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We investigate properties of kernel based regression (KBR) methods which are
inspired by the convex risk minimization method of support vector machines. We
first describe the relation between the used loss function of the KBR method
and the tail of the response variable Y. We then establish a consistency result
for KBR and give assumptions for the existence of the influence function. In
particular, our results allow to choose the loss function and the kernel to obtain
computational tractable and consistent KBR methods having bounded influence
functions. Furthermore, bounds for the sensitivity curve which is a finite sample
version of the influence function are developed, and some numerical experiments
are discussed.

1. Introduction

In regression problems the goal is to estimate an approximated functional relationship
Y ~ f(X), where (X,Y) is a pair consisting of an R%valued observation random variable
X and an R-valued outcome or response random variable Y. In the simplest case one assumes
that this relationship is linear plus some noise and the goal is then to estimate the linear
term having only a set of observations (x;, ;) from independent and identically distributed
(ii.d.) random variables (X;,Y;), 1 < i < m. A classical method for this problem is the
least squares estimator which is known to solve the problem for n — oo under parametric
assumptions. Unfortunately, this method fails if the assumption on the linear relationship
is violated and, even worse, it is well-known that the least squares estimator is non-robust
against mild model violations. However there is a vast literature of good robust estimation
methods for linear regression models and for nonlinear parametric regression models, see
e.g. Huber (1981), Hampel et al. (1986), Rousseeuw (1984), Rousseeuw and Yohai (1984),
Yohai (1987), Davies (1993), and Mendes and Tyler (1996).

It is the nature of estimation methods for parametric regression models that they require
strong assumptions on the distribution of (X,Y). If such knowledge on (X,Y) is not
available, one consequently has to use non-parametric methods instead. Many of these
methods rely on the least squares loss function because that a) simplifies the mathematical
treatment and b) leads to efficient algorithms, see Gyorfi et al. (2002). Unfortunately, using
the least squares loss function also means that one cannot expect these methods to be robust.
Alternatively, one can deploy recently developed kernel based regression (KBR) methods
like support vector machines (SVMs) which lead to efficient algorithms for a variety of loss
functions, see Vapnik (1998) or Schélkopf and Smola (2002) for an introduction. However,
almost nothing is known for these methods with respect to both consistency and robustness,
so that they lack a theoretical foundation. The aim of this paper is to provide important
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aspects of such a foundation: we first show consistency of KBR methods requiring only
mild tail conditions on the distribution of the response variable Y'|X = z. Then we provide
results that describe the influence of both the kernel and the loss function on the robustness.
In particular, we establish the existence of the influence function for a broad class of KBR
methods and present conditions under which the influence function is bounded. Here it turns
out that, depending on the kernel and the loss function, some KBR methods are robust
while others are not, and consequently, our results show how to choose both quantities to
obtain consistent KBR estimators with good robustness properties. Interestingly, but in
some sense not surprising, it turns out that the robust KBR methods are exactly the ones
that require the mildest tail conditions on Y for consistency.

The rest of the paper is organized as follows: Section 2 introduces kernel based regression
methods. Then, in Section 3, we present some important notions describing the growth
behavior of loss functions. Subsequently, we consider properties of the associated risk
functionals. In particular we discuss the relation between the growth of loss functions and
the tails of Y. We then establish a stability result for infinite-sample KBR. estimators which
will be used for both our consistency analysis in Section 4 and our robustness discussion in
Section 5. Besides the above mentioned results on the influence function we also give bounds
for the sensitivity curve of KBR methods in the latter section. Furthermore a connection
to M-estimation for parametric regression becomes visible. Then, some numerical examples
are presented in Section 6, and Section 7 contains a discussion. Finally, all proofs are given
in the appendix.

2. Kernel based regression

The goal of nonparametric regression is to estimate an approximated functional relation-
ship between an observation random variable X and a response random variable using n
observations (z;,y;) € X x Y drawn independently from the same unknown distribution P
of the pair (X,Y’). For technical reasons we assume throughout this work that X and Y
are closed subsets of R and R, respectively!'. Recall that in this case P can be split up into
the marginal distribution Px and the regular conditional probability P(.|z), z € X, on Y.
Now let L : Y xR — R be a function which is convex with respect to its second argument.
Then the KBR methods considered in this work minimize the empirical regularized risk

n

. 1
Ju 1= argmin - > Ly, (@) + Al £l (1)

=

where A > 0 is a regularization parameter and H is a reproducing kernel Hilbert space
(RKHS) of a kernel k£ : X x X — R. Throughout this work we write ® : X — H for the
canonical feature map of k which is defined by ®(x) := k(-,z), x € X. Recall that the
reproducing property gives f(z) = (f, k(-,z)) for all f € H and =z € X.

Obviously, problem (1) can be interpreted as a stochastic approximation of the minimiza-
tion of the theoretical regularized risk

fo = argmin Ep LY, f(X)) + Al fII% - (2)

1. For X it suffices to assume that it is a locally compact Polish space.
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Loss Function L(y,t) L'(y,t) L' (y,t)
Least Squares r? —2r 2
e—insensitive, ¢ > 0 max(|r| —¢,0) 0,if [r| <e 0,if r ¢ {£e}
sgn(—r), if |r| > ¢
Huber, ¢ > 0 r2/2, if |r] < c —r, if [r| < ¢ 1, if |r| <c
cr| —c%/2, if r| > ¢ esgn(—r), if |r| >c 0, if [r| > c
Logistic —log(4A(r)[1 — A(r)]) 1 —2A(r) 2A(r)[1 — A(r)]

Table 1: Some loss functions and their derivatives with respect to . We use the shorthands
r:=y—tand A(r) :=1/[1+e"].

The objective function in (2) is denoted by R;"%,(.) in the sequel. Note that in practice
one usually solves the dual problem of (1) numerically, since in the dual problem instead
of the RKHS itself only its kernel occur. In particular the choice of the kernel k enables
efficient estimation of linear and also of non-linear functions. Of special importance is the
Gaussian radial basis function (RBF) kernel

k(z,2') = exp(—rllz — 2'|*), ~>0, 3)

which is a universal kernel on every compact subset of R%, see Definition 14. This kernel
is a bounded kernel as |k(z,2')] < 1 for all x,2' € R% Polynomial kernels k(z,z') =
(c+ {x,2)™, m >1,c>0, z,2’ € R, are also popular in practice, but obviously they are
neither universal nor bounded.

Popular convex loss functions for regression problems depend on y, x, and f via the
residual r := y— f(x), and are based on the implicit “signal + noise” assumption y; = f(x;)+
g;. We will call such loss functions invariant, c¢f. Definition 1. Three important examples
are the least squares loss function, Vapnik’s e—insensitive loss function, and Huber’s loss
function, see Table 1. Another invariant loss function is the logistic loss function (see
again Table 1) which is a compromise between the former three loss functions: it is twice
continuously differentiable with L” > 0 which is true for the least squares loss function and it
increases approximately linearly if |r| tends to infinity which is true for Vapnik’s and Huber’s
loss functions. These four loss functions are even symmetric, because of L(y,t) = L(t,y)
for y,t € R. Asymmetric loss functions may be interesting in some applications where
extremely skewed distributions occur, e.g. in analyzing the claim sizes in insurance data
(Christmann, 2004). As an example for a smooth, invariant, and asymmetric loss function
we mention

L(y,t) = (%2 - cl)r - %2 log(4A(r - 63)(1 —A(r — 03))) +cy,
where 7 =y —t, 0 < ¢1 < ¢ < 00, c3 = —A"Y(c1/c2) and ¢y = (c2/2) log(4ct(1 — 2L)) . For
(c1,¢2) = (1,2) we obtain the logistic loss function. Note that L' and L” are continuous
and bounded for the logistic loss function and its asymmetric modification.
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3. Loss functions, risks, and stability of infinite-sample KBR methods

In this section we first introduce some important concepts for loss functions which are
used throughout this work. Then in Subsection 3.2 we introduce their associated risks
and discuss the interplay between growth behavior of the loss functions and the tail of the
response variable. Finally, in Subsection 3.3 we establish existence and stability results for
the infinite-sample KBR methods given by (2). These results are needed to obtain both the
consistency results in Section 4 and some of the robustness results in Section 5.

3.1 Loss functions and their growth behavior

The main goal of this subsection is to describe the growth behavior of loss functions. To
this end let us begin with some basic definitions for loss functions.

Definition 1 Let Y C R be a non-empty closed subset. Then a continuous function L :
Y X R — [0,00) is called a loss function. Furthermore, we say that L is

i) convex if L(y,-) : R — R is convex for ally € Y.

it) Lipschitz continuous if there exists a constant ¢ > 0 such that

forally €Y, t,t’ € R. In this case we denote the smallest possible ¢ in (4) by |Ll;.

i11) invariant if there exists a function | : R — [0,00) with [(0) = 0 and L(y,t) = l(y — t)
forallyeY,teR.

Obviously, all loss functions listed in Table 1 are invariant. Moreover, an invariant loss
function L is convex if and only if the corresponding [ is convex. Analogously, L is Lipschitz
continuous if and only if [ is Lipschitz continuous and in this case we have |L|; = |l|1, where
|{|; denotes the Lipschitz constant of [. In particular, all loss functions listed in Table 1 are
convex and besides the least squares loss function they are also Lipschitz continuous.

As already mentioned the growth behavior of loss functions plays an important role in
both consistency and robustness results. Therefore we now introduce some basic concepts
which describe the growth behavior of L. We begin with

Definition 2 Let L : Y x R — [0,00) be a loss function, a : Y — [0,00) be a measurable
function, and p € [0,00). We say that L is a loss function of type (a,p) if there exists a
constant ¢ > 0 such that

L(y.t) < c(aly) + [t +1)

forally € Y and all t € R. Furthermore, we say that L is of strong type (a,p) if the first
two partial derivatives L' := 0oL and L := OaoL of L with respect to the second argument
of L exist and L, L' and L" are of (a,p)-type.

For invariant loss functions it turns out that there is an easy way to determine their type.
In order to describe the corresponding results we need the following definition.
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Definition 3 Let L be an invariant loss function with corresponding function | : R — R.
We say that L is of upper order p, p > 0, if there exists a constant ¢ > 0 such that for all
r € R we have

loo < c(\r\p+1).

Here, || - ||oo denotes the supremum norm. Analogously, we say that L is of lower order p,
p > 0, if there exists a constant ¢ > 0 such that for all r € R we have

” l| [=r,r]

1= lloe = e (I[P —1) .

Recalling that convex functions are locally Holder continuous we see that for invariant loss
functions L the corresponding [ is Hélder continuous on every interval [—r, r]. Consequently,

H(r) = |l—pnli r>0 (5)

defines a non-decreasing function H : [0,00) — [0,00). We denote its symmetric extension
also by H, so that we have H(—r) = H(r) for all r € R. Now we can establish the following
simple properties (see the appendix for a proof) of convex, invariant loss functions.

Lemma 4 Let L be an invariant loss function with corresponding l : R — R and p > 0.
Then the following is true:

i) if L is convex and satisfies limy, o [(r) = oo then it is of lower order 1.
i1) if L is Lipschitz continuous then it is of upper order 1.
i11) if L is the least squares loss then it is of lower and upper order 2.

) if L is convex then for all v > 0 we have
2
H(r) < — -ar2lloc < 4H(27).

v) if L is of upper order p then L is of type (a,p) with a : Y — [0,00) defined by
a(y) =y’ yeY.

With the help of the above lemma it is easy to see that the least squares loss function is of
strong type (y2,2). Furthermore, the logistic loss function is of strong type (|y|, 1) since it is
twice continuously differentiable with respect to its second variable and both derivatives are
bounded, namely: |02L(y,t)| < 1 and |022L(y,t)| < %, t € R. The other two loss functions
of Table 1 are of upper and lower order 1 since they are convex and Lipschitz continuous,
however they are not of any strong type since they are not twice continuously differentiable.

3.2 Risks

With the help of a loss function L one can assign a risk to a measurable map f: X — R.
Namely, if P is a distribution on X x Y then the L-risk of f with respect to P is defined by

Rrp(f) = /

X

L (@) dPa.) = /X /Y L(y, f(x)) P(dyl) P (dx)

where we recall that the regular conditional probability P(-|z) exists because Y is closed
(and thus Polish). Note that the above integral—although it may be not finite—is always



A. CHRISTMANN AND I. STEINWART

defined since L is non-negative and continuous. In order to find a condition which ensures
Rrp(f) < oo we need the following definition which for later purpose is formulated in a
rather general way (see Brown and Pearcy (1977) for signed measures).

Definition 5 Let pu be a signed measure on X x'Y with total variation |p| and a : Y —
[0,00) be a measurable function. Then we write

o = /X o) dll(e.y).

Furthermore, if a(y) = |y|P for some p > 0 and all y € Y, we write |p|p := |pu|q whenever
no confusion can arise.

Now we can formulate the announced sufficient condition ensuring Ry p(f) < oco.

Proposition 6 Let L be an (a,p)-type loss function, P be a distribution on X x 'Y with
|Plo <00 and f: X — R be a function with f € Ly(P). Then we have R p(f) < cc.

The above proposition shows in particular that for p-integrable functions f : X — R
we have Rrp(f) < oo if L is an invariant loss function of upper order p and P satisfies
|P|, < co. The next result is somehow an inversion of this fact.

Lemma 7 Let L be an invariant loss function of lower order p, f: X — R be a measurable
function and P be a distribution X xY with Ry p(f) < co. Then we have |P|, < oo if and
only if f € L,(P).

Remark 8 If L is an invariant loss function of lower and upper order p and P is a distri-
bution with |P|, = oo the above lemma shows Ry p(f) = oo for all f € L,(P). This suggests
that we may even have Ry p(f) = oo for all measurable f : X — Y. However, this is in gen-
eral not the case. For example, let Px be a distribution on X and g : X — R be a measurable
function with g & L,(Px). Furthermore, let P be the distribution on X x R whose marginal
distribution on X is Px and whose conditional probability satisfies P(Y = g(:v)|$) = 1.
Then we have |Pl, = [y |g(z)[P dPx (z) = oo, but R p(g) = [ l(9(x) — g(z)) dPx (x) = 0.

3.3 Stability of infinite-sample KBR methods

As already discussed we are mainly interested in the optimization problem (2). To make
any meaningful investigation of the solution fp y we first have to ensure its existence. This
is done in the following proposition.

Proposition 9 Let L be a convex loss function which is of (a,p)-type, P be a distribution

on X xY with |P|, < co, H be an RKHS of a bounded kernel k, and \ > 0. Then there
exists a unique minimizer fp x € H of

fe REBA) = Rep(f) + I fIE

and we have HfP,/\HH S N/RL,P(O)//\ = 5137,\ .
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Remark 10 If H is an RKHS of a bounded kernel and L is a convex and invariant loss
function of lower and upper order p then it is easy to see by Lemma 7 that exactly for the
distributions P with |P|, < oo the minimizer fp \ is uniquely determined. Furthermore, if
[P|p = 0o we have Ry} \(f) = oo forall f € H. In the following we will therefore use the
definition fp  := 0 for such distributions.

Our next aim is to establish a representation of fp x. To this end we define for p € [1, o0]
the conjugate p’ € [1,00] by 1/p+ 1/p’ = 1. Furthermore we have to recall the notion of
subdifferentials (cf. e.g. Phelps (1986)).

Definition 11 (Subdifferential) Let H be a Hilbert space, F': H — RU{oo} be a convex
function and w € H with F(w) # 0o. Then the subdifferential of F' at w is defined by

OF (w) := {w* € H : (w*,v —w) < F(v) — F(w) forallve H}.

Furthermore, if L is a convex loss function, we denote the subdifferential of L with respect
to the second variable by Oy L.

The robustness approach based on influence functions (see Definition 16) is based on a
special Gateaux-derivative. Therefore, we mention that if F' is Gateaux-differentiable at w
then OF(w) contains only the derivative of F' at w, see (Phelps, 1986, Prob. 1.8).

With the help of the subdifferential ds . we can now recall the following result of DeVito
et al. (2004) which is a generalization of a representation shown in Steinwart (2003).

Proposition 12 Let p > 1, L be a convex loss function of type (a,p), and P be a distribu-
tion on X XY with |P|, < co. Let H be the RKHS of a bounded, continuous kernel k over
X, and ® : X — H be the canonical feature map of H. Then there exists an h € Ly (P)
such that h(x,y) € 02L(y, fe A(z)) for all (z,y) € X xY and

1
fpa= o Eph®. (6)

With the help of Proposition 12 we can now state the following stability result, see Zhang
(2001) and Steinwart (2003) for similar results for classification problems.

Theorem 13 Letp, L, P, H, ®, and h be as in Proposition 12. Then for all distributions
Q on X XY with |Q|q < 00 we have h € Ly (P) N L1(Q) and

1
| fex — forlln < X |Eph® — EQh®| m . (7)

Furthermore, if L is actually an invariant loss function of upper order p and P satisfies
|P|, < 0o then we h € Ly (P) N Ly (Q).
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4. Consistency of kernel based regression

In this section we establish L-risk consistency of KBR methods, i.e. we show that
Rva(fn)\n) — Rrp = inf{RLp(f)‘f X >R measurable}

holds in probability for n — oo for suitable chosen regularization sequences (), ). Of course,
such convergence can only hold if the used RKHS is rich enough. One way of describing
the richness of H is the following definition taken from Steinwart (2001).

Definition 14 Let X C R? be compact and k : X x X — R be a continuous kernel with
RKHS H. We say that k is universal if H is dense in the space of continuous functions
C(X) equipped with || .||co-

It is well-known that many popular kernels including the Gaussian RBF kernels are
universal, cf. e.g. Steinwart (2001) for a simple proof of universality of the latter kernel.
With the above definition we can now formulate our consistency result.

Theorem 15 Let X C RY be a compact subset, L be an invariant, convex loss function of
lower and upper order p > 1, and H be a RKHS of a universal kernel on X. We write
p* = max{2p, p?} and fir a sequence (\,) of positive numbers with A\, — 0 and A — 0.
Then KBR based on (1) using X\, for sample sets of length n is L-risk consistent for all

distributions P with |P|, < occ.

Note that Theorem 15 in particular shows that KBR using the least squares loss function
is weakly universally consistent in the sense of Gyorfi et al. (2002). Furthermore, it is
worthwhile to note that under the above assumptions on L, H, and ()\,) we can even
characterize the distributions P for which KBR estimates based on (1) are L-risk consistent.
Indeed, if |P|, = oo then KBR is trivially L-risk consistent for P whenever Ry p = oc.
Conversely, if |P|, = oo and R p < oo then KBR cannot be L-risk consistent for P since
Lemma 7 shows R p(f) = oo for all f € H.

In some sense it seems natural to consider only consistency for distributions satisfying the
tail assumption |P|, < oo as this was done e.g. in Gyorfi et al. (2002) for least squares meth-
ods. In this sense Theorem 15 gives consistency for all reasonable distributions. However, it
is important to note that the above characterization shows that our KBR methods are not
robust against small violations of this tail assumption. Indeed, let P be a distribution with
|P|, < 00, and P be a distribution with |P|, = oo and Ry p(f") < oo for some f* € Ly(P).
Then every mixture distribution Q. := (1 — ¢)P + P, ¢ € (0, 1), satisfies both |Q.|, = oo
and R, q. < oo and thus KBR is not consistent for any of the small perturbation Q. of P
while it is consistent for original distribution P. From a robustness point of view, this is of
course a negative result.

5. Robustness of kernel based regression

In the statistical literature different criteria have been proposed to define the notion of
robustness in a mathematical way, e.g. Huber (1964), Hampel (1974), Hampel et al. (1986),
Tukey (1977), Donoho and Huber (1983), and Rousseeuw and Hubert (1999).
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In this paper, we mainly use Hampel’s approach based on the influence function. We will
consider a map T which assigns to every distribution P on a given set Z an element T'(P)
of a given Banach space E. For the case of the convex risk minimization problem given in
(2) we have E = H and T'(P) = fp .

Definition 16 (Influence function) The influence function of T at a point z for a dis-
tribution P is the special Gateaux derivative (if it exists)

IF(5T,P) = 15?3 T((1—¢)P +;Az) — T(P) | ®

where A, is the Dirac distribution at the point z, i.e. A,({z}) = 1.

The influence function has the interpretation, that it measures the impact of an (infinites-
imal) small amount of contamination of the original distribution P in direction of a Dirac
distribution located in the point z on the theoretical quantity of interest T'(P). Therefore,
in the robustness approach based on influence functions it is desirable that a statistical
method T'(P) has a bounded influence function. We also use Tukey’s sensitivity curve which
can be interpreted as a finite sample version of the influence function. The sensitivity curve
measures the impact of a single data point z.

Definition 17 (Sensitivity curve) The sensitivity curve of an estimator T,, at a point z
given a data set z1, ..., 2n—1 1S defined by

SCn(z,Ty) = n(Tn(zl, cesZn—1,2) — Tph—1(z1,. .. ,zn_l)) i

If the estimator T, is defined via T'(P,), where P,, denotes the empirical distribution of

the data points z1, ..., z,, then we have for e, = 1/n:
T((1 —ep)Pn_1+e,A,) —T(P,_
0 (s = T colPoct 1 E08) Ty )

In the following we give sufficient conditions for the existence of the influence function for
the kernel based regression methods based on (2). Further, we establish conditions on the
kernel k£ and on the loss function L ensuring that the influence function and the sensitivity
curve are bounded. To this end we need to recall some notions from Banach space calculus.
We say that a map G : E — F between Banach spaces E and F' is (Fréchet)-differentiable
in g € FE if there exists a bounded linear operator A : F — F and a function ¢ : F — F
with €% — 0 for 2 — 0 such that

[Ell
Glxo +7) = G(zg) = Ax+ ¢(x) (10)

for all x € E. Furthermore, since A is uniquely determined by (10) we write G'(x) :=
g—g(m) := A. The map G is called continuously differentiable if the map = — G'(z) exists
on F and is continuous. Analogously we define continuous differentiability on open subsets
of E. For further information we refer to Akerkar (1999), Brown and Pearcy (1977), and
Yosida (1974).

The next result shows that the influence function of T'(P) = fp x based on (2) exists, if
the loss function is convex and twice continuously differentiable and if the kernel is bounded
and continuous. The proof of this theorem as well as the proofs of the following results can

be found in the appendix.
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Theorem 18 Let H be a RKHS of a bounded continuous kernel k on X with canonical
feature map ®: X — H, and L : Y x R — [0,00) be a convex loss function of some strong
type (a,p). Furthermore, let P be a distribution on X XY with |P|, < co. Then the influence
function of fp \ exists for all z := (x,y) € X x Y and we have

IF (2 T,P) = ST (Ep(L'(Y, foa(X))2(X))) — L'(y, foa(2)S™ ®(2) , (11)

where S : H — H is defined by S = 2\idg + EpL” (Y, fr \(X))(®(X), .)®(X).

It is worth mentioning that the proof can easily be modified in order to replace point mass
contaminations A, by arbitrary contaminations P satisfying |P|, < co. As the discussion
after Theorem 15 shows we cannot omit this tail assumption on P in general.

From a robustness point of view, one is mainly interested in bounded influence func-
tions. Interestingly, for some kernel based regression methods based on (2) Theorem 18 not
only ensures the existence of the influence function but also indicates how to guarantee its
boundedness. Indeed, (11) shows that the only term of the influence function that depends
on the point mass contamination A, is

~L'(y. fpa(2))S™ 0(2). (12)

Now let us assume that the used kernel is a Gaussian RBF kernel. Then we have ®(x) # 0
for all z € X and consequently, the influence function is bounded if and only if L' (-, fp x(z)) :
R — R is bounded for all z € X. For invariant loss functions we hence immediately obtain
the following corollary.

Corollary 19 Let X :=R%, Y := R, and k be a Gaussian RBF kernel on X with canonical
feature map ® : X — H. Furthermore, let L : Y x R — [0,00) be a convex and invariant
loss function of some strong type (a,p), and P be a distribution on X XY with |P|, < oco.
Then the influence function of fp \ exists for all z := (xz,y) € X x Y and we have

IF(zT,P) = =STHEp(I'(Y — feA(X)®(X))) +1'(y — foa(z))S™ @(x) . (13)

where | : R — R is the function representing L and S : H — H is defined by S =
20idg + Epl”(Y, fp A(X))(®(X),.)®(X). Consequently, the influence function is bounded

i z if and only if L is Lipschitz continuous.

The above corollary shows that the least squares loss function leads to a method with
an unbounded influence function. In contrast to that, using the logistic loss function or
its asymmetric generalization provides robust methods with bounded influence functions if
used in combination with the Gaussian RBF kernel.

Unfortunately, the above results require a twice continuously differentiable loss function
and therefore they cannot be used to investigate methods based on e.g. the e-insensitive loss
or Huber’s loss. Our next results which in particular bound the difference quotient used
in the definition of the influence function applies to all convex loss functions of some type
(a,p) and hence partially resolves the above problem for non-differentiable loss functions.

10
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Theorem 20 Let L:Y xR — [0,00) be a convex loss function of some type (a,p) and P,

P be distributions X xY with |P|, < co and |P|, < oo. Furthermore, let H be a RKHS of

a bounded, continuous kernel on X. Then for all A > 0, ¢ > 0 we have

2ce (|Pla + |Plq + 21’“5%A &% + 2)
ARL.p(0)

J

1o apiepn = feally <

where ¢ is the constant of the type (a, p)-inequality.

For the special case that P is the Dirac distribution A, concentrated in z = (z,7y) we
have |A,|, = a(y) and hence we obtain bounds for the difference quotient which occurs in
the definition of the influence function if we divide the bound by €. Unfortunately it then
turns out that we can almost never bound the difference quotient uniformly in z by the
above result. The reason for this problem is that the (a, p)-type is a rather loose concept for
describing the growth behavior of loss functions. However, if we consider only invariant loss
functions—and many loss functions used in practice are invariant—we are able to obtain
stronger results.

Theorem 21 Let L : Y xR — [0,00) be a convex invariant loss function of upper order
p>1, and P, P be distributions X x Y with |P|, < oo and |P|, < co. Furthermore, let H
be a RKHS of a bounded, continuous kernel on X. Then for all A > 0, ¢ > 0 we have

P — Bl,_y + [P — Blo (|k]I% " [PIF 2 A-¢-1/2 4 1)
||f(175)P+515,)\ - fP,)\HH Sce ||k||oo 2 )

where the constant ¢ only depends on L and p.

Recall that Lipschitz continuous invariant loss functions have upper order p = 1, and thus
for such loss functions only the 0**-moments |.|o occurs in the above theorem. Furthermore
for all finite, signed measures p we have |ulo = ||p||lpm, where ||p||m denotes the norm of
total variation (see e.g. Brown and Pearcy (1977) ), and hence we immediately obtain

Corollary 22 Let L :Y xR — [0,00) be a Lipschitz continuous, conver and invariant loss
function, and P, P be distributions X X Y with |P|; < oo and |P|; < oo. Furthermore, let
H be a RKHS of a bounded, continuous kernel on X. Then for all A > 0, € > 0 we have

Ui |kl P —P
[ faeprepn = feally < elth | Hoo)’\‘ [¥ |

where | : R — [0,00) is the function associated with L. In particular considering (1), we
have
1SC (2 Ta)llr < 227" [[Klloo U

forallze X xY.
Finally, let us compare the influence function of kernel based regression methods with

the influence function of M-estimators in linear regression models with f(z;) = x}6, where
6 € R? denotes the unknown parameter vector. Let us assume for reasons of simplicity that

11
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the scale parameter o € (0,00) of the linear regression model is known. For more details
about such M-estimators see Hampel et al. (1986). The functional T'(P) corresponding to
an M-estimator is the solution of

Epn (X.[Y ~ X'T(P)]/o) X = 0. (14)

where the odd function n(z,-) is continuous for z € R% and n(z,u) > 0 for all z € R?, u €
[0,00). Almost all proposals of  may be written in the form n(x, u) = ¥ (v(z)-u)-w(z), where
1 : R — R is a suitable user-defined function (often continuous, bounded and increasing),
and w : R? — [0,00), v : R? — [0,00) are weight functions. An important subclass of
M-estimators are of Mallows-type, i.e. n(z,u) = ¥(u) - w(x). The influence function of
T(P) = @ in the point z = (z,y) at a distribution P for (X,Y) on R? x R is given by

IF(z;T,P) = M_l(n, P)-n (33, ly — :U'T(P)]/U) ST, (15)

where M (n,P) :=Ep 7/ (X,[Y — X'T(P)]/o) XX’. An important difference between kernel
based regression and M-estimation is that IF(z;T,P) € R? in (15), but IF(z;T,P) € H in
(11) for point mass contamination in the point z.

A comparison of the influence function of KBR given in (11) and (13) with the influence
function of M-estimators given in (15) yields that both influence functions have nevertheless
a similar structure. The function S = S(L”,k,P) for KBR and the matrix M (n,P) for
M-estimation do not depend on z. The terms in the influence functions depending on
z = (x,y), where the point mass contamination A, occurs, are a product of two factors.
The first factors are —L'(y, fp A(z)) for general KBR, ¢ (v(x) - (y — 2'6) /o) for general M-
estimation, I'(y — fp.a(x)) for KBR with an invariant loss function, and ¢ ((y — 2'6) /o) for
M-estimation of Mallows-type. Hence the first factors are measuring the outlyingness in
y—direction. KBR with an invariant loss function and M-estimators of Mallows-type use
first factors which only depend on the residuals. The second factors are S~'®(x) for the
kernel based methods and w(x)z for M-estimation. Therefore, they do not depend on y
and measure the outlyingness in z—direction.

Concluding one can say that there is a natural connection between KBR, estimation and
M-estimation in the sense of the influence function approach. The main difference between
the influence functions is of course, that the map S~'®(x) takes values in the RKHS H in
the case of KBR whereas w(x)z € R? for M-estimation.

6. Examples
In this section we give simple numerical examples to show that:

e KBR with the e—insensitive loss function is indeed more robust than KBR based on
the least squares loss function if there are outliers in y-direction.

e In general there is no hope to obtain robust predictions f (z) with KBR if z belongs to
a subset of the design space X where no or almost no data points are in the training
data set, i.e. if x is a leverage point.

We constructed a data set with n = 101 points in the following way. There is one
explanatory variable z; with values from —5 to 5 in steps of order 0.1. The responses y; are

12
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simulated by y; = x; + e;, where e; is a random number from a normal distribution with
expectation 0 and variance 1. The e-SVR and LS-SVR with similar hyperparameters give
almost the same fitted curves, see Figure 1(a).

Figure 1(b) shows that e-SVR is much less influenced by outliers in y—direction (one data
point is move to (x,y) = (—2,100)) than LS-SVR due to the different behavior of the first
derivative of the loss functions.

Now we add to the original data set sequentially three data points all equal to (z,y) =
(100, 0) which are bad leverage points with respect to a linear regression model. The number
of such data points has a large impact on KBR with a linear kernel, but the predictions of
KBR with a Gaussian RBF kernel are stable but nonlinear, see Figure 1(c).

Now we study the impact of adding to the original data set two data points z; = (100, 100)
and zo = (0,100) on the predictions of KBR, see Figure 1(d). By construction z; is a good
leverage point and 29 is a bad leverage point with respect to a linear regression model which
follows e.g. by computing the highly robust LTS estimator (Rousseeuw, 1984), whereas the
roles of these data points are switched for a quadratic model. There is no regression model
which can fit all data points well because the x—components of z; and zo are equal by
construction. This toy example shows that in general one can not hope to obtain robust
predictions f(x) for Ep(Y|X = 2) with KBR if 2 belongs to a subset of X where no or almost
no data points are in the training data set because the addition of a single data point can
have a big impact on KBR if the RKHS H is rich enough. Note that the hyperparameters ¢,
v, and C' = 1/(2)) were specified in these examples to illustrate certain aspects of KBR and
were therefore not determined by a grid search, a Nelder-Mead search or by cross-validation.

7. Discussion

In this paper properties of kernel based regression methods including support vector ma-
chines were investigated. Consistency of kernel based regression methods was derived and
results for the influence function, its difference quotient and the sensitivity curve were estab-
lished. Our theoretical results show that KBR methods using a loss function with bounded
first derivative (e.g. logistic loss) in combination with a bounded and rich enough continuous
kernel (e.g. a Gaussian RBF kernel) are not only consistent and computational tractable,
but also offer attractive robustness properties.

Most of our results have analogues in the theory of kernel based classification methods,
see e.g. Steinwart (2005), and Christmann and Steinwart (2004). However, since in the
classification scenario Y is only {—1,1}-valued, many effects of the regression scenario
with unbounded Y do not occur in the above papers. Consequently, we had to develop a
variety of new techniques and concepts: one central issue here was to find notions for loss
functions which on the one hand are mild enough to cover a wide range of reasonable loss
functions, and on the other hand are strong enough to allow meaningful results for both
consistency and robustness under minimal conditions on Y. In our analysis it turned out
that the relation between the growth behaviour of the loss function and the tail behaviour
of Y play a central role for both types of results. Interestingly, similar tail properties of
Y are widely used for obtaining consistency of non-parametric regression estimators and
for establishing robustness properties of M-estimators in linear regression. For example,
Gyorfi et al. (2002) assume EpY? < oo for the least squares loss, Hampel et al. (1986,
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Figure 1: (a) Simulated data set. £—SVR with k=RBF (solid); LS-SVR with k=RBF
(dashed). (b) one outlier in y—direction at (z,y) = (—2,100). ¢—SVR with
E=RBF (solid); LS-SVR with k=RBF (dashed). (c) Simulated data set with ad-
ditional 1, 2, or 3 data points in (z,y) = (100,0). e—SVR with k=linear; e—SVR
with k=RBF. (d) two additional data points in (z,y) = (100,0) and (z,y) =
(100,100). e—SVR with k=linear; e~SVR with k=RBF (RBF,a) and k=RBF
with (e,7,C) = (0.1,0.00001, 10000) (RBF,b), respectively. The hyperparame-
ters were (e,v,C) = (0.1,0.1,10) for e—SVR with k&=RBF, (¢,C) = (0.1, 10) for
e—SVR with k=linear, and (v, C) = (0.1, 10) for LS-SVR with k=RBF.

p.315) assume existence and non-singularity of Ep /' (X, [Y — X'T(P)]/o) X X', and Davies
(1993, p.1876) assumes Ep||X||(|| X ||+ |Y|) < co. Another important issue was to deal with
the estimation error in the consistency analysis. We decided to use a stability approach
in order to avoid truncation techniques, so that the proof of our consistency result became
surprisingly short. An additional benefit of this approach was that it revealed an interesting
connection between the robustness and the consistency of KBR methods. Note that a
somewhat similar observation was recently made by Poggio et al. (2004) and Mukherjee
et al. (2004) for a wide class of learning algorithms. However, they assume that the loss
function or Y is bounded and hence their results cannot be used in our more general setting.

14
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Our results concerning the influence function of kernel based regression (Theorem 18 and
Corollary 19) are valid under the assumption that the loss function is twice continuously
differentiable, whereas our other robustness results are valid for more general loss functions.
The strong differentiability assumption was made because our proof is based on a classical
theorem of implicit functions. We have not investigated whether similar results hold true
for continuous but not differentiable loss functions. It may be possible to obtain such results
by using an implicit function theorem for non-smooth functions based on a weaker concept
than Fréchet differentiability. However, there are indications why a smooth loss function
may even be desirable. The function —L’ has a similar role for kernel based regression than
the @—function for M-estimators. Huber (1981, p. 51) considered robust estimation in
parametric models and investigated the case that the underlying distribution is a mixture
of a smooth distribution and a point mass. He showed that an M-estimator has a non-
normal limiting behavior if the point mass is at a discontinuity of the derivative of the
score function. Since distributions with point masses are not excluded by nonparametric
regression methods such as KBR his results indicate that a twice continuously differentiable
loss function may guard against such phenomena.

Theorems 18 and 21 and the comments after Theorem 15 show that KBR estimators based
on appropriate choices of L and k£ have a bounded influence function if the distribution
P has the tail property |P|, < oo, but are non-robust against small violations of this
tail assumption. The deeper reason for this instability is that the theoretical regularized
risk itself is defined via EpL(Y, f(X)), which is a non-robust location estimator for the
distribution of the losses. This location estimator can be infinite for mixture distributions
(1 — )P 4¢P no matter how small ¢ > 0 is. Following general rules of robust estimation in
linear regression models, one might replace this non-robust location estimator by a robust
alternative like an a-trimmed mean or the median (Rousseeuw, 1984), which results in

Jp . = arg min Medianp L(Y, /(X)) + Al/I[7 (16)

or might use a bounded, non-convex loss function L (Rousseeuw and Yohai, 1984). We
conjecture that fg , offers additional robustness, but sacrifices computational efficiency.
However, such methods are beyond the scope of this paper.

To our best knowledge there are no results on robustness properties of KBR which are
comparable to those presented here. However, Suykens et al. (2002) proposed the WLS-
SVR algorithm which is based on KBR with least squares loss function (LS-SVR) in the
following way: a LS-SVR is fitted, then data points with large absolute residuals divided by
a robust scale estimate are downweighted, and finally a second LS-SVR is done taking these
weights into account. Our theoretical results given in Section 5 show that a robustification
of LS-SVR is indeed necessary because its loss function increases too fast. However, it is
doubtable whether the WLS-SVR approach completely resolves that problem since a general
result of robust statistics is that such weighted estimators already need a robust estimator
in the first step, see e.g. Rousseeuw (1984) and Yohai et al. (1991) for linear regression.
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Appendix: Proofs of the Results
A.1 Proofs of Section 3

Proof of Lemma 4. Assertion i) is trivial and the left inequality of assertion iv) is well
known from convex analysis. Furthermore, the right inequality of iv) easily follows from
I(r) = |i(r) = 1(0)] < H(r)|r — 0| = |r|H(r) for all » € R. Moreover, the right inequality
of iv) directly implies ii). Furthermore i) can be easily by the left inequality of wvi) since
lim, o I(r) = oo implies H(r) > 0 for all r # 0. Finally, the last assertion follows from

Ly, t) =lly —t) <c(ly —tP +1) <c(lylP + [t +1). O

Proof of Proposition 6. For bounded measurable functions f : X — R we have

Rup(f) = / Ly, () dPx(x,y) < c /X () + @) + 1) dPx ()

XxY

IN

lalzye) + I,y +e < oo. O

Proof of Lemma 7. For all a,b € R we have (|a| + |b|)? < 2P~1(|a|P + |b|P) if p > 1, and
(la] 4+ |b])? < |a|P + |b|P otherwise. This obviously implies |a|? < 2P~!(|a — b|P + |b[P) and
la|P < |a — b|P + |b|P, respectively. Now let us assume that we know f € L,(P). By our
preliminary considerations we then obtain

o0 > RL,P(f) > C/

XxXY

(Jy = F@)I7 = 1) dP(z,y) > / (Iyl? = el ()] = 1) dP(z,y)

XxY

for some finite constants ¢ > 0 and ¢, > 0. From this we immediately |P|, < oco. The
converse implication can be shown analogously. [

Proof of Proposition 9. Our proof follows DeVito et al. (2004). However, the assertion
can also be shown elementarily by modifying the proof of Lemma 3.1 in Steinwart (2005).
Since L is of type (a,p) we observe by (Ekeland and Turnbull, 1983, Prop. I11.5.1) that
Rrp : Lp(P) — R is continuous (actually, their result is only stated for X C R, but
it is straightforward to check that it holds for arbitrary measure spaces). Furthermore,

id : H — L,(P) is continuous since k is bounded and hence R7% , : H — R is continuous.

This map is also convex, and the set {f € H : R}% ,(f) < dpr} is non-empty (it contains
0 € H) and bounded. Therefore, (Ekeland and Turnbull, 1983, Prop. 11.4.6) ensures the
existence of fp . The uniqueness follows from the strict convexity of R . The last

assertion is trivial. O

Proof of Theorem 13. We begin with proving the general case. By Proposition 12
there exists an h € Ly (P) with h(z,y) € 02L(y, fepa(x)) for all (z,y) € X x Y, and
frr = —i Ep h®. Let us first show that h is integrable for Q. To this end using the
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shorthand K := ||k||, we find

Az, )| < 10:L(y, fea@)] < (LW, )= fon@on@n]s
< L, s nsconxil
2
< 5P,)\K HL(y’ ‘)\[—25P,AK,25P,AK]HOO
< 2c‘a(y) + ‘25p’)\K|p -+ 1‘ ‘ (17)
- 6P,)\K
From this we immediately deduce h € L1(Q).
Now, by the definition of the subdifferential we have
Wz, y) (for(@) — fea(z)) < Ly, for(x)) — Ly, fea(z)),
and hence
Ey~q Ly, foa(@)) + (for = fea s EQh®) < Egy)q Ly, foa(x)) - (18)
Moreover an easy calculation shows
MfeallE 42X (fax — fens fea) + Al — faalli = Ml foalld - (19)
Combining (18) and (19) it follows
RiOAeA) + (far = fexs Eh® + 20 fe ) + Al fer — faullir < REQa(fan)
< Rigalfen).

Therefore by using fp ) = —% Eph® we obtain

Mo = foullr < (fea— for, EQh® — Eph®)
< fea— foulla - |Eqh® — Eph®| g ,

which shows the assertion in the general case.

Now let us assume that L is invariant. As usual we denote the function that represents
Lbyl:R — [0,00). Then we easily check that h satisfies h(x,y) € 02L(y, fp.a(x)) =
—0l(y — fr(x)) for all (z,y) € X x Y. Now for p = 1 we see by iv) of Lemma 4 that [
is Lipschitz continuous and hence the function H is constant. Since this gives, cf. (Phelps,
1986, Prop. 1.11),

[h(z,y)| < H(y — fea(x)) < [[Hll

we find h € Lo (Q) which is the assertion for p = 1. Therefore let us finally consider the
case p > 1. Then for (z,y) € X x Y with r := |y — fp.a(z)| > 1 we have

2 _
‘h(xﬂl/)‘ < ’al@/ - fP,)\(‘r))‘ < H(T) < - Hl|[2r,2r}H00 <ecr? !
T

for a suitable constant ¢ > 0. Furthermore, for (z,y) € X x Y with |y — fpa(z)| < 1 we
have |h(z,y)| < 10l(y — fea(x))| < H(y — fea(z)) < H(1). Together, these estimates show

Ih(z,y)| < émax{1,|y — fer(@)[P'} <ée, L+ ylP ' + | foa(@)P)
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for some constant ¢ only depending on the loss function L and ¢, := max{1, 2°=21 Now,
using p'(p — 1) = p we obtain h € Ly (Q) with

1z, ) < E& (1Qp + KIS L foallf ' +1) (20)
P

Finally, for later purpose we note that our previous considerations for p = 1 showed that
(20) also holds in this case. [

A.2 Proofs of Section 4

In order to prove Theorem 15 we need some preliminary results. Our first lemma shows
that the influence of the regularization term A||fp ||% used in the definition of kernel based
regression methods vanishes for A — 0.

Lemma 23 Let L be a loss function, H be a RKHS over X with continuous kernel k and
P be a distribution on X x Y. Suppose that the minimizer fp x of (2) exists for all A > 0.

Then we have
lim R = inf R = Ripm-
A0 L,P,,\(fP,A) J}gH Lp(f) L.P.H

Proof of Lemma 23. Let ¢ > 0 and f. € H with Ry p(f:) < Rrp,u +e¢. Then for all
A < g||fellz we have

Repm < M feallir + Rep(fen) S Afellir + Rep(fe) <26+ Repu. O

The next lemma shows that universal kernels have zero approximation error with respect
to the L-risk.

Lemma 24 Let L be an convex and invariant loss function of lower and upper orderp > 1,
and H be a RKHS of a universal kernel. Then for all distributions P on X xY with |P|, < oo
we have

Rrpu=RrLp.
Proof of Lemma 24. We split the proof into two parts by first showing
Ripa =Rppr.p) =nf{Rrp(f)|f € Lo(P)} (21)

and then establishing
Rrp,Le®) =RLp- (22)

In order to prove (21) let us choose an € > 0 and a g € Loo(P). Then by the universality of
H there exists a function f € H with || f||, < |9/l and Px (|f —g| > €) < e. Furthermore,
with the arguments used in the proof of Theorem 13 we find

H(lyl +llgllo) < e(lyP~" + llglBs + 1)
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for all y € Y and a suitable constant ¢ > 0 only depending on L and p. This shows
(y— H(ly| + l9llo)) € L1(P) and hence we obtain

Rep(f) — Ruple)| < /X = 7@ = ity - s(@))] aP ()

< / H(lyl + llgll.o)| £(2) — g(x)| dP(z, y)
XxXY

IN

= 11+ g (& 22 o)

From this we easily get (21). In order to show (22) let us first recall that for all f: X — Y
with Rz p(f) < oo we have f € L,(P) by Lemma 7. Therefore we can restrict the infimum
used in the definition of Ry p to functions contained in L,(P). Now for a fixed f € L,(P)
we define h(z,y) := (Jy[P~! + |f(2)|P~1 + 1) |f(2)], (z,y) € X x Y. By Holder’s inequality
and p'(p — 1) = p we then find

/ (g~ + @) P () dP(x, )
XxY

1/p
<o [ e @P e ) e
XxY
< 00,
where in the last estimate we used f € L,(P) and ((z,y) — y) € L,(P). This shows

h € Li(P). Let us now define f, := 14 fj<n1f, » > 1, where 14 denotes the indicator
function of A. Then we obtain

Rip(fa) — Rip(f)| < / 1y — fulz)) — Uy — f(x))] dP(z, )
< / H(ly| + 1 £())) | (2)| dP(z, )
|fI>n

o e
[fI=n

and hence we get lim,,_,oc Rz p(fn) = Rrp since h € L;(P). O

Under the assumptions of Lemma 23 and Lemma 24 we immediately see that
Rrp(fea,) — Rrp holds for A\, — 0. Therefore, we obtain L-consistency whenever
we can show that |Rpp(fpa,) — RL7P(]E”’)W)| — 0 holds in probability for n — oo and
suitable null sequences (\,). Our main tool for ensuring this convergence will be Theorem
13 which in particular describes the behavior of || fp x, — fn A, |loo if we let Q be an empirical
measure based on a sample set of length n. The next result shows how the norm of this
difference can be used to estimate |Rzp(fp,) — Rr.p(far,)l-

Lemma 25 Let L be a conver invariant loss function of some type p > 1 and P be a
distribution on X XY with |P|, < co. Then there exists a constant ¢, > 0 only depending
on L and p such that for all bounded measurable functions f,g: X — Y we have

(Rip(f) = Rep@)] < ¢ (IPlp—1 + IFIE" + gl + D)I1f = 9l -
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Proof of Lemma 25. Again we have H(|y| + |a]) < & (|y/P~* +]a[P~ +1) for all a € R,
y € Y, and a suitable constant ¢, > 0 depending on L and p. Furthermore, we find

Rip(f) — Riplg)] < / 1y — £(@)) — 1y — g(=))| dP(z,y)

IN

/H(Iy! +1flloo + 19lloo) | (@) — g(@)] dP(z,y) -

Now we easily obtain the assertion by combining both estimates. [

Let us now deal with the stochastic analysis of |Rzp(fp.) — Rep(far)| — 0. To this
end we need the following lemma.

Lemma 26 Let Z be a measurable space, P be a distribution on Z, H a Hilbert space and
f:Z — H be a measurable function with ||f|, := (Ep||f||%)"? < 0o for some q € (1,00).
We write ¢* := min{1/2,1/q'}. Then there exists a universal constant c, > 0 such that for
alle >0 and allm > 1 we have

P”((zl,...,zn) AR Hiif(zi) —]Epr > 5) <e, <||f||q>q‘
=1

end”

For the proof of Lemma 26 we have to recall some basics from local Banach space theory.
To this end we call a sequence of independent, symmetric {—1, 1}-valued random variables
(€i) a Rademacher sequence. Now let E be a Banach space, (X;) be an i.i.d. sequence of E-
valued, centered random variables and (¢;) be a Rademacher sequence which is independent
to (X;). Then for all 1 < p < oo and all n > 1 we have (see Hoffmann-Jgrgensen (1974,
Cor. 4.2))

p

(23)

o3
=1

Furthermore, a E is said to have type p, 1 < p < 2, if there exists a constant ¢,(E) > 0
such that for all n > 1 and all finite sequence z1,...,z, € E we have

n
=1

Since in the following we are only interested in Hilbert spaces H we note that these spaces
always have type 2 with constant co(H) = 1 by orthogonality. Furthermore, they also have
type p for all 1 < p < 2 by Kahane’s inequality (see e.g. (Diestel et al., 1995, p. 211)) which

ensures
n » 1/p n q 1/q
<EHZ E:4 > S Cp.q (EHZ&ﬁS’Z >
=1 =1

for all 0 < p, ¢ < oo, all Banach spaces E, all finite sequence 1, . .., z, and constants ¢, ; > 0
only depending on p and ¢. For more information we refer to Ledoux and Talagrand (1991)
and Diestel et al. (1995). Now we can proceed with

n
p
S QPEHZ Ein‘
i=1

n
p
< cp(B) Y il
i=1
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Proof of Lemma 26. Let us write h(zy,...,2,) := % oy f(z)—Epf. Then a standard

calculation shows .
Ep||hl|};
)

eqd

Pr([[nll =€) = /1{hqzaq}dP <

and hence it remains to estimate Ep||h[|%,. To this end recall that by (23) we have

Bz, pz0)~Pn

i f(zi) — EPfH(; < 2qE(z1,...,zn)~P”EHi gi(f(zi) — Epf) Hj{ ; (24)
i—1 i=1

where the inner expectation on the right hand side is with respect to the Rademacher
sequence (g;). For 1 < ¢ < 2 we hence obtain

EPHhH?{ = n_qE(zl,...,zn)NP”

zzn;f(zi) ~Eef|

n
B q
< 2R, e[S i)~ Ee) |
=1
n
< 2%¢m™1 Z]Ezwpﬂf(zi) —Epfl}
=1
< 49 UEp||f]Y,

where ¢, is the type ¢ constant of Hilbert spaces. From this we easily obtain the assertion
for 1 < ¢ < 2. Now let us assume that 2 < ¢ < co. Then using Kahane’s inequality there
is a universal constant ¢, > 0 with

n

_ q

Epllillyy < 2, )eE| Y e (/) —Eef)|
=1

n 2\ 2/2
S an_qE(zl,...,Zn)NPn <EHZ & (f(zl) - EPf) HH)
i=1
n Q/2
< o By (0 1600 - Eo 1
i=1
n / Q/2
< cgnf (Z (Esz”f(Zi) - IE1Pf\|qH)2 q)

i=1
< 20emn P Ep| £l

where we used that Hilbert spaces have type 2 with constant 1. From this estimate we
easily obtain the assertion for 2 < g < co. [

Proof of Theorem 15. To avoid handling with too many constants let us assume
k|, = 1, [Pl = 1, and ¢ = 2=*2) for the upper order constant of L. Then an easy
calculation shows Ry p(0) < 1. Furthermore, we assume without loss of generality that

An <1 for all n > 1. Obviously this implies || fp x, ||, < [[fpa, a7 < )\;1/2 Now for n € N
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and regularization parameter A\, let h, : X X Y — R be the function obtained by Theorem
13. Then our assumptions and (20) give th||Lp,(p) < 3.0 /p=2) (/2 Furthermore,
Lemma 25 provides a constant ¢, > 0 such that for all g € H with || fp, —gllg < 1 we
have

IRLp(fer,) — Rip(9)l

<y (IPlpet + o157 + gl + 1)1, = ol
-1
< o (224 (el + 1o an = gll)” ) e, — glla
< BNV fon, — gl (25)

where ¢, > 1 is a suitable constant only depending on p and L. Now let 0 < e <1 and T'
be a training set of length n with

)\(erl)/

e
1Bphn® — Exhn®|m < ——— (26)
P

Then Theorem 13 gives ||fp, — fro,llg < éljl)\%pfl)ﬂs <1 and hence (25) yields

IRep(fepn) = Rep(Fron)] < e A ® V2 fox, — froullr <c. (27)

Let us now estimate the probability of T' satisfying (26). To this end we define ¢ := p'.
Then we have ¢* := min{1/2,1/¢'} = min{1/2,1/p} = p/p* and by Lemma 26 we obtain

APTD/2, Al 4
P" (T € (X xY)" : |Eph,® — Erh,®| < ”~> > 1-¢ <>
D p c )\£Lp+1)/2 nq*
/3.9 2\ P
Z _Cp<€)\£np/p*> Y

where ¢, is a constant only depending on L and p. Now using Nonp/P" = ()\ﬁ*n)?’/ P* 5 o0
we find that the probability of samples sets T' satisfying (26) converges to 1 if n = |T| — oo.
As we have seen above this implies that (27) holds true with probability tending to 1. Now,
since A, — 0 we additionally have |Rzp(fp,) — Rir,p| < € for all sufficiently large n and
hence we finally obtain the assertion.

A.3 Proofs of Section 5

In order to shorten notations we sometimes write L(f) instead of L(y, f(x)). Moreover we
also use this kind of notation for derivatives of L.

The following proofs heavily rely on the implicit function theorem in Banach spaces.
Therefore, we recall a simplified version of this theorem (cf. Akerkar, 1999; Zeidler, 1986).
Here and throughout the rest of the appendix Br denotes the open unit ball of a Banach
space F.
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Theorem 27 (Implicit function theorem) Let E, F' be Banach spaces and G : EXF —
F be a continuously differentiable map. Suppose that we have (xg,y0) € E X F such that
G(xo,y0) = 0 and g—g(:no,yo) is invertible. Then there exists a § > 0 and a continuously
differentiable map f : xo+ 0B — yo + dBr such that for all x € xo + 0Bg, y € yo + 0Br
we have

G(z,y) =0 if and only if y = f(z).

Moreover, the derivative of f is given by

—1
P == (G f@))  Ghlefa).

For the application of the implicit function theorem we have to show that certain operators
are invertible. For this the following theorem which is known as the Fredholm Alternative
(¢f. Cheney, 2001) turns out to be helpful:

Theorem 28 (Fredholm Alternative) Let E be a Banach space and S : E — E be a
compact operator. Then idg + S is surjective if and only if it is injective.

Proof of Theorem 18. The key ingredient of our analysis is the map G : R x H — H
defined by
G(&', f) = 2)‘f =+ E(le)PJrEAzL/(Y; f(X))é(X)

for all e € R, f € H. Let us first check that its definition makes sense. To this end recall
that every f € H is a bounded function since we assumed that H has a bounded kernel k.
As in the proof of Proposition 6 we then find Ep|L/(Y, f(X))| < oo for all f € H. Since
the boundedness of k also ensures that ® is a bounded map, we then see that the H-valued
expectation used in the definition of G is defined for all ¢ € R and all f € H (Note that for
e ¢ 10,1] the H-valued expectation is with respect to a signed measure, c¢f. Dudley (2002)).
Now for € € [0, 1] we obtain (see Christmann and Steinwart (2004) for a detailed derivation)

ORTY

J(1—e)P+eA; A

= . 2
G ) LSSy 2
Since f — R (f) is convex and continuous (cf. proof of Prop. 9) for all € € [0, 1]

L,(1—e)P+eA; A\
equation (28) shows that we have G(g, f) = 0 if and only if f = f_.ypyea,  for such e.
Our aim is to show the existence of a differentiable function € — f. defined on a small
interval (—6,6) for some § > 0 that satisfies G(e, f:) = 0 for all € € (-4, ). Once we have
shown the existence of this function we immediately obtain

IF(2;T,P) = %’S (0).

For the existence of € — f. we only have to check by Theorem 27 that G is continuously
differentiable and that g—g(O, fp,») is invertible.
Let us start with the first. To this end we find by an easy calculation

oG

e &) = —EpL'(Y, (X)) R(X) + Ea, L'(Y, f(X))0(X), (29)
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and a slightly more involved computation (cf. Christmann and Steinwart (2004)) shows

00 (6.1) = 2\ iy + Buopaea L'V, FOONB(X), J0(X) = 5. (30)
In order to prove that % is continuous we fix an € and a convergent sequence f, — f
in H. Since H has a bounded kernel the sequence of functions (f,) is then uniformly
bounded. By the continuity of L’ we thus find a measurable bounded function g : ¥ — R
with L'(y, fo(x)) < L'(y,g(y)) for all n > 1 and all (z,y) € X x Y. As in the proof of
Proposition 6 we find (y — L(y,g(y))) € L1(P) and therefore an application of Lebesgue’s
theorem for Bochner integrals gives the continuity of %. Since the continuity of G and

g—g can be shown analogously we obtain that G is continuously differentiable (cf. Akerkar,

1999).
In order to show that g—g(o, fr.a) is invertible it suffices to show by the Fredholm Alter-
native that g—g((), fp,») is injective and that

Ag :=EpL"(Y, fpa(X))g(X)®(X), geH,

defines a compact operator on H.

To show the compactness of the operator A recall that X and Y are Polish spaces (cf.
Dudley (2002)) since we assumed that X and Y are closed. Furthermore, Borel probability
measures on Polish spaces are regular by Ulam’s theorem, i.e. they can be approximated
from inside by compact sets, c¢f. (Bauer, 1990, p. 180). In our situation, this means that
for all n > 1 there exists a compact subset X,, x Y,, C X xY with P(X,, xY,,) > 1 — %
Now we define a sequence of operators A, : H — H by

Ang = / / L"(y, for(x)) P(dylz) g(2)®(z) dP x () (31)

for all g € H. Note that if X x Y is compact we can choose X,, X Y,, := X X Y which
implies A = A,,. Let us now show that all A, are compact operators. To this end we first
observe for g € By, n > 1, and z € X that

hg(x) :—/ L"(y, fpp(@))]9(2)| P(dylz) < chHoo/ (a(y)+|fp(@)P+1) P(dy|z) =: h()

n n

fora:Y — R, p>1and ¢ > 0 according to the (a,p)-type of L”. Obviously, we have
h € Li(Px) which implies hy € L1(Px) with ||hy|l1 < ||R]||1 for all g € By. Consequently
dpg := hydPx and dp := hdPx are finite measures and by (Diestel and Uhl, 1977, Cor. 8
on p. 48) we hence obtain

Ang:/X sign g(z)®(x) hy(z)dPx(x) = / sign g(z)®(x)dpg(x)

n

fg(Xn) aco ®(Xy)
C p(Xp)aco®(X,),

m

where aco ®(X,,) denotes the absolute convex hull of ®(X,,), and the closure is with respect
to ||.][z. Now using the continuity of ® we see that ®(X,,) is compact and hence so is the
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closure of aco ®(X,). This shows that A, is a compact operator. In order to see that A
is compact, it therefore suffices to show ||A, — A|| — 0 for n — oco. Recalling that the
convexity of L implies L” > 0 the latter convergence follows from P(X,, x Y,) > 1 — %,
L" o fp’)\ S Ll(P>, and

409 — Ag] L'(y, foa(2))9(@)®(2) dP(a,y)|

H/(Xxy)\(xann)

< L"(y, fea(@)) lg(@)| | @(2) dP (2, y)

/(XxY)\(anYn)
< K2 lgln / Ly, for(z)) dP(z,y).
(XXY)\(XnxYn)

Let us now show that 2—2(0, fp.a) = 2Midy + A is injective. To this end let us choose a
g € H with g # 0. Then we find

4X*(g, 9) + 4\ (g, Ag) + (Ag, Ag)
4\(g, Ag)

ANg, EpL" (Y, foA(X))g(X)®(X))
ANEpL" (Y, for(X))g*(X)

0,

((2Xidg + A)g, 2N idy + A)g)

\Y

A\

which shows the injectivity.
As already described we can now apply the implicit function theorem to see that € — f-

is differentiable on a small interval (-4, d). Furthermore, (29) and (30) yield

8f£ _ -1 %

85 (0> - S o 85 (vaP,)\)

= STHER(L'(Y, fea(X)®(X))) = L'(y, fea(2))S™ @(x). O

IF(zT,P) =

Proof of Theorem 20. Let us write Q := (1 — )P + ¢P. By Theorem 13 there then
exists a bounded, measurable function h : X X Y — R independent of € and P such that
we have
e Eph® — Eh®| g
eA Iklloo (I ey + 1211, )
2ec (|Pla + [Pla + 2PF [op || E o] + 2)

Adp

1o = fa—eprepalla

IN

IN

where in the last estimate we used (17). O

Proof of Theorem 21. Let us use the notations of the previous proof. Using || fpall, <
|&lloov/Rr,p(0)/A we then obtain analogously to the proof of Theorem 13 that

hay)| < (o™ 4+ foa@IP +1) < e (gl + [ RYE DA =2 4 1),
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where ¢, c > 0 are constants only dending on L and p. With this estimate we find

[fpx — f(lfs)PJrEIs,)\ |1

< eA ' ||Eph® — Ephd|y
< e ARl Ep_py Il
[P = Plyoy + [P = Plo ([[k]5 " [Pl 2A- =072 41
p p
< cellkll O

A

Proof of Corollary 22. Using the notations of the previous proof we have |h(z,y)| < |l|1
for all (z,y) € X x Y. Now the first assertion can be shown analogously to the previous
proof. Using (9) the second assertion is a direct consequence of the first one. [
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