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Abstract

Nystrom low-rank approximation has shown great
potential in processing large-scale kernel matrix
and neural networks. However, there lacks a
unified analysis for Nystrom approximation, and
the asymptotical minimax optimality for Nystrom
methods usually require a strict condition, assum-
ing that the target regression lies exactly in the hy-
pothesis space. In this paper, to tackle these prob-
lems, we provide a refined generalization analysis
for Nystrom approximation in the agnostic set-
ting, where the target regression may be out of the
hypothesis space. Specifically, we show Nystrom
approximation can still achieve the capacity-
dependent optimal rates in the agnostic setting. To
this end, we first prove the capacity-dependent op-
timal guarantees of Nystrom approximation with
the standard uniform sampling, which covers both
loss functions and applies to some agnostic set-
tings. Then, using data-dependent sampling, for
example, leverage scores sampling, we derive the
capacity-dependent optimal rates that apply to the
whole range of the agnostic setting. To our best
knowledge, the capacity-dependent optimality for
the whole range of the agnostic setting is first
achieved and novel in Nystrém approximation.

1. Introduction

In statistical learning theory, only a limited number of input-
output pairs can be observed from a fixed but unknown
distribution. As one of the most popular nonparametric
statistical approaches, the kernel method offers an elegant
paradigm and solid theoretical guarantees (Vapnik, 1999;
Shawe-Taylor & Cristianini, 2004; Li et al., 2022). De-
spite its excellent theoretical properties, the kernel method
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is unfeasible in large-scale settings because of high com-
putational and storage requirements. To overcome these
scalability issues, researchers improved kernel method with
accelerated techniques: distributed learning (Zhang et al.,
2015; Lin et al., 2017), Nystrdom approximation (Williams
& Seeger, 2001; Rudi et al., 2015) and random features
(Rahimi & Recht, 2007; Rudi & Rosasco, 2017) to alleviate
memory bottlenecks via low-rank approximation, as well
as stochastic and preconditioned extensions (Raskutti et al.,
2014; Lin & Rosasco, 2016) to improve computational effi-
ciency via iterative solutions.

Recent theoretical works have extensively studied the statis-
tical properties of kernel methods together with distributed
learning (Zhang et al., 2013; Guo et al., 2017a; Lin &
Cevher, 2020), Nystrom approximation (Bach, 2013; Alaoui
& Mahoney, 2015; Rudi et al., 2015; 2017), random features
(Rudi & Rosasco, 2017; Sun et al., 2018; Li & Liu, 2023;
Liu et al., 2021; Li & Liu, 2023) and stochastic optimization
(Carratino et al., 2018; Lin & Cevher, 2018). Specifically,
the optimal theoretical guarantees for kernel ridge regres-
sion (KRR) (Caponnetto & De Vito, 2007; Smale & Zhou,
2007) and its variants has attracted increasing attentions in
statistical learning, including Nystrom approximation (Rudi
et al., 2015), Nystrom approximation with stochastic opti-
mization (Rudi et al., 2017), Nystrom approximation with
data-dependent sampling (Rudi et al., 2018) and distributed
Nystrom approximation (Li et al., 2023), respectively. These
optimal guarantees for KRR rely on a strict assumption that
the concept (the true regression) f, lies in the hypothesis
space f, € H associated with the selected kernel. As shown
in Figure 1, since the joint distribution is unknown, it’s hard
to select a perfect kernel to guarantee the realistic setting
f» € H via prior knowledge or kernel selection. In practice,
as stated in PAC theories (Maass, 1994; Auer et al., 1995),
the selected kernel is usually imperfect but good enough to
approximate the true regression and thus leads to the agnos-
tic learning f,, ¢ #. Therefore, the statistical guarantees in
the agnostic setting are of practical and theoretical interest
in the context of kernel methods.

Nystrom methods sample landmarks to generate low-rank
approximation of large matrix. Remarkably, Nystrém
method is not only used in kernel matrix approximation
but also has shown significant potentials in accelerating
complex neural network models, such as Nystromformer
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Figure 1. In in the realistic setting, the concept class is a subset of hypothesis space C C H and thus the concept belongs to the hypothesis
space f, € H. In the agnostic setting, the concept class is larger than the hypothesis space and there exists the situation f, ¢ H.

(Xiong et al., 2021) and Nystrom attention (Samarakoon &
Leung, 2022). Therefore, in this work, we focus on the opti-
mal statistical guarantees for Nystrom approximation in the
agnostic learning. From the perspective of generalization
analysis, the sharp generalization error bounds in expecta-
tion for a fixed design regression setting were derived in
(Bach, 2013; Alaoui & Mahoney, 2015), and then (Rudi
et al., 2015) extended the former literature to the random de-
sign kernel ridge regression with high probability estimates.
However, these optimal statistical guarantees assumed that
the target function belongs to the reproducing kernel Hilbert
space (RKHS) generated by the selected kernel, which only
applied to the realistic setting. Recent works (Kriukova et al.,
2017; Lu et al., 2019) derived the generalization guarantees
for Nystrom approximation in the agnostic setting, but they
are either capacity-independent (Kriukova et al., 2017) or
suboptimal (Lu et al., 2019). However, the existing capacity-
independent optimality works in agnostic learning faced a
fatal drawback: Since it doesn’t measure the capacity of
the RKHS, the capacity-independent learning rates obtained
in the above literature are suboptimal when the size of the
RKHS is small. Therefore, the capacity-dependent optimal-
ity for Nystrom approximation with general loss functions
in agnostic settings is rather important but still an open
problem. In this paper, we aim to derive general optimal
statistical guarantees for Nystrom approximation, includ-
ing the following improvements: 1) The optimal statistical
guarantees apply to both realistic settings and agnostic set-
tings; 2) The optimal rates are capacity-dependent, where
the capacity-independent results are the special cases.

1.1. Related Work

The related work includes: Nystrom approximation and
leverage scores sampling.

1) Nystrom approximation. Nystrom approximation is a
common tool to approximate kernel matrix with low-rank de-
composition (Williams & Seeger, 2001; Drineas et al., 2012).
The approximation ability of Nystrom approaches has been
theoretically analyzed by many literature (Drineas & Ma-
honey, 2005; Drineas et al., 2012; Gittens & Mahoney, 2013;
Cohen et al., 2015). From the perspective of generalization

ability, the optimal generalization properties in expectation
were achieved for Nystrom approximation for fixed design
regression with uniform sampling in (Bach, 2013) and with
data-dependent sampling (Alaoui & Mahoney, 2015), while
(Rudi et al., 2015) extended these results to the random
design and the high probability estimates. Nystrom approx-
imation was incorporated with preconditioned conjugate
gradient (PCG) method to achieve better computational effi-
ciency (Rudi et al., 2017). The analysis was also extended
into coefficient based regularization (Ma et al., 2019) and
manifold regularization (Sivananthan et al., 2020).

2) Leverage scores sampling. Statistical leverage scores
that measure the matrix coherence have also proved crucial
recently in the development of improved worst-case random-
ized matrix algorithms (Boutsidis et al., 2009; Drineas et al.,
2012). To accelerate the computation of leverage scores,
researchers proposed several approximate leverage scores al-
gorithms, including RLS-Nystrom (Musco & Musco, 2017),
SQUEAK (Calandriello et al., 2017), BLESS (Rudi et al.,
2018) and spectral analysis via the Fourier transform (Chen
& Yang, 2021).

3) Agnostic Kernel Learning. The capacity-independent
optimal results for the agnostic kernel learning have been es-
tablished for KRR (Smale & Zhou, 2007), random features
(Sun et al., 2018), Nystrom approximation (Kriukova et al.,
2017) and distributed kernel ridge regression (DKRR) (Sun
& Wu, 2021). In particular, recent works (Kriukova et al.,
2017; Lu et al., 2019) studied the generalization properties
of Nystrom approximation for the agnostic setting, namely
low smoothness of target function f,, but the convergence
rates of these results are capacity-independent (Kriukova
et al., 2017) or suboptimal (Lu et al., 2019). The capacity-
dependent optimal results of Nystrom approximation for
agnostic learning have been scarcely studied.

1.2. Contributions

In this paper, we aim to provide optimal theoretical guar-
antees to the agnostic setting for KRR-Nystrom. For the
sake of comparison, we first restate the existing general-
ization bound for KRR-Nystrém (Rudi et al., 2015). With
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tighter estimates for the similarity between empirical and
expected covariance operators and the sample variance, we
refine the theoretical guarantees for KRR-Nystrom, which
improves applicability to the agnostic setting. Specifically,
we derive the theoretical guarantees for uniform sampling
(the worst case) and data-dependent sampling (the benign
case), respectively.

1) On the statistical front: capacity-dependent optimal-
ity for the agnostic setting. The existing work on capacity-
dependent optimal rates for KRR methods (Caponnetto &
De Vito, 2007; Rudi et al., 2015; Guo et al., 2017b) focused
on the easy problems in the realistic setting, assuming the
target regression lies in the induced kernel space. However,
the target regression is usually out of the induced kernel
space for complicated tasks. The existing works studied the
statistical properties for KRR methods, but the rates are ei-
ther capacity-independent (Smale & Zhou, 2007; Kriukova
et al., 2017) or suboptimal (Lu et al., 2019). In this paper,
by relaxing the restriction on the regularity assumption, we
prove the capacity-dependent optimality for KRR-Nystrém
that applies to both realistic and agnostic settings.

2) On the computational front: tradeoffs of accelerated
techniques. The classical Nystrom approximation methods
(Rudi et al., 2015; 2017; 2018) focused on the number of
Nystrom centers. In this paper, we throughout study the
computational efficiency with Nystrém approximation, data-
dependent sampling, and PCG.

3) Novel proof techniques. Using explicit intermediate
estimators, we introduce a novel error decomposition for
the excess risk to achieve tighter generalization analysis for
KRR-Nystrom. The similarity of covariance operators and
sample variance are two bottleneck factors to relax the re-
striction on the applicability to the agnostic setting. Instead
of second order decomposition of the operator similarity in
(Guo et al., 2017b; Lin et al., 2017), we directly estimate it
via concentration inequalities for self-adjoint operators. We
also consider a tighter estimate for the maximal effective
dimension via data-dependent sampling, which guarantees
tighter estimate by data-dependent sampling.

2. Backgrounds

We consider the supervised learning problem of estimating
a predictive function from a fixed but unknown distribution
p over a probability space X x ), where X is the input
space and Y is the output space. The training set D =
{(=;,y:)}, is drawn i.i.d from X x Y w.r.t. p. For the
regression tasks, the output space is ) = R. We denote H
a reproducing kernel Hilbert space (RKHS) (Steinwart &
Christmann, 2008) induced by a Mercer kernel K : X X
X — R that H = span{ K |x € X'} completed with

(Kp,Kp') g = K(z,2') Vx,z’' € X.

Here, the inner product in # is denoted as (-, -) x and the
corresponding norm || - || k.

2.1. Kernel Ridge Regression (KRR)

KRR is a standard nonparametric regression in supervised
learning (Vapnik, 1999; Shawe-Taylor & Cristianini, 2000),
which can be stated as

fer ™M=

NUREN
arg min { S (i) —wi)® + Afll%} .
where the square loss is used and A is the regularization
parameter. The representer theorem for kernel methods
(Scholkopf et al., 2001) illustrate that KRR admits a unique

closed form solution

Aaz) = ZaiK(CCi,LIJ) with
i=1 )

a=(K,,+ )\nI)*lyn,

where K,,,, = [K(x;, ;)] is the n X n kernel matrix

and Y, = [yla o 7yn]T-

Although KRR has been proven with optimal learning
bounds (Smale & Zhou, 2007; Caponnetto & De Vito, 2007),
it is unfeasible in large-scale settings due to high computa-
tional complexity. Precisely, KRR requires O(n?) time to
solve the inverse of K,,,, + AnI and O(n?) space to storage
K,.,. To reduce the computational costs, we introduce KRR
with Nystrom approximation (KRR-Nystrom).

n
ij=1

2.2. KRR with Nystrom Method (KRR-Nystrom)

To relieve the computational bottlenecks, several approxi-
mate approaches were incorporated with KRR that reduce
the computational complexity while keeping the optimal
generalization properties, including distributed learning
(Zhang et al., 2015; Lin et al., 2017), Nystrom subsampling
(Rudi et al., 2015) and random features (Rudi & Rosasco,
2017). However, the computational efficiency of those work
can be further improved by their combinations.

Nystrom methods use {&1, - - - , & s} the subset of the input
points from n the training samples and M < n (Williams &
Seeger, 2001). The solution of KRR-Nystrom is

M
J?M,,\(w) = Z o K(Z;, ) with
i1 (3)

o= (KK + nKu) 'K v,

where T denotes the Moore-Penrose pseudoinverse of a ma-
trix, and (Knar)ij = K(xi, 25), Kyvnm)e = K(xk, ;)
with i € {1,---,n} and j,k € {1,---,M}. Nystrom
methods are different from the sampling strategies to se-
lect the input subset, mainly including uniform sampling
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and sampling with approximate leverage scores (Rudi
et al., 2015; 2017). The sharp generalization properties
of Nystrom approximation with different sampling strate-
gies have been proven, including both uniform sampling
(Bach, 2013) and data-dependent sampling (Alaoui & Ma-
honey, 2015). The closed-form solution of KRR-Nystrém
requires O(nM? + M?) time and O(nM) space.

2.3. Sampling Strategies for Nystrom Landmarks

The sampling strategy for Nystrom landmarks
{&1, - ,&pn} is crucial to the approximation abil-
ity of Nystrom methods. Alaoui et al. proposed the leverage
sampling for Nystrom approximation (Alaoui & Mahoney,
2015). Letn € R, A > 0. Let xy, - - - , x,, be the training
points and the exact leverage scores are defined by

(i) = (Knn(Kpn +AnD)71) . Vie[n]. @)

In practice, the compute of leverage scores is overly time
consuming. Recent work considered approximate leverage
scores Z\,\ (1), for example Recursive-RLS (Musco & Musco,
2017), SQUEAK (Calandriello et al., 2017), BLESS (Rudi
et al., 2018), and SA (Chen & Yang, 2021). We recall
the Recursive-RLS which defined the approximate leverage
scores as [, (i) = %(B(BTS'STB + AI)~'BT);;, where
S is the sample matrix given by Recursive-RLS approach
and BBT = K. Nystrom centers are selected according to
the probability p; = % To measure the sampling
complexity for approxinﬁie leverage score approaches, we
introduce the empirical effective dimension.

Definition 2.1 (Empirical effective dimension (Alaoui &
Mahoney, 2015)). The exact leverage scores (%), Vi € [n]
are defined in (4), and then we define empirical effective
dimension as

N =D (i) = Tr (Knn (Kpn + AnI) )
=1

Noo(N) = n max 1)(i)

1<i<n

o
As illustrated in BLESS (Rudi et al., 2018), the time
complexity for approximate leverage scores sampling is
O(N(X)2/)), which often plays an dominant role for data-
dependent sampling Nystrom methods. The above empirical
averaged effective dimension A (\) was proposed to analyze
the generalization performance of Nystrom approximation
with uniform sampling (Bach, 2013), while the empirical
maximal effective dimension NV (\) was used to derive the

generalization performance of Nystrom approximation with
data-dependent sampling (Alaoui & Mahoney, 2015).

3. Main Results

In this section, we first recover the existing bounds for
KRR-Nystrom in (Rudi et al., 2015). We then present our
theoretical results for KRR-Nystrom, which applies to the
agnostic settings that the true regression may not lie in the
hypothesis space. We then consider the worst case (with
uniform sampling) of the main result, which applies to one
half agnostic settings. We finally derive the benign case
(with data-dependent sampling) that characterizes signifi-
cant computational gains and pertains to the whole range of
source condition (all agnostic settings).

The learning target of KRR is to find a predictor that mini-
mizes the expected risk

E(f) = /X U@ .

The regression function that minimizes the expected risk
over all measurable functions f : X — R is given by

fo(a) = /y ydolle), VzeX. (6

Here, f, is the true regression without noise labels and
belongs to the Hilbert space of square integral functions
L2 = {f : X = R||f|2 = [If(@)Pdox < oc}
with respect to px, where the L,%X -norm is defined as
1A = (1) = Jx |f(@)Pdpx (), Vf € 13, The
generalization ability of a KRR estimator f € Li . Is mea-
sured by the excess risk, i.e. £(f) — E(f,). Throughout this
paper, we assume the outputs are bounded almost surely
for some constant B > 0 and X" is compact, which implies
| follc < B. Weassume K(z,x) < k* < oo,Vx € X.

Definition 3.1 (Integral operator and covariance operator).
: .72 2

We dt.eﬁne the integral operator L : L ~— L7 and the

covariance operator C' : H — H as

(LF)() = /X K(z,)f(@)dpx (@), Y f eI (X,px).

(h,Cg) = /X h(@)g(@)dpx (x), Y gheH.

The covariance matrix én TH—H, én = % Z?:l K, ®
K, is the empirical version of covariance operator.
Definition 3.2 (Expected effective dimension). For A >
0, we define the random variable N;(\) = (K., (C +
M)7'K,) with z € X drawn from py. Finally define
the following quantities

NA) =ENz(A), Nu(A) = sup Nz(A)

xeX

The quantity N'(\) = Tr(C(C + AI)~1) = Tr(L(L +
AI)~1) is also called degree of freedom, which has been
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widely used to measure the capacity of the RKHS 7 in ex-
pectation (Zhang, 2002; Caponnetto & De Vito, 2007; Bach,
2013; Della Vecchia et al., 2021). The maximal effective
dimension NV () is used to provide a uniform bound on
the leverage scores and it holds N'(\) < NV () < k2A71
(Rudi et al., 2015).

Assumption 3.3 (Regularity assumption). Assume there
exists R > 0,r > 0,and g € L%X , such that

fp =L"g,

where ||g||, < R and the operator L™ denotes the r-th power
: .72 2 f

of th§ integral operator L : L ox L oo thus it is also a

positive trace class operator.

The regularity assumption is also called source condition,
where the value of r measures the smoothness of f, (Lu
et al., 2019). If the target function is with high smoothness
r € [1/2,1], corresponding to the realistic setting f, € H
where the problems are easier. The low smoothness case
r € (0,1/2) corresponds to the agnostic setting f, ¢ H
that are more general in real tasks. Only with the source
condition, KRR-type methods achieve the optimal capacity-
independent rate O(n%) (Smale & Zhou, 2007; Kriukova
etal., 2017; Sun & Wu, 2021).

Remark 3.4. From Assumption 3.3, the concept class can
be stated as C = LT(Lix) and the hypothesis space
H = LY*(L2,) (Steinwart & Christmann, 2008). We
denote the concept class as C = L"(L2, ) where the con-
cept class contains the target regression f, € C. We also
define H, = {f : X = R|f(z) = (w,K,), Vw € H}
as the projection of the RKHS  on L%X . Specifically,
because L*(L? ) € L°(L2 ) when a > b (Lin & Rosasco,
2016; 2017), the bigger r is, the stricter the assumption is.
We discuss Assumption 3.3 in four cases:

e If r = 0, we make no assumption due to || f,||, < R.

o Ifr =1/2,since H, = L1/2(L§X) (Rosasco & Villa,
2015), we obtain f, € H,.

e If r € (1/2,1], using the fact L*(L2 ) € L°(L2 )
when a > b, wehave C = L"(L2 ) C L'/*(L2 ) =
H, and thus f,, € H,, as shown in Figure 1 (a).

o If r € (0,1/2), using L*(L2 ) C LP(L2. ) when
a > b, wehave H, = LY?(L% ) C L"(L2,) =
which exists f,, ¢ #,, as shown in Figure 1 (b).

Note that, many integral operator theory work makes the
assumption on the existence of the minimizer £(fy) =
minpey £(f) and the excess risk is stated as E(f) — E(fx)
rather than £(f) — £(f,). Under the assumption r €
[1/2,1], f, belongs to H, such that f; = f, (Steinwart

& Christmann, 2008). The optimal learning guarantees for
Nystrom (Rudi et al., 2015) only pertain to f,, € H in the re-
alistic setting » € [1/2, 1], assuming the problem cannot be
too difficult. In this paper, we employ the target regression
f, instead of f3; and study the optimal statistical guarantees
on both the realistic and agnostic setting r € (0, 1].

Assumption 3.5 (Capacity assumption). Assume Q) > 0
and v € [0, 1], such that

N <A™,

The above capacity assumption is satisfied when the eigen-
values o; of covariance operator C' decays polynominally
o; < i~Y/7. More examples for the capacity assumption
are referred to (Alaoui & Mahoney, 2015; Rudi et al., 2015).
Note that, Assumption 3.5 always holds for the capacity-
independent case v = 1 as the covariance operator C is
trace class. Under Assumptions 3.3 and 3.5, KRR and its
accelerated variants reach the minimax optimal capacity-
dependent rate O(n%) (Caponnetto & De Vito, 2007,
Rudi et al., 2015; Rudi & Rosasco, 2017; Guo et al., 2017b).
However, the conventional optimal generalization analysis
for kernel methods focused on the realistic setting (Capon-
netto & De Vito, 2007; Rudi et al., 2015; Guo et al., 2017b).

3.1. Existing Theoretical Results for KRR-Nystrom

Proposition 3.6 (Nystrém approximation with the squared

loss, Theorem 1 in (Rudi et al., 2015)). Assume there exists

E(fn) = }ni%é'(f), K(z,x) < k% with ks € [1,+00) and
€

the outputs are bounded. Under Assumptions 3.3 and 3.5, if

ref1/2,1], ~e€lo,1],

and A\ = niﬁ then with a high probability the follow-
ing conditions M 2 N (\) for uniform sampling and
M 2 N()) for data-dependent sampling are sufficient to
guarantee the optimal learning rate, respectively

E(fun) —E(fn) =0 (nyf—ﬂ) _

Although the existing generalization bound for KRR-
Nystrom above achieved the optimal learning rates
(’)(n_%) (Caponnetto & De Vito, 2007; Wainwright,
2019), it only pertained to the realistic setting r € [1/2, 1].

To qualify the computational efficiency of Nystrom approxi-
mation, we compute computational complexities for KRR
as an example. Since the fact M < n, the computation
of KRR-Nystrom (3) requires O(nM?) time to solve the
linear system and O(nM) space to store K, . Therefore,
with M > N ()\) and the fact Voo (A) < k2/), the com-
putational complexities for KRR-Nystrom with uniform
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(b) Leverage scores sampling

Figure 2. Computational complexities and applicable area of KRR-Nystrém in Proposition 3.6 with the uniform sampling (left) and with

the leverage scores sampling (right).

sampling (Bach, 2013) are:

Time: O (n R ) , Space: O (n Eian ) . @)

Data-dependent sampling introduces additional computa-
tions, for example, BLESS requires to compute leverage

scores of time O(N'(X\)?/)) (Rudi et al., 2018).

Since Proposition 3.6 assumes that » > 1/2 and «y € [0, 1],
it holds the fact 2r + 3y > 1 + 2+ and thus the computation

of the closed-form KRR-Nystrom O(n EGs ) dominates
the computational complexity. We depict the computational
complexities of Proposition 3.6 in Figure 2.

Remark 3.7. The existing bounds for KRR-Nystrom (Rudi
et al., 2015) has one fatal drawback: the above theoretical
result is only applicable to the realistic setting » € [1/2,1]
assuming f, € H, and fails to apply to the agnostic setting
r € (0,1/2) where the concept f, may not belongs to the
hypothesis space H.

3.2. Refined Results for KRR-Nystrom

To relax the restriction > 1/2, we introduce the compati-
bility assumption for tighter estimate of maximal effective
dimension N (\). We introduce high probability excess
risk bounds in following theorems for KRR-Nystrom.

Assumption 3.8 (Compatibility assumption). Assume there
exists & € [y, 1] and F' > 0, such that

Noo(X) < FA™7.

Note that, the effective dimension A () provides an mea-
sure of the average capacity of H while the quantity N ()
considers the worst case. Since the covariance operator
C is a trace class, Assumption 3.8 are always satisfied
with v = a = 1. Specifically, if the kernel is bounded
sup,cy K(z,x) < k2, the effective dimensions are up-
per bounded by N'(\) < N(A) = supger (Kq, (C +
A)~'K,) < k?/\. To obtain a fine-grained estimate for

Noo(XN), Rudi and Rosasco introduced compatibility as-
sumption NV (A) = O(A™) for random features (Rudi
& Rosasco, 2017), where v < o < 1. Note that,
Noo(A) < A7« is slightly stronger than the basic condi-
tion Voo (A) < A1 but reasonable.

The worst case is « = 1 with the uniform sampling and the
benign case is & = v when N () is close to N'(\) with
the data-dependent sampling. Following Example 2 of (Rudi
& Rosasco, 2017), one can obtain the favorable situation
a = v when the Nystrom centers are sampled according
to the probability q(x) = N, (A\)/N(X). Intuitively, the
leverage score (K ) is the empirical version of the
probability ¢(z) given the training sample {x;}" ;.
Theorem 3.9. Assume k > 1 such that K (z, z) < x* and
the outputs are bounded. Under Assumption 3.3, 3.5 and
3.8, ify€[0,1], r € (0,1],2r +v > aand A = n” e,
then the following condition

M > nﬁ,
are sufficient to guarantee, with a high probability, that

E(farn) —E(f,) =0 (n—T) .

Here fM,A is the estimator of KRR-Nystrom (3) and f, is
the target regression.

Compared to Theorem 1 in (Rudi et al., 2015), the optimal
learning guarantees for KRR-Nystrom in Theorem 3.9 per-
tain to the agnostic setting » € (0, 1] with the condition
2r +~ > «, beyond the realistic setting r € [1/2, 1] for the
first time. Due to the fact v < o < 1, both the worst case
(uniform sampling) and the benign case (data-dependent
sampling) are special cases of Theorem 3.9.

Remark 3.10. Compared with the existing work in KRR
(Guo et al., 2017a; Miiecke, 2019), KRR-Nystrom (Rudi
etal., 2015) and KRR-Nystrom (Rudi et al., 2015), we relax
the strict restriction from r > 1/2 to 2r + v > «, applying
to the agnostic setting that the target regression f, may be
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(b) Leverage scores sampling

Figure 3. Computational complexities and applicable area of KRR-Nystrom with the uniform sampling (Corollary 3.12, left) and with the

leverage scores sampling (Corollary 3.15, right).

out of the kernel space . The improvements come from
novel proof techniques: 1) We introduce tighter estimate
of the key quantity ||(C' + A\I)~/2(C,, + AI)'/?|| via the
concentration inequality for self-adjoint operators, leading
to the restriction 27 + v > «; 2) Using Assumption 3.8 and
Bennett’s inequality, we estimate sample variance tightly
and relax the constraint from 2r 4+ 2y > 1to 2r + 2v > «a.
Combining the restrictions 2r + v > a and 2r + 2y > «,
we obtain that 2r + v > «a.

Using (n?+7 ) Nystrom centers, the computational com-
plexities of Theorem 3.9 are:

2r4~y+2a )
)

Time : O(n 27+ 2r+7+a)

Space : O(n~ 2+ (®)

Remark 3.11 (Discussion about the integration with PCG).
Nystrom approximation was often integrated with precondi-
tioned conjugate gradient (PCG) methods to reduce the time
complexity, for example FALKON (Rudi et al., 2017), and
FALKON-BLESS (Rudi et al., 2018). The use of FALKON

still remains the optimal guarantees. The time complexity of
2rtvyfa

KRR-Nystréom with PCG is O(nMt+M3) = O(n 2+ +
n%), where we omit the log term ¢t = log(n). There-
fore, PCG can improve the computational efficiency for
the closed-form solution of KRR-Nystrom. However, to
achieve smaller effective dimension N, (\) with o = 1,
we make use of leverage scores sampling and it consumes
ON(N)2/N) = O(n%) time to sample Nystrom centers.
From Theorem 3.9, the sampling complexity dominates the
computational costs for the data-dependent sampling for the
agnostic setting r € (0, 1).

Corollary 3.12 (Nystrom approximation with uniform sam-
pling). Assume K(x,x) < k2, Vk > 1 and the outputs are
bounded. Under Assumptions 3.3 and 3.5, if

re (0,1, y€[0,1], 2r+y=>1

1 .. S EER
and A = n” 277, then the condition M 2 n?+7 | is suffi-
cient to guarantee, with a high probability, that

E(fun) —E(f,) =0 (n—j) .

Here fM7 A I8 the estimator of KRR-Nystrom (3) with uniform
sampling and f, is the target regression.

Instead of r € [1/2,1], the optimal guarantees apply to
the agnostic setting with the constraint 2r + v > 1. We
report the computational complexities and the applicability
for Corollary 3.12 in the left of Figure 3.

Remark 3.13 (Nystrom approximation in the agnostic set-
ting). Recent work also studied the low smoothness of
Nystrom subsample (Kriukova et al., 2017; Lu et al.,
2019) for misspecified models (the agnostic setting in this
work). However, the learning rates in their works are either
capacity-independent (Kriukova et al., 2017) or suboptimal
(Lu et al., 2019). Those two low smoothness studies on
Nystrom approximation are special cases of Corollary 3.12.

Remark 3.14 (Beyond square loss). The statistical-
computational tradeoffs of low-rank approximation for ker-
nel methods have ben recently explored for the Lipschitz
loss, including Nystrom approximation (Della Vecchia et al.,
2021) and random features (Li et al., 2019; 2021; Yashima
et al., 2021; Li, 2022). However, these works focused on
the realistic setting where the target funciton belongs to the
RKHS and requires more assumptions, i.e. Bernstein con-
dition and fast eigendecay. Specifically, Nystrom approxi-
mation with convex Lipschitz loss functions (Della Vecchia
et al., 2021) where it only considered a special source condi-
tion » = 1/2. The proof techniques presented here can also
be used to prove the fast rates for Lipschitz loss functions.
For example, motivated by (Sun et al., 2018; Li et al., 2021;
Li, 2022), one can bridge the excess risk for Lipschitz losses
with the squared error by introducing an intermedia esti-
mator. We leave the fast rates for agnostic Nystrom kernel
learning with the Lipschitz loss functions in future work.

Corollary 3.15 (Nystrom approximation with data-depen-

dent sampling). Assume K(z,x) < %, Vi > 1 and the

outputs are bounded. Under Assumptions 3.3 and 3.5, if
re (0,1,  ~v€l[0,1]

1 . o -
and A = n” %+, then the following condition M 2 n?++



Optimal Convergence Rates for Agnostic Nystrom Kernel Learning

Table 1. Summary of statistical and computational properties for related work.

Approaches Regularity condition CC;?;:IIS;I femeg?}dom Learning rate
KRR (Caponnetto & De Vito, 2007) € [1/2,1] ~v € [0,1] X na
KRR (Smale & Zhou, 2007) € (0,1] =1 x 1 @D
RE-Uniform (Rudi & Rosasco, 2017) | r € [1/2,1] v € [0,1] n nI
RF-Leverage (Rudi & Rosasco, 2017) | r € [1/2,1] v €[0,1] n T nE
Nystrom-Uniform (Rudi et al., 2015) €[1/2,1) v €[0,1] NI NIt
Nystrom-Leverage (Rudi et al., 2015) € [1/2,1] v €10,1] nT NI
FALKON-Uniform (Rudi et al., 2017) | 7 € [1/2,1] vel0,1] | n¥m n7 iy
FALKON-Leverage (Rudi et al., 2018) €[1/2,1) v €10,1] nIrs nits
Nystrom (Kriukova et al., 2017) € (0,1] v = NG nI
Nystrom (Lu et al., 2019) € (0,1) v €10,1] n noT
DKRR-CM (Lin et al., 2020) €01, 2r+y>1 | v€[0,1] x nI
Nystrom (Theorem 3.9) €(0,1,2r+v>a | y€[0,1] N nEs
Nystrom-Uniform (Corollary 3.12) € (0,1),2r+v>1 | v€10,1] NI NI
Nystrom-Leverage (Corollary 3.15) € (0,1) v €10,1] nI I

Here, « € [, 1], “RF” represents the random features methods,

‘Uniform” denotes the uniform sampling, “Leverage” represents the

data-dependent sampling and “DKRR-CM” represents distributed kernel ridge regression (DKRR) with multiple communications.

is sufficient to guarantee, with a high probability, that
—E(f) =0 (7).

Here fM, A is the estimator of KRR-Nystrom (3) with lever-
age scores sampling (4) and f, is the target regression.

E(Fan)

As shown in Corollary 3.15, we remove the restriction
on the range of source condition and extend the opti-
mal theoretical guarantees to the entire agnostic setting
r € (0,1/2]. The time complexity for data-dependent sam-

pling is (’)(n EE + n2r+~). As shown in the right of
Figure 3, Corollary 3.15 provides significant computational
gains and apply to all agnostic settings via data-dependent

sampling.

4. Comparison and Discussion

In this section, we compare this work with the existing theo-
retical work for KRR and discuss the technical contributions.
Compared with related work in Table 1, the theoretical find-
ings remove the strict condition » > 1/2 and enlarge the
applicability area of Nystrom approaches:

e Capacity-dependent optimality. Compared to recent
Nystrom approximation in the agnostic setting, this
work achieves the capacity-dependent optimality in all
agnostic setting, while the learning rate of (Kriukova

et al., 2017) is capacity-independent and that of (Lu
et al., 2019) is suboptimal.

Uniform sampling. The existing low-rank approx-
imation literature (Rudi et al., 2015; 2017; Rudi &
Rosasco, 2017) with uniform sampling only applies to
the realistic setting € [1/2, 1]. We extend the optimal
rates for the uniform sampling from the realistic setting
r € [1/2,1] to a part of agnostic setting 2r + v > 1,
where the sample complexity is related to the maximal
effective dimension AV (A\) (Bach, 2013).

Data-dependent sampling. Using data-dependent
sampling for Nystrom centers, one can prove
Noo(X) = N(A) < O(A7) (Alaoui & Mahoney,
2015; Rudi & Rosasco, 2017; Rudi et al., 2017; 2018).
We enlarge the applicable area of the optimal rates
from only the realistic setting r € [1/2, 1] to the whole
range of the source condition r € (0, 1].

Compared to DKRR-CM (Lin et al., 2020). Our
paper studied the optimality of the Nystrom method,
while (Lin et al., 2020) focused on the optimality of
DKRR that cannot be directly applied to the Nystrom
method. Our study has a broader applicable area and
relaxed constraints from 2r++ < 1 (Lin et al., 2020) to
2r+vy < a, where 2r+~ < 1 is the worst case of Theo-
rem 3.9. We employ data-dependent sampling to cover
all agnostic cases r € (0,1] in Corollary 3.15. The
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error analysis differs due to the inclusion of Nystrom
error in our paper.

The theoretical gains of this work comes from two aspects:

¢ Explicit intermediate estimators and tight error de-
composition. In the existing KRR work (Caponnetto
& De Vito, 2007; Rudi et al., 2015; Guo et al., 2017b),
various intermediate estimators were also introduced in
Definition A.11, thus we illustrate the source of errors
and the approximation relationships between several
estimators (more details can be found in Proposition
A.12). Then, in Lemma A.13, we tightly decompose
the excess risk into: sample variance, Nystrom error,
empirical error and approximation error.

e Tight estimate for sample variance HfM A= fM, Alls
The existing KRR relevant work (Caponnetto &
De Vito, 2007; Rudi et al., 2018; 2017; Guo et al.,
2017b) applied a relatively loose estimate for the sam-
ple variance

-~ ~ 1 A
|fM,)\_fM,A||§M+\/NT(l )~ )

In this paper, using Bennett’s inequality, we provide a
novel estimate for sample variance for the first time

< \/N:(Au /NT(LA). 10)

I farx — Farn

5. Conclusion

Based on the integral operator techniques, the minimax
convergence rates for KRR and KRR variants have been
proven in the realistic setting. The existing studies required
a strict restriction on the target regression, assuming the
concept lies exactly in the hypothesis space. However, ac-
cording to the PAC theories, this assumption is relatively
unreasonable since the joint distribution is unknown and the
hypothesis space is usually biased. Therefore, this work ex-
plores the optimal statistical guarantees for Nystrom-KRR
in the agnostic setting, where the concept may be out of the
hypothesis space. Overall, the techniques presented in this
paper pave the way for studying other types of KRR relevant
for the theoretical understanding of agnostic learning.
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A. Proofs

We define operators in expectation, operators in probability with n training samples and M Nystrom landmarks. We then
estimate key operators similarities.

. . . 9
Definition A.1 (Operators in expectation). Forany g € L and S € H, we have

o S:H L2, (SB)(x) = (B, Ky).
e S*: L2 —H, Sg= fX K,g(x) de(:c).
o L:12 — L2 = [ K (2) dpx (2).

pPx?

C:H—-MH, C’:fXKz@)depX(a:).

It holds that for the integral operator L = S'S* and for the covariance operator C' = §*S.
Definition A.2 (Operators in probability). For any g € Lf)x, B € H,a€R"and o’ € RM, we have

)

e S, :H—R" S\nﬂ = ﬁ (<63KI7>)?=1

)

*

. [P | n
e 5, R™ — H, S:;Oé = /n Zi:l Kinti.

3 %

L2X —H, S:g = %Zizl Kang(ml)
Wi H = H, Co=1" K, ©K,,

o L,: L2 — 12, Lyg() =231 K(z,)g(x:).

pPx?
o Sy H =R, S8 = (8, Ku, )Ly
o S5 RM 5, Si0f = M K,

e Oy H—H, Cu=5YY K, ©K,,

It holds that for the kernel matrices K,,,, = n§n§;;, Kymy =M S M§X4’ K,ym = vnM §n§& and for the covariance
operators C,, = S;Sy,, Cpr = S350

We denote with [|-| the operatorial norm, and specifically the norm || - || to represent the L2, norm || - ||, in the estimate
of error terms. Let £ be a Hilbert space, we denote with (-, -) . the associated inner product, with ||-||z the norm and with
Tr(-) the trace. Moreover, we denote with Q A the oOoperator Q@ + A1, where @ is a linear operator, A € R and [ the identity
operator, so for example Cy := C + A, Cm = C’ + M, Ly : =L+ M,and LM = L + M.

The operators similarity quantity ||(C + AI)~Y/2(C,, + AI)*/2||? is the key to analyze the excess risk bound, and this
quantity should be bounded as a constant. Traditional KRR relate(Ai work (Guo et al., 2017b; Yin et al., 2020) estimated the
key quantities after decomposition, and obtain ||(C' 4+ A1) ~'/2(C,, + XI)'/2||2 < |[(C + XI)~Y2||||(C + A\I)~/2(C —

Gl +1= O(% + ( )Y To bound the quantlty as a constant O (- + 1/ (’\)) O(1), it leads to a restriction

An
@. By Assumption 3.5 and setting A = n AT , we obtain the constraint n > n25 and thus 7 >1/2.

n >

A.1. Operators Inequalities

We introduce useful operator inequalities and concentration inequalities to derive tight estimate for operator similarities.

Proposition A.3 (Cordes Inequality (Fujii et al., 1993)). Let A, B two positive semi-definite bounded linear operators on a
separable Hilbert space. Then

|A°B?|| < ||ABJ°, when 0<s<1.

12
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Proposition A.4 (Bennett’s inequality for random variables). Let H be a separable Hilbert space and {&1,- - ,&,}

be a sequence of i.i.d random variables in H. Assume the bound be || — E(&)| < M < oo and the variance be
=E(||¢ — E(&)||?) for any i € [n]. For any § € (0, 1), with confidence 1 — 6,

Za &)

21\710g(2/5) L [20%108(2/9)
- 3n n ’

Y

The Bennett’s inequality is the key to analysis the relationship between the empirical random vector and its expected
counterpart, which is used to prove Lemma A.7 and Lemma A.16. The above Bennett’s inequality for random vectors was
provided in (Smale & Zhou, 2007; Rudi & Rosasco, 2017) and later was extended to the random operator cases in Theorem
7.3.1 in (Tropp, 2012) and Lemma 24 in (Lin & Cevher, 2020).

Proposition A.5 (Proposition 9 in (Rudi & Rosasco, 2017)). Let H, K be two separable Hilbert spaces and X, A be
bounded linear operators, with X : H — K and A : H — H be positive semi-definite. The following holds

IX A = [IX|' I XAle, Vs € [0,1].

Proposition A.6 (Lemma E.2 of (Blanchard & Krimer, 2010)). For any self-adjoint and positive semi-definite operators A
and B, if there exists 0 < 1 < 1 such that the following inequality holds

I(A+ADTV2(B — A)(A+ ATV <1 -1

then
1

I(A+ADY2(B+ D)~ <

\f

The above inequality (Blanchard & Krimer, 2010) was used to establish the connection between ||(A+\I)~'/2(B— A)(A+

A)~Y2| and ||(A + AI)Y2(B + AI)~'/2|. In this paper, those two terms ||(A + X\I)~*/2(B — A)(A 4+ XI)~*/?| and

(A + XI)Y/2(B + XI)~'/?|| often exist on the left parts of the estimates of error terms, where we make use of Proposition
A.6 to guarantee both of two terms of lhs as constants.

Lemma A.7. Let K, -, Ky, withn > 1, be i.i.d random vectors on a separable Hilbert space H such that C' =
Epx[Kz ® Ky and Cpy = 13" | Ky, ® Kg, are trace class. Then for any § € (0,1/2) with the probability at least
1 — 26, the following holds

2Woo (M) +1) log(2/9) \/2(Noo(>\) +1)log(2/6)

n n

|+ xn=2e - Gaye+an 2 <

Proof. Let C Y2 —(C 4+ A\I)~'/2 and
¢ =CyPK,, 00K,

thus we have

E() =C ”%mwwgw”2<xmaﬁﬁ
lz&— ZC V2 @ Ko |OTY? = V26,07V,
’fl,_ 11

The left of the desired inequality becomes

Hc—l/z (C - C —1/2” _

Ez 772&

Note that

—1/2 —1/2 —-1/2 —-1/2
lell =13 K @ O P HG | < 1CX P K P < sup O HG | = Noo (V).

13
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To make use of Bennett’s inequality (Proposition A.4), we bound ||&; — E(&;)|| and E||&; — E(&) H2 as follows
& — E@)l = 05K, © CF 2Ky, — O3 P00
= O3 K, |2 + 1105 POV < Nao(A) + 1.
Bllé — Bl = [|[E(Cx Ko, © CF VK, O K, 0 OF MK, ) — 27|

< N HJE[ 2K, 000K ”’+HC;202H
< N IC IO 41 € NooV) 1.

Substituting the above two identities to Bennett’s inequality (11), we prove the result.

O

Lemma A.8. Let K, - , Kz, withn > 1, be i.i.d random vectors on a separable Hilbert space H such that the integral
operator is defined as (Lg)(-) = E, [K(x,-)g(x)] and (L,g)(-) = £ X" | K(=;,-)g(w;) are trace class. Then for any

d € (0,1) with the probability at least 1 — 24, the following holds

H(L + A)"Y2(L = L) (L + /\I)*l/"’H <

n n

Proof. Let Ly /* = (L + AI)=/2 and
G =Ly PK (@i )Ly,

thus we have

_1/2 —1/2 —1/2; 7—1/2
B(E) = Ly PEIK (i)l = Ly PLL

Z ZL—1/2 (@, .)]L;1/2 _ L;lmfn[,;lm.
The left of the desired inequality becomes

HL—1/2 I — L —1/2H

57, _7252

Note that

sup [|C5 7K [* = Moo (M):
xzeEX
IC5 K| < sup ICTPEG P = Noo (V).

To use Bennett’s inequality (Proposition A.4), we need to bound ||&; — E(&;)|| and E||&; — E(&;)||? as follows

& — B = 10y V2 (K, K(y)CY 2 = L LL )
< 1O P K 1K P E G|+ 1LY LAl € Noo (V) + 1.
Bl& - B = [E[(Cr " Kan 032K )L K (i, ) 152] — 13212

< N [E [E5 2R ) 25 + 222

< NoWILY'L 41 < Noo(N) + 1.

Substituting the above two identities to Bennett’s inequality (11), we prove the result.

2(Noo(N) + 1) log(2/3) \/zwoo(x) T 1)log(2/5)

O

Lemma A.9. When the number of the training samples n > 16(No (\) + 1) log(2/6), then ¥ & € (0,1), there exists with

the confidence 1 — §

IC (€ = Gy Pl < = and ||CYPCP) < VR, |y PO < VR

[\J\F—‘

14



Optimal Convergence Rates for Agnostic Nystrom Kernel Learning

Proof. From Lemma A.7, we set n > 16(N5(A) + 1) log(2/6) and obtain that

2@ — )02 < 2N+ DIen2)8) | PG T Deso]0) X

n n

[\)

From Proposition A.6 and the above inequality, there exists

1

o~ 1\ 2
lC3/28,3 ) < (1 - ) —Va.

_ 1\ 2
ey ReM?) < ( 2) =2

O

Lemma A.10. When the number of the training samples n > 16(Nxo(X) + 1) log(2/4), then ¥V § € (0, 1), there exists with
the confidence 1 — §

_ ~ 1
ILP(L = L)L < 5 and | LYPL | < V2, LT PEY < V2

Proof. From Lemma A.8, we set n > 16(N5(A) + 1) log(2/6) and obtain that

1LTY2(E, - D)LY < 2(Nos(A) + 1) log(2/6) i \/Q(Noc()\) + 1) log(2/6) <

n n

N | =

From Proposition A.6 and the above inequality, there exists
1y
1IN s (1-5) = Ve

1
1\ "2
||L 1/27 1/2||< (1_> :\/5.

A.2. Tight Error Decomposition

In this section, using linear operators, we first prove the closed-form solutions of estimators. We then establish the
relationship between intermediate estimators. Finally, we provide the tight error decomposition for KRR-Nystrom.

A.2.1. INTERMEDIATE ESTIMATORS

We introduce intermediate estimators to bridge the solution of KRR-Nystrom J?M, » and the concept f,. We measure the
the generalization ability of f € L2 in terms of excess risk £(f) — E(f,) rather than £(f) — E(f3). It was proven that
(Smale & Zhou, 2007)

EF)—Ef)=NF=foll2,  VFieLl,. (12)

Definition A.11 (Intermedia estimators). Using the representer theorem, there are two reduced RKHS without and with
Nystrom approximation :

{fe?ﬂf Zal (z;,x ,aeR"}
{f€H|f Zale, ,a’GRM},

15
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where {%;}} is the subset of inputs in training set. There exists the following estimators

~ _ 1
frua(®) = (w, Kz),  with w = argmin {n >yi)2+kllff(}-
=1

wEH

Fua(@) = (w,Ky),  with w=argmin
uEH N

S
M:

Ka,) = fo(®:))* + A||f||§<} :

Il
_

3

3=
M:

falx) = (v, Kg), with v = argmin {

vEH,

Ka,) = fp(xi)* + AIIfIfK} :

i=1

(@) = (nKa),  with n:argmin{ /. (<n,K.z->—fp(w))zdﬂx(wHAIfII%}

neH

We define the weights {w, u, v, n} in the RKHS, While the estimators {fM,\, fM,,\, f,\, fir} € L?)X. Let Z, =V M§M =
(B, K(xi,-)))M,, such that Z} = v/ MS;, = Z —, 0K (x;, ) is exactly H . Let

Z,=U%XV*
be the SVD of Z,, where U : Rt — RM ¥ : R - R, V : R! — H,t < M and ¥ = diag(oy,- - , 04) in non-increasing

order. It holds U*U = I, V*V = I, and VV* = P, where P, is the orthogonal projection operator and the range of P, is
exactly Hay.

Proposition A.12. Using operators in Definitions A.1, A.2, the estimators can be represented as

Farx = SV(V*C,V + AN VS5, (13)
Farx = SV(V*CoV + M) "'V*S2 £, (14)
Fa=8(C+AD)'S5 £, (15)
fA=S(C+A)"'S*f,. (16)

Proof of Proposition A.12. The RKHS solution of fM’ a(x) = (w, K;) can be stated as
w=>Y ojK(@,) with o =K} yKnuy+nKyn) Ky,

According to the definitions of operators in Definition A.2, we have
o = (K Knn + MnKarn) 1 Ky,
= [M(8357)(853s) + AM(8a )] (VM S S,
Then, there exists
fax = SVMSi el = 553,51 57)(8a87y) + AMSu i) (S5, )i
= 587,151 (Car) 53] (S1157)n-
Following the step of proof in Lemma 3 (Rudi et al., 2015), we have
(M3 (Con)Siy) = (FGH) = HY(FO) = HIG'FT = US~Y(v*C, vV + AI) 'S~ U™,
where \/MgM =UXV*, F =UX, G = V*a,LV + M, H = XUT and F,GH,G and H are full-rank matrices.
Simplifying U and X, we prove (13) with
faax = SVMS [MSy (Con) S5 ) (VM Ew S5
= SVSUUS Y (V*C,V + ) 'S U USV* S5,
= SV(V*C,V + AXI) "' V*55,.

16
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The difference between fM7 A and va » is the labels with noises y; or the labels without noises f,(«;). Thus, there exists
Fara = SV(V*C,V + AI)~V* < ZKI y>

Frun=SV(VEC,V + A~V < ZK o ) = SV(V*C,V + AI)"'V*SEf,.

The estimator ﬁ is the solution of KRR with noise-free labels, and it holds
A =8vnSia  with =Ky + D)7 (@), fol@n)]
Then, we have
fx = SV (n8u 8] + D) fp(w1), s fyln)]”
= 5(5,55 + A\I)71Sxf,
= S(SyS+ )78 f,
= S(Cp + A)1SE .

It is well know the estimator f) is equal to
A=LL+ )" f, =88*(SS* + XI) "' f, = S(S*S + AXI)"'S*f, = S(C + \I)"'S*f,,

where the third step is due to Z* f(ZZ*) = f(Z*Z)Z* for any continuous spectral function and any compact operator
Z. O

According the definitions of estimators with operators (Proposition A.12), it is natural to estimate errors w.r.t the difference

among the estimators. There is an approximation chain from the KRR-Nystrom fM a to the expected estimator f) in terms

M
of expectation and the number of Nystrom centers: f MM %) farx = f v 25 o

Integrating the excess risk (12) together the with the intermediate estimators defined in Definition A.11, we then decompose
the excess risk into four parts in terms of the L2 norms: || farx — faz,Al|2 is the sample variance introduced by noised

labels; || i M — i H2 is the error brought by Nystrom approximation; || fr—Fr ||2 is the computational error from empirical
samples; and || f) — fp |2 is the approximation error.

Lemma A.13. Let fMA, fM7,\, f,\ and fy be defined in Definition A.11. The following error decomposition holds for
KRR-Nystrom

E(Frup) = E(L,) < Allfarn = Fanlll+ 4lfara = Allo+ 4l = Al + 41— £l - (17

Sample Variance Nystrom Error Empirical Error Approximation Error

Proof. The excess risk is related to the difference between estimators in (12), and thus we have

E(Frn) =€) = I Faa = Follhe Ve Ll (18)
Introducing the intermediate estimators fM X f)\, fx, we have
| Farx — Lllo = 1 Faex — Fax + faex — P+ o= fa+ o — bl (19)
By the fact (a + b+ ¢ + d)? < 4a? + 4b2 + 4¢?,Va, b, c,d > 0, we have
1 Faen = Foll} < AllFaan = Faralls + 4llfars = Al + 415 = A5+ 4l = Fl1- (20)
Substituting (19) and (20) into (18), one can obtain the desired result. O

Here, the first three error terms can be regarded as variance and the approximation error as bias.

17
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A.3. Estimates for Error Terms

In this part, we provide the rough estimates for those four error terms in Lemma A.13 : the sample variance ||fM A — va alls
the Nystrom error ||fM » — fxll, the empirical error || f — f,|| and the approximation error || fy — foll. Most of the
integral-operator theory related work involves the estimation of the quantity ||(C,, + AI)~/2(C + A\I)'/2||. Besides, this
work also involves the quantity ||(L,, + AJ)~'/2(L + AI)*/2||. Using Bennett’s inequality, we upper bound those two
quantities by a constant v/2 under the condition

n > 16(Ne(A) + 1) log(2/6).

It holds the restriction 27 + v > 1 due to the fact Vo (A) < A™! for the uniform sampling, while the restriction is relaxed
to r € (0, 1] with the data-dependent sampling. To achieve the optimal convergence rates in sample variance, we also obtain
the restriction 27 + 2+ > 1 for the uniform sampling and r € (0, 1] for the data-dependent sampling. This work relaxed the
regularity condition for the capacity-dependent optimality of Nystrém approximation from r € [1/2,1] to 2r + v > 1 with
the uniform sampling and r € (0, 1] with the data-dependent sampling.

A.3.1. ESTIMATE FOR SAMPLE VARIANCE

Lemma A.14. Let 6 € (0,1], fM, A and fM7 A be defined by (13) and (14). Then, the sample variance holds with the
probability at least 1 — §

~ ~ _ B\/N. BQ./\/ 2
| fary — faall < 4)C 1z 1/2”2 ( n ) log

5
Proof. Recall the representations of fM, » and fM, » that are

Fara = SV(VECLV + M)~ 'V*SE g,

farx = SV(V*C,V + AN 'V*SEf,.

To simply the representations, we characterize fM, A= SGng;iﬂn and fM7 A= SGnS’,’; fp with G, = V(V*anV +
AI)~1V*. Then, the following inequalities hold

I Faen — Farnll =1SGu(Sin — Sif,)|
<SG O (Cok (S — S o))

2y
1/2 —1/2 ~1/2 -1/2 o
<SG ICRC I Cx M (Sham = 538l
—_———
A C
where the last step is due to Cauchy—Schwarz inequality. Note that
—1/2 ~1/2 A—1/2A1/2 ~ A1/2 -1/2 1/2 5-1/2 1/2 1/2
A= [SCMPCVPC PO PG CL < I1SCY P IICY 2 ICR GuCofll,
where \|SC’/\_1/2|| < ||C’;l/25““SC’/\_1/2||1/2 < 1. Thus, it holds that
1/2A3-1/2 11 A/2~ AL/2
A< GO NG G 22)
The part C can be bounded as follows
1/2, 5 ~ * * Qi
C:HC,\/ (Snyn_s fp+S fP_Snfp)H (23)

<INCY 2 (S — S* L)+ 1CY2(S* £, = S o).
Substituting (22), (23) into (21), we have

SRR CM G, IO 2 Sk — ST E) |+ IICY (™ fy = S £l

[ fvn = fo,

18
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Using Lemma A.16 and Lemma A.17, the sample variance holds with the probability at least 1 — §

~ ~ 2
I Fuuall < 41520122 (B“ Ny, (22N W) log 2.

0

O

The sample variance is resulted from the label noises, thus fM7 a use f,(x) instead of y. To upper bound the rhs in the above
inequality via Bennett’s inequality, we introduce an expected term S™ f, to bridge two empirical terms.

Lemma A.15 (Lemma 8 of (Rudi et al., 2015)). For any A > 0, let V be such that V*V = I and én be a positive
self-adjoint operator. Then, the following holds

|GGG < 1.
Proof. Let Cpx = Cp + M and G, = V(V*C,V + A)~1V*, then
[[exeienel e lehyeNeheNenes
— |2V (Vo V)V Coa V) (V*Con V) IV CL2
=G GG
and thus ||Cl/2G C1/2|| isOor 1. O

Using Bennett’s inequality (Proposition A.4) and following the proof of Lemma 6 in (Rudi & Rosasco, 2017), we prove the
following lemmas.

Lemma A.16. Assume there exists k > 1 such that K (z,x) < %, Vo € X and |y| < B. For § € (0, 1), the following
holds with the probability at least 1 — 0

165855 - Sfp)<2< el WBQJX(A))IogQ.

0
Proof. Let&; = C, 1/ 2Kwiyi in the Hilbert space H ;. We see that
lfmzlfpfﬁawzc”ﬁn“
E¢= / O3 RS (w)dpx (@) = € 25,
Thus, the error term to bound can be stated as

1C5 (825 — S* 1) = (24)

EklE@

The rhs of the above identity can be bounded by Bennett’s inequality (Proposition A.4), thus we need to estimate ||; —E(&;)||
and E ||&; — E(&;)]|? first.

We first recall the definitions of N (\) and N (A).

N =E (K, (C+ AD) T K i = /X 1(C + A Ko dox (=),

Noo(N) = sup (K, (C+ M) K,) g = sup [|(C+ )" K, ||%.
rEX xreX
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By Jensen’s inequality, we thus have

& — B < 105 Ko, 1yl + EICK 2 Ko llyil < 2BV/Noo (V). (25)
Note that
B~ BE)I? <2 [ 107 Ka PlusPdpx (@)
X (26)
<28 [ 17K Pl (@) < 2B )
X
Substituting (25) and (26) to (24), by Bennett’s inequality (Proposition A.4), we have
_ . s 2B+\/Nx (M) 1og(2/8) B2N(\)log(2/6
165 2(Sisfo = Sirfoll < 4o (A) log(2/9)
nvA n
B 2
-5 ( VAR ¢B m)) og 2.
n n 1)
O

Lemma A.17. Assume there exists k > 1 such that K(x,z) < k%, V& € X and |y| < B. For § € (0,1], with the
probability at least 1 — §, we have

103 35", - Suf )l < 2 (BV N, | JBN W) log 2.

5

Proof. Let&; = C’;l/QKwifp(:ci) on X in the Hilbert space H ;. We see that

]_ _ — Qx*
Zfz ~n Z (&N 1/2Km7:fp(a’i) =0, 1/2Snff”
i=1 i=1

E¢; = /X Cy VPR, fy(x)dpx (x) = C 1257 f,

Thus, the error term to bound can be stated as

_ _ 1 <&
ey 287 f, = it = HnZE - E¢; Q27)
=1

To apply Bennett’s inequality (Proposition A.4), we also need to estimate ||¢ — E(€)|| and E(||¢ — E(£)||?). Note that
ly| < B almost surely for some constant B > 0 and X is compact, that indicates | f,(z)| < B almost surely.

By Jensen’s inequality, we thus have
& — B < 13 2 Ko [1fo(@)] + ECy Ky, || fo(®)] < 2BV Noo (V). (28)

Note that
*dpx (z)

E & — E(€)IP <2 / 105 V2K 21, () Pdpx () < 2 / I3 K.,
X X

(29)
< 2B? / |CT P Ky, |Pdpx () < 2B2N (V).
X
Substituting (28) and (29) to (27), by Bennett’s inequality (Proposition A.4), we have
_ y - 2B/ N (N)log(2/6 B2N(\)log(2/6
VN n
2
<y (Bm,om . Wf N(A)) log 2.
n n é

O
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A.3.2. ESTIMATE FOR NYSTROM ERROR

The following two lemmas are used to estimate the key term ||(/ — V'V*)C} cy? || in Nystrom error (Lemma A.20) in terms

of different subsampling strategies. The first one measures the error term for Nystrém method with uniform subsampling,
given in Lemma 6 of (Rudi et al., 2015). The second one measures the error term for Nystrom method with approximate
leverage scores (ALS) subsampling, which was provided in Lemma 7 of (Rudi et al., 2015).

Lemma A.18 (Uniform sampling, Lemma 6 of (Rudi et al., 2015)). Let A > 0 for any § > 0 and the Nystrom centers

are sampled uniformly from the training examples, such that M > 67 log % V 5N () log %, the following holds with
probability 1 — §

1T = VV)C? )2 < 3

Lemma A.19 (Data-dependent sampling, Lemma 7 of (Rudi et al., 2015)). Under Assumption 3.5, let X > 0 for any § > 0
()

and the Nystrom centers are sampled according to the leverage scores p; = STARRT) in (4), then for any § > 0 the
i=1 At
following holds with probability 1 — 20
(I = VVHCY?|? < 3A,

when the following conditions are satisfied:

o there exists ap > 1 and a Ao such that (1(7))?_, are p-approximate leverage scores are used to select random Nystrom
centers.

o n > 1665k2 + 223x2 log 25,

* )V 19” log

o M >334log 2 v 78p2N( ) log 8X

Lemma A.20. Ler § € (0,1], f MA and f; be defined by (14) and (15). When the number of Nystrom centers satisfies
M > 67log % V 5N (A) log 38 for uniform sampling and M > 3341log X v 78p*N () log 8 for data-dependent
sampling, the Nystrom error holds

1farn = Al < 6(ICT 2212 + DRA, whenr € (0,1/2).

1Farn = Fall < BICK2CR NP LY?IPRA, whenr € [1/2,1).
Proof. Recall the definitions of fM, » and ]?A with operators, it holds

Farn = SV(V*CoV + AI)"2V*S2 £,
fr=5(Cn+ )15,
We use Gy, = V(V*C,V + AI)~'V* and then fM,,\ = SG, S} f).
Using Z* f(ZZ*) = f(Z*Z)Z*, we have
ClS:f, = (858 + AI)7'S = 55(SS: + M)V f, = L1 f,

We estimate the Nystrom error as follows with

s = Al = [18(Gn = C ) S5l
= [IS(Gn 6 — DS fl
= [1S(GnCrux = S;Lor fol
= [IS(GnCrx = D)S; LA L7g.

Then, we bound ||fM,,\ — fall for 7 € (0,1/2) and r € [1/2, 1], respectively.
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e When r € (0,1/2), the true regression f, is out of the deduced RKHS f, ¢ .

Note that, there exists ||g| < R, |[Ly L] < 1, |L\AY2|| < 1, ||ISC; 2| = oy Pene ' 2)1v? < 1,

182D 2| < | LA 2Ll 212 < 1and |C)/28% | = € /2CC 212 < 1, and we then have

1 Farx — Fall
=[|S(GnCrr — 1)S; LI 2Ly ) (L3 L) g
=[(SCy OV (GnCrur — DSELI ML LY (L L) g

<R|CY*(GuCir = DONC 2 C01 (Cra 28007
(S* —1/2)1 2r( ;i/Q)\l/Q)/\flﬂ(A—l/Q 1/2)2r”

SR/\*1/2||C/1\/2(Gn6m\ — I)C§|H|C;1/2 Al/2 |27’HL—1/2 1/2||2r'
Using Lemma A.9 and Lemma A.10, with the constraint n > 16(No(A) 4+ 1) log(2/6), we have

1 Farx — Fll < BATY20)2(GuCrx — DO 127

o (30)
< 2RAV2|CY (G Cn — 1T

Noting that Gnémvv* = V'V, we have
GnCor — I = GuCorn(I = VV*) + G CrpVV* —
= GnCon(I = VV*) = (I = VV*).
Multiplying and dividing by éif\z and C}\/ % and using above identity, we have

1CY*(GCrr — 1T
<[ CV2C PR G OO PO P (I = vV C | + (162 (1 = vV Gy |
<2 = vV 2 C P INICR Ga G IR C 2 + 1) (31)
<[y = vVAHCIIC 2R IICK e 2 + 1)
<(les PO + vley* (1 - vvesl.
The third step is due to ||C’71L§\2G C’}AZ | <1inLemma A.15.

Next, we estimate ||C>1\/2(I — VV*)CY|. Since VV* is a projection operator, it holds for any s > 0 that (I — VV*) =
(I — VV*)3, therefore

13T = VVOOKI < 16T = VYT = VY.
Using Cordes inequality (Proposition A.3) to ||(I — VV*)C% ||, we have
* r *\ 27 327 * r
1T = VYKl = (T = Ve | < (1= vV e
Thus, it holds
|G = vVl < (T = VV)ey e, (32)
Substituting (31) and (32) into (30), with the condition n > 16(No(A) + 1) log(2/0), there exists for r € (0,1/2) that
fara = Fall < 201G 2CR2 12 + RATY2|(1 = vV Oy P (33)
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e When r € [1/2, 1], the regression function belongs to the hypothesis space f, € H.
71 /2

Note that, there exists [lg] < R, [[Ly'L|| < 1, [|SC; 2| = ||Cy 2 a0 ?1M2 < 1, IS5, 7| <
HL_I/2L L_1/2||1/2 < 1and HC’_l/QS*H = ||67:/\1/26n6;\1/2||1/2 < 1, and we then have
I farx — Fall
~ o 1/2 71/2\2r/ 1 — r
=[1S(GnCrur = DS; LI * L) (L3 )"
=1(SC; O (GnCun — DSELT NV PLY )2 (L L) 9| (34)

<RHCI/2(GnCnA _ )CT 1/2(0—1/25*)27*71(5*A—i/2)272r(ET—L;/2L1\/2)2rH
1/2 r12 —1/241/22r— —1212,«
<R||CY*(GnCrx — D)y 2O 2O 12 YL 2 L)

Noting that GnamVV* = V'V, we have
GCpCox — I = GpCox(I = VV*) + GuCaVV* — I
=GuCo (I =VV*) = (I -VV*).

Multiplying and dividing by 67%\2 and Cl/ % and using above identity, we have

1C*(GnCor = DO < €2 (1 = VYV

n H01/2 _1/20711{\263 07115\201/20—1/201/2(1 VVCLT 172 (35)

St E A el [(R o e [enyeitely [ leny el
Next, we estimate HC’i/ (I—-VVHC,~ 1/2|| Since VV'* is a projection operator, it holds for any s > 0 that
(I —VV*)= (I —VV*), therefore

|21 = Vv e <162 = vl - v oL

Using Cordes inequality (Proposition A.3) to ||(I — VV*)Cy 1/ ?||, we have

2r—1 * r—
I =|I(1 - vvHey?|Pr-L.

(I = VVHC 2 = (1 - Vv —teg
Thus, it holds
IOV 2 (I = vV es 2 < I - Vv ey 2| (36)
Substituting (35) and (36) into (34), there exists for r € [1/2, 1] that
e = Al < RICY 2 CoC 1P YL\ P LY 2P 1 (1 = Vv ey 1>
= 5 PO AL IPR (1 - vV o2 .

Therefore, the Nystrom error holds

1 fars — Al < 2010 2O 12 + DRAV2|(1I = vV ey ? |2+, whenr € (0,1/2).
1fars — Al < NG PCHEINE LY PRI - VV)CY?Pr, whenr € [1/2,1].

Together with Lemma A.18 and Lemma A.19, when the number of Nystrom centers satisfies M > N, () for uniform
sampling and M > N/ () for data-dependent sampling, the Nystrom error holds

1 fary — Al <6010y CH2 12+ DRA,  whenr € (0,1/2).
1Fara — Fall < 31CK 2O INE P LYPIPRA,  whenr € [1/2,1].
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In the proof of Lemma A.20, Assumption 3.3 is used such that the estimates of Nystrom error is related to the quantity r.
We bound the Nystrdm error for two cases € (0,1/2) (f, ¢ H, induced by an imperfect kernel) and r € [1/2,1] (f, € H,

induced by a perfect kernel). The key quantity || (I — VV*)C'}\/ ?|| reflects the degree of approximation, and its upper bound
depends on the sampling strategy. To guarantee ||(] — VV*)C’/I\/ 2 |2 < 3\, itneeds M = Q(nﬁ) Nystrom centers for
uniform sampling, and M = Q(nﬁ) Nystrom centers for approximate leverage scores sampling.

A.3.3. ESTIMATE FOR EMPIRICAL ERROR

Lemma A.21. Let f)\ and f be defined by (15) and (16). The empirical error holds

15 = £l < (I 2RI+ 1C 2 I12] i = £l

Proof. Recall the definitions of f)\ and f, with operators in Proposition A.12, it holds

f)x— ( n+>‘]) 1§T*prZSC 1S*fp’
fr=S8(C+X)"1S*f, = SC'S* f,.

Using the identity A= — B~1 = A=1(B — A)B~! for positive operators A, B, we have

1Fx = £l
=lISCL\ 80ty = SCL1S |
=IISC (37 = 57 + S(C = GRS
=||S 7,/\(S;:—S*)fp—i—SC’ /\(C C) *1S*fp||
—||S /\(SZ—S*)fp—f—SC’ /\(S*S S*S)C;ls*fpﬂ
=SC (S = 5"V, + SCU(S™ = S Al
=ISCX 8 (Fs = f3) + SCLS (fx = fy)
:”50;1/20)1\/25;)\1/25;)\1/25:(fp_f}\)+SC;1/2Ci/25;;/26,;\1/2ci/20;1/25*(f)\_fp)H.

Note that, the following inequalities holds ||SC;'/?| = |cy'?coy?|v2 < 1, ||C.V/%87
|CY2C,C 12|12 < 1,and || Cy 287 = ||Cy 2CC P2 < 1. Thus, we obtain

1fx = Al S G221+ 10T 21 — foll-

O

The empirical error is also related to f, that can be estimated by f, = L"g with ||g|| < R. Thus, we estimate the empirical
error in terms of r € (0,1/2) and r € [1/2, 1], respectively.

A.3.4. ESTIMATE FOR APPROXIMATION ERROR

The last term we need to estimate is approximation error | fx — f,||, whose proof is standard (Smale & Zhou, 2007;
Caponnetto & De Vito, 2007; Rudi & Rosasco, 2017).

Lemma A.22 (Approximation error). Let fy and f, be defined by (16) and (6). Under Assumption 3.3, the approximation
error holds for any A > 0 and r > 0,

[fx = ol < BA"

Proof. Under Assumption 3.3, there exists g € L2 such that f, = L"g with ||g|| < R. The identity A(A + \I)~! =
I — XA+ XI)~tis valid for A > 0 and A the bounded self-adjoint positive operator and by the definition of £, (Proposition

24



Optimal Convergence Rates for Agnostic Nystrom Kernel Learning

A.12), we have

s = Foll =IELYYf, = Foll = IELYY = D foll = ALYl
e PO b IO Ay AR T
<A IN LY LR LT g -

Note that H)\l_TL;(l*T)H < land |L,"L"|| < 1, while R := Hg”L%x according to Assumption 3.3. The proof is
completed. O

The estimate of approximation error is standard and holds for any > 0. When r approaches zero, the approximation error
gradually becomes the distance between two unrelated estimators fy and f,.

A.4. Proof of Main Results

Proof of Theorem 3.9. Firstly, we recall the error decomposition of £ (fM, x) — &(f,) in Lemma A.13 that is
E(fun) = E(fo) < Alfarx — fually + Al fars — Aalls + 4llfx = A5+ 45 = Foll5- (37

We need to combine analytical results for those four errors in Lemmas A.14, A.20, A.21 and A.22. We combine the

constraints about n used in the first three error terms as n > 16(No(A) + 1) log(2/6). Let A = n~ 7 and N < FA™®
under Assumption 3.8, and then the restrict on n becomes almost surely n < n2+v. It holds

2 +v > a. (38)

Estimate sample variance. According to Lemma A.14 and Lemma A.9, when n > 16(Noo(\) + 1) log(2/4), it holds with
the probability at least 1 — §

HfM,,\ - fNLAH <8

log 5

<B\/Noo(>\) . \/3%/@)) 2

The sample variance can be bounded by

2
5
2 2
195 (B Nw(d) | B NM)) log? 2 (39)

n?2 n 0

Il farn — fara

2
E

IN

n

o (BJNOO@) N \/B?N(A))z og?

IN

a—4r—24 —or 2
) g

IN

128 (HQBZTL
—2r a—4r—2
To ensure the convergence rate for the sample variance in (39) is optimal O(n27+7 ), the above inequality yields n~ 2+~ - <
—2r
n27+7, which leads to the following restriction

2r +2v > a. (40)

Combining the restrictions for covariance operator difference 2 + v > « (38) and sample variance 2r + 2y > «a (40), we
provide the restriction 2r + v > «. We then bound the sample variance as follows:

~ ~ a—4r— —2r 2 —=Tr
I farx — faalll <128 (mQBQn e 4 /iQanﬁ) log? 5 < enTT, (41)

where ¢; = 256x2B2.
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Estimate Nystrom error. According to Lemma A.20, Lemma A.9, and Lemma A.10, when M > 67log % V
5Noo(A) log % and n > 16(No(A) + 1) log(2/8), Nystrom error holds

[fars — fall < 18RA",  whenr € (0,1/2).
||fM,)\ — fall < 9RA", whenr € [1/2,1].
Then, the Nystrém error can be stated as

| Farr = Rll% < 824R*0 757, (42)
Estimate empirical error. According Lemma A.21 and Lemma A.9, when n > 16(No () + 1) log(2/4), there holds

7 2 2 2T
[fx = fall; < 4R"n=7. (43)

Estimate Approximation error. According Lemma A.22, for A > 0 and r > 0 there exists

s = £olI2 < R*noe. (44)
Substituting (39), (42), (43) and (44) to (37), we prove the final result. With probability 1 — ¢, the conditions n >
16(Noo(A) + 1) log(2/4) and

42 42
M > 67log>% V 5N (M) log A%

can guarantee the optimal error bound for Nystrom approximation with uniform sampling

—2r

5(J/C\M,)\) —E&(fp) < conrta,

where ¢y = 256K2B2 + 987R?. O

Proof of Corollary 3.12. Under Assumption 3.8, using Theorem 3.9 and Nystrom approximation with uniform subsampling,
2
we can obtain the desired results when considering the worst case N (A) < 5- with a = 1. O

Proof of Corollary 3.15. Let A = n~ 7, and N (M) = N(X) for the data-dependent sampling strategy (Rudi & Rosasco,
2017) (Example 2), and then the restrict on n becomes almost surely n > nFe by Assumption 3.5. It holds for the entire
range of source condition r € (0, 1],y € [0, 1]. O
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