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1 Introduction

In this lecture, we study empirical risk minimization for linear models, that is, prediction functions fy :
X — R which are linear in their parameters 6, that is of the form fy(x) = (6, p(z))gc, where ¢ : X — H
and H is a Hilbert space (essentially a Euclidean space with potentially infinite dimension), and 6 € 3.
We will often use the notation (#, ¢(x)) in this lecture instead of (0, ¢(x))s when this is not ambiguous.

The key difference with Lecture 2 on least-squares estimation is that, (1) we are not restricted to the square
loss (although many of the same concepts with play a role, in particular the analysis of ridge regression),
and (2), we will explicitly allow infinite-dimensional models, thus extending the dimension-free bounds
from Lecture 2. The notion of kernel k(z,y) = (¢(x), p(y))sc will be particularly fruitful.

Why is this relevant?
e Understanding linear models in finite but very large input dimensions requires tools from infinite-

dimensional analysis.

e Kernel methods lead to simple and stable algorithms, with theoretical guarantees, and adaptivity (as
opposed to local averaging techniques). They can be applied in high dimensions, with good practical
performance (note that for supervised learning problems in domains such as computer vision and
natural language processing, they do not achieve the state of the art anymore).

e They can be easily applied when input observations are not vectors.



e They are useful to understand other models such as neural networks (see Lectures 8 amd 9).

The type of kernel we consider here is different from the ones in Lecture 5. The ones here
A are “positive definite”; the ones from Lecture 5 are “non-negative”.  See more details in
https://francisbach.com/cursed-kernels/.



2 Representer theorem

Dealing with infinite-dimensional models seems impossible at first because algorithms cannot be run in
infinite dimensions. In this section, we show how the kernel function plays a crucial role to achieve lower-
dimensional algorithms.

As a motivation, we consider the optimization problem coming from machine learning with linear models,
with data (z;,y;) € X xY,i=1,...,n
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assuming the loss function ¢ is already from Y x R — R and not from Y x Y — R (e.g., hinge loss, logistic
loss or least-squares, see Lecture 3).

The key property of the objective function in Eq. (1) is that it accesses the input observations z1,...,z, €
X, only through dot-products (6, ¢(x;)), i = 1,...,n, and that we penalize using the Hilbert norm |||
The following theorem is crucial and has a particularly simple proof.

Theorem 1 (Representer theorem [1]) Let ¢ : X — H. Let (x1,...,z,) € X", and assume that
the functional ¥ : R"Y — R is strictly increasing with respect to the last variable, then the infimum of
W0, 0(z1)), -, {0, 0(xn)), |10]|?) can be obtained by restricting to 8 of the form

0= Z Oéi(p(lﬂi),
i=1
with o € R™.

Proof Let 6 € H, and Hp = {Zaigp(xi), a € R”} C X, the linear span of the feature vectors. Let
i=1

Op € Hp and 0 € U{ff be such that # = 0 + 0|, a decomposition which is using the Hilbertian structure

of H. Then Vi € {1,...,n}, (0,¢(z;)) = (Op, p(x;)) + (01, p(x;)) with (0,1, ¢(z;)) = 0.

0
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From Pythagoreas theorem, we get: ||0]|2 = ||0p]|* + ||01||*>. Therefore we have:

({8, @(@1))s -+ (0, 0(xn)), 10]%) = C({8p, (1)), - - -, (B, 9(wn)), 1B]* + 6. ])
> U((0p, p(x1)),- ., (O, ¢(xn)), [10]*)-

Thus
Jnf W((O, o(21)), -, (0, ¢(zn)), 1e1%) =, inf W((0, p(1)),- (0, 0(x))s [16]1%),
which is exactly the desired result. |

This implies that the minimizer of Eq. (1) can be looked among the vectors of the form 0 = > | a;p(x;):



Corollary 1 (Representer theorem for supervised learning) For A\ > 0,

inf LS £y (0, pla)) + S 1017 = inf S Uy, (6, 0(e0)) + 161 such that 6 =3 ap(a).

i=1

e [t is important to note that there is no assumption on the loss function £. In particular no convexity
is assumed. This is to be contrasted to the use of duality in Section 4, where convexity will play a
major role and similar a’s will be defined (but with some notable differences).

e We have: Vj € {1,...,n}, (0,¢p(x;)) = >  aik(z;,z;) = (Ka); where K € R™*" is the kernel
matriz, such that K;; = (¢o(z;), ¢(z;)) = k(z;, z;), and

1012 = 373 wos (o), o) = 303w, Ky = o' Ka

i=1 j=1 i=1 j=1

We can then write:

mm—Z@yz, yo(x))) + —|]6H2—m1n—Z€y“ Ka); )\ TKa.

oeH n acR™ N

For a test point x € X, we have f(x Zal x, ;).

Thus, the input observations are summarlzed in the kernel matrix and the kernel function, regardless
of the dimension of H. This is the kernel trick.

The kernel trick allows to:

e replace H by R™; this is interesting computationally when the dimension of H is very large (see more
details in Section 4),

e separate the representation problem (design of kernels on a set X) and algorithms and analysis (which
only use the kernel matrix K); this is interesting because a wide range of kernels can be defined for
many data types (see more details in Section 3) .

3 Kernels

In the section above, we have introduced the kernel function & : X x X — R as obtained from a dot product
k(x,y) = (p(z),o(y)). The associated kernel matrix is then a matrix of dot-products (often called a Gram
matrix), and is thus symmetric positive semi-definite, that is, all of its eigenvalues are non-negative, or
Vo € R, a' Ka > 0. It turns out that this simple property is enough to impose the existence of a feature
function.

/\ Tn this section y in an element of X, just like z € X, and not a label.



AN TEH = RY and ® € R™"*? is the matrix of features (design matrix in the context of regression) with i-rh
row composed of ¢(z;), then K = ®® T € R™*" is the kernel matrix, while %CI)T<I> € R4 is the empirical
covariance matrix.

This thus leads to the definition:

Definition 1 a function k : X x X — R is a positive definite kernel if and only if all kernel matrices are
symmetric positive semi-definite.

The important following theorem that dated back to Aronszajn (1950), with a constructive proof.

Theorem 2 ([2]) k is a positive definite kernel if and only if there exists a Hilbert space H, and a function
@+ X — 3 such that Va,y, k(z,y) = (p(x), p(y))s-

Proof We only give a proof sketch. One direction is straightforward. For the other direction we consider
a positive-definite kernel, and we will construct explicitly a space of functions from X to R with a dot-
product. We define the set H' as the set of linear combinations of kernel functions > | a;k(-, ;) for any
integer n, any set of n points and any a € R™. This is a vector space, on which we can define a dot-product

through
(D k(). Bik(y)) =Y > cilik(@i, yj)-
i=1 Jj=1

i=1 j=1
One can check that this is a well-defined function on H' x H’ (the value does not depend on the chosen
representation as linear combination of kernel functions), that it is a dot-product on H’, which satisfies
the two properties for any f € H', z,y € X:

<l€(,.ﬁl’), f> = f(.’,l') and <k(,$), k(7y)> = k(l’,y)
These are called reproducing properties, and corresponds to p(z) = k(;x).

The space H' is called “pre-Hilbertian”, because it is not complete. It can be “completed” into a Hilbert
space H with the same reproducing property. See [2, 3] for more details.

We can make the following observations:

e H is called the “feature space”, and ¢ the “feature map”.

e No assumptions are needed about the input space X, and no regularity assumptions are needed
for k. Up to isomorphisms, the feature map and space happen to be unique. The particular space of
functions, we built is called the reproducing kernel Hilbert space (RKHS), associated to 3, for which

p(z) = k(:,2).

e A classical intuitive interpretation of the identity (k(-,x), f) = f(x) is that the function evaluation
is the dot-product with a function. If Ly(R?) was an RKHS, this would mean that there exists a
function k£ : X x X — R such that [, k(x,y)f(y)dy = f(x). In other words, k(z,y)dy would be
a Dirac measure at x, which is impossible (as Dirac measures have no density with respect to the
Lebesgue measures). Thus Lo(R9) is a Hilbert space which is too large to be an RKHS.



e Given a positive-definite kernel k, we can thus associate it to some feature map ¢ such that k(x,y) =
(p(x),o(y))gc, but also to a space of functions on X with a given norm, either directly through the
RKHS above, or by looking at all functions fp of the form fy(z) = (0, ¢(x))q¢, with a regularization
term [|6]|%,.

/\ From now on, we will denote elements of the Hilbert space H through the notation f € H to
highlight the fact that we are considering a space of functions from X to R, except for optimization
algorithms in Section 4, where will use the notation (0, p(x))g instead of f(x).

e Exercise: the sum and (pointwise) product of kernels are kernels. What are their associated feature
spaces and feature maps?

e Sometimes, the feature map is easy to find, sometimes it is not. In the next section, we will look at
the main examples, and describe the associated spaces of functions (and the corresponding norms).

We now look at different ways of building the kernels, by starting first from the feature vector (e.g., linear
kernels), from the kernel and explicit feature map (polynomial kernel), from the norm (translation-invariant
kernel on [0, 1]), or from the kernel without explicit features (translation-invariant kernel on R%).

3.1 Linear and polynomial kernels

We start with the most obvious kernels on X = R?, for which feature maps are easily found.

e Linear kernel: k(z,y) = x'y. It corresponds to linear functions fy(z) = 6"z, with an fo-penalty
|0]|3. The kernel trick can be useful when the input data have huge dimension d, but are quite sparse
(many zeros), such as in text processing, so that the dot-product x "y can be computed in time o(d).

e Polynomial kernel: for r a postive integer, the kernel k(x,5) = (' y)" can be expanded as:

k(z,y) = (Zj;ﬂfzyz>r = > <a1,i ,ad> (z1y1)"" -+ (Taya)™ .

ar+-togqg=r e a
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We have an explicit feature map: ¢(x) = (( o " ad) 2t xgd) , and the set of functions
B ar+-tag=r

is the set of homogeneous polynomials on R?, which has dimension (d+:_1).

When d and r grows, and the dimension grows as d”, an explicit representation is not desirable,

and the kernel trick can be advantageous. Note however, that the associated norm (which penalizes

coefficients of the polynomials), is hard to interpret.

Exercise: how can we go beyond homogeneous polynomials, and consider all monomials z{" - - - z5¢
such that ag + - +ag < r?



3.2 Translation-invariant kernels on [0, 1]

We consider X = [0, 1], and a kernel of the form k(x,y) = q(x — y) with a function ¢ : [0,1] — R, which
is 1-periodic. Squared integrable functions which are 1-periodic can be expanded in Fourier series, that is,

1
= Z e2mTra  with G, = / q(z)e™ ™M™ 4y for m € Z.
meZ 0

Given a 1-periodic function f decomposed into its Fourier series f(z) = Y, o7 €*™™ f,,,, we consider the

penalty
> emlfml,
meZ
2immx R
with ¢ € R%_; this corresponds to the feature vector ¢(x),, = , and 6 € CZ, such that 6,, = fin\/Cm
VvV Cm

(we can easily consider complex-valued features instead of real-valued features if Hermitian dot-products
are considered), so that >, _, |0m|* is equal to the norm >, 7 ¢ fim|?-

Thus the kernel is

Z ( Z eimmz o—2immy Z 1 gim( )
k(z,y) = ) o@)me(z)y, = — =) —" YV =gz —y).
mez mez, VM Cm mez ‘™

It is thus natural to consider functions ¢ which are 1-periodic, and such that the Fourier series has non-

negative real values G, = ¢!

Penalization of derivatives. For certain penalties based on ¢, there is a natural link with penalties
on derivatives, as, if f is s-times differentiable with squared integrable derivative, we have f(*) (x) =
ez (2imm)*e* ™ f - and thus, from Parseval’s theorem:

[ 150w = @ X m
meZ

In this lecture we will consider penalizing such derivatives, leading to Sobolev spaces on [0, 1]. The following
examples are often considered:

e Bernoulli polynomials: co = 1 and ¢,, = |m|?* for m # 0, for which we have k(x,y) = 1+
(—1)s—1 ((23 Bos({x — y}), where By, the (2s)-th Bernoulli polynomlal1 and {x —y} € [0,1) is the
fractional part of # — y. The associated norm is || f||%, = s / |7 (2)2dx + / |f ()] da;

e Periodic exponential kernel: we can consider ¢, = 1+ a2]m\2, for which we have also a closed-form

2l
formula, with the penalty || f||2 = (;T)2/0 17 ()2 da +/0 |f(2)|*dz.

e2im7r(w—y)

Exercise (4444¢) : Give a closed-form for the kernel k(x,y) = Z T aZ[mp Hint: use the
meZ

Cauchy residue formula.

1See https://en.wikipedia.org/wiki/Bernoulli_polynomials.



These kernels are mostly used for their simplicity and their explicit feature map, which are simpler than
the kernels which are most used below (with similar links with Sobolev spaces). Note also, that for the
uniform distribution on [0, 1], the Fourier basis will be an orthogonal eigenbasis of the covariance operator
with eigenvalues c;,! (see Section ?7).

| fml?

L We now extend
Gm

From the kernel ¢(z — y) with Fourier series §,, for ¢, the associated norm is >,
this to Fourier transforms (instead of Fourier series).

3.3 Translation-invariant kernels on R?

We consider X = R%, and a kernel of the form k(z,y) = q(x —y) with a function q : R? — R. The following
theorem gives conditions under which we obtain a positive definite kernel.

Theorem 3 (Bochner [4]) The kernel k is positive definite if and only if q is the Fourier transform
of a non-negative Borel measure. As a consequence, if ¢ € L'(dx) and its Fourier transform only has
non-negative real values, then k is positive definite.

Proof We only give the proof of the consequence, which is the only one that we need. Since ¢ is
. . T . . .
integrable, §(w) = [pae ™ “q(x)dx is defined on R? and continuous, and we have through the inverse

Fourier transform formula: 1
) = —— 5 i(z—y
e =) = G [ d)e
Let z1,...,2, € R let aq,..., o, € R. We have:

- - 1 - iw T (xs—xj) 4
Z asajk($57xj) = Z asajq(xs —x]) = (27T)d Zl()ésaj /Rde (s J)q(w)dw

Svjzl S,j:]- Svj:

S,j:].
1 " T
= T | 2
T R4 —1

which shows the positive-definiteness. |

)T .

Q

2
(w)dw > 0,

Construction of the norm. We give an intuitive (non-rigorous) reasoning: if ¢ is in L!(dx), then §(w)
exists and, we have an explicit representation as

k) = Gz [ (VA VA = [ (el olw).)

R4

which is of the form (p(z), p(y)), with p(z), = Ww /G(w)e " . If we consider f(z) = / o(2)wb,dw =

Rd
. _ . 1 |f (w)|?
hen 6, = — h f 1 h
(p(x),0), then 6 (2ﬂ)d/2f(w)/\/q(w), and the squared norm of 6 is equal to ) /Rd @) dw, where

8



f denotes the Fourier transform of f. Therefore, we norm of a function f € H is (for a formal proof,
see [5]):

, 1 )
115 = (2m)d /Rd q(w) .

Note the similarity with the penalty for the kernel on [0, 1] (see more similarity below).

Link with derivatives. When f has partial derivatives, then the Fourier transform of {?Tfj is equal to

1 ~
iw; times the Fourier transform of f. This leads to, using Parseval’s theorem, 2 / |w; 1 f (w)|?dw =
s Rd

0
/ |%(x)|2dx, which extends to higher order derivatives:
J

1 a1 ,0d2) f 2 _/ L 2
g [ s PPl = [ o s

This will allow us to find corresponding norms, by expanding ¢(w)~! with polynomials.

Classical examples. The main examples are the following ones:

@
(02 + [Jw]3)@+1)/2"
See [6, page 84]. This corresponds to an RKHS norm which is penalizing all derivatives up to total
order (d + 1)/2, that is for all a € N¢ such that a; + -+ + a4 = (d + 1)/2, which is a Sobolev space
(fractional for d even).

e Exponential kernel g(z—y) = exp(—a|z—yl|2), for which §(w) = 2¢7@= /2D ((d+1)/2)

e Gaussian kernel q(z — y) = exp(—allz — y||?), for which ¢(w) = (E)d/2 exp(—||lw||3/(4)). By ex-

«

o0 2s
panding §(w) through its entire series as §(w) = (g)d/2 ;}(—1)3(!;938!, this corresponds to an
RKHS norm which is penalizing all derivatives. Note that all members of this RKHS are infinitely

differentiable.

e More generally, one can define a series of kernels so that §(w) o - for s > d/2, to ensure

(@2 + |wl3)
integrability of the Fourier transform. These so-called Matern kernels all correspond to Sobolev
spaces of order s. See [6, page 84]. A key fact is that to be an RKHS, a Sobolev space has to have

many derivatives when d grows.

For s = 43, we have k(z,y) o (14 v3allz — yll2) exp(—v3alz — y|l2), and for s = &5, we have
k(z,y) o< (1+ V5alz — yll2 + 30 [lz - yl3) exp(—V5alz - yll2).
e For all the kernels below, the set H is dense in La(dx) or Lao(dp(z)), meaning that all functions in

Lo(dx) or in Lo(dp(z)) can be approached (with respect to their corresponding norm) by a function
in H. This is made quantitative in Section 5.2.



Examples of members of RKHS. Below, we sampled n = 10 random points in [—1, 1] with 10 random
responses, and we look for the function f € H such that f(z;) = y; for alli € {1 ...,n} and with minimum
norm. Given the representer theorem, we can write f(z) = > | a;k(z, z;), and the interpolation condition
implies that Ko = y, and thus y = K 'a.

We consider several kernels below, going from close to piecewise affine interpolation to infinitely differen-
tiable functions (for the Gaussian kernel).

10 ‘
— Exponential (s=1)
—Matern (s=2)
—Matern (s=3)
S —Gaussian f
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3.4 Beyond (4)

While the theoretical analysis of kernel methods focuses a lot on kernels on R? and their link with dif-
ferentiability properties of the target function, kernels can be applied to a wide variety of problems, with
various input types. We give below classical examples (see more details in [7]).

e Set of subsets of a given set V: for example, the function k defined as k(A, B) = Iiggl is a positive

definite kernel.

e Text documents / web pages: with the usual “bag of words” assumption, we represent a text document
or a web page by considering a vocabulary of “words” (this could be group of letters, single original
words, or groups of words), and counting the number of occurrences of this word in the corresponding
document. This gives a typically high-dimensional features p(z) (with dimension the size of the
vocabulary). Using linear functions on this feature provide a cheap and stable predictors on such
data types (better models that take into account the word order can be obtained, such as neural
networks, at the expense of significantly more computational resources). See, e.g., [8] for examples.

e Sequences: given some finite alphabet A, we consider the set X of finite sequences in A with arbitrary
length. A classical infinite-dimensional feature space is indexed by X itself, and for y € X, ¢(z), is
equal to 1 is y is a subsequence of x (we could also count the number of times the subsequence y

10



appears in x, or we could add a weight that depend on y, e.g., to penalize longer subsequences). This
kernel has an infinite-dimensional feature space, but for two sequences z and z’, we can enumerate all
subsequences of  and 2’ and compare them in polynomial time (there exists much faster algorithms,
see [9]). These kernels have many applications in bioinformatics.

The same techniques can be extended to more general combinatorial objects such as trees, graphs
(see [7]).

e Images: before neural networks took over in the years 2010s with the use of large amounts of data,
several kernels were designed for images, with often a “bag-of-words” assumption which provides for
free invariance by translation. The key is what to consider as “words”, i.e., presence of certain local
patterns in the image, as well as the regions under which this assumption is made. See [10] for details.

4 Algorithms

In this section, we briefly mention algorithms aimed at solving

A
-y ZIfI 2
Héla%n § (Wi, f (i) + Sl Fll3e; (2)
for ¢ being convex with respect to its second variable. We assume that for all ¢ € {1,...,n}, k(z;, z;) =

lp(a)|I” < B2
Representer theorem. We can directly apply the representer theorem and try solve
)\
géﬁg}l—ZE vi, (Ka); o Ka,

which is a convex optimization problem.
In the special case of the square loss (ridge regression), this leads to
A
min —Hy Kall3 + 5 "Ka,
and setting the gradient to zero, we get (K2 + nAK)a = Ky, with a solution a = (K 4+ nAI)™y

However, in general (beyond square loss), it is a ill-conditioned optimization problem because K has
often very small eigenvalues (more on this later), and when the loss is smooth, the Hessians are equal to
%K Diag(h)K + MK, where h € R" is a vector of second-order derivatives of ¢, so that the Hessians are
ill-conditioned.

A better alternative is to first compute a square root of K as K = ®® ', where ® € R™ ™, and m the rank
of K, and solve

A
min —Zf yu <I>5 §H5H%a

ﬁeR'm n

11



with o = ® " 3. Note that this correspond to an explicit feature space representation (that is, the rows of
® corresponds to features in R™ for the corresponding data point).

Computing a square root can be done in several ways (through Cholesky decomposition or SVD) [11], in
running time O(m?n).

Column sampling. Approximate square roots are a very useful tool, and among various algorithms,
approximating K € R™ ™ from a subset of its columns can be done as K ~ K(V,I)K(I,1)"*K(I,V),
where K (A, B) is the sub-matrix of K obtained by taking rows from the set A C {1,...,n} and columns
from B C {1,...,n},and V ={1,...,n}. See below for an illustration when I = {1,...,m} and a partition
of the kernel matrix.

K(I,I)|  K(I,J)

K(J,D)|  K(J,J)

This corresponds to an approximate square root ® = K(V, 1)K (I,I)~'/? € R™™, with m = |I|, and it
can be computed in time O(m?n) (not even the need to compute the entire kernel matrix). Then, the
complexity is typically O(m?n) instead of O(n?) (e.g., when using matrix inversion for ridge regression,
for faster algorithms, see below), and is thus linear in n.

e Exercise: Show that this corresponds to approximating optimally each ¢(z;), j ¢ I, by a linear
combination of p(x;), i € I.

This approximation technique, often called “Nystrém approximation”, can be analyzed when the columns
are chosen randomly [12].

Random features. Some kernels have a special form that leads to specific approximation schemes, that
is,
k) = [ ol o)l v)du(o),
A%

where du is a probability distribution on some space V and ¢(z,v) € R. We can then approximate the
expectation by an empirical average

m

1
k(z,2') = — Z o(z,v;) (2, v;),
i=1

where the v;’s are sampled i.i.d. from du. We can thus use an explicit feature representation @(z) =
(J_lmw(xvvi))ie{l,,,,,m}, and solve

R R T A 2
ggﬁ%;;ayu(ﬁ(xz) /8) +§”BH2

12



For this scheme to makes sense, the number m of random features has to be significantly smaller than n,
which is often sufficient in practice (see an analysis in [13]).

The two classical examples are:

1 .
v / cj(w)e“"T(m_y) dw, for which we can take
(27T) R4
oz, w) = q(O)ei‘“Tm € C, where w is sampled from the distribution with density ©n ) q({(‘)’)) which
is a Gaussian distribution for the Gaussian kernel. Alternatively, one can use a real-valued feature

(instead of a complex-valued one) by using v/2 cos(w 'z + b) with b sampled uniformly in [0, 2] [14].

e Translation-invariant kernels: k(z,y) = q(x —y) =

e Neural networks with random weights: we can start from an expectation, for which the sampled
features are common, e.g., p(z,v) = o(v'z) for some function ¢ : R — R. For the “rectified linear
unit”, that is, o(a) = max{0,«a}, and for v sampled uniform on the sphere, we have k(z,z') =
% [(77 n) cos N + sin 77] where cosn = m [15]. Therefore, we can see a neural network
with a large number of hidden neurons, with input weights which are random and not optimized as

a kernel method. See a thorough discussion in Lectures 8 and 9.

Dual algorithms (#). For the next two algorithms, we go back to the notation f(z) = (p(x), ) with
f € H because it is more adapted (and is a direct infinite-dimensional extension of the algorithms from
Lecture 4). To solve mingeg = 37 €(yi, (p(x;),0)) + 5||0]|?, for a loss which is convex with respect to
the second variable, we can derive a Lagrange dual in the following way (for an introduction to Lagrange
duality, see [16]):

A
min — Zﬁ y27 Z ) >) + 5”6“2

geH n

Xian2 .
= 669—?111}16]1%” - Z€ Yi, Uj) 5”9“ such that Vi € {1,...,n}, (p(z:),0) = u;

= max min ZE Yi, Uj) —||9H2—|-)\Zoz2 u; — (p(x;),0))

a€R™ 0eH, ueR™ N

acR” u; ER

= max{ me{ﬁ y,,u,)+n)\azul]}+m1n{—|]0H2 )\Zai(cp(a:i),&}}
i=1

2

= olfé%g}ﬁ - Zflén {€ Yi, Ui) + nAau; b — o H Z a;p(x;)

1
— gé%é Z Ziné% {E Yi, i) + nhagu; b — ﬁaTKoz,

with 6 = Z a;p(z;) at optimum. Since the functions a; — min,,cg {E(yi,ui) + nAaju;} are concave (as
i=1
minima of affine functions), this is a concave maximization problem.

Note the similarity with the representer theorem (existence of o € R™ such that § = Y ;" | a;p(z;)) and
the dissimilarity (one is a minimization problem, one is maximization problem). Moreover, when the loss

13



is smooth, one can show that the function min,,er {E(yi, u;) + nAoyu; } is a strongly concave function, and
thus relatively easy to optimize (in other words, the associated condition numbers are smaller),

e Exercise: (a) for ridge regression, compute the dual problem and compare the condition number of
the primal problem and the condition number of the primal problem; (b) compare the two formu-
lations to using normal equations like in Lecture 2, and relate the two using the matrix inversion
lemma (®®T +nA)71® = &(OTd + nAI)~L.

SGD (¢). When minimizing an expectation

‘ A
min E[((y, (¢(z),0))] + 5 /10]I"

like in Lecture 4, the stochastic gradient algorithm leads to the recursion

Or = 01 — e [0 (ye, (p(1), 0r—1))p(0) + AOp—1],

where (x4, y¢) is an i.i.d. sample from the distribution defining the expectation, and ¢ is the derivative with
respect to the second variable.

When initializing at 6y = 0, then 6, is a linear combination of all ¢(x;), i =1,...,t, and thus we can write
¢
0= o),
i=1

with a(® = 0, and the recursion in « as

t—1

off = (1=l ™ for i€ {1, 0 =1}, and of) =~ (3, > ol k(i 2i) ).
i=1

The complexity after ¢ iterations is O(t?) kernel evaluations. The convergences rates from Lecture 4 apply.
More precisely, if the loss is G-Lipschitz continuous, then, for F(0) = E[((y, (¢(x),0))] + 5]|0]|%, we have,
for the averaged iterate 6;,

_ ) G2R2
E[F(6)] — inf F(0) < ——

When doing a single pass with ¢ = n, then F(0) is the regularized expected risk, and we obtain
2 2
A
a generalization bound, leading to E[R(fs,)] < G)\—f + ;n& {R(f) + 5\\]"\\%{} These bounds
€

are similar than the ones below.

“Kernelization” of linear algorithms. Beyond supervised learning, many unsupervised learning al-
gorithms can be “kernelized”, such as principal component analysis or canonical correlation analysis. See
[5, 7] for details.

14



5 Generalization guarantees - Lipschitz-continuous losses

In this section, we consider a G-Lipschitz-continuous loss function, and consider a minimizer f(DC) of the
constrained problem

=Sy, (s h that 3
5%%2 yis f(@i)) such that || f]sc < 3)

and the unique minimizer f)(\r of the regularized problem

A
mln—Zf Vi, | 332 §||f||g{ (4)

feX n

We denote by R(f) = E[€(y, f(x))] the expected risk, and by f* one of its minimizers (which we assume
to be square integrable). We assume k(z,z) < R? almost surely.

Note that we have

R(f)=R(f*) < E[y, f(2)—Ely, f*(2))]] < GE[|f(2)~f*(@)]] < GVE[f(2) — F*(@)P] = Gll.f | La(ap(a)):

that is, the excess risk is dominated by the fo-norm of f — f*.

5.1 Risk decomposition

Constrained problem. Dimension-free results from Lecture 3, based on Rademacher complexities im-

mediately apply, and we obtain that the estimation error is bounded from above by Q%R, leading to:

9GDR G
Vn Hwa<D

(the first term is the estimation error, the second term is the approximation error).

E[R(f5))] - R(f*) <

Hf f ||L2(dp

In order to find the optimal D (to balance estimation and approximation error), we can minimize the
bound with respect to D, leading to, using Lagrange duality:

XTGPl = jpf S22+ Gsup it 1 = £ tey + Vo = D)
< igglgngGD[i—%—ﬁ]+2G\/lnf{Hf 12 saptey + A1
< 56 [t (17 = P gy + NI such that A < 22
< \/ inf (1~ 112 e + 11 1Be).

with \* = % (note that this is not the a regularization parameter to be used in an algorithm).
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Overall, we need to undertand how the deterministic quantity
AN = inf {IF = P + AN}
goes to zero when \ goes to zero. This can only be possible if the space H is dense in Lo(du), which will

be the case for translation-invariant kernels in Section 5.2 below.

Otherwise, denoting I17(f*) the orthogonal pro jection in Loy (dp(m)) of /* on the closure of H, by Pythagoreas
theorem, A(X, f*) = A\ Iy (f*)) + I1f* = T (FI, (apa)

Regularized problem (¢). For the regularized problem, we can use the bound from Lecture 3:

A(r . 32G?R? | . A
ER(A7) =R < S0+ G = ey + 51713

We can now minimize the bound with respect to A as A\* = 8\}}(; , to obtain the bound:

, . SR ) 64R?
Gflggf{{Hf = FLadp(a)) + %Hf“%} < 2G\/1nf {r—r HLQ(dp - —IIf13},

which is the same bound as for constrained problem, but on a more commonly used optimization problem
in practice.

5.2 Approximation error for translation-invariant kernels on R?

We first start with the analysis of the approximation error of kernel methods for translation invariant
kernels. Given a distribution dp(z), the goal is to compute

AL = 1 = £ oy + A B

where f* is the target function (e.g., the minimizer of the test risk), which we assume squared-integrable.
If A(A, f*) tends to zero when \ tends to zero for any fixed f*, then kernel-based supervised learning leads
to universally consistent algorithms.

We assume that ||f — f*HL2 (dp(z) < CO\f=f* |]L2(dx (e.g., with C = ||p|loc wWhere p is the density of
dp(z)). Moreover, for simplicity, we assume that || f*| 1,4z is finite (that is, f* is not allowed to explode
at infinity). We now give bounds on

AN 1) = jnf lIf = Py + AF I3,

1 ; 2
Explicit approximation. We have, for translation-invariant kernels, || f H%{ = @) / ’J;((j)))’ dw, and
s
thus
i wt L[ i) 7 Fe)P
AN ff) = inf —/ |f(w) — fHw)? + A= dw,
feLa(da) (2m) Rd[ (w) ]
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with solution f)(w) = H’j;%f, and value:

0.5 = g [P (- )l = o [ [P0 g e

When A goes to zero, we see that for each w, f,\(w) tends to f (w). By the dominated convergence theorem,
A(N, f*) goes to zero, when \ goes to zero.

Without further assumptions it is not possible to obtain a rate of convergence (otherwise the no-free
lunch theorem from Lecture 1 would be invalidated). However, this is possible when assuming regularity
properties for f*.

1 .
Sobolev spaces (#). If we assume that W/ (1 + [|w||3)!|£*(w)[*dw is finite for some ¢ > 0, that is,
s Rd
for f* with squared integrable partial derivatives up to order ¢, then we can further bound:
1

AN, [ — w2 f* (w)]?dw x su A !
A0S < g f A+ NP x s (G}

If we now assume G(w) oc (1 + ||w||3)~* (Matern kernels), with s > d/2 to get an integrable function, then
with ¢ > s, f* € H, and have A(), f*) = A||f*||3,. With ¢ < s, that is the function is not inside the RKHS
H, then we get a bound proportional to

A 1 A 1
< = O(\'/*).
R {é(w) A1+ HwH%)t} ey {qxw)t/w—t/s i+ le!%)t} )

e Exercise (¢): Find an upper-bound of A(), f*) for the same assumption on f* but with the Gaussian
kernel.

A There are two regularities: ¢ > 0 for the target function, and s > d/2 for the kernel.

Putting things together. Thus, for Lipschitz-continuous losses, we get an expected excess risk of the

order \/ A(R?/n, f*) = O(%), when ¢ < s.
n S

Approximation bounds (4). Note that a bound in leads to bounds on the quantity A(A, f*) =
inf rese {||f — f*H%2(dP) + Alfl13:} of the form cA* for o € (0,1) leads to the following bound:

. 2 * _ : 2 * (12 2
jnf 1113 such that || f — f*||Ly0) <€ = inf 115+l f = F g — €7)
— . f 2 o p¥(|2 2
}Qg{i‘;%”f““*”(”f SNy =€)

= suppA(u~t, f*) — pe?
(=0

sup pep”® — pe?.
=0

N
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The optimal p is such that (1 —a)cu~® = €2, leading to an approximation bound proportion to g2(1-1/a) —
—2(1-a)/«
€ .

Applied to a = t/s like before, this leads to an RKHS norm proportional to e~(1=®/® to get an error
less than || f — f*||1,(4z)- So where t = 1 (single derivative for the target function), and s > d/2 (for the
Sobolev kernel), we get a norm of the order e=(W/al) — o=(s—1) > ¢=d/241  which explodes exponentially
in dimension, which is another way of formulating the curse of dimensionality.

6 Experiments

We consider one-dimensional problems to highlight the adaptivity of kernel methods to the regularity of
the target function, with one smooth target and one non-smooth target, and two kernels: exponential
kernel corresponding to the Sobolev space of order 1 (top), Matern kernel corresponding to the Sobolev
space of order 3 (middle), and Gaussian kernel (bottom). In the right plots, dotted lines are affine fits
to the log-log learning curves. The regularization parameter for ridge regression is selected to minimize
expected risk, and learning curves are obtained by averaging over 20 replications.

5 Smooth target 5 Non-smooth target Convergence rates
—target —target
1.5 —prediction prediction g
X, % X x
1 . 2
[}
0.5 17}
> 8
0 e
-0.5 >
i}
1 —smooth target
-10 [|— non-smooth target
15
0 0.5 1 2 4 6 8 10
X X log 2(n)
5 Smooth target 5 Non-smooth target Convergence rates
—target —target %
1.5 —prediction 1.57 ., ‘X — prediction g
L < X I =
1A il A 2
X% X (n
0.5 0.5 a
> > 8
0 0 §
-0.5 -0.5 >
%, L *x ] 9
gy RS 1 xx o I\ —smooth target .
x x xR T x -10 [|— non-smooth target | ™
-1.5 -1.5 \
0 0.5 1 0 0.5 1 2 4 6 8 10
X X log 2(n)
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5 Smooth target 5 Non-smooth target Convergence rates
—target —target
1.5 —prediction 1.5 Fux % —prediction

XX X X(Yx )
0.5 :
>
05 ) / P
1 N O — smooth target

XK)?J A -10 [|—non-smooth target \\

0.5 1 2 4 6 8 10
X X Iogz(n)

log 2(excess risk)

We observe adaptivity for the three kernels: learning is possible even with irregular function, and the
rates are better for the smooth target function. We also note that for kernels with smaller feature spaces
(Matern and Gaussian), the performance on the non-smooth target function is worse than for the large
feature space (exponential kernel).
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