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Abstract

To accelerate kernel methods, we propose a near
input sparsity time algorithm for sampling the
high-dimensional feature space implicitly defined
by a kernel transformation. Our main contribu-
tion is an importance sampling method for sub-
sampling the feature space of a degree ¢ tensoring
of data points in almost input sparsity time, im-
proving the recent oblivious sketching method of
(Ahle et al., 2020) by a factor of ¢°/? /€. This
leads to a subspace embedding for the polynomial
kernel, as well as the Gaussian kernel, with a tar-
get dimension that is only linearly dependent on
the statistical dimension of the kernel and in time
which is only linearly dependent on the sparsity
of the input dataset. We show how our subspace
embedding bounds imply new statistical guaran-
tees for kernel ridge regression. Furthermore, we
empirically show that in large-scale regression
tasks, our algorithm outperforms state-of-the-art
kernel approximation methods.

1. Introduction

Kernel methods provide a simple, yet powerful framework
for applying non-parametric modeling techniques to a num-
ber of important problems in statistics and machine learn-
ing, such as kernel ridge regression, SVM, PCA, CCA,
etc. While kernel methods are statistically well understood
and perform well empirically, they often pose scalability
challenges as they operate on the kernel matrix (Gram ma-
trix) of the data, whose size scales quadratically in the size
of the training dataset. Primitives such as kernel PCA or
kernel ridge regression generally take a prohibitively large
quadratic amount of space and at least quadratic time. Thus,
much work has focused on scaling up kernel methods by
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producing compressed and low-rank approximations to ker-
nel matrices (Rahimi & Recht, 2008; Alaoui & Mahoney,
2015; Avron et al., 2017a; Musco & Musco, 2017; Avron
et al., 2017b; 2014; Ahle et al., 2020; Zandieh et al., 2020).

1.1. Problem Definition

For a given kernel function & : R? x R? — R and a
dataset of d-dimensional vectors 1, xa, - - -z, € RY, let
K € R™™ be the kernel matrix corresponding to this
dataset defined as K;; = k(x;,x;) for every i,j € [n].
A classical solution for scaling up kernel methods is via
kernel low-rank approximation, where one seeks to find a
low-rank matrix Z € R**" such that Z " Z can serve as a
proxy to the kernel matrix K. In order to obtain statistical
and algorithmic guarantees for downstream kernel-based
learning applications, such as kernel regression, PCR, CCA,
etc., one needs to have spectral approximation bounds on the
entire surrogate kernel matrix. Formally, for given €, A > 0
we need Z T Z to be an (e, \)-spectral approximation to the
kernel matrix &, meaning that Z T Z has to satisfy,
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Intuitively, if A is much larger than the operator norm of K
then Z = 0 is a good solution that satisfies (1). On the other
hand if A = 0, then the target dimension s has to be at least
equal to the rank of K. In general, the statistical dimension
(or effective dimension) captures this tradeoff, defined as
Sx = Yoy )\f‘ﬁ where the ); are the eigenvalues of K.
The goal is to find a matrix Z € R**™ with a target dimen-
sion s which depends only linearly on sy, using a runtime
that is nearly equal to the number of non-zero entries (i.e.,
the sparsity) of the input dataset, denoted by nnz(X). The
main motivation of this paper is the following:

P : Given a dataset ©1,Ta,---x, € R% and a
kernel function k(-), if K is the kernel matrix cor-
responding to this dataset with statistical dimension
sx = tr(K(K+A)™'), can we compute a ma-
trix Z € R 0] (i—g log n), using
O (poly(sx, L,logn) - n + poly(logn) - nnz(X)) runtime,
such that Z' 7 7 is an (e, \)-spectral approximation to K as
per (1)?

The runtime that (P) is asking for requires the poly(sy, e~ 1)

with s =
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terms to be decoupled from the input sparsity, nnz(X).
Hence, up to low order terms, we aim for a runtime which
only depends linearly on the sparsity of the input dataset.

We address (P) for two important kernel classes: the degree-
g polynomial kernel k(x,y) = (x,y)? for some q € Z,
and the Gaussian kernel k(x,y) = e~le=vl2/2 We also
remark that, as we will later discuss in Section 3.3, our
method is very general and can be applied to the class
of dot-product kernels. As we will discuss in the re-
lated work section, all prior methods for approximating
the polynomial kernel achieve a runtime of either the
form poly(e~1, ¢,logn) - nnz(X) or poly(sy,e~!,logn) -
nnz(X), and similarly all prior results for the Gaussian ker-
nel achieve a runtime of either poly(e ™!, r,logn) - nnz(X)
or poly(syx, e 1, logn) - nnz(X), where 7 is the radius of
the input dataset. These are strictly worse than the target
runtime of (P).

1.2. Our Results

We answer problem (P) in the affirmative by designing near
input sparsity time algorithms for embedding the polyno-
mial and Gaussian kernels. Our main result for the the
polynomial kernel is given in the following theorem.

Theorem 1. For any dataset x1,-- - x, € R% any e, A > 0
and any positive integer q, if K € R™*" is the degree-
q polynomial kernel matrix corresponding to this dataset
(Ki; = (x;,2;)7) with statistical dimension sy and
% = O(poly(n)), then there exists an algorithm that
computes a matrix Z € R3*™ with target dimension
s =0 (Z—% log n) such that, with high probability, Z'Z
is an (e, \)-spectral approximation to K as in (1) using
O (poly(e™*,q,logn) - s3n + ¢®/?log*n - nnz(X)) time.

We also address (P) for approximating the Gaussian kernel
by proving the following theorem.

Theorem 2. For any dataset x1,---x, € R? such that
lzill3 < r for all i € [n], any e, X > m if
K € R™ ™ is the Gaussian kernel matrix correspond-
ing to this dataset (K;; := e‘”g“_"”j”gﬂ) with statis-
tical dimension s,, then there exists an algorithm that
computes a matrix Z € R*™, with target dimension
s =0 (i—@ log n) such that, with high probability, ZT Z
is an (e, A)-spectral approximation to K as in (1) using
0] (poly(efl, r,logn) - s3n+ r5/2log* n - nnz(X)) time.

Theorems 1 and 2 imply accelerated algorithms for kernel
ridge regression (KRR) with improved statistical and algo-
rithmic guarantees. We analyze the empirical risk of our
sampling algorithm for the KRR problem in Appendix H.
Furthermore, in the experiments section we evaluate our
approximate KRR method on various standard large-scale
regression datasets and empirically show that our method
competes favorably with the state-of-the-art, including Nys-

trom (Musco & Musco, 2017) and Fourier features methods
(Rahimi & Recht, 2008), as well as the oblivious sketching
of (Ahle et al., 2020). We show that our method achieves
better testing error and smaller runtime on large datasets
with more than half a million training examples.

Additional downstream learning applications: While we
focus on KRR here, we remark that spectral approximation
bounds form the basis of analyzing sketching methods for
tasks including kernel low-rank approximation, PCA, CCA,
k-means and many more. In the kernelized setting, such
bounds have been analyzed, without regularization, for the
polynomial kernel (Avron et al., 2014). It is shown in (Co-
hen et al., 2017) that (1) along with a trace condition on
Z ' Z (which holds for the sampling approaches we con-
sider) yields a so-called projection-cost preservation con-
dition. With X chosen appropriately, this condition ensures
that Z T Z can serve as a proxy for K for approximately
solving kernel k-means and for certain versions of kernel
PCA and kernel CCA. See (Musco & Musco, 2017) for
details, where this analysis is carried out for the Nystrom
method.

1.3. Prior Work

A popular approach for accelerating kernel methods is based
on Nystrom sampling. We refer the reader to the work of
(Musco & Musco, 2017) and the references therein. By
recursively sampling Nystrom landmarks according to the
so-called ridge leverage score distribution, Musco & Musco
(2017) prove that for any kernel K with statistical dimension
Sx, there exists an algorithm that outputs a matrix Z €
R#*™ with s = O (2> logn) which satisfies the spectral
approximation guarantee of (1) with high probability, using
0 (ni—g log?n + *2Jogn - nnz(X) | runtime. However,
the leading term in the time complexity of this method is
O (2 logn - nnz(X)), which unsatisfactorily depends on
€1 and also depends linearly on sy. Hence, for both the
polynomial and Gaussian kernels our Theorems 1 and 2
improve on the runtime of this method by a factor of € ~!s.

Another popular line of work on kernel approximation prob-
lems is the Fourier features method of Rahimi & Recht
(2008). It is proved in (Avron et al., 2017b) that this method
can achieve spectral approximation guarantees for the Gaus-
sian kernel using a sub-optimal number s ~ e_2§ logn
of samples and O (¢~2% logn - nnz(X)) runtime. This
sample complexity is substantially larger than our result
in Theorem 2. Furthermore we improve the runtime of this
method by a factor of e 2 % However, (Avron et al., 2017b)
show that this method can be modified to achieve a sam-
ple complexity of s = ©(1)? - £ log n using a runtime of
O(1)?- £ log n-nnz(X). For constant dimensional datasets
(constant d) the number of samples that (Avron et al., 2017b)
achieve is comparable to our target dimension in Theorem 2
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but it deteriorates exponentially with the dimension d. Fur-
thermore, the runtime of this method is substantially larger
than our runtime by a factor of ©(1)% - ¢~ 2s,.

In the linear sketching literature, (Avron et al., 2014) pro-
posed an oblivious subspace embedding for the polyno-
mial kernel based on the TensorSketch of (Pham & Pagh,
2013). They applied this method to a wide array of kernel
problems, including PCA, PCR, CCA. The runtime of this
method, while nearly linear in nnz(X), scales exponentially
in the degree g of the polynomial kernel. Their runtime for
0q .2

the degree-¢q polynomial kernel is O (qi% + ¢ -nnz(X )) ,
which has an unsatisfactory 3¢ term.

Recently, (Ahle et al., 2020) proposed a new oblivious
sketching solution for the polynomial kernel that improves
the exponential dependence of TensorSketch on g to poly-
nomial. Ahle et al. (2020) gave an algorithm that outputs a

matrix Z € R*" with s = O (3 ) which satisfies the
spectral approximation guarantee of (1) with high probabil-
ity. Their algorithm has O (% “n+ %2 -nnz(X )) run-

time'. This runtime has an undesirable inverse polynomial
dependence on € and scales sub-optimally with the degree
of the polynomial kernel as ¢°. Our Theorem 1 improves
the runtime of (Ahle et al., 2020) by an e 2¢®/2 factor.
Moreover, they showed that their sketch for the polynomial
kernel leads to an efficient oblivious sketch for the Gaussian
kernel on bounded datasets. Ahle et al. (2020) gave an al-
gorithm that for any dataset x1, 2, - - - &y, € R¢ with radius

~ 5
r, computes a matrix Z € R**™ with s = O (7" Sk) which

E2

spectrally approximates the Gaussian kernel matrix corre-
sponding to this dataset as in (1) with high probability. This
was the first result that resolved the curse of dimensionality
for embedding the high dimensional Gaussian kernel. The

algorithm has O (Tiﬁ* ‘n+ :—; . nnz(X)) runtime, which

unsatisfactorily depends on 1/¢2 and scales poorly as a func-
tion of the dataset’s radius as 7%. Our Theorem 2 improves
this runtime by a factor of e~277/2,

1.4. Our Techniques

Our method relies on the fact that any kernel function
kE : R x R? — R defines a lifting ¢ such that the ker-
nel function computes the inner product between the lifted
data points, i.e., k(z,y) = (¢(x), #(y)). Therefore, any
kernel matrix K can be decomposed as K = & ® where
® is a matrix with n columns whose columns are the lifted
data points ¢(x;). Our approach is to design an importance
sampling matrix I such that Z = I1® satisfies the spectral
approximation guarantee of (1). Our algorithm generates
a sampling matrix II that samples a small number of rows

'O notation hides poly(log n) factors.

of ® using a recursive leverage score sampling technique,
which has been extensively applied to various algorithmic
problems in the literature (Kapralov et al., 2014; Alaoui &
Mahoney, 2015; Cohen et al., 2016; Musco & Musco, 2017;
Avron et al., 2017b; Cohen et al., 2017). Our main novelty is
in generating a sample from the leverage score distribution
without ever forming the entire distribution explicitly, as the
support size of this distribution is equal to the number of
rows of ® which is typically high (even infinite).

For the polynomial kernel, the lifting matrix is ® = X©9,
where X®9 is a d? x n matrix whose columns are obtained
by a g-fold self-tensoring of the columns of the dataset
matrix X € R4*™ (see Section 2 for notation). After mul-
tiple reductions, our importance sampling problem boils
down to performing ¢>-sampling on a vector of the form
X®4y, where v is an arbitrary vector in R"™. Here by /5-
sampling of a vector, we mean sampling a coordinate pro-
portional to its squared value. We design a primitive that
can generate a sample ¢ € [d%] with probability propor-
tional to the squared value of the i*" entry of the vector
X®4y using roughly nnz(X) time. Our algorithm relies
on the fact that, by reshaping, entries of the vector X®%y
are in bijective correspondence with entries of the matrix
X®@a=1.diag(v) X T, where diag(v) is a diagonal n x n ma-
trix whose diagonal entries are the elements of v. Therefore,
our importance sampling amounts to sampling an element
of X®4~1 . diag(v)X " with probability proportional to the
square of its absolute value. We do this by first sampling
a column of this matrix with probability proportional to its
squared norm, and then sampling a row with probability
proportional to the squares of the entries of the sampled
column. After sampling a column [ € [d] of the matrix
X®4=1 . diag(v) X ", we next perform /5-sampling on the
1t" column of the mentioned matrix, which is in the form of
X®4=1y, where u = diag(v)XlT*. One can see that we have
made progress and now it is enough to iterate in this fashion
by performing ¢-sampling on X ®7~1v. However, note that
X®4=1 . diag(v)X " has d?~" rows, and hence, computing
its column norms is prohibitively expensive. We tackle this
issue by sketching the columns of X®4~! . diag(v) X T us-
ing the sketch introduced in (Ahle et al., 2020), which is
able to preserve the column norms up to a small error and
with runtime roughly nnz(X).

Our algorithm is actually more involved and includes extra
dimensionality reduction steps. In the paragraph above we
explained how to generate a single sample with the right
distribution, but in order to obtain the spectral approxima-
tion guarantee of (1) we need to generate s = O (i—; log n)
such samples. It is crucial that our runtime does not lose a
multiplicative factor of s. We heavily exploit the structure
of tensor products to reuse most computations and gener-
ate s samples in time proportional to nnz(X). Moreover,
to spectrally approximate the Gaussian kernel, we adapt
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Algorithm 1 RECURSIVE LEVERAGE SCORE SAMPLING

input: Matrix ¢ € RDxn N\ e Ri,ee Ry, peRy
output: Sampling matrix IT € R$*P

1: s + C'%; logy n for some constant C

SQ — {O}lXD

T + [log,y %]

fort =1to T do
S + ROWSAMPLER (®,S;_ 1P, \;_1,5)
)\t == )\t71/2

end for

return II = St

R A A S

our sampling algorithm to a truncated Taylor expansion of
the Gaussian kernel. Furthermore, in Section 3.3 we dis-
cuss how our method can be generalized to any dot-product
kernel.

2. Preliminaries

Throughout the paper, for any matrices A € R™*" and
B e R¥>" A @ B e Rmtd)xn denotes the vertical con-
A
Bl
Moreover, A ® B € R(Mdxn denotes the vertical ten-
sor product of A and B. The rows of A ® B are indexed
by (i,7) where ¢ € [m] and j € [d] and for any [ € [n],
[A® Bl j)u = Aiy - Bj;. We also use A®? to denote,
A1 =AR A - - ® A.

q terms
For any matrix X we use X; , to denote its it" row and we
use X, ; to refer to its it" column. Also for any set S, Xg ,
denotes a sub-matrix of X that includes rows 7 € S of X.

catenation of A and B,ie., A® B =

3. Algorithm and Analysis

Let ® € RP*" be the feature matrix whose columns are
the projections of the data points in the feature space. We
start by presenting a recursive importance sampling algo-
rithm that efficiently computes a matrix Z which satis-
fies the spectral approximation guarantee of (1) for the
kernel K = ®T®. Sampling rows of ® with probabili-
ties proportional to the squared row norms of the matrix
®(®T® + \I)~'/2, which are known as the ridge leverage
scores of @, is an efficient sampling strategy for obtaining
the spectral approximation guarantee of (1). In Algorithm 1,
we give a generic recursive method for performing approxi-
mate leverage score sampling on any matrix ®. The recur-
sive procedure works by generating samples from a crude
approximation to the leverage scores and iteratively refining
the sampling distribution. We first introduce the definition
of a row norm sampler as follows,

Definition 3.1 (Row Norm Sampler). Let ® be a D x n ma-
trix with rows ¢y, ¢o, - - - ¢p € R™. For any probability dis-

tribution {p;}2 | that satisfies p; > % H?H”; for all i € [D],
and any positive integer s, a rank-s row norm sampler for
matrix ® is a random matrix S € R**? which is con-
structed by generating s i.i.d. samples j1, ja, - Js € [D)]
with distribution {p;}2, and letting the r*" row of S be

1T D
5= for every r € [s], where e1,e3,---ep € R” are

the standard basis vectors in R,

Now we are ready to prove the correctness of Algorithm 1,

Lemma 3. Suppose that for any matrices ® € RP*" and
B € R™ " any X' > 0, and any positive integer s', the
primitive ROWSAMPLER(®, B, X', s') returns a rank-s' row
norm sampler for matrix ®(BT B + X'I)~'/2 as in Defini-
tion 3.1. Then for any matrix ® € RP*" with statistical
dimension sy = || ®(®T® + \I)~2||%, any \, e > 0, any
W > sy, Algorithm 1 returns a sampling matrix I1 € R3*¢
with s = O( % logn) such that with probability 1 — 1W1(n)’
T T
M <O + N < M
1+4+e€ 1—e€

The proof of this lemma is included in Appendix C.

3.1. Adaptive Sampling for the Polynomial Kernel

The polynomial kernel of degree ¢ is defined as k(z,y) =
(x,y)?. Using the definition of tensor products, one can
see that (z,y)? = (x®9,y®7), where 27 and y®9 are ¢-
fold self tensor products of vectors x and y, respectively.
Suppose X € R4*" is the dataset matrix. The polynomial
kernel matrix can be decomposed as K = (X®4) X®q,
where X®9 is a d? x n matrix whose columns are obtained
by the g-fold self tensoring of the columns of X. The goal is
to apply the iterative leverage score sampling of Algorithm
1 to the feature matrix ® = X®? in nearly nnz(X) time.
Note that the matrix ® has a large number d? of rows so
even assuming that an oracle gives us the leverage score
distribution of ® for free, just reading this distribution takes
d? time. We show how to generate samples from the right
distribution quickly.

Algorithm 1 crucially uses the primitive ROWSAMPLER,
which carries out the main computations of our proposed
algorithm. This primitive performs row norm sampling (see
Definition 3.1) on a matrix of the form ®(B" B + A\I)~1/2,
for any matrix B, very efficiently.

3.1.1. ROWSAMPLER FOR THE POLYNOMIAL KERNEL

An important technical contribution of this work is an
efficient algorithm that can perform row norm sampling
(see Definition 3.1) on a matrix of the form X®4(BT B +
AI)~1/2 using nearly nnz(X) runtime, where X € R4*"
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and B € R"™*". Our primitive uses the sketch which was
proposed in (Ahle et al., 2020) to preserve the norm of vec-
tors in R*" and sketch vectors of the form 2®¢ quickly. The
next lemma follows from Theorem 1.2 of (Ahle et al., 2020),

Lemma 4. For every positive integers q,d, every € > 0,
and every § > 0, there exists a distribution on ran-
dom matrices Q1 € R™ ¥ with m = O (}2 log%)
such that, Pr [[|Qy||3 € (L £ e)|lyll3] > 1 — 0 for any
y € RY. Moreover, for any x € R, the total time to
compute Q4 <x®q_j ® e?J> forall j = 0,1,2,---q is
2
0 <Z—4 log? 3+
standard basis vector along the first coordinate.

%
€

log % - nnz(m)) where e; € RY is the

We prove this lemma in Appendix D. Now we are ready to
design the procedure ROWSAMPLER to perform row norm
sampling on matrices of the form X®4(BT B 4 \I)~1/2.

Overview of Algorithm 2: The goal is to generate a
sample (41,192, - -iq) € [d]? with probability proportional
to the squared norm of the row (i1,---%,) of the ma-
trix X®4(BT B + AI)~'/2. Because the matrix (B B +
AI)~1/2 is of a large n x n size, we seek to compress it with-
out perturbing the row norm distribution of X®4(BT B +
Al )*1/ 2. This can be done by applying a JL-transformation
to the rows of this matrix (see, e.g., (Dasgupta & Gupta,
2003; Kane & Nelson, 2014)). Let H € R"*4" be a ran-
dom matrix with i.i.d. normal entries with d' = C}qlog, n.

Then with probability 1 — W}nq) the norm of each row of

the matrix X®4(BT B + AI)~'/? . H will be preserved up
to a (1 £ 0.1) factor and hence by a union bound, with high
probability all row norms of X®4(BTB + \I)~/2 . H are
within a (1 & 0.1) factor of the row norms of the original
matrix. This is done in line 2 of the algorithm by comput-
ing the matrix M = (B" B + XI)~'/? . H, which can be
done quickly since B is a low rank matrix and H has few
columns.

Now the problem is reduced to performing row norm sam-
pling on X®4)M. In order to generate a sample with dis-
tribution proportional to the squares of the row norms of
X®4M we can first sample a column of this matrix with
probability proportional to the squared column norms and
then generate a row index with probability proportional to
the squared value of the entries of the selected column. This
process generates a random index with our desired distribu-
tion. Computing the exact column norms of X ®9M is too
expensive as this matrix has d? rows, but if we apply the
sketch Q7 from Lemma 4, we can compress the rows while
preserving the column norms, in near input sparsity time,
up to small error. So, it is enough to sample a column j
with probability proportional to the squared column norms
of Q41X ®M, which is done in lines 3-7 of the algorithm.

Given that the j*" column of X®9M was sampled, all we

Algorithm 2 ROWSAMPLER FOR POLYNOMIAL KERNEL

input: X e R*" g€ Z,, BER™ " NcR,,s€Z,
output: Sampling matrix S € R¥*¢

1: Generate H € R™ " with i.i.d. normal entries with
d' = Ciqlogyn
2 M+« (B"B+A)"'/2. H
3: Let Q4 € R™ %4’ be an instance of the sketch from
1

Lemma 4 with € = ﬁ, 0= o) m' = Cyq%logyn

4: Compute P; = Q1 (X®(‘1_j) ®E§j) for all j =
0,1,---qg — 1, where E; € R¥™ is a matrix whose

columns are copies of ey, i.e., By = [el, ey, --e] }
—_——

n copies
5. Z +— PpM
12
6: p; < ”fz*]\lgz for every i € [d']

7: Generate i.i.d. samples j1, ja, - - - s € [d'] with distri-
bution {p; }¢,

8: Let h : [d] — [¢'] be a fully independent and uniform
hash function with s’ = [¢%/?s]

9: Leth™Y(r) = {j € [d] : h(j) = r} forevery r € [s']

10: For every r € [¢], generate G, € R™*d with
i.i.d. normal entries where d,, = |h=1(r)| and n’ =
Csq? logy 1

11: Wy <= G- Xp1(y, forevery r € [s']

12: forl =1to sdo

13: DO « diag(M, ;)

14:  fora=1toqdo

[W-Dt P,

. a /
15: pe ST [ for every r € [¢']
16: Generate a sample ¢ with distribution {pﬁ}ﬁ/:l
17 a g |Xi’*D(a71>P‘;r||z fi : c h_l(t)

: - or ever

g0 HXh—l(t),*D(afl)PJ”i‘ very
18: Sample an i, with distribution {gf };cp-1 1)
19: D@ + D=1 . diag(X;, )
20:  end for
21:  B+0
22: forj=1tod do
23: LO) « diag(M, ;)
24: for b =1to gdo

. e, Waay LRI

25: pb — Zj;lnwt‘L(b_l)‘PbT”i‘

X;, LO-VPT?

26: q; — || b> b ||2 .
%51y EO DT

27: L®) « LD . diag(X;, ;)

28: end for

29: B B+ sp;-[Toey(iar)

30:  end for

31:  Let [*" row of S be 3~1/2 (e, ® ey, ®---eiq)—r

32: end for
33: return S
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need to do is sample an entry of X®9)/, ; with probabil-
ity proportional to the squared values of its entries. Note
that forming this vector is out of the question since it has
d? coordinates. By basic properties of tensor products, the
entries of X®%M, ; are in bijective correspondence with

the entries of the matrix X - diag(M, ;) - (X®‘1_1)T, where
entry (1,42, - - iq) of X®IM, ; is equal to the entry at row
i1 and column (iz, - - - i,) of X - diag(M, ;) - (X®q_1)T.
Therefore, it is enough to sample an entry of the ma-
trix X - diag(M, ;) - (X ®q_1)T with probability propor-
tional to its squared value. To this end, we first sam-
ple a row of this matrix with probability proportional
to the squared row norms, and then sample a column
by performing ¢s-sampling on the sampled row. Since
X - diag(M, ;) - (X®‘1‘1)T has a large number d?* of
columns, we first sketch the rows of this matrix, incurring
only a factor (1 + ﬁ) perturbation to the row norms, and

then perform row norm sampling on the sketched matrix.
Now we have an index i1 € [d] sampled from the right dis-
tribution and all that is left to do is to carry out /5-sampling
on the vector X;, , - diag(M, ;) - (X®’1_1)T. Note that we
have made progress because this vector has size d9~! and
we have reduced the size by a factor of d. We recursively
repeat this process of reshaping the tensor product to a ma-
trix and sampling a row of the matrix ¢ times until having
all g indices i1, 72, - - - 4. Algorithm 2 does this. Note that
the actual procedure requires more work because we need
to generate s i.i.d. samples with the row norm distribution
and to ensure that our runtime does not lose a multiplicative
factor of s, resulting in s - nnz(X) total time, we need to
do extra sketching and a random partitioning of the rows of
the matrix X to ©(¢>/2s) buckets. The formal guarantee on
Algorithm 2 is given in the following lemma.

Lemma 5. For any matrices X € R¥*™ and B € R™*™,
any XA > 0 and any positive integers q, s, with high prob-
ability, Algorithm 2 outputs a ranks-s row norm sam-
pler for X®4(BTB + X)~/? (Definition 3.1) in time
O (m*n + q"92s*nlog® n + ¢®/*log® n - nnz(X)).

Proof. All rows of the sampling matrix S € R**?* (output
of Algorithm 2) have independent and identical distributions
because the algorithm generates i.i.d. samples j1, jo, - - - Js
in line 7 and then for each [ € [s], the I* row of the matrix S
is constructed by sampling i1, %2, - - - 74 in line 18 from a dis-
tribution that is solely determined by j; and is independent
of the values of jy/ for I’ # .

Since every row of .S is identically distributed, let us con-
sider the distribution of the [** row of S for some arbitrary
[ € [s]. Let J be a random variable that takes values in
{1,2,---d'} with probability distribution {p;}¢_, defined
in line 6 of Algorithm 2. The random index j; generated in
line 7 of the algorithm is a copy of the random variable J.

Forany j € [d'], let I/ = (I{, I3, - - - I}) be a vector-valued
random variable that takes values in [d]? with the following
conditional probability distribution for every a = 1,2, -- - g,
Pr[l) =i|ll] =iy, I} =g, I)_| =iq_4]
Wy - Dt PG | X, D=1 P |3
S W Dia=1PT |12, [ Xn-1(n(iyy « DPe 1P|

where W, for every r € [s] are the matrices defined in
line 11 of the algorithm and D7%~! is a diagonal matrix
of size n x n whose diagonal entries are DJ;%~ = M, -

2;11 Xi,,r, for every r € [n] and a € [g]. For ease of
notation we drop the superscript j and just write D!, One
can verify that the vector random variable (41,42, - - 44)
obtained by stitching together the random indices generated
in line 18 of the algorithm, is a copy of the random variable
1.

Let 3 be the quantity that the for loop in lines 21-30 of the
algorithm computes. If i1, -4, € [d] are the indices
sampled in line 18 of the algorithm, then the value of 5 can
be computed as, 8 = s E?lzl p; [1i_, piq;, where p; =
Wiy D'~ P II% X, « D' P13
Sl |[WeDP—1PT |12 ”X;rl(n(ib)),*Db*lPJH
the quantities computed in lines 25 and 26 of the algorithm.
Hence, for any i1, i2, - - - i € [d], the distribution of S , is,

and ¢; = 5 are
F

Pr [Sl,* = ﬂ_l/z(eil X e, Q- eiq)T}

y
= Pr[S =57 e @ o) T| T =] oy
j=1

dl
= Pr [l = (i1, iz, - -ig)] - pj- 2)
j=1
By the law of total probability, ~we have
Pr [V = (iy,ia,--ig)] = TI[0_ Pr[li = i.I{ =
i1,~~1371 = ia—1], and therefore, because
P =iall] =iy, 1y =ia1| = pha, we
find that

Pr |:Slg* = ﬁ_l/Q(eil ® €, & -- ~eiq)T} = g

Now note that for any r € [s'], W, is defined as W, =
G - Xp-1(r),« Where G, is a matrix with i.i.d. normal
entries with n’ = Csq?log, n rows. Therefore, G, is a
JL-transform and for every a € [¢],r € [s'], with high
probability, i.e.,

W, D P13 1 Xn-1 D" R %
n’ 1+ 1/10q

3)

For a simple proof of (3), see (Dasgupta & Gupta, 2003) (see
also (Kane & Nelson, 2014) for a more efficient version). By
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union bounding over ¢s’d’ events, (3) holds simultaneously
forall a € [q], j € [d], r € [s] with high probability. We
condition on (3) holding in what follows. We can bound the
conditional probability of 7 as follows,

Pr[l} =i} =iy, I} =iy, I)_| =iq_1]

XZ_*DaflpT 2
2(171/5(])” s aH2

4
XD 1P |2 @

For every a € |[q], line 4 of the algorithm computes
P, = Q7 (X®~9) @ EP*), where Q7 is the sketch from

Lemma 4 with ¢ = iq. By basic properties of tensor

10
products, for every i € [d],

P,D"IX], = Q1 (X907 @ BP") DX
:Qq((X®(q a) pa- 1XT> e )
Hence, by Lemma 4, for every a € [¢] and every i € [d],
with high probability,
Jxet-opeixy 2
1+0.1/q

|XixD" ] € )
By union bounding over ¢d’d events, with high probability,
(5) holds simultaneously for all a € [q], all j € [d'], and all
it € [d]. Therefore, conditioning on (5) holding and using
(4), the conditional probability of I/ satisfies

Pr[l} =i|ll] =iy, I} =g, - I)_| =iq 1]

|X®@=) pe-lx]T |2
> (1-2/5q) [X®@-a) Da-1XT|2" ©

It follows from the definition of tensor products and defini-
tion of D¢, that

HX@(qfafl)DaXT H2
F

2
= [[xe@men Dt diag(x, )X

= HX®(q—a)Da—1XZT .

Using this equality and inequality (6),

Pr [l = (i1, i, iq)]

q
- I[P {Ig =gl =iy, T, = ia,l}

=

X®(q a)Da IX 2
ZH( )H ®(qa)a17’(—l|—,2|2
ot X D=t X 1%
_XEODeIXT B
> 5 Xe I DOX [
2
_ 1 HX@q ) M](i11i2a"'iQ)’j| (7)
2 |I[x®- Ml 03

By plugging (7) back in (2) we find that,
Pr [Sl,* = 671/2(61'1 Qe @ - eiq)—r}
& 2
> Zl ) ’[X@q ’ M}(i17i27"'iq)7j|
T2 [[x®a- M, ;13

Jj=1

.pj
d’

1
il
1 d X®q M L 4|2||X®‘IM ||2
> 72 (11,02, +iq),J *,j 112
732 XL, X

_ } H X®q M](il,iz,-niq),*
3 | X®aM|3

X®q M (11,02, +1q) J| ||QqX®qM*J”2
[ X®IM, ;13 QXM |3,

2
I

Matrix M is defined as M = (BT B + \I)~'/2 . H where
H is a random matrix with i.i.d. Gaussian entries with d’ =
C1qlog, n columns. Therefore, H is a JL-transform, so for

every (i1, iz, +iq) € [d]%, with probability 1 — -z,

||[X®q . M](i17i2»"'iq)v*||2
d/
2
€(1+£0.1) H[X (ir,izsig) (BT B+ )‘I)_l/QHQ'

Therefore, by union bounding over d? rows of X ®4 )\, the

above holds simultaneously for all (iq,iz,--44) € [d]?
with high probability. Therefore,
Pr [Sl,* =6"Y2(e;, @ei, @ 'ez‘q)q
g H[Xe@q (BTB+ )1/ (i1,i2,+iq) % || o
—4 [ X®4(BTB + AI)~1/2[3,
Because is the probability of sampling row (i1, 2, - - - i4)

of the matrlx X®4(BT B + \)~'/2, the above mequahty
proves that with high probability, S is a rank-s row norm
sampler for X®4(BT B + AI)~%/? as in Definition 3.1.

Runtime: One of the expensive steps of this algorithm
is the computation of M in line 2 which takes O(m?n +
gmn logn) operations since B is rank m. Another expen-
sive step is the computation of P; for j = 0,1,---q — 1
in line 4. By Lemma 4, this can be computed in time
0] (q6n log* n 4 ¢°/2logn - nnz(X)). Matrices W, for all
r € [s'] in line 11 of the algorithm can be computed in time
O(¢q%logn - nnz(X)). Computing the distribution {p&}5_,
in line 15 takes time O (¢'/2snlog®n) for a fixed a € [q]
and [ € [s]. Therefore, the total time to compute this distri-
bution for all @ and [ is O (q13/252n10g2 n)

The runtime to compute the distribution {g;};cp—1()
in line 17 depends on the sparsity of Xj-1() ., i€,
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nnz(Xp,-1(4),,). To bound the sparsity of Xj-14) ., note
that, I‘an(thl(t)_’*) = Z;‘izl 1{i€h*1(t)} . IlIlZ(Xi,*). Let
us introduce the random variables S7, So, - - - Sy defined as
S; = (Lyien-11)y — &) -nnz(X; ) for i € [d]. Since the
hash function h is fully independent, the random variables
51,59, -- 54 are independent. Also, each of these ran-
dom variables is zero mean and uniformly bounded, i.e.,
E[S;] = 0 and |S;|] < n for each i € [d]. Therefore
we can invoke Bernstein’s inequality (Appendix A). Let
Z = Z?Zl S;. Then the variance of the sum is bounded as

S ELS? < S, Fnnz(X.)? < & - nnz(X),

By invoking Bernstein’s inequality, for some constant
C, Pr[|Z] = Clogyn - (/% -mnz(X) +n)] < m.
Hence, for every t € [s'], with high probabil-
ity nnz(Xp,-1(4),) = O((nnz(X)/s"+n)logn). By
union bounding over s’ events, with high probability,
nmnz(Xp-14),.) = O ((nnz(X)/s" +n)logn), simultane-
ously for all ¢ € [s'] which implies that the distribu-
tion {¢;};cp-1(z) in line 17 of the algorithm can be com-
puted in time O (q2n log®n + ¢*log?n - nnz(X)/s’) for
a fixed a € [¢] and a fixed | € [s]. Therefore the to-
tal time to compute this distribution for all ¢ and all [ is
O (¢*snlog”n + ¢*/%log” n - nnz(X)).

Finally the last expensive step is the computation of
quantities p; and ¢; in lines 25 and 26 of the algo-
rithm. Both of these quantities can be computed in
time O (¢*'/2snlog”’n + ¢*log’n -nnz(X)/s') for a
fixed j € [d] and a fixed b € [¢q]. Therefore the total
time to compute these quantities for all [, all j, and
all b is  O(¢**%s’nlog’ n + ¢°/?log® n - nnz(X)).
Therefore the total runtime of Algorithm 2 is
0] (m2n +¢'5/252n1log® n + ¢5/2 log® n - nnZ(X)). O

We prove Theorem 1 in Appendix E.

3.2. Adaptive Sampling for the Gaussian Kernel

Consider the lifting corresponding to the Gaussian kernel,
k(z,y) = e~ l=vl5/2  that can be obtained through a Tay-
lor expansion. This feature mapping was exploited in (Ahle
et al., 2020) to obtain an efficient subspace embedding for
the Gaussian kernel via sketching the polynomial terms in
its Taylor expansion. For datasets with bounded radius, the
Gaussian kernel can be well-approximated by a superposi-
tion of low-degree polynomial kernels. We formally define
this approximate feature mapping (lifting) as follows.

Definition 3.2 (Polynomial Lifting for Gaussian Kernel).

For any integer g the degree-q polynomial lifting for Gaus-
sian kernel is the mapping ¢, : R? — RP, defined as,
®0 ®1 ®2 ®

6q() = e 7132 <~T 22 & ” v q>7

TV TRV TRV

for z € RY, where D = Y27 _ d/.

Claim 6. Let z1, 22, - - - &, € R? be a dataset with bounded
radius, i.e., ||z;||3 < r for all i € [n]. Suppose K €
R™*" is the Gaussian kernel corresponding to this dataset
(K = e‘“xi_%”gﬂ). Also suppose that ¢, is the degree-
q polynomial lifting for the Gaussian kernel as in Definition
3.2. If A is a matrix with n columns whose columns are
obtained by applying the map ¢, on the data points, i.e.,
A, i = ¢4(z;), then as long as ¢ = Q (r + logn), we have
HATA - KHOP < m'

Therefore, to find a spectral approximation to the Gaussian
kernel K for bounded datasets, it is enough to find a spectral
approximation to AT A, where A is the matrix defined in
the above claim. We have designed an efficient adaptive
sampling method for tensor products of the form X®7 in
the previous section. Since matrix A is a concatenation of
tensor products X®7 for j = 0, 1, - - - g, using our iterative
leverage score sampling procedure for the polynomial ker-
nel we can spectrally approximate A" A in nearly nnz(X)
time. We present a full algorithm which can perform recur-
sive leverage score sampling on matrix A and analyze it in
Appendix F and prove Theorem 2 in Appendix G.

3.3. Generalization to dot-product Kernels

An important technical contribution of this paper is a sam-
pling method that can embed the polynomial kernel using
near-optimal runtime. Additionally, our method can be used
for embedding a wide class of kernels that can be well-
approximated by low-degree polynomials. In particular, our
sampling method can be applied to any dot-product kernel
with a rapidly convergent Taylor expansion. In this sec-
tion, we argue how our method can be generalized to such
kernels.

The underlying observation that enables us to extend our
subspace embedding to the class of dot-product kernels
is a classical result in harmonic analysis due to Schoen-
berg (1988), that characterizes positive definite functions in
a Hilbert space. This observation is simply the fact that
any dot-product kernel k : R? x R? — R defined as
k(z,y) = f({x,y)) must have a Taylor expansion with
only non-negative coefficients, i.e., k is a kernel function
if and only if f(a) = Z;’io ajal, a; > 0forall j € Z.
As a result, truncating this sum at any point results in a
valid kernel, that is k(z,y) = >7_; a;(z,y)7 is a valid
positive definite kernel.

For most dot-product kernels used in practice, the coeffi-
cients a; decay at least exponentially. If this is the case,
then |ky(2,y) — k(z,y)| < 55y forany z,y € R with
lz||3, lyl|3 < r and ¢ = Q(rlogn). Hence, in order to ob-
tain a subspace embedding for kernel k£ on any dataset with

bounded {5 radius, it is enough to find a subspace embed-
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ding for the truncated kernel k,(z,y) = >_9_; a;(z,y)’.
Since this kernel is a superposition of polynomial kernels,
we can apply our subspace embedding for the polynomial
kernel from Section 3.1 to each of the polynomial terms.
This will result in a near input sparsity time subspace em-
bedding for any dot-product kernel whose Taylor expansion
decays at least exponentially.

An example of a well known dot product kernel is the inverse

polynomial kernel defined as k(x,y) = 5. The Taylor

expansion of this kernel is k(x,y) = 7,277z, y)’.
Therefore, if we let ¢ = O(logn) then for any z,y € R?

with |13, I3 < 1. [kq(2,y) — k(2. y)| < 5555 where
q

ke(z,y) = X270 279~z y)J. Hence, we can obtain a
subspace embedding for the inverse polynomial kernel in
nearly nnz(X) time by applying our sampling method from
Section 3.1 to polynomials of degree O(log n) in this Taylor
expansion.

4. Experiments

In this section we assess the performance of our result for
embedding the Gaussian kernel (Theorem 2) against the
Fourier features (FF) method (Rahimi & Recht, 2008), Nys-
trom method (Musco & Musco, 2017), as well as the Obliv-
ious sketching method of (Ahle et al., 2020). The results
are summarized in Table 12, Our importance sampling al-
gorithm is a recursive procedure given in Algorithm 1. In
this set of experiments, we also consider a variant of our
sampling algorithm that runs only a single round of the
recursive sampling and hence is considerably faster. This
variant is equivalent to sampling rows of the lifting matrix
® with probabilities proportional to the squared row norms.
We denote this variant of our method by Row norm and
denote the full recursive importance sampling algorithm by
Adaptive. The target dimension of all methods is denoted
by s in Table 1.

We base our comparison on the four standard large-scale
regression datasets evaluated in (Le et al., 2013). The size
of the data points is denoted by n and the dimensionality
is denoted by d in Table 1. In all experiments, we first
find a low-rank approximation to the kernel matrix using
various feature sampling/sketching techniques. Then, us-
ing the kernel’s proxy, we find an approximate regressor
by solving an /5 regularized least-squares problem. For
all methods, Table 1 reports the total time to train the re-
gressors, including the runtime of feature sampling and the
runtime of linear regression. We use the same hyperparame-
ters (kernel bandwidth and regularization parameter) across
all kernel approximation methods which were selected via
cross-validation on the Fourier features method, as our base-

2We repeated the experiments with 5 different random seeds
and reported the average RMSE and runtime in Table 1.

Table 1. The RMSE on the test set along with the total training
time of approximate KRR via various approximation methods.

DATASET: WINE INSURANCE CT LOCATION FOREST
n = 6,497 n =9,822 n = 53,500 n = 581,012

d=11 d=285 d=384 d=>54

FF 0.736, 2 SEC 0.231, 1 SEC 3.89, 1 MIN 1.00, 3 MIN
s = 5000 s = 2000 s = 4000 s = 1000

Nystrom 0.730, 1.5 MIN  0.231, 1.5 MIN  3.86, 8.5 MIN 1.03, 8 MIN
s = 2000 s = 2000 s = 1500 s = 500

Oblivious 0.732,13sec  0.231,20 SEc  3.70, 3.5 MIN  1.05, 2.5 MIN
s = 1024 s = 1024 s = 5120 s =320

Row norm 0.727, 3 SEC 0.231, 2 SEC 3.68, 1 MIN 1.08, 2.5 MIN
s = 5000 s = 1500 s = 6000 s = 1000

Adaptive 0.723, 15 SEC 0.232, 6 SEC 3.72, 8.5 MIN 1.05, 7 MIN
s =400 s =400 s = 2800 s = 500

line method. For every method, we set the number s of
features to the smallest value such that increasing the num-
ber of features does not improve the error non-negligibly.

The Row norm variant of our method is as fast as the FF
method and runs significantly faster than the Nystrom and
Oblivious methods while having superior testing RMSE.
Our full algorithm, Adaptive, has even better performance
than our single round variant Row norm in terms of RMSE
on the test set and achieves a better RMSE while having
a significantly smaller target dimension s than all other
methods. In terms of runtime, our full Adaptive method is
no worse than Nystrom but is slower than our single round
Row norm method. Our Adaptive method has a slightly
better RMSE than the Oblivious method and runs slower,
but it achieves a significantly smaller target dimension s.
However, our single round Row norm variant is significantly
faster than Oblivious.
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