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Abstract

There have been exciting progresses in understanding the convergence of gradient descent
(GD) and stochastic gradient descent (SGD) in overparameterized neural networks through
the lens of neural tangent kernel (NTK). However, there remain two significant gaps be-
tween theory and practice. First, the existing convergence theory only takes into account
the contribution of the NTK from the last hidden layer, while in practice the intermediate
layers also play an instrumental role. Second, most existing works assume that the training
data are provided a priori in a batch, while less attention has been paid to the impor-
tant setting where the training data arrive in a stream. In this paper, we close these two
gaps. We first show that with random initialization, the NTK function converges to some
deterministic function uniformly for all layers as the number of neurons tends to infinity.
Then we apply the uniform convergence result to further prove that the prediction error
of multi-layer neural networks under SGD converges in expectation in the streaming data
setting. A key ingredient in our proof is to show the number of activation patterns of
an L-layer neural network with width m is only polynomial in m although there are mL
neurons in total.

Keywords: neural network, neural tangent kernel, stochastic gradient descent, uniform
concentration

1. Introduction

Deep Learning is proven to be successful in many real-life applications, while the underpin-
ning of its success remains elusive. Recently, researchers are interested in understanding
the success of neural networks from the optimization perspective. A neural network with
Rectified Linear Units (ReLU) activation leads to a non-convex and non-smooth objective
function, which is usually hard to optimize by gradient descent methods. However, surpris-
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ingly, gradient descent (GD) or stochastic gradient descent (SGD) on neural networks with
ReLU activation is observed to perform well not only in training but also in generalization
(Krizhevsky et al., 2012). To demystify this phenomenon, an extensive amount of research
has been done recently. For instance, the mean-field theory is used in Chen et al. (2020);
Mei et al. (2018, 2019); Rotskoff and Vanden-Eijnden (2018); Sirignano and Spiliopoulos
(2022); Tzen and Raginsky (2020) to analyze the SGD of infinite-width feed-forward neural
networks. Optimal transport theory is employed in Chizat and Bach (2018) to study the
gradient flow of neural networks and to show that the training error converges to the global
optimum under some mild conditions. In addition, Hu et al. (2019) connects the SGD of
neural networks in training to the diffusion process.

A different line of research focuses on understanding the gradient descent of neural
networks through kernels, in particular the neural tangent kernel (NTK). Specifically, given
an L-layer neural network f(x; W) with input = and parameter W, we define NTK for a
sequence of weights {W (t)} as
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is the NTK from the ¢-th hidden layer. It is first introduced by Jacot et al. (2018), which
shows that gradient descent on infinite width neural networks can be viewed as learning
through the NTK. Subsequent works (Allen-Zhu et al., 2019a; Du et al., 2019b; Su and
Yang, 2019; Arora et al., 2019a; Du et al., 2019a; Zou et al., 2020) connect GD and SGD
with the NTK, and show that with overparameterization and random initialization, the
training error converges to 0. Similar convergence results are also established in other types
of neural networks beyond feed-forward neural networks (Arora et al., 2019b; Allen-Zhu and
Li, 2020, 2019a,b; Allen-Zhu et al., 2019b; Du et al., 2018; Li et al., 2019; Tirer et al., 2022),

such as convolutional neural networks (CNN) and residual neural networks (ResNet).
Despite these remarkable progresses, there remain two significant gaps between theory
and practice. Firstly, the existing theory does not accurately characterize the convergence
rate of GD. Specifically, given a batch {(x;,y;)};—;, Du et al. (2019a) first shows that the

NTK matrix from the last hidden layer HEL) = (%Ht(l‘) (:pi,xj)> is close to some deter-

ministic kernel matrix ®(). Based on this, the authors further show the training loss
converges at a linear rate ( — g)\min(q)(L)))t where 7 is the step size. However, such a
characterization based on the last hidden layer is very loose for two reasons. First of all,
the characterization only captures the contribution from the last hidden layer. Secondly,
as pointed out by Su and Yang (2019), Amin(®)) goes to 0 as the batch size n goes to
infinity. In contrast, as illustrated in Figure la, the actual GD dynamic converges much
faster and can be more accurately characterized via the spectrum of the integral operator
¢ associated with some deterministic kernel function ® = £L=1 ®®_ which captures the
contribution from all layers.

Secondly, most existing works study GD in the batch setting where the training data is
provided a priori in a batch. It remains unclear how SGD performs in the streaming setting
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Figure 1: Comparison of GD/SGD dynamic versus different characterizations. The actual
estimation errors are shown in blue. The characterization based on the last layer is shown
in green while the characterization based on all layers is shown in orange. The data is
generated according to y = f*(x)+u, where f* is a linear function, u ~ N(0,0.01), and z is
generated uniformly over the unit sphere. We learn a 4-layer neural network with m = 1000
neurons in each hidden layer using step size n = 0.2. We use the symmetric initialization
introduced in Section 4. For both GD and SGD, we normalize the error by the error at
initialization. According to Corollary 4, under the symmetric initialization, Ag (®) provides
a good characterization for linear f*.

where the data arrives in a stream. The streaming data arises in a variety of fields such as
finance, news organization, and information technology (O’callaghan et al., 2002; Allen-Zhu
and Li, 2019a; Tkonomovska et al., 2007). Such streaming data is usually inspected once and
archived afterwards immediately without being examined again. Apart from vast sources
of naturally generated streaming data, there are ubiquitous situations where the streaming
data is preferred even though batches of samples can be obtained. For instance, O’callaghan
et al. (2002) points out that in medical or marketing data mining, the volume of data is so
large that only one pass over data is allowed due to computational constraints. Moreover,
Feigenbaum et al. (2001); Muthukrishnan (2005) argues that the streaming data is useful in
privacy-preserving data mining, where the data is kept confidential by users and analyzed
via a single pass.

It is challenging to close these two gaps. The analysis of the NTK from intermediate
layers is significantly harder than that from only the last hidden layer. To see this, the
analysis of the last hidden layer reduces to the one hidden layer analysis by treating the
output from the second-to-last hidden layer as the input (Du et al., 2019b). In particular,
conditioning on the output from the second-to-last hidden layer, the NTK from the last
hidden layer can be written as a sum of independent random variables. In contrast, the
NTKs from intermediate layers not only depend on weights from previous layers but also
subsequent layers. Thus, there is no similar conditional independence structure like the last
hidden layer for us to utilize. As a result, a completely new method is needed to analyze
the intermediate layers.
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To see why it is hard to study SGD in the streaming setting, note that a critical step in
existing analysis of GD on the batch setting (Du et al., 2019a) is to obtain the concentration
of the finite-dimensional NTK matrix. There, pointwise concentration and union bounds
suffice to obtain the desired convergence. However, in the analysis of SGD under the
streaming setting, we need to show the uniform concentration of the infinite-dimensional
kernel function. Existing analysis techniques tailored to finite-dimensional kernel matrices
are not enough to obtain the uniform convergence.

In this paper, we overcome the above challenges and close the two gaps. In particular,

e For an L-layer fully connected feed-forward neural network f(x; W) with m neurons
in each layer, we show that under Gaussian initialization, with high probability as
m — oo, the NTK function from the ¢-th hidden layer HO(Z) (z,2') defined in (2) at
initialization concentrates on some deterministic function ®)(x, 2’) uniformly for all
z,2’ € S and all layers 1 < ¢ < L;

e We further apply the uniform concentration of NTK to show that with high probability
as m — oo, the average prediction error under SGD at iteration T in the streaming
setting is upper bounded by

T-1
inf { IT @ =meAo) 120, + R(Aoﬂf)} +9,

>1
- t=0

where 7, is the step size at iteration ¢, Ay is the /-th eigenvalue of the integral op-
erator ® associated with function ® = L @B ||Ag]l, is the prediction error at
initialization, and ) is the error term capturmg the approximation error from the
non-linearity of ReLLU function and the noise from stochastic gradients. Particularly,
for an arbitrary small but fixed constant € > 0, by choosing an appropriate step size,
we have ) < ¢, yielding a small average prediction error. In contrast to the charac-
terization based on the NTK from only the last hidden layer, our analysis captures
the contribution from all layers and provides a much tighter characterization of the
average prediction error under SGD, as depicted in Figure 1b;

e On the technical front, to prove the convergence of the infinite-dimensional kernel
function, one key step is to bound the number of activation patterns, that is, the sign
patterns of the ReLLU units in all layers when varying the network input « while fixing
the weights W. Leveraging the recursive structure of the network in layers, we show
that the number of activation patterns grows multiplicatively by a factor of m? in
every layer. This immediately implies that there are at most m?" different activation
patterns, despite that the network has m/L neurons in total.

Notation Let (X, 1) denote a measurable space and L?(X, ;1) denote the space of func-
tions f : X — R that are integrable, i.e., || f|ly = 1/ [ f2(#)du(z) < co. When X is the unit

sphere S?~1 in R, we abbreviate L?(S%~!, u) as L?(p) for simplicity. Define the L-infinite
norm ||f|]Oo £ sup,ex | f(2)|. Given f,g € L?(X, ), define their inner product as (f, g) £
[y f(@)g(x)du(x) with (f, f) = ||f|]§ Given a kernel function K 6 L2 (X x X ,u®,u) define
the assomated integral operator K : L2(X, u) — L*(X, p) as Kf(z) = [, K (y)du(y).
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The operator norm of K is defined as ||K||, = sup| s, <1 [[Kf[l2. Denote the composition of
operators K,, oK,,_10---0Kj as H:Zl K; with H:‘L:n+1 K; treated as the identity operator.

2. Related Work

There is a vast literature on overparametrized neural networks, and here we can only hope
to cover a fraction of them we see the most relevant. A summary of the mostly related
works on NTK is given in Table 1.

Table 1: Summary of related works

| Literature Error Setting Layer | Activation Problem
Du et al. (2019b) .
| Su and Yang (2019) | Training Batch+GD Single ReLU Regression
| Duet al. (2019a) Multi | Analytic
| Arora et al. (2019a) | Batch+GD | Single Regression
%Cao an.d Gu J2019L Generalization Stream+SGD | Multi ReLU Clas&ﬁca%tlon
this paper Regression

To facilitate the discussion and better differentiate the algorithms, we use GD to denote
the gradient descent algorithm where the entire batch is used to compute the gradient at
each iteration, i.e., for the given batch {(x;,y;)};_, and a loss function L(, "),

W(t+1) = W(t) = 3 VwL(f (i WD), 32),
=1

where W (t) is the weight matrix at iteration t, f(x; W(t)) is the neural network with
parameter W (t). In contrast, our study focuses on the one-pass SGD, abbreviated as SGD,
which draws a single fresh sample from the true data distribution to compute the gradient
at each iteration. In particular,

W(t+1)=W(t) —n:VwL(f (x; W), 1), (3)

where (x4, y;) is a freshly drawn sample at the ¢-th iteration from some unknown distribution
p. The drawn sample (z¢,y;) is then archived and not used any more.

Training error with batch learning For single-layer neural networks with a given batch
{(z,y:)}i_;, it is shown in Du et al. (2019b) that the NTK matrix H; = (2 H(z;, z;)),
concentrates on the deterministic matrix ® = (%@(mi, :rj)) as the number of neurons goes
to infinity. Then they utilize the spectrum of ® to prove that the training error of over-
parametrized neural networks under GD converges at a linear rate [1 — g)\min(@)]t, where
t is the number of iterations and 7 is the step size. The follow-up work Su and Yang (2019)
proves that as the sample size n grows, Apin(®) decreases to 0 and hence the convergence
rate can be very close to 0. Instead, they provide a different characterization showing that

the training error under GD is upper bounded by

[1 - ?AT@)Y +2V2R (Bo,7) + O (%) :
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where A,.(®) is the r-th largest eigenvalue of the integral operator ¢ associated with the
kernel function ®(z,z’), and R(Ag,r) is the Ly norm of the projection of Ay = f*(z) —
J(x; W(0)) onto the eigenspaces of kernel & associated with {\;(®)}2,.. ;. In addition,
Du et al. (2019a) extends the result of Du et al. (2019b) to multi-layer neural networks
with analytic activation functions. In particular, they first show the NTK matrix from the
last hidden layer concentrates on some deterministic matrix @) and then characterize the
GD dynamic utilizing the spectrum of ®(). However, their analysis crucially utilizes the
analytic property of the activation function, which does not cover the widely used ReLU-
activated neural networks.

Generalization error with batch learning Apart from the training error, the general-
ization error which measures the accuracy of the model’s prediction on unseen data is also
of wide interest. Following Du et al. (2019b), Arora et al. (2019a) derives an upper bound
of the generalization error of over-parameterized single layer neural networks under GD as

Te! ogin :
Exgyon LEGWE) ) < 222 Y 4 0 ( w 81/ Auin(®)) ) |

n n

where y = (y1,%2,- -+ ,yn) " € R™ is the label of the i.i.d. sample {(X;,y;)}i~, drawn from
the distribution . As mentioned above, Apin (®) decreases to 0 and hence the generalization
error can potentially blow up to infinity as n grows.

Generalization error with streaming data To learn a neural network in streaming
setting, one way is to use SGD shown in (3). One work studying SGD with streaming
data is Cao and Gu (2019) which focuses on the classification problem with the hinge loss
function. Technically this work applies the online-to-batch conversion proposed in Cesa-
Bianchi et al. (2004) to bound the generalization error % ZST:1 E(x,y) [1{yf(X;W(s))<0}] from
above by the empirical loss % Zstl L (ysf(xs; W(s)) with the hinge loss function L£(z) =
log(1 + exp(—z)). Note that the online-to-batch conversion follows from an application of
martingale concentration inequalities. It does not fully resolve the problem of bounding
the generalization error as one still needs to bound the empirical loss. Indeed the authors
bound the cumulative loss following a similar analysis of Du et al. (2019b) and obtain an
upper bound of the generalization error as

1 y" (21) Ty
7 2By Lpreewen<o] =0 T +0 (\/ 1/T> ,
s=1
where y = (y1,--- ,yr) . However, as T increases, Amin(®()) decreases to 0 and hence the

upper bound may blow up.

3. Problem Setup

Suppose the data (X, y) is given by y = f*(X)+u, where f* is the underlying true function,
X € R? is the feature vector generated according to some distribution y on the unit sphere
S9! and w is the bounded noise independent of X with mean 0, variance 72. Denote

v 2 max {|| f*|lso, ||} Which is independent of m.
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Figure 2: Hlustration of Multi-Layer Neural Network f(x; W)

We consider the following L-layer neural network, as illustrated in Fig. 2:

flz W) = GT%D(L)(@W(L) . \/_1_D(1)(m)w(1)% (4)

m m

where a € R™ is the outer weight, W® e R™*"e-1 ig the weight of the ¢-th hidden layer
(6)

7 0

whose i-th row is denoted as w

DO (z) = diag {1{(10([),0(5_1)@))20}} € RMXm (5)

with ny as the number of neurons in the hidden layer ¢, and o¥) (x) is the output of the ¢-th
layer given by

1
—DO @)W ... —DD ()W (6)

o (x) =
i i

with 00 (z) = z.

The neural network is trained by running the stochastic gradient descent on the stream-

ing data in one pass. In particular, given the initialization {W(z)(O)} - and outer weight
a, the £-th layer weight matrix at the ¢-th iteration is updated as

OL(ye, F(X; W(1)))
oW (®)

= W)+ (v — f(Xe; W(D)))

WO +1)= W) —p,
Of(X; W(t))
8W(£) ) (7)

where 7, is the step size, L(y,y) = % (y —7)? is the quadratic loss function, and (X;,y;) is

the freshly drawn data that is independent and identically distributed as (X, y).
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To derive 8;;%\,(@)), recall from (4) and (6) that

1 1

L 5O WO D)
+ DO WO ()
T{Vf x} WOl (z)

a
.
= (VP[] W),

fla; W) =a' —DW) (z)wWk) ...

where

T 1
[V(Lf) (gj)} 2 — pDywh... ﬁD(Hl)(aj)W(Hl)i

Thus, we get!
Of (s W) _
ow®

Plugging (9) into (7), we have
WO 1) = WO + (e~ FXa WO V@[ V)] . (0)

where V(Le)t(x) is defined as V(LZ) (z) with W replaced by W(t).

At t = 0, we initialize each weight matrix W (0) as Gaussian random matrix with
i.i.d. standard normal entry. We also generate outer weight a to be Rademacher (symmet-
ric Bernoulli) random variable with equal probability to be —1 or 1 which will be fixed
throughout the training. This initialization is widely used in existing literature such as Du
et al. (2019b); Arora et al. (2019a); Su and Yang (2019). Furthermore, it has been shown
in Jacot et al. (2018) that the training dynamic of gradient descent method under this
initialization is governed by the NTK defined in (1).

For ease of presentation, we assume v = O(1), the step size n; < ; +1 for some 6 indepen-
dent of d and m and n; = ne = --- = ny = m, i.e., all hidden layers have the same width,
and consider the overparameterizd regime where m tends to co. Such overparameterized
neural networks have been the focus in the literature of NTK (Allen-Zhu et al., 2019a; Du
et al., 2019a).

4. Main Result

In Section 4.1, we show the uniform concentration of NTK. In Section 4.2, we apply the
uniform concentration to derive an upper bound of the average prediction error under one-
pass SGD.

1. Note that {D““), k > ¢} all depend on W However, each entry of D® only takes value 0 or 1, and
hence does not change with W once its value is fixed to be either 0 and 1.
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4.1 Concentration of NTK at Initialization

In this section, we show the concentration of NTK at initialization. For notation simplicity,
we abbreviate Hy as H, H(()e) as HO, W® (0) as wO), Dg) as D® and ogg) as o9 for all
£ throughout this section and Section 5.

Note that the kernel function H is a sum of L kernel functions where H® represents the
contribution from the /-th hidden layer. To show the concentration of the kernel function
H, it is sufficient to show the concentration of H ) for each 1 < ¢ < L.

To obtain the closed-form expression of H®), we plug (9) into (2) and get

HO(z,2") = (0" D(x), 0 V(@) x TGV (2,2') a, (11)
M (1
where
G () 2 [V )] V) (12

with V(LK) (x) defined in (8).
Here, we provide a heuristic on obtaining the limiting function ®. Consider H® in (11).
For term (I), by the definition of o), we have the following recursion:

1 & _ _
(¢-1) (£-1) S 1 ) (=1) (e=2)( 7 13
(0" (z),0 - ;G (@)))o((w;™ 7,07 (a"))).  (13)
Conditioning on 0~2), since wgé_l) are i.i.d. Gaussian random vectors across i, we expect

(=D (z), o= (2')) concentrates on its conditional mean, i.e.,

(0D (), 0D (1 )>—>Ew~/\/(01)[ ((w,o(é—z)(a:»)0(<w,o(€—2)(:v')>)} (14)

where

_ o2 ()| (o) (), (6_2)( 0
((w, 0“2 (@), (w, 0D (@) ~ N <0’ <<o<e—"2><x>,o<f—!>2<x'>> o2 @], >>

Analogous to (14), we show the covariance matrix on the right hand side of the above
displayed equation concentrates on

< Elo ( oll= 3) )] E [o ((w, o(£_3)(a:)>) o ((w, oll= 3>(:c’)>)]> .
E [0 ((w, o) »)«wo D)) E (07 ((w, 0l 9)(x)))]

In view of this recursive relation of ((w,o(Z*Q) (z)), (w, o=2) (x’))), we can approximate
((w, o= (z)), (w, o2 (2))) by a pair of bivariate normal random variables. In particular,
we define (U(efl)(:v), U (2")) such that

UV (), U1 @zf2xx)
] o ElRUC) E [o (U2 (2))o (U2 ()]
(e, £ < E[oUED @)D E[2UE2 )] > (15)
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1 (x, ")
z,x') 1

with 2O (z,2") = (< >, and show that

() = E [a (U“*U(x)) o (U“*)(x’))] . (16)
For (II), conditioning on weight matrices {W } w1 We have
(11) — E, [aTG(L%] = Tr(GY).

Moreover, crucially Tr(G(LZ)) approximately satisfies a recursion. In particular, by the defi-
nition of G( ) , for any fixed £ < L,

Tr (Gg_)H(w x ))
.
= Tr <D<L+1>(x)W<L+1>G<L‘> (z,2') [ WD | D<L+1>(x')>

TG0 (G 2 <L+1>]

1 m
:Ezl wED (L) (3 >o} {{wH 00 @) >0}[ L
=1

1 m
— E lz; 1 (L+1) o) (z >0} { (L+1) o) (z >O} Tr (G(f) (:g, x’)) , (17)

TG(Z)

where the last assertion holds because w' G}’ (x, z’)w concentrates on its mean Tr (G(Lé) (z, x’)) .

When ¢ = L + 1, we know V(LH)( ) = ﬁD(LH) (x) in view of (8). From (12), we get

L+1
G (2, 2/) = LDEAD (2)DEAD (27) and
(L+1) 1
Tr (GL+1 (37733/)> _m;1{< (LAY 5(L) (2 >0} { D) 6(L) (27)) >0}
Furthermore,

1
a ; 1{<w§L+l)7o(L) (x))ZO} 1{<w§L+1>70(L) (x/))ZO}

- EwNN(O,I) |:1{<w oL (z)) >O} { w,0(L) (z >0}]

7 — arccos p') (z, ')
27 ’

(18)

where the first step holds by conditioning on o), and the last line follows as

< o (z)  oB)(a) > E [o(UP)(2))o (U (2'))]
Ho(L)(m) g;’)H2 \/E U(L )]\/IE [02(U(L)($/))}

£ p (@, 2)).

10
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Therefore, by defining

7 — arccos p'B (z,2") (o)

qg?l»l(xfx/) - o7 qL (xwx/)v \44 S L7

_ (L) /

T — arccos z,x
o) = o), (19)

we get that
(D) = qi (@,2"). (20)
Combining (16) and (20), we get that

HO(z,2') - E [a (U(Zfl)(x)> o <U(£*1)($’)>} qg)(l',l'/) 2 30 (g,2'). (21)

It has been shown in Jacot et al. (2018) that for fixed (x, ') and fixed ¢, H) (x, 2') con-
verges to ®)(z, 2’) in probability. The following theorem strengthens their result, showing
the uniform convergence of H® to ®© for all £ and characterizing the rate of the conver-
gence.

Theorem 1 Under Gaussian initialization, For m > Cd?exp (L2) for some constant C,
there exist constants Cv, Co and C3 such that, with probability at least 1 — exp (—Clm1/3),

L
#0200 <c, ( 013/6 + dLlOgm) . VI<(<L (22)
] m m

Remark 2 Theorem 1 significantly improves the concentration bounds in Du et al. (2019a).
Specifically, Du et al. (2019a) only establishes the concentration of the last hidden layer
H®E) (5, xj) for a bounded number of data points {x;}!' . In contrast, Theorem 1 establishes
the concentration uniformly over all x € S%' and for all layers ¢ € [L], which is much
stronger and more challenging to obtain. To see why, note that a simple pointwise control
and union bounds fall short of proving the uniform concentration over all x € S*~1. More
importantly, from the definition (12), we know

1 m
(L) — (oD () oD () L
B = (o7 (), 0 (“)m;l{(w?)p@1>(x)>zo}1{<w§“,o<b1><xf>>zo}'

is a sum of independent random variables conditioning on oL~V for which a simple con-
centration inequality can be applied to. In contrast, the intermediate layer HO with ¢ < L
depends on not only previous hidden layers but also weight matrices and activation pat-
terns of subsequent layers through G(LK). To overcome these challenges, we fix G(LZ) and view
aTG(LZ) (x,2")a as a quadratic term. This allows us to apply Hanson- Wright inequality (Ver-
shynin, 2019, Theorem 6.2.1) and obtain the concentration of aTGg) (x,2")a for any fized
x,2'. To upgrade this point-wise concentration to the uniform one, we utilize the criti-
cal observation that the number of different G(Lz) (x,2") for fized {W(e)}f:1 depends on the
number of activation patterns |Dy| where Dy, = {(D(l)(ac), ..., D& (z)) :z €S} We
then show |Dr| < m% through showing |Dy| < m?|Dy_1|. See Lemma 7 for more details.

11
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Implications in batch setting Theorem 1 implies that if m = (exp(LQ)poly(d, %)),
then |[H — ®||, < e with high probability. Interestingly, our uniform bounds enable us to
derive a sufficient condition on the over-parameterization m in the batch setting that is
independent of the batch size. Specifically, in the batch setting with data points {z;}7 ;,
by defining kernel matrices H = (2 H(z;,2;)) € R™" and ® = (1 ®(z;,2;)) € R™", we
can deduce that |H — ®|p < ||[H — ®||, < e. In contrast, the previous works in the batch
setting Du et al. (2019b,a); Su and Yang (2019) require m to grow sufficiently fast in n to
ensure ||H — ®||p < e. For example, Du et al. (2019b) requires that m = Q(n®).

In addition to the above application, Theorem 1 also plays an important role in the
analysis of gradient descent dynamic. Existing work (Du et al., 2019a) shows the training
error under GD decays at the rate of (1 — 7Amin(®5))/2)t where &) = (%CI)(L) (zi, ;) is
the limit of the NTK matrix from the last hidden layer as the number of neurons goes to
infinity. With Theorem 1, we are able to show a tighter rate (1 — nAmpin(®)/2).

Beyond the application in batch setting, Theorem 1 further enables us to characterize
the convergence of the prediction error under SGD in the streaming data setting, as we
shall present next.

4.2 Average Prediction Error under SGD
Define the prediction error Ay(z) 2 f*(x) — f(z; W(t)). We aim to characterize the con-

vergence of the average prediction error || A, £ /Ex [A}(X)].

To analyze ||A¢]|,, we first show a linear approximation of Ay:
Apr1 = (I = mH) A + o + e, (23)

where | is the identity operator, H; is the integral operator associated with the kernel
function Hy(x,2’), v; is the noise from the stochastic gradient, and € is the approximation
erTor.

Note that H; depends on {W(s),s < t} and hence further depends on the sample
path {Xs,ys ';;%). To circumvent this dependency, we first show W(t) stays relatively
close to W(0) in operator norm under the over-parameterized regime with large m. This
further allows us to show ||H; — H||, is small. Applying the triangle inequality together
with Theorem 1, we deduce that ||H; — ®||, is small. It then follows from (23) that the
prediction error under SGD can be approximated by a linear dynamic governed by & for
any sample path { Xy, y:}:

Appr = (I =) Ap + ¢ (P — Hy) Ay + v + €, (24)

where @ is the integral operator associated with ® defined in (21). This recursion reveals
that the evolution of A; is governed by the spectrum of ®.

More specifically, denote the eigenvalues of ® as {/\i}ioil with A\ > A9 > --- and the
corresponding eigen-functions ¢;. For any function g € Lo(u), denote the residual projection
error R(g,r) as the Lo norm of the projection of g onto the space spanned by eigen-functions

{qbl}zoir—}—l’ i‘e"
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Theorem 3 Given m > C3d” exp(0C*logT) and n; = t% for 0 < 2\/2—4]4, with probability

at least 1 — exp (—C;Lml/%) over the initialization, we have

t—1
Ef[|Adl,] < mt { (H (1- ns/\e)> 1Al + R(Ao,ﬁ)} +2¢2 || Aolly + 2¢2m, (26

s=0
_ V44L0/9 1
where ¢cg = 0Le 172\/@”9/9—1—1.

Here, the first term on the right hand side of (26) comes from the linear approximation
Appr = (=) Ay =TTy (I = 75®) Ag in view of (24). The term 2cs [|Ag|l, + 2ca7 is
the sum of three errors. One is the accumulation of the perturbation error v; from the
stochastic gradients. Another is the accumulation of the approximation error € from the
use of the linear approximation. The last one is the accumulation of the approximation
error 1 (¢ — Hy) Ay

From Theorem 3, we see that an early stopping time 7', which is commonly used (Su and
Yang, 2019; Allen-Zhu et al., 2019a), is needed to ensure the condition on the number of
neurons per layer m is satisfied. Intuitively, this dependency on T comes from two aspects.
Firstly, to ensure the linear approximation holds, we crucially require W (¢) to be close to
W (0), resulting in an upper bound on the number of SGD iterations 7. Secondly, the
accumulation of the approximation error ¢;, albeit vanishing in m, grows in the number
of iterations T'. Thus to ensure the final approximation error is small, we need m to be
sufficiently large compared with T'.

Our result sheds light on the trade-off between the convergence rate and the accumu-
lation of approximation errors. The trade-off is two-fold. One is between Hizo (1 —nsAe)
and R(Ag, ¢) through ¢. Intuitively, on one hand, a larger ¢ implies a larger principal space
which yields a smaller R(Ag,¢). On the other hand, a larger ¢ also implies a smaller A,.

Thus, the contraction factor []_, (1 — 1s)\¢) is smaller, indicating slower convergence. The
ECAYE
s+1
approximation error and noise co through 6. To make sure cy is small, we need small 6,
thus yielding a small contraction factor. In return, we need more iterations to converge.

Now we present an application of Theorem 3 when f* is a polynomial. Consider SGD

other trade-off is between the contraction factor Hi:o ( ) and the accumulation of

under a symmetric initialization scheme of the last layer, i.e., W) (0) = (g) where

W € R2 "™ is a random matrix with i.i.d. standard normal entries and a = (b, —b) " where
b € R™? has i.i.d. Rademacher entries.

Corollary 4 Assume f* is a degree £* polynomial and the input data follows the uniform
distribution over S*1. Under the same condition as Theorem 3, we have with probability

at least 1 — exp (fQ(C;Lml/%)),

t

E(|Awlly IW(0),a] < TT (1 = nsdess2) 171y + 2c2 | £l + 2ca7. (27)
s=0

The proof is deferred to Appendix E.
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Remark 5 From Corollary 4, for arbitrarily small constant €, by choosing small step
sizes, a sufficiently long horizon and a sufficient wide neural network, we ensure that
the average prediction error under SGD is smaller than €. To be more specific, for any

0 * by choosing T > (<) and g <
<e<|f*ly + 7, by choosing T > (W) and 0 < W’ we ensure
E[[|A¢s1]lo [W(0),a] <e. To see why, note that
t
[T = ndei1) < exp (=0 logT) = TP < (28)
=0 61/l
and
1
c o+ 7)=0LeVHEO | (|, T
2 (1571 +7) R (1571l +7)

(a 9e_ s
a 2
8\ﬁ - 12 (29)

where (a) holds since 2\/%74”9 < - < %. The result follows by plugging (28) and

= A4(llf* )
(29) into (27).

5. Proof of Theorem 1
In this section, we present the proof of the main results.

Additional notation Define VC(F) as the VC dimension of Boolean function class F.
For any matrix C € R™™, we define ||C|| £ maxi<i<n,i<j<m |Cij|. Throughout the
remaining paper, we use C to denote absolute constant whose value may vary in lines.

We present several key lemmas that will be used in the proof of Theorem 1. First, we
show that (09 (z), 0 (z')) concentrates on E (o (U9 (z)) o (U(Z)(az’))] uniformly over all
z,2' € ST and all ¢ € [L].

Lemma 6 With probability at least 1 — L exp (O (dlogm) — Q(ml/?’)), forany 1 < ¢ <L,
026
sup (00@), 00} ~ B [ (V) o (00@)] [ =0 (55). @0
z,x’ m
where (UO (), UG (")) is defined in (15).

To prove Lemma 6, we follow the aforementioned heuristic in Section 4.1 to show that
(0 (z), 0¥ (")) concentrates on E [O‘(U(E) (z))o(UO (z'))] for any fixed (z,2’). Then we
establish that o(® (x) is Lipschitz in x with high probability. This enables us to apply an
e-net argument to upgrade the pointwise concentration to the uniform one.

The next two lemmas together show that aTGS-f)(x?:c’ )a uniformly concentrates on
4
af) (z,2").
Lemma 7 With probability at least 1 — exp (O(dL logm) — Q(m1/3)), fort=1,2,--- L,

, , 2Lt
sup aTG(L)(x,x’)a —Tr (G(L)(a:,:c'))‘ =0 ( 0 pYE ) . (31)

z,x’

14
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The above lemma shows the uniform concentration of aTG(Lé) (x,2")a on Tr(G(LK)(a;, z')).

However, unlike the previous case, an e-net argument cannot be applied here, as x influ-
ences Gg) (x,2') through non-Lipschitz indicator functions 1{<w(k+1) 0¥ (2))>0} for k > ¢.
As mentioned in Remark 2, the key to overcome this challenge lies on the following crucial

observation. Although there are infinite number of different matrices G(Le) (z,2') when vary-

ing z, x’, conditioning on {W(k’)}izl the size of gf) = {G(LE) (x,2'):x,2' € Sd_l} depends
only on the size of
s e) (L) : d—1
D, 2 {(D (z),---,D (x)) Lz €S }

Since D) € R™*™ is diagonal with binary entries, one can directly bound |Dy | by 2L, Un-
fortunately, such naive bound is too loose to obtain a tight concentration. Instead, we show
a much tighter bound |Dy| < m?" utilizing the recursive relation |Dy| < m?|Dy_1| for all k.
To obtain such recursive relation, a critical step is to decompose S~! into disjoint regions
{Vj,j=1,2,--- ,|Dk_1]} so that for any = within the same Vj, (D(l)(m), e ,D(k_l)(x)) is
the same. With such decomposition, we can get

|Dg—1]

|Dy| < Z ‘{D(k)(x) tx € V]H

j=1

To further bound HD(’“) (z) 1w € Vj}
o#(z) = Pjx for all z € V; with some deterministic matrix P; € R™*¢ independent
of . Hence, |{D(k) (x):x € VJ}‘ < m? follows by applying Hajek and Raginsky (2019,
Proposition 7.1) and Sauer-Shelah Lemma (Lemma 22). With this tighter bound in hand,

we deduce the uniform concentration of aTG(Le) (z,2')a on its mean Tr (G(LZ) (z,2' )) by

, we crucially utilize the fact that for any fixed j,

combining Hanson-Wright inequality with a union bound over gf) .

It remains to show the uniform concentration of Tr <G(LE)($, x )) on q(LK) (x,2)).

Lemma 8 With probability at least 1 — exp (O(dLlogm) — Q(m!'/3), for ¢ =1,2,--- L,

:O<\ECL+\/d(1+(L—1)logm)> (32)

sup
x,x’!

T (G (2,2)) = o (2, 2)

m1/6 m
for some universal constant C.

To prove Lemma 8, we follow the heuristic argument in Section 4.1 to prove (17) and
(18). The proof of (17) follows similarly as that of Lemma 7. To prove the first step of
(18), we utilize the following observation. Conditioning on w® .o WED | the change
of sup,, ./ h(E) (x,2') from the change of any single coordinate is bounded by %, where

m

1

L n A
hO(@,a) £ m Z_; 1{<w£L%o<L—1)<x>>20}1{<w£“,o@—l>(x'>>20} ~Eu [1{<w:o(“><x>>20}1{<w:o“*1>(x>>20}} ‘ '

15
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This allows us to apply McDiarmid’s inequality to show with high probability over the ran-
o™

domness of {wi }z‘:l’ SUp 4 R (z,2") concentrates on its mean. We then apply Lemma

21 to bound E [sup, ,/ hE) (z,2")] by O ( \/C(;)'Li(L))) where

A {f:c,z' (@) = 11 020 (2)) 20} L w01 (1)) >0} * &5 x' € Sd_l} :

Afterwards, we apply Lemma 20 to show VC(H()) = O (VC(]—' (L))) where

L . d—1
To bound VC(F (L)), we follow a similar decomposition strategy as Lemma 7 and show
VC(FL)) = O(d(1 + (L — 1) logm)).

To prove the second step of (18), we crucially establish that the arccos function is Holder
continuous of order 1/2 despite that it is non-Lipschitz.

With the above lemmas, we now present the proof of Theorem 1. The full proofs of
Lemma 6- 8 are deferred to Appendix B.
Proof [Proof of Theorem 1| Throughout the proof, we condition on the event such that
(30), (31) and (32) hold simultaneously. By Lemma 6-Lemma 8, we get such event occurs
with probability at least 1 — exp (—Q(ml/ %)) for sufficiently large m.

For any 1 < ¢ < L, by the triangle inequality, we have

-]

= sup| (o~ (@), 0"V (@))a’ G (2,0')a ~ E [a (U“—l)(x)) o (U“—l)(x’)ﬂ ¢\ (z,2)
< :up (<o<f*1>(g;), oD (")) —E [a (U“*U(x)) o (U“’“(m’))]) a’GY (m,x’)a‘

+ i{lﬁ E [a (U“—U(:p)) o (U“—l)(z’)ﬂ (aTc;(f) (z,2)a — q(L@(:c,m')) ‘ . (33)

Here, we claim that

sup
z,x’

aTG(LE) (x,x')a’ <1, (34)

and

supE [o(U) ())o (U (a/))] < sup VE [02(U0O(2))] sup VE[p2(U0 ()] =27 < 1.

(35)

16



OVERPARAMETRIZED MULTI-LAYER NEURAL NETWORKS

Plugging the above two claims into (33), we have

-0
< sup <0(€_1)($), o= (")) — E [0 (U(E_l)(a:)> o (U(e_l)(x'))] ‘ + sup aTGg) (z,2")a — q;

(@) [ LC? ol \/d(1+(L—1)logm)
o (ml/s +0 m1/6+ m

ct d(14+(L—1)logm
=0<m1/6+\/( (L~ 1)log >)7

where (a) holds by (30), (31), and (32); and the last equality holds since m = Q(exp (L?)).
It remains to prove (34) and (35). To prove (34), by definition (19), we have

0<q(x,2') <1/2. (36)
Therefore, by the triangle inequality, we have

sup (ITG(LZ)(ZL‘,J‘,)(I) < sup
z,x’

z,x’

"GP (z,0")a — g (@, /)

¢\ (x,2)| <1

+ sup

z,x’

)

where the last inequality holds since O \{nfl(/fﬁL + d(1+(L;11) log m)

Now we prove (35). Since UM (z) = (w,z) ~ N(0,1) for any z, we have

1
E |:O'2(U(1)(SU))] = ]EZNN(O,I) [ZQ]_{ZZ()}] = 57 VJI (37)

By the definition of £, it follows that

E [Uz(U(f)(ﬂﬁ))} = Epe-n () [EZNN(O,UQ(UM—U)(@) [Z21{220}|U(é_1)(m)”

_ %E PO @], ve.

Recursively applying the above equality and noting (37), we get that
E [UQ(U@(x))] =9 Va. (38)

By Cauchy-Schwartz inequality, we have

supE [o(UO (2))o(UW (m’))] < sup \/IE [02(UO)(2))] sup \/E [02(UO(2))] = 270 < 1.

z,x’

17
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6. Bounding ||H; — Hyl|,

In this section, we prove that with high probability, for any sample path {xs,ys}zz_ol,

|Hy — Hol|, is small. As discussed in Section 4.2, this is crucial to the analysis of the
average prediction error under SGD in the streaming data setup.

Recall from (1) that H; = Zle Ht(e) and

n_ [0 (@ W) Of(a'; W(t))
ng)(x,x):< WO WD >

where

Of(x; W(t)) 1 _ T
swio = 7Dl @@ o @) (39)

(£)

and z, ' (x) measures the sensitivity of the output from the ¢-th hidden layer defined as

0, 7 & [2f@WO)T 1 1 L e we
()& [P T D@ w ) D W), (0)

Throughout the section, we assume the width of each hidden layer m satisfies

m > d” exp (Q(GLC’L logT)) (41)

for some absolute constant C. Also, recall from Section 3 that we assume v = max {|| f*||oo, ||}

.. . 0
is independent of m and choose step size 1, < i

Proposition 9 Assume (41) holds. With probability 1 — exp (—Q(C’_Lml/36)), for any
sample path {xs,ys}sTgol, allt <T, and all 1 < { < L, we have

L
) m1/36

-0 =0 (-55) (42

sup
xX

’&f(x;W(t)) _ 0f(z; W(0))
oW () oW )

and hence,

To prove Proposition 9, in view of (39), the key is to control the deviations of Dge)(x),

zt@ () and og*l)(m) uniformly, which will be done in the following Lemma 10-12. The
detailed proof of Proposition 9 and Lemma 10-12 are deferred to Appendix C.

We begin with bounding the deviation of 05271)(35)‘ Define a sequence of real numbers:
Ry 2 m?/18

t
Ryp1 2 Ro+ LC*" 72 “ny(Rs +7),t > 1. (43)
s=0

18
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Lemma 10 Assume (41) holds. Then we have Ry < mi/3 for all t < T. Moreover, with
probability at least 1 — exp (—Q(CfLml/g)), forany 1 < £ < L, t <T and sample path
{xs,ys}z:ol, the following holds:

t—1
W) - wO©)| <t > 0 (R +9) < B (44)
s=0
Cé
sup [of ) — o (a)|, < 25 .
sup |Ay(x)| < Re, (46)

for some absolute constant C1, Co and Cs.

Lemma 10 is proved via induction over ¢ in Appendix C.2. A key underlying idea is as
follows. While the weight vectors for some individual neurons may exhibit large deviations,
collectively W) () is close to W®)(0) in terms of the spectral norm, or equivalently the
Frobenius norm as W (t) — W) (0) is of rank no more than ¢, which is much smaller
than m following (41). This allows us to further control the deviation of og) () and |Ay(z)]
uniformly over all 2, which in turn results in a small deviation of W) (¢ 4+ 1) in the next
iteration. Departing from the previous work (e.g. Du et al. (2019a, Lemma B.5)), here
to control the deviation of W) (¢ + 1), it is crucial to bound |As(x)| uniformly over all
x. A critical intermediate step is to bound |f(x; W(0))|. To this end, by observing that
F2(2; W(0)) < a'Q(x)a for some matrix Q(x) independent of a, we apply the Hanson-
Wright inequality for a fixed Q(x) and then apply a union bound over {Q(:c) tx € Sd_l},
analogous to the proof of Lemma 7.

Next, we show Dgé) (z) is close to Dée) () for any x. As such, define
4 {4 {4
5" (x) £ |D;" () ~ DY () |~
Equivalently, St(g)(a:) measures the number of sign flips of the neurons at the ¢-th layer.

Lemma 11 Assume (41) holds. Then with probability 1 — exp <—Q (C’l_Lml/9>) for any
1<{¢<L,t<T and sample path {xs,ys}i;%),

sup 51 () < Chm®?, (47)

for some absolute constant C1 and Cs.

Note that the previous work Du et al. (2019b) has obtained bounds to the number of
sign flips in the batch setting with one hidden layer. They crucially require every individual
weight vector wgl) not to change much and hence only the neurons with small \(wgl)(O), x)|
can have sign flips. However, in our setting, we need to further bound the number of neurons
with relatively large deviations based on our bound of HW(Z) (t) — W© (O)H2

(0)

Finally, we bound the deviation of the sensitivity 2z, (z).
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Lemma 12 Assume (41) holds. With probability at least 1 — exp <fQ(C§LHm1/36)>, for
layer £ and t < T and any sample path {zs, ys}st_ol, we have

< m/3,

o0

sup 47| ()
and

sup Hzt@) (z) — zég) (a:)”2 =0 (CEL_Km”/gG) , (49)

for some absolute constant Cs and Cy.

Lemma 12 is proved via a backward induction over £ in Appendix C.3. In particular,
we crucially utilize the following layer-wise recursive relation

¢ 1 T+t 41
A7) = 7 (WO @] DI @) @) (50)
and apply the aforementioned deviation bounds of W{¢+1(¢) and DEHI) (x). Note that

even if there is only a single sign flip at some r-th neuron, an enormous value of the r-

th coordinate of zé“l)(x) can possibly induce a large change of zt(g)(

x). To circumvent
this issue, we derive a uniform bound to Hz((f) ()|lo- Specifically, we observe that the
r-th coordinate of z(()z) () equals <a,v7(,£)(x)) where v(" (x) is the r-th column of matrix
ﬁD(L) ()WL) (0) - ﬁD(”l)(:r)W(“l)(O) in view of (40). Analogous to the proof of

Lemma 7, by conditioning on {W(k) }521, we first show the concentration of (a, e (z)) for

(0)

a fixed v; ’(z) and then apply a union bound by counting the number of vy) (z).

7. Proof of Theorem 3

Recall from Section 4.2 that the recursion (24) plays a key role in showing Theorem 3. In

the following lemma, we prove the recursion (24). Denote operators as
K =1—-m®, Q =I1-mH; Dy=Q—Ky (51)

where ® is the integral operator associated with ®, H; is the integral operator associated
with H; defined in (1), and ® = Zle ®O with & defined in (21).

Lemma 13 For any t, we have
At+1 = KtOAt+DtOAt+Ut+6t,

and hence,

E[|As1]l, [W(0),a] <

t

+Y E

2 r=0

t
H KS o) AO
s=0

t
H Qo €

r=s+1

t
+Y E
s=0

20

i=r+1

t r—1
H Q;D, H Ko Ay
Jj=0 9

W(0),a| +E

t t
Z H Qo v

s=0r=s+1

2

W(0),a
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where € = ex(x, Xe; W(t), W(t 4+ 1)) with
ei(w, 2’ s W (), W(t+1)) £ f(as W(t)) = f (2 W (t+1))+neHy(, ") (f(2) +ue = 2y W (1))
and

vy = ve(w, Xo) = = [(De(Xe) + we) He(w, Xy) — Ex, [A(Xe) He(z, Xi)[W(0),a]] . (54)
Proof [Proof of Lemma 13| By the definition of €;, we have

Api1(z) = Ae(x) — neHe(z, Xo) (Ap(X) + ue) + €x(w, X)
= Ay — miBEx, [Hy(z, Xo) Ay(X1)[W(0), a] + er(x, X¢) + ve(, Xy).
Using the notation in (51), we get the first equality of the lemma
Ar=QroA¢+uv +e
=KioA;+Dyo Ay + ¢ + vy,

where the last equality holds since Q; = Dy + K;.
Unrolling the above equality, we have

A1€+1<1_‘[K OAOJFZ H Q;D, HK OAO+Z H QroesJFZ H Q; o vs.

r=0i=r+1 s=0 r=s+1 s=0 r=s+1

Taking Lo norm and conditional expectation, following the triangle inequality, we obtain
the second inequality of the lemma. |

To bound the average prediction error E [||As11 ||, [W(0), a], it suffices to bound the right
hand side of (53). The first term can be bounded using the eigen-decomposition of K;. As
an intermediate step, we prove both ® and H; are positive semi-definite with a bounded
spectral norm in Lemma 14 below. This will be useful in bounding the spectrum of K; and
Q.-

L 2

Lemma 14 & is positive semi-definite with ||®[l, < ||®|, < 5. Hence, for ny < £, we
have
0< A(Ky) <1,
for all i where \;(Ky) is the i-th largest eigen-value of K.
Assume (41) holds. With probability at least 1 — exp (fQ (C_Lm1/36)), H; are positive
semi-definite for all t < T with ||H||, < QL, and hence for ny < 37,

where \i(Qq) is the i-th largest eigen-value of Q.

The second term of (53) is the approximation error of using ® instead of H;. To bound
the second term, we apply Lemma 14 which bounds ||Q:[|, and ||K¢||, for all ¢. Then we
apply Proposition 9 as well as Theorem 1 to bound ||D¢/|,.

It remains to bound the last two terms. Intuitively, the third term is the accumulation
of ¢; and the last term is the accumulation of the noise from the stochastic gradients ;.

The following lemma bounds the approximation error.
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Lemma 15 Assume (41) holds. With probability at least 1 — exp (—Q(C*L“ml/%)), we

have
_ WtCLUt
Bl [W(0). ] =0 (2. (55)
where
of =E [ A3 [W(0),a] + 72 (56)

and T 1is the variance of the noise u.

Next, we bound the noise from the stochastic gradients in expectation.

Lemma 16 Assume (41) holds. With probability at least 1 — exp (—Q(C‘Lml/%)), we

have
t t
ST Qrows W(O),a] < cy00, (57)
s=0 r=s+1 2

where ¢y = LOeVHLo/9 - 2\ﬁL6/9 + 1.

To prove Lemma 16, we first utilize ||Q¢||, < 1 and the observation

E v {X,, 5125 W(0),a] =0
to show

t t 2 :
ST Qow| [W(0).a SZE[H%;@\W(O),@]

s=0 r=s+1 9 s=0

Then following the definition of v; and the upper bound of ||Hy|| , we have

4L77§ o2

E [l 3 W(0), a] < =507

where o2 is defined in (56)
Finally we bound Z _on20%. Note that n, < L. Therefore, by showing o; does not

grow too fast in ¢, ie., o1 < (1 + @> o1, we guarantee Y .o nZo? converges and
hence obtain the upper bound of Z s_oMioZ.

Proof [Proof of Theorem 3] Throughout the proof, we condition on W(0) and a such that
(22), (42), (55), (57) hold. This can be guaranteed with probability 1—exp (—Q(C*Lml/?’ﬁ))
following Theorem 1, Proposition 9, Lemma 15 and Lemma 16. For simplicity, we abbreviate

the conditional expectation E [-|[W(0), a] as E[-]. We now prove the theorem by induction.
When t = 0, clearly [[Aogfly < [[Aolly + 2¢2 [|Aolly + 227
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Suppose (26) holds at all time s < ¢, now we show it also holds at time ¢+ 1. Following
(53) in Lemma 13, we have

t

E[|Ac ) +ZE IT eo. HK ° Ao
r=0 i=r+1 9.
+ZE H Qo €4 Z H Qr 0 vs
s=0 r=s+1 2] s=0r=s+1 2
t t
[T% 080 + S B0 A0l + Y Ellels + E || TT @ ou
s=0 2 r=0 s=0 s=0 r=s+1

(58)

where the last inequality holds by Lemma 14 that gives ||Q]|, < 1 and ||[K[|, < 1 for all
t<T.
Now we bound each term on the right hand side above.
Denote p;(t) £ T[4y (1 — ns\i) where {\;}32, are eigenvalues of ®. Since A\; > Ay >
- > 0 and sup; (1 —nsA;) < 1 for all s, we know p;(t) is bounded above by 1 and is
increasing in i. To bound the first term on the right hand side of (58), here we use an

induction to prove that
| VR T

where ¢; is the eigenfunction of ® associated with eigenvalue A;.

)19, i) bis (59)

When ¢t = 0, since Kq is positive semi-definite, by Lemma 27, we have

Koog—sz

(9, 0i) i,

where ¢; is the eigenfunction of ® associated with eigenvalue \;.
Suppose (59) holds for some time ¢. Since K11 is PSD, by Lemma 27, we have

Kiti 0 (

t

[IKsog

s=0

> Z 1_77t+1/\ <Zp] g7¢] ¢]7¢’L> (bz
=1

@

L — 1) (pi(t)(g, i) bis D) Di

© ST it + 1){g, did i,

>
2

where (a) holds by orthogonality of {¢;} and (b) holds by the definition of p; and the
normality of ¢;. Therefore, taking Lo norm square on both hand sides of (59), for any
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r € N, we get
2 [o.¢]
s © AO = Z AO,(bz

2 1=0
(a) <&
LS OB+ 3 (B0,

i=0 i=r+l
(O 2 2
< pr(t) D (Do, ¢0)* + R* (Ao, )
i=0

< P7 (1) A1z + R (Ao, 7),

where the residual projection error R is defined in (25); (a) holds since p;(t) < 1 for all i
and t; (b) holds since p;(t) is monotonic increasing in i. Hence, we have for any r € N,

< H L=nsAr) [[Aolly + R(Ag, 7). (60)

To bound $°%_ E[||D,|,], note that

nCE
101, < I~ 0l = 0 (255

Thus, we get
t t
CEY . _onr 0Ctlog T
TZZOE[IIDTIIQJ =0 (,,nl/% <O (61)
for some absolute constant C'; where the last inequality holds by plugging in 7, < %1.

By (55), we have

Z{)E [lleslly] = ( 1/36 277503> .

By definition of o4, we have

70 = JE[IAE] + 72 S Bl +7

Now we prove that
E [l Asll] < (1 +2¢2) [[Aolly + 2¢a7.

and hence
s < (14 2¢2) || Aoy + (1 + 2¢2)7.

To see this, note that for any € > 0, R(Ap, ) < € for sufficiently large ¢. Therefore, since
(26) holds for all s <t, we have

s

E[|Aslly] < TT (1 =nede) [A0lly + €+ 22 [[Aolly + 2cam < (14 2¢2) | Al + € + 2¢o7.
r=0
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Since € can be arbitrary, we have E [||Ag|l] < (1 + 2¢2) [[Aol|y + 2¢c27. Plugging the bound

to o5 and ns < 8_%1, we get
: C30CE log T
D Eflleslly) € === (1+2¢2) (| Aolly + 7). (62)
0 m!/
S=!
for some absolute constant C'3 where we use the fact that ZZ;O e < Zf:o t% < C'flogT.

Lastly, from (57), we have
t ot
e[l 1T e

s=0 r=s+1
Plugging the above bound as well as (60), (61) and (62) into (58), we have

] <2 ([[Aolly +7)-
2

IR
< TT0 - 2 Bal + R(Aa, ) + G T iy,
s=0
CHICL BT (14 203) (Noll + ) + o2 (gl + 7
- {H - m)} 80l + R(20,)
s=0
101+ Cata 20 PEEEL ) g, + (2T )

where Cy = max {C, Ca}.
When m = Q ((Cl + C3(1 4 ¢2))*° 63636 CF0L 10g T), we have

0CFlog T

(C1+ C3(1 + 2¢2)) %6 =2

and

(14 2¢2)C30CE log T <
m1/36 =@
As a result, we have

t

E (1A ly) < TT (= nh) 180l + R(A0, ) + 265 [ A0, + 2¢o7,
s=0

which completes the induction.

8. Numerical Study

In this section, we provide some numerical studies.
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8.1 Synthetic data

We consider the following different choices of f*:
e Linear: f*(z) = (b, ) with parameter b € R%;
e Quadratic: f*(z) = 2" Az + (b, z), where A € R¥9 and b € RY,

e Teacher neural network: f*(z) = 25 by ((v;, z)), where ¢(2) = H% is the sigmoid
function, b; € {—1,1}, and v; € RY;

e Random label: f*(x) is an i.i.d. Bernoulli random variable with parameter 1/2.

We use the symmetric initialization introduced in Section 4 as Corollary 4 suggests
a zero residual projection error R(Ag,¢* + 1) for a degree ¢* polynomial. We run the
stochastic gradient descent algorithm (10) on the streaming data with constant step size
n = 0.3 to train a four-layer neural network. At each iteration, we randomly draw data
X uniformly from S%~! and u from A(0,72) to obtain (X,y) where y = f*(X) + u. The
average prediction error is estimated using freshly drawn 200 data points, and the resulting
error is further averaged over 20 independent runs.

In Section 4, we prove that the average prediction error converges under SGD in the
streaming setting. Here we show the numerical performance of SGD. We study the normal-
ized average prediction error E[||A¢|,] /E[||Aoll,] for different f* with d = 5, m = 1000,
and 7 = 0.1. For linear, quadratic and teacher neural network f*, the best achievable value
of the normalized error equals 0. For random label f*, since f*(z) is an i.i.d. Bernoulli
random variable with parameter 1/2 for any z, we get

x 1 1
1A = Ex |(£7(0) = FOGW))| = 5 [(FXs W) = 1)” + FAOGW()| = 7, ¥
Hence, the best achievable value of the normalized average prediction error equals IE[||1A/§|| T

2

which is represented by the horizontal dashed line in Figure 3. From Figure 3, we clearly
see that SGD learns f* efficiently for all four choices: the normalized average prediction
error converges to the best achievable values.

As discussed in Section 4, our result which captures the contribution of NTK from all
hidden layers, characterizes the average prediction error better than existing works (Du
et al., 2019a) . Here, we provide numerical studies to verify this statement. Figure 4
plots the evolution of the average prediction error normalized by the error at initialization
and the characterizations utilizing the spectrum of ® and ®®). It can be seen that our
characterization based on @ is close to the actual SGD dynamic when f* is linear, quadratic
or teacher neural network function. Note that under the symmetric initialization, Ag = f*.
According to Corollary 4, we choose \a(®) for linear and A3(®) for quadratic f* since the
residual projection error equals 0. For teacher neural network f* which is not polynomial,
we cannot find some ¢* such that the residual projection error R(f*,¢*) = 0. Instead, we
choose A4 (®) as it provides the best fit among all A; (®),7 > 1.

As shown in Section 6, to ensure Hj is close to Hy, we crucially prove that W) (t) stays
relatively close to W) (0) in Lemma 10 and bound the number of sign changes for each
hidden layer in Lemma 11. Here we study both phenomena numerically. Figure 5 studies
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0.4 - —— quadratic
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Figure 3: Normalized prediction error for different f*

0.6 — (1= NAmin(®))* 061 | — (1= NAmin(®))* 0.6 — (1= NAmin(®))*
—— normalized average prediction error —— normalized average prediction error —— normalized average prediction error
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0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
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(a) Linear f* (b) Quadratic f* (c) Teacher neural net f*

Figure 4: Average prediction error and the characterization based on ¢

teacher neural network f*. Figure 5a shows that the relative deviation of weight matrix
HW(@ (t) — VV(Z)(O)H2 / ||W(Z) (O)H2 for each /-th hidden layer is small. This is consistent
with the trend implied by Lemma 10 which shows that with high probability, the numerator
HW(@ (t) — W(z)(O)H2 is small compared to the denominator HW(Z)(O)HQ. In Figure 5b, we
observe only a small fraction of sign changes in each hidden layer throughout the training.
Furthermore, we see the proportion of sign changes increase when the layer index £ increases.
Both are consistent with the trend indicated by Lemma 11.

8.2 Real data experiment

To illustrate the characterization from our theoretical result on real data, we run a numerical
experiment on MNIST dataset. For simplicity, we only use the data corresponding to digit
0 and digit 1. We randomly draw 1500 images with 28 x 28 pixels from each digit and treat
the empirical distribution of these 3000 images as the underlying true data distribution.
We reshape the data to have z; € R4 For each x; € R™* in the dataset, we assign
y; = 1 if the corresponding image is digit 1 and y; = —1 if the image is digit 0. We
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Figure 5: Evolution of weight and sign flips for a 4-layer teacher neural network f*

then normalize z; to have |lz;|]|, = 1. We run the mini-batch SGD with mini-batch size
100 on streaming data with step size n = 0.7 using a 4-layer neural network with 10000
neurons in each hidden layer. The reason for the use of mini-batch is to limit the noise
from the stochastic gradient. Figure 6 shows the training loss normalized by the loss at
initialization and two characterizations from the spectrum of NTK. We use errorg to denote
the average prediction error at initialization. It can be seen that the characterization from
our result provides a much tighter bound than the characterization from existing works
(Du et al., 2019a) using only the spectrum of the NTK from the last hidden layer. In
addition, we clearly see two elbow points on our characterization. The first 100 iterations
correspond to (1 — nA1(®))! + R(Ag, 1) /errorg while the next 400 iterations correspond to
(1 =12 (®P))" + R(Ao, 2)/errory.

1.0 A
0.8 A
0.6 —— normalized loss
' —— inf{(1 = NA(D))t + R(Ag, r)/errory}
0.4 - (1 - nAmin((DM))t
0.2 A

0 250 500 750

1000 1250 1500 1750 2000
iteration

Figure 6: Normalized training loss for the first 2000 iterations
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9. Conclusion

In this paper, we show the uniform concentration of NTK from all hidden layers of neural
networks which allows us to capture the contribution of intermediate layers in the char-
acterization of GD/SGD dynamics. Furthermore, in the streaming setting, we show the
average prediction error under SGD converges in expectation. Our analysis opens the door
for several interesting future directions. For example, it is of great interest to extend our
study to Markovian data arising in the reinforcement learning. It is also useful to extend
our uniform concentration result to other neural network architectures such as convolutional
neural network (CNN).
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Appendix A. Auxiliary Results

A.1 Concentration Inequalities

In this section, we provide the concentration inequalities used in this paper. First of all, we
present McDiarmid’s inequality.

Lemma 17 (Hajek and Raginsky, 2019, Theorem 2.3) Let X = (X1, -+, X;m) € &™ be
an n-tuple of X-valued independent random variables and f : X™ — R be a measurable
function. Assume the value of f(x) can change by at most ¢; > 0 under an arbitrary change
of the i-th coordinate. Then for anyt > 0,

2t2
PO - EUCOL 2 1 < oxp (— o5 )-
> i1 G
The following lemma is Bernstein inequality which shows the concentration of the sum
of i.i.d. sub-exponential random variables.

Lemma 18 (Vershynin, 2019, Theorem 2.8.1) Let Xy,---, X, be i.i.d., sub-exponential
random variables with sub-exponential norm || X;|ly, < K. Then for any t > 0, we have

t2 nt
IP’[ >t] < 2exp (—Cmin(%,?{)).
Finally, we present Hanson-Wright inequality. For any random variable X, define

| X ||y, £inf {t >0:E [exp (X?/t?)] < 2}.

Lemma 19 (Vershynin, 2019, Theorem 6.2.1) Let X = (X1, -+, X,;n) € R™ be a random
vector with independent, mean zero, sub-Gaussian coordinates. Let A be an m X m matriz.
Then for any t > 0,

2 t
P ‘XTAXfIE XTAX‘ t] <2 —C'mi
{ | ||> 4] 2% (~Cmin KAAIR K2Al,S)

1 n
- Z Xi — E[X4]
i=1

where K = max; || X;|[y, -

A.2 VC Dimension

Let C be a collection of subsets in RP. For any set A consisting of finite points in RP, we
denote C4 = {CNA:CeC}. We say Cy shatters set A if [Ca| = 241 Let Mc(n) =
max {|Cr|: FF C RP,|F| =n} and P(C) = sup{n : M¢(n) = 2"} which is the largest cardi-
nality of a set that can be shattered by C.

Consider a Boolean function class F on RP. For each f € F, we denote Dy =
{z €RP: f(z) =1}. As a result, the collection Cr £ {Dy: f € F} forms a collection of
subsets of RP. Define Cr(A) = {DyNA: f € F}. The VC dimension of F is then defined

as

VC(F) £ P (Cr) = sup {n : m2x|C]:(A)\ =2":|Al=n,AC Rp} .

Now we provide the auxiliary results in this paper regarding VC dimension.
The following lemma can be used to obtain the bound of VC dimension of the function
class consisting of functions with the form of a product of Boolean functions.
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Lemma 20 ('Van Der Vaart and Wellner, 2009, Theorem 1.1) For Boolean function classes
H and {.7:} _1, if for any h € H, there exists functions fi € Fi,---, fn € Fn such that
h= szl fi, then we have

N
VC(H) < glog(zuv) >_VC(F)

The next lemma bounds the expectation of the largest deviation of an average of some
Boolean function through VC dimension.

Lemma 21 (Vershynin, 2019, Theorem 8.8.23) Let F be a class of Boolean functions on
a probability space (2,3, 1) with finite VC dimension. Let X1, Xo,--- , X, be independent
random points in ). Then

VC(F)

n

Z f(X [f(X)]

<C

sup
fer|n
for some constant C'.

Next, we present Sauer-Shelah Lemma which bounds the cardinality of Cx(A) with the
VC dimension of F.

Lemma 22 (Vershynin, 2019, Theorem 8.3.16) Let F be a Boolean function class and
A={ay, - ,an} be a set of n points in the space. Then for any n > VC(F),

en ) VC(F)

() S e P = e = (i

Lemma 23 (Hajek and Raginsky, 2019, Proposition 7.1) Let F = { fo(y) = 1iyo>o0 0 € 0}
where y € RP and © is some q-dimensional subspace of RP. Then

VC(F) =q.

Lastly, we provide a lemma that bounds the VC dimension of union of function classes
when the number of function classes is much larger than their VC dimension.

Lemma 24 Suppose F = UY. | F; where VC(F;) = d for all i, then
VC(F) < Cmax (dlogd,log N).

Proof [Proof of Lemma 24| Fix arbitrary set A = {y1,- -+ ,yn} of size n. Since F = UY | F;,
we have Cr(A) = UN “1Cx;(A).

Thus, we have
(@) &

N
Cr(A Z A) <30V < N,

j=1
where (a) holds by Lemma 22.
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By the definition of VC dimension, if n¢N < 2", then VC (F) < n.

Taking logarithm on both hand sides, we have dlogn + log N < nlog2.

Note that when § > dlogn and § > log N, i.e., n > max (Cdlogd, 2log V), the above
inequality clearly holds.

Therefore, we get

VC(F) < Cmax (Cdlogd,log N)

for some universal constant C. [ |

A.3 Kernel

Here, we provide some intermediate results used in this paper regarding kernel operator.

Lemma 25 (Shawe-Taylor et al., 2004, Proposition 3.22) For any positive semi-definite
kernel k1 and ko, any function ¢, we have k3, k4 and k5 are positive semi-definite kernels
where

Iig(iU,y) éﬁl(xay)+ﬁ2(x7y)7 (64)
ra(2,y) = Kz, y)ra(z, y), (65)

and
/455(97, y) £ Hl((b(x)? (b(y)) (66)

Lemma 26 (Shawe-Taylor et al., 2004, Theorem 3.13) Suppose f(x,y) is a kernel function.
If for any g € Lo (),

[, y)g(x)g(y)dp(z)dpu(y) = 0,
then f is positive semi-definite.

Lemma 27 (Mercer, 1909) Suppose k is a positive semi-definite kernel. Then there exists
non-negative eigenvalues \1 > g > -+ and orthonormal eigenfunctions {¢;} such that

K(a,y) =D Ajdy(2)d;(y).
j=1

Lemma 28 For any positive semi-definite kernel operator J associated with function J, we
have
Hlly < 1l -

Proof | Proof of Lemma 28| By Cauchy-Schwartz inequality, we have

PIE= s, /(] J(as,y>g<y>du<y>)2du<x>

< sup / / P (a, y)du(y)dp(z) / 9°(y)dp(y)

lgll,=1
2
< I7l%
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where [|g]l, =1/ [ ¢*(z ) is the Ly norm for function g. [ ]

A.4 Probability of the intersection of events

Lemma 29 Let {A;} and {B;} be two sequences of events, where Ay and By are the whole
probability spaces. Then we have for any n > 1,

PNy (AN B)] > 1> P[Bf [N} (Ax N By)] = > P[A]]
i=1 ]

and

P[By, N (N A7)] >1—ZIP BE|Bi—1 N (N2 Ap)] ZP [A9],
=1

where ﬂ?lei for any event F; is understood as the whole probability space.
Proof [Proof of Lemma 29| Note that for any event £ and F', we have
P[F|<P[ENF|+P[E°NF|<P[E]|+P[E‘NF]. (67)
Taking E = N, (A; N B;) and F = N}_]' (A; N B;), we have
P M5 (Ain By)] < Py (Ai 0 Bi)] + P [(NiLy (A0 Bi))* N (NP5 (AN By))] . (68)

+
Now we boundP[(ﬂ? L(AinB)n(n (A, N By))].
Since (N, (A; N By))° = [N72 ! (A N B; )] U AS U B, we have
PNy (AN B)) N (N5 (Ain By))] < P[(AsuBS) N (N (4N By))]
[AS] + P [B; N (mf‘f (Ai N By))]
<IP’[AC}+]P’[BC|H L4 ﬁB)]
Plugging the aboved displayed equation into (68), we have
PNy (Ain Bi)] 2 P[M5 (A N By)] — P[A7] — P [Br| NS (Ain Bi)] .

Recursively replacing P [ﬂ?;ll (A; N Bl)] on the right hand side of the above inequality,
we obtain the first inequality of Lemma 29.

Similarly, we prove the second inequality of Lemma 29 . From (67), taking F = B,, N
(N2, 4;) and F = B, N (N1 A;), we have

P [B,—1 N (NP1 A)] < P[By N (N A)] + P [(Bn N (N2 43))° 0 (B 0 (N1 A:))]
Since (B, N (NP, A;)) = BS U AS U (NP2 A;)°, we have

P[(Bn N (N 4:))° N (Bao1 N (N2 A))]

<P[AS]+P[BSNBy1 N (NP A))]

< PAS] + P [B;|Ba-1 0 (M2 Ai)] -
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Thus, P[B, N (NP1 4;)] > P [Bao1 N (NP1 A)] — PLAS] — P [BE|B,yo1 N (NP2 A) ]
Recursively applying the above inequality, we obtain the second inequality of Lemma
29. |

Appendix B. Proofs in Section 5

Recall from Section 5 that the proof of Theorem 1 consists of Lemma 6-8. Here, we present
the full proofs of these lemmas. Since the proofs involve several key intermediate results,
to ease the reading, we present the following diagram to illustrate the proof structure.

Lemma 30

Lemma 31 —— Lemma 6 —— Corollary 35

Lemma 32 —— Lemma 33 —— Lemma 7
\
I
Lemma 34 —r— Lemma 8 «—

Figure 7: Diagram of the proof structure in Appendix B

B.1 Proof of Lemma 6: Concentration of (o) (z), 0 (2/))

As mentioned in Section 5, to prove Lemma 6, we need to establish that o(®) (z) is Lipschitz
in . This is done in the following lemma.
Define

= [, < o) u
where W) is the weight matrix of the k-th hidden layer.

Lemma 30 For any 0 < { < L, under event ﬁizlé}gk),
e sup, Ho(g)(ﬂc)H2 < 06;
o [0O(@) = 0O ()|, < cblle - .

Proof [Proof of Lemma 30| Recall that o(?)(z) = z and

oD(z) = —DOWO ... L DO EWL,  ve>1

m Vm

where DY (z) = diag {1{ } and wy) is the i-th row of W),

(w{? 0l=D (@))>0}
When ¢ = 0, since o(?) (z) = x, both inequalities of Lemma 30 hold directly.
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Now consider the case for £ > 1. Under ﬂﬁzlﬁék), we know HW("“)H2 < cgy/m for all

k=12, L Therefore, for any z, | LD® (x)W(k)H2 <ecoforallk=1,2,--- ¢ Thus,

we have
1 1
Q) < — DOWO ... — DO (WD
P ‘0 (x)HQ—S‘ip '\/mD (z) JmD @) ,
1 1
z ||vVm (z) 9 z ||vVm (z) 9
< 06.

This completes the proof of the first inequality of Lemma 30.
Now we prove the second inequality of Lemma 30. By the definition of o) (), we know

[o0(a)] = [1D<6>(x)w<a0(f—1>(x)] O 5E=1)())

1
) = ﬁ1{<w££),0(271>(ﬂf)>20} <w’L 9

1

Jm

1

= o (w00 ),

where [O(Z) (CE)L is the i-th coordinate of o) (z).
As a result, for any x and z, we have

60 o) = L3 (o0l oD ) ~ (i, oD o)’
=1
2 L3 (. o) — . ()
_ 1 lzvlvuf) (0@7@(1,) _ O(H)(z)) H2
m 2

<c Ho(f_l)(:c) - 0(3_1)(,2)“2.

where (i) holds since ReLU function is 1-Lipchitz and the last inequality holds under

k=1%0 -
Recursively applying the above displayed equation, we obtain the second inequality of
Lemma 30. ]

The following lemma from Du et al. (2019a, Lemma G.4) shows that if the covariance
matrices of two pairs of bivariate normal random variables are close entrywise, then the
expectation of some function F' on these two pairs are also close.

Lemma 31 Let

i pay b1> < a3 p2a2b2>
A= L d B=| 2 :
(plal by b% an paaobs b%

Suppose there exists some constant C' > 0 such that % < min(ay, by, a2, by) < max(aq, by, az,bs) <
C. Define F(X) = Eyv)n(0,x) [0(U)a(V)] for any positive definite matriz X. Then we
have

[F(A) - F(B)| = O (|A—BJ..).
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Proof of Lemma 6 Denote Vj as a #—net of S%=1. By Vershynin (2019, Corollary

4.2.13), we have V} is of size O (de). Define event E{k) such that the following holds for
any xo, x, € Vo:

m
1=1

(2(k=1)

S
<O (70)

1fp(meW”uw»JO@“mW”ua»—EWP(WmW“uw»ocm&“W%»ﬂ‘

Denote & = ﬂizlé'l(k) and & = ﬁﬁzlgék).
To prove the lemma, we first bound P [y N &;] and then show (30) holds under & N &;.
By Lemma 29, we have

Pleanal 2 1- Y P [(£9) 1 (ze®) n ()] - B [(9) ] @
=1 £=1

For 1 < ¢ < L, since W® has i.i.d. standard Gaussian entries, by Vershynin (2019, Theorem
4.4.5),

Y C
i [(gg >) } < exp (—Q(m)). (72)
Next we condition on {W(k)}i_ll such that (ﬂ,i;llé’l(k)> N (ﬁf;;llé’ék)> holds. Since wl(e)’s
are independent of { W/ k)} b1 56),0(5_1)@))1';51'/\/(07 Ho(g_l)(a:)H;). Therefore,

lo((w?, oV (z0)))or (', 0= (@h))) sy
< o ((w, oV (o)) lus lo((w?, 0D (@p)))lly, < 22,

where || X ||y, £ inf {t > 0: E [exp (X?/t?)] <2}, and || X ||y, = inf {t > 0: E [exp (| X]|/t)] < 2}
for any random variable X; the first inequality holds by Vershynin (2019, Lemma 2.7.7)

and the second inequality holds by Lemma 30 under ﬂk 115 (k).

It follows from the sub-exponential concentration mequahty (Lemma 18) that for any
fixed (xg,xp) € Vo, (70) holds with probability at least 1 — exp (—Q(m1/3)). Further taking
union bounds over V[, we have

P [5( ’] (mf; 115(“) (mf;;llsé’ﬂ)} >1— exp (O(dlogm) - Q(m1/3)) L (1)
Plugging (73) and (72) into (71), we have
P[&NE&]>1— Lexp (O(dlog m) — Q(m1/3)) — Lexp (—Q(m))
> 1~ Lexp (O(dlogm) — Q(m'/?)). (74)

It remains to show (30) under & N &;. Fix any (z,2') and denote (zo,xz() € Vo x Vo
such that ||z — zoll, < - and [|a’ — x{|, < 5. For any 0 < ¢ < L — 1, by the triangle
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inequality,

(0D (@), 0D (@) ~ E [0 @)D ()|
< ’<O(€+l) (x),0(5+1) (JI/)> i <O(f+1) (17()), 0(€+1) (1,6»‘

M
+ (0 (o), oD (ah)) — B [o((w, o (o)) ((w, o ()] |
(Im)
+ |Ew [o((w, 0 o)) ((w, 09 @)))| = E [o(U D (@)o (U ()]

(I11)

, (1)

where
(U(Z+1)(x)7 U(E—}—l)(xl)) ~N (O, Z(ﬁ) (.%', x/))

ye(, B0 BUOmeuOw)]
Ew““x)‘<Ekawmwa@WNf»] E [02(U) (2'))] ) (76)

with O (z,2') = << L <x’1x/>>.

x,z')
To bound (I), note that for any y,z,vy,2’, by the triangle inequality and Cauchy-
Schwartz inequality, we have

[(u, o'y = (2.2 <y =2l ||| + |y = 2'|| 12 (77)
Thus, we get
2y (90061 -], o0 o]
2e+2
SQ?ﬁ (78)

where the last inequality holds under & by Lemma 30.
For term (II), recall by (13) that

1 m
("4 a0), 0V () = — >~ o™V, o o)) ((wf V. 0O ).
=1
Thus, under &1,
26
(< (%)

To bound (III), note that conditioning on o(®), ((w, 0 (z0)), (w, 0l (z())) is a bivariate
normal random vector with mean 0 and covariance

2 0) 0 (ot
AO@gaty— [ eP@)]; (o9 (@0),0 ($0)>>‘
(zo, ) <<0(€)(x0)70(£)(936)> HO(K) 6)“3
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Thus, by Lemma 31, we have

(1) = O (HA@ (20, 2)) — B0 (2, 2')

-)

<0 (HAM) (z0,xh) — AV (z,2) ) +0 (HA(@ (z,2") — 2O (2,2)

)

oo) (80)

o)

20
0 < ) +0 (HAW:C,:U') — 5Oz, )

€
m2

where the last equality holds by (77).
Plugging (78), (79) and (80) into (75) and taking supremum over (z,z’), we get

sup
z,x’

3!
<o(ts) ol

By definition of A®) and ) for £ > 1,

< O | sup
00 z,x’

(0 (@), 0D (@) ~ B [o(U) ()0 U ()|

> . (81)

(00(),0(a)) — E [0 (@)o (U ()| {) .
(52)

AO(z, 2"y — 2O (z, 2

sup ||A©) (z,2") — 2O (2, 2")

z,x’

Recursively applying (81) and (82), and noting sup,, ,/ }A(O) (x,2') — ) (z, x’)Hoo =0, we

complete the proof of (30).

B.2 Proof of Lemma 7: Concentration of aTG(LE) (x,2")a on Tr (G(LE) (z, x’))

Recall from the discussion in Section 5 that a crucial step in the proof of Lemma 7 is to

bound the number of different matrices G,(f) (x,2') by varying z, 2’ through bounding the

B
cardinality of Dy where G,(f) (x,2) = [V,(f) (x)} V,(f) (2') from (12),

O L pw ® ... L pery ey 1 o
[Vk (x)] £ =DOmwW ZED D @WE D)

from (8) and Dy = {(DW(z),--- ,DW®(2)) : z € S41}.

Lemma 32 Fiz any k > 0 and ¢ < k. For any fized {W(’")}l:zl, we have |Dy| < m*, and

hence |g,(f)| < m2® where Q,(f)(W(l), o W) £ {G,(f)(x,a:’) cx,al € Sd_l}.

Intuitively, Lemma 32 implies that while there are infinite many different choices of x, x’

on the unit sphere S¥~!, the number of different matrices G,(f) (x,2') is finite for any fixed

Wy,
Before presenting the proof of Lemma 32, we provide a proof sketch for the ease of
reading. To prove Lemma 32, note that given fixed {W(T)}le, by the definition of Q,g), we
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have ]g,(f)| < |Dg|?. The proof is then completed by showing |Dy| < m. To obtain this,
we show |D;| < m?¢ and |Dy| < m?|Dy_1| for all k. The key of proving |Dy| < mé|Dy_1] lies
on a refinement idea illustrated in Figure 8. In particular, we partition S*! into disjoint
Vj for j = 1,2, ,|Dy_1| such that U;V; = S¥~1 and V; N Vjr =0 for all j # j/, and that
for any = within the same V;, (DM (z),---D®=(2)) is the same. We then refine V; so
that within each subregion after refinement, D®*)(z) is the same. Here, we crucially show
[ {D®™(2) : 2 € V;}| < m? for all j, i.e., the refinement within each V; cannot exceed m?
and hence conclude |Dy| < m?|Dy_4|.

Sd_l Sd_l

Figure 8: Illustration of the key idea in showing |Dy| < m?|Dy_1|. Left hand side shows the
partition of S9! into disjoint {V; }l k-1l 5o that for any z within V;, (DM (z),--- D®=(z))
is the same. We then refine each V to obtain the right hand side so that within each refined
sub-region in Vj, D®*)(z) is also the same. We then show the number of such sub-region
cannot exceed m? for any V;, which leads to |Dy| < m?|Dy_1].

Proof [Proof of Lemma 32| Throughout the proof, we fix {W(’")} . Since {W(T }
fixed, we have

r= 1

glg {VTV VvV =DHwW® ... prHwHHp® v = pEwk) ... pHwEH D@
(DO, . D) €D, (DO, DY) epk}

Thus |Q,§€)| < |Di|?, and the proof is completed by the following claim:
Dy| < m*. (83)

To prove this claim, we first show |D;| < m? and then show the recursion |Dy| < m?|Dy_1|
for all £ > 2.

Step 1 bounding |D;|: Note that D) (z) is diagonal whose - th diagonal element equals
fx(w§1)), where fi(w) = 1{(y2)>0y- Thus, letting F 1) = {f = L(wa)>0} : T € Sd_l},

we have
{DW(@):w e s = [{ (F@),-- f)) : y e FO.
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It follows from Lemma 22 that | {DM(z) : 2 € S471} | < mVCF™) | By Hajek and Raginsky
(2019, Proposition 7.1),

VC(FW)Y) = d. (84)
As a result, we get |D;| = ‘{D(l)(z:) tx € Sd_l}‘ <md.

Step 2 showing |Dy| < m?|Dy_1| for any k > 2: Partition S¥! into disjoint V; for
j=1,2,---,|Dg_1]| such that for any x and z’ within the same V},

(Dm(x), D@ (z),- - ’D<k—1>(x)> - (Du)(x/)’ D@ (), .. ,D(k_l)(:c’)> _

Note that Dy = U‘jzkl”' {(DW(z),--- ,D®)(z)) : 2 € V;}. Thus,

|Dr—1]

Dl < Y H(D(I)(a:),--~,D(k)(a:)> :xevj}]:%ll‘{nw(m);xevj}
j=1 j=1

, (85)

where the last equality holds because (DM (), --- , D*=1(z)) is the same for all = € V;.
It remains to bound |{D(k) (z) : @ € V;}|. The i-th diagonal element of D®) () equals

fm(w(k)), where f(w) = 1{<w70(k,1)(x)>20}. Therefore, by letting

7

FOWD, o WD) 2 L () = Ly v ms0p 2 € Vi (86)
we have
HD(k)(x) re VJH _ ’{<f(w§k))",, ,f(ng))) fe }-](k)}‘ < mVC(f]{k))’ (87)

where the last inequality holds by Lemma 22.
Now we bound VC(]-"J(k)). Since (DW(z),...,D*Y(z)) is the same across all z € V;

and {W(T)}f:ll are fixed, by definition of o*~1), we have o(k_l)(a:) = Pjz, for all x € V},

where P; = ﬁD(k*D(w)W(k*D e ﬁD(l)(x)W(l) € R™*? is some matrix independent
of . Therefore, 0*~1 (z) lies on the same d-dimensional subspace of R™ for all z € V. By
Hajek and Raginsky (2019, Proposition 7.1),
(k) _
VC (]-'j ) —d. (88)

It then follows from (87) that ‘{D(k) (x) iz eV} <miforallj=1,2,---,|Djy_q|. Further
plugging this bound into (85) yields that |Dg| < m?|Dy_1]. [ ]

With Lemma 32, we prove the following key intermediate result by applying Hanson-
Wright inequality with a union bound on Gg) (x,2).
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Lemma 33 Let Y = (Y1,Ya, -+ ,Y.,) € R™ be a random vector with mean zero, indepen—

dent, sub-Gaussian coordinates with ||Y;||ly, < C. Assume Y is independent of {W(’” }
Forany £=1,2,--- |k, we have,

r=1"

2k—2
P | sup sup YTG(Z) (z,2")Y — Tr (Gg) (, :c’)) ’ > % Nk, Sér)
eelk] z.z/ m1/3
< kexp (O(dkz logm) — Q(ml/g)) . (89)

In the above lemma, by taking Y = a and k£ = L, we obtain the uniform concentra-
tion of aTGg)(fc,m’ Ja on Tr (G(Le) (x, 2’ )) conditional on NE_ 155 ), which readily implies

(k+1)

Lemma 7. Furthermore, by taking ¥ = w, , we obtain the uniform concentration of

L
[wgkﬂ)} Gg) (x,x/)wz(kﬂ) on Tr (Gg) (x,x/)> for any i € [m], where w( ™) is the i-th row
of W+ " That turns out to be instrumental in the proof of Lemma 8.

Proof [Proof of Lemma 33| Fix arbitrary ¢ < k. We condition on {W(T)}f:1 such that

ﬁ]leé‘ér) holds. Under ﬂleé'ér), for any x € S%!, we have

1 1 1 ’
HV](f)(x)HQ = [mD(k) (z)WH) ... 7mD(€+1)($)W(€+1)7mD(€) (:13)]
2
]8 L
< .
B \/ﬁ

By definition of G,(f), we get

2k 20

oo, = [vie] v < vl o], = 2 o
and
16 @)l < vim |G (@,2")]|, < Ojrne (91)

Since Y has mean zero and is independent of {W(T)}le, we have
k
E [YTG,(CE) (x,x/)Y’ {W(T)} J =Tr (G,(f) (x,x’)) .

Thus, under event ﬂlef(gr), by Hanson-Wright inequality, we have for any fixed x, 2/,

w)
{ }1]
ék74£ -2/3 2k 20,,-1/3 )

G (2, 2) |12 HG z, /)

2k: 20

’YTG,(f) (2,2 = Tt (G (@,2")) \

1/3

< 2exp | —Cmin

= exp 1/3)> .
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By Lemma 32, we have ]g,(f) (WO ... WE)| < m?¥ Taking union bounds over all
possible G,(f), we have under event ﬂlegér),

T O M| <D ] fwo)
P igj}/) Y'G, (m,x)Y—Tr(Gk (az,z))‘ >W {W }T:l
2k—20 k
—P| sup YTG,Y—Tr(G)‘>COT {W(T)}
GEgl(f) m / r=1

= m?% exp (—Q(m1/3)> = exp <O (dklogm) — Q(m1/3)) .

Further take union bounds over ¢, we obtain that

TGO (s o O )| s D | Fr )
P gs;g}iuxpl) Y G,/ (z,2)Y —Tr (sz (:1:,1:))’ > Ve {W }TZI

= kexp (O(dk‘ logm) — Q(m1/3)> .

Taking the average of { w) }le on the event ﬂ,’lez‘,’ér), we get the desired conclusion. W

Proof of Lemma 7: Denote

() / (0) ! 6(2) ?
- < .
&= ebl%p}il’lxll) a G;'(z,2")a Tr(G[ (a:,:v))‘ Cm1/3

Note that a is mean zero, sub-Gaussian and is independent of {W(k)}izy Thus, by
Lemma 33, we have

P [52\ nk_, Eék)} >1— Lexp (O(dL logm) — Q(ml/g))

From (72), we have

P [mgzlf,‘g’“)} >1— Lexp (—Q(m)). (92)

Therefore,

P[] = P& nfy &7 P nfiglY]
> (1 — Lexp <O(dL10g m) — Q(ml/g))> (1 — Lexp(—$2(m)))

>1—exp (O(dL logm) — Q(m1/3)> .
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B.3 Proof of Lemma 8: Concentration of Tr (Gg) (x,x’)) on qg) (x,2")

Recall from (19) that

— (L=1)
q(LE)(x,x’) _ zaurCCOSQp7T (z, )q(Lf)l(x 2, V<L,
— (L-1)
(L) T — arccosp (x,2)
qL (.%',CE') - 271' 9

where

E [o(U% D (@))o (U (o)

\/E [02(UE=D (2))] \/E [02(U(E=D) (/)] ,

and U1 is defined in (76).
To prove Lemma 8, we crucially show the concentration of Tr (G(LK) (x, 2 )) on

q(LL 11)(x,x’ ) Tr (G(Lell(x,w’ )) Then, by repeatedly applying this recursive relation of

p LD (2, 2') = (93)

Tr (G(Lﬁzl(x, :U’)), we obtain the concentration of Tr <G(L£) (x, m’)) on q(LK)(x, x).
Proving the concentration of Tr (Gg) (z, x’)) on q(LL__ll)(:c, x') Tr (G(Lg)_l(x, x’)) consists
of the following three steps.

Step 1: As the first step, we show the concentration of Tr (G(LZ) (z, x’)) on

m

Z 1{<wZ(L)70(L71)(1,))20} 1{<w§L)70(L71)($/)>20} Tr (GgZI(xv .73‘/)) .

=1

3|

This is achieved by applying Lemma 33.
In the next two steps, we show the concentration of % Yoy 1{< (D) o(L-1) (4 >0} { (5) o(L-1) () >0}

on q(L_ll)(x,:):’).

Step 2: Here, we show the concentration of % > 1{<w(L> oL=1) (z) )>0} 1{ w@),o(L*l)(z’))ZO}

on Eya0,1) {1{@ oL=1) (g >0} {(w,0B=D(z") >0}} by the following lemma.

Lemma 34 Let {w;}[", € R? be i.i.d. Gaussian random wvectors with standard normal
entries. Define for 0 < ¢ <L —1,

h(ﬂ-i—l)

1
.z’ (zla T 7Zm) = E Z 1{<zz o (z >0} { 2,000 (x >0} EwNN(O I |:1{<w,o(e)(:1:))20}1{(w,o(2>(x’))20}1| ‘ )

i=1

Conditioning on {W }k 1> with probability at least 1 — exp(— 2m1/3)

d(1+ £Llogm 1
su;l)hg;r,l)(wl,-'wwm)ﬁc ( - gm) 13
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Proof [Proof of Lemma 34| Throughout the proof, we condition on {W(k)}izl. We first
show that

1
P [sHP h(f;_,l)(wly o wm) < E |sup hg;l)(wlv ce L wm) |+ 1/3]
a7 zx m
>1—exp (—2m1/3> . (94)

To prove this, note that by the triangle inequality, for arbitrary i, 3(zo, z}) € S¥~! such
that

/+1 /+1 /
sup R (21, zi1, 20, zig 1, 2m) —sup BV (21, 2 2z, 2m)

z,x’ z,x’

1
s ‘1{Z¢,o(f>(zo)>20}1{zz~,o<f><w6)>20} 00 @0)) 20} {21,002 20}

1

< —. 95
< (95)

Therefore, (94) follows by applying McDiarmid’s inequality (Lemma 17).

To complete the proof of Lemma 34, it remains to show
d(1+/¢1
E |sup hg;r,l)(wl7 L wg) | =0 < (_‘_fl()gm)> ) (96)
Since {w;};*, are i.i.d. conditional on {W(”)}ﬁzl, by Lemma 21,
(e+1) VC(’H(E‘H))

E Su[]) hw,x’ ('Z,Ul, e 7'I,Um) S C T, (97)

where
HEDWD, - WO) = Lo () o €501

z,x’

with o) (w) = 1{<w70(2>(x)>20}1{<w,0<g)(x,)>20}. Now we bound VC (D). Let FH+D =

{fx(w) = 1{<w o (z)y20} + T € Sd_l}. Then for any a(w) € HED | we can always find f(w)
and g(w) in F¢*D such that @ = f x g. Thus, by Lemma 20, VC(H D) < CVC(FEHD)
for some universal constant C. We claim that VC (.7-"(”1)) = O (d(1+ Llogm)). Plugging
this bound into the above displayed equation and combining it with (97), we obtain (96).

Finally, we prove the claim. When ¢ = 0, by (84), we have VC (]—"<1)) =d.

Now consider the case when ¢ > 1. Similar to the proof of Lemma 32, we decompose
S Vinto V = {V},j =1,2,---,|Dy|} where UV; = S and V; N V;; = () whenever j # j'
such that for any x, 2’ within the same Vj,
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Recall from (86) that ]-'J(ZH) S {fx(w) = 1{(w70(2)($)>20} 1T € VJ} Since UV; = S471, we

have F(+1) = ULZ‘J]:]@H). From (88), we have VC(]:J@H)) < d for all j. Thus, by Lemma
24, we have

VC(FHHDY = O (max {dlog d,log |Dy|}) = O (max {dlogd,dllogm}) = O (dllogm),

where the second equality holds by (83) which gives |Dy| < m% and the last equality holds

since logd < £logm as m > d. |
m—arccos (&1 (z,2’
Step 3: Note that E, 1 |:1{<w,0(L71)(m)}ZO}1{<w7o(L*1)(1/)>20}i| = £ (z,2")
where
,p\(Lfl)(x x/) N O(L—l)(q;) O(L_l)(x’) ' (98)
’ lot==D (@)l [lo=D ()

. L—
To show the the concentration of E,,zr(o,1) [1{<w,o(L—1)(z)>20}1{(w,o(L—1)(m/)>20}] on q(Lﬂl) (x,2),

we show the concentration of arccos pl* 1) (z, ') on arccos p“~1(z, 2) through the follow-
ing corollary.

Corollary 35 Fix any ¢ < L. Under (ﬂizlgék)) N <ﬂ£:151(k)) where E(gk) is defined in

(69) and 5’1(k) is defined in (70),

ﬁ(Z)(ajvm,) - p(e)(xvx/)

sup
and hence
(c*
sup |arccos p(f) (x,2") — arccos ﬁ“) (x,2')| =0 <\[1/6> :
z,x’ m

To see why Corollary 35 holds, note that Lemma 6 implies both the numerator and
denominator of p) are close to those of p¥). To obtain the second bound of Corollary 35,
we prove that the arccos function is Holder continuous of order 1/2, that is,

arccos z — arccosy < arccos(l — (y —2)) <3Vy—z, V0 <z <y < 1. (99)

Combining the above with the first bound of Corollary 35 finishes the proof.
Proof [Proof of Corollary 35| We first prove pt)(z,z') is close to p¥) (x,2). Note that for
any ¥,y 2,2, by the triangle inequality we have

/

Yy _ ¥

z 2

y v

z 2!

y—1y 2 —z

z

y'(2 - 2)
zz!

y—y
V4

+ + < +

)

z z

S ‘

:‘y—y’

where the last inequality holds under the assumption that |y//z/| < 1. Taking y =
E [oUO@)oUO@)]. ¥ = (00 (@),00(@)), = = /E [0 (0O @)]/E [0? (0O @),
and 2/ = HO(Z)(&?)H2 |0 (2") 5, by definition (93) and (98), we have

/

PO,y =2, o) = &

Y
Z/
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By Cauchy Schwartz inequality, |p) (z,2")| < 1. As a result, we have

(0“9 (@), 0 (a") —E [o(UO () (U

2'))]
VE[? UO@)]\/E[o? UO@))]

/

)]
0@ @)l [|o® @), = /E [02 (U (@))]/E [0 (UO@)] ‘
+ .
VE [0 (UO@)]/E [02 0O (@)]
(

1I)

Note that
(1) = 2[(o ), 0 (w")) ~E [o (0 )00 )] = 0 (55)
where the first equality holds by (38) which gives E [O’Q(U([) (z))] = E [02(U(6) ()] =

27t Yz, 2’ and the last equality holds by Lemma 6.
To bound (II), by (38), we have

o= o, oo

- \/E [02 (U(f)(x»} \/E [02 (U(f)(x’))} ‘ . (100)

Note that for any y,¥y, 2,z > 0,

s N it
lyy — 22| <yly — 2|+ 2y —2] <y — + 2 13
2 2 ~ =
Sﬂ‘y Z’—i—z‘y NZ’.

z

p 2 = \JE [02 (UO@)], and &' = \[E [02 (UO(@))],

we have § < ¢§ by Lemma 30 under event ﬂizlé’ék), 2,7 =27%2 by (38), and |y? — 2?| and

|72 — 22| are upper bounded by £C¢/m'/? by Lemma 6. Therefore,

Taking y = [0l (z)]|,, § = || («')

ol oo

,~VEL?WOw)] [ 00w)]
=0 (%W) +0 (;f;) =0 (%) :

Plugging the above bound into (100), we have (II) = O (EC—Z)

mi/3

Combining the bound of (I) and (II), we have for any x and z’,

4
PO(a,a) — Oz, a) = O ( tw ) (101)

ml/3
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Next we prove arccos pi¥)(z,2') is close to arccos pl¥)(z,2’) for any 2 and 2/ on S¢ 1.
For notation simplicity, in the remaining part of the proof, we denote p as p“) and p as
p9. Here, we claim for any y and z, |arccosy — arccos z| < 34/|y — z|. Given the claim,
taking y = p and z = p, we complete the proof since |arccos p — arccosp| < 3+/|p — p| =
O (VICtm=11°).

Now we prove the claim. WLOG, assume p < p < 1, so arccosp > arccosp. By
Abramowitz et al. (1988, 4.4.33), we have arccos p—arccos p = arccos (pﬁ—i— V1—p2yJ1— /32> =
arccos €. Define § = p— p. Note that &€ = pp++/1—p2\/1 —p2>p?> —6p+1—-p> > 1-4,
where the second inequality holds by 1 — p? > 1 — p? and the last inequality holds by p < 1.

Since arccos function is monotonic decreasing, it remains to show arccos (1 — §) < 3v/6.

Denote h(xz) = 3y/z — arccos(1l — z),z € (0,1]. Since % = ﬁ <3 — \/%7) > 0 for any

€ (0,1] and h(0) = 0, we have arccos(1 — ) < 3y/x for any = € [0, 1]. [ |

Proof of Lemma 8: Denote for any k£ and all £ < k,
k k—1
) / (0) N VEC dlog" " m
Tr(Gk (a;,x))—qk (z,2")| =0 Y + - ,
and gd,k = 05:1552-

Note that under £y 1, (32) holds directly. Thus, it suffices to prove

E 52 = < sup

z,x’

P& NENE]=1—exp (O(dLlog m) — Q(m1/3)) .

where & = ﬂizlé’ék) and & = ﬂézlé'l(k) with Eék) defined in (69) and ka) defined in
(70). For notation simplicity, denote V¥) = nk_, (Sér) N 51(T)>. By the second inequality of

Lemma 29, we have

L L
PlEiN&N&E]>1-> P [gdc’kwd,k—l N V“H)} -SSP [(v(’ﬂ)c} . (102)
k=1 k=1
By (74), we have
P [Wﬂ >1— kexp (o (dlogm) — Q(ml/3)> . (103)

Next we bound P [557;9\501,1@71 N V(kfl)}. By definition of &,
k e
P [5§,k|5d,k_1 N V(k_l)} <> P [(5512;) Eak—1 N V(k_l)] : (104)

/=1

In the remaining proof, we condition on {W(T)}f;ll such that £g 1 N YE=1) holds.
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Case 1 ¢ = k: By definition,

®)(p ) = LN
T (G (@,2)) = — Z} L 8 0050 L (a0 0} (105)
and (5-1) )
k 7 — arccos p\* Y (z, x
QI(Q)($7x,) = 2p ( )7
s
where p*~1) is defined in (93).
By the triangle inequality, we have
‘Tr (G](ck) (x, x/)) - q,ik) (x, )
1 & 7 — arccos p* =) (z, 2/)
“m ; 1{<w§’“>,o(k—1>(z)>zo}1{<w§’“),o<k—1)(x')>20} - o
s 7 — arccos pF—1 (z, ')
=lm Z; 1{<w£’“>,o<k-1><:c>>zo}1{<w£’“%o<k-1><w'>>zo} B o
1
+ ‘2 (arccos p* Y (2, 2") — arccos p*F ) (z, x')) , (106)
T

where p*~1) is defined in (98).
Under V=1 by Corollary 35, we have

T k-1
! (arccos p*V(x,2') — arccos pF— V) (a:,:c'))‘ =0 (M> . (107)

sup | —
T m1/6

z,x’

m

Now we bound the first term on the RHS of (106). Note that {wl(k)}l_l is independent
of {W(é)}?;ll and

E ™ — arccos P (2, 2)
w® 1{<w§’“>,o<k-1><m>>zo}1{<w£k>,o<k—1><w'>>zo} - o

Thus, by Lemma 34, with probability at least 1 — exp(—2m!/3),

7 — arccos pF— (x, z')

1 m
| ; L o0 @20} w061 @20} 2

z,x’

d(1+(k—1)logm 1
:OW 0L+ (= Dlog >+m1/3>,

Combining the above displayed equation with (107), we have with probability at least
1 —exp (—2m1/3),

k k VEk—1CF 1 d(1+4+ (k—1)logm 1
e (Gi)@’ﬂf’)) — 4 @) :O< oy — m : )+m1/3

ml/6 m

0 (x/k—lck_l +\/d(1+(k‘—1)logm))'
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Thus,
P {Ec(lfgﬂgd’k_l N V(k_l)} > 1 — exp(—2m!/3).
Case 2 ¢ < k: By the definition of G,(f), we have

-
Tr (G,(f) (z, x/)> =Tr (D(k) (m)W(k)G,(le(x, ') [W(k)} D*) (x/))

Thus, by the triangle inequality, we have

sup Tr (G,(f) (z, 1:/)) - q,(f) (x,2)
1 TGO (2 2 w®
<sup mzl{(w(’“) ok=1) (5 >o} { (k) o(k—1)( /)>>o} [ } ko1 (T, 2w
1=1

- i 3 1{(w(k> o(kfl)(ac))>0}1{<w<k) O(k—l)(x/)>>0}QI(f—)l(l',$’)

m i1 i = i =
Fsup |31 0 © o2 a') = off (w2

U | 2 M o0 20} { ) ot @20} Bt k

’ =1

.
< sup [wgk)} G,(f)l(az x )w(k) q,(f_)l(fvja:’)
M
+Sup Zl{(w(k) (k— 1) >0} { (k 1) /) >0}qls:)l(l‘ x)ic.I](g)(‘T 33)
(i
By the triangle inequality, we have
()< sup sz(k)] Gg)l(a: 2w, ®) _ 1y (G,(fll(x,x’»‘ + sup | Tr (Ggle(m,m’» -
z,x’ 1<i<m x,z’

< sup sz(k)] G,(f)l(xx) ) Tr(G’(f)l( ))'

z,x’ 1<i<m

o (\/k —iort \/d(l + (k—2) 1ogm)> |

m1/6 m

where the last equality holds under & 52_1.

52

(108)

1 T
= EZI{@%@) (=1 (g >O} { ®) (6-1) (g >0}[ } (4) Lz, l’)w(k).

(¢
qk—)l

(109)

(z,2')
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We next bound the first term in the RHS of (109). Since {w(k)}il are i.i.d. N(0,1,,)

(2

and are independent of {W(’”)}’:;ll, by Lemma 33, for any i € [m],

1T s . , (2k—2-2¢
P & |sup [wl( )] G](Cll(axl)wg ) v (G,ﬁlﬁx,az'))‘ > 0m1/3 Eik—1N pk=1)

= exp (o (d(k — 1) logm) — Q(m1/3)) .

Further taking union bounds over ¢, we have

2k—2-2¢
0

iy

Eak—1N k=

x,z’ i€[m)]

-
P [ sup ‘ {wgk)} G](fll(x,x/)wgk) - Tr(G,(le(az,a:’))

< mexp [O (d(k —1)logm) — Q(m1/3)] = exp [O (d(k —1)logm) — Q(ml/g)} . (110)
Plugging (110) into (109), we get

) =0 (\/mck—l N \/d(l +(k—2) logm)) N 631%2723

P

Eik—1N V(kl)]

ml/6 m ml/3
—qk-1 _
:P[(I):()(W 11c +\/d(1+(k 2)Iogm)> Err s D
ml/6 m ’

>1—exp <O (d(k —1)logm) — Q(m1/3)) .
To bound (II), we have with probability at least 1 — exp(—2m!/3),

(I1) @ sup

q,(f_)l(a:, ') (Tr (G,(Ck)> — q,gk)(x, x’)) ’

(b)

< sup |Tr (G (z.4)) - g (2, 2')

0 VECF \/d(1+(k—1)logm)
= /6 + - .

where (a) holds by (19), that is q,(f)(a:,x’) = q,(f_)l(x,:c’)q,(f)(w,x’), and (105); (b) holds as
SUp,, 4 }q,(i)l(:x, a:’)’ < 1; and the last equality holds from (108).

Combining the above bounds on (I) and (II), we have for any ¢ < k,
P[] 1€axs NV V] < exp [0 (d(k — 1) Togm) — 2(m/3)] +exp (~2m!?)
Combining the last displayed equation with (104) and (108) yields that

P [537,6\5(17,9_1 AVED A vl(’f*”} < (k—1) exp [0 (d(k — 1) logm) — Q(m1/3)] Fhexp (—2m1/3) .
(111)
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Plugging (111) and (103) into (102), we get

P [50{,]{; Né& N 51]
L

>1- ; [(k; ~ 1) exp [0 (d(k — 1) logm) — Q(m1/3)} +kexp (—2m1/3)}

= ZL:exp (O (dlogm) — Q(m1/3)>
k=1

=1—exp [O (dLlogm) — Q(ml/?’)] .

Appendix C. Proofs in Section 6
Recall & = ﬂﬁzlé’ée) where E(()g) is defined in (69). By (92), we have
P[&)] > 1— Lexp (—Q(m)). (112)

C.1 Proof of Proposition 9

Throughout the proof, we assume &y, all three conclusions of Lemma 10, conclusion of
Lemma 11, and conclusions of Lemma 12 hold. These altogether can be guaranteed with
probability at least 1 — exp (Q(C*Lml/ 36)) by union bounds following (112) and Lemma
10-12.
Recall from (39) that
of (z; W(t)) 1

_ 0 (0 (-1, "
swio = 7Dl @@ o @)

where .
D ()W (1) ... —D{ V) (2)yW D (1), (113)

Therefore, by the triangle inequality, we have

H(?f(w;W(t)) _ Of(z; W(0))
OW () OW )

2

- = [P @@ [of @) - DY @ o) [of )]

< HDW @) (£9() - @) [of V)]

T
2 m
+ = PP @ @) () - of )|

2

. (114)
2
Now we bound the first term on the right hand side of (114). Note that

(-1

(6-1) (z) — (6-1)

o, 0, (x)H2 + sup +eit <ot
x

(115)

4 )

(e-1) H
su < su 0, x
o o = 5P 0 ()2_m1/6
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where the second inequality holds by (45) in Lemma 10, i.e., sup, H ()( ) — o((f) (az)H2 <

%, and Lemma 30 under &. Since ‘)D’EZ)(x)“z <1 for all z and ¢, we have

1
7 P (0 = 0w) [ @) | < 40 -] o,
-0 <02L71m71/36) (116)
where the last inequality holds by (49) from Lemma 12, i.e., sup, zt(é) (x) — z(()g) (x)H =
O (CQL—€m17/36). 2
To bound the second term of (114), note that by the definition of DE@)’ we have
(010 -io) -5 s )
v (@) = Do (@) 2" (@], =, {<w£“<t>7o£2‘”<x>>zo} (OO D@yzo}) [P0 @],

<Hzo Z‘{ © (1),0 D (4 >0}*1{ (9 0)0f' D (@0}

< 4m1/185t(€) (z) =0 (sz17/18>

where the last inequality holds by sup,

Zo H < m!'/36 from (48) in Lemma 12, and the

definition of S;(x) and the last equality holds by (47) from Lemma 11, i.e., sup, St( )( ) <
C’ng/g. Thus, by (115), we have

H (@) - DY (@) 24" (a) [of V(a)]

2
<= |(0@ - D @) 4@ o @)
_ \1FO (Cze—1m17/36) -0 <C2£—1m—l/36> ' (117)

Now we bound the last term on the right hand side of (114). By the definition of zy) (x)
n (113), since HDé@(af)H2 < 1 for all x, under &y, we have

1

(0 I 1)) (k) < Lt
'@, < I1 | melew ) ol < d-*vim (118)
Thus, we have
.
= [PV @@ (o)~ o)
2
NG (1) (e-1) cr
Ll o] <L oo
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where the last inequality holds by (118) and (45) of Lemma 10.
Plugging (116), (117) and (119) back into (114), we get

Haf W(t)  0f(x; W(0))

-0 (CQL—lm—1/36 1Oy, 136 cr ) -0 (Csz—l/%) _

W@ oW |, mi/o
(120)
Next, we prove ||H; — Hy||,, = O (C*:m~1/36). By (77), we have
!Hé” (') ~ HO(z, )
Of (x; W(t)) 0f(=; W(t)\ _ /0f(x; W(0)) 9f(a'; W(0))
oW ) oW OW® 7 gw®
Of(@;W(t)) Of(xs W(0))| [|of("s W(t))
A% Z) OW () OW () 9
af a's W _OF@EW(0) || || 0f (2 W(0))
owWO || oW® 2
. of (', W(t )) Of (z; W(0
2L 1/36
—0 <C <H o “owo ) (121)
where the last equality holds by (120).
From (118) and Lemma 30, we get under &y,
0f (x; W(0)) 0 (¢-1) —O(ck
o] < L) [0 om
By the triangle inequality, we further have
of (x af Z; W 8f t)) of (x; W(0)) 2L
- — o(c*)
Zuid WO ||,

where the last equality holds by plugging in (122) and (120).
Plugging the above bound and (122) into (121), we complete the proof.

C.2 Proof of Lemma 10

Step 1, showing R; < m'/3:  Recall that Ry = m5/'8 and Ry, = Ro+LC?L—2 Zizo ns(Rs+
7). Therefore Ry 1 + v — (R +v) = LC?**~2n,(R; + ), which is equivalent as Ry11 + v =
(1+ LC?*2n,) (R + ). Thus,

t—1
R+~ =[] (1+LC*" ?n,) (Ro+7)
s=0
< exp < LC?E2 Zns> (Ro +7) <2exp ( C2L_2010gT) m>/18

where the second inequality holds since 1+ z < e? for any z and the last equality holds by
plugging in ns < % and the fact that Ry 4+~ < 2m5/18.
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As a result, when m = exp (Q(LCzL*zﬁlog T)), we have Ry < Ry +v < ml/3 for all
t<T.
In the following Step 2, we show & N &3 occurs with high probability where

E3 = {sup |Ag(z)] < m®18 vt < T} ,

with Ag(z) = f*(x) — f(z; W(2)).
Then in Step 3, we use an inductive argument to show under &NEs, (44)—(46) in Lemma
10 hold for all t < T.

Step 2, bounding P [§ N &s]:  Note that it suffices to show
P[5|€] > 1 — exp (—Q(C—Lm1/9)> . (123)
With (123), by (112), we then have
P& N &) > (1 — exp (—Q(C*Lml/ﬁ’))) (1 — Lexp (—Q(m)))
=1—exp (—Q(CfLm1/9)> , (124)
for some constant C' and C}.

Now we prove 123. By the triangle inequality, we have sup,, |A¢(z)| < sup, |f*(z)| +
sup,, | f(x; W(0))|. Since sup, | f*(x)| < m°/'8 by assumption, we have

P(EslE0] > P [sup 12 W(0)) < m5/9]eo] .
Thus, it remains to show

P [Sl;p 2 (z; W(0)) < m5/9‘50] =1—exp (—Q(CiLml/g)) .

Throughout the remaining proof of Step 2, we condition on {W('“)(O)}iz1 such that &
holds. Following the definition of f in (4),

P2 W(0)) = {QT <\/1ng” (YWD (0) - .. \}ﬁng”(x)w@(m) 4
<[a” (\}HDEP (2)WBO... jRDé%)Wm(m)
—a"Q)a,
where
Q)
2 (=Dl @WE0) D@ WO0) ) (=D W)
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Under &, we have ||Q(z)||, < c3F and hence, |Q(2)||r < v/m | Q(z)|, < 3F\/m. Since
a is independent with {W(k) (0)}521, by Hanson-Wright inequality, for any fixed z,

p[[o7 Q| = | (W0}

m10/9
< 2exp (—Cmin ( m? )) = exp CiLm1/9)> .

Denote @ (WM (0),---, WE)(0)) = {Q(m,a:’) :z,2’ € S971}. Note that for any given
WO (0),---, W)(0), by the definition of Dy, in Section B.2, we have

s.t. & holds ]

Qc {VVT V=D, W0)...D;WD(0),(Dy, -, D) € DL} .

Thus by (83), we have |Q| < |Dr| < m4F. Taking union bounds over Q, for sufficiently
large m, we have
7|
€T

=P [sup aTQa‘ > m5/9‘ {W(k)(O)}L

L

CLTQ(:E)CL‘ > m5/9‘ {W(k)(O)}

s.t. & holds ]

Qe k=1
< m exp (—Q(C_Lml/g)) = exp (—Q(C_Lm1/9)> .

s.t. & holds ]

Averaging over {W(k)(o)}izp we get
P [sup (2 W(0)) < m5/9‘50] =1—exp (_Q(C—Lml/g)) '

Step 3, inductive argument to show small deviations of W, oY) and bounded
As: Throughout step 3, we assume & N &3 holds. Here, we use an inductive argument to
show that under & N &3, (44)—(46) hold for all t < T'.

When t = 0, (44) and (45) hold by definition. By the definition of Ag, we know (46)
holds under &5.

Now suppose (44)—(46) hold for some ¢. We first show (44) holds at t + 1 by showing

| WO+ - WO | < n (B +) (125)

for all ¢.
By (10), we have

HW“)(t F1) - W<f>(t)H2

=1 | Ap(Xt) + w

< ne(Re +7)

LD“)(Xt) ﬁ |:1W(k)(t):|TD(k)(Xt) a[o(tl)(Xt)]T
vor S AL t t
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where the last inequality holds since |A¢(X¢) + u¢| < sup,, |A¢(z)| 4 sup |us| < Ry + .

Now we show

L T
NG 1wk (k) N L-1
—D; " (Xy) ( H [W ()| D;7(Xe) | aloy 7 (Xy) <C
‘ m k=0+1 \/m |: } 2
Plugging the above inequality into (126), we obtain (125).
By the triangle inequality, under & N &, for any k, we have
WO < [whe) - whio)| +||wh) = owm), (127)

where the last equality holds since under & N &s,

(W (0)]|, = O(y/m) and

t—1
[W -wh)| <o Y (R < Re<miBvo<i<T. (128)
s=0

2

Similarly, by the triangle inequality, we have

£—1) /-1
wp of ()] () = of (@)

¢
(1Z 1) ley 0—1 0—1
(= )H2§m1/6+00 =0

g =

where the last inequality holds by Lemma 30 under &.

As a result, under £ N &3, we have

H ( ﬁ [\} (k)(t):|TD£k)(Xt)> a [O§Z—1)(Xt)r

k=0¢+1
L ©
<|l—D
| Dt

L
oL (11
+
<k

2

[ (k)(t)]TD(k)(X) )Hall Jot P
= £ (X 2||% Yl

2

where the last inequality holds by (127), (129) and the fact that Hng) (33)H2 < 1 for any k
and z.

Next, we show (45) holds at ¢t + 1. When ¢ = 0, since O,EJr)l( ) =« for all ¢, we get

oﬂ)l (x) — 0(()0) (:U)HZ = 0. (130)
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Fix arbitrary ¢. By the definition of o), under £ N &s, for any = € S !, we have

o5 @) = o @)

= = [ WD 1l (@) — WD 0 @)

vm 2

<ol et - )
S i

ol b)) ol

(%) (co—l—m*l/G) H0t+1 (x) —00 H + chm™Y8,

where the first inequality holds by the triangle inequality, (a) holds by (128) and the defi-
nition of & which gives | W (0)||, < coy/m, and (b) holds by Lemma 30 under &.
Recursively applymg the above mequality and being aware of (130), we get for any

z €St OE?I(I') - o0 H < ckm /O L (co +m 1/6)k =0 (C*m~1/%).
Finally, we show (46) holds at ¢ + 1. For notation simplicity, define E*) () £ W) () —
W) (0). By the triangle inequality, we have for any = € S,
A (@)] = [ () = fla; W(E+ 1)
< |f* () = f(z; W(0)| + [f(2; W(0) — f(z; W(t +1))]

= |Bo(a)] + URT (oW B+ 1ol (@) - o<w<L><o>oéL‘”<m>>)'

(@
< Ro+ Hw@)(t +1)0lE 7V () - Wb (0

(2R0+HE (t+ Vo5 V@) + [WE©) (off V@) of V@) |

(Q Ry + Z HE@—‘) (t+1)of" Y ("”)H

=0
where (a) holds by Cauchy-Schwartz inequality under £ and the fact that ReLU is 1-

Lipschitz, (b) holds by the triangle inequality and (c) holds by recursively decomposing

ol () — of ().

2

Plugging (129) and the assumption that HW(K) (t+1)—WW©(0) H2 <CE LY ons (Rs +7)

for any £ in the above displayed equation, we have for any x,

Apar(2)] < Ro + ic‘“ [B 9w+,
/=1

t
< Ro+ LC*" ) " ny(Rq +7)
s=0

- Rt-‘rlv
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where the last equality holds by the definition of Ryyq.

C.3 Proof of Lemma 11

A

4 .
Denote Og )(x) = {z : 1{(w§£)(t),0§e)(;v)>20} - 1{(w§“(0),o§)@(z))20} # 0}. Therefore, we have
l ¢
S (@) = 10" ()]
Note that if any neuron at layer ¢ has a sign flip, then it has either a small output value
at initialization or a larger deviation than the initial output value. As such, we define

BO(2) 2 {i:|(w!(0),of V(@) < 7SOm0 (131)

as the set of neurons with small output values at initialization. Then

0¥ (z)n [B@ (x)} I,

sup St(e) (z) < sup | B ()| + sup (132)

It remains to bound both sup, |BY ()| and sup, O,ge) (x)N [B(Z) (x)}c

Define &, 2 {sup, |B(z)| = O (C*m®/®),¥1 < ¢ < L}. It can be shown that & occurs
with high probability. The proof is deferred to the end.

Step 1, bounding sup, Sée) (x): Throughout Step 1, we assume & N & N &, and all
conclusions of Lemma 10 hold.

Fix arbitrary £. We first bound the deviation of the output value:

WOl (@) = WO 0)of (@) .

sup
T 2

From (115), under &, we have sup,,

oy) (J:)H2 < C*. Thus, by the triangle inequality,

we have
sup | W (1)of V() - WO (0)o ()|
< sup (W) = W) of V(@) | +sup [W(0) (of V(@) = of (@))]

Cy

< Ctm'/3 4+ cov/m I
ml1/6

< C§m1/3,

for some constant C; and Cy where the second inequality holds by (45) from Lemma 10
under & and (128) under & N &s.
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For neuron 7 in [B(Z) (x)]c, we know ‘<w§£) (0), oég 1)( N| > =30 =13m =19, 1t follows
that
2

e s X (), 0f T @) = (wl(0), 0~V (@)))
< 0—2/30—2/3,—2/9

0P (z) [B@ (x)}

2
sup, |[WO@)of ™V () - WO 0)0f () |
- 0—2/3C—2/3m—2/9
—o(c'm?).
Plugging the above displayed equation into (132), under EgNE3NEy, we have sup,, Sf@ (x) =
(@) (CemS/g).
Step 2, £ occurs with high probability:  Here, we prove
P[&] =1 Lexp (O(dlog m) — Q(ml/?’)) . (133)
Define the deviation for any 1 < /¢ < L
AL (2, z) = D (21, s W), ,W(f—l)(0)>
Z {| zl,oo x))|<L-1/3C—4/3m~ 1/9} - [ {| 4 1 x) |<0=1/3C—/3m~ 1/9}} ‘
where E,, [-] is the expectation over w.
We first show ¢(£*1)(w§£), e ,w%)) concentrates on its mean for any z. By the triangle
inequality, we have
Sup (Z)(Z_l (Z17 © 3 Ri—15 Ry Ri+1, 7zm) — sup ¢.(IK_1)(211 crt oy Ri—1, 21{7 Zit1y " 7Zm)‘
1
{| 2,08 D (@) | <= 1/3C—/3m 1/9} {|< 108D (@) | <e-1/3C—/3m, 1/9} < m
Thus, by McDiarmid’s inequality (Lemma 17), we get
P [sup ¢l 0) -+ wfl0) < B [supof D (wf(0), -+ wff0)] + ]
=1—exp (—m1/3> . (134)
Now we bound E [supx (;Sx ( © 0),--- ,w%)(O))] By Lemma 21, we have
VC
E [sup oD (wy”(0), - w0 } <C Tfj’ (135)

where ) = {fm(w) = 1{|<w,off‘1)(x))\ge—1/3c—4/3m—1/9} tx € Sd1}_
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Note that for any f € Y(WM(0),--- , W=1(0)), we can always find g € W and h € W’
such that f(w) = g(w)h(w) where

wuvmww~;w“”m»—{%ﬂw—lwwynmkaawmaqswew*}’
and
W (W (0),--. , WED(0)) = {hx(w) =1 (e @z —t1/50-tssm1so) € Sdl} :
Therefore, by Lemma 20, we have
VC(Y) = O (VC(W) + VCW")) .

Following the same procedure as bounding VC(F¢*1) in the proof of Lemma 34 from
Appendix B.3, we can get

VC(W) = VC(W') = O (dllogm) .

As a result, VC(Y) = O (dflog m). Plugging the bound of VC()’) into (135), we get

E [sup oD (wi?(0), - ,wgf?(o»] < C\/‘wk’% <m~'/? (136)

when m satisfies (41).

Plugging (136) into (134) and taking union bounds over ¢, we get with probability at
least 1 — Lexp (—m1/3), for all z and /,

m 2 1{|<w§‘>:oé“”(x>>|szfl/3cfé/3mfl/9}
=1

-1/3
Ey [1 {wol ey gl/gcmml/g}] +2m~1/3, (137)

Next, we bound sup,, , Eq, { {l w0l (@ <€1/3C'4/3m1/9}:|' Note that conditioning on

(W)}, (w0~ %»~NQLO

2
a:)H2> as w ~ N(0,I). Therefore,

P [1{|<wvoé‘”(m))lsw/?’cmm”g}]
20—1/30C—/3,~1/9

var )

= supP, [|<w o™V ()] ge*l/?@*f/?’m*l/g} (138)
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Now we bound Ho((f*l) (:c)H2 from below. By Lemma 6, we have with probability at least

1 — Lexp (O(dlogm) — Q(ml/?’)), for any x and /¢,

[ob =2 @[} = o o )

-5 [ ()] - (5)

(a) _ 6026
Zot_0 <m1;3 = Q(C%), (139)

for some constant Cy and C, where (a) holds by (38) which gives E [¢%(U (e_l)(x))] =271,
Plugging (139) into (138), we have with probability at least 1— L exp (O(d logm) — Q(m1/3)),
for any ¢ < L,
SlglcpE [ {l ol (2))|<e-1/3C 4/3m_1/9}} chm—l/Q

for some constant C3. Combining the above inequality with (137), we have with probability
1— Lexp (O(dlog m) — Q(ml/S)) — Lexp (_m*1/3),

= Z 1 O o) ()| <0130 2~ 1/9} < Cﬁm—l/g +om V3 =0 (Cﬁm—1/9> .

This completes the proof of Step 2.

C.4 Proof of Lemma 12

Step 1, bounding sup,,
with probability 1 — exp (—Q(C~ L+k+1m1/36),

Zo H We begin with proving (48). In particular, we show

) x)”oo < m1/3, (140)

Note that
P@ﬂgﬂ}SmWﬂzpﬁﬂMﬂ\Smwwﬂpmy (141)
k o0 k )
Now we show

P [s&;p Hz(()k)Hoo < m1/36‘50] >1—exp (O(dL logm) — Q(C_L+k+1m1/36)) :

Plugging the above bound on P {supk Hz(()k)H < m1/36\€0] and (112) into (141), we com-
o0
plete the proof of step 1.

Throughout the remaining proof of step 1, we condition on {W(k)(())}iz1 such that &
holds.
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Denote

PO 2 (W) DE @) [WOE)] D@, (142)

1
m

Bl

and hence z(()k) = P¥+Dq from (113).

Therefore,
1
[Z(()k) (x)L = <a, mp$k+l)($)> )

where [zék) (az)] is the r-th coordinate of z(()k) () and p&kﬂ)(az) is the 7-th row of P+ (z).

Under &, for any k and x, we have

pgk—&—l)(x)HQ _ HP(kH)(x)elH? < HP(kJrl)(x)HQ <ch (143)

where ¢; = (1,0,---,0)" € R™.
Since a is independent with pgkﬂ)(:v), by Hoeffding inequality, we have for any fixed
xz eS¢,

)

ml/18
R
— exp (_Q (CfL+km1/18)> '

{W(k)}::1 s.t. & holds.]

Sexp | —

Taking union bounds over r, we have for any fixed x,

().

? [, -

s.t. & holds.} < mexp <_Q (C*LJrkml/lS))
= exp (logm —0 (C—L+km1/18>) .

Thus, we have

L
P [S‘;p ‘z(()k) (x)Hoo < /36 {W('f)(o)} St & holds}
L
=P| sup [Pall, >m!/3 {W<k>(0)} s.t. & holds.
Pcpk+1) k=1
< |PHEHD | exp <logm -Q (C_L+km1/18>> : (144)

where PEFD(WO(0), .-, WE(0)) = {P*U(z) : 2 € ST} with P*+Y)(2) defined in
(142).

Now we bound [P +1)|. Recall the definition of Dy, in Section 5. By definition, there is
an injective mapping from P**1) to Dy. Therefore, we have |P* )| < |Dy| < m, where
the last inequality holds by (83).
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Plugging this bound on [P*+1D| into (144), we get

d (v,

Step 2, bounding Hzge) (x)
with high probability. Assume (140), all three conditions in Lemma 10 and (47) hold, which
can be guaranteed with probability at least 1 — exp (—Q(C‘L+km1/ 36)) following Lemma
10, Lemma 11 and Step 1 above.

Fix arbitrary t. We will use an inductive argument on layer to prove (49) holds for all
1</¢< L.

By definition, z,SL) (x) = a for any z. Therefore, (49) holds at { = L

Now suppose (49) holds at some ¢ + 1, we are going to show (49) holds at ¢ as well.
Note that

zék) (z) HOO > m!/36

s.t. & holds] < mdL exp (logm _ Q(C—L+km1/18))

= exp (—Q(C_L+km1/18)> .

— zée) (m)H2 Now we prove the second inequality (49) holds

O (a) = \/1% [W(éJrl)(t)} T DD (24D (7).

Similar to (114), by the triangle inequality, we have

@) - )], < |[wern - W] D 0 a)

]
o W] D) (4 @) - 2 )

2

2

# o= [W00] (D@ - D w) )| s

Now we bound the first term on the right hand side of (145). By the triangle inequality,
[ @], < 5@, + [+ e -]

<ctym+o0 (CQL—Z—1m17/36> = O(C21 /). (146)

for some constant C' and C; where the second inequality holds by (118) under & and the
inductive hypothesis.
As a result,

1 ¢ ‘
H [W(z+1)(t) _ W(”l)(O)} ﬁDg +1)<x>zt( +1)(x)

2

< HW(ZJrl)(t) _ W(£+1 H £+1 H

7l
< C%L—f—lml/fﬂ’ (147)

where the last inequality holds by (44) and R, < m'/? from Lemma 10, and the above
bound of Hzt(Hl)(:c)HQ.
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To bound the second term, note that under & and the inductive hypothesis, we have

I

2
7 e, e @] [0 - 2],

=0 (1T (148)
To bound the last term on the right hand side of (145), note that under &,

—i[w@@f(m”W@—D$“<0<“W>

|7

5 [0, ot )

< ¢ H (Dg“l)(x) _ D(()H_l)(x)) 2(()£+1)($)H _

2

By definition, we have

| (DY @) - D @) AV )

2

m 2
< J; <1{< (41 (4 o(0) (o >0} {< 1 0) 0 >0}> [ Hl)(x)L

<[]l

HOO

-0 <02L7871m17/36> ’ (149)
where the last equality holds by (47) and the assumption sup,, Hz(()k) () H m?/36,
Therefore,
1 T
— 0 (1) _ pletD) (£+1) _ 2L—(, 17/36
H N WO (D@ - D @) (@) =0 (cPLtmiT)

Plugging (147), (148) and the above displayed equation into the right hand side of (145),
we complete the proof of Step 2.

Appendix D. Proof of lemmas in Section 7

D.1 Proof of Lemma 14

Recall from (21) that &) (z,2') £ E o (U (z)) o (U(g_l)(a:’))] q(LE) (z,2') where U®)(z)
is defined in (15) and q(LE) is defined in (20).
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Step 1, ¢ is positive semi-definite: We begin with showing & is positive semi-
definite (PSD). Since & = 5:1 ®®, by (64) and (65) of Lemma 25, it suffices to show
both E [o(U®)(2))o(U®(2"))] and qg) (x,2') are PSD kernels.

Denote G(z,2') £ E [o(U¥)(2))o (U9 (2"))]. Here, we apply Lemma 26 to prove G(z,z’)
is PSD. To begin with, we show

E [az(mf)(x))a2(U<€>(x’))] < . (150)

By definition (15), we have

E {(UW@)Q} = [2“*1)}11 <E [(U@U(m))g]

where the last inequality holds since o2(U*1(z)) < (U(Efl)(x))Z.

Since for any z € ST E [(U(O)(:c))Q] = ||lz||3 < 1, we get for any ¢, E [(U(Z)(x))Q} <1
By Cauchy-Schwartz inequality, we have

B[00 O] <\ & [(00w)] & [0e)?] <1
Thus, for any z,y € S41,
E [0 w)] <E | (10O w)’]
—E [(U@ (x))Q] E [(UW (y)ﬂ + 92K [U(@ (@)U O )] <3,

where the equality holds by Isserlis’ Theorem (Isserlis, 1918).
By Cauchy-Schwartz inequality, for any g € La(u), we get

‘//E\mmdU@@»de@mmewwmmw

< [ [#@swa@a [ [2](a00@)000m)’| dwai) <.

where the last inequality holds by (150) and the fact that g € Lo(p).
As a result, by Fubini Theorem, we have

[ [ s@6 @ vawin@int) = [ [ [s1o@O@)ow®w)g)] dutwydntw)

:E{//@@waf<@waﬂkwmwmmmmmﬂ

_E ( / g(x)a(Uu)(;p))dM(;p))Q] > 0.

By Lemma 26, we get G(z,2') is PSD.
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Now we show qg)(az, 2') is PSD by induction. By definition, we know

L (k) !
¢ m — arccos p\") (z, x
() = [ Sonr)
™
k=t
Following (65) of Lemma 25, it remains to show

7 — arccos p*) (z, ')
27

F®) (g, 4') &

(k) (k)
is PSD for any k where p(¥)( Elo (U (@) (UM @ ))] is defined in (93).
\/E a2 (UM ())]/E[o2 (U (2

Note that we have shown the numerator of p(k) (x,z ) is PSD. From (38), we know the
denominator of p*)(z,z') is some constant independent of z and z’. Therefore, p*)(z, )
is PSD and hence we have p¥)(z, ') = (¢(z), ¢(z')) for some function ¢.

Since %fw is PSD (Cho and Saul, 2009), by (66) of Lemma 25, we get F*) is
PSD.

Step 2, |||, < [|®], < % The inequality ||®|, < ||®||., follows from Lemma 28.
To bound ||®||,, we follow (36) and (35) and get H@(Z)Hoo < 1 for all ¢.
Since ¢ = Eﬁ:l &), we have ||®|| < %

Step 3, bounding ||K||, and |Q||, By definition, the eigenvalues of K; equals 1 —
mAi,t = 1,2,--- where \; is the i-th largest eigenvalue of ®. Since 0 < \; < % for all 7,
with ny < %, we have 0 < 1 —mn\; <1 for all 4. This shows ||K¢|l, <1 and K; is PSD.

Similarly, we bound ||Q¢||,. Following Theorem 1 and Proposition 9, by the triangle
inequality, with probability at least 1 — exp (—Q(C*Lml/ 36)),

CL
I = @l < 1 = Holo + o~ ¥l =0 (5755 )
Therefore, for m = exp (2(L)) which is guaranteed by (41), we have

2L

IHellz < [1Hllo < 1He = Plloe + 1 Plloe < -

(151)

for all . By the definition of H; in (1), we know H; is PSD. As a result, we have

For n; < 2L, we have 0 < 1—n\;(Hy) < 1,Vi, where \;(H) is the i-th largest eigenvalue
of H¢. This shows [|Qq]|, < 1 and Q¢ is PSD.

D.2 Proof of Lemma 15
Recall that

er(z,2") = fla; W(t) = flas W(t + 1)) + neHe(z,2") (f*(2)) + e — f(2's W(R))) . (152)
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Here we provide a lower bound of €;. The upper bound of ¢; can be obtained analogously.

The proof consists of three steps. Firstly, we study the evolution of the prediction value
flx; W(t + 1)) — f(x; W(t)). Since the change of the prediction value is driven by the
update of weight W (¢) in (10), intuitively we have

L .
FasWie 1) = flas W) ~ 3 (LS w1 - wiiy )
=1
= e (Ae(Xe) + ue) He(w, Xy).
To justify the above approximation, we first show
L L—-1
F@s Wt +1) = f W) <Y Awop @) + > 247 (@),

=1 =1

for some Ay () (z) and ngz) () defined in (155) and (159).
Then we prove that for each /,

Awo (@) = m(A(X0) + u) (H}f) (z, X)) + B (2, X;) + 19 (a, Xt)) (153)

where %ge)(z, X¢) and %gf) (x, X;) are some error terms defined in (164) and (165).
Following the definition of ¢;, we have

et(z) = f(x; W(t)) — fas W(t+ 1)) + neHi (2, Xi) (Ae(Xe) + ur)
L

L—1
> < (Ae(Xe) +ue) Y (B, Xo) + R0 (@, X)) = Do, (154)
=1 r=1

To bound ¢, it suffices to bound QLEZ), %ff) and SREE). In short, we show these terms

depend on either the change of output oﬁ)l - oﬁf) or the change of activation pattern

Dgﬂ)l(a:) - Dy) () which are shown to be small with high probability in Section 6.

D.2.1 ANALYSIS OF THE EVOLUTION OF f(x; W(t))
For all 0 < /¢ < L, define

2 (2) 2 diag {1{ [zgo@»]go}} . and 2" () £ ding {1{ [zi%ﬂfo}} |

When ¢ = L, since zt(L) (z) = a does not change over time,

Z{"" (x) = diag {a; = 1}, Z{"'" (2) = diag {a; = —1}, vt.

Denote
T —
Awop(@) = [47@)] |27 @D{(@) + 2 @)D" @)

(W“) (t+1) - WO (t)) o7V (@), (155)

3~
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and

§
Ao 2 [ @)] (25 @D @) + 2 (@D (@)
1

T

Intuitively, Aw(b(t)(ﬂ?) and A () (x) capture the change of prediction value f(z; W(t))
O

WD) (o (2) — o (@)

by the change of W)(t) and ogz) (x), respectively.
Note that for any vector p,b,e € R™, we have

p (b)) —a(e) = Y pilo(b) —ole) + D (=pi) (ales) = o(by)

i:p; >0 1:p; <0
<Y iy (i —e) + > (—pi)lezo0p (65 — bi), (156)
2:p; >0 1:p; <0

where the last inequality holds by the fact that o(y) — o(z) < 1g>0) (y — 2).
Therefore, we have

e W(t+1)) = f(z; W(1))

- jﬁcﬁ (cWE 4 1ol V(@) = oW )" ()
< ;ﬁ (z" D)
= AW(L)(t) ((l}) -+ AO£L71>($), (157)

(2) + 2" DY (@) (WEt + 1oV (@) - W ol (@)

where the last equality holds since

WO+ 1oy Y (@) - W @0V (@)

= (WH+1) - W@ o V(@) + WE @) (off V(@) — of V().

— 1 _
Awiw(@) = a’ |27 @D @) + 277 @D )] = (W +1) = W) o7 (e),

and

_ 1 _ _
Aen(@)=a" 2877 @D @) + 277 @D )| =WH @) (off; V(@) — of V(@)

vm
Intuitively, since the change of ng) comes from the update of W) (¢) and OEZ&)) we can
obtain a recursive relation of Aoy). In particular, we show that for all ¢,
A0 (@) < A e (@) + Awi (@) + A (), (158)
where
A ()
& [49@)] 24 (@) [DY) (@) - DYw)] jmw““w (o2 (@) = o} () . (159)
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Note that Z,@Jr(m) + Zy)_(aﬁ) = I. Therefore, for any 1 < ¢ < L,
{4 14 0)— l l {4 l l
2" (@)D, (2) + 2{"" (@)D" (2) = D’ (@) + 2{"" (@) (D1 (@) - D () . (160)
Thus, we have

Ao (@)

T _ 1
= [{V@] 2 @D @) + 2 @D (@) WD) (o, (@) - o (@)

vm

= [29@)] DI (@) = WD) (ol () — o)

D

)

[ @)] " 2 (@) [0, (@) - DO (@)] =W @) (o (@) - of @)

&+~

T T
From (50), we know [zﬁ“(a:)] - [z,ﬁ” ”(x)} L DD ()W ED (1), Thus, we have

0 =[] (o) - o))

= [@] (o (WO + 0 @) = (WO (a))

i

)
< [#0@)]" (29D @) + 20D x)

—~
=

(WO + 1)o7 (@) = WO )oY ()

3= 3l-

)
= [ (m)}T (29D (@) + 29D () { (WO +1) - WOW) ol (@)

£ W) (o) - of ) |
= Aw () + Aogfw (z),

where (i) holds by (156) and the last equality holds by the definition of Ay () and A 1.
t

Hence, we get (158).
Recursively plugging (158) into the right hand side of (157), we get

L L—-1
FasW(t+1) = f@ W) <3 Awog (@) + > 4 (@). (161)
/=1 =1

D.2.2 DECOMPOSING Ayy ()4 (2)

Here we prove (153). Plugging (10) into (155) to replace W) (¢ + 1) — W) (¢), we have
Aw ) (1)
= L[49@)] 27 @D @) + 20 @D )] ol ), of U (x)

m (A(Xy) +u) DY (X)) (X)) (162)
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Note that

(27 @D (2) + 2~ @D (@) (67" (), of V(X))

= (2" @D (@) + 27 (@D (@) (o1 (@) — of V(@) + of TV (@), 0f TV (X))
(2" @D @) + 2 (@)D @) (ol (@) — of (@), of TV (X))

+ D @) (of (@), 0V (X)) + 287" (@) (DI (2) = DI (@) (01 (@), of V(X))

where (a) holds by (160).
Plugging the above equation into (162), we have

Awiogy = e (8% + 1) { [47)] D@6l )0 x0)
+[49@)] 20 @) (D (@) - DP (@) {0l (@), oV (X))
+[47@) " (27" @D @)+ 2 @D ) (@) - of o x|
D} (X)) (X))
= (A(X) + ) (H (2, X0) + B0 (@, X0) + RO (@, X1)) (163)
where
1) = = (DO @A) [of @] D)@ [ @] )
from (39),
B2, X)) 2 [49@)] " 20" (@) (DY, (2) - DI (@)
DY (X1)2" (X)), (164)
and
10w, %) 2 [+49()] ' [2 @D @) + 20 @D (@)

{4 {— — {4 {4
o0 @) — o V@), of VDI (XA (X). (165)

Intuitively, ’By) captures the error from the change in activation pattern of the ¢-th

hidden layer and 9‘{%2) captures the error from the change of the output og*l).

Plugging (163) back into (161), we have

L
Sl W+ 1) = Flas W) < me (AX0) +u) Y (H (0, X0) + B0 (@, X1) + R0 (@, X1))
L-1 !
+ Z Qlig)(m). (166)
=1
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Recall the definition of ¢ from (152). For any = € S*!, we have
er(x) = [z W(t) — fas Wt + 1)) + neHi(z, Xo) (A (Xy) + Ut)
L
> = (A(Xy) +w) Z <‘B(Z) (z, X;) + R ) Z A
=1
To bound ¢, it remains to bound 52[9, ’Bgé) and i)figz).
Here, we claim that with probability at least 1 — exp (—Q(C’a Emt/ 36)) over the ran-
domness of the weight W(0) and the outer weight a, for any sample path {(Xj, ys)}t_1

s=0"
(ck
sup 9" 0)] = 0 (2455 184(x0) + ). (167)
C2L
sup %ie)(x,:c’) =0 <m12/36> (168)
CL
sup R (z,2') = 0 <m13/6> . (169)

With the above claims, we have with probability at least 1 —exp (—Q(CO_ Emt/ 36)), for any

z and sample path {(X;,ys)}.5,

LC3

er(x) > —Comy | Ae(Xy) + wy m1/36

for some constant C4 and Cs.

Analogously, we get with probability at least 1 — exp <—Q(C’O_ Lt/ 36)),

LC3E

ct(z) < Csml An(Xe) + | 7755

As a result, we have

E (llelly [W(0), a] < \/E ledl3 [W(0),a] = \/Ex oy, [Ex [(X)] [W(0),a]

< \/E<Xs,us)go [Sl;p Ef(ﬁ)(W(O),a]

nLC" : mLC%oy
=0 <7n1/36> \/E(XS,US)io [(At(Xt) + uy) ‘W(O)’a} - W’

(170)

where the last equality holds since
E(x, . [(At(xt) +up)? [W(0), a} =E(x. .., [AH(X)|W(0),a] +E [u]

iy (18R IW(0).a] 472 = o

In the following, we prove (167)—(169). Throughout the remaining of Section D.2, we
assume the conclusions of Lemma 10-12 hold which is guaranteed to occur with probability
at least 1 — exp (—Q(CaLm1/36)>.
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D.2.3 BOUNDING ngé)

Recall the definition of nge) from (159). Here, we bound sup,
x € S%~1. Note that

ngé) () ‘ . Fix arbitrary

:
2@ < || |2V @)] 2 @) D @) - D))

Jm

WO o) - o).

0 (I1)
(171)

We first bound (II). Note that the change of oi") comes from the change of W(t).
Intuitively, since W(¢) does not change much by Lemma 10, we expect that o, does not
change much. By Lipschitz property of ReLLU function and the triangle inequality, we obtain

the following layer-wise recursive relation of Hoﬁ)l(x) - oge) (x)‘ X

() (0 _ 1 ¢ (1) 0 (1))
[olth @)~ ol @, = o (WO + 10 @)) — o (WOl V)
1 -1 -1
< 2 [WO+ Do @) - WO @l
1
< 7| (WO |, [t @],
< \/ﬁ <W (t+1 ) Oty
s [woey H Hf’m 0 o V@)
Since og)r)l (z) — ogo) (z) = 0, by recursively applying the above inequality, we have
o) = i@, < H e Wy -wOo], ot
r= s+1
Plugging (126) into the above displayed equation to replace HW(S) (t+1)— W) (t)]|5; we

have

[olfi@) = o (@)

2
RS 7 1 () (=1 0] "
< mz; ( H+1 mW(S)(t—i—l)) M (Ae(X2) + ) Vi (@)a of T (X0)] 2
S= rT=Ss 2
s—1
ol @) (172)
where V(L)t( ) is defined in (8)
From (127), we have —— HW Ot + 1)” < C, and hence
¢ _
[V, < cttvm. (173)

A,
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Plugging (127), (129) and (173) into the right hand side of (172), we get

o) = o], = 0 (“C 22 k) + ) (174)

Note that although X; does not explicitly appear on the left hand side of (174), the

evolution of og) (x) depends on X; and u; through the update of W (t).
Now we bound (I) on the right hand side of (171). Note that

H [zt(m)(m)}T z{"V*(2) D[, (@) - D ()] me(ﬁ—&-l)( |,
< H [zt(é+1)(x)rzgé+1)+($) [Dgi)l(x) 7D§e)(x)} 2 \/%W(ZH)@) 2

20 @)] " 2( (@) [D{, ) - D ()

2
(2 C ‘(Dﬁ)ﬂiﬂ) - D" (33)> 1>($)H2

Zt(e+
< ¢|(pih@) - D @) V@), + ¢ | (DI @) - D @) P w)

- (75)

where (a) holds by (127), (b) holds since ZEHIH is a diagonal matrix with diagonal entries
0 or 1 and the last inequality holds by the triangle inequality.
Here we bound

| (D@ - D @) V@) (176)

2
By Lemma 11, we know Dgi)l(x) — D(()Z) (z) has very few non-zero diagonal coordinates.

lgf—i-l) (:B)

However, if z has large values on those coordinates, (176) can still be large. To

show such situation does not occur, we crucially decompose the coordinates of zyﬂ)(x)

into M and M€ where
M = {z e [m] : ‘ [zt(””(g;)]

<omt®).

i

For coordinate i € M¢, since Hzf“l)(x)} > 2m!/%6 and sup,

‘ [zt(gﬂ)(x)} _ {z(()eH)(x)]
(e+1)

Intuitively, the above displayed equation says that for coordinate ¢ of z; () with large ab-

< m1/36, we

7 Z(()Z—Hl) (x)Hoo
know

<]

solute value, since the initial value ‘ {zé”l)@)} ‘ is small, the magnitude of {z§€+1)(x)} is of

the same order of its deviation from the initial value. With the bound on sz—H) (x) — zé“l) () H

n (49) from Lemma 12, we are able to control the contribution of coordinates in M¢ on
(176) as follows:

2

> (0@ DY @) @] < 3 [ @] < a0 - @)
jeMe T jeme ' 2
— O(C’f‘L_%_Zm"/lg), (177)
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for some constant C4.

Next, we show the contribution on (176) from M is small. This is true since all coor-
dinates in M have small values and the number of coordinates having nonzero Dg?l(x) -
D((f) (x) is small. In particular, we have

> (D@ - D) A w)

JEM

2
1/18
< 4m"/ Z ( Wl (t4+1),0f D (@)>0} { <‘>(0),og"1>(x))>o}>

JEM
< 4m!/18 Sup S(ﬁ) (z) = O(C§m17/18), (178)

2

J

for some constant Cy where the last equality holds by (47) from Lemma 11.
Combining (177) and (178), we have

L 4 2 -
| (D@ =D @) V(@) = o= mT/) (179)
for some constant Cj.
Similarly, we can get H (Dg) (x) — D((]Z)(l')) 2 ZH H = O(C3E~ =1y 17/36),
Plugging the above bound on H (Dge)(x) — Dée)( )) ISHI) H2 and (179) into (175), we
get
@) 20 @) [P (@) - D )] W)
vm 2
{4 4 /41
= ¢||(Df@ - D @) 4P|
= O(ClFm!7/36) (180)

for some constant Cy.
Combining (174) and (180), we have for any z € S,

7 n crt
\ng )(af)] =0 <77t11/36 |A(Xy) + ut|> ,
for some constant C.

D.2.4 BOUNDING qs,@ AND m,@

As is mentioned in Section D.2.2, ’B( ) captures the error caused by the change of activation
pattern. To bound “B( z,2')|,

To bound f)‘ig ) which captures the error from the change of the output og 1), we apply (45)

from Lemma 10 which bounds the deviation of og*l).
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Bounding ‘ %EE) ) :  Recall that

B(2.2") = [{)] 2" (2) (D) () - D ()

| — ) )
— (0" V@), ol V(@)D ()2 (')

m

Fix any « and 2’ € S¥~!. By Cauchy-Schwartz inequality, we have

5 ,2)| < |[9@)] 2" @) (D) - DP (@)

1, _
|l oD ) @)

2

— O (CLm17/36) H %<O§f*1) (I’), ngf].) (x/)>D§K) (x/)Zt(E) (xl)

where the last equality holds by (180).
Moreover, applying Cauchy-Schwartz inequality again, we get

o @ DD x0:0) | < @) ), |
2 CL
~o ()

where the last equality holds by (129) and (146).
As a result, for any z, 2’ € S*1, we have
3t
<0 <m1 /36

B (2,2)

for some constant Cs.
Bounding ‘S‘ig)‘: Recall that
T —
R (@,a) = [47@)] [2T @D @) + 2 (@)D (@)
L - - - /
— (o} (2) o (@), 0f" V(@)D ()2 ().
By Cauchy-Schwartz inequality, we have
¢ ¢ ¢ 0)— ¢ ¢
9 (@,2)] < | [207 @)D @) + 287 @D ()] 20 (@)

1 (- - - ¢ ¢
| o5 0) = o o D) )

By (146) we have

@) [2 @D @) + 2 @)D ()
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Further note that
tLWm—é“Wm,“”<»DW<>Wm»
< ol @) - o) ok :
o I(H A5 @) = o @) = o V@) +of V@) )
< (el + e o] )

where the second inequality holds by (146) and (129), the third one holds by the triangle
inequality, and the last equality holds by (45) from Lemma 10.

Hm 2

|, |+” @)

As a result, for any x, 2’ € ST,

¢ Cy
R0 =0 (5 ).

for some constant Cf.

D.3 Proof of Lemma 16

Throughout the proof, we assume the conclusions of Lemma 15 holds. For the ease of
presentation, we use E [-] to denote the conditional expectation E [[W(0), a].

Recall the definition of v; from (54). We first show

2

t t
ST Qeovws

s=0 r=s+1

< Y B [judl]. (181)
s=0

2

For notation simplicity, denote F; as the filtration of { X3, --- , X;}. Let ¢4 = Zizo H;H_l Qo
v, and hy = Qi o g4—1. Thus, ¢s = v¢ + hy. Then

E [lg3] = E [Ive + Aul2] 2 E [Junl3) + & [10a] < Elvol] + B [lacil3].

where (a) uses the fact that E [(v¢, he)] = E[E [(vs, he) | Fy—1]] = E [(E [v¢|Fy—1] , he)] = 0; (b)
follows from ||Q¢||, <1 by Lemma 14.
Recursively applying the last displayed equation yields that

EUW@]Sé;EMwﬁ]
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Next, we bound E [Hvsﬂg] Recall from (56) that o2 = E [HASHQ + 72. Note that

B [l 8] = 28 | (e ) (A.(X) + 0? ~ Ex, [ (o X (X))

= 2B [H (2, X,) (As(X,) + )| = n? (Ex. [Hy(w, Xo)Ay(X,)
412
< 2L (E [|Aul3] +2) = n2=-o?,
where the inequality holds by (151) that gives ||[Hy||, < ||[Hy|| o, < %

Therefore, to control E [HvsH%}, we need to bound 7. We now claim that

t
v44L
oty < H(l Ty m)’og,
s=0

when m = Q(exp(L?)) and n; < 5> for all ¢.
Given the claim, we have

r—1
0 VALLY
T T’S 1
g r+1H< +9(k+1)>00

k=0

0 V44L0
<
_T+1exp< 9 (log(r—i-l)—i-l)) 00

<O(r+ 1)¢4ZL9/9—1 e\/ﬂLe/gao_

Combining (183) and (182) into (181), we have

t t 2 t
Z H Qrovs SLQanaz
s=0

s=0r=s+1

E

2
t
< 12 Z 02(r + I)QMeL/9—262¢4ZL9/9Ug
r=0
1

< L2G2e2VHL0/952 < + 1) = ciod.

- O\1-2V44L6/9 270
By Cauchy-Schwartz inequality, we have

t ot
S I Qeows ] < |E
2
which completes the proof.

s=0 r=s+1
Now we prove the claim. Recall Ayy1 = Qp - Ay — v + €;. Therefore,
A1 ]5 = 11Qe - Ay — v + el5
= 11Qe - A3+ llvell5 + lleells = 2(Qe - A, vr) — 2w, &) + 2(Q1 - Ay, €)
2 2 2
< A + Nloellz + leells + 2 [|A¢lo loelly + 2 [|vello llello + 2 (| A¢llo fletl]s

2
E

t t
ST Qrows

s=0 r=s+1

W(O), a| = Cy00,

2
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where the last inequality holds by ||Q¢|l, < 1 whenever 1, < 2/L and Cauchy-Schwartz
inequality.
From (170), for m satisfying (41), we can get

L2OL 2 L2 2
E [”etug} < O( ml/lgt a§> < 8;775 o2. (185)

Taking conditional expectation on both hand sides of (184), we have

L2771:2 2 L277752 2
g Ot T gy O + 2E [[[A¢lly [|vello] + 2E [loelly [[etllo] + 2E [ Atll, [lex]]]

< (14 22 o+ 2y 2 [1d] & [l
o8 [l 2 ] +2 2 1] E T2
2
.

2 2
Oiy1 S0+

37L2n? 2L%n} 2L,
§<1 81t)0t2+977’“’t2+ 37 Ottt g ot

VL
= (14 —5—m)%}

ne)~o
where the first and the third inequalities hold by (182) and (185) for m satisfying (41) and
the second inequality holds by Cauchy-Schwartz inequality.

Appendix E. Proof of Corollary 4

We first show a key intermediate step to prove Corollary 4.
Define the space of homogeneous harmonic polynomials of order £ on the sphere as

Hy={P:S"! 5 R:P(z) = anxa, AP =0
|ar|=£

a1

where 2% = z{' -+ 257, |o| = Zf 1, ¢ € Rand A = Zl 1d

Denote for all £ > 0, {Yw}i:1 as some orthonormal basis of ’Hg where Ny is the dimension
of Hy, ie., (Yy;,Ye;) = 0 for i # j. Moreover, from Dai and Xu (2013, Theorem 1.1.2) for
¢ # 10, "y and Hy are orthogonal. Hence, {Yy;} are orthogonal across different ¢ as well.

We now derive in Theorem 36 an expansion for functions with the form K(z,y) =
h({x,y)), =,y € S¥ 1. d > 3 in terms of {Yei},1 < i < Ng,t > 0. A similar result is
obtained in Su and Yang (2019) without a full proof. We provide a proof in Appendix E.1
for completeness.

a2 is the Laplacian operator.

Theorem 36 Suppose the function KC has the form K(x,y) = h({z,y)) where h is analytic
n[-1,1], z,y € S and d > 3. Then

y):Z/BE an }/Zz

£>0
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where
o

d—2 hetom
Be(h) = - (186)
2 mz:[) 202m il (552 1

with hyyom is the (£ + 2m)-th derivative of h at 0 and (-), is the Pochhammer symbol
recursively defined as (a)g =1, (a)y = (a+k —1)(a)g—1 for k> 1.

Remark 37 The case d = 2 can be analyzed using Fourier analysis. Since this is not of
particular interest in our study, we do not provide the analysis here. One can refer to (Dai
and Xu, 2015, Section 1.6) if interested.

Proof [Proof of Corollary 4| From (Wang, 2010, Theorem 7.4 ), we know the polynomial
of degree £* can be projected onto the direct sum of the spaces of homogeneous harmonic
polynomials up to degree £* 4+ 1. Now we claim ® can be expanded in the space of homoge-
neous harmonic polynomials. With the claim, we have R(f*,¢* + 1) = 0 which completes
the proof.

It remains to prove the claim. Recall the definition of ®® in (21). Here, we show
@) (x, 2') is analytic and can be viewed as a function of (z, z’) only by analyzing E [O'(U(Z) (2))o(U® (2]
and q(Lé) (x,2).

We begin with analyzing E [o(U¥)(2))o(U®(2")]. By (15), we get (U (z), U®) (2')) de-
pends on Cov (¢(U®)(2)),o(U®(2")). Since = only depends on (z, z'), we know the joint
distribution of (UM (z), U™ (2")) only depends on (z, 2'). Hence, Cov (o(UM(2)), (UM (2"))
only depends on (z,2’). Following the recursive relationship of U®), we get the joint distri-
bution of (U (z), U (")) for all £ > 1 only depends on (z, 2'). Hence, E [o(U®) (z))o(U®) (2')]
only depends on (x,2’). Note that a product of two ReLU functions is analytic. By Fubini
Theorem and Lebniz integral rule, we know E [o(U¥)(2))o(U¥(2")] is analytic.

Next, we study q(LZ) (xz,2’) which is defined in (19). We have shown the numerator of

P (z,2") only depends on (z,2’). By (38), we know the denominator of p®) (z, z') is some
constant independent of x and z’. Therefore, p*)(z,2’) and hence q(LZ) (z,2') only depends
on (z,z'). Since a composition of analytic functions is analytic and arccos function is
analytic, we know q(Le) is analytic.

Since for any ¢, ®® is analytic and can be viewed as a function of (x,2'), we know

=YL &0 is also analytic and is a function of (z, z'). [ |

E.1 Proof of Theorem 36

We begin with a key result that will be used in the proof of Theorem 36.

Proposition 38 (Cantero and Iserles, 2012, Theorem 2, eq (2.1)) Let h be analytic in
[~1,1]. Letting hy, = K™ (0) be n-th order derivative, then for any a > —1,a # —1,

hz) = i%ncg“/?(x), re[-1,1] (187)
n=0
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where

Cot2(g) = (204;‘! Dn (1) (Z) (n (‘zézfl‘;:)k (1 ; 90>k7
k=0

s the Gegenbauer polynomial, and

oo

T hn+2m
hn=(a+n+1/2) ) T A Yo m— (188)

m=0

With hyiom = h2m) (0), the n + 2m-th derivative of h at 0.

Remark 39 Gegenbauer polynomials are orthogonal across different n, i.e., for m # n,

a—2 d—2
d >3 and any fizved y € ST, <Cn2 ((,v), Cri? (<,y>)> = 0. The proof is based on
d—1

the orthogonality of Hy. One can check Dai and Xu (2013, Corollary 2.8) for a detailed
Proof.

The form of 5¢(h) in (186) depends on the specific function h. For the ease of presenta-
tion, we abbreviate B¢(h) as By. Now we proceed to the proof of Theorem 36.
Proof [Proof of Theorem 36| From Dai and Xu (2013, eq(2.8)), we know for any { > 0,

€+)\
. ZYM )Y,y (189)

where \ = %, x,y € S1,
Plugging (189) into (187) and note that a +1/2 =\ = %, we get

thg_i_)\zyvﬁz YVZ@ BZZ}/EZ Yvﬂz

>0

where

= A d-2 S heam
:h =
Be TN 5 mz:Quzmmv( 2) ot
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