = ¥’ or 2? = ¥ and

Eél) = ¥/ are also upper-bounded by equation C’1.
Furthermore, taking the expectation of equation C.1 leads to

1,
EIZ, 21570, 0.0
< Emin {y*ln[zm; % Mlog, m@X{| Zp1llops 1% llop)
< min {y EI[Zq); X WipsMax(Ell Zptlop, EIE lop} -

Finally, by using equation 5.5, we obtain

Rpo(loW,l0V)

K
3A .
=< ﬁ ]/,/7’(1)(BW+BV)+HIIH ]_[ T BW+‘/77BV
j=v+1

K v K

min ]/71C1 i+ 1_[1’1]'4—71’2 ,max { G, 1_[111‘-}— 1_[ nj|,
j= i= j=o+1

G («/”1 +

O

Proof of Theorem 2. Similar to theorem 1 due to all the norms regularized
by overlapped norms, we have the following bound for |V, VII ([21.0).(0.0.0)
given that )V and V are the corresponding learned elements with of X" and
Y, respectively, as

3
1,
IW. Vil o000 = | ¥V/TaBw+By)+ 3 \/;QBW
=2
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+ min By 4 (C2)

v
[Tr
i=1

where [[W|r < Byy and [|[V|lr < By.

Considering the dual norm, E|| X, X’ ||(1 )

([v]),(0,0,0)* is glven as

(Ly)
12, 157 0000
. . . 4 (1), /(1
= .. nf . inf  max [y T2 = D lops 15 lop.

1=/ G lops 1= lop |
which can be expressed by taking a similar argument as in theorem 1 as

1, . = ’
1=, = ”E[u]y)o ),(0,0,0) = mm{y I Sy Hlop.
max {”Z[v]”ops min{”EEZ)”opv ”EE3)”0p}}}

The expectation of the above dual norm is bound as

1, 1 -
E”E’ E’HE[UT})),(O,O’O)* % min {)/ 1E||[2(1)7 EE])]HOP’ max {EHZ[p]”op,
min (150 lop. ENZf lop}} .

which can be bounded as

3
1,
EIIS. R0, 0.00r < 5 min 1 Cr | o+ Hna+n2n3 ,

a=2
v K
max § C nni—i— 1_[ n; ,min{C4y‘1 (,/n/2+1/n1n’3),
i=1 j=0+1

Q—,(\/nZJr Jrm)} (C3)

By combining equations C.2 and C.3 with 5.5, we arrive at the final
bound. O

v)
0).(L,.L.L)"

Next, we look at the excess risk for the coupled norm || X, Y || W],
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Theorem 8. Let X' € R™M*"X>X gnd ) e RM*"2>"s pe coypled on their first
modes with sets of observed elements P and Q, respectively, with,|P|/2 = |Q|/2 =

d. Given a hypothesis class W =W,V |W, VIIEH)O L(LLL), S BWythe coupled

completion using |[W, V|| [U] O) (L.L.L) leads to the following Rademacher complex-
ity of equation 5.5 with probability 1 — §:

Rp.o(l oW, 10V)

3A .
< g y,/r(l)(BW + Bv) + min

+min(\/r7,\/Z)By max { y~'C;
(| TToe | T1 o ) @V o).y + )
i=1

j=v+1

where (r1, ..., rx) is the multilinearrank of W; (v}, 15, 13) is the multilinear rank
of V; r(y is the rank of the coupled unfolding on the first mode; and Byy, By, C1, Cy,
Cy4, and Cs are constants.

Proof. Let W and V be‘theicompleted tensors for X and ). Also let us
denote ¥ and X’ consisting of corresponding Rademacher variables of X
and ).

Here, we have | W, VII (0ol. )0) LLL) , which can be explicitly written as

(L)
W, V” (b1:0).(L'L.L)

3

. . 1) (@)

= o (n[w(l),vmlnﬁ||W[u]||tr+Z;||V ||fr), (C4)
a=.

which we can bound as

K

1_[7’/' BW

j=ov+1
-+ min (\/7’ \/173)31;, (C.5)

where we have used the fact that we can take W® or W® to be equal to W
in the last inequality and take |W|lr < By and ||V|r < By.

W VI it < ¥/fa(Bw + By) + min
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L.y)

To complete the proof, we need the dual norm, ||Z,X/| (0].0).(L.LL)""

which can be written as follows,

(Ly) : -1 ’ [€9) (2)
12 210y =, I, max [y 1=y =B opy 12 lop.

12 llops 11Z (3 lop |-
which can be bounded as follows,

1, _
1= =00 oy < max |y ISy S llop! 120 lop.

120 lop: 12 1o |

where the infimum with respect to ¥ does not have an effect.
The above dual norm can be bounded with its expectation as

(Ly
Elz. = v]O) (L.LL)
< max {y IEG: ZEHMapA = lops 120 lops 1y llop |
= (1)° op» [v] Top» (2)!lop> (3)'op
< max {y "EIE=(ys 2 ops EIZ lop: EIZg, lops EIE gy llop |-

which leads to

EIZ. 2l by iy, < max 1 v 'Cr | i + l_[”ﬂ+”2”3 ’

a=2
D) K
G 1_[1’11‘4- l_[ nj ,C4(\/Tl7/2+,/1’111’l/3),
i=1 j=o+1
Cs (/s +fmm ) |- (C6)
Combining equations C.5 and C.6 with 5.5 completes the proof. O

Proof of Theorem 3. To derive the bounds for | W, V|| U] 0) (55,5 We use a
similar approach as for theorem 4.
We have the following bound for |V, V|| [D] 0) 5.9 @

. V) < y\/E(BW + By) + min
([01,0).(5,5,5) — n
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r/ r/
+min | /-2,.[-2 | By, (C.7)
np ns

where |W]g < Byy and ||V||1: < By.

The dual norm, ||, X’ || ( s can be written as

v]O) (S.5.S

1, 1)
12 2l 0y 6587 = o 0 _max {y AT 2 Mop 1] lop.

VI llops V(5 166 -

Using similar arguments as in theorem 5, we derive the bound for
E|z, ¥ || [D] O) 5.5 3 follows:

E|T, % ||( (o). sssr = max 1y 'Cylm + [ [7a+mmnyns |
a=1
) K
G l_[ni'i‘ H 1; ,C4(”/2+\/W),
i=1 j=v+1
Cs (n’S + ,/nlnéné) . (C.8)
Combining equations C.7 and C.8 with 5.5 completes the proof. g

Next, we give. proofs for the mixed norms among higher-order ten-
sors and three-mode tensors. First, we give the proof of theorem 4 for

(Ly)
1%, Yl 11,0).(5.0.6)"
Proof of Theorem 4. We first write | WV, VIIE;D% .(5.0.0) explicitly as
(Ly)
. v”([v],O),(S.0,0)
= oinf <f||[w<1>, VTl + Z; IVl + Wy ||tr> :
a=

and it can be bounded as

3
(Ly) "
||W, V”([:}],O).(S,O,O) = V\/njl(BW + BV) + Z \/EBV
a=2
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-+ min By (C9)
where | W|r < By and ||V||F < By.
The dual norm, ||, /|| E i/)O) (5.0.0)- Can be written/as
i (y) _ ; & L'
”2’ X ”([U],O),(S,0,0)' = 2(1)+11;:l£):2 max {7/ v nl”[zl(l)v E(]) ]”Op7

(2 2
IZ1t1llops 153 lop 1Z58) lop |
which can be bounded as
I1Z, 21T, s0.0y < Max {y-lfmn[zm); oy lllops | Z1g01llop

min(| o) llgp: | 2 llop} |

which leads to
K
E|x, 2|| < max {%7'Cy | m+ | ][+ mmyn:
s h P00y 1lm o tmnyng |,
a=1
v K
G l_[ni—i- 1_[ n; min<C4(‘/n’2+1/n1ng),
i=1 j=o+1

c5(\/173+ ,/nln’z)> . (C.10)

Combining equations C.9 and C.10 with 5.5 completes the proof. 0

Following theorem 6, we can derive the bounds for other mixed
norms as well. Next, we give the bounds for ||X,) ||( 0).(0.5.0) and

X, ynﬁln{o) 0.0.5) Without proofs.

Theorem 9. Let X € RMXm2X-Xk gyd ) ¢ RMXmx15 pe coupled on their first
modes with the set of observed elements P and Q, respectively, with |P|/2 =
|Ql/2 = d. Given a hypothesis class W = {V, V : ||V, V”(H)O) ©05.0) = B}, the

coupled completion using |V, V||$Dy) .(0.5.0) leads to the following Rademacher

complexity of equation 5.5 with probability 1 — §,
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Rs,p(l o W, lo V)

K

l_[ T By +\/ZBV

j=v+1

3A .
< g Yy /r(l)(BW + Bv) —+ min [

K ) K
Gy | Vm+ [[[ra+mny |G| [T+ | T] 7t
a=2 i=1 j=v+1
where (r1, ..., rx) is the multilinear rank of W (rys 15, 13) is the multilinear rank

of V; r(y is the rank of the coupled unfolding on the first mode; Byy, and By, Cy, Cy,
Cy, and Cy are constants.

Theorem 10. Let X € R™M*™Xx1k gpd Y€ RMXX e coupled on their first
modes with the set of observed elements P and Q, respectively, with |P|/2 =
|QI|/2 = d. Given a hypothesis class =W, V: W, VII(U] 0).(0.0.9) < B}, the
coupled completion using | W, VI [U] O) (0.0.5) leads to the following Rademacher
complexity of equation 5.5 with.probability 1 — §:

Rpo(loW,10V)

3A .
< g )/‘/T(l)(BW + Bv) + min

v K
Ciy i+ Hna+n2n3 G 1_[”1+ l_[ 1; ,
i=1 j=o+1
where (rq, ..., k) is the multilinear rank of W; (v}, 15, r3) is the multilinear rank

of V; rqy is the rank of the coupled unfolding on the first mode; and Byy, By, C1, Cy,
C3, and Cy are constants.

Next we give the bound for the coupled norm [|W, V|| E[ll;i/)o)_([v/] 0y

Proof of Theorem 5. Similar to theorem 1 (all norms are in the form of over-

lapping norms), we have the following for [[W, V|| 101’)0 (0.0 8iven that W

and V are the corresponding learned elements with respect to X and ),
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receptively,

W VIETS, o100 = ¥/Fa (Bw + By) + min

=
I 75| Bv. (C.11)

j2=k+1

+ min

where [W|r < By and |[V|[r < By.
It is easy to derive that

(Ly) — ; : -1 1) M
IZ. 2y g0y = it cnfe max {y IS, 2 (o

2 2
128 lop WA lop |-
which can be simplified using a similar argument in theorem 1 as follows:

(L)
12, 27100, @10y

= min {7 7 11Z0)! BfiyHlops max( Zpptllops |y llop} |-

Its expectation leads to

3
1, . —
E|x, ¥ “EUTO) (@0 = 5 gy 'Co | V111 +

v
max { G l_[ n; +

Combining equations C.11 and C.12 with 5.5 completes the proof. ~ [J

Given higher-order tensor 7 € R"**"« the excess risk bound with the
square reshaping norm.

Theorem 11. Using the square reshaping norm regularization given by ||Tj1 e,
we have
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Figure 6: Further experiments for multiviewvideo completion.

K | v K

3C4ABW . >
Rp(loW) < ¥ min Hri, 1_[ T Hn,-+ 1_[ 1;
i=1 j=v+1 i=1 j=v+1
for some constant cg and (r1, . “wyrx) is the multilinear rank of W.

Proof. The proof is direct and can be derived similarly to theorem 3 without
considering the matrix'coupling. O

Appendix D: Further Experiments for Multiview Video Completion ___

We give further results for baseline methods for the multiview video com-
pletion experiment in section 6.4. We performed individual tensor comple-
tion of corrupted.video data V; using the overlapped trace norm (OTN) and
scaled latent trace norm (SLTN). We performed coupled completion using
the coupled norm || V1, V» IIES:Q Q),(0,0,0) by extending the coupled norms in

Wimalawarne et al. (2018). In Figure 6, we compare these baseline methods

with the proposed norms || V1, V> ||82]2)01)) and V1, V2 ||§g]25) 1)[2] 5 We ob-
served that the baseline methods performed poorly compared to proposed
methods.
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