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Abstract

We study the least-squares regression problem over a Hilbert space, covering nonparametric
regression over a reproducing kernel Hilbert space as a special case. We first investigate
regularized algorithms adapted to a projection operator on a closed subspace of the Hilbert
space. We prove convergence results with respect to variants of norms, under a capac-
ity assumption on the hypothesis space and a regularity condition on the target function.
As a result, we obtain optimal rates for regularized algorithms with randomized sketches,
provided that the sketch dimension is proportional to the effective dimension up to a
logarithmic factor. As a byproduct, we obtain similar results for Nystrom regularized al-
gorithms. Our results provide optimal, distribution-dependent rates that do not have any
saturation effect for sketched/Nystrom regularized algorithms, considering both the attain-
able and non-attainable cases, in the well-conditioned regimes. We then study stochastic
gradient methods with projection over the subspace, allowing multi-pass over the data and
minibatches, and we derive similar optimal statistical convergence results.

Keywords: kernel methods, regularized algorithms, stochastic gradient methods, random
projection, sketching

1. Introduction

Let the input space H be a separable Hilbert space with inner product denoted by (-, ),
and the output space R. Let p be an unknown probability measure on H x R. In this paper,
we study the following expected risk minimization,

inf E(w), Ew) = /H ()i — P do(a.), (1)

weH

where the measure p is known only through a sample z = {z; = (x;,y;)}}_; of size n € N,
independently and identically distributed (i.i.d.) according to p.
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The above regression setting covers nonparametric regression over a reproducing ker-
nel Hilbert space (RKHS) (Shawe-Taylor and Cristianini, 2004; Cucker and Zhou, 2007;
Steinwart and Christmann, 2008), and it is close to functional regression (Ramsay, 2006)
and linear inverse problems (Engl et al., 1996). A basic algorithm for the problem is ridge
regression, and its generalization, spectral algorithm. Such algorithms can be viewed as
solving an empirical, linear equation with the empirical covariance operator replaced by a
regularized one, see (Caponnetto and Yao, 2006; Bauer et al., 2007; Gerfo et al., 2008; Lin
et al., 2018) and the references therein. Here, the regularization is used to control the com-
plexity of the solution to avoid over-fitting and to achieve the best possible generalization
ability.

The function/estimator generated by classic regularized algorithm is in the subspace
span{x} of H, where x = {x1,---,2,}. More often, the search of an estimator for some
specific algorithms is restricted to a different (and possibly smaller) subspace S, which leads
to regularized algorithms with projection. Typically, with a subsample/sketch dimension
m < n, S = span{Z; : 1 < j < m} where Z; is chosen randomly from the input set x,

and more generally, S = span{zyzl Gijxzj: 1 <i<m} where G = [Gijli<i<m,i<j<n Is a
general randomized matrix whose rows are drawn according to a distribution. We call!
the resulting algorithms the Nystrom regularized algorithm and the sketched-regularized
algorithm, respectively. Such approaches have been shown to achieve some computational
advantages for ridge regression over an RKHS, leading to solutions that use the low-rank
approximation in place of the full kernel matrix and thus is faster to compute (e.g., see
Williams and Seeger, 2000; Kumar et al., 2009; Mahoney, 2011; Yang et al., 2012; Gittens
and Mahoney, 2016; Yang et al., 2017; Rudi et al., 2015, and references therein).

Our starting points of this paper are the contemporary papers (Bach, 2013; Alaoui and
Mahoney, 2015; Yang et al., 2017; Rudi et al., 2015; Myleiko et al., 2017) which study the
convergences of Nystrom /sketched regularized algorithms for learning with kernel methods.
Particularly, within the fixed design setting, i.e., the input set x are deterministic while the
output set y = {y1, -+ ,yn} treated randomly, convergence results have been derived, in
(Bach, 2013; Alaoui and Mahoney, 2015) for Nystrom ridge regression and in (Yang et al.,
2017) for sketched ridge regression. Within the random design setting, which is more mean-
ingful (Hsu et al., 2014) in statistical learning theory, and involving a regularity /smoothness
condition on the target function (Smale and Zhou, 2007), optimal statistical results on gen-
eralization error bounds (excess risks) have been obtained in (Rudi et al., 2015) for Nystrom
ridge regression. The latter results were further generalized in (Myleiko et al., 2017) to a
general Nystrom regularized algorithm.

Although results have been developed for sketched ridge regression in the fixed design
setting, it is still unclear if one can get statistical results for a general sketched-regularized
algorithm in the random design setting. Besides, all the derived results, either for sketched
or Nystrom regularized algorithms, are only for the attainable case, i.e., the expected risk
minimization (1) has at least one solution in H. Moreover, they saturate (Bauer et al., 2007)
at a critical value, meaning that they can not lead to better convergence rates even with a

1. The Nystrom subsampling scheme corresponds to a sketched scheme with the rows of the sketch matrix
G randomly chosen from the rows of an identity matrix. In this paper, by abuse of terminology, we
sometimes use “sketched-regularized algorithm” to mean a sketched algorithm generated by Subgaussian
sketches or randomized bounded orthogonal system sketches those will be introduced in Subsection 3.3.
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smoother target function. Motivated by these, in this paper, we study statistical results of
projected-regularized algorithms for least-squares regression over a separable Hilbert space
within the random design setting.

We first extend the analysis in (Lin and Cevher, 2018b; Lin et al., 2018) for classic-
regularized algorithms to projected-regularized algorithms, and prove statistical results with
respect to a broader class of norms. We then show that the same convergence rates as
classic regularized algorithms can be retained for sketched-regularized algorithms, provided
that the sketch dimension is proportional to the effective dimension (Zhang, 2005) up to
a logarithmic factor. As a byproduct, we obtain similar results for Nystrom regularized
algorithms.

Interestingly, our results provide optimal, distribution-dependent rates that do not have
any saturation effect for sketched /Nystrom regularized algorithms in the well-conditioned
regimes, considering both the attainable and non-attainable cases. In our proof, we naturally
integrate proof techniques from (Smale and Zhou, 2007; Caponnetto and De Vito, 2007;
Rudi et al., 2015; Myleiko et al., 2017; Lin and Cevher, 2018b). Our novelties lie in a new
estimate on the projection error for sketched-regularized algorithms, a novel analysis to
conquer the saturation effect, and a refined analysis for Nystrom regularized algorithms,
see Section 5 for details.

Our proof techniques can be used to analyze stochastic gradient methods (SGM) adapted
to the projection operator over the subspace S . Indeed, for classical non-projected multi-
pass SGM where a minibatch of sample points are selected randomly with replacement from
z at each iteration, it has been shown in (Lin and Rosasco, 2017b; Lin and Cevher, 2018b)
that one can approximate SGM via regularized algorithms, as the conditional expectation of
SGM given z is the batch gradient descent (Lin and Rosasco, 2017b), a special regularized
algorithm. The regularization effect of the number of iterations and statistical results for
classic multi-pass SGM have been unveiled in (Lin and Rosasco, 2017b). Besides, SGM has
been successfully combined with Nystrom subsampling and its computational advantage
when considering mini-batches has been shown in (Lin and Rosasco, 2017a). Optimal
statistical results on generalization error bounds have been shown for Nystrom SGM in
(Lin and Rosasco, 2017a), but only for the attainable cases.

In this paper, we provide statistical results on variants of norms with optimal rates for
sketched /Nystrom SGM in the well-conditioned regimes, considering both the attainable
and non-attainable cases.

This paper is an extension of the conference version (Lin and Cevher, 2018a). In this
paper, we provide convergence results in H-norm for sketched/Nystrém regularized al-
gorithms, results for sketched/Nystrom SGM, and explicit constants in the error bounds
depending on noise variance and bias from Proposition 4, which have not been given in (Lin
and Cevher, 2018a). In (Lin and Cevher, 2018a), we give results for Nystrom regularized
algorithms, considering only the plain Nystrom subsampling with uniform sampling regime.
In this paper, we provide results for Nystrom regularized algorithms, using alternative non-
uniform sampling scheme-the approximate leverage scores (ALS) Nystrom subsampling, see
Subsection 3.4 for the details.

The rest of the paper is organized as follows. Section 2 introduces some auxiliary
notations and assumptions from standard statistical learning. Section 3 presents projected-
regularized algorithms and their convergence results, followed with simple discussions. Sec-
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tion 4 provides projected-SGM algorithms and their convergence results. Finally, Sections
5, 6 and the appendix supplement the proofs of our main results.

2. Notations and Assumptions

In this section, we first introduce the needed notation as well as the key auxiliary operators.
We then present assumptions from standard statistical learning.

2.1. Notations and Auxiliary Operators

Let Z = H x R, px(-) the induced marginal measure on H of p, and let p(-|z) be the
conditional probability measure on R with respect to x € H and p. For simplicity, we
assume that the support of px is compact and that there exists a constant x € [1, co], such
that

(x,2')g < K?, Vx,2’ € H, px-almost surely. (2)

Define the hypothesis space
H,={f:H — R|3w € H with f(z) = (w,z)H, px-almost surely}.

Denote L%X the Hilbert space of square integral functions from H to R with respect to px,

with its norm given by || £, = ([ |£(2)]2dpx ()

For a given bounded operator L from a Hilbert space H; to a Hilbert space Ha, ||L]|
denotes the operator norm of L, i.e., |[L] = SUD fe i, || £l s, =1 |ILf|lg,- Let r € N4, the set
{1,---,r} is denoted by [r]. For any real number a, a; = max(a,0), a_ = min(0, a).

Let S, : H — L2 be the linear map w — (w,-)m, which is bounded by k under As-
sumption (2). Furthermore we consider the adjoint operator S; : Ly~ — H, the covariance
operator 7 : H — H given by T = S*Sp, and the 1ntegeral operator L: L2 % L2 given
by S,S;. It can be easily proved that Syg = [ xg(x)dpx (), Lf = [ f( )Hdpx( )
and ’T J5 (s x)gadpx (x). Under Assurnption (2), the operators T and C can be proved
to be positive trace class operators (and hence compact):

L] =T < tx(T) = /Htr( z)dpx (z / (|7 dpx (x : 3)
For any w € H, it is easy to prove the following isometry property (Bauer et al., 2007):

ISl = I T 2wl s (4)

Moreover, according to the singular value decomposition of a compact operator, one can
prove that
_1
1£728pwllp < [[wliz- (5)
We define the (modified) sampling operator Sx : H — R” by (Sxw); = ﬁ(w,xiﬁ[, i€ [n],
where the norm || - ||2 in R™ is the usual Euclidean norm. Its adjoint operator S} : R” — H,
defined by (Sfy,w)g = (y,Sxw)e for y € R", is thus given by Sty = ﬁ Yoy yix;. For

notational simplicity, we let y = ﬁy. Moreover, we can define the empirical covariance
y

4
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operator Tx : H — H such that Tx = S;Sx. Obviously, Tx = %E?Zl(-, x;) gx;. By Assump-
tion (2), similar to (3), we have

1Tl < tr(Tx) < w2 (6)
It is easy to see that Problem (1) is equivalent to
nf (). &)= [ (f@) - 9 dplay), @
feH, HxR

The function that minimizes the expected risk over all measurable functions is the regression
function (Cucker and Zhou, 2007; Steinwart and Christmann, 2008), defined as,

folx) = / ydp(y|z), x € H, px-almost surely. (8)
R

A simple calculation shows that the following well-known fact holds (Cucker and Zhou,
2007; Steinwart and Christmann, 2008), for all f € L?

pPX?
E(f) - g(fp) = Hf - pr?)-

Then it is easy to see that (7) is equivalent to infrep, [|f — pr%. Under Assumption (2),
H, is a subspace of L%X. Using the projection theorem, one can prove that a solution fr
for the problem (7) is the projection of the regression function f, onto the closure of H, in
L2, and moreover, for all f € H, (Lin and Rosasco, 2017b),

pPx’
Syfo =Sy, 9)
and

E(f) = E(fm) = If — fal}. (10)

Note that fz does not necessarily lie in H,.
Throughput this paper, S is a closed, finite-dimensional subspace of H, and P is the
projection operator onto S or P = 1.

2.2. Assumptions

In this subsection, we introduce three standard assumptions in statistical learning theory
(Steinwart and Christmann, 2008; Cucker and Zhou, 2007). The first assumption relates to
a moment condition on the noise y — f,(x).

Assumption 1 There exist positive constants QQ and M such that for alll > 2 withl € N,
1 _
[ o= fte)dotula) < uar2Q2 (1)

and |f,(z)| < M, px-almost surely.

Typically, the above assumption is satisfied if y is bounded almost surely, or if y = (wy, z) g+
€, where € is a Gaussian random variable with zero mean and it is independent from x.
The next assumption relates to the regularity /smoothness of the target function f.
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Assumption 2 fp satisfies

/ (fu(z) — fo(z))’z @ xdpx (x) < BT, (12)
H
and the following Hoélder source condition

fu = Lo, with |lgoll, < R. (13)
Here, B, R,( are non-negative numbers.

Condition (12) is trivially satisfied if fg — f, is bounded almost surely. Moreover, when
making a consistency assumption, i.e., infy, £ = £(f,), as that in (Smale and Zhou, 2007;
Caponnetto, 2006; Steinwart et al., 2009), for kernel-based non-parametric regression, it is
satisfied? with B = 0. Condition (13) characterizes the regularity of the target function
fu (Smale and Zhou, 2007). A bigger ¢ corresponds to a higher regularity and a stronger
assumption, and it can lead to a faster convergence rate. Particularly, when ¢ > 1/2, fi €
H, (Steinwart and Christmann, 2008). This means that the expected risk minimization (1)
has at least one solution in H, which is referred to the attainable case. In this case, we let

WH = 'TC_lS;gO.

Using the singular value decomposition of S,, one can prove that S,wy = fu.
Finally, the last assumption relates to the capacity of the space H (H,).

Assumption 3 For some vy € [0,1] and ¢, > 0, T satisfies
NQ) =to(T(T+M)"H <e A, for all X > 0. (14)

The left hand-side of (14) is called degrees of freedom (Zhang, 2005), or effective di-
mension (Caponnetto and De Vito, 2007). Assumption 3 is always true for v = 1 and
Cy = k2, since T is a trace class operator. This is referred to the capacity independent
setting. Assumption 3 with v € [0, 1] allows to derive better rates. It is satisfied, e.g., if the
eigenvalues of T satisfy a polynomial decaying condition o; ~ i~%/7, or with v=0if T is
finite rank.

3. Projected-regularized Algorithms

In this section, we first demonstrate and introduce the projected-regularized algorithms.
We then present theoretical results for the projected-regularized algorithms. Finally, we
give results for the sketched /Nystrom regularized algorithms.

3.1. Projected-regularized Algorithms
The expected risk g (w) in (1) can not be computed exactly. It can be only approximated

through the empirical risk &,(w),

2. This can be verified by using (10).
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A first idea to deal with the problem is to replace the objective function in (1) with the
empirical risk. Moreover, we restrict the solution to the subspace S. This leads to the
projected empirical risk minimization, inf,ecg &,(w). Using P? = P, a simple calculation
shows that a solution for the above could be & = P&, with & satisfying PTx P& = PSyy. The
inversion of the linear operator P77y P may have a bad condition number or be unbounded

Motivated by the classic (iterated) ridge regression, we replace the inversion of P7xP
with a regularized one, which leads to the following projected (iterated) ridge regression we
study throughout this paper.

Algorithm 1 The projected (iterated) ridge regression algorithm of order T over the sample
z and subspace S is given by fZ = S,w%, where®

wf = PO\(PTP)PS;y, Ga(u) =Y N "'(A+u)™". (15)
=1

Remark 1 1) Our results not only hold for projected ridge regression, but also hold for
a general projected-reqularized algorithm, in which Gy is a general filter function. Given
A C Ry, a class of functions {Gy : [0,k%] — [0,00[, A\ € A} are called filter functions with
qualification T (T > 1) if there exist some positive constants E, F < oo such that

sup sup |[Gy(u)(u+ A\)| < E. (16)
AEA u€]0,k2]
and
sup sup sup |1 —Gy(w)ul(u+ N)* A% < F. (17)

a€[0,7] AeA u€g]0,x2]

The filter function Gy(u) is an approzimation of the inverse function. It is often used in
dealing with ill-posed inverse problems. We refer to (Caponnetto and Yao, 2006; Bauer
et al., 2007; Gerfo et al., 2008) and references therein for further details about the filter
functions.

2) A simple calculation shows that

1-¢  YI,¢ A
g/\(u) — q ZZ—O q _

TS q_)\—ku'

Thus, Gx(u) is a filter function with qualification 7, E = 7 and F = 1. When 7 = 1, it
is a filter function for the classic ridge regression and the algorithm is the projected ridge
regression algorithm.

3) Another typical filter function studied in the literature is

{u_l, if u> A,

0, otherwise,

(18)

(19)

which corresponds to principal component (spectral cut-off) regularization. Here, 1gy de-
notes the indication function. In this case, E = 2, F = 27 and 7 could be any positive

3. Let L be a self-adjoint, compact operator over a separable Hilbert space H. Gx(L) is an operator on
L defined by spectral calculus: Suppose that {(o,:)}: is a set of normalized eigenpairs of L with the
eigenfunctions {1;}; forming an orthonormal basis of H, then we have Gx(L) =Y, Ga(o:)1s ® ;.
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number.

4) The choice Gy(u) = Y41 n(1 — nu)=* with n €]0, 52| where we identify X = (nt)~,
corresponds to gradient methods or the Landweber iteration algorithm. The qualification T
could be any positive number, E =2, and F = Fr. = 77 exp(1 — 7).

In the above, X is a regularization parameter which needs to be well chosen in order to
achieve the best possible performance. Throughout this paper, we assume that 1/n < XA < 1.

The performance of an estimator f§¥ can be measured in terms of excess risk (generaliza-
tion error), E(fY) —infy, € = g(wf\) —infy €, which is exactly I f5— fHH/QJ according to (10).
Assuming that fg € Hy, i.e., fg = S,ws for some w, € H, it can be measured in terms of
H-norm, ||w% — wy ||, which is closely related to ||L’_%Sp(w§\ —wi)||m = Hﬁ_%(ff = fi)llps
according to (5). In what follows, we will measure the performance of an estimator f7 in
terms of a broader class of norms, ||L~%(fZ — fu)|,, where a € [0, 3] is such that £ fy is
well defined. In the attainable cases, i.e., fg € H), according to (5), |L7*(f¥ — fu)ll, is
close to HT%_“(wi —wpg)|lg- Convergence with respect to different norms is of strong inter-
est in convex optimization, inverse problems, and statistical learning theory. Particularly,
convergence with respect to target function values and the H-norm has been studied in con-
vex optimization. Interestingly, the convergence in the H-norm can imply the convergence
in target function values (although the derived rate is not optimal), while the opposite is
not true in general.

3.2. General Results for Projected-regularized Algorithms

We now state our first result as follows. In the sequel, C' denotes a positive constant that
depends only on x?% ¢y,7,( B,M,Q,R,7 and ||T||, and it could be different at its each
appearance. Moreover, we write a; < ag to mean a; < Cas.

Theorem 1 Under Assumptions 1, 2 and 3, let \ = n=% for some 6 € [0,1) or A\ = %.
Let a € [0,% A, and T > ¢ — a. Then the following holds with probability at least 1 — §
0<d<1)

1) If ¢ €[0,1],
I£7¢(f% = fi)llp S A~ log? % (AC t =T XA + Aé‘“A“)) . (20)
2)If¢>1 and A >n~1/2,
et =l S 30105 (3 I @ al M p Al )L

Furthermore, if { > 1/2, then the above conclusions still hold if we replace ||[L~*(f5— fu)ll,
by ||T%_“(w§ —wp)||lg. Here, As is the projection error ||(I — P)'T%HZ.

The above result provides high-probability error bounds with respect to variants of norms
for projected-regularized algorithms. The upper bound consists of three terms. The first
term depends on the regularity parameter ¢, and it arises from estimating the bias. The
second term depends on the sample size, and it arises from estimating the variance. The
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third term depends on the projection error. Note that there is a trade-off among the
bias term, the variance term, and the projection-error term. Ignoring the projection error,
solving the trade-off between the bias and variance terms leads to the best choice on A and
the following result.

Corollary 1 Under the assumptions and notations of Theorem 1, let

A =n Ve (1Vlogn?)tezctvsiy, (22)
Then the following statements hold with probability at least 1 — 6.
1)If¢<1,
—a rz —a _ 3

1275 = Fllp S A" (14 A7 Ag) log? . (23)

2)If ¢ =1,
—a( rz < \—a 23 ¢ A (¢—1)A1 A@
€748 = fm)llo £ A lo” 5 (X a5 (14 () AF M+ (1)) @

Furthermore, if > 1/2, then the above conclusions still hold if we replace ||[L~*(f5— fu)|l,
1
by |T27w] — wa)llm-

Comparing the derived upper bound for projected-regularized algorithms with that for
classic regularized algorithms in (Lin et al., 2018), we see that the former has an extra
term, which is caused by projection. The above result asserts that projected-regularized
algorithms perform similarly as classic regularized algorithms if the projection operator is
well chosen such that the projection error is small enough.

In the special case that P = I, we get the follow result.

Corollary 2 Under the assumptions and notations of Theorem 1, let \ be given by (22)
and P = 1. Then with probability at least 1 — ¢,

(—a
3 (M) . if2 <1,
(3~ flly 1o S 4 s (25)
n e iF2C 4+ > 1.

Furthermore, if ( > 1/2,
3 _t-a
1727 (w% = wm)|l o S log? 5

The rate from the above with 2¢ + v < 1 improves the rate O(n% ¢[1 V logn?]' =) derived
in (Lin et al., 2018). The convergence rates for 2¢ + v > 1 have already been given in the
literature, see (Lin et al., 2018) and some of the references therein. They are optimal as
they match the minimax rates summarized in Table 1. See (Caponnetto and De Vito, 2007;
Steinwart et al., 2009; Blanchard and Miicke, 2018; Fischer and Steinwart, 2017) for further
details about minimax rates.

Remark 2 Corollary 2 provides convergence results in high probability for the studied algo-
rithms. As remarked in (Lin et al., 2018), it implies convergence in expectation and almost
sure convergence.
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Articles Assumptions | Minimax Rate
(Caponnetto and De Vito, 2007, Theorem 2) | a =0,( € [%, 1] N_%
(Steinwart et al., 2009, Theorem 9) a=0,(€(0,3] N
(Blanchard and Miicke, 2018, Theorem 3.5) | a € [0, 3, ¢>1 N~ =

Table 1: Minimax Rates on ||£L7%(fz — fH)H%

3.3. Results for Sketched-regularized Algorithms

In this subsection, we state results for sketched-regularized algorithms.

In sketched-regularized algorithms, the range of the projection operator P is the sub-
space range{S:G*}, where G € R™*" is a sketch matrix with m < n satisfying the following
concentration inequality: For any finite subset E in R™ and for any ¢ € (0, 1),

—t2m

P(|Gal3 —llall; > tlla]3 : 3a € E) < 2| Eleo™"". (26)

Here, ¢{, is a universal positive constant and £ is a universal non-negative constant. Many
matrices satisfy the concentration property.

e Subgaussian sketches. Matrices with ii.d. Subgaussian (such as Gaussian or
Bernoulli) entries satisfy (26) with some universal constant ¢, and § = 0. More
generally, if the rows of G are independent (scaled) copies of an isotropic 1y vector,
then G also satisfies (26) (Mendelson et al., 2008).

¢ Randomized orthogonal system (ROS) sketches. As noted in (Krahmer and
Ward, 2011), matrix that satisfies restricted isometric property from compressed sens-
ing with randomized column signs satisfies (26). Particularly, random partial Fourier
matrix, or random partial Hadamard matrix with randomized column signs satisfies
(26) with 5 = 4 for some universal constant ¢{,. Using OS sketches has an advantage in
computation, as that for suitably chosen orthonormal matrices such as the DFT and
Hadamard matrices, a matrix-vector product can be executed in O(nlogm) time, in
contrast to O(nm) time required for the same operation with generic dense sketches.

The following corollary shows that sketched-regularized algorithms have optimal rates
provided the sketch dimension m is not too small.

Corollary 3 Under the assumptions and notations of Theorem 1, let S = range{S;G*},
where G € R™*™ js a randomized matriz satisfying (26). Let

(1v1£§m)w 20+~ <1,
((—a
m 2, logﬁ nlog? 5 n(lja)c(QCer), if ¢ >1, (27)
NI , otherwise.

Then with confidence at least 1 — 9, the following holds

3 [(2) iy <,
1£74(f% = fr)llp < log?® 5 L B (28)
EESER if 2 +v > 1.

10
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Furthermore, if ( > 1/2,
3 _Loa
1727 = wm)|lor S log rREE

The above results assert that sketched-regularized algorithms converge optimally, provided
the sketch dimension is not too small, or in another words the error caused by projection
is negligible when the sketch dimension is large enough. Ignoring the logarithmic factors,
the minimal sketch dimension from the above is at most Cn, and it is smaller than Cn
when the regularity parameter ( is large or the effective-dimensional parameter v is small.
Furthermore, the minimal sketch dimension is proportional to the effective dimension A™7
up to a logarithmic factor for the case ¢ < 1.

Remark 3 1) Considering only the case ( = 1/2 and a = 0, Yang et al. (2017) provide
optimal error bounds for sketched ridge regression within the fixed design setting.

2) Wang et al. (2017) provide error estimates on the target function values (i.e., the requ-
larized empirical risks) for sketched ridge regression over a finite-dimensional space in the
fixed design setting, and they also show a similar bias-variance trade-off phenomenon when
choosing the optimal reqularization parameter for the algorithm.

Corollary 3 is proved by applying Corollary 1, combing with an estimate on the projection
error developed in Subsection 5.5. As we mentioned before, the Nystrom regularized algo-
rithm can be viewed as a projected-regularized algorithm with the projection operator P
being the subspace range{S;G*}, where G € R"*" is a sketch matrix with rows drawn ran-
domly from an identity matrix. However, for the latter case, in general, we need alternative
arguments for estimating the projection error.

3.4. Results for Nystrom Regularized Algorithms

As a byproduct of the paper, using Corollary 1 and an estimation on the projection error,
we derive the following results for Nystrom regularized algorithms.

Corollary 4 Under the assumptions and notations of Theorem 1, let S = span{z1,- - ,zm},
1
20+y>1, and A=n" 2+, If

¢—a
ey if ¢ > 1
m 2 (1+logn”) " vzl
n2H if ¢ <1,

then the conclusions in Corollary 3 are true.

Remark 4 1) Considering only the case 1/2 < ¢ < 1 and a = 0, (Rudi et al., 2015)
provides optimal generalization error bounds for Nystrom ridge regression. This result was
further extended in (Myleiko et al., 2017) to a general Nystrom regularized algorithm with
a general source assumption indexed with an operator monotone function (but only in the
attainable cases). Note that as in classic ridge regression, Nystrom ridge regression saturates
over ( > 1, i.e., it does not have a better rate even for a bigger ¢ > 1.

2) For the case ( > 1 and a = 0, (Myleiko et al., 2017) provides certain generalization error

11
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bounds for plain Nystrom reqularized algorithms, but the rates are capacity-independent, and

21
the minimal projection dimension O(n2c+1) is larger than ours (considering the case v =1
for the sake of fairness).

In the above lemma, we consider the plain Nystrom subsampling. Using the ALS
Nystrom subsampling (Drineas et al., 2012; Gittens and Mahoney, 2016; Alaoui and Ma-
honey, 2015), we can improve the projection dimension condition to (27).

ALS Nystrom subsampling Let K = §xS. For A > 0, the leveraging scores of K(K +
AI) is the set {l;(A)}7, with

Li(A) = (KEK+A)),., Vien].
The L-approximated leveraging scores (ALS) of K(K + ) is a set {I;(\)}}, satisfying

LU0 < L) < L),

for some L > 1. In an (L, A\)-ALS Nystrém subsampling regime, S = range{Z1, - ,Zm},
where each z; is i.i.d. drawn according to

The i-th leveraging score [;(\) measures the “importance” of the i-th input x;. In ALS
Nystrom scheme, the element corresponding with a higher score will be selected with a
higher probability, which is different from the uniform selection in plain Nystrom.

1
Corollary 5 Under the assumptions of Theorem 1, let A =n @HIV1 and S = range{Zy, - - -

with &; drawn following an (L, X\)-ALS Nystrom subsampling scheme. If

W VIegn T, 2y <1,
3 (¢—a)
m > L?log® 5 nT @ [1Viegn], if ¢ > 1, (29)
n%r [1Vlogn?], otherwise,

then the conclusions in Corollary 3 are true.

4. Results for Projected Stochastic Gradient Method

In this section, we introduce stochastic gradient methods with projections (projected-SGM)
and then state statistical results for the projected-SGM. As corollaries, we provide conver-
gence results for the sketched /Nystrom SGM methods.

SGM is one of the most popular and scalable algorithms for large-scale learning prob-
lems. We refer to (Lin and Rosasco, 2017b,a) and references therein for further introductions
on SGM. In this paper, we study the following projected-SGM, a variant of classic SGM
considering an orthogonal projection operator.

12
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Algorithm 2 The stochastic gradient method with projection is defined by w1 = 0,

bt

1
Wikl =W =0y Z (we,zj)mw — yj,)Pxj,, t=1,--- T,
i=b(t—1)+1

where 1 is a step-size, j1,jo, - , jyr are i.i.d. random variables from the uniform distribu-
tion on {1,---,n}, and b € NT.

The step-size 7, the number of iterations T', and the minibatch size b, are free parameters
in the above algorithm. They dictate the performance of the algorithm, as shown in our
coming results.

The random variables ji,-- -, jyr are conditionally independent given the sample z. We
write J = {j1, -+, Jor} and denote the conditional expectation with respect to J given z
by Ej.

In order to state our results, we need to introduce the following assumption on the
moment condition of |y|?.

Assumption 4 There exist constants M €]0, 00 and Q €]1,00[ such that

| Hantule) <ua'Q, e, (30)
Y

px-almost surely.

A simple calculation shows that the above assumption can imply Assumption 1. With this
assumption, we have the following general results for projected-SGM.

Theorem 2 Under Assumptions 2, 5 and 4, let § € (0,1), and for some C} > 1,
1 1V¢—a 2 _ 1
(I = P)T2||> < CiA 12 log 5 A =n Ve (1VlognT)tect<iy, (31)
Consider Algorithm 2 with any of the following choices on 1, b and T':
DX\ b=1and T ~ \~(1+2);
II) n~ (logn)™", b~ A% and T ~ A 'logn;
H)n~n"t,b=1and T ~n\";
IV)noen Y2 b~ /noand T ~ /n\~ 1.
Then for any a € [0, % A ¢, the following holds with probability at least 1 — 6.
1) If2¢+~ <1,
—a —2(C—a —a 2
Es| L™ (Spwri1 — fa)ll; S n 727 (logn) o213 (1 V logn)*~ log® 5 (82)
2) If2¢ +~v > 1,

E Hﬁfa(S — f )||2 < ’22(2;3) (1 )1{211751}1 32 (33)
J pWT+1 H)llp SN ogn 0og 5

Furthermore, if ( > 1/2, then the above conclusions still hold if we replace ||L~*(S,wr41 —

F)llp by I T2 (wrs1 — wn) |l

13
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The above results assert that with appropriate choices on the step-size and mini-batch
size, if the projection error is small enough, the projected-SGM at some number of iterations
performs optimally.

As direct corollaries, we have the following results for projected-SGM, considering spe-
cific projection operators as in Section 3.

Corollary 6 Under the assumptions and notations of Theorem 2, if P = I, then the con-
clusions in Theorem 2 are true.

Corollary 7 Under the assumptions and notations of Theorem 2, let P and m be as in
Corollary 3/4/5, then the conclusions in Theorem 2 are true.

Remark 5 1) Similar results for classic (multi-pass) SGM were proved for a = 0 (Lin
and Rosasco, 2017b; Lin and Cevher, 2018b) and a = % (Lin and Rosasco, 2017b), where

—(2¢—a) ,
the derived rate O(n 2¢+y log? n) for a = % from (Lin and Rosasco, 2017b) has an extra

logarithmic factor in comparisons with our results.
2) Similar results with a = 0 for plain Nystrém SGM were derived in (Lin and Rosasco,
2017a), but only for ¢ € [3,1].

Remark 6 Making an additional assumption on the so-called embedding property (Stein-
wart et al., 2009), optimal rates for the regime 2+~ < 1 can be derived for ridge regression
(Steinwart et al., 2009; Fischer and Steinwart, 2017) and multiple passes SGM with aver-
aging (Pillaud-Vivien et al., 2018).

All the main results stated above will be proved in the remaining sections.

5. Proof for Section 3

In this section, we prove the results stated in Section 3. We first introduce some basic
operator inequalities that are necessary for the proof in Subsection 5.1. We then give
some deterministic estimates in Lemma 13, and with these basic operator inequalities and
deterministic estimates, we prove a deterministically analytic result (i.e., Proposition 3)
in Subsection 5.2. The analytic result involves three random quantities Ay 3y and the
projection error. The random quantities Ay 53y will be estimated in Lemmas 14-16, see
Subsection 5.3. Applying the probabilistic estimates on Ay 53y from Lemmas 14-16 into
Proposition 3, in Subsection 5.4, we prove the results (i.e., Theorem 1 and Corollary 1)
for projected-regularized algorithms. We finally estimate the projection errors and use
Corollary 1 to prove the results (i.e., Corollaries 3-5) for sketched-regularized and Nystrom-
regularized algorithms in Subsections 5.5-5.6.

5.1. Operator Inequalities

To proceed with the proof, we need to recall some basic operator inequalities, and we provide
some of the proofs for completeness.

Lemma 8 (Fujii et al., 1993) Let A and B be two positive bounded linear operators on a
separable Hilbert space. Then

|A*B®|| < ||AB||*, when0<s < 1.

14
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Lemma 9 Let Hy, Hy be two separable Hilbert spaces and S : Hy — Hs a compact operator.
Then for any function f : [0, ||S]|] — [0, oo,

F(S8%)S = Sf(S*S).

Proof The result can be proved using singular value decomposition of a compact operator.
|

Lemma 10 Let A and B be two non-negative bounded linear operators on a separable
Hilbert space with max(||Al|, ||B||) < &% for some non-negative *. Then for any ¢ > 0,

1A = BS|| < Ce el A = B, (34)
where
. _ 1 when ¢ <1, (35)
o 20Kk*=2  when ¢ > 1.

Proof The proof is based on the fact that u¢ is operator monotone if 0 < ¢ < 1. While
for ¢ > 1, the proof can be found in, e.g., (Dicker et al., 2017). [ ]

Lemma 11 Let X and A be bounded linear operators on a separable Hilbert space H.
Suppose that A = 0 and || X|| < 1. Then for any X\ > 0, and any bounded linear operator F'
on H,

[(A+ AD2XF*| = |[FX*(A+ AM)z|| < |[F(X*AX + AI)z|. (36)
Proof Note that X*X < I since || X|| < 1. In fact, for any w € H,
(X" Xw,w)i = [|Xwllf < |wllf = (w,w)n.

It thus follows that
X" (A+M)X X X*AX + M.

Therefore,
HFX*(A+)\I)%||2 =|[|FX"(A+ M) XF*|| < ||F(X*AX + A)F*|| = ||F(X*AX—|—)\I)%||2.

Lemma 12 Let P be a projection operator in a Hilbert space H, and A, B be two semidef-

inite positive operators on H. For any 0 < s5,t < %, we have

14°(I — P)AY|| < ||A — B||*' + || B2(I — P)B3||**,

15
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Proof Since P is a projection operator, (I — P)? = I — P. Then it holds that

|A%(1 = P)A'|| = |A%(I — P)(I — P)A'|| < | A%(I - P)|[|(I — P)A'|.
Moreover, by Lemma 8, we have

|43(I = P)|| = | A3>(I — P)*|| < [|A2(I - P)[[*.

Similarly, ||(I — P)A!|| < ||(I — P)Az||2. Thus, it follows that

| A%(I = P)A'| < | A2 (I = P)|**|[(1 = P)A2|* = |[(1 = P)A2 | +).
Using ||D||*> = [|[D*D],

|A*(I — P)A'|| < (I = P)A(I - P)||I"**.

Adding and subtracting with the same term, using the triangle inequality, and noting that
|II —P||<land s+t<1,

|IA*(1 = P)A"|| <[I(I — P)A(I — P)||"**
<(I(I = P)(A=B)(I = P)|| + (I = P)B(I - P)|)""*
<[lA = B|**" + (I - P)B(I - P)|I**",

which leads to the desired result using ||D*D|| = || DD*||. [ ]

5.2. Deterministic Estimates

In this subsection, we introduce some deterministic estimates. For notational simplicity,
throughout this paper, we denote

Th=T+X, Twn=Tx+ Al

We also denote

Ra(u) =1 — Gy(u)u. (37)
For any A > 0, we introduce a deterministic vector wl);[, defined by
wiy = G\(T)S} i, (38)

where G (u) is given by (19). We have the following lemma for the properties of wy,. We
assume 7 > ( — a throughout.

Lemma 13 Under Assumption 2, the following holds.
1) For any a < ¢, we have

1L (Spwiy — fr)llp < RN (39)

2) We have
Actemlif —(<a<1-g,

a—1/2, A .
T willg <R {nQ(H"_l), if a>1-C¢.

16
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The above lemma could be proved using the spectral theorem, see (Lin and Cevher, 2018b)
for details. The left hand-side of (39) is often called “true bias”.

Using the above lemma and some basic operator inequalities, we can prove the following
analytic, deterministic result.

Proposition 3 Under Assumption 2, let
11, U U
IVITET 2P VT, P TAIT < Ag,
T3 P 1(Tawty = S33) = (Twhy = Spfur)lla < Aa,
|7 —Tx|| < As,

I(I = P)T2|? = As.

Then, for any 0 < a < [( A L], the following holds.
1) If ¢ € [0, 1], then we have

€72 (Sk = F)lly < AT°AL(BAs + (2B + F + DRX + RA (BAs + A]XY) ).
(41)
2) IfC Z 1, then we have
1E7 Sk = fm)ly < A28 (EA? +(E+ F+1)RX + k2 CVR(EA; + EAs + A} "\%)
_1
+C_1 FR(MAg + A5) UM 4 A3AY 2>A1)).
(42)

The above proposition is key to our proof. The upper bounds from the proposition involve
four quantities A 9 35). They will be estimated in the subsequent subsections. The proof
of the above proposition { € [%, 1] borrows ideas from (Smale and Zhou, 2007; Caponnetto
and De Vito, 2007; Rudi et al., 2015; Lin et al., 2018), whereas the key step is an error
decomposition from (Lin and Cevher, 2018b). Our novelty lies in the proof for the cases
¢ > 1 and ¢ < 1/2, as well as some refined analysis and considering convergences under
variants of norms.

Proof Adding and subtracting with the same term, and using the triangle inequality, we
have

1£74(Spwk = fr)lp < IL7Sp(wf — wiy)llp + 1£7(Sowiy — f1)ll,-
Applying Part 1) of Lemma 13 to bound the last term, with 0 < a < (,

1£74(Spw’ = Fr)llp SILTASp(w] — wiy)llp + RAC
<|L70S, T3 || T2 (wf — win) |l + RAS.

Using the spectral theorem for compact operators, £ = 5,S;, and T = §;S,, we have
_ _1
I£74S, T* =2 < 1,

17
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and thus )
1L (Spws = fu)llp < T2 %(w§ — wiy)lm + BRAT (43)

Adding and subtracting with the same term, and using the triangle inequality,
L7 (S} = fr)llp < 1T 27wk = Pwpp)|lar + T2~ = P)ay|l + RA
Since P is an orthogonal projected operator and a € [0, %], we have
T2 = P)w}yla
= 720721 — P)' =21 — P)w} | u
<[22 = PY (T = PYT 2T 2wyl

<ITH(I = P27 = PYT 2| Ri?CDeXCD-
:A%—QRKQ(C%M ACD-

where for the last second inequality, we use Lemma 8 and Part 2) of Lemma 13, and we
subsequently obtain

1785 = filllp < 1727 (@f = Pyl + Re2C DA DA 4 A,
Since for all w € H, and a € [0, %]7
. 14 a1 1,
172wl <IT2 T * 1T wln
1 g a1 1
T T Tl
<A™ “||72 xA2||1 2aHT \wila
SN s (44)

(where we use Lemma 8 for the last second inequality), we get

1
1E7 Sk — Fan)llp < AAF°ITA WS — Pyl + Re>CDrACD- AL 4 RACe,
(45)

1
In what follows, we estimate || 7.3 (w§ — Pwy)||a-
Introducing with (15), with P? = P,

1745 — Pul)llar = I TAPG(PTaP)PSy — Py

Since for any w € H,

1
ITAPw|% = (PTaaPw.w)y < (PToP + M)w,w)y = ||(PToP + M)3w|

and we thus get
1 1
I3 (W% — Poip)lli < U (GAU)PSxy — Pwpp)m,

18
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where we denote

U=PTxP, Uy =U-+ . (46)

Subtracting and adding with the same term, and applying the triangle inequality, with the
notation R given by (37) and P2 = P, we have

1 1 1
ITAWE = Pwiy)lln < | UZG\U)P(Sxy — TxPwiy) i + | UZRAWU) Pwpy |- (47)
~—_———

Term.A Term.B

We will estimate the above two terms of the right-hand side.
Estimating | Term.A| :
Using Lemma 11,

1 1 1
U2 GAQOPTAI| < U2 Ga@UZ | = [UnGr Q)]
Using the spectral theorem, with |[U/|| < ||7x|| < &2 (implied by (6)), and then applying
(16),
1 1
USGU)PTAIl < sup_ [(u+ A)Ga(u)] < E. (48)

u€[0,x2]

Using the above inequality, and by a simple calculation,

1 1 1 1
|Term. Al <[[UZGA(U)PTANNT\ 2 (Sxy — TuPuwiy)|| < E|| T2 (Siy — TaPuwiy)|-

Adding and subtracting with the same terms, and using the triangle inequality,

1

|Term.Ally <E|To? S5y — Tawd)ln + Ell T Tu(I — Pyl

<E|T 2T IT, 2 (S5 — waH)HH + B, T Tell = Pyl

SEA%HT{%(S? — el + BT Tl = Pl

<EAF (Do + T2 (Twhy — Sifm)llm) + BITo Tl - Pyl

<EAF (Do + T, 2 SiIIS,wrdy — fully) + EIT2 (L= PN = PYTE T 5w,
where we used 7 = §;8, and (I — P)? = I — P for the last inequality. Applying Lemma

_1

13 and || 7, 28] < 1,

1
| Term. Az < EA2 (Ag + RX°) + ERA2 |72 (I — P)||c2C= D+ (61— (49)

1
In what follows, we estimate |75 (I — P)||, considering two different cases.
Case ¢ < 1.

We have

1T (1 = P)|| < AT (I = P)].
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Note that for any w € H with ||w||g =1,
1 1
173 (I = P)wl = (Ta = P)w, (I = P)w)r = |T2(I = P)wllf; + A(I = P)wl%
<|T2I=P)|>+ A< A5+ A

It thus follows that )
1 1
| T2 (I = P)|| < (As+ )z, (50)
and thus

1 1
|72 (1= P)| < AF (A5 +)2.
Introducing the above into (49), we know that Term.A can be estimated as (¢ < 1)
1
|Term. Al < EA? (A2 +2RA + RAHAE,) . (51)

Case ¢ > 1.
Applying Lemma 12, we obtain

1 1 1
IT2(I = P)|? = [T (I - PYTR| < As+ | T2(I - P)T2| = Az + As,.
Introducing the above into (49), we get for > 1,
1
|Term.A |y <EA? <A2 + RXS + (A + As) HP@—UR) . (52)

Estimating || Term.B||z:

We estimate ||Term.B||y, considering two different cases.
Case I: ( < 1.

Using a same argument as that for (48) and (17),

1 1
ULSRAU)PTI < sup [Ra(u)(u+A)| < FA.

u€[0,x2]

Using the above inequality and by a direct calculation,
1 1 -1 1 1 1 1
ITerm. B i < [UFRAQOPTAINTE TZINT 2willn < FAAZT 20| -
Applying Part 2) of Lemma 13, we get
1
|Term.B||z < FRASA2. (53)

Applying the above and (51) into (47), we know that for any ¢ € [0, 1],

1 1

ITAWE = Puip)lln < Af (EAg + 2E + F)RX + ERA;N!).

Using the above into (45), we can prove the first desired result.
Case II: ( > 1
We denote

xwh—t

1
V=T2PT¢, Va=V+AL (54)
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1 1
Noting that U = PTxP = PT¢ (PT7¢)*, thus following from Lemma 9 (with f(u) = (u +
)\)%R,\(u)) and P? = P,

1 1 1 1 11
IUERAU)PT 2| = U RAU)(PTE) T = I(PT2)VERAWTE Y.
Adding and subtracting with the same term, using the triangle inequality, we obtain
1 _1 11 11
[ RA@PT 2| <IPTEVERAVVE |+ [ PTRVERAW)(TET = V)|
11 11
<[IPTVIRAVWV T+ [PTRVRRAW)II T ™ = V.
Using Lemma 10, with (6) and ||V| < ||7x|| < k2, we then have
1 _1 11 11
[U RAQU)PT 2 | < [IPTVERAMWV)VS |+ [PTRVERAW) | l| T — V€D

Using ||A]| = HA*AH%,P2 = P, the spectral theorem, and (17), for any s € [1, 7], it holds
that

1 1
IPT2VERAWV)V | <[V ' RA(V)VAVRA(V) VS 2

1 1
< sup [Ra(u)u’"2(u+ N)2| < FA%
u€[0,x2]

and thus we get
1, _1
U2 RAGPT 2| < PO+ ACco1l[ T = V][0,
Using Lemma 12, (I — P)?2 = I — P and ||A*A|| = || A||?, we have
1 1
T =Vl = 1T (I = PYRR|| < | T = T + IT2( = P)T || < Az + As,
and we thus get
1 _1
U RAQROPTS 2| < FON + ACc_10(Ag + Ag) M), (55)

Now we are ready to estimate || Term.B|/r. By some direct calculations and Part 2) of
Lemma 13,

1 1
| Term Bl < |UF RAQHPT 2 T2 whilli < U RAQHPTS 2| R.
Adding and subtracting with the same term, and using the triangle inequality,
1 _1 1 ; _1
| Term Bl < R <||um<u>P7:f |+ U RAQOINTS S = T 2||) .
Using the spectral theorem, with [[U| < ||7x|| < 2 by (6) and (17),

1
ERAU)| = sup [Ra(u)(u+N)?| < FAz,

u€]0,x2?]
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and we thus get

|Term.B||z < R <|1L1§RA(U)PT,§‘é |+ FA2||T¢ 2 — T,f_én) .
Applying Lemma 10, with (3) and (6), it follows that

|Term.B||; < R<||u§72A UPTS 2| + FAbC, L AL 2’“).
Introducing with (55), we obtain

1

|Term.B||z < FR ()\C + Ce1nMAg + A5) DM L €y AZA

§I§

\/

Introducing the above inequality and (52) into (47), noting that A; > 1 and & we
know that for any ¢ > 1, the following holds

3 1
T2 (W% — Pupy)||u <AZ (EAQ b (F+ B)RX + Ex2CDR(A; + As)
_1
+C 1, FR(MAz + Ag) DAL 4 )\%Agg 2)/\1)).

Using the above into (45), and by a simple calculation, we can prove the second desired
result. |

5.3. Probabilistic Estimates

To derive total error bounds from Proposition 3, it is necessary to develop probabilistic
estimates for the random quantities A1, As, and Az. We thus introduce the following three
lemmas.

Lemma 14 Under Assumption 3, let § € (0,1), and X = n=% with 6 € [0,1) or A\ =
[1Vlogn"]/n. Then with probability at least 1 — 0,

(T + ADY2(Te + XD T2V (T + M) 7V2(Tx + MDY < 3a(6),

4k%e(cy+1) . 4k2(cy+1
where a(0) = 8 og 22555 73 = 1 logo)jn, or (8) = 55 (o8 2+ 12
otherwise.
The proof of the above result for A = n=% with 6 € [0, 1) is given in (Lin and Cevher, 2018b).

Here, we also provide a similar result for A\ = [1 V logn?]/n using the same argument. We
report the proof in Appendix.

Lemma 15 Let 0 < § < 1/2. The following holds with probability at least 1 — ¢ :

2r2log(2/6) N 2k*1log(2/4)
n n ’

1T = Txll < IT = Tllms <

Here, || - |gs denotes the Hilbert-Schmidt norm.
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Using (Smale and Zhou, 2007, Lemma 2) (which is a direct corollary of the concentration
inequality for Hilbert-space valued random variables from (Pinelis and Sakhanenko, 1986)),
one can prove the desired result.

Lemma 16 Under Assumptions 1 and 2, with probability at least 1 —9, the following holds:

_1
Ty 2 (Tawdy — Sxy — Twiy + Sy fu)llu
<y <4K(M + (VO RAC=2)-) N \/8(2R2/<2)\2¢1 + (2B + Q2)N(A))>

9
log =.
g 5 (56)

nvVA

The above lemma is essentially proved in (Lin and Cevher, 2018b; Lin et al., 2018). We
include a proof in Appendix for completeness.

n

5.4. Proof for Projected-regularized Algorithms

With the above probabilistic estimates and the analytic result, Proposition 3, we are now
ready to prove the following proposition and the results for the projected-regularized algo-
rithms stated in Theorem 1.

Proposition 4 Under Assumptions 1 and 2, let ||(I — P)T%H2 = As, and A = n~? for
some 0 € [0,1) or A = %. Then, for any 0 < a < [(A %], with probability at least 1 — 38
(6 € (0,1/3)), the following statements hold.

1) If ¢ € [0, 1], we have

~1l—a —a 2 —a —aya
H‘Cia(’spwi - fH)Hp < C% logl g/\C ! (EA5 + A% A )R
N

n

_ 2 1
+ L ]og2e S )e ((JQ(AC V)R +8E

M
5 o (B+Q)+8kE

i)
2) If ¢ >1 and A > n~'2, we have

_ 2 _
1£74(S,w% — fu)ll, < CECp  log @ SAT(BEAs + Al=oxa 4 PAAS MR
N(N)

(B+ Q)+ 8/€E£>.

_ 2 - 1
+ Cll—a log2_a 5)\—0 <C3(/\< \Y, \/;)R + 8FE Y

Here, the constants 0{172’3} are defined by

. 24k log%Jﬂ), if A = Wloan®
“= 9242 (log 22l tl) | 6y otherwise
&Il -9 ) - :

Co =8Ek (k") +1) + 2B+ F + 1.
C3 =8Ek(k* +1) + E+ F + 1+ C¢ o(E + F)rk*(2 + vV2).
Furthermore, if ¢ > 1/2, then the above conclusions still hold if we replace |L~%(f%— fu)l,

by | T2~ (w§ — wi)| -
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Proof We use Proposition 3 to prove the statement. We thus need to estimate Aq, Aq
and As. Following from Lemmas 14, 15 and 16, with n=! < A < 1, we know that with
probability at least 1 — 34,

1 N(X) M
Ay < | Co(AV —=)R+8{/—=(B+Q)+8:—= | lo
1
Vn
The convergence results in L%X-norm thus follow by introducing the above estimates into

(41) or (42), combining with a direct calculation and the assumption of 1/n < A < 1.
The proof for the convergence results in H-norm in the attainable case parallelizes to
that for results in L%X—norm, as we can replace (43) by

A3 < Cs log; C3 = /432(\/54- 2).

—a(, z 1o/ = —a
T2 ] — wm) |l < 1727 (@5 — wip)lla + RA.

Proof of Theorem 1 Theorem 1 is a direct consequence of Proposition 4 with Assumption
3 and using a simple calculation. |
Corollary 1 is a direct consequence of Theorem 1.

5.5. Proof for Sketched-regularized Algorithms

In order to use Corollary 1 for sketched-regularized algorithms, we need to estimate the
projection error. The basic idea is to approximate the projection error in terms of its

1 1
‘empirical’ version, ||(I — P)72||?>. The estimate for ||(I — P)T2 || is quite lengthy and it
is divided into several steps.

Lemma 17 Let 0 < 6 < 1 and 0 € [0,1]. Given a fized input set x C H™, assume that for
A€ 0,1],
tr((Tx + M) M) < b AT (57)

holds for some by > 0, v € [0,1]. Then there exists a subset Ux of R™*™ with measure at
least 1 — 6, such that for all G € Uy, the following holds:

1
I(I = PYT2 > < 6,

provided that

m > 100c) log” nA™7 log % (1+10bs). (58)

1
Under the condition (57), Lemma 17 provides an upper bound for ||(I — P)7¢|. The
left-hand side of (57) is called empirical effective dimension. It can be estimated as follows.
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Lemma 18 Under Assumption 3, let 0 < 6 < 1. For any fized A = n~? with § € [0,1), or
A= Nlilgm, with probability at least 1 — 4, the following holds:

tr((Tx + M) ' 7x) < b, log? %A‘T (59)

Here, b, is a positive constant given by

262(c, + 1) 1, if)\:M,
b, = 24r?(4K% + 2k /5 + (10 0 414¢), é= "
7 ( v F ) (log 71| ﬁ, otherwise.

The above lemma improves (Rudi et al., 2015, Proposition 1). It does not require the extra
assumption that the sample size is large enough, and our proof is simpler.
Now we are ready to estimate the projection error with randomized sketches as follows.

Lemma 19 Under Assumption 3, let S = range{SiG*}, where G € R™*" is a random
matriz satisfying (26), and P be the projection operator with its range S. Then with prob-
ability at least 1 — 30 (6 € (0,1/3)), we have

1 4
= P)T2||2<— <1v ogn >7a71 og 5.

provided that

- 4 0 if 0 <1
m > Cn log’ n(1Vvlogn?)log® =, c¢=<{" lf < (60)
d v, if 0 =1.
Here, a, = 24x%log %, and C = 100c} (1 + 10b,) with
262(cy + 1) D ife<1
b, = 24r2(4K% + 2K/ + ¢ <lo ”+1+5>, ¢={ -0y ’
I A Lo o=t

The proofs for Lemmas 17-19 are given in the appendix.
With Lemma 19, we can use Corollary 1 to prove Corollary 3 for the sketched-regularized
algorithms as follows.

Proof of Corollary 3 Applying Lemma 19 with

1, if 2 +v <1,
_ ¢—a ;
0= caerm fezl
ﬁ, otherwise

we get that under the condition (27), with probability at least 1 — 34, it holds that

1 logn 4 4 | A if ¢ <1,
As; < — (1 1 1 —a
5~n9<v 19>0g5'\“0g6{)\fa’ e,
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where we use the following fact

logn”  « logn1*9< 0%

nl=¢ 1—-9 npl-% —1-¢’

ifo <1,

within the last inequality. Combining with Corollary 1, and by a direct calculation, with
A <1, one can prove the desired result. |

Remark 7 Roughly speaking, and ignoring the logarithmic factors, in the proof of Lemma
19 for the case v € (0, 1], we have the following high-probability upper bound for the projec-
tion error: . )

I(I = P)T=[P sm™ 7.

Introducing this estimate into Theorem 1, we observe that the following conclusions hold
with high probability for X\ € (n=',1] and a € [0, % AC:

For ¢ € [0,1],
—a/ rz (—a )\C—a
L7 = fa)llp SN+ ———= + ——
n2)\“+2 ma\
while for ¢ > 1 and X > n~Y2, we have
s e u 1 1 1 A—a
”£ (f)\ - fH)HP 5 )‘C + 1 5 + 1 + ==t (C—1)AL *
na Xtz mi \e
m m el

Clearly, the regularization parameter, the sample size, and the sketching dimension have a
direct impact on the upper bound. To minimize the upper bound, it is necessary to trade off
these parameters.

5.6. Proof for Nystrom-regularized Algorithms

In this subsection, we first estimate the projection errors for Nystrom-regularized algorithms
and then leverage Corollary 1 to prove Corollaries 4 and 5.

The following lemma estimates projection errors with the plain Nystrom subsampling
scheme.

Lemma 20 Under Assumption 3, let P be the projection operator with range

S = span{xi, -+, Tm}.
Then with probability at least 1 — 6 (6 € (0,1)), the following inequality holds:

4r%e(cy + 1)

1 1 1Vlogm?
I—-P)T2|? < ||(I — P)T2||? < ——=———24k%1o , 61
(2= PYTE|P < (T - PYT;2 | <~ R e (61)
whereu:%.

The next lemma provides upper bounds for projection errors with ALS Nystrom sub-
sampling scheme.
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Lemma 21 Under Assumption 3, let S = range{Z1,--- ,Zm}, with each T; drawn following
an (L, X\)-ALS Nystrém subsampling scheme, and P be the projection operator with its range
S. Let \=n"?if0 €[0,1), or A= % if 0 = 1. Then with probability at least 1 — 3
(0 € (0,1/3)), we have

15 1 logn” 4
- PYTHP < (1 v nH) oy log 3.
provided that
1, if 0 <1,

1—7, ifo=1 (62)

_ 4
m > Cyn?7(1V logn?)¢log? 50 €= {

Here, Cy = 8b,L?(4 + log(2b,)) where a,, and b, are given by Lemma 19.

The proofs for the two above lemmas will be given in the appendix.

Proof of Corollary 4 Combining Corollary 1 with Lemma 20, one can prove the desired
result. |

Proof of Corollary 5 Combining Corollary 1 with Lemma 21, one can prove the desired
result. |

6. Proof for Section 4

In this section, we prove the results in Section 4. We first prove the following result.

Theorem 5 Under Assumptions 2, 5 and 4, let

T= [(77)‘)_117 A= n_m(l V log n7)1{24+7§1}’ (63)

and let )
0<n< ogm——F— 64
S 8k2(log T + 1) (64)

Then for any a € [0, % A (], the following holds with probability at least 1 —§ (0 <06 <1).
1) If ¢ <1, we have

2 2
Egl|£7(Spwrs1 — fu)|2 S A2 (14 A‘1A5)2 log* s+ nb~ A2 (log T')H2e#1} 1og? 5

(65)
2) If ¢ > 1, we have
Es|| £~ Spwri1 — fu)ll)
A% (AC +As (1 + (25)A§<‘”“ + (2{)))2 log* = 4 b~ A2 (log T) 271 Tog? =
(66)

Furthermore, if ( > 1/2, then the above conclusions still hold if we replace ||L~*(S,wry1 —

), by H’T%*a(wTﬂ —wp)||lg. Here, As is the projection error ||(I — P)T%H2.
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Proof We only provide the proof sketches and omit the universal constants in the proof.
We first introduce an auxiliary sequence {v;}._,, generated by projected gradient descent
and given by v; = 0,

t t

v = GPTP)S, G =S me T[ (=),

k=1  i=k+1
Following (Lin and Rosasco, 2017a, (5.17)), which is originally motivated by (Lin and
Rosasco, 2017b), we can prove the following decomposition:

Es| £~ Spwri1 — fu)llh = 1£7(Spvrsr — fu) s + Eal| LS, (wri1 — vrg) |2

In what follows, we estimate the last two terms separately. _
We first estimate ||£7(S,vr41 — fH)HZ As noted in Remark 1, G;(+) is a filter function

with regularization parameter (nt)~!. As A ~ (nT)~! by our assumptions, with a simple

modification of the proof for Corollary 1, we know that the error estimates in Corollary 1
hold with f)z\ = Spr+1'
What remains is to prove the following error bounds:

2
Es[|£7Sp(wri1 — vra) |3 S nb~ A (log n)H2e#1) log? 5 (67)

We first consider the case a < 1/2. From the proof for (43) and using (44), we have

1

aH7§3(wT+1 —vrq)|lm-

1 1_
L7 Sp(wrsr = vr)llp < (IT27(wra — vrsd) [z S ATOAT

Following from the proof for (Lin and Rosasco, 2017a, Proposition 5.21), under Condition
(64), we have

1
Eg|| T3 (wr1 — vra) |7 < 48K%E,(0)nd ™" log(3T).
Thus, we have
—a 2 —2a A1-2a,g,.2 -1
Ej[|[£7Sp(wrs1 —vrea)ll; < AT7AT748Kk7E,(0)nb ™ log(3T).

Applying (Lin and Rosasco, 2017b, Lemma 25) and Lemma 14 to estimate &,(0) and A;
respectively, we can prove that (67) holds with probability at least 1 — §. The proof for the
case a = % is simpler. In fact, by (5), we have

||£_1/25p(wT+1 —vr)llp < lwrsr —vrgalla-

Following the similar arguments as that for (Lin and Rosasco, 2017b, (77)) and (Lin and
Rosasco, 2017a, Proposition 5.21), under Condition (64), we can prove

Egllwrit — vraa |l S nb~'ATTE,(0).

Combining with (Lin and Rosasco, 2017b, Lemma 25), we can prove that (67) holds with
probability at least 1 — 4.
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From the above analysis, we conclude the proof. |

Now we are ready to prove Theorem 2 and its corollaries.

Proof of Theorem 2 Simply applying Theorem 5 with specific choices on 7,b and T,
one can prove the desired results. |

Proof of Corollary 6 Simply applying Theorem 2 and noting that Condition (31) is
satisfied trivially since P = I. |

Proof of Corollary 7 The proof can be done by combing Theorem 2 with Lemmas 19-21,
and following exactly the same steps as that for Corollaries 3-5. |

7. Conclusion

In this paper, we first prove optimal statistical results with respect to variants of norms for
sketched or Nystrom regularized algorithms. Our contributions are mainly on theoretical
aspects. First, our results for sketched-regularized algorithms generalize previous results
(Yang et al., 2017) from the fixed design setting to the random design setting. Moreover,
our results involve the regularity/smoothness of the target function and thus can have a
faster convergence rate. Second, our results cover the non-attainable cases. Third, our
results provide optimal, capacity-dependent rates even when ¢ > 1. This may suggest
that sketched /Nystrom regularized algorithms have certain advantages in comparison with
distributed learning algorithms (Zhang et al., 2015), as the latter suffer a saturation effect
over ( = 1. We then extend our analysis to stochastic gradient methods with projections,
allowing multi-pass over the data and minibatches, and we derive similar optimal statistical
results. A future direction is to extend our analysis to learning with random features, see
(Rahimi and Recht, 2008; Sriperumbudur and Sterge, 2017) and the references therein.
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Appendix A. Proofs for Section 5

In this appendix, we prove the lemmas stated in Section 5.

A.1. Proof of Lemma 14

We first introduce the following basic probabilistic estimate.

Lemma 22 Let Xy, -+, X, be a sequence of independently and identically distributed self-
adjoint Hilbert-Schmidt operators on a separable Hilbert space. Assume that E[X1] = 0, and
|X1]| < B almost surely for some B > 0. Let V be a positive trace-class operator such that
E[X2] < V. Then with probability at least 1 — 6, (5 €]0,1[), there holds

2B3  [2]V|B Atry
<250 i .
Sqn VT o Pl

The above lemma was first proved in (Hsu et al., 2014; Tropp, 2012) for the matrix case,
and it was later extended to the general operator case in (Minsker, 2011), see also (Rudi
et al., 2015; Bach, 2017; Dicker et al., 2017). We refer to (Rudi et al., 2015; Dicker et al.,
2017) for the proof.

Using Lemma 22, we can prove the following result. Refer to (Lin and Cevher, 2018b)
for proof details.

Lemma 23 Let 0 < § <1 and A > 0. With probability at least 1 — 9, the following holds:

Ry 10 4K2%B 2K23 L ARPN(A) + 1)
[T+ AT =TT AN < Srm [ B =tes T

We are now ready to proof Lemma 14.

Proof of Lemma 14 By a simple calculation, we have if 0 < u < 1/2, then 2u?/3 4+ u <

2/3. Letting 228 u, and combining with Lemma 23, we know that if

N
2
2k2[3 < 17
x|\~ 2
which is equivalent to
8K23 4k2(1+ N (X))
> =1 68
|X| - A, ) 6 Og 6HTH Y ( )
then with probability at least 1 — 6,
|7 2T =TT || < 2 (69)
Note that (69) implies
1732 TP VAT T 2 < 38 (70)
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Indeed,
HTW X)\}/QHZ _ ||7—1/2 x/\/ 1/2|| — (I - 7_/1/2(7, 7;)7;1/2)_1” <3
and 1/2 1/2 1/2 1/2 1/2 1/2
NTA2T 212 = 1T P T T V2 = 15 Y2 (T = T Y2 4 1)) < 3,

From the above analysis, we know that for any fixed A > 0 such that (68), then with
probability at least 1 — 6, (70) holds.
Let X = a\, where for notational simplicity, we denote a(d) by a. We will prove that
the choice on )\ ensures the condition (68) is satisfied, and thus with probability at least
— 6, (70) holds. Obviously, one can easily prove that a > 1. Therefore, A’ > A, and

I T < I T PN P Tod PINTR Tl < I T PV

1/27.—1/2‘

where for the last inequality, we used |7,

T 2T < 1T P I N N

Combining with (70), and by a simple calculation, one can prove the desired bounds. What
remains is to prove that the condition (68) is satisfied. By Assumption 3 and a > 1, for
A= |x|7% with 6 € [0, 1),

|2 < sup,>g u+)\ < X/ Similarly,

4k2(1 + cya™|x|%7)
8|71

while for A = (1 Vv log |x|)/|x],

4rk%(1 + ¢y |x|%7 4k2(1 4 ¢)
<1 - =1 22+ log x|
R T R

B < log

46%(1 + cya A7) 462 (1 + ¢y)|x[7 46%(1 + ¢y)
< log 7 =log ——— 2
STl o7l STl

If A = |x|~% with § € [0,1) and 8y = 0, or A = (1 V log|x|?)/|x|, then the condition (68)
follows trivially. Now consider the case A = |x|~? with 6 € (0,1) and 6~ # 0. The maximum

of the function g(u) = e~ ““u® (with ¢ > 0) over Ry is achieved at umax = a/c, and thus

B8 <log + log |x|7,

supe” “u® = (g)@[ . (71)
u>0 ec

We apply the above with u = |x|97€/, a =1/¢', we know that for any ¢/, ¢’ >0

46%(1 + ¢y)

A |
/< 107¢C
x| 4+ =
S|

1
C/ CIeCI .
_ Oy

Selecting (' = —7 and ¢ = = oiza) We know that a sufficient condition for (68) is

B < log

log

1-0 2
4k%(1
1x|'"Ya > log k(14 cy) N O x

‘179
8k2 ST e(1—10) )

From the definition of a, and by a direct calculation, one can prove that the condition (68)
is satisfied. ]
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A.2. Proof of Lemma 16

To prove the result, we need the following concentration inequality.

Lemma 24 Letwq, - ,wy, be i.i.d random variables in a separable Hilbert space with norm
| - |l. Suppose that there are two positive constants B and o such that

1
E[||w; — E[w]||'] < 5Z!Jal—%?, vl > 2. (72)

Then for any 0 < § < 1/2, the following holds with probability at least 1 — 9,

1 — B o 2
2N, —Elu)ll <2 (2 + -2 ) 1og =,
In particular, (72) holds if
|lwi]| < B/2 a.s., and E[||w1||2] < o2 (73)

The above lemma is a reformulation of the concentration inequality for sums of Hilbert-
space-valued random variables from (Pinelis and Sakhanenko, 1986). We refer to (Smale
and Zhou, 2007; Caponnetto and De Vito, 2007) for the detailed proof.

1
Proof of Lemma 16 We use Lemma 24 to prove the result. We let & = T, 2 ((wyy, i) i —
yi)x; for all i € [n]. It is easy to see that &; is a random variable depending on (z;,y;). From
the definition of the regression function f, in (8) and (9), a simple calculation shows that

_1 _1 _1
E[§) = E[T, > (wi, )i — fp(2))a] = T, *(Twy = Sy fp) = T3 * (Twiy = S fu)- - (74)
Combining with the definition of 7x and Sg, we have

n

nﬁﬁm@%—sy=vwz+$ﬁmm=Hiiyg—mm

=1

H

In order to apply Lemma 24, we need to estimate E[[|¢ — E[¢]||%;] for any [ € N with [ > 2.
In fact, using Hélder’s inequality twice,

Ell¢ — Bl < E(I€lm +ElElm)" < 27 @Il + ElElm)) < 2'ElIg]y- (75)

We now estimate E|[|£[|%;. By Holder’s inequality,

Ellelly = BIIT, 2allyly — (wh2))] < 27 BTy 2ally(y - (@)l +1fola) - (i a)al).

According to (2), one has

_1 _1 1
175 2l < AT 2 llzlle < —=~ (76)

VA
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Moreover, by Cauchy-Schwarz inequality and (2), [(w, z)r| < llwylzlzlla < sllwyla-

Thus, with |f,(z)| < M by Assumption 1, we get

1-2 )
Elelly < 2! (%) ENT 22l (y — fo(@)l' + (M + sl ) 2wy 2) i — fole)P).
)

Note that by (11),
_1 _1
E[7, 2zlFly — fo(@)] —/HHTA 296“%1/]1%!y—fp(iv)!ldp(ylw)dpx(m)
1 _1
< IM=2Q? /H 1Ty 2l dpx (2).
Using ||w||% = tr(w ® w) which implies
_1 _1 _1 |
[T Rl @) = [ (T b @ oy Ddpx(e) = (TP TT D =N ). (19
H H
we get
1 1.
EIT, *alrly — fo(@)] < SUMTQZN (). (79)
Besides, by Cauchy-Schwarz inequality,

E[IIT;%mH%K%@H — fol@)]?] < 2E[||7j\_%x”%{(|<w;\{7x>h’ — fu@) P+ fu(x) = fo(a))].
By (76) and (39),

RZ 2

_1 K _
BT, ol (i o) —Fa(@)’] < SE{wiy, o) —fa(@)’] = | Spwi—ful; < R22A*

Therefore,
BT 22wk )i — fo(@)?] < 2 (R%W“ FENT el o) - fp<x>\2]> .

Using ||w||% = tr(w ® w) and (12), we have

[NIES

E[HT{%:CH%\fH(@ — fo(@)’] =E[| fu (x) = fo(x)]? tr(TJ%x ®aT,
= tr(T E[(fu(2) = fo(2))*z @ a])
<B?tr(T,1T) = BN (N,

)]

and therefore,

N =

BTy ?all (why o)a — fo(@) ] < 2 (RN 4 BV (V).
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Introducing the above estimate and (79) into (77), we derive

-2
Bl <2 (J2) (GUMIIQRN) + 20 + sl HRREE + BN())
121 (M + 52wy |l a | 2 2y20—1 2, A2
<2 < % S (2R KIAXT 4 (2B 4 Q )N()\)).

Introducing the above estimate into (75), and then substituting with (40), we get

Ak (M + VEORNC—2)-)
VA

-2
[ ~ Efgl] < 5 ( ) 8 (2R 4 (2B2+ QON (V).

Applying Lemma 24, we get the desired result. |

A.3. Proof of Lemma 17

Let Sx = UXV™ be the singular value decomposition of Sy, where V : R" — H, U € R™"*"
and ¥ = diag(o1,09,- -+ ,0,) with V*V = I, U*U = I, and 01 > 09,--- ,0, > 0. In fact,
we can write V = [vq,- -+, v,] with

Va=) a(i)u;, VacR,
=1

with v; € H such that (v;,v;)p = 0 if i # j and (v;,v;)g = 1. Similarly, we write
U= [ulv"' 7ur‘]a and

T Ve
Sx = E oi(vi, ) HU; = E o @ ;.
i—1 i—1

For any p1 > 0, we decompose Sx as 81, + Sz, with

Sl,u:E oiu; @ vj, SQ,MZE oiu; @ vj,

o> oi<p

and we will drop p to write S;,, as §; when it is clear in the text. Denote d the cardinality
of {o; : 0; > p}. Correspondingly,

S1=Uix VY, S = UaBoVy, (80)
where Vl - [Ula"' 7Ud]7 ‘/2 — [Ud-‘rlv”' 77-}7’]7 Ul — [ula"' ,Ud], U2 — [ud-i-l"" 7u7']7 Zl -
diag(oi,---,04), and 39 = diag(og41,---,0p). As the range of P is range(S;G*), we can
let

P=P + P,

where P; and P, are projection operators on range(S;G*) and range(S;G*), respectively.
As
T = SiSy = (USVH)'ULV* = VX2V,
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we have
2

I=1I( = PYVEV*| = (I = PL = P2) Y ViV

=1

xm\»-x

(I = P)

As P is a projection operator on range(S;G*)(C range(V1)) and range(S; G*)(C range(V2)),
and V*Va = 0, we know that P;V; = 0 when 4 # j. Thus, it follows that

2
1
I = P)T | =Y = P)(VisiVy)l|
i=1
2
<) I = P)(ViEVT]
i=1
<[[(I = POY(ViZ VD) + [T = Pll[[Val[[[Z2 IV ]l-
As ¥y = diag(ogy1, -+ o) with o <, -+ [ og4e1 < u, we get

1
(I = P)T || < [[(I = PL)(ViZa Vi) || + e (81)
As P is the projection operator on range(S;G*), letting W = GS; and for any A > 0,
Py = WX(WWTW = W (WW* + X)W = WW(W*W + A7,

and thus
I—P I -WWW*W +XI)"t = AW*W + AI)~L.

It thus follows that

[
[N
=

1
T2 (I — P)TE =2 ATE(W*W + \I)7'T2,

where for notational simplicity, we write
Ty = (V15 V)2 (82)

Combing with

=

I(1 = PYTEI? = IT¢ (1 — PY2TE | = T2 (1 - PYTE|,
we know that
I(1 = PYTE (2 < ATE (W*W + A1)~ TE|| < XT3 (W*W + A~ T3 .
As
1 1 1 1\ ! 1 _1\ !
TE(W*W + AI)~'TE, = <T1; (W*W + AI)TMZ’) = (I — T2 (T — W*W)TM2> ,

and if ) )
HT;f (T — W*W)T;f” <ec<l1, (83)
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then according to Neumann series,
1 _1 _1
|1 = PYTF |2 < A|Tp2 (W' W + A1) T2 < (1—¢) 7', (84)

If we choose = v/, and introduce the above with ¢ = % into (81), one can get

(I = PYT2|% < (V2 + 12\ < 62, (85)

which leads to the desired bound.

In what follows, we show that (83) with ¢ = % holds in high probability under the
constraint (58). Recall (82) and that W = G&; with S; given by (80). Thus, 77 =
Vi1 ViVis Ve = VIS1VY, and

W*W =S§7G*GS; = ViU G*"GU X4, VY

Therefore, with V{*V; = I,

_1 _1
T2 (T — WW)T,,2 =Vi(23 + MDYV visi (I — Uy G*GUL) S ViV (3 + MDYy
V(22 + M)7V28 (I — Ur G*GU)Z (22 + M) ~V2vp, (86)
It follows that
_1 _1
T2 (T =W W)T 2 || < (IVAll[(S3 M) 28 |2 I - U G*GUA|[VY|| < |IT-UTG*GUA||.
Using UjU; =1,

I = Ui G"GUL| =[[Ui (I - G"G)U4]|
= max [(Uf(I - G"G)U;a,a)|

acR?,||all2=1
2 2
=  max |[|Uial; —[|GUall3].
acRd ||all2=1
Based on a standard argument as that for (Baraniuk et al., 2008, Lemma 5.1), we know
that

max |[||Ura]3 — |[GUall3] <
acR? [lal2=1

N | =

with probability at least

m
1-2(60)%exp | —————— | >1-4,
(60) p( 1000610g’8n>_

provided that

2
m > 100¢) log” n (log 5 + 5d) . (87)
Note that by (57),
2 2
. 4 d
bATT > tr(TRTSl) = % > % 59
7 = t(TTo) Zi:al?—l—)\_ 2>)\O'Z-2—{—)\_2

Thus, a stronger condition for (87) is (58). The proof is complete.
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A.4. Proof of Lemma 18
1 1
We first use Lemma 24 to estimate tr(7, *(7x —7)7, *). Note that

(T, 2T, Zmamr Zg

1
where we let & = ||, 2x;||% for all j € [n]. Besides, it is easy to see that
_1 1 1 &
(T3 2 (T =TT ) = — > (& — Elg))-
j=1

Using Assumption (2),

[\

1 K
&1 < X||LU1H§{ <

and

K2 K -1 1 R2N(A
Bllal?) < BTl = S Ea( o ny ) = SO

A A

Applying Lemma 24, we get that there exists a subset 0 of H" with measure at least 1—4,
such that for all x € )y,

1 -1 2K K2N(N) 2
tr(7T, *(Tx —T)T, )§2<n)\+ Y )logé.

Combining with Lemma 14, taking the union bounds, rescaling ¢, and noting that

(TG ) = (T T T Ty T T
SITE T2 1P (T3 2 Ty 2)
SITETR P (T A= T+ ).

M\»—‘

we get that there exists a subset 2 of H™ with measure at least 1 — 4, such that for all
x € (),

tr(7;_/\17;) < 3a(d/2) (2 (27;\2 + KQ.:;E”) log% +N(/\)> ,

which leads to the desired result using A < 1, nA > 1 and Assumption 3.

A.5. Estimating Projection Errors with Random Sketches

1Vlog n”
n

Proof of Lemma 19 Let 1 = ,and A =n~% with 0 € [0,1) or A = %. By a

simple calculation,
1 1 11
I(I = P)T=[* < (I = P) Tl 1 Ts® T 1.
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Using
1 1
|(I=P)Ts& |2 = |(I=PYTau(I—P) || < |(I— P)Ta(I=P)|+4ll(I—PY2| < (1= PYT |1,
we get
1 _1 1
I - PYTH? < (na— PYT:E |2 +u> | Tt Tt |2 (38)

Following from Lemma 18 and Lemma 14, we know that there exists a subset 21 of H™
with measure at least 1 — 24 such that for every x € (15,

tr(T, ) < bysA 77,
and
I U 4
I Tsc® Ty I < ay log 5, (89)

where by 5 = b, log? %. For every x € {21, according to Lemma 17, we know that there exists
a subset Uy of R™*" with measure at least 1 — §, such that for all G € Uy,

1
I(I = P)T|* < 6A, (90)
provided that,

4
m > 100¢) log” nA™7 log® 5 (14+100,),

which is satisfied under the constraint (60). From the above analysis, we can conclude that
if (60) holds, then with probability at least 1 — 34, (90) and (89) hold. Introducing (90)
and (89) into (88), one gets that with probability at least 1 — 30,

4
I(7 = P)T 2> < (6A+ p) ay log =,
which leads to the desired result. [ |

A.6. Estimating Projection Errors with Plain Nystrom Subsampling
Proof of Lemma 20 As P is the projection operator onto m with x =
{xl, . 7xm}’
P = S;(5255) Sz = S5(SxS5 + nl) 'Sz = S5Sx(SiSx + ) ™' = Ta(Ta + ul) ™,
where for the last second equality, we used Lemma 9. Thus,
[—P=2T—=Ta(Tzx+pl)" = pu(Tz+pl)~"
It thus follows that

N[
NI

1 1
Tt (I = PY2T¢ < Ty (T + pud) VT3
Using ||A*A||? = ||A||? and the above,

N

1 1 1 1 1
I = P)T2 17 = T2 (I = P)T || < ull T2 (Tx + pl) ' T2 || = pll (T + o) 72 T2 |12 (91)
Thus,
I = PYT3I? < |12 = PYTZ |2 < ull (T + nD)™2(T + uD) 2|2

1Vlog m?”
m

Using Lemma 14 with p = , one can prove the desired result. |
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A.7. Estimating Projection Errors with ALS Nystrém Subsampling

We first note that in an L-ALS Nystrom subsampling regime, S can be rewritten as S =

range{S;:G '}, where each row ﬁaT of G is i.i.d. drawn according to

J

1
Pla= e | =gq, t1€{l,---,n
( \/@Z> ' t J

Here {e; : i € [n]} is the standard basis of R"” and

Li(A
@ = a() =
J Lj (M)
Using Lemma 22, and with a similar argument as that for Lemma 17, we can estimate
the empirical version of the projection error as follows.

Lemma 25 Let 0 < d <1 and 0 € [0,1]. Given a fiz input subset x C H™, assume that for
X € [0,1], (57) holds for some by, > 0, v € [0,1]. Then there exists a subset Ux of R™*™
with measure at least 1 — &, such that for all G € Uy,

1
I = PYT|I* < 3A, (92)
provided that
8o, AT
m > 8b, A" 7L log ”T. (93)

Proof If we choose u = 0 in the proof of Lemma 17, then Sy = &1 and S = 0. Similarly,
Tx = T1. In this case, (86) reads as

Tx

_1
2

(Tx — WW)T_2 =V(22 + ) 7V28(I — U*G*GU)S(2% + A\I) 20,

NI

Thus, using V*V =1, U*U = I and U is of full column rank,

_1 _1
T2 (T = W) TLE | IVIUFU(S? + AD)TV2SU (1 - G*GYUS(S? + A1)~ V2UHU |
<U (B2 + A 7V22U (I — G*G)UR(2? + A1) ~2U7).

Using K := Ky = §S; = UX2U*, we get
-1 . —1 _1n1/2 X —1\1/2
IT? (T = W) T2 <[HEKE +A)™) (1 - G*G) (KK +AD) ™) 7.

Letting X; = (K(K + A)™1) 1/2 aal (K(K+ /\I)_1)1/2, it is easy to prove that E[a;a}] = I,
according to the definition of ALS Nystrom subsampling. Then the above inequality can
be written as

_ i 1 1 &
ITe* (T =W W2 < > (B[] - A)]l.

i=1

N
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A simple calculation shows that

KK+ )™ .
1] =a; (K(K +AI)™") a; < max (K( )7

J€[n] q;
:maxM:ma s )Zklk <L2Zl = L*tr(KK, 1),
j€lnl  gj Jj€m] l](A)
and
E[x?) =Ela} (K(K + AI)7!) a;X;] < L tr(KK; HE[X;] = L? tr(KK KK
Thus,
IE[X] — Xl < B[l + [|4] < 227 tr(KK} ),

and

E[(Xi - E[Xi]ﬂ < E[A?] < L2 tr(KK; KK, .
Letting V = L2 tr(KK, ") KK, ', we have

VI < L? tr (KK},

(V) _ (KK A
tr(KK, D1+

VIE KK K]
Applying Lemma 22, noting that tr(KK; ') = tr(7x7.,!) and | K|| = || Tx|| as Tx = SiSx,
we get that there exists a subset Ux C R™*™ with measure at least 1 — § such that for all
G e Uy,

and

—1
b g MERTRN L MIT)

m 1)

1 1 AL (TRTAE 2L2 tr(To Tt

Tt (T = W) < SR ) ¢ (B )5
3m

If A < ||7x]|, using Condition (57), we have

DAL MITD 8027
0 - 5

B < log

and, combining with (93),

AL tr(Ti T, B e tr(TxT )8 _ 2
3m m -3
Thus,
‘ (T — W*W ‘1/2H<7, VG € Uy.

Following from (83) and (84), one can prove (92) for the case A < ||Tx||. The proof for the
case A > || Tx|| is trivial:

1 1
I(I = PYT2[1* < 1T = PIPIITIP < 1Tl < A

40



CONVERGENCES OF REGULARIZED ALGORITHMS AND SGM wITH RANDOM PROJECTIONS

The proof is complete. u

With the above lemma, and using a similar argument as that for Lemma 19, we can
prove Lemma 21. We thus skip it.

Appendix B. Learning with Kernel Methods

In this appendix, we review how the regression setting considered in this paper covers
non-parametric regression with kernel methods.

Let the input space Z be a closed subset of Euclidean space R?, the output space
Y C R. Let g be an unknown but fixed Borel probability measure on = x Y. Assume
that {(&,y:)}", are i.i.d. from the distribution p. A reproducing kernel K is a symmetric
function K : 2 x £ — R such that (K (u;, “j))f,j:1 is positive semidefinite for any finite set
of points {ui}le in Z. The kernel K defines a reproducing kernel Hilbert space (RKHS)
(MK, | - ||x) as the completion of the linear span of the set {K¢(:) := K(§,-) : £ € E}
with respect to the inner product (K¢, K,) g := K(§,u). For any f € Hg, the reproducing

property holds: f(§) = (K¢, f)k-
Example B.1 (Sobolev Spaces) Let X = [0, 1] and the kernel
1— <

Then the kernel induces a Sobolev Space H = {f : X — R|f is absolutely continuous , f(0) =
f(1)=0,feL*(X)}.

In learning with kernel methods, one considers the following minimization problem

inf (f(&) = y)*du(&, y).

fetk Jaxy

Since f(§) = (K¢, f)k by the reproducing property, the above can be rewritten as

inf /_ ((f, K¢y — y)*du(€, y).
=XY

feMHK
Letting X = {K¢ : £ € £} and defining another probability measure p(K¢,y) = p(€,y), the
above reduces to the learning setting in Section 1.
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