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Abstract

In this paper we provide a finite-sample and an infinite-sample representer theorem for the
concatenation of (linear combinations of) kernel functions of reproducing kernel Hilbert
spaces. These results serve as mathematical foundation for the analysis of machine learn-
ing algorithms based on compositions of functions. As a direct consequence in the finite-
sample case, the corresponding infinite-dimensional minimization problems can be recast
into (nonlinear) finite-dimensional minimization problems, which can be tackled with non-
linear optimization algorithms. Moreover, we show how concatenated machine learning
problems can be reformulated as neural networks and how our representer theorem applies
to a broad class of state-of-the-art deep learning methods.

Keywords: deep kernel learning, representer theorem, artificial neural networks, multi-
layer kernel, regularized least-squares regression

1. Introduction

The interpolation or regression of given function values is one of the main tasks in modern
data mining and machine learning applications. Due to the famous representer theorem for
empirical risk minimization in reproducing kernel Hilbert spaces (RKHS), see e.g. Scholkopf
and Smola (2002); Steinwart and Christmann (2008); Kimeldorf and Wahba (1970), various
algorithms based on finite linear combinations of kernel translates have gained much popu-
larity in the last decade, like, for example, support vector machines (SVMs) and Tikhonov-
regularized least-squares in RKHS. In general, these methods work very well if the underly-
ing problem fits the chosen reproducing kernel space H, e.g. if the given input values stem
from a function g € H. However, if H contains for instance only smooth functions but g
has a kink or a jump, the interpolant or regressor, respectively, in H might not represent
a good approximation to the true function g anymore. Then, if it is not known how to
choose an appropriate kernel K of H a priorily, one usually relies on so-called multiple ker-
nel learning (MKL) algorithms, which try to determine the optimal kernel adaptively, see
e.g. Bach et al. (2004). But while most of these methods allow to learn a suitable kernel by
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simply constructing a linear or convex combination of a given set of input kernels, they still
do not achieve considerably better results than standard a-priori kernel choices for many
applications, see Gonen and Alpaydin (2011).

In recent years, promising new variants of kernel learning methods, namely deep ker-
nel learning and multi-layer-MKL (MLMKL) algorithms have been developed. They have
proven to be very successful in regression and classification tasks. Here, motivated by multi-
layer feed-forward neural networks, a kernel function is concatenated with one or more non-
linear functions in order to achieve a highly flexible new kernel function, see e.g. Cho and
Saul (2009); Damianou and Lawrence (2013); Rebai et al. (2016); Strobl and Visweswaran
(2013); Wilson et al. (2016); Zhuang et al. (2011). The main idea behind this approach is to
combine the flexibility of deep neural networks, in which the feature detection in the data
set is done completely automatically, with the approximation power of kernel methods, in
which a feature map is determined by the chosen kernel. This way, the neural network archi-
tecture learns the optimal kernel that best represents important features of the data for the
task at hand. While first steps towards creating a mathematical framework to analyze deep
neural networks—especially for image classification tasks—have been made in e.g. Mallat
(2016); Mhaskar et al. (2017); Montavon et al. (2017), deep approximation theory for kernel
based approaches is still missing at large. Moreover, the underlying nonlinear minimization
problem is usually tackled by simple gradient descent and heuristic backpropagation algo-
rithms without a thorough theoretical analysis of its properties. An initial cornerstone for
the analysis of chained kernel approximations has been provided by Dinuzzo (2011), where
two-layer kernel networks were considered and their relation to MKL was established. How-
ever, an analysis of deeper kernel networks and their connection to MLMKL has not been
considered so far.

In this paper, we consider the problem of optimal concatenated approximation in re-
producing kernel Hilbert spaces, which will directly lead to a variant of multi-layer kernel
learning problems and will extend the results achieved in Dinuzzo (2011). For this class,
we will prove a representer theorem, which allows us to reduce the nonlinear, potentially
infinite-dimensional optimization problem to a finite-dimensional one. Consequently, stan-
dard nonlinear optimization techniques can be used to tackle this problem. At least to our
knowledge, this is the first derivation of a representer theorem for concatenated function
approximation in the literature. It is also valid for certain types of hidden layer neural
networks and deep SVMs.

The remainder of this paper is organized as follows: In Section 2, we briefly review the
interpolation and the regression problem in an (possibly infinite-dimensional) RKHS and
discuss how the classical representer theorem allows to recast these problems into finite-
dimensional linear equation systems. In Section 3, we introduce the optimal concatenated
approximation problem for arbitrary loss functions and regularizers. We derive a represen-
ter theorem for this problem in the multi-layer case and discuss its relation to deep learning
and multi-layer multiple kernel learning methods. Furthermore, we exemplarily derive al-
gorithms for interpolation and least-squares regression in the two-layer case from it. The
latter will be a natural generalization of the RLS2 method developed in Dinuzzo (2011),
which only deals with a linear outer kernel. Section 4 illustrates the application of our
concatenated interpolation and regression algorithms to two simple examples and serves as
a proof of concept. Finally, we conclude with a summary and an outlook in Section 5.
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2. Interpolation and regression in reproducing kernel Hilbert spaces

In this section we shortly review interpolation and least-squares regression problems, re-
spectively, in an RKHS. To this end, we consider the standard representer theorem and
show how it helps to find an interpolant/regressor.

2.1. Interpolation

Let © C R? be an open domain and let the pairwise disjoint points X := {z1,..., 2N} CQ
and the values Y := {y1,...,yn} C R be given. Let furthermore H := H({,R) be a repro-
ducing kernel Hilbert space of real-valued functions on 2. The minimal norm interpolant
is
fxy :=argmin |f|lg such that f(z;)=y; Vi=1,...,N. (1)
feH

The classical representer theorem, see e.g. Schélkopf and Smola (2002); Steinwart and
Christmann (2008) for scalar-valued functions and Micchelli and Pontil (2005) for vector-
valued functions, now states that f% , can be written as a finite linear combination of kernel
evaluations in the data, namely

N

fry(@) =) ofK(z ), (2)

=1

where K : 2 x @ — R denotes the reproducing kernel of H and o € R,i = 1,...,N,
are the corresponding coefficients. For details on RKHS, see Aronszajn (1950). Therefore,
the solution to the possibly infinite-dimensional optimization problem (1) resides in the
N-dimensional span of the functions K (xz;,-),i = 1,..., N. To compute the coefficients, we
simply have to solve the system

]\4_}(7)(0>k =Y (3)
of linear equations with
K(z1,z1) ... K(z1,zn) o Y1
Mx x = ; : , ofi=| andy:=| : |. (4
K(CL‘N,.’B1> K(.’BN,:IJN) CM*N YN

Note that this N x N system admits a unique solution if the kernel K is strictly positive
definite. For example, for Sobolev kernels it can be shown that the condition number of
the system matrix M x x only grows moderately with the size N provided that the data
points are quasi-uniformly distributed, see de Marchi and Schaback (2010). Moreover,
for infinitely smooth kernel functions (e.g. Gaussian kernels or multiquadrics) it can be
necessary to perform an appropriate basis change before solving the above equation system,
see e.g. Wendland (2005).

2.2. Least-squares regression

In real-world applications, the values y;,7 = 1,..., N are usually not exactly given, but are
perturbed by some noise term. Therefore, a direct interpolation might no longer be ap-
propriate. In this case, one considers the corresponding regularized least-squares regression
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problem

N
fRy = arg min Al fl3 + D |f (=) — uil*, ()
feH s
where the side condition in (1) is substituted by a penalty term. Here, the Lagrange mul-
tiplier A weights the importance of the norm minimization against the function evaluation
error. Again, the representer theorem Micchelli and Pontil (2005); Scholkopf and Smola
(2002); Steinwart and Christmann (2008) tells us that ff\(,Y is of the form (2), i.e.

N
fRy(@) =" a}K(x;,@).
i=1

This time the coefficients ag\,i =1,..., N, are determined by
(Mxx +M)a* =y, (6)

where I denotes the NV x N identity matrix. The size of the Lagrange parameter A > 0 now
also influences the condition number of the system matrix, i.e. the larger A is, the smaller
the condition number becomes.

3. Interpolation and regression with compositions of reproducing kernel
Hilbert spaces

As already mentioned in the introduction, the standard interpolation and regression algo-
rithms in RKHS work well if the samples y; are (perturbed) evaluations of a function g € H,
where the reproducing kernel space H is known in the first place. However, if the appro-
priate RKHS H is unknown, it is advisable to resort to multiple kernel learning methods
or multi-layer multiple kernel learning methods.

We now explain this aspect in more detail and, to this end, motivate a first two-
dimensional, two-layer approach with an example: Let the kernel K of H be a tensor-
product of two univariate Matérn Sobolev kernels of order one on R, see Section 4 for a
definition of this kernel. The corresponding function space H is often also called Sobolev
space of “mixed smoothness” of order one and it is of special importance for e.g. sparse grid
discretizations, see Bungartz and Griebel (2004), and quasi Monte Carlo quadrature, see
Hinrichs et al. (2016). Now, let us consider the continuous function g (z,y) := (0.1+]z|) %,
which has a kink that is perpendicular to the z-axis. It can easily be shown that g1 € H
and, therefore, the interpolant of ¢g; by a function from H resembles a good approximation
to g1, see Figure 1(a). If we now look at go(w,y) := (0.1 + |z — y|)~!, which has a kink
along the diagonal with x = y, then go ¢ H. Therefore, the interpolant of go by a function
in H is a rather bad approximation to go. This can be seen in Figure 1(b). However, if
we let R~! be a rotation by 45°, then g» o R~! € H would have an axis-aligned kink like
g1. To use this fact when interpolating go, we can simply look for the best interpolant in
{foR| fe€ H}in (1) instead of f € H. This example is illustrated in Figure 1(c). As we
can see, the interpolant in Figure 1(c) is a much better representative for go than the one
in Figure 1(b). This example illustrates that, already in the very simple case of employing
a concatenation with a rotation, a two-layer approach can be a good choice to overcome
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(b) yi = g2(=i), f € H (¢) yi = g2(x:), f € {hoR | h € H}

Figure 1: Solutions to (1) in the two-variate tensor-product Matérn-kernel Sobolev space H
of order one, see also Fasshauer and Ye (2011), with 200 uniform samples x;,7 = 1,...,200
(marked in black), shown in the domain [—1,1]?. (a) depicts the solution f € H for values
y; sampled from g;, whereas (b) shows the optimal solution for y; sampled from g2. (c)
presents the best interpolant of type f o R, where f € H and R is a rotation by 45°
for y; sampled from go. For reasons of comparability, we restricted our representation to
[—1,1]? here, although some data points were mapped outside of this domain by applying
the rotation R and the kernel was defined on the whole R?.

the restrictions of a standard kernel learning algorithm. Let us remark that already this
motivating example exhibits a fundamentally different setting from the one considered in
Dinuzzo (2011) because of the nonlinearity of the outer kernel. While the RLS2 algorithm
introduced there can be interpreted as an MKL variant, where a convex combination of
given kernel functions is computed, we are looking for an inner function, which transforms
the domain in such a way that it is optimal for the (possibly nonlinear) outer kernel.

Now, instead of just considering one layer of simple rotations as in the above example,
we allow for a fully flexible multi-layer kernel learning approach, where we employ arbitrary
functions from reproducing kernel Hilbert spaces in each layer. This approach can success-
fully deal with a much broader class of interpolation and regression problems, see also Rebai
et al. (2016); Zhuang et al. (2011). To this end, we consider concatenated machine learning
problems. We introduce a new representer theorem for the case of multiple concatenations
of functions from RKHS, which allows us to derive the related, finite-dimensional, nonlinear
optimization problem.

3.1. A representer theorem for concatenated kernel learning

In this section, we show how a concatenated representer theorem can be derived for a very
general class of problem types and an arbitrary number L € N of concatenations. For more
details on vector-valued reproducing kernel Hilbert spaces, we refer the reader to Micchelli
and Pontil (2005). For a two-layer variant of this theorem, we refer to Dinuzzo (2011).

Theorem 1 Let Hi,...,H be reproducing kernel Hilbert spaces of functions with finite-
dimensional domains D; and ranges R; C R% with d; € N forl = 1,...,L such that
Ry C Dy_q forl=2,....,L, D, = Q and Ry C R. Let furthermore L : R? — [0,00] be
an arbitrary loss function and let ©1,...,0r : [0,00) — [0,00) be strictly monotonically
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increasing functions. Then, a set of minimizers (fl)lL:1 with f; € H; of
N
T(frsoeosfr) =Y L(yis fro...o fu(x)) Z@l 1£2113,) (7)
i=1

fulfills f € Vi C Hy for alll =1,..., L with
Vi = span {K; (fiy10...0 fr(z;),) ey | i= SN and kb =1,...,4;},
where K; denotes the reproducing kernel of H; and ey, € R% s the k;-th unit vector.

Proof We denote by HVz and H‘%/ the projector onto V; and its orthogonal complement in
l
‘H;, respectively, for [ = 1,..., L. First, we note that

d;
frofis10...0frlm) = Z (H i (f1) +10y. (f), K (fis1 o...ofL(:vi),.)ek)Hl ey
kdzll
= (Hl K (figro-. OfL(xi)f)ek)H "€k
k=1 !

e; 11 Iy (f) (frgr 0. OfL(iUi)))'ek

1

(ft) (fixr0...0 fr(xs))

foralli=1,...,Nand [ =1,..., L. Since this holds for each function in the chain, we can
iterate this process to obtain

fro fipno. o fr() =1y (fi) oIy, | (fixa) o o1y, (fL) () (8)
for each I =1,..., L. Therefore, we have

N
J(fl, ey fL) = ZE (yi’H\71 (fl) 0...0 HVL (fL)(wZ)>
i=1

L
+ > 00 (I, (A, + Mg (M), ) = (g, (F1) - T, (1)

=1

and equality only holds if f; € V; for each [ = 1,..., L because of the strict monotonicity of
each ©;. This completes the proof. |

Note that theorem 1 also holds for

L
J(fr,.- o fr) =Ly, fro...ofo(x1),...,yn, fio... fr(xn)) + 291 (I1f2113,)
=1

with arbitrary loss L : (RQ)N — [0,00]. However, the version we proved above is more
consistent with the remainder of this paper. Furthermore, because of (8), we could also
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state an even more general version of Theorem 1 where the loss function £ not only depends
on the point evaluations fjo...ofr(x;) fori =1,..., N, but also on the intermediate values
fio...o fr(x;) for any | = 2,..., L. However, for the sake of readability, we proceed with
(7). Theorem 1 now states that

(f1;---, fr) = arg min J(f1,..., fr) = arg min J(f1,--, fL) (9)
ilE,Hl Ill,EVZL

1=1,..., L l

ceey

with J from (7). This means that the (possibly) infinite-dimensional optimization problem

arg min J(f1,..., fr)

fieMy
1=1,...,.L

can be recast into the finite-dimensional optimization problem

arg min J(f1,..., fr).

In this way, our representer theorem is a direct extension of the classical representer theorem,
see Section 2 and Scholkopf and Smola (2002), to concatenated functions. We obtain that
the solution to (9) is given by a linear combination of at most N basis functions in each
layer. Therefore, the overall number of degrees of freedom in the underlying optimization
problem (9) is given by

L L L
#dof =Y dim (Vl> =Y N-dg=N- <1+Zdl> .
=1 =1

According to Theorem 1, we can write f; as
N
A =D ajKi(fao ..o fu(x)),)
j=1

for some coefficients a;; € R. Therefore, the concatenated function h(-) = fio...o fr(-),
which we are interested in, can be expressed as

N
h() = ajk*(x;,)
j=1

with the deep kernel

KH(@,y) = Ki (f20...0 fu(@), f20...0 fL(y)). (10)

Due to the definition of Vj for [ = 1,..., L, the corresponding f; is defined recursively. In
general, it is thus not possible to simply write down a closed formula for ¥ for arbitrary
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L. To illustrate the structure of the kernel KF, we therefore consider a two-layer exam-
ple with L = 2 in the following. In this case, we obtain Vo = span{Ks(x;, )ek, | i =
1,...,N and ko = 1,...,d2}. From Theorem 1, we know that

N do

RO =) cirKa(xi, e,

i=1 ko=1

for certain coefficients ¢; 5, € R. Furthermore, we have that f; € Vi = span{ K (fo(x;),") |
i=1,...,N} and thus

N N da
AO) =Y aKi | DY cipKo(ai z))er,,-
j=1 i=1 ko=1

The concatenated function is then given by h(-) := f1 o fa(:) = Z;VZI a;K*(z;,-) with the
composition kernel

N ds N ds
’CQ(xay) = Kl Z Z Ci,kQKQ(whw)ekQ)Z Z Ci,kQKQ(why)elm . (11)
1=1 k=1 i=1 k=1

Therefore, instead of considering the infinite-dimensional optimization problem of finding
f1 € H1 and fo € Ho that minimize

N
J(f1, f2) = Zﬁ (yi 1(fa(@0))) + ©1 (I f1l131,) + ©2 (1 f2l13,) -
=1

we can restrict ourselves to finding the N + N - dy coefficients o, ¢; 1, for 4,5 = 1,..., N
and ko =1,...,do.

Note at this point that the problem of finding these coefficients is highly nonlinear
and becomes more complicated for a larger number of layers L. While the corresponding

problem of optimizing the outermost coefficients, i.e. o; for j = 1,..., N in our example,
is still convex if the loss £ and the penalty terms ©1, 09 are convex, the optimization of
the inner coefficients, i.e. ¢;, for i = 1,...,N and ko = 1,...,d2, is usually not convex

anymore and can have many local minima. Here, finding a global minimum is an issue
because standard (iterative) optimization methods strongly depend on the chosen initial
value and usually just deliver some local minimum.

If the optimization functional J is smooth, one can rely on a Newton-type minimizer
such as BFGS to solve the underlying optimization problem. However, if one deals with
nonsmooth loss functionals or penalty terms, one should resort to specifically designed
stochastic gradient algorithms which fit the problem at hand, see e.g. Reddi et al. (2016).

It remains to note that our representer theorem covers much more than just interpolation
or least-squares regression algorithms. In the same fashion as the standard representer
theorem in Schélkopf and Smola (2002), it can directly be applied to more involved settings
such as regression with a concatenation of support vector machines for instance. To this
end, just choose L to be the e-insensitive loss function and ©1(z) = ... = Or(z) = =.
Furthermore, the choice of the additive penalties ©1,...,0 in (7) is rather arbitrary and
one could think of more complex interactions between the penalties for each function f;,1 =
1,...,L, as long as the arguments in the proof of Theorem 1 remain valid.
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3.2. An infinite-sample representer theorem for concatenated kernel learning

After deriving the representer theorem 1 for the case of multi-layer kernel approximations,
we now extend our results to the case of infinitely many samples. This has to be understood
in analogy to the results in chapter 5 of Steinwart and Christmann (2008), where such an
infinite-sample representer theorem is provided for the single-layer case. Although such a
result can usually not directly be applied to a practical problem unless the distribution of
the data points is known, it can serve as a cornerstone for the analysis of robustness with
respect to a measure change and can lead to a-priori convergence results, see Steinwart and
Christmann (2008). We will restrict the loss function to be an L-times differentiable Nemit-
ski loss for the following theorem. For a definition, we refer to Steinwart and Christmann
(2008) or our appendix, where we define an even more general type of Nemitski vector loss.
Note that, when we refer to convexity or differentiability of Nemitski losses or reproducing
kernels, this should always be understood with respect to the second argument, i.e. dK (x, z)
should be understood as a%K(w, z). In the following, we denote by B(X,Y) the space of
bounded linear operators from X to Y, endowed with the standard operator norm.

Theorem 2 Let Hiy,...,Hy and the domains and ranges of their elements be as in theorem
1 and let M\i,..., A, > 0. Let, furthermore, the kernel K; of H; fulfill K; € C*(D; x Dy)
together with

sup [|[Kj(x,x)|2 < ¢  and sup ||dKl(:l:,z)||B(Dl R <A < ¢ (12)
xeD; x,z€D; ’

for some ¢ < 0o and alll = 1,...,L. Let P be a distribution on € x Ry and let L :
Ry xR — [0,00) be a convex, P-integrable and 1-times differentiable (w.r.t. the second
variable) Nemitski loss such that the absolute value of the derivative is also a P-integrable

Nemitski loss, which fulfills
LWy, 2)| < bily) + hel2]) for all (y,2) € B x R

for some Lipy, -integrable' by, : Ry — [0,00) and some increasing hy : [0,00) — [0,00) for
k=0,1. Then, if we assume that a set of minimizers (fl)lel with f; € Hy of

L
J(f17"'7fL) ::/Q R ,C(y,flo,..ofL(:B)) d]P’(:B,y)-l-Z)\szzH%l (13)
x i =1

exists, it fulfills the Bochner-type integral equation

filh) = —Qii /Qle Ki (s fiyronoofo(@®) Ag fiy (@ y) dP(z,y) (14)

for some Ay, g, 5 € Lip(Q X Ri; Ry) foralll=1,...,L.

Proof The proof works layer-wise and it is an extension of the proof of theorem 5.8
of Steinwart and Christmann (2008) to the multi-layer case and to Nemitski vector loss

1. Here, Pgr, denotes the marginal distribution of P w.r.t. the second variable.
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functions, see also definition 5. Let g; € H; be arbitrary for all ¢ = 1,..., L. Let Gy :
Q2 x Ry — Ry x Ry be defined by Gi(x,y) = (g2 0...0gr(x),y). Obviously, G; is a
measurable map and we can define the pushforward G .(P) of P onto Ry x R;. With this
we obtain

/ L(gio...0g(@) dP(w,y) = / £, 01(€)) AG1,(P)(E,1).
QxR

RQXRl

Now, with the functional Jg, 4, :Hi — [0,00) defined by

we can reformulate the minimization problem as

L
min J = min min J,, =+ A 2.
g1€H1,....gLEHL (91, 91) 92€H2,....gLEH L, <91€7'l1 9 ’gL(gl)> ZZ; l”ngHl

Since G leaves the second argument unchanged, it directly follows from the P-integrability
that £ is also a G (P)-integrable Nemitski loss. Therefore, the application of the infinite-
sample representer theorem 5.8 in Steinwart and Christmann (2008) states that the mini-
mizer gy of Jy, . 4, can be written as

1
G0 == g [ £ 6 K. €) 6L (B)E.0)
T % LY (y,gi 0gao...ogr(@) Ki(-,g20...0g(x)) dP(z,y),
1 JOXR,

where £(1) denotes the first derivative of £ w.r.t. the second argument. For the choice
gi = fi for i = 2,..., L, we obtain the minimizer f; = ¢gj. Note that f; is continuous and
| f1lloo := SUPgep, [f1(x)| < oo since Hy — C(D1) follows directly by (12). Therefore, (14)
is true for [ = 1 since

Afif O = |LD (g, fro faoo fL()] S bily) + ha([fio fao...o fi(-)])
< b1(y) + ha ([ f1l)

is in Ll’p since by € LI,PRl (Rl)
To tackle the next layer, we define £ : Ry x Ry — [0,00) by

L(y, z) = L(y, f1(2)).

We proceed by showing that £ is a P-integrable and 1-times differentiable Nemitski vector
loss. Then we show that we can use analogous techniques as in Steinwart and Christmann
(2008)—but for vector-valued functions—to ensure the representation (14) for I = 2. These
arguments can then be iterated until we reach the innermost layer and the proof is com-
pleted. Since the details are quite technical, we outsourced them into appendix A. |

Theorem 2 states that the solution f; in the I-th layer of (13) is an element of the range of

10
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the integral operator defined by the kernel K; (-, fiy1 0...0 fr(-)) : Dy x Q — R%*4_ Note
that the statement of theorem 1 can be derived by choosing a sum of finitely many Dirac
measures Oz, as [P in theorem 2. In this special case, the result boils down to f; being in
the span of the kernel evaluations in the data points.

Note furthermore that—in contrast to the finite sample case—f; is defined as a convo-
lution with the asymmetric kernel in (14). This can be interpreted as a smoothing step
for many kernel choices. In this sense, we can expect the solutions f; of (13) to employ
a higher degree of smoothness than in the case of (7), where the solutions are only finite
linear combinations of kernels. However, this of course comes at the cost of the regularity
condition on the kernels in the requirements of theorem 2.

3.3. Relation to neural networks and deep learning

We now come back to the finite sample case in this section and discuss the relation of
our representer theorem 1 to two of the most common approaches in deep learning with
kernels, namely multi-layer multiple kernel learning (MLMKL) and deep kernel networks
(DKN), see e.g. Cho and Saul (2009); Damianou and Lawrence (2013); Rebai et al. (2016);
Strobl and Visweswaran (2013); Wilson et al. (2016); Zhuang et al. (2011). For reasons of
simplicity, we restrict ourselves to the two-layer case L = 2 here.

3.3.1. RELATION TO HIDDEN LAYER NEURAL NETWORKS

Let us first illustrate how our approach can be encoded as a hidden layer feed-forward
neural network. The idea behind artificial neural networks is the same as for multi-layer
kernel learning, namely using concatenations of functions to compute good approximations.
More precisely, the so-called universal approximation theorem states that already a two-
layer neural network can approximate any continuous function arbitrarily well, see Cybenko
(1989); Hornik (1991). For more details on artificial neural networks and deep learning, we
refer the reader to Goodfellow et al. (2016).

As mentioned in the two-layer case above, we are aiming to find a function hA(-) =
fio fa(t) = E;\Tzl oajICQ(acj,-) with f1 € H; and fo € Hs and associated K; and Ko,
respectively, where the kernel K? is given by (11). The construction of h can be easily
encoded as a feed-forward neural network with one hidden layer if K; is a radial basis
function (RBF) kernel for instance?. We illustrate® the case do = 1 with an RBF kernel
Ki(z1,22) = a(|z1 — 22|) for some function a : R — R in Figure 2. The first layer is
split into the input layer with values Ky (x;, @) for i = 1,..., N and an artificial “always
on” layer with neuron-clusters that supply the constant values Ks(x;, ;) with weights —c;
for i,5 = 1,...,N. Note that the i-th cluster Ky(x;, x;) of the “always on” layer is only
connected to the i-th neuron of the hidden layer. Note furthermore that the inputs Ko (x;, x)
can also easily be computed by a neural network with fixed weights if K5 is a radial basis

2. For many other types of kernels, e.g. tensor products of RBF kernels, one can still construct a more
complex Sigma-Pi neural network for the computation of the output values.

3. Note that we only choose d2 = 1 for illustrative reasons. For d2 > 1, a neural network can be built
analogously with an additional hidden layer to compute the norm of the difference of dz-dimensional
vectors. However, this additional layer, which just computes || — y||2 for given & and y, has fixed
weights and does not play any role for the optimization of the neural network.

11
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Hidden
Input layer Output
layer Activation layer
function a

"fl (f2(x)) — Output

N

Ka(zn, ;)

Always On
Neurons

Figure 2: A hidden layer, feed-forward neural network to simulate the concatenation of two
functions fi; and fs from reproducing kernel Hilbert spaces. For reasons of readability, we
choose da = 1 and write ¢; := ¢; 1. The outer kernel is K(21,22) = a(|z1 — 22|). Note that
the i-th artificial “always on” neuron-cluster in the lower half of the first layer is written as
Ks(xi, x;), which stands for N single neurons with values Ko (x;, 1), ..., Ko(x;, zn). The
cluster Ky(x;, ;) is only connected to the i-th neuron of the hidden layer with weights —c;
(red lines). This means that the value Z;V: 1 —¢jKa(xi, ;) is forwarded to the i-th neuron
of the hidden layer.

kernel. If we consider a “deeper” concatenation, we would need a deeper neural network
with additional layers, i.e. for fj o...o fr, we need L — 1 hidden layers.

3.3.2. RELATION TO MULTI-LAYER MULTIPLE KERNEL LEARNING

The common idea in MLMKL methods is to learn a kernel K, which consists of a chain of
linear combinations of functions and an inner kernel, e.g.

ni no
K(z,y) = Z 1ok (Z vo,i K2 i (z, y))
=1 i=1

in the two-layer case, where k;, are real-valued functions for ¢ = 1,...,n1 and Ky; are
different scalar-valued kernels for ¢ = 1,...,n2. Note that the functions k;, are chosen
such that K is still a kernel. In the case of linear k1., Dinuzzo (2011) has shown that
the resulting algorithm becomes a standard MKL procedure and can be interpreted as a
two-layer kernel network with a linear outer kernel. However, for arbitrary ki, this is not

12
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the case and we are dealing with a true MLMKL approach. The specific MLMKL algorithm
then aims to find the optimal values for the coefficients v ¢, ; in order to determine the
best K for a regression of the given data X and Y with e.g. a support vector regression
algorithm. Note that the kernels and the k-functions are usually chosen heuristically, e.g. as
polynomials, Gaussians, sigmoidals, etc., see Rebai et al. (2016); Zhuang et al. (2011).

To apply our result to the two-layer MKL method above, let us consider the case ny = 1
and ng = N. We set v;; = 1 without loss of generality. We let the outer function
k1.1(2) = a(|z]) be the radial basis function used for the outer kernel (i.e. middle layer) in
Figure 2. Furthermore, we set

Ky i(z,y) = Ko(xj, ) — Ko(xi, y).

Note that the K> ; are no longer kernels anymore in this setting. However, they are now
directly connected to our concatenated function learning approach since

N
K(z,y) = k1) (Z vo,i Ky (e, y)) =a (
i=1

N N

=K (Z vo,i Ko (i, @), Z vo,iKa(i, y)) =K (x,y)

i=1 i=1
from (11) with ¢; = v2; and the kernels K; and K> used in Figure 2. Altogether, we thus see
that an MLMKL algorithm with these parameters already determines the optimal solution
(provided that the right hand side of (9) is solved exactly) among all functions of type
h = f1 o fo with f; € H; and fy € Ha according to Theorem 1. This way, our representer
theorem for concatenated functions directly applies to a special case of MLMKL networks.

Note however that a generalization of our arguments to more layers, i.e. L > 2, is not
straightforward for MLMKL.

N
Z va,i Ko (i, @) — v2,iKa(xi, y)
i=1

3.3.3. RELATION TO DEEP KERNEL LEARNING APPROACHES

The class of DKN methods consists of algorithms which build a kernel by nonlinearly trans-
forming the input vectors before applying an outer kernel function. This is in contrast to
the MLMKL approach, where only the innermost function is a two-variate kernel and its
evaluations are modified by some nonlinear outer functions. The models in this class range
from simple feature map powers for some function W, i.e.

K(z,y)=¥o...oU(x)-Vo...0oU(y),

L—1 times L—1 times

see Cho and Saul (2009), to more general variants like

K(z,y) = K(f20...0fr(x), fa0...0 fL(y))

with nonlinear functions fs,..., fr, see Wilson et al. (2016). If we assume that f; € H; for
Il =2,..., L stem from reproducing kernel Hilbert spaces with associated kernels K;, we can
apply Theorem 1 to this approach and obtain that each f; can be written as a finite linear
combination of evaluations of the kernel K;. Thus, we can directly apply our representer
theorem for L-layer DKN algorithms.

13
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3.4. The two-layer interpolation problem

After analyzing the general multi-layer kernel concatenation problem in Theorem 1, we now
have a closer, more detailed look at the main component of it, namely the concatenation
of two functions. To this end, we specifically consider the interpolation problem for L = 2.
This simple, illustrative setting gives further insights into the way concatenation works in
machine learning problems.

3.4.1. DEFINITION OF THE PROBLEM

We slightly adapt our notation to this special case to obtain a direct relation to the single-
layer interpolation problem from Section 2. To this end, let D := dy and consider the
domain ® := D; C RP together with the two function spaces

H(®,R):=H, CC(®):={f:P—R| f continuous} — “outer” space,
H (Q,9) :=Hs C {g =(g1,...,90) Q=D |g continuous} — “inner” space.

Both spaces are supposed to be reproducing kernel Hilbert spaces, i.e. there is an (outer)
kernel K := K : ® x ® — R for H (®,R) such that

K (z,) € H(?,R) for all x € Q,
f@)=(f, K(2,") yor) forallz € Q and all f € H (®,R).

The function space H (2, @) is assumed to be a vector-valued RKHS; i.e. there is an (inner)
kernel K : Q x Q — RP*P such that

K (z,")c€ H(Q,®) for all z € Q and all ¢ € R”,
c'g(x)=(9,K (z,)c)yqq forallze allceR” andallge H(Q,®).

To formulate the concatenated interpolation problem in the spirit of (1), we have to
define an appropriate functional and propose an appropriate search set for the minimization
task. To this end, we consider the functional J : H (®,R) x H (2, ®) — R given by

T (1,9) = 1 1 H@r + 1917 0.0 -
which penalizes the norms of both the outer and the inner function, and the admissible set
Axy == {(f.9) € H(®,R) x H(,®) | fog(x;)=y; 1 <j <N},

i.e. the set of all concatenations of functions from H (®,R) and H (€2, ®) which interpolate
the data. With this notation, we can define the following variational optimization problem

J(fag) — min for (fag) S AX,Y (P)

As explained in Section 2, the solution f% to the standard interpolation problem (1)
can be computed by solving the system (3) of linear equations for a given set of fixed and
pairwise disjoint input data points X := {x1,...,xzx}. Therefore, if we assume for a mo-
ment the inner function g in (P) to be fixed and Z := g(X) = {z;, =g(x;) |i=1,...,N},

14
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then we obtain that the solution f7, to (1) with data points Z is the only admissible
minimizer of the concatenated interpolation problem (P), i.e.

fzy = arg min Hf”%{((I’,R)‘
fe{heH(2R)|(h,g)€AX v}

Note that the coefficients a* € RY of [y = Zl]\il afK(z;,-) can be computed by solving
the system
My za0* =y

and the value of the optimal energy, i.e. the squared norm, is given by
2 T _
Hf},YHH(cp,R) =" My g = yTMZ,lzy-

3.4.2. APPLICATION OF THE REPRESENTER THEOREM

In order to rewrite the concatenated interpolation problem (P) into an unconstrained min-
imization problem by applying the above result, we first have to discuss what happens if
g (x;) = g (xy) for two indices j # k. If equality holds also for the corresponding values
from Y, i.e. y; = yi, we can simply remove the pair (z;,y;) € X x Y from the input data
and with it also the corresponding condition from the admissible set. However, if y; # ys,
there cannot be an f € H (®,R) such that (f,g) € Ax,y. In this case, we simply set
J(f,g) = oco. Using this convention, we can recast (P) into the unrestricted optimization
problem

J (f;(X)’wg) = yTM;(lX)’g(X)y + HgH%{(Q@) — min forge H(Q,®). (uP)

Therefore, we only have to consider the minimization with respect to g € H (€, ®) since
the optimal outer function f;( X)y is completely determined by the inner function values
g(X) and Y.

Note that the side condition g (x;) # g (x)) for j # k can also be enforced by adding a
penalty term of type >, W (llg(;) — g(;)||3) to J, where W is a smooth function with
W(0) = oo, e.g. W(x) = coth(z). This can also remedy the problem of small condition
numbers of M g(x) 4(x) for large sample sizes since it maximizes distances between the point
evaluations of g. Adding this to (uP), we obtain

Iy (f;(x),yﬂ) =J (f;(X),ng> +y Y coth (Hg(mi) - g(%’)”%) (15)

1<i<j<N
— min for g € H(Q,®).

However, since using Jy = J in our experiments in Section 4 works out already well and
the side condition does not seem to affect the results for moderate sample sizes, we restrict
ourselves to the problem (uP) in the following.

Although the above considerations seem to simplify the concatenated interpolation prob-
lem, we still have to solve a highly nonlinear optimization problem over the (possibly)
infinite-dimensional RKHS H (2, ®). Nonetheless, by applying Theorem 1 to the unre-
stricted concatenated interpolation problem (uP), we can restrict the search space H (€, ®)
to the span of the kernel translates in the input data.

15
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Corollary 3 Let Vx := span{K(x;,-)e; | i =1,...,N and j = 1,...,D}, where e; de-
notes the j-th unit vector in RP. Then, the solution g* to the unconstrained concatenated
interpolation problem (uP) fulfills g* € V.

Proof We apply Theorem 1 with L = 2, O1(z) = O3(z) = z and

0 iffog(a:i) = Y;
oo else,

L(yi, fog(e)) = {

which exactly resembles the interpolation problem (uP). |

Due to Corollary 3, we can recast the unrestricted concatenated interpolation problem (uP)
into
Tar— 2 .
I (a0 9) ="Myl g0y + 91,0y — min for g € Ve © H(2,@). (uP-X)
This is a nonlinear, finite-dimensional and unrestricted optimization problem. We fix

the basis {K (z;,-) e¢ | (j,¢) € I} with Z:= {(j,f) e N*|1<j < N,1 </ < D} to solve
(uP-X). Then, the optimal solution can be written as

g’ ()= Y K (x)er (16)

(7,0 €T

In order to express the minimization problem (uP-X) with respect to the coefficients ¢* =

T
(cil, .. ,c}‘V’D> , we introduce Qx x (¢) := M g(x) g(x), i-e.
Qxx (@ =K D ciuK(zj, ) e, > cjuK (xj, ) e (17)
(J,0)el (4,0)el 1<n,m<N

and the corresponding quadratic form
Q:RVP 4R, ¢~ yTQX7X (c)_1 y.
Furthermore, to express || g*||%{(97¢) with respect to c*, we need

T
Cj1 Ck,1

N
NRYP SR, e > | K (zj,z) | : |. (18)
3R=1\¢jp Ck,D

Finally, we obtain the finite-dimensional optimization problem

c* = arg min Q(e) + N(e) . (Int)
cCRND —— ——
”f;(x),yH?-[(q)’R) HQH%-I(Q,@)
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3.4.3. SOLVING THE MINIMIZATION PROBLEM

The unconstrained problem (Int) is highly nonlinear because the coefficients c;, are trans-
formed by the outer kernel function K. It can be tackled by any suitable iterative opti-
mization algorithm. If the kernels K and K are differentiable, a quasi-Newton approach is
appropriate. If this is not the case, a derivative-free optimizer should be chosen.

Note that we can restrict the minimization in (Int) to a compact subset of RNP with-
out loss of generality. To this end, let K € R¥P*XND he the N x N matrix of matrices
K(z;,z;) € RP*P and note that

12 lellz=300
Y

Q(e) + N(c) 2 0+ Anin (K) - ]

where Apin (K) > 0 denotes the smallest eigenvalue of K. Therefore, we can restrict
our search to the compact set A := {c € RN? ||c[] < C} for a large enough C' > 0.
Unfortunately, we cannot directly obtain the existence of a minimizer from this since (Int)
is not continuous. However, if we add a smooth term

Pie)=7 Y coth(lglen) - ae)l3)
1<m<n<N
2

=7 Z coth Z Cje (K (ZBj, xm) - K (xjv mn)) € >
1<m<n<N (4.0 ez 2
which is equivalent to (15), for v > 0, we can deduce the existence of a minimizer with
the direct method from the calculus of variations. To this end, note that for a minimizing
sequence (¢;);; of Q + N + P7, there necessarlly exist 39 € N and Cy > 0 such that all
mutual squared distances ||g(€.,) — g(x,)||5 with 1 < m < n < N are larger than Cq for
all ¢; with ¢ > ig. Therefore, we can restrict the minimization to the compact subdomain

AD{CGRND | Hg(:cm)—g(a:n)H% > Cy for1§m<n§N},

on which Q+N+P7 is continuous, and the existence of a minimizer follows. Nevertheless, as
we explained above, the critical condition P7(c) = oo is practically never met for moderate
data set sizes and, therefore, it is safe to assume that there also exists a minimizer for (Int).
Note however that, depending on the kernels and the data at hand, there usually might exist
many minimizers and the solution to (Int) might not be unique. To reduce the chance of
getting stuck in a local minimum, we propose to restart the minimization procedure several
times with different starting values for c*.

Since we will be dealing with differentiable kernel functions in Section 4 and since the
derivatives of these kernels can be computed explicitly, we propose a BFGS minimization
algorithm to solve (Int). To this end, note that the only derivatives we need are essentially
the derivative of the inverse of Qx x(c), i.e.

0
QXX( c)= _Q}}X(C)MQX,X(C)Q;(,IX(C%

0cm n
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and the derivative of @ x x(c). The latter consists of the derivative of the outer kernel K,
which is known analytically for all kernel choices that we discuss in Section 4, and

0 d
g(x) = Be.. Z cioK (zj,x)ep = K (T, x)e,

" (e

Ocmn

for each (m,n) € Z. The overall computational cost complexity for one BFGS step, i.e. the
evaluation of Q, N and their derivatives, is bounded by O (N®*D + (ND)?).
3.5. Two-layer Least-squares regression

After the discussion of the two-layer interpolation problem in the last section, we now
consider the regularized two-layer least-squares problem in more detail. This is a natural
extension of the two-layer least-squares problem RLS2 considered in Dinuzzo (2011) to the
case of nonlinear outer kernels.

3.5.1. DEFINITION OF THE PROBLEM

For concatenated, regularized least-squares regression, the minimization task changes to

2 2 2
I (f Z |fog (@) =yl M @ r) + 119100 (R)
— min for f € H(®,R),g € H(Q, D)
with A, u > 0, which is in the same fashion as the standard least-squares regression problem
(5).

Analogously to our considerations in Section 3.4, we find that, for fixed inner points
Z =g(X) C ®, the function fgy, see (5), is the solution of the problem

F(z5) = yil> + M f | r(ary — min for f € H (®,R).

M-

Jj=

The corresponding coefficients a* € RY with respect to the basis {K(z;,-) |j=1,...,N}
are computed by solving

(MZ,Z + )\I) a>‘ =y.
Therefore, each of the terms of the optimal energy can be expressed as

2 T _ _
HJ%YHH(@]R) = ot Mz7zo¢)‘:yT(Mz,Z+)\I) 1MZ,Z(Mz,Z+/\I) 1y

o [ X
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3.5.2. APPLICATION OF THE REPRESENTER THEOREM

Analogously to (uP), we can use

-1 -1
Ini (Faw8) = A7 (Mg g0 + A1)~ Mg(x) gx) (Mig(x) o) + M) 'y

2 -1\, |17
+p ||9||H(Q,q>) + H (I — Mg(x),g(x) (Mg(X),g(X) + )‘I) ) yH2 (19)
to reformulate (R) as

I (f;(X),th) — min for g € H (Q,P). (uR)

Corollary 4 The solution gM* to the unconstrained concatenated regression problem (uR)

fulfills gMH* € Vy.
Proof We apply Theorem 1 with L =2, O1(x) = X -z, ©2(z) = - = and
L(yi, fog(@)) =|fog (@) —ul,

which resembles the regression problem (R). |

Hence, as for interpolation, we obtain a representer theorem for concatenated least-squares
regression, which allows us to replace the infinite-dimensional optimization problem (R)
with the finite-dimensional problem

Tas ( ooy g) ~ min for g € Vyx ¢ H(Q, ). (uR-X)
: : : A\, A1 A T
Finally, we want to express (uR-X) in terms of the coefficients ¢V* = <c171 ey cN,D>

of gM* with respect to the basis {K (z;,-)es | (j,£) € Z}. To this end, we set A :=
(Qxx () + I )_1 and define the quadratic forms

QM RYP SR, e~ A yTAQyx x () Ay,
NERNY SR e p-N(e) and
T
CPRYP 4R, ey (I-Qxx(c)A) (I-Qxx(c)A)y

with the help of (17) and (18). Subsequently, we arrive at the optimization problem

M = arg min Q* (¢) + N* (¢) +C* (¢), (Reg)

ceRND

which is the equivalent to (uR-X).
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3.5.3. SOLVING THE MINIMIZATION PROBLEM

Note that the existence of a minimizer follows by similar arguments as in the previous
section for the interpolation problem, i.e.

2 llella—o0

Q™ (e) + N* (¢) +C*(e) 2 - Amin (K) - [le]l3 "=

and we can thus restrict the search for a minimizer to a compact subset of RVP. For
regression we need the inverse of Qx x(c) + AI to compute Q*, which is positive definite
for every A > 0 and, therefore, there are no pathological cases as in the interpolation
setting. Thus, the functions Q*, N*, C* are continuous and the minimization of (Reg) over
a compact subset of RVP has a minimizer. Nevertheless, also in this case the minimizer is
not necessarily unique.

While the optimization for the coefficients in the RLS2 algorithm proposed in Dinuzzo
(2011) boils down to a simplex-constrained linear least-squares problem, we have to deal
with a high degree of nonlinearity here. Nevertheless, if the kernel functions are differen-
tiable, we can again—as in the interpolation case—employ a BFGS algorithm with several
restarts to approximately find the optimal coefficients ¢V*. To this end, note that Q* and
N# can be computed similarly as Q and A in the interpolation case. Furthermore, also the
derivative of C* can be computed with the same techniques since we essentially only need
the derivatives of Qx x(c) and (Qy x (€) + AT )_1. While the number of terms is larger
than in the interpolation case, the asymptotic computational runtime is still bounded by
O (N*D + (ND)?). Furthermore, the condition number of the matrix Qx x (¢) + AI is
smaller than the one of Qx x, which had to be inverted for interpolation. Therefore, com-

puting Q*(c) with an iterative solver for the application of (Qx y (¢) + AT )_1 needs fewer
computational steps than computing Q(c) in the interpolation case.

Finally, let us remark that for both interpolation and least-squares regression there
exists another possibility to obtain a finite-dimensional optimization problem from (P) and
(R), respectively, without using the representer theorem. We could discretize the functions
f1 € Hy and fy € Hs by fl € V1 and fg € V5 with finite-dimensional spaces V7, Vs, see
e.g. Bohn and Griebel (2017) for an error analysis of this scenario for single-layer regression.
However, when following this approach, the choice of the specific discretization can severely
influence the results of the minimization. Furthermore, we are limited by the size of the
dimensions of the discretization spaces V1, Va, which influences the computational costs for
solving the underlying optimization problem.

4. The effects of concatenated learning

This section serves to illustrate the main operating principle behind the concatenated in-
terpolation and regression algorithms presented in the previous section. Note that our brief
considerations in this section are not meant to provide a thorough numerical analysis of
the performance of the algorithms but are rather thought to aid the understanding of their
internal mechanisms. For benchmarks of highly performant variants of our basic algorithms
on real-world data we refer the interested reader to Damianou and Lawrence (2013); Rebai
et al. (2016); Zhuang et al. (2011).
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4.1. Kernel choice

For reasons of simplicity, we will stick to the two-layer case and to outer function spaces
H (®,R) with associated kernel K which are defined on the whole space RP. This way, the
image ® of the inner function space is automatically contained in the domain of the outer
function space. Furthermore, if not stated otherwise, we assume that the matrix-valued
kernel K : Q x Q — RP*P of the inner RKHS can be written as

K(z,y) = Kz(z,y) - diag(a) (20)

for some weight vector a € RE . Here, diag(a) denotes the diagonal matrix A with A;; = a;
and K7 : Q) x Q — R is a scalar-valued kernel function.
Possible outer and inner kernel functions K and K7 are the polynomial kernel

Kpolyp(z.y) = (2Ty +1)",
the Gaussian kernel

2
m —
KGauss,J(may) = exp <_H 2 2y|| >
g

and the tensor-product Matérn kernel

25—1

d
KTensorMatérn,s(Ccu y) = H E% (|xl - yl’) ’ |x1 - yl‘ 2
=1

where k,, denotes the modified (hyperbolic) Bessel function of the second kind with parame-
ter . Note that the latter characterizes the Sobolev space of dominating mixed smoothness
of order s € N, see e.g. Fasshauer and Ye (2011); Griebel and Harbrecht (2014) for a bi-
variate version. These Sobolev spaces play an important role for hyperbolic cross or sparse
grid approximations for instance, see e.g. Bungartz and Griebel (2004). Note that the
Gaussian kernel is already a tensor product kernel by nature.

4.2. Experiment design

Let us choose = [—1,1]2. We will evaluate our method for the two test functions

h1: Q=R hi(z,y) == (0.1 + \a:—y])_l
1 ifz-y> 2%

h2 QO —R hg(x,y) = { 0 else

The function h; employs a kink-like structure along the diagonal of the domain, while
ho represents an indicator function with a jump. Neither of these two functions is an
element of a reproducing kernel space spanned by any of the above kernel functions for
arbitrary parameters p,s € N, o € (0,00). Therefore they cannot be approximated too well
by a single-layer method. The approximation of such functions with kinks or jumps by (a
composition of ) smooth functions plays an important role in applications from econometrics,
finance or two-phase flow problems for example.

We choose D = d = 2, i.e. Q,® C R?, and a = (1 1)”. Then, we independently draw
N = 100 random equidistributed points {x1,...,xx} C Q and set y; := hy(x;)+¢; for all i =
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1,..., N for the function h, € {hy, ha}. Here, ¢; are additive noise perturbations which are
drawn i.i.d. according to a centered Gaussian distribution with standard deviation 0.01. To
solve (Int) or (Reg), respectively, we use a BFGS algorithm with random initialization of the
coefficient vector ¢ of the inner function, see also (16). As the goal functions employ many
local minima, we run the algorithm sufficiently many times to achieve a good approximation
to the global minimum. It turned out that 64 runs were sufficient for our case of 100 data
points in 2 dimensions. From the 64 runs we pick the vector ¢ (and with this the functions f
and g) for which the smallest goal function value in (Int) or (Reg), respectively, is achieved.

To be able to compare our computed f(g(-)), which approximates the true solution
foxo)y (g* (1)) or g)\(X),Y (g™*(-)), respectively, to the result of a standard kernel inter-

polation/regression, we also calculate the interpolant/regressor w € { fxv f))‘(y}. This

resembles the solution to (1) or (5), respectively, for the reproducing kernel Hilbert space
H(Q,R) which employs the same kernel type and parameters as H (®,R) but on the domain
Q instead of ®. We then define ¢;,7 = 1,...,ny, as the points of a uniform grid of meshwidth

5L over 0 = [~1,1]?, i.e. n; = 1012, and consider the pointwise error

[(fog—hs)(t)] and |(w—h)(t)],

which we visualize in a two-dimensional contour plot.

4.2.1. INTERPOLATION

We first compare the results for two-layer interpolation, see (Int), with the results for
single-layer interpolation, see (1). To this end, we choose an outer Matérn kernel K =
KensorMatérn,s With s = 1 and an inner polynomial kernel K7 = Kpgly,, with p = 1 or
p = 2. In Figure 3 we display the pointwise errors. We observe that there is a visible
improvement in the error when dealing with two-layer interpolation instead of single-layer
interpolation. While the benefits of two-layer interpolation are already observable for the
test function hg, they become even more obvious for h;. As explained in the beginning of
Section 3, the fact that the kink of h; is not parallel to a coordinate axis poses a problem
when dealing with the tensor-product kernel. Since a linear transformation (rotation) would
suffice to remedy this problem, the polynomial kernel of degree p = 1 already suffices to
obtain a better error behavior. Therefore, p = 2 can already lead to a small overfitting
effect as we observe in Figure 3. Nevertheless, the error is still significantly better than in
the single-layer case. In the case of ho, however, we have a jump along two nonlinear curves.
Here, p = 2 seems to be more appropriate to deal with this problem. Overall, we come to the
conclusion that interpolation in reproducing kernel Hilbert spaces can significantly benefit
from a two-layer approach if the reproducing kernel at hand does not suit the underlying
function.

4.2.2. REGRESSION

Now we have a look at solving the least-squares regression problem (Reg). To determine
the optimal parameters A and p, we run a 5-fold cross-validation on the input data for all
possible choices A\, € {2721 | ¢t = 1,...,10}. Subsequently, we use the parameter pair
(A, ) for which the smallest function value of (Reg) is achieved and run the regression
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Figure 3: The pointwise error for standard interpolation with w = f%, (left) and for
concatenated interpolation with outer kernel KrensorMatérn,1 and inner kernel Kpoly,1 (mid)
or Kpoly,2 (right), respectively. We plotted both, the error for hy (top) and hy (bottom). The
color scale ranges from blue (0% error) to red (more than 10% error), where the percentage
has to be understood with respect to the || - ||, norm of h; or hg, respectively.

algorithm on the whole input data set to obtain our final results. We compare the two-layer
case with the single-layer regression, see also (5), with the parameter A\, which achieves the
smallest error, i.e. we compare to the best possible single-layer solution.

Since the results for interpolation and least-squares regression with the same kernel
choices as above happen to be similar, we employ an outer kernel of Gaussian type K =
KGauss,e with 0 = 0.1 instead of Matérn type here. For the inner kernel we again choose
K71 = Kpolyp with p = 1,2. As we observe in Figure 4, there is a significant improvement
of the two-layer approach over the single-layer one. Note that we deliberately employ the
kernel width o = 0.1, which appears to be too small for single-layer regression. However,
the two-layer approach seems to remedy this bad choice automatically by adjusting the
inner transformation accordingly. In this regard, the algorithm can also be understood as
an implicit hyperparameter tuner.

4.2.3. LINEAR OUTER KERNEL

In this section, we again want to emphasize the difference of our approach, which allows for
nonlinear outer kernels, to the MKL-type RLS2 algorithm of Dinuzzo (2011), where only a
linear outer kernel is considered and the inner kernel is given by a diagonal matrix with its
entries being different scalar-valued (nonlinear) kernels. To this end, we run our two-layer
least-squares regression approach for the following two settings:

(1) Outer polynomial kernel K = Kpgy 1 of order 1, inner mixture kernel K(x,y),

(2) Outer Matérn kernel K = KensorMatér,1 Of order 1, inner mixture kernel K(x,y).

23



BoHN, GRIEBEL AND RIEGER

Figure 4: The pointwise error for standard least-squares with w = f3, (left) and for
concatenated least-squares with outer kernel Kqauss0.1 and inner kernel 7Kp01y71 (mid) or
Kpoly 2 (right), respectively. We plotted both, the error for hy (top) and hy (bottom). The
color scale ranges from blue (0% error) to red (more than 10% error), where the percentage
has to be understood with respect to the || - ||z, norm of h; or hg, respectively.

For the inner mixture kernel, we deviate from (20) and from D = 2 here. To this end, we
set D =5 and use a diagonal kernel K with different scalar-valued kernels as entries. For
the five scalar-valued kernels we choose three Gaussian kernels Kqauss,s With o =0.1,1,10
and two polynomial kernels Kpoly, with p = 1,2. Setting (1) serves to represent the RLS2
algorithm®, where similar choices for the inner kernel have been made, see Dinuzzo (2011).
To determine the optimal parameters \,p € {1072*+1 |t = 1,...,6}, we again run a 5-
fold crossvalidation®. The results can be found in figure 5. As we have already seen for
interpolation, the structure of the function h; admits a good representation by a two-layer
kernel discretization of type (2). However, despite the quite generic choice of the inner
kernel in setting (1), the two-layer kernel approach with a linear outer kernel is not able
to find a good representation of the function. This shows that a nonlinear choice for the
outer kernel can be necessary to find suitable approximations by the two-layer algorithm.
Although the results do not differ that much for hy, we again see that there is a slight
advantage in approximating with a nonlinear outer kernel.

4. Note however that we did not use a diagonal scaling of the linear kernel and our optimization algorithm
is different from the one used in Dinuzzo (2011), which is adjusted to the problem with a linear outer
kernel.

5. Note that we scan a coarser (but wider) range than in the previous section, which seemed to be appro-
priate here.
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Setting (1) Setting (2)

Figure 5: The pointwise error for standard least-squares with Matérn kernel and w = f)>\(,Y
(left) and for concatenated least-squares with setting (1) (mid) and setting (2) (right) from
section 4.2.3. We plotted both, the error for hy (top) and hs (bottom). The color scale
ranges from blue (0% error) to red (more than 10% error), where the percentage has to be
understood with respect to the || - ||z, norm of h; or hg, respectively.

4.3. Transformation by the inner function

To get a better impression on how the two-layer algorithms work, we exemplarily inspect
the inner function g in the case of interpolation with K = KrensorMatér,s for s = 1 and
K7 = Kpgyp for p = 1 or p = 2, i.e. for the setting from Section 4.2.1. To this end,
we depict isotropic grid points in Q = [~1,1]? and have a look at how these points are
transformed by g in Figure 6.

We observe that for hy in both cases p = 1 and p = 2, the inner function aligns the kink
almost perpendicular to the y-axis. Therefore, one can easily characterize the kink by the
y-coordinate after the inner transformation. This reduces the original two-dimensional kink
description x —y = 0 to just the one-dimensional description y = 0. While the function with
the kink along the diagonal does not reside in the tensor-product Matérn space of order 1,
which corresponds to the outer kernel in this example, a function with a kink parallel to
one of the coordinate axes does. Therefore, the inner function g transforms the domain in
such a way that the result resides in the RKHS to which the outer function belongs.

Considering the test function he, we see that a linear inner transformation, i.e. p = 1,
essentially just rotates and shears the domain and does not change the alignment of the
jump very much. However, in the case p = 2, the inner function g manages to transform
the domain in such a way that the jump is now almost parallel to the y-axis. We observe
that the pointwise errors in Figure 3 really benefit from this transformation and the jump
is resolved almost perfectly. Overall, we see that the inner function g tries to align the
features of the original test function in such a way that they can be easily resolved by the
outer function f.
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(original) (transformed by g for p = 1) (transformed by g for p = 2)
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Figure 6: The transformation of the isotropic grid points (left) by the inner function with
p =1 (mid) and p = 2 (right). The underlying problem is interpolation of hy (top) and he
(bottom) for the outer kernel KensorMatérn,1 and the inner kernel Kpoly,p- The color scale
represents the values of hy or hg, respectively.

5. Conclusion

In this paper, we presented both a finite- and an infinite-sample representer theorem for con-
catenated machine learning problems. In the finite-sample case, the statement essentially
boils down to the fact that the a priori infinite-dimensional optimization problem, which ap-
pears when dealing with function compositions from reproducing kernel Hilbert spaces, can
be recast into a finite-dimensional optimization problem, where we only have to deal with at
most N kernel translates in each layer of the composition. Here, N denotes the number of
input data points. In the infinite-sample case, we derived an analogous result stating that
the solution in each layer is an element of the image space of the integral operator defined by
the corresponding kernel evaluated at the innermost functions. We introduced a simple neu-
ral network architecture, which represents the concatenated functions we are dealing with.
Furthermore, we established a connection between our representer theorem and two types
of state-of-the-art deep learning algorithms, namely multi-layer multiple kernel learning and
deep kernel networks. Finally, we presented a detailed analysis on a two-layer interpola-
tion and a two-layer least-squares regression algorithm, which can directly be derived from
our representer theorem. We illustrated the operating principles of these algorithms with
the help of two artificial test functions and explained why the two-layer approach is able to
remedy the shortcomings of a single-layer variant. Furthermore, we highlighted that the use
of a nonlinear outer kernel, instead of a linear one as in Dinuzzo (2011), can be inevitable
to obtain good two-layer approximations. Nevertheless, the nonlinearity of the outer layer
makes the numerical treatment of the underlying optimization problem more difficult.
While we presented specific two-layer (L = 2) algorithms and applied them to two-
dimensional (d = 2) toy problems for illustrative reasons, our representer theorems can
also be applied in the high-dimensional case with an arbitrary number of layers. Note
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furthermore that, apart from interpolation and least-squares regression, also more general
choices of the loss function £ and the regularizers ©; are allowed in (7). Therefore, one can
also think of multi-layer support vector machines for instance. The construction of such
efficient deep kernel learning algorithms for high-dimensional problems and a thorough
analysis of the interplay between the number of layers L and the dimension d will be future
work.
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Appendix A. Remainder of the proof of theorem 2

To continue the proof of theorem 2, we note that we already showed that f; has the desired
structure (14). Let us assume we have shown (14) for all fi,..., fj_1 foranl € {2,...  L}.
To obtain (14) for f;, we proceed in the same fashion as in the first part of the proof in

section 3.2. To this end, we now define Jy,,, .4, : Hi — [0,00) by

Torirrgn (1) = / C1 (9, 01(8)) ACL.(P)(E.y) + MllgillZ,.
Ry 1 xRy

where £;(y, z) := L(y, fio...o fi_1(2)) and Gy, (P) is the pushforward of P onto R;11 x Ry
defined by Gi(x,y) = (g1+1°...0gr(x),y). Then it holds

min J oo fie
GEH gL EHL, (f17f27 7fl 1,915, 91+1, 7gL)

L
= min min J, . + Z Nillgill3,
gi+1€HI41,-9LEHL <91€Hl gt 7gl+l(gl)> P ngzHHl

and we need to show that a minimizer of J,,,, ., admits a representation of type (14). To
this end, we begin by defining a Nemitski vector loss function and we subsequently prove
that these loss functions admit the representation we need.

Definition 5 Let £ : Ry x D — [0,00) for some domain D C R%. Let Pg, denote the
marginal distribution of P w.r.t. the second variable. We call L a P-integrable Nemitski
vector loss, if there exist b: Ry — [0,00) with b € L1p, (R1) and a measurable, increasing
h :[0,00) = [0,00) such that

L(y,z) <bly) + h(||z]]) for all (y,z) € Ry x D.

If L is k-times differentiable w.r.t. the second variable for all y € Ry, we call it a k-times
differentiable Nemitski vector loss.
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Lemma 6 Let | € {2,...,L} and let P! be a distribution® on Ry 1 x Ry and let L* be a
P!-integrable and 1-differentiable Nemitski vector loss on Ry x Ry such that the derivative
w.r.t. the second argument VoL fulfills

V2L (y, 2)|| < b"(y) + h*([lz]]) for all (y,2) € R x Ry

for some b* € Ly pt. (R1) and a measurable, increasing h* : [0,00) — [0,00). Then, the
functional Ry pi : Hy — [0, 00) defined by

Rop(f) == /R () AP (=)

is Frechet differentiable and the derivative ARy pi : Hy — B(H;, R) is given by

AR, ()(g) = / Vol (y, F(2)T - 9(2) AP (2, y). (21)

Ry 1 xRy

Furthermore, a critical point of J* : H; — [0,00) defined by

T*(f) = Ryp(f) + M fII3,

s given by
1

- Ki(-,2) - VoL (y, [(2) dP'(z.). (22)
l JRy 41X Ry

fe) =

Proof We have
Rip(f+9)—Ryp(f) - mele VoL (y, f(z)T - g(z) dP!(z,y)

||g||§ffio g2,

—  fim / Ly, f(2) + 9(2) = LX(y, [(2)) = VoL (y, f(2))" - g(2) dP! (2, y)
lgll?,—0 J Ry x Ry llgl2,

() / i BWf(2) +9(2)) = L7y, £(2)) = VoL (5, £(2))" - 9(2) dP' (2, y)
Rusr xRy 9l —0 97,

=0,

where the last equation follows from the differentiability of £* and (x) follows by the dom-
inated convergence theorem since the integrand is bounded by

Ly, f(2) + 9(2)) = Ly, f(2)) = V2L (y, f(2))" - 9(2)
gl
- ‘Vzﬁ*(y, cf(2) + (1= 0)g(2))" - g(2) = VaL*(y, f(2))" - 9(2)
gl
< 20°(y) + h*(llef (2) + (1 = )g(2)[) + 7 (I f ()1

6. Note that we set Rp41 := D = Q.
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for some ¢ € [0,1] due to the mean value theorem. Since the last line is bounded by
2b*(y) + 2h*(||f(2)]] + 1) independently of g for any g with [|g|%, < 1, the dominated
convergence theorem can be applied, which proves (21).

Since a critical point f of J* fulfills

0=dJ*(f)(g) = dR;p () (9) + 2\ (f, 9)30:s

for all g € H;, we obtain

1
(fron = — Qj\lde,Pl(f)(g)
__ L VoL (y, f(2))T - g(2) dPL(2,y)
2N JRi xRy
d
_ 1 * T e e P
= o on VoL (y, f(2)) ;g,m( ,2)ei), - e; dP!(z,y)
=~ 1% / VoL (y, f(2) Kl z)e; dPY(z,y).9 ) e
2)\[ g Rl+1><R1 ’ ) 7 ) ) . 1

with the reproducing property of K;, which is equivalent to the Bochner-type integral
formulation (22). This finishes the proof. |

Now, we can apply lemma 6 with P! = G;,(P) and £* = L£;, which shows that a critical
point g; of J .,gr, can be written as

gi41;-
* 1 ~ *
g()=~5¢ Ki(,€) - VaLi(y, g7 (§)) dGi«(P)(&, v) (23)
L VR 1x Ry
1 -
=~ ox Ki(-,qi410...090(x)) - VoLi(y,g9f o giv10...0ogr(x)) dP(x,y),
l QXR1

which is of type (14). Therefore, it just remains to show that L£; fulfills the prerequisites of
lemma 6 and that Ay, 5., .5 (%, y) := VaLy(y, fio fiy10...0 fr(x)) € Lip.

Lemma 7 L; is a G«(P)-integrable and 1-differentiable Nemitski loss and the derivative
w.r.t. the second argument fulfills

|V2Luty. 2)|| < bw) + R(I21) for all (y,2) € Ry x Ry (24)
forabe LG, )n, (R1) and a measurable, increasing h : [0,00) — [0, 00).

Proof Since

1Li(y, z)| = [L(y, fro... 0 fia(2)] < bo(y) + ho(f1o... 0 fii1(2)) < bo(y) + ho(ll f1lleo);

L; is a G, (P)-integrable Nemitski-loss. Here, we again used that f; € Hy < C(Dy) because
of (12). Since fi,..., fi_1 are differentiable because the respective kernels are in C!, £; is
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also 1-differentiable by the chain rule. It remains to show (24). To this end, note that the
chain rule gives us

VoLl 2)() = 5o (£ fio -0 fia(2))
= £y, fro...0 fra(2)) -df(fao -0 fia(2)) (@halfyo -0 fira(2)) (.. dfina(2)())

which leads to

-1

IVaLi(y, 2)[ < (b1(y) + (| fio.. o fia(2)) - [ sup Idfi(®)lsp, k)
i=1%i i€D;
-1
< (i(y) + (lAlle)) - 1] sup, dfi(@i)llp,,R.)- (25)
=1 Ti€D:
Because of our assumption that we already showed (14) for f1,..., fi_1 and because of (12),

we get by the dominated convergence theorem that

1
sup del(xl)HB (Di,R;) > 2)\‘Ci|’Afi7--~7fL||L1,]P’
x,€D; 7

for all i = 1,...,1 — 1. Therefore, by setting b(y) := ¢ - bi(y) and choosing a constant
hi=c bl filloo) with ¢ = [T} gheillAy,...p, 1., < o0, we obtain (24). .

Applying lemma 6 and lemma 7 shows us that f; fulfills the integral equation (23). To
conclude the proof of theorem 2, we note that

Afz,fz+1,..-,fL(m7y) = VQEl(yv fl o fl-‘rl 60...0 fL(a;)) € LUP”

which directly follows from (25) and the fact that b, € Lipg, - This finally shows that f;
admits a representation of type (14). Since the argument is valid for each [ = 2,..., L and
we already proved (14) for [ = 1 in section 3.2, this finishes the proof of theorem 2.
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