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Abstract

This dissertation considers the problem of neural network identifiability (i.e., the retrieval of
network weights and shifts) by constructive and efficient methods. We establish how the linear
span of network derivatives with respect to the network input encodes the weight information
of shallow neural networks and suitable deep neural networks. More precisely, for suitable
inputs, the corresponding Hessian matrices give rise to a matrix space that admits a basis
consisting of rank-one matrices given by outer products of the original first-layer weights and
suitable linear combinations of weights associated with deeper layers.

We discuss the characterization of rank-one matrices within symmetric matrix spaces as
local maximizers of suitable non-linear programs in the overcomplete regime, where the number
of spanning rank-one matrices exceeds the ambient dimension of the matrices. Additionally,
it is shown how these local maximizers can be computed efficiently and robustly by simple
iterative methods similar to projected gradient ascent algorithms.

We leverage this technique to reconstruct the weights of wide shallow neural networks with
sufficiently non-polynomial activations, where the number of neurons scales (up to log-factors)
quadratic with the input dimension of the network. We present how the recovery of the shifts
of wide shallow networks with weights known up to sign can be tackled by empirical risk
minimization via gradient descent paired with an initialization strategy. For the shift recovery,
we provide a local convergence analysis that borrows techniques from the neural tangent
kernel community. Combining the steps above, we attain an end-to-end recovery pipeline of
wide shallow neural networks that provably recovers all underlying network parameters up to
numerical accuracy.

Furthermore, we extend this parameter recovery to networks with multiple hidden non-
linear layers of pyramidal shape. This approach is based on the so-called entangled weights,
which are defined as the gradients of the network’s pre-activations. Entangled weights serve as
a generalization of ordinary weights, enabling us to decouple weight information accessible
via network differentiation. We provide proof and empirical evidence that entangled weights
can be recovered from network Hessians and show heuristically that suitable deep neural
networks can be identified based on the entangled weights by learning all remaining unknown
parameters by empirical risk minimization. As a complement, all theoretical analysis of the
network identification is corroborated by extensive numerical experiments.



Zusammenfassung

Diese Dissertation befasst sich mit der effizienten und konstruktiven Parameteridentifizierung
von kiinstlichen neuronalen Netzwerken. Genauer, beschéftigen wir uns mit der Frage, unter
welchen Umstdnden sich die Parameter eines neuronalen Netzwerkes ausgehend von Netzw-
erkauswertungen rekonstruieren lassen. Wir zeigen - fiir unterschiedliche Netzwerkarchitek-
turen - dass die lineare Hiille von Hesse-Matrizen eines neuronalen Netzes dessen Gewichte
kodiert. Hierbei lassen sich die Netzwerkgewichte aus einer Basis der linearen Hiille ableiten.
Diese Matrixbasis lasst sich dadurch charakterisieren, dass alle ihre Elemente nahe an einer
Rang-1 Matrix liegen.

Wir beschreiben, wie eine ausreichend inkohédrente Matrixbasis, bestehend aus Rang-1
Matrizen, als Menge der lokalen Maxima eines nichtlinearen Programms iiber einem sym-
metrischen Matrixraum identifiziert werden kann. Weiterhin werden effiziente Algorithmen
zur Bestimmung dieser lokalen Maxima anhand projizierender Gradientenverfahren behandelt.

Wir zeigen, wie sich mit Hilfe dieser Herangehensweise die Parameter von zweischichtigen
neuronalen Netzwerken mit hinreichend nicht-polynomiellen Aktivierungsfunktionen bes-
timmen lassen. Mittels einer lokalen Konvergenzanalyse wird gezeigt, wie sich alle iibrigen
unbekannten Netzwerkparameter mittels empirischer Risikominimierung approximieren lassen.
Der Fokus der theoretischen Analyse liegt hierbei auf Netzwerken, bei denen die Anzahl der
nichtlinearen Neuronen quadratisch mit der Eingabedimension skaliert (abgesehen von loga-
rithmischen Faktoren). Insgesamt wird somit ein Verfahren préasentiert welches alle Parameter
eines weiten zweischitigen neuronalen Netzwerkes bis auf numerische Approximationsfehler
anhand von Netzwerkauswertungen bestimmt.

Anschlieffend wird gezeigt wie sich dieser Ansatz auf mehrschichtige neuronale Netzwerke
mit einer pyramidischen Architektur anwenden ldsst. Hierzu wird eine Generalisierung
von herkdmmlichen Netzwerkgewichten eingefiihrt, welche sich aus den Gradienten der
Voraktivierungen ableiten lassen. Es wird bewiesen wie sich diese Gewichte mittels eines
dhnlichen Verfahrens aus Netzwerk-Hesse-Matrizen bestimmen lassen. Weiterhin zeigen wir
anhand heuristischer Methoden, wie sich die {ibrigen Netzwerkparameter in einem zweiten
Schritt isoliert bestimmen lassen. Zusitzlich zu den theoretischen Ergebnissen demonstrieren
wir die Auswertungen numerischer Studien, welche die erfolgreiche Parameteridentifikation
von zwei- und mehrschichtigen neuronalen Netzwerken zeigen.
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Introduction

Over the last two decades, we have witnessed incredible breakthroughs in machine learning and
modern deep learning algorithms have crept into many domains of our daily lives. For instance,
an average off-the-shelf phone already comes with several pre-installed machine learning
algorithms to support face recognition, voice interpretation, and various other applications. At
the core of this development stand deep learning architectures such as artificial deep neural
networks [81], which can learn representations of complex data by the composition of multiple
simple non-linearities and have become state-of-the-art in various data-intensive fields such
as computer vision [78], natural language problems [7], playing Go [1], or genomics [47]. The
continuous rise of deep learning is fueled by the increasing amount of computational resources
and data that have become available over the recent years [81]. Another reason for its success is
the large amount of scientific and engineering work invested in optimizing learning algorithms
and developing new neural network architectures. The theoretical research on neural networks
in their current form dates back to the late 80s and the early 90s, with famous early results
such as the universal approximation theorem [67, 34, 57, 82] or back-propagation [109].

Despite the prevalence and great success of deep learning models in a wide range of data-
driven applications, many underlying theoretical phenomena are still not fully understood. In
supervised learning, deep neural networks are typically trained by empirical risk minimization
via stochastic gradient descent. It is common practice that the number of trainable network
parameters far exceeds the number of training data points, which is also referred to as over-
parameterization. One remarkable observation is that over-parameterization empirically aids
both the optimization of the empirical loss and the generalization of the learned network (i.e.,
how well the network performs on unseen data) [136]. Traditional statistical learning theory
fails to explain why these networks manage to generalize well on unseen data. One approach to
better understand the generalization capabilities of neural networks is to assume the underlying
training data is realizable by a neural network. In this so-called teacher-student framework,
we can measure how well a trained neural network generalizes by directly comparing the
trained student network to the teacher network that gave rise to the training data. Perfect
generalization is guaranteed whenever a training algorithm learns the exact parameters of
the teacher network. This promotes the fundamental question of whether there exist efficient
algorithms that can infer the teacher network parameters from realizations. A series of works in
the early 90s show that under fairly mild conditions, the parameters of a network remain fully
determined up to natural symmetries by the input-output map of a neural network [121, 5, 48].
However, these works on the identifiability of neural networks do not provide constructive
methods for parameter retrieval and require that the input-output map of the neural network
is known on its full domain. A question remains open: How much information is required to
reconstruct the network parameters?

In this dissertation, we present the results from the joint works [52, 50, 51], which provide
efficient algorithms that provably recover the parameters of suitable neural networks from a
finite amount of input-output samples. Moreover, our methods are tractable, i.e., we only require
a number of network evaluations that depend polynomially on the complexity of the network
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(here, complexity refers to the number of neurons and input dimension of the network), and
we demonstrate successful recovery by empirical experiments.

Structure of the dissertation

The main part of this dissertation is divided into four chapters. Ideally, these chapters are read
in chronological order since the individual chapters are not entirely self-contained and will
regularly use concepts and results from preceding chapters.

* In Chapter 1, we introduce artificial feed-forward neural networks and motivate the prob-
lem of neural network identification. Artificial neural networks are functions composed
of several non-linearities and can be expressed as functions depending on a finite set
of parameters, typically encoded as network weights and shifts. The neural network
identifiability problem seeks answers to the question under which circumstances these
parameters are uniquely defined (up to natural symmetries) by the input-output map of
the network. The recovery of network parameters can be linked to other active research
questions which study the generalization capabilities of neural networks (e.g., by analyz-
ing the behavior of supervised learning algorithms in a teacher-student model). We will
discuss related literature in this domain. We corroborate the discussion with numerical
experiments to better understand under which constraints parameter identification of
neural networks can be attained by classical approaches, such as empirical risk minimiza-
tion via stochastic gradient descent, and introduce an alternative approach that identifies
the parameters by using network evaluations to approximate higher-order derivatives of
the network.

* In Chapter 2, we study the recovery of a rank-one basis of a symmetric matrix space
known only up to perturbations. This problem arises, for instance, during the recovery
of weights from network Hessians or approximations thereof. This chapter provides
characterizations of near-rank-one matrices within a symmetric matrix space in the form
of non-linear programs. We show that, provided sufficient incoherence of the basis
matrices, the near-rank-one basis elements can be identified as the second-order critical
points of these non-linear programs. Furthermore, we show how the computation of these
second-order critical points can be tackled by suitable algorithms inspired by projected
gradient ascent methods.

¢ In Chapter 3, we provide an end-to-end theoretical analysis of the identification of wide
shallow neural networks with bounded shifts and suitable smooth activation functions
(such as sigmoidal functions) that is based on the work [51]. We show that, under
sufficient incoherence of the network weights, we can fully identify all network parameters
up to numerical errors originating from the approximation of network derivatives. Our
results hold with high probability up to a regime where the number of network neurons m
scales quadratic with the input dimension D up to logarithmic factors, i.e., O(mlog® m) =
D?. The main novelty of the presented pipeline is that it comes with guarantees for
wide networks and can recover the network shifts while only relying on O(Dm?log? )
evaluations of the teacher network.

* In Chapter 4, we demonstrate how the recovery strategy presented in Chapter 3 can be
extended from shallow networks to deep neural networks with a pyramidal architecture
and cover the results from [52, 50]. To enable this extension, we introduce entangled
weights, which are defined as the gradients of the pre-activations of individual neurons of
a network. As in Chapter 3, we prove that entangled weights are computable as the near-
rank-one matrix basis within a subspace of the span of network Hessian approximations.
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We show heuristically how access to entangled weight matrices can promote the full
identification of all network parameters for pyramidal networks with up to three layers
and corroborate our results with extensive numerical experiments.

The theoretical results presented in Chapter 2 - 4 are based on the joint work published in
[52, 50, 51]. The related works and collaborators are mentioned explicitly at the beginning of
each chapter.
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Chapter 1

Recovering Neural Networks

The problem of neural network identifiability can be shortly described as follows: Consider
a neural network as a black-box with unknown parameters but assume knowledge of its
input-output map. Is it possible to infer the network’s internal structure and parameters
(weights and biases) based on this information? Existing results dating back to the early 90s
[48] prove that this is, in fact, true for generic neural networks with sigmoidal activations, i.e.,
the network parameters are uniquely determined by the input-output map up of the network
to natural symmetries. However, assuming a realizable setting where such an identification
is possible, one question that remains unanswered by these early results is how much input-
output information is required to constructively recover the network parameters. This question
can be answered by studying the sample complexity of constructive reconstruction algorithms.
In this chapter, we provide a formal introduction to relevant results and terminology from the
theory of neural networks and lay the groundwork for the remaining chapters. We review
existing approaches to the network reconstruction problem. More specifically, we will connect
this problem to a line of results that studies the generalization capabilities of neural networks
learned by classical methods in a so-called teacher-student framework. Finally, we corroborate
the review of existing literature with numerical experiments exploring the limitations of
classical methods in terms of parameter identification when different network architectures are
considered.

1.1 Preliminaries

The following section introduces the necessary notation, provides a short introduction to neural
networks, and a short discussion that motivates the problem of neural network identification.

1.1.1 Notation and singular subspaces

Functions and derivatives. Given any n € IN, let [1] denote the index set [n] = {1,...,n}. We
denote by C"(IR) the space of functions in IR with n continuous derivatives. Given a scalar func-
tion ¢ € C"(R) and k € [n], we denote by g¥) the k-th derivative of g. To simplify expressions
involving neural networks, we follow the convention that vector-valued inputs x € RP applied
to scalar functions are evaluated component-wise, i.e., ¢(x) = [¢(x1),§(x2),...,¢(xp)]". For
multivariate functions f : RP — R, the n-th derivative w.r.t. to the input x € RP is denoted by
V" f(x) and defines a tensor, i.e., V" f(x) € (RP)®" (see below), with entries given by

9f (x)

(V”f(x) = (RD)W)il,,,,,in - 0x;,0xj, . .. 0X;,

, foriy,..., i € [D].

11
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To compare the limiting behavior of functions and the complexity of algorithms, we write

f(x) = O(g(x)) if there exists a constant C > 0 and xy € R, such that |f(x)| < Cg(x) for all

x > 0. Equivalently, we say f(x) < g(x) whenever f remains bounded by g up to a constant.
(x)

Similarly, we say f(x) = o(g(x)) whenever limy_,c % =0

Probability distributions. We denote by Unif(SP~!) the uniform distribution on the unit
sphere and by A (i, Z) the multivariate Gaussian distribution with mean € RP and covari-
ance ¥ € RP*P . Consider a random variable X. We say X is sub-Gaussian (cf. [127, Section
2.5.1]) if there exists a constant C > 0 s.t.

P(|X| > t) <2exp(—t*/C) forallt >0,
and denote by || X||y, the so-called sub-Gaussian norm (cf. [127, Definition 2.5.6]) given by
Xy, = inf {# > 0: Eexp(X*/t*) > 2}.
A random vector X in RP is called sub-Gaussian if all its marginals are sub-Gaussian and

[Xly, = sup [[{x, X} ly,-

xeSb-1

A random vector X in RP is called isotropic if E[XX "] = Idp, where Idp denotes the identity
matrix in RP*P.

Vectors, matrices, and tensors. In the following, consider positive integers Dy,...,D, € IN.
Given two vectors x € RP! and y € RP2, then x @ y € RP1*D2 denotes their Kronecker
product (also referred to as outer product) defined as xy ' and (u,v) denotes the inner product
(assuming D = D;). We use the conventional vector norms

D, \ V7P
x| := (fo) , forpe|[l, ),

i=1

and [|x|e := max;cp,] |xi|. We denote the unit sphere in RP by 8P~1:= {v € RP||v|. = 1}.
Tensors are generalizations of vectors and matrices that can be expressed as multi-arrays with
multiple indices. Tensors of order n € IN (also called n-tensor) are regarded as elements of
Qi RPr = RP1*P2x-xDu Hence, vectors and matrices can be seen as first- and second-
order tensors. Given two tensors Ty, T, € RP1*D2XxDu of order n > 2, let {Ty, T,) denote its
Frobenius inner product given by

D D,
Tl/ TZ Z E Z Tl 11 12 TZ)Zl,iz ..... Z'”/
h=1i= ip,=1

and denote by ||T;||r the Frobenius norm ||Ty||r := (T, T1)!/2. Additionally, we denote by
T; ® T, the Hadamard product defined as the element-wise product

(T] ® Tz)i],...,in = (Tl)il,m,in . (Tz)i],m’i” fork € [m],ik € [Dk]

Let §P1*xDn=1 denote the Frobenius unit sphere, which is defined as the matrix/tensor
equivalent of SP:

gD1x-xDy—1 . {TeRDlx XDy

ITlF =1}
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Whenever the underlying dimensions of the sphere are clear from context, we might also
abbreviate the notation by simply denoting the respective unit sphere as S. Given a matrix
T € RP1*D2 let | X|| denote its spectral norm, which is defined as

We say a matrix or tensor T € RP1*D2x-*Dn

of suitable vectors,

is rank-one if it can be expressed by outer products

T=0,®0,® --Quv, forv € RP ke [n].

Let u € RP, then the n-th fold outer product w.r.t. u will be denoted as u®”, and similarly
(RPY®" .= Q" RP.

Vectorization and linear subspaces. Given a tensor T € RP1*P2%-xDn we denote by vec(T) €
RP1D2:-Pu jtg vectorization, which equates to the vector that stores all elements of T sorted w.r.t.
its indices in increasing numerical order starting from the rightmost axis. For instance, let
X € RP1*D2 be a matrix with columns x3, ..., xp,, then the vectorization of X is defined as the
vector

X1
€ RP1P2,

vec| [x1 ... Xxp,

XD,

For fixed finite dimensions, the vec(-)-operator acts as an isomorphism between linear tensor
spaces and ordinary vector spaces. Given a tensor space W C RP1**Dn e refer to the
vectorization of W as the space {vec(T)|T € W} C RP1P2--Dr. By identifying tensors with
vectors in RP, we can apply a matrix factorization such as the singular value decomposition to
ensembles of vectorized tensors, providing us with a simple dimensionality reduction technique
that applies to tensor spaces.

Definition 1.1 (Singular subspace). Letf x1,...,xN € RP and denote X = [x1,...,xN] € RP*N
with singular value decomposition X = ULV " such that U € RP*P, ¥ € RP*N, vV € RN*N, For
any m < D, denote by uy, . .., uy € RP the first m columns of U (i.e., the first m left singular vectors
of X). We define the m-th singular subspace associated with the vectors x1,...,xN as

span, ({x1,...,xn}) := span({uy, ..., un}) C RP.

Furthermore, for any set of tensors Ty,...,Ty € RPV>*Dn gnd m € NN such that the space
span,, ({vec(Ty),...,vec(Tn)}) is well-defined, we denote by

Spanl’l’l ({Tl/ ey TN}) C IRDlx...XDn
the linear tensor space such that its vectorization is given by span,, ({vec(Tr), ..., vec(In)}).

Singular subspaces, as defined above, can be seen as a technique of dimensionality reduction.
From this point of view, the construction above is identical to what is commonly known as
(non-centered) principal component analysis (PCA, see also [103, 68]). The extension of singular
subspaces to tensors follows by simply regarding tensors as elements of a linear vector space
and using the fact that the vectorization operator is invertible for fixed dimensions. Notably,
a matrix’s singular vectors are in general not uniquely determined. Take for instance the
identity matrix Idp, then Idp = Uldp ur for any unitary matrix U € RP*P. However, the
m-th singular subspace associated with a set of vectors is uniquely determined whenever the
first m singular values of X are separated from the remaining ones by a spectral gap:
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Lemma 1.1. Lef x1,...,xy € RP and denote X = [x1, ..., x| € RP*N with singular values given
by 01(X) > 02(X) -+ = Omingp,n}- Consider m < rank(X) such that either m = rank(X) or
Om(X) > omi1(X) > 0, then the m-th singular subspace span,, ({x1,...,xn}) in Definition 1.1 is
unique.

Proof. If m = rank(X), then the singular subspace is well-defined due to span,, ({x1,...,xn}) =
span({x1,...,xN}). Assume now that 0,,(X) > 0,;11(X) > 0, then, by the Eckart-Young-
Mirsky theorem (cf. [44]), the closest rank-m approximation X, of X is uniquely determined
and the image of X,, is given by the span of its first left singular vectors, i.e., range(X,,) =
span({ul, ..., Uy }). Since X, (and its image) is uniquely determined, the same must be true
for the space spanned by the left singular vectors. O

It should be noted that m is typically chosen such that the statement in Lemma 1.1 holds
whenever singular subspaces are used throughout the upcoming chapters. A common ap-
plication of singular subspaces in this work is the following: Consider a set of n-tensors
Ty, ..., Ty € RPv<>Dn for positive integers n, Dy, ..., D, € IN. We seek to approximate the
linear span

W :=span({Ty,..., Tn})

under the assumption that we are only given perturbed measurements Ty, ..., Ty € RPV<*Dn,
where T; ~ T;. Let m = dim(W), then an m-th singular subspace W := span, ({Ty,..., Tx})
of the perturbed tensors is a suitable candidate for the approximation of V. Since singular
subspaces are defined via singular value decomposition, the resulting distance between W, W
can then be measured by classical perturbation bounds associated with the singular value
decomposition such as Wedin’s bound [130]. Throughout the following chapters, the distance
between subspaces will typically be measured by

[Pw(T) — Py(T) ||
Tl ’

|[Pw — Pyllp—p = sup (L1)

TE]RDlX”'XD”

where Py, P;; denotes the orthogonal projection onto W, W, respectively. The following
proposition provides a bound on ||Pyy — Py|[r—F based on Wedin’s bound that bound in terms
of the individual tensor perturbations and the singular values associated with the data matrix
of the vectorized tensors vec(T;).

Proposition 1.1. Consider n-tensors Ty,..., Ty, T1,..., Ty € RPv<>xDn gngd denote by VW =
span{Ty,..., Tn} the linear span with dimension m = dim(W). Let the matrices M, M € RP1D2--PnxN
be given by

M = [vec(Ty)|...|vec(Ty)], M = [vec(T1)]...|vec(Ty)]. (1.2)
If 0 (M) > 0, then the distance between W := span, ({Ty,..., T}) and W satisfies

2||M — M|l
O (M)

Remark: In the special case of 1-tensors (i.e., vectors), we can simply redefine ||Pyw — Py|lr—F by
replacing the Frobenius norm with the Euclidean norm || - ||.

[Pw — PllF—F <

Proof. Let UZVT = M, ULVT = M be the singular value decompositions of M, M, and denote
by Uy, U,, the matrix build from the first m columns of U, U, respectwely Notably, the columns
of U,,, U,, span the vectorized equivalents of the tensor spaces WV, W, respectively. For W this
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follows by the construction of singular subspaces in Definition 1.1, whereas for WV this follows
from m = dim(W) = dim(range U,,) and the fact that the span of singular vectors must be a
subspace of span{vec(T;),...,vec(Ty)}. Additionally, singular vectors are orthonormal and
therefore U,,U,};, U,,U,}; are orthogonal projection matrices onto the vectorizations of W, W.
This now implies

1Pw = Py llrsr = [[UnUyy — Uy || < Uy, — U Uiy ||,

which relies on the fact that || T||r = || vec(T)||2, which justifies the exchange of the distance
measure in (1.1) with the spectral norm of the difference between the orthogonal projection
matrices U, U,| — U, U} . Now

2|M — M|

U,ul —,ul || <
H my m mHF— (Tm(M)

can be derived from classical results that study the effect of perturbations on the singular vectors
such as Wedins bound ([130] and [120, Theorem 4]) or eigenvectors such as the Davis-Kahan
theorem ([36] and [20, Theorem 7.3.1]). O

1.1.2 Introduction to neural networks

As neural network models became more popular in solving data-driven problems in many
fields, many different network architectures were invented, which were designed with specific
problem settings in mind. Consequently, "neural network" refers to various parametric models
that share certain design principles. For this work, we focus exclusively on what is known
as fully connected feed-forward artificial neural networks (FFNN). Whenever we refer to
neural networks without specifying a particular architecture, we refer to the kind of models
introduced within this section for simplicity. Neural networks can be broken down into smaller
computational units, the so-called neurons. Neurons are functions represented by an affine
transformation composed of a univariate function that is typically non-linear and referred to
as its activation (function). More precisely, a neuron with activation ¢ : R — R is a function
parameterized by a weight vector w € RP and a scalar shift T € R which computes its output
according to

x— g(w'x+ 7).

Classical feed-forward neural networks are then constructed by stacking and composing
individual neurons. In fact, one single neuron already constitutes a neural network. Slightly
more complex neural networks can be constructed by considering finite linear combinations of
different neurons giving rise to the function class

SN (g, RP) :=span{g(w'x + 1) |w € RP,T € R}. (1.3)

We refer to members of SN(g,RP) as shallow neural networks with activation g.

Expressivity of neural networks. A natural question one may ask is what type of functions
can be represented or sufficiently well approximated by these shallow neural networks. The
richness of SA/(g,RP) is strongly influenced by the choice of activation function g: If we were
to choose an affine function for g, for instance, the activation g(x) = x, then any network
in SN/ (g, RP) simply collapses into a linear function. The expressivity of SN'(g,RP) was
addressed by a series of fundamental publications studying neural networks in the setting of
approximation theory in the late 80s and early 90s [67, 34, 57, 82]. The synthesis of these results
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Examples of common activation functions

3 tanh(x)
ReLU(x)
2 sigmoid (x)
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Figure 1.1: Examples of common activation functions.

is nowadays often referred to as the universal approximation theorem. These works establish
sufficient conditions under which any continuous function on a bounded domain can be
approximated by a (sufficiently) wide shallow neural network in the sense that SA(g, RP)
is dense in the space of continuous functions (on a bounded domain). Here, the width of
a shallow neural network refers to the number of neurons. As shown in [82], if we assume
that g is continuous, then shallow neural networks are universal approximators (i.e., they
can approximate any continuous function on a bounded domain) if and only if g is not a
polynomial. Two aspects make this statement particularly interesting: First, the requirements
on the activation g are relatively mild. Second, it is clearly necessary that g is not polynomial
since otherwise any element within SA'(g,IRP) would be a multivariate polynomial with a
degree less or equal to the degree of g, which means SN(g,RP) cannot be dense in C(RP).
For more details on these results, we refer the interested reader to the survey [106]. To clarify,
let us give some examples of common activation functions. One class of activation functions
widely used in the early days of neural networks and highly relevant to our work is the class
of sigmoidal functions. This class includes the hyperbolic tangent g(¢) = tanh(t) or the logistic
function g(t) = (1 + exp(—t))~!. Sigmoidal functions are typically smooth monotone functions
with bounded horizontal asymptotes characterized by their "S"-shaped curve. Other examples
of activation functions are piecewise linear functions, for instance, the rectifier linear unit (ReLU
cf. [96, 88]) given by g(f) = max{t,0}. There is evidence (cf. [60]) that the ReLU-activation is
better suited for deep neural network architectures (see below), which makes piecewise linear
activations the preferred choice amongst practitioners.

Deep neural networks. Deep feed-forward neural networks extend the class of shallow
neural networks by composing several layers of neurons into a single network architecture.
In part, this extension is motivated by the fact that there exist functions f : R® — R which
require exponentially many neurons (w.r.t. D) to be sufficiently well approximated by shallow
neural networks [46, 106, 107]. Examples are given in [92, 107], where it is shown that there
exist certain compositional functions (i.e., functions that a recursive function composition
can represent) that require exponentially fewer neurons when approximated by deep neural
networks. Recent works [18, 32, 35, 38, 45, 91, 104, 112], add further support that suggests that
deep network architectures help to avoid the curse of dimensionality when approximating
high-dimensional functions. Let us now define deep feed-forward neural networks. First, note
that any shallow network f € SN (g, RP) with m neurons can be written as

m
f(x) =Y vg(w!x+ 1), whereuv € R forall k € [m]. (1.4)
k=1
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By adopting the convention that scalar functions applied to vectors are computed component-
wise, f is expressed more compactly as

flx) =ov'gW'x+1),

with W € RP*" and v,7 € R™. This outlines a straightforward way how to extend the
function class in (1.4), which only contains shallow networks with a single output, to vector-
valued shallow networks: A shallow feed-forward neural network with input-size D, activation
function g on m; neurons with my outputs can be written in the form

flx)=VTg(WTx+1), (1.5)

with W € RP*™ 1 € R™, and V € R™*™, Hence, networks as in (1.5) are multivariate
functions RP — IR uniquely determined by a set of weight matrices W, V, a shift vector 7, and
an activation function g : R — R. Based on this construction, the class SA'(g, RP) can easily
be extended to networks with vector-valued outputs. Note that the universal approximation
theorem referenced above does also apply to shallow neural networks with multiple outputs by
the fact that any output component of such a network lies within SA/(g,RP). The evaluation
of a shallow network as in (1.5) can be broken down as follows: first, compute y = ¢(W ' x + 7);
second, set f(x) = V Ty. These blocks are referred to as the layers of the network, which makes
shallow neural networks two-layer neural networks. This can easily be generalized to the
following class of parametric models:

Definition 1.2 (Fully connected feed-forward neural network). Let L,m;, € IN and consider scalar
(activation) functions (g)ee(r)- A fully connected feed-forward neural network with L layers on RP
with my outputs is a map f : RP — R™ parameterized by a set of weight matrices WU, ..., W and
shift vectors TV, ..., TH, which given an input x € RP computes an output according to the iterative

scheme
y(x) == x,
y(x) =g (WY +71), foratl € € [1),
f(x) =y ).

Every network of this form with L = 2 is considered to be a shallow network, and networks
with L > 3 are called deep neural networks. A layer can be understood as the parametric
function g,((W!))T - 4-74). Notably, the number of neurons per layer, which is denoted by 1,
is determined by the dimensions of the weight matrices and shifts vectors, i.e., we have

wlld = [wgﬂ w}ﬁﬂ e R"1*"™ and 1l e R™ forall £ € [L), (1.6)

where mg := D. Therefore, each individual neuron inside a network is uniquely determined by
its corresponding layer ¢ € [L] and its index within that layer k;, € [m,]. We distinguish between
hidden layers/neurons (¢ =1,...,L — 1) and the output layer/neurons (¢ = L). Every neuron is
equipped with an activation function, and we allow different activation functions g1, ..., gz, for
each individual layer. It should be noted that this is mainly done for the sake of generality and
that typically all hidden layers share the same activation function g1 = g» = --- = g1 1. It is,
however, common to consider different functions at the output neurons. A good example is the
linear output function, which already appeared in the definition of shallow neural networks
above.

Remark 1.1. When we refer to the architecture of a network, we refer to the size (number of neurons) of
each individual layer. Hence, the architecture is uniquely determined by my, ..., my, or, equivalently, by
the dimensions of the parameters (W) ter) () telL)-
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1.1.3 Training neural networks

Let us now describe the training of a neural network in the context of supervised learning.
In supervised learning problems, we are given labeled training data (x;,yi)iciny, (Xi,¥i) €
RP x R™, which are regarded as samples of an unknown distribution pxy. Supervised
learning algorithms seek to infer a function (from the training data) that realizes the underlying
phenomenon inherent to px y. The space of the learned functions is typically constrained by
some structural assumptions. For instance, in deep learning, we are given a class of neural
network functions that is characterized by activation functions and a fixed architecture (both of
which are typically fixed a priori and determined heuristically). Since neural networks with
fixed activation are entirely parameterized by their weight matrices and shift vectors, selecting
a candidate network is equivalent to selecting those parameters. Most deep learning algorithms
rely on empirical risk minimization to find a candidate network. More precisely, they seek
solutions to the minimization problem

. .
argming g J(0) := argmingeq 1 Y (f(xi,0),vi), (1.7)
i=1

where © denotes the set of all weights and shifts and / is the so-called loss function. A common
example of loss functions is the quadratic loss ¢(x,y) = C(x — y)?, in which case J in (1.7) is a
least-squares objective. Clearly, the objective of any learning algorithm is to find a network that
performs well on the entirety of ux y, i.e., we are interested in finding network parameters that
generalize to unseen data which is not included in the training examples. The generalization
capabilities are captured in the population risk

E (%) mpixy (O] = E(xy) iy [€(f(X,0),Y)]. (1.8)

Classical statistical learning theory studies how the parameter estimation based on the empirical
risk relates to the minimizer of the population risk argmingoE(x,v)~uy, [/(#)]. A fundamental
principle in statistical learning is the so-called bias-variance tradeoff [113], which describes the
inherent conflict between the simultaneous minimization of the population risk and empirical
risk. This principle can be described somewhat informally as follows: One way to aid the
minimization in (1.7) is to widen the parameter search space ® since increasingly complex
models have more of free parameters to fit the training data. However, this increases the
variance of the parameter estimation because the learning algorithm might overfit onto the
training data. On the other hand, decreasing the complexity of the function space induced
by © too much creates a bias such that the learning algorithm is unable to fully capture the
underlying phenomena present in px y (one also refers to this as underfitting).

A very successful approach to the minimization of the objective in (1.7) is the minimization
via (stochastic!) gradient descent (and its variations). These gradient-based algorithms benefit
from an efficient method to compute the gradients Vy]J, called back-propagation [109], which
morally is a clever application of the chain-rule to the structure of neural networks. The
success of gradient-based methods is somewhat surprising since, for neural networks, the
objective (1.7) is generally highly non-convex and admits spurious and disconnected local
minima [12, 110, 135]. The optimization landscape of gradient descent methods applied to
(1.7) is dependent on the richness of the function space induced by O, i.e., the complexity of
the network class under consideration. With increasingly complex network architectures, it
becomes easier to fit the training data and thereby decrease argmin,_g ] (6).

IDifferent from ordinary gradient descent, which computes the gradients of V] on the entire training set,
stochastic gradient descent only considers | on a subset of the training data, also called (mini-)batch that is randomly
selected at each gradient step (cf. [23]).
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However, the bias-variance tradeoff suggests that increasing the model complexity beyond
a certain point will lead to worse performance on unseen data. Nevertheless, practitioners
regularly train highly over-parameterized neural networks (i.e., more network parameters than
training samples) to zero empirical loss using stochastic gradient descent while still generalizing
well on unseen data. Several lines of work have studied the effects of over-parameterization.
Many authors consider the evolution of the network parameters learned by gradient descent
via the so-called neural tangent kernel (NTK). This line of work originates from [73], where it
was shown that the network parameters evolve along the kernel gradient of the empirical loss
(which is convex). Furthermore, it was shown that the NTK becomes deterministic in the limit
case where the widths of the network layers approach infinity (cf. [73]). In this setting, the
global convergence of gradient descent can therefore be related to the minimal eigenvalue of the
NTK, which lead to several global convergence guarantees (w.r.t. the empirical loss) for shallow
neural networks [43, 102, 117, 134, 94, 116] and deep neural networks [6, 40, 140, 141, 99, 98, 22].
The spectrum of the NTK has also been related to the generalization of networks trained by
gradient descent [11, 94, 28].

The study [136] shows that state-of-the-art image classification networks (which fall into
the over-parameterized regime) can still easily be trained to zero empirical loss when the
training labels are randomly permuted or if the training images are replaced by random
noise. In the same line of work, further results on memorization capacity show that mildly
over-parameterized networks are capable of realizing generic data [22, 26, 70, 94, 106, 128].
As argued in [136], this shows that the deep neural networks considered in modern machine
learning problems are complex enough to memorize the entire training data set. This creates
a contradiction that classical statistical learning theory fails to explain: if the network class
is complex enough to allow for perfect memorization, then the learning algorithm should
suffer from overfitting. Notably, modern learning algorithms additionally make use of explicit
regularization (e.g., data augmentation, weight decay, dropout cf. [136]). However, the
results in [136] suggest that these methods can not fully explain the discrepancy of why
highly over-parameterized models are able to generalize well on unseen data. Since the
selection of the network architecture and explicit forms of regularization do not seem to
explain the generalization capabilities of over-parameterized neural networks, a line of work
has explored the implicit regularization mechanisms of training algorithms based on gradient
descent methods [136, 9, 10, 13, 95, 97, 118, 133]. These results prove for simple models of
neural networks (over-parameterized shallow neural networks and deep networks with linear
activations) that gradient descent has an intrinsic bias to converge to networks with low
intrinsic complexity. This poses an interesting question that leads us to the main topic of
this thesis. If low-complexity neural networks exist that realize arbitrary data, under what
circumstances can these networks be uniquely identified from a finite amount of samples?

1.2 Identifiability of fully connected Neural Networks

The universal approximation theorem and the preceding discussion suggest that sufficiently
rich neural networks can realize complex phenomena. Assume now that a function is exactly
realizable by a neural network. We can then ask the question of whether this network is
uniquely determined. More precisely, do different network architectures and parameters exist
that give rise to the same function? This question motivates the problem of neural network
identifiability. To understand the problem of neural network identifiability, we first need to
address a few inherent symmetries of neural networks: If two neural networks produce the
same output for every possible input, we can consider them equal. Note that functional
equivalence should not be mistaken for parametric equivalence. Two networks with different
parameters can compute the same mapping, and it is not hard to find examples illustrating
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this ambiguity between realization and neural network parameters. A trivial cause for this
discrepancy is redundancy in the network. Practically speaking, redundancy can be introduced
into any network by adding or concatenating the network with other subnetworks that compute
the zero function or the identity. Other reasons are the inherent symmetries of the activation
function. Take, for instance, the hyperbolic tangent as a representative of sigmoidal activation

functions. This function is odd, i.e., tanh(x) = — tanh(—x) for all x € R, and this leads to the
identity
m m n
flx) =Y tanh(w] x + ) = Y - tanh(—w] x — 1) = f(x).
k=1 k=1

The two hypothetical networks f, f are functionally equivalent, but their underlying parameters
differ. Symmetries are not limited to sigmoidal functions. For instance, the ReLU function is
invariant to certain rescaling operations since

max{a-x,0} =a-max{x,0} foralla>0,

which leads to other parameter transformations that do not affect the realization of ReLU
networks. Lastly, there are many possible permutations of neurons in deep networks. Any
notion of identifiability has to account for these symmetries and identification is generally only
possible up to equivalence classes formed by the inherent symmetries of the activation and
affine transformations.

1.2.1 Identifiability vs. identification of network parameters

We say a neural network is identifiable if the network realizations determine its parameters
up to natural symmetries. A line of works starting in the early 90s” managed to answer the
question of network identifiability positively for shallow networks that fulfill certain genericity
conditions [121, 5]. In the same period, Fefferman found conditions under which deep neural
networks with sigmoidal activation functions are fully identifiable [48]. Just recently, the
results from [48] have been generalized to deep neural networks without clone nodes and
piecewise C! activations with bounded-variation derivative in [129]. The results presented
above show that, aside from technicalities, the identification of the network parameters from
its mapping is possible up to natural symmetries, and this problem of network identifiability
is, in principle, quite well understood for certain activations like the sigmoidal tanh function.
However, the characterization of uniqueness as it is analyzed above relies on knowing the
input-output map of a network on its entire domain, and they are not constructive. If we were
to introduce a budget on how many evaluations of the network can be used to recover the
original architecture and parameters, then the results mentioned before represent the limit
case where the budget of network evaluations is large enough. However, these results do not
address the amount of information necessary to recover a network of a certain complexity.
Additionally, the identifiability results [48, 129] do not explain how network parameters may be
recovered algorithmically. Since neural networks depend on a finite number of parameters, we
would expect that the parameters of an identifiable neural network are determined by a finite
amount of network evaluations as well. The uniqueness results above suggest that there exists
a large class of neural networks where the parameters are uniquely defined (up to symmetries)
by the output map of the network. The theoretical part of this thesis is concerned with the
following question: What neural networks can be reconstructed efficiently from a finite amount
of samples? The emphasis here lies on efficient reconstruction algorithms. Notably, there exist
results dating back to the late 80s” that show that learning one hidden layer neural networks is,
in general, NP-complete [75, 21]. Even identifying a single neuron can suffer from the so-called
"curse of dimensionality" if we do not include regularity conditions on the activation function
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and parameters [53, 90]. Hence, a study of tractable network reconstruction is closely tied
to the formulation of regularity conditions that exclude these hard cases (cf. Section 3.1.1,
Section 4.1.1). To frame the theory presented within this thesis in the context of neural network
identification, let us briefly summarize some of our findings. Chapter 3 covers the results from
[61], where we address the recovery of a shallow neural network

m

f : IRD — ]R/ f(x) = Zg(<wk/ x> + Tk)/ (19)
k=1

with smooth activations, bounded shifts, and incoherent weights wy, ..., w, € SP—1 (cf. Section
2.6.1) in the overcomplete regime where nlog? m = O(D?) (i.e., considerably more hidden
neurons than input neurons). We give guarantees for the recovery of the weights and shifts
that can be informally summarized as follows:

Theorem 1.1 (Informal, cf. Theorem 3.1 and [51]). Let f be the shallow network as in (1.9)
with D inputs and m neurons such that mlog>m = O(D?). Then, for sufficiently large D, a
constructive algorithm exists recovering all weights and shifts of the network with high probability from
O(Dm? log? m) network queries.

For a precise formulation of this statement, we refer to Theorem 3.2 and the related proofs.
Notably, this result allows us to infer an upper bound to the sample complexity for the
identification of networks as in (1.9). In Chapter 4, parts of this result will be extended to deep
neural networks. We will resume the discussion of the techniques used throughout Chapter
3& 4. Let us first mention the relationship between neural network identification and another
relevant line of research that is considering so-called teacher-student models.

1.3 Teacher-student models

Identifying a network from a finite amount of samples can be phrased as a supervised learning
problem (see Section 1.1.3) by assuming the training data is realizable by a neural network.
Notably, this setting is supported by various results that show that generic data can be realized
by neural network architectures (cf. Section 1.1.3). This setting is also referred to as the
teacher-student model and is considered to provide insights into the optimization landscape
of empirical risk minimization in deep learning as well as the generalization capabilities of
neural networks learned via gradient-based methods [25, 124, 111, 85, 41, 42, 114, 115, 137, 56,
54,52, 53, 74, 86, 93, 138]. In this model, the teacher network is assumed to be an unknown
neural network that gives rise to the training data. Then, a student network is fit onto the
realizations of the teacher by a supervised learning algorithm (e.g., empirical risk minimization
via gradient descent methods). Let us also mention that this setup finds various applications
outside the theoretical literature. For instance, in a mainly applied context, it can be used for
model compression, commonly referred to as knowledge distillation [64]. Here, one learns a small
(student) network based on the input-output information of a much larger teacher network. The
hypothesis behind this setup is that the teacher architecture can be compressed without losing
much of its expressive properties due to over-parameterization. Such a reduction in network
complexity is, for instance, necessary to deploy large neural network models on devices with
limited resources (e.g., mobile devices). For more details, we refer to the survey [61]. From a
theoretical viewpoint, the teacher-student model represents a fitting environment to study the
generalization capabilities of networks learned via supervised learning algorithms since the
underlying phenomenon (i.e., the teacher network) is structurally very similar to the learned
network itself. More precisely, the student architecture can be chosen so that it, given the correct
configuration of parameters, can fully reproduce the input-output map of the teacher network.
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Assume, for instance, that the teacher and student networks have identical architectures. Then,
the aforementioned connection can be established by analyzing under which circumstances
(empirical) risk minimization via SGD (i.e., training of the student network) identifies the
parameters of the teacher network (which then guarantees a generalization to unseen data).
Let us mention here that most theoretical results build upon distributional assumptions on
the network weights, which are typically assumed to follow a standard Gaussian or drawn
uniformly at random from the sphere. Implicitly, these assumptions help to exclude degenerate
networks where the training is provable hard (cf. Section 1.2 and [75, 21, 53, 90]).

Remark 1.2. The discussion below is focused on results related to classical feed-forward network
architectures due to their relevance to the topics discussed in this thesis. Notably, there exist works
studying a theoretical teacher-student model for convolutional neural networks (e.g., [41, 25, 56, 42]) or
residual networks (e.g., [85]).

The works [115, 102] consider a teacher-student setup with shallow neural networks in the
moderately over-parameterized regime, where the number of training samples N is dominated
by the network width m. The work [115] provides a global®> landscape analysis for shallow
neural networks with quadratic activation functions and a local convergence result for certain
smooth activations. Their results require N < 2m. Similarly, [102] proves global convergence
of gradient descent applied to the empirical risk with square loss in the over-parameterized
regime where N < +/mD and the activation functions are sufficiently smooth. It should be
noted that these results show that gradient descent, under suitable conditions, manages to
converge to a network that perfectly interpolates the teacher realization, which does, however,
not imply the identification of the teacher parameters (i.e., the generalization of the student
network).

Another line of work [138, 137, 56] achieves global guarantees for network identification
(hence without over-parameterization) by combining a local convergence analysis of gradient-
based methods with an initialization strategy based on tensor decomposition in [138] that
applies for m = O(D). The works [138, 137] consider shallow neural networks without shifts.
The work [138] provides global guarantees for the identification of linearly independent weights
(i.e., m < D) under mild regularity conditions w.r.t. the activation (which includes smooth
functions such as sigmoidals) with polynomial sample complexity. In [137], a local convergence
result for gradient-based methods from noisy teacher samples is proven for the ReLU activation,
which achieves global guarantees by applying a similar tensor initialization as in [138]. Hence,
their results are limited to m = O(D). Let us note that the local convergence analysis [137]
assumes, to the best of our understanding, that the number of neurons is a small constant and
independent of the dimension D.

The publications [124, 139] also consider the identification of the teacher weights. However,
their results are based on the minimization of the population risk (cf. Section 1.1.3). In [124], a
single ReLU unit is considered, while [139] shows that a shallow teacher network with absolute
value activation and incoherent weights can be identified by a larger student network locally
(i.e., whenever the student network is initialized close to the teacher network).

The results described above mainly consider relatively small shallow neural networks.
Notably, most works do not regard the recovery of networks with shifts. In the upcoming
section, we corroborate the theoretical discussion of the teacher-student model with an empirical
study that focuses on more complex network architectures.

2Here, global refers to a setting where the learning algorithm starts from a randomly initialized student network,
whereas local results typically assume that the student network is already close to the teacher network in some
sense.
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1.3.1 Identifying a shallow neural network by empirical risk minimization

This section empirically investigates whether gradient-based methods can achieve global
identification of (shallow) neural networks. The following experiments, which have partially
been published in [51], are designed to get an intuition as to what degree the network
complexity (i.e., the width of the network and the input dimension) influences the recovery
of the network parameters and to explore the behavior of gradient-based empirical risk
minimization in theoretically unexplained regimes. The experimental setting can be described
as follows. In every instance of our experiment, we consider a planted shallow teacher network
of the type

m
=) tanh(w{ x + 1),

k=1
where the network weights are drawn uniformly at random from the unit sphere, i.e.,
w1, ..., Wy € SP~1, and the network shifts are sampled according to T, ..., Ty ~iiqd. N (0,0.05).
In every instance, a randomly initialized® student network f(-, () kefm]s (Tk)kepm)) of identical
architecture with parameters y,..., W, € RP, %,..., %, € Ris fit by minimizing the least-
squares error (cf. Section 1.1.3) over N teacher evaluations for inputs x1, ..., xy € RP that are
drawn independently from a standard Gaussian distribution. More precisely, consider the mean
squared error (MSE) given by

N 2
JU@)kepm) (T kem)) = Z ( (xz, W) ke m]/ (fk)ke[m}) - yi) , (1.10)

l
where y; = f(x;) for i = 1,...,N. The MSE objective is minimized via stochastic gradient
descent (SGD) (w.r.t. (g )kepm), (Tk)ke[m)) With batch size 64 and learning rate <y and the training
is stopped if (1.10) falls below 10~8. Empirically, we observe that stochastic gradient descent
with mini-batches does perform better than ordinary gradient descent in the present teacher-
student setting. We also favor SGD over ordinary GD as it helps to prevent stagnation of
the optimization in a local minimum (cf. [23]), which makes it the more popular choice in
practical applications. We track three additional metrics to assess whether the final student
network has identified the teacher network. Firstly, to measure the generalization error,
we rely on the uniform error Ee := maxycy,, |f(x) — f(x)|, which is computed over a set
of |Xtest| = 10° unseen inputs sampled from a standard Gaussian distribution. Secondly,
we track the uniform error of the network weights (while accounting for permutations),
i.e., maxye(,) Ming ey [|[wx — Dp 2. Lastly, we track the ¢, distance between the shifts while
accounting for potential permutations of the student neurons.

Remark 1.3. All experiments below were performed using one NVIDIA Tesla® P100 16GB/GPU in
an NVIDIA DGX-1 architecture. Our experiments were implemented in TensorFlow [2], which offers
efficient implementations of classical deep learning algorithms such as stochastic gradient descent and
backpropagation. This setup is suitable for large-scale machine learning problems that significantly
exceed the complexity of the problem setting we study below. Hence, we do expect that the results below
are not strongly influenced by hardware/implementation bottlenecks.

In the first experiment (cf. Figure 1.2), we fix D = 25 and explore in what regimes of N, m
the student successfully learned the teacher parameters. To be more precise, the number of
training points N, and the number of hidden neurons m will be set to

N=[D"], and m= (%Dﬁ, (1.11)

3The student parameters are initialized randomly using the same distributions that are used to instantiate the
teacher networks.
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Figure 1.2: Performance of empirical risk minimization for the teacher-student
environment where D = 25.

for varying exponents « € {1.5,2,2.5,...,5}, and g € {0.5,0.75,1,1.25,1.5,1.75,1.875,2}.
Stochastic gradient descent is run with step-size v = 0.005 and is stopped after ten minutes of
training. We average all metrics over five independent runs for each pair of (m, N). The results
are shown in Figure 1.2 and show a clear phase transition that can be categorized into three
different regimes.

Interpretation of the results. Firstly, the area starting in the bottom-left corner in light colors
corresponds to cases where & > 2. Here, SGD converged to student configurations that
generalize well to unseen data (i.e., we observe a low uniform error). We observe that cases
with a low generalization error also exhibit an identification of the actual network parameters
(error on the shifts and the uniform error show the same behavior as E.). This is aligned
with theoretical results that show, under suitable conditions, that small generalization errors
require identification of the network parameters [93]. Notably, parameter identification and
low generalization errors were only observed in the under-parameterized regime, where the
number of training data exceeds the total amount of network parameters given by m + Dm.
The second area, corresponding to the top-right corner, shows a discrepancy between the
training error and the other metrics. Here, we exhibit a well-known phenomenon similar to
what is known as overfitting (cf. Section 1.1.3). A network with m = O(DPF) neurons has
O(DF*1) parameters. In other words, if & < B+ 1, then the number of samples is very close
to the number of parameters or less. This rule of thumb explains the behavior we observe
quite well. In all cases with & < B+ 1, SGD managed to fit the student network perfectly
to the training data, but the resulting student configurations do not generalize well. In the
context of the related discussion in the preceding section, we would like to remark that the
student network here is not over-parameterized with respect to the teacher network, in which
case we clearly observe overfitting if too few training examples are provided. Finally, let us
consider the experiments where the number of neurons scales like O(D?). Here, the learning
algorithm was not able to converge consistently to a low generalization error or training
error. The fact that we observe perfect identification for f = 15/8, while stochastic gradient
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Figure 1.3: Running SGD with fixed learning rate v = 0.005 for increasingly bigger
networks and for a fixed training time of 10 minutes shows that the observations

in Figure 1.2 cannot be easily extrapolated to higher dimensions.
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Figure 1.4: Searching for better hyperparameters and running SGD for 50 minutes
in the case where D = 50 suggests that parameter identification via empirical
risk minimization in higher dimensions might be possible. Dots indicate data
points averaged over three independent runs, whereas the lines in between are
linearly interpolated. Notably, smaller learning rates combined with longer training
time have positive effects, but we did not manage to identify the network in the
quadratic regime where g = 2.

descent does not reach a meaningful consensus for f = 2 (even after a significant increase in
training samples), could indicate an inherent hardness of the recovery of very wide networks.
Due to the low dimension considered in this experiment, the results in Figure 1.2 are not
fully representative since the results might depend additionally on the considered constants.
Hence, from Figure 1.2, assessing whether the phenomenon can be extrapolated to the general
problem remains challenging. However, we can observe that for increasing D empirical risk
minimization only manages to fit relatively small neural networks. This can be seen from Figure
1.3, where the previous experiment is repeated for different dimensions D = 15,20,...,50
and with N = 5/2mD? training samples over four repetitions. The reason for this drop-off in
performance in higher dimensions might lie in the choice of the hyperparameters (in particular,
the learning rate) or simply the training time. To test this hypothesis, we tried different learning
rates with a much longer training time of 50 minutes per run for the dimension D = 50 and
report the results in Figure 1.4. This shows that SGD could potentially be tuned to recover
these simple networks in the regime where m outgrows D. However, it seems that this can
only be achieved through very long computations. Note that m = 1000 = 2/5 - 50?, so SGD
could not recover the regime = 2 with a reasonable amount of effort and tuning. We observe
that learning shallow neural networks becomes harder as the number of neurons increases.
This has also been observed for polynomial activation functions in [93] where a hardness result
is provided (see the related discussion in Section 1.4). This observation will be important in the
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context of Chapter 3, where we present a reconstruction pipeline that can recover networks in
this regime which also comes with theoretical guarantees (see also the numerical experiments
in Section 3.6).

1.3.2 Exploring depth in the teacher-student setting

The previous section provides a numerical analysis of empirical risk minimization for shallow
neural networks that shows that suitable shallow neural networks up to a certain width can
be identified by minimization of the empirical risk via stochastic gradient descent. Another
class of networks that is mainly disregarded by the previously discussed theoretical results is
the class of deep feed-forward neural networks (cf. Section 1.1.2). The following numerical
experiments have partially been published in the joint work [50]. In the following, we consider
two different types of teacher architectures: firstly, three-layer neural networks f : RP — R
with D = 50, m; = 50, my = 25, m3 = 10 (abbreviated by [50,25,10]); secondly, four-layer neural
networks f : RP — R™ with D = 50, m; = 50, m, = 35, m3 = 25, my = 10 ([50,35,25,10]). For
each neuron, a weight vector is drawn independently from the respective unit sphere, and a
shift is sampled randomly from A/ (0,0.005). Similarly to the previous section, we minimize
the empirical risk w.r.t. to the network parameters of the student network f, i.e., we minimize

o~ N A ~
TN ey, (B)eepr)) = %Z (f (Xi/ (W) ez (ﬂzqu) _f(xz‘))z (1.12)

i=1

via stochastic gradient descent. Throughout the experiments, the batch size remains fixed at
32, and the learning rate of SGD is varied (y € {271,272,273,274,276 2-81) ‘and the number
of samples training (N = D?m and N = D3m), which are sampled from a standard Gaussian
distribution. All experiments are repeated five times, and we report the relative uniform error

o maxer If(0) — f(@)a
maxec e, 1702

computed on unseen inputs Xt sampled from a standard Gaussian distribution, where
| Xrest| = 10°. SGD is run for at least two hours for each experiment instance, and E is recorded
after every epoch (i.e., one pass over the training data set). The results are summarized in
Figure 1.5 and show the development of the relative uniform error over time. Solid lines
indicate the average relative uniform error, whereas the colored regions contain all individual
runs similar to confidence intervals. The upcoming results have partially been published in
[50].

Interpretation of the results. We can detect several trends. Firstly, higher learning rates
generally perform better (cf. brown plots corresponding to v = 0.5), and we can see a consistent
increase in the averaged relative uniform error for decreasing learning rates. The most plausible
explanation for this behavior is that higher learning rates simply converge quicker and manage
to reach a better student network configuration within the time limit of two hours. Another
reason for this behavior could be that larger learning rates help to avoid spurious local minima
in the initial training phase and prevent SGD from getting stuck. There is evidence that
large initial learning rates can aid generalization (cf. [84]), but we can not directly assess
whether this is the case in our experiments. Notably, however, we do observe a significant
improvement for smaller learning rates when learning shallow neural networks in an almost
identical setup (cf. Figure 1.4 and Section 1.3.1). Secondly, the results do not exhibit any
significant improvement when more training samples are provided to SGD. This follows by
comparing the plots in the top row with the bottom row. Hence, N = D*m samples seem
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Figure 1.5: Learning the networks [50,25,10], [50,35,25,10] in a teacher-student
setting from a random initialization via SGD (cf. [50]). For each learning rate, SGD
was run five times with batch size 32 for two hours. The dark lines represent the
average trajectories, whereas the light regions contain all individual repetitions.
The y-axis depicts the relative uniform error on 10° unseen samples.

to provide sufficient information for the identification of the three-layer neural network with
architecture [50,25,10]. This suggests that once sufficiently many samples are provided, the
configuration of the supervised training algorithm determines whether a suitable network
configuration is attained. Lastly, learning in the four-layer case seems to stagnate (around
E« = 0.1) after a short initial improvement and generally performs quite poorly compared to
the three-layer scenarios (by several orders of magnitude in some cases).
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Comparison with the shallow case. If we compare?* these results with our discussion from
the preceding section, then it seems that empirical risk minimization via SGD for deep neural
networks is much harder than identifying shallow neural networks of similar size. The deep
networks considered here only have slightly more neurons than inputs (m < 2D in the three-
layer case and m < 3D in the four-layer case). Shallow networks of similar size were recovered
consistently by an identical approach (cf. Section 1.3.1). Furthermore, there seems to be a
significant increase in the required number of gradient steps (i.e., computational time) from
shallow architectures (two-layer) to three-layer networks. Ultimately, these experiments cannot
answer whether neural networks with a high number of layers can be completely identified by
empirical risk minimization. The configuration of the training algorithm (in this case, stochastic
gradient descent with a fixed learning rate) seems to play a significant role. However, it can be
observed that the results for small-sized shallow neural networks from Section 1.3.1 can not be
easily extrapolated to deep neural networks.

1.4 Reduction of weight identification to tensor decompositions

Certain small-sized feed-forward neural networks are identifiable via empirical risk minimiza-
tion (cf. Section 1.1.3 and Section 1.3). However, theoretical guarantees discussed previously
either do not extend to more complex network architectures (i.e., networks with wide or
multiple hidden layers), or they do not consider a suitable setting for parameter identification
(e.g., works that consider over-parameterization). In numerical experiments, stochastic gradient
descent does manage to go beyond the aforementioned theoretical guarantees but becomes less
consistent with higher network complexity. We did not manage to identify a shallow teacher
network where m = O(D?) (cf. Section 1.3.1), and we could not consistently train a four-layer
student network that generalizes well on unseen data of the teacher network (cf. Section 1.3.2).
Therefore, it remains unclear whether empirical risk minimization admits global guarantees
for the identification of complex neural networks. This creates a discrepancy since these types
of networks should be uniquely determined by their input-output information (cf. Section
1.2 and [48, 129]). This section presents another line of work that approaches the identifica-
tion of shallow neural networks without empirical risk minimization but, differently from
before, leverages higher-order network differentiation and symmetric tensor decompositions
[111, 54, 53, 74, 86, 93, 138].

Tensor methods were already briefly mentioned as an initialization strategy for some of
the previously discussed works in Section 1.3 that provide a local convergence analysis of
gradient-based methods. The work [93] shows that under a suitable setting, the learning
of shallow neural networks with polynomial activations can be reduced to the problem of
decomposing a n-tensor

To =Y wi" e (RP)®" (1.13)
k=1

into its rank-one components w{”, ..., w}", where (wy) ke[m| are the weights of the shallow
network and # is the degree of the activation function. Reductions of this type provide valuable
insights since the hardness of overcomplete tensors (i.e., tensor with m > D components) is an
active area of research. Many tensor problems are known to be intractable [37, 62, 63]. In the
regime where m < D, the factorization in (1.13) for third-order tensors is known to be unique
under fairly mild conditions [79, 19] and admits tractable computation [24]. The factorization

of a third-order symmetric tensor 73 into its components w1®3, s, w%B’ in the overcomplete

“The fact that multiple output neurons are considered should not negatively skew this comparison. We observe
that multiple output neurons aid the identification of network parameters (cf. Chapter 4).
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regime, where m > D, is considered in a wide range of recent literature (e.g., [15, 87, 66, 8, 93]).
For instance, the best currently known polynomial-time algorithms for the decomposition of
symmetric 3-tensors with components wy, ..., Wy ~jjq. Unif(SP—1) only offer guarantees up to
the regime where m < D3/2 (up to poly-logarithmic factors) [87]. The rank-one factorization of
symmetric 3-tensors beyond the regime m > D3/2 is currently considered to be computationally
hard [93]. Hence, under suitable conditions, [93] shows that learning very wide shallow neural
networks is provable hard when the activations are given by low-degree polynomials. This also
suggests that methods that explicitly consider weight retrieval by decomposition of 3-tensors,
such as the initialization of student networks by tensor methods (e.g., [138, 137, 56], which
require decomposition of 3-tensors and were mentioned within Section 1.3), as well as other
tensor-based approaches (see [74] below) might be challenging to extend to the recovery of
very wide shallow networks in the regime m > D3/2.

Remark 1.4. Our review of the literature surrounding tensor decompositions is necessarily incomplete.
The aforementioned limitation on the number of components could potentially be circumvented by
considering higher-order tensors, such as fourth-order tensors, which do admit efficient decompositions
beyond D3/ components (see for example [65]). Since our results discussed in the main theoretical
chapters of this thesis (Chapter 2-4) do not directly rely on the theory surrounding higher-order tensor
decompositions, a more detailed discussion of tensor methods would go beyond the relevant scope. For
more details, we refer to the cited literature and references therein.

Exposing weights by adaptive sampling strategies. One aspect typically not considered
in the study of supervised learning algorithms is the use of controlled sampling strategies.
Intuitively, it should be easier to identify the network parameters from input-output pairs when
the network inputs can be actively chosen. We refer to this setting as active sampling or querying.
As a matter of fact, adoptive sampling schemes have been considered in a similar context for
the uniform approximation of ridge functions [33]. A ridge function can be described by the
composition of a univariate function with an affine function, i.e., functions x s g(w ' x), where
w € RP,¢: R — R. This gives rise to a neuron, and by considering sums of ridge functions

fx) = Y gelwix), (1.14)
k=1

one can represent any type of shallow neural network. We can view shallow neural networks
as a special case of sums of ridge functions since neural networks generally assume that
gk(+) = brg(- + ). Models of the type (1.14) and their approximation have been considered
in mathematical statistics under the terminology projection pursuit or projection pursuit
regression, cf. [71, 55, 39, 83], as well as single index models [72, 69]. One line of research
addressed the uniform approximation of (sums of) ridge functions by leveraging adaptive
sampling schemes and queries [33, 53, 90]. Here, the authors consider the approximation of
ridge functions g(w' x) in a setting where w and ¢ € C[0, 1] are both unknown. The authors
also allow for queries and study how to organize the queries to achieve the best uniform
approximation.

Assuming sufficient smoothness, then a simple but effective way of active sampling is to
design query strategies that allow for the approximation of derivatives with respect to the
input. In non-technical terms, this requires local information of the network or ridge function,
where several clusters of concentrated inputs contain sufficient information to approximate the
desired derivative. Note that differentiation of functions of the type (1.14) exposes the interior
parameters since

m

V'(x) =Y glin)(w,;rx)w,?”. (1.15)
k=1
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The resulting connection between the weights of a shallow neural network (with sufficiently
smooth activations) and symmetric tensors based on network differentiation has been explored
in [27, 105, 31] and more recently in [111, 54, 53, 74, 86, 93, 138, 54] and our own work
[52, 50, 51], which will be discussed in the upcoming chapters. These approaches leverage the
structure of (1.15) to decouple the weight recovery of shallow networks from the remaining
network parameters. The weights can then be learned in the first phase, which leaves only a
few unknown scaling and shift parameters. The remaining unknowns can be estimated by
various methods such as Fourier methods (cf. [74]), direct estimation (cf. [54]), or by empirical
risk minimization (cf. [51] and Chapter 3). A simple decoupling algorithm for a single neuron
is sketched in the following example.

Example 1.1. Let f(x) = g(w”x + T) be a neural network with weight w € RP, shift T € R, and
known differentiable activation g. The goal is the recovery of the weight vector w and shifts T from
queries of f. To compute (1.15) for n = 1 we can now leverage the active sampling. In a certain sense,
derivatives represent local information, which is hard to attain from separated samples. However, by
probing, we can compute the change of f along any given direction v and, therefore, approximate network
derivatives via finite difference schemes such as

fleten) = f(x)
€ e—0

f(x +€Z;) —f(X) — Vf(X)TU.

If we were able to find an approximation Af(x) ~ V f(x) to a non-zero gradient, we could use it to
estimate the weight up to scaling with

Af(x)
W= —"~—~aw fora € R\ {0}. (1.16)
1Af(2)]]
The remaining part of the initial reconstruction can then be framed as a recovery of the parameters a, T
from a scalar reparametrization f(t) := f(t0) =~ g(||w||2at + T) of the original network f. Different
approaches can be taken to solve the recovery of the scaling parameters and the shift from the function f,
which already leads to one of the main topics discussed in Chapter 3.

Estimating network derivatives from data. Admittedly, having full control over the input,
as assumed in an active sampling setting, is not fulfilled when a neural network is trained on
data. Therefore, understanding to what degree the derivatives of networks can be computed
from input-output data that is fixed a priori potentially makes derivative-based network
reconstruction algorithms applicable to the learning problem. In [54, 74], the authors show that
the active sampling assumption can be relaxed and that knowledge of the input distribution
can suffice. This approach is primarily based on Stein’s lemma [119, 8] or simply differentiation
by parts [54]: Assume we are given access to N inputs xy, ..., xy drawn independently from a
distribution y with known density p(x) w.r.t. the Lebesgue measure du(x) = p(x)dx and support
Q = supp(u). If we assume that p is sufficiently smooth, then we estimate Ey,[V"f(x)]
without querying the network explicitly. This follows from

R SV PRI AU ACON VAC)

Ni;f(xl)( 1) (1) ~/Qf(x)( 1) o0x) p(x)dx (1.17)
= [ V@ () = Exn[ V£ (2)
=3 (2" ) ) g

One potential benefit associated with this construction is that it might help to avoid potential
numerical instabilities that would be caused by derivative approximation [54] in the active
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sampling case since the approximation error in (1.17) scales with the number of samples N. It
should be noted, however, that any errors in the approximation of derivatives via numerical
differentiation will ultimately be caused by inaccuracies of the network evaluations (e.g.,
machine precision) and should also be present in the left-hand side of (1.17). We will refer to
this construction as passive sampling (cf. [54]). These ideas have gotten more attention recently
(see [74, 93], as well as [53, 54]). What makes this type of sampling appealing is that without
explicit probing of the network, it can be applied to the classical learning problem. For instance,
if we were given training data (x;,y;);c(n] Where y; = f(x;) is known to be exactly realizable
by a shallow neural network, then [E,.,[V"f(x)] can be approximated as long as we assume
the inputs come from an at least approximately known distribution y. The last part is critical
since the estimation of a density becomes increasingly more difficult for higher dimensions.

1.5 Reconstruction of shallow neural networks from Hessian infor-
mation

The decomposition of network derivatives into sums of outer-weight-products as shown in
(1.15) suggests a clear path for the (partial) identification of (smooth) shallow neural networks.
In Example 1.1, the identification of a single neuron was connected to its gradient. For general
shallow networks f(x) = Y}' ; ¢(w; 7), however, network gradients will not suffice because
the gradient takes the form

m

Vix) =), ¢ (xTwy 4 1) wy € span{wy, ..., wy}.
k=1
Since identifying individual weights from their linear combination is not possible, higher-order
differentiation has been considered (cf. [31, 27, 54]), which gives rise to a symmetrical tensor
as in (1.15). Notably, the identification of the individual weights still remains challenging (see
also Section 1.4) after its reduction to the problem of decomposing a tensor

m
To =) Mawp", forn>2, (1.18)
k=1

with unknown coefficients Ay, ..., Ay € R. First of all, regardless of whether passive or
active sampling is considered (see above), the tensor 7, can only be estimated up to some
accuracy. Hence, one requires a robust method to decompose 7,,. Decompositions of symmetric
tensors (n > 3) or matrices (n = 2) are known to be unstable without the separation of the
individual components. Additionally, the coefficients Ay, can not be allowed to become arbi-
trarily small (compared to the error caused either by approximations of network derivatives or
the approximation of the input distributions whose higher-order moments are used in passive
sampling).

Let us now address one particular line of work that is inspired by [54] and considers the
identification of shallow neural networks with linear outputs and sufficiently smooth activa-
tions [54, 51] (cf. Chapter 3). Notably, these ideas have been extended in parts to deep neural
network architectures [52, 50] (cf. Chapter 4). The authors in [54] approach the stability issues
mentioned above by using multiple network derivatives, and their reconstruction algorithm
relies exclusively on Hessian matrices (i.e., second-order derivatives) of the network. By
remaining in the realm of matrices, their approach avoids most computational intractability
issues associated with tensors since matrix decompositions are generally well-understood and
computable in polynomial time. However, matrix decompositions, such as the spectral- or
singular value decomposition, are generally only unique up to unitary transformations and less
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suited for the overcomplete regime m > D. Therefore, [54] considers instead the approximation
of the symmetric matrix space spanned by the outer products of the network weights. To be
more precise, assume f : RP — R is a shallow neural network on m < D hidden neurons with
sufficiently smooth scalar activations g1, . .., gm, linearly independent weights w;, ..., w, € RP,
and one linear output unit, such that

flx) = i ge(x Twy). (1.19)

Note that this definition is equivalent to the sum of ridge functions in (1.14) and that network
shifts can easily be incorporated by setting gx(t) = g(t + 7) for an arbitrary activation g. The
goal is the retrieval of (w)rcpm), (§k)kem) from network queries. In the first step, the problem
is reduced from m < D to the setting where m = D by a network transformation that projects
network inputs onto the active subspace, i.e., the space span{wj,...,w,} (see Remark 1.5
below). The recovery algorithm of [54] computes an approximation W to the symmetric matrix
space

W = span{w; @ wy,..., Wy @ Wy} C Sym(]RDXD), (1.20)

from the m-th left singular subspace® of N Hessian approximations A%f(x1),...,A%f(xy),
ie, W= span,, {A*f(x1),...,A*f(xn)}. Here, (x;);c[n) are considered to be random vectors
sampled uniformly at random from the unit-sphere, and A%f(x;) ~ V2f(x;) are Hessian ap-
proximations (e.g., constructed via finite differences as described in Section 1.4). By assuming
that combining sufficiently many Hessians matrices at inputs drawn from Unif(SP~!) provides
sufficient information to construct W, [54] then show that, with high probability, the construc-
tion of W serves as a good approximation provided that N > m? (see also Section 3.2 and
Algorithm 3.2). More precisely, the key assumption in [54] that enables this statement is that
the second moment of Hessians in expectation, i.e., the matrix

H[f] := Ex unifso-1) [vec(V>f(X))¥?], (1.21)

has rank m. Similar assumptions are encountered in the theory presented in Chapter 3 and
Chapter 4 (cf. (SNM3), (DNM3) defined in Section 3.1.1, Section 4.1.1, respectively). It is worth
mentioning that we prove with Theorem 3.5 in Section 3.4.5 that this condition holds for incoher-
ent weights® and sufficiently non-polynomial activations. More precisely, we show that the m-th
singular value of the second moment matrix satisfies o (Ex..x/(014) [Vec(V2f(X))¥]) > a for
a constant &« > 0 that is independent of m, D (which implies the rank condition). Assuming access
to W ~ W, the recovery of individual weights can then be achieved robustly by selecting ma-
trices within W that are close to one of the rank-one spanning matrices wy ® wy, ..., Wy @ Wy,
up to sign. These so-called near-rank-one matrices in W are characterized by a significant
spectral gap at the leading singular value under fairly mild conditions, which guarantees
the stability of the associated eigenvector (this follows from classical perturbation analysis of
matrix decompositions [108, 20]). The selection of the near-rank-one matrices from the space
W is formulated as the nonlinear program

argmax |[M|| st. MeW, |[M]|;<1. (1.22)

[54] show that for nearly orthonormal weights wy, ..., w,, the local maximizers of (1.22) are
close to the original spanning elements up to sign (assuming sufficiently accurate derivative

5See Section 1.1.1 for a definition of singular subspaces.
Qur incoherence assumptions hold with high probability for weights drawn from isotropic random distributions
such as the uniform distribution on the unit-sphere for up to m = o(D?) neurons (cf. Section 2.6.1).
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approximations) and that their computation can be achieved by a projected gradient ascent (cf.
Section 2.3.4). For more details, we refer to Chapter 2, where the results in [54] are extended to
the overcomplete regime m = O(D) under deterministic frame bounds and additionally discuss
further extensions to m = o(D?) for isotropic random weights based on the recent results [76].
To make this approach applicable to shallow networks with linearly independent weights, which
are not necessarily orthogonal, [54] propose an optional whitening step that serves as a reduction
of the problem to the orthonormal case: Assume access to W a~ W and that wi,..., W, are
linearly independent. Select any positive definite matrix G € W C Sym(RP*P) and denote
by G = VZVT its spectral decomposition. The transformation f(x) := f(Z7/2VTx) then
gives rise to a shallow neural network f (of the form (1.19)) with nearly orthonormal weights
given by @y := Z7V2VTw, /||Z7V2VTwy||p, k € [m] (cf. [54, Theorem 8.3]). After finding
weight approximations @y, . . ., Wy, the remaining identification of the activation functions gy is
then tackled by an adoptive sampling schema that considers the network along the directions
t — f(tby), where by, ..., by, is the dual basis to @1, ..., Wy, (cf. [54, Algorithm 7.1]).

Remark 1.5. Note that any component of an input vector x that does not lie in the span of the first
layer weights span{w, @y, } will be ignored by the network since

T, T
Wy X = Wi Pspan{wl,...,wm}(x)/

where Popanfw,,...w,) 1S the orthogonal projection onto the span of the weights. The linear span of
the weigths wy, ..., wy, is called the active subspace (cf. [54]) and has dimension m due to the
linear independence of the weight vectors. The active subspace can be identified by gradient approx-
imations similar to the approach that was used to identify the space (1.20) under the assumption
that By, unisso-1) [(Vf (X))®?] has full rank. This yields a transformation of the network that only
considers inputs in the active subspace, and thereby reduces the problem to the setting where m = D.
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Chapter 2

Recovery of a rank-one basis from its
perturbed span

This chapter is concerned with the following problem: Consider a set of m rank-one symmetric
matrices w1 @ wi,..., Wy @ Wy, € Sym(lRD xD ). Assume that the linear span of these elements
is known approximately, i.e., we are given access to a symmetric matrix space W that ap-
proximates the span W span{w1 ® wy, ..., Wy @ Wy }. In this setting, the problem we study
is the (approximative) recovery of the original spanning elements wy ® wy, ..., wy, @ w, €
Sym(RP*P) from the perturbed matrix space W (up to natural symmetries). We will refer to
this problem as the rank-one basis recovery (problem). Let us mention that the rank-one basis
recovery problem occurs, for instance, during the identification of shallow neural networks (cf.
Section 1.5 and Chapter 3), as well as during the reconstruction of deep neural networks in
Chapter 4. A detailed summary of the upcoming theory is provided as part of the next section.

Section 2.3 of the present chapter covers parts of the joint work with Massimo Fornasier,
Timo Klock published in [52], which extends the theory of [54] (cf. Section 1.5) to the over-
complete regime m < 2D. Section 2.4 and Section 2.5 extend the analysis of the subspace
power method in [77] to the perturbed case for matrix and is based on the joint work [50] with
Massimo Fornasier, Timo Klock and Christian Fiedler. Lastly, Section 2.6 is concerned with the
overcomplete regime where D < m < D?, where we present a result from [76] and introduce
concepts of incoherence that will be highly relevant in Chapter 3. The included discussion
addresses similar points that have been part of the joint work [51] with Massimo Fornasier,
Timo Klock and Marco Mondelli. Several of the theoretical proofs within this chapter, which
originate from these joint works, are stated verbatim as in their underlying references, indicated
within the definition of the statement.

2.1 Introduction and preliminaries

We study the approximation of the elements w; ® wy, ..., Wy @ wy, C Sym(]RDXD) under the
assumption that their span is known to us up to small perturbations, i.e., we assume knowledge

of a symmetric matrix space W ~ W where
W =span{w; Q w1, ..., Wy @ Wy, } C RP*D, 2.1)

To understand our approach to this problem, let us first note that this problem is related to the
spectral decomposition: Consider, for instance, the unperturbed problem, i.e., we are given
direct access to WW. Assume further that m = D and that wy, ..., w,, € RP form an orthonormal
basis. Then, for any non-singular matrix M € W with distinct eigenvalues, we can compute
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all spanning elements using the spectral decomposition, which reads M = Y2 | Adquy ® uy, for
eigenvalues Ay,...,Ap € R\ {0} and eigenvectors ug, ..., up. Due to the uniqueness of the
spectral decomposition, in the case described above, we have

m
Al @ Uy = Z AWy Q wy.
k=1 k=1

D
M =
Unfortunately, this approach comes with several limitations: Firstly, it is well known that even
for distinct eigenvalues the spectral decomposition is in general not stable, which means this
approach can not be directly applied to the perturbed rank-one recovery problem. The stability
of the spectral decomposition can only be guaranteed under the presence of sufficient spectral
gaps (i.e., separation of the eigenvalues). Secondly, the number of components is limited by
the dimension of the matrix, i.e., the spectral decomposition of any matrix M € WV can only
be decomposed into D spanning elements. Notably, we can have up to m = O(D?) linearly
independent rank-one spanning matrices (limited only by the dimension of Sym(IRP*P)).
Therefore, we are naturally interested in an approach that also applies to the overcomplete regime,
where the number of spanning elements m is greater than the ambient dimension D. Lastly,
assuming that the vectors wj, ..., w, form an orthonormal basis is overly restrictive and does
not apply in many relevant settings (cf. Chapter 3-4).

The present chapter addresses the limitations above and is largely based on the theory pre-
sented in the publications [52, 50]. More precisely, we provide a perturbation analysis as well
as an extension to the overcomplete regime m > D. Before we move to the technical results, let
us summarize some of the fundamental ideas that address the problems mentioned above and,
at the same time, give an overview of the structure of the chapter.

Near rank-one matrices approximate spanning elements (Sec. 2.2). Our first goal is to
select matrices within the perturbed space W such that their eigenvectors are close to a subset
of the vectors {wy, ..., wy}. To achieve such a selection while maintaining stability, we select
only those matrices in W that are near-rank-one, i.e., matrices with one dominant eigenvalue,
which guarantees a large spectral gap. One immediate consequence of this approach is that
aside from the first eigenvalue, the remaining eigenvalues of the selected matrix cannot have
significant spectral gaps. Therefore, we can only rely on the eigenvector corresponding to the
largest eigenvalue, which in turn implies that we cannot expect to recover more than one out
of the m rank-one spanning matrices w ® wy, ..., wy @ wy,, from each selected matrix. Hence,
our approach requires at least m different matrices M, ..., My, € W to recover all spanning
elements. In Section 2.2, we prove (cf. Theorem 2.1) that near-rank-one matrices are close to
one of the spanning elements wy ® wy, ..., w; ® wy, under mild conditions.

Characterization of near-rank-one matrices (Sec. 2.3.1, Sec. 2.5). To select such near-rank-one
matrices in W, we provide two different characterizations that select near-rank-one matrices as
maximizers of a non-linear program. Depending on the characterization, we end up with one
of two different recovery algorithms. In Section 2.3, we present a characterization based on the
program that selects the maximizers of the spectral norm constrained on the Frobenius unit
ball, i.e., maximizers of the non-linear program

argmax |[M|| st. |[M|; <1,M e W. 2.2)

The characterization in (2.2) originates from [54], where it was used as a characterization of the
near-rank-one matrices in the case m = D. Section 2.3 covers the theory within [52], that extends
the characterization in (2.2) to the overcomplete linear regime where the vectors wy, ..., w, form
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a frame. More precisely, in Section 2.3.1, we show that for small perturbations and separated
spanning elements, the local maximizers of (2.2) are either near-rank-one matrices which by
Theorem 2.1 implies that they are close to one of the matrices {w1 @wy, ..., Wy @wy}, or they
have a uniform spectrum. Starting from Section 2.5, we study a different characterization based
on the nonlinear program

max || Py (u @ u)| i,

[[ul=1

(2.3)

where Pp; represents the orthogonal projection onto the matrix space W. Note that any
maximizer # in (2.3) can directly be associated with the rank-one matrix # ® #i. The problem in
(2.3) has been first analyzed in [77] in a more general context of tensor decomposition, and
their results apply directly to the unperturbed rank-one recovery problem. It is evident that
global maximizers of (2.2) and (2.3) must closely resemble rank-one matrices as long as the
space W is sufficiently close to span{w; ® wy, ..., w, @ wy, }. However, to allow a sufficient
computation of these maximizers by first-order methods (e.g., projected gradient ascent), we
need to provide a perturbation analysis of the local maximizers of these programs. The primary
technical challenge then becomes the formulation of conditions derived from the first-order and
second-order optimality conditions that guarantee that the local maximizers of either program
are close to +wy ® wy for some k € [m]. Our main focus in Section 2.5 is the perturbation
analysis contained in [50], which extends the results in [77] to our scenario for m < 2D. Finally,
the recent work [76] provides an analysis of the perturbed objective (2.3) up to m = o(D?) for
vectors wy, ..., wy, € SP that can be modeled by isotropic random vectors. Their work presents
an improvement over [50] and the main result applied to our case will be discussed in Section
2.6, which will find application in Chapter 3. However, we will not discuss the technical details
of [76], as their theory is focused on tensor decompositions.

Remark 2.1. In both linear programs ((2.3) and (2.2)), we encounter spurious local maximizers that
fulfill the first-order and second-order optimality conditions but have a uniform spectrum (i.e., all
eigenvalues have similar size). This problem is addressed by showing that the spurious local maximizers
can be filtered under fairly mild conditions based on their objective value associated with the non-linear
program. For more details, we refer to the respective sections.

Computing local maximizers (Sec. 2.3.4 and Section 2.5). For both characterizations men-
tioned above, the computation of the local maximizers of the non-linear programs (2.2) and
(2.3) is solved via a variant of projected gradient ascent. For the objective (2.2) we rely on the
iteration

Py (X + qur (X) @ up (X))

Mj;1 = F,(M;), where F,(X)= [P (X + qur (X) @ ur(X)))|

, (2.4)

F

proposed in [54, 52] where 7 is a step-size parameter that is up to the algorithms designer and
the procedure has been summarized in Algorithm 2.1. This iteration is composed of a gradient
ascent step that exalts the first eigenvalue of a matrix by adding yu;(M;) ® u1(M;) and a

projection back onto W intersected with the Frobenius unit-sphere. Here, u1(M;) denotes the
first eigenvectors of the j-th iterate M;. We prove that this sequence produces a sequence of
matrices with increasing spectral norms. For more details, we refer to Section 2.3.4.

The local maximizers of the objective (2.3) are computed via a projected gradient ascent
algorithm that iterates

Ujyr = Pgp-1 (u]- + Z’YPV\/\(M]' & u]-)u]-), (2.5)
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with fixed step-size v > 0. The iteration in (2.5) was introduced in [77] as subspace power
method (SPM). It has been shown in [77] that the SPM iteration converges to local maximizers
of (2.3) under fairly mild conditions for any symmetric matrix space W. Hence, the results in
[77] do apply to the perturbed objective. We refer to the respective discussion in Section 2.5
for more details. Before we conclude the summary of this chapter and move to the technical
problem setting, let us make the following remark regarding the computational complexity of
the recovery of all local maximizers.

Remark 2.2. Both iterations introduced above can only return up to one spanning matrix at a time.
Due to the nature of gradient-based methods, the initialization of the iteration will strongly influence
which near-rank-one matrix is recovered from the perturbed space. Both approaches start their iteration
from a random initialization on the respective unit-sphere. Algorithm 2.1, which iterates (2.4), selects
randomly a matrix My in W NSP*P=1 whereas Algorithm 2.2 picks the starting point ug uniformly
at random from the unit-sphere SP~1. We then seek to recover all local maximizers by repeatedly
sampling independent starting points. As long as the retrieval of every local maximizer is equally likely,
the average number of repetitions needed to recover all local maximizers can be derived from the analysis
of a classical problem of combinatorial probability. Namely, the coupon collection problem, according
to which we expect an average number of ®(mlogm) repetitions until we have recovered all local
maximizers (see also [53])

2.1.1 Problem setting

Let us now introduce some technical aspects and assumptions that play a fundamental role
throughout the following section.

Scaling ambiguity of the spanning elements. Consider a symmetric matrix space spanned
by rank-one matrices W = span {w; ® wy, ..., Wy @ wy, }, where wy, ... wy, € RP. Without any
additional information, we can only recover the basis matrices w; ® wy up to non-negative
scaling factors since for any o > 0,k € [m] the matrix oywy ® w, € W is a positive definite
rank-one matrix. Therefore, moving forward, we will constrain the spanning matrices on the
Frobenius unit-sphere, which is equivalent to wy, ..., w, € gh-1,

Linear independence and rank-one ambiguity. According to the recovery problem we stated
at the beginning, we consider a symmetric matrix space ¥V, and our goal is the recovery of a
specific set of rank-one matrices wy ® wy, ..., Wy & wy, such that

W = span{w; @ w1, ..., Wy @ Wy, } .

The unique characteristic of the spanning elements is the fact that they are rank-one. Differently
put, if there exists a matrix M € W such that rank(M) = 1 and M ¢ span{wy ® wy} for any
k € [m], the unique identification of the matrices w1 ® wy, ..., Wy @ Wy, from W based on the
rank criteria becomes ill-posed. This is related to another aspect of the rank-one basis recovery
problem that we have neglected until now, which is the fact that the matrices w; @ wy, ..., wy, ®
wy; need to form a basis. Again, without such an assumption, the unique recovery of all
spanning elements becomes ill-posed or requires additional information. Assume, for instance,
that w; ® w; is redundant due to linear dependencies, and we are given the space

W =span{w; @ wy, ..., Wy @ Wy} = span{wr @ wa, ..., Wy @ Wy} .

Hence, without linear independence, the set of rank-one spanning elements becomes ambigu-
ous. Note that if the matrices wy ® wy, ..., Wy, ® wy, are linearly independent, then we can infer
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the number of spanning elements m directly from the matrix space since dim(W) = m. This
implies that there is a theoretical limit on the maximal number of spanning elements that can be
recovered, due to the fact that W ; Sym(IRD xD ). If we were to assume m = D(D + 1) /2, then
by the basis property we get that

dim(W) = |B| = D(D +1)/2 = dim(Sym(D"*P~1))

implying that W = Sym(RP*P). In this scenario, w @ w € W for all w € RP, and there
remains no hope to uniquely identify a rank-one basis of size m. Therefore, the condition
m < D(D +1)/2 is necessary. Once we approach the regimes of m where WV starts to resemble
the space of all symmetric matrices, the rank-one characteristic becomes less specific to the
basis elements. In Section 2.1.2, we will introduce assumptions on the incoherence of the
vectors wy, ..., w, from which we can derive linear independence of the spanning matrices.
This is followed by Section 2.2, where we show sufficient conditions under which near-rank-one

matrices within the perturbed space W ~ W are close to the original spanning elements.

Structure of the perturbed space. The last point we want to address is what kind of pertur-
bations we can allow while still being able to develop an analysis of the approximate recovery
of all the rank-one spanning elements from the perturbed space VW ~ W. To guarantee that

the approximating space W e Sym(RRP*P) exhibits a similar structure as W, we will typically
assume that

§:= Py — sup ||PwZ — PpZ||, <1, (2.6)

PWHF—>F -

where Py, Py are the orthogonal projections onto W, w, respectively. Without an assumption
like [[Py — Pjpllr»r < 1, we would run into degenerate cases like the following: Assume
W=Wwn span {wy, ® wm}L, then 6 = || Py — PW\HF%F
from W. Ad/clitionally,(2.6) has several useful implications that allow us to map elements
between W, )V using their orthogonal projections.

=1, but w,;, ® w,, can not be recovered

Lemma 2.1. Let W,W C RP*P be matrix subspaces with corresponding orthogonal projections
Py, Py and assume that § := ||Pyy — Py||p—r < 1. Then the following holds:

o~

(i) Both matrix spaces have the same dimension, i.e., we have dim(WW) = dim(W).

(ii) For any matrix W € VW we have
=07 [Pl < [[P(W)[r < 1W,

and the same statement holds with W, W reversed.

(iii) The constrained orthogonal projections Pyy : W =W, Py W — W are bijective.

—

Proof. For (i), we start by assuming the contrary. If dim(W/) > dim(W), then dim(W) > 0 and

there exists an element X € W s.t. X — P3X # 0. Denote Y = X — PipX, then Y € WN wi
and we have

Y Y

— P
Y Y e

sup ||PwZ — PypZ|| > HPW

ZG]RDXD
IZ]lp=1

Y
i, =
YTz
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which contradicts our initial assumption. The same argument can be repeated if dim(W) <
dim(W), hence dim(W) = dim(W). The left inequality in (ii) is trivial, and the right inequality
follows by

[Pm W) = W+ P(W) = P (W)[ = [IW]l = [[Py(W) = Pro(W)] |

> (1- sup |[PwZ = PpZ| ) Wl > (1-6) [IW];.
ﬁ%]h{mf

The same statement holds with W, W reversed by relabeling. For (iii), denote by ¥ the
constrained projection Py; : W — W. Since ¢ is an orthogonal projection, it is a linear map.
Since W, W are both finite-dimensional we have

dim W = dimrange ¢ + dim ker ¢.

By (ii) we have y(W) > 1 |W|; implying keryp = {0} and therefore the injectivity of
y. Plugging this into the relation above, we have dimrangey = dim )V = dim W, where
we used (i) for the last identity. This implies surjectivity. Again, the same proof works for
P = Py : W W by reversing the role of both spaces throughout the arguments. O

Lemma 2.1 establishes the important observation that we can identify each element in W with
a unique element in WV by the bijection P;; : W — W, as long as § < 1. In particular, if we
pair this statement with the assumption that wy ® wy, ..., w, ® w, form a basis of VW, then Py

gives rise to a basis of W that is derived from the original spanning elements: Denote
Wi = wy Q@ wy, and Wk = Pw(wk) forall ke [m], (2.7)

then for § < 1, the matrices Wk form a basis of YV which follows from the fact that P
constrained onto W is a bijection by Lemma 2.1. A common construction that will find many
applications throughout this chapter is the representation of a matrix M € W in terms of the
basis Wi, ..., Wy, derived from the projections of the linearly independent rank-one spanning
elements.

2.1.2 Deterministic frame bounds: Measuring incoherence in the linear regime

The last section hinted at the fact that the spanning elements w; ® wy, ..., w,; ® w, need
to form a basis to allow their unique identification from their span. One way this could
be guaranteed is to assume the vectors wy, ..., w;, are linearly independent. This follows,
for instance, by Lemma 2.22 and the following discussion. However, requiring that vectors
w1, ..., wy form a basis is too restrictive as such a requirement imposes m < D. In this
small interlude, we introduce sufficient conditions that imply linear independence of the
outer products wy; ® wy, ..., w, @ wy, that apply to the overcomplete regime m > D. The
following theory characterizes the vectors wy, ..., w,, based on their incoherence. We can define
the (mutual) incoherence of a set of vectors wy,...,w, € SP~! as based on their maximal
cross-correlation

6 —
max |(wx, we),

and we say the vectors are incoherent if € is sufficiently small. For m < D, all vectors could be
orthogonal, in which case we have € = 0. For the case m > D, a lower bound on € is provided
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by the so-called Welch bounds [131], which state that
€> 4/ ——m . (2.8)

This implies a lower bound € = O(D~1/2) on the correlation of m > D unit vectors. It is
interesting to compare this bound to the correlation of generic vectors in high dimensions.
Let us, for instance, consider random vectors X, Y drawn uniformly from the unit sphere
X,Y ~jig Unif(SP~1). It is well known that high-dimensional isotropic random vectors can be
regarded as nearly orthogonal (cf. [127, Remark 3.2.5]), i.e., we have

(X, Y)|~D"'2,

with high probability. In Section 2.6.1, more precisely Proposition 2.2, we will see that this also
holds uniformly over a set of m = o(D?) isotropic random vectors up to logarithmic factors
in m. This shows that we can expect a set of generic vectors in high dimensions to exhibit a
significant amount of incoherence and that isotropic random distributions are a suitable model
for well-separated vectors in high dimensions.

Remark 2.3. The remaining theory within this section does only apply to the mildly overcomplete
regime where m < 2D (cf. Lemma 2.3 below) since this will be our setting in Section 2.2 - 2.4. We will
resume the discussion of more general concepts of incoherence in Section 2.6, where we will discuss the
scenario D < m < D? and extend our concepts to higher-order tensors.

Let us mention that any type of incoherence of vectors wy, ..., w, € gb-1 trivially extends to
their outer products since

(W, wi™) = (wy, wy)", foralln € N,k £ € [m].

Hence, incoherent vectors will lead to incoherent spanning matrices. Notably, separation
between the matrices wy ® wy, ..., w, @ wy, is crucial. If two spanning elements in WW were
allowed to become arbitrarily close, then even small perturbations could make these elements
indistinguishable in W.

Remark 2.4. Notably, for the special case m = D, it has recently been shown that a recovery of the
spanning elements is in principle possible as long as {wy, ..., Wy} (and therefore also {wy @ wy|k €
[m]}) are linearly independent [54], without relying on strong incoherence. This is achieved by an
orthogonalization procedure, called whitening (cf. Section 1.5 and [54, Section 8]), which allows the
authors to artificially put the spanning matrices in a well-separated position. The whitening procedure
requires high accuracy of the approximation W ~ W. To the best of our knowledge, this method
has not been extended to the case m > D. Even if the whitening procedure could be extended to the
overcomplete regime m > D, gaining a highly accurate approximation of VW might not be feasible when
the approximation error is not controlled as part of the recovery algorithm. We will encounter such a
case in Chapter 4, where || Pjz; — Py ||r—F is a constant error that cannot be made arbitrarily small.

To make the incoherence assumptions more precise, we will borrow an elementary concept
from frame theory (see [30]) that leads to a generalization of orthonormal bases.

Definition 2.1. A set of vectors wy, ..., wy € RP is called a frame if there exist constants A, B > 0,
such that

m
Allx|3 < Z(x,wk>2 < B||x||*> forall x € RP, (2.9)
k=1
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\

w2
w3

Figure 2.1: The Mercedes-Benz frame. A classical example for a finite normalized
tight frame with three elements in R?

The constants A, B are typically referred to as frame bounds. It is clear that the frame condition
in (2.9) is fulfilled for A = B =1 when {wj, ..., wy,} forms an orthonormal basis since then

m
Z x,w)? = ||x||3 for all x € RP.

The latter inequality is commonly known as Parseval’s identity. In the literature, frames
described in Definition 2.1 are also referred to as finite frames [30, 17]. Frames for which the
frame bounds coincide, i.e., A = B are also called tight frames, and if the vectors wy, ..., wy, all
have unit norm, then we refer to them normalized frames. A finite normalized tight frame is a
system of vectors {w1,..., wn} C SD=1 which is in the optimal position to achieve the lowest
frame constants (i.e., maximal incoherence cf. passages above) that is attainable for m unit
vectors in RP (see [17, 29]). A popular example of a tight frame is the so-called Mercedes-Benz
frame (see Figure 2.1), which consists of three unit vectors in IR? at maximal separation.

In the following sections, we will primarily rely on the following adaption of the frame
conditions, which unites both frame bounds into one constant: Consider a set of unit vectors
w1, ..., Wy € SP~1 and assume that there exists a constant v > 0 such that
2 . 2
(1=v)|xl3 < Y (wex)* < (14v) x| forallx € RP. (2.10)
k=1

If (2.10) holds for some v € [0,1), then the vectors form a frame according to Definition 2.1.
One can interpret the constant v in 2.10 as the degree to which {wj,...,w,} deviates from
an orthonormal basis. We often assume that the vectors fulfill this condition for some v < 1,
which implies the necessary linear independence of the matrices {wy @ wy | k € [m]}.

Lemma 2.2 (cf. [52, Lemma 29]). Let {wy,..., wy} C RP have unit norm and satisfy
m
Z we, we)” < 1+,

forall ¢ =1,...,m. If0 < v < 1, then the system {w; @ w1, ..., Wy @ Wy, } is linearly independent.
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Proof. 1f we assume on the contrary that wy ® wy, ..., w, ® w,, are not linearly independent,
then we can find coefficients o # 0 € R™ such that

m m
0=Y awi@w < Y or(x,w)> =0 forall x € RP.
k=1 k=1

Let us denote by k* the first index such that |||, = |ok+|. We can assume o}~ > 0 without loss
of generality since we could simply flip the signs of the coefficients otherwise. Then we have

m
2 2 : 2
0=) o (wg, wg)" = 0p+ + E O (W, W)™ > O + min o Z (Wy, i+ )",
k=1 kZk* k£k*
where the second identity follows from ||wy-|| = 1. We can exclude the case miny oy > 0, which

immediately yields a contradiction. Now if ming 03 < 0, then

0 > 0p + min oy Z (wy, wk*>2 > 0 + mkincrkawk* H2 = 0 + mkin(rkv.
k#£k*

By division through v, and then subtracting min 0}, we obtain |miny 0| > o3:v 1. According
to our outgoing assumption we have v < 1, which yields a contradiction since the latter would
imply that [|o|, > |ming og| > 0 = ||0]| - O

Thus, whenever we construct WV from vectors that fulfill (2.10) with v < 1, it implicitly follows
that {w; ® wy, ..., wy, @ wy, } forms a basis. This raises another question: To what degree is the
constant v in condition (2.10) determined by the dimension D and cardinality m of the system

{wl, ce ,wm}.

Lemma 2.3 (cf. [17, Theorem 3.1]). Consider a set of unit vectors {wy, ..., wy} C SP~1 that fulfill
condition (2.10). Then

1—v§%§1+v. 2.11)

Proof. Denote by e; the i-th canonical basis vector in RP, then we have

D D m m
D=Y lleilz < (1+v) Y Y (e wi)® = (L+v) Y [lwellz = (1 +v)m,
i=1 i=1k=1 k=1
which confirms the right bound in (2.11). The left bound follows from an identical chain of
arguments relying on ||e;[|5 > (1 —v) Y4, (e;, wy)2. O

According to the last statement, the frame condition (2.10) requires m < (1 +v)D and, therefore
at best, allows for a linear dependency of m on D. Let us note that suitable frames which
adhere to the equality (v = {j — 1) are so-called finite normalized tight frames.

2.2 Near rank-one matrices approximate spanning elements

As was already mentioned in the introduction of this chapter and Section 2.1.1, the natural se-
lection criteria for the matrices wq Q@ w1, ..., Wy @ Wy, € Sym(]RD xD )N SDXD-1 from their span
W is their rank-one property. We begin this section by discussing conditions that guarantee
the spanning elements are the only matrices within WV with rank-one. This is followed by a
key result, namely Theorem 2.1, that shows under which conditions near-rank-one matrices in
a perturbed space W ~ W are close to the rank-one one basis matrices.

The following statement shows that up to a certain number of spanning elements, a character-
istic of the linear independence between the matrices {wy ® wi|k € [m]} will be sufficient to
guarantee rank-one matrices as long as the number of spanning elements is not too large.
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Lemma 2.4 ([52, Lemma 30]). Consider W = span{w; ® wy, ..., Wy & Wy} with m < 2D — 1
and unit vectors w1, ..., Wy, € SP~1. Furthermore, assume that any subset of [m/2] + 1 vectors
{wy, : k € [[m/2] + 1]} is linearly independent. Then, for any X € W NS with rank(X) = 1, there
exists k* € [m] such that X = twy @ wy-.

Proof. Take any X = Y/ qpwi @ wry € WNS, and denote the set of non-zero indices by
Z = {k € [m] : ax # 0}. We can exclude the trivial cases |Z| = 0,|Z| = 1. Now, if
1 < |Z| < [m/2] +1, the vectors {wy|k € T} are linearly independent, and thus rank(X) =
|Z| > 1. In the remaining case, where |Z| > [m/2] + 1, we can split Z = Z; UZ, with
|Z:| = [m/2]+1 and |Io] < m—[m/2] —1 < m/2—1. If we accordingly split X =
X1+ Xp with Xj := ez, axwi @ wy, the assumption implies rank(X;) = [m/2] +1 and
rank(Xp) < m/2 — 1. Since furthermore rank(X) > rank(Xj;) — rank(Xjy), it follows that
rank(X) > [m/2] +1— (m/2—-1) > 2. O

In the setting of the lemma above, the elements in {twy @ wy|k € [m]} are the only rank-one
matrices in VV. However, the conditions of Lemma 2.4 are not directly related to the incoherence
of the vectors wj, ..., w,. The next statement addresses this issue and proves an identical
statement implied by the incoherence assumption in (2.10).

Corollary 2.1 ([52, Corollary 31]). Assume that m < 2D — 1 and that {wy|k € [m]} satisfies the
upper frame bound (2.10) with v < [%]7L. Let X € W NS of rank(X) = 1, then there exists k* such
that X = twjs @ Wy

Proof. To apply Lemma 2.4, we establish a lower bound for the size of the smallest linearly
dependent subset of {wy : ¢ € [m]}, denoted commonly also by spark({w, : £ € [m]}), see
[125]. Following [125], it is bounded from below by
spark({wy : £ € [m]}) > min{k : y3(k—1) > 1},
where pq(k—1) := max max ) _ [(w;,wj)|.

IcCm]) jET ;
IZ|=k—1 i€l

By applying (2.10), we can bound

k—1) = w;
mk=1) errcla[:%lr?;zxg\<wuw1>!

2
< +vk—1 max max w;,w; ) < k—1)v.
SRR =V

Taking additionally into account v < [%]71, it follows that

spark({wy : £ € [m]}) > min{k: uy(k—1) > 1}

> min{k:/(k—1)v > 1}

:min{k:k21+11/}>l+[7;w.

The result follows by applying Lemma 2.4. O

Unfortunately, requesting Equation (2.10) to hold with v < [4]~! is very restrictive and
does not cover certain scenarios that are studied in the broader context of neural network
reconstruction (cf. Chapter 3). Instead, we will rely on the following statement, which shows
that if the space W = span{w; @ wy,..., Wy, @ wy,} is constructed from incoherent vectors



45 Chapter 2. Recovery of a rank-one basis from its perturbed span

w1, ..., Wy € SP1 then any near-rank-one matrix within a close approximation W of W will
be close to one of the original spanning elements. This statement is crucial since we will later
characterize local maximizers of the non-linear programs, which are used as selection criteria,
into two categories. One of those categories is formed by matrices with a dominant leading
eigenvalue, which falls into the setting of the following theorem.

Theorem 2.1 (cf. [50, Theorem 14]). Let {wy, ..., wy} C SP~1 satisfy frame condition (2.10) with
v < 1. Consider the matrix space W = span{w1 QWY ..., Wy @ Wy} and let W C Sym(]RDXD)
satisfy || Pyy — Py ||;_,p < 6 < 3 and consider a basis {Wk i= Py (wx @ wy) | k € [m]}. For M € W,
|M|lp < 1 consider the representation M = Y ', ‘TkWn(k) = Zj';l Ajuj ® uj, where (Aj,u;) are
eigenpairs, with both oy’s and A;'s sorted in descending order and 7t is a permutation on [m]. If
Al > Af:ﬁ‘s, then

< v 02mlla VY 20 2.12)

i H”l_swﬂ H (1—v)A — Ay — 24

se{-1,1}
where 03 = (0,02,...,0m) € R™.

Proof of Theorem 2.1. Let Z := Y ;' ; oywy ® wy € W be the unique element in W such that
M = Py;(Z). First notice that || Z|| < ||Pw(Z) — Pyp(Z)|| + || Pyy(Z)|| < 611Z] 4 1 implies
|Z]| < (1 —6)~L. Therefore, we have

M=Muu)={(ZuQu)+ (M-—2Z,u Quy)

<(Z,u1 @u1) + ||Py(Z) — Pw(Z)|| < i o (wy, u1)? + % o1 (1+v) + 26,

which implies o7 > Aijrfé A —vAy —26. Define now Q = Idp —u; ® u;. Choosing

s € {—1,1} such that s(wy, u ) > 0 we can bound the squared left-hand side of (2.12) by
lur = swi 3 =2 (1 = s(wi, u)) < 2(1 — (wy,u)*) = 2| Qui [l = 2| Qw1 @ wn) |7

Denote W; := w; ® wy and consider the auxiliary matrix c;W;. We can view W; as the
orthogonal projection onto the space spanned by eigenvectors of o7 W associated to eigenvalues
in (00, 01]. Therefore, using the Davis-Kahan theorem in the form of [20, Theorem 7.3.1], we
obtain

(01W1 M) Wil
— A2

iy — swnlly < V2 QW | < V2!

To further bound the numerator, we first use the decomposmon
(W — M)Wl < (1 W — Z)Wa| + | (Z — Pyp(Z))W

1HF
< [[(e1Wi = Z)Willp + [|Z = PR (Z) ||, [ Wil

[
)
< [(@Wi = Z)Willp + ;5 < [[(nWh = Z)Wi | + 25,

and then bound the first term by using the frame property (2.10)

K

Y o {wg, wy)w; @ wy
=2

m
< ) lowl Kw, w)| < Jloz.mll, Vv

ja k=2

[ (c1W1 — Z)Wr||p =

Combining the previous three estimates with o4 > A1 — vA; — 25, we obtain

H(Ulwl M) Wi ||, o2, mllo Vv +20
_ < <
sy — ], < V2 " vy vy
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2.3 Selection of near-rank-one matrices based on the spectral norm

Consider again a set of rank-one matrices {w; ® wy, ..., Wy @ Wy} constructed from a set of
unit vectors wy, ..., w, € SP~1 that give rise to a symmetric matrix space W = span{w1 ®
Wi, ..., Wy @ Wy }. Given an approximation W of the space WV, we now discuss the selection of
matrices within W that approximate the rank-one spanning elements of JV. As mentioned at
the beginning of this chapter, a retrieval of rank-one matrices from )V can be described by the
non-linear program

argminrank M s.t. M € WNS. (2.13)

However, this characterization does not extend to the perturbed matrix space W for obvious
reasons. In Section 2.2, more precisely Theorem 2.1, we stated sufficient conditions that
motivate a similar approach based on a relaxation of the rank maximization in (2.13) to the
spectral norm. Therefore, in this section, we consider a natural relaxation of the rank-one
criteria based on the non-convex program

argmax |[M|| st. M e W,|M|F <1, (2.14)

which has been considered before in [54, 52]. This program selects those matrices whose
spectrum is dominated by one eigenvalue. Clearly, for the unperturbed program associated
with W = W, all elements within {w; ® wy, ..., w, ® wy,} are still global maximizers due to
IM|| < ||M||Fand ||u®u| =1 for any u € SP~!. Additionally, when considering this program
in the general case W ~ W, we have
1P (e @ we)| = 1= [[Pw = Pl ;-

Hence, provided that JV and W are sufficiently close, there exist global maximizers of (2.14) in
W that have spectral norms close to one. Therefore, the perturbation analysis in the remaining
part of this section focuses exclusively on local maximizers of (2.14), whose computation can
be solved by a projected gradient ascent variant (see Section 2.3.4). From a mathematical
standpoint, the prime challenge is the formulation of conditions derived from the first-order

and second-order optimality conditions of (2.14) that guarantee that local maximizers have a
dominant eigenvalue (and therefore fall into the setting of Theorem 2.1).

2.3.1 Characterization of local maximizers

We begin by categorizing the local maximizers of the perturbed objective (2.14) into two
categories. More precisely, we show that for any local maximizer M & W there exists
absolute constants ¢, ¢’ such that M satisfies |[M||?> > 1 —cé — c'v, or | M|* < ¢6 + ¢'v, where
6 = ||Pyw — Pyl|r—F and v originates from (2.10). Hence, for 4, v sufficiently small, M will either
have one dominant eigenvalue or a uniform spectrum, where all eigenvalues have roughly the
same magnitude. This result is proven in Theorem 2.2, which constitutes the main result of this
section. Note that local maximizers with one dominant eigenvalue fall in the setting considered
in Theorem 2.1, so these will naturally provide good approximations of the spanning matrices
{w1 @ wy, ..., wy @ wy}. The same can not be said for the other class of local maximizers.
However, for reasonable small § and v, there is no overlap between those two classes of local
maximizers, and therefore we can distinguish between good and spurious local maximizers
by considering only those who lie in a certain superlevel set of || - ||. For the remainder of
this section, and whenever the context allows, we denote u; := u;(M) and A; = A;(M), with
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i € [D], for the eigenvectors and eigenvalues of the matrix M. Furthermore, we assume that
eigenvalues are sorted in descending order such that

M<A<---<Ap.

Moreover, the following two assumptions will sometimes be used to shorten technical results
further.

(A3.1) We have A1 = ||[M]|. Note that this is without loss of generality because —M and M
may be both local maximizers,

(A3.2) A > A (this is primarily a useful technical condition in order to use the second-order
optimality condition introduced below).

The characterization of local maxima of (2.14) into two types depending on their spectra is
summarized in the following result.

Theorem 2.2 ([52, Theorem 16]). Consider W, W as before with || Pyy — Pyllr—r < 6 and that
w1, ..., wy €SP~ fulfill condition (2.10) with v < 1. Assume that M is a local maximizer of (2.14)
satisfying (A3.1) and (A3.2), and assume 380 + 13v < 1/4. Then we have

AM(M)? >1—386 — 13v or A1 (M)? < 385 + 13v.

The proof has been deferred to the end of Section 2.3.3, which follows directly after a short
discussion of the optimality conditions of (2.14).

2.3.2 Optimality Conditions

One fundamental aspect that we still need to explain is the characterization of the local
maximizers by first-order and second-order optimality conditions of (2.14). The statement
closely follows the ideas in [54, Section 3, Theorem 3.4], which were in turn influenced by
[122, 123].

Theorem 2.3 ([52, Theorem 13]). Let M € W N'S and assume there exists a unique i* € [D]
satisfying |Ai=(M)| = ||M||. If M is a local maximizer of (2.14), then M fulfills the stationary
(first-order) optimality condition

(M) Xupe (M) = A (M) (X, M) (2.15)

forall X € W. A stationary point M (in the sense that M fulfills (2.15)) is a local maximizer of (2.14)
if and only if for all X € W

(uis (M)T Xuy (M)
[Ai (M) — A (M)]

2
2y < A (M) [|X — (X, M) M||7.. (2.16)

kAi*

Proof. The statement requires minor modification of [54, Theorem 3.4] and the proof follows
along analogous lines. For the reader’s convenience, we give self-contained proof of the
statement below, with some key computations borrowed from [54]. For simplicity, we drop
the argument M in A;, u;, and without loss of generality we assume A;- = | M||, otherwise we
consider —M. Following the analysis in [54], for X € W NS we can consider the function

IM+ aX]||
(o) = IMF Xl
@) = T,
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because M is a local maximizer if and only if & = 0 is a local maximizer of fx for all X € WnNS.
First, let us consider X € WNS with X | M. We note that the simplicity of A;- implies that
there exist analytic functions A;+ (a) and u;+(a) with (M 4+ aX)u; (a) = A (@) (a) for all w in
a neighborhood around 0 [89, 108]. Therefore we can use a Taylor expansion ||[M + aX|| = A +
AL (0)a + AL(0)a?/2 + O(a®) and combine it with |M + aX|; = V1+a2=1—0a?/2+ O(a?)
to get

fx(a) = (1—a?/2) (Ay + AL (0)a + AL (0)a?/2) + O(a®) asa — 0.

Differentiating once we get f4(0) = A% (0), hence « = 0 is a stationary point if and only if
Al (0) vanishes. Following the computations in [54], we find that A% (0) = u;+(0)T Xu;-(0) =0,
and thus (2.15) follows for any X L M. For general X, we split X = (X, M) M + X, and get
up (0)T Xup (0) = (X, M) up (0)T Muy (0) = A+ (0) (X, M).

For (2.16), we have to check additionally f{(«) < 0. The second derivative of fx(«) at zero
is given by f{(0) = A/(0) — A;+(0), hence the condition for attaining a local maximum is
A(0) < A;+(0). Again, we can follow the computations in [54] to obtain

(u](0) Xu(0))?

" — )
AL0)=2)" |4 (0) — Ax(0)]

ki

and (2.16) follows immediately for any X L M, | X||; = 1. For general X we decompose it into
X = (X, M) M + X, . Since ul (0)Mu,(0) = 0 for all k # i*, we get

2
(W0) (X, M) M+ X ) w02 (1RO () m(©)
2L 2:(0) = A40)] 2%l 2

< A (0) | XL |I7,

and the result follows from || X ||, = || X — (X, M) M||. O

Let us provide some context on these optimality conditions. The first-order optimality condition
can be understood as follows: Any stationary point M of (2.14), with unique leading eigenvector
Ajx, can be expressed as the image of the outer-product of the respective eigenvector under
Py juch that M = A;lpw(ui* ® u;+ ). This follows by simple properties of the Frobenius inner
product.

Lemma 2.5 ([52, Lemma 18]). For M € W and ¢ # 0 we have
o'Xo=c(X,M) forallXeW ifandonlyif M= c’lPVAV(v ® ).

Proof. Assume that v Xv = ¢ (X, M) for all X. We notice that the assumption is equivalent
to (X, v®v—cM) =0 for all X € W. Therefore, we have PVAV(U ®v—cM) = 0, and the
result follows from M € W. In the case where M = ¢ 1Py(v ® v), we compute ¢ (X, M) =
(X, Py(v®0)) = v Xov since X € W. O

From the preceding result, one can directly derive a relationship between the projection of
the leading eigenvector component and the associated eigenvalue for local maximizers as in
Theorem 2.3. If M is a stationary point of (2.14) with unique leading eigenvalue A;+, then, by
Lemma 2.5, Ay M = PW(ui* ® u;+) and therefore, by taking the Frobenius norm on both sides,
we have [A;«| = || Py (i @ u;- ) || p. This characterization is unique to stationary points following
the result below.
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Lemma 2.6 ([52, Lemma 19]). Let X € WN'S. We have (| Py (u(X) ® uj(X
equality if and only if X = Aj(X) ™1 Py (u;(X) @ u;i(X)).

Nl > [Aj(X)] with

Proof. We drop the argument X for A;(X) and u;(X) for simplicity. First, calculate
1Py (1 @ ui) || = || Py (uj @ ) [ 11X = [ (P (wj @ wy), X[ = [ (uj @y, X) | = |Aj] . (217)

Moreover, we have equality if and only if HPW<”]' ® uj) H F=
equalities. Specifically,

|| Py (@ ) || X1 = [Py @ i),

which implies X = cPy;(u; ® u;) for some scalar c. Since || X||p =1, c = )\j_l follows from
1= (cPy(uj@u;), X) = c(u; @ uj, X) = cA,.
O

In the form discussed above, the optimality conditions do not leverage the fact that we generally
assume that W exhibits a specific structure, i.e., it is a close approximation of a space spanned
by symmetric rank-one matrices. Incorporating this underlying structure (i.e., that W is close
to a space spanned by incoherent rank-one matrices) yields the following additional properties
derived from first- and second-order optimality conditions.

Lemma 2.7 ([52, Lemma 14-15]). Consider W, W as before with ||Pyy — Ppllp—r < 0 and that
wi, ..., Wy € SP7Y fulfill condition (2.10) with v > 0. If max{6,v} < 1/4 and assuming that
M € W is a stationary point of (2.14) satisfying (A3.1)-(A3.2), then

Ap > =251 — 85 —4v. (2.18)

Additionally, if M is a local maximizer of (2.14), then for any X € W with || X||; < 1 we have

)\2
x|} < 5F (14 (X, M)?) +56+2v. (2.19)

The proof of Lemma 2.7 requires one additional auxiliary statement:

Lemma 2.8 ([52, Lemma 33]). Let {wi|k € [m]} C RP be a set of unit-norm vectors satisfying
the incoherence condition (2.10) with v < 1 and 6 = ||Pyy — Ppllrr < 1. Then, for any M =

Yisq okPw (wr @ wi) = Y414 Uka eWwWn S, we have

1
Ol £ 777 (2.20)
7l = T=ga =y
A~ 0
ol Wil — (W, M) | < =+ (5 4+ v) o]l (2.21)
for all k € [m]. Moreover, for any unit norm vector v, we have
]HkaH% - vTka\ < 2. (2.22)

Proof of Lemma 2.8. Denote by Z € W the unique element such that M = Py;;(Z). We first note

that 1 = M| = ||Py(2)||; = (1 =6) ||Z]|| implies || Z|| < (1—6) ! by Lemma 2.1. For
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(2.20), we assume without loss of generality max oy = |||, (otherwise we perform the proof
for —M), and denote k* = argmax; 0x. Then we have

m
Q=02 |Z|r 2 12| = wiZwe = Y 0% (wee, wi)* = [|o ]| o + Y 0k (wre, i)

k=1 k£k*
2
> [|o]|o (1 — ) (wpe, wy) ) > [lofle (T —=v).
k#k*
For (2.21) we first notice that
= 0p || Wy . + < Wi, 0 Ak>

k£k*

~ 2 ~
k£k*

= 0p || Wi .t Y. <Wk - Wk*,Uka> + Y o (Wee, W),
kK" kK"

aI/l\d th/l:IS, it suﬁﬁces to bound the last two terms. In the third line, we make use of the fact that
(Wi, Wi) = (Wi, Py (Wi) + Py (Wk)) = (Wi, Wk). For the first term, we get

S(S :5HZ_0-k*Wk*

F

. 6
Y. <Wk* - Wk*/Uka> FS7 5t [feq| P2

k£k*

Y oW

k£k*

by Cauchy-Schwarz, and for the second term we get

2
<ol Y (wre, wi)™ < o]l v-
kK

Y ok (Wi, We)
Kk

For (2.22), we first rewrite

2 .
’2 — uTWk*u

’Wk*l/l

= (.0 ) e 0) < |

Now denote A := Wk* — Wi Since W,g* = Wi+ we have

HWE — Wi || = [ (A + Wi )2 = Wie — A|| = || A% + Wi A + AW — A
= ||Wies — A =We) | < J1a]] (|| Fe || + I11d =i ) < 26,
since Id —W- is a projection matrix onto span{wy- }*. O

Proof of Lemma 2.7. As before we have M = )" , oW, and further denote by Z =Y ;L oWk
the unique element within WV such that M = Pj;;(Z). We start by showing (2.18). Note that

Ap = (up @ up, M) = {(up @ up,Z) + (up @ up, M — Z)

)

m
> (up ®up, Z) — [|M = Z|| > Y_ oje{wy, up)* — .
k=1
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Denote k* = argmmke[m] 0y. Clearly, if 03« > 0 then this implies Ap > — 1= 5 confirming (2.18)
for § < 1/4. Assuming o} < 0, we continue by applying the frame condition which yields
m

) )
AD > Op Z(wk,up>2— —_— > O’k*(1—|—1/) - —
= 1-0 1-06

To further bound oy+(1 + v) from below, note that the first-order optimality condition (2.15)
implies

M <I7Vk*,M> = <Wk*,u1 ® u1> = (Wi, u1 @ uq) + <I/A\7k* — Wi, 111 ® u1>

Applying the auxiliary bound in Lemma 2.8 in combination with ||Wi.||r > 1 — 4, we obtain
from the previous inequality
- (e, )|

2

~

—Aﬁ < <Wk*,M> < o | W

1

+ | O+ Wk*

F

)
< Uk*(1—5)2+m+(5+1/) HO’HOO

In summary, we established the lower bound on oy+ given by

) ) (04v)
= Tha—oe q-op -2l

(o 7*
Hence, we can continue from the previously derived bound for Ap with

Ap > o (14 v) 0

1-6
6 6 (6+v) 6
> — -
@+ (g mar e g ) ~ 15
Since 6, v < 1/4 we obtain from (2.20) that ||c||,, < 2, and
Ap > —20A71 =35 —2(6 +v) |0 > —26A; " — 85 —4v. (2.23)

Assume now M is a local maximizer. To show (2.19), note that the first-order optimality
condition (2.15) implies

2 2 42 2\ _
T (Xl = A3 (x,M)?) =

2 2
T (Xl — (X))

__ 2 i(Xu he
- )\1 — )\D = 1, %)

where the second identity follows by the fact that uy,...,up are orthonormal since M is
symmetric. Furthermore, we can bound the right-hand side of the last equality by invoking the
second-order optimality conditions (2.16) to get

2 D ) D (MTXM')2 5
Xup,u)> <2y LU <A |IX — (X, M) M||5.
Al—ADi:Zz< g, ui)” < ; T S MIX = M) M
Hence, we have
2

g (IXun 1 = A3 (X, M) < Ay [1X = (X, M) M},
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and by rearranging the inequality, we obtain

A(A —Ap) (
2

2 2 2 2
X3 < 1XIF = (X, M)?) + A3 (X, M)

MM —Ap)  AM(AM+Ap) 2
<
< 5 T+ 5 (X, M)
1+ (X, M)? 1— (X, M)?

Using the lower bound for Ap in (2.23), and A1 < 1, we get

1+ (X, M)? 1— (X, M)?
| Xus || < A%JF<Z’M> A (25A;1 +85+4V) 1- X, M)
2 2
< A%H<§’M> + (105+41/)1<)§’M>
2
§A%1+<§’M>+55+2u.

O]

Equipped with a better understanding of local maximizers of (2.14), we can now tackle the
proof of Theorem 2.2.

2.3.3 Characterization of local maximizers based on their optimality conditions

This section gives the proof of Theorem 2.2 based on the optimality conditions we derived in
Lemma 2.7. Before stating the main proof, we require one more auxiliary result related to the
decomposition of matrices within W in terms of the basis {w @ w1, ..., wy, @ wy,} C W.

Lemma 2.9 ([52, Lemma 12]). Consider the setting of Theorem 2.2. For any M = Y " 0y Py (wy ®
w) =Y, oW, € WN'S with AM (M) > 6/ (1 — 6) we have maxy o > 0.

Proof. Assume on the contrary that max; ; < 0, and denote Z = Y, 0x Wy with M = Pj5;(Z).
Then Z is negative semidefinite, since v’ Zv = Y} ; 0y (wy, v)z, and o, <Oforallk=1,...,m.
Moreover, we have || Z||; < (1 —6)~! by Lemma 2.1, and thus we get a contradiction since

o

)
m < Al(M) < /\1(2)—1— HM_ZHF < HM_ZHF < 1—-5
J

We are now able to prove the section’s main result by leveraging the optimality conditions of
local maximizers.

Proof of Theorem 2.2. As before we have M = Y " ; oWy, and let k* = argmax, 0. We first note
that we can assume 0y- > 0 without loss of generality by Lemma 2.9, since there is nothing to
show if A1 < 26. By (2.19) for X = W;- we get the inequality

2||Wiern |3 < A2(1 4 (Wi, M)?) + 106 + 4v.

We can further bound the left side using Lemma 2.8 followed by the first-order optimality
condition to obtain

||Wk*”1”% Z MIWk*u’l - 2(5 = A1<Wk*,M> - 25
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By rearranging both inequalities, we get
) . 2
0<A2—1+ (1 - A1<Wk*,M>) + 146 + 4v,
or equivalently
2 12 A 12— (TA 2
0<A2—1+ (1 — Ao Wi 12+ Aq (ak* W |12 — (Wk*,M>)) + 140 + 4v. (2.24)

We separate two cases. In the first case we have o3 > 1, which implies (W, M) > 1 — 56 — 2v
and thus (Wy:, M) > 1 — 66 — 2v by Lemma 2.8 and max{J,v} < 1/4. Since (Wi, M) =
w,. Mwy, this implies A > 1 — 65 — 2v, i.e,, the result is proven. We continue with the case
0= < 1, which implies A0 | Wi+ |3 < 1. Using Lemma 2.8 to bound oy | Wi+ |2 — (Wi, M),
A1 < 1and |Wi||2 > 1 — 29, the inequality (2.24) implies

0< A2 =1+ (1 — A0 + 60 +2v)? + 145 + 4v. (2.25)

Furthermore, by following the computation we performed for the first part in the proof of
Theorem 2.1, we get 03 > A1 — v — 24, and inserting it in (2.25) we obtain

0<A—1+(1 —A%+85+3u)2+145+4u, implying 0 < A7 (A7 — 1) + 386 + 13v.

Provided that 386 + 13v < 1/4, this quadratic inequality (in the unknown A?) has solutions
A2 >1—385 —13v, or A7 < 385 + 13v. O

2.3.4 Computation of local maximizers via projected gradient ascent

Theorem 2.2 confirms, that for sufficiently small §, v, the local maximizers of (2.14) are either
near-rank-one matrices, which, by Theorem 2.1, implies that they are close to one of the matrices
{w1 @ wy, ..., wy @ wy}, or they satisfy A;(M)? < 385 + 13v. Based on these criteria, spurious
local maximizers (local maximizers of the second kind) can be discarded based on their spectral
norm. Hence, to find candidates within W which closely approximate the spanning elements of
W it suffices to find all local maximizers of (2.14). What is left open is the actual computation
of the local maximizers (or approximations thereof), which will be discussed in the following.

Inspired by [54], we propose tackling this problem by a simple iterative procedure closely
related to projected gradient ascent and designed to create a sequence of matrices within W
with increasing spectral norm. More precisely, we will study the following approach Given
a fixed ¢ > 0 and My € WNS, we can generate a sequence of matrices M; € wns, j€N
based on the iterative application of the operator

P (X + yur (X) @ up (X))
| Py (X + yur (X) @ ug(X))|

Mj1 = Fy(M;), where F,(X)= , (2.26)

F

see also Algorithm 2.1. Starting from a point My € W, the next iterate is computed by exalting
the first eigenvalue and then projecting back onto the intersection of the space W with the
Frobenius unit-sphere. Exalting the first eigenvalue refers to the operation where the matrix
yu1(M;) ® u1(M;) is added to the current iterate M;, with ¢ > 0 being a hyperparameter
chosen appropriately.

In the upcoming theoretical part, we prove the following result regarding the matrix iter-
ation produced by Algorithm 2.1.
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Algorithm 2.1: Projected gradient ascent

Input: Py; with arbitrary basis {bi}iz1, m, step-size v > 0, number of iterations |
1 begin
2 | Sample g ~ N(0,1d,,), and let My + Ps(Y}" 4 ib;).
3 | If ||Mp] is not an eigenvalue, do My < —Mp .
4 | forj=1,..,/]do
5 | Mjq1 = Ps(Pyp(M; + i (M) @ us (M;)).
6 end
7 end
Output: u;(Mj)

Theorem 2.4 ([52, Theorem 23]). Let e >0,y > 0, My € WN'S with A(My) > 1/+/2 + € and let
M := Fy (M) as generated by Algorithm 2.1. Then (Mjy1);en has a convergent subsequence, and
any such subsequence converges to a fixed point of F,,, respectively a stationary point of (2.14).

The preceding statement shows that, in the setting above, there are convergent subsequences
of the iteration (2.26) which converge to stationary points. Furthermore, it will be shown
that the iteration induced by F, produces a sequence of matrices with increasing eigenvalues
when started from matrices with a sufficiently large spectral norm. The proof of Theorem 2.4
is broken down into several individual statements and is given at this section’s end. More
precisely, in Lemma 2.11-2.11 we show that for starting matrices M, with positive leading
eigenvalue the iteration (A1(M;))jen is strictly increasing, converges to a well-defined limit Aco,
and that the size of the update || My — M;||r decays. According to Lemma 2.13, convergent
subsequences converge to fixpoints of F,, which we can prove to be stationary points of (2.14).
Let us remark that the operator F, is well-defined, i.e., the denominator is non-zero, as can be
seen from the following result.

Lemma 2.10 ([52, Lemma 17]). Let X € W NS with AM(X) > 0and v > 0. Then

1Py (X + 7 (X) @ un (X)) [ = 1+ 2940 (X) + 97 [| Py (12 (X) @ w (X)) [ -
In particular, F, (X) is well-defined.

Proof. The result follows from (X, Py;(u1(X) ® u1(X))) = A1(X) and computing explicitly the
squared norm || P (X + yuy(X) ®u1(X))Hi O

Our convergence analysis of the sequence (M;);c induced by F, first establishes that the
sequence (A1(M;));en is a strictly increasing sequence as long as the iteration is started from a
matrix with a positive eigenvalue.

Lemma 2.11 ([52, Lemma 20]). Let v > 0 and X € W NS with Ay(X) > 0. Then we have

0 < M(X) < ||Pyp(ur(X) @ur(X))||,  ifand only if  A1(F(X)) > A1(X), (2.27)
M(X) = || Py (X) @ui (X)) || ifand only if  F\(X) = X. (2.28)

In particular, if Ay(Mo) > 0, then the sequence (A1(M;));en is strictly increasing and converges to a
well-defined limit Aeo.

Lemma 2.11 shows that Algorithm 2.1 will produce an iteration with converging eigenvalues
(A1(Mj))jen by monotonicity.
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Proof of Lemma 2.11. For simplicity we denote u := u11(X) and A = A;(X) in this proof. We first
prove that 0 < A < || Py (1 @ u) | p implies A1 (F(X)) > A. It suffices to show that there exists
any unit vector v such that v F,(X)v > A. In particular, we can test F, (X) with v = u, which
yields the identity
uTFy(X)u— A = ||Pp(X + yu @ u) H;l (Pp(X+yu®@u),u®@u) — A

= || Prp(X +yu@u) H;l (X,u@u)+v(Ppu@u),u@u)) —A

= || Py (X +yu@u) H;l (A + 9 || Py (u ® u)le;) -2

A (1 — || P (X +yu® u)HF> + 7 || Py (u @ u) Hi

| Py (X +qyu@u)|;

we can bound

By using now A < || Py (u @ ) Iy

1—|[Pp(X+quu)|,=1- \/HPVAV(X+'yu®u)H;; =1-— \/HX—i—'yPVAV(uG_{)u)HIZD

=1- \/1—1—’)/2HPVAV(L!@)M)HIZE+2'y<X,PW(u®u)> =1— \/1_|_,),2pr(u®u)ui+2,y/\

> 1o\l B E 2y [Patean], = 1- (147 [Ppes)],)’
= —’)/pr\(u(g)u)HF.

Inserting this inequality in the previous identity, we obtain the wished result by

A <1 — || P (X +yu ® ”)Hp) + 9| Py (u ® u)Hi
|Pr(X +yu@u)|,
Ay [P (@ )|+ 7 [|Pr(u ©u)|;
| Pr(X +yu@u)|,

uF,(X)u—A =

(2.29)

> 0.

We show now that F,(X) = X implies A = || Pyy;(u1(X) ® u1(X))|| .. We notice that F,(X) = X
implies A(Fy,(X)) = A, and thus A > [[Pj;(u ® u)||r according to (2.27). Since generally
A < ||Py(u @ u)|F by Lemma 2.6, equality follows. We address now the converse, i.e.,
A= ||Ppu® ”)Hp implies F,(X) = X, and we note that A = [[Pj3;(u ® u)|r implies X =
A~1Py(u ® u) by Lemma 2.6. Using this and the definition of F,(X), we get

_ Pp(X+qu®u) _ (A + )Py (u @ u) _ Py(u®u) _
IPp(X+yueul A+ |[Prweu)lly [Py o),

Fy(X)

To conclude the proof it remains to show A1(F(X)) > A implies 0 < A < ||Py(u @ u)||,. As
A < [P (u @ u)|F and A1 (F(X)) > A implies F (X) # X and therefore A # || Py(u @ u)||F,
then necessarily A < [|P5;(u ® u)||r. We just established that the sequence (A;);c is monotone
in the bounded domain [0, 1] and therefore converges to a limit Ac. ]

Next, we will extend the result from Lemma 2.11, which only relates to the eigenvalues of the
iteration (M;);en, to the iterates themselves.

Lemma 2.12 ([52, Lemma 21]). Let ¢ > 0, Mg € W NS with A1 (Mp) > 0, and let M; = F\,(M;_).
Then we have

lim [[Mj1 — Mj||r = 0.

]—00
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Proof of Lemma 2.12. For simplicity, we denote U; := Py;(u1(M;) @ u1(M;)), Aj = M (M;). To
prove [[Mj.1 — Mj|lr — 0, we will exploit (Aj;1 — Aj) — 0. We first have (||Uj||, —A;) = 0
since (2.29) yields

'VHUJ'HP Y
Mg — Ay > e ) > X (). — A,
=gz e (g, —a) > 22l (1ugl - )

and HU]HF > Aj > Ag for all j. Define the shorthand A; := HUjHF — Aj. We will now show that
HM]'H — M]H F < CAj for some constant C. First, notice that

- luilly - il
HMJ' — A 1UJ’HF =4[1+ (/\].)2F — 24 H(M;, Up) = (A].)ZF —1
] ]
Ui||? — (1;)2 -

Therefore, there exists a matrix E; with M; = /\j—luj + Ejand ||Ej|| <Ay 1./ 2A;. Furthermore,
by the triangle inequality we have

| M1 = Myl < [ My =270+ 25728,
hence it remains to bound the first term. Using M; = /\]flu]- + E; and
Mj1 = [|M; + Uil (M + 1),
we have | M; + ')/UjHF M = ()tj’l +v)U; + E; and thus

H 1M + AU (M1 — Aj—luj)HF - H(Aj—l + U +Ej — H(AJ.—1 + U + EjHFAj—lujHF

<t = o7+ u+ B AT gl + (B
< (O + DI AT = O )+ 20| Bl A7) g+ I
< A7+ (Il AT = 1) Ul + @+ 225" B,

< (At )N IA + (142001 /A

Since HM]' + 'ylleF > 1 according to Lemma 2.10, Mj+1 — MJH — 0 follows. ]

The statement above shows that the updates of the iteration will decay for increasing j, i.e.,
| M1 — M| ¢ — 0 for j — oco. What is left is to make a connection between any potential limit
of the sequence (M;);en and the local maximizers of (2.14). The following Lemma shows that
every convergent subsequence converges to a fixpoint of F,. Through (2.28) Lemma 2.5 and
Lemma 2.6 it is known that these fixpoints are stationary points of (2.14), thereby Lemma 2.13
establishes the desired connection. However, note that this statement relies on the continuity of
F,, which we will address soon.

Lemma 2.13 ([52, Lemma 34]). Let (A, d) be a metric space and F : A — A be a continuous function.
Let (X;)jen be a sequence generated by X; = F/(Xo) for some Xo € A, and assume d(X; 1, X;) — 0.
Then any convergent subsequence of (X;)je converges to a fixed point of F.
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Proof. Let (X;,)ren be a convergent subsequence of (X;)jen with limit X = limy_,o Xj,. Then

the subsequence X;, 1 satisfies d(Xj, 11, X) < d(Xj 41, Xj,) +d(X;, X) — 0 as k — co, and thus
also (X 41)ren converges to X. By construction X 1 = F(X;,). Taking the limit k — oo on
both sides and using the continuity of F, we get

X = fim Xjon = fim (%) = F (Jim X ) = (%)
O

The following statement proves the continuity of F, for arbitrary -y > 0 if we further constrain

the input domain W NS to those matrices which also have an isolated first eigenvalue and
thereby makes Lemma 2.13 applicable to F,.

Lemma 2.14 ([52, Lemma 22]). Let v > 0, € > 0 arbitrary, and define M := {M € WNS :
A(M) > (3 +€)Y/?}. Then F,(X) € Me for all X € M, and E, is |-|| -Lipschitz continuous, with
Lipschitz constant (1+ y/€).

Proof. F,(X) € M. follows directly from Lemma 2.11, i.e., from the fact that the largest
eigenvalue is only increased by applying F,. For the continuity, consider X,Y € M. We first
note that by using [20, Theorem 7.3.1] and A;(Y) < v/1/2 —¢fori =2,...,my we get

| X 4+ 7Py (u1(X) @ ur (X)) = Y — yPyp(ua (V) @ ur () || 5
<X =Yg+ [[ur(X) @ ur(X) — ur (Y) @ ua (Y) ||
| X =Y

Jireie

Furthermore, we have || X + 9 Py; (11 (X) ® u1(X)) Hi > 1 according to Lemma 2.10, and there-
fore Ps acts on X + P (u1(X) ®@ u1(X)) and Y + 7Py (w1 (Y) ® u1(Y)) as a projection onto the
convex set {X : || X||p < 1}. Therefore, it acts as a contraction, and the result follows from

v
<X =Y +7 < (14 2) IX =Yg

1B, (X) = By (V) |l < [| X + 7P (un(X) @ ur (X)) =Y — v Py (un (Y) @ ur (Y)) || .-

O]

Started from an initial matrix with isolated eigenvalue, as described in the setting of Lemma
2.14, we can now apply Lemma 2.13 to prove that any convergent subsequence converges to a
stationary point of (2.14).

Proof of Theorem 2.4. By Lemma 2.14 the operator F, is continuous on M, := {M € WnNS :
A1(M) > (3 +€)71/2} for any € > 0. Moreover, by Lemma 2.11 we have (Mj;1)jen C Me, and
by Lemma 2.12 we have || M1 — M;| ¢ — 0. Therefore, we can apply Lemma 2.13 to see that
any convergent subsequence converges to a fixed point of F,. Moreover, since (Mj;1)jen is
bounded, there exists at least one convergent subsequence by Bolzano-Weierstrass. Finally,
any fixed point M of F, can be written as M = Ay (M)Pj5;(u1 (M) ® u1(M)) by Lemma 2.6 and
Lemma 2.11. Since A1 (M) > 1/+/2, it is an isolated eigenvalue satisfying A;(M) = ||M]||, and
thus M satisfies the first-order optimality condition (2.15) of (2.14) by Theorem 2.3. O
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2.3.5 Discussion of open problems

We developed an analysis of the local maximizers of the perturbed non-linear program (2.14)
that is designed to select near-rank-one matrices from a symmetric matrix space W that
approximates the span of rank-one matrices. It was shown that local maximizers satisfy
M| > 1—cé—c'v, or ||[M||* < c6 4 c'v, where § = ||Pyy — Pyp|lr—r and v originates from
(2.10). Therefore, local maximizers of the first kind are close to the spanning elements for v, é
sufficiently small by Theorem 2.1. We have reason to believe (cf. Section 2.5), that the spurious
local maxima of the second kind cannot be avoided for our setting. In the upcoming sections,
we provide a counterexample for a similar problem (cf. Lemma 2.19). The convergence analysis
of Section 2.3.4 gives guarantees under which subsequences of the iteration (2.26) converge
to stationary points and that the iteration produces a sequence of matrices with increasing
spectral norm under appropriate starting conditions. As it has been pointed out in [52], the gap
between our theoretical guarantees and empirical results suggests that the analysis in Section
2.3.4 is not optimal and that issues could potentially be closed. Three critical open problems
are stated below.

Local maximizers near each spanning element. Our characterization of local maximizers
establishes conditions under which each local maximizer of (2.14) must be close to one of
the spanning elements wy ® wy, ..., w, ® w,. However, we do not prove that all spanning
elements can be associated with one local maximum. A statement of this kind could be
proven by showing that for each k € [m], the objective (2.14) constrained on the compactum
Uy C WNS surrounding Py (wy ® wy) /|| Py (wi @ wy) ||F has at least one global maximum
within its interior Uy \ o0Uj. Let us mention that we provide such a statement as part of the next
sections, which studies a different characterization of the near-rank-one matrices. We believe
that a similar statement could be shown for (2.14), but its proof seems non-trivial due to the
more complicated geometry of the compactum Uj.

Computation of near-rank-one matrices. We did not show that Algorithm 2.1 will always
converge to near-rank-one matrices in the perturbed space. Since this is what is numerically
observed (cf. [52]), we believe such a statement could be achieved by better leveraging the
structure of JV in our convergence analysis of Section 2.3.4.

Computational complexity: Practical considerations. One issue with Algorithm 2.1 is that
the iteration

M1 = Ps(Py(M; + yur (M) @ ui(M;)))
requires the computation of the eigendecomposition at every iteration. This poses a compu-
tational challenge because the computation of the eigendecomposition in higher dimensions
is costly and hard to parallelize. This plays a role since we need to restart Algorithm 2.1 on
average O (mlogm) times (see Remark 2.2) to be able to compute all near-rank-one matrices.

2.4 Subspace power method

Consider again a set of unit-vectors {wy, ..., wy} C SD-1 for m < 2D and a symmetric matrix
space W that approximates the span

W = span{w; @ w1, ..., Wy & Wy }.
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The computation of near-rank-one matrices within W based on the spectral norm, as presented
previously, comes with some issues discussed in the preceding section. We will now focus
a different approach to the rank-one basis recovery problem. The upcoming results address
many of the issues we mentioned beforehand, and we include an in-depth discussion of these
points which is deferred to Section 2.5.4. The approach that we want to discuss within this
section is based on the characterization of near-rank-one matrices as the maximizers of the
program
2

\Wiﬁ Py (u) = ”rLI}Hale | Pyp(u @ u) |7 (2.30)
To the best of our knowledge, using this non-convex program to recover spanning elements in
the context of neural network reconstruction has first been suggested in [49]. Independently,
a more general version of (2.30) has been studied in the broader context of symmetric tensor
decompositions in [77]. Similar to our previous approach, the authors of [77] propose to
compute local maximizers of (2.30) using a projected gradient descent iteration which is called
subspace power method (SPM) and given by

uj = Pgp-1 (u]-_l + 2’)’Pw\(u]'_1 & I/l]'_l)u]'_l), j € Nxo, (2.31)

where v > 0 is a fixed step-size parameter. The primary result of [77] adapted to our problem
setting comes with strong guarantees and can be summarized as the following statement (see
also [50, Theorem 9]).

Theorem 2.5 ([77, Theorem 4.1]). Let W C Sym(RP*P). Let v > 0 be a fixed parameter such that

O(u) + 7 \|u)3 is strictly convex on RP (e.g., v > 1 works) and consider the iteration

uj = Pop1(uj1 +27Pp(uj—1 ®uj1)uj1),  j € Nso. (2.32)
Then the following points hold:

(SPM1) For any ug € SP~! the iteration (2.32) is well-defined and converges monotonically to a
constrained stationary point of 5 at a power rate.

(SPM2) For a full Lebesgue measure subset of initializations ug € SP~1, (2.32) converges to a con-
strained local maximizer of @

(SPM3) If W = W = span{wy @ wy : k € [m]} for m < 3(D—1)D and wy, ..., wy, are sampled
from any absolutely continuous probability distribution on SP~1, constrained global maximiz-
ers of ®y; are precisely +wy. Moreover, each ‘wy. is exponentially attractive, which means
that initializations ug € SP~1 sufficiently close to -wy. converge to +wy with an exponential
rate.

Proof. Note that @5 (1) = X, (" Wyw)? for a basis {Wj : k € [dim(W)]} of W, which implies
that ®y5(u) is a homogeneous polynomial of degree 4. Hence, [77, Section 5] applies. O

Let us provide some context on this statement. By (SPM2), iteration (2.32) started from ug
drawn uniformly from the unit sphere will converge to a local maximizer of the perturbed
objective ®5;. Since (SPM2) holds for all symmetric matrix spaces, it suits our problem setting
and provides us with a statement similar to Theorem 2.4. What remains to show is that we
can extend (SPM3) to the perturbed setting where W resembles only approximately a space
spanned by rank-one matrices. This means we need to show that the local maximizers of ®;
are in some sense close to the local maximizers of ®)y which are given by +w;. Note that
this implies that there is a local maximizer near every spanning element, and thereby directly
addresses one of the open problems stated in Section 2.3.5. The extension of (SPM3) will be
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Algorithm 2.2: Iterating SPM to find all near-rank-one basis approximations.

Input: Py; orthogonal projection onto matrix space W, threshold B>0

1 Set U + @ and m « dim W

2 while || < m do

3 | Sample ug ~ Unif(SP1)

4 Iterate projected gradient ascent

1 <= Popa (1 + 27y Py (1) *2)ut)

until convergence, and denote the vector of the final iteration by 1.
if | Py (292)||7 > B then

5
6 if 1 ¢ U and —it ¢ U then
7 | U<+~ Uu{n}
8 end
9 end
10 end
Output: U/

the central topic of the upcoming section. The combination of all the guarantees then allows us
to formulate Algorithm 2.2 that repeatedly draws random initializations from the unit sphere
and, under the right conditions, will return all near-rank-one matrices in the perturbed matrix
space (cf. Remark 2.2). This algorithm will play a fundamental role in the identification of neural
network weights discussed in Chapter 3 and Chapter 4. Lastly, let us mention that the results
of [77] have recently been extended in [76] to include the perturbed case in the tensor setting.
We will separately state relevant parts of their results in Section 2.6.

2.5 Perturbation analysis of the SPM objective under deterministic
frame bounds

In this section, we prove an extension of (SPM3) to the perturbed case. We will assume the
same incoherence assumptions as before. Consider unit-norm vectors wy, ..., w; € SP-1 that
satisfy the deterministic frame condition (2.10) for some v < 1 (implying m < 2D). Under this
setting, and assuming the approximation WaW = {wi @wy, ..., wy ®wy} is sufficiently
accurate, we prove the following main result.

Theorem 2.6 ([50, Theorem 10]). Let span{ws, ..., wy,} C SP~1 satisfy (2.10) with v < 1 and
denote W := {w1 @ wy, ..., Wy @ wy}. Let W C Sym(RP*P) satisfy || Py — Pw|, ,, < 0 and
assume that v and & are small enough to satisfy

1 2
v+17+116<1  and 5<22(1— v ) .

For each k € [m] there exists a local maximizer u; of ®y5; with ®ys(uy) > 1 — 6 within the cap

1_
Uy := {u€5D13<M,wk> 2 (1_35>1+Z}'
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Furthermore, for any constrained local maximizer u € SP~1 of @5 with Op(u) > 715 and basis
expansion Py (u @ u) = Y31 0 Py (wy @ wy) ordered according to 01 > ... > 0y, we have

2V, 02+ 26
. (2.33)
(1—v)(1—67% —186) — | [6r= + 185 — 26

The proof is broken down into several components and given at the end of Section 2.5.3. This
result shows that there will be a local maximizer in the vicinity of w; whenever §,v are
sufficiently small. More precisely, we provide an error bound between the leading eigenvector
of the matrix induced by Pj;(u ® u) (where u is such a local maximizer) and +wy. Like
Theorem 2.2, Theorem 2.6 does not exclude the presence of spurious local maximizers.

min ||u —sw <
se{-11} | 1l <

2.5.1 Optimality conditions

First, constrained stationary points and local maximizers in Theorem 2.5 are derived from the
Riemannian gradient and Hessian with respect to S?~1. More precisely, consider any smooth
function f : RP — R, then u € SP~! is a constrained stationary point of f w.r.t. SP~1 if and
only if

Vep-1f(u) := (Idp —uu" )V f(u) = 0. (2.34)

SDfl

Furthermore, u is a constrained local maximizer of f w.r.t. if and only if it is a constrained

stationary point and the Riemannian Hessian given by
Vo f(u) := (Idp —uu") (V2f(u) — (u, Vf(u))Idp) (Idp —uu') < 0, (2.35)

is negative semidefinite. For our context, it will be enough to compute (2.34) and (2.35) for
®.;; (see Lemma 2.16 and the corresponding proof) and for further details on Riemannian
optimization we refer to [4].

Our first step in proving Theorem 2.6 is to reformulate the general optimality conditions
we stated in (2.34) and (2.35) in such a way that we can leverage them in our analysis. We start
by computing the first- and second-order derivative of ®;.

Lemma 2.15 ([50, Lemma 11]). Let W C Sym(RP*P) and take u € SP~1. The gradient and Hessian
of Dy : RP — R satisfy

V@W\(u) = 4P)7V\(M & M)M,
0" V20 (u)o = 8 || Py (u @ 7))”12E +40 Py(u®@u) forall ©veSPTL (2.36)

Proof of Lemma 2.15. To compute the gradient, we first note that
9u; Py (1) = 2(Pp;(u @ u), 0y Py (u @ u)) = 2(Pp;(u @ u), 0y (u @ u))

Furthermore, we have au]. (uu) = Ut uURe), where ¢j is the j-th standard basis vector.
This implies the result by

9y, Py (u) =2(Pp(u@u),e;@u+u®ej) = 4ejTPW(u ® u)u.

For (2.36) we use an arbitrary orthonormal basis {Bj,..., By} of W and write Vo5 (u) =
4y (u ®@u, By) Byu. Differentiating again with respect to u;, we obtain the rows of the Hessian
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as

m m N
Ju; <Z<u®u,Bk>Bk> u= (Z(u@u,Bk)Bk> ej + ( ((u®ej—|—ej®u),Bk>Bk> u
k

=1

m
= Pw\(u [} M)Ej + ZkZ:(Bku)jBku,
=1

which implies V2®y5;(1) = 4Py(u @ u) + 8 Y} Byu ® (Byu). Multiplying with v from the left
and the right, it follows that

m
vTvzd)W(u)v = 4?)pr(1/[ ®u)v + 8k21<u ®0,B)? = 4?)pr(1/[ @ u)v+8 || Py (u @ v) Hi .

O]

The constrained optimality conditions follow now from a straightforward computation by
plugging in V&5, Vzd)w into (2.34) and (2.35):

Lemma 2.16 ([50, Lemma 12]). Let W C Sym(RP*D). A vector u € SP~1 is a constrained
stationary point of ®; if and only if

Py (u @ u)u = HPVAV(”®”)H12:”' (2.37)
Furthermore, u € SP~ is a constrained local maximum of @ if and only if
HPVAV(u(X)u)Hi ZZHPVAV(u®v)H§+UTPW(u®u)U forallv € SP 1 witho L u.  (2.38)
Proof of Lemma 2.16. According to the last result we have V®5;(u) = 4P);(u ® u)u. Following
the definition of constrained stationary points in (2.34), u € SP~! is a constrained stationary
point if and only if
(Idp —u @ u)VPy;(u) =0 or  4Py(u®@u)u —4 || Py (u @ u) Hi u=0.
Similarly, u € SP~! is a constrained local maximum if and only if for any v € SP~! we have
o' (Idp —u @ u) (V?®y;(u) — (u, VOy;(u)) Idp) (Idp —u @ u)o < 0. (2.39)
Since Idp —u ® u is the orthogonal projection onto span u= (2.39) is actually equivalent to

0! (V2®@y(u) — (u, VOy5(u)) Idp) v <0 forany v € SP~! witho L u.

Using (1, VOy;(u)) = 4 || Py (u @ u) i, this is equivalent to

2
UTVZQDW(u)v — 4Py (u @ u) HF <0
or by the Hessian formula (2.36) in Lemma 2.15,

4| Py(u w7 > 8 |[Py(u @ 0) |7 + 407 Pry(u @ w)o.
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Lemma 2.16 provides a very useful characterization of the spectral decomposition of Py;(u ® u)
whenever u is a stationary point or local maximizer. For any stationary point u* € SP~1 of Dy
we have according to (2.37)

Py (u* @ u)u* = || Py (u* @ “*>H§ u*.

Hence, u* is an eigenvector of Py;(u* ® u*) with eigenvalue given by || P (u* ® u*) Hi Addi-
tionally, if u* is a local maximizer, then it is the eigenvector corresponding to the maximal
eigenvalue of Pyg;(u* @ u*). This follows from the argument: Assume v is another eigenvector
of P5;(u* ® u*) corresponding to a different eigenvalue, then v will be orthogonal to u* since
Py (u* @ u*) is symmetric. Then (2.38) yields to the inequality

o' Py(u* @u*)o < ||Prp(u* @ u*)Hi

2.5.2 Describing the optimization landscape

Next, we will prove the presence of one local maximizer near each of the spanning components
{w1, ..., wn} provided 4, v is sufficiently small. This follows by considering Dy constrained
onto a compact set surrounding wy and then showing that the global maximizer of the
constrained functional is not attained on the boundary of the compact set.

Proposition 2.1 ([50, Proposition 16]). Let {ws, ..., wy,} C SP~1 satisfy (2.10) and denote W :=
{wy @ wilk € [m]}. Let W C Sym(RP*P) be a subspace with ||Py; — Pw||,_,, < 6, and assume v
and ¢ satisfy

dv+1v2+60 < 1.

For each k € [m] there exists a local maximizer ;. of @y with P55 (uy) > 1 — 6 within the cap

1—
Uy = {uGSDl Hwwe) 2 <1_3‘5>1+Z}'

The proof follows below and can be summarized as follows: First, note that due to the
compactness Uy, the constrained objective u — |[Py;(u ® u); over Uy must have a global
maximum within Uy. We show that || Py (u @ u)||F < || Py (wx @ wy) | for all u € oUy, where
oUj denotes the closure of the compactum U,. This implies that the constrained global
maximizer is not attained on the boundary ol and, therefore, must be contained in Uy \ oUj.
This implies that the unconstrained objective u — || Py (1 ® u)% over SP~1 must have a local
maximizer in Uy. This proof for Proposition 2.1 benefits from the following auxiliary result,
which expresses the objective value ®)y(u) in terms of the Gramian matrix of the elements
w(?,..., w22 The proofs use some concepts of Gramian matrices and the Gershgorin circle

theorem, which will be discussed in more detail in Section 2.6.1.

Lemma 2.17 ([50, Lemma 13]). Let {wy : k € [m]} C SP~1, assume {wy @ wy : k € [m]} are
linearly independent, and denote W := span{wy ® wy : k € [m]}. Denote Gyy := {wy, wy)? as the
Gramian matrix of {wy @ wy|k € [m]}. Then we have

Dy (u) =BuG B for  (Bu)i:= (u,wy)’. (2.40)
Proof. We first write the Frobenius norm as an optimal program

P = Z, P = Tz
[Py (1@ u)|p rzréj%< w(u @ u)) rzne? u Zu
I1Z|[3=1 I1Z][3=1
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and express Z = Y ' | 0wy @ wy in terms of the basis coefficients oi. Then using

m m m m
I1Z|7 = tr (Z kW @ Wy Y, Twy ® W) =Y Y 0ouGy =o' Go,
/=1 k=1/¢=1

k=1

we can formulate the initial program as an optimal program over coefficients oy by

Py(u®@u = max auw = max (0,
[Py (4 @ u)]|¢ GU<1kE (1, wi)? [max ().

This is a linear program with quadratic constraints. The Karush-Kuhn-Tucker (KKT) conditions
imply (2.40), see also [80]. ]

Proof of Proposition 2.1. Letk € [m] arbitrary. We can prove the statement essentially by showing
the inequality || Py;(u @ u)||F < || Py (wy @ wy) || for all u € 9Uy because the compactness of Uy
implies the existence of a global maximizer on Uy, and with ||P;(u @ u) |7 < || Py (wi ® wy)||7
for all u € dlU, the global maximizer is contained in Uy \ dU;. Hence, it must be a local
maximizer of u — || Py; (1 @ u)||F over SP~1. First, note that the perturbed objective at wy is
bounded from below by

1Py (0 @ 1) | = || P (0 @ i) [[F = || Pow(wic @ i) | — || Py (e @ i) |
—1- (pr(wk @ wy)||2 + || Py (wy @wk)m
=1— |[(wp @ wy, (Pw — Pypy) (wr @ wy))| > 1—6.

In the last equation, we used the self-adjointness of the ortho-projector and in the inequality, we
applied the Cauchy-Schwarz inequality. Next we establish an upper bound for || Py; (1 © u)||%
for u € Uy. We note that with the Gramian matrix Gy, := (wy, w;)? of {wy @ wy|k € [m]} and the
vectors By := (u, wy)?, the unperturbed objective can be written as ||Pyy(u @ u)||2 = B G718
according to Lemma 2.17. Furthermore, Gershgorin’s circle Theorem (cf. Section 2.6.1, Theorem

2.9) implies for any eigenvalue A of G that there exists k € [m] such that

m
|1 —A| = |Gkk—)t| < Z<Z(Jg,wk>2 <.
£k

G|, < (1 —v)~! and the noise-free objective can be bounded by

1Py ) 7 = ﬁTG‘lﬁ < HG”H 1813
1+1/

o 1Bl -

In the last inequality we used frame condition (2.10), which implies ||B|; = Y7L, (u, wi)? <
1+ v. To bound ||B]|., note first that

m 1—v _3v4+1v2+36
< 2 (u,w)? <1 —(1-35 <
max iy < é;(ﬁg L (ww® = fww)® s 14— (1=30) 377 < =

7

which implies with the assumption 4v +v2 + 66 < 1

-V > 1-36—v . 1-66—v+30 > max ;.

= 1—-36
Br = (u,wi)? > ( 3) T+ i = T+ na
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Hence, ||B||, = (u, wi)?. It follows that for any u € Uy, we get

| Py @[} < [Pw(u @ )|} + {HPA (@ u)[[}— 1w (u © )7

1+v
< T Bl +0 =7

+
é.
V(M wy)® +
Comparing || Py (wy ®wk)Hi and || Py (u ®u)Hi for u € oUy, where (u, w)? = 17%(1 - 39),
yields

Su| < 1w +5=1-25 <15 < |[Bp(wr @ w2

|| Py (1

2.5.3 Proof of the Theorem 2.6

To proof Theorem 2.6, we first show a result similar to Theorem 2.2, where it was shown that
the local maximizer of argmax,,_y;¢ [|M|| have either a dominant eigenvalue or a uniform
spectrum. The theorem below essentially establishes the same type of characterization. How-
ever, it further relies on the fact that the leading eigenvalue of any local maximizer of (2.30)
can be expressed in terms of the objective value according to Lemma 2.16.

Theorem 2.7 ([50, Theorem 15]). Let {wy, ..., wy} C SP~! satisfy (2.10) and denote W = {wy ®
wilk € [m]}. Let W C Sym(RP*P) satisfy ||Pyy; — Pyllp—r < 6 and assume that v and & are small
enough to satisfy

3v 1 3v )’
— +11 1 —([1- 241
Ty o<1 and ‘5<22< 1+v> 41)
For any constrained local maximizer u € SP~1 of D55 we have
1+v v
D5 (u) §91_V<5 or D(u) > 1—61 1/ —180.

Before stating the proof, we introduce the following auxiliary result.

Lemma 2.18 ([50, Lemma 18]). Assume the settings of Theorem 2.1 and Theorem 2.7. Let Py;(u &
u) = Y oWy for some u € SP~1 and denote Ay := A (Pyy(u @ u)). Furthermore, assume
1—6> Ay > 3HY6. For any index k* with |oy| = |||, we have oy > 0 and

O < 7 i V(u, Wi )? + %5. (2.42)
Proof of Lemma 2.18. Denote M = Py(u @ u) = Y-, oW, and define Z = Y il Oxwi @ wy as
the unique matrix in W with P;;(Z) = M. We first note that the statement is trivial if ||o|,, = 0
since this implies 03 = 0 for all k € [m] and thus M = 0. So without loss of generality, we
may assume |||, # 0 in the following. We will first show oy > 0 by contradiction, so let
us assume 0y < 0. Using the frame condition (2.10) and {ws, ..., wy} C SP—1 to show the
estimate

{Z, Wy @ W) — O+

E o (W, wk*>2

kK

<ol Y (i, wie)* < |0l v, (2.43)
k£k*
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and combining this with || Z|| < (1 —6)"1A;(M) < 1, we can bound ||¢||, by

0]l = |00 | < |05 — <u,wk*>2‘
< op — (Z, e @ Wi )| + |(Z, wper @ W) — (P(2), wier @ Wi ) |
+ [ (P (4 @ 1), Wi @ W) — (P (u @ ), W @ W)
<vlo|le+IIZl|6+6 < vl + 26.

(2.44)

Hence, |0, < 12,6, which further implies a bound on A; by

m
A = max ' Py(u®u)o = max Y_ o (W, 0®0)

llvll,=1 loll,=1 25
m m -
< max Y_ o(wy, v)> + max Y ox (Wi — w ® wi, v ® )
llv]l,=1 k=1 floll,=1 k=1
1+v 1+v
< 1 P~(Z) — Z, <2 0+06<3 0.
< ol (1+0) + max (By(2) ~ Zvs o) <21 Lo+ s <3ttt

This contradicts the assumption of the statement and, therefore, we must have o« > 0. For the
estimate (2.42) we can reuse parts of (2.44) to obtain

‘O'k* —(u, wk*)Z) < ||| V420 = opev + 26,
which implies
(1—v)o < (u, w ) +26.
U

Proof of Theorem 2.7. Consider a constrained local maximizer u € SP~! of (2.30) and the repre-
sentation of Py (u ®u) = Y3, 0 Wj given by the basis expansion induced by Py;; and assume
w.lLo.g. the coefficients are ordered according to o3 > ... > 0,,,. Furthermore, denote by
Z = YL, 0wy @ wy the unique element in W with Pi5;(Z) = Py (u ® u). The proof of Theorem
2.7 leverages the second-order optimality condition (2.39) for v = wy-, where k* is any index
with ||o]|e = |o%+|, to construct a quadratic inequality for (wj«, u)?, which can only be satisfied
by (i, u)? =~ 1 or (wy+, u)? ~ 0. These inequalities, combined with the fact that ||¢||c = |0%+|,
imply A1 := A1(Pyp(u ®@u)) ~ 1 or Ay = 0. By the optimality conditions in Lemma 2.16, we
have ® (1) = A; and thus the same bounds are transferred to the objective value. Let k* be
any index with |||/« = |0}+|. We first notice that the statement is trivially true whenever

1
A1§31+”

) or A >1-9,

which implies we can concentrate on the cases 1 —6 > A1 > 3%5 in the following. Under this
condition, Lemma 2.18 implies |0+ | = 0} = maXe (] 0k = 01 (note the ordering o1 > ... > o).
Furthermore, using Lemma 2.18 and additionally the frame condition (2.10), we can estimate
A1 in terms of (u, w;)? according to

M o=u'Py(u®@u)yu=(Z,u®u)+ (Py(Z) — Z,u@u) < i o(we, u)* + || P (Z) — Z||
k=1

1 1
+V<u,w1>2+3 —H/é

< 1 Z||, 0 < ,
<a(1+v)+1Z],0 < 1 —

(2.45)
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where we used ||Z||, < (1-46)"'Ay < 1and 1 < 1 in the last inequality. Using the
perturbation estimates

‘ || Py (4 @ wy) Hi — 1Py (1 @ wy) ||%‘ = |[(Py(u@w;) — Py(u@w),u®@we)| <5, (246
] Py @ w)wy — wy,u?| = |(P(u@ ) — Pp(u@u),w@w)| <5, (247)
which hold for any ¢ € [m], the optimality condition (2.39) with v = w; implies
A1 > 2||Pp(u @ wl)Hi — 2A1 (wy, u)? + w] Py (u @ u)wy
> 2 || Py (u @ w1)||% — 2A1 (w1, u)? + (wy, u)? — 26.

Furthermore, by ||Pyy (u @ w1) ||12D > |Py (4 @ w)||* > (u,w1)? and the bound (2.45) for A4, this

becomes
1+v
1-—v

1+v 1+ 1+v
25 2 _ _
(u,w1)" > 3{(u, wy) 21_1/(14 wy ) 61_ ( , W) T

After dividing by 11 and simplifying the terms we obtain

(u, wy)? > 31 (u w1)? — 2(u, wy)* — 115,
hence < > (u, w1)? — (u,wy)* —11/28
1—01)(u ZU1> <u,w1>4—cz,
with constants ¢; := % and ¢, := 11/24. This quadratic inequality for (u, w1)? has the

solutions
(u,w)> <cp =11/25, and (u,w)>>1—c; —c3 — (c1 +2¢2)*> > 1—2¢; — 3¢y,

provided that § < 21—2(1 — c1)2 and c; +2c; < 1 as implied by the condition (2.41) in the
statement. In the first case, where (1, w;)? < 11/24, the estimate for A; in (2.45) gives
1+v 1+ 1/ 1+v 1+v

5<11/2 0+3 0<9 0.
1—v 1—v

14+v
M<
1S g e

On the other hand, the second case implies (u, w1>2 > 1 —2c¢1 — 3cp and therefore
Ay > wlTPVAV(u @ u)w; = w{ Py (u @ u)wy + w; (P (u @ u) — Pyy(u @ u)) wy

> (u,w1>2—(521—2c1—3cz—(521—6%—35/25.

O]

In Theorem 2.1, the distance of any X € W to +w, ® wy gets quantified in terms of the spectral
gap A1 — A2. We can directly utilize the characterization of the spectrum in Lemma 2.16 in the
form of the following corollary.

Corollary 2.2 ([50, Corollary 1]). Assume the setting of Theorem 2.1 and let u € SP~1 be a constrained
local maximum of ®y;. We have

min ||u —sw |, < V2 |02l /v +26
se{-11} (1—v)Dy(u) - \/qDW(u)(l — @y (1)) — 26

whenever the denominator is positive.
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Proof. Recall from Lemma 2.16 that the optimality conditions of ®y5;(u) imply u is the most
dominant eigenvector of Py (1 @ u) corresponding to eigenvalue Ay = || Py (u @ u) |2 = D5 ().
Furthermore, the second-largest eigenvalue is bounded by

D
2
Y2 =Py (u @) |2~ A2 = [y () (1 — @ ().
i=2
The remaining part of the statement follows from Theorem 2.1 with X = Py;(u ® u). O

Proof of Theorem 2.6. The theorem is a straightforward consequence of Corollary 2.2, Theorem
2.7, and Proposition 2.1 below. Namely, Proposition 2.1 implies the existence of a local
maximizer u; in U; and thus the first part of the statement. By Theorem 2.7, we have
@5 (u) > 1 — 671 — 186, and inserting this into Corollary 2.2 yields the second part. O

2.54 Intermediate Discussion

Let us summarize the findings above and how they relate to Algorithm 2.2. Consider the
setting of Theorem 2.6. We know that for J,v small enough, there will always be a local
maximizer of (2.30) close to one of the original spanning elements with an objective value close
to one. This addresses one of the open issues mentioned in Section 2.3.5. Furthermore, by
combining (SPM1) and (SPM2) from Theorem 2.5, we know that by for any starting point
uy € SP~1 the SPM iteration (2.32) will converge to a stationary point. Additionally, for a full
Lebesgue measure of initializations, the iteration will converge to a local maximizer of (2.32).
This guarantees that repeatedly starting the SPM will compute certain local maximizers. The
fact that spurious local maximizers cannot be avoided as part of the perturbed setting can be
seen in the following example.

Lemma 2.19 (cf. [50, Lemma 17]). Let w € SP~! and W = span{w @ w}. There exists a subspace

W C Sym(RP*P) with || Py — Py, < 2V/6 so that D has a constrained local maximizer with
objective value 9.

Proof. Choose u € SP~! with u | w and define M = /1 —éw ® w — v/ou @ u with the
corresponding subspace W := span M. Taking arbitrary A € RP*P with ||A|, = 1, the
subspace perturbation between ¥V and W can be upper bounded by

|Pw(A) = Py(A)|| = H(l V1= (wew, Awew— ﬁ(u@u,A)u@uH
<1-V1-06+V6<2V6.

We now check that u is a local maximizer of ®y;. The corresponding matrix appearing in

D5 (u) is

Pp(u@u) = (Mu®@u)M = —VoM = —V5V1 - bw@w+duu,

which shows that u is an eigenvector of Py;(u ® 1) to eigenvalue § = || Py;(u @ u)||7. In other
words, u satisfies (2.37) and is thus a stationary point. Taking now any g L u, we have

2P (u@q)|;+q" Py(u@u)g =2(M,u®q)* = Vov'T—5(w,q)?
= VoV =d(w,q)* <4,

which shows that u also satisfies constrained second-order optimality as in (2.16). Hence, u is a
local maximizer with ®;(u) = }|Pw(u ® u) Hi =0. O
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To filter spurious local maxima, Algorithm 2.2 filters out all vectors which do not belong to a
certain level set {u € S| || Py (u ® u) Hi > B} of the underlying objective. The recent result
in [76], extending upon the result in Theorem 2.6, does provide a threshold on the objective
value, which makes this selection precise.

Theorem 2.8 (cf. [76, Theorem 7]). Let wy, ..., wy, € SPLand W = span{w; @ wy, ..., Wy @
Wy, }. Consider W C Sym(RP*D) with § = ||Pyy — Py |lF—F. If the vectors wy, . .., wy fulfill the
incoherence condition (2.10), such that 446 4+ 60v — 1206v < 1, then (2.30) has exactly 2m second-order
critical points in the super-level set where

43 — 60v
b~(u) > ——46. 24
w) = T, (2.48)

Each of these critical points is a local maximizer of (2.30). Furthermore, for each such point u* € SP~1,
there exists one k € [m] such that

min _|lu* — swi| < V6.

se{—-1,+1}

Proof. The statement follows from [76, Theorem 7] by setting n = 2, p» = v. O

Hence, by the statement above, there exists a constant C(v) > 0 depending only on v, such that
all local maximizers with objective values @5 (1) > C(v)d are O(9) close to the components
twy, k € [m] of the original spanning elements (cf. [76, Remark 8]). This implies that for
sufficiently small v, J, the threshold B in Algorithm 2.2 can typically be chosen as constant
(for instance, B = 1/2). Finally, let us note that Chapter 4 will include two numerical sections
where Algorithm 2.2 is applied successfully in the regime m < 2D.

2.6 Extension of SPM to the overcomplete regime

The analysis of Algorithm 2.2 in the preceding sections only applies to the case m < 2D. One
reason for that is that the incoherence condition (2.10) in Section 2.1.1 is not applicable once
the number of spanning elements wy ® wy, ..., Wy, @ Wy, exceeds O(D). To address the regime
m = o(D?), we will now introduce a different set of incoherence conditions, which are inspired
by properties of isotropic random vectors [76]. Under these assumptions, we state an additional
result form [76], which gives average-case guarantees for Algorithm 2.2 that hold for the highly
overcomplete regime D < m < 0(D?) (see Theorem 2.10). The extension to the overcomplete
regime was fundamental for the work [51], which will be discussed in Chapter 3.

2.6.1 Incoherence in the overcomplete setting

In this section, we present a way to quantify the incoherence of a set of unit vectors wy, ..., wy
and their outer products (this includes the rank-one matrices wy ® wy but also more general
rank-one tensors w;") by entries and the spectrum of the associated Gramian matrix. The
Gramian matrix G associated with a set of vectors w1, ..., w, € RP is a symmetric matrix with
entries given by the inner products G;; = (w;, w;), i.e., we have

(wy,w1) ... (w1, wy)
G: : .. : elRme

(W, w1) oo (W, Wiy)
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This can easily be extended to matrices or higher-order tensors of the form w{”", ..., wi" which
are associated with the Gramian matrix G, given by the entries

(Gn)ij = (w?”,w?”) = (wj,w;)", neN,i,je [m]

The spectrum of the Gramian G is connected to the frame bound (2.10) of Section 2.1.2: Recall
that the condition in (2.10) is a bound on the sum of the squared inner products (x, w)?. Let
us denote by W the matrix with columns given by wy, ..., wy,, i.e, W = (wy] ... |wy,) € RP*™
For any x € RP, we can then write

m m m
Y (x, wy)? Z (x@x,wp @wg) =x" <Zwk®wk>x:xTWWTx.
k=1 k=1 k=1

As seen directly from the identity above, the matrix WW T € RP*P is symmetric and positive
semidefinite since x ' WW Tx > 0 for all x € RP. Therefore, WW T has a spectral decomposition
with non-negative eigenvalues, which can be arranged in descending order

Anax(WWT) = MH(WWT) > o > Ap(WWT) = Ain(WWT) > 0.

Elementary linear algebra yields the bound
m
0 < Ap(WWT)[x|3 < Z x, we)* < A (WW ) [[x|3. (2.49)

Let us now assume an overcomplete setting with m > D. Due to G; = W' W, we can rewrite
(2.49) using the Gramian matrix such that

m
0 < Ap(Gy)l|x|3 Z x, wi)* < A (Gr) |1 x[I3,

which closely resembles the expression in (2.10). If (2.10) holds for v < 1, then
Ap(Gr)llx[l7 < (1—v) < (1+v) < M(Gy).

The right-hand side of the last equation is what controls the overall separation of the vectors
wi, ..., Wy since v < A1(Gp) — 1, and in that sense, we can interpret A1(G1) = ||G1]| as
a measure of the incoherence of the vectors wy, ..., w,. Note that we have A1(G1) = ||G1||
because the Gramian matrix is always positive semidefinite. The characterization of incoherence
can be generalized to higher-order outer products (tensors) (w;")kem)-

Lemma 2.20 (cf. [51, Lemma 16]). Let wy € RP for k = 1,...,m, and denote by G, € R™ ™ the
Gramian matrix associated with (W™ )e (), which is given by (Gn)xe = (wi, wy)". Then, for any
n-mode tensor T € ®j}_; RP, we have

m
Y AT, wi™)* < A(Ga) TR (2.50)
k=1

where A1(G,,) denotes the largest eigenvalue of Gy.

Proof. First, note that we can express the Frobenius inner product as an ordinary inner product
over RP" with the help of the vec(-) operator, since (T, w;") = (vec(T), vec(w;")). Let us
denote

W, = (Vec(w?")

’ Vec(w®”)> e RP"™>m, (2.51)
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Then, the following chain of inequalities holds

i (T, wi™)? = Y (vec(T), vec(w"))?

= i Vec(T)T VeC(w]?n) VeC(w;(?n)T vec(T)

= vec(T) W, W, vec(T)
< Wy Wall - [| vee(T) |3 = IW, WalllITIZ.

Since ||W,] Wy || = ||Gy|| = A1(Gy), this finishes the proof. O

Hence, the spectral norm of the Gramian provides a bound on SUP | 7y|,=1 Yl (T, wg™)? that
is similar to our frame bound in (2.10). We already mentioned, that the incoherence between
wi", ..., wy" increases with n when the components (wy) ke[m) have unit norm. This can be
seen from the Gramian matrix since the off-diagonal values G, will vanish for increasing n
assuming |(wy, wy)| # 1 for all k # ¢. Furthermore, the characterization of incoherence by
Gramian matrices encodes another important property of the ensemble w(”, ..., wi". More
precisely, it is easy to prove that the elements w{"™", ..., w}" are independent if and only if their

Gramian matrix is positive definite. This relates to our prior result Lemma 2.2.

Lemma 2.21. Let wy,...,w, € SP~1 and n € N, then the tensors wi@”,...,w%” are linearly
independent if and only if their Gramian matrix G, is positive definite.

Proof. Denote by W,, the matrix in (2.51). First, note that w?”, ..., wy" are independent if and

only if vec(wi™), ..., vec(w") are independent. Consider any vector ¢ € R™ \ {0}, then

m
Y oxvec(w") = Wyo.

Now we can write (W,0)" (W,0) = ¢' G,o. If G, is positive definite, then W, ' # 0 for all
o € R™\ {0}. Thus, w?", ..., wy" must be linearly independent. Likewise, if wl S, W are
linearly independent, then W o # 0, and therefore o' G,0 = ||W,0]|3 > 0 for all c € R™ \ {0}.
The last part implies Amin(G,) > 0. O

Building upon this result, we can prove that linear independence will always persist when we
consider higher-order tensors.

Lemma 2.22 (cf. [51, Lemma 2]). Consider tensors wi™, ..., wy", where wy € SP~! for all k € [m]
and n € N. If w{", ..., wi" is linearly independent, then w?”/, ., w2 are linearly independent
for all n' > n. In particular, the minimal eigenvalues of the respective Gramian matrices fulfill the
inequality

Amin(Gn’) > Amin(Gn) > 0.

Proof. By Lemma 2.21, the Gramian G, of the tensors {w?”, ..., WY is a positive definite
matrix. Our proof relies on the fact that higher-order Gramian matrices can be decomposed
using the Hadamard product. In particular, we have G,; = G,, ® G,,_,y. Since Apmin(A ©® B) >
min; 2;;Amin(B) for any pair of positive semidefinite matrices A, B, see [14, Theorem 3], we thus
have

Amin(Gn’) = /\min(Gn O, Gn’—n) > /\min(Gn) min <wk, wk>n'—n — )\min(Gn) > 0.

ke [m]
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For unit-norm vectors wj, ..., w, the Gramian matrices G, will always have ones on the
diagonal. This allows us to bound the spectrum of the Gramian matrices based on the mutual
incoherence max;( || (wy, wy)|| by using Gershgorins circle theorem [58]. This classical result
states that every eigenvalue of a complex square matrix must lie in a disk centered at one of
the diagonal elements with a radius given by the L'-norm of the off-diagonal elements within
the respective row.

Theorem 2.9 (cf. [16, Theorem 0]). Let G be a complex m x m matrix with entries Gyy. For k € [m],
let Ry be the sum of the moduli of the non-diagonal entries, i.e., let

Ri =) |Gl
7k

Then each eigenvalue z of G lies in union of circles

‘Z - gkk‘ S Rk/

for all k € [m].

2.6.2 Average case guarantees for SPM in the overcomplete regime.

To be able to extend their SPM analysis to the overcomplete regime m = o(D?), the authors
of [76] rely on the strong incoherence present in an ensemble of vectors that can be modeled
by isotropic random distributions. In Section 2.1.2, we already mentioned that isotropic
random vectors in high dimension can be regarded as nearly orthogonal. For instance, two
independent vectors x, y drawn independently uniformly at random from the unit sphere will
fulfill |(x,y)| = O(D~'/2) with high probability. Definition 2.3 below states three properties
regarding the mutual incoherence and the Gramian matrix, which hold for up to o(D?)
independent realizations of a uniform distribution on the unit sphere with high probability (cf.
Proposition 2.2). Aside from enabling the main statement in this section (Theorem 2.10), the
properties in Definition 2.3 will play a central role in Chapter 3. Let us first introduce a variant
of the restricted isometry property (RIP) for matrices.

Definition 2.2 (RIP). Let W € RP*™, 1 < p < m be an integer, and 5 € (0,1). We say that W is
(p, 6)-RIP if every D x p submatrix Wy, of W satisfies [|W, W, —1d, || < 6.

Definition 2.3 (Properties of isotropic random weights). Let W := [w1] ... |wy] and (G =
(wy, wy)". We define the following incoherence properties:

(Inc1) There exists c; > 0, depending only on 6, such that W is ([c¢1D/ log(m)],)-RIP.
(Inc2) There exists c; > 0, independent of m, D, so that maxy..¢(w, we)? <o log(m)/D.
(Inc3) There exists c3 > 0, independent of m, D, so that HG;1 H <3, foralln > 2.

Let us consider unit-norm vectors w1, . .., w, € SP~! that fulfill (Inc1) - (Inc3). The vectors are
almost maximally separated by (Inc1) and (Inc2). This can be seen by comparing the bound
on the mutual incoherence (Inc2), which states max; . (wy, wy)? < cplog(m)/ D, to the Welch
bound (2.8) we presented in Section 2.1.2. Plugging in m = D? into (2.8) yields a maximal
mutual incoherence bound given by

)| < |2 ~ , 2.52
max| (wy, we)| < (2.52)
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which only differs from (Inc2) by a constant and log-factors. The bound on the spectral norm of
H G, 1 H in (Inc3) does imply that the Gramian matrix G, of the matrices w ® wy, ..., Wy @ Wiy,
is positive definite due to |G, 1H = Amin(G2)~!, which implies Amin(Gy) > 5 1 Thus, by
Lemma 2.21 of the last section, the matrices wy ® wy, ..., w, ® wy, are linearly independent.
The mutual incoherence can directly be translated to an upper bound on the spectrum of the
Gramian matrices, as the following application of Gershgorins circle theorem (Theorem 2.9)
shows:

Lemma 2.23 (cf. [51, Lemma 17]). Let w; € SD_lfor k =1,...,m be unit vectors, and denote by
G € R™™ the Gramian matrix associated with (W™ )xe ), which is given by (Gn)ge = (wy, wy)".
Assume that the vectors wy, . .., wy, fulfill (Inc2) of Definition 2.3, then there exists an absolute constant
C > 0 only depending on cy in (Inc2) such that

n/2
1Gall < C (1 +m (1025)’”) ) .

Proof. The result follows directly by Theorem 2.9 since the diagonal elements must be 1 and

/2
the off-diagonal elements are bounded in absolute value by (cz longm) " O

This shows that Definition 2.3 covers all necessary conditions on which we relied throughout
Section 2.5. The following statement due to [76] establishes all three properties (Inc1) - (Inc3)
for vectors drawn independently from the unit-sphere as long as m = o(D?).

Proposition 2.2 ([76, Proposition 13]). Let wy, ..., wy, be drawn independently from Unif(SP~1).
If m = o(D?), then, for any arbitrary constant § € (0,1), there exist constants C > 0 and Dy € N
depending only on § such that for all D > Dy, and with probability at least

D\ -V
"D> (2.53)

1—m' —2exp(—CéD) —C ( N

conditions (Inc1) - (Inc3) hold with constants cp,c3 < C.

Let us conclude this chapter with one of the main results from [76], which extends the
guarantees for SPM and Algorithm 2.2 to the overcomplete regime.

Theorem 2.10 ([76, Theorem 16]). Let m, D € IN such that m logz(m) < D?. Assume wy, ..., Wy
satisfy (Inc1) - (Inc3) of Definition 2.3 for some J,c1,c2,c3 > 0. Then there exists &y, depending
only on cy,c3 and Dy, Ay, C which depend additionally on c1, such that if 6 < éy,D > Dy and
| Pw = Pyl . < Ao, the program (2.30) has exactly 2m second-order critical points in the superlevel
set

{wes”™| | Pp(ueu)|l; = Cmlog?(m)/D? +5||Pw — Pyl } - (2.54)

Each of these critical points is a strict local maximizer for argmax,, gp 1 HPVAV(u ®@u) Hi Furthermore,
for each such point u*, there exists a unique k € [m| such that

Ser{n_i{}l} |u* — swyl, < \/HPW — PVV\HF—W' (2.55)

A detailed discussion of the proof is beyond the scope of this work since their proof is stated in
a more general setting that has tensor decompositions in mind. For details, we refer to [76].

We defer the discussion concerning this result to the next section, where we summarize the
findings of this chapter.
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2.7 Conclusion

Let us now summarize our results on the recovery of a rank-one basis from a perturbed matrix
space. The present chapter covers two algorithms (Algorithm 2.1 and Algorithm 2.2) to tackle
the recovery of the spanning elements wy ® wy, ..., Wy, @ wy,, or equivalently +wy, ..., Twy,
from a matrix space

WaW = span{wi @ Wy, ..., Wy @ Wy, }.

The first approach, is centered around the characterization of near-rank-one matrices within W
given by

argmax |[M|| st. |[M|; <1,M € W. (2.56)

Our characterization in Theorem 2.2 of local maximizers of (2.56) establishes conditions
under which each local maximizer of (2.14) must be close to one of the spanning elements
w1 @ wWy, ..., Wy @ wy. However, there are still some open questions (discussed as part of
Section 2.3.5) within our theory regarding the computations of the local maximizers. As a
reminder, our guarantees for Algorithm 2.1 in Theorem 2.4 only show that the iteration

P (X + yur(X) ® us (X))

M = F,(M;), where F,(X)= HPW(X—I—’YTM(X) ®u1(X))‘

) (2.57)

F

has increasing spectral norm and converging subsequences that converge to stationary points
of (2.56). Strictly speaking, Theorem 2.4 does not guarantee convergence to local maximizers.
Additionally, iteration (2.57) is expensive to compute since (i) optimization is done in matrix
space and (ii) we need to compute a SVD at every iteration.

The second approach (Algorithm 2.2) we presented is based on the non-linear program

Hm”ax1 || Py (e @ u)| i, (2.58)
ull=
and seeks to find the components tw;, ..., fw, € gb-1 by iterating

Ujrr = PSDA (M] + zva\(uj X Mj)lxl]‘), (259)

from random initializations uy € SP~1, which is referred to as the subspace power method

(SPM) [77, 76, 50]. This approach is favorable in terms of computational complexity since
every iteration only relies on linear operations and a projection on the respective unit-sphere.
This makes Algorithm 2.2 applicable to relatively high dimensional problems. For extensive
numerical experiments with SPM, we refer to Section 3.6, Section 4.2.3, and Section 4.4. Another
benefit of SPM over the method discussed in Section 2.3 is stronger theoretical guarantees
associated with SPM. In particular, by [77] (see Theorem 2.5), iteration (2.59) will converge to a
local maximizer of (2.58) for almost all random initializations ug € SP~! (cf. (SPM2)).

SPM under deterministic frame conditions. Throughout Section 2.5, we provide an extension
to the original results of [77] with Theorem 2.6, proving that, under the deterministic frame
condition (2.10) (implying m = O(D), cf. Lemma 2.3) and for sufficiently small perturbations
6 = ||Pyw — Pyl|r—F, the local maximizers of (2.58) within a superlevel set of the objective (2.58)
will be close to the spanning components +wj, ..., =w;,,. Spurious local maximizers (i.e., local
maximizers not belonging to said superlevel set) can be filtered via thresholding (cf. parameters
B in Algorithm 2.2). The fact that spurious local maximizers are not a theoretical artifact and
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can generally not be avoided was shown in Lemma 2.19. Theorem 2.8 from [76] provide a
slightly better lower bound on the superlevel set, which shows that, for §, v sufficiently small,
setting p = 413_76600;’5 will filter all spurious local maximizers in Algorithm 2.2. Note that SPM
will monotonically converge according to (SPM1). Hence, for ¢ sufficiently small, most random
starting points 1y € SP~! will lead to a SPM iteration that stays within the superlevel set that

does not include spurious local maxima.

Average case guarantees for SPM for random isotropic components up to m = o(D?).
Within the framework where the components wy, ..., w;,, € gh-1 satisfy the deterministic frame
condition (2.10), the number of components is limited to the linear regime, more precisely,
(2.10) requires m < 2D. Recently, in [76], the perturbation analysis of SPM has been extended
to the overcomplete regime where the number of components is allowed to scale up to
mlog®>m = O(D?). We stated this result in Theorem 2.10. This statement relies on several
incoherence conditions (cf. Definition 2.3) that, by Proposition 2.2, provably hold for isotropic
random vectors in high dimensions such as wy, ..., Wy ~iid. Unif(SP~1) with high probability.
The subspace power method, in the overcomplete regime, benefits from the same theoretical
guarantees (SPM1)-(SPM2) that were given in Theorem 2.5. However, one notable difference is
that the cut-off point of the superlevel set, which allows us to distinguish between spurious
and non-spurious local maximizers, now depends on m, D. In particular, according to (2.54) in
Theorem 2.10, non-spurious maximizers are contained in the set

{u - SD’l‘ || Py (u ® u)Hi > Cmlog?(m)/D? —|—55},

for some constant C > 0 depending on the incoherence of the components wy, . .., w;,. Clearly,
asm log2 m approaches D?, the size of the superlevel set quickly shrinks. Consequently, random
starting points of SPM g ~ Unif(SP~!) do not lie within such a superset with high probability.
This affects the choice of the threshold parameter  in Algorithm 2.2. Let us mention, however,
that such an effect is partially expected due to the fact that for m = D(D — 1)/2, the rank-one
basis recovery problem becomes ill-posed since dim(Sym(RP*P)) = D(D —1)/2 (see the
related discussion in Section 2.1.1). Hence, for m = D(D — 1) /2, every vector u € SP-1 would
be a global maximizer of (2.58) since u ® u is rank-one and contained in . Let us note that we
manage empirically (see Figure 3.3 in Section 3.6) to recover all components wy, ..., w, up to
the regime where m = 2/5D? for sufficiently high dimensions (e.g., D = 50) with a threshold
of B = 0.99. This shows that, for sufficiently small J, the filtering of spurious local maximizers
is still possible close to the information theoretical limit m = D(D — 1) /2.

Computational complexity of SPM. Assuming ¢ is sufficiently small and D is sufficiently
large, then all repetitions of SPM where 1 1og? (1) = o(D?) will compute a non-spurious local
maximizer for almost every starting point uy € SP~!. Every individual repetition of SPM
runs in polynomial time. If wy, ..., w,, are well separated, then we can assume that retrieving
every local maximizer is almost equally likely. Hence, based on our argumentation in Remark
2.2, we expect to find all components after ©(m logm) repetitions of the SPM iteration. This
makes the overall runtime of Algorithm 2.2 polynomial in this regime. For the regime where
mlog®(m) = @(D?), there are cases where random initializations 1y € SP~! lie outside the
superlevel set mentioned above with high probability. In principle, this could imply that one
needs an exponential number of restarts of SPM to compute non-spurious local maximizers,
which would result in a non-polynomial runtime. Let us mention that we do not encounter
such cases in our experiments in Section 3.6. In fact, we observe that SPM does manage to
compute all m = 2/5D? components (drawn uniformly at random from the unit sphere) in
dimensions D = 35,40, 45, 50 in the order of seconds from 5m log m repetitions. One additional
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benefit of SPM is that the iteration (2.59) can easily be run in parallel and leverage computing
on graphic cards: Each step of SPM performs the operation u; + 2P (u; ® uj)u; followed
by a projection onto the unit sphere. Note that the projection Pj;(u; ® u;) can be written as
a matrix-vector product by considering the vectorized orthogonal projection instead. This
requires only minor modifications of Algorithm 2.2 and will be discussed in Section 4.3.1.



Chapter 3

Efficient reconstruction of wide shallow
networks

In this chapter, we consider the identification of shallow neural networks of the type

m

f: RP = R, f(x):= Zg((wk,x> + ), (3.1)
k=1

where w1, ..., w, € SP~1 are unit-norm weights and 11,..., Ty € R are bounded shifts. We
study the regime where the number of neurons m scales like mlog? m = O(D?). As the main
result of this chapter, we present a end-to-end recovery pipeline that comes with theoretical
guarantees for smooth activations of sigmoidal type and sufficiently incoherent weights. More
precisely, we assume a setting where the weights are drawn uniformly from the unit sphere
and therefore fulfill the incoherence properties that were previously discussed in Section 2.6.1
with high probability. Our recovery pipeline relies on active sampling to approximate network
derivatives (cf. Section 1.4) and is based on a decoupling of the network parameters that can be
broken down into three consecutive phases: In the first phase, we recover the network weights
by reducing their identification to the rank-one basis recovery problem that was studied in Chapter
2. This reduction was already introduced in Section 1.5. More precisely, we rely on Hessian
approximations of the network to construct a matrix space

W~ span{w; @ wy, ..., Wy @ Wy, }. (3.2)

The weights can then be recovered up to sign by iterating SPM (cf. Algorithm 2.2 and Chapter
2). In the second phase, the signs of the weights and initial estimates for the shift parameters
are computed using algebraic evaluations leveraging certain properties of the activation func-
tion (we assume g satisfies properties commonly found in sigmoidal activation functions) and
higher-order directional derivatives of the network. In the last phase, the shifts are computed by
empirical risk minimization via gradient descent. We present a local convergence analysis that
guarantees convergence to the ground-truth biases when combined with the shift initializations
of the second phase. The convergence analysis is based on a linearization argument which
relies on techniques common in the neural tangent kernel (NTK) approach.

This chapter is based on joint work with Massimo Fornasier, Timo Klock, and Marco Mondelli
that appeared as a preprint in [51]. Several of the theoretical proofs within this chapter, which
originate from this work, are stated verbatim as in their underlying reference, indicated within
the definition of the statement. We provide several discussions that add context to the technical
statements. Notably, we also address one open problem stated in [51] and related literature
[52, 54, 50]. More precisely, we prove that for non-polynomial activation functions, the Hessians

77
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of the network do provide sufficient information for the approximation in (3.2) whenever the
weights are sufficiently incoherent.

3.1 Introduction and preliminaries

Chapter 1 includes a discussion that outlines how the identification of neural networks and the
analysis of the teacher-student model provide insight into the generalization capabilities of
neural networks. However, most known results in the teacher-student setting are limited to
shallow neural networks where the number of neurons m does not exceed the number of inputs
D or depends at most linearly on D, i.e., we have m = O(D). Hence, a natural next step is an
extension to the overcomplete regime where D < m < D?. Recall that most existing approaches
to the teacher-student problem mentioned in Chapter 1 rely on tensor decompositions. Tensor
decompositions are either used to compute the network weights directly [8], or to find suitable
initialization for SGD. Tensor decomposition in the regime D32 < m < D? is known to be
computationally hard [93]. Hence, it remains unclear whether existing results based on tensor
decompositions can be applied to efficiently recover networks in the regime D3/2 < m < D?.
Additionally, the numerical experiments in Section 1.3.1 give evidence that the recovery of all
network parameters via SGD is not straightforward whenever D32 < m < D2,

Another unexplored area is the identification of networks with shifts. What makes neural
networks theoretically interesting is that they act as universal approximators (cf. Section 1.1.2).
However, to the best of our knowledge, the universal approximation theorem does only hold
for networks with shifts. A common technique is integrating shifts into the network weights by
adding an additional constant input. For example, consider a neuron with activation g, weight

w and shift T, then
stmr+0 = (((3) (V).

At first, this suggests that the recovery of shifts is a by-product of weight recovery. How-
ever, note that proving recovery guarantees for the network weights typically build upon
distributional assumptions on the network weights. A widely used assumption is that the
network weights can be modeled as independent samples of an isotropic random distribution.
Absorbing the shifts into the weights will break many of the desirable properties connected with
those distributional assumptions (e.g., a loss of mutual incoherence).

In this chapter, we will address the recovery of a shallow neural network

m

fiRP =R, f(x) =) g(wex)+7), (3.3)
k=1

with sufficiently smooth non-polynomial activations, bounded shifts, and incoherent weights
wy, ..., wy € SP71 in the overcomplete regime. Under the setting introduced in the next
section, we give guarantees for the recovery of the weights and shifts that can be informally
summarized as follows:

Theorem 3.1 (Informal). Let f be the shallow network as in (3.3) with D inputs and m neurons such
that mlog® m = O(D?). Then, for sufficiently large D, a constructive algorithm exists recovering all
weights and shifts of the network with high probability from O(Dm? log® m) network queries.

Following the steps discussed in Section 1.5, our recovery pipeline finds weight approximations
by solving the problem studied throughout Chapter 2 via SPM (cf. Algorithm 2.2). The
weight recovery is the determining factor for the computational complexity of the pipeline
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that will be presented. For reasons discussed in Section 2.7, that makes the computational
complexity of our overall pipeline polynomial in m and D in the regime m = O(D). In the
highly overcomplete regime, where m log2 m < D?, then global convergence of Algorithm 2.2 is
guaranteed by Theorem 2.10 assuming that spurious local maximizers are filtered (this relates
to B in Algorithm 2.2) as in (2.54). Let us mention that we empirically observe an efficient
recovery of networks close up to the information-theoretic limit m = 1/2(D — 1)D (see Section
3.6). This suggests that the analysis of Algorithm 2.2 might not be optimal. For more details
on the computational complexity of the SPM approach, we refer to Chapter 2 (in particular
Section 2.7). Before we describe our recovery pipeline and state our main theoretical result
(Theorem 3.2), we will first introduce our problem setting throughout the upcoming section.

3.1.1 Problem setting: Shallow neural network model

Let us start by formally introducing our problem setting. The upcoming conditions are
separated into two categories. First, we describe the class of networks considered in the technical
sections. This includes assumptions about the network parameters as well as conditions
concerning the activation function. Second, we state which information is accessible to recover
the network parameters.

Network model. We consider planted shallow neural networks f(x) = ;" ; g¢({wy, x) + )
with bounded shifts T, ... Ty € [—Te, +Te) for some known 7, > 0 and assume, that the
network weights are drawn uniformly at random from the unit-sphere

W1, o, Wiy ~iid. Unif(SD_l).

Let us note that the size of the interval [T, +Ts| only depends on the activation function g
but not on m, D. Assuming that the weights can be modeled by isotropic random vectors of
fixed size simulated generic unit-vectors for which we can expect strong mutual incoherence:
Recall that by Proposition 2.2 in Section 2.6.1, ensembles of isotropic random vectors fulfill
(Inc1) - (Inc3) of Definition 2.3 with high probability. In particular, (Inc2) implies the existence
of a constant C > 0 such that the mutual incoherence of wy, ..., w;, is bound by

2<Cl D.
max{wg, wy)” < Clog(m)/
This allows us to regard the weights as almost orthogonal for sufficiently high dimensions.
Additionally, by Lemma 2.21 the property (Inc3) implies the linear independence of the systems
{w"|k € [m]} for all n > 2. We refer to Section 2.6.1 for more details. Aside from these
assumptions, we also require that the shallow neural network f satisfies the following points:

Assumption 3.1 (Shallow network model (cf. [51])).

(SNM1) The activation function satisfies ¢ € C>(IR) and its first three derivatives are bounded. We
denote

< o0. (3.4)

K = max Hg(”) .

ne(3]

Furthermore, the second derivative g(z) is strictly monotonic on the open interval (—Too, +Teo),
g\ is strictly positive or negative on (—Teo, +Too) and there exists a sign's € {—1,+1} such
that for all T € [—Teo, +Too| we have

s =sgn </H;g(1)(t + 1) exp(—t2/2)dt> .
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The first two derivatives of tanh

10 tanh(x) /’
05 tanh")(x)
)

0.0

—-0.5
[—Too, +Too]
—-1.0
-3 -2 -1 0 1 2 3

Figure 3.1: Interval of recoverable shifts visualized for the tanh(-)-activation.

(SNM2) Denote by P, the set of polynomials of degree n or less. We assume that g,gV),¢® ¢ Ps.
Furthermore, we assume that g (-) := g(- + 7) € Lo(R, wg) for all T € [—Teo, +Too|, where
wg(t) := exp(—#2/2), i.e., we have

/ g(t)?exp(—t?/2)dt < 0o for all T € [~Teo, +Teo).
R

(SNM3) The Hessians of f have sufficient information for weight recovery, i.e., there exists an o > 0
such that

A (Exonona) [vec(V2£(X))*2)) > a > 0. (3.5)

Note: This assumption is directly implied by (SNM1)-(SNM2) under sufficiently incoherent
weights (cf. Remark 3.1 and Theorem 3.5.)

Let us first discuss the type of activation functions that satisfy (SNM1) and (SNM2). Condition
(SNM1) unites several properties that are fulfilled by activations of sigmoidal type (see Example
3.1 below): A certain degree of smoothness is necessary for our approach, as we will consider
higher-order derivatives of the network. The upper bound on the derivatives in (3.4) allows us
to rely on the Lipschitz continuity of ¢ and its derivatives to simplify many of the technical
statements. We require the strict monotonicity of ¢(2) on the interval (—Teo, +To) to be able to
infer the shifts T € (—Teo, +Too) from the value ¢(? (7). Empirically, we do not observe that this
assumption is necessary. However, this assumption allows us to compute an accurate initial
estimate of the shifts, which is necessary as our local convergence analysis of GD comes with a
small convergence radius. Therefore, it remains necessary as part of our theoretical analysis.
The two assumptions on g1 in (SNM1) allow us to simplify several technical statements
involving Hermite coefficients (cf. proofs throughout Section 3.4.6 and Section 3.4.4 for a
definition of Hermite coefficients) and could potentially be dropped at the price of more
complicated expressions in our guarantees. Lastly, condition (SNM2) implies several properties
which characterize the Hermite expansion (see Definition 3.2) of the activation function and its
derivatives. More precisely, we require that g belongs to the L, space weighted by the Gaussian
kernel wg(t) := exp(—%) and therefore admits a Hermite expansion. Furthermore, assuming
that ¢(1), ¢(® cannot be represented by polynomials of degree three or less implies that the
Hermite coefficients do not vanish too fast, which we exploit to prove lower bounds on the
second moment matrices Ex.. x/(o,14)[Vec(V" f(X))“?], where n = 1,2 (cf. Section 3.4.5).

Example 3.1. Classical examples of activation functions that fulfill (SNM1)-(SNM2) are sigmoidal
functions. These functions are generally smooth and bounded functions with bounded derivatives. In
most cases, these functions are also strictly monotonic, implying that there is no sign-change of g).
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For typical representatives of this class, such as the hyperbolic tangent g(x) = tanh(x) or the sigmoid
function g(x) = 1/(1 4 exp(—x)), one can also check that the remaining conditions are satisfied for
a suitable choice of Teo. More precisely, for the invertibility of ¢?) we need to choose T = 0.6 for
g(x) = tanh(x) and 1 ~ 1.5 for the sigmoidal function g(x) = 1/(1 + exp(—x)).

To provide more context on (SNM3), let us consider a network of the form (3.1). Then the
Hessian takes the form

m

V2 (x) = Y P ((x, wi) + Tie) wie ® w.
=1

Condition (SNM3) guarantees that sampling sufficiently many Hessians of the network at
random inputs provides enough information to approximate the space

W = span{w; @ wy, ..., Wy @ Wy} C Sym(RP*P).

This reduces the weight recovery to the rank-one basis recovery problem studied throughout
Chapter 2. Condition (SNM3) is common in the related literature [52, 54, 50, 8].

Remark 3.1. Assumption (SNM3) is, in fact, a direct consequence of (SNM1)-(SNM2) under fairly
mild conditions. This implication is proven in Theorem 3.5 and addresses one open problem stated in
[54] and related literature [52, 50]. Notably, Theorem 3.5 provides a lower bound « that does not
depend negatively on D, m.

Accessible information. The next assumption summarizes what information about the
network can be accessed and reflects the points discussed previously in Section 1.4.

Assumption 3.2 (Network queries allow derivative approxiamtion).

(G4.1) We can query the network f and the activation g at any point without noise, and the number of
neurons m is known.

(G4.2) We assume access to a numerical differentiation method, denoted by A"[-], that computes the
derivatives for n = 1,2,3 up to accuracy € > 0. To be more precise, we require that the
derivatives of g with respect to a vector input x € RP fulfill

HV”g(wa) — A"[g(w"x)] HF < Ca |0z e, (3.6)

where Cp is a universal constant only depending on the activation through x (see (3.4)).
Furthermore, for any b, tg € R the derivatives of t — g(bt) can be approximated as

— A"[g()](to)| < Cab"*2e. (3.7)

=fp

‘ gbt

We also assume that the numerical differentiation method is linear, i.e., it satisfies
A'la-g+h] =a-A"[g]+ A"[H], (3.8)

for any functions g, h and scalar a € R. Finally, the numerical differentiation algorithm requires
a number of queries proportional to the dimension of the approximated derivative, i.e., O(1) for
partial derivatives and O(D™) for n-th order derivative tensors.

In summary, the preceding conditions guarantee that we can approximate network derivatives
up to an error that scales like € times a factor depending on the dimension of the derivative.
We will not further specify the numerical differentiation method. All the properties in (G4.2)
are fulfilled by a standard central finite difference scheme.
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3.1.2 Summary: Overview and main result

Consider a shallow network f satisfying the conditions of the preceding section. The recovery
of the weights wy, ..., w; € SP-1 and shifts 7, ..., T, is tackled in a three-step procedure.

Weight recovery (Section 3.2). As already outlined in the introduction, the first step of our
network identification is the recovery of the weights. Following ideas from [54, 52, 50] (cf.
Section 1.5), we tackle this problem by reducing it to the rank-one basis recovery problem of
Chapter 2: Here, the approximation

WaW = span{w; @ wy, ..., Wy @ Wy},

is computed by selecting the m-th singular subspace of the space spanned by approximations
of network Hessians, i.e., we have

W = span,, {A?f(x1),..., 5% f(xn,)} -

In Section 3.2, we show that, for Nj, sufficiently large and x1, ..., xn, ~iiq. N (0,Idp), this leads
to an approximating space W such that

HPW - PW\HF%F <Vm/a-e w.h.p.

Notably, as the parameter € is under our control, the approximation error can be made
sufficiently small. We then recover the individual weights from ¥ by using Algorithm 2.2,
which repeatedly samples independent starting points 19 € SP~! and iterates the SPM iteration

uj = Pgp-1 (u]-_l + 2'yPVAV(u]-_1 X uj_l)uj_l), j € Nxo,

to compute local maximizers of the objective u — || Py (u @ u)||7. Algorithm 2.2 comes with

guarantees up to the regime mlog® m = O(D), more precisely, Theorem 2.10. We combine these
results in Theorem 3.3, which states that, under suitable conditions, this approach eventually
leads to weight approximations @y, ..., W, € SP-1 such that

min ||wg — sy, < (m/a)%e/? forall k € [m],
se{-1,+1}
where & > 0 is taken from the lower bound in (SNM3) and can be regarded as a constant
independent of m, D (cf. Theorem 3.5). The overall weight recovery is summarized in Algorithm
3.2 and constitutes the first step in Algorithm 3.1.

Recovery of the signs and initial estimation of the shifts (Section 3.3). The second step
assumes that we are given weight approximations @y ~ sjwy, ..., Wy ~ s, w; where sy, ..., s, €
{—1,+1} are unknown signs. These weight approximations can be interpreted as downstream
results of the weight recovery. Furthermore, we assume that the original weights, as well as
the approximated network weights, are incoherent according to (Inc2)-(Inc3) of Definition 2.3.
This assumption is justified because the incoherence of (wy) ke[m) 18 needed for the guarantees
concerning the weight recovery (and therefore, it is already incorporated in Theorem 3.3),
whereas the incoherence of the ensemble ()<, can be enforced by choosing e sufficiently
small (cf. Lemma 3.2). Based on these assumptions, we recover the original signs sy, . ..,s; and
an initial estimate of the shifts 7, ..., Ty € [—Tw, + 7o) €xploiting a linearization argument and
the (local) invertibility of ¢(® (cf. (SNM1)): We start by retrieving an estimate to the vectors
C»,C3, which are defined as

Coi:=sig"™ (%), forke[m], ne{23}.
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We show that C,, C3 reveal the signs and shifts assuming condition (SNM1) holds. This can be
seen quite easily: Assume we are given s7¢(?)(11),53¢® (11). Then s2¢'?) (11) = ¢ (71) due to
(+1)? = 1 and inferring 7; from g(?)(71) is possible whenever g(?) is locally invertible. Once
71 is known, we can solve s; g(3)(T1) for s;. For n € {2,3}, we recover C, approximately by
solving two linear systems involving the Gramian matrices Gy of the ensembles (w™) ke[m]-
More precisely, we show that

éncn ~ Tn/

where T, denotes the vector storing the n-th directional derivative approximation of the network
at the input x = 0 along the directions @y, ..., ®;,. The initialization step is summarized in
Algorithm 3.3. The perturbation analysis provided in Section 3.3 shows that, for suitable
conditions, Algorithm 3.3 leads to correct recovery of the original signs sy, .. .,s, and provides
us with shift initializations £ = [%1,..., %] of the ground truth shifts with an approximation

error that scales like

1/2 ,,,7/4

. €2 m
HT_ THZ 5 al/% D3/4/

up to poly-logarithmic factors.

Refining the shift via empirical risk minimization (Section 3.4). Based on the weight
recovery and initialization step, we now assume we are given weight approximations @, ~
wy, ..., Wy = Wy since the ambiguity of the signs has been resolved in the initialization step.
During the last step, the weight approximations will remain fixed, and the objective is to further
improve upon the shift estimation. The shifts are then refined by empirical risk minimization
in a teacher-student setup: We define the parametrization

flx,t) =Y g(s(p, x) + %), 3.9)
k=1

representing the student network. This model is then fit against the teacher network f by
minimizing the least-squares objective

](f) - 2Ntrain ;

1 Ntrair\ n . 2
(f(Xi) - f(XZ-,T)) ,  where X1,..., Xn.. ~iia. N(0,1dp),  (3.10)

via gradient descent. In Section 3.4, we provide a local convergence analysis of the associated
gradient descent iteration

) = 200 vy (2), (-11)

where v > 0 denotes a step-size parameter. Assuming the setting discussed in Section 3.1.1,
we then prove the following result (cf. Theorem 3.4): For the unperturbed case, where teacher
and student weights are identical, we prove that (3.11) converges to the original shifts T at a
linear rate when started from an initialization #(*) given by our initialization step. For the
perturbed case, we prove that (3.11) started from our initialization will remain within distance
Ay of the original shifts T, where Ay is an error term depending on the accuracy of the weight
approximation. A discussion of the term Ay is included at the end of this section and in
Section 3.4.2. The proof of local convergence relies on a linearization argument of the objective
J around the true shifts 7, which allows us to relate the behavior of (3.11) to the spectrum of
the matrix

Ex o1 [Vef (X, 7). (3.12)

In Section 3.4.5, we rely on tools appearing in the neural tangent kernel (NTK) theory [73] to
prove a lower bound on the minimal eigenvalue of (3.12).
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Algorithm 3.1: Network reconstruction

Input: Shallow neural network f defined in (3.1), numerical differentiation method
A"[-] with accuracy €, number of Hessian locations Nj, and gradient descent
samples Ntram, number of steps for refinement via gradient descent Ngp.

1 Compute weights W = [@, ... |@,] using Algorithm 3.2;

2 Find signs § and initial shifts T € R™ by linearization through Algorithm 3.3;

3 Set W « W diag($) and construct a student network f as in (3.9) with parameters W, %;

4 Draw samples xi, ..., xn,,,, ~ N(0,Idp) and refine the shifts of f by minimizing J(%)
(cf. (3.10)) via gradient descent for Ngp steps (cf. Section 3.4). Denote by #[Nao] the
final iterate.

Output: Weights W and final shifts £[Noo of £.

Main result Let us now state our main result, which is achieved by combining all three steps
discussed above in Algorithm 3.1.

Theorem 3.2 (cf. [51, Theorem 2]). Consider the teacher network f defined in (3.1), where
Wy, ..., wy ~ Unif(SP~Y) and ©,..., Ty € [~Teo, Teo). Assume g satisfies (SNM1) - (SNM2)
and f satisfies the learnability condition (SNM3) for some « > 0. Assume we run Algorithm 3.1 with
N, > t(m + m?log(m)/D) for some t > 1 and Nygiy > my/D. Then, there exists Dy € N and a
constant C > 0 only depending on g and 7o such that the following holds with probability at least
1—m~' —2D%exp (—min{a,1}t/C) — Cm?exp(—+/D/C): If m > D > Dy, Cmlog’m < D?,
and the numerical differentiation accuracy € satisfies

1/2 s 1/2
< D2 min{1,a }, (3.13)

Cm®/21og(m)3/2

then Algorithm 3.1 returns weights and shifts (W = [@y] ... |dy,], £ (Nep)) that fulfill
max [ —wila < C(m/w)"/*e!?, (3.14)
S
m?/4D1/4el/2 @Nep
(Ncp)

It ” =1l <C ( al/ANL/2 + a2 T Aw 1) (3.15)

for some permutation v and some constant & € [0,1) where

/2 loe (m)3/4 1/2 m
A= "B (w2 | ), eas)
k=1 2
m
Awo =Y [{wp — D, wp — )] . (3.17)
kK’

The statement of Theorem 3.2 combines the results from Theorem 3.3, Proposition 3.1 and
Theorem 3.4. The proof has been deferred to Section 3.5. Before continuing with the theoretical
discussion of each pipeline step, let us provide some context on Theorem 3.2. The output

of Algorithm 3.1 is a set of weight approximations @ ~ wy, ..., Wy, ~ w, € SP~! and shift

approximations fl(NGD) ~T,. T;NGD) ~ T, where Ngp € IN denotes the number of gradient

descent iterations computed in the third step of the pipeline. Since the numerical accuracy € > 0
is up to our choosing, the condition in (3.13) can be satisfied, and the weight approximations
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can be made arbitrarily accurate. What remains is the final error bound in the shifts. According
to (3.15), we have

H,LA.(NGD) 1l < <m7/4D1/4€1/2 gNep +AW1)
T ~ 1/471/2 1/2 ’ :
& / Ntrain m

Due to the dependency on €!/2/ Ntlrgizn, the first term can be made suitably small. Similarly,
the second term will vanish at an exponential rate after sufficiently many gradient descent

iterations (¢ < 1). Hence, we can assume that the dominant factor in this bound is Ay ;.

Discussion of Ay 1. The factor Ay ; originates from the perturbation analysis of the gradient
descent iteration (3.11) in Section 3.4. For simplicity, let us assume the permutation in Theorem
3.2 is such that 7t(k) = k for all k € [m], which can be achieved by relabeling the parameters
accordingly. First, note that the term Ay ; can be bounded in terms of the uniform weight
approximation error dmax = MaXe[y |k — wi||. Clearly, if dmax = 0, then Ay = 0. If we
assume that dmax scales like (3.14), then one can compute (cf. Section 3.4.2) a crude upper
bound that scales like

1/2 ,,7/4
e’“m
AW,l S “1/4 D1/4 (318)
up to poly-logarithmic factors. This shows that Ay ; can be made arbitrarily small for a suitable
numerical accuracy € > 0. However, the bound on Ay ; in (3.18) is generally not optimal, as it
assumes the worst-case where the weight approximation errors can align perfectly. In this case,
expressions like || Y} wy — @y ||2 suffer from error accumulation.

Remark 3.2. The scaling of Aw 1 plays an important role when comparing the error of the shifts after the
initialization step to the error bound after running gradient descent. We discuss this dynamic in greater
detail in Section 3.4.2, where it is shown that gradient descent does lead to a guaranteed improvement
whenever we assume randomness of the weight errors.

The underlying results on which our weight recovery is based (cf. Theorem 2.10 and [76]) do
not specify the distribution of the errors induced by SPM. However, empirically we do not
observe error accumulations (see Figure 3.5 and Section 3.6 and the related discussion). An
appropriate random model for the residual weight errors based on the scaling in (3.14) would
be

D(1) = W, -+, Dy — Wi ~iia. N'(0, (m/)Pe/D - 1dp).
Since these random variables satisfy

(1/4) .1/2 172, (1/4)
. m(1/9e e2m
E [Hwn(k) - wkHZ} = WEXNN(O,MD) [[[X]l2] = A

which reflects the upper bound in (3.14). Under these assumptions, the factor Ay ; scales like

Awi S

1/2 3/4 5/4 7/4
e'/*log”*(m) <m m >, (3.19)

/4 D1/4 + D
which is an improvement of a factor of O(D~3/4) over (3.18). We refer to the discussion in
Section 3.4.2 for more details.
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3.2 Weight identification

Consider a shallow neural network f : RP — R of the form

NgE

flx) =) g({x,wr) + )

k=1

that satisfies the conditions stated throughout Section 3.1.1. This section addresses the recovery
of the weight vectors wy, ..., w, € SP~! up to sign for sufficiently high dimensions, and our
results apply to the regime where the number of neurons m scales up to mlog®>m = O(D).
We show that for our setting, the recovery of the weights wy, ..., w,, (up to sign) based on
network queries can be reduced to the rank-one basis recovery problem, which was studied in
Chapter 2. This reduction has already been discussed in Section 1.5 and relies on the fact that
the Hessians expose the weights as

V2 f(x) = i §® ((wi, x) + Tie) wie ® Wy
=1

In Lemma 3.1 below, we prove that this can be leveraged to construct an approximation
W C Sym(RP*P) to the space spanned by the rank-one matrices {w; ® w|k € [m]}. The
recovery of +wy from W is then tackled by Algorithm 2.2. This approach is covered by
the recent results from [77] that extend the analysis of SPM to the overcomplete regime
m = o(D?) (cf. Section 2.6 and Theorem 2.10). More precisely, in Theorem 3.3, we prove that
our recovery strategy (which is summarized in Algorithm 3.2) computes weight approximations
W1, ..., Om € SP~1 such that

min ||wg — sy, < (m/a)%e/? forall k € [m],
se{-1,+1}

where a, € are defined in Section 3.1.1. Our result holds with high probability for isotropic
random vectors in high dimensions and relies on the mutual incoherence of the system
{wy ® wy|k € [m]} that has previously been covered in Section 2.6.1.

3.2.1 Reduction to the rank-one basis recovery problem

This section is concerned with quantifying the approximation error || Py — Pyg|[r—F (defined in
(2.6)), where W denotes the symmetric matrix space

W = span{w; @ wy,..., Wy @ Wp }, (3.20)

and W C Sym(RP*P) is its approximating space constructed as the m-th singular subspace
of independently sampled Hessian matrices. For a definition of singular subspaces, we refer
to Section 1.1.1. Consider Hessian locations x1, ..., xn, ~ii4 N (0,Idp) drawn independently
as standard Gaussians. Then, in the setting of Lemma 3.1, we prove that the m-th singular

subspace W = span, {V2f(x1),...,V*f(xn,)} satisfies
P = Bl S Vin/a-e,
w.h.p. for Nj, sufficiently large. The important aspect here is that the approximation error scales

directly with the numerical accuracy parameter €, which we can, in theory, make arbitrarily
small.
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Lemma 3.1 ([51, Lemma 1]). Consider the teacher network f defined in (3.1). Assume the activation
g satisfies (SNM1) - (SNM2) and f satisfies the learnability condition (SNM3) for some a > 0.
Furthermore, assume that the network weights wy, ..., wy € SP~1 fulfill (Inc2) of Definition 2.3 with
constant cp. Let Pyy be the orthogonal approximation onto VW = span{wq @ w1, ... Wy & Wy, } and let
Py be constructed as described in Algorithm 3.2. Then there exists a constant C > 0 depending only on
g and ¢y, such that for numerical differentiation accuracy € < \(F and Nj, > t(m + m?>log(m)/D)
for some t > 1 we have

HPW—PVAVHF_)F <Cvm/a-eg, (3.21)
with probability at least 1 — D? exp (—%).

Proof of Lemma 3.1. Consider Xj,..., Xy, independent copies of a standard Gaussian, i.e.,

X; ~ N(0,1dp). Denote by Py, € RP**P* the orthogonal projection matrix onto the vec-
tor space span {vec(wy ® wy) |i =1,...,m} and by M the matrix with columns given by the
exact vectorized Hessians at the inputs Xy, ..., Xy,, i.e.,

M := [vec(V?f(X1)) ... vec(V*f(Xn,))] € RP**Ni (3.22)

We associate the matrix subspaces ¥V and W with their corresponding D?-dimensional vector
subspaces described by the orthogonal projection matrices Pyy, Py, respectively (cf. Section
1.1.1). Note that

1Pw = Piyllpp = sup |[Pw(M) = Pr(M)|p = [|Pw — Py

[M][p=1
with || - || describing the ordinary spectral normal in RP*. Hence, to prove the result, we can
rely on the well-known Wedin bound, see for instance [54, 52, 50, 76], giving
IM — M|
Py — P =[Py —Ppl| < ——=— 3.23
B = Bl = P — Pl < LA 62)

for as long as Um(M) > 0. We continue to provide separate bounds for the numerator and
denominator of (3.23). For the numerator, we obtain

|!M—1\7I||F§\/thax IV2£(Xi) = A2 F(Xi) |

Nym max || V2g(wl X; + 1) — A?g(wy X; + Tk)H
i€ [Ny F
ke [m]
< km?XCA\/th Hwk ®wkHFe = Ca+/ Nyme,
€

where we used the linearity of A%, V2 in the second step and our assumptions on the numerical
differentiation method (G4.2) in the last line, which gives rise to the constant Cp that only
depends on g. For the denominator in (3.23) we use Weyl’s inequality [132] which leads to the
lower bound

0(M) 2 0u(M) — |M = M| 2 0iu(M) — [M — M|[p > 0(M) — Ca/Nyme.  (3.24)

Lastly, we need to control ¢,,(M) by a concentration argument in combination with the
learnability assumption (SNM3) of Section 3.1.1. We first express ,,(M) as sum of independent
matrices:

on(M)? = 0y(MM ") = (%vee (V2f(X;)) @ vec(V2f (X ))) (3.25)
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Denote A; = vec(V2f(X;)) ® vec(V2f(X;)). By (SNM3) we know that

N,
O (Z ]EAi> = N > 0.
i=1

We will make use of the matrix Chernoff (see [126] Corollary 5.2 and the following remark),
which states that

<am (%A) (1—s) (Z]EA )) < D*exp (—(1 —5)%0m (%]th) /2K> (3.26)

for s € [0,1] and K = max;c;] [|Aill,- The norm of A; can be bound uniformly over all x € RP
by

|[vec(VZ£(X;)) ® vec(V2F(X:)) ||, < SU]R% |[vec(V*f(x) H2 = sup | V2f(x HF

2
= sup Zg (W x + T)wy @ Wy
x€RD

F

sup Z g (w x + 7)g"? (w/ x + 1) (wy, wy)?
x€RD k=1
(wy, wy)? < x*(m + cam(m — 1) logm/ D).
k=1

IN

The last inequality follows by the incoherence assumption (Inc2) from the initial statement.
Combining this with (3.26) for s = 1/2 together with the bound on the spectrum of the
expectation yields

N 1 N,Da
>z >1— D? — h . .
P (am (; Al> > zthx> >1—D?exp < 82 (D + o logm)> (3.27)

Conditioning on this event, and assuming € < |/a/8C3m the initial subspace bound now
holds as

M- M
Cav/N Can/mi -
1Pw = Pl < | — B < AVIRTE  __ AVIE (3.28)
on(M) 7 INa — Cpy/Nyme V5~ Cav/m-e
ﬂCA\/m €
< ¥ (3.29)

with said probability. The final result follows by applying the bound on € onto the denominator.
More precisely, we need that C > 2C, to fulfill (3.28) and C > 812 max{1, c,} which implies

NthX
1- D? —
P < 8x2(Dm + com?logm

)) <1-D?exp(—ta/C),

due to our assumption that N, > t(m + m?log(m)/D). O
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Algorithm 3.2: Weight recovery

Input: Shallow neural network f, number of neurons m, number of Hessian locations
Ny, B threshold for rejection of spurious local maximizers
1 Draw independent samples x1, ..., xn, ~ N(0,1d);
2 Compute Hessian approximations A%f(x1), ..., A% f(xy, );
3 Compute the m-th left singular subspace of the Hessian approximations

W < span,, {A*f(x1),..., A% f(xn,)},

and denote by Py; the orthogonal projection onto W (see Section 1.1.1);
4 Compute the set of approximated weights U using Algorithm 2.2 with input (P, B);
Output: U

3.2.2 Recovery guarantees

By Lemma 3.1, we can compute an approximation W to the matrix space W in (3.20) with
accuracy controlled by the numerical accuracy. This result requires that the network weights
w1, ..., Wy satisfy condition (Inc2) of Definition 2.3. The following theorem combines two
results. First, we show that Lemma 3.1 can be extended to the case where w1, ..., w,, are drawn
uniformly at random from the unit-sphere, which is a trivial consequence of Proposition 2.2.
Second, applying the results from Theorem 2.8 (based on [76] from Section 2.6 to the resulting
matrix space approximation W guarantees the recovery of all weights leaving only uncertainty
of the signs and an approximation error that scales like

min ||wy — sy, < (m/a) 42 for all k € [m).
se{—-1,+1}

For more details on SPM and Algorithm 2.2, we refer to Chapter 2.

Theorem 3.3 (Weight recovery, [51, Theorem 3]). Consider the teacher network f defined in (3.1),
where wy, ..., Wy ~ Unif(SP~1) and 1, ..., Ty € [~Teo, Teo|. Assume g satisfies (SNM1) - (SNM2)
and f satisfies the learnability condition (SNM3) for some o > 0. Then, there exists Dy € IN and a
constant C > 0 depending only on g, Teo, such that, for all D > Dgy and Cmlog® m < D?, the following
holds with probability at least 1 — m~1 — D? exp (— min{a, 1}¢/C) — Cexp(—+/m/C):

(i) The weights wy, . .., wy fulfill properties (Inc1) - (Inc3) of Definition 2.3.

(ii) The output of Algorithm 3.2 with numerical differentiation accuracy € < % and using

Ny, > t(m + m?log(m) /D) Hessian locations for some t > 1 is a set of approximated weights
U C SP~1 such that, for all & € U, there exists a k € [m] and a sign s € {—1,+1} for which

|wi — s, < Cm/a)l/4el/2. (3.30)

Proof of Theorem 3.3. The weights wy, ..., w;, of f are drawn uniformly from the unit sphere.
By Proposition 2.2, and for any & € (0,1), there exists D; € IN,C; > 0 depending only on dy
such that for all D > D this set of weights fulfills conditions (Inc1) - (Inc3) of Definition 2.3
with constants ¢, c3 < C; and with probability at least

1—m ' —2exp(—C183D) — C <6D> o
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We condition on this event and denote it by E; for the remaining part of the proof. Now, due
to the incoherence of the weights and according to our initial assumption, which includes
Ny, > t(m +m?*log(m) /D), the conditions of Lemma 3.1 are met. This provides an error bound
for the subspace, which is constructed in the first part of Algorithm 3.2, such that

|Pw = Pyl p < CovVm/a -, (3.31)

with probability at least 1 — D? exp (—ta/C,) for a constant C; only depending on ¢. Denote the
event that this subspace bound holds by E; and assume it occurs, which only depends on the
number of Hessians Nj, in relationship to D, m. Note that Jy can be freely chosen in (0,1). By

Theorem 2.10 there exist constants D5, Ay, C3, such that for D > D, and HPW H rop S < Ay,
the local maximizers of the program argmax, gp 1 || Py (1 © 1) Hi fulfill
61?11{11 [l x* = swyll, < \/HPW wllep < VCVm/u-e, (3.32)

as long as they belong to the level set
{x € SD_1’ || Py (x @ x) HF > Czmlog®(m)/D? +5C2\/m/oc-e}.

By iterating projected gradient ascent until convergence, every vector 7 will be one of these
local maximizers. Also note that by construction, all vectors returned by Algorithm 3.2 must
have unit norm, hence & C SP~1. We need to make sure that the level set is not empty, which

is guaranteed for Czmlog?(m)/D? < <tande< 50 C \F which leads to the threshold

(3.33)

I\)M—‘

1
Csmlog?®(m)/D* +5Covm/a-€ < = i + -

Therefore, only considering local maximizers that fulfill HPVAV(x X x H P> > 1/2 will guarantee
that all local maximizers are of the kind which satisfies (3.32). Before we conclude, some points

still need to be addressed. To achieve the bound (3.32) we had to assume that H Py — H For S

Ap. This is true due to (3.31) given the accuracy satisfies € < 11//2 which is clearly realizable

by our initial assumptions on €, since Ag is independent of m D. Hence, by further unifying

also the constants Cq, Cy, C3, D1, D>, we showed that there exists constants C > 0, Dy € IN such

that for D > Dy and Cmlog® m < D? all vectors u € U returned by Algorithm 3.2 ran with
Va

numerical accuracy € < c/m will fulfill the uniform error bound,
m

min _||x* — s@i |, < C(m/a)l/4el/?, (3.34)
se{-1,1}

and this result holds with the combined probability

2 -1 e-D\ V"€
1—Dexp(—ta/C)—m —2exp(—D/C)—C <W> . (3.35)

O]

Assuming the weight approximations are sufficiently close to the true weights, we would expect
that the system of approximations exhibits similar incoherence properties. The last result of
this section combines several auxiliary statements that make this rigorous. In particular, we
prove that approximations that match a certain level of accuracy will inherit properties (Inc2) -
(Inc3) from the ground truth weights.
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Lemma 3.2 ([51, Lemma 3]). Assume the ground truth weights {wy € SP~|k € [m]} fulfill (Inc1) -
(Inc3) of Definition 2.3 with constants c3,c3 and that D < m. Then there exists a constant C > 0 only
depending on cy, c3 such that for approximations {@wy, € SP~|k € [m]} which satisfy the error bound

pl/2
max min ||s@x — w||, = om (3.36)

ke[m] se{—1,1} "= Cm\/logm

condition (Inc2) - (Inc3) of Definition 2.3 holds with constants 2c,,2c3. Furthermore, denote G, €
IR™*™ the matrix with entries Gn’gk = (g, sywy)", where sy are the ground truth signs. Then there
exists Dg such that for m > D > Dy, n = 2,3 the following holds true:

(i) For all k # ¢ we have (b, syw;)? < 2cplog(m)/D
(ii) Gy is invertible and ||G;;!|| < 3cy

(iii) Denote by G, € R™ ™ the matrix with entries G, g = (Wy, sywy)", then

(2n—1)/4
m (k’%m) Smas. (3.37)

L
HGH— ;

Proof of Lemma 3.2. W.l.0.g. we can assume that C is chosen such that

1 /cl 12 D!/
max min ||s@x — wi||, = dmax < mMin ¢ = <C2 ogm) , (3.38)
8 8cym

ke[m] se{—1,1} D \/2¢cp logm

holds. We start by showing (Inc2) for the approximated weights. Pick any k, ¢ € [m], k # £.
A first observation is that we can disregard the sign that appears in (3.36) since (@, @)% =
(—g, D¢)2. So w.l.o.g. assume that both signs are correct and therefore ||@ — wi||, < dmax and
||Zf)g — ZUgHZ < (Smax- Then

(Wy, D)2 < (| (wr, we)| + [ (W — wi, we)| + |(wr, Dp — we)| + [{Dg — wy, D — we)])*  (3.39)

< (‘ <wk1 ZU/> | + 20max + 5max) < ‘ <wk1 ZU/> | + 6Jmax ‘ <wk1 ZU/> | + 95max

c2logm c2 logm 1/2
ro(Em) o o,

IN

D D
c2logm L 48 +9 cologm < 2cologm
D 64 D - D !

IN

which proves that (Inc2) is fulfilled by the approximated weights for a constant 2c;. Moving on
to (Inc3), we need to bound the minimal eigenvalue of Gn = (WTW)®" from below. Assuming
Gz is invertible, we know by Lemma 2.22 that

IGY < 1G5Y| forall n>2.

Thus, it is sufficient to show that (Inc3) holds for the approximated weights for n = 2.
Denote G, = (W' W)®2, Clearly Gy, G, are symmetric, and since (Inc3) holds for the ground
truth weights, we know that the minimal eigenvalue of G, can be bounded by a constant
|om(G2)| > ¢3! Hence, by Weyl's inequality (cf. [132]), we have

)Um(é\z)‘ >l - HGZ—GZH. (3.40)
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Our goal is to find an upper bound for the spectral norm on the right-hand side. Note that the
diagonals of both matrices are identical since all columns of W and W have unit norm, so we
focus on the off-diagonal exclusively. Via Gershgorin’s circle theorem we attain

|G~ b, @) — (s, ()
" kelm] =
(Zk
= max Z \ Sk Wk, SeW) (wy, W)Z‘
ke[m] )=
2k
< max Z | (sx@x, 80T0¢) + (Wi, wy)| | (sxx, S¢T¢) — (Wi, wy)|
7
2cr logm 172 i R
< (Z208M max E | (st — wy, s¢y) — (Wi, spty — wy)|
D ke[m] =
ik
2c5 logm \ 12 1
<4 (2Dg) m - Smax < 27C3

where we used the fact that (Inc2) holds for the ground truth weights and approximated
weights in the penultimate inequality followed by the uniform bound in (3.36) at the end. We
conclude with Weyl’s inequality (cf. [132]) which yields

‘am(Agl)‘ < ‘0’1(@2)’_1 <203 (3.41)

Hence, the approximated weights fulfill (Inc3) with constant 2c3 for n = 2, which extends to
n > 2 by Lemma 2.22. Let us now proof (i) — (iii). The first statement follows directly from
our proof of (Inc2) for the approximated weights since for any k # ¢ we have

2 o 2cologm

(@x, sew00)* < (|(wg, wi) | + (o — w, wi)])? < (|(we, we)| + Omax)” < — 0D
follows by the chain of inequalities started in (3.39). To show (iii), we first split the difference
G, — G, = D, + O, into a diagonal part D,, and an off-diagonal part O,,. We have |G, — G, || <
||Dn|l + ||Ox|| and start by controlling ||O,|| via Gershgorin’s circle theorem:

10a]l < maX):\ (@, @¢)" — (g, s¢w¢)" |

Lem]
o
n
<E2%Z\ (W, D) — (D, sewe)| | Y (D, D) (g, sewg)' "
par =
2cylogm (n=1)/2 "
<n|————— max w ,w — Syw
< ( ) ) BG[M]ZI K Wp — Sgty)| .
o,

From here, we can slightly improve over Cauchy-Schwarz, and, instead, use that

m m
Z |<Zf)k, Z?)g — SgZUg>| <vm-— 1 Z<Z@k, Zf)g — SgZUg>2 < \/ﬁ HWH (smax-
k£l o,

B
[ey
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Using |W]| = [|[WTIW||1/2 < <1 +m (M%m) ) we arrive at the following bound for the
off-diagonal terms:

1/2
20, logm\ "~ 1/2 2c,logm \ V/?
Ol < (ZZEE) T v (1w (ZZEE) T,

logm\ "V/2 /logm\ /4 log m\ (21— 1/4
SCnm< ?) ) ( lgj ) 5max§Cnm< % > Omax;,

where C > 0 is an absolute constant only depending on c; and m > D was used in the second
inequality. For the diagonal part, we receive

IDu = \1 ~ max 2

g )| < 1= (1 /2]
le[m]

Hence, we attain overall

(2n—1)/4
S ‘1—(1—512nax/2)”\+Cnm <logm> (Smax-

Hc—é >

For n = 2,3 and some constant C; > 0 depending only on c; this can be further simplified
using the bound on dmax as

1 (2n—1)/4
< (Srznax + Cnm ( Ogm) Omax

(2n—1)/4
S Clm <101%m > 5max;

Hc — G,

< ¢4/2 from which the rest
follows as before by Weyl’s inequality. We can reuse (iii) in combination with 3.36 obtaining

log m\ 2174 log m\ /4
§C1m< g > 5max§C2< g >

which confirms (iii). To prove (ii), we need to show that H Gn — Gy ’

Hc—@

for some constant C,. Hence, the statement in (ii) is true for D > Dy sufficiently large.

3.3 Recovery of the correct signs and initialization of the shifts

Consider a shallow neural network that satisfies the assumptions within Section 3.1.1. By
the machinery of Section 3.2 we expect to find weight approximations such that @, ~ sxwy
for some sign s, € {—1,+1} for all k € [m]. We can regard this approximation as arbitrarily
accurate since the approximation error stated in Theorem 3.3 scales linearly with the numerical
accuracy, which we assume to be sufficiently small. This section addresses the recovery of the
signs s = (s1,...,5m) € {—1,+1}*™. Additionally, our procedure will provide us with initial
estimates of the shift parameters T = (13, ..., T,) € R™, which is required due to the nature of
our local convergence analysis in Section 3.4. Throughout this section, we will assume that the
network weights fulfill (Inc2)-(Inc3) of Definition 2.3 and that the same conditions extend to
the weight approximations @y, ..., w;,. It follows by Lemma 3.2 that the second part of our
assumption can be fulfilled by choosing € > 0 in Theorem 3.3 to be sufficiently small such that
(3.36) holds.
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3.3.1 Parameter initialization: Strategy

We begin with a motivation behind the parameter initialization described in Algorithm 3.3
below.

Isolating signs and shifts. First, note that the n-th derivative of the neural network at input
x = 0 is given by

m

VIF0) = Y g (m)wi™ = Y sig"™ (w) (swe) ", (3.42)
k=1 k=1

which for n < 3 is well-defined under condition (SNM1). By Lemma 2.21, (Inc3) implies
linear independence of the system {w"|k € [m]} for n > 2, which in turn implies linear
independence of the system {s,w;"|k € [m]}. This means s'eM(1),...,s"¢" (T,) are the
unique coefficients for the decomposition in (3.42) that give rise to V" f(0). Our initialization

strategy is based on the formulation of two linear systems with unique solutions given by the
vectors C; = (Cp1,...,Com) and C3 = (Cap, .- ., Cs,m), which are defined as

Coi=sig"™ (%), forke[m], ne{23}. (3.43)
If ¢ satisfies (SNM1), then ¢(? is monotonic and therefore admits an inverse (¢(®)~! on
(—Teo, + T ). Hence, Cy provides access to T due to si = 1, which can be seen from

(€)1 (Cop) = (¢P) sk (w) = () N (gP(w)) = forallk € [m].

The signs can then be inferred from Cs, either by using the shifts via

sk = sign(Ca) - sign(g(3)(rk)), (3.44)

or equivalently by s; = sign(Cs) - sign(g® (0)) since ¢(® does not change sign on the interval
(—Teo, Too) due to the monotonicity of ¢g(?). This clarifies how C,, C3 are linked to the recovery
of the signs and shifts. However, there remain several problems. We need to account for the
presence of perturbations caused by the weight approximation as well as approximation errors
of the derivative (V" f(0) is not directly accessible).

Recovering of Cy, C3 from (3.42). Assume for now that the approximations are exact up to a
sign, i.e., Wy = sywy for all k € [m]. Then solving (3.42) for C, is equivalent to solving the linear
system

W,Cp = vec(V"£(0)), (3.45)

~ARn

where W,, = (vec(®™)] ... | vec(@y")) € RP™*™. Since our setting implies n > 2, m = o(D?)

(i.e., W, is a tall matrix), we might want to consider instead the linear system

Notably, the matrix W, W,, is equivalent to the Gramian matrix G, associated with the system
{w "k € [m]} (cf. Section 2.6.1). In the setting of Lemma 3.2, the Gramian G, is positive
definite for all n > 2. Therefore, we obtain

Cn = G, 'W,] vec(V"£(0)). (3.46)
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Furthermore, we can apply an additional simplification to (3.45) by leveraging the structure of
the vector W, vec(V"f(0)) € R™: Note that for each k € [m]

m

(W, vee(V"f(0)))x = (V"£(0), @) = ;g(”)(fe)@ve, @)",
=1

which is equivalent to the n-th directional derivative of f along @ in zero. Consequently,
we do not need to compute the full derivative V"f(0), and can only rely on m directional
derivatives, which are much cheaper to compute for large n. We will denote the vector storing
all n-th order directional derivatives as

(V"£(0), D7)
T, := : . (3.47)
(V"£(0), @y")

In summary, we showed that for the unperturbed case where @y = s wy for all k € [m], we can
recover Cp,(C3 via

~

Co=G,'T,.

Let us now discuss the general case where @ ~ siwy. Then (3.45) does hold only approximately
and instead of the Gramian matrix G, we need to rephrase (3.46) in terms of the matrix e
with entries (G, ) x = (b, swy)”. More precisely G,C, = T,, which can be written as

G, 1GuCy = G, ' Ty

Additionally, we need to account for the fact that the directional derivatives in T, are not
directly accessible and need to be approximated as T, ~ T, via numerical differentiation (cf.
(G4.2)). Based on the preceding section, we assume that G, is sufficiently close to Gy (cf.
Lemma 3.2 (iii)), and our recovery strategy computes approximations C, ~C, forn € {2,3}
where

C~n = G\;lTn =~ é\;lTn = é;léncn ~ Cn-

The overall recovery strategy has been summarized in Algorithm 3.3.

3.3.2 Parameter initialization: Guarantees

The last section motivated the individual steps of Algorithm 3.3, and we saw that the recovery of
the signs and shifts ultimately depends on the accuracy of the approximations C; ~ C3,C3 = Cs.
To make the resulting approximation error on C,,C3 precise, we need to control two error
terms. Firstly, the error caused by the approximation of directional derivatives || T, — T, |2 and
secondly, the error |G, 1G, — Id,, ||. This perturbation analysis is carried out in the following
statement.

Lemma 3.3 (cf. [51, Lemma 4]). Denote by C, = G, ' T, the coefficient vectors computed by Algorithm
3.3 for an input network f with ground truth weights {w, € SP~1k € [m]} which fulfill (Inc2) -
(Inc3) of Definition 2.3 with constants c,c3 and activation g that fulfills (SNM1). Then there exist
constants C > 0 only depending on g, ca, c3 and Dy € IN, such that for m > D > Do,mlog2 m < D?,
n = 2,3 and provided approximations {®y € SP~1k € [m]} to the ground truth weights such that

1 D'?2
max min _||s@x — wi||, = om

ax S S ——, 3.50
ke[m] se{—1,1} Cm,/logm (3:50)
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Algorithm 3.3: Parameter Initialization

Input: Approximated weights W, numerical differentiation schema A”|[-] with accuracy
_ €>0, interval on which &(2) is monotonic [—Teo, +7Two)
Set Gy « (WTW)QZ,GQ), — (WTW)®3

[y

2 fork=1,...,mdo
3 | Compute directional derivative approximations
Tog = N?[f(-@r))(0), Tax <= A3[f(-x)](0)

4 end
5 Set C~2 — é;sz, C~3 — G\;ng,
6 fork=1,...,mdo
7

_ (g(2)>—1(62/k), if (g(Z))_1 is defined for C,, (3.48)

T < ~ .

argminte[_%ﬁw] ‘g(z)(t) —Cox| else,

5 < sign(Csx) -sign(g(3)(0)), (3.49)

8 end
Output: 7,5
we have
(2n—1)/4
( Gy —s" g™ (1) HZ < C\/me + Cm®/? <1°1§)m> Smax, (3.51)

where s is the vector storing the true signs that are implied by (3.50).

Proof of Lemma 3.3. Denote as in Algorithm 3.3 T,y = A" [f(-@)](0) and T, = (V" £(0), D).
By their definition and the linearity of V", A" we have

I~ Tl = sup (9700 05" - B2 @I O) (352)
c\m
m al’l . .
<swp ¥ | st wirtn)| - M) +w]0)] 65
" nt2
< Cp€ sup Z | (@, wg>]”+2 < Cpe (1 +m <2czlogm) ’ ) , (3.54)
ke[m] (=1 D

where we used the second point of (G4.2) in the last line followed by the incoherence of the
approximated weights (Inc2) established in Lemma 3.2. Making use of D? > mlog® m, this
simplifies to

T~ Tl <Cioe
with constant C; = (1 + 4¢3)Cy for n = 2,3. Coming back to our initial objective, we can

express " ® ¢ (1) as the product s” ©® g (1) = T, G, where G, describes the matrix with
entries given by (G, ) = (@, spw;)". Note that Algorithm 3.3 constructs C, = G, ! T,,, where
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(Gn)ge = (g, Wy)". We can reduce our main statement (3.51) into separate bounds

) H - HG f, — G- (3.55)
HG ~ T +H -G, (3.56)

sﬁHGn \Tn—TnHw+H (C' =G T, (3.57)

<Cvm-e+ (G = GT, (3.58)

To bound H(A,jl -G, HT,

, we first decompose according to

~

|G -e,

By invoking Definition (Inc3) again, we continue with

s" @g(”)('r)H2 < 2c3x/m H@n — Gy

~ ~

_1(Gn - Gn)é;lTn

, = Hén_l(é” —Gy)(s" @g(n)(T))Hz_ (3.59)

|GG Cu(s" 08 (x))|, < 263 |G - G

(3.60)
where we used H g™ |l < . The statement then follows by using inequality (iii) of Lemma 3.2
onto ‘ e and unifying the involved constants. O

The statement above quantifies the recovery error of C, C3. As explained at the beginning of
Section 3.3.1, these coefficients encode the unknown signs and shift parameters of a shallow
network. Our main result of this section now estimates the quality of the estimated shift vectors
and provides sufficient conditions under which the signs are recovered correctly.

Proposition 3.1 (Parameter initialization, [51, Proposition 1]). Consider the teacher network f
defined in (3.1), where the weights {wy € SP~1, k € [m]} satisfy (Inc2) - (Inc3) with constants
c2,c3 and the activation g satisfies (SNM1). Then, there exist constants C > 0 only depending on
g,€2,03,Too and Do € IN, such that, for m > D > Do,mlog2 m < D?, the following holds. Given
Wi, ..., W, € SP~1 such that

Dl/2
Omax ‘= max min ||wy — s 3.61
e ke[m)se{-1,1} e Biell2 = Cm‘/logm (3.61)
Algorithm 3.3 returns a set of shifts T such that
log m\ /4
1% — ||, < Cy/me + Cm®? <D> Ormaxs (3.62)

where € > 0 is the accuracy of the numerical differentiation method and T € R™ denotes the ground
truth shifts of the network. Furthermore, once the RHS of (3.62) is smaller than 1 and € < (Cm)*l,
the signs returned by Algorithm 3.3 are identical to the ground truth signs.

The proof of Proposition 3.1 builds upon the results in Lemma 3.3 and quantifies the propaga-
tion of the approximation error of ||C;, — Cy |2 through the remaining steps of Algorithm 3.3.
Before the proof is stated, we provide some context on the result. According to the preceding
Proposition, the shifts estimated by Algorithm 3.3 satisfy

R loe m 3/4
HT_THZS\/%G'_}'W[S/Z( lg) ) 6maX/
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whenever dmax adheres to the bound in (3.61). If the approximated weights are computed
by Algorithm 3.2, we can fulfill condition (3.61) by choosing e sufficiently small. Then, after
replacing dmax with the bound dmax S (m/ lX)l/ 4¢1/2 from Theorem 3.3, we receive

1/2 . 7/41~03/4
. e/ “m’’*log’ " m
1t =7llo S Vime+ 77— (3.63)

Considering a suitably small € and omitting poly-logarithmic factors, the dominant term in

(3.63) scales as

1/2 ,,,7/4

€ m

1T—1ll, < /A Da/a

(3.64)

Hence, we can generally expect that the right-hand side of (3.62) is smaller than 1 and therefore,
the signs returned by Algorithm 3.3 are identical to the ground truth signs.

Remark 3.3. Let us mention one final comment about the error in (3.63). If the numerical accuracy
€ can be made arbitrarily small, then Algorithm 3.3 recovers the shifts exactly under the setting of
Proposition 3.1. In the context of our overall recovery pipeline outlined in Algorithm 3.1, this begs the
question: Why do we need to further refine the shifts (cf. Section 3.4)? A preliminary answer to this
question is that any further refinement of the initial shifts computed by Algorithm 3.3 is justified as long
as the refinement can potentially improve over the error bound (3.63). We address this aspect in a more
detailed discussion as part of Section 3.4.2.

Proof of Proposition 3.1. First, note that due to the assumptions made, we can freely apply the
results of Lemma 3.2 and Lemma 3.3. As a consequence, the approximated weights considered
in the statement of Proposition 3.1 fulfill (Inc2)-(Inc3) of Definition 2.3 with constants derived
from the ground truth weights as described in Lemma 3.2. We continue with the remark that

-1
(SNM1) guarantees the existence of the inverse function ¢ on [~Tw, To] and here we can
disregard the signs such that

-1 -1
§ T (P0g? (1) =g (10g?(n) =7 (3.65)
While s> ® ¢g(? (1) is not directly available, C; serves as an approximation C, ~ s> ® g(? (7). Fix

any k € [m], and assume that

éz,ke[ min  ¢?(¢), max g(z)(t)], (3.66)

HE [~ Too, +Too] FE[—Too, +Teo]

then by the mean value theorem

for some ¢ € {minte[_mlﬁw] g(2)(t),maxte[_rwl+m] g(z)(t)}. Since ¢(?) is strictly monotonic on
[—Too, Too] and differentiable we have

0 := max
tE[—Too, Teo)

g(3)(t)‘ > 0.
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1
g (s @)

Lemma 3.3 to bound H g (1) -Gy H2 therefore yields

Hence, we can bound < 071 from the outgoing assumption (SNM1). Applying

1 3/4
It — 7], <o (c\/ﬁe + Cm?/? (‘)gDm> 5max> (3.67)
Now assume there is a k € [m] such that C,; does not satisfy (3.66). By the monotonicity, we
also know that the maximal and minimal value of ¢(?) are found exactly on 7. If C x does
not lie in the image of g2 on [T, +7w] it has to exceed one of those. We can assume w.l.o.g.
that Cpx > max;c|_r 17, §? (t) = §'? (7). Then

Cox — 8P ()],

182(1) — 8¥ ()| <

which shows that ¢(?) (1) is simply a better estimate of ¢(?)(7;) than C,%, and g(z)_1 is
also defined for ¢(?)(1). Hence, the same error bound as above holds for all k € [m].

The expression in (3.49) yields the correct sign if sign(C3x) = sign(s,(f) ) - sign(g® (7))

sign(sy) - sign(g(® (1¢)). This is the case if
5178 ()| > [t 8 (m) — Ca. (3.68)

By our outgoing assumption ’5153) -g®) (Tk)’ > 0 and together with Lemma 3.3 applied to the

right-hand side of the inequality above we get that the signs are correct as long as
1 5/4
0> (c\/Ee +Cmd? <°§m> 5max) . (3.69)

Assume now that the RHS of (3.62) is smaller than 1 and € < (Cm)~!, this implies in particular

1 3/4
Cm/? (g’“) G <1,

We can estimate the right-hand side of (3.69) from above by

log m\ %% 1 log m \ 2/
3/2 g g
Cvme+Cm <D ) Omax < ml/2 ( D > ,

which clearly is smaller than any constant for D large enough, and therefore the signs will be
correct for Dy chosen accordingly since (3.68) is fulfilled. O

3.4 Refining the approximated shifts using empirical risk minimiza-
tion

Let us shortly recall the previous results and discuss a suitable setting for the remaining parts
of the network recovery. Consider a shallow network f : RP? — R of the form

m

flx) =Y g({x, wy) + )

k=1
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adhering to the conditions made in Section 3.1.1. Furthermore, consider the setting after
successfully running the weight recovery (Algorithm 3.2) and parameter initialization (Algorithm
3.3). Hence, we are given access to approximations @y &~ wy, T ~ 7 for all k € [m]. According to
Theorem 3.3 and Proposition 3.1, we can estimate the approximation error of these parameters

by

1/2 ,.,7/4

A < (m/a 1/461/2 d £ _T <€7m7
g%\]wk Wi, S (m/a) and || [P Z1/4 D3/4

(3.70)
As the weight approximations are a downstream result of Algorithm 3.2, which leverages
the incoherence conditions (Inc1) - (Inc3) in Definition 2.3, we can furthermore assume that
the weights wy, ..., w, € S8D-1 and the approximations @, ..., W, € gb-1 satisfy incoherence
conditions (Inc1) - (Inc3) (cf. Lemma 3.2). Given this setting, we now study the refinement of
the shifts (i.e., improving over the bound above) by empirical risk minimization.

3.4.1 Formulation of a simplified teacher-student problem

Consider the setting above. The parameter approximations @1, ..., @, € SP~1,% € R™ give
rise to a neural network f defined as

i (x, Wy) + ).

For suitable small €, the bounds in (3.70) suggest that f closely resembles the original network
fiie, f = f for all x € RP. By fixing the weights of f, we can regard it as a parametric function
f = f(-,%) wrt. the shifts *. We now consider the further improvement of the estimates
based on empirical risk minimization of the least-squares objective

1 N; train

) = g L (F) = v (371

where y1 = f(x1),..., YN, = f(XN,.,,) are real network evaluations of the original network.
This closely represents the setting of the teacher-student problem. Due to the assumption
(G4.1), the network f can be queried at every input, and f(-, %) is fully known. Hence, we
can in principle sample arbitrary inputs. However, to keep our setting more general, we will
assume that we are given generic inputs Xy, ..., Xn,.,, ~iid N (0,1dp), which is common in
the literature related to the teacher-student problem (cf. [25, 124, 111, 85, 41, 42, 114, 115, 137,
56, 54, 52, 53, 74, 86, 93, 138]). In the following, we analyze the minimization of (3.71) via a
gradient descent iteration given by

2 H) — 00 _ 1 (2M), (3.72)
Here, v > 0 represents the step-size of the gradient updates and V+] denotes the derivative of
J w.r.t. T. As part of the next section, we provide a local convergence analysis of (3.72).

3.4.2 Local convergence guarantees

Throughout this section we denote by W, W € RP*™ the matrices with columns given by the
weights w1, ..., w,, and approximated weights @1, ..., ®,,, respectively. As before, the uniform
approximation error of the weights will be denoted as

Jmax 1= mMax ||wk - Z’DkHZ :

ke[m]
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Additionally, let us recall the definition of Ay 1, which will appear in the statement below. In
(3.16), Aw 1 was defined as
2)

1/2

N Awo
: (IIW—WIIF+Dl;Z+

mt/2 log(m)g’/4

Aw, = D1i/4

m
Y wp — Wy
k=1

where Ay o takes the form

m
AW,O = Z |<wk - zf)k,wk/ — Zbk/>| .
k#Kk'

We provide the following main result on the shifts produced by iteration (3.72).

Theorem 3.4 (Local convergence, [51, Theorem 4]). Consider the teacher network f defined in
(3.1), with shifts Ty, ..., Ty € [—Too, +Too) and weights wy, . .., w,, ~ Unif(SP~1) that are incoherent
according to Definition 2.3. Assume g satisfies (SNM1)-(SNM2), and consider the least-squares objective
J in (3.10) constructed with Ny, > m network evaluations y, ..., yn,,., of f, wherey; = f(X;) and
X1,..., XN, ~ N(0,Idp). Let f be parameterized by W and T, as in (3.9). Then, there exists a
constant C > 0 depending only on g, Teo and Do > 0 such that the following holds with probability at
least 1 — m exp(—Nyygin/Cm) — 2m? exp (—t/C) for t > 0: Assume Cm log2 m < D?,m > D > Dy
and

|7 =7, (3.73)

+ A < ——,
W= Ccym

1/2
¢Xt) and Aw 1 is given by (3.16). Then, the gradient descent iteration

train

where Ay = Aw1 + <m3‘52
(3.72) with sufficiently small step-size v > 0 started from (0 = % satisfies

[ = 7llp < 2810 — 7], + C(1 - §") A (374)

The proof (see Section 3.4.8) has been broken down into several individual results, which are
compartmentalized into individual sections. Before giving any further technical results, let us
provide some insight into the local convergence result stated above.

Interpretation of Theorem 3.4. Under suitable conditions, the main statement of Theorem 3.4
guarantees that the gradient descent iteration in (3.72) after n € IN steps #(") approximates the
ground truth shifts T at least with

[#0) — 72 S &2 — Tll2 + (1= ¢")Aw for some ¢ € [0,1) 75)

with high probability provided that ||£(0) — 7|2, Ay < m~1/2. The term Ay, appearing on the
right-hand side, scales with the error of the weight approximation. In particular, in the case
W = W we have Ay = 0, such that (3.75) implies linear convergence (") — T for n — co. In the
perturbed case W ~ W, the teacher-student problem based on the objective (3.71) is generally
not able to recover the shifts exactly since the difference between the weights wy, ..., w, and
W1, ..., introduce an irreversible difference between the networks f, f. The bound (3.75)
suggests a dynamic, where gradient descent will eventually forget about its initialization, i.e.,
&t — 1| — 0, and then remain within distance (1 — &")Aw — Aw of the ground truth
shifts 7. We have

3(52 1/2
e t) : (3.76)

A — A + ( max
W Wi Ntrain
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The factor Ay (stated at the beginning of the section and in (3.16)) depends on the alignment
of the weight errors (wy — @ )cpm]- As discussed in Section 3.1.2, our weight recovery does not
characterize the distribution of individual errors. Therefore, we can not theoretically exclude
that the errors align (which leads to accumulation in the theoretical proofs). If the residual
weight errors behave randomly, then according to Section 3.1.2, up to poly-logarithmic factors,
Ay 1 scales as

el/2 [ yBlA 774
AW,1§a1/4 <D1/4+ D > (3.77)
We can regard Ay as the dominant factor in Aw: Plugging the bound émax < (m/a)!/4el/2

from (3.70) into the right-hand term from (3.76) yields

1/2
<m3512naxt>1/2< < m?/2et > / el <m7/4t1/2>
Ntrain ~ D‘l/thrain al/4 Z\]trainl/2 .

Hence, Ay 1 is the dominant factor whenever t'/2D < Ntlréizn, which can easily be fulfilled by

suitable Nir,in, t. The error term Ay 1, on the other hand, does not decrease for larger amounts
of training samples.

Improvement over Algorithm 3.3. When gradient descent is used as part of our pipeline, it
will be after initialization of the shifts (Algorithm 3.3). This is due to the fact that our analysis
only admits local guarantees of GD, and therefore we need to rely on a good prior estimation
of the shifts that fall into the convergence radius of our analysis. More precisely, Theorem
3.4 requires ||#(Y) — 7|, < m~1/2. This introduces a question that has already been brought
up in Remark 3.3: Does gradient descent improve over its initialization? At first glance, this
question is easy to answer. Theorem 3.4 requires ||£(?) — 7||, < m~'/? and the final error term
in the perturbed case (cf. (3.76) ) scales with €. Thus, for sufficiently small €, gradient descent
will improve upon its initialization. However, whenever the starting point #(¥) is computed by
Algorithm (3.3), then || #(©) — 7|, will also decrease for smaller €. To fully answer this question,
we need to compare the guarantees in Proposition 3.1 with the dominant error term of gradient
descent, which is Ay ; (see above). Recall that in Section 3.3.2, more precisely in (3.64), we
derived the error term of Algorithm 3.3 up to poly-logarithmic factors as

1/2 ,,,7/4

£+0) _ H <€ m

If we assume randomness of the weight errors, then (3.78) needs to be compared to the bound

in 3.77. Again, we can neglect the factor Z% Clearly, we have m”/4/D < m’/*/D3/*, and
therefore gradient descent improves upon the initialization once

5/4 7/4
e M o D<m, (3.79)

D1/4 D3/4
which corresponds to the overcomplete regime and is exactly the setting we are addressing.
Hence, for D < m = o(D?), we get a provable improvement by gradient descent of order
D~1/4, However, this relies on the randomness of the errors in Algorithm 3.2. Without such an
assumption, we suffer from error accumulation that occurs in the decomposition (3.16) of Ay 1,
which up to poly-logarithmic factors scales as
2)

1/2

m!/2 ~ W,0 - R
o | IW=Wlr+ 575 + Y wi — Wy
k=1
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If we assume perfectly aligned errors, i.e., that ¥ —wy = Wy —wy = - - - = Wy, — Wy, then we
receive the individual bounds

1/2 1/2 .,,5/4
m A m e’ m
—_— — = —_— <
D1/4 HW WHF D1/4 ‘51'1’1aX ~ 0(1/4 D1/41 (380)
mt/2 A%ZO m3/2 < el/2 774
D1/4 D1/2 — 3/4 Omax ~ G174 D3/ (381)
1/2 || m 3/2 1/2 ,,.7/4
m m e m
- D = — < —_—
D1/4 kziw}( Wk Di/a’max S 17 pija (3.82)
= 2

Comparison with 3.78 reveals that the first two bounds are smaller or identical to the initial-

ization error. However, the error accumulation in ||}, wy — @W||, only leads to a provable

guarantee Ay S Zi—ﬁ%, which is slightly worse (by a factor D'/2) than the error (3.78)

at initialization time. Arguably, the term ||Y;" ; wy — Wy||, is also the term that benefits the
most from random errors since the sum leads to an error cancelation whenever errors are not
positively aligned. Let us mention that empirically we do not observe error alignments (cf.
numerical Section 3.6). In particular, we show in Figure 3.5, that, in an empirical setting, the
term corresponding to ||}/, wy — @||, has the smallest contribution to Ay ;. Lastly, before
we discuss the proof of Theorem 3.4, let us mention that this discussion highlights the need
for a tight analysis of the impact of the perturbation errors on the gradient descent iteration.
Substantial technical effort was invested to isolate error terms that suffer from error accumulations
in the following proofs. Based on these results, the issues mentioned in this discussion could
then be avoided by simply assuming a random model for the errors introduced by Algorithm
3.2 (which aligns with our experiments).

3.4.3 Proof strategy for Theorem 3.4.

Let us now discuss our proof strategy and simultaneously provide an outline for the upcoming
Sections 3.4.4-3.4.8. The proof of convergence of the gradient descent iteration 3.72 given by

0+ — 00 _ vy (20)

is based on a linearization argument. Instead of directly analyzing the optimization landscape of
the least-squares objective [(T) = 2N}rain Yy Nesin(f(x;,%) — y;)? in (3.71), we analyze an idealized

objective function, which we define as the quadratic function

L.(t)=(t-1)TA(T - 1), (3.83)
where
P o O)Vef(x, )T (3.84)
. 2Ntrain = T ir T ir . .

We then prove two results. First, the objective J is strictly convex with high probability. Note
that this implies the linear convergence of gradient descent schemes applied to J. to the global
minimum, which is attained at T since J,(t) = (t — ) " A(T — T) = 0. Second, in the vicinity of
the true shifts 7, the gradient descent iteration (f(”H))neN remains close to a gradient descent
iteration associated with the idealized objective J..
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Figure 3.2: The idealized objective ], is strictly convex around the true shifts 7.

Hence, the associated GD iteration converges, i.e., 2" 5 7. We control the drift of
the GD iteration #(") from the idealized iteration by carrying out a perturbation
analysis estimating the deviation of the descent directions (i.e., || V(1) — V].(T)][2)
close to the true solution ¥ ~ 7.

Strict convexity of [.. To guarantee the strict convexity of ], we prove, by applying techniques
from the NTK literature adapted to our setting, that the matrix A in (3.84) is positive definite
with high probability. This relates to the results within Section 3.4.5, where we provide a lower
bound on the spectrum of the expectation

More precisely, in Lemma 3.9, it is shown that

Am(E) > w — C(m — 1) <1°§m>2,

where w and C are constants depending only on ¢ and 7. The proof uses condition (SNM2)
to characterize the mean E in terms of the Hermite coefficients of the shifted functions
(8(+ + ) )ke|m] and the Gramian matrices Gy, for n > 4. This allows us to exploit the incoherence
of the weight approximations @y, ..., @,. Hermite decompositions will be introduced in Section
3.4.4. Lemma 3.9 implies the positive definiteness of E, which in turn implies the positive
definiteness of A w.h.p., which we prove by applying a classical matrix Chernoff bound (cf.
Lemma 3.15). The positive definiteness of A implies that minimizing J, via the gradient descent
iteration given by

20 = 2l Ve (2) = 2" — A" — 1) (3.85)

with step-sizes v < 1/||A|| will converge to the global minimum attained at 7, = 7.

Controlling the deviation between the two GD iterations. = The second part of proving
Theorem 3.4 is concerned with controlling the deviation of ¥ (1) from the idealized objective f'*(n).

Both iterations are started from the same initialization t(*) = tgo), and will use the same step-
size v > 0. Any deviation will originate from the gradient updates. In Section 3.4.6, we prove
Lemma 3.10, which states that the difference between the gradients of ||V:](T) — V:].(1)],

obeys

IVe](£) = Velo(D)], S Vm |t = T3+ Aw  whp,
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where T denotes the ground truth shifts of f. Hence, whenever the gradient descent iteration
(") is already close to the true shifts, i.e., [|£(") — 7|3 suitably small, then the gradients of | are
close to the gradients of the idealized objective (which is converging linearly) up to an error
term Ay caused by the weight errors. Building upon this result, Lemma 3.14 in Section 3.4.7

then shows that the deviation | t(") — £ |l between both GD iterations adheres to
1200 — 2, < &2 — 7], + (1 - &") A for some ¢ € [0,1), (3.86)

as long as ||#(") — 7|3 < Cm~'/2 for an appropriate constant C > 0. One notable aspect of
Lemma 3.14 is that we manage to prevent any significant drift between the iterations (despite the
constant error Ay appearing in || V:](T) — V+J«(T)||2). The proof of Theorem 3.4 is then given
in Section 3.4.8. It combines the preceding statements and then, by using the triangle inequality.
To be more precise, based on (3.86), we can upper bound the distance of the original gradient
descent iteration (3.72) to T via

1200 — 2|y < 200 — 2|y + |28 — 7|,
<2 — Tl + (1= &) Aw + (1 = YAu(A))"|2 = 7|2 — Aw,

for n — oo.

3.4.4 Preliminaries: Hermitian expansions

This section introduces Hermite polynomials [3, 100] which form a set of orthogonal functions
over R when weighted by the Gaussian kernel w¢(t) := exp(—t2/2).

Definition 3.1 (Hermite polynomials (cf. [3, p. 778])). Let r € IN, then the r-th Hermite polynomial
is defined as the function

he(t) := \}ﬁ(—l)rexp (tzz);t:exp (_th)

This definition of Hermite polynomials is also referred to as the “probabilist’s Hermite polynomials”.

A computation reveals the first few Hermite polynomials: ho(t) = 1,hi(t) = t,ha(t) =
t2 —1,h3(t) = 3 — 3t. The fact that Hermite polynomials are an orthogonal basis with respect
to the Gaussian kernel w¢ (cf. [3]), i.e., they satisfy

/ Iy (s (Hwe (£)dt = V/2rslsys forallr,s € N,
R

where J,5; denotes the Kronecker delta, combined with the basis property allows us to decom-
pose any function in f € Ly(R, wg) in terms of the Hermite polynomials:

Definition 3.2 (Hermite expansion). Consider any function f € Ly(R,wg), i.e., f satisfies

/}R (1) Prog(t)dt < co. (3.87)

Then the Hermite expansion of the function f is given by f(t) = Yp—o ur(f)h,(t), where p,(f) is called
the r-th Hermite coefficient of f and defined as

wof) = [ FOh(Bec(e)ar

One particularly useful property of Hermite polynomials is the following relationship with
Gaussian random variables:



3.4. Refining the approximated shifts using empirical risk minimization 106

Lemma 3.4 ([99, Lemma D.2]). For two unit norm vectors u,v € RP and every r,s > 0 we have

:[EXNN(O,IdD) [hT(uTX)hS<’UTX)i| = 57’5 <M, U>r/
where h,, hs denotes the r-th, s-th Hermite polynomial, respectively.

Inspired by the NTK literature, we can apply Lemma 3.4 to analyze expressions of the kind
Ex-noap)[Vef (Xi, T)Vef (X, 7) "], which occur for instance in the definition of the idealized
objective ], in (3.83). Each element of this expectation can be written as

Exn01dp) [gﬁi)(wz?x)gg)(wﬂ)}

for a suitable k, ¢ € [m], where we make use of the shorthand g%) (-) := ¢gW (- + 7). Assuming

that gg) and gg) admit a Hermite expansion, we can use the statement in Lemma 3.4 which
yields

=Y (8 (85)) (b, )
=0

r

E

( iour(g%))hr(w;lr x>> (i o (8 (0] x>>

Notably, the series on the right-hand side exposes the term (@, @y)" which enables us to
leverage the incoherence conditions (Inc1)-(Inc3) associated with the vectors @y, ..., ;. Con-
structions of this type will play a fundamental role in the upcoming proofs in Section 3.4.5 -
3.4.6. Let us mention that the Hermite expansion of g and its shifted derivatives is well-defined
under the conditions (SNM1) and (SNM2). For the activation g, this follows directly from
(SNM2). We must check that the derivatives belong to L(R, wg). Now, as per Assumption
(SNM1), the first three derivatives of ¢ are bounded. Hence, also the shifted derivatives are
bounded. It is easy to check that this implies that these functions lie within L,(R, wg):

Lemma 3.5 ([51, Lemma 5]). Assume h is bounded, then h € Ly(R, wg) and the sum of squared
Hermite coefficients of h is finite, i.e., we have

Y wr(h)? < V27| h[3.
r>0

Proof.
/ h(t)2 exp(—12/2)dt < V27 ||h||2, < co.
R

The second statement follows from the fact that L, (R, wg) is a Hilbert space and the Hermite
polynomials form an orthogonal system within that space. O

Due to their definition, we can relate the Hermite coefficients of the activation function g with
the Hermite coefficients of its derivatives. This applies to the case where derivatives have
non-exponential tails.

Lemma 3.6. Let g € Ly(R, wy) be K-times continuously differentiable and assume

lim ¢® (H)h, (Hw (1) = [lim gW () (Hwg(t) =0 (3.88)

t—o00

forall 0 <k < K. Foranyr € NU{0} and k € [0, ..., K] we have

n—+r
r

(™) = < )n!mn(g)-
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Proof of Lemma 3.6. The Hermite polynomials, weighted by exp(—2/2), satisfy the relation

i (roe (-5)) < (Vavioew (-5)) - Vicvizaon (-5)

_ 1 1 d?’-i-l t2 o B tZ
= —Vr+1 (r—i—l)!(_l) P 5 | = Vr+1h,.1(t) exp 5 )
Therefore, by applying integration by parts, we obtain
n— n— d
)= [ 87 (ot = [ O Own(t)] "~ [ D05 (e (Bwa(t)) dt

—04+ Vil / 8 (O (Do (1)t = W T ),

where the boundary terms vanish due to (3.88). Applying the same computation n-times, we

obtain
1 / 1’ + £ ‘ur_m

We conclude the introduction to Hermite expansion by proving a direct implication of the two
preceding statements, which will find application in the proofs of Lemma 3.12-3.13.

r+n

O

Lemma 3.7 ([51, Lemma 5]). Assume that g fulfills the assumption (SNM1)-(SNM2) and that the
shifts (Tic)kepm), (k) kejm] are within [—Te, Teo]. Then, for R > 4, we have

Y 7l max g (851 (85))] < co. (3.89)
Sk kel

Proof of Lemma 3.7. By applying Lemma 3.6 (whose condition is met due to (SNM1) - (SNM2)),
we immediately get that, for all » > R,

(g )pr(88)) = (3! (r " 3) ) o Hr-3(g5)) (2! (r i 2> ) - Hr-2(82))

-1/2
= (=20 =177) " s (g 28y
Plugging this into (3.89) yields

Y rl max pr(ge)n(g) < 1 FH) max jir_3(g5) ) ir—2 (35

r>R Kktelm] r>R kL€ [m]

()2 | LN
< —
< ) max Sram(a?) + X me (e
where the second line follows by applying Cauchy-Schwarz. Using assumption (SNM1),

according to Lemma 3.5, then gives max ¢[_r 1] #r( g( )) < C for all » > 0 and some constant
C > 0. Therefore, we can conclude with

) 7| max e (g)mr(g8)) <2 Y 3/2 < 6C < oo,

r>R tefm] r>1
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3.4.5 Strict convexity of the idealized objective in expectation

In this section, we apply Hermite decompositions, in particular, the statement in Lemma 3.4, to
prove the strict convexity of J. (cf. (3.83)) in expectation. As outlined above, this will be done
by lower bounding the spectrum of the matrix

E:=Ex,, Xy, ~N(0ldp) [A], (3.90)

where
1 Ntrain

A=
2Ntrain

Vf-f(Xi, T)ij?(xi, T)T.

i=1

We begin with a decomposition of E into a series of positive semidefinite Gramian matrices as
shown in Lemma 3.8.

Lemma 3.8 ([51, Lemma 7]). Assume that (SNM1) holds, and let E be defined as in (3.90). Then, we
have

1 r

Lo oty vee(@;”)
=5 E T,T,), where T, := : e R™<D",

r=0 ~ R

1 (g5) vec (@)

In particular, we have E = 3 Ly er T,T," for any subset R C N>, where A = B means A — B is
positive semidefinite.

Proof. The matrix A can be written as

1 N; train

— Y W@ X+ w)gM (@) X; + 1)
2I\]’cram i=1

A =

and the corresponding expectation reads

1 N N
Exe = 5Exniotap) |85 (@f X)g) (@f X)].

Now, note that ggl) = ¢V (- + 1) € L(R,wy) for any T € R by (SNM1) and Lemma 3.5.
(1)

Hence, g; ° has a Hermitian expansion, and we can write

aw-EﬁWM%[(z%xq i >><iw@$mm@m>

Using now Lemma 3.4 to express expectations of scalar products of Hermite polynomials, we
obtain

18 N
Exe = 5 Y wr(gn D(ge)) @ e)',
r=0

which can equivalently be written as % Yo T, T, . The second part of the statement follows
from the fact that each individual matrix T, T, is a positive semidefinite Gramian matrix. [
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Remark 3.4. Note that an identical statement can be proven for the matrix E, with entries given by

(B2t = Exnonay) |85 (0] X)2% (w/ X)),

yielding a decomposition with

) -

Lo prlge)) vee(w;”)

= EZTrTrT, where T, := : € R™D",
r=0

1r(§2)) vee(wsr) |

This follows from the fact that ¢ is bounded and, therefore, also admits a Hermite expansion. This will
play a role in the proof of Theorem 3.5. Let us remark that the following discussion also applies when we
replace E with E; and rename the variables accordingly.

Let us provide some interpretation of the preceding result. Denote by H}' the matrix whose
entries are defined as

(Hy )i 1= (g pue(g) - for m € {1,2). (391)
Lemma 3.8 shows that the expectation E can be written as the matrix series
1 ad 1 =
E=-) H 0G,
2 r=0

where G, denotes the Gramian matrix of the system {@{"|k € [m]} (cf. Section 2.6.1) if r > 0

and otherwise Go = 1®1. Due to the incoherence of the approximated weights, the off-
diagonal entries of higher-order Gramian matrices will vanish at an exponential rate in 7, i.e.,
we have G, ~ Id,, for r sufficiently large. Hence, the tail of the matrices series is close to a sum
of diagonal matrices. Notably, by the remark in the preceding statement, it is sufficient to prove
positive definiteness for a tail series. Assuming the diagonal elements of a tail series remain
positive and the off-diagonal elements become sufficiently small, the positive definiteness can
be proven by combining Weyl’s inequality (cf. [132]) with Theorem 2.9. The diagonal elements
of any tail series have the form

12 A 12
( E HrQGr> = < E Hr>
2 & 2 &

r=R kk r=R kk

The assumption (SNM2) states that g(!) is not a polynomial of degree three or less. Therefore,
(1)

g+, can not be represented entirely by the first three Hermite polynomials. The following
statement leverages this assumption to show that 3 Y%° , H, ® G, is positive definite.

Y (g2 forallk € [m].
r=R

I\J\P—‘

Lemma 3.9 ([51, Lemma 8]). Let E be defined as in (3.90) and assume that the approximated weights
satisfy ||y |l2 = 1 and (Inc2) for some universal constant cp. Furthermore, assume the activation
function adheres to (SNM1) and (SNM2). Then, we have

2
Am(E) > w — C(m —1) <1°%m) , (3.92)

where w and C are constants depending only on g and Te.. Specifically, we have
1 . 2
w=5 min ¥ (" (+0)),

TE[—Too, Too] >4

1
C= Ec% max Z

T,TE[—Too, Teo) >4

i yme (2.
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Proof of Lemma 3.9. To simplify the notation, we introduce the shorthand y, ) := y,(gg) ). By

Lemma 3.8 we have E = %204 T, T , s0 we concentrate on the expression on the right-
hand side. As |[@y||, = 1 for all k € [m], we first note that we can rewrite 3 Y,-, T,T," as
% Y54 T;T,” = Dy + Oy, where the matrix Dy is given by

Dy = 3 Diag (X s 1 )
r>4 r>4
and the remainder O, equals 1 Y, T, T," with its diagonal set to 0. To show (3.92), we compute
a lower eigenvalue bound for D4 and an upper eigenvalue bound for O, independently, and
then complete the argument with Weyl’s eigenvalue perturbation bound [132]. The smallest
eigenvalue of Dy can be read from the diagonal and is given by

1
Amin(Ds) = Elfg[m]r;lﬂrk > w >0,

where the last inequality, stating w > 0, follows from (SNM2). For the spectral norm of O,
we use L1/ Le-Cauchy-Schwarz inequalities and ||@y||, = 1 for all k € [m]. Specifically, for any
unit norm vector 1, we have

1 m
u' Oqu = 5 oY wug Y sy kit o (W, W)

k=1 £k r>4

1 Z N -

<52 ) unl el Y bkl (k)|
k=1 (£k r>4

By dragging out the maximum of the sums over Hermitian coefficients, we further bound

1
O < (5 max Y (gt (gl ])Zzwkuwuwbw»w

TTE[~Too Teo] 13 =1 ik

The trailing factor is, for all unit norm u, bounded by the spectral norm of the matrix

~ 0, ifi=i
(Ou)ij = { o J (3.93)

](wi, ZT)]> P else .

Therefore, we have u" Oyu < Cgrr,, ||O4]| for all unit norm u, and with the constant Cy 1z, given

as .
Cor, = 5 _Mmax Z

2 T,T€ [~ Too, Too r>4

7

(8 (g

and only dependent on g and the shift bound 7. By Gershgorin’s circle theorem, we further
have

2
c2logm
||O4||<max§!|o4k4|<( 1)( ) ,
ke(m) {2 D

where we used the fact that @, ..., @, satisfy (Inc2). O

Remark 3.5. Let us mention that the lower bound (3.92) can be improved by minor adaptions of the
proof to

(R+1)/2
1 min Y (#r(g(l)(‘+1'))>2_c(m_1) <lolgjm> ’ (3.94)

2 1€, T) SR

Am(E) >

for a suitable constant C > 0, assuming ¢V) is not a polynomial of degree R > 3 or less. Differently
put, as long as we can guarantee that the Hermite coefficients do not vanish too quickly, we can further
benefit from the incoherence of the weights wy, . .., Wy.
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Discussion of assumption (SNM3). As already prefaced in Remark 3.4, the proof technique
used to lower bound the spectrum of E can also be applied to find a lower bound to the
spectrum of the second moment matrix E;. This enables us to provide a lower bound on the
m-th singular value of the matrix A, (IE X~ N (01d) [Vee(V2f(X ))®2]) which equates to condition
(SNM3). Notably, assumptions similar to (SNM3) are integral in other related works such as

[54].

Theorem 3.5. Consider a shallow neural network f as described in Section 3.1.1. Assume the activation
g satisfies (SNM1)-(SNM2), and that the network weights wy, . .., w,, € SP~! fulfill conditions (Inc1)-
(Inc2) of Definition 2.3 with constants cy, c3. Then, there exists a constant C > 0 depending only on
¢2,8@), such that for mlog® m < CD? we have

M (Ex-nion [vee(V2£(X))*2]) = e5"An(E2) > 0,

where Ej is a positive definite matrix with entries (Ex)x = Ex.zr(01dp) [g(ff) (w,;rX)gg) (wZX)} cIn
particular, under these assumptions, the condition (SNM3) is fulfilled for a constant a > 0 independent
of m,D.

Proof. Throughout the proof we denote E[-] = Exr(qa)[-] and p,x = ],tr(gg)) for all k € [m].
We begin by expanding the outer product, which yields

E [vec(VZf(X))®?] = {(Z ¢ ((wl X + 1)) vec(w§2)> ]

= i E {g(Z)«wkTX + 1)) ((w] X + Tg>)] vec(wi?) @ vec(w?).
k=1
(3.95)

Due to Lemma 3.5 and ((SNM1)), the shifted second derivative of the activation admits a
Hermite expansion such that

P (W X+ 1)) = Y pirhr(w{ X
r=0

where h, denotes the r-th Hermite polynomial. Plugging this expansion into (3.95) gives

E 2 prhe (W) X) g shs(w] X) | vee(w?) @ vec(w?)
1 r,5=0

E [vec(V2f(X))®?]

FMS

k,

Mrere - (Gr)ie vee(w?) @ vec(wy?), (3.96)

r=0k (=1

I
agk
?Mﬁ

where the last step follows from Lemma 3.4. Here, Gy = 1®1 and G, denotes the Gramian
matrix of the system {w®’|k € [m]}. Denote now W, = [vec(wi?)...vec(w2?)] € RP**", then
(3.96) can be rephrased as the matrix product

Z Yttt o(Gr)e vec(w?) @ vec(w(?) = Wy (Z H?® Gr) Wy, (3.97)

k(=1 r=0

where H? is the matrix storing the Hermite coefficients, i.e., (H ) := y,(g%()) P‘r(gu ) (cf.

Definition (3.91)). Note that the matrix E; := (2?":0 H?® Gr) is positive definite, with a lower
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bound on the smallest singular value that obeys

(R+1)/2
log m) . (3.98)

M) 2 5 _min ¥ (in(g® -+ 7))~ Cm—1) (%

TE€[~To, T ySR

where R € N is the maximal number such that g(?) is not a polynomial of degree R or less and

C= lcg max Z

2 “r7c [~ ToosTo0) p >4

(8 (82) \ : (3.99)

This follows directly from the proof of Lemma 3.9, Remark 3.4, and Remark 3.5 since g(?)
satisfies the same relevant conditions as ¢(!) and the weights wy, ..., w,, are satisfying the
incoherence condition (Inc2). In particular, since g2 is not a polynomial of degree three or
less, the bound (3.98) is fulfilled for R = 3. Hence, similarly to Lemma 3.9, we get

Am(Ez) > L min ) (yr(g(z)(- +T))>2 —C(m—1) (lolg)m>2.

T 2 te[ T, T) S

The term 1 min ¢(_z, 7] Lr>4 i constant, only depending on ¢'?), whereas the right-hand side

<Vr(g(2)(' + T)))Z —C(m—1) (10%111)2 is arbitrarily small whenever m < CD?1og®m holds
for a suitable constant C, which reflects our initial setting. Thus, E; is positive definite with
smallest eigenvalue denoted by A,,(E,) that only depends on ¢y, ¢!?). Denote now by VEV T
the eigendecomposition of E;, then we can continue from (3.96) with

E [vec(V2f(X))®?] = WoEoW, = WoVEV W,

We can now provide a lower bound on the minimal eigenvalue of the expectation in terms of
Am(E2) and c5' = ||G,!||. Denote by £1/2 the diagonal matrix such that ©1/2£1/2 = %, then

A (E [vec(V2f(X))*?]) (WovzvTwy)

A
A

w ((WaVE2) (WvEl2)T)
A (WRVEV2)T (WVE12) )

—A (zl/ZVTGZVﬂﬂ) )

where the second inequality follows from the identity A, (XXT) = A,,,(XT X) and the last step
uses the fact that W2T W, = G,. Since wy, ..., wy, satisfy (Inc3), the spectrum of the Gramian
matrix Gy is bounded by c5 1 such that

A (Zl/ZVTszzl/z) > A (SV2812) 4, (VI GOV = A (E2)Am(G2) > €5 Am(Ea).

Here, the first inequality follows from a generalization of Sylvester’s law of inertia [101,
Theorem 1]. O

3.4.6 Controlling the difference between the gradient upgrades

In this section, we derive an upper bound on the difference | V] (%) — V2].(1)|2 between the
gradients of the original objective | in (3.71) and the idealized objective J, in (3.83). This will
allow us to characterize the divergence between the two associated gradient descent iterations,
which previously defined (3.72) and (3.85). For more details, we refer to the discussion in
Section 3.4.2. Our main result in this section is stated below.
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Lemma 3.10 (cf. [51, Lemma 13]). Consider a shallow neural network f with unit norm weights
described by the matrix W = [w1] ... |wy), shifts T1, ..., Ty € [—Teo, Teo) Stored in T and an activation
function g that adheres to (SNM1)-(SNM2) with D < m. Furthermore, consider |, |, given by
(3.71), (3.83) constructed with Ny, > m network evaluations y1, ..., yn, . of f where y; = f(X;)
and Xi,..., Xy ~ N(0,Idp). Denote by f an approximation to f constructed from parameters
W = [d1] ... |@n], T as described above with ||d|| = 1 for all k € [m]. Then, there exists an absolute
constant C > 0 and Dy such that, for dimension D > Dy, the difference between the gradients of | and
of the idealized objective |. obeys

. . . m362_ t\ 2
IV+](2) = Vi u(2)|, < 262/m || % — |3 + CAw, + ( N, - > (3.100)
ram
for t > 0 with probability at least 1 — 2m? exp (—é) and where
m'/2log(m)>4 | ~ Ao |l
By < T8 — |IW = Wik + 513 + Low— ] |- (3.101)
= 2

The proof relies on several auxiliary statements and has been deferred to the end of the section.
Due to the technical nature of the results within this section, we start with a short sketch of the
proof of Lemma 3.10, which helps to motivate the auxiliary statements.

Proof sketch of Lemma 3.10. In the first step, we separate the bound on ||V:](%) — V2] (T)]|2
into two terms A, Ay, such that

va’](f) - Vf]*(f)Hz < Az + Aw.

Here, the error A; is caused by our linearization argument and only scales with the deviation
of T from the true shifts T, whereas Ay represents the error due to the weight approximation.
Using a chain of elementary algebraic arguments that follow from (SNM1), we can estimate
Ar < 2xk2y/m||t — 7||5. The more challenging part is the bound Ay, which needs to control the
term

H Ntiain Nﬁn (f(Xi’ ) - f(Xi'T)) Vef(Xi, 1)

i=1

‘ < Aw.
2

Assuming equality, we express A%, as sum of random variables

m 1 Nirain 1 2
Ny =Y, — Y Y Zue|
Ntram

=1 i=1 k=1
where Zjy := @i ¢(X;) and
Pre(x) = (8(36ka + 1) — g(x "wp + Tk))8(1) (x "oy + ).

To control A}, we first make separate the means E[Zy] = Ex_(01dp) [@ke(X)] of the sum
according to

2
Y. Ziké] < 2031 + 2035,
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where
m 1 Ntrain m 2 » m 1 Ntrair\ m 2
Aw1 = 2 N E[Zike] | Dy = Z N Z Z(Zikﬁ —E[Zi])| -
/=1 train ;—1 g—1 /=1 train j—1 k=1

Establishing that Z;, — E[Z;y] is sub-Gaussian for all k,¢ € [m] then enables us to use a
concentration argument showing that, for suitable C > 0,t > 0, we have

P (A3 % > 1—2m?exp S
W'Z Ntram o Crxt ‘

To bound A%N,l, we make use of the Hermite expansion of the function ¢(x), which allows us
once again to exploit the incoherence of the weights (wy)ie ), (¥ )ke|m- More precisely, we

: o 2 e
receive the identity A2, ; = Y/"; (¥, S,¢)", where S, is defined as

Srei= Y mr(ge )i (gl)) (g, )" — (wy, @)")  forallk, € € [m] (3.102)
k=1

(1)

where p,(gq,), pr( Sz, ) denotes the k-th and ¢-th Hermite coefficient of the function g, g(l)

T 7

respectively. We split the series Y )" | (¥,>; Sr,g)2 into three parts using the inequality

2
Z(ané) <2254+22r255+21{2<2m> for R > 2. (3.103)

/=1 \r>1 (= r>R

Based on this representation, we prove three individual statements, each of which targets
an individual term in the inequality above. In Lemma 3.13, we show that the tail series

2Ry (Esr Sr/g)Z is neglectable for R > 9 when compared to the first two sums. The two
dominant terms are then bounded as

mlogm log m \ /2
Zz’zsm 8 (uw Wi+ (5") Aw,o>,

by Lemma 3.11 (see (3.104) for a definition of Ay o), and

logm 12
2514N D

by Lemma 3.12. In combination, these bounds give rise to the result in (3.101).

2
m

Y wi — 1y
k=1 2

7

Finding an upper bound for the series in (3.103). In the upcoming results, we will reuse the
shorthand Ay o from (3.17) (cf. Theorem 3.2), which was defined as

m
Awo =Y (W — wy, Dp — w))] . (3.104)
kK
We start with a bound on the inner sum in (3.103):

Lemma 3.11 (cf. [51, Lemma 9]). Consider weights and approximated weights (wg)iem), (W) ke m]
of unit norm as before that both fulfill (Inc2) and (i) in Lemma 3.2, as well shifts (Ti)ke(m], (Tk)kepm]
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Within [—Te, Teo| for some Too < 0. Let S,y be defined as in (3.102) and assume that g fulfills the
assumption (SNM1) - (SNM2). Then, there exists a constant C > 0 such that, for m > D,

logm\ /2
Zs < O max (g w(gn)z(wm( e") )

€[m]

Wi+ (5") T dwo

Furthermore, for any fixed R > 2, we have
R m 1/2
Cmlogm ~ logm
12yt < B (W= Wi+ (25) Awo),
r=2 (=1 D D

where the constant C > 0 additionally depends on R.

Proof of Lemma 3.11. Throughout this proof, we use the convention that, for any vector, we have
v =1,121=1,and v® 1 =1® v = v, which will be relevant for the case r = 1. We start
with a chain of equalities that uses elementary properties of the Frobenius inner product:

m
Y. She=
=

m

2
2 (g0 )pr (85)) (g, )" — <wk,m>f>]

[\13

~
Il
—_

Il
™=

2
Z Vr(ng)Vr(g(f?)mk — Wy, W) <Z<wk, D) (wy, ZMil)]
=1 :

/=1 i=1
r 2
=YY (g ) e (85)) (0 — Wi, ) <Z o0 @ w “‘”,wli@”>]
(=1 k=1 i=1
m i m r 2
1 N N —1i i—1 A QT
=Y | Y gmnn(s) <<wk —w)e ) (o) ow ), 0 >]
(=1 [k=1 i=1
uml| (g L e(r—i) . @(i-1) ’
=) |mr gn <Eﬂr &) (@ — wk)®2(wk ® W >,wg©r>]
=1 | i=1

2
Z pr(gy)) <;Mr(grk)(wk pe ) (@ ew 1)),@@7> .
= —~

At this stage, we separate the coefficients depending on ¢ such that

2
Yy, [2 (g e (85)) ({0, D) — (wy, W)]
(=1 k=1

2
<maxyr 22<Z,ur ng (D — Wi ®Z<A®r1 ®(1 1)) wz@r> )

tefm] i=1

Now, note that the set of tensors (@}") ¢cm forms a frame whose upper frame constant is

bounded by the upper spectrum of the Gramian (G, )ij = (W, @;)", see also Lemma 2.20. Due
to Lemma 2.23, which relies on Gershgorin’s circle theorem, we know there exists an absolute
constant C > 0 such that for D sufficiently large the operator norm of G, obeys

r/2
G| < C(l +m <1°%m> )
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As a consequence, we get

2
maxyr Z<Zy, ng — Wy ®E<w r—i) (z 1)),w2®r>

Le(m] =
< max i (8 (8n) @ —w) @ Y (2" @w )
i=1 E
logm\"’ r . - 2
< Cmax i, (g4))? 1+ m ( ) (ge) (@ —w) @Y (9" @)
Le(m] D = .
(3.105)
0 (r—i) ®(i—1)
Denote now Ay, := p,(gz) (W — wy) and T, := Y4 ( ® w, >, then
2
. N Lo e(ri) o eli-1)
Y pr(ge) (W —wi) @) <wk ® Wy, )
k=1 i=1 F
m m
= Z <Ak,r @ Tk,rr Ak’,r X Tk’,r> = Z <Ak,r/ Ak’,r><Tk,r/ Tk’,r>
kk'=1 k=1
m
Z HAkTHZHTerF + Z Akr/ Ak’ ><Tk,rr Tk’,r>' (3.106)
k=1 kAK!
Using |[wll2 = [|@k/[2 = 1 we get
. r . .
1 Terlle < Z 12" @ @ le < Yl il =,
i=1
such that the left part of (3.106) can be estimated by
Z HAerZHTerF < r* max,ur g'rk Z ||y — wk||2
ket (3.107)

= r* maxji,(gx,)* ||W - Wiz
ke[m]

To bound the right part of (3.106) first note that, for k # k’,

7

<Tk,}’/ Tk’,l’> = 2 <wli®(r*l) ® w}({@(l*l)/wg(rill) 2 w§(1/71)>
ii'=1

r (r-1)/2 (r-1)/2
<cy <logm> _ o <lolgjm> ’

i,i'=1

for some absolute constant C, which follows from the pairwise incoherence (Inc2) as well as
point (i) of Lemma 3.2. Therefore, the right part of (3.106) is bounded by

n logm\ "—D/2
3 (B ) (T Teg) < € (FB1) 0 37 ()
o oy

(3.108)

) logm (r=1)/2 R .
< Cr 5 max r(gz,) Z | () — wy, W — wy)| .
kE k;ﬁk’
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Plugging in (3.107) and (3.108) into (3.106) yields
2
(3.109)

<wi@(7—i) ® w;{@(i—l))

i Hr(80) (W — wi) ®
P

r
i=1

2 2 | 11tA 2 log m =072 m N N /
<Cr lgrel%ur(gq) IW =W+ (5 Yo (@ —wy, p —wp)|| . (3.110)
m KAk

Combining this with (3.105) yields the desired first statement

m

/2
1 logm "
;Sie <cr [nax, 1 (g2 (ge,)? (1 +m ( = ) )

uw—wu%+( g ) Ao

D

For the second statement, note that max;c(,, #r(g7,)* is bounded due to (SNM2) and that

maX e pr( gg))2 is bounded according to Lemma 3.5. Hence, it follows that

R m R log m r/2 R log m (r—1)/2
22’253,4§ 2 2rC72<1—|—m< % > HW—WH%+< % > Awo
r=2 (=1 r=2
1/2 R
< <1—|—m <1°;°;m>> (HW—W\@+ (1°%m> AW,O) y 2,

r=1

The second statement follows from the upper bound above by adjusting the constant C due to
YR 12"Cr? < oo for fixed R and using (mlogm)/D > 1. O

The next statement builds upon Lemma 3.11, in particular (3.105), to control the first sum in
(3.103). Notably, we use (SNM1) to eliminate all Hermite coefficients in our expressions.

Lemma 3.12 (cf. [51, Lemma 10]). Consider weights and approximated weights (w)yem), (Wk)kem]
of unit norm as before that both fulfill (Inc2) and (i) in Lemma 3.2, as well shifts (Tc)ke(m), (Tk)kem
Within [—Te, Teo] for some Too < oo. Let S,y be defined as in (3.102) and assume that g fulfills the
assumption (SNM1) - (SNM2). Then, there exists a constant C > 0 such that for m > D

m

i logm 172 ?
ZS%,éng( ) Y wp —
=1 D k=1

Proof of Lemma 3.12. According to the proof of Lemma 3.11, in particular (3.105), we can bound

m logm 1/2
§?, < Cm( )
; 1.0 = D

for some constant C > 0. Since y1(g, ) is bounded for all k € [m], what remains to be shown is
that the Hermite coefficients do not change signs. Note that the first Hermite polynomial is
given by hi (1) = u. According to the definition of the Hermite coefficients, we have

pa(8m) = /1R ug(u+)e " du = | —g(u+ Tk)e_umr_o + /]Rg(”(u + e 2du
= / g(l) (M + Tk)eiuz/zdu.
R

Now note that ¢g(!)(u + 7;) will always have the same sign since ¢g(? is monotonic due to
(SNM1). Therefore, y1(g7,), - - -, 11(gr,) must all be either positive or negative, from which the
proof follows directly. O

2

2
m

Y p(ge) (wy — )
k=1

7

2
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The last auxiliary statement provides an upper bound for the tail series appearing in (3.103) for
R > 9. The proof directly bounds the Cauchy product Y )" ; (¥,>r S,,,g)z, and leverages that the
Gramian matrix Gg of the system {@%|k € [m]} has a spectral norm bounded by a constant
(independent of m, D), which follows from Lemma 2.23 in Section 2.6.1. Additionally, mixed
terms giving rise to the factor Ay o, which appeared in the previous two statements, can be
simplified using

logm K172 log m '\ * ~
(P8") " dwo< (*B") withe, < B < IW-WIR,

for m log2 m < D? R >09. By these arguments, we can reduce the problem to
m 2 2
~ 1
Z (Z Sr,g> < CHW — WH%\/% (Z 1’| maxyr(grk)ﬂr(g(@m) .
=1 \r=rR >R Kt

The statement then follows by applying Lemma 3.7 to show Y_,~ g 7| max ¢ pir(gv, ) pir( gg)) | < o0.

Lemma 3.13 (cf. [51, Lemma 12]). Consider weights and approximated weights (w)yem), (Wk)ke[m]
of unit norm as before that both fulfill (Inc2) and (i) in Lemma 3.2, as well as shifts (Ti)xem), (Tk)kem]
Within [—Teo, Teo| for some To, < o0. Let S, ¢ be defined as in (3.102), and assume that g fulfills the
assumption (SNM1). Then, there exists a constant C > 0 such that for R > 9 we have

2
m
5" (zsri) < CymIW - WIE.
(=1 \r>R

Proof of Lemma 3.13. We start by applying the Cauchy product to the squared series

m m

Z (Z SrZ) Z (ZZSI’+R SZSS+R£>
(=1 \r>R ¢=1 \r>0s

Z Z Sr+R—s,ESs+R,€

>0s=0/¢=1

T (fstsi) -

r>0s=

-

The inner sum is now controlled by a sequence of inequalities similar to Lemma 3.11. Again
we denote Ay, 1= pr(gq ) (Wk — wy) and Ty, := Y74 ( p20=1) w (i )), then by applying the
same chain of inequality as at the beginning of the proof of Lemma 3.11 we receive

Z Sr+R s/SerR,Z 2 Hr+R— S ]’[S+R(g§[))

2 2
m
~Qr+R—s ®S+R
Ak,r+R—s %) Tk,r—i-R Ay r > < E Ak,s-i—R ® Tk,s-i—R; ] >
k=1

~
S

Hrres (85 psrr(85))

Il
NgE

~

~
> 1L
gt

2
m
Ak,r+Rfs & Tk,r+Rs> ® <Z Ak,s+R ® Tk,s+R> w?r+2R> .

k=1
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As before, we now invoke the frame-like condition dgscribed in Lemma 2.20 to attain a bound
depending on the upper spectrum of the Gramian (G,42r)ij = (@;, ;)" K. More precisely, by

using the shorthand

= max Hrres(80) s v (85))? 3.111)

we then have

2

m m m
Y S2 R s0S2ire < HyslIGriarl] (Z Agrir—s ® Tk,r+R—s) ® (Z Dgsir ® Tk,s+R>
=1 k=1 k=1

F
(3.112)
m 2 m 2
< ;u;,s HGH-ZRH Z Ak,r—i—R—s & Tk,r+R—s Z Ak,s-&—R & Tk,s+R (3-113)
k=1 F k=1 )a

The two Frobenius norms can now be estimated as in Lemma 3.11, more precisely (3.110),
where we also use the shorthand Ay o defined in (3.104) as well as

Hr,s -= MaX Yr4R—s (ng)z maXx fs4R (ng)z'
ke[m] ke[m]

This gives for some absolute constant C > 0

2 2

ty s IGri2r |

m m
Z Ak,rJers ® Tk,r+Rfs Z Ak,erR ® Tk,s+R
k=1 F |lk=1

< Cl spirs||Graor| (r + R — 5)2(s + R)?

R log m (r+R—s—1)/2 R log m (s+R-1)/2
-<|rw—wn%+( E") Bwo | (1w =W+ (FE%) T dwo

~ ~ logm (R=1)/2 ’
sCu:,syr,sHGHzRH(HR—s>2<s+R>2(nw—wn%+< ) Aw,o) .

F

D

Next, we identify the dominant factors and simplify the last expression accordingly. Due to
Lemma 2.23 we have for some constant C > 0 that

N (r+2R)/2 9
|Gri2rll §C<1+m<lolg)m> ) §C<1+m<logm) >,

where the last stop follows since R > 9 and due to m(log m)? < D? this can be further
simplified to ||Gy42r|| < C. Similarly, we have

log m\ (R~1)/2 logm\ (R-1/2 m . N
( g > AW,O:< g > Z|(wk—wk,wk/—w;(>‘

D D P
logm ! 252 2 27112
< D m 5max < 5max < ||W - WHF’

and therefore, we get

2
~ ~ log Y\ (R-1)/2 R
| Grs2rll (HW—WH%‘F < g > Awo | <CIW-—W]|}

D
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for some absolute constant C > 0. Plugging these into (3.113) results in
Z St iR Seire < Chiyshirs(r+ R —s)%(s + R)?[W — W[}

Hence, we have

£ (ps) <t (S

r>R r>0s=

<CHW WHFfZZ\/‘Vrs,urS T’—I—R—S S+R)

r>0s=

2
< C[W — W][p/m (Z r|n;a;xyr<gfk>ur<gé}>>r) .

r>R

The result then follows by applying Lemma 3.7 onto the series in the last line followed by a
unification of the constants. O

With Lemma 3.11-3.13, we can now prove the main lemma of this section. The proof has
already been outlined at the beginning of the section.

Proof of Lemma 3.10. Recall that

Niain ,
10 =g & (FOG0) = £06,0))

By the chain rule, we compute the gradient of ] w.r.t. T as

1 Niain , .
(1) = ' irT) — irT £\ &i,T).
V@) = g L (F%0 D) = f(X0) Vef (X 1)

Adding 0 = (f(X;,7) — f(X;,7))V+f(X;, ) to J(t) and applying the triangle inequality to
V] — V], allows us to separate the error caused by the weight approximation

|Ver(@) - Vel (e
Nerain

SHN;m< L (f(Xi,f)_Jf(Xi,T))fo(Xi,f)—fo(Xi,T) rf(Xz,T) (t—1 )H
h (3.114)
1 Ntrain . R
+Hlia & (F60m =% m)) e/ (X 1) (3.115)

i=1
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To bound the first term in (3.114) denote h1(A) = (1 — A)T + A1, then we have

(X, 7) — F(X,,7) = kig(wz Xi+ 1) — g(@] Xi + %)
=1
= Y g(@] Xi+ h(1)e) — g(@] Xi + h(0)y)

g(@
k=1
o ch(1)
=Y [ V@] Xi+ u)du
k=171 (0)x
mo el
= Z/O g (@] X; + h(A) )R (A)rdA
k=1
m 1
=Y | 8V @ X+ (AT~ %),
k=1

Therefore, we can bound (3.114) as follows:

N; train

H N;in ( ; (f(Xi, 1) — f(Xi, 1)) Ve f(Xi, 1) — Vi f (X, TV f (X, T) T (£ — T)) Hz

N train

<x (5 vefun ([ Fafoanoan)” = vaf 6 vef x0T 166 = ol

i=1

Let us fix T, T for now and write the last line in terms of matrices F, F, [* € RNwain X7 ywhere
the i-th row of these matrices is given by V:f(X;, %), V+f(X;, T) and fo Vi f(X;, h(A))dA,
respectively. We obtain

\\Ntfam(lji“vff ([ TefxinNa) = Vef (X 09ef (1)) |16 - D),

1 AT s A
<5 IE"F* = FTF|[[|t — 7]

train

<

1 i * * A
— (1= FIIE N+ I FIIE = E11) 11 =7, (3.116)

train

A simultaneous upper bound for ||F — F|| and ||F — F*|| can be established with elementary
matrix arithmetic and the Lipschitz continuity of g(!

Z

rain

IF—F|| < ||[F~Fllr = [ Y- (8 (@, Xi) + ) — g (b, Xy) +Tk))2}

]

NI—=

I\
—_

N; train

<[« [ &

i=1 k

N|—

—K\/ NtramHT THzr

M§

1

the same bound follows for ||F — F*||. A crude bound for ||F|| is given by

HPH S V Ntrainm rnlgx |Fik| S V Ntrainm Hg(l)Hw S KA/ Ntrainm/

the same bound follows for ||F*||. Hence, we can continue from (3.116) with

1 A N . R .
(1B = FINE | + NEWNE = E*]) 112 = ll, < 26/l — <3
train
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The error (3.115) caused by the difference between W and the original weights W has the
form

i 3 (700~ £06,0) 936,
:H N’jain f:n (kf:lg(xl W+ T) — 8 (X wi + Tk)) Vif(Xi, 1) ’2

Let us define

1 Ntrain m R . A 2
My = Yo (8O i+ 1) — g(X g + 7)) Vef (X, 1)
train  j_—q1 k=1 2
Nirai 2
1 train m T T (1) . .
=) N (}:g(Xi D+ ) — 8(X; wk+Tk)>g (X, g) + %)
(=1 | Vrain =1 =1
To keep the expressions more compact, we define Zjy := ¢ ¢(X;) and
ore(x) = ((x T+ 1) — g(x T+ i) ) g (x T + ).
Let us also define
5 m 1 Nirain m 2
A,y = Z N, E[Zid |
(=1 | “Vtrain =1 f=1
5 m 1 Nirain m 2
Ayoai=), N Y (Zie — E[Zire])
(=1 | “Vtram =1 k=1
Then,
m 1 Nirain m 2
A=) | b X Zie| <285+ 285, (3.117)
(=1 | “Vtram =1 g=1

In what follows, we will control A%N,l/ A%/\/,Z by using Hermite expansions and a concentration
argument, respectively.

We begin with A%\/g: The first step is to establish that Z;, — [E[Z;] is sub-Gaussian and to
compute its sub-Gaussian norm. We remark that all expectations for the remainder of this proof
are w.r.t. the inputs X, ..., Xn,,. ~ N(0,Idp). First note that by the mean value theorem,
there exist values ¢; x such that

Zixe = (g — wy, Xi)gW (x o + )8 (G,
where ¢(1) is a bounded function according to (SNM1). We can combine this with the well-
known property of the sub-Gaussian norm, which states that || Zj, — E[Zix]||y, < Cl|Zikel|y,

for some absolute constant C > 0. This leads to

1 Zike — E[Zite] |l go < Cl| Ziell g < Ck?|[ (ke — wie, Xi) ||y, < C*Oimax
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for all i € [Niain), k, ¢ € [m] and some absolute constant C > 0. As a consequence, we can
apply the general Hoeffding inequality (cf. [127, Theorem 2.6.2]), which yields the estimate

AW2 - Z ikl — zkﬁ
Ntzram = l
2
1 m M | Nirain 1 m - 32
SN2 Z(Z Zzz‘ke—lE[Zz'ké]> < Lmt=
train ¢ k=11| i=1 train (=1 train

which holds using a union bound with probability at least

i cf? ) > ) 2
— 2exp | — _ >1-2m"exp (—),
ki=1 YN | Z iy — B[ Zig] 15, CNirainOfanc?

for all t > 0, where ¢, C > 0 are absolute constants. This implies that there exists an absolute
constant C > 0 such that for all t > 0

m36 t
2 max 2
P <AW’2 < " Omaxt ) >1—2m*exp <_CK4> . (3.118)

train

What remains is to control the means contained in A%v,r Using the shorthand g-(-) = g(- + 1)
and the Hermite expansion we get

E[Zixd] = B | (35 (@] X;) — o (] X))g4 (@] X))|

(;) #r (&) (e (D X;) — hr(wkTXi))) Y (gt (] X))

t>0

1 P .
= L pr(guie(8y,)) (o 00)" — (g, 0)),
r>0
where the last two steps rely on the same properties of the Hermite expansion already used
in the previous section. The summand corresponding to » = 0 in the last line above vanishes,
thus we have

2
= ; LZ Y (g ) e ( 81()) ((Wx, We)" — <wk,we>r)] :
—1 |k=1r>1

Denote now

Seei= Y mr(ge)r(81) (g @0)" — (i, @)'),
k=1

then, for any R > 2, we have

w1—Z<ZSre> <225 ﬁZfZSﬁzRZ(Zsﬂg)z. (3.119)

(= r>1 r>R

Choose now R = 9 and plug in the result from Lemma 3.11, Lemma 3.12 and Lemma 3.13,
which yields for an appropriate constant C > 0 the bound

2
2 logm 1/2 Cmlogm ~ 5 logm 1/2
Ay = Cm | —5 +t—p | IW=Wli+ {5 Aw,0
2

m

) wp — Wy

k=1

(3.120)
+ CVm|W — W3 (3.121)
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Reordering the terms and taking the square root we receive

Awy <C <m1/4 +m!/? (ogm) ) IW — W||g 4 Cm'/? <ogDm> AYS

D
logm 174
1/2 g
+Cm <D>

m

Zwk—
Zwk wk

|

ml/2 ml/2 ml/2
< Clog(m)3/* [<m1/4+ D1/2> IW — Wi+ D3/4A1V\§O + D1/4

Lastly, we can use

1/2 ml/2 2
1/4 M 1/4 mn
mUt g sm Ut 5 S pia

1/2

since m > D followed by Ay < C(Aw 1+ Aw,) to conclude the proof. Note that we can simply
separate the constant that appears in the definition of Ay ; to appear outside of the term Ay 1,
such that we arrive at the formulation appearing in the original statement. O

3.4.7 A lower bound for the drift from the idealized GD iteration

The last statement needed for the proof of Theorem 3.4 is concerned with the drift between

(m)

the idealized gradient descent iteration (%,"),en and the gradient decent iteration (#(™),c.
This will be done under the assumption that (tE”))ne]N converges to the true shifts 7 at a
linear rate, which is guaranteed whenever the objective J.(%) = (t — 1) " A(T — 7) is strictly
convex. In Section 3.4.5, more precisely Lemma 3.9, we saw that this assumption holds with
high probability as long as the number of training samples Ni.in is sufficiently large. By

applying the perturbation result from the last section, which states that the gradient updates of

(f(n))HG]N/ (%ﬁgn))neﬂ\l SatiSfy
Ve () = Vel ()], < @V |2 — 7|2 + Aw,

in a vicinity around the true shifts T, we will now control the drift ||#(") — £ ||2. The next

statement gives sufficient conditions on Ay and the starting point #(°), under which the drift
(n)

|20 — £ |2 remains uniformly bounded by + jﬁ‘(’VA). Consequently, since (T ' ),en does

converge to T, the gradient iteration (£(")),cn must remain within distance Amzﬁ‘(’v 7y of the

ground truth shifts.

Lemma 3.14 ([51, Lemma 14]). Denote by ("), 2 the gradient descent iterations given by (3.72)
and (3.85), respectively. Assume that the objective functions |, J. defined above fulfill

IV£](2) = Ve]u(®)ll2 < LT — Tll + Bw, (3.122)

for some L,Aw > 0 and any t € R™. Furthermore, assume that the matrix A in (3.84) fulfills
Amin = Amin(A) > 0. If Ay < 1‘8{ and both gradient descent iterations are started with the same

step size v < ||A|| =1 and from the same initialization () = 0, adhering to the bound

180 _ 7|, < ;imfzﬂi, (3.123)
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then the distance between both iterations at gradient step n € IN satisfies

) 24
) — 2 < @)|20 — 7, 4+ =2

/\min

(1-2¢"),

forg=1- '“‘“ €[0,1).
Proof of Lemma 3.14. Plugging in the gradient descent iteration with a simple expansion yields

#(nt1) _ 4(n+1) H

= ||t — 2™ _, <2Vf](f(n)) - vf]*(f*(n))> Hz
=[|e = 22— (Vo] (20) = Te L. (20)) - (W*(f(”) )= Ve @),
= || (1~ A) (2 )~y (Ve (2) = T2 |

IN

(1d, —vA) @) = 2|+ || ere®) = Ve )|,
where we used the definition of the iterations in the first line followed by a simple expansion
and the triangle inequality in the last line. The left term of the last line can be bounded with
the spectral norm of Id,;, —yA and the right term according to our initial assumption (3.122):

e P e PR 2 A L R ER 7%
< (1= Phanin) [0 = 2 2 L2 — 3 4 7w,

where the second inequality follows from the bound on the minimal eigenvalue of A. Expand-

ing the right term of the last line with 2" yields

A(n+1) _

(n+1)
I o)

T 2

<(1= YA 27 = 2 + L2 — 2 + 2" — 7l + yAw

<1 = YAmin) [ £ = £ 2+ 29L)2® — 2 |3+ 29L )2 — [+ 78w, (3.124)
We can now use the fact that the gradient descent iteration (3.85) in combination with the
convexity of the idealized objective J. (Amin(A) > 0) allows for the recursive bound

187 = tllo = [ = Ve (@) — ol = 27 =y A" = 1) — 7]l
1) A(n—1
= [t~y A) (2" = D)ll2 < [ 1dw —7A[ 2"V — 72
S H Idm _'YAH HT* 0 - THZ S (1 - 'YAmin)néO/
where we have denoted by dy = ||£(*) — 7||, the initial error. Plugging this into (3.124) results
in
e

<(1 = YAmin) |2 = 25 4+ 29L |20 — 2012 4+ 29L(1 — YAmin)¥"82 + 7Aw. (3.125)

Define A, := max<, ||f(k) — i’,gk) |l2. We first show by induction that A, < Amin/4L provided

that & and Ay are sufficiently small. For step n = 0, we have ||#(0) — (0 |l = 0, so the
statement is clearly true. Assume now it holds for n. We have to show the induction step. In
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other words we have to show ||£(*+1) — 2t ll2 < Amin/4L, so the same bound would hold
for A,+1. We continue from (3.125), and get

A(n+1)

20D — 2D < (1 = yAmin 4 27LA) £ — 27|y + 29L(1 = YAmin) 62 + vAw.

Using the induction hypothesis A;, < Anin/4L, this simplifies to
200 = 2o < (1= YAmin/2) [ (£ = 27 2+ 29L(1 = YAmin) '35 + 78w
To keep the computation more compact, we will denote

'YAmin
=1—-—.
¢ 2

Now we can repeat the same computations for Hf(k) — ﬁgk) ||l2, k < n as well. This leads to
(n+1) L &
Hf'(nﬂ) — T 2 < Z'YLé(% Z gk(l - ')’/\min)z(n_k) +7rAw Z Ckr
k=0 k=0

where we used Hf(o) —+0 Hz = 0. Both sums are uniformly bounded in 7, as can be seen by

C;rn—O—l _ (1 _ ,),Amin)Z(n-H)
¢ — (1= 7Amin)?

gn—&-l _ (1 — YAmi )2(n+1) 2Aw

1— €n+1

T (3.126)

20D — 2, <2162 +yAw

<29Ls3
%'y)\mm VA2 Amin
n+1 n+1 2 A
<2L&3~ ¢ 4 28w 4L50€ ul
5 )\mm Y /\mm /\mm )\mm /\min

Now we have 4L&2¢" A1 < 415271 . Furthermore, 4L52A 1 < )‘mm as long as

min

(5 Afnm
0= 3212’

2
which holds according to our initial assumption (3.123). Similarly, as Ay < quf‘ by assumption,
ZAW < A

we get ¥ “gi» This means we now have

)\min Amin /\min
< <
TR TRV

which concludes the proof of the induction establishing that the two iterations remain close

to each other so that max;<, Hf(k) — tfk) l2 < Amin/4L for all n € IN. To arrive at the final
statement, we can continue from (3.126)

n 2n n
(n) _ < 26" — (1 = 7Amin) 1-¢
||T T* ||2 2’)/L5 ér <1 _ ')’/\min)z + 7AW 1_ g
o AL L, 2w
1-¢m).
o Amln Amin ( g )
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3.4.8 Concluding the proof of Theorem 3.4

Combining all results proven throughout the preceding sections is all that remains to proof
Theorem 3.4. For an explanation of how all intermediate results connect, we refer to the proof
sketch given in Section 3.4.3. The proof only relies on one additional concentration argument
given by the following Chernoff bound.

Lemma 3.15. Let Z € R™ be a random vector and assume ||Z H% < R almost surely. For N independent
copies Z1,. .., 2N of Z, define the random matrix

N
G:=)Y 27z
i=1
Then, we have
/\m (IEG) Am(EG

P <Am(G) > ) >1-mo7 "k

4

Proof. The result follows directly from the standard matrix Chernoff bound [126, Theorem
1.1]. O

Proof of Theorem 3.4. Denote E = IEXl/m/XNt N(0Jdp)[A] with A as in (3.84), and constructed

from inputs Xj, ..., Xn,.,, ~ N(0,Idp). According to Lemma 3.9, there exist constants w, C; >
0, which only depend on g and 7., with

m—1)log?m
Am(E)Zw—cl(D)zg

>

-2

provided (2Cy/w)m log2 m < D2, as assumed in Theorem 3.4. Note now that A is a sum of
positive semidefinite rank-one matrices. Thus, we can apply the Matrix Chernoff bound in
Lemma 3.15 to get the concentration bound

A (E)

P <Am(A) > A’"LEE)> >1—m-07 =%, (3.127)

. 2
where R = sup, go || V2f(T,%)||5 < m Hg(l)HDo < mx?. From 0.7 < exp(—1/3) now follows
that

]P(Am(A) > %) >1—m-exp <_

M “ain“’) . (3.128)

6mi?

For the remainder of the proof, we will condition on the event that the bound in (3.128) holds.
By the result of Lemma 3.10, the difference between the gradients V:], V], satisfies

IV£] (%) = Vel (£) ]|, < 22Vm |2 = |3 + Aw (3.129)
3(52 t 1/2
Aw = Chw, + <mNtm> , (3.130)
raimn

for a constant C > 0 and + > 0 with probability at least 1 — 2m? exp (—&) where
1/2 ]
2

n W,0
[HW —Wilr+ Dz

m
Y wy — Wy
k=1




3.5. Proof of the Theorem 3.2 128

Assuming the event associated with (3.129) occurs, we can invoke Lemma 3.14 with L = 2x*\/m
meeting its condition by choosing an appropriate constant C in (3.73). Then, for a step-size
v < 1/||A|l, Amin = Am(A) and § = 1 — YAmin/2, Lemma 3.14 yields

1200 =2l < g2 = T2+ C (1-¢") Aw. (3.131)

The bound in (3.131) controls the deviation of the gradient descent iteration (3.72) from the
idealized gradient descent iteration (3.85). What remains to be shown is that the idealized
iteration converges to the correct parameter 7, which follows directly by the lower bound on
the minimal eigenvalue Ap. In fact, we have J.(2) = (£ — 1) TA(% — 7) and

VgV (3Y) = 12 = ||(1dp —7A) (3 — 1)z

< | 1dp =AM |122 = 7]l < (1 = YAmin) 2O = 72.

128 — 7|y = 2

Applying the triangle inequality to (3.131) therefore yields

1200 — 2|y < 2 — 2l + |20 — 27
< ((1 - 'Y/\min)n + gn) HT(O) - THZ +C (1 - f;m) Aw
< 28|20 — ]l + C (1 ¢&") A,

The main statement follows by a union bound over the events described above and by unifying
the involved constants. O

3.5 Proof of the Theorem 3.2

We are now in a position to prove the main theorem of this chapter which combines all
individual pipeline steps.

Proof of Theorem 3.2. According to our assumptions, there exist C, Dy such that the conditions
of Theorem 3.3 are fulfilled, and therefore we conclude that the ground truth weights obey
(Inc1) - (Inc3) of Definition 2.3 and that the weight recovery (Algorithm 3.2) returns vectors U
such that for all @ € U we have

max min [0~ sy, < Ci(m/a)' 47, (3.132)

with probability at least
1-— % — D?exp (— min{a,1}t/Cy) — Cyexp(—+/m/Cy).

Denote the weight approximations obtained in the last step by {@1,..., @, } C SP~!. There
exists a permutation 7 of these vectors such that wy ~ £, for all k € [m]. To invoke
Proposition 3.1, we now need to make sure that

1 D2
Camy/logm’

By applying the uniform error bound (3.132) above, we have

1 D2 Nz D
Cim/a)YV4%V2 < — = o e< ,
1(m/a) — Cam,/logm ~ CICy m5/?logm

max min Hz@n(k) — kaHz <

(3.133)
ke[m]se{-1,+1}
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which is guaranteed by our upper bound (3.13) on € for an appropriate constant. This, in turn,
shows that (3.133) is met. Hence, by Proposition 3.1, Algorithm 3.3 returns initial shifts 7 such
that there exists a &’ < a such that

R logm 3/4 . N
T — %[, < Cov/me + Com®/? <D> max _min Hwn<k) - kaHz

logm\ /4 1
< Cpv/me + Com*'? <;";> Cy(m/a)!1el/? < )

where the last line follows from (3.13) chosen with an appropriate constant C > 0. First, note
that this implies that the signs learned by the parameter initialization will be correct. We
denote this set of signs as 3y, ...,5,. Additionally, the last inequality implies that, for the given
step-size, the condition of Theorem 3.4 (see (3.73)) w.r.t. the error in the initial shift is met.
Another criterion that has to be met for Theorem 3.4 is that

1/2

. Awo
<HW— Wle+ 517z +

m

Cm1/2 10g(m)3/4
D1/4

Wy — Z?)k (3134)
1

1
< =
k= 2>_CVm

m3512naxt>1/2 1
< 3.135
< Ntrain o Cﬂ ( )

where Aw o = Y [{(wx — @k, wp — Dp)|. We begin with the upper term and rely on worst-
case bounds which express the different quantities in terms of the uniform error dmax =

maXgcm minse{—l,—H} Hwn(k) - kaﬂz-

W = W|lr < m"?max, (3.136)
AlVGZO mfsmax
Dl}z = Dl/z ’ (3137)
m
2 Wi — ?f)k < mémax. (3138)
k=1 )

Based on these bounds and after adjusting the constants, we can simplify (3.134) to

D1/4 Dl/thl/z
) Ko7 €< ,
max = 2 log(m)3/4 - Cm9%/2 log(m)S/Z

which is covered by our initial assumptions on the accuracy. Note that this implies for (3.135)
by plugging in the bound for dmax that

m82 tD1/2
Ntrain ~ \ Nirain 10g<m)3/2

Using Niain > m and t = D/? this implies

1/2

m362_ t\'/? 1 1
—_— < < ,
Ntrain o 1\71/2 log(m)3/4 o le/z

train

for D, m sufficiently large. Therefore, all conditions of Theorem 3.4 are satisfied. Hence, there
exists a constant C4 such that the gradient descent iteration (3.72) started from initial shifts
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£00] = ¢ will produce iterates #00] ... #[Neol guch that
R Cam'? 10 (m)3/4 R A%’% m )
HT—T}TH] < Dl/‘i IW =Wl + 5773 + kzlwk_Wk (3.139)
= 2
32 1\ ? 1
+ rmx) 4 Cyg—=72", 3.140
( Ntrain 4ﬂ€ ( )

for all n € [Ngp], some permutation 7t and some constant ¢ € [0,1) with probability at least
1 — mexp(— Nirain/Cam) — 2m? exp (—Dl/Z/C4) .

After unifying the constants and using the bound on dmax, the statement of Theorem 3.2
follows. O

3.6 Experiments: Reconstruction of shallow neural networks

We corroborate our theoretical end-to-end results with an empirical study. The following
experiments are performed using a very similar setting that was used to test parameter
identification by empirical risk minimization with stochastic gradient descent in Section 1.3.1.
In every instance of our experiment, the recovery pipeline (cf. Algorithm 3.1) is run against a
planted shallow teacher network of the type

f(x) = i tanh(w, x + 7¢), (3.141)
k=1

where the network weights are drawn uniformly at random from the unit sphere, i.e.,
w1, ..., Wy € SP~1 and the network shifts are sampled according to

T1,---,Tn ~iid. Un1f([—05, 05])

As in Section 3.6, we compare different network widths m = 2/ 5DP, where the parameter
Be{i 31,2372 32 2} will be referred to as the order of neurons. Aside from the order
of neurons, we also vary the input dimension of the network D € {20,25,...,50}. All
remaining parameters either depend on m, D or remain fixed throughout the experiments and

are summarized for the reader’s convenience in Table 3.1.

Weight recovery (Algorithm 3.2). The weight recovery uses Nj, = [log(D)m| Hessian approx-
imations, which were computed via central finite differences of second order with step-size
erp = 1072, As evaluation points of the Hessians (x1,...,xy, in Algorithm 3.2) we chose
standard Gaussians. SPM (cf. Algorithm 2.2) is run with step-size y = 2. Each SPM iteration
performs 10° steps of projected gradient ascent, and we run R = 5log(D) - m independent SPM
iterations in parallel to decrease recovery time. Note that this is a slight deviation from the
definition of Algorithm 2.2 since we start multiple SPM iterations in parallel (for more details
on this setup, we refer to Section 4.3.1). We fix the thresholding parameter as = 0.9 within

Algorithm 2.2 except for the runs with m = 2/5D?, where we set B = 0.99.

Parameter initialization (Algorithm 3.3). To compute the directional derivatives in Algorithm
3.3, we rely on a central finite-difference schema with step-size egp = 1072. The interval from
which shifts are recovered is set to [—Teo, +Too] is set to [—0.6, +0.6] throughout all experiments.
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Network Model Weight recovery (see Alg. 3.2)

Architectures: Shallow networks f : RP — R as in (3.141) ux: distribution for Hessians N (0,1d)

(wk)ke[m) : random weights wy, ..., wm ~j;4. Unif(8P~1) Nj: nr. of sampled Hessians (N, = [log(D)m])

T: random shifts 79, ..., Ty ~jiq. Unif([—0.5,0.5]) Ngpwm : restarts of SPM (< 5m log m)

D: input dimension D € {20,25,...,50} Npga : number of SPM steps (10%)

m: number of hidden neurons m = 2/5DF €rp : step-size for finite differences (epp = 1072)
with g = %, i, 1, %, %, %, %, ‘;’é,Z B: threshold to discard spurious loc. max (0.9, 0.99)

Parameter initialization (see Alg. 3.3) Network completion (see Section 3.4)

[~ Teo, Too|: interval on which tanh® is invertible (To = 0.6)  7: learning rate of SGD (y = 1073)
€rp : step-size for finite-differences (epp = 1072) batch size (64)
Nsgp : number of training points (D?m)
training time (180 seconds)

Table 3.1: Summary of all hyperparameters for the numerical experiments. A single
value in (-)-brackets is the default hyperparameter that is used in all experiments.
Otherwise, we list ranges that are tested in experiments.

Pipeline uniform error Worst weight approx. L2 error of approx. shifts

» AHETEEEEE ~ AHEEEEEEN - AEEEEEEES
SEESEEEEN > SNNEENEEN - INNEEEEEN
|| =I HEN - Hl 101

1072

Input Dimension D
&

SENEEREEEN
[ + A HHIEEEER
50 IIIIIIIII 50 III ~ ANNNNNEEN

1073

15312 5 3 13 1531 2
2 4 8 16 s 4 2 4 8 1 r 4 2 4 8 16
Order of neurons f Order of neurons 8 Order of neurons 8

Figure 3.3: Performance of parameter identification via Algorithm 3.1 of shallow
networks with tanh activations, m = 2/5DP neurons, and input size D. We
observe a consistent identification throughout and increasing performance for
higher dimensions (cf. Figure 3.4). Notably, the signs (cf. Algorithm 3.3) were
identified correctly in all cases.

Network completion (Section 3.4). For the refinement of the shifts, we run stochastic gradient
descent on Ngp = m - D? samples, learning rate v = 103, and batchsize 64. The training input
points are drawn from a standard Gaussian distribution, also used to compute the 10° samples
for the test data. We stop the refinement by stochastic gradient descent after 180 seconds or
once we reach an MSE on the training set below 10~8 (which is checked after every epoch).

Evaluation metrics. We track three metrics to assess whether the final network approximation
f computed by Algorithm 3.1 has identified the teacher network. Firstly, to measure the
generalization error, we rely on the uniform error E, = maxyex,, | f (x) — f(x)|, which
is computed over a set of |Xiest| = 10° unseen inputs sampled from a standard Gaussian
distribution. Secondly, we track the uniform error of the network weights (while accounting
for permutations), i.e., maxyc(,, Ming ) [|wyx — Dy (2. Lastly, we track the ¢ distance between
the shifts, i.e., |7 — 1|2, while accounting for potential permutations of the student neurons.
All experiments were performed on the hardware described in Section 3.6 (cf. Remark 1.3),
and all reported metrics are averaged over ten independent runs.



3.6. Experiments: Reconstruction of shallow neural networks 132

Error metrics for in the quadratic regime g =2

Error metric
—— Pipeline uniform error
Worst weight approx.
—— L2 error of approx. shifts

107t i

_2 \
Y 10 e 1
—_— ¢ \
g i T i
.
2 103
w
.
\
104 —_ .
\o\.
20 25 30 35 40 45 50

Dimension D

Figure 3.4: Isolated error metrics in the quadratic case f = 2 as shown in Figure
3.3 for the recovery of shallow networks with m = 2/5DF = 2/5D? neurons.
All metrics were averaged over 10 independent runs. We observe an increase in
performance for higher dimensions D.

B 0.5 | 0.75 11125 15| 175 | 1.88 | 1.94 2
D

20 | 458 | 453 | 475 | 476 | 525 | 5.89 | 6.33 6.6 | 7.63
25 57 | 567 | 575 | 6.19 | 7.02 | 838 | 952 | 103 | 114
30 | 677 | 6.87 | 693 | 744 | 853 | 10.6 | 12.6 | 147 | 174
35 | 835 | 841 | 8.49 9.3 | 106 | 13.8 | 183 | 22.1 | 27.5
40 | 9.89 | 995 | 103 | 11.1 | 12.8 | 18.2 | 26,5 33 | 43.1
45 | 123 | 124 | 129 | 13.6 16 | 251 | 384 | 50.7 | 70.8
50 15| 152 | 157 | 16.7 | 199 | 341 | 572 | 79.8 | 113

Table 3.2: Elapsed time in seconds after completing weight recovery (Algorithm
3.2) and parameter initialization (Algorithm 3.3).
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Comparing Ay, 1 to initialization bound

—— Shift init. Proposition 4.1
0.20 ----- Estimate for Aw,1

—— Sum of residuals
0.15

Error

0.05

0.00
100 200 300 400 500 600

Number of neurons m

Figure 3.5: Comparison between the guaranteed accuracy of the shift initialization
(i.e., before running gradient descent) based on Proposition 3.1 (red) and the
residual upper bound Ay ; that persists after running the whole pipeline including
the refinement via empirical risk minimization (dashed red). The shown results
are computed for D = 50 and averaged over 10 independent repetitions. Notably,
the sum of residual errors || Y}' ; wy — @Wi||2 (blue) does not exhibit any error
accumulation for our network model. For further details on this discussion we
refer to the related comparison in Section 3.4.2.

Interpretation of the results. An overview of the overall performance is given in Figure 3.3.
Aside from the quadratic regime B = 2, these results show a consistent uniform approximation
of the original shallow neural network as well as an identification of the true underlying
parameters. In the special case where B = 2 (i.e., the neurons scale like m = 2/5D?), we see
slightly worse results for lower dimensions. The fact that the uniform error and the shift error
do slightly increase with m is to be expected since the network is a function f € [—m, m] and
|t]l2 = O(m!/?). By looking at the runs with B = 2 individually (cf. Figure 3.4) one can
clearly see that all relevant error metrics continuously decrease with the ambient dimension D.
Hence, the performance for lower dimensions is not representative of the average behavior in
higher dimensions. The computation time of the weight recovery and parameter initialization
throughout all runs is of the order of seconds (see Table 3.2) reaching a maximum of 112s
for D = 50,m = 2/5D? = 10> (this includes the time necessary to approximate Hessian
matrices and directional derivatives). Therefore, the time necessary for weight identification
and parameter initialization (including identification of the signs) remains well below the time
budget given to gradient descent, and the overall pipeline finished the network identification in
under 5 minutes in all cases. Let us shortly compare these results to the experiments of Section
1.3.1, where we aimed to identify the entire shallow network by empirical risk minimization
with stochastic gradient descent. The most notable differences are that our pipeline managed
to identify networks in the quadratic case (cf. Figure 3.3) whereas empirical risk minimization
struggled for wider shallow networks (cf. Figure 1.3 - 1.4). Additionally, our pipeline managed
to reach a good uniform approximation within a much shorter time (< 5 minutes) than what
was given to stochastic gradient descent in Section 1.3.1 (50 minutes).

Improvement of the shifts by GD. Corroborating to the discussion in Section 3.4.2, we
compare the individual error components that occur in the guarantees for the approximated
shifts before gradient descent (i.e., the bound state in Proposition 3.1), which scales with

log m\ 374 A
m>/? (g) ml?x||wk—wk|\2 (3.142)
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and after running gradient descent (cf. Theorem 3.2), which scales with

m'/2log(m)¥* [~ wo e
Aw, = $. W =Wl + 5777 + k):lwk—wk : (3.143)
= 2

In the same setup as before with D = 50 we compute the terms (3.142) and (3.143) on real
weight approximations over 10 independent runs and for increasing number of neurons
m = 50,80, 110, ...,620. The results are shown in Figure 3.5. This shows empirically that within
the setting of described in Section 3.1.1 gradient descent is expected to improve upon the shifts
computed by Algorithm 3.3. For more details see Section 3.4.2.



Chapter 4

Entangled weights: Moving beyond
shallow network architectures

This chapter considers the identification of classical deep artificial neural networks with smooth
activations and a pyramidal shape from network queries. More preciously, we provide an
extension of the ideas in Chapter 3 to deep neural networks of pyramidal shape with multiple
non-linear hidden layers and an arbitrary number of outputs. This extension is based on the
so-called entangled weights, which are defined as the gradients of the network’s pre-activations.
Entangled weights serve as a generalization of ordinary weights, enabling us to decouple
weight information that is accessible via network differentiation. Entangled weights uniquely
identify suitable deep networks up to a few scaling and shift parameters. We provide proofs, as
well as empirical evidence, that entangled weights can be recovered from O(D? x m) network
probes under suitable conditions, where D is the input dimension and m the number of overall
neurons of the network. We then show, heuristically, that the remaining parameters of deep
neural networks can be identified based on the entangled weights by a reparametrization
approach as in Chapter 3 (cf. Section 3.4). These heuristics are complemented by theoretical
discussions as well as extensive numerical experiments.

The content of this chapter combines the results within the joint work [52] with Massimo
Fornasier, Timo Klock as well as the work [50] with Massimo Fornasier, Timo Klock and
Christian Fiedler. We provide a novel characterization of entangled weights and extend these
underlying publications with further discussions and numerical experiments. Several of the the-
oretical proofs within this chapter, which originate from these joint works, are stated verbatim
as in their underlying references, indicated within the definition of the statement.

4.1 Introduction and preliminaries

In the previous chapter, we demonstrated the reconstruction of smooth shallow neural networks
with input dimension D from point queries, where the number of neurons m scales up to
mlog®m = O(D?). The reconstruction pipeline outlined in Chapter 3 relies on decoupling net-
work weights from the remaining network parameters. The weights (or approximations thereof)
are learned in the first step by considering the space spanned by second-order derivatives of the
network function, which is then decomposed into individual rank-one tensors by the subspace
power method (cf. Algorithm 3.2 in Chapter 2). The second step of this approach then learns
the remaining parameters (shifts and signs of the weights) via gradient descent, and a local
convergence analysis was provided together with an initialization strategy. Nowadays, most
artificial neural networks deployed in practice consist of compositions of multiple non-linear
layers, so-called deep neural networks (cf. Definition 1.2 in Section 1.1.2). A natural question is
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whether the reconstruction method of Chapter 3, in particular the decoupling of the weights,
applies to deep neural networks.

In this chapter, we show that the Hessians of certain deep neural networks can be decomposed
into rank-one matrices that carry sufficient information to recover all individual weights. Our
theory relies on a generalization of ordinary weights, so-called entangled weights, defined as the
gradients of the pre-activations. Replacing fixed weight vectors with gradients that depend on
the network input presents one of the challenges we face with deep architectures. This requires
the stabilization of the Hessian span that we realize by a concentration argument for which
we provide a theoretical analysis of the induced subspace approximation error. Individual
entangled weights can then be learned from this subspace as the unique near-rank-one ele-
ments, covered by the theory in Chapter 2. We provide empirical evidence that the recovery
of a fixed set of entangled weights is possible for deep pyramidal architectures when the
number of neurons m does not exceed a certain threshold that depends on the input dimension
and the number of output neurons (m < D - myp). As a side result, we implicitly extend the
reconstruction pipeline from the previous chapter, where shallow neural networks with one
output were considered, to several output neurons.

Once the entangled weights have been recovered, we need to infer the remaining unknowns
of the network. By constructing the Hessian span and applying SPM to find the rank-one
components, we can attain the right set of entangled weights, but we lose any structural
information (i.e., which entangled weight corresponds to which neuron/layer). We provide
heuristics that consistently detect the weights of the outer layers (first layer and last layer) but
currently can not reliably assign the entangled weight vectors of the inner hidden layers. This
limits the full reconstruction pipeline to networks with L < 3 layers. Note, however, that all
remaining algorithmic steps do apply to deeper architectures. After a correct assignment of
the entangled weights, the remaining part of the reconstruction is to learn the scale and shift
parameters of the network. This closely resembles the state in Chapter 3, which is reached
after the weights have been learned. The reconstruction of the network from entangled weights
requires a pyramidal architecture up to the penultimate layer and that the number of neurons
in the first layer does not exceed the input dimension (the last layer can have arbitrarily many
neurons). As before, the remaining parameters of the network can be learned by minimizing a
suitable least squares objective.

Section 4.1.3 will include a detailed summary of our reconstruction pipeline. Lastly, let
us mention that the results contained in this chapter differ from the theory in Chapter 3. We
can not offer the same end-to-end theoretical analysis that covers all pipeline steps as it has been
provided in Chapter 3. The main theoretical guarantees will be centered around the recovery
of entangled weights. However, we provide theoretical discussions of all remaining pipeline
steps complemented with extensive numerical results.

4.1.1 Problem setting: Deep neural network model

Let us first formally introduce our network model alongside some notation. Then, throughout
this chapter, we consider the identification of fully connected feed-forward artificial neural
networks from point queries.

Notation for deep networks. According to our Definition 1.2, feed-forward deep neural
networks are functions parameterized by a set of weight matrices W!ll,..., WIL and shift
vectors T ... 7lll. Here, L € N equals the number of network layers. We often rely on
the exponent with the layer index in square brackets as in W!‘ to indicate association to
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the /-th layer. Since we are only considering fully connected networks, the architecture of a
network is determined by the number of neurons in each layer. We distinguish between hidden
layers/neurons (¢ = 1,...,L — 1) and the output layer/neurons (¢ = L). Similarly to the
previous chapter, we denote the input dimension to a network by either D € IN or my € IN, the
numbers of neurons in layer ¢ € [L] by m, and the overall number of neurons by m = Y_F_; m;.
Notably, the dimensions of the weight matrices and shifts are given by the number of neurons
in the form

Wi = [ol! .. wlf] eRm and e R™ forall ¢ [L) 4.1)

Hence, for a given set of parameters (W) teL)r (Tl ¢e(r) the number of neurons and therefore
the overall architecture can be derived from the dimensions of the parameters. Every neuron
is equipped with an activation function, which typically refers to a non-linear scalar function
g : R — R. We allow different activation functions g, ..., gr. for each individual layer. Let us
note here that this is mainly done for the sake of generality and that, typically, all hidden layers
share the same activation function g; = ¢» = ..., gr—1. However, it is common to consider
different functions at the output neurons to not limit the network to the image of the activation
function. A common example is the linear output function (¢, = Id). For an L-layer neural
network f with parameters (W) telL)r (i) ¢e[r) and activation functions (g¢) e}, its output
for some input x € R is then computed by the iteration

yOl(x) ==, 4.2)
yli(x) := g <(W[€])Ty[€’1](x) + TM) , foralll e [L], (4.3)
fx) = yH(x), (44)

such that f is a mapping from R” to R™. The output function of layer ¢ w.r.t. some input,
defined as y!/(-) : RP — R™, is typically called the post-activation of layer £. Similarly, we
define the pre-activations of f, as the set of functions w.r.t. the input that is given by

Z0(x) = (WY Tyl (x) 474, forall ¢ € [L], (4.5)

which can be seen as the state of the neurons in the /-th layer before any activation function is
applied. For the sake of simplicity, throughout this chapter, we will introduce the following
notation.

Definition 4.1. Consider natural numbers L,D,my,...,my € IN and scalar functions g1,...,gL.
Based on the definition of neural networks in Definition 1.2, we define the class of neural networks with
L layers, D inputs, my neurons in the ¢-th layer, and activation functions g1, ...,8r as

NN (D, (mg) ey, (8e)ee) = {f: RP — R™|f is constructed as in (4.1) — (4.4)}. (4.6)

Assumptions on the network model Notably, we do not make any general distributional
assumptions about the network weights or shifts. All statements that rely on specific properties
associated with these parameters will state these explicitly. However, let us mention that
most of our theory builds upon the assumption that weights within each layer are mutually
incoherent. Furthermore, in our numerics we construct the weights and shifts as in Chapter 3,
i.e., we typically sample random weights uniformly from the unit-sphere. Similar to Section
3.1.1, we also rely on certain properties of the activation function and the network itself. These
conditions will be summarized in the following;:

Assumption 4.1 (Deep network model).
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(DNM1) We assume that the activation functions are sufficiently smooth with bounded derivatives such
that gy € C3(R) for all £ € [L] and that

< 00, (4.7)

Le[L]ne(3]

for some constant x > 0.

(DNM2) We assume that all hidden layers are equipped with non-linear activation functions with

sufficiently rich second-order information (|| géz) [ (r) > 0 for all £ < L). Hence, the overall
number of non-linear neurons m* with sufficiently rich second-order information is at least

L
m' =Y my-1 >my+ - +mp . 4.8
L gm0 2 L &5

(DNM3) Consider a neural network f : RP — R™ on m* non-linear neurons (cf. (DNM2)) and
a sub-Gaussian distribution ux with supp(ux) C RP. We say f fulfills the learnability
condition on ux if

X = Oy (1 %; Expy [vec(V2fi, (X)) ®VeC(V2ka(X))]> >0, (49

ML=

where oy denotes the m*-th singular value and fy, denotes the subnetwork of f when only
the kr-th output neuron is considered.

(DNM4) The hidden layers have a pyramidal structure, i.e., the number of neurons in the hidden layers
is non-increasing and bounded by the input size

D>m >mp>--->mp_q. (4.10)

The first condition (DNM1) guarantees that we can rely on third-order derivatives of the
network. The derivatives” boundedness implies the Lipschitz continuity of the network and its
first two derivatives. Clearly, a linear function would satisfy ((IDNM1)), but its higher-order
derivatives do not carry any information. Condition (DNM2) guarantees that all hidden
neurons have sufficient Hessian information by ensuring that the derivative of their activation
is non-affine while still allowing us to consider networks with linear output neurons (e.g.,
g1 = Id). Condition (DNM3) closely resembles the learnability condition made in the shallow
network reconstruction of Chapter 3 (cf. Assumption 4.1, (SNM3)) and other comparable
works [54, 52, 50]. For ux = N(0,Idp) and shallow neural networks with a single output of
the type

m
fx) =) 8wy x+ ),
k=1
it was shown in Theorem 3.5 (see Section 3.4.5) that, under suitable incoherence of the involved
weights and for sufficiently non-polynomial activations, the condition (DNM3) fulfilled for
a constant « independent of D,m (see the related discussion in Section 3.1.1). For deep
neural networks, the assumption (DNM3) is motivated identically to (SNM3): To enable the
reconstruction of deep networks via second-order information, we need to ensure that, for
inputs taken from a reasonable distribution, the corresponding span of Hessians matrices is
sufficiently rich in that it contains one rank-one component for every (non-linear) neuron. For
further details, we refer to Section 4.2. The reason why a pyramidal structure of the hidden
layers as in (DNM4) is required (cf. condition (DNM4)) for a full reconstruction of the network
will be made clear in the next section.
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Assumptions on the general setting. Aside from the conditions (DNM1) - (DNM4), which
characterize properties of the network itself, we do assume that the network can be probed,
which gives (approximate) access to its first- and second-order derivatives by numerical
differentiation.

Assumption 4.2 (Algorithmic assumptions).
(G5.1) We assume that the network can be queried without noise

(G5.2) Furthermore, we assume the setting where the architecture of f (i.e., the number of neurons per
layer) is given.

(G5.3) We assume access to a numerical differentiation method for the gradients and Hessians of the
network outputs. These approximations are denoted by Afy, ~ V fi,, A fy, ~ V2 fx, for the
gradients and Hessians, respectively. For a given network, we denote by Ce the uniform bound
of either two numerical approximation methods, i.e., Ce is such that

sup max max { ||V fi, (x) = Afi, (¥)ll,, || V2 fi, (%) = 2 fi, (x) ||} < Cee

xeRD kLG[mL]

Since (G5.1) - (G5.3) are morally identical to the conditions (G4.1)-(G4.2), we refer to the related
discussion in Section 3.1.1.

4.1.2 Preliminaries: Entangled weights

The recovery of the parameters of shallow networks in Chapter 3 is based around a decoupling
strategy that relies on the simple principle that differentiation of a function of the type

m
Z wkx—I—Tk

will expose the weight vectors. More precisely, in Section 3.2, we have relied on the fact that
for sufficiently smooth activation functions, the Hessians of shallow networks read as

m

V2f(x) Z ) (w] x + 1.)wy @ wy. (4.11)

This allows a reduction of the weight recovery to the recovery of a rank-one basis from the
span of randomly sampled Hessian matrices using the theory from Chapter 2. Unfortunately,
one can easily confirm that such a direct relationship between the weights and higher-order
derivatives, as in (4.11), does not exist for networks with multiple hidden layers. In this section,
we will introduce a new concept of weight vectors, so-called entangled weights (cf. [52, 50]).
We will see that these objects serve as a generalization of ordinary network weights that can
be accessed through Hessian information. Let us begin by formally introducing entangled
weights:

Definition 4.2 (Entangled Weights). Consider a neural network f € NN (D, (my) e, (8¢)eeqr))
as defined in Definition 4.1 with activations (gy)c(r) that are differentiable. For each neuron, specified

by £ € [L] and ky € [my], we define the entangled weight (function) v,[f;] (x) at input x as the gradient of
its pre-activation: '

o) (x) 1= Vz, (x), (4.12)
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[£]

where z;, (x) is the pre-activation of the k,-th neuron in layer {. Furthermore, for any x € RP we
denote by V(f, x) the set of all entangled weights fixed at input x, i.e., we have

V(f,x) = {v,[fj(x)\e € [L], k€ [mg]} C RP, (4.13)

and for any ¢ € [L] we denote by Vy(f, x) the set of entangled weights
Velf, %) = {0 () ke € ] | (4.14)

corresponding to layer £ and by V' (x) the entangled weight matrices

Vli(x) = [vﬁ”(x) .. olf (x)} € RP»m, (4.15)

4

Remark 4.1. By the preceding definition, entangled weights are vector-valued functions depending on
the network input. However, in some cases, we might neglect the dependency of v,[(i] (x) on the input
x and regard entangled weights as fixed vectors. In this case, we implicitly assume that the input x

remains fixed and can be inferred from the context.

One way to interpret Definition 4.2 is to understand entangled weights as a generalization
of normal weights. Clearly, by the definition above, there is no difference between ordinary
weights and entangled weights for the neurons of the first hidden layer since the entangled
weight functions corresponding to the first layer are constant:

v,[cll](x) =V ((w@,x} + T£]> = w][(ll], for all x € RP, k; € [my]. (4.16)
Ordinary weights encode the direction of the greatest increase of a neuron w.r.t. its input.
However, in the identification problem, we regard deep neural networks as black-box models,
which makes it impossible to directly observe how information is passed between hidden
layers. Hence, we can not observe the input to individual hidden neurons, but we can observe
and control the input to the network itself (G5.1). With the interpretation that ordinary weights
encode the direction of the greatest increase of individual neurons, Definition 4.2 becomes
a natural extension of this concept to a setting where only the input of the network can be
observed. This definition of weights has to factor in the state of the preceding network layers
since the output of a neuron generally depends on the value of all preceding neurons. This
results in the dependency of the entangled weights (4.12) on the input x for all but the first
layer.

Let us note that in [52, 50] the authors have introduced entangled weights as the product of
weight matrices intertwined with diagonal matrices (cf. statement below). This difference is
just a matter of presentation and, in fact, both definitions are equivalent, which can be seen
from the following identities.

Lemma 4.1. Consider a neural network f € NN (D, (my)ci1), (8¢)eeqn)) as defined in Definition 4.1
with activations (g¢)c(r) that are differentiable. Then, the entangled weights in Definition 4.2 admit
the following decompositions:

.
vl[f;](x) = (ﬁ Wl diag <g](1)(z[i](x))>> w;[{i], 4.17)

j=1

vid(x) = <H Wil diag (g}l)(zm(x)») wld, (4.18)

j=1

where WU, ..., WIH are the weight matrices of the network f.
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Proof. Note that the second statement (4.18) is a trivial consequence of (4.17) since (4.18)
follows by applying the first identity column-wise. We follow an induction-type argument. For
¢ =1, we have equivalence between weights and the entangled weights (cf. (4.16)), so both
statements hold for ¢ = 1 since H?:1 = 1. Assume (4.18) holds up to some ¢ < L, then, for any

koiq € [myyq], we have

op ) = V2 V) = v (g Ly 0) + 1Y) = Vi () forall x € RP.

£+1

Expanding the inner product yields V(w,[f[“],y (x)) = Zk[ 1 ki;j]HVym( ). Now, by the
chain rule, we have

ny
Z wz[ﬁﬂl yké =Y w}[{iﬁlgg )( m( )> Vz[ ]( ) = Vi(x) diag(ggl)(zm(x)))w,[(ijlﬂ.
ky=1

k=1 =

Since (4.18) holds for all ¢/ < ¢, we can conclude the induction step with

;[f:ll](x) = m(x) diag(g(l)(z[é](x)))w[”l]

kpq
(l‘[ Wl diag (g/(=11(x )>)> W diag (g} (2 (x)) Jaoj, ",
j=1
which establishes the identity for ¢ 4 1. The proof then follows by induction. O

For a fixed input x € RP, every neuron is associated with exactly one entangled weight
vector. A trivial consequence of Definition 4.2 is that the entangled weights corresponding
to the output neurons can directly be exposed via their gradient: Consider a network f €

NN (D, (mg) e, (8e)eeqn))- If we take the gradient of the output neurons fi, ..., fi, at input x,

then this yields the entangled weights ng] (x),. v,[,ﬂ( ) up to a scaling factor. More precisely,

for any ki € [my], we have

Vi (x) = Yyl (x) = Vg (0) = gV (2 () V2 () = gV (2 ()0l (). (@19)

This still leaves the question of how we can access the entangled weights of the hidden neurons.
However, the following statement shows that we can expose the entangled weights of all
hidden neurons by the same principle used in Chapter 3, namely considering the Hessians of
the output neurons.

Proposition 4.1. Let f € NN (D, (m¢) 1), (8¢)er)) be a neural network as in Definition 4.1 with
activations (g¢) ey that are twice differentiable. The Hessian of any output neuron fy,, where ki € [L],
has the following decomposition into entangled weights:

0
V2, (x) = g2 (& (0)oll (x Zlkzl 85“ o Pl @20

Proof. An output neuron is simply the post-activation of the corresponding neuron fi, (x) =
y,[i](x) in the last layer. We begin by deriving an iterative formula for Hessians of post-

activations. Note that the gradient of any post-activation is Vy,[(i] (x) = g (z,&i](x)) : v,[ci] (x).
For the first layer, where ¢ = 1, and any k; € [m;] we have

Vi (1) = &7 (3 () (07 + 8 (2 (0) VP2 ()
= g7z ())ol) ()72 + ¢V (&) (1) V2w x) = ¢ (2 (0)o) ()72 @21)
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Now let £ > 2 and k; € [my], then

Vo () = g7 (2 ()i (07 + 8 (=] (1) 9] ()

4 4 /-1
= ¢ 2 ()0 ()2 + g (21 (x kZZ%M[yLﬂ>
2 1*
@ 10y 11 R GO
=8 (7, (v, () + Y — 5V, , (). (4.22)

ki—1=1 8ka ] (x)

Consider now the decomposition (4.22) for £ = L and any k; € [my], we can keep expanding
the term sz,[f:ll] (x) appearing in the sum on the right-hand side as follows

(L] (L]
SOy, (X)), ) oy (X)) e [L—1] 2
—a VY, ()= —o 81z, (), ()7
kp_1=1 ayl[(LL 1”(3() kp—1 P! ay[L 1]( ) ki1 ki1
[L] (L—1]
Mmp—p Mp-1 g 2 X
: T ey V200
kp—p=1k 1=1 ay (x )aykL ) (x)
= a]//E“( ) (2) (,lt-1 [L—1] ) I a]//@( ) o [1-2]
Sl e Y Sl . o)
kLllaykL]() kp—o= 1aykL2(x)

Plugging the expression in (4.23) into (4.22) for ¢ = L yields

L
o2, 1 (2) (1 (4)) IV e W () o e
%()gLaﬁmk<>+—Z“Jkgbﬁhﬂwu“<>

kp-1=1 aykL 1
(L]
mi2 gy (x) _
e A A GO (4.24)
kp—o= 1aykL 2 (x)

We can now reapply the expansion in (4.23) to the sum appearing in the last line of (4.24)
iteratively up to the first layer at which the iteration will eventually terminate since for ¢ =1

the pre-activation zEl](x) is linear in x and so the second derivative sz,[cll}(x) vanishes (cf.
(4.21)). By this argument, we will end up exactly with the decomposition in (4.20). O

The preceding proposition allows us to relate the Hessians of deep neural networks to the
outer products of the entangled weights. For a fixed input x € R, the decomposition in
(4.20) has a strong resemblance with the decomposition (4.11) used in Chapter 3. For every

entangled weight, the corresponding matrix v,[f;] (x)%2 is weighted by the second derivative of

the pre-activation multiplied by the partial derivative df, (x)/ ayk (x) which can be interpreted
as the influence of the neuron on the output f;, at x. Note that different output neurons do not
directly depend on each other, i.e., we have

aka (x) _ aka (X)
ay[L] (x) 9f, (x)

= ‘SkL,k’L for all k;, k/L € [mr],

where ¢, denotes the Kronecker delta. Hence, the decomposition in (4.20) admits a slightly
more compact form: Let k; € [L], then
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V2fi, () ): 3 i) o1 ol (y)off ()2 @25)
(=1k,;= 1ayk (x )
= ): Vi ()8 (x)vi(x)T, (4.26)

for diagonal matrices S,[fg (x) € R™>™ with entries given by

¢ 9 fi, (X ‘
(S, = J [ ;]( ) @ (z)(x)). (4.27)
Yy, (x)
For the special case of networks where g is a linear function (cf. network model in [52]), the
Hessians at some input will only be decomposable into outer products of entangled weights

V(f,x)\ VL(f, x). Thus, the decomposition above will not contain the entangled weights of the

last layer. This can be seen directly from (4.20), where for g; = Id the coefficients gé )( L] (%))

will always be zero. It was already mentioned at the beginning of the section that the entangled
weights corresponding to the last layer can be simply computed separately as the gradients of
the output neurons. Therefore, it is unproblematic that the Hessians of networks with linear
outputs do not contain the entangled weights of the last layer.

Motivating entangled weights. So far, we have defined entangled weights and established
their connection to the first- and second-order derivatives of certain deep neural networks.
However, we have not yet fully explained how entangled weights serve in the identification
of such networks. To a certain degree, (4.16) already reveals a connection between entangled
weights and ordinary network weights of the first layer. Let us now describe how entangled
weights encode the remaining weight information for suitable network architectures: The proof of
Lemma 4.1, in particular, the identity

VI = v (x) diag(z Y (x)) W,

already outlines a path how entangled weights can be used for the recovery of the network
weights (W) ¢c[r]- Assuming that the left-inverse of an entangled weight matrix VI (x)t
exists, then the weight matrices can be computed up to diagonal matrices D;, ..., Dy by

VI ()Y (x) = diag (g(l)(z[é*”(x))) Wi,

Hence, if we were given the exact entangled weight matrices V1! (x*),... VIH(x*) for a fixed
input x*, we could infer the original weights up to a transformation with diagonal matrices,
i.e., attain the matrices

p,wl p,wl . p,wlt

as long as the first L — 1 entangled weight matrices are left invertible. This is equivalent to the
condition that V1! (x*),... VIE=1(x*) all have full column rank and, due to their dimensions,
this implies that the hidden layers of the network need to have a pyramidal structure, such that

D>m >my>--->mp_q,

which relates to our assumption (DNM4). Therefore, to infer the weights (up to a rescaling of
the rows) from the entangled weight matrices, the number of neurons up to the penultimate
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layer has to be non-increasing, but the number of output neurons can be arbitrarily large. The
connection between entangled weights and ordinary network weights is made precise in Section
4.3. More precisely, we show in Proposition 4.3 that the entangled weights of a neural network,
as described in Section 4.1.1, give rise to a loss-free reparametrization of the network. The
network’s reparametrization only depends on the unknown shifts and diagonal matrices. This
approach is closely related to the reparametrization used for the shift recovery in Section 3.4.
Similarly to Chapter 3, we then fit the reparametrization via entangled weights by relying on
empirical risk minimization. For more details, we refer to the related discussion in Section 4.3.2.

Let us now conclude the introduction to entangled weights with a few auxiliary results
derived from (DNM1), which establish that the entangled weight functions are bounded and
Lipschitz continuous w.r.t. network complexity and x from (DNM1).

Lemma 4.2 (cf. [50, Lemma 6]). Consider a neural network f € NN (D, (my)c1), (86)een))
satisfying (DNM1) with x > 0. Then, for any x,x" € RP, the following bounds are satisfied:

4
V@l < T, (428)
k—1
IVI9(x) - Vi (x H<<HIIW”||>EK““HW . (HHWW) lx=+ll,, 429
j=1
1] el Wl T wik
Ise Clle < s < [, TT 1w (4:30)

k=0+1
Remark: Here, the norm || - ||2—.co appearing in (4.29) refers to ||W||5 e := SUP | y/[,—1 | (W) T .

Proof of Lemma 4.2. For the statement (4.28) note that ||V (x)|| = ||W[|| by definition. For
¢ > 2, by matrix norm submultiplicativity applied to (4.18), we have

4
VHI= HW[” T T diag(gh_ (=11 (x)) Wi

k=2

k=1

¢ ¢
< W (H | diag(gi (=" (x ) <]_[ 1wk ||> K TTIWH.
k=1
A consequence of the Lipschitz continuity (cf. (DNM1)) of g, ggl) is that

[ERISEFEIED

Notably, the Lipschitz continuity of the activation can be transferred to all pre-activations of
the network:

<x Hzm(x) — 2 (x")

2 2"

4
lge(z(x)) = o1 ()2 < ¢ | W 1y ) =y () | < (g |l H) |

where the last inequality follows from an iterative application of the Lipschitz continuity. By
our assumption, ¢! is also Lipschitz continuous with Lipschitz constant x. Hence, by the
same iterative argument, we have

| diag (gt (21(x))) — diag(g)” (21 (")) || = Igh (21 (x)) — g4 (21 () |eo

<k HWMH Iy (x) — Y1 () | < & HWMHHOO Cfi HWU‘]II> =], (4.31)

2—00
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The Lipschitz continuity of entangled weights VI‘/(x) as a function of x for ¢ = 1 is clear, since

|V (x) — VIU(x")|| = ||[Wy — Wy|| = 0. For £ > 2, we first use the triangle inequality, norm

submultiplicativity, and the relation VI¥)(x) = VI¢~1(x) diag( gél) (zl1U(x))) W, to get

IV () = VI = [V () diag(gé”<z[f-”<x>>>wm — V() diag g (11 ()Wl |
< HWMH HV[H] x) — VI W (-1 ()

HOO

zV ) - )|

/-1
< x||Wl| (HVV‘”(x) — V)| 462 (H HWWH> gt (1 (x)) —gS)(zV-”(x/))Hoo) ,

i

k=1
where we used (4.28) to bound ||V,;_1(x’)|| in the last step. By repeating the expansion for

| V=1 (x) — VIEU(x) || until we reach the last layer where ||V (x) — VI (x')| = 0. Gathering
all terms we obtain

V4
IV (x) = VI () || < ! 2 (anw[ﬂH) ledlag (29 (x))) — diag(g!" M (x'))]I,
=1

and the result (4.29) follows by using (4.31). What remains is the bound on the Frobenius
norm of the diagonal matrix Sl[ci] (x) with diagonal elements given by the partial derivatives

(Sl[ci])ké = Yy ) g2 )(z,[f[]( )) (cf. (4.27)). Using norm submultiplicativity we get

ay, (x)
[ // [E dka X dka x)
Jsilo], < ameter o] aing (a5 ) | = x| T
Now note that
L L
dkax B (1)(Z[L](x))dzl[q](x) dz,ﬁﬂ(x)
@l ~ 5 ayliGy || =" ayi
2 2

We can interpret yl¥(x) as the input to the subnetwork of the remaining L — ¢ layers, such

that the gradient of z,[(LL} w.r.t. the post-activation of an inner layer is essentially the same as an
entangled weight of a slightly smaller network. This allows us to reuse the computations of

the proof of Lemma 4.1, in particular (4.17), to find the following expression for dj{ﬁ] 8
() (i g (a1 1<t T qwi 13
ayli(x) (} 153 g gz (x )))) Wy, <K 1—111“ I (4.32)

Combining it with the previous bound yields the desired result. O

4.1.3 Summary: Main results

The present chapter considers the identification of deep neural networks from Hessian informa-
tion inspired by [54] (see also Section 1.5). Our recovery pipeline covers the results of [52, 50],
and we follow the same decoupling strategy that was used throughout Chapter 3 and [54].
This decoupling can be broken down into two high-level stages:



4.1. Introduction and preliminaries 146

Stage 1: Construct a matrix space from network Hessians approximating a space spanned by
rank-one matrices which encode weight information. Assuming the Hessians allow
for such a construction (cf. (DNM3) and (SNM3)), this essentially reduces the weight
recovery to the problem studied in Chapter 2, i.e., the recovery of individual rank-one
matrices using methods such as Algorithm 2.2 (SPM) or Algorithm 2.1.

Stage 2: Formulate a loss-free reparametrization of the original network depending only on the
remaining unknown parameters which could not be recovered during the first stage.
Learn the unknown parameters of the reparametrization by fitting the reparametrized
model onto the neural network via empirical risk minimization.

The recovery of shallow neural networks in Chapter 3 followed this procedure. Additionally, we
employed further heuristics to compute the signs of the weights and to gain a first estimate of
the shifts between the two stages (cf. Section 3.3). In the following sections, we will essentially
follow the same recipe. However, the first stage is concerned with recovering the entangled
weights (for one fixed input cf. Definition 4.2) instead of the exact network weights.

Stage 1: Entangled weight identification. Consider a network f € NN(D, (my) e}, (8¢)eeir))-
First, in Section 4.2.1, we rely on Hessian matrices sampled from random inputs to construct
an approximation

W W :=span{v®@v|v € V(f,x*)}, (4.33)

where x* € RP is a fixed input vector that depends on the distribution of the Hessian locations.
This construction’s primary technical challenge is caused by the fact that entangled weights in
(4.20) vary for different Hessian locations. To compensate, we sample Hessian locations from
a sub-Gaussian distribution which concentrates around x*. This leads to a delicate tradeoff,
where concentrated Hessians lead to improved stability of the entangled weights but reduce
the coverage of the space span{v ® v|v € V(f, x*)}. This dynamic is discussed in detail within
Section 4.2. Our main result regarding the approximation in (4.33) is Theorem 4.1, which states
that the approximation error adheres to the upper bound

G+ CVD X = x|,
/s _¢2

for networks satisfying the conditions summarized in Section 4.1.1 and sufficiently many

Hessian locations. Here, C, is a factor depending on the accuracy of the numerical differenti-

ation, which relates to (G5.3). The factor C represents the complexity of the network, a > 0
corresponds to (DNM3) and [|X — x*[|,, is the sub-Gaussian norm associated with the Hessian

|1 Pw — Pyl ey < w.h.p., (4.34)

NIR

locations. We generally assume that C. can be made arbitrarily small using a suitable numerical
differentiation method. In this case, the bound (4.34) scales like

| Pw = Pyl p SCvD/a|X—x"|,, whp. (4.35)

Note that this bound will not further improve with higher numerical accuracy since it is
independent of C.. The bound (4.35) suggests that the subspace approximation error can only
be controlled by reducing the variance of the Hessian locations, which leads to a decrease of
the sub-Gaussian norm || X — x*([,,,. This is the main difference to our results in Chapter 3,
where the subspace approximation error depended exclusively on the numerical accuracy e.
More precisely, in Lemma 3.1 we had

‘}PW_PV\;\“F_}F,S\/WG W.h.p.,
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which can be made arbitrarily small by decreasing €. Let us mention that the dynamics of
(4.35) are further complicated by the fact that one has to assume that & > 0 also depends on the
distribution of the Hessian locations in a non-trivial way. This relates to the abovementioned
tradeoff and is further discussed in Section 4.2.1.

Once the space W, spanned by outer products of entangled weights, is identified (approxi-
mately), the recovery of individual entangled weights is then tackled by Algorithm 2.2. The
overall recovery of entangled weights is summarized in Algorithm 4.1. Assuming suitable
incoherence of the entangled weights, the recovery of individual entangled weights is then
justified by the theory developed throughout Section 2.4. Furthermore, we provide extensive
numerical analysis of Algorithm 4.1 in Section 4.2.3 and Section 4.4.

Stage 2: Network completion This second part of the chapter explains how to leverage the
information contained in the entangled weights as part of the overall reconstruction pipeline,
which is done in two steps. First, we need to order the output of the weight recovery to
reconstruct the entangled weight matrices. This requires an assignment of the vectors in Uspym
(cf. Algorithm 4.1) to their corresponding layers. In Section 4.3.1, we provide heuristics that
are designed to distinguish entangled weight approximations between the first layer, the inner
hidden layers, and the last layer (see Algorithm 4.2). Currently, this layer assignment is limited
to networks with three layers (L < 3). We provide an extensive numerical analysis of Algorithm
4.2 in Section 4.4.

In Section 4.3.2, we assume that access to all entangled weight matrices up to a rescaling
and permutation of the columns (originating from Algorithm 4.1), i.e., we have access to

v .= vl (x*) = v (x*)m,S,,  forall £ € [L],

where 711, ..., 711, are permutation matrices. Based on these matrices, a network reparametriza-
tion (cf. Definition 4.4) is constructed from the weights Wl = (VI¢=1)17l’] that only depends
on the unknown shifts and diagonal matrices which model the unknown scales. We prove
in Proposition 4.3 that, under suitable conditions, this reparametrization is equivalent to the
original network f for the right set of shifts and diagonal matrices. Similar to Section 3.4
in Chapter 3, we formulate an approach applying empirical risk minimization to find these
scaling and shift parameters via gradient-based methods. Furthermore, we show in Proposition
4.4 that antisymmetric activation functions (e.g., sigmoidal activations) give rise to multiple
global minima. While we do not conduct a rigorous convergence analysis as in Chapter 3, we
expect similar performance as in the reparametrization applied to shallow neural networks.
We support this claim with numerical evidence in Section 4.4.

4.2 Entangled weight identification

By the theory of Section 4.1.2, the Hessians of twice differentiable networks can be decomposed
into symmetric rank-one tensors given by the entangled weight functions. We briefly sketched
how for a wide range of pyramidal-shaped networks, entangled weights encode large parts
of the network parameters, which only leaves a few unknowns to fully recover this kind
of network. This will be made precise in Section 4.3. In this section, we describe how the
exposure of the entangled weights via differentiating the network makes them recoverable by
following similar steps already successfully applied in our reconstruction pipeline of Chapter 3.
More precisely, we aim to reduce the recovery of entangled weights to the problem studied in
Chapter 2, which is concerned with identifying rank-one basis matrices within their span under
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Algorithm 4.1: Entangled weight recovery

Input: Deep neural network f with m* non-linear neurons and mp, outputs, input
distribution px with mean x*, number of Hessians Nj,

Draw Nj random samples x1, ..., XN, ~iid. ¥X;

Compute Hessian approximations A fi, (x;) for all i € [Nj], k. € [my];

Compute the m*-th left singular subspace of the Hessian approximations

WON =

W = spanm* {Azfl(xl),. . .,Azfl(xNh),. . .,Asz(xl),. . AZfL(xNh)} ,

and denote by Py; the orthogonal projection onto W (see Section 1.1.1);

'

Compute the set of approximated entangled weights Uspy using Algorithm 2.2 (SPM)
with input (Pw,m*,,B =0.5);
SetUyp =@
fork; =1,...,my do
Compute A[fy, ] (x*)
Us — Uy U{ALf () / 181 ) () )
end
Output: U = Uspp UUL

© 0 g S »

perturbations. The recovery procedure has been summarized in Algorithm 4.1, which we will
discuss in the following. The main theoretical result is centered around the approximation of
the matrix space defined as follows:

Definition 4.3. Consider a neural network f € NN (D, (my)sci), (¢)ecr)) adhering to (DNM2)
with activations (¢) e[y that are differentiable and a fixed input x* € RP. We denote by W(f, x*)
the space of symmetric matrices spanned by all entangled weights of f w.r.t. x*, which appear in the
Hessian decomposition, more precisely

W(f,x*) = span{v,[(i](x*) ® v,[é](x*) | ¢ € [L*],kp € [my]},

where L* = L if the output neurons are sufficiently non-linear, or L* = L — 1 when the entangled
weights of the outputs do not occur in the Hessian decomposition (cf. last section).

Consider a neural network f € NN (D, (m¢)scqi), (8¢)ecqr)) With entangled weights V(f, x*)
for some fixed input x* € RP. The first part of Algorithm 4.1 computes an approximation
to the space W(f, x*) from Hessian approximations. As in Chapter 3, we consider Hessian
approximations that are anchored at locations xi,...,xN, € RP drawn randomly from a
distribution px with mean x*. From these inputs we compute Hessian approximations

Azfl (xl), R ,A2f1 (xN;,)/ R ,Asz(xl), ce Asz(xNh), (436)

of every output neuron.

Remark 4.2. Notably, in the theoretical part, we do not specify the exact numerical scheme used and
only rely on the assumption (G5.3). An explicit example of such an approximation scheme is given
in the numerical analysis of Section 4.4, where we use a simple central finite difference scheme. For
sigmoidal networks considered in our experiments, the error caused by the numerical approximation of
Hessians has only a very marginal effect on our overall reconstruction pipeline.

Given the matrices in (4.36), an approximation to W(f, x*) is computed as the m*-th singular
subspace (cf. Definition 1.1) of the Hessian approximations, where m* is the number of
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non-linear neurons (cf. (DNM2)). More precisely, we consider

W i=span,,. {82fi(x1), .., A2fi(x,), o, A2fi (1), A2 (k) } = W(F, ),

and we denote by Py, Py; the orthogonal projection onto W, W, respectively. Under condition
(DNM2), m* either coincides with the overall number of neurons m = Z§:1 my or the number
of hidden neurons m — my. Aside from the presence of several output neurons, this approach
is indeed identical to the subspace approximation in Chapter 3 and mirrors the ideas outlined
in Section 1.5.

Comparison to Section 3.2. For shallow neural networks with a single output and ux =
N(0,1Idp), the subspace approximation error was estimated by

|Pw — Py || p_p = O(ev/m/a) wh.p.,

where € represents the accuracy of the numerical approximation and « > 0 is given by
(SNM3) (cf. Lemma 3.1). Hence, for shallow neural networks, the accuracy of the subspace
approximation could largely be controlled via the accuracy of the numerical differentiation.
In the present case of more general deep neural networks, the subspace error is influenced
by an additional factor caused by the dependency of the entangled weights on the input. For
instance, consider the Hessian approximation A%f;(x1) of the first output neuron in x; € RP.
If we neglect any errors caused by numerical approximations, i.e.,, A2fi(x1) = V2fi(x1),
then, by Proposition 4.1, we know that A%f;(x1) € W(f,x1). However, that does not imply
A%fi(x1) € W(f,x*) since in general W(f,x1) # W(f,x*) for x; # x*. We address this
problem by sampling the inputs x1,...,xn, ~iid. fx in a concentrated manner around the
mean x* = E[ux], which is modeled by considering only sub-Gaussian distributions px with
small variance. Theorem 4.1 provides a bound on the resulting approximation error for deep
neural networks and makes the argument above rigorous by showing that || Py, —
scales with the sub-Gaussian norm of ux.

PWHP%F

Remark 4.3. To prevent all inputs sampled from ux from collapsing into one point, we need to limit the
degree to which the variance of ux can be restricted. Therefore, a residual error will be caused by the
mismatch of the space W(f, x*) and the spaces W(f, x;), which remains independent of the numerical
differentiation accuracy. We observe numerically that this error is the most dominant factor in the
subspace approximation. The exact error bound on |W(f, x*) — W)| p_r will be provided together with
a more detailed discussion separately in Section 4.2.1.

Retrieval of individual entangled weights. Assuming that the approximation W =~ W( f,x*)
is sufficiently accurate, let W = W(f,x*). Borrowing from the results in Chapter 2, which
closely follows the analysis within [50] and covers parts of the results contained in [77, 76], we
know that the rank-one spanning elements of V are identifiable as global maximizers of the
non-convex program

2
”rurﬁai(l Dyy(u) :== ||Pw(u@u)||z. (4.37)
=
In Chapter 2, we saw that under fairly general incoherence conditions on the vectors v][fj (x%),

the matrices v,[(i] (x*) ® v,[(i] (x*) are the only rank-one matrices within W. Furthermore, we
saw that this uniqueness is maintained even under slight perturbations of W, such that an
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approximate recovery of the entangled weight outer products remains possible from local
maximizers of the perturbed objective

[max Pyp(u) := 1Py @ u)] (4.38)

that belong to a certain level-set of ®y5(-). As pointed out in Chapter 2, a simple projected
gradient ascent algorithm introduced as subspace power method (SPM) by [77], which is
started from a random initialization ug ~ Unif(SP~!) and iterates

1j = Pop1 (uj—1 + 2P (uj1)**)uj_q) (4.39)

until convergence, can be used to find the local maximizers of the program (4.38) (see also
Algorithm 2.2 and the related discussion). Assuming the entangled weights V(f,x*) are
sufficiently incoherent, then based on our prior analysis and the results referenced in Chapter 2,
we would expect that Algorithm 2.2 finds all non-spurious local maximizers of (4.38) yielding
approximations to all entangled weights in V(f, x*) up to sign with an accuracy that scales
like O(||Pyy — PW||11T/—2>F) See, for instance, Theorem 2.8 and Theorem 2.6. As this problem
has been discussed extensively, we do not provide any further details on the recovery of the
near-rank-one spanning elements from W and refer instead to Chapter 2.

4.2.1 Stabilizing the Hessian subspace

In this section, we discuss the approximation of the matrix space W(f, x*) spanned by entan-
gled weights of a network f at one specific point x* € RP (cf. Definition 4.3). The method
applied in [54] and Chapter 3 to recover weights of shallow networks was to combine Hessians
V2f(x) sampled at different input locations x1, ..., xy, to reach a stable recovery of the space
spanned by symmetric rank-one matrices

span{V?f(x1),..., V?f(xn,)} = span{w; @ wy, ..., Wy @ Wy }. (4.40)
We already hinted at the fact that combining Hessians at different inputs seems problematic

for deep networks since the underlying decomposition into entangled weights additionally
depends on the Hessian location, i.e., for a network input x € RP we have

L ny
Vi)=Y Y s,[f,](x) -v,[f,}(x) ® v,[fj](x) e W(f,x),
(=1 k=1

with coefficients

e 3 (¥) ),
St (%) = v PEAGIC)
ke

As mentioned previously, for inputs x,x’ € RP we have to assume that W(f,x) # W(f,x')
since we can not exclude the case v,[f[] (x)® U,Ei] (x) # v][f/] (x)® v][ci] (x"). The dependency of the
entangled weights in one particular Hessian decomposition on the Hessian location poses
the primary challenge in our analysis. As the main result of this section, we show that this
deviation can be kept under control by sampling the Hessians in a concentrated manner.
This stabilizes the entangled weight functions and therefore justifies reapplying the subspace
approximation via singular subspaces to approximate a matrix space that is spanned by the

symmetric rank-one tensors of a fixed set of entangled weights.
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Theorem 4.1 (cf. [50, Theorem 4]). Consider a neural network f € NN(D, (mq) ey, (8¢)eeqn))
with activations (8¢) scqr) that fulfill (DNM1) with x > 0 and (DNM2) with m* non-linear neurons. Let
tix be a sub-Gaussian distribution with mean x* = Ex ., [X] such that the pair (f, jux) together fulfill
(DNM3) with « > 0. Furthermore, assume access to a numerical differentiation scheme as in (G5.3)
with accuracy Ce. Let X ~ ux and Xy, ..., Xy, be independent copies of X. Denote W = W(f, x*)
and

W = span,, {A2f1(X1), ..., A2F1(XN,), - D oy (K1), oo, D oy (X)) - (441)

If « > max{2C?D|| X — x*lepz,Z(fg}, then there exists a universal constant C > 0 such that

Ce +CVD || X —x*,,

(4.42)

[1Pw = Pyl <

N[R

with probability at least

Nh(X

1—2exp(—CNj,) —mexp | —C 5 i
2t (T (W) (ke w TTy (W)

7

where C encodes the network complexity in terms of (HWW H)é 0 and takes the form
S

L L { /-1 k—1
¢i=cxt (H ||w“4r) Y (H ||w“‘]r|) Yot i (H uw[klu) e
k=1 =2 \k=1 k=1 2o \j=1

The proof of this statement is postponed to the end of this section. First, we want to provide
some intuition about this result. Aside from «, the bound achieved in (4.42) can be decomposed
into three components. First, an error C. due to the numerical differentiation, which relates
to (G5.3) and depends on the underlying numerical differentiation method. We assume this
error can be made sufficiently small, which has already been discussed previously. Second,
the factor C represents the complexity of the network in terms of the spectral norm of the
weight matrices and Lipschitz constants of the activation. Note that ||W|| EKLOO = 1 for unit
norm vectors, and ||W|| ~ 1 for sufficiently incoherent weights. Therefore, for sufficiently
incoherent weights of unit-norm, we can consider C to be a constant that only depends on L
and the activation functions.

Geometric interpretation of the bound (4.42). Let us provide some more context on the term
| X — x*[|,,, which scales with the sub-Gaussian norm of the input distribution px. Hence,

assuming C. is sufficiently small, the subspace error scales with the variance (i.e., sub-Gaussian
norm) of the input distribution, and, consequently, the error can not be controlled solely by
increasing the number of sampled Hessians. This can be explained as follows (cf. Figure 4.1):
For any x # x*, there is a mismatch of the Hessians V2f;, (x) € W(f,x), k. € [mr] and the
space W = W(f,x*) # W(f,x) when x is drawn from px (see also Lemma 4.3). As long
as x remains close to x*, this deviation can be controlled by the Lipschitz continuity of the
networks’” Hessian. For increasing ||x — x*||2, the Hessians V2, (x) will fan out away from

the ideal space V. One can think of W as the center of mass of the Hessian approximations
N fi1(X41),..., A2 fm, (Xn,) (cf. (4.41)). Since we have no reason to believe that these Hessian
approximations concentrate symmetrically around W, the estimated space W can only be
guaranteed to lie within a cone around the original space VV. The only way to control the
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Sym(lRDXD)

Figure 4.1: Geometric interpretation of the mismatch between ¥V and W caused by
the differences in the Hessian decompositions. The solid black line depicts the ideal
space W, the light blue region indicates the area in which Hessian approximations
can lie when they are sampled at random, and the dashed line, symbolizing W,
indicates the center of mass of the sampled Hessian approximations.

impact of this phenomenon on the subspace approximation is to decrease the variance of the
input distribution.

Let us stress that there is a limitation on how small we can make [|X — x*[|,,, since x might
additionally depend on the input distribution in a highly non-trivial way. Leaving other factors
aside, the bound on the subspace error (4.42) scales with O(||X — x* ||¢2 /+/a) where a comes
from the learnability condition (DNM3), more precisely, a is defined via the spectrum of the
second moments of Hessians:

N = Oy (1 E Expy [vec(V2fi, (X)) ®Vec(V2ka(X))]) > 0.

ML =1

It is clear that the quantity « is affected by the choice of distribution ux. This relationship
between « and px was already discussed in Section 4.1.1 and Chapter 3. For shallow neural
networks, we proved in Theorem 3.5 that under fairly mild conditions and for ux = N'(0,1dp),
the factor a can be regarded as a constant independent of m, D (see the related discussion in
Section 3.1.1 and Theorem 3.5). For deep neural networks, however, one would expect that
« scales with the sub-Gaussian norm of yx. This, in turn, implies that the right-hand side of
(4.42) cannot be made arbitrarily small within the framework of our analysis, regardless of the
numerical accuracy Ce or the number of Hessians used. Our numerical experiments do support
this argument, i.e., we observe that we do indeed need a strong concentration of yx to reach
a stable approximation of the subspace W, but the quantity || X — x*|[,, cannot be decreased
without limits (cf. Section 4.2.3). However, we also observe (empirically) a certain stabilization
of & due to the presence of multiple output neurons. We will describe this dynamic in the
following.

Stabilizing effect of multiple output neurons on the Hessian span. The preceding discussion
revealed how the dependence between a, ix makes the bound (4.42) delicate to interpret since
« cannot be regarded as a constant independent of yx. Nevertheless, empirically we do observe
a consistent approximation of the space VW by Algorithm 4.1 (cf. Section 4.2.3 and Section 4.4).
The overall good performance of the recovery begs the question of whether the discussion
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above is too pessimistic or if there are other factors at play. Notably, we observe a strong
positive correlation between the accuracy of the subspace identification and the number of
output neurons (see, for instance, Figure 4.4 or Table 4.2). Intuitively, this can be explained as
follows: As long as every output neuron

fi () =y () forkp € [my],

computes a different function (i.e., the columns of WL are sufficiently incoherent), we get
mp, different measurements of the subnetwork constructed by the L — 1 first layers. One can
directly see this by considering the decomposition of the Hessians into entangled weights. We
learned in Proposition 4.1 that the decomposition per output is given by

V2 ) = il el 07+ B B Do ol
(=1k,= 183/ (x)

where ki, is the index of the respective output neuron. Now, assume we draw the input x
from a distribution that highly concentrates around its mean x*, then the part of the Hessian
decomposition corresponding to the last L — 1 layers would reflect that concentration and

-1 my L—1 my *
E Z aka x ’2 H(x)) V]( ) ~ E E aka(X ) (2)( [/](x*)) [é](x*)Q@Z'

8
Sy & ()%, (=1 k=1 ay,[fj(x*) ‘

We observe the tradeoff described above, where high concentration leads to a stabilization of
U][(i] (x*)®2 but decreases the overall variability represented by the coefficients

a a * *
A0 = Sl ~ Sl =)

x*)
The key observation is that the influence of a particular neuron on any particular output

neuron, i.e., the factor ofy, (x*)/ ay,[fj (x*), can still cause a significant change in the coefficients
s,[fL] K, (x*) w.r.t. kg, ky. This means one can expect at least m different linear combinations
of the entangled weight matrices v,[i](x*)@Z, for ¢ € [L—1],k; € [my]. This effect seems to
compensate for many of the negative effects caused by considering high concentrating input
distributions for the subspace approximations for generic networks. In fact, we can see this
numerically when measuring ||Pyy — Py|/r—F in Figure 4.4. To clarify this effect, we can
consider another hypothetical border case. Assume f € NN(D, (my)scr), (8¢)eeir)) With linear
output activation g;. If the number of output neurons exceeds the number of remaining neurons
my > mq + -+ my_q and there exists a Hessian location x* such that {V2f;, (x*)|k; € [mr]}
contains at least m + - - - +my_; independent matrices, then, using the notation from Definition
4.2, we have

W(f,x*) =span{v®v|v € V(f,x*) \ VL(f,x*)} = span{V2ka(x*)|kL €[m]}, (444

i.e., the span of the Hessians w.r.t. all output neurons for one single input contains all entangled
weight matrices corresponding to the first L — 1 layers. The statement follows by the fact
that V2f;, (x*) must lie within span{v ® v|v € V(f,x*) \ VL(f,x*)} due to Proposition 4.1
which implies (4.44) by a dimensionality argument. Of course, it might not be realistic to
have that many output neurons, and further conditions would need to be required to fully
develop a rigorous theoretical statement. But it underlines that more outputs potentially make
the subspace stabilization more robust. Also, note that this does not go against the type of
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network models we consider. As pointed out in Section 4.1.2, we require a pyramidal network
architecture only up to the last layer to recover the original weights from the entangled weights,
but we allow an arbitrary number of output neurons. Networks with a pyramidal shape are
often used in practice for classification tasks. In these models, it is common to have one output
neuron per class, and in many classification tasks, the number of classes is large. In summary,
we believe that a large number of output neurons benefits us as long as the output weights
exhibit some incoherence. This phenomenon is not directly visible from Theorem 4.1 because
it’s most likely already incorporated in our assumptions (by an increase of «).

Sample complexity Let us conclude the discussion of Theorem 4.1 by stating the expected
sample complexity. Algorithm 4.1 only relies on network evaluation for the subspace approx-
imation step since Algorithm 2.2 does not require any further evaluations of the network.
If we assume that finite difference schemas approximate Hessians sufficiently well, then we
need O(D?) network evaluations to compute the Hessian at one output neuron. However,
note that the same set of network inputs will simultaneously compute the Hessians of all
remaining output neurons. If we assume that the network complexity C is bounded by a
constant depending only on L, «, then the overall number of Hessians needed in Theorem 4.1
is Ny, = O(m/a), where m = my,...,mr. Therefore, we expect an average sample complexity
that scales like O(mD?/ (mp«)).

4.2.2 Proof of Theorem 4.1

Before proving Theorem 4.1, we establish an intermediate result. Note that by constructing W
as the singular subspace associated with approximations of the Hessians

W = span,, {A2f1(X1), ..., A2F1(Xn,), - o) D oy (X1), o) D2 fony (XN,) )

we can in general only hope to recover a part W C W = W(f, x*) of the target space where

W = Span {PWVZfl(Jq), ey PWV2f1 (xNh), oo ,Pwvsz(xl), oo Pwvsz(XNh)} . (445)

The following proposition establishes to what degree W can be approximated by a singular
subspace of approximated Hessians from which the statement in Theorem 4.1 is merely an
extension that follows by using the additional lower bound on & provided in Theorem 4.1 since
a > 0 guarantees W = W for sufficiently many Hessians.

Proposition 4.2 (cf. [50, Proposition 5]). Consider a neural network f € NN (D, (m¢) i), (8¢)ecr))
with activations (¢) e that fulfill (DNM1)-(DNM2) with x > 0 and m* non-linear neurons. Let
X ~ ux with mean E[X] = x* be sub-Gaussian and let Xy, ..., Xy, be independent copies of
X. Furthermore, assume access to a numerical differentiation scheme as in (G5.3) with accuracy
Ce. Let W C W(f,x*) be the space described above constructed from the inputs X, ..., Xy, with
m = dim(W) being its dimension. Assume

mp,
&= op (nj ) /Vec(szkL(X)) ®Vec(V2ka(X))dyX> > 2C2. (4.46)
L g =1
Then the subspace
Wi = span,, {A2f1(X1), ..., A2 f1(Xn,), - A2y (X4), o, D2 oy (X))

satisfies
Cc+CVD|X — [y,

2
Cé

1Pw — P, llp—p <2

ﬁ
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with probability at least

Ny
2 2
muet (T W)™ (Shy <1 T W)

1—2exp (—CN;,) —mexp | —C

The constants C, Ce, C are as in Theorem 4.1.

The proof of Proposition 4.2 relies on two auxiliary statements and is postponed to the end
of the section. Recall that in Section 1.1.1, we generalize the concept of singular subspaces to
matrices by considering their vectorizations. The error induced into these singular subspaces
by perturbing the underlying elements can be bound by a Wedin bound previously stated in
Proposition 1.1. Let us first introduce the auxiliary random matrices

M:= (My|...|M,,) € RP*Nim, (4.47)
M= (Ml|...|A71mL> € ROV Nume (4.48)
M:= (My]...|My,), (4.49)
where
My, = (vec(V2fi, (X)) ... | vec(V2fi, (X,))) € RP*N, (4.50)
My, := (vec(A2fi, (X1))]...| vec(A2fi, (X,))) € RPN, (4.51)
My, = (vec(PwA?fi, (X1))] ... |Pw vec(A?fy, (Xn,))) € RPN (4.52)

for all ki, € [mr] and where Py is the orthogonal projection onto W = W(f, x*). The proof of
Proposition 4.2 is centered around the fact that

2 — |
1Py = P llep < ==
T (M)

as a consequence of Proposition 1.1. We begin by establishing an upper bound on the difference
between the matrices in M, M in (4.48), 4.49.

Lemma 4.3 (cf. [50, Lemma 7]). Consider a neural network f € NN (D, (m;)er), (8¢)eer)) with
activations (g¢)e(r) that fulfill (DNM1) with x > 0. Let px be a sub-Gaussian distribution with mean
x* = Ex~uy (X). Furthermore, assume access to a numerical differentiation scheme as in (G5.3) with
accuracy Ce. Let X ~ ux and Xy, ..., Xy, be independent copies of X ~ ux. There exists a uniform

constant C, such that with probability at least 1 — exp(—CNj,) the matrices M, M given by (4.48),
(4.49) satisfy

|~ Rllp < /Ny (Ce+CVD X =¥l ),

with C as in Theorem 4.1.

Proof of Lemma 4.3. First, we separate the error caused by numerical differentiation by using
the triangle inequality applied to the auxiliary matrix M defined in (4.49), which yields

1M — Mg < | M~ M|l + |M — M]|F.
We start by estimating || M — M||r. From the definition of the Frobenius norm, we immediately
get
IM = M|lp < /mN, _ max V2 fi, (Xi) = 8% fi, (X0) ¢

iE[Nh],kLE[mL]

S V mLNhCG/
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according to (G5.3). This allows us to focus on the part || M — M||¢ from here on. By Proposition
4.1, in particular (4.26), we obtain

my, N
1M — MI[2 Z Z IV2 fie, (Xi) = P V2 fie, (Xi) |1
r=1i=1

m; N
ZZ(ZHVV XV ()T = Py (VI (x5 (%)) )H)
=1i=1

where the term inside the sum corresponding to ¢ = 1 vanishes due to Py, (VIU(X;)) =
P, (W) = 0. Utilizing the properties of orthogonal projections, we can replace the matrix

Py (vl (XZ)S,[fL] (X)) VI4(X;)T) by an arbitrary matrix in W as the distance can only increase.
In particular, we can replace it with V1 (x*)S ,[fL] (X)) VI (x*)T € W, such that

VIS v )T = P (VI (XD (v x) ) |
< ||vix)sy v T - via s (v W(x) |

4

F

and then decompose the error utilizing the submultiplicativity of the Frobenius norm to get for
all i € [N]

v s v T - vi)soavie) T

St (VI X | + VI ) )

L ¢ _ .
L [K] (k] 0+k=2 || Ar[K] o L
(H”W H) (H”W H)kgx [wi| (E”W ||> 1% — x*]|,.

< [ix

The last line follows from the bounds derived in Lemma 4.2. Summing up the leading factor
from ¢ = 2 to L gives precisely C up to a universal constant. In total, we obtain

Nj,
IM = M|} < CPmp Y ||X:— x5
i=1

By our assumptions the random variable X; — x* is sub-Gaussian, hence it is straightfor-
ward to deduce that || X; — x*|» is sub-Gaussian as well with sub-Gaussian norm given by
1Xi = x*[|2[ly, = VD||X; — x*||y,. By using elementary properties of the sub-exponential
norm (cf. [127, Lemma 2.7.6]), this implies that Y; = || X; — x*||5 is sub-exponential with sub-
exponential norm given by ||Yil|,, = D|X; — x” lelJz Notably, the sum Zf\]:"l Y; can be controlled
by a concentration inequality. In particular, by Bernstein’s inequality [127, Theorem 2.8.1] we

get
Ny, t2 t
>t ] <2exp | —cmin , ,
L 1Y = B3, maxiepy,) (1Y — EYill,

Y Y —EY;
i-1

4

for any t > 0 and an absolute constant ¢ > 0. We can bound the mean by the subexponential
norm ||-[|,,, up to some constant factor (cf. [127, Proposition 2.7.1 (ii)]), hence

EY; = C|]Yill,, = CD[|X; — x*|3,
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for some absolute constant C. Using Bernstein’s inequality with t = N,CD||X; — x* lelJz now
yields

N,
NG

i=1

< N;EY; +t < 2N,CD||X; — x*[|3,

with probability at least 1 — 2 exp(—C2Np) for some universal constant C, > 0. Conditioning
on this event, the bound on ||M — P)y M||% now reads

IM — PwM||E < C*m N, DI|X; — x*[[5,,
where we absorbed all absolute constants in C. In summary, we have
M —PwM|r < |M—M]|r+||M—PwM|r < /m.Ny (Ce +CVDJ||X; — X*||1/J2>
with probability at least 1 — 2 exp(—C,Nj). The result follows after relabeling the constants. [J

As a next step, we provide a bound for the spectrum of the matrices M, M given by (4.47),
(4.48), respectively.

Lemma 4.4 (cf. [50, Lemma 8]). Consider a neural network f € NN (D, (my)er), (8¢)eeqr)) with
activations (g¢)cqr) that fulfill (DNM1) with x > 0. Let X ~ px with mean E[X] = x* be sub-
Gaussian and let Xy, ..., X, be independent copies of X. Furthermore, assume access to a numerical
differentiation scheme as in (G5.3) with accuracy Ce. Let W C W(f,x*) be the space described in
(4.45) constructed from the inputs Xy, ..., Xy, with m := dim(W) being its dimension. Assume

a:=op (1 % /Vec(szkL(X)) ®Vec(V2ka(X))dyx> > 2C2, (4.53)

ML =1

Then there exists a universal constant C > 0 so that the matrices M and M as defined in (4.47), (4.48)

satisfy
on(M) > 14/ “N;mL and oz (M) > /Nymy ( %— ég)

with probability at least

Ny&
2 2
k2 (T, W) (ko e T, (W)

1—mexp | —C

~

Proof. First note oy (M) = 1/0n(MMT) and that Weyl’s inequality (cf. [132]) implies
oa(MMT) > 05(MMT) — |[MMT — MM || > 0(MM") — m N,C?,

where we used |[MM' — MM " || < ||M — M]||2. By the definition of M, we can continue with

N, myp
on(MM") = o (Z ) vec(V2fi, (X)) ®V€C(V2ka(Xi))> )

i=1k =1
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This shows that 0;;(MM ") is the 7i-th eigenvalue of a sum of N, independent and identically
distributed random matrices. Additionally, by our initial assumption, we have oz (EMM ") =
Nymr&. Applying the matrix Chernoff bound [59, Theorem 4.1] yields

B B 1—t)2thL56

P (o (MM") > tN, >1-— —

(on(MM) > tNymiz) = 1—mexp | 5 max T vee(V2Fi, (1) @ vee( V2, (3]
xesupp(pix)

for all t € [0,1]. We can leverage Proposition 4.1 and Lemma 4.2 to further bound the Hessian

V2 fr, (%) b

IV2 fie, () HF<EIIV VI )T <ZHV[£ JIPIISL ()12

gz(x“mw[”u> @ uw’<1||<Kme’<1nzxf 1HHW"]H

(=1 k=1 k=(+1

universally for all ki, € [my] and for inputs x € supp(yix). Note that

mr

max || ) vec(V2fi, (x)) @ vec(V2fi, (x)) || < me[|V2fi (x) |7
xesupp(px) (=1

and t = 3, concluding the proof. O
We can now complete the proof of Proposition 4.2 and Theorem 4.1.

Proof of Proposition 4.2. Combining the bounds in Lemma 4.3 and Lemma 4.4, this statement
follows directly from Proposition 1.1 and the union bound of the involved probabilities. [

Proof of Theorem 4.1. The statement of Theorem 4.1 is closely related to Proposition 4.2. The
additional assumptions made in the Theorem that

a > 2C*D||X — x*[|3,

implies 7 = dim(range(M)) = m, or equivalently W = W and W; = W. By the proof of
Lemma 4.3 we have derived the bound |M — M||r < Cy/N,mD||X — x*||y, for the distance
between M and the projected columns of M. This bound holds with probability 1 —exp(—CNj,).
Additionally, repeating the proof of Lemma 4.4, where now

_ 1 T

a=a=—0u(EMM"),

my,

we get 0, (M) > /aN,my /2 with the probability described in Lemma 4.4. Invoking again
Weyl’s eigenvalue bound (cf. [132]), we can lower bound the extreme eigenvalue as

O (PwMM T P} > o (MM ) — HPWMMTPJV - MMTH2 > Nh% — |PyM — M3

14 = *
> Nymy (5 = C?DI|X = x"|13,)
Since & > 2C2D||X — x* ||, the right-hand side is strictly positive and thus ¢;,,(P)wM) > 0,
respectively, m* = m. Lastly, note that the events required for the bound above as well as
|M — PyM|r < Cy/Nym.D|| X — x* lelJz are equivalent to the events in the proof of Proposition
4.2. Therefore, Theorem 4.1 holds with the same probability as Proposition 4.2. ]
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4.2.3 Empirical analysis of entangled weight recovery

Our primary goal in this section is to support the theory of Section 4.2-4.2.1 by demonstrating
the recovery of entangled weights for randomly constructed networks via Algorithm 4.1.

Network Model We consider neural networks with tanh activation functions at all neurons
(including the output neurons). Every weight will be drawn as w][fj ~ Unif(§™-171) for all

ke € [my], ¢ € [L]. Every neuron will be equipped with a small shift Tk[f] ~ N(0,0.05). This
reflects the setting of previous experiments for stochastic gradient descent in Section 1.3.2 and
wide shallow neural networks in Section 3.6. However, this time, we also explore different
network depths. The primary factors that influence the difficulty of our recovery experiment
will be the network depth L, for which we chose values L = 2,...,5, and the overall number of
neurons m = mj + - - - + my, for which we choose values m = 200,300, ..., 1500. Throughout
most experiments, the input dimension of the network will be fixed as D = 100. This value
seems large enough to guarantee sufficient incoherence of random weights while still being
low enough to run numerous configurations of the recovery. The number of output neurons
is usually a small integer m; € [10]. Once the number of layers exceeds L = 2, the number
of neurons, together with the input and output dimension of the network, does not uniquely
determine the architecture since the neurons can be distributed differently over the inner hidden
layers. Therefore, we also introduce a shape parameter called contraction factor ¢ € (0,1],
which determines the decrease of the number of neurons from one layer to the next. For
example, let us assume we have input dimension D = 100, L = 3 layers, and m3 = 10 output
neurons in a network with m = 200 overall neurons. To fix the shape, we need to distribute the
m — m3 = 190 neurons over layers one and two. For a given contraction factor ¢, the number
of neurons is then split between the first two layers such that mq + my = 190 and my = |cmy .
So for ¢ = 1, we would have 95 neurons in each layer whereas for ¢ = 0.5 we would have
my = 127, my = 63. Practically speaking, due to ¢ € (0, 1], we only consider networks with a
pyramidal shape, and ¢ controls how tapered the pyramid is. As seen from this example, we
consider networks where the number of hidden neurons in the first layer exceeds the input
dimension, but we do not consider networks where the number of neurons increases from one
hidden layer to the next. Additionally, note that the number of output neurons m is unaffected
by this shape parameter. In summary, the network architectures are uniquely determined
by the quintuple (D, L, my,m,c), and the weights are drawn uniformly at random from the
unit-sphere, whereas the shifts are initialized by small Gaussians.

Entangled weight recovery For networks constructed as described above, the entangled
weights are then recovered by Algorithm 4.1. The entangled weight recovery can be broken
down into two steps: first, a subspace approximation, followed by the second, performing SPM
(Algorithm 2.2) until we recover all entangled weights.

The subspace approximation depends on the neural network function f, Nj, Hessians locations
x1,...,xn, sampled independently from a distribution ux and a number of components m*.
Since all neurons are assumed to be non-linear, we always choose m* = m = my + - - - + my.
For a given network architecture we sample Nj, = 20[m /m | Hessian locations uniformly from
the sphere with radius R around the origin, i.e., x1,...,xy ~ R~ Unif(SD *1). Different radii
R =1073,10"2,10"1,1, 10 are used to simulate different levels of concentrations.

Notably, we run a slightly adapted version of Algorithm 2.2, where the number of SPM iter-
ations (denoted by Npcp) and repetitions (denoted by Nspy) is fixed. The subspace power
method is always run with a step-size y = 1.5 and performs Npgp = 15000 steps of projected
gradient ascent. SPM is restarted Nspy = 10* times for random initializations drawn uniformly
at random from the unit sphere. This way, we maintain a high likelihood of finding all entan-
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gled weights (cf. Remark 2.2 ). Let us note here that we commonly do not observe any spurious
local maximizers for the network models considered above. To see examples of regimes in
which SPM actually benefits from the filtering for spurious local maximizers, we refer to the
numerical section of Chapter 3.

Evaluation metrics To measure the accuracy of the subspace approximation, we simply
consider the Frobenius distance between the orthogonal projection matrices Py, Py;; associated

with the vectorizations of the subspaces WV, W (cf. Definition 1.1 and the preceding remark)
normalized by the number of components m, given by

HPW —P’\H 2 2
TWF where Pw, Py € RDP™*P7

which relates to the error estimated in Theorem 4.1. Every repetition of SPM computes a new
potential entangled weight direction which is added to Uspy as long as it does not fail the check
for spurious local maximizers. By running SPM, we lose scale and sign information about
the entangled weights since all returned vectors are normalized, and SPM cannot distinguish
u € RP from —u € RP because of

1P )5 = 1P (—u)]l7-

We exclusively track the accuracy of entangled weight approximations within Uspy. The
entangled weights corresponding to output neurons (4], in Algorithm 4.1) will be considered
in the experiments of Section 4.4. We check the set Uspy for two qualities. First, the number of
entangled weights that were recovered. An entangled weight

veE {v,{i] (O)‘ te[L] ko € [md}

counts as recovered as long as there exists an u € Uspy such that

u < 0.05. (4.54)

2

v
min — 55—
se{-1+1} o]l
Additionally, we want to check if there were any vectors returned in Uspy that are not close
(in the sense of (4.54)) to any entangled weight. We count these vectors as false positives and
measure the overall rate of false positives contained in Uspy.

Recovery of entangled weights for different network configurations and varying levels of
concentration of the Hessian locations. Note that all upcoming numerical results are taken
from the joint work [50]. The first experiment we want to discuss is designed to test the influence
of distribution ux = R - Unif(SP~!) by comparing different radii R = 10-3,1072,1071,1,10,
which models the degree of concentration. The input and output dimensions remain fixed
D = 100, m; = 10, and we vary the number of neurons, the number of layers L = 2,3,4
and the network shape modeled with the contraction factor ¢ = 0.25,0.5,0.7,1. We report
the subspace approximation error in Figure 4.2, the ratio of recovered entangled weights and
false positives in Figure 4.3. We can see that the subspace error is strongly influenced by the
overall number of neurons. All plots exhibit a sort of phase transition. For a certain number of
neurons (the first few hundred), the overall recovery works well and we recover all entangled
weights and encounter no false positives. Ultimately, we know from the previous chapter that
SPM does successfully recover the target weights in regimes up to mlogm = O(D?)(as long
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Figure 4.2: Sensitivity of the subspace error w.r.t. the concentration of the input
distribution [52]. As long as a sufficient degree of concentration is maintained
(top row), the recorded subspace error remains stable for the first few hundred
neurons.

as certain incoherence conditions are met). Therefore, the crucial factor is the accuracy of the
subspace approximation. In terms of R, the experimental results suggest that our theoretical
intuition was correct. Concentration is necessary since for R = 10 we see a significant increase
in the subspace approximation error. As long as a certain level of concentration is maintained
(R = 0.001,0.01,0.1) the subspace is approximated sufficiently well. We can only observe
marginal changes between small radii. Eventually, when a critical number of neurons is
reached, the subspace error increases drastically (between 900 and 1000 neurons), even for
small R. At this stage, the recovery rate for L = 2,3 remains stable, but we can observe a
steady decrease in the recovered entangled weights of the four-layer networks. The fact that the
breakdown of the recovery rate lags behind the phase transition of the subspace approximation
error suggests that SPM exhibits a certain robustness w.r.t. the difference between the matrix
spaces. After m = 1100, the error in the approximated subspace seems to be too high, and the
ratio of detected entangled weights drops off significantly. At the same time, we also observe a
rapid increase in false positives.

We can also observe that the recovery performed worse for a higher number of layers. However,
this quantity only influences the overall recovery by a small shift along the y-axis. The contrac-
tion factor does not significantly influence two-layer and three-layer networks. Furthermore,
we can not see significant differences between the network shapes. For four-layer networks, the
results suggest that having almost no reduction from layer to layer (i.e., a rectangular-shaped
network) performs slightly worse than the networks with a tapered architecture. However, the
overall impact of the contraction factor seems negligible.

Let us put some perspective on these results. The fact that for this type of pyramidal artificial
neural network, the number of layers and the shape does not have a significant effect on the
recovery of entangled weights suggests that this method scales to deep architectures. We can
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Figure 4.3: Ratio of recovered entangled weights and detection rate of false positives
in the set of vectors returned by SPM [52]. In general, we can detect a critical mass
of neurons at which the recovery rate decreases significantly. Provided the correct
input distribution (top row), we observe a detection of all entangled weights. Only
in the runs with 4-layer networks and for contraction ¢ = 0.75,1 there is a slight

drop-off in the recovery ratio after roughly 500 neurons.
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also derive an interesting question from these results: What is causing the phase-transition at a
specific number of neurons which occurs for all different network types considered in Figure
4.3? Based on empirical tests, we believe that this critical transition point is connected to the
input dimension D and the number of output neurons my. At the end of Section 4.2.1, we
already elaborated on why having more output neurons can be beneficial. To provide further
evidence for this claim, we repeat the experiments, but now we fix all parameters which had
no significant impact on the overall recovery and vary the input dimension D and the number
of output neurons mj.

Investigating the phase-transition We reuse the setup from the last experiments. This time,
we let R = 0.01, ¢ = 0.5 be fixed and vary the input dimension D = 50, 75,100,125, 150 and
the number of output neurons m = 4,5,6,...,10. We use the same set of hyperparameters as
before, and the evaluation metrics remain unchanged as well. The results are reported in Figure
4.4. Not only do the results align with our hypothesis that input dimension and the number of
output neurons are the determining factors that determine the number of recoverable neurons,
but they also suggest that the tipping point w.r.t. the number of recoverable neurons is roughly
located at D - my. There are various potential reasons why increasing D and mp can benefit
the overall recovery. Increasing the input dimension D while maintaining a constant number
of neurons will increase the incoherence of the weights in layer one and therefore increase
the overall incoherence of the entangled weights. It should be clear by now that increased
incoherence aids the performance of the subspace approximation and SPM. Additionally, we
have already stressed numerous times the strong influence of the number of outputs m;, on the
stabilization of the singular subspace. However, these effects should only lead to a gradual
improvement. For instance, it is questionable whether the marginal gain of incoherence caused
by increasing D from D = 100 to D = 150 fully explains the strong correlation between the
point of phase transition and D - m;.

4.3 Network completion

Entangled weights serve as a generalization of ordinary weights, enabling us to decouple weight
information accessible via network differentiation. We established a theoretical framework for
the recovery of individual entangled weight vectors and provided empirical evidence that this
recovery is possible for deep neural networks with sigmoidal activations. In Section 4.1.2, we
briefly motivated the entangled weights by the fact that the weights can be reconstructed up to
a diagonal matrix according to

VI (01 (x) = diag (g(l)(zm(x))) Wl (4.55)

as long as the left-inverse V=1 (x)" exists. With our ultimate objective of network reconstruc-
tion in mind, this motivates the concept of entangled weights. However, as it became clear
in Section 4.2.1, our approximation of entangled weights suffers from the same ambiguity
as the weight recovery in Chapter 3. Namely, by translating their retrieval to the rank-one
matrix basis recovery problem of Chapter 2, we lose information about their scale and sign.
Furthermore, the entangled weight recovery does not reconstruct entangled weight matrices but
only individual entangled weights. To reconstruct weights from entangled weights as in (4.55),
we need to know the corresponding layer for each entangled weight computed by Algorithm
4.1. Algorithm 4.1 computes the entangled weights of the last layer individually. Hence, for the
last layer, such an assignment is already inherent to Algorithm 4.1. However, we do not know
the corresponding neuron in the network for all remaining entangled weight approximations
v € Uspm. In summary, we end up with the following problem: Consider any v € Ugpy after



165 Chapter 4. Entangled weights: Moving beyond shallow network architectures

successfully running Algorithm 4.1 against a network f with inputs concentrating around x*,
then we expect that there is an unknown scale s > 0 and a layer ¢* € [L] such that

v~ s- ol for some ol’l € Vi (f,x%),

where V;(x*) is defined in Definition 4.2. However, based on the output of Algorithm 4.1,
we have no information about the value of ¢*. Solving this layer assignment is essential
for reconstructing the entangled weight matrices, which will be tackled heuristically in the
following for networks with up to L = 3 layers.

4.3.1 Layer Assignment

This section explains how we need to order the output of the weight recovery to reconstruct the
entangled weight matrices. More precisely, we study a slightly more general problem. Note
that the entangled weight recovery (Algorithm 4.1) invokes Algorithm 2.2 as a subroutine that
iterates SPM (cf. Section 2.4). Algorithm 2.2 repeats SPM, where each repetition is run until
convergence. Then, the final result is filtered for spurious local maximizers and compared to
previous approximations to avoid duplicate computations of local maximizers. The certainty
that Uspy will only contain each entangled weight approximation once is desirable in our
theoretical analysis. However, it enforces a sequential setup, where only one SPM iteration
can be run at a time (otherwise, duplicates can not be avoided). In practice, it is much more
efficient to run a large number of SPM iterations in parallel since most operations in Algorithm
2.2 can be written as matrix-vector products. In fact, in our numerical experiments, we run
several thousand (Ngpyr = 5mlogm, see also Remark 2.2) independent iterations of SPM
simultaneously (cf. Section 4.4) for a fixed number of steps. Even on consumer hardware, this
leads to an immense speed-up of the entangled weight recovery. However, as a tradeoff, the
computed set of entangled weight approximations Uspy; will contain multiple approximations
for each individual entangled weight. Therefore, to be more aligned with our experimental
setting, we will consider the case where Uspy can contain duplicate approximations. Notably,
filtering out duplicate detections can be regarded as redundant from a theoretical point of view.

Problem setting. More precisely, we consider the following problem setting. Let f €
NN(D, (mg) e, (8e)een)) be a (deep) neural network with entangled weights given by V(f, x)
and assume a setting that is reached after successfully applying the entangled weight recovery
(Algorithm 4.1) to f. Based on the discussion above, we assume that there exists x* € RP,e > 0
and that we are given access to a set i/ = Uspy U U, that fulfills the following two conditions:
Firstly, every vector in / approximates a member of V(f, x*) such that

Vu € U3v € V(f,x") such that min
se{-1,+1}

u <e, (4.56)

2

_87
o]l

and secondly, every entangled weight is approximated by at least one vector in ¢/, i.e., we have

Vo € V(f,x")3u € U such that min
se{-1,+1}

u

v
—s——I| <e. (4.57)
o121l

As long as € can be picked sufficiently small, this makes sure that all entangled weights are
sufficiently well approximated up to sign and scale. Additionally, the first condition prevents
the presence of false positives (spurious local maximizers) within ¢/. Throughout this section,
we assume that these conditions are met for an € that is suitably small.
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Algorithm 4.2: Constructing entangled weight matrices

Input: Output of entangled weight recovery U = Uspy U Uy, input distribution for the
detection of first layer weights px = Unif(R - SP~1).

Upn < {1 € Uspm | Yur € Uy minge(_q 41y [[u —sugl[, > 0}

US*PM+ — {sign(ul)u | ue Z/{SPM}

Run kMeans on Ugpy,, with m —my cluster centers

Denote the set of normalized cluster centers by ]?1: I—1

Draw Nj, random samples x, ..., xy, from px

Compute Hessian approximations A?f, (x;) for all i € [Ny], kr, € [my)]

Compute the m;-th left singular subspace of the Hessian approximations

N SN gk WN =

W1 = Sp&ll’lm1 {Azfl(X1),. . .,AZfl(xNh),. . .,Asz(xl),. . .Asz(xNh)} ,

and denote by Py the orth. projection onto Wi
8 forv € )A/M,l do
9 | Compute the score S, + HPVAvl(U ®0) HP

10 end
11 Sort the vectors in )71; L—1 according to their score S, in descending order
12 Build the matrix V[l € RP*™ from the m; vectors in 131; L—1 with the highest score
13 Build the matrix V2L-1 ¢ RD*m2t++mi1 from all remaining vectors in V6L_1.
14 Build the matrix VILI € RP*™ with columns taken from the set U}
Output: \7[1], \7[21_1], VL

Step 1: Filtering the potential candidates returned by Algorithm 4.1. Under the assumptions
above, we first face two main challenges. The condition in (4.57) only guarantees that for every
entangled weight vector v € V(f, x*) there exists a set of vectors U, C U that approximates v
up to a sign and scale. Therefore, in the first step, we need to find exactly one representative per
entangled weight. Assuming the entangled weights are sufficiently incoherent, most clustering
methods can be used. It should be noted that there is one special case corresponding to the
entangled weights of the last layer. Their approximations were computed in a separate step of
Algorithm 4.1 since the gradient of the output neurons in x* can be directly accessed. In practice,
it makes sense to rely solely on the approximations within i/} as potential candidates for the
last layer. As long as the output neurons were equipped with non-linear activations, there
can still be vectors in Uspy corresponding to these output neurons. To remove all duplicate
approximations of the last layer’s entangled weights, the set Uspy is filtered according to the
criteria

Uspy = {u € Uspm ‘ Yup, € Yy : min
S

- >0, 4.58
min s, > o (458

for some small § > 0 which has to be chosen according to the separation between the entangled
weights and approximation error. To avoid two clusters per entangled weight due to the
ambiguity of the sign (one for —v/||v||, and one for v/||v||,), all vectors in the set Udpy, are
then projected onto one half of the half sphere. We denote these projected approximations as

Uspny = {sign(ur)u|u e U_}.

At this point, a clustering method like the kmean++ algorithm is applied to Ugpy,, to detect
m — mp, clusters, each of which corresponds to approximations of one entangled weight
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attributed to the hidden layers of f. Each cluster center will be used as a representative
approximation of one entangled weight vector, and we denote the ensemble of cluster centers

as Vi.p 1.

Step 2: Layer assignment. We assume now that the filtering in Step 1 was successful. Then,
the set U}, contains the approximations of all entangled weights in the output layer with the
correct order up to sign and scale. Furthermore, there exists exactly one approximation in
Vi.L_1 for each entangled weight corresponding to a hidden neuron. Each element in ViLa
now needs to be assigned to the right layer, i.e., we need to solve the problem described by

55 . . . 4 l
¢ Viea = [L=1],¢(0) = argmingy _y min __min o= o/l

’
2

without having access to any of the true entangled weights v,[f[]. There have been two approaches

to detect the first layer weights within Vj.; 1. We only briefly sketch the first approach, which
requires that the activation function saturates for large inputs (which is the case for sigmoidals)
and is used in [52]. The layer assignment in [52] considers the network along the entangled
weight directions, given by the set of functions

fo(t) := f(t-v) forove Vir-1,t € R.

If v is one of the first layer weights, for instance v = j:wgl] / ||w£” ||2, then the output of the first
layer evaluated at t - v reads

YU (o) =g (£ Wil Tl 4 20
i,

As long as the columns of WU are sufficiently incoherent, the first component of the vector
W[”ngll will dominate the rest. For example, if the columns of W'l were orthogonal then

T . .
t/ ||w£1} A wgl] = t||w£1] ||l2e1. Clearly, under the orthogonality assumption, we can only
manipulate the function value of the first neuron if we evaluate f along w%”, such that even
for very large t, only one neuron can get saturated (i.e., approach the regime of the activation

function which is almost constant). However, if v is not one of the first layer weights, then

W 5 will not exhibit the same sparsity because all deeper entangled weights are a linear
combination of the first layer weights. Hence, by increasing t, we can saturate more (or even
all) neurons in the first layer. As argued in [52], once a high number of neurons in the first
is saturated, it becomes hard to change the output of the network. This implies that the
magnitude of the gradient ||V f,(t)||, decreases faster if v does not belong to the first layer
weights. This idea was used successfully in [52] for sigmoidal three-layer networks to detect
the first layer weights. Unfortunately, this idea relies heavily on the strong incoherence in the
first layer. If the weights do not closely resemble an orthogonal system, it does not provide
enough robustness to scale to deeper architectures with several outputs.

Therefore, we decide to rely on another method to detect first-layer weights. This approach has
been slightly adopted but is based on our main reference [50]. The unique quality of first-layer
entangled weights is that they are identical to the original weights and do not depend on the
input (cf. Section 4.1.2). For the recovery of all remaining entangled weights, we had to rely
on a stabilization argument which required sampling the Hessian locations close around the
point x*. The most significant part of the subspace error bound in Theorem 4.1 scales with
the sub-Gaussian norm of the input distribution, i.e., v/D || X — x* |y, Additionally, we saw in
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the numerical experiment of Section 4.2.3 that without concentration (e.g., R = 10 in Figure
4.2), the entangled weight recovery breaks down. While we can not precisely quantify what
subspace is spanned by the Hessians if we drastically increase the variance of the Hessian
locations, it seems plausible that the subspace spanned by the symmetric tensors of the first
layer weights will still be contained in it: According to (4.20), the decomposition of any Hessian
at output k. is given by

2 9f (x Afk, (x)
V20 = B 20 Glyall oaf) + 1 3 O Gyofl e
k=1 aykl (x) (=2 k= 18yk x)

The left part of this expression will always be contained in the space
W) := span {wgu ® wgl], . w,[,ﬂ ® wm } . (4.59)

Now our goal is to construct a set of Hessians such that the subspace approximation Algorithm
returns a space W1 such that contains the first layer tensors W; C W1 and at the same
time does not contain the remaining entangled weights, i.e., it satisfies v,[(i]( *)92 ¢ Wi for
¢ > 1,ky € [my]. The subspace does not need to perfectly fulfill these conditions since we

already obtained all entangled weights. It is sufficient that
HP (wy) @ wi)) H > HP (o) (x *)®2)HFVk1 € [ml, € > 1,k; € [my)]. (4.60)

The construction of the subspace Wi depends on the distribution px of the Hessian locations
and the number of components. For the distribution yx we now increase the variance and could
also consider a distribution with a mean different than x*. The magnitude of the projection
HPW() |  is now used as a score to detect the first layer weights. Combining this with the
fact that we already know the entangled weights of the last layer, this leaves only entangled
weights in 171; 1—1 which belong to the inner hidden layers (¢ = 2,...,L — 1). Currently, we
do not dispose of a method that distinguishes the inner entangled weights, which ultimately
limits us to networks with L = 3 layers. We provide numerical evidence in Section 4.4 that
this method yields the correct layer assignment for three-layer sigmoidal neural networks. The

overall layer assignment has been summarized in Algorithm 4.2.

4.3.2 Loss-free reparametrization

The last section presents heuristics that cluster the entangled weight approximations w.r.t. their
corresponding layers (for L < 3). Notably, this assignment does not recover the original order
within one particular layer. Only for the last layer were we able to recover the order based on
the order of computation of the elements within ¢/;. Note, however, the fact that the order of
the hidden neurons within one layer is not recoverable is inherent to the network identification
problem as it represents one of the natural symmetries (permutations of the neurons) under
which the network mapping is invariant (see discussion about natural symmetries within
Chapter 1).

The main result of this section provides a reparametrization f of a deep pyramidal neu-
ral network f incorporating the information provided by the entangled weights. Our approach
is similar to the refinement step for the reconstruction of shallow neural networks (cf. Section
3.4.1). In particular, we construct a parametric function f that only depends on the remaining
unknown parameters, which are the shifts of the original network, as well as the signs and
scaling of the entangled weights. This reparametrization is loss-free because there is functional
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equivalence between f and f for the correct set of signs, scales, and shifts. Based on our
previous results, we assume the setting where we have access to V!(x*),..., VIH(x*) up to
signs, scales, and permutations of the columns. To be precise, we assume we are given access
to matrices

Vi .= vl (x*) = v (x*) S, forall ¢ € [L],

where Sy, ..., Sy are invertible diagonal matrices and 7y, ..., 711 are permutation matrices. One
important remark we need to make concerns the special case of the last layer. For this special
case, we can infer the original order of the entangled weights by computing the gradient of the
output neurons (see, for instance, Algorithm 4.1), such that 77, is simply the identity matrix.
Below, for simplicity, the dependency of the entangled weights on the input will often be
neglected, i.e., we simply write VI instead of V14 (x*), as the entangled weights themselves
and therefore x* will not be manipulated and remain fixed throughout this section. We also
extend this simplification to the representation of the entangled weight matrices in terms of
the ground truth weights such that

vl — (Hi;%w[k}Dk) wl Sy € R™ 1M forall £ € [L], (4.61)

where Dy € R™*"™ are diagonal matrices and mo = D. This representation follows by setting
Dy = diag(g™M (zM(x*)). Before stating the main results of this section, let us give a few
auxiliary identities.

Lemma 4.5. Let S € RP*P be any diagonal matrix and = € RP*P a permutation matrix.
(i) The inverse of 7t is given by its transpose 7" .
(ii) Denote by diag(S) the vector storing the diagonal elements of S, then
n'Smt = diag(n" diag(S)), (4.62)
in particular, 7t S7t is also diagonal, and its diagonal elements are given by 7' diag(S).

Proof. The first point follows from the fact that permutation matrices are, by definition, orthog-
onal. For statement (ii), note that 77" S/t must be a diagonal matrix. This follows from the fact
that for S = Id we have 71" St = 7t " 7t = Id. Since changing the values of S does not affect how
elements are permuted, the matrix 77" St must also be diagonal for any arbitrary diagonal
matrix S. Now consider the k-th standard vector e, then

7T Ster = 70" Seq(ty = Sa() (k) 7T Cr() = Sk, (k) k-

O]

Let us formally introduce a class of parametric functions, which represents neural networks
that are attained by scaling the columns and rows of weight matrices.

Definition 4.4 (Deep neural network reparametrization using fixed weights). Assume we are
given access to matrices WU, ..., WL where Wl € R™-1%" and activation functions (g,) vejr)- We
define the neural network reparametrization w.r.t. these matrices as the parametric function

f(V (ifl Rf! NE/ fg)ge[u) :R™ — lRmL,
which for given L quadruplets (Ly, Ry, Ny, Ty) peq1) consisting of diagonal matrices

l:_,/ € ]Rmf‘lxmf‘l,fz/, N/ € RMexme
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and shift vectors T, € R™, produces its output according to the iteration

y[o](x) =X
7(x) == Ny g ((izW[EJRZ)TW*”(x) + fg) . fort=1,...,L,
flx) == g (x).

The first observation is that this reparametrization covers all classical feed-forward neural
networks with weights given by (L, Wl Rg)ge[u. This follows by simply setting all the outer
diagonal matrices N, to the identity matrix in the corresponding dimension. Notably, this
reparametrization model covers all classical feed-forward neural networks that can be obtained
by rescaling the columns and rows fixed set of weights. The reason why we include the outer
diagonal matrices Ny in this definition is merely technical since these matrices will be used
during optimization. Note, however, even if (Ng)gem were not equal to the identity, then, due
to

7(x) = Nege (LWR) 7 (x) + %)
=Ny g <(N€—liéwmﬁf)—r86—l ((iﬂ—lw[#l}m—l)w[ﬁz}(x) + fﬁ—l) + fz) ,

we could simply absorb N,_; into the parameter L, for all £ € 2,..., L. This excludes only the
rescaling of the outputs with N;. Hence, for any parameter combination (L, Ry, Ny, %) Cell]
the reparametrization above is identical to feed-forward neural networks and by including the
matrices (N) ¢eqr) only extends this by a rescaling of the output neurons. The exact role of the

matrices (Ny) ¢e(r) Will be more clear once we provide further context. The primary behind this
reparametrization is stated in the following result.

Proposition 4.3 (Loss-free reparametrization of a network (cf. [50, Proposition 3])). Consider
a neural network f € NN(D, (m)pe(1), (¢)eeqr)) with weight matrices W, ..., WIL, and shifts

T,..., 7. Assume access to VI ... VI gsin (4.61). Furthe]more, assume rank(Vm) = my for all
¢ € [L —1]. Consider the neural network reparametrization f as in Definition 4.4 w.r.t. the weights
given by

witl = gl Wit — (glyryple]) (4.63)
and activations (¢ )e(r). Then, the following two sets of parameters (Ly, Ry, Ny, T) e[ are well-defined

and imply functional equivalence f(-,(Ly, Ry, Ny, %) ) = 7t f between the network reparametriza-
tion f and the original network with permuted output 7] f:

(Opt1) il = Idy,,, Ng = Idm[, 1:_44_1_1 = ﬂZDZlﬂ'gSg, Rg = SZl, Ty = 7T2—Tg
(Opt2) il = Idmg/ NL = Id,, i,g+1 = ﬂ}DZlﬂg, Rg = Szl, Ng = Rzl =5,%T= 7'[;’1.'5
Since the permutation 7t] is generally known for the above reasons, one can assume 77, = Id,y, .

Proof of Proposition 4.3. We show the functional equivalence of f(-, (L, Ry, Ny, %) re(r)) as de-
fined in Definition 4.4 for the given sets of parameters via an induction over the post activations
of f and f. We start with the first set of parameters in (Opt1) and show that 7!/ (x) = 7z} yll (x)
for all £ € [L]. Since Ny = Id,, for all £ € [L], we can neglect the parameters (Ny)sc(;]. For

¢ =1, we have Wl = Wl S; and therefore
g[l](x) =% ((ilwmﬁl)—rx + f'l) =& ((WmnlSlel)Tx + 7TIT1>

.
=] g1 (Wm x4 T1> = 7]y (x).
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Assume now that 7l (x) = 7] y!l(x) is true up to some ¢ < L. Then

]7[H1](x) = 8r+1 ((]:KHW[KH]I?ZH)T?M(x) + f€+1)
= gean ((7F D7 oSV VHHIS L) Tyl ) + 710 )

Note that, by (4.61), we have (VII)TVI+ = s-17TD, Wi+, 1S, 1. Plugging this into the
y LY F190+ 88Ing
expression above yields

7 (x) = g ((ﬂgTDleSzSZl”zTDKW[H” e SeaSyy) Tl i (x) + nzﬂqﬂ)
= gear (AP WI ) Tl 1 () + 7))

€+1](

.
= 8+1 (”JHWW” y[f](x) + 7TL1T£+1> = ”;Hy[ X),

and therefore f(x) = §H(x) = n]yl!(x) = 7] f(x). This shows the equivalence for the
parameter set in (Optl). The second case follows by reusing the same argumentation. Assume
the set of parameters given in (Opt2). We show by induction that #1/(x) = N7t y¥l(x) for all
¢ € [L]. Again, for £ = 1 we have Wl = W, S, and therefore

ﬂm(x) = Nigi ((DWMRQTX + ﬁ) = Nig1 ((W[”mSlS’l)Tx + anrl)
= (W[l]Tx—i— Tl) = Ryrr) yl ().
Assuming the statement is true up to some ¢ < L, we now receive

7 (x) = Nejages ((UHWW”Rul)TNﬂeTym(x) + feﬂ)
= Ner18e+ ((iéHW[“”R£+1)T5£7TET]/W (x) + ff+1)
= NHNUH?VVH] (x).
The last step follows from the previous induction for the parameters in (Optl) since now
(I:HlW[HHRHl)TSé = RZH(W[ZH])TWTDFWS(Z - RKTH(W[H”)TSWTZTDZAW'

where the last step used that 71/ D, ' 71 is diagonal and therefore commutes with S; (cf. Lemma

4.5). Since Sy ngTDzlm is identical to EZH from (Optl), the statement in the induction step

is justified. Since we assumed Ni = Id,,, this equates to f(x) = 7t(x) = Ny ylH(x) =
T

;. f(x). O

4.3.3 Learning the parameters of the reparametrized network

Let us now return to our original objective and how the reparametrization is used in the overall
reconstruction procedure. Provided access to entangled weights matrices of the type (4.61)
with full column rank, we consider the network reparametrization f as defined in Definition
4.4 with weights

Wil — gl el — (plyrplen,

One approach to finding the right set of parameters for f is to fit the reparametrization to
samples of the target network f. Assume we are given N training pairs (x;, f(x;))ic[n], then
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Proposition 4.3 shows that there exist parameter combinations such that f is identical to f on
these data points. Hence, the least squares problem

N _ e 2
ArYMIN, R N, 7y Do (f (xi) — f(xi, (Le, R, N, T/&)ze[u)) (4.64)
i=1

can be realized with global minimum 0 for the parameter combination given in Proposition 4.3.
Furthermore, as became clear in Proposition 4.3, optimizing over the parameters (Ng)ge[u is
not necessary because we can consider one of the slightly simplified versions given either by

N . . ~ 2
argming g, ), ; (f (xi) = f(xi, (Lo, Ry, IdmwTE)ée[L])> / (4.65)

which corresponds to the ideal solution (Optl), or in line with the parameter combination
described in (Opt2) by

N = = ~ 2
argmm (Lo,Ry %) tell] Z ( X,, (Lg, Rg, hg(Rg),f'g)gE[L])) ’ (466)
i=1

with hy(Ry) = R, ! for ¢ < L and hy(R;) = Idy,. Similar to the approach in Chapter 3 (cf.
Section 3.4.1), this closely resembles the teacher-student scenario, where f being regarded as
the teacher network and f corresponds to the student network. In both minimization programs
above, the student has considerably fewer degrees of freedom than we had parameters in the
network f. The parameters that have to be tuned in either (4.65) or (4.66) are the diagonal
matrices and shifts (L, R, %) ¢e(r), such that the overall degrees of freedom are at most O(m),
where m = mq + - - - + my. This follows from

Z dim(diag(L,) + dim(diag(R;)) + dim(%) Z Mmy_q +my+my=3m—my+D,
/=1 (=1

where we used mg = D. This has to be put in contrast to the number of parameters in the
original network f, which is given by

L

Edlm ) +dim(t) = Y mp_q - mg+my.
=1

Fitting the reparametrization by empirical risk minimization. Let us now discuss some
practical aspects of an optimization strategy based on gradient ascent. Assume again that we are
given Ngp random network evaluations (x;, f(X;))ic|ng,] Where x1,..., XNg ~iid. N (0,Idp).
We construct f as the reparametrization of this network w.r.t. the entangled weights up to
permutation and scales, i.e., we have

Wl = Wl e = (plyrplen),

We assume the rank assumption on the entangled weights is met (see the discussion above).
Since the right set of parameters (e.g., the parameters in (Opt2) of Proposition 4.3) for f is

not known, we initialize f with initial parameters (I:LO],RLO},M(RLO]) [0]) te[r), where hg(R[ ]) =

~ -1 -
<RLO]> for / < L and hL(RLO}) = Id,;, . We consider the objective inherent to (4.66), which is

N 2
L((Le Re T reny) = Y (£ i) = Fxi (Lo Resha(Re), B epr)) (4.67)
i=1
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A classical gradient descent method ran with a step-size v > 0 then produces an iteration
((iL”, RB}, fgm )ze[q )jen described by

Lm m — ydiag (Vdiag i[mﬁ (( 151, Rgl,fg]) fem) ,
1”{%"“] — R%ﬂ — ydiag (V . Rmﬁ ((ig]fﬁg]/@mﬂdﬂ)) ’
gt = gll v mﬁ ((Lm RY, 7)), dL]) ’

for all ¢ € [L]. Notably, we only need to run gradient descent over the diagonal elements
of the involved matrices. Therefore, in the iteration above, we consider only the gradients
corresponding to the diagonal and then map the gradient updates back to the matrix form.
This way, it is guaranteed that all matrices remain diagonal. Proposition 4.3 shows that the
objective (4.67) has a global minimum for shifts ¥, = 77/ 7, and diagonal matrices

il = IdmO;RL = Sgl, ig = ﬂgD;_llﬂ'g, Rg_l = 52—11 for/{=2,...,L (4.68)

where Dy, Sy are non-zero diagonal matrices, and 7ty are unknown permutations, all of which
originate from the unknown parameters in the entangled weight matrices described in (4.61) as

vl = (Hf 1W[k]Dk) Wllr,8, € Rm*me forall £ € [L).

To reach this global minimum, we rely on gradient descent started from (ELO}, RLO}, fim) telL)-

Without any prior information or initialization strategy, we will generally initialize these
parameters by identity matrices and zero vectors in case of shifts, i.e., we set

(LY, R, 7 ])le[L] = (Idm, ,, 1dm,, Om, ) rer)- (4.69)

Now, can gradient descent or any of its variants reach the global minima started from these
initial values when granted sufficiently many training points? Empirically, we observe that
minimizing (4.67) via gradient descent yields good results for sigmoidal neural networks,
approximated entangled weights, and a moderate number of training samples (cf. Section
4.4). Admittedly, we do not offer any theoretical convergence analysis of the gradient descent
iteration defined above. The significant reduction of the degrees of freedom should, in principle,
lead to an improved algorithmic complexity when compared to learning the full network via
empirical risk minimization. A theoretical analysis of the optimization landscape suffers from
similar problems present when learning ordinary deep neural networks in a teacher-student
setting. In Chapter 3, we provide a rigorous local convergence analysis for a similar type of
problem for shallow neural networks. Clearly, an extension of the results in Section 3.4 to
the present case is non-trivial. One crucial aspect in Section 3.4 was the initialization of the
gradient descent iteration. Proposition 4.3 guarantees the existence of global minima, however,
the initialization in (4.69) will generally not lie in the vicinity of these global optima. This raises
the question of why the naive initialization in (4.69) still yields a consistent recovery of the
original network. In the following, we will give one potential explanation for this phenomenon.

Inherent symmetries of sigmoidals lead to multiple global minima. Let us now discuss
one crucial point related to the distance of the initialization (4.69) from the global minima
(Opt2) in Proposition 4.3. The first quantity in (Opt2) we need to discuss concerns the non-zero
diagonal matrices (S¢)c[r), which model the unknown sign and scale information. We can
assume that the diagonal elements of the matrices are equally distributed over the positive
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and negative parts of the real numbers due to the equal probability of guessing the sign
wrong as a consequence of the SPM (Algorithm 2.2). This implies, that there will be indices
¢ € [L],k € [my] such that Sy, < 0. For the sake of simplicity, assume that S;; = —1, which

also implies that S 1 = —1. On the other hand, we initialized the corresponding diagonal

matrix by the identity, such that Rﬂ = 1. Hence, to reach the optimal solution (4.68), the

gradient descent scheme described above needs to produce an iteration jo ]1 — 57 11 = -1
Regardless of the trajectory, if we want to reach this point and assume a realistically small

step size 7, there needs to be a number |’ of gradient steps such that Rg]g ~ 0. Notably, this

implies that h; ( Rg’;/]) = (REJ /1])*1 is large. This behavior can have negative consequences on the

’

reparametrization since its pre-activations at this iteration read as
7(x) = N g (LPIWIRT) "9 ) + 7))

= (R} g (L WIRT) T V() +27)

— (RL] })71 g ((EL] ]W[/}RL] ])Tg[éfl} (x) + ’T’}J ]>
forall ¢ =1,...,L — 1. Therefore, the components of the inner pre-activations get amplified by
the factor (joll])_l, which would likely increase the mismatch between f and the reparametriza-
tion f. Fully addressing this dynamic goes beyond the scope of this discussion, but a point can
be made that the adjustments of the signs might act as a barrier for gradient descent because it
needs to pass through a domain where the least squares error £ in (4.67) is most likely large.
Hence, a natural question is why we do not experience this problem during our empirical
study on deep sigmoidal neural networks. The answer to this question is that the inherent
symmetries of classical sigmoidal functions (e.g., tanh) give rise to multiple global minima,
which we will prove in the following. First, note that according to Proposition 4.3, one global

minimum of the minimization program (4.66) is given by the set of parameters in (Opt2). More
precisely, by the set of shifts ¥, = 77/ 7, and diagonal matrices

il = IdmO,RL = SL_l, ig = ﬁgD[_llTL'g, Rg,l = Sé__ll for ¢/ = 2,. . .,L

where D/, S; are non-zero diagonal matrices and 71y are unknown permutations, all of which
originate from the unknown parameters in the entangled weight matrices described in (4.61) as

71 = (ZWHD,) Wi, € R™™,  forall ¢ € [L.

Let us assume that the underlying network uses tanh activations at all hidden neurons and has
either linear output neurons or g; = tanh. At the beginning of this work, namely Section 1.2, it
was already mentioned that tanh is antisymmetric; thereby, the network remains functionally
invariant under certain sign-flip operations of the parameters. The example given above for a
shallow neural network was

m

m

Y tanh(wix + 1) = ) — tanh(—wix — ).

k=1 k=1
This symmetry gives rise to multiple global minima for the objective in (4.67) and allows us
to extend the result of Proposition 4.3 in the sense that it can be shown that we can morally
neglect the signs of the diagonal matrices (R;)sc; in the optimal solution (Opt2) except for
the signs corresponding to the last layer. Before we state the result, let us note that any linear
function can be composed of an antisymmetric function and a constant shift. Hence, the theory
below does cover networks with linear outputs. Additionally, we introduce the following
notation. For any matrix M with entries given by m;;, we denote by sign(M) the matrix with
entries given by sign(m;;), and by | M| the matrix with entries given by ‘mi]- |-
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Proposition 4.4. Consider a neural network f € NN (D, (m)ecir), (8¢)ecir)) with weight ma-

trices WU, ..., WIL, shifts 1y,..., 71 and antisymmetric activations (g;) tejr)- Assume access to
v, [L] as in (4.61). Furthermore assume rank (V) = my for all ¢ € [L —1]. Consider the
neural network reparametrization f as in Definition 4.4 w.r.t. the weights given by

Wil =yl wieH) = (gl gl (4.70)

and parameters (Lg, Ry, ho(Ry), %) ger)) where hy(Ry) = R, for £ < L and hp(Ry) = Idy,. If
Ly =1du,, Loy = 1] D'y, T = sign(RyS; 1)t/ 1 and diagonal matrices (Ry) ey are such that

IR,| = ‘s;l 4.71)

then the reparametrization is functionally equivalent to the permuted network up to a sign-flip of the
output f = sign(R.S.)7t] f. Note: Since the permutation 7] is generally known for the above reasons,
one can generally assume 7t; = Id,,, w.o.l.g.

Proof. Since Ry, Sy are non-zero diagonal matrices for all ¢ € [L], we have

|Rg} = ’S;ll & sign(Ry)R, = sign(S;l)SZ1 & Ry = sign(RgSé_])Sg_l, 4.72)
and also sign(f{gsgl)fizl = S4. Recall that the pre-activations of the reparametrization given
by

7(x) = ho(Re) g (LWIIR)Tg 1 (x) + %)
for all £ € [L] where 7% (x) = x. As before, we prove by induction that
71(x) = hu(Ry) sign(RyS; ) 7y (x). (4.73)

Assume / = 1: We have W
7 (x) = I (Re) g1 (LWIRy) T2+

— WS, and therefore

1(R1) Slgn(Rls gyl ().

Assume now (4.73) holds up to some ¢ < L — 1. Since hy(R;) = Ré_l for all ¢ < L, this is
equivalent to

7 (x) = R, Vsign(ReS; ) )y (x) = Sem/ vl (x), (4.74)

which follows directly from (4.72) together with the fact that the sign matrices of diagonal
matrices are invariant under inversion. Note that, by (4.61), we have

Wi — (VM) 1] — =S, 17'(TD Wit ]7T£+1S£+1~

The induction steps follows from
F (%) = hea (Rega) e (( e WEHIR ) T (2 )+Te+1>
Revn) gemn (Lesa WA R 40) TSyl (x) + %4 )
((i@_HS I DWI A 1SRy ) TSyl (x) + ng)
Ret1) 8ot (( 0418, ' DW 4y sign(SeyaReg)) TSemt/ yl (x) +f€+1)

n(Sep1Re1) o1 (Regr) gesn ((i€+15217TZTDZWV+H 7T£+1)T5€7Teryw (x) + 7T;+1T£+1) .
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The inner term can be simplified with
(Le1S; ) DW 1) TSy = (L41SeS, e DWE Uy q) T
= () D; Y, DNV )T = () W ) T

Therefore, we get

y~[4+1](x) = sign(SHleH)th(RH])ng <(7TZWM+” 7T€+1)T7T6Tym(x) + ”Z+1T€+1>
= sign(Ses1Rea1 )it (Ren) whagess (W) Ty () 4+ 7041 )
= sign(Ry415,.1) /)y (x).

This concludes the induction and therefore implies

Fx) = 7 (x) = sign(Re1 S, ) 1 f ()
for any input x € RP. O

Remark 4.4. Note that a similar statement can be proven for other common activation functions of
sigmoidal type, even if they are not entirely antisymmetric. Take for instance the sigmoid (or logistic)
function sigmoid (x) = 1= Then sigmoid (x) fulfills the identity

_ 1 _ e*
C14e* 146X

sigmoid (x) =1 — sigmoid(—x), (4.75)
and therefore sigmoid(-) — 0.5 is antisymmetric. The constant offset can always be absorbed in the shift
parameters.

4.4 Experiments: Reconstruction of deep neural networks

In this final numerical section, we apply our complete reconstruction pipeline to sigmoidal
neural networks of different architectures. We provide an analysis of each individual algo-
rithmic step. Additionally, we compare the performance to our empirical analysis of the
teacher-student problem, where the reconstruction problem is tackled by ordinary SGD (cf.
Section 1.3.2).

Experimental setup. The pipeline first recovers approximations to the entangled weights via
Algorithm 4.1. Notably, we slightly deviate from Algorithm 4.1 and run several independent
repetitions of SPM simultaneously for a fixed number of steps (see the related discussion at the
beginning of Section 4.3.1). In the second step, the entangled weight matrices are built by the
post-processing and layer assignment in Algorithm 4.2. As the last step, a reparametrization f
as in Definition 4.4 is then built from these entangled matrices and initialized as in (4.69). The
reparametrization f is then fit onto the original network using stochastic gradient descent with
step size v > 0 as described in Section 4.3.3. Every metric reported below is averaged over
ten independent runs for the given parameter combination. We benchmark our algorithmic
pipeline on three different network architectures with ambient dimension D = 50: two three-
layer networks with neurons given by [50,25,10], [50, 25, 50], and one four-layer network with
architecture [50, 35,25, 10]. For the four-layer networks, we need to rely on an oracle assignment
of the entangled weights to their corresponding layers, as this step has not been extended to
L > 3 yet. This setup demonstrates that the procedure works for deeper (L > 3) architectures
provided the correct layer assignment. All networks use tanh-activations at all hidden neurons,
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and we consider two types of output activations given by g; = tanh and g; = Id. Sigmoidal
output neurons are common for networks used in classification problems, whereas linear
output neurons correspond to regression problems, making the distinction between the two
output activations interesting. Every weight will be drawn uniformly from the unit sphere, i.e.,

w,[f;] ~ Unif(S§™1~1) for all k; € [my],¢ € [L], and all neurons will be equipped with a small

shift Tk[f] ~ N(0,0.05). Additionally, for every problem instance, the pipeline is run once with
exact derivatives (gradients and Hessians) and once with numerical approximations. Whenever
numerical gradients or numerical Hessians are used (this affects Algorithm 4.1 and Algorithm
4.2), we rely on a simple schema given by central finite differences (which adheres to the general
assumptions that were made in (G5.3)). More precisely, for any vector-valued input x € RP
and output index k;, € [m], the approximations Afy, (x) = V fi, (x), AszL (x) =~ VkaL (x) are
computed component-wise via

A (x); = Tl ee) ol ee ) (&.76)

AszL (x)ij _ ka(x + 681',]') — ka (x + €€,i,j) ;e_ikL (X + €€i,7]') + ka(x — €€,i’,]') (4.77)

for all 7, j € [D], respectively. Here, € is the step-size parameter that is set to 0.005, ¢; denotes
i-th the canonical basis vector and ¢;; = e; +e¢j,e_;; = —e; +ej,e;_j =e; —ej,e_i ;= —e —e¢j.
For the reader’s convenience, we summarized all hyperparameters and the network model
in Table 4.1. We will only address our choice for the hyperparameters shortly. For a detailed
discussion of these parameters, we refer to the respective sections where the Algorithm was
introduced.

Discussion of relevant hyperparameters. For the entangled weight recovery, we choose
the mean-zero distribution yx = ﬁ - N(0,1d), such that every input vector is a standard

1
10vD"
where the subspace was best recovered for inputs drawn uniformly from the sphere with radius

0.1. Hence, while ux is chosen as a normal distribution, its sub-Gaussian norm is equivalent
to before (0.1). We sample 4m Hessian locations from this distribution, such that the overall
number of network queries needed to approximate the space, when numerical Hessians are
used, is 4m - 2D(D + 1) = O(mD?). Note that 2D (D + 1) is the number of samples necessary
to compute one Hessian matrix via (4.77). Then, we repeat SPM for Nspy = 5m log m random
initializations performing Npga = 10* projected gradient ascent steps each time (i.e., steps of
SPM). This is a slight deviation from Algorithm 4.1. We refer to the related discussion at the
beginning of Section 4.3.1 for our motivation behind this decision. For the second step, the
reconstruction of the entangled weight matrices performed by Algorithm 4.2, we choose large
inputs to detect the first layer. The inputs are drawn independently from ux = Unif(10%-SP~1).
Again, we rely on 4m Hessians to compute the space spanned by the outer-product of the first
layer entangled weights. Lastly, using empirical risk minimization, we fit the reparametrization
described in Section 4.3.2 onto the target network. Here, we construct the reparametrization f
of f using the approximating entangled weight matrices. We minimize the objective (4.67) via
SGD with a learning rate of v = 0.005 and batch size 64. We provide SGD with Nsgp = mD?
training samples in the form of input-output pairs of the network we seek to reconstruct and
stop the training after 20 minutes. All experiments are repeated 10 times for each combination
of the network architecture, method of differentiation (exact or by a numerical approximation),
and output activation gr. During each execution of our pipeline, we record the outputs of the
involved algorithms and will evaluate their performance separately.

Gaussian scaled by the factor Our previous results in Section 4.2.3 motivate this scaling,
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Network Model Entangled weight recovery (see Alg. 4.1)
Architectures: [50,25,10], [50,25,50], [50,35,25,10]  px: distribution for Hessians N (0, 15 1d)
WU : random weights w][(i] ~ Unif(§™—1~1) Nj,: nr. of sampled Hessians (max. 411)

71l : Gaussian shifts T,fz ~ N(0,0.05) Ngpyy : restarts of SPM (< 5m logm)

g¢: hidden layer activation g, = tanh for £ < L Npga : number of projected GA steps (10%)
g1 : output activation g; € {Id, tanh} € : step-size for finite differences (0.005)
Constructing ent. weight matrices (see Alg. 4.2) Network completion (see Section 4.3.2)

Nj,: Hessians used to detect 1st layer (max. 4m) v: learning rate of SGD (0.05)

R : radius used to detect 1st layer (103) batch size (64)

€ : step-size for finite differences (0.005) Nsgp : number of training points (D%m)

training time (20 minutes)

Table 4.1: Summary of all hyperparameters for the numerical experiments. A
single value in (-)-brackets is the default hyperparameter used in all experiments.
Otherwise, we list ranges that are tested in experiments.

Step 1: Analysis of Algorithm 4.1 To evaluate the output of Algorithm 4.1, we will rely
on slightly different metrics than before (cf. Section 4.2.3): The accuracy of the subspace
approximation is measured by the Frobenius distance between the orthogonal projections of
the vectorized subspaces denoted by Ay := || Py — Py;|r, which serves as an upper bound to
the error estimated in Theorem 4.1. For a given output U = Uspy U Uy, of Algorithm 4.1, we
track three metrics: First, the worst-case L2-error (up to sign) of the approximations within
to any (normalized) entangled weight corresponding to the /-th layer defined by

— ; ] /11,14

E/(U) = Jgmax L omin Ju — sy, / ||og, [2]]2- (4.78)
At this stage, we exclusively focus on the error of the vectors that were computed directly via
SPM (E;(Uspm))and exclude the set U}, that contains the entangled weights of the last layer
which were computed via gradients. Hence, E;(Uspy) provides an upper bound to how well
the entirety of the entangled weights in layer ¢ was approximated by SPM. Second, we calculate
the ratio of false positives within Uspy defined by the number of its elements that are not
within L?-distance 0.1 of any true entangled weight (again disregarding the sign) to make
sure no spurious local maximizers were included. Lastly, we track the computational time
necessary for the space approximation (line 1 in Algorithm 4.1) and consecutively the run time
of SPM (line 2-16 in Algorithm 4.1) in seconds (rounded) denoted by T, Tspm, respectively.
The average results of ten repetitions with numerical derivatives are reported in Table 4.2, and
the results averaged over ten runs with exact Hessians are reported in Table 4.3.
The first noteworthy insight from these results is that the overall difference between running
the recovery with numerical approximations or exact Hessians only leads to a very marginal
improvement in the latter case. This supports our assumption that the numerical error can
be neglected for the most part and that the subspace approximation error is, in fact, mainly
caused by the variation of the entangled weights w.r.t. the input (cf. Section 4.2.1). Overall, the
recorded subspace error Ay lies in the interval [0, 1] and therefore is quite accurate. Note that
in Chapter 2 all results were stated in terms of the error § = || Py, — PVAVH r—r, and therefore the
Frobenius distance Ay will in general only be a crude upper bound for 5. However, by relying
on Ay as a relative measure, we can observe that the subspace approximation becomes less
accurate for the 4-layer architecture and that, in general, linear outputs yield slightly better
results. On average all detectable entangled weights were found up to an error of 3.1 - 1072
in the worst case. Since these metrics were averaged over ten runs, let us mention that we
found no run which significantly deviated from these mean values. The fact that the entangled
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| Architecture | g1 | Ay | Ei(Uspm) | Ea(Usem) | Es(Uspm) | Es(Usem) | fp | Ty | Topm |

[50,25,10] tanh | 0.31 2.1e-02 1.5e-02 8.6e-03 - 00 | 17s | 12s
[50,25,10] Id 0.08 9.3e-03 3.1e-03 - - 00 | 17s | 12s
[50,25,50] tanh | 0.11 7.8e-03 3.9e-03 3.3e-03 - 0.0 | 25s | 12s
[50, 25, 50] Id 0.04 3.2e-03 1.4e-03 - - 0.0 | 25s | 12s
[50,35,25,10] | tanh | 1.00 2.8e-02 3.1e-02 3.1e-02 2.1e-02 0.0 | 21s | 12s
[50,35,25,10] | Id 0.57 1.9e-02 1.9e-02 1.5e-02 - 0.0 | 20s | 12s

Table 4.2: Performance metrics of the subspace approximation and SPM averaged
over ten separate runs based on numerical Hessian approximations.

‘ Architecture ‘ 8L ‘ AW ‘ E1 (Z/[SPM) ‘ E2 (USPM) ‘ E3 (Z/ISPM) ‘ E4 (uSPM) ‘ fp ‘ Tw\ ‘ TSPM ‘
[50,25,10] tanh | 0.24 | 1.7e-02 1.4e-02 7.7e-03 - 0.0 | 13s 11s
[50,25,10] Id 0.08 | 7.4e-03 3.2e-03 - - 0.0 | 12s 12s
[50,25,50] tanh | 0.09 | 6.6e-03 2.9e-03 2.9e-03 - 0.0 | 188s | 12s
[50, 25, 50] Id 0.04 | 3.4e-03 1.4e-03 - - 0.0 | 153s | 12s
[50,35,25,10] | tanh | 0.93 | 2.6e-02 3.2e-02 2.8e-02 1.8e-02 0.0 | 16s 12s
[50,35,25,10] | Id 0.31 | 1.7e-02 1.4e-02 9.1e-03 - 0.0 | 14s 12s

Table 4.3: Performance metrics of the subspace approximation and SPM averaged
over ten separate runs based on exact Hessian matrices.

weights of the last layer can not be detected for linear outputs is expected and was discussed
in Section 4.1.2. We can always rely on the approximations via the gradients of the outputs to
make up for this fact (see next paragraph). Another noteworthy point is that we did not observe
any false positives in any of the runs, which clearly shows the robustness of our approach to
small disturbances in the space W ~ W. The computational time for either step generally was
in a range of a few seconds, such that the overall time necessary to find all entangled weights
was under one minute in most cases. The time necessary to run SPM, given by Tspy, remains
constant over all different architectures because it only depends on the ambient dimension
of the matrix space (W € RP*P) and possibly the number of neurons m which did not vary
significantly. While the number of random initializations for SPM (5m log m) did depend on
m, we do not observe any increase in the computational time due to parallelization within
our code. The most computationally expensive part of the subspace approximation is the
computation of the derivatives (via finite differences). Again, we see that T;;; < 30s except for
the runs with exact Hessians corresponding to the architecture [50, 35, 50]. This outlier is caused
by the high number of output neurons and, ultimately, by our sequential implementation for
the computation of the exact Hessians (i.e., compute the Hessian of all output neurons one by
one). Since the runs with exact Hessians were only included as a baseline reference, we can
ignore these outliers such that the total runtime to recover the entangled weight was less than
one minute.

Step 2: Analysis of Algorithm 4.2. Algorithm 4.2 computes the estimated entangled weight
matrices denoted by vl ., VI from the set of vectors U = Uspy U U (we use U from the
previous step). We are interested in the accuracy of the layer assignment. In this paragraph,
we exclude the network architecture [50,35,25,10] where an oracle was used for the layer
assignment. As a first measure, we consider the approximated entangled weights, i.e., the
columns of the matrices VI!,..., VI and we compute the ratio how many columns were
properly assigned. This needs to be checked column-wise since the entangled weight matrices

can only be known up to permutations of the columns. A column 5,5] of V¥ is counted as
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‘ Architecture ‘ QL ‘ Fasgn ( V[ ‘ rasgn( ‘ rasgn( ‘ Full detection ‘ Tasg ‘
[50,25,10] tanh 0.998 0.996 1.000 09 | 17s
[50,25,10] Id 0.998 0.996 1.000 09 | 17s
[50, 25, 50] tanh 1.000 1.000 1.000 1.0 | 24s
[50,25,50] Id 1.000 1.000 1.000 1.0 | 24s

Table 4.4: Summary of the entangled weight assignment step (Algorithm 4.2) based
on numerical approximations of the Hessian matrices.

‘ Architecture ‘ Sr ‘ rasgn ‘ rasgn V[ ‘ rasgn V[3 ‘ Full detection ‘ Tasg ‘
[50,25,10] tanh 0.998 0.996 1.000 09 | 13s
[50,25,10] Id 0.996 0.992 1.000 0.8 | 11s
[50, 25, 50] tanh 1.000 1.000 1.000 1.0 | 191s
[50, 25, 50] Id 1.000 1.000 1.000 1.0 | 155s

Table 4.5: Summary of the entangled weight assignment step (Algorithm 4.2) based
on exact Hessian matrices.

properly assigned when there exists a column v][f,’] in the true entangled weight matrix of the
l

¢-th layer such that

min Hvke —svk, / Hvk,

< 0.1. (4.79)
se{-1,+1}

We denote the ratio of correct assigned entangled weights per layer by rasgn(Vm). Furthermore,
we measure the number of repetitions (out of the ten runs) where all approximate entangled
weights have been assigned to the correct layer denoted by "Full detection”. Lastly, we also
measure the computational time of Algorithm 4.2 in seconds denoted Tasg. The results corre-
sponding to the runs with numerical differentiation are reported in Table 4.4, and the results
for runs with exact Hessians are reported in Table 4.5.

Due to the strong similarity between both tables, we will only discuss the result where
numerical differentiation was used. For the architecture [50,25,50], we find a perfect assign-
ment in all cases. For the networks of the type [50,25,10], we see that there was one out of ten
runs for both types of outputs, where the assignment made a mistake. In those faulty runs,
the individual assignment ratios were rasgn(V[l]) = 0.98 and rasgn(Vm) = 0.96. Hence, the
assignment misjudged exactly one second-layer entangled weight for a first-layer entangled
weight. Let us mention that this type of error typically occurs because the input distribution
ux in the Algorithm 4.2 was not optimal. Therefore, the resulting subspace used to distin-
guish first-layer weights does not include all the first-layer entangled weights. This could
be prevented heuristically by first checking how many entangled weight approximations are
included in the matrix subspace and if this number does not match the number of neurons
in the first layer, then the input distribution can be adjusted appropriately. The experiments
show that by only considering yx = Unif(10% - SP~1), we already reach a reasonable precise
assignment. It has to be stressed, however, that any mistake in the layer assignment is critical
since it introduces irreversible error into the network reparametrization used in the next step
of our pipeline This makes the entire reconstruction very sensitive to errors in the assignment.
In Table 4.6 (numerical differentiation) and Table 4.7 (exact Hessians) we report the final
errors of the constructed entangled weight matrices. This error is computed column-wise by

comparing VIl = [ﬁm . 27,[5][] to the normalized columns of the ground truth entangled weight
matrices VIl = [vm vLﬂ] while accounting for any possible permutation of the columns.
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| Architecture | g; | E(VI) | E(VR) | E(VB) | E(VH]) |

[50,25,10] tanh | 2.1e-02 | 1.5e-02 | 2.5e-07 | -
[50,25,10] Id 9.6e-03 | 3.1e-03 | 1.9e-07 | -
[50, 25, 50] tanh | 7.8e-03 | 3.9e-03 | 2.7e-07 | -
[50, 25, 50] Id 3.2e-03 | 1.4e-03 | 2.1e-07 | -

[50,35,25,10] | tanh | 2.8e-02 | 3.1e-02 | 3.1e-02 | 2.9e-07
[50,35,25,10] | 1d 1.9e-02 | 1.9e-02 | 1.5e-02 | 2.4e-07

Table 4.6: Comparing (column-wise) the entangled weight matrices constructed
via Algorithm 4.2 for runs which achieved a full detection of all entangled weights
and were using numerical approximations of the Hessian matrices.

| Architecture | g, | E(VIV) | E(VR) | E(VB) | Ey(VH) |

m

50,35,25,10] | tanh | 2.6e-02 | 3.2e-02 | 2.8e-02 | 2.0e-08
50,35,25,10] | 1d 1.7e-02 | 1.3e-02 | 8.7e-03 | 2.2e-08

50,25, 10] tanh | 1.7e-02 | 1.4e-02 | 2.1e-08 | -
(50, 25, 10] Id | 8.0e-03 | 33e-03 | 2.1e-08 | -
(50, 25, 50] tanh | 6.6e-03 | 2.9e-03 | 2.8¢-08 | -
50,25, 50] Id | 34e-03 | 1.4e-03 | 2.7e-08

[

[

Table 4.7: Comparing (column-wise) the entangled weight matrices constructed
via Algorithm 4.2 for runs which achieved a full detection of all entangled weights
and were using exact Hessian matrices

More precisely,

0y _ : g0 (0|14
EV) rem se {101} Kyl | SUk?/HUk?

sz' (4.80)

For both tables, we exclude the runs where the assignment was incorrect to not negatively
skew the results. This affects the two runs mentioned before and three runs in the experiments
with exact Hessians. We can see that for all hidden layers ¢/ < L, these errors reflect the errors
in Tables 4.2-4.3. This shows that Algorithm 4.2 did generally detect the best vectors within
the set U as representative of each entangled weight. Furthermore, the errors corresponding
to the approximations of the last layer have improved significantly, which shows that the
approximations via the gradient contained in the set U], provide a better estimate than running
SPM on the matrix subspace W.

Step 3: Analysis of network completion via empirical risk minimization. For any network
f, considered in our setup above, the two previous steps in combination compute a set of
approximated entangled weight matrices V7, ..., V. A network reparametrization f from these
matrices is then constructed as described in Section 4.3.2. The parametric function f only
depends on the unknown shifts and a set of diagonal matrices. These learn-able parameters
are initialized according to (4.69) by zero vectors and identity matrices and then learned by
minimizing the objective 4.67 via SGD.

Remark 4.5. The tuning of the reparametrization is done via SGD. Let us note that empirically we
observe the same results when we instead use ordinary GD. As a reference, we can point to the numerical
experiments performed [50] where this step was run with ordinary GD.

After tuning, the function f and its parameters represent our final reconstruction of f. Func-
tional equivalence between f, f was proven in Section 4.3.2 for the right set of parameters. Note
that the permutation of the output layer can be ignored as the correct order of these neurons
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can be recovered by the approximations in U;. However, these results (Proposition 4.3 and
Proposition 4.4) assumed f was built from the ground truth entangled weight matrices up
to permutation and re-scaling of the columns. In our setting, we can only provide disturbed
matrices Vi, ..., Vi computed in the previous steps to build the reparametrization f. Therefore,
we can only expect f to match f up to some error induced by these irreversible errors. We
track the following metrics:

1. Average L2-error on the training inputs Xipin = {X1,..., XNg, } (drawn from A (0,1dp)):

MAE= ' Y [If(x) — F®)l2. (4.81)

NSGD xe Xtrain

2. The relative uniform error E, ,,; on a test set Xiest Of Niest = 10° unseen inputs drawn as
standard Gaussians:

fx) = F&),

maxxeXteSt Hf(x)HZ

maxxeXfest

Eoo,rel = (4.82)

3. To demonstrate the convergence in parameter space, we also measure the L2-error between
the ground truth shifts 7!l and the approximated shifts T I while accounting for any
possible permutation and neglecting the sign due to symmetries (cf. Section 4.3.3). More
precisely, we compute

Il A

B =T,

forall ¢ € [L], (4.83)

where the permutation 7ty can be inferred from the column order of the entangled weight
matrices.

All metrics are tracked during the training whenever an epoch finishes. The results only
include those runs that achieved a full detection & assignment of the entangled weights (cf. last
section). Additionally, for each architecture and output activation considered, we introduce a
new set of 10 independent runs where the exact entangled weight matrices were given instead
of the approximations Vil ... VIL. This allows us to verify whether the reparametrization
can exactly recover the original network provided that the entangled weight matrices have
been fully reconstructed without any errors. Figures 4.5-4.7 display the average performance
metrics.

In all cases, we observe a constant decrease of the MAE, relative uniform error, and distance of
the approximated shifts in the first few minutes of running gradient descent. For entangled
weights reconstructed via our pipeline, this decrease eventually plateaus at an order of magni-
tude which is similar to the error present in the approximated entangled weight matrices (see
Table 4.6- 4.7). This is expected, as the parameters tuned for the reparametrized network cannot
undo any errors made in reconstructing the entangled weight matrices. Hence, irreversible
errors will accumulate during the first two steps of our pipeline. At the same time, one can see
from the right column of each individual plot that provided exact entangled weight matrices
all performance metrics keep steadily decreasing. This further supports the argument that
entangled weights in themselves uniquely determine the network up to scales and shifts, and
that these remaining parameters are learnable by simple first-order methods like SGD or GD.
Networks with linear output neurons perform slightly better than networks with non-linear
outputs (g1 = tanh). Overall, the network with the most output neurons [50, 25, 50] achieved
the lowest errors in all considered settings (output type, Hessian computation, baseline with
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Figure 4.5: Measuring the distance of the network approximation f and its param-
eters computed via our pipeline to the original network for the architectures with
neurons [50,25,10]. Entangled weights are approximated via numerical differentia-
tion (left column) or exact Hessians (middle column). The right columns show a
baseline result where exact entangled weight matrices were provided and therefore
only measure the performance of the empirical risk minimization in Section 4.3.2.
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Figure 4.6: Measuring the distance of the network approximation f and its pa-
rameters computed via our pipeline to the original network for the architectures
with neurons [50, 25, 50] when entangled weights are approximated via numerical
differentiation (left column) or exact Hessians (middle column). The right column
shows a baseline result where exact entangled weight matrices were provided and
therefore only measures the performance of the empirical risk minimization in
Section 4.3.2.
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exact Hessians). There is a notable decrease in performance caused by increasing the depth if
we compare the 3-layer network [50, 25, 10] with the [50, 35,25, 10].

We want to conclude this section by comparing our results to the performance of SGD when
applied in a teacher-student setting, which has been studied previously in Section 1.3.2. First,
let us point out that we do not want to assess which method is superior since we operate in a
highly artificial setting. We expect that our reconstruction pipeline, and stochastic gradient
descent applied to the teacher-student problem in Section 1.3.2 can both be improved by hyper-
parameter tuning, more training data, and longer computations. Additionally, our pipeline
explicitly made use of network queries to approximate Hessian matrices, whereas SGD is not
designed to leverage such a setting and relies entirely on random input-output samples. We
saw in Section 1.3.2 that with proper parameter tuning, SGD could uniquely identify 3-layer
networks with architecture [50,25,10] from D?*m samples. More precisely, the best-performing
setup in Figure 1.5 in the three-layer case [50,25,10] reached an accuracy of Es & 107° after
roughly 45 minutes of training. Judging by the results in Figure 4.5, our pipeline can only
achieve similar levels of accuracy when the entangled weights were exactly computed. Note,
however, that in Figure 4.5 we see a consistent convergence in parameter space (based on the
trajectory of E(21), E(t1), E(8])) up to a level where irreparable errors in the entangled
weight matrices prevent any further improvement. Ultimately, both methods found the correct
network; however, gradient descent attained a slightly better fit. Additionally, SGD in Figure
1.5 was running for two hours, whereas the reparametrized model was only trained for 20
minutes, and the reconstruction of entangled weights generally has a computational time in the
order of seconds. Something worth mentioning is that in Section 1.3.2, we could not translate
the successful identification of three-layer networks to the four-layer network [50, 35, 25, 10].
Our interpretation was that identifying a network in a teacher-student model via SGD becomes
significantly harder when the number of layers increases. Whether the identification of general
deep neural networks in this setting is consistently possible via SGD is a question we can not
fully answer empirically. In particular, due to the lack of guiding principles for hyperparameter
selection. Aside from the layer assignment, which is currently still limited to L < 3, we do not
observe such a drastic difference between the recovery of [50,25,10] and [50, 35,25, 10| via our
pipeline as can be seen in Figure 4.5 & 4.7.
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Figure 4.7: Measuring the distance of the network approximation f and its param-
eters computed via our pipeline to the original network for the architectures with
neurons [50, 35,25, 10] when entangled weights are approximated via numerical
differentiation (left column) or exact Hessians (middle column). The right column
shows a baseline result where exact entangled weight matrices were provided and
therefore only measures the performance of the empirical risk minimization in
Section 4.3.2.
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