Know! Inf Syst (2006) Knowledge and
DOI 10.1007/s10115-006-0050-6 Information Systems

REGULAR PAPER

Dacheng Tao - Xuelong Li - Xindong Wu -
Weiming Hu . Stephen J. Maybank

Supervised tensor learning

Received: 30 November 2005 / Revised: 10 July 2006 / Accepted: 18 August 2006
© Springer-Verlag London Limited 2006

Abstract Tensor representation is helpful to reduce the small sample size prob-
lem in discriminative subspace selection. As pointed by this paper, this is mainly
because the structure information of objects in computer vision research is a rea-
sonable constraint to reduce the number of unknown parameters used to represent
a learning model. Therefore, we apply this information to the vector-based learn-
ing and generalize the vector-based learning to the tensor-based learning as the
supervised tensor learning (STL) framework, which accepts tensors as input. To
obtain the solution of STL, the alternating projection optimization procedure is
developed. The STL framework is a combination of the convex optimization and
the operations in multilinear algebra. The tensor representation helps reduce the
overfitting problem in vector-based learning. Based on STL and its alternating pro-
jection optimization procedure, we generalize support vector machines, minimax
probability machine, Fisher discriminant analysis, and distance metric learning,
to support tensor machines, tensor minimax probability machine, tensor Fisher
discriminant analysis, and the multiple distance metrics learning, respectively. We
also study the iterative procedure for feature extraction within STL. To examine
the effectiveness of STL, we implement the tensor minimax probability machine
for image classification. By comparing with minimax probability machine, the
tensor version reduces the overfitting problem.
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1 Introduction

In computer vision research, many objects are naturally represented by multidi-
mensional arrays, i.e., tensors [17], such as the gray face image shown in Fig. 1 in
face recognition [7, 48], the color image shown in Fig. 2 in scene image classifica-
tion [40, 41], and the video shot shown in Fig. 3 in motion categorization [11, 26].
However, in current research, the original tensors (images and videos) are always
scanned into vectors, thus discarding a great deal of useful structural information
[36, 38, 52, 53], which is helpful to reduce the small sample-size (SSS) problem
in subspace selection methods, e.g., linear discriminant analysis (LDA).

To utilize this structure information, many dimension reduction algorithms
[17, 29, 38, 46, 51, 52] based on the multilinear subspace method (MLSM)
have been developed for data representation [17, 29, 46, 51], pattern classifica-
tion [38, 36, 52], and network abnormal detection [33]. This structure informa-
tion of objects in computer vision research is a reasonable constraint to reduce
the number of unknown parameters used to represent a learning model. MLSM
finds a sequence of linear transformation matrices U; € RLixL; (L; < L;,

1 < i < M) to transform a big-size tensor X € REL1*L2xXLu to 3 small-size

Second
Order Tensor

Width

Height

Fig. 1 A gray face image is a second-order tensor, which is also a matrix. Two indices
are required for pixel locations. The face image comes from http://www.merl.com/projects/
images/face-rec.gif

Third Order
Tensor

Fig. 2 A color image is a third-order tensor, which is also a data cuboid, because three indices
are required to locate elements. Two indices are used for pixel locations and one index is used
to local the color information (e.g., R, G, and B)
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Fourth Order
Tensor

Fig. 3 A color video shot is a fourth-order tensor. Four indices are used to locate elements.
Two indices are used for pixel locations; one index is used to local the color information; and
the other index is used to represent the time varying. The video shot comes from http://www-
nlpir.nist.gov/projects/trecvid/

tensor Y € RE1xLyx-xLy ,ie, Y =X x UlT X2 Ug X X M U;,I. For example,
if we have a big second order tensor (i.e., a big matrix) X € RL1*L2, in MLSM
we need to find two linear transformation matrices U; € R! xLy (L/1 < L) and
U, € RE2xL) (L}, < L») to transform the big matrix to a small matrix according
toY =X x UlT X7 UZT ,ie., Y = UITXUZ. After the transformation, the original

datum dimension is reduced from L x L; to L’1 X L’2 ,ie.,Y e RLI<L;

The structure information can also be utilized to vector-based learning to re-
duce the overfitting problem when measurements are limited. In vector-based
learning [6, 9], a projection vector w € R and a bias b € R are learnt to de-
termine the class label of a measurement ¥ € R’ according to a linear decision
function y (X) = sign[w'x + b]. The w and b are obtained based on a learning
model, e.g., minimax probability machine (MPM) [16, 31], based on N training
measurements associated with labels {¥; € RL, vi}, where y; is the class label,
yvie{+l,—1},and 1 <i < N.

The supervised tensor learning (STL) [36] is developed to extend the vector-
based learning algorithms to accept tensors as input. That is, we learn a series
of projection vectors J)k|£”: | € RL* and a bias b € R to determine the class

label {+1, —1} of a measurement X € REL1*L2xXLm according to a multilin-
ear decision function y (X) = sign[X 1—[]1(1/121 x; Wk + b]. The projection vectors
Wi 2”: | and the bias b are obtained from a learning model, e.g., tensor minimax

probability machine (TMPM), based on N training measurements associated with
labels {X; € RE1<LaxxLm 'y where y; is the class label, y; € {+1, —1}, and
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1 < i < N. To obtain the solution of the algorithms under STL framework,
we develop the alternating projection optimization procedure. Based on STL and
its alternating projection optimization procedure, we illustrate several examples,
which are support tensor machines (STMs), tensor minimax probability machine
(TMPM), tensor Fisher discriminant analysis (TFDA), multiple distance metrics
learning (MDML).

This paper is organized as follows. Section 2 introduces tensor algebra.
Section 3 gives the relatiobship between LSM and MLSM. In Section 4, the con-
vex optimization is briefly reviewed and a framework-level formula of the con-
vex optimization-based learning is introduced. In Section 5, we develop the su-
pervised tensor learning (STL) framewok, which is an extension of the convex
optimization-based learning. The alternating projection method is also developed
to obtain the solution to an STL-based learning algorithm. In Section 6, we de-
velop a number of tensor extensions of many popular learning machines, such as
the support vector machines (SVM) [5, 27, 28, 34, 35, 45], the minimax prob-
ability machine (MPM) [16, 31], the Fisher discriminant analysis (FDA) [6, 8,
14], and the distance metric learning (DML) [49]. In Section 7, an iterative fea-
ture extraction model is given as an extension of the STL framework. Experi-
ments in Section 8 based on TMPM show that tensor representation is helpful
to reduce the overfitting problem in vector-based learning. Section 9 provides
conclusions.

2 Tensor algebra

This section contains the fundamental materials on tensor algebra [17], which
are relevant to this paper. Tensors are arrays of numbers that transform in cer-
tain ways under different coordinate transformations. The order of a tensor X €
RLixLaxxLu represented by a multidimensional array of real numbers, is M.
An element of X is denoted as Xy, 1, .1, where 1 </[; < L;and1 <i < M.
The i™ dimension (or mode) of X is of size L;. A scalar is a zeroth-order tensor;
a vector is a first-order tensor; and a matrix is a second-order tensor. A third-order
tensor as an example is shown in Fig. 4. In the tensor terminology, we have the
following definitions.

I Xie Rk

Fig. 4 A third-order tensor X € RE1*L2xL3
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Definition 2.1 (Tensor Product or Outer Product) The tensor product X ® Y of a
tensor X € REV<L2XxLut qnd another tensor Y € REVE2 Ly is defined by

X® Y)h Xy -y x Uy xly -l = X, X12X“‘X1MY11 xlyx--xly, (1)

for all index values.
For example, the tensor product of two vectors X1 € RY" and X, € R is a
matrix X € REVL2 je X =3 @ Xy = 551)?2T.

Definition 2.2 (Mode-d Matricizing or Matrix Unfolding) The mode-d matriciz-
ing or matrix unfolding of an Mth-order tensor X € REV*L2XXLum js the set
of vectors in R4 obtained by keeping the index iy fixed and varying the other
indices. Therefore, the mode-d matricizing or matrix unfolding of an Mth-order
tensor is a matrix X gy € RELaxLa yyhere l_,d = (]_[#d L;). We denote the mode-d
matricizing of X as matq(X) or briefly X ).

Definition 2.3 (Tensor Contraction) The contraction of a tensor is obtained by
equating two indices and summing over all values of the repeated indices. Con-
traction reduces the tensor order by 2. A notation is the Einstein’s summation con-
vention.! For example, the tensor product of two vectors ¥,y € RN is Z =X ® 7,
and the contraction of Z is Zi; = X -y = X'y, where the repeated indices imply
summation. The value of Z;; is the inner product of X and y. In general, for tensors
X ¢ Rle xLM><L X xLM, and Y € Rle xLM><L X xL"

the tensor product X ® Y is

M” | the contraction on

X®Y; (l'M)(l'M)]]
Ly

= Z Z (X)llx Xy xly 3 xl (Y)llx---lexl”x 1" (2)

M//
h=l Iy=I

In this paper, when the convention is conducted on all indices but the index i on
the tensor product of X and Y in RE1V<L2< XLy e denote this procedure as

[[X®Y;(Z')(Z’)]]=[[X®Y;(1:i—l,i+1:M)(l:i—l,i—i—l:M)]]

Lit1

Sy ZZZ

=1 lio1=1141=1
X (X)/1 Koo lj_p XUy X1 XXy (Y)11 XXy Xl Xy XXy
T T
= mat; (X) mat; Y) = X(i)Y(,')a 3)

and [X®Y; (i) (/) € RE>Ei.

U When any two subscripts in a tensor expression are given the same symbol, it is implied that
the convention is formed.—A. Einstein, Die Grundlage der Allgemeinen Relativitatstheorie, Ann.
Phys., 49:769, 1916.
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Definition 2.4 (Mode-d product) The mode-d product X x4 U of a tensor X €
REv<Lox XLt gnd g matrix U € RYa*Ld jsan LyxLax---xLg_, XL xLgy1X
-+« X Ly tensor defined by

(XXdU)[l Xy X xlg_y XUy gy < xly = Z (Xll Xl X xlg_1 xlg Xl g1 %<y Ulgxld)’
l/
d

“)
for all index values. The mode-d product is a type of contraction.
Based on the definition of Mode-d product, we have
XxqU) x; V=Xx;V)xqU, )

where X € RELixLaxexLu 7 ¢ RLaxLa ,and 'V € RLixL:, Therefore,
X xq U) x; V can be simplified as X xq U x; V.
Furthermore,
XxqU)x, V=Xxq(VU), (6)

’ " ’ .
where X € RELvxLaxxLy 7 ¢ RLaxLa v ¢ RLa*La  and VU is the standard
matrix product between V and U .

To simplify the notation in this paper, we denote

M
A
XX1U1X2U2X'--XMUM=X1_[X,{U/{, @)
k=1

and

M
A -
X X1 U1X~-X,'_1 U,'_l Xi+1 Ui+1 X XM UM =X l_[ ded :XXI‘U[.
d=1;d#i

@®)

Definition 2.5 (Frobenius Norm) The Frobenius norm of a tensor X €
REvxLaxXLu js ajven by

Ly

Xty O
=1

Ly
Xl = VIX®X: (L M) (L M) = |-+

h=1 Im

The Frobenius norm of a tensor X measures the size of the tensor and its
square is the energy of the tensor.

Definition 2.6 (Rank-1 tensor) An Mth-order tensor X has rank one if it is the
tensor product of M vectors ii; € RLi, where 1 <i <M

M
X=il1 @i ® @iy = [ e (10)
k=1

The rank of an arbitrary Mth-order tensorX, denoted by R = rank (X) , is the
minimum number of rank-1 tensors that yield X in a linear combination.
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3 The relationship between LSM and MLSM

Suppose: 1) we have a dimension reduction algorithm A; , which finds a se-
quence of linear transformation matrices U; € RLixL; (L; <L, 1 <i<M)
to transform a big-size tensor X € RE1*L2XxLu to a small-size tensor Y| €
RLixLyxxLy e Y =X x; UlT X2 UzT x -+ xy UL and 2) we have an-
other dimension reduction algorithm A, , which finds a linear transformation ma-
trix U € REXV' (L = LyxLyx---xLyand L' = L, xLyx---xLh, s L} < L;)
to transform a high-dimensional vector ¥ = vect (X) to a low-dimensional vec-
tor y» = vect(Y»), i.e., y» = UTX , where vect (-) is the vectorization operator;
% € RE and ¥, € RY . According to [55], we know

-

y1 = vect(Yy)
:vect(X X1 UlT x2U2T X oo Xy UAT,1>

=(Ui1 QU ®---® Up)T vect (X). (11)

Therefore, if U = Uy @ Uz ® --- ® Uy, ¥2 = y1. That is, the algorithm A
equals algorithm A», if the linear transformation matrix U € REXL"in A, equals
toU1@Uz® - @Uy.2

The tensor representation helps to reduce the number of parameters needed to
model the data. In A, there are N| = Zf‘i L iL; independent parameters. While

in Ay, there are Ny = ]_[f‘il L; ]_[,Ail L’ independent parameters. In statistical
learning, we usually require the number of the training measurements is larger
than that of the parameters to model these training measurements for linear algo-
rithms. In the training stage of the MLSM-based learning algorithms, we usually
use the alternating projection method to obtain a solution, i.e., the linear projection
matrices are obtained independently, so we only need about No = max;{L;L/}
training measurements to obtain a solution for MLSM-based learning algorithms.
However, we need about N; training measurements to obtain a solution for LSM-
based learning algorithms. That is, the MLSM-based learning algorithms requires
much smaller training measurements than LSM-based learning algorithms, be-
cause No < N,. Therefore, the tensor representation helps to redeuce the small
sample-size (SSS) problem.

It has a long history to reduce the number of parameters to model the data by
adding constraints. Take the strategies in Gaussian distribution estimation as an
example®: when the data consist of only a few training measurements embedded
in a high-dimensional space, we always add some constraints to the covariance
matrix, for example by requiring the covariance matrix to be a diagonal matrix.
Therefore, to better characterize or classify natural data, a scheme should preserve
as many as possible of the original constraints. When the training measurements

2 In(l 1), we conduct the reshape operationon U = U; @ Us ® - - - ® U). That is, originally
U lies in RE1*LixLaxLyxxLuxLyy and after the reshape operation U is transformed to V in
R(LixLaxxLy)x(LyxLyx-xLyy) Then, we can apply the transpose operation on V.

3 Constraints in MLSM/STL are justified by the form of the data. However, constraints in the
example are ad hoc.
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— — — \Vector Based Learning Machine

Tensor Based Learning Machine

Testing Error

\/

Number of the Training Measurement

Fig. 5 Tensor-based learning machine versus the vector-based learning machine

are limited, these constraints help to give reasonable solutions to classification
problems.

D

2)

Based on the discussions above, we have the following results:

when the number of the training measurements is limited, the vectorization
operation always leads to the SSS problem. That is, for small-size training set,
we need to use the MLSM-based learning algorithms, because the LSM-based
learning algorithms will overfit the data. The vectorization of a tensor into a
vector makes it hard to keep track of the information in spatial constraints.
For example, two 4-neighbor connected pixels in an image may be hugely
separated from each other after a vectorization;

when the number of the training measurements is large, the MLSM-based
learning algorithms will underfit the data. In this case, the vectorization op-
eration for the data is helpful because it increases the number of parameters to
model the data.

Similarly, if we choose to use the vector-based learning algorithms, the vec-

torization operation vect (-) is applied to a general tensor X and forms a vector
X =vect(X) € RL ,where L = L; x Ly x --- x Ly. The vectorization elim-
inates the structure information of a measurement in its original format. How-
ever, the information is helpful to reduce the number of parameters in a learning
model and results in alleviating the overfitting problem. Usually, the testing er-
ror decreases with respect to the increasing number of the training measurements.
When the number of the training measurements is limited, the tensor-based learn-
ing machine performs better than the vector-based learning machine. Otherwise,
the vector-based learning machine outperforms the tensor-based learning machine,
as shown in Fig. 5.

4 Convex optimization-based learning

Learning models are always formulated as optimization problems [50, 54]. There-
fore, mathematical programming [50, 54] is the heart of the machine learning
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research [28]. Recently, mathematical programming has been applied for semisu-
pervised learning [1, 18]. In this section, we first introduce the fundamentals
of convex optimization and then give out a general formulation for convex
optimization-based learning.

A mathematical programming problem [3, 50, 54] has the form or it can be
transformed to this form

min  fo (W)

w
fiw) <0, 1<i<m (12)
hi(w)=0, 1<i<p

where W = [wy, wa, ..., w,]T € R" is the optimization variable in Eq. (12); the
function fy : R" — R is the objective function; the functions f; : R” — R
are inequality constraint functions; and the functions 4; : R"” — R are equality
constraint functions. A vector W' is a solution to the problem if fy achieves its
minimum among all possible vectors, i.e., vectors satisfy all constraint functions
(fiI"™, and h;|7_)).

When the objective function f (w) and the inequality constraint functions
fi (W) |7, satisfy

fi (@wy + Bwo) < af; (wr) + Bfi (o)
o,BERy---and---a+p=1 (13)
wi, Wy € R"

(ie., fi (w) ", are convex functions) and the equality constraint functions
hi (W) |I_, are affine (i.e., #; (W) = 0 can be simplified as @ w = b;), the mathe-
matical programming problem defined in Eq. (12) is named the convex optimiza-
tion problem. Therefore, a convex optimization problem [3] is defined by

min  fo (W)
fi) <0, 1<i<m (14)

-

T—v_ . .
a;w=>b;, 1=<i=<p

where f; (W) !, are convex functions. The domain D of the problem in Eq. (14)
is the intersection of the domains of f; (i) [7 »i.e., D =N/ dom f;. The point
W' in D is the optimal solution of Eq. (14) if and only if

VT fo(@(w —w') =0, VYweD (15)

The convex optimization problem defined in Eq. (14) consists of a large num-
ber of popular special cases, such as the linear programming (LP) [44], the lin-
ear fractional programming (LFP) [3], the quadratic programming (QP) [21], the
quadratically constrained quadratic programming (QCQP) [19], the second-order
cone programming (SOCP) [19], the semidefinite programming (SDP) [43], and
the geometric programming (GP) [4]. All of these special cases have been widely
applied in different areas, such as computer networks, machine learning, computer
vision, psychology, the health research, the automation research, and economics.
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The significance of a convex optimization problem is that the solution is
unique (i.e., the locally optimal solution is also the globally optimal solution),
so the convex optimization has been widely applied to machine learning for many
years, such as LP [44] in the linear programming machine (LPM) [22, 30], QP
[21] in the support vector machines (SVM) [5, 10, 27, 28, 34, 35, 45], SDP [43] in
the distance metric learning (DML) [49] and the kernel matrix learning [15], and
SOCP [19] in minimax probability machine (MPM) [16, 31]. This section reviews
some basic concepts for supervised learning based on convex optimization, such
as SVM, MPM, Fisher discriminant analysis (FDA) [6, 8, 14], and DML.

Now, we introduce LP, QP, QCQP, SOCP, and SDP, which have been widely
used to model learning problems.

The LP is defined by
min  ¢Tw
w -
o Gws=h | (16)
T A =b

where G € R™" and A € RP*". That is, the convex optimization problem
degenerates to LP when the objective and constraint functions in the convex opti-
mization problem defined in Eq. (14) are all affine.

The QP is defined by
| T
min - Pw+ qu +r
W 2 .
Gw <h a7
S.t. N
Aw =

where P € S, G € R™" and A € RP*". Therefore, the convex optimiza-
tion problem degenerates to QP when the objective function in Eq. (14) is convex
quadratic and the constraint functions in Eq. (14) are all affine.

If the inequality constraints are not affine but quadratic, Eq. (17) transfroms to

QCQP, ie.,

I - oTo
min — TPow—l—qgw—i-ro
) 2
1. L T .
S0 TP 4G B4l <i<m (18)
st. 2
Aw=0>b
where P; € S for0 <i <m.
SOCP has the form
min  fTd
w
IAiW + billpe <0 +di, 1 <i <m (19)
S.t. o N
Fw=g

where A; € R"*" F ¢ RP*",¢; ¢ R", g € RP,b; € R" ,and d; € R. The
constraint with the form ||Aw + b|| < ¢Tw + d is called the second-order cone
constraint. When ¢; = 0 for all 1 <i < m, SOCP transforms to QCQP.
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Recently, SDP has become an important technique in machine learning and
many SDP-based learning machines have been developed. SDP minimizes a linear
function subject to a matrix semidefinite constraint

min  E'w
w

n
st. F@@)=Fo+ Y wiF >0

i=1

(20)

where F; € S" forall0 <i <nandc € R".

As the end of this section, we provide a general formula for convex
optimization-based learning as

[ylhz £, b, &)

w,b,& (21)
s.t. ¢ (II)T)?,' + b) >&, 1<i< N:|

where f : REFNF1 5 R is a criterion (convex function) for classification; ¢; :
RLTN+L s R forall 1 < i < N are convex constraint functions; X; € RL
(1 < i < N) are training measurements and their class labels are given by y; €
{+1, -1} ; 5 = [&,&,..., 51\/]T € RV are slack variables; and w € RL and
b € R determine the classification hyperplane, i.e., y (X) = sign[w'x + b]. By
defining different classification criteria f and convex constraint functions c; |1N= 1>
we can obtain a large number of learning machines, such as SVM, MPM, FDA,
and DML. We detail this in the next section.

5 Supervised tensor learning: a framework

STL extends the vector-based learning algorithms to accept general tensors as
input. In STL, we have N training measurements X; € RL1xLaxxLy represented
by tensors associated with class label information y; € {41, —1}. We want to
separate the positive measurements (y; = 1) from the negative measurements
(y; = —1) based on a criterion. This extension is obtained by replacing X; € R
(1 <i<N)andw € RE withX; € REv<LaxxLm (] < < N)and wy € RE*
(1 <k < M) in (21), respectively. Therefore, STL is defined by

min f (L, 0.8)

wkl]iw:phsé

M
s.t. Yi€i (Xil_[x;ﬁ)k+b) >§&, 1<i=<N
k=1

(22)

There are two different points between the vector-based learning and the
tensor-based learning: 1) the training measurements are represented by vectors
in vector-based learning, while they are represented by tensors in tensor-based
learning; and 2) the classification decision function is defined by w € R’ and
b € R in vector-based learning (y (X) = sign[w X + b]), while the classification
decision function is defined by w; € R% (1 < k < M) and b € R in tensor-based



D. Tao et al.

learning, i.e., y (X) = sign[X ]_[,[{W: 1 x kﬁ)k + b]. In vector-based learning, we have
the classification hyperplane, i.e., wTx + b = 0. While in tensor-based learning,
we define the classification tensorplane, i.e., X [T}, x, Wk + b = 0.

The Lagrangian for STL defined in Eq. (22) is

L (ieliLy. b, E. @)
N M
=f (@k‘;}:’:p b, S) - (ini (Xi [Tk +b> - ‘é“i)
i1 k=1

N M
= f (il b.E) = Y aivics (X,- [ [tie + b) +a's @3
i=1 k=1

with Lagrangian multipliers & = [a1, o2, . . ., oz;\/]T > 0.
The solution is determined by the saddle point of the Lagrangian

- M i
o U)k|k=1,b,§

max min L (ﬁ)k‘,}:{:p b, g?, 62) (24)

The derivative of L (i |/, b, &, &) with respect to i is

N M
8@].L = 8,jjjf — Zaiyiaﬁ,jci (X,‘ l_[ xklj)k + b)

i=1 k=1

N de: M
=0y, f — Z%‘yt’d—;aa;j (Xi [T xx +b>
i=1 k=1
al dci
=i, f =D ey (Xix i), (25)
i=1

where z = X; 1_[1]:/1:1 %, Wk + b. The derivative ofL(IDk|£/’:1, b, &, &) with respect
to b is

N M
OpL = 0pf — )ity (Xf [T xcie+ b)

i=1 k=1
N de: M
=0f - Zai)’id_zlab (Xi [T %t +b>
i=1 k=1
N
dc;
= f — ;aiyid—z’, (26)
=

where z = X; ]_[,]:'[:1 % Wk + b.

To obtain a solution to STL, we need to set Bi,jL =0and dpL = 0.
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Table 1 Alternating projection for the supervised tensor learning

Input: The training measurements X; |11‘V: | € RE1xLaxxLum “and the associated class lable
yi = {+1, -1}.

Output:  The parameters in classification tensorplane 17)/(|£”: | € R4 and b € R, such that
the STL objective function f (0| ,’(V’: 1 b, é ) defined in Eq. (22) is minimized.

Step 1:  Set wy| ,{"’: | €qual to random unit vectors in RLk,
Step2:  Carry out steps 3-5 iteratively until convergence;

Step3:  Forj=1toM:

Step 4: Obtain w; € RLJ by optimizting

min_ f (i, b, )

w;,b,E

stoyici[w] (Xix jw;) +b] =&, 1<i <N
Step5:  End;

Step 6: Convergence checking:

it L (1] et ([ ) — 1] <.

the calculated wy| ,{”: | have converged. Here wy,, is the current projection vector
and Wy ;—1 is the previous projection vector. ;

Step 7:  End.

According to Eq. (25), we have

N
dci -
8,],].[, =0:8@jf=2aiyid—zl(Xixjwj) 27)
i=1
According to Eq. (26), we have
N dc;
3bL=0=>3bf=ZOt,‘y,‘d—Zl (28)

i=1

Based on Eq. (27), we find the solution to w; depends on wy (1 < k < M,
k # j). That is, we cannot obtain the solution to STL directly. The alternating
projection provides a cue to have a solution to STL. The key idea in the alternating
projection optimization for STL is to obtain the w ; with the given wy (1 <k < M,
k # j) in an iterative way. The algorithm is given in Table 1. The convergence
issue is proved in Theorem 1.

The alternating projection procedure to obtain a solution in STL is illustrated
in Fig. 6. In this figure, the training measurements are represented by third-order
tensors. The following three steps are conducted iteratively to obtain the solution
for STL:
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Fig. 6 The third-order tensor example for the alternating projection in STL

1) Generate the second projection vector w; and third projection vectors w3 ran-
domly according to the Step 1 in Table 1; project the original training measure-
ments (third-order tensors) X; € RL1*L2xL3(1 < j < N) through w, and w3
as (X; X w;) € RL1 ; and calculate the first projection vector w according to
the Step 4 in Table 1 based on the projected training measurements (X; X 1 01);

2) Project the original training measurements X; |1N: | to the calculated first pro-
jection vector w; and the original third projection vector w3 ; and calculate the
second projection vector 1w, according to the Step 4 in Table 1 based on the
projected training measurements (X; X2102);

3) Project the original training measurements X; |IN= | by the previous w; and Wy ;
and calculate w3 through the Step 4 in Table 1 based on the projected training
measurements (X; X3W3).

Theorem 1 The alternating projection optimization procedure for STL converges.

Proof Formally, the alternating projection method never increases the function
value f (J)H,’("’: 1» b, &) of STL between two successive iterations, because it can
be interpreted as a type of a monotonic algorithm. We can define a continuous
function:

- - - N M
frup xXupgx---xuy Xx RxRY = x
k=

iy x RxRY > R
1

where Wy € uy and iy is the set, which includes all possible w,. The bias b € R
and the slack variables £ € RY.
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With the definition, f has M different mappings:

N g A . - M -
g5, b5 E) Sarg min _f (wd\d:p b, g)

ug€ig,b.&

. - 2 o qd=1 - M
=arg min _f (wd, b, & Wi, wz|,:d+1> :
lg€iig,b.§
The mapping can be calculated with the given lelfl:_l] in the +™ iteration and
w; |1Ai dil in the (+ — 1) iteration of the for-loop in Step 4 in Table 1.

If each iy foralld € {1,2,... M} is closed, each g(ﬁ)j, b}, 5;) for all d €
{1,2,...M}is closed.

Given an initial Wy € ity (1 =d < M), the alternating projection generates a
sequence of items {JJ;J, b;';’t, 55,5 1 <d< Mj}via

- 2> . - 2 - d-1 > M
8 (wj,p bj,[aéj,z) = argq min ﬁf (wd7 b"é’:; wl,f|1=1 s wl,t—l|1=d+1>
Uug€iig,b,&

with each d € {1, 2, --- M}. The sequence has the following relationship:

a) = f(ﬁ)il, T,l’ 5?1) > f(ﬁ);l, b;l, 5;1)

> > f(Why 1. by i) = FW7 5, b7 5,67 5)

- % * % - x * £k
2 tte Z f(wl,p b]ﬂlv gl’[) Z f(wz’tvbzyta 52,[)
Z e 2 f(lz}ik’]‘v T’T’ gik,T) Z f(w)zk’T’ b;,Tyng)
== Wy by r) = a2

where T — 4-00. Here, both a; and a» are limited values in the R space. The alter-
nating projection in STL can be illustrated by a composition of M subalgorithms
defined as

d—1 M
- M e - - Y -
Qd: (wd|d:17b1§>’_) l_[X[leMap(wdsb3E) l_[ X1w1~
=1 I=d+1

It follows that Q = Q00+ 0Qy = oy:l Qg is a closed algorithm when-

ever all ity are compact. All subalgorithms g(w, b, é?;) decrease the value of
f, so it should be clear that €2 is monotonic with respect to f. Consequently,
we can say that the alternating projection method to optimize STL defined in
Eq. (22) converges. O

6 Supervised tensor learning: Examples

Based on the proposed STL and its alternating projection training algorithm, a
large number of tensor-based learning algorithms can be obtained by combining
STL with different learning criteria, such as SVM, MPM, FDA, and DML.



D. Tao et al.

@ @ Support Vectors

Margin Error _ 5
[}

Negative Measurement

Classification Hyperplane

Positive Measurement /- +
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6.1 Support vector machine versus support tensor machine

SVM [5, 10,27, 28, 34, 35, 45] finds a classification hyperplane, which maximizes
the margin between the positive measurements and the negative measurements, as
shown in Fig. 7.

Suppose there are N training measurements ¥; € RY (1 <i < N) associated
with the class lables y; € {+1, —1}. The traditional SVM [5, 45], i.e., soft-margin
SVM, finds a projection vector w € R’ and a bias b € R through

N
. L1
min Je_svm(i, b, &) = 2 [ Bl +¢ ) &
i=1

whs (29)
yilwT™% +b1>1-&,1<i <N
s.t. =
£§>0
where g? = [&,&, ..., EN]T € RY is the vector of all slack variables to deal

with the linearly nonseparable problem. The & (1 < i < N) is also called the
marginal error for the ith training measurement, as shown in Fig. 7. The margin
is 2 / |0]lgro. When the classification problem is linearly separable, we can set

£ = 0. The decision function for classification is y (¥) = sign[@ ¥ + b].
The Lagrangian of Eq. (29) is

L, b, &, &, i)

N N N
1 . AT
=3 1DlFo + ¢ Y & — > ol % + bl = 1+ &) — > ki
i=1

i=1 i=1

N =

N N N
W+ ¢ Z%‘, - Z(x,‘y,‘ﬁ}T)_fi - b&Tf + ZO[,‘ - &T%' — ETE
i=1 i=1 i=1

(30)
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with Lagrangian multipliers o; > 0, k; > 0 for 1 < i < N. The solution is
determined by the saddle point of the Lagrangian

max min L (i, b, &, @, k) (31)

K w,b,E
This can be achieved by
N
L =0=>w = Zot,-y,-)_c}
i=1
BL=0=a'y=0 (32)
3§L=O:>c—5e—/?=0.

Based on Eq. (32), we can have the dual problem of Eq. (29),

max JD(a)z——ZZ)’zYJX XJO‘IO‘J"'ZO"
i=1 j=1 (33)
a5 =0
s.t. ~
0<a=<c
Set P = [)’zij xj]1<lj<N75_i = TNXla A = 5"75 =0 G =

[Inxn, —Inxn]E, and h= [clel, Oﬁxl]T in Eq. (17), we can see that the dual
problem of Eq. (29) in SVM is a QP.

In the soft-margin SVM defined in Eq. (29), the constant ¢ determines the
tradeoff between 1) maximizing the margin between the positive and negative
measurements and 2) minimizing the training error. The constant c is not intuitive.
Therefore, [28, 27] developed the v-SVM by replacing the unintuitive parameter
¢ with an intuitive parameter v as

T L PO ]
i)nhllélp Jo—svm@. b. &, p) = 5 Wik + 5 Zfi —Vvp
,0,8, i=1
yilw % +b1 = p—&, 1<i<N (34)
s.t. 520,
p=0 .

The significance of v in v-SVM defined in Eq. (34) is that it controls the num-
ber of support vectors and the marginal errors.

Suykens and Vandewalle [33, 34] simplified the soft-margin SVM as the least
squares SVM,

varg
2% ¢ (35)

. I B
min  Jis—svm (0, b, &) = = [Dlgo +
w,b,E 2
st y[wX;+bl=1—¢, 1<i<N

Here, the penalty y > 0. There are two different points between the soft-
margin SVM defined in Eq. (29) and the least squares SVM defined in Eq. (35): 1)
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inequality constraints are replaced by equality constraints; and 2) the loss Z,N=1 &
(& > 0) is replaced by square loss. The two modifications enable the solution of
the least-square SVM to be conveniently obtained compared to the soft-margin
SVM.

According to the statistical learning theory, we know a learning machine per-
forms well when the number of the training measurements is larger than the com-
plexity of the model. Moreover, the complexity of the model and the number of
the parameters to describe the model are always in direct proportion. In com-
puter vision research, the objects are usually represented by general tensors and
the number of the training measurements is limited. Therefore, it is reasonable to
have the tensor extension of SVM, i.e., the support tensor machine (STM). Based
on Eq. (29) and STL defined in Eq. (22), it is not difficult to obtain the tensor
extension of the soft-margin SVM, i.e., the soft-margin STM.

Suppose we have training measurements X; € RL1xL2>xxLu (] < < N)
and their corresponding class labels y; € {41, —1}. The decision function is a
multilinear function y (X) = sign[X ]_[Q/Izl Xk Wy + b], where the projection vec-
tors Wy € RLk (1 <k < M) and the bias b in soft-margin STM are obtained from

_ , [
. - M - 1 M N
min _ Jc-st™ (wk _ b %’) =5 ® wrl| +c) &
17)/<|11c‘/1:1*b’E |k_l : k=1 Fro ; l
. (36)
Vi Xil_[xklz)k'f‘b >1-§, 1<i<N
S.t. i=1
£>0
Here, 5 = [&1,&, ..., EN]T € RV is the vector of all slack variables to deal

with the linearly nonseparable problem.
The Lagrangian for this problem is

L (a)k|jj’:1,b,§,a,z)
Mo |?
® wg

1 N
+c j
2 ;g

N M N
=Y ()’i |:Xi [T et +b] -1 +§i) — > ik

k=1

—ba"y+ Y o —a'E —iTE (37)
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with Lagrangian multipliers o; > 0, k; > 0 for 1 < i < N. The solution is
determined by the saddle point of the Lagrangian

max min L(rﬁk|]]:/l=1,b,$,&,x) (38)

a.K M bE

This can be achieved by
| N
3@][,:0::’17)] k;éj_. - Z‘%‘)’l (Xszlj)])
I1 wgwk i=1
k=1
BL=0=a'y=0 (39)

8§L=0=>C—&—E=0

The first equation in Eq. (39) shows that the solution of w ;j depends on wi(1 <
k < M, k # j). That is, we cannot obtain the solution for soft-margin STM
directly. This point has been emphasized in the STL framework. Therefore, we
use the proposed alternating projection method in STL to obtain the solution of
soft-margin STM. To have the alternating projection method for soft-margin STM,
we need to replace the Step 4 in Table 1 by the following optimization problem,

min_ Jo_stm(ib;. b, &) = 1 |, HFro +e Z §i
w;,b,&

y,[zf)jT(X,isz)) ]>1—$l,1<l<N (40)
E>0

where 11 = [T\7/_y; ¢ ]13so.

The problem defined in Eq. (40) is the standard soft-margin SVM defined in
Eq. (29).

Based on v-SVM defined in Eq. (34) and STL defined in Eq. (22), we can also
have the tensor extension of the v-SVM, i.e., v-STM,

_ 5 N -
oM 2 1 - 1
min JV—STM<wk|_,b,$,,0)=— @ wrl| +=) &i—vp
wklk lbfp k=1 2 k=1 Fro N;
M
yi[Xi [ stk +b]=p—&.1<i <N
. o k=l
> E>0,1<i<N
p=0

(41)
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Here, v > 0 is a constant. The Lagrangian for this problem is

- M > .
L (wk‘kzl,b,é,,o,a,/c,t)

v > 1&
=@ wi| +=) §i—vp—1p
k=1 Fro N,ZI: I
N
Zm( [X kawmb}—pm)
i=1 k=1
1 M N M
SIIGETES I R ) Py
k=1 i=1 = k=1
N
—bd"y+p) 0 —a'E —k'E —vp —1p. (42)

i=1

with Lagrangian multipliers ¢ > Oand o; > 0,k; > Ofor 1 < i < N. The
solution is determined by the saddle point of the Lagrangian

max  min L(J}k|£/lzl,b,§,p,&,l?,f> (43)

@R T oMb p

Similar to the soft-margin STM, the solution of w; depends on wy (1 < k <
M,k # j), because

I, L=0=uw; = [T Zaz’)’i (Xi 1) (44)

k=1

Therefore, we use the proposed alternating projection method in STL to obtain
the solution of v-STM. To have the alternating projection method for v-STM, we
need to replace the Step 4 in Table 1 by the following optimization problem,

min Jy_smm(i), b, p) = H 0 [0 + Z%‘, —vp
j.b.E.p N =
yi[w}(xiiji)j)-i-b]zp—g,-, 1<i<N (45)
s.t. E>0
p=>0

_ Tk )
where n = HlsksM w1 Ero-
The problem defined in Eq. (45) is the standard v-SVM defined in Eq. (34).
Based on the least squares SVM defined in Eq. (35) and the STL defined in
Eq. (22), we can also have the tensor extension of the least-square SVM, i.e.,
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least-square STM,

2
- VA O 7 .
min  Jrs—stm (wk|k:1,b, 3) = - | ® wy +ZeT£
wklllc‘il‘bag 2 k=1 Fro 2
M (46)
S.t. y[[le_[Xklj)k—i-b}:l—gi’lSiSN
k=1

where y > 0 is a constant. Similar to the soft-margin STM and v-STM, there is
no closed-form solution for least squares STM. We use the alternating projection
method in STL to obtain the solution of the least squares STM. To have the alter-
nating projection method for the least squares STM, we need to replace the Step
4 in Table 1 by the following optimization problem,
. - M - )7 - 2 )/ ->T=

min Jg_ (w ,b,s):— w; —c'¢

b, LS—=STM k’k:l 2 ” J”Fro + 2 (47)
S.t. yi[lI}}-(X,'Xjﬁ)j)-l-b]:l—&‘i, 1<i<N

k#j = 2
where n = ngligM | |1 Fro-

Theorem 2 In STM, the decision function is defined by a multilinear function
M e
y (X) = sign[X L, x, Wk + b] with ||k<§>1 Wil < A’and X%, < R?. Let

p > 0 and v is the fraction of training measurements with margin smaller than
,o/IAI. When STM is obtained from N training measurements IIXiII%m < R?
(1 <i < N), sampled from a distribution P with probability at least 1 — §
(0 < § < 1), the misclassification probability of a test measurement sampled from

P is bounded by
+ * R2A212N+1 ! (48)
v — n n-—
N\ p? b

where A is a universal constant.

Proof This is a direct conclusion from the theorem on the margin error bound
introduced in [28]. More information about other error bounds in SVM can be
found in [2]. O

6.2 Minimax probability machine versus tensor minimax probability machine

The minimax probability machine (MPM) [16, 31] has become popular. It is re-
ported to outperform the conventional SVM consistently and, therefore, has at-
tracted attention as a promising supervised learning algorithm. MPM focuses on
finding a decision hyperplane, which is H (w, b) = {X|w X + b = 0}, to separate
the positive measurements from the negative measurements (a binary classification
problem) with maximal probability with respect to all distributions modeled by
given means and covarainces, as shown in Fig. 8. MPM maximizes the probability
of correct classification rate (classification accuracy) on the future measurements.
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Fig. 8 MPM separates the positive measurements from the negative measurements by maxi-
mizing the probability of the correct classification for the future measurements. The intersection
point minimizes the maximum of the Mahalanobis distances of the positive and negative mea-
surements, i.e., it has the same Mahalanobis distances to the mean of the positive measurements
and the mean of the negative measurements

For Gaussian-distributed measurements, it minimizes the maximum of the Maha-
lanobis distances of the positive measurements and the negative measurements.
With the given positive measurements x; (y; = +1) and negative measurements
Xi (yi = —1), MPM is defined as,

max Jyvipm (W, b, 8) =8
w,b,s
inf Pr {IDT)_C} +b > 0} >34 (49)

s.t X (i=+D~(mg, Ty)
- Pr{u’ +b =<0} >3

inf
Xi(yi=—1~(m_,X)

Here, the notation X; (y; = +1) ~ (m., 1) means the class distribution of
the positive measurements has the mean 7. and covariance ;. So does the no-
tation X; (y; = —1) ~ (m_, X_). The classification decision function is given by
y (X) = sign[wTx + b].

Recently, based on the powerful Marshall and Olkin’s theorem [20], Popescu
and Bertsimas [23] proved a probability bound,

sup Pr{xeS}=——

> with @>=inf G—m)" 7' G@—m) (50)
j"/(fﬁ,E) 1 d xeS

where X stands for a random vector, S is a given convex set, and the supremum
is taken over all distributions for X with the mean value as m and the covariance
matrix X. Based on this result, Lanckriet et al. [16] reformulated Eq. (49) as:

max Jypm (W, b, k) =k
w,b,k

Wiy 4+ b > +e/wTSiw, y = +1 (51)

S.t. oo = =
wim_ +b< —kJwTS_w,y =—1
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where the constraint functions in Eq. (51) are second-order cone functions. There
MPM is an SOCP. This problem can be further simplified as

min  Jypm (W) = VOTZ 00 + V0TS _w )
w
st wl(my—m_)=1
where b is determined by
e Y @0T Ty (=)
bx = (W*) my — (53)

\/(J;*)T T (%) + \/(J;*)T S_ (%)

In computer vision research, many objects are represented by tensors. To
match the input requirments in MPM, we need to vectorize the tensors to vectors.
When the training measurements are limited, the vectorization will be a disaster.
This is because MPM meets the matrix singular problem seriously (the ranks of
Y4+ and X_ are deficient). To reduce this problem, we propose the tensor exten-
sion of MPM, i.e., tensor MPM (TMPM). TMPM is a combination of MPM and
STL.

Suppose we have the training measurements X; € RL1*E2x-xlu (1 < <
N) and their corresponding class labels y; € {+1, —1}. The decision function

is a multilinear function y (X) = sign[X ]_[2/1:1 «, Wk + b], where the projection
vectors Wy € RL« (1 < k < M) and the bias b in TMPM are obtained from

max Jupm (J)k|2/[=1, b, K) =K
Wil bk
N M
= (Z |:I(yi =+DX; [] thf}k:|>+b > 4k sup JWTE Ly
T4 l<i<M
i=l1 k=1 =i=
s.t. N by
ﬁ Z 1y = —DX; 1_[ ><k17)k +b < —k sup II);FE_;IJJZ
o k=1 I<i<M
(54)

where X/ is the covariance matrix of the projected measurements (X; x _;w;)
forall y; = +1 and X_. is the covariance matrix of the projected measurements
(X; x _yuy) for all y; = —1. The function I1(y; = +1) is 1 if y; is 41, otherwise
0. The function I(y; —1) is 1 if y; is —1, otherwise 0. This problem can be
simplified as

- M
max  JMpMm (wk|k:1, b, K) =K
JJklllyzl,b,K

M
M+l_[xkﬁ)k+b2+lc sup \/m

k=1 I<i<M (55)
s.t. =~
M,kai)k+b < —k sup ID,TE_;IJU
k=1 1=i=M
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where My = (1/Ny)YN (i =+DXi, Mo = (1/N)YTY,
[I(yi = —1)X;], N+ (N_) is the number of the positive (negative) measurements.
The Lagrangian for this problem is

L (eI} b, . @)

=— Kk —a <M+nkak+b—x sup ,/IZ,TEJFJJ);)

k=1 1<I<M

M
+ an (M_kalf)k + b+ Kk sup ID;E_;[J)I)

k=1 l=l=M
M M
artbh  azb R N
:—K—N—++I—Q1M+l_[kak+Ol2M kawk
+ —— sup ,/w[ E+1w1 + —— sup ,/wl Z‘_lw; (56)
N+ 1<i<M — 1<I<M

with Lagrangian multipliers «; > 0 (i = 1, 2). The solution is determined by the
saddle point of the Lagrangian

max  min L (a)k|,§4:1, b, k. &) (57)
¥ iy 1Dk
This can be achieved by setting 81;,/.L =0,0,L = 0,and 9,L = 0. It is
not difficult to find that the solution of w; depends on wy (1 < k < M, k #
J)- Therefore, there is no closed-form solution for TMPM. We use the proposed
alternating projection method in STL to obtain the solution of TMPM. To have the
alternating projection method for TMPM, we need to replace the Step 4 in Table
1 by the following optimization problem,

max Jypm(W;, b, k) =k
w;,b,k

- T - - =T e

o Wi (My X 1)) +b = +i, [0 Ty j0, (58)
-T - - =T o d
w;(M_Xjwj) +b < =k Jw; X jw;

This problem is the standard MPM defined in Eq. (51).

6.3 Fisher discriminant analysis versus tensor fisher discriminant analysis

Fisher discriminant analysis (FDA) [6, 8, 14] as shown in Fig. 9 has been widely
applied for classification. Suppose there are N training measurements X; € R
(1 <i < N)associated with the class lables y; € {4+1, —1}. There are N positive
training measurements and their mean is m, = (1/Ny) vazl (i = +DXi1;
there are N_ negative training measurements and their mean can be calculated
from m_ = (1/N_) Y"I, [1(y; = —1)3:]; the mean of all training measurements
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Fig. 9 FDA separates the positive measurements from the negative measurements by maximiz-
ing the symmetric Kullback—Leibler divergence between the two classes under the assumption
that the two classes share the same covariance matrix

ism = (1/N) ZlNzl X;; and the covariance matrix of all training measurements
is X. FDA finds a direction to separate the class means well while minimizing
the variance of the total training measurements. Therefore, two quantities need to
be defined, which are: 1) the between-class scatter Sp = (712 — m1) (Fa — ip) L
measuring the difference between the two classes; and 2) the within-class scatter
Sw = vazl (¥ —m) (X; —m)> = NX: the variance of the total training mea-
surements. The projection direction 1 maximizes

. wiSpw
max Jrpa (w) = =To = (59
W w'Sy,w
This problem is simplified as
max Jrpa () |2 @y — )] (60)
FDA =
b VwTZw

According to [37], we know this procedure is equivalent to maximizing the
symmetric Kullback—Leibler divergence (KLD) between the positive and the neg-
ative measurements with identical covariances, so that the positive measurements
are separated from the negative measurements. Based on the definition of FDA,
we know FDA is a special case of the linear discriminant analysis (LDA).

The linear decision function in FDA is y (X) = sign[w1 X + b], where w is the
eigenvector of ! (74 — m_) (M4 — m_)" associated with the largest eigen-
value and the bias b is calculated by

N_—Ni—(Nymy+N_m_)'w

b= (61)
N_+ N4

The significance [6, 9] of FDA is: FDA is Bayes optimal when the two classes
are Gaussian distributed with identical covariances.

When objects are represented by tensors, we need to vectorize the tensors to
vectors to match the input requirments in FDA. When the training measurements
are limited, the vectorization will be a disaster for FDA. This is because S,, and
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Sy, are both singular. To reduce this problem, we propose the tensor extension of
FDA, i.e., tensor FDA (TFDA). TFDA is a combination of FDA and STL. More-
over, TFDA is a special case of the previous proposed general tensor discriminant
analysis (GTDA) [38].

Suppose we have the training measurements X; € RL1<LaxxLlv (1 < <
N) and their corresponding class labels y; € {41, —1}. The mean of the training
positive meansurements is My = (1/N) ZlNzl [1(yv;i = +1)X;]; the mean of the
training negative measurements is given by M_ = (1/N_) vazl [1Oy; = —DX]
; the mean of all training measurements is M = (1/N) ZIN:] X;; and NL(N-)
is the number of the positive (negative) measurements. The decision function is a
multilinear function y (X) = sign[X ]_[,1:4:1 X1 Wy + b], where the projection vec-
tors wy, € RLk (1 < k < M) and the bias b in TFDA are obtained from

2
e v, MO T i
max JTFpa (wk|k:1) = 2 62)
el S o = M T, e

There is no closed-form solution for TFDA. The alternating projection is ap-
plied to obtain the solution for TFDA and we need to replace the Step 4 in Table
1 by the following optimization problem,

BT~ M) %]

(63)

max Jrppa (W) =

i R _ . 2
" S |@Ties - M ;1]

This problem is the standard FDA. When we have the projection vectors
wy|¥ |, we can obtain the bias b from

N_ — Ny — (NMy + N-MO) [T, o, ik
N_+ Ny

b= (64)

6.4 Distance metric learning versus multiple distance metrics learning

Weinberger et al. [49] proposed the distance metric learning (DML) to learn a
metric for k-nearest-neighbor (kNN) classification (see Fig. 10). The motivation
of DML is simple because the performance of kNN is only related to the metric
used for dissimilarity measure. In traditional kNN, this measure is the Euclidean
metric, which fails to capture the statistical charateristics of the training measure-
ments. In DML, the metric is obtained to guarantee: 1) k-nearest neighbors of a
measurement have the identical label with the measurement; and 2) measurements
with different lables are separated from the measurement according to margin
maximization.
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Fig. 10 DML obtains a metric to guarantee: 1) k-nearest neighbors of a measurement have the

identical label with the measurement; and 2) measurements with different lables are separated
from the measurement according to margin maximization

DML is defined by

1<i,j,I<N

(X

S.t.

where 7;; = 1 and y;;

s =wTw.

N N

s gnin JomL(Z, &j1) = ZZ”U@ -3pTEG - X))
Eiji

i=1 j=I

N N
+ CZZ”"/ (= yi) &iji
i=1 j=1
—I)TE(F - ) - (% —X)TEE - X))

>1-§&u,1<i,j,l <N

&j1>0,1<i,j,l<N
¥ >0

(65)

= 1 mean that X; and X; have the same class label, oth-
erwise 0. The constraint function £ > 0 indicates that the maxtrix X is required
to be positive semidefinite, so the problem is an SDP. From the learnt distance
metric X, it is direct to have the linear transformation matrix by decomposing
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The optimization problem defined in Eq. (65) is equivalent to

i N N =
. g}iﬂ JoML(Z, &j1) = tr(ATZ A) + CZZ nij (1= yir) &iji
1< 1<N i=1 j=1
BileZBijl >1—&,1<i,j,l<N (66)
s.t. §ju=>0,1<i,j,l <N
x>0
where A = [’V 771]()_(:, _zj)]LXNz(l = l7] < N) and Bijl =

[Xi — X1, X; — XilLx2

Suppose we have the training measurements X; € RL1*E2x-xLu (1 < <
N) and their corresponding class labels y; € {1, 2, ..., n}. The multiple distance
metrics learning (MDML) learns M metrics X = W,;r Wi (1 < k < M) for

X; |f.V: | to make the measurements, which have the same (different) labels, and are
as close (far) as possible. The MDML is defined as

. M ]
min  JyMDML (Wk|k=1,$ijl|15i,j,l§N)
Wil i
1<i,j.l<N
N N M 2
ZZ”U Xi —X;) 1_[ xi Wi
i=1 j=1 k=1 Fro
N N
e Y O mip (1= yi) &
i=1 j=1
M 2 M 2
Xi=XD[TwaWi| —|Ki=Xp[TsaWe| =16
t k=1 .Fro. k=1 Fro
s.L. &n=0,1<i,j,l <N
WIwe>0,1<k<M
- (67)

As described in STL framework, there is also no closed-form solution for
MDML. The alternating projection method is applied to obtain the solution for
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MDML and we need to replace Step 4 in Table 1 by the following optimization
problem,

min  Jvpme (W, &ijili<i,ji<n) 7
W]?véij’
1<i,j,I<N
N N
=tr (AEZPAP) t+c Z Z nij (1= yir) &iji
i=1 j=1
M 2 M 2
(Xi_Xl)l_[kak - (Xi—Xj)kaWk Zl_&jl
t k=1 - IFro k=1 Fro
st §ju=>0,1<i,j,l <N
WIWe>0,1<k<M
) (68)
Here,
N N
Ap =D Jmimat,((Xi — X ;)% ,Wp) (69)
i=1 j=1
and
Biji;p = mat, ((X; — X)) x, W) (70)

This is because ||(X; — X)) H1]<W:1 XkaH%m = tr(mat?((X,- — X;)ijo)Ej
mat; (X; — X)) x;W;))

Derivation

M 2
Xi —Xp) 1_[ xi Wi
k=1 Fro
M M
= |:|:<(Xi - X) ]_[ kak) ® ((Xi - X)) ]_[ Xka) (1 M)A M)j|j|
k=1 k=1

=u[([Xi —X)x;W;lx; W) ® ([(Xi —X)x;W,]
x W) (1: M) (1: M)]
= (W, I = X)X W1 @ [Xi — X%, WL (DDIW])
= tr(W;mat; (X; — X)) % ;W j)mat} (X; — X)X ;W)W })
= tr(mat; (X; — X)) ;W)W [ Wmat; (X; — X)) x ;W)
= tr(mat] (X; — X)X ;W) jmat; (X; — X)X ;W)).

This problem defined in Eq. (68) is the standard DML.
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Fig. 11 Iterative feature extraction model for third-order tensors

7 Iterative feature extraction model based on supervised tensor learning

The iterative feature extraction model (IFEM) based on STL is an extension of
the STL framework for feature extraction and its procedure is similar to the recur-
sive rank-one tensor approximation developed by Shashua and Levin in [29]. An
example of IFEM is given in [39].

Suppose we have the training measurements X; € RE1*E2x=xLm (1 < <
N) and their corresponding class labels y; € {+1, —1}. IFEM is defined by

M
Xir =Xir—1—Air-1 1_[ wx Wk, r—1 (71)
k=1
M
it =Xt [ [ e a7 (72)
k=1
. - M >
R min - f (wk,l'|k:11 b9 E)
Wi 0. b.E
M (73)
S.t. YiCi (Xi,r i Wk + b) >§&, 1<i=<N
k=1

where X; 1 = X; and A; o = 0. The A; , |f=1 (R is the number of the extracted
features in IFEM) is used to represent the original tensor X;.

From the definition of IFEM, which is defined by Egs. (71)—(73), we know
that IFEM can be calculated by a greedy approach. The calculation of X,-’,-|IN= |
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Fig. 12 Attention model for image representation

is based on the given Xi,,‘_1|lN=1 and ﬂ)k,,._1|,1€”=1. With the given X,-,,._1|f.\/:1 and
Wh.r—1 |,1{V1=], we can calculate A; ,—; via Eq. (72). The projection vectors wy |£’1=1
can be obtained by optimizing Eq. (73) through the alternating projection method
in Table 1. The flowchart of the algorithm for feature extraction for third-order
tensors is illustrated in Fig. 11.

With IFEM, we can obtain J)k,rﬂfzg; iteratively. The coordinate values

iy |f: | can represent the original tensor X;. For example, in nearest neighbor-
based recognition, the prototype tensor X, for each individual class in the database
and the testing tensor X; to be classified are projected onto the bases to get the pro-
totype vector A |f:1 and the testing vector A; | le. The testing tensor class is

found by minimizing the Euclidean distance ¢ = \/ Zle Aty — A p’,.)z over p.

8 Experiment

In this section, we provide experiments for image classification with TMPM and
MPM. The experiments demonstrate that tensor representation can reduce the
overfitting problem, i.e., STL is a powerful tool for classification in computer
vision research.

8.1 TMPM for image classification

To categorize images into groups based on their semantic contents is very impor-
tant and challenging. Its fundamental task is the binary classification and thus a
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hierarchical structure can be built according to a series of binary classifiers. As a
result, this semantic image classification can make the growing image repositories
easy to search and browse [24, 25]. The image semantic classification is also of
great help for many applications.

In this STL-based classification experiment, two groups of images are sepa-
rated from each other by a trained TMPM, which plays the role of an example of
the generalized learning machines within the STL framework. The input (repre-
senting features) of TMPM is the region of interest (ROI) within an image, which
is exacted by the attention model in [12, 13, 32] and represented as a third-order
tensor.

The attention model [12, 13] is capable of reproducing human performances
for a number of pop-out tasks [42]. In other words, when a target is different from
its surroundings by its unique orientation, color, intensity, or size, it is always the
first attended location and easy to be noticed by the observer. Therefore, utilizing
the attention model-based ROI to describe an image’s semantic information is
reasonable.

As shown in Fig. 12, representing an attention region from an image consists
of several steps: 1) extracting the salient map as introduced by Itti et al. [12, 13];
2) finding the most attentive region, whose center has the largest value in the
salient map; 3) extracting the attention region by a square, i.e., RO, in size of
64 x 64; and 4) finally, representing this ROI in the hue, saturation, and value
(HSV) perceptual color space. Consequently, we have a third-order tensor for the
image representation.

Note that although we only select a small region from the image, the size of
the extracted third-order tensor is already as large as 64 x 64 x 3. If we vectorize
this tensor, the dimensionality of the vector will be 12,288. From the following
paragraphs, we will be aware that the sizes of the training/testing sets are only
of hundreds, which are clearly much smaller than 12,288. Therefore, it always
meets the matrix singular problem when a third-order tensor is reformed to comply
with the input requirements (vectors) of conventional learning machines. On the
contrary, our proposed tensor-oriented supervised learning scheme can avoid this
problem directly and meanwhile represent the ROIs much more naturally.

The training set and the testing set for the following experiments are built
upon the Corel photo gallery [47], from which 100 images are selected for each
of the two categories of measurements as shown in Figs. 13 and 14. These 200
images are then processed to extract the third tensor attention features for TMPM
as shown in Figs. 15 and 16.

We choose the Tiger category shown in in Fig. 13 and the Leopard category
shown in Fig. 14 for this binary classification experiment since it is a very difficult
task for a machine to distinguish them although a human being can differentiate a
tiger from a leopard or vice versa easily. Basically, the characteristics of a classi-
fier cannot be examined adequately when facing a simple problem, for example,
classifying grassland pictures from blood pictures. The Tiger and Leopard clas-
sification is carried out in this Section. We choose the top N images as training
sets according to the image IDs, while all remaining images are used to form the
corresponding testing set.

In our experiments, the introduced third tensor attention ROIs can mostly
be found correctly from the images. Some successful results, respectively, being
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Fig. 13 Example images from the Tiger category

extracted from the Tiger category and the Leopard category, are shown in Figs. 15
and 16. By this means, the underlying data structures are kept well for the next
classification step. However, we should note that the attention model sometimes
cannot depict the semantic information of an image. This is mainly because the
attention model always locates the region that is different from its surroundings
and thus might be cheated when some complex or bright background exists. Some
unsuccessful ROIs can also be found from Figs. 15 and 16. It should be empha-
sized that to keep the following comparative experiments fair and automatic, these
wrongly extracted ROIs are not excluded from the training sets. Therefore, it is an-
other challenge for both the conventional learning machine (MPM) and our newly
proposed one (TMPM).
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Fig. 14 Example images from the leopard category

We carried out the binary classification (Tiger and Leopard) experiments upon
the above training and testing sets. The proposed TMPM is compared with the
MPM. The experimental results are shown in Table 2. Error rates for both training
and testing are reported according to the increasing size of the training set (STS)
from 5 to 30 with a step 5.

From the training error rates in Table 2, it can be seen that the traditional
method (MPM) cannot learn a satisfying model for classification when the size
of the measurement set is much smaller than the features’ dimensionality in the
learning state. However, the machine learning algorithm under the proposed STL
framework (TMPM) has a good characteristic on the volume control according to
the computational learning theory and its real performances.



Supervised tensor learning

Fig. 15 One hundred ROIs in the Tiger category

Also from Table 2, based on the testing error rates of the comparative ex-
periments, the proposed TMPM algorithm is demonstrated to be more effective
to represent the intrinsic discriminative information (in the form of the third-
order ROIs). TMPM learns a better classification model for future data classifi-
cation than MPM and thus has a satisfactory performance on the testing set. It is

Table 2 TMPM versus MPM

Training error rate Testing error rate
STS TMPM  MPM TMPM  MPM
5 0.0000 0.4000  0.4600 0.5050

10 0.0000 0.5000  0.4250 0.4900
15 0.0667 0.4667 0.3250 0.4150
20 0.0500 0.5000  0.2350 0.4800
25 0.0600 0.4800  0.2400 0.4650
30 0.1167 0.5000  0.2550 0.4600
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Fig. 16 One hundred ROIs in the Leopard category

observed that the TMPM error rate is a decreasing function of the size of the train-
ing set. This is actually consistent with the statistical learning theory.

We also evaluate TMPM as a sample algorithm of the proposed STL frame-
work. Two important issues in machine learning are studied, namely, the conver-
gence property and the insensitiveness to the initial values.

Fig. 17 shows that as a sample algorithm of the STL framework, TMPM con-
verges efficiently by the alternating projection method. Usually, 20 iterations are
enough to achieve the convergence.

Three subfigures in the left column of Fig. 17 show tensor-projected position
values of the original general tensors with an increasing number of learning it-
erations using 10, 20, and 30 training measurements for each class, respectively,
from top to bottom. We find that the projected values converge at stable values.
Three subfigures in the right column of Fig. 17 show the training error rates and
the testing error rates according to the increasing number of learning iterations
by 10, 20, and 30 training measurements for each class, respectively, from top to
bottom.
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Fig. 17 TMPM converges effectively

Based on all subfigures in Fig. 17, it can be found that the training error and
the testing error are converged at some stable values. Therefore, upon these obser-
vations, we also empirically justified the convergence of the alternating projection
method for TMPM. The theoretical proof is given in Theorem 1.

Many learning algorithms converge at different destinations with different
initial parameter values. This is the so-called local minimal problem. However,
the developed TMPM does not slump into this local minimal problem, which is
demonstrated by a set of experiments (with 100 different initial parameters, 10
learning iterations, and 20 training measurements). From the theoretical view, the
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Tensor Minimax Probability Machine is stable with different initial values
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Fig. 18 TMPM is stable with different initial values

TMPM is also a convex optimization problem, so the solution to TMPM is unique.
Figure 18 shows this point. The training error rates and the testing error rates are
always 0.05 and 0.235, respectively.

9 Conclusion

In this paper, the vector-based learning is extended to accept tensors as input. The
result is the supervised tensor learning (STL) framework, which is the multilinear
extension of the convex optimization-based learning. To obtain the solution of an
STL-based learning algorithm, the alternating projection method is designed.

Based on STL and its alternating projection optimization algorithm, we il-
lustrate several examples. That is, we extend the soft-margin support vector ma-
chines (SVM), the v-SVM, the least squares SVM, the minimax probability ma-
chine (MPM), the Fisher discriminant analysis (FDA), the distance metric learning
(DML) to their tensor versions, which are the soft-margin support tensor machine
(STM), the v-STM, the least squares STM, the tensor MPM (TMPM), the tensor
FDA (TFDA), and the multiple distance metrices learning (MDML). Based on
STL, we also introduce a method for feature extraction through an iterative way,
i.e., we develop the iterative feature extraction model (IFEM). Finally, we imple-
ment TMPM for image classification. By comparing TMPM with MPM, we know
TMPM reduces the overfitting problem in MPM.
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