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Abstract

Deep neural networks have had tremendous success in a wide range of applications
where they achieve state of the art performance. Their success can be generally
attributed to three main pillars: their natural back-propagation structure which
allows time and resources efficient gradient computation; recent advances in op-
timization theory which have led to the development of fast training algorithms;
and availability of computationally efficient software (neural networks frameworks
such as PyTorch and Tensorflow), hardware (Graphics Processing Units(GPUs),
and more recently Tensor Processing Units(TPUs)).

Deep neural networks are now the model of choice for many practitioners.
As a result, there is a growing research interest in their theoretical properties.
Classical results from approximation theory ensure that neural networks, even
with a single hidden layer, are universal approximators, provided the model is big
enough. From an optimization point of view, the loss surface of a deep neural
network is generally highly non-convex, posing a big limitation on what results
from Optimization theory can be applied to such models. Therefore, little is known
about the local minimas, the saddle points, and the convergence of gradient based
method (e.g. Stochastic Gradient Descent), with these models. Another interesting
and understudied research topic is that of randomly initialized neural networks.
Indeed, random neural networks provide a compelling framework that offers, in
many cases, a simplified short-cut to understand theoretical properties of neural
networks at initialization and Bayesian neural networks. Against this backdrop, the
research presented in this thesis focuses on the theoretical properties of randomly
initialized wide deep neural networks. It provides a comprehensive analysis of
these models at initialization, leveraging a duality between random wide neural
networks and Gaussian processes. Particularly, the research here presented pays
careful attention to the role of the initialization hyperparameters, the activation
function, and the neural architecture in the behaviour of these models. This level
of depth allows for the derivation of principled guidelines for the training and

designing of deep neural networks.
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This dissertation follows an integrated thesis format and consists of a collection
of four articles, one published in Proceedings of the International Conference on
Machine Learning (ICML) 2019, one accepted in the Proceedings of Artificial
Intelligence and Statistics (AISTATS) 2021, one accepted in the Proceeding of the
International Conference of Learning Representations (ICLR) 2021, and one under
revision to be submitted to ICML 2021. These articles are presented in chapters
and 5] respectively. All papers are self-contained; they each include a
review of the literature, a bibliography, and an appendix. Although the articles are
independent in format, they follow the same research direction, and form a coherent

piece of work, where one article completes the other, and so forth.
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1.1. Neural Networks and Gaussian Processes

DO

This chapter is a general introduction to the topic of Randomly Initialized
Wide Neural Networks. It outlines the theory and technical tools used in the
articles; it provides a summary of the duality between Gaussian processes and
wide neural networks, and introduces the Edge of Chaos initialization, the Neural
Tangent Kernel, and Neural Networks Pruning, all of which are used in the rest
of the dissertation. Finally, this chapter provides a brief description of the four

chapters/articles mentioned earlier.

1.1 Neural Networks and Gaussian Processes

Deep neural networks have achieved state of the art performance on a variety of tasks
including language processing and computer vision; see, e.g., [Goodfellow et al., 2016,
Nguyen and Hein, 2018, Du et al., 2019|[Zhang et al., 2016, Neyshabur et al., 2019].
The popularity of deep neural networks has motivated researchers to investigate their
theoretical properties and, more importantly, their expressive power as the depth
grows. To cite a few, [Montufar et al., 2014] have shown that neural networks have
exponential expressive power with respect to the depth, while [Poole et al., 2016]
obtained similar results using a topological measure of expressiveness.

Other works by [Neal, 1995 [Lee et al., 2018a, Matthews et al., 2018] have stud-
ied neural networks at initialization and shown that they are closely related to
Gaussian processes. The theoretical analysis of randomly initialized neural networks
is motivated by many reasons. For instance, since neural networks training is
generally a non-convex optimization problem, the choice of the initialization weights
and the activation function will shape the parameter space that the optimization
algorithm could explore. Moreover, the analysis of neural networks at initialization
provides valuable insights on the output function, which helps understand what
happens during the first steps of the optimization algorithm. Randomly initialized
neural networks can also be seen as priors in the context of Bayesian neural networks.
Knowing that the choice of the prior is crucial in Bayesian learning, studying the

properties of random neural networks is essential for the design of a good prior.
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1.1.1 Setup and Notation

Consider a Fully-connected Feedforward Neural Network (FFNN) of depth L, widths
(M)1<i<r, weights W}, and bias B}. Given an input z € R?, the propagation of

this input through the network is given by

d
yi (x) = >_ Wy + By,
j=1

N (1.1)
yi(z) = > Whe(y: '(z)) + Bl, forl>2,
i=1

where ¢ : R — R is the activation function.

The first layer maps the input z linearly to the neurons (y; (r))i<i<n,. These
linear features, also called pre-activations, are “activated” by applying ¢ element-
wise, then passed as an input to the second layer. Repeating such transformations
L times defines an FFNN of depth L.

Table highlights some popular choices of the activation function ¢, also

called non-linearity. Figure [[.1 shows the plots of these activation functions.

Table 1.1: Popular activation functions with their derivatives

Activation function o(x) ¢ (x)

RELU (RECTIFIED LINEAR UNIT) xlz>0 1z>0

ELU (EXPONENTIAL LINEAR UNIT) 1,50+ (e —1)1y<c0  1y>0 + €1z

1 e T
SIGMOID S T2
el?—e ¥ 4
HyPERBOLIC TANGENT o g2

The FFNN defined above becomes closely related to Gaussian process when the
width goes to infinity. The next section sheds light on this behaviour.

1.1.2 Gaussian Process Approximation of Neural Networks

The first link between neural networks and Gaussian processes can be traced back to
[Neal, 1995], where the author demonstrated that a single layer neural network with

weights initialized with a zero mean normal distribution, converges in distribution
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Figure 1.1: Plots of some activation functions

to a Gaussian process in the limit of infinite width (infinite number of neurons).
Recently, [Lee et al., 2018a] generalized the result to multi-layer neural networks,
and used the equivalent Gaussian process to perform bayesian inference for classifi-
cation tasks; the authors consider the equivalent Gaussian process to be a prior, and
use the mean function of the posterior Gaussian processﬂ to compute predictions.
[Matthews et al., 2018] provided a rigorous proof for the result in the multi-layer
case, and [Yang, 2020] generalized the proofs to other architectures. This duality
between Gaussian processes and neural networks has been leveraged in a stream
of works ([Schoenholz et al., 2017, [Yang and Schoenholz, 2017, [Poole et al., 2016,
Xiao et al., 2018]) to gain insights on the behaviour of deep neural networks at
initialization in what is known as the theory of information propagation. The
papers presented in this dissertation all make use of this theory. Unlike neural
networks, Gaussian processes are usually more convenient to study since their
properties are fully captured by their mean function and covariance kernel. In
this sense, the Gaussian process equivalent to infinite width neural networks is
a valuable ‘shortcut’ for researchers to (partially) understand the behaviour of
overparameterized neural networks at initialization.

Recall the set of forward propagation equations for an FFNN (|1.1])

d
yi(w) = > Wiz + By,
j=1

N1

yiz) = 3 Who(y N (x)) + B, for 1> 2.
j=1

Tt is well known that with a Gaussian likelihood model, a Gaussian process prior leads to a
posterior distribution that is also a Gaussian process
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where x € R? is the input. Assume the weight and bias are randomly initialized

with W}, (0, 2t -) and B % N(0,02), where N (1, 02) denotes the normal

’Nl

distribution of mean y and variance 0. The scaling factor 1/N;_; in the variance
of the weights is necessary to control the variance of the pre-activations. Given an
input z, the pre-activations in the first layer (y;(z))1<j<n, are éd random Gaussian
variables with mean 0 and variance ¢'(z) = %HxHQ + 02. More generally, it can
be inferred from [Neal, 1995] that (y;(.))i1<j<n, are #d Gaussian processes with

zero mean function and covariance kernel ¢! given by

o2
¢ (z,2') = 71” x -2+ op.

[Lee et al., 2018a] extended this result to multiple layers in the limit of infinitely

wide neural networks. Their proof uses an inductive argument: assume that

(v ()1<j<n,_, are iid Gaussian processes with zero mean function and covariance

kernel ¢'~'. Re-writing W}, = \/— 1, where Z}, = " N(0,1.), we have that

yz( m Z

Using the Central Limit Theorem in the limit N;_; — oo, it is straightforward

x))+ Bl forl>2. (1.2)

that the processes (y5(.))1<j<n, become #id Gaussian processes with zero mean

function and covariance kernel given by

¢'(z,2') = 0L B gpog-1o(f(2)o(f ()] + o7, (1.3)

for all z, 2’ € RY. The notation “f ~ GP(0,¢"~!)” means that f is drawn from a
Gaussian process with zero mean function and covariance kernel ¢'~!.

The recursive argument above (which was used in [Lee et al., 2018a]) holds in the
limit Ny — oo, then Ny — o0, ..., then N, — oo, i.e. the limit is taken recursively.
This is an unrealistic scenario since popular neural networks architectures have layer
widths that are usually similar; this implies that in order to use Gaussian processes
as an approximation of multi-layer neural networks, layers widths should have the

special hierarchy N;_; > N,. Fortunately, the proof can be modified to include
the case where the widths grow at a similar rate. Indeed, [Matthews et al., 2018]
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proved that Gaussian process behaviour persists in the limit of Ny,..., N, — oo
where the width N; can follow any increasing pattern. This result holds for all

countable sets of the input space.

Theorem 1 (Th 4. in [Matthews et al., 2018]) Consider a randomly initial-
ized deep neural network of the form and assume that the activation function
has linear growth. Let (Nj(n))i<i<r be the “widths functions”, i.e. the widths
parametrized by some number n € N. Then, for all increasing widths functions
Ni(n), and for any countable input set (x;);>1, the distribution of the output of the
network converges in distribution to a Gaussian process as n — oo. The Gaussian

process has mean function zero and covariance kernel given by the recursive formula

3.

In [Lee et al., 2018a], the authors named any Gaussian process with zero mean
function and covariance kernel ¢! a Neural Network Gaussian Process (NNGP) of
depth I ([Lee et al., 2018a]); they proposed a Bayesian approach for learning with
neural networks based on the NNGP where they use the mean function of the
posterior Gaussian process to perform classification tasks.

The covariance kernel ¢' follows a recursive formula given by equation (1.3)).
Given two inputs x, 2’, the value of the kernel at point (z,2’'), given by ¢'(z,2'),
carries some ‘information’ about the inputs. We say that the sequence (¢'(z,2))1<i<1.
represents the information propagation inside the network. Studying the asymptotic
behaviour of ¢'(z,2’) is crucial to gain insights on the output function of the
infinite width neural network at initialization. Such analysis was carried out

[Schoenholz et al., 2017]; the next section provides a summary of this topic.

1.2 Information Propagation and The Edge of
Chaos

In [Schoenholz et al., 2017], the authors showed that, for a bounded activation

function and general (¢7,02), both the variance ¢'(z, ), resp. the correlation

Az, o) = ¢(x, x’)/\/ql(x, x) \/ql(a:’, x'), converge exponentially fast to some limiting
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value ¢, resp. c. In general, ¢ and ¢ depend only on (0%,02). To refine this
convergence analysis, authors established the existence of ¢, and €, such that
¢! (z,2") — q| ~ e7Y<a and |c!(x,2") — c| ~ e7V/%. The quantities ¢, and ¢, are called
depth scales since they represent the range of depth to which the variance and corre-

lation can propagate without being exponentially close to their corresponding limits.

More precisely, if we write x1 = 02 E[¢/(,/g2)*] and o = x1+02E[¢"(\/4Z)d(\/4Z))

~Land ¢, = —log(xi)~*. The

then the depth scales are given by ¢, = —log(«)
condition xy; = 1 corresponds to an infinite depth scale of the correlation. It is
called the Edge of Chaos as it separates two phases (Ordered phase and Chaotic
phase). The equation x; = 1 is usually seen as an equation with variables (o, 0y,).
However, it can be generalized to a system of three variables (o, 0., @), where

the third variable lives in function space (activation function). The boundedness

condition on the activation function can be relaxed to include functions such as

ReLU, ELU etc. We refer the reader to chapter [2| for more details.

Definition 2 (Edge of Chaos, Informal) For (0y,0,) € (RT)?, let (0, 0,) be
the limiting variance. The Edge of Chaos (EOC) is the set of values of (oy,0)

satisfying x1 = oRB[¢' (\/q(0p, 00)Z)?] = 1.

The euclidean quadrant {(o,0,) € RT} is divided into three sets according

to the value of xi:

+ Ordered phase (x; < 1). The correlation c!(z,z’) converges exponentially
fast to 1 for any inputs « # z’. This convergence is uniform over {(z, ') €
(RH2 : z # 2'}. In this phase, if the variance terms ¢'(x,z) converges
exponentially fast to some limiting value ¢ that is independent of x, then we
can expect the output function of the neural network to be constant. The
assumption of ¢ being independent of x can be relaxed for ReLLU activation

function (see chapter [2| for more details).

« Chaotic phase (x; > 1). In this regime, the correlation c!(x,z’) converges

exponentially fast to some limiting value ¢ < 1 independent of x. The
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convergence is uniform over the set {(z,2’) € (RY)? : |1 — ¢! (z,2")| > €} for
any € € (0,1). Interestingly, this implies that very close inputs (in terms of
correlation) lead to very different outputs. Thus, in the chaotic phase, in the
limit of infinite width and depth, the output function of the neural network is

non-continuous almost everywhere.

« The Edge of Chaos (x; = 1). In this regime, the correlation c'(z, ")
converges to 1 at a sub-exponential rate. The convergence is uniform over the
set {(x,2') € (RY)? : |1 — ct(z,2)| > €} for any € € (0,1). Contrary to the
previous two phases where the information vanishes at an exponential rate,
the sub-exponential convergence rate of the correlation on the Edge of Chaos
preserves the information carried by the correlation as it “travels” inside the
network. Eventually, this information will be lost since c/(z,2’) converges
to 1. However, it is expected that this will happen at a much deeper layer
compared to the Ordered phase. Thus, one can say that the Edge of Chaos

allows deeper information propagation.

Figure illustrates the output function of an FFNN with Hyperbolic Tangent
activation function for three different values of initialization hyperparameters
(0b,04). The graphs show the values of the output function for x € [0,1]* (the
notation [0,1] means that 0 and 1 are included in the interval). The output
function in the Ordered phase is almost constant, while it is very ‘noisy’ in the
Chaotic phase. On the other hand, the output function on the Edge of Chaos
is smooth and varies significantly across the input space [0,1]2. In chapter
we give a comprehensive analysis of the Edge of Chaos and we characterize the
convergence of the correlation in this regime. We particularly show that using
smooth activation functions yields a convergence rate of O(I~!) for the correlation
compared to O(I7%) with ReLU activation function.

The theory of the Edge of Chaos deals with information propagation at ini-
tialization. Although it gives interesting insights about the network output at

initialization and how the Edge of Chaos initialization maximizes information flow
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Ordered Phase Chaotic Phase Edge of Chaos

Figure 1.2: Output of a 300x20 Fully-Connected FeedForward Neural Network with
Hyperbolic Tangent activation function for three initialization phases.

inside the network, it does not cover the training part. It turns out that training
wide neural networks is related to the so-called Neural Tangent Kernel; further

details on this are discussed in the section below.

1.3 Neural Tangent Kernel for Deep Neural Net-
works

Recent work by |Jacot et al., 2018| has shown that training a neural network of any

kind with gradient descent in the parameter space is related to kernel gradient descent
in function space with respect to the Neural Tangent Kernel (NTK). In the limit of
infinite width, the Neural Tangent Kernel remains constant during training and is
fully characterized by its value at initialization. Hence, in the NTK regime (infinite
width), the training procedure is fully captured at initialization. It is therefore

natural to bridge the gap between the initialization and the Neural Tangent Kernel.

1.3.1 Neural Tangent Kernel

In the previous section, the FFNN was presented as a simple neural network
model. More generally, a neural network of depth L > 1 is given by a set of

forward propagation equations

y'(x) = Filb,y N (x), 1<I<L, (1.4)
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where z € R? is the input, 6, are the parameters of the [** layer (for FFNN,
0, = (W', BY)), and F; is a mapping that defines the nature of the layer. Popular
choices include dense and convolutional mappings.

Now, consider a general neural network model of type consisting of L
layers (y')1<i<r. Let @ = (0')1<;<; be the flattened vector of weights and bias
indexed by the layer’s index, and p be the dimension of 6. In the case of an FFNN
with layer widths (NV;)i<i<z, 6 has dimension p = %, N; x (N;_; + 1) with the
notation Ny = d. In general, the output function f of the neural network is given
by some mapping s : RV — R of the last layer y*(x); o being the dimension of
the output. For any input x € RY, we thus have f(z,0) = s(y*(z)) € R°. For
a classification problem with £ classes, practitioners usually choose s to be the
Softmaxﬂ function and, in this case, we have o = k.

As the model is trained, the parameters are updated with each gradient step, and
we shall call 6, the value of § at training time ¢ and f;(z) = f(z,6;) = (f;(,6:))1<j<0-
Let D = (x, zi)1<i<m be the dataset and let X = (2;)1<i<my 2 = (2j)1<j<m
be the matrices of inputs and outputs respectively, with dimension d x M and
o x M. For any function g : R™° — R* k > 1, we denote by g(X, Z) the matrix
(g9(xi, 2:))1<i<ar of dimension k x M.

[Jacot et al., 2018] studied the behaviour of the network output as a function
of the training time ¢ when the network is trained using gradient descent. With

parameters § € RP, the empirical loss function is given by

£0) = 7 3 (S ), ),

where £ : (2, z) — €(Z, ) is some loss criterion, e.g. quadratic loss, cross entropy etc.
The “full-batch” gradient descent algorithm (as opposed to “mini-batch” gradient

descent or stochastic gradient descent) follows the update rule given by

ét+1 = ét - nVeﬁ(ét), (1-5)

2Given v = (v;)1<i<k € R¥, the Softmax function maps v to Softmax(v) = <,fvi - ) .
- (&
1<i<k

2
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where 77 > 0 is the learning rate.
Assume that we want to train the model with a maximal number of steps N, and
let T'= nN,. This update rule can be seen as a discretization of a continuous time

system known as the “gradient flow”, and is given by

where At = 7 is the discretization step. It is well known that this discretization
scheme induces an error bound of order O(n) under minimal conditions on the
loss function (see Appendix of chapter [3). The training time 7" with gradient flow
represents the number of steps for the discrete system. The Ordinary Differential

Equation (ODE) (1.6 can be re-written as
1
dfy = = Vof (X, 0) TN (f(X,0,), Z)dL,

where Vyf(X,60,) is a matrix of dimension oN x p and V_4(f(X,0,),Z) is the
flattened vector of dimension o x M constructed from the concatenation of the
vectors V. 0(2', %) | =f(zi 00,7 < M. As a result, the output function fi(z) =
f(z,6;) € R follows the dynamics

df(x) = —;]ve F@, 0V f (X, 0) TV (£ X), Z)dt. (1.7)

The Neural Tangent Kernel (NTK) K/ is defined as the o x o dimensional kernel

KeLt (z, 37/) = Vyf(z, et)vaf(xlv Qt)T € R

L
="V f(z,0)Vef(a, 6)",

=1

(1.8)

where z,2’ € RY. We also define the matric NTK K} (X, X) as the oM x oM
matrix defined blockwise by

Kth(xl,:cl) KoLt(l'hQ?M)

Kk (xq, 2 oo KE (29,2
KE(X,X) = 6, 2 1) A : M)

KeLt(xMaxl) K.th(xN,IM)

By applying (1.7) to the vector &', we obtain

1

dft(X) = M

Ky (X, X)V L f,(X), Z)dt. (1.9)
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The ODE ((1.9) characterizes the neural network training with gradient flow. In
the case of quadratic loss, this ODE becomes tractable and admits a closed-form

solution. This is discussed in the subsequent section.

1.3.2 The NTK regime

In the case of an FFNN with NTK parameterization (see chapter (3 for more
details), [Jacot et al., 2018] proved that, with gradient flow dynamics, in the limit
N1, Ny, ..., N — oo recursively, the kernel K 9[2 converges to a kernel K which de-
pends only on L (number of layers) for all t < T', under the technical assumption that
ST NIV.L(f.(X, 2))||dt is finite almost surely with respect to the initialization weights.
[Yang, 2020] generalized the result to the case where min{Ny, Ny, ..., Np} — 0.
Let f*° be the output of the network in this limit. We then have

df(X) = —]\ZKL(X, XV A(f2(X), Z)dt. (1.10)

Letting, K~ = KZ(X, Z), and considering the quadratic loss ((z', z) = 2= =%,
equation ([1.10) is equivalent to

472 (X) =~ RE(f(X) — 2t (1.11)

The ODE ([1.11)) is characteristic of a simple linear model that has a closed-form

solution given by
(X)) = e K o) 4 (T — e m K ) 2. 1.12
t 0

For general input = € Rd, we have

2 @) = f52(@) + (@, X) (I — e ) (2 = f32(X)), (1.13)

where v(z) = KL(z, X)KL (X, X)L

The linear model solution f is an approximation at time ¢ of the neural
network trained with gradient flow, in the ideal scenario of infinite width. In
general, the kernel matrix K7 is invertible, allowing for the derivation of the infinite

training time solution f3° given by

f2(@) = f5° (@) + (2, X)(Z = [5°(X)). (1.14)
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1 is usually called the “NTK regime,” the “NTK regime solution,” or the “linear
regime solution,” and can be seen as an approximation of the trained neural network
without training. [Lee et al., 2019] showed that, surprisingly, this linear model
achieves high accuracy that might even compete with the original trained neural
network. However, while it yields good performance for shallow neural networks,
chapter [3| shows the limitations of this regime for deep neural networks.
Although modern deep neural networks have achieved state of the art per-
formance in many tasks, these models are overparameterized; they usually have
millions, if not billions, of parameters, making them impossible to implement on
limited capacity devices such as mobile phones and tablets. A natural question that
arises is whether these models can be compressed while preserving their performance.
This topic has been the subject of a line of research known as network pruning
(the name finds its origins in the similarity with trees pruning). Further discussion

on this topic is provided in the next section.

1.4 Neural Networks Pruning

Neural Network Pruning is widely used to reduce the time and space requirements
both at training and test time. The concept is to identify weights that do not
contribute significantly to the network performance and remove them. These weights
are usually chosen based on some criterion, e.g. weights with smallest magnitude or

gradient norm. Consider a general neural network model of depth L given by (|1.4)
y'(z) = Ry (x), 1<I<L,

where € R? is the input. Network pruning consists of finding a binary mask
0 that has the same dimension of the weights. By applying the mask 4 to the

weights element-wise, we obtain the pruned network

y(z) = F(6 00,y (z), 1<I<L, (1.15)
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where o is the Hadamard product (element-wise product).
Most pruning procedures currently available are applied after training the full neu-
ral network [LeCun et al., 1990, Hassibi et al., 1993, Mozer and Smolensky, 1989,

Dong et al., 2017]. They follow the standard pruning procedure
train — prune — .... — prune — train,

until the desired sparsity is achieved. For large datasets such as ImageNetf]
these procedures are slow and require extensive computational resources. This
has led to the development of methods that consider pruning the neural net-
work during training. For example, [Louizos et al., 2018] propose an algorithm
which adds a Ly regularization on the weights to enforce sparsity. Similarly,
[Carreira-Perpinan and Idelbayev, 2018 [Alvarez and Salzmann, 2017] propose the
inclusion of compression inside training steps. Other pruning variants consider
training a secondary network that learns a pruning mask for a given architecture
(ILi et al., 2020, [Liu et al., 2019]).

Recently, [Frankle and Carbin, 2019] have introduced, and experimentally vali-
dated, the Lottery Ticket Hypothesis which conjectures the existence of a sparse
subnetwork that achieves similar performance to the original neural network.
These empirical findings have motivated the development of pruning at initial-
ization methods, such as SNIP ([Lee et al., 2018b]), which demonstrated similar
performance to classical pruning methods of pruning-after-training. Pruning at
initialization methods consider pruning the randomly initialized network and training
the sparse network. They never require training the complete neural network and
are thus more memory efficient, allowing to train deep networks using limited
computational resources. However, such techniques may suffer from different
problems. In particular, nothing prevents such methods from pruning one whole
layer of the network, a phenomenon also known as layer-collapse, which would
typically make the network untrainable (residual neural networks are an exception

since the residual connection keeps the information flow even if one layer is fully

3 Available at http://www.image-net.org/
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pruned). More generally, it is usually difficult to train the resulting pruned neural
network |Li et al., 2018] even if no layer was fully pruned. To resolve this situation,
[Lee et al., 2020]) attempted to enforce the dynamical isometry using orthogonal
weights, while [Wang et al., 2020] (GraSP) used Hessian-based pruning to preserve
gradient flow. Another work by [Tanaka et al., 2020] considers a data-agnostic
iterative approach using the concept of synaptic flow in order to avoid layer-collapse.

For pruning at initialization, the binary mask ¢ is computed based on some

criterion. Popular choices include:

« Magnitude based pruning (MBP): the weights are pruned based on the

magnitude |W| (weights with small magnitude are pruned).

« Sensitivity based pruning (SBP): the weights are pruned based on the
values of |Wg—§/|, where £ is the loss function. This is motivated by the first

order Taylor expansion of the loss function

oL
Lw ~ Lyw—o+ WW'

This criterion is used by SNIP (|Lee et al., 2018b]).

» Hessian based pruning (HBP): the weights are pruned based on some func-

tion that uses the Hessian of the loss function as in GraSP [Wang et al., 2020].

Pruning a neural network at initialization is governed by the values of the
criterion at initialization. Therefore, understanding how the initialization impacts
the criterion is valuable in the choice of hyperparameters. For deep neural networks,
it turns out that the theory of information propagation provides valuable tools to
derive principled guidelines for the choice of the network hyperparameters and the

architecture design. This is the main topic of chapter [5
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1.5 Thesis outline

As aforementioned, this dissertation follows an integrated thesis format, and is
composed of four articles in the theory of randomly initialized wide deep neural
networks. These articles form a coherent piece of work and complete each other.
This section provides a short overview of the articles (chapters), and delve into the
specificities of each one. Lastly, as per the submission guidelines, following each

article is a signed statement of authorship that details my contributions.

On the Impact of the Initialization and the Activation function on Deep
Neural Networks. Chapter [2|is dedicated to the theoretical understanding of
the Edge of Chaos. We provide a comprehensive analysis of the Edge of Chaos
for different activation functions. In it, we particularly show that by choosing
smooth activation functions such as Hyperbolic Tangent and ELU (see figure ,
the convergence rate of the correlation improves from O(I72) (the convergence
rate with ReLU) to O(I™!), meaning that the information can propagate deeper
inside the network, thus allowing training deeper neural networks. We illustrate
all theoretical results with extensive empirical results.

The article is referenced as:

« Hayou, S., Doucet, A., and Rousseau, J. (2019). On the Impact of the
Activation Function on Deep Neural Networks Training. Proceedings of the

36th International Conference of Machine Learning (ICML 2020).

Neural Tangent Kernel for Deep Neural Networks. The Neural Tangent
Kernel introduced by [Jacot et al., 201§]| is closely related to deep neural networks
training. Indeed, authors have shown that training a neural network of any kind with
gradient descent in parameter space is strongly related to kernel gradient descent in
function space with respect to the Neural Tangent Kernel (NTK). [Lee et al., 2019
built on this result by establishing that the output of a neural network trained
using gradient descent can be approximated by a linear model for wide networks.

In parallel, many recent works (including our work [Hayou et al., 2019]) have
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demonstrated the benefit of the Edge of Chaos initialization on the performance of
deep neural networks. In chapter [3, we bridge the gap between these two concepts
by quantifying the impact of the initialization and the activation function on the
Neural Tangent Kernel when the network depth becomes large. In particular, we
show that the performance of wide deep neural networks cannot be explained by
the NTK regime, and we provide experiments illustrating our theoretical results.

The paper is under revision and will be re-submitted to the International

Conference of Machine Learning (ICML 2021). It is referenced as:

« Hayou, S., Doucet, A., and Rousseau, J. (2020). Mean-field Behaviour of Neu-
ral Tangent Kernel for Deep Neural Networks. arXiv preprint arXiv:1905.13654v8.

Stable Residual Neural Networks. Residual neural networks, also called
ResNet, are neural network architectures given by the set of forward propaga-

tion equations
y'(x) =y (z) + R0,y (2), 1<I<L, (1.16)

where x is the input, and F; is a mapping that defines the nature of the layer;
it is usually a convolutional mapping.

While ResNet solve the problem of gradient vanishing, they might suffer
from gradient exploding as the depth becomes large as it has been shown in
[Yang and Schoenholz, 2017]. Moreover, recent results have shown that ResNet
might lose expressivity as the depth goes to infinity [Yang and Schoenholz, 2017,
Hayou et al., 2019]. To resolve these issues, we introduce in chapter |4/ a new class
of ResNet architectures, called Stable ResNet, that have the property of stabilizing
the gradient while ensuring expressivity in the infinite depth limit.

The article is referenced as:

« Hayou, S., Clerico, E., He, B., Deligiannidis, G., Doucet, A., and Rousseau, J.
(2020). Stable ResNet. To appear in the Proceedings of the 24" International
Conference on Artificial Intelligence and Statistics (AISTATS 2021).
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Neural Networks Pruning at Initialization. Modern day neural networks
are usually overparameterized; they display state of the art performance while
having millions, if not billions, of trainable parameters. However, there is a growing
need for smaller neural networks to be able to use machine learning applications
on devices with limited computational resources. A popular approach consists of
using pruning techniques. These techniques have traditionally focused on pruning
pre-trained neural networks [LeCun et al., 1990, [Hassibi et al., 1993|, and follow an
iterative ‘train then prune’ scheme. Such procedures are memory heavy and could
require days, if not months, of training on a single GPU device to find a winning
"pruned’ network. Recent work by [Lee et al., 2018b] has shown promising results
when pruning at initialization, meaning that we prune the untrained neural network
once at initialization to achieve the desired sparsity, then train the sparse network.
However, for deep neural networks, such procedures remain unsatisfactory as the
resulting pruned networks can be difficult to train and, for instance, they do not
prevent one layer from being fully pruned (layer-collapse). In chapter [5| we provide
a comprehensive theoretical analysis of magnitude- and gradient-based pruning
at initialization and training of sparse architectures. We propose novel principled
approaches that resolve the layer-collapse issue, and we validate experimentally
on a variety of neural network architectures.

The article is referenced as

o Hayou, S., Ton, J.F., Doucet, A., Teh, Y.W. (2020). Robust Pruning at
Initialization. To appear in the Proceedings of the 9" International Conference

on Learning Representations (ICLR 2021).
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Abstract

The weight initialization and the activation func-
tion of deep neural networks have a crucial impact
on the performance of the training procedure. An
inappropriate selection can lead to the loss of in-
formation of the input during forward propagation
and the exponential vanishing/exploding of gra-
dients during back-propagation. Understanding
the theoretical properties of untrained random net-
works is key to identifying which deep networks
may be trained successfully as recently demon-
strated by (Schoenholz et al., 2017) who showed
that for deep feedforward neural networks only a
specific choice of hyperparameters known as the
‘Edge of Chaos’ can lead to good performance.
While the work by (Schoenholz et al., 2017) dis-
cuss trainability issues, we focus here on training
acceleration and overall performance. We give a
comprehensive theoretical analysis of the Edge of
Chaos and show that we can indeed tune the ini-
tialization parameters and the activation function
in order to accelerate the training and improve
performance.

1. Introduction

Deep neural networks have become extremely popular as
they achieve state-of-the-art performance on a variety of
important applications including language processing and
computer vision; see, e.g., (Goodfellow et al., 2016). The
success of these models has motivated the use of increas-
ingly deep networks and stimulated a large body of work to
understand their theoretical properties. It is impossible to
provide here a comprehensive summary of the large num-
ber of contributions within this field. To cite a few results
relevant to our contributions, (Montufar et al., 2014) have
shown that neural networks have exponential expressive
power with respect to the depth while (Poole et al., 2016)

"Department of Statistics, University of Oxford, Oxford,
United Kingdom. Correspondence to: Soufiane Hayou <soufi-
ane.hayou@stats.ox.ac.uk>.

Proceedings of the 36'" International Conference on Machine
Learning, Long Beach, California, PMLR 97, 2019. Copyright
2019 by the author(s).

obtained similar results using a topological measure of ex-
pressiveness.

Since the training of deep neural networks is a non-convex
optimization problem, the weight initialization and the ac-
tivation function will essentially determine the functional
subspace that the optimization algorithm will explore. We
follow here the approach of (Poole et al., 2016) and (Schoen-
holz et al., 2017) by investigating the behaviour of ran-
dom networks in the infinite-width and finite-variance i.i.d.
weights context where they can be approximated by a Gaus-
sian process as established by (Neal, 1995), (Matthews et al.,
2018) and (Lee et al., 2018).

In this paper, we focus on the so-called Edge of Chaos (
introduced by (Poole et al., 2016)). Our contribution is three-
fold. Firstly, we provide a comprehensive analysis of the
so-called Edge of Chaos (EOC) curve and show that initial-
izing a network on this curve leads to a deeper propagation
of the information through the network and accelerates the
training. In particular, we show that a feedforward ReLU
network initialized on the EOC acts as a simple residual
ReLU network in terms of information propagation. Sec-
ondly, we introduce a class of smooth activation functions
which allow for deeper signal propagation (Proposition 3)
than ReLU. In particular, this analysis sheds light on why
smooth versions of ReLU (such as SiLU or ELU) perform
better experimentally for deep neural networks; see, e.g.,
(Clevert et al., 2016), (Pedamonti, 2018), (Ramachandran
et al., 2017) and (Milletari et al., 2018). Lastly, we show the
existence of optimal points on the EOC curve and we pro-
vide guidelines for the choice of such point and we demon-
strate numerically the consistence of this approach. We also
complement previous empirical results by illustrating the
benefits of an initialization on the EOC in this context. All
proofs are given in the Supplementary Material.

2. On Gaussian process approximations of
neural networks and their stability

2.1. Setup and notations

We use similar notations to those of (Poole et al., 2016)
and (Lee et al., 2018). Consider a fully connected feedfor-
ward random neural network of depth L, widths (N;)1<;<p.,

weights W, " N(0, ;22-) and bias Bl % N(0,02),
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where A (u, 2) denotes the normal distribution of mean 1
and variance 0. For some input a € R?, the propagation
of this input through the network is given for an activation
function ¢ : R — R by

d
yi(a)=> Wha; + B/, (1)
j=1

N1

yi(a) = > Whey " (a) + B, forl>2. (2)
j=1

Throughout this paper we assume that for all { the pro-
cesses y!(.) are independent (across i) centred Gaussian
processes with covariance kernels ! and write accordingly

y! s GP(0, ). This is an idealized version of the true
processes corresponding to choosing N;_; = 400 (which
implies, using Central Limit Theorem, that y!(a) is a Gaus-
sian variable for any input a). The approximation of y!(.)
by a Gaussian process was first proposed by (Neal, 1995)
in the single layer case and has been recently extended to
the multiple layer case by (Lee et al., 2018) and (Matthews
et al., 2018). The multiplayer kernel can be obtained either
by taking the limits /N; — oo sequentially or simultaneously.
In both cases, the limiting kernel is the same. We recall here
the expressions of the limiting Gaussian process kernels.
For any input a € R?, E[y!(a)] = 0 so that for any inputs
a,b e R?

k! (a,b) = Elyi(a)y; ()]
=0} + oL Elé(y " () d(y; " (0))]
=0} + UiF(b(fil*l(a, a), k" (a,b), k1 71(b, b)),

where I is a function that only depends on ¢. This gives
a recursion to calculate the kernel x!; see, e. g., (Lee et al.,
2018) for more details. We can also express the kernel
x!(a,b) (which we denote hereafter by ¢.,) in terms of the
correlation ¢!, in the I*" layer

¢y = 0 + 02 Elop(\/ a1 Z0) o () ab T U (1)),

where ¢! = ¢\, resp. ¢t

=y /g gyt s
the variance, resp. correlation, in the (I — 1)*" layer and
Us(z) = 271 + 1 — x2Z5 where Zy, Z are independent
standard Gaussian random variables. When it propagates
through the network. ¢! is updated through the layers by the
recursive formula ¢}, = F(g,~1), where F is the ‘variance

function’ given by
F(z) = o} + 03, E[¢(VZ)?],

Throughout this paper, Z,Z;1,Z, will always denote
independent standard Gaussian variables, and a,b two
inputs for the network.

Z ~N(0,1). @3

Before starting our analysis, we define the transform V' for
a function ¢ defined on R by V[¢](x) = 02E[p(v/2Z)?]
for x > 0. We have F' = o2 + V[4).

Let E and G be two subsets of R. We define the following
sets of functions for k£ € N by

D*(BE,G) = {f : E — G such that f*) exists}

CH(E,G) = {f € D*(E, G) such that f*) is continuous}
Dy(E,G) = {f € D"(E,G) :Vj < k,E[fV(2)*] < o0}
CHE,G)={f € C"E,G) :Vj < k,E[fY(Z)*] < 0}

where f(¥) is the k™ derivative of f. When F and G are not
explicitly mentioned, we assume F = G = R.

2.2. Limiting behaviour of the variance and covariance
operators

We analyze here the limiting behaviour of ¢}, and ¢/, , as
goes to infinity. From now onwards, we will also assume
without loss of generality that ¢}, > 0 (similar results can
be obtained straightforwardly when c., < 0). We first need
to define the Domains of Convergence associated with an
activation function ¢.

Definition 1. Let ¢ € DY, (03, 0,,) € (RT)2

(i) Domain of convergence for the variance Dy ,qr :
(0b,0w) € Dy yar if there exists K > 0, ¢ > 0 such that
for any input a with ¢} < K, lim;_,. ¢, = q. We denote
by K¢ var(0b, 04) the maximal K satisfying this condition.
(ii) Domain of convergence for the correlation Dy corr:
(0b,0w) € Dg.corr If there exists K > 0 such that for
any two inputs a, b with q;, g < K, lim_, cflb =1 We
denote by Ky corr(0b,0w) the maximal K satisfying this
condition.

Remark: Typically, g in Definition 1 is a fixed point of the
variance function defined in (3). Therefore, it is easy to
see that for any (o, 0y,) such that F' is non-decreasing and
admits at least one fixed point, we have Ky yqr (0p, 00) > ¢
where ¢ is the minimal fixed point; i.e. ¢ := min{x :
F(x) = x}. Thus, if we re-scale the input data to have
ql < g, the variance ¢!, converges to ¢. We can also re-
scale the variance o, of the first layer (only) to assume that
q! < g for all inputs a.

The next Lemma gives sufficient conditions under which
Ky var and Ky .o are infinite.

Lemma 1. Assume ¢ exists at least in the distribution

sense.l

Let My := sup,~oE[|¢?(2Z) + ¢" (¢ Z)p(xZ)]]. Assume

'ReLLU admits a Dirac mass in 0 as second derivative and so is
covered by our developments.
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(a) ReLU with (04, 04) = (1,1) (b) Tanh with (o4, 0w) = (1,1) (c) Tanh with (03, 04) = (0.3, 2)

Figure 1. Draws of outputs for ReLU and Tanh networks for different parameters (o, 0., ). Figures (a) and (b) show the effect of an
initialization in the ordered phase, the outputs are nearly constant. Figure (c) shows the effect of an initialization in the chaotic phase.

My < oo, then for o2 < Mib and o, > 0, we have
(0b, 0w) € Dy par and Ky yar (0, 04y) = 00.

Let Cy,5 1= SUPy y>0,5—y|<s,ccfo,1] B[l (221)8 (y(cZ1 +
V1—c22Z,)|l. Assume Cys < oo for some 6 > 0,
then for o2, < min(l\/%b7 C%)) and o, > 0, we have
(O’b,dw) S D¢>,var n D(b,corr and K¢,var(abaaw) =
K¢,COTT(Ub70w) = Q.

The proof of Lemma 1 is straightforward. We prove that
sup F’(z) = 02, M and then apply the Banach fixed point
theorem. Similar ideas are used for C 5.

Example: For ReLU activation function, we have M.y =
1/2 and Creru,s < 1forany d > 0.

In the domain of convergence Dy ,ar N Dy corr, for all
a,b € RY, we have y5°(a) = y°(b) almost surely and
the outputs of the network are constant functions. Figures
1(a) and 1(b) illustrate this behaviour for ReL.U and Tanh
with inputs in [0, 1]? using a network of depth L = 20 with
N; = 300 neurons per layer. The draws of outputs of these
networks are indeed almost constant.

Under the conditions of Lemma 1, both the variance and
the correlations converge exponentially fast (contraction
mapping). To refine this convergence analysis, (Schoen-
holz et al., 2017) established the existence of €, and €. such
that |¢, — q| ~ e7"/¢a and |c!, — 1| ~ e~!/¢ when fixed
points exist. The quantities €, and €. are called ‘depth scales’
since they represent the range of depth to which the variance
and correlation can propagate without being exponentially
close to their limits. More precisely, if we write y1 =
F2E[(,/3Z)] and o = x1 + 02 E[9"(y/G2)0(y/aZ)]
then the depth scales are given by ¢, = —log(a)~! and
€. = —log(x1)~!. The equation x; = 1 corresponds to
an infinite depth scale of the correlation. It is called the
EOC as it separates two phases: an ordered phase where
the correlation converges to 1 if x; < 1 and a chaotic phase
where x; > 1 and the correlations do not converge to 1. In

this chaotic regime, it has been observed in (Schoenholz
et al., 2017) that the correlations converge to some value
¢ < 1 when ¢(z) = Tanh(z) and that ¢ is independent of
the correlation between the inputs. This means that very
close inputs (in terms of correlation) lead to very different
outputs. Therefore, in the chaotic phase, at the limit of
infinite width and depth, the output function of the neural
network is non-continuous everywhere. Figure 1(c) shows
an example of such behaviour for Tanh.

(Schoenholz et al., 2017) focused on the existence of the
depth scales in the Ordered/Chaotic phase and the empirical
success of the Edge of Chaos initialization. This success
was the motivation behind our work which provides a theo-
retical analysis of the Edge of Chaos for different activation
functions. Let us first give a formal definition of the Edge
of Chaos.

Definition 2 (Edge of Chaos). For (0p,04) € Dguvars
let q be the limiting variance’. The Edge of Chaos
(EOC) is the set of values of (op,0,) satisfying x1 =
oL El¢'(vaZ)? = 1.

To further study the EOC regime, the next lemma introduces
a function f called the ‘correlation function’ showing that
that the correlations have the same asymptotic behaviour as
the time-homogeneous dynamical system cf;gl =f (cib).

Lemma 2. Let (0y,004) € Dgyar N Dy corr Such
that ¢ > 0, a,b € R? and ¢ a measurable func-
tion such that sup,.gE[¢p(x2)? < oo for all com-
pact sets S. Define f; by cfgl = fi(ck,) and f
by f(z) = o§+a§,E[¢>(\/aZ1)¢(;/6(le+\/1—$222))' Then

limy_ o SUPze(0,1] |fl(1') - f(l‘)‘ =0.

The condition on ¢ in Lemma 2 is violated only by activa-
tion functions with square exponential growth (which are
not used in practice), so from now onwards, we use this

2The limiting variance is a function of (&, ., ) but we do not
emphasize it notationally.
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o-s ReLU with (,,) = (0,v2) (EOC) |

| ~-+ ReLU With (s}, ,) = (1, 1) (Ordered phase)

IY

(a) Convergence of the correlation to
1 with ¢® = 0.1

< (@ 0w)

(b) Correlation function f

(0.V2) (EOC)
(1,1) (Ordered phase)

(o0, 0u)

c

(c) Output of 100x20 ReL U net-
work on the EOC

Figure 2. Impact of the EOC initialization on the correlation and the correlation function. In (a), the correlation converges to 1 at a
sub-exponential rate when the network is initialized on the EOC. In (b), the correlation function f satisfies f'(1) = 1 on the EOC.

approximation in our analysis. Note that being on the EOC
is equivalent to (o, 0, satisfying f/(1) = 1. In the next
section, we analyze this phase transition carefully for a large
class of activation functions.

3. Edge of Chaos

To illustrate the effect of the initialization on the EOC, we
plot in Figure 2(c) the output of a ReLU neural network
with 20 layers and 100 neurons per layer with parameters
(02,02) = (0,2) (as we will see later EOC = {(0,v/2)}
for ReLU). Unlike the output in Figure 1(a), this output
displays much more variability. However, we prove below
that the correlations still converge to 1 even in the EOC
regime, albeit at a slower rate.

3.1. ReLU-like activation functions

ReLU has replaced classical activations (sigmoid, Tanh,...)
which suffer from gradient vanishing (see e.g. (Glorot et al.,
2011) and (Nair and Hinton, 2010)). Many variants such as
Leaky-ReLU were also shown to enjoy better performance
in test accuracy (Xu et al., 2015). This motivates the analysis
of such functions from an initialization point of view. Let
us first define this class.

Definition 3 (ReLU-like functions). A function ¢ is ReLU-
like if it is of the form

ReLU corresponds to A = 1 and 8 = 0. For this class of
activation functions, the EOC in terms of definition 2 is
reduced to the empty set. However, we can define a weak
version of the EOC for this class. From Lemma 1, when

2
<

A\x
Bx

ifr>0
ifx <0

()

where A\, 3 € R.

%
1—02 /2

w

Ow 1/ %ﬂz, the variances converge to ¢ =

and the correlations converge to 1 exponentially fast. If

0w > |/ xr3ge the variances converge to infinity. We then

have the following result.

Lemma 3 (Weak EOC). Let ¢ be a ReLU-like function with
A, B defined as above. Then f| does not depend on 1, and
f/(1) = 1 and q' bounded holds if and only if (op, 0,) =

0,/ x2352)-
We call the singleton {(0, ,/ %ﬂz)} the weak EOC.

The non existence of EOC for ReLU-like activation in the
sense of definition 2 is due to the fact that the variance is
unchanged (¢}, = ¢}) on the weak EOC, so that the limiting
variance ¢ depends on a. However, this does not impact the
analysis of the correlations, therefore, hereafter the weak
EOC is also called the EOC.

This class of activation functions has the interesting property
of preserving the variance across layers when the network
is initialized on the EOC. We show in Proposition 1 below
that, in the EOC regime, the correlations converge to 1 at a
slower rate (slower than exponential). We only present the
result for ReLU but the generalization to the whole class is
straightforward.

Example: ReLU: The EOC is reduced to the singleton
(02,02) = (0,2), hence we should initialize ReLU net-
works using the parameters (o7, 02,) = (0,2). This result
coincides with the recommendation in (He et al., 2015)
whose objective was to make the variance constant as the
input propagates but who did not analyze the propagation
of the correlations. (Klambauer et al., 2017) performed a
similar analysis by using the ‘Scaled Exponential Linear
Unit’ activation (SELU) that makes it possible to center
the mean and normalize the variance of the post-activation
@(y). The propagation of the correlations was not discussed
therein either.

Figure 2(b) displays the correlation function f for two differ-
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Chaotic phase

Chaotic phase

Ordered phase

Ordered phase
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(a) Tanh

(b) ReLU

Chaotic phase

Ordered phase

[

(c) ELU

Figure 3. EOC curves for different activation functions (red dashed line). For smooth activation functions (Figures (a) and (c)), the EOC is
a curve in the plane (o, 0. ), while it is reduced to a single point for ReLU.

ent sets of parameters (o, 0y, ). The blue graph corresponds
to the EOC (02, 02) = (0,2), and the red one corresponds
to an ordered phase (o}, 0,) = (1,1).

In the next result, we show that a fully connected feedfor-
ward ReLU network initialized on the EOC (weak sense)
acts as if it has residual connections in terms of correlation
propagation. We further show that the correlations converge
to 1 at a polynomial rate of 1//2 on the EOC instead of an
exponential rate in the ordered phase. Having a slow con-
vergence rate for the correlation ensures that for the same
depth L, the output function is relatively more expressive
compared to the output function of a network with exponen-
tial convergence rate for the correlation (Ordered/Chaotic
initialization). Knowing that a well-behaved output func-
tion at initialization is a good starting point for any gradient
based algorithm, this suggests that the EOC initialization
would yield better performance results compared to other
initializations (Ordered/Chaotic), especially for deep neural
networks.

Proposition 1 (EOC acts as Residual connections) Con-
sider a ReLU network wn‘h parameters (of,02) = (0,2) €
EOC and correlations c.,,. Consider also a ReLU network
with simple residual connections given by

N1
vi(a) =7 " (a) + Z W0 @ (a) +

where Wij ~ N(0, 7o ) and B ~ N(0,57). Let @, be
the corresponding correlatton Then for anyc,, > 0 and
ap = 0, there exists a constant v > 0 such that

2

_ 9
1—cflb~’y(1—cflb)wﬁ as 1 — o0

3.2. Smooth activation functions

It is not easy to characterize the set of activation functions
for which the EOC is non trivial. For example, a shifted
version of the the Softplus activation function has a trivial

Algorithm 1 EOC curve
Input: ¢ satisfying conditions of Proposition 2, o}
Initialize ¢ = 0
while ¢ has not converged do

VIg)(a)
4= 9% + V)

end while

return (o,, m )

EOC with only 0}, = 0. In this case, we also have ¢ = 0 (the
limiting variance) which implies that the output function is
null. However, we can show that under some conditions on
the transforms V'[¢] and [¢'], the existence of a non-trivial
EOC is guaranteed.

Proposition 2. Let ¢ € D} be non ReLU-like such that
»(0) = 0 and ¢'(0) # 0. Assume that V]| is non-

decreasing and V'|¢'] is non-increasing. Let Opay =
\/supm>0 |z — [(f](?) | and for oy, < Omag let 4o, be the
smallest fixed point of the function o} + V[[¢] .

have EOC' = { (o, ):0b < Omaz )

Then we

1
B¢ (yary 2)7]

Example : Tanh and ELU (defined by ¢pru(z) = « for
x> 0and ¢pry(z) = e® — 1 for x < 0) satisfy all condi-
tions of Proposition 2. We prove in the Appendix that SiLU
(a.k.a Swish) has an EOC.

Using Proposition 2, we propose Algorithm 1 to determine
the EOC curves.

Figure 3 shows the EOC curves for different activation func-
tions. For ReLU, the EOC is reduced to a point while
smooth activation functions have an EOC curve (ELU is a
smooth approximation of ReLU).

A natural question which arises from the analysis above is
whether we can have 0,4, = 0c. The answer is yes for the
following large class of ‘Tanh-like’ activation functions.

Definition 4 (Tanh-like activation functions). Let ¢ €
D?(R,R). ¢ is Tanh-like if
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1. ¢ bounded, ¢$(0) = 0, and for all x € R, ¢'(x) > 0,
z¢" (x) < 0 and x¢(z) > 0.

2. There exist a > 0 such that |¢/ ()| = e~ for large
x (in norm).

Lemma 4. Let ¢ be a Tanh-like activation function, then
¢ satisfies all conditions of Proposition 2 and EOC =

1 . +
{on ez or SR

Recall that the convergence rate of the correlation to 1 for
ReLU-like activations on the EOC is O(1/£2). We can
improve this rate by taking a sufficiently regular activation
function. Let us first define a regularity class A.

Definition 5. Let ¢ € Dg. We say that ¢ is in A if there

existsm > 1, a partition (S;)1<i<n of Rand g1, g2, ..., gn €
C; such that @ =37 15,9

This class includes activations such as Tanh, SiLU, ELU
(with a = 1). Note that D% C A forall k > 3.

For activation functions in A, the next proposition shows
that the correlation converges to 1 at the rate O(1/¢) which
is better than O(1/¢2) of ReLU-like activation functions.

Proposition 3 (Convergence rate for smooth activations).
Let ¢ € A such that ¢ is non-linear (i.e. ¢ is non-
identically zero). Then, on the EOC, we have 1 — et~ %
where By = ZEii (Ui

Choosing a smooth activation function from class A is there-
fore better for deep neural networks since it provides deeper
information propagation. This could explain for example
why smooth versions of ReLU such as ELU perform better
(Clevert et al., 2016) (see experimental results). Figure 3.2
shows the evolution of the correlation through the network
layers for different activation functions. For function in
A (Tanh and ELU), the graph shows a rate of O(1//) as
expected compared to O(1/¢?) for ReLU.

Remark: The convergence rate of O(1/¢) is optimal. This
is because this rate is fixed by the Taylor expansion of
the correlation function around 1 as shown in the proof of
Proposition 3.

So far, we have discussed the impact of the EOC and the
smoothness of the activation function on the behaviour of
c!. We now refine this analysis by studying 3, as a function
of (op,04). We also show that 3, plays a more impor-
tant role in the information propagation process. Indeed,
we show that /3, controls the propagation of the correla-
tion and the back-propagation of the Gradients. For the
back-propagation part, we use the approximation that the
weights used during forward propagation are independent
of the weights used during backpropagation. This simpli-
fies the calculations for the gradient backpropagation; see
(Schoenholz et al., 2017) for details and (Yang, 2019) for a
theoretical justification.

.ee
P et
o
.
- .
o gaseee
A - o oo
08 . *',‘41%
s boe

i o -e ReLU with (a3, ) = (0,/2) (EOC)
o-+ ELU With (o1, 0) = (0.2,1.227) (EOC)
¢ Tanh with (o}, o) = (0.2,1.302) (EOC)

Figure 4. Impact of the smoothness of the activation function on
the convergence of the correlations on the EOC. The convergence
rate for ReLU is O(1/¢?) and O(1/¢) for Tanh and ELU.

Proposition 4. Let ¢ € A be a non-linear activation func-
tion such that ¢p(0) = 0, ¢'(0) # 0. Assume that V[¢]
is non-decreasing and V[¢']) is non-increasing, and let
Omaz > 0 be defined as in Proposition 2. Let E be a
differentiable loss function and define the gradient with re-
spect to the I*" layer by 2—5 = (%)1951\& and let szb =

E[%T %] (Covariance matrix of the gradients dur-

ing backpropagation). Recall that B, = %%'

Then, for any oy, < Opaq, by taking (op,0,) € EOC we
have

® sup,cp,q [f(z) — 2| < Biq

e Forl >1,

TY(QLI;) _
Q")

2
<4

Moreover, we have

lim Bq = o0.

op—0
(ob,0w)EEOC

The result of Proposition 4 suggests that by taking small
op, We can achieve two important things. First, it makes
the function f close to the identity function, this slows
further the convergence of the correlations to 1, i.e., the
information propagates deeper inside the network. Note
that the only activation functions satisfying f(z) = z for
all z € [0,1] are linear functions which are not useful.
Second, it makes the Trace of the covariance matrix of the
gradients approximately constant through layers, which
means, we avoid vanishing of the information during
backpropagation (More precisely, we preserve the overall
spectrum of the covariance matrix since the Trace is the
sum of the eigenvalues).

We also have lim,, o ¢ = 0 so that if o}, too small then
y'(a) ~ 0. Hence, a trade-off has to be taken into account
when initializing on the EOC. Using Proposition 4, we
can deduce the maximal depth to which the correlations
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Figure 5. 100 epochs of the training curve (test accuracy) for different activation functions for depth 200 and width 300 using SGD. The
red curves correspond to the EOC, the green ones corresponds to an ordered phase, and the blue curves corresponds to an Initialization on
the EOC plus a Batch Normalization after each layer. The upper figures show the test accuracies with respect to the epochs while the

lower figures show the accuracies with respect to time.

can propagate without being within a distance € to 1.
Indeed, we have for all I, |t — ¢ < Biq’ therefore
for L > 1, ¥ — 0] < ﬂ% Assuming ¢ < ¢ < 1
for all inputs where c is a constant, the maximal depth
we can reach without loosing (1 — €) x 100% of the
information is Ly,e: = [B¢(1 —c —¢€)], this satisfies
limm,—>0 Lyaz = 0.

Choice of o}, on the Edge of Chaos : Given a network of
depth L, it follows that selecting a value of o}, on the EOC
such that 3, ~ L appears appropriate.

We verify numerically the benefits of this rule in the next
section.

Note that ReL.U-like activation functions do not satisfy con-
ditions of Proposition 4. The next lemma gives easy-to-
verify sufficient conditions for Proposition 4.

Lemma 5. Let ¢ € A such that x¢(z)¢'(z) > 0 and
d(x)9" (x) < 0 forall v € R. Then, ¢ satisfies all condi-
tions of Proposition 4.

Example: Tanh and ELU satisfy all conditions of Lemma 5.
This may partly explain why ELU performs experimentally
better than ReLU (see next section). Another example is
an activation function of the form Az + STanh(z) where
A, B € R. We check the performance of these activations in
the next section.

4. Experiments

In this section, we demonstrate empirically the theoretical
results established above. We show that:

e For deep networks, only an initialization on the EOC
could make the training possible, and the initialization
on the EOC performs better than Batch Normalization.

e Smooth activation functions in the sense of Proposition
3 perform better than ReLU-like activation, especially
for very deep networks.

e Choosing the right point on the EOC further accelerates
the training.

We demonstrate empirically our results on the MNIST
and CIFARI10 datasets for depths L between 10 and 200
and width 300. We use SGD and RMSProp for training.
We performed a grid search between 1076 and 10~2 with
exponential step of size 10 to find the optimal learning rate.
For SGD, a learning rate of ~ 1073 is nearly optimal for
L < 150, for L > 150, the best learning rate is ~ 1074,
For RMSProp,107° is nearly optimal for networks with
depth L < 200 (for deeper networks, 10~¢ gives better
results). We use a batchsize of 64.

Initialization on the Edge of Chaos. We initialize ran-
domly the network by sampling Wilj o (0,02 /N;_1)
and B! Y (0, 07). Figure 5 shows that the initialization
on the EOC dramatically accelerates the training for ELU,

ReLU and Tanh. The initialization in the ordered phase
(here we used (0, 04,) = (1, 1) for all activations) results
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Figure 6. Test accuracies for Tanh network with depths between 30 and 90 and width 300 using different points on the EOC.

Table 1. Test accuracies for width 300 and depth 200 with different
activation function on MNIST and CIFAR10 after 100 epochs

MNIST EOC EOC + BN ORD PHASE
RELU 93.574+0.18 93.11+£0.21 10.094 0.61
ELU 97.62+ 0.21 93.41+0.3 10.144+ 0.51
TANH 97.20+ 0.3 10.74+ 0.1 10.024+0.13
CIFAR10 EOC EOC + BN ORD PHASE
RELU 36.55+1.15 3591£1.52 9.91+0.93
ELU 45.76+ 091 44.12+£0.93 10.11+0.65
TANH 44.11+1.02 10.15£0.85 9.82+0.88

in the optimization algorithm being stuck eventually at a
very poor test accuracy of ~ 0.1 (equivalent to selecting
the output uniformly at random). Figure 5 also shows that
EOC combined to BatchNorm results in a worse learning
curve and dramatically increases the training time. Note
that it is crucial here to initialize BatchNorm parameters
toa = 1 and 8 = 0 in order to keep our analysis on the
forward propagation on the EOC valid for networks with
BatchNorm. Table 1 presents test accuracy after 100 epochs
for different activation functions and different training meth-
ods (EOC, EOC+BatchNorm, Ordered phase) on MNIST
and CIFAR10. For all activation functions but Softplus,
EOC initialization leads to the best performance. Adding
BatchNorm to the EOC initialization makes the training
worse, this can be explained the fact that parameters « and
B are also modified during the first backpropagation. This
invalidates the EOC results for gradient backpropagation
(see proof of Proposition 4).

Impact of the smoothness of the activation function on
the training. Table 2 shows the test accuracy at different

Table 2. Test accuracies for width 300 and depth 200 with different
activation function on MNIST and CIFAR10 after 10, 50 and 100
epochs

MNIST EPOCH 10 EPOCH 50 EPOCH 100
RELU 66.76+ 1.95 88.62+0.61 93.574+0.18
ELU 96.09+ 1.55 97.21+ 0.31 97.62+ 0.21
TANH 89.75+1.01 96.51+0.51 97.20+ 0.3
CIFAR10 EPOCH 10 EPOCH 50 EPoOCH 100
RELU 26.46+ 1.68 33.74+1.21 36.55+1.15
ELU 35.95+ 1.83 45.55+ 0.91 47.76+ 0.91
TANH 34.12+1.23 43.47+1.12 44.11£1.02

epochs for ReLU, ELU, Tanh. Smooth activation functions
perform better than ReLU. More experimental results with
RMSProp and other activation functions of the form z +
aTanh(z) are provided in the supplementary material.

Selection of a point on the EOC. We have shown that a
sensible choice is to select o such that L ~ 3, on the EOC.
Figure 6 shows test accuracy of a Tanh network for differ-
ent depths using o, € {0.05,0.2,0.5}. With o, = 0.05,
we have 3, ~ 50. We see for depth 50, the red curve
(o, = 0.05) is the best. For other depths L between 30 and
90, o, = 0.05 is the value that makes 3, the closest to L
among {0.05,0.2,0.5}, which explains why the red curve
is approximately better for all depths between 30 and 90.
To further confirm this finding, we search numerically for
the best o, € {2k x 1072 : k € [1,50]} for depths
30,100, 200. Table 3 shows the results.
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Table 3. Best test accuracy achieved after 100 epochs with Tanh
on MNIST

DEPTH L=30 L=50 L=200
2k x 1072 0.080 0.040 0.020
WITH RULE 8, = L 0.071 0.030 0.022

5. Discussion

The Gaussian process approximation of Deep Neural Net-
works was used by (Schoenholz et al., 2017) to show that,
in the regime, very deep Tanh networks are trainable only
on the EOC. We give here a comprehensive analysis of the
EOC for a large class of activation functions. We also prove
that smoothness plays a major role in terms of signal prop-
agation. Numerical results in Table 2 confirm this finding.
Moreover, we introduce a rule to choose the optimal point
on the EOC, this point is a function of the depth. As the
depth goes to infinity (e.g. L = 400), we need smaller o}, to
achieve the best signal propagation. However, the limiting
variance ¢ also becomes close to zero as o, goes to zero. To
avoid this problem, one possible solution is to change the
activation function to ensure that the coefficient 3, becomes
large independently of the choice of o}, on the EOC. Indeed,
we show in the supplementary material that by choosing
activation function of the form x + a/Tanh(z), we can make
B4 arbitrarily large without changing o.

Our results have implications for Bayesian neural networks
which have received renewed attention lately; see, e.g.,
(Hernandez-Lobato and Adams, 2015) and (Lee et al., 2018).
They indeed indicate that, if one assigns i.i.d. Gaussian prior
distributions to the weights and biases, we need to select
not only the prior parameters (o3, 0, ) on the EOC but also
an activation function satisfying Proposition 3 to obtain a
non-degenerate prior on the induced function space.
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A. Proofs

We provide in this supplementary material the proofs of theoretical results presented in the main document, and we give
additive theoretical and experimental results. For the sake of clarity we recall the results before giving their proofs.
A.1. Convergence to the fixed point: Proposition 1

Lemma 1. Let My := sup,~oE[|¢"(22) + ¢" (2 Z)¢(xZ)|]. Suppose My < oo, then for o7, < M%» and any oy, we have
(Uba Uw) S Dd),var and K¢,va7>(0ba Uw) = o0

Moreover, let Cy 5 1= SUD,, >0, |u—y|<s,cc(0,1] B¢ (21)' (y(cZ1+V1 — 2 Z3)|]. Suppose Cy, 5 < o0 for some positive 3,
then for 02, < min(Miab, C%}) and any oy, we have (0p,0y,) € Dy var N Dg corr and Ky yar (0, 0w) = Kg corr (b, 0w) =
0.

Proof. To abbreviate the notation, we use ¢' := ¢’ for some fixed input a.

Convergence of the variances: We first consider the asymptotic behaviour of ¢! = ¢!. Recall that ¢! = F(q'~!) where
F(a) = of + 2 EIS(/72)).

The first derivative of this function is given by

Z

7z

where we use Gaussian integration by parts, E[ZG(Z)] = E[G'(Z)], an identity satisfied by any function G such that
E[|G'(Z)|] < co.

F'(z) = o E[—=0¢' (V2 Z)p(VaZ)] = o, B¢ (VaZ)? + ¢ (VaZ)$(VaZ)), @

Using the condition on ¢, we see that the function F is a contraction mapping for o2, < ﬁ and the Banach fixed-point

theorem guarantees the existence of a unique fixed point ¢ of F, with lim;_, { . ¢' = ¢. Note that this fixed point depends
only on F, therefore this is true for any input @ and Ky 4, (0%, 00) = 00.

Convergence of the covariances: Since M, < oo, then for all a, b € R? there exists [y such that |/}, — y/q}| < 6 for all
I >1ly. Letl > Iy, using Gaussian integration by parts, we have

dcl+1
Cab — GBI (200 (ah(chaZr + /1~ (e 2]
ab

We cannot use the Banach fixed point theorem directly because the integrated function here depends on ! through ¢'. For
ease of notation, we write ¢! := cl,. We have

1
41 0 ¢ ddtt del < o2 ldh — -1
=] S @dal < el - .
ol

Therefore, for 02, < min(ﬁ7 C%}), c! is a Cauchy sequence and it converges to a limit ¢ € [0, 1]. At the limit

c= f(c) = op + onElo(\/q21)0(\/q(cz + V1 — 6222)))]'
q

The derivative of this function is given by
f'(@) = Bl (VaZ1)¢' (Va(zZy + V1 = 22»)).

By assumption on ¢ and the choice of o, we have sup,, | f'(z)| < 1 so f is a contraction and has a unique fixed point. Since
f(1) = 1 then ¢ = 1. The above result is true for any a, b, therefore Ky 0, (0, 0w) = K¢ corr(0b, 0) = 00. O
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Lemma 2. Let (0p,04) € Dgyar N Dgcorr such that ¢ > 0, a,b € R and ¢ an activation function
such that sup,c i E[p(x2Z)?] < oo for all compact sets K. Deﬁne fi by cl+1 = fz(CfL,b) and f by f(x)
op+ol E[¢(\fZ1)¢(f(le+\/1 z

“22) Then limy o0 SUp,epo,1 1fi( (x)] =0.
Proof. For z € [0,1], we have

filx) = f(z) = (

(E[6(y/d 20)6(y/dhua ()] — E[6(/aZ1)d(y/Gua (),

where ug(z) := xZ1++/1 — 22 Z5. The first term goes to zero uniformly in 2 using the condition on ¢ and Cauchy-Schwartz
inequality. As for the second term, it can be written again as

E[(6(\/dh21) — (v/iZ0))(y ahua ()] + El6(vaZ1) (6 dhuz(x)) — d(vGua ().

Using Cauchy-Schwartz and the condition on ¢, both terms can be controlled uniformly in by an integrable upper bound.
We conclude using dominated convergence. U

Lemma 3 (Weak EOC). Let ¢ be a ReLU-like function with X, 8 defined as above. Then f| does not depend on I, and
having f](1) = 1 and ¢' bounded is only achieved for the singleton (o, ) = (0, /ﬁ) The Weak EOC is defined as
this singleton.

Proof. We write ¢ = ¢, throughout the proof. Note first that the variance satisfies the recursion:

)\2 + 62 ql
2

¢ =of + o Ele(2)")d = of + o, )
For all o, < ,/ﬁﬁz, q = of (1—02(N+5%)/2)" ' is a fixed point. This is true for any input, therefore

K4 var(0b, 0y) = 00 and (i) is proved.

Now, the EOC equation is given by x1 = 02 E[¢'(Z)?] = 02, # Therefore, 02, = Replacing o2 by its critical

value in (5) yields

2
AZ4p2°

I =i +d.

Thus q = o} + ¢ if and only if o, = 0, otherwise ¢’ diverges to infinity. So the frontier is reduced to a single point
(02,02) = (0,E[¢/(Z)?]7!), and the variance does not depend on [.
O

Proposmon 1 (EOC acts as Residual connections). Consider a ReLU network with parameters (02,02 = (0,2) € EOC
and let cab be the corresponding correlation. Consider also a ReLU network with simple residual connections given by

Ni—1

7i(a) =7, ( a>+ZW” vy (a) +

where Wl ~ N(0,

op =0, there exists a constcmt v > 0 such that

) and B ~ N(0,52). Let G, be the corresponding correlation. Then, by taking ., > 0 and

972

1_CIéLbN’Y(1_6flb)Nﬁ

asl — oo.
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Proof. Let us first give a closed-form formula of the correlation function f of a ReLU network. In this case, we have
f(x) =2E[(Z1)+(xZ1 + V1 — 22 Z3) 4] where (z)4 := x1,5¢. Let x € [0, 1], f is differentiable and satisfies

f’(:r) = QE[1Z1>011Z1+\/1—1‘2Z2>0}’

which is also differentiable. Simple algebra leads to

Since arcsin’(x) =

\/1177 and f/(0) = 1/2,
/ 1 i 1
fi(z) = - arcsin(x) + 5

Using the fact that [ arcsin = z arcsin +v/1 — 22 and f(1) = 1, we conclude that for z € [0, 1], f(z) = Lz arcsin(z) +
LV1—22+ ia.
For the residual network, we have g, = g, ' + 72 E[¢(1/q, ' 2)%] = (1 + 2’“ g, !
Let § = —L. We have
1 w

T

2

Cop = 0Cy " + 552 WElG(Z1)0(Ua(c; )]

—elyt 0T el

Now, we use Taylor expansion near to conclude. However, since f is not differentiable in 1 for all orders, we use a change
of variable = 1 — ¢2 with ¢ close to 0, then

arcsin(1 —t?) = = — V2t — £t3 +O(t9),

so that
arcsin(z) = g —V2(1 — )12 - g(l —2)32 4 O((1 — 2)/?),
and
xarcsin(z) = gx —V2(1—x)V? + 1117\2@(1 — )32 1 O((1 - 2)%/?).
Since

V=2 = Va0 = R o - )

we obtain that

flz) = x+¥(1_x)3/2+0((1—x)5/2). (6)

r—1—

Since (f(z) — )’ = L (arcsin(z) — Z) < 0and f(1) = 1, forall z € [0,1), f(z) > x. If ¢ < /T then by taking the
image by f (which is increasing because f’ > 0) we have that ¢! T! < ¢/*2, and we know that ¢! = f(c) > ¢, so by
induction the sequence ¢ is increasing, and therefore it converges to the fixed point of f which is 1.

Using a Taylor expansion of f near 1, we have

N S .
chy =yt + 62 (1 - g )+ O((1 — )

and

dy = g+ 22— dye 1 o((1 - 1)),
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Now letv; :=1— cab for a, b fixed. We note s = Qf , from the series expansion we have that v, 1 = v, — 5% 4 O(y 5/2)
so that

— — _ S
= 1”(1— Prom)T = 20 o o)

=7 24+ S + o).

Thus, as [ goes to infinity

—1/2 —1/2 S
N1 —N ~

o |

and by summing and equivalence of positive divergent series

—1/2 S
v 22

Therefore, we have 1 — cflb Using the same argument for ¢ C,, ;» we conclude.
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Proposition 2. Let ¢ € D1 be non ReLU-like function. Assume V' [@] is non-decreasing and V'[¢'] is non-increasing. Let

Omaz = \/SUpmgo |z — V[¢ | and for o, < Tz let q,, be the smallest fixed point of the function o2 + V[[‘i’]] Then
we have EOC = {(oy, W) 2 0b < Omaz |-

To prove Proposition 2, we need to introduce some lemmas. The next lemma gives a characterization of ReLU-like activation
functions.

Lemma 1.1 (A Characterization of ReLU-like activations). Let ¢ € D'(R,R) such that ¢(0) = 0 and ¢' non-identically
zero. We define the function e for non-negative real numbers by

Viglx) _ Elp(vz2)*]

) = Vig1@) ~ Bl (Va2

Then, forall x > 0, e(z) < .
Moreover, the following statements are equivalent

* There exists xo > 0 such that e(xq) = .

* ¢ is ReLU-like, i.e. there exists A\, B € R such that ¢(x) = Az ifx > 0 and ¢(z) = Bx if z < 0.
Proof. Let x > 0. We have for all z € R, ¢(v/z2) = \/z [ ¢'(v/zu)du. This yields

z 2
El¢(v/22)? = <E]( / ¢ (Veu)du)’)

| Z|

<»”E]E[Izl ¢'(Vru)®du]

1z / ¢ (vau)2dul
— 2Bl (VT Z)?du]

where we have used Cauchy-Schwartz inequality and Gaussian integration by parts. Therefore e(z) < z.
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Now assume there exists g > 0 such that e(zg) = xo. We have
z
Blo(vanZ)) = woBl( | o/ (Vau)du)’
d 2 0 2
:.Z'OE[12>O(/O ¢’(¢Tou)du) ]-l—on[lZSo(/Z ¢'(MU)du) ]
z z 0 0

E[1 1d ! 2d E[1 1d ! 2du).
<oBllzs [ 1du [0 (VR + aollzzo [ 1du [ o(aua

The equality in Cauchy-Schwartz inequality implies that

- For almost every z > 0, there exists A, such that ¢'(\/zou) = A; forall u € [0, 2].
- For almost every z < 0, there exists (3, such that ¢’ (/zou) = 3, forall u € [z,0].
Therefore, \,, 5, are independent of z, and ¢ is ReL.U-like.

It is easy to see that for ReLU-like activations, e(x) = x for all x > 0. O

The next trivial lemma provides a sufficient condition for the existence of a fixed point of a shifted function.

Lemma 1.2. Let g € CO(RT,R) such that g(0) = 0 and g(x) < x for all x € RT. Let tyaz := sup,>q |z — 9(z)| (tmaz
may be infinite). Then, for all t € [0, tmaz), the shifted function t + g(.) has a fixed point.

Proof. Lett € [0,tmqs). There exists zg > 0 such that ¢ + g(.) < zo — g(zo) + g(.). So we have ¢t + g(0) = t and
t + g(xo) < g, which means that ¢ + g(.) crosses the identity line, therefore the fixed point exists. O

Corollary 1.1. Let ¢ € D (R,R) such that ¢ is non ReLU-like. Let tyqp = SUp,>q|T — V[il(&))' Then, For any

€ [0, timax), the shifted function o} +
have lim,, ,0q = 0.

V[}

The limit of ¢ is zero because it is a fixed point of the function “//[[(b ]]( %) which has only 0 as a fixed point for non ReLLU-like
functions.

Corollary 1.1 proves the existence of a fixed point for the shifted function o7 + %, which is a necessary condition for

(ob,1/4/V[#'](q)) to be in the EOC where g is the smallest fixed point. It is not a sufficient condition because ¢ may not be
the smallest fixed point of o + WV[(}S]. We further analyse this problem hereafter.

Definition 6 (Permissible couples). Let g,h € C(R*,R") and ¢ > 0. Define the function k(x) = ¢ + %for x> 0and
let g = inf{z : k(x) = x}. We say that (g, h) is permissible if for any ¢ > 0 such that ¢ < oo, q is the smallest fixed point

of the function c + ﬁ(( ))

Lemma 1.3. Let g,h € C(RT,R"). Then the following statements are equivalent

1. (g, h) is permissible.
2. For any ¢ > 0 such that q is finite, we have g(q) — g(z) < (¢ — x)h(q) for x € [0, q).

Proof. 1f q is a fixed point of ¢ + %, then ¢ is clearly a fixed point of I(x) = ¢ + ﬁ g(z). Having g is the smallest fixed

point of ¢ + g(( )) is equivalent to ¢ + 22 > z forall = € [0, ). Since ¢ = ¢ — 22 we conclude. O

h(q) h(q)’

Corollary 1.2. Let g,h € C(RT,R™). Assume h is non-increasing, then (g, h) is permissible.

Proof. Since h is non-increasing, we have for z € [0, q), g(q) — g(z) < h(q)(¢ — ¢) — Zézgg( )=h(q)(g — (c+ Zgg))

We conclude using the fact that ¢ + gEx; > gz for z € [0, q). O
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Corollary 1.3. Let ¢ be a non ReLU-like function. Assume V'] is non-decreasing and (V'[¢], V[¢']) is permissible. Then,
for any 0} < tmaz = Sup,>q |z — e(x)|, by taking o, = Wm, we have (op,04,) € EOC. Moreover, we have
limgy, 0 q = 0.

We can omit the condition *V'[¢] is non-decreasing’ by choosing a small ¢,,,,. Indeed, by taking a small oy, the limiting
variance ¢ is small, and we know that V'[¢] is increasing near 0 because V[¢]'(0) = ¢'(0)? > 0.

The proof of Proposition 2 is straightforward from corollary A.3.

Lemma 4. Let ¢ be a Tanh-like activation function, then ¢ satisfies all conditions of Proposition 2 and EOC =

1 . +
Hon Zazazm) 1 ov € R

Proof. For z > 0, we have V[¢]'(z) = 1E[zZ¢'(VazZ)$p(v/2Z)] > 0, so V[¢] is non-decreasing. Moreover,

>
V(o' (z) = 1E[VzZ¢" (VxZ)¢' (VaZ)] < 0, therefore V[¢'] is non-increasing. To conclude, we still have to show that
tmaz = 0.

Using the second condition on ¢, there exists M > 0 such that |¢/(y)|? > Me=22¥l. Let x > 0. we have

E[o/(VaZ)?) > ME[e~2Ve2)

2M /OO —2a/zZ e_ZZ/Qd
= e —Faz
0 V2T

= 2M62‘]2””\Il(2a\/5)
2M
200\/x

L2
e—v2/2

where ¥ is the Gaussian cumulative function and where we used the asymptotic approximation ¥(z) ~ for large x.

Using this lower bound and the upper bound on ¢, there exists xg, k > 0 such that for x > z(, we have x — “,/[%((ﬂ;)) >
]

x — ky/z — oo which concludes the proof.

Proposition 3 (Convergence rate for smooth activations). Let ¢ € A such that ¢ non-linear (i.e. ) is non-identically

1 B _ 2E[¢'(\/92)”]
zero). Then, on the EOC, we have 1 — ¢' ~ T where 3, = E a2

Proof. We first prove that lim; o, ¢! = 1 on the EOC. Let z € [0, 1) and ua(x) := 2Z; + /1 — 2275, we have

f'(x) = oL El¢' (VaZ) e (Vaua(x))]

< o0 (B0 (vaZ1)* )2 ([ (vauz(2)?) /2
=1

where we have used Cauchy Schwartz inequality and the fact the 02, = Wm. Moreover, the equality holds if and

only if there exists a constant s such that ¢'(/q(zz1 + V1 — 2223)) = s¢'(,/qz1) for almost any 21, zo € R, which is
equivalent to having ¢’ equal to a constant almost everywhere on R, hence ¢ is linear and ¢ does not exists. This proves that
forall z € [0,1), f/(z) < 1. Integrating both sides between z and 1 yields f(z) > z for all z € [0, 1). Therefore ¢! is
non-decreasing and converges to the fixed point of f which is 1.

Now we want to prove that f admits a Taylor expansion near 1. It is easy to do that if ¢ € DZ’. Indeed, using the conditions
on ¢, we can easily see that f has a third derivative at 1 and we have

f'(1) = onEl¢' (VaZ)*]
f"(1) = o4, qEl0" (VaZ)?).
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A Taylor expansion near 1 yields

f@) =14 P -1+ T2

(z—1)°

=x+ Tq+0((x— 1)3).

The proof is a bit more complicated for general ¢ € .A. We prove the result when ¢(2) () = 1,.0g1(2) + 1,>092(x). The

generalization to the whole class is straightforward. Let us first show that there exists g € C' such that ) (z) = \/1177 g(x).
We have

f'(@) = o0dBl¢" (VaZ1)e" (vaUs(x))]

= 04,4E[0" (V4Z1)1u,(2)<091 (VaU2(2))] + 05,0E[6" (v/aZ1) 10, (2)>092(v/aUs(2))]-
Let G(z) = E[¢" (\/4Z1)1v,(2)<091(y/aU2(x))] then
T 1
G’(x) = IE[qb”(\/&Zl)(Zl - ﬁzﬂ%z(m):o\/ﬁgl(\/&%(w))]
xr
+E[¢" (VaZi)lu,m)<ova(Z1 — ﬁzﬁgi(\/@[]ﬂx))]-

After simplification, it is easy to see that G'(z) = \/117?6*1 (x) where G € C!. By extending the same analysis to the

second term of £, we conclude that there exists g € C' such that f(3)(z) = ﬁg(m)

Let us now derive a Taylor expansion of f near 1. Since f(®) is potentially non defined at 1, we use the change of variable
x = 1 — t2 to compensate this effect. Simple algebra shows that the function t — f(1 — #2) has a Taylor expansion near 0

fA—=t)=1-£f'(1) + %f’/(l) + O(t%).

Therefore,

EI ) 4 o - 177,

f@)=1+(@-1)f 1)+

Note that this expansion is weaker than the expansion when ¢ € DS.

Denote )\; := 1 — ¢, we have
)\2
At =N — 6—2 +ON?)
therefore,

_ _ A -
N = AT (1= 5 o)

A
=N+ 2+ o)
Bq

1
=N+ —+ 0N,
q

By summing (divergent series), we conclude that /\l_1 ~ ﬁi O
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Proposition 4. Let ¢ € A be a non-linear activation function such that $(0) = 0, ¢'(0) # 0. Assume that V@] is
non-decreasing and V'[¢']) is non-increasing, and let o.mq. > 0 be defined as in Proposition 2. Define the gradient with
respect to the I'" layer by 2—5 = (%)KK N, and let wa = IE[STE;T%] denote the covariance matrix of the gradients
‘ i Ja b
’ 2
during backpropagation. Recall that B, = %ﬁ%.

Then, for any o < Omag, by taking (op,0y) € EOC we have

® SUPgeo,1] |f(z) — 2] < 5%1

« Forl>1, | 2@ _q)< 2
Ba

Tr(Q4E)

Moreover, we have
lim Bq = oo.

op—0
(ob,0w)EEOC

To prove this result, let us first prove a more general result.
Proposition 5 (How close is f to the identity function?). Let ¢ € D*(R,R) — {0} and (01, 04) € Dy yar with q the
corresponding limiting variance. Then,

2
sup /() =] < LBl (VaZ)'] = 11+ SaEl6 (Va2)"

Proof. Using a second order Taylor expansion, we have for all s € [0, 1]

7@~ £~ PO -1l < T2 s (70))

We have (1) = 1. Therefore | f(z) — 2| < (1 - 2)[f(1) = 1] + 952 supgepo y 1/7(0)].
For 6 € [0, 1], we have
£7(0) = o0aBl¢" (vaZ1)d" (v/aUa(9))]

< 02 qE[¢" (VaZ)?]

= 4Bl (aZ)’]

using Cauchy-Schwartz inequality. O

As aresult, for ¢ € D*(R,R) — {0} and (03, 7,,) € FOC with ¢ the corresponding limiting variance, we have
qEl¢"(\/q2)%] 1

S @) =l < g ez = B,

which is the first result of Proposition 4.

Now let us prove the second result for gradient backpropagation, we show that under some assumptions, our results of
forward information propagation generalize to the back-propagation of the gradients. Let us first recall the results in
(Schoenholz et al., 2017) (we use similar notations hereafter).

Let E be the loss we want to optimize. The backpropagation process is given by the equations
oF

1 l—1
Nyt
OF
1 _ _ l I+175704+1
0; = 373/5 = ¢/(yi) Z 5j Wji :

j=1



On the Impact of the Activation Function on Deep Neural Networks Training

Although 6! is non Gaussian (unlike y!), knowing how ¢, = E[(6!)?] changes back through the network will give us an idea
about how the norm of the gradient changes. Indeed, following this approach, and using the approximation that the weights
used during forward propagation are independent from those used for backpropagation, (Schoenholz et al., 2017) showed
that
g =g+t Nipa
a a Nl

where x1 = 02 E[¢/(/g2)?].

Considering a constant width network, authors concluded that x; controls also the depth scales of the gradient norm, i.e.
q =q* e~ (L=1/€a) where 5&1 = —log(x1). So in the ordered phase, gradients can propagate to a depth of {A without
being exponentially small, while in the chaotic phase, gradient explode exponentially. On the EOC (y; = 1), the depth scale
is infinite so the gradient information can also propagate deeper without being exponentially small.

The following result shows that our previous analysis on the EOC extends to the backpropagation of gradients, and that we
can make this propagation better by choosing a suitable activation function and an initialization on the EOC. We use the
following approximation to ease the calculations: the weights used in forward propagation are independent from those used
in backward propagation.

Proposition 6 (Better propagation for the gradient). Let a and b be two inputs and (oy, 04y) € Dy yar With q the limiting
variance. We define the covariance between the gradients with respect to layer 1 by G, = E[0!(a)5!(b)]. Then, we have

)

q, N;
2% e S ORI (VaZ)] = 1]+ (1~ )0 RaBI0 (VaZ)] =0 0

ab

Proof. We have

Gup = E[0;(a)55(0)]

Nyt Nit1

= B[/ (yi(a)¢' (v} (0) D 65 (@)W Z S )W
j=1

= E[¢/(y;(a))¢' (4 ()] x E[67" (a)85 (b Z (W2

~ G I (VA2 (VAU

N,
~1 I+1 l
= anbrl Nl f/(cab)’

We conclude using the fact that | f'(x) — 1| < |f'(1) = 1|+ (1 — =) f"(1) O

The dependence in the width of the layer is natural since it acts as a scale for the covariance. We define the gradient with

respect to the [*" layer by (g L )i<i<n, and let Q%, = E[2Z m gﬁ ] denote the covariance matrix of the gradients
b

during backpropagation. Then on the EOC, we have

| TI‘( ab) ‘

Q') —1 S(l—cflb)w<

2
El¢'(vaz)?] ~ By
So again, the quantity |¢| goc controls the vanishing of the covariance of the gradients during backpropagation. This was
expected because linear activation functions do not change the covariance of the gradients.
B. Further theoretical results
B.1. Results on the Edge of Chaos

The next lemma shows that under some conditions, the EOC does not include couples (o4, 4,) with small o > 0.
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Lemma 5 (Trivial EOC). Assume there exists M > 0 such that E[¢" (xZ)p(xZ)] > 0 for all  €]0, M|. Then, there exists
o > 0 such that EOC N ([0,0) x RT) = {(0, W)} Moreover, if M = oo then EOC' = {(0, m)}

Activation functions that satisfy the conditions of Lemma 5 cannot be used with small o, > 0 (note that using o, = 0 would
lead to ¢ = 0 which is not practical for the training), therefore, the result of Proposition 4 do not apply in this case. However,
as we will see hereafter, SiILU (a.k.a Swish) has a partial EOC, and still allows better information propagation (Proposition
3) compared to ReL.U even if o} not very small.

Proof. 1t is clear that (0, m) € EOC. For 0, > 0 we denote by ¢ the smallest fixed point of the function o7 + “//[[(;15,]]
(which is supposed to be the limiting variance on the EOC). Using the condition on ¢ and the fact that lim,, _,o ¢ = 0, there
exists o > 0 such that for o, < o we have E[¢"(,/qZ)$(,/qZ)] > 0. Now let us prove that for o}, €]0, o[, the limiting

variance does not satisfy the EOC equation.

Let tyhgr = \/supwo |z — %| and o}, €]0, min(tmaz, o)[. Recall that for all z > 0 we have that

F'(z) = oy, (B¢ (vV22)*]) + E[¢" (VaZ)p(V 2)))

sing o, = q equation) we have that qg)=1+o0 q q > 1. Theretore, the tunction
Using 02, = 1/V[¢/ (EOC equation) we h hat F’ 1 2E[p” Z)p(\/qZ 1. Theref he functi
af + WV[QS} crosses the identity in a point ¢ < ¢, hence (0, 0yy) & D¢ var- Therefore, for any o, €]0, o[, there is no
04 such that (o4, 0,,) € FOC.

If M = oo, the previous analysis is true for any ¢ > 0, by taking the limit o — co, we conclude. O

This is true for activations such as Shifted Softplus (a shifted version of Softplus in order to have ¢(0) = 0) and SiLU (a.k.a
Swish).

Corollary 1. EOCssoftpius = {(0,2)} and there exists ¢ > 0 such that EOCg;r,i N ([0, 0[xR*) = {(0,2)}

Proof. let s(x) = H% for all € R (sigmoid function).
1. Let sp(z) = log(1+ e®) —log(2) for « € R (Shifted Softplus). We have sp’(z) = s(x) and sp” (z) = s(x)(1 — s(x)).
For z > 0 we have

Elsp"(22)sp(@2)] = E[s(xZ)(1 - s(¢2))sp(xZ)]
= Ellzs0(s(22)(1 - s(22))sp(x2))] + E[Lz<o(s(@Z)(1 ~ s(22))sp(Z))]
— E[1z-0(s(22)(1 - s(22))sp(x2))] + Ellz<o(s(Z)(1 = s(x2))sp(~2Z))
= Ellyso(s(22)(1 - s(22))(sp(aZ) + sp(~22)))] > 0,

where we have used the fact that sp(y) + sp(—y) = log(W) > 0 for all y > 0. We conclude using Lemma 5.

2. Let si(x) = xzs(x) (SiLU activation function, known also as Swish). We have si’(z) = s(z) + zs(z)(1 — s(x)) and
-1/

si"(z) = s(x)(1 — s(x))(2 4 (1 — 2s(x))). Using the same technique as for SSoftplus, we have for x > 0

E[si"(xZ)si(xZ)] = B[z Z x s(xZ)? x (1 — s(x2Z))(2+ zZ(1 — 2))]
=E[lz:0G(22)],

where G(y) = ys(y)(1 — s(y))(2+ y(1 — 2s(y)))(2s(y) — 1). The only term that changes sign is (2 + y(1 — 2s(y))).
It is positive for small y and negative for large y. We conclude that there M > 0 such that E[si” (¢ Z)si(xZ)] > 0 for
x €]0, M.
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B.2. Beyond the Edge of Chaos

Can we make the distance between f and the identity function small independently from the choice of ¢,? The answer is
yes if we select the right activation function. Let us first define a semi-norm on D?(R, R).

yE[¢" (v52)*]

Definition 7 (EOC semi-norm). The semi-norm |.|poc is defined on D*(R, R) by |¢| poc = sup,cp+ AR

|.|zoc is a norm on the quotient space D*(R,R)/L(R) where L(R) is the space of linear functions.

“//[[(f,]] defined on R is close to the

identity function. Thus, for a fixed o, we expect ¢ to become arbitrarily big when |¢| poc goes to zero.

When |p|poc is small, ¢ is close to a linear function, which implies that the function

Lemma 2.1. Let (¢n,)nen be a sequence of functions such that lim,, o |¢n|roc = 0. Let 0, > 0 and assume that for all
n € N there exists 0, p, such that (0, 0w.n) € EOC. Let g, be the limiting variance. Then lim,,_, o, g, = 00

2
Proof. The proof is straightforward knowing that f(0) < %|¢n|EOC’s which implies that %b < %|¢n|EOC- O

Corollary 2.1. Let ¢ € D*(R,R) — {0} and (0}, 0,,) € EOC with q the corresponding limiting variance. Then,

1
sup |f(z) — 2| < Sl¢lroc-
z€][0,1]

Corollary 2.1 shows that by taking an activation function ¢ such that |¢|goc is small and by initializing the network
on the EOC, the correlation function is close to the identity function, i.e., the signal propagates deeper through the
network. However, note that there is a trade-off to take in account here: we loose expressiveness by taking |¢|groc too
small, because this would imply that ¢ is close to a linear function. So there is a trade-off between signal propagation
and expressiveness We check this finding with activation functions of the form ¢, (z) = = + «Tanh(z). Indeed, we
have |¢o|zoc < o sup, e+ E[Tanh"(\/Z)?] =40 0. So by taking small o, we would theoretically provide deeper
signal propagation. However, note that we loose expressiveness as o goes to zero because ¢, becomes closer to the
identity function. So There is also a trade-off here. The difference with Proposition 4 is that here we can compensate
the expressiveness issue by adding more layers (see e.g. (Montufar et al., 2014) who showed that expressiveness grows
exponentially with depth).

C. Experiments
C.1. Training with RMSProp

For RMSProp, the learning rate 10~ is nearly optimal for networks with depth I < 200 (for deeper networks, 10~° gives
better results). This learning rate was found by a grid search with exponential step of size 10.

Figure 7 shows the training curves of ELU, ReLU and Tanh on MNIST for a network with depth 200 and width 300. Here
also, ELU and Tanh perform better than ReLU. This confirms that the result of Proposition 3 is independent of the training
algorithm.

ELU has faster convergence than Tanh. This could be explained by the saturation problem of Tanh.

C.2. Training with activation ¢, (z) = = + aTanh(x)

As we have already mentioned, ¢,, satisfies all conditions of Proposition 3. Therefore, we expect it to perform at least better
than ReLU for deep neural networks. Figure 8 shows the training curve for width 300 and depth 200 with different activation
functions. ¢q 5 has approximately similar performance as ELU and better than Tanh and ReLU. Note that ¢, does not suffer
form saturation of the gradient, which could explain why it performs better than Tanh.

C.3. Impact of ¢"(0)

Since we usually take o3, small on the EOC, then having ¢” (0) = 0 would make the coefficient 3, even bigger. We test this
result on SiLU (a.k.a Swish) for depth 70. SiLU is defined by

$siru(z) = x sigmoid(x)
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Figure 7. 100 epochs of the training curves of ELU, ReLU and Tanh networks of depth 200 and width 300 on MNIST with RMSProp
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Figure 8. 100 epochs of the training curves of ELU, ReLU, Tanh and ¢¢.5 networks of depth 200 and width 300 on MNIST with SGD

we have ¢/ (0) = 1/2. consider a modified SiLU (MSiLU) defined by

dmsiru(x) = x sigmoid(z) + (e

We have ¢}, (0) = 0.

-/

Figure 9 shows the the training curves (test accuracy) of SiLU and MSiLU on MNIST with SGD. MSiLU performs better

than SiLU, expecially at the beginning of the training.
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Mean-field Behaviour of Neural Tangent Kernel for Deep Neural Networks

Soufiane Hayou'! Arnaud Doucet! Judith Rousseau '

Abstract

Recent work by Jacot et al. (2018) has shown that
training a neural network of any kind, with gradi-
ent descent in parameter space, is strongly related
to kernel gradient descent in function space with
respect to the Neural Tangent Kernel (NTK). Lee
et al. (2019) built on this result by establishing
that the output of a neural network trained using
gradient descent can be approximated by a linear
model for wide networks. In parallel, a recent line
of studies (Schoenholz et al., 2017; Hayou et al.,
2019) has suggested that a special initialization,
known as the Edge of Chaos, improves training.
In this paper, we connect these two concepts by
quantifying the impact of the initialization and the
activation function on the NTK when the network
depth becomes large. In particular, we show that
the performance of wide deep neural networks
cannot be explained by the NTK regime. We also
leverage our theoretical results to derive a learning
rate passband where training is possible.

1. Introduction

Deep neural networks (DNN) have achieved state of the art
results on numerous tasks. Hence, there is a multitude of
works trying to theoretically explain their remarkable perfor-
mance; see, e.g., (Du et al., 2018; Nguyen and Hein, 2018;
Zhang et al., 2017; Zou et al., 2018). Recently, Jacot et al.
(2018) introduced the Neural Tangent Kernel (NTK) that
characterises DNN training in the so-called Lazy training
regime (or NTK regime). In this regime, the whole training
procedure is reduced to a first order Taylor expansion of the
output function near its initialization value. It was shown in
(Lee et al., 2019), that such a simple model could lead to
surprisingly good performance. However, most experiments
with NTK regime are performed on shallow neural networks
and have not covered DNNs. In this paper, we cover this
topic by showing the limitations of the NTK regime for

1Department of Statistics, University of Oxford, Oxford,
United kingdom. Correspondence to: Soufiane Hayou <soufi-
ane.hayou@stats.ox.ac.uk>.

DNNs and how it differs from the actual training of DNNs
with Stochastic Gradient Descent.

Neural Tangent Kernel. Jacot et al. (2018) showed that
training a neural network (NN) with GD (Gradient Descent)
in parameter space is equivalent to a GD in a function space
with respect to the NTK. Du et al. (2019) used a similar
approach to prove that full batch GD converges to global
minima for shallow neural networks, and Karakida et al.
(2018) linked the Fisher information matrix to the NTK,
studying its spectral distribution for infinite width NN. The
infinite width limit for different architectures was studied by
Yang (2019), who introduced a tensor formalism that can
express the NN computations. Lee et al. (2019) studied a
linear approximation of the full batch GD dynamics based
on the NTK, and gave a method to approximate the NTK for
different architectures. Finally, Arora et al. (2019) proposed
an efficient algorithm to compute the NTK for convolutional
architectures (Convolutional NTK). In all of these papers,
the authors only studied the effect of the infinite width limit
(NTK regime) with relatively shallow networks.

Information propagation. In parallel, information prop-
agation in wide DNNs has been studied in (Hayou et al.,
2019; Lee et al., 2018; Schoenholz et al., 2017; Yang and
Schoenholz, 2017a). These works provide an analysis of
the signal propagation at the initial step as a function of
the initialization hyper-parameters (i.e. variances of the
initial random weights and biases). They identify a set of
hyper-parameters known as the Edge of Chaos (EOC) and
activation functions ensuring a deep propagation of the in-
formation carried by the input. This ensures that the network
output still has some information about the input. In this
paper, we prove that the Edge of Chaos initialization has
also some benefits on the NTK.

NTK training and SGD training. Stochastic Gradient De-
scent (SGD) has been successfully used in training deep
networks. Recently, with the introduction of the Neural
Tangent Kernel in (Jacot et al., 2018), Lee et al. (2019) sug-
gested a different approach to training overparameterized
neural networks. The idea originates from the conjecture
that in overparameterized models, a local minima exists
near initialization weights. Thus, using a first order Tay-
lor expansion near initialization, the model is reduced to a
simple linear model, and the linear model is trained instead
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Table 1. "Does the model learn?". We train a FeedForward Neural
Network on MNIST using both standard SGD training and NTK
training defined in section 2. For Shallow networks, both SGD
and NTK yield good performance (See section 5). However, for
Deep networks, the NTK training yields trivial accuracy of around
~ 10% for any initialization scheme.

Initializati e
nitiatization on Other Initialization

the Edge of Chaos
Shallow Network ~ NTK v v
(depth L = 3) SGD % %
Medium Network  NTK v X
(depth L = 30) SGD % X
Deep Network NTK X X
(depth L = 300) SGD % X

of the original network. Hereafter, we refer to this training
procedure as the NTK training and the trained model as the
NTK regime. We clarify this in section 2.

Contributions. The aim of this paper is to study the large
depth limit of NTK. Our contributions are

e We prove that the NTK regime is always trivial in the limit
of large depth. However, the convergence rate to this trivial
regime is controlled by the initialization hyper-parameters.

e We prove that only an EOC initialization provides a sub-
exponential convergence rate to this trivial regime, while
other initializations yield an exponential rate. For the same
depth, the NTK regime is thus ‘less’ trivial for an EOC. This
allows training deep models using NTK training.

e For ResNets, we also have convergence to a trivial NTK
regime but this always occurs at a polynomial rate, irrespec-
tive of the initialization. To further slow down the NTK
convergence rate, we introduce scaling factors to the ResNet
blocks, which allows NTK training of deep ResNets.

e We leverage our theoretical results on the asymptotic
behaviour of the NTK to show the existence of a learning
rate passband for SGD training where training is possible.

Table 1 summarizes the behaviour of NTK and SGD training
for different depths and initialization schemes of an FFNN
on the MNIST dataset. We show if the model learns or not,
i.e. if the model test accuracy is significantly bigger than
10%, which is the accuracy of the trivial random classifier.
The results displayed in the table show that for shallow
FFNN (L = 3), the model learns to classify with both NTK
training and SGD training for any initialization scheme.
For a medium depth network (L = 30), NTK training and
SGD training both succeed in training the model with an
initialization on the EOC, while they both fail with other
initializations. It has been observed that with SGD, an EOC
initialization in beneficial for the training of deep neural
networks (Hayou et al., 2019; Schoenholz et al., 2017). Our
results show that the EOC initialization is also beneficial for

NTK training (Section 2). However, for a deeper network
with L = 300, the NTK training fails for any initialization,
while SGD training succeeds in training the model with
EOC initialization. This confirms the limitations of the
NTK training for DNNs. However, although the large depth
NTK regime is trivial, we leverage this asymptotic analysis
to infer a theoretical upper bound on the learning (section
4). We illustrate our theoretical results through extensive
simulations. All the proofs are detailed in the appendix.

2. Neural Networks and Neural Tangent
Kernel

2.1. Setup and notations

Consider a neural network model consisting of L layers of
widths (n;)1<i<r, no = d, and let § = (91)1319; be the
flattened vector of weights and bias indexed by the layer’s
index, and p be the dimension of §. The output f of the
neural network is given by some mapping s : R"Z — R°
of the last layer '~ (z); o being the dimension of the output
(e.g. number of classes for a classification problem). For
any input = € R?, we thus have f(z,0) = s(y*(z)) € R°.
As we train the model, 6 changes with time ¢, and we denote
by 0 the value of 6 at time ¢ and f;(z) = f(x,0;). Let D =
({Ei, Zi)lgiSN be the data set, and let X = (xi)lgigN’ Z =
(2j)1<j<n be the matrices of input and output respectively,
with dimension d X N and o x N. We assume that there
is no colinearity in the input dataset &, i.e. there is no two
inputs z, 2’ € X such that 2’ = ax for some o € R. We
also assume that there exists a compact set £ C R? such
that X C E.

The NTK K/ is defined as the o x o dimensional kernel
satisfying for all , 2’ € R?

K§(x,2') = Vof(z,0,)Vof(z',0,)"

L
= Vo f(x,0,) Ve f(a',6,)" € R,

=1

e The NTK regime (Infinite width): In the case of an
FFNN, Jacot et al. (2018) proved that, with GD, the kernel
K§: converges to K, which depends only on L (depth) for
all t < T when ni, No, ...,nr, — 0o sequentially, where T’
is an upper bound on the training time. The infinite width
limit of the training dynamics with a quadratic loss is given
by the linear model

Jo(X) = e ¥ fo() + (1% Kz, )
where K~ = KL(X, X). For any input € R%, we have

fol@) = folw) +(a X)(I =" ¥ (2~ fo(X)), @)
where ~v(x, X) = KZ(z, X)(K)~'. Hereafter, we refer
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to f; by the "NTK regime solution" or simply the "NTK
regime" when there is no confusion.

For other loss functions such as the cross-entropy loss, (Lee
et al., 2019) used some approximation to obtain the NTK
regime. These approximations are implemented in Python
library (Novak et al., 2020).

e Role of the NTK in NTK training: As it has been ob-
served in Du et al. (2019), the convergence speed of f; to
foo (infinite training time) is given by the smallest eigen-
value of K. If the NTK becomes singular in the large
depth limit, then the NTK training fails.

e Generalization in the NTK regime: From equation (2),
the term +y plays a crucial role in the generalization capac-
ity of the linear model. More precisely, different works
(Du et al., 2019; Arora et al., 2019) showed that the in-
verse NTK plays a crucial role in the generalization error of
wide shallow NN. Cao and Gu (2019) proved that training
a FeedForward NN of (fixed) depth L with SGD gives a

generalization bound of the form O(Ly/zT(KL)~1z/N)

in the limit of infinite width, where z is the training label.

Moreover, equation (2) shows that the Reproducing Kernel
Hilbert Space (RKHS) generated by the NTK K controls
the generalization function. To see this, let ¢ € (0,7"), from
equation (2), we can deduce that there exist coefficients
ai,...,ay € R such that for all z € R?, fi(z) — fo(z) =
Zﬁil a;K*(z;,x), showing that the ‘training residual’
ft — fo belongs to the RKHS of the NTK. In other words,
the NTK controls whether the network would learn anything
beyond initialization with NTK training (linearized regime).

3. Asymptotic Neural Tangent Kernel

In this section, we study the behaviour of K as L goes to
0o. We prove that the limiting K * is trivial so that the NTK
cannot explain the generalization power of DNNs. However,
with EOC initialization, this convergence is slow, which
makes it possible to use NTK training for medium depth
neural networks (L = 30). However, since the limiting
NTK is trivial, NTK training necessarily fails for large depth
neural networks.

3.1. NTK parameterization and the Edge of Chaos

Let ¢ be the activation function. We consider the following
architectures:

e FeedForward Fully-Connected Neural Network
(FFNN) Consider an FFNN of depth L, widths (n;)1<i<r.
weights w' and bias b'. For some input z € R, the forward

propagation using the NTK parameterization is given by

d
a.
vl (@) = =% wix; + oub]

Vi
ni—1

1 >2.

) + Ubbm

7]

3)

e Convolutional Neural Network (CNN) Consider a 1D
convolutional neural network of depth L, denoting by [m
n| the set of integers {m, m + 1,...,n} for n < m, the
forward propagation is given by

U
] 1 Bekery

ni—1

V@) =23 3w

j 1 Beker;

;]ﬁ¢ y],_0z1+3($)) + opbl,

“4)

where ¢ € [1 : n] is the channel number, o € [0 : M — 1]
is the neuron location in the channel, n; is the number of
channels in the [t" layer, and M is the number of neurons
in each channel, ker; = [—k : k] is a filter with size 2k + 1
and v; = my_1(2k + 1). Here, w! € R™*m-1x(2k+1)
We assume periodic boundary conditions, which result in
having y! , = yf,(wM = yéyan, and similarly for [ = 0,
i oM, = Tia = Tia—M,- For the sake of simplification,
we only consider the case of 1D CNN, the generalization to
amD CNN for m € N is straightforward.

Hereafter, for z, 2’ € Rd, we denote by x - x’ the scalar
product in RY. For z,2’ € R™XCk+D et [z,27], 0
be a convolutional mappmg defined by [z,z ]a o =

Z”U Zﬁekerg €Ly, a+5lj a’'+p*

LLbE R N0, 1),
where N (11, 02) denotes the normal distribution of mean y
and variance 2. In the limit of infinite width, the neurons
(yL(.)):.1 become Gaussian processes (Neal, 1995; Lee et al.,
2018; Matthews et al., 2018; Hayou et al., 2019; Schoenholz
et al., 2017); hence, studying their covariance kernel is the
natural way to gain insights on their behaviour. Hereafter,
we denote by ¢!(z,z’) resp. qé’a,(x, 2') the covariance
between y! (x) and 4/} (') resp. y} ,(«) and ¢}, (2'). We
define the correlations ¢!(x,2’) and ¢, ,,
For FFNN, we have that

We initialize the model randomly with w

(z,2’) similarly.

2

¢ (z,2') = of + %”az -
and similarly for CNN we have
o

q;a,(x,x’) =0} +
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For € € (0, 1), we define the set B, by:

FFNN : B, = {(z,2') e R? : ¢
CNN: B, = {(z,2') e R?:

ctx,2') <1 —e},

Vo a,caa

and assume that there exists € > 0, such that for all = #
2’ € X,(z,2') € Be. The infinite width limit refers to
infinite number of neurons for Fully Connected layers, and
infinite number of channels for Convolutional layers. All
results below are derived in this limit.

Jacot et al. (2018) established the following infinite width
limit of the NTK of an FFNN when o,, = 1. We generalize
the result to any o, > 0.

Lemma 1 (Generalization of Theorem 1 in (Jacot et al.,
2018)). Consider an FFNN of the form (3). Then, as
nl,n27.. np_1 — 00, we have for all z,z' € R%, i,i' <
nr, KL (v,2") = ;0 K*(z,2'), where KX (z,2') is given
by the recursive formula

K (z,2") = ¢ (x, )K" (2, 2") + 5 (2, 27),

') =
where §'(z,a") = of + oL El(y) ())sﬁ(yll H(a"))] and
d'(e,2/) = SB[ (51 ()6 (91 (@)

Lemmas 1, 2, 3 and 4 are trivial and follow the same induc-
tion approach as in (Jacot et al., 2018). These results can
be obtained using the Tensor Program framework of Yang
(2020) for example.

Lemma 2 (Infinite width dynamics of the NTK of a CNN).
Consider a CNN of the form (4), then we have that for all
z,2' € R 4i <nyand o, €[0: M — 1]

o

=~ (@ T

K(1i7a),(i’,a’)(xax/) [I,I/]a’a/ +0’l§>'

Forl > 2, asny,na,...,ni_1 — o0 recursively, we have for
all i,i" <mnj, o, €[0: M —1], K
5“/}(3’01,(@”@’), where K(ll,o/

l no—
(1.0 (17,00 (2 7) =
is given by the recursion

1
l _ -1
Kow = 3577 2 Yorsarss
BEker;

! . 1 X . .
where \I/a i, = qé,a/Ka o +qa e and Q,ll,a, resp. qu,a/ s
defined as ¢, resp. ¢' in Lemma 1, with ylljal (z), ylfal, (z')

in place of y' = (), 1~ (2).

The NTK of a CNN differs from that of an FFNN in the
sense that it is an average over the NTK values of the previ-
ous layer. This is due to the fact that neurons in the same
channel are not independent at initialization.

Using the above recursive formulas for the NTK, we can de-
velop its mean-field theory to better understand its dynamics
as L goes to infinity. To alleviate notations, we hereafter use

H(z,2") <1 —¢},

the notation K” for the NTK of both FFNN and CNN. For
FFNN, it represents K given by Lemma 1, whereas for
CNN, it represents K é,a’ given in lemma 2 for any a, o/,
i.e. all results that follow are true for any a, o’. We start by
reviewing the Edge of Chaos theory.

Edge of Chaos (EOC): For some input z, we denote by
¢'(x) the variance of y'(x). The convergence of ¢'(x)
as [ increases is studied in (Lee et al., 2018), (Schoen-
holz et al., 2017), and (Hayou et al., 2019). Under gen-
eral regularity conditions, it is proved that ¢'(x) converges
to a point g(op,0,,) > 0 independent of = as [ — oc.
The asymptotic behaviour of the correlation c!(z, z") be-
tween y!(x) and y!(2’) for any two inputs x and 2’ is
also driven by (o, 04,); Schoenholz et al. (2017) show
that if 02 E[¢ (\/q(0p,0)Z)?] < 1, where Z ~ N(0,1)
then ¢! (z,2') converges to 1 exponentially quickly, and
the authors call this phase the ordered phase. However, if
o2 E[¢'(\/q(0p,0,)Z)?] > 1 then c!(x,2') converges to
¢ < 1, which is then referred to as the chaotic phase. The
authors define the EOC as the set of parameters (o4, 0y),
such that 02 E[¢'(\/q(0p,04,)Z)?] = 1. The behaviour
of c!(z, ") on the EOC is studied in (Hayou et al., 2019)
where it is proved to converge to 1 at a polynomial rate (see
Section 2 of the Supplementary). The exact rate depends on
the smoothness of the activation function.

The following proposition establishes that any initialization
on the Ordered or Chaotic phase, leads to a trivial limiting
NTK as L becomes large.

Proposition 1 (NTK with Ordered/Chaotic Initialization).
Let (o, 04,) be either in the ordered or in the chaotic phase.
Then, there exist A > 0 such that for all e € (0,1), there
exists v > 0 such that

sup | KE(z,2') -\ <e L.
(z,x’)EB.

The proof of proposition 1 relies on the asymptotic analysis
of the second moment of the gradient. We refer the reader
to section 6 in the appendix for more details.

Proposition 1 shows that KL becomes close to a constant
matrix as the depth grows. The exponential convergence
rate implies that even with a small number of layers, the
kernel K is close to being degenerate. This suggests that
NTK training fails, and the performance of the NTK regime
solution will be no better than that of a random classifier.
Empirically, we find that with depth L = 30, the NTK
training fails when the network is initialized on the Ordered
phase. See Section 5 for more details.

Before stating the results for EOC initialization, we intro-
duce the following assumption on the input space of CNN.

Assumption 1. [CNN input space] We assume that for all
z, ' € X, qiy’a, (x,2') is independent of v, o/
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Assumption 1 is a constraint on the input space of CNN.
It simplifies the analysis of the NTK of CNN by linking
it to that of an FFNN. We refer the reader to Section 3 in
the appendix for more details. We will specify it clearly
whenever we use this assumption.

With an initialization on the EOC, the convergence rate is
polynomial instead of exponential. We show this in the next
theorem. Hereafter, we define the Average NTK (ANTK)
by AKL = K'/L. The notation g(x) = ©(m(z)) means
there exist two constants A, B > 0 such that Am(z) <
g(x) < Bm(a).

Theorem 1 (NTK on the Edge of Chaos). Let ¢ be a non-
linear activation function, (oy,0,,) € EOC and AKL =
K /L. We have that

sup |AKY (2, 2) — AK™®(z,z)| = ©(L™).
z€E

Moreover, there exists a constant A € (0, 1) such that for all
e€(0,1)

sup ’AKL(x,z/) — AK>(z,2')| = O(log(L)L™1),
(z,z’)EBe

where

o if ¢ = ReLU, then AK*™(z,2') =
ALy ) with A =1/4.

o if ¢ = Tanh, then AK*®(z,2') = q(1 — (1 — X\)Lz247)
where ¢ > 0 is a constant and A = 1/3.

All results hold for CNN under Assumption 1.

0_2 . ’
Bl sl (g

The proof of Theorem 1 is tricky and requires a special form
of inequalities to control the convergence rate (i.e. to obtain
O instead of ). We refer the reader to section 1 in the
appendix for more details about the proof techniques.
Theorem 1 shows that with an initialization on the EOC, K~
increases linearly in L. Moreover, the EOC initialization
slows down significantly the convergence rate (w.r.t L) of
AKY to the trivial kernel AK°. This is of big importance
since AK° is trivial and brings hardly any information
on z. Indeed the convergence rate of AK” to AK™ is
O(log(L)L™1). This means that as L grows, the NTK with
EOC is still much further from the trivial kernel AK > com-
pared to the NTK with the Ordered/Chaotic initialization.
This allows NTK training on deeper networks compared to
the Ordered phase initialization. For ReLLU, a similar result
appeared independently in (Huang et al., 2020) after the first
version of this paper was made publicly available. However,
the authors only proved an upper bound on the convergence
rate of order O(%), while our result gives the exact
rate of ©(log(L)L~") for both ReLU and Tanh. We also
extend the results to ResNet and a Scaled form of ResNet in
the next section.

3.2. Residual Neural Networks (ResNet)

Another important feature of DNNs, which is known to be
highly influential, is their architecture. For residual net-
works, the NTK has also a simple recursion in the infinite
width limit.

Lemma 3 (NTK of a ResNet with fully connected layers in
the infinite width limit). Let K71 be the exact NTK for
the ResNet with 1 layer. Then

o For the first layer (without residual connections), we have
forall x, 2" € RY

. 1 0'2
KI5 (x,2") = 05 <U§ + 710.% : x') .

e Forl > 2,asny,na,...,nj_1 — o0 recursively, we have
foralli,i’ € [1: ny, Kfﬁs’l = 8;# KL where K. _ is

given by the recursive formula for all z, 7 € RY )
Kf«es(xa I/) = Kf“;sl (z, I/)(ql(‘r’ I/) +1)+ ql(xv :E/).

For residual networks with convolutional layers, the formula
is similar to the CNN case as well.

Lemma 4 (NTK of a ResNet with convolutional layers in
the infinite width limit). Let K¢ be the exact NTK for
the ResNet with 1 layer. Then

e For the first layer (without residual connections), we have
forall x,z' € R?

res,l

2
g 2
Ky itan (@ @) = Gii (Wﬁl)[x’x/}ava’ + Ub)'

e Forl > 2, as ni,na,....,nj_1 — 0O recursively, we

have for all i,i' € [1 : n], a,a’ € [0 : M — 1],
K(Tie_i’)l‘(i, o) (T, 2') = 51-1»/K£?§’,l(x,x’), where K:f;’,l is

given by the recursive formula for all 2’ € R?, using
the same notations as in lemma 2,

res,l res,|—1
Ka,oz)’ = Koz,o/ +

-1
2k +1 > Vs
5

l _ el res,l Al
where VU, = do o K 00 + Qo 0

The additional terms K'Z!(x,2’) (resp. Kgffx’,l_l) in the
recursive formulas of Lemma 3 (resp. Lemma 4) are due
to the ResNet architecture. It turns out that this term helps
in slowing down the convergence rate of the NTK. The
next proposition shows that for any o,, > 0, the NTK of a
ResNet explodes (exponentially) as L grows. However, a
normalized version K© = K* /oy, of the NTK of a ResNet
will always have a polynomial convergence rate to a limiting
trivial kernel.

Theorem 2 (NTK for ResNet). Consider a ResNet satisfy-
ing

yiz) =y Ha)+ Fuw'y' = (2), 1>2, )
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where F is either a convolutional or dense layer (equations
(3) and (4)) with RelLU activation. Let KTLes be the corre-
sponding NTK, and K-, = KL /ay (Normalized NTK)

with o, = L(1 + %ﬁ’)L_l. Then, we have

sup | K7, (z, @)
zeFE

— KX (z,2)] = O(L7).

Moreover; there exists a constant A € (0, 1) such that for all
ee€ (0,1)

sup |KJ (w,2") — K22 (x,2")| = ©(log(L)L ™),
z,x'€B.
I 0'2 x Z'/
where K22, (z,2") = Zwlzl o]l g =l — (1 — M) Lgzq).

All results hold for ResNet with Convolutional layers under
Assumption 1.

The proof techniques used in theorem 2 are similar to those
used in the proof of theorem 1. Details are provided in the
appendix.

Theorem 2 shows that the NTK of a ReLU ResNet ex-
plodes exponentially w.r.t L. However, the normalized ker-
nel KL, = KE (x,2")/ar converges to a limiting kernel
K22, at the exact polynomial rate ©(log(L)L~1) for all
0w > 0. This allows for NTK training of deep ResNet,
similarly to the EOC initialization for the FFNN or the CNN
networks. However, the NTK explodes exponentially and
the normalized NTK converges to a trivial kernel, which
means that, even with ResNet, NTK training would fail at
some point as we increase the depth.

The term «, in the residual NTK might cause numerical
stability issues for NTK training, and the triviality of the
limiting kernel yields a trivial NTK regime solution (recall
that f; — fo belongs to the RKHS of the NTK; see section 2).
It turns out that we can improve the performance of NTK
training of ResNets with a simple scaling of the ResNet
blocks.

Proposition 2 (Scaled ResNet). Consider a ResNet satisfy-
ing

_ 1 _

y(z) =y Ha) + =Fwy' (@), 1>2, (6)
Vi

where F is either a convolutional or dense layer ((3) and

(4)) with ReLU activation. Then the results of Theorem

2 apply with oy, = LY*9%/2 and the convergence rate
O (log(L) ).

Proposition 2 shows that scaling the residual blocks by 1/+/1
has two important effects on the NTK: first, it stabilizes the

2
NTK which only grows as L'+ %" instead of L(1+ %)L_l;
second, it drastically slows down the convergence rate to the
limiting (trivial) K2°,. Both properties are highly desirable
for NTK training. The second property in particular means

that with the scaling, we can ‘NTK train’ deeper ResNets
compared to the non-scaled ResNet. We illustrate the effec-
tiveness of Scaled ResNet in section 5. A more aggressive
scaling was studied in (Huang et al., 2020), where authors
scale the blocks with 1/L instead of our scaling 1/+/, and
show that it also stabilizes the NTK of ResNet. This is the
main topic of the next chapter. We particularly show that a
suitable scaling ensures that the limiting NTK is universal,
i.e. we can approximate any continuous function on some
compact set K with a function from the Reproducing Ker-
nel Hilbert Space of the limiting NTK. This is a desirable
property since the second term in the solution of the NTK
regime lives in the RKHS of the NTK.

3.3. Spectral decomposition of the limiting NTK

To refine the analysis of Section 3, we study the limiting
behaviour of the spectrum of the NTK over the unit sphere
St = {x € R?: ||z|| = 1}. On the sphere S?~!, the
kernel KL isa dot-product kernel, i.e. there exists a function
gz, such that KL (z,2") = gp(x - 2') for all z, 2’ € S?~1.
This kernel type is known to be diagonalizable on the sphere
S9! and the eigenfunctions are the so-called Spherical
Harmonics of S¢~'. Many concurrent results have observed
this fact (Geifman et al., 2020; Cao et al., 2020; Bietti and
Mairal, 2019). Our goal in the next theorem is to confirm the
results of the previous section from a spectral perspective,
by showing that the eigenvalues of the NTK (scaled NTK)
converge to zero as the depth goes to infinity, and only the
first eigenvalue remains positive (which corresponds to the
constant eigenfunction).

Theorem 3 (Spectral decomposition on S*~1). Let x” be ei-
ther, the NTK (K™) for an FFNN with L layers initialized on
the Ordered phase, The Average NTK (AK*) for an FENN
with L layers initialized on the EOC, or the Normalized
NTK (KrLes)for a ResNet with L layers (Fully Connected).
Then, for all L > 1, there exists (uX)x> such that for all
z,z’ € ST

N(d,k)
kM) =D pk Y Vi)Y ().
k>0 i=1

(Yk,j)k>0,j€[1:N(d,k)] are spherical harmonics of S, and
N (d, k) is the number of harmonics of order k.

Moreover, we have that 0 < ug°® = Llim /LOL < o0, and for
—00
>1, lim pk=o0.
all k > . 1_r>r;C py =0
The proof of theorem 3 is based on a result from spectral

theory analysis. The limiting eigenvalues are obtained by a
simple application of the dominated convergence theorem.

Theorem 3 shows that in the limit of large L, the ker-
nel x” becomes close to the trivial kernel k> (z,2')
15°Yo,0(z)Yo 0(2"), where Yy g is the constant function in
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Figure 1. Train/Test accuracy of an FFNN with ReL U activation
on Fashion MNIST dataset for different depths and learning rates,
trained for 10 epochs. The plot is in log-log scale.

the spherical harmonics class. Therefore, in the limit of
infinite depth, the RKHS of the kernel kL is reduced to the
space of constant functions.

Although the asymptotic NTK is degenerate, we show in the
next section that we can leverage the asymptotic analysis
of section 3 to obtain valuable insights on the choice of the
learning rate.

4. Learning Rate Passband

Tuning the learning rate (LR) is crucial for the training
of DNNSs; a large/small LR could cause the training to fail.
Empirically, the optimal LR tends to decrease as the network
depth grows. In this section, we use the NTK linear model
presented in Section 2 to establish the existence of an LR
passband, i.e. an interval of values for the learning rate
where training occurs.

Recall the dynamics of the linear model
1 -
dfu(X) = = K" (fi(X) = Z)dt. @
The GD update with learning rate 7 is given by
Jen(X) = (I = LEM [i() = LEF2). ®)

To ensure stability of (8), a necessary condition is that 1T -
L K*||p < 1, which implies having

2
/‘LHI&X ( % KL)

where fimax 1S the largest eigenvalue.

n <

For an FFNN (or a CNN with Assumption 1) initialized on
the EOC, as L grows we have that K* = ¢L((1 — \)I +
AU) + O(log(L)) (Theorem 1). Therefore, for large L and
N, we have that umax(%ﬁ' L) ~ gAL. The upper bound
on 7 scale as 1/L, therefore, we expect the passband to
have a linear upper bound. To validate this hypothesis, we
train FFNN on Fashion MNIST dataset. Figure 1 shows
the train/test accuracy for different LRs and depths. The
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Figure 2. Normalized eigenvalues of K1, on the 2D sphere for an
FFNN with different initializations, activations, and depths.

slope of the red line is —1 which confirms our prediction
that the upper bound of the LR passband grows as L™, A
similar bound has been introduced recently in (Hayase and
Karakida, 2020) in the different context of networks achiev-
ing dynamical isometry with Hard-Tan activation function.

On the other hand, Figure 1 shows that lower bound of the
passband and depths are almost uncorrelated.’

5. Experiments
5.1. Behaviour of K as L goes to infinity

Proposition 1, and theorems 1 and 2 show that the NTK (or
scaled NTK) converge to a trivial kernel. Figure 2 shows
the normalized eigenvalues of the NTK of an FFNN on 2D
sphere. On the Ordered phase, the eigenvalues converge
quickly to zero as the depth grows, while with an EOC ini-
tialization, the eigenvalues converge to zero at a slower rate.
For L = 300, the NTK on the EOC is ‘richer’ than the NTK
on the Ordered phase, in the sense that the small eigenvalues
with EOC are relatively much bigger than those with the
Ordered phase intialization. This reflects directly on the
RKHS of the NTK, and allows the NTK regime solution to
be ‘richer’ since it is a combination of different eigenfunc-
tions of the NTK, and not only one as in the Ordered phase
(the constant eigenfunction).

5.2. Can NTK regime explain DNN performance?

We train FFNN, Vanilla CNN (stacked convolutional lay-
ers without pooling, followed by a dense layer), Vanilla
ResNet (ResNet with FFNN blocks), and Scaled ResNet
with different depths using two training methods:

"We currently do not have an explanation for this effect. We
leave this for future work.
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Table 2. Test accuracy for varying architectures and depths on MNIST and CIFAR10 dataset. We show test accuracy after 100 training

epochs for L € {3, 30} and 160 epochs for L = 300.

MNIST CIFAR10
NTK Training SGD Training NTK Training SGD Training
EOC Ordered EOC Ordered EOC Ordered EOC Ordered
L=3
FFNN-ReLU  96.64+0.11  96.5710.12 97.0510.27 97114031 48.1340.10 48451014 55131023 54.1040.12
FFNN-Tanh  95.341104 96324041 97.19:011  97.031029 48.3210.15 48.1040.10 56.1310.34 54.1040.23
CNN-ReLU  97.134031 97.231022 98.95:012 98.89101s8 49.114016 42.764332 60.231045 59.051015
V-ResNet 96.73+10.05 96.711016 97.191023 97121014 47.821073 48.011920 54.401024 54.2810.33
L=30
FENN-ReLU  96.9510.00 — 97550000 — 48.324010 — 56.1020.41 —
FFNN-Tanh ~ 97.3010.15 — 978741007 — 48404012 — 573941008 —
CNN-ReLU 98.60i0_13 — 99~02i0.07 — 48442i0.10 - 75-39i031 —
V-ResNet _ — 98.172005 98134008 — _ 57.0940.47 58131018
S-ResNet 97.015010 97111010 98334010 98264014 49.101015 50.0110912 57.211043 57514011
L=300
FFNN-ReLU — — 98.14410.120 — — — 30.254303 —
FFNN-Tanh  — — 98.541018 — — — 58.251043 —
CNN-ReLU — — 99431004 — — — 76251021 —
V-ResNet — — 98.2310.09 98.191006 — — 58.8710.44 59.251010
S-ResNet — — 98.40+10.07 98.514008 — — 60.864+024 61.5140.18

SGD training. We use SGD with a batchsize of 128 and
a learning rate 10~! for L € {3,30} and 10~2 for L = 300
(this learning rate was found by a grid search of exponential
step size 10; note that the optimal learning rate with NTK
parameterization is usually bigger than the optimal learning
rate with standard parameterization). We use 100 training
epochs for L € {3, 30}, and 150 epochs for L = 300.

NTK training. We use the Python library Neural-
Tangents introduced by Novak et al. (2020) with 10K sam-
ples from MNIST/CIFAR10. This corresponds to the in-
version of a 10K x 10K matrix to obtain the NTK regime
solution discussed in Section 2.

For the EOC initialization, we use (04, ,,) = (0, /2) for
ReLU, and (0}, 0,) = (0.2,1.298) for Tanh. For the Or-
dered phase initialization, we use (o, 0,,) = (1,0.1) for
both ReLLU and Tanh. Table 2 displays the test accuracies
for both NTK training and SGD training. The dashed lines
refer to the trivial test accuracy ~ 10%, which is the test
accuracy of a uniform random classifier with 10 classes
i.e. in these cases the model does not learn. For L = 300,
NTK training fails for all architectures and initializations
confirming the results of Theorems | and 2, and Proposition
1; while SGD succeeds in training FFNN and CNN with an
EOC initialization and fails with an Ordered initialization,
and succeeds in training ResNet with both initializations
(which confirms findings in (Yang and Schoenholz, 2017b)
that ResNet ‘live’ on the EOC). This proves that the NTK
regime cannot explain DNN performance trained with SGD.
With L = 30, NTK training fails with Vanilla ResNet, while
it yields good performance with scaled ResNet; this also
confirms the benefits of the scaling introduced in Proposi-
tion 2. However, even with scaled ResNet, the NTK training

Table 3. Test accuracy on CIFAR100 for ResNet.

Epoch 10 Epoch 160
ResNesz Y SR0ia% 7amion
ReNes) (O SS0ing 78030
ReNetl0d (O SC36005 Tetacnsn

fails for depth L = 300.

Does Scaled ResNet outperforms ResNet with SGD?
We train standard ResNet with depths 32, 50, and 104 on CI-
FAR100 with SGD. We use a decaying learning rate sched-
ule; we start with 0.1 and divide by 10 after n./2 epochs,
where n, is the total number of epochs; we scale again, by
10, after n. /4 epochs. We use a batch size of 128, and we
train the model with 160 epochs. Proposition 2 shows that
the NTK of Scaled ResNet is more stable compared to the
NTK of standard ResNet. Although this result is limited to
NTK training, we investigate the impact of scaling on SGD
training. Table 3 displays test accuracy for standard ResNet
and scaled ResNet after 10 and 160 epochs; Scaled ResNet
outperforms ResNet and converges faster. However, it is
not clear whether this is linked to the NTK, or caused by
something else. We leave this for future work.

6. Conclusion

In this paper, we have shown that the infinite depth limit
of the NTK regime is trivial and cannot explain the perfor-
mance of DNNs. However, we proved that the performance
of NTK training is initialization dependent (Table 2). These
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findings add to a recent line of research which shows that the
infinite width approximation of the NTK does not fully cap-
ture the training dynamics of DNNs. Indeed, recent works
have shown that the NTK for finite width neural networks
changes with time (Chizat and Bach, 2018; Ghorbani et al.,
2019; Huang and Yau, 2020), and might even be random as
shown by (Hanin and Nica, 2019) where authors prove that
in the limit n, L. — oo (where n is a width of the network)
with fixed ratio v = % the limiting kernel is random. An
interesting property in this regime is the “feature learning’
which the NTK regime lacks. Further research is needed in
order to understand the difference between the two regimes.

i
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Appendix
0. Setup and notations

0.1. Neural Tangent Kernel

Consider a neural network model consisting of L layers (yl)lglgL, with ¢! : R™-1 — R™ ng =dand let § = (Gl)lngL
be the flattened vector of weights and bias indexed by the layer’s index and p be the dimension of #. Recall that 6§
has dimension n; + 1. The output f of the neural network is given by some transformation s : R"> — R of the
last layer y”(x); o being the dimension of the output (e.g. number of classes for a classification problem). For any
input z € RY, we thus have f(x,0) = s(y*(z)) € R°. As we train the model,  changes with time ¢ and we denote
by 6; the value of 6 at time ¢t and f;(x) = f(z,0:) = (fj(x,0:),7 < o). Let D = (x;,2;)1<i<n be the data set
and let X = (z;)1<i<n. £ = (2zj)1<j<n be the matrices of input and output respectively, with dimension d x N
and ox N. For any function g : R¥° — R* k > 1, we denote by g(X', Z) the matrix (g(w;, 2;))1<;<x of dimension k x N.

(Jacot et al., 2018) studied the behaviour of the output of the neural network as a function of the training time ¢ when the
network is trained using a gradient descent algorithm. (Lee et al., 2019) built on this result to linearize the training dynamics.
We recall hereafter some of these results.

For a given 6, the empirical loss is given by £(6) = Zf\; £(f(x,0), z;). The full batch GD algorithm is given by
ét+1 = ét - nvaﬁ(ét)a (1

where 1 > 0 is the learning rate.
Let T' > 0 be the training time and Ny = T'/n be the number of steps of the discrete GD (1). The continuous time system
equivalent to (1) with step At = 7 is given by

6, = —VoL(6;)dt. )

This differs from the result by (Lee et al., 2019) since we use a discretization step of At = 7. It is well known that this
discretization scheme leads to an error of order O(7n) (see Appendix). Equation (2) can be re-written as

1
do, = —Nvaf(xa 0TV l(F(X,0;), Z)dt.

where Vi f(X,60,) is a matrix of dimension oN x p and V. ¢(f(X,0,), Z) is the flattened vector of dimension o N
constructed from the concatenation of the vectors V./£(2', 2;)|2/= f(2,.6,),% < N. As aresult, the output function f;(x) =
f(z,0:) € RO satisfies the following ODE

Ai(x) = — Vo (2,00 Vo (X, 0)7 Vsl (f(X), Z)it 3)

The Neural Tangent Kernel (NTK) K/ is defined as the o x o dimensional kernel satisfying: for all x, 2’ € RY,

K (x,a") = Vof(z,0)Vof(a',0,)" € R*
L
“
= Vo f(x,0,) Vo f(a',0,)7.
=1
We also define K oLt (X, X) as the oN x oN matrix defined blockwise by

Kj(z1,21) - Kg(z1,2n)

K (:62,3:1) K (1‘2,1‘]\/)
Khxx)=| " "

Kg(zn, 1) - Ki(zn,zn)
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By applying (3) to the vector X', one obtains

1
dft(X) = 7NK0Lt(X7X)vz’é(ft(‘)()az)dta (5)
meaning that for all j < N

dfi(z;) = —iKth (25, X)VL(fi(X), Z)dt.

N

Infinite width dynamics. In the case of an FFNN, (Jacot et al., 2018) proved that, with GD, the kernel K, 0Lt converges to a
kernel K'© which depends only on L (number of layers) for all t < T when ny, na, ...,nz, — oo, where T is an upper bound

on the training time, under the technical assumption fOT [|VL(f:(X, Z))||2dt < oo a.s. with respect to the initialization
weights. The infinite width limit of the training dynamics is given by

BulX) =~ KH X T 2), 2)t ©

We note hereafter K = K (X, X). As an example, with the quadratic loss £(z/, z) = 1[|z" = 2|2, (6) is equivalent to

4i(X) =~ K (() - 2, )

which is a simple linear model that has a closed-form solution given by
Fi(X) = e VRN R (X) 4 (T — e %K) 2, (8)

For general input z € R?, we have

Fi@) = folw) + (@, X)(I — e ¥ 1) (2 = fo()). ©
where y(7) = KX (2, X)KE (X, x)~!

0.2. Architectures

Let ¢ be the activation function. We consider the following architectures (FFNN and CNN)

o FeedForward Fully-Connected Neural Network (FFNN) Consider an FFNN of depth L, widths (n;)1<;< ., weights
w! and bias b'. For some input = € RY, the forward propagation using the NTK parameterization is given by

d
Ow
yi (z) = Vi Zwiljl’j + obb;
d =
(10)

ni—1

yile szfb(y (@) + bl 12

e Convolutional Neural Network (CNN/ConvNet) Consider a 1D convolutional neural network of depth L, denoting
by [m : n] the set of integers {m, m + 1, ...,n} for n < m, the forward propagation is given by

no

yza Z Z wljnga+3+dbb

] 1 B€ker
. ! (an

y’La - Z Z zJﬁ¢(y] (y-l,-ﬂ('r)) +Ubbz7

j 1 Beker;

where ¢ € [1 : n] is the channel number, « € [0 : M — 1] is the neuron location in the channel, n; is the number of
channels in the " layer, and M is the number of neurons in each channel, ker; = [—k : k] is a filter with size 2k + 1
and v; = n;—1(2k + 1). Here, wl e Rmxm-1x(2k+1) We assume periodic boundary conditions, which results in
having yﬁ’a = yé’aJrM = yf’an and similarly for [ = 0, ;. a+M, = Zi,a = i,a— M, For the sake of simplification,
we consider only the case of 1D CNN, the generalization to a mD CNN for m € N is straightforward.
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1. Proof techniques

The techniques used in the proofs range from simple algebraic manipulation to tricky inequalities.

Lemmas 1, 2, 3,4. The proofs of these lemmas are simple and follow the same inductive argument as in the proof of the
original NTK result in (Jacot et al., 2018). Note that these results can also be obtained by simple application of the Master
Theorem in (Yang, 2020) using the framework of Tensor Programs.

Proposition 1, Theorems 1, 2. The proof of these results follow two steps; Firstly, estimating the asymptotic behaviour
of the NTK in the limit of large depth; secondly, controling these behaviour using upper/lower bounds. We analyse the
asymptotic behaviour of the NTK of FFNN using existing results on signal propagation in deep FFNN. However, for CNNs,
the dynamics are a bit trickier since they involve convolution operators; We use some results from the theory of Circulant
Matrices for this purpose.

It is relatively easy to control the dynamics of the NTK in the Ordered/Chaotic phase, however, the dynamics become a bit
complicated on the Edge of Chaos and technical lemmas which we call Appendix Lemmas are introduced for this purpose.

Theorem 3. The spectral decomposition of zonal kernels on the sphere is a classical result in spectral theory which was
recently applied to Neural Tangent Kernel Geifman et al. (2020); Cao et al. (2020); Bietti and Mairal (2019). In order to
prove the convergence of the eigenvalues, we use Dominated Convergence Theorem, leveraging the asymptotic results in
Proposition 1 and Theorems 1, 2.

2. The infinite width limit
2.1. Forward propagation

FeedForward Neural Network. For some input 2 € RY, the propagation of this input through the network is given by

d
1 Ow 1 1
y;(x) = —= Z w;;xj + opb;
Vd =
o ni—1
W) = T 3 wlo @) +outl, 122
j=1

Where ¢ : R — R is the activation function. When we take the limit 7;_; — oo recursively over [, this implies, using
Central Limit Theorem, that y!(x) is a Gaussian variable for any input 2. This gives an error of order O(1/ \/Mi—1) (standard
Monte Carlo error). More generally, an approximation of the random process y!(.) by a Gaussian process was first proposed
by (Neal, 1995) in the single layer case and has been extended to the multiple layer case by (Lee et al., 2018) and (Matthews
et al., 2018). The limiting Gaussian process kernels follow a recursive formula given by, for any inputs z, 2’ € R?

K (2, 2") = Blyi (2)yi ()]
= o} + o2 E[p(yl (2))p(yl (2))]

= 0p + o Ue(r' "z, 2), 6 a,2"), 817 (2 2)),

where W is a function that only depends on ¢. This provides a simple recursive formula for the computation of the kernel

Kl see, e.g., (Lee et al., 2018) for more details.

Convolutional Neural Networks. The infinite width approximation with 1D CNN yields a recursion for the kernel.
However, the infinite width here means infinite number of channels, with a Monte Carlo error of O(1/,/n;—1). The kernel
in this case depends on the choice of the neurons in the channel and is given by

2

R (,2') = Elyh o (0)th o (2)] = 08 + 575 3 EISL 0 (@)0(01 (2]
B€Eker
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so that

2
l / 2 g -1 -1 nod-1 I
Roor (,27) = 0 + 2k -u; 1 Z Fo(Ratparss(® ) Karparp(@@)s Koy oy (2, 27).
BEker

The convolutional kernel ., , has the ‘self-averaging’ property; i.e. it is an average over the kernels corresponding to
different combination of neurons in the previous layer. However, it is easy to simplify the analysis in this case by studying
the average kernel per channel defined by &' = ﬁ Ea,a/ /{la’a/. Indeed, by summing terms in the previous equation and
using the fact that we use circular padding, we obtain

X 1 _ _ _
#l(x,2') = o} + aim Z F¢(/if¥’olt, (z,x), ng_’i,(x,x'), /ifwlt, (z',2")).

a,a’

This expression is similar in nature to that of FFNN. We will use this observation in the proofs.

Note that our analysis only requires the approximation that, in the infinite width limit, for any two inputs xz, 2/, the variables
yi(x) and y}(z') are Gaussian with covariance «'(z, 2') for FFNN, and y} () and y! . (z') are Gaussian with covariance
Kty o (, ") for CNN. We do not need the much stronger approximation that the process y(x) (y; ,(2) for CNN) is a
Gaussian process.

Residual Neural Networks. The infinite width limit approximation for ResNet yields similar results with an additional
residual terms. It is straighforward to see that, in the case of a ResNet with FFNN-type layers, we have that

Kz, 2') = k' x,2') 4+ of + 02 Fy(k' 7w, ), w1 (2, '), 11 (2!, 7)),

whereas for ResNet with CNN-type layers, we have that

l

a,o/(xvx/) = ch:ol/('r7x/) + O-l?

2

o 1— 1— 1—

%i Z Fi(Korparp(@0) Boip ares(@0) Ko ils ary (2, 2)).
Beker

R

+

2.2. Gradient Independence

In the mean-field literature of DNNs, an omnipresent approximation in prior literature is that of the gradient independence
which is similar in nature to the practice of feedback alignment (Lillicrap et al., 2016). This approximation states that, for
wide neural networks, the weights used for forward propagation are independent from those used for back-propagation.
When used for the computation of Neural Tangent Kernel, this approximation was proven to give the exact computation for
standard architectures such as FFNN, CNN and ResNets (Yang, 2020) (Theorem D.1).

This result has been extensively used in the literature as an approximation before being proved to yields exact computation

for the NTK, and theoretical results derived under this approximation were verified empirically; see references below.

Gradient Covariance back-propagation. Analytical formulas for gradient covariance back-propagation were derived
using this result, in (Hayou et al., 2019; Schoenholz et al., 2017; Yang and Schoenholz, 2017b; Lee et al., 2018; Poole et al.,
2016; Xiao et al., 2018; Yang, 2019). Empirical results showed an excellent match for FFNN in (Schoenholz et al., 2017),
for Resnets in (Yang, 2019) and for CNN in (Xiao et al., 2018).

Neural Tangent Kernel. The Gradient Independence approximation was implicitly used in (Jacot et al., 2018) to derive
the infinite width Neural Tangent Kernel (See (Jacot et al., 2018), Appendix A.1). Authors have found that this infinite width
NTK computed with the Gradient Independence approximation yields excellent match with empirical (exact) NTK.

We use this result in our proofs and we refer to it simply by the Gradient Independence.

3. Discussion on Assumption 1

Assumption 1. We assume that for all x,z' € X, ¢} . (z, ') is independent of o, o/'.
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Assumption 1 implies that, there exists some function e : (x,2’) — e(x,2’) such that for all o, o/, z, 2’

’ _ ’
Z Z Lj,atBLjar+8 = e(r,z’)

J Be&kerg

This system has N 2Mm2 equations and IV x 2ng x M variables. Therefore, in the case ny >> 1, the set of solutions S is
large. By using Assumption 1, we restrict our analysis to this case. Hereafter, for all CNN analysis, for some function G and
set I, taking the supremum sup , ,nep G(z,2") should be interpreted as sup , e pry2 G(T,').

Another justification to assumption 1 can be attributed a self-averaging property of the dynamics of the correlation inside a
CNN. We refer the reader to the proof of Appendix lemma 3 for more details.

4. Warmup: Results from the Mean-Field theory of DNNs

4.1. Notation

For FFNN layers, let ¢'(z) := ¢'(z, x) be the variance of y! () (the choice of the index 1 is not important since, in the
infinite width limit, the random variables (y!(z));c[1.n, are iid). Let ¢'(x, 2"), resp. ¢} (x, ') be the covariance, resp. the
correlation between 1/} (a:) and y! (z'). For Gradient back-propagation, let ¢'(, 2') be the Gradient covariance defined by
G (z,2")=E M (ac) Byl (x )| where £ is some loss function. Similarly, let ¢(z) be the Gradient variance at point . We
also define ¢ (fm I’) — G2E[ (4 (@) (0} (@)

For CNN layers, we use similar notation across channels. Let ¢, (x) be the variance of 4} , (x) (the choice of the index 1 is

not important here either since, in the limit of infinite number of channels, the random variables (yf’a (%))ien:n, are iid). Let
@}, o (, ') the covariance between y} , () and yia, (z'), and cf%a, (z, z") the corresponding correlation. We also define the

pseudo-covariance g, ,,(, ') = o7 + o2 El3(y} .} (2))0(u 4 (a'))] and ¢, (z,2") = 2 Elo (st} (2))o(ul ) ()]
57 @)

The Gradient covariance is defined by ¢, ., (z,2') = E aglﬁ (x)
’ 1,a

4.1.1. COVARIANCE PROPAGATION

Covariance propagation for FFNN. In Section 2.1, we derived the covariance kernel propagation in an FFNN. For two
inputs z, 2’ € R?, we have

¢'(z,2") = o + oL Elo(y; " (2))b(y; ' (")) (12)

this can be written as

¢'(z,2') = 02 + o2 E [qb ( ql(x)Z1> ¢ ( @) (2 441 - (dl)?zgﬂ . 7,75 Y N(0,1),

with =1 = =1 (z, 2").
With ReLU, and since ReLU is positively homogeneous (i.e. ¢(Az) = A¢(z) for A > 0), we have that

0.2
¢'(@,0') = of + T\ Jg @nal @) )

where f is the ReLU correlation function given by (Hayou et al., 2019)

1 1
f(¢) = =(carcsine + 1762)+§C.
Vs

Covariance propagation for CNN. The only difference with FFNN is that the independence is across channels and not
neurons. Simple calculus yields

2
G (@.2') = Bly o @t ()] = 07 + 5725 D7 BG40 b ()]

BEker

Observe that

/

Binker
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With ReLU, we have

o —
tha (:0") = 0F + 5700 S0 \Jah @ Jahep @ gl ),
BEker

Covariance propagation for ResNet with ReLU. In the case of ResNet, only an added residual term shows up in the
recursive formula. For a ResNet with FFNN layers, the recursion reads

¢ (z,a) = ¢ V(a,2') +0f + 22 \/ z)\/q (@) f () (14)

with CNN layers, we have instead

2

l —1 Ow
qa,a/(x7xl) = qa o’ (z T ) + Gb + 2% + 1 \/qoz+ﬁ(x \/qa’+6 )f( oz+5 a’+3(x T )) 15)

4.1.2. GRADIENT COVARIANCE BACK-PROPAGATION
Gradient back-propagation for FFNN. The gradient back-propagation is given by

Nig1

ﬁ
It l) Z 8 l+1 l+1,

where L is some loss function. Using the Gradient Independence 2.2, we have as in (Schoenholz et al., 2017)

(o) = () " (a0,

where x(¢'(2)) = 0LE[¢(1/q' () 2)?].

Gradient Covariance back-propagation for CNN. We have that

oL
aWzlJ B Z ayz [e% ],a+ﬁ)

Moreover,

ZZ O WL ().

ay’a j= 15€ke7 ]06 B

Using the Gradient Independence 2.2, and taking the average over the number of channels we have that

9 2E / l A 2
[oc®] _AE[0(/aw?27] o>
8yé7o‘ 2k +1 Beker

2
ayit} B ] .
We can get similar recursion to that of the FFNN case by summing over « and using the periodic boundary condition, this
yields ,
> E [aaf ] = x(d4 (@) ZIE oL ]

l+1
a [Net 0

i e’

4.1.3. EDGE OF CHAOS (EOC)

Let # € R? be an input. The convergence of ¢'(x) as [ increases has been studied by (Schoenholz et al., 2017) and (Hayou
et al., 2019). In particular, under weak regularity conditions, it is proven that ¢'(x) converges to a point q(oy, 0,) > 0
independent of = as | — 0o. The asymptotic behaviour of the correlations ¢! (z, 2’) between y!(z) and ' (') for any two
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inputs = and 2’ is also driven by (0, 0,,): the dynamics of ¢! is controlled by a function f i 1 e. ¢ttt = f(c!) called the
correlation functlon The authors define the EOC as the set of parameters (0, 0,,) such that 02 E[¢'(1/q(0p, 0,)Z)?] = 1
where Z ~ N(0,1). S1m11ar1y the Ordered, resp. Chaotic, phase is defined by o2 E[¢/( \/m Z)?] < 1, resp.

'(v/q(0p,04)Z)?] > 1. On the Ordered phase, the gradient will vanish as it backpropagates through the network,
and the correlation ¢ (95 x’) converges exponentially to 1. Hence the output function becomes constant (hence the name
’Ordered phase’). On the Chaotic phase, the gradient explodes and the correlation converges exponentially to some limiting
value ¢ < 1 which results in the output function being discontinuous everywhere (hence the ’Chaotic’ phase name). On the
EOC, the second moment of the gradient remains constant throughout the backpropagation and the correlation converges to
1 at a sub-exponential rate, which allows deeper information propagation. Hereafter, f will always refer to the correlation
function.

We initialize the model with w! > bl N (0,1), where A/ (, %) denotes the normal distribution of mean 1 and variance

o2. In the remainder of this appendix, we assume that the following conditions are satisfied

o The input data is a subset of a compact set £ of R?, and no two inputs are co-linear.

o All calculations are done in the limit of infinitely wide networks.

4.2. Some results from the information propagation theory

Results for FFNN with Tanh activation.

Fact 1. For any choice of oy, 0, € R, there exist g, A > 0 such that for all | > 1, sup,cga |¢'(z,2) — q| < e
(Equation (3) and conclusion right after in (Schoenholz et al., 2017)).

Fact 2. On the Ordered phase, there exists -y > 0 such that sup,, ,/cga |ct(z,x") — 1| < e L. (Equation (8) in (Schoenholz
etal, 2017))

Fact 3. Let (0y,0,) € EOC. Using the same notation as in fact 4, we have that sup, ,ep_ |1 — Az, z")| = O(1~1).
(Proposition 3 in (Hayou et al., 2019)).

Factd. Let B. = {(x,2') € R?: c}(z,2") < 1 — €}. On the chaotic phase, there exist ¢ < 1 such that for all € € (0,1),
there exists 7y > 0 such that sup, .\ p. |cl(x, 2") — ¢| < e, (Equations (8) and (9) in (Schoenholz et al., 2017))

02+ El¢(\/GZ1)d(y/A(x Z1+v/1=a2 Z3))]
q

Fact 5 (Correlation function). The correlation function f is defined by f(x) = where

q is given in Fact 1 and Z, Zy are iid standard Gaussian variables.

Fact 6. f has a derivative of any order j > 1 given by

(@) = o2 B[V (Z1)¢W (2 2y + V1 - 2225)], Vx € [-1,1]

As a result, we have that f9) (1) = 02,¢ " 'E[pV)(Z1)?] > 0 forall j > 1.

The proof of the previous fact is straightforward following the same integration by parts technique as in the proof of Lemma
1 in (Hayou et al., 2019). The result follows by induction.

Fact 7. Let (0p,0.) € EOC. We have that f'(1) = 1 (by definition of EOC). As a result, the Taylor expansion of f near 1
is given by
flOy=ct+al=c® = (1 -’ +0((1-)).

where a,, ¢ > 0.
Proof. The proof is straightforward using fact 6, and integral-derivative interchanging. O

Results for FFNN with ReLU activation.
Fact 8. The ordered phase for ReLU is given by Ord = { (o4, o) E (RT)2: 0, < f} Moreover, for any (op, 0,,) € Ord,
there exist X such that for all | > 1, sup,cga |¢'(z,2) — q| < e, where ¢ = — 52 73

w
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The proof is straightforward using equation (12).

Fact 9. For any (0y,0y,) in the Ordered phase, there exist X such that for all | > 1, sup(,, ,/\ega | (z,2") — 1] < e,
The proof of this claim follows from standard Banach Fixed point theorem in the same fashion as for Tanh in (Schoenholz
etal., 2017).

Fact 10. The Chaotic phase for ReLU is given by Ch = {(cy, 7,,) € (R*)? : 0, > \/2}. Moreover, for any (o, 0,,) € Ch,
foralll > 1, z € R4 ¢! (z,x) 2 (02 /2)".

The variance explodes exponentially on the Chaotic phase, which means the output of the Neural Network can grow
arbitrarily in this setting. Hereafter, when no activation function is mentioned, and when we choose "(04, 0,,) on the
Ordered/Chaotic phase", it should be interpreted as "(op,0,,) on the Ordered phase" for ReLU and "(o, o) on the
Ordered/Chaotic phase" for Tanh.

Fact 11. For ReLU FFNN on the EOC, we have that ¢'(x, ) = %HmHQfor alll > 1.

The proof is straightforward using equation 12 and that (o, o, ) = (0, v/2) on the EOC.

Fact 12. The EOC of ReLU is given by the singleton {(oy,0.,) = (0,v/2)}. In this case, the correlation function of an
FFNN with ReLU is given by

1 1
f(z) = =(varcsinz + /1 —22) + 2%
m
(Proof of Proposition 1 in (Hayou et al., 2019)).
Fact 13. Let (04,04 ) € EOC. Using the same notation as in fact 4, we have that

sup |1 —c(z,2")| = O(17?)
(x,2")EB.

(Follows straightforwardly from Proposition 1 in (Hayou et al., 2019)).
Fact 14. We have that
fle)=c+s(1—c)*24+b(1—¢)°?+0(1—¢)/? (16)

withs:%?andb:ﬁ.

This result was proven in (Hayou et al., 2019) (in the proof of Proposition 1) for order 3/2, the only difference is that here
we push the expansion to order 5/2.

Results for CNN with Tanh activation function.

Fact 15. For any choice of oy, 0, € R, there exist q, X > 0 such that for all | > 1, SUD, o SUP,cRd |qla7a,(x, x)—q| <
e M, (Equation (2.5) in (Xiao et al., 2018) and variance convergence result in (Schoenholz et al., 2017)).

The behaviour of the correlation cﬁm, (z,z") was studied in (Xiao et al., 2018) only in the case 2’ = z. We give a
comprehensive analysis of the asymptotic behaviour of ¢!, ., (z,2') in the next section.

General results on the correlation function.
Fact 16. Let f be either the correlation function of Tanh or ReLU. We have that

f(1) = 1 (Lemma 2 in (Hayou et al., 2019)).

o On the ordered phase 0 < f'(1) < 1 (By definition).

On the Chaotic phase f'(1) > 1 (By definition,).

On the EOC, f'(1) = 1 (By definition).

On the Ordered phase and the EOC, 1 is the unique fixed point of f ((Hayou et al., 2019)).
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o On the Chaotic phase, f has two fixed points, 1 which is unstable, and ¢ < 1 which is a stable fixed point (Schoenholz
etal, 2017).

Fact 17. Let € € (0, 1). On the Ordered/Chaotic phase, with either ReLU or Tanh, there exists o € (0, 1),y > 0 such that

sup | f'((z,2")) —af < e
(z,2")EB.

Proof. This result follows from a simple first order expansion inequality. For Tanh on the Ordered phase, we have that

sup |f/(cl(:r,x/)) — /(D] <¢  sup |cl(1:,x/) —1]

(z,z’)EBe (z,z’)EBe

where (= SUPie (min, /ey, t(a,a),1) |f” (E)] = [ (1)]. We conclude for Ordered phase with Tanh using fact 2. The

same argument can be used for Chaotic phase with Tanh using fact 4; in this case, a = f’ (c) where c is the unique stable
fixed point of the correlation function f.

On the Ordered phase with ReLU, let f be the correlation function. It is easy to see that f'(c) = % f'(c) where f is given
in fact 12. f'(2) =1 — g(l —2)/2 + O((1 — 2)3/2). Therefore, there exists Iy, { > 0 such that for I > [,

sup [ f/(d(x,2')) = f()] <¢ sup | (w,a’) =1/
(x,2’)€B. (x,2")€Bc

We conclude using fact 9. O

Asymptotic behaviour of the correlation in FFNN.
Appendix Lemma 1 (Asymptotic behaviour of ¢! for ReLU). Let (03, 0,,) € EOC and ¢ € (0,1). We have

sup
(z,z")€B.

d@,a)) =1+ 75 —3VR IOg()‘ o1~

2
where kK = 9%. Moreover, we have that

f/(cl(.%',.%'l )_1+§_ilolg2(l) (l 2)

sup
(z,z')EB.

Proof. Let (z,2') € B.and s = 23% From the preliminary results, we have that llg& SUp,, prepa 1 — ¢t (x,27) = 0 (fact

13). Using fact 14, we have uniformly over B,

5/2 7/2
i =m -7 =2+ 0%
where s, b > 0, this yields

—1/2 —1/2 35> 12 b 3/2
71+1/ = /—1—2—1- 87/4—27—1—0( /).

Thus, as I goes to infinity
-1/2 __-1/2 §

Vi+1 M

[\

and by summing and equivalence of positive divergent series

—1/2 S
ol / ~ —.

-1/2 _

Moreover, since v, [~ = -1/ +35+ 3%% /2 + O(y 3/2 ), using the same argument multiple times and inverting the

formula yields
log( )

cl<:c,w)*1——+3f +0(7%)
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Note that, by Appendix Lemma 5 (section 5), the O bound can be chosen in a way that it does not depend on (z, z'), it
depends only on ¢; this concludes the proof for the first part of the result.
Using fact 12, we have that

1 1

fl(z) = = arcsin(x) + 3

=1- ?(1 — )2 0((1 - 2)%?).

Thus, it follows that

Pz =1-2 + 9\flolg( ) L o),

uniformly over the set B, which concludes the proof.

We prove a similar result for an FFNN with Tanh activation.
Appendix Lemma 2 (Asymptotic behaviour of ¢! for Tanh). Let (04, 0,,) € EOC and € € (0,1). We have

log(1
sup |d(@,a) — 14 % — w1 - 20280 _0(-3)
(x,2")EB. l I
where Kk = f//(l) > 0and( = fsél) > 0. Moreover, we have that
2 log(l
sup | ) 1+ 2~ 21— w20) 80 \ o(?).
(x,2")EB. l 12

Proof. Let (z,2') € B. and \; := 1 — c!(z, 2'). Using a Taylor expansion of f near 1 (fact 7), there exist o, > 0 such
that

Mgt =N — A+ O+ 0(0\)
Here also, we use the same technique as in the previous lemma. We have that
A =AM = e+ O+ ON) T = A1+ aN + (o = O+ O(AD))
=N +ta+ (@ = ON+O00).

By summing (divergent series), we have that )\1—1 ~ al. Therefore,
AN -N'—a=@=Ba T +o(7h)
By summing a second time, we obtain
N =al+ (a— Ba ) log(l) + o(log(l)),
Using the same technique once again, we obtain
N =al+ (a— Ba ) log(l) + O(1).

This yields
log(l)

N=a "t —a 1 -a?p) +0(17?).

In a similar fashion to the previous proof, we can force the upper bound in O to be independent of x using Appendix Lemma
5. This way, the bound depends only on e. This concludes the first part of the proof.

For the second part, observe that f'(z) = 1+ (z — 1) f”(1) + O((x — 1)?), hence

Fla)) =1— % +2(1 - a20) loli(l) +Oo(7?)

which concludes the proof. O
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4.3. Large depth behaviour of the correlation in CNNs

For CNNs, the inﬁnite width will always mean the limit of infinite number of channels. Recall that, by definition,
G, o (@, 2) = 0f + o2 E[p(yi ) () o (yi o (¢))] and ¢, . (w,2") = B[y} ,(2)y! . (2)].

Unlike FFNN, neurons in the same channel are correlated since they share the same filters. Let , 2’ be two inputs and o, o’
two nodes in the same channel <. Using Central Limit Theorem in the limit of large n; (number of channels), we have

0.2

T 2 B0 (@)W s(@))] + 0f

BEker

q(lx,a’(xa 1:/) = Eiyi,a(x)yi,a’(x/)i =

Let cla’a/ (z, 2’) be the corresponding correlation. Since qﬁwt(x, x) converges exponentially to ¢ which depends neither on
nor on ¢, the mean-field correlation as in (Schoenholz et al., 2017; Hayou et al., 2019) is given by

! !
Ca’a/(l’,l’) 2k+1 Z f a+[3a+[3($ x))

BeEker

where f(c) = 2= ¢(le)¢(‘f(pzl+' 1=P22)I40% and 7y, Zy are independent standard normal variables. The dynamics

of ¢!, .o become similar to those of ¢! in an FENN under assumption 1. We show this in the proof of Appendix Lemma 3.
In (Xiao et al., 2018), authors studied only the limiting behaviour of correlations cfl_a, (z, x) (same input x), however, they
do not study cla’a, (z,2") when = # a’. We do this in the following Lemma, which will prove also useful for the main results
of the paper.

Appendix Lemma 3 (Asymptotic behaviour of the correlation in CNN with Tanh). We consider a CNN with Tanh activation
function. Let (0y,0,) € (RY)? and € € (0,1). Let B. = {(x,2') € R : sup,, o ¢}, o (x,2") < 1 — €}. The following
statements hold

1. If (op,0w) are on the Ordered phase, then there exists 3 > 0 such that

sup  sup|c, . (z,2) — 1| = O(e )
(z,z")ERT o, ’

2. If (op, 04) are on the Chaotic phase, then for all € > O there exists f > 0 and ¢ € (0, 1) such that

sup  sup|ch o (z,2') —c| = O(e™ ™)
(z,2’)EB. a0’ ’

3. Under Assumption 1, if (op,0,) € EOC, then we have

log(1)

Sl =00

sup - sup | (l‘x)—l-ﬁ-f—ﬁ(l—/ﬂ:QC)
(z,2")EB,. a,a’ l

where k = f,,(l) >0,¢= £ (1) > 0, and f is the correlation function given in Fact 5.
We prove statements 1 and 2 for general inputs, i.e. without using Assumption 1. The third statement requires Assumption 1.

Proof. Let (z,2") € R%. Without using assumption 1, we have that

l

ca,a

((,2) = 2k +1 Z fle a+ﬁ a/+ﬂ(x’x/))

Beker

Writing this in matrix form yields

1
C = me(Cl—i)
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where C; = ((cfx,aﬂi(x, ') ac[o:N—1]) gejo:N—1] is @ vector in RN*, U is a convolution matrix and f is applied element-
wise. As an example, for k = 1, U is given by

1 1 0 0 1
1 1 1 0 0
p_lo1 11 0
00 1 1 0
1 0o ... 0 1 1]

For general k, U is a Circulant symmetric matrix with eigenvalues \; > Ay > As... > An2. The largest eigenvalue of U is
given by A\; = 2k + 1 and its equivalent eigenspace is generated by the vector e; = %(1, 1,..,1) e RN *. This yields

(1+2k)7U = erel + 0(e™P

where [ = log(i—;).

This provides another justification to Assumption 1; as [ grows, and assuming that C; — e; (which we show in the remainder
of this proof), C; exhibits a self-averaging property since C; = ﬁUCl,l. This system concentrates around the average
value of the entries of C; as [ grows. Since the variances converge to a constant g as [ goes to infinity (fact 15), this
approximation implies that the entries of C; become almost equal as [ goes to infinity, thus making assumption 1 almost

satisfied in deep layers. Let us now prove the statements.

1. Let (05,0,) be in the Ordered phase, (z,2’) € R? and ¢, = ming o ¢, ., (2,2'). Using the fact that f is non-
decreasing, we have that cla’a,(ac, ') > ﬁ“ > seker clajrl@aurﬁ(:v, 2')) > cl-1. Taking the minimum again over
o, ', we have c,, > cl1, therefore c,, is non-decreasing and converges to the unique fixed point of f which is ¢ = 1.
This proves that sup,, . |}, (2, 2") — 1| — 0. Moreover, the convergence rate is exponential using the fact that (fact

16) 0 < f'(1) < 1. To see this, observe that
sup |1 - Cfx,oz’(xa .’E/)| < ( Slllp1 f/(<)> X sup |1 - Cf)z,a'(xa .’L'/)‘
a,a’ celehat ) a,a

Knowing that sup¢ i1 ) 1'(¢) — f'(1) < 1, we conclude. Moreover, the convergence is uniform in (z, 2') since
the convergence rate depends only on f’(1).

2. Lete € (0,1). In the chaotic phase, the only difference is the limit ¢ = ¢; < 1 and the Supremum is taken over B, to
avoid points where ¢! (z,2’) = 1. In the Chaotic phase (fact 16), f has two fixed points, 1 is an unstable fixed point
and ¢; € (0,1) which is the unique stable fixed point. We conclude by following the same argument.

3. Lete € (0,1) and (03, 0,) € EOC. Using the same argument of monotony as in the previous cases and that f has 1 as
unique fixed point, we have that lim;_, . sup,, ,» sup,, o |1 — cf17a,(a:, ") = 0.
From fact 7, the Taylor expansion of f near 1 is given by

fley=c+a(l—c)? =¢(1 -’ +O((L - )").

z @)
where o = fT(l) and ¢ = %. Using fact 6, we know that f*) (1) = 02 ¢*'E[¢(*) (,/gZ)?]. Therefore, we have
a>0,and ¢ < 0.
Under assumption 1, it is straightforward that for all o, @', and [ > 1

cflya/(x,m/) = cl(x, ')

ie. cfl’a, are equal for all o, . The dynamics of ¢!(z, z') are exactly the dynamics of the correlation in an FFNN. We
conclude using Appendix Lemma 2.

O
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It is straightforward that the previous Appendix Lemma extend to ReLU activation, with slightly different dynamics. In this
case, we use Appendix Lemma 1 to conclude for the third statement.

Appendix Lemma 4 (Asymptotic behaviour of the correlation in CNN with ReLU-like activation functions). We consider
a CNN with ReLU activation. Let (oy,0,,) € (RT)% Let (04,0,) € (RT)% and € € (0,1). The following statements hold

1. If (op, 04) are on the Ordered phase, then there exists 3 > 0 such that

sup sup |ch70¢, (z,2') — 1| = O(e™Ph

(z,a")eR? a,af

2. If (ob,04) are on the Chaotic phase, then there exists 3 > 0 and ¢ € (0, 1) such that

sup sup |c£7a, (z,2") —c| = O(e™ ")
(z,2")€Be a0

3. Under Assumption 1, if (o4, 0,) € EOC, then

log(1)

| =0

sup sup |c(z,2') — 1+ % -3k
(z,2")EB. a,a’ l

where k = %.
Proof. The proof is similar to the case of Tanh in Appendix Lemma 3. The only difference is that we use Appendix Lemma

1 to conclude for the third statement. O

5. A technical tool for the derivation of uniform bounds

Results in Theorem 1 and 2 and Proposition 1 involve a supremum over the set B.. To obtain such results, we need a
*uniform’ Taylor analysis of the correlation ¢! (x, 2’) (see the next section) where uniformity is over (z,z’) € B.. It turns
out that such result is trivial when the correlation follows a dynamical system that is controlled by a non-decreasing function.
We clarify this in the next lemma.

Appendix Lemma 5 (Uniform Bounds). Let A C R be a compact set and g a non-decreasing function on A. Define the
sequence C; by ¢, = g((—1) and (o € A. Assume that there exist oy, B that do not depend on (;, with §; = o(«y), such that
forall {y € A,

G =ar+0¢(B)

where O¢, means that the O bound depends on (y. Then, we have that

sup |§ — aq| = O(6)

Co€EA

i.e. we can choose the bound O to be independent of (.

Proof. Let (o, = min A and (p py = max A. Let ({,,,;) and (ar,;) be the corresponding sequences. Since g is non-
decreasing, we have that for all (o € A, (i, < ¢ < (- Moreover, by assumption, there exists My, My > 0 such
that

[Cmi — cul < Mq|Bi]

and
|G — au| < Ma|By]
therefore,
|G — eu| < max(|Gm — aul, [Carp — cul) < max(My, Ma)|Bi|
which concludes the proof. O

Note that Appendix Lemma 5 can be easily extended to Taylor expansions with ‘o’ instead of ‘O’. We will use this result in
the proofs, by refereeing to Appendix Lemma 5.
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6. Proofs of Section 3: Large Depth Behaviour of Neural Tangent Kernel
6.1. Proofs of the results of Section 3.1
In this section, we provide proofs for the results of Section 3.1 in the paper.

Recall that Lemma 1 in the paper is a generalization of Theorem 1 in (Jacot et al., 2018) and is reminded here. The proof is
simple and follows similar induction techniques as in (Jacot et al., 2018).

Lemma 1 (Generalization of Th. 1 in (Jacot et al., 2018)). Consider an FFENN of the form (3). Then, as ny,ng, ...,n5_1 —
oo, we have for all z,x' € RY, i,i' < np, KE (z,2") = §;y KL (x,2"), where K (z, ") is given by the recursive formula

KL(I,.Z‘/) = qL(va/)KL_l(*rv‘r/) + qL(.r,.r/),
where ' (¢,2') = of + oL Elo(yy " (2))o(yi ' (@))] and ¢ (z,2") = o B¢ (v (2))¢' (4 ()],

Proof. The proof for general o, is similar to when o,, = 1 ((Jacot et al., 2018)) which is a proof by induction.

Forl>2andi € [1: n]

A ) T Zwl“ (45 (2)) Doy, 5 ().
Therefore,
(90,91 (2)) (D, 00 = wzwl“ L () ()8 (e (2)) Doy, 0 () (Do, ()
3’

Using the induction hypothesis, namely that as ng, ny, ..., ;1 — oo, for all j, 5" < n; and all x, z’

Do, Y5 () (Do, yy ()" — K' (2, 2") 1z
we then obtain for all n;, as ng, ny,...,n;_1 — 0

walH S (0l ()¢ (U ()0, .y (2) (Do, b () — “’Z(wl“ (Y5 ()¢ (y5 (") K (, 2')

3.3’

and letting n; go to infinity, the law of large numbers, implies that

ng

%y Z T2 () () () (2 ) K (2,2") — ¢ (2, 2") K (2, 2).
Moreover, we have that
2
D1yt 1 (@) (O T () + (Bpr T (@) Oy T () = % Z o(y5(2)) (Y5 (2) + o

= 0L B0 (2)d(yi ()] + o} —ql+1($7w')-

n;—o0

which ends the proof.

We now provide the recursive formula satisfied by the NTK of a CNN, namely Lemma 2 of the paper.
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Lemma 2 (Infinite width dynamics of the NTK of a CNN). Consider a CNN of the form (4), then we have that for all
r, 2’ € RL 47 <njanda,o €0: M — 1]

2
1 n_—s., O no 2
K(i)a),(ilya,)(x,x ) =0 <7n0(2k ) [z, 2|00 + O'b)

Forl > 2, as ny,na,...,ni—1 — o0 recursively, we have for all i,7" < n;, a,a’ € [0 : M — 1], K%l (i a,)( x') =

Siin KL . (w,2), where K, , is given by the recursive formula

1
L -1
Kaar =953 2 Vaipars
B€Eker;

ao/

vt (@), ;).

where U'71, = qfw K(ll L+ qCY o and qaa,qa o are defined in Lemma 1, with y L), y1 o L(z") in place of

Proof. Let z, ' be two inputs. We have that

o
Yiolz) = —= Z Z W} pTj.a+p + Obb
J 1 Beker;
ni—1

O’w B
y1 a = Z Z 1] B¢ yj,al+6(x)) + O-bbé

] 1 Beker;

therefore

ayz oY ayz ,af ( ) ayil,oz(x) ayz’l’,a’(x)
K(z @), (i a,)(x ') Z Z Z ” 5 + bl bl

,j,B r
o Z Z 2

— 5. w X .,
= i no(2k + 1) —~ % Tjat+pTia+8 T Tp

Assume the result is true for [ — 1, let us prove it for [. Let 61.;_; be model weights and bias in the layers 1 to [ — 1. Let

891:171315,04(1') = B{)yé (:(11) We have that

g, L (x A R— wh 0 T
61.171yz,a( ) nl_1(2k—|—l) Zj:zﬁ: Z,Jﬁ¢ y7 a+5) 01.1— 1yz oHrﬁ( )
this yields
891l 1y5a(x)891l 1y1l’ a( )T:

Z Z 1,7, sz d) (y] O(+ﬂ)¢ (y] o’ -‘,—ﬁ)agll lyJ a-‘rﬁ( ’)ael:l—ly;’:(lx’-}-ﬁ(x)T
ny—1 Qk—l—l) I

as ni,na,...,nj—y — oo and using the induction hypothesis, we have
l 1 T
66)11 1yia( )691l 1Y o/( ) —

/
ni—1( 21€+1 ZZ ’]Bwljﬁ/ (yJ“+B)¢ (yJﬂ'-FB) (Ja+ﬁ (! +5)(x,x)
Jj BB
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-1 _ -1 .. . .. . .
note that K(j’aJrﬁ)’(j’a,JrB) (v,2') = K(LaJFB)’(La,Jrﬁ) (x, ") for all j since the variables are iid across the channel index j.

Now letting n;_1; — 0o, we have that

891:171 yé,a(x)891;171y£’,a' (x)T -

1 -1 -1 ’
5ii’((2k ) Bz:ﬁ/qa+ﬁ7a’+ﬁK(1,a+ﬁ)7(1.,04'—0—/3)(‘Ta‘T ))
We conclude using the fact that
2
o _ _
Ont ()00 (2) = b1 (52 S BlOUl ) (000l o)) + )

B
O

To alleviate notations, we use hereafter the notation K~ for both the NTK of FFNN and CNN. For FFNN, it represents
the recursive kernel K given by lemma 1, whereas for CNN, it represents the recursive kernel K2, for any a, a/, which
means all results that follow are true for any o, o’. ’

The following proposition establishes that any initialization on the Ordered or Chaotic phase, leads to a trivial limiting NTK
as the number of layers L becomes large.

Proposition 1 (Limiting Neural Tangent Kernel with Ordered/Chaotic Initialization). Let (o, 0y, ) be either in the ordered
or in the chaotic phase. Then, there exist A > 0 such that for all € € (0, 1), there exists v > 0 such that

sup | KH(z,2) — N <e L.
(z,2")€B.

We will use the next lemma in the proof of proposition 1.

Appendix Lemma 6. Let (a;) be a sequence of non-negative real numbers such thatVl > 0,a;11 < aa; + kel where
a € (0,1) and k, 3 > 0. Then there exists v > 0 such that ¥1 > 0, a; < e~
Proof. Using the inequality on a;, we can easily see that

-1
a; < apal + k Z ale=Pl=9)
Jj=0
< aoo/ + kle_'m/Q + kéal/Q
2 2
where we divided the sum into two parts separated by index [/2 and upper-bounded each part. The existence of ~ is
straightforward. O

Now we prove Proposition 1

Proof. We prove the result for FENN first. Let z, 2’ be two inputs. From lemma 1, we have that
Kl(x,xl) _ Kl_l(l‘,l‘/)(jl(x,x/) 4 ql(x,x/)

U2 .
where ¢'(z,2') = of + Zea’a’ and ¢'(z,2') = of + 0LEion0.0-[0(f(2)o(f(2))] and ¢(z,2') =
on B n0,q-1)[¢ (f(2))¢'(f(z'))]. From facts 1, 2, 4, 9, 17, in the ordered/chaotic phase, there exist k, 3,7, lo > 0 and
a € (0,1) such that for all I > Iy we have

sup |¢'(z,2") — k[ < 7!
(z,z')EB.
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and
sup |z, 2') —a| < e
(z,z')EB.

Therefore, there exists M > 0 such that for any [ > Iy and z, 2’ € R¢
K'(z,2') < M.
Letting r; = sup, ./ ep. |K'(z,2") — 12|, we have
r < ar_ + Me " 4 B

We conclude using Appendix Lemma 6.

Under Assumption 1, the proof is similar for CNN, using Appendix Lemmas 3 and 4.
O

Now, we show that the Initialization on the EOC improves the convergence rate of the NTK wrt L. We first prove two
preliminary lemmas that will be useful for the proof of the next proposition. Hereafter, the notation g(z) = ©(m(z)) means
there exist two constants A, B > 0 such that Am(z) < g(z) < Bm(z).

Appendix Lemma 7. Let A, B, A C R+ be three compact sets, and (a;), (b;), (\;) be three sequences of non-negative real
numbers such that for all (ag,bo, \g) € A x B X A

ap=a N +b, N=1- % +0017F), br=q(bo) + oI,
where o € N* independent of ag, by, Mo, ¢(bo) > 0 is a limit that depends on by, and 3 € (0, 1).
Assume the ‘O’ and ‘o’ depend only on A, B, A\ C R. Then, we have

aj q

— (-8
I 14+« o).

sup
(a0,b0,M0) EAXBXA

Proof. Let A, B, A C R be three compact sets and (ag, bg, Ao) € A X B x A. It is easy to see that there exists a constant
G > 0 independent of ag, by, A such that [a;| < G x [ + |ag| for all [ > 0. Letting r; = %, we have that for [ > 2

1
n:nﬂu—ﬁu—9+oa**»+§+dr%
1+oe

=r-1(l - )+ +0(17 7).

where O bound depends only on A, B, A. Letting x; = r; —
lop > 0 that depends only on « such that for all [ > [

1+« M 1+« M

T+ there exists M > 0 that depends only on A4, B, A, and

%’l,l(l—T) lH’ﬁ <.’L‘l<.’El 1(1 l )+ZIT,3
Let us deal with the right hand inequality first. By induction, we have that
l
1 —|— a 1 + a 1
SIS | (B NST) ol | QUL

k=lo k=lo j=k+1

By taking the logarithm of the first term in the right hand side and using the fact that 3"} k=l + = log(l) + O(1), we have

l
[T0- =6
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where the bound © does not depend on [y. For the second part, observe that

l

(1 1+oz)_(l—oe—1)! k!

i - ] —a—1)
Pl J I (k—a—-1)!
and |

k! 1 o8,

(k—a— 1) fi+8 “hoe
Since o > 1 (o € N*), then the serie with term k7 is divergent and we have that

l

l K1 Lo
2 Gas i

k=1
1
~/ t*=Pat
1
~ #la#ﬁrl.
a—pF+1

Therefore, it follows that

l l l

l+a, 1 (I—a-1) B !
I a- ~a)k1+ﬂ: Olé! Z(k—a—l)!klw

k=lo j=k+1 J k=lo

175,

1
@
This proves that

M, 5. -5
o < —177 +o(I77).
e

where the ‘0’ bound depends only on A, B, A. Using the same approach for the left-hand inequality, we prove that
M
x> ——1"P +o(I7P).
@

This concludes the proof.

The next lemma is a different version of the previous lemma which will be useful for other applications.
Appendix Lemma 8. Let A, B, A C R+ be three compact sets, and (a;), (b;), (\;) be three sequences of non-negative real
numbers such that for all (ag,bg, o) € A X B x A
ar= a1\ +bi, b =qbo) + 017,
e log(1)
)\l =1- 7 + K 12

where o € N* | k # 0 both do not depend on ag, by, Mo, q(b,) € R is a limit that depends on by.
Assume the ‘O’ and ‘0’ depend only on A, B, A C R. Then, we have

+0(7?),

2oL = eog)i Y

P Il 14«

(ao,bo,Ao)GAXBXA

Proof. Let A, B, A C R be three compact sets and (ag, bp, Ag) € A X B x A. Similar to the proof of Appendix Lemma
7, there exists a constant G > 0 independent of ag, by, Ag such that |a;| < G x I + |ag| for all [ > 0, therefore (a; /1) is
bounded. Let r; = 5-. We have

1 log(l
ri=ria(l= 7)1 - % + i Ong( ) you1-%) + % +O(72)

1+« log(1)

= ri(l = — ) k=t + 1+ 07,
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Leta; = — . Ttis clear that \; = 1 — a/l + O(173/?). Therefore, using appendix lemma 7 with 8 = 1/2, we
have r; — = + umformly over ag, bg, A\g. Thus, assuming x > 0 (for k < 0, the analysis is the same), there exists
K1, ke, M, ly > 0 that depend only on A, B, A such that for all | > [

1+« log(l) M 1+ log(l) M
[t T s

CL’l,l(l —

It follows that
l l l
e 1+ a kolog(k)+ M
%‘lelOH(l— A )+Z H(l— —) 2
k=lg k=lo j=k+1 J

and
1

$IZ$ZOH(1_1+Q +Z H 1—|—a /illog(klz)

k=lo k=lp j=k+1

M

Recall that we have

l
[Ta- % =60

k=lo
and
: aoLltay_ (l—a-1! K
Pt j ! (k—a—1)!
so that
k! k1log(k) — M o
o D1 g ko los(RT
Therefore, we obtain
l
k! K1 log(k o
Z(ks—a—l)! Zlog(kk 1
k=lo

l

~/ log(t)t*~dt
1

~ C11%log(1),

where C'; > 0 is a constant. Similarly, there exists a constant Cs > 0 such that

l
k! ko log(k) + M
@]
kz=1 a1 w3 ~ Cyl®log(l).

Moreover, having that w ~ 717 yields

x; < C'17 og (1) + o(I™ Hlog(1))
where C’ and ‘0’ depend only on A, B, A. Using the same analysis, we get

z; > C"17 log(1) + o(1"* log(1))

where C" and ‘o’ depend only on A, B, A, which concludes the proof.



Mean-field Behaviour of Neural Tangent Kernel for Deep Neural Networks

Theorem 1 (Neural Tangent Kernel on the Edge of Chaos). Let ¢ be ReLU or Tanh, (o}, 0,,) € EOC and AKY = KT/ L.
We have that
sup |[AKY (z,2) — AK>®(x,x)| = O(L™)

zcE

Moreover, there exists a constant A € (0,1) such that for all € € (0, 1)

sup ’AKL(m,m') — AK>(z,2")| = ©(log(L)L™1).
(z,x")EB.

where s ,
o if ¢ is ReLU-like, then AK>(x,2’) = 2=l 020 (1 (1 — \)1,,0).
o if ¢ is Tanh, then AK* (x,2') = q(1 — (1 — X\)1y2q/) where ¢ > 0 is a constant.

Proof. We start by proving the results for FFNN, then we generalize them to the case of CNN.

Case 1: FFNN. Let e € (0,1), (0p,0,) € EOC, 2,2/ € R? and recall c!(z,2') = %- Let v :=
q'(z,x)q' (=", x

1 — c!(z,2") and f be the correlation function defined by the recursive equation c!*! = f(c!). By definition, we have that
§'(z,2) = f'(c'=(z,2")). We first prove the result for ReLU, then we extend it to Tanh.

e ¢ =ReLU: From fact 11, we know that, on the EOC for ReLU, the variance ¢'(x, ) is constant wrt [ and given by
2
¢'(z,2) = ¢*(z,2) = Z||[|?, and from fact 16 that ¢ (x, 2) = 1. Therefore

0'2 0'2
K'(z,2) = K"} (z,2) + =22 = 1= [le]* = LAK™ (z, 2)

which concludes the proof for K*(x,z). Note that the results is "exact’ for ReLU, which means the upper bound
O(L™1) is valid but not optimal in this case. However, we will see that this bound is optimal for Tanh.

From Appendix Lemma 1, we have that

K log(l _
sup cl(x,:zrl)flJrl—QfS\/E Zgg()’—(?(l 3
(z,2’)€EB.
where Kk = %. Moreover, we have that
3 9 log(l) _
! / 2
—-14+-—-— =0 =).
2 | D =1 Ty | o

Using Appendix Lemma 8 with a; = K+ (x,2'),b; = ¢t (2, 2"), A\ = f/(c!(x,2")), we conclude that

K*Y(z,2") 102 _
sup | =P 2T ) | = ©(log(1)i )
(z,z')EB. 4
Using the compactness of B,, we conclude that
K'(z,2") 102 _
sup BT L oy | — 010807
(z,2')€ B. l 4 d

e ¢ = Tanh: The case of Tanh is similar to that of ReLU with small differences in technical lemmas used to conclude.
From Appendix Lemma 2, we have that

sup |cl(x,2)) — 1+ % —r(1— mQC)bi(l)‘ =073

(x,2")EB.
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where Kk = (1) >0and (= 1 (1) > 0. Moreover, we have that

f//
log(l)

sup f(C(.%.Z’))—l—Fg—Q(l—KZC)

: — o2,
(z,x’)EB.

We conclude in the same way as in the case of ReLU using Appendix Lemma 8. The only difference is that, in this
case, the limit of the sequence b; = ¢! (z, ') is the limiting variance ¢ (from facts 3, 1) does not depend on (z, ).

Case 2: CNN. Under Assumption 1, the NTK of a CNN is the same as that of an FFNN. Therefore, the results on the
NTK of FFNN are all valid to the NTK of CNN K fx’a,for any o, o'.
O

6.2. Proofs of the results of Section 3.2 on ResNets
In this section, we provide proofs for lemmas 3 and 4 together with Theorem 3 and proposition 2 on ResNets.

Lemma 3 in the paper gives the recursive formula for the mean-field NTK of a ResNet with Fully Connected blocks.

Lemma 3 (NTK of a ResNet with Fully Connected layers in the infinite width limit). Let z, 2’ be two inputs and K%' be
the exact NTK for the Residual Network with 1 layer. Then, we have

o For the first layer (without residual connections), we have for all x,z’ € R?
1 / 2 o ’
res
K57 (z,2") = b (U’b +C}”xx> ,

where x - ' is the inner product in R%.

e Forl >2,asny,na,...,np_1 — 0o, we have foralli,i' € [1: ), K15 (x,2") = 6,0 KL, (z,2), where K}, (x, ')

is given by the recursive formula have for all x, ' € R% and 1 > 2, as nyi, na, ..., ng — 00 recursively, we have

K (z,2') = Kol (2,2') (¢ (2,2) +1) + ' (2, 2").
Proof. The first result is the same as in the FFNN case since we assume there is no residual connections between the first
layer and the input. We prove the second result by induction.

o Let z, 2’ € R% We have

Ayt (x) Oyi (x) N Oyt (x) Oyi (z) o

Z owl; owl; obl obl T d

z~x’+of.

e The proof is similar to the FeedForward network NTK. For ! > 2 and ¢ € [1 : ny]
891zyl+1( ) 8911yz(x) +— ZwH—l y] .I') 891ly]( )

Therefore, we obtain

(8011yl+1( ))(001Lyl+1( ))t = (6911%(1‘))(8911%( /))t

w Z [+1 z+1 y](x))¢ (yj (2 ))aouy](x)(aa“yj (Nt 4T

where

I= % Z wi (@' (45(2)) 90y, 9 (2) (Do, 5 (") + & (y5(2")) Doy, () (Do, i (2'))).
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Using the induction hypothesis, as ng, ni, ..., ;—1 — 0o, we have that

ng

(o () (90,,9; (2! ”Z i i (y ()0 (5 (1) Doy, 5 () (D6, 5 (2)" + 1

3,3’
2

aK@@ﬁ+%§}“ﬂwm»%<>>muw+n

where I’ = Tl (¢/ (4 (2)) + ¢/ (4 (') KL, o (2,2).

As n; — oo, we have that I’ — 0. Using the law of large numbers, as n; — oo

ny

‘”Z(wl“ "y ()8 (4 () Koy (2, 2') = ¢ (2,2") K] (2, 2).
Moreover, we have that
Oy (@) Dy T @) + (Oyreryt T (@) Dyt T (2))! = =2 Z¢ yh(2)e(yh(2)) + o7

= ouElo(yi(2))o(yi (")) + 0b=ql“($,x)-

nip— o0

Now we proof the recursive formula for ResNets with Convolutional layers.

Lemma 4 (NTK of a ResNet with Convolutional layers in the infinite width limit). Let K"*%1 be the exact NTK for the
ResNet with 1 layer. Then
o For the first layer (without residual connections), we have for all x,z' € R?

res,l

2
Ns (_ %w no, 2
K (i.0). (1,00 (%2 2') = B (nO(Qk T e + %)

e Forl > 2, asny,na,...,ny_1 — oo recursively, we have for all i,i’ € [1: n], a, 0/ € [0: M —1], K(Tlez)l (.0 (@ @) =
(5“/K;€;/l( z'), where K| ’, is given by the recursive formula for all z,x' € R?, using the same notations as in lemma 2,

1
res,l Tesl 1 -1
Ka o —K + ok 1 E \Ifa B,/ 48

- res,l
where \Ila o = qma,K o T4

aa’

Proof. Let z, x’ be two inputs. We have that

T : 1/ T
Z(Z ayz a(x ayz a( )+ ayzl,a(x) ay’b ,a( )

l( n\Z, .Z‘ )
(i,), (¥, ) 1 1
ow} B 8wi/7jﬁ 0b; Ob;

J
0.2

= i (m z]: Zﬁ: Tj ot B8 + 0p)-

Assume the result is true for [ — 1, let us prove it for [. Let 6;.;_; be model weights and bias in the layers 1 to/ — 1. Let

691:1713/%,04('%) = d@% O;(x) We have that

891:1713/5704( ) 8911 1yza x)+ mzz 1]6¢ (yj a+ﬁ)8011 lyz a+3(x)
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this yields
l - —
891 - 1y£ Ot(x)ael -1 Y o/( )T = 691 a-1Yi al (‘r)aelzl—lyi',olt’ (m)T_"

w l— -1 -1
2k +1 Z Z w; ; gWir jr 50 d (y] ot 8) W7 o0 15)001 2 Yo ()01 Yy s p(@) "+ 1,
M- 1( + ) 5,3’ 8.8’

where
o Qk n 1 Z ,],B¢ (y 7044»/3)(891:1—1:1/57_04 ( )8911 lyz a+,8( )T + 891;171yi,_alJrﬁ(x)aelzlflyf,_al(x)T)'
l— 1

As ny,no,...,n;_s — 0o and using the induction hypothesis, we have

8‘9” 1y£or('7;)6911 1y1l’ o (x)T - 6ii’Kl_1 (xvxl)"’_

l 1 /
ni— 1 2k:+ 1 ZZ ], sz’36’¢ (yg a+B)¢ (yja +B) (Gra+8), 3, a/+g)( )
J

Note that K(g_(i+ﬁ) Grar +ﬁ)( ') = K(l1 (11+B) (Lo +5)( ') for all j since the variables are iid across the channel index j.

Now letting n;—; — 0o, we have that
l 1 T
891:1—1yi,a(‘r)691:1—1yi/ a’( ) -

-1 -1
5i7;/Ko¢,a/(x’x/) + (Su (2[€ +1 Z f a+ﬁ a’+B(‘T’x/))K(1 a+B),(1, a’+ﬁ)( /))7

where f'(ci 5 0 (7, 2) = OLEI (4570 5) 0 (U500 p))-
We conclude using the fact that

o
2k

g

0,1, ()00, Y 0 ()T = Biir (54 D BBy s (1)) Bt 1 ()] + 7).

B

+

Before moving to the main theorem on ResNets, We first prove a Lemma on the asymptotic behaviour of ¢! for ResNet.

Appendix Lemma 9 (Asymptotic expansion of ¢! for ResNet). Let € € (0,1) and o, > 0. We have for FFNN

o 1
sup  |c(z,2') — 4 o 3 % Ko ogs( )‘ =013
(x,2")EB. l
where Kk = i 1+ -2)2. Moreover, we have that
h 92 o:
3(1+ = ) 3v/2 log(l
1l ’ a5 g(l) -2
-1 — =0 °).
(zﬂscl’l)l:e)Be Fletaz)) " ! 2r 12 )

where f is the ReLU correlation function given in fact 12.
Moreover, this result holds also for CNNs where the supremum should be replaced by sup, .1\ cp, SUDq o

Proof. We first prove the result for ResNet with fully connected layers, then we generalize it to convolutional layers. Let
€ (0,1).

o Letx # 2’ € R and ¢! := c!(x,2'). It is straightforward that the variance terms follow the recursive form

¢'(z,2) = ¢ (z,2) + 03, /24" (x,2) = (1 +03,/2)' " ¢' (2,2)
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Leveraging this observation, we have that

1 a
I+1 _ ! !
c 1JroéchHaf(c),

2
where f is the ReLU correlation function given in fact 12 and o = 07“ Recall that
1 1 1
f(c) = =carcsin(c) + =1 —c2 + —c.
™ T 9

As in the proof of Appendix Lemma 1, let 4, = 1 — ¢!, therefore, using Taylor expansion of f near 1 given in fact 14
yields

as g2 ab 5 O(~T/3
1+a7l 1+o¢% +000 ™)

Yi+1 =M —

as
1+a

This form is exactly the same as in the proof of Appendix Lemma 1 with s’ =
same analysis we conclude.

and b/ = ﬁr—”a Thus, following the

For the second result, observe that the derivation is the same as in Appendix Lemma 1.

e Under Assumption 1, results of FFNN hold for CNN.
]

The next theorem shows that no matter what t}Ee choice of o,, > 0, the normalized NTK of a ResNet will always have a
subexponential convergence rate to a limiting K >0

res*

Theorem 2 (NTK for ResNet). Consider a ResNet satisfying
v (2) =y Ha) + Ful,y'(2), 1>2, (17)

where F is either a convolutional or dense layer (equations (3) and (4)) with ReLU activation. Let K fe s

— 2
NTK and K., = K1, /o, (Normalized NTK) with oy, = L(14 %)X~ If the layers are convolutional assume Assumption

be the corresponding

res TES

1 holds. Then, we have B -
sup |[KL (z,2) — K2 (z,2)| = ©(L™Y)

Tes TeSs
zeE

Moreover, there exists a constant A € (0,1) such that for all € € (0,1)

sup | K, (
z,x’' €B.

z,2') — KX (z,2")| = ©(L™ " log(L)),

res

Pges]
where K2,

o2 ||z z’
(z,2") = M(l — (1= N1gpar).

Case 1: ResNet with Fully Connected layers. Lete € (0,1) and z # 2’ € R?. We first prove the result for the
diagonal term K%~ (z,x) then K% (z,2").

vl

2
Proof. e Diagonal terms: using properties on the correlation function f (fact 12), we have that ¢! (z, 2) = (1) = Ze.
Moreover, it is easy to see that the variance terms for a ResNet follow the recursive formula ¢! (z, z) = ¢!~ (z, z) +
02 /2 x ¢'~*(z,x), hence
l 2 joi—17a 2
¢(z,2) = (1+0,/2)7 || (18)
Recall that the recursive formula of NTK of a ResNet with FFNN layers is given by (Appendix Lemma 3)
Kl eo(2,2") = Kol (2, 27)(¢ (2,2') +1) + ¢' (z,2)

Hence, for the diagonal terms we obtain

TES

2
Kl ey(o,0) = KiZH@,2) (5 + 1) + ¢ (2, )
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Letting K., = K!_./(1+ é)lil yields

res res

l
Kres

2
(z,2) = Kl (@) + 22l

1 2
Therefore, K', (2, ) = M + (1 — 1/1)%||z||?, the conclusion is straightforward since E is compact and
K/

!.<1(z, x) is continuous (hence, bounded on E).

e The argument is similar to that of Theorem 1 with few differences. From appendix lemma 9 we have that

log(l)

sup |l (x,2") — R”“ - 3\ko, O(173)
(z,2')€Be
where k = %(1 + (%2)2 Moreover, we have that
31+ %) 3v2log(l
1ol / g g( ) 2
5 -1 w =0~
S h A TN

Let o = % We also have ¢!+ (x,2') = af’(c!(x,2")) where f is the ReLU correlation function given in fact 12. It
follows that for all (z,z") € B,

log(l)

14+ (2, 2)) = 1+ a)(1—317" +¢ +0(7%)

for some constant { # 0 that does not depend on z,z’. The bound O does not depend on z,z’ either. Now let

I+
a; = % Using the recursive formula of the NTK, we obtain

a; = Naj—1 + b

where Ay = 1 — 31~ Ly clos® 4 073, b = 2 /el £, 2) = gla,a’) + O(1~2) with g(z,2') =
||lz||||«'|| and where we used the fact that c!(z,2') = 1+ O(172) (Appendix Lemma 1) and the formula for
ResNet variance terms given by equation (18). Observe that all bounds O are independent from the inputs (z, z’).
Therefore, using Appendix Lemma 8, we have

sup | KL (@, ') /L(L+ @) — K2, (x,2')| = O(L log(L)),

res
x,x’' €B.
which can also be written as

SuepB |K7‘es($ix/)/(L - 1)<1 + a)L_l - Rﬁ:s(l’ 1’/)| = G(L_l log(L))7

We conclude by observing that KX (x,2')/(L — 1)(1 + o)t~ = KL (2,2")/L(1 + o)X~ + O(L™') where O

Tes
can be chosen to depend only on e.

Case 2: ResNet with Convolutional layers. Under Assumption 1, the dynamics of the correlation and NTK are exactly
the same for FFNN, hence all results on FFNN apply to CNN.

O

Now let us prove the Scaled Resnet result. Before that, we prove the following Lemma

Appendix Lemma 10. Consider a Residual Neural Network with the following forward propagation equations

y@:wwwéfwyﬂm7uz (19)
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where F is either a convolutional or dense layer (equations 3 and 4) with ReLU activation. Then there exists (,V > 0 such
that for all € € (0,1)
¢ v

log(1)? " log(1)?

1—c(x,2) -

sup
(z,xz")€B.

where the bound ‘o’ depends only on e.
For CNN, under Assumption 1, the result holds and the supremum is taken also over o, o/, Le.

1

¢ v
10g(l)3)

" log(2 T Tog(1)?

sup sup = o

(z,2')EB, !

1-— claya/(x,x/)

Proof. We first start with the dense layer case. Let € € (0,1) and (z,2’) € B. be two inputs and denote by ¢! := c!(z, 2").
Following the same machinery as in the proof of Appendix Lemma 9, we have that

1 «a
l At + l f(clfl)

C T 1lxq 1+a

2
—_— (TUY

where o = > Using fact 12, it is straightforward that f > 0, hence f is non-decreasing. Therefore, ¢t >c~Land
converges to a fixed point c. Let us prove that ¢ = 1. By contradiction, suppose ¢ < 1 so that f(c) — ¢ > 0 (f has a unique
fixed point which is 1). This yields

_ l_
cl—Czcl_l—C—l—f(c)l ‘1ot ] Y +ou?)

by summing, this leads to ¢! — ¢ ~ (f(c) — ¢)log(l) which is absurd since f(c) # ¢ ( f has only 1 as a fixed point).
We conclude that ¢ = 1. Using the non-decreasing nature of f, it is easy to conclude that the convergence is uniform over B..

Now let us find the asymptotic expansion of 1 — ¢!. Recall the Taylor expansion of f near 1 given in fact 14

flo) = c+s(l- )*2 +b(1— )2+ O((1 - ¢)7/?) (20)
z—1—
where s = % and b = 30% Letting 4, = 1 — ¢!, we obtain
=1 — 0y s = bay T+ 0.
which yields
_ _ S 3 b
=P S0 S+ 0 + 0@ ). @)

therefore, we have that

and 1 — ¢ ~ ﬁ where ( = 16/s%02.
we can further expand the asymptotic approximation to have

¢ .V
~ log()® ~ log(1®  “log®

where V > 0. the ‘0’ holds uniformly for (z,z’) € B, as in the proof of Appendix Lemma 1.

1-¢ + of )

This result holds for a ResNet with CNN layers under Assumption 1 since the dynamics are the same in this case.
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Proposition 2 (Scaled Resnet). Consider a Residual Neural Network with the following forward propagation equations

yi(z) =y () + iF(wl, y (), 1>2 (22)

Vi
where F is either a convolutionaZZ or dense layer (equations 3 and 4) with ReLU activation. Then the scaling factor o, in
Theorem 2 becomes o, = L'*7w/? and the convergence rate is ©(log(L) ™).

Proof. We use the same techniques as in the non scaled case. Let us prove the result for fully connected layers, the proof for
convolutional layers follows the same analysis. Let € € (0,1) and z, 2’ € B, be two inputs. We first prove the result for the
diagonal term K% (z, ) then KL (z,2").

res

e We have that ¢(z, x) > f(l) = 2—?“ Moreover, we have ¢!(z,2) = ¢~ (z,7) + 02 /2l x ¢~ Y(x,2) =
Mo, (1 + 02,/2k)] Z=[|2||2. Recall that

Kvl”es( ) K’f’esl(x I)(l + 7[) +4q (‘T ‘T)

Ko@)

m,we have that

letting k] =
2
k= ki + 2z
using the fact that [T;_, (14 02 /2k) = ©(17%/2), we conclude for K], (z, ).

e Recall that

Keo(,2') = Kol (2,27) (¢ (2,2") +1) + ¢/ (2, 2")

Let ¢! := ¢!(z,2'). From Appendix Lemma 10 we have that

\Y 1

¢
l_ _
L= g2~ 1og? T og 0P

(= S}fi and V > 0. Using the Taylor expansion of f as in Appendix Lemma 1, it follows that

)

£ () =1~ S 1og() ™+ ¢'og(1) + Oflog (1))

w

where ¢/ = \/ZTC' We obtain
L+¢l(z,a) =1+ % — 31 log(l) "t + ¢ M log ()2 + O(1 M log(1) )
where ¢ = %{’. Letting a; = %, we obtain
a; = \aj_1+ b
where )\, = — 7t = 317 log(D)7Y 4+ O og(D)72), b = 4 (z,z)\/q* (3: o) f(d(x,2") =

q(z,2’) + (’)(log(l) ) with ¢ = \/¢'(z,7)/q'(z/,2’) and where we used the fact that ¢! = 1 + O(log(l)~2)
(Appendlx Lemma 10).

Now we proceed in the same way as in the proof of Appendix Lemma 8. Let ; = 9 — g, then there exists My, Mz > 0
such that

1 1
33171(1 — 7) — M1171 10g(l)71 < I < $171(1 — 7) — M2l71 10g(l)71
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therefore, there exists [y independent of (x, ') such that for all { > [,

l

L
x < x4 H (1- %) — M, Z H (1- %)kil log (k)™

k=lg k=lo j=k+1

and
l

l 1
oz, [Ja-p =Y IT 0=k og() !

k=lo k=lo j=k-+1

after simplification, we have that

l l 1
S I a- %)k‘llog(k)_l _o <;/ bgl(t)dt> — 0log(1)™)

k=lo j=k+1
where we have used the asymptotic approximation of the Logarithmic Intergal function Li(z) = [ ¢ @ ~r oo %

o2
we conclude that o, = L x H2=1(1 + 02 /2k) ~ L'* 7" and the convergence rate of the NTK is now ©(log(L)™!)
which is better than ©(L~1). The convergence is uniform over the set B..

In the limit of large L, the matrix NTK of the scaled resnet has the following form

AKL = qU + log(L)"'O(My)

where U is the matrix of ones, and M, has all elements but the diagonal equal to 1 and the diagonal terms are
O(L~'log(L)) — 0. Therefore, My, is inversible for large L which makes K!_, also inversible. Moreover, observe

res
that the convergence rate for scaled resnet is log(L)~! which means that for the same depth L, the NTK remains far

more expressive for scaled resnet compared to standard resnet, this is particularly important for the generalization.
O

6.3. Spectral decomposition of the limiting NTK
6.3.1. REVIEW ON SPHERICAL HARMONICS

We start by giving a brief review of the theory of Spherical Harmonics (MacRobert, 1967). Let S%~! be the unit sphere in
R? defined by S4~! = {2 € R : ||z[| = 1}. For some k > 1, there exists a set (Y} ;)1<;<n(d4,k) Of Spherical Harmonics

of degree k with N(d, k) = 2h£d=2 (Fd°3)
The set of functions (Y ;)x>1, j€[1:N(d,k)] form an orthonormal basis with respect to the uniform measure on the unit sphere
Sé-1,

For some function g, the Hecke-Funk formula is given by

[, oteo)Visldvas () = =i [ apio - £)@9 e
§d—1 d -1

where v4_1 is the uniform measure on the unit sphere S4-1 Qg is the volume of the unit sphere S4-1 and P,f is the
multi-dimensional Legendre polynomials given explicitly by Rodrigues’ formula

@ 3—d d—3
Plt)= (- ;)’“M(l —1?)2 (%)’“(1 — 2

(P%)4>0 form an orthogonal basis of L2([—1,1], (1 — 2)“Z"dt), i.e.

d d —
(Pe, Pk/>L2([_1,1],(1—t2)%dt) = Ok
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where d;; is the Kronecker symbol. Moreover, we have

P ”2 (k+d-3)!
Pl ci,a-2)%%ay  (d—3)(k—d+3)!

Using the Heck-Funk formula, we can easily conclude that any dot product kernel on the unit sphere S*~1, i.e. and kernel of
the form x(z,2') = g({z,2’)) can be decomposed on the Spherical Harmonics basis. Indeed, for any x, 2’ € S~1, the
decomposition on the spherical harmonics basis yields

N(d,k)

k(z,x") Z Z |:/Sd 9 w,m’))YkJ(w)dvd_l(w)} Yy i (x)
k>0 j=1
Using the Hecke-Funk formula yields
N(d,k) Qs
) =30 3 [H [ gt — ) 2] vis a0
k>0 j=1
we conclude that
N(d,k)
K(.T,l‘ Zﬂk Z Yk] ij(x)
k>0 j=1
where . = =t [1 g()PE(E)(1 — #2)(0-9) 24,

We use these result in the proof of the next theorem.

Theorem 3 (Spectral decomposition). Let kL be either, the NTK (KT) for an FFNN with L layers initialized on the Ordered
phase, The Average NTK (AK™) for an FFNN with L layers initialized on the EOC, or the Normalized NTK (KL, ) for a
ResNet with L layers (Fully Connected). Then, for all L > 1, there exists (Mi)kz such that for all x,x’ € S*~1

N(d,k)

xx)_zluk Z Vi j(2)Y0,5(2").

k>0
(Yr,j)k>0,je[1:N(d,k)) are spherical harmonics of ST, and N (d, k) is the number of harmonics of order k.

Moreover, we have that 0 < ug® = Llim ut < oo, and forall k > 1, Llim puk =o0.
— 00 — 00

Proof. From the recursive formulas of the NTK for FFNN, CNN and ResNet architectures, it is straightforward that on the
unit sphere S?~!, the kernel x* is zonal in the sense that it depends only on the scalar product, more precisely, for all L > 1,
there exists a function g such that for all z, 2’ € S?~!

kb (z,2") = g" ((z,2"))
using the previous results on Spherical Harmonics, we have that for all z, 2’ € S4~1

N(d,k)

wE (2, 2") Z,uk Z Vi j(2)Ys ;(2")

k>0

where pk = Qd ! f L9E () PE(t) (1 — t2)[d=3)/2qg,

For k = 0, we have that for all L > 1, uOL = 515;1 f_ll g™ (t)(1 — t?)(4=3)/24¢. By a simple dominated convergence

argument, we have that limy, . uf = Qd L f (1 — t2)(d=3)/24t > 0, where g, A are given in Theorems 1, 2 and
Proposition 1 (where we take ¢ = 1 for the Ordered/Chaotlc phase initialization in Proposition 1). Using the same argument,

we have that for k > 1,limL%oou£:q)\ﬂd : f_ P (1 —12)d=3/2d = g\ D=1 “a (P, Py >L2([ L1, (—12) 522 ar) =0.

O
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Abstract

Deep ResNet architectures have achieved state
of the art performance on many tasks. While
they solve the problem of gradient vanishing,
they might suffer from gradient exploding as
the depth becomes large. Moreover, recent
results have shown that ResNet might lose
expressivity as the depth goes to infinity [Yang
and Schoenholz, 2017, Hayou et al., 2019a].
To resolve these issues, we introduce a new
class of ResNet architectures, called Stable
ResNet, that have the property of stabilizing
the gradient while ensuring expressivity in the
infinite depth limit.

1 INTRODUCTION

The limit of infinite width has been the focus of many
theoretical studies on Neural Networks (NNs) [Neal,
1995, Poole et al., 2016, Schoenholz et al., 2017, Yang
and Schoenholz, 2017, Hayou et al., 2019a, Lee et al.,
2019]. Although unachievable in practice, it features
many interesting properties which can help grasp the
complex behaviour of large networks.

Infinitely wide 1-layer random NNs behave like Gaus-
sian Processes (GPs) at initialization [Neal, 1995]. This
was recently extended to multilayer NNs, where each
layer can be associated to its own GP [Matthews et al.,
2018, Lee et al., 2018, Yang, 2019a]. From a theoretical
point of view, GPs have the advantage that their be-
haviour is fully captured by the mean function and the
covariance kernel. Moreover, when dealing with GPs
that are equivalent to infinite width NNs, these pro-
cesses are usually centered, and hence fully determined
by their covariance kernel. For multilayer networks,

*BEqual contribution !Department of Statistics, Uni-
versity of Oxford. Correspondence to: <soufi-
ane.hayou;eugenio.clerico;bobby.he@stats.ox.ac.uk>.
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the author(s).
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these kernels can be computed recursively, layer by
layer [Lee et al., 2018]. Interestingly, in apparent con-
tradiction with the naive idea “the deeper, the more
expressive”, it was shown in [Schoenholz et al., 2017]
that the GP becomes trivial as the number of layers
goes to infinity, that is the output completely forgets
about the input and hence lacks expressive power. This
loss of input information during the forward propaga-
tion through the network might be exponential in depth
and could lead to trainability issues for extremely deep
nets [Schoenholz et al., 2017, Hayou et al., 2019a].
One natural way to prevent this last issue is the in-
troduction of skip connections, commonly known as
the ResNet architecture. However, in the regime of
large width and depth, the output of standard ResNets
becomes inexpressive and the network may suffer from
gradient exploding [Yang and Schoenholz, 2017].

In the present work, we propose a new class of residual
neural networks, the Stable ResNet, which, in the limit
of infinite width and depth, is shown to stabilize the
gradient (no gradient vanishing or exploding) and to
preserve expressivity in the limit of large depth. The
main idea is the introduction of layer/depth dependent
scaling factors to the ResNet blocks.

For ReLU networks, we provide a comprehensive anal-
ysis of two different scalings: a uniform one, where
the scaling factor is the same for all the layers, and a
decreasing one, where the scaling factor decreases as we
go deeper inside the network. We also show that Stable
ResNet solve the problem of Neural Tangent kernel
(NTK) degeneracy in the limit of large depth [Hayou
et al., 2019b]; indeed, with our scalings, the NTK is
universal in the limit of infinite depth, which ensures
that any continuous function can be approximated to
an arbitrary precision by the features of the infinite
depth NTK on a compact set.

All theoretical results are substantiated with numerical
experiments in Section 7, where we demonstrate the
benefits of Stable ResNet scalings both for the corre-
sponding infinite width GP kernels as well as trained
ResNets, over a range of moderate and large-scale image
classification tasks: MNIST, CIFAR-10, CIFAR-100
and TinyImageNet.
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2 RESNET

2.1 Setup and Notations

Consider a standard ResNet architecture with L+1 lay-
ers, labelled with I € [0 : L]*, of dimensions {N;}ie[o.1)-

yo(xz) = Woa + By

() = o)+ POV B ) for e

1
where z € R? is an input, y;(z) = {y; () }ie1.n, Is the
vector of pre-activations, W; and B, are respectively
the weights and bias of the [*" layer, and F is a map-
ping that defines the nature of the layer. In general, the
mapping F consists of successive applications of simple
linear maps (including convolutional layers), normal-
ization layers [Ioffe and Szegedy, 2015] and activation
functions. In this work, for the sake of simplicity, we
consider Fully Connected blocks with ReLU activation
function:

F((W,B),x) = W¢(z)+ B,

where ¢ is the activation function. The weights and
bias are initialized with W; % N(0,02 /N;_1), and
B % (0,02), where o, > 0, 0, > 0, N_; = d, and
2

N (p, 0?) is the normal law of mean p and variance o.

Recent results by [Hayou et al., 2021] suggest that

scaling the residual blocks with L~'/2 might have some

beneficial properties on model pruning at initialization.

This results from the stabilization effect on the gradient

due to the scaling.

More generally, we introduce the residual architecture:

Yo(z) = Woz + By ;

yi() = yi—1(x) + Np F(Wi, Bi),yi-1), Le[l:L],
(2)

where {\; 1 }iei:z) is a sequence of scaling factors. We
assume hereafter that there exists Amax € (0,00) such
that A; 1, € (0, Amax] forall L>1and I € [1: L].

In the next proposition, we give a necessary and suffi-
cient condition for the gradient to remain bounded as
the depth L goes to infinity.

Proposition 1 (Stable Gradient). Consider a ResNet
of type (2), and let L,(z) := L(yi(z),y) for some
(z,y) € R R, where £ : (z,y) — €(z,y) is a loss func-

tion satisfying supy, « , ’%‘ < oo, for all com-

pacts K1, Ko CR. Then, in the limit of infinite width,
for any compacts K C R, K' C R, there exists a
constant C' > 0 such that for all (z,y) € K x K’

sup E

le[0:L]

oL, (z)
8Wlll

2} < Cexp (% Zlel >‘12,L> :

Notation: [m : n] = {m, m+1...n} for integers n > m.

Moreover, if there exists Amin > 0 such that for all
L>1andl e [l: L] we have N\, > Amin, then, for

all (z,y) € (R4\ {0}) x R such that ‘% # 0, there
exists k > 0 such that for alll € [1: L]

2 2 2\L
ALy (z) AminTuw
E |:‘ ] > K (1 + —mi ) .

BWll 1

Proposition 1 shows that in order to stabilize the
gradient, we have to scale the blocks of the ResNet
with scalars {\; 1 }ie[1:2) such that ZlL:l A7, remains
bounded as the depth L goes to infinity. Taking
Amin = 1, Proposition 1 shows that the standard
ResNet architecture (1) suffers from gradient exploding
at initialization,? which may cause instability during
the first step of gradient based optimization algorithms
such as Stochastic Gradient Descent (SGD). This mo-
tivates the following definition of Stable ResNet.

Definition 1 (Stable ResNet). A ResNet of type (2) is
L
called a Stable ResNet if and only if Llim SN, < 0.
—o0 =1

The condition on the scaling factors is satisfied by a
wide range of sequences {\; 1 }icf1:],0>1. However, it
is natural to consider the two categories:

Uniform scaling. The scaling factors have similar
magnitude and tend to zero at the same time. A simple
example is the uniform scaling A\; 1, = 1/\/Z
Decreasing scaling. The sequence is decreasing and
tends to zero. To be clearer, we consider a general
sequence {\;};ep1:z) such that 7,0, A} < oo, and let
)\l,L =) forall L > 1, alll € [1 : E]

Note that our theoretical analyses will hold for any
decreasing scaling {\ };>1 that is square summable,
but for simplicity in all empirical results we consider
the decreasing scaling;:

N =12 x log(l+1).

We study theoretical properties of both ResNets with
uniform and decreasing scaling. We show that, in
addition to stabilizing the gradient, both scalings ensure
that the ResNet is expressive in the infinite depth
limit. For this purpose, we use a tool known as Neural
Network Gaussian Process (NNGP) [Lee et al., 2018]
which is the equivalent Gaussian Process of a Neural
Network in limit of infinite width.

2.2 On Gaussian Process approximation of
Neural Networks

Consider a ResNet of type (2). Neurons {y{(z)}icp:n)
are iid since the weights with which they are connected

?In [Yang and Schoenholz, 2017], authors show a similar
result with a slightly different ResNet architecture.
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to the inputs are iid. Using the Central Limit Theo-
rem, as Ny — 00, ¥ (x) is a Gaussian variable for any
input x and index ¢ € [1: N1]. Moreover, the variables
{yi(x)}iep:ny) are iid. Therefore, the processes yi(.)
can be seen as independent (across i) centred Gaussian
processes with covariance kernel ()1. This is an ideal-
ized version of the true process corresponding to letting
width Ny — oo. Doing this recursively over I leads
to similar approximations for yj(.) where [ € [1 : L],

and we write accordingly yj '~ T GP(0,Q;). The ap-
proximation of yi(.) by a Gaussian process was first
proposed by [Neal, 1995] in the single layer case and
was extended to multiple feedforward layers by [Lee
et al., 2019] and [Matthews et al., 2018|. More recently,
a powerful framework, known as Tensor Programs, was
proposed by [Yang, 2019b|, confirming the large-width
NNGP association for nearly all NN architectures.

For any input z € RY, we have E[y}(z)] = 0, so that
the covariance Q;(z,2’) = Ely} (z)y} (z')] satisfies for
all 7,2 € R? (see Appendix Al)

Ql($7i13/) = Ql*l(xax/) + A%)qulfl(max/) )

where U;_y (z,2') = 0 + 02 E[¢(y}_, (@) (y}_, (2'))].

For the ReLU activation function ¢ : z — max(0, z),
the recurrence relation can be written more explicitly
as in [Daniely et al., 2016]. Let C; be the correlation
kernel, defined as

Qi(z,z')
VQi(z,2)Qui(z’ a’) 3)

and let f: [-1,1] — R be given by

f:’y+—>%(\/1—72—’yarccos'y). (4)

The recurrence relation reads (see Appendix Al)

Ci(z, ') =

Q=Qua+ 3y o+ 5 (1+ 4922) Qi

Qo(x,:r)—o'b +012U x;

(5)

This recursion leads to divergent diagonal terms
Q1 (z,z). This was proven in [Yang and Schoenholz,
2017] for a slightly different ResNet architecture. In
the next Lemma, we extend this result to the ResNet
defined by (1).

Lemma 1 (Exploding kernel with standard ResNet).
Consider a ResNet of type (1). Then, for all x € R,

Qula) > (1+%) (7 (14 2) + Zal?).

Figure 1 plots the diagonal NNGP and NTK (intro-
duced in Section 5) values for a point on the sphere,

1029 ——- Tk
—— NNGP
10% 9 — Unscaled
—— Decreasing
—— Uniform

1015 4

1011 4

Kernel value

107 4

103 4

Dézpth
Figure 1: NNGP/NTK for unscaled ResNets explode
exponentially (with base 2 if 2 = 2) in depth, unlike (both
uniform and decreasing scaled) Stable ResNets.

highlighting the exploding kernel problem for standard
ResNets. Stable ResNets do not suffer from this prob-
lem.

We now introduce further notation and definitions.
Hereafter, unless specified otherwise, K will denote
a compact set in R? (d > 1) and 2,2’ denote two
arbitrary elements of K.

Let us start with a formal definition of a kernel.

Definition 2 (Kernel). A kernel Q on K is a sym-
metric continuous function K? — R such that, for
all n € N, for any finite subset {xy...x,} C K, the
matriz {Q(x;, ;) }i; is non-negative definite.

The symmetry in the above definition has to be under-
stood as Q(x,z') = Q(2',z) for all z,2' € K.

Kernels induce non-negative integral operators [Paulsen
and Raghupathi, 2016].

Lemma 2. Given a continuous and symmetric func-
tion Q : K? — R, we can define the induced integral
opemtor T(Q) on L*(K) wia its action T(Q)p(x) =
Jx Q( (y)dy, for o € L*(K).* Moreover, T(Q) is
a bounded compact, non-negative definite self-adjoint
operator.

Each kernel induces a centred Gaussian Process on
K [Dudley, 2002]|, that is a random function F' on
K such that, for any finite K C K, {F(2)},cr is a
centred Gaussian vector. We recall that the law of
a centred GP is fully determined by its covariance
function (z,z’) — E[F(x)F(z")], defined on K2.

Definition 3 (Induced GP). Given a kernel Q on K,
the Gaussian Process induced by Q is a centred GP on
K whose covariance function is Q.

We will sometimes use the notation GP (0, @) for the law
of the GP induced by a kernel ). With our definition

30ur definition is not the standard definition of a kernel,
which is more general and does not require the continuity,
[Paulsen and Raghupathi, 2016].

“Naturally, we should write L?(K, ), specifying a mea-
sure p on K. In the present work, unless otherwise specified,
the notation L?(K) will imply the choice of any arbitrary
finite Borel measure on K (cf Appendix A0).
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of a kernel, the samples from the induced GP lies in
L?(K) with probability 1 [Steinwart, 2019].

From now on we will assume that 0 ¢ K if o, = 0.
For all ResNets, it is straightforward to check that Qp,
is a kernel, in the sense of Definition 2 (see Appendix
A1 or [Daniely et al., 2016]). The induced Gaussian
Process is what we refer to as NNGP.

We denote by Hq(K) the Reproducing Kernel Hilbert
Space (RKHS)® induced by the kernel Q on the set K.
The following hierarchical result holds.

Proposition 2. For all L > 1, 1 € [0,L — 1],
HQ}, (K) - HQ1,+1 (K)

Proposition 2 shows that, as we go deeper, the RKHS
cannot become poorer. However, increasing L might
introduce stability issues as illustrated in Proposition 1.
We show in Sections 3 and 4 that Stable ResNets resolve
this problem.

By Lemma 2, T(Qr) is a bounded, compact, self-
adjoint operator and hence can be written as the sum
of the projections on its eigenspaces [Lang, 2012]. By
Mercer’s Theorem [Paulsen and Raghupathi, 2016], all
the eigenfunctions of T(Qy,) are continuous. Finally,
it is possible to link the eigen-decomposition of T(Qy)
with the distribution of the GP induced by Q. De-
noting respectively by ux and ¢ the eigenvalues and
eigenfunctions of the operator T(Qr), we have the
equivalence in law:

i~ Y ViZie ~ GP(0,QL) (6)

keN

where {Zy}r>0 are i.i.d. standard Gaussian random
variables [Grenander, 1950]. The expressivity, that is
the capacity to approximate a large class of function,
of the network at initialization is then closely linked
to the eigendecomposition of @ [Yang and Salman,
2019].

2.3 Universal kernels and expressive GPs

In this section, we provide a comprehensive study of
the kernel ;. We start with a formal definition of
universality (c-universality in [Sriperumbudur et al.,
2011]). Again, unless otherwise stated, let K be a
compact in RY.

Definition 4 (Universal Kernel). Let Q be a kernel on
K, and Hq(K) its RKHS ™. We say that Q is universal
on K if for any € > 0 and any continuous function g
on K, there exists h € Hq(K) such that ||h — g|leo < €.

5We exclude 0 since for o, = 0 Cj is discontinuous in 0
and can’t be a kernel on K as in Definition 2, if 0 € K.

5See Appendix A0 for a definition.

"See Appendix AO.

The universality of a kernel () on a compact set implies
that the kernel is strictly positive definite, i.e. for all
non-zero ¢ € L*(K),(T(Q)p,¢) > 0 [Sriperumbudur
et al., 2011]. Moreover, universality also implies the
full expressivity of the induced GP, as expressed in the
following.

Definition 5 (Expressive GP). A Gaussian Process
on K is said to be expressive on L*(K) if, denoting
by ¥ a random realisation v of the process, for all
o € L*(K), for alle > 0,

P(lly — ¢lla <€) > 0.

Lemma 3. A universal kernel Q on K induces an
expressive GP on L*(K).

By definition, universal kernels are characterized by the
property that their associated RKHS is dense (w.r.t the
uniform norm ||.||) in the space of continuous func-
tions on K. This is crucial for Kernel regression and
Gaussian Process inference [Kanagawa et al., 2018].%
By Proposition 2, it suffices to prove that Qr, is uni-
versal for some Lg in order to conclude for all L > L.
It turns out this is true for Lo = 2.

Proposition 3. If o, > 0, then Q2 is universal on K.
From Proposition 2, Qr is universal for oll L > 2.

Note that the presence of biases is essential to achieve
universality in the case of a general K, since the output
of a ReLLU ResNet with no bias is always a positive
homogeneous function of its input, i.e., a map F' such
that F(azr) = aF(z) for all a > 0. However, in the
particular case of K = S~1, the unit sphere in R, the
kernel @7, is universal (for L > 2), even when o;, = 0.

Proposition 4. Assume o, = 0. Then for all L > 2,
Q1. is universal on S*1 for d > 2.

Another interesting fact of the case K = S% ! is that
the eigendecomposition of the kernel @), has a simple
structure. Indeed, on S, Qr (x,2’) depends only on
the scalar product « - z’. These kernels (zonal kernel)
admit Spherical Harmonics as an eigenbasis [Yang and
Salman, 2019].

Proposition 5 (Spectral decomposition on S¥~1). Let
Q be a zonal kernel on S, that is Q(x,z') = p(z-2)
for a continuous function p : [—-1,1] — R. Then, there
is a sequence {jix > O}ren such that for all z,z' € S—1

N(d,k)
Qw,a') = Y Yij(@)Ye,(@),
k>0 j=1
where {Yk,j}kzo,je[l:N(d,k)] are spherical harmonics of
St and N(d, k) is the number of harmonics of order
8The closure of the set of functions described by the

mean function of the posterior of a GP regression is exactly
the RKHS of the kernel of the GP prior.



Soufiane Hayou*', Eugenio Clerico*!, Bobby He*', George Deligiannidis’

k. With respect to the standard spherical measure,
the spherical harmonics form an orthonormal basis of
L2(S?1) and T(Q) is diagonal on this basis.

Although the kernel is universal for fixed depth L, it is
not guaranteed that as L — oo, (Qf remains universal.
Indeed, for the standard ResNet architecture, the vari-
ance Qr(r,x) grows exponentially with L [Yang and
Schoenholz, 2017], and therefore, the kernel diverges.
In order to analyse the expressivity of the kernel of a
standard ResNet in the limit of large depth, we can
study the correlation kernel Cy,, defined in (3), instead.
We show in the following Lemma that, as L goes to
infinity, the kernel C, converges to a constant (which
has a 1D RKHS).

Lemma 4. Consider a standard ResNet of type (1)
and let K C R%\ {0} be a compact set. We have that

lim sup |1—Cp(z,z')|=0.

L—oo z, 2/ €K
Moreover, if o, = 0, then,

sup |1 —Cp(z,2')] = O(L™?).
z,x' €K

Therefore, He (K) is the space of constant functions.

Lemma 4 shows that in the limit of infinite depth L,
the RKHS of the correlation kernel is trivial, meaning
that the NNGP cannot be expressive. On the contrary,
we will show in the next sections that Stable ResNets
achieve a universal kernel for infinite depth L.

3 UNIFORM SCALING

Consider a Stable ResNet with layers [0 : L]. Under
uniform scaling, the recurrence relation in (5) reads:

Q=Qi-1+1+ (052 + oot (1 + %) Qz—1) - (7)

In the limit L — oo, (7) converges uniformly to a
continuous ODE. Studying the solution of the corre-
sponding Cauchy problem, we show that the covariance
kernel remains universal in the limit of infinite depth.

3.1 Continuous formulation

The layer index [ in (7) can be rescaled as [ — t(l) =
I/L. Clearly t(0) = 0 and ¢(L) = 1, so the image of ¢
is contained in [0, 1]. In the limit L — oo it is natural
to consider ¢ as a continuous variable spanning the
interval [0,1]. With this in mind, it makes sense to
look at the continuous version of (7).

Let K C R? be a compact set and z,z' € K. If o, =0

assume that 0 ¢ K.

. P ct I,I/
Gi(w,a) = 0% + 24 (1 + Hodzo) ))) qe(x,2'),

ci(z,2’)
a(,2") = of + o7, =5 (8)

qs(z,z")

crl@,2) = V@ m)a (@)

As discussed in Section A2 of the Appendix, for any
x,x’, the solution of the above Cauchy problem exists
and is unique. Moreover, the solutions ¢; and ¢; are
kernels on K, in the sense of Definition 2.

Clearly, for finite L, the continuous ODE (8) is an
approximation. However, the following result holds.

Lemma 5 (Convergence to the continuous limit). Let
Q. be the covariance kernel of the layer | in a net of
L +1 layers [0: L], and ¢ be the solution of (8), then

lim sup  sup

|Qur(z,2") — gy (x,2")] = 0.
L_mOlG[O:L] (z,x')EK?

3.2 Universality of the covariance kernel

When o, > 0, the kernel ¢; is universal for ¢t > 0.

Theorem 1 (Universality of ¢;). Let K C R? be com-
pact and assume o, > 0. For any t € (0, 1], the solution
gt of (8) is a universal kernel on K.

The proof of the above statement is detailed in Ap-
pendix A2. The main idea is to show that the integral
operator T'(g;) is strictly positive definite and then use
a characterization of universal kernels, due to [Sripe-
rumbudur et al., 2011], which connects the universality
of Definition 4 with the strict positivity of the induced
integral operator.’

As mentioned previously, the presence of the bias is
essential to achieve full expressivity on a generic com-
pact K C R?. However, we can still have universality
when no bias is present, limiting ourselves to the case
of the unit sphere K = S%~1.

Proposition 6 (Universality on S¥~!). For any t €
(0,1], the covariance kernel g, solution of (8) with
op = 0, is universal on S, with d > 2.

4 DECREASING SCALING

Consider a Stable ResNet with decreasing scaling, that
is a sequence of scaling factors (A;)r>1 such that
> 1> A7 < oo. In this setting, each additional layer
can be seen as a correction to the network output with
decreasing magnitude. As for the uniform scaling, we

9The details are more involved as we need to show that
the kernel induces a strictly positive definite operator on
L?(K, ) for any finite Borel measure p on K.
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show in the next proposition that the kernel Q)1 con-
verges to a limiting kernel (Q., and the convergence
is uniform over any compact set of R?. The nota-
tion g(x) = ©(m(x)) means there exist two constants
A, B > 0 such that Am(z) < g(z) < Bm(z).
Proposition 7 (Uniform Convergence of the Kernel).
Consider a Stable ResNet with a decreasing scaling, i.e.
the sequence {\}1>1 is such that > ; A\} < co. Then
for all (op,04) € RT x (RT)*, there exists a kernel Qo
on R? such that for any compact set K C R?,
sup |QL(1’7$/) - Qoo(a:,x/)| = @(Zk>L Ai) .

z,x’' e K -
The convergence of the kernel @)y, to the limiting kernel
R is governed by the convergence rate of the series of
scaling factors. Moreover, leveraging the RKHS hierar-
chy from Proposition 2, we find that () is universal.

Corollary 1 (Universality of Q). The following
statements hold

o Let K be a compact set of R? and assume oy, > 0.
Then, Qs is universal on K.

o Assume o, = 0. Then Qoo is universal on ST,

As in the uniform scaling case, the limiting kernel exists
and is universal unlike the standard ResNet architecture
that yields a divergent kernel Q@ as L — oo.

To validate our universality and expressivity results,
Figure 2 plots the leading eigenvalues of the NNGP (&
NTK, introduced in Section 5) kernels on a set of 1000
points sampled uniformly at random from the circle,
normalized so that the largest eigenvalue is 1. We use
the recursion formulas for NNGP correlation (Lemma
A4) and normalized NTK (Lemma A19) to avoid the
exploding variance/gradient problem. We see that the
unscaled ResNet NNGP becomes inexpressive with
depth because all non-leading eigenvalues converge to
0, whereas our Stable ResNets (decreasing and uniform
scaling) are expressive even in the large depth limit.

5 NEURAL TANGENT KERNEL

In the so-called lazy training regime [Chizat and Bach,
2019], the training dynamics of an infinitely wide net-
work can be described via the Neural Tangent Kernel
(NTK) [Lee et al., 2019], introduced in [Jacot et al.,
2018| and defined as

élLJ (x,2") = Vpar ylL () - Vpar ij ('),
with V., the gradient wrt the parameters of the NN.'¢

To simplify our presentation we will assume that the
output dimension of the network is 1.'!

10 All network considered in this section are assumed to
have NTK parametrization, cf Appendix A4 for details.

1 This does not affect our final conclusion of universality
for the NTK, which is diagonal in the output space, that is
69 = O, [Jacot et al., 2018, Hayou et al., 2019b].

NNGP eigenvalues - NTK eigenvalues
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Figure 2: (Normalized) NNGP & NTK matrix eigenvalues
of Stable (decreasing & uniform) & unscaled (i.e. standard)
ResNets.

Let F- be the output function of the ResNet at train-
ing time 7. In the NTK regime (infinite width), the
gradient flow is equivalent to a simple linear model [Lee
et al., 2019], that gives

Fy(z)—Fo(z) = O (2, X)O; (I-e 1017 (Y~ Fy (X)),

where X and ) are respectively the input and output
datasets, O (z,X) = {Or(z,2) }»cxr and O, is the
matrix {©;(z,2')}z rex. The universality of the NTK
is crucial for the ResNet to learn beyond initialization,
since the residual F, — Fj lies in the RKHS generated
by ©r. For unscaled ResNet, [Hayou et al., 2019b]
showed that the limiting NTK is trivial in the sense
of Lemma 4. However, this is not the case for Stable
ResNet.

Consider a ResNet of type (2). We have '*
©0=Qo, O1 =06+ (¥ +T;0), (9)

where Wy(z,2) = of + opE[(yi(2))e(yi(a"))] and
W(z,2) = 02E[¢' (4} (2))¢' (4 («'))] (see Appendix
A4).

Proposition 8. Fiz a compact K C RY (0 ¢ K if
op = 0) and consider a Stable ResNet with decreasing
scaling. Then ©p converges uniformly over K2 to a

kernel ©.,. Moreover O is universal on K if o, > 0.
If K =S% 1, then the universality holds for o, = 0.

12This is true under the technical assumption that the
parameters appearing in the back-propagation can be con-
sidered independent from the ones of the forward pass
(Gradient Independent Assumption) [Yang, 2019a]
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An analogous result can be stated for the uniform
scaling, after noticing that a continuous formulation
(©1 — 6;(;y) can be obtained in analogy with what has
been done for the covariance kernel (cf Appendix A4).

Proposition 9. Let K C R? and fir t € (0,1]. If
op > 0, then 0; is universal on K. The same holds true
ifo, =0 and K =S4,

Figure 2 shows that the non-leading NTK eigenvalues
do not decay to 0 with depth for Stable ResNets, unlike
for unscaled ResNets. This is in line with findings of
Propositions 8 and 9.

6 A PAC-BAYES RESULT

Consider a dataset S with N iid training examples
(@i, yi)1<i<ny € X x Y, and a hypothesis space P from
which we want to learn an optimal hypothesis according
to some bounded loss function ¢: Y x Y — [0,1]. The
empirical /generalization loss of a hypothesis h € U are

re(h) = £ SN 0(h(z:),y:), (k) = E,[((h(z),y)],

where v is a probability distribution on X x Y. For
some randomized learning algorithm 4, the empirical
and generalization loss are given by:

rs(A) = Epwalrs(h)],  r(A) = Epalr(h)].

The PAC-Bayes theorem gives a probabilistic upper
bound on the generalization loss 7(A) of a randomized
learning algorithm A in terms of the empirical loss
rs(A). Fix a prior distribution P on the hypothesis set
U. The Kullback-Leibler divergence between A and P
is defined as KL(A|P) = [ A(h)log 33 dh € [0, 00].
The Bernoulli KL-divergence is given by kl(a||p) =
alog 2 + (1 —a)log t—g for a,p € [0,1]. We define the

inverse Bernoulli KL-divergence N by
kl™(a,€) = sup{p € [0,1] : kl(a||p) < €}.

Theorem 2 (PAC-Bayes bound Theorem [Seeger,
2002]). For any loss function ¢ that is [0,1] valued,
any distribution v, any N € N, any prior P, and any
0 € (0,1], with probability at least 1 —§ over the sample
S, we have

VA, r(A) <k (rs( A), KL(A\|P>+]1Vog<2m/5>) _

The KL-divergence term KL(A|P) plays a major role
as it controls the generalization gap, i.e. the differ-
ence (in terms of Bernoulli KL-divergence) between the
empirical loss and the generalization loss. In our set-
ting, we consider an ordinary GP regression with prior
P(f) = GP(f|0,Q(z,2')). Under the standard assump-

tion that the outputs yn = (v;)ic[1:n] are noisy versions

of fnv = (f(xi))iep.n) With yn|fx ~ N(yn|fn,0?1),
the Bayesian posterior A is also a GP and is given by

A(f) = GP(f1QN(2)(QnN + 1) yn, Q(z, 2")

—Qn(@)(@ny + 1) QN ("))
(10)

Qn () = (Q(x,%;))ien:n), QNN = (Q(z4,25))1<ij<N-
In this setting, we have the following result
Proposition 10 (Curse of Depth). Let Qp be the
kernel of a ResNet. Let Pr, be a GP with kernel Qyp,
and Ay, be the corresponding Bayesian posterior for
some fived noise level % > 0. Then, in a fized setting
(fized sample size N), the following results hold:

o With a standard ResNet, KL(AL||P) 2 L.

o With a Stable ResNet, KL(AL||Pr) = Or(1).

The KL-divergence bound diverges for a standard
ResNet while it remains bounded for Stable ResNet.
Although PAC-Bayes bounds only give an upper bound
on the generalization error, Proposition 10 shows that
Stable ResNet does not suffer from the “curse of depth”,
i.e. the KL-divergence does not explode as the depth
becomes large.

7 EXPERIMENTS

In line with our theory, we now present results demon-
strating empirical advantages of Stable ResNets (both
uniform and decreasing scaling) compared to their un-
scaled counterparts on a toy regression task and stan-
dard image classification tasks, both for infinite-width
NNGP kernels as well as trained finite-width NNs in
the latter case. In the interests of space, all experimen-
tal details not described in this section can be found in
Appendix A7. All error bars in this section correspond
to 3 independent runs.

Stable NNGP regression experiment We first
present a toy regression posterior regression experiment
with NNGP kernel. We compare across different depths
and scalings, with target test function y = zsin(x) and
a small amount of observation noise ¢ = 0.1 (o as
defined in Eq. 10). We use 5 training points (dark
green dots).

We map our 1D inputs z onto the circle (cos(z), sin(x))
before performing GP regression. This is so that all
inputs have unit norm and we can use the NNGP cor-
relation kernel (Eq. 3) for the vanilla ResNet (ResNet
with fully connected blocks), in order to avoid the ex-
ploding variance problem.

As expected from our theory, in Figure 3, for depth
1000 the NNGP correlation kernel without stable scal-
ing (top row, red) is unable to learn anything beyond
a constant function due to inexpressivity, whereas our
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Figure 3: NNGP toy regression experiment.

Stable ResNets (bottom two rows, blue) are still ex-
pressive in the large depth limit. We plot mean and
95% posterior predictive credible interval for NNGP
posteriors.

Stable NNGP classification results We first com-
pare the performance of Stable and standard ResNets
of varying depths through their infinite-width NNGP
kernels, on MNIST & CIFAR-10. For each consid-
ered NNGP kernel @ and training set (4, ¥;)ic[1:n7], We
report test accuracy using the mean of the posterior
predictive (Eq. 10): Qn(-)(Qnn + 0*I)"'yn, which
is also the kernel ridge regression predictor [Kanagawa
et al., 2018]. We treat classification labels y as one-hot
regression targets, similar to recent works [Arora et al.,
2019, Lee et al., 2019, Shankar et al., 2020], and tune
the noise 02 using prediction accuracy on a held-out
validation set.

Table 1: CIFAR-10 test accuracies (%) using posterior
predictive mean of NNGP kernels for deep Wide-ResNets
[Zagoruyko and Komodakis, 2016] with different training
set sizes N. Scaled (D) & Scaled (U) refer to decreasing
and uniform scaling respectively.

N  Depth Scaled (D) Scaled (U) Unscaled

1K 112 36.841053 36.431049 37.71i050
202 36.891055 36.4710.49 —

10K 112 53.8141011 53.554041 93.3410.07
202 53.804+0.10 53.57+0.40 —

First, in Table 1, we demonstrate the exploding NNGP
variance problem for unscaled Wide-ResNets (WRN)
[Zagoruyko and Komodakis, 2016]. For an unscaled

WRN of depth 202, the NNGP kernel values explode
resulting in numerical errors, whereas Stable ResNets
achieve 54% test accuracy with 10K training points
(out of full size 50K). Note that any numerical errors
from exploding NNGP also afflict the NTK, as the
difference between the NTK and NNGP is positive
semi-definite [Lee et al., 2019, He et al., 2020] (which is
why the NTK lines always lie above their corresponding
NNGP in Figure 1).

To isolate the disadvantages of inexpressivity in un-
scaled Resnets NNGPs compared to our Stable ResNets,
we need to avoid the exploding variance problem and
ensuing numerical errors. In order to do so, we use
the NNGP correlation kernel C' instead of the NNGP
covariance kernel @), noting that these two kernels are
equal up to multiplicative constant on the sphere, and
that the posterior predictive mean is invariant to the
scale of Q (with o2 also tuned relative to the scale of
Q). Moreover, the formula in Lemma A4 for NNGP
correlation recursion for vanilla ResNets without bias
can be recast as a ResNet with a modified scaling (see
Appendix A6), allowing us to use existing optimised
libraries [Novak et al., 2020]. In order to use the vanilla
ResNet correlation recursion, we standardise all MNIST
& CIFAR-10 images to lie on the 784 & 3072-dimension
sphere respectively.

Our expressivity results, as well as Proposition 10,
suggest that we expect Stable ResNets to outperform
standard ResNets for large depths even when exploding
variance numerical errors are alleviated for standard
ResNets. In Table 2, we see that unscaled ResNets suf-
fer from a degradation in test accuracy with depth, due
to inexpressivity, whereas our Stable ResNets (both de-
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Table 2: MNIST and CIFAR-10 test accuracies (%) using posterior predictive mean of NNGP kernels for deep vanilla
ResNets (ResNet with fully connected blocks) with different size training sets N.

Dataset MNIST CIFAR-10
N Depth  Scaled (D) Scaled (U) Unscaled Scaled (D) Scaled (U) Unscaled
1K 50 92.8840.35 92.3940.33 924440921 35.8310.14 34731014 37.1640.25
200 92914035 92.391032 89.564056 35.861014 34.761011 34.8540.17
1000 92924034  92.394032 55.134531 35.891014 34761011 12431397
10K 50 97.57410.12  97.5540.12  97.061010 48.714031 48.1240927 50.1140.37
200 97.57410.11  97.5540.12  95.554013 48.771030 47.154018 47.0010.30
1000 97.571010 97541012 67.534296 48.761030 47.161017 17.8642.32

creasing and uniform) do not suffer from a drop in per-
formance. For example, the posterior predictive mean
using the NNGP of an unscaled vanilla ResNet with
depth 1000 attains only 17.86% accuracy on CIFAR-
10 with 10K training points, compared to 48.76% for
Stable ResNet (decreasing scale).

We focus on the NNGP rather than the NTK as recent
works [Lee et al., 2020, Shankar et al., 2020] have empir-
ically demonstrated that there is no advantage to the
state-of-the-art NTK over the NNGP as infinite-width
kernel predictors. Moreover, we do not aim for near
state-of-the-art kernel results due to computational re-
sources, and instead aim to empirically validate the
theoretical advantages of Stable ResNets.

Trained Stable ResNet results Finally, we con-
sider the benefits of trained Stable ResNets on the
large-scale CIFAR-10, CIFAR-100 and TinyImageNet'?
datasets. We compare trained convolutional ResNets
[He et al., 2016] of depths 32, 50 & 104 in terms of
test accuracy. In the main text we present results for
ResNets trained with Batch Normalization [Ioffe and
Szegedy, 2015] (BatchNorm), while results for trained
ResNets without BatchNorm can be found in Appendix
A7. We particularly show that Stable ResNet can be
trained without BatchNorm with minimal loss in per-
formance. Avoiding BatchNorm is a desirable property
because of its expensive memory cost during training.
For the results with BatchNorm, we apply the Stable
ResNet scalings to the residual connection after all
convolution, ReLU and BatchNorm layers.

We use initial learning rate 0.1 which is decayed by 0.1
at 50% and 75% of the way through training. This
learning rate schedule has been used previously [He
et al., 2016 for unscaled ResNets and we found it to
work well for all ResNets trained with BatchNorm. We
train for 160 epochs on CIFAR-10/100 and 250 epochs
on TinyImageNet. Test accuracy results are displayed

13 Available at
tiny-imagenet-200.zip

http://cs231n.stanford.edu/

in Table 3. As we can see, Stable ResNets consis-
tently outperform standard ResNets across datasets
and depths. Moreover, the performance gap is larger
for larger depths: for example on CIFAR-100 our Stable
ResNet (decreasing) outperforms its standard counter-
part by 1.05% (75.06 vs 74.01) on average for depth 32
whereas for depth 104 the test accuracy gap is 2.36%
(77.44 vs 75.08) on average. A similar trend can also
be observed for the more challenging TinylmageNet
dataset. Interestingly, we see that among the Stable
ResNets, decreasing scaling also consistently outper-
forms uniform scaling.

Table 3: Test accurracies (%) of trained deep ResNets of
various scalings and depths on CIFAR-10 (C-10), CIFAR-
100 (C-100) & TinyImageNet (Tiny-I).

Dataset Depth Scaled (D) Scaled (U) Unscaled
C-10 32 94.8410.08 94.784+0.17 94.66410.07
50 95.0710.06 94.9910.03 94.8510.06
104 95.1440.19 95.3110.07 95.1040.21
C-100 32 75.061005 74791028 74.0140.14
50 76.204022 75.811020 74.6610.33
104 77.444009 76.8810.39 75.0810.42
Tiny-I 32 63.01:&0.22 63.06:&0.04 62~79j:0.08
50 64.78 1004 64.744010 63.9640.39
104 66.571039 66.6710.12 65.271052

8 CONCLUSION

Stable ResNets have the benefit of stabilizing the gra-
dient and ensuring expressivity in the limit of infinite
depth. We have demonstrated theoretically and empir-
ically that this type of scaling makes NNGP inference
robust and improves test accuracy with SGD on modern
ResNet architectures. However, while Stable ResNets
with both uniform and decreasing scalings outperform
standard ResNet, the selection of an optimal scaling
remains an open question; we leave this topic for future
work.
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Appendix
A0 Mathematical preliminaries

We will make use of functional analysis results on the theory of Hilbert space. We refer to [Lang, 2012] for a
comprehensive introduction to the topic. We precise here that, even when not explicitly stated, all Hilbert spaces
considered in the present work are real, and all linear operators are bounded.

We will make use of the spectral theory for compact self-adjoint operators. We refer again to [Lang, 2012] for a
detailed discussion.

We will now introduce some concepts from the theory of kernels and RKHSs.
Consider a compact K C R% A function Q : K — R is said to be symmetric if for all 2,2’ € K we have
Q(z,2") = Q(a', ). Let us restate the definition of kernel.

Definition 2 (Kernel). A kernel Q on K is a symmetric continuous function K? — R such that, for alln € N,
for any finite subset {x1...x,} C K, the matriz {Q(z;,x;)}i; is non-negative definite.

We state here a characterisation of kernels, which is an extension of Lemma 2. Despite being a classical result
(see the discussion about Mercer kernels in [Paulsen and Raghupathi, 2016]), we will give a proof, for the sake of
completeness.

Lemma Al. [Extension of Lemma 2] Let Q : K> — R be a continuous symmetric function. Then, given any
finite Borel measure p on K, we can define the integral operator T,,(Q) on L*(K, u), via

T(Q) plx) = /K T, ') p(a’) du(e')

for any ¢ € L*(K, ). The operator T,,(Q) is a bounded compact self-adjoint definite operator.
Moreover, Q is a kernel if and only if T,,(Q) is non-negative definite for all finite Borel measures i on K.

Proof. Let Q : K? — R be a continuous symmetric function. Then 7),(Q) is a well defined bounded compact
self-adjoint operator [Lang, 2012].

Let us assume that @ is a kernel. By Mercer’s theorem [Paulsen and Raghupathi, 2016], we can find continuous
functions {Yy}ren such that for all z,2" € K

Qz,a’) =) Yi(w)Yi(a")
k=0

and the convergence is uniform on K?2.

The continuity of the Y;’s implies that they can be seen as elements of L?(K,u). Moreover, the uniform
convergence, along with the fact that pu(K) < oo, implies the convergence of the sum wrt the L?(K, 1) operator
norm. In particular T),(K) is a limit of non-negative definite operators and hence non-negative definite.

Now, assume that, for all finite Borel p, T),(Q) is non-negative definite. Chosen a finite set {z1...2,} C K, in
particular we have that g =" | d,, is a finite Borel measure (where d, is the Dirac measure on = € K). Hence

T,(Q) is the matrix {Q(z;,x;)}s,;. We conclude that @ is a kernel. O

We will now give a definition of the Reproducing Kernel Hilbert Space associated to a kernel. We refer to [Paulsen
and Raghupathi, 2016] for a general and comprehensive introduction to the topic.

Definition A1 (RKHS). Given a kernel Q on K, we can associate to it a real Hilbert space Hg, with the
following properties:

o The elements of Hg are functions K — R.

e Denoting as (-,-)¢o the inner product of Hq, for each x € K, there exists an element ky € Heg such that
h(z) = (h,ky)q, for allh € Hg.

o Forallz,2' € K, (ky, ky)o = Q(x,2').
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Such a Hilbert space exists for each kernel Q and it is unique up to isomorphism, [Paulsen and Raghupathi, 2016].
He is called the Reproducing Kernel Hilbert Space (RKHS) of Q.

In general, it is not easy to give an explicit form for the RKHS associated to a kernel ). However, we can say
that it contains the linear span of {x — Q(x, ')}, ck. Actually, this linear span is a dense subset of H¢, wrt the
norm of H¢ [Paulsen and Raghupathi, 2016].

A kernel on K is said to be universal if its RKHS is dense in the space of continuous functions C(K), wrt the
uniform norm.

Definition 4 (Universal Kernel). Let Q be a kernel on K, and Hq(K) its RKHS. We say that Q is universal on
K if for any € > 0 and any continuous function g on K, there exists h € Hg(K) such that ||h — glle < €.

We can now state a characterization of universal kernels, from [Sriperumbudur et al., 2011].

Lemma A2. Let Q : K?> — R be a kernel, where K C R is compact. Q is a universal kernel if and only if
T,(Q) is strictly positive definite for all finite Borel measures p on K, i.e., (I,(Q) ¢, ) > 0 for all non-zero
p € L*(K, ).

As a final note, hereafter we often omit the explicit reference to the measure u, that is we will speak of the
operator T(Q) on L?(K). Unless otherwise stated, this notation implies the choice of an arbitrary finite Borel
measure 4 on the compact K.

A1l Residual Neural Networks and Gaussian processes

Consider a standard ResNet architecture with L + 1 layers, labelled with [ € [0 : L], of dimensions {N;};¢(o.1)-

yo(z) = Woxz + By;

yi(x) = yi—1(x) + F(W, B),yi—1) forle[l: L], (1)

where x € R? is an input, ;(z) is the vector of pre-activations, W; and B; are respectively the weights and bias
of the I*" layer, and F is a mapping that defines the nature of the layer. In general, the mapping F consists of
successive applications of simple activation functions. In this work, for the sake of simplicity, we consider Fully
Connected blocks with ReLU activation function ¢ : z — max(0, z)

F((W,B),z) =W¢(x) + B.

Hereafter, N; denotes the number of neurons in the I** layer, ¢ the activation function and [m : n] := {m,m +
1,...,n} for m < n. The components of weights and bias are respectively initialized with Wlij N N(0,0% /N;_1),

and B} ™ N'(0, 02) where N (1, 02) denotes the normal distribution of mean  and variance o2,

In [Yang and Schoenholz, 2017], authors showed that wide deep ResNets might suffer from gradient exploding
during backpropagation.

Recent results by [Hayou et al., 2021] suggest that scaling the residual blocks with L~'/2 might have some
beneficial properties on model pruning at initialization. This is a result of the stabilization effect of scaling on the
gradient.

More generally, we introduce the residual architecture:

yo(z) = Woa + By

yl(a:) = ylfl(x) + )‘l7L f((Wz,Bz),yzq)’ le [1 : L], (2)

where (Ax,z)repi:z] is a sequence of scaling factors. We assume hereafter that there exists Apnax € (0,00) such
that for all L > 1 and k € [1: L], we have that A, € (0, Amax)-

A1.1 Recurrence for the covariance kernel

Recall that in the limit of infinite width, each layer of a ResNet can be seen a centred Gaussian Process. For the
layer [ we define the covariance kernel Q; as Q;(z,2") = E[y} (z)y} (2')] for z,2’ € R4
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By a standard approach, introduced by [Schoenholz et al., 2017] for feedforward neural networks, and easily
generalizable for ResNets [Yang, 2019b, Hayou et al., 2019b], it is possible to evaluate the covariance kernels layer
by layer, recursively. More precisely, consider a ResNet of form (2). Assume that yi | is a Gaussian process for
all i. Let 2,2’ € R%. We have that

Qi(x,2") = Ely; (2)y; (2")]

Ny
= Ely_1 ()y_1 (2")] + Z E{(W, 7?6yl ())d(yi_1 ()] + E[(B})?] + E[B{ (y{_1(z) + y/_1(2'))]

Ny

+E Y W (gl (@)oo (2) + iy () byl ()

j=1
Some terms vanish because E[W,"] = E[B/] = 0. Let Z; = Y1 NI "W, The second term can be written as

0.2

E | 5 2 (276l ()6, (@) | = o0 Elé(yi (@) $(ul ()]

where we have used the Central Limit Theorem. Therefore, we have
Qi(z,2") = Qi_1(x,2') + )\IQ)L\I/l,l(:c, x'), (A1)

where U;_1(z,2") = 0 + 02 E[¢(y;_, (2))o(y._, (2))].

For the ReLU activation function ¢(z) = max(0, z), the recurrence relation can be written more explicitly, since
we can give a simple expression for the expectation E[@(y,_(z))¢(y}_,(z’))], [Daniely et al., 2016]. Let C; be the
correlation kernel, defined as

Qi(z,z")
Qi(x,2)Qi(x, z")

Ci(z,2') =
and let f:[—1,1] — R be given by
fiy = (v/1—+% —~arccos?y). (4)
Then we have E[¢(y]_ (z))o(yl_(z')] = & (1 + %) Q-1 and so we find the recurrence relation (5)

2
Qi=Qi1+ Ay, {%2 + % (1 + L=a) 11)) Qlfl} ;

2 6
Qo(w,x)—ab—i—a mdz.
For the remainder of this appendix, we define the function
A 1 . 1
F0) =7+ 1) = — (yaresin(y) + VI=92) + 57 (A2)

For all I, the diagonal terms of @); have closed-form expressions. We show this in the next lemma.

Lemma A3 (Diagonal elements of the covariance). Consider a ResNet of the form (2) and let z € R%. We have

that for alll € [1: L],
22 o 02N} L 202
Ql(m7:p):—a—2+H <1+2 Qo(z,2) +—" | -

w k=1 w

Proof. We know that .
Quz,x) = Qi_1(z,x) + A\, < wa( )>
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where f is given by (A2). It is straightforward that f (1) = 1. This yields

202 o2 202
Ql(x,x) + 0_7; = <1 + )\l2L2> (Ql—l(xaz) + 0_2b> .

w w

we conclude by telescopic product. O

As a corollary of the previous result, it is easy to show that for a Standard ResNet the diagonal terms explode
with depth, which is Lemma 1 in the main paper.

Lemma 1 (Exploding kernel with standard ResNet). Consider a ResNet of type (1). Then, for all x € R?,
2\ 2 2 ol 2
Qr(z,z) > (1—!—7‘”) (O'b (1—1-%)4-77””33\\ )

Proof. The statement trivially follows from Lemma A3, using that Qo(z,z) = o7 + % |z]|? and the fact that for
a Standard ResNet (1), all the coefficients \; ;’s are equal to 1. O

In the case of a ResNet with no bias, the correlation kernel follows a simple recursive formula described in the
next lemma.

Lemma A4 (Correlation formula with zero bias). For a ResNet of the form (2) with o, = 0, we have that for
alz,’ € R and 1 < L:

1 aLL g
Cilz, )= ———C_1(z,2)) + ——=—F(Ci_1(z,2")),
(o) = e Crma(@.0) + T2 f(Ciaa.)
2 2
where oy, = A‘L%
Proof. This is direct result of the covariance recursion formula (5). O

A1.2 Proof of Proposition 1

We use the following result from [Yang, 2020] in order to derive closed form expressions for the second moment of
the gradients.

Lemma A5 (Corollary of Theorem D.1. in [Yang, 2020]). Consider a ResNet of the form (2) with weights W.
In the limit of infinite width, we can assume that W1 used in back-propagation is independent from W used for
forward propagation, for the calculation of Gradient Covariance and NTK.

Next we re-state and prove Proposition 1.

Proposition 1 (Stable Gradient). Consider a ResNet of type (2), and let L,(x) = ((y}(z),y) for some

%‘ < o0, for all compacts

K., Ky C R. Then, in the limit of infinite width, for any compacts K C R, K’ C R, there exists a constant
C > 0 such that for all (z,y) € K x K’

(z,y) € RY x R, where £ : (z,y) — (2,y) is a loss function satisfying supg, » k,

2} < Cexp (% ZZL:I >‘l27L) .

Moreover, if there exists Amin > 0 such that for all L > 1 and l € [1 : L] we have A\, > Amin, then, for all
(x,y) € (R\ {0}) x R such that ‘%‘ZZ’Z/)‘ # 0, there exists k > 0 such that for alll € [1: L]

2 2 2 L
oL, (z) 22,02
]EUBWLH }2/{(1+2) .
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Proof. Let (z,y) € R x R and ¢'(x,y) =E Uaﬂaz(f)
1

2
} . Using Lemma A6, we have that

o2 )\12 I
ql(m7y) = <1+w2+L q_l+1('r7y)'
This yields

L ‘72)‘%1:
g'(z,y) = H1 1+ == | d @),

k=Il+

0Ly (x) 2
8Wlll

Moreover, using Lemma A5, we have that E “

} — 32,7, DElB(y1 (2))%). We have Elp(yl, (2))?) =

%Ql,l(% x). From Lemma A3 we know that

2 —1 232 9
Qir(@,2) = 2% + H <1 i ) (Qo(x,x) + 2:2b> = k=1 (1 i Uw2“> <Qo(x,z) + 20?) )

This yields
2 L 22 2
2 k 1 o |
} SUTH ( ) <2Q0($7$)+gg> 7' (z,y).

It is straightforward that Hk 1 (1 + 7u )k, L) < exp (% Zle )\%JJ). Let K ¢ R¢, K’ C R be two compact

subsets. Using the condition on the loss functlon £, we have that

2 b2 L
| con (%30,
k=1

2
20

where C' = % (sup(myy)erK/ d(z, y)) (supxeK Qo(z,z) + 7) We conclude by taking the supremum over !

gl\')

oL, (z)
E Y
|5

E

Ly (x)
owl,

and z,y.

%

OLy(x)
oWl

Let (x,9) € (R?\ {0}) x R such that ’%‘ # 0. We have that
1 Afy = TuAiL !
o 72 1+ : Ql(xvx)q (l',y)
214+ %07, 1};[2 2

T
o2 A2, E
1 w‘min
_fﬂ?< +72 ) ,
)\2

where £ = § 2 Q1(z,z) @ (z,y) > 0. O
(o) (4500 ) '

1+ w>\2 1+ w)\2

min

Using Lemma A5, we can derive simple recursive formulas for the second moment of the gradient as well as for
the Neural Tangent Kernel (NTK). This was previously done in [Schoenholz et al., 2017] for feedforward neural
networks, we prove a similar result for ResNet in the next lemma.

Lemma A6 (Gradient Second moment). In the limit of infinite width, using the same notation as in proposition
1, we have that

o2 )\,2 I
7 (z,y) = (1 + % 7t (z,y).
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Proof. 1t is straighforward that

0L, (x) _ 0L, ()

551/(95) i g
By 6’yf+1 +>\l+1,LZ Wiiid'(vr) -

j 14
Using lemma A5 and the Central Limit Theorem, we have that
q'(z.y) = q" (2.y) + Ny 0 (2, y)o L B[S (v ()] -

We conclude using E[¢/(y!(z))?] = P(NV(0,1) > 0) = 1. .

Before moving to the next proofs, recall the definition of Stable ResNet.

L
Definition 1 (Stable ResNet). A ResNet of type (2) is called a Stable ResNet if and only if Llim SN, < oo
—00 —1 ’

A1.3 Some general results: (); and C; are kernels

Fix a compact K C R?. If o3, = 0, then assume that 0 ¢ K. We will now show that, for all layers [, the covariance
function @ is a kernel in the sense of Definition 2.

The symmetric property of @Q); is clear by definition as the covariance of a Gaussian Process. Let us now discuss
the regularity of @; as a function on K2.

The next result shows that any function F(¢) : v — E[¢(X)o(Y), (X,Y) ~ N(0, (,ly 7))] is analytic on the
segment [—1, 1].

Lemma A7 (O'Donnell (2014)). Let F(¢)(7) = E[p(X)o(Y),(X,Y) ~ N(0,(17))]. Then for all ¢ €

v 1.
L*(N(0,1)), there exists a non negative sequence {annen such that F(¢)(y) = > ey aiy’ for all v € [-1,1].

Leveraging the previous result, the function f defined in (4) is analytic. We clarify this in the next lemma.

Lemma A8 (Analytic property of f). The function f:[—1,1] = R, defined in (4), is an analytic function on
(—=1,1), whose expansion f(y) = >, cnn " converges absolutely on [—1,1]. Moreover, ay, > 0 for all even
neN, ag =—-1/2 and a,, =0 for all odd n > 3.

Proof. With the notations of Lemma A7, when ¢ is the ReLU activation function we have that F(¢) = 1/2f,
defined in (A2). Hence, by Lemma A7, we know that f is analytic on (—1,1) and its expansion around 0 converges
on [—1,1]. In particular this will be true for f as well.

For v € [-1,1], let us write f(7) =3, .y any". Recalling the explicit form of f, that is

neN
. 1 _ 1 51
fly) = ;varcsm(v) +oVI=7+ 57,

we get ag = L. Moreover, we have that for all v € (—1,1)

f) =

1
= —arcsiny + —.
m 2

This yields a; = f’(()) = % Then, noticing that
F3) (4) = v
f (’Y) 7_‘_(1772)3/2

is an odd function, we get that for all ¢ > 1,as;41 = 0. Now let us prove that for all & > 1, there exist
bk,O, bk71, ~--7bk,k—1 > 0 such that, for all v € (—1, 1),

k—1
A 1
(2k) —— b 2m 1— 2\—k—m+1/2 )
=2 0) “mio kmy (1= 77)
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We prove this by induction. For k£ = 1, we have that
A 1
P =172,
T

so that our claim holds. Assume now that it is true for some k£ > 1, let us prove it for k + 1. It is easy to see that

2(2k — 1)bi,0 + 2bg 1 if m = 0;
2(4k® — V)bro + 5(2k + 1)bg1 + 12b 2 if m=1;
bet1,m = < 2(m+1)(2m + 1)bg mt1 + (Am + 1)(2k + 2m — )b (A3)
+ (2k +2m — 3)(2k + 2m — 1)bg 1m—1 itme {2,3,...k—1};
(4k — 3)(4k — 1)bg -1 if m==k.
The induction is straightforward. In particular, we have shown that as; = ! ((2;;)(!0 ) = (1721-;3)! > 0.
The conclusion for the coefficients a’s of the expansion of f is then trivial. O

Using Lemma A8, it will not be hard to show that @); is continuous. The non-negativity of 7'(Q;) can be seen as
a consequence of the definition of @Q; as the covariance of a Gaussian Process. However, we will give a direct
proof of it, so that we can state here a general result which we will need later on.

Lemma A9. Let C be a kernel on K, such that |C(z)| <1 for all z € K. Consider a non-negative real sequence
{an}nen, and assume that

9(y) = ary”
k=0

converges uniformly on [—1,1]. Then, for all finite Borel measure p on K, T, (g(C)) is a non-negative definite
compact operator, and in particular g(C) is a kernel.

Proof. Fix a finite Borel measure p on K and notice that g(C') is continuous and symmetric (as uniform limit of
continuous and symmetric functions). Moreover, since the Taylor expansion of g around 0 converges uniformly on
[~1,1], and since |C(z)| < 1 for all z € K, we have that T,(9(C)) = >;cxy @k T,.(C*), the sum converging wrt
the operator norm on L2(K, p).

As a consequence of the Schur product theorem'?, the product of two kernels is still a kernel.

As a consequence, it is easy to prove by induction that 7),(C*) is non-negative definite for all k. Hence T},(g(C))
is the converging limit of a sum of compact non-negative definite operator. We conclude by Lemma A1l. O

Lemma A10. For both Standard and Stable ResNet architectures, for any layer 1, the covariance function Q;
and the correlation function Cy are kernels on K, in the sense of Definition 2.

Proof. 1t is straightforward to prove that Qg is a kernel. Now let us show that if @; is a kernel for some [, then
C; is a kernel. Since @, is symmetric and so C; is. Moreover, the diagonal elements of @); are continuous by
Lemma A3 and do not vanish (since if o, = 0 we are assuming that 0 ¢ K). Hence C) is continuous. It is then
trivial to show that the non-negative definiteness of T'(Q;) implies that T'(C;) is non-negative definite, and so C)
is a kernel if Q) is.

Now we proceed by induction. Suppose that @;—; and C;_; are kernels and recall the recursion (5), taking the
coefficient A to be 1 in the case of a Standard ResNet. Notice that it can be rewritten as

Qi =Qi1+3 (02 + 2% f(C) Riy)

where we have omitted the dependence on L for A, we have defined R;_1(z,2') = \/Qi—1 (2, 2)Q;—1(2',2’) and f
is defined in (A2). Clearly R;_; is a kernel. By Lemma A8 and Lemma A9 we have that f(C}) is a kernel. Using
the property that sums and products of kernels are kernels (the sum is trivial, cf Footnote 14 for the product), we
conclude that @Q;, and so C}, is a kernel on K. O

%‘%Given two matrices My and Ma, define they're Schur product as the matrix M = M; o M2, whose elements are
MY = M"Y M. If My and Mz are non-negative definite, then M is non-negative definite.
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A1l.4 Proof of Proposition 2

As always, consider an arbitrary compact set K € R?. Assume that 0 ¢ K if o, = 0. Recall from Appendix
A0 that with the notation Hq(K) we refer to the RKHS generated by a kernel Q on K. We will now prove
Proposition 2.

Proposition 2. Hq,(K) C Hg,,,(K) foralll € [0: L —1].

Proof. We have already shown that T(Q;) — T(Q;—1) is non-negative definite in the proof of Lemma A10. We
conclude by using the RKHS hierarchy result (see for instance [Paulsen and Raghupathi, 2016] or page 354 in
[Aronszajn, 1950]). ]

A1.5 Proof of Lemma 3

We present here the proof of Lemma 3. We have already recalled the Definition 4 of universal kernel in Appendix
AQ. For convenience of the reader, we restate here the definition of expressive GP.
Let K be a compact in R,

Definition 5 (Expressive GP). A Gaussian Process on K is said to be expressive on L*(K) if, denoted by ¢ a
random realisation, for all ¢ € L?(K), for all € > 0,

P(lly —¢lla <€) > 0.

Lemma 3. A universal kernel Q on K induces an expressive GP on L*(K).

Proof. First, notice that if @) is universal then T'(Q) is strictly positive definite [Sriperumbudur et al., 2011] and
so all its eigenvalues are strictly positive.

Recall the spectral theorem for compact self-adjoint operators: there is a orthonormal basis of L?(K) made of
the eigenfunctions {1, }nen of T(Q). Denoting by p,, > 0 the eigenvalue of T'(Q) relatively to 1, since T(Q) is
compact we have the equality (Karhunen - Loéve decomposition [Grenander, 1950])

=" Zp/ik vk ~ GP(0,Q),

k=0

where {Z} } ey is a family of iid normal random variables, and the series is convergent uniformly on K and in L? for
the stochastic part [Paulsen and Raghupathi, 2016], that is limy_, c Sup,e i E[(¥(z) — chv:o Zi/b i(2))?] =0
uniformly for z € K. In particular, we get that limy_, o E[||2) — Zé;v:(] Zi/Bei||3) = 0. As consequence, for all
¢ € LX(K), we have that || Sp_, Zy/lik s — ¢l converges in squared mean to ||¢ — ¢l|3, for N — oo.

Now, let ¢ = ZkN:O ay, Yy, for some finite N and some real coefficients {ag ...an}. We have (with convergence in
squared mean)

N

o —l3 =" (Zevik —ar)’+ > w2}

k=0 k=N+1

For k € [0: N], we can define the interval I}, = { }, so that, for all z € I, we

ek _ e _a e
VEE 2N+ VEE + V2(N+1) g

have (z/ftx — ax)? < 2(1\5,711) Since all these intervals are non empty, we get

N 2 N
P(Z(ka—ak)Q < 52> > H]P’(Zk €lx)>0.
k=0

k=0

On the other hand, we have that

oo
ZZM@-

k=N+1

Z . Zi

k=N+1

on=E
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By Mercer’s theorem [Paulsen and Raghupathi, 2016], T(Q) is trace class and hence é5 — 0 for diverging N. By
Markov’s inequality

o0 2

2 € 25]\/

P( Z Mka22>§52
k=N+1

and we can conclude that P(|[¢) — ¢ll2 <€) > 0 for N large enough.

For a general ¢ = Y17 agpthr, let oy = Z,ivzo agy. Since {1y }ren is a basis of L2(K), for a fixed € > 0, it is
always possible to find a N such that ||p — ¢on|l2 < e/2 and P(||pn — ¢]l2 < €/2) > 0, and so we conclude. [

A1.6 Proof of Proposition 3

In order to prove Proposition 3 we first need a preliminary result, which will be at the core of the proof of
Theorem 1 as well.

Proposition Al. Let K C RY be compact. Assume o >0 and let f =~ — 2 4 f(7) be defined on [-1,1]. Then
the kernel f(co), defined point-wise as f(co)(x,2') = f(co(z,2')), is universal on K.

Proof. First notice that co(z,2’) = \/(1+C\\1wmg)z(.f;r<\lw’\lz)’ where ¢ = 02 /o2. For n € N, define p,, : (z,2)

co(z,x')?", with the convention that py = 1. It is easy to verify that cg is kernel. As a consequence, p,, is a kernel
for all n, since it is a product of kernels.!®> From Lemma A8, we can write

f(Co) = Zanpna
neN

the sum converging uniformly on K2, with o, > 0 for all n € N. By Lemma A9, f(co) is a kernel.
Now, for each n, we have

2n

1 k

pnlz,2') = Wi (z-2")",
! (L+ )™ (L + Cfl="]]*)" kZ:O !

where the coefficients wy,,’s are all strictly positive, explicitly wy,, = ¢*(}).

Expanding the inner product x - 2/, we can express p,, in the form

pnxx ZBJnAJn AJn( )7
JeTn

where J,, = {(j1...jq) € N¢: 25:1 Ji € [0:2n]}, all the coefficients (;,,’s are strictly positive and the A;,’s are
defined as

J1 :L-djd

A1nl@ = T el

Hence we can write f(co) as

Fleo)(@,a) =D 3" anBrnAsn(z)Asn(a’). (A4)

neN JeT,

For any n,n’ € N, J € J,,, J' € T, it is clear that Aj, Ay n = Ajr pnins, where J” is some element in 4.
As a consequence, the linear span of the family {4, }nen se7, is an algebra A (which is actually a subalgebra
of C(K) since all the A;,’s are continuous). Moreover A, )0 = 1, so that A contains a constant, and it is
straightforward to check that A separates points, that is for all distinct z,2’ € K there exists a € A such that
a(z) # a(a’). Then, from Stone-Weierstrass theorem [Lang, 2012|, A is dense in C'(K') wrt the uniform norm.

For alln € N, J € Ty, let 0,7 = \/anPn,s. Define a bijection ¢ : N — {(n,J) : n € N,J € J,} and let
P, = 0,(n)As(n)- For all z € K, we have that ®(x) = {®,,(2)}nen € 2, since p,(z,2) < co. We conclude that
® is a feature map for f(co), and the density of the linear span of {®,},en allows to claim that the kernel is
universal on K, in the sense of Definition 4 (cf Theorem 7 in [Micchelli et al., 2006]). O

15Gee footnote 14.
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Let K C R? be an arbitrary compact set. We are now ready to prove Proposition 3.

Proposition 3. If o, > 0, then Q2 is universal on K. From Proposition 2, Q, is universal for all L > 2.

Proof. Assume o, > 0 and let K € R? be a compact set. With the notation of Proposition Al, we have that
o2 (1 f(Co)
Q1=Q0+>\%,L (05+2<2+ Co Qo | -

By proposition Al, we know that the kernel f(Co) given by f(Co)(z,z") = f(Co(z,2")) is universal on K. Let
us prove that f(g;’)Qo is universal. Let ¢ > 0 and ¢ € C(K), the space of continuous functions on K. Define

& (@) = Q‘:((;)x). By the universality of f(Cj), there exists g € H (o, (K) such that

oy
Hg Qo

<e.

o0

with g can be written as a finite linear combination of the functions {f(Co)(x,.)}zex. This yields

|ov/@ =], <ex.

where gv/Qo(z) = g(2)1/Qo(z, ) and k = sup, ¢ /Qo(, x). It is straightforward that g/Qo € Hicn, (K),'¢
o Qo

Therefore, ! (g;[))QO is universal. Since )¢ is non-negative, we have that @; is universal by an RKHS hierarchy
argument similar to Proposition 2. Using Proposition 2, we conclude that @, is universal on K. ]

A1.7 Proof of Proposition 4

Proposition 4. Assume o, = 0. Then for all L > 2, Q, is universal on S?~' for d > 2.

Proof. See the proof of Proposition A7 in Appendix AS. O

A1.8 Proof of Proposition 5
Proposition 5 is a well known classical result (see for instance Appendix H in [Yang and Salman, 2019] and the
references therein. For completeness we give a proof in Appendix AS.

Proposition 5 (Spectral decomposition on S¥~1). Let Q be a zonal kernel on ST=1, that is Q(x,2') = p(x - 2')
for a continuous function p: [~1,1] — R. Then, there is a sequence {jx > 0}ren such that for all z,z' € ST1

N(d,k)
Qz,a) = e Y Yij(@)Vi(),
k>0 j=1

where {Yy, j}r>0,je[1:n(d.k)] are spherical harmonics of St and N(d, k) is the number of harmonics of order k.
With respect to the standard spherical measure, the spherical harmonics form an orthonormal basis of L?(S%~1)
and T(Q) is diagonal on this basis.

Proof. See the proof of Lemma A22 in Appendix AS. O

6T his is trivial for a function g that can be written as a finite sum of functions of the form a; f(Co)(i,.), and this
would be enough since these functions are dense in C'(K) as shown in the proof of Proposition Al. More generally, given
two kernels Q and @', if h € Ho and h' € Hg, then hh' € Hggs, cf Theorem 5.16 in [Paulsen and Raghupathi, 2016].
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Al1.9 Proof of Lemma 4
Lemma 4. Consider a standard ResNet of type (1) and let K C R*\ {0} be a compact set. We have that

lim sup |1-Cp(z,z')|=0.
L—oo g xre K

Moreover, if o, = 0, then,
sup |1 —Cp(z,2")| = O(L™?%).

z,x' €K

Therefore, He, (K) is the space of constant functions.

Proof. This result was proven in [Hayou et al., 2019a] in the case of no bias. It was also proven for a slightly
different ResNet architecture in [Yang and Schoenholz, 2017].
Consider a ResNet of type (1) and let K C R?\ {0} be a compact set. We have that for all z,2’ € K

w‘gw

Qr(z,2') = Qr_1(z,2') + o} + f(OL—l(xvI/))\/QLfl(x’x)QLfl(x/vx/) :

Since f (z) > =z, Cr, is non-decreasing wrt L and converges to the unique fixed point of f which is 1. This
convergence is uniform in z, ', i.e. imp, o0 sSup, e 1 — Cp(z,2") = 0.
Re-writing the recursion yields

1
1+«

Cr(x,2') = o1 Cra(e,a) + (o + 017 a af(CL_l(x, ),

o2 o} —1/2 af —1/2 2 r\\—1/2
where oo = TW, (Sl = <1 + m) (1 + m) and CL =0y (QL(Z’,I‘)QL(% , L )) .
Using Lemma A3, and the boundedness of C'1, a simple Taylor expansion yields

Cu(z,a') = %CL 1 0) + T (o (,0) + g1 (o)

=Cr_1(x, x)—l—ﬁf(CL 1z, 2)) + gr(x,2),
where the expansion is uniform on z, 2’ € K, and f(x) = f(x) —z, and g;, = O(e~PF) for some 3 > 0.
The previous dynamical system can be decomposed in two parts, a first part without the term O(e=#%) which is
the homogeneous system, i.e. the system without bias, and the term O(e~#%) which is the contribution of the
bias in the dynamical system.
Assume o, = 0, then the term g vanishes. Moreover, a Taylor expansion of f near 1 yields

f(@) =s(1 -2+ O((1 —2)°?).

Therefore, uniformly in z,z’ € K, we have that

s«
14+«

Cp(z,z') = Cp_y(x,2') + (1—Cp_i(x,2")*? +O((1 = Cp_1(z,2"))%?).

Letting v, = 1 — Cp, a simple Taylor expansion leads to

—1/2 —1/2 st
= +—+0
7L R R T (v£-1) -
Therefore, v, ~ KL ~2 where k = 4(81;:2‘)2. This equivalence is uniform in z, 2’ € K.

It is likely that the rate O(L~2) holds without assuming o, = 0. However, the analysis in this requires unnecessarily
complicated details. O

A2 Stable ResNet with uniform scaling

In this section we detail the proofs for the uniform scaling of a Scaled ResNet, that is A\; 1, =1/ VL.
When not otherwise specified, K is a generic compact of RZ. We assume that 0 ¢ K if oj, = 0.
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A2.1 Continuous formulation

We provide the results of existence, uniqueness and regularity of the solution of (8) in Lemma All. Corollary Al
shows that the differential problem can be restated in the operator space. Eventually we give a proof of Lemma 5,
assuring uniform convergence to the continuous limit.

We recall that by continuous formulation we mean a rescaling of the layer index [, which becomes a continuous
index ¢, spanning the interval [0, 1], as the depth diverges, that is L — occ.

More precisely, for all L > 1 and all [ € [0 : L], we can define ¢(I, L) = /L.

Consider a sequence {l,,, L, }nen (where, for all n, L, > 1 and [ € [0 : L,]), such that L, diverges but l,,/L,
converges to a finite ¢t = lim, o0 t(ln, Ln). We will show in this section (Lemma 5) that the kernels Q; |z,
(covariance kernel of the layer [,, in a net with L,, + 1 layers) converge uniformly to a kernel, ¢;, on K.
Moreover we can define a differential problem for the mapping ¢ — ¢;, with ¢ € [0, 1], that is

Qi a)) = 0 + 25 (14 1l ) g, (@),

ci(z,x’)
wl,a) = of + o7, =5 (8)

gt (z,a’)

ez, 2) = Va @)@ )

Lemma A11 (Existence and uniqueness). For any x,z’ in K, the solution of (8) is unique and well defined for
all t € [0,1]. The maps (z,2') — q(x,2") and (z,2") = ci(x,2") are Lipschitz continuous on K? and c; takes
values in [—1,1]. Moreover, both q; and ¢; are kernels in the sense of Definition 2.

Proof. First notice that from (8) we can find, with few algebraic manipulations, an explicit recurrence relation
for the correlation Cj, defined in (3). For any x,z’ € K we have

2
T

o2 o2 -1
Ciyr(z,2") = Ay (2, 2") Cy(, o) + 5% (1 + ﬁ) Appr(z,2") fa(z,2") + %m ;

ate.a) = /(- bahs) (1~ badde)-

We can find a Cauchy problem for the correlation directly from (8) or by noting that A;(z,z’) = 1 —
a3
2L

(A5)

(Qlé o+ Ql(ml’ z,)> +o0(1/L), for L — oo. With both approaches, we have

0.2

ét(x?'r/) = 01)2 (gt($7x/) - At(waI) Ct(xax/)) + 774} f(Ct(.%',.Z'/)) )
of +orux-a
V(og + % [2]?)(0f + o2 [/]?)

(A6)

CO(mv :1,‘/) =

where f is defined in (4) and

At(x,x/)—1<qt(1 P >; Gul(z,2) = !

2 \q(z, ) qa’,2') (2, z) qu(a’, ')

Note that for the diagonal terms ¢;(z, ), (8) reduces to ¢; = o4 + "T“’Q ¢, whose solution is

o ? 2012 [ 0w o 202 ow?
gi(xz,x) =e 2 tqo(x,x)—i-ia b2 <e 2 t—l) =e 2 t(a?—FJi ||:13H2)+7O_ b2 (e 2 t—1> .
w

w

Now, fix z = (x,2') € K? and let 7y = co(z) € [~1,1]. Consider f: R — R, an arbitrary Lipschitz extension of f
to the whole R and define H : [0,00) x R — R as

H(t,7) = 03(Gu(=) = A2)7) + 5 7).
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H is Lipschitz continuous in v and C'**° in t, so there exists 7 > 0 such that the Cauchy problem
V() = H(t,7(t));
7(0) =0

has a unique C solution defined for ¢ € [0, 7).
Noticing that

Gi(z,2) — Ag(z,2') = ! ! ! 2<O
o e B 2 Qt(l',l') qt(xlax/) -
we get that for all ¢; such that v(¢1) = 1 we have #(t1) <0, since f(1) =0, and for all t_; such that y(t_;) = —1
we have 4(t_1) = 07 (G(x, ") + A(x,2)) + = > 0. As a consequence (t) € [—1,1] for all ¢ € [0,7) and we can
take 7 = oo.
In particular we get that (A6) has a unique solution ¢ — ¢,(2), defined for ¢ € [0, 1] and bounded in [—1, 1].
As a consequence, (8) has a unique and well defined solution for all ¢ > 0.

Now notice that z — ¢p(z) is Lipschitz on K 2. let us denote as Lg a Lipschitz constant for cg.
Since both G; and A; are C*!, we can find real constants L, L4 and My such that for all z, 2’ elements of K?

1Gi(2) = Gi()| < Le ||z = 2/
|A(2) = Ae(Z)| < Lallz — 2|
|At(z)| S MA.

Let Ly be a Lipschitz constant for f. Using the fact that |¢;| < 1, we can write
|ee(2) = ()| < La [z — 2]l + L |ee(2) — ee(2)]

where L; = af(LG + Ly) and Ly = O’SMA + % Ly.
Now fix z and 2’ and consider A(t) = ¢;(z) — ¢;(2’). We have

[A@)] < LIz = 2" + L2 |A®)];
|A0)] < Lo ||z = 2]

So |A(t)| < (% (eF2t —1) + Lo eLQt) ||z — 2’|, meaning that ¢; (and so ¢;) is Lipschitz on L2.

Since the mapping (z,z’) — ¢;(z, ') is continuous, it defines a compact integral operator T'(¢;) on L?(K) |Lang,
2012]. Since ¢ is real and symmetric under the swap of z and z’, the operator is self-adjoint. The same holds
true for ¢;.

The fact that T'(¢¢) is a non-negative operator can be seen as a corollary of Lemma 5. Indeed all T(Q;) is
a non-negative definite operator, since it is induced by a kernel. Hence, for each t € [0, 1] it is enough to find
a sequence {l,, L, }nen (where L, > 1 is an integer and I,, € [0 : L,]) such that L, — oo and I,,/L,, — ¢. By
Lemma 5, T(Q,1,,) — T(q¢) in the L norm, and hence in L?, as we are on a compact set. By Lemma A10, for
all n € N we have that T'(Q;, |1, ) is non-negative definite. Since the subspace of non-negative definite operators
in L? is closed wrt the L? operator norm, we conclude.

Once we have established that T'(g:) is non-negative definite, it follows immediately that T'(¢c;) is non-negative as
well. Since these results hold for any arbitrary finite Borel measure p on K, we can thus conclude by Lemma A1l
that both ¢; and ¢; are kernels, in the sense of Definition 2. O

Corollary Al. The mapst+— T(q:) and t — T(c:), defined on [0,1], are continuous and twice differentiable
with respect to the operator norm in L?(K). Moreover, %T(qt) =T(q), %T(Ct) =T(¢&), (szzT(qt) =T(g) and
LT (er) = T(&).
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Proof. Consider the map (¢, z) — ¢;(2), defined on [0,1] x K2, which is continuous wrt z and C? wrt ¢, as it can
be easily checked. Since K? and [0, 1] are compact sets, it follows that for any ¢

lim sup 7(13(2) —a(2) — ¢:(2)| = sup lim 7(15('2) —a(2) —q(2)| =0
st g2 s—t t K2 St s—t ¢ ’
Hence lim,_,; =1 = ¢; uniformly on K2, and hence lim,_,; w = T(¢) in the L*(K, ) norm for

operators, since K is compact.

The proof for the second derivative works in the same way, using the fact that (¢, z) — ¢:(z) is continuous in z
and C' in t.

As a consequence of the above results, ¢ — T'(g;) is continuous and twice differentiable, with %T(qt) =T(¢:) and
%T(Qt) = T'(gt).

The proof for T'(¢;) is analogous. O

Lemma 5 (Convergence to the continuous limit). Let Q1 be the covariance kernel of the layer | in a net of
L+ 1 layers [0: L], and g be the solution of (8), then

lim sup sup |Qur(z,z") — q—yr(z,2")| = 0.
L—ooyelo:1) (z,2")e K2

Proof. We will show that the relation holds for ¢;, and hence for g;.
Let H, defined on [0,1] x K2, be such that ¢,(z) = H(z,t,ci(2)). Explicitly, with the same notations as in (A6),
we have

H(z,t,7) = 03(Gu(=) = A(2)7) + 5 f(7)
Define
7(h) = sup Mh—ct(z) - H(z,t,ct(z))‘ .

Since t and z takes values on compact sets, by uniform continuity, fixed h we can write, for h — 0

sup sup |H(z,s,cs(2)) — H(z,t,c(2))] = o(h).
t selt,i+h]

f:+h(H(z, s,¢s(2)) — H(z,t,ci(2)) ds|, it is clear that 7(h) — 0

Hence, since 7 can be rewritten as 7(h) =  sup,_,

for h — 0. ~
Now, for any integer L > 1, let Hy, : K2 x [0: L — 1] x [~1,1] be given by

- o2 o2\ 1 o2
Au(0,7) = (Ao a) = DIy + % (14 58) Ao flale o) + ot

where,

N = ~1_9 V(11
Ay (z,2) = \/(1 barcen) (1 - bt )

It is clear from (A5) that Hy, has been defined so that Cpyq1(2) — Cy(2) = +Hp(2,1,7), forall L€ [0: L — 1]
and all z € K2. Using the explicit form of the diagonal terms of ) and g, it can be easily shown that, for L — oo,

sup sup Al+1\L(l°7$/) =1+ %Atzl/L(m,x/) +O(1/L?);
(z,2’)EK? 1€[0:L—1]
2

su su b =Giyp(z, ") +0(1/L?),
(x,x’)Ie)KHe[OPL] VOuL(@2)Qu (e’ =1/ (@) (1/L%)
where A; and G; are defined as in (A6). As a consequence, we can find a constant M; > 0 and an integer L, > 0
such that, for all v € [~1,1], for all z € K2, for all L > L*

B (z,0,7) ~ H=, /L) < (A7)
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Moreover, there exists a constant Ms > 0 such that for all z € K2, all t € [0,1] and all pairs (v,7') € [-1, 1]
[H(z,t,7) = H(z,t,9)] < Mally =[] (A8)
Thanks to the two above uniform inequalities, we will now show that, for L > L,,

eM2 1

sup sup |Cyp(x, ") — ¢,y (z,2")] < 7(1/L) ) (A9)

1€[0:L] e K? M,
where 7 : h — 7(h) + My h.
To do so, fix L > L, and define A; = sup, g2 [Cyr(2,2") — ¢,y (%, 2")|. Using the definition of 7, (A7) and
(A8) we get
A < (1+22) JA] + £7(1/0) + 2 = (1+ ) [A| + £7(1/L).

At this point, using the fact that Ay = 0, it is easy to show by induction that

1
(14 22) -1
A <F(1/L)~—2L 7
e
and so (A9) follows.
Finally, the uniform convergence of C to ¢ implies the one of @) to ¢ and so we conclude. O

A2.2 Universality of the covariance kernel

We will now prove the results of universality of Theorem 1 and Proposition 6.

Proof of Theorem 1

The idea is to prove that for any finite Borel measure p on K, the operator T, (g;) is strictly positive definite if
t > 0, and then use the characterization of universal kernels given in Lemma A2.

To prove the strict positive definiteness, we will proceed in two steps. First we show in Proposition A2 that for
all non-zero ¢ € L*(K, i), (T,(q:) ¢, ¢) > 0 for ¢ small enough. Then we use Proposition A3, which shows that
4T, (q) is non-negative definite.

Proposition A2. Fiz any finite Borel measure p on K, and assume that o, > 0. Given any non-zero
¢ € L*(K, ), there exists a t, € (0,1] such that (T,,(q:) ¢, ) >0, for all t € (0,t,).

Proof. From Corollary Al, we can expand T},(¢;) around t = 0 as

2

Ty(at) = Tu(qo) +tTyu(do) +o(t) =t T, (013 + Uzwao) + Tu((co +tf(co))Ro) + ot),

the o(t) being wrt the operator norm, where we have defined the kernel Ry via Rp(z,2') =

% A+ P + -

Since T},(qo) is non-negative, for any ¢ € L?(I), we have

(T ) = (Tl + () Ro) ) +0(6) = (1= 5 ) (o) .0) + ¢ T (F ) ) + 000,

where ¢(z) = /(1 + ([2]|2)/2 ¢(x). We conclude by the strict positivity of f(co) on L?(K, ), thanks to
Proposition A1 and Lemma A2. O

Proposition A3. For any finite Borel measure i on K, for any t € [0,1], the operator T,,(¢:) on L*(K, ) is
non-negative definite. In particular, for all ¢ € L*(K, i) we have

S(Tu(aqr) o, 0) > 0.
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Proof. Fix p and ¢ € L?(K, p). From (8) we can write

0120 0121) JC(Ct)Qt) .

Tu(q) =T, (Ut? + o @ + P

By Lemma All, T,(q;) is non-negative definite, so we can write

(Bl o) = ot + % (1, (L 0 )0

Ct
2 ~
% (1, (Fleo ) i)

= %(Tu(f(ct)) Y, ),

Y

where f: vy — 7+ f(v), for v € [-1,1], and ¥(x) = \/q:(x, z) (x). By Lemma A8, the Taylor expansion of f
around 0 converges uniformly on [—1,1], and all its coefficients are non-negative. We conclude by Lemma A9 that
T,.(¢+) is non-negative definite.

Finally, to prove the inequality, it is enough to recall that %Tu(qt) = T,(g:) by Corollary Al, the derivative %
being wrt the operator norm on L?(K, u). O

Theorem 1 (Universality of ¢;). Let K C R? be compact and assume oy > 0. For any t € (0, 1], the solution g
of (8) is a universal kernel on K.

Proof. By Lemma, A2, it suffices to show that for any finite Borel measure p on K, T),(q¢) is strictly positive
definite for all ¢ € (0,1]. Fix any nonzero ¢ € L?(K, p1), define the map F on [0,1] by F(t) = (T,.(¢:) ¢, ). For
any fixed t € (0,1], by Proposition A2 we can find s € (0,¢) such that F(s) > 0. Since F' is non decreasing by
Proposition A3, we get that F; > 0. Hence T),(g;) is strictly positive definite. O

Proof of Proposition 6

The proof of Proposition 6 is quite similar to the one of Theorem 1.

Using Lemma A15 instead of Lemma A2, we will not need to consider a generic finite Borel measure g on S?~1,
but it will be enough to show that T}, (¢;) is a striclty positive operator on L?(S¢~!,v), where v is the standard
unifrom spherical measure on S¢~1.

Since o, = 0, we will not be able to use Proposition Al. We will hence state some preliminary results.

Lemma A12. Let {A,}nen be a family of compact non-negative operators on a separable Hilbert space H. Let
R, be the range of A, and assume that V = Span({J,,cy Rn) is dense in H. Let {an }nen be a strictly positive
sequence such that the sum

A=) an A,

converges in the operator norm. Then A is a compact strictly positive definite operator.

Proof. A is the convergent limit of a sum of compact self-adjoint operators and hence it is compact and self-adjoint.
Now, fix an arbitrary nonzero h € H. To show that A is strictly positive it is enough to prove that (A h, h) > 0.
Denote by Vi the linear span of Une[():N] R,,. Since Vi C Vy41 for all N, and UNeN VN =V is dense in H,
there exists a sequence {hy}nen converging to h and such that hy € Vi for all N.

Now let us show that there must exist n* € N such that A,« h # 0. Since limy_00 (b, hn) = (h, h) > 0, there
must be a N* such that (h, hy+) > 0 and so there exists n* € [0 : N*] and hp+ € Vp,« such that (h, hp+) # 0. In
particular, h is not orthogonal to R,« and cannot lie in the nullspace of A, «, using the fact that A, is compact
and self-adjoint and so its range and its nullspace are orthogonal [Lang, 2012].

Using the spectral decomposition of non-negative compact operators, it is straightforward that A, h # 0 implies
that (A,+ h,h) > 0. Now, since A,, is non-negative and a,, > 0 for all n, we have

(Ah,h) =Y an(Anhyh) > aps (A hyh) >0,
neN

and so we conclude. O
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Lemma A13. For alln € N, consider the kernel p,, on S, defined by p,(z,2') = (x-2')", and let T, (p,) be the
induced integral operator on L?(S%~',v). Denoting as R, the range of T,,(p,), the subspace V = Span (UneN Rn)
is dense in L*(S1v).

Moreover, letting V' = Span (UneN Rzn) and V" = Span (UneN R2n+1), we have L?(S1,v) = V' @ V", the
overline denoting the closure in L*(S1,v).

Proof. To prove that V is dense, first notice that for each spherical harmonic Y, we can find an operator in the
form T, (P(x - 2")), for a polynomial P, which has Y in its range. Since the range of such an operator is trivially
contained in V, it follows that V contains all the spherical harmonics, and so it is dense in L?(S?~!,v).

Now, note that for any even n and odd n’ we have

/ (z-2)"(z-2")"dv(z) =0,
Sd*]

by an elementary symmetry argument, since it is the integral on the sphere of a homogeneous polynomial of odd
degree n + n' in the components z;’s of z. -
It follows that ¥’ and V' are orthogonal. Since their union V is dense, we conclude that L?(S?1,v) = V/@V”. O

Corollary A2. With the notations of Lemma Al13, assume that a sequence {anen} is such that A =
> nen @n T (pn) converges wrt the operator norm on L*(S*™*,v). Then A = A" + A", where A’ : V! — V'
and A" : V" — V. Such a decomposition is unique and

A/ = Z Qo Tu(pZn) 3 A// = Z Q2n+1 TV (p2n+1) 3

neN neN

both sums converging wrt the operator norm.

Proof. Tt is clear that A = A’ + A” when both A’ and A” are defind on the whole L2(S%!, v).

Consider any ¢ € L2(S?1,v). We have A’p € V', since T}, (pa, ) € V' for all n. Analogously, we can show that
A"p € V", To conclude that we can consider the restrictions of A’ and A” to V/ and V" respectively, it is enough
to recall that for compact self adjoint operators the nullspace is the orthogonal of the closure of the range [Lang,
2012], so that the nullspace of A’ contains V' and the nullspace of A” contains V. O

Lemma A14. The function f:[—1,1] = R, defined in (4), is an analytic function on (—1,1), whose expansion
J(v) =2 enan " converges absolutely on [—1,1]. Moreover, o, > 0 for all evenn € N, oy = —1/2 and o, = 0
for all odd n > 3.

Let g : [-1,1] = R be defined as g(v) = f(7)f' (7). g is analytic on (—1,1) and its expansion g(v) =D, cn Bn V"
converges absolutely on [—1,1]. Moreover, for all odd n € N the coefficient 8, is strictly positive.

Proof. The claims for f have been already proven in Lemma AS8. As for g, the analyticity of f implies the one of
/', and it is easy to check the convergence on [—1,1]. Moreover, all the odd Taylor coefficients of f’ are striclty
positive, as the even coefficients of f are. It follows that 3, > 0 for all odd n. O

Proposition A4. Given any non-zero p € L*(S~1,v), there exists a t, € (0,1] such that (T, (q:) ,¢) > 0, for
allt € (0,t,).

Proof. The case g, > 0 has been already established in Proposition A2, hence suppose that o, = 0.
First recall (A6)

. o8
Ct = 710 f(Ct) . (AlO)
Deriving once more we have

& =glar), (A1)
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where ¢ = ff’ as in Lemma Al4.
Define the kernels p,’s, and the subspaces V' and V" of L2(S?~!,v), as in Lemma A13. By (A10) and (A11) we
can write

¢t =co+téo+ %ifoJrO(tQ) =co+1tf(co)+ %g(CU) +o(t?).

Since op = 0, we have that co(z,2’) = x - 2/, so that ¢y = p;.

From Lemma A14, T,,(¢o) = D, cn @ 10 (Pn) and T,, (o) = >, cn Bn T (Pn), both sums converging in the operator
norm. Moreover, a, > 0 for all even n and «a,, = 0 for all odd n > 3, whilst 3,, > 0 for all odd n.

In particular, by Corollary A2 and Lemma A12, we deduce that the restriction of T, (¢)|g7: V! — V' is well
defined and strictly positive, and the same holds true for the restriction T, (éo)| : V7 — V7.

Now fix a non-zero ¢ € L(S%"!,v). By Lemma A13, we can write ¢ = ¢’ + ¢”, with ' € V7, ¢ € V” uniquely
determined.

First, suppose that ¢’ # 0. Using Corollary Al and recalling that cqg = p1, we get

(Tu(ct) p,0) = KT (Co) g @', ) + (1 + tar) T (p1) ¢, ") + o(t) > 0,

for ¢ small enough.
Oun the other hand, for ¢’ = 0, we have ¢ = ¢” and so

(T, (c0) o) = (L +ta)To(p1) ", ") + 5 (T (o) lgmr @, ") + 0(t%) > 0

for ¢t small enough.
So there is a t, such that, for t € (0,t,), (T (ct) @, ) > 0. It follows immediately that the same property is true
for T, (qy)- O

Lemma A15. Let Q be a kernel on S*~1. Then Q is universal on S*=! if and only if T, (Q) is strictly positive
definite on L?(S%1 v).

Proof. 1If @ is universal, T,,(Q) is strictly positive definite by Lemma A2. On the other hand, if 7, (Q) is strictly
positive definite, by Proposition 5 its range contains all the spherical harmonics. Since the RKHS generated by Q
contains the range of 7}, (Q) (Proposition 11.17 in [Paulsen and Raghupathi, 2016]), it contains the linear span of
the spherical harmonics, which is dense in C(S?~!) [Kounchev, 2001]. Hence @ is universal. O

Proposition 6 (Universality on S¥~1). For any t € (0,1], the covariance kernel q;, solution of (8) with oy = 0,
is universal on S, with d > 2.

Proof. Proceeding as in the proof of Theorem 1, using Proposition A3 and Proposition A4 we can show that T, (q;)
is strictly posititive definite on L?(S?~! v) for all t € (0,1]. We conclude by Lemma A15 that ¢; is universal on
Sdfll ]

A3 Stable ResNet with decreasing scaling

A3.1 Proof of Proposition 7

Proposition 7 (Uniform Convergence of the Kernel). Consider a Stable ResNet with a decreasing scaling, i.e.
the sequence {\ };>1 is such that Y, A\} < co. Then for all (op,0,) € RT x (RT)*, there exists a kernel Qoo on
R? such that for any compact set K C R,

sup |QL(£U7»T/) - Qoo(ﬂf,l‘/)| = @(Z@L )‘%) :

z,x' e K

Proof. Let z,2' € R?. The kernel Q; is given recursively by the formula

o2 \?
2

Qu(z,2") = Qi_1(z,2") + Njop + FC1_1(2,2") Qi1 (,2)/Qia (27, 27)
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where f(t) = 2E[¢/(Z1)¢ (tZ1 + V1 —1225)] = t + f(t) and Zy, Z, are iid standard Gaussian variables. In

particular, we have
o2\

Qo) = Nof + 1+ P2 )Q (o).

which brings
202 02 )\2 2072
Ql('x '7") o2 (1+ 2 )(Ql_1($,$)+7b),

2
w w
Therefore, we can assume without loss of generality that o, = 0. This yields

o2 22
1 w R _
N o2 lel(.’L‘,.’L'/) + 2}\]02 f(cl 1(‘%."%'/)) .

Cl(xaxl) =

242
Letting a; = % and C; := Cy(x,2’), we have that

1
Cr=—-—-2C
! 1+o = 1+1+Oél

f(Cry).

Since f is non decreasing, C! is non-decreasing and has a limit Cig (z,2") < 1.

Now let us prove that the convergence of C; to Cs happens uniformly with a rate >, -, A?. Using the recursive
formula of Cj, and knowing that we have that -

1
O —Ci= —(Cop — Cp_y) + 1

T+ o l(coo - f(Ci—1)).

14+«
Letting 6; = Cs — C, it is easy to see that, uniformly in z, 2’ € R?, we have that
0 =0_1+aq + O(Oél).
Therefore, using the fact that C; < C',, we have
sup |C)(z,2") — Coo(x,2")| = O Zak
(z,z’)€RY k>1
Moreover, we know that
l
Qu(z,2) = Qo(z, ) [T(1 + aw),
k=1
so that for any compact set K C R?

sup [Qi(2, 7) — Qoo 2)| ~ > ak.

k>l
Moreover, since Co (7, 2") > Cy(z,2") and Qoo (z,7) > Qi(z,z) for all x € RY, we can use the fact that
Qoo(,2") = Qu(w,2") = \/ Qoo (#,2) Qoo (', 2") (Cos (2, 2) — Ci(, "))
+ Cl LU7.T (\/QOO I7I)QOO($/7I/) - \/Ql(l’71’)Ql($/7$/))

and hence conclude. O]

A3.2 Proof of Corollary 1

Corollary 1. The following statements hold
o Let K be a compact set of R? and assume oy, > 0. Then, Qoo is universal on K.
o Assume o, = 0. Then Qoo is universal on S1.

Proof. Corollary 1 is a direct result of Propositions 3, 4 and 2. Indeed, for any compact K C R, Hq, (K) C
Ho.. (K) for all L > 0. Therefore, the universality of Q1 for some finite L is sufficient to conclude that Qo is
universal. O
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A4 Neural Tangent Kernel

Throughout this section, we will consider ResNets with NTK parameterization [Jacot et al., 2018]. This simply
means that all the components of the biases and the weights will be initialized as iid standard normal random
variables. In order to compensate this change of parameterization, the propagation through the network needs to
be slightly modified. Hence (2) will be replaced by

yQ(IL‘)ZUiWOI'-i-O'bBO;

yi(x) = yi—1(z) + N (A12)

Wl + oy By .

However, it is strightforward to verify that the recurrence (5 ) for the covariance kernels keeps unchanged.
Clearly, the dynamics of a standard ResNet with NTK parameterization can be recovered from (A12) by setting
)\H_LL =1 fOI’ all l, L.

The Neural Tangent Kernel, introduced by [Jacot et al., 2018], is defined as
ézL](x’ z') = Vpar yZ(I) “Vpar y]L(x/) )
where V., denotes the gradient wrt the parameters of the network.
The NTK of a Stable ResNet can be evaluated recursively. We will now prove the recurrence formula (9). The

following result was proven in Lemma 3 in [Hayou et al., 2019b] for the case of a standard ResNet without bias.
We extend it to ResNet with bias.

Lemma A16 (Recurrence relatino for the NTK). For a Stable ResNet, the NTK can be evaluated recursively,
layer by layer, as
©0 = Qo Orr1 =61+ A1 (U + 7] 0)) 9)

where Wy(z,2') = of + oL E[p(yi () d(y1 ()] and Wi(x,2") = oL B[4 (45 ()¢’ (y1 ("))]-

Proof. The first result is the same as in the FFNN case [Jacot et al., 2018], since we assume there is no residual
connections between the first layer and the input. Let z, 2’ € R%. We have

_Ow, . s 2
8wéj Bwéj oby by d TT AT

eo(m,):i:ayé(x) Oyd(z)  Oyb(x) dyd(z) o2
§=0

We prove the second result by induction. The proof is similar to the one of ResNet in [Hayou et al., 2019b]. Let
O = Wy, By). For i > 1and i € [1: Nj4q]

890:zyli+1( )= a9ozyl( )+)‘l+1L\/72WU1¢ yl I))6911yl( z).

Therefore, we obtain

(D0, Y111(2)) (00, Y141 ()" = (04,41 (2)) (Do, i (")

2NL

M i DWW G @) 0] )00 (@) O] @)+ 1,

3,3’

where
I= /\z+17L% ; W1 (6 (4] (2)) Doy, i () (Do, 5 ()" + & (4] (27)) Dy, 47 () (Do, i ())") -

We prove the result by induction. Assume the result is true for layers 1,2, ...,] and let us prove it for [ + 1. Using
the induction hypothesis, as Ny, No, ..., N;_1 — oo recursively, we have that

2Nl

(B2 (20) O ()" + N L3 D WL WL (] (000 (o ))a ] 2) O] )" + T

3,3’

N;
0.2

— Oy(z,2') + A?Mﬁ“; (W )20 (4 ()¢ (4] (') O (@, 2") + I,
J
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where I' = S Wit (¢/ (4] (2)) + & (4] (+')) ©1(x, 2').

As N; — oo, we have that I’ — 0. Using the law of large numbers, as N; — oo

o2 M

o Z(Wﬁi1 ¢ (] (2)¢' (] ("))Ou(w, ) — Wj©y(x,2").
Moreover, we have that
(8%1yz‘H(x))(aWHlny(x/))t + (08,9141 () (08, Yl ()
Z 3y (@) +0i = CREle (@)oi ()] +of = Wi,
and so we conclude. O

As a corollary of the above result, using the results in [Daniely et al., 2016] for the ReLU activation function, we
can express the recursion more explicitly. We have

(1 + f/<Cl)) )

where f is defined in (4) and f’: v+~ —L arccos~ is the first derivative of f. So we can write

o2 o2

O = @z+)\l+1L(ab+ (1+f<cl>)c2+ “’(1+f(Cl))@l) (A13)

We can now easily check that the NTK is a kernel in the sense of Definition 2.
Lemma A17 (©; is a kernel). For all layer I, ©r, is a kernel in the sense of definition (2).

Proof. Tt’s clear that ©yg = ()¢ is a kernel. Now fix any layer [. We have already proved in Lemma A10 that
(1 + %(j')) Q; is a kernel. With a similar argument, noting that 1 + f’ can be expressed as a power series with

only non negative coefficients on [—1, 1], we conclude by Lemma A9 that 1+ f/(C;) is a kernel. Using the usual
argument that sums and product of kernels are kernels, we conclude by induction that ©; is a kernel. O

As a final remark, note that from (A1), we have that /\lQ,L\I/l = @Qi+1 — Q. Hence we can rewrite (A13) as

O — O =Qu1 — Q+ Ay L% (1 + f(C1) © (Al4)

Since 14 f’ is non negative on [—1, 1], it is easy to show by induction that ©; > @, point-wise, for all {. This is
done explicitly in the next Lemma, which is a Corollary of Lemma 1 and show the divergence of the NTK for a
Standard ResNet.

Lemma A18 (Exploding NTK). Consider a ResNet of form (1). For all x € R?,
Or(z,x) > (1 + 2 ) (Qo(x x) + 201’) . (A15)

Proof. By Lemma 1, it suffices to show that O (x,z) > Qr(z, ).
Recall (A13), noticing that 1+ f' >0 on [—1,1], (1 + %C:’)) Q: > 0 and that ©g = Qg > 0, by an easy induction

we have that ©; > 0 for all [. As a consequence, from (A14), we get that ©;11 — ©; > Q41 — Q;. Hence,
again with a straightforward induction we have that ©; > @Q; for all [ and the the whole K2. In particular
Or(z,x) > Qr(x,z) for all z € K. O

Lemma A19 (Normalized NTK recursion). Consider a ResNet of type (1) without bias, and let o = é The
NTK recursion formula can be written in terms of normalized NTK k' (x,2') = O;(x, 2") /(1 + «)!~!

fil(l‘,l'/) = (1 i Oéf'(cl—l(%fﬂ'))

14+«

) ki1 (z, ') + af (Cr_1(z, 2)/ Qo (x, ) Qo2 , ') ,

where f is given by (A2), f(t) = L(t arcsint + V1 —12) + 1t.
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Proof. Let z,2' € RY. For a ResNet of type (1), we have that

=014 (V11 +9;_,6,4) ,

where U; 1 = aQ;_1(z,2') and ¥)_| = af'(C;_;). Using the recursive formula for the diagonal elements, we have
that U, 1 = a(1+a) = f(C_4 (x, 7))/ Qo(z, 2)Qo (', 2'). We conclude by dividing both sides by (1+a)'~t. O

A4.1 Proof of Proposition 8

Proposition 8. Fiz a compact K C R? (0 ¢ K if o, = 0) and consider a Stable ResNet with decreasing scaling.
Then Oy, converges uniformly over K2 to a kernel ©o,. Moreover O is universal on K if o, > 0. If K = $%1,
then the universality holds for o, = 0.

Proof. Let K C R? (0 ¢ K if 0, = 0) be a compact. From (A13), with a decreasing scaling, we have that
0, =01 +N (V1 +1/0;, 1)

o2
= (1 + )\1227““]”’(01—1)> O1_1 + N,

Therefore, the NTK can be expressed exclusively in terms of the covariance kernels (Q%)re[0:1—1], more precisely

we have that
l l 1

2 2
(")l _ H (1 + )\%O’wal(ck—l)> QO + ZAZQ H <1 + )\?O’éﬂf/(cj_l)> \I/k—l .
k

k=1 =1 j=k

It is straightforward that ©; converges pointwise to a limiting kernel ©,. Let us prove that the convergence is
uniform over K. By observing that |f’| < 1, we have that for all z,2’ € K

0 2
1422w
H<+>\k2>

k=l+1

l 2
100 (z,2) — Oy(z,2)| < [] <1 + Ai";) Qo(z,2")

2
+ > Al <1+)\?U2“’> Wy1(,2)

k=l+1  j=k

where k is a constant that depends on the compact K. This proves the uniform convergence with a rate of
O (Z;O:z 1 )\i) As a consequence, being a uniform limit of kernels, ©, is a kernel.

Proceeding as in the proof of Lemma A17, it’s easy to prove by induction that for all I, ©; — Q; is a kernel. In
particular,

T(0) = T(Qu)
where > is in the operator sense, that is T(©;) — T(Q;) is non-negative definite. This yields
T(Ox) = T(Qu) -

Therefore O, inherits the universality of Q. naturally by the RKHS hierarchy [Paulsen and Raghupathi, 2016].
We conclude that O, is universal (for both cases). O

For the rest of this section, let K C R? by a compact set. If o, = 0, assume that 0 ¢ K.

With the uniform scaling, for arbitrary x,z’ € K, the continuous version of (9) reads

O, 2') = du(w,a’) + % (1+ f(cr(,2"))) Os (2

(A16)
90 =4qo,

where f': v+~ —% arccosy is the first derivative of f, defined in (4).
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Lemma A20. For any x,2’ in K, the solution t — Oy of (Al6) is unique and well defined for all t € [0,1].
Moreover, the map (x,2') — ©O(x,2') is a kernel in the sense of Definition 2 for all ¢ € [0, 1].
We have the L?>(K) convergence of the discrete model to the continuous one:

Pt 1T (®1) = T(Biyn)|, = 0

Proof. The existence and the uniqueness are clear, since it is a homogeneous first order Cauchy problem, with
continuous coefficients. We can write explicitly the solution as

t
9, = e (qo —I—/ gs e~ ds) , (A17)
0

where G¢(z) = % fot(l + f'(cs(2))) ds for z € K2. Tt becomes then clear that z ++ ©:(z) is a continuous and
symmetric function on K2.

it is easy to check that the uniform convergence of C' and @ to ¢ and ¢ implies that for all z € K,
limy, e SUPeqo.1) [©12(2) — O1/(2)| = 0. As consequence, by dominated convergence,

Jim s [[7(60) =~ T00yw)], =0

Hence, T'(6;) is the limit of a sequence of non-negative definite operators and hence it is non-negative definite, so
that 6, is a kernel on K for all ¢ € [0, 1]. O

Proposition 9. Let K C R? and fiz t € (0,1]. If op > 0, then 0; is universal on K. The same holds true if
op =0 and K = S%°1.

Proof. Fix t € (0,1]. The solution of (A16) can be written as 6; = g; + r¢, where

I
re = % /0 (1+ f'(cs)) 05 ds.

Now, let us show that r;. First, by Lemma A14 it is easy to check that 1+ f’ is analytic on (—1,1) and its Taylor
expansion around 0 converges on [—1,1]. Moreover all the Taylor coefficients are non negative. Hence, Lemma A9
shows that (14 f/(cs)) is a kernel for all s € [0, s). It follows that (1+ f'(cs)) 0 is a kernel.'” Now, (14 f/(cs) 05
is continuous and symmetric on Z2, and it is easy to check from (A17) that it is uniformly bounded for s € [0, t).
It follows that r; is continuous and symmetric. Now, fix an arbitrary finite Borel measure y on K. We have to
show that 7T),(r;) is non-negative definite, so that we can conclude by Lemma Al. Fixed ¢ € L?(K, ), by simple
standard arguments we have

t
T e.0) = [T+ 7)) 0) prohds 2 0
0
and so r; is a kernel.
Now, given two kernels @ and R, it is a classical result that @ + R is a kernel and its RKHS contains the RKHS

of @ and R, [Paulsen and Raghupathi, 2016]. We conclude that the RKHS of #; contains the RKHS of ¢;. Since
@+ is universal, 0; is universal. O

A5 A PAC-Bayes Generalization result
In this section, we study the PAC-Bayes upper bound of a GP with kernel Q1. We consider a dataset S with NV
iid training examples {(x;,y;) € X x Y,i € [1: N]}, and a hypothesis space H from which we want to learn an

optimal hypothesis according to some bounded loss function ¢ : Y x Y — [0, 1]. The empirical loss of a hypothesis

h € H is given by
1 XN
NZ h(zi), yi) -

17See footnote 14.
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Assuming that the samples are distributed as (z,y) ~ v where v is a probability distribution on X x Y, we define
the generalization (true) loss by

’I“(h) = E,,[E(f(l‘), y)] .

For some randomized learning algorithm A, the empirical and generalization loss are given by
rs(A) = Envalrs(h)];  r(A) = Epnalr(h)].

The PAC-Bayes theorem gives a probabilistic upper bound on the generalization loss r(A) of a randomized
learning algorithm A in terms of the empirical loss rg(A). Fix a prior distribution P on the hypothesis set H.

The Kullback-Leibler divergence between A and P is defined as KL(A|P) = [log ';EZ; A(h)dh € [0, 00]. The

Bernoulli KL-divergence is given by kl(a|[p) = alog  + (1 — a)log i:; for a,p € [0,1]. We define the inverse

Bernoulli KL-divergence ki~ by
kl='(a,e) = sup{p € [0,1] : kl(a,p) < &}.

Theorem 2 (PAC-Bayesian theorem). For any loss function £ that is [0,1] valued, for any distribution v, for
any N € N, for any prior P, and any 6 € (0, 1], with probability at least 1 — & over the sample S, we have

2V N
r(A) <kl (rs(A), KL(AHP)N+ log 5N) |

The PAC-Bayesian theorem gives can also be stated as

KL(A||P) + log 2N
i .

kl(rs(A), r(A)) <

The KL-divergence term K L(A||P) plays a major role as it controls the generalization gap, i.e. the difference
(in terms of Bernoulli KL-divergence) between the empirical loss and the generalization loss. In our setting, we
consider an ordinary GP regression with prior P(f) = GP(f]0,Q(x,z')). Under the standard assumption that
the outputs yn = (¥;)icq1:n are noisy versions of fy = (f(24))icp.n) wWith yn|fx ~ N (yn|fn, o2I), the Bayesian
posterior A is also a GP and is given by

A(f) = GP(f1Qn (2)(Qnn + 1) yn, Q(z,2') — Qn(2)(@nn +0*1) QN ()T, (A18)

where Qn(z) = (Q(z,7;))ici1:n) and Qnn = (Q(z4,75))1<ij<n- In this setting, we have the following result

Proposition 10 (Stability of PAC-Bayes bound). Let Qp, be the kernel of a ResNet. Let Pr, be a GP with kernel
Q1 and Ag be the corresponding Bayesian posterior for some fived noise level o > 0. Then, in a fized setting
(fized sample size N), the following results hold:

1. With a standard ResNet, we have
KL(AL||PL) 2 L.

2. With a Stable ResNet, we have
KL(AL||PL) =0OL(1).

Proof. The proof relies on the simple observation that Pr(f|fn) = Ar(f|fn). This yields

KL(AL||Pr) = KL(AL(fN)ALfISN)IPL(fN)PL(flfN))
= KL(AL(fN)IPL(fN))

; log(det(Qr,nn + 0°1)) — gbg(‘ﬂ) - %Tr(QL,NN(QL,NN +0°1)7h) (A19)
+ %y (Qrnn +0* D) 'Qran(Qr NN + %) tyn,
)1<

where Qr nvnv = (Qr (24, z5)
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Since Qr vy is symmetric and strictly positive definite, it is straightforward that the largest eigenvalue of
QrnnN(Qr,nN + 02I)71) is smaller than 1. This yields

Tr(Qran(Qrnn +02) 1) <N

and
yn(QrNN + 2D QL n(Qrnn +°I) yny <o ||lyn]la

Both quantities are bounded independently from L and the scaling factors (Ag,r)ke[2:L]-

Now let us analyse the first term %log(det(QL,NN +02I)). Let pipo > pp1 > -+ > pp N be the eigenvalues of
Qr nn. For a simplification purpose, we assume the inputs belong to the unit sphere S?~1. The proof extends to
any compact set.

Let us study the behaviour of the first term for both cases.

Case 1. Assume we have a standard ResNet architecture. On the unit sphere S%~!, we have that Qr(z,2’) >
2 2

qrCr(z,2), where g, = (1+ %)% with 6 = (o7 + Z+)/(1+ %). Using Lemma 4, we know that limp,_,o fip,0 =

floo,0 € (0,00) and for all k > 1, limy_,o iz = 0. This yields

log(det(Qr,nn +0°I)) > ) log(qrfir . + o)

WE

k=1

> log(qriiz,o + o) + (N — 1) log(c?)
2

> Llog(1 + %ﬂ) ,

where the last inequality holds for sufficiently large L.

Case 2. In the case of Stable ResNet, we know that as L — oo, the kernel @ converges to a strictly positive
definite kernel Qn,, therefore the first term log(det(Qr yn + 1)) remains bounded as L — oo, which concludes
the proof. ]

A6 NNGP correlation kernel without bias as a modified NNGP kernel

Unscaled ResNets suffer from the exploding variance problem, which needs to be avoided in order to isolate the
disadvantages of inexpressivity in their NNGP kernel. In order to do so, we use the NNGP correlation kernel C'
instead of NNGP covariance kernel @, noting that Lemma A4 provides a simple recursion formula for C if o, = 0,
at depth [ < L:

1 a .
Cl([l:7"13/) = mcﬁfl(l’,x/) + ﬁf(lel(x,x/)), (AQO)

2 2 N
where oy 1, = A”% and f defined in (A2). In order to combine this with open-source packages [Novak et al.,
2020, Bradbury et al., 2018] designed for NNGP calculation, we note that (A20) can be viewed as the NNGP
kernel of the following modified ResNet layer, using the same notation as in (2):

yl($) = w/l—CAkLLyl_l(.%')—ﬁ—\/dLL}—((Wl,Bl),yl_l), le [1 :L], (A21>

oL
1+ag, L

with (3417[/ =

A7 Experimental details and additional results

A7.1 NNGP results

For our Vanilla ResNet NNGP results, we preprocess all training, validation and test data by first centering the
training set and then normalizing all images to lie on the pixel dimension sphere. For our Wide ResNet NNGP
results we normalise all data so that the training set is centered and has channel-wise unit variance. We use
Kaiming [He et al., 2015] initialisation throughout, with 02 = 2 and o7 = 0. Vanilla ResNets have the same
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structure as type (2) in Table 2 and we use the same WRN kernel architecture as [Lee et al., 2019] in Table 1 but
omit the final average pooling step, which is known to improve kernel performance but dramatically increase
computational costs [Novak et al., 2019, Lee et al., 2020]. Throughout this work, where there are residual blocks
with multiple layers, we calculate our scaling factors for uniform and decreasing scaled Stable ResNets by the
number of residual connections. For example, a WRN-202 has only 99 residual connections, so we set )\fi =99
for the uniform scaling factors. We tune the noise variance o2, which is akin to the regularisation parameter in
kernel ridge regression. To do so, we compute validation accuracy on a validation set of size 5000, selecting the
best 02 = X\ x Trace(Qnn)/N from a logarithmic scale of A = [0.001,0.01,0.1], where N is the training set size
and Qnn is the N x N training set Gram matrix for NNGP Q.

AT7.2 Trained ResNet results

For all our trained ResNet experiments we use a similar setup to the open-source code for [Wang et al., 2020] in
PyTorch [Paszke et al., 2019]. We repeat each experiment 3 times and report the best test accuracy and error
intervals. All ResNets are initialised with Kaiming initialisation [He et al., 2015] and like [Wang et al., 2020] we
adopt ResNets architectures where we double the number of filters in each convolutional layer. For experiments
with BatchNorm, on CIFAR-10/100 we use batch size 64 across all depths and on TinylmageNet we used batch
size 128 for depths 32 & 50, and batch size 100 for depth 104 in order to allow the model to fit onto a single
11GB VRAM GPU. We use SGD with momentum parameter 0.9 and weight decay parameter 10~* throughout.

We also present results for ResNets trained without BatchNorm [Ioffe and Szegedy, 2015]. BatchNorm is a
normalization layer commonly used with modern ResNets that is known to improve performance and allows deeper
ResNets to be trained, though the precise reasons for this are not well understood. Several recent works [De
and Smith, 2020, Zhang et al., 2019] have studied the possibility of removing the need for BatchNorm layers, by
introducing trainable uniform scalings to the residual connection to stabilise variance at initialisation & gradients,
demonstrating promising results. Note, our work additionally introduces decreasing scaling and also uses the
infinite-width NNGP/NTK connection to assess the theoretical advantages of scaled Stable ResNets in the limit
of infinite depth.

Moreover, our focus is not towards the possibility of removing BatchNorm and we show in Table 3 that our
scalings can improve BatchNorm ResNets. However, we also present results without BatchNorm in Table 4, where
again we see that our scaled stable ResNets improve performance compared to their unscaled counterparts: for
example both Decreasing and Uniform scaling outperform the unscaled ResNet by over 3% test accuracy on
CIFAR-100 with ResNet-104.

For ResNets trained without BatchNorm, for a fair comparison we tuned the initial learning rate on a small
logarithmic scale, using batch size 128.

Table 4: Test accurracies (%) of trained deep ResNets without BatchNorm of various scalings and depths on CIFAR-10
(C-10), CIFAR-100 (C-100).

Dataset Depth Scaled (D) Scaled (U) Unscaled
C-10 32 92.641010 92.784018 92.1149.17
50 92.3310.05 92.721012 92.1040.17
104 92814000 93.2810.17 92.7010.08

C-100 ResNet32 67.73 10420 67.064038 65.374+0.32
ResNet50 69-38io_20 68.76i0.18 66.02i0_41
ResNet104 70.60:|:0,52 70.95:|:0_13 67.41:|:0,41

A8 Some results on the Sphere S?!

On the sphere S, the kernel Qs is analytic as a result of lemma A8. Moreover, the coefficient of the analytic
decomposition are all positive.

Lemma A21 (Analytic decomposition of 2 layer ReLU ResNet). For all (z,2') € ST, Qq(z,2') = g(z - 2')
where g(z) = ;50 a;z" and a; > 0 for all i > 0.
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Proof. Let z,2’ € S*~'. We have
2

Qo(z,2') =0} + %"x .

As a result, for all z,2/, Qo(z,z) = Qo(2',2") = o} + %. The diagonal term of the kernel is the same for all
r € S?!. We note f; = Q;(z,x) and z = 2 - 2’. Using this observation, we have that

g ~
Qi(z,2') = Qo 2') + A(0f + 3 f(Cola, ') fo) -
It can be easily deduced from lemma A8 that there exist {b;};>0 such that

Ci(w,2') =bo+biz+ Y byiz™,

i>0

where bg, by, ba; > 0.
Following the same approach, we have that

2
Qa(w,2) = Qulw,a') + Aa(of + 5 f(Cr(,a'))B2)
and

F(Ci(z,2") = ag + a1 C1 (z,2") + D agi(Ci(z,2'))* .

i>1
Having the terms of orders 0 and 1 in Cj(x, 1) ensures having a positive coefficient for all terms 2% for i > 1,

which concludes the proof. O

The previous result can be easily extended to general L > 2. We have that

QL(xvx/) = gL(I . I/) )

where g7, : [-1,1] — R is a continuous function. Kernels that can be written in this form are known as the
dot-product kernels (or zonal kernels on the unit sphere). In our setting, we have a stronger property; we prove
in the next result we show a that the kernel @1, is analytic on the sphere S%=1 in the sense that the function Jgr,
is analytic on [—1,1].

Proposition A5 (Qy is analytic). Let L > 2, there exists (o, ;)i>o such that for all z,2' € S*1

Qr(x,2') = ZaLyi(x L

i>0
Moreover, (ar+41,4)i>0 can be expressed in terms of (ar i)i>o0
Op+1i=0L; +AL41,0+1 X VLis (A22)

with

2
or+ 8L Y gz;o/ﬁo ifi=0;
m>0

YL, =

(7'2 m . .
Brg > G > I apk, ifi>1.
m>0 "L ky+..+ky,=ij=1
where B, = Qr(x,x) = Qr(a',2") = >, arn,i and (am)m>0 is such that ag, a1 > 0 and az; > 0 and azi1 =0
for all i > 1. -
As a result, for all L > 2,1 > 0,ar,; > 0.

Proof. The result is true for L = 2 by lemma A21. Let us prove the result for all L > 3 by induction.
Let L >3, 2,2’ € S¥ 1 z=2-2" and B = Qi(z,x) = Q;(«’,2'). Assume the result is true for L and let us prove
it for L + 1. We have that

2
Quin(@.y) = Que,y) + A1 paa(0F + 2 F(Cula,y)h)
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Knowing that Cj(z,y) = 5 Qi(z,y), we have that
f(Cilz,y)) Z *Cz
m>0
Y S
m>0 >0

=3 DIND S | (T

m>0 " i>0 k... k=i j=1
m

i

> [X 5 X Hewl
i>0  m>0 L kit...dkm=ij=1

which gives the recursive formulas for the coefficients of the analytic decomposition. Observe that the coefficients
are non-decreasing wrt L. Using lemma A21 we conclude that ar ; > 0. ]

For depth L > 2, proposition A5 shows that all coefficient (ay,;);>0 are (strictly) positive. It turns out that this
is a sufficient condition for the kernel Q1 to be strictly positive definite. We state this in the next proposition.
The result can be seen as a consequence of Lemma A12 and Lemma A13. However we will give here a more direct
proof.

Proposition A6 (Qy, is strictly p.d. for L > 2). Let Q be an analytic kernel on the unit sphere S¥=1, i.e. there
exist a sequence of real numbers (a;)i>o such that for all z,z' € S4=1

= Z a;(x-z')
i>0

Assume a; > 0 for all i € N. Then, Q is strictly positive definite.
As a result, for all L > 2, T, (Qy) is strictly positive definite, i.e. for any non-zero function ¢ € L*(S*1,v)

(T, (Qr)p ) >0

v is the standard uniform measure on the sphere S¢~1.

Proof. Let @ be an analytic kernel on the unit sphere S4~1, that is there exists a sequence of real numbers (0)i>o0
such that for all z, 2’ € S~!
x') = Zai(x -x')

>0
and assume «; > 0 for all 4 € N. The map (z,2’) — z - 2’ is trivially a kernel in the sense of Definition 2. For all
i>0, (z,2') = (z-2)" is a kernel as well.'® Tt follows that T, (Q) is non-negative definite, as a converging sum

of non-negative operators. Let us prove that it is strictly positive definite.
Let ¢ € Lo(S?!,v) such that (T, (Q) ¢, ) = 0. Since a; > 0 for all i, we have that for all i > 0

[ [@aye@ew) v@ane) =o,

recalling that v is the uniform measure on the sphere S¢~!. This yields

//P(.’L’ -2 )p(x)p(x') dv(z)dv(z’) =0 (A23)

for any polynomial function P.
Since ¢ is a function on the sphere S¢~!, it can be decomposed in the Spherical Harmonics orthonormal basis
(Yi,j)k,; (see e.g. [MacRobert, 1967]) as

N(d,k)

Ve ST p(z) = Z Z bi,j Y j(x)

k>0 j=1

189ee footnote 14.
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where by, ; = de_l e(w)Yy j(w) dv(w).
In particular, equation (A23) is true for the Associated Legendre Polynomials Py,. Knowing that N(d, k) Py (x-2') =
SN Y (1) Vi s (), (A23) yields

N(d,k)

[ ] X vomi@ewe) armare o

for all k£ > 0. Therefore,
N(d,k)

> ;=0
j=1
for all £ > 0. We conclude that ¢ = 0. O

By Mercer’s theorem [Paulsen and Raghupathi, 2016], the kernel @1, can be decomposed in an orthonormal basis
of L2(S?1). It turns out that this orthonormal basis is the so-called Spherical Harmonics of S¥~!. This is a
corollary of the next lemma, which is a classical result [Yang and Salman, 2019].

Lemma A22 (Spectral decomposition on S¥~1). Let Q be a zonal kernel on S4=1, that is Q(z,2") = p(x - 2') for
a continuous function p: [—1,1] — R. Then, there is a sequence {jix > O}ren such that for all x,z' € S1

N(d,k)
=Y e Y, V@)V,
k>0 =1

where {Yy, j}i>0,je[1:8(a,k)] are spherical harmonics of St and N(d, k) is the number of harmonics of order k.

With respect to the standard spherical measure v on S, the spherical harmonics form an orthonormal basis of
L2(S* Y, v) and T, (Q) is diagonal on this basis.

Proof. We start by giving a brief review of the theory of Spherical Harmonics ([MacRobert, 1967]). For some
k>1,let (Yij)i<j<n(dk) be the set of Spherical Harmonics of degree k. We have N(d, k) = 2k+d 2 (kjﬁg?’).
The set of functions (Y j)k>1,je[1:n(d,k)) form an orthonormal basis of L?(S%1 v), where v is the uniform measure
on %1,

For some function p, the Hecke-Funk formula reads

[ Wi i) = i@ [ pwpton - e

where Qg is the volume of the unit sphere S9~!, and P is the multi-dimensional Legendre polynomials given
explicitly by Rodrigues’ formula

k d— k
1 I s—a d d-3
Pl = (-5 ) — 22 (1-)" 7" (1 - )"
(0= (~3) Fo et
(P%)4>0 form an orthogonal basis of L2([—1,1], (1 — 2)“Z"dt), i
(P, P) = Ok, s

L2([~1,1],(1—2) %" dt)
where §;; is the Kronecker symbol.

Using the Heck-Funk formula, we prove that @ can be decomposed on the Spherical Harmonics basis. Indeed, for
any z,2’ € S, the decomposition on the spherical harmonics basis yields

N(d,k)

Qz,a) =3 > [/Sd1P(<w’$'>)Yk,j(w)dV(w) Y ().
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Using the Hecke-Funk formula yields

N(d,k)
Q
o) =3 % [Tt [ sorton -] @),
k>0 j=1
We conclude that
N(d,k)
lek Z Vi j ()Y, 5 (2') -

k>0 j=1

where p;, = QS;I f_llp(t)P,f(t)(l —12)(@=3)/2d¢. We also have that 1, > 0 since @ is non-negative by definition.
The last statement, follows from the spectral theory of compact self-adjoint operators and the orthonormality of
the spherical harmonics (see the appendix of [Yang and Salman, 2019] for details). O

Corollary A3 (Spectral decomposition of Qr). For L > 1, there exist (jir 1)k>0 such that pr i > 0 for all
k>0, and for all z,z’ € S*' we have

N(d,k)

QL(ac,x Z/,LLk Z Yk](.%‘ Y]c] )

k>0
where (Y j)k>0,j€[1:N(d,k)] are spherical harmonics of S4=1 and N(d, k) is the number of harmonics of order k.

Corollary A3 shows that for any depth L, the Spherical Harmonics are the eigenfunctions of the kernel QJ7. The
fact that pr , > 0 is a direct result of Proposition A6. Leveraging this result, we can prove a stronger result,
which is the universality of the kernel Q.

Proposition A7 (Universality on S*!). For all L > 2, Qr, is universal on S?=' for d > 2.

Proof. The result is a consequence of Lemma A15 and Proposition A6. An alternative proof is the following.

It is a classical result that the set Spherical Harmonics form an orthonormal basis on L?(S?~!, v). Leveraging the
result from corollary A3, it is straightforward that any continuous function in L?(S~! v) can be approximated
by a function of the form ), Q. (z;,.) which belongs to the RKHS of Q. Therefore, Qy, is universal on Sé-1,
Note that we have not made the assumption that o, > 0. ]
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ABSTRACT

Overparameterized Neural Networks (NN) display state-of-the-art performance.
However, there is a growing need for smaller, energy-efficient, neural networks to
be able to use machine learning applications on devices with limited computational
resources. A popular approach consists of using pruning techniques. While these
techniques have traditionally focused on pruning pre-trained NN (LeCun et al.,
1990; Hassibi et al., 1993), recent work by Lee et al. (2018) has shown promising
results when pruning at initialization. However, for Deep NNs, such procedures
remain unsatisfactory as the resulting pruned networks can be difficult to train
and, for instance, they do not prevent one layer from being fully pruned. In this
paper, we provide a comprehensive theoretical analysis of Magnitude and Gradient
based pruning at initialization and training of sparse architectures. This allows
us to propose novel principled approaches which we validate experimentally on a
variety of NN architectures.

1 INTRODUCTION

Overparameterized deep NNs have achieved state of the art (SOTA) performance in many tasks
(Nguyen and Hein, 2018; Du et al., 2019; Zhang et al., 2016; Neyshabur et al., 2019). However,
it is impractical to implement such models on small devices such as mobile phones. To address
this problem, network pruning is widely used to reduce the time and space requirements both at
training and test time. The main idea is to identify weights that do not contribute significantly to
the model performance based on some criterion, and remove them from the NN. However, most
pruning procedures currently available can only be applied after having trained the full NN (LeCun
et al., 1990; Hassibi et al., 1993; Mozer and Smolensky, 1989; Dong et al., 2017) although methods
that consider pruning the NN during training have become available. For example, Louizos et al.
(2018) propose an algorithm which adds a L regularization on the weights to enforce sparsity while
Carreira-Perpifidn and Idelbayev (2018); Alvarez and Salzmann (2017); Li et al. (2020) propose the
inclusion of compression inside training steps. Other pruning variants consider training a secondary
network that learns a pruning mask for a given architecture (Li et al. (2020); Liu et al. (2019)).

Recently, Frankle and Carbin (2019) have introduced and validated experimentally the Lottery
Ticket Hypothesis which conjectures the existence of a sparse subnetwork that achieves similar
performance to the original NN. These empirical findings have motivated the development of pruning
at initialization such as SNIP (Lee et al. (2018)) which demonstrated similar performance to classical
pruning methods of pruning-after-training. Importantly, pruning at initialization never requires
training the complete NN and is thus more memory efficient, allowing to train deep NN using limited
computational resources. However, such techniques may suffer from different problems. In particular,
nothing prevents such methods from pruning one whole layer of the NN, making it untrainable. More
generally, it is typically difficult to train the resulting pruned NN (Li et al., 2018). To solve this
situation, Lee et al. (2020) try to tackle this issue by enforcing dynamical isometry using orthogonal
weights, while Wang et al. (2020) (GraSP) uses Hessian based pruning to preserve gradient flow.
Other work by Tanaka et al. (2020) considers a data-agnostic iterative approach using the concept of
synaptic flow in order to avoid the layer-collapse phenomenon (pruning a whole layer). In our work,
we use principled scaling and re-parameterization to solve this issue, and show numerically that our
algorithm achieves SOTA performance on CIFAR10, CIFAR100, TinyImageNet and ImageNet in
some scenarios and remains competitive in others.
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Table 1: Classification accuracies on CIFAR10 for Resnet with varying depths and sparsities using SNIP (Lee
et al. (2018)) and our algorithm SBP-SR

ALGORITHM 90% 95% 98% 99.5% 99.9%

RESNET32 SNIP 92,26 +0.32  91.18£0.17 87.78 £0.16  77.56+0.36 9.98+0.08
SBP-SR 92.56 +0.06 91.21+0.30 88.25+0.35  79.54+1.12 51.56+1.12

RESNET50 SNIP 91.95+0.13  92.124+0.34  89.26 +0.23 80.49+2.41 19.98+14.12
SBP-SR 92.05+0.06 92.74+0.32 89.57 +0.21  82.68+0.52 58.76+1.82

RESNET104 SNIP 93.25+0.53 92.98+0.12 91.58+0.19 33.63+33.27 10.11+0.09

SBP-SR 94.69 +0.13  93.88 +0.17 92.08 +0.14  87.47+0.23 72.701+0.48

In this paper, we provide novel algorithms for Sensitivity-Based Pruning (SBP), i.e. prumng schemes
that prune a weight W based on the magnitude of |WW 8W| at initialization where £ is the loss.
Experimentally, compared to other available one-shot pruning schemes, these algorithms provide
state-of-the-art results (this might not be true in some regimes). Our work is motivated by a new
theoretical analysis of gradient back-propagation relying on the mean-field approximation of deep
NN (Hayou et al., 2019; Schoenholz et al., 2017; Poole et al., 2016; Yang and Schoenholz, 2017;
Xiao et al., 2018; Lee et al., 2018; Matthews et al., 2018). Our contribution is threefold:

e For deep fully connected FeedForward NN (FFNN) and Convolutional NN (CNN)), it has been
previously shown that only an initialization on the so-called Edge of Chaos (EOC) make models
trainable; see e.g. (Schoenholz et al., 2017; Hayou et al., 2019). For such models, we show that an
EOC initialization is also necessary for SBP to be efficient. Outside this regime, one layer can be
fully pruned.

e For these models, pruning pushes the NN out of the EOC making the resulting pruned model
difficult to train. We introduce a simple rescaling trick to bring the pruned model back in the EOC
regime, making the pruned NN easily trainable.

e Unlike FFNN and CNN, we show that Resnets are better suited for pruning at initialization
since they ‘live’ on the EOC by default (Yang and Schoenholz, 2017). However, they can suffer
from exploding gradients, which we resolve by introducing a re-parameterization, called ‘Stable
Resnet’ (SR). The performance of the resulting SBP-SR pruning algorithm is illustrated in Table
1: SBP-SR allows for pruning up to 99.5% of ResNet104 on CIFAR10 while still retaining around
87% test accuracy.

The precise statements and proofs of the theoretical results are given in the Supplementary. Appendix
H also includes the proof of a weak version of the Lottery Ticket Hypothesis (Frankle and Carbin,
2019) showing that, starting from a randomly initialized NN, there exists a subnetwork initialized on
the EOC.

2 SENSITIVITY PRUNING FOR FFNN/CNN AND THE RESCALING TRICK

2.1 SETUP AND NOTATIONS

Let x be an input in R?. A NN of depth L is defined by

y'(2) =AWy (@) + B, 1<I1<L, 1
where y!(z) is the vector of pre- activations, W' and B’ are respectively the weights and bias of
the I layer and F; is a mapping that defines the nature of the layer. The weights and bias are
initialized with W' "5 A/ (0,02 /v;), where v is a scaling factor used to control the variance of y,

and B! . N(0, o ) Hereafter, M; denotes the number of weights in the [th layer, ¢ the activation
function and [m : n] := {m,m + 1,...,n} for m < n. Two examples of such architectures are:

o Fully connected FFNN. For a FENN of depth L and widths (N;)o<;<r,, we have v; = N;_q,
Ml = lelNl and

Ni—a

yi (z) = Z zj+ B, yi(z) = Z Y(x)) 4+ B! forl>2. )
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e CNN. For a 1D CNN of depth L, number of channels (rn;);<,, and number of neurons per channel
(N1)i<1., we have

ni—1 ni_—1

yLa Z Z 51'] a+3+b17 yza ZE) Z Z qub(y] OH_B(I))"'bi, fOI'l227
Jj=1 peker j=1 peker

3)

where i € [1 : ny] is the channel index, & € [0 : N;—1] is the neuron location, ker; = [—k; : k;] is the

filter range, and 2k; + 1 is the filter size. To simplify the analysis, we assume hereafter that N; = N
and k; = k for all [. Here, we have v; = n;—1(2k + 1) and M; = n;_1n;(2k + 1). We assume
periodic boundary conditions; so yﬁ’a = yia +N = Yio—n- Generalization to multidimensional
convolutions is straightforward.

When no specific architecture is mentioned, (Wil)lgig A, denotes the weights of the [ layer. In
practice, a pruning algorithm creates a binary mask ¢ over the weights to force the pruned weights to
be zero. The neural network after pruning is given by

y' (@) = Fi(' o W'y (@) + B, @)
where o is the Hadamard (i.e. element-wise) product. In this paper, we focus on pruning at
initialization. The mask is typically created by using a vector g' of the same dimension as W' using
a mapping of choice (see below), we then prune the network by keeping the weights that correspond
to the top k values in the sequence (g!);; where k is fixed by the sparsity that we want to achieve.
There are three popular types of criteria in the literature :

e Magnitude based pruning (MBP): We prune weights based on the magnitude |1V/|.

o Sensitivity based pruning (SBP): We prune the weights based on the values of |W%| where £

is the loss. This is motivated by Ly ~ Lyy—g + WaW used in SNIP (Lee et al. (2018)).

o Hessian based pruning (HBP): We prune the weights based on some function that uses the Hessian
of the loss function as in GraSP (Wang et al., 2020).

In the remainder of the paper, we focus exclusively on SBP while our analysis of MBP is given in
Appendix E. We leave HBP for future work. However, we include empirical results with GraSP
(Wang et al., 2020) in Section 4.

Hereafter, we denote by s the sparsity, i.e. the fraction of weights we want to prune. Let A; be the set
of indices of the weights in the [ layer that are pruned, i.e. A; = {i € [1: M], s.t. 6} = 0}. We
define the critical sparsity s., by
Ser = min{s € (0,1), s.t. 31, |A;| = M},

where | A;] is the cardinality of A;. Intuitively, s, represents the maximal sparsity we are allowed to
choose without fully pruning at least one layer. s, is random as the weights are initialized randomly.
Thus, we study the behaviour of the expected value E[s..| where, hereafter, all expectations are
taken w.r.t. to the random initial weights. This provides theoretical guidelines for pruning at
initialization.

Foralll € [1 : L], we define oy by v; = a; N where N > 0, and ¢; > 0 such that M; = (;N?, where
we recall that v; is a scaling factor controlling the variance of 4 and M; is the number of weights

in the I layer. This notation assumes that, in each layer, the number of weights is quadratic in the
number of neurons, which is satisfied by classical FFNN and CNN architectures.

2.2 SENSITIVITY-BASED PRUNING (SBP)

SBP is a data-dependent pruning method that uses the data to compute the gradient with backpropa-
gation at initialization (one-shot pruning).We randomly sample a batch and Comgute the gradients
of the loss with respect to each weight. The mask is then defined by 6! = I(|W, i o | > ts), where

= |W%|(ks) and ky = (1 —s) >, M; and |W%|(ks) is the k™ order statistics of the sequence

(\ ! 3Wz Di<i<ri<i<m-

However, this simple approach suffers from the well-known exploding/vanishing gradients problem
which renders the first/last few layers respectively susceptible to be completely pruned. We give a
formal definition to this problem.
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Definition 1 (Well-conditioned & ill-conditioned NN). Let m; = E[|W] Bavﬁ' |2] forl € [1: L]. We
1

say that the NN is well-conditioned if there exist A, B > 0 such that forall L > 1 andl € [1 : L] we
have A < m;/mp < B, and it is ill-conditioned otherwise.

Understanding the behaviour of gradients at initialization is thus crucial for SBP to be efficient. Using
a mean-field approach, such analysis has been carried out in (Schoenholz et al., 2017; Hayou et al.,
2019; Xiao et al., 2018; Poole et al., 2016; Yang, 2019) where it has been shown that an initialization
known as the EOC is beneficial for DNN training. The mean-field analysis of DNNs relies on two
standard approximations that we will also use here.

Approximation 1 (Mean-Field Approximation). When N; > 1 for FFNN or n; > 1 for CNN, we
use the approximation of infinitely wide NN. This means infinite number of neurons per layer for fully
connected layers and infinite number of channels per layer for convolutional layers.

Approximation 2 (Gradient Independence). The weights used for forward propagation are indepen-
dent from those used for back-propagation.

These two approximations are ubiquitous in literature on the mean-field analysis of neural networks.
They have been used to derive theoretical results on signal propagation (Schoenholz et al., 2017;
Hayou et al., 2019; Poole et al., 2016; Yang, 2019; Yang and Schoenholz, 2017; Yang et al., 2019)
and are also key tools in the derivation of the Neural Tangent Kernel (Jacot et al., 2018; Arora et al.,
2019; Hayou et al., 2020). Approximation 1 simplifies the analysis of the forward propagation as it
allows the derivation of closed-form formulas for covariance propagation. Approximation 2 does
the same for back-propagation. See Appendix A for a detailed discussion of these approximations.
Throughout the paper, we provide numerical results that substantiate the theoretical results that we
derive using these two approximations. We show that these approximations lead to excellent match
between theoretical results and numerical experiments.

Edge of Chaos (EOC): For inputs z, 2, let ¢!(x, z') be the correlation between y'(x) and y!(2').
From (Schoenholz et al., 2017; Hayou et al., 2019), there exists a so-called correlation function f
that depends on (o, 03) such that ¢'+1(z, ') = f(c!(z,2")). Let x(0p,0,) = f'(1). The EOC
is the set of hyperparameters (0, 0p) satisfying x(op, 04,) = 1. When x(03,0,) > 1, we are in
the Chaotic phase, the gradient explodes and c!(z, z") converges exponentially to some ¢ < 1 for
x # ' and the resulting output function is discontinuous everywhere. When x (o3, o) < 1, we are
in the Ordered phase where c!(z, ') converges exponentially fast to 1 and the NN outputs constant
functions. Initialization on the EOC allows for better information propagation (see Supplementary
for more details).

Hence, by leveraging the above results, we show that an initialization outside the EOC will lead to an
ill-conditioned NN.

Theorem 1 (EOC Initialization is crucial for SBP). Consider a NN of type (2) or (3) (FFNN or CNN).
Assume (0, 0p) are chosen on the ordered phase, i.e. x(op,04) < 1, then the NN is ill-conditioned.

Moreover, we have
1 log(kLN?) 1
Elser] < = [1+ ——-F O — |,
[ser] < I < + - + VNG
where £ = |log x(0b,0)|/8. If (0w, 0p) are on the EOC, i.e. x(0p,04) = 1, then the NN is
well-conditioned. In this case, k = 0 and the above upper bound no longer holds.

The proof of Theorem 1 relies on the behaviour of the gradient norm at initialization. On the ordered
phase, the gradient norm vanishes exponentially quickly as it back-propagates, thus resulting in an
ill-conditioned network. We use another approximation for the sake of simplification of the proof
(Approximation 3 in the Supplementary) but the result holds without this approximation although
the resulting constants would be a bit different. Theorem 1| shows that the upper bound decreases
the farther x (o, 0.,) is from 1, i.e. the farther the initialization is from the EOC. For constant width
FENN with L = 100, N = 100 and = 0.2, the theoretical upper bound is E[s.,] < 27% while
we obtain E[s.,| &~ 22% based on 10 simulations. A similar result can be obtained when the NN is
initialized on the chaotic phase; in this case too, the NN is ill-conditioned. To illustrate these results,
Figure 1 shows the impact of the initialization with sparsity s = 70%. The dark area in Figure 1(b)
corresponds to layers that are fully pruned in the chaotic phase due to exploding gradients. Using an
EOC initialization, Figure 1(a) shows that pruned weights are well distributed in the NN, ensuring
that no layer is fully pruned.
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Figure 1: Percentage of weights kept after SBP applied to a randomly initialized FFNN with depth 100 and
width 100 for 70% sparsity on MNIST. Each pixel (¢, j) corresponds to a neuron and shows the proportion of
connections to neuron (i, j) that have not been pruned. The EOC (a) allows us to preserve a uniform spread of
the weights, whereas the Chaotic phase (b), due to exploding gradients, prunes entire layers.

2.3 TRAINING PRUNED NETWORKS USING THE RESCALING TRICK

We have shown previously that an initialization on the EOC is crucial for SBP. However, we have not
yet addressed the key problem of training the resulting pruned NN. This can be very challenging in
practice (Li et al., 2018), especially for deep NN.

Consider as an example a FFNN architecture. After pruning, we have for an input
. Ni_ -
gi() = Y55 Wolo(5; () + Bl forl > 2, (5)

where § is the pruning mask. While the original NN initialized on the EOC was satisfy-
ing dt(x,2") = f(c!(x,2")) for f'(1) = x(0p,04,) = 1, the pruned architecture leads to
(@, 2") = forunea (& (x, 2")) with f]04(1) # 1, hence pruning destroys the EOC. Consequently,
the pruned NN will be difficult to train (Schoenholz et al., 2017; Hayou et al., 2019) especially if
it is deep. Hence, we propose to bring the pruned NN back on the EOC. This approach consists
of rescaling the weights obtained after SBP in each layer by factors that depend on the pruned
architecture itself.

Proposition 1 (Rescaling Trick). Consider a NN of type (2) or (3) (FFNN or CNN) initialized on
the EOC. Then, after pruning, the pruned NN is not initialized on the EOC anymore. However, the
rescaled pruned NN

y'(x) = F(p'od' o W'y ()) + B, forl>1, ©)
where
1 _1
Péj = (E[Nl—l(Will)26§1])72 for FFNN , pé,j,ﬁ = (E[”l—l(Wz‘l,l,ﬁ)%i,l,ﬁ]) 2 for CNN,  (7)
is initialized on the EOC. (The scaling is constant across j).

The scaling factors in equation 7 are easily approximated using the weights kept after pruning.
Algorithm 1 (see Appendix I) details a practical implementation of this rescaling technique for FFNN.
We illustrate experimentally the benefits of this approach in Section 4.

3  SENSITIVITY-BASED PRUNING FOR STABLE RESIDUAL NETWORKS

Resnets and their variants (He et al., 2015; Huang et al., 2017) are currently the best performing
models on various classification tasks (CIFAR10, CIFAR100, ImageNet etc (Kolesnikov et al., 2019)).
Thus, understanding Resnet pruning at initialization is of crucial interest. Yang and Schoenholz
(2017) showed that Resnets naturally ‘live’ on the EOC. Using this result, we show that Resnets
are actually better suited to SBP than FFNN and CNN. However, Resnets suffer from an exploding
gradient problem (Yang and Schoenholz, 2017) which might affect the performance of SBP. We
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Figure 2: Percentage of non-pruned weights per layer in a ResNet32 for our Stable ResNet32 and standard
Resnet32 with Kaiming initialization on CIFAR10. With Stable Resnet, we prune less aggressively weights in
the deeper layers than for standard Resnet.

address this issue by introducing a new Resnet parameterization. Let a standard Resnet architecture
be given by

yl(ac) = ]-'(Wl,x), yl(x) = yl_l(a:) —l—]—'(Wl,yl_l), forl > 2, )

where F defines the blocks of the Resnet. Hereafter, we assume that F is either of the form (2) or (3)
(FENN or CNN).

The next theorem shows that Resnets are well-conditioned independently from the initialization and
are thus well suited for pruning at initialization.

Theorem 2 (Resnet are Well-Conditioned). Consider a Resnet with either Fully Connected or
Convolutional layers and ReLU activation function. Then for all o,, > 0, the Resnet is well-

conditioned. Moreover, for all | € {1, ..., L}, we have m' = ©((1 + %)L)

The above theorem proves that Resnets are always well-conditioned. However, taking a closer look
at m!, which represents the variance of the pruning criterion (Definition 1), we see that it grows
exponentially in the number of layers L. Therefore, this could lead to a ‘higher variance of pruned
networks’ and hence high variance test accuracy. To this end, we propose a Resnet parameterization
which we call Stable Resnet. Stable Resnets prevent the second moment from growing exponentially
as shown below.

Proposition 2 (Stable Resnet). Consider the following Resnet parameterization
(@) =y @) + ZFWLy'TY), forl>2, ©)
then the NN is well-conditioned for all 7,, > 0. Moreover, for all | < L we have m! = ©(L™!).

In Proposition 2, L is not the number of layers but the number of blocks. For example, ResNet32
has 15 blocks and 32 layers, hence L = 15. Figure 2 shows the percentage of weights in each layer
kept after pruning ResNet32 and Stable ResNet32 at initialization. The jumps correspond to limits
between sections in ResNet32 and are caused by max-pooling. Within each section, Stable Resnet
tends to have a more uniform distribution of percentages of weights kept after pruning compared
to standard Resnet. In Section 4 we show that this leads to better performance of Stable Resnet
compared to standard Resnet. Further theoretical and experimental results for Stable Resnets are
presented in (Hayou et al., 2021).

In the next proposition, we establish that, unlike FFNN or CNN, we do not need to rescale the pruned
Resnet for it to be trainable as it lives naturally on the EOC before and after pruning.

Proposition 3 (Resnet live on the EOC even after pruning). Consider a Residual NN with blocks of
type FFNN or CNN. Then, after pruning, the pruned Residual NN is initialized on the EOC.

4 EXPERIMENTS

In this section, we illustrate empirically the theoretical results obtained in the previous sections. We
validate the results on MNIST, CIFAR10, CIFAR100 and Tiny ImageNet.

4.1 INITIALIZATION AND RESCALING

According to Theorem 1, an EOC initialization is necessary for the network to be well-conditioned.
We train FENN with tanh activation on MNIST, varying depth L € {2, 20, 40, 60,80, 100} and
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Figure 3: Accuracy on MNIST with different initialization schemes including EOC with rescaling, EOC without
rescaling, Ordered phase, with varying depth and sparsity. This shows that rescaling to be on the EOC allows us
to train not only much deeper but also sparser models.

sparsity s € {10%, 20%, .., 90%}. We use SGD with batchsize 100 and learning rate 10~3, which
we found to be optimal using a grid search with an exponential scale of 10. Figure 3 shows the test
accuracy after 10k iterations for 3 different initialization schemes: Rescaled EOC, EOC, Ordered.
On the Ordered phase, the model is untrainable when we choose sparsity s > 40% and depth L > 60
as one layer being fully pruned. For an EOC initialization, the set (s, L) for which NN are trainable
becomes larger. However, the model is still untrainable for highly sparse deep networks as the sparse
NN is no longer initialized on the EOC (see Proposition 1). As predicted by Proposition 1, after
application of the rescaling trick to bring back the pruned NN on the EOC, the pruned NN can be
trained appropriately.

Table 2: Classification accuracies for CIFAR10 and CIFAR100 after pruning

CIFARI10 CIFAR100
SPARSITY 90% 95% 98% 90% 95% 98%
ResNet32 (NO PRUNING) 94.80 - 74.64 - -
OBD LECUN ET AL. (1990) 93.74 93.58 93.49 73.83 71.98 67.79
RANDOM PRUNING 89.95+0.23 89.68+0.15 86.13+0.25 63.13£2.94  64.55+£0.32  19.83+3.21
MBP 90.214+0.55 88.35+0.75 86.83+0.27  67.07+0.31  64.924+0.77  59.53+2.19
SNIP LEE ET AL. (2018) 92.26 £0.32 91.18+£0.17 87.78+£0.16 69.31 £0.52 65.63+0.15 55.70 +£1.13
GRASP WANG ET AL. (2020) 92.204+0.31 91.394+0.25  88.70+0.42 69.24 +0.24 66.50 +£0.11 58.43 +0.43
GRASP-SR 92.30+0.19  91.1640.13 87.8 +0.32 69.12+0.15 65.49+0.21 58.63 +0.23
SYNFLOW TANAKA ET AL. (2020)  92.01+0.22 91.67+0.17 88.10+0.25 69.03+£0.20 65.23+0.31 58.73 £ 0.30
SBP-SR (STABLE RESNET) 92,56 £0.06 91.214+0.30 88.25+0.35 69.51+0.21 66.72+0.12 59.51 + 0.15
ResNet50 (NO PRUNING) 94.90 - - 74.9 - -
RANDOM PRUNING 85.11+4.51 88.76+0.21 85.324+0.47  65.674+0.57  60.23+2.21  28.324+10.35
MBP 90.11 £ 0.32 89.06 £ 0.09 87.32£0.16 68.51 £0.21 63.32+1.32 55.21 +0.35
SNIP 91.95+0.13 92.12 £ 0.34 89.26 £ 0.23 70.43+£0.43 67.85+1.02 60.38+0.78
GRASP 9210 £0.21  91.74+0.35  89.97+ 0.25 70.53+0.32  67.84+0.25  63.88+0.45
SYNFLOW 92.05+0.20 91.83+0.23 89.61+0.17 70.43+0.30  67.95+0.22  63.95+0.11
SBP-SR 92.05+0.06  92.74+ 0.32 89.57+0.21 7179+ 0.13  68.98 + 0.15 64.45+ 0.34
ResNet104 (NO PRUNING) 94.92 - - 75.24 - -
RANDOM PRUNING 89.80+0.33 87.86+1.22  85.524+2.12  66.73+1.32  64.98+0.11 30.31+4.51
MBP 90.05+1.23  88.954+0.65 87.83+1.21 69.57+0.35  64.31+£0.78  60.21+2.41
SNIP 93.25+0.53 92.98+0.12 91.58+0.19 71.94+0.22 68.73+0.09 63.31 £0.41
GRASP 93.08£0.17  92.93+0.09 91.194+0.35 73.33+0.21 7095+ 1.12  66.914+0.33
SYNFLOW 93.43+0.10 92.85+0.18 91.034+0.25 72.854+0.20  70.33+0.15 67.02+0.10
SBP-SR 94.69 +0.13  93.88+0.17 92.08+0.14 7417 +0.11 71.84 £0.13 67.73 +£0.28

4.2 RESNET AND STABLE RESNET

Although Resnets are adapted to SBP (i.e. they are always well-conditioned for all o,, > 0), Theorem
2 shows that the magnitude of the pruning criterion grows exponentially w.r.t. the depth L. To resolve
this problem we introduced Stable Resnet. We call our pruning algorithm for ResNet SBP-SR (SBP
with Stable Resnet). Theoretically, we expect SBP-SR to perform better than other methods for
deep Resnets according to Proposition 2. Table 2 shows test accuracies for ResNet32, ResNet50 and
ResNet104 with varying sparsities s € {90%, 95%, 98%} on CIFAR10 and CIFAR100. For all our
experiments, we use a setup similar to (Wang et al., 2020), i.e. we use SGD for 160 and 250 epochs
for CIFAR10 and CIFAR100, respectively. We use an initial learning rate of 0.1 and decay it by 0.1
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at 1/2 and 3/4 of the number of total epoch. In addition, we run all our experiments 3 times to obtain
more stable and reliable test accuracies. As in (Wang et al., 2020), we adopt Resnet architectures
where we doubled the number of filters in each convolutional layer. As a baseline, we include pruning
results with the classical OBD pruning algorithm (LeCun et al., 1990) for ResNet32 (train — prune
— repeat). We compare our results against other algorithms that prune at initialization, such as
SNIP (Lee et al., 2018), which is a SBP algorithm, GraSP (Wang et al., 2020) which is a Hessian
based pruning algorithm, and SynFlow (Tanaka et al., 2020), which is an iterative data-agnostic
pruning algorithm. As we increase the depth, SBP-SR starts to outperform other algorithms that
prune at initialization (SBP-SR outperforms all other algorithms with ResNet104 on CIFAR10 and
CIFAR100). Furthermore, using GraSP on Stable Resnet did not improve the result of GraSP on
standard Resnet, as our proposed Stable Resnet analysis only applies to gradient based pruning. The
analysis of Hessian based pruning could lead to similar techniques for improving trainability, which
we leave for future work.

Table 3: Classification accuracies on Tiny ImageNet for Resnet with varying depths

ALGORITHM 85% 90% 95%

RESNET32 SBP-SR 57.25 £0.09 55.67 +£0.21 50.63+0.21
SNIP 56.924+ 0.33 54.9940.37 49.48+0.48

GRASP 57.25+0.11 55.534+0.11 51.344+0.29

SYNFLOW 56.75+0.09 55.60+0.07 51.50+0.21

RESNETS50 SBP-SR 59.8+0.18 57.74+0.06  53.97+0.27
SNIP 58.91+0.23 56.154+0.31 51.1940.47

GRASP 58.46+0.29 57.484+0.35 52.54+0.41

SYNFLOW 59.31+0.17 57.67+0.15  53.1440.31

RESNETI104 SBP-SR 62.84+0.13 61.96+0.11 57.94+0.31
SNIP 59.9440.34 58.144+0.28 54.940.42

GRASP 61.1+0.41 60.144+0.38 56.36+0.51

SYNFLOW 61.71+0.08 60.81+0.14  55.914+0.43

To confirm these results, we also test SBP-SR against other pruning algorithms on Tiny ImageNet.
We train the models for 300 training epochs to make sure all algorithms converge. Table 3 shows test
accuracies for SBP-SR, SNIP, GraSP, and SynFlow for s € {85%,90%, 95%}. Although SynFlow
competes or outperforms GraSP in many cases, SBP-SR has a clear advantage over SynFlow and
other algorithms, especially for deep networks as illustrated on ResNet104.

Additional results with ImageNet dataset are provided in Appendix F.

4.3 RESCALING TRICK AND CNNSs

The theoretical analysis of Section 2 is valid for Vanilla CNN i.e. CNN without pooling layers. With
pooling layers, the theory of signal propagation applies to sections between successive pooling layers;
each of those section can be seen as Vanilla CNN. This applies to standard CNN architectures such
as VGG. As a toy example, we show in Table 4 the test accuracy of a pruned V-CNN with sparsity
s = 50% on MNIST dataset. Similar to FFNN results in Figure 3, the combination of the EOC Init
and the ReScaling trick allows for pruning deep V-CNN (depth 100) while ensuring their trainability.

Table 4: Test accuracy on MNIST with V-CNN for different depths with sparsity 50% using SBP(SNIP)

L=10 L =50 L =100
ORDERED PHASE INIT ~ 98.12+0.13 10.00£0.0 10.00£0.0
EOC INIT 98.20+0.17 98.75+0.11 10.00+0.0
EOC + RESCALING 98.18+0.21  98.90+0.07 99.15+0.08

However, V-CNN is a toy example that is generally not used in practice. Standard CNN architectures
such as VGG are popular among practitioners since they achieve SOTA accuracy on many tasks.
Table 5 shows test accuracies for SNIP, SynFlow, and our EOC+ReScaling trick for VGG16 on
CIFAR10. Our results are close to the results presented by Frankle et al. (2020). These three
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algorithms perform similarly. From a theoretical point of view, our ReScaling trick applies to vanilla
CNNs without pooling layers, hence, adding pooling layers might cause a deterioration. However,
we know that the signal propagation theory applies to vanilla blocks inside VGG (i.e. the sequence
of convolutional layers between two successive pooling layers). The larger those vanilla blocks are,
the better our ReScaling trick performs. We leverage this observation by training a modified version
of VGG, called 3xVGG16, which has the same number of pooling layers as VGG16, and 3 times
the number of convolutional layers inside each vanilla block. Numerical results in Table 5 show that
the EOC initialization with the ReScaling trick outperforms other algorithms, which confirms our
hypothesis. However, the architecture 3xVGG16 is not a standard architecture and it does not seem
to improve much the test accuracy of VGG16. An adaptation of the ReScaling trick to standard VGG
architectures would be of great value and is left for future work.

Table 5: Classification accuracy on CIFAR10 for VGG16 and 3xVGG16 with varying sparsities

ALGORITHM 85% 90% 95%

VGG16 SNIP 93.09+0.11 92.974+0.08 92.61+0.10
SYNFLOW 93.21£0.13  93.05+0.11 92.19+0.12

EOC + RESCALING  93.1540.12 92.90%+0.15 92.70£0.06

3XVGG16 SNIP 93.30+£0.10 93.124+0.20 92.85+0.15
SYNFLOW 92.95+0.13 92.914+0.21 92.70+0.20

EOC + RESCALING ~ 93.97£0.17 93.75+0.15  93.40+0.16

Summary of numerical results. We summarize in Table 6 our numerical results. The letter ‘C’
refers to ‘Competition’ between algorithms in that setting, and indicates no clear winner is found,
while the dash means no experiment has been run with this setting. We observe that our algorithm
SBP-SR consistently outperforms other algorithms in a variety of settings.

Table 6: Which algorithm performs better? (according to our results)

DATASET ARCHITECTURE 85% 90% 95% 98%
CIFARI10 RESNET32 - C C GRASP
RESNET50 - C SBP-SR GRASP

RESNET104 - SBP-SR SBP-SR SBP-SR

VGGl16 C C C -

3xVGG16 EOC+RESC EOC+RESC EOC+RESC -

CIFAR100 RESNET32 - SBP-SR SBP-SR SBP-SR
RESNET50 - SBP-SR SBP-SR SBP-SR

RESNET104 - SBP-SR SBP-SR SBP-SR

TINY IMAGENET RESNET32 C C SYNFLOW -
RESNET50 SBP-SR C SBP-SR -

RESNET104 SBP-SR SBP-SR SBP-SR -

5 CONCLUSION

In this paper, we have formulated principled guidelines for SBP at initialization. For FFNN and CNN,
we have shown that an initialization on the EOC is necessary followed by the application of a simple
rescaling trick to train the pruned network. For Resnets, the situation is markedly different. There
is no need for a specific initialization but Resnets in their original form suffer from an exploding
gradient problem. We propose an alternative Resnet parameterization called Stable Resnet, which
allows for more stable pruning. Our theoretical results have been validated by extensive experiments
on MNIST, CIFAR10, CIFAR100, Tiny ImageNet and ImageNet. Compared to other available
one-shot pruning algorithms, we achieve state-of the-art results in many scenarios.
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A DISCUSSION ABOUT APPROXIMATIONS 1 AND 2

A.1  APPROXIMATION 1: INFINITE WIDTH APPROXIMATION

FeedForward Neural Network
Consider a randomly initialized FFNN of depth L, widths (N;)1<;< 1, weights W, “d N(0

)

and bias B! U N (0,02), where (11, 0%) denotes the normal distribution of mean g and variance
o2. For some input x € R?, the propagation of this input through the network is given by

d
Ni—1
Z Loy @) + Bl forl > 2. (1

Where ¢ : R — R is the activation function. When we take the limit N;_; — oo, the Central
Limit Theorem implies that y!(x) is a Gaussian variable for any input z. This approximation by
infinite width solution results in an error of order O(1/+/N;_1) (standard Monte Carlo error). More
generally, an approximation of the random process y.(.) by a Gaussian process was first proposed
by Neal (1995) in the single layer case and has been recently extended to the multiple layer case by
Lee et al. (2018) and Matthews et al. (2018). We recall here the expressions of the limiting Gaussian
process kernels. For any input z € R%, E[y!(2)] = 0 so that for any inputs x, 2’ € R?

K (2, 2") = Elyi(2)yi(2)]
= 0p + oL Ep(y; ()8y; ()]
=0 + o2 Fy(s' " (2, 2), ' (2, 27), 11 (2, 1),
where [, is a function that only depends on ¢. This provides a simple recursive formula for the
computation of the kernel Kl see, e. g., Lee et al. (2018) for more details.

Convolutional Neural Networks

Similar to the FFNN case, the infinite width approximation with 1D CNN (introduced in the main
paper) yields a recursion for the kernel. However, the infinite width here means infinite number of
channels, and results in an error O(1/,/n;_1). The kernel in this case depends on the choice of the
neurons in the channel and is given by

Ko (2,2') = Ely o (2)yh oo (@) = 07 + 02— 37 Elp(yh ol 5(2)d(yh L 4(2))]

so that

2

1—

Hla,o/ (aj,x/) = O'I% + i Z a+[g’ o’ +E(I,I), ’ia—o—lﬁ,a'-q-ﬁ(x T ) K/a—}—ﬁ o +B( ))
Eker

The convolutional kernel Iia o has the ‘self-averaging’ property; i.e. it is an average over the
kernels corresponding to different combination of neurons in the previous layer. However, it is
easy to simplify the analysis in this case by studylng the average kernel per channel defined by
&= N2 Yoa o Hu o~ Indeed, by summing terms in the previous equation and using the fact that we
use circular paddlng, we obtain

. 1 _ _ _
il(z,a') = o} + Uiﬁ Z F¢(/<:ﬁ17;, (x,x), nf%i,(a:, z'), /ilmolt, (', ).

a,a’

This expression is similar in nature to that of FFNN. We will use this observation in the proofs.

Note that our analysis only requires the approximation that, in the infinite width limit, for any two
inputs z, 2/, the variables y!(z) and y! (') are Gaussian with covariance '(z, 2") for FFNN, and
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y! o (x) and y! , (z') are Gaussian with covariance «!, . (2, 2") for CNN. We do not need the much
stronger approximation that the process 4! () (yia (z) for CNN) is a Gaussian process.

Residual Neural Networks
The infinite width limit approximation for ResNet yields similar results with an additional residual
terms. It is straighforward to see that, in the case a ResNet with FFNN-type layers, we have that

Kz 2') = k"N, 2") + of + o2 Fy(s' (2, 2), ' (2, 27), w11 (2, 2),

whereas for ResNet with CNN-type layers, we have that

/ﬁlowl (x,2") = Hi;ol/(x, 2') + o}
2
o I— - -
+ Qki Z F¢(“a+15,a'+6(f”vf”)»“afﬁ,a'w(@x’)v”afﬁ,a'w(w/vx/))-

BeEker

A.2 APPROXIMATION 2: GRADIENT INDEPENDENCE

For gradient back-propagation, an essential assumption in prior literature in Mean-Field analysis
of DNNSs is that of the gradient independence which is similar in nature to the practice of feedback
alignment (Lillicrap et al., 2016). This approximation allows for derivation of recursive formulas for
gradient back-propagation, and it has been extensively used in literature and verified empirically; see
references below.

Gradient Covariance back-propagation: this approximation was used to derive analytical formulas
for gradient covariance back-propagation in (Hayou et al., 2019; Schoenholz et al., 2017; Yang and
Schoenholz, 2017; Lee et al., 2018; Poole et al., 2016; Xiao et al., 2018; Yang, 2019). It was shown
empirically through simulations that it is an excellent approximation for FFNN in Schoenholz et al.
(2017), for Resnets in Yang and Schoenholz (2017) and for CNN in Xiao et al. (2018).

Neural Tangent Kernel (NTK): this approximation was implicitly used by Jacot et al. (2018) to
derive the recursive formula of the infinite width Neural Tangent Kernel (See Jacot et al. (2018),
Appendix A.1). Authors have found that this approximation yields excellent match with exact NTK.
It was also exploited later in (Arora et al., 2019; Hayou et al., 2020) to derive the infinite NTK for
different architectures. The difference between the infinite width NTK © and the empirical (exact)
NTK © was studied in Lee et al. (2019) where authors have shown that |© — ©||z = O(N~1) where
N is the width of the NN.

More precisely, we use the approximation that, for wide neural networks, the weights used for forward
propagation are independent from those used for back-propagation. When used for the computation
of gradient covariance and Neural Tangent Kernel, this approximation was proven to give the exact
computation for standard architectures such as FFNN, CNN and ResNets, without BatchNorm in
Yang (2019) (section D.5). Even with BatchNorm, in Yang et al. (2019), authors have found that the
Gradient Independence approximation matches empirical results.

This approximation can be alternatively formulated as an assumption instead of an approximation as
in Yang and Schoenholz (2017).

Assumption 1 (Gradient Independence): The gradients are computed using an i.i.d. version of the
weights used for forward propagation.

B PRELIMINARY RESULTS

Let z be an input in R?. In its general form, a neural network of depth L is given by the following set
of forward propagation equations

yl(z) = F(Why Y x)+ B, 1<I<L, (12)

where 3! () is the vector of pre-activations and W' and B are respectively the weights and bias of the
I** layer. F} is a mapping that defines the nature of the layer. The weights and bias are initialized with

; iid o2
W (o, 7
Hereafter, we denote by M, the number of weights in the {*” layer, ¢ the activation function and
[n : m] the set of integers {n,n + 1, ...,m} for n < m. Two examples of such architectures are:

. . . iid
+) where v; is a scaling factor used to control the variance of 4, and B! ~ N/ (0, o?).
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e Fully-connected FeedForward Neural Network (FFNN)
For a fully connected feedforward neural network of depth L and widths (IV;);<r, the
forward propagation of the input through the network is given by

d
_ 1 1
=S Wha; + B,
j=1
Ni—a

yi(w) = Z Yz)) + B, forl>2.

13)

Here, we have v; = N;_1 and Ml = N;_1N;.

e Convolutional Neural Network (CNN/ConvNet)
For a 1D convolutional neural network of depth L, number of channels (1;);<, and number
of neurons per channel (N;);<r. we have

ni—1
Vial@) =" > Wi stjars +bi,
j=1 B€ker;
. (14)
Via() =Y Y Wi a6l L (@) + b, forl>2,
j=1 Be€ker;
where i € [l : my is the channel index, & € [0 : N; — 1] is the neuron location,
ker; = [—k; : k] is the filter range and 2k; + 1 is the filter size. To simplify the
analysis, we assume hereafter that N; = N and k; = k for all [. Here, we have
vy = ny—1(2k + 1) and M; = n;_1n;(2k + 1). We assume periodic boundary conditions,
so yfa = YiatN = yﬁyow - Generalization to multidimensional convolutions is
straighforward.

Notation: Hereafter, for FFNN layers, we denote by ¢'(z) the variance of 3 (z) (the choice of the
index 1 is not crucial since, by the mean-field approximation, the random variables (y(x));c[1.n)
are iid Gaussian variables). We denote by ¢'(z, z’) the covariance between 3! (x) and 3 ('), and

¢} (z, ") the corresponding correlation. For gradient back-propagation, for some loss function L,

we denote by ¢! (x, z') the gradient covariance defined by ¢! (z,2') = E [ 9L (1) gf («")|. Similarly,

G (z) denotes the gradient variance at point .

For CNN layers, we use similar notation accross channels. More precisely, we denote by ¢, (x)
the variance of yivm(x) (the choice of the index 1 is not crucial here either since, by the mean-
field approximation, the random variables (y. ., (x));c1:n,] are iid Gaussian variables). We denote
by qla}a{(:z:, x') the covariance between y} ,(z) and yi . (2'), and ¢!, ., (z,2’) the corresponding
correlation.

As in the FFNN case, we define the gradient covariance by ¢, /(z,2') = [ Byl (z) 52 Bl (gc )}
’ 1 1, 1

B.1 WARMUP : SOME RESULTS FROM THE MEAN-FIELD THEORY OF DNNSs

We start by recalling some results from the mean-field theory of deep NNs.

B.1.1 COVARIANCE PROPAGATION

Covariance propagation for FFNN:
In Section A.1, we presented the recursive formula for covariance propagation in a FFNN, which we
derive using the Central Limit Theorem. More precisely, for two inputs 2, 2’ € R%, we have

¢'(z,2") = o + oL Elo(y; (2))e(y; ' (")].

This can be rewritten as
de.0) = o + o2 o (V01 ) o () 2+ 1= @ pz) .
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where ¢! =1 1= ¢/ 1(x, 2).

With a ReLLU activation function, we have

¢ (z,2)) =0} + ¥ \/7\/ N,

where f is the ReLU correlation function given by (Hayou et al. (2019))
1 ) 1
f(e) = =(carcsinc+ 1 —¢?) + —c.
T 2
Covariance propagation for CNN:

Similar to the FFNN case, it is straightforward to derive recusive formula for the covariance. However,
in this case, the independence is across channels and not neurons. Simple calculus yields

2
qfx,a’(‘rﬂr) E[yz « yz ,a! ( )] = Ub + 2%k + 1 Z E[(b(yi,_alJrﬂ(x))qb(yi,_al’+ﬂ(x/>)}

BEker

Using a ReLU activation function, this becomes

0'2 B
2 + 2% :i 1 Z \/qé—‘rﬁ(x)\/qi’/"'ﬁ(l‘/)f(cfx-‘,-lﬁ,a’.l,_ﬁ(l‘, l‘,))
Beker

G (,2") = 0}

Covariance propagation for ResNet with ReL.U :
This case is similar to the non residual case. However, an added residual term shows up in the
recursive formula. For ResNet with FFNN layers, we have

0.2
¢'(z,2") = ¢'7H(z,2) + o + T/ d (@) ' (@) F(¢T)

and for ResNet with CNN layers, we have

o, 2) = ) 0f 57 Y mﬂxx Vb s @) i (@.2)):
Bek

B.1.2 GRADIENT COVARIANCE BACK-PROPAGATION

Gradiant Covariance back-propagation for FFNN:
Let £ be the loss function. Let = be an input. The back-propagation of the gradient is given by the set
of equations

Nyt
oL oL
a1 ¢/(yi) Z l WlJrl'
ay,l' = 6 +1

Using the approximation that the weights used for forward propagation are independent from those
used in backpropagation, we have as in Schoenholz et al. (2017)

() = 1(2) " (e @),
where x(q'(+) = 2 Bl6(y/aT0) 7))

Gradient Covariance back-propagation for CNN:
Similar to the FFENN case, we have that

8£ 8£ 1—1
oWl 5 - Z Ay ¢ y]'7@+5)
7, o [N

and

ZZ S WL )

aylo‘ Jj= 1,6€ker j,a—p

16



Published as a conference paper at ICLR 2021

Using the approximation of Gradient independence and averaging over the number of channels (using
CLT) we have that

| oL 2] 2E[¢' (/4 () Z)? Z E| oL 2]
I+1 )
8yi,a 2k +1 Beker Yi,a—p
We can get similar recursion to that of the FFNN case by summing over « and using the periodic
boundary condition, this yields

2

ZE —an(x)Z]E ot

7.&

B.1.3 EDGE oF CHAOS (EOC)

Let 2 € R be an input. The convergence of ¢'(z) as [ increases has been studied by Schoenholz
et al. (2017) and Hayou et al. (2019). In particular, under weak regularity conditions, it is proven
that ¢'(x) converges to a point g(op,0,,) > 0 independent of = as [ — oo. The asymptotic
behaviour of the correlations ¢! (x, z’) between y'(x) and y'(2') for any two inputs = and 2’ is
also driven by (0, 0,,): the dynamics of ¢! is controlled by a function f i.e. ¢/t! = f(c!) called
the correlation function. The authors define the EOC as the set of parameters (o, 0,) such that

2E[¢' (v/q(on,04)Z)?] = 1 where Z ~ N(0,1). Similarly the Ordered, resp. Chaotic, phase
is defined by 02 E[¢ (\/q(0b, 00)2)?] < 1, tesp. o2 E[¢' (v/q(op, 0w)Z)?] > 1. On the Ordered
phase, the gradient will vanish as it backpropagates through the network, and the correlation ¢! (z, )
converges exponentially to 1. Hence the output function becomes constant (hence the name ’Ordered
phase’). On the Chaotic phase, the gradient explodes and the correlation converges exponentially
to some limiting value ¢ < 1 which results in the output function being discontinuous everywhere
(hence the *Chaotic’ phase name). On the EOC, the second moment of the gradient remains constant
throughout the backpropagation and the correlation converges to 1 at a sub-exponential rate, which
allows deeper information propagation. Hereafter, f will always refer to the correlation function.

B.1.4 SOME RESULTS FROM THE MEAN-FIELD THEORY OF DEEP FFNNSs
Lete € (0,1) and B, = {(x,2) € (R%)? : ¢} (z,2') < 1 — €} (For now B, is defined only for
FFNN).
Using Approximation 1, the following results have been derived by Schoenholz et al. (2017) and
Hayou et al. (2019):

e There exist g, A > 0 such that sup, cga [¢'(z) — q| < e ™M

e On the Ordered phase, there exists > 0 such that sup,, ,/cga |¢/(z,2') — 1] < e

e On the Chaotic phase, For all ¢ € (0,1) there exist v > 0 and ¢ < 1 such that
SUP(z,x ,l(x’x/) - C‘ < e M,

e For ReLLU network on the EOC, we have

f@) = o+ 22002 01 - a7,

e In general, we have

oy =T F oiEw(ﬂqu)qb(\/aZ(x))L 15

where Z(x) = xZ1 + V1 — 22Z5 and Zy, Z5 are iid standard Gaussian variables.
e On the EOC, we have f/(1) =1
e On the Ordered, resp. Chaotic, phase we have that f'(1) < 1, resp. f/(1) > 1

e For non-linear activation functions, f is strictly convex and f(1) = 1.

f is increasing on [—1, 1].
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e On the Ordered phase and EOC, f has one fixed point which is 1. On the chaotic phase, f
has two fixed points: 1 which is unstable, and ¢ € (0, 1) which is a stable fixed point.

e On the Ordered/Chaotic phase, the correlation between gradients computed with different
inputs converges exponentially to 0 as we back-progapagate the gradients.

Similar results exist for CNN. Xiao et al. (2018) show that, similarly to the FENN case, there exists
q such that ¢! () converges exponentially to ¢ for all z, o, and studied the limiting behaviour of
correlation between neurons at the same channel cg.a, (x,z) (same input x). These correlations
describe how features are correlated for the same input. However, they do not capture the behaviour
of these features for different inputs (i.e. ¢!, . (x,z") where 2 # ). We establish this result in the
next section.

B.2 CORRELATION BEHAVIOUR IN CNN IN THE LIMIT OF LARGE DEPTH

Appendix Lemma 1 (Asymptotic behaviour of the correlation in CNN with smooth activation
functions). We consider a 1D CNN. Let (0,0,) € (RY)? and © # z' be two inputs € R%. If
(0b, 0w) are either on the Ordered or Chaotic phase, then there exists 5 > 0 such that

sup |cla7a,(1:, ') —c| = 0(e™ P,
where ¢ = 1 if (o, 04,) is in the Ordered phase, and c € (0,1) if (ov, 0v,) is in the Chaotic phase.

Proof. Let x # 2’ be two inputs and «, o’ two nodes in the same channel 7. From Section B.1, we
have that

2
Ow

2k +1

> Elo(y o s(@)oWi Ly 5(2))] + of

BeEker

qﬁx,a’ (Iv CIJ/) = E[yé,oz (l‘)yé,a’ (I/)] =

This yields

1
! 1—
o (@,2) = ST > Fh s s(@ ),
B€ker

where f is the correlation function.
We prove the result in the Ordered phase, the proof in the Chaotic phase is similar. Let (o4, 0, be in
the Ordered phase and ¢}, = ming, o/ ¢}, ,/(x,2’). Using the fact that f is non-decreasing (section

m
-1

B.1), we have that ¢!, (2, 2') > 5255 Y scper Coggarss(@:2')) = f(chy!). Taking the min again
over o, o, we have cfﬂ > f (cﬁ; 1), therefore cfn is non-decreasing and converges to a stable fixed
point of f. By the convexity of f, the limit is 1 (in the Chaotic phase, f has two fixed point, a stable
point ¢; < 1 and co = 1 unstable). Moreover, the convergence is exponential using the fact that
0 < f(1) < 1. We conclude using the fact that sup,, . |c}, o (z,2") = 1| =1 —¢c},. O

C PROOFS FOR SECTION 2 : SBP FOR FFNN/CNN AND THE RESCALING
TRICK

In this section, we prove Theorem 1 and Proposition 1. Before proving Theorem 1, we state the
degeneracy approximation.

Approximation 3 (Degeneracy on the Ordered phase). On the Ordered phase, the correlation c!
and the variance ¢* converge exponentially quickly to their limiting values 1 and q respectively. The
degeneracy approximation for FFNN states that

o Vo £ o d(x,2') ~ 1

o Vz,q'(z) = q
For CNN,

. Vw;éx/,a,a’,cfl’a,(x,x’) ~1
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o Va, ¢\ (z) = ¢q

The degeneracy approximation is essential in the proof of Theorem 1 as it allows us to avoid many
unnecessary complications. However, the results hold without this approximation although the
constants are different.

Theorem 1 (Initialization is crucial for SBP). We consider a FFNN (2) or a CNN (3). Assume
(ow,0p) are chosen on the ordered phase, i.e. x(op,04,) < 1, then the NN is ill-conditioned.

Moreover, we have
1 log(kLN? 1
o< (14 B oLy
L K K2V LN?

where k = |log x(0b,0u)|/8. If (0w, 0p) are on the EOC, i.e. x(0p,04) = 1, then the NN is
well-conditioned. In this case, k = 0 and the above upper bound no longer holds.

Proof. We prove the result using Approximation 3.

1. Case 1 : Fully connected Feedforward Neural Networks
To simplify the notation, we assume that N; = N and M; = N? (i.e. o = 1 and ¢; = 1) for
all [. We prove the result for the Ordered phase, the proof for the Chaotic phase is similar.
Let Lo > 1,¢e € (0,1 — ) L > Loand z € (+ + ¢, 1). With sparsity x, we keep

kr = |(1—2)LN?] welghts We have

P(ser < 2) > IP(max| ] | < tlhe))

8W1

where ¢(#=) is the k" order statistic of the sequence {|W/,|| 525-|,1 > 0, (i, ) € [1 : N]*}.

8W’

We have

or ayz 5
6Wl |D\ Z ayz ”
l
|D\ 2 5yie) 8yz (@)

On the Ordered phase, the variance ¢! (z) and the correlation ¢! (z, z) converge exponentially
to their limiting values ¢, 1 (Section B.1). Under the degeneracy Approximation 3, we have
o Vo # 1 c(zx,2') ~ 1
o Vr,¢'(z) ~ ¢

Let ¢ (z) = E[azfx) 2] (the choice of 7 is not important since (y!(x)); are iid ). Using these

approximations, we have that y!(z) = y!(2') almost surely for all x, z’. Thus
oL ®
E[— ] =E Z)23 (x),
v ) = ElVaZ 1 )

where z is an input. The choice of x is not important in our approximation.
From Section B.1.2, we have

Then we obtain

NL - - _
§'(x) = g ()" = g (o)X,
where x = 02 E[¢(,/q2)?] as we have assumed NV; = N. Using this result, we have
oL ?
[y 1 =4x",
owl,
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where A = E[¢(,/qZ)?]G% for an input z. Recall that by definition, one has y < 1 on the
Ordered phase.

In the general case, i.e. without the degeneracy approximation on ¢! and ¢!, we can prove
that
[ oc ?
8Wilj
which suffices for the rest of the proof. However, the proof of this result requires many
unnecessary complications that do not add any intuitive value to the proof.

|=eKx""

In the general case where the widths are different, §' will also scale as x“~! up to a different
constant.
Now we want to lower bound the probability

oL
ow.

1
ij

P(max |W|| 5 | < ).
]

Let t") be the k" order statistic of the sequence {Iw| 8?/5,3 |.l>1+e€L,(i,j) €[l:
N2} Itis clear that t (%) > ¢{*=)  therefore

oL oL

1 (k}x) 1 (kar)
P(Hzl%X|WU‘|8W113‘ <t)) > P(HZH}X‘WWHaW}J <t ).
Using Markov’s inequality, we have that
E[| 5960 |']
oL oWL

P(| =1 > < —2 16

Note that Var(x% 6%}]_ |) = A. In general, the random variables YT | 83123 | have a

density f}; foralll > 1+4€L, (i, j) € [1 : N]?, such that f!;(0) # 0. Therefore, there exists
a constant A such that for x small enough,

-, OL
P(x 2 >x)>1- Az
gl 2021
. (=c/2)L-1 .
By selecting x = x 2 , we obtain
X% < S X(l‘#e;)*L (I—E/QZ)L—l _ XGL/Q.
Therefore, for L large enough, and all I > 1+ €L, (i,5) € [1: Nj] x [1: N;_1] = [1 : N]?,
we have ar
(1—e/2)L—1 1—(eL/241)
P >x 2z )>1-Ax 2 >1-AxL2
(}awjj| > X ) > X > X
. (—e/a)L-1 . . .
Now choosing o = x 2 in inequality (16) yields
oL (-c/0)L-1
P > > >1— AL/
(‘ 8Wzlg | =X )= X

Since we do not know the exact distribution of the gradients, the trick is to bound them using
the previous concentration inequalities. We define the event B := {V(4,j) € [1: N] x [1:

(A—e/HL-1 .. (1—e/2)L—1
d), | g2 | < X TEFTT I > L ek, (i) € [L: NP2, [ 25| > x " )
We have
oL oL
1 ka 1 ks
P(max W] oW | < tlha)) > P(max |Wij||8Wi1j | < t)| B)P(B).
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But, by conditioning on the event B, we also have

P(max [ | -2
2,7

j||aWi1j| < k=)

B) > IP’(H%%X (W] < x b8 (ha)y,

where t/ (=) is the £ order statistic of the sequence {|W/,|,1 > 1+ €L, (i,5) € [L : N]?}.

Now, as in the proof of Proposition 4 in Appendix E (MBP section), define z, ,, = min{y €

(0,1) : Vo > 4,7 Qs > Q17(17x)72_€ }, where v, = x /%, Since lim¢ 5 z¢,, = 0,

then there exists (. < 2 such that z¢_, =€+ 7.

r—e

As L grows, t.(%=) converges to the quantile of order 1—<. Therefore, using classic Berry-
Essen bounds on the cumulative distribution function, it is easy to obtain

1
1 —eL /8y (Kx)Y > 1 B
Plamax [Wh| < xS0 > Plnax W < Q. ze) +O(o=)
T — €, . 2Cc 1
>1-— N2(Z—) O(——).
> 1= N[0 4 O =)

Using the above concentration inequalities on the gradient, we obtain
P(B)>(1-A XEL/4)N2(1 _ XEL/Q)LN2.
Therefore there exists a constant 7 > 0 independent of € such that
P(B) > 1 —nLN?yL/4,

Hence, we obtain

T — €,,2—Ce 1
P(ser > 7) < N2 (-— )L LN\ + 0 .
(ser 2 @) < N (T +nLNXT+ O(——3)
Integration of the previous inequality yields
1 N2 1
Else] <€+ =4+ ———— + nLN*yH/* 4+ 0 .
[ser] LT g TN ()

2
Now let k = % and set € = %. By the definition of z¢_ ., , we have

IVLQ‘T’C@’YL = Q

2—Ce
I-(l=weoy)

For the left hand side, we have
log(kLN?)
L wL

where o > 0 is the derivative at 0 of the function z — @), (the derivative at zero of the cdf
of |N(0, 1)] is positive). Since v, = KLN?, we have

YLQuc, ,, ~ QY

WLQICML ~ alN? log(/-iLNQ)

Which diverges as L goes to infinity. In particular this proves that the right hand side

diverges and therefore we have that (1 — z¢_ ~, )'Yf B converges to 0 as L goes to infinity.
Using the asymptotic equivalent of the right hand side as L — oo, we have
sco ~ \=2l0g((1 = mg 0 E ) = AL /2 T0g(T — e, y).
1*(1*3”(5,7[‘)“”“
Therefore, we obtain

1—¢./2 [2log(kLN?)
L

@ kL

Ce ™

2
1—(1—xtg,'yL )’YL
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log(kLN?)

Combining this result to the fact that v, Q. |~ ayp = F we obtain
e log(kLN?)
B

where [ is a positive constant. This yields

log(kLN?%) 1 L 1 1

E <=4+~ 1 1 @)
R A A 5 v log(fiLN?)( o) +n5pe + Ol =7)
1 log(kLN?) 1
=—(1+ +0 ;

A Nl

where k = % and p is a constant.

2. Case 2 : Convolutional Neural Networks
The proof for CNNs is similar to that of FFNN once we prove that

oL 2

[
W5

} :AXL—Z

where A is a constant. We have that

oL oL
= Y. o
8Wzl] 5 ; 3;1/5 ( Js +/3)

and

Z Z l-‘rl lljlﬁqs( za)'

yza j= 1ﬁ€ke’r’ Jj,a—pB

Using the approximation of Gradient independence and averaging over the number of
channels (using CLT) we have that

E| oL 2]_ olE[¢'(\/72)%] Z | 2

l l+1
ayia 2k +1 BEker yl a—p3

Summing over « and using the periodic boundary condition, this yields
Z 8 s =X Z]E l+1

Here also, on the Ordered phase, the variance ¢' and the correlation ¢! converge exponen-

tially to their limiting values g and 1 respectively. As for FFNN, we use the degeneracy
approximation that states
o YV # 5[}/7(17(1/,65170‘/({137$/) ~ 1,

o Vz,q,(2) ®q.
Using these approximations, we have

oL 2

1
m/Vwﬁ

E[-—— | =El6(v/aZ2)*)q (),

where ¢ (r) = ZQE[aylM

approximation.

2 . . . . .
) | for an input . The choice of « is not important in our

From the analysis above, we have
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so we conclude that

L 2
OW?

5,8

E[

] = Axt
where A = E[¢(,/g2)%]¢" (z).

With EOC initialization, classic results from Schoenholz et al. (2017); Hayou et al. (2019) show that
the second moment of the gradient is the same for all layers. It follows that m; is the same for all
layers up to some constants that do not depend on L, [. This concludes the proof. O

After pruning, the network is usually ‘deep’ in the Ordered phase in the sense that x = f/(1) < 1.
To re-place it on the Edge of Chaos, we use the Rescaling Trick.

Proposition 1 (Rescaling Trick). Consider a NN of the form (2) or (3) (FFNN or CNN) initialized
on the EOC. Then, after pruning, the sparse network is not initialized on the EOC. However; the
rescaled sparse network

y'(z) = F(p' o6 o W'y~ (@) + B!, forl>1, (17)

where

. 1
] ‘[)1] = mfor FFNNOfthefOrm (2),

1 1
® piip= \/E[nl RS for CNN of the form (3),

is initialized on the EOC.

Proof. For two inputs x, ', the forward propagation of the covariance is given by
q'(z,2") = Elyi(2)yi(2")]
Ny

= E[Z Wileilk‘Szl'j(SékW@;_l(I)W@é‘_l(ﬂ”/))] + 0}
ik

‘We have

L Oy« )
8Wilj |D| Z ayl (z) OW

_ = hdadi -1 ).
B ;ayf-(x)d’(yﬂ )

Under the assumption that the weights used for forward propagation are independent from the weights
used for back-propagation, W and 5 2 ( j are independent for all z € D. We also have that W-l- and

qﬁ(yé !(x)) are independent for all z € D. Therefore, Wl and 6 W are independent for all [, 4, j.
This yields

§'(z,2") = ohaEle(g; ()57 ()] + o,

where oy = E[N;_; (WY,)26%,] (the choice of i, j does not matter because they are iid). Unless we
do not prune any weights from the I*" layer, we have that oy < 1.

These dynamics are the same as a FENN with the variance of the weights given by 62 = o2 .
Since the EOC equation is given by 02 E[¢/(,/qZ)?] = 1, with the new variance, it is clear that
62E[¢'(v/4Z)?] # 1 in general. Hence, the network is no longer on the EOC and this could be
problematic for training.

With the rescaling, this becomes

§'(x,2") = op, pPuBlo (51 () (51 ()] + of
= ol ()o@ ()] + op.
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Therefore, the new variance after re-scaling is &3) = a?u, and the limiting variance ¢ = ¢ remains also
unchanged since the dynamics are the same. Therefore 2 E[¢'(v/2)?] = 02 E[¢'(\/3Z2)%] = 1
Thus, the re-scaled network is initialized on the EOC. The proof is similar for CNNs.

D PROOF FOR SECTION 3 : SBP FOR STABLE RESIDUAL NETWORKS

Theorem 2 (Resnet is well-conditioned). Consider a Resnet with either Fully Connected or Convo-
lutional layers and ReLU activation function. Then for all o,, > 0, the Resnet is well-conditioned.

Moreover, foralll € {1,...,L},m! = O((1 + %)L)

Proof. Let us start with the case of a Resnet with Fully Connected layers. we have that

L dyi( )
8W} \Dlzfm(w i

l
\D| 2 5e) ayxx @)

and the backpropagation of the gradient is given by the set of equations

N1
oL oL oL
= W) D Wit
8y§ ayﬁ-H j=1 oyt

Recall that ¢! (z) = E[y}(z)?] and ¢ (z,2') = E[affl) aya(x’)] for some inputs z, z’. We have that

¢'(2) = Ely ' (0)%) + o Elo (s ) = (1+ Z)q (@),
and

§'(z,2') = (1 + oL E[¢/ (yi(2))¢' (yi («"))G ™+ (x, 2").
We also have

oL 2
E[anl |D‘2 Zttz?

where ¢, ., = ' (z,2')\/¢'(x)¢"(2") f (¢~ (x,2)) and f is defined in the preliminary results (Eq
15).

Letk € {1,2, .. L} be fixed. We compare the terms ¢!
the two terms is given by (after simplification)

for [ = k and [ = L. The ratio between

z,x’

the IS (L4 5 @,2) f(e (27))
i, At Byt ()

We have that f’(c!(x, x)) = f/(1) = 1. A Taylor expansion of f near 1 yields f'(c!(z,2")) =
1—1" Y +o(I7Y) and f(cl(z,2)) = 1 — sl72 + o(I~?) (see Hayou et al (2019) for more details).

1,02

Therefore, there exist two constants A, B > 0 such that A < I ((1+ 2 f) L(C :I 7)) < Bforall L
1+ LU

and k € {1,2,..., L}. This yields

2
Elawy | _
Elawr N

)

which concludes the proof.
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For Resnet with convolutional layers, we have

8Wl |D| Z Z yj a1+5( z))

=4 0y, u(x

and

oL Wi+l !
Oyt ayl+1 Z Z l+1 i,;ﬁqs/(yi,a)’

j= lﬁeker JOC B

Recall the notation (jlma,(w, x') = E[WW] Using the hypothesis of independence of

forward and backward weights and averaging over the number of channels (using CLT), we have

1+1 / G?uf/(cla,a’(x7x/)) Z ~l+1 ( )

~l
q(l,a’('r’x)_qaa’(x7$)+ 2(2k3+1) 9o+8,0/+8\T

Let K; = (((jla’aJrﬁ(ac, 7)) aefo:N—1]) sejo:N—1] be a vector in RN, Writing this previous equation
in matrix form, we obtain

o f' (Co o (,2))

K= K
=+ 22k + 1) U)Kt
and )
oL
Bl 1= 2. D taw(®),
aWiJﬁ |D| z,x' €D a,a’
where ¢!, . (z,2") = i]'fl,a/(x,x’)\/qla+6(ac)qfl,_w(x’)f(clajrlﬂ’a,+ﬁ(z7x’)). Since we have

b (cla’a/ (z,2')) — 1, then by fixing [ and letting L goes to infinity, it follows that

2
g
Kl ~T 00 (1-’-71”)1/ 16161 KL

and, from Lemma 2, we know that

2

g _
Vb @y s@) = 1+ T oo

Therefore, for a fixed k < L, we have %, (z,2') ~ (14 % )L 1f(ca+ﬂ wr g 2) (el Kp) =
@(téa, (x,2")). This concludes the proof.

Proposition 2 (Stable Resnet). Consider the following Resnet parameterization

yH(z) =y (z) + \%Lf(Wl,yl‘l), forl>2, (18)

then the network is well-conditioned for all choices of o, > 0. Moreover, for alll € {1, ..., L} we
have m' = ©(L1).

Proof. The proof is similar to that of Theorem 2 with minor differences. Let us start with the case of
a Resnet with fully connected layers, we have

oL Z oL yl( )
8Wil |’D|\f 8y2 (z) OW

|D|f > ayz x) “(2))
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and the backpropagation of the gradient is given by

oL oL W oac i

873411- al+1+7¢( )Zal-H

Recall that ¢! () = E[yl(x)?] and ¢ (x,2') = E[ﬁyafx) (')ya(m’)] for some inputs z, z’. We have

¢'(@) = Bl @) + ZERGT (@) = 1+ 72)d (@)
and
G'(z,a") = (1+ *w]E[ "(yi ()¢ (yi ("))t (,2').
We also have

oL ?
[8WZZ L|D|2 Zttr7

where !, , = ¢'(x,2')\/¢'(z)q!(«') f (¢!~ (x,2")) and f is defined in the preliminary results (Eq.
15).

Letk € {1,2,..., L} be fixed. We compare the terms t;’m, for { = k and | = L. The ratio between
the two terms is given after simplification by

the IS 0+ 3 (,27) f(H (@,a7)
taI;,x’ (1 + %)L_k f(CL71($: 'T/)) ’

As in the proof of Theorem 2, we have that f'(c!(z,z)) = 1, f/(c(z,2')) = 1 — 17! + o(I™")
and f(c!(z, ac)) = 1 — sl72 + o(I2). Therefore, there exist two constants A, B > 0 such that

-1
A < I <(”J;(:“ D) < Bforall Landk € {1,2,..., L}. This yields
142w

ap 2
Elznr |
— Y _ < B.

Elpwz |

2
Moreover, since (14 %)% — e?w/2 thenm! = ©(1) foralll € {1, ..., L}. This concludes the proof.

For Resnet with convolutional layers, the proof is similar. With the scaling, we have

oL 1 1
OW! = \/Z"D| ZZ é,a+ﬁ( )

4,5, z€D « ayza(‘B

and
oL Wi+l
N m Y Wi
ayia ay \/7] 1 Beker a ]()/—
Let ¢, o) = E[ai(x) o (m,)} Using the hypothesis of independence of forward and
backward weights and averaging over the number of channels (using CLT) we have

o (T, 2') = G5

T f'(Chy o (2, 2)) o -
e (,7) 22k + 1)L > @ s aresl(®, ).

Let K = ((¢}.04 5(%, ")) acio:n—1]) gejo: N—1] i @ vector in RN’. Writing this previous equation in
matrix form, we have
oo f'(chy o (2, 2"))

2(2k + 1)L

K=+ U)Ky,
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and

E| oL 2]: 1 SNt @),
oWl L|D|? s

z,x' €D a,a’

@y o (2, x’)\/qiﬂa(x)q&,ﬂa(:z:’)f(cf;rlﬁﬁaurﬁ(x, x')). Since we have
i (cfl’a/ (z,2')) — 1, then by fixing [ and letting L goes to infinity, we obtain

where ¢, . (z,2") =

2
g _
K; ~1 oo (1+ﬁ)[‘ lele{KL

and we know from Appendix Lemma 2 (using ag = % for all B) that
2
Tw

\/qfl+,3(96)q(lxr+5($') =1+ 2L)l71\/QO,xCIO,x’-

Therefore, for a fixed k < L, we have t% , (z,2") ~ (1 + %%)L_lf(ckjrb’aurﬁ(x, ) (el Ky) =

«
@(téa, (z,2")) which proves that the stable Resnet is well conditioned. Moreover, since (1 +

%)L_l — 60_12”/2’ then ml = @(L_l) for all {.

O

In the next Lemma, we study the asymptotic behaviour of the variance qla. We show that, as [ — oo,
a phenomenon of self averaging shows that ¢!, becomes independent of a.

Appendix Lemma 2. Let v € R%. Assume the sequence (ai.o)1.o is given by the recursive formula

Ao = Al—1,0 T Z )\/3@[,1,&+5
BEker

where Ag > 0 for all 5. Then, there exists ¢ > 0 such that for all x € R? and «a,

ara(z) =1+ ap)lag+0((1+ ) ag)le™)),
B B
where ay is a constant and the O is uniform in .

Proof. Recall that

Lo = Gj—1,0 + E ABAI—1,048-
BEker

We rewrite this expression in a matrix form
A =UA,

where A; = (a;,4)q is a vector in RY and U is the is the convolution matrix. As an example, for
k =1, U given by

1+X M 0 0 A
Al 1+ M 0 0
e B 0
0 0 A 14X o0
B 0 0 A1 1+ A

U is a circulant symmetric matrix with eigenvalues b; > by > b3... > by. The largest eigenvalue
of Uis givenby by = 1+ > 5 Ag and its equivalent eigenspace is generated by the vector e; =

ﬁ(l, 1,...,1) € RM. This yields

b;lUl = 616,{ —|— O(€_<l),
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where ( = log(lg—;). Using this result, we obtain

bilA; = (b7'UY Ag = eref Ag + O(e™ ).
This concludes the proof. O

Unlike FENN or CNN, we do not need to rescale the pruned network. The next proposition establishes
that a Resnet lives on the EOC in the sense that the correlation between y!(z) and y!(2’) converges
to 1 at a sub-exponential O(I~2) rate.

Proposition 3 (Resnet live on the EOC even after pruning). Let x # x’ be two inputs. The following
statments hold

1. For Resnet with Fully Connected layers, let ¢ (z,x") be the correlation between §(z) and
9L(a") after pruning the network. Then we have

1—é(z,2') ~ l%’

where k > 0 is a constant.

Z(x,a/ ]E[yll‘oc (w)yiya/ (JZ/)]
> ar Vb (@)L (27)

»

2. For Resnet with Convolutional layers, let ¢ (x,2') =

be an ‘average

correlation after pruning the network. Then we have

1—é(z,2') 2172

Proof. Tt is sufficient to prove the result when o = E[N;_; W{,25!,] is the same for all /. The proof
for the general case is straightforward using the same techniques.

1. Let x and 2’ be two inputs. The covariance of §!(z) and g!(2’) is given by

d'(z,2') = ¢~ 1(xax/)+aE(Z1,Zg)NN(O,Q“l)[¢(Zl)¢(z2)]

_ '~z x,
where Q!~1 = qu_l(:r(, 2,) g( )) and o = E[N;_, W}, 25¢,].
Consequently, we have ¢'(z) = (1 + %)(jl_l (z). Therefore, we obtain
Al / I A A1 /
&(w,2') = &Nz, ) + (@ (@, 2)),

14+ 14+ A
where A = § and f(z) = 2E[¢(Z1)p(xZ1 + V1 — 22Z3)] and Z; and Z are iid standard

normal variables.

Using the fact that f is increasing (Section B.1), it is easy to see that ¢ (z,2') — 1.
Let ¢, = 1 — él(z,2). Moreover, using a Taylor expansion of f near 1 (Section B.1)
f(x) = 2+ B(1—2)%2+0((1 —x)°?), it follows that

r—1—

G="¢q-1— 77(1 1+ O(C5/2

where n = Now using the asymptotic expansion of Cl given by

1+>\

4171/2 =4 11/2+ +O(Cl 1)

this yields (l_1/2 o 21. We conclude that 1 — &' (z, 2”) ~ n2412'
xde el

2. Let x be an input. Recall the forward propagation of a pruned 1D CNN

yia(x) = yi;l(:l?) + Z Z 5£,j.BWil,j,B¢(yé‘;l+6(:U)) + bé-

j=1 peker
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Unlike FFNN, neurons in the same channel are correlated since we use the same filters for
all of them. Let x, 2’ be two inputs and «, &’ two nodes in the same channel . Using the
Central Limit Theorem in the limit of large n; (number of channels), we have

E[y! o (2)yh o ()] = Elyl ) (2)yh o ()] +

where g = E[0 ; ;W 5%ny ).

1,

Let ¢/, (z) = E[y} ,(z)?]. The choice of the channel is not important since for a given a,
neurons (y! , ());e( are iid. Using the previous formula, we have

1
4a(®) = @ @) + 5= D Lo ()]
BEker

-1

1 Qorp(T)

_ -1 a+f3

o (x)+2k+1zaﬁ 9
B€Eker

Therefore, letting ¢ (z) = % 2 aelN] ¢ (z)and o = 22357:‘15" we obtain

ql(x) l 1( 2k+1 Z Z qa-‘rﬁ

Beker a€ln]

= (1+2)d 7 (@) = 1+ 2) ¢ (@),

where we have used the periodicity ¢t = qiy_lN = qﬁ;rlN Moreover, we have
ming g (z) > (14 §) ming g5 (v) > (1 + %) ming g5, ().

The convolutional structure makes it hard to analyse the correlation between the values of
a neurons for two different inputs. Xiao et al. (2018) studied the correlation between the
values of two neurons in the same channel for the same input. Although this could capture
the propagation of the input structure (say how different pixels propagate together) inside
the network, it does not provide any information on how different structures from different
inputs propagate. To resolve this situation, we study the ’average’ correlation per channel
defined as

Do Bl o (@)y] o ()]
Za,a' V q(lx(x) V q(lxl(x,) ’

for any two inputs 2 # x’. We also define & (z, 2') by
% Za o’ [yll a(x)yll ,a! (,17/)]

\/NE 74 (z \/NZ dh(a)

Using the concavity of the square root function, we have

\/;f%:qé(w)\/ Zq@ ’)—\/Ngzqa )¢, (x

Az, x) =

MNa,2') =

> ﬁ ; Vb (2)\/dh ()

| \/

N 5 B ) 0]

This yields & (z,2') < c!(x,2") < 1. Using Appendix Lemma 2 twice with a; o, = ¢}, (),
o= ¢ (2"), and Ag = %, there exists ¢ > 0 such that

a2’y = &z, 2")(1+ O(e™ ). (19)
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This result shows that the limiting behaviour of ¢!(z, z') is equivalent to that of & (x, 2') up
to an exponentially small factor. We study hereafter the behaviour of & (z, 2") and use this
result to conclude. Recall that

Ey! o (2)yt o ()] = B[y} al(x)yﬁ,;lf(w')H%il D agRlp(y s (@) o s (2)].
BEker

Therefore,

ZE )y o (2)]

—ZEyla (2)y3 o (2') %H 2 D BB s (@) ())

a,af a,a’ BEker

—ZEylaww +oZE W (@) b ()]
= Y Bl @)yl Zﬁa Yo/ d @) F(eoL (o),

a,af aa’

where f is the correlation function of ReLU.

Let us first prove that & (x, z’) converges to 1. Using the fact that f(z) > z forall z € (0, 1)
(Section B.1), we have that

S o ()0 ()] 2> S ERE @) + 5 S0V a ey ak e )

a,a’ a,a’ a,of
= Y Eli @yl @)+ 5 DB @i (@)
a,a’ ozo/

g _ —
+9) Y Bl ()l @)

Combining this result with the fact that - ¢4 (z) = (1 + $) >, ¢4 *(x), we have
Az, x") > &~ 1(x,2'). Therefore & (z, ') is non-decreasing and converges to a limit-
ing point c.

Let us prove that ¢ = 1. By contradiction, assume the limit ¢ < 1. Using equation (19),

we have that ULE ,% converge to 1 as [ goes to infinity. This yields c!(x,2’) — c. There-

fore, there exists ag, o, and a constant § < 1 such that for all [, cao_’% (z,2') <6 < 1.
Knowing that f is strongly convex and that f/(1) = 1, we have that f(cfma(/) (x,2")) >
c  (x,z") + f(8) — 6. Therefore,

«@Q, Ot

%\/qa_o ( )q ’ ( )
\/—\/—( (0) = 9)
Z/min, ¢! (z) min, g, (z')
N2y/q' (z)\/q* ()
2 \/ming ¢l (x) min,s ¢*, (=’
By taking the limit | — 0o, we find that ¢ > ¢+ 2. N;:/q;f(;) \/qf(w‘f;’( )(f(8) — 5). This

cannot be true since f(4) > §. Thus we conclude that ¢ = 1.

e,y > & M, o) +

Y

¢ (@) + (£(8) = 9).

Now we study the asymptotic convergence rate. From Section B.1, we have that

fl) = +£(1 z)*? 4+ 0((1 - z)°?).

z—1—
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Therefore, there exists x > 0 such that, close to 1~ we have that
fl) <4 m(l— )2,

Using this result, we can upper bound & (z, ')

lil(l' x’) + K Z #\/q(l;l(x)\/q(lljl(x/> (1 — Cl /(1' l'/))3/2
’ = Vd@)Vd@) e '

[
=

H\
INA

Q¢

To get a polynomial convergence rate, we should have an upper bound of the form & <
=14 ¢(1 — &)1+ (see below). However, the function 2:3/2 is convex, so the sum cannot
be upper-bounded directly using Jensen’s inequality. We use here instead (Pecaric et al.,
1992, Theorem 1) which states that for any z1, 2, ...x, > 0 and s > r > 0, we have

(S < (X ap)' 20)

i i

Letsl - meVa @iy @)
o,af Vit (@)y/d (=)

Z fo,a’(l - Cf;u,a’ (I, x/))B/Q < Cl Z[Z(lx,a’(l - Cf)z,o/ ($7 ml))]3/27

a,a’

, we have

where (; = maxq, o/ 2171]/2 Using the inequality (20) with s = 3/2 and r = 1, we have

a,a

2= (x,a)]P? < 2= (x,2"))??
Z[ [eWe ( fe'WeY ( ’ = a,a oo ’
= ( Zéz,o/ - él(x’x/)))3/2_

a,af

Moreover, using the concavity of the square root function, we have < 1. This

yields

l
a,a’ Za,a’

da,a’) <& o a!) + (1 —d @, 2)P2,

where ( is constant. Letting v; = 1 — & (z,2’), we can conclude using the following
inequality (we had an equality in the case of FFNN)

3/2
Yz V-1 — C%,/l
which leads to

W <A P - = g +o(1).

Hence we have
2 172,

Using this result combined with (19) again, we conclude that

1—dc(x,2) =172
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E THEORETICAL ANALYSIS OF MAGNITUDE BASED PRUNING (MBP)

In this section, we provide a theoretical analysis of MBP. The two approximations from Appendix A
are not used here.

MBP is a data independent pruning algorithm (zero-shot pruning). The mask is given by
{1 it W] > ts,
0 if W} <ts,
where ¢, is a threshold that depends on the sparsity s. By defining k, = (1 — s) >, M}, t, is given

by ts = |[W|*s) where |[W|(*s) is the k% order statistic of the network weights (|[W!|)1<i<r.1<i<nm,
(WD > W@ > ).

With MBP, changing o, does not impact the distribution of the resulting sparse architecture since
it is a common factor for all the weights. However, in the case of different scaling factors v;, the

S =

3

variances % used to initialize the weights vary across layers. This gives potentially the erroneous
intuition that the layer with the smallest variance will be highly likely fully pruned before others as
we increase the sparsity s. This is wrong in general since layers with small variances might have
more weights compared to other layers. However, we can prove a similar result by considering the
limit of large depth with fixed widths.

Proposition 4 (MBP in the large depth limit). Assume N is fixed and there exists Iy € [1 : L]

such that oy, > oy for all 1 # ly. Let Q, be the x'" quantile of | X | where X ud N(0,1) and
v = ming, %ﬂ For e € (0,2), define xzc~ = inf{y € (0,1) : V& > y,7Q, > Qlf(lﬂmzfﬁ}
and x¢ , = oo for the null set. Then, for all € € (0,2), ., is finite and there exists a constant v > 0
such that .

_ 14427¢
(1—mc5) }+0O( N2

. G, N?
Elser] < eelﬁ)fz){xe’” + #72*6

).

Proposition 4 gives an upper bound on E[s.,] in the large depth limit. The upper bound is easy
to approximate numerically. Table 7 compares the theoretical upper bound in Proposition 4 to the
empirical value of E[s.,.] over 10 simulations for a FFNN with depth L = 100, N = 100, o; = 7y
and ag = a3 = - -+ = ap, = 1. Our experiments reveal that this bound can be tight.

Table 7: Theoretical upper bound of Proposition 4 and empirical observations for a FFNN with
N =100 and L = 100

GAMMA y=2 ~v=5 =10
UPPER BOUND 5.77 0.81 0.72
EMPIRICAL OBSERVATION ~1 0.79 0.69

Proof. Letx € (0,1) and k, = (1 — 2)T' L N?, where Ty, = 37, (. We have

P(ser < @) 2 P(max [W;°| < [W|*)),
where |[W|(=) is the k" order statistic of the sequence {|W}|,l # lo,i € [L : M}; ie
WD > W2 > > || k),

Let (X;)ie: My, and (Zi)ie:r, n2) be two sequences of iid standard normal variables. It is easy to
see that
P(max |W;¢| < [W]*)) > P(max | X;] < 7]2|*))
i, %

. «
where v = min; O%;’

Moreover, we have the following result from the theory of order statistics, which is a weak version of
Theorem 3.1. in Puri and Ralescu (1986)
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Appendix Lemma 3. Let X1, Xo, ..., X,, be iid random variables with a cdf F. Assume F is
differentiable and let p € (0,1) and let ), be the order p quantile of the distribution F, i.e.
F(Qp) = p. Then we have

\/H<X(pn) - QP)F/(QP)O-Ijl B ./\f(07 1)»

where the convergence is in distribution and o), = p(1 — p).

Using this result, we obtain

1
VLN?

P(max|X;| < 7|2|")) = P(max|X;| < 7Qs) + O( )

where @, is the x quantile of the folded standard normal distribution.

The next result shows that x. - is finite for all € € (0, 2).
Appendix Lemma 4. Let vy > 1. Forall € € (0, 2), there exists x. € (0,1) such that, for all z > x.,
VQz > Ql_(l_x)'vsz'

Proof. Let ¢ > 0, and recall the asymptotic equivalent of (J;_, given by

Ql—z ~Nr—0 V —2 log(x)

9 /7€ > 1. Hence z. exists and is finite. 0

lherefore,
Q 2
1—(1—a)Y

Let € > 0. Using Appendix Lemma 4, there exists x. > 0 such that
]P(m.ax ‘Xl‘ < ’YQHB) > ]P’(m_ax |X1| < Q:L, 1—x WQ*‘)
i i (1-=)
1—(1—a) )l

= (
>1- N2 (1—2)" ",

where we have used the inequality (1 —¢)* > 1 — zt for all (¢, 2) € [0, 1] x (1, 00).

Using the last result, we have

P(ser > ) < N2 (1= 2)" "+ O(
Now we have
1
Elser] = / P(ser > x)dx
0

1
< z, +/ P(ser > z)dx

€

QON2 2-e 1
<zc+ 22— (1-2)" Tt+0 .
- 1_’_,-}/276( ) ( /7LN2)

1
2

This is true for all € € (0,2), and the additional term O(
there exists a constant v € R such that for all €

) does not depend on e. Therefore

§

Cl N2 275+1 14
E[SCT] S Te + #72_((1 — .%'6)7 + W
We conclude by taking the infimum over e. O
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F IMAGENET EXPERIMENTS

To validate our results on large scale datasets, we prune ResNet50 using SNIP, GraSP, SynFlow and
our algorithm SBP-SR, and train the pruned network on ImageNet. We train the pruned model for
90 epochs with SGD. The training starts with a learning rate 0.1 and it drops by a factor of 10 at
epochs 30, 60, 80. We report in table 8 Top-1 test accuracy for different sparsities. Our algorithm
SBP-SR has a clear advantage over other algorithms. We are currently running extensive simulations
on ImageNet to confirm these results.

Table 8: Classification accuracy on ImageNet (Top-1) for ResNet50 with varying sparsities (TODO: These
results will be updated to include confidence intervals)

ALGORITHM  85% 90% 95%

SNIP 69.05 64.25 44.90
GRASP 69.45 66.41 62.10
SYNFLOW 69.50 66.20 62.05
SBP-SR 69.75 67.02 62.66

G ADDITIONAL EXPERIMENTS

In Table 10, we present additional experiments with varying Resnet Architectures (Resnet32/50), and
sparsities (up to 99.9%) with Relu and Tanh activation functions on Cifar10. We see that overall,
using our proposed Stable Resnet performs overall better that standard Resnets.

In addition, we also plot the remaining weights for each layer to get a better understanding on the
different pruning strategies and well as understand why some of the Resnets with Tanh activation
functions are untrainable. Furthermore, we added additional MNIST experiments with different
activation function (ELU, Tanh) and note that our rescaled version allows us to prune significantly
more for deeper networks.

Table 9: Test accuracy of pruned neural network on CIFAR10 with different activation functions

Resnet32  Algo 90 98 99.5 99.9

Relu SBP-SR  92.56(0.06) 88.25(0.35) 79.54(1.12) 51.56(1.12)
SNIP 92.24(0.25) 87.63(0.16) 77.56(0.36) 10(0)

Tanh SBP-SR  90.97(0.2)  86.62(0.38) 75.04(0.49) 51.88(0.56)
SNIP 90.69(0.28) 85.47(0.18) 10(0) 10(0)

Resnet50

Relu SBP-SR  92.05(0.06) 89.57(0.21) 82.68(0.52) 58.76(1.82)
SNIP 91.64(0.14) 89.20(0.54) 80.49(2.41) 19.98(14.12)

Tanh SBP-SR  90.43(0.32) 88.18(0.10) 80.09(0.0.55) 58.21(1.61)
SNIP 89.55(0.10)  10(0) 10(0) 10(0)
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fo: We are using sp 0.98 with act relu Pruning Ratio: We are using sp 0.98 with act elu Pruning Ratio: We are using sp 0.98 with act tanh

T

—o- Stable Restet

0

Figure 4: Percentage of pruned weights per layer in a ResNet32 for our scaled ResNet32 and standard
Resnet32 with Kaiming initialization

(a) ELU with EOC it &

Rescaling

(d) Tanh with EOC Init &

Rescaling

(b) ELU with EOC Init

(e) Tanh with EOC Init
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(c) ELU with Ordered phase

Init

(f) Tanh with Ordered phase

Init

Figure 5: Accuracy on MNIST with different initialization schemes including EOC with rescaling,
EOC without rescaling, Ordered phase, with varying depth and sparsity. This figure clearly illustrates
the benefits of rescaling very deep and sparse FFNN.

Table 10: Test accuracy of pruned vanilla-CNN on CIFAR10 with different depth/sparsity levels

Resnet32  Algo 90 98 99.5 99.9

Relu SBP-SR  92.56(0.06) 88.25(0.35) 79.54(1.12) 51.56(1.12)
SNIP 92.24(0.25) 87.63(0.16) 77.56(0.36) 10(0)

Tanh SBP-SR  90.97(0.2) 86.62(0.38) 75.04(0.49) 51.88(0.56)
SNIP 90.69(0.28) 85.47(0.18) 10(0) 10(0)

Resnet50

Relu SBP-SR  92.05(0.06) 89.57(0.21) 82.68(0.52) 58.76(1.82)
SNIP 91.64(0.14) 89.20(0.54) 80.49(2.41) 19.98(14.12)

Tanh SBP-SR  90.43(0.32) 88.18(0.10) 80.09(0.0.55) 58.21(1.61)
SNIP 89.55(0.10) 10(0) 10(0) 10(0)
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H ON THE LOTTERY TICKET HYPOTHESIS

The Lottery Ticket Hypothesis (LTH) (Frankle and Carbin, 2019) states that “randomly initialized
networks contain subnetworks that when trained in isolation reach test accuracy comparable to the
original network”. We have shown so far that pruning a NN initialized on the EOC will output
sparse NN that can be trained after rescaling. Conversely, if we initialize a random NN with any
hyperparameters (o, 0p), then intuitively, we can prune this network in a way that ensures that
the pruned NN is on the EOC. This would theoretically make the sparse architecture trainable. We
formalize this intuition as follows.

Weak Lottery Ticket Hypothesis (WLTH): For any randomly initialized network, there exists a
subnetwork that is initialized on the Edge of Chaos.

In the next theorem, we prove that the WLTH is true for FFNN and CNN architectures that are
initialized with Gaussian distribution.

Theorem 3. Consider a FFNN or CNN with layers initialized with variances o2 > 0 for weights
and variance 05 for bias. Let 0.y, poc be the value of 0., such that (0., roc, op) € EOC. Then, for
all o, > 0y, EOC, there exists a subnetwork that is initialized on the EOC. Therefore WLTH is true.

The idea behind the proof of Theorem 3 is that by removing a fraction of weights from each layer, we
are changing the covariance structure in the next layer. By doing so in a precise way, we can find a
subnetwork that is initialized on the EOC.

We prove a slightly more general result than the one stated.

Theorem 4 (Winning Tickets on the Edge of Chaos). Consider a neural network with layers ini-
tialized with variances o, € R for each layer and variance oy, > 0 for bias. We define Ow,EOC
to be the value of o, such that (0., poc,o,) € EOC. Then, for all sequences (0,,;); such that
Ow,l > 0w, EOC for alll, there exists a distribution of subnetworks initialized on the Edge of Chaos.

Proof. We prove the result for FENN. The proof for CNN is similar. Let z, 2’ be two inputs. For all
I, let (& l)ij be a collection of Bernoulli variables with probability p;. The forward propagation of the
covariance is given by

q'(z,2") = Ely;(x)yi(2")]

=E[ Z WZjWilk5£j5£k¢(g§71(x))¢(g§71(x/))} +0j.
ik
This yields
§'(z,2") = op E[G(I7 (2)o(91 " (2))] + o} -

2
9w, EOC
g

By choosing p; = , this becomes

2
w,1

§'(x,2") = o7, pocElb(H (2))e(Fr ! (@)] + ap.

Therefore, the new variance after pruning with the Bernoulli mask J is &3) = afu’ goc- Thus, the
subnetwork defined by § is initialized on the EOC. The distribution of these subnetworks is directly
linked to the distribution of §. We can see this result as layer-wise pruning, i.e. pruning each layer
aside. The proof is similar for CNNs. O

Theorem 3 is a special case of the previous result where the variances o, ; are the same for all layers.
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I ALGORITHM FOR SECTION 2.3

Algorithm 1 Rescaling trick for FFNN

Input: Pruned network, size m
for L =1to L do
fori = 1to N; do

ab ¢ SN (Wi)28L,

=1
P, 1/+/cl for all j
end for
end for
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This chapter concludes the dissertation by summarizing the presented work and

outlining its limitations and some potential avenues for future research.

6.1 Contributions

This dissertation provided a comprehensive analysis of the theory of the Edge of
Chaos; it leveraged a duality between Gaussian processes and randomly initialized
wide neural networks to characterize information propagation inside neural networks.
Furthermore, it introduced a new class of smooth activation functions that have
the advantage of letting the information propagate deeper, compared to ReLLU
activation function. Through the articles presented, we have shown that the
residual architecture is by default suitable for deep neural networks, and that it

is further improved by introducing scaling factors that ensure universality of the
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kernel of the Neural Network Gaussian Process in the limit of infinite depth, thus
allowing training such architectures for arbitrarily large depth. These new residual
architectures were termed “Stable ResNet” as they stabilize the gradient while
preserving expressiveness. The theoretical analysis of this dissertation was further
refined by studying the Neural Tangent Kernel and showing that the so-called “NTK
regime” (linear regime) cannot capture the performance of deep Neural Networks.
More precisely, this regime becomes degenerate in the limit of infinite depth and its
performance in classification tasks matches that of a random classifier.

Using an analysis of gradient back-propagation, principled guidelines for neural
network pruning (model compression) which avoid the "layer-collapse’ issue (when
one layer is fully pruned) were derived. Finally, we have shown that the created
algorithm SBP-SR, formulated exclusively for residual neural networks, achieves
state of the art performance on many datasets, among algorithms that consider

pruning at initialization.

6.2 Limitations and open questions

I began my doctoral journey with some questions that I aimed to address, and I am

ending it with many new ones to go.

In this section, we present a critical point of view of the results included in
this thesis. We discuss the limitations of the theories and concepts used in our

analysis and the ensuing questions that arise from our results.

6.2.1 The Edge of Chaos

Characterization of the EOC. In Chapter [2] we characterized the EOC for
the activation functions that belong to class A. We have also shown that other
activation functions, such as S-Softplus (shifted Softplus), have a trivial EOC, and
others, such as Swish, have a partial EOC. However, to the best of our knowledge, a

full characterization of the set of activation functions that admit a non trivial EOC
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remains an open question. We believe that such a characterization would have a

significant impact on the choice of the activation functions used by practitioners.

Non-Gaussian EOC. The theory of the Edge of Chaos is based on two key
ingredients: the infinite width limit and the Gaussian distribution. Thus, it is
natural to question whether a different choice of the initialization distribution
would impact the output function of the network. [Neal, 1995] proposed an a-stable
distribution to initialize the weights. This idea was motivated by the observation
that as the width grows, the variance of the weights (i.e. 02 /N, where N is the
width) converges to zero, and thus the weights converge to zero in L, norm. As
a result, the contribution of each neuron in the next layer becomes negligible in
the large width limit. Intuitively, by sampling from a heavy-tailed distribution,
such as the a-stable distribution, we would obtain large weights from the tail of the
distribution more frequently compared to the Gaussian distribution. In the case of
a single layer network, [Neal, 1995] conjectures that having some large weights in
the hidden layer would give the corresponding neurons a significant contribution to
the next layer. This conjecture can be generalized to the multilayer case.

The extension of the EOC theory to such distributions is not straightforward since
the second moment (and thus the covariance) is not defined. However, in the case
of a-stable distributions, there are some alternatives for the covariance. One is
the covariation which is similar to the covariance but with exponentiated random
variables. At this point, it is not clear whether the covariation kernel would also
be degenerate in the infinite depth limit; however, we believe that an extension
of the EOC theory to heavy-tailed distributions would be a major contribution

to the signal propagation theory at initialization.

Beyond the EOC. We have shown in Chapter [2 that the EOC initialization is
beneficial for the propagation of the correlation and the backpropagation of the
gradients. Particularly, the EOC initialization preserves the trace of the covariance
matrix of the gradients as they backpropagate through the network at initialization.

This has a direct impact on the first step of any gradient-based optimization
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algorithm. However, it is still not clear how the EOC influences the whole training
procedure. We conjecture that this might be related to some properties of local
minima. Indeed, in our experiments, the EOC initialization always yields better
performance compared to the Ordered/Chaotic phase, which might indicate that the
EOC provides a “good” quality local minima. More research is needed in this topic to

fully understand how the EOC impacts the training of finite-width neural networks.

6.2.2 The Neural Tangent Kernel

The theory of signal propagation yields tractable formulas for the NTK kernel in the
infinite width limit. In this limit, the NTK is deterministic and depends only on the
initialization hyperparameters. This is generally not the case for finite width neural
networks (the NTK for a randomly initialized finite width network is generally
random as it depends on the initialization weights), especially if the depth L is
of the same order as the width N. Indeed, in the simple case of an FFNN with
ReLU activation function, [Hanin and Nica, 2019] showed that the corresponding
NTK is random in the limit of large L and N with fixed ratio v = L/N. These
findings suggest that the NTK regime cannot capture the gradient flow dynamics
in when the depth of the same order as the width. An interesting phenomenon that
occurs in this case is that of feature learning, which simply means that the NTK
also changes as we train the network; this implies that the model is also learning
the features of the NTK kernel. There is growing consensus amongst researchers
that feature learning regimes are better suited to describe what happens during
training. In a recent work by [Yang and Hu, 2020], the authors showed that the
feature learning regime yields better generalization compared to the NTK regime.
Similarly, [Baratin et al., 2021] empirically showed that the NTK of a deep neural
network learns features that align with the data labels. The dynamics of feature
learning are yet to be fully understood, and we believe that this framework is the

next promising topic in the analysis of deep neural networks training.
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6.2.3 Stable ResNet

Choice of scaling factors. In Chapter [4] we have shown that a simple scaling
of the residual blocks preserves the universality of the NNGP/NTK, even in the
infinite depth limit. This can be achieved using any scaling factors such that
limy oo S, )\i 1, < oo. This condition is satisfied by a variety of scaling sequences;
the uniform and the decreasing scaling factors introduced in Chapter |4] are examples
of such sequences. Our experiments show that the decreasing scaling is often better
than the uniform scaling. This can be explained by an RKHS hierarchy argument,
i.e. the RKHS of the NNGP/NTK with uniform scaling is included in that of
NNGP/NTK with the decreasing scaling. We are currently investigating this topic,

as we believe it is a natural extension to Chapter [4]

Stable ResNet and Feature learning. Our theoretical results on Stable ResNet
are valid in the infinite width limit (NTK/NNGP). In this limit, the NTK is fixed
at initialization, and thus, the NTK features are also fixed before the training. In
the case of finite width, we have shown empirically that Stable ResNet are superior
to standard ResNet in terms of performance when trained with Stochastic Gradient
Descent on a variety of large scale datasets. We know from section 6.2.2 that feature
learning occurs when training finite width neural networks. However, it remains to
be determined whether the scaling factors impact the feature learning, e.g. does

introducing the scaling factors make feature learning more efficient?
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