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Modern data processing and analytic tasks often deal with high dimensional
matrices or tensors; for example: environmental sensors monitor (time, location,
temperature, light) data. For large scale tensors, efficient data representation plays
a major role in reducing computational time and finding patterns.

The thesis firstly studies about fundamental matrix, tensor decomposition algo-
rithms and applications, in connection with Tensor Train decomposition algorithm.
The second objective is applying the tensor perspective in Multiple Kernel Learning
problems, where the stacking of kernels can be seen as a tensor. Decomposition this
kind of tensor leads to an efficient factorization approach in finding the best linear
combination of kernels through the similarity alignment. Interestingly, thanks to
the symmetry of the kernel matrix, a novel decomposition algorithm for multiple
kernels is derived for reducing the computational complexity.

In term of applications, this new approach allows the manipulation of large scale
multiple kernels problems. For example, with P kernels and n samples, it reduces
the memory complexity of O(P?n?) to O(P?*r? 4+ 2rn) where r < n is the number
of low-rank components. This compression is also valuable in pair-wise multiple
kernel learning problem which models the relation among pairs of objects and its
complexity is in the double scale.

This study proposes AlignF T'T, a kernel alignment algorithm which is based on the
novel decomposition algorithm for the tensor of kernels. Regarding the predictive
performance, the proposed algorithm can gain an improvement in 18 artificially
constructed datasets and achieve comparable performance in 13 real-world datasets
in comparison with other multiple kernel learning algorithms. It also reveals that
the small number of low-rank components is sufficient for approximating the tensor
of kernels.

Keywords: Tensor decomposition, kernel learning, multiple kernel learning, mul-
tiple kernel approximation
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1 Introduction

This thesis covers two major topics: the Tensor decomposition and its application in
Multiple Kernel Learning. Related algorithms are described in the Figure 1.

Singular Value
Decomposition

I

I

CP N : Tucker

decomposition : decomposition
|

Tensor Train (TT)
decomposition

Optimal Tensor Train
decomposition for
multiple kernels

Multiple Kernel ;
Learning
N AlignF_TT
/ ~ | Similarity based | | Centered kernel |y, (Factorized AlignF)

L algorithms alignment (AlignF)

Structured-risk
based algorithms

Figure 1: Algorithms to be considered in this thesis

This thesis first gives an overview of fundamental decomposition methods for
matrices and tensors. In decomposing a matrix, Singular Value Decomposition (SVD)
[1] algorithm represents a matrix as the weighted sum of rank-1 matrices or the
multiplication of factor matrices. For a higher dimensional matrix or a tensor, decom-
position algorithms are also derived from the SVD. The CANDECOMP/PARAFAC
(CP) decomposition [2] takes the perspective of the weighted sum of rank-1 tensors
while the Tucker decomposition [3] and Tensor Train decomposition [4] use SVD as
the workhorse algorithm. Regarding the application, tensor decomposition methods
also are employed in many fields: from linear algebra to machine learning, data
mining, computer vision [5]. In Section 2, the primary objective is to derive solutions
for these algorithms and relations, and for the potential applications.

Secondly, this study focuses on Multiple kernels learning [6], which has been
studied mostly independently from tensor decomposition methods in the literature.
The Multiple Kernel Learning (MKL) is a branch of the kernel learning method [7],
where a set of kernels is available. The purpose of MKL is combining data from
different sources and automatically selecting optimal kernels to improve the learning
performance. Typically, these algorithms treat each kernel separately to find an
optimal combination of them. To apply the tensor decomposition into these MKL



algorithms; this study focuses on two major MKL approaches based on the structured
risk objectives [8] and kernel alignment algorithms [9]. Then Section 3 introduces
the kernel learning framework, MKL algorithms and its development.

The fourth section describes two main findings of this study. One important
finding is a novel algorithm for decomposing a tensor of kernels. Another interesting
finding is a new centered kernel alignment algorithm which is based on the novel
decomposition for the tensor of kernels. Then, Section 5 reports datasets and
algorithm configurations to evaluate the performance of the proposed kernel alignment
algorithm. Two sets of experiments are conducted on artificially constructed and
real-world data sets. The first one manipulates in 18 artificially constructed datasets
to evaluate the performance of kernel alignment algorithms under different data
generation settings. The second experiment in 13 real-world datasets is conducted
to compare the performance of algorithms in various kind of data including texts,
images, and bioinformatics datasets.

1.1 Notation

e A vector containing all ones or zeros is denoted as 1 or 0, respectively.

e z denotes a column vector and thus 27 describes it in the row format.

With (x,y,...,2) is the stacking of vectors to create a matrix in column order.
The row stacking order as (z7;y%;...;27) by using the semicolon.

A full matrix is denoted in the mathbold type fonts: A.

A general matrix A € R™*™ is a stack of m vector as (x,y, ..., z) where each
x e R™

For a matrix A, A;; or A(i, ) is the element at row ith and column jth.

The colon notation presents the row or column of a matrix. For example:
A(k,:) = [Ak1, Aka, - - ., Ak 1s kth row of a matrix.

Y. is the diagonal matrix.

o is the singular value.

Tensors are denoted in calligraphic fonts : A.



2 Tensor decomposition

2.1 Singular value decomposition

Finding the subspace that captures important properties of a dataset or the data-
embedding configurations in a metric space is the crucial task in pattern recognition
and machine learning [10]. By projecting data into this subspace and analysing the
resulted data, many data-mining tasks can be solved; for example: dimensionality
reduction, component interpretation, removing noise, and visualisation. To find
this subspace, many well-known algorithms use Singular value decomposition (SVD)
method [11] as the workhorse algorithm. For example, Principle Component Analysis
aims to find the set of directions that explains most data variance and its solution
corresponds to the SVD algorithm. Due to the importance of SVD in machine
learning and data mining, this section describes its essential formulas and properties,
along with some discussions relating to the tensor decomposition algorithms.

2.1.1 Singular value decomposition

Formally, the singular value decomposition of a matrix A € R™™ returns real
matrices U,V and a diagonal matrix with non-negative elements 3 which are
satisfied:

A =UxV” (1)

where

e U c R"™ and V € R™™ are orthogonal matrices and contain the left and
right singular vectors of A as their columns, respectively.

e 3 € R™™ is the diagonal matrix that contains singular values o; in decreasing
order.

According to [11], the SVD can explicitly show the rank and the null space of a
matrix. For the low-rank r < min{m,n}, there are r vectors in the set of U =
{uy,us,...,u,} spans the column space of A and the rest (m — r) vectors from
Uy = {Upy1,Urr2, ..., Up} is the left null space of A. The reason is when r > 0 then
Ul'A = 0 and a column in matrix A is the weighted linear combination from the
vector in set U, then this set spans the column space of A. The same definition for
the right singular matrix V.
SVD can equivalently written as:

A=) o] (2)
i=1

where each outer product u;v! returns a rank-one matrix, so A is the weighted com-
bination of rank-1 matrices. Pairs of eigenvectors associated with higher eigenvalues
contains more information to reconstruct the original matrix.

In dimension reduction, the data of n samples and m features is stored in a matrix
A. By using the SVD decomposition, we can efficiently approximate A by lower



A =
U1 UpUr41 U,
I o1 vf
row(A)
0-7‘ [ ] ’]_}Z—‘
0 UrT+1
null(A)
0 l 1 vz:

col(4) null(A)

Figure 2: Singular Vector Decomposition components

dimensional matrices with a high reconstruction accuracy. This property is proof in
the Eckhart-Young theorem [12] which states that the SVD provides the best least
square approximation for a matrix. In this case, the left singular matrix U € R™*¥ is
the solution and new feature values for each sample is the coordinate of this sample
in the subspace that contains the largest amount of data variance. Particularly, if
k = 2, the dataset of n points can be visualized in a 2 dimensional plan. This is due
to U contains eigenvectors of the covariance matrix AA” of the data in A.

AAT = (UzVT)(vzUT) = Us2U”

2.1.2 Matrix factorization interpretation

The matrix factorization (MF) is the problem of approximating a matrix by the
product of two matrices. The task is to find these matrices and typically they have a
lower dimension than original data dimension.

A~WxH (3)

where A € R™™ and W € R™* H € R*™ and k < min(m,n). For each ith
column A(:, ) in matrix A, we have:

A(:, i) = WH(:,1) (4)

or each column of the original data is reconstructed by weighted combination of W
matrix with a corresponding column in H matrix.

In the other hand, W can be seen as the feature matrix and H is the coefficient
matrix. A column A(:,4) is the combination of new feature matrix W with weights
from corresponding column in the coefficient matrix H. In detail, the set of columns
in W = {wy,w,, ..., w}, then the data column reconstruction as follow:

Az i) = Y W (e, ) x H(j,9)

j=1



For a specific data element A;;, it is the weighted combination of row ith of W
and column jth of H.

where W[i] = W (i,:) € RV* and H[j] = H(:,j) € R**!, or having the same number
of dimension or low-rank factors.

Q
=

A0

Figure 3: Matrix factorization interpretation for an element

By this kind of representation, each original data element is reconstructed by the
production of two vectors in the low-rank space. Then, with (n 4 m) indices for rows
and columns, each index need a vector € R¥ to store its coefficients, the memory
complexity is O(k(m + n)).

In data mining applications, we can analyse properties of new data features
through matrix W and the relations among original data features by using H [13].
For example, in text mining, the non-negative matrix factorization algorithms [14] are
well developed for analyzing text data. The data is a document-term matrix where
rows are documents and columns are the information of terms in each document.
By finding a factorized representation, the matrix is decomposed into document-
feature and feature-term matrices, in which a feature stands for the lower dimensional
approximation or data contents. Typically, the document-feature information is used
for clustering documents or topic modeling.

Interestingly, the matrix factorization form can be achieved by using SVD. The
SVD decomposition of matrix A = UXVT, then the MF solution is:

W=U, and H=3X,V} (5)

where Uy, 3, V. is the reduction of original matrix to contain only first largest k
eigenvalues and eigenvectors.

2.2 Tensors definition

Tensor is the multidimensional array of numerical values. Formally, an order-d tensor
is a d-dimensional array. For example, a scalar is an order-0 tensor, a vector and
a matrix are an order-1 and order-2 tensor, respectively. Additionally, the tensor
formulation is a compact way to represent a multidimensional dataset. For example,
a collection of documents that contains authors, terms, and publish dates can be seen
as a order-3 tensor. A colour image with 3 channels: R, G, B, can be seen as a tensor
of [height x weight X colour]. Due to the tensor is the generalisation of the matrix,



the tensor decomposition is a generalisation of the low-rank decomposition for a
matrix. This section will discuss the definition of tensor operators and decomposition

algorithms which focus on CP decomposition (CANDECOMP /PARAFAC), Tucker
decomposition [15], and Tensor Train decomposition [4].

Tensor notation The order of a tensor is in modes; for example, mode-1 of a
matrix is its rows and columns are in mode-2. A general d-order real tensor is
A € Rmxn2xxnd gnd an element is A(i1, is, . . ., ig) where the index range for mode
k" is i), € [1 : ng]. The colon notation “:” is used to indicate all elements in a mode
or a specific index subset.

For example, the cube in Figure 4, a 3 dimensional array A € R™*"2X*X"3 g
depicted as a cubic. Figure 5 shows the order-3 tensor: A € R3***2 in which mode-1

size is 3 and 4, 2 is for mode-2, mode-3, respectively.

Tu :

].ITLQ

Figure 4: An order-3 tensor

113 14 15 16

0117 18 19720

. 21 22723 24

1 2 3 4 :
3x4x2

5 6 7 8| AER

910 11 12 | .7

Figure 5: An order-3 tensor with specific values

Tensor parts: fiber and slice Parts of array or subarrays are made by fixing a
subset of array indices. In a matrix or a mode-2 tensor, these parts are rows and
columns and denoted as A(:,4) and A(j,:) for column i-th and row j-th, respectively.
In a tensor, due to it has multi-dimensional indices, many possible indexing ways for
using colon notation are available. This paragraph describe two special subarrays in
tensors which are fiber and slice.

A fiber is a vector that is obtained by fixing all indices but one. For example,
fibers are depicted in an order-3 tensor in Figure 6, 7.

A slice is a vector that is obtained by fixing all indices but two. For example, in
Figure 8, a matrix is obtained when choosing all elements of two dimension and an
index is fixed in the third dimension.



Figure 6: A mode-1 fiber A(:, j, k), a mode-2 fiber , and a mode-3 fiber

13 14 15 16

K 17 18 1920
21 22723 24
1 2 3 4
3xX4X2
5 6 7 8| AER

’

9 10 11 12 | .7

Figure 7: A 3-order tensor fiber: A(:,1,1)

Rank-one and diagonal tensor Analogically to the rank-one matrix, the d-order
rank-one tensor is formed by the outer product [11] of d vectors. For A € R *m2xxnd;

A:a(l)oa(Z)o...oa(d)

where a® is the k-th vector. Thus, an element A(iq,19,...,1q) is the product of
corresponding elements in d vectors:

A(iy, i, .. ig) = aP(i1)a@ (i) . .. a'D (iy)

For example, Figure 9 visualizes the third-order rank-one tensor for A =aoboc.
A diagonal tensor A € R™*"2%*"d that an element A(iq, s, ...,14) is 1 if and
only if i1 =iy = -+ = iy4.

Tensor norm The norm of a tensor A € R™*"2% X" ig the square root of the
sum of squares of all elements:

|| Al|lr = \IZZ"'ZA(i17i27-~-,id)2

i1 g iq

Matricization: mode-k unfolding In tensor computations, the typical step is
tensor unfoldings or flattening which rearranges a tensor to a simpler form: a matrix,
to utilize it well-foundation computations and discover patterns in the matrix from.
According to [11], there are three main reasons to do that:

e Tensor operations can be reformulated as matrix operators through multiple
unfolding steps.



7113 14 15 16
0|17 18 19720
21 22723 24
1 2 3 4
3x4x2
5 6 7 8| AER
9 10 11 12 | .-

Figure 8: A slice of the order-3 tensor: A(:,:, 2)

Figure 9: Rank-one third-order tensor

e An iterative tensor optimisation framework contains one or more unfolding
steps.

e Hidden patterns of a tensor sometimes can be discovered through unfolding it
into matrix forms.

There are several possible ways to assemble a tensor to a matrix. For example, we
can rearrange a tensor A € R3***2 in Figure 5 to a [12 X 2] matrix or a [4 x 6] matrix.
In this section, we discuss an important family of tensor unfolding which is the
mode-k unfolding. Ay denotes the mode-k unfolding of the tensor A € R *n2Xxnd,
Formally, the size of A, is ng-by-(IN/ny;) where N = ny x ny X --- X ng and it is
the stacking of mode-k fibers in the column order. A tensor element (iy,is,...,74)
maps to the matrix element (i, j) by:

ng ng
j=1+ Z (y—1)J; where J, = H n (6)
I=1; Ik 1=1; I#k

=1+ (il — 1)711 —+ (ig — 1)711712 —+ 4 (id — 1)(711712. ..7ld>

Intuitively, this indexing system is analogous to the matrix indexing system by adding
columns in other modes for flattening purpose. On the other hand, this step fixes
one index system for a mode and stacking mode by mode for others. For the mode-k
unfolding, the index in the k position is preserved and all others are folded into one
index. For example, the mode-1 matricization for a tensor in Figure 5 is visualized
in Figure 10. Following that, its mode-2 and mode-3 unfolding is in Figure 11, 12.

In detail, Figure 13 shows the unfolding example is in the indices format. Then,
the mode-1 unfolding is:

Q111 A121 a131 Q141 A112 4122 Q132 A142
A(1) = |@211 G221 @231 G241 Q212 G222 (232 (242
(311 A321 A331 G341 A312 (A322 G332 (342



7113 14 15 167
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1 2 3 413 14 15 16
Ay = 5 6 7 8 17 18 19 20
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Figure 10: The mode-1 unfolding example

15
2 6

A = 3711 15 19 23
48

Figure 11: The mode-2 unfolding example

G111 A211 G311 4112 G212 A312
A(g) _ @121 Q221 G321 Q122 Q222 (322
@131 A231 G331 A132 G232 (A332
A141 Q241 A341 (G142 G242 (342

A( = @111 G211 G311 Q121 G221 G321 A131 G231 A331
3) =
a112 Ag212 a312 G122 A222 A322 G132 (232 (A332

Tensor product: mode-k product This section considers the tensor-matrix
multiplication via the mode-k of a tensor. In general, the multiplication of two
tensors can be derived as between matrices; this operator is called tensor contraction
which is clearly described in Chapter 12.4.9 of [11]. The mode-k or modal product
is the special case and important family of the tensor contraction. This product
operator needs a tensor, a matrix, and a specific mode. Formally, given a tensor
A € Rmxn2x=Xnd and a matrix M € R™*™  the mode-k product is the matrix
multiplication of the mode-k unfolding A(;) and M, and returns a tensor J:

Viwy = M x Ay (7)

or according to [15], the shorted form of this equation is Y = A x) M. The
configuration of these terms are the tensor A € R™*72%X k-1 XMk XTpg1 X XNd - the
matrix M € R™*"  the tensor ) € R™M*72X-Mk—1XmpXNkp1XxNd [ the element-
wise description, an element in ) is the inner product of two fibers: M (ay,:) and
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Figure 12: The mode-3 unfolding example

e a112
P a212
- a312

G122 Q132 0142
a222 G932 (242
322 (332 (342

@111 G121 G131
G211 @221 A231
a311 @321 a331

@141
a241
341

-

A é R3><4><2

Figure 13: Tensor A of indices

A(i1, .o k-1, Uy, - - -, 1q) for the mode-k product on the kth dimension.

ng
y(ila s ,ik,l,&k,ik+1, L 7id) = ZM(OZk,])A(Zl, . 7Z.k717j7ik+17 L 7id) (8)
s

with oy, € [1:my]
For example, if A € R****? is in Figure 13 and M € R***, then Y5y = M X A

Vig) = |fhll 211 Aa311 G112 4212 G312

@ Q121 A221 G321 A122 G222 (A322
a111 Q211 G311 Q112 G212 4312
_ lmn mi2 Mi3 m14] % G121 Q221 G321 Q122 (G222 G322
Ma1 Mo Moz Mgy G131 Q231 a331 (A132 (A232 (332
G141 Q241 A341 A142 A242 (G342

Intuitively, this multiplication replaces the content of the dimension k of A by
weighted combination of this mode information with a matrix M. For the sequences
of multiplications, when assuming component dimensions matches, the final result is
independent the order [15].

AXkMXhN:AXhNXkM (h?’ék}) (9)
where N € R#>*™  Similarly, when M is a vector or M € R the mode-k product
between a tensor and a vector returns a d — 1 dimensional tensor. It is easy to
show that, the returned matrix ) € R Xn2Xnk-1X1IXnep1XXna and the equivalent
representation is )} € R™M*M2X k-1 XNk41 X XNd.

Vec operator for a matrix The vector form is the common representation of a
matrix and a tensor with some proper rearrangements. This vector representation or
vec operator allows to write matrices and tensors in the same form and thus faster
the equation reduction step.
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The operator vec for a matrix is the reshaping of a matrix X € R™*™ to a vector
of R"*1 by stacking columns of X .

X(:,1)
vec(X) = X(:2)
X(:,n)
o T
@21
In detail, for a matrix X = lan 412 a13] then vec(X) = 42
Q21 Q22 023 Qg2
ais
023 |

Vec operator for a tensor is a generalisation of the matrix vectorization. This
operator stacks columns from the last dimensional index as follow, for a d-dimensional
tensor A € R xn2xXnd;
vec(AW)
©)
vec(A) = vec(AY)
vec(AMd)

where A® is the (d — 1)-dimensional tensor € R™*"2XXna-1 in which:
A(k)(il,ig, e ,Z‘dfl) = A(il,ig, e ,idfl, /{)

Note that, A® is different with Ay which is the mode-k matrix. A®) is the copy
of original tensor when the last index i, is fixed for a specific value k. For a d
dimensional tensor, this definition is recursive from A®) of A, to (A*))*) of AK)
until fixing d — 1 indexes to get a scalar, then go back to stack columns of higher
order tensor columns. For example, the vec of an order-3 tensor A42*3*2;

.7 | Gui2 Gi22 0132
- 212 (2%2 Q232
a111 G121 0131 .-

a211 G221 G231 -
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is given by

ai11
211
a121
221
131
vec(AM)]  [vec(A(,:, 1))]  |az
vec(Am))] N [vec(A(:,:,Z)} a2

a212

vec(A) = [

a122
222

a132
|A232 |

Outer product The outer product o is the product between two coordinate vectors.
Formally, for vectors u € R™ v € R" then A = wv! = wo v is a rank-1 matrix
€ R™™. For u = [ug, ug, uz]’ and v = [vy, vo]T:

Uy U1V ULV Uy Uy
A =w! = |uy {vl vg} = |uguy Uy | = |v1 | ug |, 09 | Uz (10)
us U3V1 U3Vy us us

The outer product of more than 2 vectors returns a tensor. For example, the outer
product of 3 vectors returns an rank-1 order-3 tensor, in which:

A=wvovow and A(i,7, k) =u()v(j)wk) (11)
where u € R™, v € R, w € R¥ and A € R™"™**_ For example, if u = [uy, us]?,

v = [v, )T, and w = [wy, ws]?, the uovow is:

.- UV W U VW2

- UV W UgVaWs

U1V1Ww; UIv2wW1 e

U2V1W1 U2V2W1 -7

Kronecker product In the case of scalar-matrix multiplication and doing this for
many scalars in order to obtain a new block matrix, we need to use the Kronecker
operator. Formally, for matrices B € R™*™ and C € R"2*"2 the Kronecker product
D = B ® C € R™™>™m2"2 jg g block matrix, in which a block at (7, ) is a matrix.
Thus, D is the m4-by-n; block matrix whose (i, 7) block is matrix b(7, j)C of the size
ma-by-ny. For example, if B € R3*2 and C € R?*? then:

bi1 bio c c b11C | b12C
D=B®C= |by ba lcn 012] = | 051C | 02C | =
bSl b32 2 22 b31C b32C
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biicir biicia | bizenn bizcia
biicar biicaa | biacar  Diacas

baicii baicia | bagcin baacia (12)
baicor  baicag | baacar  baacan

bsici1 bsicia | bsacin  bsacia
531021 b31022 532021 532022

The power of Kronecker product comes from its structure properties, fast practical
algorithms, and connection between tensor and matrix computation [16]. Firstly,
the vector form of matrices and tensors operators can be rewritten thanks to the
Kronecker product. For matrices, Equation (10) is equivalent with:

oyuy]
V1u2
U1V1 ULV2 Uy Uy Uy
U1us U1
A =uov = |ugv; ugva| = |v1 | Uz |, us || = vec(A) = " :l ® |usy
1
U3V UVo U3 Us Uus
U2
[ V23]
then

vec(uov) =v®u

When the outer product returns a tensor, we do the same procedure for the example
of Equation (11). For u = [uy, us]®, v = [v1,v9]?, and w = [wy, we]”:

U1U1w1_
U2V1W1
U1V2W1
Uy U1 w1 U2V2W1
A=uovow= o o = vec(A) = =
Uz (%) Wa U101
U2V
U1V2
| U2V2
U101
w1 U2V1 w1 U1 U
® = &® ®
U1V2 W2 V2 U2
U2V2

then
vec(uovow) =w®vu

As a tensor is a multi-dimension array, each mode-k matrix also can be described by
the Kronecker product. By using the above example, A is:

U1V1W1 UV2W1  UIV1W2 U VW2
1wy Va2Wq V1Wa2 Va2Wa

Awy =

Uy
12[ ]@ [01w1 VoW1 ViWz VaW2



14

V1W1 T
(et = 1o (Rl e i)
V1 Wa Wa V2
VW3
then
Ay =u® (wev)"

These rules describe the Kronecker representation among tensors and matrices:
A = U(l) o) u(2) o... u(d) c R”anzx---Xnd

then
vec(A) =u? @ u V... @u® gyl (13)

A =u® @ (1@ ut gut. . gu® g u(“)T (14)

A sequence of matrix-matrix multiplications can be represented in the Kronecker
product with vec operator. For matrices: Y € R™>*™ C € R™2*"2 X € R"*™
and B € Rm™>m™

Y =CXBY & vec(Y)=(B®C)vec(X) (15)

A very clear example for Equation (15) is in Chapter 1.3.5 of [11]. From the
Equation (12), we can see that the structure property of resulted matrix from B ® C
is dependent on the structure of B. Then if B has a band structure (diagonal,

tridiagonal, lower /upper triangular ) then the B ® C retains the same structure as
B.
From [16], some notable properties of the Kronecker product is:

BeC)? = B'ecC”
(BC)(D®F) = (BD)® (CF) (16)
BeC)eD = B®(CD)
B®C)! = B'aC!

Hadamard product The Hadamard product definition is quite straight-forward,
it is the elementwise product for matrices of similar size. Formally, the Hadamard
product between two matrices B, C € R™*" is:

A=BxC and A € R™"

A(i,j) = B(i,5)C(i, )
Shortly, an element of A is the multiplication of 2 corresponding elements from B
and C in terms of row and column index.
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Khatri-Rao product is the special case of Kronecker product when two matrices
contain the same number of columns. Formally, the Khatri-Rao product between
two matrices B € R"™*™ and C € R™*" is:

A=BOC and A e R"™ma2xn

This product is the columwise product where matched column are multiplied by the
Kronecker product. For example, the separation of matrices B, C into columns are:

B=1[by|by| ... b)) and C=lc;|ca]| ... |cn

where n columns are available and each b; € R™*! and ¢; € R™2*!. We can represent
the Khatri-Rao product to get A as follow:

A:[b1®61|b2®02’ |bn®Cn]

where a; = b; ® ¢; return a column vector of size mi-by-ms and the number columns
of A remains n.
According to [15], the properties of Khatri-Rao product:

AOGBoOC = (A®B)oC=A60(B6C)
(AoB)(AoB) = ATA+xB'B (17)
(AeB) = ((ATA)+(B"B))"(A®B)"

Multilinear product is the product among one tensor and many matrices where
giving a tensor A4 € R™M*"2Xx"d g tensor § € R™*™2* %7 and d matrices My, €
R"™*7d_ Then, the multilinear product among tensor § and multiple matrices M
creates a tensor A:

A=8x1 My xa My xq My (18)
T1 72 Td
Alin i, ia) = DD+ > S, das -+ Ja) M (iv, j1)Ma(ia, Ja) - - Ma(ia, ja)
J1 g2 Jd
or equivalent with
VeC(.A) = (Md X Md—l R R Ml)VeC(S) (19)

regarding to the mode-k matrix of A
Ay =My - Sy Mg @My ® ... Myys @ Mg -+ @ My)" (20)

In order to make these definitions clear, we will cover an example for order-2 tensor
and make the generalisation:

In the matrices case, the multilinear product according to these matrices: A €
RrMxm2 S e R™*™2 M; € R™*™and My € R™*™2. Then

A=S X1 M1 X2M2 :MlsMg
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For example, with S, M, M, € R?*2, then A € R?*2, in which:

Mlzlan a12] : S:lsn 8121 : Mzzlbn b12] : Mg:lbn 521]

a1 Q22 S21 S22 o1 bao bz bao
then
(a11811 + @12521)bir (@11511 + G12821)ban
A(1,1) A(1,2) +(a11512 + a12822)b12  +(a11512 + @12522)b22
[A(Q, 1) A2, 2)] - -

(@21511 + a225921)b11 (a21511 + 225921)bay
+(a21512 + a22822)b12 +(a21512 + A22522)bas

a11511b11 + a12521b11 + a11512b12 + @12522012  @11511021 4 @12521b21 + a11512b22 + 12522022
21511011 + a22521b11 + a21512b12 + 22522012 A21511091 4 A22521b21 + 21512022 + G22522022

then
ai1bii + aiobiy + ayibia + arabio 511 S11
vec() = [ o oo o = (e o o)<
121 + G22b91 + a21022 + a22b20 522 522
= (My; ® M;) vec(S)

From these equations we can infer these facts:

A(i,5) =3 S(r1, ) Mi(i,71) Ma(j, 2)

T T2

then

A = ZZS(Tl,Tz) (Mi(:,7r1) 0o Ma(z,13))

Ty T2

= 2> S(rir2) (Ma(:,72) @ Mu(:,11))

L T2

or vec(A) = (M, ® M) vec(S) as in above example. From this point of view, we
can make the generalisation to higher order tensor to get the equivalence between
Equation (18) and (19).

For the mode-k matrix of a multilinear product, we utilize the property of mode-k
product that:

A = 8X1M1X2M2"'Xde
= S xp My xi My -+ Xy My X1 Mg -+ Xg My

then
Ay =My Sty Mg @My ® ... My @ Mg -+ @ M) (21)
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2.2.1 SVD revisited

A Singular Value Decomposition for a matrix is equivalent to a multilinear product of
matrices in above example. The correspondence is evident by substituting U = My,
3 =18, V=DM, and S is diagonal. Then, there are 2 ways of expression for SVD
from multilinear product perspective: A = UXV7T:

A(i, ) =3 S (r,r2)U (4, m1)V (4, 72)

T T2

and

A = Y3 8(r,re) (UG, r1) o V(i)

L T2

= Z)\r (U(:,r)o V(1))

as S is a diagonal matrix and A\, = X(r,r).

The first direction describes the actual result from multilinear product and the
latter can be seen as the weighted sum of rank-1 matrices. These results are matched
with our pre-knowledge about SVD and its derivations.

Then an order-2 tensor has 2 ways of description in order to reconstruct it from
other matrices. In order to generalize these properties for higher order tensor, main
ideas are still relied on these observation of SVD representation.

There are two principal algorithms to decompose a tensor: CP(CANDECOMP/PARAFAC)
and Tucker. The CP decomposition produces a weighted sum of rank-1 tensors and
the Tucker decomposition is the multilinear product for high order tensors. In the
following sections, we will discuss these decomposition algorithms in detail along
with a new way of decomposing a tensor: Tensor-Train algorithm.

2.3 CP decomposition

The CP decomposition is introduced as many names from different publications:
CANDECOMP [17], PARAFAC [18], and CP in [2]. Formally, given a tensor:
A € Rmxm2xxnd it finds a tensor approximation X that:

min  [J4 - 2||s
X

where .
z":’:Z/\i a(»l)oa@)---oagk)---oaz(»d) (22)

X is the nearest approximation of the tensor A in terms of weighted sum of rank-1
tensors. The vector component a®) € R™*! stands for the contribution of dimension
kth in the rank rth. This equivalent formula is derived from the property of the
multilinear product:

X = ST MWL) o MP () - 0o MWD, )

=1
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where M®) € R™>"_ Intuitively, each mode kth is compressed into a matrix ng-by-r
instead of nyg-by-(ny X ng -+ - X ng_1 X ngyq ...ng) from the tensor unfolding property.
For example, in an order-3 tensor, the nearest approximation from CP decomposition
is showed in the Figure 14. in which:

)\1 | )\2 ]
b1 by

ai a2

Figure 14: The CP decomposition for an order-3 tensor

.XA‘:Z)\iaiObiOCi (23)

i=1

where A4 € RMXm2X13 and q; € RMX b, € R™2XL ¢, € Rsx!

2.3.1 Tensor rank

Firstly, we recall the matrix rank that is the number of dimension of the vector space
which spans its columns. However, the tensor rank definition is quite different and
not a generalisation of the matrix rank.

The rank of a tensor A is denoted as rank(.A) and it is the smallest number of
required rank-one tensors to exactly reconstruct A as in Equation (22). For example,
a tensor A € R™*"2X X" ig called as a rank-R tensor if:

R
A= SN aoa od® - 0d? )
i=1
Following the elaborated article [15] and book [11], we will discuss some complication
of tensor rank.

e Determining the rank of a tensor is a NP-hard problem.

e There is more than one rank that is available for a tensor. For example from
[15], for a [2 x 2 x 2] tensor, authors determine that 79% of the space is filled
by rank-2 and the rest 21% for rank-3.

e The mazimum rank is the largest rank can be obtained for a tensor. It is not
straight forward as max{nj, ng,...,ng}.

e The typical rank is any rank-r that fit the Equation (24) or any rank that
occurs with positive probability.

e A typical rank for an order-3 tensor are already calculated. For example: a
tensor 2 X 2 x 2 has a typical rank is {2,3} and this number is {3,4}, {5,6}
for tensors of size [3 x 3 x 3], [6 x 3 x 3.
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e For a general order-3 tensor: A € R™*"2*"3 the upper bound for its rank is
rank(A) < min(njng, nang, ning).

2.3.2 The algorithm

In this section, we focus on the CP decomposition algorithm based on Alternating
Least Square procedure which is proposed in [17], [18]. In order to make the algorithm
to be understandable, we firstly find the solution for an order-3 tensor and derive
the final algorithm for a general order-d tensor.
Given a tensor: A € R™*"2*"3 the objective is finding an approximation of
tensor X that:
min A= X[r (25)

X = ST MW 0) o MP(:d) o MP) (1 4)
i=1
where M®*) € R™>"_ This objective function is represented by unfolding its into
mode-k matrices:

A= X||r = |[Aq) — Xp)llr = [|Ag) — Xo)llr = [|Ag) — Xa)llF

These objective functions are solved iteratively. Firstly, in the mode-k unfolding, we
need to find the corresponding CP approximation of this mode in the matrix form.
As the CP decomposition objective function (25) is in the multilinear product form
where the diagonal tensor S including A, we can rewrite that:

~ r T
Xoy = Y AMOGi) - (MO i) @ M, 4))

i=1

— MO diag()) - (M<3> o M(z))T

A
where diag(\) = |... ...| is the diagonal matrix contains all mixing coefficients.
D ¥
The term of (M®)(:;4) @ M®)(:,4)) is the Kronecker product of vectors in M® and
M® in the same column index. Thus, it is the column-wise Kronecker product or
equivalent with the Khatri-Rao product between two matrices of the same number
of columns.
Equivalently, we obtain the derivation for )3(2) and 2(3):

Ry = M- diag(h)- (M® o MD)"
Ry = M. diag\) - (M® o MO)"

There are three equivalent objective functions to the Equation (25) and we need to
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find {diag(\), M®) M® M®} so that these quantities to be minimized:
Ay — MW - diag(\) - (M(3) 0 M(Z))T e
| A — M . diag()\) - (M(3) ® M(1))T e
| A@ — M - diag(\) - (M(z) ® M(l))T |

The Alternating Least Square (ALS) strategy is used by fixing all variables except one
and solve the corresponding objective function. For example, when fixing M®), M),
we need to find the minimize of this function:

- T
[Aq =MD - (M® o M) ||
where M) = M@ . diag()). Then the least squares solution is:

- T
MO = Ay {(M(3) o M(2))T}

As the above equation need the inversion of a big matrix € R"3"2*" nevertheless we
can calculate this quantity without doing this inversion thanks to the properties of
Khatri-Rao product:

MO = Ay (M® © M®) (MM (M@))TM@))T (26)
After getting the solution for M) we can get the solution for A and MW after this
normalization:

A= IMOG )]l (27)
MO = MO /A
Finally, we can make a generalisation algorithm for a d-order tensor based on
Equations (26) and (27).
Algorithm 1: The CP decomposition algorithm based on Alternating Least
Square procedure
Data: A d-order tensor A € RM>m2x X4
Input: The intended rank r
Output: diag(\), MM M® .. M@
Initialize M®*) € R™*" randomly ;
while /stop-condition do
for k=[1,2,...,d] do
/* least squares solution (26) */
V = MOTM@D MEDTNE+D o MOTND ...« MOTMD),
M®) = Ag, (M(d) o .. . MED o MED ... o M(l)) vt
/* update the solution as Equation (27) */
for j=1[1,2,...,r] do
Update A; ;
L Update M®)(:, 5) ;
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2.4 Tucker decomposition

The Tucker decomposition is invented by Tucker [19], [3] and also has many names,
the most related under the name Higher Order SVD (HOSVD) [20]. The multilinear
product description is still the central matter. While the CP decomposition is based
on the diagonal tensor S, the Tucker decomposition uses a full one. Formally, given
a tensor A € RM>m2xXnd g tensor S € R™*™2* %" and d matrices in which
M, € R"*"  The Tucker decomposition objective function is finding a nearest
tensor X which is in the form of multilinear product:

min |14 = 2lr (28)

/?:SX1M1 XQMQ"'Xde

For example, for an order-3 tensor A € R™"*"2*"3 the decomposition components
are illustrated in Figure 15.

M,

Figure 15: The Tucker decomposition components for an order-3 tensor

Due to the tensor S not being diagonal, we need to take care about the rank of
each mode: {ry,rs,...,rq}. We need to define the specific value for r; or find an
efficient value for it. The HOSVD is based on the SVD definition and ranks for each
mode-k matrix while the Tucker decomposition can achieve a higher compression by
user-defined ranks.

2.4.1 The n-rank and multilinear rank

In order to distinguish the HOSVD and Tucker decomposition, we need to define
notation for ranks of tensor modes. There are two common definitions:

e In [15], the n-rank for a tensor or rank,(A) is the rank of the matrix based on
mode-n unfolding: A,). It is the column rank of matrix A).

e In [11], the multilinear rank or rank,(A) contains all n-rank of all modes.
rank,(A) = {rank;(A), ranks(A),...,rank,(A)}

2.4.2 The Higher Order SVD (HOSVD)

We can find an exact solution for Equation (28) when r, = rank(A) for all modes.
The solution is given by using the SVD decomposition and providing specific ranks
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for each mode. Given a tensor A, the SVD decomposition for each mode is:
Agy = UkEkV}f

Recall that Ay is the matrix of ng-by-(ning...ng_1ng41...nq), thus the rank
rankg(A) < min(ng, ning ... ng_1ng11 - .. ng) and Uy expands the column space of
Ary. According to [20], its HOSVD is given by:

A = SX1U1><2U2"'XdUd (29)
S = Ax,Ul'x,Ul... x, Ul

where U7 = U} as the matrix Uy, is columns orthogonal. Noted that the tensor S is
called core tensor.
Algorithm 2: The HOSVD decomposition algorithm
Data: A d-order tensor A € R *n2xxnd
Input:
Output: S, MO M® . M@
Initialize M®*) € R™*" randomly ;
for k=11,2,...,d] do

/* SVD decomposition for each mode */
Ay = UpZe VI
/* update the core tensor */

S:AX1U{X2U5"'XU{U§;

Intuitively, the algorithm independently decomposes the tensor in each mode to
capture the mode-variance. Then the core tensor stores the interaction information
among separated modes to reconstruct the tensor.

2.4.3 Tucker decomposition algorithm

In the case of rp < rank(A) in at least one mode or if one is aiming to achieve lower
ri, the HOSVD algorithm can be applied by taking less columns for the left singular
matrix Uy. However, this truncated HOSVD does not give the optimal solution for
the Tucker approximation objective function (28).

In order to derive a solution, firstly we analyse the Tucker optimization problem
in an order-3 tensor and make a generalisation latter. From vectorization properties
of the multilinear product, the equivalent objective function of (28) is

A= X||p = ||[vec(A) — (M(g) e M®? M(l)) vec(S)||2
As <M(3) @ M® ® M(l)) is column orthogonal so the solution for core tensor is:
T
vec(S) = (M(3) e M® M(l)) vec(A)
We get the new objective function by putting it back to the objective function:
min |[vec(A) — MM vec(A)||»
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where M = (M(3) @ M® @ M(1)>. Moreover, we can shorten it more by:

|[vec(A) — MM vec(A)||

[[vec(A)|]s — 2(vec(A), MM?vec(A)) + ||[MMTvec(A)||,

= |lvec(A)||z — 2vec(A)TMMTvec(A) + |[MTvec(A)||
= [lvec(A)[l2 — [[M vec(A)|l2

where the last terms are equivalent as MTM = I as M is column orthogonal. As
the term ||vec(A)||2 is a constant then the final objective function is to maximize
that quantity:

HM(l)T . A(1) . (M(B) ® M(2))||F
I (M(3>T @ MAT & M(l)T) vec(A)||s = { |[M®AT. Ap) - (M® @ MW)||p
HM(3)T . A(3) . (M(2) ® M(l))HF

At this point, we can apply the Alternating Least Squares to solve objective functions
in modes. In each mode, it leads to another optimization problem that given a matrix
A find the best projection Q:

min [|Q"Allr st QQ=I

For example, in solving minyg [[MMT - Aqy - (M® @ M®)||p, the A matrix is
corresponding to (A(l) - (M® M(Q))) and Q is the matrix M),

Fortunately, this problem solution comes from the decomposition of A = USVT
as

1Q"Allr = [|QTUSV||r = [1Q"US|[r = X_A|IQ"U(:, 1)]]2
i=1

Then the solution for this nonnegative maximization problem is the top 7 eigen-vectors
of the left singular matrix U. Then the final algorithm follows:
Algorithm 3: The ALS Tucker decomposition algorithm
Data: A d-order tensor A € R xn2xxna
Input: Input ranks {ry,79,...,74}
Output: S, MO M® = M@
Initialize M®*) € R™>*" randomly or from truncated HOSVD;
for k=11,2,...,d] do
Yk = A - (M@ @ .. . MED o MED ... MD) ;

/* SVD decomposition */
Vk - UkEka,
M®) = Up(:,1 2 73);

/* update the core tensor */

S:AXIU{Xng"'XdUg;
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2.5 Tensor train decomposition
2.5.1 Analysis and definition

We already discuss about two fundamental tensor decomposition algorithms: CP
and Tucker decomposition. However, these algorithms are not optimal in terms
of efficiency and stability. In the ideal case, if we have a d-order tensor and each
dimension contains n elements, then we need n? numbers to store it. In the CP
decomposition, the approximation from R rank-1 tensors needs Rdn parameters
and it is a quite small number in comparison with n? parameters. However, it is a
NP-hard problem in determining R and the CP algorithm is an ill-posedness problem
[21]. On the other hand, the Tucker decomposition is optimal but it suffers a high
complexity of O(R? + dnR) parameters and thus remaining in the bottle neck of the
dimensionality curse.

Recently, the Tensor Train decomposition [4] has emerged as an efficient decom-
position algorithm that is stable and low complexity. It is a special case of the tensor
network [22] where a higher order tensor is approximated by many low-order tensors
and contraction operators (reshape and multilinear products). This network includes
nodes as low-order tensors and edges operates the contraction. Formally, given a

tensor A € R™M*m2x X" where each dimension kth the indexing is iy, € [1,2,. .., ngl,
the Tensor Train decomposition of A is the multiplication of low-rank matrices G; in
specific indicies for a specific element A(iy, is, ..., 14):

A(iy, i, ... iq) = G1[i1])Galia] . . . Galid] (30)

where Gy, is a 3-order tensor of 7,_1 X ng X ry and Gi[ix] is a matrix of ry_1 X 7y
with rj is the low-rank. In addition, the boundary conditions that rg = r; = 1 in
order to get A(iy,ds,...,1q) is a scalar. On the other hand, the TT can be seen as a
tensor factorization method, when a tensor can be described by the multiplication of
factors, each factor is a low-order tensor according to one index in a dimension.

TT decomposition for a matrix Firstly, a matrix is also an order-2 tensor, so
the T'T decomposition is equivalent to the matrix factorization. In Figure 16, a 4-by-4
matrix A is decomposed into 2 smaller matrices Gi, Gy (order-2 tensors). In each Gy,
there are 4 vectors according to 4 indices that make the low-rank approximation
for each specific dimension index of A. To reconstruct an element A(3,2), the 3rd
component of G; and the 2nd component of G, are taken to do the multiplication.
Noted that, in this case of an order-2 tensor then both G are satisfy the boundary
conditions that rg = r3 = 1 then G; is 1o X ny X r; or 1 X ny X r; and the same for
Gy of 71 X ngy x 1

TT decomposition for an order-3 tensor Similarly, for an order-3 tensor we
need to add an additional tensor G, in decomposition components which stands for the
second dimension. Figure 17 shows the TT decomposition for a tensor A € R**2%3;

° gl c R1x4><r1
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ir € {1,2,3,4}

A e R**4

i€ {1,2,3,4

Aliy =3,iy =2) =

Figure 16: Tensor train decomposition and reconstruction for a specific element in a
matrix

° gZ c Rr1><2><r2

° gg c RT2X3X1

AER4X2X3 ______ >

Aliv=2i=1i3=3) = [[]] X

Figure 17: The Tensor train decomposition and its reconstruction for a specific
element in an order-3 tensor (cubic)

If r1 = 4 and ro = 2, then we have an exact TT decomposition for A and thus it
is an approximation when r; < 4 and 7, < 2. In this case, each Gy[is] is a matrix
of r1 X ry for a specific index 75 in the second dimension. Intuitively, this matrix
captures interactions of all indices in the first and third dimension that go through a
specific index in 2nd dimension. Finally, in order to reconstruct an element from a
tensor, we take the multiplication of corresponding low-order tensor elements based
on its indices.

TT decomposition for a order-4 tensor For a tensor that its order is higher than
3, the visualization comes to the train style. For an order-4 tensor A € R™ *n2xnsxna
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the T'T decomposition train in Figure 18 is:
o G, € Rixmxmi
o G, € Rrixn2xm
o Gy € Rr2Xmsxrs

° g4 c RT‘an4X1

k1 ko ks

g1

Go gs Ga

Figure 18: Tensor train decomposition components for an order-4 tensor

For each element of index (i1, 9, 73,%4), the TT reconstruction is:

Alin, iz is,ia) = Y > > Giin, k1)Ga(k, iz, k2)Gs(ka, i3, k3)Ga(ks, i)
Fim1 ko—1 kz—1
G1li1] Galia] Gslis] Galia]

e . N ——
Ixr;y riXrg raxXrs rgxl

2.5.2 Algorithm

At this point we can confirm that the storage complexity of the Tensor Train
decomposition is lower than the Tucker decomposition algorithm. The TT complexity
is O(dR?n) for storing a tensor of n? elements. By using the SVD decomposition as
a workhorse, the T'T inherits its reliability and stability, which is the advantage over
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the CP decomposition.

Algorithm 4: The Tensor train decomposition algorithm

Data: A d-order tensor A € RM*m2xXnd
Input:
Output: G1,G,...G,
/* mode-1 unfolding of the tensor */
M, = -A(l) ;
/* SVD decomposition */
U, 3, V! = svd(M,) where ¥; € R™*™ and r; is the rank of M, ;

——

S1

/* Get G */
G =U;;
for k=12,3...,d—1] do

M, = reshape(Si_1, [Te—17k, Mrr1Mhr2 - Nd]);

/* SVD decomposition */

M, = U, EkVC,f where ¥; € R™*" and r, = rank(My,) ;

——
Sk

/* Get Gy */
| Gr = reshape(Uy, [re—1, 7k, 1)) ;
/* Get Gq */
Ga=Sa-1;

For example, this algorithm steps in Figure 18 are:

1. For the (1)st dimension:

e M, = reshape(A, [n1, nangnyl)
e Do SVD: M1 = U181 and get (]1 = U1

2. For the (2)nd dimension:

e M, = reshape(S;, [r1n2, n3n4])
e Do SVD: M, = U,S, and get G, = reshape(Us, [r1, ng, rs])

3. For the (3)rd dimension:

o M; = reshape(Sg, [7"2?13, n4])
e Do SVD: Mj = U;S; and get G = reshape(Us, [, n3, 13])

4. For the (4)th dimension:
o Get Q4 = Sg

The Tensor Train algorithm iteratively decomposes each dimension in the linear
order. In each step, the unfolding mode-k of the tensor is inputted to the SVD
decomposition and the left singular matrix is always taken to the result. The right
singular and diagonal matrix are multiplied and reshaped to create an input matrix
for the next SVD step.
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3 Multiple Kernel Learning

Multiple kernel learning (MKL) refers to a family of algorithms that learn an optimal
combination of kernels. This section reviews the definition kernel learning and
multiple kernel learning algorithms in the supervised learning framework. In term
of storing kernels, the stacking of them can be consider as a tensor; for example: if
there are k kernels of size n-by-n, we get an order-3 tensor n-by-n-by-k. From the
perspective of tensor learning, decomposition a tensor into smaller parts is always
beneficial. This section also introduces preliminary algorithms where the tensor
learning can apply into the Multiple kernel learning framework.

3.1 Kernel learning

In supervised learning, the Support Vector Machine [23], [7] is a discriminative
algorithm which is proposed to solve binary classification problems. Given a set of
N samples which are generated as independent and identically distributed random
instances, we get a training set {z;, y;},. Each instance ith includes a D dimensional
feature vector x; € R” and class label y; € {+1,—1}. The SVM task is to find an
optimal linear discriminant hyperplane that maximizes the margin or getting the
largest separation between two classes.

Y

Figure 19: Components of the Support Vector Machine algorithm in two dimensional
samples.

Typically, the SVM manipulates on the feature space which is induced through
a mapping function § : RP? — R Then the linear discriminant function for an
instance is:

fx:) = (w, 0(x:)) + b
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where w is weight coefficients or stands for the slope of f in feature space, b is the
bias term, and (,) is the inner product between two vectors.

Figure 19 illustrates components of SVM algorithms in a two dimensional data.
There are two classes of samples: the black samples and the white ones. The margin
is the distance between two lines where f(z;) = £1 and this distance is 2. The

[lfwl]*
margin maximizing is corresponding to minimize this M quantity.
The criteria for binary classification task is f(x;) > 1 if the sample i belongs
to the positive class +1 and otherwise. On the other hand, it is equivalent with
f(z;)y; > 1 where x; and y; belongs to a sample. Then the optimal classifier can be

obtained through solving this quadratic optimization problem:

1 2 > s
min §||w||2—|—CZei wrt weR”, beR (31)

’ =1
st 0@)) +b)>1—¢ ,a>0 Vie{l2.. N}

where ¢; are slack variables for each sample and C' is the nonnegative trade-off
parameter between the model generalisation and the classification correctness.

In the dual space, this objective function can be derived in the form the Lagrangian
dual function:

N 1NN
max Y ;i — =Y. > ooy (0(x:), 0(z;))  wart aeRY
Y= 2 —

i=1 j=1
K(x4,25)

N
st > ay;=0 and 0<o; <C Vie{l,2,....N}

i=1
where « is the dual vector of size N according to the number of constraints. We
define k € RP x RP? — R is the kernel function that specifies the dot product between
pairs of samples. After solving the optimal a vector in dual space, we get the primal
solution for w = SN | ayy;6(x;), and the linear discriminant function is equivalent
with:

N
f(x) = ayir(zi,z) +b
i=1

The above derivation shows that weight vector can be described by the linear
combination of training points. Whenever this property is satisfied, the kernel
can be exploited and leads to many other kernel-based algorithms, for example,
Kernel Ridge Regression, Kernel PCA, Kernel CCA [10], [24]. These kernel-based
algorithms work by the data embedding into the Hilbert space through the kernel
function k, so the linear relations in this embedded space are explored. This way
offers several advantages, for instance, the implicitly calculation inner products
between points is faster and easier than explicit projecting and do the inner product
later. Moreover, changing the kernel function x enables these algorithms perform a
non-linear classification/ regression through implicitly mapping input features into ae
higher-dimension space. Beyond that, this way allows these algorithms not only work
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on numerical vectors, but also on strings, graphs, images by incorporates domain
knowledge, whenever a kernel follows the Mercer’s condition [23]. In the other hand,
kernel-based algorithms are well-founded under the statistical learning theory and
solved as a convex optimization or eigenproblems [10]. These properties make kernel
methods is a fundamental algorithm family in pattern analysis and its applications
are diverse in many fields from computer vision, natural language processing to
bioinformatics.

Finally, learning about kernels is an important topic that can enable us to
reduce computation complexity, improve performance, and find new applications of
kernel-based algorithms. In following chapters, we will consider the kernel matrix
K,; = r(xz;,z;) or called as Gram matriz. This kind of matrix contains all pairwise
distance between data points in the embedding space, so it is symmetric and positive
semidefinite.

3.1.1 Pairwise kernel learning

In [25], a pairwise kernel learning method is firstly introduced to predict the protein-
protein interaction. Generally, it is also considered as learning the relation between
pairs of objects; for example: link prediction between 2 users in the social network
[26] or connectivity prediction on edges between two nodes in a graph. Formally,
given two objects dataset Dy, Do, it numeric features is in vectors xp, € R% and
Tp, € R where d;, d, are the number of features for each object. Then the training
data is in the form of (:L‘(Di)l, xg;, v;;) in which y;; is the target label according to the
ith and j*" sample in each object dataset.

A sample view The kernel view
- > _—
(@) .(9) @ G Oy )
nl Dy (:ch ' LDy yij) K(zp,,2p,:¢p,):2p,) IEOReE)
ning ¥D17 T D,
n2
k
{eh): @)

Figure 20: The comparison between kernel learning and pair-wise kernel learning

Given ny,no samples in dataset Dy, Dy respectively, the main task is to build
the kernel matrix of size nins-by-niny that describe that similarity among pairs
of objects. In using Support Vector Machine algorithm, the kernel matrix is the
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crucial point in getting a successful learning process. While building a kernel for two
objects are well developed over years, the pairwise kernel is more limited in the way
to create and store it. As in Figure 20, a point in the pairwise kernel is the numeric
measurement about similarity between two pairs {x%)l,xgi} and {x%)l,x%?}, thus it
requires a quadratic scale to store it. In [25] [27], authors proposed a combination
rule to calculate the pairwise kernel from each object kernel Kp, and Kp,:

i j t k i t j k
K ({oh) 2B} {2, 2p)}) = Kb, (), 25 Kp, (¢}, x)p))

This is equivalent to the Kronecker product between two object kernels: K =
Kp, ® Kp,. Then, the Kronecker product kernel is considered as a general-purpose
way to create a kernel for the pairwise kernel learning.

3.2 Multiple Kernel Learning

In designing machine learning applications, a critical step is finding a good feature
representation in order to get higher algorithm performance. In kernel-based algo-
rithms, it is according to learn an optimal way to combine kernels when many kernels
are available. There are many kind of kernels which successfully used in literatures
and practices. For example: linear kernel, polynomial kernel, and Gaussian kernel
are typically used for numerical data. In other applications, there are also many
particular kernels such as in bioinformatics [28]. Moreover, a kernel again includes
hyper-parameters such as ¢ in the Gaussian kernel, changing its value also produces
new kernels.

A typical solution is selecting the set of good kernels by doing cross-validation or
relied on the prior knowledge of users. The past decade has seen the emerging of
an automatic framework in learning from kernels, which is called Multiple Kernel
Learning (MKL) [6] which finds the best combination of kernels rather than picking
the best one. Intuitively, this approach may eliminate the biases if only using one
kernel and incorporate data information from multiple sources through different
kernels.

In a Multiple Kernel Learning problem, where P kernels are exist, the task is
seeking an optimal combination function f, : R — R that:

K, (zi,2;) = fo({K(@, 27) 52, })

where the combined kernel K,, for a specific pair of samples is expressed as a trans-
formation f, for its pairwise distance through P kernels.

3.2.1 MKL algorithms

Several algorithms has been proposed to find a good combination function f,, a very
comprehensive study in [6]. In this study, instead of summarize algorithmic steps to
solve a MKL problem, we focus to highlight the formulation aspect and the evolution
of algorithms over time.
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MKL without additional optimization steps Some preliminary works use the
simple fixed rules to combine kernels. In order to keep the K, is positive semidefinite,
they take the summation and multiplication of kernels:

(@i, z5) Z

P
Iz,l‘] H K ’L’ J
m=1

Many heuristic approaches also proposed to get a reasonable combination. Almost
of them are represented in the form of linear combination of kernels or f, is linear:

n(@i, ;) an Y (32)

where the kernel weights 7,, are defined by some heuristic rules. The work in [29]
utilizes the conditional class probabilities on data labels to define values for 7,,. The
predictive performance (prediction accuracy and Pearson correlation) of each kernel
is also used as a measurement for n,, [30], [31].

Parameter MKL: Linear combination The linear combination of kernels in
Equation (32) is the dominant way among MKL algorithms. It requires another
computational step to find kernel weights 7,, that optimize the target functions.
These target functions can be divided into two groups: similarity-based and structural
risk functions. The learning weights is an important criteria which involves to the
development of linear MKL algorithms. Many MKL methods share a target function
but different conditions on 7,,. Typically, these conditions are arbitrary: {n,, € R},
non-negative: {n,, € R*}, convex: {n,, € RT and ©F_ 7, = 1}, and unit ball
{lInll2 = 1} weights. To avoid the abuse of notation, we will discuss the main
algorithm formulation with a short reference to the condition of weights.

The similarity-based functions are established on the notion of kernel alignment
[32] to measure the similarity/correlation between two kernels:

(K1, Ka)p
VK1 Ki)p(Ka, Ka)
or it is the cosine angle between two kernels K; and Ks. In classification problems,

similarity-based MKL algorithms criteria is maximizing the alignment between
combined kernel K, and the target kernel K.

A(Ky, Kz) = (33)

argmax A(K,, Ky)

n

where K, = yy’ in binary classification problems and in general

1 it yi=vy;

: 34
-1 iy #y (34

Ky (v, ;) = {
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Intuitively, the target kernel reflects the similarity between samples through its
labels, then similar samples should have higher pairwise distance and vice-versa. The
learning kernel weights by alignment measurement utilizes this guidance to gain a
better kernel combination. Some prominent similarity-based MKL articles can be
grouped by the weight condition as follow:

e Arbitrary kernel weights: [33] formulates a learning problem as a semidefinite
programming problem.

e Nonnegative kernel weights: [34] casts the maximize alignment to an equivalent
quadratic programming problem.

e Kernel weights on a simplex algorithms are described in [35] and [36].

e Kernel weights on an unit ball is proposed along with centered-kernel alignment
9], [37]. In [9], the analytical solution is derived and it becomes an quadratic
programming problem [37] when these weights are non-negative.

The structural risk-based MKL algorithms follow the structural risk minimiza-
tion framework where SVM applied. Regardless the conditions on 7, these algorithms
generally try to maximize the SVM dual function with an additional parameter for
linear kernel combination as in Equation (32).

N N N
1
maximize J(n) = Y a; — 5 > > iy Ky (v, ;) wat o € RY
i=1 i=1j=1

N
st K, =0, Y oy =0, and 0<o; <C Vie{l,2,...,N}
i=1

In [33], authors cast this objective as a SDP problem by adding an upper bound
for Tr(K,)). Along with encoding the prior knowledge about kernels, [38] derives a
corresponding SOCP problem and propose an alternative QP problem. Typically,
there are some extension as regularizer terms to get desire form of 77. These constraints
almost are /;-norm regularization and some works on ly-norm in [39], group lasso

[40], and [;-block lasso [8].

Parameter MKL: Nonlinear combination is another approach that develops
the nonlinearity into MKL. In [41], authors propose a general optimization framework
in learning general kernel combinations. For example, in gender identification task, the
proposed framework performance is significantly better than the linear combination
of kernels. In this data, their method learns the optimal weights 7 in the product of
Gaussian kernels:

P
K, (zi,2;) = [] exp(=nm(z] —27")?)
m=1

thus the combined kernel is the production of multiple scaling in kernel features.
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A polynomial kernel combination is introduced in [42], the combined function is:

K, = > ntng? . onptKMKY? . KR

mi+mo+---+mp=d

where d is the bound of total orders. This method shows a significant improvement
on some UCI datasets where the linear combination can not consistently improve
the performance.

3.2.2 Overall comparison

In [6], authors do a performance testing for MKL algorithms on 10 experiments.
There are no algorithm that is always better than others in terms of accuracy. In
the other hand, we can observe some perspective from experiments results of [6].

e In linear combination kernels, non-linear MKL algorithms is seem promising
when it give a significant improvements in some cases.

e In combining Gaussian kernels, the linear combination is better than others
type of combination.

e The centered-kernel alignment with conic weights algorithm [37] always gains
some accuracy improvement. Interestingly, different from other MKL algo-
rithms, this approach is presented with the theoretical guarantee.

e The untrained, unweighted combination of kernels is not trivial in term of
predictive performance, other trained MKL algorithms still can not beat this
approach in all experiments.

3.2.3 AlignF algorithm

Due to the effectiveness of centered-kernel alignment algorithms, we focus on learning
and making extension in this direction. Particularly, the main objective is the AlignF
algorithm [37] which finds the maximizing centered kernel alignment.

Centered kernel alignment is developed from the uncentered kernel alignment
which is introduced [32]. In [37], authors figure out that the centered or normalized
kernels is the critical component to improve the performance. The centered kernel
definition for a kernel matrix K € R™*" is:
117
K¢“=CKC ; C= [I—]

n

where the sum of rows (columns) of K¢ is zeros. Then the alignment task becomes

K¢ K,)
C 1sC\ _ < no» MY/ F
arg max A(Kn,Ky)_iH T,

s.t ||T]||2:1a 7720
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as (K{,K{)p = (K, Ky)p and [|[K{ || is a constant so we can omit it. In detail,
we need to solve this optimization problem:

< mlT/mKCK>F mlnm<K K>

max = max

n HKnCHF K \/( i:12j=1ﬁﬂ7j<KiaKjC>F)

st [l =1, 7=0

AlignF via Quadratic programming In [37], this problem can be solved by
calling a quadratic programming solver that:

1
. T =T
min cnt g Qn

where ¢ is a vector of size P and Q is a symmetric matrix of P-by-P such that:

i) = (KO Ky
Q(Zaj) = <chvKgC>F

then the solution is n*/||n*||.

Complexity analysis In solving the AlignF problem, the heaviest step is getting
information for matrix Q. It requires P(P — 1)/2 times to evaluate the correlation
between P kernels and takes n? loops to calculate the Forbenious product between
two kernels. Then, the complexity for getting Q is O(P?n?). Similarly, for vector c,
the complexity is O(Pn?).

The main computational burden is getting Q and it costs much more computa-
tional resources when more kernels or more samples are available. For example, in
the case of pairwise learning, we need to learn the model for two objects rather than
a single one. Follow that, the training kernel is the Kronecker product of kernels from
two objects. When multiple kernels appear, we need to select the best combination
between all possible of pairwise kernels. Specifically, if there are 1000 samples, 10
kernels for each object, then the complexity of getting matrix Q for AlignF requires
(10'%) arithmetic operations, which is a considerable huge number for a small dataset.
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4 Tensor method for Multiple Kernel Learning

In another perspective, when putting P kernels K € R™*" together we get an order-3
tensor of K € R™™*¥ The main topic of this section is how to utilize well-founded
tensor computation operators and properties in improving Multiple Kernel Learning
algorithms in terms of performance and computational complexity.

4.1 Factorized AlignF algorithm

For a large dataset, more samples and multiple view information lead to a huge
tensor of kernels K € R™™*F It is more critical to find a way to reduce the
complexity of AlignF algorithm in large multiple view datasets. By the tensor
learning approach, Tensor Train algorithm can factorize K into low-rank matrices,
to lessen the computational burden that is required by the AlignF algorithm.

Overall framework The framework steps are described in Figure 21, it needs

one more Tensor Train decomposition step in the learning procedure. The tensor
K € R™™*P of kernels is firstly reshaped into X € R™P*"  The Tensor Train
algorithm decomposes this tensor K into there components:

° gl c RIXnX'I‘1
° gQ c erxerg

° g3 c Rrgxnxl

The G, and G5 are matrices and the G, is a tensor which stacks P matrices of size
r1-by-ro. Intuitively, G; and G3 structure are not dependent on the order of original
kernels, so they are shared parts. The tensor G, contains P low-rank matrices
corresponding to P kernels, so they are compressed parts for kernels. Nevertheless,
the tensor IC is symmetry, then it is more sensible when its compressed parts are also
square. Then, we assign the number of low-rank components are equal for the first
and second dimensions. This leads to r; = ry = r and the corresponding components
after the Tensor Train decomposition are:

o G, € R™™"
o G, € RIXPxr
o Gz e R™™
According to (30), the approximation for an element in the tensor K is:
K(iy,i2,13) ~ G1li1]Galiz] Gsis] (35)

where the quantity of Gi[i1] and Gg[is] are vectors of size 1-by-r and r-by-1, respec-
tively. Similarly, the Gy[is] is a matrix of the size r-by-r , where iy, € [1,2,..., P].
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As the second dimension of tensor K € R™**" indicates the kernel indicies, the
formula for approximating each kernel is:

’C(Z,ig, Z) ~ Gl[]gg[Zg]Gg[] or ’C(Z,iz, I) ~ Glgg[iz]Gg (36)

We denote that K = G; and K = G3 are the left and right common matrices in
decomposed parts. There are P matrices in G, as K% are specific compressed parts
for each kernel K(;). Then, the equivalent description for Equation (36) is:

K ~ K'K{ K" (37)

By embedding these components as a kernel approximation into the AlignF formu-

nxr
Tensor K I commons parts [ ]
A Kp) B compressed parts [ X 7]
| K* Kt
| M
5 K@) r K(p)
g Ka 1 B
A S . Tensor train = X KM X - . Factorized AlignF
N decomposition > = ’ (2 > algorithm
kernqls ' * KM samples
| 1
- - - - --- > r
samples

Figure 21: The framework of Factorization AlignF

lation, we get the new factorized AlignF algorithm.

Factorization into AlignF There are two main formula in calling AlignF opti-
mization framework which are in getting the correlation between target and input
kernels and among input kernels. When replacing AlignF formulas by the approxi-
mation form for each kernel at (37), we get

(KG),Ky)r = Tr(CK'K{{K"CKy)
= Tr{(CK")K{|(K"CKy)} (38)
= Tr{(K"CKyCK")K{]}

(KG), KG)r = Tr(CK()CKy;)) = Ti(CK'KGHKCK'K{HK")  (39)
= Tr{K"CK'K!K"CK'K"}

In these formulas, we can approximate the n-wise multiple kernels learning into
factors for the AlignF algorithm. The first advantage is some parts of these formulas
(blue parts) can be precomputed before hand as they are constant value. Moreover,
most computationally heavy part is less complex, it is a multiplication of r-by-r
matrices instead of n-by-n matrices. When the low-rank assumption is matched in
data kernels, the compression ratio is relatively high, for example: if n = 10r then
the ratio is :f—; = 102 = 100 times.
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Factorization into AlignF for pairwise kernel learning In pairwise kernel
learning, this approximation is a crucial speedup in terms of computational speed
and memory. For example, in drug-target interaction learning problem, if there are
ng kernels K, of size ni-by-n; for drugs, n; kernels K, of size no-by-ns for targets.
Then, there are ngn; Kronecker product kernels in the alignment process which will
cost in the quadratic scale to finish the computation. Thanks to the Tensor Train
approximation for kernels in the drug and target side, the Kronecker product between
two kernels are not necessary to be evaluated and stored explicitly. For example, after
decomposition multiple kernels in each drug and target side, we can approximate
the Kronecker product between each pair of kernel:

Kii) ® Kiyy ~  (KiKg;Ki) @ (KIKKf) (40)
~ (Ki 9 K7 (K @ Ki) (Ki @ K/
K Kt K

As the property of the Kronecker product (16), the approximation formula is factorized
into 3 components, the left and right common parts (K%, K%) are built from shared
parts from each side. Interestingly, the middle part K%(i,j) for each pair is the
Kronecker product between middle parts in each side. Moreover, this approximation
can be used in speed up other algorithms which manipulate on pairwise kernels. For
example, in the AlignF algorithm for pairwise kernels, when putting Equation (40)
into (38) and (39), the whole complexity will decrease from the multiplication among
ning-by-niny matrices to ryrso-by-riry matrices, where r; and ro is the low-rank
number in approximation multiple kernels in the drug and target side.

4.2 The optimal decomposition for the tensor of kernels

In decomposing a tensor of kernels, TT algorithm calls the Singular Vector Decom-
position two times after reshaping the non-decomposed parts. Figure 22 clearly
shows these steps and K% is the common left part after the decomposition. It
contains left singular vectors of the first SVD step which decomposes the horizontal
stacking of kernels. Thus, if a left singular vector in K% is denoted as @ or a and the
corresponding right singular vector for each kernel K;) is b; or b;, then this step is
equivalent to minimize this objective function:

aybi

P
min Y _|[Kg — Aab] || st lalla=1,[|bi] =1 Vie[l,2,...,P] (41)
i=1

where A is the singular value. In one term of this summation, we can get this
equivalent formula:

||K(i) - )\Gb?“% = TI(K%’;)K(i)) - QAQTK(i)bi + A2

Then the objective function is:

P
: T T 2
min ;le (Tr(K{)K) — 22" Kb + A?) (42)
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Figure 22: The Tensor Train algorithm decomposition steps for an order 3 tensor

which is created by stacking kernels

The objective function (42) is defined as f = >, (Tr(K%;>K(i)) —2Xa" Kb + )\2)

and its derivatives:

af
da
of
db;

P
=22 " (Kiybs)

T

Then, to minimize this objective function, the best gradient direction of @ and l;z are
Zfil(K(i)bi) and Ka)a, respectively. By using the power of iteration method, we
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can find the optimal @, EZ by iteratively calculating two quantities:

Y (Kb
122 (Kb ||
K%;.)a

1K all

bi:

or using this equivalent formula for a:

P T 1
dim1 (K(i)K(i))a ||K(Ti)a||
a =

158, (K e )|
=\ O KT |

This indicates that @ is a singular vector of the matrix Zf;l(K(i)K%;)). Then the Kt
matrix can be obtained by taking r singular vectors corresponding r largest singular
values of the decomposition of 3>;_; (K Kf).

Intuitively, as all kernels are symmetric, we can infer that K are also sym-
metric and thus K* = (Kf)T. We denote the column orthogonal matrix U =
sVD(>-/L, (K(»K{;))) and thus K* = U, K" = UT. In the exact decomposition, a
kernel is described as:

Lyr MR My 1T

Then we can project back to get the compressed kernel K?f)

K% =U"K(U

The final step is checking whether K{}] is symmetric under these solutions. K{}) (i, j)
denotes the element at row, column index (7, j) from kth compressed middle ker-
nel. The matrix U includes r columns according r orthogonal vectors u; or U =
[ug|ugl ..« wp—q|u,].

K3 (i, 5) = ul Kgyu;

Its transpose is:
(K 0)" = uj Ky = K (7,9)
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as a kernel K, is symmetric then we get above consequence.

Algorithm 5: The optimal decomposition for a tensor of kernels

Data: A tensor of P kernels K;) of n samples: K € RrxPxn
Input: The number of low-rank components: r

Output: K" {K{}}/., K"

Ka =X (KoKJ) ;

/* SVD decomposition */
[U,S, V] =svd(Ka) ;

/* Get KL KT */
U=U(,1:7);

Kl =U; KF=U";
fori=1[1,2,...,P] do

/* Project back */
L K% = UTK(Z-)U 3
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5 Experiments

There are two sets of experiments to evaluate the performance of these algorithms:
Factorized AlignF (AlignF_TT), AlignF, and UniMKL which takes the average of
kernels as the baseline. The first experiment runs on datasets which are generated by
a prior assumption on the data distribution. This experiment also aims to analyse
when the similarity alignment algorithms are effective in the multiple kernel learning
framework. The real world datasets are used in the second set of experiments, to
analyse the number of effective low-rank number for the Factorized AlignF algorithm.

5.1 Data and experiment setup
5.1.1 Artificially constructed datasets

The artificially constructed dataset is a complex multimodal or mixture of Gaussian
distribution [43] in which the generation process can be fully controlled. This data
is created by the mixing of clusters; each cluster is independently generated by a
Gaussian distribution and identical labels for samples in a cluster. Thus, it is an ideal
environment to evaluate the advantages and weakness of machine learning methods.

Figure 23 shows factors: oy, i, and o that influence on the generation of a sample
x. Firstly, cluster centers ;o are sampled around the origin with a variance o, by the
Gaussian distribution N(0,0,). Secondly, samples in each cluster are generated as
x ~ N (g, 0). Thus, the parameter o, controls the allocation of clusters over the data
space. Similarly, the o handles the diameter of the cloud that samples expanding in

a cluster.

N(0,0,) B

N(p,0) B

Figure 23: The graphical model of the generation process for a sample

Consequently, changing values of 0, and o will generate clusters with different
level of overlapping among them. On the other hand, it is corresponding to the
separableness of samples and will affect the performance of learning algorithms. Due
to these reasons, multiple datasets with different level of overlapping are generated



by increasing the scale of o, with an appropriate large value of o.
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Algorithm 6: Multiple artificial generated datasets generation

Input: ndim, nblock, nlabel, mblock: the number of dimension, clusters,

labels in whole data, and samples in each cluster, respectively.
Input: 0, o: variance parameters for generating centers and samples.

Input: ndata: the number of datasets
Output: Datasets {D}pdate
/* Generating cluster centers
for i =[1,2,... ,nblock] do
L Hi NN(O7UM) )
label; = rand([1, nlabel]) ;

/* Generating multiple datasets
for d=1[1,2,... ndata] do

Dg =] ;

scaleg = 1.2¢ ;

for i =[1,2,...,nblock] do

Hia = pi X scaleg ;

for k =[1,2,... ,mblock] do
x.feature ~ N (14,0) ;
x.label = label; ;
Dg.append(z) ;

By setting that ndata = 9, ndim = 2, nlabel = 4, nblock = 8, mblock = 100, 0, =
1,0 = 0.6, we can visualize datasets which generated by the Algorithm 77.
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Figure 24: Toy datasets in different scales

The corresponding linear kernels for each dataset are:

5

10 15
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Figure 25: Linear kernels in different scale datasets

Multiple kernels are generated by computing the RBF kernels in different + values.
Additionally, one linear kernel zz7 is included to the kernel set. There are 11 values
of v in the set {1077,1075 ..., 10%,10° 5}.

Finally, there are 18 artificial datasets are generated and evaluated. The set toy-
data-1 contains 8 datasets are created by using the Algorithm 6 with these parameters:
ndata = 9,ndim = 20,nlabel = 4,nblock = 8, mblock = 100,0, = 1,0 = 2.5.
Similarity, the remaining 8 toy datasets in the set toy-data-2 are generated by using
this setting: ndata = 9,ndim = 20, nlabel = 10, nblock = 40, mblock = 200, 0, =
1,0 = 2.5. The Table 1 summarizes these datasets in terms of size, label and kernels.

5.1.2 Real datasets

There 13 real datasets are evaluated: 3 public datasets, 5 bioinformatics datasets,
and 5 image annotation datasets. Three multilabel datasets Emotions, Yeast, En-
ron are downloaded from the Mulan library (http://mulan.sourceforge.net/
datasets-mlc.html). The Emotions dataset is used for the emotion detection [44]
in music where a piece of song may belong to many classes. It contains 593 songs and
6 clusters of music emotions. The Yeast dataset [45] describes 1500 genes in terms
of its micro-array expression and phylogenetic profile, along with 14 labels for gene
functional classes. The Enron dataset includes about 1700 labeled emails and the
downloaded data already be preprocessed from texts to binary vectors. There are 53
labels in this dataset, for example: company strategy, personal message, newsletters,
joke. For these datasets, multiple kernel matrices are created by the Gaussian kernel
with changing « in the set of [2713,2711 279 9=7 975 2-3 9-1 21 93]

Five bioinformatics datasets are psortPos, psortNeg, Plant, Protein, and Fin-
gerprint. Three multiclass datasets psortPos, psortNeg, Plant are getting from [46]
where kernels are based on the similarity of sequence motif, phylogenetic trees,
and BLAST E-values. The Protein is also a multiclass dataset which describes
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Samples | Labels | Kernels
Toy-data-1-scale=1.1 | 800 4 11
Toy-data-1-scale=1.4 | 800 4 11
Toy-data-1-scale=1.7 | 800 4 11
Toy-data-1-scale=2.0 | 800 4 11
Toy-data-1-scale=2.4 | 800 4 11
Toy-data-1-scale=2.9 | 800 4 11
Toy-data-1-scale=3.5 | 800 4 11
Toy-data-1-scale=4.2 | 800 4 11
Toy-data-1-scale=5.1 | 800 4 11
Toy-data-2-scale=1.1 | 8000 10 11
Toy-data-2-scale=1.4 | 8000 10 11
Toy-data-2-scale=1.7 | 8000 10 11
Toy-data-2-scale=2.0 | 8000 10 11
Toy-data-2-scale=2.4 | 8000 10 11
Toy-data-2-scale=2.9 | 8000 10 11
Toy-data-2-scale=3.5 | 8000 10 11
Toy-data-2-scale=4.2 | 8000 10 11
Toy-data-2-scale=5.1 | 8000 10 11

Table 1: Toy datasets summarization

the functions of transporter proteins and is downloaded from the TCDB database
(http://www.tcdb.org/public/). There are 4 kernels based on BLAST score with
UniPro, taxonomy information, protein family, and BLAST score with TCDB. The
Fingerprint data are taken from [47] which contains 1000 mass spectra and corre-
sponding 101 labels of molecular fingerprints.

Five images datasets Coredk, Espgame, laprtcl2, Mirflickr, and Pascal are taken
from [47]. Noted that, these are originally come from [48] but this work uses the
smaller version of them [47] which contains a subset of 1000 samples. There are
15 precomputed numerical vector features for each sample in these datasets and
multiple kernels are generated by using the linear kernel. According to [47], some
labels are extremely unbalance, so these data labels are filtered to include labels that
exist more than 2% of positive.

In summary, the Table 2 contains key information about 13 datasets:

5.1.3 Experiments setup

The Support Vector Machine is the learning algorithm that used in all experiments as
datasets are labeled and only using the kernel information. The Scikit-learn library
in Python [49] is used for SVM algorithm implementation, stratified sampling, kernel
centering, grid search parameters, and performance metric evaluation functions.

In a dataset, the 5-fold nested cross validation is done to get the average perfor-
mance for Multiple Kernel Learning algorithms: AlignF, Factorized AlignF, UniMKL.
In a fold, the training kernels is created and centered before inputting it into MKL
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Samples | Labels | Kernels

Emotions 593 6 9

Yeast 1500 13 9

Enron 1702 24 9

Fingerprint | 1000 101 12
Protein 1060 30 4

Corel5k 1000 37 15
Espgame 1000 52 15
Taprtc1?2 1000 67 15
Miflickr 1000 15 15
Pascal07 1000 6 15
psortPos 541 1 69
psortNeg 1444 1 69
Plant 940 1 69

Table 2: Real world datasets summarization

algorithms. Each MKL algorithm takes a list of centered training kernels and the
normalized target kernel which is built from samples labels. After calling MKL
algorithms, they return the linear combination weights for kernels. Follow that, the
final training kernel is taken as the weighted sum of training kernels. In training
the SVM model, the C' parameter is optimized by splitting the training data to 5
parts and evaluated the predictive performance in 1 part with the learned model in
4 parts. The search range of C' is in the set of {1074,1073,...,10% 10°} to pick the
best C value in terms of predictive performance.

In the testing phase, the testing kernel are also centered according to the combined
training kernel. In calling the SVM solver, we use the C-Support Vector Classification
(SVC) of the Scikit-learn library. In multiclass classification problems, two schemes
are one-vs-one and one-vs-all SVM. In 13 real world datasets, the label are created
as a matrix as there are more than one label for a sample in some datasets. In the
label matrix, each row stands for a sample and a column is the binary indicator
for all samples that whether it belongs to a specific label or not. Then, each SVM
calling for each label is a binary classification problem or one-vs-all in the multiclass
classification problems. In toy datasets, we use the default one-vs-one SVM and
performance metric functions of the Scikit-learn library for multiclass classification
[50].

In these experiments, the target kernel is built one time for all labels rather
than one target kernel for a label. For example, the label vectors y; = [a, b, ¢] and
y; = la, c] then K(y;,y;) = 2/3 as the common label set [a, | is 2 items over 3 labels
in total. For single label datasets, the target kernel follows the rule in (34).

In term of AlignF TT algorithm, there is one tuning parameter which is the
low-rank r of the SVD decomposition. In this work, r is set to be {5 as the default
value whenever it is not clearly stated the value, where n is the number of data
sample.
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Evaluation measurements The average of Accuracy, Micro F1, and Marco F1
over 5-fold are used to compare the predictive performance of algorithms.

5.2 Results
5.2.1 Artificial constructed datasets

In the set toy-data-1 There are 8 datasets which are generated in an identical
process with increasing the distance among cluster centers. Figure 26, 27, 28 show
how the algorithms performance change in different samples distribution. Each tick
in the z-axis is according to a dataset and a tick label is the scale number in the
generating process. When increasing the scale, data clusters are less clutter and over-
lapping as clearly showed in Figure 24. Additionally, Table 3, 4, 5 shows evaluation
measurements of MKL algorithms on different artificial constructed datasets.

Scale= 1.2 1.44 1.73 2.07 2.49 2.99 | 3.58 | 4.3 5.16
AlignF 63.125 | 73.875 | 83.875 | 92.375 | 96.625 | 98. | 99.75 | 99.875 | 99.875
AlignF_TT | 62.75 74.125 | 83.875 | 92.625 | 96.5 98. | 99.75 | 99.875 | 100.
UniMKL 62.875 | 75.25 | 83.125 | 91.125 | 94.75 98. | 99.75 | 99.875 | 99.875

Table 3: Toy-data-1: Accuracy change in different datasets

Accuracy :average 5 folds cross validation : 800 samples, 4 labels

100l| ®—* AlignF
e—e AlignF_TT
95| @—e UniMKL -

90|

85}

80|

Percentage

75}

1.2 1.44 1.73 2.07 2.49 2.99 3.58 4.3 5.16
Increasing distance between cluster centers

Figure 26: Toy-data-1:Accuracy change in different datasets

Scale= 1.2 1.44 1.7 | 2.07 | 2.49 | 2.99 | 358 | 4.8 | 5.16
AlignF 62.35 | 73.01 | 83.82 | 92.06 | 96.51 | 97.92 | 99.79 | 99.9 | 99.9
AlignF_TT | 61.7 73.29 | 83.73 | 92.22 | 96.41 | 97.92 | 99.79 | 99.9 | 100.
UniMKL 62.17 | 74.23 | 82.64 | 91.22 | 95.07 | 97.99 | 99.79 | 99.9 | 99.9

Table 4: Toy-data-1:The macro-F1 change in different datasets




48

Fl-macro :average 5 folds cross validation : 800 samples, 4 labels
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Figure 27: Toy-data-1:The macro-F1 change in different datasets

Scale= 1.2 1.44 1.73 | 2.07 | 249 | 2.99 | 3.58 | 4.8 5.16
AlignF 63.12 | 73.88 | 83.87 | 92.38 | 96.62 | 98. | 99.75 | 99.88 | 99.88
AlignF_TT | 62.75 | 74.12 | 83.88 | 92.62 | 96.5 98. | 99.75 | 99.88 | 100.
UniMKL 62.87 | 75.25 | 83.12 | 91.13 | 94.75 | 98. | 99.75 | 99.88 | 99.88

Table 5: Toy-data-1:The micro-F1 change in different datasets

At the scale are 1.2, 1.44, the heavy overlapping among clusters are observed at
Figure 24 and 25, the alignment algorithms (AlignF, AlignF_TT) do not outperform
the simple UniMKL strategy. The performance of AlignF, AlignF TT are better
when the scale increasing or data clusters are less clutter. For example, the accuracy
improvement are 0.1%, 1.5% 1.9% when the scale = 1.73, 2.07, 2.49, respectively.
When the clusters are well separable at the scale = 2.99, 3.58, 4.3, 5.16, the
performance of 3 algorithms are higher than 95% and almost the same. Interestingly,
when the scale is 5.16, only the proposed AlignF TT algorithm is getting 100% in
terms of accuracy, micro-F1, and macro-F1.

In the set toy-data-2 There 8 datasets includes more labels (10 vs 4), clusters
(40 vs 8), and samples (8000 vs 800) than datasets in the set of toy-data-1. In these
datasets, the level of overlapping among clusters is higher than datasets in toy-data-1
as more samples and clusters. Similarly, the accuracy, macro-F1, micro-F1 are shown
in Table 6, 7, 8 and Figure 29, 30, 31 .

Scale= 1.2 1.44 1.78 1 2.07 | 2.49 | 2.99 | 3.58 | 4.3 5.16
AlignF 19.34 | 25.04 | 35.06 | 42.37 | 50.76 | 56.4 58.46 | 60.69 | 62.44
AlignF_TT | 18.18 | 23.27 | 35.09 | 42.37 | 51.14 | 57.04 | 59.16 | 60.8 | 62.44
UniMKL 19.66 | 24.4 32.66 | 39.29 | 47.4 593.55 | 56.54 | 57.37 | 57.71

Table 6: Toy-data-2: Accuracy change in different datasets
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F1l-micro :average 5 folds cross validation : 800 samples, 4 labels
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Figure 28: Toy-data-1:The micro-F1 change in different datasets

Accuracy :average 5 folds cross validation : 8000 samples, 10 labels
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Figure 29: Toy-data-2:Accuracy change in different datasets

As in the set toy-data-1, there are no considerable performance improvement when
datasets are generated in the small scale, at 1.2, 1.44. However, the performance
of the AlignF TT relatively decreases in these cases, around 1% lower than other
algorithms. Similarly, increasing the scale shows the effectiveness of kernel alignment
algorithms. In terms of accuracy, the performance improvement varies from 3% to
around 5%.

These results indicates that the kernel alignment algorithms are useful when
data are form by clusters and enough separable among them. The study [47] shows
that the kernel alignment algorithms is equivalent to the non-negative least square
between the vectorization of kernels. As the target kernel is also well-formed to
clusters, a possible explanation for this might be that the alignments are more likely
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Scale= 1.2 1.44 1.73 | 2.07 | 2.49 | 2.99 | 3.58 | 4.3 5.16

AlignF 21.31 | 27.18 | 37.34 | 43.97 | 51.84 | 56.98 | 58.54 | 61.13 | 63.97
AlignF_TT | 19.75 | 25.62 | 37.35 | 44.14 | 52.41 | 57.78 | 59.45 | 61.17 | 63.97
UniMKL 21.51 | 26.43 | 34.83 | 40.65 | 48.38 | 53.68 | 55.83 | 56.83 | 57.61

Table 7: Toy-data-2:The macro-F1 change in different datasets

F1-macro :average 5 folds cross validation : 8000 samples, 10 labels
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Figure 30: Toy-data-2:The macro-F1 change in different datasets
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to be effective when other kernels reflect the cluster information.
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Scale= 1.2 1.44 1.78 | 2.07 | 2.49 | 2.99 | 3.58 | 4.3 5.16

AlignF 19.34 | 25.04 | 35.06 | 42.37 | 50.76 | 56.4 58.46 | 60.69 | 62.44
AlignF_TT | 18.18 | 23.27 | 35.09 | 42.37 | 51.14 | 57.04 | 59.16 | 60.8 | 62.44
UniMKL 19.66 | 24.4 32.66 |39.29 | 474 53.55 | 56.54 | 57.37 | 57.71

Table 8: Toy-data-2:The micro-F1 change in different datasets

F1-micro :average 5 folds cross validation : 8000 samples, 10 labels
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Figure 31: Toy-data-2:The micro-F1 change in different datasets




5.2.2 Real-world datasets
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Fixing the low-rank number for the AlignF_TT algorithm The predictive
performance of algorithms are reported in the form of average number and variance

over 5 folds.

AlignF AlignF__TT | UniMKL
Emotions 81.86+0.09 | 81.6440.08 81.95+0.08
Yeast 79.75+£0.06 | 79.77+0.05 | 79.5540.05
Enron 91.340.0 91.340.0 91.22+0.01
Fingerprint | 86.184+0.04 | 85.51+0.04 85.94+0.03
Protein 83.95+0.07 | 83.87£0.08 83.6+0.07
corel5k 96.09+0.03 | 96.0+0.03 96.05+0.03
espgame 94.78+0.02 | 94.740.02 94.7140.02
taprtcl1?2 94.53+0.02 | 94.57+0.02 | 94.4140.02
marflickr 97.16+0.02 | 97.1440.02 97.11£0.02
pascal07 97.53+0.03 | 97.4940.04 97.52+0.04
psortPos 94.83+0.1 | 94.38%+0.19 91.5240.17
psortNeg 96.67+0.08 | 96.17£0.08 94.73+0.11
plant 96.28+0.07 | 95.4840.06 87.5+0.09

Table 9: The accuracy of algorithms over 13 datasets

AlignF AlignF_TT | UniMKL
Emotions 67.97+0.2 67.92+0.23 68.02+0.23
Yeast 46.36+0.12 | 46.48+0.09 | 45.12+0.14
Enron 32.52+0.11 | 32.2140.08 30.39+0.2
Fingerprint | 86.1£0.06 | 85.5240.05 85.7940.02
Protein 37.33+0.19 | 36.5740.27 35.49+0.24
corelsk 49.68+0.5 48.66+0.44 52.65+0.53
espgame 9.1+0.14 8.47+£0.15 9.5+0.07
taprtcl?2 10.73+0.17 | 11.7640.15 10.4840.06
marflickr 5.384+0.39 5.984+0.33 5.034+0.34
pascal07 28.3+0.49 | 27.3140.36 29.44+0.6
psortPos 89.17+0.24 | 87.92+0.44 83.1640.38
psortNeg 91.26+0.21 | 89.9440.21 86.5140.25
plant 91.55+0.14 | 89.9440.11 71.78+0.21

Table 10: The Macro-F1 of algorithms over 13 datasets

In bioinfomatics datasets: psortPos, psortNeg, plant, the performance of kernel
alignment algorithms are higher than the UniMKL. These numbers of the algorithm
AlignF_TT are lower than AlignF' and this gap is around 1%. In other datasets, the
predictive performance of algorithms are quite similar and no clear outperformance
is witnessed.



AlignF AlignF_TT | UniMKL
Emotions 68.33+£0.15 | 68.2540.13 68.44+0.16
Yeast 65.44+0.1 | 65.13£0.1 65.06£0.1
Enron 61.114+0.08 | 61.240.07 60.14+0.04
Fingerprint | 86.2+0.05 | 85.61£0.05 85.9£0.02
Protein 58.43+0.14 | 58.72+0.22 | 57.3£0.22
coreldk 52.24+0.39 50.31£0.34 53.840.27
espgame 16.91+0.32 | 15.9340.2 16.894+0.21
taprtcl?2 19.974+0.19 | 20.894+0.24 | 19.74+£0.12
marflickr 7.03+0.46 7.38+0.42 6.51+0.39
pascal07 33.02+£0.54 | 31.8140.42 33.74+0.64
psortPos 89.67+0.2 | 88.76+0.38 83.0440.34
psortNeg 91.68+0.19 | 90.44+0.19 86.834+0.27
plant 92.56+0.15 | 90.96+0.12 75.0+0.17
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Table 11: The Micro-F1 of algorithms over 13 datasets

Performance of the AlignF _TT in different low-rank numbers This sec-
tion presents the performance of AlignF_TT algorithm in terms of changing the
low-rank numbers r. The low-rank 7 is from 1 to half the number of training sample.

Generally, when increasing the low-rank number, the performance of AlignF_TT
algorithm also rises. Figures also show that the effective low-rank number is around
10% of data examples in order to get the comparable performance with the AlignF
algorithm. For example, this observation is clearly recognized in the Yeast dataset
at Figure 32.

The second observation is that the performance increase is not always proportional
to the low-rank increasing. It happens in Emotions, Protein, and espgame datasets.
In the Emotions dataset, all evaluation measurements are generally increasing in
higher low-rank numbers but not in sometimes. For example, Figure 33 shows a gap
of decreasing 0.4% accuracy when the rank increasing from 125 to 130.

In the higher ranks, it is also witnessed some performance improvement in around
1% better AlignF algorithm in the Fingerprint, iaprtc12, mirflickr data. For instance,
Figure 34 presents that the AlignFTT algorithm procedures a better accuracy and
around 2% improvement in terms of Micro and Macro F1 than other algorithms in
the iaprtc12 dataset.

In psortPos, psortNeg and plant datasets, the AlignF algorithm outperforms than
other algorithms in all criteria. In these datasets, the AlignF TT returns a better
performance than UniMKL algorithm but lower than the AlignF algorithm. The
AlignF_TT performance gap varies from 0.5% to 1.5% decreasing from the AlignF
algorithm. We can witness this observation in different low-rank numbers in the
psortPos dataset at Figure 35.

The remaining figures for other datasets are presented in the Appendiz section.
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Figure 32: AlignF_TT performance in different low-rank numbers in Yeast data
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Figure 33: AlignF_TT performance in different low-rank numbers in Emotions data
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Figure 34: AlignF_TT performance in different low-rank numbers in iaprtc12 data
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Figure 35: AlignF_TT performance in different low-rank numbers in psortPos data
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Running time in different low-rank numbers The running time are reported
in 4 datasets: Emotions, Enron, psortPos, psortNeg. The reason is EFmotions contains
the small number of samples and kernels whereas psortNeg has many of them. The
Enron data stands for the case of many samples and small number of kernels while
psortPos contains a lot of kernels and few samples.

The pre-calculation time includes the time for centering kernels of AlignF. In
AlignF_T'T, this number is the duration for decomposing the tensor of kernels and
precomputed common parts of kernel matrices. The calculation time is remaining
time to run steps to get the kernel alignment result. Moreover, the red and blue line
in these figures describe the precalculation time and the total running time of the
AlignF algorithm, respectively.
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Figure 36: AlignF_TT running time in different low-rank numbers in Emotions data

Decomposing the tensor of kernels is one of the most costly steps. In Enron
and psortNeg datasets, many data samples requires longer running time for the
decomposition step. This decomposition time is even longer than the total running
time of AlignF algorithm. For example, in Figure 37, the AlignF requires around
3 seconds to run but the decomposition of the tensor € RIT02x1702x9 peeds more
than 4 seconds to finish. On the other hand, Figure 36 shows that the AlignF TT
algorithm is faster than AlignF in terms of running time when calling it with a small
number of low-rank components. This happens when decomposing a smaller tensor
of kernels which size is RP93x593x6] in the Emotions data.

Similarly, in Emotions and Enron datasets, when the number of kernels is small,
the precalculation step always takes the most of the computation time. In these
datasets, the calculation step also requires more time when the number of low-rank
increasing.

For the AlignF_TT algorithm, when there are many kernels available, increasing
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Figure 37: AlignF_TT running time in different low-rank numbers in Enron data
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Figure 38: AlignF TT running time in different low-rank numbers in psortPos data

the low-rank number leads to cost much more time to finish the calculation step.
Figure 38, 39 show this observation in the psortPos and psortNeg data. In this case,
the multiplication of low-rank matrices is not effective when the low-rank is relatively
high. Nevertheless, when the low-rank number is less than 10% of training examples,
the calculation step of the AlignF_TT is faster than the one of AlignF algorithm
if the data size is small. This happens in the psortPos Emotions datasets with 541
and 593 samples, respectively (Figure 38, 36).
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6 Discussion

This study set out to explore the tensor learning perspective in multiple kernel learning
problems. An optimal decomposition for a tensor of kernels has been proposed after
analysing different tensor decomposition algorithms. This decomposition returns
a common left and right matrices for all kernels and each kernel specific matrix in
the size [r x r] where r is the number of low-rank components. These decomposed
matrices have been used to derive a novel kernel alignment algorithm (AlignF_TT)
which is based on the centre kernel alignment algorithm (AlignF).

Experiments show that the proposed algorithm performance is higher than AlignF
in artificially constructed datasets and comparable in real-world datasets, regarding
to the predictive accuracy. The experiment in artificially constructed datasets also
suggests that the kernel alignment algorithms perform well when data samples are
taken from a multimodal distribution. The second major finding is that the small
number of low-rank components is enough for compressing a tensor of kernels and
leading to the comparable performance in the AlignF TT algorithm.

A limitation of the proposed algorithm is that its running time is not faster
than the AlignF algorithm in datasets which contain the large samples size. The
explanation is the high cost of calling SVD in the decomposition step. To reduce the
computational complexity of this step, the Randomize Singluar Value Decomposition
algorithm [51] can be used to open the possibility of running AlignF_TT with
massive datasets.

Further works will focus on finding new applications for these proposed algorithms:
the optimal decomposition for multiple kernels and the AlignF_TT algorithm. The
AlignF TT algorithm is easy to extend to other kernel learning problems; for example:
pairwise kernel learning where the Kronecker product kernel is applied. In this case,
all computational steps can be done without explicitly computing and storing the
Kronecker product of kernels. It would be interesting to do the triple-wise kernel
learning which models the relations among three objects which given by multiple
kernels. For this problem, the use of the Kronecker product kernel is infeasible and
only approximation algorithms can be applied; for example: the proposed algorithms.
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A.1 The accuracy vs low-rank number
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Figure Al: AlignF_TT performance in different low-rank numbers in Enron data
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