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Abstract

Hierarchical learning algorithms have enjoyed tremendous growth in recent years, with many new
algorithms being proposed and applied to a wide range of applications. However, despite the apparent
success of hierarchical algorithms in practice, the theory of hierarchical architectures remains at an
early stage. In this paper we study the theoretical properties of hierarchical algorithms from a math-
ematical perspective. Our work is based on the framework of hierarchical architectures introduced
by Smale et al. in the paper “Mathematics of the Neural Response”, Foundations of Computational
Mathematics, 2010. We propose a generalized definition of the neural response and derived kernel
that allows us to integrate some of the existing hierarchical algorithms in practice into our frame-
work. We then use this generalized definition to analyze the theoretical properties of hierarchical
architectures. Our analysis focuses on three particular aspects of the hierarchy. First, we show that
a wide class of architectures suffers from range compression; essentially, the derived kernel becomes
increasingly saturated at each layer. Second, we show that the complexity of a linear architecture is
constrained by the complexity of the first layer, and in some cases the architecture collapses into a
single-layer linear computation. Finally, we characterize the discrimination and invariance properties
of the derived kernel in the case when the input data are one-dimensional strings. We believe that
these theoretical results will provide a useful foundation for guiding future developments within the
theory of hierarchical algorithms.
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1 Introduction

One of the remarkable powers of the human brain is its ability to learn and generalize from only a
few examples, a skill generally attributed to the structure of the cortex. Drawing inspiration from the
hierarchical structure of the visual cortex, many hierarchical algorithms have been proposed to improve
the performance on image classification tasks. In recent years, the successes of these initial algorithms
have led to applications of hierarchical algorithms in a wide range of areas. However, the reasons for
these successes are poorly understood. With the rapid empirical development of hierarchical learning
algorithms, a commensurate theory is needed to explain the phenomena encountered in practice, as well
as to guide the direction of future research. Smale et al. [56] introduced a theoretical framework of
hierarchical architectures that enables hierarchical algorithms in practice to be studied from a theoretical
perspective. The main objective of this paper is to continue the work of Smale et al. [56] in laying the
theoretical foundations of hierarchical architectures.

1.1 Background and Motivation

Classical kernel methods [53] such as regularization networks [14], splines [60], and support vector ma-
chines [12] can be described as single-layer networks because their inputs and outputs are generally related
by a single computation of kernel functions. In contrast, hierarchical algorithms are characterized by a
multi-layer architecture, where each layer of the architecture is performing similar computations con-
sisting of the filtering and pooling operations. At each layer, the filtering operation matches the input
data (or encodings from the previous layer) against a given set of templates, while the pooling operation
combines the outputs of the filtering step into a single value. The alternating filtering and pooling oper-
ations are repeated through the hierarchy to produce an encoding of the input data, that we can pass to
a classifier or use for further processing.

The recent development in hierarchical algorithms is to a large extent motivated by the advances in
neuroscience that lead to our improved understanding of the organization and functions of the brain.
Hubel and Wiesel [25] proposed that the early stages of the mammalian visual cortex are organized in
a hierarchy of simple and complex cells. The simple cells are selective to certain sizes or orientations,
while the complex cells are more invariant to small changes in the stimuli. As the input stimuli are
processed through the layers of the visual cortex, the interleaving of the simple and complex cells results
in a more complex representation of the stimuli. Starting with the work of Fukushima [16], many
hierarchical algorithms that try to replicate the hierarchical structure of the visual cortex have been
proposed [22, 31, 37, 50, 54]. The alternating filtering and pooling steps in the algorithms mimic the
interconnection between the simple and complex cells in the visual cortex.

Hierarchical algorithms have been applied to a wide range of problem domains, including image
classification [29, 48, 59], image segmentation [58], action recognition from video sequences [17, 27|, speech
recognition [9, 15, 38], dimensionality reduction [23, 52], robotics [20, 34], natural language processing [11,
42], language identification [63], and even seizure detection [40, 41], with encouraging results. Hierarchical
algorithms have been shown to consistently outperform classical shallow networks in practice [21, 29,
33]. However, despite the apparent empirical success of hierarchical algorithms, so far there is little
understanding as to why these algorithms work as well as they do.

Several arguments have been proposed to explain the theoretical properties of hierarchical algorithms,
in particular regarding their representational powers. A classical result in the neural networks literature
states that neural networks with one hidden layer and sufficiently many hidden units can approximate
arbitrary measurable functions [24]. Similarly, neural networks with sufficiently many layers and only
one hidden unit in every layer have been shown to be universal classifiers [51]. More recently, Sutskever
and Hinton [57] showed that deep belief networks with limited width are universal approximators for
distributions over binary vectors, and Le Roux and Bengio [30] further improved the upper bound on
the number of parameters required to achieve the universal approximation. Finally, Bengio [3] and
Bengio and LeCun [5] argued that a deep architecture is necessary to find an efficient representation of



a highly-varying function.

Nevertheless, many fundamental questions remain unanswered and the work on hierarchical algorithms
remains largely empirical [4, 13, 29]. For example, one of the basic questions regarding hierarchical
algorithms is how to choose the parameters to build a good architecture. This turns out to be a difficult
question, in part because the answer might depend on the specific task at hand, and the theoretical answer
to this question has eluded our understanding thus far. Consequently, several authors have explored this
question empirically [26, 45].

Another example of a major area of empirical work in hierarchical algorithms is related to the invari-
ance properties of the architecture. The repeated operations of pooling over local regions intuitively lead
to some invariance properties in the hierarchy. Indeed, the trade-off between the discrimination and in-
variance properties in the architecture is central to the development of hierarchical algorithms in practice.
But can we formalize this intuition? Again, this question is surprisingly difficult to answer theoretically,
and invariance in hierarchical algorithms has generally only been analyzed empirically [19, 28].

Admittedly, empirical approaches can provide good results and intuitions about how hierarchical
algorithms work in practice. However, empirical works alone are not sufficient because they cannot
provide satisfying explanations about phenomena that occur in nature (for example, why the visual
cortex is structured as a hierarchy), or even in practice (why one algorithm works better than another).
We believe that in order to advance our understanding of hierarchical algorithms, a theory is needed. A
theoretical analysis of hierarchical algorithms can provide an insight into the behavior and characteristics
of hierarchical architectures. Furthermore, theoretical analysis can help identify problems that occur in
practice and propose solutions.

One of the main difficulties in performing a theoretical study on hierarchical algorithms is the lack
of a common framework. Existing hierarchical algorithms in practice are typically quite complex with
specific details that differ from algorithms to algorithms, thus preventing us from translating results
on one algorithm into another. In an attempt to overcome this difficulty, Smale et al. [56] proposed a
theoretical framework of hierarchical architectures. The elegant formalization of this framework strikes a
delicate balance between the complexity of the model and the faithfulness to neuroscience and hierarchical
algorithms in practice.

The central objects of interest in the framework that Smale et al. proposed are the neural response and
derived kernel. At each layer, the neural response is an encoding of the input data, and the derived kernel
is a similarity measure on the data that is defined in terms of the neural responses. The neural response
and derived kernel at each layer are constructed recursively using an alternating process of filtering and
pooling, much like the principal operations in hierarchical algorithms that we previously described.

The framework of neural response and derived kernel that Smale et al. introduced is based primarily on
the feedforward hierarchical model [50, 54]. However, this framework eliminates several implementation
and engineering details from the algorithms and only preserves the essential components that characterize
hierarchical architectures. As such, this framework is amenable to theoretical analysis. Furthermore, this
framework also has the potential to be generalized to include other hierarchical algorithms in practice.

Indeed, preliminary results on the analysis of hierarchical architectures using the framework of the
neural response and derived kernel are promising [56]. Further analysis on the invariance properties of
the derived kernel from a group-theoretic perspective is carried out in [8, 10]. However, the introduction
of this framework also presents a challenge of whether the framework of the neural response and derived
kernel can continue to live up to its promise to bridge the gap between the theory and practice of
hierarchical algorithms. This is the question that we seek to address in this paper.

1.2 Contributions and Organization of this Paper

In this paper we study the theoretical properties of hierarchical architectures using the framework intro-
duced by Smale et al. [56]. We present our results in the main sections, but we defer all proofs and more
technical discussion to the appendix corresponding to each section. We summarize our contributions as
follows.



Section 2 — A theoretical framework of hierarchical architectures. We describe the theoretical
framework of hierarchical architectures and propose a generalized definition of the neural response and
derived kernel. This generalized definition allows us to study a wider class of hierarchical algorithms
in our framework, including the feedforward hierarchical architecture [50, 54] and convolutional neural
network [26, 31, 32].

Section 3 — Range compression. We show that a wide class of hierarchical architectures suffers from
range compression; essentially, the derived kernel becomes increasingly saturated at each layer. Range
compression presents a problem in practice because the saturation effect is severe enough that it affects
the performance of the architecture, even when the architecture has only a few layers. We propose
several methods to mitigate the saturation effect and check that these correction methods restore the
performance of the architecture in practice. This result lends insight into how the interaction between
certain parameter choices in the architecture can influence its empirical performance.

Section 4 — Linear architectures. We study the limitations and properties of linear architectures.
We show that the complexity of a linear architecture is constrained by the complexity of the first layer,
and in some cases the architecture collapses into a single-layer linear computation. Furthermore, we also
show that when we use an orthonormal basis as templates for the filtering operation, the derived kernel
is independent of the basis.

Section 5 — Analysis in a one-dimensional case. We extend the discrimination and invariance
analysis of Smale et al. [56] in the case when the input data are one-dimensional strings. We demonstrate
several ways to build a reversal invariant derived kernel by choosing the appropriate parameters in the
model. We also show that when we use an exhaustive set of templates, it is impossible to learn reversal
invariance in the architecture. Finally, we characterize the equivalence classes of the derived kernel in the
case when we are working with a discriminative architecture. We can interpret these equivalence classes
as the intrinsic translation invariance in the architecture.

2 A Theoretical Framework of Hierarchical Architectures

In this section we propose a generalization of the theoretical framework of hierarchical architectures that
Smale et al. introduced in [56]. We extend the definition of the neural response and derived kernel to
allow the use of general pooling functions, kernel functions, and templates with suitable admissibility
properties. This generalized framework enables us to study a wider class of hierarchical architectures,
including several hierarchical algorithms in practice such as the feedforward architecture [50, 54] and
convolutional neural networks [26, 31, 32]. A theoretical analysis on this generalized framework can
thus be more applicable to problems in practice, and ultimately guide the development of more efficient
hierarchical learning machines.

The basic assumption underlying hierarchical learning algorithms is that each input can be decom-
posed into a hierarchy of parts of increasing size with increasing semantic complexity. Given a represen-
tation of the smallest parts, the hierarchical architecture recursively builds at each layer a representation
of the next larger parts by a combination of filtering and pooling operations. The filtering operation
measures the similarity between the input representations and a given set of templates, while the pool-
ing operation combines the filtered outputs into a single value. Intuitively, the filtering step induces
discrimination while the pooling step induces invariance in the architecture. Thus, the alternating ap-
plications of the filtering and pooling operations yield a complex representation of the input data with
nontrivial discrimination and invariance properties. This trade-off between discrimination and invariance
is widely seen as a key property of hierarchical architectures that makes hierarchical algorithms work well
in practice.



2.1 Filtering and Pooling

We first formalize the two basic operations performed at each layer in the architecture: filtering and
pooling.

2.1.1 Filtering Operations

We propose to describe the filtering operation using a reproducing kernel. Recall that given a space X,
a reproducing kernel is a symmetric and positive definite function K: X x X — R. A map ® from X to
a Hilbert space H is called a feature map associated to K if

(®(x), ‘Il(y)>H =K(z,y) forallz,ye X .

It can be shown that any such map ® defines a reproducing kernel, and conversely, given a reproducing
kernel it is always possible to construct an associated feature map [1].

In the class of hierarchical architectures that we are considering, the inputs to the filtering operation
will in general have different lengths from layer to layer. To address this issue, we define the kernel K
on a sufficiently large space that contains all the possible inputs, and work with the restrictions of K on
the appropriate domains of the inputs. Specifically, we begin by considering a kernel K: (2 x (> — R,
where ¢? is the space of square summable sequences. For every n € N, we can consider the induced kernel
K, : R" x R" — R given by

Kn(2,y) = K (en(2), €u(y)) for all z,y € R" |
where €, : R — (2 is the embedding of R" as an n-dimensional subspace of £2,
en(t) = (T1,...,2,,0,0,...) €L* forx = (x1,...,2,) ER" .

Equivalently, K, is the restriction of K on the subspace €, (R") x €,(R") C ¢? x £2, and is thus itself a
reproducing kernel. The induced kernels K, are hereafter denoted by K since the dependence on n will
be clear from context. Moreover, all inner products and norms will denote the standard inner product

and norm in ¢2 unless specified otherwise. Some examples of kernel functions of interest are given in
Table 1.2

Name Expression

Inner product K(z,y) = (z,y)

Normalized inner product K(z,y) = M
]| Iy

Gaussian K(z,y) = e llz—yl?

Table 1: Examples of kernel functions.

We will also often be working with a normalized kernel. We say that a kernel K: 2 x 2 — R is
normalized if K(x,x) = 1 for all x € ¢2. For example, the normalized inner product and Gaussian
kernels given in Table 1 are normalized. Clearly the normalization of K is equivalent to the condition
that the feature map associated to K takes values in the unit sphere in ¢2, that is, ||®(x)| = 1 for all
x € (2. Furthermore, by the Cauchy-Schwarz inequality it is easy to see that if K is normalized, then

aFor the normalized inner product kernel, we take the domain of K to be (£2\ {0}) x (¢2\ {0}).



—1 < K(z,y) <1 for all z,y € £2. Finally, we note that given a reproducing kernel K : ¢? x > — R, we
can construct a normalized reproducing kernel K : £? x {2 — R by

7> _ K($, y)
Koy = o Koy

which corresponds to normalizing the feature map to be of unit length,

for all z,y € £* |

_ e
*@) = @)

for all z € ¢? .

2.1.2 Pooling Functions

The pooling operation can be described as a function that summarizes the content of a sequence of values
with a single value, similar to aggregation functions used in voting schemes and database systems [2]. As
in the case of the filtering, the inputs to the pooling operation will in general have different lengths in
different layers. Following the treatment in [2], we define a pooling function to be a function

U:R*— R,

where R* = |,y R" is the set of all finite-length sequences. We note that in general, the actions of ¥ on
input values with different lengths do not have to be related to each other. However, in the examples that
we are going to consider, ¥ is defined by an underlying formula that can be applied to input sequences of
arbitrary lengths. For example, the average pooling function can be described by the following formula,

1 n
U(a) :EZai if o e R" .
i=1

In the definition of the neural response, we will often work with the case when the input to the
pooling function is a sequence indexed by a finite set H. In an abuse of notation, given one such sequence
a: H — R, we will write

U(a(h))

to denote the output of the pooling operation on the input (a(h))heH e R, Moreover, given a pooling
function ¥: R* — R and a function ¢: R — R, we write ¥ o ¢ to denote the pooling function obtained
by first applying ( componentwise on the input and then applying ¥, that is,

(Tol)(a)=¥((¢(a;)iy) foralla=(o,...,a,) ER", neN .

This form of pooling function is particularly important when ( is a sigmoid function (see Example 2.12
and Section 3.3). Several examples of common pooling functions are given in Table 2.

In anticipation of the upcoming development, we will at times impose the following condition on the
pooling function to ensure that the construction of the neural response and derived kernel is well defined.

Definition 2.1 (Weakly bounded pooling function). A pooling function ¥: R* — R is weakly bounded
if for every n € N there exists a constant C,, > 0 such that

U ()] < Cplle]|  for all « € R™ .

We note that weak boundedness is precisely the boundedness condition when ¥ is a linear functional.
In particular, weak boundedness is a very mild condition and is satisfied by most reasonable pooling
functions. For instance, all the pooling functions in Table 2 are weakly bounded. Clearly the max and
{>°-norm pooling functions are weakly bounded with C,, = 1. Moreover, by using the Cauchy—Schwarz
inequality we can show that the average and ¢'-norm pooling functions are also weakly bounded with
constants C,, = 1/y/n and C,, = \/n, respectively.



Name Expression

1
Average U(a(h — Z

Il
¢-norm Z

eH

Max U(a(h)) = max a(h)
£>°-norm U(a(h)) = max la(h)|

Table 2: Examples of pooling functions.

On the other hand, weak boundedness also imposes some restrictions on the behavior of ¥. For
example, by taking o = 0 in Definition 2.1 we see that a weakly bounded ¥ must satisfy ¥(0) = 0.
Furthermore, the assumption that ¥ is bounded above by a norm implies that ¥ must have a homogeneous
growth rate. For instance, the function ¥(a) = ||« is weakly bounded while ¥(a) = |||? is not, since
we do not have an upper bound on ||«]|.

2.2 Hierarchy of Function Patches and Transformations

We now describe the fundamental structures of the inputs of the hierarchical architecture. This math-
ematical framework formalizes the decomposability assumption underlying the hierarchical structure of
the architecture, that each input is composed of parts of increasing size.

Functions. One convention that we maintain in our framework is that we represent every input as a
function f from a domain v to a set of values €. For example, in the case of vision, we can represent an
image as a real-valued function over a receptive field, which can be taken to be a square region in R2.
When we are working with (grayscale) images in computers, an image of size k x k pixels is a function
f:{1,...,k} x{1,...,k} — [0,1]. Finally, in the case of one-dimensional strings (see Section 5), a string
of length k is a function f: {1,...,k} — S, where S is a finite alphabet.

Hierarchical architecture. A hierarchical architecture with n € N layers consists of a nested sequence
of patches v1 C vg C -+ C v,. At each layer 1 < m < n we have a function space Im(v,,) consisting of
the functions f: v,, — € that we will be working with. The nested structure of the patches corresponds
to the assumption that the functions at lower layers are less complex than the functions on higher layers.
Note that we do not require Im(v,,) to contain all possible functions f: v, — €, nor do we assume any
algebraic or topological structures on Im(v,, ).

Transformations. The connection between adjacent patches v, and v,,+1 is provided by a set H,, of
transformations h: vy, — vVm,41. Each such transformation h specifies how to embed a patch in a larger
patch. Equivalently, the transformations specify how to decompose a patch into a collection of smaller
patches, as well as how to decompose a function into function patches. Given a function f: v, 41 — Q
in Im(v,41) and a transformation h: v, — vm,41, we can restrict f with h to obtain a function patch
foh: v, — Q. In order for this restriction operation to be well defined, we need the following assumption.

Assumption 1. For 1 <m <n—1, we have f oh € Im(vy,) if f € Im(vymy1) and h € Hy,



Note that Assumption 1 is very mild and can be easily satisfied in practice. For example, we can take
Im(vy,) to be the set of all possible functions f: v, — Q. Another way to construct function spaces that
satisfy Assumption 1 is to start with the function space Im(v,,) at the highest layer and recursively define
the function spaces at the lower layers by restricting the functions,

Im(vy,) ={foh| fe€Im(vmsi), h€ Hy} forl<m<n-—1.

Examples of transformations in the case of images include translations, rotations, or reflections. Note
further that as in the case of function spaces, we do not require H,, to contain all possible transformations
h: vy — Umy1, nor do we assume any structures on H,,. However, in this paper we always make the
following assumption.

Assumption 2. For 1 <m <n —1, the set of transformations H,, is nonempty and finite.

2.3 Templates

A key semantic component in the hierarchical architecture is a dictionary of templates that is usually
learned from data. The templates will play the role of the filters that we are comparing against in the
filtering operation. The templates also provide a connection between the architecture and the underlying
distribution of the input data. For example, one way to generate templates is to sample from the
probability distribution on the function space. As an illustration, in the case of vision, the templates can
be thought of as representing the primary images that we want the architecture to learn, either because
they are the predominant images in our world, or because they can serve as a building block to represent
other images.
To describe the concept of templates, we first need the following definition of admissible sets.

Definition 2.2 (Admissible set). Given a Hilbert space H, a set T C H is admissible if there is a
constant C' > 0 such that

Z(a,ﬂ% <COlealf, foralacH .

TeT

Clearly any finite set is admissible. When H = ¢2, an example of an infinite admissible set is when
we take 7 to be an orthonormal basis ()22, of £2, and in fact in this case we have > ;= (a, ;)% = |||
The admissibility condition is also satisfied by more general dictionaries, for example if 7 is a frame for
H.

Given the definition above, we can formalize the notion of templates. Recall that given a normed
vector space V' and a non-empty subset W C V, the closed linear span of W, denoted by Span(W), is
the closure of the linear span of W in V.

Definition 2.3 (Templates). Consider the function space Im(vy,) at some layer m, and let F: Im(v,,) —
'H be a feature map, where H is a Hilbert space. We say that T, is an m-th layer set of templates associated
to F if T,, is a nonempty admissible set in the closed linear span of {F(t) |t € Im(vm)}.

We note that the admissibility condition is needed for theoretical reasons to ensure that we can work
with an arbitrarily large, possibly infinite, set of templates. In practice, the number of templates is always
finite and the admissibility condition is always satisfied.

As is clear from the definition, there are two inherently different forms of templates: those that are
the encoded functions in Im(v,,), and those that are linear combinations of the encoded functions. Given
a set of templates 7, associated to F', we distinguish these two cases as follows.

1. Templates of the first kind. We say that 7, is a set of templates of the first kind if every
template T € 7,,, is of the form
T=F(t)
for some ¢t € Im(v,,). This is the dictionary used in [56] when the feature map F' is the neural
response (see Definition 2.6) and will be our primary example in this paper.



2. Templates of the second kind. Otherwise, we say that 7, is a set of templates of the second
kind if it is not of the first kind. In this case every template 7 € 7, is a (possibly infinite) linear
combination of the encoded functions F(t), for some ¢ € Im(v,,). For example, we can take 7y, to
be a set of convex combinations of templates of the first kind (see Section 3.1), or we can take 7,
to be an orthonormal basis of Span{F(t) | t € Im(v,,)} (see Section 4.2).

Remark 2.4 (Templates learning). In addition to the examples of templates given in the discussion
above, we can also use other learning schemes to obtain the dictionary of templates. For example,
given a set 7, of templates of the first kind, we can extract a set 7./, of templates of the second kind
by using techniques such as PCA, ICA, sparse coding [36, 39], and nonnegative matrix factorization
[35]. Therefore, our analytical framework provides us with an abstraction to treat the different learning
methods in practice as a change of templates for the filtering operation at each layer.

Remark 2.5 (Multiset of Templates). In the remainder of this paper we treat the template set as a
multiset; that is, we allow the possibility of having two identical templates. In particular, when we are
using templates of the first kind, we start with a set of function patches T,, C Im(v,,) and take the
templates to be 7., = {Ny,(t) | t € T),}. In this case, even when we have two distinct function patches
t1 # to with J\Afm(h) = ﬁm(tg), we still keep both templates in 7,,, so that 7, has the same number of
elements as T;,.

2.4 Neural Response and Derived Kernel

Given the settings described in the previous sections, we are now ready to define the central objects
of interest in a hierarchical architecture, namely the neural response and derived kernel. At each layer
m, the neural response is an encoding of the functions in Im(v,,), and the derived kernel is a similarity
measure between between functions in Im(v,,), defined in terms of the neural response encodings. Nat-
urally, since we are working with a hierarchical architecture, the neural response and derived kernel are
defined recursively. In the definition below, £2(7,,_1) denotes the space of all square summable sequences
a: T,,—1 — R. Recall from our discussion in Section 2.1 that ¢2(7,,_1) can be embedded into ¢2.

Definition 2.6 (Neural response and derived kernel). Let K : 2 x (2 — R be a reproducing kernel with
an associated feature map ®: (2 — (2, let U: R* — R be a pooling function, and let Ny: Im(vy) — £ be
a feature map. The m-th layer neural response Ny, : Im(v,,) — €?(Tp,_1) is defined as

No(F)(7) = U(@(Npr(f 0 1)), 7)) for all f € Im(vn) and 7 € Ty | (1)

where the pooling operation is performed over h € Hy,_1, and T,,_1 is a set of templates associated to
® o N,,—1. The m-th layer derived kernel K,,: Im(vy,) X Im(vy,) — R is given by

Kn(f,9) = K(Nm(f)aNm(g)) = <(I)(Nm(f)>v q)(Nm(g))> for all f,g € Im(vy,) .

We note that the template sets 7, at each layer are computed after we have constructed the neural
response N,,. As we mentioned in Section 2.3, the primary example of templates that we are going to
use is templates of the first kind. In this case we start with a set of function patches T, C Im(v,,), and
take the set of templates 7,, to be

~

T ={Nn(t) |t €Ty} .
Then the definition of the neural response in (1) takes a more familiar form
Noo(f)(7) = U (Km-1(foh, t))  forall f € Im(v,) and 7 = Nyo1(t) € Lo

which is precisely the definition given in [56] in the case when W is the max pooling function. The function
patches in T, can be either a fixed set of patterns that we want to use, for instance oriented bars or
Gabor filters [44, 55] in the case of vision, or sampled from the probability distribution on Im(v,,).
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When the template sets are finite, the neural response in Definition 2.6 is finite dimensional and well
defined. When the template sets are infinite, however, the assumption on the weak boundedness of the
pooling function together with the admissibility condition of the templates are crucial to ensure that the
neural response is still well defined.

Proposition 2.7. Suppose the template set T, is infinite for some 1 < m < n—1. If the pooling function
VU is weakly bounded, then Ny, +1(f) € €2 for all f € Im(vyy1).

In light of the result above, throughout this paper we assume that the pooling function ¥ is weakly
bounded whenever we are working with infinitely many templates.

Assumption 3. If the template set T, is infinite for some 1 < m < n — 1, then we assume that the
pooling function ¥: R* — R is weakly bounded.

Note that we do not make the assumption that ¥ is weakly bounded when the template sets are
finite. This is not only because this assumption is unnecessary when we are working with finitely many
templates, but also because this assumption will preclude some common settings that occur in practice.
For example, the composite pooling function Wo( is not weakly bounded if ¢(0) # 0 and W is the /!-norm
pooling function. However, this is precisely the situation in convolutional neural network when ¢ = o is
the logistic function (see Example 2.12).

Remark 2.8 (Normalization). Normalization is a procedure that standardizes the outputs of different
layers in the architecture. Normalization is usually performed to enable us to meaningfully compare
the results between different layers in the architecture, or between different architectures with poten-
tially different number of layers. Hierarchical algorithms in practice typically have some normalization
procedures, in one form or another [26, 45, 54].

Normalization is primarily performed either via the kernel or via the pooling function. Normalization
via the kernel is achieved by using a normalized reproducing kernel, for example the normalized inner
product or Gaussian kernel. On the other hand, normalization via the pooling function is achieved by
using a pooling function that has a thresholding behavior, so that the values of the neural response
and derived kernel can be controlled to lie in a certain range. We will consider these two methods of
normalization in more detail in Section 3 and study their effects on the dynamic range of the derived
kernel.

We note that in addition to the normalization methods that we describe here, there are also other
ways to perform normalization that are employed in practice. For example, one normalization method
that is suggested in practice is to use the normalized cross-correlation of the neural responses as the
derived kernel [45].

Remark 2.9 (Extension). In some architectures in practice, for example in the feedforward hierarchical
model [54] and convolutional neural network [26], there is an intermediate step between the pooling
and the filtering operations that we call the extension step. In this step, a function on an input patch
is decomposed into smaller subpatches, each of which is encoded into a neural response independently
following the procedure described in Definition 2.6. The results are then concatenated together to form
the neural response of the original function. The kernel function on the concatenated neural response is
taken to be the sum of the kernel functions on the individual components, and this recombined kernel
function is used in Definition 2.6 to construct the neural response at the next layer.

More formally, we can describe the extension step in our framework as follows. At each layer m
we take an intermediate patch w,, such that v,, C w,, C v,+1. Consequently, we have two sets
of transformations: H,,, w,, contains the transformations h: vy, — wp,, and Hy,, .,,,, contains the
transformations h: w,, — vmy+1. Given a neural response N, : Im(v,,) — £2 on the patch v,,, we extend
it to construct the neural response on the patch w,,,

Ny, : Im(wy,) — @ 0?2

heH,

Um,Wm,
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obtained by concatenating the neural responses of the smaller subpatches,

Ny, ()= (Nvm(f ohy), Ny, (foha), ..., N, (fo hk)) for all f € Im(w,,) ,
where h; € Hy, u,, for 1 <i<k=|H,,_ v,
on the individual components separately,

®(Nu,, () = (2(Ny,, (f 0 1)), (N, (f 0 h2)), ..., (N, (f 0 hi))) -

Finally, the kernel function on w,, manifests as a linear combination of the kernel functions on the
individual components,

me(f7 g) = <‘I)(Nwm (f))v CI)(Nwm (g))> = Z Kvm (f oh, go h) for all f,g € Im(wm) . (2)
heH

The feature map ® extends to this framework by acting

Having constructed K,,,, we then proceed to define the neural response at the next layer, N, _,, in
terms of K, by following Definition 2.6.

2.5 Examples of Architectures

The generalized definition of hierarchical architectures that we just described allows us to capture several
hierarchical algorithms in practice in our framework. However, we note that in each case we are only
considering a simplification of the algorithm that retains only the essential elements of the hierarchical
structure.

Example 2.10. The original definition of the neural response and derived kernel proposed in [56] corre-
sponds to the choice of the max pooling function, normalized inner product kernel, and templates of the
first kind.

Example 2.11. The feedforward hierarchical model [50, 54] corresponds to the choice of the max pooling
function and the Gaussian kernel. The templates are typically of the first kind. Given a template of the
first kind 7 € 7,,,—1 corresponding to a function ¢ € Im(v,,—1), the induced neural response can be written
as

2
N (f)(7) = henlll,a:)(_1 e~ VINm—1(foh) = Nm—1(B)II

An alternative architecture can be obtained by replacing the Gaussian kernel with the normalized inner
product kernel, so that

= max <Nm71(foh)’ Nm*l(t»
Nn(A)(T) = max e I T TN (O

Example 2.12. The convolutional neural networks [26, 31, 32] use the pooling function

UV="»"o0,
where ¢! denotes the (normalized) £!-norm pooling function and o is a sigmoid function that is applied to
each component of the input separately (see Definition 3.9). The kernel function is taken to be the inner
product kernel, and the templates are typically of the second kind. The neural response corresponding
to convolutional neural networks is then

Non(f)(7) =

- |Hm—1|

Z ’0(<Nm,1(foh), T>)‘ .

h€H 1

Example 2.13. The feedforward neural networks can be written as a hierarchical architecture where all
the patches are of the same size, vy = vo = --- = v,,. In this case there is no decomposition of inputs
and the set of transformations at each layer contains only the identity. The pooling function is a sigmoid
nonlinearity, and does not result in any nontrivial invariance properties. The kernel function is taken to
be the inner product kernel, so the corresponding neural response is

Nm(f)(T) = J(<Nm71(f)7 T>) :

12



3 Range Compression

One property that applies to a wide class of hierarchical architectures is range compression. This property
states that the dynamic range of the derived kernel is reduced at every layer, to the point that the derived
kernel converges to a constant function when the number of layers becomes arbitrarily large. In effect,
this loss of dynamic range means that all the input functions are eventually mapped to the same neural
response, and hence the hierarchical architecture loses its discrimination property. Range compression
has been observed in practice and is suspected to be responsible for poor classification performance in
some tasks [18].

Broadly speaking, range compression is endemic in the class of architectures in which we are perform-
ing normalization on positive values, either via the kernel or the pooling function. If all the input values
are positive, normalization introduces a tendency for the resulting values to shift away from 0. When
quantified with the right measure, this drift amounts to exactly the loss of dynamic range that we just
described. For example, we shall see that range compression is present in the following architectures:

1. The feedforward hierarchical model (Example 2.11) with the normalized inner product kernel and
max pooling function.

2. The convolutional neural network (Example 2.12) with the inner product kernel, normalized ¢!-
norm pooling with a componentwise sigmoid function, and a large class of templates of the second
kind.

In this section we study the precise conditions on the architecture that lead to range compression.
Our approach is to establish a layerwise lower bound for the compression rate of the derived kernel. This
layerwise bound will yield the convergence of the derived kernel and neural response in the limit when the
number of layers approaches co, as claimed above. We remark that our theoretical result is a conservative
worst-case lower bound, and we observe in practice that the convergence rate is much faster.

In fact, the high rate at which range compression occurs poses a real problem in practice. Because
the rate of convergence is fast enough, the derived kernel becomes saturated after only a small number
of layers. That is, the effective range of the derived kernel becomes too small compared to the machine
precision so that the kernel values become indistinguishable, thus rendering multilayer architectures
unusable. This problem is particularly severe when we are working in a limited-precision environment,
for example when we are using single precision floating points that GPUs commonly use, because then
the saturation effect occurs earlier. Thus, this problem also prevents us from taking the full advantage
of recent fast implementations of deep architectures using multipurpose GPU machines [43, 45, 47].

Layer 1 Layer 2 Layer 3 Layer 4
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Figure 1: The effect of range compression on the sample distribution of K,,(f,g) in an m-layer architec-
ture, for 1 < m < 4. Note the different scales on the plots.

To illustrate the range compression problem, Figure 1 shows the sample distribution of the derived

kernel K, in an m-layer architecture, for 1 < m < 4.> Each plot shows the histogram of K,,(f,9)
computed using every pair of different f, g from a collection of 500 images randomly sampled from the

bDetails of implementation: we use the normalized inner product kernel and max pooling function. For each 1 < m < 4
we choose the patch sizes of the m-layer architecture to be uniformly spaced up to 28 x 28 pixels. The initial feature map is
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MNIST dataset of handwritten digits [32]. In particular, the histogram for the 1-layer architecture
corresponds to the distribution of the normalized inner product between the original images. Note the
different scales on the plots. The horizontal axis in each plot shows the empirical range of the kernel
values.

From Figure 1 we clearly see the effect of range compression. The empirical lower bound of the derived
kernel is drastically increased at each layer. In particular, in the case of the 4-layer architecture we see
that the effective range of the derived kernel has a width of approximately 10~8. Since single precision
variables in MATLAB can represent values up to about seven decimal places, Figure 1 suggests that
the kernel values in a 4-layer architecture would be indistinguishable in MATLAB with single precision
floating point computations. Indeed, this phenomenon is reflected in the poor classification performance
of a 4-layer architecture, as we shall see in Section 3.4.

3.1 Setting and Preliminaries

We first introduce some definitions and notations that we are using in this section. Throughout, let
Ry denote the set of nonnegative real numbers and ¢3 denote the set of square summable nonnegative

sequences,
0 ={a=()ien €* | ;>0 for i €N} .

Given z € £2\ {0}, let # = z/||z|. Similarly, given m € N, let N,,, denote the normalized neural response
at layer m,
Nin(f)

" INA ()]

and let [A(m denote the normalized inner product between the neural responses at layer m,

En(f,9) = (Nu(f), Nu(g)) for f,g € Im(vn)

Non(f) for f € Im(vy,) ,

3.1.1 Nonnegative Architectures

In the analysis of range compression we shall only consider a nonnegative architecture, which is a hier-
archical architecture where the neural response and derived kernel at each layer only take nonnegative
values. Specifically, to obtain a nonnegative architecture it suffices to make the following assumptions:

e Initial feature map. The initial feature map N; maps the functions in Im(v;) to vectors of
nonnegative values, that is,

Nli Im(vl) — £8 .

For example, in the case of images, we can take N7 to be the vector representation of the pixel
values of the images.

¢ Kernel function. The kernel function K : ¢? x 2 — R maps nonnegative inputs to nonnegative
outputs, that is,
K(z,y) >0 ifx,ycty .

For example, the inner product, normalized inner product, and Gaussian kernels satisfy this non-

negativity property.

e Pooling function. The pooling function ¥ acts on nonnegative inputs and produces nonnegative
outputs, that is,
v: Ry — Ry,

the vector representation of the pixel values. At each layer we take the template set to be a set of 500 templates of the first
kind, randomly sampled from the MNIST dataset. Finally, we choose the transformations at each layer to be all possible
translations from one patch to the next larger patch.
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where R§ = (J, ey Ro is the set of all finite-length sequences of nonnegative real numbers. For
example, we can restrict the domains of the pooling functions given in Table 2 to satisfy this
requirement.

e Templates. Each template set 7, consists of nonnegative linear combinations of templates of the
first kind.

In particular, we will take the template set 7, to be a finite set of convex combinations of templates of
the first kind. That is, if ®: £2 — ¢? is the feature map corresponding to the kernel function K : £ x ¢ —
R, then every template 7 € 7,, is of the form

d d
T = Zci (N (fi)) for some d €N, f; € Im(v,,), and ¢; >0 with Zci =1.
i=1

=1

For brevity, we will refer to this set of templates as convex templates. Note that templates of the first
kind are convex templates.

3.1.2 Strongly Bounded Pooling Functions

In addition to the assumption regarding the nonnegativity of the pooling function ¥, we will also assume
that U satisfies the following property, which states that ¥ maps bounded inputs to bounded outputs.

Definition 3.1 (Strongly bounded pooling function). A pooling function ¥: R§ — Ry is strongly bounded
if there exists a mon-decreasing concave function (: Ry — Ry with the property that for all n € N, we can
find Cp, > 0 such that

CnC( min ai) < ¥(a) SC,LC( max ai) for all o = (ay,...,a,) ERY .

1<i<n 1<i<n
In this case, we also say that ¥ is a strongly bounded pooling function that is dominated by .

Strong boundedness is a relatively mild condition and is satisfied by most pooling functions that we
consider in practice. For example, all the pooling functions given in Table 2 are strongly bounded with
¢ being the identity function, ((z) = x for x € Ry. Specifically, the average, max, and ¢*°-norm pooling
functions are strongly bounded with the constant C,, = 1. On the other hand, the ¢!-norm pooling
function is strongly bounded with the constant C,, = n.

We use the term strongly bounded because when the dominating function ¢ is the identity function
(which is the case for most common pooling functions, as we saw in the preceding paragraph), a strongly
bounded pooling function is also weakly bounded. However, in general there is no relation between strong
and weak boundedness. For example, a constant nonzero pooling function is not weakly bounded, but it
is strongly bounded with ¢ being a constant function.

Evidently the zero pooling function is not very interesting since, for example, in this case the neural
response is identically zero. Thus in the remainder of this section we impose an additional assumption that
we only consider a strongly bounded pooling function that is not the zero pooling function. Equivalently,
we assume that the dominating function ¢ satisfies ¢(z) > 0 for « > 0.

Finally, noting that the composition of two non-decreasing concave functions is again non-decreasing
and concave, we have the following simple result, which is particularly important in Section 3.3 when we
are considering normalization procedures in the pooling function.

Lemma 3.2. If U: R§ — Ry is a strongly bounded pooling function and o: Ryg — Rg is a non-decreasing
concave function, then W o o is also a strongly bounded pooling function.
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3.1.3 Dynamic Range of the Derived Kernel

Since the values of the derived kernel can have different scales from layer to layer, in order to compare
the properties of the derived kernel at different layers we need a standardized measure. The following
concept of dynamic range achieves this goal by measuring the spread of the derived kernel relative to its
own absolute scale.

Definition 3.3 (Dynamic range). For each m € N, the dynamic range of the derived kernel K,, is the
ratio between the smallest and largest values of K,,,

infy se ) Km(f;9)

SUD g fm(v,,) Km (f, 9)

5(Km) =

Because we only consider architectures with nonnegative values, we see that 0 < §(K,,) < 1 for
m € N.¢ A larger 0(K,,) corresponds to a “smaller” range of values in the sense that the values of K,
are more tightly concentrated, even though their absolute values can be arbitrarily large. We will state
the range compression results in terms of the dynamic range of the derived kernel.

More precisely, we will show that under the presence of normalization procedures, the dynamic range
0(K ) converges to 1 as m — oo. As stated earlier, our approach is to show that §(K,,) is an increasing
function of m. The following theorem then implies that we also have the convergence of the normalized
neural responses.

Theorem 3.4. Consider a nonnegative architecture with a strongly bounded pooling function and convez
templates. If the dynamic range of the derived kernel converges to its maximum value,
lim §(K,,) =1,

m—0o0

then the normalized neural response converges to a constant vector,

lim  sup  [[Nim(f) = Na(g)[| =0 .
Mm=00 ¢ geIm(v.m,)

We note that the convergence result in Theorem 3.4 is expressed only in terms of the normalized
neural response because we do not make any assumptions on the size of the template sets. In general, the
2 distance || N,,(f) — Nm(g)|| will depend on the dimension of the space in which the neural responses
Ny (f) lie, which is |7,,—1]. Therefore, even when the componentwise differences between N,,(f) and
N, (g) are small, we can make ||N,,(f) — Ny, (g)| arbitrarily large by increasing the cardinality of 7,_1.

Remark 3.5 (Range compression in architectures with extension). Consider the extension step described
in Remark 2.9, and recall from (2) that the derived kernel K,  at the extension step can be expressed
as a summation of the derived kernel K, = at the previous layer. From (2) we immediately see that the
dynamic range of K,  is bounded below by the dynamic range of K, ,

0(Ky,,) > 6(K,,) .

This means if an architecture suffers from range compression, then when we extend the architecture by
inserting extension steps, the extended architecture also suffers from range compression.

3.2 Range Compression: Normalized Kernel Functions

The first approach to perform normalization is to use a normalized kernel function. Recall from Section 2.1
that a kernel K: (2 x ¢ — R is normalized if K(x,z) = 1 for all x € ¢2. In particular, by the Cauchy—
Schwarz inequality this implies K (z,y) < 1 for all x,y € ¢2. Moreover, since at every layer m € N the
derived kernel K, achieves its maximum value,

sup Km(fag):Km(faf)zl s
f,9€Im(vy,)

“Note that here we assume supy gcm(,,) &m(f,g) > 0, for otherwise Km(f,g) = 0 for all f, g € Im(vm).
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in this case the dynamic range of the derived kernel is equal to its minimum value,

6(Ky,) = inf K..(f,g9) .
(Km) P, (f.9)

The range compression result in the case of normalized kernel is the following.

Theorem 3.6. Consider a nonnegative architecture with a normalized kernel K, a strongly bounded
pooling function ¥, and conver templates. Assume that the feature map ® corresponding to K is 1-
Lipschitz with respect to the normalized metric,

[@(z) — 2(y)ll < |7 —gll  for all z,y € £2\ {0} . (3)
Then at every layer m € N,
20(K)
>
0(Kmg1) > 15 6(Ky)? (4)

In particular, if at some layer m € N we have 6(K,,) > 0, then

lim 0(K,)=1.

n—oo
Now we consider examples of normalized kernel functions that satisfy the hypothesis of Theorem 3.6.

Example 3.7. The normalized inner product kernel

o) = (x,y)
S P

has the associated feature map ®(x) = Z, which satisfies the Lipschitz continuity condition in (3) with
equality.

Example 3.8. The Gaussian kernel with the normalized inner product

K(z,y) = e o0l = =20(1=(2)

is 1-Lipschitz when 0 < v < 1/2. This can be seen as follows. Since the Gaussian kernel is normalized,
condition (3) is equivalent to requiring K (z,y) > (2,7 ) for all 2,y € £2\ {0}. This inequality is clearly
true when (7,7 ) < 0 since the Gaussian kernel is nonnegative. Thus, considering only the case when
a=(Z,y) >0, we then must have

log(1/a) 1

< inf L=<
7= g2act 21—a) 2

The value 1/2 is obtained by noting that the function that we are trying to minimize above is decreasing

in a, so its minimum occurs at a = 1, and indeed it is easy to show that the minimum value is 1/2 by an
application of the L’Hospital’s rule.

3.3 Range Compression: Normalized Pooling Functions

Another approach to perform normalization is to use a pooling function that has a thresholding effect.
Namely, the pooling function treats the input values as if they lie in a bounded region by clipping the
values that are higher than some threshold. This thresholding behavior is usually achieved by choosing
a pooling function has a horizontal asymptote, for example by considering a pooling function of the form

UV=Voo,
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Figure 2: Plots of the sigmoid functions o(z) = and o(z) = tanh(z).
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where WU is a pooling function and o is a sigmoid function. Some sigmoid functions that are commonly
used in practice are the logistic function o(z) = and the hyperbolic tangent o(z) = tanhx (see
Figure 2).

When we are working with a nonnegative architecture, the presence of the sigmoid function also leads
to range compression. Intuitively, this is because the sigmoid function is approximately constant for
sufficiently large inputs, which implies that the values of the derived kernel converge to a stable limit.
Accordingly, a sigmoid function that approaches its asymptote more slowly should be more resistant to
range compression than a sigmoid function that rises sharply. Indeed this is the case, as we shall see in
Example 3.13.

Before proceeding further with our discussion, we first need to formalize the notion of a sigmoid
function. As we are working with a nonnegative architecture, we only need to define a sigmoid function
o on Ry. However, for the sake of completeness we can also define o on (—o00,0) by assuming that o is
antisymmetric with respect to 0,

_1
1+e—=

o(—z) =20(0) —o(x) forallzeRy .
For example, the sigmoid functions shown in Figure 2 satisfy this property.

Definition 3.9 (Sigmoid). A sigmoid function is a non-decreasing, concave, and differentiable function
o: Ry — Ry with a horizontal asymptote,

lim o(z) < oo .
r—00
We note that the assumption that o is concave and has a horizontal asymptote actually implies that
o is non-decreasing on Ry. Moreover, as the case when o is the constant zero function is of hardly any
interest to us, we further assume that a sigmoid function o satisfies o(x) > 0 for z > 0. Next, recall
from Lemma 3.2 that if ¥ is a strongly bounded pooling function then ¥ o ¢ is also a strongly bounded
pooling function. This is the form of the pooling function that we use in Theorem 3.10 below.
Now, given a sigmoid function o, the assumption that ¢ is concave and has a horizontal asymptote
implies that o approaches its asymptote at a certain rate (see Lemma B.4 in Appendix B.3). In particular,
we can show that

Fo () = 2x0’ (z)

—0 aszxz— o0 .
o(x)

Intuitively, this quantity F,(x) measures how fast the sigmoid function converges to its asymptote. A
sigmoid function o that converges fast to its asymptote corresponds to a function F, that approaches 0
more quickly, which in turn will yield a higher rate of convergence of the derived kernel.

18



Specifically, given 0 < n < 1, the fact that F,(z) — 0 implies that F},(x) < n for all sufficiently large
z. Let €, » denote the first time this happens,

eno =inf {bE€Rg | n > F,(z) forall z>b} . (5)

The quantity €, , plays the role of limiting the effective region of range compression, in the sense that
our result only applies if the values of the derived kernel are at least €, .. We shall see that for common
pooling functions the value of €, , is very small, so Theorem 3.10 is applicable in practice.

Theorem 3.10. Consider a nonnegative architecture with the inner product kernel, convexr templates,
and a strongly bounded pooling function of the form

\T/:\Ilocr,

where W is a strongly bounded pooling function that is dominated by ¢ and o is a sigmoid function. Given
m € N, if we have
inf  Kn(f,g9) >enoe forsomeOd<n<l1, (6)
f,9€Im(vy,)
then
$(Ei1) > 0(Kom)"

Moreover, if (6) holds at layer m € N and

En,o
Tl > 2 7 (™)

then (6) also holds at layer m + 1 with the same value of 0 < n < 1.4 In particular, if (6) holds at some
layer m € N with 6(K,,) > 0 and (7) holds at all layers n > m, then

lim 0(K,)=1.
n—oo
We consider some examples of sigmoid functions that are commonly used in practice and illustrate
the values of the various parameters in Theorem 3.10 above.

Example 3.11 (Hyperbolic tangent). Consider o(z) = tanh(z). Then o¢’(x) = 1/ cosh(z), and

Fo() = 2xo’ () 2x

o(r)  sinh(z)

Figure 3(a) shows the plot of the function F, () for o(z) = tanh(z). For n = 0.5, for example, we have
€0 ~ 3.26. When the dominating function ¢ is the identity function and the constant C|g, | is 1 (for
example, when W is the max or average pooling function), the condition in (7) becomes

Eno 3.26

[Tl = o(en0)?  tanh?(3.26) A28
Example 3.12 (Logistic function). Now consider the logistic function o(z) = 1-&-% Then
o'(@) = o@)(1 — (@) = Ty
(1+e )2
and 2xo’ () 2xe™
F,(z) = (@) =2z(1—o(x) = el

dHere C\H,,| is the constant in the definition of the strong boundedness of ¥ in Definition 3.1.
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Figure 3(b) shows the plot of the function F,(x) for o(z) = H-% For n = 0.5 we have €, , ~ 1.86.
When the dominating function ¢ is the identity function and C\g,,| = 1, the condition in (7) becomes

En,o —
| T,| > m ~1.86 (1 +e 180)2 ~ 248 .

Interestingly, we see from Figure 3(b) that when o is the logistic function we actually have F,(z) < 0.6
for all x € Ro. This means €, , = 0 for n = 0.6, and hence the convergence assertion in Theorem 3.10
holds without further assumptions on the template sets 7,,.

0.6
(1.86, 0.5)
05F==--f === \
|
03 '
02 i
0.1 '
‘ ‘ ‘ Lo T
0 2 4 6 8 0 1 2 3 4 5 6
(a) The function Fy(x) for o(z) = tanh(z). (b) The function Fs(z) for o(x) = H%

2z0’ ()
o(z)

Figure 3: Plots of the function F,(z) =

for some common choices of the sigmoid function o.

Example 3.13 (Slow sigmoid function). Finally, consider a sigmoid function that approaches its asymp-
tote slowly. For example, given k& > 1 and a sigmoid function o, we can take o (z) = o(z/k). The function
o) is obtained by stretching the domain of ¢ by a factor of k, so that o, approaches its asymptote k
times slower than o. In this case we have o}, (z) = 10'(z/k), and

_ 2xoy(x) 2w’ (x/k) _F (ac)
7\k

F, (z) = _

@) == T heta/h)

Therefore, from the definition of ¢, , in (5) we see that
Enon = Keno -

That is, a slower sigmoid function imposes a stronger hypothesis on Theorem 3.10, namely the lower
bound of K, in (6) becomes larger. We can also estimate the lower bound on the number of templates
in (7). Given0 <n < 1land m € N, let M, = M,,.5,0 denote the lower bound on the number of templates
defined by (7),

Eno

M, = ;
C|2Hm| ¢(o(ene))

When we use o, as the sigmoid function, this lower bound becomes

En,on ke o key,o

2~ 2 = 3 = kMo .
C|2Hm| C(O-(g'fho'k)) C\QHM C(U(kgn,o)) C|2Hm| C(U(gn,o))

Ok
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This means when we use oy, as the sigmoid function, condition (7) in Theorem 3.10 can be replaced with

keno

[T | > 5 5
C\Hm| C(U(En,o))

to guarantee that (6) still holds at subsequent layers.

3.4 Empirical Results and Possible Fixes to Range Compression

We now present some empirical results related to range compression and propose several possible ways
to alleviate this issue. In this section we focus on the case of the normalized inner product kernel
(Example 3.7), but our discussion can be extended to the general setting in a straightforward manner.

We saw in Figure 1 that the rate at which range compression occurs in practice is much faster than the
lower bound given in Theorem 3.6. In particular, Figure 1 suggests that single precision floating points
cannot distinguish the derived kernel values in a 4-layer architecture. Indeed, this observation is reflected
in the poor performance of a 4-layer architecture when we are working with single precision variables in
MATLARB, as shown in Figure 4. We measure the performance using the classification accuracy on the
image classification task on the MNIST dataset. The classification rule is 1-nearest neighbor using the
derived kernel as the similarity measure.®
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Figure 4: Average accuracy on the MNIST digit classification task using a 4-layer architecture. The
performance of the normalized inner product kernel with single precision is significantly lower than that
with double precision due to range compression. The proposed stretching techniques can restore the
accuracy of the single precision to be comparable with the accuracy of the double precision.

®Details of implementation: we perform each experiment in a 4-layer architecture using the normalized inner product
kernel and max pooling function. We fix the largest patch size to 28 x 28 pixels and vary the smaller patch sizes. The
initial feature map is the vector representation of the pixel values. At each layer we use 500 randomly sampled templates
of the first kind and all possible translations. Both the training and testing sets consist of 30 images per digit class. The
classification rule is 1-nearest neighbor using the derived kernel as the similarity measure. Each reported accuracy is an
average over 10 independent trials.
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From Figure 4 we see that the accuracy of the normalized inner product kernel with single precision
is significantly lower than that with double precision. In fact, the average accuracy of the normalized
inner product kernel with single precision is very close to the chance level 1/10 = 0.1. This confirms
our observation that range compression on a 4-layer architecture is severe enough that the derived kernel
values are indistinguishable using single-precision floating points. Moreover, this result shows that range
compression can render a multilayer architecture unusable due to the saturation effect.

There are several possible ways to counteract the effect of range compression, based on the idea of
introducing a tuning parameter to stretch the dynamic range of the derived kernel. Namely, given a
derived kernel K, that suffers from range compression, we build a stretched derived kernel K,, that
recovers the dynamic range of K,,. The stretched derived kernel K, is then used to construct the neural
response NV, +1 at the next layer, following Definition 2.6. Since we showed that range compression occurs
layerwise, the derived kernel K,,,1 will again be subject to range compression, and we can repeat the
stretching technique at each subsequent layer.

The stretching step from K., to K,, can be interpreted as adapting each layer of the architecture to
work on the effective range of the kernel function. This is in part inspired by the evidence that neurons
in the brain only represent information with a finite amount of bits [49]. Therefore, if range compression
or a similar effect occurs in the brain, then the each neuron will have to learn to operate in the effective
range of the data that it is working with.

We now describe two possible stretching techniques and see how they affect the performance of the
architecture.

e Linear stretching. Given the derived kernel K,,, choose the stretched derived kernel IN(m to be a
linear transformation that stretches the range of K,, to be [0,1]. More specifically, let

a= inf  K,.(f,g9) ,
f,9€Im(vm) (f g)

so that a < K,,,(f,9) <1 for all f, g € Im(v,,). Then by choosing

> Km ) B
K..(f,g9) = (ffgc)la for all f, g € Im(v,,) ,
we ensure that _ _
inf K, (f,g)=0 and sup  Kn(f,g)=1.
f,9€Im(vsm,) f,9€Im(vy,)

e Gaussian stretching. Another stretching strategy is to consider a Gaussian tuning operation at
each layer. More precisely, we take the stretched derived kernel to be

]N(m(ﬁg) — e—wmHﬁm(f)—ﬁm(g)H2 — e 2m(1-Kn(f.9)  for all frg € Im(vy) |

where 7, > 0 is a scale parameter that can vary from layer to layer. Intuitively, even if K,,(f, g) is
very close to 1, we can choose 7, big enough to spread the range of I~(m( f,g). Contrast this with
the case of Gaussian tuning with a fixed scale in Example 3.8, in which case we still have range
compression.

For example, given the stretched derived kernel IN(m_l at layer m — 1, we can choose 7, such that

inf I?m(f, g) = inf I?m—l(fa g) ;

f,g€Im(vs, ) frg€Im(vim—1)
so that the range of the stretched derived kernel IN(m (f,g) at each layer remains the same. Letting

a= inf K, (f, and b= inf K ,9)
F.geim(om) m(f:9) foctmum )™ 1(f.9)
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then we want to choose 7, such that

inf K, ,g) = inf e 2mI-En(f:9) = g=2vm(l=a) —p
f,9€Im(vy,) (f g) f,9€Im(vym,)
which gives us
_ log b
T T~ a)

We check empirically that these stretching techniques restore the dynamic range of the derived kernel
by computing the sample distribution of K,,(f,g) in an m-layer architecture, for 1 < m < 4, following
the same procedure as in Figure 1. Figure 5 shows the resulting histograms in the case of the normalized
inner product kernel (no stretching), linear stretching, and Gaussian stretching. Evidently both the
linear and Gaussian stretching techniques succeed in restoring the dynamic range of the derived kernel.
However, we observe that since linear stretching assigns equal weight on each interval of values in the
transformation, the resulting distribution tends to be skewed to the right with a long tail. On the other
hand, Gaussian stretching manages to recover the symmetry of the distribution better.

Layer 1 Layer 2 Layer 3 Layer 4
x10* x10* x10*
4000 8
6 10 10
. Normalized 2000 4
inner product ) 5 5
0 0 0 0
0 0.5 1 0 0.5 0 0.5 1 0 0.5 1
Linear 4000
stretching
2000
]
Gaussian
stretching

Figure 5: Sample distributions of K, (f, ¢) in an m-layer architecture, for 1 < m < 4, using the normalized
inner product kernel, linear stretching, and Gaussian stretching. Both stretching techniques restore the
dynamic range of the derived kernel, but Gaussian stretching recovers a more symmetric distribution.

Furthermore, our experiments also confirm that both linear and Gaussian stretching techniques can
restore the performance of the 4-layer architecture in the single precision environment. Figure 4 shows
that the classification accuracy of the linear stretching with single precision is virtually identical to the
accuracy of the normalized inner product kernel with double precision. Moreover, the accuracy of the
Gaussian stretching with single precision is slightly higher compared to that of the linear stretching,
which might be attributed to the earlier observation that Gaussian stretching recovers a more symmetric
distribution.

These results, in particular the performance of the normalized inner product kernel with double
precision, suggest that range compression by itself does not lead to poor performance as long as we are
working in an environment with sufficiently fine precision. However, range compression is prevalent in
many algorithms that perform normalization, and consequently, range compression prohibits us from
taking advantage of the faster processing speed of GPUs, which commonly use single precision floating
point computations.



3.5 Discussion

We have seen that range compression is a ubiquitous property that presents a serious problem for ex-
periments and empirical studies of hierarchical architectures. However, our analysis currently relies on
the assumption that we are working with a nonnegative architecture. It remains to be seen if range
compression also occurs when we allow the architecture to use negative values.

Glorot and Bengio [18] reported that they observed saturated hidden units in the feedforward neural
networks (that can have positive and negative values) when they used the logistic function, hyperbolic
tangent, and softsign function o(x) = /(1 + |z|) [6] as sigmoid functions. Moreover, Glorot and Bengio
also observed that the saturation effect in the case of the softsign function is less severe and the perfor-
mance of the model is better than the case of the logistic and hyperbolic tangent functions. Since the
softsign function has a polynomial convergence rate to its asymptote, as opposed to exponential rate in
the case of the logistic and hyperbolic tangent functions, this latter observation is in accordance to our
remark in Section 3.3 that a slower sigmoid function is more robust to range compression.

However, in order to fully explain the saturation effect that Glorot and Bengio reported, we need
to extend our theory of range compression to the general case when the architecture can take positive
and negative values. We suspect that the range compression and convergence results in this case will be
probabilistic. The first step that we can take is to study the case when the negative values are introduced
by the normalization procedure.

For example, a normalization method that is suggested in practice [45] is to take the derived kernel
to be the normalized cross correlation of the neural responses. Specifically, suppose that for some m > 2
the template set 7,1 is finite. Given the neural response N,, at layer m, we can consider the centered
neural response NE,: Im(v,,) — €2(T,,—1) given by

Ny ()(T) = N () (1) = |Tl " Z Ny (f)(7)  forall f € Im(vy,) and 7€ Tpyq -
m= e,

The derived kernel K, is then given by the normalized inner product of the centered neural responses,

LN NS e
Km0 9) = NG PNINg (g " S0 € o) -

Note that some of the components of the centered neural responses will be negative, so the derived kernel
values can in general be negative.

On the other hand, Jarrett et al. [26] recently emphasized the importance of positivity in the architec-
ture to improve performance, typically by rectifying the values before the pooling step. In our framework,
this corresponds to using a pooling function that is derived from a norm, for example the ¢'-norm or
£%°-norm pooling function. The brief presence of negative values at each layer might contribute to coun-
teracting range compression, achieving a similar effect to the stretching techniques that we described in
Section 3.4.

4 Linear Architectures

An oft-emphasized point about hierarchical algorithms is the importance of nonlinearities in the architec-
ture. Several authors argued that nonlinearities are necessary to represent complex intelligent behaviors
[3, 18], and indeed nonlinearities have generally been considered as a prerequisite for hierarchical ar-
chitectures [5]. Furthermore, the max pooling function has been consistently shown to outperform the
average pooling function in classification tasks, especially when the remainder of the architecture is linear
[7, 26, 62]. Boureau et al. [7] proposed an explanation that the max pooling function has a better per-
formance because it is more robust to clutter than the average pooling function. Another argument that
might explain this contrast is to recall that one of the motivation for building a hierarchical architecture
is to achieve a level of complexity that cannot be captured by shallow architectures, and the presence of
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nonlinearities is essential to prevent the architecture from collapsing into a one-stage linear computation.
In this section we investigate this issue and study the properties and limitations of linear architectures
using the framework of the derived kernel.

We first formally define the notion of a linear architecture. We say that a pooling function ¥: R* — R
is linear if each restriction of ¥ on inputs of a certain length is linear. That is, ¥ is linear if for each
n € N we have

U(a+0)=T(a)+¥(B) and T(ca)=cP(a) foreverya,feR" ceR .
Equivalently, W is linear if for each n € N we can find w € R™ such that
U(a) =(a, w) forallaeR" .

For example, the average pooling function is linear. A linear architecture is a hierarchical architecture
with the normalized inner product kernel and a linear pooling function.! For 1 < m < n, let A,, denote
the closed linear span of the neural responses at layer m,

/\/m = Spﬁ({]\/}n(f) | f € Im(vm)}) C 62 )

and let dim(M;,) denote the dimension of AV;,. Finally, let N,,(f) denote the normalized neural response
of a function f € Im(v,y,),

NonlF) = TP

4.1 Rank Constraint

We first investigate how the choice of the parameters at the first layer limits the complexity of the
architecture. We find that in a linear architecture, the dimensionality of the neural response at each layer
is restricted by that of the first layer. We refer to this phenomenon as the rank constraint, stemming
from the observation that when the template set 7,, at each layer is finite and we conjoin the templates
in 7, into a matrix, then the rank of the matrix is constrained by the rank of the templates matrix at
the first layer.

Note that, however, this result on rank constraint holds without any assumption on the set of tem-
plates. In particular, this result means that when we use a linear architecture, using a large number of
templates at each layer will result in an inefficient and redundant computation since the architecture is
incapable of generating more complexity than that prescribed by the first layer.

Theorem 4.1. Consider a linear architecture with n € N layers. For each 1 <m <n — 1, we have
dim(Nm11) < dim(Noy,)

For example, in the case of images in computers, suppose at the first layer we are working with image
patches of size k x k pixels. Suppose further that the initial feature map Ny represents every such image
patch as a vector of pixel intensities in R, This means the space of neural responses N at the first
layer has dimension at most k2. In the case of a linear architecture, Theorem 4.1 then tells us that all
subsequent spaces of neural responses N, are at most k?-dimensional, for 2 < m < n, regardless of the
number of templates that we are using.

4.2 Basis Independence

We now consider the case when we use an orthonormal basis of N, as templates of the second kind 7,
at each layer 1 < m < mn — 1. This case is motivated by the use of several basis approximation techniques

fWe can also use the inner product kernel, and all the results in this section still hold.
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for templates learning in practice. For example, given a finite set of templates of the first kind at a
layer, we can employ reduction schemes such as PCA or ICA to infer an approximate basis of the space
of the neural responses A,,. It is then reasonable to study the limiting case when we have a complete
information about N,,, in which case we are able to use an orthonormal basis of N, as templates of the
second kind.

Perhaps not surprisingly, the linearity of the pooling function allows the orthonormal basis of the
neural responses to disappear from the final expression of the derived kernel. Just as the normalized
inner product in a vector space is independent of the basis of the space, the derived kernel K, is
independent of the choice of the orthonormal basis of N, that we use as templates of the second kind
T

Theorem 4.2. Consider a linear architecture with n € N layers. Suppose that at each layer 1 < m < n—1
the template set T, is taken to be an orthonormal basis of Ny,. Then derived kernel K, 11 is independent
of the choice of the basis of Ny,.

We note that the proof of Theorem 4.2 above (provided in Appendix C.2) also shows that when we
use the inner product kernel instead of the normalized inner product kernel, the derived kernel at each
layer can be written explicitly as a linear combination of the derived kernel at the previous layer, that is,

[Hon | | Hm |
Kon1(f, 9) Z Z wj wi K (fohj, gohy) forall f,g € Im(vpmgr) -
j=1 k=1

Proceeding recursively to apply this relation at every layer, in the end we find that the derived kernel
K41 is a linear combination of the derived kernel K; at the first layer, for each 1 < m < n — 1. For
example, in the case when W is the average pooling function, we can write

Km-i-l(fa g) = Z Kl(f © ha go h/) for all fag € Im(vm+l) )
hh'€H,,

| Hn?
where fi:m is the set of all composed transformations to layer m + 1,

ﬁm:{hmohm—lo"'0h1 | h; € H; for 1 <i<m} ,
and |H,,| is the cardinality of H,y,

=1

Hence in this case the linear architecture is equivalent to a single-layer network.

5 Analysis in a One-Dimensional Case

One of the most intriguing questions about hierarchical architectures is whether and to what extent the
hierarchy gives rise to discrimination and invariance properties. Yet, even though the tradeoff between
discrimination and invariance is at the heart of many hierarchical algorithms in practice, so far there is
little theoretical understanding about the precise effect of hierarchical computations to the discrimination
and invariance properties of the output. A first step in quantifying this effect was taken in [56], in
which it was shown that in the case of one-dimensional strings, an exhaustive derived kernel architecture
discriminates input strings up to reversal and checkerboard patterns.

In this section we generalize this analysis on strings and study the discrimination and invariance
properties of the derived kernel in a more general architecture. We will demonstrate several ways to
build an architecture that induces reversal invariance on K,,. We will also characterize the equivalence
classes of the derived kernel in the case of a discriminative architecture. We hope that our analysis in this
section can provide an insight into the emergence of discrimination and invariance in general hierarchical
architectures, in particular in the case of two-dimensional images.
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5.1 Setting and Preliminaries

We first describe the framework that we are working with in this section. Given a nonempty finite alphabet
S, a k-string is a function f: {1,...,k} — S, and we write f = a1 ...a; to indicate f(i) = a; € S for
1 < ¢ < k. For example, in the case of binary strings we have S = {0,1}, and in the case of DNA
sequences we have S = {A,C,G,T}.

We are working with an n-layer architecture, n € N, with the max pooling function and normalized
inner product kernel. The patches are of the form v,, = {1,...,|vn|} for some |v,| € N with |v,| <
|Um+1]. We assume that the function spaces consist of all possible strings of the appropriate size,

Im(vy) = {f | f: vm — S} = Sloml

Corresponding to the use of the normalized inner product kernel, the templates of the first kind at each
layer are of the form N,,(t) for some ¢ € Im(v,,), where N,,(t) denotes the normalized neural response

of t,
N3 Nm(t)

Np(t) = ——= .
[N (8)]]
But in general, in this section we will also use templates of the second kind.

The discussion on the transformation sets H,, requires some notations. For 1 < m < n —1, let L,,
denote the set of all possible translations h: vy, — v;,+1. That is,

Ly ={h1, ooy Doyt |=lom|+1)
where for 1 <4 < |vm41| — [vm| + 1, the translation h;: v, — V41 i given by
hi(j)=7d+i—1 forl1<j<|vgl.

Thus, each translation h; € L., shifts the domain v, = {1,..., |vm|} to {4, i4+1,..., i+ |vm| =1} C 1.
The translations in L,, will be the primary example of transformations that we are going to use in this
section, although at times we will also consider a more general set of transformations. Next, consider the
following concept of the counterpart of a translation.

Definition 5.1 (Counterpart). Let 1 < m < n — 1. Given a translation h; € L,,, the counterpart of h;
is

X(hi) = Ploy, s |~ fom | +2—i -
Similarly, given a set of translations L C L,,, the counterpart of L is

x(L) = {x(h) [ h € L} .

Note that x(h) € Ly, if h € Ly, and x(L) C Ly, if L C L,,. Also note that x is an involution, that is,
x(x(h)) =h for h € L, and x(x(L)) = L for L C L,,.

Finally, the initial feature map is denoted by Nj: Im(v;) — £2\ {0}. Since every such N; induces an
initial kernel K7 : Im(vy) x Im(vy) — [—1, 1] given by

(N1(f), N1(9))
[NT(OI N (9)l

in the following we will consider the properties of K7 instead of N;. The primary example of K; that we
are going to use is

Ki(f,g)=1——-"==  for f,g € Im(vy) , (8)
|v1]

where dg (f, g) is the Hamming distance between f and g that counts the number of times f and g differ.
Equivalently, we can write K; as

Ki(f,g9) = for f,g € Im(v1) ,

Ki(f.9) = Hlsis U|1v|1|| 1(i) = 9(1)}
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This choice of K corresponds to the initial feature map Ni: Im(v;) — RI*11XIS] given by

1 iffi)=a,

0 else

Ni(f)(i,a) = {

for all f € Im(vy), 1 <i<|vy],and a € S.

Example 5.2 (Exhaustive architecture). The analysis of Smale et al. in [56] considers an exhaustive
architecture, which is an architecture where:

1. the patch sizes are |v,,| =m, for 1 <m < n,
2. the template sets 7, consist of all possible templates of the first kind,
3. the transformation sets H,, = L., consist of all possible translations, and
4. the initial kernel K is given by (8).
In this case we have the following explicit characterization of the equivalence classes of the derived kernel.

Theorem 5.3 (Theorem 4.1 in [56]). In an exhaustive architecture, K, (f,g) = 1 if and only if either
f =g, [ is the reversal of g, or f and g have the checkerboard pattern: f = ababab... and g = bababa . . .
for some a,b e S.

In the next two sections we investigate the generalization of this result to a more general setting.
In particular, we will see that the reversal and checkerboard patterns in the equivalence classes of K,
in Theorem 5.3 arise from essentially different origins: the reversal invariance of K, is induced by the
reversal invariance of K, while the checkerboard pattern emerges because of the hierarchical structure
of the architecture.

In our analysis, we shall use the following preliminary result for an architecture with an exhaustive
set of templates of the first kind. This result, which is a refinement of Proposition 4.1 in [56], states that
the derived kernel and the neural response measure the same equivalences.

Proposition 5.4. Consider an architecture with n > 2 layers with an exhaustive set of templates of the
first kind at each layer,

T = {Np(t) | t € Im(vyy)}  foralll<m<n-—1.
Given 2 <m <n and f,g € Im(vy,), we have K,,(f,g9) =1 if and only if N, (f) = Nm(9).

We remark that, as noted in Remark 2.5, when we use exhaustive templates of the first kind we treat
the template set as a multiset. That is, we keep all the encoded strings N,,(¢t) in 7, even when some of
them are duplicated, so that 7, contains |S|I*=| templates.

5.2 Reversal Invariance of the Derived Kernel

In this section we study the reversal invariance of the derived kernel K,,. We are particularly interested in
how the parameters of the architecture influence the reversal invariance of K,,. Before launching ourselves
into the discussion, we first formalize the notions of reversal and reversal invariance.

For k € N, let ri: {1,...,k} — {1,...,k} denote the reversal operation,

re())=k+1—i for1<i<k.

Given a string f = a; ...a, € S*, the reversal of fis for = for, =ay...a; € S¥. In the development
that follows, we will often write r to denote r, if the domain size k is clear from context. We will explicitly
write rj, only when it is necessary to distinguish the domain {1, ..., k}. Next, a kernel is reversal invariant
if it cannot distinguish a string from its reversal.
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Definition 5.5 (Reversal invariance). For 1 < m < n, we say that the derived kernel K,, is reversal
mvariant if
Kun(f, for)=1 forall f € Im(vy,) .

We now look at several ways to build a hierarchical architecture where the derived kernel K, is reversal
invariant.

5.2.1 Reversal Invariance from the Initial Kernel

Our first approach is to start with an initial kernel K7 that is reversal invariant and try to use this to
induce reversal invariance on K,,. Indeed, as Smale et al. showed in [56], we can propagate invariance up
in the hierarchy provided that the set of transformations H,, is rich enough. In our case, the condition
on H,, turns out to be that each H,, consists of some translations and their counterparts. This condition
arises because given a translation h € H,, and a string f € Im(v;,41), the substring of f obtained from
composing with x(h) is the reversal of the substring of f or obtained from composing with h. This
relation then allows us to propagate reversal invariance from one layer to the next.

Theorem 5.6. Consider an architecture with n € N layers. Suppose that at each layer 1 < m <mn —1
the transformation set H,, is a set of translations that is closed under taking counterparts, that is,

H,CL, and xHpn)=H,.
If K is reversal invariant, then K, is reversal invariant.

In particular, if we take H,, to be the set of all transformations L,, then we automatically satisfy the
hypothesis of Theorem 5.6. Therefore we can start with |v1] = 1 and use the initial kernel K given by (8),
which is reversal invariant when |v1| = 1, to obtain a reversal invariant K,. Note that Theorem 5.6 does
not make any assumption on the template sets 7,,, and in particular we can also use templates of the
second kind.

5.2.2 Reversal Invariance from the Transformations

Another approach that we can pursue to build a reversal invariant K, is to encode the information
regarding the reversal operation in the transformation sets H,,. Specifically, instead of considering only
translations in H,,, we can also consider reversals of translations. In effect, when comparing two strings,
the architecture will compare not only their substrings, but also the reversals of their substrings. It is then
easy to show that the resulting derived kernel will always be reversal invariant, without any additional
assumptions on the initial kernel or the template sets. Moreover, it turns out that it suffices to make the
assumption on the transformation set only at layer n — 1, as the following result shows.

Theorem 5.7. Consider an architecture with n > 2 layers. Suppose that the transformation set Hy_1
consists of some translations and their reversals, that is, H,_1 is of the form

H, 1=LU (x(L) o 7‘) for some L C L, 1 ,
where x(L) or is the set of the reversals of the translations in x(L),
x(Lyor={hor|hex(L)} .

Then K, is reversal invariant.
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5.2.3 Reversal Invariance from the Templates

The third approach to obtain reversal invariance on K, is to encode the notion of reversals in the set
of templates 7,,. One reasonable attempt at constructing such templates is to require each 7, to be
symmetric with respect to the reversal operation. More precisely, given a template of the second kind

d
T = Zczﬁm(tz) 3
=1

where d €N, ¢1,...,¢cq4 € R, and ty,...,ts € Im(v,,), let 7 o r denote the template that is the reversal of
T7

d
Tor= Zciﬁm(ti or) .
i=1
Then we can try to assume that we only use templates that are themselves invariant to reversals, that is,

Tor=71 foralTeT, .

By doing so, we hope that the architecture can learn from these templates and induce reversal invariance
on K. Indeed this is the case, as we shall show in Theorem 5.9. However, before discussing this result
in more detail, we need to introduce the following concept of reversal symmetry.

Definition 5.8 (Reversal symmetry). For 1 < m < n, we say that the derived kernel K, is reversal
symmetric if
Kn(f,9) = Kn(for,gor) forall f g€ Im(vy) .

Contrast this with the definition of reversal invariance, which can be equivalently formulated as the
following condition,

Kn(f,9) = Kn(for, g) forall f,g €Im(vy) .

That is, K,, is reversal symmetric if we can reverse both input strings simultaneously without changing
the output. On the other hand, K, is reversal invariant if we can reverse each input string independently
and still preserve the kernel value. Clearly reversal invariance implies reversal symmetry, but in general
the converse is not true. For example, the initial kernel K; given by (8) is reversal symmetric but not
reversal invariant, unless |v1| = 1.

Theorem 5.9. Consider an architecture with n > 2 layers. Suppose that at each layer 1 < m <n —1
the transformation set H,, is a set of translation that is closed under taking counterparts,

H,CL, and x(Hpn) =H,,
and the template set T,, consists of symmetric templates,
Tor=71 forallT €7, .
If K is reversal symmetric, then K, is reversal invariant.

We note that Theorem 5.9 is presented in full generality with templates of the second kind. If we
prefer to stay within the domain of templates of the first kind, we can restrict ourselves to use the
normalized neural responses of palindrome strings, which are strings f € Im(v,,) with the property that
for = f. Considering the initial kernel K; given by (8), which is reversal symmetric, in this case we
have the following corollary.

Corollary 5.10. Consider an architecture with n > 2 layers, where Hy,, = L, and the template sets are

T € {Nunlf) | f € Im(vyn), for=f} .

If the initial kernel K, is given by (8), then K, is reversal invariant.
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5.2.4 Impossibility of Learning Reversal Invariance with Exhaustive Templates

In Sections 5.2.1, 5.2.2, and 5.2.3, we have seen how to learn reversal invariance on K, by appropriately
choosing the parameters of the architecture. Given these encouraging results, we can start asking the
converse question: if we know that K, is reversal invariant, what can we say about the architecture?
Equivalently, we can try to investigate to what extent the hypotheses of the results are necessary. For
example, in the hypothesis of Theorem 5.9, instead of requiring the templates to be symmetric, can we
still derive the same conclusion if we require the template sets to be symmetric? That is, can we learn
reversal invariance only by assuming that 7o r € 7,,, whenever 7 € 7,7

The answer, as it turns out, is no; essentially, this is because the symmetry of the template sets does
not sufficiently capture the notion of reversal invariance. In fact, we will show that when we take 7,
to be the set of all possible templates of the first kind, which satisfies the symmetry property that we
just proposed, the derived kernel K,, cannot be reversal invariant unless K; is also reversal invariant.
One way to interpret this result is to say that the templates contribute to the discrimination power of
the architecture. By using a more exhaustive set of templates, the architecture will be discriminative
to more patterns. In particular, if the template set contains some patterns and their reversals, then the
architecture will be discriminative to the reversal operation.

In the following result, the choice of 7,,, to be the exhaustive set of templates of the first kind allows
us to propagate reversal non-invariance up in the hierarchy.

Theorem 5.11. Consider an architecture with n € N layers. Suppose that at each layer 1 <m <n —1
the transformation set H,, is taken to be the exhaustive set of translations L,,, and the template set T,,
is taken to be the exhaustive set of templates of the first kind,

Ton = {N(t) | t € Im(v)} .
Suppose further that either one of the following conditions is true:
(1) |vms1] = lom] =1 for 1 <m <n-—1, or
(2) K is reversal symmetric.
If K,, is reversal invariant, then K1 is reversal invariant.

As a concrete example of the result above, note that the kernel K5 given by (8) is reversal invariant
if and only if |v1| = 1. Then Theorem 5.6 together with Theorem 5.11 give us the following corollary.

Corollary 5.12. Consider an architecture with n € N layers, where H,, = L, is the set of all possible
translations and T, is the set of all possible templates of the first kind. With the choice of the initial
kernel K given by (8), the derived kernel K,, is reversal invariant if and only if |vi| = 1.

5.3 Equivalence Classes of the Derived Kernel

We now turn our attention to the discrimination power of the derived kernel. That is, given f, g € Im(v,,)
such that K, (f,g) = 1, what can we say about f and g? We are particularly interested in the analysis
of the equivalence classes of the derived kernel that arise because of the intrinsic recursive structure of
the hierarchical architecture. For this purpose, in this section we consider an architecture where:

1. the transformation set H,, is the set of all possible translations L,,, for 1 <m <n —1;
2. the template set 7, is the set of all possible templates of the first kind, for 1 < m <n —1; and

3. the initial kernel K, is fully discriminative, that is,

Ki(f,g)=1 ifandonlyif f=g .
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For example, the kernel K; given by (8) is fully discriminative. Having made these choices, the only
remaining free parameter is the patch sizes |v,,|.

We note that when |v;| = 1, a fully discriminative K is still reversal invariant since in this case
for = fforall f € Im(vy). Theorem 5.6 then tells us that K, is also reversal invariant. So we now
consider the case when |v1| > 1, so that K; is no longer reversal invariant. It turns out, as we shall see
in Theorem 5.13, that in this case K, can discriminate input strings up to periodic patterns, provided
that |v1]| is sufficiently large.

To state the theorem more precisely, we first need the following definitions. Given 2 < k < p, we say
that a p-string f = a1 ... a, is k-periodic if f is periodic with period k, that is, a; = a;4, for 1 <i <p—k.
Note, however, that saying f is k-periodic does not imply that k is the smallest period of f. In particular,
if f is k-periodic, then f is kf-periodic for any ¢ € N for which ¢k < p. Next, given two p-strings f and
g, we write f ) g if f and g are k-periodic and g is some shifted version of f, that is, there exists
1 < j < k—1such that g(i) = f(i + j) for all 1 < i < k. Note that f 2 g means f and g have the
checkerboard pattern.

Theorem 5.13. Consider an architecture with n > 2 layers. Let £ € N be the maximum jump in the
patch sizes of the subsequent layers,

(= ,max (Jvm| = [vm=1]) -

If lv1] > 30+ 2, then K,,(f,9) =1 if and only if f =g orf@gforsomeQSkgﬂJrl.

We note that the bound on |v| in the theorem above is not tight. Wibisono [61] showed that the
conclusion of Theorem 5.13 holds for |v1| > 2 when ¢ = 1, and for |v;| > 3 when ¢ = 2. However, the proof
in [61] is considerably more complicated and involves an exhaustive case analysis. By only considering
the case when |vq| is large enough, we are able to provide a more elegant proof for the general case.

Intuitively, the condition on the lower bound of |v1| is necessary for the conclusion to hold because
when the initial patch sizes are too small, the periodic patterns interfere with each other to yield new
equivalence classes which are hard to characterize. When |vq| is sufficiently large, however, the periodic
patterns separate into distinct equivalence classes that we can identify explicitly. The shifted periodic
patterns in the equivalence classes of K,, can be interpreted as the translation invariance that one hopes to
obtain from the pooling operations in the hierarchy, and the periodicity of the patterns emerges because
we are working with finite function patches.

5.4 Mirror Symmetry in Two-Dimensional Images

In the proof of Theorem 5.11 (case (2)), we have also proved the following result regarding the propagation
of reversal symmetry.

Proposition 5.14. Consider an architecture with n > 2 layers. Suppose at layer 1 < m < n —1 we
know that K, is reversal symmetric. Then given T € T, with T or € T,,, we have

N1 ()(7) = N1 (f 0 7o (T O Ty )  for all f € Im(vimer) -

In particular, if the template set T, is closed under the reversal operation, that is, if T € T,, implies
Tor € T, then K41 is also reversal symmetric.

In this section we extend the notion of reversal symmetry to the case of two-dimensional arrays,
and discuss the analog of the result above in the case of mirror symmetry. The framework that we are
considering is the two-dimensional version of the string setting previously described. That is, we now
work with square lattices as patches, and consider functions from these patches to a finite alphabet. For
example, we can describe an image as a function from the pixel locations to a finite set of pixel values,
say integers between 0 and 255, representing the grayscale values.
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Formally, let S be a nonempty finite alphabet. We are working with an n-layer architecture, n € N,
with the max pooling function and normalized inner product kernel. The patches are two-dimensional
square arrays vn, = {1,...,|vm|} X {1,..., |vm|}, where |v,| < |vme1]|. We assume that the function
spaces consist of all possible images of the appropriate size,

Im(vy,) ={f | f: vm — S} .

We also assume that the transformation set H,, consists of all possible translations h: v,,, — vy,41, that

is,

H,, = {hlj |1 <4,5 <|vmg1] — |vm| + 1}
where for each 1 <4, j < |y 41| — |vm| + 1, the translation h; j: vy, — Upy1 is given by
hig(k €)= (k+i—1,045—1) for 1<k ¢< |vm| .

We can see that f o h is a patch of the image f, for f € Im(vy,,41) and h € Hp,.

Thinking of the first and second coordinates of each patch as the x and y-axis, respectively, we now
define the analog of the reversal operation on images, which is the reflection about the y-axis. Given
kEeN let ri: {1,...,k} x{1,...,k} = {1,...,k} x {1,...,k} denote the reflection operation,

ri(i,j) = (k+1—1d,5) forl1<ij<k.

Given an image f: {1,...,k} x {1,...,k} — S, the reflection of f is f or = f or. Intuitively, the
reflection of an image is what we see when we put the image in front of a mirror. We then introduce the
following concept of reflection symmetry, which we also call mirror symmetry.

Definition 5.15 (Reflection symmetry). For 1 < m < n, we say that the derived kernel K, is reflection
symmetric if
Kn(f,9) = Kn(for,gor) forall f g€ Im(vy,) .

We can show that the result of Proposition 5.14 extends naturally to the case of reflection symmetry.

Proposition 5.16. Consider an architecture with n > 2 layers. Suppose at layer 1 < m < n —1 we
know that K,, is reflection symmetric. Then given T € T,, with T or € T,,, we have

N1 (f)(7) = Nnpa (f oo, )T 07, )  for all f € Im(vpya) -

In particular, if the template set T, is closed under the reflection operation, that is, if T € T, implies
Tor € T, then K41 is also reflection symmetric.

A corollary to the result above that is of special interest is the following, which says that a reflection-
symmetric template induces the same response in an image and its reflection.

Corollary 5.17. In the setting of Proposition 5.16, if T € T,, has the property that T = 7 or, then

N1 (F)(7) = N1 (f 0 7o, )(7)  for all f € Im(vpm41) -

5.5 Discussion

The analysis on strings provides a starting point toward understanding the invariance of a hierarchical
architecture. Through the results in this section, we have seen a glimpse of how the discrimination and
invariance properties of the architecture interact with the different choices of the parameters. These
results suggest two main avenues that we can pursue to continue our work.

33



Further analysis on one-dimensional strings. The case of one-dimensional strings is a relatively
fruitful frontier because the analysis is simple and tractable. In spite of our initial attempt at exploring
this landscape, there are still many questions left to be resolved. For example:

e In Section 5.2 we have seen three main methods to induce reversal invariance on K,,: via the initial
kernel K, the transformation sets H,,, and the template sets 7,,. What other ways are there
to build a reversal invariant K,? What can we say about the architecture when K, is reversal
invariant? A preliminary attempt at answering the latter question is provided in Theorem 5.11.

e Another interesting question is related to the robustness of the derived kernel to small transforma-
tions, that is, the approzimate invariance of K,,. For example, if we have two strings f, g € Im(v,,)
that are not equivalent under K, but they only differ in one or few letters, what can we say about
K, (f,g)? This question is partially motivated by applications to biology and DNA analysis, where
the bases of the DNA constantly undergo mutations. This analysis might also be of relevance in
the case of binary strings, because in practical situations some of the bits are corrupted due to
transmissions through noisy channels.

Extension to two-dimensional images. One way of working with images is to treat them as two-
dimensional strings with a finite set of values, for example using the finite-precision representation of real
values on a computer. This viewpoint should allow us to extend some of the results in this section to
the case of images. In particular, as alluded to at the end of Section 5.3, the shifted periodic patterns in
Theorem 5.13 might correspond to the grating patterns that are commonly observed in the topographic
filter maps when the architecture is specifically built to incorporate translation invariance [26, 28]. More-
over, in the case of images the domain will be a two-dimensional grid {1,...,k} x {1,...,k}, and thus we
expect the invariance properties to involve more complex transformations, including the symmetry group
of the square, the dihedral group D,4. The discussion in Section 5.4 is an initial step in this direction.

However, this treatment of images as two-dimensional strings is not without limitation because it
ignores the algebraic structure of the set of values, namely the real (or rational) numbers. In particular,
real numbers have an ordering relation and arithmetic operations. These structures will affect the choice
of the initial kernel, as well as what constitutes an invariance. For example, we might want to consider
invariance under multiplying the values of an image by a constant, which can be interpreted as looking
at the same image under different lighting conditions.

6 Conclusions and Open Questions

Conclusions. In this paper we proposed a theoretical framework of hierarchical architectures that
generalizes the definition introduced by Smale et al. [56]. This generalized definition of the neural response
and derived kernel allows us to study a wider class of hierarchical algorithms, including simplified versions
of the feedforward hierarchical model [50, 54] and convolutional neural networks [26, 31, 32]. We then
used this framework to study the following theoretical properties of hierarchical architectures:

e Range compression. We showed that hierarchical architectures with nonnegative values and nor-
malization procedures are susceptible to range compression; essentially, the derived kernel becomes
increasingly saturated at each layer. This saturation effect presents a challenging problem in prac-
tice because it can lead to decreased performance of the architecture in some empirical tasks. We
proposed several methods to mitigate this range compression effect and demonstrated that these
methods succeeded in restoring the performance of the architecture.

e Linear architectures. In the case of a linear architecture, we proved that the dimensionality of the
neural response at each layer is restricted by the dimensionality at the first layer. Moreover, we
showed that when we use an orthonormal basis of the neural responses as templates, the derived
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kernel is independent of the choice of basis. In particular, when we use the inner product kernel,
the architecture collapses into a single-layer linear computation.

e One-dimensional strings. We investigated the discrimination and invariance properties of the de-
rived kernel when the input data are one-dimensional strings. We showed how to induce reversal
invariance in the hierarchy by appropriately choosing the model parameters. Furthermore, we
proved that it is impossible to learn reversal invariance when we use an exhaustive set of templates.
Finally, we characterized the equivalence classes of the derived kernel in the case of a discriminative
architecture.

These results represent an exciting and promising beginning of a rigorous theory of hierarchical ar-
chitectures. We hope that our results provide some insight into the theoretical properties of hierarchical
algorithms, and will be useful for guiding the development of hierarchical algorithms in the future.

Open questions. Thus far our analysis has been focused on the intrinsic properties of hierarchical
architectures, namely, properties that are inherent in the architectures and do not depend on external
tasks. On the other hand, one could also investigate the extrinsic properties of hierarchical architectures.
For example, given a classification problem, we could look into the performance of the architecture when
we use the derived kernel as the similarity measure for classification. Studying the extrinsic properties
of hierarchical architectures is more difficult than studying the intrinsic properties because there might
not be a universally correct answer; instead, as Bengio argued in [3], the optimal answer might depend
on the specific task at hand.

Nevertheless, the extrinsic properties of hierarchical architectures are more relevant to the problems
in practice, and, as such, need to be investigated theoretically. Several questions in this direction that
we believe are of immediate interest are:

o Number of layers. What is the optimal number of layers in the architecture? Can we show that
having more layers is always better in terms of performance? Hinton et al. [22] showed that learning
an extra layer in a deep belief network increases the lower bound of the log-likelihood of the
data. Surprisingly, many hierarchical algorithms in practice are running with relatively few layers
[26, 37, 54]. We believe that a theoretical analysis on the effect of the number of layers in the
architecture can give some insight into this problem.

e Parameter choices. How should we choose the parameters of the model to achieve a good perfor-
mance? For example, once we fix the number of layers in the architecture, how should we choose
the patch sizes at each layer? In the case of image classification on the MNIST digit dataset, Smale
et al. [56] suggested that there is an optimal configuration of patch sizes for a 3-layer architecture.
From our results in this paper, Figure 4 also suggests that there is an optimal configuration of patch
sizes for a 4-layer architecture. Moreover, the performance results in [56] and Figure 4 seem to ex-
hibit similar up-and-down patterns as the patch sizes vary. This leads to the question of whether
we can characterize the optimal patch sizes theoretically.

o Sample complezity. How does the hierarchical architecture influence the sample complexity of
the problem? As previously mentioned, the human brain is exceptionally skilled at learning and
generalizing from only a small subset of examples. Poggio and Smale [46] argued that this capability
might be due to the hierarchical structure of the cortex, and that hierarchical architectures might
also have the advantage of low sample complexity. Therefore, it will be interesting to study this
question from a theoretical perspective using the framework of the neural response and derived
kernel.
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A Appendix: A Theoretical Framework of Hierarchical Archi-
tectures

Proof of Proposition 2.7. From the the weak boundedness of ¥ and the admissibility of 7,,,, we have

INmr (1) = 3 0 ((@ oh)), )|

TET
2
<Gl Do D (@(Nm(foh), 7)
7€T,, heHy,
= Clu,y 3 2 (@(Nm(foh)), 7)’
heH,, T€T,,
< Gy, O D [ #(Nnlf o m)
hE€H
< o0 .
Note that the last inequality holds because we assume H,, to be finite. O

B Appendix: Range Compression

In this section we present the proofs of the results from Section 3.

B.1 Setting and Preliminaries
B.1.1 Strongly Bounded Pooling Functions
Proof of Lemma 3.2. Let (: Ry — Ry be a non-decreasing concave function that dominates ¥. We

claim that ¥ o ¢ is dominated by ( o 0. Clearly ( o ¢ is nonnegative since both { and ¢ are nonnegative.
Moreover, since ¢ and o are non-decreasing and concave, for all z,y € Ry and 0 < A < 1 we have

(Coo)Az+(1=Ny) =¢(Ao(@)+ (1 =N oY) =A(C(oo)(@)+(1-X) (Coo)(y) ,

which means that ( o o is a concave function.

Now, using the fact that o is non-decreasing, for each n € N and a = (a1, ..., ®,) € R™ we have
< = i
(00 = € g o(00) = Cn (607) )
Similarly,

(Voo)(a)>Cy C( min U(ai)) =Cy (Co a)( min ai) :

1<i<n 1<i<n

This shows that ¥ oo is a strongly bounded pooling function that is dominated by { oo, as desired. [

B.1.2 Dynamic Range of the Derived Kernel
We first state the following preliminary results that will be helpful to prove Theorem 3.4 and Theorem 3.6.

Lemma B.1. Let £ = (&,...,&) and w = (wy, . ..,wy) be two vectors in the positive orthant of R¥, that
1s, assume &;, w; >0 for 1 <i < k. Let 0 denote the angle between £ and w. If we hold £ fixed and vary
w along wy € (0,00), then cos@ has one extremum point, which is a mazimum. In particular, if wy lies
in an interval [rq, 3], then cosf is minimized at either wy = ry or wy = ro.
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Proof. Recall that
<€7 w> E?:l giwi

Il Tl — (=L, @2)1/2 (Zillw?)m :

Since we hold everything fixed except for w;, we can consider cos 6 as a function of wy only. For simplicity,
write

cosf =

cos — AwliJrB
- C(w?}+ D)2

where
k k 12 k
A=¢, Bzz&wi, C:(ZQQ) ., and D:Zw? )
i=2 i=1 i=2

Note that A, B,C, D > 0. Take the derivative of cos with respect to wi,

dcosf  A(w}+ D)2 — (Aw, + B)w: (wi + D)~1/2
dwp C(w? + D)
_ A(wi+ D) — (Awy + B)wy
= Clw? + Dy
~ AD — Bw,
~ C(w?+D)3/2 "

Setting the derivative to 0, we see that cos § has an extremum point at w; = AD/B. Since dcos/dw; > 0
for wy < AD/B and dcosf/dw; < 0 for w; > AD/B, we conclude that w; = AD/B is a maximum point
of cos @, as desired.

O

Using the preceding lemma, we can prove the following result.

Lemma B.2. Let b > a > 0, and let C be the hypercube
C:{z:(xl,...,xk)ERk|a§x,~§b for i=1,...,k}

Then b
. o a
e P2 o

Proof. Let F: C x C — R be the function F(z,y) = (Z,y ). Since F is continuous and C is a compact
subset of R¥, by the extreme value theorem we know that J achieves its minimum in C, say at (z',%/).
Let 6 denote the angle between 2’ and y’, and note that we can write F(z',y') = cos6. Lemma B.1 then
tells us that =’ and 3’ must be some vertices of C. This is because if one of the points, say z’, is not a
vertex, then it has a coordinate x; such that a < x; < b. By holding 3’ fixed and setting x; to either a
or b we can decrease the value of cos 6, thus contradicting the minimality of (2/,y’).

Now that we know (z’,y) is a vertex of C, we can write 2’ = (z1,...,2zx) and ¥y = (y1,...,yx) with
Tlyeeoy ThyY1, .-, Yk € {a,b}. Define

a=#{1<i<k|z;=0b, y;=a},
B=#{1<i<k|zi=a,y =Db}
y=#{1<i<k|x;=0b,y; =0}, and
d=#{1<i<k|z;=a, yi=a} .
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Clearly o, 3,7,6 > 0 and o + 8+ v+ § = k. This allows us to write

5 Zk TiYi
<I/ y/> — 1=1
(Sue?)” (See)
da® + (a + B)ab + vb? .
((B+8)a2 + (a+7)2) " ((a+8)a> + (8 +7)2) "

By the arithmetic-geometric mean inequality,

(a+ B+28)a? + (a+ B+ 27)b?

((8+8)a® + (a +7)b?) " ((a+6)a® + (B+)?)/* < 5 7

and hence
~ 2(6a* + (o + B)ab + vb?)

oy ) >
S R Py, 7 P ey oy a7
Intuitively, we expect the angle of separation € to be maximized when x’ and ¥y’ are two opposite

vertices of C. This corresponds to the choice v = § = 0, in which case the right hand side of the
inequality above becomes 2ab/(a® + b*). Indeed, we can check that

2(6a® + (a+ B)ab+9b*)  2ab
(a+8+4+20)a®+ (a+8+29)p2 a2+ D2
2((5&2 + (a+ B)ab+ fyb2) (a2 + b2) — ab((a +B+28)a®+ (a+ B+ 2’y)b2))
((a+ B+ 26)a + (a+ B+ 27)b?) (a® + b?)
2((5a4 + (o + B)a®b + (v + 6)a?b? + (o + B)ab® +4b*) — (v + B+ 26)a®b + (a + B+ Q”y)ab?’))
((a+ B+ 26)a® + (a+ B+ 27)b?) (a? + b?)
2(5@ —26a3b + (7 + 6)a?b? — 2vab® + vb?)
~ ((a+B+20)a2 + (a+ B +27)b?) (a2 + b2)
B 2(6a*(b — a)? 4+ yb%(b — a)?)
~ ((a+B+20)a?+ (a+ B +27)b?) (a2 + b?)
2(8a? 4+ vb*)(b — a)?
( a+ B+ 26)a? + (o + B+ 27)b?) (a? + b?)
>0 .

This shows that ( 'y ) = 2ab/(a® + b?), as desired. O

Finally, the following lemma connects the dynamic range of the derived kernel at each layer with the
normalized inner product between the neural responses at the next layer.

Lemma B.3. Consider a nonnegative architecture with a strongly bounded pooling function and convez
templates. At each layer m € N we have

= 20(K)
Km+1(f, ) = m fO?” all f,g S Im(vm+1) .
Proof. Let
a= inf  Kp(f,g) and b= sup Kpn(f,9) ,
Frg9€tm(vm) F.9€Tm(vpn)
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so that §(K,,) = a/b. Note that a > 0 since we are working with a nonnegative architecture. If a = 0
then 20(K,,)/(1 + 6(K,)?) = 0 and there is nothing to prove, so assume a > 0. Let (: Ry — R be a
non-decreasing concave function that dominates the pooling function W.

Let f € Im(vy41). Given a template 7 € T,,,, write

d
T—ch 1) where d € N, f; € Im(v,,), and ¢; >0 with Zcizl )

i=1

Then for every transformation h € H,,, we have

d d
a=>Y ca < foh, fi) = (®(Nm Z =
i=1 =
and since ¥ is strongly bounded,

O, €(a) < Ny (£)(7) = C(R(Nin(f 0 1)), 7)) < Cimr,,  C() -

This means the neural response Ny, 1 (f) lies in the |7;,|-dimensional hypercube

HM&

C:{xeR‘T’"| i, Cla) < 25 < Clar,| C() forizl,...,|Tm\} .

Lemma B.2 then tells us that for every f,g € Im(v,,41), we have the lower bound

= wf (30 Cl.. |C( )C() 2(¢(a)/¢(b))
el 02 ke (0902 g \<<> Gl COP ™ 1+ (Cla)/C(0))?

Now note that since ( is a concave function,
@y =¢((1=3) 042 5) = (1=5) 0 + 5 ¢0) = T Cb) = 3(Km) CB)

which gives us ((a)/¢(b) > 6(K,,). Therefore, since z +— 2x/(1 + z?) is an increasing function on
0 <z <1, we conclude that

~ 20(K )

Km 7 = T /1 \9
as desired. 0

Given Lemma B.3, Theorem 3.4 then follows easily.

Proof of Theorem 3.4. If §(K,,) — 1, then Lemma B.3 implies that we also have

lim inf  Kn(f.g) =

m—00 f g€lm(vm)
Therefore, noting that for all f,g € Im(v,,) we can write

”Nm(f) - ﬁm(g)HQ =2- QI?m(fyg) )

we then conclude that

lim  sup ||Nm<f>—ﬁm<g>||:\/2—2hm il Kn(f.g) = 0

M09 f,g€Tm(vm) m—o0 f,gelm(vm)

39



B.2 Range Compression: Normalized Kernel Functions

Proof of Theorem 3.6. We begin by squaring the Lipschitz continuity condition in (3) and using the
assumption that K is normalized to obtain

K(z,y) > (z,7) forallz,yec*\{0} .

Given f,g € Im(vy41), we can substitute z = N,,,11(f) and y = N;+1(g) to the inequality above and
use Lemma B.3 to get

. 20(Km
Kmy1(f,9) 2 Kmia(f,9) = 1+(§(an)2 '

Since this holds for all f,g € Im(v;,+1), we then conclude that

. 20(Km)
(Ko = f K, ,g) > ——————— .
( +1) f,gEIir{I(vm+1) +1(f g) 1 +5(Km)2

Now to show the convergence assertion, we note that the inequality above implies
1> 0(K,) > A""™(5(K,,)) forn>m+1, (9)

where A: [0,1] — [0,1] is the function A(a) = 2a/(1+a?), and A™~™) is the composition of A with itself
n — m times. Observe that A is an increasing function and a < A(a) < 1 for 0 < a < 1, with equality
occurring when @ = 0 or @ = 1 (see Figure 6). This means the mapping a — A(a) only has two fixed
points, a = 0 and a = 1, and the point @ = 0 is unstable. Once we have a > 0, the value of a under
this mapping will increase monotonically until it converges to a = 1. Therefore, from (9) we see that if
§(Kn) > 0 then A=) (§(K,,)) — 1 as n — oo, and therefore,

lim §(K,)=1,
n—oo
as desired.
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Figure 6: Plot of the function A(a) = %
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B.3 Range Compression: Normalized Pooling Functions

We first show that given Definition 3.9, a sigmoid function approaches its asymptote at a certain rate.
Specifically, we claim that the derivative o’(x) approaches 0 faster than 1/z. Since o(x) has a finite limit
as x — 0o, this will then imply that

as claimed in Section 3.3.

Lemma B.4. Given a sigmoid function o,

lim xo'(z) =0 .

r—00
Proof. Since o is non-decreasing and concave on Ry, ¢’ is nonnegative and non-increasing on Rg. Fur-
thermore, we know that o’ is integrable on Ry,

r—00

/00 o'(r)dr = lim o(x) —0o(0) < oo .
0

Now suppose the contrary that
limsup zo'(z) =c¢>0 .
r—00
Then there exists a sequence {Z,}nen in Ry such that z, — oo and x,0'(x,) > ¢/2 for all n € N.
Let {yn}nen be a subsequence of {x,}nen such that y,+1 > (n+ 1)y,/n for all n € N. Since o’ is
non-increasing,

o'(x) > o' (Yns1) > if g, < < Ynp1 -

c
2yn+l
This implies

[e%} 7 o0 Yn+1 yn+1 c > N C > 1 _
/y1 a’(x)dx;/ d:z:>z _22( n+1>2;n+100a

Yn+1

Yn n=1 n=1

contradicting the integrability of ¢’. Thus we must have

limsup zo'(z) <0 .

r—00

Finally, since o’(z) > 0 for « € Ry, we conclude that

lim zo'(z) =0,

as desired. O
We add two remarks.

Remark B.5. The proof of Lemma B.4 above can be extended to show that x log(z)o’(z) — 0 as & — oo,
so zo’(z) must eventually decrease faster than 1/log(z). This gives the upper bound e, , = O(e'/") as
n — 0, which is achieved, for example, when o is given by

1 1

o(x) = gk log( £ F) for some k> 1 .

However, as we saw in Section 3.3, for common sigmoid functions the values of ¢, , are small, which
makes Theorem 3.10 applicable in practice.
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Remark B.6. We note that the assumption that ¢ is non-decreasing and concave on Ry is necessary to
conclude Lemma B.4. To see this, suppose we do not assume ¢ to be non-decreasing or concave, so that
o’ does not have to be nonnegative and non-increasing. Take o defined by ¢(0) = 0 and®

1
o (z) = (—1)* 71 forx >0,

where |x] is the largest integer less than or equal to z. Clearly o’ is still integrable on Ry, for example by
decomposing the integral into a sum of integrals on the intervals [n,n 4+ 1) and then using the alternating
series test. However, in this case

zo'(z) = (z+1)o'(z) = o'(2) = (- —o'(2)

does not converge, since (—1)l%) is alternating between 1 and —1, and ¢’(z) — 0 as  — oo. Next,
suppose we assume that o is non-decreasing but we do not assume that o is concave. This means ¢’ is
nonnegative but it is allowed to oscillate. Consider o defined by o(0) = 0 and"

1 .
o'(z) = {“‘1 ifz €N,

Clearly o’ is still integrable on Ry, so o has a horizontal asymptote. However, we see that when = € N,

T

xa'(x):x+1 —1 asz— oo,
so clearly xo’(x) does not converge to 0.
We now prove Theorem 3.10.
Proof of Theorem 3.10. Let
a= inf K,(f,g) and b= sup K,(f,9) ,
f.9€Im(vim) fr9€lm(vm)

so that 6(K,,) = a/b. Note that we assume a > e, , > 0. If a = 0 then there is nothing to prove, so
assume a > 0.
Let f € Im(vy41). Given a template T € 7, recall that we are using the inner product kernel, and

write
d

d
T = ZciNm(fi) where d € N, f; € Im(v,,), and ¢; >0 with Zci =1.
i=1 i=1

Then for every transformation h € H,, we have
d d d
a=Y cia <Y ciKn(foh, fi)=(Nu(foh), 7) <> eb=b,
i=1 i=1 i=1
and since o is a non-decreasing function,
o(a) < o((Nu(f o h), 7)) < () -
Therefore, the strong boundedness of ¥ gives us

Cia, C(0(a)) < Nppy1 (/)(7) = (Yo o) ((Niu(f 0 h), 7)) < Cim,,| ¢(o (b)) -

&0r take o/ to be a continuous approximation of the proposed function above.
hOr, as before, we can take o’ to be a continuous approximation of the proposed function.
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This gives us a bound on the value of the derived kernel,

Tl Cl,, C(0(@)” < Konga(f9) < [Tl Cly, C(0(8))” forall £, € Im(vpyr) - (10)

Therefore, we can also bound the dynamic range

iy > (71 i SO@) " (ot
|Zm| C|2H,,,L| C(0<b))

S
N
S~—
N

As we saw in the proof of Lemma B.3, since ( is concave we have

((o(@) _ ola)

C(a(b)) ~ old) ’
and thus ( )2
o(a
O(K,, >
( +1) el O’(b)2
Now to conclude that ,
a
§(Km+1) > 5(Km)n = b7 )
it suffices to show that the function ( )2
o(x
S(w) = 22

is non-increasing for z > a. Computing the derivative of .S, we obtain

S,(JJ) _ 20(x)o”(x)x’7 - 7]0'(33)23377_1 _ O'(-’L') [2.’)30'/((13) — 770'(;5)}

2 i+l

Therefore, from the definition of ¢, , we see that S’(z) <0 for z > €n,e- Since a > €, » by assumption,
this means S is non-increasing for z > a and hence S(a) > S(b), as desired.
Finally, if condition (7) holds, then from (10) we see that

En,o
Kii(f19) 2 ——10 Oy ((0(@)® 2 20 for all fug € Im(va) -
C|Hm| <(U(En,a))

In particular, if (7) holds at all layers n > m, then since 0 < n < 1,

n—m

O(Kp) = 6(Km)" -1 asn—ooo.

This completes the proof of Theorem 3.10. O

C Appendix: Linear Architectures

In this section we present the proofs from Section 4.
C.1 Rank Constraint

Proof of Theorem 4.1. Let 1 <m < n—1. If dim(N,,) = co then there is nothing to prove, so assume
that dim(N,,) = p < co. Let (¢1,...,¢,) be an orthonormal basis of N,,. Note that each normalized
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neural response ]Vm(f) lies in NV, so we can write ]/\?m(f) as a linear combination of ¢4, ..., ¢, for all
f € Im(v,,). Furthermore, using the linearity of ¥ we can find w = (wy,...,wm,,|) € RIH=| such that

| Hon |
U(a) = {a, w) = Z aiw;  for all @ = (a1,...,qq,,)) € R/l
i=1

Now, given f € Im(vy,+1) and 7 € 7,,, we can write

IHm ‘
A%+ﬂﬁﬁ):w«ﬁﬁqohyfnzzzjwmﬁmgomyr>.

Since ﬁm(f oh;) € Ny and 7 € T,,, C N,,, we can expand the inner product in terms of the orthonormal
basis of N, as follows,

(N o hi), 7) =Y (Num(f o ha), &5) (7, &5) -

Substituting this summation to the original expression and rearranging the terms give us

‘ ml P P |Hm|
N1 (N)(7) = D wi [ D ANm(foha), 5) (1, 65) | =D | D wi (N o hi), &5) | (7, ¢5) -
i=1 j=1 j=1 \ i=1
Since this holds for all 7 € 7,,,, we can write
p |Hm| N
N (£) =D D wi (Nin(Fohi), é5) | @5
j=1 \ i=1

where for j = 1,...,p we define p; € £%(7,,) by
0;i(t) = (1, ¢;) forallTeT, .
Note that ¢; is well defined because by the admissibility condition of 7, we have
loill>= 3" (7, 62 <ClglP=C <00 fori=1,..p.
€T

The computation above shows that for every f € Im(v,,11) we can write Ny, 41(f) as a linear combi-
nation of {¢1,...,¢,}. This means {¢1,...,¢,} spans N,,41, and hence we conclude that

dim(Np41) < p = dim(Ny)

as desired. 0

C.2 Basis Independence

Proof of Theorem 4.2. Given 1 < m <n — 1, we will show that the inner product between N,,1(f)
and N,,11(g) is independent of the choice of the orthonormal basis of AV, in T, for all f,g € Im(vpa1).
This will then imply the desired conclusion that the derived kernel

(Nit1(f)s Neng1(9))

Km 1 3 -
e \/<Nm+1(f)a N1 (f)) <Nm+1 (9), N7n+1(g)>
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is also independent of the choice of the orthonormal basis of A,,.
Let (¢1, ..., ¢p) be the orthonormal basis of NV,, that 7,, takes as templates of the second kind, where

p < oo. Note that for each f € Im(v,,) we have ]\Afm(f) € Ny, 50 (¢1,...,¢p) is also an orthonormal
basis of the normalized neural responses.
Next, since the pooling function is linear, we can find w = (w1, ...,wm,,|) € RIH=I such that

| Hom |
U(a) =(a, w) = Z aw; foralla = (a1,...,qm,,|) € RIH=1

Then for every f € Im(vy,+1) and 1 < < p, we have

| Ho |

Nons1 () (@) = U ((Nou(f = > w (Nu(fohy), 1) -
j=1
Now, given f, g € Im(vy,4+1) we can compute

(Not1(f), Nnta(9)) = Z N1 (£)(0i) Nint1(9)(04)

p [ Hom | [ Hom |
=2 (Z wj (Nm(F oy, 00) | | 3 @ (Nlg o ), 1)
i=1 \ j=1 k=1
‘Hml IH"L‘ p . N
= Wi Wk (Z <N (f ')7 ¢z> <Nm(g © hk)a ¢z>>
=1 k=1 i=1
[Hm | | Hom| R
J=1 k=1
[Hm | | Hom|
= wj wi K (f o hj, gohy) .
J=1 k=1

This shows that the inner product between Ny,41(f) and Npi1(g) is independent of the choice of
(¢1,...,0p), as desired. 0

D Appendix: Analysis in a One-Dimensional Case

In this section we present the proofs from Section 5.
D.1 Setting and Preliminaries

Proof of Proposition 5.4. Clearly if N,,,(f) = Ny,(g) then we have

(N (f), N (9))
[ Now (PN [N (9
Conversely, suppose that K,,(f,g) = 1. Since K is the normalized inner product kernel, this means
the neural responses N,,(f) and N,,(g) are collinear, that is, Np,(f) = ¢Np(g) for some ¢ > 0. Let
h € H,,_1, and consider the template 7 = ﬁm,l(f oh) € 7T,,—1. Note that on the one hand we have

wz(fv ) =1.

Non(£)(7) = | max (Np—1(fo ), 7) = max Km_1(foh!, foh)=Kp_1(foh, foh)=1,
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while on the other hand,

. ) )
- — <
N (9)(T) X (Nm-1(goh'), 7) X Kp-1(goh', foh) <1

Therefore, from the relation Ny, (f) = ¢Np,(g) we obtain
¢ > cNp(9)(1) = N (f)(1) =1 .

Similarly, by considering another template ™ = Z\Afm_l(g oh) € T,,—1 we see that ¢ < 1. Hence we
conclude that ¢ = 1, and thus N,,(f) = N,.(9). O

D.2 Reversal Invariance of the Derived Kernel
D.2.1 Reversal Invariance from the Initial Kernel

We note that the result of Theorem 5.6 actually follows immediately from Proposition 3.1 and Corol-
lary 4.1 in [56]. However, for the sake of completeness we reconstruct the proof here because part of the
argument will be needed to prove Theorem 5.7 and Theorem 5.9.

Proof of Theorem 5.6. It suffices to show that if K, is reversal invariant then K,,;1 is reversal
invariant, for 1 <m < n — 1. First, from the assumption that K,, is reversal invariant we have

Npl(g) = Npp(gor) forallge Im(vy,) -

Next, since H,, is closed under taking counterparts and x is an involution, x: H,, — H,, is a bijection.
Furthermore, given h = h; € H,,, we note that for 1 < j < |v,,| we have
(Tlvm+1‘ °© hz) (‘7) = rl'”nrl»l‘ (Z +‘7 - 1)
=|vmer| +1—=(G+j—1)
= |’Um+1‘+2*i*j 3

and similarly,

(x(hi) © 710,01 () = (Rfopmia |~ o423 © Ton) (F)
= N1 |~ Jom | +2—i([Vm| + 1 = 7)
= |vma1] = |vm| +2 =i+ (o] +1—3) — 1
= |lvmy1| +2—i—j .
This shows that
Tlomsa| © B = x(h) o7}y, forall h € Hy,

Therefore, for each f € Im(vy,4+1) and 7 € 7,,, we have

Nm+1(f o 7ﬂ\Um+1|)(7—) = hnella-}},(n< m f O Tvpir] © h) >
= qoax (Nou(f o x(h) 0 710,,1), 7)
= a2 (Nl ox (). 7)
= N1 (f)(7) .
This gives us Ny, +1(for) = Npt1(f), and thus K, 1(f, for) = 1. Since this holds for all f € Im(v,,41),
we conclude that K, is reversal invariant. O
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Remark D.1. By inspecting the proof above, we see that Theorem 5.6 also holds when we use a general
pooling function ¥ that is invariant under permutations of its inputs. That is, we can replace the max
pooling function in Theorem 5.6 with a pooling function ¥ satisfying the property that for each k& € N,

U(a) =¥ (n(a)) forall ac R and 7 € &, ,
where &, is the symmetric group of degree k, and given a = (aq,...,a;) € R* and 7 € Sr,
ﬂ(a) = (aw(l)a ey Oéﬂ(k)) S Rk .

For example, the average pooling function is invariant under permutations of its inputs.
D.2.2 Reversal Invariance from the Transformations

Proof of Theorem 5.7. Recall from the proof of Theorem 5.6 that for each h € L C L,,_; we have
T‘UH‘ oh= X(h) o ’I“|v”71‘ .
Then, given f € Im(v,) we note that

{forp, ohlheHy1}={fory, oh|heL} U {fory, ox(h)ory, , |heL}
={fox(h)ory, |heL} U {fory, oru,joh|heL}
={fox(h)or, ,|lhel} U {foh|helL}
:{foh|h€Hn_1} .

Therefore, for each 7 € 7,,_1 we have

Na(for)(r) = max (Noa(foroh), 7)= max (Nus(foh), 7)=Na(f)(7) -

This gives us N,(f or) = N,(f), and thus K,(f, for) = 1. Since this holds for all f € Im(v,), we
conclude that K, is reversal invariant. O

Remark D.2. As noted in Remark D.1, by inspecting the proof above we see that Theorem 5.7 also
holds when we use a general pooling function ¥ that is invariant under permutations of its inputs.

D.2.3 Reversal Invariance from the Templates

Proof of Theorem 5.9. It suffices to show that if K, is reversal symmetric then K, is reversal
invariant, for 1 < m < n — 1. The conclusion will then follow since we assume K7 to be reversal
symmetric, and as we noted above, reversal invariance implies reversal symmetry. First recall from the
proof of Theorem 5.6 that x: H,, — H,, is a bijection and

Tlomss]| © B = x(h) o)y, forall he Hy, .

Let f € Im(vy41). Given a template 7 € 7,,,, write
T = ZciNm(ti) for some d € N, ¢; € R, and t; € Im(v,,) .

Then, using the reversal symmetry of K,,, we can write

Ny (f o rpy,, (7)) = hnel?IX <Z\Afm(f O Tlyynis] © ), T>
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= ax (Nou(f o x(h) 0 71,,)), 7)
d
- (S trertrena. o)
d
max <= w(f o X(h), th””’"l))
= fax < m(f ox(h), Tor,,)
= m+1(f)(7-or|”m|) .

Since we assume 7 is symmetric, we then have
Nps1(for)(t) = Nppia (f)(7)  forall 7 € T,

This gives us Nypt1(f) = Nimr1(for), and thus K, 11 (f, for) = 1. Since this holds for all f € Tm(v,,41),
we conclude that K,,41 is reversal symmetric, as desired. O

Remark D.3. As noted in Remarks D.1 and D.2, by inspecting the proof above we see that Theorem 5.9
also holds when we use a general pooling function ¥ that is invariant under permutations of its inputs.

D.2.4 TImpossibility of Learning Reversal Invariance with Exhaustive Templates

Proof of Theorem 5.11. In this proof we use of the following terminologies. Given a k-string
f =a1...ax, the tail of f is the longest posterior substring a;a;+1 ...as with the property that a; = ay,
for i < j < k. Let A(f) denote the length of the tail of f. Furthermore, given 1 < m < n — 1 and
f €Im(vy,), let ey € Im(vy,41) denote the extension of f obtained by extending the tail of f, that is,

er(i) = f@) if 1 <i<|vyl, and
d FQoml) it o] +1 <6 < [oms] -

For example, suppose S = {a,b,c,d}, |vi| =5, and |ve| = 8. Given f = abedd € Im(vy), the tail of f is
dd and A(f) = 2, and the extension of f is ey = abeddddd € Im(vs).
We now consider two cases, corresponding to the two conditions in the statement of the theorem.

Case (1). Suppose |vpi1| — [vm| =1 for 1 < m < n—1. We will show that if K,, is not reversal
invariant then K,,;; is not reversal invariant, for 1 < m < n — 1. This will imply that if K7 is not
reversal invariant then K, is not reversal invariant, as desired.

Let 1 < m <n—1, and assume K,, is not reversal invariant. Choose a witness for the failure of K,,
to be reversal invariant, that is, a string f € Im(v,,) such that K,,(f, for) < 1. We will use f to exhibit
a witness for the failure of K,,;+1 to be reversal invariant. To this end, we claim that either:

(a) Kmy1(eyr, epor) <1, or
(b) we can find another string f’ € Im(v,,) with the property that A(f") > A(f) and K,,(f’, f'or) < L.

If we fall on Case (b), then we can repeat the procedure above with f’ in place of f. However, observe
that since A(f) < |vp| and every iteration of this procedure through Case (b) increases A(f), we must
eventually land in Case (a), in which case we are done since ey is a witness for the failure of K, 11 to be
reversal invariant. Thus it suffices to prove the claim above.
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Since |vp+1| — |vm| = 1, the set H,, only consists of two translations h; and hy. Note that

{egoh|heHn}={f esohs}

and
{efory, sjoh|he Hy}={efohaory, |, forp. } -

If Kpp(efohgor, f) <1, then with 7 = ]\Afm(f) € 7,, we have

Nm+1(efor\vm,+1|)(7-) :maX{Km(ef OhQOTlvmh f)7 Km(fOT, f)} <1,
while
Nerl(ef)(T) = max {Km(fv f)v Km(ef © h2; f)} = Km(fv f) =1.

This implies Ny,i1(ef) # Nmy1(ep or), and hence K, 11(ef, e or) < 1 by Proposition 5.4. Similarly,
if K,,(ey o hg, for) <1, then by considering 7" = Ny (f or) we can show that Nygi(ef)(t') < 1 and
Nyyi(efor)(r') =1, which implies K,,41(ef, efor) < 1.

Now suppose that K,(efohoor, f) =1 and K,,(ef o ha, f or) =1. Then notice that we must have

Kp(efohg, efohgor) <1,

for otherwise
N (f) = N (efohaor) = Ny (efohy) = Nyp(for) ,

contradicting the fact that K,,(f, for) < 1. Since A(ey o ha) = A(f) +1 > A(f), we can take the new
witness f’ to be ef o hy € Im(v,,,), and we are done.

Case (2). Suppose K is reversal symmetric. We will first show that if K, is reversal symmetric then
K41 is reversal symmetric, for 1 < m < n — 1. The assumption that K is reversal symmetric will then
imply that K, is reversal symmetric for all 1 <m < n.

Let 1 < m < n—1, and suppose K,, is reversal symmetric. Recall from the proof of Theorem 5.6
that x: H,, — H,, is a bijection and

Plomis| ©=x(h)orp,, | forallhe Hpy, .

Then, given a string f € Im(v,,41) and a template 7 = Nm(g’) € T, where ¢’ € Im(v,,), we can write

Npg1(f)(1) = max Ky, (foh, g/)

hEH'VYL

= max K, ohor "op
poax m(f [vm > 9 \vm\)

= max K, (for, ., ox(h) g'or‘v )
hEHm/ m—+1 I m

m1(f o Tlvmﬂ\)(T °© T\Um\) :

Note that the mapping
N

Tn > T:]\Afm(g’) — Np(g'or)=T1o0reT,

is a bijection. This implies
[N 1 (N = N1 (for)]

and therefore,

Nonsa (A7) _ Nontrlf 0 Mo T O Toml) _ g ra romy )

No, T) =
+1(f)(7) [ Nprr (O]l N1 (f © T,
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Hence, for all f, g € Im(v,,+1) we have

Koni1(f,9) = (N1 (f), Nunsa(9))
= Y Notr(N) N (9)(7)
T€TH

=)

ma1(f o Tlvm,+1\)(7— o T\vm\) Nipy1(go T\vmﬂl)(T o 7'|vm|)

-y

€Tm
== <Am,+1 fOT‘ Nm+1(gor)>
= Kmi1(for, gor),

as desired.

Having proven that K, is reversal symmetric for 1 < m < n, we will now follow the general method
of Case (1) to show that K, is not reversal invariant. Let 1 < m < n — 1 and assume that K, is not
reversal invariant. Let f € Im(v,,) be such that K,,(f, for) < 1. Then to prove that K,,+1 is not
reversal invariant, it suffices to show that either K,,11(ef, ef or) < 1, or there exists f’ € Im(v,,) such
that A(f") > A(f) and K, (f', f'or) < 1.

First suppose K, (f or, efoh;) <1 forall 2 <i < |vpq1| — |vm| + 1. Then, noticing that

ethlif and 6fOT"Um+1|OX(h1):€th1 OT’l,Uml :fO’I’|Um‘ y
by considering the template 7 = Z\Afm(f or) € T,, we see that

Ngi(ef)(1) = Jmax Kp(efoh, for)<1,

while

Npti(epor)(r) = max Kn(eforp, . johi, forp,)=Ku(for, for)=1.

This shows that Ny,41(ef) # Npt1(ef o), and hence K, 41(ef, ef or) < 1 by Proposition 5.4.
On the other hand, suppose K,,(f or, ef o h;) = 1 for some 2 < i < |vp41]| — |vm| + 1. Using the
reversal symmetry of K,,, we get

K, (f, efohjor)=Ky(for,efoh;) =1
Then notice that we must have
Km(efohi, efohior) <1,

for otherwise
Np(f) = Nm(efohjor) = Np(epoh;) = Ny(for) ,

contradicting the fact that K,,(f, f or) < 1. Since ey is constructed by growing the tail of f, we have
Aegohi) > A f)+ 1> A(f). Thus we can take the new witness f’ to be ey o h; € Im(vy,,), and we are
done. O

D.3 Equivalence Classes of the Derived Kernel

We first present a sequence of preliminary results that will help us prove Theorem 5.13. The following
lemma tells us that if we have a string that is periodic with two different periods, then that string is
actually periodic with a period that is the greatest common divisor of the two original periods.

Lemma D.4. Let f be a p-string that is both ky-periodic and ko-periodic, and let k = ged(kq, ko). If
p > k1 + ko, then f is k-periodic.
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Proof. Without loss of generality we may assume ky < kp. Write f = a;...a,. Since we already know f
is ki-periodic, to prove f is k-periodic it suffices to show that the substring a; ...ay, is k-periodic.

Fix 1 <4 < k1 — k. Starting from a;, we repeatedly use the periodicity of f to move from one element
of f to the next by jumping either k; indices to the right or ko indices to the left. If we follow the rule
of jumping to the left whenever possible, then we can reach a;,; while staying within the string f. More
formally, consider the function j: Ny — Z given by j(0) = 0, and for d € N,

i(d) = J(d—=1) = ke if j(d—1)—ky > —i+41,
N = Jjld=1)+k otherwise.

We claim that —i + 1 < j(d) < k1 + ko — i for all d € N, and that j(d*) = k for some d* € N. The first
claim tells us that 1 <i+ j(d) < p for all d € N, and thus using the periodicity of f, we have a; = a; ;)
for all d € N. The second claim then gives us a; = aj4j(4-) = @itk, as desired.

For the first claim, it is clear from the definition of j that j(d) > —i + 1 for all d € N. Now suppose
the contrary that j(d) > k1 + ko — i for some d € N; let d’ be the smallest such d. We consider the move
from j(d'—1) to j(d'). On the one hand, if j(d') = j(d' — 1) — ko, then j(d' —1) = j(d') + ko > k1 + ko —1,
contradicting our choice of d’. On the other hand, if j(d') = j(d' — 1) + ki, then j(d' — 1) — ko =
j(d") — k1 — ko > —i, which means we should have jumped to the left to go from j(d' — 1) to j(d'). This
shows that j(d) < ki + ko — i for all d € N.

For the second claim, we first note that by the Euclidean algorithm we can find x,y € N satisfying
k = xky — yko. Let dy be the first time we jump to the right = times. That is, dy is the smallest d € N
such that from j(0) to j(d) we have jumped to the right  times, not necessarily consecutively. Note that

such a d; must exist, as we cannot jump to the left all the time. Similarly, let da be the first time we
jump to the left y times. Observe that d; # da. We now consider two cases.

1. If 671~< 672, then by the time we reach j(Jl) we would have jumped to the right = times and to the
left dy — x < y times. Thus

(d1) = wky — (dy — 2)ks = k+yks — (d1 — 2)ka =k + (@ +y — dy ks -
Since z +y — dy > 0, we can now jump to the left z +y — dy times to obtain
aty)=j(d) — (@ +y—d)k =k .
as desired.

2. If gl > gg, then by the time we reach ](Jg) we would have jumped to the left y times and to the
right ds —y < « times. Thus

j(d2) = (do — y)k1 — yka = (dz2 — y)k1 + k — xky =k + (do — x — y)ky -
Note that since 1 < k1 — k < ko — k, forany()gdgm—i—y—c?g—lwehave
G(do) +dky —ky <k +(dy—z— k1 + (@ +y—dy— k1 —ky =k —ky — ko < —i .
This means from j(d;), the next z + y — da moves have to be jumps to the right, and thus
jx+y) =j(da) + (@ +y—do)kr =k ,

as desired.
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Now we present the following result, which constitutes a substantial part of the proof of Theorem 5.13.
The following lemma says that when the jump in the patch sizes is larger than the jumps in the previous
layer, we obtain a new equivalence class of the derived kernel.

Lemma D.5. Consider an architecture with n > 2 layers. Let ¢ € N and 2 < m < n, and suppose that:
(1) |vm| — |Vm—-1| = q, (i) |lvm| > 4q + 2, and (iii) at layer m — 1 we have
Ko-1(f,9) =1 implies f:gorf(kw)gforsome2§k§q+l.
Then at layer m we have
Kn(f,g)=1 ifandonlyif f=yg or f X g for some2<k<gqg+1 .

Proof. We first prove the forward implication. Let f =ay...q,,,| and g = b1 ...b},, | be two strings in
Im(vy,) such that K, (f,g) = 1. For 1 <i<q+1,1let fi = a;...aiq},,_ -1 and gi = bi ... bijy, -1
be the i-th |v,,_1|-substrings of f and g, respectively. We divide the proof into several steps.

Step 1. By Proposition 5.4, K,,(f,g) = 1 implies Np,,(f) = N (g), and so Np,(f)(7) = Nm(9)(7)
for all templates 7 € 7,,—1. In particular, by taking 7 = N,,,—1(f;), 1 < i < g+ 1, we see that

Ny (9)(T) = Ny (f)(7) = 1. This means there exists 1 < j < g+ 1 such that K,,_1(f;,g;) = 1. Similarly,
for each 1 < j < ¢+ 1 there exists 1 < ¢ < ¢+ 1 such that K,,,_1(f;,g;) = 1.

Step 2. We will now show that
fi=g1 or fiis periodic with period <¢g+1 .

Let j* be the smallest index 1 < j < ¢+1 such that K,,,—1(f1,9;) =1. If f1 (Y gj- for some 2 < k < g+1,
then f; is k-periodic and we are done. Now assume fi; = g;-. If j* = 1, then f; = g, and we are done.
Suppose now that j* > 1. By the choice of j*, we can find 2 < ¢* < ¢+1 such that K,,_1(fi+,g;+-1) = 1.
We consider two cases.

1. Case 1: f;+ = gj~_1, which means by = agqi-—;++1 for j* —1 < d < j* + |vy—1| — 2. Then for
each 1 < d < |vp,—1| — %, from f; = g;« we have ag = bgyj+_1, and from f;+ = g;+_1 we have
bayj—1 = A(d4j*—1)4i*—j 41 = Qdpi*- This shows that f; is i*-periodic.

2. Case2: f;x @© gj<—1 forsome 2 < k < g+1. Since g;- 1 is k-periodic, the substring a; ... aj,,, -1 =
bjs ... bj4|v,,_,|—2 18 also k-periodic. Moreover, since f;+ is k-periodic, we also have aj,,,_,| =
A|y,,_,|—k- This shows that f; =ai...a,,_,| is k-periodic.

Step 3. Similar to the previous step, we can show that the following conditions are true:

fi=g1 or g is periodic with period < ¢+ 1,
fe+1 =0gq+1 or  fqi1 is periodic with period <g¢+1, and
fo+1 =09q+1 or  gg41 is periodic with period <gqg+1 .

Thus we can obtain the following conclusion:

fi=g1 or fiand g are periodic with period <¢g+1, and
fo+1 =9q+1 or  fy41 and gq41 are periodic with period <g+1 .

Note that in the statement above, when f; and g; are periodic their periods do not have to be the same,
and similarly for fo41 and gg41.

Step 4. Finally, we now show that either f =g or f @ g for some 2 < k < g+ 1. Using the conclusion
of the previous step, we consider four possibilities.
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1. Suppose fi1 = g1 and fq41 = g¢+1- In this case we immediately obtain f = g.

2. Suppose f1 = g1, fq+1 is ki-periodic, and g4y is ke-periodic, where k1,k2 < ¢ + 1. Then the
substring ag41 ... 0, | = bgt1 ...}y, |, Which is of length |vy, 1] — ¢ = |vm| —2¢ > 2¢ + 2, is
both k;-periodic and kz-periodic. By Lemma D.4, this implies that agi1 ... ajy,, | = bgt1 - bju,,_,|
is periodic with period k = ged(kq,k2). In particular, this means both f,41 and g,41 are also k-
periodic. Now given |v,,—1]| + 1 < d < |v,,|, choose x € N such that ¢+ 1 < d — zk < |v,—1], and
observe that aq = ag_zk = bg_zr = bg. Together with f; = g1, we conclude that f = g.

3. Suppose fi and g; are periodic with period at most ¢+ 1, and f;+1 = gg+1. By the same argument
as in the previous case, we can show that f = g.

4. Now suppose that fi, fg+1, g1, and gq11 are periodic with periods at most g + 1 (but the periods
do not have to be the same). Applying Lemma D.4 to the substring ag11 ...ay,,_,|, we see that
fi and fq11 are ki-periodic for some ki < g + 1, and hence f is also ki-periodic. Similarly, g is
ko-periodic for some ky < g+ 1. Let 1 < j < ¢+ 1 be such that K,,_1(f1,9;) = 1. We have two
possibilities to consider.

(a) If f1 = g;, then by Lemma D.4 we know that f; = g, is periodic with period k¥’ = ged(k1, k2) <
¢+ 1, and thus f and g are also k’-periodic. Since f; = g;, we conclude that f ®) g.

(b) On the other hand, suppose f; Q g; for some 2 < k < ¢+ 1. Since f; is both k-periodic and
k1-periodic, Lemma D.4 tells us that f; is periodic with period k3 = ged(k, k1), and hence f is
also k3-periodic. Similarly, since g; is k-periodic and ko-periodic, Lemma D.4 tells us that g;
is periodic with period k4 = ged(k, k2), and hence g is ky-periodic. In particular, this means
both f and g are k-periodic. Then from f; ) g4, we conclude that f 9 g.

This completes the proof of the forward direction.
Now we show the converse direction. Clearly if f = g then we have K,,(f,g) = 1. Now suppose

f % g for some 2 < k < g+ 1. This implies that the collection of |v,,_1|-substrings of f contains the
same unique substrings as the collection of |v,,_1|-substrings of g. That is, as sets, {f; | 1 <i<qg+1} =
{9: |1 <i<q+1}. Then for all 7 € Tp,_1,

Non(f)(7) = | max (N1 (fi), 7) =  Jhax (No—1(gi), 7) = Nu(g)(7) -

Therefore, N,,,(f) = N,»(g), and we conclude that K,,(f,g) = 1, as desired. O

The following lemma, which is very similar to Lemma D.5, states that if at some layer we see a jump
in the patch sizes that we have encountered before, then we do not obtain new equivalence classes of the
derived kernel.

Lemma D.6. Consider an architecture with n > 2 layers. Let ¢ € N and 2 < m < n, and suppose that:
(1) |vm| — |vm—-1| < q, (i) |lvm| = 4q + 2, and (iii) at layer m — 1 we have

Kp-1(f,9) =1 if and only if f=gorf®gforsome2<k<gq+1.
Then at layer m we have
Kn(f,g) =1 if and only if f=gorf®gforsome2<k<gq+1.

Proof. The proof of the forward direction is identical to the proof of Lemma D.5. For the converse
direction, clearly f = g implies K,,(f,g9) = 1. Now suppose f 9] g for some 2 < k < g+ 1. Let
d = |vm| — |vm=1] < ¢. Then for each 1 < i < d + 1 we have f; ® gi, where f; and g; are the i-th
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|vm—1|-substrings of f and g, respectively. By our assumption, this means K,,—1(fi,¢;) = 1, and thus

~

Nm—l(fi) = Nm—l(gz) Then for all 7 € Tm—ly

o~

No(f)(7) = max (Npo1(fi), 7) = max (Nmo1(g:), 7) = Nu(9)(7) -

1<i<q+1 1<i<q+1
Hence N,,(f) = Nyu(g), and we conclude that K,,(f, g) = 1, as desired. O
Given the preliminary results above, we can now prove Theorem 5.13 easily.

Proof of Theorem 5.13. Let {1 = 0, and for 2 < m < n let £, denote the maximum jump in the
subsequent patch sizes up to layer m,

l,, = max (|vm| - |vm_1|) .
2<m’<m

Note that ¢, < £,,4+1 and ¢,, = £. We will show that for each 1 <m <mn,
Kn(f,g)=1 ifandonlyif f=gorf~gforsome2<k</l,+1 .

The statement of the theorem will then follow from the claim above by taking m = n.
We proceed by induction. The claim above is true for m = 1 since we assume K; is fully discriminative.
Now assume the claim is true at layer m — 1. Note that at layer m we have

[Um] > 1]+ by =30+ 2+, > 4, +2 .
If £, > lp—1, then |vy,| — |[vm—1| = €. By the induction hypothesis, at layer m — 1 we have
Kp-1(f,g) =1 implies f=gor fXgforsome2<k<ln,+1,

and so by Lemma D.5 we conclude that the claim holds at layer m. On the other hand, if ¢, = ¢,,_1,
then by the induction hypothesis at layer m — 1 we have

Kpo1(f,g)=1 ifandonlyif f=gor f~ gforsome2<k</l,+1,

and so by Lemma D.6 we conclude that the claim holds at layer m. O

D.4 Mirror Symmetry in Two-Dimensional Images

The proof of Proposition 5.16 is identical to the proof of Proposition 5.14, but for completeness, we
provide the detail below.

Proof of Proposition 5.16. Let x: H,, — H,, be the function
X(Pij) = Plo iy =joi+2—i, 5 for 1< i, 5 < |vmpr| = [om[ +1
Note that x is a bijection, x(x(h)) = h, and by construction it has the property that

T|Um+1| o X(h) =ho r\vm‘ for h € Hm .

~

Let f € Im(vy,+1), and suppose we are given 7 = ]\Afm(g’) € 7., with the property that 7or = N,,,(¢'or) €
Tn- Then, using the assumption that K, is reflection symmetric,

N1 (f)(1) = Juax Kn(foh, g')

o4



/
= hnell%l}; Km(thOT‘|vm|, g OT\Um\)

- hHGI?:T}jL Km(f o’rlvarl‘ °© X(h)’ gl °© T‘Um‘)

= m+1(fOTlvm+1\)(TOT‘Um‘) :

Now suppose 7, is closed under the reflection operation, which means 7 € 7,,, implies T or € 7,,.
Noting that the mapping

~

r

T BTZNm(g/) »—>Nm(g/o7“) =TtoreT,
is a bijection, the previous identity then gives us
[Nt 1 (N = [Nmsa(for)l
and therefore,

~ ~ New1 (N Nt (f 0 Tjon )T O Tpon) s
Nm+1(f)(7) - ||Nm+1(f)H - ||Nm+1(fo7"\v,m+1|)“ — Nm+1(fO’r|vm+1‘)(7—or‘vm‘) .

Hence, for all f, g € Im(v,,+1) we have

Kpi1(f,9) = <J\7m+1(f)» Nm+1(9)>

~

= Z N1 (£)(7) Nynga (9)(7)

TeTm,
= No1(F o VT 0 7)) N1 (g0 Mo )T 070, )
TEIZ—:"L

= <Kfm+1(for), ]\Afm+1(9°7")>
= m+1(for7 gor) ’

as desired. O
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