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Abstract

In this paper, we introduce a learning algorithm, boosted kernel ridge regression (BKRR),
that combines Lo-Boosting with the kernel ridge regression (KRR). We analyze the learning
performance of this algorithm in the framework of learning theory. We show that BKRR
provides a new bias-variance trade-off via tuning the number of boosting iterations, which
is different from KRR via adjusting the regularization parameter. A (semi-)exponential
bias-variance trade-off is derived for BKRR, exhibiting a stable relationship between the
generalization error and the number of iterations. Furthermore, an adaptive stopping rule
is proposed, with which BKRR achieves the optimal learning rate without saturation.

Keywords: learning theory, kernel ridge regression, boosting, integral operator

1. Introduction

Supervised learning aims at learning function relationships between input and output vari-
ables, based on input-output pair samples. Kernel ridge regression (KRR) is a classical and
standard approach for supervised learning due to its easy implementation and theoretical
optimality (Evgeniou et al., 2000; Caponnetto and De Vito, 2007; Steinwart et al., 2009;
Lin et al., 2017) and thus has triggered enormous research activities in the statistical and
machine learning communities (Bauer et al., 2007; Caponnetto and De Vito, 2007; Cucker
and Zhou, 2007; Smale and Zhou, 2007; Steinwart et al., 2009; Lin et al., 2017). However,
KRR suffers from a so-called saturation phenomenon (Gerfo et al., 2008) meaning that its
learning rate cannot be improved once the target (regression) function goes beyond a certain
level of regularity. Furthermore, there lacks efficient parameter-selection strategies for KRR
to realize its theoretically optimal learning performance. Many users’ spirit is dampened
by these drawbacks and then turns to other learning algorithms such as the kernel-based
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gradient descent (Yao et al., 2007), kernel-based conjugate gradient descent (Blanchard and
Kréamer, 2016) and kernel-based partial least squares (Lin and Zhou, 2018b).

Boosting, originally proposed by Schapire (1990); Freund (1995), is devoted to producing
a strong composite learner from a given class of weak learners. Some boosting algorithms
can be interpreted from a viewpoint of statistical gradient descent to solve optimization
problems with different loss functions (Friedman et al., 2000; Friedman, 2001). In this way,
a special boosting algorithm, Lo-Boosting, was interpreted as an iterative least squares
fitting of residuals (Friedman, 2001; Biihlmann and Yu, 2003). Ls-Boosting was utilized by
Park et al. (2009) to improve the learning performance of Nadaya-Watson kernel estimators
by overcoming saturation and was also proved in Biihlmann and Yu (2003) to be almost over-
fitting resistant by exhibiting its exponential bias-variance trade-off for linear regression,
reducing the difficulty of model selection.

The aim of this paper is to combine Ls-Boosting with KRR to overcome the saturation
and reduce the difficulty of model selection of KRR. Let (Hg,| - ||x) be the reproducing
kernel Hilbert space (RKHS) induced by a Mercer kernel K on a metric (input) space X’
and D = {(z;,y:)}, C X x Y be a sample with J C R the output space. KRR is defined
by

£ = ang min & ST (f(a) — ) + A W)

EHK |D’ (w.g)ED

where A > 0 is a regularization parameter and |D| = N is the cardinality of D. Implement-
ing KRR needs the inverse of the matrix K-+ | D|I and thus requires O(| D|?) computational
complexity in time for a fixed A\, where K is the kernel matrix (K (z;, ;UJ))LL;':l and I is the
|D| x |D| identity matrix. The performance of KRR is sensitive to regularization parame-
ters, which need be carefully tuned to achieve satisfactory learning rates close to the optimal
one.

Boosted KRR (BKRR) studied in this paper iteratively defines an estimator fgC ))\ by

running KRR on the data set {(z;, y; — fg“;l)(xi))}(%yi)el), whose outputs are residuals of

1)

the previous iteration fgg \ - To be detailed, the estimator at the k-th boosting iteration

is given by
fD)\ = J(JkAI)"’fl(Dk,),\ov k>1, (2)
where
e min { 0 S L@ -l @I MRy k> L @)
DA feHK |D| e DA ’

An advantage of BKRR over KRR is the flexibility of choosing some relatively large regular-
ization parameter . Satisfactory learning rates are achieved by the boosting iterations. As
the inputs {z;}Y; of KRR and fD '\ are the same and the inverse of K + A|D|I has already
been derived in the first step, it only requires O(|D|?) computational complexity to solve
(3). Then, BKRR with k iterations only needs O(|D|? + k|D|?) computational complexity,
which does not bring additional computational burden over KRR.

As pointed out by Friedman (2001), boosting leads to over-fitting if the weak learners
are already over-fitting. So the regularization parameter of (1) must be relatively large,
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implying under-fitting of the original KRR. BKRR then tunes k to reduce the bias, which
enlarges the variance, reflecting the bias-variance trade-off. Our first main result is to
deduce a (semi-)exponential bias-variance trade-off of BKRR: the bias of BKRR decreases
exponentially with respect to k, while the variance increases by an exponentially diminishing
amount as k gets large for the in-sample estimate and by an algebraic diminishing amount
with respect to k for the out-sample estimate. The (semi-)exponential bias-variance trade-
off shows that BKRR can reach its optimal learning performance with a relatively small
number of iterations. It also exhibits that moderately large k does not degrade the learning
performance of BKRR very much, making the model selection much easier than that of
other iteration-based learning algorithms such as kernel-based gradient descent, kernel-
based conjugate gradient descent and kernel-based partial least squares for which only
polynomial bias-variance trade-off is obtained (Yao et al., 2007; Blanchard and Kramer,
2016; Lin and Zhou, 2018b).

The exponential bias-variance trade-off does not mean that over-fitting never happens
for BKRR, and it requires a stopping rule of high quality. Our second main result is to
propose an adaptive stopping rule based on an empirical effective dimension (Lu et al.,
2018; Miicke, 2018), with which we prove that BKRR achieves the optimal learning rate
without saturation. In a nutshell, our analysis shows that BKRR reduces the difficulty of
model selection of KRR in terms of providing a stable relationship between the learning
performance and model selection. Furthermore, BKRR with an adaptive stopping rule
can improve the learning performance of KRR via overcoming the saturation. The main
tools of our analysis are detailed spectral analysis of BKRR, the recently developed integral
operator approach (Lin et al., 2017; Guo et al., 2017) and a tight bound for the number of
iterations of the stopping rule.

2. Main Results

Our analysis is conducted in a standard learning theory framework for regression (Cucker
and Zhou, 2007), in which the samples in D are independently drawn according to p, a Borel
probability measure on Z := X x ). The purpose of regression is to derive an estimator
based on D to approximate the regression function f,(x) := fy ydp(y|z) with p(-|x) being
the conditional distribution of p induced at x € X. Let px be the marginal distribution of
pon X and L2 be the space of px square integrable functions endowed with norm || - ||,.

Throughout this paper, we assume X is compact, which implies x := /sup,cy K(z,z) <
00.

2.1. Optimal Learning Rates

Before presenting the exponential bias-variance trade-off and stopping rule, we derive op-
timal learning rates for BKRR with a priori knowledge involving A and k£ to show the
necessity of our studies. For this purpose, some assumptions on the decay of the outputs,
regularity of the regression function and capacity of Hx are needed. To be detailed, we
assume fy y?dp < oo and the following output decay condition

berel |y = fo() 72
_ — <
/ ( % TN apy) < [Ty veex, (1)
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where M and « are positive constants. Condition (4) is satisfied if the noise is uniformly
bounded, Gaussian or sub-Gaussian (Caponnetto and De Vito, 2007). In particular, if
ly| < B almost surely for some B > 0, then (4) holds with v/2 = M = B.

Let Li : Hix — Hi (or sz — L%X) be the integral operator defined by

Lif = [ Kef(@dpx(a)
X
with K, := K(-,z). We assume that f, satisfies the standard regularity condition

fy = Lixh,, for somer >0 and h, € L? (5)

pX?

where L7 is the r-th power of Ly : L?)X — L,%X. The regularity condition (5) describes
the regularity of f, and has been adopted in a large literature to quantify learning rates
for some algorithms (Smale and Zhou, 2007; Bauer et al., 2007; Caponnetto and De Vito,
2007; Caponnetto and Yao, 2010; Shi et al., 2011; Blanchard and Kramer, 2016; Guo et al.,
2017; Lin et al., 2017; Lin and Zhou, 2018b; Ying and Zhou, 2017) .

We also introduce the effective dimension N(\) := Tr[(Lx + AI) "' Lg] to measure the
capacity of Hy. Here Tr(A) denotes the trace of an operator A with a detailed definition
to be given in Appendix B. In particular, we assume with a parameter 0 < s < 1 and a
constant Cy > 0 that

N(N) < Cor™%, YA > 0. (6)

Condition (6) with s = 1 is always satisfied by taking Cop = Tr(Lg) < k2. For 0 < s <
1, it was shown in Guo et al. (2017, Page 7) that (6) is slightly more general than the
eigenvalue decaying assumption in the literature (Caponnetto and De Vito, 2007) and has
been extensively employed to derive fast learning rates for some algorithms (Caponnetto
and De Vito, 2007; Blanchard and Kramer, 2016; Guo et al., 2017; Lin et al., 2017; Lin and
Zhou, 2018a,b). With these assumptions, we present in the following theorem the optimal
learning rates for BKRR.

Theorem 1 Let 0 < 6 < 1, k < \/[D] and A = (k2/|D|)"/ ™™ ) with » > 3/2 and
0 < s < 1. Under assumptions (4), (5) and (6), with confidence 1 — 6 there holds

min{k,r}

~ , 8
|55 = 5], < C02/1D) T o (™)

where C is a constant independent of |D|, k or §.

For an iteration number k£ > 7 independent of |D|, Theorem 1 presents an optimal
learning rate for BKRR since (7) achieves the minimax lower bound established by Capon-
netto and De Vito (2007). However, as shown in (7), too large k may worsen the learning
rate. An extreme case is k = \/W which leads to a constant upper bound. In a nutshell,
small k& (smaller than r) suffers from the saturation but too large k leads to slow learning
rates. Thus, it is important to derive an adaptive stopping rule on selecting k. Further-
more, Theorem 1 implies that as long as k > r, the boosting iteration with large k does not
have any benefits in the learning process, which contradicts the boosting theory developed
in Friedman (2001); Bithlmann and Yu (2003) at first glance. Thus, it requires a more
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delicate analysis to explore the power of iterations, especially when k& > r. Based on this
observation, we conduct a detailed bias-variance analysis in the following subsection and
find a so-called exponential bias-variance trade-off of BKRR.

Remark 2 In Theorem 1 as well as Theorem 4 below, we require r > % We believe
that similar optimal learning rates can be derived for r > 1/2 by using the technique in
Caponnetto and Yao (2010); Guo et al. (2017). Since one of the main advantages of BKRR
18 to conquer the saturation, we focus on relatively large r in this paper. Throughout this
paper, we assume r > 1/2, implying f, € Hxg. For 0 < r < %, ie. f, & Mk, like
KRR (Caponnetto and Yao, 2010; Chang et al., 2017), BKRR usually requires additional

unlabeled data to achieve the optimal learning rates.

2.2. Exponential Bias-variance Trade-off

One of the most important advantages of Lo boosting in linear regression is its almost over-
fitting resistance (Bithlmann and Yu, 2003) meaning that for the in-sample error estimate,
the bias decreases exponentially fast and the variance increases with exponentially dimin-
ishing terms as k increases. In this subsection, we will show that BKRR also possesses this
property and show the power of boosting iteration for k > 7.

Let Sp : Hxg — RIPl be the sampling operator (Smale and Zhou, 2004) defined by

Spf = (f(x))(x,y)ED-
Its scaled adjoint S : RIPl — Hp (or RIPI — LZX) is given by
1 |D|
S%)C ::WZCini, C .= (Cl,CQ,...,C|D|)T€R|D|.
i=1
Define a discretization of the integral operator Lx by
1
Lxpf:=ShSpf = ] > f@)K..
(z,y)eD

Our bias-variance trade-off will be stated in terms of some quantities involving the difference
between the compact and positive operators Lx and L p given by

Opa = |(Li.p + ANV (L + AD)V2, Rp = ||Lk,p — Lk|lus (8)

and the difference between Sgyp and Lk pf, given by

Ppy = H(LK + ANV Lk pf, - SE@m)HK : 9)

where ||A||gs denotes the Hilbert-Schmidt norm of a Hilbert-Schmidt operator A, || - ||
denotes the operator norm, yp := (y1,... 2 Y| D|)T and [ is the identity operator. We refer
the readers to Appendix B for some basic definitions of linear operators. Let {(c¥, )} be a
set of normalized eigenpairs of Lx p with the eigenfunctions {¢*}; forming an orthonormal
basis of Hx and the eigenvalue sequence {0} non-increasing. Since Lk p is a positive
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X

operator of rank at most |D|, we have o = 0 for k > |D|+1. Denote by o2 the minimum

positive eigenvalue of Lx p. Denote by | f|%, := |—})‘ Zﬂ f?(x;). The following theorem

shows a trade-off between the bias and variance of BKRR under the || - ||p semi-norm.

Theorem 3 Let k > 1. Then, under condition (5) with r > 1/2, there holds

r—1/2)" |y,

Vk
k—1 j—1/2 x r=k
A J 9 k (Oin + A5, if k>
+ QpaPoa z; (M> +4(Qp A + DAyl { KZ2k Tk i <
=

552, = NPRp + QpaPp. (10)

min

The dominant terms on the right-hand side of (10) are the third and fourth terms and we
call them the variance and bias for BKRR, respectively. For 0 < A < 1, it follows from The-
orem 3 that the bias of BKRR decreases exponentially fast while the variance increases with
exponentially diminishing terms as k increases, showing the exponential bias-variance trade-
off. Bound (10) also exhibits a sudden change of the rate of bias decay when k is around
the regularity level r of f,. Its rate drops from A\* to \*¥(oX, + A\)"F = A" (ﬁ)k "

min

Since Proposition 17 below shows that the variance of KRR can be bounded by Qp A\Pp »,
i—1/2
the additional term in the variance of BKRR, Qp A\Pp Zf;ll ( A )J , implies that

o inTA

BKRR degrades the learning performance of KRR if their regularization parameters are
identical. This coincides with the consensus that boosting is not worthwhile if the learner
is already complex. Hence, in BKRR, a large A should be chosen to guarantee under-fitting
of the original KRR, i.e., large bias and small variance. The trade-off can be achieved via
an appropriately tuned k such that the bias and variance are close.

Theorem 3 presents an error estimate for BKRR in terms of the empirical semi-norm
| - |p- In the following theorem, we present error analysis for BKRR in terms of the || - ||,
norm.

Theorem 4 Let k > 1. Assume condition (5) with r > 3/2. Then there holds

1Foh = follp < 2Qpa(r = 1/2)87 3y | ,\ />R p + 2kQ3, \Pp »
NR g2kl (g 463 if k<
2(0%,, + Nk, if k>

min

i QD,AA’fuhpup{ (11)

Different from the exponential bias-variance trade-off of the error estimate in terms of
the || - ||p semi-norm shown in Theorem 3, there exhibits a semi-exponential bias-variance
trade-off for the error estimate in terms of the || - ||, norm. To be detailed, the bias decreases
exponentially, while the variance increases polynomially as k increases. Based on Theorem
3 and Theorem 4, we can derive the following corollary.

Corollary 5 Under condition (5) withr > 1/2, HLK’ngC)/\—S;‘SyDHK decreases with respect
to k. Moreover,

. 1
khm HLK,Df(Dk,),\ — SgyDHK < A2PpaQpoa (12)
—00
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and

1/231/2
hm H DA pr ( ( Tmin )\) A ) Pp LD A (13)
m’LTL

Corollary 5 exhibits an almost over-fitting resistance phenomenon of BKRR (neglecting
the constant) for some kernels, since the sample error of KRR is bounded by Qp \Pp.x
(see Proposition 17 below). The behavior of the boosting iteration in (13) is different from
that of the kernel-based (conjugate) gradient descent (Blanchard and Kramer, 2016; Lin
and Zhou, 2018a), where the generalization error becomes co for an arbitrary kernel, as the
iteration number tends to infinity.

2.3. Adaptive Stopping Rule

We present in this subsection an adaptive stopping rule for BKRR to guarantee its optimal
learning rates. To introduce the stopping rule, a user-friendly measurement of the capacity,
empirical effective dimension (Lu et al., 2018; Miicke, 2018), defined by

Np(\) = Tr[(Lk,p + M) 'Lk, p] = Tr[(A|D|I + K) K] (14)

is needed. Denote

16v/2(k2+Kk+1) (K M+ (1/|D|A+9)y/max{Np(\),1} (4/|D|A+9)y/max{Np(N),1}
Wpa = ( |D‘)( v)( Yo D +1> i b .(15)

If § € (0,1) is the parameter corresponding to the confidence level, the boosting iteration
will stop at the first positive integer k := kp » s x satisfying

7 1 16
||LK,Df1()k7))\ — SBypllx < A2Wp log? 5 (16)
Since
(k) = (k)
LK,DfD A SgyD = ﬁ Z(fD)\ ($z) yz)Kwu
i=1
we have

ILkpfyh — Shypl% = W(fé,&(x) —y)TK(fOAx) —¥),

. . D
where fgc))\( ) —y is the vector (fgg))\(a:z) yz> - . This together with (14) shows that the
stopping rule in (16) is implementable. Moreover, Lemma 23 in Appendix A shows that

416

QpaPpy < WD,\log 5

(17)
holds with confidence 1—4. Then Corollary 5 verifies the existence of k with high probability
since (16) is satisfied for sufficiently large k with high probability.

We are now in a position to present our second main result in the following theorem.
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Theorem 6 Let 0 € (0,1). Under conditions (4), (6) with 0 < s < 1 and condition (5)
with v > 1/2, if A = (¢/|D)Y ™+ for some ¢ > 1, and k is the smallest positive integer
satisfying (16), then with confidence at least 1 — ¢, there holds

16

5 (18)

];: —_r
||f(D,)/\ — foll, £ C|D|" 2% 10g10
where C is a constant independent of 6 or |D].

Theorem 6 shows that BKRR equipped with the stopping rule (16) achieves the same
optimal learning rate without saturation, that is, the optimal learning rate holds for an
arbitrary r > 1/2 rather than % < r < 1 shown by Caponnetto and De Vito (2007) and Lin
et al. (2017) for KRR. Theorem 4 and Theorem 6 state that BKRR provides a novel semi-
exponential bias-variance trade-off achieved by the boosting iteration, and the stopping
rule (16) can realize its good performance. It follows from Corollary 5 and Theorem 6
that combining Ly boosting with KRR reduces the difficulty of model selection (almost
over-fitting resistance) and overcomes the saturation of KRR.

Remark 7 Theoretically, a more delicate stopping rule for BKRR should be the first posi-
tive integer satisfying

k 1
||LK,Dfl()7))\ — SBypllk <2X2QpaPp.».

Since the quantities Qp » and Pp  cannot be implemented, we have to present a bound
for them and thus get a confidence-dependent stopping rule (16). It should be noted that
the constant in the definition of Wp x is not tight, which makes the algorithm stop much
earlier than the optimal one. Due to the (semi-)exponential bias-variance trade-off presented
in the previous subsection, a relatively large number of iterations does not degrade the
generalization ability of BKRR very much. We thus multiply by a small factor to make the
algorithm stop later. In a word, we implement the stopping rule (16) as

ILk.pf) — Shuplix (19)

o0V ((\/um +1)VmaxNp(N), 1} 1) (v/IDIX + 1) /max{Np (V) 1}

<
V1D [ DIA [ DIA
for some small @ such as @ = 0.05 (or other values).

Remark 8 In Theorem 6, although k can be adaptively determined by (16), A depends on
r and s. It should be noted in Theorem 1 that A ~ |D|~Y(™+5) js the optimal regularization
parameter for BKRR to achieve the optimal learning rate. The reason for this phenomenon
1s that we do not impose additional restrictions to the kernel K and the marginal distribution
px other than (6). In particular, we use # < 1 directly in the proof. For some
particular kernel and px , the minimum positive e%yénvalue 0% i for the matriz K/|D| can be
computed. Then, we can derive similar error estimates by Theorem 4. In this way, optimal
learning rates of BKRR hold for large values of A. It would be interesting to determine

the kernel and marginal distribution px, with which BKRR achieves the similar optimal
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learning rates as Theorem 6 for large A. The other reason that we do not focus on the
selection of X\ is that boosting theory usually requires large A to keep the algorithm under-
fitting and using iteration to reduce the bias. Thus, we can select a relatively large X\ in
advance numerically. Our experimental results in Section 6 show that the generalization
ability of BKRR is not very sensitive to \ provided it is larger than some value.

Remark 9 The constant exhibited in (18) is a bit pessimistic, compared with the classi-
cal results in the literature (Caponnetto and De Vito, 2007; Caponnetto and Yao, 2010;
Blanchard and Krdamer, 2016; Lin et al., 2017; Guo et al., 2017). One of the reasons for
this pessimistic estimate is that we do not impose any restriction on the relation between
|D| and §. In particular, as shown in our proof, if we assume 2log(16/9) < +/|D|A, i.e.

0 > 16 exp{—%cil/(‘l’*Qs)\Dl221?:“82_51 }, then the exponent should be reduced from 10 to 6.

Since the optimal constant is difficult to obtain, we only pursue the optimal learning rate in
Theorem 6.

3. Related Work

In this section, we discuss some related work in the literature and show the novelty of our
results.

3.1. Boosting

A functional gradient descent viewpoint in statistics (Friedman et al., 2000; Friedman,
2001) reformulates boosting as a family of stage-wise optimization problems with different
loss functions. Gradient boosting requires computing the negative gradient vector and line
search in each boosting iteration. For Lo-Boosting, the gradient computation and line search
can be unified in solving least squares fitting of residuals (Biihlmann and Yu, 2003). Thus,
Lo-Boosting is essentially iterative least squares of residuals. An important advantage of
boosting is its almost resistance to over-fitting (e.g. Friedman (2001) and its discussion
papers), showing an easy way for model selection.

In Bithlmann and Yu (2003), an exponential bias-variance trade-off for linear regression
was derived to illustrate the almost resistance to over-fitting for Lo-Boosting in a fixed
design setting. In particular, Theorem 1 in Biihlmann and Yu (2003) shows that as the
boosting iteration goes on, the bias decreases exponentially with a quantity depending on
the minimum eigenvalue of the data matrix, while the variance increases with exponentially
diminishing terms. Our Theorem 3 presents a similar result as Theorem 1 of Biihlmann and
Yu (2003) for taking KRR as weak learners in Ls-Boosting, but highlights the importance
of the regularity of the regression function by showing a sudden change of bias decaying.
In Theorem 4, we also analyze the changes of bias and variance in a random design setting
and show a semi-exponential bias-variance trade-off.

In Park et al. (2009), the learning performance of La-Boosting whose weak learners are
Nadaraya-Watson kernel estimates was analyzed in the same framework as ours. It was
shown in Theorem 2 and Theorem 3 of Park et al. (2009) that Le-Boosting overcomes the
saturation of Nadaraya-Watson kernel estimates (Gyorfi et al., 2002, Chapter 5). Differ-
ently, we utilize KRR as the weak learners instead of the kernel estimates, requiring totally
different analysis. Furthermore, we present an adaptive stopping rule to select the number



LIN, LEI AND ZHOU

of boosting iterations, while Park et al. (2009) requires an a priori knowledge-dependent
number of boosting iterations. In this paper, we are concerned with combining Lo-Boosting
with KRR. It would be interesting to consider boosted versions of other algorithms such
as the kernel-based gradient descent (Yao et al., 2007) and more generally the kernel-based
spectral algorithms (Gerfo et al., 2008).

3.2. Iterated Tikhonov Regularization

From Lemma 12 below, we find that for a fixed £, BKRR can be regarded as a special spec-
tral algorithm, the iterated Tikhonov regularization (Gerfo et al., 2008). In this framework,
the learning rate of BKRR with a fixed £ may be derived directly from general results for
spectral algorithms (Bauer et al., 2007; Caponnetto and Yao, 2010; Guo et al., 2017,b).

Different from the iterated Tikhonov regularization, BKRR focuses on fixed but rela-
tively large A and parameterizes the number of iterations, though they possess the same
spectral representation (see (27) below). It follows from Theorem 3 that BKRR has an
eventually stable relationship between the generalization error and boosting iteration in
the sense that the generalization error does not increase much with the boosting iteration
after some k. Theorem 6 shows that BKRR with adaptive stopping rule (16) can overcome
the saturation of KRR, just as iterated Tikhonov regularization does but with an a priori
knowledge-dependent selected and fixed k.

In a recent paper (Wu, 2017), a bias correction algorithm was proposed for ridge re-
gression and detailed analysis was provided for the changes of bias and variance. It was
found that one-step iteration can reduce the bias without increasing the variance much.
The analysis in Wu (2017) is carried out in a more general framework than that in this
paper. It should be pointed out that with the same setting in this paper, the algorithm in
(Wu, 2017) possesses the spectral representation (27) below with & = 1.

Iterated Tikhonov regularization is closely related to BKRR and widely used in the
community of inverse problems. Analysis of iterated Tikhonov regularization in solving
ill-posed inverse problems can be dated back to the 1970’s (e.g. King and Chillingworth
(1979)). The optimal convergence rates and parameter selection of iterated Tikhonov regu-
larization are important topics in inverse problems (Engl, 1987; Jin and Hou, 1997; Hanke
and Groetsch, 1998; Jin and Stals, 2012). In particular, our stopping rule (16) is motivated
by the discrepancy principle provided in Hanke and Groetsch (1998).

3.3. Iteration-based Learning Schemes and Stopping Rules

Saturation is a well known design-flaw of KRR (Gerfo et al., 2008) and limits its usage. Due
to this phenomenon, researchers turn to other iteration-based learning schemes such as the
kernel-based gradient descent (Yao et al., 2007), kernel-based conjugate gradient descent
(Blanchard and Kréamer, 2016) and kernel-based partial least squares (Lin and Zhou, 2018b).
The theoretical results in Blanchard and Krdmer (2016); Lin and Zhou (2018a,b) showed
that these strategies can reach the optimal learning rates without saturation.

As an iteration-based algorithm, the bias and variance of the kernel-based gradient de-
scent algorithm were analyzed in Lin and Zhou (2018a) and a polynomial bias-variance
trade-off was exhibited. In particular, as the iteration goes on, its bias decreases as
O(k™") and its variance increases as a polynomial of k. Similar results on polynomial

10
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bias-variance trade-off of the kernel-based conjugate gradient descent and kernel-based par-
tial least squares were derived in Blanchard and Kramer (2016) and Lin and Zhou (2018b),
respectively. Different from these iteration-based algorithms, BKRR shows an exponential
bias-variance trade-off, reducing the difficulty of model selection.

Stopping rules play an important role in iteration-based learning schemes. Learning
rates of iteration-based algorithms were built in Bauer et al. (2007); Yao et al. (2007); Guo
et al. (2017); Blanchard and Krédmer (2016) upon prior knowledge-based stopping rules. In
Caponnetto and Yao (2010); Lin and Zhou (2018b), cross-validation based stopping rules
were presented for general spectral algorithms and kernel-based partial least squares. In
Raskutti et al. (2014), an adaptive stopping rule was deduced for the kernel-based gradient
descent algorithm under the regularity condition (5) with » = 1/2. More recently, another
adaptive stopping rule based on a balancing principle for general spectral algorithms was
presented in Lu et al. (2018). Different from these results, our stopping rule presented
in (16) requires neither dividing the sample set (compared with the cross-validation), nor
computing estimators with various A (compared with the balancing principle). Compared
with Raskutti et al. (2014), our results hold under condition (5) with all » > 1/2, i.e., we
adaptively select r rather than fixing it to be 1/2. At first glance, the dependence of the
confidence level in (16) may make the stopping rule not so stable. However, the (semi-)
exponential bias-variance trade-off of BKRR compensates this instability by showing that
the learning performance remains stable for a large range of k. It would be interesting to
derive a confidence-independent stopping rule for BKRR.

4. Operator Representations and Error Estimates

We analyze the learning performance of BKRR by using the integral operator approach
(Smale and Zhou, 2007; Lin et al., 2017; Guo et al., 2017). The novelties of our proof are
special operator representations of BKRR, special spectral properties of BKRR and a tight
bound for k defined by (16). In Subsections 4.1 and 4.2, we provide detailed spectral analysis
for BKRR, which is crucial for deriving the bias and variance estimates in Subsections 4.3
and 4.4. In Subsection 4.5, we provide a tight bound on the number of boosting iteration
defined by (16) by utilizing the special spectral properties of BKRR.

4.1. Special Operator Representations of BKRR

Define the noise-free version of f gc )/\ by

* . 1
O imarg min ¢ — > (f(2) — fo(@)® + AIflI% (20)
ferk | | D
(z,y)€D
and
fgf;” = f}ﬁ;lv*>+f}§§>°, k>, (21)

11
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where

P g min 4 = 37 [f@) = (o) — £ @R AR Y, k> L

ferk | |D| (oeD
(22)
For KRR, the classical result in Smale and Zhou (2007) shows
FoA = (Lrp+ A" SEyp, and [0 = (Lip + M)~ L. pfy (23)

Similar to (23), the following Lemma 10 presents operator representations for fgC ))\ and
o\

Lemma 10 Let k > 2. We have

FON =1~ (Lo + M) Lol fiy " + o, (24)
LK,ngi),\ = Shyp — [ — (Lx,p + AXI) 'Lk p]"Shyp (25)
and
(k) 1 (k 1,%) (1,%) 1 k
Fo) == (Lo + M) Licpl fyy " + £55) = fo— I = (Lo + M) " Lic p]* f,. (26)

Proof. Since fj(jk); is the solution to KRR (1) with data {x;,y; — f (k= 1)( Ti) }asys)eDs it
follows from (2), (23) and the definition Lx p = S5Sp that
Ton = fox" + Lrp+AD) ' Shyp ~ SDfS“;%
= [ - Lrp+ )" Liplfoy Y + fHN

This verifies (24). Combining this with (23) yields

LK,ngi& —SByp = Lxpll — (Lx.p+ AI)‘ILK,D]fgf;” + LK,Df(Dly))\ — SHup
= [[—(Lgp+ )\I)*lLK,D]LK,Df,(;iKU +[(Lk,p+A)"'Lx.p —11Shyp
= [I—(Lxp+AD) 'LipllLr.ofyy" — Shyp).
Applying this relation iteratively and using (23) give
Liofyr=Shyp = [I = (Li,p + M)~ Lo [Lipfi ) — Shyp]
= —[I—(Lx,p+ M) "Lkp]"Shyp.
This proves (25). As for deriving (26), we have

f(D’i’;) = [I — (LK,D + )\I) lLK D]fggAl *) + (LK,D + )\I)_ILK’Dfp.

It follows that i .
IS = fo= 1~ (Lo + AN L pllf53 "~ 1)

12
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and by iterations,
b _f, = [I—(L A L p) U Y
fD,,\ fo [l — (Lgp+ M) K,D] [ — fol
= —[I—(Lgp+ AI)_ILK,D]kfp-

This completes the proof of Lemma 10. |
From Lemma 10, we have

k k% - k—1) (k—1,%) 1 1%
T = Ip3) == Lo + A Laenl(fpx ) = fp3 ")+ Iph = o3,
from which the following expression is obtained by iterations.

Lemma 11 For k € N, we have
I = 195 = 301 = (Liep + A P (15} — £57))

4.2. Special Spectral Properties of BKRR

Our analysis depends on some spectral analysis of BKRR, viewed as a special class of
spectral algorithms. It follows iteratively from the identity

FON =MLk + AD TS + (Lo + AD 7 Shyp
obtained from (24) by writing Lx p = Lix,p + A — Al.

Lemma 12 For k € N, we have

f(Dk,)/\ = g/(\k)(LK,D)SgyDa (27)

(k)

where g, (Lk,p) is an operator on Hx defined by spectral calculus and

E
—

k—1
A=Y Ao+ N T et =Y S
j :O

Akl]

(o + N)k=3" (28)

<
Il
o

<.

Based on Lemma 12, we derive the following two lemmas, showing some special spectral
properties of BKRR.

Lemma 13 Let gg\k) be defined by (28), then we have

I-Lg Dg§ )(LK p) = N(Lg,p+AI)7*, (29)

1Lk oo (o)l <1, Mo (Lkp)l <k, (30)
and for all w > v > 0, there holds

—U v A !
Ik e+ A0 < (2] 3)

13
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Proof. Observe from (28) that

T
15

ol 0) = (+A=N D (0 + NI g+

I
=)

k—1 k—1
= I (e NN N o4 AN R (g4 A)F
j=0 j=0

= {(c+ N = MN}o+ N7

Hence
Licpg\ (L) = [(Licp + ATV = AI| (Liep + A1)~ (32)

and (29) follows. Then spectral analysis with the eigenpairs {(c%, ¢X)} of Li p verifies
the first inequality of (30). The second inequality of (30) follows directly from (28). Set a
function h,,, on [0, 00) by

oA\

hyu(o) = CESYCE

Since u > v, we have hy,(0) = hyu(00) = 0. It is easy to check that o = -2 is the unique
maximum point of Ay, on (0,00). Thus, ||Lg p|| < x? yields

A
1LY pA“(Lic.p + A 7(|< max_hy (o) < max hy,(o )ghw< v )

0<o<K? 0<o<0 u—v
= e T (AT (T e (A
(u—v)vu® u u u
This completes the proof of Lemma 13. [ ]

Lemma 14 Let u > 0 and £ € Ng := {0} UN. Then for f € Hg, we have

L, RN fll, i<,
LY H[I — (L M) L < —u 33
Lk, pll — (Lx,p+ M) Lip] flx < )\U( H) Wl if > (33)

Proof. Due to spectral calculus with f =".(f, ¢¥) k¢, we have
U —1 ( )2u)\2€ be 2
( )Qu)\% N )
> s [ ek (34)
0'2‘>0( + )\)

If £ < u, we have from max; o < k2 and (34) that

I plI = (Lo + A L o) fll7e < M2 (f, 67 k]
ox>0

14
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Then
L% plI = (Li,p + M) L pl fllx < 2 “7ON| £ -

If £ > u, we get from (34) that

" 3 Y )\2572u N
IL% plI — (Lx.p + A1) 'L p) fll% < A2 Z WKﬁ Pk
oX>0 "¢
5 )\2€—2u ) ) )\2[—211 )
< A (0. + )\)2€f2u Z [(Fio0k]™ < A (0% + )\)2£f2u Z {fs &) k|
min 0x>0 min i
Hence,
)\ ﬁ—u
Lol = Lo+ AD Lol Sl <3 (5 ) Il
This completes the proof of Lemma 14. |

4.3. Bounding the Bias

Our error decomposition will be carried out by bounding the two terms, bias and variance,
as follows

k k., x k k,x
1FoA = foll SUFS = foll + 10N = F501,

where || - || denotes either the || - |p semi-norm or || - ||, norm. For f € Hg, it is easy to
check that
1/2
1 = Follo = ILE D = o)l (35)
In this subsection, we present two bounds for the bias term fgf’;) — fp in terms of the || - || p
semi-norm and || - ||, norm.

Proposition 15 Let 0 < v < 1/2. Under condition (5) with r > 3/2, we have

(r—1/2)x* 3|\

R e
L5 p (£S5 = Follic < o CARp
K2(r+u—1/2—k))\k”hp”p’ ifk<r+v-—1/2
+ L k—r—v+1/2 , (36)
12 () Ipllps if k> +v =172

Proof. Since r > 3/2, from (5) and (26) we find

b - —1/2,1/2
Il I(M) — )l = L% plI = (Lic.p + M) ™ Lic p) L2 L by ||

< ‘ LrKfEil/z[I —(Lg,p+ )‘I)_ILK,D]kL}(/ZhPHK
+ ’ %ol — (Lk,p+ A L p)” ([/}(‘1/2 _ L?}“{—,é/2> L}{/thHK

=: A+ As. (37)

15
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We first estimate As. Since r > 3/2, the bounds ||Lk p|l < #2%, ||[Lk| < k%, we get from
(68) in Appendix A that

1Ly 5 = Ly P lms < (r = 1/2)5 3| Li.p — Lil|ms- (38)
When v > 0, we apply (31) with v = v to obtain
Ay < Ll = (Lo + D) Lic ol |2}

< (’f'— 1/2) kyzr 3||hp||PX/RD‘

If v = 0, we can also obtain from ||[I — (Lg p + M) 'Lk p]¥|| <1 that

I 1/2 I 1/2H ||L1/2h i

Az < (r —1/2)r* || hy|l,Rp.

Then we estimate A; by applying (33) with u =7+ v —1/2 and f = L%th to get

2122k 0k B |, ifk<r+v-—1/2,
Rl ISVETE ( A )IH_”H/Q hollp, ifk>7r+v—1/2
oX inTA pllps :

Plugging the estimates of A; and Ay into (37), we obtain (36), which completes the proof
of Proposition 15. [ ]

Proposition 16 Under condition (5) with r > 3/2, we have

* r— 1
15 = follp < 2Qpa(r — 1/2)87 3y | ,AZ R

/QQ’"*%A()\% + k)R, ifk <r—1/2,
k—r+1/2
A" (ﬁ) FRZRNR ifr 12 <k <7
227 ( A )'H ifk>r
mln+A ’ ’

Proof. Since fgcf) — fp € Hk, we have from Lemma 24 in Appendix A that

k,* 1/2 k* k,*
155" = Follo < QoAlLK D5 = Follle + QoMU = follx
For k <r —1/2, it follows from (36) with v = 1/2 and v = 0 that

k,x (r— 1/2)/12’”_3Hh I
||f£),x) — follp < Qo ( i PP

+ N2Qp (= 17282 3 R + 22Ny )

)\1/2RD + ﬁQ(Tk))‘thpHp)

Forr—1/2<k<r,

k* r—1/2)k%73||h
” ( ) fp”p S QD,)\ (( / )\/% H HP)\I/QR _I_K: )\thpHp

1/2 2r—3 ~1/2 A kot
N2 (= 12l R + X (H> Il )

mwn
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For k > r,

ke r—1/2)k% 73| b, || , A2 . A kor
1755 - fpnngD,A(( e Rl 3 (S 25) il

. o A k—r+1/2
+ A2y, (<r—1/2>r»2 WniliRo =3V (2 ) ).

mzn

This completes the proof of Proposition 16. |

4.4. Bounding the Variance

In this subsection, we present the bounds for the variance term f l()k ))\ — ](Dk ’;).

Proposition 17 Let 0 < v <1/2. We have

(k) _ (k) S i
x.0(pX— D) )HK <XNTY2QpaPpa [ 1+ 2 < P A) : (39)

.

Proof. Due to Lemma 11, we get

v (o) (k ) Z Lgpll = (Lr,p+ M)~ 1LK,DV[f f(1 3

7

It then follows from (33) with u =v, £ =1,2,...,k—1 and f = fg)\ f(l *) that

k—1
k k% v — i 1 J*
KD(fl(),),\ f/g),x))HKS ‘ K,D[I—(LK,D"‘)‘I) 1LK7D]][fl(7,)/\_fl(71,/\)] )K
j=0
b v 1
< 1o - £9) |K+ZA"( H) 1D, = £950 1

But (23) implies that for 0 < u < 1/2, there holds

L% p(foA = FoD Ik = IIL% p(Lrp + AD " (S5yp — L f,) |k

)

< /\_1/2+u||(LK,D + )\I)—l/2(517;yD — LK,Dfp)HK < )\—1/2+uQD7)\'PD,)\. (40)

Applying this inequality with v = v and u = 0 yields

k—1

j—v
v (k) p(kx) v—1/2 v—1/2 A
x.0(fpx— D) )HK < A QpAPpa+ JZ:;A <mm Y QpAPp
This completes the proof of Proposition 17. |

Different from Proposition 15, Proposition 17 does not hold for v = 0, which makes the
bound of variance in the out-sample case totally different from that in the in-sample case.

17
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Proposition 18 For k € N, we have
k k,*
“%A_ﬁumpﬁﬂQaﬂbw

Proof. We obtain from Lemma 11 and (40) with u = 0 that

k—1
k* 1 1, _1
17 Dl < S IO~ Follx < kA"2QpaPpa.
j=0

Then it follows from Lemma 24 in Appendix A and (39) with v = 1/2 that

k%) k* k,*
o < QoA L (PN = FS) ke + QoaA 2N — £ Ik

k—1

< Q3P 1+Z(
j=1

k
IFoN —

A j—1/2
+)\> + kQQD)\PD)\ < 214/'QQD7,\73D,/\-

m’Ln
This completes the proof of Proposition 18. |

4.5. Bounding the Number of Boosting Iterations
We first show the important role of the stopping rule (16) in controlling the bias.

Lemma 19 Let § € (0,1) and XA > 0. If k is the smallest positive integer satisfying (16),
then with confidence 1 — 6, there holds

- 3.1 16
Lk, pfp— LK,ngi’,\)HK < §>\2WD,A log* —, (41)

4]

and

% 4 16
||LKDf,o—LKDfm1 Nk > AQWD/\IOg

= k=2 (42)

Proof. For k € N, we have

Lixpfy,— LK,ng;) = Shyp — LK,Df(Dk,),\ + LK,Df(D — Lk, Df ,\ )+ Ly Dfo— SHyp.

But (27) and

f};"j’f) = ¢\ (Lx.p)Lx.pf, (43)
yield
fDA —QE\ )(LKD)(SDyD Lg.pfp)- (44)
It then follows from (32) that
Lkpf,— Lk Df 0 = Shyp — Lk Df,(jk)A + [Lk, Dgg )(LK p) = 11(Sbyp — Lk,nf»)

= Shyp — Lrp S\ — N(Lx.p + M) (S5yp — Lipf,). (45)

18



BoosTED KERNEL RIDGE REGRESSION: OPTIMAL LEARNING RATES AND EARLY STOPPING

Moreover, (17) implies

IN(Lg.p + M) (Shyp — Li,pfo)lk < IN(Li,p + M) "¥(Lk,p + AI)M2|
X |(Lwp +AD)"Y2(Lg +MDY2||||(Li + M) ~Y2(SEyp — Lo fo)| i

1 1
< AY2Pp,Qpa < 5)\1/2WD,/\10g4 Fﬁ (46)

with confidence 1 — ¢. Combining this with (16) and (45), we have that with confidence
1 — 9, there holds

. 3 16
Lk pfp— Lrpfp (k Dl < 5)\1/2WD,)\ log* 5
which proves (41). To prove (42), the definition of k implies

- 16 ,
1S5yp — Li.ofoallx > AV2Wp  log? . ifk>2

It follows from (45) with k = k — 1 when k > 2 that

%) 16 1 16
||LK7Dfp—LKDf(k L9k >)\1/2WDA10g 5 )\1/21/\/ Alog! == :§A1/21/\/D,A10g4F

holds with confidence at least 1 — §. This completes the proof of Lemma 19. |
Based on the above important lemma, we derive the following bound for k.

Proposition 20 Let 6 € (0,1) and k be the smallest positive integer satisfying (16). We
have with confidence 1 — § that

A 2(k% + k) Apa )’ 16
ko< (dr+2)+awpl ((W) +1> Xyl log™* =

)‘l/Qthleog

4 (4r —2)WpL o

D)\\/i

6
5 (47)

where

1 1
Ap )= N |- 48
" m( oh ”) -

Proof. If k < r+ 3/2, (47) obviously holds. Now we prove (47) for k > r + 3/2. Due to
Lemma 12, Lemma 19 and (43), we have with confidence at least 1 — ¢ that

1 16 Jx
NWpalog! = < 2Lico(fy — fiin ")l
= 2 HLK,D (ggk_l)(LK,D)LK,D - f) prK < 2|\ L oA M (Lie.p + M) L |y,
where the last inequality is due to (32).
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Ifs<r<

N

, we have from Lemma 13 and k—r— % > 1 that

D=

4 16
A2Wp 5 log 5 < 2||Lk A (Lie,p + AT (L p + AD™ 2 Q55 by,

o715 IthHp)‘T Y2 Lk, Akil*THﬂ(LK,D + )\I)*k+1+r71/2|’
< 2maX(QD,» D[hpll A2 (k — 7 — 1/2)7

Thus, it follows from Lemma 22 in Appendix A that with confidence at least 1 — ¢

, 16 16 , 16 24 k) Apa\’
BWpalog' = < (r+1/2)Wpalog! = +dlog? — ((W) +1>X"||hp\|p,

which implies (47). R
If r > 3/2, it follows from (38), Lemma 13 and k£ > r + 3/2 that

16 L r—
NPWpalogh =2 < 2| L oA ™ (Lico + M) L 1l
2| L oA (L + M) L = L)
2Hhp”p)\r_l/z‘|LK,D>\I;_1_T+1/2(LK,D +)\I)—k+1+r—1/2||

IN

+ @ = D3 hl | Lo N (L p + M)~
. A
< 2l ATk —r = 1/2) 7+ (2r - 1)ff2r‘3|!hp|!p,; 1RD'
If \
N2k —r—1/2)7 < (r—1 /2>ﬁ2’”—3ﬁ7z,3,
we have 16 \
A2Wpa log4? < (4r — 2)K%¥ 3k Rollh,|
which together with Lemma 22 in Appendix A yields with confidence 1 —§
. 16 16 4R2" 16
kWp x log = < Wp . log* —+r-2) D )\1/2||hp||plog =
Thus, (47) holds. If
" A
N2 —p —1/2) > (r — 1/2)&2T—3ﬁ7€p,
we get
16 5
A2 W log = AT (kv = 1/2) 7y
Hence,

4 16 4 16
kWD)\IOg ? < (7” + )WD,\log ? —|—4)\thpHp,

which together with log % > 1 yields (47). The proof of Proposition 20 is completed. W
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5. Proofs of Main Results

Based on the previous bounds we can now prove our main results.
Proof of Theorem 3. If 1/2 <r < 3/2, we get from (5) and (26) that

L () = ol = 1L = (Lie.p + A1) L p) Lichy |
= LD = (Lo + M) Licpl* (Lo + M) (Licp + M)V Lichy |1
< 2" 1/2||L§<,D[f — (Li,p + M) 'Lk, pl*(Lk,p + )\I)l/szL%thK
+ 27‘—1/2)\7"—1/2”‘[/%721)[[ — (Lxp+ )\I)_lLK,D]k(LK,D + )\I)1/2—TLrth||K'

Here we have used the inequality

I(Li.p + A" fllx <27 V2| Lic pfllix + NIflk], Vf €Hi

which follows by means of the normalized eigenpairs {(o, ¢X)}; of Lx,p : Hx — Hk as
X 2 X
I(Lxp+AD"fl% = Z(G* + )7 NeE, il

< 2% 12 PUGE, P+ NTE, Yl

Since 0 <r — 5 <1, (67) in Appendix B shows

1
2
I(Lx.p + MDYV Lighollie < QB3 ol

It then follows from (33) with uw = 7, f = (Lgp + A)Y?>"L%h, and u = 1/2, f =
(Lk,p + AI)Y27" L% h, that

A k—T

mzn

1/2 k* r— r
IEL2 5D — f) k< 23025 [yl (
LAY = F)lk < 2085 Ml (W22 4 4771, if1<r <3/2,k=1,

and
A k T

mzn

The above estimates together with (36) with v = 1/2 yield for r > 1/2,
(r—1/2)k* 3|k

Vk
§ (X, + Nk if k>
+ 4(QQD,>\+1))\ ||h||p{ =2k 4 N1k if k<

ILED D = follx <4955 1”'“”3”/)(

PHP}\I/QRD

L) — Il <

Furthermore, (39) with v = 1/2 implies

k—
HL1/2 (k ~Ip, )H < QpAPpy |1+ 1 o
DA || = . . = mm+)\
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Hence
1/2 k 1/2 k% 1/2 k,x
|0y = 10)|| . < NEDUS) = ol + {| 3B = 1500

) 2r—3||h

k—1 1/2

A a= (r—1/2)k
a8 ()
= +A vk

AR i k>

ollo MPRp + QpAPp

+ 4(Q2D,)\ + 1)>\k||h”ﬁ’{ (2’77”316 LN k’ if k<.
This completes the proof of Theorem 3. |
Proof of Theorem 4. Since r > 3/2, we get from Proposition 16 that
1D = follp < 2QpA(r = 1/2)8 2|, ll,A*Rp
Nk g /12’"*2’“*1(/1 + )\%) itk <r
)\k h ) >,
T QoaNl ”””{ 2(0%;, + N F, if k>
Furthermore, it follows from Proposition 18 that
IS fD,\ o < 2kQD \Pp.x-
Then
(k) < || £k:%)
1FoA = Follo S NESX = Follo + 1A = £l
< 2Qpa(r— 1/2)“2T_3||hp||p)‘1/2RD
Nk 22k 1(/—@ )\%) ifk<r
2kQ} \ P Ne |l ’ -
+ QD,)\ D+ QD,)\ H PHP{ 2( oX + A)T itk > r
This completes the proof of Theorem 4. |
Proof of Theorem 1. We get from Lemma 22 in Appendix A, (48), r > 3/2, (6) and
A= T with k& < /|D| that with confidence 1 — 6,
IDI
452 8 452 8
Rp < log — < log —,
7= VDI VD g
N Y 2
1 A 8 8
2 <2 2(k? log — 2 < 8(k? 121+ 1/Cp)?log? ~
QD,/\— (li +"<‘7) |D’)\+ ‘D’A Og(s +2=< (H + Rt )( + 0) og (5,

and
2K+ K+ 1) (KM +7) [ 1 N(N) 58
PprCQpx < D] <)\|D\ + Di + 1> (\/)\|7D + VN ) log™ —

< AR 4R DM +7)2+ V)1 + Vo), 0g?
: NE 5
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+ VN < \/\(’7‘;{1. Applying these three estimates to Theorem

Here we have used —2%
VAID]

4, we get

2
4k 9

VD%

ILFDA = Follp < 4V2(E? + K + 1)(1+ V/Co)(r — 1/2)57 2[R ||, A1/2

1| 00

| co

+ 322+ VCo)3(K* + K+ 1)*(kM +7) log3

T

—k 2r—2k—1 L .
+ 2\/§(l+ CO)(H2+K+1)10g5)\thpHp + K (K} )\2), ifk<r,

20X, + N F if k> r.
- Ck Og3§ Clogg)\k{ 1, if k<r,
2/|D[xs 6 2 (O +NF iR >

where C'is a constant independent of |D|, k or § given by

C = 2(k*+K+1) max{16\/§(1+\/Cib)(r_l/Q)’@QPl||hp||p+32(2+@)3(n2+n+1)(ﬂM+7)7
2v2(1 + \/CTO)thHp@ K22k 2r—2k-1yy

Plugging A\ = (k2/]D|)2mm{k r}+s into the above estimate and noting o > 0, we get that

min

min{k,r}

175 pr < G(k2/|D|) TRt logh %

holds with confidence 1 — §. This completes the proof of Theorem 1. |
Proof of Corollary 5. It follows from (25) that

ILxpfot k+1) — Shyplk = H (Lx,p+ M)~ 1LKD]k+1STyDH
< |- LKD+/\I) "L plIlI = (Lxp + M) 'L pl*Shyp| x

HLK,DfD,,\ - SD?JDHK-

IN

Thus || Lk, p fgC ))\ — STyp||x decreases with respect to k. Furthermore, we have from (25)
again and Lemma 14 that for £ > 1

LSS\~ Shypllx < I — (Li.p + M) Li.p)* (Shyp — L fo)llx

+ = (Lrp + M) 'L p)* Lk, pfol x
< = (Lx,p+ M) Li,p)*(L.p + XD (Lo + M) *(Shyp — Li.o fo) | x
+ ||[I = (Lg,p + M) 'Lk p)* Lk pfoll x
B N k-1
< MN2(Lgp + M)V (Lg,pfy — Shyp)|k + A (H) | foll -
Thus,

lim | Licpfp) = Shyplx < N2|(Lio + 2DV (Li.of, = Shyp) |k

< A2Qp\Pp
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This verifies (12). To prove (13), it follows from Theorem 3 that

1/2 — A i=1/2
klggoHL fp)H < QpaPpa+ LpaPpy lim Z (a—i—z\)
J 1 main
N\ 1/2)\1/2
= <1 + (imin - 2) Pp LD
Umzn
This completes the proof of Corollary 5. [ |
Proof of Theorem 6. Since
IFHA = follp < HfD — follo + 155 fm lo =+ A(D, A, k) + S(D, A, k). (49)
We divide the proof into four steps.
Step 1: Bounding A(D, \, k). Define
Opa = (L. + M) (L + AI)|. (50)

We obtain from ||L}(/2(LK +AM)72| < 1and ||(Lyg + )\I)_%H < \"% that

ADNE) = LSS = fole < NV + ADUES = £l
< A Epal(Lep - ADUED — )l
< Aol Lo (ST £l + N POoalFSR) ~ Sl (51)
By Lemma 19, with confidence at least 1 — d, there holds

k*)

3 16
1Lk (Fpx = Follic < SAY2Wp ylog" —. (52)

Let F)\ be the orthogonal projection onto the subspace of Hx spanned by the eigenvectors
of Lk p associated with eigenvalues less than A and F' &L =1T1—F,. We have

195 = Follie < AUEAGESS = £l + A B AGED = £l = A1+ Az, (53)

By the definition of F' )\L and Lemma 19, it follows with confidence 1 — §,

* 16
Ay < >\_1||F,\L[LK,D(f(k — flllx <A™ 1HLKD(f = ol < >\ V2 5 log? 5
(54)
Due to (43) and (5), we have

A < B (L p) L. fr = )]l < AN (Lo + A5 L5 )[Rl e

If%grgg,wehave

A1 < BN (Lie o+ A1) (Lo + A (o 0) ™2 bl < (Cpa) ™2y, A7 2.
(55)
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If r > 3/2, (38) implies

Ay

IN

AN (Lie,p + AD) L5 = L Wl + IFAN (Lo + AD L 11l
< Al (= 1/2)57~ 3RD+X“*1/2). (56)

Inserting (56), (55) and (54) into (53) and then plugging (53) and (52) into (51), we have
from Lemma 22 in Appendix A that with confidence 1 — 6,

6 16 2(%2 +k)Ap >\>2
A(D, )\, k) < 31 = A 41w
( ) og® 5 [( 7 DA
2
16 (m2+;<;),4m)2 1 (dr—2)r¥1
+ 4AZ||h,|, logt — ( +1 N7z 4 ) (57
H pHp og 5 [ ﬁ |D| ( )

Step 2: Bounding S(D, ), l%) It follows from (30), (44) and the definitions of Qp ) and
Pp that

S(D,\ k)

1L~ £

I(Lk + AI)Uzg&’“(meLm + ADY2(Lig p + MDY (Lke p f, — Shyp)
b >\H9>\ (Lk.p)(Lrp+ A)|Ppa

0P [l9 (Lico) Licoll + oS (Lic.o) ]

(k+1)Q% \Pp.

INIA TN

IN

This together with (17) and Lemma 22 in Appendix A implies with confidence 1 — §

S(D, )\ k) < EWmlog5 156 [\/5 <2(”2+\/§)Am> + \/5] .

Combining the above inequality with (47) yields

2
S(D, A\ k) < [\/§ (WR)AD/\) + \/5] log ? {(27“ +1)Wp 5 log* ?

VA
+ 2 (\ﬁ + 1| X[k, log 5
421 16
+ (2r—1 A28l log — b . 58

Step 3: Bounding Ap x and Wp . Since r > 1/2, and A = (¢/|D|)"/@*9) with ¢ > 1,
it follows from (6), (48) and r > % that

1 1
A — + N Y < (1 + C 78/(47"4»28) D 77“/(27“4*8)‘ 59
DA \/W{ Bh ( )}_( v Co)e | D| (59)
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This implies
1—2r

A2D,)\/)‘ < (144 /00)20(7871)/(2”8)@‘ 2rts

and
Ap.a

VA

with C} := (1—1—\/00)04;:215 +1. Now we turn to bound Wp x. If 5,4 := 210g(16/0)/+/| DI\ <
1, we have from Lemma 22 in Appendix A that

Vmax{Np()\),1} < 5y/max{N(\),1}.

+1<Cy (60)

Then, it follows from (6) and A = (¢/|D|)"/(?"*+9) that

2r+2s—1

(v/IDIX + 9)y/max{Np(\), 1} < 5max{c/(*+25) 9} maX{Cé/zc*s/(“*zs), 1}|D| #r+2s .

Thus, it follows from (15) that

Wi < Cy| D75, (61)
where
Gl = 16v2(k2+r+1) (KM 4r) <5(C—1/(2T+s) 1) (M (res) 4 9)(0&/26—5/(41"-‘,-25) 1)+ 1>2.

If ns/4 > 1, we get from Lemma 22 in Appendix A again and \ = (¢/|D|)Y/@r+9) that with
confidence 1 — §

Vmax{Np(V), 1} < (1 + 167 )\ /max{N(N), 1} log? %6

The same argument as above shows that with confidence 1 — 6,

, 16

Wpa < C3|D| 775 log! =, (62)
where
Cy = 16V2(k* 4 K+ 1)(kM +7)

2
« ((1_|_166—1/(2r+s))(0—1/(2r+s)+1)(Cl/(4r+2s)_’_9)(03/20—3/(47"—&-25)+1)+1) '

Combining (61) with (62), we obtain with confidence 1 — §

~ __r 16
Wp < Co|D|"2r%s log? 5 (63)

with Cy := max{C}, C¥}.
Step 4: Deriving the learning rate. Plugging (63) and (60) into (57) and (58), we have
with confidence 1 — § that

A ~ r 1
A(D, A, ) < Co| D] 55 og™ =2 (64)
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with Gy = 3(4(k2 + K)2C2 + 1)C + A(4(k2 + 1)2C2 + 1)2||h || (5 + (dr — 2)n2Lew7)
and 16

S(D A k) < CulD| % log? =2 o)
with Cy = V2(2(k? + H)Cﬁ + 1)[(27“ + 1)62 + 2(2(k* + “)26’12 + 1)0%“”}%”/) + (8r —
)52 =1, || ,c7% . Putting (64) and (65) into (49), we have

k 9 A - 16
Hfé),))\_prp < (CS+C4)|D| 2rts 10g10F.
This completes the proof of Theorem 6 with the constant C' := Cs3 + C. -

6. Empirical Studies

In this section, we report experimental results to study the behavior of BKRR and the
adaptive stopping rule (16) in practice. We consider two regression problems. For the j-th
regression problem (j = 1,2), we assume that training examples are independently drawn
from the regression model y; = g;(z;) +&,i = 1,...,|D|, where {xz}ﬂ are drawn from the
uniform distribution on the (hyper)-cube [0, 1]% (d; is the input dimension) and {51}12'1 are
noise components independently drawn from the Gaussian distribution A(0,1/5). For the
j-th problem, we build the estimator by applying BKRR in the RKHS induced by a Mercer
kernel K;. We consider the following two regression functions

g1(xz) = min(xz,1 — ), x€]0,1],

g2(@) = (1 = [J2]l2) 3 (35]|[|3 + 18[|z[l2 + 3), 2 € [0,1)*.
The two Mercer kernels are K1 : R x R — R, K5 : R? x R? — R defined by

Ki(z,Z) =1+ min(z,z) and Ka(z,7)=g3(xr — ),

where g3(z) = (1 — ||lz]j2)4 (4]|z]|2 + 1),z € [0,1]3. It can be found in Chang et al. (2017)
that g1 € Hg, with exponent r = 1/2 in (5) and g2 € Hg, with exponent r > 1/2. We
repeat each experiment 40 times and report the average of these experimental results.

Our numerical results are divided into three parts. In the first part, we study the relation
between the generalization ability of BKRR and the regularization parameter to verify our
motivation to combine KRR with boosting. In the second part, we validate the empirical
behavior of BKRR and its comparison with iterated Tikhonov regularization (ITR). In the
last part we show the effectiveness of adaptive stopping rule (16) in practical regression
problems.

6.1. Regularization Parameters in BKRR

A common consensus in boosting theory (Friedman, 2001) is that the weak learners should
be under-fitting and the boosting iteration will reduce the bias and increase the variance
accordingly. For estimators with high-level under-fitting, more boosting iterations are im-
posed and lead to a similar learning performance as other efficient algorithms. If KRR is
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used to build up a weak learner, this argument then shows that we should select a relatively
large A, larger than some value, so that BKRR with a suitable number of iterations can
reach a similar learning performance as KRR. Our first simulation is to verify this argu-
ment and show a relation between the generalization ability and regularization parameters
in BKRR.

In this simulation, We traverse the regularization parameter A over the set 0.0002 x
{1,2,22...,219}. For each regularization parameter, we run BKRR until k reaches 150
for f, = g1 and 300 for f, = go, respectively. For each considered k£ and A, we estimate
the excess generalization error (EGE) &( gi)/\) —&(f,) by ﬁzfﬂﬂo[ g))\(:p;) — folzh))?,
where {33;}122010 are independently drawn from the uniform distribution on the corresponding
input space. For each A, we record the optimal k£ (selected to be optimal to the test
data directly) and the corresponding EGE. Figure 1 reports EGEs and iteration numbers
versus regularization parameters. It is shown in Figure 1 that if A is larger than some
value (near 1072 in this simulation), then BKRR with different A\ possesses similar learning
performances provided the number of iterations is appropriately selected. Figure 1 also
shows that the more high-level of under-fitting, the more boosting iterations required, which
verifies the previous common consensus. All these results show that using KRR to build
up a weak learner for boosting is reasonable and the selection of A does not affect the
generalization ability very much.

_ Excess gsner:ahzgno: eror
:urrlberguf i(epi

Excess genfrah_zaﬂcjn error
nun;ber of s;eps

(@) fo=g1. (b) fp = g2

Figure 1: Excess generalization errors of BKRR versus regularization parameters. We also
plot the iteration number at which the optimal EGEs are achieved.

6.2. Behavior of BKRR

In this subsection, we want to validate the empirical behavior of BKRR and its comparison
with ITR. It should be mentioned that BKRR focuses on fixed regularization parameters
and varying iteration numbers, while ITR focuses on fixed iteration numbers and varying
regularization parameters. The aim of this simulation is to verify an advantage of BKRR
over ITR in the parameter selection, showing that selecting an appropriate number of
iterations in BKRR is easier than selecting an appropriate regularization parameter in I'TR.

We first study how BKRR would behave along the iterations. In the first experiment,
we aim to study how EGEs would change as a function of iteration numbers. We fix
regularization parameters A € {0.0032,0.0128,0.0512,0.2048}, and show in Figure 2 EGEs
versus the iteration number for two regression problems. From Figure 2 we see that EGEs
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would typically decrease first as k increases from 1 to some number, after which it increases
slowly as a function of k. To be detailed, the increasing curve behaves as a concave function
with respect to k, which validates our arguments in Theorem 3 and Theorem 4 that the
variance increases with exponentially diminishing terms as k increases. Furthermore, for
some large A (A = 0.2048 for example), BKRR shows a rather stable relationship between the
generalization performance and iteration numbers. This is consistent with our theoretical
findings in Theorem 3 and Theorem 4. We can also see clearly that the iteration number k
at which EGEs achieve the minimal value would increase as A increases.

—— X =00032 —— X =00032
- = A=0.0128| 4 i - = A=0.0128
- 0.0512 4

eennnnen A =0.2048

Excess generalization error
Excess generalization error

0 50 100 150 0 50 100 15 200 250 300
k k

Figure 2: Excess generalization errors versus the number of iterations for different regular-
ization parameters. We consider four A\ and two regression problems with the
regression function being ¢g; and go in panel (a) and panel (b), respectively.

o
2
®

Excess generalization error
Excess generalization error

(a) fp =91 (b) fo = g2
Figure 3: Excess generalization errors versus regularization parameters for different number

of iterations. We consider four k£ and two regression problems with the regression
function being g1 and g2 in panel (a) and panel (b), respectively.
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We then illustrate the behavior of ITR with fixed k versus regularization parameters.
We fix the iteration numbers to some predefined values, and report EGEs of f](jk, )A as a
function of regularization parameters in Figure 3. According to Figure 3, we see that
EGEs first decrease and then increase as a function of A\. As compared to the stable
relationship between EGEs and the number of iterations for BKRR, EGEs change more
rapidly with the regularization parameters for ITR. This gives empirical evidence that the
selection of iteration number in BKRR is more tractable than the selection of regularization
parameters in I'TR. It is also clear that the optimal regularization parameter becomes larger
as k increases, which is consistent with Theorem 1.

In Table 1, we record the optimal EGEs achieved by BKRR over all iterates for different
regularization parameters. We list in the first row the considered regularization parameters.
In the second and third rows, we report the optimal EGEs achieved by BKRR with the fixed
regularization parameters on two regression problems. In Table 2, we record the optimal
EGEs achieved by ITR over all regularization parameters for different iteration numbers.
We list in the first and third rows the considered number of iterations. In the second and
fourth rows, we report the optimal EGEs achieved by ITR with fixed iteration number on
two regression problems. It can be found that BKRR can achieve similar accuracies to ITR
with a much easier parameter-selection strategy.

A | 0.0004 | 0.0008 | 0.0016 | 0.0032 | 0.0064 | 0.0128 | 0.0256 | 0.0512 | 0.1024 | 0.2048
g1|2.72e—4|2.26e—4 | 2.24e—4|1.92e—4 | 1.89¢—4 | 1.87e—4|1.87e—4 | 1.87e—4 | 1.87e—4 | 1.87e—4
g2 | 1.76e—3 | 1.75e—3 | 1.65e—3 | 1.60e—3 | 1.60e—3 | 1.60e—3 | 1.59e—3 | 1.59e—3 | 1.59¢—3 | 1.59¢—3

Table 1: Excess generalization errors of BKRR with different regularization parameters.

k 15 30 45 60 75 90 105 120 135 150
g1(1.91e—411.92e—4|1.87e—4|1.92e—4|1.89e—4|1.87e—4|1.88¢—4|1.92e—4|1.97e—4 |2.02e4
k 30 60 90 120 150 180 210 240 270 300
g2 |1.59e—3|1.59e—3|1.63e—3|1.59e-3|1.63e—3|1.62e—3 | 1.60e—3 | 1.59¢—3 |1.61e-3 |1.63e—3

Table 2: Excess generalization errors of I'TR with different iteration numbers.

6.3. BKRR with Early Stopping

In this subsection, we aim to validate the effectiveness of adaptive stopping rule (19) in
practical regression problems for some 6 € R . It should be noted that (19) is independent
of the confidence level and also different from (16) in the constant term. As discussed in
Remark 7, such a modification is reasonable due to the (semi) exponential bias-variance
trade-off of BKRR. We apply BKRR to regression problems with different sample sizes
(|D] € {800, 1200, 1600, 2000, 2400, 2800, 3200, 3600,4000}) and different regularization pa-
rameters (A € {0.016,0.032,0.064,0.128}). For each sample size and regularization parame-
ter, we run BKRR with several iterations to get a sequence of candidate models. We record
the iteration number kagg selected by the adaptive stopping rule (ASR) (19) with 8 = 0.05,
the iteration number kcy selected by the five-fold cross validation (CV) and the iteration
number I%Orade with the minimal generalization error over all candidate models.

30



BoosTED KERNEL RIDGE REGRESSION: OPTIMAL LEARNING RATES AND EARLY STOPPING

Excess generalization error
Excess generalization error
Excess generalization error

Excess generalization error

1500 2000 2500 300 300 4 o 1500 2000 2500 300 3800 4 o 1500 2000 2500 300 300 4 o 1500 2000 2500 300
number of trainina examples number of trainina examples number of trainina examples number of training examples

(a) A =0.016 (b) A =0.032 (¢) A =0.064 (d) A =0.128

Figure 4: Excess generalization errors of the model selected by ASR (red color), the model
selected by CV (black color) and the best candidate model (blue color) versus the
number of training examples. We consider the regression problem y = g1(x) + €
and four regularization parameters: A = 0.016, A = 0.032, A = 0.064 and A\ =
0.128.

In Figure 4, we fix different regularization parameters and plot the EGEs of ng)S\R,

EC)‘\’ and fl]go)r\“le versus the number of training examples for the regression problem with
the regressior,l function g;. According to Figure 4, it is clear that ASR (19) works well in
selecting a good model with EGEs comparable to the best candidate model. Furthermore,
ASR also behaves slightly better than the CV widely used in practical learning problems.
It should be mentioned that the five-fold CV requires the training of an additional five
models based on different assignments of validation sets, which can be time-consuming.
This repeated training is not required in ASR and therefore ASR requires significantly less
computational costs than CV.
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Appendix A. Auxiliary Lemmas

In this appendix, we present some useful lemmas. The first one (Miicke, 2018, Corollary
2.2) (see also Lu et al. (2018)) describes the difference between the effective dimension and
its empirical counterpart.
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Lemma 21 For any 0 < § < 1, with confidence 1 — 4, there holds
(1+ dn5) ™ maxfN V), 1} < v/max{Np (), 1} < (1+ 4max{ /5, n2}) v/max{N OV, 17,
where ng := 2log(4/68)/+/|D|A.

Based on Lemma 21, we can get the following lemma.

Lemma 22 Let D be a sample drawn independently according to p and 0 < 6 < 1. With
confidence at least 1 — 6,

2
0559

IN

2
~ 2(k2 + k) Ap  log 8
QD,)\<2<( \)AD’/\ g(;) + 2,
4r® lo §
Nt

2(kM + ) Ap\log(8/6),
Vmax{Np(\),1} < (1 + 4\ /Msja Vv 77(%/4) max{N(X), 1}

Rp

IN

Pp .
(1+ 4n574) " v/max{N'(X), 1}

IN

IN

hold simultaneously.

Proof. From Guo et al. (2017, Proposition 1) and (67) in Appendix B below, there exists
a subset Z (lsli‘ of ZIP! with measure at least 1 — & such that for all D € Zﬁ'

2
2
2(52 + ﬁ)ADM\ log 5) ey

Q2D7,\ < QD,A <2 ( 7

From Yao et al. (2007, Proposition 5.3), there exists a subset Zgl of ZIPl with measure at
least 1 — § such that for all D € Z|D|

2
T\’,D S log
\/|D

It also follows from Blanchard and Kramer (2016, Lemma 5.1) that there exists a subset
Z(‘SD| of ZIPl with measure at least 1 — § such that for all D € Z'D‘

Poa < 2(kM +v)Aplog(2/6).

According to Lemma 21, there exists a subset 2 5‘ of ZIP! with measure at least 1 — & such
that for all D € Zyi'

(14 4n5) "1 y/max{NV(\), 1} < /max{Np(\), 1} < (1 + 475 V n3)/max{N (), 1}.

Thus, for D € Z; lD‘ N Zg' N ZJ;L;‘ N Zyzl, the above four inequalities hold simultaneously.
Then Lemma 22 follows by scaling ¢ to §/4. |

From Lemma 22, we derive the following estimate.
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Lemma 23 For any 0 < § < 1, with confidence 1 — 4, there holds

4 16

PpAQpa < WDA10g 5

Proof. It follows from Lemma 22 and (48) that with confidence 1 — ¢, there holds

2R+ K+ 1)(M+7) [ 1 NN 16
D] ()\Dl T iDh H) <~/)\\D VN )log K

< W2AR R DEM 1) ((VIDIA+9)VmaxiNp(N), 1}
< /DI [DIA
(\/W+9)\/maX{ND()\)a1} log4L6
VIDIx o

This together with (15) completes the proof of Lemma 23. |
Our final lemma establishes a relation between the in-sample norm and out-sample

PpaAQpa <

norm of functions in Hx.

Lemma 24 Let f € Hi. Then

1fllp < 11l (66)
Proof. Since f € H, it follows from the definition of Op ) that
I, = 1L fllx < 1Tk + ADY2 fllx < Qoall(Lr,p + ADY2 (|| x
< 9p ,\HLl/2 Fllre + QoaA?| fllx-

This finishes the proof of Lemma 24. |

Appendix B. Some Inequalities for Positive Linear Operators

In this part, we recall some basic definitions and properties for linear operators which can
be found in Bhatia (2013). Let H; and M2 be two Hilbert spaces. Let L£(#1,Hz) be the
space of all bounded linear operators from Hi to Ho. The adjoint of an operator A is the
unique operator A* in £(Ha, H1) that satisfies the relation

<g7 Af)’Hz = (A*g7 f>'H1

for all f € Hy and g € Ho. For the space L(H,H), we use the more compact notation £(H).
For A € L(H), if A= A*, we then call A a self-adjoint operator. A self-adjoint operator is
said to be positive, if (f, Af)y >0 for all f € H. If (f, Af) > 0 for all nonzero f, we say
A is strictly positive.

For A € L(H), the operator norm is defined by

[All = sup [|Afln.

I £l#=1
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If A is compact and positive, there exists a normalized eigenpairs of A, denoted by {(\i, pi) }324,
with eigenvectors {¢;} forming an orthonormal basis for H and eigenvalues satisfying
A1 > Ag > --- > 0. There also holds [|A|| = A;. Write the trace of the positive opera-

tor A by
A)=> "\
i=1

The Hilbert-Schmidt norm of A is then defined by
1/2
|A|| g = (Tr(A%)Y? = ZV

If |Allgs < oo, we then call A a Hilbert-Schmidt operator. If A is Hilbert-Schmidt, it
follows from the definition that ||A|| < ||A||gs. For F' : Ry N {0} — R, we define the

operator
ZF )i ® i = ZF S PHP

by spectral calculus. For positive operators A and B, there holds || AB|| = || BA]J.
also need the following two important inequalities, which can be found in Lemma 1 and
Lemma 4 in Guo et al. (2017) (see also Bhatia (2013, Lemma VII.5.5) for the second one).

Lemma 25 Let A and B be positive operators. Then for any 0 < 7 < 1, there holds
[A™BT|| < [|AB]|". (67)

If in addition A and B are Hilbert-Schmidt and max{||A||,||B||} < &, then for arbitrary
w > 1, there holds
|A* = B*||ns < pst A — Bl s (68)
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