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Abstract

A kernel method for realizing Bayes’ rule is proposed, based on representations of probabilities
in reproducing kernel Hilbert spaces. Probabilities are uniquely characterized by the mean of the
canonical map to the RKHS. The prior and conditional probabilities are expressed in terms of
RKHS functions of an empirical sample: no explicit parametric model is needed for these quan-
tities. The posterior is likewise an RKHS mean of a weighted sample. The estimator for the
expectation of a function of the posterior is derived, and rates of consistency are shown. Some rep-
resentative applications of the kernel Bayes’ rule are presented, including Bayesian computation
without likelihood and filtering with a nonparametric state-space model.

Keywords: kernel method, Bayes’ rule, reproducing kernel Hilbert space

1. Introduction

Kernel methods have long provided powerful tools for generalizing linear statistical approaches to
nonlinear settings, through an embedding of the sample to a high dimensional feature space, namely
a reproducing kernel Hilbert space (RKHS) (Scholkopf and Smola, 2002). Examples include sup-
port vector machines, kernel PCA, and kernel CCA, among others. In these cases, data are mapped
via a canonical feature map to a reproducing kernel Hilbert space (of high or even infinite dimen-
sion), in which the linear operations that define the algorithms are implemented. The inner product
between feature mappings need never be computed explicitly, but is given by a positive definite
kernel function unique to the RKHS: this permits efficient computation without the need to deal
explicitly with the feature representation.

The mappings of individual points to a feature space may be generalized to mappings of prob-
ability measures (e.g., Berlinet and Thomas-Agnan, 2004, Chapter 4). We call such mappings the
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kernel means of the underlying random variables. With an appropriate choice of positive definite
kernel, the kernel mean on the RKHS uniquely determines the distribution of the variable (Fukumizu
et al., 2004, 2009a; Sriperumbudur et al., 2010), and statistical inference problems on distributions
can be solved via operations on the kernel means. Applications of this approach include homo-
geneity testing (Gretton et al., 2007; Harchaoui et al., 2008; Gretton et al., 2009a, 2012), where
the empirical means on the RKHS are compared directly, and independence testing (Gretton et al.,
2008, 2009b), where the mean of the joint distribution on the feature space is compared with that
of the product of the marginals. Representations of conditional dependence may also be defined in
RKHS, and have been used in conditional independence tests (Fukumizu et al., 2008; Zhang et al.,
2011).
In this paper, we propose a novel, nonparametric approach to Bayesian inference, making use
of kernel means of probabilities. In applying Bayes’ rule, we compute the posterior probability of x
in X given observation y in ;
PORIR() "
q ()

where m(x) and p(y|x) are the density functions of the prior and the likelihood of y given x, re-
spectively, with respective base measures vy and Vo, and the normalization factor g4(y) is given
by

q(xly) =

ay(s) = [ pom(x)avx ()

Our main result is a nonparametric estimate of posterior kernel mean, given kernel mean represen-
tations of the prior and likelihood. We call this method kernel Bayes’ rule.

A valuable property of the kernel Bayes’ rule is that the kernel posterior mean is estimated
nonparametrically from data. The prior is represented by a weighted sum over a sample, and the
probabilistic relation expressed by the likelihood is represented in terms of a sample from a joint
distribution having the desired conditional probability. This confers an important benefit: we can
still perform Bayesian inference by making sufficient observations on the system, even in the ab-
sence of a specific parametric model of the relation between variables. More generally, if we can
sample from the model, we do not require explicit density functions for inference. Such situations
are typically seen when the prior or likelihood is given by a random process: Approximate Bayesian
Computation (Tavaré et al., 1997; Marjoram et al., 2003; Sisson et al., 2007) is widely applied in
population genetics, where the likelihood is expressed as a branching process, and nonparametric
Bayesian inference (Miiller and Quintana, 2004) often uses a process prior with sampling methods.
Alternatively, a parametric model may be known, however it might be of sufficient complexity to
require Markov chain Monte Carlo or sequential Monte Carlo for inference. The present kernel
approach provides an alternative strategy for Bayesian inference in these settings. We demonstrate
consistency for our posterior kernel mean estimate, and derive convergence rates for the expectation
of functions computed using this estimate.

An alternative to the kernel mean representation would be to use nonparametric density esti-
mates for the posterior. Classical approaches include kernel density estimation (KDE) or distribu-
tion estimation on a finite partition of the domain. These methods are known to perform poorly
on high dimensional data, however. In addition, computation of the posterior with KDE requires
importance weights, which may not be accurate in low density areas. By contrast, the proposed
kernel mean representation is defined as an integral or moment of the distribution, taking the form
of a function in an RKHS. Thus, it is more akin to the characteristic function approach (see, e.g.,
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Kankainen and Ushakov, 1998) to representing probabilities. A well conditioned empirical estimate
of the characteristic function can be difficult to obtain, especially for conditional probabilities. By
contrast, the kernel mean has a straightforward empirical estimate, and conditioning and marginal-
ization can be implemented easily, at a reasonable computational cost.

The proposed method of realizing Bayes’ rule is an extension of the approach used by Song
et al. (2009) for state-space models. In this earlier work, a heuristic approximation was used, where
the kernel mean of the new hidden state was estimated by adding kernel mean estimates from the
previous hidden state and the observation. Another relevant work is the belief propagation approach
in Song et al. (2010a, 2011), which covers the simpler case of a uniform prior.

This paper is organized as follows. We begin in Section 2 with a review of RKHS terminology
and of kernel mean embeddings. In Section 3, we derive an expression for Bayes’ rule in terms
of kernel means, and provide consistency guarantees. We apply the kernel Bayes’ rule in Section
4 to various inference problems, with numerical results and comparisons with existing methods in
Section 5. Our proofs are contained in Section 6 (including proofs of the consistency results of
Section 3).

2. Preliminaries: Positive Definite Kernels and Probabilities

Throughout this paper, all Hilbert spaces are assumed to be separable. For an operator A on a Hilbert
space, the range is denoted by R (A). The linear hull of a subset S in a vector space is denoted by
SpansS.

We begin with a review of positive definite kernels, and of statistics on the associated reproduc-
ing kernel Hilbert spaces (Aronszajn, 1950; Berlinet and Thomas-Agnan, 2004; Fukumizu et al.,
2004, 2009a). Given a set Q, a (R-valued) positive definite kernel £ on € is a symmetric kernel
k:Q xQ — R such that szil cicjk(x;,x;) > 0 for arbitrary number of points xi,...,x, in Q and
real numbers cy,...,c,. The matrix (k(x;,x;))7;_; is called a Gram matrix. It is known by the
Moore-Aronszajn theorem (Aronszajn, 1950) that a positive definite kernel on Q uniquely defines a
Hilbert space 4 consisting of functions on Q such that the following three conditions hold:

(i) k(-,x) € H for any x € Q,
(i) Span{k(-,x)|x € Q} is dense in #,

(iii) (f,k(-,x)) = f(x) for any x € Q and f € H (the reproducing property), where (-,-) is the
inner product of 4.

The Hilbert space # is called the reproducing kernel Hilbert space (RKHS) associated with k, since
the function k, = k(-, x) serves as the reproducing kernel (f,k,) = f(x) for f € H.

A positive definite kernel on Q is said to be bounded if there is M > 0 such that k(x,x) < M for
any x € Q.

Let (X, Bx) be a measurable space, X be a random variable taking values in X with distribution
Py, and k be a measurable positive definite kernel on X such that E[/k(X,X)] < e. The associated
RKHS is denoted by #. The kernel mean m% (also written m’lix) of X on the RKHS # is defined by
the mean of the # -valued random variable k(-,X). The existence of the kernel mean is guaranteed
by E[||k(-,X)|] = E[\/k(X,X)] < e. We will generally write my in place of m% for simplicity,
where there is no ambiguity. By the reproducing property, the kernel mean satisfies the relation

(fymx) = E[f(X)] 2
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for any f € H. Plugging f = k(-,u) into this relation,

() = Ek(.X)] = [ k(. 5)dPx(2). @

which shows the explicit functional form. The kernel mean my is also denoted by mp,, as it depends
only on the distribution Py with k fixed.

Let (X,Bx) and (9, By) be measurable spaces, (X,Y) be a random variable on X x 9 with
distribution P, and kx and ko be measurable positive definite kernels with respective RKHS Hy
and Hoy such that E[kx(X,X)] < eo and E[ky (Y,Y)] < co. The (uncentered) covariance operator
Cyx : Hy — Hoy is defined as the linear operator that satisfies

(8,Crxf) s, = E[f(X)g(¥)]

for all f € #x,g € Hy. This operator Cyx can be identified with myy) in the product space Hy @
Hy, which is given by the product kernel kykx on 9 x X (Aronszajn, 1950), by the standard
identification between the linear maps and the tensor product. We also define Cxy for the operator
on Hy that satisfies (f>,Cxx f1) = E[f2(X) fi(X)] for any fi, f>» € Hx. Similarly to Equation (3),
the explicit integral expressions for Cyx and Cxx are given by

nyf /ky y, dP(x y) and Cxxf /kx X, x dPx( ) (4)

respectively.

An important notion in statistical inference with positive definite kernels is the characteristic
property. A bounded measurable positive definite kernel k on a measurable space (Q,B) is called
characteristic if the mapping from a probability Q on (,B) to the kernel mean m'é € H is in-
jective (Fukumizu et al., 2009a; Sriperumbudur et al., 2010). This is equivalent to assuming that
Ex.plk(-,X)] = Ex/~olk(-,X")] implies P = Q: probabilities are uniquely determined by their kernel
means on the associated RKHS. With this property, problems of statistical inference can be cast as
inference on the kernel means. A popular example of a characteristic kernel defined on Euclidean
space is the Gaussian RBF kernel k(x,y) = exp(—||x — y||*/(26?)). A bounded measurable positive
definite kernel on a measurable space (€, B) with corresponding RKHS # is characteristic if and
only if # + R is dense in L*(P) for arbitrary probability P on (Q,B), where H + R is the direct
sum of two RKHSs # and R (Aronszajn, 1950). This implies that the RKHS defined by a char-
acteristic kernel is rich enough to be dense in L? space up to the constant functions. Other useful
conditions for a kernel to be characteristic can be found in Sriperumbudur et al. (2010), Fukumizu
et al. (2009b), and Sriperumbudur et al. (2011).

Throughout this paper, when positive definite kernels on a measurable space are discussed, the
following assumption is made:

(K) Positive definite kernels are bounded and measurable.

Under this assumption, the mean and covariance always exist for arbitrary probabilities.
Given i.i.d. sample (X;,Y}),...,(X,,Y,) with law P, the empirical estimators of the kernel mean
and covariance operator are given straightforwardly by

n

DR ~
ﬁzg():;kx(.’Xi), Z{ Y) ®kx(-,X;),
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~(n) . . . . . . .
where CI(,)E is written in tensor form. These estimators are y/n-consistent in appropriate norms,

and \/ﬁ(lﬁgf) — my ) converges to a Gaussian process on #y (Berlinet and Thomas-Agnan, 2004,
Section 9.1). While we may use non-i.i.d. samples for numerical examples in Section 5, in our
theoretical analysis we always assume i.i.d. samples for simplicity.

3. Kernel Expression of Bayes’ Rule

We review Bayes’ rule and the notion of kernel conditional mean embeddings in Section 3.1. We
demonstrate that Bayes’ rule may be expressed in terms of these conditional mean embeddings. We
provide consistency results for the empirical estimators of the conditional mean embedding for the
posterior in Section 3.2.

3.1 Kernel Bayes’ Rule

We first review Bayes’ rule in a general form without using density functions, since the kernel
Bayes’ rule can be applied to situations where density functions are not available.

Let (X, Bx) and (9, By ) be measurable spaces, (€2, 4,P) a probability space, and (X,Y) : Q —
X X Y be a (X x 9-valued) random variable with distribution P. The marginal distribution of X
is denoted by Px. Suppose that IT is a probability measure on (X, By), which serves as a prior
distribution. For each x € X, let Py, denote the conditional probability of ¥ given X = x; namely,
Py (B) = E[Ig(Y)|X = x], where I is the indicator function of a measurable set B € By.! We
assume that the conditional probability Py, is regular; namely, it defines a probability measure on
9 for each x. The prior IT and the family {Py|, | x € X} defines the joint distribution Q on X x &
by

04 xB) = [ Pyu(B)dmI(x) )
for any A € By and B € By, and its marginal distribution Q« by
Qy(B) =Q(X xB).

Let (Z,W) be a random variable on X x 9" with distribution Q. For y € 9, the posterior probability
given y is defined by the conditional probability

Oxy(A) =E[IA(Z)|W =] (A€ Bx). (6)

If the probability distributions have density functions with respect to a measure vx on X and vy on
9, namely, if the p.d.f. of P and IT are given by p(x,y) and m(x), respectively, Equations (5) and
(6) are reduced to the well known form Equation (1). To make Bayesian inference meaningful, we
make the following assumption:

(A) The prior IT is absolutely continuous with respect to the marginal distribution Py.

1. The By-measurable function Py(.(B) is always well defined.  In fact, the finite measure u(A) :=
/i {0cQlx(w)ea} 1B(Y)dP on (X, By) is absolutely continuous with respect to Px. The Radon-Nikodym theorem then
guarantees the existence of a By -measurable function 1(x) such that [{,cqx(w)eay B(Y)dP = [y n(x)dPx(x). We
can define Py (B) := 1(x). Note that Py|,(B) may not satisfy the c-additivity in general. For details on conditional
probability, see, for example, Shiryaev (1995, §9).
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The conditional probability Py (B) can be uniquely determined only almost surely with respect to
Px. It is thus possible to define Q appropriately only if assumption (A) holds.

In ordinary Bayesian inference, we need only the conditional probability density (likelihood)
p(y|x) and prior 7(x), and not the joint distribution P. In kernel methods, however, the information
on the relation between variables is expressed by covariance, which leads to finite sample estimates
in terms of Gram matrices, as we see below. It is then necessary to assume the existence of the
variable (X,Y) on X x 9" with probability P, which gives the conditional probability Py, by con-
ditioning on X = x.

Let kx and ko be positive definite kernels on X and 9, respectively, with respective RKHS #
and H,y. The goal of this subsection is to derive an estimator of the kernel mean of posterior g |,
The following theorem is fundamental to discuss conditional probabilities with positive definite
kernels.

Theorem 1 (Fukumizu et al., 2004) [fE[g(Y)|X =] € Hy holds* for g € Hy, then
CxxE[g(Y)|X =] = Cxrg.
The above relation motivates to introduce a regularized approximation of the conditional expectation
(Cxx +&l)'Cxyag,

which is shown to converge to E[g(Y)|X = -] in #x under appropriate assumptions, as we will see
later.

Using Theorem 1, we have the following result, which expresses the kernel mean of Q, and
implements the Sum Rule in terms of mean embeddings.

Theorem 2 (Song et al., 2009, Equation 6) Let mp and mo,, be the kernel means of I1 in Hy and
Qy in Hy, respectively. If Cxx is injective,> mn € R(Cxx), and E[g(Y)|X = | € Hy for any
g € Hy, then

mg, = CyxCyymi, (7)

where Cg}}mn denotes the function mapped to mr by Cxx.

Proof Take f € Hx such that Cxxf = mp. It follows from Theorem 1 that for any g € H,y,

(Crxf,g) = (f,Cxvg) = (f,CxxE[g(Y)|X = ]) = (Cxx [, E[g(Y)|X = ]) = (mm, E[g(Y)|X = ]) =
(mg,,g), which implies Cyx f = mg,, . [

As discussed by Song et al. (2009), we can regard the operator CYXC)}}( as the kernel expression
of the conditional probability Py, or p(y|x). Note, however, that the assumptions my € R (Cxx)
and E[g(Y)|X = -] € Hx may not hold in general; we can easily give counterexamples for the latter
in the case of Gaussian kernels.* A regularized inverse (Cxx + €I)~! can be used to remove this

2. The assumption “E[g(Y)|X =] € #Hx” means that a version of the conditional expectation E[g(Y)|X = x] is included
in H as a function of x.

3. Noting (Cxx f, f) = E[f(X)?], it is easy to see that Cyy is injective if X is a topological space, ky is a continuous
kernel, and Supp(Py) = X, where Supp(Px) is the support of Py.

4. Suppose that #Hy and Hey are given by Gaussian kernel, and that X and Y are independent. Then, E[g(Y)|X = x] is
a constant function of x, which is known not to be included in a RKHS given by a Gaussian kernel (Steinwart and
Christmann, 2008, Corollary 4.44).
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strong assumption. An alternative way of obtaining the regularized conditional mean embedding
is as the solution to a vector-valued ridge regression problem, as proposed by Griinewélder et al.
(2012) and Griinewilder et al. (2013). A connection between conditional embeddings and ridge
regression was noted independently by Zhang et al. (2011, Section 3.5). Following Griinewilder
et al. (2013, Section 3.2), we seek a bounded linear operator F : ﬂ-éf — Hy that minimizes the loss

E[F]= sup E(E[R(Y)X]— (Fhhkx(X.))s)",
[#]15g, <1

where we take the supremum over the unit ball in # to ensure worst-case robustness. Using the
Jensen and Cauchy-Schwarz inequalities, we may upper bound this as

Ec[F] < Eu[F]:=E|lky (Y,) = F*[kx (X, )] |5 .

where F* denotes the adjoint of F. If we stipulate that® F* € Hy @ Hy, and regularize by the
squared Hilbert-Schmidt norm of F*, we obtain the ridge regression problem

argmin E|lky (Y, ) = F*[kx (X, ][5+l F*|[fss.
F*E%f@.”‘[x

which has as its solution the regularized kernel conditional mean embedding. In the following, we
nonetheless use the unregularized version to derive a population expression of Bayes’ rule, use it as
a prototype for defining an empirical estimator, and prove its consistency.

Equation (7) has a simple interpretation if the probability density function or Radon-Nikodym
derivative dI1/dPy is included in #x under Assumption (A). From Equation (3) we have myy(x) =
[ kx (x,%)dT1(%) = [ kx(x,%)(dX1/dPyx)(%)dPx (%), which implies Cyymp = dI1/dPy from Equa-
tion (4) under the injective assumption of Cyx. Thus Equation (7) is an operator expression of the
obvious relation

[ [krteapyoan = [9) (55 ) @dp.s).

In many applications of Bayesian inference, the probability conditioned on a particular value
should be computed. By plugging the point measure at x into IT in Equation (7), we have a popula-
tion expression®

Elky(-,Y)|X = x] = CyxCxx "kx(-,x), ®)

or more rigorously we can consider a regularized inversion
E&8lky (-,Y)|X = x] := Cyx (Cxx +&I) k(- x) )

as an approximation of the conditional expectation E [k (-,Y)|X = x]. Note that in the latter ex-
pression we do not need to assume kx (-,x) € R (Cxx), which is too strong in many situations. We

5. Note that more complex vector-valued RKHS are possible; see, for example, Micchelli and Pontil (2005).

6. The expression Equation (8) has been considered in Song et al. (2009, 2010a) as the kernel mean of the conditional
probability. It must be noted that for this case the assumption myy = k(-,x) € R (Cxx) in Theorem 2 may not hold in
general. Suppose Cxxhy = kx(+,x) were to hold for some /, € Hy. Taking the inner product with kx (-, %) would then
imply kx (x,%) = [ hy(x')kx (%,x')dPx (x’), which is not possible for many popular kernels, including the Gaussian
kernel.
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will show in Theorem 8 that under some mild conditions a regularized empirical estimator based on
Equation (9) is a consistent estimator of E [ky (-,Y)|X = x].

To derive kernel realization of Bayes’ rule, suppose that we know the covariance operators Czy
and Cyw for the random variable (Z,W) ~ Q, where Q is defined by Equation (5). The condi-
tional probability E[kx(-,Z)|W = y| is then exactly the kernel mean of the posterior distribution for
observation y € . Equation (9) gives the regularized approximate of the kernel mean of posterior;

Cow (Cuw +81) "k (-, y), (10)

where § is a positive regularization constant. The remaining task is thus to derive the covariance
operators Czw and Cyw . This can be done by recalling that the kernel mean mg = mzy) € Hy @ Hy
can be identified with the covariance operator Czy : ,’7-@ — HHy by the standard identification of a
tensor Y, fi ® g; (fi € Hx and g; € Hy) and a Hilbert-Schmidt operator & — Y, gi(fi,h) . From
Theorem 2, the kernel mean myg is given by the following tensor representation:

mgp = C(Yx)XC)?)I(mH € 5‘[3/ & j‘[x,

where the covariance operator Cyx)x : Hx — Ho ® Hx is defined by the random variable ((¥,X),X)
taking values on (9" x X) x X. We can alternatively and more generally use an approximation by the
regularized inversion mrQeg = Cyx)x (Cxx + 8)~'mm, as in Equation (9). This expression provides
the covariance operator Czy . Similarly, the kernel mean my ) on the product space Hy ® Hy is
identified with Cyw, and the expression

maww) = Cyy)xCyxmn

gives a way of estimating the operator Cyw .

The above argument can be rigorously implemented, if empirical estimators are considered. Let
(X1,1),...,(Xy,Y,) be an i.i.d. sample with law P. Since we need to express the information in the
variables in terms of Gram matrices given by data points, we assume the prior is also expressed in
the form of an empirical estimate, and that we have a consistent estimator of myy in the form

iy = Y vikx (-, U;),
j=1

4
where Uy, ...,Uy are points in X and 7y, are the weights. The data points U; may or may not be a
sample from the prior I1, and negative values are allowed for ;. Such negative weights may appear
in successive applications of the kernel Bayes rule, as in the state-space example of Section 4.3.
Based on Equation (9), the empirical estimators for m(zy and myw) are defined respectively by

. - 1) o~ —1~(t

Mizw) = C((Q()X (CX'Q +eul) ml('l)7 myw) = 6((;;),/),( (CX@ +e,l) ml(_[),
where €, is the coefficient of the Tikhonov-type regularization for operator inversion, and / is the
identity operator. The empirical estimators Czy and Cyw for Czy and Cyw are identified with
mzw) and M), respectively. In the following, Gx and Gy denote the Gram matrices (kx (Xi,X;))
and (ky (Y;,Y;)), respectively, and I, is the identity matrix of size n.
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Proposition 3 The Gram matrix expressions of 5ZW and GWW are given by

Cow = Y Jikx (-, X)) ® ko (-.Y;) and Cww = Y fiiko (-,Y)) @ ko (-, ),
i=1 i=1

respectively, where the common coefficient i € R" is
_ 1 PP .
U= (;GX +8n1n) mp, g, =mn(X) = Y vk (X, Uj). (11)
j=1

The proof is similar to that of Proposition 4 below, and is omitted. The expressions in Proposition 3
imply that the probabilities Q and Qo are estimated by the weighted samples {((X;,Y;),u;) }7_, and
{(Y:,ui) }1_,, respectively, with common weights. Since the weight ; may be negative, the operator
inversion (6WW +8,1)~! in Equation (10) may be impossible or unstable. We thus use another type
of Tikhonov regularization,” resulting in the estimator

. -~ 15
fgyly = Czw (Cipw +8al) ~ Cuwwkor(-,y). (12)
Proposition 4 For any y € ', the Gram matrix expression of i |y IS given by
moyly = kyRxyky (y),  Rxjy := AGy((AGy)*+8,1,) "' A, (13)

where A = diag(i) is a diagonal matrix with elements 1i; in Equation (11), and Ky € Hy" := Hy x
-+ X Hy (n direct product) and Ky € Hy" := Hy x -+ x Hoy are given by

ky = (kx(-,X1),- - kx (- Xa)" and Ky = (ko (-, Y1), ko (-, Y)) T

Proof Leth = (6v2vw + Snl)*lawwky(-,y), and decompose itas h =Y Oiky (-, Y;)+h| = olky +
h, where h, is orthogonal to Span{ky(-,Y;)}7_,. Expansion of ((:’\%VW +06,/)h = Cwwky (-,y) gives
k7 (AGy)?o+8,kl o+ 8,h, =kl Aky (y). Taking the inner product with ko (-, Y;), we have

((GyA)* +8,1,) Gya. = Gy Aky ().
The coefficient p in g, |, = 6zwh =YY" pikx(-,X;) is given by p = AGy0, and thus

p = A((GyA)? +8,1,) ' Gy Aky (y) = AGy ((AGy)? +8,1,) "' Aky ().

We call Equations (12) and (13) the kernel Bayes’ rule (KBR). The required computations are
summarized in Figure 1. The KBR uses a weighted sample to represent the posterior; it is similar in
this respect to sampling methods such as importance sampling and sequential Monte Carlo (Doucet
et al., 2001). The KBR method, however, does not generate samples of the posterior, but updates
the weights of a sample by matrix computation. Note also that the weights in KBR may take
negative values. The interpretation as a probability is then not straightforward, hence the mean

7. An alternative thresholding approach is proposed by Nishiyama et al. (2012), although its consistency remains to be
established.
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Input: (i) {(X;,Y;)}",: sample to express P. (ii) {(U j,yj)}§:1: weighted sample to express the
kernel mean of the prior /myy. (iii) €,, 5, regularization constants.

Computation:

1. Compute Gram matrices Gy = (kx(X;,X;)), Gy = (ky(¥;,Y;)), and a vector mp =
(X1 Yk (X3, Uy
2. Compute 1 = n(Gx +ne,l,)~'mp.
[If the inversion fails, increase €, by €, := c€, with ¢ > 1.]
3. Compute Ry|y = AGy ((AGy)? +8,1,) "' A, where A = diag(u).
[If the inversion fails, increase §, by o, := ¢d, with ¢ > 1.]

Output: n X n matrix Ry|y.
Given conditioning value y, the kernel mean of the posterior g(x|y) is estimated by the
weighted sample {(X;,p;) }i_; with weights p = Ry|yky (y), where ky (y) = (ko (Y;,y))i;.

Figure 1: Algorithm for Kernel Bayes’ Rule

embedding viewpoint should take precedence (i.e., even if some weights are negative, we may still
use result of KBR to estimate posterior expectations of RKHS functions). We will give experimental
comparisons between KBR and sampling methods in Section 5.1.

If our aim is to estimate the expectation of a function f € #Hy with respect to the posterior, the
reproducing property of Equation (2) gives an estimator

(f g ly) sg. = B Ry yko (), (14)
where fy = (f(X1),...,f(X.,))T € R".

3.2 Consistency of the KBR Estimator

We now demonstrate the consistency of the KBR estimator in Equation (14). We first show consis-
tency of the estimator, and next the rate of consistency under stronger conditions.

Theorem 5 Let (X,Y) be a random variable on X x 9 with distribution P, (Z,W) be a random
variable on X X Y such that the distribution is Q defined by Equation (5), and n?g”) be a consistent
estimator of mry in Hy norm. Assume that Cxy is injective and that E[ky (Y,Y)|X = x,X = %] and
Elkx(Z,Z)|W =y,W =3] are included in the product spaces Hy @ Hy and Hy @ Hy, respectively,
as a function of (x,%) and (y,), where (X,Y) and (Z,W) are independent copies of (X,Y) and
(Z,W), respectively. Then, for any sufficiently slow decay of the regularization coefficients €, and
8., we have for any y € Y
KRk ) i —+0

in probability as n — oo, where k)T(RX|yky (y) is the KBR estimator given by Equation (13) and
mg, |y = Elkx(-,Z)|W = y| is the kernel mean of posterior given W = y.

It is obvious from the reproducing property that this theorem also guarantees the consistency

of the posterior expectation in Equation (14). The rate of decrease of €, and §,, depends on the

(4n)

convergence rate of m;"’ and other smoothness assumptions.
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Next, we show convergence rates of the KBR estimator for the expectation with posterior under
stronger assumptions. In the following two theorems, we show only the rates that can be derived
under certain specific assumptions, and defer more detailed discussions and proofs to Section 6. We
assume here that the sample size ¢ = ¢, for the prior goes to infinity as the sample size n for the

likelihood goes to infinity, and that ﬁg”) is n%-consistent in RKHS norm.

Theorem 6 Let f be a function in Hy, (X,Y) be a random variable on X x 9 with distribution P,
(Z,W) be a random variable on X x 9 with the distribution Q defined by Equation (5), and nAil(-f”) be
an estimator of mry such that Hﬁg”) —mril| g5, = Op(n~%) as n — oo for some 0 < < 1/2. Assume
that the Radon Nikodym derivative d11/dPx is included in K(C)l(é(z) and E[f(Z)|W =] € R(CZ,y).
With the regularization constants €, = n=3% and S, = n=7% we have foranyy ey

_8
xRy yky (V) —E[f(Z)|W =)] = 0p(n"71%),  (n— =),
where £ Ry yky (v) is given by Equation (14).

It is possible to extend the covariance operator Cyw to one defined on LZ(QQ/) by

Cuwd = [ ky(rw)0(0)dQy (w), (0 € L2(Qy). (1s)

If we consider the convergence on average over y, we have a slightly better rate on the consistency
of the KBR estimator in L*(Q.y).

Theorem 7 Let f be a function in Hy, (Z,W) be a random vector on X x ¥ with the distribution
Q defined by Equation (5), and n?f—f”) be an estimator of myy such that Hn?g”) —mri|ls = Op(n™%)
as n — oo for some 0 < o < 1/2. Assume that the Radon Nikodym derivative dI1/dPy is included
in K(C%{z) and E[f(Z)|W = -] € R(C3,y). With the regularization constants €, = n=3%and §, =
n*%“, we have

1

Hf)T(RX|YkY(W) —E[f(Z)‘W] HLZ(Qy) = Op(n_ga)v (l’l — °°)'

The condition dI1/dPx € K(C;&2 ) requires the prior to be sufficiently smooth. If ﬁzg”) is a
direct empirical mean with an i.i.d. sample of size n from IT, typically oo = 1/2, with which the
theorems imply n*?7-consistency for every y, and n'/®-consistency in the Lz(Qy) sense. While
these might seem to be slow rates, the rate of convergence can in practice be much faster than the
above theoretical guarantees.

While the convergence rates shown in the above theorems do not depend on the dimensionality
of original spaces, the rates may not be optimal. In fact, in the case of kernel ridge regression,
the optimal rates are known under additional information on the spectrum of covariance opera-
tors (Caponnetto and De Vito, 2007). It is also known (Eberts and Steinwart, 2011) that, given
the target function is in the Sobolev space of order a, the convergence rates is arbitrary close to
OI,(n_m/ (20‘+d)), the best rate for any linear estimator (Stone, 1982), where d is the dimensionality
of the predictor. Similar convergence rates for KBR incorporating the information on eigenspec-
trum or smoothness will be interesting future works, in the light of the equivalence of the condi-
tional mean embedding and operator-valued regression shown by Griinewélder et al. (2012) and
Griinewilder et al. (2013).
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4. Bayesian Inference with Kernel Bayes’ Rule

We discuss problem settings for which KBR may be applied in Section 4.1. We then provide notes
on practical implementation in Section 4.2, including a cross-validation procedure for parameter
selection and suggestions for speeding computation. In Section 4.3, we apply KBR to the filtering
problem in a nonparametric state-space model. Finally, in Section 4.4, we give a brief overview of
Approximate Bayesian Computation (ABC), a widely used sample-based method which applies to
similar problem domains.

4.1 Applications of Kernel Bayes’ Rule

In Bayesian inference, we are usually interested in finding a point estimate such as the MAP solu-
tion, the expectation of a function under the posterior, or other properties of the distribution. Given
that KBR provides a posterior estimate in the form of a kernel mean (which uniquely determines the
distribution when a characteristic kernel is used), we now describe how our kernel approach applies
to problems in Bayesian inference.

First, we have already seen that under appropriate assumptions, a consistent estimator for the
expectation of f € Hy can be defined with respect to the posterior. On the other hand, unless
f € Hy holds, there is no theoretical guarantee that it gives a good estimate. In Section 5.1, we
discuss experimental results observed in these situations.

To obtain a point estimate of the posterior on x, Song et al. (2009) propose to use the preimage
X = argmin, [[kx (-,x) — K Ry|yKy (¥) Hﬁ[x, which represents the posterior mean most effectively by
one point. We use this approach in the present paper when point estimates are sought. In the case
of the Gaussian kernel exp(—||x — y||?/(26?)), the fixed point method

w1 L Xipiexp(—[1Xi —x"|?/(26%))
=N 27(0aq2))
Y piexp(—||X; —x0[2/(202))

where p = Ryyky(y), can be used to optimize x sequentially (Mika et al., 1999). This method
usually converges very fast, although no theoretical guarantee exists for the convergence to the
globally optimal point, as is usual in non-convex optimization.

A notable property of KBR is that the prior and likelihood are represented in terms of samples.
Thus, unlike many approaches to Bayesian inference, precise knowledge of the prior and likelihood
distributions is not needed, once samples are obtained. The following are typical situations where
the KBR approach is advantageous:

e The probabilistic relation among variables is difficult to realize with a simple parametric
model, while we can obtain samples of the variables easily. We will see such an example in
Section 4.3.

e The probability density function of the prior and/or likelihood is hard to obtain explicitly, but
sampling is possible:

— In the field of population genetics, Bayesian inference is used with a likelihood ex-
pressed by branching processes to model the split of species, for which the explicit
density is hard to obtain. Approximate Bayesian Computation (ABC) is a popular
method for approximately sampling from a posterior without knowing the functional
form (Tavaré et al., 1997; Marjoram et al., 2003; Sisson et al., 2007).
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— Innonparametric Bayesian inference (Miiller and Quintana, 2004 and references therein),
the prior is typically given in the form of a process without a density form. In this case,
sampling methods are often applied (MacEachern, 1994; West et al., 1994; MacEach-
ern et al., 1999, among others). Alternatively, the posterior may be approximated using
variational methods (Blei and Jordan, 2006).

We will present an experimental comparison of KBR and ABC in Section 5.2.

e Even if explicit forms for the likelihood and prior are available, and standard sampling meth-
ods such as MCMC or sequential MC are applicable, the computation of a posterior estimate
given y might still be computationally costly, making real-time applications infeasible. Using
KBR, however, the expectation of a function of the posterior given different y is obtained
simply by taking the inner product as in Equation (14), once f)T(RX|y has been computed.

4.2 Discussions Concerning Implementation

When implementing KBR, a number of factors should be borne in mind to ensure good performance.
First, in common with many nonparametric approaches, KBR requires training data in the region
of the new “test” points for results to be meaningful. In other words, if the point on which we
condition appears in a region far from the sample used for the estimation, the posterior estimator
will be unreliable.

Second, when computing the posterior in KBR, Gram matrix inversion is necessary, which
would cost O(n?) for sample size n if attempted directly. Substantial cost reductions can be achieved
if the Gram matrices are replaced by low rank matrix approximations. A popular choice is the
incomplete Cholesky factorization (Fine and Scheinberg, 2001), which approximates a Gram matrix
in the form of I'T7 with n x r matrix I (r < n) at cost O(nr?). Using this and the Woodbury identity,
the KBR can be approximately computed at cost O(nr?), which is linear in the sample size n. It is
known that in some typical cases the eigenspectram of a Gram matrix decays fast (Widom, 1963,
1964; Bach and Jordan, 2002). We can therefore expect that the incomplete Cholesky factorization
to reduce the computational cost effectively without much degrading estimation accuracy.

Third, kernel choice or model selection is key to effective performance of any kernel method.
In the case of KBR, we have three model parameters: the kernel (or its parameter, e.g., the band-
width), and the regularization parameters €,, and J,. The strategy for parameter selection depends
on how the posterior is to be used in the inference problem. If it is to be applied in regression or
classification, we can use standard cross-validation. In the filtering experiments in Section 5, we
use a validation method where we divide the training sample in two.

A more general model selection approach can also be formulated, by creating a new regression
problem for the purpose. Suppose the prior ITis given by the marginal Px of P. The posterior Qy|,
averaged with respect to Py is then equal to the marginal Py itself. We are thus able to compare
the discrepancy of the empirical kernel mean of Py and the average of the estimators ﬁQX\y:Yi over
Y;. This leads to a K-fold cross validation approach: for a partition of {1,...,n} into K disjoint

subsets {T,}X_,, let rﬁ[Q}a‘] be the kernel mean of posterior computed using Gram matrices on data
{(Xi,Y;) }i¢r,» and based on the prior mean n%{ “ with data {Xi}igr,. We can then cross validate by
LZ fﬁ[_“]

(7] =J€Ta " Qxy=y;

C e .. K ~a] (|12 ~Ja 1
minimizing Za:l‘ —mg(] H}[X’ where mg(] =y Ljer, kx(-,X;).

3765



FUKUMIZU, SONG AND GRETTON

4.3 Application to a Nonparametric State-Space Model

We next describe how KBR may be used in a particular application: namely, inference in a general
time invariant state-space model,

T+1 T
p(X,Y) =n(X,) Hp(Y,|X, H (Xe11X0),
=1 =1

where Y; is an observable variable, and X; is a hidden state variable. We begin with a brief review of
alternative strategies for inference in state-space models with complex dynamics, for which linear
models are not suitable. The extended Kalman filter (EKF) and unscented Kalman filter (UKF,
Julier and Uhlmann, 1997) are nonlinear extensions of the standard linear Kalman filter, and are well
established in this setting. Alternatively, nonparametric estimates of conditional density functions
can be employed, including kernel density estimation or distribution estimates on a partitioning of
the space (Monbet et al., 2008; Thrun et al., 1999). Kernel density estimates converges more slowly
in L? as the dimension d of the space increases, however: for an optimal bandwidth choice, this
error drops as O(n~ 4(4+d) ) (Wasserman, 2006, Section 6.5). If the goal is to take expectations of
smooth functions (i.e., RKHS functions), rather than to obtain consistent density estimates, then
we can expect better performance. We show our posterior estimate of the expectation of an RKHS
function converges at a rate independent of d. Most relevant to this paper are Song et al. (2009) and
Song et al. (2010b), in which the kernel means and covariance operators are used to implement a
nonparametric HMM.

In this paper, we apply the KBR for inference in the nonparametric state-space model. We do
not assume the conditional probabilities p(Y;|X;) and g(X;+1|X;) to be known explicitly, nor do we
estimate them with simple parametric models. Rather, we assume a sample (X;,Y1,...,X741,Y741)
is given for both the observable and hidden variables in the training phase. The conditional prob-
ability for observation process p(y|x) and the transition g(x,+1|x;) are represented by the empirical
covariance operators as Computed on the training sample,

Cor = ka ) @ky(Y), Cxox = ka Xiy1) @kx (-, Xi), (16)

(//:YY— Zky i) @ ko (- Y), 6XX— ka 1) @kx (-, Xi).

While the sample is not i.i.d., it is known that the empirical covariances converge to the covari-
ances with respect to the stationary distribution as 7 — oo, under a mixing condition.® We therefore
use the above estimator for the covariance operators.

Typical applications of the state-space model are filtering, prediction, and smoothing, which are
defined by the estimation of p(xs|yy,...,y/) fors=t,s>1t, and s < 1, respectively. Using the KBR,
any of these can be computed. For simplicity we explain the filtering problem in this paper, but the

remaining cases are similar. In filtering, given new observations ¥, ...,¥;, we wish to estimate the
current hidden state x,. The sequential estimate for the kernel mean of p(x;|¥1,...,¥) can be derived
via KBR. Suppose we already have an estimator of the kernel mean of p(x;|¥,...,¥) in the form

T
b 13
mxt|)~’17~~~>)7t = Z] (X§ )k)((',XS),
§=

8. One such condition to guarantee the central limit theorem for Markov chains in separable Hilbert spaces is geometri-
cal ergodicity. See, for example, Merlevéde et al. (1997) and Stachurski (2012) for details.
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where oc([) = ocl@ (¥1,...,¥) are the coefficients at time . We wish to derive an update rule to obtain
(Hl)()’l V1)
For the forward propagation p(x,+1|91,...,%) = [ q(xi+1|x) p(x|F1, ..., :)dx;, based on Equa-
tion (9) the kernel mean of x,; given j1,...,J; is estimated by
@XH-I\}I VVVVV €X+1X(6XX —i-ETI) x[b,1 k§+1<Gx+T£T]T)*1Gx(x(l)’

.....

where k)T(+1 = (kx(-,X2),...,kx(-,Xr41)). Using the similar estimator with
P11, 5t) = [ PVt |xe+1) (X151, - - -, 1 )dx;, we have an estimate for the kernel mean of
the prediction p(y41/§1,.- -, 5),

~ o o — (t+1)
myt+1‘)~’1 77777 i = CYX (CXX +8TI) xr+1|}| Z‘ul k?’( )

t+1) _ (ﬁ(erl))T

where the coefficients zi ; i_; are given by

1 -1
't = (Gx + TETIT) Gxx,, (GX + TSTIT) Gyo®. a7

Here Gxx,, is the “transfer” matrix defined by (GXXH) = kx(X;,Xj;1). From

ij

POr1x 1) p(xe g1 |91, .-, 31)
JaOi X)) P |51 - 3 )dxiy

P(xt+1b717 a)’tH)

the kernel Bayes’ rule with the prior p(x;+1|¥1,...,¥;) and the likelihood g(y,+1|x.+1) yields
-1 -
™ = ADGy (AVGy)? +871r) A ky (5i4), (18)

where AU+ = diag(n (IH),...,,TJ(TIH)). Equations (17) and (18) describe the update rule of
(X(I)G’h - 3t)-

If the prior m(x;) is available, the posterior estimate at x; given ¥y1_is obtained by the kernel
Bayes’ rule. If not, we may use Equation (8) to get an initial estimate ny (ny +e,0)” ky( 51)s
yielding ol") (5,) = T(Gy + Terly) 'ky (51).

In sequential filtering, a substantial reduction in computational cost can be achieved by low
rank matrix approximations, as discussed in Section 4.2. Given an approximation of rank r for the
Gram matrices and transfer matrix, and employing the Woodbury identity, the computation costs
just O(Tr?) for each time step.

4.4 Bayesian Computation Without Likelihood

We next address the setting where the likelihood is not known in analytic form, but sampling is pos-
sible. In this case, Approximate Bayesian Computation (ABC) is a popular method for Bayesian
inference. The simplest form of ABC, which is called the rejection method, generates an approxi-
mate sample from Q(Z|W =y) as follows: (i) generate a sample X; from the prior IT, (ii) generate a
sample ¥, from P(Y|X;), (iii) if D(y,Y;) < T, accept X;; otherwise reject, (iv) go to (i). In step (iii),
D is a distance measure of the space X, and 7 is tolerance to acceptance.

In the same setting as ABC, KBR gives the following sampling-based method for computing
the kernel posterior mean:
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1. Generate a sample X1, ..., X, from the prior I1.
2. Generate a sample Y, from P(Y|X;) (t = 1,...,n).
3. Compute Gram matrices Gx and Gy with (X1,11),...,(X;,,Y,), and Ry yky (y).

Alternatively, since (X;,Y;) is an sample from Q, it is possible to use simply Equation (8) for the
kernel mean of the conditional probability g(x|y). As in Song et al. (2009), the estimator is given by

n
Y vikx(-,X:), v={(Gy+nealy) 'ky(y). (19)
t=1

The distribution of a sample generated by ABC approaches to the true posterior if T goes to zero,
while empirical estimates via the kernel approaches converge to the true posterior mean embedding
in the limit of infinite sample size. The efficiency of ABC, however, can be arbitrarily poor for small
T, since a sample X; is then rarely accepted in Step (iii).

The ABC method generates a sample, hence any statistics based on the posterior can be ap-
proximated. Given a posterior mean obtained by one of the kernel methods, however, we may only
obtain expectations of functions in the RKHS, meaning that certain statistics (such as confidence
intervals) are not straightforward to compute. In Section 5.2, we present an experimental evaluation
of the trade-off between computation time and accuracy for ABC and KBR.

5. Experimental Results

This section demonstrates experimental results with the KBR estimator. In addition to the basic
comparison with kernel density estimation, we show simple experiments for Bayesian inference
without likelihood and filtering with nonparametric hidden Markov models. More practical applica-
tions are discussed in other papers; Nishiyama et al. (2012) propose a KBR approach to reinforce-
ment learning in partially observable Markov decision processes, Boots et al. (2013) apply KBR to
reinforcement learning with predictive state representations, and Nakagome et al. (2013) consider a
KBR-based method for problems in population genetics.

5.1 Nonparametric Inference of Posterior

The first numerical example is a comparison between KBR and a kernel density estimation (KDE)
approach to obtaining conditional densities. Let (X;,Y;),...,(X,,Y,) be an i.i.d. sample from P
on RY x R". With probability density functions KX (x) on R? and K” (y) on R’, the conditional
probability density function p(y|x) is estimated by

K (= X)Kp (v—Y))
Z?:leiC(x_Xj) 7

plylx) =

where Kj® (x) = hy“K* (x/hy) and Kg(x) = hy"K” (y/hy) (hx,hy > 0). Given an i.i.d. sample
Uj,..., U, from the prior II, the particle representation of the posterior can be obtained by impor-
tance weighting (IW). Using this scheme, the posterior g(x|y) given y € R” is represented by the
weighted sample (U;,§;) with §; = p(y|U;)/ Xy pO/IU;).

We compare the estimates of [xg(x|y)dx obtained by KBR and KDE + IW, using Gaussian
kernels for both the methods. We should bear in mind, however, that the function f(x) = x does not
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Figure 2: Comparison between KBR and KDE+IW.

belong to the Gaussian kernel RKHS, hence the consistency result of Theorem 6 does not apply to
this function. In our experiments, the dimensionality was given by » = d ranging from 2 to 64. The
distribution P of (X,Y) was N((0,11)7,V) with V = ATA +21,, where 1, = (1,...,1)T € R and
each component of A was randomly generated as N(0, 1) for each run. The prior IT was N (0, Vxx /2),
where Vxy is the X-component of V. The sample sizes were n = £ = 200. The bandwidth parameters
hx,hy in KDE were set hy = hy, and chosen over the set {2xi|i=1,...,10} in two ways: least
squares cross-validation (Rudemo, 1982; Bowman, 1984) and the best mean performance. For the
KBR, we chose G in e IF=217/(25") in two ways: the median over the pairwise distances in the data
(Gretton et al., 2008), and the 10-fold cross-validation approach described in Section 4.2. In the
latter, o, for kx is first chosen with G, for ko set as the median distances, and then oy, is chosen
with the best 6. Figure 2 shows the mean square errors (MSE) of the estimates over 1000 random
points y ~ N(0,Vyy). KBR significantly outperforms the KDE+IW approach. Unsurprisingly, the
MSE of both methods increases with dimensionality.

5.2 Bayesian Computation Without Likelihood

We compare ABC and the kernel methods, KBR and conditional mean, in terms of estimation
accuracy and computational time, since they have an obvious tradeoff. To compute the estimation
accuracy rigorously, the ground truth is needed: thus we use Gaussian distributions for the true prior
and likelihood, which makes the posterior easy to compute in closed form. The samples are taken
from the same model used in Section 5.1, and [ xq(x|y)dx is evaluated at 10 different values of y.
We performed 10 runs with different randomly chosen parameter values A, representing the “true”
distributions.

For ABC, we used only the rejection method; while there are more advanced sampling schemes
(Marjoram et al., 2003; Sisson et al., 2007), their implementation is dependent on the problem being
solved. Various values for the acceptance region T are used, and the accuracy and computational
time are shown in Fig. 3 together with total sizes of the generated samples. For the kernel methods,
the sample size n is varied. The regularization parameters are given by €, = 0.01/n and §, = 2¢,
for KBR, and €, = 0.01//n for the conditional kernel mean. The kernels in the kernel methods
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Figure 3: Comparison of estimation accuracy and computational time with KBR and ABC for

Bayesian computation without likelihood. COND reprensents the method based on Equa-
tion (19). The numbers at the marks are the sample sizes generated for computation.

are Gaussian kernels for which the bandwidth parameters are chosen by the median of the pairwise
distances on the data (Gretton et al., 2008). The incomplete Cholesky decomposition with tolerance
0.001 is employed for the low-rank approximation. The resulting ranks are, for instance, around
30 for N = 200 and around 50 for N = 6000 in the case of KBR dimension 2; around 180 for
N =200 and 1200 for N = 6000 in the case of dimension 6. This implies considerable reduction of
computational time especially in the case of large sample sizes. The experimental results indicate
that kernel methods achieve more accurate results than ABC at a given computational cost. The
conditional kernel mean yields the best results, since in this instance, it is not necessary to correct for
a difference in distribution between I1 and Px. In the next experiment, however, this simplification
can no longer be made.

5.3 Filtering Problems

We next compare the KBR filtering method (proposed in Section 4.3) with EKF and UKF on syn-
thetic data.

KBR has the regularization parameters €7,87, and kernel parameters for kx and ky (e.g., the
bandwidth parameter for an RBF kernel). Under the assumption that a training sample is available,
cross-validation can be performed on the training sample to select the parameters. By dividing
the training sample into two, one half is used to estimate the covariance operators Equation (16)
with a candidate parameter set, and the other half to evaluate the estimation errors. To reduce the
search space and attendant computational cost, we used a simpler procedure, setting 87 = 2€r, and
Gaussian kernel bandwidths Bo x and B+, where 6 x and 6, were the median of pairwise distances
in the training samples (Gretton et al., 2008). This left only two parameters § and €7 to be tuned.

We applied the KBR filtering algorithm from Section 4.3 to two synthetic data sets: a simple
nonlinear dynamical system, in which the degree of nonlinearity could be controlled, and the prob-
lem of camera orientation recovery from an image sequence. In the first case, the hidden state was
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Figure 4: Comparisons with the KBR Filter and EKF. (Average MSEs and standard errors over 30
runs.) (a): dynamics with weak nonlinearity (b): dynamics with strong nonlinearity.

Figure 5: Example of data (b) (X;, N = 300)

X; = (us,v;)T € R?, and the dynamics were given by

. 0
(u’“> = (1+bsin(M86;41)) <C9S Hl) +&, 6,41 =6,4+m (mod 2m),
Vigl sinB,

where 1 > 0 is an increment of the angle and {; ~ N(O, (5%12) is independent process noise. Note
that the dynamics of (u,,v;) were nonlinear even for b = 0. The observation ¥; was

Yl‘:(utavt)T—i_&ta E,thN(Oac(z)I)7

where &, was independent noise. The two dynamics were defined as follows: (a) rotation with noisy
observations = 0.3, » =0, 6;, = 6, = 0.2; (b) oscillatory rotation with noisy observations 1 = 0.4,
b=04,M =38, 6, =06, =0.2. (See Fig.5). We assumed the correct dynamics were known to the
EKF and UKF.

Results are shown in Fig. 4. In all cases, the EKF and UKF show an indistinguishably small
difference. The dynamics in (a) are weakly nonlinear, and KBR has slightly worse MSE than EKF
and UKF. For data set (b), which has strong nonlinearity, KBR outperforms the nonlinear Kalman
filter for T > 200.

In our second synthetic example, we applied the KBR filter to the camera rotation problem
used in Song et al. (2009). The angle of a camera, which was located at a fixed position, was a
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KBR (Gauss) KBR (Tr) Kalman (9 dim.) Kalman (Quat.)
62=10"%10.210£0.015 0.146+0.003 | 1.980+0.083  0.557+0.023
62=10"31{0.2224+0.009 0.210+0.008 | 1.935+0.064  0.541+0.022

Table 1: Average MSE and standard errors for camera angle estimation (10 runs).

hidden variable, and movie frames recorded by the camera were observed. The data were generated
virtually using a computer graphics environment. As in Song et al. (2009), we were given 3600
downsampled frames of 20 x 20 RGB pixels (¥; € [0,1]'2%), where the first 1800 frames were used
for training, and the second half were used to test the filter. We made the data noisy by adding
Gaussian noise N(0,62) to ¥,.

Our experiments covered two settings. In the first, we did not use that the hidden state S,
was included in SO(3), but only that it was a general 3 x 3 matrix. In this case, we formulated
the Kalman filter by estimating the relations under a linear assumption, and the KBR filter with
Gaussian kernels for S, and X; as Euclidean vectors. In the second setting, we exploited the fact that
S; € SO(3): for the Kalman filter, S; was represented by a quanternion, which is a standard vector
representation of rotations; for the KBR filter the kernel k(A, B) = Tr[AB”| was used for S;, and S,
was estimated within SO(3). Table 1 shows the Frobenius norms between the estimated matrix and
the true one. The KBR filter significantly outperforms the EKF, since KBR is able to extract the
complex nonlinear dependence between the observation and the hidden state.

6. Proofs

This section includes the proofs of the theoretical results in Section 3.2. The proof ideas are similar
to Caponnetto and De Vito (2007) and Smale and Zhou (2007), in which the basic techniques are
taken from the general theory of regularization (Engl et al., 2000). Before stating the main proofs,
we provide a proof of consistency of the empirical counterparts in Proposition 3 to the kernel Sum
rule (Theorem 2). We then proceed to the proofs of Theorems 5 and 6, covering the consistency of
the KBR procedure in RKHS, followed by a proof of Theorem 7 for consistency in L.

6.1 Consistency of the Kernel Sum Rule

We show consistency of an empirical estimate of mg,. in Theorem 2. The same proof also applies

in establishing consistency for the empirical estimates é(u'}%v and 6‘% in Proposition 3.

Theorem 8 Assume that Cxx is injective, myy is a consistent estimator of myy in Hy norm, and
that E[ky (Y,Y)|X = x,X = 7] is included in Hy @ Hy as a function of (x,%), where (X,Y) is an
independent copy of (X,Y). Then, if the regularization coefficient €, decays to zero sufficiently
slowly,

~(n) /A -1~
G (Yt +ead) ™ i —mg, |, =0
in probability as n — oo,
Proof The assertion is proved if, as n — oo,

I (CLY +&al) it — Crx (Cxx + al) matll g, — 0 (20)
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in probability and
ICrx (Cxx +&ud) ' mm—mg, [|sg, — 0 1)

with an appropriate choice of €,.
By using the fact that B! —A~! = B=!(A — B)A~! holds for any invertible operators A and B,
the left hand side of Equation (20) is upper bounded by

ICY% (G +ead) " (s =) |5, + || (G = Crx) (Cox+ad) |
+ |G (Chx +eal) " (Cxx =) (Cxx +eal)mat]l,, - (22)

By the decomposition

1/2 1/2

& = G W G
with |, || < 1 (Baker, 1973), we have

o n 1 2 _ —1/2
Iy (Ciw +eal) 1| < I Wi (Ciy +2ad) V2| = 0, (80 ),

which implies the first term is of O,(e, 1/ 2Hﬁn — mi|| 4. ). From the \/n-consistency of the co-
variance operators, the second and third terms are of the order O,(n~'/%¢; ") and 0,(n~"/%¢ — 2),

respectively. If €, is taken so that €, > n~'/3 and €, > Hnﬁg ) mr || o Equatlon (20) converges to
zero in probability.
For Equation (21), first note

lICyx (Cxx +€nl>71mn_mQ9/H§§y
= ||Crx (Cxx +8n1)71mHH§[X —2(Cyx (Cxx +€n1)7lmn7mQy>%y ™ HmQy”ifrr

Let O(x,%) := E[ky (Y,¥)|X = x,X = #]. The third term in the right hand side is

(mo,.,mo,) s, = / / mo, (v)dPuyx(y)dT1(x)
—// MGy sk (-3)) g, APy ()T (x //Gxde )dTI(%).
From the assumption 6 € #Hx @ Hx and the fact E[mg, (Y)|X = -] = [ 6(-,%)dII(%), Lemma 9 below

shows E[mg, (Y)|X =] € Hy. It follows from Theorem 1 that Cxymg, = CxxE[mg, (Y)|X = ]
and thus

(Crx(Cxx + &)~ 'mi,moy ) g, = (mit, (Cxx + D)~ Cxymaoy ) s,
= (mi, (Cxx +8n1)71CXXE[mQ9f(Y>‘X =) a5,

which converges to

(. Elimg, (V)X = J)sg, = [ [0 2)ami(ani(z)

from Lemma 10 below.
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Note that

ICyx flI3g, = (Crxf.Crx f)ag, = ELf(X)(Crx f)(Y)]
= E[f(X)Elky (YY) f(X)]] = E[f(X) f(X)8(X X))
for any f € #, where (X,¥) is an independent copy of (X,Y). By taking f = (Cxx +€,1) " 'mn,
the first term is given by
E [G(X,X)((CXX +8n1)71mn)(X)((CXX +8n1)71mn)()2)]
E[0(X,X)f(X)f(X)]
= (6, (Cxx ®Cxx)f®f)>}[x®y{x
= (0, (Cxx(Cxx + &) 'mn) ® (Cxx (Cxx + Snl)flmn)>ﬂx®}[xy

which, by Lemma 10, converges to

(8,111 @ 1) o5, = / / 8 (x, £)dTT(x)dTI1(5).

This completes the proof. |

Lemma 9 Let Hy and Hy be RKHS’s on X and Y, respectively. If a function ® on X x 9 is in
Hx @ Hy (product space), then for any fixed y € ¥ the function 0(-,y) of the first argument is in
Hy.

Proof Let {¢;}/_, and {y; 52 , be complete orthonormal bases of Hy and #.y, respectively, where
I,J € NU{eo}. Then 0 is expressed as

J

0= Z Y ooy,

1
i=1j=1

with ¥, ;[0j|* < oo (e.g., Aronszajn, 1950). We have 6(-,y) = ¥i_; Bio; with B; = X7, o4;w;(y).
Since
2
Z\Bi|2 :Z‘Zaijo(Y)‘
14 [N
<Y Yl P Y100 = Ylei P Y (wjky ()3, = Y lows 2llko (-3 13, < e,
i j J J 1

ij

we have 0(-,y) € Hy. [ |

Lemma 10 Let H be a separable Hilbert space and C be a positive, injective, self-adjoint, compact
operator on #. then, for any f € #,

(C+enlcf - f, (€ — +0).
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Proof By the assumptions, there exist an orthonormal basis {¢;} for H and positive eigenvalues A;
such that

Cf= Zki<f, i) 97i-
Then, we have )
\

(€ +en'er —fl =Y |5 g 1700

Since |(g/A; +¢) ‘2 < land ¥ [(f,01) 571> = || f]|3; < . the dominated convergence theorem ensures

€ 2
tim [[(C+e1)"'Cf = fIB = ¥ lim [ |1(£, 0005 =0
lm 1(C+eD7CF = fllye =X Jim, 5= [ 107,00)5” =0,
which completes the proof. m

6.2 Consistency Results in RKHS Norm

We first prove Theorem 5.
Proof [Proof of Theorem 5] By replacing Y + (X,Y) and Y — (Y,Y), it follows from Theorem 8

that 6%, and 6‘%‘, are consistent estimators of Czy and Cyw, respectively, in operator norm. For
the proof, it then suffices to show

ICo ((Ci)® +8ul) ™ Cigyky (3) — Cow (Cw +8,0) " Cwwkoy (1) || 5. — 0

in probability and

HCZW(C‘%VW +8n1)_]CWWk9/('7y) —MQy, Hy —0

with an appropriate choice of d,. The proof of the first convergence is similar to the proof of
Equation (20) in Theorem 8, and we omit it. The proof of the second convergence is also similar to
Theorem 8. The square of the left hand side is decomposed as

Caw (Chow + 1)~ Crwwey (-3) |3,

_ 2<CZW(C‘%VW +6”1)71CWWk9’(‘7y)7mQx|y>,'I-[X + HmQXIyHi[x'

Let § € Hy ® Hy be defined by &(,5) := E[kx(Z,Z)|W = y,W = §], where (Z,W) be an indepen-
dent copy of (Z,W). The third term is then equal to

E0ny) = Ekx(Z,2)|W = y,W =)].
For the second term, by the same argument as the proof of Theorem 8, we have
() =Elkx(Z,2)|W =y, W =] € Hy
via Lemma 9, and

CWZmQX\y = CWWE[kX(ZaZ)‘W =W :y] = CWW&('?))) = }E)’
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We then obtain
<CZW(C1%VW +Snl)_ICWWkD’('vy)7mQxb<>_q.[X = <k9’(ay)7 (C%VW + Snl)_lc‘%VW&(’y)>}[X
which converges to &(y,y).
Finally, defining @5 := (Ciyy, + 81) ~'Cwwko (-, ), the first term is equal to

E[@s(W)@s(W)Ekx(Z,2)|W,W]] = (Czw®s,Czw@s) 5, = E [(PS(W) [Czws) (Z)]
=E[K(Z,Z)os(W)@s(W)] = E[E(W, W )@s(W)@5(W)]
= ((Cww @ Cww )95 © 05,8) 3096, = ((Cww Ps) @ (Cww P5), ) 54094,

which converges to (ko (-, y) ® ko (+,¥),8) 3,09, = §(3,). This completes the proof. [ |

We next show the convergence rate of expectation (Theorem 6) under stronger assumptions. The
first result is a rate of convergence for the mean transition in Theorem 2. In the following, R (C%y)
means Hy.

Theorem 11 Assume that the Radon-Nikodym derivative dI1/dPx is included in K(CEX) for some

B >0, and let ﬁg’) be an estimator of my such that Hﬁ%) —mill g, = Op(n~%) as n — oo for some
2 a

0 <o < 1/2. Then, with €, = n_max{ja’m}, we have

GV (G +eat) ™)) —mg || = Op(n~ ™5 FB) (1 o).

Proof Take m € Hy such that dI1/dPx = C)EXT]. Then, we have

— / K (-, ) ()dPx(x) = C§ . (23)
dPx
First we show the rate of the estimation error:
~(n) /A ~ —1
G (Cot €)™ — Cox (Cox +ead) ", = 0,0 %), @)

as n — oo. The left hand side of Equation (24) is upper bounded by

|G (Cx +end) ™ (i) — )|, + [ (€% —Crx) (Cxx ead) ™',

G + ) (Cox —Cl) (Cox+at) il

In a similar manner to derivation of the bound of Equation (22), we obtain Equation (24).
Next, we show the rate for the approximation error

HCYX(CXX +8n1)_ mp — mQyH% =0(g mln{(1+2B)/21}) (n— ). (25)
Let Cyx = Cl/ZWYX 1/2
the relation

moy = [ [y (y)aPyey)anix) = [ [ k6 (4p ) dPyly)aPr(x)
- / JHe (5 ) dP3) = Craclyn

dPy

be the decomposition with ||Wyx|| < 1. It follows from Equation (23) and
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that the left hand side of Equation (25) is upper bounded by

1/2 —1 2B+3)/2 2 1)/2
CHWrx ||| (Cxx +al) ' CE3 2 — B2,

1/2 — +1/2
< &l Gy W1 1(Cxx + D)o 1 g,
For B > 1/2, it follows from
el (Cxx +&a0) ' CRy 2| < &all (Cx +ead) ™ Cx | 15
that the left hand side of Equation (25) converges to zero in O(g,). If 0 < § < 1/2, we have
el (Crx +ea0) "B
=& lled P (Cox+eal) PP [[(Cox +eat) PR < e,

which proves Equation (25).
With the order of €, to balance Equations (24) and (25), the asserted rate of consistency is ob-
tained. |

The following theorem shows the convergence rate of the estimator used in the second step of
KBR.

Theorem 12 Let f be a function in Hy, and (Z,W) be a random variable taking values in X X Y.
Assume that E[f(Z)|W =] € R(C},y,) for some v > 0, and that (/]\‘();% : Hy — Hy and 6‘(;,!‘)4,  Hy —
Hy are bounded operators such that ||Cur,l)z —Cwz|| = 0p(n7Y) and ||6$‘),V —Cww|| = 0,(n7") for

some Y > 0. Then, for a positive sequence 8, = n~ max{%%ﬁﬂ, we have as n — o
ICY (Com )2 +8.0) "' Cop f —ELF(Z)|W = || . = Op(n~ ™5t 557
ww (\Cww n wz = Ul =Y :

Proof Letm € Hy such that E[f(Z)|W = -] = G}y M. First we show

(n) 1

Hfé% ((Co)>+8a1) ' Clay f — Covw (Chy + 5n1)71CWZfH%y —0,(n18,°").  (26)

The left hand side of Equation (26) is upper bounded by

A~

|G (€ ) +8u1) () = Cwa)f |
{1 = Cww) (G +8:1) iz .,

+ |G (Cw)? +8a1) ™ (€)= i) (Gl +8a1) ™ Cwzf | -
For A = (A?é;}‘),v, we have

A2 +8,0) 7| = [{A%(A2 +8,1) ' 2 (4% + 8,12 < 8,2,
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and thus the first term of the above bound is of O, (n~75, 1/ 2). A similar argument to Cyyw combined
with the decomposition Cyz = Cvlv/é,UWZCééz with ||Uwz|| < 1 shows that the second term is of
OP(n_78,73/4). From the fact

1€ = Gl < I (G — Cow) |+ 1| €y — Cow)Curw | = O, (n ™),
the third term is of O,(n~9, 3/ 4). This implies Equation (26).
From E[f(Z)|W = | = C}yyn and Cwzf = CwwE[f(Z)|W = -] = C};{ym, the convergence rate
_ min{1,¥
|Cww (Chay +8u0) ™ Cuzf — E[F@)W = ]|, = O™ "), @7)

can be proved in the same way as Equation (25).
Finally, combining Equations (26) and (27) proves the assertion. |

6.3 Consistency Results in >

Recall that Cyyy is the integral operator on LZ(QQ/) defined by Equation (15). The following the-
orem shows the convergence rate on average. Here R (Cly,) means L*(Qy ). In the following the
canonical mapping from % to L?(Qy) is denoted by Jy. The mapping Jx : Hy — L*(Qx) is
defined similarly.

Theorem 13 Let f be a function in Hy, and (Z,W) be a random variable taking values in X x
with distribution Q. Assume that E[f(Z)|W = -] € Hy and JyE[f(Z)|W =] € R(C)y) for some

v > 0, and that 6(;)2 : Hy — Hoy and 6‘(;‘)4, : Hy — Hy are bounded operators such that HC\‘(,(})Z —
Cwz|| = Op(ln*Z) and Hf% — Cww|| = O,(n™Y) for some y> 0. Then, for a positive sequence
&, = n~ {20552 ye have as n — oo

“ c\n 1A — min{ Ly Y
My Gty () +3ud) ' Cif = Iy ELF @)W = |13, = Opln™ 2051,
where Qo is the marginal distribution of W.

Proof Note that for f,g € Hx we have (Jf,Jg)12(g,) = E[f(W)g(W)] = (f,Cwwg) s, 1t follows
that the left hand side of the assertion is equal to

|Gt { G (i) +8u1) ' Caf —ELF@)IW = 1}, -

First, by a similar argument to the proof of Equation (26), it is easy to show that the rate of the
estimation error is given by

i {Ci (Ciiy )2 +8T) ™' Cly s f — Covw (Ciyy +8u0) "' Cwzf }| 45, = Op(n 78, 1).
It suffices then to prove

[y Cow (Chry +81) " Cwzf =y ELFZ)W = ||, = O 21,
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Let & € L*(Qy) such that JyE[f(Z)W = ] = Cyy& In a similar way to Theorem 1,
C‘WWJQ/‘E [£(Z2)|W = -] = CwzJx f holds, where Cyy7 is the extension of Cyz to an operator from
L*(Qx) to LZ(Qy), and thus JoCyzf = CV“E_. If follows from Jo Cyw = CWWJy that the left hand
side of the above equation is equal to

|| Cow (Ciyw +8ad) ' iy — Ciwtl 20,

A similar argument to the proof of Equation (27) shows the assertion. |

The convergence rate of KBR follows by combining the above theorems.

Theorem 14 Let [ be a function in Hy, (Z,W) be a random variable that has the distribution

Q defined by Equation (5), and ﬁ%) be an estimator of my such that Hn?gl) —mrl|g = Op(n™?%)

(n — o) for some 0 < o < 1/2. Assume that the Radon Nikodym derivative dI1/dPx is in K(C,EX)

with 3 > 0, and E[f(Z)|W = -] € R(C},y,) for some v > 0. For the regularization constants €, =

M3 igal and 8, = n—max{%y,ﬁv}’ where y = min{ 20, 50, %Ei; o}, we have for anyy € Y
fkRxrky () = Ef(Z)W =)] = Opn” ™ GH550), - (0 o),

where f)T(Rx|yky (y) is given by Equation (13).

Theorem 15 Let f be a function in Hy, (Z,W) be a random variable that has the distribution
Q defined by Equation (5), and fﬁg) be an estimator of my such that Hn?g’) —mil|g = Op(n™%)
(n — oo) for some 0 < o < 1/2. Assume that the Radon Nikodym derivative dT1/dPx is in R(CEX)
with B > 0, E[f(Z)|W = -] € Hy, and JyE[f(Z)|W = -] € R(C}yy) for some v > 0. With the

ZB—H a}

_ 24 L 1y, 2 .
regularization constants €, = n M3 % g §, = n ™Y where ¥=min{2a 305515

we have »
|6 Ry (W) = E[F@)W]|| 2 g, = Op (n "1,

as n goes to infinity.
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