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Résumé

Les méthodes de réseau de tenseurs (TN) ont été un ingrédient essentiel des progres de
la physique de la matiere condensée et ont récemment suscité 'intérét de la communauté
de I'apprentissage automatique pour leur capacité a représenter de maniere compacte des
objets de tres grande dimension. Les méthodes TN peuvent par exemple étre utilisées
pour apprendre efficacement des modeles linéaires dans des espaces de caractéristiques
exponentiellement grands [1]. Dans ce manuscrit, nous dérivons des limites supérieures et
inférieures sur la VC-dimension et la pseudo-dimension d’une grande classe de Modeles TN
pour la classification, la régression et la complétion . Nos bornes supérieures sont valables
pour les modeles linéaires paramétrés par structures TN arbitraires, et nous dérivons des
limites inférieures pour les modeles de décomposition tensorielle courants (CP, Tensor
Train, Tensor Ring et Tucker) montrant I’étroitesse de notre borne supérieure générale. Ces
résultats sont utilisés pour dériver une borne de généralisation qui peut étre appliquée a la
classification avec des matrices de faible rang ainsi qu’a des classificateurs linéaires basés
sur 'un des modeles de décomposition tensorielle couramment utilisés. En corollaire de
nos résultats, nous obtenons une borne sur la VC-dimension du classificateur basé sur le
matriz product state introduit dans [1] en fonction de la dimension de liaison (i.e. rang
de train tensoriel), qui répond a un probleme ouvert répertorié par Cirac, Garre-Rubio et

Pérez-Garcia [2].

Mots clés: réseau de tenseur, décomposition de tenseur, VC-dimension, apprentissage

supervisé






Abstract

Tensor network (TN) methods have been a key ingredient of advances in condensed mat-
ter physics and have recently sparked interest in the machine learning community for their
ability to compactly represent very high-dimensional objects. TN methods can for example
be used to efficiently learn linear models in exponentially large feature spaces [1]. In this
manuscript, we derive upper and lower bounds on the VC-dimension and pseudo-dimension
of a large class of TN models for classification, regression and completion. Our upper
bounds hold for linear models parameterized by arbitrary TN structures, and we derive
lower bounds for common tensor decomposition models (CP, Tensor Train, Tensor Ring and
Tucker) showing the tightness of our general upper bound. These results are used to derive
a generalization bound which can be applied to classification with low-rank matrices as well
as linear classifiers based on any of the commonly used tensor decomposition models. As a
corollary of our results, we obtain a bound on the VC-dimension of the matrix product state
classifier introduced in [1] as a function of the so-called bond dimension (i.e. tensor train

rank), which answers an open problem listed by Cirac, Garre-Rubio and Pérez-Garcia [2].

Key words: Tensor network, Tensor decomposition, VC-dimension, Supervised learn-

ing
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Introduction

We know vectors and matrices as 1-dimensional and 2-dimensional arrays respectively.
Tensors are the generalization of vectors and matrices to higher-order arrays. Therefore,
vectors are first-order tensors and matrices are second-order tensors. One important place
in machine learning (ML) where vectors and matrices are extensively used is in dealing with
data with grid-like structure. Structured data can have different number of dimensions. A
classical example of 1-dimensional data is the data with temporal dependence or time series,
e.g., audio data, which is naturally represented as a vector whose entries are the frequencies
recorded at each time step. Grey-scale images on the other hand, are well-known examples
of 2-dimensional objects that are represented by matrices, where the entries of the matrix
record the intensity of the color at the corresponding pixel of the image.

If we now consider RGB images, we need three such matrices to record the intensities
over the three red, green and blue channels and in this case, a convenient way to keep all
this information is to use a structured data type like a third-order tensor. By continuing
this discussion to more and more complex data, like videos, which add time as the fourth
dimension to the story, we observe how higher and higher-order tensors can be seen as
natural candidates to represent specific types of data. This being said, which data type
to take to represent the data points is a choice that among other factors depends on the
learning model as well. While a neural network with fully-connected neurons takes the
vectorization of images as input, in order to implement a convolutional neural network
model on image data the matrix structure of images has to be kept.

Now, as we consider tensors of higher order, they become more expensive to deal with.
That is because the number of entries grows exponentially with the order of the tensor; a
vector of dimension d has d entries, a d X d matrix has d? entries, and so on, a p-th order
tensor with dimension d along all its modes has d?” parameters. This fact makes it costly to
work with high-order tensors. Tensor decomposition techniques get around this problem by
decomposing a high-order tensor into lower-order components that compared to the initial
tensor, have considerably less parameters. This idea is the generalization of the well-known
low-rank decomposition of matrices in linear algebra, to the realm of multi-linear algebra.

There exist many types of tensor decompositions, such as CP decomposition [10], Tucker



decomposition [11] and tensor train (TT) decomposition [12], to name a few. As the order
of tensors increases, the ordinary notation of multi-linear algebra results in very lengthy
expressions to represent operations on tensors even for the simplest tensor decompositions,
let alone if for any reason, some more complicated decomposition is required. This negatively
affects the tractabilty of tensor operations, and hence the introduction of tensor networks.
Tensor networks (TNs) have emerged in the quantum physics community as a mean to
compactly represent wave functions of large quantum systems [13, 14, 15] which are tensors
of potentially very high orders. Their introduction in physics can be traced back to the
work of Penrose [16] and Feynman [17].

As a generalization of specific tensor decompositions, TN methods rely on factorizing a
high-order tensor into small factors and have recently gained interest from the machine
learning community for their ability to efficiently represent and perform operations on very
high-dimensional data and high-order tensors.

Yet, the practicality of tensors is not restricted to data representation. A prevailing appli-
cation of tensors is in parameterizing large machine learning models more efficiently. One
of the first steps in this direction was done in [18], where tensor decomposition techniques
are used to compress fully-connected layers in neural networks by first tensorizing the
corresponding dense weight matrices. An important concern in working with modern
deep networks is the huge number of their parameters which to some extent is due to the
fully-connected (FC) layers. This number can reach orders of magnitude of millions due
to both the input representation and output layers having large dimensions. The authors
of [18] propose to reshape the FC layer into a high-order tensor before applying a low-rank
tensor approximation to it and report a compression factor around 7 on the VGG network.
This reshaping of low-order arrays into high-order tensors has proved better performance in
case of matrix completion [19] as well and has become a common practice in completion
tasks [19, 20, 21].

Apart from their successful application in compressing large neural networks[18, 22,
23, 24, 25|, high-order tensors have been used in designing novel approaches to su-
pervised [1, 26, 27| and unsupervised [28, 29, 30] learning. Most of these methods
leverage the fact that TN can be used to efficiently parameterize high-dimensional linear
maps, which is appealing from two perspectives: it makes it possible to learn models in
exponentially large feature spaces and it acts as a regularizer, controlling the capacity of the
class of hypotheses considered for learning. As another application, [31] takes advantage
of tensor decomposition techniques to estimate the parameters of common latent variable
models, such as Gaussian mixture model (GMM) and Hidden Markov model (HMM), in the
framework of the method of moments. Their key observation is the natural representation
of the n-th order moment by a n-th order tensor and using tensor decomposition methods

to solve the corresponding equations.
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Besides these applications, on the theory side, tensor networks served to the development
of new insights on the expressiveness of deep neural networks [7, 32, 33, 34]. Especially,
in [7] the statement deeper models are exponentially more expressive than shallower models,
or depth efficiency in short, was examined theoretically for convolutional arithmetic circuits
(CAC).

Regarding the studies on the theoretical foundations of tensor networks, while the expressive
power of TN models has been studied recently [35, 36|, the focus has mainly been on the
representation capacity of TN models, but not on their ability to generalize in the context
of supervised learning tasks. In this work, we study the generalization ability of TN models
by deriving lower and upper bounds on the VC-dimension and pseudo-dimension of TN
models commonly used for classification, completion and regression, from which bounds
on the generalization gap of TN models can be derived. Using the general framework of
tensor networks, we derive an upper bound for models parameterized by arbitrary TN
structures, which applies to all commonly used tensor decomposition models [37] such as
CP [10], Tucker [38] and tensor train (TT)) [12], as well as more sophisticated structures
including hierarchical Tucker [39, 40], tensor ring (TR) [41] and projected entangled state
pairs (PEPS) [42].

The goal of supervised learning is to learn a function f mapping inputs z € X to
outputs y € Y from a sample of input-output examples S = {(x1,1), - ,(n,Yn)} drawn
from an unknown distribution D where each y; ~ f(x;). Given a space of hypothesis
H C Y%, one natural objective is to find the hypothesis h € H minimizing the risk
R(h) = E¢y~p l(h(x),y) where £ : Y x Y — R, is a loss function measuring the quality of
the predictions made by h. However, since the distribution D is unknown, machine learning
algorithms often rely on the empirical risk minimization principle which consists in finding
the hypothesis h € # that minimizes the empirical risk Rg(h) = Ly (@) ). Tt
is easy to see that the empirical risk is an unbiased estimator of the risk (though, notice
that this is only true if we have not used the sample S to learn a minimizer function
huin € H, which is by default assumed) and one of the focus of learning theory is to provide
guarantees on the quality of this estimator. Such guarantees include generalization bounds,
which are probabilistic bounds on the generalization gap R(h) — Rg(h) The generalization
gap naturally depends on the size of the sample S, but also on the richness (or capacity,
complexity) of the hypothesis class H. There exist several ways to measure the complexity
of H including VC-dimension, Rademacher complexity, covering numbers and packing
numbers[43, 8, 44, 45].

In this work, we focus on two combinatorial measures of comlexity, VC-dimension for
classification, and pseudo-dimension for regression and completion. For the classification
task, we consider the class of linear models h : X > sign((X, W)) taking p-th order tensors

X € R4X*db a5 input and whose weight tensor W is compactly represented using some
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tensor network. Our analysis proceeds mainly in two steps. First, we formally define the
notion of TN learning model by disentangling the underlying graph structure of a TN from
its parameters (the core tensors, or factors, involved in the decomposition). This allows
us to define, in a conceptually simple way, the hypothesis class Hg corresponding to the
family of linear models whose weights are represented using an arbitrary TN structure G.
We then proceed to deriving upper bounds on the VC-dimension and generalization error
of the class Hg. For the regression and completion tasks a quite similar approach results
in the same bound on the pseudo-dimension. These bounds follow from a classical result
from Warren [46] which was previously used to obtain generalization bounds for neural
networks [47], matrix completion [4], tensor completion [48] as well as probability classes
based on quantum circuits [49]. The bounds we derive naturally relate the capacity of Hg
to the underlying graph structure GG through the number of nodes and effective number
of parameters of the TN. To assess the tightness of our general upper bound, we derive
lower bounds for particular TN structures (rank-one, CP, Tucker, TT and TR). These lower
bounds show that, for completion, regression and classification, our general upper bound
is tight up to a log factor for rank-one, TT and TR tensors, and is tight up to a constant
for matrices. This implies that our upper bound for tensor networks in general is tight; but
better upper bounds for specific tensor network structures could be derived in the future.
Lastly, as a corollary of our results, we obtain a bound on the VC-dimension of the tensor
train classifier introduced in [1], which answers one of the open problems listed by Cirac,

Garre-Rubio and Pérez-Garcia in [2].

Related work Machine learning models using low-rank parametrization of the weights
have been investigated (mainly from a practical perspective) for various decomposition
models, including low-rank matrices [50, 51, 52|, CP [53, 54, 55], Tucker [56, 57, 58, 59|,
tensor train [19, 60, 26, 1, 27, 61, 62, 63, 64| and PEPS [65]. From a more theoretical
perspective, generalization bounds for matrix and tensor completion have been derived
in [4, 48] (based on the Tucker format for the tensor case). A bound on the VC-dimension
of low-rank matrix classifiers was derived in [52] and a bound on the pseudo-dimension of
regression functions whose weights have low Tucker rank was given in [59] (for both these
cases, we show that our results improve over these previous bounds, see Section 3.3.1).
To the best of our knowledge the VC-dimension of tensor train classifiers has not been
studied in the past, but the statistical consistency of the convex relaxation of the tensor
completion problem was studied in [66, 67] for the Tucker decomposition and in [68]
for the tensor train decomposition. In [69] the authors study the complexity of learning
with tree tensor networks using the notion of metric entropy and covering numbers. They
provide generalization bounds which are qualitatively similar to ours, but their results only

hold for TN structures whose underlying graph is a tree (thus excluding models such as
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CP, tensor ring and PEPS) and they do not provide lower bounds. Lastly, in [49], the
expressive power of a class of quantum circuits is studied using the pseudo-dimension.
The pseudo-dimension is bounded in terms of the dimension of the qudits, the depth of
the quantum circuit and the number of unitaries in the circuit. The setup of the problem
as well as the techniques used to upper-bound the pseudo-dimension are very similar to
our study. In their work, they consider two different setups. The first one has a fixed
circuit structure, resulting in their upper-bound in Theorem 3.3, which is similar to the
general upper-bound that we provide in Theorem 8. In the second setup, they consider
variable circuit structure with fixed depth and fixed total number of unitaries, but otherwise
arbitrary architecture. In this case the upper-bound takes a depth dependence as stated in
Theorem 3.7. For this part of their work, we did not do a similar study on TNs. Regard-

ing the tightness of their bounds, they do not provide lower-bounds on the pseudo-dimension.

Summary of contributions We introduce a unifying framework for TN-based learn-
ing models, which generalizes a wide range of models based on tensor factorization for
completion, classification and regression. This framework allows us to consider the class
He of low-rank TN models for a given arbitrary TN structure G (Section 3.1.1). We
provide general upper bounds on the pseudo-dimension and VC-dimension of the hypothesis
class Hg for arbitrary TN structure G for regression, classification and completion. Our
results naturally relate the capacity of Hs to the number of parameters of the underlying
TN structure G (Section 3.3). From these results, we derive a generalization bound for
TN-based classifiers parameterized by arbitrary TN structures (Theorem 10). We compare
our results to previous bounds for specific decomposition models and show that our
general upper bound is always of the same order and sometimes even improves on previous
bounds (Section 3.3.1). We derive several lower bounds showing that our general upper
bound is tight up to a log factor for particular TN structures (Section 3.4). A summary
of the lower bounds derived in this work, as well as upper bounds implied by our general
result for particular TN structures, can be found in Table 3.1.

This thesis is based on a paper published at NeurIPS 2021 by the author and their supervi-
sor [70]. The content of the paper is mainly included in Chapter 3 of this manuscript.

The outline of the thesis is as follows. We start Chapter 1 by introducing tensors as the
generalization of vectors and matrices to arrays of higher order and we continue by defining
the main tensor operations. Then, we present tensor networks as a convenient graphical
notation for dealing with tensor decompositions of high-order tensors. Following that, we
introduce different notions of rank for high-order tensors and study several common tensor
networks in more details. Also, we review some supervised learning models in the literature
which are based on those tensor network structures [1, 7]. Then, we see the equivalence of

some tensor network models with specific sum-product neural networks and briefly review
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how this equivalence can be used to show the depth efficiency in neural networks [7].
Chapter 2 goes over some basic concepts in supervised learning theory; we study the
generalization bound for binary classification models with both finite and infinite hypothesis
classes. Closely related to that, we define the VC-dimension of binary-valued function
classes and upper-bound the generalization gap in terms of the VC-dimension. We end
this chapter by explaining how a similar notion of complexity, called the pseudo-dimension,
is defined for the class of real-valued functions and serves to quantify the complexity of
hypothesis classes for regression and completion tasks.

Chapter 3 mainly contains the content of our paper [70]. We include our two main theorems
on the upper and lower bounds on the VC/pseudo-dimensions of tensor network models.
To make it easier to follow the details of our analysis, here we have expanded some parts of
the paper. Furthermore, while in the paper the calculation of our lower bounds are put in
the appendices, in the thesis we have included all those calculations in the main body of the
fourth chapter. We have also added some examples of those proofs for tensor networks of
relatively low order. Chapter 4 gives a short summary of our results along with commenting
on several possible future directions.

Finally, we devote Appendices A to D to lengthier calculations or proofs of theorems and

lemmas.
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Notations

set of integers from 1 to k
set of integers from h to k
cardinality of the set S, absolute value of the scalar a
Kronecker symbol: equals 1 if ¢ = 5 and 0 otherwise
scalar, vector, matrix, tensor
n X n identity matrix
trace of the matrix M
inner product between vectors, matrices or tensors
Frobenius norm
k-th order tensor (k-fold tensor) product of the vector space V
i-th row of M, j-th column of M, k-th mode-1 slice of T~
mode-k matricization of the tensor T~
outer product between vectors, matrices or tensors
Kronecker product (for vectors, matrices and higher-order tensors)
mode-£k£ matrix product
probability of an event
expectation of a random variable
Sign function
the space of functions f: X +— Y






Chapter 1

Tensors and Tensor Networks

1.1. Introduction

This whole chapter is a brief review of some basic concepts in the tensor network liter-
ature which are tightly related to the subject of our study. The goal of this chapter is to
give a comprehensive view of tensors and tensor operations as well as some relevant tensor
decompositions in the tensor network representation. We review two well-known algorithms
used to build some specific tensor decompositions. We also give some examples of tensor
network models used in supervised learning tasks like classification and show how some of

them are equivalent to specific neural network models.

1.2. Notation

In this section, we present basic notions of tensor algebra and tensor networks. We
start by introducing some notations. For any integer k we use [k| to denote the set of
integers from 1 to k. For a set S, the notation |S| represents the cardinality of the
set. We use lower case bold letters for vectors (e.g. v € R%), upper case bold letters
for matrices (e.g. M € R%*%) and bold calligraphic letters for higher order tensors (e.g.
T € RUxd2xds)  The inner product of two k-th order tensors 8,7 € R¥**dk is defined
by (T,S8) = 2?11:1 . Z?::l Ti,..i.Si.i,- The outer product of two vectors u € R% and
v € R% is denoted by uov € R"*% with elements (uo v);; = w;v;. The outer product
generalizes to an arbitrary number of vectors. We use the notation (R?)®P to denote the

space of p-th order hypercubic tensors of size d x d x --- x d. We denote by Y the space of

p times

functions f : X — ). sign(-) stands for the sign function. Finally, given a graph G = (V,E)
and a vertex v € V, we denote by E, = {e € E | v € e} the set of edges incident to the

vertex v.
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Figure 1.1. Tensor network representation of common operations on matrices and vectors.

1.3. Tensors and Tensor Networks

A tensor T € R“**db can simply be seen as a multidimensional array of scalars
(Tiy, i, © in € [dy],n € [p]). Tensors can be seen as the generalization of vectors and
matrices to arrays of higher order. As the order increases the representation of array be-
comes more difficult. Tensor networks provide a simple way of representing and dealing
with these high-order objects and substantially simplify the analysis of tensor operations in
several ways.

Complex operations on tensors can be intuitively represented using the graphical notation of
tensor network (TN) diagrams [14, 13]. In tensor networks, a p-th order tensor is illustrated
i

as a node with p edges (or legs) in a graph . That is, a vector v of dimension d is

simply shown as a one-node graph with one edge as gf) and a m X n matrix is represented
as — — . An edge between two nodes of a TN represents a contraction over the cor-
responding modes of the two tensors. Consider the following simple TN with two nodes:
ﬂ@L(@ The first node represents a matrix A € R™*" and the second one a vector
x € R™. Since this TN has one dangling leg (i.e. an edge which is not connected to any
other node), it represents a first order tensor, i.e. a vector. The edge between the second leg
of A and the leg of x corresponds to a contraction between the second mode of A and the
first mode of x. Hence, the resulting TN represents the classical matrix-product between
a tensor and a vector, which can be seen by calculating the i-th component of this TN:
i@ =2, Aijx; = (Ax); . Examples of TN representations of some other common
operations on matrices and vectors can be found in Figure 1.1.

In this thesis, we mainly deal with the factorization of tensors into lower-order tensors,
including matrices and vectors. The combination of these constitutional components into
the high-dimensional tensor is through the notion of tensor product. There are different

types of such products and here we mention a couple of them that we will see later again.
1.3.1. Fundamental operations on tensors

Matricization and vectorization We first introduce modes of a tensor. FEach
dimension or way of a p-th order tensor is called a mode, i.e., a tensor of order p has p
modes [11]. Corresponding to each mode, we can extract fibers of a tensor; mode-i fibers

of a tensor for ¢+ = 1,...,p, are obtained by fixing all indices of the tensor but the i-th
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one. E.g., for a third-order tensor T~ € R%*%*d we have dyds mode-1 fibers, which are all
vectors T ., 45 € R4 for iy € [dy] and i3 € [d3]. Here the colon notation for the first index of
T means that we go over all possible values of the first index.

Matricization of a p-th order tensor is rearranging its entries into a matrix. There exist
many ways to matricize or flatten a tensor, here we only consider the mode-n matricization
that means reordering a tensor T~ € Ré*Xdnxxdy a9 o matrix T,y € Ré*d-dn-1dnii.dp,
or more compactly T ) € RO *ILisn i, Stating it in our new terminology, the mode-n

matricization of T~ has the mode-n fibers of T~ as columns.

Tensor contraction Contraction is an operation between two tensors of arbitrary
orders. In general, if two tensors have the same dimensions along some of their modes, one
can contract these tensors along any of those modes. As an example, consider two tensors
T € Réixdaxdsxdi gnd § ¢ Ré*d2xdsxds  We can contract the two tensors into a new 4-th
order tensor Y with the components U ; ., = 222:1 Zflil TikijSmpni- Needless to say,
the contraction does not need to be done along all modes that have the same dimensions in
the two tensors; therefore, in this example, we can contract the two tensors along only one

of their modes, which results in a tensor of order six, e.g., Viijmmnh = 2021 T ikt Smimh-

Outer product The outer product, as defined earlier, generalizes to an arbitrary
number of vectors. The outer product of p vectors vi € R%, ... v, € R% denoted by
vio---ov, € R b g a p-th order tensor T with elements T, ;0 = (Vi) - (Vp)i,,
where (vy);, stands for the i;-th element of v;. Finally, if a p-th order tensor T is
decomposable as T = vy o0---0v,, we call it a rank-1 tensor (observe that not all tensors are
rank-1 tensors). From our above definition, each element of a rank-1 tensor is the product
of the corresponding vector elements. To see the representation of outer product in tensor

network format, Figure 1.2 illustrates the third-order tensor 7 =uovow.

(]2

(/%3 d g;)(] é/&

Figure 1.2. TN representation of the outer product of three vectors.

Mode-n product This product can be seen as a generalization of the matrix prod-
uct to tensors of arbitrary orders. Mode-n product is defined between a p-th order ten-
sor T € Rax-xdux-xdy and a matrix M € R™%% The operation consists of contract-
ing the n-th mode of the tensor with the second mode of the matrix which results in a
new tensor with the dimensionality m instead of d,, at the n-th mode. More precisely:
(T X M)y intgsinstssin = S M, € R&-dn—tmdnitdp — Ag g simple

in=1 71 i1,...,in,...,

example, for a third-order tensor X', we have (X xo M); i, = > ; Xijji; Miy;. Figure 1.3
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illustrates the mode-n product of a third order tensor T along its three modes with three
matrices A, B and C.

ni no ns
(T X1 A X9 B x3 C)il,ig,ig = Z Z Z TklkgkgAilleigkgcigkg

k1=1ko=1 k3=1

Figure 1.3. Mode-n product of a third order tensor with three matrices

Inner product The inner product is defined for two tensors of the same size as their
contraction along all modes. The inner product of two k-th order tensors 8,7 € R% >
is defined by (T,8) = 2511:1 . Z?::l Tir.inSiyi,- In tensor network format, the inner

product is represented by linking all corresponding edges of these tensors together. Figure 1.4

illustrates the inner product of two third-order tensors.
dy
9%6 (8,T) = S0y 02y 0t Sivinis Tininis
ds
Figure 1.4. Inner product of tensors 7 and &

Frobenius norm The Frobenius norm of a tensor T of order p is defined as the square

1
root of the sum of its squared entries, i.e., || T ||r = (Zih._% 7_;21,{)) F = \NT.,T).

Tensor rank The rank of a high-order tensor can be defined in several ways. It is
a key concept in tensor studies and there exist several variants of it, each of which is
associated with a special tensor decomposition. We will define some of these different
types of rank as we proceed in this chapter. At this point, it suffices to introduce it as a
generalization of the matrix rank. Recall that the rank of a matrix M € R™*"  denoted by
r, is the smallest possible value for which there exist two matrices A € R™*" and B € R™*"

whose matrix product gives M, i.e., M = AB.

1.4. Tensor network decompositions and tensor rank

Manipulating high-order tensors is computationally expensive, because the number of
tensor entries grows exponentially with the order. Tensor decompositions get around this
problem by breaking down a big tensor into smaller tensor components of lower order and
dimension which altogether have much less entries than the initial tensor. Among many
possible tensor network decompositions of a given tensor, we only introduce some of the

more common ones that we will study in the next sections and subsequent chapters. Also,
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we will see that for each of these prevalent decompositions, an associated notion of rank is

defined. The first decomposition to introduce here is the Candecomp/Parafac (CP) [10].

1.4.1. Candecomp /Parafac (CP)

For any tensor T~ € R“**d% of order p, there exist an integer » > 1 and rp vectors
{({t™ e R} _ VP in terms of which T is decomposed as

T=3 20" ot o ot® (1.4.1)

It is easy to show that such a decomposition always exists; that is because there always exists
a trivial decomposition, i.e., when r = dd,...d, with the vectors t belng all canonical
bases of the real spaces R% and the scalars \*) being the entries of the tensor 7. Obviously,
the interesting case is when r < dids...d, and the smaller r, the more efficient the CP
decomposition. The CP-rank, or simply the rank, of a tensor T is the smallest value r for
which the CP representation (1.4.1) exists. To mention a major difference between tensors
and matrices, note that while the singular value decomposition of a matrix and accordingly
its rank can be calculated in polynomial time, it is a NP-hard problem to determine the rank
of a tensor [71]. Nevertheless, there are some bounds for special cases, e.g., it is not difficult
to show that for a third-order tensor T~ € R%*42%ds the tensor rank is upper-bounded by

rank(T) < min{dgdg,dldg,dldg} (142)

Another difference between matrices and tensors in terms of the rank decomposition is the
uniqueness. For a matrix of rank r, we can find infinitely many distinct decompositions;
if a matrix M € R™*" has rank r, it can be decomposed as M = AB with A € R™*"
and B € R™". However, the right-hand side would not change if we had instead M =
AW~'WB with W € R™" being an invertible matrix. Now, by defining S = AW and
T = W!'B, matrix M can also be decomposed as M = ST, which means that the rank
decomposition of a matrix is not unique. This is not the case for the CP decomposition. The
CP decomposition can be unique (up to trivial permutations and scaling) under relatively
weak assumptions [11]. In [11] the sufficient and necessary conditions for the uniqueness of
a given CP decomposition of a tensor of an arbitrary order and a given rank are explained.
We do not go through the details of this subject, as it is out of the scope of our study.

To give the TN representation of the CP, we now introduce an equivalent representation
of this decomposition. This representation works by arranging all r sets of vectors tz(k) €
R%’s into matrices of size d; x 7, which we denote by T}’s for k € [p]. This alternative
representation is based on mode-n product. In terms of these matrices, the elements of T~

are written as

21, Z 5k1, Lk Tl Zlakl (T2)12,k27 R (Tp)ip,kpv (143)
kl 7
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with 0, . x, being the Kronecker delta function in p dimensions, i.e., d; 4,,..4, = 1 if iy =
tg = -+ = 1, and 0 otherwise. Note that, in this representation, we have absorbed the
scalar values A*®) in (1.4.1) into the matrices T,’s. From the definition of mode-n product,

this relation can be rewritten as
T:IX1 Tl X9 TQ"'Xpr, (144)

with Z being the super-identity, i.e., the p-th order tensor representation of the corresponding
Kronecker delta. Having this formula, the TN representation of the CP decomposition of a

4-th order tensor is illustrated as below

Figure 1.5. CP decomposition of a 4-th order tensor

The black dot in the diagram represents the super-identity tensor Z. Also, the alternative
definition of the CP given in (1.4.4) shows that the CP decomposition can be seen as a special

case of the Tucker representation, which we will see in the next subsection.

1.4.2. Tucker

As defined earlier, the mode-n product of a p-th order tensor X € R& X XdnXxdp and g
matrix M € R™*4denoted by X x,, M, is of size dy X -+ X dp_1 X m X dpyq X+ X d.
The Tucker decomposition of a p-th order tensor X € R4**% ig defined by

X = g X1 U1 X9 U2 o Xp—1 Up—l Xp Up, (145)

where G € R *™ and U; € R%*". The tensor G is called the core tensor and the matrices
{U,}!_, are known as the factor matrices. The tuple (r;)}_; containing the dimensions of
the core tensor along all its modes is called the Tucker-rank. As an example, the TN

representation of the Tucker decomposition of a 4-th order tensor X is as shown in Figure 1.6.

dyy doy dsy dy
r\ g/ 1
Figure 1.6. Tucker decomposition of a 4-th order tensor

By comparing this definition with Equation (1.4.4) we observe that the CP decomposi-
tion is a special case of the Tucker with the core tensor G being the super-identity tensor.

Furthermore, since for every tensor there always exists a CP decomposition, we conclude that
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the Tucker decomposition always exists as well. More interestingly, it is not difficult to show
that the factor matrices U; € R%*" can always be set as unitary. This can be verified based
on three facts; first, that any matrix M has a SVD decomposition as M = UXV T, with
U and V being unitary matrices, secondly, that as long as dimensionality-wise consistent,
T x, Uy x, Uy =T x,, (UsUy), and lastly, that the order of mode-n products for different
modes does not matter, i.e., T x; U; xoUg--- =T x5 Uy x; Uy ..., and this generalizes to
any number of mode-n products with any arbitrary ordering of them. Based on these three
observations, we now show how the non-unitary parts of the factor matrices can be absorbed
inside the core tensor G and leads to a Tucker decomposition with unitary factors. Consider
a tensor T € R4**% with a Tucker decomposition T = G x; Uy x5 Uy --- X, Up,. By
replacing each factor matrix {U;}¥_, with its SVD decomposition U; = S;%,; T, , we have
T = G x1 (S121T]) X3 (S2X2Ty) -+ %, (S,%,T) ). From the second observation made

above, this is equal to
T = g X1 (ElTlT) X1 Sl X9 (EQTJ) X9 SQ cee Xp (EpT;) Xp Sp (146)

Then, from the third fact mentioned above, the ordering of the mode-n products can be

changed as follows
T = g X1 <21T1r> X9 (EQT;) s Xp (EpT;) X1 Sl X9 82 s Xp Sp (147)

Note that to go from Equation (1.4.6) to Equation (1.4.7), we only need to change the
order of mode-n products with different modes and hence, it is possible to apply the third
consideration above. Finally, we can define a new core tensor as C = G x; (X1T]) x»
(X2T3)- -+ %, (X,T, ) and rewrite Equation (1.4.6) as

T:CX151 XQSQ"'XPSP (148)

which is a Tucker decomposition for 7 with unitary factor matrices Sq,--- ,S,.
Henceforth, whenever we talk about the Tucker decomposition we assume that the factor
matrices are orthogonal. Note that, the unitarity of matrices U; implies the following relation

that can be seen as the inverse of Equation (1.4.5)

G=Xx1U] x3 Uy x,1 U,_; x, U, (1.4.9)
which results from reordering the terms in the identity G = G x; UJ Uy x5 Uy Uy« -+ X, 1
U;lUp,l Xp U;Up.
We proceed by stating a theorem on the rank of a Tucker decomposition.

Theorem 1. The Tucker-rank of a tensor T is given by the ranks of its matricizations, i.e.,

rank(7 ;).

PRrROOF. To prove this, we first show that the i-th component of the tucker-rank of T,
which is denoted by r; with ¢ € [p], is always lower-bounded by the matrix rank of the i-th

35



matricization of 7. We utilize a useful formula which gives the matricized version of (1.4.5):
To=UGy U, 00, 1 ® - 2U_ ;@U@ U’ (1.4.10)

Since U; € R%*"i | we have rank(7 ;) < r;; that is equivalent to having r; lower-bounded by
rank(7;). Next, we show that this lower-bound is in fact reachable; that is, for any tensor
T, there always exists a Tucker representation of multi-rank (r;)}_; with r; = rank(7 ;).
The proof of this part is constructive and results in an algorithm, called higher-order singular
value decomposition (HOSVD) [72], which constructs the Tucker decomposition of a given
tensor 7. The proof is based on a key observation; that for any p-th order tensor T, with the
SVD decompositions of the mode-i matricizations as T ;) = U,;E; V], i € [p], the following
identity is valid

T =T x1 UiU{ x,U,U; --- x, U, U} (1.4.11)

To prove this, we first show 7 = T x; U;U/]. Notice that the i-mode matricization of a
tensor is uniquely defined, therefore, if we prove this equality between a mode-i matricization
of both sides, that implies the equality for the tensors as well. To show T (1) = (T xi

U, U] (1), we write

(T x, U, U] )y = U, U T
=U,U/U,%, V] =U, %, V] =T (1.4.12)

This is also true for any other mode matricization, i.e., we have T = T x; U;U; . This leads

to Equation (1.4.11). Now, by reordering Equation (1.4.11), we get
T=(Tx1U] x2Uy -+ x,U0)) x; Uy x5 Uy %, U, (1.4.13)

By defining the core tensor as G = T X1 UlT X9 U; ce Xy U; and factor matrices as U, for
i=1,---,p, the Tucker decomposition with the minimal rank tuple (r;)’_; is constructed.
This gives the HOSVD algorithm for the exact decomposition of a tensor in a Tucker repre-

sentation. O

Finally, without going into the details, we mention that the HOSVD algorithm also gives a
quasi-optimal result for the low-rank Tucker decomposition of a tensor, i.e., with multi-rank
(ri)i—y < (rank(T ;)))}—;. Although finding the best low-rank approximation is a NP-hard
problem [71], the quasi-optimal approximation is obtained by arranging only the first 7/ left
singular vectors of each T ;) in a unitary matrix U} € R%*" (truncated SVD) and defining
the approximate core tensor and factor matrices as G = T x; U’ x, U’y -+ X, U’; and
{U’}?_, respectively. The quasi-optimality of this algorithm means that if 7 is the best

low-rank approximation of 7~ in terms of the Frobenius norm, the approximate tensor 7~
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resulting from the HOSVD satisfies the following inequality [72]
1T =T le <V3|T =T (1.4.14)
1.4.3. Tensor Train (TT)

Another important TN is the tensor train decomposition [12], also known as matrix
product state (MPS) [13, 15|, which factorizes a n-th order tensor 7T in the following form

1 r9 'n—2 T'n—1
@)@ — G —@,

(]1 (]2 (]” 1 dn,
This corresponds to
71 Tn—1
Ti17i2,~~-,in = Z A Z (gl)il,al (g2)a1,i2,a2 LR (gn71>an72,inil,an71(gn)anihin (1415)
061:1 Ocn_lil

where the tuple (r;)?" associated with the TT representation is called TT-rank. One spe-

cial point about the tensor train representation is that the TT-rank of the minimal tensor
train decomposition of a tensor can be determined in terms of some matricizations of the
tensor[12]. However, these are not the mode-i matricizations. We define a new type of
matricization for a p-th order tensor 7~ € R* > denoted by Ty € Rnle dixloiirdi gor
ke {l,--- ,p— 1} with the components written as

(T s siiinsrs i = Ty (1.4.16)

That means Ty € RAEd2dixdiridirzdy  Firgt, we prove that the TT-rank of T cannot
be smaller than the rank of these matricizations. Consider the matricization defined in
Equation (1.4.16) for a tensor T in tensor train format. From Equations (1.4.15) and (1.4.16),
we have

(T[k‘})ZL ,ik;ik+1,"' ,ip - Z (gl)i17a1 T (gk)ak_l,ik,ak (gk+1)ak,ik+1,ak+1 e (gp)apfl,ip

ALy O —1,0k, X415, ,Op—1

= Z( Z (gl)ihoq T (gk)ak_l,ik,akx Z (gk+1)ak7ik+17ak+1 T (gp)apq,ip)

an o1 U1t

(1.4.17)
By doing some reshaping, we can see the first factor inside the parenthesis as a matrix in
Rédexak and the second term in the parenthesis as another matrix in R X%+ Then,
from this matrix product, we infer that the matricization 77 has rank at most equal to 7y.
Therefore, so far we have proved that the k-th component of the TT-rank tuple is greater
than or equal to the rank of the matricization 7). Now, we show that the equality is in
fact possible; that is, for any tensor of arbitrary order p, the minimal T'T representation

exists, which is a tensor train where each component k of the TT-rank is given by the rank
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of the corresonding matricization 7). The proof is constructive and results in an algorithm
known as TT-SVD.

We consider the SVD of Ty, i.e., T = U,X,V,. Note that U; € R"*" and intuitively
this matrix U; can serve as the first core of the TT decomposition of 7. Let’s call the other
part of the SVD decomposition Wy, that is W; = ElVlT € Rrixd2ds~dp - Also. we introduce
the p-th order tensor W; € R7*d2xdsXxdy which is made by rearranging the components of
the matrix W;. To continue, a key step is to show that the rank of the [k]-th matricization
of the p-th order tensor W, is less than or equal to the corresponding matricization rank of
the initial tensor 7. From the SVD decomposition of 7;; and the definition of Wy, we have

W, =U/ T (1.4.18)
From Equation (1.4.17) for the matricization 7, we have
Tk
Til,---,ip = Z Mil,-",ik;akNak;ikH,"-,ip (1'4'19)

ap=1

with M, ... ipia, a0d No, s, i, Deing respectively equal to >y, . a0 (G1)inar = (Gk)an_1insan
and Yo, a1 (GhtD)apivsrons * (Gplay_1,p-  Then, Equation (1.4.18) results in the
following relation

W) avsisr iy = Wapizei, = 2 (U)ivar (Ti))ississiase ip = 2 (Ul)ivan Tivinsize iy
il 'il

(1.4.20)

This can be rewritten as

Tk
(Wl)m,iz,---,ip = Z(U1>i1,a17’il,i2,i3,---,ip = Z(Ul)ihm Z Mih---,ik;akNak;ikH,'",ip

i1 i1 ap=1
Tk
= Z (Z(Ul)ihalMilf“7ik;ak)NOék§ik+1,'“,ip (1421)
ar=1 1

Now, since the left-hand side of this equation is equal to (W) ay is- we conclude

itk i
that the rank of any matricization Wy, is at most equal to ry.

Knowing this, we can reshape W, as Wi=hPed ¢ Rridaxds—dp and again apply a SVD de-
composition as W; = Uy3, V] with Uy € R4 and W, = X,V € R2*%-d By
reshaping U, as Uy € R1%%*"2 the second core tensor of the TT decompossition is formed.
By proceeding in this same way and iteratively applying SVD we find all core tensors and
thus, the tensor train representation of T with the TT-rank (ry,--- ,rp,—1) is constructed;
note that each ry, is the rank of the corresponding matricization 7). Finally, since the SVD
decomposition always exists for any matrix, this constructive proof shows the existence of
the minimal tensor train for any arbitrary tensor. Figure 1.7 illustrates the application of
TT-SVD algorithm on a 4-th order tensor.
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Figure 1.7. Figure from [6]. TT-SVD algorithm applied to a 4-th order tensor

It is worth mentioning that as in the Tucker case, the TT-SVD algorithm can be modified
to find an approximate T'T decomposition rather than the exact one. This is again realized
by using truncated SVD inside the TT-SVD algorithm instead of the ordinary SVD. The
resulting TT decomposition is quasi-optimal; that is, if 7" is the best low-rank approximation
of a given tensor 7 in terms of the Frobenius norm, the approximate tensor 7T resulting
from the (truncated) TT-SVD satisfies the following inequality [12]

T =Tl <Vp—1IT =T |lr. (1.4.22)

As the final point regarding the TT decomposition, in [12], it is shown how different tensor
operations such as summation, elementwise (Hadamard) product as well as inner product
of TT tensors reduce to some operations on the core tensors of the TT tensors and result
in tensors with bounded TT-rank in terms of the ranks of the initial tensors. Besides that,
the inner product of TT tensors with uniform TT-rank r has linear (in terms of the tensor
orders) time complexity O(ndr*) which is a substantial improvement over the exponential

time d™ which is ordinarily required for the inner product of two n-th order tensors with
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uniform dimension d. Table 1.1 summarizes some significant differences between the tensor

networks that we have seen so far.

1.4.4. Other decompositions: Hierarchical Tucker and Tensor Ring

As could be expected, there are other tensor networks that we have not considered in
our short introduction to the subject. Figure 1.8 represents some of those tensor networks.
Two of them which can be seen as the generalization of the tensor networks that we saw
above, are tensor ring (TR) [41] (also known as periodic MPS) and PEPS decompositions.
They have initially emerged in quantum physics and recently gained interest in the machine
learning community (see e.g., [65, 20, 73, 74]). Each one of these TNs generalize tensor
trains in their own way. Especially TR overcomes two limitations of TT; first, that the two
bordering tensors of TT are constrained to have dimension 1 along one of their three modes,
secondly, the bond dimension of T'T increases from the borders towards the center. The TR
decomposition expresses each component of a p-th order tensor T~ as the trace of a product
of slices of p core tensors G € Rroxdixr G2 ¢ Rrixdxra ... GP) ¢ Rrp-1xdpxmp with
rp = 19. As an example, for a 4-th order tensor we have T, i, 5.1, = Tr(g(ﬂg(flg(fgg(ﬂ)
The tensor train (TT) decomposition is then a particular case of the tensor ring where 7y is

equal to 1.

QR2P  QRPP 0000 0069

CP Tucker Tensor Train Tensor Ring

T

Hierarchical Tucker PEPS

Figure 1.8. Illustration of some common tensor networks.

One more tensor network of special interest is the hierarchical Tucker (HT) decomposition
initially introduced in [39, 40]. An important property of this TN is its high expressive power
compared to some less expressive TNs like the CP. In the final section of this chapter we
show an equivalence between the CP and the HT tensor networks on the one hand and
some specific shallow and deep neural networks on the other hand. This is a part of a study
of the expressive power of shallow and deep neural networks based on a tensor network
analysis [32]. Before going through that, in the next section we exemplify a TN learning

model which was introduced in [1], based on TT.

40



H CP Tucker Tensor Train

# Parameters r>? . d; T r + 0 rd; Zf:_; ririo1d; + diry + dprp—s
Computing the rank NP-hard Polynomial Polynomial
Low-rank approximations ? Quasi-optimal algorithm (HOSVD) Quasi-optimal algorithm (TTSVD)

Table 1.1. Some properties of CP, Tucker and TT compared against each other

1.5. Classification with Tensor Train Weight

The goal of this section is to briefly show an example of a tensor-network-based learning
model. In [26] the interaction between data features has been modeled by mapping input
data into a tensor in a high dimensional space. As a way to avoid the curse of dimensionality,
the model is regularized by using the T'T representation of the exponentially high-dimensional
weight tensors; the rank of the tensor is a hyperparameter of the model which controls the
amount of regularization. In a separate work [1], the authors closely follow the same idea
to perform image classification task on MNIST dataset and obtain a test error of 0.97%.
The idea is to work with data projected into a high-dimensional representation space, as in
kernel models. In order to deal with the exponentially high-dimensional weight tensor, they
suggest a TT representation of this tensor. In this way, the number of model parameters
scales linearly with the tensor dimension, rather than exponentially. The rest of this section
is based on the tensor train classifier proposed in [1] which is one of the first works showing
the potential of quantum-inspired tensor networks for supervised learning.

Let S = {(x1,91),- - ,(Xn.yn)} be a sample drawn i.i.d. from an unknown distribution D,
where each x; € R? and y; € {—1,1}.

In [1], Stoudenmire and Schwab propose to map each element of the input vector to a two-
dimensional local space. This is called a local feature map. Figure 1.9 shows an example of
this feature map for the case of image input data where each image pixel is mapped to a
2-dim vector. Then, the input tensor in the high-dimensional space is constructed by taking
the outer product of these local feature maps; that means, if we consider x = (z1,...,z,),
the suggested M-dimensional local feature map over every component z; is of the general
form ¢(x;) = (¢1(Ii) Go(m;) ... ngM(:):Z-))T. Then, the representation of the input data,

is defined as the outer product of these individual local maps

X = (11,0, ...7,) = ®(x) = ¢(21) 0 d(x3) - - - 0 () € (RM)*P (1.5.1)
The classifier is given by the contraction of the data tensor and a p-th order weight tensor

W, as below

M

f(x) = sign ( > Witigiy®(21)i,@(2)s, - - ~¢($p)z‘p) = sign (W,®(x)))  (1.5.2)

i1,in..ip=1
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Figure 1.9. Figure from [1]. Each pixel
value of a grayscale image is mapped to a
normalized two-component vector.

The weight tensor W needs to be in the space (RM)®P which is typically of very high
dimension; the authors of [1] overcome this problem by considering WV in the tensor train
representation of low rank given in Eq. (1.4.15). That means

T

— a1 0,02 p—2,0p—1 p—1
p Z 141 7 2540 = p—1yip_1 Dyip (153)
a;=1

Wil:iQV"vi

or pictorially, as in Figure 1.10.

- 9@ @@
T ds * dyy a ,
1 2 P D d; dy dy_y d,

Figure 1.10. Decomposition of the weight tensor as a tensor train

1.6. Equivalence of TNs with Convolutional Arithmetic
Circuits

In this section, we introduce two more examples of tensor-network-based learning models
which have CP and HT as their weight tensor. Following the lines of [7], we show how they are
respectively equivalent to shallow and deep convolutional arithmatic circuits (CAC) which
are special types of sum-product neural networks.

As a reminder, For a tensor T of order p and another tensor & of order ¢, ie., T €
R xdaxxdp and § € RAX %4 we have T o & € Réxxdpxdix-xdy  Thig tensor product is
defined by

(T o 8)2'1’... i d1ysdg Til,"' ,iijl,'-- Ja (161)

Also, the CP decomposition of a p-th order tensor X € R®**% given by X = 3/_ u} o
u?o---ou?, can be represented as a tensor network as in Figure 1.5, if we define p matrices

{U" € RE*}P_ where each U’ is made up of  vectors ul as its columns.
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1.6.1. CP Model as a Shallow CAC/CNN

While following [7], to unify our notation for the TN models, we use the same notation
as in the previous section for the tensor train model. Assume the tensorial data ®(x) of
potentially large dimension in (RM)®? space. A linear model to do classification or regression

on this input space consists of tensor weights of the same dimension:

f(x) = ‘ Z Wi iy ®(X)iy iy (1.6.2)

i1,

Wi i i,—1 are MP entries of the weight tensor W that is to learn. A possible
TN representation of W is the CP decomposition in Equation (1.4.1). Replacing that in
Equation (1.6.2), we get

f(X) = Z (Z a all,ilal%ig e af,ip) q)(x)lh Vip

i1, ip 1=1

= Y Cwayal,--al )b (x1) - i, (%) (1.6.3)

i1, ip 1=1

with af € RM for all k = 1,--- ,p. The last expression can be reorganized so that f(x) takes

the following form

f(x) :ial ﬁ Z al’fikqbik(xk) (1.6.4)

I=1  k=lip=1
From this, we can describe a shallow CNN that is equivalent to the above CP-classifier model.
To elaborate on this analogy with the CNN, we think of the input data in (RM)®P as an
image. In that case, p can be considered as the spatial size of the image, like height x width.
Also, M is interpreted as the number of channels, which is 3 for RGB images. Each ¢;, (xx)
is one pixel in the ix-th channel which is convolved by r different kernel functions (filters)

kor : kM
{aj; }i—;. These kernels are scalars (or more precisely, each set {a;; };’_; is a kernel of

i
volume M x 1 x 1) and hence this is a 1 x 1 convolution. As in ordinary CNN, we have a
summation over M input channels which is done by the innermost summation over the index
ix. The output of this summation is another representation of the data, again of spatial size
p, but now in r different channels. The next operation is a global product pooling which
multiplies all p elements of each of the r channels together and downscales the spatial size
to 1, while keeping the number of channels r. This operation is shown by the product over
the index k and the result of that is a vector of dimension r. Finally, the inner product of
this vector with a vector made up of a;’s results in an scalar which is the score of the input
data x. This is done in the output layer of the corresponding CNN through the summation
over the index [. This convolutional arithmetic circuit is illustrated in Figure 1.11 from [7].

Note that we have only one layer of convolution and hence a shallow CAC.
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input X representation 1x1 conv
_ g ° global dense
/ pooling  (output)

X; —> @
M VA
rep(i,d) = f, (x;) / /
ay,pool

conv(i,z)= <az’i,rep(i,:)> out(y

pool(z) = l_L=1 conv l,Z

Figure 1.11. Figure from [7]. CAC corresponding to the CP decomposition of the weight
tensor of a linear model.

1.6.2. Hierarchical Tucker Decomposition as a Deep CAC

In order to follow the analysis of HT-classifier and its corresponding convolutional arith-
metic circuit (CAC) in [7], we start by reviewing the representation of the tensor product of
matrices in tensor network diagrams. First, we remember from the CP decomposition that
a summation of the form 37_, a;b; o ¢; is equivalent to a matrix product BACT, where B
and C are matrices of dimension dg x r and d¢ X r, with dg and d¢ being the dimensions
of vectors {b;}/_, and {c;}/_, respectively. A is a r x r diagonal matrix with the scalars

{a;}i_, as its entries. Therefore, the above summation is represented as the tensor network

If we now consider a similar summation with matrices B;, C; instead of the

vectors b;,c;, i.e., Yo7 a;B; 0 C;, then, by stacking the matrices B, into a tensor B and C,’s

into C, this summation is represented by the diagram @%, where A is again a r x r
diagonal matrix with the scalars {a;}/_, as its entries. With this intuition about the TN
representation of tensor decompositions including the outer product of tensors of arbitrary
orders, here we just give a high-level overview of the classifier model that was detailed in [7].
It is in fact a special HT with a binary tree structure; moreover, the core tensors enjoy
some types of symmetries that makes it possible to represent all of them by tensors of order
at most two, i.e., with matrices. Following the notation of [7], The predictor function is
defined recursively. The first step of the recursion includes the outer product of the vector

parameters v

YU =S aldivg o, jelp/2, v eln], (1.6.5)

a=1
where v§;, v, | € RY, Vj e [5],Va € [ry].
TN representation of this step is shown in Figure 1.12. As described above, V; matrices in

this figure for odd ¢ values, i = 2j — 1, have vectors vy;_; as their columns, i.e., V; € Réxro,

44



Also, for each j € [E] and each y € [r], we can put the entries {a}?7};2; in a vector in R".
Then, for each j, by placing all 71 vectors as columns of matrices A; € R™*"™ the following

figure illustrates the outer product of j tensors ¥)/7 of Equation (1.6.5), for j = 4.

Figure 1.12. TIllustration of the Equation (1.6.5), i.e., the first recursion step for the con-
struction of the Hierarchical Tucker tensor. Note that ry shows the dimension of the hyper-
edge along all its modes.

The next step of the recursion combines 1'77s to calculate 1)?77s, and so on and so forth,
for all ¥/"7"7s in terms of ¥'~197s. Finally, the last equation in the recursion gives the weight

tensor W, which is the same as ¢"/=17=1 in terms of ¥*~197s,

. Tl . . .
YT =Y a2t e ot e B ey
-1
Lin = Limod=12j—la _ 1-12j,a - (P
yor = Y aogtaiste o yizie e (B) yefp)
a=1
TL—1
W — Z a§¢L—1,1,a o 77/}L—I,Q,oz (166)
a=1

In terms of TN format, the whole weight tensor defined by Equations (1.6.6) has the HT

representation in Figure 1.13, for a 8-th order tensor

Figure 1.13. Illustration of the Hierarchical Tucker representation of a tensor of order eight,
defined by Equation (1.6.6).
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With the same observations as mentioned above, each Al- is made by arranging all 7

vectors in R"-1, i.e., {{a7}]2] "
L—-1

y € R"-1 contains {aL M as its entries.

as columns of a matrix in R"-1*". Finally, the vector

Using a similar analysis as in Section 1.6.1, the HT-based classifier is equivalent to a deep
CAC as in Figure 1.14 [7].

input X representation 1x1 conv

pooling
g"‘_ 1x1 conv pooling dense
X, Fo / D .o (output)
—>0 |
/\ M 7 Vr, 7 v, ~ Y
rep(isd):f,gd (Xi) CO”VO(J 7)= a 07 rep(] / poolL1 H conv,_ 1(] y)
je{l 2}
pooly(j.7)= H convy(j',7) out(y) < ”, pool,_ ( >

J'e(2j-1,27}

Figure 1.14. Figure from [7]. Deep CAC corresponding to the HT decomposition of the
weight tensor.

Note that in each layer of this CAC, we again have 1 x 1 convolutions; however, the
collapse of the spatial dimension of the image occurs gradually over the layers, rather than
at once which was the case in the CP model. That means, instead of the global product
pooling in the CP model, here at each level, local product pooling operations are applied
over size-2 windows (because the HT tree is chosen to be binary in this case), and hence the
number of layers of this deep CAC is log p.

Finally, we mention one important result in [7] on the expressiveness of shallow and deep
CACs based on this equivalence. That is, in order for a shallow network to express a function
captured by a random deep CAC network, with probability 1 in the corresponding function
space, the former needs exponentially more parameters compared to the latter. The proof
is based on this observation that representing a HT network in CP format, with probability
1 requires exponentially more parameters in terms of the order of the tensor. This result
comes from the fact that the CP rank of a tensor is always larger than or equal to the
rank of any of its matricizations. Since with probability 1, there always exists [7] a special
matricization of the HT network for which the rank is at least r2, with r being the HT
rank and p the order of the tensor, the corresponding CP rank will be higher than 7%; this
results in exponentially more parameters for the CP than for the HT representation (again
with probability 1). This is what the authors call complete efficiency, which means the set
of functions for which this statement does not hold, has measure zero in the corresponding
function space. Also interestingly, in [32] it is shown that this depth efficiency would no

longer be complete for the case of neural networks with ReLLU non-linearity.
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Chapter 2

Generalization Bound and Complexity

Measures

2.1. Introduction

As shortly explained in the first chapter, within the framework of the empirical risk
minimization (ERM) for supervised learning, generalization bounds upper-bound the gap
between the empirical and the true risks, i.e., between Rg(h) and R(h). In this thesis,
we focus on uniform generalization bounds, which for a class of functions denoted by H,
bound the generalization gap uniformly for any hypothesis h € H, as a function of the
training sample size and of the complexity of H. While there are many ways of measuring
the complexity of H, including VC-dimension, Rademacher complexity, metric entropy and
covering numbers, we focus on the VC-dimension for classification tasks and its counterpart
for real-valued functions, the pseudo-dimension, for completion and regression tasks. We
begin with studying the calculation of the generalization bound for the classification task in
detail. After that, we briefly review a similar problem for the regression task, as well as for

the completion.

2.2. Classical Generalization Bounds for Classification

Let S = {(z1,1)...,(Tn,yn)} be a sample drawn i.i.d. from an unknown distribution
D. Based on this subset S, we want to find a function h : RY — R, such that for all i € [n],
y; = sign(h(z;)) € {—1,1}. It is not always guaranteed that all (x;,y;)’s satisfy this relation;
so, this will be an approximation and we are interested in quantifying its accuracy; we define
the loss: L(y,y) = L,+5. From that, we can write L; = L(y;,sign(h(z;))) to denote the loss

on the i-th example. The empirical risk of a function (or hypothesis) is defined as the average



of the loss function L over the entire sample S

n

Z (ys, sign(h(z;))) (2.2.1)

However, what we finally care about is the true risk defined as R(h) =
Ewy~p[L(y,sign(h(z)))]. Given that we do not have access to all samples in the
distribution D, we cannot calculate it. Instead, we ask the following question :

Does the empirical risk Rg(h) give an upper bound on the true risk, R(h)?

To answer this question, we first remind some facts regarding the loss function. First, we
observe that the loss function L; = L(y;,sign(h(z;))) = Ly, £sign(h(z:)), @ a random variable,
has Bernoulli distribution with probability p = R(h). This is a result of the expectation of
the loss L being the true risk, from the definition of the true risk, and the fact that the
0 — 1 loss takes only two values.

Knowing that the loss has a Bernoulli distribution, we consider the implication of Theo-
rem 19 for the loss as the random variable.

By replacing X;’s of this theorem with losses L;, and noting that the sample average of
losses is the empirical risk, the theorem straightforwardly results in the following upper
bound on the probability of the difference between the empirical risk and the true risk

exceeding an arbitrary real value €
P || Rs(h) — R(h)| > ¢] < 2exp(—2ne), (2.2.2)

with n being the size of the sample S. So far, we have considered only one hypothesis.
However, most of the time the question is to find a bound when the hypothesis A is just
one function out of a class of functions H. Then, the problem would be to put an upper
bound on the probability of having at least one hypothesis in # like h; for which |Rg(h;) —
R(h;)| > €. In most cases the set of hypotheses is infinite and our goal is to finally obtain a
generalization bound for that case. Nevertheless, here we start with the finite class which is

more straightforward and then generalize this formulation to the infinite case.

2.2.1. Finite Class of Hypotheses

We use the union bound which states that for a finite set of k events ey,...,ex, the
probability that at least one of the k events happens, i.e., P(UX_ ¢;), is no greater than the
sum of the probabilities of the individual events:

PlUl e < Zk:]P’[ei] (2.2.3)

=1
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From the union bound and our earlier result (2.2.2) for one hypothesis, we find out the
following relation, known as a uniform convergence bound
R ||
P [3h; € H,|Rs(hi) — R(hi)| > €] < ZIP’ (| Rs(h) = R(hi)| > €| < 2[H]exp (—2ne?)
(2.2.4)

As a side note, one might wonder about the bias-variance trade-off through the lens of this
relation. To comment on this point, note that for highly complex hypothesis classes, that is
for large values of |H|, the above bound on the probability gets loose if the data sample is
relatively small. That means, the event of the generalization error being remarkably different
than the empirical error, becomes more likely. In this case, the empirical error is not a good
estimation of the true error and we get a high approzimation error due to a high-variance
model. As we know from the standard statistical learning theory, in order to deal with
models diagnosed with high variance, we either provide samples with more data points or
regularize the function class by decreasing the cardinality of the set of hypotheses. We now
observe how these two approaches result in tightening the generalization gap through the
corresponding probability relation in Equation (2.2.4). Moreover, the bias-variance trade-off
is seen here from the fact that although one can arbitrarily diminish |#| to tighten the bound
in Equation (2.2.4), the hypothesis class needs to be large enough so that the target function
is included in it or at least is close enough to this class. In fact, while the above probability
bound is uniform, we are finally concerned with this bound for a learned function h € H that
should be as close as possible to a target function h*. That means, in the complete learning

setup, the objective to be minimized is |Rg(h) — R(h*)|. This expression is equivalent to

|Rs(h) = R(h")| = | Rs(h) — R(h) + R(h) = R(h")| < |Rs(h) = R(h)| + [R(h) — R(h")|
(2.2.5)

The first term on the right-hand side is called the estimation error which is due to the use
of a limited number of data points, i.e., is high for high-variance models. The second term
on the other hand, which is the difference between the true errors of the learned model and
the target model, estimates the best performance that we can get from a model in our model
class. For this second term, known as the approzimation error, to be small, we need to have
a big enough hypothesis class to avoid high-bias models.

The bound on the likelihood in Equation (2.2.4), can be recast into a bound on the gap
between the empirical and true risk. We define ¢ as the probability of this gap exceeding
the value e. Then, the inequality in (2.2.4) is equivalent to the following statement: with

probability at least 1—9 over the choice of the sample S, the difference between the empirical
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and the true risk is bounded as
log |2H| — log §

st - R < |/ 2IZHL

To extend this result to the infinite-size hypothesis class, we first notice that, in that case

(2.2.6)

the above bound will be uninformative. As explained in the next section, to deal with this

case, we introduce the notion of restriction of the infinite class to a finite sample.

2.2.2. Infinite Class of Hypotheses

Definition 2. The restriction of a class of hypotheses H to a set S = {x1,...,x,} is defined
as He = {(h(x1),...,h(z,)) | h € H}.

We remind that H is a subset of all Boolean-valued functions on the space of input data
points. Each member of Hg is called a dichotomy or a sign pattern. Evidently, not all H
have enough capacity to generate all 2™ possible sign patterns for n data inputs. Therefore,
in general, we get an upper bound on the cardinality of Hg : |Hg| < 2". In case of equality,
we say that the class H shatters the set S. It is important to note that Hg and consequently
the shattering property are strongly dependent on the data points by definition; while one
set of n points can be shattered by a class of functions, typically there exist many other sets
of size n that are not shattered by this same class H. Based on this fact, we introduce the
growth function .

Definition 3. Let H C {—1,+1}* be a hypothesis class. The growth function 1T : N — N
of H is defined by
[y (n) = sup {(h(x1),...,h(z,)) | h € H}|.
S={z1,....xn }CX

That is, the growth function of a hypothesis class for a given number n is the maximum
cardinality of the restriction of that hypothesis class to a sample S of size n.

Growth function generalization bound Equipped with the new concept of the growth
function, we prove a generalization bound for infinite hypothesis classes. We use the sym-
metrization lemma which is based on the concept of restriction introduced in Definition 2.
As we see later, using this lemma interestingly results in a useful reduction of the analysis
of the infinite class to that of a finite set.

The following theorem gives the generalization bound in terms of the growth function.
Theorem 4. (Vapnik-Chervonenkis). Let H be an infinite class of hypotheses. For any

0 > 0 with probability at least 1 —d over a random draw of a sample of finite size n, we have

log I3 (2n) + log 3
n

VheH, R(h) < Rg(h)+ 2\/2 (2.2.7)
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PRrOOF. To prove this theorem we use a symmetrization lemma and a corollary of Hoeffding’s
inequality.

Lemma 2.2.1. (Symmetrization Lemma) Let S and S’ be two random samples of size n
drawn from a distribution D. Then for any t > 0, with large enough n such that nt> > 2, we

have

A A t
< 2 ]P)S,S’ND lsup (Rsl(h) — Rs(h)> > 5
heH

Ps.p [sup (R(h) = Rs(h)) >t . (2.2.8)

heH

This lemma relates the difference between the true risk and the empirical risk of one
given sample, to the difference between empirical risks of that sample and another random
sample of the same size, sometimes called the ghost sample. The proof can be found in
Appendix B.

Next, we give a corollary of Hoeffding’s theorem.
Corollary 2.2.2. If Zy,...,Z,, Zy,...,Z) are 2n i.i.d. random wvariables drawn from a
Bernoulli distribution, then for all e > 0 we have

Pﬁzzi_lzz;x
=1

i=1

2
< 2exp (—"26 ) (2.2.9)

The proof is again in Appendix B.
From Lemma 2.2.1 we have

A A

S 2 PS~D,S’~D lsup(RS/(h) — Rs(h)) Z €
heH

Psp lsup (R(h) = Rs(h)) > 2 (2.2.10)

heH

Now, since on the right-hand side, both risk terms are empirical risks over samples of finite
size, we can restate the supremum over infinite set of hypotheses as the maximum operation
over the restriction of the hypothesis class to the set of data points. So, the right-hand side
becomes

A A

2 Pssrop [sup(RS/(h) — Rg(h)) > e] =2 Pgsp [ max (Rg/(h) — Rg(h)) > e] :
hE’H heHsys/
(2.2.11)

where on the right, we have implicitly changed the meaning of h as a hypothesis to the
projection of that hypothesis onto the subset S U S’ taken from the distribution D.
We can restate this expression as below

A A

2 PS,S’ND l max (Rgl<h) — Rs(h)) > €

hE’HS,S/

=2 Psg.p [3h € Hos | (Re(h) — Rs(h) > ]
(2.2.12)

because the realization of each side implies the other side as well. We note that now the
hypothesis function is chosen among the restriction of the infinite class to the finite set of

S'US’ and therefore it has finite size. Hence, we can apply the union bound as we did in the
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finite case.

The maximum possible value occurs when the restriction of all hypotheses in H to the 2n-
sized set S U .S, i.e., all members of the set Hg g reach the maximum possible probability
P [f%gx(h) — Rg(h) > e}. The number of these 2n-sized sets is at most equal to the growth
function Iy (2n). So the above probability is at most

2 HH(Qn) Iileaﬁ( (]P)S,S’ND [Egl(h) — Es(h) 2 6})

On the other hand, the probability term is upper-bounded according to Corollary 2.2.2,
where we have taken it into account that L has Bernoulli distribution. Therefore, we get

2 Psgop Lmax (R (h) = Rs(h)) > | < 2l (2n) max (Ps.srep [Ror(h) — Rs(h) > €])

eHsys/

ne
< 2[Ty4(2n) 2exp <—2> (2.2.13)

Combining equations (2.2.10) and (2.2.13), we obtain the following relation

sup (R(h) — Rs(h)) > 2| < 4 Ty (2n) exp (_”262) (2.2.14)

heH

Ps.p

As before, by taking this probability as 0, i.e., by putting 4 Ily(2n) exp(—%?) = 0, we
find the following generalization bound for any hypothesis h from the infinite class H with

probability at least 1 — § over the choice of a random sample

log I13(2n) + log 3
n

R(Rh) < Rg(h) + 2\/2

So, Theorem 4 is proved. [ |

VC-Dimension From Definition 3, the growth function Ilz(m) is an increasing function
of its argument which is always upper-bounded by 2™. The important point is that if for a
given H and m the equality holds, then the equality will hold for all smaller m’s as well. In
other words, for a given H and m if there exists a set of m points shattered by H, then, for
any n < m, there exists a set of n points shattered by H as well. Now, we are at the right
point to define the VC dimension of a class of hypotheses.

Definition 5. Let H C {—1,+1}* be a hypothesis class. The VC-dimension of H, dyc(H),
is the largest number of points x1, - - - ,x, shattered by H, i.e., for which [{(h(x1),...,h(x,)) |
h € H}| =2". In other words: dyc(H) = sup{n | lIy(n) = 2"}.

As an example of an infinite hypothesis class, consider the set of lines in 2-dimensional
Euclidean space. We want to see how many two-dimensional points can be shattered by
this class. Obviously, for any two (non-coinciding) points we can always find three distinct
lines giving all four possible sign patterns. Figure 2.1a shows how three points can also

be shattered by the set of lines in two dimensions. On the other hand, if we consider four
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points in two dimensions, it is shown that for any set of four points in two dimensions, there
always exists at least one sign pattern that is not linearly separable; that means there exists
no line that can perfectly separate the two classes. Figure 2.1b illustrates a specific binary
labelling of four points (more precisely, two binary labelling of four points, for two possible
configurations of four points in general position) which is not linearly separable and therefore,
prevents the set of four points from being shattered. It can be shown that in general, the
VC-dimension of hyperplanes in d-dimensional space is equal to d 4+ 1. The proof of this fact

is given in Appendix C.

L e e ° e . e + ==
° o,/ o °
° ° ‘e /o - - -
.1 o.° 0.10. °
° /o "o ° + + +
(a) (b)

Figure 2.1. From [8]. (a) Illustration of shattering of three points in 2-dim by lines. (b)
Two categories of four points in general position in two dimensions. The two sign patterns
illustrated here are the ones that are not linearly separable. On the left, the four points lie
on a convex hull. On the right one point lies inside the convex hull of the other three points.

From Definition 5 and our discussion above on the growth function, an important lemma
follows:

Lemma 2.2.3. If H has VC-dimension dyc, then for all m < dg,., lIy(m) =2™. On the
other hand, for all m > dyc, 29v¢ < Tly(m) < 2™.

The upper bound in this lemma is in fact trivial. If we know the VC-dimension of a
hypothesis class, there is a lemma, known as Sauer’s lemma, that tightens this bound to a
more informative one.

Lemma 2.2.4. (Sauer’s Lemma) Let H be a hypothesis set of VC-dimension dyc. Then for
alln € N, the following relation holds

Ty (n) < df (?) (2.2.15)

The proof of this lemma can be found in Appendix B.
Following Lemma 2.2.4, it can be shown that for n > dyc, the growth function of a hy-
pothesis class H is bounded as Iy (n) < (ﬁ)d"c [8]. By applying this upper-bound to
Equation (2.2.7), we get the generalization bound in terms of the VC-dimension. Let H be
an infinite class of hypotheses with the VC-dimension dyc. For any > 0 with probability

at least 1 — 0 over a random draw of a sample of finite size n, the generalization error (true
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error) is bounded as below

) 2 2 1
VheH, R(h) < Rs(h)+ 2\/ (dvc log d—"e +log 5) (2.2.16)
VC

2.3. Generalization Bounds for Regression

In this section, we go through the subject of generalization bound and complexity of the
hypothesis class for the regression problem, i.e., for a supervised learning problem where the
data points are labeled by real numbers and the loss function is accordingly a measure of
the difference between the predicted label and the true label.

Let S = {(z1,11)...,(Tn,yn)} be a sample drawn i.i.d. from an unknown distribution D.
Based on this subset S, we want to find a function h : R? — R, such that for all i € [n],
y; =~ h(z;), with &~ denoting the approximation. The loss is usually the squared loss, defined
as L(y,9) = (y—9)* which gives the mean squared error as the empirical risk for the sample,
ie, R =137 (y; — h(x;))% Similarly to the classification case, we consider both finite

n

and infinite classes of hypotheses for regression. Also, we only consider bounded losses with
L<MEeR.

2.3.1. Finite Class of Hypotheses

For finite set of hypotheses, for each function A € H, from the Hoeffding’s inequality in
Corollary A.1.1 and Equation (A.1.19) in the proof of Theorem 19, we obtain

. 2ne?
P(R(h) — R(h) > ¢€) <exp(— e ) (2.3.1)
Here, we have only used the fact that the generalization gap can be written as a sum over

R(h)

n centered loss terms, i.e., L(y;, h(x;)) — , which are all upper-bounded by M; then, by

applying the union bound, we get

2ne
M2
As we saw in the classification case, this probability bound is equivalent to an upper bound

P(3h € H | R(h) — R(h) > €) < [H|exp (-

) (2.3.2)

on the generalization gap which is valid with probability at least 1 — § for an arbitrary
0<d<1

R(h) — R(h) < M\/logm' logd. (2.3.3)
2.3.2. Infinite Class of Hypotheses

The subject of generalization bounds for problems with real-valued loss functions is more

involved than the classification case. As we saw in the previous section, VC-dimension is a
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combinatorial measure of the complexity of the class of binary-valued functions. For real-
valued functions that are pertinent to the regression problem, a similar quantity is defined
which is called pseudo-dimension. Similar to the VC-dimension which is defined based on
the notion of shattering, the pseudo-dimension is related to pseudo-shattering. The following
definitions introduce these concepts.

Definition 6. For a real-valued hypothesis class H C RY, we say that H pseudo-shatters the
points xy, ..., x, € X with thresholds tq,...,t, € R, if for every binary labeling of the points
(S1,-e58n) € {—1,+1}", there exists h € H s.t. h(x;) <t; if and only if s; = —1.
Definition 7. The pseudo-dimension of a real-valued hypothesis class H C RY, Pdim(H),
is the supremum over n for which there exist n points that are pseudo-shattered by H (with
some thresholds).

In other words, the class of functions H pseudo-shatters the points zq,...,z, € X with
thresholds tq, ..., t, € R if for each of the 2" subsets of the set of these n points, there exists a
function h € H which passes above those threshold values ¢;,7 € [n| which correspond to the
points x; belonging to that subset, and goes below other thresholds. Figure 2.2 illustrates
the pseudo-shattering of two points in R by the class of threshold functions. In this figure,
we have chosen the points p; = 1 and ps = 3 and the thresholds ¢t; = 2 |, £ = 4. The four
linear functions that we choose to pseudo-shatter p; and p, with thresholds ¢; and t,, are:
filr) =2z =1, fo(x) = —x+ 5, f3(x) = 1, fs(x) = 5, which are shown by the green,
blue, yellow and red lines respectively. It can be verified that three points in one dimension
cannot be pseudo-shattered by linear functions. Therefore, the pseudo-dimension of the class
of linear functions in one dimension is two. This result generalizes to higher dimensions and
gives d+ 1 as the pseudo-dimension of linear functions in R?, similar to the VC-dimension of
the class of linear classifiers. More generally, it is shown that for any real-valued hypothesis
class H from X to R, the VC-dimension of the classifiers sign(H) = {sign(h) | h € H} is
upper-bounded by the pseudo-dimension of H [75]. This is because, from the definitions of
shattering and pseudo-shattering, the pseudo-dimension is related to the VC-dimension by
the relation

Pdim(#H) = dyc({(x,t) — sign(h(x) —t) | h € H})

which holds for any H C RY [8].

In [8], it is shown how the generalization gap can be bounded in terms of the pseudo-
dimension of a class of bounded loss functions associated to a hypothesis class of real-valued
regression functions. In order to write this upper bound in terms of the pseudo-dimension of
the corresponding hypothesis class, the loss function needs to satisfy some constraints, e.g.,
if the loss is a monotonic function of the hypothesis, then the pseudo-dimension of the class
of loss functions {L(h(X),y) | h € H} is equal to the pseudo-dimension of the hypothesis

class H [8]. These intricacies of the real-valued loss functions are beyond the scope of this
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Figure 2.2. Pseudo-shattering of two points in one dimension, with thresholds ¢; and ¢,
witnessing the pseudo-shattering.

thesis and therefore we do not go through the discussion of generalization bounds for the
regression problem in terms of the pseudo-dimension. The main point of the current section
is to emphasis on the pseudo-dimension as a combinatorial measure of complexity for real-
valued hypothesis classes. Based on the above discussion, in the next chapter, we provide
a unified approach for bounding both VC-dimension and pseudo-dimension for different
supervised learning tasks, i.e., classification, regression and completion. In fact, pseudo-
dimension can equivalently be defined for completion problems as we briefly see in the rest
of this subsection.

Consider a completion problem; we are given a m x n matrix M € R"™*" where we only
observe a subset of S entries of the matrix with S < mn. Assuming that the matrix is of low
rank r < m,n, we want to estimate the unobserved entries of the matrix. The binary version
of this problem is when the matrix contains only plus and minus signs, and we want to find
the correct sign for the missing entries. The relation of this problem to the classification
problem is that this can be seen as a binary-classification problem with data points being
the set of tuples containing the indices of the matrix entries. Therefore, the function class
is a set of functions that maps from the space of matrix indices to {—1, + 1} [4]. Clearly,
this problem extends to the tensor completion case with a similar interpretation in terms of
a classification problem. Then, we can define a VC-dimension for the class of completion
functions, similar to what we have in classification. In this case, the VC-dimension of the
completion task gives the maximum number of entries of a m x n matrix of rank at most
r to which any configuration of plus and minus signs can be assigned. Lemma 3.4.1 in the
next chapter is a result of this definition and sheds more light on this point.

In a similar way, the pseudo-dimension is defined for matrix/tensor completion task when
we are not only concerned with the sign of the entries, but also with their real values; in
that case the completion function would map the indices to the real space and hence the

pertinence of the pseudo-dimension.
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Chapter 3

Generalization Bound and VC-dimension of

Tensor Networks

As already mentioned in the introduction chapter, the content of this chapter is the main
contribution of the thesis and has been published in NeurIPS 2021 [70].

3.1. Introduction

We start this chapter by formally introducing tensor network learning models and show-
casing some examples of such models. Then, we give a general upper bound on the VC-
dimension and pseudo-dimension of hypothesis classes parameterized by arbitrary TN struc-
tures for linear regression, classification and completion. We then discuss corollaries of this
general upper bound for common TN models including low-rank matrices and T'T tensors,
and compare them with existing results. Examples of particular upper bounds that can be
derived from our general result can be found in Table 3.1. The last section of this chapter
provides some lower bounds on several TN models. This is our first step towards tightening

our general upper bound.

3.1.1. Tensor Network structures

In this section, we introduce a notation that simplifies defining the hypothesis class of
tensor network models. In general, tensor networks can become too involved and contain
too many vertices and edges. In such a case, the definition of the corresponding hypothesis
class in a precise way can become too lengthy and unpractical. This notation resolves this
problem and provides a way to concretely define the hypothesis class of any tensor network
model in a neat way. To introduce our notation, we note that a tensor network (TN) can
be fundamentally decomposed in two constituent parts: a tensor network structure, which
describes its graphical structure, and a set of core tensors assigned to each node. For example,
the tensor in R *d2xd3xds represented by i@’—@i is obtained by assigning the core tensors



T € RhxdexE and § € RE*Xdsxda 15 the nodes of the TN structure -

This decomposition is illustrated in Figure 3.1.

d It ds ScRRExd3xdy
do ds T cR41 Xdg xR
Graph structure G = (V,E, dim) Tensor parameters

Figure 3.1. Disentangling the graph structure of a tensor network from its parameters

Formally, a tensor network structure is given by a graph G = (V,E,dim) where edges are
labeled by integers: V' is the set of vertices, E C V U (V x V) is a set of edges containing
both classical edges (e € V' x V) and singleton edges (e € V') and dim : E — N assigns a
dimension to each edge in the graph. The set of singleton edges d¢ = F NV corresponds to
the dangling legs of a TN; it follows that g has as many members as the order of the tensor.
Given a TN structure G, one obtains a tensor by assigning a core tensor T € @ .cp, Rm(e)
to each vertex v in the graph, where F, = {e € E | v € e}. The resulting tensor, denoted by
TN(G,{T"}vev), is a tensor of order |§¢| in the tensor product space ®,es, R¥™®. Given
a tensor structure G = (V,E,dim), the set of all tensors that can be obtained by assigning
core tensors to the vertices of G is denoted by T(G) C ®ees, R¥™:

T(G)={TN(G AT }ev) : T'€ X RA™E 4 e V1. (3.1.1)

e€Ey
As an illustration, one can check that the set of m x n matrices of rank at most r is equal
to T( Zo—@~ ). Similarly, the set of all 4th order d-dimensional tensors of TT rank at

most r is equal to T( @-= ]" ]" ] ). Finally, for a given graph structure G, the number

of parameters of any member of the family 7(G) in Equation (3.1.1) (which is the total
number of entries of the core tensors {7T°},cy) is given by
Ne=>_ ][ dim(e) (3.1.2)
veV ecE,
This will be a central quantity in the generalization bounds and bounds on the VC-dimension
of TN models that we derive in subsequent sections. Graph structure of some common tensor

networks are illustrated in Figure 3.2.
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QR2P QPP 0000 00069

CP Tucker Tensor Train Tensor Ring
Hierarchical Tucker PEPS

Figure 3.2. Graph structures of TN representation of common decomposition models for
4th order and 9th order tensors. For CP, the black dot represents a hyperedge corresponding
to a joint contraction over 4 indices. For the ease of representation, the edge weights, i.e.,
the dimensions of the core tensors are not shown.

3.2. Tensor Network Learning Models

In this section, we formalize the general notion of tensor network models for supervised
learning tasks. We then show how it encompasses classical models such as low-rank matrix
completion 76, 77, 78, 79|, classification [50, 51, 52], and tensor-train-based models [1, 27,
61, 62, 63, 64]. Consider a classification problem where the input space X’ is the space of p-
th order tensors R4 *42xxd» - One motivation for TN models is that the tensor product space
X can be exponentially large, thus learning a linear model in this space is often not feasible.
Indeed, the number of parameters of a linear classifier h : X > sign((X, W)), where W €
R¥>xdp i5 the tensor weight, grows exponentially with p. TN models parameterize W as a
low-rank TN, thus reducing the number of parameters needed to represent a model h. Our
objective is to derive generalization bounds for the class of such hypotheses parameterized
by low-rank tensor networks for classification, regression and completion tasks.

Formally, let G = (V,E,dim) be a TN structure for tensors of shape d; X -- - x d,, i.e. where
the set of singleton edges is 6¢ = ENV = {vy,--- ,v,} and dim(v;) = d; for each i € [p].
We are interested in the class of models whose weight tensors are represented in the TN

structure G:

,HrGegression _ {h X = <W’ X) ’ W e T(G)} (321)
HESE = [h: X = sign(W, X)) | W e T(G)} (3.2.2)
,Hg)mpletion _ {h : (i1> .. ,ip) — Wi1,~~,ip | W e T(G)} (323)

Notice how by disentangling the graph structure of tensor networks from their entries, the
notation that we introduced in the earlier section allows us to define these hypothesis classes
in a neat and concrete way for any arbitrary TN structure G. In Equation (3.2.3) for
the completion hypothesis class, p-th order tensors are interpreted as real-valued functions

f:[di] x -+ x [d,) = R over the indices of the tensor. Hy™'*"" is thus a class of functions
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over the indices domain, for which the notion of pseudo-dimension is well-defined. This
treatment of completion as a supervised learning task was considered previously to derive
generalization bounds for matrix and tensor completion [4, 48].

As mentioned before, the benefit of TN models comes from the drastic reduction in param-
eters when the TN structure G is low-rank, in the sense that the number of parameters
N¢ is small compared to dids - - -d,. In addition to allowing one to represent linear models
in exponentially large spaces, this compression controls the capacity of the corresponding
hypothesis class Hg.

3.2.1. Examples

To illustrate some TN models, we now present several examples of models based on

common TN structures: low-rank matrices and tensor trains.

Low-rank matrices As discussed in Section 3.1.1, if we define the TN structure
Guat(1) = 20—~ , then T (Guai(r)) is the set of matrices in R%*9 of rank at most
r. The hypothesis class Hc > éit)ion then corresponds to the classical problem of low-rank
matrix completion [76, 77, 78, 79]|. Similarly ’HCGliS:z%T) corresponds to the hypothesis
class of low-rank matrix classifiers. This hypothesis class was previously considered,
notably to compactly represent the parameters of support vector machines for matrix
inputs [50, 51, 52]. Lastly, for the regression case, Hgafzs(il)o " is the set of functions
{h : X = Tr(WXT") | rank(W) < r}. Learning hypotheses from this class is relevant
in, e.g., quantum tomography, where it is known as the low-rank trace regression prob-

lem [80, 81, 82, 83|.

Tensor train tensors As explained in Chapter 1, the tensor train (TT) decomposi-
tion model [12], has a number of parameters that grows only linearly with the order of the
tensor and this makes the T'T format an appealing model for compressing the parameters
of ML models [1, 26, 35, 18]|. Let us remind the tensor train classifier model that we
reviewed in Subsection 1.5, which was introduced in [1] and subsequently explored in [27].
Given a vector input x € RP, Stoudenmire and Schwab [1] propose to map x into a
high-dimensional space of p-th order tensors X = R%*? by applying a local feature
map ¢ : R — R? to each component of the vector x and taking their outer product:
D(x) = 9(x1) B 6(x2) @ -+ ® Blx;) € (RY)P.

Instead of relying on the so-called kernel trick, Stoudenmire and Schwab propose to directly
learn the parameters W of a linear model h : x — sign({W, ®(x))) in the exponentially large

feature space X. The learning problem is made tractable by parameterizing W as a low-rank

TT tensor (see Equation (1.4.15)). Letting Grr(ry,--- ,rp-1) = ](P"—(R’—/'—(R;*—‘(P/ :
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classif
Grr(riy -, rp—1)"

which was extended in [27] and [61], tensor train classifiers were also previously considered
n [62, 63, 64]. Similarly, the hypothesis class %g)Tn;pffjon’r _,y corresponds to the low-rank
TT completion problem [84, 19, 85].

the hypothesis class considered in [1] is H In addition to the approach of [1],

Other TN models Lastly, we mention that our formalism can be applied to any
tensor models having a low-rank structure, including CP, Tucker, tensor ring and PEPS.
As mentioned previously, for the case of the CP decomposition, the graph G of the TN
structure is in fact a hyper-graph with |V| = p nodes and Ng = pdr parameters for a
weight tensor in (R?)®P with CP rank at most r. Several TN learning models using these
decomposition models have been proposed previously, including [58, 59| for regression in
the Tucker format, [65] for classification using the PEPS model, [54, 55] for classification
with the CP decomposition and [20, 86| for tensor completion with TR.

3.3. Bounds on the VC/Pseudo-dimension and the Gen-
eralization Gap

The following theorem states one of our main results which upper bounds the VC and
pseudo-dimension of models parameterized by arbitrary TN structures.
Theorem 8. Let G = (V,E,dim) be a tensor network structure and let ’ngmswn ’Hdasszf,
Hcomplmon be the corresponding hypothesis classes defined in Equations (3.2.1-3.2.8), where
each model has N¢ parameters (see Equation (3.1.2)). Then, Pdim(H 5™, dye (ML)
and Pdim(HE™" ") are all upper-bounded by 2Ng log(12|V]) .
These bounds naturally relate the capacity of the TN classes H 2 5" glassif | gycompletion

to the number of parameters Ng of the underlying TN structure G.

PROOF. Following the analysis of [4] for matrix completion and its extension to the Tucker
decomposition model presented in [48], the proof of this theorem leverages Warren’s theorem
which bounds the number of sign patterns a system of polynomial equations can take.

Theorem 9. [46] The number of sign patterns of n real polynomials, each of degree at most

v, over N wvariables is at most (%@”)N for alln > N > 2 (where e is Euler’s number).

We start with the pseudo-dimension introduced in Definition 7. Consider n input tensors
X1, --- X, and arbitrary threshold values ty,--- ,t,. To upper-bound Pdim(H52"*¥"), it
is enough to show that for any set S = {X,--- X} and threshold values ¢; - -- ,t,, the
number of relative sign patterns realized by the Class of functions HE " is bounded by

a value depending only on n and the tensor network structure G. Formally, we define the
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maximal number of sign patterns as follows:

sign(h(Xy) — t1)
f(n,G):= sup : ‘ h € HgEesion (3.3.1)
Xy RneX
b tn€R sign(h(X,) — t,)
Let G = (V,E) be an arbitrary TN structure. For h € Hi#¥" by definition, h : X —
(W, X) for some weight tensor W € T (G). Consequently, there exists a collection of core
tensors T' € Q.cp, RU™®) such that W = TN(G,{T " },ev) (see Equation (3.1.1)) and
it follows that h(X’) is a polynomial of degree |V| over N variables. The variables of the
polynomial are the entries of the core tensors {7 },ecv.
Now, given a set of input tensors S = {X,--- X}, the value f(n,G) in Equation (3.3.1) is
thus bounded by the number of sign patterns that a system of n polynomial equations (one
for each input data point) of order |V| over Ng variables can take. It then follows from
Warren’s theorem (Theorem 9) that

4en]V]>NG

) < (5

(3.3.2)

Bound on the pseudo-dimension To extract a bound on the pseudo-dimension from
the above bound on the number of relative sign patterns, we follow the line of the proof
of Theorem 8.3 in [47]. First observe that by the definition of the pseudo-dimension, if
f(n, Ng) < 2" for some n, then Pdim(H52"*¥"") < n. Using the bound on f(n, N¢), we
have f(n, Ng) < (%%LV')NG < 2™ if and only if

4e|V|

Ng (logn + log N) < n. (3.3.3)
G

Using the classical inequality Inn < nb + ln% — 1, or equivalently logn < % + log é, it
follows that

logn < "+ log 2NC
ogn — (o) .
& — 2Ng gelr12

Consequently, Equation (3.3.3) is implied by n > 2Ng log %, which is in turn implied by
n > 2Nglog(12|V]).

We thus have shown that Pdim(H ") < 2Ng log(12|V]). Since for any hypothesis class
H, Pdim(H) = dyc({(z,t) — sign(h(z) —t) | h € H}) this upper bound implies that there
exists no set of k > 2Ng log(12|V]) points that are shattered by the hypothesis class

{(&t) > sign(h(X) —t) | h € HEB*") = {(&X,t) > sign((W,X) —t) | W € T(G)}.

In particular, no set of k points with thresholds ¢; = - -- = t;, = 0 is shattered by H,; ,
which is equivalent to no set of k points being shattered by HZ*! hence dyc(HE*) <
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2N¢ log(12|V]).

Similarly, for the completion case we argue that the maximum number of multiples of indices

shattered by the function class Hg™™ " is bounded by the same value as Pdim (Hs2*"").

The Pseudo-dimension of HS™ " is by definition, the maximum number of indices, i.e.,

the maximum number of the entries of the tensor, that could be pseudo-shattered (with
completion

thresholds zero) by the class of tensors H . Each component of the tensor T, ..;, can

be written as the following inner product

Tiiy = (T, egll) 2e?®..-® e(p))

iz iy
where each eg‘j ) € R% is the i-th vector of the canonical basis of R% . Thus, no set of more
than 2N¢ log(12|V]) indices is shattered by He™ " since otherwise the corresponding set
of points efj ' ® egf ) would be shattered by HIE™*"  Therefore, Pdim(HI™Pom) <

2N¢ log(12|V]). O

The bounds on the VC-dimension and pseudo-dimension presented in Theorem 8 can be
leveraged to derive bounds on the generalization error of the corresponding learning models;
see for example [8]. In the following theorem, we derive such a generalization bound for
classifiers parameterized by arbitrary TN structures.

Theorem 10. Let S be a sample of size n drawn from a distribution D and let ¢ be a loss
bounded by 1, including the 0 — 1 loss. Then, for any 6 > 0, with probability at least 1 — ¢

classif

over the choice of S, for any h € Hs",

BenlV] | 1og 4) . (3.3.4)

A 2
2.1 — [ Ngl
R(h) < Rg(h) + $ - ( c log Ng 5

The proof takes into account the general formula in Theorem 4 as well as the bound on
the growth function which follows from Theorem 9, i.e., f(n,G) < (46]372/')]% as in Equa-
tion (3.3.2). It follows from this theorem that, with high probability, the generalization gap
R(h) — Rg(h) of any hypothesis h € HIsif is in (9( Nclog(")). This bound naturally

relates the sample complexity of the hypothesis class with its expressiveness. The notion of
richness of the hypothesis class appearing in this bound reflects the structure of the under-
lying TN through the number of parameters Ng. Using classical results (see, e.g., Theorem
10.6 in [8]), similar generalization bounds for regression and classification with arbitrary

TN structures can be obtained from the bounds on the pseudo-dimension of H=*¥" and

HEPUOM derived in Theorem 8. As detailed in Subsection 3.3.2, to examine this upper

bound in practice, we perform an experiment with low-rank TT classifiers on synthetic data.

In the next subsection, we present corollaries of our results for particular TN structures,
p p

including low-rank matrix completion and the T'T classifiers introduced in [1].
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3.3.1. Special cases

We now discuss special cases of Theorems 8 and 10 and compare them with existing

results.

Low-rank matrices Let Gu.(r) = 2002 and T (Guat(r)) be the set of di X do

matrices of rank at most r. In this case, we have |V| = 2 and Ng r(dy + dg), and

Theorems 8 and 10 give the following result. "

Corollary 3.3.1. Pdlm(Hregres‘jff "), dvc(”Hdamfr)) and Pdim(H ;" le“‘m) are all upper-
bounded by 10r(dy + dg). Moreover, with high probability over the choice of a sample S
of size n drawn i.i.d. from a distribution D, the generalization gap R(h) — Rg(h) of any

hypothesis h € ’Hdas‘”f is in O ( T(dﬁd"’)log(")).

This bound improves on the one given in [52] where the VC-dimension of Hgffjr) is
bounded by r(d; + do)log(r(dy + ds)) (see Theorem 2 in [52]). For the matrix completion
case, our upper bound improves on the bound Pdim(’}'—[g’f:}it)’on) < r(dy +ds) log 1%%41 derived
in [4]; recall that this improvement is the result of extracting our VC—dlmensmn upper
bound from the upper bound on the number of sign patterns using a more sophisticated
approach than the one in [4] (Our approach is demonstrated in the proof of Theorem 8). In
Section 3.4, we will derive lower bounds showing that the upper bounds on the VC/pseudo-
dimension of Corollary 3.3.1 are tight up to the constant factor 10 for matrix completion,

regression and classification.

Tensor train Let Gpr(r) = ](P’—(P]’— —(R/—(P and T (Grr(r)) be the set of

tensors of TT rank at most r. In this case, we have |V| = p and Ng = O (dpr?) where
d = max; d;. For this class of hypotheses, Theorems 8 and 10 give the following result.

Corollary 3.3.2. Pdlm(”}-[mgrefs)wn), dvc(’}-lgi‘;sg)) and Pdlm(’}-[coﬁp(lf)tw") are all in
O (dpr*log(p)), where d = max;d;. Moreover, with high probability over the choice of a
sample S of size n drawn i.i.d. from a distribution D, the generalization gap R(h) — }A%S(h)

of any hypothesis h € /Hdassw; s in O ( ‘W)

This result applies for the MPS model introduced in [1] and thus answers the open
problem listed as Question 13 in [2]. To the best of our knowledge, the VC-dimension of
tensor train classifier models has not been studied previously and our work is the first to
address this open question. The lower bounds we derive in Section 3.4 show that the up-

per bounds on the VC/pseudo-dimension of Corollary 3.3.2 are tight up to a O (log(p)) factor.

Tucker We briefly compare our result with the ones proved in [48] for tensor com-

pletion and in [59] for tensor regression using the Tucker decomposition. For a Tucker
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decomposition with maximum rank r for tensors of size d; x - - - X d,, with maximal dimension
d = max;d;, the number of parameters is in O (r? + dpr) and the number of vertices in
the TN structure is p + 1. In this case, Theorems 8 and 10 show that the VC/pseudo-
dimensions are in O ((r? + dpr)log(p)) and the generalization gap is in O (\/ (T”dprn)log(n))
with high probability for any classifer parameterized by a low-rank Tucker tensor. It is
worth observing that in contrast with the tensor train decomposition, all bounds have an
exponential dependency on the tensor order p. In [48], the authors give an upper bound on
the analogue of the growth function for tensor completion problems which is equivalent to
ours. In [59], the pseudo-dimension of regression functions whose weight parameters have
low Tucker rank is upper-bounded by O ((r? + drp)log(pd?~')), which is looser than our
bound due to the term dP~! (though a similar argument to the one we use in the proof of

Theorem 10 can be used to tighten the bound given in [59]).

Tree tensor networks Lastly, we compare our result with the ones presented in [69]
where the authors study the complexity of learning with tree tensor networks using metric
entropy and covering numbers. The results presented in [69] only hold for TN structures
whose underlying graph G is a tree. Let G be a tree and ¢ be a loss function which is
both bounded and Lipschitz. Under these assumptions, it is shown in [69] that, for any
h € HEES" with high probability over the choice of a sample S of size n drawn i.i.d. from
a distribution D, the generalization gap R(h) — R(h) is in O(y/Ng/n). Theorem 10 gives a
similar upper bound in @(\/N_G /n) on the generalization gap of low-rank tensor classifiers.
However, our results hold for any TN structure G. Thus, in contrast with our general upper
bound (Theorem 8), the bounds from [69] cannot be applied to TN structures containing

cycles such as tensor ring and PEPS.

3.3.2. Experiments

To evaluate the theoretical upper bound provided in Theorem 10, we perform a simple
binary classification experiment with synthetic data. We draw a random low-rank TT target
tensor W € R¥>*44x4 of rank 8 by drawing the components of the cores of the TT decom-
position i.i.d. from a uniform distribution between -1 and 1. Input-output data is generated
with y; = sign((W,X;)) for training and testing, where the components of X; are drawn
i.i.d. from a normal distribution. Using the cross-entropy as loss function, we optimize the
empirical risk using stochastic gradient descent with a learning rate of 1072 to learn a TT
hypothesis of rank r.

In Figure 3.3, we report the generalization gap of the learned hypothesis h, R(h) — }A{S(h),
where the true risk R(h) is estimated on a test set of size 4,000 for different scenarios. In

Figure 3.3 (left), we show how the sample size affects the generalization gap for learned
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hypothesis of rank » = 2 and r = 4. As expected, the generalization gap decreases as the
sample size grows, and is smaller for » = 2 than r = 4 which is also expected from Theo-
rem 10. In Figure 3.3 (right), we show how the rank r of the learned hypothesis affects the
generalization for sample sizes 2,000 and 4,000. As expected, the higher the rank of the T'T
weight tensor, the larger the model complexity and hence the generalization gap. In both
figures, we observe that the theoretical upper bound and the experimental results follow a
similar trend as a function of the sample size and hypothesis rank.

10°

100 ==

107!
1072 //—
)

103 -
0 500 1000 1500 2000 2500 3000 n=4000

sample size

102

generalization

r=2
— r=4

Figure 3.3. Dashed lines represent the theoretical bound, full lines represent the generaliza-
tion gap (averaged over 20 runs for both experiments), and shaded areas show the standard
deviation. (left) Generalization error for two models with ranks r = 2 and r = 4 as a function
of training size. (right) Generalization error for two sample sizes n = 2000 and n = 4000 as
a function of the rank of the learned hypothesis.

3.4. Lower Bounds

We now present lower bounds on the VC and pseudo-dimensions of standard TN models:
rank-one, CP, Tucker, T'T and TR.

rank one CP Tucker
Decomposition 1(5 ((5 ré (/(5 dl d /.‘",(./ d dl d /:”,(‘/ d
Lower Bound | (d—1)p |rd (r<a) P (r<d)

(condition)

Upper bound |2dplog(12p)| 2prdlog(12p)| 2(r?+prd) log(24p) 2pridlog(12p)

Table 3.1. Summary of our results for common TN structures. Both lower and upper
bounds hold for the VC/pseudo-dimension of HI*s PN and 1SS for the cor-
responding TN structure G (see Equations (3.2.1-3.2.3)). The upper bounds follow from
applying our general upper bound (Theorem 8) to each TN structure. The lower bounds
are proved for each TN structure specifically. Each lower bound is followed by the condition
under which it holds in parenthesis (small font). Note that the two bounds for TT and TR
hold for both TN structures.

Theorem 11. The VC-dimension and pseudo-dimension of the classification, regression

and completion hypothesis classes defined in Equations (3.2.1-3.2.3) for the rank-one, CP,

66



Tucker, TT and TR tensor network structures satisfy the lower bounds presented in Table 3.1.
These lower bounds show that the general upper bound of Theorem 8 is tight up to a O (log(p))
factor for rank-one, T'T and TR tensors and s tight up to a constant for low-rank matrices.

We devote the next section to the proof of this theorem. These lower bounds show that
our general upper bound is nearly optimal (up to a log factor in p) for rank-one, TT and TR
tensors. Indeed, for rank-one tensors we have (d — 1)p < Crank—ome < 2dplog(12p) and for
TT and TR tensors of rank 7 = d whose order p is a multiple of 3 we have p(r’d —1)/3 <
CIT/TR < pr2d - 21og(12p), where C@k—°m¢ (vesp. CFT/TR) denotes any of the VC/pseudo-
dimension of the regression, classification and completion hypothesis classe associated with
rank-one tensors (resp. rank » TT and TR tensors). In addition, the lower bound for the CP
case shows that our general upper bounds are tight up to a constant for matrices. Indeed,
for p = 2 and r < d the bounds for the CP case give rd < C™x < 20rd where Cmatrix
denotes the VC/pseudo-dimension of the hypothesis classes associated with d x d matrices

of rank at most r.

3.4.1. Proof of Theorem 11

In the remaining sections, we give the proofs of all the lower bounds appearing in Ta-
ble 3.1. All proofs rely on the following lemma which gives a useful way for jointly deriving
lower bounds on the pseudo-dimension and VC-dimension of the hypothesis classes of linear
models for regression, completion and classification defined in Equations (3.2.1-3.2.3).
Lemma 3.4.1. Let V C R? and define the hypothesis classes

Heompletion — fh s wy | w e V)
Hreoressin — fhx e (w,x) | w € V)
Heless — [ x s sign((w, x)) [ w eV} .
If there exist k indices iy, - iy € [d] that are shattered by V', i.e., such that

H(Sign(wh)v Sign(wiz)v T ,SigH(Wik)) | W € V}| = Qk y

then dyc(H9sY), Pdim(H ") and Pdim(HmPeon) are all lower bounded by k.

PROOF. Let ey, - ,e4 be the canonical basis of R? and let i1, - - - ,ip, € [d] be a set of indices
shattered by V. Since (w,e;) = w; for all ¢ € [d], the points e;,,--- ,€;
HeessE and thus dye(HH) > k.

Similarly, since Pdim(#H) = dyc({(x,t) — sign(h(x) —t) | h € H}) for any hypothesis class
‘H, the set of points e;,,--- ,e; with thresholds ¢; =ty = --- = t;, = 0 is shattered by the
hypothesis class {(x,t) + sign((w,x) —t) | w € V}, and thus Pdim(Hresression) > .

are shattered by

k
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Lastly, the set of indices iy, - - - , 7, with thresholds ¢t; =t5 = --- = t;, = 0 is shattered by the
class {(i,t) — sign(w; — t) | w € V}, and thus Pdim(Hcmpletion) > k. O

3.4.2. Rank-One Tensors

Theorem 12. Let Gronicone = OO~ &G be the tensor network structure corresponding
to p-th order rank-one tensors, i.e., T (Grank-one) = {11 @ Uy ® --- @ u, | ug,ug, -+ ,u, €
R4}, The VC-dimension and pseudo-dimensions dvc(Hélfjjgm), Pdim(?—[gef;f;‘ffen),
Pdlm('Hcomplem:”) are all lower-bounded by (d — 1)p.

Proor. We show that the set of indices

S = {( ,j,d,d)|2€[p},j€[d—1]}

i—1 times p—1i times

is shattered by T (Grank-one), the result then follows from Lemma 3.4.1. More precisely, we

show that S is shattered by the set of rank-one tensors

A= { (V;) ® (‘12) @& (‘;p) | Vi,va, - vy € Rdl} C T (Grank-one) -

Indeed, for any multi-index (d,--- ,d,j,d,--- ,d) € S and any rank one tensor X = (Vl) ®
—— ———

i—1 times p—1 times

V2 QR Ve € A, we have
1 1
v v Vv
X dy,d ,j, dy-,d — (( 11) ® (f) Q- ® (f)) = (Vz')j .
7\/'/ e d,d,j,d,d

1—1 times p—1 times [

It follows that the (d — 1)p components &, ... ;, for X € A and (iy,--- i) € S can take any
arbitrary values (the entries of the vectors vy, -+ - ,v,, € R¥!) and thus, that S is shattered by
A and accordingly by T (Grank.one)- The result then directly follows from Lemma 3.4.1. O

3.4.3. Tensor Train and Tensor Ring

Theorem 13. Let r < dl*z ), let Grr(r) = Q—(P--Q—(P be the tensor network struc-
ture correspondmg to pth order tensors of tensor train rank at most v, and let Grgr(r) =

be the tensor network structure corresponding to pth order tensors of

tensor ring rank at most r. Then, the VC-dimension and pseudo-dimensions dVC(HgZ"S;Z{‘))

classt, . Tegression TEgression . completion completion
dye(HESL), Pdim(HGTe), Pdim (M o0™), Pdim (g5 and Pdim(Hgm7")

are all lower-bounded by r3d.
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Moreover, in the particular case where r = d and p = 3k for some k € N, the VC-dimension
and pseuda dimensions dvc(?-[gl‘;s;é{) dvc(’}-[g’:flf ) Pd1m(7—[regressw") Pdlm(ngifSSZO"),

im(He letwn) and Pdim(He lenon) are all lower-bounded by © M

Proor. We start with the tensor train case, the tensor ring case will be handled
similarly. Let r < dlz - We will show that there exists a set of r?d indices
(i1, J1)s -+ G2y - -+ ,jr2q) that is shattered by T (Grr(r)) (the set of tensors of

tensor train rank at most r), i.e., such that
{(sien(Wi, .. ), sign(Wi, ), -+ sign(Wiy, o 50)) | W € TH(Grr(r)}] = 27

In order to do so, we will consider a tensor train tensor T~ with cores GV .-+ .G?) where
the (k4 1)-th core G*Y) will be free while the other cores are fixed in such a way that each
component of G¥+Y appears exactly once in the entries of T~

Let ey, --- , e, be the canonical basis of R" and let e; = 0 for any i > 7. Let k = |Z] and let
G™® be the k-th core of the tensor train tensor 7 (i.e., the middle core). The other cores of
T are defined as follows: for each j € [d],

gy =e]
g(j) = ele(Tj_l)ds,lJrl + ege(Tj_l)dS,lJrQ + ere(Tj_l)dsflw fors=2--- k-1
g(s) = €(j_1)dr-++1€1 + €(_1)ar—s42€5 T+ -+ €(_1)r-s1r€, fors=k+1,---,p—1
g:(,z;‘) =€

With these definitions, one can check that

M a@ 26) (k=1) _ T
gil,:g:,ig,:g:,ig,: t g Ak—1," ell-i-(’bg 1)d+(13 1)d2+ +('Lk 1—1)dk 2
for any 4y, ,ig_1 € [d] and
(k+1) ~(k+2) (=1 o _
g ARty g kg2 G Izp 1 glvz;p = Cipt(ip—1—1)d+(ip—a—1)d2++(ify1—1)dP—k~1

for any ipy1,- - ,ip € [d]. Letting [jo, -+ Ji] = Jjo+ (1 — 1)d + (jo — D)d? + -+ + (j; — )d"
for any jo,--- ,j: € [d], it follows that for any i1, -- i, € [d],

T- o gﬂil,i2'" ,ik,l]],ik,ﬂip,ip—ly"' vilmrl]] 1f [[217Z2 Tt 7Zk71]] S T and [[Zpﬂ'p*l? e JZkJrl]] S r
71 -

i '
0 otherwise.

Before continuing, we write a lemma that will be frequently used in our proofs for the lower

bounds.
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Lemma 3.4.2. For any integer base, b > 2, every natural number has a unique base repre-
sentation.

One result of this lemma s that, if we take base b, then the non-negative integer number
n=ag+ aib+ asb® + - - + a1 b with all integers 0 < a; < b for 0 <i <t —1, is always
lower than or equal to b' — 1. This lemma implies that for any natural number n < bt, there
exists one and only one tuple of corresponding coefficients (ag, a1, -+ ,a;—1) which generates
n in base b as described above. Note that this is consistent with the fact that there are b
of such coefficient tuples. Then, since one of the counted generated numbers is zero, which
happens when all a;’s are zero, the uniqueness property as stated in Lemma 3.4.2 results in
the largest generated number being b* — 1.

Back to the proof, Since r < dl%) and k = |£], this implies that for any k-th core g,
the tensor train tensor 7~ contains all the r2d entries of G#*Y. Thus, the set of 72d indices
{(i1, -+ ,ip) | [insia- -+ sina] <7 i € [d], [ipyip—1,- - yire1] < 7} is shattered by T (Grr(r))
and the first part of the theorem follows from Lemma 3.4.1.

We now prove the second part of the theorem for the TT case, using a different construction.
Let r = d and p = 3k for some k € N. We will construct a family of tensors in T (Grr(r))
where a third of the p = 3k cores will be free while the other cores are fixed in such a way
that the resulting tensor T can be seen as the outer product of k£ 3rd order tensor of size
d X d x d. By observing that such tensors can be interpreted as rank one k-th order tensors
in RExd*xxd® the second part of the theorem will follow from Theorem 12.

Let g(l), . ,g(P) be the core tensors of the TT decomposition. The core tensors 9(3”2) €

R*dxd for s = 0,--- ,p — 1 are free while the other cores are defined as follows: for any
j € ldl,
1) _ T
gj,: = ej
g:(?ji%) = eje| fors=0,--- k—2
g:(,?}ffl) — elejT fors=1,---,k—1
() _
gs =€; .
It follows that, for any 1,--- ,i, € [d], we have

_c1) -2 (»—1) ~(p)
Tila"'vip - gilyigiyi%: U gZipflﬁg:gp
= (e (G? eiel ™G Ve el)--- T G2 (e,
(ezl)< :,127:)(61361) (elez4)( :,15,:)(e16e1) (elezp_z)( :,Zp_1,:)<elp)
_c®@ (5) (r—1)
- gihiz,isgu,i&ie T gif—Q,ip—hip

which implies that T = ¢? ® 6® @ ... @ g~V = ks G2 By reshaping the set
of tensors constructed in this way into k-th order tensors in R¥*xd* " one can see that
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this set of tensors is exactly the set of rank-one k-th order tensors of size d® x --- x d®,
—_———
k times
for which the corresponding VC-dimension and pseudo-dimensions are lower-bounded by
k(d®* —1) = p(r*d — 1)/3 from Theorem 12.
To see a simple example of how the proof for this second part works, Figure 3.4 illustrates
the proof for a 9-th order uniform tensor train with rank » = d. In this figure, the core

tensors highlighted in red are free. The other cores are fixed according to Equations (3.4.1).

i5

bbb bdbdéd

Figure 3.4. Visualization of the proof of the lower bound on the VC-dimension of a tensor
train tensor

gl =ef , g, = e
G =G =eel . G =0 =eef (34.1)
It follows that, for any i, - ,ig € [d], we have

Tivvio = Gt Gk G G Gl Gl Ghin G G
= (e0)(G1) ) (ee]) (ere] (617 )eel)(erel ) (G ) (es)
= gl(i)ig,ig, gz(‘i,)is,iﬁ g’gf,)ig,ig
This expression is equivalent to
T=6"06"2G", (3.4.2)
and from Theorem 12 results in the following bound on the VC-dimension
dye > p(r*d —1)/3 (3.4.3)

Finally, turning to the tensor ring, the proof for this case uses the exact same constructions
with the difference in the definition of the first and last core tensors which are defined by
Q(lj) = elejT and Q(’;) = eje| for each j € [d]. With these definitions, one can check that
O a2 26 (k=1 _ T
g:,i17:g:,i2,:g:7i3,z e g:,ik_l,: - ele[[h,ig,""ik_l]]
for any iy, -+ ,ig_q € [d] and
g(/ﬁ‘l) .g:(kf*‘z) o g(P—l) g(P)

. . . Y =€ ; e
RIS SR NN Hip— 1,0 4ipy [ip ip—1,ik+1]€1

for any g1, , i, € [d]. It follows that for any iy,--- 4, € [d],
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_ 1) a2 &6 (k=1) A (k) (k+1) ~(k+2) (r-1) ~)
Tily"'vip =Tr (g:,ihigi,iz,:gui% o g Vk—15t g )g k415t g g2y g Vip—1y g Zp:)
g&il)vi?“77:k—1]]:ik7[[ip»ip717“'7ik+1]] if [irdz - ipa] < v and [ipdp-r, - lpn] <7

0 otherwise.

The proof of the first part of the theorem then follows the exact same argument as for the
TT case. The second part of the theorem for TR is proved exactly as the one for TT by
replacing the first and last cores again by G (1}) = ele]T and G (’J’) = eje| foreach j € [d]. O

3.4.4. Tucker

Theorem 14. Let r < d and let G pyerer(r) =

corresponding to p-th order tensors of Tucker rank at most r. Then, the VC-dimension and

pseudo-dimensions dVC(Hg(;iiir(r))’ Pdlm(HTGe‘;ZiiZ%) and Pdlm(HCGOijZ:fE?;L) are all lower-
bounded by rP.

be the tensor network structure

PROOF. Let r < d. We show that there exists a set of r? indices (i1, ,J1), "+ ,(Tre, = ,jrp)
that is shattered by T (Grueker(r)) (the set of tensors of Tucker rank at most r), i.e., such
that

[{(sign(Wi, ... j1),sien(Wi, . jp)s -+ ,signWi o o)) | W € T (Gruer ()} = 27
T
Let P = (ITX,, OTX(d_T)) € R¥™". We consider the following subset of T (Grucker(7)):
A={Gx1Pxa3P x3---x, P |G € R} C T (Grucker(r))

where xj denotes the mode-k product (see, e.g., [11]). It is easy to see that any tensor
T =G x1PxyP x3---x,P € Awill have entries T, ... ;, = G, ... ;, for any 4y, - -+ i, € [r].
Hence the set of r? indices [r] x [r] x - X [r] C [d] x[d] x - - - x [d] is shattered by T (Grycker (7))
and the result directly follows from Lemma 3.4.1. U

3.4.5. CP

Theorem 15. Let r < dP™' and let Gop(r) =

ture corresponding to p-th order tensors of CP rank at most r. Then, the VC-dimension
and pseudo-dimensions dvc(”;'-[g‘é‘fli)) Pdlm(’;’-[mgresswn) and Pdim(Hg " letw”) are all lower-
bounded by rd.

be the tensor network struc-
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PROOF. Let r < dP~!. We show that there exists a set of rd indices (i1, ,j1),*+ ,(ira, ="+ sjrd)
that is shattered by T (Gcp(r)) (the set of tensors of CP rank at most r), i.e., such that

{(SBn(Wi . ), SIgn(Wis. ), - St (Wi 0)) | W € T(Gep(r)}] =27

We construct a tensor 7 of CP rank at most r such that each component of a matrix
A € R¥" appears at least once in the entries of 7. Similarly to the previous proofs,
A will be a free parameter allowed to take any value while the other components of the
parametrization of T~ will be fixed.

Let A € R we define p tensors AW o AP e RExoxd of order p as follows: for all

Z.lv"' 7ip7717"' yTp—1 € [d}a

Agl) = Ail’T1+(T271)d+"'+(7%1*1)dp’2 it + (7'2 - 1)d + -+ (Tp—l - 1)dp—2 <r
R 0 otherwise
A’E:Jl, = 51577-3_1 for s = 2’ ceep

where 0 is the Kronecker symbol. Let S = {(7, -+ ,7p—1) € [d] X -+ x [d] | 1 + (12 — 1)d +
4+ (1,-1 — 1)d*~% < r}. Note that since r < d?~! and 7,--- ,7,-1 € [d], Lemma 3.4.2
implies that
S| =7 (3.4.4)
Let 7 € R¥4 be the p-th order tensor defined by

SN S S Al A AL
7/17127"7 1177—177—27 yTp—1 12,T1,7T2," ,Tp—1 1p,T1,T2, ,Tp—1

T1=1719=1 Tp—1=1

for all 41, - -+ i, € [d]. It can easily be checked that T is a tensor of CP rank at most r, i.e.,
T € T(Gep(r)). Indeed, from the definition of LA™Y, we have

mg

d

1=

d
(1) (2) (»)
Z Ailﬂ'lﬂ'z,"- ,Tp—1Ai2,T1,7'2f" Tp—1 Aip77'177'27"' Tp—1
_1=1

Tp—1
AW (2) A

11,T1,T2, " Tp—1Y V12,T1,T2, ,Tp—1 UpyT1,T2," s Tp—1

1

\‘
—

3
I

(]

(11, ,7p—1)€ES

where from Equation (3.4.4), the sum is over at most r terms. At the same time, we have
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T .= 3 AN AP AP
21,22, 4,2 0

P 1,T1,72, ,Tp—1Y ¥2,71,72, ,Tp—1 Ip,T1,T2, ,Tp—1
(T1,,7p—1)ES

_ (1)
- Z Ai1,7’1,7‘27~-- 77'177167;277'1 5i3772 e 5ip,Tp_1

(T1,+,mp—1)€S

Ai1,i2+(i371)d+---+(ip71)dp—2 lf iz + (13 - 1)d + tt + (Zp - 1)dp—2 S T

0 otherwise

Since for all values of n € [r] with r» < dP~!, there exists one tuple (ig,i3, -+ ,i,) for which
io+ (i3 —1)d+-- -+ (i, — 1)dP~? = n, each one of the components of A appears exactly once

in 7. In particular, this implies that the set of indices
{(ir, -+ i) €[d] X - x [d] | iz + (i3 — D)d + -+ + (i, — 1)d** < r}

of size rd is shattered by T (Gcp(r)). The theorem then directly follows from Lemma 3.4.1.
U

Before finishing this section, let us see two examples of the above proof. The first one is a
3-rd order tensor T~ of uniform dimension d and rank » = d and the second one is a 3-rd order
tensor of uniform dimension d and rank r = d?. In both cases, the CP-decomposition (1.4.3)

takes the following form

Ti1,i2,i3: Z 5k1,k2,k3(T1)i1,7€1(T2)i2,k2(T3)i377€3 (345)

k1,k2,ks

In the first example, we define three matrices Tq, Ty, T3 € R¥*? as follows: Ty is a free
matrix and Ty and T3 are both identity matrices ;xq4. Then Equation (3.4.5) becomes

r

.
Ti17i27i3 = Z (Tl)il,kl Z 5k17k2,k35i27k25i3,k3

ki=1 ko,k3=1
r=d
= Z (Tl)ihkl(skhiz,is = (Tl)i17i25i2713 (346)
ki=1

We observe that tensor 7~ has exactly as many entries as the free matrix Ty, i.e., dr = d?
entries and therefore the proof for this first example is completed.
In the second example, we define three matrices Ty, Ty, T3 € R ag follows: first off, T,

is a free matrix. Also, from Equation (3.4.5) we have

r

Tivizis = D (T1)ir1(T2)ig bk (Ta)ig 1 (3.4.7)

k=1
Now, let’s say we want each of the d® entries of T} € R4 o appear once and only once
in 7 € R™4 This is possible if for any k € [d?] we have a unique pair (iy,i3) for which
(T2)iy x(T3)is e = 1. More precisely, if we make a 1-to-1 map between the index k on the
one hand and (is,i3) on the other hand, then our goal is realized. We identify each k € [d?]
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with a pair (is,i3) that satisfies k = iy + (i3 — 1)d. Since k € [d?], from Lemma 3.4.2, this is
a 1-to-1 map. Having this relation, we can now construct the two matrices Ty and T; each
k € [d] is mapped to (i2,i3) = (k,1), each k € [d + 1,2d] is mapped to (iz,i3) = (k — d,2),
ete., each k € [d* — d + 1,d?] is mapped to (ig,i3) = (k — d(d — 1),d). Therefore, we have

1 ifiy=k modd 1 ifig = [%]
(Ta)iy ke = : (T3)iz ke = I
0 otherwise 0 otherwise
or more explicitly
Ty = (Idxd Liva --- Idxd) e R (3.4.8)
and
1 1 0 O 0 0 0 0
o o --- 01 1 -1 O 0 --- 0
Ty =| . o R . (3.4.9)
0 0O 0 0 - 0 0 1 1 d?

Note that, matrices Ty and T3 above are constructed in such a way that by fixing indices
io and i3, there is only one index k in the sum for which (7%);, x(73)i,x is non-zero, and is
equal to 1(only one non-zero entry at each column).

Before finishing this chapter, it is worth mentioning that the approach that we took in this
section to show the tightness of our upper bound on the VC/pseudo-dimension is different
from the one in some similar works in the tensor network literature, such as [4, 48]. In
order to examine the tightness of their bound, the authors of these works calculate some
lower-bounds on the number of sign patterns produced by the corresponding hypothesis
class. The reason why we did not use this method is that, it does not seem straightforward
to extract a lower-bound on the VC-dimension from this lower-bound on the number of sign
patterns. Therefore, we opted to directly lower-bound the VC/pseudo-dimensions. In spite
of that, since the other approach involves some interesting proof techniques that worth being
reviewed, in Appendix D, we write the proof for the matrix case [4] and also, we use the
same technique to derive some lower bounds on the number of sign patterns produced by
TT-based models.
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Chapter 4

Conclusion and Future Directions

We derived a general upper bound on the VC and pseudo-dimension of a large class of
tensor models parameterized by arbitrary tensor network structures for classification, regres-
sion and completion. We showed that this general bound can be applied to obtain bounds on
the complexity of relevant machine learning models such as matrix and tensor completion,
trace regression and TT-based linear classifiers. In particular, our result leads to an improved
upper bound on the VC-dimension of low-rank matrices for completion tasks. As a corollary
of our results, we answer the open question listed in [2] on the VC-dimension of the MPS
classification model introduced in [1]. To demonstrate the tightness of our general upper
bound, we derived a series of lower bounds for specific TN structures, notably showing that
our bound is tight up to a constant for low-rank matrix models for completion, regression
and classification.

Future directions include deriving tighter upper bounds and/or lower bounds for specific TN
structures. This includes investigating whether our general upper bound can be tightened
by removing the log factor in the number of vertices of the TN structure, deriving a stronger
lower bound for CP and Tucker, and loosening the condition under which our stronger lower
bound holds for TT and TR. Especially, in Appendix D.1.2 we discuss some evidence for
the possibility of the tightness of the bound for the TT case in larger parts of the parameter
space than the one shown in Table 3.1.

One limitation of the combinatorial complexity measures like VC/pseudo-dimension is
their independence to the data distribution and the data samples. Studying other data-
dependent complexity measures (e.g. Rademacher complexity [45]) and extending recent
data-dependant generalization bounds for overparameterized deep neural networks, such as
the ones used in [87, 88|, to TN learning models is worth pursuing. Finally, building upon
the connection between the depth of convolutional arithmetic circuits and tensor network
structures introduced in [7], it is interesting to connect our result on the VC-dimension of

tensor networks to the expressiveness and generalization ability of neural networks.



To elaborate more on this final direction, in [7] the well-known depth efficiency in neural
networks, was examined theoretically for convolutional arithmetic circuits (CAC). Using the
equivalence of these neural networks with some specific tensor networks, i.e., CP and hi-
erarrchical tucker, the authors use tensor network considerations to show that in general,
representing a function that is realized by a deep CAC network of polynomial size, requires
a shallow CAC of exponential size. One interesting question is whether this property has
some implications for the VC-dimension of the corresponding tensor network models as well.
Especially, to make analogy with [7], we need to consider tensor network learning models
with rank-1 input data, i.e., the input tensorial data of order p represented as the tensor
products of p vectors. Note that in our current work, we had no such constraint on the input
data, while in [7], the fact that they consider rank-1 data, makes it possible to relate the
levels of the tree of the hierarchical tucker to the layers of the neural network. Adding to this
story, the dependence of the VC-dimension of ReLU neural networks on their depth [75],
this question comes up: does there exist a similar dependence of the VC-dimension on the
equivalent notion of depth in tensor networks as well? This being said, one interesting next
step would be to study the dependence of the VC-dimension of CAC neural networks on
their depth.
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Appendix A

Useful Formulas

A.1. Essential Inequalities

We introduce some concentration inequalities in probability theory that have been used

frequently in the text.
A.1.1. Markov’s inequality

Theorem 16. (Markov’s inequality). Let X be a non-negative random variable. For any

t>0,

IP>[X>t]§E[t]

PROOF. We use the definition of the expectation value of the random variable X, and we

split the integral as follows

E[X] = /OOO XP[X]dX = /Ot XP[X]dX + /too XP[X]dX (A.1.1)
From that we have
/too XP[X]dX = E[X] - /Ot XP[X]dX < E[X] (A.1.2)
On the other hand we have
/too XP[X]dX > t/too P[X]dX (A.1.3)
Combining the two inequalities of Equation (A.1.2) and Equation (A.1.3), we get
1P[X > 1] = t/too P[X]dX < /too XP[X]dX < E[X] (A.1.4)
or equivalently
PX > f] < X (A.1.5)

t



A.1.2. Chebyshev’s inequality

Theorem 17. (Chebyshev’s inequality) Let yu = E[X] and 0* = V[X]. Then, for any t > 0

we have

PIX -l 2<% (A.1.6)
Equivalently, for any k > 0 we have
[ X —pf 1
P >kl < — A1.7
[ o | Tk ( )

PROOF. We define positive random variable (|X — u|)?. Its expectation value is by the
definition of the variance, equal to V[X] = ¢2. Using the fact that for any ¢ > 0,

PIX — | > 1] = B{(1X — pu])? > 2, (A.L8)

we get from Markov’s inequality

BIX — ] 2 1] =P [(|x — ul)? > 2] < AT _ VAL _ o

and therefore

2
mx—Mzﬂs% (A.1.9)

A.1.3. Hoeffding’s inequality

Theorem 18. (Hoeffding’s inequality). Let Y1, ...,Y,, be independent random variables such
that E[Y;] =0 and Y; € [a;, b;] for alli=1,...,n. Let € > 0. Then for any t > 0
P[ZY;ZE t*(b; — a;)
i1

< exp (—te) EGXP(T) (A.1.10)

PRroOF. First, we consider the positive variable ' 2%+ and use Markov’s inequality to obtain
E[e'2] TLE|e™]

ete ete

, (A.1.11)

P [ZY > e] :]P’[etziyi > etﬁ] <

where we used the independence of Y;’s to write the last equality. In order to upper-bound
[E [e®¥7], we use the property that Y; is bounded as Y; € [a;,b;]; therefore, it can be written as a
convex combination of a; and b; as Y; = aa; + (1 —a)b; , with a = ?—:Zl (note that a € [0,1]).
Since €7 is a convex function of Y;, and a convex function f satisfies f(ax + (1 — a)y) <
af(x)+ (1 —a)f(y) for 0 < a < 1, we have

etyvi — eatai—l—(l—a)tbi S aetai _|_ (1 _ a)etbi
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Taking expectations of both sides we obtain

E {ety’} < Ela]e™™ + (1 — E[a])e™ (A.1.12)
and using E[Y;] = 0 we get
Y —b; —b;
E — kX v — L A.1.13
ol =B |Eo | = (A113)
Equation (A.1.12) can then be rewritten as
b a:
tY; 1 ta; 1 tb;
E{e } < r_bie +ai_bi€ : (A.1.14)

Finally, we use (one form of) Taylor’s theorem which states that for a differentiable function
g, there is a number 7 € (0,x) such that g(z) = g(0) + z¢'(0) + %g”(n).

. . . . _bi ta; i t
To apply this theorem, we do the following change of variable to write et e
e9(u).

b

a;

u=1tb;—a;) , gu) =—yu+log(l—~+~e*) with v=— (A.1.15)

bi—ai'

We observe that g(0) = ¢’(0) = 0. The second derivative is given by

" . '7(1 - '7)6u
()= (1= +yev)?

— _—asbje"
T (bi—azev)?”

value is i. Therefore, we have shown that

9" (u)

Now, Taylor’s theorem states that there exists n

which in terms of u, a; and b; is ¢”(u) It can easily be seen that its maximum

IA
M ] =

(0,u) such that

U2 . t2(b1 — CLi>2

8 8

no| S,

g(u) = —4"(n) <

From Equation (A.1.14) we get

MWSMMWSm(

t2(b; 8— ai)2>

and Hoeffding’s theorem is proved. 0

As we will see below, Hoeffding’s inequality results in the following theorem.
Theorem 19. If Xy,..., X,, are n random variables drawn i.i.d. from a Bernoulli distribu-
tion Bernoulli(p), or just to have values in [0,1], then for all € > 0 we have
1 n
i
iz

> | < 2exp (—2n€?). (A.1.16)
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or

> €

Iy xR
ni

< 2exp (—Qnez). (A.1.17)

d

PrOOF. We introduce the new random variable Y; = +(X; — p), for which E[Y;] = 0 and

n

Y; € [a=—2,b=L2] hold. Then, b —a = % and from Hoeffding’s theorem we have

]P’[ZY}ZE

=1

n 1 t2
< exp (—te) [] exp (tQ@) = exp (—te) exp <8n> (A.1.18)
i=1

Since Hoeffding’s inequality holds for arbitrary ¢t > 0, we can put ¢ = arg min (exp (—te) exp (%))
to get the tightest bound in terms of ¢. This results in ¢ = 4ne which gives the following
bound

_ 2
§62ne.

P [ZY; > €
i=1
On the other hand, from the union bound, we have
1 n T 1
]P)[]ZXi—p[ze Y X;i—p>e +IP’[ZXZ~—P§—6].
nis i=1 1 =
So, it remains for us to bound the following quantity
1 n n T n
IP’[ZXi—pS —61 :P[Z}Qg —€ :IP[Z(—Yi) Ze] )
=1 i=1 | i

We can again use Hoeffding’s theorem; we notice that E[(—Y;)] = 0 and (=Y;) € [-b =

(A.1.19)

1
n

<p|

—12 —q = B]. For arbitrary t > 0, we have

P [Zn:(—YE) > €

=1

n t2
< et —). A.1.20
< [lew () (A1.20)

As before, by choosing ¢ = 4ne we obtain the same bound as the one on P[>, (Y;) > ¢ :

P [i(—m >

=1

2

<e e (A.1.21)

Replacing the above result in Equation (A.1.20), we find

= =1 i=1

(A.1.22)
O

Also, it is straightforward to verify that this theorem holds for any bounded random
M2

variables. In this case, we have b —a = 75 and the Hoeffding’s expression is minimized by

4ne

the value ¢ = {75 and gives the following result
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Corollary A.1.1. If Xy,..., X,, are n random variables drawn i.i.d. from a bounded distri-
bution with values in [0,M], then for all € > 0 we have

1& 2ne?
PHn;Xi—p > el <2exp <— M2>' (A.1.23)
or
1 & 2ne?
P l ﬁ;Xi —E[X;]| > €| <2exp (— Ve ) (A.1.24)

A.1.4. Popoviciu’s inequality [3]

Theorem 20. Let b and a be the upper and lower bounds on the values of a random variable
X with a particular probability distribution. Then Popoviciu’s inequality states:
(b—a)?
Vx| <
W) <
We will not prove this inequality. We only mention that this inequality is consistent with

(A.1.25)

the intuition that the distribution with highest variance corresponds to having half of the

data on one end, say a, and half of the data on the other end of the interval, b. In that case

the expectation value of the distribution will be GTH’ and the distance between every point

and the expectation value is equal to b_T“ Therefore, from the definition of variance, the

highest possible value is given by (17_7“)2, as stated by the theorem.
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Appendix B

Proofs for Chapter 2

B.1. Proof of Lemma 2.2.1

Lemma. (Symmetrization Lemma)Let S and S" be two random samples of size n drawn

from a distribution D. Then for any t > 0, with large enough n such that nt> > 2, we have

Ps~p : (B.1.1)

sup (Rs(h) — R(h)) >t

A A t
<2 Pggp [Sup (Rs(h) = Re(h)) > 5
heH

PROOF. First we consider & as the hypothesis maximizing (]?S(h) - R(h)) :
h = arg sup (Rs(h) - R(h))
heH

and we define the corresponding errors for h as below
¢ = Rg(h) — R(h) = sup (Rs(h) = R(h)) , € = Rg(h) = R(h)
heH

We notice that if e > t and € < %, we have e—¢ > % As this last inequality is a deterministic
result of the two first inequalities, we have P {e >t and € < %} <P [e — > %] Since the

two events € >t and € < % are independent, we can rewrite this inequality as
t t
P[eZt]P{e'<2} SP[G—EIZQ} (B.1.2)

Notice that as the events € and ¢ are defined in terms of different samples, the above
probabilities are accordingly over S, S’ or the mixed samples S U S’. Now, we notice from
the definition of € and ¢ that e —¢’ = Rg(h)— Ry (h). That is, for the rhs of equation (B.1.2),

we can write

Ple—e 2 2] =P[Rs(h) - Ro(h) 2 5] <P [sgpu%s(h) ~ Ro () >
_p [Hh €1 | Bs(h) — Ro(h) > ;} (B.1.3)



Therefore, up to now, we have found the following relation

t

Ple > t]P [g < ;] <P [s%p(és(h) — Ro(h) = 5 (B.1.4)

From (B.1.4), if we can lower-bound the expression P [e’ < %} , it will result in upper-bounding
Ple > t]. To do this, we can alternatively upper-bound the complementary event, which is
¢ = Rg/(h)—R(h) > £. By taking this alternative approach we are able to again profit from

some concentration inequalities. We start by considering the following natural inequality

t t
P [e’ >—| <P |:|6/’ > } (B.1.5)
2 2
Then, from the fact that E[¢'] = 0 and by using Chebyshev’s inequality given in Theorem 17,
we have
t t V€]
P ’>}<IP’[’>}< B.1.6
{e 5| = |€'] 2| =y ( )

Now, in order to deal with the term V [¢/], we take into account that it is the variance of an

average over independent random variables Z; = L(y;, h(x})) — R(h) and rewrite the event
¢ >%as 13", Z; > L orequivalently 3, Z; > 2. By definition of Z; and since the true
risk is nothing but the expectation value of the loss function, we see that the expectation
value of the random variables Z; is zero. Then from the fact that loss values are always in
the interval [0,1] and by using Popoviciu’s inequality (A.1.25), the variance of Z; is bounded

as V[Z;] < L. therefore, we can rewrite Equation (B.1.6) as below

Pliziij; :Pl;ziﬂ;t gpb;zpzt SW (B.1.7)
As Z;’s are i.i.d. variables, this reduces to
N e
So, we have shown that
ple> t} =P[R (h) - R(E) > t} :Plliziﬂ < (B.1.9)
2 2 ni= 2 nt

As explained after Equation (B.1.4) we are interested in the probability of the complimentary

event, i.e. ¢ < 1.

P [e’ < ;] =P {ﬁzs/(l}) — R(h) < ] >1— (B.1.10)
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where the last inequality comes from the Lemma’s assumption, nt? > % By replacing the

above result in equation (B.1.4), we get

Ple >t <2 P [S%p (Rs(h) = Rsi(h)) > (B.1.11)

N | =+

To put everything in place, we replace Ple > ¢] by P {suphe% (I%’S(h) — R(h)) > t} to get

P |sup (Rs(h) — R(h)) >t

heH

< 2P

N |+

sup (Rs(h) = Rer(h)) >

] (B.1.12)

O

We close this section by mentioning that it is easy to show that the same approach could be

taken to prove a similar symmetrization lemma as below

P [Sup (R(h) = Rs(h)) >t
heH

< 2P [sup (Rs/(h) = Rs(h)) >

t
] (B.1.13)
heH 2

B.2. Proof of Corollary 2.2.2

Corollary. If Zy,...,Z,, Z1,..., Z], are 2n i.i.d. random variables drawn from a Bernoulli

2
< 2exp (_n;)

Proor. We first rewrite the left-hand side of the above relation as below
12 12 "1 "1

P lZZi—Zzg >l =P [Z(Zi—p) > —(Zi-p)>e
"= =1 n n

i=1 i=1
with p being the expected value of random variables Z;. As shown in the proof of Theorem 19,

distribution, then for all € > 0 we have

S >

i—1 n;3

P

, (B.2.1)

by defining Y; = 1(Z; — p), we have

P [i(_n) > ¢

S €—2n€2

< e and P [ZY} > €
i=1

So we can write

A)ORIEEE S IC AR ET

i—1 1 i=1

=HZE—ZW>6
=1

=1

r|(Er-suls3)

(B.2.2)

The last inequality comes from the fact that in order for the event > | Y; — >, Y/ > € to
hold, it is necessary that either 331" Y; > § or >, (=Y;) > § is satisfied. However, it is
only a necessary, but not sufficient condition and hence the inequality.
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By using the union bound, we have

pllyz -ty zse (ZYi>€>
ni= i=1 2

n;3

<P

oS

2
< 2exp (—271(2)2) = 2exp (_n;)

O

B.3. Proof of Lemma 2.2.4

Lemma. (Sauer’s Lemma) Let H be a hypothesis set of VC-dimension d. Then for all
n € N, the following relation holds

u(n) < 3 (Z‘) (B.3.1)

PrRoOOF. The proof is by induction in both dataset size,n, and VC-dimension. Intuitively,
we show that the restriction of any hypothesis class H to a dataset S, i.e., Hg, can be
decomposed into the restriction of two different subclasses of H to a subset of the data with
one data point less than the initial data set. This decomposition is constructed in such a
way that on the one hand, the VC-dimensions of these two subclasses are upper-bounded by
d and d — 1, and on the other hand, the union of the two smaller restrictions is equal to Hg.

For the induction step, we use the following identity

()-(7) )

According to this short description of the proof, we need two base cases asn = 1,d = 1
and n = 1,d = 0. For both cases we see that the inequality in Sauer’s lemma holds. The
induction assumption is that the inequality in Equation (B.3.1) is valid for the case with
the dataset size m — 1 and VC-dimension d as well as the case with the dataset size m — 1
and VC-dimension d — 1. If we then show that this assumption results in the validity of the
result for the case of dataset size m and VC-dimension d, then the lemma is proved.

Let’s consider the restriction of H to S = {1, -+ ,x,,}. Also, consider all sign patterns
realized by this class H over data points S” = {z1, -+ ,2;,—1}. Now we construct two different
(representative) subsets of H. The first one includes a representative function h for any
possible sign pattern realized by H on S’. That is, its cardinality is equal to the number of
all possible sign patterns on S’ formed by the hypothesis class H. We call this subset H;.
Then, we form H, as all representative functions in H that are not included in H;. This
means each members of H, has a counterpart in 4, which results in the same labelling of
data points in S, but a different label on x,,. Therefore, the cardinality of the restriction of
‘H to S is the sum of the cardinality of the restriction of H; to S’ and the cardinality of the
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restriction of Hsy to 5.
Hs| = [His| + [Has| (B.3.3)

Also, by construction we have |H; /| > |Ha2s/|. Another important observation is that since
any labeling realized by Hs on S’ has a counterpart in H; which gives a different label for
T, if a subset Sgparterea C S’ is shattered by Ho, this implies Sspasterea U {@m } is shattered
by H. From that, we have the inequality dyc(Hz2) < dyc(H) —1 = d — 1. On the other
hand, since H; is included in H, we have dyc(H1) < dvc(H) = d.

Now, applying the induction assumption on H, over the set S’, we have

My, (n — 1) < df (” ; 1) and Tl (n—1) < zdj (" N 1) (B.3.4)

i=0 i=0 4

Replacing these upper bounds into Equation (B.3.3) we get
d—1 d d d d
n—1 n—1 n—1 n—1 n—1 n
min =3 (") 5 () -5 00) 5 () (0) -50)
i=0 \ ! i=0 \ ¢ A i=1 \ ! 0 i=0 \!
3

where we have used the identity in Equation (B.3.2) as well as the fact that (”51> = (g) =
1. [
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Appendix C

VC-dimension of Half-Spaces

In this section, we review the calculation of the VC-dimension for a prevalent class of

hypotheses known as half-spaces. Consider data points with d number of features that
reside in the d-dimensional real space R?. The points are labeled either 1 or —1 and we are
concerned with the classification problem of these points. The class of hypotheses that we
consider is the set of hyperplanes of dimension d — 1. These subspaces are called half-spaces.
Now, the question is: what is the maximum number of dichotomies or sign patterns that
can be realized for a dataset of size n under this class, i.e., the growth function of the set of
half-spaces. This is tightly related with the VC-dimension of this hypothesis class.
Here, we consider the simpler case where half-spaces are constrained to pass through the
origin. This is the homogeneous case. Using the rules of linear algebra, we show that the
VC-dimension of homogeneous half-spaces of the space R? is equal to d. For that, we should
first show that there always exists at least one dataset of d points which is shattered by
homogeneous half-spaces. Secondly, we have to prove that no dataset of d + 1 points can be
shattered by this class of functions.

In terms of linear algebra language, the set of hyperplane-classifiers in R? is defined as
H= {h :x — (sign(a.x)) |a€ Rd} (C.0.1)

which from the geometry perspective is the set of all hyperplanes passing through the origin
with normal vectors proportional to a. To show that there exists at least one dataset of
d points shattered by this class of hypotheses, we consider the canonical basis of the d-
dimensional real space as the data points. We represent this dataset as P = {p1,...,pa}

with the following coordinate representation

1 0 0

0 :
P1 = : y P2 = . y o+ 5 Pa= ‘ (002)



Now, let’s consider the restriction of the half-space class defined in Equation (C.0.1) to this
set of data points, denoted by Hp. This is given by

Hp = {(sign(ay),sign(as), ...,sign(aq)) | ai,...,aq € R} (C.0.3)

with aq,- - ,aq, being the d components of the vector a. From the above relation, it is clear
that there are 2¢ possibilities for the sign patterns of these points and in order to get any of
the two possible signs for each data point p;, we only need to let the corresponding coefficient
a; have that same sign (without affecting the sign of the other data points). Therefore, we
have shown that the VC-dimension of half-spaces of Equation (C.0.1) is at least d.

Next, we should show that no d + 1 points are shattered by this same hypothesis class. To
keep the analysis general and inclusive, we write the coordinates of the i data point as p; =
[xgi) xg) e :Ug)r. Since in d-dimensional space we have at most d linearly independent
vectors, the (d + 1)-th point is a linear combination of the other d ones; so we write it as
Pai1 = a1p1+- - -+ agpg. Also, we define a function f : x — a.x. Then we consider the value
of the function class on the point py.; which gives sign(a.py.1) = sign(aga.p1+- - - +aga.pg)
= sign(a1 f(p1) + -+ + @af (Pa))-

A given pgyq is associated with unique values for aq,...,ay. For that set of «;’s, any
combination of f(p1),...,f(pa4), results in either f(pgr1) = a1f(p1) + aof(p2) + -+ +
agf(Pa) > 0 or f(pay1) = arf(p1) + asf(p2) + -+ + agf(pa) < 0. The fact that the
dichotomy corresponding to the same combination of f(p1),..., f(pa), cannot give rise to
both f(pay1) > 0 and f(pas1) < 0 means that, the dataset of size d + 1 cannot be shattered
by this class of functions and hence d < dyc < d + 1. We conclude that for half-spaces,
dvc = d.
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Appendix D

Lower Bounds on the Number of Sign

Patterns

D.1. Main Results

We saw in Chapter 3, that for tensor trains with some constraints (r = d and p mod 3 =
0), the upper-bound on the VC-dimension is tight up to the logarithmic factor logp. We
guess that this tightness should be the case for more general setups. Here, we want to give
an evidence for this claim. This is based on an approach that the number of sign patterns
realized by a hypothesis class, rather than its VC-dimension. Since lower-bounding the
VC-dimension from the number of sign patterns does not seem straightforward, we did not
discuss this approach in Chapter 3. However, the technicality involved in this method as

well as the evidence it provides, make it worth mentioning it here.

D.1.1. Lower-bound on the Number of Sign Patterns of Low-rank
Matrices [4]

We start by the low-rank matrix case. Let M be a m x n matrix of rank k, so that it has
a rank decomposition as illustrated in Figure D.1, with the left and right low-rank matrices
called L; and Ry,.
Our goal is to find a lower bound on the number of sign patterns of M given that it has this
low-rank decomposition. We make some key observations. First, Each of the matrices Ly
and Ry, are free to take any values. That is, we can take L; to be quite arbitrary, and Ry
to be in general position.
Definition 21. A set of vectors in R? is in general position if and only if every subset of
exactly d vectors is linearly independent.
Lemma D.1.1. There are exactly 22%;6 (Nk_l) homogeneously linearly separable sign pat-

terns of N points in general position in RY.



PROOF. The proof of this lemma can be found in Section D.2.3. O

~ T
M =L x| R,
kxn

mxn mx k

Figure D.1. Figure from [9]

Now, the above decomposition can be interpreted as follows: let us think of the n columns
of the matrix Ry, as n points in R¥, then each row of the matrix Lj can be seen as a linear
classifier of these n points. Therefore, Lemma D.1.1 says that for each classifier, i.e., each

row of Ly, we have exactly the following number of sign patterns (SP)

#SP(each row) = 2 Z <n - 1)

=0 i

Now, if we consider low-rank matrices for which n > k, we get

n—1 n—1
> k-1
#SP (each row) > <k‘ B 1) > (k— 1)

Having this many sign patterns by each row of Lj, the sign patterns realized by the whole

matrix Lj on the n points of Ry are at least as many as

(@b ~

Now,if we further constrain the matrix rank as k? < n, the above lower bound simplifies to

mk

#SP(each row) > n 'z

By comparing this lower bound with the upper bound coming from Warren’s theorem 9, i.e.,
with #SP < (2? 2+”";) (ntm) < (dBenyk(ntm) “we observe the tightness of the upper bound up
to a multiplicative factor in the exponent, for the case of n > k2.

D.1.2. Lower-bound on the Number of Sign Patterns of Tensor

Trains

Analogously to the above study for low-rank matrices, we can consider other tensor net-
works, like tensor train.

For the tensor completion and classification tasks with a tensor G € R4*4*@xd in TT repre-

sentation, as @ @ @ @ , if we can find an optimal way of breaking the tensor into

two parts, one which we can claim it to be in general position, and the other one that can
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take any arbitrary value, then it is possible to take the same approach as in the previous
part to estimate a lower bound on the number of sign patterns of the tensor.

To make it clear, let’s consider a scenario for tensor completion task as illustrated in Fig-
ure D.2 part (1); the core tensor highlighted in red is assumed to take any arbitrary value.
Then, the rest of the diagram needs to be in general position, so that one could do the same
analysis as in the low-rank matrix case to find a lower bound on the number of dichotomies.
Since this approach works based on the matricization of the tensor, in part (2) we have

represented the corresponding matricization.

(1) i (2)

Figure D.2. (1) A 4-th order tensor train G with the core highlighted in red being free to
take any arbitrary values. (2) Mode-n Matricization of the same tensor G w.r.t. the mode
corresponding to the highlighted core.

We first consider the diagram on the left with G; taking arbitrary values. Figure D.3

shows the rest of the diagram, which we will call broken T'T.

(1) e e BRC

Figure D.3. Part (1) The broken TT of Figure D.2. Part (2) illustrates the matricization
of the broken TT.

Now, we claim that the matricization of the broken TT can be put in general position;
that is, the broken TT can be seen as d® points in general position in R". A constructive
proof is provided in Appendix D.2.1 for the special case of r = 2. For general r < d, a
constructive proof based on moment curves is given in Appenxix D.2.2.

The upshot is that the first matricization in part (2) of Figure D.2 is the matrix product of
an arbitrary matrix G; of size d x r by a matrix G of size r x d3, interpreted as stacking
d? points in general positions in R". Each row of G; as a homogeneous linear classifier on
these points produces 2 /-] (d?);l) dichotomies which gives the following lower bound on
the total number of such dichotomies, when taking into account all independent rows of G,
> —1
1

This result straightforwardly generalizes to higher-order tensors, giving the following lower

#dichotomies > ( )dr=1) (D.1.1)

bound on the number of sign patterns that a tensor train of arbitrary order p with a uniform
TT-rank » < d can take
Pt —1

1 )dr=1) -, ge=2)(r=1)d (D.1.2)
r_

#dichotomies > (
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This could be interpreted as an evidence for the possibility of tightening our lower bound on
the VC-dimension of T'T models that we have shown in Table 3.1 for the case r < d.

D.2. Proofs for Section D.1

To review the calculation of lower bound in earlier works for tensor completion task, we

explain some concepts.

D.2.1. Proof of General Position for the Ranks r = 2

Theorem 22. There exist a broken TT, as defined in Figure D.3, with uniform TT-rank 2
and arbitrary order, for which the columns of the first matricization could be seen as points

in general position in 2 dimensions.

PROOF.
Lemma D.2.1. Points on a semi-circle in two dimensions, are in general position in the
sense of Definitio 21.

Let us call the broken TT, G >1, and assume that G~ is of order n. Consider one element
of G as g;lwm € R2xdz2xxdn  with 1 associated with the broken bond dimension and
the rest of the indices corresponding to all physical legs. By construction, this tensor element
is written in terms of the core tensors (matrices) as below

gilzn = Z ggl,ig,rggig,ig,rg T g?n,l,in (D-2~1)
=

with {g’f% "5, being matrices of dimension 2 x 2 and G, a2-d vector. Next, we define

ds - - - d,, different polar angles as below

2m 2m 2m
9 = 25 g —0Z" .. 9D — g, ="
1 d27 2 d27 9 d2 2 d2
2m 2m 2m
9(3) _ 9(3) -9 . 9(3) —d
1 d2 d37 2 d2 d37 ? d3 3d2 d3
2m 2T 2m
g — o — 2 0 =g, — D.2.2
1 dods -+ d,’ 2 dods -+~ d,’ »Vdn doyds - d, ( )
Next, we construct {g’“% 7~ in terms of 0](-2)’8 up to 9;"_1)’8 as below
k) k)
cos §; sin 0;
Gt = o * D.2.3
R (— sin 02(5) cos 91(:)) ( )
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and vector G, as GI; = (sin 0" cos 91(:)). From the following matrix identities

sin(a + 3) = sin acos 3 + cos asin 3

cos(a+ ) = cos acos § — sin asin

sin(fa4+3)) [ cosa sina) (sinp
cos(a+ )]  \—sina cosa) \cosps

T
it is easily verified that >, | gt " = (sin (91(:) + 91(::11)) cos (91(:) + g(nfl))> '

Hin—1,"n—1< Tn—1,in In—1

or equivalently

This analysis is easily generalized to the whole TT and leads to the following result for

every element : is, - - - ,i, of the broken TT

Z g?@m e gili;lihrnil = (sin (92(:) + 9@(:—1) NI 91(22)) COS (Q(n n 957?;11) 4.

-1 in

Py a1

(D.2.4)
which also comes from the fact that consecutive rotations of a point by several angles is
equivalent to one rotation by the sum of those angles. This means each vector G.;, ... ;.
interpreted as a point on a unit circle centered at the origin at the radial angle 91(:) + 91(:__11) +
S 9,(22 ). The point is that with the choice of angles as in Equation (D.2.2) no two angles
out of all dyds --- d, are the same; hence, all points are uniformly placed around the unit

circle and according to Lemma D.2.1 are in general position. U

D.2.2. Proof of General Position based on Moment Curve for Ten-

sor Train

Proposition D.2.2. For any dimension ds,--- ,d, and any rank R, there exist {g(’” €
REx XA gnd GP) € REXD  such that the dy - - - d, points in RY defined by

Xig, i

»tp 502,10

=G% .-G eRE foriy e[, iy € [d)
are in general position.

PROOF.
Proposition D.2.3 (Proposition 3.3 in [89]). The points of the moment curve
{(1,,a?, -+ 0% 1) | @ € R} C R are in general position.

We will show that the core tensors G can be chosen in such a way that the points
i, i, correspond to distinct points on the moment curve {(1,a,02, -+ 1) | a € R}, the
result then follows from Proposition D.2.3.

Forall k € [2 : p|, ji = 0,--- ,dp — 1, let ay;, = exp(jrda---dx_1) (for k = 2, we take
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Qs , = exp(jz)). With considerations similar to Lemma 3.4.2, one can check that the

products ag j, - - - ay, ;, are all distinct. More precisely, we have

p
{H Ok, | Jk € [dk]} ={exp(l—1) |1 € [dy---d,)}
k=2
Now, for each k =2,--- p—1, let G® be defined by

R—l)

k . :
g(li = diag(1,ap,,,0p - 00 for each iy, € [dj]

and let G” be defined by

R* .
g(’;i — (1’ O‘p,jp@g,jpa . ’ap’jpl) for each i, € [d,],r € [R]
One can check that,
2) (» _ 2 R—1
g37i271 “ e gi,’l'p — (1, ﬁil,...’ip, ’il,"',iPJ I il,---,ip>

where 8;, .. ;, = I1,_5 v j,. It follows that each point Tiy,... i, 1S given by

xin"v 7( 76217 “yip) 7/1, “yip? ’/8117"7117)

Since all the §;, .. ; are distinct, the points z;, ;, ...

curve. Then, according to Proposition D.2.3, these points are in general position. U

. i, are distinct points on the moment

D.2.3. Dichotomy Counting [5]

Lemma. For n > d, for n points in general position in R?, the number of homogeneously

linearly separable sign patterns is given by
—1
C(n,d) =2 Z (" ) (D.2.5)

PRrROOF. The proof is based on induction on n and d and also uses the following lemma.
Lemma D.2.4. Consider a set of n points in R as X = {x1,29,-+ ,2,} with a given
fized dichotomy {X+ X"}, Consider a new point y such that X Uy is in general position
in RY. Then the dichotomies {X* Uy, X"} and {X+,X~ Uy} are both homogeneously
linearly separable if and only if { X+ X~} is homogeneously linearly separable by a (d — 1)-
dim subspace containing y. For later use, we call this (d — 1)-dim subspace V.

Note that in the following, whenever we talk about linearly separable or just separable
dichotomies, we mean homogeneously linearly separable. To prove the theorem we consider
X = {x1,29, - ,x,} as the set of n points in general position, with C'(n,d) the number of its
separable dichotomies. We then take x,,4; s.t. XUz, are in general position as well. Then
we consider the C'(n,d) separable dichotomies of X. For any dichotomy {X*, X}, where
X7* (X7) is the subset of X with all members positively (Negatively) labeled, either {X* U
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Tpi1, X} oor {XT X~ Uux,1} will also be linearly separable. According to Lemma D.2.4
there are also some dichotomies for which both {X* U z,,1,X"} and {X+, X~ Ux,,1} are
linearly separable. Let’s call the number of such dichotomies D. From the above lemma, we
know that such dichotomies, when projected onto the (d — 1)-dim hyperplane perpendicular
to the subspace V defined in Lemma D.2.4, are still linearly separable; that means D is equal

to C(n,d —1). From this observation, a recursive relation for C(n,d) follows
C(n+1,d)=C(n,d)— D+2D =C(n,d) + C(n,d—1) (D.2.6)
By repeatedly applying this identity to the right-hand side of it, we getCounting [5]
n—1 n—1 '
C(n,d) = . C(1,d—1) (D.2.7)
i=0
Now, since C(1,t) vanishes for ¢ < 1, the above sum reduces to 3%} ("ZI)C(l,d —1). Also,
since C'(1,t) =2 for t > 1, we get
d—1 -1
Cln,d)=2%" (” Z, ) (D.2.8)
i=0

O
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