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Abstract

This paper studies kernel ridge regression in high
dimensions under covariate shifts and analyzes
the role of importance re-weighting. We first de-
rive the asymptotic expansion of high dimensional
kernels under covariate shifts. By a bias-variance
decomposition, we theoretically demonstrate that
the re-weighting strategy allows for decreasing
the variance. For bias, we analyze the regulariza-
tion of the arbitrary or well-chosen scale, showing
that the bias can behave very differently under
different regularization scales. In our analysis,
the bias and variance can be characterized by the
spectral decay of a data-dependent regularized
kernel: the original kernel matrix associated with
an additional re-weighting matrix, and thus the
re-weighting strategy can be regarded as a data-
dependent regularization for better understanding.
Besides, our analysis provides asymptotic expan-
sion of kernel functions/vectors under covariate
shift, which has its own interest.

1. Introduction
In statistical learning theory (Vapnik, 1999), the fundamen-
tal assumption is that the training and test data are drawn
from the same distribution. However, in real-world appli-
cations, test data may generated quite differently from the
training data. One of the most common situations is the
covariate shifts (Shimodaira, 2000; Sugiyama et al., 2007),
where the training and test distributions of inputs (covari-
ates) are different.
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The importance weighting (IW) (Shimodaira, 2000) is a
typical way to handle covariate shift. Let p and q be the
marginal distributions over the training and test covariates,
respectively, the IW method adopts their Radon-Nikodym
derivative as the importance weighting (IW) function, i.e.,
w(x) = dq(x)/dp(x). Hence, the IW function weights
the loss function, leading to an unbiased estimator of the
expected loss under the test distribution. Empirically, the
IW method has been widely used in machine learning (e.g.,
Huang et al., 2006; Sugiyama et al., 2008; Cortes et al.,
2010; Sugiyama et al., 2012; Fang et al., 2020) from linear
to kernel estimator as well as neural networks. Theoreti-
cally, the IW method can achieve nice statistical properties
(e.g., minimax rate) under certain settings for kernel ridge
regression (Ma et al., 2023; Gogolashvili et al., 2023).

However, recent work on high-capacity models, e.g., non-
parametric and over-parameterized models1, demonstrate
that, the IW strategy is not beneficial under certain set-
tings, e.g., over-parameterized linear regression (Zhai et al.,
2023), k-nearest neighbors classifier (Kpotufe & Martinet,
2021) for interpolation under well-specified cases. Nev-
ertheless, for some misspecified cases, the IW correction
is still needed for non-parametric kernel ridge regression
(Gogolashvili et al., 2023).

We can see the separation in the effect of IW for low/high-
capacity models under (mis)-specified settings. But how
the generalization result depends on the choice of model
capacities, and its interplay with the regularization level in
terms of bias-variance trade-off remains unclear. Intuitively,
the IW strategy obtains the unbiased estimation of the orig-
inal empirical risk minimization, leading to a decreasing
variance to some extent; while the approximation between
the estimator and the target function will change, leading to
an increasing bias to some extent. As such, refined analyses
based on bias-variance trade-offs are required to understand
the following question:

How does IW affect bias-variance trade-off in
high-capacity models?

1Over-parameterized models admit the fact that the number
of parameters is larger than the number of training data. Modern
neural networks belong to this setting.
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We attempt to address this question by uncovering the mys-
tery behind the IW strategy in covariate shifts from the bias-
variance trade-off. To be specific, in this work, we focus on
kernel ridge regression (KRR) in high dimensions with data
dimension d and size n both large under the IW strategy,
a typical regularized-based nonparametric regression over
reproducing kernel Hilbert spaces (RKHSs). This choice
allows for studying different learning paradigms, for exam-
ple, neural networks can be described by neural tangent
kernel (Jacot et al., 2018) under certain settings; the high-
dimensional setting matches practical image application via
over-parameterized neural networks; the model capacity
can be tuned by the regularization parameter. Accordingly,
the kernel interpolation can be regarded as a special case
of KRR by taking the explicit regularization sufficiently
close to zero, which follows the spirit of over-parameterized
neural networks for interpolation learning.

Formally, given n training data Z = {(xi, yi)}ni=1, the
estimator of KRR in high dimensions under a general IW
function w(x) is given by

fλ,Z :=argmin
f∈H

{
1

n

n∑
i=1

w(xi) (f (xi)−yi)2+λ∥f∥2H

}
,

(1)
where λ > 0 is the regularization parameter.

1.1. Contributions

We summarize the contributions and findings as below:

• We present the asymptotic expansion of high dimen-
sional kernels k(x,x′) under covariate shifts, where
the nonlinearity in kernels can be eliminated by the
kernel function curvature, see Lemma 4.3.

• We present bias-variance decomposition for KRR in
high dimensions with covariate shift. To be specific,
for variance, via the asymptotic expansion, we demon-
strate that the IW strategy can be regarded as an im-
plicit data-dependent regularization on the respective
kernel. The estimation of variance heavily depends
on the spectral decay of the expected covariance ma-
trix over q or such data-dependent regularized kernel,
and allows for a decreasing variance to some extent,
see Section 4.3.

• For bias, via the asymptotic expansion, we demonstrate
that i) near interpolation (i.e., the regularization λ is
sufficiently small), the bias term can be upper bounded
by two parts, one is an intrinsic bias that only depends
on the covariate shift problem itself, in a constant or-
der; another is the importance re-weighting bias, which
depends on the spectral decay of data-dependent regu-
larized kernels. ii) if we choose a proper regularization

parameter, the IW strategy does not hurt the bias, i.e.,
the bias can tend to zero, see Section 4.4 for details.

We hope our analysis provides a better understanding on the
role of the IW strategy in terms of bias-variance trade-off,
and would like to motivate the community to think about
powerful IW strategies to handle distribution shifts, more
generally.

1.2. Related works

High-dimensional kernel regression To tackle the high-
dimensional regression, one line of research (Mei et al.,
2021; 2022; Ghorbani et al., 2020; 2019; Misiakiewicz &
Mei, 2022; Xiao et al., 2022; Ghosh et al., 2021; Fang
et al., 2020; Aerni et al., 2023) asymptotically character-
izes the precise risk of kernel regression under some spe-
cific data distributions, such as uniform distributions on the
sphere or hypercube vertices, so that the kernel’s eigenfunc-
tions and eigenvalues can be explicitly accessed. Another
line of research (Liang & Rakhlin, 2020; Liu et al., 2021;
McRae et al., 2022) provides non-asymptotic bounds by
high-dimensional random matrix concentration in El Karoui
(2010).

Covariate shift There has been extensive analysis of ker-
nel regression under covariate shift in the fixed dimensions.
In the well-specified case, the standard maximum likelihood
estimation leads to the optimal model, and the importance
re-weighting is unnecessary (Zhai et al., 2023; Ge et al.,
2023). Ma et al. (2023); Gogolashvili et al. (2023) ana-
lyze different importance re-weighting functions. Feng et al.
(2023) additionally provide a uniform analysis for kernel
regression of general loss function under covariate shifts.
However, the analysis of the fixed-dimension kernel requires
an appropriate choice of λ to balance the bias and variance.
Apart from re-weighting, the transfer exponent (Kpotufe &
Martinet, 2021) is another metric to evaluate the distribution
mismatch, as well as another variant (Pathak et al., 2022).

Random matrix theory In the specific case of the linear
kernel, a series of works use the random kernel theory to
asymptotically characterize the precise risk (Hastie et al.,
2022; Karoui, 2013; Dicker, 2016; Wu & Xu, 2020; Lu
et al., 2023). There is also a series of works focusing on co-
variate shift in the high-dimensional random feature regres-
sion (Tripuraneni et al., 2021b;a). However, their results did
not consider the data-dependent importance re-weighting,
explained as below.

Classical RMT is able to provide an exact characteristic
formulation of the limiting distribution of covariance ma-
trix via its Stieltjes transform, and then its solution can be
obtained from the popular Marc̆enko–Pastur equation. How-
ever, since the IW strategy is regarded as a data-dependent
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transformation (we will discuss it later), the limiting distri-
bution of the “data-dependent” covariance matrix can not be
directly obtained, which requires more effort and advanced
techniques in the RMT community. We leave this as an
open question.

Notations We denote the decreasing eigenvalues of any
matrix A ∈ Rn×n by λ1(A) ≥ λ2(A) · · · ≥ λn(A), and
the spectrum ofA by Λ(A) := {λi(A)}ni=1. We call a ≲ b
or a = O(b) if and only if there exists constant C indepen-
dent of n, d, such that a ≤ C · b. We call a positive func-
tion f(d) ≍ da if and only if sup limd→∞ f(d)/da+ϵ =
0, inf lim limd→∞ f(d)/da−ϵ = +∞ for any ϵ > 0. We
use the abbreviation [d] = {1, 2, · · · , d} for integer d.

Organization The paper is organized as below: Section 2
introduce our problem settings and Section 3 makes the
required assumptions for our proof. Our main results are
given in Section 4 and the conclusion is drawn in Section 5.

2. Problem Settings
We introduce our problem settings in terms of the data gen-
eration process under covariate shift and the used kernel
function in RKHS.

Data generation process: We follow the classical sta-
tistical learning framework (Cucker & Zhou, 2007). Let
X ⊆ Rd be the input space (compact domain) and Y ⊂ R
is the label space, we observe n i.i.d. pairs Z = {(xi, yi),
1 ≤ i ≤ n}, where xi are the covariates and yi ∈ Y are the
labels. Suppose these n pairs are drawn from a unknown
probability distribution p(x, y) := p(x)ρ(y|x), where p(x)
as the marginal distribution of ρ on X and ρ(y|x) as the
conditional distribution at x ∈ X induced by ρ. Let Ên

be the expectation on the empirical measure p̂n(x) :=
1
n

∑n
i=1 δxi(x). The objective of our learning problem is

to find a learning model that is a good approximation of
the “target function” fρ(x) =

∫
Y
ydρ(y|x) ,∀x ∈ X as

the conditional mean. We assume that there exists a σε > 0
such that y(x) = fρ(x) + ε, and E[ε] = 0, V[ε] ≤ σ2

ε .

Re-weighting in covariate shift: Under the covariate shift
setting where the test data is not sampled from p(x) but
the test distribution as q(x). To handle this, we introduce
the importance re-weighting strategy with the density ratio
w(x) = dq(x)/dp(x). Here we consider a general version
by introducing the weighting distribution q(x) such that
w(x) := dq(x)/dp(x), where we use w(x) as importance
weighting. In general, q can be unnormalized density, with
Z :=

∫
x∼X

dq(x). However, without loss of generality, we
can assume Z = 1. Otherwise, we can replace λ with λZ.
Accordingly, when w(x) := 1, our minimization problem
is reduced to the standard unweighted empirical risk mini-
mization; when w(x) := w(x), it is reduced to the standard

importance re-weighting by the density ratio.

In this paper, the used learning model is kernel ridge regres-
sion endowed by RKHS in high dimensions as described
below, where the training dataset size n and data dimen-
sion d satisfy n/d → ζ with ζ ∈ (0,∞) as d → ∞, and
ζmin ≤ n/d ≤ ζmax,∀n, d. This is the standard setting
in high-dimensional kernel regression (Liang & Rakhlin,
2020; Liu et al., 2021; Mei et al., 2022).

2.1. RKHS and kernels

The Reproducing kernel Hilbert space (RKHS) H is a
Hilbert space H endowed with the inner product ⟨·, ·⟩K
of functions f : X → R with a reproducing kernel K : X ×
X → R where K(·) ∈ H and f(x) = ⟨f,K(x, ·)⟩K (Mer-
cer, 1909). We assume that K is bounded, i.e., there exists
a constant 1 ≤ κ <∞ such that supx∼X K(x,x) ≤ κ.

Define L2
q := {f : X → R|∥f∥2q ≤ ∞}, and ∥f∥2q :=∫

X f
2(x)dq(x). For ease of our analysis, let us introduce

the integral operator Lq : L2
q → L2

q with respect to the test
distribution q(x):

Lqf =

∫
K(·,x′)f(x′)dq(x′) ,

and denote the set of eigenfunctions of this integral operator
by ϕ(x) = {ϕ1(x), ϕ2(x), . . . , ϕo(x)}, where o could be
∞. We have that

Lqϕi = λiϕi, and
∫
ϕi(x)ϕj(x)dq(x) = δij . (2)

Denote Λ = diag(λ1, · · · , λo) as the collection of non-
negative eigenvalues, with λ1 ≥ λ2 ≥ · · · ≥ λo. We can
write K(·, ·) via the spectral notation

K(x,x′) = ϕ(x)⊤Λϕ(x′) .

We define the empirical integral operator on the training
datasetX ,

Lq,Xf :=
1

n

n∑
i=1

w(xi)f(xi)K(·,xi) .

Similarly, we can define Lq , and Lq,X for weighting distri-
bution q.

2.2. Interpolation and regression

Let X := [x1,x2, · · · ,xn]
⊤ ∈ Rn×d be the data

matrix, y := [y1, y2, · · · , yn]⊤ ∈ Rn be the label
vector, and Z := [X,y] be the concatenation. Be-
sides, we denote K(X,X) = [K(xi,xj)]ij ∈ Rn×n

be the kernel matrix. Extending this definition, for
x ∈ X we denote by K(x,X) ∈ R1×n the matrix
of values [K(x,x1), . . . ,K(x,xn)], and K(X,x) :=
K(x,X)⊤ ∈ Rn×1.
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Interpolation The unweighted interpolation estimator is
defined as

fZ := argmin
f∈H

∥f∥K , s.t. f(xi) = yi, ∀i ∈ [n] . (3)

WhenK(X,X) is invertible2, solution to (3) can be written
in the closed form:

fZ(x) =K(x,X)K(X,X)−1y . (4)

Actually, in the interpolation problem, the IW strategy does
work due to the constraint w̄i[f(xi)− yi] = 0, which nat-
urally coincides with Zhai et al. (2023). Accordingly, we
consider the regularized regression weighted by w(x) in
Eq. (1). Let W (X) := diag(w(xi))

n
i=1, the solution to

Eq. (1) can be written in the closed form:

fλ,Z(x) =K(x,X)(K(X,X) + λnW (X)
−1

)−1y .

We are interested in the generalization performance of fλ,Z
estimated by the excess risk w.r.t. the test distribution q
∥fλ,Z − fρ∥2q .

3. Assumptions
In this paper, we make the following assumptions, including
the type of the considered kernels, data, and ratio. Besides,
we also introduce assumptions on the model, e.g., the source
condition on the target function, and the capacity condition.

3.1. Basic assumptions on kernel, data distribution

Firstly, we consider the two forms of kernels in this paper
for asymptotic expansion:

• inner product kernel, K(x,x′) := h (⟨x,x′⟩/d);

• radial kernel, K(x,x′) := h(−∥x− x′∥22/d).

where h(·) : R → R is a non-linear Lipschitz smooth
function in a neighborhood of 0. Following (El Karoui,
2010), we assume h to ensure the positive definiteness of
the asymptotic expansion of the original kernel.
Assumption 3.1 (Assumptions on h). We assume h : R →
R is a smooth function that satisfies the following con-
straints in the neighborhood of 0,

h(x) ≥ 0, h′(x) > 0, h′′(x) > 0, h′′(x) ≤Mh .

Remark: We give an example of three widely-used ker-
nels and their corresponding non-linear activation h. Each
instantiation of h satisfies Assumption 3.1.

In the next, we consider a general class of data distributions
of x ∈ Rd.

2For ease of analysis, we assume the K(X,X) has full rank.

Table 1. Kernels and their corresponding h.

Kernel Formulation h(x)

Polynomial (1 + 1
d ⟨x,x

′⟩)k (1 + x)k

Exponential exp( 2d ⟨x,x
′⟩) exp(2x)

Gaussian exp(− 1
d∥x− x′∥22) exp(x)

Definition 1. Denote P0 as the set of distributions of the
random variable x ∼ µ satisfying the following properties.

We assume there exists Σµ ∈ Rd×d, such that z =

Σ
−1/2
µ x ∈ Rd. Each element of z is independent and

identically distributed on some distribution µ̃. We make the
following assumptions on µ̃,

• Sub-Gaussian. µ̃ is sub-Gaussian.

• Identity Variance. Define the i-th moment of distribu-
tion µ̃, κµ,i := Ez∼µ̃(z)

i, we have κµ̃,1 = 0, κµ̃,2 = 1,
i.e., Ezzz

⊤ = I .

• Uniform Boundedness. There exists integer mµ ≥ 0,
such that |z(k)| ≲ d

2
8+mr . We additionally define

constant θµ := 1
2 − 2

8+mµ
for future simplicity.

Assumption 3.2 (Bounded Distribution). The training dis-
tribution p and test distribution q belong to P0, with
Σp,Σq,mp,mq, θp, θq, τp, τq being defined in Definition 1.

Remark: This assumption (or distribution class P0) is
widely used in high-dimensional statistics (Liang & Rakhlin,
2020; Liu et al., 2021; Wu & Xu, 2020). The data distri-
bution is assumed to be not too heavy-tailed, with pos-
sible structure between the entries with zero-mean and
unit-variance and bounded moment with respect to d.
The identity variance assumption ensures that Ex∼µx =
0,Ex∼µxx

⊤ = Σµ, i.e., Σµ is the covariance matrix of
x ∼ µ.

Assumption 3.3 (Similar Covariate). We assume
max{∥Σp∥, ∥Σq∥} = O(1). Define Σpq := Σ−1

p Σq,
and ∃cpq ≥ 0 such that Tr(Σpq)/d ≲ dcpq . To
bound the distribution shifts, we additionally assume
cpq < 2θq − 1

2 = 1
2 − 4

8+mq
.

Remark: When Σp = Σq, we have cpq = 0, this assump-
tion always holds due to mq > 0. We make this assumption
to provide a more precise characterization of the similarity
between Σp and Σq via ⟨Σ−1

p ,Σq⟩, which aims to describe
the difficulty of distribution shift. The distribution shift is
small when cpq is close to 0. The upper bound for cpq is a
sufficient condition to ensure the linear approximation of
the kernel K, see Lemma 4.3.

For the ratios w(x), w(x), we make the following assump-
tion.
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Assumption 3.4 (Bounded Ratio (Gogolashvili et al.,
2023)). For the probability ratio v ∈ {w,w}, there ex-
ist constants tv ∈ [0, 1], Wv(d) > 0 and σv(d) > 0, where
Wv(d), σv(d) is dependent on dimension d, such that, for
all m ∈ N with m ≥ 2, it holds that(∫

X

v(x)
m−1
tv dq(x)

)tv

≤ 1

2
m!Wv(d)

m−2σv(d)
2 , (5)

where the left-hand side for tv = 0 is defined as
∥∥vm−1

∥∥
∞,

the essential supremum of vm−1 with respect to q. We
additionally assume that for sufficiently large d,

Wv(d) ≤Wv · dcv,1 , σv(d) ≤ σv · dcv,2 ,

with cv,1 ≤ 2cv,2, and cv,2 ≤ 1
4 .

Remark: Assumption 3.4 covers the uniform bounded ratio
by taking tw = 0,Ww = σ2

w = argmaxx w(x).

3.2. Assumptions on model

In the next, we present the used assumptions for our anal-
ysis of the target function and model capacity. Firstly, we
consider the source condition of the target function fρ.

Assumption 3.5. (Source condition (Smale & Zhou, 2004;
2007)) We have fρ ∈ H, and there exists 1

2 ≤ r <
1, gρ ∈ L2

q such that fρ = (Lq)
rgρ. We additionally as-

sume max{∥fρ∥H, ∥gρ∥q, ∥fρ∥∞} ≤ CHd
cH .

Remark: Source condition is widely used in the kernel lit-
erature (Smale & Zhou, 2004; 2007; Caponnetto & De Vito,
2007). Intuitively, a larger r indicates that fρ is smoother.
When q = q, Assumption 3.5 is reduced to the standard
source condition on distribution q. When r = 1/2, we have
∥fρ∥H = ∥gρ∥q. One key difference with classical high-
dimensional analysis (Liang & Rakhlin, 2020) is that we do
not always need a uniform constant upper bound of ∥fρ∥H
over d.

For a kernel matrixK, We define it capacity by N (K, b),
which is widely used in (Nakkiran et al., 2020; Dobriban
& Wager, 2018; Liang & Rakhlin, 2020; Jacot et al., 2020;
Nakkiran et al., 2020).

Definition 2 (Capacity). Given a kernel matrix K and a
parameter b > 0, we denote its capacity as

N (K, b) := Tr
[
(K + bI)−2K

]
=

n∑
i=1

λi(K)

(b+ λi(K))
2 .

The capacity can also be defined for the operator. The
following assumption describes the model capacity of kernel
methods in terms of "effective dimension".

Assumption 3.6 (Capacity condition (Caponnetto &
De Vito, 2007)). For any λ > 0, there exists Eµ > 0

and sµ ∈ [0, 1] such that for distribution µ ∈ {q, q},

Nµ(λ) := Tr((Lµ + λ)−1Lµ) ≤ E2
µλ

−sµ ,∀λ ∈ (0, 1] .

Remark: The effective dimension Nµ(λ) measures the
capacity of the kernel regression model with the regular-
ization λ, which can be interpreted by an estimate of the
number of eigenvalues of Lr larger than λ. If the eigen-
values of Lr, i.e. λr,i, decay at the asymptotic order
O(i−1/sµ), Assumption 3.6 holds. A small sµ indicates
that the eigenvalues of Lr decay at a faster rate, and As-
sumption 3.6 always holds when sµ = 1 and Eµ =

√
κ,

where κ = max{supx∈X K(x,x), 1}.

3.3. Summary of notations

We have introduced several constants in this assumption
above. We summarize it here.

Σµ, µ̃, κµ,i,mµ, θµ : assumptions on distribution µ = p, q.
See Definition 1.

cpq: trace of Σpq . See Assumption 3.3.

tv,Wv(d), σv(d), cv,1, cv,2; upper bound of the probability
ratio. See Assumption 3.4.

r, cH: source condition. See Assumption 3.5.

sµ, Eµ: effective dimension. See Assumption 3.6.

4. Main results
In this section, we present the main results: the bias and
variance the excess risk of the estimator fλ,Z can be con-
ducted from bias-variance decomposition. Then we derive
the estimation for the bias and variance, respectively.

4.1. Bias-variance decomposition

To conduct bias-variance decomposition, we need the noise-
less version of Eq. (1) for analysis.

fλ,X :=

argmin
f∈H

{
1

n

n∑
i=1

w(xi) (f (xi)−fρ(xi))
2
+λ∥f∥2H

}
,

(6)

i.e., to replace yi with its expectation fρ(xi). Using the
notations of the empirical operator, we have

fλ,X = (Lq,X + λI)−1Lq,Xfρ .

We then provide the bias-variance decomposition ∥fλ,Z −
fρ∥q by the following lemma, with the proof deferred to
Appendix A.1.
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Lemma 4.1. We consider the excess risk ∥fλ,Z −fρ∥q con-
ditioned onX for our re-weighting estimator (1), admitting
the following bias-variance decomposition:

Ey|X∥fλ,Z − fρ∥2q
=Ey|X∥fλ,Z − fλ,X∥2q + ∥fλ,X − fρ∥2q := V + B2 .

Clearly, the bias term does not rely on the label noise and
the variance is independent of the target function fρ, which
matches the spirit of the bias-variance decomposition.

4.2. Asymptotic expansion of high dimensional kernels

Considering the inner product kernel and radial kernel in-
troduced in Section 3, El Karoui (2010) demonstrate that
when X ∼ p, the related kernel matrix K(X,X) in high
dimensions can be well approximated byK lin(X,X) (de-
tailed later) in spectral norm. We state the approximation in
Lemma 4.2 as below. This result will help us to disentangle
the nonlinearity of kernel functions in high dimensions.

Lemma 4.2 (El Karoui (2010)). Assuming the kernel K
is the inner-product kernel or the radial kernel, and the
training data X ∼ p, under Assumption 3.1 and 3.2, we
have

∥K(X,X)−K lin(X,X)∥2 → 0 ,

as n, d→ ∞, n/d→ ζ, whereK lin(X,X) is defined by

K lin(X,X) := αp11
⊤ + βp

XX⊤

d
+ γpI + Tp , (7)

with non-negative parameters αp, βp, γp, and the additional
matrix Tp given in Table 2.

We can see that, the kernel matrix in high dimensions can
be mainly approximated by its covariance matrix with an
implicit regularization term γpI . Besides, the positive-
definiteness of K lin can be guaranteed under Assump-
tion 3.1, αp, βp, γp > 0. By Assumption 3.1, we can
directly derive αp, βp > 0. ∃δ, δ′ ∈ [0, 1], for the inner-
product kernels, such that γp = h′′(δτp)τ

2
p/2 > 0; and for

the radial kernels, such that γp = 2h′′(−2δ′τp)τ
2
p > 0.

In the presence of covariate shifts, where the training data
X is sampled from p and the test data x is sampled from
q, the approximation of the related kernel vectorK(X,x)
involves q, and thus previous expansion (El Karoui, 2010)
cannot be directly applied to our setting. In this case, we
state the relation in Lemma 4.3, which additionally relies on
Assumption 3.3, with the proof deferred to Appendix A.2.

Lemma 4.3. Under Assumption 3.1 to 3.3, where cpq <
2θq − 1/2, with the training data X ∼ p and a test data
x ∼ q, we have

Eq∥K(X,x)−K lin(X,x)∥2 → 0 ,

Table 2. Parameters of the linearized kernel Klin involved with
the curvature of h, when X ∼ p.

Parameters Inner-Product Kernels Radial Kernels

αp h(0) + h′′(0)
Tr(Σ2

p)
2d2 h(−2τp) + 2h′′(−2τp)

Tr(Σ2
p)

d2

βp h′(0) 2h′(−2τp)

γp h(τp)− h(0)− τph
′(0) h(0)− 2τph

′(−2τp)− h(−2τp)

Tp 0n×n −h′(−2τp)A+ 1
2h

′′(−2τp)A⊙A 1

βpq h′(0) 2h′(−(τp + τq))

Tpq 0n×1 −h(−(τp + τq)) · 1− βpq

2 A(X,x) 2

1 A := 1ψ⊤ +ψ1⊤, where ψ ∈ Rn with ψi := ∥xi∥22/d− τp.
2 A(X,x) := ψx +ψ, where ψx = ∥x∥22/d− τq .

as n, d→ ∞, n/d→ ζ, whereK lin(x,X) is defined by

K lin(X,x) := βpq
Xx

d
+ Tpq(X,x) ,

with non-negative parameters βpq , and the additional vector
Tpq given in Table 2.

The approximation of K(X,X) and K(X,x) under co-
variate shift can help us estimate the variance and bias. To
ensure the convergence of the residual term, we require
cpq < 2θq − 1/2 in Assumption 3.3.

In the next, we are ready to present our results on the es-
timation for variance and bias. For ease of analysis, we
focus on the inner product kernel for future estimation. The
results on radial kernels require additional efforts to control
non-zero Tpq, which goes beyond the main target of this
work.

4.3. Variance estimation

In this section, we present the estimation for the variance
from the perspective of a data-dependent regularized kernel.
This helps us to have a better understanding of the role of
re-weighting in variance.

Theorem 4.4 (Variance: Data-dependent regularization).
Let δ ∈ (0, 1), under Assumption 3.1 to 3.3, then for large
d, with probability at least 1− δ − 2d−2 with respect to a
draw of X ∼ p and ϵ > 0, the variance can be estimated
by

V ≤8σ2
ε∥Σq∥
d

N
(
XX⊤

d
+
λn

βp
W (X)

−1
;
γp
βp

)
︸ ︷︷ ︸

dominated term Vx

+
8σ2

ε

γ2p
d−(4θq−1−2cpq) log4(1+ϵ) d .

(8)

Remark: We do not need the boundedness (Assump-
tion 3.4) onW for the estimation of variance. Nevertheless,
Assumption 3.3, with cpq < 2θq − 1

2 , is required to ensure
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the similarity between training and test distribution for the
kernel approximation. Otherwise, a large difference be-
tween training and test distribution leads to the divergence
of the residual term as d→ ∞. For example, when training
and test data are sampled from two distributions with almost
zero overlap, it will be impossible to generalize to the test
distribution. In the unshifted case (Σp = Σq and cpq = 0 in
Assumption 3.3) leads to the second term in Eq. (8) admits
a smaller value (or higher rate) at the order of d−(4θq−1).

Since the first term Vx in Eq. (8) dominates the estimation
for variance, we detail this in the next part.

The dominated term in Eq. (8) can be represented as

Vx ≍ 1

d
N
(
XX⊤

d
+
λn

βp
W (X)

−1
;
γp
βp

)
, (9)

which implies that the variance is well controlled by the
capacity of K lin + λnW

−1
. An intuitive example is to

choose (W )−1 by cI with a large constant c such that
K lin + nλW

−1
has larger eigenvalues, allowing for a

smaller effective dimension; and thus the variance (strictly
speaking, its estimation) can decrease to some extent un-
der this case. In fact, since the re-weighting strategy W
is quite general (not limited to the importance ratio W ),
there always exists suitable selection schemes that allow
for a smaller N

(
XX⊤

d + λn
βp
W (X)

−1
;
γp

βp

)
(and smaller

variance) in theory.

Besides, as a diagonal matrixW , each element [W ]ii only
affects the similarity of the data point xi and itself. That
means, the data points are “importance reweighted” but the
similarity among different data points is unchanged. In
this case, importance weighting can be regarded as a special
case of active learning and even data subsampling (Kolossov
et al., 2024). This motivates us to design more advanced
active learning-based algorithms to select important data
points, which is beneficial to handle covariate shifts in prac-
tice.

4.4. Bias estimation

In this subsection, we aim to derive the estimation for bias.
We first present the spectral decomposition of the kernel
to handle all scales of regularization parameter λ > 0, see
Section 4.4.1. In the next, we analyze a special choice of reg-
ularization parameter λ, i.e., λ ≍ n−cλ , which stems from
the classical analysis in the kernel literature (Gogolashvili
et al., 2023; Ma et al., 2023) and incorporates the dimension-
dependent shifts to accommodate the high-dimensional set-
ting, see Section 4.4.2.

4.4.1. BIAS UNDER ARBITRARY REGULARIZATION

Here we present the bias estimation from the spectral de-
composition of the kernel. Note that the analysis in this

part allows for any choice of regularization parameter. We
consider the uniform boundedness of the re-weighting func-
tion and RKHS norm of the target function, i.e., a special
case of Assumption 3.4 and 3.5. Accordingly, we have the
following theorem, with the proof deferred to Appendix A.4.

Theorem 4.5 (Bias under arbitrary λ). Let δ ∈ (0, 1), under
Assumption 3.1 to 3.3, Assumption 3.5 with r̄ = 1

2 , cH = 0,
Assumption 3.4 for bounded ratio: w(x), w(x) ≤ Wmax.
We have the bias B is upper bounded as B ≤ Bin + Biw ,
where Bin is the intrinsic bias that only depends on the
problem of covariate shift from p to q via the ratio w(x)

Bin :=Tr
(
K linW

)
/n .

The second term is the re-weighting bias Biw that depends
on the choice of w(x), w(x), and λ, for ϵ > 0,

Biw :=4λ2nTr
((
λnI+K linW

)−2
K linW

)
+λ2κWmax

+ 6κWmax

√
log 1/δ

2n
+ C̃d−θp(δ−1/2 + log

1+ϵ
2 d)Wmax,

with probability at least 1− 4δ for sufficiently large d.

Remark: We make the following remarks:

1) In our analysis, the first term Bin describes the intrinsic
bias of the distribution shift problem, in a constant order,
which is independent of any specific re-weighting way. This
coincides with results from high dimensional statistics for
interpolation learning, e.g., (Hastie et al., 2022; Liang &
Rakhlin, 2020).

2) The second term Biw involves the re-weighting strategy
and its original ratio, which contributes to the importance
re-weighting bias. SinceW can be chosen quite generally,
it allows for a smaller Bin to some extent. More importantly,
as λ→ 0, the re-weighting bias Biw will be close to zero.

Further, if we choose the re-weighting function w with the
ratio w, then the estimation for the bias in Theorem 4.5 can
be simplified as below, Appendix A.4.

Corollary 4.5.1 (Bias: w = w). Under the same setting of
Theorem 4.5, choosing the re-weighting strategy w as the
ratio w, and λ = o(1), for sufficiently large d, the bias can
be simplified as

B ≲
Tr(K linW )

n
+ λ2nN

(
K linW , nλ

)
+ o(1) , w.h.p ,

We can see that the bias term is controlled by the spectral
decay of the re-weighting kernel matrix K linW via the
importance ratio.

Discussion on excess risk: Combining Eq. (9) and Theo-
rem 4.5, taking λ = o(1), the summation of the bias and

7
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variance (i.e., the excess risk) admits

B+ V ≈ Bin + Vx

≲
Tr(K linW )

n
+

1

d
N
(
XX⊤

d
+
λn

βp
W (X)

−1
;
γp
βp

)
.

There exists a trade-off between the intrinsic bias Bin and
the dominated term Vx in variance: a suitableW that can
be chosen generally, allows for a decreasing variance but
the intrinsic bias Bin will not decrease due to the covariate
shift problem itself, determined by w(x) = dq(x)/dp(x).
Nevertheless, at least, under re-weighting, the variance and
re-weighting bias can be decreased; the estimator can still
generalize well, and the convergence rate is unchanged.

4.4.2. BIAS UNDER WELL-CHOSEN REGULARIZATION

We follow the classical analysis for kernel methods (which
does not require the high dimension condition) to derive
the estimation for bias. This analysis cannot deal with the
situation where λ→ 0.

We start by defining the data-free limit of Eq. (6). Denote
the data-free limit of fλ,X by fλ,

fλ := argmin
f∈H

{
∥f − fρ∥2q + λ∥f∥2H

}
,

then the solution fλ in the data-free limit can be written as

fλ = (Lq + λI)
−1
Lqfρ .

Accordingly, the bias can be decomposed into

B ≤ ∥fλ,X − fλ∥q + ∥fλ − fρ∥q := Bdata + Bλ ,

where Bdata denotes the data-dependent bias fromX ∼ p,
and Bλ denotes the (data-free) regularization bias by λ > 0.

We present the estimation for the bias under a (not small)
regularization parameter to balance Bdata and Bλ, see the
proof in Appendix A.4. The assumptions here are weaker
than those in Theorem 4.5, exemplified by the assumptions
on the source condition (Assumption 3.5) and the upper
bound of the density ratio (Assumption 3.4).

Theorem 4.6 (Bias). Under Assumption 3.1, 3.2 and 3.4
to 3.6 with r ∈ [ 12 , 1), Eq, Eq > 0, sq, sq ∈ [0, 1],
tw, tw ∈ [0, 1], Ww(d),Ww(d), σw(d), σw(d) ≥ 0,
cw,1, cw,2, cw,1, cw,2 ≥ 0, and cH ≥ 0. When n, d →
∞, n/d → ζ, for any δ ∈ (0, 1), let A = tw + (1− tw)sq
and the following two scalars cλ, Cλ,

cλ :=
1− 4cw,2

2r +A
,

and

C
(1+A)sq
λ ≥ 64(Ww + σ2

w)E
2(1−tw)
q (2/ζ)2cw,2 log2(6/δ) .

Choosing λ := ·Cλn
−cλ , then with probability at least 1−δ,

for sufficiently large d, when cH < rcλ, it holds that

B ≲ n−rcλ+cH∥Lq(Lq + λ)−1∥1/2 .

For general λ, we have, with ≲ here hiding the dependence
on n,

B ≲ (λr + λ−
1
2 )∥Lq(Lq + λ)−1∥ 1

2 .

Remark: As shown in the proof, when λ → 0, the upper
bound in Theorem 4.6 will diverge O(λ−1/2); and when
λ → ∞, the upper bound in Theorem 4.5 will diverge
O(λ2). Therefore, we can combine Theorems 4.5 and 4.6:

B ≲ min{(λr + λ−
1
2 )∥Lq(Lq + λ)−1∥ 1

2 ,Bin + Biw} .

That means, under the assumption of Theorem 4.5, if the
regularization parameter decays to 0 with a certain power
of n, then Theorem 4.6 provides a good estimation, where
the bias converges to zero. If λ decays much faster and is
sufficiently close to 0, we adopt Theorem 4.5, which provide
a uniform upper bound.

5. Conclusion
In this work, we provide a refined analysis on high dimen-
sional kernel ridge regression under covariate shifts. Our
results provide a non-asymptotic expansion of inner-product
and radial kernels in high dimensions under covariate shifts.
Our results on variance show that, the variance can be well
controlled by the capacity of the data-dependent regularized
kernel. Our results on bias give a thorough analysis, demon-
strating that the intrinsic bias cannot be decreased but the
re-weighting bias can tend to zero if the regularization term
is sufficiently small. One limitation of this work is that our
results only provide the upper bounds as well as empirical
validation in Appendix B but no exact formulation of the
bias and variance. This is because RMT cannot be directly
applied to our setting when involving the IW strategy. Nev-
ertheless, our estimation still provides interesting findings to
understand the role of re-weighting in terms of bias-variance
trade-off.
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Impact statement
In this work, we study the role of re-weighting strategy
in a high-capacity model, i.e., kernel ridge regression in
high dimensions. Since this work is theoretical, there is no
potential implications in security or trustworthy machine
learning.
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A. Proofs
A.1. Bias-variance decomposition

Proof of Lemma 4.1. Recall the closed-form solution of our IW estimator fλ,Z(x) and its noiseless version fλ,X(x), we
have

fλ,Z(x) =K(x,X)(K(X,X) + λnW (X)
−1

)−1y .

fλ,X(x) =K(x,X)(K(X,X) + λnW (X)
−1

)−1fρ(X) .

Define ε := y − E[y|X] = y − fρ(X), due to Ey|X(ε) = 0, we have

Ey|X(fλ,Z(x)− fρ)
2 = Ey|X

(
K(x,X)(K(X,X) + λnI)−1ε

)2
+ (fλ,X(x)− fρ(x))

2 .

Using Fubini’s theorem, we have

Ey|X∥fλ,Z − fρ∥2q =

∫
Ey|X(fλ,Z(x)− fρ)

2dq(x) = Ey|X∥fλ,Z − fλ,X∥2q + ∥fλ,X − fρ∥2q ,

which implies

Ey|X∥fλ,Z − fρ∥2q = Ey|X∥fλ,Z − fλ,X∥2q + ∥fλ,X − fρ∥2q .

A.2. Approximation

A.2.1. INNER-PRODUCT KERNEL

Lemma A.1. Under Assumption 3.2 and 3.3, and θp, θq, cpq’s definitions, we have with probability at least 1− d−2 with
respect to the draw ofX ∼ p, for ϵ > 0 and d large enough,

Eq∥K(x,X)−K lin(x,X)∥2 ≤ d−(4θq−1−2cpq) log4(1+ϵ) d .

Proof of Lemma A.1. The proof framework follows (Liang & Rakhlin, 2020, Lemma B.2) but we need to provide a precise
analysis to handle the covariance shift for x ∼ q. Conditioned on xi, 1 ≤ i ≤ n, by Bernstein’s inequality (Boucheron et al.,
2013), with probability at least 1− exp(−t) on x ∼ q, for all i ∈ [n], we have∣∣∣∣x⊤xi

d

∣∣∣∣ =
∣∣∣∣∣ ⟨Σ1/2

q xi,Σ
−1/2
q x⟩

d

∣∣∣∣∣
≤

√
2∥Σ1/2

q xi∥2
d

√
t+ log

1+ϵ
2 d√

d
+

1

3

∥Σ1/2
q xi∥∞d

2
8+mq (t+ log1+ϵ d)

d

≤

√
2∥Σ1/2

q xi∥2
d

√
t+ log

1+ϵ
2 d√

d
+

1

3

∥Σ1/2
q xi∥d

2
8+mq (t+ log1+ϵ d)

d

=

√
2∥Σ1/2

q xi∥√
d

√
t+ log

1+ϵ
2 d√

d
+

1

3

∥Σ1/2
q xi∥√
d

d
2

8+mq
− 1

2 (t+ log1+ϵ d)

=
∥Σ1/2

q xi∥√
d

(√
2d−1/2(

√
t+ log

1+ϵ
2 d) +

1

3
d−θq (t+ log1+ϵ d)

)
,

where the first inequality uses Assumption 3.2 such that

max
k

∣∣∣[Σ1/2
q xi](k) · [Σ−1/2

q x](k)
∣∣∣ ≤ ∥Σ1/2

q xi∥∞d
2

8+mq .
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Applying Lemma A.4 with Assumption 3.2 and 3.3, we have for all j, with probability at least 1− d−2 on X

max
i

∥Σ1/2
q xi∥2

d
≤ ∥Σq∥max

i

∥Σ−1/2
q xi∥2

d
= ∥Σq∥max

i

∥Σ−1/2
q Σ

1/2
p Σ

−1/2
p xi∥2

d
≲

Tr(Σpq)

d
+ d−θp log

1+ϵ
2 d .

We use the entry-wise Taylor expansion for the smooth kernel, let x′
i = cx+ (1− c)xi for some c ∈ [0, 1],

K(x,xi)−K lin(x,xi) =
h′′(x′

i)

2

(
x⊤xi

d

)2

≲

(
x⊤xi

d

)2

.

Therefore, with probability at least 1− exp(−t) with respect to x ∼ q, conditionally on xi ∼ p, 1 ≤ i ≤ n, for sufficiently
large d,

∥K(x,X)−K lin(x,X)∥ ≲
√
dmax

i

(
x⊤xi

d

)2

≲
√
dmax

i

∥Σ1/2
q xi∥2

d

(
d−1(t+ log1+ϵ d) + d−2θq (t2 + log2(1+ϵ) d)

)
≲

√
dmax

i

∥Σ1/2
q xi∥2

d

(
d−2θq (t2 + log2(1+ϵ) d)

)
[since θq ≤ 1

2
]

≲ d−2θq+1/2(t2 + log2(1+ϵ) d)

(
Tr(Σpq)

d
+ d−θp log

1+ϵ
2 d

)
≲ d−2θq+1/2+cpq (t2 + log2(1+ϵ) d)

(10)

Define z(t) := C · d−2θq+1/2+cpq (t2 + log2(1+ϵ) d), the above states that conditioned onX

P
(
∥K(x,X)−K lin(x,X)∥ ≥ z(t)

)
≤ 2 exp(−t), ∀t > 0 .

Therefore, by the change of variables, we have

Ex∼q∥K(x,X)−K lin(x,X)∥2 =

∫
R+

2z · P(∥K(x,X)−K lin(x,X)∥ ≥ z)dz

≤ C

∫
R+

d−4θq+1+2cpq (t2 + log2(1+ϵ) d) exp(−t)2tdt

≤ C

∫
R+

d−4θq+1+2cpq t3 log2(1+ϵ) d exp(−t)dt

≲ d−(4θq−1−2cpq) log4(1+ϵ) d ,

with probability at least 1− d−2 onX , for sufficiently large d. Here the constant is superseded by an additional log2(1+ϵ) d.
Therefore, as long as Assumption 3.3 is satisfied, we have 4θq − 1− 2cpq > 0, and the residual term above will converge to
0 as d→ ∞.

A.2.2. RADIAL KERNEL

Lemma A.2. Let {xi}ni=1 be i.i.d. random vectors in Rd, whose entries are i.i.d., mean 0, variance 1 and |xi(k)| ≤ C ·d
2

8+m .
For any positive semi-definite matrices Σ whose operator norms are uniformly bounded in d, and n/d is asymptotically
bounded, with θ = 1

2 − 2
8+m , with probability at least 1− d−2, for ϵ > 0, we have

max
i ̸=j

∣∣∣∣ (xi − xj)
⊤Σ(xi − xj)

d
− 2

Tr(Σ)

d

∣∣∣∣ ≤ 4d−θ log
1+ϵ
2 d ,

for d large enough.

12
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Proof of Lemma A.2. We write, for i ̸= j,

(xi − xj)
⊤Σ(xi − xj)− 2Tr(Σ) = x⊤

i Σxi + x
⊤
j Σxj − 2x⊤

i Σxj .

By Lemma A.4, for i ̸= j, ∣∣∣∣x⊤
i Σxi

d
− Tr(Σ)

d

∣∣∣∣ ≤ d−θ log
1+ϵ
2 d,

∣∣∣∣x⊤
i Σxj

d

∣∣∣∣ ≤ d−θ log
1+ϵ
2 d .

Therefore,∣∣∣∣ (xi − xj)
⊤Σ(xi − xj)

d
− 2

Tr(Σ)

d

∣∣∣∣ =
∣∣∣∣∣
(
x⊤
i Σxi

d
− Tr(Σ)

d

)
+

(
x⊤
j Σxj

d
− Tr(Σ)

d

)
− 2

x⊤
i Σxj

d

∣∣∣∣∣
≤ 4d−θ log

1+ϵ
2 d .

Lemma A.3. Under the Assumption 3.1 to 3.3, and θp, θq, cpq’s definitions, we have with probability at least 1− 3d−2 with
respect to the draw ofX ∼ p, for d large enough,

Eq∥K(x,X)−K lin(x,X)∥2 ≲ d−(4min{θp,θq−cpq/2}−1) log2(1+ϵ) d .

Proof of Lemma A.3. We start with the entry-wise Taylor expansion for the smooth kernel at −(τp + τq)

K(x,xj) = h

(
−1

d
∥x− xj∥22

)
=h(−(τp + τq))− h′(−(τp + τq))

(
1

d
∥x− xj∥2 − (τp + τq)

)
+
h′′(−(τp + τq))

2

(
1

d
∥x− xj∥2 − (τp + τq)

)2

+O(d−3/2)

=h(−(τp + τq))− h′(−(τp + τq))

(
ψx + ψj −

2x⊤xj

d

)
+
h′′(τp + τq)

2

(
ψx + ψj −

2x⊤xj

d

)2

+O(d−3/2)

=K lin(x,xj) +
h′′(−(τp + τq))

2

(
1

d
∥x− xj∥22 − (τp + τq)

)2

+O(d−3/2) ,

where ψj = ∥xj∥22/d− τp for j ∈ [n] as defined before. We expand 1
d∥x− xj∥22 − (τp + τq) by

1

d
∥x− xj∥22 − (τp + τq) =

x⊤x+ x⊤
i xi − 2x⊤xi − Tr(Σp)− Tr(Σq)

d
,

By a similar proof of Eq. (10) in Lemma A.1, conditioned on xi, 1 ≤ i ≤ n, with probability at least 1− exp(−t),∣∣∣∣x⊤xi

d

∣∣∣∣ ≲ d−(θq−cpq/2)(t+ log1+ϵ d) .

Therefore, setting t := 2 log d, with probability at least 1− d−2, we have∣∣∣∣x⊤xi

d

∣∣∣∣ ≲ d−(θq−cpq/2)(2 log d+ log1+ϵ d) .

By Lemma A.4 and Assumption 3.2, and x ∼ q, we have with probability at least 1− d−2,∣∣∣∣x⊤x

d
− Tr(Σq)

d

∣∣∣∣ =
∣∣∣∣∣ (Σ−1/2

q x)⊤Σq(Σ
−1/2
q x)

d
− Tr(Σq)

d

∣∣∣∣∣ ≤ d−θq log
1+ϵ
2 d .

13
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By Lemma A.4 and Assumption 3.2, and xi ∼ p, we have with probability at least 1− d−2,∣∣∣∣x⊤
i xi

d
− Tr(Σp)

d

∣∣∣∣ =
∣∣∣∣∣ (Σ−1/2

p xi)
⊤Σp(Σ

−1/2
p xi)

d
− Tr(Σp)

d

∣∣∣∣∣ ≤ d−θp log
1+ϵ
2 d .

In total, with probability at least 1− 3d−2, for sufficient large d, we have

K(x,xi)−K lin(x,xi) ≲

(
1

d
∥x− xj∥22 − (τp + τq)

)2

≲ d−2min{θp,θq−cpq/2} log1+ϵ d ,

which leads to

Eq∥K(x,X)−K lin(x,X)∥2 ≲ d−(4min{θp,θq−cpq/2}−1) log2(1+ϵ) d ≤ d−(4min{θp,θq−cpq/2}−1) log4(1+ϵ) d .

By the definition of θp in Definition 1, we have θp > 1
4 . Therefore, as long as Assumption 3.3 is satisfied, we have

θq − cpq/2 >
1
4 , and the residual term above will converge to 0 as d→ ∞.

A.3. Variance

A.3.1. PROOF FOR VARIANCE

Lemma A.4 (Liang & Rakhlin (2020, Proposition A.1)). Let {xi}ni=1 be i.i.d. random vectors in Rd, whose entries are i.i.d.,
mean 0, variance 1 and |xi(k)| ≤ C · d

2
8+m . For any positive semi-definite matrices Σ whose operator norms are uniformly

bounded in d, and n/d is asymptotically bounded, with θ = 1
2 − 2

8+m , we have with probability at least 1− d−2, for ϵ > 0,

max
i,j

∣∣∣∣x⊤
i Σxj

d
− δij

Tr(Σ)

d

∣∣∣∣ ≤ d−θ log
1+ϵ
2 d ,

for d large enough.

Proof of Theorem 4.4 (Inner product kernels). According to the definition of V and E[y|X] = fρ(X), we have

V =

∫
Ey|XTr

(
K(x,X)(K(X,X) + λnW (X)

−1
)−1(y − fρ(X))(y − fρ(X))⊤

(K(X,X) + λnW (X)
−1

)−1K(X,x)
)
dq(x)

≤
∫

∥(K(X,X) + λnW (X)
−1

)−1K(X,x)∥2∥Ey|X
[
(y − fρ(X))(y − fρ(X))⊤

]
∥dq(x) .

Note that Ey|X [(yi − fρ(xi))(yj − fρ(xj))] = 0 for i ̸= j, and Ey|X
[
(yi − fρ(xi))

2
]

≤ σ2
ε , we have

∥Ey|X
[
(y − fρ(X))(y − fρ(X))⊤

]
∥ ≤ σ2

ε . Accordingly, the variance under our IW estimator can be estimated by

V ≤ σ2
ε

∫
∥(K(X,X) + λnW (X)

−1
)−1K(X,x)∥2dq(x) = σ2

εEq∥(K(X,X) + λnW (X))−1K(X,x)∥2 .

By Table 2 the following linearization of the inner product kernel holds:

K lin(X,X) := γpI + αp11
⊤ + βp

XX⊤

d
∈ Rn×n,

K lin(X,x) := βp
Xx

d
∈ Rn×1,

By Assumption 3.2, according to (Liang & Rakhlin, 2020, Proposition A.2), the kernel matrix admits the following
asymmetric approximation with θp := 1

2 − 2
8+mp

,∥∥K(X,X)−K lin(X,X)
∥∥ ≤ d−θp(δ−1/2 + log

1+ϵ
2 d) , w.p. 1− δ − d−2 . (11)
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The approximation
∥∥K(X,X)−K lin(X,X)

∥∥ is different from (Liang & Rakhlin, 2020, Lemma B.2), since training
datasetX is sampled from p and the expectation under q. We prove this approximation under distribution shift in Lemma A.1,
such that

Eq

∥∥K(x,X)−K lin(x,X)
∥∥2 ≤ d−(4θq−1−2cpq) log4(1+ϵ) d , w.p. 1− d−2 . (12)

By Eq. (11), as a direct consequence, one can see that for sufficiently large d, such that d−θp(δ−1/2 + log
1+ϵ
2 d) ≤ γ/2,

with probability 1− δ − d−2, we have∥∥∥(K + λnW
−1

)−1
∥∥∥ ≤ ∥K∥−1 ≤ 1

∥K lin∥ − d−θp(δ−1/2 + log
1+ϵ
2 d)

≤ 1

γp − d−θp(δ−1/2 + log
1+ϵ
2 d)

≤ 2

γp
, (13)∥∥∥(K + λnW

−1
)−1(K lin + λnW

−1
)
∥∥∥ ≤

∥∥∥(K + λnW
−1

)−1(K + λnW
−1

+K lin −K)
∥∥∥

≤ 1 + ∥(K + λnW
−1

)−1∥ · ∥K(X,X)−K lin(X,X)∥

≤ 1 +
d−θp(δ−1/2 + log

1+ϵ
2 d)

γp − d−θp(δ−1/2 + log
1+ϵ
2 d)

≤ γp

γp − d−θp(δ−1/2 + log
1+ϵ
2 d)

≤ 2 . (14)

Combining Eqs. (12) to (14), the variance can be estimated by

V ≤ σ2
εEq∥(K(X,X) + λnW (X)−1)−1K(X,x)∥2

≤ 2σ2
εEq∥(K(X,X) + λnW (X)−1)−1K lin(X,x)∥2

+ 2σ2
ε

∥∥(K(X,X) + λnW (X)−1)−1
∥∥2 · Eq∥K(X,x)−K lin(X,x)∥2

≤ 2σ2
ε

∥∥∥(K(X,X) + λW (X)
−1

)−1(K lin(X,X) + λnW (X)−1)
∥∥∥2

Eq∥(K lin(X,X) + λnW (X)−1)−1K lin(X,x)∥2 + 8σ2
ε

γ2p
d−(4θq−1−2cpq) log4(1+ϵ) d

≤ 8σ2
εEq∥(K lin(X,X) + λnW (X)−1)−1K lin(X,x)∥2 + 8σ2

ε

γ2p
d−(4θq−1−2cpq) log4(1+ϵ) d .

(15)

Besides, the IW estimator under the linearized kernel matrix leads to

Eq∥(K lin(X,X) + λnW (X)
−1

)−1K lin(X,x)∥2

= EqTr

([
γpI + λnW (X)

−1
+ αp11

⊤ + βp
XX⊤

d

]−2

βp
Xx

d
βp
x⊤X⊤

d

)

= Tr

([
γpI + λnW (X)

−1
+ αp11

⊤ + βp
XX⊤

d

]−2

β2
p

XΣqX
⊤

d2

)

≤ ∥Σq∥
d

Tr

([
γp
βp
I +

λn

βp
W (X)

−1
+
XX⊤

d

]−2
XX⊤

d

)

=
∥Σq∥
d

N
(
XX⊤

d
+
λn

βp
W (X)

−1
;
γp
βp

)
,

with the following constants, βp = h′(0) = O(1), γp = O((τp)
2).

Finally, combining previous results, with probability at least 1− δ − 2d−2, for sufficiently large d, we have

V ≤ 8σ2
ε∥Σq∥
d

N
(
XX⊤

d
+
λn

βp
W (X)

−1
;
γp
βp

)
+

8σ2
ε

γ2p
d−(4θq−1−2cpq) log4(1+ϵ) d .
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A.4. Bias

In the next, we present the proof for the bias based on whether the used regularization parameter is small. We firstly give the
proof for Theorem 4.6 and then Theorem 4.5.

Lemma A.5. Let g(x) ∈ R that satisfies ∀g ∈ G, |g(x)| ≤ κ for all x. Then with probability at least 1− 2δ, we have for
i.i.d. xi ∼ q

sup
g∈G

∣∣∣Eg(x)− Êng(x)
∣∣∣ ≤ E sup

g∈G

∣∣∣Eg(x)− Êng(x)
∣∣∣+ κ

√
log 1/δ

2n

≤ 2E sup
g∈G

1

n

n∑
i=1

ϵig(xi) + κ

√
log 1/δ

2n

≤ 2Eϵ sup
g∈G

1

n

n∑
i=1

ϵig(xi) + 3κ

√
log 1/δ

2n
,

where Eϵ denotes the conditional expectation with respect to i.i.d. Rademacher random variables ϵ1, . . . , ϵn.

A.4.1. PROOF OF THEOREM 4.5

Proof of Theorem 4.5. For the bias, we use the spectral decomposition of the kernel. To be specific, denote fρ(x) =∑
i=1 ϕi(x)fi with fi being the coefficients of f under the basis ϕi(x), we can write it as f(x) = ϕ(x)⊤f where

f = [f1, f2, . . . , fp]
⊤ can be a possibly infinite vector. Accordingly, the bias term can be formulated as

B =

∫ ∣∣∣ϕ⊤(x)Λ1/2
[
Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW

−1
]−1ϕ(X)⊤Λ1/2 − I

]
Λ−1/2fρ

∣∣∣2 dq(x)
≤
∫ ∥∥∥[Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW

−1
]−1ϕ(X)⊤Λ1/2 − I

]
Λ1/2ϕ(x)

∥∥∥2 dq(x) · ∥Λ−1/2fρ∥2

= ∥fρ∥2H
∫ ∥∥∥[Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW

−1
]−1ϕ(X)⊤Λ1/2 − I

]
Λ1/2ϕ(x)

∥∥∥2 dq(x) .
We note the following fact(

Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW (X)−1]−1ϕ(X)⊤Λ1/2 −Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2
)

·
(
I −Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2

)
=
(
Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW (X)−1]−1ϕ(X)⊤Λ1/2 −Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2

)
−Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW (X)−1]−1ϕ(X)⊤Λ1/2Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2

+Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2

= 0 ,

with A−1 −B−1 = B−1(B −A)A−1, the main part in the bias term can be split into the following two terms∫ ∥∥∥[Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X) + λnW (X)−1]−1ϕ(X)⊤Λ1/2 − I
]
Λ1/2ϕ(x)

∥∥∥2 dq(x)
=

∫ ∥∥∥[Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1ϕ(X)⊤Λ1/2 − I
]
Λ1/2ϕ(x)

∥∥∥2 dq(x)︸ ︷︷ ︸
(A)

+

∫ ∥∥∥[Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1
[
I + ϕ(X)⊤Λϕ(X)W (X)/(λn)

]−1
ϕ(X)⊤Λ1/2

]
Λ1/2ϕ(x)

∥∥∥2 dq(x)︸ ︷︷ ︸
(B)

.

We assume the SVD decomposition of Λ
1
2ϕ(X) = ÛΣ̂V̂ ⊤, Û ∈ Rp×n, Σ̂ ∈ Rn×n, V̂ ∈ Rn×n and the K(X,X) =

ϕ⊤(X)Λϕ(X) has full rank as mentioned in the main text.
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Part (A) is essentially ridgeless regression under the distribution shift. We modify the proof from Liang & Rakhlin (2020)
by introducing the additional re-weighting quantity w(x).

Denote the top k columns of Û to be Ûk, and P⊥
Ûk

to be projection to the eigenspace orthogonal to Ûk. By observing that

Λ1/2ϕ(X)(ϕ(X)⊤Λϕ(X))−1ϕ(X)⊤Λ1/2 is a projection matrix, it is clear that for all k ≤ n,

(A) ≤ ∥fρ∥2H
∫ ∥∥∥P⊥

Û

(
Λ1/2ϕ(x)

)∥∥∥2 dq(x) ≤ ∥fρ∥2H
∫ ∥∥∥P⊥

Ûk

(
Λ1/2ϕ(x)

)∥∥∥2 dq(x) . (16)

Denote the function g indexed by any rank-k projection Uk as

gUk
(x) :=

∥∥∥PUk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2 = Tr
(
w(x)ϕ⊤(x)Λ1/2UkU

⊤
k Λ1/2ϕ(x)

)
. (17)

Clearly, ∥UkU
⊤
k ∥F =

√
k. Define the function class

Gk := {gUk
(x) : U⊤

k Uk = Ik} .

It is clear that gÛk
∈ Gk. Observe that gÛk

is a random function that depends on the dataX , and we will bound the bias
term using the empirical process theory. Recall that w(x) = dq(x)/dp(x), it is straightforward to verify that

Ex∼q

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

)∥∥∥2 =

∫
X

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2 dp(x) ,
Ên

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2 =
1

n

n∑
i=1

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(xi)

√
w(xi)

)∥∥∥2
=

1

n
Tr
(
P⊥
Ûk

Λ1/2ϕ(X)W (X)ϕ⊤(X)Λ1/2P⊥
Ûk

)
=

1

n

∑
j>k

λj(K(X,X)W (X)) .

Using symmetrization in Lemma A.5 with κWmax, where Wmax is the uniform boundedness of re-weighting ratio given by
Assumption 3.4, with probability at least 1− 2δ, we have∫

X

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

)∥∥∥2 dq(x)− 1

n

∑
j>k

λj(K(X,X)W (X))

=Ep

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2 − Ên

∥∥∥P⊥
Ûk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
≤ sup

Uk:U⊤
k Uk=Ik

(
E− Ên

)∥∥∥P⊥
Uk

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
≤2Eϵ sup

Uk:U⊤
k Uk=Ik

1

n

n∑
i=1

ϵi

(∥∥∥Λ1/2ϕ(xi)
√
w(xi)

∥∥∥2 − ∥∥∥PUk

(
Λ1/2ϕ(xi)

√
w(xi)

)∥∥∥2)+ 3κWmax

√
log 1/δ

2n
,

by the Pythagorean theorem. Since ϵi’s are symmetric and zero-mean and
∥∥Λ1/2ϕ(xi)

∥∥2 does not depend on Uk, the last
expression is equal to

2Eϵ sup
g∈Gk

1

n

n∑
i=1

ϵig(xi) + 3κWmax

√
log 1/δ

2n
.

We further bound the Rademacher complexity of the set Gk

Eϵ sup
g∈Gk

1

n

n∑
i=1

ϵig(xi) = Eϵ sup
Uk

1

n

n∑
i=1

ϵigUk
(xi)

= Eϵ
1

n
sup
Uk

〈
UkU

⊤
k ,

n∑
i=1

ϵiw(xi)Λ
1/2ϕ(xi)ϕ

⊤(xi)Λ
1/2

〉

≤
√
k

n
Eϵ

∥∥∥∥∥
n∑

i=1

ϵiw(xi)Λ
1/2ϕ(xi)ϕ

⊤(xi)Λ
1/2

∥∥∥∥∥
F

,
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by the Cauchy-Schwarz inequality and the fact that ∥UkU
⊤
k ∥F ≤

√
k. The last expression is can be further evaluated by the

independence of ϵi’s

√
k

n

Eϵ

∥∥∥∥∥
n∑

i=1

w(xi)ϵiΛ
1/2ϕ(xi)ϕ

⊤(xi)Λ
1/2

∥∥∥∥∥
2

F


1/2

=

√
k

n

{
n∑

i=1

w(xi)
2
∥∥∥Λ1/2ϕ(xi)ϕ

⊤(xi)Λ
1/2
∥∥∥2
F

}1/2

=

√
k

n

√∑n
i=1 w(xi)2K(xi,xi)2

n
.

We have, with probability at least 1− 2nδ,

(A) ≤ inf
0≤k≤n

 1

n

∑
j>k

λj(K(X,X)W (X)) + 2

√
k

n

√∑n
i=1 w(xi)2K(xi,xi)2

n
+ 3κW

√
log 1/δ

2n

 .

Part (B) involves the regularization parameter λ and the general weighting function w. Recall the SVD decomposition of
Λ

1
2ϕ(X) = ÛΣ̂V̂ ⊤, by direct computation, we have

Λ1/2ϕ(X)[ϕ(X)⊤Λϕ(X)]−1
[
I + ϕ⊤(X)Λϕ(X)W (X)/(λn)

]−1
ϕ(X)⊤Λ1/2

=Û [I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn)]−1Û⊤ .

It is also straightforward to verify that

Ên

∥∥∥Λ1/2ϕ(X)(ϕ(X)⊤Λϕ(X))−1
(
I + ϕ⊤(X)Λϕ(X)W (X)/(λn)

)−1
ϕ(X)⊤Λ1/2

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
=Ên

∥∥∥Û(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−1Û⊤
(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
=
1

n
Tr
(
Û(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−2Û⊤

(
Λ1/2ϕ(X)W (X)ϕ⊤(X)Λ1/2

))
=
1

n
Tr
(
(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−2Σ̂V̂ ⊤W (X)V̂ Σ̂

)
=
1

n
Tr
(
(V̂ Σ̂)−1(I + V̂ Σ̂Σ̂V̂ ⊤W (X)/(λn))−2(V̂ Σ̂)Σ̂V̂ ⊤W (X)V̂ Σ̂

)
[using (I +AB)−1 = B−1(I +BA)−1B]

=λ2Tr

((
λI +

K(X,X)W (X)

n

)−2
K(X,X)W (X)

n

)
.

Therefore, by Lemma A.5 with κW , with probability at least 1− 2δ, we have

(Ep − Ên)
∥∥∥Û(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−1Û⊤

(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
≤ sup

U

(
Ep − Ên

)∥∥∥U(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−1U⊤
(
Λ1/2ϕ(x)

√
w(x)

)∥∥∥2
≤2Eϵ sup

U

1

n

n∑
i=1

ϵi

∥∥∥U(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−1U⊤
(
Λ1/2ϕ(xi)

√
w(xi)

)∥∥∥2 + 3κWmax

√
log 1/δ

2n
.

Similarly, we obtain

Eϵ sup
U

1

n

n∑
i=1

ϵi

∥∥∥U(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−1U⊤
(
Λ1/2ϕ(xi)

√
w(xi)

)∥∥∥2
≤
∥∥∥(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−2

∥∥∥
F
· 1
n
Eϵ

∥∥∥∥∥
n∑

i=1

ϵiw(xi)Λ
1/2ϕ(xi)ϕ

⊤(xi)Λ
1/2

∥∥∥∥∥
F

,

≤
∥∥∥(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−2

∥∥∥
F
·
√

1

n

√∑n
i=1 w(xi)2K(xi,xi)2

n
,
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where ∥∥∥(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−2
∥∥∥2
F
= Tr

(
(I + Σ̂V̂ ⊤W (X)V̂ Σ̂/(λn))−4

)
=Tr

(
(I +K(X,X)W (X)/(λn))−4

)
= λ4Tr

((
λI +

K(X,X)W (X)

n

)−4
)

≤ n .

In total, we have

(B) ≤λ2
{
Tr

((
λI +

K(X,X)W (X)

n

)−2
K(X,X)W (X)

n

)
+

√∑n
i=1 w(xi)2K(xi,xi)2

n

}

+3κWmax

√
log 1/δ

2n
.

In (A), if we take k = 0, then with probability 1− 4δ,

(A) + (B) ≤Tr

(
K(X,X)W (X)

n

)
+ λ2

{
Tr

((
λI +

K(X,X)W (X)

n

)−2
K(X,X)W (X)

n

)

+

√∑n
i=1 w(xi)2K(xi,xi)2

n

}
+ 6κWmax

√
log 1/δ

2n
.

In the next, we consider the discretization ofK toK lin, according to (Liang & Rakhlin, 2020, Proposition A.2), the kernel
matrix admits the following asymmetric approximation with θp := 1

2 − 2
8+mp∥∥K(X,X)−K lin(X,X)

∥∥ ≤ d−θp(δ−1/2 + log
1+ϵ
2 d) , w.p. 1− δ − d−2 .

Therefore, we have∣∣∣∣Tr(K(X,X)W (X)

n

)
− Tr

(
K lin(X,X)W (X)

n

)∣∣∣∣ ≤Wmax ·
∥∥K(X,X)−K lin(X,X)

∥∥ .
Besides, we have the following estimates∥∥∥∥∥

(
λI +

KW

n

)−1(
λI +

K linW

n

)∥∥∥∥∥ =

∥∥∥∥∥
(
λW

−1
+
K

n

)−1(
λW

−1
+
K lin

n

)∥∥∥∥∥
≤ 1 +

∥∥∥∥(λ · nW−1
+K

)−1 (
K −K lin

)∥∥∥∥
≤ 1 +

γp

γp − d−θp(δ−1/2 + log
1+ϵ
2 d)

≤ 2 .

Then we further have(
λI +

KW

n

)−2
KW

n

=

(
λI +

K linW

n

)−2(
λI +

K linW

n

)2(
λI +

KW

n

)−2
K linW

n
+

(
λI +

KW

n

)−2
(K −K lin)W

n
.

Accordingly, we have

λ2Tr

((
λI +

KW

n

)−2
KW

n

)
≤ λ2

∥∥∥∥∥
(
λI +

KW

n

)−1(
λI +

K linW

n

)∥∥∥∥∥
2

Tr

((
λI +

K linW

n

)−2
K linW

n

)
+ λ2nTr(

(
λnI +KW

)−2
)∥(K −K lin)W ∥

≤ 4Tr

((
λI +

K linW

n

)−2
K linW

n

)
+ d−θp(δ−1/2 + log

1+ϵ
2 d)n−1.
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Therefore, we have, since n ≍ d,

(A) + (B) ≤Tr

(
K lin(X,X)W (X)

n

)
+ 4λ2Tr

((
λI +

K lin(X,X)W (X)

n

)−2
K lin(X,X)W (X)

n

)

+λ2κWmax + 6κWmax

√
log(1/δ)

2n
+ 2d−θp(δ−1/2 + log

1+ϵ
2 d) .

Finally, we conclude the proof.

A.4.2. PROOF OF THEOREM 4.6

Proof of Theorem 4.6. By Gogolashvili et al. (2023, Lemma 16) and Assumption 3.5, since fρ ∈ H, under Assumption 3.5,
we have the following estimates for Bλ, i.e.,

Bλ ≤ λr∥Lq(Lq + λ)−1∥1/2∥gρ∥q,∀λ ≥ 0 .

The estimation of Bdata relies on (Gogolashvili et al., 2023, Theorem 20), under Assumption 3.5 and 3.6, we have with
probability at least 1− δ,

Bdata ≤ 16∥Lq(Lq + λ)−1∥1/2(∥fρ∥∞ + ∥fρ∥H) ·

Ww(d)

n
√
λ

+ σ2
w(d)

√
N 1−tw

q (λ)

nλtw

 log

(
6

δ

)
≤ 16∥Lq(Lq + λ)−1∥1/2(∥fρ∥∞ + ∥fρ∥H)(Wwd

cw,1n−1λ−1/2 + σ2
wE

1−tw
q d2cw,2n−1/2λ−(tw+(1−tw)sq)/2)) log(6/δ) ,

given

nλ1+tw ≥ 64(Ww(d) + σ2
w(d))(Nq(λ))

1−tw log2(6/δ) . (18)

Therefore, for general λ, we have

B ≲ (λr + λ−
1
2 )∥Lq(Lq + λ)−1∥ 1

2 .

Recall that λ = C−cλ
λ and n ∼ d, we have with probability at least 1− δ,

Bdata + Bλ ≤ λr∥Lq(Lq + λ)−1∥1/2∥gρ∥q
+ 16∥Lq(Lq + λ)−1∥1/2(∥fρ∥∞ + ∥fρ∥H)(Wwd

cw,1n−1λ−1/2 + σ2
wE

1−tw
q d2cw,2n−1/2λ−(tw+(1−tw)sq)/2)) log(6/δ)

≲ n−rcλ + n−(1−cλ/2−cw,1) + n−(1/2−2cw,2−cλ(tw+(1−tw)sq)/2) .

where the last inequality only considers the dependence on n. Due to the following fact from Assumption 3.4, we have

1− cλ/2− cw,1 ≥ 1/2− cw,1 ≥ 1/2− 2cw,2 − cλ(tw + (1− tw)sq)/2 ,

we can conclude that the second term decays faster than the third term.

We choose cλ to balance the first and the third term, i.e. rcλ =
1−4cw,2−cλ(tw+(1−tw)sq)

2 , which leads to

cλ =
1− 4cw,2

2r + tw + (1− tw)sq
.

where cw,2 < 0 from Assumption 3.4 to ensure cλ > 0. Besides, we have

64(Ww(d) + σ2
w(d))(Nq(λ))

1−tw log2(6/δ) ≤ 64(Ww · dcw,1 + σ2
w · d2cw,2)E

2(1−tw)
q λ−sq(1−tw) log2(6/δ)

≤64(Ww + σ2
w)d

2cw,2C
−sq(1−tw)
λ E

2(1−tw)
q · ncλsq(1−tw) log2(6/δ) .
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Therefore, for Eq. (18), the constant Cλ has to satisfy

64(Ww + σ2
w)d

2cw,2C
−sq(1−tw)
λ E

2(1−tw)
q · ncλsq(1−tw) log2(6/δ) ≤ nλ1+tw = C1+tw

λ n1−(1+tw])cλ .

We expand cλ, and using the fact n/d→ ζ, we have that for sufficiently large d, n/d ≥ ζ/2,

64(Ww + σ2
w)E

2(1−tw)
q (2/ζ)2cw,2 log2(6/δ)ncλ(sq(1−tw)+tw+1)+2cw,2−1 ≤ C

1+tw+(1−tw)sq
λ ,

Since 1
2 ≤ r ≤ 1,

cλ(sq(1− tw) + tw + 1) + 2cw,2 − 1 =
1− 2r + 2cw,2(2r − 2− (tw + (1− tw)sq))

2r + tw + (1− tw)sq
≤ 0 .

the following constraints would suffice for Eq. (18),

C
1+tw+(1−tw)sq
λ ≥ 64(Ww + σ2

w)E
2(1−tw)
q (2/ζ)2cw,2 log2(6/δ) .

Recall the definition of cH in Assumption 3.5, with probability at least 1− δ, we have

B ≤ Bdata + Bλ ≤ n−rcλ+cH∥Lq(Lq + λ)−1∥1/2
{
162CH(Ww + σwE

1−tw
q ) log(6/δ)C

−
tw+(1−tw)sq

2

λ + Cr
λ∥gρ∥q

}
.

B. Experiments
To quantitatively evaluate our derived error bounds for the bias and variance, we generate a synthetic dataset under a known
fρ, with different decays of the kernel matrix.
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Figure 1. We plot the empirical excess error, variance, bias and the scaled theoretical upper bound scaled V and scaled
B under different decays with λ ∝ n−1/2.
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Eigenvalue decays. For a positive semi-definite matrixA ∈ Rn×n with rank r(A), we sayA have one of the following
polynomial decay if and only if λi(A) ∝ ni−a with a > 1 for i ≤ r(A).

Data generation. We assume yi = sin(∥x∥2) + ϵ with the target function fρ(x) = sin(∥x∥22) and Gaussian noise
ε of zero-mean and unit variance. The training samples xi are generated from xp,i = Σ

1/2
p zi, and the test samples

are generated from xq,i = Σ
1/2
q zi. Therefore, let Xp and Xq be the training and test data matrices respectively, and

Z = [z1, · · · , zn]⊤ we have XpX
⊤
p = ZΣpZ

⊤ and XqX
⊤
q = ZΣqZ

⊤. In our experiments, we take 1) Σp as a
diagonal matrix that has diagonal entries with a = 0.5, 1, 1.5 for polynomial decay, and Σp as the perturbed Σq, i.e.,
(Σq)

−1
i,i = (Σp)

−1
i,i + ϵ′, ϵ′ ∼ Unif[0, 1]; take 2) Z as a random orthogonal matrix with almost i.i.d. entries such that

XpX
⊤
p andXqX

⊤
q have the same eigen-decays as the Σp and Σq . Specifically, we use the QR decomposition on a random

Gaussian matrix to obtain an orthogonal matrix (Yu et al., 2016).

Experimental settings We set the dimension d = 500, and the number of test data points to be 2500. We vary the number
of training data points as (100, 200, 300, 400, 450, 480, 520, 550, 600, 700, 784, 900, 1000, 1200, 1500, 2000). We set the
kernel K(x,x′) = (1 + ⟨x,x′⟩/d)p with p = 5, who admits β = p independent of Σp. We take the re-weighting function
as the truncated probability ratio of distribution p and q, i.e., let q = q and truncate the ratios to 10. Finally, we run on 10
random seeds and calculate the mean and average.

Choice of λ For the target function fρ that belongs to the RKHS, we have the source condition r = 1/2. Besides, for
the distribution p of the polynomial decay α, we take the capacity constant sq = 1. By the boundedness of ratios, we have
tw = cw,2 = 0. By Theorem 4.6, we have cλ = 1/2. Therefore, we set λ ∝ n−1/2.

Observations Fig. 1 (a) - (f) show the trends of the test risk, variance, and bias, which match our upper bound. From
the log-log plot of the bias, we observe that our bound is upper bound but not identical to the true rate of the bias decay.
Besides, if n is large, the upper bound of variance and bias will tend to zero under the IW strategy, which demonstrates that
the IW strategy is not harmful to high dimensional kernel methods under covariate shift, at least. All the variances show the
unimodal property, and the derived upper bound (as well as the peak) coincides with the empirical ones.
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