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Abstract— Recent research on statistical learning methods
leveraged multilinear algebra and tensor-based models in repro-
ducing kernel Hilbert spaces (RKHSs). We study implications of
this framework for the identification of discrete-time dynamical
systems that depend upon a (spatial) indexing variable. When
this variable is discrete and the system of interest is linear, the
proposed technique corresponds to learn a finite dimensional
tensor under a constraint on the multilinear rank, hereby
reducing the number of parameters in the estimation. More
generally, the approach requires to learn a static mapping
within a RKHS. The choice of reproducing kernel leads to
different classes of models, which might depend nonlinearly on
past inputs and outputs.

I. INTRODUCTION

A key ingredient to improve the generalization of statis-
tical learning algorithms is to incorporate structural infor-
mation, either by choosing appropriate input representations
or by tailored regularization schemes. Recent research on
statistical learning methods leveraged multilinear algebra and
tensor-based models to achieve this goal [15], [13]. In [14]
this approach has been generalized within the context of
reproducing kernel Hilbert spaces. The arising framework
comprises existing problem formulations, such as tensor
completion [7], as well as novel functional formulations.
The approach is based on a class of regularizers, termed
multilinear spectral penalties, that is related to spectral reg-
ularization for operator estimation [1]. In this paper we study
implications of this framework for system identification. We
propose an identification approach for a class of discrete-
time dynamical systems with input-output representation.
We are interested in the case where the parameters of the
system are functions of a indexing variable x. This situation
arises, in particular, in a number of environmental modeling
applications. We show that, when the indexing variable is
discrete and the system of interest is linear, a convenient
approach prescribes to learn a finite dimensional tensor
under a constraint on the multilinear rank. Equivalently, this
task can be casted as a statistical learning problem with
a multilinear spectral penalty. The goal of this learning
problem is the estimation of a static mapping within a Hilbert
space of functions with a certain reproducing kernel k. This
gives rise to a flexible modelling tool; in fact, modifying
k leads to different classes of models, which might depend
nonlinearly on past inputs and outputs.

The paper is organized as follows. In the next section we
introduce the class of problems of interest. In Section III we
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show how these problems can be tackled by learning a model
in a space of tensor product functions. Section IV deals with
multilinear spectral regularization. We present case studies
in Section V and draw our concluding remarks in Section
VI.

II. BACKGROUND AND PROBLEM SETTING

In the following we denote by [I] the set of integers up
to and including the integer I . We write ×Mm=1[Im] to mean
[I1]×[I2]×· · ·×[IM ], i.e., the cartesian product of such index
sets, the elements of which are M -tuples (i1, i2, . . . , iM ). For
a generic set X , we write RX to mean the set of mappings
from X to R.

A. Systems with Linear Parameter Structure

For the sake of presentation we will start from the case
where the system of interest is assumed to have a convenient
linear parameter structure; we will then relax this assumption
to include more general classes of models. The AutoRegres-
sive model with eXogenous (ARX) input is:

ys(x) = −
L∑
l=1

Al(x)ys−l(x) +

M∑
m=0

Bm(x)us−m(x) + εs(x)

(1)
where s is the time index. Note that the exogenous input
us(x) ∈ RNu , as well as both the output and the noise
process ys(x), εs(x) ∈ RNy , depend upon the indexing
variable x. Finally, {Al}Ll=1 and {Bm}Mm=1 are matrix-valued
functions of x with static dependence. In the following for
simplifying the discussion and without loss of generality, we
will assume that x represents a spatial coordinate.

Discrete-time systems in line with (1) are usually con-
ceived to model (physical) processes that are continuous
functions of time and space. Typical examples are transporta-
tion phenomena of mass or energy, such as heat transmission
and/or exchange, humidity diffusion or concentration distri-
butions. These systems are intrinsically distributed parameter
systems whose description from first principles requires
the introduction of partial differential equations which are
necessarily an approximation of the underlying phenomena.

B. Curse of Dimensionality and Reduced Rank Regression

In general, it is well known that the estimation of mul-
tivariate time series models from data is hindered by the
curse of dimensionality [5]. With reference to (1) consider
the case where, for simplicity, L = M and there is no
dependence with respect to x; then the dimension of the
parameter space is proportional to N2

y +NyNu and therefore
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scales quadratically with respect to the number of inputs
and outputs. In reduced-rank (RR) regression [10], [12] the
problem of reducing the number of parameters is approached
through a low-rank assumption. Consider the case where
X = [I1] × [I2], i.e., the spatial index is discrete and
consisting of two coordinates. In this case the model can
be stated as:

ys(i1, i2) = C(i1, i2)xs(i1, i2) + εs(i1, i2) : (i1, i2) ∈ [I1]× [I2]
(2)

in which C(i1, i2) ∈ RNy×(LNy+MNu) is given by:

C(i1, i2)=
[
A1(i1, i2), · · · , AL(i1, i2), B1(i1, i2), · · · , BM (i1, i2)

]
(3)

and xs(i1, i2) is a vector of delayed inputs and outputs:

xs(i1, i2)=
[
y>s−1(i1, i2), . . . , y>s−L(i1, i2),

u>s (i1, i2), . . . , u>s−M (i1, i2)
]>
. (4)

We refer to (2) as the global model. This consists of
I1I2 local models, each of which is indexed by a pair of
indices (i1, i2). The RR estimator of C(i1, i2), denoted by
ĈRR(i1, i2), is now:

ĈRR(i1, i2) =

R∗∑
r=1

σr ur v
>
r (5)

where σ1 ≥ σ2 ≥ · · · ≥ σR∗ > 0 and
{
ur : r ∈ [R∗]

}
/{

vr : r ∈ [R∗]
}

are the R∗ < min{Ny, LNy + MNu}
leading singular values and left/right singular vectors [8]
obtained from an estimate of C(i1, i2) computed under no
rank restrictions; see [10], [12] for additional details.

III. IDENTIFICATION OF TENSOR-BASED MODELS

A. Parameter Structure and Low Multilinear Rank Tensors

In general, RR regression has been shown to improve over
alternative techniques, see for instance [6] for a case study in
financial econometrics. Within the present context, however,
the estimation of the I1I2 local models is decoupled; the
spatial structure of the global system is not accounted for. In
order to introduce an approach that overcomes this limitation,
we note the following. Identifying the global system (2)
requires to find a tensor:

γ ∈ RI1×I2×I3×I4 with I3 := Ny and I4 := LNy+MNu ,
(6)

entry-wise given by:

γi1i2i3i4 = [C(i1, i2)]i3i4 . (7)

The reader is referred to [9] for a survey on tensors and tensor
calculus. Here we recall that the order of a tensor is the
number of dimensions, also known as modes. The tensor in
(6)-(7), in particular, has 4 modes. The mode-p unfolding of
a generic P th order tensor γ ∈ RI1×I2×···×IP , is the matrix
Mp(γ) ∈ RIp×I1I2···Ip−1Ip+1···IP constructed by stacking the
column vectors obtained from γi1i2···iP by fixing all but
the pth index1 ip. The multilinear rank of γ, denoted by

1In the tensor jargon, this means stacking the mode-p fibers of γ [11].

mlrank(γ), is now the P -tuple (R1, R2, . . . , RP ) entry-wise
defined by Rp := rank(Mp(γ)) . Going back to the problem
of interest, it is clear that finding a global model requires the
estimation of a considerable number of parameters, each of
which corresponds to an entry of γ in (6)-(7). A convenient
approach to overcome this issue consists of constraining
mlrank(γ). This amounts at imposing additional structure
on the global system, as detailed in the following.

Proposition III.1. With reference to (6)-(7) assume that
mlrank(γ) = (R1, R2, R3, R4). Then there exist matrices
with orthonormal vectors:

U (p) =
[
u
(p)
1 , u

(p)
2 , · · · , u(p)Rp

]
∈ RIp×Rp , p = 1, . . . , 4 (8)

and a tensor σ ∈ RR1×R2×R3×R4 , so that the local model
C(i1, i2) in (2) admits the representation:

C(i1, i2) =
∑

(l,m)∈[R3]×[R4]

Wlm(i1, i2)u
(3)
l u

(4)>
m (9)

where

Wlm(i1, i2) =
∑

(r1,r2)∈[R1]×[R2]

σr1r2lmU
(1)
i1r1

U
(2)
i2r2

. (10)

It is clear from (9) that rank(C(i1, i2)) ≤ min(R3, R4);
therefore, a low-mlrank global model entails low-rank local
models, as obtained in (5) by RR regression. Additionally,
(9) shows that all local models are linear combinations of the
same dictionary of rank-1 terms T := {u(3)l u

(4)>
m : (l,m) ∈

[R3]× [R4]}. This clarifies that learning a global model with
constraints on the multilinear rank amounts at simultaneously
finding a compact dictionary T as well as the set of local
weights {W (i1, i2) : (i1, i2) ∈ [I1]× [I2]}.

B. From Linear To Nonlinear Models

Our next goal is to expand the class of models for the
global dynamical system by relaxing linearity. To this end,
denote by 〈γ, σ〉 the inner product between the P th order
tensors γ, σ ∈ RI1×I2×···×IP :

〈γ, σ〉 :=
∑
i1∈[I1]

· · ·
∑

ip∈[IP ]

γi1i2···iP σi1i2···iP . (11)

Let δ be the indicator function, δ(x) = 1 if x = 0 and δ(x) =
0 otherwise. One can check that (2) can be equivalently stated
in terms of the parameter tensor (6)-(7) as:

[ys(i1, i2)]i3 =
〈
γ, e

(1)
i1
⊗e(2)i2

⊗e(3)i3
⊗xs(i1, i2)

〉
+[εs(i1, i2)]i3 ,

(12)
in which e(1)i1 ⊗ e

(2)
i2
⊗ e(3)i3 ⊗ xs(i1, i2) is the rank-1 tensor

entry-wise defined by2:[
e
(1)
i1
⊗e(2)i2

⊗e(3)i3
⊗xs(i1, i2)

]
j1j2j3j4

:= xs(i1, i2)

3∏
p=1

δ(jp−ip) .

(13)

2The tensor e(1)i1
⊗ e

(2)
i2
⊗ e

(3)
i3
⊗ xs(i1, i2) corresponds to the outer

product of the vector xs(i1, i2) and the canonical basis vectors e(p)ip
∈

RIp , p = 1, 2, 3 with
[
e
(p)
ip

]
j
= δ(ip − j).

MTNS 2014
Groningen, The Netherlands

1822



Letting f(i1, i2, i3, xs(i1, i2)) =
〈
γ, e

(1)
i1
⊗ e

(2)
i2
⊗ e

(3)
i3
⊗

xs(i1, i2)
〉

suggests now that estimating the global system
could be phrased as the problem of learning a static mapping:

f : I1 × I2 × I3 × RI4 → R (14)

in a suitable space of functions. In particular, consider the
tensor product reproducing kernel Hilbert space (TP-RKHS)
Hk with the reproducing kernel3 [14]:

k
((
i1, i2, i3, x

)
,
(
i′1, i
′
2, i
′
3, x
′)) = k(4)(x, x′)

3∏
p=1

δ
(
ip−i′p

)
.

(15)
If we let k(4)(x, x′) = x>x′ in the latter, it can be shown
that estimating γ in (12) corresponds to finding a function
in Hk. Additionally it is not difficult to see that, if

M4(γ) = [w1, w2, . . . , wI1I2I3 ] (16)

and ι : [I1] × [I2] × [I3] → [I1I2I3] denotes a one-to-one
mapping between index sets, then we have:

f(i1, i2, i3, xs) = w>ι(i1,i2,i3)xs(i1, i2) . (17)

This emphasizes the linear dependence on xs(i1, i2), in
line with the model (2) from which we started from. A
nonlinear dependence, on the other hand, can be obtained
by working in a different TP-RKHS. One approach is to
replace k(4)(x, x′) = x>x′ with the RBF-Gaussian kernel:

k(4) (x, x′; η) = exp
(
−‖x− x′‖2/η2

)
(18)

where η is a user defined parameter. This amounts at con-
sidering the case where

f(i1, i2, i3, xs) = gι(i1,i2,i3)(xs(i1, i2)) (19)

and gι(i1,i2,i3) belongs to the space of nonlinear functions
generated by the RBF-Gaussian kernel4 [16].

Finally note that the approach is immediately extended to
the continuous setting. Suppose that X = R×R rather than
[I1] × [I2], so that i1, i2 represent continuous spatial coor-
dinates. We can encode a notion of proximity by replacing
the indicator functions within (15), with kernels defined on
continuous sets. Using again the RBF-Gaussian kernel, in
particular, one has:

k
((
i1, i2, i3, x

)
,
(
i′1, i
′
2, i
′
3, x
′)) = k(4)(x, x′; η)

k(4)(i1, i
′
1; η1)k(4)(i2, i

′
2; η2)δ

(
i3 − i′3

)
. (20)

3 We recall that a Hilbert space of functions f : X → R endowed with an
inner product 〈·, ·〉 is a RKHS, denoted by Hk , if there exists a function k :
X ×X → R (the reproducing kernel) such that [2]: a.) k(·, x) ∈ H, ∀x ∈
X and b.) 〈f, k(·, x)〉 = f(x) ∀x ∈ X , ∀f ∈ H (reproducing property).
Note that a and b imply that k is symmetric. Additionally,H is called tensor
product RKHS (TP-RKHS) if its reproducing kernel is further given by the
point-wise product of a finite family of reproducing kernels k(i) : i ∈ [I],
k(x, x′) =

∏
i∈[I] k

(i)(x, x′).
4Note that, if k(4)x := t 7→ k(4)(t, x), then the rank-1 tensor e(1)i1

⊗
e
(2)
i2
⊗e(3)i3

⊗k(4)x is the Riesz representation [4] of the evaluation functional
L(i1,i2,i3,x) on Hk , defined by L(i1,i2,i3,x)f := f(i1, i2, i3, x).

IV. LEARNING MODELS BY MULTILINEAR SPECTRAL
REGULARIZATION

In Section III-A we have shown that, when the system
of interest is linear, a convenient identification approach
prescribes to learn the finite dimensional tensor (6)-(7) under
a constraint on the multilinear rank. More generally, one can
use multilinear spectral regularization [14] to learn parsimo-
nious tensor-based models from observational data in a TP-
RKHSHk. This applies, in particular, to functions of the type
(14). Depending on the choice of reproducing kernel k(4) one
obtains different model classes for systems with input-output
representation. The kernel function k(4)(x, x′) = x>x′ leads
to linear systems of the type (1), and the approach ultimately
corresponds to learn the parameter tensor γ in (6)-(7).

A. Penalized Empirical Risk Minimization Problem

In general, a learning approach based on multilinear spec-
tral regularization requires solving penalized empirical risk
minimization problems [18] of the type:

min
f∈H

E(f ;D) + λΩ(f ;M) (21)

where H is a suitable subset of Hk and E(f ;D) is the em-
pirical risk of f , i.e., the model misfit measured upon obser-
vational data D. Other than the dataset, the approach depends
upon a family of unfolding operatorsM = {Mp : p ∈ [P ]}
used within the function Ω, termed multilinear spectral
penalty. The operators in M represent the natural gener-
alization towards infinite-dimensional spaces of functions,
of the notion of matrix unfolding given in Section (III-A).
The penalty Ω is now constructed based upon the singular
values of Mp(f), p ∈ [P ]. As a specific example, define
Rp(f) := min {r : σr+1(Mp(f)) = 0}. A special case of
multilinear spectral penalty is:

ΩR(f ;M) =

{
0, if Rp(f) ≤ R∗p, p ∈ [P ]
∞, otherwise (22)

where (R∗p : p ∈ [P ]) is a user-defined tuple. For this
choice it can be shown that when the kernel k(4) = (x, x′) =
x>x′ is employed within (15), and the penalty (21) is based
upon a suitably defined familyM, solving (21) is equivalent
to learning γ under a low multilinear-rank constraint. An
alternative penalty, which combines the nuclear (a.k.a. trace)
norm of the functional unfoldings with an upper-bound on
the multilinear rank is given by:

ΩT (f ;M) =

{ ∑
p∈[P ]

∑
r∈[Rp(f)]

σr(Mp(f)), if ΩR(f ;M) <∞

∞, otherwise .
(23)

For (22), one has to fine-tune the tuple (R∗p : p ∈ [P ]),
which could be a difficult model-selection task for some
problems5. In contrast, when using (23) one can establish
a loose upper-bound on the multilinear rank and then tune λ
in (21) to obtain the desired level of sparsity, see [14].

5Note that, if we let Rp ≤ S for any p ∈ [P ] and some global upper
bound S, there are SP different tuples to choose from.
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B. Finite Dimensional Optimization and Out-of-Sample
Evaluations

In general, (21) is an infinite dimensional problem; nev-
ertheless, the representer theorem for multilinear spectral
penalties [14] shows that solutions admit a finite dimensional
representation. Specifically, consider the problem of finding
(14) in a TP-RKHS Hk with reproducing kernel (15). The
dataset consists of N pairs of observations:

D =
{(
g(n), z(n)

)
: n ∈ [N ]

}
⊂ (I1×I2×I3×RI4)×R

(24)
in which g(n) is a quadruple with ith entry denoted by g(n)i .
We assume that the dataset is consistent with the behavior
of the system, i.e., that:6

D ⊆ {((i1, i2, i3, xs(i1, i2)), [ys(i1, i2)]i3) :

s ∈ [S], (i1, i2, i3) ∈ [I1]× [I2]× [I3]} (25)

where xs(i1, i2) is the vector of delayed inputs and outputs
defined in (4). Let now K(4) be the N ×N kernel matrix:[

K(4)
]
mn

:= k(4)
(
g
(m)
4 , g

(n)
4

)
(26)

and assume that for a N × Q matrix F (4) one has the
factorization7 K(4) = F (4)F (4)>. Moreover, for p ∈ [3],
denote by F (p) the N × Ip matrix entry-wise defined by
[F (p)]nj = 1 if g(n)p = j and [F (p)]nj = 0, otherwise. The
next result follows from Theorem 2 and Proposition 3 in
[14], see also [14, Section 4.3].

Proposition IV.1. If f̂ is a solution to (21), then there exists
a tensor α̂ ∈ RI1×I2×I3×Q such that, for any g ∈ I1 × I2 ×
I3 × RI4 , we have:

f̂(g) = 〈α̂, z〉 (27)

in which z =
(
k̄
(2)

(g)F (2)‡) ⊗ · · · ⊗ (k̄(4)>(g)F (4)‡), we
denoted by F (p)‡ the transpose of the pseudo-inverse of the
matrix F (p) and k̄(p)(g) is entry-wise defined by:[

k̄(p)(g)
]
n

:=

{
δ
(
gp − g

(n)
p

)
, if p ∈ [3]

k(4)
(
g4 , g

(n)
4

)
, otherwise .

(28)

Note that the tensor α̂ in (27) can be computed by solving
a finite dimensional optimization problem. The nature of this
problem, in turn, depends upon the choice of E and Ω in
(21), see [14] for details. In the following we consider the
case where the empirical risk is based on the quadratic loss:

E(f ;D) =
∑

(g,z)∈D

(f(g)− z)2 (29)

and the multilinear spectral penalty Ω combines an upper

6Note that for each s ∈ [S] we require only a subset (possibly empty)
of measurements from the global system, hereby allowing for missing
observations in the data.

7Note that, for the linear kernel k(4)(x, x′) = x>x′, a factorization is
readily given:

F (4) =
[
g
(1)
4 , g

(2)
4 , · · · , g(N)

4

]>
∈ RN×I4 .

bound on the multilinear rank with the nuclear norm of
the functional unfoldings, as in (23). The resulting finite
dimensional optimization problem can be solved via the
block-descent algorithm given in [14, Section 5.3], and
termed MLR-SNN.

V. CASE STUDIES

In this section we compare the approach illustrated in
Section IV against an alternative method that does not keep
into account the spatial structure of the underlying system.

A. Synthetic Problem

For the first test case we consider a synthetic dataset gen-
erated by a linear single-input and single-output dynamical
system. With reference to (1), we took L = 2 and M = 3
with the spatial index ranging in [20] × [20]; εs, us were
taken to be independently generated white Gaussian noises
with mean zero and variance σ2

ε = 0.0025 and σ2
u = 1,

respectively. We let y1(i1, i2) = y0(i1, i2) = 0 and generated
output measurements according to (2) for s = 2, . . . , 300.
For each value of (i1, i2, i4) ∈ [20] × [20] × [6], we let
[C(i1, i2)]i4 = γi1i2i4 where γ was a randomly generated
tensor with mlrank(γ) = (3, 3, 3). Note that, whereas in (7)
γ was a fourth order tensor, here it is a third order tensor; this
results from removing the singleton dimension corresponding
to I3 = 1. Only a subset of measurements collected up to
s = 90 were considered for training. More precisely, the
measurements obtained at time s at the location (i1, i2) were
included in the training set with probability p, where different
values of p were considered. We compared MLR-SNN with
k(4)(x, x′) = x>x′ - denoted as LIN-MLR-SNN - with Least
Squares Support Vector machine for Regression (LS-SVR)
with linear kernel [17], denoted as LIN-LS-SVR. Note that
LS-SVR was used to learn the local models independently
on each over. The regularization parameter within the two
procedures was determined by cross-validation. The results
on test data (s > 90) in terms of Mean Squared Error (MSE
×10−3 ) of 1-step ahead predictions is reported on Table I;
specifically, we reported the mean and the standard deviation
across 15 Monte Carlo runs.

TABLE I
MSE ×10−3 FOR THE SYNTHETIC PROBLEM

p

0.1 0.2 0.3
LIN-LS-SVR 7.9 (0.73) 3.9 (0.08) 3.3 (0.02)

LIN-MLR-SNN 2.9 (0.05) 2.7 (0.04) 2.6 (0.01)

B. Temperatures Prediction

The second task that we considered amounts at predicting
temperatures at 22 different cities scattered across Europe8.
Each location coincides with a meteorological station where

8The cities were, in alphabetical order: Amsterdam, Antwerp, Athens,
Berlin, Brussels, Dortmund, Dublin, Eindhoven, Frankfurt, Groningen,
Hamburg, Liege, Lisbon, London, Madrid, Milan, Nantes, Paris, Prague,
Rome, Toulouse, Vienna.
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daily data between January 1st, 2012 and October 16th,
2013 were collected from www.wunderground.com. The data
consists of relevant continuous variables including humidity,
wind direction and speed, pressure and min/max/average
temperature measured at each location. The goal is to
perform 1-day ahead predictions of the daily average tem-
perature at each location. We followed the approach de-
scribed above and deal with this task by learning a function
f : (i1, i2, xs) 7→ ŷs(i1, i2) within a TP-RKHS. In the
latter, i1 and i2 represented, respectively, the latitude and
longitude of each city, corresponding to a local model. Note
that, differently than in (4), the ordering or regressors was
kept constant across different locations, i.e., xs(i1, i2) =
xs(i

′
1, i
′
2) = xs for any i1, i

′
1 ∈ [22] and i2, i

′
2 ∈ [22]; xs

was a 1361−dimensional vector of regressors given by the
collection of relevant meteorological variables recorded at
the times indexed by s− 1, s− 2 and s− 3. Within MLR-
SNN we used the kernel:

k
((
i1, i2, x

)
,
(
i′1, i
′
2x
′)) = k(4)(x, x′; η)

k(4)(i1, i
′
1; η1)k(4)(i2, i

′
2; η2) (30)

where we set η21 = η22 = d, and d was taken to be the equal
to the median squared distance between the cities. Similarly,
η2 was taken to be equal to the median squared distance
of regressors in the third mode. We refer to this approach
as RBF-MLR-SNN. The regularization parameter used
within RBF-MLR-SNN was chosen according to 5−fold
cross-validation. This approach was compared against
LS-SVR with linear kernel9, denoted as LIN-LS-SVR,
and used to learn the local models independently on each
over. Training data consisted of a fraction p of input output
pairs, selected at random. Specifically, for each p, D(p) ⊆
{((i1, i2, xs), ys(i1, i2)) : s ∈ [S], (i1, i2) ∈ [22]× [22]}
where [S] indexed the daily data between January 1st, 2012
and June 6th, 2013. The full set of data corresponding to the
remaining days were considered for testing purposes. The
results in Table II refer to the median value measured across
the different cities of the MSE of 1-step ahead predictions
on test data.

TABLE II
MSE FOR THE TEMPERATURES PREDICTION PROBLEM

p

0.1 0.2 0.3
LIN-LS-SVR 7.31 (0.48) 6.43 (0.29) 6.38 (0.22)

RBF-MLR-SNN 4.58 (0.33) 4.25 (0.31) 4.06 (0.26)

VI. CONCLUSIONS

We have presented an identification approach for a class of
discrete-time dynamical systems, which depends upon a spa-
tial index. The problem is dealt with by learning a function
within a TP-RKHS. Specifically, learning is performed based
on multilinear spectral regularization, which allows one to
accounts for the spatial structure of the system. For the linear

9The RBF-Gaussian kernel led to worse results, which are not reported.

case, in particular, learning a global model with constraints
on the multilinear rank amounts at simultaneously finding
a compact dictionary as well as the set of local weights,
hereby reducing the number of parameters needed for the
global model.
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