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Abstract

In this work, we investigate the general-
ization properties of random feature meth-
ods. Our analysis extends prior results for
Tikhonov regularization to a broad class of
spectral regularization techniques and fur-
ther generalizes the setting to operator-
valued kernels. This unified framework en-
ables a rigorous theoretical analysis of neural
operators and neural networks through the
lens of the Neural Tangent Kernel (NTK). In
particular, it allows us to establish optimal
learning rates and provides a good under-
standing of how many neurons are required
to achieve a given accuracy. Furthermore, we
establish minimax rates in the well-specified
case and also in the misspecified case, where
the target is not contained in the reproducing
kernel Hilbert space. These results sharpen
and complete earlier findings for specific ker-
nel algorithms.

1 INTRODUCTION

Operator learning has become a powerful paradigm
in machine learning. It is particularly well suited
for surrogate modeling in areas such as uncertainty
quantification, inverse problems, and design optimiza-
tion. The central objective in these applications is
to approximate potentially nonlinear operators, for in-
stance solution operators of partial differential equa-
tions (PDEs), see Kovachki et al. (2023a). Among
the most widely used approaches in this context are
Neural Operators (NOs), which generalize classical
neural networks to the broader task of learning op-
erators, i.e., mappings between (potentially) infinite-
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dimensional function spaces (Kovachki et al., 2023b; Li
et al., 2021c; Qin et al., 2024; Wang et al., 2021; Raissi
et al., 2019; Li et al., 2020; Sharma et al., 2024).

Despite their practical success in scientific comput-
ing, the theoretical understanding of Neural Opera-
tors (NOs) is still limited. Existing work has primar-
ily focused on approximation properties (Huang et al.,
2024; Schwab and Zech, 2021; Marcati and Schwab,
2023; Kovachki et al., 2021, 2024), while generaliza-
tion results are comparatively scarce (see, e.g., Kim
and Kang (2022); Lara Benitez et al. (2024)). Re-
cent progress has been made in the neural tangent ker-
nel (NTK) regime, where Nguyen and Miicke (2024)
established minimax rates for operator learning. At
the same time, gradient descent (GD) dynamics sug-
gest a connection to random feature approximations
of vector-valued reproducing kernels, but convergence
guarantees for such methods are not yet available. To
date, only Tikhonov regularization has been analyzed
in this setting (Lanthaler and Nelsen, 2023). In this
work, we contribute by deriving minimax rates for a
broad class of spectral regularization schemes, includ-
ing GD, thereby enabling the derivation of generaliza-
tion bounds for NOs.

In addition to bridging this theoretical gap, random
feature approximation (RFA) is of independent in-
terest. Kernel methods remain state-of-the-art in
many non-parametric statistical applications and pro-
vide an elegant framework for developing new theoret-
ical insights (Lin and Cevher, 2018; Lin et al., 2020a;
Zhang et al., 2024). However, their benefits come
at a substantial computational cost, making them in-
feasible for large-scale datasets. Classical kernelized
algorithms require storing the kernel Gram matrix
K € R, with entries K; ; = K(u;,u;) for kernel
function K(-,-) and data points u;,u;. This entails
a memory cost of O(n?) and a time cost of up to
O(n?®), where n denotes the dataset size (Schoelkopf
and Smola, 2002).

RFA alleviates these costs by exploiting integral rep-
resentations of kernels that can be approximated via
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finite sums of random features. For kernel ridge regres-
sion (KRR), this reduces memory and computational
costs to O(nM) and O(nM?), respectively, where M
is the number of random features (Rudi and Rosasco,
2016). For gradient descent (GD), the cost becomes
O(nMt), with t denoting the number of iterations, and
can be further reduced by acceleration methods such as
Heavy-Ball or Nesterov, which achieve the same gen-
eralization error as GD in only /% iterations (Pagliana
and Rosasco, 2019). Our analysis further suggests that
M should typically exceed t, which explains why ran-
dom feature methods often perform best when com-
bined with iterative regularization schemes. This ob-
servation highlights the need for rigorous theoretical
guarantees in such settings.

For kernel ridge regression (KRR), the central question
of how many random features are required to achieve
optimal convergence rates has been studied extensively
(Rahimi and Recht, 2007; Li et al., 2021b; Zhen et al.,
2020; Rudi and Rosasco, 2016; Lanthaler and Nelsen,
2023). Rahimi and Recht (2007) first established op-
timal rates for M = O(n) random features in the case
of real-valued kernels (rvk). This was later improved
by Rudi and Rosasco (2016) to M = O(y/n logn),
and further extended to stochastic kernel ridge regres-
sion in Carratino et al. (2019). Most recently, Lan-
thaler and Nelsen (2023) removed the logarithmic fac-
tor, showing that M = O(y/n) suffices in the more
general setting of vector-valued kernels (vvk). A de-
tailed comparison is provided in Table 1. These re-
sults for M hold in the well-specified case where the
target function belongs to the RKHS. The question of
how many random features are required for broader
smoothness classes, where the target function may lie
outside the RKHS, remains open.

Contribution. Our main motivation for studying
vector-valued kernels and random feature approxima-
tion (RFA) is to derive generalization guarantees for
Neural Operators (NOs).

To the best of our knowledge, RFA with vector-valued
kernels has previously been analyzed mainly in the
setting of KRR. In this work, we develop a unified
framework based on spectral filtering (Caponnetto and
De Vito, 2007), which yields optimal convergence rates
for a broad class of learning methods with either ex-
plicit or implicit regularization. This includes gradient
descent and acceleration techniques, and it recovers as
special cases the KRR results of Rudi and Rosasco
(2016) for real-valued kernels and of Lanthaler and
Nelsen (2023) for vector-valued kernels.

Our framework further accommodates kernels repre-
sented as sums of integral kernels, covering in partic-
ular operator-valued neural tangent kernels. This ex-

tension provides, for the first time, convergence rates
for random feature methods with vector-valued kernels
beyond KRR, thereby opening the door to rigorous
statistical guarantees for NOs in the NTK regime.

A key advantage of our approach is that both the con-
vergence rates and the number of random features re-
quired for optimality are independent of the dimension
of the input space. This makes the results directly
applicable to NOs, where inputs are functions rather
than finite-dimensional vectors. At the same time, the
number of random features scales only quadratically
with the feature dimension of the combined input rep-
resentation per neuron, yielding generalization guaran-
tees for NOs that combine minimax-optimal statistical
rates with computational efficiency.

Table 1: Comparison of random feature require-
ments (M) for achieving generalization error of or-
der O(n~2). The last column indicates the smooth-
ness classes where optimal rates are known; see As-
sumptions 3.2, 3.3 for the meaning of r,b > 0.
[1]=Rahimi and Recht (2007), [2]=Rudi and Rosasco
(2016), [3]=Lanthaler and Nelsen (2023)

‘ References ‘ M ‘ Method ‘ Smoothness ‘
[1] O(n) KRR (rvk) | r€[0.5,1]
2] O(y/nlogn) | KRR (rvk) | r€[0.5,1]
3] O(y/n) KRR (vvk) | r=0.5
Our O(y/nlogn) | Spec. (vwk) | 2r+b>1

The rest of the paper is organized as follows. Section
2 introduces the setting, recalls key definitions in the
context of random feature methods, and motivates the
framework by linking it to Neural Operators. Section
3 presents and discusses our main results. Section 4
concludes with a summary of our findings. Appendix
A provides further details on learning with Neural Op-
erators and includes numerical illustrations that sup-
port our theoretical results. All proofs are deferred to
Appendix B.

Notation. By L(H1,Hz2) we denote the space
of bounded linear operators between real separable
Hilbert spaces H1, Ho. We write L(H,H) = L(H).
For I' € L(H), we denote by I'* the adjoint oper-
ator. If h € H, we write h ® h := (-,h)h. For
a compact operator I' € L(H), the trace is defined
by tr(I') = Y po (Tex, ex), where {ex}3°; is any or-
thonormal basis of H. We denote by F(U,V) the
space of measurable operators from U to V. We write
L?(U, py) :== L*>(U, py; V) for the L? space equipped
with the norm [ f[172(,,,) = Ji, IF (@5 dpu(u). We
let [n] :== {1,...,n} and denote the output vector by
v = (v1,...,0,) € V" with norm ||v[]3 := 37" [|lv]3-
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2 MATHEMATICAL FRAMEWORK

We consider an input space (U, || - ||i), where U is a
Banach space, and an output space (V,|| - ||v), where
V is a separable Hilbert space. These assumptions
facilitate the use of the theory of vector-valued kernels
(Carmeli et al., 2005, 2008). The data space is given
by Z =U xV, equipped with an unknown distribution
p. We denote by py the marginal distribution on i,
and by p(- | u) the regular conditional distribution on
V given u € U; see Shao (2003).

Given a measurable operator G : Y — V we further
define the expected risk as

(2.1)

where the expectation is taken w.r.t. the distribution
pand £:V xV — Ry is the least-square loss £(v,v") =
3llv = v'[13. It is known that the global minimizer of
& over the set of all measurable functions is given by
the regression operator G,(u) = [, vp(dv|u).

We consider a standard statistical learning setting
where we are given data (uj,vj)?zl, sampled identi-
cally and independently with respect to p on U x V.

2.1 Motivation: Generalization Bounds for
Neural Operators

Shallow NOs. To connect shallow Neural Operators
(NOs) with vector-valued kernels, it is useful to re-
call their definition and highlight how their training
dynamics give rise to neural tangent kernels (NTKs).
Following Nguyen and Miicke (2024), the class of two-
layer NOs is defined as follows. Let U denote the
function input space, mapping from the measure space
(X,pz) to Y C R%, and let V be the target function
space, containing measurable functions mapping from
(X, pz) to Y C R. For a network of width M € N, let
0 : R — R be an activation function acting pointwise,
and let A : U — F(X,R%) be a continuous operator.
We then define the class of shallow NOs by

Fari={ Go:tU >V | Go(w) @)

_ (a, o(B1A(u)(z) + Bou(z) + Bsc(x)))
\/M )

0: (a,B13327B3)
c RM % RMXdk % RMXdy % RMde,

c:X%Rd”}.

where (-,-) denotes the Euclidean inner product. We
collect all parameters in 0 = (~(L,Bl,32733> = (a, B),

with B = (B1, By, B3) € RMxd and feature dimension
d := di,+dy+dy. The goal is to minimize the expected

risk (2.1) over the set Fy, i.e.,

G(I}éi}-‘lM E[¢(Go(u),v)] .

Relation to vector-valued kernels via the NTK.
The connection between kernel methods and stan-
dard neural networks is established via the neural
tangent kernel (NTK), see Jacot et al. (2018); Lee
et al. (2019). For fully connected neural networks, it
is known that under gradient descent (GD) training
and in the infinite-width limit, the network function
linearizes around initialization, and the dynamics are
governed by the NTK.

In complete analogy, the training dynamics of shallow
NOs correspond to kernel gradient descent in the re-
producing kernel Hilbert space (RKHS) induced by a
vector-valued kernel. We define for neural operators
the NTK feature map

M Y — F(L*(X, p.),0),
with random initialization 8y € © and

M (v) := Vo(Ge, (u),v) v e L*(X,p,).

LQ(pa:) ’

For any w,u € U, the vector-valued kernel Kj; :
L?(X, p.) — L*(X, p;) is defined by

Ky (u, @) == (M) oM

and expands as

Ym(w) = o((b), T (u))),
V(1) = o' ((b), T () J ()Y

and denote the collection of initial weight vectors by
BO) = (bgo),...,bg\(}))—r € RMxd gee Nguyen and
Miicke (2024).

Relation to Random Feature Approximation.
The representation of Kj; shows that the NTK of
shallow NOs admits the form of a random feature ap-
proximation. Indeed, each term v, (u) ® 1, (2) and

. (W) @1y, (@) constitutes a nonlinear random fea-

ture, sampled through the random initialization bSS).
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Thus, Kjs is a Monte—Carlo approximation of the lim-
iting kernel

K(u, @) := (2:2)
d
Eay [12(0) ® 0(3) + Y ) (u) @ ¥4 (@),
j=1
where ¥ (u) = a(<b(0), J(u))), Y5 (u) =

(b, J(u)))J(u)9) and the expectation is taken
w.r.t. the initialization distribution of 6y, see Nguyen
and Miicke (2024), Proposition 2.3.

Consequently, training shallow NOs with gradient de-
scent in the NTK regime is equivalent to performing
kernel gradient descent in the vector-valued RKHS as-
sociated with K, using Kj; as a random feature ap-
proximation. This interpretation provides the bridge
between Neural Operators and the statistical theory
of random features for vector-valued kernels.

Generalization Bound. Assume a NO is trained
with gradient descent by empirical risk minimization
over the class Fjs and let 6; denote the parameter up-
date after ¢ € N iterations. The excess risk of the
corresponding neural operator Gy, € Fjs can be de-
composed as

HGGt - GPH%Q(pu)
SGo, = FM 22y + IFY = Golliz () »

(2.3)

where FM denotes the random-feature estimator asso-
ciated with the vector-valued kernel K;, trained with
the same GD dynamics. The first term captures the
discrepancy between the finite-width NO and its NTK-
based random feature approximation, while the sec-
ond term measures the generalization error of the ran-
dom feature method itself. The central objective
of this paper is to establish optimal learning
guarantees for the second term, and to extend
the analysis to a broader class of regularization
schemes and kernels.

2.2 Kernel Methods, Random Features, and
Regularization: General Setup

Vector-valued Kernels. Let K : U x U — L(V)
denote a reproducing V-valued kernel of positive type,
where £(V) denotes the Banach space of bounded lin-
ear operators on V. For v € U, we write K,, : V —
F(U,V) for the operator that maps v € V to the func-
tion K,v € F(U,V) given by
(Kyv)(a) = K(t,u)v, uEU. (2.4)
By H we denote the associated unique V-valued
RKHS on ¢, which can be continuously included into

FU,V). We assume that K is 2-bounded, imply-
ing that the inclusion S : H — L*U,py;V) is a
bounded linear map. A brief review of the key defi-
nitions related to vector-valued kernels is provided in
Appendix A, see also Carmeli et al. (2005, 2008).

Assumption 2.1 (Kernel). Assume that the kernel K
admits an integral representation of the form

K (u, @) :Z/Qcpi(u,w)@)gpi(mw) dr(w), (2.5)
=1

where p; : U XQ =V fori=1,...,p, and (,7) is a
probability space. Moreover, assume that for allu € U,

p
Z llgi(u,w)||3 < k* 7 — almost surely . (2.6)
i=1

Note that Assumption 2.1 implies the Hilbert—Schmidt
bound ||K (u,@)||gs < k* py-almost surely. Exam-
ples of (2.5) include the Gaussian kernel and Random
Fourier features (Rahimi and Recht, 2007; Rudi and
Rosasco, 2016). In contrast to these works, we al-
low for the additional sum over 7, which enables us
to cover special cases of Neural Tangent Kernels (2.2),
see also Jacot et al. (2018); Nitanda and Suzuki (2020);
Li et al. (2021a); Munteanu et al. (2022); Oymak and
Soltanolkotabi (2019); Nguyen and Miicke (2023).

Random Feature Approximations. The idea of
RFA is to approximate kernels that admit an integral
representation (2.5) by a kernel represented by a finite
sum, i.e., K(u, @) = Ky (u, @) foru,a € i and M € N,
where

D M
_ 1 _
Ky (u, ) == Z i Z ©i(U, Wm) @ @i (T, wiy).
i=1 " m=1

7

Here, p; : UxQ — V for some probability space (€2, 7),
and {w,, }M_, are drawn i.i.d. from 7.

The associated RKHS is denoted by Hp. Un-
der Assumption (2.6), the inclusion Sy @ Hy —
L2(U, pyi; V) is a bounded linear map.

The main benefit of RFA is that it renders kernel meth-
ods computationally feasible on large datasets while
preserving their statistical guarantees. Classical kernel
methods require storing the full nxn Gram matrix and
solving linear systems at cost O(n?) in memory and
O(n?) in time. In contrast, RFA replaces the kernel
with an explicit M-dimensional feature map, reducing
the computational cost to O(nM?) (for ridge regres-
sion) or O(nMt) (for ¢ gradient descent iterations),
with only O(nM) memory. Statistically, it has been
shown that for many kernels M = O(y/n) features suf-
fice to achieve minimax-optimal learning rates. Thus,
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RFA provides a scalable and flexible framework for
kernel methods.

Regularization. Since the expected risk (2.1) cannot
be minimized directly, the standard procedure is em-
pirical risk minimization (ERM) over the hypothesis
space H,

in £(F
min E(F),

~ 1 &
E(F) == > UF(u),v;).

j=1
However, direct ERM in an RKHS setting is typically
ill-posed. To avoid overfitting and to obtain consistent
estimators, regularization is introduced.

Definition 2.2 (Regularization function). Let ¢ :
(0,1] x [0,1] — R and set ¢x(t) = ¢(\, t). The fam-
ily {dx}x is called a family of regularization functions
if there exist constants D, E,co > 0 such that for all
0< AL

i) sup [tox(t)] < D, (2.7)
0<t<1

i) sup |oa(t)] < %, (2.8)
0<t<1

iii) sup |ra(t)] <co, Ta(t):=1—tPpa(t). (2.9)
0<t<1

This family of methods, known as spectral requlariza-
tion, encompasses both explicit regularization, such
as Tikhonov regularization, and implicit regularization
through iterative schemes, including gradient descent
and accelerated methods. Originally developed for
(statistical) inverse problems (Engl et al., 1996), these
techniques have since been applied in machine learn-
ing, in particular to non-parametric least-squares re-
gression (Caponnetto and De Vito, 2007; Bauer et al.,
2007; Blanchard and Miicke, 2017; Lin et al., 2020b).

It has been shown in Gerfo et al. (2008); Blanchard
and Miicke (2017) that attainable learning rates are
essentially determined by the qualification of the reg-
ularization {@y}x, i.e., the largest v > 0 such that for
allge[0,v] and 0 < A < 1:

sup [ra(8)] 17 < ¢ A7,
0<t<1

(2.10)

for some constant ¢, > 0.

A principled approach is to exploit the spectral struc-
ture of the empirical operators Xp; : Hyr — Has and
Syr V" — Hy, defined as

1 n
.
YXv=— E Kntu; K, s
n
]:

With these operators, spectral regularization estima-
tors combined with RFA take the form

Ff\‘/[:QS)\(fJM)g&V € Huy- (2.11)

3 MAIN RESULTS

3.1 Assumptions and Main Results

In this section we formulate our assumptions and state
our main results.

Assumption 3.1 (Data Distribution). There exists
positive constants Q and Z such that for alll > 2 with
leN,

1
[ 1ol dotw ) < Jnz'-2g2
v 2
pu-almost surely.

This assumption is satisfied, for example, if v is
bounded almost surely. It further implies that the re-
gression operator G, is bounded almost surely, since

IGy )l < /V lelly dp(v | w)

<(/ ||v%dp<v|u>)% <qQ.

To characterize the smoothness of G, relative to the
kernel, we impose a so-called source condition. This
condition links G, to the spectral properties of the
kernel integral operator and plays a central role in de-
termining the attainable learning rates.

Denote by £ : L*(U, py) — L*(U, pyy) the kernel inte-
gral operator associated to K, i.e.

£G = /M KouG(u) pua(du).

Assumption 3.2 (Source Condition). Let R > 0, r >
0. We assume G, = L"H, for some H € LU, pu),
satisfying |H||r2(p) < R .

This condition links G, to the spectral properties of
the kernel integral operator and plays a central role
in determining the attainable learning rates. The pa-
rameter r > 0 quantifies the degree of smoothness of
G,: larger values of r correspond to higher regular-
ity. In particular, the case r = % corresponds to the
well-specified setting where G, lies in #, while r > 3
reflects additional smoothness, and r < % corresponds
to a misspecified setting. For more details, we refer to
e.g. Bauer et al. (2007); Lin et al. (2020D).

While the source condition controls the regularity of
the target function, a complementary assumption is
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required to capture the complexity of the hypothesis
space. This is typically expressed in terms of the ef-
fective dimension, which measures the capacity of the
RKHS relative to the kernel operator spectrum.
Assumption 3.3 (Effective Dimension). For some
b € [0,1] and ¢ > 0, assume that for all A > 0 the
operator L satisfies

NQ) =tr (L(L+A)7") <A

Moreover, we assume that 2r +b > 1.

(3.1)

Here, N'(\) is the effective dimension of the kernel,
which quantifies the number of effective degrees of free-
dom of the hypothesis space. Intuitively, it reflects the
decay of the eigenvalues of £: smaller values of b cor-
respond to faster decay (lower capacity), while larger
values of b indicate slower decay and hence higher com-
plexity. The condition (3.1) is always satisfied with
b = 1, since L is trace class and its eigenvalues {u;}
satisfy p; < 47!, If, more generally, the eigenvalues
decay polynomially as p; ~ i€ with ¢ > 1, then (3.1)
holds with b = 1/¢; if £ has finite rank, then b = 0.
The case b = 1 is often called the capacity-independent
case. Smaller values of b allow for faster convergence
rates of the learning algorithms.

The choice of the regularization parameter A and the
number of random features M in (2.11) is crucial for
balancing approximation, estimation, and optimiza-
tion errors (see Appendix B). In practice, both param-
eters are determined as functions of the sample size n,
in order to guarantee optimal statistical performance.
The following result establishes that, under the source
and capacity assumptions, our RF estimator achieves
the minimax-optimal convergence rate. Moreover, it
provides explicit conditions on A, and M, that en-
sure the desired statistical guarantees. The proof is
provided in Appendix B.

Theorem 3.4. Suppose Assumptions 3.1-3.3 hold.
Let {ox}x be a family of reqularization functions with
qualification v > 0. Let § € (0,1) and choose

Ap = Cn~ 77 10g3(%).

Then, with probability of at least 1 — 0, the RF estima-
tor (2.11) satisfies

1Gp = Sar, Fi 2y < €™ 77 log™ 7 (3),

provided that v > rV 1, n > ng := exp(zrzﬁil), and

the number of random features satisfies

nFE, e (0,3),
M, > p-C-log(n)- {n 5, re (1],
na, r € (1,00).

Here C,C,C are constants independent of n, M, \.

Since our framework encompasses operator-valued
RFA trained via GD, Theorem 3.4 can be directly ap-
plied to derive generalization bounds for NOs. Re-
call the excess-risk decomposition for shallow NOs in
(2.3). Nguyen and Miicke (2024) showed that the first
term is bounded by O(logn/M,). Hence, when the
number of neurons scales with the number of random

_2r
features, i.e., M,, = O[ n27+b logn |, Theorem 3.4 im-
plies that NOs achieve the same minimax rates as non-
parametric kernel methods.

Corollary 3.5 (Nguyen and Miicke (2024), Theo-
rem. 3.5). Suppose the assumptions of Theorem 3.4
hold. Let Gy, denote the NO as defined in Section
2.1, where T, is the number of GD iterations. Let M,
denote the network width. Assume

Ao = T4 = Cn s,
M, CP-C*B% (T2 v T,) log* n,

Y

where B, > 0 bounds the parameter drift,

10: — Oolle < Br, forallte [T,],

and C,C are positive constants independent of
n, My, Ty, Br,. Then, with probability of at least 1 -9,

HGGT” - GP||L2(pM) < Cn~ 77 10g3(2/5),

for some constant C > 0 independent of

n, My, T,, Br, .

Further details on the training, the initialization of 6y,
and the above corollary are provided in Appendix A.

3.2 Discussion

Discussion of Theorem 3.4. Theorem 3.4 estab-
lishes minimax rates for a broad class of spectral fil-
tering methods. In the well-specified case (r = %,
b = 1), achieving a squared L?-error bound of order
O(1/+/n) requires t,, = 1/\, = O(y/n) iterations and
M, = O(y/nlogn) random features. For smoother
target functions with regularity » > 1, the optimal
convergence rate is attained with ¢, = O(nﬁ) it-
erations, but requires M, = O(t2" logn) random fea-
tures. This highlights an interesting trade-off: higher
smoothness reduces the number of necessary iterations
but increases the number of random features required
for optimal generalization.

In contrast, in the misspecified case r < %, the at-
tainable rate of order O(n~%+1) is slower, reflecting
the limited regularity of the target function. In this
regime, the required number of random features is only
M, = O(nT{F1 logn), which is significantly smaller
than in the well-specified or smooth cases. Overall,
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Theorem 3.4 shows that random feature methods with
spectral regularization achieve the same minimax-
optimal rates as exact kernel methods (Caponnetto
and De Vito, 2007; Blanchard and Miicke, 2017), while
offering improved computational scalability.

Comparison with prior work. Compared to the
results of Rudi and Rosasco (2016); Lanthaler and
Nelsen (2023), our work extends the analysis from
KRR to general spectral filtering methods and estab-
lishes optimal convergence rates for all smoothness
levels r < % satisfying 2r + b > 1 (the easy learn-
ing regime). With respect to the number of required
random features, we recover the same order as Rudi
and Rosasco (2016), namely M,, = O(y/nlogn). The
analysis in Lanthaler and Nelsen (2023) is based on
slightly different source assumptions, which coincide
with ours in the well-specified case. Using a random
kitchen sinks approach (Rahimi and Recht, 2008), they
further showed that the logarithmic factor can be re-
moved, proving that M, = O(y/n) random features
suffice to achieve optimal rates. However, their results
do not exploit prior knowledge about the effective di-
mension and therefore only establish optimal rates in
the well-specified setting b=1, r = %

NNs and NOs. A connection between learning with
neural networks and random feature approximation
(RFA) was already observed in Yehudai and Shamir
(2019). Roughly speaking, they noted that learning
with neural networks is possible whenever learning
with random features is possible. At the same time,
they showed that neural networks cannot be used to
learn even a single ReLLU neuron under Gaussian in-
puts in R? with poly(d) weights, unless the network
size (or the magnitude of its weights) is exponentially
large in d. For smoother activations in the NTK
regime, Nguyen and Miicke (2023) improved on this
result by showing that optimality can be achieved with
only a polynomial number of random features in both
the input dimension d and the sample complexity n.

Our approach extends these insights to the operator-
valued setting relevant for Neural Operators (NOs).
In contrast to the vector-input case, our rates are
dimension-free in the input space U. However, the
sum structure of the kernel representation (2.5) intro-
duces a linear dependence on the number of summands
p, as reflected in Theorem 3.4. For NOs, the input
space U is typically a function space, e.g., continuous
mappings from X to R%. In this case, the output di-
mension d, of the input functions enters the feature
dimension d = dy + dy + dp, which directly determines
the number of required random features. This results
in an overall dependence of order d? (see Section 2.1)
in our bounds, as stated in Corollary 3.5. Thus, our

results reveal a clear trade-off: generalization rates are
independent of the (possibly infinite) dimension of U,
but the computational cost scales quadratically with
the feature dimension d.

4 CONCLUSION

We developed a unified spectral filtering framework
for RFA with vector-valued kernels, motivated by the
goal of deriving generalization guarantees for NOs.
Our analysis extends beyond KRR to a broad class of
learning algorithms with explicit or implicit regular-
ization, and recovers previous results as special cases.
A key advantage of our approach is that both conver-
gence rates and feature requirements are dimension-
free in the (possibly infinite) input space, making the
results directly applicable to NOs. At the same time,
our bounds scale only quadratically with the feature
dimension per neuron, providing the first minimax-
optimal guarantees for NOs that combine statistical
efficiency with computational tractability.

The main theoretical result, Theorem 3.4, establishes
minimax rates for RFA under standard source and
capacity assumptions, matching those of exact kernel
methods while requiring significantly fewer resources.
Our discussion highlights trade-offs between smooth-
ness, iteration complexity, and the number of random
features, as well as the contrast between well-specified,
smooth, and misspecified regimes. Compared to prior
work, our framework delivers optimal rates for all
r < % in the easy learning regime and covers operator-
valued neural tangent kernels, linking neural networks,
RFs, and NOs within a single theoretical setting. An
interesting direction for future work is to investigate
whether the quadratic dependence on the feature di-
mension d can be further reduced, and to extend the
analysis beyond the NTK regime to deeper architec-
tures.
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A Additional Material

This appendix begins by reviewing the key definitions related to vector-valued kernels. We then provide additional
background on Neural Operators and present a more detailed version of Corollary 3.5, accompanied by a brief
discussion of its implications. Finally, we include numerical illustrations that support our main theoretical result,
Theorem 3.4.

A.1 Preliminaries on Vector-Valued Kernels

The classical theory of real-valued reproducing kernel Hilbert spaces (Steinwart and Christmann, 2008), including
fundamental results such as Mercer’s theorem, has been extended to the vector-valued setting in Carmeli et al.
(2005, 2008). These extensions provide a rigorous mathematical foundation for analyzing operator learning
problems within a kernel framework (Minh, 2016; Brault et al., 2016; Mollenhauer et al., 2024; Lanthaler and
Nelsen, 2023), and have become standard tools in the operator learning literature. For completeness, we briefly
recall the key definitions below.

Let U be a topological space and let V be a separable Hilbert space. A map
K:UxU— LY),

where L£(V) denotes the space of bounded linear operators on V, is called a V-reproducing kernel on U if, for any

finite set of points ui,...,uny € U and vectors vy,...,vy € V, it holds that
N
Z <K(ui7uj)vjvvi>v > 0.
ij=1

This condition is the natural generalization of positive definiteness from the scalar- to the vector-valued setting.

For each u € U, we define the linear operator
K,:V—FU;V),
where F(U;V) denotes the space of measurable V-valued functions on U. Its action on v € V is given by

(Kyv)(a) = K(a,u)v for all 4 € Y.

Given a V-reproducing kernel K, there exists a unique Hilbert space Hx C F(U;V) such that
K, e LV, Hk) foraluel,

and for every F' € Hg,
Flu)=K}F for all u e U,

where K : Hx — V denotes the adjoint of K,,. This is the vector-valued analogue of the classical reproducing
property. In particular, it implies
K(u,u) = K K.

The space H is called the vector-valued reproducing kernel Hilbert space (RKHS) associated with K, and it is
given by
Hig = span{Kuv | uelU,ve V}.

Finally, a reproducing kernel K : U x U — L(V) is called a Mercer kernel if Hx is a subspace of C(U;V), the
space of continuous V-valued functions on U.
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A.2 Learning with Neural Operators

In this section we present a detailed version of Corollary 3.5, based on Nguyen and Miicke (2024, Theorem 3.5).
For completeness, we briefly recall the neural operator learning setup considered in their work, including the
training procedure via gradient descent.

Neural Operator Setting. We consider the general operator learning framework introduced in Section 2,
where the input and output spaces U and V are viewed as infinite-dimensional function spaces. To enable
practical training based on function-valued data, an additional discretization step is required. This involves
so-called second-stage samples drawn from the input domain of the functions.

Specifically, let X C R% denote the input domain, and let y be an unknown probability measure on X. The
spaces U and V consist of functions mapping X — ) C R% and X — YCR, respectively. We observe n, i.i.d.
first-stage samples

{(’U,“’Ul)}:lil CU x V,
each evaluated at n, i.i.d. second-stage samples (x1,...,2,,) € X™. These discretized evaluations are then used
to train a shallow neural operator via gradient descent.

Gradient Descent and Initialization. Recall the class of shallow NOs introduced in Section 2.1. Following
Nguyen and Miicke (2024), the parameters are trained by gradient descent on the empirical loss computed from
the first-stage samples evaluated at the second-stage points:

0], = 0] — a84:E(Go,)

= 0] — = (Go,(w) = vi, G, (w)) (A1)

- Ny
=1

where a > 0 is the step size and
1 Ny
{f,9)n, = — > fan)g(ar)
Y k=1

denotes the empirical inner product over the second-stage samples.

Nguyen and Miicke (2024) employ a symmetric initialization scheme for the network parameters 6y to ensure
that Gy, = 0. Importantly, this symmetric trick does not affect the limiting neural tangent kernel (NTK); see
Zhang et al. (2020) for details.

Specifically, the weights in the output layer are initialized symmetrically as
a9 =7 form=1,...,M/2, a9 =7 form=M/2+1,..., M,
where 7 > 0 is a fixed constant. The input layer parameters are initialized in a coupled manner,

0
b = b agye forme {1, M/2},

where the first half of the parameters {bs,?)}i\n/lfl are drawn independently from the initialization distribution mg.

Now we are ready to state the original theorem from Nguyen and Miicke (2024), which provides a generalization
bound for Neural Operators trained via the empirical GD algorithm.

Theorem A.1 (Nguyen and Miicke (2024), Theorem 3.5). Suppose Assumptions 3.1, 3.2, and 3.3 hold. Let
Gy, denote the Neural Operator as defined in Section 2.1, where T), is the number of GD iterations in (A.1).

Let M,,, denote the network width. Assume that o € (0,572), n, > ng := 7T , and

1
prns A 26 2 2rv1 52 2 2
Ty, = Cni™t", M, > C’BTW log”(n,)T,, ", n, > C’BTM T, log™ T,

with
16: — Oolle < Br,

e Jorallt € [Ty, ]. (A.2)
Then, with probability at least 1 — 6,

1Gor,, — GollLz(o) < @n;mlog337

where C,C,C > 0 are independent of Ny Ny, My, Tn,,, B,

ny "
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Discussion. Nguyen and Miicke (2024, Theorem 3.7) show that (A.2) holds with high probability for By =
O(logT). Consequently, a two-layer Neural Operator trained by gradient descent achieves the minimax-optimal

learning rate n, > *°. Notably, the required network width M matches the number of random features needed for

kernel gradient descent and is independent of n,. The lower bound on n, arises from controlling the first term in
the error decomposition (2.3), which accounts for the discretization of function-valued samples. To ensure that
the empirical gradient descent in (A.1) closely tracks the population gradient flow, the empirical inner product
over second-stage samples must uniformly approximate the L?(X, 1) inner product. Hoeffding-type concentration
inequalities yield an O(n;l/ 2) discretization error, which must match the minimax-optimal learning rate. This
requirement leads to the stated lower bound on n,.

A.3 Numerical Illustration

We analyze the behavior of kernel gradient descent with respect to the real-valued NTK. In our simulations, we
use n = 5000 training and test samples drawn from two datasets: (i) a standard normal distribution with input
dimension d = 1, and (ii) a subset of the SUSY! classification dataset with input dimension d = 14. All reported
results are averaged over 50 independent runs of the algorithm.

Our theoretical analysis suggests that a number of random features of order M = O(y/np), where p = d + 2,
is sufficient to achieve optimal learning performance. Indeed, Figure 1 shows that for both datasets, once M
exceeds a threshold of order O(y/np) and the number of GD iterations T is fixed, further increasing M does not
lead to any improvement in the test error.

SUSY Data Error Random Data Error
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Figure 1: Heat plot of the test-error for different numbers of RF M and iterations T
Left: Error of SUSY data set. Right: Error of random data set.

B Proofs

In this section, we provide the proofs of our main results.

Notation. Throughout the proofs, we use the following shorthand notation. For any bounded linear operator
mapping between two Hilbert spaces A and A > 0, we write Ay := A+ AI, where I denotes the identity operator.
For G : U — V and (uy,...,u,) € U™, we define the vector G := (G(u1),...,G(u,)) € V™. Furthermore,
let C4 > 0 denote a generic constant that may change from line to line but depends only on the quantities
k,7,b,cq,cp, E,D,Q, Z, and not on §,p, A, or n.

We recall the following operator definitions. Let Sys : Har < L2(U, py) denote the inclusion operator of Has
into L2(U, py) for M € N. Its adjoint S}, : L*(U, pu) — Has is given by

81,6 = / Kt G(u) puu(du).
1z

The covariance operator Y : Hyr — Has and the kernel integral operator Ly @ L2(U, py) — L*(U, py) are

"https://archive.ics.uci.edu/ml/datasets/SUSY
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defined as
ZMG = / KMMK]T/[}“GpM(du),
u

[:MG ::/KMMG(u)pu(du).
u

The empirical counterparts of these operators, obtained by replacing p;; with the empirical measure, are given
by

g]y[ s Hy — Vn, (§MG)J = KIT/I,u_7G7

~ ~ 1 &

S* . n S* E— K w: Vg5
w2V = M, MV = ;:1: Mu;Vj

- o _ 1L "
EM : HM — HM? Z]M = EZKALUJ'KMJLJ-
j=1

B.1 Proof Organization and Error Decomposition

In the classical kernel setting without random features, the standard analysis introduces the idealized population
estimator

FY =8"oA(L) G,
which enables a decomposition of the error into bias and variance components:
G,— SF\ = (G, — SF}) + (SF; — SF))
=rA(L) L"H + (SF; — SFy),

where the bias is controlled via the residual polynomial ry, while the variance is handled through Hoeffding-type
concentration inequalities (Blanchard and Miicke, 2017).

In the random feature setting, our analysis adapts this approach by introducing the idealized estimator
FY =83 00(Lar) Gy,

which naturally leads to an additional approximation error due to the finite-dimensional random feature space.
Specifically, we decompose the excess risk as

1Gp = SuFY N 2oy S NGp = SMFxL2(000) + IS Fx — StFR || 120

=: Approximation Error + Estimation Error. (B.1)

A key technical challenge lies in controlling the approximation error, which requires comparing the population
operator £" with its random feature counterpart £},. While prior work (Rudi and Rosasco, 2016) focuses on
the case r € [0.5, 1], we develop in Section B.5 novel operator inequalities that allow us to treat arbitrary r > 0.
For the estimation term, classical analyses rely on the specific structure of kernel ridge regression. In contrast,
our approach uses a refined decomposition that exploits the polynomial structure of the residual ry, enabling us
to obtain variance bounds uniformly over all regularization filters.

We bound the approximation and estimation errors separately in Sections B.2 and B.3, respectively, and then
combine these bounds in Section B.4 to prove our main result, Theorem 3.4. The required operator inequalities
are deferred to Section B.5, while the necessary concentration inequalities are collected in Section B.6.



Mike Nguyen, Nicole Miicke

B.2 Bounding the Approximation Error

Proposition B.1. Suppose that Assumptions 3.1, 2.1, 3.2, 3.3 and v > rV 1 hold. For any X € (0,1], assume
that

AT € (0.3).
M > pC,ylog’(671) log(A™1) - { API=20=1 1 e [L 1],
)\—27“7 (1 )7

then the approximation term in (B.1) satisfies, with probability at least 1 — 6,
||Gp — SMF;:||L2(pu) < Co N

Proof. From Assumption 3.2, we have G, = L"H with ||H||z2(,,) < R. Hence,
||GP - SMF;:”L?(pu) = H (‘CM¢>\(‘CM) - I)‘CTHHLZ(pM)
< R||ra(Ly) L7, (B.2)

where 7 denotes the residual polynomial defined in (2.9).
For the remaining term, we obtain
Rlfra(Lan) £7]] < Rllra(£a0) £33 Il €357 25
<3Rcm1 N,
where the last inequality follows from the bounds [[ra(Lar) L5\ || < €AY from (2.10) and £, £5]| <

3A~0-77 from Proposition B.16, which holds with probablhty at least 1 — 36. O

B.3 Bounding the Estimation Error

We now turn to bounding the variance-type error in (B.1). To this end, we decompose it into two parts: (i)
a classical estimation error term, which can be controlled via standard concentration inequalities, and (ii) an
additional approximation-type term, whose contribution is bounded using properties of the residual polynomial.

Proposition B.2. Suppose that Assumptions 3.1, 2.1, 3.2, and 3.3 hold, and let v > r VvV 1. Then, for any
s €[0,1] and X € (0,1], the following holds with probability at least 1 —§:

1_g
[Sh @ - ml|, < Cutogzx,
provided that
AL re(0,3),
M > pC, log( ) log()\ ) AbA=2r) =10 g e [%,1],
AT r € (1,00),

and

n > C, 10g3(2r+b) (6—1) A~ @r+b) , M >ngi= exp( 23;2’31)

Proof. We begin with the decomposition
1-s - ox - - *
123, (fbA(ZM)SMV—¢>A(EM)EMF,\)HHM

1, a .
FIZ3 T (OAEa)Zar = D FXly,,,

|23 (B = By, <

1S3 onEan)Sir (v = SuFS) |, + |23 G Fx .,
. (I) + (II). (B.3)
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We bound the two terms (I) and (IT) separately. Specifically, by Proposition B.3, with probability at least 1 —4,

@I < c, log% ATTE

(II) < Co A"°.
O

and

Combining these bounds yields the stated result.
Proposition B.3. Suppose the assumptions of Proposition B.2 hold. Then, for any s € |0, %] and X € (0,1],

with probability at least 1 — 9,
< C, 1og% AT

i1-s <« O o *
(D) |23 ox(Em) S (v — S Fy) yHM
1-s S * r—s
(I1) |23 ra(Ean) iy, < CoX. (B.5)
Proof. (I) We begin with the decomposition
- S o o * 1 S i -1 ox o *
122, 6a(Z00) Siy (v — Su FY) y,HM <122 oA Ea) S0 | E S (v — SaFy) \HM
=:1-ii. (B.6)
Step (i). By Proposition B.15, with probability at least 1 — 46,
a1l 1
B INES) (B.7)
Hence

[N D EAN Sl ARG
<A S Ean)| 22, E0AF < 4DA,

where D is defined in (2.7).

We decompose

Step (ii).
+ HEXEA@D (G, — SumF5) [P

||EJT4?>\‘§7VI (" - GP) HHM

IN

=038 (v = Su ),
=:a+b.

Term (a): Using Proposition B.22 together with Proposition B.18, we obtain, with probability at least 1 — 34,

w%+wWH%%WM)m§
NG

HZJT/I?A@T/I(V*GP)HHM =\ Vown

1 log 3 1 g 1
SC. ﬁ TL)\b lo 5 S C.)\ IOgE,

where the last inequality follows from the assumption on n.

Term (b): From Proposition B.15,
I1S22Si ] < 218228l = 2118380 (S + 27! < 2.
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Therefor we obtain by Proposition B.23, with probability at least 1 — 9,
= ~ 2 _ ~ "
HEM2)\SM(GP_ < %HGP_SMFAM
1 5 R *
< 2\/’||Gp — SMFX3 = 1Gp = SmFX 22y | T 1Gp = SaFXI 22 (o)
A6 NG G, = SuFx |z pw) \
<C, ( " + \/ﬁ L g%"‘”Gp_SMF/\”L?(pu)'

Applying Proposition B.1 yields, with probability at least 1 — 39
+ A= (E=mt e
NI + A2 | log 5

\—(1-2r)
n

n

HE;ﬁ,\ng/I(ép —gMF;)HHM <C, <
<N\ flog L.

where the last inequality follows from the assumption on n. Therefore
11t < Ce N log %.
Combining (i) and (i¢) in (B.6) proves (B.4). Collecting all probabilities and applying Proposition B.5 gives
total probability at least 1 — 116. Redefining 6 completes part (I)
(IT) We next bound the term in (B.5). With probability at least 1 — 46
15 a0 F o < A S”EM APACE M) FS 20,
~1 ~
<A IR SR AN ISR A Can) F [0,
~1 ~
S 2B R ATA () FX s
(B.8)

where we again used Proposition B.15. Writing out F} = S};0x(Lar) L7 H gives
~1 -~ ,
IERArA(Ear)Shrda(Lar) L7

~1 ~
AT ER A ) FX 30 < 2RAT

We distinguish two cases
RYRVIIZSYEVEN|

APA(Ean)Sir A (L)
All

TMA‘SX/IQS)\(ﬁM)HHEJT/ITA
Rl 23005 (Lan) €37 L5

We have

=3 A Ea)Sion(Lan)L7| < |IE
I

I
By Proposition B.10, HE 2 (Lar)|| < DATY/2. Moreover, by Proposition B.7 and Proposition B.14, L0 A5 <
(B.9)

Case r <

,,\TA(iM)

Ark(i )2

I
™)

§ = im\»—‘ E l\?\»—t

IN
™

2 with probability at least 1 — 4. Hence,
1
1S5 *ra(Ean) S 1m0 < ADRA™ 5S35, ma(Sar) il
To bound the remaining term, use Proposition B.15: ||§);4’“)\E§V[/\|| < 2. Together with (2.10), this yields
ABHT

~1 o~
[Z3rArA(Ea) Epall < 2¢1

Plugging this into (B.9) gives
1_
(24
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Case r > % We proceed analogously:

123, 3A(Ean)Shrda(Lan) £71 < 153, 3 (Ean)Siron (Lan) L5 0 NIL D L]
AT

ey sy ’I‘\/l —= r
<82, Ean sy 2||||LM¢A<cM>||||£N}A”’£ I

By the spectral method properties and Proposition B.16, [|[Larda(Lar)]] < D and HE NI iy Tl < 3a—0- 07
Hence,

1 ~ . 6DR al S ( \/1
137 ) Fxlar < m“sz () Sy : I. (B.10)

Using (2.10) and Proposition B.17, with probability at least 1 — 4,

~1 ~ rv1)— 1 ,

IO ARSI RS VP eD) (B.11)
Substituting this into (B.10) yields

137 rAEa) Fxll3a, < 12DRey  A7°

Combining both cases establishes (B.5). Collecting all concentration bounds and applying Proposition B.5 gives
probability at least 1 — 85. Redefining d completes the proof. O

B.4 Combining the Error Bounds

Theorem B.4. Suppose that Assumptions 3.1, 2.1, 3.2, and 3.3 hold, and let v > rV 1. Then, for any s € [0, %]
and X\ € (0,1], the following holds with probability at least 1 — 4

||G,078MF)J\V[”L2(,0M) < C, IOg%AT7

provided that

A1 re(0,3),
M > pC, 10g2(6*1) log(/\*l)' AA=20—10 y e [%,1]7
AT, r € (1,00),

and

n > C, log>?r+t) (571) ACTE) o > g = exp( QE_T_:L).

Proof. We begin with the following decomposition:

Gy = S FX 12y < 1Gp = SuFxllr2(oy + ISm(FY = FE)lle2 oy =2 T+ T (B.12)
We now bound T} and T, separately.
Step 1: Bounding 7;. By Proposition B.1, with probability at least 1 — 4,

Gy — St F5 12 (py < Co A" (B.13)

Step 2: Bounding 75. Using Mercer’s theorem (see, e.g., Steinwart and Christmann (2008)) and Proposi-
tion B.2, we have, with probability at least 1 — ¢,

IS8 (FY = F)llz2() = IS5 (FY — F) s, < Co logd X'
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Conclusion. Combining the bounds for 77 and T3 in (B.12) establishes the result:

Gy — SMFN |12y < Co logd A

We finally note that Theorem 3.4 follows directly from Theorem B.4.

B.5 Technical Inequalities

Proposition B.5. Let E; be events with probability at least 1 — §; and set

If we can show for some event A that P(A|E) > 1 — ¢ then we also have

P(4) > / P(Alw)dP(w) > (1— 6)P(E)

= (1—5)(1—P<0(Q/Ei)>> > (1-5)(1-2@).

Proposition B.6 ( Aleksandrov and Peller (2009), Blanchard and Miicke (2017) (Proposition B.1.) ). Let By, By
be two non-negative self-adjoint operators on some Hilbert space with ||B;| < a,j = 1,2, for some non-negative
a.

(i) If 0 <r <1, then
IBT = B3| < Cv|| By = Ba|l",
for some C, < 0.

(ii) If r > 1, then
|BY — B3|l < Ca || B1 — Bl

for some Cy , < 0.

Proposition B.7 (Fujii et al., 1993, Cordes inequality). Let A and B be two positive bounded linear operators
on a separable Hilbert space. Then

|A°B?|| < [|[AB|®, when0<s<1.

Proposition B.8 (Rudi and Rosasco (2016) (Proposition 9)). Let H, K be two separable Hilbert spaces and X, A
be bounded linear operators, with A :H — K and B : H — H be positive semidefinite.

IAB?|| < IAII'=7lAB||7, Vo € [0,1].

Proposition B.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(ES)S = Sf(S*S).
Proof. The result can be proved using singular value decomposition of a compact operator. O

Proposition B.10 (Lin and Cevher (2018) (Lemma 10)). Let L be a compact, positive operator on a separable
Hilbert space H such that |L|| < k2. Then for any X >0,

(L +X)“pa(L)]| < 2DA"07) Va € [0,1],
|Lx(L)|| < DA~O=) Vo € [0,1],

where D is defined in (2.7).
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Proposition B.11. With probability at least 1 — §, the following bounds hold:

IF5lloo < 261 RD AT,
IEXN#ar < 2H2"RD/\—<%—7»)+7
provided that

4r%(Ne(N) +1)

8p K2 oo
M > 2PF Pe
SILll

> h\ , with  Bs = log

Proof. Since FY € Hp, we obtain from the reproducing property and the definition G, = £"H that, for any
r € X,

IEX (@) ly = 1Ky Fxlly < BIFX 4 = & 1Soa(Lar)Gollaa
1
= R[IL3oA(Lar) L7 H || L2 ()

Using || H||z2(,,) < R, we find

1E5 oo < 5 RILEOA(Lan) LS L0 2 L7 = R (1) (1), (B.14)
1S s < RUILEOM(Lan) LS N IL0 Y L7 = R (1) (11). (B.15)

Step (I). By Proposition B.10,

1i(pal D, r> 31
[:||‘C]2\4+( /\2)¢)\(£M)HS{ ) 2
2 l
J 2
< DA G
Step (II). From Propositions B.7 and B.14, with probability at least 1 — §, we obtain
1 _1 1
ICAACAI < A LR IET 2 < 2620 e > 5,
11
ILUALAIN < LR LR IIPT < 47 < 2, r<i,
< 2K
Combining the bounds on I and I7 in (B.14) and (B.15) yields
I oo < 267 L RD AT,
||F:||H1\/1 <2 K2 RD )\7(%77‘)4—-
O

Proposition B.12. Let H be a separable Hilbert space and let A and B be two bounded self-adjoint positive
linear operators on H and A > 0. Then

< (1+0),

1 i 1
<(-of |laiB?

with

=Bt a- BB
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Proof. The proof for the first inequality can for example be found in Rudi and Rosasco (2016) (Proposition 8).
Using simple calculations the second inequality follows from

H(A A B4+t = H(B FAD T AL A)(B A3

<|[B+anta-B) B+ A1)k

+[ <1 +e

O

Proposition B.13 (Rudi and Rosasco (2016) (Lemma 9)). For any M > 8x*||£| =" log® 2 we have with proba-
bility at least 1 — 0

1
1£arll = SIE£I-

Proof. For M > 8H4||£||_1log2§ we have from Proposition B.21 (Fs) that with probability at least 1 — §,
£ — Ll < $1I£] and therefore

1
I£acll 2 1EN = 1€ = Larll s = S

O
Proposition B.14. Providing Assumption 2.1 we have for any M > %
where B = log % with probability at least 1 — §
|lenincs]| <2 |eimes| <2
Proof. From Proposition B.21 (F3) we have for any A > 0 |
- N N P
L2 (L — L)L, 2 . B.16
HA(M O = 3 MA (B.16)
From M > % we therefore obtain
£ e — o)yt <2
V(L - L)L, <7 (B.17)
The result now follows from Proposition B.12 O

Proposition B.15. Providing Assumption 2.1 we have for any n > 8”725 with

. 2 2 . ,
B = log4 ((1-‘1-210(;:“2‘)'4./\/}:()\)4-1) and M > % V 84| L)  log? 2, where Bs = logM that with

5 SIIL]
probability at least 1 — 46

1
2

~1
=2 [[Bhamiis

‘gz

E [T

==
A )

Note that we use this bound for the variance term in (B.7). Furthermore, a short calculation shows that the
above assumption on n is indeed satisfied under the sample size condition stated in Proposition B.2, namely,

n > C, logr)(§=1) \=Crtd), n > ng:i= exp( Tt )

Proof. From Proposition B.21 (F;) we have for any A > 0 with probability at least 1 — 4,

4K Bn 126260
< B.18
- 3nA + n\x ( )

_1 /~
[P OIYEDI DS
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. 4k (N, (A
with Sy = log - eu D

1—26,

. For M > % we obtain from Proposition B.18 that with probability at least

Nz (A) < <1—|—21og ?)4./\/5()\) (B.19)

From Proposition B.13 we have with probability 1 — 4,

1
I£aell = SIILI- (B.20)

K2 og 2
! ((1+21§,—H2?I4N5(/\)+1) . Using this together

Note that the bounds of (B.19) and (B.20) imply Sy < 8 = log
with n > SK;B we obtain for (B.18)

1o/ _1 4k2 212
N T N R (B.21)

4K 2623
< — < —. B.22
— 3nA + n\A — 4 ( )

IN

Note that from Proposition B.5 we have that the above inequality holds with probability at least 1 — 4. The
result now follows from Proposition B.12 O

Proposition B.16. Providing Assumption 2.1 we have for any

s e
M2 mtsanel o ey ]
f\“;?; r € (1,00)
with probability at least 1 — 306,
et 5] < s

where C7 = 2(4k log %)2T*1(8p/@2ﬂoo)177” , Cy = 4(4cpr? log %)Qrfl(SPffZﬂoo)ina
Cs:= 4/<;4CEJ log? % and with Cy . from Proposition B.6.

Proof. For the proof we need to differ between the following three cases:
e CASE (r < %) : From Proposition B.14 we have with probability at least 1 — 4,

|eninbs

_ —1 T
st

<X errags

2r

_1 1
S AT?lH‘CM?)\‘C)Z\ S 227‘)\7“71 S 3)\7"71.

e CASE (r € [3,1]) : Using ||[£5"L5|| < A™~! we have

Jean s

_ —1 T
o Toravet

(e -2

(B.23)

+ AL (B.24)
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For the norm of the last inequality we have from the algebraic identity
At - Bl =A"YA-B)B™ %

[CRE

and from Proposition B.14 we further have with probability at least 1 — 9,

- H‘C]T/Il,/\(ﬁjw,)\ — EA)ET\AH

HEJT/I{/\(LM,A f[,/\)/;f\—lH

<73

1 1 1
2 p2 -2 r—1
M A~ A (EM,/\ - E/\>£>\ H

N (L — gA)/;;*H,

<2\2

Since o := 2 — 2r < 1 we have from Proposition B.8

Hﬁ;% (Lay — /v'/\)ﬁp1

1 2-2r
< HLZXE(EM,A —Ly)

Hc (Lot — L)LY °

Using Proposition B.21 (Ey and E5) we have for the last expression with probability at least 1 — 24,

2r—1 2—2r
2 4K2 2 452 2pk2
< K " K2NL(N) log = K Boo + P> Boo ’
VM M ) 3MM M
with [, = log w. Using this together with M > 8pr”Bee and the simple inequality (a + b)2" ! <
S[ILIl A
a? ! + 271 we have

| (eats - £57) 25

oyt 4rlog 2 N I€2N£()\ )log 2 4/@2500 202 Boo

- VAM M SM)\ VT
2—-2r

cor-t 4K logg N /12/\/'[; )log 2 3 2 2pK2Boo

B NV

M
_ G CyNe ()21
— \MT MN\3—2r — )\Mr M3~ 2r+b(2r 1)’

where we used in the last inequality the assumption Nz () < ¢, A~% and set

==

Cr = 2(drlog 3)* " (8pr?Boc) '™, Co = A(depr? log” 2)2r=1(8pr?Boc)? 2. From M > C/\ and M >
<iri— we obtain

Cs

r—1
- )\MT M \3—2r+b(2r—-1) — <2 '

[(ent - 2575 <

Plugging this bound into (B.24) leads to

H,c];};”)z:; <3AL

o CASE (r>1) :

HE (rv1)U

_ —r T
— | exiacs

<1+ |[£37A (25 — ) |
STHXNT"CrprllLn = Lo,
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where Cy, , is defined in Proposition B.6. From the bound of Proposition B.21 (Eg) we therefore obtain

HE (r\/l)cr

252 252
M /M
where used M > CsA2", with Cs := 4x*C}, log” 2.

2
<1+ )\TC’1,T< > log <3,

O

Proposition B.17. For any ¢ > 0, n > max{8027qﬁ4)\*2‘1 log? %, 100k2N (M)A~ log? %} and M > % we
have with probability at least 1 — ¢,

[Tt <2

Note that we use this bound for the variance term in (B.11), With qg=(rv 1) - % Furthermore, the above
assumption on n is automatically satisfied in the case ¢ = (r V1) — % (with r > 1) by the sample size condition
stated in Proposition B.2, namely

n > C, 10g3(2r+b)(6—1) )\—(2r+b).

Proof. e Case q < 1:
From Proposition B.21(F3) we obtain with probability at least 1 — ¢,

— —1 q
HEM(I,/\EM,AH = HEM,)\ZMv\
SHE\] (EM EM)H +1
1 (|~—1
< B[ B - =), +1

WHE_% Sira H(fyﬁ 4H2N£M(>\)>log§+1.

We have from Proposition B.15 with probability at least 1 — 6,

CENE
and therefore
2K 4k2Nz,, (N) 2
$-1 5 H = 2\ ) jog 2 41, B.25
H M)\ M| = <\/>n " 0g5+ ( )

From B.18 we have with probability at least 1 — 26,

New ) < (1421083 1A,

Plugging this bound into (B.25) leads to

< 2K \/4/—12(1+210g 2)ANL(N)

- 2
S H log = +1<2, B.2
H NERIR ﬁ Van | n EFREE (B-26)

where we used n > 10062N (M)A~ log® 2 in the last inequality.
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e Case ¢ > 1: From Proposition B.6 and Proposition B.21(F7) we have with probability at least 1 — 4,

[Zatamtin] <228 -4+

S)\_qcﬁ’q ‘iM_EMH +1
HS
262 2K2 2
<A WLl —+—=)log=+1<2,
< ,q(n+\/ﬁ>og§+_

where we used n > 8C,3$T/€4)\_2q log? % for the last inequality.

O
Proposition B.18. For any M > % we have with probability at least 1 — 20,
2
New(N) < (1 + 2log 5)4,/\&()\).
Proof.
1 112
Ny (V) € TelLa L3123 3
112
= (Ve + Trl(ear - DL 1)||£3 234
112
= Wz +IIBlus)|[£3e3h]
where B := L’;% (Lar — E),C;%. Proposition B.21(E,) we have with probability at least 1 — 4,
2%2 H2N£()\) 2
B <2 — ——— 11 .
|BllHs < ()\M+ N Ogé
Using A > 4k2M~! we obtain
2
|Bllas < 2N (X)log 5
Further we have from Proposition B.14 with probability at least 1 — ¢,
112
|eicidy| <4
To sum up, we obtain
112 2
Ny () < Wz + Bllns) | 25624 < (1 + 210g5)wm.
O
B.6 Concentration Inequalities
Proposition B.19. Let X1, -+, X, be a sequence of independently and identically distributed selfadjoint Hilbert-

Schmidt operators on a separable Hilbert space. Assume that E[X1] = 0, and ||X1]] < B almost surely for some
B> 0. LetV be a positive trace-class operator such that E[X?] < V. Then with probability at least 1—6, (5 €]0, 1),
there holds

2Bf 2| VI3 4trV
< + , B=log :
VI

3m
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Proof. The proposition was first established for matrices by Tropp (2011). For the general case including oper-
ators the proof can for example be found in Lin and Cevher (2018) (see Lemma 26). O

Proposition B.20. The following concentration result for Hilbert space valued random wvariables can be found

in (Caponnetto and De Vito, 2007 Caponnetto and De Vito (2007)).

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

E[||w1 - E[wl]Hl} < %Z!B“QVQ, Vi > 2. (B.27)

Then for any 0 < § < 1/2, the following holds with probability at least 1 — 4,

12": Efun][| < 2B+2V | 2
— wy, — Elw < | — — | log —.
n = ! n  n 85

In particular, (B.27) holds if
lwil| < B/2  as., and E[||w1||2} <V2

Proposition B.21. For any A\ > 0 define the following events,

4K2 By [2K2 8 4k2(Ngz,, (A) +1)
< pu—
‘ - 3nA + n ’ P = log S Laxll 7

By = { Saiy (Bar = S ) 25,

A2 (Ne(N) +1)
o[l L]l ’

ﬁoo = IOg

7% ‘ < 4’%2600 + 2p’€2ﬁoo ,
- 3MA MX

Van n

2
5
_1 _1 42 4K2 A 2
s {let w06, = (- VR s}

—1 [/ 2 4rK2
b)) é)\ (EM _ ZM)‘ . < ( K + K NEM()\)> lOg
’ H

_1 2 42N (A 2
£ (L - o) < (ﬁ/jw+ N )>1og},
2

=
5
|
—
%D
=
|
4
=
A

22 N 22 log 2

—+ —=)log—;.
HS n vn 5
Providing Assumption 3.1 we have for any 6 € (0,1) that each of the above events holds true with probability at
least 1 — 9 .

Proof. The bound for E; follows exactly the same steps as in the proof of Lin and Cevher (2018) (Lemma
18). The events E; — E7 have been bounded in Rudi and Rosasco (2016) ( see Proposition 6, Lemma 8 and
Proposition 10). However, due to different assumptions and a different setting we attain slightly different
bounds and therefore give the proof of the events Fs — FEr for completeness.

E5) First note that £; can be expressed as

M p
Lu=g7 2 el odld.

m=1 i=1
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where ¢, (-) = ¢(-,wnm ), and the tensor product is taken with respect to the L?(U, py/) inner product. The above
identity follows by straightforward calculation:

EMG /K]y] u, 7.L )dpu(ﬂ)

M=

=[-

zI‘IH
M= itz (= 2
M@

/ oD () @y o (@) G (&) dpu ()

1

.
Il

o (w) / (08 (@), (@) dpu (7)

.
Il
_

(¢ @) (@) (u).

S
M-

3
Il
-
-
Il
_

Similarly, we have £ = E[Y_"_, ; ® ¢;].

Now define X, 1= £, 2 (L — £)£5 2, with £8 1= 37 0 @ o We now obtain
(B HE splmpes e - B,
where we used for the last inequality
et e ] <xfe] <

For the second moment we have from Jensen-inequality

E[x?] < E_(L‘A%LE\}”),/:A%)z]

<E pi(ﬁiéwﬁ) ®9052)E§%>2

i=1

P 1 .
=E pZH'C,\QW%) 2
L =1

PR Pl

2
<E p’;g%(g;)ﬁj]

2

= %m;l =Y
For 8 = log ‘ﬁ\t}r”? we have
5= AN (N)
leLs 1o
AN UL+
= log
I£llo
AN N|IL|| +4tr £ 42Nz () + 1)
< log <log ———>+——=.
1£l0 1£]16

The claim now follows from Proposition B.19.
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_1
2

E3) Set w; := EM,/\@" where &; := Ky, K}y, Note that E[¢] = . Then, we have

_1
looilas = =075 Ko s

_1
< NEA2A N M K 3, s
2
_1
<A 2 ||Kp(ui,ug)|lus £ —= =: B.

For the second moment, we obtain
2 -3 -1 -3
Ellwilgs = E tr[zM,AgiZM,AgiEM,A}
_1 1
<K’E trl:ZM?)\KMin K]T/[,uizM?A}
=& (S Sm) = KN, (A) = V2
The claim then follows directly by applying Proposition B.20.

Ey) Set wy, = £, 2 (LY — £)£5 % . Note that we have

_1 _1
hwmllars < |52 2575

-1
e + tr[ﬁﬁ/\ ]

_1 p . . _1
< w(zsos;)@w%)w + NN
=1 HS
p
< \-1 H (1) & (1) N~
< ; P @ P || Tt £(A)
P 112 212
<! H (i) A< 2
< ;wm Lgm+N£()* 3

For the second moment we have,

2

K 1 om) i1 K?
SB[ L L ] = SN () = VA

2
Ellunlys < Eul (6225750 <

_1 _1
where we used ||£, 2 ﬁ(Mm)E N %2 for the last inequality. The claim now follows from Proposition B.20.

_1
Es) Set wy, ==L, ZEE\T) . Note that we have

—1 m
el < [£8257] .

P
<|lcy? (Zwﬁi)éwi?)
i=1 HS
120 K’
<A H i < _. B
ey, =

For the second moment we have,

2 20,3 p(m) p=3 2 “apm) o] 2ar () = 2
Ellwml|lyys < &7 ENLN 2Ly Ly s < KBt | L2 Ly Ly 2 | = kN (A) =V
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The claim now follows from Proposition B.20 together with the fact that the operator norm can be bounded by
the Hilbert-Schmidt norm: ||.|| < ||.||ms -

Eg) Set wy, == E%}n) . Note that we have

p
(m) — (4) (@)
lemllas <||£57]|, . = HZ o) © ol

p
<>
=1

< k?=:B.

2

(4)
(p'fn L2
Px

For the second moment we have,

Eflwn s < 5% = V2.

The claim now follows from Proposition B.20

E7) Set w; :=¢&; = K K3y, Note that

lwillas = || Knei Kipa, || g < 5 =: B

For the second moment we have,

Ellwill s < &' =: V2.

The claim now follows from Proposition B.20. O

Proposition B.22. Provided Assumption 3.1, the following event holds with probability at least 1 —§:

(e I R St

Proof. We use Proposition B.20 to prove the statement. Define
_1
wi = XA K, (vi — Gp(us)).

Note that E[w;] = 0 and

1< 1o,
n Z wi = X5\ Shr (v—Gp).

i=1
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Moreover, by Assumption 3.1, we have
El[lwll3,,] _/M/V|U—Gp(u)bp(dv|u) ”EJTJ%)\KM,u“lpH(du)
<27 [ (ol + @olavtu) 1y K o)
<2027+ @) [ 1= Kl ulaw
<2 YLNZ12Q2 + Q) ZEEHE&%\KMWHI_Z /Mtr(Zﬁ’,\KM,uKMu)Pu(dw
<230z Q) () (S [ Kakisudan )

1-2 2
< 30(292=) 7 (9Qy/Nz,, (V)
17) pl—27,2
=BTV
Therefore, the statement follows directly from Proposition B.20.

Proposition B.23. Suppose that ||G,||cc < Q@ and that the bound from Proposition B.11 holds:
[FXlloe < CrrD Ai(%irﬁy where C gD = 2k FIRD.

Then, the following event holds with probability at least 1 — §:
2 B)\ V)\ 2
LwJ§4n+¢Jb%}

By = 4(Q2 +CErp A_Q(%_Tﬁ)» V= \/§<Q + Cr,r,D )\_(%_rﬁ) |G, — SmFy

i_ HGP_SMFH

@:ﬂm@_@m
where
oy
Proof. We apply Proposition B.20. Define
wi = ||Go(us) — F (ui)|[5,-
Then Efw;] = |G, — SmF |72 (,,) and therefore

n

% Z w; — E[wl]

=1

2
HL2(Pu)

1. - ~
‘J@mmﬁuawm

It remains to bound |w;| and E[w?]. Using |G, || := sup,ey |Go(u)|lv < Q and Proposition B.11, we obtain
Jw;| < 2(Q2 + C’g,R,D /\72(%*7’)+),
and further,
E[wi] < 2<Q2 + C',3,12,13 /\72(%77&) Efwi]
= 2<Q2 +C2rp Afﬂ%irﬁ) |Gy — SmF5 Hiz(pu)'

Hence, the claim follows directly from Proposition B.20.
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