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Abstract

The Neural Tangent Kernel (NTK) characterizes the behavior of infinitely-wide
neural networks trained under least squares loss by gradient descent. Recent works
also report that NTK regression can outperform finitely-wide neural networks
trained on small-scale datasets. However, the computational complexity of kernel
methods has limited its use in large-scale learning tasks. To accelerate learning
with NTK, we design a near input-sparsity time approximation algorithm for NTK,
by sketching the polynomial expansions of arc-cosine kernels: our sketch for the
convolutional counterpart of NTK (CNTK) can transform any image using a linear
runtime in the number of pixels. Furthermore, we prove a spectral approximation
guarantee for the NTK matrix, by combining random features (based on leverage
score sampling) of the arc-cosine kernels with a sketching algorithm. We bench-
mark our methods on various large-scale regression and classification tasks and
show that a linear regressor trained on our CNTK features matches the accuracy of
exact CNTK on CIFAR-10 dataset while achieving 150x speedup.

1 Introduction

Recent results have shown that over-parameterized Deep Neural Networks (DNNs), generalize
surprisingly well. In an effort to understand this phenomena, researchers have studied ultra-wide
DNNs and shown that in the infinite width limit, a fully connected DNN trained by gradient descent
under least-squares loss is equivalent to kernel regression with respect to the Neural Tangent Kernel
(NTK) [5, 11, 22, 28]. This connection has shed light on DNNs’ ability to generalize [10, 34] and
optimize (train) their parameters efficiently [3, 4, 16]. More recently, Arora et al. [S] proved an analo-
gous equivalence between convolutional DNNs with infinite number of channels and Convolutional
NTK (CNTK). Beyond the aforementioned theoretical purposes, several papers have explored the
algorithmic use of this kernel. Arora et al. [6] and Geifman et al. [19] showed that NTK based
kernel models can outperform trained DNNSs (of finite width). Additionally, CNTK kernel regression
sets an impressive performance record on CIFAR-10 for kernel methods without trainable kernels [5].
The NTK has also been used in experimental design [39] and predicting training time [43].

However, the NTK-based approaches encounter the computational bottlenecks of kernel learning.
In particular, for a dataset of n images z1, 2o, . .. 2,, € R%*?, only writing down the CNTK kernel
matrix requires ) (d4 . n2) operations [5]. Running regression or PCA on the resulting kernel matrix
takes additional cubic time in n, which is infeasible in large-scale setups.
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There is a rich literature on kernel approximations for large-scale learning. One of the most popular
approaches is the random features method which works by randomly sampling the feature space of
the kernel function, originally due to the seminal work of Rahimi and Recht [37]. Another popular
approach which is developed in linear sketching literature [41], works by designing sketches that
can be efficiently applied to the feature space of a kernel without needing to explicitly form the
high dimensional feature space. This approach has been successful at designing efficient subspace
embeddings for the polynomial kernel [7, 1]. In this paper, we propose solutions for scaling the
NTK and CNTK by building on both of these kernel approximations techniques and designing
efficient feature maps that approximate the NTK/CNTK evaluation. Consequently, we can simply
transform the input dataset to these feature spaces, and then apply fast linear learning methods to
approximate the answer of the corresponding nonlinear kernel method efficiently. The performance
of such approximate methods is similar or sometimes better than the exact kernel methods due to
implicit regularization effects of the approximation algorithms [37, 38, 23].

1.1 Overview of Our Contributions

* One of our results is an efficient random features construction for the NTK. Our starting point
is the explicit NTK feature map suggested by Bietti and Mairal [9] based on tensor product of the
feature maps of arc-cosine kernels. We obtain our random features, by sampling the feature space of
arc-cosine kernels [12]. However, the naive construction of the features would incur an exponential
cost in the depth of the NTK, due to the tensor product of features generated in consecutive layers.
We remedy this issue, by utilizing an efficient sketching algorithm for tensor products known as
TENSORSRHT [1] which can effectively approximate the tensor products of vectors while preserving
their inner products. We provide a rigorous error analysis of the proposed scheme in Theorem 2.

* Our next results are sketching methods for both NTK and CNTK using a runtime that is linearly
proportional to the sparsity of the input dataset (or number of pixels of images). Our methods rely
on the arc-cosine kernels’ feature space defined by their Taylor expansion. By careful truncation
of their Taylor series, we approximate the arc-cosine kernels with bounded-degree polynomial
kernels. Because the feature space of a polynomial kernel is the tensor product of its input space,
its dimensionality is exponential in the degree of the kernel. Fortunately, Ahle et al. [1] have
developed a linear sketch known as POLYSKETCH that can reduce the dimensionality of high-degree
tensor products very efficiently, therefore, we can sketch the resulting polynomial kernels using this
technique. We then combine the transformed features from consecutive layers by further sketching
their tensor products. In case of CNTK, we have an extra operation which sketches the direct sum
of the features of neighbouring pixels at each layer that precisely corresponds to the convolution
operation in CNNs. We carefully analyze the errors introduced by polynomial approximations and
various sketching steps in our algorithms and also bound their runtimes in Theorems 1 and 4.

* Furthermore, we improve the arc-cosine random features to spectrally approximate the entire
kernel matrix, which is advocated in recent literature for ensuring high approximation quality in
downstream tasks [8, 32]. Our construction is based on leverage score sampling, which entertains
better convergence bounds [8, 28, 29]. However, computing this distribution is as expensive as
solving the kernel methods exactly. We propose a simple distribution that tightly upper bounds
the leverage scores of arc-cosine kernels and for further efficiency, use Gibbs sampling to generate
random features from our proposed distribution. We provide our spectral approximation guarantee in
Theorem 3.

* Finally, we empirically benchmark our proposed methods on various classification/regression
tasks and demonstrate that our methods perform similar to or better than exact kernel method with
NTK and CNTK while running extremely faster. In particular, we classify CIFAR-10 dataset 150 x
faster than exact CNTK and at the same time achieve higher test accuracy.

1.2 Related Works

There has been a long line of work on the correspondence between DNN and kernel machines
[26, 30, 35, 18, 42]. Furthermore, there has been many efforts in understanding a variety of NTK
properties including optimization [27, 3, 16, 44], generalization [10], loss surface [31], etc.

Novak et al. [35] tried accelerating CNTK computations via Monte Carlo methods by taking the
gradient of a randomly initialized CNN with respect to its weights. Although they do not theoretically
bound the number of required features, the fully-connected version of this method is analyzed in [5].



Particularly, for the gradient features to approximate the NTK up to ¢, the network width needs to be
Q(’;—: log £), thus, transforming a single vector = € R? requires Q(Ls—lg3 log? L4 ’;—i log £ - nnz(x))
operations, which is slower than our Theorem 1 by a factor of L3 /2. Furthermore, [5] shows that
the performance of these random gradients is worse than exact CNTK by a large margin, in practice.
More recently, [28] proposed leverage score sampling for the NTK, however, their work is primarily
theoretical and suggests no practical way of sampling the features. Another line of work on NTK
approximation is an explicit feature map construction via tensor product proposed by Bietti and
Mairal [9]. These explicit features can have infinite dimension in general and even if one uses a
finite-dimensional approximation to the features, the computational gain of random features will be
lost due to expensive tensor product operations.

A popular line of work on kernel approximation problem is based on the Fourier features method [37],
which works well for shift-invariant kernels and with some modifications can embed the Gaussian
kernel near optimally [8]. Other random feature constructions have been suggested for a variety of
kernels, e.g., arc-cosine kernels [12], polynomial kernels [36]. In linear sketching literature, Avron
et al. [7] proposed a subspace embedding for the polynomial kernel which was recently extended
to general dot product kernels [20]. The runtime of this method, while nearly linear in sparsity
of the input dataset, scales exponentially in kernel’s degree. Recently, Ahle et al. [1] improved
this exponential dependence to polynomial which enabled them to sketch high-degree polynomial
kernels and led to near-optimal embeddings for Gaussian kernel. In fact, this sketching technology
constitutes one of the main ingredients of our proposed methods. Additionally, combining sketching
with leverage score sampling can improve the runtime of the polynomial kernel embeddings [40].

1.3 Preliminaries: POLYSKETCH and TENSORSRHT Transforms

Notations. We use [n] := {1,...,n}. We denote the tensor (a.k.a. Kronecker) product by ®
and the element-wise (a.k.a. Hadamard) product of two vectors or matrices by ®. Although tensor
products are multidimensional objects, we often associate x ® y with a single dimensional vector
(191, T2Y1, - - - T Y1, T1Y2, - - - Y2, - - - T Yn ). For shorthand, we use the notation %P to denote
T ® ...Q® z, the p-fold self-tensoring of =. Another related operation that we use is the direct sum
N—_————

p terms
of vectors: z @y = [z",y"] " We need notation for sub-tensors of a tensor. For instance, for
a 3-dimensional tensor Y € R™*"*¢ and every [ € [d], we denote by Y. . ;) the m x n matrix
that is defined as [Y{.. ;)] .; = Yijifori € [m],j € [n]. For square matrices A and B, we write
A =< Bif B — A s positive semi-definite. We also denote ReLU(2) = max(z, 0) and consider this
element-wise operation when the input is a matrix. We use nnz(x) to denote the number of nonzero
entries in x. Given a positive semidefinite matrix K and A > 0, the statistical dimension of K with
A is defined as sy (K) := tr(K (K + AI)~!). For two functions f and g we denote their twofold
composition by f o g, defined as f o g(«) := f(g()).
The TENSORSRHT is a norm-preserving dimensionality reduction that can be applied to the tensor
product of two vectors very quickly [1]. This transformation is a generalization of the Subsampled
Randomized Hadamard Transform (SRHT) [2] and can be computed in near linear time using the FFT
algorithm. The POLYSKETCH extends the idea behind TENSORSRHT to high-degree tensor products
by recursively sketching pairs of vectors in a binary tree structure. This sketch preserves the norm of
vectors in R%” with high probability and can be applied to tensor product vectors very quickly. The
following Lemma, summarizes Theorems 1.2 and 1.3 of [1] and is proved in Appendix B.

Lemma 1 (POLYSKETCH). For every integers p,d > 1 and every e, > 0, there exists a distribution
on random matrices QP € R™*¥  called degree p POLYSKETCH such that (1) for some m =

O (& log® &) andany y € RY, Pr [||QPyl|3 € (1 £e)|lyll3] > 1—6; (2) forany x € R%, ife; €
R? is the standard basis vector along the first coordinate, the total time to compute QP (J:‘g’(p - ®
e?j) forallj =0,1,...,pis O (pmlog2 m 4+ min {% log % nnz(x), pdlog d}); (3) for any
collection of vectors vq,...,v, € R, the time to compute QP (v, ® - -+ ® vp) is bounded by

o (pm logm + %dlog %) 4) for any \ > 0 and any matrix A € RY*", where the statis-
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Figure 1: (Left) Normalized ReLU-NTK function Kr(fl)u() for L = {2,4,8,16,32} and (Right) a

degree-8 polynomial approximation of ReLU-NTK with L = 3.

4,
tical dimension of AT A is sy, there exists some m = O (% log® %) such that,

Pr{l—e)(ATA+ M) < (QPA)T(QPA)+ M < (1+¢) (ATA+A)] >1-06. (D

2 ReLU Neural Tangent Kernel

Arora et al. [5] showed how to exactly compute the NTK of a L-layer fully-connected network,

denoted by 91(152 (y, 2), for any pair of vectors y, 2 € R using a dynamic program in O(d + L) time.
However, it is hard to gain insight into the structure of this kernel using that the dynamic program
expression which involves recursive applications of nontrivial expectations. Fortunately, for the

important case of ReLU activation this kernel takes an extremely nice and highly structured form.
The NTK in this case can be fully characterized by a univariate function K. r(fl)u : [-1,1] — R that
we refer to as ReLU-NTK, which is the composition of the arc-cosine kernels [12] and was recently

derived in [9]. Exploiting this special structure is the key to designing efficient sketching methods
and random features for this kernel.

Definition 1 (ReLU-NTK function). For every integer L > 0, the L-layer ReLU-NTK function
K& [—1,1] — R is defined via following procedure, for every a € [—1, 1]:

relu

1. Let ro(c) and k1 () be 0" and 1°¢ order arc-cosine kernels [12] defined as follows,

ko(a) := % (m — arccos (o)), and k1(a) := % ( 1—a?+a- (7 — arccos (a))) @

2. Let Zig)lu(a) :=cqandforl =1,2,... L, define Eg?lu(a) and Eﬁi)lu(a) as follows,
£u(0) = rio koo mfa), and S0 0) = r (BE0@).  O)
—_————

¢-fold self composition

3. Let Kr(giu(oz) = Zig)lu(a) =aandforl=1,2,...L,define K\°) () recursively as follows,

relu

e

relu

(a) = K (@) - S0 (@) + S (@), “)

relu

The connection between ReLU-NTK function K. and the NTK kernel @,(lfﬁ is formalized bellow,

relu

2
0Ly, =) = lyllallzll - K5, (<y ) ) forany y, s € RY. )
FEEE

This shows that the NTK is a normalized dot-product kernel which can be fully characterized by
KB [-1,1] — R, plotted in Fig. 1. As shown in Fig. 1, this function is smooth and can be

relu
tightly approximated with a low-degree polynomial. It is evident that for larger values of L, Kﬁfl)u()
converges to a knee shape, i.e., it has a nearly constant value of roughly 0.3(L + 1) on the interval
[~1,1— O(L™1)], and on the interval [1 — O(L™1), 1] its value sharply increases to L + 1 at o = 1.



Algorithm 1 NTKSKETCH for fully-connected ReLU networks

1: input: vector x € R?, network depth L, error and failure parameters ¢, § > 0
2: Choose integers s = 6(5—22), ny = O (L—4) r =0 (g—j), m=0 (%) and s*
g 3

4

@) (E% log %) appropriately
3: Forp = [2L2/5%—‘ and p’ = [9L?/£%], polynomials P () and P%)(-) are defined as,

relu relu

2p+2 2i+2
= o] e—
a)_j;)cj @ + T 22% E 22+1)(2i+2)’

2p —+1

r(é)ll)l Z bj ol =

¢ (x) + ||lz||3" - Q' - 2, where Q' € R"*? is a degree-1 POLYSKETCH as per Lemma 1
YO (z) « V - ¢ (z), where V€ R**" is an instance of SRHT [2]
for /=1to Ldo
Let Q22 € R™*™™"" be a degree-2p + 2 POLYSKETCH. Also, let T € R7*(2P+3)m pe an
instance of SRHT. For every [ = 0,1, ...,2p + 2, compute:

(6)

P’

1 )
- Z 2t
7r —~ 22 +1)

M\H

AR A

2p+2

Zl(é)(x) Q2 <[¢(E1)(l_)} ®l . 6<i§2p—0—2—l> ’ ¢(Z)(z) o T. @ \/aZl(é)(x) (7)
=0

8: LetQ¥*tl ¢ R X" be a degree-2p’ + 1 POLYSKETCH. Also, let W € Rs* (2P +2)-m1
be an instance of SRHT. For every [ = 0,1,...,2p’ + 1, compute:

2p +1

W”(m)ea%’“([qs“—”(x)}@l@e?%/“l)w Jew- P V@ ®

9: LetQ? ¢ Rs**" bea degree-2 POLYSKETCH. Also, let R € R**(5%") be an SRHT. Compute:

¥0@) « R (@ (+97V@) 260 (@) @ 0 (@) . ©

10: Let G € R*"** be a matrix of i.i.d. entries with distribution A/(0, £ ). Compute:
Vi (@) « llallz - G- 4P (@), (10)

11: return \Ifr(lfg (x)

3 Sketching and Random Features for NTK

The main results of this section are efficient oblivious sketching as well as random features for

the fully -connected NTK. As shown in Definition 1 and Eq. (5), the NTK @ntk, is constructed by
recursive composition of arc-cosine kernels 1 () and k¢ (+). So, to design efficient sketches for the
NTK we crucially need efficient methods for approximating these functions. Generally, there are two
main approaches to approximating these functions; one is random features sampling and the other is
truncated Taylor series expansion coupled with fast sketching. We design algorithms by exploiting
both of these techniques.

3.1 NTK Sketch

Our main tool is approximating the arc-cosine kernels with low-degree polynomials, and then applying
POLYSKETCH to the resulting polynomial kernels. The features for multi-layer NTK are the recursive
tensor product of arc-cosine sketches at consecutive layers, which in turn can be sketched efficiently
using POLYSKETCH. We present our oblivious sketch in Algorithm 1.



Now we present our main theorem on NTKSKETCH algorithm as follows.

Theorem 1. For every integers d > 1 and L > 2, and any £, > 0, let @flfg :R? x R? — R be the

L-layer NTK with ReLU activation as per Definition 1 and Eq. (5). Then there exists a randomized

map \I/I(,f}z ‘R4 = R for some s* = O (25 log §) such that the following invariants hold,

62

1. For any vectors y, z € R%: Pr H<\Ill(lfﬁ(y), \Ilflfﬁ (z)> - 6,(1%12 (y,z)‘ <e- @I(lflz (y, z)} >1—0.
2. For every vecor x € R, the time to compute \le(lflz (x)is O (eLﬁ—l: log® L4 g—; log £ - nnz(a:)).

For a proof, see Appendix C. One can observe that the runtime of our NTKSKETCH is faster than the
gradient features of an ultra-wide random DNN, studied by Arora et al. [5], by a factor of L3 /2.

3.2 NTK Random Features

The main difference between our random features construction and NTKSKETCH is the use of
random features for approximating arc-cosine kernels xq and ; in Eq. (2). For any 2 € R?, we
denote

Do (z) := ”mio Step ([wl,...,wmo]Tm) , Di(x) = ”mll ReLU ([w’l,...,w;nl}Tx) , (11)

where wy, ..., Wy, wi, ..., w), € R¥areiid. samples from A(0, I;). Cho and Saul [12] showed

that E[(@o(y), @ (2))] = o (5Ll ) and E[(@1(y), @1(2)] = Iyllallzll2 - w1 (i )- The
feature map for multi-layer NTK can be obtained by recursive tensoring of random feature maps
for arc-cosine kernels at each layer of the network. However, one major drawback of such explicit
tensoring is that the number of features, and thus the runtime, will be exponential in depth L. In
order to make the feature map more compact, we utilize a degree-2 POLYSKETCH Q? to reduce
the dimension of the tensor products at each layer and get rid of exponential dependence on L. We
present the performance guarantee of our random features, defined in Algorithm 2, in Theorem 2.

Theorem 2. Given y,z € R? and L > 2, let 95@2 the L-layer fully-connected ReLU NTK. For
€,0 > 0, there exist mg = O (5—22 log %) ,mp =0 (é—f log %) ,mg =0 (’;—22 log® E%) such that,

|

(W), 9 () - 05w, 2)| < e O, 2)| 21 -4, (12)

where \Ilgf) (y), \115? (2) € R™T™= are the outputs of Algorithm 2, using the same randomness.

The proof of Theorem 2 is provided in Appendix D. Arora et al. [5] proved that the gradient of
randomly initialized ReLU network with finite width can approximate the NTK, but their feature di-

mension should be 2 (Ls—lg3 log? % + g—f - log % - d | which is larger than ours by a factor of g—z log %.

In Section 5, we also empirically show that Algorithm 2 requires far fewer features than random
gradients.

3.3 Spectral Approximation for NTK via Leverage Scores Sampling

Although the above NTK approximations can estimate the kernel function itself, it is still questionable
how it affects the performance of downstream tasks. Several works on kernel approximation adopt
spectral approximation bound with regularization A > 0 and approximation factor € > 0, that is,

(1 —e)(Ki) + A1) < (D) T®D 4 AT < (14 &)(K{L + D), (13)

where ¥ = [U)(zy),..., ¥ ) (z,)] and [KIEth)]” = @flfg (x;,2;). The spectral bound
can provide rigorous guarantees for downstream applications including kernel ridge regression [8],
clustering and PCA [32]. We first provide spectral bounds for arc-cosine kernels, then we present our
spectral approximation bound for two-layer ReLU networks, which is the first in the literature.

"O(-) suppresses poly (log L) factors.



Algorithm 2 Random Features for ReLU NTK via POLYSKETCH

input: vector z € R4, network depth L, feature dimensions mg, m1, and mg
L D (@) 3/ all2, 6 (2)  o/||]l2
:for {=1to L do
QS(E)( )+ (gzﬁ([ 1)( )) , where @ is defines as per Eq. (11) with m features

2N

bl

qbr (z) + &, (gf)([ 2 (m)) , where @ is defines as per Eq. (11) with m, features
Draw a degree-2 POLYSKETCH Q? that maps to R™ and compute:

W @) o @) 0 @2 (30 @) vl V@)
7: return \IIE?(x) +— |lz||2 '%/JlgfL) (2)

a

To guarantee that the arc-cosine random features in Eq. (11) provide spectral approximation, we will
use the leverage score sampling framework of [8, 28]. We reduce the variance of random features
by performing importance sampling. The challenge is to find a proper modified distribution that
certainly reduces the variance. It turns out that the original 0*" order arc-cosine random features
has a small enough variance. More precisely, let K be the 0" order arc-cosine kernel matrix, i.e.,

[Koli,; = Ko (&> and ®¢ := [Po(x1), ..., Po(zn)], where Og(z) is defined in Eq. (11).

lzillzllz;ll2

If the number of features mg > & 525 log (1522 ), then

Pr{(1—¢)(Ko+ ) = ®]®o+ M =< (1+¢)(Ko+ )] >1-6. (14)

Next, we consider spectral approximation of the 15 order arc-cosine kernel. Unlike the previous
case, modifications of the sampling distribution are required. Specifically, for any = € R, let

~ 2d w w T
®(z) = y/ —ReLU [ Lo ] x|, (15)
my l[wsl2 [[wm, [|2
where wy, ..., w,,, € R? areii.d. samples from p(w) := (27r)+/2d [w]|3 exp (—% Hw||§) For

this modified features, let X € R4*" be the dataset, K7 be the 1°¢ order arc-cosine kernel matrix,
e, [Kili; = ll@ill2llzill2 - 51 (M) and ®; := [Ql(xl), e (I>1(xn)] If the number of

lzill2llz;ll2

features m; > £ - min {rank(X)Q, %} log (2622), then
Pri(1—e)(K;+AI) 2@ &1+ M = (1+¢) (K +AI)] >1-6. (16)

The details are provided in Appendix E.1 and Appendix E.2. We are now ready to state our spectral
approximation bound for our modified random features.

Theorem 3. Given a dataset X € R*™ with | X (.iyll2 < 1 foreveryi € [n], let Kuyy, Ko, Ki
be kernel matrices for two-layer ReLU NTK and arc-cosine kernels of 0" and 1°¢ order, respec-
tively. For any A > 0, suppose sy is the statistical dimension of K. Modify Algorithm 2 by
replacing ®1(-) in line 5 with ®(-) defined in Eq. (15). For any £,6 > 0, let \I’g) € Rlm1tms)xn
be the output matrix of this algorithm with L = 1. There exist mq = O (6%\ log %*) ,my =

O (E% - min {rank(X)2 HXH2 } log 22 ) ms =0 (

L. 1+>\ log ) such that,

.
Pr [(1 &) (Ko + M) = (1)) 0L AT = (1+ ) (K + u)} >1-46 (7

For a proof see Appendix E.3. To generalize the current proof technique to deeper networks, one
needs a monotone property of arc-cosine kernels, i.e., k1(X) = k1(Y) for X <Y . However, this
property does not hold in general and we leave the extension to deeper networks to future work.
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Figure 2: Test accuracy of: (a) approximate NTK methods (GRADRF, NTKSKETCH and NTKRF)
on MNIST and (b) approximate CNTK methods (GRADRF and CNTKSKETCH) on CIFAR-10.

4 Sketching Convolutional Neural Tangent Kernel

In this section, we design and analyze an efficient sketching method for the Convolutional Neural
Tangent Kernel (CNTK). We focus mainly on CNTK with Global Average Pooling (GAP), which
exhibits superior empirical performance compared to vanilla CNTK with no pooling [5], however, our
techniques can be applied to the vanilla version, as well. Using the DP of Arora et al. [5], the number
of operations needed for exact computation of the depth-L CNTK value @Eft)k(y, z) for images
Y,z € R™*is Q) (d4 . L), which is extremely slow particularly due to its quadratic dependence on
the number of pixels of input images d2. Fortunately, we are able to show that the CNTK for the
important case of ReLLU activation is a highly structured object that can be fully characterized in
terms of tensoring and composition of arc-cosine kernels, and exploiting this special structure is key
to designing efficient sketching methods for the CNTK. Unlike the fully-connected NTK, CNTK
is not a simple dot-product kernel function like Eq. (5). The key reason being that CNTK works
by partitioning its input images into patches and locally transforming the patches at each layer, as
opposed to the NTK which operates on the entire input vectors. We present our derivation of the
ReLU CNTK function and its main properties in Appendix F.

Similar to NTKSKETCH our method relies on approximating the arc-cosine kernels with low-degree
polynomials via Taylor expansion, and then applying POLYSKETCH to the resulting polynomial
kernels. Our sketch computes the features for each pixel of the input image, by tensor product of arc-
cosine sketches at consecutive layers, which in turn can be sketched efficiently using POLYSKETCH .
Additionally, the features of pixels that lie in the same patch get locally combined at each layer via
direct sum operation. This precisely corresponds to the convolution operation in neural networks.
We present our CNTKSKETCH algorithm in Appendix G and give its performance guarantee in the
following theorem.

Theorem 4. For every positive integers dy,ds, c and L > 2, and every €,6 > 0, if we let @ﬁﬁ@k :
R xd2xc y Rdixdaxe R pe the L-layer CNTK with ReLU activation and GAP given in [5], then

there exist a randomized map \Ifﬁft)k : Rhxdzxe RS for some s* = O (8% log %) such that:

1. For any images v, z € R xd2xc.

Pr [ <\I/££t)k(y)7 \Ijgigk(z)> - egit)k(% Z)‘ <e- @gfgk(ya Z)} >1-4.

2. For every image x € RU*%2%¢ time to compute ‘Ilgft)k(a:) is O (ELG—li - (dydy) - log® %).

The proof is in Appendix G. Runtime of our CNTKSKETCH is only linear in the number of image
pixels d;da, which is in stark contrast to quadratic scaling of the exact CNTK computation [5].

S Experiments

In this section, we empirically show that running least squares regression on the features generated by
our methods is extremely fast and effective for learning with NTK and CNTK kernel machines. We
run experiments on a system with an Intel E5-2630 CPU with 256 GB RAM and a single GeForce
RTX 2080 GPUs with 12 GB RAM. Codes are available at https://github.com/insuhan/
ntk-sketch-rf.


https://github.com/insuhan/ntk-sketch-rf
https://github.com/insuhan/ntk-sketch-rf

Table 1: Test accuracy and runtime to solve CNTK regression and its approximations on CIFAR-10.
(*) means that the result is copied from Arora et al. [S].

CNTKSKETCH (ours) GRADRF Exact CNTK CNN
Feature dimension 4,096 8,192 16,384 9,328 17,040 42,816
Test accuracy (%) 67.58 70.46 72.06 62.49 62.57 65.21 70.47* 63.81*
Time (s) 780 1,870 5,160 300 360 580 > 1,000,000

Table 2: MSE and runtime on large-scale UCI datasets. We measure the entire time to solve kernel
ridge regression. (—) means Out-of-Memory error.

MillionSongs WorkLoads CT Protein
# of data points (n) 467,315 179,585 53,500 39,617
MSE  Time (s) MSE Time (s) MSE Time(s) MSE Time (s)

RBF Kernel — — — — 3537  59.23 1896  46.45
RFF 109.50 231 4.034 x 10* 53.0 48.20 15.2 19.72 12.1
NTK - — — — 30.52 7210 2024  76.93
NTKREF (ours) 94.27 95 3.554 x 10% 35.7 46.91 2.12 20.51 43

NTKSKETCH (ours)  92.83 36 3.538 x 10% 27.5 46.52 18.8 21.19 1491

5.1 NTK Classification on MNIST

We first benchmark our proposed NTK approximation algorithms on MNIST [25] dataset and compare
against gradient-based NTK random features [5S] (GRADREF) as a baseline method. To apply our
methods and GRADREF into classification task, we encode class labels into one-hot vectors with
zero-mean and solve the ridge regression problem. We search the ridge parameter with a random
subset of training set and choose the one that achieves the best validation accuracy. We use the ReLU
network with depth L = 1. In Fig. 2a, we observe that our random features (NTKRF ) achieves the
best test accuracy. The NTKSKETCH narrowly follows the performance of NTKRF and the Grad-RF
is the worst method which confirms the observations of Arora et al. [5], i.e., gradient of a finite width
network degrades practical performances.

Remark 1 (Optimizing NTKSKETCH for Deeper Nets). As shown in Eq. (5), the NTK is a normal-

ized dot-product kernel characterized by the function K, r(fl)u(a). This function can be easily computed
using O(L) operations at any desired o € [—1, 1], therefore, we can efficiently fit a polynomial to

this function using numerical methods (for instance, it is shown in Fig. 1 that a degree-8 polynomial

can tightly approximate the depth-3 ReLU-NTK function K. r((‘:’iu). Then, we can efficiently sketch the
resulting polynomial kernel using POLYSKETCH , as was previously done for Gaussian and general
dot-product kernels [1, 40]. Therefore, we can accelerate our NTKSKETCH for deeper networks

(L > 2), using this heuristic.

5.2 CNTK Classification on CIFAR-10

Next we test our CNTKSKETCH on CIFAR-10 dataset [24]. We choose a convolutional network
of depth L = 3 and compare CNTKSKETCH and GRADRF for various feature dimensions. We
borrow results of both CNTK and CNN from Arora et al. [5]. The results are provided in Fig. 2b
and Table 1. Somewhat surprisingly, CNTKSKETCH even performs better than the exact CNTK
regression by achieving 72.06% when feature dimension is set to 16,384. The likely explanation is
that CNTKSKETCH takes advantages of implicit regularization effects of approximate feature map
and powerful expressiveness of the CNTK. Moreover, computing the CNTK matrix takes over 250
hours (12 days) under our setting which is at least 150x slower than our CNTKSKETCH.

5.3 Regression on Large-scale UCI Datasets

We also demonstrate the computational efficiency of our NTKSKETCH and NTKRF using 4 large-
scale UCI regression datasets [17] by comparing against exact NTK, RBF as well as Random Fourier
Features (RFF). For our methods and RFF, we fix the output dimension to m = 8,192 for all datasets.
In Table 2, we report the runtime to compute feature map or kernel matrix and evaluate the averaged
mean squared errors (MSE) on the test set via 4-fold cross validation. The exact kernel methods face



Out-of-Memory error on larger datasets. The proposed NTK approximations are significantly faster
than the exact NTK, e.g., NTKRF shows up to 30x speedup under CT dataset. We also verify that,
except for Protein dataset, our methods outperform RFF.

6 Discussion and Conclusion

In this work, we propose efficient low-rank feature maps for the NTK and CNTK kernel matrices
based on both sketching and random features. Computing NTK have been raised severe computational
problems when they apply to practical applications. Our methods runs remarkably faster than the
NTK with performance improvement.

Potential negative societal impact. This is a technical work proposing provable algorithms which
stand alone independently of data, e.g., do not learn any private information of input data. We think
there is no particular potential negative societal impact due to our work.

Limitations. This paper only considers fully-connected and convolutional neural networks, and our
ideas are not directly applicable to scale up NTK of other deep networks, e.g., transformers [21].
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A ReLU-NTK Expression

Arora et al. [5] showed how to exactly compute the L-layer NTK with activation ¢ : R — R using
the following dynamic program (DP):

1. Forevery y,z € R% let X9 (y, 2) := (y, z) and for every layer h = 1,2, ... L, recursively define
the covariance X(" : R? x R? — R as:

S (y, z) =

(h— 1) »(h—1)
A(h) (y> Z) ( y y E(hfl)gg: jg) )
E(u v)~/\/’(0 A (y,2)) [o(u) - o(v)] (18)
] .

Esnnon [lo(z)f?
2. Forh =1,2,... L, define the derivative covariance as,

E(u v)N./\/(O A (y, z)) [ (u) ’ 0’(7})]

(h)
E (y7 ) : EINN (0,1) HU( )|2]

19)

3. Let @ffﬁ{(y, z) := %O (y, 2) and for every integer L > 1, the depth-L NTK expression is defined
recursively as:

Ol (y, 2) == B4 V(y, 2) - B (y,2) + 2B (y, 2). (20)

While using this DP, one can compute the kernel value @,ﬁf@ (y, z) for any pair of vectors y, z € R?
using O(d + L) operations, it is hard to gain insight into the structure of this kernel using the
expression above. In particular, the NTK expression involves recursive computation of nontrivial
expectations which makes it is unclear whether there exist efficient sketching solutions for this kernel
in its current form. However, we show that for the important case of ReLLU activation, this kernel
takes an extremely nice and highly structured form. In fact, the NTK can be fully characterized by a

univariate function K. r(el)u : [-1,1] — R, and exploiting this special structure is the key to designing

efficient sketching methods for this kernel.
Now we proceed to prove Eq. (5), that is,

, 2
0B (y,2) = lyllall=lls - K&, <<y>> . foranyy,s € RY. )
ol

First note that the main component of the DP given in Eq. (18), Eq. (19), and Eq. (20) is the Activation
Covariances:

Ewnn(0,12) [a(wTy) . U(sz)] , and By on0.1,) [0 (w'y) - (sz)] for every y, z € R%.

It is worth noting that the above activation covariance functions are positive definite and hence
they both define valid kernel functions in R? x R¢. The connection between the ReLU activation
covariance functions and arc-cosine kernel functions defined in Eq. (2) of Definition 1 is proved in
Cho and Saul [12]. We restate this result as follows,

a0y [RLUG ) ReLU(w )] = P (U )
2 ol T

1 (y,2)
Ew~n0,1,) |Step w'y) - Step(w'2)] ==k (’) )
woy [Step(7y) Stept )} = 5 %0 | [,

21

Proof of Eq. (5): Consider the NTK expression given in Eq. (18), Eq. (19), and Eq. (20). We first
prove by induction on b = 0, 1,2, ... L that the covariance function X(") (y, z) defined in Eq. (18)

satisfies: (. 2)
20y, 2) = lallsfe - S0 ()
"\ lyllzll2ll2
The base of induction is trivial for b = 0 due to 2O (y, 2) = (y, 2) = [Jyll2|2|l2- Eﬁ?lu (I\y?\%\lzz)\la)'

¥
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To prove the inductive step, suppose that the inductive hypothesis holds for h — 1, i.e.,
S0 (09 = Iylallel - =00 (i)
"\ lyllzllzll2
The 2 x 2 covariance matrix A")(y, z), defined in Eq. (18), can be decomposed as A" (y, z) =

.
(£T> - (f g), where f,g € R% Now note that ||f]|3 = 2"~ (y,y), hence, by inductive

. h—1 h—1
hypothesis, we have, || £I3 = Ilyl3 - Sen."” ({44 ) = w3 - Shes” (1) = 1wl

Using a similar argument we have ||g||3 = ||z||3. Therefore, by Eq. (21), we can write
=My, =) = IEI~N(0,1§ [|o(z)]?] Fuwio [o(w' ) -otwlg)]
= %(1) ']Ew~N(0,12) [U(WTf) 'U(ng)]
=l () = Bl (0.

-
Since we assumed that A" (y, 2) = £T> -(f g),wehave (f,g) = ("= (y, 2). By inductive
hypothesis along with Eq. (3), we find that

SM(y,2) = lylallzll - o2 (zﬁ’;u” (“”)) llalizlla - £, (“”) ,
w \ Tylal=ls = \ LT

which completes the induction and proves that for every h = 0,1,..., L,
)2
20y, 2) = Ilallste - S0 (2 ) )
[yll2]l2]l2

For obtaining the final NTK expression we also need to simplify the derivative covariance function
defined in Eq. (19). Recall that we proved before, the covariance matrix A*)(y, z) can be decomposed

T
as AW (y, 2) = chr (f 9), where f,g € R? with || f[|2 = [|y||> and [|g[2 = ||2||2. Therefore,
by Eq. (21), we can write

~(h) - 1 . & -G
20y, 2) = E,onro,1) [lo()]?] Ewen(o,1,) [0(w" f) - 6(w' g)]
21 w~N(0,12) [d(wa) -d(ng)}

(Ily ||z||2>

.
Since we assumed that A®)(y, z) = (f > (f 9. (f.9) = 2*V(y,2) = llyl2lz]2 -

»h=1) ( {y.2) ) Therefore, by Eq. (3), forevery h € {1,2,... L},

relu A\ [lyllzll=[l2

S0 (y, 2) = ko <2§Zu” (<y’z> )) DN (<y’z> ) 23)
* \lyllall=ll A\ lyllallzll

Now we prove by induction on integer L that the NTK with L layers and ReLU activation given in

Eq. (20) satisfies
04k 02) = Il - 5 ()
- RN P
The base of induction, trivially holds because, by Eq. (22):

. (y,2)
O (1, 2) = O (y, 2) = [lylla|=]l2 re%“(HthZIz)'
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To prove the inductive step, suppose that the inducive hypothesis holds for L — 1, that is
@I(n[jk*l)(y, 2) = |lyll2llzll2 - Kr(flgl) (m) Now using the recursive definition of G)I(lfg(y, z2)

given in Eq. (20) along with Eq. (22) and Eq. (23) we can write,
0L (1,2) = 05 (5, 2) - 2P (y,2) + 2 H)(y, 2)
L—-1 <y7Z> ~(h <y7Z> h <y7Z>
~lylallell KD () 5 izl - =0, (L2

[yll2ll2]l2 [yll2ll2]l2 [yll2]l2]l2
— (L) (y,2)
= Iyl K18, ()
RN P
This completes the proof of Eq. (5). O

B Sketching Preliminaries: POLYSKETCH and SRHT

Our sketching algorithms use the Subsampled Randomized Hadamard Transform (SRHT) [2] to
reduce the dimensionality of the intermediate vectors that arise in our computations. Next lemma
gives the performance of SRHT sketches which is proved, for instance, in Theorem 9 of [13],

Lemma 2 (SRHT Sketch). For every positive integer d and every €, > 0, there exists a distribution
on random matrices S € R™*% with m = O (E% -log? %) called SRHT sketch, such that for
any vector x € R%, Pr[||Sz||3 € (1 +¢)||z||3] = 1 — 8. Moreover, Sz can be computed in time
O (& log® & + dlogd).

Now we restate the Lemma 1 and present the proof,
Lemma 1 (POLYSKETCH). For every integers p,d > 1 and every e, > 0, there exists a distribution
on random matrices QP € R™*¥ | called degree p POLYSKETCH such that (1) for some m =
O (L log® %) andanyy € RT, Pr [||QPy||3 € (1 £e)[|yl3] > 1 — 6 2) forany z € RY, ife; €
R? is the standard basis vector along the first coordinate, the total time to compute Qp(x®(p_j ) ®
e forall j = 0,1,...,pis O (pmlog2 m + min {% log  nnz(z), pdlog d}) 3) for any
collection of vectors vy,...,vp, € RY, the time to compute QP (vi ® -+ ® vp) is bounded by
3/2
o (pm logm + 2 /

g

dlog %); (4) for any \ > 0 and any matrix A € RY*", where the statis-

tical dimension of AT A is sy, there exists some m = O (% log? %) such that,
Pr{l—e)(ATA+ M) < (QPA)T(QPA)+ M = (1+¢) (ATA+A)] >1-06. (D

Proof of Lemma 1: The fourth statement of the lemma immediately follows from Theorem 1.3 of
Ahle et al. [1]. Moreover, by invoking Theorem 1.2 of Ahle et al. [1], we find that there exists a
random sketch QP € R™*d” guch that m = C - 8% 1og3 %, for some absolute constant C', and for
any y € RY,

Pr(Q7yl3 e 1 £e)lyl3] =1 -4

This immediately proves the first statement of the lemma.

As shown in [1], the sketch QP can be applied to tensor product vectors of the form v; ® v2 ® ... vp
by recursive application of O(p) independent instances of OSNAP transform [33] and a novel variant
of the SRHT , proposed in [1] called TENSORSRHT, on vectors v; and their sketched versions. The
sketch QP, as shown in Fig. 3, can be represented by a binary tree with p leaves where the leaves are
OSNAP sketches and the internal nodes are the TENSORSRHT. The use of OSNAP in the leaves
of this sketch structure ensures excellent runtime for sketching sparse input vectors. However, note
that if the input vectors are not sparse, i.e., nnz(v;) = (d) for input vectors v;, then we can simply
remove the OSNAP transforms from the leaves of this structure and achieve improved runtime,
without hurting the approximation guarantee. Therefore, the sketch QP that satisfies the statement of
the lemma is exactly the one introduced in [1] for sparse input vectors and for non-sparse inputs is
obtained by removing the OSNAP transforms from the leaves of the sketch structure given in Fig. 3.

16



internal nodes: TENSORSRHT
P

leaves: OSNAP

Figure 3: The structure of sketch QP proposed in Theorem 1.2 of [1]: the sketch matrices in nodes
of the tree labeled with Sy, and T}, are independent instances of TENSORSRHT and OSNAP,
respectively.

Runtime analysis By Theorem 1.2 of [1], for any vector x € R?, QP2®P can be computed in time
@) (pm logm + 2— log 5 -nnz(w )) From the binary tree structure of the sketch, shown in Fig. 3,

it follows that once we compute QPz%?, then QP (x®p_1 ® el) can be computed by updating the
path from one of the leaves to the root of the binary tree which amounts to applying an instance
of OSNAP transform on the e; vector and then applying O(log p) instances of TENSORSRHT
on the intermediate nodes of the tree. This can be computed in a total additional runtime of

O(mlogmlogp). By this argument, it follows that Q? <x®p_j ® e{) can be computed sequentially

P

forall j =0,1,2,---pin total time O (pm log plogm + nnz( )) By plugging in the

valuem = O (& log® ), this runtime will be O (p log < log L+ p 1. nnz(z )), which

gives the second statement of the lemma for sparse input Vectors x. If x is non-sparse, as we

discussed in the above paragraph, we just need to omit the OSNAP transforms from our sketch

P2 10g2 g
2

construction which translates into a runtime of O ( log® é + pdlog d). Therefore, the

plog £

final runtime bound is O ( log 5 + min {% log % -nnz(z), pdlog d}) , which proves

the second statement of the lemma.

Furthermore, the sketch QP can be applied to tensor product of any collection of p vectors. The time
to apply QP to the tensor product v; ® v2 ® . .. v, consists of time of applying OSNAP to each of the
vectors vy, vz . . . vp and time of applying O(p) instances of TENSORSRHT to intermediate vectors

which are of size m. This runtime can be upper bounded by O (p lg ¢ log® 15 + p “d- log 5)
which proves the third statement of the Lemma 1.

C NTK Sketch: Claims and Invariants

We start by proving that the polynomials p) () and P )( -) defined in Eq. (6) of Algorithm 1

relu relu
closely approximate the arc-cosine functions 1(+) and k¢(+) on the interval [—1, 1].

Remark. Observe that k(o) = == (k1 (a)).
Lemma 3 (Polynomial Approximations to k1 and rq). If we let k1(-) and ko(-) be defined as in

Eq. (2) of Definition 1, then for any integer p > 95+/3, the polynomial Pr(fl)u( -) defined in Eq. (6) of
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Algorithm 1 satisfies,

max |PB,(@) ~ m(a)| <e.
a€[—1,1]
Moreover, for any integer p' > i, the polynomial Pr(fll&() defined as in Eq. (6) of Algorithm 1,
satisfies,
max |PE (@) = ro(a)| <.
a€[—1,1]

Proof of Lemma 3: We start by Taylor series expansion of o (-) around a = 0, ko(a) = £ + + -

Yco % - a2 *1 Therefore, we have

50 1« (2i)!
PP (a) — ‘ _— : :
ag[ljlfl] rera (@) — Fo(a) T i:;rl 220 . (iN2 - (2i + 1)

IA

1 i e-e 2. (27;)2i+1/2
2m -

M) 9221, 6—21' . n2i+1 . (21 + 1)

e > 1
N 2 Vi (2i+1)

i=p/+1
e /“;
V2mr2 ~ Vo (2z+1)
e

1
<—— — <=
S Ve

To prove the second part of the lemma, we consider the Taylor expansion of x1(-) at « = 0. Since

ro(ar) = & (k1(«)), the Taylor series of 1 (a) can be obtained from the Taylor series of () as
follows,

IN

dzx

1l a1 (2i)! 9942
’“(0‘)*E+5+%';22i-(z'!)2-(2i+1)-(2i+2) B
Hence, we have
1 — (2i)!
P(P) _ ) _ . _
aél[l_afl] relu (@) — F1(a) = Z:Zp;rl 220 (i1)2 . (20 + 1) - (20 + 2)
1 00 Ce 20, (94)2i+1/2
S5 2 om - 220 . efe%‘e-n%+§ .Zz% +1)-(2i +2)
i=p+1
e S
Var? S Vi (204 1) - (20 4+ 2)
<= /m ! d
—_— :L‘
“Vor? ), Vr-(2e+1)-(2x+2)
< _c 71 <
S Jon? e <e.
This completes the proof of Lemma 3. .

Therefore, it is possible to approximate the function x¢(-) up to error £ using a polynomial of degree
O (). Also if we want to approximate 1 (-) using a polynomial up to error & on the interval [—1, 1],
it suffices to use a polynomial of degree O (7). One can see that since the Taylor expansions
of k1 and k(o contain non-negative coefficients only, both of these functions are positive definite.
Additionally, the polynomial approximations Pr(fl)u and Pr(fh)l given in Eq. (6) of Algorithm 1 are
positive definite functions.

In order to prove Theorem 1, we also need the following lemma on the error sensitivity of polynomials
P(P) and P(P/)

relu relu’
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Lemma 4 (Sensitivity of PP and PP)). For any integer p > 3, any a € [—1,1], and any o/

relu relu

such that |a — o/| < 2=, if we let the polynomials p) (a) and p) () be defined as in Eq. (6) of

— 6p’ relu relu

Algorithm 1, then

Pr(f]?u(a) - Pr(fil?u(a,) S |Oé — O/|,
and . .
P (a) = P < b la— |,

Proof of Lemma 4: Note that an o that satisfies the preconditions of the lemm, is in the
1
— &

1 1
[F1-& 1+ &),

1+ é} Now we bound the derivative of the polynomial Pr(fl)u on the interval

range [—1

o (00| 1 Z 5 ()

max
aE[—l—é,lﬁ-&] =0
4/3 P

<lyc vl
T \2n2 = Vi
et P

iyl iy
s \/§7T2 0 X

< VP

therefore, the second statement of lemma holds.

To prove the first statement of lemma, we bound the derivative of the polynomial P®) on the interval

relu
[_1 _ é, 1+ é} as follows,

d ([ 1 < (2i)! 1)\**!
— (pr = _. , 14+ —
da( rel““”)‘ T 2221-(2'!)2-(2241) o
25/18 P
187 V212 Vi (2i+1)

19 625/18

P 1
< — . d
= e T /o /0 N ES
<1,
therefore, the second statement of the lemma follows. This completes the proof of Lemma 4. O

For the rest of this section, we need two basic properties of tensor products and direct sums:
(xQy,z@w) = (x,2) - (y,w), (xdy,zdw) = (z,2)+ (y,w) (24)

for vectors z, y, z, w with conforming sizes.

Now we are in a position to analyze the invariants that are maintained throughout the execution of

NTKSKETCH (Algorithm 1):

Lemma 5 (Invariants of the NTKSKETCH algorithm). For every positive integers d and L, every

g,8 > 0, every vectors y,z € R%, if we let Ei:iu : [-1,1] — Rand KM [-1,1] — R be the

relu

Sfunctions defined in Eq. (3) and Eq. (4) of Algorithm 1, then with probability at least 1 — ¢ the
following invariants hold for every h = 0,1,2,... L:

1. The mapping ¢ () computed by NTKSKETCH in line 4 and Eq. (7) of Algorithm 1 satisfy
2

\<¢<h><y>,¢<h><z>> 0 (M)] <y

2. The mapping ") (+) computed by NTKSKETCH in line 5 and Eq. (9) of Algorithm 1 satisfy

() ™ (2 — g™ (7). ) el
(o000} - 522 (i) <« or
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Proof of Lemma 5: The proof is by induction on the value of h = 0,1,2,... L. More formally,
consider the following statements for every h = 0,1,2,... L:

P]_(h) :
(60w o) - 28 (HE2) <ty oo,
lyll2ll=[l2 60L3
Ol =1 < h+ 1) e and |6 )| = 1] < 1)
‘H¢ (y)HJ ‘ <(h+1)- Gops an ‘Hqﬁ (Z)Hrf ‘ <) G
Pz(h) :
h?+1
) () ™ () _ g™ (W)‘<€.
'<¢ (y),¢ ( )> relu ||y||2||ZH2 = 10L 9
2 h?+1 2 h* 41
(h) _ g <e. H (h) H _ kM <e.
'H¢ (y)H2 Krelu(l)‘ € 10 ) and ‘ ¢ (Z) 9 Krelu(l) > € 10L .
We prove that the following holds,
Pr[P(0)]>1-0 <2> , and Pr[P2(0)|P(0)] >1-0 (2) . (25)
Additionally, by induction, we prove that for every h = 1,2, ... L,
Pr[Pi(h)|Pi(h-1)]>1-0 (2) , and
0
Pr[Py(h)|Py(h — 1), Py (h), Pi(h—1)] > 1— O (L> . (26)
(1) Base of induction (» = 0): By line 4 of Algorithm 1, ¢ (y) = uylug .S -Q' -y and
pO(z) = H21H2 -8 - Q' z, thus, Lemma 2 implies the following
Q'y, Q'z) 2\ 1@, Q" =2 )
Pr ||(¢©(y), s (= 7<7 <O =) —2—"—"1>1-0(=]. @D
l (#00.67C) = R, ) Tyl Il L

By using the above together with Lemma 1 and union bound as well as triangle inequality, we have

Pr { <¢<°)<y),¢<°)<z)> ) | g (;Zﬂ >1-0 (2) : (28)

lyll2llz]l2
Similarly, we can prove that

pe[[o0w] -1 0 (5)] 21-0(3). ma

e flomel <o) 210 2)

Using union bound, this proves the base of induction for statement P; (0), i.e.,

Pr[P1(0)] >1-0 (i) : (29)

Moreover, by line 5 of Algorithm 1, (%) (y) = V- ¢ (y) and (V) (2) = V- ¢(?)(2), thus, Lemma 2

implies that,
Pr[[ (v .0 @) = (60w, 0 @)| <0 (3) - [+ W), [[¢V ) ] z1-0 (%) .
(30)

2
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By conditioning on P (0) and using the above together with triangle inequality it follows that,

§

Pr 0 (4), @ (2 K© (M)‘ < E] >1-0 () _ 31)
[eo-v0e) - xit ()| < w0z 2 L

Similarly we can prove that with probability 1 — O (%) we have “w(o) ||2 — Kr(giu(l)’ < %L

and ‘ qu(o) (2) H; — Kr(giu(l)‘ < 15> Which proves the base of induction for the second statement,
i.e., Pr[P;(0)|P1(0)] > 1 — O (§/L). This completes the base of induction.

(2) Inductive step: Assume that the inductive hypothesis holds for A — 1. First, note that by Lemma 2
and using Eq. (7) we have the following,

2p+2

2
W (). 5B () NP O () colEN als1_0(8

Pr [|(690).00()) j}ﬂj (22" @) <0 (5) A z1-0(7). o2

where A := \/22p+2 ]HZ \/22p+2 chZ(h)( )||2 and the collection of vectors

2p+2 2p+

{Z(.h) (y)} and {Z(.h) (z)} and coefficients {c; }2er2 are defined as per Eq. (7) and Eq. (6),
! =0 ’ =0

respectively.

By Lemma 1 together with union bound, the following inequalities simultaneously hold for all

j=0,...,2p+ 2, with probability at least 1 — O (§/L):

(20). 27(2)) — (6" D). 6V (2)) <<9< ) le"=w)| o)
2w, < 35 Jo*Pwl; (33)
e, < [ e,

Therefore, by plugging Eq. (33) to Eq. (32) and using union bound, triangle inequality and
Cauchy—Schwarz inequality we find that,

Pr U<¢(’”(y>,¢<h>(z>> PE (6" V@), 6" V(@))| <0 (%Z) -B] >1-0 (%) SED

where B =/ P2, (lo-D()[3) - P2, (61 (2)[3) and P, (a) = 252 ¢, - od s the

polynomial defined in Eq. (6). Using the inductive hypothesis P; (h — 1), we have that

2

O A e e

g
" G0L3 (35

60L3’

Therefore, by Lemma 4 we have

2
P (16" D )3) = PEL()| < h - gips and
relu (H(b(h 1)< H ) relu( )‘ S h- G({JET Consequently? since P( o ( ) S P(+OO)(1) = 1’ we

relu relu

obtain that B < il By plugging this into Eq. (34) we have,

= 10"
Pr ({660 ) - PG (97600 )) | < 0 (L)] >1-0(%). @0

Furthermore, the inductive hypothesis P;(h — 1) implies that

2
(900, 000 - st ()| < oo 7

Hence, using Lemma 4 we find that,

(p) (h—1) (h—1) (») (h—1) (y,2) ) e?
Prelu (<¢ (y)7¢ (Z)>) Prelu (Erelu (Hy”z”Z”Q))‘ S h 6OL3 (38)
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By incorporating the above inequality into Eq. (36) using triangle inequality we find that,

B (. o) @ (wr-n (_(©2) h-e e’ _of(2
er (s ) - e (s (it ) )| < s -0 ()] 21-0(3) - o

Now, by invoking Lemma 3 and using the fact that p = [2L?/c*/3] we have,

(») -1 [ (Y,2) )) <(h—1)( (y,2) ))‘ e?
Preu Zreu ITPRTEETT Y Ereu S . (40)
! ( ! <||y|2||z||2 BN B 76L3

By combining the above inequality with Eq. (39) using triangle inequality and using the fact that

(h=1) (_(y,2) — () {y
K1 (Erelu (m)) = Y elu (W) (by Eq. (3)), we get the following bound,

Pr { (6" ), 6" (2)) - SLl, (m» <(h+1)- 6523] >1-0 (}i) SENCE

Similarly, we can prove that
2 h+1)-¢e? )
Pr[ Y) , 1‘> GOLS <O 17 , and

2 2
A (h+1)-¢ )

This is sufficient to prove the inductive step by union bound, i.e., Pr[Pi (h)|Pi(h —1)] > 1— O (£).

Now we prove the inductive step for statement P (h), that is, we prove that conditioned on P5(h —
1), Py(h), Py(h — 1), statement P, (h) holds with probability at least 1 — O (£). First, note that by
Lemma 2 and using Eq. (8) we have,

Pr <¢ (1), 6" (2) > Zb<Y(h) ), Y (2 )>§o(%)-2 21—0(2), 42)

where A := \/22” A j||Y(h) \/Zzp +1b<||Y-(h)( )||2 and the collection of vectors

j=0
Eq. (6), respectively. By 1nv0k1ng Lemma 1 along with union bound, with probability at least
1-0 (%), the following inequalities hold true simultaneously forall j = 0,1,...2p" + 1

p'+1 p'+1
{Y(h)( )} and {Y(h)( )} and coefficients {b; }2p 1 are defined as per Eq. (8) and
Jj=0

R o RO R M
e Ay
el ool

Therefore, by plugging Eq. (43) into Eq. (42) and using union bound, triangle inequality and
Cauchy—Schwarz inequality we find that,

Pr[[(6™ (), 6" () - B (<¢(h*“(y),¢<h*”(z)>)( <o($)-B]z1-0 (%) @

where B := /B2 (6t (y)[3) - PG (|6 (2)]13) and PE)(a) = 25 b, - o s the
polynomial defined in Eq. (6). By inductive hypothesis P; (h — 1) we have ‘||¢(h D (y) ||2 — 1‘ <

B sz and [[9 VG — 1] < b g

P(P) (||¢(h71)( )|I2 ) P(P)( )‘ < Deand

relu relu 20L2

Therefore, using the fact that p’ = [9L?/<?] and
P (I8 (2)l18) - BIam)| <

relu relu

Lemma 4,

s£.. Consequently, since PP (1) < PE)(1) = 1, we find that B < 15. By plugging this into
Eq. (44) we have,

Pr[[(6®(w), 6" () - P ((6* V). 0" V(2)))| <0 (F)] z1-0 (Z) - @s)
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Furthermore, inductive hypothesis Py (h—1) implies ‘<¢>(h*1)(y)7 ¢ (2)) — =1 (%)‘ <

relu | Tiyll2=Tlz
h hence, by invoking Lemma 4 we find that,

5(p) (h—1) (h—1) _ pk) ( (h—1)< (y,2) >)‘ h-e
P, ’ Z Pre u Ere u < .
relu (<¢ (y) ¢ ( )>> 1 1 ||y||2||z||2 20L2

By plugging the above inequality into Eq. (45) using triangle inequality, we find that,

 (h) :(h) S [ w(h—1) (y, 2) h-e € 5
Pr |: <¢ (y)7¢ (Z)> - Pr:lu (Erelu ( )) S 20L2 + O (Z):| 2 1- O (Z) . (46)

lyll2ll=l2
Now, by invoking Lemma 3 and using the fact that p’ = |—9L2 / 62] we have,

Bl (EEZJ) (<y’z> )) — ho (Eﬁﬁu” (@’Z) ))’ <= (47)
' " \yll2lzll2 " \lyllzllzl2 15L

By combining the above inequality with Eq. (46) using triangle inequality and using the fact that
Ko (Eg’l_ul) (Hy?\?l@\\g )) = ( {y:2) ) (by Eq. (3)), we get the following bound,

lyll2ll=l2
0(y), 30 () ) - 518, () )‘ 6] - <5>
pr(|(60am ) - s (P ) < 7] zi-0(3) @

Similarly we can show that,

-
603>

Pr[||6"w)||-1|> 5] <0 <2> cand Pr[||62)|| 1| > ] <0 <2> . (49)

Now let f := D (y) @ ¢M(y) and g := D (2) ® " (z). Then by Lemma 2 and using
Eq. (9) we have the following,

Pr[[(v" @) ™) - (@ Fe s ). @ge e ()| <0 () D] z1-0 (%) . G0)

where D := ||Q?f ® ¢ (y)||, ||@%g & ¢™(2)|,. By the fact that we conditioned on P (h),

11 11
D< 272 + = \/ 2g]13 + .
By Lemma 1, we can further obtain an upper bound:

11 2 2
D<o ISR+ lgl3+1.

Now note that because we conditioned on P»(h — 1) and using Eq. (49), with probability at least
1— O (£) the following holds:

2. 2 1 _ 11
Hf||2 qu} (y) 9 ¢ (y) 9= 10 Krelu (1) 10h

Similarly, ||g||§ < 15h with probability at least 1 — O (%), thus, by union bound:
Pr[D <2(h+1)|Py(h—1),Pi(h),Pi(h—1)]>1-0 (2) .

Therefore, by combining the above with Eq. (50) via union bound we find that,

Pr{[(6" )00 @) - (@060 @ e s ) <0 ()| 21-0(F). 6

Now note that (Q2f & ¢ (y), Q%g & ¢'M(2)) = (Q*f, Q%g) + (o™ (), ") (2)). We proceed
by bounding the term |<Q2f7 Q2g> —{f, g>} using Lemma 1, as follows,

Pr[[(Q2.Q%) — (£.9)| <O () Iflllglls] = 1 -0 (2) . (52)
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We proved that conditioned on Py(h — 1) and Py (h — 1), Hf||2 < 11h/10 and ||g||2 < 11h/10 with
probability at least 1 — O (%) Hence, by union bound we find that,

r{\(QQf,Q29>—<f,g>|SO(eh)‘Pz(h 1),P1(h—1)] 21—0@). (53)

Note that (f, g) = (¥ ("= (y), =D (2)) - <gf>(h) (v), gﬁ(h)(z)>, thus by conditioning on inductive
hypothesis P»(h — 1) and Eq. (48) we have,

ey () ) o ( v,7) )\ (h <h—1)2+1> (h— 1) +1
,9) — reu T “Hrelu \ T 1 on = +e +e-
‘“ 9) = K <||y||2||Z||2 2\ L=l | = 82 1oL 0L

By combining the above inequality with Eq. (53), P;(h), and Eq. (51) using triangle inequality and
union bound we get the following inequality,

_ : | )
Pr M) (), ™ ()} K 1)<<y,2>>_2<m ((y,z) )_E(m ((y,z) >‘>€, ]<O<—).
() -t () - (k) =8 (i oz | <9\z
noting that + see . we have proved that
By noting that K¢, (a) - B, (a) + B4, (a) = KL, () (see Eq. (4)) we have proved th

0 (). ™ () — g0 [ _Y:2) .h2+1} _ (5)
Pr (v - wi (G )| <= Mo | 2 1-0(2) - o

Similarly we can prove the following inequalities hold with probability at least 1 — O (£,

relu

(h)( (h)
‘ Hw -k 10L ° relu 10L

2 1 2 2 1
()‘<g.h t 1 and ’Hw(h)(z)HQ—K(h) (1)‘<a-h i

This proves the inductive step for the statement P () follows, i.e.,

Pr[Py(h)|Py(h — 1), Py(h), Pi(h —1)] > 1 - O (2) .

Therefore, by union bounding over all h = 0,1,2, ... L, it follows that the statements of the lemma
hold simultaneously for all A with probability at least 1 —d. This completes the proof of Lemma 5. [
We now analyze the runtime of the NTKSKETCH algorithm:

Lemma 6 (Runtime of NTKSKETCH). For every positive integers d and L, every £, > 0, every
vector x € RY, the time to compute NTKSKETCH \I/flfg (z) € RY, for s* = O (& -log 5), using
the procedure given in Algorithm 1 is bounded by,

Lt s L L3 L
O<56_7~log 6+2'log€5-nnz(m)>.

Proof of Lemma 6: There are three main components to the runtime of this procedure that we have to
account for. The first is the time to apply the sketch Q' to x in line 4 of Algorithm 1. By Lemma 1,

the runtime of computing Q* - z is O ( -log® Lé + log nnz(x)). The second heavy
operation corresponds to computing vectors Zj( z) = Q2p+2 : ([gb(h*l)(x)]@j ® e?QpH_j) for

7=0,1,2,...2p+2and h =1,2,... Lin Eq. (7). By Lemma 1, the time to compute Z](h) (x) for
afixed hand all j = 0,1,2,...2p+ 2 is bounded by,

L 5 L 3 L 3 5 L L 3 L
O<820/3~log g-log 6—5—1— 16/3 -log 5) 0(5 - log 6)

The total time to compute vectors ZJ(.h)(x) forallh =1,2,...Landall j =0,1,2,...2p+ 21is

thus O ( log® ) Finally, the last computationally expensive operation is computing vectors

Yj(h)(x):Q%*L([qS(h*l)( )| @ 2% H1- J)forj:0,1,2,...2p'+1andh:1,2,...Lin
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Eq (8). By Lemma 1, the runtime of computing Y( )( ) forafixed handall j =0,1,2,...2p" + 1

is bounded by,
LS L L L8 L L8 L
O = -log? = -log® = + —log® =) =0 log® =
b € €d €d b €0

Hence, the total time to compute vectors Yj(h) (z)forallh=1,2,...Landall j =0,1,2,...2p +1

is O ( log ) The total runtime of the NTK Sketch is obtained by summing up these three
contributions. Th1s completes the proof of Lemma 6. O

Now we are ready to prove the main theorem on NTKSKETCH.

Theorem 1. For every integers d > 1 and L > 2, and any €,6 > 0, let @ntk R? x R? — R be the

L-layer NTK with ReLU activation as per Definition 1 and Eq. (5). Then there exists a randomized

map ‘I’f,fﬁ ‘R — R*" for some s* = O (25 log §) such that the following invariants hold,

1. For any vectors y, z € R%: Pr H<\Ill(lfg(y), \Ilr(lf}z(z)> - @I(lfg (y, )’ <e- @I(lf}z( z)} >1-9.
2. For every vecor x € R%, the time to compute \I/ntk( )is O (56 7 log® 55 —|— > log L 5 nnz(x))

Proof of Theorem 1: Let ") : R — R* for s = O (g—j -log? %) be the mapping defined in
Eq. (9) of Algorithm 1. By Eq. (10), the NTK Sketch ¥'%)(z) is defined as

V(@) = |z)s - G- P(x

Because G is a matrix of i.i.d normal entries with s* = C - %

constant C, G is a JL transform [15] and hence \I!( 12 satisfies the following,

L L
(TR W), W () = lylalzllz - (6P (), 0P ()| < 0) - 4] 21 - 0(),
where A := [[yll2]lzll2 [ (») ]|, || (2)||,- By Lemma 5 and using the fact that KB (1) =
L + 1, the following bounds hold with probability at least 1 — O(9):
(L) H
Hw W, = 15

Therefore, by union bound we find that,
(TR W), ¥R (2) — ylalzle - (4 (0), 0 ()| < OEL) - lylallzlle] = 1 - 0().
Additionally, by Lemma 5, the following holds with probability at least 1 — O(4):

(p0mw0) - kG ()| < Eeh,

19ll2]l=ll2

Hence by union bound and triangle inequality we have,

Y,z e(L+1
P || (W20 98E) = Iolallel - KE ()] < S ol | > 1-060).

- log % rows, for a large enough

|

11
@), H =
(L +1), and Hw LS 3o L+

|

ll2 - K. r(jl)u (H T‘yz“ >H2) = @I(lf}z(y, z), and also note that for every

L > 2andany a € [—1, 1], K( ) () > (L +1)/9, therefore,

relu

Pr[[(wiR ), wid(2) - Oy, 2)| <= O (v.2)] = 14
Remark on the fact that Kr(eLl)u( ) > (L +1)/9 for every L > 2 and any o € [—1,1]. Note
that from the definition of deiu in Eq. (3), we have that for any o € [—1,1]: Eig)lu(oz) > -1,
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s(1)

relu

(@) > 0,22 (a) > 1 and 2" (@) > % for every h > 3 because £1(-) is a monotonically
()

increasing function on the 1nterva1 [—1,1]. Moreover, using the definition of

re1u 1N Eq. (3), we
have that for any o € [—1,1]: 3{1) (a) > 0, 22 (a) > 1, and £) (a) > 3 for every h > 3

because rq(-) is a monotonically increasing function on the 1nterval [—1, 1]. By an inducive proof

and using the definition of Kr(el)u in Eq. (4), we can show that Kr(eLl)u () > (L 4 1)/9 for every
L >2andany a € [—1,1]

Runtime analysis: By Lemma 6, runtime to compute the NTKSKETCH is

L L I3 L
(9(56_710g 6+—log .~ nnz(x)). (55)

This completes the proof of Theorem 1. O

D NTK Random Features: Claims and Proofs

D.1 Proof of Theorem 2

In this section we prove Theorem 2. We first restate the theorem:

Theorem 2. Given y,z € R% and L > 2, let @flfg the L-layer fully-connected ReLU NTK. For
€,0 > 0, there exist mg = O (g—j log %) ,mp =0 (g—f log %) ,ms =0 (’;—22 log® E%) such that,

|

(v ), 9(2)) - (v, 2)

< 02| 214, (12)

where \Ifl(rf) (y), \Ilg) (2) € R™*™= gre the outputs of Algorithm 2, using the same randomness.

In the proof of this theorem we use the following results from the literature,

Lemma 7 (Corollary 16 in [14]). Given integer { > 0 and x, 2" € R such that ||y|, = ||z|l, = 1,
let QS ( ), ¢(¢)( ) be defined as per line 5 of Algorithm 2. For §1,¢1 € (0, 1), there exists a constant
C1 > 0 such that for any m, > C; & = log ( ) the following holds:

Pr[|(0t ). 0l (=) — Sl 2)| <] =141, (56)

We also need the following lemma,
Lemma 8 (Lemma ES5 in [5]). Given x,2’ € RY with ||z, = ||2/||, = 1, integer £ > 0, let
(b ( ), @ ( ") be defined as per line 5 of Algorithm 2. For any €5 € (0, 1) assume that

(57)

ba‘éﬂo

(62 (@), 62 () = Sl 2| < 2.

Then, for ¢£ (z), ¢(€)( ") defined as in line 4 of Algorithm 2, and any 65 > 0 the following holds:

Pr

(62, 60() - altoa| <ot o Ztox (2 )] Sl-b ()
2

Proof of Theorem 2: For fixed 3,z € R? and £ = 0, ..., L, we denote the estimation error as

im0 - K ()]

(@2 e{(4,2),(y.:9), (=, [z ll2][2’]2

and note that Ay = 0. Recall that, by Definition 1 and Eq. (5):

x,x'
0 (2,2') = allalla’l2 - K (H) , (59)

|2l [|2
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where forevery o € [-1,1]and £ =1,..., L:

14 {—1 (2 14
KI(‘e?Lu(a) Kxgelu)( ) ZE‘e)lu( )+E£‘e)2|.u( )?

Sul@) = ko (Sla (@)
Sidhl(@) = 1 (Zhen (@)
We use the recursive relation to approximate:
(6l (@), (@) = (6 (@), 6 ("))
(@ (@ evi V@) @ (H ) ous V@)
~ (0 (@), @) + (8 (@) 0 sV (@), 8 (@) @ vl V(@)
= (st + 80 KED) (B0 ) - wl ().

|2l |2

)

For notational simplicity, we define the following events:

&6 = {[(00 @62 @)) - 2 (2 )| <o) € (e o ) ) )

2]l [|2

&6 = { (90 @0 @) - 30 (i )| < ¢+ ¥ € (o) 22 |- o0

2]l |2

Our proof is based on the following claims:

N . . 6
First we claim that, there exists a constant C'y > 0 such that for any m; > C4 ’;—4 log (%):

2 é
prle® (< S1- 0 62
r[ ¢ \100L2)] ="~ 3L (62)
which  directly  follows by  invoking Lemma 7  with (z,2) €
y z y y z z : - e - o
{(Hy\lz’Hﬂ\z)’(\lzﬂ\z’Hyllz)’(l\ZHz’HZHz)} and setting €1 = 1557z and 01 = gp and

applying union bound over choices of (z,z’).

. . . . 2
Our second claim is that there exists a constant Cy > 0 such that if my > C’og—2 log (%) then

2
(0 (€ \| g0 (_€ >1_ 9
Pr {‘% (8L)‘g¢ (IOOLZH == 63)

The above statement is a direct consequence of invoking Lemma 8 with (x,2') €

{(m, m) , (m, m) (H =k ZH2>} and union bounding over choices of (x,2’). In
= 1002 = 9T and mg > 3200L log(54L) fore,6 € (0,1) to ob-

Lemma 8, we choose 5 =
tain Eq. (63) by union bound.

Our next claim is the fol]owing,

Claim 1. Ler f(z) := (b ) (z ) ® wrff ( )for every © € RI  There exists a con-
stant Coy > 0 such that if mg > Cy L2 log L =5 then conditioned on the events 5( (SL)

2

and 5¢ (@W) the following holds with probability at least 1 — 3L’ for all (xz,2') €

lyll=2 1zll2 ) 2 \Mlwll2? Tlyllz /2 \ll=zll2? [Izll2 ) S~

Q% f(2), Q% f(z')) = (f(x), f

Nl < 100L(£+A" 1)-

The proof of the above claim is provided in Appendix D.2. Now, by combining Eq. (62), Eq. (63)
and Claim 1, we can prove the following claim which provides a recursive relation for bounding A,.
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Claim 2. [fthe events in Eq. (62), Eq. (63) and Claim 1 hold, then

13
< — — .
Ay < (1+7L)AH+7L€ (64)

The proof of Claim 2 is provided in Appendix D.2.

Note that by union bound, with probability 1 — %, all preconditions of Claim 2 hold and thus Eq. (64)

holds with probability 1 — %. Applying union bound on Eq. (64) for all ¢ € [L] and solving the
recurrence, we obtain that with probability at least 1 — §, the following bound holds

€
Ap< — -2, 65
Y (65)
When L > 2, we showed in the proof of Theorem 1 that Kr(eLl)u( -) > L therefore,
(x,2") (L) (x,2")
w0 - ki <o k@ (D) e
‘< A\l 2|22 A\l Izl ]2

Since U5 () = ||z||2 - ¥ &) (z) and T (27) = [|2/|s - ¥ E) (2'), this implies that,
L L L
QIRORTCONEHACRD

This completes the proof of Theorem 2. O

|

< 5-@1(1512(30,96’)} >1-4.

D.2 Proof of Auxiliary Claims

Claim 1. Ler f(z) := ¢(€)( ) ® d)(z 1)( )for every x € RI  There exists a con-

stant Co > 0 such that if mg > Co& o= log =5 then conditioned on the events E(E) (8L)

and 5(0 ( O%QLZ) the following holds with probability at least 1 — 3L’ for all (z,2') €

y z y y z z
lyll22 1121l lyll22 Mlyllz ) > \ Izll27 NIzll2 /] f°

Q% f(2), Q% f(a") — (f(2), f(a))] <

IOOL 0+ Apq).

Proof of Claim I: The proof is based on Lemma 1 that provides an upper bound on variance of the

POLYSKETCH. By using the definition of f(z), f(«’) and Lemma 1, with probability at least 1 —
we have

9L’

Q% f(z),Q% f(a)) — (f(x), f(z"))]

< @) W @) [ @)||,
<oz (14 57) o @ o],
< 100L (€ + Ar-1)

where the second inequality follows from the assumption that Sq(f) (%) holds and the third one

follows from the fact that Kr(ﬁlul) (a) < Lforany o« € [-1,1] and

Union bounding over the choices of (x, z") completes the proof of Claim 1. O
Claim 2. Ifthe events in Eq. (62), Eq. (63) and Claim 1 hold, then

Wi @) < KD ey ¥ A <0+ A, (67)

£
< — —F.
Ay < (1+7L)A5_1+7L£ (64)
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Proof of Claim 2: Recall that

x,x’)
Ay = max <7j}£€) x ,wy) x >f Kﬁﬁ)u << ! >‘
‘ qumamwwm‘ £ (@) Ve (7) w \ alla 1)

Observe that the estimation error Ay can be decomposed into three parts:

(2@ 02 @) - & ()| < (020,00 @) - =t ()|

llzll2l]]2 l[l2]2"[|2

+[{(Q% - f(2), Q% (=) — (f(x), F(a"))] (68)
(6@ o v @@ el @) -5 (e ) ke ()|

2] [|2 |2l [|2

for (z,2') € {(y,2),(y,v),(%,2)}. By the assumption that Eq. (62) holds, the definition of
Eg) (%) implies that,

o) %) Q) (2,2') e
’<¢rf ($)7¢rf (LC/)> E1relu <||1,||2||$/||2>’ S 100L2 (69)
Furthermore, the assumption that Claim 1 holds, implies that,
(@ f(2). Q- (') = (F(2), F@))| < Joo7 (£ + D). (70)

For the third part in Eq. (68), we observe that

(32 00l V@600 00l V@) = 30 (D KD (P )

|z][2[|2" |2 |z][2[|2[|2

‘<¢(4)( )09 (2 )>‘ <we D(2), 0 (a ')>—Kr(£fu1) (|x<|T32aﬂ;>|2)‘
(z,2") : (z,2")
+Mm)@ww&ﬂ’@ @.626) 580 (G|
(1+8 ) Aoy + 0= 1)

where the second 1nequa11ty comes from that the assumption that Eq. (63) holds along with
£ ()] < 1and KL ()] < ¢ Putting Eq. (69), Eq. (70) and Eq. (71) into Eq. (68), we

have
2

€ € l-¢e € €
<= = S = )
A< 15072 + 1oL 10()L (4 Ae) + (1 + SL) A1t 57 (1 * 7L) Aot zpl (72)

This completes the proof of Claim 2. O

E Spectral Approximation via Leverage Scores Sampling

E.1 Zeroth Order Arc-Cosine Kernels

The proofs here rely on Theorem 3.3 in [28] which states spectral approximation bounds of random
features for general kernels equipped with the leverage score sampling. This result is a generalization
of [8] on the Random Fourier Features.

Theorem 5 (Theorem 3.3 in [28]). Suppose K € R"*™ is a kernel matrix with statistical dimension
sz for some A € (0, || K||,). Let ®(w) € R™ be a feature map with a random vector w ~ p(w)
satisfying that K = B, [®(w)®(w) " |. Define 7x(w) := p(w) - ®(w) " (K + AI) "' ®(w). Let
7(w) be any measurable function such that 7(w) > 7 (w) for all w. Assume that sz == [ 7(w)dw

is finite. Consider random vectors wy, . .., Wy, sampled from q(w) := T(w) /s> and define that
T
5. 1 p(ws) p(wm)
P .= — ®(wq), ..., b (w, . (73)
¢mlqmm 0 ) 2
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Ifm > 8 2s7log (165, /0) then

(1—¢) (K +M)<® &+ < (1+¢) (K + ) (74)
holds with probability at least 1 — 0.

We now ready to provide spectral approximation guarantee for arc-cosine kernels of order zero.
Theorem 6. Given dataset X € R*", let Ky € R"*™ be the arc-cosine kernel matrix of 0-th
order with X and denote ®, := \/ 2 Step(W X)) € R™*"™ where each entry in W € R™*? is an

i.i.d. sample from N'(0,1). For X\ € (0, ||Ky||5), let sx be the statistical dimension of K. Given

e€(0,1/2) and 5 € (0,1), if m > 32 log (1822 ), then it holds that

(1—¢e)(Ko+ M) =< ®] B+ M < (1+¢)(Ky+ M)

with probability at least 1 — 0.

Proof of Theorem 6: Let ®¢(w) := v/2 Step(X Tw) € R™ for w € R? and p(w) be the probability
density function of the standard normal distribution. As studied in [12], ®((w) is a random feature
of K such that

Ko = Eyrpu) [Ro(w)®o(w) '] . (75)

In order to utilize Theorem 5, we need an upper bound of 7 (w) as below:

(W) := p(w) - Bo(w) " (Ko + M)~ &o(w) (76)
< p(w) [|(Ko + M) 7], | @0 (w)| (77)
< p(w) T 19)

where the inequality in second line holds from the definition of matrix operator norm and the inequality
in third line follows from the fact that smallest eigenvalue of K + A1 is equal to or greater than .

The last inequality is from that [|Step(z)[|3 < 7 for any = € R". Note that [y, p(w)Z:dw = 22 and

since it is constant the modified random features correspond to the original ones. Putting all together
into Theorem 5, we can obtain the result. This completes the proof of Theorem 6. O

E.2 First Order Arc-Cosine Kernels

Theorem 7. Given dataset X € R*" et K1 € R"™ ™ pe the arc-cosine kernel matrix of 1-

th order with X and vy, ...,v,, € R? be i.id. random vectors from probability distribution
L

N 1 2 1 2 L 2d [ReLU(X Tv1) ReLU(X "v,,)

q(v) = COLer |v]|5 exp (—5 ||v|\2) . Denote ®, := /¢ {4”711"2 v i PR

and for A € (0, || K1]|,), let sy be the statistical dimension of K. Givene € (0,1/2) and 6 € (0,1),
2
ifm > 8% min {rank(X)Q, %} log (822, then it holds that
(1—e)(K; + M) = ®] &) + M < (1+¢)(K; + )
with probability at least 1 — 0.

Proof of Theorem 7: Let ®1(w) := v/2 ReLU(X Tw) € R™ for w € R¢ and p(w) be the probability
density function of standard normal distribution. Cho and Saul [12] also showed that ®;(w) is a
random feature of K such that

K1 =Eyopiu) [®1(w)®1(w) "] (80)
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Then,
ma(w) = p(w) - ®1(w) " (K1 + M)~ '@ (w)
p(w) ||(Ky + A7, | @1 (w)]|5
) [ReLU(X Tw)||2

IN

(

A

X Twl|?

B Lol
2
< 2 p(w) )2 X2

A

where the inequality in fourth line holds from the fact that | ReLU(z) Hg < ||x||§ for any vector .

On the other hand, if we write the ReLU function in terms of a matrix form, i.e., ®1(w) =
V2 ReLU(X Tw) = v/2 SX Tw where S is a diagonal matrix such that S;; = 1if [X Tw]; > 0
else S;; = 0 for i € [n], then we can obtain that

a(w) == plw) - B (w) " (K1 + M) 1@ (w)
=2p(w)-w' XS(K; +M\)'SX Tw. (81)

Now note that by definition of K, we have [K1];; = ||zill2]|z;ll2 - k1 (mﬁ) Therefore,
using the Taylor expansion of the function r1(a) = =+ + $ 4+ L - 3> 22""(“)2'((;iij‘ll)-(2i+2) 22

and the fact that its Taylor coefficients are all non-negative, we have,

1
5XTX < Kj.

Using the above inequality along with Eq. (81), we can write,

1 -1
m(w) <2p(w)-w' XS <2XTX + AI) SX Tw

1 —1
< 2p(w) - |wlf; - | XS <2XTX + >\I> sxT (82)

2

To obtain an upper bound of the third term in Eq. (82), we consider the singular value decomposition
of X = VEUT'. And we have

—1 -1
HXS (;XTX + AI) Sd VvU'S <;UE2UT + AI) sSUxv’

2 2

—1
=||ZU'S <;U22UT + >\I> SUX

2

(83)

1 —1
= ||ZUTSsU (222+AI> U'SUX

2

Now we observe that
[UTSUL; < [lually llusll, (84)

which leads us to HUTSUHF < rank(U) = rank(X). Since U " SU is a positive semi-definite
matrix we have,
0<U"SU <rank(X)-I.

Therefore, plugging this into Eq. (83) and Eq. (82) gives,

ma(w) < 2 p(w) - [lw]3 - rank(X)?.
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Algorithm 3 Gibbs Sampling for Approximating Eq. (86) via Inverse Transformation Method

1: Input: X € R*"_ feature dimension m, Gibbs iterations T
2: Draw i.i.d. w; ~ N (0, 1) fori € [m)]

3: for i = 1tomdo

f(w/\/i)Jrl a:exp(fa:2/2)

4:  ¢(z,z) < inverse of 5 ~ /et (i.e., CDF of Pr([w;];|[wi]\ 53))
5: for t=1toT do
6: for j =1toddo
7 u <— sample from [0, 1] at uniformly random
8: [wil; < q (Uv Zke[d]\{j}[wi]i>
9: return /2d |:ReLU(XTw1) o ReLU(XTwm):|
m lwall, ’ ’ llwmll,

Denote 7(w) := 2 p(w) ||wl|3 min {rank(X)z, %} and it holds that

. . > 1X1;
T(w)dw = 2d min | rank(X)*, ——= (85)
Rd A
since [q p(w) ||wH; =tr(l;) = dforw ~ N(0, I;). We define the modified distribution as
7(w) [ 1 2 L2
= —=a" = = —_— 86

and recall that the modified random features are defined as

w[fees ] e

_ 2d {ReLU (X Twy) ReLU(X Tw,,) } (88)
m Jwilly, 777wl '

Putting all together into Theorem 5, we derive the result. This completes the proof of Theorem 7. [

Approximate sampling. It is not trivial to sample a vector w € R¢ from the distribution g(-) defined
in Eq. (86). Thus, we suggest to perform an approximate sampling via Gibbs sampling. The algorithm
starts with a random initialized vector w and then iteratively replaces [w]; with a sample

o]l [w]?
qfwlil[wl\giy) ¢ ———F=——exp | =~ (89)
L flwlly = [w]? 2
for i € [d] and repeats this process for 7" iterations. Sampling from g([w];|[w]\ ;1) can be done

via the inverse transformation method.* We empirically verify that T = 1 is enough for promising
performances. The running time of Gibbs sampling becomes O(m1dT’) where m; corresponds
to the number of independent samples from ¢(v). This is negligible compared to the feature map
construction with POLYSKETCH for T' = O(1). The pseudo-code for the modified random features
of A; using Gibbs sampling is outlined in Algorithm 3.

E.3 Proof of Theorem 3

Our proof relies on spectral approximation bounds of POLYSKETCH given in the fourth part of
Lemma 1.
Theorem 3. Given a dataset X € RI¥>"™ with | X (.iyll2 < 1 foreveryi € [n], let Kuyy, Ko, K

be kernel matrices for two-layer ReLU NTK and arc-cosine kernels of 0" and 1°¢ order, respec-
tively. For any A > 0, suppose sy is the statistical dimension of Ky, Modify Algorithm 2 by

erf([w]; /v2)+1 [w]; exp(—[w]?/2)
2

*It requires the CDF of g([w];|[w]\ ;1) which is equivalent to ~ Vel
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replacing ®+ () in line 5 with &)1() defined in Eq. (15). For any €,0 > 0, let \Ilg) € R(mitms)xn
be the output matrix of this algorithm with L = 1. There exist myg = O (% log %*) , 1M

O (E% - min {rank()()2 HXH2 } log % ) yms =0 (82 “TEx log ) such that,
O\ " @
Pr | (1 — &) (Kug + M) < (\Ifrf ) D AT < (1+6) (K + A)| >1-46. (17)

Proof of Theorem 3: Note that the NTK of two-layer ReL.U network can be formulated as
Kux = K1+ Ko © (X X) 90)

where Ky and K are the arc-cosine kernel matrices of order 0 and 1 with dataset X, respectively.

Let ®( and ®; be the random features of K and K, defined as per Theorem 6 and Theorem 7,
respectively. Also let W, be the feature matrix that Algorithm 2 outputs, that is each column of
this matrix is obtained by applying this algorithm on the dataset X . By basic properties of tensor
products we have,

V=P 0Q% (P X). (91)

Our proof is a combination of spectral analysis of ®] ®o,®/®; and (Q* (®o® X))T
Q2 (o ® X)) which are stated in Theorem 6, Theorem 7 and Lemma 1, respectively.

From Theorem 7, if m; > 184 min {rank(X )2, %} log (2822) then with probability at least
1— 5 the following holds,

A A A
(1—¢) <K1+21> <@+ ST (1+e) <K1+2I). (92)

From Theorem 6, if mo > 4852 log (

(1- %) (Ko—i—;I) j@J@o—&—%Ij (1+§) (K0+;I> 93)

Rearranging Eq. (93), we get

) then with probability at least 1 — & 1t holds that,

B @ = (1+ %) Ko+ AL
Now we bound the trace of (®¢ ® X)' - (®9® X) = ]P0 XTX:

r(®]®00X ' X) =) [®] Do, [XX];,
JE[n]
<) [®) ol
J€[n]
<n.

Now note that, we can write,

tr (8] @) 0 X X) . _n
tr (@] @O X X)) /n+A~ 1L+

s (@@ X) (@0 X)) < (94)

To guarantee spectral approximation of (Q? (®o ® X)) T Q? (®o ® X), we will use the result of

Lemma 1. Using Eq. (94) along with Lemma 1 and the fact that mg > E% 1 + EEY log = for some
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)

constant C, and union bound, with probability at least 1 — 5, We have

(Q2(¢0®X))TQ2(¢0®X)+215 (1+§) (@J@OQXTX+;I>

14 ) (KH;) K0+%)\I} @XTX+;\I)

3

1+ )(1+§) (K()@XTX+/2\I>

) ((1+ =) (Ko® XTX) + ALOXTX) + ;\I)

3
<(1+¢) <K0 OX'X + /2\I> 95)

where the inequality in second line follows from Lemma 9 and the fourth line follows from the
assumption || X . ;) ﬁz < 1forall i € [n] which leads that I ® (X " X)) < I. The last inequality

holds since € € (0,1/2).

Similarly, we can obtain the following lower bound:
A A
(Q* (®o® X))T Q*(®y® X) + ST (1—¢) (Ko OXTX + 21) : (96)

Combining Eq. (92), Eq. (95) and Eq. (96) gives
(1—¢) (Kaw+ M) 2 W[ W + A < (14 €) (Kpex + M) (97)

Furthermore, by taking a union bound over all events, Eq. (97) holds with probability at least 1 — §.
This completes the proof of Theorem 3. O

E.4 Auxiliary Lemmas

Lemma 9. If A, B, C are positive semi-definite matrices of conforming sizes such that B < C,
then,
AOB=AOGC.

Proof of Lemma 9: We want to show that for any vector v, v' A ® Bv < v" A ® Cv. Because
the matrices A, B, C are PSD, there exist matrices X, Y , Z of appropriate sizes such that we can
decompose these matrices as follows,

A=X"X, B=Y'Y, C=2"2Z.
Using this and basic properties of tensor products, we have the following for any vector v,
v AOBv=|X®Yv|3
= || X - diag(v) - Y ||
=Y (X4 00)" B (X4, 00)

<Y (X ov) - C (X @)

=v' A®Cv.
This completes the proof of Lemma 9. O

F ReLU-CNTK: Expression and Main Properties

In this section we prove that the depth- L. CNTK corresponding to ReLU activation is highly structured
and can be fully characterized in terms of tensoring and composition of arc-cosine kernel functions
r1(-) and ko (). We refer to this kernel function as ReLU-CNTK. First we start by restating the DP
proposed by Arora et al. [5] for computing the L-layer CNTK kernel corresponding to an arbitrary
activation function o : R — R and convolutional filters of size ¢ x q, with GAP:
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1. Lety,z € R4*d92X¢ be two input images, where ¢ is the number of channels (¢ = 3 for RGB
lmages). Deﬁne 1"(0) . Rdl ngXCXRdl XdaXc — Rdl XdoXdy Xdo and E(O) . Rdl ngXCXRdl XdgXc —
R xdzxdvxdz ag follows for every 4,4’ € [dy] and j, j' € [da]:

= Z Y@, & Z(:,0)s
(98)
(0) (0)
Zz] i, g’ y’ . Z Z F7,+a ,j+b,i' +a,j’ +b(y7 )
a=—215= Lp=—

2. For every layer h = 1,2,..., L of the network and every i,i" € [di] and j,j’ € [d2], define
() RAxdaxe o Rixdaxe _y Rdixdaxdixda pecyrsively as:

(h—1) (h—1)
Sigag W) X0 (Y, 2)

AP (g, 2) = ) - ,
E’L NE ig(’z y) Zz’ N z']’(z Z)
1
N = ‘E : 99
i (Ys 2) e 'Ew~N(O b o (w)P?] ()N (0,47 (y,2)) [o(u) - o(v)], 99)

(h)
Zzg i’ ]’(y7 ) . Z Z Fera ,j+b,4' +a,j’ +b(y7 )’

a=—15- Lp=—

3. Forevery h =1,2,... L, every i,z" € [di] and j, " € [dy], define TP (y, z) € R xd2xdixda

F YRy = g . . 1
9,7,4" . (y7 ) q2 A EwwN(O,l) [| (w)‘g] (u v)wN(O,A( , ,(y,z)) [ (U) o (’U)] (100)

VY |

4. LetTIO(y, 2) := 0 and forevery h = 1,2,...,L — 1, every i,i’ € [d;] and j, 5" € [d], define
O R xdaxe s Rixdaxe _y Rdixd2xdixds pecyrsively as:

g—1 g—1
2 2
", oy, 2) (M Dy, 2) 0 T M (y, 2) + T (y, 2)] :
1,5,8 (y,2) = Zq_l \ Zq_l (:2) (v, 2) v, 2) ita,j+b,i' +a,j'+b (101)
a=—"g T

M (y, 2) =T (y,2) 0 TP (y, 2).
5. The final CNTK expressions is deﬁned as:

L
6<(:nt)k (yv

Z Z Hz]z’;’ Y,z ) (102)

1,4’ €[d1] 7,5 €[d2]

Now we show how to recursively compute the ReLU-CNTK as follows,

Definition 2 (ReLU-CNTK). For every positive integers ¢, L, the L-layer CNTK for ReL.U activation
function and convolutional filter size of ¢ X ¢ is defined as follows

1. For z € R&1*d2x¢ every i € [dy] and j € [dy] let Ni(g) (x):=¢q¢* >, \I¢+a,j+b,l|2, and for
every h > 1, recursively define,

1 T
()}JL) = 7 Z Z z(ia;)-i-b (103)

2. Define T (y, 2) := Y7, Ye,ol) @ 2¢0)- Let ky 2 [=1,1] — R be the function defined in

Eq. (2) of Definition 1. For every layer h = 1,2,..., L, every 4,7’ € [dy] and j, j’ € [do], define

I‘(h) . Rd] Xda Xc X Rdl XdgXc — Rdl Xda Xdy Xd2 recursively as:

N () - NY(2) Za—_q 12,7 = _ast e a0 (¥ 2)

. 7 : - K1 (h) D) . (104)
Ni,j (y) : N,"J/(z)

0 (2) =
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3. Let ko : [—1, 1] — R be the function defined in Eq. (2) of Definition 1. Forevery h = 1,2,... L,
every 7,7’ € [di] and j, j' € [dy], define I'(M) (y, z) € R ¥ d2xdixdz g

(h—1
. S, 122 it Dl e (8:2)
P ™ (. N
Ni,j( ) - Nz/ 2 (2)

0, oy, 2) = (105)

4. LetTIO(y, 2) := 0 and forevery h = 1,2,...,L — 1, every i,i’ € [d;] and j, 5" € [d], define
o) R xdaxe s Reixdaxe _y Rdixd2xdixda pecyrsively as:

g—1 g—1
2 2

n @)= > > [ Vw2 oM (y,2) + 1 (y, 2)] . (106)

Tl a1 ita,j+b,i'+a,j'+b
a=—35= b=—<1—

2 - 2

Furthermore, for h = L define:

) (y, 2) := TTED(y, 2) 0 TE (y), 2). (107)

5. The final CNTK expressions for ReLU activation is:

DD HfLJM (y,2). (108)

1,3’ €[d1] 7,5 €[d2]

L
6<(:nt)k (yv

In what follows we prove that the procedure in Definition 2 precisely computes the CNTK kernel
function corresponding to ReLU activation and additionally, we present useful corollaries and
consequences of this fact.

Lemma 10. For every positive integers dy,ds, ¢, odd integer q, and every integer h > 0, if the
activation function is ReLU, then the tensor covariances Th) T (y, z) : Rd1xdaxc o Rdixdaxe _,
R xd2xdvxd2 dofined in Eq. (99) and Eq. (100), are precisely equal to the tensor covariances defined
in Eq. (104) and Eq. (105) of Definition 2, respectively.

Proof of Lemma 10: To prove the lemma, we first show by inductionon h = 1,2, ... that N, i(f;) (z) =

ZEZ le)(x x) for every x € R4 x42%¢ and every i € [dy] and j € [dy], where ©("~1) (z, 2) is defined
as per Eq. (98) and Eq. (99). The base of induction trivially holds for A~ = 1 because by definition

of N(M(z) and Eq. (98) we have,

g—1

P
1 2 0

N (@) = 2: }j E)xm,ﬂm =5, (@,2).

. . . . . (h=1) (h—2)
To prove the inductive step, suppose that the inductive hypothesis V;;~ ' (z) = ;. (x, ) holds

for some i > 2. Now we show that conditioned on the inductive hypothesis, the inductive claim
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holds. By Eq. (99), we have,

g=1 g=1
2 2
(h—1) _ (h—1)
21 Jid (Jc,x) - Z Z Fi+a,j+b,i+a,j+b($a$)
a=—q—;1 b=—q—;1
T Z+ E 1 o(u) - o(v
= 22: 22: (u v)NN<0 A'(L:L»a J)+b i+a, J+b(w)x)) [ ( ) ( )]
__g—1 b= g—1 2 ’ ]EwNN(O,l) [|a(w)|2]
a=—"5 b=="5—
=1 a=1 2
B 2 2 Eu~/\/(o D S ]+b(x,a:)) [| max(0, u)| ]
—_a-lp__ g1 2 ’ ]EWNN(OJ H max(O, w)|2]
a_—T =—"5
g=1 g=1
2 2
L (-2
= q72 : Z’L+¢I ,J+b,ita ]er( )
a:—q—;l b:—q—;l
=1 a=1
- ~ 1 e )
- Z el “Nito (@) = Nyj (2). (by Eq. (103))
-1 —1
a=—15-1 ==

Therefore, this proves that N, (h)( )= ZE}; 11]) (x, x) for every = and every integer h > 1.

Now, note that the 2 x 2 covariance matrix A(

i j/( , 2), defined in Eq. (99), can be decomposed

-
as Afiz v (Y 2) = (£T> (f g), where f,g € R2. Also note that ||f||3 = ; 32’1])( y) and

h—
9] = =

i 1-) N7 /(z, z), hence, by what we proved above, we have,

h
1£13 = N (y), and [|g3 = N (2).

Therefore, by Eq. (21), we can write:

(h) _ 1 .
P W2 = g o Tot@P] a0, ) 700 (V)

1
cEuen ow'f)-o(u'g
F Euonon [o@] et (700 )) o)

SERTTHTITI Wy (L

> - r1(1) 1£1lz - llgll2
) (h :
RO e
7 \/N(m N(h)( )
h—1
\/N(h) N(h)( ) Za_fq 1 Z 2 ; z(+a,])+bz+aj +b(y7 )
cR1 )

h h
¢N£j’<y> N (2)

where the third line follows from Eq. (21) and fourth line follows because we have (f,g) =
EE}; 1,1 ) ., (y, z). The fifth line above follows from Eq. (99). This proves the equivalence between the

tensor covariance defined in Eq. (99) and the one defined in Eq. (104) of Definition 2. Similarly, by
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using Eq. (21), we can prove the statement of the lemma about FE 7)2, i (y, z) as follows,

(h) 1 : :
Fl vy, 2) = -E ) o(u)-o(v
2 ) = o Do @] N (oA, 00) 100
1
= “Epun dqu o(u'yg
B o] Beoan (700 1) 00 a)
()
¢ (1) 1£1l2 - llgll2
1 EE’; (. 2)
7 \/Nw) N (2)
T (h—1)
1 Za__q 1 Z -1 1 F1+G7J+bl "+a,j’ +b(y,z)
= — + K,
¢ \/Nm) N2)
This completes the proof of Lemma 10. O

Corollary 1 (Consequence of Lemma 10). Consider the preconditions of Lemma 10. For every

h - g—1 g—1 h—1
T € RdlxdeC’ NL(7_])(x) = Zai_qi;l szz_qTfl §+a7_7)+b i+a ]+b( )

We describe some of the basic properties of the function F(h)(y7 z) defined in Eq. (104) in the
following lemma,

Lemma 11 (Properties of I'(%) (y,2)). For everyimagesy,z € R4*42X¢ every integer h > 0 and
everyi,i' € [di] and j,j' € [do] the following properties are satisfied by functions T'") and N")
defined in Eq. (104) and Eq. (103) of Definition 2:

(v )’ - NN

1. Cauchy-Schwarz inequality: " e

’L]’L/j/

(h)
N7 (y) >

2. Norm value: T\ (y,y) = ==

,5,%,7

Proof of Lemma 11: We prove the lemma by induction on h. The base of induction corresponds to
h = 0. In the base case, by Eq. (103) and Eq. (104) and Cauchy—Schwarz inequality, we have

(0) _
Liii iy, 2)| = RNRERN

IN

Z |Yi.5, Z |20 7 a2
=1

\/N(O) ,(Z)

q*

This proves the base for the first statement. Additionally we have, I‘E’Oj)’i, j(y, Y) = >, yf gl =
(0)

M%y) > 0 which proves the base for the second statement of the lemma. Now, in order to prove the

inductive step, suppose that statements of the lemma hold for h — 1, where h > 1. Then, conditioned

on this, we prove that the lemma holds for h. First note that by conditioning on the inductive

hypothesis, applying Cauchy—Schwarz inequality, and using the definition of N® in Eq. (103), we

can write

(F (h—1)
DEAPD V. AP Vi (y,2) 2 = NP @) | Nl )
a= '1 1 — z+a j+b,i’+a,j’ +b Y,z a—= q 1 b=— q 1 q2 q2

h h h h
Nf,j)<y> - NY(2) Nf,}(y) N (2)
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Thus, by monotonicity of the function x; : [—1,1] — R, we can write,

(h)
Fz] i, 5! y’

h—1
’ N(h)( ) - N(h) (2) Za_,(z . Z 7 o F§+a,g)+bz o +b(yvz)
_ K
2 1 \/N(h) N(/h)/( )

N (h)
\/ (y) Nz’ J’( )
q2 . Iil(].)

NN
q?

where the second line above follows because of the fact that 1 (+) is a monotonically increasing
function. This completes the inductive step for the first statement of lemma. Now we prove the
inductive step for the second statement as follows,

IN

)

=1
). _ NP Zaif—lz 3 _az1 Pivajibira (¥, Y)
ivdvini (U2 Y) = 2 M N(h)
i,j (y)
(h)(
i,j Y)
= ;2 Hl(l)
N
M,
q
where we used Corollary 1 to conclude that Z a1 Z I‘Eia 1])+b iragin(UsY) = Ni(_?) (y)

and then used the fact that N J)( ) is non-negative. ThlS completes the inductive proof of the lemma.
This completes the proof of Lemma 11. O

We also describe some of the main properties of the function N (y, 2) defined in Eq. (105) in the
following lemma,

Lemma 12 (Properties of ) (y,2)). For everyimages y,z € RU>*42X¢ epery integer h > 0and

every i,i’ € [dy] and j,j' € [d3] the following properties are satisfied by function T\") defined in
Eq. (105) of Definition 2:

1. Cauchy-Schwarz inequality: FE J)l, ],(y, z)| < q%.
2. Norm value: I‘EJ)L](y,y) = % > 0.

Proof of Lemma 12: First, note that by Lemma 11 and the definition of N(*) in Eq. (103) we have,

- g—1 g1 tha1 (v ) N(,h al)
Ea,,q X Z a5t o F£+u J)+b i tas +b(y7z) Zai,%l Zb:{%l \/ + q;+b + qJ "+b
<
h h - h h
Nf,j)(y) N (2) VNS () - NS (2)

<1

(2)

Thus, by monotonicity of function 9 : [—1,1] — R and using Eq. (105), we can write,

fg}?i,d, (y,2) < q12 “ko(l) = q%. Moreover, the equality is achieved when y = z and ¢ = ¢’
and j = j'. This proves both statements of the lemma. O

We also need to use some properties of I1(%) (y, z) defined in Eq. (106) and Eq. (107). We present
these propertied in the next lemma,

Lemma 13 (Properties of II"). For every images y, z € R4 *%%¢ eyery integer h > 0 and every

i € [d1] and j € [d2] the following properties are satisfied by the ﬁmcnon ") defined in Eq. (106)
and Eq. (107) of Definition 2:
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1. Cauchy-Schwarz inequality: 1\, (Y, 2) < \/H() (y,y) - o, (2, 2).

4,54 ,J 4,0,%,3 VARV

h- NHY ifh< L
2. Norm value: 1) (y,y) = { (y) ifh<

1,5,,J L—1 N(L <y) lfh:L

Proof of Lemma 13: The proof is by induction on h. The base of induction corresponds to h = 0. By
definition of HE J)Z ; = 0in Eq. (106), the base of induction for both statements of the lemma follow
immediately.

Now we prove the inductive hypothesis. Suppose that the lemma statement holds for i — 1. We prove
that conditioned on this, the statements of the lemma hold for h. There are two cases. The first case

corresponds to A < L. In this case, by definition of HE j)l ;(@, ) in Eq. (106) and using Lemma 11
and Lemma 12 we can write,

155 02 = Z Z M0, 2) 0 P (g, 2) + 1) (3, 2)

i+a,j+b,i'+a,j’ +b

a:,u bi,qi
q—1 g—=1 (h—1) (h—1) (h) (h)
< 2 2 I ajibitays @ ¥) Tk a0 (2 \/Nz+a sro@) - Nyl i (2)
= Z Z q? q>
a=—9=1 p—_a-1
2 2
(h—1) (h) (h—1) (k)
2 HH—a j+b,ita, ]+b(y7 y) Nw+a ]+b(y) Hl '+a,j’' +b,i’ ta,j’ +b( ) + Nl '+a,j’ +b( )
=S >, > - .
a=— q 1p——
h
<1y /I, (),

where the second line above follows from inductive hypothesis along with Lemma 11 and Lemma 12.
The third and fourth lines above follow by Cauchy—Schwarz inequality. The second case corresponds

to h = L. In this case, by definition of HE j)l, it (y, z) in Eq. (107) and using Lemma 11 and Lemma 12

along with the inductive hypothesis we can write,

(L) — |7(&—1) (L)
n8, 2| = 1520 0,2 18, (w,2)]

(L-1) (L
Hijij( 2% ) H1,7,1,],(z Z)

— /1
Z]ij’ Hz’]’z/j/

where the second line above follows from inductive hypothesis along with Lemma 12. This completes
the inductive step and in turn proves the first statement of the lemma.

To prove the inductive step for the second statement of lemma we consider two cases again. The first
case is h < L. In this case, note that by using inductive hypothesis together with Lemma 11 and
Lemma 12 we can write,

1), (v.y) = (M Dy, 0 TPy ) + T (,y)]
i+a,j+b,i+a,j+b

S5 g _1). 8™ N
_ ( ) Nivass(¥) iraj+b(Y)
- Z q2 + ¢
L
g—1 q—1
= RN O (y)
o i+a,j+b Yy
Sy Y M
a=—9=t p—_a-1
2 2
(h+1)
heNOO (),
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where the last line above follows from definition of N(") in Eq. (103). The second case corresponds
to h = L. In this case, by inductive hypothesis together with Lemma 11 and Lemma 12 we can write,
L L-1 L
I () = 0555 ) T ()
(L)

(L—-1)- Ni,j (y)

q? '
This completes the inductive step for the second statement and in turn proves the second statement of
the lemma. This completes the proof of Lemma 13. O

G CNTK Sketch: Algorithm, Claims and Invariants

In this section we give our sketching algorithm for the CNTK kernel and prove our main theorem
for this algorithm, i.e., Theorem 4. We start by introducing our CNTKSKETCH algorithm in the
following definition:

Definition 3 (CNTKSKETCH Algorithm). For every image € R%*92X¢ we compute the CN-
TKSKETCH, \Ilgﬁt)k(x), recursively as follows,

olets = (5(?—;) = 6(2) ny = 6(?—4) m = (5(%) and s* = O(Z%log §) and
P (o) = ?pér ¢ - ol and P(p)( )= 2p H by - ! be the polynomials defined in Eq. (6).

relu relu

: : (h)
1. For every i € [di], j € [do], and h = 0,1,2,... L compute N; ' (x) as per Eq. (103) of
Definition 2.

2. Let S € R"*° be an SRHT. For every i € [dy] and j € [d2], compute qﬁgg) (x) € R” as,
) (z) S w(i.- (109)

2]

2p+2
3. Let Q?P*2 ¢ R (7°7) be a degree-2p + 2 POLYSKETCH , and T' € R"*(2P+3) pe an
SRHT. For every h € [L], every i € [di] and j € [d2], and I = 0,1,2,...2p + 2 compute:

o %qﬁ(hl)()

h i+a,j+b
i (@) D 0
a=—95% b=—151 Ni(,j)(m)
®1
2], e @ (] e (10)

’

’ 2p’+1 ’
4. LetQ?+! ¢ R *(4°7) be a degree-2p’ + 1 POLYSKETCH , and W € R**(2P'+2)m1 pe
an SRHT. For every h € [L],i € [d1],] € [de], and [ = 0, 1, ...2p" + 1 compute:

], e @ ([1w)] " e ).

2’ +1 (111)

i@ oW @ Va V@],
=0

5. Let Q% € R***” be a degree-2 POLYSKETCH , and R € R¥*7°(s%7) be an SRHT. Let 1/)570]) ()
0 and for every h € [L — 1], and i € [d1],j € [d2], compute 1/)53) (z) € R as:

(@) Q? (wi (@) @ ¢><h>< )) @ o) (@),

déz)(x) «— R 6{9 6}9 nr+aj+b

a—4~441b

(112)
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Forh=L)  v@) <@ (vl V@@ @), (113)

6. Let G € R* ** be a random matrix of i.i.d. normal entries with distribution A/(0,1/s*). The
CNTKSKETCH is the following:

1
Vah(y2) = 5 G| D0 D wii@) | (114)

i€[d1] j€[d2]

In the following lemma, we analyze the correctness of the CNTKSKETCH algorithm by giving the
invariants that the algorithm maintains at all times,

Lemma 14 (Invariants of the CNTKSKETCH ). For every positive integers dy,ds,c, and L,
every €, > 0, every images y,z € RU*®2Xc jif we Jer N(B) . Rhxdaxe _ Rdixds
TP (y, 2z) € Raxdzxdixdz qug TN (y, 2) € RUX42Xd1Xd2 pe the tensor functions defined in
Eq. (103), Eq. (104), Eq. (106), and Eq. (107) of Definition 2, respectively, then with probability at
least 1 — 0 the following invariants are maintained simultaneously for all i,i' € [d1] and j, j' € [d2]
and every h =0,1,2,...L:

1. The mapping qbg}) () computed by the CNTK Sketch algorithm in Eq. (109) and Eq. (110) of
Definition 3 satisfy the following,

(h)

2 N; (z)
h h h 9

(003 W) 605 2)) =Ty w.2)| < (1) - g v .

2. The mapping 1/)52) (+) computed by the CNTK Sketch algorithm in Eq. (112) and Eq. (113) of
Definition 3 satisfy the following,

e . _h? (h+1) h+1) .

T0 N Y z 1 h<L
(@il ) =Ty we2)| 17 70 A R e

1£0 ’ q72 \/N z’ /( ) lfh =L

Proof of Lemma 14: The proof is by induction on the value of h = 0,1,2,... L. More formally,
consider the following statements for every h = 0,1,2,... L:

P1(h) : Simultaneously for all ¢,4" € [d1] and j, j’ € [da]:

(h) (h)
£2 N7 (y) - Ni (=)
(h) (h) (h) \/ irj i"j
<¢i,j (v), ¢i’,j’(2)> - Fi,j,w,j/ (Y, Z)’ (h+1)- 60L3 e )

(h)
O N O) (h+1)-e2 N;;(y)
i (y)H2 —TLijii (y>y)’ S TeF

¢
2 L2 N_(/h)., z
/h)/(Z) F(/h)/ Y (Z, Z) § (h + 1) c . Ly ( )
V) VALY 60L3 q2

P2(h) : Simultaneously for all ¢,4" € [d;] and j, j’ € [da]:

c h2 (h+1) (h+1) .

e . /N NIV(z) ith <L
h h I h) i

‘<wz(,])(y)7¢1(’,;/(z)> E]Z N (y,z) < * \/

i e _ L L . ’
£ Ll '\/Ni(,j)( ).Nf,,j,(z) ifh=1L

2
0 H2 ON < £ _hT Ny
(y) 2 ,7,2,] (y’ y) — 10 L 1 1,] (y))

,_.
<)
t~
—

~

(only forh < L) :

2 € h?
o @), -1 (22)] € o NI,

ly f L):
(only for h < L) <0 I+1 g
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We prove that probabilities Pr[P; (0)] and Pr[P»(0)|P;(0)] are both greater than 1 — O(§/L). Addi-
tionally, for every h = 1,2, ... L, we prove that the conditional probabilities Pr[P; (k)| Py (h — 1)]
and Pr[P2(h)|Py(h — 1), Py(h), Pi(h — 1)] are greater than 1 — O(6/L).
The base of induction corresponds to & = 0. By Eq. (109), qi)l(.?j) (y) = S -y, and d)E,O}j,(z) =
S - 2(ir,j,:)» thus, Lemma 2 implies the following
0
Joro(s)
BEL

0 0
Pr[[(6w), 007 (2)) = (W1, 20.5.)| £ O (2/L%) - Mgzl 2003
therefore, by using Eq. (103) and Eq. (104) we have
N(O)( ) N.(,O)-/(Z) s
(0) 0 (0) 2,03y Vi i, 3
" [K% ()00 (2)) =Ty 0:2)| < O (/L) 7 =1-0 <d’;’d§L> '

Similarly, we can prove that with probability at least 1 — O ( BB L) the following hold

. NO®)
(0) 2 (0) 2,73 ij \Y
“ ¢¢,j (y)H2 - Fi,j,i,j (ZJ’?J)‘ <0 (5 /L ) : 2
(0)
2 N, 7 (2)
|62 @), =105 (2 2)| < O (/2%) - =2

By union bounding over all 4,7’ € [d1] and 7, j* € [d2], this proves the base of induction for statement
Py(h),ie., Pr[P(0)] > 1—O(§/L).

Moreover, by Eq. (112), we have that 1/)1(70]-)( ) =0and z/;l, ., (z) = 0, thus, by Eq. (106), it trivially
holds that Pr[P2(0)|P1(0)] =1 >1— O(4/L). This completes the base of induction.

Now, we proceed to prove the inductive step. That is, by assuming the inductive hypothesis for
h — 1, we prove that statements P; (h) and P»(h) hold. More precisely, first we condition on the
statement P; (h — 1) being true for some h > 1, and then prove that P; (h) holds with probability at
least 1 — O(§/L). Next we show that conditioned on statements Pz (h — 1), P1(h), P (h — 1) being
true, P»(h) holds with probability at least 1 — @(d§/L). This will complete the induction.

First, note that by Lemma 2, union bound, and using Eq. (110), the following holds simultaneously

forall i,i’ € [di] and all §, j/ € [da], with probability at least 1 — O (£),

(000, 0) - OO X2 (gm] [ o)) <0 (%) -4
=0

N ( N( P 2
wnere 4 Dt ] [ i [ ] [ ms e

collection of vectors { {Z( )(y)} } and { {Z( ) (z )] } and coefficients cg, c1, ¢, . . . Copy2
1J1=0 1Ji=0

are defined as per Eq. (110) and Eq. (6), respectively. Additionally, by Lemma 1 and union bound,
the following inequalities hold, with probability at least 1 — O ( %), simultaneously for all [ =
0,1,2,...2p+ 2,all 4,7 € [di] and all j, j' € [da]:

([256)] - [25.)]) - (@) | <0 (5) [, | ),
25wl < 1(1) 3w, (116)
[Z5e] < el

Therefore, by plugging Eq. (116) back to Eq. (115) and using union bound and triangle inequality as
well as Cauchy—Schwarz inequality, we find that with probability at least 1 — O (%), the following
holds simultaneously for all 7,7’ € [d1] and 7, j' € [do]

) ()N, (2
(om0 ) - YmOTE p (.0t 1))

52
<0 (ﬁ) "B, (117
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N N (2) h h
where B = NG \/ 2 (1) 0)13) - P2 (10, (2)13) and PR (a) =
Z?p ar ¢ - o is the polynomial defined in Eq. (6). By using the definition of ,uz(»? () in Eq. (110) we
have,
h—1 h—1
o s T2 o () 0 ()
</’L177( ) My N ( )> - (h) (h) ’
Ni,j (y)Ni/,j'(z)
Euto],
‘ o ( >H2 = E“’ 7 12“ 5t [|Pitas e W], (118)
/’67,] Yy 9 N(h)( )
2,7 Y
131 131 h—1 2
(h) 2 Zai,q;l Zbi,a;l (Z)z("Jra,}’er(Z)H2
|1 )| = : . :
? N (2)
Hence, by conditioning on the inductive hypothesis P; (h — 1) and using Eq. (118) and Corollary 1
we have,
2 2 2 2
(h) l<n. = ‘(’ﬂ, H_<.6
““w (y)Hz 1‘ ShGoms and' Hir g ()|, =1 = Gogae
Therefore, by invoking Lemma 4, it follows that | P (|| ,ug;)( )||§) P (1 )‘ <h- 65% and
P (118, (2)13) = PEL()] < R+ s Consequently, because PE,(1) < P (1) = 1,
we find that
h
Lol YNEONGE)
- 10 q? '

VN NG (2) o :
=+ =2 %0~ By plugging this into Eq. (117) and using
., .

For shorthand we use the notation 5 := 7
the notation 3, we find that the following holds simultaneously for all ¢,3" € [d;] and all 7, j’ € [d2]

with probability at least 1 — O (£),
2
‘<</>§,'}) (y),¢>f-ff3f(2)> 8- P, (<u§}§) (v), u(f§/(2)>)‘ <0 (;) B

Furthermore, by conditioning on the inductive hypothesis P; (h — 1) and combining it with Eq. (118)
and applying Cauchy—Schwarz inequality and invoking Corollary 1 we find that,
i )

(119)

CHONTNENE Pl B W

Nf?(y) N{"(2)

Er,q 1 ZE%I \/Nz(ia ;)er( ) Nz(]:—al; +(2) L &2

fo;) ) N o a2
_ _ h1
\/Za—fq 1 sl w \/2531‘1212:—21‘721%%() h-e2
N W) N 2) oz
2
—h. 68?’
where the last line follows from Eq. (103)
1 1
Z::TJT“ Z::Tq_l Pl s +b(y’Z). Note that by

For shorthand, we use the notation -y
wv“”( )N (2)
Lemma 11 and Eq. (103), —1 <~ < 1. Hence, we can invoke Lemma 4 and use Eq. (120) to find
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that,
2

h h €
Pr(eIBu <</1’£J)(y) N’E z ( )>> Pr(fl?u ) <h- 60L3"
By incorporating the above inequality into Eq. (119) using triangle inequality we find that, with
probability at least 1—O (£), the following holds simultaneously for all i, i’ € [d;] and all 5, j’ € [da]:

2 L2
(o0 2) - - P < (0 (55) + oge ) - (121)

Additionally, since —1 < v < 1, we can invoke Lemma 3 and use the fact that p = [2L2 / g4/ ‘3] to
conclude,

P () — k1 (7)

relu

<%

~ T6L3

By combining the above inequality with Eq. (121) via triangle inequality and using the fact that,
by Eq. (104), 5 - k1(7y) = FE’S)Z (Y, z) we get the following inequality, with probability at least
1-0(2),

(h) (h)
NN )
h h h S ,j i’.j
’<¢§7])(y)7¢5’,;’(z)> FE ])7,"7/(y7z)‘ S (h+ ]-) : 6OL3 : q2 .

Similarly, we can prove that with probability at least 1 — O (%) the following hold, simultaneously
forall 4,4’ € [d1] and j, j’ € [da],

(h)
(h) 2 (h) (h+ 1)52 Ni,j (y)
d)i,j (y)HQ_FZj’L]( y)‘g 603 : q2

)
® (A2 (h+1)e* Niji(2)
.dy (2 )Hz Lo j/(z’z)’ S Teorr T g

This is sufficient to prove the inductive step for statement P (h), i.e., Pr[Py(h)|Pi(h — 1)] >
—0O(8/L).

Now we prove the inductive step for statement Py(h). That is, we prove that conditioned on

Py(h — 1), Pi(h), and Py (h — 1), P»(h) holds with probability at least 1 — O(6/L). First, note that

by Lemma 2 and using Eq. (111) and union bound, we have the following simultaneously for all

i,i' € [di] and all 5, 5’ € [da], with probability at least 1 — O (£),

<¢>§};)(y) ¢£’h)’ >7 % pzo <[ (h) L’ [Ylghj)’(z)}) =0 (%) 4, (122)

. 2 2
where A := _ - \/Zzp by H } \/ZQP AR H o, , )LH and the collection of
2
)

(h) 2p /1 (h) 2;1) —+1 .
vectors { [Y (y )} l} and { { ) (z } } and coefficients by, b1, ba, . . . bap 41 are defined
1=0 =0

as per Eq. (111) and Eq. (6), respectwely By Lemma 1 and union bound, with probability at least
1-0 ( L) the following inequalities hold true simultaneously for all [ € {0,1,2,...2p’ + 1}, all
i,7" € [d1] and all 7, j' € [da],

’

(o], o] - (ntsio)] <o (2)- ol sl
[ke H) —1(1) | 5}3)(”“? (123)
HYiEh)’ }H =10 ’ (h; HQI

Therefore, by plugging Eq. (123) into Eq. (122) and using union bound and triangle inequality as
well as Cauchy—Schwarz inequality, we find that with probability at least 1 — O (%), the following
holds simultaneously for all 4,4" € [d;] and j, j’ € [da]

(80,80 0) - - PR (W 0)| <o (5) B am
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5 h h
where B := ¢P£51u (16 @18) - £ (118, (2)113) and B2, (@) = 323267 b - alis
the polynomlal defined in Eq. (6). By conditioning on the inductive hypothesis Pl(h — 1) and
2

h
| w1
h - 652 Therefore, using the fact that p’ = [9L2 / 62] and by invoking Lemma 4, it follows that
: h h y
P (11 w)13) = PR < S and | P2 (1), (2)13) — PEL)] < 5. Conse-

relu relu — 20L2
quently, because Pr(fh)l( 1) < P29 (1) = 1, we find that
11

10-¢2°

using Eq. (118) and Corollary 1 we have <

&2
Shwand“

2
h
Mz(',j)(y)HQ -1

B<

By plugging this into Eq. (124) we get the following, with probability at least 1 — O (%) ,

‘<¢<’“< 22 - Pﬁi&&((uﬁ?(>u<§<z>>)‘<0<qu>~ (125)

=7 3z, PR s IR O

. a——_ q 1 q 1 7+a. j+b,i' 4a,j’ +b

Furthermore, recall the notation v = - h) (h and note that by
wv )N, (2)

Lemma 11 and Eq. (103), —1 < v < 1. Hence, we can invoke Lemma 4 and use the fact that
p' = [9L?/£?] to find that Eq. (120) implies the following,

Pl () .1, () = PR 0| < 375

By incorporating the above inequality into Eq. (125) using triangle inequality, we find that, with
probability at least 1—O (%), the following holds simultaneously for all 4,4’ € [dy] and all j, j* € [d5]:

. 1 Lol h
‘<¢§,’?( ) B (2)) — = P <O< 2L2>+q2-2022. (126)

Since —1 < v < 1, we can invoke Lemma 3 and use the fact that p’ = [9L2 / aﬂ to conclude,

P () = o (7)

relu

’ <=
— 15L
By combining above inequality with Eq. (126) via triangle inequality and using the fact that, by
Eq. (105), % - ko(7) = )

i.j.i 5 (Y> 2) we get the following bound simultaneously for all 7, i’ € [d1]
and all 5, j’ € [da], with probability at least 1 — O ($):

[CEIORAONES v

<1 €
=2

S (127)
q

), the following hold simultaneously

Similarly we can prove that with probability at least 1 — O (%

forall 7,4’ € [d1] and all 7, j' € [da],
(h) () 1 e
SL’ (7251’ ’( )H Fl’j/z/J’(Z Z) q28L

We will use Eq. (127) and Eq. (128) to prove the inductive step for Py (h).

<

(F F 1 ¢
(bg,})(y)H ~1 L, )‘ <55 “

Next, we consider two cases for the value of h. When h < L, the vectors wg?j) (y), wz(,h 3,(z) are
defined in Eq. (112) and when h = L, these vectors are defined differently in Eq. (113). First we
consider the case of h < L. Note that in this case, if we let 77( )( ) and 17( ) ,(z) be the vectors
defined in Eq. (112), then by Lemma 2 and union bound, the followmg holds 51multaneously for all

i,i' € [di] and all 5, j' € [d>], with probability at least 1 — O (£):

(B @) = 3 > (i) O(/L)- D, (129)
azfq—;lbzfq—;l
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— = () =N (h) 2
where D := Za, a1 Zb:,qi;l ||n2+a,j+b( )H Za, a1 Zb:,% ||ni’+a,j’+b(2)||2'
Now, if we let f; ; := 1/)1(}; V) ® Q-S(h)( ) and gy o = z/Jz(,h Mz ) ® QSE,hz,(z) then by Eq. (112),

h) h
m(d (y) = (Q* fij) ® (;35’}( ) and nf, (2) = (Q% - giryr) ® (Z)Z, /( ). Thus by Lemma 1 and
union bound, with probability at least 1 — (’) (g), we have the following inequalities simultaneously
forall i,7" € [d1] and 7,5’ € [da]:

(1), nf/h}( ) = (i girat) = (0 W) 00 (2))] <O (5) - Wil giraly
\nf?( |} < 15 1B

Therefore, if we condition on inductive hypotheses P (h) and Py(h — 1), then by using Corollary 1,
Lemma 13, the inequality Eq. (128) and Lemma 12 along with the fact that | f; ;||3 = Hw(h 1)( )3

H¢£}z) (y)|13, we have:

o) (y) H (130)
? 2

2
’/J' Z)HQ

_10

G, < 30l 3+ |6

Z Z I @13

a,771 b=— 2
A N® - (y)
i+a,j+b

S Z Z 10||fl+aj+b”2+rl+a]+b i+a, ]+b(y y)—"_W
a__il b——q 1
RN (h—1) 2 ()

= 10 Z Z sz-ka ]+b ”2 ||¢1+a J+b( )”2 + Fz+a Jj+b,i+a, j+b(y7 y)

a——— b*——

12

IN

(h) (h)
10 Z Z Hz+a FAREDIRY (V)5 WAPERNPIRY (V) RS WA RAIPONN (77)

azfiq lbffq 1

_ 12 o 12 (h)

- 10 Hz]z](y y) 10 “h- N (y)7
where the fourth line above follows from the inductive hypothesis P,(h — 1) along with Eq. (128)
and Lemma 12 and Lemma 13. The last line above follows from Eq. (106) and Lemma 13. Similarly

we can prove Z%l Z% I (h) )2 < 2. h- N(h+1)(z) thus conditioned on
p D SPRIES E i +a,j+b 2 > 79 il ’

Py(h — 1), P1(h), P1(h — 1), with probability at least 1 — O (£):

D<— BN ) NI ),

By incorporating this into Eq. (129) it follows that if we condition on Py(h — 1), P1(h), Pi(h — 1),
then, with probability at least 1 — O (£), the following holds simultaneously for all 7,4’ € [d;] and
all j, j' € [da],

<¢(Z)( )¢ > Z Z <nz(i)a,j+b Y), nz(hJZa,g e )>

B (131)

O (ch/L)- \/N h+1) N(h+1)( ).

Now we bound the term ‘<771(h]) (y), nz(,h;/ (z)> —fijrgirj7) — <¢l(hj) (y), ¢£,h;/ (z)>‘ using Eq. (130),
Eq. (128), and Lemma 12 along with inductive hypotheses P,(h —1) and Lemma 13. With probability

47



atleast 1 — O () the following holds simultaneously for all 4, i’ € [d;] and all j, j' € [do]:
(08 @0 (2)) = i girar) = (68 w), 60 ()
<O (2) ) ) D0 ) TS (2 B, (52)

e\ VNG @) NS (G)
=0 - =

)

(h)

where the last line above follows from Lemma 13 together with the fact that Fl i j(y,y) =

F(,,,,(zz) %.

EVARLIEY) q’

By combining the above with inductive hypotheses P;(h), Po(h — 1) and Eq. (127) via triangle

inequality and invoking Lemma 13 we get that the following holds simultaneously for all 4, i’ € [d;]

and all j, j’ € [ds], with probability at least 1 — O (%),

(08 @) (@) =0 ) - B0 0,2) = T8, (w,2)]
(h—1)?

€ (h) (h) (h) ’ - ‘ (h=1) ‘
S48 : iyJ ! i’ 1 i1 \Yy S o7 r 2 \Y,
S0 Te VN W) NoGi(z) (F””(y )+q2 8L>+q2 sp W w2)
(1) VNGO NGE) | eny YN0 NG)
60L> e I e
(h) h)
g (h — 1)2 Nz,] (y) : Ni/,j’(z) € h—1 € ) )
< = . . 1+ = L= /N N,
— 10 L+ 1 q2 ( + 8L) + q2 SL i, (y) i’ ,j (Z)
(h+1)-€  ,(e-h NI (y) - Ny, (2)
T\eor TOUT @
e n2—n2 NG -NL(G)
=10 L+1 PR '
By plugging the above bound into Eq. (131) using triangle inequality and using Eq. (106) we get the

following, with probability at least 1 — O (é).

L
(Wt () -1, (0:2)

< O(ch/L) - \/N (rt1) N(h+1)( )

P 0 (h
Ny i Z VNG @) N (2
10 L+ 1 T, q?
O (ch/L) - \/N (ht1)( Nf,hj, 1)( )
N Q)
& h2 — h/2 ’l+¢l ]+b(y) Nz +a] +b( )
RTINS I sz ' sz
e h? (h+1) (h+1)
<= . 2 /N NFD ().
< VNG ) N )

(132)

Similarly, we can prove that with probability at least 1 — O (%) the following hold simultaneously
forall 7,4’ € [d1] and all 7, j' € [da],

(h) H2 ) < £ I oy
\ww (y) , "L v)| < 15 71 Nig (¥),
2
(h) H2 ", <& _h WD)
“wz’ﬂ’(z) , Mgy (#:2)] < 10 T Voo @)
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This is sufficient to prove the inductive step for statement Py(h), in the case of h < L, i.e.,
Pr[Py(h)|Pa(h — 1), Pi(h),PL(h —1)] > 1—-O(§/L).

Now we prove the inductive step for Py(h) in the case of h = L. Similar to before, if we let
L-1 (L L-1 (L

fig = 0 () @ ¢ (y) and g = 97V (2) ® 647, (), then by Eq. (113), we have

%(?)(y) =Q?- fi;and wf,L]), () = Q? - gy j. Thus by Lemma 1 and union bound, we find that,

with probability at least 1 — O (%) the following inequality holds simultaneously for all 7,3’ € [d4]
and j, j € [da]:

(05w, 0" () = s g3 < O (3) - Il lgir .-

Therefore, using Eq. (128) and Lemma 12 along with inductive hypotheses Po(L — 1) and Lemma 13,
with probability at least 1 — O (£), the following holds simultaneously for all 4,7’ € [d;] and
j 7j ! € [dg],

(5 @), () = (s grr)

13 L—1 L—1

SO(Z) VIE D ,y) 1D, () -0 (22) T, L (2,2)
L L

VD) B @)

q2

By combining the above with inductive hypotheses P; (L), P,(L — 1) and Eq. (127) via triangle
inequality and invoking Lemma 13 and also using the definition of TTI(%) (y, z) given in Eq. (107), we
get that the following holds, simultaneously for all 7,i" € [d1] and j, j’ € [ds], with probability at

least1 — O (%),

(6D @) 0 2) — 18, 5w, 2)

—0()-

e (L-1)? @) @ (L) ‘ 1« 1 & |qe-n
< —- ° N, 'N-/-/ : F Y ) 5 T o7 5 T o7 II Y 3
<15 ¢ SN ([P @+ 5 5p) e sp M )
6OL3 &) e
¢N D@ ey e
N ) )
< — . M g = 5 ° ;4 N i
<% L+1 <1+8L)+ o VN W) N )
@) )
N (L+1)-¢2 \/N Ny i (2)
60L3
L1 \/N(L’ N (2)
- 1() q? '

This proves the inductive step for statement Py(h), in the case of h = L, i.e., Pr[Py(L)| P2 (L —
1), P (L), P\(L—1)] > 1—O(4/L). The induction is complete and hence the statements of lemma
are proved by union bounding over all h = 0,1, 2, ... L. This completes the proof of Lemma 14. [J

In the following lemma we analyze the runtime of the CNTK Sketch algorithm,
Lemma 15 (Runtime of the CNTK Sketch). For every positive integers di,ds,c, and L, ev-

ery €, 6 > 0, every tmage r € RUXd2Xe the time to compute the CNTK Sketch \Ilcntk( ) €
, for s* = O( logé), using the procedure given in Definition 3 is bounded by

o (% - (dydy) - log® dldzL)-

Proof of Lemma 15: First note that the total time to compute Ni(z) (x) foralli € [di1] and j € [do]
and h = 0,1,...L as per Eq. (103) is bounded by O (qu . dldz). Besides the time to compute

Ni(g)(x), there are two other main components to the runtime of this procedure. The first heavy
®l

operation corresponds to computing vectors [Zf};)(x)}z = Q2. ([ME};) (x)} ® e?2p+2_l

forl =0,1,2,...2p+2and h = 1,2,... L and all indices ¢ € [dy] and j € [d2], in Eq. (110).
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By Lemma 1, the time to compute [Z’(};)(x)}z for a fixed h, fixed i € [d;] and j € [d2], and all
1=0,1,2,...2p+ 2 is bounded by,

Llo 2 L 3 dldzL 2 L8 3 dldQL LlO 3 d1d2L
O<20/3 log % T ta .516/3.10g €o ):O< +Log €d )

The total time to compute vectors [Zz(’;) (:r)} forallh = 1,2,...Landalll =0,1,2,...2p+ 2
and all indices i € [d1] and j € [d2] is thus bounded by O ( - (dydy) - log® dldzL) The next

computationally expensive operation is computing vectors {Yl(?) (x)L forl =0,1,2,...2p" + 1 and

h =1,2,...L, and all indices ¢ € [dq] and j € [do], in Eq. (111). By Lemma 1, the runtime of
computing [Y( )(x)}l for a fixed h, fixed i € [di] and j € [do], and all = 0,1,2,...2p" + 1 s

bounded by,
LS L dida L 2. 18 dida L L8 L didaL
O( log2 gs 102 q 3 102 )z(’)(log log312>.

-lo
€d + b 8 €d o

Hence, the total time to compute vectors [Y-(h)(m)] forallh =1,2,...Land! =0,1,2,...2p" +1
and all indices ¢ € [dy] and j € [do] is O (Lg log - (dydy) - log® dude . ) The total runtime bound
is obtained by summing up these three contnbutlons. This completes the proof of Lemma 15. [
Now we are ready to prove Theorem 4.

Theorem 4. For every positive integers dy,ds,c and L > 2, and every €,6 > 0, if we let @cntk :
R xd2xc y Rdixd2xe _ R pe the L-layer CNTK with ReLU activation and GAP given in [5], then

there exist a randomized map \Ilgft)k Ré1xd2xe 5 RS” for some s* = O (s% log +) such that:

1. For any images 1, z € R >xdzxc¢;

Pr (| (W), WEk(2)) - O5(w.2)

< 0Ly 2)] = 1-0

2. For every image x € RU%42%¢ time to compute U'L) (x)is O (ELG—I; - (d1dy) - log? dldQL).

cntk

Proof of Theorem 4: Let 1)(F) : Rdrxdexc _y Rdixdaxs for ¢ — O (% log® dldzL) be the
mapping defined in Eq. (113) of Definition 3. By Eq. (114), the CNTK Sketch \Ilgnt)k () is defined as

(L) 1 (@) (g
\Ijntk() m'a' Z Zd)

i€[d1] jE€[d2]

The matrix G is defined in Eq. (114) to be a matrix of i.i.d. normal entries with s* = C' - E% -log %
(L)

oty Satisfies the

rows for large enough constant C'. [15] shows that G is a JL transform and hence ¥
following,

Pr [ [(PEL ) W) — o 3 (wP) 0| < 06) - 4| 21-00),
122

i,i' €[d1] 4,5’ €[d2]

1
where A := —— -
did3

(L) (L)
|5t Zietan V7 @) || e Sieran 55 2)

together with Lemma 14 and Lemma 13, the following bounds hold with probability at least 1 — O():

. By triangle inequality
2

> Y P < 1; LYY B
i€ld1] j€[da] 9 i€ld1] j€[d2]
Y Y e < BYEEL s s g
i€ld1] j€[da] 9 10 i€ld1] j€[d2]
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Therefore, by union bound we find that, with probability at least 1 — O(4):

<\I’£§2k( ), \Ilgi‘zk(z > d2d2 ‘ Z Z <¢(j z('L)/(Z)>

i,i'€[d1] 7,5’ €[dz]

<O(2d2d2) > X NPw NG

i,i'€[d1] 7,5’ €[d>]

Be combining the above with Lemma 14 using triangle inequality and union bound and also using
Eq. (108), the following holds with probability atleast 1 — O(0):

(V). ¥ )~ < el - S S NP Me.

1,3’ €[d1] 7,5’ €[d2]

L _ L
Now we prove that ©{%), (y,2) > saqL%Tlﬁ C D ireldy] 2o elds] \/N e - N{ J),( ) for every
L > 2. First note that, it follows from Eq. (104) that FZ( j)l, ],(y, z) > 0 for any 4,4, j, 7/ because

the function k; is non-negative everywhere on [—1,1]. This also implies that Fg?’i,’j, (y,2) >

NE@)-ND, (2) 1
= —— I because 1 (a) > — for every a € [0, 1]. Since, #1(-) is a monotone increasing

function, by recursively using Eq. (103) and Eq. (104) along with Lemma 11, we can show that for
(h)

N () N,f/,i,(z) )

every h > 1, the value of I'; 7., ., (v, z) is lower bounded by e roin(—1), where
E._EZ{“ : [-1,1] — R is the function defined in Eq. (3).

Furthermore, it follows from Eq. (105) that FE J)l, gy, 2) = 0 for any ,1’, j, j' because the function
1

Ko is non-negative everywhere on [—1,1]. Additionally, I‘Z iy 2) = # because k() > 5
(h) NP )N () Ly

for every o € [0, 1]. By using the inequality I'; ',/ /(y,2) = Y—"—7—— - X5, (—1) that we

proved above along with the fact that k¢(+) is @ monotone increasing function and recursively using

Eq. (105) and Lemma 11, it follows that for every h > 1, we have 1"5 J)l (Y, 2) > q% : 2._(,2{‘1(—1).

By using these inequalities and Definition of ITI(®) in Eq. (106) together with Eq. (103), recursively, it
follows that, for every 7,4, 5,7 and h = 2,... L — 1:

(h) (h+1) (h+1)
Hz]z’]’ Y. 2) = \/N Ny (2),
Therefore, using this inequality and Eq. (107) we have that for every L > 2:
(L)
(L) — 1 (L ) Zrelu( )
iy (Y2 \/N Ny (2) - e

*1 \/N(L) N (),

Now using this inequality and Eq. (108), the following holds for every L > 2:

> NP NEe).

i,i'€[d1] j,5’ €[d]

(L)
Ot (¥,2) > 9q2d2d2 ’

Therefore, by incorporating the above into Eq. (133) we get that,

L L L L
Pr[[(w5v) W) - Ol 2)| < e Oy 2)| 2 1~ 4.

Runtime analysis: By Lemma 15, time to compute the CNTK Sketch is
O (& - (dida) - log® haL).

This completes the proof of Theorem 4. O
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