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ABSTRACT

Understanding deep learning through ultra-wide neural networks

by
Wei Huang

Deep learning has been responsible for a step-change in performance across ma-
chine learning, setting new benchmarks in a large number of applications. However,
the existing accounts fail to resolve why deep learning can achieve such great success.
There is an urgent need to address the deep learning theory caused by the demand
of understanding the principles of deep learning. One promising theoretical tool
is the infinitely-wide neural network. This thesis focuses on the expressive power
and optimization property of deep neural networks through investigating ultra-wide

networks with four main contributions.

We first use the mean-field theory to study the expressivity of deep dropout
networks. The traditional mean-field analysis adopts the gradient independence as-
sumption that weights used during feed-forward are drawn independently from the
ones used in backpropagation, which is not how neural networks are trained in a
real setting. By breaking the independence assumption in the mean-field theory, we
perform theoretical computation on linear dropout networks and a series of exper-
iments on dropout networks. Furthermore, we investigate the maximum trainable
length for deep dropout networks through a series of experiments and provide a
more precise empirical formula that describes the trainable length than the original

work.

Secondly, we study the dynamics of fully-connected, wide, and nonlinear net-
works with orthogonal initialization via neural tangent kernel (NTK). Through a
series of propositions and lemmas, we prove that two NTKs, one corresponding to

Gaussian weights and one to orthogonal weights, are equal when the network width



is infinite. This suggests that the orthogonal initialization cannot speed up training
in the NTK regime. Last, with a thorough empirical investigation, we find that
orthogonal initialization increases learning speeds in scenarios with a large learning

rate or large depth.

The third contribution is characterizing the implicit bias effect of deep linear
networks for binary classification using the logistic loss with a large learning rate.
We claim that depending on the separation conditions of data, the loss will find a
flatter minimum with a large learning rate. We rigorously prove this claim under
the assumption of degenerate data by overcoming the difficulty of the non-constant
Hessian of logistic loss and further characterize the behavior of loss and Hessian for

non-separable data.

Finally, we demonstrate the trainability of deep Graph Convolutional Networks
(GCNs) by studying the Gaussian Process Kernel (GPK) and Graph Neural Tan-
gent Kernel (GNTK) of an infinitely-wide GCN, corresponding to the analysis on
expressivity and trainability, respectively. We formulate the asymptotic behaviors
of GNTK in the large depth, which enables us to reveal the dropping trainability of

wide and deep GCNs at an exponential rate.
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Chapter 1

Introduction

1.1 Background

1.1.1 Machine learning

Machine learning is the study of algorithms that realize pattern precognition from
real-world data automatically. By extract relevant information from data through

modeling, ML is known to have a wide range of applications.

Machine learning is one of the fastest-growing branches of artificial intelligence.
In the 1980s, symbolic learning was the mainstream of machine learning, and from
the 1990s to around 2014, it has been the dominant statistical machine learning.
Since 2014, deep learning has become the mainstream method, and still maintains

its dominant position in academia and industry.

From the perspective of tasks, machine learning can be divided into supervised
learning and unsupervised learning respectively. Supervised learning requires know-
ing the label of the data, and the main tasks are regression and classification. For
example, for computer vision, how to recognize handwritten digits is a typical clas-
sification task. Instead of providing data labels, unsupervised learning generally
processes tasks such as clustering and dimensionality reduction. In this thesis, we
mainly account for the theory of supervised learning, especially imagine classification

and graph classification.



1.1.2 Deep learning

Deep learning is a sub-field of machine learning. It is a new method of learning
representations from data, emphasizing learning from successive layers, which cor-
respond to increasingly meaningful representations. The “depth” in “deep learning”
does not refer to any other concept regarding deep, but refers to stacking layers.
Figure 1.1 shows a typical fully-connected neural network. Until now, deep learning

has been developed with dozens or even hundreds of presentation layers.

At the early stage of deep learning, a fully-connected network (FNN) is the
fundamental structure [2, 3, 4]. The full connection layer is generally composed
of two parts, one is the linear layer, and another is the non-linear layer. In order
to express the following formula more clearly, the superscript in the variable name
represents the layer in which it is located. Consider a FCN of L layers of width
N with dropout. We denote synaptic weight and bias for the I-th layer by W' and
b'; pre-activations and post-activations by z' and %' respectively, where activation
stands for the non-linear layer. Finally, we take the input to be y? = x;. The linear

part is a mainly linear transformation, which can be written as,
! 1od—1 gl
Z = Z Wijyj + 0, (1.1)
J
and the nonlinear part can be expressed as,

yi = (). (1.2)

Later, the rise of convolutional neural networks (CNN) brings deep learning into
a new era. In 2012, Alex Krizhevsky took the convolutional neural network into an
ImageNet competition (the equivalent of the Olympics in importance) and made a
great hit [5]. Since then, many companies have started to use deep learning as the
core of their services. For example, Facebook uses it in their auto-tagging algorithm,

Google uses it in photo search, Amazon uses it in product recommendations, and



Input Layer € R? Hidden Layer € R'® Hidden Layer € R™ Output Layer € R®

Figure 1.1 : A typical fully-connected neural network.

Instagram is used in their search engine.

For notational simplicity, we consider a 1D convolutional network with periodic
boundary conditions. We denote the spatial location 5 € [—k, k] and spatial location

a € {1,...,m}, with m being the spatial size. Then the forward propagation is given

by,
y’i,a = ¢( z, Z Z j ﬁy] a—l—ﬂ + b (13)

Jj=1p=

where n; is the channel size and weight in each layer is denoted as W!. The output
layer is processed with a fully-connected layer, fi(x) = hf = X205 37 W, Jay%

In chapter 4, we consider the training dynamics of networks across FNN and CNN.

To overcome the over-fitting problem, Alex and Hinton used the Dropout algo-
rithm which is a regularization technique to prevent over-fitting [5]. Network units
are randomly dropped during training in dropout, which can prevent complex co-

adaptations [6]. Dropout is also the focus of chapter 3 in this thesis. We can express

an FNN with dropout as,

G = _ZWJprJ +b, yi= =)+t (1.4)



where p; is sampled from the Bernoulli distribution, p; ~ p?(1 — p)'~*. In addition,
recent seminal innovations have been proposed to improve the performance of neu-
ral networks further. For example, residual networks [7| and batch normalization
[8], which were introduced to solve the gradient vanishing and exploding problem,

enabled the trainable length to be very deep.

Recently, Graph Convolutional Networks (GCN) have shown incredible abili-
ties to learn node or graph representations and achieved superior performances for
various downstream tasks, such as node classifications [9, 10, 11, 12|, graph classi-
fications [13, 14, 15, 16, 17, 18|, link predictions [19], etc. A GCN layer is actually
designed as the message-passing operation, where messages are aggregated together
from nodes to nodes within the graph connections. It is the mechanism on how
each node aggregate neighboring representations and integrate them together to up-
date its own representation that makes different GNN architectures varying in their

performances |9, 10, 11].

Graph neural networks (GNNs) are powerful in practical performance when deal-
ing with graph-structured data. However, it is known that GNN suffers from so call
over-smoothing problems, where node features tend to be identical after aggrega-
tion operation. Despite this understanding is prevailing, rare theoretical analysis
has been implemented to exploit the dynamics of deep GNN. In chapter 6, we de-
rive the dynamics of wide GNN for node and graph classification problems based
on techniques for infinitely wide GNN. Furthermore, theoretical derivative on the
residual connection technique of graph network shows it can mildly alleviate expo-
nential decay. Our work reveals aggregation is not only a successful factor of graph
network but also the root cause of graph network can not be too deep. Finally, all

theoretical results in this work can be verified by numerical experiments.
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Figure 1.2 : Double descent phenomenon in deep learning versus U-shaped curve in

traditional machine learning [1].

1.2 Motivation and Contribution

In deep learning, over-parameterization is a common phenomenon. This is con-
trary to the traditional convention that there is a trade-off between training error
and generalization power in machine learning. On the one hand, we need to tune
the number of parameters in the model to be big enough so that the model can be
fully fitted to data, thus achieving a very small training error. On the other hand,
the complexity of the model should be small enough so as to obtain reasonable test

error by preventing the so-called over-fitting problem.

In Figure 1.2, we show that traditional understanding of the relationship be-
tween model performance and model complexity can be characterized by a U-shape
curve. However, in deep learning, it turns out that as we increase the number of
parameters in networks, the test error keeps decreasing instead of increasing. The
new understanding is characterized by a double descent curve, as shown in Figure
1.2. There is plenty of experiments confirming that the over-parameterized model
performs better. However, our theoretical comprehension is limited regarding the
double descent phenomenon. Researchers have been trying to explain why deep

learning can achieve such great accomplishment theoretically, and answer this big



question through three perspectives: expressivity, optimization, and generalization.

The expressive power (expressivity) of neural networks is usually studied at ini-
tialization before training. It is a measure of how complex a function can be rep-
resented by a neural network. According to the universal approximation theorem
[20, 21], neural networks can represent a wide variety of functions when given appro-
priate weights. However, whether a neural network can reach a powerful represen-
tation depends on its optimization process. In particular, the optimization property
of a neural network stands for its ability to find a global minimum on the training
dataset by optimization methods such as gradient descent. Nevertheless, in general,
getting an error close to zero on the training set does not guarantee that we can use
this result to achieve high accuracy on the training set. Thus, researchers introduce
the concept of generalization to address the problem of performance on the test

(unseen) data.

The aims of the project are to tackle the three aspects of deep learning theory
through ultra-wide and deep neural networks. The main contributions are summa-

rized as follows,

i. Conduct studies of expressivity of deep dropout networks through the mean-
field theory. The mean-field theory shows that the existence of depth scales
that limit the maximum depth of signal propagation and gradient backprop-
agation. However, the gradient backpropagation is derived under the gradi-
ent independence assumption where weights are independent from forward to
backward. This is not how neural networks are trained in a real setting. In-
stead, the same weights used in a feed-forward step need to be carried over to
its corresponding backpropagation. Using this realistic condition, we perform
theoretical computation on linear dropout networks and a series of experiments

on dropout networks with different activation functions. Our empirical results
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show an interesting phenomenon that the length gradients can backpropagate
for a single input and a pair of inputs are governed by the same depth scale.
Besides, we investigate the maximum trainable length for deep dropout net-
works through a series of experiments using MNIST and CIFAR10 and provide
a more precise empirical formula that describes the trainable length than the

original work.

Conduct studies of optimization of deep networks with orthogonal initializa-
tion. In recent years, a critical initialization scheme of orthogonal initialization
on deep nonlinear networks has been proposed. The orthogonal weights are
crucial to achieve dynamical isometry for random networks, where the en-
tire spectrum of singular values of an input-output Jacobian are around one.
To understand the optimization of networks with orthogonal initialization,
we study the Neural Tangent Kernel (NTK), which can describe dynamics
of gradient descent training of wide network, and focus on fully-connected
and nonlinear networks with orthogonal initialization. We prove that NTK of
Gaussian and orthogonal weights are equal when the network width is infinite,
resulting in a conclusion that orthogonal initialization can speed up training is
a finite-width effect in the small learning rate regime. Then we find that dur-
ing training, the NTK of infinite-width network with orthogonal initialization
stays constant theoretically and varies at a rate of the same order as Gaussian

ones empirically, as the width tends to infinity.

Conduct studies of optimization and generalization of deep linear neural net-
works with a large learning rate. We characterize the implicit bias effect of deep
networks for binary classification using the logistic loss in the large learning
rate regime. It was found there is a learning rate regime with a large stepsize

named the catapult phase, where the loss grows at the early stage of training
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and eventually converges to a minimum that is flatter than those found in the
small learning rate regime. We claim that depending on the separation condi-
tions of data, the gradient descent iterates will converge to a flatter minimum
in the catapult phase. We rigorously prove this claim under the assumption
of degenerate data by overcoming the difficulty of the non-constant Hessian
of logistic loss and further characterize the behavior of loss and Hessian for
non-separable data. Finally, we demonstrate that flatter minima in the space
spanned by non-separable data along with the learning rate in the catapult

phase can lead to better generalization empirically.

Conduct studies of expressivity and trainability of ultra-wide and deep graph
convolutional networks on the node classification task. Graph convolutional
networks (GCNs) and their variants have achieved great success in dealing with
graph-structured data. However, it is well known that deep GCNs will suffer
from over-smoothing problem, where node representations tend to be indistin-
guishable as we stack up more layers. We demonstrate these characterizations
by studying the Gaussian Process Kernel(GPK) and Graph Neural Tangent
Kernel (GNTK) of an infinitely-wide GCN, corresponding to the analysis on
expressivity and trainability, respectively. We formulate the asymptotic be-
haviors of GNTK in the large depth, which enables us to reveal the dropping
trainability of wide and deep GCNs at an exponential rate. Additionally, we
extend our theoretical framework to analyze residual connection-resemble tech-
niques. We found that these techniques can mildly mitigate exponential decay,
but they failed to overcome it fundamentally. Finally, all theoretical results
in this work are corroborated experimentally on a variety of graph-structured

datasets.



1.3 Thesis Organization

This thesis studies the expressivity, optimization and generalization proper-
ties of over-parameterized neural networks, ranging from deep dropout networks,
orthogonally-initialized networks to graph neural networks. This dissertation con-

tains seven chapters which are organized as follows:

e Chapter 1: This chapter introduces the foundation of deep learning with a
brief introduction to several neural networks and advanced techniques which

are widely used. Later on, motivations and contributions are demonstrated.

e Chapter 2: This chapter presents a survey of ultra-wide networks, including
the mean-field theory on Gaussian process kernel before training, the neural
tangent kernel on Gaussian process with gradient descent training, and the

effect of implicit bias on generalization.

e Chapter 3 The mean-field theory for deep dropout networks is derived in this
chapter. The results for gradient back-propagation are formulated by break-
ing the gradient independence assumption. Moreover, enormous simulations
on the trainable depth with different hyper-parameters with a more precise

empirical formula that describes the trainable length are given.

e Chapter 4: This chapter presents a study of optimization of orthogonally
initialized networks. The theoretical derivation of the neural tangent kernel
(NTK) for orthogonal initialization is illustrated. Furthermore, the theoretical
results in the NTK regime are demonstrated in the formulation of lemmas and
theorems. Finally, an analysis of empirical results outside the NTK regime is

included.

e Chapter 5: This chapter discusses the implicit bias of ultra-wide linear net-

works with logistic loss with a large learning rate. The derivation and experi-
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ments on the linear networks with different separation conditions are described
in the form of theorems and figures. In conclusion, the risk will converge to a

flatter minimum with a better performance in the large learning rate regime.

Chapter 6: The dynamics of infinitely-wide graph convolutional networks
(GCNs) are characterized in terms of depth are presented in this chapter.
Firstly, the over-smoothing problem for deep GCNs is introduced with several
techniques that can deepen GCN. Moreover, theoretical characterization of
expressivity and trainability of ultra-wide GCNs are presented. With an ex-
tension analysis on the techniques for deepening GCN, the conclusion is given

with numerical support.

Chapter 7. A brief summary of the complements and room for improvement
of the works presented in the previous chapters are given in the final chapter.

Plans for the development of future works are discussed as well.



11

Chapter 2

Literature Review

2.1 Mean-Field Theory

In deep learning theory, there is a branch of study working on the expressivity of
deep networks through infinitely-wide networks [22, 23, 24, 25, 26, 27, 28, 29|. The
mean field theory utilize the infinite-width limit to make each neuron in the same
layer i.i.d. distribution according to the central limit theory (CMT). Based on this
observation, we can study how the correlation information between different inputs

evolve through deep networks.

As stated before, the information propagation in a fully-connected network is

governed by,
= Why b y= o), (2.1)
J

where ¢ is the activation function. Upper index used in this chapter denotes the
depth of the neural networks and lower index indicates the index of weights matrix,

hidden layer and bias index.

We want to understand the signal information propagation through such net-
works by adopting the mean-field theory assumption [22, 23]|. As the signal propa-

gates through the network, we track a quantity,

1 N
o =~ D (h) 22)
n=1

where we denote a single input z;, and a pair of inputs x;,, and z;;. As we increase
Ny, this empirical distribution of hidden neurons converges to a Gaussian distribution

with the help of the central limit theorem. By implementing the Gaussian property
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into the quantity qéa, we can obtain a recursive expression:

dha =02 [ Do0(VaT) + o (23)
where [ Dz = \/% i dze=2%*. The properties of length propagation of a single input

can be determined by finding the results of fixed-points.

We define the correlation between the pair of inputs,

N
1
qéb = N ;(Zzl';azzl';b)' (24)

Again, according to the central limit theory, we derive a recursive relation for ¢!,

@y = 00 /Dzlpzz¢<ul)¢(uz) + 0}, (2.5)
where
ur = Vata, e =g (e a1 (1) 2) (2.6)
with

Cop = G/ \) oty (2.7)

[

We can analyze the behavior of ¢!, and ¢,

as they measure the depth the
information can propagate through neural networks. As a result of studying the
fixed-point property in fully-connected networks, it is shown that there is a phase
transition in the o, and o, plane. In the chaotic phase, a pair of inputs end up

asymptotically decorrelated. Conversely, in the ordered phase, the fixed point is

stable, in which a pair of inputs end up asymptotically correlated.

The mean-field theory has been applied to different network architectures, includ-
ing CNNs [30], RNNs [31], Residual networks [7], Batch normalization [8], LSTM
[32], Graph Neural Network [33], and GRUs [34]|. These networks have been investi-
gated by [26, 27, 25, 28, 35|, respectively, which form a large family of the mean-field

theory for deep neural networks.
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2.2 Neural Tangent Kernel

While mean-field theory studies the Gaussian process kernel of infinitely-wide
networks at initialization, neural tangent kernel (NTK) are can describe the dy-
namics of corresponding networks during training. In the infinite-width limit, NTK
converges to a limiting kernel before training and remains the same during train-
ing in the infinite-width limt, thus can provide a convergence guarantee for over-
parameterized networks [36, 36, 37, 38, 39, 40, 41, 42, 43|. Besides, [40, 38, 41, 42]
have proven the same proprieties of NTK and global convergence of deep networks

in a few different ways.

Suppose there is a FCN with L Layer. The width are ng,--- ,ny, and @ is the
set of weights W and biases b of the network. One thing to note is that we refer to
the factor \/Lnﬁ before the weights, which we call NTK parameterization. The aim is
to prevent the divergence of NTK.

Considering the training of the network, 0, fy(t) = =V C|y, @), where C'is cost

function. The NTK is defined as,
(@) = 9,/ (8) ® 0y, [P (), (2.8)
p

where p is the index of parameters; f is the output function.

It is shown that NTK tends to a limiting kernel at initialization. The usual way
to prove it is by induction. Firstly, when the number of layers in the network is
one, then NTK has no limit, and the result can be obtained by taking the derivative
directly. Then we sssume that the L-layer network satisfies the tendency to a fixed
kernel. In this step, we divide the network parameters into two parts. The first part
is the parameters of the former L layer. In this part we need to use the law of large
numbers. The second part is parameter at layer L. In this part we use the results of

the infinitely wide network at initialization. Add the first part and the second part,
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and we get the recursion formula of NTK.

Researches utilize NTK to obtain a generalization bound for deep networks [44,
45]. NTK has been applied to a various of architecture and obtained a wealth
of results, such as orthogonal initialization [46], convolutions [38], graph neural
networks (GNTK) [47], attention [48|, and see [49] for a summary. Especially, GNTK
helps us to understand how GNN learns a class of smooth functions on graphs [47]

and how GNN extrapolates differently from NN [50].

Although NTK can describe the infinite wide network well, it will fail in the finite
wide network, which is the difference between the neural network and the kernel
method. In a paper [51], the finite width and finite depth correction of NTK in fully
connected ReLU networks are studied. Another work [40] studies the dynamic NTK
of finite width and depth fully connected neural network. In their work, an infinite
order ordinary differential equation, namely neural thumbs (NTH), is derived to

describe the optimization properties of neural networks with finite width and depth.

2.3 Implicit Bias in Deep Learning

Since the seminal work from [52|, implicit bias has led to a fruitful line of research.
There are a line of works which treated linear predictors [53, 54, 55|; deep linear
networks with a single output [56, 57, 58| and multiple outputs [59]; homogeneous
networks (including ReLLU, max pooling activation) |60, 61, 62]; ultra-wide networks

[63, 64]; matrix factorization [65].

Specifically, consider a linear predictor using gradient descent trained on linearly
separable data can yield the convergence in the direction of hard margin and the
norm of weight tends to infinity [52]. If the dataset changes to a general set consist
of both linear separable and strong convex, then the outputs are biased to follow a

unique ray defined by the data [54]. When the linear predictor goes deeper, which is
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deep linear networks, the maximum margin will remain [56, 58] with the emergence

of alignment between the weight in each layer [58|.

Consider the dataset {z,,y,}"_,, where z € RY and y € {—1,1}. This is a
common way of representing binary classification datasets. The expression for loss
is,

N
= Z ((ypw” z,,) (2.9)
n=1
As you can see from this, our network has only one linear layer, f, = w’x,, no
hidden layer, and no nonlinear activation function. For the sake of analysis, we have
two hypotheses: (1) Data sets are linearly separable, (2) The loss function is positive,
differentiable, and monotonically decreasing to zero. Under gradient descent, the
results are as follows,

lim £(w(t)) = 0

t—00
lim ||w(t)]| = oo (2.10)
t—o0
lim w(t)’x, = 0o
t—o0
It can be seen from this that eventually the norm of weight will tend to infinity.

These three conclusions above are explained by the following formula,
w!'V L(w Zf’ whz, ) wlz, (2.11)

where w? is the solution of the weight w. We know that for any w!x, is greater
than zero, and since loss is monotonically decreasing, the above formula cannot be
satisfied with the weight of finite size. So we know that the norm of weights tends

to infinity in the end, and then we infer that loss converges to the global minimum.

While we do know the preliminary result, many of the details are still being

worked out. For example,

w(t) = wlogt + p(t),  lim w(t)/[lw(t)] = (2.12)

[l
where @ = argmin|jw||®> s.t. w”z, > 1. And p(t) has the maximum magnitude

of |p(t)]| = O(loglog(t)). Those of you familiar with SVM may know that w is the
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solution to maximum margin. And that’s the amazing thing about our problem. The
final solution is not a straight line that separates the data casually, but a solution

that meets the SVM maximum margin.
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Chapter 3

Mean Field Theory for Deep Dropout Networks

3.1 Introduction

Deep learning have achieved exceptional results in a range of fields since its in-
ception [3]. More recently, we have witnessed several signs of progress made using
mean field theory |22, 23, 24] in deep learning. The mean field considers networks af-
ter random initialization, whose weights and biases were i.i.d. Gaussian distributed,
and the width of each layer tends to infinity. As a result of studying signal propaga-
tion under mean field theory, an order-to-chaos expressivity phase transition split by
a critical line has been found [22]|. Later, how parameter initialization may impact
the gradient of backpropagation was studied, and the conclusion that the ordered
and chaotic phases correspond respectively to regions of vanishing and exploding
gradient respectively was shown [23|. The results were also equivalently applied to

networks with or without dropout.

The main contribution of the mean field theory for random networks is that it
shows the existence of depth scales that limit the maximum depth of signal propa-
gation and gradient backpropagation. Practically, the result is to show a hypothesis
that random networks may be trained precisely when information can travel through
them. Thus, the depth scales provide bounds on how deep a network may be trained
for a specific choice of hyper-parameters [23]. This ansatz was tested and verified
by practical experiments on MNIST and CIFAR10 dataset with wide width fully-

connected networks [23|, deep dropout networks [23|, and residual networks [25].

However, the mean field calculation for the gradient is based on the so-called
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gradient independence assumption, which states that the weights used during feed
forward are drawn independently from the ones used in backpropagation. This is
in an effort to make the calculation of gradient feasible regardless of the choice of
activation functions. This assumption was later formulated explicitly [25] for residual
networks and was illustrated in a review [39]. While it enjoys the correct prediction
of gradient dynamics in some cases, our experiments show that under the condition in
which the weights in feed-forward are carried over to its backpropagation, the length
that gradients can backpropagate for a single and a pair of inputs are governed by

the same depth scale on deep dropout networks instead.

By further studying the mean and variance of gradient statistics metrics on deep
dropout networks, we show an emergence of universality for the relationship between
the mean and variance. This universality exists regardless of the choice of hyper-
parameters, including dropout rate and activation function. After summarizing the
theoretical results about the trainable length of deep dropout networks governed by
maximum depth of signal propagation and gradient backpropagation, we perform a
series of experiments to investigate it. Empirically, we find a more precise way to
describe the maximum trainable length for deep dropout networks, compared with

the original results [23].

3.2 Background

In this section, we review the mean field theory for deep dropout networks. We
give the main definitions, setup, and notations, and introduce the results of theory
for random networks at initialization, including signal feed-forward and gradient

backpropagation, respectively.



19

Linear ~ Tanh ReLU Erf
. 5 .

(@) — p=10

15

p=0.7

Figure 3.1 : The iterative squared length mapping of Equation (3.2) and Equation
(3.4) with different activations and dropout rates. (a) ¢!, in linear network at
0w = 0.5 and o, = 1.5. Theoretical results match well with the simulations within
a standard error (shadow). Different color correspond to different dropout rates:
p=1lisred, p=0.71is green, and p = 0.4 is blue. (b) The iterative length map of
q., in Tanh network at o,, = 2.5 and o, = 0.5. (c) The iterative length map of ¢,
in ReLU network at o, = 0.9 and 0, = 0.5. Only intersection of network at p =1
(red) is ¢, = 1, the others are ¢, < 1. (d) The iterative length map of ¢, in Erf

network at o, = 0.9 and o, = 0.5. Again, ¢}, = 1 only holds at p = 1.

3.2.1 Feed Forward

In the context of a fully-connected, feedforward, untrained, and dropout neural
network of depth L with layer width V. We denote synaptic weight and bias for the
[-th layer by I/VzlJ and bl; pre-activations and post-activations by z! and y! respectively.
Finally, we take the input to be y? = x; and the dropout keep rate to be p. The

information propagation in this network is governed by,
1 _
%= ;Z Wiyt + 05, i = o(), (3.1)
J

where ¢ is the activation function and p ~ Bernoulli(p). We adopt the mean field
theory assumption [22, 23|, where W}, ~ N(0, %), b ~ N(0,0?), and the width

N tends to infinite. Since the weights and biases are randomly distributed, these

equations define a probability distribution on the pre-activations over an ensemble of
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l

untrained neural networks. Under the mean field approximation, z; can be replaced

by a Gaussian distribution with zero mean.

Consider a single input z;,, where the subscript a refers to the index of input.
We define the length quantities ¢., = % Zivzl(zf;a)Q, which is the mean squared
pre-activations. According to the mean field approximation, the length quantity is

described by the recursion relation,

2
o= 22 / D2d*(V/doiz) + o, (3.2)

where [ Dz = \/%7 i dze~ 2% is the measure for a normal distribution. This equation
describes how a single input evolves through a random neural network. To study
the property of evolution, we investigate the fixed point at ¢*, = lim; ,. ¢},. One
way to estimate the fixed point is to plot Equation (3.2) with the unity line, and the
intersection is the fixed point. We show the result for Equation (3.2) with Linear
dropout network and Tanh dropout network in Figure 3.1(a)(b). Note that the

smaller the dropout rate p, the larger the fixed point value ¢, .

The propagation of a pair of inputs z;, and z;,, where the subscript a and b
refer to different inputs, can be studied by looking at the correlation between the two
inputs after [ layers. We definite this correlation quantity as ¢', = + Zgzl(zf;azf-;b).

Similarly, the correlation ¢!, will be given by the recurrence relation,
¢, = o2 /DleZQQS(ul)(b(UQ) + o3, (3.3)
where u; = \/ql;'21 and uy = \/%(Cf;zl +4/1 = (c51)22), with
Cab = o/ \) Goa s (34)

This equation also have a fixed point at ¢, = lim; . c!,. It is known that ¢, = 1
when p = 1, while ¢}, < 1 when p < 1 [23]. We show the result of Equation (3.4)
on the ReLLU and Erf dropout networks in Figure 3.1(c)(d), which demonstrate the

main conclusion about fixed-point without (p = 1) and with (p < 1) dropout.
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The main contribution of mean field theory for the fully-connected networks
without dropout (p = 1) is that it presents a phase diagram, which is determined

by a crucial quantity,

!
B Ocyy

= -1
ey,

X1

— o [ el (V) (3.5)

This quantity was firstly introduce by [22]| to determine whether or not the ¢, =1
is an attractive fixed point. When y; < 1, the fixed point is unstable. Conversely,
when y; > 1, the fixed point is stable. Thus, the critical line xy; = 1 separates
two phases. One is the chaotic phase (y; < 1), where a pair of inputs end up
asymptotically decorrelated, and the other is the ordered phase, in which a pair of

inputs end up asymptotically correlated.

We give a comment on the difference between ¢, and ¢!, here. The random net-
works under the infinite width limit setting can be viewed as the Gaussian processes,
where ¢!, and ¢!, are the diagonal and non-diagonal elements of the compositional
kernel[66], respectively. Intuitively, the non-diagonal element of the kernel measures
the correlation between different data points while the diagonal component measures

the information of one input itself.

The study of information propagation shows the existence of a depth-scales &,

which represent the length of propagation of the following qualities:
|Cilb — Cop| ~ e !/, (3.6)

where & = |1/1og x2|, according to the exponential rate of propagation, with ys =

0% [ Dy Do (uf) ¢ (u3), where uj = /@21 and u = \/giy(ciy 21 + /T — (€hy)222).
Intuitively, the depth-scales & measures how far can correlation between two differ-

ent inputs survives through the network.
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3.2.2 Back Propagation

There is a duality between the forward propagation of signals and the backprop-

agation of gradients. Given a loss E, we have

OE Dy g I N ! !
gy, = 0 W B= T BT (3.7)

where 0! = We define the metric of gradient for both a single input and a pair

l
8 7
of inputs cases:

1 oFE,

aE (9Eb
gaa =9 (

Within mean field theory, the scale of fluctuations of the gradient of weights in
a layer will be proportional to ¢, = E [0L,6!,,], which can be written as, ¢!, o .,

[23]. On the other hand, the correlation between gradients of a pair of inputs will

be proportional to ¢, = [5£a§f »]» namely, g’, o< ¢\,

In order to work out the recurrence relation for ¢, and ¢',, an approximation was
made 23], named gradient independence assumption, that the weights used during
forward propagation are drawn independently from the weights used in backpropaga-
tion. In this way, the term ¢/(2!), 0'"! and W' in Equation (3.7) can be addressed

independently. Then, the recurrence behavior of ¢, and ¢, are achieved,

o =00 x1, Gy = 40" xo. (3.9)

where we redefine the quantity x; for the dropout networks,

- “7 [ pilo (3.10)

Equation (3.9) has an exponential solution with,

Qo = Gaae™ "7V, Gy = Qe P (3.11)

Similar to the signal propagation, gradient backpropagation can limit the trainable

length in the way of gradient vanishing or gradient exploding, which is measured by

the depth-scales & and &,.



23

()
=
N

p=06

— p=07

— =06

— p=08 1031 — p=06 o3 —_ =07

— =09 — p=08

—_— =07

p=10 — =08 — =09

> 1 . 5
- 10742~ 1078 LLDLL 107%
0 50 100 150 2000 0 50 100 150 200" 170 180 190 200 0 50 100 150 200
l l l l

Figure 3.2 : Theoretical calculations versus network simulations for metric of gra-
dient. (a) ¢!, as a function of layer [, for a 200 layers random linear network with
02 = 0.5 and 0f = 0.1. (b) ¢!, as a function of layer . Theoretical calculations
(solid lines) fail to predict empirical simulations (dashed lines). (c) ¢!, as a function
of layer [ in the range of length [ = 170 — 200. Theoretical calculations (solid lines)
can predict empirical simulations (dashed lines) in the few last layers. (d) ¢!, as
a function of layer [. The solid lines are g, oc x¥™' for different p. Theoretical

calculations failed to predict empirical simulations (dashed lines).
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()= p=07

0 50 100 150 200 0 50 100 150
l l l

Figure 3.3 : The metric of gradient with one and two different inputs, ¢', (solid
lines), §!, (dashed lines), and g oc x~" (dotted lines) as a function of layer [ with
different activation. (a) ReLU network with ¢ = 1.0 and ¢ = 0.1. (b) Tanh
network with 02 = 1.4 and o = 0.1. (c) Hard Tanh network with ¢ = 1.4 and

02 =0.1.

3.3 Gradient Backpropagation

In this section, we first calculate the metrics of gradient g,, and g,; theoretically

without the gradient independence assumption on linear dropout networks. We
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then conduct a series experiment for metrics of gradient on deep dropout networks,
including non-linear cases. Finally, we show an emergence of a universal relationship

between mean and variance of metrics of the gradient.

3.3.1 Breaking the gradient independence assumption

We follow the fact that weights used in a feed-forward are carried over to its
back-propagation. We first provide a theoretical treatment to the linear networks in
which we assume the output is the last layer of network y* = z* without soft-max.

The labels of data are set to be zeros, and the loss is the mean squared loss.

For space reason, we omit details of the calculation and present the primary
analysis and final results here. The main problem is that we should expand 5;“
when calculating ¢! in Equation (3.7), since 5;“ can correlate with WJZ:F ! without

the gradient independence assumption. Using ¢’ as an example, we perform:

i. Starting from the last layer L, we compute 65(1 = gz% = 225(1 and use this
L
result to compute g2 = E [(%zﬁgléfya)ﬂ :
L—1
ii. Then we compute gi—! = E {(pj’T“sz’ﬁéiL,al)?} with the result of &/, ' =

oE, 92l _ v 9 L PhapyL and L LSS gykyl bl gl

8Z,L~l:a azll:a_l 7,4 p J

iii. By parity of reasoning, we obtained the results for the penultimate layer gZ—2.

The correlation between terms that contain W}, and VVZ? ~! are considered.

iv. As the index of the layer decreases, the amount of calculation becomes larger
and larger. Thus we use the induction method to achieve the results for the

left layers.



25

(a) (b) (c)
1017
E a0 — p-o1 3 2
— p=038
o — p=09
10 — p=10
— Vxm?

—94
lofrlli 10728 107“] 108 102(3 10~ 16 10728 10710 108 1026 107'16 10728 1071() 108 1026
Maa Mab Map

Figure 3.4 : Universal relationship between variance and mean of ¢’,, ¢’,, and g’,,
on the 200 layers and width N = 500 random dropout networks. Different color
represents a different dropout rate. The black line is the function of V' oc m?2. (a)
V! as a function ml,. (b) V4, as a function of m!,. (c) VY as a function of ml,. All

the curves regarding different activations collapse to a line, and the power coefficient

of all curves is consistent with 2.

We use the same approach to derive the result for g!,. As a result, we have,

tho = 4T o+ )
P (3.12)
o = Aaa P 02) 11+ DY)

By analyzing the first formula of Equation 3.12, we find that ¢!, = g¢t1x1.
This can be better observed by dividing the expression related to layer [ into two
factors: one is (ﬁ)L_l, and the other is S5/ (ﬁ)J . The first factor accounts for

p J=1\"p
gL, = g"F1x1, where y; = % for linear dropout networks. And second factor will
be stable after several layers starting from the last layer L due to 02 < p. We show
an excellent match between the theoretical calculation above with simulation using

networks with width N = 500 and layer L = 200 over 100 different instantiations of

the network in Figure 3.2(a).

Despite the successful prediction of theoretical calculation for ¢, our theoretical

results for ¢!, only hold on the case of p = 1 while fail to predict the experimental
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Figure 3.5 : Universal relationship between variance and mean of ¢!, ¢',, and g’,,
on the 200 layers, Tanh random dropout networks with p = 0.9. All the curves
regarding different width collapse to a line. Different color represents a different
network width. (a) V. as a function m’,,. (b) V4, as a function of ml,. (c) V), as a

function of m’,.

behavior except for last few layers when p < 1, as shown in Figure 3.2(b)(c). After
a few layers from L, the variances began to increase dramatically as shown in Figure
3.2(c). We noticed that unlike the case of computing ¢',, using y» is prohibitive for
computing g!,. On the other hand, we try a function regarding y; to fit ¢},, and
find an interesting observations that y; is a much more compatible term for ¢',, i.e,

gy = gt y1. This is demonstrated in Figure 3.2(d).

The incompatible phenomenon between theoretical calculation and experimental
results for ¢!, begins with the emergence of variance, as shown in Figure 3.2(c).
One possible explanation is that the emergence of variance is caused by limited
network length. Thus, we can reduce this variance by increasing network length
only. To check if this explanation works, we further investigate the relationship
between variance and mean of ¢', with different network widths N. The answer is
that ¢!, = gf;gl x1 holds regardless of the finite width. We will demonstrate it in the

next section.

After studying the gradient behavior at the linear networks, A series of experi-
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ments is conducted on the nonlinear case since theoretical formulations for nonlinear
activation or with the soft-max layer is intractable. We firstly use ¢!, as the metric
of gradient and find it has a huge variance when p < 1. This is because the element

of the gradient matrix with a pair of inputs can be either negative or positive. To

OE, 0L
i WL Wl

find a metric with low variance, we consider the metric g, = 3z > | whose

elements are all positive. Besides, it is the /1 norm of the gradient matrix.

We plot ¢!, and !, as a function of [ in Figure 3.3. Interestingly, our simulations
show that both g/, and g, are governed by x; in a range of activations. Thus we

make a conjecture that the relation,

g =g, gk, = gk, (3.13)

holds on deep dropout networks.

Table 3.1 : Summary of depth-scale for theoretical results i.e. signal propagation

and gradient backpropagation, and empirical results under different condition or

assumption.
Summary feed-forward propagation | gradient backpropagation | empirical results
metric Gaa Qab Jaa Gab
realistic condition (our work) - & & & min{12¢;, 126}
independent assumption |23 - & & & 6,

3.3.2 Emergence of universality

We have studied three statistical metrics of the gradient, i.e. guq, gap, and Gup
using their mean value. Inevitably, the variance of these metrics can give us essential

information about the gradient. To do this, we performed a series of experiments
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Figure 3.6 : The relation between steps and the learning rate n. (a) Network without
dropout, colors reflect different network depth L from 50 (black) to 400 (green). (b)
Network with dropout p = 0.99, colors reflect different network depth L from 20
(black) to 120 (green), additional L = 300 is colored blue for comparison. Curves
with L < 120 collapse to a universal curve without any re-scale. (c¢) Network with
dropout p = 0.98, colors reflect different network depth L from 10 (black) to 55
(green), additional L = 200 is colored blue for comparison. Curves with L < 55

collapse to a universal curve without any re-scale.

to obtain the mean and variance of g,,, gu and g, with different activation and

different network width V.

First, we show the relationship between variance and mean of the metric of

gradient with different activations, including Linear, ReLLU, Tanh, and Hard Tanh.

l l

~ l . .
was My, and m.,. while naming the

We denote the mean of g.q, g and gu, as m

variance as V', V! ~and V), respectively. We show the variance as a function of

aa’

mean in Figure 3.4, and find the emergence of universality between the variance and

mean regardless of dropout rate and choice of activation for g.q, gay, and g,

The plot of variance as a function of mean shows a power-law between them since
it is like a straight line in the log-log plot. To estimate the power, we use a simple
equation V' oc m? to compare with the experiment results. Surprisingly, all three

curves are consistent with V' oc m?. Thus we make a conjecture that the universal
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power coefficient between the variance and mean is 2.

Then, we investigate the relationship between variance and mean with different
network width N and show the results in Figure 3.5. This time, we perform ex-
periments on the p = 0.9 Tanh networks with different network width N. Again,
the relationship between variance and mean satisfies universality, which means the

Equation (3.13) does not depend on the network width of N.

We want to point out that we have performed the same investigation on ¢!, and
cl,. However, we did not observe a similar universal relationship between variance
and mean of ¢!, and c!,. This may occur due to the different behavior of ¢!, (¢,)
and ¢!, (g,). As Equation 3.6 shows, the mean of ¢!, will converge to a fixed point
after several layers, which means that the mean of ¢!, will be stable in deeper layers.
So, we won'’t expect a universal relation between the mean and the variance in this

case.

In summary, we have tried all the parameter freedom that we can tune, the
universal power coefficient between the variance and mean remains the same. We
conclude that once the topological structure of the neural network is set, the power

coefficient is universal.

3.4 Experiments

According to the theoretical results, during feed-forward, we expect that length-

[

., While & measure the number of layers that

scale & control the propagation of ¢
gradient metrics ¢!, and ¢!, can survive during backpropagation. However, 23]
claimed that both networks with or without dropout networks have a limited train-
able length, which is governed by the depth-scale . As our experimental results

show, which be demonstrated later, this statement is not exactly right. To summa-

rize, we present the comparison for the length-scale between [23] and our work in
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Figure 3.7 : The training accuracy for neural networks as a function of the depth L
and initial weight variance o2, from a high accuracy (bright yellow) to low accuracy
(black). Comparison is made by plotting 12¢; (white solid line), 6£» (green dashed
line), and 12& (white dashed line). (a) 2000 training steps of p = 1 network with
Gaussian weights on the MNIST using SGD. (b) 1000 training steps of p = 1 network
with Gaussian weights on the MNIST using RMSProp. (c¢) 2000 training steps of
p = 1 network with Orthogonal weights on the MNIST. (d) 3000 training steps of
p = 1 network with Orthogonal weights on CIFAR10. (e) 3000 training steps of
p = 0.99 network with Orthogonal weights on the MNIST. (f) 3000 training steps
of p = 0.98 network with Orthogonal weights on the MNIST using SGD. (g) 10000
training steps of p = 0.98 network with Gaussian weights on the MNIST. (h) 3000
training steps of p = 0.95 network with Orthogonal weights on the MNIST using
SGD.

Table 3.1.

3.4.1 Training speed

Before investigating this problem, we study the relationship between training

speed and choice of hyper-parameters. We confine the hyper-parameters at the
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critical line x; = 1 for the network with and without dropout and train networks of
a range of length with width N = 400 for 10® steps with a batch size of 10® on the
standard CIFAR10 dataset. Strictly speaking, xy; = 1 is not the critical line when
p < 1, since xo < 1. For learning rates of each network, we consider logarithmically
spaced in steps 10'. The 7 is the steps required to obtain a accuracy threshold
p = 0.25. We show the relation between steps 7 and the learning rate n on the

networks of dropout rate p = 1.0,0.99, and 0.98 in Figure 3.6.

We find that for networks without dropout, there is a universal scaling 7 = f1(nL)
between the steps and learning rate, where f; is a scaling function, as shown in Figure
3.6(a). Note that it is different to the result that 7/v/L = f{(nL) in [24] where they
use the standard CIFAR10 dataset augmented with random flips, crops, and so on.
The difference may be caused by the pretreatment of the dataset in [24]. Besides, we
study the networks with p = 0.99 and p = 0.98, and find that the scaling 7 = f»(n)
can be kept under a limited length L = 120 for p = 0.99 and L = 55 for p = 0.98,

as shown in Figure 3.6(b) and (c) respectively.

3.4.2 Trainable length

Now we study the problem of trainable length. We consider random networks
of depth 10 < L < 250, and 1 < 02 < 4 with 67 = 0.05. We train these networks
by Stochastic Gradient Descent (SGD) and RMSProp on MNIST and CIFARI0
with Gaussian and Orthogonal weights, which can be seen as another variant of
weight initialization in the mean field theory [24]. We perform four experiments
on the network without dropout (p = 1) with different datasets, optimizer, and
learning rate to conduct a comprehensive study, and plot the results in Figure 3.7(a)-
(d). Besides, four experiments are conducted on the dropout networks (p < 1),
and results are shown in Figure 3.7(e)-(h). The trainable length can be obtained

according to the relationship between & and y, which are £ = [1/log x| and & =
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|1/log x2|. We color in bright yellow the training accuracy that networks achieved
as a function of o2 and L for different dropout rates. From the heatmap, we can
observe a boundary in which accuracy began to drop. We noticed that there are
two boundaries, left and right. In order to show its relationship with & and &, we

superimpose them onto the heatmap.

In figure 3.7(a), we use the same learning rate and optimizer as those in Figure
5(a)-(c) of [23]. We use a learning rate of 103 for SGD when L < 200, and 10~ for
larger L. From the plot, we find the 6£; underestimates the scope of train-ability
in the o2-L plane, while 12§ is more compatible with the experimental result.
We note the phenomenon that 6&; underestimates the scope of train-ability also
happened in Figure 5(b)(c) of [23]. In figure 3.7(b), we adopt the same learning rate
and optimizer as those in Figure 5(d) of [23], where we use a learning of 1075 and
RMSProp optimizer. Here, the only difference is that we use 1000 training steps
instead of 300 training steps in [23]. According to the simulation result, 12£; (solid
line) and &, (dashed line) are identical on the left boundary, while they differ on the
right side. We make a comparison between 12&; and 125, and find that 12&; has a
much better argument with the trainable length while 12&; overrates the trainable

length on the right side.

Based on the analysis of Figure 3.7(a)(b), we may conclude that 12£; can be
used to measure the maximum trainable length of the network without dropout.
We further reinforce this conclusion by performing experiments on different learning
rates, weight initialization, and datasets. In figure(c), we use orthogonal weight
initialization. In figure(d), we perform experiment on CIFAR-10 dataset and adopt
a learning rate of n = ¢/L, where c is constant. These learning rates were selected
for the reason that each learning rate can lead to the fast step to a certain test
accuracy at y; = 1, as shown in Figure 3.6. In a word, we attribute the maximum

trainable length to L < min{12¢;, 12} = 12&;, where the relation & < & holds on
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the network without dropout.

Furthermore, we consider the dropout case in Figure 3.7(e)-(h). We have studied
three different dropout rate: p = 0.99 (Figure 3.7(¢e)), p = 0.98 (Figure 3.7(f)(g)).
and p = 0.95 (Figure 3.7(h)). We find that both & and & have connections to the
trainable length: the networks appear to be trainable when L < min{12&;,12&,}.
Networks on the left side are influenced by 12£; while they are constrained by the
12€; on the right size. Note that the formula L < min{12&;, 12} is valid in the no
dropout case as discussed above. To conclude, we show an improved relationship
between maximum trainable length and length scale & and & than [23]. This
conclusion that both & and & have connections to the trainable length instead of

only & [23] is more compatible with the theoretical results.

3.5 Discussion

In this chapter, we have investigated the dropout networks by calculating its
statistical metrics of gradient during the backpropagation at initialization and con-
jecture that both gradients metric with a single input and a pair of inputs are
governed by the same quantity x;. We further investigate the relationship between
variance and mean of statistical metrics empirically and find an emergence of uni-
versality. Our finding of a universal relationship between variance and mean of
statistical metrics of gradient backpropagation suggests a deeper mechanism behind
it. This mechanism may be comprehended better by studying more different net-
work structures such as Resnet. Finally, for networks with or without dropout, we
attribute the maximum trainable length to the formula L < min{12&;, 12}, which

is novel and important.
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3.6 Proof

3.6.1 Derivation of ¢, on linear dropout networks with a single input

(1) The L' layer:

OE, O,
0=k, N (9y,£a

5iL7a = = 2y£a = 2.

Gaa = E1(07,)%] = AE((2;,)*] = 4az,
(2) The (L — 1) layer:

1
L _ L. L ,L—1 , 1L L-1 _ 4 _L-1\ _ _L—1
Zja = ; E Wbk aYra + 05, Yba = P(Zhq ) = “ka
3

0E, 0z ozt pr pF

ia D=L azi[;a_l Xj: Jaaazil:a—l zj: ja” i Xj: ja” i
' (pi,)?

1 L .1 \Pia Lyi L

qCLCL = 4E | Z Zj,aZjI,G,TWji W]/z:|

j 7
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(pk,)?
2

+Z Z (Pi,z) (M/ﬁw/j%)2<zfa—1)2+Zl(b]L)2(pzp;) (VVﬁ)z]

7 heti=i P
1 1 1
~ 4|5 (0225, + — (0205 + oFo2-
p? o "
(3.14)
Since,
* 03) * 2
o6 = — Yaa + Oy
p

We rewrite Eq (3.14) as:

o 1 1 ) 1
qga b= 4[?(0-3;)2(]0@ + E(Uf))Qqaa + 01300%;]
op . 1 .
= 4[_Qaa + _3(031)2qaa] (315)
p p

* 0.2 0_2
pp
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(3) The (L — 2)" layer:

o= Tt e 3 S e P
_QZZ L pjapza Pra_pyipyi-t

(3.16)
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There are three parts in Eq (5.15), we denote them as I, II, III and compute them

one by one,
*E § : L 2 L 2pmapm apjapj apﬁalprLL al(pza )2
pu— ’rLa ’n, a, p4 p4

5,37 kK
mm/nn/

Wk Wk WEWE WE W wE ks 1}

L L . L
:E[( Z + Z + Z )Zi;zz#’_azpm,apm,yapmpj,’a

Pz
n=n'=i n=mn'#1i n=n'#1i
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(3.18)



37

L L L L L—1
B =El > pL1pt 1 Pmalmaby by <PW2)
p p

7,37 kK m,m/

W Wk WEWE WE W

L L L L L—1\2
= b |:< Z + Z )bﬁjlbﬁ;lpm’apml’apjvap]/,a (pz,a )

4 2
k# k' k=k' P P
1
Wk Wk WEWE WE W (3.19)
e (Pfa)* (i)
B[ 3 e e Wl Y]
kR

m=j=m/=j'

+ Z (bfn—1>2<pm,a) (Pla) (pzp; ) (WEWEP(WE 1)}

4 ji
p

k=k'm=m’,j=j’

~ 200 5(0l)

~ o +o0

LLpap o i) [
Bl = 5| Y fph = W W Wi

J:g" kK
(p%)2 (pia ')’
= B[ > 0hr e v (3.20)
j=3' =k
22
_ O_g (O-wZ)
p
Finally, we have,
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To summarize, we list the results for g-,, ¢& !, and g% 2
Qo = 4450
- * o2 o’
pp p
o A o2 o2
gh? = atm(Ze) g 2o g (up2)
p \p pp

Using mathematical induction method we draw the conclusion that,
. 2 1 -l o5 .

qaa O’UJ O-UJ J

to=4 () e X5

pNp =P

Using the relation,

oE s
ij

we obtain the final result,

=107 (5) e D (5))
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(3.22)

(3.23)

(3.24)

(3.25)

(3.26)

(3.27)
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3.6.2 Derivation of ¢/, on linear dropout networks with a pair of inputs

(1)The L™ layer:
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Here, we have
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We rewrite Eq (3.28) as
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(3.29)

(3.30)

(3.31)
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To summarize, we list the results for ¢4, afbfl, and Z]vfb’Q'
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Using mathematical induction method we draw the conclusion that
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Chapter 4

Orthogonally-Initialized Networks and the Neural
Tangent Kernel

4.1 Introduction

Deep learning has been responsible for a step-change in performance across ma-
chine learning, setting new benchmarks for state-of-the-art performance in many
applications, from computer vision [67], natural language processing [68|, to rein-
forcement learning [69], and more. Beyond its fundamental shift in approach, an
array of innovative techniques underpin the success of deep learning, such as resid-
ual connections [7], dropout [6], and batch normalization [8]. The mean field theory
[22, 23] recently opened a gate to analyze the principles behind neural networks with
random, infinite width, and fully-connected networks as the first subjects. Broadly,
what [23] discovered, and then empirically proved, is that there exists a critical ini-
tialization called the edge of chaos, allowing the correlation signal to go infinitely
far forward and preventing vanishing or exploding gradients. Later, this theory had
been extended to a much wider range of architectures, e.g., convolutional networks
[26], recurrent networks [27], dropout networks [70], residual networks [25], and

batch normalization [28].

Critical initialization requires the mean squared singular value of a network’s
input-output Jacobian to be O(1). It was already known that the learning process
in deep linear networks could be dramatically accelerated by ensuring all singular
values of the Jacobian being concentrated near 1, a property known as dynamical

isometry |71]. However, what was not known was how to impose dynamical isometry
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in deep nonlinear networks. Pennington et al. [24, 72| conjectured that they could
do so with techniques based on free probability and random matrix theory, giving
rise to a new and improved form of initialization in deep nonlinear networks. Since
then, dynamical isometry has been introduced to various architectures, such as
residual networks [73, 74|, convolutional networks [26], or recurrent networks [27]

with excellent performance on real-world datasets.

In fully connected networks, two key factors help to ensure dynamical isometry.
One is orthogonality, and the other is appropriately tuning weights’ and biases’ pa-
rameters to establish a linear regime in nonlinear activation [24]. In straightforward
scenarios, orthogonal initialization is usually enough to impose dynamical isometry
in a linear network. The benefit of the orthogonality in linear networks has been
proven recently [75]. However, the dynamics of nonlinear networks with orthogonal
initialization has not been investigated. The roadblock is that it has been unclear

how to derive a simple analytic expression for the training dynamics.

Hence, to fill this gap, we look to a recent technique called neural tangent kernel
(NTK) [36], developed for studying the optimization of deep networks using gradi-
ent descent training in the infinite-width limit. In terms of definition, the NTK is a
kernel characterized by a derivative of the output of a network to its parameters. It
has been shown that the NTK of a network with Gaussian initialization converges
to a deterministic kernel and remains unchanged when trained by the gradient de-
scent under infinite-width limit setting. We extend these results to the orthogonal
initialization case and find that orthogonal weights contribute to the same proper-
ties for NTK. Given a sufficiently small learning rate and wide width, the network
optimized by gradient descent behaves as a linearized model [37]. It is known that
these dynamics are called the NTK regime, or lazy training [76]. As the learning
rate gets larger or the network becomes deeper, that is, out of the NTK regime, we

expect that there will be new phenomena that can differentiate two initialization.
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To summarize, our contribution is as follows,

e We prove that the NTK of an orthogonally-initialized network converges to the
NTK of a network initialized by Gaussian weights in the infinite-width limit.
Besides, theoretically, during training, the NTK of an orthogonally-initialized

infinite-width network stays constant in the infinite-width limit.

e We prove that the NTK of an orthogonally-initialized network across archi-
tectures, including FCNs and CNNs, varies at a rate of the same order for
finite-width as the NTK of a Gaussian-initialized network. Therefore, there
are no significant improvements brought by orthogonal initialization for wide
and nonlinear networks compared with Gaussian initialization in the NTK

regime.

e We conduct a thorough empirical investigation of training speed outside the
NTK regime to complement theoretical results. We show that orthogonal
initialization can speed up training in the large learning rate and depth regime
when the hyper-parameters are set to achieve a linear regime in nonlinear

activation.

4.2 Preliminaries

4.2.1 Networks and Parameterization

Suppose there are D training points denoted by {(z4,yq)}%.,, where input X =
(z1,...,2p) € R™*P and label Y = (yi,...,yp) € R"*P. We consider the follow-

ing architectures:

Fully-Connected Network (FCN). Consider a FCN of widths n;, for [ =
0,---,L, where [ = 0 is the input layer and [ = L is output layer. Following

the typical nomenclature of literature, we denote synaptic weight and bias for the
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I-th layer by W! € R™*™-1 and b' € R™, with a point-wise activations function
¢ : R — R. For each input x € R™, pre-activations and post-activations are
denoted by h!(z) € R™ and z!(x) € R™ respectively. The information propagation

for 1 € {1,..., L} in this network is govern by,
zi = k), Iy = ZWZJ 2yt b (4.1)

Convolutional Neural Network (CNN). For notational simplicity, we con-
sider a 1D convolutional networks with periodic boundary conditions. We denote
the spatial location as § € [—k, k] and spatial location a € {1,...,m}, with m being
the spatial size. The forward propagation for [ € {1,..., L — 1} is given by,

M=ol W =Y Z Wh sl + B, (4.2)
J=1 p=
where weight W € Rmxm-1x2k+1) "and n; is the number of channels in the [ layer.

The output layer of a CNN is processed with a fully-connected layer, fi(x) = hF =
Z Z zga ]a :

Standard parameterization requires the parameter set 0 = {le, bt} is an ensem-

ble generated by, W}, ~ N(0

v bt ~ N(0,0}), where 02 and o} are weight

T - 1)’

and bias variances. The variance of weights is scaled by the width of previous
layer m;_; to preserve the order of post-activations layer to be O(1). We denote
this parameterizationas standard parameterizaiton. However, this paramterization

can lead to a divergence in derivation of neural tangent kernel. To overcome this

problem, ntk-parameterization was introduced, I/VzlJ = 2wl bl = oy, where

Vi i i
Cdij,ﬁzl NN(()? 1)

4.2.2 Dynamical Isometry and Orthogonal Initialization

Consider the input-output Jacobian which is defined as J = a 9h where h is

0

output function, x” is input. Ensuring all singular values of the Jacobian concentrate
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near 1 is a property known as dynamical isometry. In particular, it is shown that
two conditions regarding singular values of W' and D' contribute crucially to the
dynamical isometry in non-linear networks [24]. More precisely, the singular values
of D' can be made arbitrarily close to 1 by choosing a linear regime in a nonlinear
activation, combined with the fact that orthogonal matrix satisfies dynamical isom-
etry. On the other hand, adopting a random orthogonal initialization can force the
singular values of weights into 1. In particular, the weights are randomly generated

from the orthogonal distribution,
(WHTW! = 621, (4.3)

This is the standard parameterization for orthogonal weights, and ntk-parameterization

of orthogonality follows,

Ow l

NT, 1
3 =n;_+1L 4.4
\/mw”, (W W' =n (4.4)

We show a summary of improved standard parameterization and ntk-parameterization

L _
Wl =

across FCN and CNN for Gaussian and orthogonal initialization in Table 4.1. The
factor s in the layer equation of standard parameterization is introduced to prevent

divergence of NTK [77].

4.2.3 Neural Tangent Kernel

NTK is originated from [36] and defined as,
@t(XaX) = v@ft<9>X)v9ft<eaX)T' (45)

where function f; was the outputs of the network at training time ¢, i.e. f;(X) =
hE(X) € RP*mand Vufi(X) = vec([Vofi(z)]ex) € RP™. Thus, the neural

tangent kernel is formulated as a Dnj X Dny matrix.

The original NTK work [36] studied the behavior of the output function f; regard-

ing the network under the infinite-width limit setting and trained using a gradient
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Table 4.1 Summary of improved standard parameterization and ntk-

parameterization for Gaussian and orthogonal initialization. The abbreviation “std”

stands for standard, and the “parameterization” is omitted after ntk or std.

Network | Parameterization W initialization b initialization layer equation
ntk Gaussian wij ~N(0,1) z i z
B ~ N(0,1) b= Ze=ita o8
ntk Orthogonal (WhTw! =mny_41 o
FCN
std Gaussian Wi ~ N(0, W 1)
bi ~ N (0, 02) = Lipight 4 i
T 2 b Vs
std Orthogonal W*W =01
ntk Gaussian Wijo ~ N(0,1) .
B~ N(0,1) | hhy =35 7/#‘”}15”;15 + o
ntk Orthogonal (W)Tw! =ny 1 (B
CNN .
std Gaussian Wija ~ N(0, 7)
: CEON N (0, 02) B, = LWhall + 0
std Orthogonal WIw, = ZZ w1

descent method. Later, Lee et al. [37]| presented this result in another statement
that infinite width networks are linearized networks in the parameter space. We

recall some of these results here.

Let 1 be the learning rate, and £ be the loss function. Then dynamics of gradient

flow for parameters and output function are given by,

060
ar = VL= =N fi(0, X) Ve £ ",
4.6
o[ (0, o0
ft(at :L') — VOft(GWQ?)E = _,r/@t<x)X)Vft(97X)£

This equation for f; has no substantial insight in studying behavior of networks
since ©y(z, X) varies with the time evolution of training. However, as stated in
above, the NTK ©;(X, X) converges to a deterministic and limiting kernel O (X, X)
and does not change during training, under the infinite-width limit setting, i.e
O:(X, X) = O,(X, X). As aresult, the infinite width limit of the training dynamics

can be expressed as,

0fi(X)
ot

= —UQOO(X,X)Vft(e,X)ﬁ- (47)
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If we use an MSE loss, £(y, f) = & [ly — fu(6,2)||%, the Equation (4.7) becomes a

linear model with a solution,

£i(0,X) = (I — e 19NNy 4 em10(XX)1 £ X)), (4.8)

4.3 Theoretical results

4.3.1 An Orthogonally Initialized Network at Initialization

As stated in |66, 78|, the pre-activation hl of Gaussian initialized network tends
to Gaussian processes (GPs) in the infinite-width limit. This is the proposition to
construct the NTK in networks with Gaussian weights [36]. We extend this result

to the orthogonal initialization:

Theorem 4.1. Consider a FCN of the form (4.1) at orthogonal initialization, with
a Lipschitz activation ¢, and in the limit as ny,...,n,_1 — 00, the pre-activations
hl at each layer tend to an i.i.d. Gaussian distribution of covariance X' which can

be computed recursively by:
o2
Sz, a') = 22’2’ + o}
no

2 (@,0') = 02 (o) B @)O(F )] + o7,

For a CNN of the form (4.2) at orthogonal initialization, and in the limit as
channels tend to be infinity, the pre-activations hé,a tend to Gaussian processes of

covariance X! which is defined recursively by:

9 k
o
Zl / ! —= [ T ! /! ;
oo (7,7 o2k 1) B;k Torplorrp T 0p
! & -
DL z, )= —w E _
)= o S )

00/ (2ars)) B f (@ 5] + 2.
S a!) = 3 b [B (o1 U @a))OLF )]



(a) Gaussian NNGP (b) Orthogonal NNGP 0 (c) Gaussian NTK (d) Orthogonal NTK
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Figure 4.1 : (a) Gaussian initialized network of NNGP. (b) Orthogonally initial-
ized network of NNGP. (¢) Gaussian initialized network of NTK. (d) Orthogonally
initialized network of NTK. All the kernels are consistent with convergence rate of

O(n~2).

Different from the independence property of Gaussian initialization, the entries
of the orthogonal matrix are correlated. We use the Stein method and exchangeable
sequence to overcome this difficulty and leave the detailed proof in the appendix. As
shown by Theorem 4.1, neural networks with Gaussian and orthogonal initialization

are in correspondence with an identical class of GPs.

4.3.2 The limit of the NTK at initialization

According to [36], the NTK of a network with Gaussian weights is proven to
converge with a probability to a deterministic kernel under the infinite-width limit
setting. We show that the NTK of an orthogonally initialized network is identical

to the one with Gaussian weights in the infinite-width limit.

Theorem 4.2. Consider a FCN of the form (4.1) at orthogonal initialization, with
a Lipschitz activation ¢, and in the limit as the layers width tend to be infinity, the

NTK ©F(z,2'), converges to a deterministic limiting kernel with high probability:

@OL(x,x') — @go(x,x/) ® L, xn, -
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(b) Orthogonal initialization

O 1r/1164"

[1WE = Wlle/ Wl

Il

Figure 4.2 : Changes of weights, empirical NTK on a three hidden layer Erf Network.
Solid lines correspond to empirical simulation and dotted lines are theoretical pre-
dictions, i.e. black dotted lines are 1/4/n while red dotted lines are 1/n. (a) weight
changes on Gaussian initialized network. (b) weight changes on the orthogonal

initialized network. (¢) NTK changes on both Gaussian and orthogonal networks.

The scalar kernel ©L (x,z') is defined recursively by

Ol (z,2') = ¥ (z, 7))

@loo(x, r') = Uiﬁ]l(x, x')@logl(x, ')+ El(x, x'),

where

2 (@,0) = By (osin) |6 (F @) (F (@)

For a CNN of the form (4.2) at orthogonal initialization, and in the limit as
channels to be infinity, the NTK ©F(x,z'), converges to a deterministic limiting

kernel:

Of(x,2') — OL (2,7") @ Ly, xm, -
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The scalar kernel ©L (x,2') is given recursively by

O (,2") = 3, (2, 2)

0,2

l w ./
@a’aloo(l', l’,) = m Z [Ea+ﬂ,a’+ﬁ(x7 l‘,)
B
@l&jﬁ N (x,2") + Zlo¢+,3,o/+,8(x7 x’)}

oL (z,2) Zéaa (z,2")0L (2,2)
+ 3L (2]

Remark 4.1. Since the Lipschitz function is differentiable besides a measure zero
set, then taking the expectation would not destroy the whole statement, which allows

for the ReLU activation.

From the theorem above, the NTK of CNNs propagate differently by averaging
over the NTKSs regarding the neuron location of the previous layer. According to
Theorem 4.2, the NTK of an orthogonally initialized network converges to an iden-
tical kernel as Gaussian initialization. This suggests these two NTKs are equivalent
when the network structure (depth of L, filter size of 2k + 1, and activation of ¢)

and choice of hyper-parameters (02 and o}) are the same.

We use the Markov chain Monte Carlo (MCMC) estimate of the NNGP and
NTK in the finite-width for both Gaussian and orthogonal weights to investigate
how these kernels converge. We consider a random inputs generated by a normal
distribution. The number training samples is D = 20, and dimension of input is
ng = 1024. The depth of networks is L = 2 with one hidden layer. We observe
the convergence of the NTK as the width of hidden layer n; increases, as shown in
Figure 6.2. For ntk-parameterizaiton of both Gaussian and orthogonal weights, we
formulate the convergence rate as O(1/y/n). The same convergence rate for ntk-

parameterization for Gaussian weights has been observed by [37]. Besides, we show
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that the convergence rate of O(1/4/n) is also valid for standard parameterization

for both Gaussian and orthogonal initialization in the appendix.

4.3.3 Neural Tangent Kernel during training

It is shown that the NTK of a network with Gaussian initialization stays asymp-
totically constant during gradient descent training in the infinite-width limit, pro-
viding a guarantee for loss convergence [36]. We find that the NTK of orthogonally
initialized networks have the same property, which is demonstrated below in an

asymptotic way,

Theorem 4.3. Assume that Apin(On) > 0 and Neitical = A“‘i"(ew);A’l’a"(ew). Let
n = ny,..,ng_1 be the width of hidden layers. Consider a FCN of the form (4.1)
at orthogonal initialization. The learning rate is chosen as 1 < Neritical (07 gradient

flow). Then we have following results for the changes of weights and the NTK,

6, — 0
sup 10— Goll2

>0 vn >0

where ©, are empirical kernels of networks with finite width.

A ~

O — 69

‘F:O(n’%), as n— 0. (4.9)

For a CNN of the form (4.2) at orthogonal initialization. The learning rate is
chosen as 1 < Neitical (07 gradient flow). Then we have following results for the

changes of weights and the NTK,

Opr — 0 . .
sup [195. ﬁ’OHQ, sup H@t — 0Oy

>0 vn >0

Jacot et al. [36] proved the stability of NTK under the assumption of global

= O(n”7). (4.10)

convergence of neural networks, while Lee et al. [37] provided a self-contained proof
of both global convergence and stability of NTK simultaneously. In this work, we
refer to the proof strategy from [37, 79] and extend it to the orthogonal case, as

shown in the proof.

We certificate this theorem empirically. We use three hidden layers ReLU net-

works with both Gaussian and orthogonal initialization trained by gradient descent.
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(a) L=3, Accuracy 1 (b) L=3, Loss (c) L=7, Accuracy 101 (d) L=7, Loss

—— Train Gaussian
100 ——~- Train Orthogonal
—— Test Gaussian

——- Test Orthogonal

10°

Figure 4.3 : Dynamics of full batch gradient descent on Gaussian and orthogonal
initialized networks of 7" = 10* steps. Orthogonal networks behaves similarly to
dynamics on the corresponding Gaussian networks, for loss and accuracy functions.
The dataset is selected from full CIFAR10 with D = 256, while MSE loss and tanh
fully-connected networks are adopted for the classification task. (a)(b) Network
with depth L = 3 and width of n = 400, with 02 = 1.5, and o7 = 0.01. (c)(d)
Network with depth L = 7 and width of n = 800, with ¢ = 1.5, and o7 = 0.1.
While the solid lines stand for Gaussian weights, dotted lines represent orthogonal

initialization.

We choose a small learning rate of n = 1.0. The dataset in this experiment is from a
subset (20 samples) of the MNIST dataset. The variation of weights and empirical
NTK is measured after convergence (T' = 2'). As a result, we found that the both
first and last layer exhibit a change of 1/4/n for weights while second and third layer
weights’ changes scale as 1/n. This observation is valid for both Gaussian and or-
thogonal weights, as shown in Figure 6.3(a)(b). In Figure 6.3(c), we find the change
in NTK is consistent with the prediction from our theory. However, we found that
the bound is closer to O(1/n) for both Gaussian and orthogonal networks. Note that
this is discrepancy has been solved in [40], where they prove that relative change of
empirical NTK of Gaussian initialized networks is bounded by O(1/n). Without loss

of generality, we infer that the proof framework is suitable for orthogonal weights.
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Figure 4.4 : Orthogonally initialized networks behave similarly to the networks with
Gaussian initialization in the NTK regime. (a)(b) We adopt the network architecture
of depth of L = 5, width of n = 800, activation of tanh function, with o2 = 2.0,
and o7 = 0.1. The networks are trained by SGD with a learning rate n = 1073 with
T = 105 (c)(d) The hyper-parameters are: depth of L = 9, width of n = 1600,
activation of ReLU function, with 62 = 2.0, and 07 = 0.1. The networks are trained
by PMSProp with a learning rate n = 107° with 7" = 1.2 x 10* steps with a batch
size of 103 on MSE loss on MNIST. While the solid lines stand for Gaussian weights,

dotted lines represent orthogonal initialization.

4.4 Numerical experiments

Our theoretical results indicate that both orthogonal and Gaussian networks
should have the same convergence rate at initialization and during training by gra-
dient descent algorithm. This means that two different initializations have similar
dynamics for loss and accuracy function during training in the NTK regime. Thus,
it is now for us to prove our theories in practice. To this end, we perform a series of
experiments on MNIST and CIFAR10 dataset. All the experiments are performed

with the standard parameterization with TensorFlow.

In the first experiment, summarized in Figure 5.3, we make a comparison loss
and accuracy across two different initialization, i.e., Gaussian and orthogonal weights

using D = 256 samples from the CAFAR10 dataset. To reduce noise, we averaged
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Figure 4.5 : Learning dynamics measured by the optimization and generalization
accuracy on train set and test set. The depth is L = 100 and width is n = 400. Black
curves are the results of orthogonal initialization, and red curves are performances
of Gaussian initialization. (a) The training speed of an orthogonally initialized
network is faster than that of a Gaussian initialized network. (b) On the test set,
the orthogonally initialized network not only trains with a higher speed but also

ultimately converges to a better generalization performance.

the results over 30 different instantiations of the networks. Figures 5.3(a)(b) show
the results of the experiments on the L = 3, n = 400 network with tanh activation,
while figures 5.3(c)(d) display the results for the L = 7, n = 800 network with tanh
activation. All networks are optimized by the vanilla gradient descent. We choose
a small learning rate of n = 10~* for 7' = 10* steps. Consistent with our theoretical

findings, the loss and accuracy of both networks are almost the same.

The second experiment is performed to compare the dynamics of two initializa-
tion with the result of training and testing on full CIFAR-10 and MNIST dataset,
as shown in Figure 5.4. In Figure 5.4(a)(b) we train networks of depth L = 5, width
n = 800, and activation tanh function, using SGD optimizer with a small learning

rate of n = 1073 for T = 10° steps on CIFAR-10 dataset. In Figure 5.4(c)(d) we
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3 (a) Varying width, Train 3 (b) Varying width, Test 103 (c) Varying depth, Train 3 (d) Varying depth, Test

Figure 4.6 : The steps 7 as a function of learning rate n of two lines of networks
on both train and test dataset. The results of orthogonal networks are marked by
dotted lines while those of Gaussian initialization are plotted by solid lines. Networks
with varying width, i.e. n = 400,800, and 1600, on (a) train set and (b) test set;
Networks with varying depth, i.e. L = 50,100, and 200, on (c) train set and (d) test
set. Different colors represent the corresponding width and depth. While curves
of orthogonal initialization are lower than those of Gaussian initialization with a
small learning step, the differences become more significant when we increase the
learning rate. Besides, the greater the depth of the network, the more significant

the difference in performance between orthogonal and Gaussian initialization.

train networks of depth L = 9, width n = 1600, and activation ReLLU function, using
PMSProp [80] optimizer with a small learning rate of n = 107 for 7' = 1.2 x 10*

steps on MNIST.

Having confirmed the consistency between training speed of networks with Gaus-
sian and orthogonal initialization in the NTK regime, our primary interest is to find
when orthogonal initialization accelerates the training speed for nonlinear networks.
We need to go beyond the NTK regime and experiment with an additional require-
ment for hyper-parameters according to the evidence that orthogonal initialization
increases learning speeds when the variance of weights and biases is set to achieve a

liner regime in nonlinear activation [24].
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Following [24], we set o2 = 1.05, and ¢ = 2.01 x 1077, and ¢(z) = tanh(z). We
then vary the width of network in one set of experiments as n = 400,800 and 1600
when L = 50, and the depth in another as L = 50,100 and 200, when n = 400.
All networks are trained by SGD optimizer on CIFAR-10 dataset. To evaluate the
relationship between the learning rate and training speed, we measure the steps 7
when it surpass a certain accuracy (in this work we use 0.25). Figure 4.6 shows the
steps of 7 as a function of the learning rate of n for both the training and testing

sets.

The results in Figure 5.3 suggest a more quantitative analysis of the learning
process until convergence. We train networks listed in Figure 5.3 for 5 x 10* steps
with a certain learning rate. We show the results of a certain network of depth
L = 100 and width n = 400 trained with a learning rate n = 0.01 as a typical example
in Figure 4.5. The results of other network structures can be found in the appendix.
It is shown that the training speed of orthogonally initialized networks is faster than
that of Gaussian initialized networks outside the NTK regime. At the same time,

orthogonally initialized networks can finally obtain a higher generalization result.

We draw two main conclusions from these experiments. First, orthogonal ini-
tialization results in faster training speeds than Gaussian initialization in the large
learning rate phase with both train and test set. While it was shown that the network
with a large learning rate has many different properties compared to the network
trained with a small learning rate [81, 82|, our finding can be seen as another effect
of networks trained with a large learning rate. Second, given the constant width, the
greater the depth of the network, the more significant the difference in performance
between orthogonal and Gaussian initialization. This phenomenon is consistent with
the theoretical result observed in deep linear networks [75]. The reason why orthog-
onally initialized networks can accelerating training may due to that it can achieve

tighter distribution of spectrum of NTK matrix and can be studied in the future
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work.

4.5 Conclusion

This chapter study wide and nonlinear networks with orthogonal initialization
has proven, theoretically and empirically, that the NTK of an orthogonally-initialized
network across both FCN and CNN converges to the same deterministic kernel of a
network initialized from Gaussian weights in the finite-width limit. We find that with
an infinite-width network and a gradient descent (gradient flow) training scheme,
the NTK of an orthogonally initialized network does not change during training.
Further, it has the same order convergence rate from a finite to an infinite width
limit as that of a Gaussian initialized network. Our theoretical results suggest that
the dynamics of wide networks with orthogonal initialization behave similarly to
that of Gaussian networks with a small learning rate verified by experiments. This
observation implies that orthogonal initialization is only effective when not in the
lazy (NTK) regime. And it is consistent with the fact that the infinite-width anal-
ysis does not explain the practically observed power of deep learning [38, 76, 83].
Last, we find that orthogonal networks can outperform Gaussian networks in the

large learning rate and depth on both train and test sets.

4.6 Proof

This section is dedicated to proving the key results of this chapter, namely Theo-
rem 4.1, Theorem 4.2, and Theorem 4.3 based on a series of lemmas, which describe
the asymptotics of neural networks with orthogonal weights at initialization and
during training. We prove the Gaussian process behavior of the output function,
the limiting deterministic kernel for the orthogonal initialization, and its stability

during training in the first three sections.
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4.6.1 NNGP at Initialization

In the following proof, our unified hypothesis is that ny = ny = --- = np = n.
That is, {W; }nxn is an orthogonal mapping. We first cite the following lemma from
[84], which describes how the post-activations of one-layer transform by multiplying

a random orthogonal matrix.

Lemma 4.1. Let (W;;)nxn be an orthogonal matriz randomly sampled by the Haar
measure of orthogonal matirz. Let B be a n x n matriz s.t Tr(BBT) = n. Then
Tr(BW) converges to a standard Gaussian distribution as the size of the matriz n

tends to infinity.

If we condition on the previous layer’s output, the next layer’s pre-activations
are Gaussian when the width tends to infinity. Therefore if we take the limit of
previous layers ny,...,n;_1 — 0o sequentially, the pre-activation {h.} of the l-th
layer tends to an i.i.d. Gaussian distribution with respect to the input vector x.
However, our goal is to take all the previous layers’ width simultaneously. The main
technical difficulty is that we lose the independence between different index i in
the finite width when we implement orthogonal ensemble. Hence analysis based on
the central limit theorem for i.i.d random sequences would not work. Instead, we
follow the strategy in 78] to apply a modified version of the exchangeable random
sequence central limit theorem. Note that the Haar probability measure is invariant
under row and column permutations. This implies that permuting the output index
i won’t change the joint law of {hl(x)}i<i<p,-

We will use the following adapted version of the central limit theorem for ex-

changeable sequences in [78].

Lemma 4.2. We let (X,,;;i = 1,2, ...) be an infinitely exchangeable process with zero

mean, finite variance o2. In addition, we set a finite absolute third moment for this
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2

%

. . . . . 2 .
process. In particular, we assume that the variance has a limit lim,,_, 0 = o

Define

1
Sy = Xnis 4.11
i 2 41y

where h : N +— N is a strictly increasing function. If the following conditions hold:

(@) EulXo1Xoa) = oliks)
(b) limy, o B, [ X2 X2, = 0}
(¢) Bnl| Xnal’] = o(y/h(n))
Then S,, converges in distribution to N'(0,02).

We restate Definition 7 of 78| as follows

Definition 4.1. The projections are defined in terms of a finite linear projection of

the [-th layer’s input values without the biases:

SO, )= ) o) [hi(x)[n] — ou] (4.12)

(zi)eL
where L C X x N is a finite set of tuples for data set and indices of pre-activations,
with X = (x[i])2,. a € RIFl is a vector parameterising the linear projection. The
suffic [n] indicates min{ny,...,m}. Let n — oo means that the widths of 1 to l

layers tend to infinity simultaneously.

We reorganize the index and let

(L,a)n a(“)Wl hl_lx n] —2¥ , 4.13
= 3 (@)l (4.13

so that

ni—1

T 2 Wl

SO(L, a)[n] = (4.14)
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Since we impose Haar ensemble to {W;; }1<i j<n, ,, it’s invariant under the column
permutation. This implies that {7}(£, @[n])}1<j<n,_, form an exchangeable sequence

with respect to the column index j.

To fit the three conditions of Lemma 4.2, we need the following lemma on the

moment calculation of orthogonal random matrices:

Lemma 4.3. If (W;j)nxn is an orthogonal matriz distributed according to Haar
measure, then E [H VVZI;”] is mon-zero if and only if the number of entries from
each row and from each column is even. Second and fourth-degree moments are as

follows:

i. Foralli,y,

1. For alli,j,r s, a, B, A\ 1,

E (W, W, Woas W]

1

T (- Dn(n+2) [5"5‘”53'558/‘ + 0irBardjudss + GiabradjsOay

+ 6100301085 + OixGradisda, + 5M5m5jﬁ5w]
n-+1
(n—1)n(n+ 2)

|:5i7“5a)\5j365,u + 5ia5r)\6jﬂ53,u + 52')\67“046]'#58[3] .

Remark 4.2. In our scaling setting, the second moment should multiply by n and

the fourth moment should multiply by n?.
Let X, :=4(L,a)[n], then
En[X0iXn ] = 0p - @ Eu[(Wo(hi™ (2))) (W' o(h] (2)))]
= 0 Y GE[(Who(hi™ (2))) (Wi;e(h] ™ (2)))] (4.15)
k

Note that for i # 7,
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we have

E,[X,,iXn | = 0.
Thus, condition a) of Lemma 4.2 is satisfied.

The rest of the proof goes by induction. We assume that for the [ — 1-th layer,
the pre-activations tend to independent Gaussian processes as the previous layers
tend to infinite width simultaneously. Then we check that the moment conditions
b) and ¢) of Lemma 4.2 for the 1-th layer under the inductive hypothesis and Lemma
4.3. We first calculate the covariance formula non-rigorously where we take the limit
sequentially. Since the recursion formula of the covariance doesn’t depend on how

we take the limit.

We impose an assumption on the nonlinear activation function ¢(z):

Definition 4.2 (Lipschitz nonlinearity). A nonlinearity ¢ is said to obey the the

Lipschitz property if there exist c,m > 0 such that the following inequality holds

6(2)| < c+mlz| Vo €R. (4.16)

Proposition 4.1. For a network of depth L at initialization. We use a Lipschitz
activation ¢ which is defined in Definition 4.2, and as nq,...,n;_1 — 00 sequentially,
the pre-activations hl, for i = 1,...ny, tend to i.i.d centered Gaussian processes
specified by the covariance {X'}1<j<1, where X is defined recursively by:

2

o
Y, o) = Lala’ + o}
o

2z, a') = OB w(om-) [0 (@) (f ()] + o,

taking the expectation with respect to a centered Gaussian process of covariance X'!
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denoted by f. In the CNN case, E o s defined recursively by:

0.2

—no(% 1 Z %Hﬁxa w5t Ub

2

Efx,a’ (z,2") = (2]:-—:)_1) ZEf~N< si-1 )[Qs(f(xa'i‘ﬁ))qb(f(xix’—i-ﬁ))] + 01??
B

Etl)c,o/ (.T,', ZL‘I)

a+B,a’+8

where « 18 the convolution index.

Proof. We show the result in the framework of NTK parameterization, while the
argument for standard parameterization can be derived in the same way. In the

FCN case, When L = 1, there are no hidden layers and h} has the form:
hl = Z mgx§+ab53.
Then we check the variance ¥! of output layer hl. By Lemma 4.3,
E[W;] =0, E[W;Wy] = 730 [nodirdi] = dirdj-

We note that the fraction nlo is from the scaling of the orthogonal distribution, while
the term ny comes from the initialization. Thus we can compute the covariance of

the first layer explicitly:

0 no

S'=E[hh]] =E[() —=W2a)+a,6)(> ——=W,a) +ap)
[hihi] [;\/_ b ;\/— b))

2

g,
wE D> wihkadwilkad] + of = ~2a"x + of.
no

n
j=lj'=1 0

The next step is to use the induction method. Consider an [-network as the
function mapping the input to the pre-activations h!. The induction hypothesis
gives us that as nq,...,n;_o — oo sequentially, the pre-activations hﬁ_l tend to i.i.d
Gaussian processes with covariance X!~!. Then the inputs of the l-th layer are

governed by:

ni—1

Wl l1_|_0_5£7

UJ

VALIES e
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where 2/7! := ¢(hl~!). When the input z = #’, let

710 -0
. nj—1 . . .
Z0 e 0
then tr(BB") = n;_y. By Lemma 4.1, we have that lim, . Y ;o' ﬁWZl] i
=111
tends to NV (0, limn%mz:izl—w). As aresult, {h!} are centered Gaussian variables.

ny—1

With the help of Lemma 4.3, we get the following covariance expression between

two input data x and x':
S, ') [n—y] = T Z(b (WM (@) (R () + .

Since hé-’l, hf,;l are independent for j # k by the inductive hypothesis, we have

4
Var(S(z,2) = 22 3 E[p(hl (2)) %6 (h ZE S (@) p(h (@))%
-1 75 ”l 155
By the symmetry of the underlying index j, we can choose index 1 as a representative:
! / T -1 I—1(,.\\2 T -1 I—1/,.\\]2
Var(S! (e, ') = 22 [o(h @) (@)] — Z-E[6(h @)o(h (@)

Since E[¢(hi ! (2))20 (R (2"))?] —E[¢ (R} " (2))p(hi ' (2'))] is bounded, by the Cheby-

shev’s inequality, the covariance kernel tends in probability to its expectation,

Sa,a') = lim S0 ] = 03B om0 @)O )] + o

ny—1—00

We still need to verify the independence of hl, hl for i # j. This follows from

computing the covariance between h!, hl
Jim  Cou(hi(x) Z Z o(hy (@) Whio (! (2)

Note that we ignore the bias b!, since they are independent with the weight param-

eters {W};}. By Lemma 4.3,

E[WiWj] =0, for i # j.
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Therefore we have,

lim Cov(hé(w)hﬁ-(w’)) = 0.

ni_1—00
Since we know that as 7,1 — oo, hi(x), h}(2') are Gaussian variables, zero covari-

ance means they are independent.

In the CNN case, we have an extra convolution index a. Since E[(W!.)(W!,)] =0
for a # o/, we have

2

D (ot ) U s )] + 0

El , N — w
(92 8) = e S

]

With the explicit covariance formula in hand, we can prove by induction that the
limiting covariance of the finite width output functions match with the covariance

of the infinite Gaussian processes obtained above.

Proposition 4.2. Let 0*(, L, «)[n] be the variance of the random variable 7](1)(5, a)n],

then
ILm o*(I, L, a)[n] = o*(l, L, a)[o0] (4.17)
where
(1, £, a)[o0] = o [¥N(z,2) — oP]a. (4.18)
Proof.

2

(1, L, a)[n] = 2o "EB[W's(h ) W o (A a.

ni—1
By Lemma 4.3 and independence form the layer [ with (I — 1) layer, we have

0,2

EWo(h ) [Whe(h ™)) = o= DE[G(RY (i) [n])e(hy™" (x;)[n])]-
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Once we prove that ¢(h " (z;)[n])¢(h} " (x;)[n]) is uniformly integrable with respect
to n, the proof goes exactly the same as the proof of Lemma 17 in [78|. To build

the uniform integrability, we need the Lipschitz nonlinearity property of ¢.
Elp(hi [n]i)¢ (R [n];)] < E[(c+mlhy" (z:)[n])] - (¢ +m|hi" () [n])]].

To claim we have a uniform bound for the right hand side, it suffices to show
that E[|h\"(z;)[n]]] and E[|h}"(2;)[n]h " (z;)[n]|] are uniformly bounded. By the

boundedness of Pearson correlation coefficient, we are down if

E[|(hy () [n]) ]
is uniformly bounded as n — oo. This can be down by induction.

Since {W;;} is a scaled orthogonal matrix,

| ()[n]* = E[|[hL,, («)[7]]|']

1:7”Ll

= E[E[| AL, (=) [n][ [P, (@)[n]

1y 1mg_q

— 2E[¢(h5L (@)

Applying the lipschitz nonlinearity property, we get

I
3

J

Elllé (ki (@) )] = B[Y_ ¢*(h " (@)[n])] (4.19)

TR
[
3 =

<E[}_(c+mlhi " (z)[n]])?)- (4.20)

<.
Il
—

Each term in the expansion of the square is bounded by E[|h§_1($)[n]|2], which is
uniformly bounded by the inductive hypothesis. According to the fact that the

2

number of terms is probably of order n, thus E[|h}(z)[n]|? is uniformly bounded.

Therefore, we can safely change the order of limit as in the proof of Lemma 17 in

I78]. O

Remark 4.3. Another way to bound the E[|h (x)[n]|? is to apply Lemma 4.8 to the
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recursion relation directly:
E[|hy(x)[n] ZWW (RS () [n])]*.

To verify condition (2) and (3) of Lemma 4.2 under the inductive hypothesis, we
go through the same procedure as the proof of lemmas 15 and 16 in [78]. We neglect

the detail and conclude that by Lemma 4.3 and the inductive hypothesis,

SO(L, a)n] = \/rZ”y] (L, ) (4.21)
L5 N(0, 02[0)). (4.22)

Since it holds for arbitary linear functional a, we have shown that {hl(z)} converge
to independent Gaussian processes, where the covariance is specified by the recursion
formula in Proposition 1. In the CNN case, adding the convolution index a won'’t
change the symmetry of index j and Lemma 4.2 can be extended to CNN in the
same way without any nontrivial change. Therefore we have simultaneously proved

The theorem 4.1 for both FNN and CNN.

4.6.2 NTK at Initialization

Proof. We show the result in the framework of NTK parameterization, while the
argument for standard parameterization can be derived in the same way with a
similar result, see the details for the Gaussian initialization in [77]. For the input

layer L = 1, taking the derivative with respect to Wé, b}, we have

2 ng nNo

1 /
Opw(z,2") = Tw E E T k050 + O E S0k
=1 j=1
2
o
= —wZL‘Tl”/(Skk/ + agdkk/.
No

From (I —1)-th layer to I-th layer, by the inductive hypothesis, as ny,...,n,_o — oo,

the pre-activations hﬁ’l are i.i.d Gaussian distributions. The covariance ¥'~! and
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O (z,2") converges to:
(Ophi™ ()" (Ophiy ™ (7)) — OL (&, 2") b

Now we calculate the NTK for [ layer network and divide the parameters into two
parts. The first part only involves the parameters of the [-th layer, and the other is
the collection of parameters from previous 1,...,l — 1 layers. The first part of the

NTK is given by

ni—1

1= Oyihl (2) - il (') + Aphl () - Byl (') =Z—¢(h’ H2))o(hi (@) +ap.

Note that in the Gaussian initialization,

o(hi" (2)) o (R ("))

is independent of
¢(h (x) (RS (2)),

for ¢ # j before taking the n;_; — oo limit. Thus for the ﬁ scaling, we already

observe that ), %gb(hi_l(x))qb(hl Y(2')) tends to its mean by the classical law
of large numbers. If we take the limit sequentially, since hl™*(z) and hé-’l(x) are
independent Gaussian by the previous section, we know that it tends to ¥!(z, 2') for

the same reason.

If we want to know how «a; behaves when the width tends to infinity simultane-
ously, the nonlinear activation would break the non-asymptotic independence. So
we first assume that we work in the linear network category. Then

0_2

Var[ay[n]] = (

mr[z W ) H @)

nl_l[n]

o ZVarhl Hx)hi ()]

—i—ZCOU hl 1 hl 1( /)’h§—1<x>h§71(x/)])7

7]
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where

Couv[hy™ (@)~ (2 )by~ ()b (2)] =B[hi~ (@) B~ (2'), by ()b (2))

J

— E[h; (@) b ()] B[Ry (2)hy (2')].

J

By Lemma 4.3,
ny—2
E[hl lhl 1 ZE hl 2
2 k=1
The right-hand side is independent of index 7 as expected.
2 2 (n_ + 1) -2
B (R ), B () R ()] = Ow 2 TM—2\Thi—2 El2(R-2)])2
7 6, 17 )] = (2 s O Bl )

0121) 2 n?—2(”172 —1)

2(p1=2\ 1277 1—2
G (- a2y )Rl
Thus
Covlhy™ ()b~ (2 )by~ ()b~ ()] ~ O(nz_lz[n] )

This implies that

1
Var[ay[n]] ~ O(=).
n
Let p,, denote the mean of o[n], then by Chebyshev’s inequality, for Ve > 0,
1
Pllogln] = il > ) ~ O().
Since lim,, o 1, = >, we have
1
P(laufn] = %1l 2 ) ~ O(3),

for n large enough. In conclusion, we have oy[n| tends to ¥;(z, 2').

In the non-linear activation case, if the activation satisfies definition 4.2, we still
have the asymptotic result

Var[ay[n]] — 0.

Therefore, by Chebyshev’s inequality, we get

P(lea[n] = %[ =€) = 0,
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for V e > 0.

For the second part, denoting the parameters of the previous [ — 1 layers as 5,

we have
ni—1

dzht (z Za R (@) (R ()W

nll

By the induction hypothesis, the NTK of (I —1)-layer networks ©%, ! (x, ') converges

to a diagonal kernel as nq,...,n;_o — 0o. we denote the second part of NTK by,
ni—1 )
a-1[n] = nzw1 Z 9 hl 1( ))Qs(hi/_l( ))W W’k’
i,0/=1

Note that {W} W/, } is independent of O (x, 2/)d(hi ! (z))d(hl ! (2')), this allows

us to prove the result of convergence by induction.

By Lemma 4.3,
Eloy_1[n]] = 2 5kkf5u Z E[0; " (x, 2")¢(hi ! () o (h (2')],
i,0/=1
Var(oy[n]) = E[(r-1 — E[y_1])?] == Z 0Lz
=1 i,0'=1

s 2
SRt () (hiy (@) (Wi Wi — Sars6i)) 7]
Expanding the square and note that

E[WiWig Wi W] = 0,

if i # j #1i' # j'. This implies that n;(n;_1 — 1)(n;—1 — 2)(ny—1 — 3) number of terms

in the expansion are zero. Now we reorganize the left terms into three groups:

o | £1
The only terms in the expansion that survive after taking the expectation are

of the form: W; Wi Wi Wi, The expectation is separated into

E[0}! (z,2")p(hi ™" (x))d(hl (2))]* - E[Wik Wi Wi Wik
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There are O(n;—1 - (ni—1 — 1)) such terms in the expansion, by Lemma 4.3,
EWi Wiy Wiy Win] ~ O(1).

We conclude that
ol

SEE[(Y 04 @2 (@) (@) (WhIWE)) ]
-1 i
~ O(E[O;, " (z,2')d(hi " (x))d(hl  (2))]).
(i=i)#G=7):
We need to estimate a fourth order moment

7 ]E[(VI/’L Wlk” 5kkl)(ml/kml/k/ - (Sk-k;/):| .

If £ =K, by Lemma 4.3,

2n? ni_1 + 1)n? 1
= -1 + (ll )lfl —1NO( )
(-1 — Dnga(mg—r +2) - (mey — Dmg—a (- + 2) -1

It & # &,

niy O(L).

E|(WiaWipWinWin) | = — -
[( Wikt Witk Wik )} (ng—1 — D)ny_1(ng—1 + 2) -1

In each case, we get that v ~ O( —). Thus we have

ny—1mn—1

ZZ @l 1@[ 1 ZL’ .T)QﬁZ(hi_l(.r))ng(hé_l(ZE,)))

n?
=1 i=1 j=1

(WhWls = 8 (W = b0)] ~ O(——),

J
ny—1

(i=1")=(j=j"): We have
E[(WiWi — )?] = E[WiWi]* — .
Note that the weights are drawn from the NTK parameterization, and by

Lemma 4.3,

E[(Wi)* (Wi )?] ~ O(1).

(2 (2
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Therefore the number of terms with the same index i are of order O(-——) and

we get
4 ni—1 . .

SEE[Y (01 (a0 ()G @) (WaWh — 6] ~ O(-).
=" i=1 )

Combing the three groups, we have

Varlog[nl] ~ O(——) + O(E0% (z, ' )d(h~ () bR (o)),

ni—

By the inductive hypothesis,

pi= lim Ely_i[n]] =20 (z, 2 )Y (x,2") G-
ny_1—>00

By Chebyshev’s inequality,

2
e

(O(=—) + O(EIB)S (&, ") (h (2) S (a'))]2)).

P(jar-sfn) — | > €) <
ni—

By the inductive hypothesis and the integrability result from the last section,

ny—1—>00
—

E[O; (,a)o (ki (@))o (b (2)) 0.

Thus we obtain that second part of the NTK tends to 020" (2, ') (z, ') if we
let the width go to infinity simultaneously.

Combining the two parts, we have
0 (z,2') = 020 (z, "X (z,2) + X!(z, 7).

In the CNN case, when L =1,

0.2

ol (r,2)=—"— 2l 2y, 5+02
a,a( ) n0(2k+ 1) zﬂ: a+p +p b

Here we omit the subscript oo for simplicity. Assume the NTK formula is true for

the layer of [ — 1, then the first part of the NTK in layer [ is given by

% Gk ) 2 B DO )]+ )
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by the same moment argument as before. For the second part, we still have

@l(;,;+ﬂ),(i’,a’+ﬁ) (2,2") = 51-1-/@;;15@%(1:, ).

Thus, for the second part,

Oghi.o () - gl o (1) = 00005 ar15(2. 8) 200 g 0 (2, 2),

since E[W,W,] =0 for a # . We conclude that

0.2

@fx,a/oo(a:) x/) = —— Zfl_i_ﬁya/_i_/@»(l', m’)@loé_jﬁ7a/+ﬁoo(l’, i[;/) + Zfl+,37a/+6(l‘, $’).
2k +1) ZB
]

Remark 4.4. Note that the proof for the NNGP and NTK behavior is mainly based
on the moment calculation in Lemma 4.53. Let’s take the second moment as an
exzample. E[W;;W,]can be seen as the correlation between one normalized vector and
another normal vector sampled uniformly from the orthogonal complement. From
this point view, the moment is independent of the matriz structure, and the results

of Lemma 3 can be extended to the case where (W;j)nxm satisfies
wwT = I, n<m.

Thus, we believe that the previous theorems also hold without assuming that the

weight matrix is a square matric.

4.6.3 NTK during Training

We can give an upper bound for the change of parameters and NTK at wide
width. We fist prove the local Lipschitzness of J(0) := Vgh®(0) € RIPm)xI0 where
0] is the number of parameters. Once we have the upper bound of .J(#), the stability
comes from proving that the difference is small of the NTK form time ¢ to time ¢+ 1.
As it has been observed in [37|, this step is universal of the network structure and

also the initialization. Thus, our primary target is construct local Lipschitzness of
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orthogonal initialization. The Lemma below illustrates the local Lipschitzness of

J(6) without scale condition for the input layer.

Lemma 4.4. (local Lipschitzness of J(0)) 3K > 0 s.t for every ¢ > 0, In, s.t for
n > n., we have the following bound:
17(6) = JO)|lr < K16 — 0]

for all |0 — 6] < -

Proof. We prove the result by induction for the standard parameterization, while

the proof for ntk parameterization can be derived in the same way. For [ > 1, let
51(9,1’) = Vhl(97x)hL(l') e R

5l(97X) = Vhl(g’X)hL(X) c R(TLLD)X(TLLD)

Let § = {W! v'}, = {Wl, 131} be two points in B(f, ¢). Since the initialization is
to choose an orthogonal matrix, i.e. WTW = ¢21. If the width n is large enough,
we have,

WY, W] <30. for all I.

As in the original proof for Gaussian initialization [37|, there is a constant K,

2

w?

depending on D, o2, o2, and number of layers L s.t with high probability over

orthogonal initialization,
120, X2, 118"(0, X2 < K,

(6, ) = 2" (0. X)[[o. 115'(8,X) = 8'(0, X)|l> < K]0 — 6]

Note: there is a scaling factor \/iﬁ along with ||z!(0, X)||» in the Gaussian case.
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Decomposing the J(f) into two parts, we have
1TO)IF =D IVweh @)} + [[Vu L"(0)]
!

=33l (0,2)80, )| + 1160, )73

I zeX

<Nt a6, 2)8 6, 2) ) - 1160 2)

I zeX

<D (KDY 18027
l T
<2LK}
and similarly,

17(6) = J(O)|[7 =

=S (a0, 0)8 (0, 0)" — 2 (0,2)8' (6, 0) 7|

I zeX
+ ([0, 2)8"(0, )" — ' 71(0,2)8" (0, 2)"|]* + [16'(0, 2)" — 6'(0,2)"|?

< D 2K{l6 - 61 + K716 — 6]
l
< 3K{L||0 0|
O

Note: In our setting, since we want the orthogonal and Gaussian initialization

have the same NTK, we need to scale the initialization for the input layer.

If we impose this condition, then,

Wlo, Wloﬁ?)awﬂ
IV g, 17y < 37,
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Chapter 5

Implicit bias of deep linear networks in the large
learning rate phase

5.1 Introduction

Deep neural networks have been responsible for a variety of breakthroughs and
other successes in both supervised and unsupervised learning. And, even after many
decades of study, our understandings of the theoretical mechanisms that underlie the
power of deep learning are continually being refined and expanded by researchers.
Remarkably, recent progress in deep learning theory has shown that optimizing an
over-parameterized network with gradient descent can result in very low or even zero
training errors 36, 41, 42, 85, 43|. Meanwhile, these over-parameterized networks
tend to generalize well to the test set, in a phenomenon known as double descent

[36].

Yet, with far more parameters than training samples, or even input dimensions,
how can an over-parameterized network possibly withstand the overfitting problem?
Among the most promising explanations for this question is implicit bias [52] also
referred to as implicit regularization [87|. Specifically, a large body of works studying
exponential tailed losses, including logistic and exponential losses, have reported that

strong regularization results using maximum margin [52, 53, 54, 60, 61].

Notably, all theoretical results associated with implicit bias are based on the
assumption that the learning rate is sufficiently small. At larger learning rates,
our theoretical understandings of the properties of optimization and generalization

are limited. One thing we do know from real-world observations is that adopting
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a learning rate annealing scheme with a large initial setting often performs better
than the methods prescribing a steady small rate [7, 88]. Lewkowycz et al. [81]’s
observation that the local curvature of the loss landscape drops significantly with
large learning rates shed some light on this issue, offering a promising direction
to explore the training process at a large learning rate typically delivers the best

performance in practice.

Hence, following the threads of [81], we sought to characterize training with
gradient descent at three different learning rate phases. Treating each rate as a
learning scenario or phase, the three are: (i) the lazy phase < 1o, where the learning
rate is small. In these scenarios, the dynamics of the neural network are linearized,
and the model converges to a nearby point in parameter space. Also known as lazy
training, this case is characterized by the neural tangent kernel [36, 38, 39, 40, 41, 42].
(ii) the catapult phase ny < n < 71, where the loss initially grows but then drops
until it converges to the solution with a flatter minimum. (iii) the divergent phase

n > 11, where the loss diverges and the model will not train.

The training behaviors in these three phases have been reported in regression
settings with mean squared error (MSE) loss. However, it remains unclear whether
these same results extend to cross-entropy (logistic) loss. To fill this gap, we have
examined the effects of a large learning rate on deep linear networks with both
logistic loss and exponential loss. What we find is that, unlike with MSE loss, the
characteristics of gradient descent with logistic loss at a large learning rate depend
on the separation conditions of the data. The main contributions of this chapter

include:

e A theoretical examination characterizing the dynamics of gradient descent
with logistic and experiential losses given different learning rates and data

separability conditions. We find that the network ultimately finds a flatter
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minimum in the catapult phase with a large learning rate when the data is
non-separable. Such three learning rate phases do not apply to the linearly

separable data since the optimum is approaching infinity.

e A theoretical analysis that ranges from a linear predictor to a hidden layer
network. By comparing the behavior of convex (Theorem 5.1) and non-convex
optimizations (Theorem 5.2), we show that the catapult phase is a phenomenon

unique to non-convex optimization.

e Experiments with practical classification tasks that show the best generaliza-
tion results tend to occur in the catapult phase. Given that infinite-width
analysis (i.e., lazy training) typically works to the detriment of generalization
and does not explain the practically-observed power of deep learning [89, 76],

our results partially fill this gap.

5.2 Background

A large learning rate with SGD training is often set initially to achieve good
performance empirically in deep learning [5, 7, 88|. Existing theoretical explanation
of the benefit of the large learning rate contributes to two classes. One is that a
large learning rate with SGD leads to flat minima [90, 91, 81| and the other is that
the large learning rate acts as a regularizer [82|. Especially, Lewkowycz et al. [81]
find a large learning rate phase can result in flatter minima without the help of
SGD for mean squared loss. In this work, we ask whether large learning rate still
has this advantage for logistic loss. We expect this loss function to have a different
outcome because the logistic loss is sensitive to the separable property of the data
and the loss surface is quite different from that of MSE. For example, it is shown
that gradient descent can learn less over-parameterized neural networks with logistic

loss than mean squared loss based on separability [92].
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5.2.1 Setup

Suppose there is a dataset {x;, 3} ,, with inputs z; € R? and binary labels

y; € {—1,1}. The risk of classification task follows the form,

L= > Sy, CBY

where f(z;) is the output of network regarding the input z;, and ¢ is the loss. In
this work, we study two exponential tail losses which are exponential 1loss ey, (u) =
exp(—u) and logistic loss fg(u) = log(1 + exp(—u)). The reason we look at these
two loss together is that they show the same phenomenon under gradient descent
on a linearly separable data set [52]. We adopt gradient descent optimization with

learning rate 1 to minimize empirical risk,

w(t +1) = w(t) = VL (1)) = w(t) =0 Y C(f(z:)y)- (5.2)

5.2.2 Separation Conditions of Dataset

It is known that landscapes of cross-entropy loss on linearly separable data and
non-separable data are different. Thus the separation condition plays an important
role in understanding the dynamics of gradient descent in terms of learning rate.
To build towards this, we define the two classes of separation conditions and review

existing results for loss landscapes of a linear predictor in terms of separability.

Assumption 5.1. The dataset is linearly separable, i.e., there exists a weight w,

so that the dataset can be separated by a linear predictor.

Assumption 5.2. The dataset is non-separable, i.e., there is no weight w, so that

the dataset can be separated by a linear predictor.

Linearly separable. Consider the data under assumption 5.1, one can examine

that the loss of a linear predictor, i.e., f(z) = w’x, is B-smooth convex. On the
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other hand, wecan say that the global minimum is at infinity. The implicit bias
of gradient descent training on a network with a small learning rate (n < 5) in
this phase has been studied by [52|. They show the network’s output function
can converge towards the maximum margin (hard margin SVM) solution, which
implies the gradient descent method itself will find a proper solution with an implicit
regularization instead of picking up a random solver. If one increases the learning
rate until it exceeds 1 < %, then the result of converging to maximum margin will

not be guaranteed, though loss can still converge to a global minimum.

Non-separable. Suppose we consider the data under assumption 5.2, which is

not linearly separable. In this case, we can find that the empirical risk of a linear

predictor on this data is a-strongly convex, and the global minimum is finite. In

this case, given an appropriate small learning rate (n < %), the gradient descent

converges towards the unique finite solution. When the learning rate is large enough,
2

ie., n > =, we can rigorously show that gradient descent update with this large

learning rate leads to risk exploding or saturating.

We formally construct the relationship between loss surfaces and learning dy-
namics of gradient descent with respect to different learning rates on the two classes

of data through the following proposition,

Proposition 5.1. For a linear predictor f = w”z, along with a l0ss £ € {{exp, liog }-

1 Under Assumption 5.1, the empirical loss is B-smooth. Then,

L(wiyr) — L(wy) <0,  lim L(wy) =0, with n < %

t—o0

2 Under Assumption 5.2, the empirical loss is B-smooth and a-strongly conver,
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where a < 3. Then,

L(wir) — L(wy) <0,  lim L(wy) = Gy, with n < 2

t—00 ﬁ
2
Lwi) = L(w) 20, lim L(w,) = Gy, with 1> >

where Gy is the value of a global minimum while G1 = oo for exploding situa-

tion or Gy < G1 < 0o when saturating.

5.3 Theoretical results

5.3.1 Convex Optimization

The Hessian of the logistic and exponential loss with respect to the linear pre-
dictor is non-constant. Moreover, the estimated S-smooth convexity and a-strongly
convexity vary across different finite bounded subspace. As a result, the learning
rate threshold in Proposition 5.1 is not detailed in terms of optimization trajectory.
However, we can obtain more elaborate thresholds of the learning rate for linear

predictor by considering the degeneracy assumption:

Assumption 5.3. The dataset contains two data points where they have same fea-

ture and opposite label, that is

($1 = 1,y1 = ]_) and (1’2 = ]_7y2 = —1)

We call this assumption the degeneracy assumption since the features from op-
posite label degenerate. Without loss of generality, we simplify the dimension of
data and fix the position of the feature. Note that this assumption can be seen as
a special case of non-separable data. There is a work theoretically characterizing
general non-separable data [54], and we leave the analysis of this setting for the

large learning rate to future work. Thanks to the symmetry of the risk function in
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space at the basis of degeneracy assumption, we can construct the exact dynamics

of empirical risk with respect to the whole learning rate space.

Theorem 5.1. For a linear predictor f = w’z equipped with exponential (logistic)
loss under assumption 5.3, there is a critical learning rate that separates the whole

learning rate space into two (three) regions. The critical learning rate satisfies
El(wo) = —El(wo - ncriticalﬁ,(wO))a

where wy is the initial weight. Moreover,

1 For exponential loss,
7 < Neritical © L(wey1) — L(wy) <0, tlglolo L(w) =1;
1 = Neriticar * L(wep1) = L(w;) =0, lim L(w;) = L(wo);
0 > Neritical © L(Wi1) — L(wy) > 0, lim L(w;) = .
2 For logistic loss,
1< 8 Llwen) — £lu) <0, Jim £(w) = log(2);
8 <) < e+ L) = L) <0, Jim L) = L) < Llwo):
1 2 Neritical * L(wer1) — L(wy) > 0, Jim L(wy) = L(w,) > L(wy).

where w, satisfies —w, = w, — g—lils(h“(}w) 7
5

We demonstrate the gradient descent dynamics with a degenerate and non-

separable example.

Example 5.1. Consider optimizing L(w) with dataset {(xy = 1,31 = 1) and (z9 =
Lyo = —1).} using gradient descent with constant learning rates. Figure 5.1(a,c)

show the dependence of different dynamics on the learning rate n for exponential and

logistic loss respectively.
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(a) Exponential Examplel : (b) Exponential Example2 (c) Logistic Examplel (d) Logistic Example2
5

0 20 40 0 20 40 0 200 400 0 200 400

Figure 5.1 : Dependence of dynamics of training loss on the learning rate for linear
predictor, with (a,b) exponential loss and (c,d) logistic loss on Example 5.1 and 5.2.
(a,c) The experimental learning curves are consistent with the theoretical prediction,
and the critical learning rates are neitical = 1.66843 and 7eiticar = 8.485 respectively.
(b,d) For non-separable data, the dynamics of training loss regarding the learning
rate for non-separable data are similar to those of a degenerate case. Hence the
critical learning rates can be approximated by 7Neiticat = 0.895 and neyitical = 4.65

respectively.

Example 5.2. Consider optimizing L(w) with dataset {(z1 = 1,y = 1), (22 =
2,yy = —1) and (x3=—1,y3 =1).} using gradient descent with constant learning
rates. Figure 5.1(b,d) show the dependence of different dynamics on the learning

rate n for exponential and logistic loss, respectively.

Remark 5.1. The dataset considered here is an example of a non-separable case,
and the dynamics of loss behave similarly to those with Example 5.1. We use this
example to show that our theoretical results on the degenerate data can be extended

to the non-separable data empirically.

5.3.2 Non-convex Optimization

The typical non-convex optimization model in machine learning is deep net-

works. For simplicity, we focus on a two-layer linear network, and the information
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propagation in these networks is governed by
f(z) = m YV 2@yWy, (5.3)

where m is the width, i.e., number of neurons in the hidden layer, w® ¢ R™*4
and w® € R™ are the parameters of the model. Taking the exponential loss as an

example, the gradient descent dynamics follow,

M gy ® L1 i@y, @

Wy = Wy~ — Wi " TalYa,
?m” ? (5.4)
2 _ (2 n —yafi(za)y, (1)
Wiy = Wy - — gm(—e vl Yo 0y,

where we use the Einstein summation convention to simplify the expression and will

apply this convention in the following derivation.

We introduce the neural tangent kernel, an essential element for the evolution
of output function in equation 5.8. The neural tangent kernel (NTK) is originated

from [36] and formulated as,

o 1 3 0f (xa) 0f (xs) (5.5)

T m 35,  Op

p=1 P

where P is the number of parameters. For a two-layer linear neural network, the
NTK can be written as,

Ous = — (W) (@) + (W) (2075)). (5.0

Here we use normalized NTK which is divided by the number of samples n. Under
the degeneracy assumption 5.3, the loss function becomes £ = cosh(m=1/2w®wM).

Then the equation 5.4 reduces to

1 1 Ui 2) . _ 2) (1
wgﬁl = w,g ) _ mwﬁ )smh(m 1/2w§ )w,g )),
m (5.7)
2 2 n 1) . _ 2) (1
wt(Jr)1 =w? — m1/2w£ ) sinh(m™/?w ! )).

The updates of output function f; and the eigenvalue of NTK \;, which are both

scalars in our setting:
2

~ 77 ~
ft-‘rl - ft - /r])\tftexp + _ftfthXIjn
m

an , - ’ oz
At—l—l - At - _nftftexp —I— U_Atftzexp’
m m
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(a) Exponential Example3 (b) Ex ponent ial Ex: amp\e4 » (c) Logistic Example3 (d) Logistic Example4
, .

—

% &

S ) t t ) t )
(e) Exponential Example3 (f) Exponential Example4 (g) Logistic Example3 (h) Logistic Example4
091

Figure 5.2 : Dependence of dynamics of training loss and maximum eigenvalue of
NTK on the learning rate, with (a,b,e,f) exponential loss and (c,d,g,h) logistic loss
on Example 5.3 and 5.4. (a,b,c,d) The loss increases at the beginning and converges
to a global minimum. (e,f,g,h) The maximum eigenvalue of NTK converges to a

value which is lower than its initial position.

where ftexp := sinh(f;) while ftlog = % for logistic loss.

We have introduced the catapult phase where the learning rate is larger than a
threshold. In this phase, the loss increases at the beginning and then drops until it
converges to a global minimum. In the following theorem, we prove the existence of

the catapult phase on the degenerate data with exponential and logistic loss.

Theorem 5.2. Under appropriate initialization and assumption 5.3, there exists
a catapult phase for both the exponential and logistic loss. More precisely, when n
belongs to this phase, there exists a T" > 0 such that the output function f; and the

eigenvalue of NTK \; update in the following way:

i. L, keeps increasing when t < T.

ii. After the T step and its successors, the loss decreases, which is equivalent to:

| freal > | fraeel > [ fres| > ...
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1i. The eigenvalue of NTK keeps dropping after the T steps:

ATp1 > Arg 2 Ay > o

Moreover, we have the inverse relation between the learning rate and the final eigen-

value of NTK: Ay < limy_, n?ft with exponential loss or Moo < limy_q n;l;ft with
texp tlog

logistic loss.

We demonstrate that the catapult phase can be found in both degenerate and
non-separable data through the following examples. The weights matrix is initialized
by i.i.d. Gaussian distribution, i.e. w® w® ~ N(0,02). For exponential loss, we
adopt the setting of 02 = 0.5 and m = 1000 while we set 02 = 1.0 and m = 100 for

logistic loss.

Example 5.3. Consider optimizing L(w) using one hidden layer linear networks
with dataset {(x1 = [1,0],yn = 1) and (zy = [1,0],y2 = —1).} and exponential
(logistic) loss using gradient descent with constant learning rate. Figure 5.2(a,c,e,q)
show how different choices of learning rate n change the dynamics of the networks

with exponential and logistic loss.

Example 5.4. Consider optimizing L(w) using one hidden layer linear networks
with dataset {(z1 = [1,1],y1 = —1), (22 =[1,-1,;1n = 1), (23 =[-1,-2], 1 =
1) and (x4 =[—1,1],y4 = 1).} and exponential (logistic) loss using gradient descent
with constant learning rate. Figure 5.2(b,d,f,h) show how different choices of learning

rate n change the dynamics of networks with exponential and logistic loss.

As Figure 5.2 shows, in the catapult phase, the eigenvalue of the NTK decreases to
a lower value than its initial point, while it keeps unchanged in the lazy phase where
the learning rate is small. For MSE loss, the lower value of the NTK indicates the

flatter curvature given the training loss is low [81]. Yet, it is unknown whether the
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(a) Exponential Example3 10 (b) Exponential Example4 (c) Logistic Example3 (d) Logistic Example4
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Figure 5.3 : Top eigenvalue of NTK (\g) and Hessian (hg) measured at ¢ = 100
as a function of the learning rate, with (a,b) exponential loss and (c,d) logistic loss
on Example 5.3 and 5.4. The green dashed line = 7y represents the boundary

between the lazy phase and catapult phase, while black dashed line n = 7, separates

2

the other two phases. The setting are: o

= 0.5 and m = 100 for exponential
loss, and the setting for logistic loss is 02 = 0.5 and m = 200. (a,c) The curves of
maximum eigenvalue of NTK and Hessian coincide as predicted by the corollary 5.1.

(b,d) For the non-separable data, the trend of the two eigenvalue curves is consistent

with the change of learning rate.

aforementioned conclusion can be applied to exponential and logistic loss. Through
the following corollary, we show that the Hessian is equivalent to the NTK when

the loss converges to a global minimum for degenerate data.

Corollary 5.1 (Informal). Consider optimizing L(w) with one hidden layer linear
network under assumption 5.3 and exponential (logistic) loss using gradient descent
with a constant learning rate. For any learning rate that loss can converge to the
global minimum, the larger the learning rate, the flatter curvature that gradient

descent will achieve at the end of training.

We demonstrate the flatter curvature can be achieved in the catapult phase
through Example 5.3 and 5.4, using the code provided by [93]| to measure Hessian,
as shown in Figure 5.3. In the lazy phase, both curvature and eigenvalue of NTK

are independent of the learning rate at the end of training. However, in the catapult
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phase, the curvature decreases to the value smaller than that in the lazy phase. In
conclusion, the NTK and Hessian have similar behavior at the end of training on

non-separable data.

Finally, we compare our results for the catapult phase to the result with MSE

loss and show the summary in Table 5.1.

Table 5.1 : A summary of the relationship between the separation conditions of the

data and the catapult phase for different losses

separation condition linear separable | degenerate | non-separable
exponential loss (this work) X v v/
logistic loss (this work) X v v
squared loss ([81]) v v v

5.4 Experiments

In this section, we present the numerical results conducted with deep linear NN,
equipped with logistic loss, and CIFARI10 to examine whether reaching a flatter
minimuma in the catapult phase leads to better generalization with real applications.
We selected two of the ten categories in the CIFAR-10 dataset, "cars" and "dogs", to
form a binary classification problem and compared the generalization performance
of models at end of training with different learning rates and with two different

stopping scenarios.

In Figure 5.4 we show the final performance of two linear networks, one with
one hidden layer and no bias; and the other with two hidden layers and bias. Both
networks were trained on CIFAR-10. Figure 5.4(a,c) show the results with a fixed

training time. Figure 5.4(b,d) show the results with a fixed physical training time,
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(a) Network 1 (b) Network 1 (c) Network 2 (d) Network 2
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Figure 5.4 : Test performance of deep linear networks with respect to different
learning rate phases. The data size is of Ny = 2048 and nye, = 512, (a,b) A
two-layer linear network without bias of ¢2 = 0.5 and m = 500. (c,d) A three-layer
linear network with a bias of 02 = 0.5, 07 = 0.01, and m = 500. (a,c) The test
accuracy is measured at the time step ¢ = 500 and ¢ = 300 respectively. (b,d)
The test accuracy is measured at the physical time step (red curve), after which it
continues to evolve for a period of time at a small learning rate (purple): tyn, = 50/7
and extra time t = 500 at n = 0.01 for the decay case. Although the results in the
catapult phase do not perform as well as the lazy phase when there is no decay, the
best performance can be found in the catapult phase when adopting learning rate

annealing.

defined as t,n, = ton, where ¢ is a constant. As shown in 5.4, fixing the training
time leads to higher test accuracy in the catapult phase. However, it also results in
a bias in favor of large learning rates, since large learning rates naturally run faster.
In the second scenario (Figures 5.4(b,d)), the models trained at a large learning
rate did not perform nearly as well as those trained at a steady small learning rate.
Nevertheless, we can still achieve highest accuracy in the catapult phase where the
learning rate exceeds a critical threshold when adopting the learning rate annealing

strategy.

According to theorem 2 from [58], data can be divided into two partitions: one
linearly separable; the other non-separable. When tuning a learning rate to large,

the algorithm quickly iterates to a flat minimum in the space spanned by non-
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separable data. But this large learning rate prevents gradient descent from achieving
the maximum margin with the linearly separable data. As a result, generalization
ability deteriorates for some of the data. This explains why performance degrades
to below a small learning rate with a fixed number of physical steps. On the other
hand, an annealing strategy with a large learning rate followed by a small learning
rate, produces good results. The large learning rate has learned has learned a
flat curvature, the subsequent small learning rate will not affect this result for non-
separable data. Further, reducing the learning rate can restore the maximum margin

of the linearly separable data, ultimately delivering much better performance overall.

5.5 Discussion

Inspired by the seminal work [81], this study characterizes the dynamics of deep
linear networks on binary classification problem at large learning rates. We find
that producing the catapult effect in the large learning rate phase depends on the
separation conditions associated with logistic and exponential loss. According to our
theoretical analysis, the loss in the catapult phase can converge to a flatter minimum
than that in the lazy phase, from the perspective of the Hessian. We show empirically
that, even without SGD optimization, the best generalization performance for linear
networks can be achieved in the catapult phase. This work advances our theoretical
understanding of the training behaviors resulting from large learning rates with
linear networks for binary classification. However, many open questions remain in
this nascent field of study. For example, there is no solid theory on the effects of
a large learning rate for non-linear networks. The same can be said of stochastic
gradient descent with large learning rates. We leave these unsolved problems for

future work.
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5.6 Proof

This appendix is dedicated to proving the key results of this paper, namely
Proposition 5.1 and Theorems 5.1, 5.2, and Corollary 5.1 which describe the dy-
namics of gradient descent with logistic and exponential loss in different learning

rate phases.

Proposition 5.1. For a linear predictor f = w”xz, along with a 10ss € € {lexp, liog }-

1 Under Assumption 5.1, the empirical loss is [3-smooth. Then the gradient
descent with constant learning rate n < % never increase the risk, and empirical

loss will converge to zero:

2
L(wgrr) — L(wy) <0,  lim L(w) =0, with n< -

t—o00 5

2 Under Assumption 5.2, the empirical loss is [-smooth and a-strongly conver,
where a < . Then the gradient descent with a constant learning rate n < %
never increases the risk, and empirical loss will converge to a global minimum.

On the other hand, the gradient descent with a constant learning rate n > %

never decrease the risk, and empirical loss will explode or saturate:

L(wir) — L(wy) <0,  lim L(wy) = Gy, with n <

t—o00

Ol ™ N

L(wis1) — L(wy) >0, Jim L(w;) =Gy, with n>

where Gy is the value of a global minimum while G; = oo for exploding situa-

tion or Gy < 1 < oo when saturating.

Proof. 1 We first prove that empirical loss £(u) regrading data-scaled weight
w; = w!z;y; for the linearly separable dataset is smooth. The empirical loss
can be written as £ = Y, {(u;), then the second derivatives of logistic and

exponential loss are,

ﬁgxp = th/a,xp(ui) = Z eXp”<_ui) - Z eXP(_Ui)
=1 =1 =1
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n

exp(—
log = Z tog (i Zlog (1 + exp(—ui)) Z (1 + exp(— ))2

i=1 i=1 =1

when w; is limited, there will be a 8 such that E” < f3. Besides, because
there exists a separator w, such that Vi : w!z;1; > 0, the second derivative of
empirical loss can be arbitrarily close to zero. This implies that the empirical

loss function is not strongly convex.

Recall a property of f-smooth [94],

1
£l) < f(@) + (T (g = @)+ 5By - 2
Taking the gradient descent into consideration,

L(win) < L) + (T £60) (s — ) + 56 s — i
= L) + (Y £w) (— 1V L) + 56 |-V L]
= £(w) — (1~ L) |V,

Whenl—ﬂ2ﬁ>0,thatisn<2,
L(wig1) < L(wy) —n(l - —) IV LI* < L(w)

We now prove that output function of the network will converge to a zero with

learning rate n < % We change the form of inequality above,

L(w;) — L(wy41)

n(l-1%)

> ||V, L(w0) ||

this implies,

t=0 (1l — %)
L - L
)= tun) _
n(l—%)
therefore we have lim;_,« ||V, L(w;)|| = 0.

When the data is not linear separable, there is no w, such that Vi : w! z;1; > 0.

Thus, at least one w! z;y; is negative when the other terms are positive. This
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implies that the solution of the loss function is finite and the empirical loss is

both a-strongly convex and S-smooth.

Recall a property of a-strongly convex function f [94],
1
f@) 2 f(@) + (V) (= 2) + 5 ly —
Taking the gradient descent into consideration,

1
E(thrl) Z E(wt) + (thﬁ(wt)T(th — U)t) + 506 Hwt+1 — wt|]2

1
= L) + (Vi L(w) (= Vi Llw)) + sa -0V, L]
no
= L(w) =n(1 = =) [Vu £

when 1 — 2> < 0, that is n > %, we have,

Llwen) 2 Llw) = (L = 5 [V LI = L(wy).

O

Theorem 5.1. For a linear predictor f = w”

x equipped with exponential (logistic)
loss under assumption 5.3, there is a critical learning rate that separates the whole

learning rate space into two (three) regions. The critical learning rate satisfies
ﬁl(wo) = —/J(wo - ncriticalcl(wO))a

where wy is the initial weight. Moreover,

1 For exponential loss, the gradient descent with a learning rate 1 < Neritical
never increases loss, and the empirical loss will find the global minimum. On
the other hand, the gradient descent with learning rate 11 = Nepitical Will oscillate.
Finally, when the learning rate n > Neigical, the training process never decreases

the loss and the empirical loss will explode to infinity:

L(wgr) — L(wy) <0,  lim L(w) =1, with 1 < Neitical

t—o00

L(wg1) — L(wy) =0,  lim L(w) = L(wg), with 1 = Nexitical,

t—o00

E(’th) - [,(’U.)t) > 0, lim E(wt) = o0, with 1 > Neritical -

t—o00
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Figure 5.5 : Graph of ¢(x) for the two losses. (a) Exponential loss with learning

rate n = 10. (b) Logistic loss with learning rate n = 10.

2 For logistic loss, the critical learning rate satisfies a condition: Neitical > 8.
The gradient descent with a constant learning rate n < 8 never increases the
loss, and the loss will converge to the global minimum. On the other hand, the
loss along with a learning rate 8 < N < Neitical Will not converge to the global
minimum but oscillate. Finally, when the learning rate n > Neyitical, gradient

descent never decreases the loss, and the loss will saturate:

L(wg1) — L(wy) <0, lim L(w) = log(2), with n < 8§,

t—o00

E(U)H_l) — E(wt) S O, tli)m ﬁ(wt) = [,(U)*) < ﬁ(UJO)J with 8 S 1 < Neritical,

['(wt—l—l) - E(wt) 2 07 thm ﬁ(wt) - ['(w*) Z E(w0)7 wlth n Z Teritical -

. inh
where w, satisfies —w, = w, — gl—T—l:T(ﬁl(]w))

Proof. 1 Under the degeneracy assumption, the risk is given by the hyperbolic
function £(w;) = cosh(w;). The update function for the single weight is,

Wyr1 = wy — nsinh(wy).

To compare the norm of the gradient |[sinh(w;)|| and the norm of loss, we
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introduce the following function:
o) = nL'(x) — 2 (5.9)
= nsinh(x) — 2z, for z > 0. (5.10)
Then it’s easy to see that
L(weer) > |[L(wy)| <= o(|w]) > 0.

In this way, we have transformed the problem into studying the iso-surface of

¢(x). Define Phase; by

Phase; = {z|¢(z) < 0}.

Let Phase, be the complementary set of Phase; in [0,4+00). Since % is

monotonically increasing, we know that Phase, is connected and contains +o00.

Suppose 17 > Neritical, then ¢(wp) > 0, which implies that
L(wy) > L(wp) and |wy| > |wp.
Thus, the first step gets trapped in Phase,:

gb(wl) > 0.

By induction, we can prove that ¢(w;) > 0 for arbitrary ¢ € N, which is

equivalent to

L(wy) > L(wy—q).

Similarly, we can prove the theorem under another toe initial conditions: n =

Teritical and n < Teritical -

Under the degeneracy assumption, the risk is governed by the hyperbolic func-
tion £(w;) = 2 log(2 + 2cosh(w)). The update function for the single weight

is,
n  sinh(w;)

P =T o cosh(wy)’



99

Thus,
o(x) =nL'(x) — 2x (5.11)
- g% — 2z, forz > 0. (5.12)
Unlike the exponential loss, ﬁiﬁ%m is monotonically decreasing, which

means that Phasey of ¢(z) doesn’t contain +oo.(see figure 5.5).
Suppose 8 < 1 < Neritical, then wy lies in Phase,. In this situation, we denote

the critical point that separates Phase; and Phasey by w,. That is

sinh(w, )
—Wy = Wy — N—————.
1 + cosh(w.)
Then it’s obvious that before w; arrives at w,, it keeps decreasing and will

eventually get trapped at w,:

lim w; = w,,
t—o0

and we have

lim L(w;) — L(w;_1) = 0.

t—o0
When 1 < 8, Phase, is empty. In this case, we can prove by induction that

¢(w;) > 0 for arbitrary ¢ € N, which is equivalent to

L(w) > L(w,_,).

Theorem 5.2. Under appropriate initialization and assumption 5.3, there exists
a catapult phase for both the exponential and logistic loss. More precisely, when n
belongs to this phase, there exists a T > 0 such that the output function f; and the

eigenvalue of NTK \; update in the following way:

i. Ly keeps increasing when t < T.
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Figure 5.6 : Different colors represent different A(NTK) values. (a) graph of ¢, (z)
equipped with the exponential loss. (b) graph of the derivative of ¢,(z) equipped
with the exponential loss. (c) graph of ¢,(z) equipped with the logistic loss. (d)
graph of the derivative of ¢,(x) equipped with the logistic loss. Notice that the

critical point of the exponential loss moves to the right as A decreases.

it. After the T step and its successors, the loss decreases, which is equivalent to:
| freal > | fraeel > [fres| > ...

1i. The eigenvalue of NTK keeps dropping after the T steps:

Arp1 > Mg 2> Ay > ..

Moreover, we have the inverse relation between the learning rate and the final eigen-

value of NTK: Ay < limy_, n}lf’f with exponential loss, or Ao < limy_. o n;ft with

texp tlog

logistic loss.

Proof. Exponential loss

fexp satisfies:
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iii. fexp(a:) has exponential growth as x — oco.

By the definition of the normalized NTK, we automatically get
A > 0.

From the numerical experiment, we observe that at the ending phase of training,
A¢ keeps non-increasing. Thus, A\; must converge to a non-negative value, which
satisfies

2
. 4n .
D2 =47 <o (5.13)
m m

Thus, A < lim;_, Al
nf

Since the output f converges to the global minimum, a larger learning rate will lead
to a lower limiting value of the NTK. As it was pointed out in [81], a flatter NTK
corresponds to a smaller generalization error in the experiment. However, we still
need to verify that large learning rate exists.

Note that during training, the loss function curve may experience more than one
wave of uphill and downhill. To give a precise definition of large learning rate, it

should satisfy the following two conditions:
i. |fry1] > | fr|, this implies that
Lri1 > L.
For the T + 1 step and its successors,

|freal > [fre| = | fresl = -

ii. The norm of NTK keeps dropping after T steps:

)\T>)\T+1Z>\T+22~--
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If we already know that the loss keeps decreasing after the T+ 1 step, then

”7 ~ ~
A)\:Ef-(n)\f—élf). (5.14)
Since % > 1 and is monotonically increasing when f = sinh f, we automatically
have
Ar > App1 > Ao >
If
4 4
)\T < ﬁ and )‘T-H < f~T+1 .
nfr njr+

This condition holds if the parameters are close to zero initially.
To check condition (1), the following function which plays an essential role as in the

non-hidden layer case:

2
ox(x) = nAsinh(z) — %az sinh?(x) — 22, for 2 > 0.

Notice that an extra parameter A emerges with the appearance of the hidden layer.
We call it the control parameter of the function ¢(z).
For a fixed A, since now ¢(x) becomes linear, the whole [0, +00) is divided into three

phases (see figure 5.6):

Phase; := the connected component of {z| ¢,(x) < 0} that contains 0,
Phases := {z| ¢x(z) > 0},

Phases := the connected component of {z| ¢,(x) < 0} that contains + oc.

It’s easy to see that Lex,(fri1) > Lexp(fr) if and only if

Oap(fr) > 0.

That is, fr lies in Phase, of ¢,,.. Similarly,

'Cexp(fT+2) < ’Cexp(fT-i-l) — ¢/\T+1<fT+1) < 0.
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That is, fri1 jumps into Phase; of ¢,,,,. Denote the point that separates Phase;

and Phase, by ., then form the graph of ¢, (z) with different A\, we know that
o (N) > a.(N) if N <A
Therefore, condition (1) is satisfied if

To(Ari1) > fr + I (f1) (5.15)

and at the same time,

)‘T—i-l — >\T > 0.

For simplicity, we reset 1" as our initial step. Write the output function f; as

fer1 = fil(1+ Ay), (5.16)
where A; = §ﬁ2 — n)\tft/ft. Thus, ¢x,(fo) > 0 is equivalent to Ay < —2.
Similarly, write the update function for \; as

Aty = M(1+ By, (5.17)

where B; = "—:L ff — %7 ft fi/ M. To fulfill the above condition on NTK, we need
BO < 0.

To check (5.15), let the initial output fy be close to X.(\g) (this can be done by
adjusting wp):

0< fo—Xi<e

Then by the mean value theorem,

0z,
O\

2.(M) — 2 (No) = =2 (A,) - AN,

The derivative gi: can be calculated by the implicit function theorem:
Or, _3¢A($*)/3¢A($*)
oA oA 0x,
= sinh(x*)/gqs’\(x*) :

oz,



104

Oz

It’s easy to see that |73

is bounded away from zero if the initial output is in Phase,
and near x, of ¢, (x) (see Figure 5.6).
On the other hand, we have the freedom to move fy towards x, of ¢,,(z) without

breaking the A\ < 0 condition. Since

o\f, mAf

< e

Therefore, we can always find a ¢ > 0 such that 0 < fy — z. < € and (5.15) is
satisfied. Combining the above, we have demonstrated the existence of the catapult

phase for the exponential loss.

logistic loss

When Considering the degeneracy case for the logistic loss, the loss will be

1
L= 5 log(2 + 2 cosh(m ™ Y2w®wM)). (5.18)

Much of the argument is similar. For example, Equation (5.13) still holds if we

replace fexp by

: _ sinh(z)
frog ) := 1 + cosh(z)’
ﬁog satisfies
i | frog ()] = | fiog(—2)|-
i, | flog(2)] <1 for x € (—o0, 00).
This implies that
£
1< 5
fr=2

Then by (5.14), we have AX < 0 if A < %. Thus, condition 2 is satisfied for both

loss functions. Now, ¢, (z) becomes:

B sinh(z) n? sinh’(z)
) = I~ Tt o~ 2
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along with its derivative:

b cosh(x) nAsinh?(x)
a(@) =n 1+cosh(z) (1+cosh(z))? 2
n?  sinh?®(x) B 2772 sinh(x) [ cosh(z) sinh?(xz) !

" m(1+cosh(z))?  “m1+cosh(z) 1+ cosh(z) (1 + cosh(z))?
The method of verifying condition 1 is similar with the exponential case, except
that ¢,(x) has only Phase; and Phase, (see figure 5.6). As the NTK A goes down,

Phase; will disappear and at that moment the loss will keep decreasing. Let A, be

the value such that ¢\ (x) =0, then
A = 4/n.

During the period when 4/n < A\, < 8/n, the NTK keeps dropping and the loss may
oscillate around x,. However, we may encounter the scenario that both the loss and
the \; are going up before dropping down simultaneously (see the first three steps in
figure 5.6). Theoretically, it corresponds to jump from Phases to Phases and then
to Phase; of ¢y, (x) in the first two steps. This is possible since flog is decreasing

when = > 0. This implies that

LR |
=y

So an increase of the output will cause the NTK to drop faster. m

| if f<f.

| <]

Corollary 5.1 (Informal). Consider optimizing L(w) with one hidden layer linear
network under assumption 5.3 and exponential (logistic) loss using gradient descent
with a constant learning rate. For any learning rate that loss can converge to the
global minimal, the larger the learning rate, the flatter curvature the gradient descent

will achieve at the end of training.

Proof. The Hessian matrix is defined as the second derivatives of the loss with

respect to the parameters,
0?L

H pu—
06,004
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where 0,03 € {w®, w®} for our setting of linear networks. For logistic loss,

1 x— 0% exp(—vyifi
=13 0" exp(—y.fi)

90,00,
1 9% dfi Ofi
25;[8%89 <P (=i fi)(~ui) + 5g- 96, exp(—yif;)]

We want to make a connection from Hessian matrix to the neural tangent kernel.

ofi Ofi
900 905"

Note that the second term contains which can be written as JJT, where

J = vec[ggf]. While NTK can be expressed as JZ.J. It is known that they have the
J
same eigenvalue. Further more, under assumption 5.3, we have n = 2 and f; = fs,

thus,

1 O*f; oL  Of; 0f;
H o= hdind
w0 =02 L5057, + o6, 06,")

Suppose at the end of gradient descent training, we can achieve a global minimum.

Then we have, 2 W =0, and £ = 1. Thus, the Hessian matrix reduce to,

1 af; O0f;
Hoy— L3 201

n

In this case, the eigenvalues of Hessian matrix are equal to those of neural tangent

kernel. Combine with the 5.2, we can prove the result.

For logistic loss,

1 9% log(1 + exp(—vi fi))
Hap =7 Z 90,005
B Z O*fi exp(—vifi)(—vys) n of; 0fi  exp(—wifi) }
00,005 1+ exp(—yifi) 00,005 (14 exp(—yifi))?
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Under assumption 5.3, we have n = 2 and f; = f,, thus,

anz oL afi of; eXp(_yifi)
68 2003 8f9 89a 005 (1 + exp(—yifi))?

Suppose at the end of gradient descent training, we can achieve a global minimum.

Then we have, 3759 =0, and f; = 0. Thus, the Hessian matrix reduce to,
1 af; df;
Ho, - LN 0001
4dn 89a 095

In this case, the eigenvalues of Hessian matrix and NTK have the relation %MNTK =

/\Hessian .
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Chapter 6

Wide graph neural networks: aggregation provably
leads to exponentially trainability loss

6.1 Introduction

Recently, Graph Convolutional Networks (GCN) have shown incredible abili-
ties to learn node or graph representations and achieved superior performances for
various downstream tasks, such as node classifications |9, 10, 11, 12|, graph classifica-
tions [13, 14, 15, 16, 17, 18], link predictions [19], etc. However, most GCNs achieve
their best at a shallow depth, e.g., 2 or 3 layers, and their performance on those
tasks promptly degrade as the number of layers grow. Towards this phenomenon,
some attempts have been made expecting to deepen understanding of current GNN
architectures and their expressive power. Li et al. [95] showed that GCN mixes
node representations with nearby neighbors. This mechanism potentially posed the
risk of over-smoothing as more layers were stacked together, where node represen-
tations in an extensive range tended to be indistinguishable from each other. Alon
et al. [96] analyzed the propagation mechanism of GCN and attribute performance
deterioration to the over-squashing problem. As each node iteratively aggregates
messages from its neighbors, exponentially-growing information is embedded into a
fixed-length vector, which causes information loss and thus undermines the expres-
sive power of generated representations. Oono et al. [97] investigated the expressive
power of GNNs using the asymptotic behaviors as the layer goes to infinity. They
proved that under certain conditions, the expressive power of GCN is determined by

the topological information of the underlying graphs inherent in the graph spectra.
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More recently, a series of latest works [98, 99, 100, 101, 102] explored the underlying
reasons for performance degrading and corresponding solutions, but rare of them

theoretically investigated the expressivity and trainability of deep GNNs.

To fill this gap, we resort to the infinitely-wide multi-layer GCN. The research
on infinitely-wide networks was originated from a work by [103|. Neal showed the
one hidden layer networks with random weights at initialization (without training)
are Gaussian Processes (GPs). Later, the connection between GPs and multi-layer
infinitely-wide networks with Gaussian initialization [66, 78| and orthogonal weights
[46] was reported. Meanwhile, from a “mean-field theory” perspective [22, 23|, the
GP Kernel (GPK) of a deep network can be used to measure the expressivity. As a
result of studying the GPK under mean-field theory, an order-to-chaos expressivity
phase transition split by a critical line was found [22, 23]. It is also hypothesized that
wide networks can be trained successfully when the expressivity is maintained as the
network goes deeper. This ansatz was tested and verified by practical experiments
with a wide range of architectures, including convolutions [26], recurrent networks

[27], and residual networks [25], and more.

Despite the significant development from the mean-field theory, it is beyond the
scope of this study to examine the optimization property of infinitely-wide networks.
Recent trends in Neural Tangent Kernel (NTK) have led to a proliferation of studies
on the optimization and generalization of infinitely-wide and ultra-wide networks.
In particular, Jacot et al. [36] made a groundbreaking discovery that the evolution
of neural networks by gradient descent training with a sufficient small learning rate
or gradient flow in the infinite width limit can be captured by an NTK. Meanwhile,
a considerable literature has grown up around the theme of NTK and gained a
great deal of successes in deep learning theory for ultra-wide (over-parameterized)
networks [37, 38, 39, 40, 41, 42, 43]. Recently, [47] formulated Graph Neural Tangent

Kernel for infinitely-wide GNNs and shed light on theoretical guarantees for GNN.
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Prior to the discovery of GNTK, people had been puzzled by the non-convexity
of graph neural networks, which is analytically intractable. In the learning regime
of GCN governed by GNTK, the optimization becomes an almost convex problem,

making GNTK a promising method to study deep GCN'’s trainability.

In this work, we leverage these techniques on infinitely-wide networks and inves-
tigate whether ultra-wide GCNs are trainable in the large depth. In particular, we
formulate the large-depth asymptotics behavior of GPK inspired by recent advances
on network’s expressivity through mean-field theory |22, 23|. Furthermore, we study
the trainability of ultra-wide GCN by computing the GNTK in the large-depth limit
illuminated by innovative works on the deep networks [104, 105|. Besides, we ex-
tend our theoretical framework to the residual connection-like techniques and show
these techniques can mildly slow down the exponential decay instead of overcoming

it thoroughly. Our contributions are as follows:

e We compute the large-depth limiting behavior of GPK to measure expressiv-
ity of deep GCNs. We prove that the infinitely-wide GCNs lose expressivity

exponentially due to aggregation.

e As far as we know, we are the first to investigate the trainability of deep and
wide GCN through GNTK. We prove that all elements of a GNTK matrix
regarding a pair of graphs converge exponentially to the same value, making
the GNTK matrix singular in the large depth. Based on this result, we make
a corollary that ultra-wide GCNs’ trainability exponentially collapses on node

classification tasks.

e We apply our theoretical analysis to the residual connection-resemble tech-
niques for GCNs and show that residual connection can, to some extent, slow
down the exponential decay rate. However, our theory shows that residual

connection can not fundamentally solve the exponential decay problem. This
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result can be used to explain to what extent the recent residual connection-

resemble method works.

e The experiments are conducted to validate our theoretical analysis quantita-
tively. Together with the above findings, we provide comprehensive guidance

for the development of deep GCNss.

6.2 Background

We review the mean-field theory of Gaussian Process Kernel and Neural Tangent
Kernel for infinitely-wide networks. Furthermore, we introduce Graph Convolutional

Networks along with our setup and notation.

6.2.1 Mean Field Theory and Expressivity

We begin by considering a fully-connected network of depth L of widths m; in
each layer. The weight and bias in the I-th layer are denoted by W® ¢ Rm™>mi-1
and b) € R™ . Letting the pre-activations be given by hgl). Then the information

propagation in this network is governed by,
h = Z W o(hS ™) + b (6.1)

where ¢ : R — R is the activation function, o,, and o, define the variance scale of
the weights and biases respectively. Given the parameterization that weights and
biases are randomly generated by i.i.d. normal distribution, the pre-activations are
Gaussian distributed in the infinite width limit as m; — oo, mg — 00, -+ ,mp_1 —
oo. This results from the central limit theorem (CLT). Consider a dataset X €
R™* ™o of size n = | X|, the covariance matrix of Gaussian process kernel regarding
infinitely-wide network is defined by X! (z, 2") = E[hl( )(a:)h,fl (2")]. According to the

signal propagation Equation (6.1), the covariance matrix or GPK with respect to
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layer can be described by a recursion relation,
(@, 2") = 0 Epoposa-y[@(h(2)d(h(a")] + o} (6.2)

The mean-field theory is a paradigm to study the limiting behavior of GPK,
which is a measure of expressivity for networks [22, 23|. In particular, expressivity
describes to what extent can two different inputs be distinguished. The property
of evolution for expressivity ¥()(z,2’) is determined by how fast it converges to
its fixed point ¥*(z,2") = limy_,o LV (2, 2'). It is shown that in almost the entire
parameter space spanned by hyper-parameters o, and o, the evolution exhibits
a dramatical convergence rate formulated by an exponential function except for a
critical line known as the edge of chaos [22, 23, 25]. Consequently, an infinitely-
wide network loses its expressivity exponentially in most cases while retaining the

expressivity at the edge of chaos.

6.2.2 Neural Tangent Kernel and Trainability

Most studies on infinitely-wide networks through mean-field theory have only
focused on initialization without training. Jacot et al. [36] took a step further by
considering the infinitely-wide network trained with the gradient descent method.
Let £ be the cost function. In the general case, the NTK varies with the training
time, thus providing no substantial insight into the convergence property of neural
networks. Interestingly, as shown by [36], the NTK converges to a limit kernel and
does not change during training in the infinite width limit. This leads to a simple
but profound result when using MSE loss, £ = £ || f;(X) — Y||3, where Y is the label

regarding the input X,
Fi(X) = (I — e mO=XNNY 4 7m0 (X1 £ (X)) (6.3)

where O is the limiting kernel. As the training time ¢ tends to infinity, the output

function fits the label very well, i.e., foo(X) =Y. As proved by [104] (Lemma 1), the
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network is trainable only if O (X, X) is non-singular. Quantitatively, the condition
number £ = Apax/Amin can be a measure of trainability as applied and confirmed by

[105).

6.2.3 GCNs

We define a graph as G = (V, E). In this graph the V' is a collection of nodes, on
the other hand, F is a set of edges. We denote the number of nodes in graph G' by
n = |V]. The node features are denoted as h, € R? for each v € V', with d being the
dimension of node features. Node classification task is to predict labels of unseen
nodes by learning from a set of graphs G = {G;}S and their labels Y = {y;}¢,
where N¢ is the number of graph in the dataset. In this work, we develop our
theory towards understanding the expressivity and trainability of GCNs on the node

classification task.

GCNs iteratively update node features through aggregating and transforming
the representation of their neighbors. Figure 6.1 illustrates an overview of the in-
formation propagation in a general GCN. We define a propagation unit to be the
combination of a R-layer MLP and one aggregation operation. We use subscript
(r) to denote the layer index of MLP in each propagation unit and use superscript
(I) to indicate the index of aggregation operation, which is also the index of the
propagation unit. L is the total number of propagation units. Specifically, the
node representation propagation in GCNs through a multi-layer perceptron (MLP)

follows the expression,

1 _
ho(u) = ————— Y hip ) (6.4)
(0) (R)
|N(U)| +1 veN (u)Uu
Ow
hg?) (u) = —W(g(b(hgi)_l)(u)) + Ubbgi)) (6.5)

Jm

where W((rl; and bglr)) are the learnable weights and biases respectively, ¢ is the ac-

tivation function, N (u) is the neighborhood of node u, and N(u) U w is the union
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Figure 6.1 : Overview of the information propagation in a general GCN

of node v and its neighbors. Equation (6.4) describes the node feature aggregation
operation among its neighborhood according to a GCN variant [11]. Equation (6.5)
is a standard non-linear transformation with NTK-parameterization [36], where m is
the width. With regard to the activation function, we focus on both ReLLU and tanh,

which are denoted as ¢(x) = max{0,z} and ¢(z) = tanh(z) respectively. Without

loss of generality, our theoretical framework can handle other common activations.

By comparison, the GNTK work [47] only adopted ReLU activation.

6.3 Theoretical Results

6.3.1 Expressivity of Infinitely Wide GCNs
To investigate the expressivity property of infinitely-wide GCNs, we define the
covariance matrix between two input graphs GG, G’ by measuring correlation between
node features as,
SONG, G = B[ (w)hi)) ()], (6.6)
where EE?)(G, G') € R |V| =n and |V'| = n’. According to the CLT, the node
representation hgi))(u) is Gaussian distributed in the infinite width limit. Applying

this result to Equation (6.4), we can obtain the recursive expression for covariance

matrix as follows,

) (G, G = cucwr Y SV (G.G) (6.7)
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. 1 . 1 . . . . .
where ¢, = NeFT ' = W@ This equation is resulting from the neighborhood

aggregation operation.
Next, we apply the GP result of infinitely-wide GCN to Equation (6.5). The
propagation of the covariance matrix corresponds to the R times non-linear trans-

formations, which is expressed as,
SO(G, GV = 02z, 2, [6(21)6(22)] + 0F (6.8)

where zq, 25 are drawn from a 2-dimension Gaussian distribution in the previous
MLP layer, i.e., z1, 2 ~ N (0, f]g?_l)(G, G')) € R¥?, where the variance ig?_l)(G, Q")

is defined as a 2 x 2 matrix, where elements are:

SONG G BN(G, G

EEZ) (G> G,)uu’ =

g (6.9)

l l
EET)) (G,, G)u’u EET)) (G/7 G/)u/u/

We study the behavior of ZEIT))(G, G') as | — oo following the diagram of mean-field
theory. However, both aggregation (Equation 6.7) and transformation (Equation
6.8) contribute simultaneously to the limiting result. To make the analysis easy to
understand, we first disassemble the two operations to study their limiting behaviors

separately.

Consider a GCN without non-linear transformation, i.e. R = 0 and EE?)(G, G =
YO(G,G"). In order to facilitate calculation, we rewrite Equation (6.7) as the fol-
lowing format,

SO(@,G) = AG,G)SED(@E, G (6.10)
where ©0(G, G') € R"™ "1 is the result of being vectorized, and A(G, G') = AV(G, ') =
o= AD(G,G") € R™*™ is a probability transition matrix, and the limiting be-

havior of (G, G’) is shown by the following lemma,
Lemma 6.1 (Convergence of aggregation). Assume R=0, then

lim SN(E, G = (G, G)E(G, G
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where ©(G,G') € R>™ | satisfying,

(G, GNYAY(G, G = 7(G,G")

In Lemma 6.1, we demonstrate that the propagation of the transition matrix
A(G,G") conforms to the transitions of the Markov chain [106, 107|. In the limit-
ing case, i.e. | — oo, the transition of the A(G,G’) evolves as a stationary state
m(G,G"AG,G") = m(G,G"). As a result, according to Equation (6.10), the covari-

ance matrix X (G, G") collapses exponentially to a constant matrix.

Then we consider a network with only non-linear transformation, which is known
as a pure MLP. This leads to ZE?)(G, G) = X (G,G), where we use subscript (r)
to denote the layer index. The large depth behavior has been well studied in [29],
and we introduce the result when the edge of chaos is realized. In particular, we set

the value of hyper-parameters to satisfy,

o / D¢ (VT = 1 (6.11)

where ¢* is the fixed point of diagonal elements in the covariance matrix, and [ Dz =
\/LQ? f dze~ 2% is the measure for a normal distribution. For the ReLU activation,

Equation (6.11) requires 62 = 2 and o7 = 0.

The key idea is to study the asymptotic behavior of the normalized correlation

defined as,
Z](7“) (G, G/)uu’

CH (G G = |
\/E(T’) (G7 G)uu 2(7»)(671,, G,)u’u’

(6.12)

Lemma 6.2 ( Proposition 1 and 3 in [29]). Consider an infinitely-wide fully-

connected network with a Lipschitz nonlinearity ¢, then,

o (z) = max{0,2}, 1 — Co(G, )y ~ L5 as 1 — oo

272

D, / *5)2
o ¢(x) =tanh(z), 1 — Cu)(G, G )uw ~ é as r — oo where f = %.
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Lemma 6.2 shows the covariance matrix converges to a constant matrix at a
polynomial rate of 1/r? for ReLU and of 1/r for tanh activation on the edge of
chaos. This implies that a network without aggregation could retain its expressivity

at a large depth.

Taking both aggregation and transformation into consideration, we derive our
theorem on the asymptotic behavior of infinitely-wide GCN in the large depth limit,

which is as follows:

Theorem 6.1 (Convergence rate for GPK). If A(G,G") is ireducible and aperiodic,
with a stationary distribution vector w(G,G"), then there exist constants 0 < a < 1
and C > 0, and constant vector v € R"™*1 depending on the number of MLP

iterations R, such that

50 (GG — (G, G| < C

T

In Theorem 6.1, we rigorously characterize the convergence properties of GCNs’
expressivity in the large depth limit. It reveals the covariance matrix ZE?)(G, G)
converges to a constant matrix at an exponential rate. Notably, the vector v de-

pends on the number of non-linear transformations R, which implies that non-linear

transformation may mildly slow down the convergence rate.

6.3.2 Trainability of Infinitely Wide GCNs

According to the definition of NTK (Equation 5.6), we can formulate the prop-
agation of GNTK with respect to aggregation (Equation 6.4) and non-linear trans-

formation (Equation 6.5) as follows,

Ole) (G, G = cutus Z Z Ol (G.G), (6.13)

and,

6(1)) (Gv G/)uu’ :@Ei’)—l)(G’ Gl)uu’zgi«)) (Ga Gl)uu’ + EEZ)) (G> G/)uu/ (614)

(r r
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where EE%(G, G')uw 1s defined by Equation (6.8) and 2']8))((}', G') w18 governed by,

28))(@’ Gt = OLE., 2, [¢(21)¢(22)] (6.15)

Note that the propagation of the GNTK corresponding to aggregation (Equation
6.13) is the same as that of GPK (Equation 6.7). Meanwhile, the GNTK with
regarding to non-linear transformation (Equation 6.14) can be computed in closed
form in terms of GPK. The following theorem demonstrates that the aggregation

leads to an exponential decay of GNTK as the depth becomes large.

Theorem 6.2 (Convergence rate for GNTK). If A(G,G’) is ireducible and aperi-
odic, with a stationary distribution 7(G,G"), then there exist constant matriz v and

v depending on R, such that

’@Ei))<G7 G/)uu/ - W(G, G/) (RZ'U + UI)| S Oal

As depth [ goes to infinity, all elements in the GNTK converge to a unique
quantity at an exponential rate. This result is a little different to the convergence
result of the GPK in Theorem 6.1, in which the convergence limit of the GPK is a
constant rather than a quantity that varies with depth. We thus have @E?) (G,G") ~
m(G,G")(RLv)1,, as L — oo, where 1,,/ is the (n x n)-dimensional matrix whose
elements are one. The exponential convergence rate of @E?)(G ,G') implies that the
trainability of infinitely wide GCNs degenerate dramatically, as shown in following

corollary.

Corollary 6.1 (Trainability of ultra-wide GCNs). Consider a GCN of the form
(6.4) and (6.5), with depth L, non-linear transformations number R, an MSE loss,
and a Lipchitz activation ¢(x), trained with gradient descent on a node classification

task. Then the output function follows,

oD R
1(G) = e "Pm I fy(G) + (I — e PG y)
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where @E%(g, Gg)e REG xS m ith the expression,

01 (G1,G1) - O (G1,G)
0((6.9) =

Ol (Gn.G1) -+ O (G, Gy)

There exists a positive integer Ly such that, @Efg)(g,g) 15 singular when L > Lyg.

Moreover, there exist a constant C' > 0 such that, ||f(G) — V|| > C.

According to the above corollary, as L. — oo, the GNTK matrix will become a
singular matrix. This would lead to a discrepancy between outputs f;(G) and labels
Y, which means GNTK loses the ability to fit the label. Therefore, an ultra-wide

GCN with a large depth cannot be trained successfully on node classification tasks.

6.3.3 Analysis on techniques to deepen GCNs

We have characterized the expressivity and trainability of deep GCNs through
GPKs and GNTKSs, respectively. We show that both expressivity and trainability of
ultra-wide GCNs drop at an exponential rate. Recently, enormous efforts have been
made to deepen GCNs, of which residual connection-resemble techniques are widely
applied to resolve the overs-moothing problem, including PPNP [108], DropEdge
[109], and residual GCN [110].

Analysis on PPNP and DropEdge

We first consider techniques of PPNP and DropEdge. Although they are formed
with different principles, the core idea is the same under the infinite-width limit.
From the perspective of probability flow, it reduces the probability flow from neigh-
boring nodes to itself, and correspondingly, increases the probability flow from the
node to itself. PPNP is based on personalized PageRank, and has a similar mech-

anism as DropEdge [108]. Therefore, DropEdge and PPNP actually lead to the
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same consequence, which is to preserve node locality to make node representations

discriminative. We formulate aggregation of PPNP and DropEdge as follows,

hig) (1) = v Y hip ) +0hi" () (6.16)

ve./\/' (u)Uu

where ¢, = W and 0 < § < 1. Here 0 is teleport (or restart) probability in

1
PPNP [108], and drop rate in DropEdge [109]. Then the propagation of aggregation

with Equation (6.16) can be reformulated as,

YOG, G =1 - HAG,HZEY (@, G + 6509(@, A, (6.17)

where 0 < § < 1is an effective drop rate or teleport probability after re-normalization.
This is equivalent to the residual connection between aggregations. Thus we at-
tribute these techniques as residual connection-resemble methods. We take Equation
(6.17) as a new aggregation operation matrix, S0(G, G') = A(G,G)SEV(G, @),
where A(G,G") = (1 —4).A(G,G') + 1. We prove that A(G, ") is also a transition
matrix with a greater second largest eigenvalue compared to the original matrix

A(G,GY).

Theorem 6.3 (Convergence rate for residual connection-resemble aggregation).
Consider a covariance matriz of GPK with the form (6.17) without non-linear trans-

formation, i.e., R = 0. Then with a stationary vector #(G,G") for A(G,G"),
(G G = 7(G.GEO(G, G < Ca

Furthermore, we denote the second largest eigenvalue of A(G,G") and A(G,G") as
Ay and 5\2, respectively. Then,
5\2 > A

Remark 6.1. In Theorem 6.3, we show that the second largest of the new transition
matriz A(G,G") is greater than that of the original transition matriz A(G,G"). This
is consistent with what demonstrated in Theorem 1 of [109] that DropEdge alleviates

the e-smoothing issue.
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(a) GPK (b) Convergence rate of the GPK (c) GNTK i (d) Convergence rate of the GNTK
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Figure 6.2 : Convergence rate for the GPK and the GNKT. (a) Value changes of
the GPK elements as the depth grows; although their initial values are different,
they all tend to the same value as depth increases. (b) The distance changes be-
tween GPK elements and their limiting value as the depth grows; the converge rate
can be bounded by a exponential function y = exp(—0.15z). (c) Value changes
of re-normalized GNTK elements as the depth grows. (d) The distance changes
between re-normalized GNTK elements and a random element from GNTK as
the depth grows. The converge rate can be bounded by a exponential function

y = exp(—0.15x).

Since the decay speed is determined by the second largest eigenvalue of the
transition matrix [106, 107|, the DropEdge, PPNP methods can slow down the

decay rate.

Analysis on residual-connection GCN

We firstly consider residual connection that is only applied on non-linear trans-

formations (MLP). In this case, the signal propagation change from Equation (6.5)

to:
Oy — pM Ow v 401 (1)
Ry () = By (u) + \/—EW 0 (R yy(w)) (6.18)
As a result, the recursive equation for the corresponding GNTK can be expressed
as,

68))(6;7 GI)ML’ :Gg?—l)(Gv GI)UU' (2Ei))<G7 G/)UU’ + 1) + EE?)(G’ G/)uu/ (6'19>
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This formula is similar to the vanilla GNTK in the infinitely wide limit. Only an ad-
ditional residual term appears according to the residual connection. It turns out that
this term can help to slow down the convergence rate for non-linear transformation.

We then consider the effect made by the residual connection on aggregation.

Theorem 6.4 (Convergence rate for GNTK with residual connection between trans-
formations). Consider a GCN of the form (6.4) and (6.18). If A(G,G") is irreducible
and aperiodic, with a stationary distribution 7(G,G"), then there exist constant ma-
triz v and v’ depending on R, such that,

2

’@EQ) (Ga G/)uu’ - W(G, G/) (Rl(l + %)RZ’U + U/)’ S Cal

Theorem 6.4 demonstrates that even though the residual connection can slow
down the decay during non-linear transformation, it cannot stop the exponential

decay rate resulting from aggregation.

Finally, we consider the residual connection applied to both aggregation and

non-linear transformation simultaneously:

Corollary 6.2 (Convergence rate for GNTK with residual connection between ag-
gregation and transformations). Consider a GCN of the form (6.16) and (6.18). If

A(G,G") is irreducible and aperiodic, with a stationary distribution 7(G,G'), then
2
S0/(G. G — 7(G, G (1 + 22) 0] < O
2
01(G, G — (G, G") (RI(1 + %w)w <op

According to Corollary 6.2, the residual connection-resemble techniques can slow
down the decay speed to a certain extent, though they cannot solve exponential

trainability loss for node classification.
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Figure 6.3 : Train and test accuracy depending on the depth on different datasets.

Solid lines are train accuracy and dashed lines are test accuracy.

6.4 Experiments

6.4.1 Setup

We illustrate empirically the theoretical results obtained in section 6.3. We use
one bioinformatics dataset (i.e., MUTAG) and three citation network datasets. We
summarize the properties of datasets in Table 6.1. To verify Theorems 6.1, 6.2, and
6.4 in general, i.e., G, G’ can be two different graphs, we use the MUTAG data set.
At the same time, the dataset with only one graph, i.e., G = G, is a special case
and can be described by our theorems in this work. The remaining three data sets

are used to verify the trainability of the network on node classification tasks.

6.4.2 Convergence Rate of GPKs and GNTKs

Theorems 6.1 and 6.2 provide theoretical convergence rates for the GPK (G, G')
and the GNTK O(G, G'), respectively. We demonstrate these results in Figure 6.2.

We select two graphs denoted as G3 and G; from the MUTAG dataset. The GPK
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Table 6.1 : Details of Datasets

Dataset Graphs Nodes Classes Features Avg. nodes

MUTAG 188 - 2 - 17.9

Citeseer 1 3327 6 3703 -
Cora 1 2708 7 1433 -

Pubmed 1 19717 3 500 -

and GNTK are generated from the infinitely-wide GCNs with ReLLU activation®,
with R = 3, and L = 300. Figure 6.2(a) shows all elements of a covariance ma-
trix kernel (GPK) converge to an identical value as the depth goes larger. Figure
6.2(b) further illustrates the convergence rate of the GPK is exponential, as pre-
dicted by Theorem 6.1. Then we demonstrate the exponential convergence rate of
GNTK in Theorem 6.2 by comparing the distance between elements of the GNKT
matrix, summarized in Figure 6.2(c,d). Additionally, we verify the convergence re-
sults of GCNs with residual connection demonstrated in Theorem 6.4 and leave the

demonstration in the appendix.

6.4.3 Trainability of Ultra-Wide GCNs

We examine whether ultra-wide GCNs can be trained successfully on node clas-
sification. We conduct the experiment on a GCN [9], where we apply a width of
1000 at each hidden layer and the depth ranging from 2 to 29. Figure 6.3 displays
the train and test accuracy on various datasets after 300 training epochs. These
results show the dramatic drop on both train and test accuracy as the depth grows,
comfirming that wide GCNs lose trainability significantly in the large depth on node

classification as predicted by Corollary 6.1.

*We use the implementation of GNTK available at https://github.com/KangchengHou/gntk
[47].
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6.5 Conclusion

We have characterized the asymptotic behavior of GPK and GNTK to respec-
tively measure the expressivity and trainability of infinitely-wide GCNs in the large
depth. We prove that both expressivity and trainability of infinitely-wide GCNs
drop at an exponential rate due to the aggregation operation. Furthermore, we ap-
ply our theoretical framework to investigate the extent to which residual connection-
resemble techniques could alleviate over-smoothing problem on node classification
tasks, including PPNP, DropEdge, and residual GCNs. We demonstrate that these
techniques can only slow down the decay speed, but unable to solve the exponential

decay problem in essence. Our theory is finally verified by the experimental results.

6.6 Proof

This section is dedicated to provide proofs of all lemmas and theorems in this

article

Lemma 6.1. Assume R=0, then for Yu,u/,

lim X(G, &) = 7(G, GNEO(G, G

l—00

where ©(G, G') € R>™ | satisfying,
(G, G)AY(G,G") = 7(G,G)

Proof. When R =0 and ¢, = equation (6.7) reduces to,

1
W (w)|+17

0) , 1 (z 1)

qu G/\/

In order to facilitate calculation, we define the fraction and sum operation in the

format of matrix,

S (GG = AV (G, )
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where igé))(G, G') € R™*! is the result of being vectorized. Thus the matrix

operation A® e R xnn’

This implies that the aggregate operation is the same for each layer. The next

step is to prove AY is a stochastic matrix (transition matrix):
> ANG, Gy =1
J
According to Equation 6.7, we know that A" is a Kronecker product of two matrix,
AD(G, Gy = [B(G)C(G)] @ [B(G)C(G")]
where B(G),C(G) € R™™ and B(G"),C(G") € R™*™

1
u

(1) B(G) and B(G') are diagonal matrix, which correspond to the factor (RS}

1
OF Ny

N(u1)+1
B(G) =
1
N (upn)+1
(2) The element of matrix C(G) and C(G’) are determined by whether there is a

edge between two vertexes,

C(G)ij = 035
where SZ-]- = 1 if 4 == j or there is edge between vertex ¢ and j, else Sij = 0.

We first use the property of matrix B and C before Kronecker product,

1 ~ 1
> [B(G)C(G)],; = N{u) +1 > 6y = W(N(ui) +1)=1

J J

According to the definition of Kronecker product,

ZA(Z)(G’ Gij =Y [BG)C(9)]alB(G)C(G)]ea = 1

where i =a+ (¢ —1)n,and j = b+ (d — 1)n.
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So far, we have proved that AY (G, G’) is a stochastic matrix. According to the

Perron-Frobenius Theory,
(G, GNAY = (G, ")
The convergence rate is governed by the second largest eigenvalue.
Since lim;_,oo Al (G, G") = m;(G, G'), we have,
lim S0(G, @) = lim A'(G, edHiileNed)

l—00

= I(G, G"E(G, ")

(G, G")

m(G,G")
where II(G,G") = is the nn' x nn' matrix all of whose rows are the

(G, G)

stationary distribution. Then, we can see that every element in U (G, G") converges
exponentially to an identical value, depending on the stationary distribution and
initial state,

lim X(G, &) = 7(G, GNSO(G, G

=00

]

Lemma 6.2 ( Proposition 1 and 3 in [29]). Assume L = 0, with a Lipschitz non-

linearity ¢, then,

o O(z)=(2)4, 1 = Cr(G,G" s ~ % as r — 0o

/ ¥y 2
e ¢(r) = tanh(z), 1 — C(,n)(G, Gy ~ g as r — oo where § = —;ﬁﬁ,&%g#

Proof. We first decompose the integral calculation in the equation 6.8 into two parts,

one is diagonal element and the other is non-diagonal element:

S0y (GGl = % [ (/S (GLG)uu) +
Dz
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S0(Ge G =% [ oun)olu) + o}
Dz1Dzo

For simplicity, we define ¢.(G) = X (G, G, ¢(G') = E) (G, ")y, and
(G, G") = Ciy(G, G )y

When ¢(z) = max{0,x}. The first integration for ¢.(G) reduces to,

2

o
qT(G> = quT—1<G) + Ul?

Next step is to find the fixed-point,

lim ¢,(G) = ¢(G)

T—00

For all G, G’ there exists ry such that |¢.(G) — ¢-(G")| < § for all » > ry. Then the

second integration for ¢,.(G, G’) becomes,

o2 szlDzz qﬁ( qr_l(G)zl)gb( ¢-1(G)(cr—1(G, Gz + /1 — o1 (G, G,)ZZQ)) + o}

(G, G) =

qr—1 (G)
To investigate the propagation of ¢, (G, G'), we set ¢,.(G) = ¢.(G") = ¢ for any r > rq,
and define,

7 Jpormey 0(4/32)6 (VA1 + VI=#22)) + of

fx) = .

1) when o2 < 2, there is a unique fixed point ¢,.(G,G’) = 1.
w

(2) when o2 = 2. The derivative of f(x) satisfies,
f/(I) - 2/ 1Zl>01le+\/m@>0
Dz1Dzo

So using the equation above and the condition f'(0) = 3, we can get another

formation of the derivative of f(z),
Since [ arcsin = zarcsin++/1 — 22 and f(1) = 1, then for z € [0, 1],

f(x) 2z arcsin(x) + 2v1 — 22 + ow
€Tr) =
2m
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Substituting f(z) = ¢,(G,G") and = ¢,_1(G, G"), into expression up here, we have,

2¢,_1(G, G") arcsin(c,_1(G,G") + 24/1 — Z_(G,G") + ¢,1 (G, G')7

(G, G') = o

Now we study the behavior of ¢,.(G,G’) as r tends to infinity. Using Taylor

expansion, we have,

F@leone = 2+ 2201 = )92 + O((1 - )"

By induction analysis, the sequence ¢,.(G,G’) is increasing to the fixed point 1.

Besides, we can replace x with ¢,.(G,G’),

(G, G = (G,G) + £(1 — (GG +0((1 — (G, G))*/?)

Let 7, = 1 — ¢.(G,G’), then we have,

2v2

3/2 5/2
S+ 00

Yr+1 = Tr —

so that,

2
_ 7—1/2 + £

-1/2 —1/2(1 2\/_ 1/2+O( 3/2))—1/2
" 3

77“—}-1 =V + O(7T>

As r tends to infinity, we have,

r—+1 r 37T
It means,
771/2 ~ \/_ET
! 3
Therefore, we have,
972
1—c(G,G)~—
&l ) 2r2

When ¢(z) = tanh(z), a Taylor expansion near 1 yields,

(z—1)*

L1+ O((w = 1))

flo) =1+ (@@ -1)f(1)+
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Denote v, =1 — ¢,(G,G"), then we have,

o 5/2
Vr41 = Vr — ET + O(’Yl )

where 5 = xo. Therefore,

L , o1
Yo =7 (L= % FO0P) =2 + 5+ 0(n7).

Thus, we have,

1 —¢n(G,G) ~ ? as [ — oo
[

Theorem 6.1. If A(G,G’") is ireducible and aperiodic, with a stationary distribution

vector m(G,G"), then

|28~))(G7 G,)uu’ - W(G, G/)’U| S Cal

Proof. We prove the result by induction method. For [ = 0, according to the

Cauchy-Buniakowsky-Schwarz Inequality

SO(G, G e = hOBD < RO |n D] = 1

(0)

Thus over feature initialization, such that,
|20 (G, G — 7(G, G| < C
Assume the result is valid for EE?)(G, G")wur, then we have,

[2()(G.6") —(G.G| < Ca

Now we consider the distance between EESFI)(G, G') and Ca!*l. To compute this,

we need to divide the propagation from [ layer to [ + 1 layer into three parts:

S )Y

. l l
(i) ) — x o

(r) (r+1)
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o (i) (1+1) (141)
(i) gy " = Xy =2 By

For (i), we first prove that the correlation term C(,y(G, G")yw is close to 1 suffi-

ciently. Recall that,

C(r)<G7 G,)uu’ - E(r) (G, G/)uu’/\/z(r)<Ga G)uuz(r) (Gla G/)u’u’

then we have,

\/E(r) (G, G)uuz(r)<G/7 G/)u’u’ - E(r)<G7 G/)uu’

1= Oy (G, G =
( )( ) \/E(T)(G7 G)UUE(T) (G/7 G/)u’u’

(a)

The last equation is due to the fact that every element is exponentially close to a

bounded constant.
Recall the property of MLP propagation function f(x) for x = Cu) (G, G ),
when C) (G, G")y is close to 1:

F@)leon- = 2+ 2201 = 292 + (1 - )"

This implies,
/ 2\/_ / S
1—CHMGG),_1—qMaG),———ﬂ—qMaG%m3
+O(1 — Oy (G, Guwr)? < 1= Ciy(G,G') = O(a)

From this result, we have,

|E(r+1) (G7 Gl)”“' - W(Ga G/)U|

=30 1) (G e = BN(G, G s + B (G G — (GG
<SG, G — (G, G
< '

Repeat the proof process, we have a relation for Z (G G')uw at the last step of
(i),
!
IEE,;)(G, Guw — (G, G| < Cd.
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Secondly, (ii) we go through an aggregation operation A(G,G"), then we have,
S V(GG = AG, G5, (GG = AG, GG, G)v + O(a'))
where 6(0/) denotes a vector in which every element is bounded by «!.

Because I1(G, G')v can be seen as a result of A'(G, G'), with a standard argument

for convergence Theorem of stochastic matrix [111], we can obtain
Sy (G, G =T1(G, G + O(a!*)
Therefore,
Sy (GG = 7(G, G| < Cal .
Finally, (iii) Repeat the result in step (i), we have,
20 (GG = 7(G. G| < Cal T
]

Theorem 6.2. If A(G,G’") is ireducible and aperiodic, with a stationary =(G,G’),
then

|@EQ)(G, G/)uu’ - W(G, G/) (RZU + ’U/)| S Oal

Proof. This proof has the same strategy to that of Theorem 6.1. The first step is to

under the equation 6.14 in the large-depth limit.
() _ oW (1) (@
O (G G = 0,1 (G, G Xy (G G + 3 (G, G

According to the result of Theorem 6.1, we have already known,

50

(GG ) = (G, o+ O(a)

To proceed the proof, we need to work out the behavior of Zgi))(G, G")ww in the

large depth.
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(i) when ¢(z) = max{0,z}

Recall that we define ¢(41) = f(c(y), and we have,

f(z) = %arcsin(w) - %

Then, at the critical line,

. 1 1
Yi)(G, G = [(e;(G,G")) = - arcsin(c, (G, G")) + 5

I
—_

(1 — CT(G, G/))1/2 + O(l N CT(G, G/))3/2

2
m
1+ O(al/?)

(i) ¢(z) = tanh(x), we have
flla)=1—(@=1)f"(1) + O((z - 1)*)
At the critical line,
Z(T)(G, G/)uu/ =1+ O(Oél)

Now we prove the result by induction method. For [ = 0, according to the

definition and the result in Theorem 1,

O, @ = Z(GC, s < (IR o]IBD]5 = 1

Thus there is a constant C', depending on G(V, E), G'(V', E'), and the number of

MLP operation R, over feature initialization,

|628;<G7 G/)uu’ - W(G, G,)Ul| < C

Assume the result is valid for @Ei))(G , G ), then we have,
100G, G — (G, G (Rlv + )| < Cal

Now we consider the distance between @Eff)rl)(G, Gy and (G, G)(R(I+1)v+0").
To prove this, we need to divide the propagation from [ layer to [+ 1 layer into three

parts:
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(i) O = O ) == O

(ii) @Eg) N @Ef;)rl)

0 65 6 > 0l
For (i),

0, 1) (G, G — (G, G’)((ZR + 1o+ )|
=20, (G, G + 201 (G GO (G, G — 7(GL G (IR + Lo +0)|

= |7(G,Gv(1 + 0(0/)) + (14 O(o//Q))@(T)(G, G — (G, GN((IR + 1)v + )|

< Cal
Repeat the process, we have a relation for @(R)<G7 () at the last step in (i),
100 (G, @) = 7(G.G) (IR + R =)o+ )| < Cal.

Secondly, (ii) we go through an aggregation operation. Since it is can seen as a

Markov chain step,

08 (G, G — (G, C)(RL+ R —r)u+ )| < Caltt,

(iii) Repeat the result in step (i), we have,
O (G, G — (GG (R + R)v +v)|
(GG ) — (GG (R(I+ Lo + /| < Cal*.
U

Corollary 6.1 (Informal). Consider a GCN of the form (6.4) and (6.5), with depth
L, non-linear transformations number R, an MSE loss, and a Lipchitz activation
¢(x), trained with gradient descent on a node classification task. Then the output

function follows,

oD R
fi(G) = e "Pm I fy(G) + (I — e PG y)
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where ©F) Gg,g) e RIS xS0 i ith the expression,
(R)
L L
O (G1,G1) - O (G1,Gy)
L
01 (G,9) =
L L
Ol (Gn.G1) - O[p) (G, Gy)
There exists a positive integer Ly such that, @EIL%))(Q,Q) 1s singular when L > L.

Moreover, there exist a constant C' > 0 such that for all t > 0,

1:(G) = V| > C

Proof. According to the result from [36], GNTK @EQ)(Q ,G) converges to a determin-
istic kernel and remains constant during gradient descent in the infinite width limit.

We omit proof procedure for this result, since it is now a standard conclusion in the

NTK study.

Based on the conclusion above, Lee et al. [37] proved that the infinitly-wide

neural network is equivalent to its linearized mode,
"(G) = fo(G) + Vo fo(G)lo=gow:

where w; = 6, — 6y. We call it linearized model because only zero and first order
term of Taylor expansion are kept. Since we know dynamics of gradient flow using

this linearized function are governed by,
d)t = —’I'/vlgf()(g)TVf}m(g)E

(G) = —100)(G, DV i £

where £ is an MSE loss, then the above equations have closed form solutions

. _n0l _peW®W
(G = e PO fy(G) + (1 — e 00 y)

Since Lee et al. [37] showed that f*(G) = f; in the infinite width limit, thus we

have,

f4G) = D@D (G (1 — OO y) (6.20)
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In theorem 6.2, we have shown @E?)(G ,G') converges a constant matrix at an expo-

nential rate when [ and r are fixed. the GNTK ég?)(g ,G) can be written as,

GG OG- B)(Gu.G)

6 (g.g) =
68))<GN7G1) QE?)<GN7G2 @E?)(GN,GN)

According to equation 6.20, we know that,
N0
1749) = VIl = lle " (fo() = V)|

According to Theorem 6.2, there exists a [y such that, for any [ > [, GNTK

between any two graphs converges to a constant matrix,
!
0 (Gi,G)) = ©(G,, G))

Then the whole GNTK ég?)(g,g) is singular. Let égf?)(g,g) = QTDQ be the
decomposition of the GNTK, where @) is an orthogonal matrix and D is a diagonal

matrix. Because (:)E?)(Q ,G) is singular, D has at least one zero value d; = 0, then
1£:(G) = VI = 1lQT (f:(G) = MR = 1[QT (fo(G) — V)QJ;l|

[]

Theorem 6.3. Consider a covariance matriz of GPK with the form (6.17) without

non-linear transformation, i.e., R = 0. Then with a stationary vector 7(G,G") for

A(G,G"), such that
|28')) (G7 G,)uu’ - ﬁ(G, G/)i(()) (G7 G’)| S CO[Z

Furthermore, we denote the second largest eigenvalue of A(G,G") and A(G,G") as
Ao and N, respectively. Then,
5\2 > A
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Proof. According to the aggregation function for covariance matrix, we have

SOG, G = (1-0)AG,G)SNG, G + 650G, G
= (1= 8)A+6NSD(G, G
= AG,q")

Since new aggregation matrix A(G ,G') is a stochastic matrix, which can seen from,
Y AG.G=(1-0)> AG.G)y+6> I=1
J J J

The new aggregation can slow down the convergence rate can seen from considering
their eigenvalues. Suppose the eigenvalues of original matrix A(G,G’) are {\; >
Ay > -+ > A\ b We already know that the maximum eigenvalue is A; = 1, and the
converge speed is governed by the second largest eigenvalue A\y. Now we consider

the second largest eigenvalue Ao of matrix A:
Ao=1=Nh+0=X+8(1—=X) >N\

Since Ay < Ay < 1, the convergence speed will be slow down, through it is still

exponential convergent.

For the limit behavior of EE?)(G, G")ww as [ tends to infinity, we can directly use

the proof strategy from Theorem 1 and 2. n

Theorem 6.4. Consider a GCN of the form (6.4) and (6.18). If A(G,G'") is irre-
ducible and aperiodic, with stationary (G, G"), then
2
10(G, G — (G, G (RI(1 + %w)f% +0)| < Ca!
Proof. According to the signal propagation equation 6.18. We have,

2 0_2

0:(G) = 41(G) + Za-1(G) = (L4 Z)a-1(C)

Since 02 > 0, q,(G) grows at an exponential rate.
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Now, we turn to compute the correlation term ¢,(G,G"). For convenience, we

suppose ¢,(G) = ¢,(G’). Then,

S (G, G
(G, G) = %
1 2.(G,G 1 2 ,
L D)
1+%2 ¢(G) 14+ %
1 %%
= 52 CT(Ga G/) + 2 52 f(CT(G’ Gl))
1+ % 1+ %

Using Taylor expansion of f near 1, as have been done in the proof of Lemma 2,

2v/2
T

F@)los- =2+ ——(1 - )2+ 0((1 - 2)*?)

we have,

38

2V2 %

3T 14 %

CT_H(G, G,) = CT(G, G,) +

[(1—c.(G,G")** +O((1 — (G, G')*?))]

Note that it is similar to the case of MLP without residual connection:

Cr+1(G7 G’) — CT(G, G,) + % [(1 . CT(G, G/)3/2 + O((l o CT(G, G,)5/2))}

Following the proof diagram in Theorem 1 and 2, we can obtain the behavior of

»® G,G")yw and oW G, Gy in the large depth limit,
(r) (r)
2
|EEZT)) (G7 G/)uu’ - W(Gg G/) ((1 + %)Rlﬂﬂ S CO[Z

2
00(G. G — 7(G, G')(RI(1 + %ﬂ)w < Caol
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

In Chapter 3, we studied the expressive power of deep dropout networks under
the mean-filed theory. Both information propagation with feed-forward and gra-
dient back-propagation were studied in the infinite width limit. In particular, we
characterized the back-propagation process without gradient independence assump-
tion and found that both gradients metric with a single input and a pair of inputs
are determined by a same quantity. Furthermore, a better empirical formula that
can describe the trainable length for deep dropout networks was figured out through

performing experiments on the finite-width but wide networks with gradient descent.

In Chapter 4, we investigated the optimization property of orthogonally-initialized
networks through the neural tangent kernel. In the infinite wide limit, the NTK of
networks with orthogonal initialization converges to the same deterministic kernel of
a Gaussian initialized network both before training and under gradient descent train-
ing. With this result, we found the dynamics including training loss and training
accuracy of orthogonally initialized networks behave similarly to those of networks
with Gaussian initialization. We further confirm this conclusion by conducting ex-

periments on finite-width networks with orthogonal and Gaussian initialization.

In Chapter 5, we worked on the optimization and generalization of deep linear
networks for binary classification in the large learning rate regime. With help of
NTK, we derived a formula that can describe the dynamics of both linear predictor

and linear network with wide width. We showed that there is a catapult phase
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for deep linear networks with logistic loss. In this phase, the gradient descent can
find a flatter minimum than that can be found in small learning rate phase. With
empirical evidence, we found that best generalization performance can be obtained
in the catapult phase. Besides, the best performance is typically achieved with

learning rate annealing strategy.

In Chapter 6, we characterized the expressivity and trainability of deep and
wide graph convolutional networks (GCNs). Under the mean-field theory and NTK
theory, we found that both expressivity and trainability described by Gaussian pro-
cess kernel and Graph neural tangent kernel respectively, drop at an exponential
rate, in the infinite-width limit. In addition, we extend our theoretical framework
to the techniques that can deepen GCNs, such as DropEdge and residual connec-
tions. Even though, these techniques can mitigate the exponential decay problem,
they can solve it in essence. We use several experiments to support our theoretical

conclusions.

7.2 Future Work

In addition to the study on the ultra-wide networks (Chapters 3, 4, 5 and 6)
in this thesis, there are several directions where we can make breakthroughs in the

future, which are summarized as follows,

i. For learning setting discussed in Chapters 3, 4, and 5 that deal with the
optimization property of ultra-wide networks focus on the supervised learning
setting which is too basic with limited application scenarios. On the contrary,
unsupervised learning can produce richer applications. However, it is a difficult
thing to study its optimal properties. Therefore, it would be meaningful to

apply NTK technology to unsupervised learning.

ii. While the work introduced on Chapter 5 concentrates on the large learning
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rate for linear networks in the binary classification, there are several remaining
open questions. For non-linear networks, the effect of a large learning rate is
not clear in theory. In addition, the stochastic gradient descent algorithm also
needs to be explored when the learning rate is large. We leave these unsolved

problems for future work.

In Chapter 6, we show that deep GCN suffer from the exponential decay prob-
lem on both expressivity and trainability at large depth. The fundamental
reason for this problem is that the matrix describing the information trans-
mitted by the neighbor nodes of the graph network is a probability transition
matrix. How to solve the problem of rapid loss of information is currently the
most core problem in the graph network. It is a potential direction to use

percolation model to try to solve this problem.
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