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Abstract

Non-negative tensor factorization (NTF) has attracted
great attention in the machine learning community.
In this paper, we extend traditional non-negative ten-
sor factorization into a supervised discriminative de-
composition, referred as Supervised Non-negative Ten-
sor Factorization with Maximum-Margin Constraint
(SNTFM2). SNTFM2 formulates the optimal discrim-
inative factorization of non-negative tensorial data as
a coupled least-squares optimization problem via a
maximum-margin method. As a result, SNTFM2 not
only faithfully approximates the tensorial data by addi-
tive combinations of the basis, but also obtains a strong
generalization power to discriminative analysis (in par-
ticular for classification in this paper). The experimental
results show the superiority of our proposed model over
state-of-the-art techniques on both toy and real world
data sets.

Introduction
In many real-world applications, data intrinsically come in
the form of tensors, or multi-dimensional arrays. For ex-
ample, a gray image can be represented spontaneously as
a 2-nd order tensor. In the last decade, decompositions and
low-rank approximations of tensors have been studied ex-
tensively in ample fields, including computer vision, bioin-
formatics, neuroscience, and data mining (Kolda and Bader
2009; Tao et al. 2007; Wu, Liu, and Zhuang 2009). Mean-
while, the non-negativity constraint has been proved to be in-
dispensable and useful when dealing with non-negative data
in face recognition (Wang et al. 2005), biological analysis
(Kim and Park 2007), psychometric (Murakami and Kroo-
nenberg 2003) and gait recognition (Tao et al. 2006). As
a result, many researchers focused on Non-negative Ten-
sor Factorization (NTF) in the past few years (Shashua and
Hazan 2005; Kim and Park 2012; Mørup, Hansen, and Arn-
fred 2008; Friedlander and Hatz 2008). NTF, as a more gen-
eral form of the well-studied Non-negative Matrix Factor-
ization (NMF), aims to obtain a parts-based representation
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of high-dimensional data object, so that the target data can
be expressed by multi-linear combination of non-negative
components. In comparison with NMF, in NTF the struc-
tural information is reserved in the data, while the vector-
ization of the object tensor in NMF may result in informa-
tion loss. However, most of algorithms proposed for NTF or
NMF act as unsupervised manners that cannot exploit the in-
herent discriminative priors (corresponding class labels) of
the data objects. This knowledge is in fact useful in many
real world applications, such as images with tags etc.

This paper is dedicated to developing a supervised tensor-
based factorization, referred as Supervised Non-negative
Tensor Factorization with Maximum-Margin constraint
(SNTFM2). SNTFM2 extends traditional non-negative ten-
sor factorization into a supervised decomposition via a
maximum-margin method (specifically a support vector ma-
chine), which is formulated by coupling the approxima-
tion of tensorial data (in terms of faithful reconstruction us-
ing additive combinations of the basis) with a maximum
margin constraint (in terms of a generalized discriminative
power). Maximum margin classifiers such as support vec-
tor machines (SVMs) (Cherkassky 1997) and Maximum-
margin Markov Networks (M3N) (Roller 2004), have been
successfully applied in a wide range of classification prob-
lems. Maximum-margin methods commonly construct an
optimal separating hyperplane that maximizes the margin
(i.e. the distance between the hyperplane and the nearest
data point of each class) by mapping the input space into
an associated reproducing kernel Hilbert space. It has been
shown that such methods are appealing due to the existence
of strong generalizations, derived from the well-known ker-
nel trick of the learning algorithm. (Kumar, Kotsia, and Pa-
tras 2012) proposes a method in which the acquired projec-
tions are chosen so that they maximize the discriminative
ability through a maximum margin method. (Das Gupta and
Xiao 2011) extends the maximum-margin NMF into a ker-
nel (non-linear) one. However, their work are limited to the
factorization of vectorized data instead of tensorial data ob-
jects.

This work appreciates both the decomposition as well as
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the classification task. The decomposition and classification
are usually handled independently, while our framework nat-
urally integrates them together as a whole. In contrast to tra-
ditional classification methods, our procedure of decompo-
sition has the potential to enhance the classification perfor-
mance, by identifying the additive basis and discriminative
features. Moreover, our work has paid more attention to the
computing efficiency, as the data set represented by a ten-
sor usually is much larger than a matrix. In the proposed al-
gorithm, we devise the optimization framework into groups
and update one column vector at a time, so that variables can
be updated simultaneously.

Our proposed SNTFM2 has the following two aspects: a)
the proposed framework jointly deals with the task of de-
composition and classification which utilizes the discrimina-
tive labels and achieves a greater generalized discriminating
power; and b) an efficient optimization approach to solve
the formulation. The experimental results show the superi-
ority of our proposed model over state-of-the-art techniques
on both toy and real world data sets.

Notations and Preliminaries

A tensor is a multidimensional array (Kolda and Bader
2009), whose order is the number of dimensions. Matrices
(tensors of order two) will be denoted by boldface capital let-
ters, e.g., A, vectors (tensor of order one) by boldface low-
ercase letters, e.g., a, scalars (tensors of order zero) by low-
ercase letters, e.g., a. The higher-order tensors (order three
or higher) are denoted by Euler script calligraphic letters,
e.g., an N -order tensor X ∈ RI1×I2···×IN . The (i, j)-th ele-
ment of a matrix A is denoted by aij , while the j-th column
of a matrix A is denoted by aj . Similarly, the elements of
an N -order tensor X ∈ RI1×I2···×IN will be denoted by
xi1i2...iN , il = 1, 2, . . . , Il, l = 1, 2, . . . , N .

The n-mode matricization, also known as unfolding or
flattening, of an N -order tensor X ∈ RI1×I2···×IN , denoted
by X(n) ∈ RIn×(I1...In−1In+1...IN ), (n = 1, 2, . . . , N) is
the process of reordering the elements of an N -way array
into a matrix.

The n-mode product of a tensor X ∈ RI1×I2×···×IN

with a matrix U ∈ RJ×In , denoted by X ×n U, is of size
I1 × · · · × In−1 × J × In+1 × · · · × IN . Elementwise, we
have

(X ×n U)i1...in−1jin+1...iN =

In∑
in=1

xi1i2...iNujin .

In terms of unfolded tensors, the n-mode product can be ex-
pressed as

Y = X ×n U ⇔ Y(n) = UX(n).

The rank-one tensor is an N -order tensor X ∈
RI1×I2×···×IN if it can be written as the outer product of
N vectors:

X = x(1) ◦ x(2) ◦ · · · ◦ x(N),

where the symbol ”◦” represents the vector outer product.

Non-negative Tensor Factorization

There are mainly two popular kinds of tensor decomposi-
tion approaches: CANDECOMP/PARAFAC decomposition
(Kiers 2000), or CP for short, and Tucker decomposition
(Kolda and Bader 2009).

CP decomposition CP decomposition aims to expressing
a tensor as the sum of a finite number of rank-one tensors

X ≈
R∑

r=1

u(1)
r ◦ u(2)

r · · · ◦ u(N)
r � �U(1),U(2), . . . ,U(N)�.

The operator ”◦” is the outer product of vectors and the
factor matrices U(k) = [u

(k)
1 , . . . ,u

(k)
R ] ∈ R

Ik×R, k =
1, 2, . . . , N .

Tucker decomposition Tucker decomposition can be
viewed as a form of higher-order PCA. It decomposes a ten-
sor into a core tensor multiplied (or transformed) by a matrix
along each mode as follows:

X ≈ C ×1 U1 · · · ×N UN

=

R1∑
r1=1

· · ·
RN∑

rN=1

cr1...rNur1 ◦ · · · ◦ urN

� �C;U1,U2, . . . ,UN �,

where X ∈ RI1×I2×···×IN is the original tensor. U1 ∈
RI1×R1 , . . . ,UN ∈ RIN×Rn are the factor matrices, which
are usually columnwise orthogonal, and can be expressed as
the principle components in each mode. C ∈ RR1×···×RN is
called the core tensor, which accounts for all possible linear
interactions between the components of each mode.

It is interesting to note that the CP decomposition can be
regard as a special case of Tucker decomposition (Kolda and
Bader 2009), where R1 = R2 = · · · = RN and the core ten-
sor is superdiagonal, which means every mode of the tensor
is of the same size and its elements remain constant under
any permutation of the indices.

Although there are some other tensor decompositions pro-
posed afterwards, they can be regarded as variants or com-
binations of CP and Tucker, such as (Harshman and Lundy
1996; Martınez-Montes et al. 2004; Harshman, Hong, and
Lundy 2003).

It is desirable to impose nonnegativity constraint on ten-
sor factorizations and thereby facilitate easier interpretation
when analyzing non-negative data. NTF has been widely
studied (Friedlander and Hatz 2008; Kim and Park 2012;
Liu, Wonka, and Ye 2012).

Given a tensor X ∈ RI1×I2×···×IN , the NTF of X , in
terms of the Tucker decomposition model is as follows:

min
U1,...,UN

: ‖X − C ×1 U1 · · · ×N UN‖2

s.t. Un ≥ 0, 1 ≤ n ≤ N.

It is obvious that the goal of NTF (given by Tucker de-
composition model) is to decompose N -order X with a non-
negative constraint into a set of N +1 constitutive factors C,
U1,. . . ,UN that can be combined to form an approximation
of X .
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The Framework of SNTFM2

Given an N -order tensor X ∈ RI1×I2×···×In , without loss
of generality, we assume the s-th mode denotes the samples,
while Is denotes the number of samples. The class label of
the i-th sample is denoted as yi ∈ {−1, 1}, i = 1, 2, . . . , Is.
In SNTFM2, we pursue a discriminative decomposition by
coupling NTF and a maximum margin classifier (in particu-
lar SVM is conducted) for classification. We cast the mission
as learning a prediction function f : X 	→ Y that maps the
space of input samples X to the space of binary classifica-
tion labels Y based on a training set of input/output pairs.

The non-negative discriminative tensor factorization by
Tucker decomposition model for classification can be writ-
ten as follows:

min
U1,...,UN

: ‖X − C ×1 U1 · · · ×N UN‖2 +Ω(X )

s.t. Un ≥ 0, 1 ≤ n ≤ N,
(1)

where Ω(X ) is a regularized penalty, e.g., imposed on the
priors of classification for X .

We can write the objective function in Eq.(1) in terms of
unfolded tensors as follows:

min
Un

‖X(n) −UnB(n)‖2 +Ω(X(n)), (2)

where

B(n) = (C ×1 U1 ×2 · · · ×n−1 Un−1

×n+1Un+1 ×n+2 · · · ×N UN )(n).
(3)

To simplify the optimization problem, we take transpose
and separate the objective function into In columns of the
matrix UT

n resulting in In independent optimization prob-
lems:

min
ui

: ‖xi −BT
(n)ui‖2 +Ω(xi)

s.t. ui ≥ 0, 1 ≤ i ≤ In,
(4)

where
X(n) = [x1,x2, . . . ,xIn ]

T ,

Un = [u1,u2, . . . ,uIn ]
T .

After the non-negative decomposition, now we transfer
the classification of tensorial data from the {X ,Y} into
{ui,Y}(1 ≤ i ≤ In) with a predefined penalty Ω(X ).
Moreover, we identify the optimization framework into
groups and update one column vector at a time, so that vari-
ables can be updated simultaneously.

As stated before, the goal of our proposed approach at-
tempts to find a non-negative decomposition for a tensorial
data as well as learn a classifier in the factorized space. Since
each principal component ui(1 ≤ i ≤ Is) in the s-th mode
is corresponding to each sample, we reformulate the opti-
mal factorization of non-negative tensorial data in their s-th
mode as a coupling least-squares optimization problem via a
maximum-margin method, the reformulation can be denoted

as a following minimization problem:

min
u

(s)
i

: γ‖x(s)
i −BT

(s)u
(s)
i ‖2+

(
wTw + τ

Is∑
i=1

L(yi,w · u(s)
i + b)

)

s. t. u
(s)
i ≥ 0, 1 ≤ i ≤ Is,

(5)

where γ and τ are parameters to control the approximate
error and classification loss respectively, and b is the bias
term that can be viewed as a component of the weight vector
w. L(y, t) = max(0, 1 − yt)p could be any loss function,
specially, quadratic loss when p = 2.

The traditional solution for SVM classifiers is generally
obtained in the dual domain (Cherkassky 1997; Schölkopf
and Smola 2002). However, since the weight vector w and
the components u

(s)
i are inherently coupled in Eq.(5), it is

complicated to obtain the dual formulation of Eq.(5). In-
spired by the idea of primal optimizations of non-linear
SVMs (Bottou and Weston 2007), the well-known kernel
trick is introduced here to implicitly capture the non-linear
structures. Therefore, we replace w with a functional form
f(x) as follows

f(x) =

Is∑
i=1

αik(xi,x), (6)

where k(x,y) is a kernel as given by the representer the-
orem (Kimeldorf and Wahba 1970). After replacing w by
f(x), Eq.(5) is revised as follows:

min
u

(s)
i

: γ‖x(s)
i −BT

(s)u
(s)
i ‖2 + λ

Is∑
i,j=1

αiαjk(u
(s)
i ,u

(s)
j )

+

Is∑
i=1

L(yi,

Is∑
j=1

k(u
(s)
i ,u

(s)
i )αi)

s. t. u
(s)
i ≥ 0,

(7)

where λ = 1/τ is the weight between the loss function and
the margin and γ is the relative weight between the genera-
tive and the discriminative components.

Writing the kernel matrix K, such that kij = k(ui,uj),
and ki is the ith column of K, we get

min
u

(s)
i ;α

: γ‖x(s)
i −BT

(s)u
(s)
i ‖2 + λαTKα

+

Is∑
i=1

L(yi,K
T
i α)

s. t. u
(s)
i ≥ 0.

(8)

For other modes except the s-th mode (denoted as ŝ, i.e,
ŝ ∈ {1, . . . , s− 1, s+1, . . . , N}) of X , since there’s no su-
pervised information to be used, we can utilize the original
non-negative tensor factorization method to obtain the prin-
ciple components of other modes. Like NMF, NTF usually
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induces a sparse decomposition of the tensorial data (Hoyer
2004) and since the sparseness given by traditional NTF is
somewhat of a side-effect rather than a goal, we cannot in
any way control the degree to which the representation is
sparse. As a result, it is essential to control sparseness of
NTF explicitly.

Here, we adopt a sparse solution in (Mørup, Hansen, and
Arnfred 2008; Liu, Wonka, and Ye 2012) to get a sparse de-
compositions of the ŝ-th mode. The sparse factorization with
�1 norm penalty for the ŝ-th mode is:

min
u

(ŝ)
i

: ‖x(ŝ)
i −BT

(ŝ)u
(ŝ)
i ‖2 + ηŝ|u(ŝ)

i |

s.t. u
(ŝ)
i ≥ 0, ŝ �= s, ŝ ∈ {1, . . . , s− 1, s+ 1, . . . , N},

(9)

where ηŝ controls the sparsity of decomposition of the s-th
mode for X . One optimum solution of Eq.(9) can be com-
puted as follows (Liu, Wonka, and Ye 2012):

u
(ŝ)
ij =

{
t−ηŝ

bjbTj
, t > ηŝ

0, otherwise
(10)

where u
(ŝ)
ij is the elements of u(ŝ)

i ,

t = bj(B
T
(ŝ)u

(ŝ)
i − bT

j xi)

B(ŝ) = [bT
1 ,b

T
2 , . . .b

T
Rŝ

]T .

Optimization of Discriminant Components and
Classification Coefficients

Now we discuss the solution of Eq. (8). As the optimization
problem in Eq. (8) is convex, many of well-known methods
can be conducted to obtain the solution, such as gradient
descent and Newton’s method. Gradient descent is simple,
but has been observed to converge slowly in practice. While
Newton’s method typically enjoys a faster convergence rate
but the computation of the invert Hessian may be expensive
when the size of Hessian is large. Moreover, we can’t guar-
antee the Hessian is invertible for any kernels. Hence, we
adopt conjugate gradient here for updating, which does not
need to compute the invert of the Hessian and can achieve a
reasonable solution within only a couple of steps.

Update α The first order gradient of Eq. (8) with respect
to α is:

∇α = (2λKα+

Is∑
i=1

ki
∂L

∂t
|t=kT

i α). (11)

As mentioned before, L can be any loss function. Differ-
ent loss functions such as the Huber and Hinge loss can be
seamlessly incorporated into our proposed model. Here, we
consider an easier case, i.e., the L2 penalization of the train-
ing errors:

L(yi, f(u
(s)
i )) = max(0, 1− yif(u

(s)
i ))2. (12)

Similar to (Bottou and Weston 2007), for a given value of
the vector α, we call a point u(s)

i the support vector when

yif(u
(s)
i ) < 1, that is, if the loss on this point is nonzero.

After reordering the points such that the first nv points are
support vectors, the gradient with respect to α is:

∇α = 2(λKα+KI0(Kα−Y)), (13)

where I0 is the Is × Is diagonal matrix with the first nv

entries (number of support vectors) being 1 and others 0,
given by

I0 =

[
Inv

0
0 0

]
.

The Hessian, with respect to α is

Hα = 2(λK+KI0K). (14)

Update u
(s)
i Different from previous work on combining

SVM cost with NMF, such as (Kumar, Kotsia, and Patras
2012), our proposed method is extended to one kernelized
approach for tensorial data. Kernelized SVM is appealing
due to their good generalization performance.

In this paper, we conduct the inner product kernel as fol-
lows:

k(u
(s)
i ,u

(s)
j ) = u

(s)T
i u

(s)
j . (15)

For this kernel the gradient and the Hessian with respect
to u

(s)
i can be written as

∇
u
(s)
i

= −2γB(s)x
(s)
i + 2γ(B(s)B

T
(s))u

(s)
i + 2λαi

Is∑
j=1

αju
(s)
j

+2

(
nv∑
j=1

ljαju
(s)
j [i ∈ nv] + αi

nv∑
j=1

lju
(s)
j

)
,

(16)

H
u
(s)
i

= 2γ(B(s)B
T
(s)) + (2λα2

i + 4liαi[i ∈ nv])Ins, (17)

where Ins is an identity matrix of size Is and [i ∈ ns] is an indica-
tor function indicating that the term is present in the equations only
when the index i belongs to the set of support vectors.

Choice of Core tensor A key issue in applying the tensor de-
composition is how to construct the core tensor. An inappropriate
core tensor will make the decomposition infeasible. For example,
given a tensor of size 1000 × 10 × 3, a corresponding high-mode
core tensor of size 20×20×20 obviously leads to redundant com-
puting, while a low-mode core tensor of size 3× 3× 3 may result
in a low accuracy. As a result, it’s imperative to devise a core tensor
carefully when dealing with unbalanced tensors.

According to (Liu, Wonka, and Ye 2012), we let the core tensor
C satisfy the following requirements, that will make the core tensor
akin to an identity tensor.

1. Consists of ”0”s or ”1”s;

2. All rows of C(n) are orthogonal;

3. C(n) is of full rank for any n.

The details of the proposed supervised non-negative tensor fac-
torization with maximum margin constraint(SNTFM2) are summa-
rized in Algorithm 1.
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Algorithm 1: The Algorithm of SNTFM2

Input: The tensorial training data and their corresponding
class labels, i.e., X ∈ R

I1×I2···×IN , where s-th mode de-
notes the number of samples and yi ∈ {−1,+1}, i =
1, 2, . . . , Is, given a core tensor C and a kernel function k.
Output: The principle decomposition components of each
mode {U1, . . . ,UN} and classifier coefficients vector α.

Initialize {U1, . . . ,UN} and coefficients
vector α.
repeat

for n = 1 to N do
Compute B(n) using Eq. (3).
if n = s

Compute kernel matrix K.
Update α using Eq. (13), Eq. (14).

end if
for i = 1 to In do

if n = s
Update u(s)

i using Eq.(16), Eq.(17)
else if n �= s

Update u
(ŝ)
i using Eq. (10).

end if
end

end
until iter ≥ MAXITER or convergence.

Experiments

Experiments on Toy Data Set

Here the synthetic data is used to discuss the interpretable nature of
our proposed SNTFM2 for the discriminative analysis. We generate
two multivariate normal distribution, denoted as ND, with means
at [6, 6], [3, 3] and covariances are both [1.5, 0.4; 0.4, 1]. Each dis-
tribution has 500 data points. The labels for the data points are
assigned as {−1, 1} according to their different distributions. The
original 1000 data points are illustrated in Figure 1(a). In Figure
1(a), some data from two classes are overlapping on some places,
so that directly applying SVM or other methods for the classifica-
tion may not achieve a satisfied performance.

The NTF decomposition has the ability to project the original
data onto the space of additive basis. We represent the original data
as a 1000× 2 tensor, and apply the proposed SNTFM2, setting the
core tensor as an identity matrix of size 2, and the parameters are
tuned to achieve the best performance. We can observe from Fig-
ure 1(b) that the original data in their projected space by SNTFM2

decomposition are much more easily to be separated.
We then conduct experimental comparison on some basic binary

classification data sets from the UCI Machine Learning Repos-
ity (http://archive.ics.uci.edu/ml/), i.e., Ionosphere, Musk, Pima. In
Ionosphere, there are 34 attributes from 351 instances. In Musk,
there are 168 attributes from 6598 instances. While, there are 8
attributes from 768 instances in Pima. The comparison methods
are SVM, 1-Nearest Neighbor (1NN), Naive Bayes (NB). We ran-
domly pick a half of the data for training, and the rest for testing.
The results are reported in Table 1. The results shown in bold-
face are the best. We can observe that on Pima data, our pro-
posed method works little worse than SVM. The reason is proba-
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Figure 1: (a) The two dimensional data points. The red-
colored data points belong to the positive class and the blue-
colored data points belong to the negative class. The data
from two classes are somehow overlapped. (b) The original
data in their projected space by SNTFM2 decomposition.
The data from two classes are easily to be separated.

bly that the nonnegative tensor factorization of low-dimension data
(i.e.,Pima) is trivial for classification. However, the performance by
our approach is comparable with the performance by SVM. While
in general, the proposed SNTFM2 outperforms the other methods.

Table 1: The Comparisons of Classification Accuracy
Data Set SVM 1NN NB SNTFM2

ND 94.2 % 93.6 % 93.2 % 96.8 %
Ionosphere 88.6 % 86.1 % 85.9 % 89.8 %

Musk 83.6 % 81.1 % 66.8 % 85.7 %
Pima 77.3 % 65.6 % 74.5 % 77.0 %

As stated before, our proposed algorithm leads to an efficient so-
lution, in which we devise the optimization framework into groups
and update one column vector independently at a time, so that vari-
ables can be updated simultaneously. To verify the efficiency for
tensorial data decomposition by SNTFM2, we conduct experiments
on synthetic data sets. The compared algorithms on synthetic data
are sparse nonnegative CP decomposition (abbreviated as NCP)
(Mørup et al. 2006), sparse nonnegative Tucker decomposition (ab-
breviated as NTucker) (Mørup, Hansen, and Arnfred 2008). The
synthetic tensor data is of size 200 × 200 × 200. For SNTFM2

algorithm, the class labels are assigned. We apply the same ran-
dom initialization, and set the sparseness coefficients η = 0.1,
other parameters are tuned to achieve best performance. We com-
pare their factorization efficiency by different core tensors of size
10 × 10 × 10, 20 × 20 × 20 and 40 × 40 × 40. All the compar-
isons are implemented on the same computer environment. It can
be observed from Table 2 that our proposed SNTFM2 outperforms
the other methods in terms of factorization efficiency.

Experiments on Real World Data Sets

We then conduct experimental comparisons for the task of classifi-
cation on two public benchmark data sets in the real world: facial
images and human motion data, both of which can be expressed in
tensors spontaneously.

1. Facial Images: We conduct experiments on facial images FG-
NET dataset(Agarwal et al. 2010) for the classification accord-
ing to age. The FG-NET data set comprises of 1002 facial im-
ages of 82 people being from 0 to 69 years old. All the acquired
images are resized to 40×30 pixels. We randomly select 800 of
them as training set and the rest as testing set.
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Table 2: The Comparisons of Factorization Efficiency
Method Time(sec) Iterations

Core tensor size: 10× 10× 10

SNTFM2 16.8642 29

NCP 135.863 146

NTucker 285.955 277

Core tensor size: 20× 20× 20

SNTFM2 39.0048 44

NCP 284.566 218

NTucker 182.608 239

Core tensor size: 40× 40× 40

SNTFM2 55.3347 61

NCP 97.5724 114

NTucker 2241.18 452

2. Motion Data: In the case of motion data, we conduct experi-
ments on classifying the human pose, and carry experiments us-
ing publicly available data set, the Carnegie Mellon University’s
Graphics Lab motion capture database(Piazza et al. 2009). We
process the data to form each motion a 3 × 49 tensor. We ran-
domly choose 48 classes for the experiment, including 50000
motions for training and the rest 19363 for testing.

We evaluate the performance on the task of classification in
terms of three kinds of metrics. The first one is accuracy. The sec-
ond one is area under the ROC curve, called AUC (Fawcett 2006),
we use the MacroAUC (average on AUC of all the classes) and the
MicroAUC (the global calculation of AUC regardless of classes).
The last one is the harmonic mean of precision and recall, called F1
score(Fawcett 2006), the MacroF1 (average on F1 scores of all the
classes) and the MicroF1 (the global calculation of F1 regardless
of classes).

We compare our proposed SNTFM2 algorithm with the follow-
ing five methods, of which two are vector-based methods and the
others are tensor-based methods. The parameters of all the methods
are tuned using cross-validation:

• SVM: the Support Vector Machine, a typical maximum-margin
classifier, is applied after vectorizing the input tensor on each
class using the one vs. all scheme. We use an open source soft-
ware LIBSVM (Chang and Lin 2011).

• NMFSVM: a non-negative matrix factorization base regularizer
for SVM (Das Gupta and Xiao 2011).

• STM: the Support Tucker Machine (Kotsia and Patras 2011), a
tensor-based model of SVM.

• LTR: a modified tensor based logistic regression method for
classification (Guo, Kotsia, and Patras 2012).

• DNTF: CP decomposition together with a Linear Discriminant
Analysis (LDA) approach (Zafeiriou 2009).

All the methods are repeated ten times for ten random train-
ing/test partitions, and we report the average results. Table 3 shows
the performance in terms of the average Accuracy, MacroAUC, Mi-
croAUC, MacroF1 and MicroF1. The results shown in boldface are
best results. From the results in 3, we can make the following ob-
servations:

• The proposed SNTFM2 achieves the best performance of clas-
sifications in all of metrics for all the other approaches thanks to
its nonnegative and maximum-margin natures.

• The classification performances by tensor-based approaches
(e.g., SNTFM2, STM, LTR and NTF+LDA) have a better perfor-
mance than those vectorized-based approaches(e.g., SVM and
NMFSVM).This is easy to understand a tensor can inherently
preserve the structure embedded in original data.

Table 3: Performance comparison of different algorithms in
terms of Accuracy, MacroAUC, MicroAUC, MacroF1 and
MicroF1. The results shown in boldface are best results.

A. Comparison on Facial Images
Method Accuracy MacroAUC MicroAUC MacroF1 MicroF1

SNTFM2 0.9008 0.7345 0.7458 0.7213 0.7618

SVM 0.8310 0.6551 0.6846 0.6331 0.6784
NMFSVM 0.8821 0.6989 0.7064 0.6871 0.7127

STM 0.8718 0.7253 0.7443 0.7037 0.7435
LTR 0.8848 0.7246 0.7250 0.7119 0.7534

DNTF 0.8894 0.7205 0.7314 0.7028 0.7458

B. Comparison on Motion Data
Method Accuracy MacroAUC MicroAUC MacroF1 MicroF1

SNTFM2 0.8879 0.7616 0.7857 0.7212 0.7407

SVM 0.8216 0.6913 0.7231 0.6602 0.6768
NMFSVM 0.8475 0.7421 0.7527 0.6825 0.6954

STM 0.8549 0.7585 0.7844 0.7093 0.7364
LTR 0.8697 0.7469 0.7761 0.7064 0.7335

DNTF 0.8416 0.7205 0.7322 0.7191 0.7323

Conclusion

This paper proposes a supervised non-negative tensor factoriza-
tion with maximum-margin constraint (SNTFM2) for classifica-
tion. The SNTFM2 method is attractive and in particularly appro-
priate for discriminant analysis due to its nonnegativity property
and discriminating capability for tensorial data. Moreover, our pro-
posed method is efficient. The comparisons between SNTFM2 and
the state-of-the-art approaches showed that SNTFM2 achieved the
best performance in both toy and real-word data sets.
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