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Abstract

Learning mappings between infinite dimensional function spaces has achieved
empirical success in many disciplines of machine learning, including generative
modeling, functional data analysis, causal inference, and multi-agent reinforcement
learning. In this paper, we study the statistical limit of learning a Hilbert-Schmidt
operator between two infinite-dimensional Sobolev reproducing kernel Hilbert
spaces. We establish the information-theoretic lower bound in terms of the Sobolev
Hilbert-Schmidt norm and show that a regularization that learns the spectral compo-
nents below the bias contour and ignores the ones that above the variance contour
can achieve optimal learning rate. At the same time, the spectral components
between the bias and variance contours give us the flexibility in designing com-
putationally feasible machine learning algorithms. Based on this observation,
we develop a multilevel kernel operator learning algorithm that is optimal when
learning linear operators between infinite-dimensional function spaces.

1 Introduction

The supervised learning of operators between two infinite-dimensional spaces has attracted attention
in many machine learning applications, such as scientific computation [ 1, 2, 3, 4, 5], functional data
analysis [0, 7, 8], learning mean-field games [9, 10], conditional probability regression [11, 12, 13]
and econometrics [14, 15, 16]. Despite the empirical success of operator learning, the statistical limit
of learning an infinite-dimensional operator is poorly studied. In this paper, we study the problem of
learning Hilbert Schmidt operators between infinite-dimensional Sobolev reproducing kernel Hilbert
spaces ’H,?( and H] with given kernels % and [ respectively and 3,7 € [0,1) [17, 18, 19]. Our goal is
to derive the optimal sample complexity to learn the linear operator, i.e. how much data is required to
achieve a certain performance level.

We first establish an information-theoretic lower bound for learning a Hilbert-Schmidt operator
between Sobolev spaces respect to a general Sobolev norm. Our information-theoretic lower bound
indicates that the optimal learning rate is determined by the minimum of two polynomial rates: one is
purely decided by the input Sobolev reproducing kernel Hilbert space and its evaluating norm, while
the other one is purely determined by the output space along with its evaluating norm. The rate is
novel in the sense that all existing results [19, 20, 3] only establish rates that depend on the parameter
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of input space. The reason is all previous works [2 1, 20, 3] only consider the case of the output space
as a subspace of a trace bounded reproducing kernel Hilbert space but not a general Sobolev space.
We refer to Remark 2.1 for detail comparisons.

To design a learning algorithm for approximating an infinite-dimensional operator, we need to learn
a finite dimensional restriction instead of the whole operator, as the latter would result in infinite-
variance. The finite dimensional selection leads to bias error but decreases the variance. A natural
task is then to study the shape of regularization that can lead to the optimal bias-variance trade-off
and achieve the optimal learning rate. In this paper, we consider the bias contour and the variance
contour at the scale of optimal learning. Once the regularization enables one to learn all the spectral
part above the bias contour and below the variance contour, the learning is optimal. Finally, utilizing
the region in between the bias contour and variance contour , we developed a multilevel training
algorithm [22, 23] which first learns the mapping on low frequency and then successively fine-tunes
the machine learning models to fit the high-frequency output. The intuition of our algorithm aligns
with the original motivation of multilevel Monte Carlo [24, 25]: we use the next level to reduce bias
while keeping the variance at the same scale.We demonstrate that such multilevel algorithm can
achieve optimal non-parametric rate for linear operator learning.

1.1 Related Work

Machine Learning Based PDE Solver Solving PDEs plays a prominent role in many scientific
and engineering discipline, such as physics, chemistry, operation management, macro-economy,
etc. The recent deep learning breakthrough has drawn attention to solving PDEs via machine

learning methods [26, 27, 28, 29, 30, 31]. The statistical power and computational cost of these
problem is well-studied by recent papers [32, 33, 34, 35]. This paper focuses on operator learning
[36, 37, 38, 39, 40, 1, 2, 41, 42], i.e. learning a map between two infinite dimensional function

spaces. For example, one can learn a PDE solver that maps from the boundary condition to the
solution or an inverse problem that maps from the boundary measurement to the coefficient field. In
terms of the mathematical foundation, [43] considers the learning rate of non-parametric operator
learning. However, non-parametric functional data analysis often suffers from slower-than-polynomial
convergence rates [44], due to the small ball probability problem for the probability distributions in
infinite dimensional spaces [45]. The most relevant works are [46, 47, 3], which consider the rates
for learning a linear operator. For the comparison between our work and [3], see Remark 2.1.

multilevel Monte Carlo By combining biased estimators with multiple stepsizes, multilevel Monte
Carlo MLMC) [24, 25] dramatically improves the rate of convergence and achieves in many settings
the canonical square root convergence rate associated with unbiased Monte Carlo [48, 49]. Multilevel
Monte Carlo can also be used for random variable with infinite variance [50, 51]. To the best of our
knowledge, this is the first paper that provides optimal sample complexity for multilevel Monte Carlo
type algorithm for infinite variance problems in the non-parametric regime. Very recently, [22, 23]
developed a multilevel machine learning Monte Carlo algorithm (ML2MC) / multilevel fine-tuning
algorithm for learning solution maps, by first learning the map on coarsest grid and then successively
fine-tuning the network on samples generated at finer grids. The authors also showed that, following
the telescoping in MLMC, the multilevel training procedure can reduce the generalization error
without spending more time on generating training samples. [52, 53] consider such multi-scale
algorithm for learning Green’s function. However, the statistical power of such algorithm is still
under investigation. Another difference with [53] is that we consider the Green function in H !
norm rather than the /; norm used in [53]. In this paper, we qualify a specific setting where this
multilevel procedure can and is necessary to achieve the minimax optimal learning rate.

1.2 Contribution

* We derive a novel information-theoretic lower bound of learning a linear operator between
two infinite-dimensional Sobolev reproducing kernel Hilbert spaces. The optimal learning
rate is a minimum of two polynomial rates, one only dependent on the parameters of the
input space while the other only on the parameters of the output space. The first rate aligns
with the previous works [20], while the second lower bound is novel to the literature.

* We study the shape of regularization that can lead to the optimal learning rate. One should
learn all the spectral parts under the bias contour at the level of the optimal learning rate but
not the spectral parts above the variance contour at the level of learning rate. This enables
the estimator to enjoy an optimal balance of bias-variance.



* We qualify a specific setting where a multilevel training procedure [22, 23] is necessary and
capable of achieving a minimax optimal learning rate for learning a linear operator. We
achieve the optimal learning rate via O(Inlnn) ensemble of ridge regression models. This
is different from finite-dimensional operator learning where a single level estimator can be
optimal.

2 Problem Formulation
2.1 Preliminary

Let Px be a distribution over the input space H i and define covariance operator Cx g = Ey p, u®u.

1
Consider its spectral decomposition Cxx = Zj:lo uZe; ® e;, where {u?e; :'zof is an orthogonal

eigenbasis and {;} is the corresponding eigenvalues of Cx k (here the g ® h is an operator defined
asg® h = gh*: f — (f,h)g). In the typical machine learning applications, the test distribution

1
is the same as the training distribution, so we can assume that H x = {ZZ aple; :{a;}2, € 62}
without loss of generality. Note that this automatically holds in the context of learning the conditional
mean embedding (CME) [19, 21, 20].

. . . 8
Following [18, ], we define the interpolation Sobolev space H =

8
{f =Y ai(pre) {a;}2, € 12} for any 5 > 0, equipped with Sobolev norm defined

by the inner product <21 ai(uf/Qei), > bi(pf/zei)> 5 = 2_; asb;. For the output space, we fix a

user-specified distribution )1, and a reproducing KernelKHilbert Space. We can similarly define the
covariance operator Cy, and the Sobolev space ] . Natural choices of @, include some distribution
on kernel functions {{(y,-) : y € Y} of H, induced by some distribution 7, on Y, so that Cg,
is a kernel integral operator with respect to 1, and ] is an interpolation space between # ;, and
L£2(Qr); see Example 2.1 for a specific choice of Qr, and its practical implications.

Following [20], in this paper we consider the Hilbert-Schmidt norm between two Sobolev Spaces for
all the operators, which is defined as following.

Definition 2.1 ((5,v)-norm) Let T : H — H, be a possibly unbounded linear operator. I g p, :
Hi — ’H?(, B € (0, 1) is the canonical embedding mapping that takes v € H to the same element

u in the larger space ”Hf{, and I ~ o, + Hr — H],v € (0,1) is similarly defined. Then the
(8,7v)-norm of T is defined as

¥ " —(1—~)/2 1-8)/2
ITlcr = | 0" 0 To i las g, 2y = [Can "% 0 ToClii” |

where we omit the dependence of ||| 5.~ on Pi and Q since it will always be clear from context.

HS(Hk, M)

2.2 Problem Formulation

We consider the problem of learning an unknown linear operator A : Hx +— H between two
reproducing kernel Hilbert spaces corresponding to kernl k£ and [ respectively. We are given N

noisy data pairs (u;,v;),1 < @ < N related by v; = Agu; + €;, where u; L Px for some
unknown distribution Px and ¢; is the noise drawn from some distribution with zero mean that
may depend on u;. We use P, for the joint distribution of (u;, v;). Denote Cx i = Eypu ® u,
Cxkr = E(uv)~pr v @ v and its adjoint Crx = Cj be uncentered cross-covariance operators

associated with Px . Then we can reformulate the ground turth operator as Ay = Cy, ch x» Where
1 is the pseudo-inverse [21, 20]. With the goal of understanding the relative difficulty of learning
different types of linear operators, we investigate the sample efficiency of learning 4 under certain
source assumptions imposed on the data model. Source condition [54, 55, 56, 57, 19] assumes that the
learning target lies in a parameterized function class and study the learning rate for different problems
with different hardness. Specifically, the source condition assume that the learning target is bounded
in certain Sobolev norm. In this paper, we consider learning an operator with bounded (3, v)-norm,

which is the Hilbert-Schmidt norm that maps from 7—[’?( to H} . We consider the generalization
error/convergence rate under another (3’,~')-norm as in [19, 33, 21, 20].



Remark 2.1 Although recent works have considered similar problems in the context of conditional
mean embedding [2], 20] and functional data analysis [3]. In all these papers, the output space is a
trace bounded reproducing kernel Hilbert space [3, Assumption 2.14 (vi)] rather than the general
parameterized Sobolev space in our paper.

We then list all the assumptions imposed on the underlying kernel for our theoretical results. We follow
the standard capacity assumptions and embedding properties used in kernel regression [19, 21, 20].

Assumption 2.1 (Capacity Condition of the Covariance) The eigenvalues {y;};>1 of the covari-
ance operator Cx i = Eyp, u®u satisfies i; i forsome p € (0,1). Similarly, the eigenvalues
{pi}iz1 of the covariance operator Cq, = E,~q, v ® v satisfies p; x i"a for some q € (0,1).

Assumption 2.2 ({, Embedding Property of the Input RKHS) There exists a smallest o €
(0, 1) such that H (I7 ., PK)T fH < A; a.s. under Pk for some A; < +o0.
., e

Assumption 2.3 (¢, Embedding Property of the Output RKHS) There exists Ao < +oo such
that ||gl,,, < Az holds for all g in the range of Ao, except from a Qr,-null set.

Assumption 2.4 (Moment Condition) There exists an operator V : Hr, v Hp with tr (V) < o?

such that for every w € Hy, We have E,p,, (|u) [((v — Aou) @ (v — Aou))’“] = L(2k)R*?V.
holds for all k > 2.

Assumption 2.5 (Source Condition) Ay is bounded under (B3, y)-norm i.e. || Ao|| 5, < B for some
B € (0, +00).

2.3 Examples

In this section, we will introduce two examples of our theory. The first one is about learning a
differential operator, for example inferring an advection-diffusion model [58] from observations
or predicting the future [37, 1, 2, 39, 59]. The second example is about learning conditional mean
embedding [11, 12, 13], which represents a conditional distribution as an RKHS element. Thus
conditional distribution regression can be reduced to a kernel operator learning. Our theory can also
be used for linear inverse problem such as radial electrical impedance tomography (EIT) [60] and the
severely ill-posed inverse boundary problem for the Helmholtz equation with unknown wave-number
parameter [61]. For detailed discussion, we refer to [3, Section 1.3]

Example 2.1 (Learning differential operators) Suppose that the ground-truth operator Ay = A®
where A is the Laplacian and t € Z. Let Hx = H™?4((0, 1]) be the Sobolev space with smoothness
m + 2t on [0,1] and Hy, = H™([0,1]), then Ay is a bounded operator from Hy to Hy which
corresponds to the B = v = 1 case. However, we will see below that we can obtain a better
characterization of the learning error using our theory.

Consider for example that the input has mean zero and the Matérn-type covariance operator Cx i =
o2 (—A + 7'2]) ~°. Its eigenvalues satisfy ln X nT25. On the other hand, we choose Qy to be
a distribution supported on {{(y,-) : y € [0, 1]} induced by a uniform distribution on [0, 1], where
L is the kernel function of Hy. Then Cq, is essentially the kernel integral operator on Hy, w.r.t.
the uniform distribution, and its eigenvalues are p,, < n~*™. The assumption ||.AOHﬁ7,Y < toois

satisfied if and only if (1 —y)m < (1 — B)s — 3 =y >1— %

Example 2.2 (Conditional mean embedding) Suppose that we would like to learn the conditional
distribution P(y | z) from a data set {(x;,y;) : 1 <i < N} C X x Y where x; AL P Let Hy
and Hy, be two RKHSs on X and Y respectively, with measurable kernel k(-,-) and {(-,-). Then we
can define a conditional mean embedding (CME) operator Cy | x that satisfies
CY\Xk(mv ) = EY\xg(Ya ) = Y|z, and EY|$9(Y) = <97/1'Y|3c> Vz € X.

We choose Ay = Cy\,. In this case, Ckx = Ep, k(X, ) ® k(X, ). Assumption 2.2 states that
sup,cx k% (x,x) = As, while Assumption 2.3 is equivalent to sup,¢ x ||/J,y‘$ || < Ag (for simplicity
we only focus on the case ( = 1). According to Assumption 2.5, we assume that HC’Y‘X HB 5 < B.

4



The mis-specified setting where 3 < 1 has been studied in previous work [19, 21, 20]. However, they
only consider the case v = 1. Our results also cover the case v < 1, which allows us to obtain
theoretical guarantee for computing conditional expectation of the larger function class H] .

3 Information Theoretic Lower Bound

In this section, we provide an information-theoretic lower bound for the convergence rate of the
operator learning problem formulated in Section 2.

Theorem 3.1 Suppose that H and H, are two Hilbert spaces, Pk and @1, are probability distri-
butions on H i and H, respectively such that Assumptions 2.1 and 2.2 hold. Then for any estimator
L:(Hk % 'HL)®N — HS (’Hi, HZ), there exists a linear operator A and a joint data distribu-
tion Pxvy with marginal distribution Px on Hy satisfying Assumptions 2.3 to 2.5, such that with
probability > 0.99 over (u;,v;) Mg Pxy we have

Hﬁ ({(umvz)}i\il) - AoHZ, o > N—Inin{%,ﬁ}.

___ B=p
Remark 3.1 Our lower bound is composed of a minimum of two parts. The first rate N max{a.5+p}
is the minimax optimal Sobolev learning rate for kernel regression [19, 21, 20, 33] and is fully
determined by the parameter of the input Sobolev reproducing kernel Hilbert space. Our second

rate N~ T is novel to the literature. This bound shows that how the infinite dimensional problem
is different from finite dimensional regression problem and is fully determined by the parameter of
the output Sobolev reproducing kernel Hilbert space. Our lower bound shows that the hardness of
learning a linear operator is determined by the harder part between the input and output spaces. We
will explain why the lower bound has such structure in Remark 4.1 and Figure 2.

4 On the Shape of Regularization

In this section, we aim to understand the shape of regularization so that the constructed estimator A
based on N i.i.d. data {(u;,v;)}?_; ~ P} for 1 <i < N enjoys an optimal learning rate.

Compared with existing approaches where a regularized least-squares estimator can achieve
statistical optimality [19, 21, 20, 3] under (3,1)-norm, we study the learning rate under the

(8,7)-norm (3" € (0,8),7 € (v,1)) which is defined in Definition 2.1 as H.fl — Ao‘

By -
1=
. The norm of the additional CQ 2 term is unbounded which make

1—~/ 1—p’
L
HS ,

Hcg); (A=) et

— i
our setting harder than the convergence in (3, 1)-norm in existing works. Since CQL 2 is bounded

1
when restricted to the finite-dimensional space span (Pf fi:1<i< n) , we should also include

another bias-variance trade-off via regularizing in the output shape. As a result, we are interested in
answering the following question

What is the optimal way to combine the regularization in the input space and regularization in the
output space? i.e. What is the optimal shape of regularization?

To answer this question, we investigate the problem in the spectral space, i.e. considering the spectral

. s 1-% S
representation of operator 4y = Z:r;i 1 @ijp € @ p; * fj. The problem of estimating A then
reduces to learning the coefficients “matrix" (aij)fszl. The source condition Assumption 2.5 enforces

Z;’Z;l a?j < B. We show in Appendix B.1.1 that regularizing the basis e; ® f; will introduce a bias

2
B _ Y-V _B=8 A=

of order ||a;;u? e; ®pj1- 2 f; = a?juf d p; i g " under the (3’,~')-norm.

By

On the other hand, when o < 8 + p, we show in Appendix B.1.2 that the variance of learning (4, j)

8" —(1—+' Bl 1o . .

from noisy data scales as % I A z =7 o %z v j 7. Since the variance would accumulate for a
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Figure 1: An illustration of our proposed regularization scheme. Left: the regularized least-squares
estimator studied in previous works [19, 3, 21] which only regularizes on the input space. Right: our
double regularization scheme via variance contour can achieve the optimal convergence rate in our
setting.

B+p .
fixed j, learning (¢, j) for ¢ < imayx results in a variance of o< %imgx 7 @ . (Similar analysis can

Blta=p q_.

be carried out for the o > 3 + p case as well, but the variance now scales as %ima; j 9 ;see
Appendix B for detailed derivations.) In summary, we need to make bias-variance trade off in the
(1, 7)—plane, i.e. decide whether we should learn or regularize over the basis e; ® f;.

4.1 Regularization via variance contour

The underlying idea of regularization is that some components are intrinsically hard to learn due
to large variance; these components are then neglected by adding regularization and are counted
as bias. The remaining components are easy to learn due to controllable variance. This intuition
works well when the estimation error results from the noise of the data and is well-studied in a line
of works [19, 3, 21, 20]. This idea still works in our setting, but we need to re-evaluate the bias and
variance of each component. Since we work with the Hilbert-Schmidt norm, this can be done in
a coordinate-wise manner, meaning that we can look at each a;; separately and decide whether to
neglect it (contribute to bias) or to learn it from data (contribute to variance).

Since the variance term measures the hardness of learning, we naturally introduce the notion of
variance contour, which is a curve on the R%r plane on which all points induce the same order of
variance (here we work with real coordinates for convenience, although we only care about integer
points). Formally, we fix an arbitrary constant C' > 0 and define

ey

B’ +max{a—B,p} 1-—1'
eC,var:{(x,y)GRilx 3 Y q-y :C}

A reasonable regularization scheme is then to learn all coordinates (i, j) € Zi below the curve (¢ yay
and ‘regularize out’ the remaining coordinates that are difficult to learn due to large variances. This
can gives us the estimator with smallest estimator at give variance level. This observation motivates
us to construct our estimator as

Azi(pffj@)pj%fj) Cri (CAKK+/\jI)717 )
=1

where \;(1 < j < yy = C'7=77) are the regularization coefficients imposed on different dimensions
. . 1
of the output space. According to (1) and noting that y; < ¢~ », we define

1 1
1= max{1-—B8=8 s=p/ 71:’Yl T BT+p N T e
A = max <] oy { B }> €0 <logN> ’ )
maxd 11— B=8"_ 1= . X . .
withC = N™ {1 max{oftp} 1=y } in (1). The additional N~ = term in (3) is needed for controlling

the error of approximating Cx i via Cx i (cf. Theorem D.3) which is standard in the Sobolev learning
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Figure 2: The plot of the bias contour and the variance contour. For simplicity, we only plot the case

a < B+ p here. The variance contour is always above the bias contour. Left: When %—Lﬁ’ > %,

B8 . .
the two yields O (N max{e,f+p} > convergence rate. It is the same learning rate as the two kernel

regression curves meet when y = 1. Right: When % > %, the two contours yield the same

regularization on the output space leading to a convergence rate of O (N = )

literature [19, 21, 33]. The following theorem describes the convergence rate of our estimator defined
by (2) and (3).

Theorem 4.1 Consider the estimator A defined by (2) and (3). Suppose that Assumptions 2.1 to 2.5
hold, then there exists a universal constant C' such that with probability > 1 — e~ 7, we have

1og2 N.

N

; B=p’ =
2 N _mm{max{a,mp}vvl—ww}
72

B log N

4.2 Regularization via Bias Contour

We have showed that if we learn all the spectral components under certain variance contour and
regularize all other component can achieve optimal rate. In this section, we introduce another scheme
to design the optimal estimator via learning all the spectral component under a certain bias contour.
Specifically, we consider deciding the regularization strength according to the spectral elements

induce a certain level of bias i.e. the bias contour {cs pias = {(z, y)ERY iz 7 y7 T = C”}.

does not coincide with {¢ yar for any C’ up to constant scaling. Thus, there exists a point (z*, y*)
on the variance contour with maximal contribution to bias. Naturally, we can also construct
our estimator using a bias contour that passes through (x*,y*). In this case, we may define

1
— = a7 1
=7 min{ —B=8__ ,77/7V} p—p' Ta -
A\; = max (j T N Umax{a s Fey - , Co (—IOJgVN) for similar reasons as Sec-

tion 4.1, which also yields optimal rate as stated in Theorem 4.2 below.

Remark 4.1 (On the optimal shape of regularization) The discussion in Sections 4.1 and 4.2 re-
veals another understanding of our information theoretic lower bound. Firstly, we should learn all the
spectral components under the bias contour otherwise the bias will exceed the lower bound. Secondly,
we should not learn any spectral component over the variance contour since otherwise the variance
will exceed the lower bound. Thus the bias contour should always be under the variance contour,
otherwise no estimator can be designed. The bias and variance contours at the level of optimal
learning rate are plotted in Figure 2. They only meet at (xz*,y*) with x* = 1 or y* = 1, which has
the largest contribution to the bias (resp. variance) among all points on the variance (resp. bias)
contour, thus dominating the estimation error. When the two curves meet at y* = 1, it reduces to the
original kernel regression case. When the two curves meet at x* = 1, it leads to our new rate that
depends on the output space.




output space
output space

input space input space

Figure 3: Construction of the sequence {(x;,y;)}. Left: the case ma)f{‘;% 77 # T 1=l Right: the
p—— {a% T = 71 > , where the bias and variance contours overlap and we set z,,+1 = l:z:n.

Each rectangular represents a certain level of regularization.

case

Theorem 4.2 Consider the estimator A defined by (2) with \; defined above. Suppose that As-

. 2

sumptions 2.1 to 2.5 hold, then there exists a universal constant C, suc a — A <

pt 2.1 to 2.5 hold, then th L l tant C' h that ||A— A <
By

: -8’ Rt
— min
mix{a B+p}’ — Y
Cr2 ( N ) { }

oz N log 2 N holds with probability > 1 — e~ 7.

S MultiLevel Kernel Operator Learning

In this section, we study a multilevel machine learning algorithm [22, 23, 53] but at each level we
consider a cost-accuracy trade-off [62] to control the variance at a proper scale. We show that the
multilevel level algorithm can cover all the spectral component below the bias contour and achieve
the optimal learning rate. Our idea is similar to the multilevel Monte Carlo [24, 25], which reduces
bias from multilevel algorithm. Our multilevel estimator differs from the DeepONet [1] and the
PCA-Net [63] since we add different regularizations for each level. Our theory indicates that the
multilevel approach outperforms previous ones and achieves the optimal learning rate.

The basic idea is to design a minimum number of machine learning estimators that cover all the
spectral elements under the bias contour but do not exceed the variance contour at the same time.

To achieve this, we choose sequences {z;} and {y;} for 1 < ¢ < Ly where y; denotes the i-th
1

level and z; controls the corresponding regularization via the regularization coefficient /\EK) = x; .
The sequences are chosen in a staircase manner as plotted in Figure 3 (for formal definitions see

Appendix C). The eigenbasis { p]‘-% fj} of the output space is divided into defferent levels by {y; }.

The main idea behind our multilevel method is that different levels of the output need to be learned
with different regularization. Formally, we define our multilevel estimator as

Ly 1 1 . . -
./Liml:z Z pffj®pffj Cri (CKK+)\§K)I) 1. 4)

1=0 \yi-1<i<yi

The following theorem shows that the estimator (4) can achieve the optimal convergence rate with
Ly =0O(nln N ) when ] 7 7 . We also show that O(ln N) estimator is needed for

the case when

max{a ﬁ+p}
(Flgure ? Right) in Appendix C.

—p —
max{a B+p}

Theorem 5.1 Suppose that Assumptions 2.1 to 2.5 hold, then there exists a sequence {y; }1<i<Ly

with Ly = O(In N) when max{a%+p} = ﬁi — and O(Inln N) otherwise, such that the estimator
Am satisfies Am — Ao 5 < Cr? (IOJgVN) {maxm'ﬂ”w = }1og2 N with probability >
/7,-‘{/

1 — e 7, where C is a universal constant.
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A Proof of the lower bound

In this section, we follow the lower bound proof in (author?) [19] to give a lower bound of the
convergence rate in our operator learning setting.

A.1 Preliminaries on Tools for Lower Bounds

In this section, we repeat the standard tools we use to establish the lower bound. The main tool we
use is the Fano’s inequality and the Varshamov-Gilber Lemma.

Lemma A.1 (Fano’s methods) Assume that V is a uniform random variable over set V, then for
any Markov chain V.— X — V, we always have
I(V; X) +1og2
log(V])

In our proof we will use a version from (author?) [19].

PV#AV)>1

Lemma A.2 [/9, Theorem 20] Let M > 2,(,.A) be a measurable space, Py, Py, ..., Py be
probability measures on (Q, A) with P; < Py forallj =1,..., M, and 0 < o, < 0o with

M
1
S KL(BIR) < a

j=1
Then, for all measurable functions U : Q — {0,1,..., M}, the following bound is satisfied

‘ VM 3o, 1
j P € 2 Ww) #4) > 7oA (1 " log(M) 210g<M>> ‘

Lemma A.3 (Varshamov-Gillbert Lemma,[64] Theorem 2.9) Let D > 8. There exists a sub-
set V = {10 ... ,T(QD/g)} of D—dimensional hypercube HP = {0,1}" such that 7©) =
(0,0,---,0) and the ¢, distance between every two elements is larger than %

D D
2 MIrP =7Olly = T, forall 0 < jik < 2777

A.2 Proof of the Lower Bound

To prove our lower bound, we construct a sequence of linear operators as follows:

| 32¢ 2 1 2
my K Zzwwfﬂmﬂﬁ%ﬁ fitms @ €ivmys wiy € 10,1}

i=1 j=1

where m; and mq are hyper-parameters (scale as poly(N) and will be selected later) and K is a
constant that will be specified afterwards. It’s easy to check that

mi

1Co = Curll} < —2 ZZ iy — )

=1 j=1
By Gilbert-Varshamov Lemma it is possible to select M, > 215/ binary strings
w(l), (/‘)(2)7 c. ,OJ(]WE) c {07 1}m1K

||§ > 4e. Let Q2 be the collection of this strings.

We now select the hyper-parameters to satisfies the assumptions made in Section 2. First we have

such that |jw(® — ()

mi , ,

32¢e _ =8 7=y
ZZ pikon o S e @ma) T (2ma)

11]1
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where the last step follows from Assumption 2.1.  Similarly, we have [|C,[2, <
a— B /
e(2my) » (ng) . To the assumptions made in Section 2, we should make
max{a,8}—8" ~' =~
(2my)~ 7 (2mg) @ Se ! 5)

be satisfied. To be specific, with the previous selection of hyper-parameters, we can have ||C,, |5, =
O(1) and

T
sup gl < 5P [Cullr - || (T p) ] < o0
g€range(Cl,) f My

where the last step follows from our assumption on the input distribution Assumption 2.2. This
verifies that Assumptions 2.3 and 2.5 hold for C,,, Vw € ).

We now construct the hypothesis (probability distributions) as follows: for Vw € {0, 1}, define
Po(df,dg) = dN (Cuf,¥) (9) - APk (f)

. 2 K b
where the covariance operator X = %= > 0" | pjtm, [i+my ® fjtm, for some constant o > 0. It’s

then easy to see that tr (X)) = o2, which satisfies Assumption 2.4 .Note that the range of C,, is
span( fm,) and ¥ is non-degenerate on this subspace. As a result, we can view P, w € Q as
distributions on H X span (fj4m, : 1 < j < K), and we have for Yw,w’ € 2 that

KL (Py||FPo) = Efnpy [KL (Po(dg | [P (dg | f))]
=Efop [KL(NV Cf» )N (Co £, 5))]
=Esory ((Co = C) f,2N(C0 = Cur) )
g"‘rizl(ﬂ?‘fNPK« w—Cu)f:(Co—Cu)f)

32e - 2 1 2
EfNPK Z Z UJ” l] lj‘f+/m1 p]+:n2{ <fv ei+m1> fj+m2

mio? rit
i=1j= Hr
2
32¢ < 8'/2
= m o2 EfNPK Zp]erz Z Wij — z])lJ’erml <fa ei+7n1>
=1
ma K 5/ 1—~7
= S ey -l Seotmy Tmy T
m102 ) Mz+m1pj+m2 ~ 1 2
i=1 j=1

where the last step follows from Ep, f ® f = Cxx = > oo, pti€; ®€; and recall that K is a constant.
Hence we deduce that

_8 1=y
Z KL(PY||PY) <o *nem; "m, ¢ =:af
w’eN

€

Applying Lemma A.2, we find that when

B8’ 1w

a* SlogM. < e SntmP my °

)

there exists a hypothesis P,,, such that for any estimator C’wo ,

{lea-c.

holds with high probability.

2
ZerD {w arg min ||C, — C / ,}
| } o A argmin €L~ Clyly

Finally, we need to choose optimal m; and ms under the constraint (5). It turns out that either
m1 = 1 or mg = 1, and the resulting lower bound is
7min{ max{a,B} =" /=y
>n 2(max{a,B1+p)  2(1—7)
B

HOX—>Y — CX—>Y‘
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B Proof of the upper bound

In this section, we upper-bound the learning error of estimator (2) which defined as
LN 1 . . -1
AZZ(ﬂ;fj@P;fj)cLK (CKK+)\]'I> ; (6)
j=1

. _a_ 1 B=8" 1o L. .
where A\;,1 < j < yy = N1 max{l— e E T =7} are regularization coefficients that we

impose on different dimensions of the output space. In this section, we consider the following two
ways to select regularization coefficients in Section 4:
* We regularize all spectral component below certain variance contour, i.e. we set regu-

_ 1
. . ,71*"1/ max{lfﬁ;ﬁlvl%’yl} plte -
larization strength \; = max { <] T« N max{e, FEp}r 1=y ,Co (—IOQN) “

Q).

* We regularize all spectral component below certain bias contour, i.e. we set regularization

1
I e min{ﬁ;ﬁl,u} - B-F —é
strength \j = max{ [j7 @ N = Umex{esfeiri=y ;€0 (%) (18).

To obtain the upper bound for our estimator, we decompose the learning error £(.A) = H,[l — A ‘

. . . . Bl,,yl
in to bias and variance via
e < [4- AAHB, 1A = Aol
Y
——— — —/_’A
variance term bias term
where
YN L L
2 2 _1
‘AA:Z(pJ‘ fj@pj fj)CKL(CKK+/\jI) . (7
j=1

B.1 Regularization via Variance Counter
In the following, we separately bound the bias term and the variance term. We first assume o < S+ p

in Appendix B.1.1 and Appendix B.1.2, then the case & > [+ p is treated in Appendix B.1.3. Finally
in Appendix B.2, we establish the same convergence rate for regularization via bias contour.

B.1.1 Bias

~

—min{ 828" 2=
Lemma B.1 |4y — Ay, < N~ {55 45

. . 812
Proof sketch: Since || Ao||; ., < B, we can write A := ;Lof j:of aijpi p; ° fj ® e; where the

coefficient matrix Ag = (ai;)1<i, j<+oo satisfies ||Ao||% < B2. The definition (7) implies that for
1<j<ynyand? > 1 wehave

(o} frndsndel) = (o} fr.Cr (@ + A1) b

1 _ 1 —
:<p]'2fj7AOCKK (Cxi + A1) 1Mf€i>= : -p; % Qi
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The bias term can be bounded as follows:

) +oo 1—ny 1-8" 1 2
0= A= 3 (o} 1160, (o= A0 i ko)
ij=1
YN +oo 2
Wl v
j=11i=1 g (ki Ag)2
3

v =y B—p’ j
<3 @%M TESwE )Z%
j=1
YN
<SS
j=1

2 <« P2 -8
”NBlgjlaX] .

‘We now prove that

¥ =y

ind B=8
mn{ TS, Vi< <. ©)
1
Case 1. 1f A; = co (2 ) *, then
FEN T 5N 2 N s N
where we use « < 5 + p in the final step.
Case 2. If \; = (N max{ 42 5T ) , we need to consider two sub-cases:
8+ L\ T
B4p  _1=9"\ p’
o If %:5 > =7 then we have \; = (N ol ) ™" and thus
R PR == 8 A (=57 55’
- :] q (Nﬁ+pj_ q ) :Nﬁ+pj q =" 8+p) > N B+r ,
1—~' 1—~' -
o If %:}f < =2 then similarly we have \; = (N o )ﬁ ™ and

B—s’ ’ ’
~ = 7 7 ¥ = 1=y B +p ’_
= 1—n" _1=v B +p 1—vy =
— y q — q — —
=j (JVHJ ) Z Yy (N“yN ) =N,

Hence, in all cases (9) holds and we have that

—mind 8=8" 2/ —
o — A2, < N7 AL (10)
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B.1.2 Variance

The variance term can be rewritten in the following way:

. 2 i, 1p |2
V= 4- a4 = HCQK (A-A)) Crk N
™= 1 1—+' R 1-8" 1 2
= <pffjv%x2 (»A_A)\> CK‘iﬁufei> (11a)
i,j=1
nN +oo . . A _ y 9
= ij_(l_ﬂ{ ) Z <Pffj7 [CLK (CKK + )\jI) . Crx (Cxr + /\jI)_l] ,u:[zei>
j=1 i=1

(11b)

nN +oo 1
= ij_(l_’y ) Z <(CKK + )\j])_% [éKL — (éKK + )\j[) (CKK + /\j[)_l CKL} p]?fj,
j=1 i=1

::Uj
1 /4 -1 1 /ﬁ_%/ ’
(Cxx + NI (CKK +Aj1) (Cxx + M\I)? ﬁe (11c)
g J
=:Gj
N 7(17 /) 1 I M2_B/ 1
=D 0 U 15 Gi | D0 e @ | Gilin]
j=1 = M J
nn ‘1—7/ 9 7[_3/ 1 2
S ITNGIEN |[vie} i (11d)

<
I
—

In (11), (11a) uses the definition of the Hilbert-Schmidt norm; (11b) follows from the definition of A
1 N 1
(cf.(2)) and the fact that for any j > yx, we have <,0j2 fi (.A — A,\> i ei> = 0; (11c) is obtained

2/ 1-8’

. +oo p; _ My _B/
from re-arranging and (11d) follows from Zi:l o G ® ;|| = max;>q Py < )\j and
1
PSS
Note that

Uj=(Ckr + )\]‘I)_é {éKL —Ckr — (éKK - CKK) (Ckx + )\jf)_l CKL}
N

1 _
-N Z(CKK + >\jI)7% {uk @ g — Epg, ur @ Ao, — (up @ ug — Ep, u @ ug) (Crx + M) Crrc Al
1

ES
Il

(Cxr + )\j])_% (ug ® (vg — Aoug))

I
=
M=

=~
Il
—

.yt
'7U.7‘

+
=
WE

(Cxr + AjI)7% [uk @ Aour — Ep,ur @ Aoug — (up @ up — Ep,up @ ug) (Crere + A1) 7' Crere AS |

e
Il
-

_1
1=Uj2=>\j% SN L (Crr+AI)T2 (Uk®A0(CKK+)\jI)71Uk —Epy uk®A0(CKK+>\jI)7luk)

The Uj1 term is the variance of observational noise and U J2 term is the variance of regularized bias.
Thus the U ]-1 term is the dominating term. Plugging the above decomposition into (11), we deduce
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that V < 2 (V1 + Vs) where
2

o 1—~/ ’
VS max [GiIPY 5T A7
j=1

1<jsnN

jlvi [(ve — Aour 0} 1) Cocre + 243D~ H
k=1

)2
'_Vl,j

2

Vo < max ||Gj\|2§:jl?' X (B=E) [(Ao Crre + A1) urp £5) Coerc + 2D~ ]
j=1

Isjsnn

::V%d
(12)
where E[X] = & Zszl X}, denotes the empirical mean. Define the event

1

’[Pij (Cxk)]? {Pij (C?KKHJr [P, (CKK)]%

<avar).

El,j = {G] =

Qs

Recall that my < ¢ (%) , by Theorem D.3, we know that £; ; holds with probability >
1—2e~*. Asaresult By = N~ Eq ; holds with probability > 1 — 2ne~%'. We assume event £y
holds in all the following proofz.

Bounding V;. Let

’ 3/

11—~ _ B 1 _1
Xje=1772% X ° <Uk*Aoukan2fj>(CKK+/\jI) Zur € Hi

2
and Xj, = (X, : 1 <j <ny) € HYY. Then we have V; < H% Zgzl XkH where the norm here
defined for H5Y™ is induced by (a,b) = >, (a;, bi)s,. - Note that Xj, k =1,2,--- , N are i.i.d.
random variables with mean zero, and

t
nN

2 2
E[ X" =Epe, || D 11Xkl
j=1

nn 1 P 1 2 1 2
=Epe, [| D 7 A <v1—«40u1,pffj> H(CKK-i-/\jI) 2UH
j=1

t—1
1=y B _1 2
< max sup jeiyf H(CKK—i-/\jI) 2uH
ISTSYN uesupp(Pk)
=:G4
a2 [ on 1 -p 1.\? _1 2
Euvy~prr |V — Aoul| Z] A <U—A0u,pj2fj> H(CKK—F)\JJ) "‘uH
j=1

=:G2

By Lemma D.2 we have
1—+'

G ST AT,
For G5, note that for fixed u, Assumption 2.4 implies that

1—~' ﬂ 2

— il . L= 1 2 _1
Eyy v — Agul* 2 Z] T i <U—Aou,pj?fj> H(CKK—F)\jI) 2 UH
j=1

J

1—~'

1 il g _1 |2
<GENRMEY o2 H(CKKij) uH .
j=1
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where O'JQ» = <p]§ fi Vp%fj>. As aresult, we have

1 PR PSR e
Go <Epy |5 (20)'R 2N ot iy

Jj=1

—

‘(CKK + Aj I)

=92 1<i<ny

where in the second step we use EJF o} =tr(V)=o0%and

1 2 L )
Fri [‘)(CKK+)\jI>_2u“ } St (EPK [(CKK"‘)‘J‘I)_EU@(CKK+)\jI)_§u})

‘We have shown that for some constant ¢; > 0,

1 t—1
E||X1||2t < 5(2t)!0’ 1513}51\]‘] e )\] (p+8) (ClR 1<Hjl§)§N‘7 = )\j 8 +p)) ]

By Bernstein’s inequality, the event

1—" (g’
2 . (B'+p) 2 .
o maxX ciyy]J ¢ )\j iR maxigigny J ¢

< Z(20)'R*726? max j T )\

12"\ —(8'+a)
Aj

< Gao

1 Y ’
—¥x
N;k

N + N?

holds with probability > 1 — 2e~“2. By our definition of A;, we have

max ] - )\ ('+p) <Nmax{ f’ﬂ”;”}
1<j<nN

and \; > N~ (which implies that the -1, term is dominated by the 2 term). Hence, under £ N E

we have
B=8" 7=y

MmN 51 T }

V1 < ajazo’ N~
with probability > 1 — 2n e~ 2.
Bounding V. For any j € Z, we have

Ey~py [<Ao Cxx + NI u P] 2 ]

=Eyup, <P] fi Epy [Ao Crrx +MD T u® Ao Crx +MI) ’u] ijfj>

- <pj§fj,.z40 (Cxx +MI) " Crx (Cxx +MI)7! Aéﬂffj>

(14a)

J

(p+B8")

_ 1y 18\ % 1 _ _ 1y 18\ % 1
= ; 7<(CQK2 AO@(‘%) P2 fi, (Crr + M) Clge (Ciec + M)~ (CQK2 AOQ&) Pffj>

(14b)

2

i (o - = A
<j e /\j(2 B) H( = AOCKK) P;fj

=:Dj,2

where (14a) follows from Ep, u ® u = Cx x, (14b) uses the fact that Cx x and Cx x + A;1 commute,

and lastly (14¢) follows from ||(Cicic + A1)~ Cllse (Coerc + A1)~ HH o A7),
K
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Let
_ 1 1
Yir= <Ao (Crr + NI) 1uk,Pffj>(CKK+)\jI) 2uy € Hi

and
YkZ(Y},kllngyN)eHTéN.

I
ORL
k=1 'Hi’(N
Note that Y,k = 1,2,--- , N are i.i.d. random variables, and
t

Then we have

nN
EIilI* =E | [ D 1Yl
t

=Ep, %ZN:jlqv )\3_5/ <.Ao (CKK + )\j])_l ul,pj%fj>2 HC;{%(L-J. (ul)H2

t—1
ny s . . N 2 T
< sup Z] <Ao (Cxk + M) u,pj?fj> H(CKKJr)\jI) 2uH
u€supp(Prk) j=1
nN .17"{/ -~ 1 1 2 1 2
Z] A <A0 (Cxr + M) u,pj?fj> sup H(CKKJr)\jI) ZUH
j=1 u€supp(Pxk)
t—1
ny 1y 2B . 1 2 nN 1o
S osup Z] A <Ao (Crxx + A1) U,Pffj> ‘Z] .
u€supp(Px) \ "7 j=1
(15)

For any j € Z, and u € supp(Px) we have

n

”z

1 2
<A0 (Crr + )\jf)fl Aju, p? fj>

1 o\2 _ 1y _ 1o\ 2
B+O‘) (2 <.A0u,pffj> +2p; W<CQK2 Ao (Cxx + M\I) 1CKKu,pj?fj> )

(16a)
2
< =2\ —(8'+a) (8'+a) y—max{a—B.0} || (=257 4 52\ b g
1<nj13>y<Nj )\ —|—;)\ A ACr | P} 1 (16b)
< max ) 4+ max A7 (FHe)-maxta—p0} (16¢)
~1<i<yn / 1<G<yn

where (16a) uses the AM-GM inequality, (16b) follows from the assumption that || Agu|| < Asg is
uniformly bounded, and that

_1-8 _
CKK2 (CKK+>\J'I) 1CKKU

_a=f _l-a
= Hc}{K T (Crx +ADT (Cril u) ‘ < oy mexdesf0)

by Assumption 2.2, and lastly (16¢) follows from [|Aol|5 , < B.

Plugging into (15), we deduce that

E[|Y: ||

S sup ( max j @ )\ (B'4) | hax AT (A +e)-max{a=p5,0} *1_"21\’],1?/ -
uesupp(Pg) \1SJsnN 1<i<nn 2

S ( e ‘] T )‘ (55 * 4 max Aj (B’ +a)—max{a— ﬁo}) o max ] = )\ (8’ +a—B)

uesupp(Prc) \ISISTN A 1<j<nn
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where the last step follows from Z;;OT Dj s = |lAo ||Z I

By Bernstein’s inequality, there exists a constant C's such that the event

o , —(B’ 1=y — max{a—p3.0
jl . )‘j_(ﬁ +a—B) maxigj<ny )‘j (B'+a) (] T 4 )\j ax{a—p })
N + N2

Es = q Vs < 6a3C3

7)
holds with probability > 1 — 2e~93.

The definition of A\ implies that the # term is dominated by the % term, so

i B=8" ~'—~
MmN gy 1= 7}

1
< — L2y —(B'+a—p) <
Vo S alagN 1£§>;Nj /\ N
holds under F; N E3. To summarize, under £ N E5 N E5 which holds with probability > 1 —
2nye % — 2e7% — 2e7 %, we have

ind B=8" 2=~
MINY 51 T

V € 2a; max{ag,az} (Vi + Vo) SN
Recall that the bias term is upper bounded in (10). This gives the final upper bound

’

A —mind £=8 A v
HA - AOH <N mm{ 2(F+p) " 201=7)
B

B.1.3 The hard-learning regime

In the previous sections, we focus on the case where & < 3 + p and establish an upper bound for the
convergence rate via an optimal bias-variance trade-off. The opposite case, & > [ + p is referred to
as the hard-learning regime, for which the optimal rate is not known for several decades even in the
case of v = 1 (cf. the discussion following [19, Theorem 2]). In the hard learning regime the V,
term becomes the leading terms.

In this section, we use the technique developed in previous sections to obtain an upper bound in the
hard-learning regime. To do this, we need to re-define the truncation set Sy as follows:

b
+a—B 1-9' _mind 8=8" 2=~ N B
=y - < Nl mln{ o 2 I—ny } and x < ¢ <1> } .

- 72 2"
SN {(‘/E7y)€ € OgN

—mind 8=8" A=~ . .
The definition implies that the variance can be controlled by NV mm{ 2e 720-7J and it remains to
focus on the bias term.

Similar to the derivations in Appendix B.1.1, we have

Ao —Tw (A% < max i~ v j°
Ao = To (Aol S s #5575

The maximum value of the right hand side can be achieved in either of the following two cases:

* i = O(1). Then we have j 2 N1-7 27 (1-min{ 222 4= 1) so that

_B=B . _ A= o (1 {5 B’ 7,*7}) A=y
i = j 1 5 min »T— <N T,

i r_P 7’»//7"{ . . .
* j = O(1). In this case we must have i < Nmm{ o’ B=pT 1=y }, otherwise it falls into S by
definition. Hence we have
B=B"  _ =~ B8’ ,min{ﬁ;ﬁ’ "r'—'y}

L p—

!
1+ 'ﬁ +p
On the other hand, for the variance term we still have V; < N maxig<ij<ny J ° i 7 and V5 <
. 1y Blta—p
. S
~ MaXigi<ny J ¢ i , so that

1o Blto-8 _ B=B" =~
max j R i P <N miny G35, T=
1<j<ny J

1
< —
VNN
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As a result, we can obtain the following convergence rate:

v =y

. B=8"
HA_AOH <y {0
B

B.2 Regularization via bias contour

In this subsection, we analyze the convergence rate of regularization via bias contour (cf. Figure 2).
Specifically, we consider the estimator (2) with the choice

1
i B—B' - B— [3’ T
0 ) MY (. R Y

log N

A; = max (j_

It now remains to plug the above )\; into our bounds for bias and variance derived in the previous
subsections.

Bounding the bias term. It follows from (8) that

YN Yeay p-p
Ao A,\||[57,Y/N1£n§>;Nj TPy
’ ’ N =8
—mind —8=6__ _ 2y —v o
Smax { N~ Umexle ey 1= ”}700 1
og N

i 5—p’ =
<N~ “”“{ max{a,B+p}’ w1—?}
< .

Bounding the variance term It follows from (13) and (17) that the variance is bounded by

2 —~' (B . _
g e )
gy~ N 1<i<yn J

As before, we consider the cases o < 8 + p and « > 3 + p separately.

o If a < B + p, then it follows that

R 2 1— —(B'+
. P
‘A—AA‘ < — max j «q )\}( )
8y~ N 1<i<yn /
1 / / B—8" B tf/
1= J = i 'Y - -
S N max J q (]_ T NTUARR T }>
1<i<yn
1 A=y (1= B4 B'4p ind B=8" ¥ =~
< — max j ¢ (w’—w B—B’)Nﬁ—ﬂ’ B R e }
N 1<5<yn
1 ¥ =y (1=o" _B'+p +p B=8" 7=+
:N r{nax}j q (’Y/*’Y B*B’)Nﬁ L mln{ Btp’ 1— ’Y}
Je{lyn
B=p" o
:Nmm FEpo o 7}max = /5”'7—7} 1
ind B=8" 21—+
— N "MUBFr T }
1= : B=8" y'—~
ming S—,1T—= ..
where we use y,° =N { Prp 1=y } by definition.
e If @ > B + p, then similarly we have
~ 2 1
’A—A)\’ < = maxy Ta /\ﬂ+aﬁ
B N 1<i<yn
1 / / 8=8" +’ BIBML;’B
1= = i - =y -
5 N max ] < (] < len{ o I— })
1<j<ynN

—B

B ta
’ ’ 7
min{ B=8B 777}) B—B
a 11—~

1
— max j
NJE{LyN}] (J

< mein{ﬁ:yﬁ 7”’1 }
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Hence we deduce that

’ ’
,min{M u}
a 1=

R 2
A—Aw <N
B’

as desired.

B.3 Implication of the upper bound

In this section, we discuss the implications of our upper bounds under the (/3’,~’)-norm.

’

1—v
Note that CQ 2w
K

= [|v[|,2-~ forallv € Ly(Q) (if one side of the equation is +oo then
H L
so is the other), we haveL that

/

) 2
EuwPK H (-A - AO) UHHQHY/ = E’LLNPK
L

Hr
’

= tr (CC;;; (/l — Ao) Euopru®@u (CCS;;/ (.,[l — Ao)) *>

R 2
< A—AJ

~ B! ’

19)
where the last step follows from E,, .. p, u ® u = Cp,.. Note that the above derivations hold for any
0 < B’ < B, so choosing 8’ = 0 yields the best upper bound. We can see from (19) that our analysis

implies an upper bound of the expected error of the learned solution evaluated under the ’Hiﬁﬂ’ norm.
On the other hand, it is also possible to obtain a uniform convergence rate when 3’ > «:

’

(=)l = fear™ (A= a0)

HrL

1—8’
2
CPK U

<Ja-al

i

C Proofs for the multi-level operator learning algorithm

In this section, we analyze the convergence rate of our multi-level algorithm described in Section 5.

—mi B=p’ 7= _ B=p’ 11 _
Wedeﬁne’l’h—mln{m7ﬁ}andn2—maX{l_W,ﬁ}—1_771.We
first restrict ourselves to the case when maj{;ﬂﬁ - #+ “;:77; the special case when the two terms are

equal will be separately treated in Appendix C.1. For the optimal bias and variance contours ¢¢, pias
and (¢, yar With C; = N and Cy = N2, we define a sequence {x,, } as follows:

1
1 _» N T
2o = max {2]\7 74 " co <logN) } (20a)
Bltmax{a=pp} | s
yn = the solution of x, v ya =N n>=0 (20b)
_g A=y
i1 = the solution of 7 yn © = N™, 1> 0. (20¢)

We first derive an explicit recursive formula for {z,, }.

’

_ B'+max{a—B.p} v —y
Lemma C.1 Letu = p 1= > 0, then

(1). ifu>1, then

(2). ifu <1, then



Proof:

(1). Suppose that v > 1, then we have n; =
and (20c) that

ﬁ%’m and no = 1 — ;. It follows from (20b)

Y=y _p
a B-p’

v _
Tpyy = N maxto 5ol g,

’Y/*'Y D
v _ B'4max{a—p.p} \ T1-77 55
= Nmax{ﬂ=[3+:0} NTIQ{E,” P

D _ P u
= N max{a,f¥p} [ N max{afFr} g, .

(2). Suppose that u < 1, then we have n; = % and 1o = %, so that % = A{:W'T, and it follows

B/ 4+max{a—8,p} ' —~ 3—p’

from (20b) and (20c) that x,, v == T, {1 > thus T, 11 = ;.

O

Lemma C.1 implies that when u # 1, the sequence {x,, } decreases super-exponentially. Thus, there
exists Ly = O(loglog N) such that z,, < 2 foralln > Ly.

1
q

1
Let )\gK) =z, " and )\EL) =y
LN

Aa =" X pifieeis|Crx (éKK + /\gK)I)_l 1)

=0 \yi—1<i<yi

, , then we construct the following estimator:

where y_; := 0. Note that each summand in the above equation is essentially a regularized least-
squares estimator and learns a rectangular region. The following theorem states that the estimator

Ap1 can achieve minimax optimal convergence rate.

Theorem C.1 Consider the estimator Ay defined by (4). Suppose that Assumptions 2.1 to 2.5 hold,
then there exists a universal constant C, such that

N\~ e
log N )

log? N

R 2
An = A <Cr (
By
holds with probability > 1 — e~ 7.

Proof: The proof of Theorem 5.1 is similar to that of Theorems 4.1 and 4.2. We consider the
bias-variance decomposition of the estimation error

HAmlfAOH < HAmlfAmAl JFHA&\*AO‘
By By B’y
where
N Ly 1 1 (K) -1
A= X eiseei i) Crx (Crr+AT) (22)

=0 \yi<j<yit1
Bounding the bias term. Since [ Ao||; ., < B, we can write

+00 +00 g 1 a
Ay = Zzaijuf P 2 fj & e;
i=1 j=1
where the coefficient matrix Ap = (aj)1<i,j<+00 satisfies ||Ao||% < B?. We fix (i,7) € Z2 and
assume WLOG that y,,, 1 < j < ym,; for some m > 0, where yr,, +1 = +oc. It follows from (22)
that

1 1 Ly 1 1 1 -1 1
= ~ = = = = K =
CENIESY < S rifi@eit | ol finCrx (Cox + NOT) ud ei>
k=0 Yr—1<J <Yk
pe e i
=P M
i + )\%() !

Ajj.
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Thus

“\ 2 _1—y “\ 1-p'
40— =llea, ™ (An - A0) ik
B’y S
+oo 1-p' 1 2
=2 <p] frCar™ (A~ Ao) Gk if >
Q=1
i% ( ACK) )2 p—p'
mj =y 2
= K | Hio P Gy
ig=1 ﬂiJr)\gn-)
+o0 (K) Z
/ by (23)
_ v - —B mj
= p. a max 7Y
S Z Za < B maxp) 7 ()7
p mj 1] J>1 p m;
_B=8’ 4y —B8=8 8’
< B? maxp mej P B? maxj- ¢ Ty, "
jz1 j=1
'7’—'v _B=8'
Bzym —1 ’rmj i 5 N™™
where we recall that ; = min {Wéﬁ/-&-p}’ %} and the last step follows from (20c).

Bounding the variance term. The variance term can be rewritten in the following way:

e faa- ]

2

_1—4 N 18’
:‘CQLQ (A — A2 i
HS
o0 1 1 1 2
= Z <pj2fj’CQL ’ ( ml_Aml) CKK /'L’L €1>
)
ZN ’ 2
—(1 7" 3 -t -1 1-5
= 2 fi CYX CKKJr)\ I) —Cyx (CKK+>\m_7I) Wi Ce
j= 1

-

M+ ﬂw

< (Cxr + Am,I) ® [éKL - (éKK+Aij) (CKK‘i')\ij)_lCKL} Pj%fjv

1

.
Il

(Cxr + Am, 1) (éKK + A I) (Cxr + Am, 1)

ol
[N
=
—_
|
N‘E
\/

\/um%

::G'mj

+o00 2—-8’
1—' 1 i 3
p; —(1-7") <Umj,oj2 fi ij (Z m& oy €i> ijUmjp; f]>

i=1

z

2

1

J

<5 2y —p 1P
ST NG, 12N Um0} 15|

:

1

<.
Il

for reasons similar to (11). It now remains to bound HGm || and HUm p] fJ H for1 < j < Ly. Note

that these quantities have already been bounded in Appendix B.1.2 with A, replaced w1th A; (there
we use a different regularization for each j). Hence, those bounds can be directly applied here, so
there exists a constant C' > 0 such that

1o/ (B +max{a—B,p})

1
V<Oa®* = max j @ Ap;
1<G<LnN ’
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with probability > 1 — Ne™“. Since j < Ym» by (20b) we have

1 —(B'+max{a—B, 1—+'  B’+max{a—8,p} ]
] q"/ AmEB a; {Ol Bp}) 5 ym;z x’rnj P — NT'Z.
Hence 1 ) )
V,S 1 ax jlqu )\T—n(ﬁ +max{a—571’}) < N72=1 — N
N 1<<Ly !
Combining the bias and variance bounds, the conclusion directly follows. (]
: . B—p’ I e
C.1 Special case: a5 ] = 1
Note that Lemma C.1 does not cover the case u = 1, or equivalently —5 = 2= This case
max{a B+p} T 1—v

is special since the bias contour coincides with the variance contour, and we need to modify our
construction of the multilevel estimator.

We define two sequences {z, }, {yn } as follows:

1 N \ =
o))

1 24)
Ty = —Tp_
n 9 n—1
B8=8" A=~
yn = the solution of z, 7y, ¢ = N™,
where we recall that 7; = — {a% - 71 —L. In this case, there exists Ly = O(In V) such that

(K) _

zp < 1forallm > Ly. Let \; , then we construct the following estimator:

Ly 1 1 N N —
2= X shnents ]l (G a) (25)

=0 \yi—1<i<yi
Similar to Theorem C.1, we can establish the following result:

Theorem C.2 Consider the estimator Ag defined by (25). Suppose that Assumptions 2.1 to 2.5 hold,
then there exists a universal constant C, such that

Ll oz (N *min{%’%}l .
— <
m OH[S’,’W g (logN) 08

holds with probability > 1 — e .

Proof: The proof of Theorem C.2 is similar to that of Theorems 4.1 and 4.2. We consider the
bias-variance decomposition

IR PP R P
B ER% Bl
where
y 3 3 (K) ;) !
A=Y siheel sy ) (Cor +AMT) (26)
1=0 \yi—1<j<y:
as defined in (25).
Bounding the bias term. Let A := ;';Df ]+o§> Qij ,ul pJ -3 f; ® e; with coefficient matrix Ag =
(aij)52, such that || Ag|3. < B We fix (i, j) € Z3 and assume WLOG that ¢y, 1 < j < ym,

for some m; > 0, where yr,, 41 = +00. It follows from (26) that

3 A3 i 1 128
<pj fis Aqipi €i> = 7)\(;{) PJ Mz Qij-
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Thus we can proceed as in (23) to deduce that

/ B-p
K - K
4o = AL 5, < max ) (ML)

B’y

Ny _B=8" 'y
Smaxq max j 9 Tm, © Ly °
~ 1<G<Ln i YL

_ A=y _B=8 7=
< max max L T, T 4
b 1Ly Ima=t Fma o YLy

The definition (24) implies that

_ 2=y _B=p s_p’ A=y _B=p8 5-g'

ymj—ql xmjp P ymj—ql xmj—pl <2 P N_nl'

N

=y

On the other hand, since zr,,, < 1, by (24) implies that y;NT < N~ Therefore, for the bias
term HAO - A;]\1| Z, . SN—™

Bounding the variance term. Repeating the arguments in (24), we can deduce that there exists a
constant C' > 0 such that

!’
1 19/ | —(B'+max{a—B,p}) 1 1=y (Bldmax{a—p.p})
Y<Ca?= max j 7 Am "< Ca®= max T X » < NT™
SYUN G " SECN G Yme T ~

with probability > 1 — Ne™%.
Combining the bias and variance bounds, we arrive at the desired conclusion. O

The conclusion of Theorem 5.1 then follows from Theorems C.1 and C.2.
D Auxiliary results

Lemma D.1 We h T — HC—U—"Y)/Q T C(l—,@)/2H _
e have || ||5=’Y Qr oL oblpg HS (g )

. I _ T *
Proof: We recall from the definition that ||T']|; ., = H (I17,Qr) T oIis p. HHS(H%,HZ)’ so that

2

R TR
|| ||[37’y ( 17’)’7QL) © o 13,Pk HS(H%,’HZ)
+oo 2
3 * t . 5
= > (i fiIq) e Toligp.uie
i,j=1 H],
+0o0o 5 + 1B 2
- Z <'0j2fj7(1i%QL) oTu, 26i>
ij=1 Hy
+oo 2
3 0
i,j=1 He
AR S (1-py2 % \?
= " (o} finCap e T ol )
ij=1 i
2
_||p=Q=7)/2 (1-8)/2
o ‘CQL 0T oCx HHS
as desired. O
Lemma D.2 Under Assumption 2.2, we have
H(CPK + /\XI)fé uH < )\)_(% A1 Pk-as.
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) e
Proof: By Assumption 2.2 we have HC;KTUH < Ay, so that
Hi

H(CPK 4 AxD) uH H Cpe + AxI)”

o e <3

as desired. O

D.1 Concentration inequalities

Theorem D.1 [/9, Theorem 27] Let (2, B, P) be a probability space, H be a separable Hilbert
space and X : Q — HS(H; H) be a random variable with self-adjoint values. Furthermore,
assume that | X ||p < B, P — a.s. and V be a positive semi-definite matrix with Ep (X?) <V, i.e.
V — Ep (X?) is positive semi-definite. Then, for g(V') :=log (2e tr(V)||V||7!) , 7 > 1, andn > 1,
the following concentration inequality is satisfied

pn<<w1,..., Jeor.

‘ ZX wi) — EpX(w)

4ﬂmwh_2ﬂwmw><%q_
3n n

Theorem D.2 [/9, Theorem 26] Let (X0, B, P) be a probability space, H be a separable Hilbert
space, and & : ) — H be a random variable with

1
Ep[€l < gmio?Lm
forallm > 2. Then, for 7 > 1 and n > 1, the following concentration inequality is satisfied
2

2 L2
> 320 <02 + ) <27
n n

H

n

P (w1, w,) € Q™ H;Zg(wi)—Epg

i=1

The following theorem shows that the regularized covariance Cx i + Al can be estimated with small
error when )\ is above a certain threshold. Although it is well-known [19, 21], we still recall it below
for completeness.

Theorem D.3 Recall that Cxx = Ep,u ® u and éKK = ﬁ vazl u; ® u; where u; M Py
Suppose that Assumption 2.2 holds and N 2 A27g\\~%, where gy = log (ZeNpK (A)w)

ICk Il
and Np, () = tr ((CKK + )\I)fchK) is the effective dimension, then with probability at least
1 —e™ 7, we have

A%TQA

<
~V N)

H(CKK +A)TE (CKK - éKK) (Crx + Ni) "2 <0.1. 27)

Proof: Let X (u) = (Cxkx + /\I)fé u®u(Crxr + M) * where u € ‘H i, then the LHS of (27)
can be expressed as H + Zf\; X(u;) — By ppe X (u) H We hope to apply Theorem D.1 and start
with verifying the assumptions.

Since Ep, X = (Cxx + )\I)fé Crkk (Crxr + /\I)f% and [ X(w)|| = X =

1 2 —a |2

H(CKK ISV uH < A H(CKK FAD T H < A2)\*, so that there exists V =
@ ()\_a (Ckk —I—)\I)_%CKK (Cxk +/\I)_%> such that Ep, X? < V. It’s easy to see that
V] < A and tr(V) < Np(A). The conclusion then follows from Theorem D.1 with
B=0(\%) and g(V) = g». O

Corollary D.1 Under the notations and assumptions of Theorem D.3, there exists a constant C1 > 0
with probability > 1 — e~ we have

=

1 N —1
H(CKK +AD? (CKK + AI) (Crx +N)Z| < C. (28)
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Proof: By Theorem D.3 we have

1 /A -1 1
H(CKK FAD)? (CKK - CKK) (Crx + M)?

1 A 1\ 1
= H(I — (Cxrx + M) 2(Cxkx — Cki)(Cxi + /\1)75)
<2

with probability > 1 — e=*, as desired.

29



	1 Introduction
	1.1 Related Work
	1.2 Contribution

	2 Problem Formulation
	2.1 Preliminary
	2.2 Problem Formulation
	2.3 Examples

	3 Information Theoretic Lower Bound
	4 On the Shape of Regularization
	4.1 Regularization via variance contour
	4.2 Regularization via Bias Contour

	5 MultiLevel Kernel Operator Learning
	A Proof of the lower bound
	A.1 Preliminaries on Tools for Lower Bounds
	A.2 Proof of the Lower Bound

	B Proof of the upper bound
	B.1 Regularization via Variance Counter
	B.1.1 Bias
	B.1.2 Variance
	B.1.3 The hard-learning regime

	B.2 Regularization via bias contour
	B.3 Implication of the upper bound

	C Proofs for the multi-level operator learning algorithm
	C.1 Special case: -{, +p}= -1-

	D Auxiliary results
	D.1 Concentration inequalities


