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Preface

The purpose of this book is to establish a mathematical theory of Bayesian
statistics.

In practical applications of Bayesian statistical inference, we need to pre-
pare a statistical model and a prior for a given sample, then estimate the
unknown true distribution. One of the most important problems is devising
a method how to construct a pair of a statistical model and a prior, although
we do not know the true distribution. The answer based on mathematical
theory to this problem is given by the following procedures.

(1) Firstly, we construct the universal and mathematical laws between Bayesian
observables which hold for an arbitrary triple of a true distribution, a sta-
tistical model, and a prior.

(2) Secondly, by using such laws, we can evaluate how appropriate a set of

a statistical model and a prior is for the unknown true distribution.

(3) And lastly, the most suitable pair of the statistial model and the prior
is employed.

The conventional approach to such a purpose has been based on the
assumption that the posterior distribution can be approximated by some
normal distribution. However, the new statistical theory introduced by this
book holds for arbitrary posterior distribution, demonstrating that the ap-
plication field will be extended. The author expects that also new statistical
methodology which enables us to manupulate complex and hierarchical sta-
tistical models such as normal mixtures or hierarhical neural networks will
be based on the new mathematical theory.

Sumio Watanabe

X



Taylor & Francis
Taylor & Francis Group

http://taylorandfrancis.com


http://taylorandfrancis.com

Chapter 1

Definition of Bayesian
Statistics

In the first chaper, we introduce basic concepts in Bayesian statistics. In
this book, we assume that there exists an unknown true distribution or
unknown information source from which random variables are generated.
Also we assume that an arbitrary set of a statistical model and a prior is
prepared by a statistician who does not know the true distribution. Hence,
from the mathematical point of view, the theory proposed in this book holds
for an arbitrary set of a true distribution, a statistical model, and a prior.

The contents of this chaper include:
(1) In statistical estimation, we prepare a statistical model and a prior,
though a true distribution is unknown. Hence evaluation of a statistical
model and a prior is necessary.
(2) Several examples of probability distributions are introduced.
(3) It is assumed that an information source is represented by a probability
distribution, which is called a true distribution.
(4) The posterior and the predicitive distributions are defined for a given
statistical model and a prior.
(5) Two examples of posterior distributions are illustrated. In a simple
estimation problem, the posterior distribution can be approximated by a
normal distribution, whereas in a complex or hierarchical model, the result
is far from any normal distribution. In this book we establish Bayesian
theory which holds for both cases.
(6) The generalization loss is estimated by the cross validation loss and the
widely applicable information criterion (WAIC).
(7) The marginal likelihood and the free energy of statistical estimation are
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introduced.

(8) Statistical estimation in a conditional independent case is studied, in
which the cross validation loss can not be used but WAIC can be.

For readers who are new to probability theory, chapter 10 will be helpful.

1.1 Bayesian Statistics

In this book, we assume that a sample {x1,x9,...,z,} is taken from some
true probability distribution ¢(z),

{z1, 29, ..., 2} ~ q(x).

This process is represented by a conditional probability distribution of a
sample {1, 2, ..., z,} for a given true distribution g(z),

P(x1,x9, ..., x4]q).

If we knew both P(x1,x9,...,x,|q) and P(q), where P(q) is an a priori
probability distribution of a true distribution, then by Bayes’ theorem,

_ P13, .., 20|q) P(q)
zq P(x1,29, ... 2n|q)P(q)’

P(qlzy,xo, ..., 2p)

which would give the statistical inference of ¢(z) from a sample {x1,xo, ...,
xn}. However, in the real world, we do not have any information about
either of them, showing that P(q|z1, 22, ..., z,,) cannot be obtained.

A problem whose answer cannot be uniquely determined because of the
lack of the information is called an ill-posed problem. Statistical inferences
in the real world are ill-posed. In an ill-posed problem, we cannot deter-
mine a uniquely optimal method by which a correct answer is automatically
obtained, which leads us to propose a new way:

Choose method — Result — Evaluate chosen method.

It might seem that such an evaluation is impossible because we do not
have any information about the true distribution. However, in Bayesian
statistics, there are mathematical laws which hold for an arbitrary set of a
true distribution, a statistical model, and a prior. By using formulas derived
from the mathematical laws, we can evaluate the appropriateness of the set
of a statistical model and a prior even if a true distribution is unknown. The
purpose of this book is to establish such mathematical laws.
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In Bayesian statistics, we set a statistical model p(z|w) and a prior p(w),
where p(z|w) is a conditional probability density of z for a given parameter
w and p(w) is a probability density of w. Both p(x|w) and ¢(w) are prepared
by a statistician who does not know a true distribution. Hence they may be
quite different from or inappropriate for the true distribution. If a sample
{z1,x9, ..., 2, } consists of independent sample points from a true distribution
q(x), then the posterior probability density function of w is defined by

[T p@ilw)ew)
=1

n) — Zn .
[T plawewda
=1

p(w|xy, xe, ..., x

This is the definition of the posterior distribution. The estimated probability
density function of x is defined by

p(z) = /p(xlw)p(w|x1,x2,...,:nn)dw.

This is also the definition of the predictive distribution. A statistician esti-
mates unknown ¢(z) by p(z). For an arbitrary triple (¢(z),p(z|w), p(w)),
we can define the Bayesian inference by this procedure, however, we need
to examine whether a statistical model and a prior are appropriate for the
unknown true distribution. Figure 1.1 shows the process of Bayesian esti-
mation.

Remark 1. If we knew the true prior ¢p(w) to which a parameter as a ran-
dom variable is subject, and if a sample {1, z9, ..., z,} was independently
taken from the true conditional probability density po(z|w), then the pre-
dictive distribution p(z) using po(x|w) and pg(w) would be the uniquely
best inference. This is called the formal optimality of the Bayesian infer-
ence. See Section 9.1. However, in the real world, we do not know either
po(x|w) or ¢g(x), indicating that we need evaluation because p(z) may be
quite different from g(z).

The candidate set p(x|w) and p(w) is prepared by a statistician without
any information about the true distribution. If the modeling (p(z|w), p(w))
is appropriate for the unknown true ¢(x), then it is expected that p(z) =~
q(z). However, if otherwise then p(z) # ¢(z). Hence we need a method
to evaluate the appropriateness of the modeling (p(z|w), p(w)) without any
information about ¢(x). In this book, we show such a method can be made
based on mathematical laws which hold for arbitrary (¢(x), p(z|w), ¢(w)).
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s X AT

Generate
True q(x) Sample X;,X,,....X,

I Evaluation l Estimation
J

Inference

Predictive p(xX") Posterior p(w[X™)

Figure 1.1: Framework of Bayesian inference. The procedure of Bayesian
estimation is shown. A sample X™ is taken from unknown true distribution
q(x). A statistician sets a statistical model and a prior, then the posterior
density p(w|X™) is obtained. The true distribution ¢(z) is estimated by a
predictive density p(z|X™), whose accuracy is evaluated by using mathe-
matical laws.

1.2 Probability Distribution

Let us introduce a basic probability theory. For a reader who needs mathe-
matical probability theory, Chapter 10 may be of help.

Let z = (x1,x2,...,xx) be a vector contained in the N dimensional real
Euclidean space RY. A real valued function

q(z) = q(z1,22, ..., TN)
is said to be a probability density function if it satisfies

e For arbitrary » € RY, ¢(x) >0,

/ dx—// / wl,wg,...,xN)dwldxg"'dwN:1.

Let A be a subset of RV which has an finite integral value

/Aq(x)dx.
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A function @ of a set A defined by
Q) = [ aa)da

is called a probability distribution. Note that Q(RY) = 1 and Q(@) = 0,
where @ is the empty set.

If the probability that a variable X is in a set A is equal to Q(A), then X
is called a random variable and ¢(z) and @ are called the probability density
function and the probability distribution of a random variable X, respec-
tively. Also it is said that a random variable X is subject to a probability
density ¢(z) or a probability distribution Q.

Ezample 1. (1) Let N = 1. A probability density function of a uniform
distribution on [ag, bp] (ag < bp) is given by

1
_ m (CL() < x S b())
a(w) { 0 (otherwise)

(2) Let S be an N x N positive definite matrix and m € RY. A normal
distribution which has an average m and a covariance .S is defined by

@) = Zesp(—5 e —m 57w —m)),

where (, ) is the inner product in R and

C = (2n)N/2\/det(S).
(3) Let H(x) be a function of z € RY and 8 > 0. If
2(9) = [ exp(-H(@)ds
is finite, then a probability density function
1
r) = ——exp(—fH(x
0le) = o5 ep(=AH ()

is called an equilibrium state of a Hamilton function H(z) with the inverse
temperature .

The delta function 6(x) is characterized by two conditions,

| 400 (fz=0)
5(”5)_{ 0 (fz+#£0) "
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/6(az)daz =1

The delta function can be understood as the probability density function of
a random variable X = 0. Its probability distribution is given by

and

1 (ifoe A
Q<A):{ 0 (if0¢ A)

If a random variable X satisfies that X = 1 and X = 2 with probabilities
1/3 and 2/3 respectively, then its probability density function is

o(z) = é&(x 14 ;5(:17 _9).

If X is a random variable which is subject to ¢(z) and @, then Y = f(X) is
also a random variable which is subject to

ply) = /&y—ﬂ@MWM%

P(A) = /f(x)eAq(x)dx.

These equations hold even if f(z) is not one-to-one.

Remark 2. The function 6(z) is not an ordinary function of x. However,
it is mathematically well-defined by Schwartz distribution theory and Sato
hyperfunction theory. In this book, the delta function is necessary to study
posterior distributions which cannot be approximated by any normal distri-
bution.

Assume that a random variable X is subject to a probability density
q(z). The expected value, the average, or the mean of a random variable X
on RV is defined by

BX) = [ o (o)
if the right hand side is finite. The expectated value of Y = f(X) is
ElY] = /y p(y)dy = /y/5(y — f())q(x)dzdy
- [ f@ats
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The covariance matrix of X is defined by

VIX] = E[(X -E[X])(X - E[X])"]
= E[XXxT]-E[XE[XT],

if the right hand side is finite, where ( )7 shows the transposed matrix.
If N = 1, then V[X] and V[X]'/2 are called the variance and the standard
deviation, respectively.

Let (X,Y) be a pair of random variables which is subject to a probability

density q(z,y) on RM x RY. Here g(x, ) is called a simultaneous probability
density of (X,Y). Then X and Y are subject to the probability densities

o@) = / o(z, v)dy,
o) = / a(z,y)dz,

where ¢(z) and ¢(y) are called marginal probability densities of X and Y,
respectively. The conditional probability density of Y for a given X is
defined by

_ q(zy)

If g(x) = 0, then ¢(y|x) is not defined, however, we define 0-¢(y|z) = 0. The
conditional probability density function g(z|y) is also defined by ¢(z,v)/q(y).
Then it follows that

q(z,y) = q(ylz)g(z) = q(zly)e(y).

This equation is sometimes referred to as Bayes’ theorem.

1.3 True Distribution

In this book, it is mainly assumed that a sample is a set of random variables
taken from a true distribution.

Let n be a positive integer. A set of R¥-valued random variables X7,
Xo, ..., X, is sometimes denoted by

X" = (X17X27 7Xn)
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Throughout this book, the notation n is used for the number of random
variables. Sometimes X" and n are referred to as a sample and a sample
size, respectively. A realized value of X™ in a trial is denoted by

" = (1,9, ..., Ty).

If X™ is subject to a probability density function,

q(z1)q(z2) - q(zn)

then X™ is called a set of independent random variables which are subject
to the same probability density g(x). Here g(x) is sometimes referred to as a
true probability density. In the practical applications, we do not know ¢(z),
but we assume there exists such a density g(z).

For an arbitrary function f 2" — f(z™) € R, the expected value of
f(X™) over X™ is denoted by E[ |. That is to say,

F(X™)] // /f q(z;)dz1dxs - - - dy,.

The variance of f(X™) is denoted by
VIF(X™)] = E[f(X")?] - E[f(X")]*.

The average and empirical entropies of the true distribution are respectively
defined by

Sy = -+ > “logq(X;) (1.2)
=1
Then by the definition,
E[Sa] = 5, (1.3)
Vs = [ [ a@oga(e) e - 2], (14)

Remark 3. (The number n) In statistics, x; and a" are referred to as a
sample point and a sample, respectively. The number n is called a sample
size. In machine learning, x; and x™ are referred to as a datum and a set of
training data. The number n is called the number of training data or the
number of examples. In this book, the notation n is used for the number
of random variables, which is equal to the sample size in statistics and the
number of training data in machine learning.
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If a set of RM x R¥-valued random variables (X™,Y™) is subject to a
probability density function,

q($17 yl)q($27 y2) e Q(xnv yn)7

then (X™ Y™) is a set of independent random variables. The average and
empirical entropies are repsectively given by

S = —/q(sv,y)logq(sv,y)dsvdy, (1.5)
1 n
Sn = —;;Iogqm,l@-)- (1.6)

These are referred to as the simlutaneous average and empirical entropies.
We often need to estimate the conditional probability density function ¢(y|z)
under the condition that (X™,Y™) is obtained. The average and the em-
pirical entropies of the true conditional distribution are respectively defined
by

S = - / o(z, y) log q(y|)dzdy, (17)
Suo= oY loga(lX). (18)
=1

Then by the definition,

E[Sn] = S,
Vs = o / 4(z,y)(log q(y]))?ddy — 52

Sometimes we need to study cases when (X™,Y™) is not independent, but
Y™ for a given X" is independent. Such a case is explained in Sections 1.8
and 5.5.

1.4 Model, Prior, and Posterior

Let W be a set of parameters which is a subset of d dimensional real Eu-
clidean space R?. A statistical model or a learning machine is defined by
p(z|w) which is a conditional probability density of z € RY for a given
parameter w € W. A prior p(w) is a probability density of w € W.
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Let X" = (X1, X9, ..., X;,) be a set of random variables which are inde-
pendently subject to a probability density function ¢(z). For an arbitrary
pair (p(z|w), p(w)), the posterior probability density is defined by

p(ulX™) = ) [[ i)
1=1

where Z(X") is defined by

n

Z(x") = / o(w) [ p(Xilw)dw

1=1

which is called the partition function or the marginal likelihood. The
posterior average or the expected value over the posterior distribution is
denoted by E, [ |. For an arbitrary function f(w),

E,[f(w)] = / Fw)plw]X™)d

- o | Few i[[lmxi\w)dw

The posterior variance is also defined by

Vol f(w)] = Ey[f(w0)?] = Ey[f (w)]*.

Remark that the expectation operator E,[ | depends on a set X", hence
E,[f(w)] is not a constant but a random variable. The predictive density
function is defined by

p(X™) = By p(afw)] = / plalw)p(w| X™)duw

For a given sample X", the Bayesian estimation of the true distribution is
defined by p(z|X™).

Remark 4. Sometimes a prior function which satisfies

[ etwidw =

is employed. If [ ¢(w)dw < oo, it is called proper, because it is normalized
so that [ p(w)dw = 1. If o(w) is not proper, then it is called improper. Even
for an improper prior, the posterior and predictive probability densities can
be defined by the same equation if Z(X™) (n > 1) is finite and they are
well-defined.
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Let (X", Y™) be a set of random variables which are independently sub-
ject to a probability density ¢(z,y) = q(y|z)q(xz). For an arbitrary pair
(p(y|z, w), p(w)), the posterior probability density is defined by

n

where Z(X™,Y™) is defined by

n

20" = [ o) [] Vi w)do.

i=1

The posterior average is also denoted by E,[ ]. For an arbitrary function

Eulf(w)] = / F(w)p(w| X, Y™)dw

1 n
= — Yi| X, w)dw.
ey | Tt o1 w)aw
The posterior variance is also defined by

Vo [f (w)] = Ey[f (w)?] = By [f (w)]?.
The predictive density function is defined by

p(ylz, X™,Y") = Eyp(ylz, w)] = /p(y\x,w)p(w[X",Y”)dw. (1.10)

For the case when Y™ is independent for a given X, see Sections 1.8 and
5.5.

1.5 Examples of Posterior Distributions

Let us illustrate several posterior distributions. In a simple statistical model,
the posterior distribution can be approximated by a normal distribution, but
not in a complex model. One of the main purposes of this book is to establish
the universal mathematical theory which holds in both cases.

Ezample 2. (Normal Distribution) A normal distribution whose average and
standard deviation are (a,o) is defined by

(z —a)®
202

1

2ro

p(zla,0) = = exp(— > (1.11)
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1 1 1 1 Q
0 @ 0 0 0 @
-1 1 1 -1
0 1 2 o0 1 2 0 1 2 o0 1 2
1 1 1 1
0 0 @ 0 @ 0
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Figure 1.2: Posterior distributions of a statistical model eq.(1.11) with
n = 10 are shown. The white square is the true parameter. Even for an iden-
tical true probability density, posterior distributions fluctuate depending on
samples.

Let us study a case when a prior is set

gp(a,a):{ 1/4 (la] <1, 0< 0 <2)

0 (otherwise)

Assume that a true distribution is ¢(z) = p(z|0,1) and the number of inde-
pendent random variables is n. In this case, the parameter that attains the
true density is unique,

q(z) = p(zla,0) <= (a,0) = (1,0).

In Figure 1.5, posterior distributions for 12 different samples with n = 10
are shown using gray scale. The white square is the position of the true
parameter (0,1). Even if a true probability density function is identical, the
posterior distribution has fluctuations according to a sample.

In Figure 1.3, posterior distributions for 12 different samples with n =
50 are shown. In this case, the posterior distributions concentrate in a
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1 1 1 1
o @ || @ || @ | O
-1 -1 -1 1
(0] 1 2 (6] 1 2 6] 1 2 (0] 1 2
1 1 1 1
o ® || & || @ |
-1 -1 -1 1
(0] 1 2 0] 1 2 0 1 2 (0] 1 2
1 1 1 1
of Mo @ o @ | ®
-1 -1 -1 1
(0] 1 2 (6] 1 2 (o] 1 2 (o] 1 2

Figure 1.3: Posterior distributions of a statistical model eq.(1.11) with n =
50. The white square is the true parameter. Posterior distributions can be
approximated by some normal distribution.

neighborhood of the true parameter when n becomes large. It seems that
the posterior distribution can be approximated by some normal distribution,
hence we expect that a conventional statistical theory using the posterior
normality can be applied to evaluation of statistical modeling.

Ezample 3. (Normal Mixture) One might think that a posterior distribution
can be approximated by some normal distribution if d/n is sufficiently small,
where n and d are the number of random variables and the dimension of
the parameter, respectively. However, such consideration often fails even in
unspecial statistical models. Let N(z) be the standard normal distribution,

N(x) = \/% exp(—%).

A normal mixture which has a parameter (a,b) is defined by

p(zla,b) = (1 — a)N(x) + aN(z — b), (1.12)
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where 0 < a <1 and b € R. Let us set a prior by

(a,0) = 1 (0<a,b<1)
PRI = 00 (otherwise)

Assume that a true probability density is ¢(z) = p(2]0.5,0.3). Then
Q(l') = p(:E|a, b) — ((I, b) = (05703)7

by which one might expect that the posterior distribution will concentrate
on the neighborhood of the true parameter (0.5,0.3). The real posterior
distributions for n = 100, n = 1000, and n = 10000 are shown in Figures

1.4, 1.5, and 1.6, respectively.

(o] 0.5 1
-
.5 1

4

LS

0

(0] o 0.5 1 (0] 0.5 1 (o] (0]
1 1 1
0.5 0.5 @ 0.5
(0] (0] (o]
(0] ] 0.5 1 (0]

Figure 1.4: Postrior distributions of a statistical model eq.(1.12) with n =
100. The white square is the true parameter. The posterior distributions
are far from any normal distribution and their fluctuations are very large.
The statistical theory in this book enables us to estimate the generalization
loss even in this case.

Even when n = 10000, the posterior distribution cannot be approxi-
mated by any normal distribution. The regular statistical theory, which
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Figure 1.5: Postrior distributions of a statistical model eq.(1.12) with n =
1000. The white square is the true parameter. The number n = 1000 seems
to be sufficiently large, however, the posterior distributions are far from any
normal distribution and their fluctuations are very large.

assumes that the posterior distribution can be approximated by a normal
distribution, cannot be applied to this case. Therefore, in order to use the
regular asymptotic theory, the condition n >> 10000 is necessary, if oth-
erwise it has been difficult to establish a statistical hypothesis test or a
statistical model selection. In this book, we show a new statistical theory
which holds even if n = 100 can be established by a mathematical base.

Both statistical models given by eq.(1.11) and eq.(1.12) are employed
in many statistical inferences. In the former model, p(z|m,s) represents
one normal distribution for an arbitrary (m, s), whereas in the latter model,
p(z|a,b) represents one or two normal distributions, depending on the pa-
rameter. In fact, if ab = 0, then p(z|a,b) is a standard normal distribution.
Hence the parameter (a,b) is not a simple parameter but affects the struc-
ture of a statistical model. In general, if a statistical model has hierarchical
structure or a hidden variable such as the latter model, then the posterior
distribution cannot be approximated by a normal distribution in general.
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Figure 1.6: Postrior distributions of a statistical model eq.(1.12) with n =
10000. The white square is the true parameter. In this case, n = 10000 and
the number of parameters is 2, however, the posterior distributions can not
be approximated by any normal distribution.

In this book, in Chapter 4, we study the former statistical models, and in
Chapters 5 and 6, we derive a new mathematical theory for both models.

From the mathematical point of view, the statistical model of eq.(1.11)
does not have singularities, whereas that of eq.(1.12) does. The true pa-
rameter (0.5,0.3) in eq.(1.12) is a nonsingular point but lies near singularity
(0,0). In fact, the function from a parameter to a statistical model is not
one-to-one,

{(a’ b);p(:L’|a, b) = p($|07 0)} = {(a’ b)a ab = 0})

and (a,b) = (0,0) is a singularity of this set. It should be empasized that
a singularity affects the posterior distribution even if the true parameter is
not a singularity. Moereover, several statistical models used in infromation
processing such as artificial neural networks and mixture models have many
singularities. In general, if a statistical model has singularities, then the
Bayesian estimation has better generalization performance than the maxi-
mum likelihood method, hence we need new statistical theory for the purpose
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of constructing hypothesis testing, model selection, and hyperparameter op-
timization for such singular statistical models.

1.6 Estimation and Generalization

In order to evaluate how accurate the predictive density is, we need an
objective measure which indicates the difference between the true and the
estimated probability density.

Definition 1. (Generalization and Training Losses) Let X™ be a sample
which is independently taken from a true distribution ¢(z) and p(z|X™) be
a predictive density using a statistical model p(z|w) and a prior ¢(w). The
training and generalization losses are respectively defined by

T, = ) logp(XilX"), (113)
i=1
G, = —/q(a:)logp(a:|X")d:n. (1.14)

Note that both G,, and T, are random variables. Let S be the entropy
of a true distribution given by eq.(1.1). Then it immediately follows that

G, — S

- / o(z) log p(z| X™)dx + / 4(z) log q(z)dz

= z)lo 7(](3:) T
B /Q( )] gp(le")d

= K(q(@)|lp(x|X™)), (1.15)

where K (q(x)||p(z|X™)) is the Kullback-Leibler distance from ¢(x) to p(x|X™).
For the definition of Kullback-Leibler distance, see Section 10.2. In general,
(1) K(a()lp(z] X)) > 0.

(2) K(g(e)llp(x|X™)) = 0 if and only if K (q(2)]lp(z]X")) = 0.

Hence

(1) G, > S.

(2) G,, — S =0 if and only if ¢(z) = p(z|X™).

That is to say, the smaller G, is, the more precise estimation is obtained
according to Kullback-Leibler distance. The random variables G,, — .S and
T, — S, are called generalization and training errors respectively.

Remark 5. Assume that we have two sets of statistical models and priors,

(p1(zfw), p1(w)), (p2(z|w), p2(w)).
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Let p1(z|X™) and pa(z|X™) be predictive densities of two pairs respectively,
and G, (1) and G, (2) be their generalization losses. Since the entropy S
does not depend on either a model or a prior,

Gn(1) > Gn(2) == K(q(@)[lp(x]X™)) > K(q(2)||p2(2[X™)),

which shows that the smaller generalization loss is equivalent to the smaller
Kullback-Leibler distance. Two training losses T),(1) and 7,,(2) can be de-
fined for both sets, but they do not have such properties. In other words,
the smaller training loss does not mean a smaller generalization error.

Definition 2. Assume n > 2. Let X"\ X; be a set of random variables X7,
Xo, ..., X;, which does not contain X; and p(z|X™ \ X;) be the predictive
density using X™ \ X;. The cross validation loss is defined by

1 ¢ n
Cn=—o EIOgP(Xi\X \ X5). (1.16)

Also C,, — S, is called a cross validation error.

Remark 6. The definition eq.(1.16) is called the leave-one-out cross valida-
tion loss. There are several kinds of cross validation losses, however, we
mainly study the leave-one-out one in this book, because it is most accuate
as an estimator of the generalization loss. The cross validation loss can be
defined even if X" is dependent. However, if X" is dependent, then it is not
an appropriate estimator of the generalization loss. In fact, the following
theorem needs independence.

Theorem 1. Assume that X™ is independent. Then the following holds.
(1) Assume that the expectation values of G, and Cy, are finite. Then

E[Cn] = E[Gn—l]- (1'17)

(2) The cross validation loss satisfies the relation,

= _ZlogE [ X|w)]

(3) For an arbitrary set of random variables X",
Cp >T,.

The equality C,, = T,, holds if and only if p(X;|lw) (i = 1,2,...,n) is a
constant function of w on {w € W;p(w|X™) > 0}.
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Proof. (1) The set X™ \ X; does not contain X;, hence

B = —E[~ 3 lorp(XX"\ X))
=1
= ——ZE[/ ) log p(z|X™ \X)d:z:}
= E[Gpil.

(2) For an arbitrary i,
[[r(X;lw) = p(Xilw) ] p(X;[w).
=1 i

By the definition of the cross validation loss,

_ _* - J p( X ’w )eo(w )Hj?sip(Xj]w)dw
o Zl (W) [ 1.2 p(Xi|w)dw

_ 1 1/p (X Iw)> (w) 17y p(Xiw)dw

- Z (w) H] 1 p(X|lw)dw ’

which shows (2) of the lemma.
(3) By using the result (2),

=Ty = =3 log(Bulp(Xi|w)Eu 1 /p(Xi[w)]).
i=1

From Cauchy-Schwarz inequality, it follows that
B [p(Xi[w)[Eu [1/p(X;|w)] = By [p(X; w)/2p(X; w) 2] = 1.

The equality C,, = T}, holds if and only if p(X;|w)"/? o p(X;|lw)~/? as a
function of w, which concludes (3). O

Remark 7. (1) The conditional probability density p(X;|X™\ X;) is the pre-
dictive density of X; based on a sample X" leaving X; out. Thus the average
cross validation loss is naturally an unbiased estimator of the generalization
loss for n — 1. In the real world, the generalization loss cannot be calculated
because we do not know the true distribution ¢(z), whereas the cross vali-
dation loss can be obtained using only a sample X". There are two issues
about the cross validation.
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e Although the averages of C),, and G,,_1 are equal to each other, their
variances are not directly derived from their definitions. In the follow-
ing chapter, we prove that the standard deviations G,, — S and C,, — .5,
are asymptotically equal to each other, in proportion to 1/n.

e If the average by the posterior distribution is numerically approxi-
mated, then

ISCV = —Zlg w[ X‘w)}

is called the importance sampling cross validation loss. Note that the
approximated cross validation loss

= ——ZlogIE [p(X;|w)],

where E&,‘“[ | shows the posterior average for X"\ X, is different from
the importance sampling cross validation loss if the posterior density
is not precisely approximated.

Definition 3. Assume n > 1. Let X™ be a set of random variables. The
widely applicable information criterion (WAIC) is defined by

1 n
W, =Th 4+~ S Vyllog p(X;|w)], 1.18
+ ; [log p(X;|w)] (1.18)

where V,,[ ] shows the posterior variance. Also W,, — S, is called a WAIC
error.

In the following chapters, we show that, if X" is independent, then WAIC
is asymptotically equivalent to the cross validation loss,

W, = Cy, + Op(1/n?), (1.19)
and
E[W,] = E[C,] + O(1/n?). (1.20)
Moreover, there are several cases even if X" is dependent,
E[W,] = E[G,] + o(1/n). (1.21)
For example, the formula E[C),,] = E[G),,—1] does not hold in conditional

independent cases such as regression problems of fixed inputs or time series
prediction, whereas E[WW,,]| = E[G}] 4+ o(1/n) holds even for such cases.
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Remark 8. The cross validation loss and WAIC can be employed for evalu-
ation of a statistical model and a prior even if a prior is improper.

Remark 9. (Loss and error) The generalization, cross validation, and WAIC
errors are defined by

Gn_Sa Cn_Sna Wn_Sn7

where S and S,, are the average and empirical entropies of a true distribution,
respectively. In practical applications, we do not know the true distribution,
resulting that S and 5, are unknown. However, neither S nor 5,, depends
on a statistical model and a prior. In model selection and hyperparameter
optimization, minimizing losses are equivalent to minimizing errors. On the
other hand, errors have smaller variances than losses, hence in numerical
experiments, we often compare errors instead of losses.

1.7 Marginal Likelihood or Partition Function

If a prior p(w) satisfies [ ¢(w)dw = 1, then the marginal likelihood or the
partition function Z(X") = Z(X1, Xo, ..., X,,) satisfies

/Z(‘Th T2y eeny xn)dxldl'g cee dmn

= /dw go(w)/d$1d3:2---d:Ean(:Ei|w) =1.
i=1

Therefore Z(z™) can be understood as an estimated probability density func-
tion of X™ by using a statistical model p(z|w) and a prior ¢(w). Therefore
Z(x™) is sometimes written as p(z™).

The free energy or the minus log marginal likelihood is defined by

F, = —log Z(X™). (1.22)

Then by using notations ¢(z") =[], ¢(z;) and p(z") = Z(z"),

—nS = / log gdaz",
which shows that E[F},] —nS is equal to the Kullback-Leibler distance from
the true density ¢(z™) to the estimated density p(z™). The smaller E[F,] is
equivalent to the smaller Kullback-Leibler distance between them. Note that
E[G,] — S is the average Kullback-Leibler distance from ¢(z) to p(x|X™),
whereas E[F),] — nS is their sum.
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Theorem 2. Let n > 1. The average generalization loss is equal to the
increase of the free energy,

E[Gn] - E[Fn-i-l] - E[Fn] (1'23)

Therefore the average free energy is the sum of the generalization loss.

E[F,] = TiE[GZ] + E[F]. (1.24)

Proof. Let X,,41 be a random variable which is independent of X™ and
subject to the same probability density function ¢(z). Then for an arbitrary
function f(z),

/ 4(@)f(2)dz = Ex, o, [f (Xo)].

By using this notation,

Gn = — / q(x)log p(z|X")dx
= —Ex,.,,[logp(Xpn1]X")]

[ Xasslwptw) TTp(Xilw)du
= _EX,L+1 [log =y =1 :|
[ @ [[pXilwo
=1

= —Ex,,,[log Z(X"™)] +log Z(X™).

The expected values over X" of this equation show eq.(1.23). Therefore,

E[F,] = E[Gn-1]+E[F,_1]
= E[Gn-1] + E[Gp—2] + E[F,—_2]
n—1
= D E[Gi] +E[F],
i=1
which shows eq.(1.24). O

Remark 10. (Marginal likelihood and free energy) By the definition F,, =
—log Z(X™), the correspondence between the free energy and the marginal
likelihood is one-to-one. Hence one of them is obtained, and the other can
be easily derived. However, in general, the asymptotic order of the marginal
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likelihood as a random variable is not equal to its average, whereas that of
the free energy is equal to its average. Therefore, in studying asymptotic
statistics, the free energy is the more convenient random variable than the
marginal likelihood. Let us illustrate this fact. A marginal likelihood ratio
function r(z™) is defined by

Z(x™)
q(z™)

Let X™ be a set of random variables which are independently subject to
q(z). Then

r(z") =

E[r(X™)] = /r(x”)q(a:")dx” =1
Therefore the average of r(X"™) is always equal to one. However,
r(X™) — 0 in probability.

For example, for x,a € R, a statistical model and a prior are defined by

1
p(zla) = EGXP(—i(ﬂf—a)2)y

1 a?
pla) = N exp(——),

and a true distribution is set as g(z) = p(x|0), then

r& =y n2—|7—Tl eXp{ 2(7173r 1) (% ; Xi) }

Since (1/4/n) Y"1~ X; is a random variable which is subject to the standard
normal distribution, 7(X™) — 0 in probability. Therefore the order of r(X™)
is not equal to its average. On the other hand, the order of the random
variable —log r(X™) is equal to its average, because

~log (") = 5 log(n + 1) - g log(2r) — 5t (<= D0 )
=1

Remark 11. (Simultaneous prediction) Let us compare Bayesian estimation
and the other estimation from the simultaneous prediction point of view.
Let Xy, Xo, ..., X0, Xnt1, ..., Xntm be independent random variables which
are subject to the same distribution. The simultaneous estimation of

xnem \ X" = (Xn+17XTL+27 "'7Xn+m)
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for a given sample X" is

p(X - \ XX = W

Hence
o o = [T (2020
7j=1

resulting that

n+m n|yn Xn+])

—log p(X™T\ XM X™) = Zlg( (X7 - 1)>
The average of this equation is given by
E[Gn] + E[Gpia] + -+ + E[Grim-1]. (1.25)

On the other hand, let @ be an estimator such as the maximum likelihood
or the maximum a posteriori method determined by X™. Then the general-
ization loss of X" ™™\ X" for a given X" is

= log p(Xinjlid),

j=1
whose expected value is
—m X Ellog p(X|w)]. (1.26)

By eq.(1.25), it is shown that, in Bayesian estimation, the predicted sam-
ple point is automatically used, recursively. However, by eq.(1.26), in other
methods, that is not the case. In ordinary cases, the average generalization
loss E[G),] is a decreasing function of n, hence, from the simultaneous pre-
diction point of view, Bayesian estimation is better than the other methods.
By the same reason, in the prediction of high dimensional X, it is expected
that the Bayesian estimation has the better performance than the other
methods.

Remark 12. (Predictive measure and marginal likelihood) The cross valida-
tion loss measures the predictive loss which is defined by Kullback-Leibler
distance between ¢(x) and p(xz|X™), whereas the free energy indicates the
cumulative loss which is defined by Kullback-Leibler distance between ¢(X™)
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and p(X™). Both measures are important but different in Bayesian statis-
tics. If they are used as criteria for choosing the best model or the best
hyperparameter, then the chosen model or hyperparameter is different ac-
cording to the criteria. In Chapter 8, we study mathematical properties of
both measures.

Remark 13. (Meaning of the marginal likelihood) Assume that Py(p, @) is
the prior distribution of a model p(z|w) and a prior ¢(w). Then the proba-
bility density of X™ for a given (p, ¢) is

P(X"|p, ) /Hp (Xi|w)e = Z(X"™).

By Bayes’ theorem, the posterior probability density of (p, ) for a given
sample X" is
P(X"|p, o) Po(p, ¢)

P(X™)
Although Z(X™) is not strictly equivalent to the maximization of the pos-
terior probability P(p,p|X™), if n is sufficiently large, the maximization of
Z(X™) becomes equivalent to the maximization of the posterior probability.

P(p,o|X") =

Remark 14. (Asymptotic expansions of free energy and generalization loss)
Let f(n) = E[F,] and g(n) = E[G,]. Assume that there exist constants
{4;} and {B;} such that asymptotic expansions

f(n) = Ain+ Asv/n+ Aslogn + Agloglogn + O(1),  (1.27)
hold for n — oo. Then by eq.(1.23), A; = B; (i = 1,2,3,4). It is important
that the constant order term of the free energy f(n) does not affect the
generalization loss g(n). Sometimes minimization of the free energy changes
the constant order term but does not minimize the generalization loss. See
Chapter 8. Also note that, mathematically speaking, even if f(n) has an
asymptotic expansion, g(n) may not have any asymptotic expansion, how-
ever, if g(n) has an asymptotic expansion, then its coefficients are uniquely
determined by the asymptotic expansion of f(n).

1.8 Conditional Independent Cases

In several practical applications, we need to study cases when X" is de-
pendent. In this section, let us assume that X" is dependent but Y™ is
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conditionally independent, in other words, Y is independent for a given
X", If a set of RV-valued random variables Y™ = (Y1,Y5,...,Y},) is subject
to a probability density function,

q(y1l@1)q(ye|x2) - - - q(ynlzn)

for some fixed 2™ = (z1, x9, ..., T, ), then Y is called a conditionally indepen-
dent random variables subject to a conditional probability density function

n
Hq(yzla:,) For an arbitrary function f : (2", y") — f(2",y") € R, the
i=1

e;(pected value of f(z™,Y™) over Y" is denoted by E[ |. That is to say

Blf v = [ [ f Pl [T atwrles) sy - dy,
=1

which is a function of ™. The average and the empirical entropies of the
true distribution are respectively defined by

1 n

s = 2> [ atwle)togatylai)dy, (1.29)
=1
1 n

Sy = —El;logqmm)- (1.30)

Note that both posterior and predictive probability densities are given by
the same equations as eq.(1.9) and eq.(1.10), respectively.

n

1

p(wlz", Y") = W@(w) [1p(Yilzi, w), (1.31)
’ i=1
p(ylz, 2™, Y") = /p(y]a;,w)p(w\x”, Y™ dw. (1.32)

In conditional independent cases, the generalization error is defined by the
given 2", because the expected value over z is not defined,

1 & S
Gn = —EZ/dy q(yla;) log p(ylzi, 2", Y™),
=1
SREL A
n = " ZP\ Y| Ty, 5 .

i=1
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Also the generalization and training errors are defined by

q(ylxi)

n = - X 1 )
G,—S Z/ (y] og e Yn)dy
T,—S, = lZn:log a(Yil:)

e n 4 p(Yilxs, zm, Y™)

Both the cross validation loss and WAIC can be defined by the same forms
as the independent case.

1 n
C, = - Z log By [1/p(Yi|xs, w)],

i=1

1 n
Wn = Tn - le le 2 .
+nz [log p(Yi|wi, w)]

i=1
However, in this case,
E[Cn] # E[Gn—l]a
whereas, in Section 5.5, we show
E[W,] = E[G,]+ o(1/n).

Hence, even if £ is dependent, if C,, is asymptotically equivalent to W,
E[Cn] = E[Gn]+o0(1/n)

also holds, whereas if otherwise, then the cross validation loss is can not be
applied to estimating the generalization loss.

Ezample 4. (1) In some applications, regression problems of {Y;} for a given
fixed set {z;;7 = 1,2,...,n} are studied, then the cross validation loss cannot
be employed.

(2) A time series prediction problem,

Zy=ay Zi—1 + as Zi—o + az Zy_3 + Gaussian noise,
can be understood as a regression problem,
(Zi-1, 242, Z1-3) = x4 = Yy = Zy.

Therefore z; is dependent, resulting that the cross validation loss cannot be
employed, whereas WAIC can be.
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1.9 Problems

1. Let wo = (1,1,1,...,1) € R!Y and W be a random variable on R which
is subject to

p(w) = Clexp(—||w]*) + 100 exp(—10]jw — wol[*)},

where [[w||? = >, w? and C is a constant. Show the following:

(1) Let @ be the maximum point of p(w). Then w =~ wy.

(2) E[W] = 0.

Hence E[W] is far from w. Assume that p(w) is a posterior distribution
of some statistical model. Discuss the difference between the maximum
likelihood or a posteriori estimator and Bayesian estimation.

2. (Fluctuation-dissipation theorem) Let 8 > 0 and H(x) be a function
from RY to R. Assume that a random variable X € R" is subject to a
probability density function,

ptdﬁ)==zi%5eXp(—ﬁff@0%

where Z(f3) is a constant

2(8) = [ expl(~BH()da.

Then prove the equation,

OE[H(X)]

= = —VIHX)L

It is well known that this equation demonstrates several important laws in
physics.

3. (Coin toss) Let p(z|a) be a statistical model of x € {0, 1} which is defined
by

p(zla) = a*(1-a)'™",

where a is a parameter (0 < a < 1). See Figure 1.9. Let us study a prior
©(a) which is defined by
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on 0 <a<1. Let X" be a set of random variables which are independently
subject to p(z|ap). Also let ny and ny be

n
ny = E XZ', ng =n —nj.
i=1

Then show the following equations.
(1) The maximum likelihood estimator is @ = ny/n and the estimated prob-
ability distribution p(z|a) by the maximum likelihood method is given by

A ng +¢
Ola) = ,
p(Ola) n+ 2¢

ny+é&e

1a) = ——
plla) = 217,

where € = 0.
(2) The Bayesian predictive distribution p(x|X™) is

p(1X") = p(O|X™) =

(3) The generalization error of the maximum likelihood method is defined
by Kullback-Leibler information from p(x|ag) to p(x|a),

ny+1
n+2’

ng + 1
n+2°

Ky = —aplog((ng +¢)/(n+2¢)) — (1 —ap)log((ne +¢)/(n+ 2¢))
+aplogag + (1 — ap) log(1 — ag),
where ¢ > 0 is a sufficiently small positive value. Note that, if ¢ = 0,

0 < ag <1, and niny = 0, then K/, = co. That of Bayesian method is
defined by Kullback-Leibler distance from p(z|ag) to p(z|X™),

KBayes = —aglog((n1+1)/(n+2)) — (1 —ag)log((n2+1)/(n+2))
+agplogap + (1 — ap) log(1 — agp).
(4) By using numerical calculation, the expected values of E[K /7] and
E[KBayes| for n = 20, ag = 0.05,0.10, ...,0.50, and € = 0.0001 are shown in
Figure 1.9. If a9 = 0, then E[Kj/1] = 0 and E[Kpgyes] > 0. Discuss the

difference between the maximum likelihood and Bayesian methods from the
veiwpoint of the generalization errors.

4. (Simple normal distribution) Let p(z|a) and ¢(a) be a statistical model
of z € R for a given parameter a € R and a prior of a respectively,

p(zla) = WGXP(—%@—@)2>7

o) = ()" ool -2e2),
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0.15 = Maximum Likelihood
© Bayes
§ 01
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c
Qo
g
© 0.05 [
9]
=
5]
(G
0 . . . .
0 0.1 0.2 0.3 0.4 0.5

True probability

Figure 1.7: Comparison of Bayes with maximum likelihood in coin toss.
The averages of the generalization errors by the maximum likelihood and
Bayesian methods are compared in a coin toss problem for n = 20. The
standard deviations of the maximum likelihood method are larger than that
of Bayes for every aqg.

Let X™ be a set of independent random variables which are subject to p(z|0).
Then prove the following equations.

1
2’

1 n
Su = Cot o> a?
n 0+2ni:1$17

S = Cyp+

where Cy = (1/2)log(2m). The losses are

1 1 ni ny 2

L = ~log(1 + — *
G Co+2og( +n1)+2(m+1)+2(m+1)($)
1 1 ny 1 )

C Co 5 og( n1)+2(n1—1)n;:1(x] x¥)
1 1 n 1 )
T, = “log(1 + — 7—§ gt
Co+2 og( +n1)+2(n1+1)nj:1(x] ™)

n

1 1 1 n?+2n+21
W, = Cp+ =log(l+ —)+ — 17_§ )2
" 0+2 og( +n1)+2n% + 2ni(ng + 1) njzl(% 7)%
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Figure 1.8: Cross validation and WAIC. This figure shows the histogram of
lgn, — ¢n| = |gn — wnl]. If |gn — cn| — |gn — wn| > 0 then WAIC is a better
approximator of the generalization loss than the cross validation.

where ny = n + A and
n
. 1
n
L)

The free energy is

Fy = nCy+ glog(m/A) = (@) + 50 _a}).

It follows that C,, — W, = O,(1/n®). Let

gn = Gn - S7

Cn = Cn - Sn:

w, = W,—=5,.
Then the histogram of |g, — ¢,| — |gn — wy| for n = 5 is given by Figure
1.8. In this model, Bayesian observables can be explicitly calculated without

numerical approximation, hence it is easy to compare the cross validation
loss and WAIC as estimators of the generalization loss.

5. (Normal mixture) The Fisher information matrix I;(w) of a statistical
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model p(z|w) is defined by

Lip(w) = /C% log p(z|w) O log p(z|w) p(z|w) dz

where 0; = 0/0w;. Show that the Fisher information matrix of a statistical
model
p(xla,b) = (1 — a)N(x) +aN(z — b) (1.33)

where N(z) is the standard normal distribution at (ag,by) = (0.5,0.3) is
numerically approximated by

0.0881 0.1467
I(ag, bo) = ( 0.1467 0.2552 > ’

whose minimum and maximum eigenvalues are
0.0029 << 0.3405.

Note that the minimum value is far smaller than the maximum value. If a
sample X" is independently subject to p(z|ag,bp) and if regular asymptotic
theory held, then the asymptotic posterior distribution would be approxi-
mated by the normal distribution whose average is (ag, by) and covariance
matrix is (nl(ag,bo))”!. By comparing Figures 1.4, 1.5, and 1.6 with the
minimum eigenvalue, discuss the sufficiently large n by which regular asymp-
totic theory holds. Compare its result with the fact that singular asymptotic

theory holds even when n is smaller than 100.

6. (Conditional dependent case) A simple linear regression model of y € R
for given z € R and paramater a € R is defined by

p(ylz,a) = \/%—W eXp(—%(y — am)2>.

Assume that p(y|z, ag) is a true conditional probability density of y € R. Let
{z;;9 = 1,2,...,n} and {&;i = 1,2,..., N} be sets of fixed input data used
in estimation (training) and trial (test), respectively. The set of conditional
independent data is {(x;,Y;);7 = 1,2,...,n}. For simple calculation, we
employ an improper prior ¢(a) = 1 on R. Then the posterior and predictive
distributions are respectively given by

1 n
p(a|$n’Yn) = El_llp(n|$i7a)’
1=
p*(ylz) = Eulp(ylz,a)],
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where Z is a constant. The generalization error is defined by using the test
set,

1 N
D [ p(v1és,a0)tog 0165y

which is a random variable because the predictive distribution is a function
of Y". The leave-one-out cross validation loss and the widely applicable
information criterion for a set are respectively defined by using the training
set,

Cn = %Zk’gEa [pmwlxi,a)]’

i=1
1 < . 1 &
Wo = == logp"(Yilz:) + — > Va[log p(¥ilzs, )]
i=1 i=1
The conditional true entropy is
S = —lzn:/(\x-a)lo (y|xi, ap)d —110(2)+1
- ni:1 py iy 40 gpy iy 40 y_2 g ™ 2
Then show the following equations.
1 & 3
EG,) -5 = — log(l—l-ni]),
2N; > T
1 & 3
ElC,]—-S = - Zlog(l— — 2),
2n = > e T
1 @ a’ 1 =15
B -8 = — Y log(1+ =) +5- ig2
2”; S a? 2n = 1+s; 7
where )
€T
S5 = J

Prove that, if n = N and & = z; for all 7,
E[Gr] < E[W,] < E[Ch],

where equalities hold if and only if 2; = 0 for all 4.
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Chapter 2

Statistical Models

In this chapter, we introduce several concrete examples of statistical models.
The main purpose of this book is to establish the mathematically univer-
sal theory in Bayesian statistics which holds even for nonregular statistical
models. However, before studying the general formulas, concrete examples
are prepared for understanding them. We introduce

(1) Normal distribution

(2) Multinomial distribution

(3) Linear regression

(4) Neural network

(5) Finite normal mixture

(6) Nonparametric mixture

and then examine the behaviors of the free energy or the minus log marginal
likelihood, and the generalization, training, cross validation losses, and WAIC.
The statistical models (1), (2), and (3) are regular, whereas (4), (5), and
(6) are nonregular. If a reader has software for numerical calculation, then
it will be easy to realize them.

2.1 Normal Distribution

Firstly, we study a normal distribution. Let us use a probability density
function of 2 € R for a given parameter w = (m, s) € R?, (s > 0).

p(zlm,s) = \/gexp (—g(:p - m)2>. (2.1)

The probability distribution represented by this density function is denoted
by N(m,1/s), where m is the average and 1/s is the variance. It can be

35
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rewritten as

1 S 4 m?s 1
p(zlm,s) = exp(——x +msr — —— + - log s>.

Y us 2 2 2

The conjugate prior ¢(m, s|¢1, P2, ¢3) of the normal distribution is the same
function of a parameter as the statistical model, by replacing (22, z,1) by a

hyperparameter ¢ = (¢1, ¢2, ¢3),

(,D(ZU|¢) = @(m78|¢17¢27¢3)
1 S 1, 5
= Y(9) exp <—§¢1 + msgpo — i(m s — log s)¢3), (2.2)

where w = (m, s). It follows that

plwld) = pgyew(-506 - 52) (s ew(-5m— 2%)"
The constant Y (¢) is determined by the condition [ p(w|¢)dw = 1. By
using integral formulas,

/_OO exp(—az®)dr = +/7/a, (2.3)
/000 2 Lexp(—z/b)dr = b*T(a), (2.4)

where I'(a) is the gamma function, the function Y (¢) is given by

Y(¢) = (2.5)

2V/(205)%2 Gy
(6163 — g)@stD2 "\ 2 /7

To ensure 0 < Y (¢) < oo, the hyperparameter should satisfy ¢3 > 0 and
P13 — ¢% > (. Since the conjugate prior has the same form of the parameter
as the statistical model, the posterior simultaneous density of (w,X"™) is
given by

Q(w, X™) p(w) [ [ p(Xilw)
=1
1

E - 1 -
= W exp<—§¢1 + m3¢2 — 5(77123 — log 3)¢3>,
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where
b1 = ) X7+, (2.6)
dr = Y _Xi+ o, (2.7)
d3 = n+ds. (2.8)

The partition function is given by

Y (¢)

Z(X™) = /Q(w,X")dw = W,

and the posterior distribution, which is equal to Q(w, X™)/Z(X"), is given
by
p(w|Xn) = gp(m, 8|¢17 ¢27 ¢3)
Hence the minus log marginal likelihood or the free energy F' = —log Z(X")
is
F, = g log(27) + log Y (¢) — log Y (). (2.9)

See Figure 2.1. The predictive density is also given by

Ey[p(zjw)] = / plalw)p(uw])duw

1 Y(le +$27¢32 +3§‘,§Z§3+1)

\/% Y(éluéQqu?))
1

(& — po/d3)? + Cy]@s+D/2
where C] = (ngbl b3 — QAS%)(QAS?, +1)/ q@% The predictive density is different from

any normal distribution. However, when n — oo, it converges to a normal
distribution. See Figure 2.2. The training loss is

(2.10)

T, = ——ZlogE (Xi|w)]
= 3 log(27T) +10g Y (1, b2, d3)

1< . . R
—EZIOgY((bl+X§,¢2+Xi7¢3+1). (2.11)
=1
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Since R . R
Y(p1 — 332: ¢2A— z, ¢3 —1)
Y(¢17 ¢27 ¢3)

)

Eu[1/p(zlw)] = v2r

the cross validation loss is equal to

Cn, = %ZlOng[l/p(Xi\w)]
=1
= L log(2m) —log Y (dr, s, )
+% Z;log V(b1 — X7, 60 — Xiy 3 — 1). (2.12)

Let f(a,x) be a function

fla,z) = log / plalw) i (w]$)duw

Y(le + ax?, ¢ + ax, p3 + @)
- oy L anocl)
(27T) Y(¢17 ¢27 ¢3)
Since the posterior distribution is equal to go(w|<;§),

82

07 0.2) = Vaflogplaluw)

0% 11 - | A
= a2 §(¢3 + a)log(2(¢3 + a))

2(Bs+ ot Dlog{(dy + as?)(ds + ) — (do + a2)?)
+1ogT (g +a+1)/2))|

1, ¢3 + 1 1 (¢35 + Du(z)?
= () S P R

where ¢/(z) = (log'(x))” is the trigamma function and

_ p3x® — 2001 + <ZA51.

u(z) — -
D103 — (¢2)?
Therefore WAIC is given by
1 o= 0%f
Wn—Tn—FE W(O’Xi)'

i=1



2.1. NORMAL DISTRIBUTION 39

Fn -n Sn : Free Energy - n*Entropy

0

(0] 200 400 600 800 1000

n : Sample Size

Figure 2.1: Free energy for n = 1,2,...,1000. The free energy or the minus
log marginal likeihood of a normal distribution F,, — nS,, is shown for n =
1,2,...,1000. Its asymptotic behavior is given by log n.

By using the function Y (¢) in eq.(2.5), we can calculate F,, T, and C,
using X", based on eqs.(2.9), (2.11), and (2.12). Let us assume that a true
distribution is ¢(x) = p(x|mg, sg). Then the entropy and empirical entropy
of the true distribution are respectively given by

_ 150y S0 2
S = /q(m){2log(2ﬂ) 2(ac mo)° tdx
. 1 S0 1
= plelg)ty
_ Ly s S_OZ" Y
S, = 2log(2ﬂ)+2n (X; —mg)”.

The training and cross validation errors are respectively given by T;, — S,
and C), — T,. The generalization loss is given by

_ q(x)
G, = S—l—/q(x)log mdw

= §105(2m) + log ¥ (31, b, 6s)
—/(J(ﬂf) log Y(¢A51 + 2% do + 1,03 + 1)dx.

Unfortunately, the integration over ¢(z) cannot be done analytically.
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Figure 2.2: Bayesian observables in normal distribution are shown in the
case n = 10. Histograms of (1) training error 7T;, — S, (2) cross validation
error C, — Sy, (4) generalization error G, — S, and (5) WAIC error W,, — S,,.
Distributions of (3) (G,, — S,Cy, — S,), and (6) (G, — S,W,, — S,,). Note
that WAIC error has smaller variance than cross validation error.

Ezample 5. A numerical experiment was conducted by setting (mg, sg) =
(1,1) and (¢1, d2,¢3) = (0.5,0,0.5). In Figure 2.1 the horizontal and ver-
tical axes show the sample size n and the free energy or the minus log
marginal likelihood minus empirical entropy F;,, — nS,, for n = 1,2, ..., 1000,
respectively. In the following sections, we will show that F,, — nS, =
(d/2)logn + Oy(1) (d is the dimension of the parameter space), which is
consistent with the figure. In Figure 2.2, experimental results of 10000 ind-
pendent trials for n = 10 are shown.

(1) Histogram of the training error, T,, — S,

(2) Cross validation error, C,, — S,

(3) Generalization error and the cross validation error

(4) Histogram of generalization error, G — S

(5) Histogram of WAIC error, W,, — S,

(6)

6) Generalization error and WAIC
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The averages and standard deviations of G,, — S, C,, — S,,, and W,, — S, are
numerically approximated by

Average: 0.0901, 0.1017, 0.0860,
Standard deviation: 0.0978, 0.1211, 0.1136.

The variance of the cross validation error is larger than WAIC error. More-
over,

E[(Gn —S) — (Cp — Sp)] = 0.153,
E|(G, — 8) — (W, — S,)| = 0.146.

Therefore, WAIC is the better estimator of the generalization error than the
cross validation error in this case. The inequality

E’(Gn - S) - (Cn - Sn)‘ > E‘(Gn - S) - (Wn - Sn)’

holds for n = 1,2, 3,4, 5. In the following chapters, we show the higher order
asymptotic equivalence of the cross validation and WAIC as n — oo. For the
finite and smaller n, WAIC is the better approximator of the generalization
loss than the cross validation loss in many statistical models.

2.2 Multinomial Distribution

A multinomial distribution is examined. Let N be a positive integer. An N
dimensional variable

2= (@M 2@ )

g eeey

is said to be competitive if only one element is equal to one, zU) = 1,
and others are equal to zero, z*) = 0 (k # j). The set of N dimensional
competitive variables is denoted by

Cn={z= (a:(l),a:(2), e ,a:(N)); x is competitive}.

By the definition, the number of elements of the set Cy is equal to IN. This
set is used in classification problems where N is the number of categories.
In a coin toss problem, N = 2, whereas in a dice throw problem, N = 6.
The N dimensional multinomial distribution of one trial x € Cx for a given
parameter w is defined by

N
(z|w) = [ (w))™, (2.13)

Jj=1
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where we determine 0° = 1 and a set of all parameters is

W ={w = (w,ws, -+ ,wn w; =1, w; > 0}.

11

If a random variable X = (X1 X®) . XN} is subject to p(z|w), then for
an arbitrary 7, the probability X)) =1 is equal to

Prob(X") =1) = wj.

The Dirichlet distribution on W is often employed as a prior,

p(wla) =

N N
H 5(2 wj — 1), (2.14)

where a hyperparameter a is an N dimensional vector,

a = (ay,az,...,an),

which satisfies a; >0 (j =1,2,..., N) and

N . N
<]1;[1/0 dw; (wj)“j_l) 5(; wj — 1).

Lemma 1. The normalizing term of Dirichlet distribution is

N
Hf(aj)

Cla) = &=———. (2.15)

Proof. Let A > 0 and
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Then f(1) = C(a). The Laplace transform of f(\) is

/ T ey =
0

/ )%~ exp(—Bw;)dw;

ﬁ

:1

.

/ )%~ exp(—w; ) dw;
N

Z
) a;) /o A i

Therefore, by using the inverse Laplace transform of this equation, f(\) is

obtained, H (@)
['(a; .
A) = L Tt
M=)
Then f(1) gives eq.(2.15). O

Let us make the posterior distribution for a multinomial distribution and
Dirichlet prior. Let X™ be a set of n random variables on Cy,

Xt ={X; =(xY, . xMyi=1,2,..n}

A random variable n; is defined by

- X0,

which is the number of sample points classified into the jth category. Then
> ;nj =n and the posterior distribution is

) 1H X(” <§:w]~—1>
Jyratas— 15(2% _1>

By using a notation = (nl,ng,...,nN), eq. (2.15), and [ p(w|X™)dw = 1,
the marginal likelihood or the partition function satisfies

Z(X")C(a) =C(m+a).

p(w|X") =

2
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Therefore
H;V:1 L'(n; + a;) ' F(Z;'V:I a;)
T(n+ Y0 a;) T1Z T(ay)

Thus the minus log marginal likelihood or the free energy is given by

Z(X") =

N N
F, = logT'(n+ Zaj) - Zlogf(nj + a;)
j=1 j=1
N N
—log F(Z a;) + » logI'(a;). (2.16)
Jj=1 Jj=1

The predictive distribution p(z|X") of z = (z(), 2, ..., 2(N)) is given by

p(#X") = Eylp(alw)] = / plaw)p(w]| X™)duw

Z(Xn—i-l)
Z(X")
[[5 T@Y +n54+a;) T+, )

N "N ’
I'(n+ 1+Zj:1 a;) Hj:l I'(nj + a;)

where we used a notation X"*! = (X" x). By using I'(z + 1) = zI'(z) for
an arbitrary x > 0, it follows that

p(z|X™) = ¥
n+3 2 a;
Thus the training loss is
1 n
T, = ——) logp(Xi|X")

i=1

n

N N
1
= log(n—l—g aj)—g E E Xijlog(nj—l—aj)
J=1

i=1 j=1

N N

N

= log(n + z:laj) - 2:1 ;J log(n; + a;).
j= j=
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A part of the cross validation loss is

Eu[1/p(Xi|w)] %

N ] N
[T DX 405 +a)) T+ L) a))
N N
Pn—1+>"1a5)  [L2 T(ng +aj)
n—1+ Zjv:1 aj
N @
[T=i(nj +a; — 1)~

Hence the cross validation loss is given by

1 n
C, = EZlong[l/p(XﬂX")]
i=1
n N

1
= logn—1+Za] —;ZZX log(n; +a; —1)
=1 j=1
N N
= log(n—1+Zaj)—z%log(nj—l+aj). (2.17)
j=1 j=1

The above equations for F,,, T,,, C,, and W, can be applicable in any
sample X™. However, if we adopt the hyperparameter a = (a1, ag, ...,an) as
0 < a; <1, and if at least one of n; (j = 1,2,...,N) is equal to zero, then
the cross validation loss diverges. In practical applications, we had better
remark that, if IV is large or n is small, the data contains n; = 0. Then by
using

L(n+ >, a;) [1; T(az) 4 n; + a)
C(n+a+Y;a) T T(nj +aj)

where > and [[; represent the sum and the product for j = 1,2,3,..N
respectively, we can derive

/p(:n|w)°‘p(w|X”)dw = (2.18)

2
Vollogplalu)] = 5 [log | p<:c|w>ap<w|X">de .
N
- Z(x(j))zw (nj +aj) — n+Za]
j=1

where ¢/(z) = (logT'(z))” is the trigamma function. Therefore WAIC is
given by
Wyn =T, + Vny



46 CHAPTER 2. STATISTICAL MODELS

where

N oy

Vi, = —Lap'(
=2 U (ny+ag) - ”+Z“J

j=1

Assume that p(z|wp) is the true distribution, where
wo = (Wo1, W02, -+, WON )-

The generalization loss is explicitly given by

Gn = - Zp(ﬂclwo) log p(z|X")
)x(l) N

_ _Zl < j= 1ny+ay )H(woj')w(j)

n+ Z] 145 j=1

N

: =@

= log(n + E aj) — E {E 2D log(n; + aj)} || (wo)*
j=1 z  j=1 j=1

N

= log(n + Z aj) — Z’woj log(nj + aj). (2.19)
X =

The entropy and the empirical entropy of the true distribution are respec-
tively given by

S = - Zp(33|w0) log p(|wo)

_ _ZH ;E(J) log ﬁ wa ;E(J)
j=1

le

N
= — Z wWo; log woy, (2.20)
j=1

1 n
S, = —= Y logp(X;
2 2 logp(Xfu)

N
= —g — log wy;. (2.21)
n
i=1

Hence the generalization error can be calculated.

Example 6. An experiment was conducted for the case N = 5, wy =
(0.1,0.15,0.2,0.25,0.3), and a = (1.1,1.1,1.1,1.1,1.1). Figure 2.3 shows
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Fn -n Sn : Free Energy - n*Entropy
3

IS
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Sample size n

Figure 2.3: F,, — nS, for n = 1,2,...,1000. The free energy or the mi-
nus log marginal likelihood of the multinomial distribution is shown. The
asymptotic behavior of the random variable F;,, — n.S, is in proportion to
log n.

experimental results of F,, —nS, n = 1,2,3,..,1000. Figure 2.4 shows ex-
perimental results for n = 20.

(1) Histogram of the training error, T,, — S,

(2) Cross validation error, C,, — Sy,

(3) Generalization error and the cross validation error

(4) Histogram of the generalization error, G — S

(5) Histogram of WAIC error, W, — S,

(6) Generalization error and WAIC

The averages and standard deviations of G,, — S, C,, — .S, and W,, — S,, are
numerically approximated by 10000 independent trials.

Average: 0.0684, 0.0700, 0.0672,
Standard deviation: 0.0502, 0.0749, 0.0749.

The variance of the cross validation error is almost same as the WAIC error.
Moreover,

E|(Gn —S) — (Cn, — Sn)] = 0.0948,
E|(Gp — S) — (W, — Sn)| = 0.0943.

Therefore, in this case the cross validation error is almost same as the WAIC
error.
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Figure 2.4: Bayesian observables of multinomial distribution for n = 20.
Bayesian observables of multinomial distribution are shown with n = 20.
Histograms of (1) training error T, — S, (2) cross validation error C,, — Sy,
(4) generalization error G, — S, and (5) WAIC error W,, —S,,. Distributions
of 3) (G, — S,C, — Sy), and (6) (G, — S, W,, — S,,).

2.3 Linear Regression

In the foregoing two models, the posterior averaging could be done analyti-
cally. In this section, we study a linear regression model, where the posterior
averaging is numerically approximated by random sampling. Let us study
a statistical model and a prior which are defined for z,y,a € R', s > 0 by

poleass) = /2 ep(—50 - o))

1
plaslr) = oo 8 exp(-5(a®+ 1)),

Y(0,1,1)

where r is a hyperparameter. This prior is proper if and only if r > —1/2.
The normalizing constant Y (¢, i, p) is given by

o0 o0 S
Y(p) = / da /O ds 57/ exp(~3 (ua + ).
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Lemma 2. The normalizing constant Y (£, ju, p) is equal to
Y(6up) = @r/u)22/p) EVRI(G 4 (04 1)/2).

Proof. By the definition,

o0 (o] , s
Vitp) = [ da [ ds st e+ )
= / ds "% (2 [ sp)'/? exp(—%)
0
_ (27_‘_/#)1/2/ ds 87’+Z/2—1/2 exp(—%)
0
_ (27_‘_/#)1/2(2/p)7"+5/2+1/2 /0 ds 87‘+€/2—1/2 exp(—s)
= (27/w)"?(2/p) M TEOPT((0+ 27 + 1) /2),
which completes the lemma. O
Let (X™,Y") = {(X;,Yi);i = 1,2,..,n} be a sample which is inde-
pendently taken from a true probability density ¢(x,y). The simultaneous

distribution Q(a, s, Y| X™) for given X™ using the statistical model is given
by

Qa, s, Y"X™) = o(a,s|r) Hp(Y}\Xi, a,s)

=1
s"/2+7’ s n 2 2
~ Y0, 1, 1) (2n)7? eXP(—g(;(Yi —aXi)? 41+ a?)
s"/2+7’ s 2
= Yo L@ SPlrgidle B+l

where A, B, and C' are constant functions of the parameter,

A = ) X741,
Zz’XiYi
S X241

¢ = {- g;?lJrZY?H}

B =
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Note that, even if a prior is improper, the posterior distribution is well-
defined if (n —1)/2 +r > —1. As a result, the posterior density is
1

X"Y") = ————
p(a78| ) ) Z(Xn,Yn)

Qa, s, Y| X"),

where the partition function or the marginal likelihood is

Y(n,A,C)
(27)"/2Y(0,1,1)

Z(X"Y") = /Q(a,s,Y"|X")dads =
The free energy or the minus log marginal likelihood is
F, = g log(2m) +10g Y (0,1,1) —log Y (n, A, C).

Then the posterior density can be decomposed as

pla,s| X", Y") = p(als, X", Y") p(s|X™), (2.22)
plals, XY™ o exp(~ (- B)Y) (2.23)
p(s|X™) o 8(”_1)/2+Texp(—%). (2.24)

Thus a set of parameters {(at,s;);t = 1,2,...,T} which is independently
subject to the posterior density can be obtained by the following procedure.
Firstly each variable in {s;} is independently taken from p(s|X™), then each
variable in {a;} is independently taken from p(a|s, X™,Y™). Then the pos-
terior average of a function f(a,s) can be numerically approximated by

T
B (a,8)] % o D o, s0). (225)
t=1

The generalization, training, and cross validation losses and WAIC are ap-
proximated respectively by

T
1
/(y|;p log( Zp ylz, ar, st >d$dy’
t=1
1 ¢ 1«
T, ~ —EZIOg<TZP(E\Xhat7St))7
=1 t=1

Gn

Q

1 ¢ 1 ¢
Cn ~ ;;log<f;1/p(yz|Xz,at,3t))’
WTL ~ Tn—l_Vn?
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where V,, is the sum of the posterior variance,

n T
vV, = %Z{ Z(logp(Yi|Xi,at,8t))2

i=1 " =1
< 1
Ty
Note that replacement of V,, by V,,7/(T — 1) gives the unbiased estimation

of the posterior variance. If a true distribution ¢(z,y) = ¢(x)q(y|z) is equal
to

el

(log p(Yi| Xi, at, St)))z}-

NE

Il
—_

1 22
q(z) = mexp(—g),
q(ylz) = p(ylz,ao, s0),

then the entropy and the empirical entropy are respectively given by
n

1 SO 2
S, = 5 log(m/2) + ) Z(YZ —apX;)?,

i—1
1 1
— Zlog(n/2) + =
S 5 og(m/ )—1-2

Remark 15. Let us define the Akaike information criterion in Bayes (AICy,)
and deviance information criterion DIC by the following equations.

AIC, = T, + é,
n

n T
2 1
DIC = _;;:1T;:llogp(i@!Xi,at,St)

1 n
+-— log p(Y;|X;,a,s),

PICERY
where d is the number or dimension of parameters and (@, 5) is the empirical
mean of the posterior parameters {(a;s¢)}. The criteria AIC;, and DIC
can be understood as estimators of the generalization loss. Note that the
conventional AIC is defined by using the maximum likelihood estimator,
whereas AICy is by the Bayesian predictive density. Hence AIC # AIC}, in
general. If a true distribution is realizable by a statistical model and if the
posterior distribution can be approximated by some normal distribution,
then AIC, AICy, and DIC are the asymptotically unbiased estimators of the
generalization loss. If otherwise, the statement does not apply.
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Figure 2.5: Standard deviations caused by posterior sampling. In a simple
linear regression problem, standard deviations of the generalization, cross
validation, WAIC, AICy, and DIC errors are compared as a function of the
number of the posterior parameters.

Ezample 7. For a case when r = 1, (ag,sg) = (0.3,0.5), and n = 30, an
experiment was conducted. The true distribution of X was set as the stan-
dard normal distribution and that of Y is agX + N(0,1/sp). Firstly, let
us examine the fluctuation caused by posterior sampling. The standard
deviations of these observables for a fixed sample (X™ Y"™) in the cases
T =100, 200, ..., 1000 are shown in Figure 2.5. The posterior standard devi-
ation of the cross validation errors are larger than other errors. The standard
deviations were

o(AICy) < 0(DIC) < 0(WAIC) < o(cross validation).

Note that this order is not yet mathematically proved, and it may depend
on the conditions about the true distribution and a statistical model. In
fact, if the posterior distribution can not be approximated by any normal
distribution, the variance of DIC becomes far larger than others. Secondly,
we study the averages by comparing them as functions of hyperparameters,
r=-3,—-1,1,3,5. For r < —1/2, the prior is improper. However, the pos-
terior is well defined and the cross validation loss and WAIC can estimate
the generalization loss. In Figure 2.6 the averages of the generalization er-
ror, the cross validation error, WAIC error, AIC}, error, and DIC error are
compared. In this experiment their averages were numerically calculated
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Figure 2.6: Information Criteria as a function of a hyperparameter. In a
simple linear regression problem, the averages of the generalization, cross
validation, WAIC, AIC}, and DIC are compared as a function of a hyper
parameter r. These are averages over 1000 independent samples with n = 30.
Both the cross validation error and WAIC error exhibited the same behaviors
of the generalization error, whereas neither AIC;, nor DIC did.

using 1000 independent samples of (X" Y™), n = 30. As estimators of the
generalization error, neither AICy, nor DIC gave an appropriate function of
the hyperparameter, whereas both the cross validation and WAIC did. In
the following chapters, we show that the averages of the cross validation loss
and WAIC have the same higher order asymptotic behavior as the general-
ization loss, resulting that they can be employed in evaluation of the average
generalization loss as a function of a hyperparameter.

2.4 Neural Network

In many statistical models, the posterior average cannot be calculated an-
alytically, hence the Markov chain Monte Carlo method is necessary (see
Chapter 7). Moreover, in statistical models which have hierarchical struc-
tures or hidden variables, the posterior distribution cannot be approximated
by any normal distribution. An example of such statistical model is an ar-
tificial neural network. It is a function f(z,w) = {fj(z,w)} from z € RM
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to RY which is defined by

K L
fi(@,w) = 0(2 wiro (> wiewe + 0p) + ¢j>, (2.26)

k=1 /=1
where o(t) is a sigmoidal function of ¢,

1
14 exp(—t)

o(t)

and a parameter w is
w = {ujka Wk, qu, 9k}7

where u;;, and wyy are called weight parameters and ¢; and 6, bias param-
eters. This function is called a three-layer neural network. Recently statis-
tical models which have deeper layers are being applied to many practical
problems. The statistical model for a regression problem using a three-layer
neural network is a conditional probability density

iz w) = G ep( gl — fmwlt). @20

A neural network can be used also for classification problem. For the case
y € {0, 1} its statistical model is represented by

p(ylz, w) = flz,w)!(1 - f(z,w)' Y.

In this model, f(x,w) is used for estimating the conditional probability of
y for a given x. By setting a prior on the parameter w, the posterior and
predictive distributions are numerically. Since the posterior distribution
cannot be approximated by any normal distribution, neither AIC nor BIC
can be used for evaluation of a model and a prior. However, WAIC and
ISCV can be used.

Ezample 8. An experiment was conducted about a neural network which had
no bias parameters. An input sample {z; € R%i = 1,2,....,n} (n = 200)
was taken from the uniform distribution in [~2,2]?. The true conditional
distribution was made by p(y|z,wo) where p(y|z,wy) was a neural network
with three hidden units H = 3. A prior was set by the normal distribution
N(0,10%) on each uj and wye. The posterior distribution was approximated
by a Metropolis method (see Chapter 7.1). We prepared five candidate neu-
ral networks which have H = 1,2, 3,4,5 hidden units. Figure 2.7 shows the
results of 20 trials of:



2.4. NEURAL NETWORK 55

0.25 0.25
0.2 0.2
0.15 0.15
w
© 0.1 S_() 0.1
0.05 0.05
0 ) 0 )
1 1 2 3 4 5
Hidden Units
0.25 0.25
0.2 0.2
0.15 0.15
3 o
g 0.1 <§z 0.1
0.05 0.05
0 0
1 2 3 4 5 1 2 3 4 5
Hidden Units Hidden Units

Figure 2.7: Classification problem. Model comparison of neural networks
is studied. The true number of the hidden units was three. Both ISCV
and WAIC errors correctly estimated the generalization error. AIC overes-
timated the generalization error, and DIC did not work appropriately.

(1) Upper, left: G — S for H =1,2,3,4,5

(2) Upper, right: AIC, — S, for H =1,2,3,4,5

(3) Lower, left: ISCV — S, for H =1,2,3,4,5

(4) Lower, left: WAIC — S,, for H =1,2,3,4,5

where G, ISCV, AIC,, and WAIC are calculated by using the Markov chain
Monte Carlo method. In this problem the values of DIC were quite dif-
ferent from others, which are not appropriate for evaluation of hierarchical
statistical models. Note that in a neural network the posterior average of
the parameter has no meaning. In Bayesian estimation, the generalization
errors of a neural network did not so increase even if the statistical model
was larger than a true model. This is the general property of Bayesian in-
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ference in hierarchical models, whose mathematical reason will be clarified
by Chapter 5. Even in the case H = 3, in which the statistical model is
just equal to the true distribution, the generalization error was sometimes
not minimized. Such a phenomenon was caused by the local minima of the
Metropolis method in neural networks. Both ISCV and WAIC correctly es-
timated the generalization errors, whereas AIC;, overestimated. Note that,
in Bayesian estimation, the increase of the generalization error is very small
even if a statistical model is redundant for a true model, resulting that the
increases of both ISCV and WAIC are also small. In selection of hierarchical
models, a statistician should understand this point.

2.5 Finite Normal Mixture

Another example of nonregular statistical models is a normal mixture. Let
N (z|b) be a normal distribution of 2 € RM whose average is b € RM,
_ = — b))

A normal mixture on R is defined by

K
plxla,b) = > apN(z|by), (2.28)
k=1

where a = (a1, a9, ...,ax) and b = (b, by, ..., bx ) are parameters of a normal
mixture, which satisfies Y a; = 1 and a; > 0, and b, € R?. The finite
positive integer K is called the number of components. For the prior, we
adopt

1 K
pla) = —]J(ar)™ ",
S
K
1 1 9
ph) = ggexp(—@ubku),

where p(a) and ¢(b) are the Dirichlet distribution with index {5x} and the
normal distribution, respectively. Here 1,02 > 0 are hyperparameters and
z1, 22 > 0 are constants.
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A variable y = (y1,y2, ..., yx ) is competitive if yp = 1 for some k and if
ye = 0 for other ¢ # k. A statistical model on (z,y) is defined by

=

p(z,yla,b) H(akN x|bg) ) . (2.29)

Then
p(xla,b) = > p(x,yla,b),

Y

where the summation is taken over all competitive y. In a normal mixture,
by understanding Y = {Y;} as hidden or latent variables of a statistical
model p(z,yla,b), the posterior distribution of (a,b, Y™) is given by

n

pla,b, Y™X") o pa)p(b) [ [ p(Xi, Yila,b).

i=1

By using the Gibbs sampler, which is explained in Chapter 7, we obtain the
posterior samples {a¢, b, Y;"}. Hence by using {a¢, b}, the posterior and
predictive distributions are numerically approximated.

Ezample 9. Let us study a case M = 2,n = 100, where a true distribution
was set as:

(@) = SN(l(-2,-2)) + SN0,0) + sN@@,2). (230

The hyperparameters of the prior distribution were o = 0.5 and o = 10.
Fifty independent trials were collected and the generalization and cross val-
idation losses were observed. The candidate statistical models were K =
1,2,3,4,5. The posterior distribution was numerically approximated by the
Gibbs sampler. We calculated G — S, CV — S,,, AICy, — S,,, DIC — S,
and WAIC — S,,. Figure 2.8 shows their averages and standard deviations.
The generalization loss does not so increase even if the statistical model is
redundant for the true distribution. In fact the generalization loss in Figure
2.8 does not increase as AIC. This is the advantage of the Bayesian estima-
tion. However, the increases of the cross validation and WAIC are too small
compared to random fluctuations. In practical applications, if the increases
of the cross validation and WAIC are far smaller than d/n (d is the number
of paramters and n is the sample size) even if the model becomes more com-
plex, then the minimal model in the set of the models which gives almost
same cross validation and WAIC should be selected.
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Figure 2.8: Model comparison of normal mixture. Model comparison of a
normal mixture is studied. The true density corresponds to K = 3. The
averages of ISCV and WAIC errors were equal to that of the generalization
error, whereas those of DIC and AIC not.
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2.6 Nonparametric Mixture

A nonparametric normal mixture is defined by

K
p(ala,b) = Jim {3 axN(alty) },
k=1

where a = (a1, a9, ...,) and b = (b1, be, ...) are infinite dimensional parame-
ters, which satisfy Y ar = 1, and ax > 0. The prior distributions are set
by

1 K
plala) = lim {——TT(ar)*/*},

o) — 15 Lo

olblo) = Jim { s T esn(—g 10l

where z1(a) and z9(0) are normalizing constants. From the mathematical
point of view, this model is defined by using Dirichlet process theory [22, 23],
by which it is shown that p(x|a,b) is given by the discrete summation with
probability one. See Section 10.6.

Although the parameter belongs to the infinite dimensional space, we can
construct Markov chain Monte Carlo method by manupulating essentially
finite dimentional parameters, resulting that the posterior and predictive
distributions are numerically appoximated [21][32]. For example, a Chinese
restraurant process [47] and Stick-breaking process [39] are proposed. In [39],
it is also proved that nonparametric Bayesian estimation can be accurately
approximated by a finite mixture model.

Let y = (y1,v2, -, Yk, --.) be an infinite dimensional competitive variable.

Only one k, yr = 1 and others are zero. A statistical model on (x,y) is

defined by
K

p(z,yla,b) = Kli;m@{H(a;gN(aﬂbk))yk}. (2.31)

Then
p(ZE|CL, b) = Zp(xy y|a7 b)
Y

By using the hidden or latent variable Y™ = {Y;}, the posterior distribution
of (a,b,Y™) is given by
pla,b, Y"1 X") o p(a)p(b) [ T p(Xi, Yila, b).

i=1
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(1) True Distribution (2) Sample, n =100

(3) Nonpara,alpha=1.6=0.089362
6
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[

Figure 2.9: Nonparametric and finite mixture. (1) The true distribution
cannot be represented by any finite mixture. (2) A sample from the true
distribution, n = 100. (3) An estimated result by nonparametric Bayes o =
1. The generalization error was 0.893. (4) An estimated result by a finite
mixture. The generalization error was 0.854. Even if a true distribution
is represented by a nonparametric model, the nonparametric method is not
always appropriate for statistical estimation.
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Figure 2.10: Hyperparameter optimization in nonparametric Bayes. (1) The
horizontal and vertical lines show the log hyperparameter and the average
number of the components. If the hyperparameter increases, then the num-
ber of components becomes larger. (2) Generalization error, WAIC error,
and ISCV error are compared with respect to the hyperparameter log .

By using the Gibbs sampler, which is explained in Chapter 7, we obtain the
posterior samples {a;, b, Y;"} which consist of finite dimensional parameters
such that the posterior distribution is numerically approximated. Hence
we obtain the posterior and predictive densities, resulting that information
criteria can be calculated. Sometimes one might think that neither model
selection nor hyperparameter optimization could be necessary in the non-
parametric method because they should be automatically estimated. How-
ever, such consideration is wrong. In general, estimation of something needs
its prior. In other words, estimation of a model and a hyperparmeter recur-
sively requires new priors on them. Thus we need the evaluation procedure
for preventing the infinite preparation of priors.

Example 10. A true distribution on z € R? was set as

q(z) = lim {§a0kN($|bOk)},

Ko—o0
0 k=1

where N (z|bgr) is the normal distribution on R? and box = (bo1x, bozk) is
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Figure 2.11: Fluctuations of Bayesian observables. Fluctuations of observ-
ables in nonparametric Bayesian estimation are shown for 100 independent
samples. The horizontal lines are loga. The vertical lines are (1) cross
validation, (2) WAIC, and (3) generalization errors. The lines connect the
results of the same sample. The optimal « could be found by the cross
validation and WAIC. If a was made smaller then the standard deviation of
the generalization error became larger.

defined by

apr = 1/Ko,
boir = 3cos(2mk/Ky),
bogk = 3SlIl(27T]€/K0)

The density function of ¢(z) is shown in Figure 2.9 (1). Note that the
true density is not realizable by any finite mixture. (2) A sample n = 100
independently taken from g¢(z) is shown. (3) shows an estimated result by
nonparametric method with = 1. The generalization error was 0.0893. (4)
An estimated result by a finite mixture with o = 10 and K = 10 is shown.
The generalization error was 0.0824.

If we employ the nonparametric Bayes method, the hyperparameter «
should be controlled appropriately, because it strongly affects the estimated
result. If « is close to zero, then the average number of components be-
comes too small. If otherwse, too large. In Figure 2.10 (1), the average
number of the components for a given « is shown. One might think that
the optimal model selection could be done by the nonparametric method,
but such consideration is wrong, because the model selection problem is
replaced by the hyperparameter optimization. Also one might think that
the hyperparameter a could be optimized by its posterior distribution by
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preparing its prior, but such consideration is also wrong, because the prob-
lem is also replaced by the optimal setting of the hyperprior of . In other
words, the nonparametric Bayes method does not realize the automatic con-
trol. On the other hand, even in nonparametric Bayes cases, the optimal
hyperparameter can be found by the generalization loss. In Figure 2.10 (2),
the average and standard deviation of generalization, cross validation, and
WAIC errors are compared for 100 independent trials with n = 100. Their
fluctuations are shown in Figure 2.11 In this case, the optimal hyperparam-
eter was o = exp(2), because the true distribution ¢(x) cannot be realized
by any finite mixtures. If the true distribution can be realized by some finite
mixtures, then the optimal a would be smaller.

2.7 Problems

1. The predictive density of the normal distribution eq.(2.1) is given by
eq.(2.10),

1
p(z|X") o [(x— Cy)2 + (4]0 (2.32)
where
O = (hids— BBy + D/, (2.33)
Cy = ¢2/ds, (2.34)
Cs = (ds+1)/2. (2.35)

Prove that the average and variance of this predictive distribution are given
by

/ 2 p(z|X")dz = O, (2.36)
/(x — Co)’p(z|X™)dz = ﬁ, (2.37)
by using a formula
/°° dx L OFOT(Cs — 1/2)T(1)2)
o [(33 - 02)2 + 01]03 N F(Cg) ’
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Let us define two estimators of the variance,

Cy
‘/bayes = M’
1 & 1 & 2
Viuw = E;Xg_<E;Xi>-

Prove that, if ¢1¢3 > qﬁ%, then Vigyes > Vi holds.

2. In the prior of the multinomial distribution eq.(2.13), let us assume that
Z;V:l a; = A, where A > 0 is a constant. Then the cross validation loss C,,
in eq.(2.17) as a function of the hyperparameter ¢ = {a;} is minimized if
and only if

(nj/n)
n; — 1—|—aj)/(n—N—|—A)

M-

(nj/n)log ( (2.38)

1

J
is minimized. Also prove that C), is minimized if and only if

A—N)n;
a; = a;j, where djzl+%,

by using the fact that eq.(2.38) is Kullback-Leibler divergence between two
probability distributions. On the other hand, prove that the generalization
error using eq.(2.19) and the true entropy,

’w()j
nj+a;)/(n+A)

N
G,—S= Zwoj log ( (2.39)
j=1

are minimized if and only if a} = woj(n + A) —n;. Note that a; and a are
the hyperparameters that minimize the cross validation and generalization
losses, respectively. The standard deviations of a; and a; are in proportion to
1/y/n and y/n, respectively, resulting that a; — 14+(A—N)wy; in probability,
whereas, a; does not converge even if n — oco. Note that the random variable
Gy, — S is different from the average generalization error E[G,] — S.

3. In the linear regression problem, two approximation methods of eq.(2.25)
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for a given function f(a,s) are defined by

1 K
Ealf] = EZf(akaSk),
1 k;l
Balf] = > [ flasulpalsi X" Y")da

B
Il

1

where {a;} and {s;} are independently taken from eq.(2.23) and eq.(2.24)
respectively. Prove that E;[f] and Es[f] have the same average and that
the variance of Eq[f] is not smaller than Es[f]. In other words, the partial
posterior integration makes the variance smaller.

4. Let f(x,w) be a function of a neural network given in eq.(2.26). Then
a function w — f(z,w) is not one-to-one, showing that the posterior dis-
tribution does not concentrate on any local parameter region. Therefore,
even if the posterior distribution is precisely obtained, the average param-
eter E,[w] is not an appropriate estimator. Discuss the reason why DIC
cannot be applied to such statistical models.

5. Let us study model selection problems of a normal mixture given by
eq.(2.28). Let K(n) be the optimal number of components in the set
{1,2,...,00} that minimizes E[G,] for a given sample size n. Discuss the
behavior of K (n) if the true distribution is one of the following densities.

a(@) = %N(m[(0.2,0.2))+%N(m[(0.4,0.4)),
@) = TENE|(-1,-1) + NG, D)

g3(z) = Z%N(g;\(o.%,o.zk)).
k=1

The probability density functions ¢;(z) and ga(x) consist of two normal
distributions. However, they are almost same as one normal distribution,
hence K (n) =1 for not so large n. If n is sufficiently large, then K(n) = 2.
In the case g3(z), the true distribution is not contained in any finite mixture
of normal distributions. In this case K(n) slowly becomes larger when n
increases.
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Chapter 3

Basic Formula of Bayesian
Observables

In this chapter, we introduce the basic Bayesian theory. For an arbitrary
triple of a true distribution, a statistical model, and a prior, the behaviors of
the free energy or the minus log marginal likelihood, the generalization loss,
cross validation loss, training loss, and WAIC are derived by the following
procedure.

(1) Firstly, we define the formal relation between a true distribution and a
statistical model.

(2) Secondly, definitions of Bayesian observables and their normalized ones
are introduced.

(3) Thirdly, the cumulant generating function of the Bayesian prediction is
defined.

(4) And lastly, the basic theory of Bayesian statistics is proved by using the
cumulant generating function.

At the end of this chapter, we show the recipe for the Bayesian theory
construction and its application. In this chaper, we assume that a sample is
taken from an unknown true distribution and that a statistical model and a
prior are arbitrarily fixed.

3.1 Formal Relation between True and Model

In this section, we define several formal relations between a true probability
density ¢(z) and a statistical model p(z|w).

Definition 4. (Realizability) Let W C R? be a set of all parameters. If

67
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there exists wg € W such that ¢(z) = p(x|wg), then ¢(z) is said to be
realizable by a statistical model p(z|w). If otherwise, q(z) is unrealizable.
For a given pair ¢(x) and p(z|w), the set of true parameters is defined by

Woo = {w € W ; q(z) = p(z|w) for arbitrary = s.t. g(z) > 0}.

By the definition, ¢(z) is realizable by p(x|w) if and only if Wy is not the
empty set. The set Wy is equal to the set of zeros of the Kullback-Leibler
distance,

Wao = { ew,/q< o e = 0},

If Wy is not the empty set, then for an arbitrary wg € Wy, p(z|wg) repre-
sents the same probability density function ¢(z). However, derived functions

(%)klogp(:vlw‘

w=wg

may depend on the parameter wg in Wyy.

For a true probability density function ¢(x) and a statistical model
p(z|w), the average log loss function is defined by

L(w) = —/q(:z:) log p(z|w)dx. (3.1)

It follows that

L(w) = —/q(:z:) 10gq(:13)d:17+/q(x) log p?iﬁ))d:p
= 5+ K(q(=)||p(z|w)),

where S is the entropy of the true distribution and K (q(x)||p(x|w)) is the
Kullback-Leibler distance from ¢(x) to p(xz|w). If g(x) is realizable by a
statistical model, then the average log loss function is minimized if and only
if w € Wyo, and its minimum value is equal to the entropy of the true
distribution.

Definition 5. (Regularity) For a given pair of ¢(z) and p(x|w), let Wy be
the set of minimum points of the average log loss function L(w),

Wy ={weW,; Lw) = mi{nL(w')},

w
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which is called the set of optimal parameters for the minimum average log
loss function. If Wy consists of a single element wg and there exists an open
set U such that wg € U C W and if the Hessian matrix V2L (wg) at wpg
defined by
0L
(VL) . = (gugr) (w0) (3.2)

awiﬁwj
is positive definite, then ¢(z) is said to be regular for p(z|w).

By the definition, Wy is equal to the set of minimum points of the
Kullback-Leibler distance K (q(z)|[p(z|w)). If W is a compact set and if
L(w) is a continuous function, then L(w) has a minimum point, hence W}
is not the empty set. A true probability density ¢(x) is realizable by a
statistical model p(x|w) if and only if

Woo = W.

In general, W may contain multiple elements. If a true density is unrealiz-
able by p(z|w), then there may exist wy,ws € Wy which satisfy p(z|wy) #
p(z|ws).

Definition 6. (Essential uniqueness) Assume that Wy is not the empty set.
If there exists a unique probability density function po(x) such that,

for arbitrary wg € Wy, p(x|wg) = po(x),

then it is said that the optimal probability density function is essentially
unique.

If ¢(x) is realizable by p(z|w), then the optimal probability density func-
tion is essentially unique, because po(z) = gq(x). If Wy consists of a single
element, then the optimal probability density function is unique and essen-
tially unique.

Let us study several cases using examples from the viewpoints of realiz-
ability, regularity, and uniqueness.

Ezample 11. (Realizable, regular, and unique) A true probability density
function ¢(x) and a statistical model p(x|a) are defined by

1 1
Q(‘T) = \/%exp(_ixz%
1 1
pela) = —exp(—g(e— o)
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In this case, the Kullback-Leibler distance is given by

1
K(a) = §a2.
If W={a;—1<a<1}, then
WQ():W():{CL; aZO}
and the Hessian matrix of the average log loss function is

V2L(a)|a=o = V*K(a)|a=0 = 1.

Hence ¢(x) is realizable by and regular for a statistical model p(z|a). If
W ={a; 1<a<2}, then

Woo = @, W(]:{a;a:1}.

Hence ¢(z) is unrealizable by and nonregular for a statistical model p(z|a).

Ezample 12. (Realizable, nonregular, and essentially unique) A true proba-
bility density function ¢(y|x)q(z) and a statistical model p(y|z, a, b)q(z) are

defined by
@ = {1 sy
4 0 (z[>1) "

q(ylz) = Vlz—ﬂexp(—%yz),
plylea.t) = —=exp(—5(y— asin(a))?)

The set of parameters is defined by
W ={(a,b); |a] <1, [b] < 7/2}.

Then the Kullback-Leibler distance is given by

a2 (1
K(a,b) = 7/0 sin(bz)?dz.

Therefore
Woo = Wy = {(a,b) eW; ab= 0}.

The sets Wy and Wy consist of multiple elements. Hence ¢(y|x)q(z) is
realizable by and nonregular for

p(y|z,a,b)q(z). In this case we also say that the conditional density ¢(y|z)
is realizable by and nonregular for p(y|z, a,b).
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Ezample 13. (Unrealizable, regular, and essentially unique) A true proba-
bility density function ¢(y|z)g(x) and a statistical model p(y|z, a,b)q(z) are
defined by

(1 (0<z<)
a@) = { 0 (otherwise)
1 1 1N\9
q(ylz) = mexp(—g(y—x )%)
p(y|z,a,b) = \/12_7T exp(—%(y —azx)?).

The set of all parameters is defined by
W ={(a,b) ; |al,[b] < 1}.

Then the Kullback-Leibler distance is equal to

1 (! a?  a 1
Therefore
Woo = 9, WOZ{CL; a:3/4}.
and

V2L(a)‘a=3/4 = V2K(a)’a:3/4 = 1/3.

Hence ¢(z)q(y|z) is unrealizable by and regular for q(x)p(y|z,a,b). Also
q(y|z) is unrealizable by and regular for p(y|z,a,b).

Ezample 14. : (Unrealizable, nonregular, and essentially unique) A true
probability density function ¢(z,y) = q(x)q(y|z) and a statistical model
p(z,yla,b) are defined by

1 1
q(z,y) = %exp(—g
1 1

p(z,yla,b) = %exp(—g

{«? + ),
{(z = 1)% + (y — asin(bx))*}),
where the set of all parameters is

W ={(a,b) ; |a] <1,|b] < 7/2}.

Then
1 a2 o0 ) 5
K(a,b) = 3 + 5 sin(bx)“q(z)dz.



72  CHAPTER 3. BASIC FORMULA OF BAYESIAN OBSERVABLES

Hence

Woo =@, Wo ={(a,b) ; ab = 0}.
It follows that ¢(x,y) is unrealizable by and nonregular for a statistical
model p(x, y|w), however, the optimal model is essentially unique.

Ezample 15. (Unrealizable, nonregular, and essentially nonunique) A true
probability density function ¢(z,y) and a statistical model p(z,yl|a,b) are
defined by

1 1

a(z,y) = S-ep(-g{z"+y7)),
pld) = o exp(=3{(e = cos0)? + (y — sin)?}),

where the set of all parameters is
W={0; —7m <6<}

Then K () is a constant function of 6,

1
K@) =-.
0=
Therefore
Woo = @, W(]:{@; —7T§9<7T}:W

For an arbitrary 6y € Wy, the Kullback-Leibler distance K (q(z)||p(z|0)) is
equal to a constant 1/2, however, if 61 # 05 then p(x,y|01) # p(z,y|02).
Therefore g(x) is unrealizable by and nonregular for a statistical model.
Moreover, the optimal density is essentially nonunique.

Definition 7. (Relatively finite variance of log density ratio function) Let
W and Wy be sets of parameters and optimal parameters for the minimum
average log loss function, respectively. For a given pair wg € Wy and w € W,
the log density ratio function is defined by

p(z[wo)

f(z,wo, w) = log o)

(3.3)
If there exists ¢y > 0 such that, for an arbitrary pair wg € Wy and w € W,
EX[f(Xv ’on,U))] > COEX[f(Xv ’on,U))z], (34)

then it is said that the log density ratio function f(z,wp,w) has a relatively
finite variance.
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Remark 16. The function f(xz,wq,w) has a relatively finite variance if and
only if
IE:'X [f(X7 wo, w)Q]
sup
wgWo ]EX [f(X7 wo, w)]

If W and Wy are compact sets and if Ex [f (X, wo,w)] and Ex[f (X, wo, w)?]
are continuous functions, then both functions have finite values. Hence
the condition w ¢ Wy in the supremum of eq.(3.5) can be replaced by the
condition that w is contained in a neighborhood of of Ex[f (X, wp,w)] = 0.
In other words, the condition w ¢ Wy can be replaced by

(3.5)

w € {w ¢ Wo; Ex[f (X, wo, w)] < €},

for an arbitrarily small € > 0.

FEzample 16. Let us study a case given in Example.12. The log density ratio

function is )
in”(b

f(z,y,a,b) = —yasin(bx) + o”sin” (br)

2
Therefore
a2b2 1
Ecorfeaab) = 55 [ Senata,
0
1 a4b4 1
E(X,y)[f(:n,y,a,b)z] = a2b2/ 52(b:17)x2d:17+T/ S (bx)ztde,
0 0

where S(z) = sin(z)/z with S(0) = 1. It follows that, in the neigh-
borhood of ab = 0, there exists cg > 0 such that Exy\[f(x,y,a,b)] >
coExy)[f(z,y,a, b)2]. Hence f(x,vy,a,b) has a relatively finite variance.

Lemma 3. Assume that wg € Wy and w € W. If f(xz,wo,w) has a relatively
finite variance, then the optimal probability density is essentially unique.

Proof. Assume that wy and wy are arbitrary elements of W;. Then
0= L(wz) — L(w1) = /Q(ﬂf)f(%wl,wz)dx
> co/q($)f(x,w1,w2)2dx.

Hence f(z, w1, ws) = 0 for an arbitrary z, resulting that p(z|w;) —p(x|ws) =
0 as a function of x. O
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By Lemma 3, if f(z,wg,w) has a relatively finite variance, then the
optimal probability density function is essentially unique and f(x,wq,w)
does not depend on wy. In such a case, we use a simple notation

f(@,w) = [z, wo, w).

By the definition of f(z,w), it follows that

p(xlw) = po(x) exp(—f(z, w)).

Note that if the optimal probability density is not essentially unique, then
the log density ratio function does not have a relatively finite variance. The
following lemma shows that if a true density is realizable by a statistical
model and if the tail probability satisfies a condition, then the log density
ratio function has relatively finite variance.

Lemma 4. Assume that W is a compact set and that q(z) is realizable by
p(z|w) and that the log density ratio function f(x,w) = log(q(z)/p(z|w)) is
a continuous function of (x,w). If there exists c1,co > 0 such that for an
arbitrary w € W,

2 2
/|x|>01 q(z) f(x,w)*de < 02/ q(z) f(z, w)?dz,

|lz|<c1
then f(z,w) has a relatively finite variance.

Proof. Since q(x) is realizable by p(z|w), the optimal probability density is
uniquely equal to g(z). A function F(t) (—oo < t < 00) is defined by

Fit)y=t+e " —1.

Then F'(t) = 1 —e ! and F"(t) = e~! > 0, resulting that F(t) > 0 and
F(t) = 0 if and only if ¢t = 0. The constants c3 and ¢4 are defined by

c3 = sup sup |f(z,w)l,
weW |z|<eq

cs = inf F(t)/t%.

1= ol PO/

Then c3 and ¢4 are positive and finite values. Since

4@ Y e @)
(@) (log 00 ) = a(w)log 0 5+ plafw) — a(@),
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it follows that

Ja@rozLsde — [ o) F(sw)d

v

/| L A@F (e w)ds

> ¢ /MSQ 4(@)f (2, w)2da

Cq
1+ ¢y

[ 4@ wis,

which completes the lemma. [l

The following lemma shows that, if a true density is regular for a statis-
tical model, then the log density ratio function has relatively finite variance.

Lemma 5. Assume that W is a compact set and that for an arbitrary pair
wo € Wy and w € W, the second derivatives of

/Q(x)f(iﬂ’wo,w)d:ﬂ, /q(x)f(:n,wo,w)2d:p

are continuous functions. If q(x) is reqular for p(z|w), then the log density
ratio function f(x,wo,w) has a relatively finite variance.

Proof. Since W is a compact set, both functions

/Q(x)f(iﬂ’wo,w)d:ﬂ, /q(x)f(:n,wo,w)2d:p

have nonnegative values. By the definition,

Lw) = Liwo) = [ 4(a) (o, wo, w)de
By the assumption that ¢(z) is regular for p(z|w), L(w) — L(wg) = 0 if and

only if w = wy. Hence it is sufficient to prove that there exists ¢ > 0 such
that, in the region |w — wp| < €,

/q(m)f(a:,wo,w)da: > 01/q(a:)f(x,wo,w)2da:

for some ¢; > 0. By the regularity condition and the mean value theorem,
there exists z* such that

L(w) — L(wg) = %(w — wo)TV2L(w*)(w — wp)



76 CHAPTER 3. BASIC FORMULA OF BAYESIAN OBSERVABLES

in a neighborhood of w = wy, hence there exists ;1 > 0 such that
[ 4@, w)de = o - wn
in a neighborhood of wy. On the other hand,
[ 4@ wn, wis

is a nonnegative function and is equal to zero at w = wqy. Therefore, there
exists pg > 0 such that

/«MAmewﬂm < piallw — wol?

in a neighborhood of wy. It follows that

sup Ex [f(X7 wo, w)2]

< 0Q,
wgWoy Ex [f(Xa wo, w)]

which completes the lemma. O

Summary Assume that the set of all parameters W is compact. Then the
above lemmas show the following relations,

{Regular} < {Relatively Finite Variance},
{Realizable} < {Relatively Finite Variance},

and
{Relatively Finite Variance} C {Essentially Unique}.

In this book, we mainly study cases when the log density ratio functions have
relatively finite variances. It should be emphasized that such cases include
nonregular cases, hence the conventional statistical asymptotic theory does
not hold in general.

Ezample 17. The foregoing examples are classified into the following cases.
e Example 11: Realizable and regular — Relatively finite variance.
e Example 12: Realizable — Relatively finite variance.

e Example 13: Regular — Relatively finite variance.
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e Example 14: Nonregular, nonrealizable, but relatively finite variance.
e Example 15: Essentially nonunique — Relatively infinite variance.

In this book, we show that if a log density ratio function has a relatively
finite variance, the free energy or the minus log density ratio function Fi,,
the generalization loss G,,, the cross validation loss C),, the training loss 7,
and WAIC W, are subject to the universal statistical laws. That is to say,
there exist constants A, v, m > 0 such that

F, = nLy,(wo)+ Alogn+ (m —1)O,(loglogn) + O,(1),

E[Gn] = L(wo)+A/n+o(1/n),
E[C,] = L(wo)+ A/n+o(1/n),
EW,] = L(wo)+ A/n+o(1/n),
E[T,] = L(wo)+ (A—2v)/n+o(1/n).

Moreover, by defining

1 n
Ln(wo) = —— > log p(X;|w),
i=1

the behaviors of random variables satisfy

Gpn — L(wg) + Cy, — Ly(wo) = 2X/n+o0p(1/n),
Gpn — L(wo) + Wy, — Lyp(wo) = 2X/n+op(1/n).

Note that these mathematical laws hold even if the posterior distribution
is quite different from any normal distribution. However, if the log density
ratio function does not have a relatively finite variance, then such statistical
laws do not hold in general.

3.2 Normalized Observables

In this section, we introduce normalized observables. A triple of a true
probability density, a statistical model, and a prior, (¢(x), p(z|w), p(w)), is
fixed.

Let X" = (X1, Xo, ..., X;,) be a set of random variables which are inde-
pendently subject to a true probability density function ¢(x). Also let X be
a random variable which is subject to the same density g(x). Assume that
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X and X" are independent of each other. The average and empirical log
loss functions are

L(w) = —Ex[logp(X|w)], (3.6)

Lofw) = 3 logp(Xifu). (37)
i=1

Let Wy be the set of optimal parameters for the minimum average log loss
function L(w). That is to say, Wy is the set of all parameters which make
L(w) smallest. We assume that the log density ratio function of wy € W)
and w e W

p(z|wo)

f(ﬂf,lU(],’lU) = IOg p($|U))

has a relatively finite variance. By Lemma 3 the log density ratio func-
tion f(x,wo,w) does not depend on wy, hence we simply write f(x,w) =
f(x,wo,w). The normalized average and empirical log loss functions are
respectively defined by

Kw) = Ex[f(X,u)) (38)
Kalw) = —3° f(Xow). (39)
=1

By the definition, — log p(xz|w) = —log po(z) + f(x,w), hence

L(w) = L(wp)+ K(w),
Ln(w) L (wo) + Kn(w),

and K (w) > 0. Moreover,
K(w)=0<+=weW,.
The normalized partition function or the normalized marginal likelihood is
defined by
AR /exp(—nKn(w))gp(w)dw.
Then

[Tp(Xilw) = (Hp (Xilwo) >eXP( Kn(w))
i=1

and
Zn = exp(—nLy,(wp)) - Z,QO).
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Since L, (wp) is a constant function of w, the posterior distribution can be
rewritten as

1
p(w|X™) = o) exp(—nky, (w))p(w).

n

The normalized free energy or the normalized minus log marginal likelihood
is defined by

FO) = —log/exp(—nKn(w))gp(w)dw.

The normalized generalization, cross validation, and the training losses and
normalized WAIC are also defined by

GY = —Ex[logEyexp(—f(X,w))],

1 n
0 _ 2 :
C\ - 221 log By, [exp(f (X5, w))],
1 n
© _ _Z e
T} - § log Ey[exp(— f(Xi, w))],
w©o — o1 ZV (Xi,w)],

where E,,[ ] and V,,[ | are the posterior average and variance, respectively.

Here GSLO), CT(LO), Tr(lo), and W,(LO) are sometimes called generalization, cross
validation, training, and WAIC errors, respectively.

Lemma 6. The Bayesian observables and the normalized observables have
relations,

FE, = nLy(w)+ F,
G, = L(w0)+G$9>,

Cn = Lp(wo)+

T, = Lp(wo)+

W, = Ln(wo)+W(0

Proof. By the definition and

—log p(z|w) = —logpo(x) + f(z,w),

this lemma is derived. [
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Remark 17. The Bayesian observables are used in analysis in practical ap-
plications, whereas the normalized observables are useful in Bayesian theory
construction, because they are mathematically essential quantities.

In the following chapters, we will show that, if a log density ratio function
has a relatively finite variance, then F,(LO) /n, GSLO), CT(LO), Tr(lo), and WO
converge to zero in probability, therefore

Fo/n = Ly(wo)+ Op(logn/n),

Gn = L(wg)+ Op(1/n),

Cn = Lyp(wo)+ Op(1/n),
T, = Lyp(wo)+ Op(1/n),
W, = Ly(wy) + Op(1/n).

By the central limit theorem,

Lu(uwo) — L(wo) = Op(1/v/).

Neither L, (wo) nor L(w,) depends on a prior. F,/n, Gy, Cy, and T;, con-
verge to L(wp) when n — oo. If a true distribution is realizable by a
statistical model, then p(x|wp) = ¢(z) and

F,/n = Sp,+0Oy(logn/n),
G, = S+ 0,(1/n),

Cn = Sp+0,(1/n),
T, = Sp+0,(1/n),
W, = Sp+0,(1/n),

where S and S, are the entropy and the empirical entropy of the true dis-
tribution respectively. Neither S nor 5,, depends on a statistical model and
a prior. Thus the main purpose of the mathematical theory is to clarify the
random behaviors of the normalized observables.

3.3 Cumulant Generating Functions

In order to study the asymptotic behaviors of the generalization loss, the
cross validation loss, the training loss, and WAIC, the cumulant generating
functions are useful.
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Definition 8. Let a be a real value. The cumulant generating functions of
generalization and training losses are respectively defined by

Ga(@) = Exllog Eufp(Xu)"] (3.10)
Ta(0) = =3 logEulp(Xilu)°]. (3.11)
=1

The kth cumulants are defined by

(e (L) no

Remark 18. Since the definition of the posterior average E,|[ | depends on
X" the average operations E and E,, do not commute, EE,, # E,,E. Hence

E[Gn(a)] # E[Tn()]-

By the definition,
Gn(0) = Tn(0) =0

and the generalization, cross validation, training losses and WAIC are given
by

Q
3

|

|
Q
3
_

508

1

I A

U

—

= =
S— N N

W, = —T.(1)+ T7(0).

If we obtain cumulant generating functions as functions of «, then it is easy
to calculate the generalization loss, the cross validation loss, the training loss,
and WAIC. By using Taylor expansion, the cumulant generating functions
are reconstructed by kth cumulants,

o? o?
Gn(a) = aG,(0) + 7%(0) + ngl(o) +-
a? a’
Tal@) = aTi(0)+ ST + STL0) ++-
if these expansions converge absolutely. Even if these series do not converge

absolutely, the asymptotic expansions of G, («) and 7, (a) can be derived in
many cases by the higher order mean value theorem.
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Definition 9. Let a be a real value. By using the log density ratio func-
tion f(z,w) which satisfies p(z|w) = po(z) exp(—f(x,w)), the normalized
cumulant generating functions of generalization and training losses are re-
spectively defined by

GV (@) = Ex[logEylexp(—af(X,w))],

TO() = %Zlong[exp(—af(Xiaw))]'

i=1
From this definition, simple relations between cumulant generating func-

tions and normalized ones are derived. By using p(z|w) = po(z) exp(— f(z, w)),
where pg(z) does not depend on w,

log Eu[p(X|w)] = alog po(X|w) + log By lexp(—af (X, w))].

Therefore,
Gn(a) = —aL(wo)+ G (a), (3.12)
(@) = —aL(wo) + TO(a). (3.13)

Hence, for k =0,2,3,4,... (k # 1) the kth cumulants satisfy
k

(am - (&) e

n(0
()70 = () '70)
For k=1,
(32)9:© = ~Lw) + (5)90)
()70 = ~Lwo) + ()700)

Definition 10. Let « be a real value. For a given random variable A, we
use notations,

_ Ey(log p(Afw))*p(A|w)*]
e B
Ew [(_f(A7 w))k exp(—af(A, w))]
Eoloxp(—af (4, )]

If & = 0, these are equal to the posterior averages of kth power,

l(A) = Ey,[(logp(Alw))*],
() = B, l(—f(Aw)H].

Oy =
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Lemma 7. The cumulant generating functions satisfy
Gnla) = Ex[ti(X)],
Gn(e) = Ex[f(X) - 6(X)?,

Tie) = = {a(x)
i=1

) = DA - 007
The same equations hold for normalized functions,
GP"(a) = Ex[” (X)),
G (a) = Ex[6”(X) — (X)),

V() = %f{e@(x
T9"a) = —Z{f Xi) — 09(x;)?).

Proof. For an arbitrary function g(a), let 9*g(c) be the kth order derived
function of g(a). Then

99(a)
dlog g(a) = ,
g9() 4(0)
and
8<8k9(a)) _ (8’“”9(@)) B <6k9(a)> (QC/(@))
g(a) g(a) gla) /\ g(a)
By using this equation recursively, the lemma is obtained. O

Remark 19. By the same method, the higher order cumulants can be derived.
For example,

Gr'(a) = Ex[l3(X) —3l(X)0(X) +206(X)?),
Gr'(@) = Ex[la(X) = 46(X)0(X) - 36(X)?
+12€2(X)€ (X)? = 600(X)".

T (a) = —2{53 ) — 3la(Xi)01(X3) + 26(X0)*},

T (@) = —2{44 — 403(X) 1 (X)) — 3la(X)?

+12€2( z)gl( z) —651(X2')4}.
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For the normalized case, the same equations hold by replacing ¢x(A) by
(94,

By using these equations, cumulants are given by follows. For k = 1.

g'0) = Ex[Ew[logp(Xlw)H
= —L(wg) — Ey[K(w)], (3.14)

n

Eq[log p(X;|w)]

3
S
I
=

i=

1
= —Ln(wo) — Ey[K(w)]. (3.15)

G"(0) = Ex[E,[(logp(X|w))?] — Eyllog p(X|w))?]
= Ex[Eu[f(X,w)?’] - Eu[f(X, w)]’],

= Ex[Vw[( w)]l; (3.16)
T'(0) = EZ{Ew[logp(Xilw)F] — By flog p(X;|w)]}
1=1

_ _Z{E (X5, w)?] — Bulf (X3, w)]*}
= —ZV (X, w)], (3.17)

where V,,[f(w)] is the variance of f(w) in the posterior distribution.

Lemma 8. Let co =2, ¢c3 =6, ¢4y =26. Then for k= 2,3,4,

w)|F exp(—af(X,w

L R e e
k "\ E, i w)[F exp(—af(X;,w

() m0] < o3 § BRI A

i=1

Proof. For an arbitrary random variable A and an arbitrary function g(A, w),

an expectation operator Efya)[ | is defined by

Eylg(4,w) exp(—af (4, w))]

E{[g(A, w)] = Eylexp(—af(A,w))]
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Let us prove the first inequality for k = 3.

d\3
_ _ () 3
(5=) Gula) = Ex[EQF(X,w)?
—3E[f (X, w) B [f (X, w)] + 2B [f (X, w))? |
Then by using Holder’s inequality, for arbitrary 1 < j <k,
ES(f(A,w)l] < B[] f(A,w)FP7*,

By applying this inequality, it follows that

\(%)ggnm)( < 6Ex [EQ[If (z,w)]].

For the other cases, the same method can be applied, which completes the
lemma. [l

3.4 Basic Bayesian Theory

By combining the foregoing observables, we obtain the basic theorem of
Bayesian statistics.

Theorem 3. (Basic theorem) Let G'(0), T'(0), G”(0), and T"(0) be random
variables defined by eq.(3.14), ...,eq.(3.17). Assume that

s () Gut)| = oy, (3.18)
s () Ta@)| = o) (3.19)

Then the generalization loss, the cross validation loss, the training loss, and
WAIC are given by

G = —~Gull) = ~G,(0) — 5G1(0) +0,(), (3.20)
T, = () = ~TH0) - 5T(0) +0,(). (321)
G = Tol-1) = ~T(0) + 5T/(0) + 0, (322)
Wa = ~Tall) +T/(0) = ~T(0) + 5T7(0) + o). (329
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Assume that

{snp (Y gu@)) = o02), (3.24)
B{sup (V' Ta@|) = o). (3.25)

Then the averages of the generalization loss, the cross validation loss, the
training loss, and WAIC are given by

B[G)] = ~EIG(0)] - JEIGL0)] + o), (3.26)
B[T,] = -E[T(0)] - SEIT/O)] + o) (3.27)
BIC] = ~E[T(0)] + gE[T(0)] + o), (3.29)
B, = ~BIT/0)] + 5ET/0)] + o) (329)

Proof. By using the mean value theorem, for a given « there exists ™ such
that |o*| < |af and that

1 1
Gn(@) = Gn(0) + aGy,(0) + 507G (0) + 0GP ().
The case o = 1 gives the first half of the theorem. The latter half is derived
by the same method for 7, («) and oo = +1. O

The conditions given by egs.(3.18), (3.19), (3.24), and (3.25) are proved
in the following chapters for several circumstances. Moreover, we will prove
that if the log density ratio function has a relatively finite variance, there
exist constants A, v > 0 such that

(0)7 Oy 22 1

GO 0)+T0) = 2 +o)>),
Oy — Y 1
gn (O) - n+0p(n)’
Oy — Y 1
TOM0) = Ltoy(-),

and that their averages satisfy the equation

0)

1
5 +o(—).

n

7;1(0) //(0)
2
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It is very important that these equations hold even if the posterior distri-
bution cannot be approximated by any normal distribution. These equa-
tions are universal laws in Bayesian statistics. Also these equations except
eq.(3.22) and eq.(3.28) hold even if a sample consists of conditionally inde-
pendent random variables. Note that if a sample consists of independent
random variables, then

E[C,)] = E[Gr_1].

However, this equation does hold without independency. The cross valida-
tion can be employed in the case when a sample is independent.

Based on the above theorem, for a given triple (¢(z),p(z|w),p(w)),
Bayesian theory can be derived by the following recipe. The theoretical
behaviors of the free energy or the minus log marginal likelihood, the gen-
eralization loss, the cross validation loss, the training losses, and WAIC are
clarified by the following procedures.

Recipe for Bayesian Theory Construction

1. An arbitrary triple of a true distribution, a statistical model, and a
prior (q(x), p(z|w), ¢(w)) is chosen and fixed. The set of all parameters
is denoted by W. Assume that X" is a sample which consists of
independent random variables subject to ¢(x).

2. The empirical and average log loss functions are defined by

Ln(w) = —%Zlogp(Xi!w),
i=1
Lw) = —/q(:z:)logp(:n|w)d:1:.

Find the set of optimal parameters which minimize L(w),

Wo ={w e W ; L(w) = min L(w')}.
w'eW

3. Check that the log density ratio function made of ¢(z) and p(x|w) has
a relatively finite variance. Then

p(z|wo)

p(z|w)

does not depend on a choice of wg € W.

fz,w) =log
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. Define the average and empirical log likelihood ratio functions

K(w) = / £, w)q()de
K,(w) = %Zf(X,-,w).
=1

The normalized partition function or the normalized marginal likeli-
hood is given by

70 — / exp(—n Ky (w))(w)duw.
Then the free energy or the minus log marginal likelihood is given by

F,, = nLy(wp) — log 2.

. The average by the posterior distribution is equal to

J () exp(=nKy(w))p(w)dw
[ exp(—nKy(w))p(w)dw

Calculate E[f(z,w)] and V,,[f(x,w)]. Then
Ey[K (w)] —EXE [f (X, w)],

B, ZE (Xi, w)),

Ex V] ZV (X, w)]

Ew[]:

are obtained.

. Based on the basic Theorem 3, the generalization, cross validation,

and training losses are given by

G = L(wo>+Ew[K<w>]—lEwa[ﬂX,w)Hop(%),
Cn = Ln(wp) + Ey[K, +—ZV (X, w)] +op(%),
T, = Ln(wy)+Eu[K, ZV F(X;,w)] +op(%).

Note that WAIC, W,,, has the same expansion as C,,.
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FEzample 18. Let us apply the recipe to a simple case.

1. Let A > 0 be a constant and W = {w € R;|w| < A}. Let us derive the
Bayesian statistical theory for the case when a triple (¢(z), p(z|w), p(w))
is given by

i) = = exn(~),

plzlw) = \/%GXP(—T
p(w) = A

where 02 > 0 is not a parameter but a constant. Note that this true
distribution is realizable by a statistical model if and only if o2 = 1.

2. The empirical and average log loss functions are respectively given by

1 1 2
Lp(w) = B log(2m) + 5(‘73 +uw’ — %wfn%
1 1
L(w) = 3 log(27) + 5(02 + w?),

where

1 n

2 2

o2 - Z X2,
=1

1 n
2

The random variance o2 converges to o2 in probability. The random
variable &, is subject to the normal distribution whose average and
variance are zero and o2 respectively. The average log loss function
L(w) is minimized if and only if w = 0, resulting that Wy = {0}.

&n

3. The log density ratio function is

o, Plalwo) _ w?

flx,w = — —wx,
() plzlw) 2
where we used wg = 0. It follows that
2
w
Ex[f(X,0) = o,
w
Ex[f(X,w)?] = +uw?o?.

4
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Thus f(x,w) has a relatively finite variance by using eq.(3.5) and
lw| < A.

. The average and empirical log likelihood ratio functions are respec-

tively given by

_ 1 ) W wEn
K, (w) = n;f(XZ, )= R

The normalized partition function or the normalized marginal likeli-
hood is equal to

1 A n w?
ﬂ . 9 + \/ﬁ w fn)dw
B T 0

= 51/ e : + 2)dw + Oy ™)

27 n
= e/ + O,
Therefore the theoretical behavior of the free energy or the minus log
marginal likelihood is derived as

A exp(—

F, = nLy(w) —log Z¥

n—1 no2 —¢& 1
— log (2 On —Sn | 2
5 og(2m) + 5 —|-2

log n + log(2A4) + op(1).

Its average is given by

-1 1
E[F,] = r 5 log(27m) + 5(710’2 +logn —1) +log(2A4) + o(1).

)

shows that the posterior distribution is
asymptotically given by

p(w|X™) = @exp(—g(w — %)2> + Op(e™™).

Let EX [ | and V*[ | be the average and variance operators using the
normal distribution whose average and variance are &,/v/n and 1/n,
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respectively. Then

Eall = 2
By - 8
Eift] = Opli) (k23)
resulting that
Eulfo,w)] = Eulf(zw)]+Ope™)
_ 1;5"‘%* p(1/n),
Vulfw)] = Vilf(w]+ Oy = S 1 0,1/n¥2).
Hence
B [ ()] = ExEy [f(X,0)] = 1250 4 0,(1/m),
E., ZE (Xi, w)] 2§”+op(1/n)

2
ExVy[f(X,w)] = — + Op(l/n)7

2
—ZV (X3, w)] ——"+o,,(1/n).

6. By using the results above, and 02 = 0% + O,(1//n), we obtain the
Bayesian statistical theory,

Gn = <zlog(2m)+

~—

T, = =log(2m)+

+
+
s
SI= 3= 3

o
2
o2

C, = =log(2m)+ 7" + ———— + op(
o
2

Note that
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holds. Since E[¢2] = o2, their averages are

1 o2 1 1
E[G,] = =log(2 — 4 — =),
(Gr] 2og( 7r)+2+2n+0(n)
1 o 1 1
E[C,] = =log(2 — 4 — =),
[Cy] 2og( 7T)—|—2—|—2n+o(n)
1 o? 1—207 1
E[T,] = §log(27r)—|——2 + o™ +o(—)

The random variable WAIC and its expected value, W,, and E[W,,],
have the same asymptotic expansions as C,, and E[C,], respectively.
The average generalization loss is a decreasing function of n, whereas
the average training loss is increasing. In the following chapters, we
show that if a log density ratio function has a relatively finite variance,
then the generalization loss, the cross validation loss, the training loss,
and WAIC have the same asymptotic behaviors as this case.

Ezample 19. If a log density ratio function does not have a relatively finite
variance, then asymptotic behaviors are different in general. Let us study the
case given in Example 15. In this case, we cannot employ the above recipe
for theory construction. Let (X;,Y;) (i = 1,2,...,n) be pairs of random
variables which are subject to ¢(z,y) in Example 15. We use notations,

1 n
7"% = ;Z{Xf—i_}/f}’
i=1
1 n
= —N X,
Sn \/ﬁ; 79

TR
= — Y;.
Tin \/ﬁ; i

The empirical entropy is

1 <& r
S, =—= logq(X;,Y;) = log(2
. ;:1 0g q( ) = log(2m) +

[\3|3M
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The partition function is

In = / 2m)" eXP—-Z{ i — cos )’ <E‘Sin9)2}>;l_9

™

_exp(—n(ry +1)/2) /_ exp(v/nép, cos 0 + v/nn, sin 6)do

(27T)n+1

exp(—n(r2 nyn "
D <,(L;)1n>+/l2+f ) / exp(v/7yn (cos 0 — 1)))d0

where we used 7, = /&2 + 12 and the cyclic condition of #. If n is suffi-
ciently large, then the main part of integration [—, 7] is the neighborhood
of the origin. By using

1 —cosf =—0%/2 +0(8Y),
and

4 2
/ exp(—\/ﬁfyn92/2)d6 = m + op(exp(—vnm)),

—T

The free energy is

F, = n(r2+1)/2 —ny, + (n+1/2)log(2n)
1
+Z logn + log v, + 0p(1).
Since both &, and ¥, are subject to the normal distribution with average 0

and variance 1, 72 is subject to the chi-squared distribution with 2 degrees
of the freedom. Therefore,

Ely,] = %(1)/000 21 2e=*2dy = V2U(3/2),

1 &
2 = _— —(E/2 =
E[y7] 2T (0) /0 xe *idr = 2.

The average free energy is given by
1
E[F,] = (3/2 + log(2n))n — V2I'(3/2)v/n + 1 logn + O(1).
By Remark 14 and E[F,] = E[G),+1] — E[G,], if E[G},] has an asymptotic
expansion, then it is equal to
I'(3/2) 1
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This equation shows that the average generalization loss is an increasing
function of n. In this model, the distance from the true distribution to each
model is constant, hence, if n is small, the posterior distribution is spread
over all parameters. However, if n is large, then it concentrates on some
parameter region by the random fluctuation. Such a phenomenon is called
spontaneous symmetry breaking.

Remark 20. In this book, we mainly study the case when the log density
ratio function has a relatively finite variance and show that the free energy
and several losses are subject to the universal law. It may seem that Example
19 is a special or pathological exception, but, complicated and hierarchical
statistical models used in deep learning may reveal the same phenomenon.
For example, in some regression problem if a true distribution of Z

7 =exp(—X? - Y?) + N(0,1)

is statistically estimated by a neural network

H
Z = ano(bpX + Y +dp) + N(0,1),
h=1

where ¢ is a sigmoidal function and {ap, by, cp, dp} is a parameter, then the
true distribution is unrealizable by and singular for a statistical model. In
this case, the same phenomenon shown by Example 19 occurs. Spontaneous
symmetry breaking will be an important theme in Bayesian statistics in the
future.

3.5 Problems

1. Let x € R and {ex(z);k = 1,2, ...} be a set of functions which satisfy

/ek(:n)eg(:n)q(:n)dzn = Oy,

where if kK = ¢ then §xy = 1, and if k& # £ then dxp = 0. Let X be a random
variable which is subject to a probability density ¢(z) and {ay # 0} be a set
of nonzero real values which satisfy

D (a)® =1.

k=1
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Assume that a conditional density ¢(y|x) and a statistical model p(y|x, w)
are respectively defined by

Y = Zakek )+ N(0, 12)

Y = Zwkek )+ N(0,12).

Then prove that ¢(z)q(y|z) is unrealizable by and regular for ¢(x)p(y|x, w).

2. Let 8 > 0 be a positive constant. For a given statistical model p(z|w),
a prior ¢(w), and a set of random variables X", a generalized posterior
distribution of the inverse temperature [ is defined by

n

p(w) [ [ p(Xilw)?,

i=1

1
Zn(B)

p(w[X") =

where
n

2(8) = [ olw) [[p(Xifw)dw

1=1

Let E5| | be the averaged value over p®(w|X™). Then the generalized
predictive density is defined by

D(zX") = Bj [p(z|w)].

Therefore, 5 = 1 results in the ordinary Bayesian estimation. The gen-
eralization loss, the training loss, the cross validation loss, and WAIC are
respectively generalized by

G, = —EX[logp(B)(X|X")]7
T} = ——Zlogp (X, X™),
=1 X‘w) ]

8 _ 8y PNyeg
W, n+n; wlog p(z|w)],



96 CHAPTER 3. BASIC FORMULA OF BAYESIAN OBSERVABLES

where V[ ] is the variance over p(®(w|X™). The cumulant generating
functions are also generalized by
Gn(a) = Ex[logEgp(X[w)]), (3.30)
1 n
T2 (@) n; 0g By [p(Xi|w)?] (3.31)

Assume that egs.(3.24) and (3.25) hold for G/ (@) and 7, () instead of G, (cv)
and 7, (a). Then prove the following equations.

GI = ~(G)(0) - 5(G0) +op(-), (332)
T = (T~ (T O) ol (33
o = YO+ LT Ot o), 33
Wi o= 0+ 2T ) o(c). (339)

These equations show that the universal law of the Bayesian statistics holds
even if the posterior distribution is given by the inverse temperature g > 0.

3. Let us study the multinomial distribution and its prior defined by eq.(2.13)
and eq.(2.14). Then by using.(2.18), it follows that

log Ey [p(x|w)?] = log / p(fw)*p(w] X™)dw

N N
— Zlogr(agj(j) + n; + aj) — logF(n + o+ Z(Ij) + cq,
j=1 j=1

where ¢ is a constant function of . Assume that a true distribution is
given by p(z|wg). Prove that the kth (k > 1) cumulants are given by

N N
Ge0) = > wo* V(ny +a;) =" (0 ay),
j=1

=1
N ' N
TI0) = > (ny/m)p* D(n;+a;) = Dn+) " ay),
j=1 j=1

where =Y (z) is the (k — 1)th derivative of ¢/(z) = (log'(x))’. Then by
using the asymptotic expansion

Y (z) = 0(1/a"1), (k= 2),
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prove that if & > 2,

G (0) = Op(1/n*=1), TM(0) = Op(1/n" ).

n
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Chapter 4

Regular Posterior
Distribution

In this chapter, we study a special case when a true distribution ¢(z) is
regular for a statistical model p(z|w) and the sample size n is large enough
to ensure

Posterior Distribution ~ Normal Distribution

holds in the neighborhood of the optimal parameter wg. In such a case, the
asymptotic behaviors of the free energy or the minus log marginal likelihood
are derived, and the generalization loss, the training losses, the cross vali-
dation loss, and WAIC are clarified.

(1) At first, we explain that the posterior distribution is divided into the
essential and nonessential parts.

(2) Asymptotic expansion of the free energy is shown.

(3) Asymptotic expansions of the generalization loss, the training loss, the
cross validation loss, and WAIC are proved.

(4) The mathematical proof is given for a basic Bayesian treatment.

(5) Point estimators such as the maximum likelihood or a priori are intro-
duced.

A statistician who knows the conventional asymptotic theory can skip this
section.

4.1 Division of Partition Function

In Bayesian theory, the parameter set is divided into the essential part and
the nonessential part. The essential one is the set of the neighborhood of
the optimal parameter, whereas the nonessential one is its complement.

99
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Let (q(z), p(z|w), p(w)) be a triple of a true probability density, a sta-
tistical model, and a prior. The average log loss function is defined by

L(w) = - / 4(z) log p(z|w)dz.

We use a notation, V = (9/0w), then VL(wgy) and V2L(wp) are a d-
dimensional vector and a d x d matrix, respectively. The matrix V2L (wyp)
is sometimes referred to as Hesse matrix of L(wg) at wp. In this section, it
is assumed that the set of all parameters W is a compact subset of R? and
that there exist both a unique parameter wy and an open subset U such that
wp € U C W C R% and that wy minimizes L(w). It is not assumed that the
true density is realizable by a statistical model, in general. The probability
density function of the optimal parameter is denoted by

po(z) = p(x|wo).

Therefore q(z) = p(x|wy) does not hold in general. Also it is assumed that
Vp(w) is a continuous function and that ¢(wp) > 0. The log density ratio
function is

po(7) p(z|wo)

flew)=log ey =18 patw)

Hence f(z,wp) = 0. By using the average log density ratio function K (w) =
Ex[f (X, w)],
L(w) = K (w) + L(wo).

Therefore K (w) > 0 and K (w) takes the minimum value zero if and only if
w = wg. The log likelihood ratio function is defined by

Konw) = = 3 F(Xi,w),
=1

which satisfies K, (wg) = 0. For simple proof, we assume that f(x,w) has
a relatively finite variance and is a C¢ class function for sufficiently large ¢,
that is to say,

Vi (2, w)

is a continuous function of w. Further, it is assumed that, for a sufficiently
large k,
Ex[sup [[VF(X, )] < oc. (11)
weW
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Then K (w) is also a Cf class function. The main assumption of regularity
is that
J = V2K (w)

is a positive definite matrix. By the assumption that f(z,w) has a relatively
finite variance, there exists ¢y > 0 such that

Ex[f(X,w)*] < oK (w),

resulting that a function

a(x,w) =
(z,w) )
is well defined for w # wg and
sup Ex [a(X,w)ﬂ < 0. (4.2)
wFwo
Remark 21. In the neighborhood of wy,
1
K (w) = 5 (w = wp)J (w = wo) + o[lw — wo*).

By the condition that f(z,w) has a relatively finite variance, there exists
c1 > 0 such that
Ex[f(X,w)?] < er]lw — woll.

Hence eq.(4.2) holds. The function a(z,w) is bounded but may be discon-
tinuous at w = wy. However, it can be made well-defined as a function of
the generalized polar coordinate (w — wgy) = r©, where r = ||w — wp|| and

© = (w—wp)/r.

FEzample 20. In order to illustrate functions defined in the foregoing state-
ment, we study a simple case,

bl v) = 5 (=5 (@ - w? + (v — )

and ¢(x,y) = p(x,y|0,0). Then wy = (0,0). The log density ratio function,
and its average function are respectively given by

1
f(%%%@ - 5(“’2 +U2 — 2ur — 2’[)y),
1
K(u,v) = =(u*+0?).

2
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The log likelihood ratio function is

K, (u,v) = %(u2 +v?) — u(% ZXZ) - v<% ZYZ)
The function a(z,y,a,b) is

V2 (uz + vy)
N

For a given (x,y) # (0,0), a(x,y,u,v) is a bounded but discontinuous func-
tion of (u,v) in the neighborhood of (u,v) = (0,0). However, by using

a/(x7 y7 u7 U) =

uw=rcosfl, v=rsind,

it follows that
a(z,y,7,0) = V2 (xcosf + ysin6)

is a well-defined function. Note that (u,v) = (0,0) corresponds to r = 0
and 0 = free. If a true density is regular for a statistical model, then the
same transform is always employed. In the following chapters, we show that,
even if a true density is not regular for a statistical model, the generalized
procedure called resolution of singularities made by algebraic geometry can
be applied.

We define a function

1 n
Tn(w) = % ; a(X;,w),

and assume that it satisfies the asymptotic expectation condition with index
k. For the asymptotic expectation condition, see Section 10.5. That is to
say, we assume that

Yo = sup |yn(w)]

wH#wo

satisfies E[(7,,)¥150] < oo for some gy > 0. Firstly, we analyze the normalized
partition function defined by

zO = /exp(—nKn(w))gp(w)dw.
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For a given positive value ¢ > 0, we define

Wy = {weW;||w—wl < e},
Wo = {weW;lw—wol > e
Then by defining

70 /W exp(—1Kn (1) )p(w)duw,

Z,(f) = /W exp(—nK, (w))e(w)dw,

the normalized partition function is equal to
70 =z 1 Zz™, (4.3)

Here Zr(Ll) and Z,(f) are the integrations of parameters in a neighborhood of
the optimal parameter wg and in its complement respectively.

In regular theory, the posterior distribution becomes to be accumulated
on a neighborhood of the optimal parameters when n — oo. In this chapter,
we define a positive real value € as a function of n,

1

€= —(FY7x.
n2/5

Then

lim € =0,
n—oo

lim /ne = oo.

n—oo

In the following, we show that, when n — oo,
ZW >> 72,
hence ZT(LI) and ZT(?) are called the essential and nonessential parts of the
normalized partition function respectively.
Firstly we study the nonessential part ZT(?).

Lemma 9. Let J; > 0 be the minimum eigenvalue of the matriz J =
V2K (wg) and K1 be the mazimum value of K (w) in W. If n is sufficiently
large,

2P < exp(—(N /A +7/2),
Z}f) > exp(—2K1n —~2/2).

Hence for arbitrary k > 0, the convergence in probability nkZT(?) — 0 holds.
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Proof. By the definition of ~, (w),

nk,(w) = nK(w) —\/n ) Y (w
By using

vn ) Yn(w

(K (w) + yn(w)?),

NI)—t

it follows that

Ku(w) > nK(w)/2 -2/
nK,(w) < 3nK(w)/2+~2/2.

In the neighborhood of the origin,
n
nk(w) = §||J1/2(w —wo)||* + O(nflw — wol]*).

Hence, in |Jw — wol|| > n~2/%, for sufficiently large n,

(Ji/Hn'> < nK(w) < nkj,
and

exp(—nki/2) < / o(w)dw.

Wa

Then by the definition,

Z,(?) = / exp(—nK,(w))e(w)dw,
lw—wol|>n—2/5

Lemma 9 is obtained. O

Secondly, we study the essential part of the normalized partition function
which is the integration on the set, ||w —wp|| < n~2/5. An empirical process
N (w) is defined by

M ( Z{K f(Xw)} (4.4)

Then
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We assume that Vi, (w) and V25, (w) satisfy the asymptotic expectation
condition with sufficiently large index k. Two random variables are defined
by

1
= 5 s [VPa(w)l]
weWy

& = J_1/2V77n(w0).

Then E[ng)] < o0 and &, — £ in distribution hold where ¢ is the random

variable that is subject to the normal distribution. Also we define a function
dn(w) by

Suw) = n{K(w) — 27w~ wo)]*)
+v/n{nn(w) = Vi (wo) - (w —wo)}- (4.5)
By the definition, it follows that
nkn(w) = 5772w = wo) |2 = VAV (o) - (w = wo) + 8 (w).

By the assumption that V3K (w) is a continuous function,

1
E® = 2 sup |[VPK(w)| < oo.
6w€W1

Lemma 10. The following inequalities hold.

sup [0, (w)| < VOE®) 4y, (4.6)
weWy
sup | Vo, (w)|| < 3n'Pk® 4 2p71/5p2), (4.7)
weWy

Proof. By applying the mean value theorem to K (w) and n,(w), there exist
w*, w** € Wy such that

K@) = Sl w = wo)lP + g K ) w - w)
M) = Vi) - (1 = wo) + 3V (0" (w = wo)?

hence eq.(4.6) is derived. Also by applying the mean value theorem to
VK (w) and Vn,(w), there exist w’, w” € Wi such that

VK(w) = J(w—wp)+ %V?’K(w’)(w — wp)?,

Vi (w) = Vnu(wo) + V20, (w”) (w — wy),
hence eq.(4.7) is derived. =
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We assume that a prior p(w) is a C* class function and that ¢(wg) > 0.
Then
P = sup |[Vip(w)| < oe.

weWy

The following lemma shows the asymptotic behavior of the essential part.

Lemma 11. The essential part of the normalized partition function satisfies
mequalities,

/2 (1)
o o _ @Em)7 e
Zn’ = nd/2(det J)1/2 plwo) + nz/s)
1 £ 77(2)
XeXP(ngnuz 1/5 3/5)
d/2 (1)
o 5 _ @m% _ e
Zn > nd/Q(det J)1/2 (QD(MO) 2/5)
1 K g
X exp(§\lé’n\l2 — 5 ) Pnlén);
where )
®,0&,) = ——— e —w—n22dw, 4.8
(€) = Gy /|| IS R (4.8)
which satsifies ,
exp(—||&all%)
@n n 2 T A N/
for sufficiently large n. Therefore the convergence in probability holds,
/2
/2 - (2m)
280 exp(— 6l 2) o o(uo)

Proof. In the region W = {w € W; |w — wo|| < n=%/°}, by the mean value
theorem,

p(w) < p(wo) +n 2P0,
p(w) > p(wg) —n~2Pp.
Also in the region Wy,
1 anH2 n
nKp(w) < §|’(”J)1/2(w —wo) — &ll® - + 1/5 + 375

(2)
1 1/2 2 anH2 k®) Tn
nky(w) = 5”("<]) / (w —wo) = &nll” = opl/s 3/
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By putting w’ = (nJ)Y?(w — wy),

_1 1/2 _ _ 2 _ (271')d/2(1)n(§n)
/weW1 exp QH(nJ) (w = wo) = &l )dw = nd/2(det J)1/2°

Since ®,( ) is the probability of the set || J~Y2w'| < n%/®, ®,(&,) < 1.
Moreover,

eXp(—Ilénllz)/ 2
Qn(6n) 2 — 75— - d
(&n) (2)d/2 1TV <n3/5 exp(—[[w’'||*)dw

which completes Lemma. O

In this section we proved that the essential and nonessential normalized
partition functions satisfy

as random variables.

4.2 Asymptotic Free Energy

In this section, we derive the asymptotic expansion of the free energy or the
minus log marginal likelihood F;,. A matrix [ is defined by

I =Ex[Vf(z,w)(Vf(z,w))T].

Then by the definition,

B[ 37 V(X w0) (VF (X5, wo)) ] = T,

i=1

and by the central limit theorem,

% SOV (X w0)(VF (X wo))T = T+ 0,(1/n%2).
i=1

If ¢(x) is realizable by p(x|w), then I is called the Fisher information matrix
at wg and I = J. However, in general, I # J. By the definition of I, it
is positive semidefinite. In the regularity condition of Bayesian theory, the
eigenvalue of J positive, but I may contain a zero eigenvalue.
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Theorem 4. If the reqularity condition holds, then the Bayesian free energy
F,, satisfies

d d
Fn = nLp(wo) + 3 logn —log p(wo) — 7 log(27)

1 1
+5 log det J — 5”571”2 + op(1). (4.9)
B = nL{ug) + 5 logn — log p(uo) — & log(2n)
—i—%logdetJ— %tr(J_II) +o(1). (4.10)

Proof. By the assumption, &, and V25, (w) converge in distribution and
their expectation values also converge. By the definition,

F, =F9 4 nL,(wp),

where F,(LO) is a normalized free energy, which is given by the essential and
nonessential parts,

F,(LO) = —log Zflo)
—log(ZM + z?).

When n — oo, convergence in probability ®,(§,) — 1 holds, where ®,,(&,)
is defined by eq.(4.8). By Lemma 9 and 11, covergences in probability

(27‘r)d/2
(det J)1/2
n¥2z2 o,

1
n2 70 exp(—3 [l (o),

hold. It follows that eq.(4.9) holds. Let us prove eq.(4.10). Let £ be a
random variable which is subject to the normal distribution whose average
and covariance are equal to those of &,. Then by the central limit theorem,
&, — € in distribution holds. By the convergence in distribution,

/2
n¥2zH — (2m) (wo) exp(%

2
n W‘P 1€117),

and convergence in probability n®/? Z7(L2) — 0, the convergence in distribution

d/2
nd/270) _, _(27) /

1
n W@(Wo)exp(§uf|’2)
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holds. Hence F\”) — (d/2)logn also converges in distribution. In order to
prove the convergence of the expected value E[(F,(LO) —(d/2)logn)], it is suf-
ficient to prove that the sequence of random variables (Fy(LO) —(d/2)logn) is
uniformly asymptotically integrable. To prove it is uniformly asymptotically
intgerable, it is sufficient to prove IE[|FT(LO) — (d/2)logn|'*™¢] < oo for some
e > 0. (See Section 10.5). We define two random variables,

An = log(n?Z{)),
B, = log(n®?z?).

Then
(d/2)log n — F\®) = log(e?n + ¢Bn).

For arbitrary real numbers x, y,
x <log(e” + €¥) < max(z,y) + log 2.

Hence
|log(e” + €)| < max(|z|, | max(z,y)| + log 2).

Therefore

| log(e + ePm)| < max(|A,|, |max(A,, B,)|) + log 2.

By Lemma 9 and 11, and

Bo(En) > exp(—lEall?) / exp(—[[e]2)duw,

w—wol|<1

there exists constants ¢y, ¢z, c3 such that

An <+ G222+ 0P s,
An > o Gl2/2 — 0P nPs,
max(A,, B,) < c3+ ||£n||2/2 + 77512)/”3/5 + %%/2-

Then by
max(4,,B,) > A,

there exists ¢4 > 0 such that

(d/2)logn — FV| < [|&a]2/2 + 02 /n®® + e,
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By the assumption &, and 779 have the asymptotic expectation condition

with index k, E[|F¢(LO) — (d/2)log n|'*€] < oo for some € > 0. Lastly, since

B[V (1) (V7 (10)) 7] = / (V£ (2, w0))(V £ (2, wo)) g (2)d,
it follows that

El&*] = Eltr(J™ Viu(wo) (Vi (wo))")]
= to(J T E[Vin(wo) (Vin(wo))]),

which completes the theorem. O

Remark 22. In this section, on the regularity condition, J > 0 and ¢(wg) >
0, we proved that

d d
F, = nLy(wy)+ 5 logn — log p(wg) — B log(2m)
1 1
+5 log det J — 5”571”2 + o0p(1)

and
E[[[n]1*) = tr(IJ71) + o(1).

If det J = 0, det J = oo, p(wg) = 0, or ¢(wy) = oo, then this asymptotic
expansion does not hold because

logdet J, log¢(wp)

are not finite. For the case when the regularity condition is not satisfied,
see the following sections.

Example 21. Let x,w € R™ and y € R, and a statistical model is

%QGXP(_%(?J—U)’%)%- (4.11)

p(y!a:, w) = (27‘(‘)

Assume that X is subject to some density g(z). The matrix J of the statis-
tical model eq.(4.11) is

S = /xjxkq(a;)da:.

The support of g(z) is defined by

supp ¢ = {z € RM ; ¢(x) > 0},
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where A of a set A € RM is the closure of A. If the support of ¢(z) is
contained in a subspace of RM whose dimension is smaller than M, then
det J = 0. In real world problems which are defined on high dimensional
space, the support of ¢(z) is sometimes contained in a low dimensional sub-
space. In such cases, the regular asymptotic theory does not hold. However,
such cases can be analyzed by the general theory.

Ezample 22. Let p(z|w) be a statistical model and assume that the optimal
parameter wg = 0. In statistical estimation, sometimes a prior

p(w) oc [w|*™

is employed, where a > 0 is a hyperparameter. Then the regularity condition
is satisfied if and only if @« = 1. The cases a # 1 can be analyzed by the
general theory.

4.3 Asymptotic Losses

In this section, we show asymptotic behaviors of the generalization, cross
validation, and training losses when n — oo, based on the regularity condi-
tion. The following lemma is necessary in this section.

Lemma 12. Assume the regularity condition. Let k (k > 2) be an integer
and g(z,w) be a function which satisfies g(x,wp) = 0 and assume that, for
a sufficiently large integer £,

Ex[sup [g(X,w)[]] < oo,
weWw

Ex[sup [|[Vg(X,w)|] < oo.
weW

We use a notation,

Eu(lg(X, w)|* exp(—af (X, w))]
Eylexp(—af (X, w))] '

Then, there exists € > 0 such that

L(X,a) =

E[(nkmIiuflEX[L(X,a)])HE] < % (4.12)
E[(nkmZ?EI%ZIL(XZ-,@))HE] < o (4.13)
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The proof of this lemma is given in the following section. In this section,
we employ Lemma 12 and prove asymptotic expansions of the generalization,
cross validation, and training losses.

Remark 23. The special case a = 0 and g(X,w) = g(w) shows that
E.[n*/2|g(w)|¥] is asymptotically uniformly integrable. Therefore, if the
random variable E,,[n*/2g(w)*] converges in distribution, then a sequence
E E[n*/2g(w)*] also converges.

Firstly, the basic Theorem 3 in the foregoing chapter is proved in regular

cases.

Theorem 5. Based on the reqularity condition, the assumptions of the basic
Theorem 3 are satisfied,

s (72) | < i) (1.14)
s () @] < O (4.15)
Bl |() Gl = 0 (4.16)
s |() T <0G (1.17)

Proof. By applying Lemma 8 and Lemma 12 to the case g(z,w) = f(z,w),
where f(x,w) is the log density ratio function, eq.(4.16) and eq.(4.17) are
immediately derived. By Lemma 12, the random variables

nk/2 sup Ex[L(X, a)],

o<1

1 n
nF/? sup — ZL(XZ',O()

laj<1 T i

are asymptotically uniformly integrable, resulting that they are also uni-
formly tight. Hence eq.(4.14) and eq.(4.15) are obtained. O

Definition 11. Let (i1,42,...,7;) be a set of integers and w; be the jth
element of the vector w. The constant ®(iy,9, ...,47;) is defined by

o 1 wl®
@(11712,...721&) = 7d/2/wi1wi2 c Wy exp(—” 2” )d’u),
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which is the expected value of w; wj, ---w;, with respect to the normal
distribution. In other words, if X is subject to the d dimensional normal
distribution whose average and covariance matrix are zero and identity re-
spectively, then

D(iq, 09, ...,10¢) = Ex[X;, Xiy - - X5, ]

By using this definition, in oder to derive the asymptotic behaviors of
the generalization, cross validation, and training losses, we first show the
correlations of parameters in the posterior distribution.

Lemma 13. let wy be the optimal parameter and &, = J~ Y2V, (wg). For
an arbitrary iy, 1o, ..., i, a function X, (w) is defined by

Sn(w) = {((n )/ (w = wo) = )i} - {((n )/ (w — wo) — &n)ic }-
Then their averages by the posterior distribution converge in probability,
Ew[zn(w)] — q>(i17 i27 EEES) Zt)

Proof. For the essential and nonessential sets of parameters Wy and Wy, we
define

ZW iy, ...,i) = /W Yn(w) exp(—nKy(w))p(w)dw,
ZP(iy, ... i) = /W Y (w) exp(—nky, (w))p(w)dw.

By the same way as Lemma 9 and 11, the convergences in probability can
be derived,

(27T)d/2
(det J)1/2

. . 1
W2 2P i1, i) exp(— 5 0]7) 0.

. . 1 o .
nd/2Zr(Ll)(Zl7 (D) Zt) eXp(_§‘|£nH2) (I)(Zh 125 -0y Zt)(,D(ZU(]),

Note that for the case (i1, 72, ..., i) is the empty set, we define z — 7 (2)
and 2 = Zr(?)(@). Then
Z}ll)(z‘lu 72 ) + ZT(L2)(’i1, ,Z )
Eo[Sa(w)] = IR 3}
- q)(i17i27"'7it)7

which completes the lemma. O
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Lemma 14. The following hold.

Eul(w—w)] = (0)"%0 + 0,(1/V),
Byl — wo)w —w)’] = (I + T V26E T2 4 oy (1/),
E Ey[(w — wo) (w — wo)?] = %(J‘l 4 JY2L07Y2) 4 o(1/n).

Proof. By Lemma 13, if ¢t = 1 then ®(i;) = 0, hence
(n) P Eu[(w — wp)] = & — 0, (4.18)

which shows the first equation. By Lemma 13, if t = 2 and ®(i, j) = d;;, the
convergence in probability holds,

Euw[{((nJ)"?(w — wo) — &) H(nJ)? (w — wo) — &) }T] = I,

where I is the d x d identity matrix. By eq.(4.18) and convergence in
distribution of &,

nJYV2E,[(w — wo)(w — wo)]JV? — £,67 — 1.
By Lemma 12,
nJYV2E By [(w — wo)(w — wo) ]IV = T — I,
which completes the lemma. O

Lemma 15. The cumulants satisfy the relations,

G,(0) = —L(wp) — %f””z + 0p(1/n), (4.19)
Gn(0) = @ + 0p(1/n), (4.20)
T.(0) = —Ly(wo) + %277!5"”2 + op(1/n), (4.21)
T.(0) = @ + 0p(1/n). (4.22)

Proof. By the mean value theorem and Lemma 14,
1
Ey[K(w)] = Ew[§\|J1/2(w — wo)|[*] + 0p(1/n)

— %Ew[tr(J(w — wo)(w — wo)")] + 0p(1/n)
= oA+ 6lP) + o0p(1/m).
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Also by the mean value theorem,

flz,w) = (w—wo)- Vf(x,wo)

+%tr (V2f(x, wo) (w — wo)(w — wO)T)

+O0(|lw — wol]?)-

Hence,
Eu[f(z,w)] = Eu[(w—wo)]-Vf(z,w)
+%tr <V2f(a:, wo)Ey[(w — wp)(w — wo)T]>
+op(1/n)
= % JY2¢, -V f(z,wp)

+%tr (v2f(x, wo)(J L + J—1/2§n§,{J—1/2))
+o(1/n)

and

Eulf(@w?] = Eul((w ~w0) - VF(Xew))?] + 0p(1/n)
= tr(Bul(w — wo)(w — wo) VS (@, w0) (Vf (, w0))" )
+op(1/m)

(77 TR TV w)V )
+o,(1/n).
Then by using

=D Vi) = I, (4:23)
=1

%Zv2f(Xi,wo) = J+o,(1) (4.24)
i=1

E_X V2f(X,wp)] = J. (4.25)
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It follows that

! Y _ HSnHz tr(J(J_l+J—1/2§n§gj_1/2))
SN Elf(Xw)] = A+ .
+o0,(1/n)
d— 16,112
= o,

By using the results above,

n

- ZE (X, w)P? nlz D (T2 - V(X w))? + 0p(1/n)

i=1

T Z“(<J‘”2snszrl/2>Vf<Xi,wOWf(Xi,wo)T) + 0p(1/m)
i=1

_ %u((rl/?gng,{ T)I) 4 o,(1/m)

and
LS B (X wp)
n . w (2
=1
1 o ~ _ ~
= > w7+ I TV (X )V (X wo))
+op(1/n)
1
- Eu«((rl + J‘1/2§n§ZJ‘1/2)1> +0p(1/n)
Then by using eq.(3.14) through eq.(3.17), the lemma is derived. O

Theorem 6. (Regular asymptotic theory) Assume that a true distribution
18 reqular for a statistical model. Then the generalization loss, the cross
validation loss, the training loss, and WAIC are asymptotically equal to

d + ||&n]|* — tr(IJ 1)

G, = L(wp)+ o™ + 0,(1/n), (4.26)
T, = Ly(w)+ 2= Hg"”l; (77 | 0,(1/n), (4.27)
Cp = Ly(wo)+— ansz‘g (/) +0,(1/n), (4.28)

— l&all® +tr(1J 1)
2n

+o0p(1/n). (4.29)
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Proof. This theorem is obtained by combining Theorem 3 and Lemma 4.19.
O

Theorem 7. (Ezxpectation of regular asymptotic theory) The asymptotic
expansions of the generalization loss, the training loss, the cross validation
loss, and WAIC are given by

E[G,] = L(wo)+ % +o(1/n), (4.30)
E[T,] = L(wg)+ d_zgr—ff‘]_l) +o(1/n), (4.31)
E[C,] = L(wo)+ % +o(1/n), (4.32)
E[W,] = L(wo)+ % +o(1/n). (4.33)
Proof. Since E[G,,_1] = E[C}], E[||€x]/?] = tr(IJ ') +o0(1). Then by Lemma
12, we obtain Theorem 7. O

Remark 24. The equation E[||&,]|?] = tr(IJ ™) + o(1) can be proved by two
methods. The first proof is derived from the definition

&n = J‘W% > V(X w).
=1

The second is given by

E[G,-1] = E[C,,].
If X1, Xo, ..., X, are independent, then both methods can be used. However,
if they are not independent, then the second method cannot be used. In such
a case, the first proof can be applied.

Remark 25. (1) By the theorem, the convergence in probability holds,
n(Gn, — L(wo)) +n(Cp — Ln(wo)) — d,

where d is the dimension of the parameter. That is to say, for a given triple
(q(x), p(z|w), p(w)), if (C, — L, (wp)) is smaller then (G,, — L, (wp)) is larger.
(2) In regular asymptotic theory, the functional variance V,, is given by

1 n
V., = =SV, [logp(X;
n; [log p(X;|w)]

_ tr(I']_l)—i—Op(l/n).
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4.4 Proof of Asymptotic Expansions

In this section, we prove Lemma 12, which is the base of the asymptotic
expansion. The random variable we study is

B nk/2 Eu[lg(X,w)* exp(—af(X,w))]
O R Bofon(af ()]

Then it is sufficient to prove that E[|Y|'*¢] < oo for an arbitrary ¢ > 0. Let
Wi = {w; |w — wo|| <=2} and Wy = W \ Wy, and

Vi = Eylexp(—af(X,w))]w}, (4.34)
Yo = Eylexp(—af(X,w))lgw,), (4.35)
Vs = n"Ey[lg(X, w)[* exp(—af (X, w))]l ), (4.36)
Vi = n"PEy[lg(X,w)[* exp(—af (X, w))] ), (4.37)

where E[f(X)]¢sy is the expected value with restriction a set S. Then Y
can be rewritten as

Ys + Y4]

Y = sup EX|:Y1+Y2 .

|| <1
Since Y71,Y5,Y3,Y, > 0,

Y3+Y, Y3 . {Y4 Y4}
< — 4+ min
Yi+Yo ™ 1 Y'Y,

Firstly, let us study Y3/Y7.

0<

Lemma 16. Let a,c,D,n > 0 and d > 0 be arbitrary real constants, and
fi(u) and fa(u) be real-valued continuous functions of u € [0, D] C R which
are differentiable in (0, D). For nonnegative integer m > 0, Z,, is defined

by
D
D = / (au®)™ 2y exp(—nau® + /nau® f1(u) + fo(u))du
0
Then

Zm 2m/2Am 2mBm/2
ZO - nm/2 ’

where, by using a definition ¢ = (m —2)c+d+ 1,
A = (csup|fi(u)| + Dsup|fi(u)])/(2c), (4.38)

B (¢+ Dsup | f5(u)])/ (20)- (4.39)
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Proof. For the proof we define

H(u) = exp(v/naufi(u) + fa(u)). (4.40)
Note that (2¢ — 1) + ¢ = em + d. By using partial integral,

D
I = / {au®*~! exp(—nau®*) HulH (u) Ydu
= 2cn/ Au{exp(—nau®) Y {ulH (u) }du

_ _%Ln[exm nau) (ut 10)})

Son /0 {exp(—nau®*)} 0, {uH (u)}du
LoP 2¢
< — exp(—nau®)0,{u? H (u) }du. (4.41)
2en Jg
Then by the assumption,
Ou{uH(uw)} = u™ H(u){g +ufsu)
+ev/nau fi(u) + vnaut fi(u)}
< u™ H(u){q + Dsup|f3]
++v/nau(esup | fi| + Dsup |f1])}- (4.42)

By applying eq.(4.42) to eq.(4.41) and using definition of Z,,— and Z,,_1,
_ L

< m—2 D /

S S @+ Dsup|faf) + 57 e

By using definitions of eq.(4.38) and eq.(4.39), we obtain an inequality,

Zo SV 20 m Z
By Cauchy-Schwarz inequality,

Znm = (csup | f1| + Dsup] fi]).

Zm—l < <Zm Zm—2)1/2
A Zo  Zo '
Hence

Zm < A <Zm Zm_2)1/2 B Zm_2

Zy % 70 Z0 n 2
_ (R Bl
N Z() n ZO n ZO

IN

1<Zm A% 7, 2)+BZm_2

Nz " )Tz
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It follows that

Z_m - A2+ 2B Z,, o
Zy n 20

Hence

Zm _ (A2 42B)™/2 _ am/2Am 4 gmpm/2
— < <
Zo nm/2 — nm/2 ’

which completes the lemma.
O

Lemma 17. Let Y1 and Y3 be random wvariables defined by eq.(4.34) and
eq.(4.36) respectively. We define

T(X) = sup [[J72Vg(X, w).

weWy
Then v
?3 < T(X)k(2kA2k + 22kBk),
1
where
A < al[ Vo (wo)| (4.43)
B < g4 con Y (sup |V f(X, w)] + sup |V, (w)]). (4.44)

Here by using ¢ = (2k — 2) + d, and c1,co > 0 are constants determined by
J. Hence E[(Y3/Y1)!T¢] < .

Proof. By the definitions,

Y o dw TG0l exp(—nka(w) — af (X, w))p(w)dw
n T exp(—n o (w) — af (X, w)p(w)dw

where

nk(w) = 27 (w = wo) |2 = Vi (wo) - (w = wo) + 8 (w).

By JY/ 2(w — wp) = 70 where 6 is the generalized polar coordinate with
|0| = 1. Then
72w = )| = 12
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By
T(X) = sup |[J72Vf (X, w)
weWq
it follows that
|f(X,w)| <rT(X).

Hence
Ys T(X)’ffW1 (nr?)"2 exp(—nr? + \/r fi(0) + fa(r,0))r?~"drd
n Tos xp(—nr® & Jarfi(0) + fa(r. 0)rTdrd)
where

A1) = JV2Vn,(w) -0
f2(T7 9) = _af(X7 T, 9) + log (10(747 9) - 6n(T7 9)
By applying Lemma 16,

Y-
?3 < T(X)k(ZkA% —|—22kBk),
1

where, by using ¢ = (2k — 2) +d, D = ||JY?|n=2/%
A = suplfi(0)]/2
B = (q¢+ Dsup|d, fa(r,0)])/2,

(€,0)
where we used the inequality
of of ow —1/2
A P e ) P )
‘87’ ‘&w 87“ S I

Lemma 18. Let

F(X) = sup [f(X,w)], F(X)= sup |g(X w)].

weWw weW
Then
Y. _
P S T0" exp(2aT (X)) exp(— (/A + (k/2)log -+ 7).
To Mgk,

121
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Proof. Then by definition,

Vi > exp(—af(X)z0.

Vi < nf2g(x)F exp(af(X))Z2.
Hence

YY1 <
< nMG(X)F exp(2af (X)) exp(—(J1 /40 + 7).
On the other hand,
Vi/Y, < nfPgx)*
is derived from the definition of f(X). O

Lemma 19. Let A,, and B,, be random variables. Assume that

M = supE[(|A,| + \Bn])mH] < 00

and that {a, > 0} is an increasing sequence of real values. Then

E[|Ap|™ min{exp(A, + By, — a,),n™?}]

< E[|An[™] + Mn™2/(a,)". (4.45)
Proof. By the assumption
M =E[(|An| + |Ba|)"™ "]

is finite. Hence

M= (an) E[(|Aull + Bal) ™l Al Bal2an) -
Let E, be the left hand side of eq.(4.45).

En < E[An™){ 404 (Bal<an} + B2 ARl ™ (4014180 200}
< E[ A" + M0/ (an),

which completes the lemma. O

Let us prove Lemma 12

Proof. (Proof of Lemma 12 ). By Lemma 17, E[|Y3/Y7*°] < co. In Lemma
19, by putting m = k + ¢, A, = sup, |f(X,w)|, Bp = Vn, and a, =
(J1/4)n'® — (k/2)logn, and £ = 5m/2,

E[min{ (%, %})HT < 00,

which completes the lemma. O
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4.5 Point Estimators

In this section, we study other statistical estimation methods when a true
distribution is regular for a statistical model.

Definition 12. The maximum likelihood estimator wjsr,, the maximum

a posteriori estimator wps4p, and the posterior mean estimator wpp; are
defined by

n
wyp = arg&%gp()(ﬂw), (4.46)
n
WMAP = argmax o(w) 1_[1p(XZ-|w), (4.47)
i—
wpy = Eylw], (4.48)
where  “argmax f(w)” is the parameter that maximizes f(w). The

weW
procedures in which a true distribution ¢(z) is estimated by p(z|wr),

p(zlwarap), and p(zlwpys) are respectively called the maximum likelihood,
maximum a posteriori, and the posterior mean methods.

If a true distribution is regular for a statistical model, by using
n
nKn(w) = §||J1/2(w —wo)|[* = Va(wo) - (w — wo) + 0p(1),

these three estimators are asymptotically equivalent,

J—1/2§n 1
wypp = wo -t n +op(—=),
J—1/2§n
WMAP = ’w0+7+0p(—)7

n
1
n
1
wpy = ’wo—i-i\/ﬁ +Op(ﬁ)'

Remark 26. (1) Even if a same prior distribution is employed, p(x|warap)
and p(z|lwpyr) are different from the Bayesian estimation E,[p(z|w)]. In
some books and papers, p(x|wyrap) and p(xz|wpyr) may be called ‘Bayesian
estimation” and E,, [p(z|w)] is called ‘fully Bayesian estimation’.

(2) If a true distribution is not regular for a statistical model, then wy;y,
wprap, and wpys are not equivalent even asymptotically.
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Lemma 20. The generalization and training losses of the mazimum likeli-
hood method are defined by

Gn(ML) = L(wwmr), (4.49)
T.(ML) = Lp(wmi) (4.50)

If a true model is reqular for a statistical model,

l6al®
2n

(%) (4.51)
2
HSnH o

Gu(ML) = L(uwg) +

1
T.(ML) = Lp(wy)— ;) (4.52)
The generalization and training losses of the mazimum a posteriori method
and posterior mean method are asymptotically equivalent to those of the

maximum likelihood method.

Proof. The generalization and training losses by the maximum likelihood
method are given by

Gu(ML) = L{wo) + K (warr), (4.53)
To(ML) = Ln(wy) + Kn(wp). (4.54)
By J = V2K (wy),
K(wyy) = %(wo — wars) - V2K (wo) (wo — warr) + op(%)
_lgl? 1
= om + Op(;)

and by VI, (wo) = —(1/y/1) V(o) = —(1/y/7)J/26,, and
V2K, (wo) = V2K (wp) + 0p(1),
it follows that
Kolwne) = (o —wnr) - VK (o)
(0 — warz) - V2K (wo)(wo — warz) + 0,(-)

__lgal® !
T +Op(ﬁ)'
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The generalization and training losses of the maximum it a posteriori
and the posterior mean methods have the same asymptotic behaviors as
the maximum likelihood method. If a true distribution is realizable by a
statistical model, then I = J, resulting that these asymptotic losses are
equivalent to those of Bayesian estimation in Theorem 6.

Remark 27. (Deviance and functional variance) In Bayesian estimation, the
deviance Dev and functional variance V' are defined by

Dev = {3 EulogpCXilu)] - D losp(Xi[Eufu))}
i i=1
v o= —Z{ [(log p(X: w))?] — Ellog p(X;[w)]? |

If a true distribution is regular for a statistical model and if n is sufficiently
large,

Dev = 2{E[K,(w)] — Ky(Eyw])}
T T

2n 2n
= 2o, (4.55)
and
Vo= o) = 2D Lo ). (4.56)

Note that eq.(4.55) and eq.(4.56) hold even if a true distribution is not
realizable by a statistical model.

In practical applications, we do not know the true distribution, hence
the optimal parameter wg is unknown. Let w be the MAP estimator. Let
us introduce a numerical calculation method for the free energy,

F, = —10g/exp(—n£(w))dw.
Here L(w) is the sum of the log likelihood function and log prior,

L(w) = nL,(w) — log p(w).

By the regularity condition,

nL(w) 2 nLy () + g(w — )T (w — ) + 0p(1),
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where we used a notation, J,, = V2L, (). It follows that
o d d 1 .
E, =nLy(w)+ B logn — 5 log(2m) + 3 log det J,, —log ¢(w) + op(1). (4.57)

The information criterion BIC is defined by

BIC = nLy (W) + %log n. (4.58)
The cross validation and training losses are
Cn =~ Ly(w)+ %‘T[:Jﬁ + 0,(1/n), (4.59)
T, ~ L)+ 2= “";i"']; ) 4 on1/n), (4.60)
where .
I = = 3 (X 0)(V (X5, 0)"

4.6 Problems

1. Let p(x|m,s) and ¢(m, s|¢) be a statistical model and a prior given by
eq.(2.1) and eq.(2.2), respectively. Show that the MAP estimator (1, §) is

o= 2/ds,
5 = 03/(6nds = 03),
where ¢1, ¢y, and ¢3 are given by eq.(2.6), (2.7), and (2.8). The log loss

function is given by

logs 5 < 9
= X — .
2 "o i:l( i=m)

1
Ly(w) = 3 log(2m) —
Show that the matrix I,,(m, s) is given by

5% —
(In)i1(m,s) = EZ(XZ-—m)Q,
i=1

n

(In)iz(m,s) = oo ) (1—s(X;— m)*)(X; —m),

(In)22(m,s) = —» (1/s = (Xi —m)*)?,
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Figure 4.1: Free energy and its asymptotic form in normal distribution.
Values F,, — nS,, are compared with the asymptotic form and BIC. In a
normal distribution, F,, — nS,, can be approximated by its asymptotic form
when n > 10. The difference between F,, and BIC is a constant order term.

and (I,)21(m, s) = (I)12(m, s). Also the matrix J,(m,s) is given by
(Jn)in(m,s) = s,
1 n
Jn ) = - Xi7
(Jn)12(m, 5) m— = ;

(Jn)22(m,s) = 1/(2s%),

and (Jp)21(m, s) = (Jp)12(m, s). A true parameter wy and a hyperparamter
¢ are determined as Example 5. The free energy or the minus log marginal
likelihood F;, and the empirical entropy are given by eq.(2.9) and L, (wq),
respectively. The asymptotic form of F, and BIC are given by eq.(4.57)
and eq.(4.58), respectively. In Figure 4.1, F,, — nS,, is compared with its
asymptotic form and BIC, by using the numerical calculation. In a normal
distribution, the free energy can be approximated by its asymptotic form
when n > 10. The difference between F,, and BIC is a constant order term.
In Figure 4.2, tr(I,(w).J; ' ()) is compared with nV and n(C, —T},), where

n
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2.5
27 & )
| 2>
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n: sample size

Figure 4.2: Comparison of tr(7J~!) with V in normal distribution. Values
tr(L,(w)J,; 1 ()) are compared with nV, and n(CV — TE), where V is the
functional variance, C'V —TE is the difference between the cross validation
error and the training error in a simple normal distribution.

V and C,, — T,, are the functional variance and the difference between the
cross validation and training loss. In this case, the variance of the n(C,,—1T),)
is larger than the others. The values n(C,, — T;,) and nV are approximated
by tr(I,J,; ') when n > 40. From the numerical point of view, the precise
approximation of the free energy does not ensure that of the generalization
loss.

2. A statistical model is defined by
p(zla,b) = (1 — a)N(z) + aN(z — b),

where N(z) is the probability density of the standard normal distribution.
A true density is set as ¢(x) = p(z|0.5,1) and the uniform prior for (a,b)
is given by [0,1] x [0,2]. Then the true distribution is realizable by and
regular for a statistical model and the maximum a posteriori estimator is
equal to the maximum likelihood estimator. The free energy or the minus
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— % F-n*Sn

1 r S Asymptotic F - n*Sn b
= BIC - n*Sn

(0] 100 200 300 400 500 600

sample size n

Figure 4.3: Free energy and its asymptotic form in a normal mixture. Values
F, — nS,, are compared with its asymptotic form and BIC. In a normal
mixture, F,, — nS, can be approximated by its asymptotic form when n >
200. The difference between Fj,, and BIC is a constant order term.

log marginal likelihood F,, and the empirical entropy are given by eq.(2.9)
and L, (wp), respectively. The asymptotic form of F,, and BIC are given by
eq.(4.57) and eq.(4.58), respectively. In this experiment, the integration of a
function f(a,b) over the parameter (a,b) is performed by the Riemann sum

N N

/1 da /2f(a, b)dadb = ﬁ S S FG/N —1/2,2k/N — 1),
0 0 =k

1 k=1

In Figure 4.3, F,, — nS,, is compared with its asymptotic form and BIC, by
using the numerical calculation. In a normal mixture, the free energy can be
approximated by its asymptotic form when n > 200. The difference between
F,, and BIC is a constant order term. In Figure 4.4, ntr(I,(w)J,; ! () is
numerically compared with nV where V' is the functional variance. The hor-
izontal and vertical axes show the sample size and the average and standard
deviation for 100 sample sets X", respectively. The true parameter is the

regular point for the statistical model. Let M(x) = N(z) — N(x — b) and
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2.8

2.6 [ 7

/E_

| ke tr (1 )
1.2 —S—n xV -
— 5 —n x (CV-TE)

] L L L L L
0 100 200 300 400 500 600

n: sample size

Figure 4.4: Comparison with tr(/J~!) with V in normal mixture. Values for
tr(L,(w)J,; 1 ()) are compared with nV, and n(CV — GE), where V is the
functional variance, C'V is the cross validation error, and T'E is the training
error in a normal mixture.

p(z) = p(z|a,b). Show that

(ha(a:d) = &2 MOX/pX0)
(Liala,t) —ZaM V'@~ b))

(In)22(a,b) = —Z{GN' D)} /p(X:)?,

and (I,)21(a,b) = (I,)12(a,b). Also show that the matrix J,(a,b) is given
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by

ue8) = = 57 MG /p(X0)
1=1

(el 8) = = 57 N'(e = B){p(X0) +aM(X)}/p(X,)P
1=1

(ma(a,d) = © S {-aN"(X; —b)/p+ (aN'(X; ~ b)) /o),
=1

and (J,)21(a,b) = (Jp)12(a,b). The varinace of tr(I,(w).J,; ' ()) is larger
than those of nV and n(C,, — T;,). The dimension of the parameter space
is two, and the true parameter is a regular point for the log loss function.
However, the regular theory needs n > 500. From the numerical point of
view, the precise approximation of the free energy does not ensure that of
the generalization loss.

3. A neural network is defined by a conditional density

plule.0.8) = == exp(—3(y — atanh (b))

A probability density of = is set as the uniform distribution of [-2,2]. A
true conditional density is set as p(y|x, 1,1), and the uniform prior for (a,b)
is given by [0,2] x [0,2]. Then the true distribution is realizable by and
regular for a statistical model and the maximum a posteriori estimator is
equal to the maximum likelihood estimator. The value ntr(I,(w)J, (b))
is numerically compared with nV where V is the functional variance. The
experimental result is shown in Figure 4.5. The horizontal and vertical axes
show the sample size and the average and standard deviation for 100 sample
sets (X™,Y™), respectively. In this case the true parameter is the regular
point for the statistical model. Let

Zy(x) = tanh(bx),
Zi(x) = (1= Zo(x)*)z,
Dolw) = —27(x) % (x)e.
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3
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Figure 4.5: Comparison with tr(ZJ~!) with V in neural network. Values for
tr(L,(w)J, 1 ()) are compared with nV, and n(CV — GE), where V is the
functional variance, C'V is the cross validation error, and T'E is the training
error in a neural network.

(In)11(a,b) = EZ(GZO(Xi)—YiVZO(Xi)Q,
1=1

(e(@b) = 3 aZ(X;) - VP Z(X) Z1(X),
=1

(lat) = 5" (aZ(X) — YPZ(X0P,
1=1

and (I,)21(a,b) = (I,)12(a,b). Also show that the matrix J,(a,b) is given
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by
(Tu(at) = %izonxz)?,
(Tiala,t) = %ﬁ;{zazomzmxi)—Yizl<Xz~>},
(Ja)aala,t) = %é{awﬁmﬂa(azo(xi)—YZ-)Zz(X»},

and (J,)21(a,b) = (J,)12(a,b). The varinace of tr(I,(w).J,; ' ()) is largar
than those of nV and n(C,, —T,,). Tthe dimension of the parameter space
is two, and the true parameter is a regular point for the log loss function,
however, the regular theory needs n > 1000. In practical applications, neu-
ral networks which have many parameters are employed, hence the regular
theory does not hold in all cases. However, the general theory introduced in
the following chapters holds.
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Chapter 5

Standard Posterior
Distribution

If a true distribution is regular for a statistical model and if the posterior
distribution can be approximated by a normal distribution, the difference
between Bayesian and maximum likelihood estimations is not so large. How-
ever, the posterior distributions are often far from any normal distribution,
showing that Bayesian estimation gives the more accurate inference than
other estimation methods. In this chapter we study the case when the pos-
terior density p(w) is asymptotically given by

p(w) o exp (—n w%kl wgkz w?ikd>.
It might seem that such a posterior density appears in a special case. How-
ever, in the next chapter, we show that most posterior densities are mathe-
matically equivalent to this function. Therefore, the results of this chapter
are the universal laws of Bayesian statistics.
This chapter consists of the following parts.
(1) A standard form is introduced and the real log canonical threshold is
defined.
(2) Asymptotic property of a state density function is derived.
(3) Asymptotic behavior of the free energy or the minus log marginal like-
lihood is represented by the real log canonical threshold.
(4) By using the renormalized posterior distribution, mathematical laws
among the generalization loss, cross validation loss, training loss, and WAIC
are established.
(5) If random variables are conditionally independent, the relation between
the generalization and cross validation losses does not hold. However, the

135
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mathematical theorem which connects the generalization loss and WAIC can
be proved.

5.1 Standard Form
In order to define a standard form, we need a representation of a multi-index.
Definition 13. (Multi-index) A d-dimensional multi-index k& is defined by
k= (ki,ka,....,kq).
For a multi-index k, notations k£ > 0 and k > 0 are defined as follows.
k>0<=k >0k >0,..k; > 0.

and
k>0<+= k>0, there exists j such that k; > 0.

Let k > 0. For a given variable w = (wy,ws, ..., wg) € R? we define

k)_ kl kg k)d
w” = witwy? - wy?,
where 09 = 1.

Ezample 23. Let d = 5. For multi-indexes,

k = (37 67 77 07 0)7
h = (1707 0787 0)7

and a variable w = (w1, wy, w3, wy, ws),

Wt = wlubul,
wh = wiwl.

Note that, if A = (0,0,0,0,0), then
wh =1.

The following definition is the concept of the standard form. Let g(z)
and p(x|w) be a true distribution and a statistical model, respectively.
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Definition 14. (Standard form) Let € RN and w € W c R?. We study
a statistical model p(z|w) of x for a given parameter w. Assume that W is
a compact set which is a closure of some open set. Also we assume that W
contains the origin and that Wy is the set of parameters which minimizes
the average log loss function. The log density ratio function and its average
are respectively denoted by

p(z[wo)
p(z|w)

K(w) = /q(a:)f(x,w)da;. (5.2)

(@, w) : (5.1)

We assume that the log density ratio function has relatively finite variance,
hence f(z,w) does not depend on the choice of wy € Wy. A set of statistical
model p(z|w) and a prior ¢(w) is said to be a standard form if there exist
functions a(z,w) and b(w) which satisfy

flz,w) = wka(x,w), (5.3)
Kw) = w*, (5.4)
p(w) = [w] b(w), (5.5)

where both £ > 0 and h > 0 are multi-indexes and b(w) > 0 in a neighbor-
hood of the origin.

Remark 28. (Normal crossing function) If an average log density ratio func-
tion K (w) is represented by w?*, then it is called normal crossing. It might
seem that a very special set of a statistical model and a prior has a standard
form. However, in the next section, we show almost all statistical models
and priors such as a normal mixture and a neural network can be made to
be standard forms by using an algebraic geometrical transform of the pa-
rameter set. Therefore the statistical theory of this chapter holds for such
statistical models and priors.

By the definition and

it follows that

wh = /q(:n)a(:n,w)dm.
The set of optimal parameters Wy = {w € W; K(w) = 0} is
Wo = {w € W;w* =0},
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which is equal to
Wy = U {weW; w; =0},
Jik;>0
where ;. k>0 shows the union of sets for all j such that k; > 0.

Ezample 24. Let x,w € R and W = [~1,1]. A statistical model and a prior
are

Tiw) = iex —(z — w)?
p(zfw) NG p(—(z —w)7),

p(w) = |wf.
Assume that ¢(z) = p(z|0). Then wy = 0 and
flz,w) = w(w—x), (5.6)
Kw) = w? (5.7)

Therefore the set of a model and a prior is a standard form with &k = 1,h = 2
and

a(z,w) = w-—uzx, (5.8)
b(w) = 1 (5.9)

Example 25. Let —1 <2 <1,y € R, and W = {(s,t) € R%; -1 < s,t < 1}.
A statistical model and a prior are defined by

1 1
peylsit) = 57 ep{ -3 - sF@ 0},
pls,1) = 1/4,
where 73
3r+1
F($,t) = ﬂﬁ

Therefore p(z|s,t) is the uniform distribution on [—1,1]. Assume that
q(z,y) = p(z,y]0,0). Then

f(z,s,t) = s F(z,t)?/2 — syF(z,t), (5.10)
K(s,t) = s (5.11)
Hence
a(z,s,t) = sF(x,t)?/2 —yF(x,t), (5.12)
b(s,t) = 1/4. (5.13)

Therefore the set of a model and a prior is a standard form with k£ = (1,0),
h = (0,0).
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Example 26. Let x = (y,2),w = (s,t) € R? and
W ={w=(s,t); s> +t* < 1}.

A statistical model and a prior are

plycls,t) = Texp(—(y— ) — (=~ 1)),
1
o(s,t) = =

Assume that ¢(z) = p(x]0,0). Then wy = (0,0) and

flz,w) = s*+t*—2ys—22t,
Kw) = s+t

This is not a standard form. By using a polar coordinate (r,6),

s = rcosb,

t = rsind,
where 0 <r <1 and 0 < 6 < 27, the model and prior are rewritten as

flx,r,0) = r(r—2ycosf — 2zsiné),

K(r,0) = r2
p(w)dw = " drde.
T

Therefore the pair of a model and a prior is a standard form with k =
(1,0),h = (1,0) and

a(z,r,0) = r—2ycosh —2zsinb,
1
b(r,0) = —.
(o) =
In this case, a true distribution ¢(x) is regular for a statistical model p(z|s, t),

but not for p(z|r,0).

Lemma 21. Assume that a statistical model p(x|w) has a relatively finite
variance and that there exists a C'-class function Ko(w) > 0 which satisfies

flz,w) = whalz,w), (5.14)
Kw) = w*Ky(w), (5.15)
pw) = |w"|b(w), (5.16)
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where k > 0 and h > 0 are multi-indezes and b(w) > 0 in a neighborhood of
the origin. Since k > 0, we can assume k1 > 0 without loss of generality.
Also we assume that

W(dEKo) = {w € W ; Ko(w)V/2 + 20 iy () /21 250(0) _ )
2]€1 awl

s a measure zero subset in W. Then by using

1/(2k
ul = K()(’w) /( 1)11)1,
Uz = w2,
Ug = Wq,

the pair of a model and a prior is a standard form of u.

Proof. The absolute value of the determinant of the Jacobian matrix |Ou /0w
is equal to |Ou; /0w | and
0K, 0 (w)

w _
= Ko(w) /21 4 S Ko (w) /2 =20

u
8’[1)1

Since Ko(w) > 0 is a Cl-class function and W is compact, there exist
constants A, B > 0 such that

in K A
min Ko(w) > 4,

e 200

B.

Therefore, in a neighborhood of the origin, |0u; /Ow1| > 0. The map w — u
is one-to-one in the set W \ W (9ui/0w;), where W (0u;/0w;) is the set
of all zero points of |Quj/Owi|. Thus its inverse function is well-defined in
W\ W (0u; /Owy), which is denoted by w = g(u). Then

flagw) = uba(e,gu))/Kolg(w)V2,
/ 0@)f(z, g())dz = u?,
Plg)lg )] = [ulb(g(u))lg’ ()],

which shows the pair of a model and a prior is a standard form, where |¢’(u)|
is the determinant of the Jacobian matrix of w = g(u). O
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Ezample 27. Let 0 <z <1,y € R,and W = {(s,t) e R}0 < 5,t < 1}. A
statistical model and a prior are defined by

Pl yls,t) = \/12_Wexp(_l<y_stanh<m>)2>,

2
e(s,t) = L

Therefore p(z|s, t) is the uniform distribution on [0, 1]. Assume that ¢(x,y) =
p(z,y[0,0). Then

s2t2
K(s,t) = TKo(t),

Kolt) = /0 1(M)2d$.

t

By the above lemma, the pair of a model and a prior is made to be a standard
form by

where

/
s = s,

¢ = t(Ko(t)/2)"2.
In this case, a true distribution cannot be regular for a statistical model by
any transform of parameters.
Ezample 28. Let N(x) be a probability density function of the normal distri-

bution whose average and standard deviation are zero and one respectively,

N = S exp(- )
= —exp(——).
V2 P73
Let x € Rand W = {(s,%);0 < s < 1,]t|] < 1}. A statistical model and a
prior are defined by
p(zls,t) = (1—s)N(z)+sN(z 1),
o(s, t) = 1/2.
Assume that a true distribution is N (z). Then the set of optimal parameters
is

Wo={(s,t) e W; s=0, ort =0}.
The log density ratio function is
N(z)
t) = 1
f(@,5.8) ©8 (1 —=5)N(z)+ sN(x —1)
= —log[l + s{e* /2 —1}]
= st (x—1t/2) T(tx —t%/2) S(s(et”c_’g/2 - 1)),
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where two analytic functions are defined by

S(x) = log(1+x)/z,
T(z) = (" =1)/x,

with 7'(0) = S(0) = 1. Hence by
a(z,s,t) = —(x —t/2) T(tx — t*/2) kS*(s(em_tz/2 -1)),
the pair of a model and a prior is a standard form. Note that

K(s,t) = /N(a:){f(a:,s,t) +exp(—f(x,s,t)) — 1} dz
_ / N@)f (5,020 (f (@, 5,8))dx

where

is an analytic function by defining U(0) = 1/2. In this case, a true distri-
bution N(z) cannot be regular for a statistical model by any transform of
parameters.

Example 29. Let 0 < 21,70 < 1, y € R, and W = {(s,t1,t2) € R3;0 < s <
1,¢3 + 13 < 1}. A statistical model and a prior are defined by

1 1
(e, 22,y[s,t) = oL eXP(—§(y — stanh(tjz; + tawa))?),
o(s,t1,t2) = 1/

Therefore p(x1,x2|s,t1,ts) is the uniform distribution on [0,1]2. Assume
that q(:Ely z2, y) = p(gjla €2, y|07 07 0) By llSng

s = s,
ti, = rcosb,
to = rsind,
where 0 <r <1, —w <6<,
2,.2
K(S,T‘,G) = %KO(Tv 0)7

(1/m)dsdt dtea = (r/m)dsdrdd,
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where

1 1 : 2
Ko(r.0) = / / (tanh{r(a:l cos 6 + xa sin 9)}) doydis,.
0o Jo

r

The pair of a model and a prior is made a standard form.
Ezxample 30. A neural network which has H hidden units is defined by

H

p(z,yl{sn, tn}) = \/12_71 exp(—%(y - Zsh tanh(t,x))?).

h=1

In this case, in order to find a transform which makes the model a standard
form, we need the method explained in the next chapter.

Remark 29. Almost all statistical models and priors used in practical ap-
plications can be made to be standard forms by choosing an appropriate
function,

w = g(u).

Then a statistical model and a prior are rewritten as

p(zlw) = p(xlg(u)),
pwydw = o(u)lg (u)|du,

where |¢'(u)| is the absolute value of the determinant of the Jacobian matrix,

/()] = [aet (32)|

From the view point of Bayesian statistics, (p(z|w), p(w)) is equivalent to
(p(z]g(w)), o(w)|g' (w)]). In other words, the free energy and generalization,
cross validation, and training losses are invariant by w = g(u). A method
to find the appropriate function w = g(u) is discussed in the next chapter.

In order to study statistical estimation, we need additional mathematical
conditions.

Definition 15. (Mathematical condition) (1) The set of parameters W is
a compact set in R? and the closure of its largest open set is equal to W.
(2) A statistical model is a standard form and a(x,w) defined in eq.(5.3)
satisfies that for an arbitrary s > 0 and arbitrary multi-index k > 0,

/ sup |(8/0w)*a(x, w)|*q(z)ds < co.
weWw
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To construct statistical theory for a standard form, we need stochastic
process because Wy is not a single element.

Definition 16. Assume that a statistical model is a standard form. A
stochastic process &, (w) is defined by

£ (w) = % Zz:;{wk ~ a(Xi,w)}. (5.17)

By this definition and the assumption that a statistical model is a stan-
dard form, it follows that

Elén(w)] = 0, (5.18)
El6,(w)én(u)] = Exla(X,w)a(X,u)] — w*uP. (5.19)
On the other hand, the Gaussian process £(w) on W that satisfies

Ee[((w)] = 0, (5.20)
Ee[é(w)é(u)] = Eg[a(X,w)a(X,u)]—wkuk, (5.21)

is uniquely determined. If &, (w) satisfies conditions of Definition 15,

lim E[F(&,)] = E¢[F(€))]

n—o0

holds for an arbitrary continuous and bounded functional F'( ), where F' is
a function from a set of functions

{f(w) ; sup |f(w)| < oo}

weW

to R. Moreover, for an arbitrary s > 0,

lim E[sup |&,(w)]*] = E¢[sup |{(w)]?].
n—oo weWw weWw

The mathematical background of these properties is explained in Section
10.4.

Ezample 31. Let {X;;i = 1,2,...,n} be a set of independent random vari-
ables which are subject to the uniform distribution on [—1, 1]. For a param-
eter a (0 < a < 27), an empirical process &, (a) is defined by

1 - . '
En(a) = % ZZ:;sm(aa:,).
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o

Empirical Process

n=10 n=100

Figure 5.1: Examples of empirical processes are illustrated for n = 10 and
n = 100. In the standard theory, the set of the optimal parameters Wj
consists of a union of several manifolds, empirical process theory is necessary.

For each a, &,(a) converges to a normal distribution whose average is zero
and variance is Ex[sin(aX)?]. See Figure 5.1. Moreover, &, (a) converges
to a Gaussian process as a random process. Here a random process is a
function-valued random variable.

Theorem 8. Assume that a set of a statistical model and a prior is a stan-
dard form. The log likelihood ratio function is defined by

Ko (w) = %Zf(Xi,w).
i=1

Then
nK,(w) = nw? —/nwk &, (w), (5.22)

where &,(w) satisfies the convergence in distribution &,(w) — £(w).

Proof. This theorem is shown by applying definitions f(z,w) = w¥a(z,w),
K(w) = w?, and eq.(5.17) to

nk,(w) = nK(w) — n(K(w) — K,(w)).

Then by using the empirical process theory in Section 10.4, we obtain the
theorem. ]
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Ezample 32. For a nonregular case in Example 25, &,(s,t) is given by

€(5.8) = <= S {s = sF(X /24 ViF (X))
i=1

Then
nkK,(s,t) = ns®> —/n s E,(s,t).

5.2 State Density Function

Let K(w) and ¢(w) be the average log density ratio function and a prior of
w € W C R? respectively. The posterior distribution has a form

exp(—nK(w)) ¢(w),

which is the Laplace transform of the state density function

o(t — K(w)) p(w),

where t > 0. The asymptotic behavior for n — oo corresponds to ¢t — 40,
hence in this section we study the state density funciton and its asymptotic
behavior.

Assume that a pair of a statistical model and a prior is a standard form.
Then on the positive region of parameters,

w1, W, ..., Wq > O, (523)
the state density function is
3(t — K (w)p(w) = 8(t — w)|w”[b(w)x (w),

where x(w) is the characteristic function of the positive region of parameters,

o 1 (w17w27"'7wd 20)
x(w) = { 0 (otherwise) ' (5.24)

For general cases other than eq.(5.23), 0(t — K (w))¢(w) can be treated by
using this case. See Remark 33.

Let us show that the asymptotic bahavior of the state density function
is determined by the real log canonical threshold and its multiplicity deter-
mined by the multi-indexes k and h by the following definition.
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Definition 17. (Real log canonical threshold and its multiplicity) Let k > 0
and h > 0 be d dimensional multi-indexes. Without loss of generality, we
can assume that

h;+1
= 1,2,...,d}
{ ok
is a nondecreasing sequence of i, where, if k; = 0, we define
= 4o00.
2k;

Then by definition, there exist a positive real value A > 0 and a positive
integer m (1 < m < d) such that

)\_h1+1_h2+1_ _hm+1
2%k 2ke 2k,
and " )
A<D ny1<j<a)

2k;

Then the constants A and m constitute a real log canonical threshold and

its multiplicity. The redundant multi-index g = (fmat, ..., ftqg) € R is
defined by

pj = =2Xkj +h; (G =m+1,...d). (5.25)

By the definition, pu; > —1. If m = d, then p is the empty set.
FEzxzample 33. For the case
k: = (37 1747 1727 070)7
h = (2,0,3,1,5,0,1),
elements of the set {(h; +1)/(2k;)} are given by
2+1 0+1 3+1 141 5+1 0+1 1+1
6 > 2’ 87 2747 0 07
which is a nondecreasing sequence. Therefore A = 1/2 and m = 3, resulting
that

(4, ps, pe, p7) = (0,3,0,1).

Definition 18. Let £ > 0 and h > 0 be arbitrary multi-indexes. Let A and
m be the real log canonical threshold and its multiplicity, respectively. The
constant C(k, m) is defined by

C(k,m) = 2™(m— D] k. (5.26)

m
=1



148 CHAPTER 5. STANDARD POSTERIOR DISTRIBUTION

We use a notation,
w = (Wa,wg),

where
Wo = (U)l,'lUQ,...,wm),
wﬁ = (wm+17 Wim425 +-+5 wd)'

Then a function f(w) is rewritten as f(w) = f(wa,wg). A function (hyper-
function or distribution) D(w) is defined by

D(w) = Gy 3wa) [ Bwpx(w). (5.27)

where p is the redundant multi-index defined by eq.(5.25) and §(w,) is
defined by

m
8(wa) = [T (wy).
j=1
If a function ¥ (w;) is not continuous at w; = 0, then

/ 6 (uw; (o

is not defined. In such a case, we adopt a generalized delta function

in the definition of D(w).
Ezample 34. For k and m in Example 33, the constant C'(k,m) is
C(k,m)=233—-1)!3-1-4=192.
By m = 3,
we = (wy,wy,ws),
wg = (w4, ws,ws, wr).

Then a function f(w) is rewritten as f(w) = f(wa,wg). A function (hyper-
function or distribution) D(w) is given by
1
D(w) = 155 0(w1)d(w2)d(ws)|(wa)" (ws)*(we)" (wr) b(w) x(w)-

Since p; > —1, fW D(w)dw is a finite value if W is compact.
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Theorem 9. Assume that a pair of a statistical model and a prior is a
standard form and that A and m are the real log canonical threshold and its
multiplicity. Then the following asymptotic expansion holds for t — +0,

3(t — w?)w"b(w)x(w) = 7! (=logt)™ " D(w)
+o(t* (= log t)™ 1), (5.28)

where x(w) and D(w) are defined in eq.(5.24) and (5.27) respectively.
Proof. For an arbitrary C*°-class function ¢(w), we define
o) = [ att =~ w)u b (w)i(w)do.
w

The Mellin transform of v(t) is defined by

(Mov)(z) = /0 T o,

where z € C. Then by the definition,

(M) (2) = /W W () x (1) (a0 .

Since W is compact, there exists D > 0 such that
(o)) = [ Wt blw)(w)de.
[0, D]

By the mean value theorem, there exists w* such that |w*| < |w| and
b(w)i(w) = b0, ws)P(0,wg) + Y wj(d/0wy)(b(w*)p(w?)).  (5.29)
j=1
A complex function of z € C defined by

m ) )

D2k]z+h]+1
2kz,  h

wsF |lwaldw, = —_—

/[()7D]m @ @ (6% Jate 2]€]Z + h] + 1

1 ™1 + (D2kj(z+)\) _ 1)
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has a pole at z = —\ with the order m. Therefore by using eq.(5.29),

1 1
(Mv)(z) = m(gm) /[07D]dmwgb(O,wg)w(O,wg)dwg

+O(W).

Note that the integration of the first term in the right hand side is finite
because the redundant index satisfies y; > —1. Then by using the inverse
Mellin transform shown in Remark 30,

M (=logt)ymt A 1
o(t) = =T (1;[ %> /[O’D}dmwgb(o,wg)w((),wg)dwg

+0 (t’\_l(— logt)m_z),
which completes Theorem 9. ]

Remark 30. The Mellin transform of
A =logt)™ 1 (0<t<1

0 (otherwise)
is given by
(m—1)!
M — )
(M1)(:) =

which can be derived by the recursive partial integration.

Remark 31. Theorem 9 shows the following fact. The state density function
§(t — w?*)|w"| is not a well-defined hyperfunction when ¢ — +0. However,
it is asymptotically given by the well-defined hyperfunction D(w),

3(t — w?)|w" [b(w)x (w) = 1 (~log )™ D(w),
and its asymptotic behavior as a function of ¢ is determined by the real log

canonical threshold A and its multiplicity m.

Ezample 35. Let us study a state density function
3(t — %)z *b(z)x (x),

where b(x) > 0. This case corresponds to k = 3 and h = 2 in the above
theorem. Hence A = (h +1)/(2k) = 1/2 and m = 1. The redundant index
is empty.

C(k,m)=2"(m— 1)k =6.
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By Theorem 9, as t — 40,
+—1/2
6

Ezxample 36. Let us study a state density function on

5t — 29)|a?|b(2) x(z) = §(x)b(0) + o(t~1/?).

5(t — 33‘43/628) |$1y226|b($7 Y, z)x(m, Y, Z)v

where b(x,y,z) > 0. The multi-indexes are k = (2,3,4) and h = (1,2,6),
hence

(141 241 641
)\:mln{ },

4 7 6 8
which shows A = 1/2 and m = 2, resulting that

C(k,m) =2"(m — 1)k -ky=2>-(2-1)-2-3=24.

The redundant multi-index is pu3 = —2-(1/2) -4+ 6 = 2. By Theorem 9, as
t— 0,

6(t - x4y628)‘x1y226‘b(x7 Y, Z)X(‘Ta Y, Z)

1
= ﬂt_lm(—logt) §(x)8(y)2%b(0,0, 2).
Remark 32. Let K(w) and ¢(w) be an average log density ratio function
and a prior, respectively. The zeta function is defined by

() = / K(w) pw)dw (2 € C),

which is equal to the Mellin transform of the state density function. Then
K (w) is an analytic function on Re(z) > 0, which can be analytically contin-
ued to a meromorphic function whose poles are all real and negative values.
Let the largest pole of {(z) be (—\) and its order be m. Then A\ and m are
equal to the real log canonical threshold and its multiplicity, respectively.

Remark 33. In the above definitions, it is assumed that W is contained in
[0, D]¢ for some D > 0. For the other cases, we can use the same procedures.
Let 0 = (01,09, ...,04), where 0; = 1 or 0; = —1. The set of all such variables
is denoted by X4. For o € 3;, We define

ow = (O‘lwl,O'QZUg, ceey adwd).

Note that for an arbitrary o, 0w = w and |cw”| = |w*|. Also we define a

set of parameters o(S) by
o(S)={ow; weS}
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If W C o(]0, D]?), we define a generalized version of D(w) by

D,(w) = Clem) 0(owy) |wg| b(w)x(ow). (5.30)

Then

3(t — w)w" [b(w)x(ow)
= 8(t = (ow)*)|(ow)"|b(w)x(ow)
= t)‘_l(— log t)™ 1Dy (w) + o(t>‘_1(— logt)™1).
Therefore, the asymptotic form of the state density function for the case

oW C [0,D]? results in Theorem 9. If W C [~D, D]%, the state density
function is the sum of the

5(t — w?*)w”|b(w)
= 8t —w) wb(w)x (ow)

oeXy

=7 (= 1og )" (Y Dow)) + 0"~ (~ log )™ ).

oEYy

By applying Theorem 9, the state density function is represented by the sum
of o € ¥;. Note that

w® 5(t — w?F)|w"|b(w)x (ow)
= (") t*2 (= log )" 1D, (w) + o(t* V2 (= log t)™ ).

5.3 Asymptotic Free Energy

In this section, we study the asymptotic behavior of the free energy or the
minus log marginal likelihood. The normalized posterior function Q(w) is
defined by

n

p(w) [ p(Xilw)
Qw) = =1 : (5.31)

n

[T p(Xilwo)

i=1

This function is in proportion to the posterior density as a function of the
parameter w. The posterior density is an exponential function of n, whereas
the normalized posterior function is in proportion to (logn)™~!/ n?, where \
and m are the real log canonical threshold and its multiplicity respectively.
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Theorem 10. Assume that a pair of a statistical model and a prior has a
standard form and that A and m are the real log canonical threshold and its
multiplicity, respectively. If the set of parameters W is contained in [0, D]?,
then

Qw) = MD(QU) /000 dt t* exp(—t + V1 &, (w))

nA
)m—l

+0p<%), (5.32)

where &,(w) and D(w) are functions defined by eqs. (5.17) and (5.27),
respectively.

Proof. If w € W C [0, D]?, by using eq.(5.22),

Qw) = exp(—nkn(w))p(w)
= exp(—nw + ', (w))|w" [b(w)

- / 5t — w™)[wh| exp(—nt + Vi & (w))b(w)dt.
0
By replacing ¢ := t/n and by Theorem 9, it follows that

ow - [ T S(L ) exp(—t + VE &u(w) bluw)

= /000 % (%)A_l (log(%))m_lD(w) exp(—t + vVt & (w))
+o0,((logn)™ 1 /n?).
Since
(1o6(%))"" = Gogn)™ + O((tog ™),
we obtain Theorem 10. O

Theorem 11. Assume the same condition as in Theorem 10. Then the free
energy or the minus log marginal likelihood

n

F, = —log/gp(w) Hp(Xi\w)dw

i=1
has the asymptotic expansion

F, = nLy(wy)+ Alogn — (m — 1)loglogn
—log(/ de(w)/O dt t' 1 exp(—t + V1 §n(w))> + 0,(1),
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where

1 n
Ln(wo) = —— > " log p(Xi|w).

i=1

Proof. By the definition of (w) in eq.(5.31),
Fu = —tog( [ 0fw) [[p(Xifun)dw)
i=1

= nLy(wo) —log(/ Q(w)dw).
Combining this equation and Theorem 10 completes the theorem. O
Remark 34. If W is contained in [—D, D]¢, then by Remark 33,

5(t — w?)|w|b(w)
= t* (= logt)m ! ( Z Da(w)) + o(t* L (=logt)™ 1),

oEYy

Therefore,

F, = nL,(wo) + Alogn — (m — 1) loglogn
— log< Z /deU(w)/O dt t'" 1 exp(—t + V't o §n(w))> + 0p(1).

geYy

In other words, the main order terms are same as in Theorem 11, whereas
the constant order term is different.

Ezample 37. For a triple of a statistical model, a true distribution, and
a prior given in Example 27, A = 1 and m = 2. A numerical result of
F,, — nL,(wp) is shown in Figure 5.4. In general, A and m depend on a
true distribution, hence the Theorem 11 cannot be employed if we do not
know the true distribution. However, by using the mathematical property
of F,,, we can derive the information criterion WBIC by which F,, can be
estimated without information of the true distribution (Chapter 8).

5.4 Renormalized Posterior Distribution

In this section, we derive the asymptotic behaviors of the generalization,
training, and cross validation losses and WAIC. By using Q(w) in eq.(5.31),
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the posterior expected value of an arbitrary function y(w) is rewritten as

Eyly(w)] = /y(w)Q(w)dw
/

. (5.33)
Q(w)dw

This is the definition of the posterior average. However, the behavior for n —
oo cannot be derived directly from this definition. By using the standard
form, the posterior distribution can be represented by a product of a function
of n and the fluctuation function. The renormalized posterior distribution
is neceswary for the fluctuation part.

Definition 19. (Renormalized posterior distribution) Assume the same
condition as Theorem 10. For an arbitrary function z(¢, w), the renormalized
posterior distribution is defined by

/de(w) /OO dt z(t,w) ' exp(—t + V1t &, (w))
(2(t,w)) = s
/de(w) /0 dt t* 1 exp(—t + V't &n(w))

(5.34)

For a given function f(w), the expectation operator (f(w)) depends on
&n(w). If the function &, (w) must be explicitly represented, a notation

(f(w)) = (f(w))e, (5.35)
is used. Note that (f(w)) is a random variable.

Remark 35. By using notation w = (wq,wg) in Definition 18,
D(w) = D(wgq,wp) o §(wg)w),
the posterior average can be rewritten as
o0
/dwg wg/ dt z(t,0,wg) t*! e~V &n(Owp)
_ 0

<Z(t7w)> - [&9)
/dwg wg/ dt $A1 ot VEEn(0wp)
0

(5.36)

Hence, the renormalized posterior distribution does not depend on the set
of values {z(t, wq,wp); jwa| > 0}. The set {(0,wg)} is contained in the set
of the optimal parameters W,. In other words, the renormalized posterior
distribution is the probability distribution on Wj.
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Remark 36. The renormalized posterior distribution is defined for the case
when W C [0, D] for some D > 0. For general cases in Remark 33 it is
defined by replacing

/dw D(w)+ > /deJ(w).

oEYy
The same theorems and lemmas hereafter hold.

Theorem 12. The renormalized posterior distribution satisfies
() = A+ %M & (w)). (5.37)

Proof. By the definition,

/de(w) /000 dt th e~ tHViEn(w)

/de(w)/ dt A1 etV En(u)
0

() = (5.38)

By applying the partial integration over ¢ and using A > 0,

/OO e~ eViEn(w) gy
0

[e.e]

_ [ —tiA ViR (w) > —ti A ViEEn (w)
[e t'e } +/Oedt(te )dt

= )\/OO et LeVign (W) gy
0

0

+ / h et eViEn e (w) /(2v/1)dt.
0

By applying this equation to eq.(5.38), we obtain Theorem 12. O

There are asymptotic relations between the posterior distribution and
the renormalized one, by which the behaviors of the log density ratio function
and its average

p(xlwo)

flz,w) = log o = w"a(z,w), (5.39)

»(
Kw) = / o, w)g(x)dx, (5.40)

are clarified.
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Theorem 13. (Scaling law) Assume the same condition as used in The-
orem 10. For an arbitrary positive integer s,

Euf(,0)] = —5{(Va@w)' ) +ol—), (541
B K@)] = 1)+ op(-0) (5.42)

Proof. Let us prove the first half. The latter half can be proved in the same
way.

/wSka(x w)*Q(w)dw

/Q(w)dw

Let N(s) be the numerator of this equation. Then N(0) is equal to the
denominator and

Ey[f (2, w)*] =

N(s) = /dw wa(x, w)® exp(—nw?® + VnwPe, (w))wb(w)
= /oo dt / dw ts/za(:n, w)*b(w)d(t — nw)wh exp(—t + V&, (w))
_ (logn)™ / dt/de (2, w) A2~ exp(—t + V1 &u(w))

n)\+s/2

to, ( (logn

o)

where we used eq.(5.32) in Theorem 10. Therefore N(s)/N(0) satisfies the

first half. O

Remark 37. Let ¢ > 2. Assume that a statistical model and a prior have
the standard form. Then we can prove

swp|(75) Gul@)] = Oulm)
4
swp | (75) @] = Oz

in the same way as we proved Theorem 5. In fact,

flz,w) = wka(:n, w).
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Hence
|f(z,w)| < [wF[|a(z, w)|.

By using Lemma 8,

()] < s

[E wllf (X, w)|" exp(—af(X, w))]]
By [exp(—af (X, w))]

wk exp(—a w
— CkEx[{supm(X w)ly el [eL{p(pElf()é(ii’))]))]}

= 0,(1/n'"?).
In the same way,
d \¢ 1~ Eu[lf (X, w)| exp(—af(Xi, w))]
() 7] = U 2B o (K w)]
= 0,(1/n"?).

Therefore, we can apply the basic Theorem 3 also to this case.

Definition 20. By using the renormalized posterior distribution, the fluc-
tuation of the renormalized posterior distribution Fluc(,,) is defined by

Fluc(6,) = Ex[(ta(X,w)®) - (Via(X, w))?].

Here Fluc(,) is a functional of &,, because the expected value using the
renormalized posterior distribution ( ) depends on &,.

Theorem 14. Assume the same condition as in Theorem 10. Then

Gn = Llwo) + - (A+ 5 (Vi) — SFluc(En)) +0,(3), (5.43)

To = Lofwo) + + (A~ 5(Vig(w) ~ gFluc(@) + o), (5.44)
Co = Lufwo) +~ (A= S (ViEa(w)) + gFluc(&)) +op(-), (5.45)
Wa = La(uo) + (A= 5(Viga(w)) + gFluc(&) +o,(-), (5.46)

Proof. By the Theorem 3 and the above lemma, the generalization, cross val-
idation, and training losses are obtained by calculating G/, (0), G~ (0), 7,.(0),
and 7,”(0), by applying the scaling law. Using eq.(5.37),

G.(0) = L(wo) + Ey[K(w)]
_ L(w0)+%(t>+op(1/n)

= L(wo) + (A 5 (VEG(w))) + 0p(1/m),
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and

GU0) = Ex[Eulf(X,w)?] - Eulf(X,w)]?]
= Ex[(ta(X,w)?) — (Via(X,w))?] + 0,(1/n)
- %Flue(fn) +0,(1/n).
Hence we obtained eq.(5.43).

Ti(0) = La(wo) + Eu[Kn(w)]

= () + —(t — Viga(w)) + 0y(1/n)
= (o) + (A~ (5ViE()) + 0(1/n).
and
70 = =SB~ Eulf (X, w)?}
=1

= LSt w)?) - (Va(X w)?} + 0,1/,
i=1

By using the law of large numbers for a functional case,

n

% Z a(X;,w)a(X;,v) — Exla(X,w)a(X, fu)]‘ = op(1),
i=1

sup
w,v

159

the difference between nG//(0) and n7,’(0) goes to zero in probability when

n — 0o. Thus eq.(5.44) is obtained.

O

Remark 38. The standard deviations of T,,, C,, and W,, are Op,(1/y/n),
because the standard deviation of L, (wg) is Op(1/4/n). The averages and
standard deviations of the four random variables G,, — L(wy), T), — Ly, (wo),
Cr, — Ly (wp), and Wy, — Ly, (wp) are Op(1/n). They are asymptotically given
by the linear combination of two random variables (v/t£,(w)) and Fluc(&,).
It should be emphasized that Theorem 14 holds even if the true distribution

is not realizable by and singular for a statistical model.

Remark 39. By Theorem 14, the convergences in probability hold,

n(Gp — L(wg)) + n(Cy, — Ly (wg)) — 2,
n(G, — L(wg)) + n(W, — Ly (wp)) — 2,
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where A is the real log canonical threshold. That is to say, for a given
triple (¢(z), p(x|w), p(w)), if (Cy, — Ly (wp)) is smaller then (G,, — Ly, (wp)) is
larger. W,, has the same property as C,,. This is the generalized version of
Remark 25 in regular theory. These properties are very important when we
employ the cross validation loss and WAIC in statistical model selection and
hyperparameter optimization. If a sample consists of independent random
variables, then it automatically follows that E[C,] = E[G),—1] by the defini-
tion of the cross validation loss. However in order to derive the variance of
the cross validation error C),, — L, (wo), we need mathematical theory.

Lemma 22. Let {(w) be the Gaussian process which is uniquely character-
ized by eq.(5.20) and eq.(5.21). Then

E¢[(VtE(w))] = E¢[Fluc(€)]-
Proof. Since E[G),—1] = E[C,,], by the above theorem,
Ee, [(Vtn(w))] = Eg, [Fluc(&n)] + o(1).
As n — o0, &, (u) — £(u) in distribution, which completes the lemma. [

Remark 40. Lemma 22 is shown by the relation between expected values
of generalization and cross validation losses, based on the assumption that
X1,Xo,..., X, are independent. However, the condition of independent ran-
dom variables is not necessary for Lemma 22. In fact, it holds in some cases
when X1, Xo, ..., X, are not independent. See the next section.

Definition 21. The constant
2 = Bel(Vig(w))] = Ee[Fluc(¢)
is called the singular fluctuation.

Theorem 15. Let A and v be the real log canonical threshold and the sin-
gular fluctuation. Then the averages of the generalization loss, the cross
validation loss, the training loss, and WAIC are asymptotically given by

E[Ga] = L(wo)+ % Fol), (5.47)
[T, = L(wo)+ %(A —o) 4 0(%), (5.48)
E[C,] = L(wo)+ % + 0(%), (5.49)
E[W,] = L(wo)+ % Folh). (5.50)
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Proof. By Theorem 14 and Lemma 22, we obtain Theorem 15. [
Definition 22. The functional variance is defined by

1

Vo= = 3 {Bul(og p(Xi|w)’] ~ Eullogp(Xhw)]? .
=1

Lemma 23. When n — oo, nE[V,,] — 2v.

Proof. Since log p(X;|wp) is a constant function of a parameter w, the ran-
dom variable V;, can be represented by

1 n
Vo= = S {Bulf (X, )] — o[£, w) 2.
i=1
The asymptotic equivalence of V,, and Fluc(&,,) was shown in the part 7,”(0)
in Theorem 14. O

Theorem 16. iEquations of states in Bayesian statisticsj Assume that
a statistical model has a standard form.

E[G,] = E[Cn]—ko(%) (5.51)
E[G,] = E[Wn}—i—o(%). (5.52)

These equations hold even if a true distribution is singular for or unrealizable
by a statistical model.

Proof. This theorem is immediately derived from Theorem 15. O

Remark 41. If the true distribution is regular for a statistical model, then
the higher order equivalence can be derived. See Chapter 8.

Remark 42. Both C,, and W,, are estimators of (G,,. In typical statistical
inferences, the difference of them is very small. If X7, Xo, ..., X, are indepen-
dent, then both eq.(5.51) and eq.(5.52) hold. If X3, Xo, ..., X, are dependent,
then it is not ensured that eq.(5.51) hold. Under some conditions such as
conditonal independence, eq.(5.52) holds. Therefore, even if X3, Xs, ..., X,
are dependent, if eq.(5.52) holds and C), is asymptotically equivalent to W,,,
then also eq.(5.51) holds. See the next section.
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5.5 Conditionally Independent Case

In this book, we mainly study a case when a sample X consists of random
variables which are independently subject to the same probability distribu-
tion. However, there are several important cases when such an assumption
does not hold. In this section, we study a conditionally independent case. In
this situation, the differences between the cross validation and information
criteria are clarified.

In this section, we study a case when

" = (:Ela L2y eey xn)
is fixed or may be dependent. The random variables Y = (Y1,Y5,...,Y},)

are independently subject to a true conditional distribution

n

[T awilz:).

i=1

Then (Y1,Ys,...,Y,) are independent, but ((x1,Y7), (x2,Y2), ..., (z,,Y,)) are
dependent.

Remark 43. The conditionally independent condition allows the following
cases.

1. The set (z1,x2, ..., zy) consists of fixed points.
2. The set (x1, 2, ...,x,) is a time sequence.
3. The set (x1,x2,...,2,) is not independent.

Note that, in such cases, prediction and estimation are different from each
other. In general, prediction for a new point x,1 has no meaning, whereas
the estimation of ¢(y|x;) using p(y|x;, w) is well-defined.

We define a statistical model and a prior by
For a given sample (z™,Y™), a posterior density is defined by

Pl ") = —o(w) [ p(¥ikei, )

n i=1
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where Z,, is a partition function or the marginal likelihood,

n

Z, = [ etw) [[pilai,w)dw,

i=1

which can be understood as the estimated probability density function of
Y. Also we define a Bayesian estimation of the conditional distribution by

pylwi, «", Y") = Eu[p(ylzs, w)].

This predictive distribution is not a prediction for a new point but an esti-
mation of Y at the trained point z;. A prediction for a new point x can be
defined by the same equation,

p(y|m, z", Yn) = Ew[p(y|x, w)]v

however, its generalization loss cannot be defined because there does not
exist a probability distribution of z. The generalization loss, the cross vali-
dation loss, the training loss, and WAIC are defined by

1 & -
Gn = —— > /Q(y|$i)10gp(y|$iv$ Y7)dy,
=1
1 n
Tn = —-— 1 Y;, 79 n7Yn’
";:1 og p(Yilzs, 2", Y™)
1 n
n = —— I }/7, Ix " i7Yn }/i’
C ";:1 ogp(Yilzws, 2" \ z;, Y \ V)

1 n
n - Tn - wl le 2 .
W, +n;V [log p(Yi|zi, w)]

Also in this case we can construct Bayesian theory for both regular and
standard cases. For example, eq.(3.20), eq.(3.21), and eq.(3.23) in Theo-
rem 3 hold, resulting that eq.(5.43), eq(5.44), and eq.(5.46) in Theorem 14
hold. However, there are several different points from the independent case.
Because z™ is not subject to the same probability distribution, the average
generalization loss is not equal to the cross validation loss,

E[Gy_1] # E[Ch].

In other words, if 2" is dependent, then we lost the relation between the
generalization loss and the cross validation loss. Moreover, the asymptotic
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expansion of C, in eq.(3.22) in Theorem 3 does not hold in general,
!/ 1 1/ 1
G = Tal 1) # ~T(0) + ST0) + 0p( 1),

Consequently, eq.(5.45) in Theorem 14 does not hold.

Cu # Lnfun) + - (A = 3 (Vi) + 5Fluc(&n)) + 0p().

Remark 44. (Numerical problem of importance samping cross validation)
In conditionally independent cases, the cross validation loss has the other
problem. Even in a conditionally independent case, the cross validaiton loss
C,, satisfies

1 n
Cp=— log E, [1/p(Y;|z;, w)],

@ D log Eall/p(¥iles )]
which can be numerically calculated by using posterior parameters, hence
it is called the importance sampling cross validation. However, if a leverage
sample point (z;,Y;) is contained, in other words, if p(Y;|z;, w) is very small
for a posterior parameter w, then the posterior average E,[1/p(Yi|z;, w)]
diverges. Therefore eq.(3.22) in Theorem 3 does not hold in general.

Since E[G,,—1] # E[C,], Lemma 22 cannot be derived via the cross val-
idation loss. However, we can prove the following Lemma 24, by which
eq.(5.47), eq.(5.48), and eq.(5.49) in Theorem 15 and eq.(5.52) in Theorem
16 hold. However, neither eq.(5.49) in Theorem 15 nor eq.(5.51) in Theorem
16 holds. In other words, the cross validation loss cannot be employed in
conditionally independent cases whereas WAIC can be.

Let us show theoretical strcutures of the conditionally independent cases.
Let Wy be the set of parameters which minimize

Lw) =~ > [ alylei)logp(ylai,w)dy,
i=1

and wy be a parameter contained in Wy. Two functions f(x;,y, w) and K (w)
are defined by

pylzi, wo)
p(yles,w)

Kw) = =3 [ atolo i w)ds
=1

f(xb Y, ?,U) = lOg
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If a set of a statistical model and a prior is a standard form, there exist
a(x;,y,w) and b(w) such that

f(l'i,y,'w) - wka(xi7y7w)7
Kw) = w?,
p(w) = [w] b(w),

where both £ > 0 and h > 0 are multi-indexes and b(w) > 0 in a neighbor-
hood of the origin. A stochastic process &, (w) is defined by

w :i Y wk—a:E- i, W
6(u) = 7= 30 el Vi)

Note that &,(w) is an empirical process composed of dependent random
variables in general. It follows that

E[gn(w)] = 0,

Blea(@)éa(w)] = & 3 Byla(es Y who(zi, Y, )] - whek
1=1

A Gaussian process {(w) which satisfies the following conditions is uniquely
determined.

Eel¢(w)] = 0,
Belé)é@)] = =" Bylata:,Y,wlate:, You)) - whuk
i=1
Then (Vt&,(w)), (VtE(w)), Fluc(&,), and Fluc(¢) are defined in the same

way. We can derive the following lemma without using the cross validation
loss.

Lemma 24. The same statement as Lemma 22 holds,

Ee[(VtE(w))] = E¢[Fluc(§)].

Proof. In this proof we use a notation E¢[ | =E[ |. Let us use a decompo-
sition of the Gaussian process,

E(w) = gi&;(w),
j=1
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where {g;} is a set of random variables which are independently subject to
the standard normal distribution A(0,1). If K(g(w)) = 0 then w* = 0 and

El§(w)¢(v)] ZEY (i, Y, w)a(z;, Y, u)] Zé’, (v).  (5.53)

i=1

A Gaussian process satisfies
[ 0

dg; F(QJ)}

Elg; F(g;)] =

for an arbitrary integrable function F'( ). Let S be the integration operator
defined by

S[]= /de(w)/Ooo dt Lexp(—1)] .

Then
m«ﬁamnzmﬂﬂfiiggfﬁ
_\ [VIE; exp(vVEE)]
- Z:: {3%( Slexp(V€)] >]
o f o [SIEG exp (V)] S[VEE; exp(vEE)]12
- z::{ [ Slexp(Vt€)] } _E[ S[ejcp(\/Eg)] ] }
The last equation is equal to Fluct({), which completes the lemma. O

Remark 45. For a finite n, if the convergence in distribution &, (w) — &(w)
holds, then
Ee, [(Vt€n(w))] = Eg, [Fluc(én)] + o(1).

Therefore, the above equation also holds asymptotically. In the proof of
Lemma 24, the partial integration over the functional space is effectively
employed. Therefore, we understand that in independent cases, the cross
validation is mathematically equivalent to the partial integration over the
functional space.

Ezxample 38. Let us illustrate an example in which the convergence &, (w) —
£(w) holds in a conditionally independent case. Let y € R, z € RV, and
w € RY We study a case when a statistical model p(y|z, w) is given by

ol ss) = [ exp(—(s/2)(y ~ Flaw)),
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where F(z,w) is a function from RY x R? to R. Assume that 2" is a set of

fixed points and Y is taken from p(y|z;,wo, sg) for some true wy and s.
Then

flziy,w,s) = (s/2)(y — F(xi,w))? + (1/2)log s
—(s50/2)(y — F(xi,wo))* + (1/2) log so,

and
1 n
K = - (2 ) 1 Yy W, dy.
(w, 5) n;/p(y!w wo, $0) f (i, Y, w, 5)dy

Hence if a statistical model is a standard form,

wkfn(w, s) =

S\;ﬁ ;{(Y; — F(zj,wp))* — 1/s}

+% ;(Y — Fai, w)(F (s, w) — F(4,wp)),

which converges to a Gaussian process as n — 0o, because {Y; — F(x;, wo)}
is a set of independent random variables which are subject to the same
probability distribution.

Ezample 39. (Influential observation) A statistical model and a prior are
defined by

Pl ass) = /o expl—(s/2)(y — ax))
Plas) o sexp(~(s/2)(p + a)),

where hyperparameters are set as u = p = 0.01. The true conditional
density is defined by q(y|z) = p(y|z, wo, s¢), where wy = 0.2 and sy = 100.
The set of inputs is given by

v = 0.1i (i=1,2..,n—1),
In = R,

where n = 10 and Y™ are independently taken from ¢(y|x;). The inputs
of data 0 < x; < 1 for ¢ = 1,2,..,n — 1, whereas the last input x, is
a leverage sample point because it is set as R = 1,2,3,4,5. Figure 5.2
shows the generalization, the cross validation, and WAIC errors for given R,
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Figure 5.2: Influential observation. The generalization, cross validation,
and WAIC errors are compared for the case when a leverage sample point
is contained. The horizontal line shows the place of the leverage sample
point whereas other sample points are in the interval [0, 1]. If the leverage
sample point is far from others, then the variance of the cross validation
error becomes large.

respectively. Here the generalization error is measured not by the average of
any probability distribution but by the emprical average of ™. As the value
R is larger, the effect of the leverage sample point becomes larger, resulting
that the average of the cross validation error becomes different from that of
the generalization error, and the variance becomes larger.

Ezample 40. (High dimensional case) Let us study a statistical model of
y € R for a given z € R? with a parameter (a,s) (a € RY, s > 0),

plole.0.5) =\ 2 exp(— 50— 0 a))

S
2 (p+ullal?),

and a prior

v(a,s) o< s exp(
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where r = d/2 and p = 0.005, and p = 0.005 are hyperparameters. In this
example, we studied cases when d = 20, or 50, and n = 100. A true density
was set as q(y|z) = p(y|z, ag, so), where ag = (0.5,0.5, ...,0.5) and so = 100.
Then the posterior density of (s,a) is given by
P(s|X™Y™) o 822 exp(—Cs/2),
plals, X", Y™) = Ny(B,A™1/s),

where Ny(b, S) is the d dimensional normal distribution whose average is b
and covariance matrix is S and

n
A = Xix] +p,

=1
B = A7 " XiYi,
(o xx)
C = —tx(ABBT)+> Y2 +p.

1=1

Therefore by using the simple Monte Carlo method, we approximated the
generalization loss G,,, the cross validation loss C,,, and WAIC W,,.

(1) d =20, n = 100. Firstly, let X™ consist of independent random variables
which are subject to the normal distribution Ny(0,I) where I is the identity
matrix. Then G, is mesured by the average over this distribution. The
experimental averages and standard deviations for 1000 independent trials
were

Cp — Sp, =0.130, 0.034,

Wy, — 8, =0.123, 0.033,
G, — S =0.129, 0.030,

and the estimated errors were
E[ |G, —S —(C, — Sn)| ] =0.0462,
E[ |G, —S — (W, —S,)| ] = 0.0456.

(2) d = 20, n = 100. Secondly, X™ was generated from N4(0, ) and then
fixed, and G,, was defined by empirical mean over the fixed X". The exper-
imental averages and standard deviations of C,, — S,, and W,, — S, for 1000
independent trials were same as (1), whereas those of G,, — S were

G, — S =0.108, 0.024
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and the estimated errors were

E[|Gn — S — (Cp — S,)| ] = 0.047,
E[|Gn — S — (W, — S,)| ] = 0.044.

(3) d = 40, n = 100. The experimental averages and standard deviations
for 1000 independent trials were

G, — S =0.425, 0.030,
Cp — Sy =0.428, 0.047,
W, — S, =0.402, 0.047,

and the estimated errors were

E[|Gn — 8 — (Cp — Sn)| ] = 0.056,
E[|Gn — S — (Wy, — Sp)| ] = 0.058.

(4) d = 40, n = 100. Secondly, X" was generated from Ny(0, /) and then
fixed. The experimental averages and standard deviations of C,, — S,, and
W,, — S,, for 1000 independent trials were same as (3), whereas those of
G, — S were

G, — S =0.336, 0.021,
and the estimated errors were

E[|Gn — 8 — (Cp — Sn)| ] = 0.008,
E[|Gn — S — (Wy, — Sp)| ] = 0.078.

If d/n is not so large, W,, — S, is the better estimator of G,,— S than C,,— S,
for both indepedent and fixed ™. If d/n is larger, then statistical estimation
is not accurate. If 2" is independent, C,, — S,, is the better estimator of
G, — S than W,, — S,,. If 2™ is fixed, W,, — S,, is the better estimator of
G, — S than C, — 5,. Our recommendation in practical problems is as
follows. If either the cross validation loss or WAIC can be calculated by the
Markov Chain Monte Carlo method, then the other can also be calculated
by almost the same computational time. Therefore, we recommend that
both of them would be calculated and compared. If they are different, "
may be dependent or contains the leverage sample point.
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Ezample 41. (Time sequence) In time series analysis, we sometimes use a
statistical model

Y, =aY;_1 + bY;_o + cY;_3 + noise.
This model is represented by
p(YilYi-1,Yi-9,Yi-3,a,b,¢),
which is equivalent to
p(Yilzi,a,b,c),

where
z; = (Yie1, Yoo, Yi_g) € R®.

The sample point x; depends on Y; (j # i). However, this model is equiva-
lent to the model in which {Y;} are independent under the condition that x"
are given. If we adopt the assumption that a true probability distribution
satisfies the same conditional independence as the statistical model, WAIC
can be applied to evaluation of estimating accuracy at the set of empiri-
cal points x™. Moreover, if the cross validation loss has almost the same
value as WAIC, then the cross validation loss also can be employed as an
approximated value of WAIC.

5.6 Problems

1. Let k be a positive integer and A = 1/k. Prove the following equations.

/OleXp(—nfv'“)d:U -2 (/Onexp(—y) y ! dy),

nA

1
/5(t—xk)d:1: = ML
0
1

A
k\z o
/O(x)dzn 24N

where n >0, 0 <t < 1, and Re(z) > —\.

2. Let k be a positive integer and A = 1/k. Assume that p(z) is a C; class
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function on (—e¢, 1], where € > 0. Then prove that

1
[ epntie@ar = 2 2o)+ of1/n),

/1 5t —zM)p(x)de = Xt*Lp(0) + o(tM ),
0
1

| @yetaiar = Z5p0) +(2),

as n — 0o, t — 40, and g(z) is an analytic function on Re(z) > —\ which
can be analytically continued to an analytic function on Re(z) > —2A.

3. Let f(z,y) and g(z,y) be polynomials of (z,y) which satisfy f(0,0) = 0.
Let U be an open set which contains (0,0) and U* = U\{(z,y); f(z,y) = 0}.
(1) Make an example of a set f(x,y) and g(z,y) which satisfies

9(x,y)
f(z,y)

<1
(z,y)eU*

when ¢(z,y)/f(x,y) is not a polynomial.
(2) Assume that f(x,y) = z2y?. Prove that if

9(x,y)
f(z,y)

‘ <1,
(z,y)eU*

then g(z,y)/f(x,y) is a polynomial.
Explain the mathematical difference between (1) and (2).

4. A neural network is defined by a conditional density of x,y € R,

p(y|z,a,b) = \/12_7T exp(—%(y — atanh(bx))?).
We study a case when a probability density of x is the uniform distribution
of [—2,2]. A true conditional density is set as p(y|x,0,0), and the uniform
prior for (a,b) on [—1,1] x [—1,1] is adopted. Then the true distribution
is realizable by and singular for a statistical model. Figure 5.3 shows the
posterior distributions for six independent sets of (X™,Y™), where n = 100.
Even if the true parameter (ag,by) = (0.1,0.1), the posterior distributions
have almost the same shapes as the case (ag,bp) = (0,0). In statistical model
selection and hypothesis testing, we often have to determine (ag, by) = (0,0)
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Figure 5.3: Fluctuation of posterior distribution in neural network. Pos-
terior distributions of six independent sets of X™ are shown for the case
n = 100. The set of the true parameters is {(a,b); ab = 0}.

or (ag,bg) # (0,0) based on a sample. Discuss whether we can apply regular
statistical theory to neural networks or not.

5. The statistical model, the true density, and the prior are set as in the
above neural network. Hence the posterior distribution cannot be approx-
imated by any normal distribution. Note that A and m, which depend on
the true distribution, are A = 1/2 and m = 2. Let (a,b) be the maximum a
posteriori estimator. Since the uniform prior of (a,b) on [—1,1] x [—1,1] is
adopted, it is equal to the maximum likelihood estimator in this case. The
log loss function is

1 n
Ln(a,b) = —~ > logp(Yi|Xi, a,b).
=1

The free energy F}, is equal to

F, = —log/Hexp(—nLn(w))go(a,b)dadb.
i=1
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Figure 5.4: Free energy and its estimators in neural network. Free energy,
BIC, BIC using RLCT, and WBIC are compared in a simple neural network.
BIC is larger than the free energy. Both BIC using RLCT and WBIC can
approximate the free energy.

In general, it is difficult to calculate the integration over the parameter set
in F,,. However, in this case, it can be approximiated by the Riemann sum

because the dimension of the parameter space is small (2). Its estimators,
BIC, BIC using RLCT, and WBIC are given by

BIC nLy(a,b) + (d/2)logn,
BIC;a nLy(a,b) + Mogn — (m — 1) loglogn,
WBIC = B[}, [nLa(a,b)],

where d = 2 and Egg )b)[ | shows the expectation value by the posterior distri-

bution with the inverse temperature 5 = 1/log n. The empirical entropy S,
is equal to L, (0,0). Figure 5.4 shows F,, —nS,,, BIC—Sn, BIC, . — Sn, and
WBIC — Sn. Both BIC using RLCT and WBIC can approximate the free
energy, whereas BIC not. Discuss the difference of BIC, BIC using RLCT,
and WBIC from the viewpoint of estimators of the free energy for n — oo.
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Figure 5.5: Generalization error and its estimators in neural network. The
generalization error, the cross validation error, the WAIC error, the theoreti-
cal value, and the regular theoretical value are compared. The generalization
error can be approximated by the cross validation and WAIC, but not by
the regular theory.

6. The statistical model, the true density, and the prior are set as in the
above neural network. Figure 5.5 shows n(G,,—S), n(C, —S,), n(W,,—Sn),
the theoretical value by standard theory, and that by regular theory. Regular
theory cannot be employed in this case. Since the generalization error (G,, —
S) and the cross validation error (C,, — S,,) have the asymptotically inverse
correlation,

n(Gp, —S)+n(Cp, — Sp) = % + 0,(1/n),

where A = 1/2 in this case. Hence it needs many sets of (X", Y") to numer-
ically show

E[Gp — S] = E[C, — Sn] + 0(1/n).

In this experiment, the results by 1000 independent trials are shown. Discuss
the difference of standard theory and regular theory for n — oo.
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Chapter 6

General Posterior
Distribution

In the previous chapter, we introduced a standard form of a statistical model
and a prior, based on which mathematical laws of the free energy and the
generalization loss were proved. In this chapter, we explain that many mod-
els and priors can be made into standard forms by using the algebraic geo-
metric transform. Then the posterior distribution is represented as a finite
mixture of locally standard forms,

p(w) = Z Standard form.

As aresult, the same theorems of the previous chapter also hold in many sta-
tistical models and priors. Also we show the difference between the Bayesian
and the maximum a posteriori methods. This chapter consists of the fol-
lowing sections.

(1) In Bayesian estimation, the set of parameters can be understood as a
union of local parameter sets.

(2) Resolution theorem in algebraic geometry makes an arbitrary statistical
model a locally standard form.

(3) General theory of Bayesian statistics is established.

(4) The generalization losses of the maximum likelihood and a posteriori
methods are derived.

6.1 Bayesian Decomposition

In Bayesian statistics, the posterior distribution can be decomposed as a sum
of local distributions. Let (p(z|w), ¢(w)) be a pair of a statistical model and

177
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Statistical Model

Posterior
Distribution (1)

O
True

Distribution Posterior

Distribution (2)

Posterior
Distribution (3)

Figure 6.1: Division of parameter set. Bayesian posterior distribution can
be understood as the mixture of several distributions.

a prior. A decomposition of a prior p(w) is

p(w) = Z pj(w),

where ¢;j(w) > 0. Then the partition function or the marginal likelihood is

given by
I = Z/gpj(w) Hp(Xi\w)dw.
j i=1

The function X" +— Z,, is a probability density of X™ according to the pair
of the statistical model p(z|w) and a prior ¢(w), hence

n

Zu(j) = / 5(w) T p(Xilw)dw

1=1

defines a probability distribution on the pairs {p(z|w), ¢;(w)}. The posterior
average of an arbitrary function f(w) is also given by

> [ ey w) [ 6wl
g i=1 .

> [ eitw [T pXfw)du
j i=1
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Therefore Bayesian estimation can be studied from the viewpoint of the local
parameter sets.
The support of ¢;(w) is defined as the closure of nonzero set of ¢;(w),

supp ¢; = {w € W;¢;(w) > 0}.

Let Wy be the set of all parameters that attain the minimum of the average
log loss function L(w),

Wy ={w € W; L(w) = min L(w)}.
w
If {supp p;} N Wy is the empty set, then Z,(j) converges to zero faster
than the others. If {supp ¢;} N Wy is not the empty set, and if a statistical
model and a prior have a standard form in each local subset, then by using
the local real log canonical threshold A; and its multiplicty m;, the local
partition function can be rewritten as

ogn)mi—t &
Za(j) = & SB T] pl(Xifwo),

i=1

J

where ¢; is a constant order random variable and wy € Wy. Let us define

A = min{\;;j},
m = max#{m;;\j = A},

where #{m;; \; = A} is the maximum number of j that attains A = A;.
Then asymptotically

where Zj is the summation over {j; A = A;,m; = m}, resulting that the
free enegy or the minus log marginal likelihood has the same asymptotic
form as the theorems of previous chapters.

FEzample 42. In Figure 6.1, the circle shows the true distribution and the
curved line is a set of statistical models. The posterior distribution is made
of local parameters (1), (2), and (3). In such a case, the parameter set can be
divided into three parts, and the posterior distribution can be represented
by their summation.
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Posterior (a,b) Posterior (a,b)

Figure 6.2: Artificial examples of posterior distributions. The set of true pa-
rameters is b(a—1)(a+1) = 0. The posterior distribution can be understood
as a mixture of local standard forms.
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Ezample 43. Let a statistical model and a prior be

p(ylx,a,b) = \/% exp(—%{y — btanh((a — 1)z) tanh((a + 1)z)}?),

_ [ 18 (el <2,]p] <1)
pla,b) = { 0 (otherwise '

where the set of all parameters is
W ={(a,b);]a] <2, [b] < 1}.

Also let (X™,Y"™) be a set of random variables which are independently
taken from a true distribution ¢(x)p(y|z,0,0), where ¢(z) is the uniform
distribution on [—2,2]. Then the set of true parameters is {(a,b);b(a —
1)(a + 1) = 0}. Figure 6.2 shows four posterior distributions for different
independent sets (X", Y"). By dividing parameter set

W ={(a,b) € W;a <0} U{(a,b) € W;a > 0},

the posterior distribution is represented as a mixture of standard forms. To
each distribution, we can apply the theory in the previous chapter because
b(a—1) and b(a+1) can be made standard form by a; = a—1 and ay = a+1.

6.2 Resolution of Singularities

Even if the posterior distribution cannot be approximated by any normal
distribution, there exists division of parameter set such that the average log
density ratio function can be normal crossing in each local parameter set.
The resolution theorem in algebraic geometry is the mathematical base for
statistical analysis of general Bayesian statistics.

Theorem 17 (Hironaka theorem). Let W be a compact which is the
closure of an open set in RY. Assume that K(w) > 0 is a nonzero analytic
function on W and that the set {w € W;K(w) = 0} is not empty. Then
there exist € > 0, {Wy; W, C W}, and {Uy; Uy C R} which satisfy

{wew; Kw) < =W,
14

and, in each pair Wy and Uy, there exists an analytic map g : Uy — Wy
which satisfies
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where |g'(u)| is the absolute value of the determinant of the Jacobian matriz
of w=g(u),

ow;
/ o i
o =Joa (2]
and k,h (k> 0, h >0) are d-dimensional multi-indezes, and b(u) > 0.

Ezample 44. Let a parameter set be [—0.5,0.5]%. A statistical model and a
prior are defined by

1 1
p(ylr,a,b) = W eXP(—F(y — (a* = a®b + b%)2)?),
90(&7 b) = 17

where 0 = 0.01. Let a true distribution be ¢(y|z) = p(y|z,0,0) and n = 100.
The average log density ratio function is

1
K(a,b) = T,z(& —a®b+b%)2

Hence the set of true parameters is
at —a’b+ b3 =0.

We define a blowing-up by

!/
a = a,

b = 3d'0.

It follows that
at —a®b+ b = d3(d - 30"+ 2703).

Figure 6.3 shows the set of true parameters on (a,b) plane, its blown-up on
(a/, ') plane, the posterior distribution of (a,b) and the blown-up posterior
distribution of (a’,b"). Note that the determinant of Jacobian matrix of this
blowing-up is

’g/(a/7 b/)‘ = 3‘6/’,

hence the blown-up posterior distribution is defined using this equation. On
the (a,b) plane, the origin is a not normal crossing singularity, whereas, on
the (a/, V") plane, (0,0), (0,1/3) and (0, —1/3) are normal crossing singular-
ities. Hence on the (a/,1’) plane, the posterior distribution is a mixture of
standard forms.
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0.5 0.5

-0.5 -0.5
-0.5 0 0.5 -0.5 0 0.5

True parameters (a,b) Blowed-up true parameters (a,b)

0.5

0

Posterior (a,b) Posterior (a,b)

Figure 6.3: Example of resolution theorem. The set of true parameters on
(a,b), its blown-up on (a’,’), the posterior distribution of (a,b) and the
blown-up posterior distribution of (a,’). By using the resolution of singu-
larities, any singularity can be understood as an image of normal crossing
singularities. By using resoluion theorem, most statistical models can be-
come standard forms, to which the theorems in the previous chapter can be
applied.
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Definition 23. In the resolution theorem, g(u), k, h, and b(u) depend
on Uy, although such dependence is not explicitly represented because of
simple description. If such dependence is necessary for description, then
representations gg(u), k¢, hg, and by(u) are used. The real log canonical
threshold A, and its multiplicity m, are determined in each U,. Then the
real log canonical threshold and its multiplicity of K (w) and ¢(w) are defined
by

A = min{\;; ¢},

m = max{myg; A\ = A}.

By the definition, A is a positive real number and m is a positive integer
which is not larger than d.

Remark 46. Let us explain several points about Hironaka Theorem.

(1) In this book, knowledge about algebraic geometry is not necessary. How-
ever, a reader who is not a mathematician may see an introductive book to
nonmathematicians [82], in whicn many statistical models and learning ma-
chines are studied. A book [69] is written for mathematicians who are not
majoring in algebraic geometry. A book [51] is basic and famous in alge-
braic geometry. From a computational point of view, [14] is recommended
for students. The resolution of singularities is proved by [37] and studied as
one of the main themes in algebraic geometry [42]. Mathematical relation
to algebraic analysis is introduced by [9] and [41].

(2) The number of elements of {W,}, which is equal to that of {U,}, is finite.
(3) Since k > 0 and h > 0 are multi-indices, if eq(6.1) and eq.(6.2) can be
more explicitly written,

K(g(u)) = (u)® (uz)®2 - (ug)™,
g (@)l = b(w)|(ur)" (uz)"? - (ua)"?].

Note that |¢/(u)| = 0 if and only if u” = 0, the map w = g(u) is one-to-one
if and only if [u”| > 0. Such a function w = g(u) is called a birational map.
(4) In this book, manifold theory is not required, but if a reader already
studied manifold theory, then U,W, and U,U,; are compact subsets of mani-
folds and g(u) = {ge(u)} is a map from a manifold to a manifold. In other
words, g¢(u) can be understood as a restriction to a local coordinate of a
map from a manifold to another manifold.

(5) In general, for a given function K(w), neither {U;} nor w = g(u) is
unique. Neither k& nor h is unique. However, the real log canonical thresh-
old A and its multiplicity m are uniquely determined and do not depend
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on the choice of w = g(u). Such values are called birational invariants.
The real log canonical threshold is an important birational invariant in high
dimensional algebraic geometry, whereas it is also important in Bayesian
statistics. All Bayesian observables are automatically birational invariants,
because they do not depend on the choice of parameter representations.
(6) If K(g(u)) = Ko(u)u?* for some Ko(u) >0 and k1 > 0, then by

/ 1/2k

up = Kou) / lug,
/

Ug = U2,
/ _

Ug = Ug,

eq(6.1) and eq.(6.2) are satisfied about ', because € > 0 can be sufficiently
small.

(7) This theorem is called Hironaka’s resolution of singularities, which is
the fundamental theorem in algebraic geometry. It holds for an arbitrary
analytic function K(w). Note that this theorem can be employed even if
one does not know the definition of singularities. If K(w) is an analytic
function, then it holds even if K (w) = 0 does not contain singularities.

(8) Even if K(w) is not an analytic function, there are several cases to
which this theorem can be applied. For example, if K(w) is a piecewise
analytic function, then this theorem can be applied to each parameter set.
If K(w) = Ko(w)K;(w), where Ko(w) > 0 may not be analytic and K;(w)
is analytic, then the resolution theorem can be applied to Kj(w) and the
same statistical theory can be derived.

(9) If a prior has a hyperparameter, then {\;} and {my} are functions of the
hyperparameter. In general they may be discontinuous or nondifferentiable,
which is the main reason for phase transition of the posterior distribution.
See Section 9.4.

(10) For a given function K (w), the Hironaka theorem gives the algebraic
algorithm by which the resolution map can be found. However, in general,
it is not easy to find the resolution map w = g(u). For several statisti-
cal models, the complete resolution maps were found. For others, partial
resolution maps were found by which the upper bounds of the real log canon-
ical thresholds were derived. Even if the complete resolution map cannot
be founded, its existence enables us to prove universal formula in Bayesian
statistics. For example, we have methods by which the generalization loss
and the minus log marginal likelihood are estimated without information
about the resolution map.
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Ezample 45. (Resolution by projective space) Let x = (y,2),w = (s,t) € R?
and
W={w=_(s,t); 0<s,t<1}.

A statistical model and a prior are

1
Plsalst) = —ep(—(y— s~ (=~ 1))
o(s,t) = 1.
Assume that g(x) = p(z|0,0). Then the optimal parameter that minimizes
the average log loss function is wy = (0,0). The log density ratio function
and its average are respectively equal to
flzr,w) = s*+1t>—2ys— 2zt
Kw) = s+t
This is not a standard form. In Example 26, we showed it can be made

a standard form by using a polar coordinate system (r,0). Here we give
another transform.

W = W;uUWs,
Wy = {(s,t) e W; s>t}
Wy = {(s,t) e W; s <t}

Then we prepare two other parameter sets,

Ul = {(Sl7t1) ) 0< s1,t1 < 1}7
Uy = {(s2,t2) ; 0 < 89,12 < 1},

Then by using two maps,

§ =81 = Sata,

t= Sltl = tg.

The log density ratio function and its average are respectively given by

f(y,z,s,t) = 31(81+81t%—2y—22t1),
K(s,t) = si(1+1t3),
and
f(y,z,8,t) = ta(sita+ta — 2ysy — 22),

K(s,t) = t3(s3+1),
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both of which are standard forms. The set U; U U, is called a projective
space. The integration of an arbitrary function f(s,t) can be divided,

/ f(s,t)dsdt = f(s,t) ds dt + f(s,t) dsdt
w Wi Wa

= f(s1,81t1) t1 dsy dty
U

+ | f(s2,s2t2) s2 dsg dta,
Uz
where we used the absolute values of the Jacobian determinant are ¢; and sg
respectively. Therefore, we can apply the standard theory to this case, and
the real log canonical threshold and its multiplicity are A =1 and m = 1.

Remark 47. (1) By the same method as Example 45, a regular posterior
distribution can be made standard. Hence the regular statistical theory
which requires the positive definiteness of the Fisher information matrix
is a very special case of general statistics. In general theory, the Fisher
information matrix may contain the eigenvalue zero and the transform from
the parameter set to another parameter set may not be diffeomorphism. It
is well known that Bayesian statistics gives the better estimation than the
maximum likelihood one in the case when the Fisher information matrix is
degenerate. Such a fact can be mathematically proved by using algebraic
geometry.

(2) If a statistical model has a relatively finite variance, there exist ¢ > 0
such that

/q(:n)f(x,w)2dx < co/a(:n)f(x,w)dzn = co K (w).
Hence if both f(z,w) and K (w) are analytic functions of w and if
K(w) = w?,
then there exists a function a(z,w) such that
f(z,w) = w” a(z,w).

Therefore, the form of the log density ratio function is automatically derived
from its average function.

(3) If o(w) = 0 on the set {w; K(w) = 0}, then by applying resolution
theorem to K (w)p(w), there exists a function w = g(u) such that

K(g(u) = u,
plg(u)lg' (Wl = u"[b(u),
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where b(u) > 0. Such a method is called simultaneous resolution of singu-
larities in algebraic geometry. Algebraic geometry is known as one of the
most abstract mathematics, however, its concrete version gives the essential
base of Bayesian statistics.

Example 46. Let (z,y) € R?, w = (a,b,c) € R3, and
W ={w = (a,b,¢) ; lal,[b], || < 1}.

A statistical model and a prior are

_ 12 (2|1
p(x,yla,b,c) = i]/(% exp(—%(y —aS(bz) — cx)?), (6.4)
o(a,b,c) = 1/8, (6.5)

where S(z) = x + 22, If a true distribution is q(x,y(0,0,0), then the log
density ratio function and its average are

f(z,yla,b,c) = %{(aS(b:E) + cx)? — 2y(a(S(bx) + cx)},
K(a,b,c) = %(ab +¢)% + %a2b4.

Let us divide the parameter sets by

Wi = A{la| <lef},

Wa = {la| > |c],|ab] < |ab+ |},
Wy = {la| > |c|,|ab+ | < |ab®[},
Wi = {la| > |c|,|ab?| < |ab+ c| < |ab|}.

Then W = U;W;. The function w = g(u) is defined by

a=ajcy, b= by, c=cq,
a=as, b=byca, c¢=ay(l—>by)ca,
a = as, b = bs, ¢ = asbs(bgcs — 1),
a=ay, b=0bycy, c=agbscs(cs—1).

The corresponding U; = {(aj,b;,¢j)} (5 =1,2,3,4) are defined by

Uj =g~ (W;)°),
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where (T)? is the maximum open set that is contained in W} and g=!((W;)°)
is the minimum closed set that contains g1 ((W;)°). Note that the function
w = g(u) is one-to-one on (W;)°, hence g~! is well-defined on such a set.
The average log density ratio function is given by

1 1
K(a,b,c) = ¢ <§(a1b1 +1)% + éa%b‘f),

1 1
= a%%(g + 653(3%),

1 1
= ati(3d+ ).

1 1
- ﬁ@4(5+6ﬁ)

Hence K (a,b,c) is normally crossing in each local coordinate. The absolute
value of the determinant of the Jacobian matrix is

g ()] = e
= |agcy]
= |agbj]

= |a4b4C4|2.
The real log canonical threshold A; and its multiplicity m; for each U; are

A =1, my =1,
Ao =1, mo = 2,
A = 3/4, ms =1,
Ay = 3/4, my = 1.

Hence the real log canonical threshold and its multiplicity of (K (w), p(w))
are A = 3/4 and m = 1 respectively.

Remark 48. For a given average log density ratio function and a prior, there
exists a recursive and algebraic algorithm by which an analytic map w =
g(u) is found in a finite procedures.

FEzample 47. By using the example above, we investigate the phase transition
of Bayesian statistics. Instead of the prior given in eq.(6.5), let us study the
prior which has a hyperparameter o > 0,

’a—l'

«
(JD(C% b, c]a) = g‘a
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Then in each Uj,

Therefore,

e(g(u)lg (w)] =

The real log canonical threshold A; for each U; is

)\1 = (Oé + 1)/2,

Ao = min{(a+1)/2,1},
As = min{(a+1)/2,3/4},
Ay = min{(a+1)/2,3/4},

If @« #1/2 and a # 1, then m; = 1. Therefore

_J (a+1)/2 (a<1/2)
A—{ 34 (a>1/2)

If a = 1/2, then m = 2, otherwise m = 1. Note that \ is a continuous func-
tion of «, but not differentiable at @ = 1/2. The posterior distributions for
a > 1/2 and a < 1/2 are quite different from each other. The hyperparme-
ter a« = 1/2 is called the critical point of the phase transition. Because the
real log canonical threshold determines the asymptotic properties of the free
energy and the generalization loss, hyperparameter control is important for
nonregular statistical models.

6.3 General Asymptotic Theory

By using the resolution theorem, in the parameter set {w € W ; K(w) < €},
the pair of a statistical model and a prior can be made a standard form. Here
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€ > 0 is a sufficiently small constant in resolution theorem. The normalized
partition function is represented by the sum

7O = z( 4 7(2), (6.6)

n n n

By using the constant € > 0,
20 = [ ek (w)pw)du,
K(w)<e

720 = / exp(—n K (w))p(w)dw.
K(w)>e

Here Zy(Ll) and ZT(?) are the integrations of parameters in a neighborhood of
the optimal parameter set Wy and the outside respectively.

The nonessential part Z,(f) can be bounded by the following procedures.
By the same definition used in Section 4.1,

L&KW~ f(Xew
Yo (w) \/ﬁ; )

and

Yo = sup |y (w)],
weWy

the following inequality is derived,

nkKy(w) = nK(w)—\/nK((w)y,(w),
> K (w)/2 - 2/2

Therefore

70 < exp(2/2) /K L epnK ) /2)gw)d

< exp(—ne/2 +2/2).

Hence Z? = op(exp(—ne/3)). Let us study the essential part zW. By the
resolution theorem, there exists w = g(u) such that

{w; K(w) <e}C UQ(UJ),

where, in each Uj,
K(g(u) = v,
plgw) = [uhibj(u),
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where multi-indexes k; and hj, and a function b;(u) depend on Uj. In each
Uj, the local real log canonical threshold A;, its multiplicity m;, and local
redundant index j1; are determined by the same method used in the previous
chapter. Then D;(u) is defined by the same manner as eq.(5.27),

1

i) = &t my)

(uta )t by () ().

The normalized posterior function on Uj is

e(g(u))lg (u)] Hp(Xilg(U))
Qg(u)) = —
[T p(Xilwo)
=1

= exp(—nk,(g(u))b(u)|u"|

_ logm™ 7y / T expl(—t+ Vi &afu)
0

nti

This equation shows the asymptotic form of the posterior distribution. When
n tends to infinity, only the sets {U;} that maximize
(logn)™ !
ni

affect the asymptotic form, and are called essential local coordinates. In
other words, the ratio of Q(g(u)) of a set {U;} whose (logn)™i~!/nA is
smaller than the essential local coordinate goes to zero in probability. By
the Definition 23, a set U; is an essential local coordinate if and only if
Aj = X and mj = m. Let ELC be the set of all suffixes j such that U; is an
essential local coordinates. Then the general theory can be established by
the same procedure as the standard theory with the replacement,

D(w)+ Y Dj(u).

JEELC

Let us summarize the general asymptotic theory. The asymptotic free energy
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is

F, = nLy(wg)+ Nlogn — (m —1)loglogn
—log( Z /duDj(u) /OO dt t' 1 exp(—t + /1 én(u)))
JEELC 0
+o,(1).

The renormalized posterior distribution is defined for an arbitrary function
z(t,u),

3 / dwD;(u) /0 Tt 2t u) 1 exp(—t + Vi £,(u))

_ jEeELC

(2(t,u)) = =
Z /duDj(u)/O dt "1 exp(—t + vVt £, (u))

JEELC

Then, the renormalized posterior distribution satisfies
1
(t) = A+ 5 (VI Ealw)).

The scaling law which connects the original posterior of w and the renor-
malized one of u is given for an arbitrary positive integer s,

Bulf (@ 0)] = —((VEa(,w)* ) +op(—),
EuKw)] = (') + o).

By using the renormalized posterior distribution, Fluc(&,) is defined by
Fluc(&,) = Ex[(ta(X,u)?) — (Vta(X,u))2.
Then the singular fluctuation is defined by
2 = E[(Vig(w))] = Ee[Fluc(¢)].

Asymptotic behaviors of the generalization loss, training loss, cross valida-
tion loss, and WAIC are given by

Gn = Llwo) + (A + 5 {Vita(w) — 3FIue(6n)) +0p(1),  (67)
To = Lofwo) + (A~ 5(Vig(w) ~ JFluc(@) +0,(2), (63)
Co = Lalun) + (A= 5 (Viga(w) + 3Fluc(&n) ) +opl), (69)
Wa = La(wo) + = (A= 5(Vi&a(w) + 3Fluc(&)) +0,(), (6.10)
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respectively, whose expectations are

BIGa] = Liwo) + 5 +o()
BIT] = Llwo) + (A~ 2) +o(),
BC,] = L(wo)+ 2 +o(),
BW,] = Liwo)+ 5 +o()

respectively. Note that the convergence in probability holds,

n(Gn - L(U)O)) + n(cn - Ln(wO)) - 2/\,
n(Gy, — L(wgy)) + n(W,, — Ly(wp)) — 2.

In other words, the generalization error and the cross validation and WAIC
errors have the inverse correlation. The functional variance is defined by
1 n
v, = — Z{Ew[(log p(Xi|w)?] — Ey[log p(Xi|w)]2}.

n
i=1

Then nE[V,] — 2v. The universal laws of Bayesian statistics hold,
1
E[G,] = E[Cn} +o(=), (6.11)
n
1
E[G,] = E[Wn] + o). (6.12)

If a sample is not independent, eq.(6.11) does not hold in general, whereas
eq.(6.12) holds in the cases discussed in Section 5.5.

Remark 49. Let Wy be the set of parameters which minimize the average log
density ratio function K (w). The posterior distribution is the summation of
local distributions near Wy. However, when n — oo, the posterior parame-
ters are not to distributed on all neighborhoods of Wy but restricted on the
essential local coordinates. Recall that the essential local coordinates are
characterized by the phenomenon that the local real log canonical thresh-
old is minimized. In other words, only the local parameters that have the
smallest local real log canonical thresholds are realized by the posterior dis-
tribution if n is sufficiently large. If a prior has a hyperparameter, then the
essential local coordinates are changed by controlling the hyperparameter
(phase transition), which affects the free energy and the generalization loss.
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0 0.1 0.2 0 0.1 0.2 0 0.1 0.2
Gn-S Cn-Sn Wn-Sn

Figure 6.4: For a reduced rank regression model, the generalization, cross
validation, and WAIC errors are compared, G,, — S, C,, — S,, and W,, — 5,,.
Averages are asymptotically equal to A\/n. Resolution theorem gives the
mathematical prediction of the generalization error whose average can be
estimated by cross validation and WAIC errors.

It is remarkable that the Bayesian posterior distribution automatically mini-
mizes the free energy and the generalization loss for a given hyperparameter.
This is the fundamental mathematical structure of Bayesian statistics.

Ezxzample 48. Let M > 0, N > 0, H > 0, and Hy > 0 be integers. The
reduced rank regression is defined by the statistical model of y € RY for a

given z € RM
1 1
WGXP(—§||Z/ - BA33||2)7

where A = (A;;) and B = (Byy) are N x H and H x M matrices which have
real coefficients respectively. A prior is set

o4, B) o exp(—5 (3 (A + 3 (Bie)).
k.l

Jik

p(ylz, A, B) =

Assume a true distribution ¢(y|x) = p(y|Ao, Bp) which satisfies Hy =
rank(ByAp), Hy < H. The complete resolution map was given by [5].
(1)U N+Hy < M+ H, M+ Hy < N+ H, H+ Hy < M + N, and
M + N + H + Hy is an even integer, then m = 1 and

A= (1/8){2(H + Ho)(M + N) — (M — N)* — (H + Hy)*}.
2 N+Hy < M+H M+Hy<N+H, H+Hy <M+ N, and
M+ N + H + Hy is an odd integer, m = 2 and

A= (1/8){2(H + Ho)(M + N) — (M — N)? — (H + Hy)? +1}.
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(3) f N+ Hy> M + H, then m =1 and
A= (1/2){HM — HHy + NHp}.
(4) If M + Hy > N + H, then m = 1 and
A= (1/2){HN — HHy + MHy}.
(5) If H+ Hy > M + N, then m = 1 and
A= (MN/2).

Note that if a prior satisfies ¢(A, B) > 0, then A\ and m are same as above.
Figure 6.4 shows experimental results for the generalization, cross validation,
and WAIC errors for M = N = H = 5, Hy = 3. Then, for n = 100,
A/n = 0.12. The experimental averages and standard deviations were

G,—S = 0.126, 0.035,
C,—S, = 0.127, 0.034,
W, —S, = 0.126, 0.034.

It seems that the sample size n = 100 is not sufficiently large, however,
the theoretical value coincides with the numerical results. From the math-
ematical point of view, the general theory needs the condition that n is
sufficiently large, however, it holds even for smaller n in many concrete
statistical models. Hence the real log canonical threshold can be used for
checking whether the posterior distribution is accurately approximated by
Markov chain Monte Carlo or not.

6.4 Maximum A Posteriori Method

In this section we study the asymptotic property of the maximum a poste-
riort method in nonregular cases. If a prior is defined by the uniform distri-
bution, then it is equivalent to that of the maximum likelihood method. In
general, their results are very different from Bayesian estimation, because
a single parameter is chosen. In statistical inferences, a single parameter is
far from a distribution on a parameter. For example, see Example 60. The
average and empirical log loss functions are

Lw) = - / 4(z) log p(a|w)d,

1 n
Ln(w) = —EZIOgP(Xi’w)a
i=1
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where w € W. In this section, we study the case that W is a compact set.
Let w be the parameter that minimizes

£(w) = L(w) —  log p(w),

which is called the maximum a posteriori (MAP) estimator. If log o(w) is
a constant for all w, then w is the maximum likelihood estimator (MLE).
The generalization and training losses are respectively defined by

Gn(MAP) = L(),
T.(MAP) = Ly(w).

The set of optimal parameters Wy is defined by
Wy ={w € W; L(w) is minimized}.

We assume that the parameter set Wy is compact and the convergence in
probability holds,
min ||w — wol|| — 0.
woeWo
Hence we can restrict the parameter set in the union of the neighborhoods
of Wy. By using the resolution theorem in each local neighborhood Uj,

nk,(g(u)) = —Zlogp(Xi!g(u))

i=1
= —/nue, (u),
where we can assume u € [0,1]¢ without loss of generality and k =

(k1,k2,...,kq). In this section, the integer r (1 < r < d) is defined so
that k1, ko, ..., k. > 0 and

2k _  2k1, 2ko 2y
Ut =u Uy U

In other words, {k,} does not contain zero. For a given u, let a (1 <a <r)
be the positive integer which satisfies

QN
[\

Uu u;
— <= (1= ey ). .
< (=120) (6.13)

~

A map
[07 1]d Sur> (t,’U) = (tv (U17U27 --'7Ud)) € RI X [07 1]d
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is defined by

v, = { uz2 - (kl/ka)UE (1 <1< 7")

u; (r<i<d)
By the definition, v, = 0, hence v is contained in the set,
V = {x = (x1,29,...,2q) € [0,1]%; 2129--- 2, = 0}.

Moreover, the map
0,143 um (t,v) e T xV
is one-to-one.

Ezample 49. Let us illustrate a case when u?* = w?uj3. Then (k1, k2) = (1,2),

t o= ufus,
o = - (/23 (i w32 <),

vy = yJud—2u? (if otherwise).

Figure 6.5 shows the coodinate (¢,v1) and (¢,v2). The coordinate (t,vy) is
used if u3/2 < u? whereas (t,v7) if otherwise.

By using the coordinate (¢,v) and Theorem 8, L(g(u)), L(g(u)), and
L, (g(u)) are represented as the functions of (¢, v),

‘C(tv U) = Ln(MO) +t- \/t/—n gn(ta U) - % log (,D(t, U)a (6'14)
L(t,v) = L(wg) +t, (6.15)
Ln(t,v) = Lp(wo) 4+t — /t/n &n(t,v). (6.16)

By using these representations, we can derive the average and empirical log
losses. Before the theorem, we prepare a lemma.

Lemma 25. Let f(u) be a C'-class function of u. There exists C > 0 such
that
|f(t,0) = f0,0)] < C VMV F] (0 <t <),

where 2|k| = 2(ky + -+ k) and

\Y su max‘ ‘
Vil= u€0€d1<]<d 8uj
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Coordinate u and (t,v)

0.9

08

0.7

0.6

0.4

0.3

0.2

0.1

ul

Figure 6.5: Coordinates for MAP and ML. The coordinate for analyzing the

maximum a posterior estimator in the case u** = u?ui. Coordinates are

t =ulul, vy = (u? —u}/2)"?, and vy = (uf —2u?)/2. The coordinate (t,v)
is used if u3/2 < u? whereas (t,v9) is used if otherwise.

Proof. For u = (t,v) and v’ = (0,v),

1) = O] = 17w = )| < =) V1]
Vrmaxu; — | [V f

Clu® VR v ],

IN

IN

| —
| = ua,

where the last inequality is proved as follows. If j = a then |u; — w;

else if j # a then u?2/k, < u?/krj Hence

luj — | = uj — (W = (kj/ka)ul)'?|

(kj/ka)ug
uj + (uf — (kj/ka)u3)'/?

_ (kj/ka)ug ,
= Tgw/k:]/k:a Ug.

There exists C’ > 0 such that

(ua)2\k| < ' u2k’

which completes the lemma. O
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The asymptotic behaviors of average and empirical log loss functions for
the MAP method are derived by the following theorem. Let us define

Y(u) = —logp(g(u)).

Let u* be the parameter that minimizes the following function,

u* = arg K(gn(lggzo{—i min{0, &, (u)}? + Q,Z)(u)} (6.17)

Then we obtain the following theorem.

Theorem 18. The average and empirical log loss functions of the MAP
method satisfy

. 1 . 1
L(w) = L(wg)+ n max{0, &, (u*)}? + Op(ﬁ)’
. 1 B 1
Ln() = Ln(wo) — - max{0,& (u")}* + op().
Proof. By applying Lemma 25 to &,(t,v), if t — 0, then

&n(t,v) = &n(0,v) = 0p(1).
The eq.(6.14) is equal to

£t.w) = (Vi- 52%)>2 - 5"(41;1”)2 P ). 69)

Let (£,0) be the set of parameters that minimizes £(¢,v). Firstly we study
the case &,(f,9) < 0. Then there exists t* = O,(1) such that

= t*
vie

because, if this equation holds, the order of £(f,9) — L,(wp) is not larger
than (1/n), if otherwise, it is larger than 1/n. Then

b (0,5)?

L w0) + 0p().

L) =

+ w(o,@)}

Since &,(t,9) < 0 and £ = Op(1/n), £,(0,9) < 0,(1). Therefore L(,9) is
minimized by t* = 0,(1) and

0 = argmin, (0, v) 4 o,(1).
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Thus ¢ = 0,(1/n) and egs.(6.15) and (6.16),
L(w) = L(wo) 4 op(1/n),
L,(w) = Ly(wo)+ op(1/n).
Secondly, we study the case &,(f,0) > 0. There exists ¢* = O,(1) such that
= 1 A
= —— (& (¢, *) =
Vi 5= alh.0) 1) = 5

because, if otherwise, the order of L(£,) is larger than (1/n) by eq.(6.18).
Then also by eq.(6.18) and ¢ = 0,(1),

*)2 ~\2 -
L(t,0) = (12 - 5"(27’;’) + T’Z’(?{ %) + L (wo) + 0p(1/n). (6.19)

(€n(0,0) +1) + 0p(1/V/n),

§\~

Hence t* = 0,(1) and

b = argmin, (=&, (0,v)* + 49(0,v)) + 0p(1).

Therefore,
L(@) = Llwo) + 7-€a(0,0)* + 0p(1/n),
Lo(@) = Lyn(wy) — %gn(o,@f +0,(1/n).
By integrating the above two cases, the theorem is obtained. O

Theorem 19. There exists p > 0 such that
. 1
E[L(w)] = L(wo) + +o(-),
. 1
E[Ln(@)] = Lp(wo) — = + 0(5)

Proof. The parameter u* is defined by minimization,

m (0.6 Fv@ ) (620

ut = argminu{ 1x (
K(g(u

By using the convergence of the empirical process &,(u) — &(u), and its
average in Sections 10.4 and 10.5, this theorem is obtained by

p=lim E[max{0,&(u")}’]/4.
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Trajectory of the Steepest Descent

Figure 6.6: Trajectory of steepest descent. The contour of the square error of
a simple neural network and trajectory by the steepsest descent are shown.
The parameter has two representations (a,b) and (t,v), where t = a?b?.
Optimization about ¢t makes the generalization error smaller, whereas that
about v larger.

Ezample 50. (Over-training) Let us study a simple neural network of =, y, a,b €
R,

! (y — atanh(b:n))2>,

(5

p(ylz,a,b) =
(y] ) 5

where ¢ = 0.1. The random variable X is subject to the uniform distribution
on [—2,2] and the true conditional density ¢(y|z) = p(y|z,0,0). The contour
of the square error
E(a,b) = ! f:(y,- — atanh(bX;))?
i3

and the trajectory by the steepest descent are shown in Figure 6.6. In this
case t = a®b?. The parameter can be represented by (a,b) and (t,v). In the
steepest descent, the parameter ¢t is rapidly optimized, whereas v is searched
very slowly. Optimization about v gives the over-training, that is to say, the
generalization error is made smaller by optimization about ¢, but larger
about v. If Bayesian estimation is employed, then the posterior distribution
is spread over {v} and ¢ is optimized, which makes the generalization smaller.
This is the main difference between MAP or ML and Bayesian estimation.
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Remark 50. (1) The constant x depends on the prior ¢(w). In the maximum
likelihood method, it is given by the average of the maximum value of the
Gaussian process. If W is compact, it is finite but not small in general. If
W is not compact, the maximum value of the Gaussian process is not finite
in general, hence the asymptotic properties of the above theorem do not
hold. The maximum likelihood method is not appropriate if the likelihood
function cannot be approximated by normal distribution.

(2) In the above theorems, we study the maximum a posteriori (MAP)
method on the parameter w € W. In order to study MAP method on
u € UUj, then ¢(g(u)) should be replaced by ¢(g(u))|¢g’(u)|. Note that
MAP depends on the transform of the parameter. In other words, MAP is
not invariant about parameter representation, whereas ML and Bayes are
invariant.

(3) In general, the average parameter E,[w] does not converge to Wy in
normal mixture and neural networks. Hence

L(E,[w]) = nL(wg) + nC + Opy(1).

In other words, the posterior mean estimator is not appropriate if the pos-
terior distribution cannot be approximated by a normal distribution.

6.5 Problems

1. For a given analytic funciton K (w) > 0 and a prior ¢(w), the partition
function, the state density function, and the zeta function are defined by

Z(n) = / exp(—nk (w))p(w)dw (n > 0),
oit) = / 5(t — K(w))p(w)dw (> 0),
() = / K(w)pw)dw (- € C).

Show that the following are equivalent.

(1) If n — oo, then log Z(n) + Alogn — 0.

(2) If t — +0, then v(t)/t*~! — ¢ > 0 for some c.

(3) ¢(2) is holomorphic in the region Re(z) > —\ and has a pole at z = —\
with the order 1.

2. Assume that two sets of analytic functions and priors (K;(w), @1 (w))
and (K2(w), p2(w)) have the real log canonical thresholds A\; and Ag, re-
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spectively. Also assume that Kj(w) > c¢Ks(w) for some ¢; > 0 and that
©1(w) < capa(w) for some ¢y > 0. Then prove that A; > Ag.

3. Assume that two sets of analytic functions and priors (Kj(wq), p1(w1))
and (Ka(w2), p2(wy)) have the real log canonical thresholds A; and Ay, re-
spectively, where w1 and ws are different variables. Then prove the following.
(1) The real log canonical threshold of (K (w1) + Ka(wa), o1 (w1)p2(ws)) is
A1+ Ao

(2) The real log canonical threshold of (Kj(wi)Ka(ws),p1(w)pa(ws)) is
min{)\l, )\2}.

4. Assume that two sets of functions {f;(w);7 = 1,2, ..., J} and {gg(w); k =
1,2, ..., K} satisfy

{i%(w)fj(w);aj(w ER} = {i be(w)gi (w); b (w) € R}, (6.21)
j=1 k=1

where R = Rlwy, ws, ..., wy] is the polynomial ring generated by 1, wi, wo,
...;wg with the real coefficients. Then prove that the following two functions
have the same real log canonical thresold if the same prior is employed.

J K

)2, D (gr(w))?,

1 k=1

J

Note that if eq.(6.21) holds, it is said that the ideal generated by {f;(w)} is
equal to that of {g;(w)}.

5. Let us define a function F,, by
F,= —log/exp(—nL(w))gp(w), (6.22)

where L(w) is the average log loss function. Then prove that

F,, = nL(wy) + Alogn — (m — 1)loglogn + O(1).

Hence the difference between F,, and F,, is a constant order random variable.
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6. For a general random variable X, Elexp(X)] > exp E[X] holds, which is
called Jensen’s inequality. Prove that for a general random variables X and
Y and a general function f(X,Y),

Ex[ —logEy[exp(f(X,Y))]] < —logEy [ exp(Ex[f(X,Y)]) ]
by using Jensen’s inequality. By using this inequality, prove that
F?’L é F?’L?

where F,, is defined by eq.(6.22).
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Chapter 7

Markov Chain Monte Carlo

The Markov chain Monte Carlo method (MCMC) enables us to numerically
approximate the posterior average for an arbitrary statistical model and
prior. If a posterior distribution is spread on some local parameter region,
then MCMC approximation is accurate, otherwise it is still not so easy. In
many important statistical models such as a normal mixtture or an artificial
neural network, the Bayesian inference attains much more precise estima-
tion, hence it becomes more important to construct the MCMC algorithm
which works even in singular posterior distributions. In this chaper, we in-
troduce the basic foundations of MCMC process.

(1) The Metropolis method is explained. The Hamiltonian Monte Carlo and
the parallel tempering are its advanced versions.

(2) The Gibbs sampler is introduced. Nonparametric Bayesian sampler is
its advanced version.

(3) Numerical approximation methods of the generalization loss and the free
energy using MCMC method are explained.

In order to check how accurate MCMC approximates the posterior distri-
bution in singular cases, the real log canonical threshold would be a good
index for a given set of a true distribution, a statistical model, and a prior.

7.1 Metropolis Method

Let p(x|w) and ¢(w) be a statistical model and a prior, where z € RN, w €
W C RY. The Hamiltonian function H (w) is defined by

H(w) = = log p(X;|w) — log p(w).
i=1

207
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Then the posterior distribution is represented by

pw) = oplw) [[p(Xilu)
n i=1

— Zinexp<—H<w>>,

where Z,, is a partition function or the marginal likelihood,

Iy = /exp(—H(w))dw.

The probability density function p(w), which is equal to the posterior distri-
bution in Bayesian statistics, is called the equilibrium state of the Hamilto-
nian H(w). Our purpose in this chapeter is to generate {wy}X | such that,
for an arbitrary function f(w),

1 K
/ fw)p(w)dw ~ — > Flwg), (7.1)
k=1

when K — oo. In most cases in statistical applications, n is large, hence
the parameter set

{w € Wip(w) > €}
for some € > 0 is very a narrow subset of W, resulting that Riemann sum of
the integral on the parameter space does not give effective approximation.

Remark 51. (1) (Curse of dimensionality) If d = 1, then the integral can be
approximated by Reimann sum,

1 K
|ttt ~ 2 37 /5)p(0/5). (72)
k=1

which is more accurate than MCMC. However, if d = 2,3,4,..., then the
number K¢ necessary for approximation becomes too large to be calculated
numerically. This difficulty is called “curse of dimensionality”.

(2) (Importance sampling) If a function Hy(w) exists such that {wy} can be
easily generated from pg(w) o exp(—Hy(w)), then

K
> fwr) exp(—H (wy) + Ho(wy))
k=1

/f(w)p(w)dw A (7.3)

K
Z exp(—H (wy) + Ho(wy))
k=1
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This method is called the importance sampling, which works well if H(w) =~
H()(w).

(3) In almost all cases, H(w) is given explicitly, however, Z, not. It is more
difficult to calculate Z,, than estimating the average.

In the Markov chain Monte Carlo (MCMC) method, a sequence {w1, w3,
ws, ...} is generated by a conditional probability p(wyi1|wy) iteratively. It
is known that (1) and (2) below are sufficient conditions for eq.(7.1) to hold.
(1) (Detailed Balance Condition). For arbitrary parameters wg, wy, €
W,

p(wp|wa)p(wa) = p(wa|ws)p(ws).

(2) (Irreducible Condition). For an arbitrary w € W, the probability
that a parameter of {wy} is contained in the neighborhood of w is not equal
to zero.

Note that the detailed balance condition is not necessary for eq.(7.1),
however, there are several MCMC algorithms which satisfy the detailed
balance condition. Firstly, we study Metropolis method.

7.1.1 Basic Metropolis Method
Let r(wy|wz) be a conditional probability density which satisfies
V(wy,wa), r(wi|we) = r(wewy). (7.4)

In Metropolis method, the set of parameters {w(t) € R%t = 1,2,3,...} is
generated as follows.

Metropolis Method.
(1) Initialize w(1) and ¢ = 1.
(2) A candidate w’ is generated by r(w'|w(t)).

(3) By using AH = H(w')—H (w(t)), the probability P = min{1,exp(—AH)}
is determined. Then set w(t+1) = w’ with probability P, or w(t+1) =
w(t) with 1 — P.

(4) t:=t+ 1, and return to (2).
We can prove that this procedure satisfies the detailed balance condition.

Theorem 20. Metropolis method satisfies the detailed balance condition.
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Proof. Let p(w(t + 1)|w(t)) be the conditional probability which is used in
one step of the Metropolis method. To show the detailed balance condition,
it is sufficient to prove

P(wa|wy) exp(—H (wp)) = p(wp|wa) exp(—H (wa)) (7.5)

for an arbitrary set (wg,,w;). For a given w(t), the simultaneous probability
that w’ is generated from w(t) and that w(t +1) = w' is

r(w'|w(t))min{1, exp(—H (w') + H(w(t)))}.

Therefore, for a given w(t), the probability that the new candidate place is
chosen is given by marginalization about w’,

Q(w(t)) = /r(w/|w(t))min{1,exp(—H(w/) + H(w(t)))}dw'.

Hence the probability that w(t + 1) = w(t) is 1 — Q(w(t)), resulting that

p(wa|wp) = 7(wa|wy)min{1, exp(—H (wa) + H(wp))}
+0(wa — wp)(1 = Q(wp)).

By using this relation, r(wq|wy) = r(wp|w,), and the property of the delta
function, it follows that

p(wa|wp) exp(=H(wp)) = r(we|wp)min{exp(—H (wy), exp(—H (wq))}
+0(wa — wp) (1 — Q(wp)) exp(—H (wp))
= r(wp|wg)min{exp(—H (wp), exp(—H (wg))}
+0(wy — wa)(1 — Q(wy)) exp(—H (wy))
= p(wplw,) exp(—H (w,)),

which completes the theorem. O
Remark 52. (Metropolis-Hasting method) Metropolis method can be gener-

alized for the case r(wg|wy) # r(wp|wg). For such a case, the probability P
is replaced by

r(w(t)w’) exp(—H(w')) }

pP= min{L r(w'|w(t)) exp(—H (w(t)))

Then the detailed balance condition is satisfied.
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Remark 53. Theoretically speaking, Metropolis method gives the set of pa-
rameter which ensures eq.(7.1), if K — oo. However, in practical applica-
tions, there are several issues.

(1) The parameters in the period which is affected by the initial point should
be removed from the obtained parameter set. Such a period is called ‘burn-
in’.

(2) The obtained parameters are not independent if MCMC is used. For
the effective approximation of the posterior distribution, the dependency
between parameters had better be reduced. Hence {w(mxt);t = 1,2,...} for
some m is chosen. If m is large, then dependency of the obtained parameters
is made small, but it needs a computational cost. In this book, m is called
a ‘sampling interval’.

(3) If a probability distribution p(w) has several distant peaks, then the
probability from a peak to another peak becomes very small, hence the ir-
reducibility of MCMC often fails. This is called the problem of a ‘potential
barrier’.

(4) Let wo be the parameter that minimizes H (w). If the set {w € W; H(w)—
H(wp) < €} is connected but not contained in some local region, then
MCMC process sometimes fails because the probability from a place to a
distant place is very small. This is called the problem of ‘entropy barrier’.
(5) The probability that the candidate parameter w’ is chosen is called the
acceptance probability. If the variance of r(wj|ws) is small, then the ac-
ceptance probability becomes high, but the candidate parameter is chosen
in the narrow local region. If it is large, then the acceptance probability
becomes small, but the candidate parameter is chosen from the wide range.
In the Metropolis method, optimization of the acceptance probability by
controlling r(w1|ws), is one of the most important processes for construct-
ing MCMC.

(6) Several criteria which judge whether the parameters could be understood
as taken from the equilibrium state or not are proposed [29, 30, 33].

7.1.2 Hamiltonian Monte Carlo

In the original Metropolis method, in order to ensure the acceptance proba-
bility is not small, the dependency of w(t) and w(t+ 1) becomes large. The
following method was devised to improve this property.

Let w € R% A new variable v € R? is introduced and the total Hamil-
tonian of (w,v) is defined by

H(w,v) = %W + H(w).



212 CHAPTER 7. MARKOV CHAIN MONTE CARLO

If {(wg,vk)} which is subject to the equilibrium state exp(—H (u,v)) of the
total Hamiltonian, then {wy } is subject to the equilibrium state exp(—H (u))
of the Hamiltonian H(w). Thus we make {(wy,v;)} subject to the equilib-
rium state of the total Hamiltonian.

Hamiltonian Monte Carlo.

(1) Initialize w(1) and t = 1.
(2) The elements of v € R? are independently generated by the standard

normal distribution.

(3) The following differential equation with respect to the time parameter
7 is solved with the initial condition that (w(t),v) at 7 = 0. Here 7 is
a variable which has no relation to MCMC time t.

d_w
dr
d_v
dr

= ”[)7

= —VH(w).

This is known as the Hamilton equation which describes the dynamics
of the canonical coordinate (u,v). Then (w',v") (W' = w(7), v = u(1))
is obtained for a given time 7. It is permissible that the numerical
solution of the differential equation contains errors. However, it should
satisfy the invariance condition of the time reverse and the volume
conservation condition of the phase space. It is known that leap frog
method in Remark 54 satisfies both conditions.

(4) By defining AH = H(w',v") — H(w(t),v), then w(t + 1) = w’ with
P = max{l,exp(—AH)}, or w(t + 1) = w(t) with probability 1 — P.

(5) t =t+ 1. Return to (2).

This method satisfies the detailed balance condition for exp(—H(w,p)).
Note that the rigorous solution of the differential equation satisfies dH /dt =
0, hence it is expected that the numerical solution gives AH =~ 0, thus the
acceptance probability can be made higher and w’ can be generated at the
distant place from w(t).

Remark 54. (Leap frog method) The differential equation

dw dv

Y E:f(w)
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is numerically solved by the iteration,

v +1/2) = o(n)+ 5 fwm),
wn+1) = wn)+ev(n+1/2),
vin+1) = v(n+1/2)+§f(w(n+1)),

where € > 0 is a small constant.

If € is made very small, then the differential equation is solved with
high accuracy but the computational costs also become high. In Hamil-
tonian Monte Carlo, the controlling the balanace between e and the ac-
ceptance probability is necessary. Recently, an improved algorithm was
proposed which determines them automatically by using non-U-turn Hamil-
tonian Monte Carlo [38].

FEzxzample 51. For a probability density
p(x,y) o< exp(=Na?y? — Ma? — My?),

where N = 50, M = 0.005, random variables {(X;,Y;)} (i = 1,2,...,300) are
generated by Metropolis method, Gibbs sampling, and Hamiltonian Monte
Carlo. (See Figure 7.1.) For the Gibbs sampler, see the following subsection.
Note that, if M = 0, then fexp(—Nx2y2)da:dy = 00, hence p(z,y) is not
a probability density. The origin is a singularity of X2y?. In a normal
mixture or an artificial neural network, such a singular posterior distribution
on higher parameter space is necessary. By an experiment in which 10000
random variables are generated, the empirical averages are compared,

Enpr|X] 0.076,
Enpr[Y] = 0.4528,
Eqrs[X] = 0.0289,
EqrplY] = —0.017,
Egan[X] = 0.091,
Egan[Y] = 0.089,

where Eyrpr, Egrp, and Eg a3, mean the empirical averages oy the Metropo-
lis method, Gibbs sampler, and Hamiltonian Monte Carlo. The true averages
of X and Y are equal to zero. In the Metropolis and Hamiltonian methods,
one sampling process consists of 100 trials and 100 dynamical calculations,
respectively. In this case, the Hamiltonian has the form for which Gibbs
sampler can be employed. However, in general it is not applied. In the cases
when Gibbs sampling cannot be employed, Hamiltonian Monte Carlo gives
the more accurate MCMC expectations.
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-5 0 5 -5 0 5

Probability Density Metropolis Monte Carlo

5 0 5 5 0 5

Gibbs Sampler Hamiltonian Monte Carlo

Figure 7.1: Comparison of a probability distribution, Metropolis method,
Gibbs Sampler, and Hamiltonian method for p(z,y) o exp(—Nxz?y? — Maz?—
My?). In many statistical models, the posterior distribution contains sin-
gularities, hence MCMC processes for such cases are very important.
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7.1.3 Parallel Tempering

If the posterior distribution does not concentrate in some local region, the
parallel tempering or replica Monte Carlo is sometimes employed. Let

nly,(w) = — Zlogp(Xihu).
i=1

Note that this function does not contain the prior information, in other
words,
H(w) = nL,(w) — log p(w).

The equilibrium state of the inverse temperature 8 > 0 is defined by

p(w]B) = % exp(—nBLn(w))p(w).

Then the posterior distribution is equal to p(w|l). Let the sequence of
inverse termperatures be

0=p<Be<--<By=1
The target probability distribution of the parallel tempering is

J

[T p(w;18)), (7.6)

J=1

which is a probability density function of (wq,ws,...,wy). If parameters are
taken from this distribution, then the set {w;(t)} can be used for posterior
distribution, because p(ws|5s) = p(w|1). The parallel tempering consists of
two MCMC processes.

Parallel Tempering.

(1) One is the independent MCMC process for each p(w;|3;).

w11 — W12 — W13 —> -

Wo1 — W22 — W23 —» * -

wj1 — wWjo —> Wj3 —» -

In this process, arbitrary MCMC method can be used.
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(2) The other is the exchange process between w; and wji; with some
interval in each MCMC process. The probability of the exchange is
given by

min{1, exp{(Bj+1 — B;)(nLn(wjs1) — nLy(w;))}, (7.7)

which satisfies the detailed balance condition for the probability den-
sity of eq.(7.6). Note that the prior does not affect the exchange
probability.

Even if p(w;|5;) have many peaks, p(w;|53;) for small 5; does not, hence the
equilibrium state can be more easily realized by exchanging parameters.

Theorem 21. Parallel tempering using the exchange probability of eq.(7.7)
satisfies the detailed balance condition.

Proof. Let us use (u,v) for (w;, w;j4+1) and (o, ) for (B}, Bj+1). The target
probability distribution is
P(u,v) oc exp(—anLy(u))p(u) exp(—=pnLn(v)p(v))
= eXp(_f(x7y))7
where
flu,v) = anLn(u) + BnLy(v) — log p(u) — log ¢(v).
By the exchange (u,v) — (v,u),
Af = f(U,’LL)—f(’LL,’U)
= anLy(v) + pnLy(u) — anLy(u) — fnL,(v)
= (B —a)(nLy(u) —nL,(v)).
Therefore the exchange process whose probability is defined by

min{1, exp(~Af)}
satisfies the detailed balance condition. O

Remark 55. Assume that the posterior distribution has the real log canon-
ical threshold A\. The exchange probability between Bi, 2, (B2 > (1) is
asymptotically (for n — oo) given by the following formula, [52].
1 Bo—pI(A+1/2)
P =1-— .
RV A T 10

If the sequence {f;} is set as a geometric progression, the exchange proba-
bility becomes a constant for a sufficiently large n.
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7.2 Gibbs Sampler

Metropolis method can be applied to any Hamiltonian function, however,
it is not easy to generate parameters globally. Hamiltonian Monte Carlo
improved that difficulty. Although the Gibbs sampler can be used in the
special posterior distributions, if it can be employed, it is rather easy to
generate parameters globally.

In the Gibbs sampler, a parameter w € R? is divided as w = (wq,ws).
Let the posterior distribution be p(w1,ws3). Then two conditional probability
distributions p(wi|ws) and p(wy|w;) are defined from p(wq,ws). The set of
parameters {w(t) = (wy(t),ws(t)) € R%t = 1,2,3,...} is generated by the
following procedure.

Gibbs Sampler.
(1) Imitialize w(1) = (wy(1),wa(t)). t = 1.
(2) One of (A) or (B) is chosen with probability 1/2.

(3) Set w41 = (wh,wh) and ¢ := ¢+ 1. Return to (2).
Theorem 22. Gibbs sampler satisfies the detailed balance condition.
Proof. The probability density of (wf,w}) for a given set (w1, ws) is given
by
1

p(w, whlwy, w) = S {p(wh|wh)p(wiwa) + p(wi|wy)p(wslw:)}.

Let us prove the detailed balance condition,
p(wy, whlwi, wa)p(w, wa) = p(wr, wa|w, wy)p(wy, wy).

By using the definition of the conditional probability,

pluslutplutfum)p(un, ) = P PO ),
p(wi, wa) p(wi, ws)
p(wi)  plws)

= p(w, wh)p(ws|wy)p(w: |ws)

/ /

= p(wy,wy)

By the same method,

p(w)[wy)p(wh|wi)p(wr, wa) = p(wy, wy)p(wwy)p(walws).

By the sum of these equations, this theorem is completed. O
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Remark 56. (1) In the above definition, the order of sampling wy and wy is
chosen by the same probabilities 1/2. If the order is fixed, then the detailed
balance condition is not satisfied, however, the same equilibrium state can
be obtained.

(2) If one of two procedures p(w)|wsz) and p(w]|ws) is chosen with the same
probability, then the conditional probability is given by

1
p(wh, whlw, we) = S{p(wh|w2)d(wh — wa) + p(whlwi)d(wh —wi)},

which also satisfies the detailed balance condition.

7.2.1 Gibbs Sampler for Normal Mixture

Gibbs sampler is often employed in the mixture models. Let us derive an
algorithm by Gibbs sampler for a normal mixture. In this subsection, a
normal distribution of z € RM for a given b € RM is denoted by

Iz — bl

N(z[b) = WGXP(— 5 )-

Then a normal mixture is defined by

K
plala,b) = apN(z|by),
k=1

where a = (a1, a9, ...,ax) and b = (b1, by, ..., bx ) are parameters of a normal
mixture, which satisfies > a; =1 and a; > 0, and by, € R?. For the prior,
we adopt

1 K
o) = —[Jla)™,
<1
k=1
K
1 1
b = — S— R
o) = 3 TTexnginl?)

where p(a) and ¢(b) are the Dirichlet distribution with index {ay} and the
normal distribution respectively. Here {az} and 0 > 0 are hyperparameters
and z1, 29 > 0 are constants. Let y = (y(l),y(2), ...,y(K)) be a competitive
variable, in other words, y takes value on the following set,

Cx ={(1,0,..,0), (0,1,0,...,0), ...(0,0,0,...;1)}.



7.2. GIBBS SAMPLER 219

Then a statistical model for the simultaneous probability density of (z,y) is
defined by

=

y(F)

p(z,yla,b) = H{%N |bk) }

It follows that

p(z|a,b) = Z p(x,yla,b).

yeCr

Therefore a normal mixture p(x|a, b) can be understood as a statistical model
p(z, y|a,b) which has a latent or hidden variable y € Ck.

Let 2" = {x1,x9,...,2,} be an independent sample and y; € Cx be
the competitive variable which corresponds to a sample point z;. We use
a notation y"™ = {y1,y2,...,yn}. The kth element of y; is denoted by ygk).
Then Bayesian simultaneous probability is

pla,b,z",y") Hp i, yila, b) (7.8)
T [t gy I8l e
- — 1;[[ W)H{ak]v(ﬂjﬂbk)} | @9
[ﬁ ke H""} [H exp( Hk(bk))} (7.10)
k=1 k=1

where Z is a normalizing constant and

ng = Zn: yi('“)
i=1

b 2 n (

=1

In Bayesian estimation, we need the posterior parameters {(a,b)} which
are subject to p(a,blz™). If {(a,b,y™)} are subject to p(a,b,y"|z"™), then
{(a,b)} of them can be used for numerical approximation of the posterior
distribution.

Therefore it is sufficient to make a Gibbs sampler for (a,b) and y", in
which the conditional probabilities we need are

p(y"la,b,z"), p(a,blz",y").
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In fact, by using these conditional probabilities, we can make a Gibbs sam-
pler for (a,b) — y™ and y" — (a,b). By eq.(7.9), under the probability
distribution p(y"|a, b, ™), y1,¥2, ..., yn are independent and, for each i,

(®) "
P ab ) [N (b

In other words,

p(wila,b)
On the other hand, if (a, by, by, ..., b ) is subject to the probability distribu-
tion p(a, b|z™,y™), they are independent by eq.(7.10). Hence

p(y = 1la,b,z;) = (7.11)

k
pla,blz",y") = p(alz”,y" H (bil",y™)

The variable a is subject to the Dirichlet distribution with index ay + ny.

K
1
plalz™,y") = 7 [H aszr"’“_l]. (7.12)
k=1
By using

1,1
Hy(by) = 5(—5 +nx) )||bx|I* — <Zy, )bk+C’onst.

- Aol (S e+ cont

the variable by is subject to the normal distribution with average b; and

variance (07)?,

p(bila™,y") = N(b;, (0})°), (7.13)

where

b = (Z%’“w)/(g—lﬁnk),
(03)* = 1/( + n).-

Hence we obtained the Gibbs sampler from eqs.(7.11), (7.12), and (7.13).
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Gibbs Sampler for Normal Mixture.
(1) A parameter set {(a,bx);k =1,2,..., K} is initialized.
(2) A set of hidden variables {y; = {yl(k)}} is determined by the probabil-
ity,
p(zila,b)
(3) Using ng = >.i, yi(k), a parameter a = {ay} is generated by using

Dirichlet distribution,

p(y™ = 1)a,b,2;) =

i

1K
p(a|:n",y") _ E[ azék-i-nk—l]
k=1
(4) A parameter {by} is generated by the normal distribution N (b5, (o7)?)

where
by = (Zyﬁ%&/(% + nk),

(g ).

—
S)
T %
~
[\

|

(5) Return to (2).

FEzample 52. An experiment is conducted for the case M = 2, K = 2,
ar = 1, and n = 100. In Figure 7.2, for the four different true distribu-
tions, the posterior parameter sample points of by = (b11,b12) and by =
(b21,ba2) are displayed. The centers of the true distributions (0.2B,0.2B)
and (—0.2B,—0.2B) for B = 4,3,2,1 are shown by the white circles. The
true paramater of a is ag = 0.5. For B > 3, the posterior distributions are
localized, whereas for B < 2, they are singular. Both the cross validation
loss and WAIC can be applied to all cases, because both criteria can be used
without normality of the posterior distribution.

7.2.2 Nonparametric Bayesian Sampler

The Gibbs sampler for mixture models can be extended as a nonparametric
Bayesian sampler.

Firstly, we derive an MCMC method for a mixture model which is mathe-
matically equivalent to the Gibbs sampler. The marginal probability density
function of (b,y") is given by

p(b,y"|z") = /p(a, b,ylz")da.
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Figure 7.2: Posterior distributions of normal mixtures (n = 100) are dis-
played. The true distribution is a normal mixture which consists of two
normal distributions with centers are indicated by the white circles. As

the distance between two circles is made smaller, the posterior distribution
becomes singular.
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If we obtain the MCMC sample from P(b,y™|z"™), then the posterior distri-
bution of {a} or its average can be obtained by eq.(7.12). Therefore it is
sufficient to make a Gibbs sampler for p(b, y"|x™), which requires p(b|z", y")
and p(y"|b,z™). The former is equal to the direct product of eq.(7.13). To
derive the latter, by using

K K K
o) da — [Ty Dok +mp) Ty o)
/wa¢Md :

P(n+ Sy ax) TTic, Ta)
and eq.(7.9),
K: T(ng + ag) Ko (k)
)Y o k=1 X i )
p(b,y"a") Lm+&%mawggNumy}
Hence

ool o< T [P+ ) [T ¥ el
1=1

= u’,:]w

Let Ni(i) be the sum of y whose sample point number is not larger than

1. That is to say,

>y,
Then Ni(n) = ny and
n
D(ng +a) = H a + Ng(i) — )% .
Since I'(a) is a constant function of y;
n K *)
mm:uﬂﬁhmwwm%mmmmw
i=1 k=1
By using

K
(k)
< I (o + y = DN (il (7.14)

{(cp + Ni (i) — DN (@i|be) 4. (7.15)

L

plyily'™") o

k=1
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The random variable (y1, 2, ..., yn) can be generated by iteration,

P(y"|b,a") = p(y1) p(y2ly1) p(ysly1, y2) - p(yaly™ ).
Note that eq.(7.15) means

®) . apN(xzilby)
piyy =1) = S o N (@1]bn)’ (7.16)
(o + Ni(i — 1)) N (xi|bg)

> (@ + Ny (i — 1)) N (2i]bgr )

That is to say, y; is determined by N (i — 1) which is the cumulative sum
of y1,y2, ..., yi—1. If Ni(i — 1) is large, then the probability that ygk) =1
is also large. This stochastic procedure is called “the Chinese restaurant
process”, where 7 is a guest of a resaurant and & is the number of a table.
The ith guest determines a table according to the numbers of persons sitting
at tables.

If K —» oo and a = «/K, then this Gibbs sampler determined by
eqs.(7.13), (7.16), and (7.17) gives the statistical estimation of the nonpara-
metric Bayesian method. We obtained the following algorithm.

pu =1y (7.17)

Nonparametric Bayesian Sampler for Normal Mixture.
(1) A parameter set {(ay,bx);k =1,2,..., K} is initialized.

(2) A set of hidden variables {y; = {yfk)}} is iteratively determined by
the probability,

(k) N (21bk)
=1 = ,
p(yl ) Zk akN(xl‘bk)
i o+ Ni(i — 1)) N(x;]b
p® = 1)) = (a + Ni(i — 1))N (wi|by)

>or(ak + Ni(i — 1)) N (2;]by)’

where N (i) = 23':1 y§k).

(3) A parameter {b;} is generated by the normal distribution N (b}, (o7)?)
where

e = (X0 a) (5 + ),

O = /(g +m).

(4) Return to (2).
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Remark 57. (1) This algorithm is a Gibbs sampler for (b, y™), whereas the
previous one was applied to (a,b,y™). The expectation operation over a is
analytically performed.

(2) In statistics, a nonparametric estimation of a density function of X for
a given X" is usually defined by

where p(z) is some kernel function such as a normal distribution, and « is
an optimized controlling parameter. In this method, the estimated density
is a mixture of n functions. The nonparametric Bayesian method is formally
defined by the mixture of the infinite number of functions, however, it re-
quires the very small {ay, = a/K}, so that the number K essentially used
in MCMC is finite. The optimal hyerparameter o that minimizes the gener-
alization loss can be evaluated by the cross validation and WAIC. In order
to ensure the generalization loss is smaller, infinite components should be
controlled close to zero, therefore the prior effect should be made stronger.
The generalization error by the mixture model with the appropriate finite
number of components is smaller than that from the mixture of infinite
components.

7.3 Numerical Approximation of Observables

By using the Markov chain Monte Carlo method, we can numerically calcu-
late Bayesian observables.

7.3.1 Generalization and Cross Validation Losses

Let {wg; k = 1,2, ..., K} be a set of posterior parameters. The generalization
loss is numerically approximated by

s
- __Zlog<f§:1p (Xt |wg) )

where {X;} is a set of random variables which are independent of the sample
used in the posterior distribution. In general 71" should be very large, T' >>
n, in order to minimize the fluctuation. ISCV indexISCV and WAIC can
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also be approximated numerically.

ISCV = —Zlog( Zﬁ)
1 1 &
WAIC = _EZIOg( ZpX]wk) s

k=1
n K

o = o, [ Z(long\wk> —(%ilogp(Xi\wk)ﬂ’

i3 k=1 k=1
where, in calculation of V,,, (K/(K —1))V,, is more appropriate than V,,, be-

cause it estimates the sum of the variances of log p(X;|wy) over the posterior
distribution.

Remark 58. In order to calculate the above observables, we need
{p(Xi|lwg);i=1,2,....n, k=1,2,...,K}.

Several softwares have parallel computation architectures. In such a case,
for every parameter wy, the set

p(Xifwr), p(Xo|wg), - p(Xn|wg)
can be simultaneously calculated. Also for every X;, the set
p(Xiwi), p(Xilwa), - p(Xilwk)

can be simultaneously calculated. Once {p(X;|wg)} is obtained, then the
above computation is not so heavy in general. For neural networks and nor-
mal mixtures, this method is recommended for reducing the computational
costs.

7.3.2 Numerical Free Energy

Even if the posterior parameters {wy} are obtained, it is not enough to
numerically estimate the free energy or the minus log marginal likelihood.
Here we study a method to calculate them.

Definition 24. Let $ > 0. The average of an arbitrary function f(w) over
the generalized posterior distribution is defined by

/ fw Hp (X |w) duw
/ o) [[p(X ) dw

i=1

ES[f (w)
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Then the case =1 is equal to the posterior average, ES )[ | =Eu[ |

Theorem 23. By using the minus log likelihood function,
Luw) = 2 3 logp(Xifu)
n\W) = n o ogplAjw).
The free energy or the minus log marginal likelihood is given by
1
E, = / E) [nL, (w)]ds.

0

Proof. Let us define a function F(3)

n

F(8) = o5 [ otw) [[ o) du

i=1

Then F,(0) =0 and

By using,
% <ilf[1p(Xi|ZU))B = log(il;llp(Xilw)) (il;llp(Xﬂw))ﬁ,

it follows that

1
Fu(1) = /0 a5 g—l;(ﬁ)

JouLaw) etw) [ (i) du

1
_ =1 ’
/0 N [ e T o) du

i=1

which shows the theorem. O

A calculation method of the free energy is derived by the same method
as the above theorem.

Let {fk;k =0,1,...,J} be a sequence,

0=0<B1<---<pBy=1
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Since Z,(0) =1,

Zn(ﬂk-l—l)
Zn(l) =
j:O( Zn(ﬁk) )
J—1
_ E® [e—(ﬁm—ﬁk)nLn(w)} , (7.18)
j=0
The free energy is given by
Fu(l) = —log Zu(1)
J—1
- _ Z log El(l)ﬁk) [6_(ﬁk+1_ﬁk)n[/n(w) ) (7.19)
j=0

Here we need the posterior distribution for 31, ..., 871
E(ﬁl)[ ],E(ﬁz)[ ]’”"E(BJ—I)[ ]

which can be obtained by the parallel tempering.

Remark 59. This method sometimes involves heavy computational costs. If
the posterior distribution can be approximated by some normal distribution,
then eq.(4.57) can be applied, otherwise WBIC can be employed, however,
the difference between the free energy and WBIC is loglogn or constant
order. If minimizing the free energy according to a hyperparameter, then
the derivative of F}, by the hyperparameter can be calculated for the smaller
computational cost.

Remark 60. By using a probability density function,

p(w) = (W) exp(~nL(w)),

the expectation E,,[ ] is defined by p(w), Then

1

Z= Eylexp(nly(w))]

However, this method is not appropriate for calculating Z because exp(nL,,(w))
takes the large values at the small p(w).
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-2 -1 ] 1 2 -2 -1 0 1 2

o: Start, *:end o: Start, *:end

Figure 7.3: Examples of trajectories by Hamiltonian equation. The trajec-
tories depend on initial conditions. The label ‘0’ and ‘*’ show the start and
end points respectively.

7.4 Problems
1. Let us study a probability density on W = [—2,2] x [—1,1] defined by
p(u,v) o< exp(—nv?(u+ 1)%(u — 1)%).
Then the set of all points which attain the maximum of p(u,v) is
Wo = {(u,v) € W v(u+1)(u—1)=0}.

Prove that, when n — oo, this distribution coverges to §(u—1)d(v). Explain
why it does not coverge to the all neighborhoods of W.

2. For the same Hamiltonian function used in Example 51, the trajectories
of Hamiltonian equation are shown in Figure 7.3. Explain the reason why
Hamiltonian Monte Carlo can cover the entire parameter set.

3. In Example 52, the posterior distributions of the parameter a are not
displayed. For each case, explain the shape of the posterior distribution of
a. Also answer whether it is localized or not.
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Chapter 8

Information Criteria

In the foregoing chapters, we derived the theoretical behaviors of Bayesian
observables for a given set of a true distribution, a statistical model, and
a prior, (q(z),p(z|w), p(w)). In the real world, we do not know the true
distribution ¢(x), hence we need methods to estimate observables without
any information about ¢(x). Information criteria are made to overcome such
problems. In this section we explain several information criteria from the
two viewpoints, model selection and hyperparameter optimization. In each
viewpoint, the properties of the generalization loss and the free energy or
the minus log marginal likelihood are investigated. This chapter consists of
the following contents.

e Model Selection

— Generalization Loss: CV, AIC, TIC, DIC, WAIC
— Free Energy: F, BIC, WBIC

e Hyperparameter optimization

— Generalization Loss: CV, WAIC
— Free Energy: F, DF

8.1 Model Selection

In this section we study a model selection problem. When we have sev-
eral candidate models and need to select one of them, the model selection
problem occurs. There are two methods in model selection, minimizing the

231
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generalization loss and the free energy. The aim of minimizing the general-
ization loss is equivalent to minimizaing the Kullback-Leibler distance from
the true density and the predictive one, whereas that of the minimizing the
free energy is to maximize the posterior probability of a statistical model
and a prior for a given set of data.

8.1.1 Criteria for Generalization Loss

Let us introduce the definitions of several information criteria which are used
for estimation of the generalization loss. Since the generalization losses for
Bayesian, maximum likelihood, maximum a posteriori, and posterior mean
methods are different, we have to understand which generalization loss an
information criterion estimates.

Remark 61. In this book, the information criteria are defined as estimators
of the generalization loss

—Ex[log p(X)], (8.1)

where p(x) is the estimated probability density of x by a statistical esti-
mation method. Since the original Akaike information criterion AIC was
defined to estimate

—2n x Ex[log p(X)], (8.2)

resulting that many information criteria were normalized so that they es-
timate the same scale loss as AIC. If one needs information criteria which
have the same scale loss as AIC, 2n times values shown in this book should
be used. If eq.(8.1) is used, then the difference between candidate models is
measured by the scale according to the Kullback-Leibler distance, whereas,
if eq.(8.2) is used, then it is measured by the scale according to the number
of parameters.

Definition 25. The leave-one-out cross validation criterion CV and the
importance sampling cross validation criterion ISCV are respectively defined
by

oV = LY lECpt ), 83)
i=1

SOV = " logBu[1/p(X;lu)] (5.4)
i=1

where E,,[ ] and Eﬁ;“[ | show the ordinary posterior average and the poste-
rior average leaving X; out, respectively. Both criteria estimate the Bayesian
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generalization loss, if {X;} are independent. If the posterior distributions in
the above definitions are exactly realized and the averages are finite, then
CV = ISCV. However, if they are numerically approximated, for example
by Markov Chain Monte Carlo, then CV # ISCV. In order to calculate
CV, all posterior distributions using X™ \ X; for i = 1,2,...n are necessary,
whereas ISCV can be calculated by one posterior distribution using X".

Definition 26. The Akaike information criteria (AIC) and that for Bayes
(AICyp) are defined for the maximum likelihood and Bayesian methods re-
spectively,

1 ¢ o d

AIC = —;Zz:;logp(Xi’w)‘i‘;a (8.5)
1o d

AIC, = —E;IongMXirw)Hg, (8:6)

where w is the maximum likelihood estimator. The Takeuchi information
criteria (TIC) and that for Bayes (TICy) are defined for the maximum like-
lihood and Bayesian methods, respectively,

TIC = —% Zlogp(Xi\w) + %tr([(ﬁ))J(uﬁ)_l), (8.7)
=1

TIC, = > logBu[p(Xifw)] + ~ur(I@)I@) ), (88)
=1

where w = E,, [w] and

Iw) = =37 Viogp(Xifuw)(V log p(Xifw) (5.9)
i=1

Jw) = —%Zv2logp(Xi|w). (8.10)
i=1

Note that the original AIC and TIC are criteria for the generalization loss of
the maximum likelihood method, whereas AIC, and TIC, are their modifi-
cations for Bayesian estimation. In general, the generalization loss of Bayes
is different from that of the maximum likelihood method and AIC # AIC,
and TIC # TIC,.
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Definition 27. The deviance information criterion (DIC) is defined by

1 — 2 —
DI = — | X;|w) — — E, [l X; , A1
C - ; og p(Xi[w) — = ; llog p(X;|w)] (8.11)

where W = E,[w]. It seems that DIC is made for estimating the gener-
alization loss of p(z|w) rather than the predictive distribution E,, [p(z|w)].
However, it might be employed for Bayesian or the maximum a posteriori
method. The widely applicable information criterion (WAIC) is defined by

1< 1<
WAIC = —E;bgzaw[p(mw)]+g;vw[logp<Xi\w>], (8.12)

which estimates the generalization loss of the predicitive density.

The behaviors of information criteria depend on the condition of a true
distribution ¢(z), a statistical model p(z|w), and a prior ¢(w). Let us con-
sider (A) a regular and realizable case, (B) a egular and unrealizable case,
and (C) a nonregular case.

(A) Regular and Realizable Case

If a true distribution is realizable by and regular for a statistical model,
and if the posterior distribution can be approximated by some normal distri-
bution, the generalization and training losses by Bayes, maximum a poste-
riori, posterior mean, and the maximum likelihood methods have the same
asymptotic expansion as

BICh] = Llwo) + o +o(1/n),
BT = L(w)— 5 +of1/n),

where d is the dimension of the parameter. In this case an arbitrary criterion
of CV, ISCV, AIC, AIC,, TIC, TICy, DIC, and WAIC satisfies

E[Criterion] = L(wg) + % +o(1/n). (8.13)

Hence arbitrary information criteria can be employed. The asymptotic stan-
dard deviations of all criteria are also equal to each other.

(B) Regular and Unrealizable Case
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If a true distribution is regular for but unrealizable by a statistical model,
we define

1
vy = §tr([()J0_1),
where
L = / ¥ log p(Xilwo) (V log p(Xi|wo) T dz,

Jo = —/V2logp(X,-]w0)da:.

If a true distribution is realizable by a statistical model, then vy = d/2. If
the posterior distribution can be approximated by some normal distribu-
tion, then the average generalization and training losses of Bayes and the
maximum likelihood methods are

E[G,] = L(woy) + % +o(1/n), (8.14)
BT = L(wp) + 2 _2;”0 +o(1/n), (8.15)
E[G,(ML)] = L(wo)+ % +o(1/n), (8.16)
E[T,(ML)] = L(wo) — % +o(1/n), (8.17)

where G, (M L) and T,,(M L) are the generalization and training losses of the
maximum likelihood method, respectively. The generalization and training
losses of the maximum a posteriori and posterior mean methods are asymp-
totically equal to those of the maximum likelihood.

The averages of the cross validations are equal to the generalization loss
asymptotically,

E[CV] = L(wg) + % +o(1/n), (8.18)
E[ISCV] = L(wo)+ % +o(1/n). (8.19)

Since E[T,,] = L(wo) + (d — 4vp)/(2n),

E[AIC] = L(wg)+ % +o(1/n), (8.20)

3d—4
L 3d—4n

E[AIC(,] = L(’wo) om

+o(1/n). (8.21)
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By the definitions of TIC and TIC,,

E[TIC] = L(wp) + ;—fl +o(1/n), (8.22)
E[TICy] = L(wg)+ % +o(1/n). (8.23)

By using eq.(4.55) and eq.(4.56),

EDIC] = L(wo)+ ?’d;% +o(1/n), (8.24)
E[WAIC] = L(wp)+ % +o(1/n). (8.25)

Therefore, CV, ISCV, TIC,, and WAIC can be used for estimating the
Bayesian generalization loss. To estimate the generalization loss of the max-
imum likelihood method, TIC is available.

(C) Nonregular Case

If a true distribution is not regular for a statistical model, let A and v
be the real log canonical threshold and a singular fluctuation defined by

A = Real Log Canonical Threshold, (8.26)
- %Ef[Fluc(f)]. (8.27)
Also let 4o be a constant defined by Theorem 19. Then
E[G,] = L(wp)+ % +o(1/n), (8.28)
[T, = L(wo)+ 2= 4 o(1/n), (8.29)
E[Go(ML)] = L(wo)+ % +o(1/n), (8.30)
E[T,(ML)] = L(wo) — % +o(1/n). (8.31)

In general, u© >> A, hence Bayesian estimation attains the smaller gen-
eralization loss than the maximum likelihood, maximum a posteriori, and
posterior mean methods. In this case, the average cross validation loss is
equal to the generalization loss,

E[CV] = L(wo)+ % +o(1/n), (8.32)

E[ISCV] — L(wo)+ % + o(1/n). (8.33)
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By the definition of AIC and AIC,,

E[AIC] — L(wo)+ d_T’“‘ +o(1/n), (8.34)
E[AIC)) = L(wo)+ W +o(1/n). (8.35)

Since TIC and TIC; are undefined because J(w) is not invertible,

E[TIC] = Undefined, (8.36)
E[TIC,] = Undefined. (8.37)

The posterior average parameter E,[w] is not in the neighborhood of the
optimal parameter set, hence there exists C' > 0 such that

E[DIC] = L(wo)+ C + o(1), (8.38)
E[WAIC] = L(wp) + % +o(1/n). (8.39)

In this case, the Bayes generalization loss is estimated by the cross valida-
tion and WAIC. Note that in nonregular cases, any information criterion is
not yet known which can estimate the generalization loss of the maximum
likelihood, maximum a posteriori, and posterior mean methods, because the
posterior distribution is far from any normal distribution. It seems that the
constant p cannot be estimated because it depends on the optimal parameter
wq-.

Remark 62. The above results hold for the assumption that a sample X"
consists of independent sample points. For a case when {Y "} is condition-
ally independent for a given z", then information criteria can estimate the
generalization loss if it can in independent cases, whereas the cross vali-
dation criterion cannot. For example, the cross validation loss cannot be
employed in a linear prediction of time series, whereas information criteria
can be.

Remark 63. From the mathematical point of view, the information criteria
need asymptotic condition n — oco. In fact, AIC, AIC,, TIC, TIC;, and DC
require the asymptotic normality, resulting that the sample size n should be
large enough. However, WAIC does not require the asymptotic normality,
hence it can estimate the generalization loss even if n is not so large. In
many singular statistical models, WAIC can estimate the generalization loss
even if n is small experimentally.
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Ezample 53. Let € R? and N(z) be a normal distribution on R? whose
average is zero and covariance matrix is the 2 x 2 identity matrix.

N(z) = — exp(—

- 2

We study a statistical model
p(z|a,b,¢) =aN(z —b)+ (1 —a)N(z —¢),

where 0 < @ < 1 and b, ¢ € R? are parameters. For a prior of a, we adopt a
Dirichlet distribution,

pi(a) oc (a(l = a)*
where o > 0 is a hyperparameter. For a prior of (b, c),

_ Il + e

w2(b, ) o< exp( 552 ),

where B is a hyperparameter. Several cases are studied experimentally.
(1) Regular and realizable case.

q(x) = p(z|ao, bo, co),

where ag = 0.5, by = (2,2), and ¢ = (-2, —2).
(2) Regular and unrealizable case.

q(z) = agN((z — bo)/o) /0 + (1 — ag)N((z — c0)/0) /0,

where ag = 0.5, 0 = 0.8, by = (2,2), and ¢y = (-2, —2).
(3) Nonregular and realizable case.

q(x) = p(z|ao, bo, co),

where ag = 0, by = (0,0), and ¢ = (0,0).
(4) Nonregular and unrealizable case.

q(z) = aoN((z — bo)/o) /0 + (1 = ag)N((z — co) /o) /0,

where ag = 0, 0 = 0.8, by = (0,0), and ¢ = (0,0).
(5) Delicate case.

q(z) = agN((z — bo)/o) /o + (1 — ag)N((z — co)/0) /0,
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Cases G ISCV | AIC, DIC WAIC
(1) Regular | Ave | 0.0254 | 0.0254 | 0.0251 | 0.0247 | 0.0254
Realizable Std | 0.0169 | 0.0162 | 0.0164 | 0.0162 | 0.0162
(2) Regular | Ave | 0.1089 | 0.1043 | 0.1184 | 0.1110 | 0.1043
Unrealizable | Std | 0.0124 | 0.0362 | 0.0381 | 0.0372 | 0.0362
(3) Nonreg. | Ave | 0.0129 | 0.0160 | 0.0418 | 0.0034 | 0.0158
Realizable Std | 0.0085 | 0.0088 | 0.0118 | 0.0283 | 0.0088
(4) Nonreg. | Ave | 0.0983 | 0.1036 | 0.1409 | 0.1049 | 0.1036
Unreal. Std | 0.0067 | 0.0399 | 0.0412 | 0.0455 | 0.0399
(5) Delicate | Ave | 0.0384 | 0.0384 | 0.0479 | 0.0001 | 0.0387
Std | 0.0175 | 0.0239 | 0.0232 | 0.0537 | 0.0241
(6) Unbal. Ave | 0.0276 | 0.0255 | 0.0343 | -0.1618 | 0.0225
Std | 0.0169 | 0.0267 | 0.0156 | 0.3568 | 0.0235

Table 8.1: Experimental results in Example 53. In the table, averages and
standard deviations of normalized values G-S, ISCV-S,,, AIC,, -S,,, DIC -S,,,
and WAIC-S,, are displayed.

where ap = 0.5, 0 = 0.95, by = (0.5,0.5), and ¢ = (—0.5,—0.5).
(6) Unbalanced case.

q(z) = agN(x — bo) + (1 — aog)N(z — o),

where ag = 0.01, by = (2,2), and ¢ = (-2, —2).
In each case, the average and empirical entropies of the true distributions
are defined by

Sy = —/q(x)logQ(w)dw,
Son = _EZIqu(Xi)'

For the case n = 100, the posterior distributions were built by the Gibbs
sampler, in which the burn-in was 200 and the number of posterior param-
eters were 1000. Hyperparameters were set as « = 0.5 and B = 10. We
conducted 100 independent experiments for each condition. In Table 53,
‘Ave’ and ‘Std’ show their averages and standard deviations of G, — S,
ISCV — §,,, AIC, — S, DIC — S,,, and WAIC—S,,.

(1) If a true distribution was realizable by and regular for a statistical model,
then all information criteria estimated the generalization loss well.
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(2) If a true distribution was unrealizable by and regular for a statistical
model, then AIC overestimated the generalization loss.
(3) through (5) In nonregular and delicate cases, ISCV and WAIC were more
accurate than AIC and DIC.
(6) In an unbalanced case, ISCV, WAIC, and AIC were more accurate than
DIC. Note that a few sample points were generated from the first component.
As an unbiased estimator, ISCV was better than WAIC and AIC, however,
the variance of ISCV was larger than WAIC and AIC. AIC had the smallest
variance. Their intervals [m — 20, m + 20] where m and o are averages and
standard deviations were

G-S 0.0062, 0.614]

[
ISCV — S, : [-0.0279,0.0789)
AIC — S, : [0.0031,0.0655]
[
[

DIC — S, 0.8754, 0.5518)]
WAIC — 8, 0.0245,0.0695]

Therefore, not only the cross validation loss but also information criteria
contain important information.

Ezample 54. Examples of model selections are shown in sections 2.4 and 2.5.
If a statistical model has hierarchical structure or hidden variables, then the
posterior distribution cannot be approximated by any normal distribution
in general, hence we can apply the cross validation and WAIC, but not
AIC or DIC. If we need a neural network with many hidden units or a
normal mixture with many components, the MCMC process sometimes fails
because of local minima. If such models have a few redundant hidden parts,
the MCMC rather easily attains the posterior distribution. If Bayesian
estimation is applied to such statistical models, the generalization losses do
not increase much, hence we recommend a model which has a few redundant
parts.

8.1.2 Comparison of ISCV with WAIC

In typical experiments, ISCV is almost equal to WAIC. First, we show that
if a sample consists of independent random variables, then ISCV and WAIC
are asymptotically equivalent as random variables. Let 7, (a) be a function
defined in eq.(3.11) in Definition 8.

Theorem 24. Assume that X1, Xs, ..., X,, are independent and that

sup [ (L)' ()] = 0p(p). (8.40)

o<1l Nda
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Then the following equation holds,
1
ISCV = WAIC + Op(ﬁ).

Proof. ISCV is defined by

ISCV = %Zlong[ 1/p(X;i|w) ]

i=1
By the definition of 7,(«) in eq.(3.11)
ISCV =T, (-1).
By using the mean value theorem, there exists |5*| < 1 such that
/ | 1 (3) 1 (4) ( p*
To(=1) = =T,(0) + 5T,(0) = =T.7(0) + o2 7,7 (57).
2 6 24
On the other hand WAIC is defined by
WAIC = T, +V,=-T.(1)+ T/ (0).

By using the mean value theorem, there exists [5**| < 1 such that

_ i — Ly - Loy - L@ e

Ta(l) = =T75(0) = 57/(0) T (0) 51 (B*).
Hence 1 1 1

WAIC = —T;/(0) + 57./(0) = 2T (0) = 7 TP (87),

which completes the theorem.

241

(8.41)

O

Remark 64. (1) This theorem holds, even if the posterior distribution cannot
be approximated by any normal distribution. By the proof, it is also derived

that )
ISCV = WAIC + E7;5‘9 (0) 4 0,(n72).

By Theorem 26, if the posterior distribution can be approximated by some
normal distribution, then 7;1(4)(0) = op(n~?), resulting that the difference

between ISCV and WAIC is smaller than O,(n~2).
(2) Assume that there exist constants g; and go which satisfy

E[G,] = gl+%+o(1/n).
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Figure 8.1: The horizontal and vertical lines show the pairs of
(log(radius), log(mass)) in the solar system. The circle corresponds to the
sun, which is the leverage sample point. In fact, the regression line esti-
mated by including the sun is given by the dotted line, whereas regression
by not including it is shown by the solid line.

By the definition

Hence
E[CV] - E[Gn] = E[Gn—l] - E[Gn] = O(l/’I’L2)

By the above theorem
E[WAIC] — E[G,,] = O(1/n?).

Therefore, CV and WAIC have asymptotically the same approximators of
the generalization loss, if a sample consists of independent random variables.

Remark 65. (Comparison of ISCV and WAIC) In the numerical experiments,
the difference between ISCV and WAIC is very small in many cases, how-
ever, sometimes they are different. First, if a sample {(X;,Y;)} is dependent,
then the averages of CV and ISCV are different from that of the general-
ization loss. On the other hand, the averages of WAIC are asymptotically
equal to those of the generalization loss if a sample consists of conditionally
independent variables. Second, in statistical estimation of the conditional



8.1. MODEL SELECTION 243

probability ¢(y|z), if n is not enough large to ensure

o) ~ 36— X,
i=1

then ISCV is different from WAIC. Thirdly, if a sample contains a leverage
sample point, then variance of ISCV diverges which is different from WAIC.
The third sample can be understood as a special case of the second one. If a
leverage sample point is contained in a sample, then the data analyst should
reconsider whether such a point should be included in a sample. A leverage
sample point can be found by the following procedure. If ISCV is not equal
to WAIC, then for every sample point X;, the partial functional variance

Vi [log p(Yi| X, w)]

is calculated. If it is larger than the others, then X; is a leverage sample
point.

Remark 66. The importance sampling cross validation loss diverges if a
leverage sample point is contained [57] [20]. Recently, a new method for nu-
merical approximation of the cross validation was devised in which the pos-
terior distribution is replaced by the Pareto distribution [76]. This method
gives the approximation of the cross validaiton loss. WAIC is not an approx-
imation of the cross validation loss but is an estimator of the generalization
loss. If a sample is dependent, then the cross validation loss is not an esti-
mator of the generalization loss.

Ezample 55. (Leverage sample point) Let {X;} be the {log(radius)} of stars
in the solar system, Mercury, Venus, Earth,.., and {Y;} be {log(mass)}. If
we study a simple regression problem, Y = aX + b+ noise, then the datum
of the sun is a leverage sample point. In Figure 8.1, the circle shows the
datum of the sun. A regression line without the sun is shown by the solid
line whereas regression with the sun is shown by the dotted line. The (X,Y)
of the sun may not be estimated from other data, hence the cross validation
fails. Even in such a case, information criteria AIC and WAIC can be used
to estimate the statistical estimation error.

Ezample 56. (Classification problem) Let us study a classification problem
q(z]x,y) using a neural network, where (z,y) € R? and the true output z is
set by a function,
L { 1 y>sin(nz/2)
0 otherwise
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Figure 8.2: Classification problem. Two categories in two dimensinal space
are classified by a neural network. The letters 'o’ and "*’ show sample points
classified as one and zero. The solid and dotted lines show the estimated
and true boundaries. The sample points near the boundary are leverage
sample points.

A sample of 50 points is shown in Figure 8.2. The solid and dotted lines show
the estimated and true classification boundary respectively. The letters ‘o’
and ‘¥ are sample points classified as one and zero by the true rule respec-
tively. A three-layered neural network which has input units M = 2, hidden
units H = 5, and an output unit N = 1 was employed for learn the classi-
fication rule. The posterior distribution is approximated by the Metropolis
method explained in the previous chapter. In the classification problem,
sample points near the boundary strongly affect the statistical inference:
in fact, the classification result for such a point is not estimated from the
other sample points. In Figure 8.2, several points which are displayed with
numbers are leverage sample points. The partial functional variance of the
ith sample point
Vi = Vy[log p(Xi|w)]

shows the strength of the sample point’s effect. Figure 8.3 shows such {V;}
for each 7. The larger V; shows that the ith sample point exerts more of
an effect on the result. In Figure 8.3, samples 2, 4, 28, 30, 33, and 45 are
leverage samples.

Practical Advice. If one has a posterior parameter set generated by an
MCMC method, then it is easy to numerically calculate ISCV, AIC, DIC,
and WAIC. Hence the author recommends that all of them are calculated.
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Figure 8.3: Functional variance for each sample point. The horizontal line
shows the number of sample point in Figure 8.2. The vertical line shows
the partial functional variance V; of each sample point. The leverage sample
points have large partial functional variances.

(1) If they are all equal, then they can be employed.

(2) If a statistical model has a hierarchical structure such as a normal mix-
ture and a neural network, and if ISCV = WAIC >> DIC, then the posterior
distribution is not localized. In this case, DIC is not appropriate.

(3) If ISCV # WAIC, then there may exist a leverage sample point. A data
analyst had better reconsider whether such leverage sample point should
be included or not. In conditional independent problems such as time series
analysis, ISCV does not correspond to the generalization loss whereas WAIC
does.

8.1.3 Criteria for Free Energy

In this subsection, we study the model selection problem by the free energy
or the minus log marginal likelihood. If we know the true distribution ¢(x)
and the real log canonical threshold and its multiplicity (A, m), then the
asymptotic free energy is given by

F, = nLy(wy) + Alogn — (m — 1) loglogn + Op(1),
where wq is the optimal prameter. However, wg, A, and m depend on the

true distribution ¢(z), this asymptotic expansion cannot be used directly for
estimating F),.
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Definition 28. The free energy that is numerically calculated by eq.(7.19)
is denoted by F(MCMC).

J—1
F(MCMC) = _Zbg El(vﬁw[e—wkﬂ—ﬁk)nm(w)]

The free energy calculated by using the regular assumption and eq.(4.57) is
denoted by F(REG),

. d
F(REG) = - Zlogp(XihZ)) +3 logn

1 1
+§ log det J(w) — log p(w) — 3 log(2m), (8.42)

where 10 is the maximum likelihood estimator. The Schwarz BIC is obtained
by removing the constant order term from F(REG),

E d
BIC = — Zlogp(Xim) + 5 log n.
i=1

The widely applicable Bayesian information criterion WBIC is

WBIC = —E{/ &™) [f: log p(Xiyw)},
=1

where E{/ 1% ")[ | is the posterior average using 8 = 1/logn,

Hf p(X;|w)Pp(w)dw

/]

w)] = .
/Hlew

Comparison of F(MCMC), F(REG), BIC, and WBIC. If a true model is
regular for a statistical model, then all criteria can be employed. In such a
case,

F(MCMC) = F,+e,

F(REG) = F,+o0py(1),
BIC = F,+ 0,(1),
WBIC = F,+0,(1),

WBIC = BIC + 0,(1),
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where € depends on numerical calculation. If a true model is not regular for

a statistical model, then

WBIC = F, + O,((logn)'/?), (8.43)

where the second equation is proved in [85]. The mathematical structure is
explained in Theorem 25. Note that in Thereom 25, the function H(w) has
no random fluctuation. In the case when H(w) is a stochastic process, then
the refined proof shows eq.(8.43).

Theorem 25. Assume that H(w) is an analystic function of w and p(w)
is a C*° class function. Let Fy and Fs be

Fi = —log [ exp(-nH(w)p(wdu.
/nH(w) exp(—(n/logn)H (w))p(w)dw

/ exp(—(n/ log n) H (1)) (w)dw

Fy =

Then, even if the Hessian matriz V2H (wq) at a minimum point wq is sin-
gular,
Fy — F5, = o(logn).

Proof. If the minimum value of H(w) is Hy, and H;(w) = H(w) — Hy,

Fi = nHy —log/exp(—nHl(w))gp(w)dw,

nHi(w) exp(—(n/logn)H;(w))p(w)dw

F2 = 7”LHO—|—
/exp(—(n/ log n)Hy (w))e(w)dw

Hence we can assume Hy = 0 without loss of generality. The zeta function
of H(w) is defined by

C(2) = / Hw) p(w)dw (2 € C).

Then we can derive
(1) In the region Re(z) > 0, ((z) is an analytic function of a complex variable
Z.
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(2) ¢(2) can be analytically continued to a unique meromorphic function
whose poles (—A1) > (—A2) >, ..., are all real and negative values. We define
my, as the order of the pole (—\g). Then ((z) has the Laurent expansion as

kz:lmz:l Z + /\k

where Cy,, € C. The state density and partition functions are respectively
defined by

o) = o= s@)e@is ©<t<)
20) = [exp(-nfa)o@iz (n>0),
Then it follows that
1
(z) = /Oltz o(t) dt,
Zn) = /0 exp(—nt) v(t) dt.
In other words, ¢(z) and Z(n) are the Mellin and Laplace transforms of

v(t), respectively. The following equation can be derived by mathematical
induction about m = 1,2, ...

11
(z+A)m (m—1)!

1
/ t* L(logt)™1 t* dt.
0

By using this equation and the Laurent expansion of ((z), we obtain the
asymptotic expansion,

oo myg C
ZZ km t)\k 1(10gt)m_1

klml

Therefore, the asymptotic expansion of Z(n) holds,

oo my

1
Z(n) = ZZ Cem /t)‘k_l(logt)m_l exp(—nt) dt
k=1m= 1
o mi

_ ZZ Clm / (t /)™ (log(t/n))™" exp(—t) %.

klml
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In the case n — oo, the largest order term is

CiiI'(A log n)m™—1
7 = (;—(1;!) : gnil ‘

Hence
Fy = M\ logn — (my — 1) loglogn 4 Const. + - - -

On the other hand, by using 5 = n/logn, we define
1
Fy = / exp(—pt) nt v(t) dt,
0

1
Fyy = /Oexp(—ﬁt) u(t) dt.

Then Fy = F51/F5,. By using the same method as F7,

g o= Gulu+1) n(log gym-t
T T o paE
o~ Cul(A) (log B)™ 1
2 = : .

(m—1)! M
Then by I'(A1 + 1) = AI'(Ay), it follows that

Fy = A\ logn,

which completes the theorem. [l

Ezample 57. A simple model selection experiment using WBIC was con-
ducted. Let = € R?, y € R. The input X; was generated from the uniform
distribution of [—2,2]2. The true distribution of Y; was set as p(y|x,wp)
where p(y|x,wg) was made by a neural network defined by eq.(2.27) with
three hidden units H = 3. From this true distribution, n = 500 sample
points were generated. A prior was set by the normal distribution A/(0, 10?)
for each wu;, and wye. The 1000 posterior parameters were approximated
by a Metropolis method with the burn-in 1000 and sampling interval 200.
Figure 8.4 shows WBICs for a neural network with H =1,2,3,4,5. Asin a
figure, a true model could be chosen by WBIC.

Remark 67. In general, the asymptotic form of the free energy or the mi-
nus log marginal likelihood depends on a true distribution, since the real
log canonical threshold depends on the true distribution. Recently, a new
method was devised by which both the true distribution and the free energy
can estimated simultaneously using the real log canonical threshold [19].
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Figure 8.4: WBIC of neural networks. The horizontal line shows the number
of hidden units in a neural network, and the vertical line WBIC. By using
WBIC, a model selection according to the asymptotic free energy can be
realized.

8.1.4 Discussion for Model Selection

Let us study model selection problems from two different points of view.
This discussion is based on Professor Akaike’s argument.

Artificial case. Assume that a true distribution is realizable by a statistical
model which is contained in the finite set of candidate models. Since such
a case is rare in the real world, it is called an artificial case. In the artificial
case, the minimal model by which a true distribution is realizable is called
the true model. A model selection algorithm is called consistent, if the
probability that the selected model is equal to the true model converges to
one for n — oco. In general, model selection algorithms which employ the
cross validation loss, AIC, DIC, and WAIC are not consistent. The reason
why they are inconsistent is that random fluctuation according to a sample
is in proportion to the difference of the generalization loss. On the other
hand, the model selection algorithm which is based on the free energy is
consistent, because the main order part logn is not a random variable but
a constant which is larger than the random fluctuation. Therefore, in an
artificial case, the free energy is better than the generalization loss.

Natural case. Assume that we have candidate models, but, a true distri-
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bution is not realizable by any statistical model whose parameter has finite
dimension. Almost all statistical problems in the real world are classified
into this case, hence are called the natural cases. In a natural case, if the
number of random variables increases, then the best model also becomes
more complex. Consistency has no meaning. A model selection algorithm
is called efficient, if the average generalization loss of the selected model is
minimized among the candidate models. From the view point of efficiency,
the generalization loss is better than the free energy.

When we compare several model selection problems by computer simulation,
we often set a true distribution as an artificial case. However, such an
experiment may be different from the natural cases.

8.2 Hyperparameter Optimization

A parameter of a prior distribution is called a hyperparameter. In this
section, we study several problems in hyperparameter optimization.

Remark 68. If a set of a statistical model p(z|w) and a prior p(w|d) is
prepared, one might think the hyperparameter 6 could be automatically
optimized by intoducing the hyperprior distribution ¢1(6). However, it is
not true. If the hyperprior distribution is employed, then it strongly affects
the optimal hyperparameter, resulting that the chosen hyperparameter is
not optimized but detemined by the choice of the hyperprior. In such a case
a prior [ p(w|f)p1(0)dl should be evaluated as a prior. Hence we need a
method how to evaluate (p(x|w),p(w)). For example, in a nonparametric
Bayesian estimation, the Dirichlet hyperparameter a might be determined
by using the hyperprior, but it is not the automatically optimal one. Even
in nonparametric cases, the cross validation and WAIC can be employed to
evaluate the hyperparameter.

In this section, we study the general case
p(w) >0,  but /gp(w)dw may be infinite.

Even in such cases, we can use the same definition of the posterior distribu-
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tion as the case [ p(w)dw =1,
H (Xi|w)
/ H (Xi|w)dw

because this definition does not require any normalizing condition of ¢(w).
Hence the definitions of the generalization, cross validation, and training
losses are also invariant. However, the free energy should be redefined by

log/HpX\w dw—Hog/ (w)dw,

because, without the second term in the right hand side, F;, is an unbounded
function of .

p(w[X") =

Remark 69. (1) In the hyperparameter optimization problem about the
generalization loss, we admit cases when f p(w)dw = oo. For example,
¢(w) = 1 on the unbounded parameter set W can be used in this section.
On the other hand, for the free energy, [ ¢(w)dw < oo is necessary for finite
F,,. That is to say, the generalization loss and the free energy have the
essential difference in preparing the set of priors.

(2) Let @ be the maximum likelihood estimator. Then, for an arbitrary w

[1p(xilw) < T p(Xilw
=1

i=1

Hence if there exists a sequence of priors {pg(w)} such that i (w) — o(w —
w), then the infimum value of F,, is attained by such a sequence, which
converges to the maximum likelihood method. Therefore, when the free
energy is applied to the prior optimization, the set of candidate priors should
be set so as that such a sequence is not contained.

Ezample 58. The Dirichlet distribution
p(a) oca® (1 —a)’,
converges to d(a — ag) by

o = kao
,Bk = k(l—ao)

and k£ — oo. Hence o and 3 should be bounded by some constant.
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8.2.1 Criteria for Generalization Loss

In the model selection problem according to the generalization loss, we stud-
ied the cross validation, AIC, TIC, DIC, and WAIC. Since the effect of the
prior choice to the generalization loss is weaker than that of the statistical
model, we need a precise tool to observe the difference of the small order. In
fact, neither AIC, TIC, nor DIC can be applied to prior evaluation. In this
subsection, we study the hyperparameter optimization by the cross valida-
tion and WAIC. If a true distribution is regular for a statistical model, then
we have the following theorem even if a true distribution is not realizable
by a statistical model.

Regular case. In regular cases, the effect of the hyperparameter optimiza-
tion by the cross validation and WAIC are mathematically clarified. Let
¢vo(w) and ¢(w) be arbitrary fixed and candidate priors respectively. As a
typical case, po(w) =1 for all w € W can be chosen. The empirical log loss
function and the maximum a posteriori (MAP) estimator w using ¢g(w) are
respectively defined by

1< 1
Lo(w) = —EZlogp(Xﬂw)—Eloggpo(w), (8.44)
i=1
b= in L, (w), 4
w arg min (w) (8.45)

where either L, (w) or @ does not depend on the candidate prior p(w). If
wo(w) = 1, then w is equal to the maximum likelihood estimator (MLE). The
average log loss function and the parameter that minimizes it are respectively
defined by

L(w) = —/q(m)logp(m]w)dm, (8.46)
wy = arggéi%l/L(w). (8.47)

In this section, we use the following notations for simple description.
(1) A parameter is denoted by w = (w',w?,...,w", ..., w?) € RY,
(2) For an arbitrary function f(w) and nonnegative integers ki, ko, ..., kn,
we define
o™ (f)

(f)klkg-“km (w) = 8wk}1 awk‘2 - awkm

(w). (8.48)

(3) We adopt Einstein’s summation convention and kq, ko, k3, ... are used for
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such suffixes. For example,

d
kok kok
X VE = 37 X5, VH26s,
ko=1

In other words, if a suffix k; appears upper and lower, it means automatic

summation over k; = 1,2,....,d. In this section, for each ki, ks, XFk2 =
k

Xy = Xk

Definition. (Empirical mathematical relations between priors) For a fixed
and candidate priors ¢g(w) and ¢(w), the prior ratio function is defined by

¢(w) = p(w)/po(w).

The empirical mathematical relation between two priors at a parameter w
is defined by

M(p,w) = AF*2(log @)y, (log ¢)k, + B2 (log ¢)k,k,

+C*1 (log @), » (8.49)
where
Jkk2 () = Tnverse matrix of (L )g,k, (w), (8.50)
Abiba(y) = Zphk (), (8.51)
Bhks(w) = (7P () + T () T ) Fi (), (852)
CM(w) = T2 (w) " (w) Fypy gy (w)
G T ) 75 (0) (L e ()
= R ) H ) 75K ()
X (Ln) kaksks (W) Fley kg (W), (8.53)
and
Fiy ko (0) = %zn:(logp(Xi!w))kl(logp(Xi\w))kg, (8.54)
=1
Fikaks (0) = — > (log p(Xh) iy, (ogp(Xifu))sy. (8:55)

i=1
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Remark. Note that neither A¥1%2(w), B*%2(w), nor C* (w) depends on a
candidate prior ¢(w). Therefore M(¢,w) is determined by only log¢ as a
function of the candidate prior.

Definition. (Average mathematical relations of priors) The average math-
ematical relation M(¢,w) is defined by the same manner as eq.(8.49) by
replacement

JEk2(p) s Inverse matrix of E[(Lp) gk, (w)], (8.56)
L)k (w) = E[(Ln )k in (w)] (8.57)
(Ln)kikaks(w) = E[(Ln )by koks (w)], (8.58)
Fiey s (w) = E[Fpy gy (w)], (8.59)
Fleiky s (W) = E[Fpy kg s (w)]. (8.60)

The following theorem shows the effect of the choice of the candidate prior
by comparison of the fixed prior.

Theorem 26. Let po(w) and o(w) be fizred and candidate priors respec-
tively. The prior ratio function is defined by

(w) = p(w)/po(w).

Let M (¢, w) and M(¢,w) be the empirical and average mathematical rela-
tions between p(w) and @o(w). As random variables,

M (¢, ) 1
M0 o,

CV(p) = CV(po)+ =), (3.61)

WAIC(¢) = WAIC(po) + W + Op(%), (8.62)
CV(p) = WAIC(p) + Op(). (8.63)
Their expected values satisfy '
EICV(9)] = BV + 8 oy men
E[WAIC(0)] = E[WAIC(g0)] + W 4 0(%), (8.65)
where
M(6,0) = M6, w0) + Opl—75), (5.60)

EM(6,0)] = M(g, o) +O0(,). (8.67)
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On the other hand, the generalization loss satisifies

Ge) = Glpo)+ (" — (w0)) (08 D) (1) + Oy p)
= Gleo) +Opl3r) (5.65)
ElG(0)] = ElG(a)] + 2101 oL, (5.69)

For the proof of this theorem, see [86]. If a candidate prior has a hy-
perparameter 6, which is written as p(w) = p(w|d), the following facts are
derived by this theorem.

(1) The hyperparameters that minimize E[CV], E[WAIC], and E[G,] are
symptotically equal to each other.

(2) The hyperparameters that minimize CV, WAIC, and E[G,,] are asymp-
totically equal to each other. Hence by minimizing CV or WAIC, we can
find the optimal hyperparameter that minimizes E[G,,] asymptotically.

(3) Important point]. The hyperparameters that minimize the random
variable GG;, and the average E[G,,] are not equal to each other even asymp-
totically. In general they are far from each other and one does not converge
to the other even if n tends to infinity. By minimizing CV or WAIC, we can
find the optimal hyperparameter that minimizes E[G},], but we cannot find
the optimal hyperparameter that minimizes G,,.

Hence by determining the hyperparameter by minimizing the cross val-
idation or WAIC, E[G,,] is asymptotically minimized but G, is not. (see
Example. 59). It is strongly conjectured that there is no observable which
can estimate the random variable G,, for an arbitrary true distribution, be-
cause we do not know the true distribution. This is the conjecture about
the limit of statistical estimation.

Remark 70. Since E[CV ()] of X™ is equal to E[G(¢o)] of X"~ ! and

1 1 1+ (1)
- = o(—
n—1 n n? n2’’

it immediately follows from Theorem 26 that

ElG(p)] = E[G(eo)] + W + 0(%), (8.70)
E[OV(¢)] = E[G(p0) + 2220 w0)

7’L2

to(L), )
2 2/

n
1
n

+o(—) (8.72)
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Nonregular case. In nonregular cases, determination of the hyperparame-
ter is the essential procedure of Bayesian inference. However, mathematical
analysis for this case is still difficult, because nonregular statistical models
have phase transitions according to the hyperparameter controlling. For es-
timating the averages, the cross validation and WAIC can be employed. See
Example 67.

8.2.2 Criterion for Free Energy

For the purpose of the minimization of the free energy, neither BIC nor
WBIC can be applied, because they do not estimate the constant order
term. The values F(REG) and F(MCMC) can be used in regular and all
cases, respectively. If F(REG) is employed, then the hyperparameter that
minimizes the F(REG) is equal to the one that maximizes ¢(w). In other
words, the hyperparameter is optimized so that the prior at the maximum
likelihood estimator is maximized.

For the hyperparameter optimization, there is an another method. Let
F,(«) be the free energy for a prior p(w|a), where « is a hyperparameter.
Then

n

[ (-5 g etwla))otwio) [T (il

i=1
n
/ (w|a) Hp Xi|w)dw
i=1

= —-E, [8% log gp(w\a)} .

Hence using the increase and decrease table, the hyperparameter that min-
imizes F,(a) can be found. In order to calculate F,(MCMC), we need all
posterior distributions for many inverse temperatures, whereas dF,, /da can
be calculated by one MCMC process.

FEzample 59. By using a statistical model which enables us to exactly cal-
culate the generalization and cross validation losses and the free energy, let
us study the hyperparameter optimization problem numerically. We use the
normal distribution and its conjugate prior defined by eqgs.(2.1) and (2.2).
Let n = 200. The hyperparameter (¢1, @2, ¢3) in the region

dF,,
do

0< g1 <10

is examined, where ¢o = 0 and ¢3 = 1. We conducted 100 independent
experiments. In Figure 8.5, the horizontal line shows the value ¢1.
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Figure 8.5: Hyperparameter optimization. The horizontal lines in all figures
show the value of the hyperparameter. The vertical lines show the average
generalization error, the generalization error, the cross validation error, and
the free energy. The minimum points of the free energy is not equal to that
of the average generalization error. The minimum point of the generalization
error has very large variance, and thus it is not equal to that of the average
generalization error. The minimum point of the cross validation error is
asymptotically equal to that of the average generalization error.
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1
2

(1) Upper left: The average generalization error for a given hyperparameter.
(2) Upper right: Generalization errors for a given hyperparameter.

(3) Lower left: Cross validation losses for a given hyperparameter.

(4) Lower right: Free energies for a given hyperparameter.

In (2), (3), and (4), each function of a hyperparameter is displayed by cali-
bration that the minimum value is equal to zero. The hyperparameter that
minimizes the average generalization loss is almost equal to ¢; = 5. Each
hyperparameter that minimizes each generalization loss strongly depends on
a sample X™. It almost always lies on the outside of 0 < ¢ < 10. Note that
it sometimes lies in ¢; < 0. The hyperparameter that minimizes the cross
validation loss is in the neighborhood of ¢1 = 5. The hyperparameter that
minimizes the free energy is in the neighborhood of ¢; = 2. These results
show the case n = 200. If n is smaller, the variance of the chosen hyperpa-
rameter is larger, hence too much optimization of the hyperparameter may
be dangerous. Note that if all of (¢1, ¢2, ¢3) are optimized simultaneously,
then the hyperparameter diverges.

— — ——

8.2.3 Discussion for Hyperparameter Optimization

Regular case. Assume a true distribution is regular for a statistical model,
then:

(1) If a hyperparameter is optimized by minimization of the cross validation
or WAIC, then the average generalization loss is minimized asymptotically.
However, the generalization loss itself is not minimized. Moreover the ran-
dom fluctuation of the optimized hyperparameter is not small.

(2) If a hyperparameter is optimized by minimizing the free energy, then
it is asymptotically equivalent to maximizing the value of the prior at the
maximum likelihood estimator. The random fluctuation of the optimized
hyperparameter may be smaller than the cross validation, however, it does
not minimize the generalization loss.

Therefore, even if the prior is optimized, its effect to the accurate prediction
is small. Moreover, the random fluctuation may make the variance of the
optimized parameter larger. Therefore, too much optimization is not neces-
sary. However, choosing the appropriate prior among several candidates by
the cross validation or WAIC may be useful.

Singular case. Assume that a true distribution is singular for a statisti-
cal model. Then both the generalization loss and the free energy have the
phase transitions for hyperparameter controlling (for the definition of the
phase transition, see the following chapter). If the real log canonical thresh-
old is minimized by appropriate hyperparameter choosing, then it makes
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the generalization loss smaller. However, in singular cases, the effect of
control hyperparameter to the precise prediction is not sufficiently clarified
mathematically. This is an important problem for the future study.

Ezample 60. (LASSO) Let us study LASSO (least absolute shrinkage and
selection operator). Let = € RM y € RY. A model and a prior are defined
by

1
plyle,w) o exp(—lly — wal),

e(wll) o exp(—ﬁz lwik|)
ik

where w = {wj } is a N x M matrix, o is a constant, and ¢ is a hyperparam-
eter. The purpose of using this prior is to make the estimated parameter
sparse. In fact, the maximum a posteriori (MAP) estimator by using this
prior becomes sparse by choosing ¢ appropriately. Let us study the Bayesian
case. Assume that the true distribution is ¢(y|z,wp). Then the Bayesian
generalization error is

E[G,] =nS + % +o(1/n),

where S is the entropy of p(y|z, wp) and A is the real log canonical threshold.
The value (—X) is equal to the maximum pole of the zeta function,

() = / Jw — wo| exp(—£ 3 fwyil)dw.
ik

Even if almost all elements of wg are equal to zero, the largest pole of the zeta
function is equal to —d/2, where d = M N is the dimension of the parameter,
since @(wp|¢) > 0. In other words, A = d/2 does not depend on the choice
of £. Therefore, in Bayesian estimation, the prior exp(—£}_ . [wjx|) is not
appropriate for sparse representation of the parameter. In LASSO, Bayesian
estimation is very different from MAP estimation.

Ezample 61. (Bayesian LASSO) Let € RM, y € R, w € RM. We study a
statistical model

1 1 9
T,W) = ———=¢€ ——y—w-x
where ¢ > 0 is not a parameter but a constant, and a prior

1

[w;|®

exp(—eu?),

M
p(w)=C]]
j=1
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Figure 8.6: Generalization error by Bayesian LASSO. The horizontal line
shows the hyperparameter «. The generalization error, the cross validation
error, and WAIC error are compared with the theoretical value. By using
Bayesian LASSO, the generalization error can be made smaller, if the true
parameter is sparse.

where C'(a, €) is a constant

-0 \u
9= (ra=a) -

for a given hyperparameter a < 1 and ¢ > 0. Note that as a becomes
large, the posterior distribution concetrates on the neighborhood of the ori-
gin. Assume that the true distribution is p(y|x,wp), where the number of
the nonzero elements of wy is equal to My. The true distribution ¢(z) is
the direct product of the standard normal distribution. Then the real log
canonical threshold is

Ma) = 5 (Mo + (1 - a)(M — My)}, (8.73)

resulting that the asymptotic generalization error is

E[G,] — S = % +o(1/n).
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For a given sample (X" Y"), the posterior distribution is

M n M
n n 1 1 2 2
p(w| X", Y )&Ewexp(—ﬁ;(}/}—w'Xi) —E;wj).

By using a formula,

[(a/2)

Y

/ u®?> 1 exp(—w?u)du
0

|wl®
the posterior distribution can be represented by
M
pllxn vy o (T] [ dus (a)e>)
j=1
1 n M M
2 2 2
x eXP<—@ Z;(Yi —w-X;)" Zl(wy') uj — 521%)-
i= j= j=

Hence a Gibbs sampler for (w,u) can be constructed. In fact p(w|u) is the
normal distribution whose average is

and covariance matrix is S~!. Here

1< ,
S=— > Xi(Xi)" +2Diag(e + ur, € + uz, ..., € + unr),
g 1=1

where Diag(uy,us, ..., ups) is the diagonal matrix whose diagonal coefficients
are (u1,us,...,ups). On the other hand, p(ujw) is the direct product of the
gamma distribution G(u;|a/2,1/(w;)?), where

1 1

G(x|a,b) = b“l“(a):na_ exp(—%). (8.74)

Figure 8.6 shows an experimental result for the case M = 40, My = 10,
and n = 200. In order to make the posterior distribution stable, if |u;| >
Umaz = 1000000, then it is replaced by *y,q.. The horizontal line shows the
hyperparamater o and the generalization error, the cross validaiton error,
and WAIC error are compared with the theoretical value. In this case the
true parameter is sparse, hence the generalization error is made smaller by
using Bayesian LASSO.
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Figure 8.7: Generalization errors by the minimum cross validation. The
solid line shows the generalization error by the model selection with respect
to the minimum cross validation loss. The dotted line shows that of the
unselected larger model. In this experiment, WAIC and CV resulted in
the same model selection. Note that the model selection does not always
minimize the generalization error. In fact, in the delicate case when two
models are almost balanced, the generalization error becomes larger.
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8.3 Problems

1. Let U,, be a random variable which is defined by
= — ZlogE (Xi|w)]

- Z B, [log p(X;|w)].

i=1

Then prove that U, has the same second order asymptotic expansion as
WAIC.

2. Let z,a € R?. A statistical model and a prior are defined by

k) = e es(—gle—al?)
oo) = i el lal?).

2

Let a true distribution be p(z|ag). We study a model selection between
statistical models p(z|a) and p(x|0). That is to say, the predictive density
p(z) by the minimum cross validation loss is defined by

() = 4 Bulp(elw)] G Ci < CY)
p(x) = { p(z|0) (otherwise ' (8.75)

where C{" is the cross validation loss of p(z|a) and
-1 Z log p(Xi[0).
n &

The generalization error of the minimum cross validation loss is defined by

p(zfao)
/p(x|a0)10g () dx.

Then this is a function of the distance between 0 and ag.The solid line
in Figure 8.7 shows its behavior as such a function in the case d = 5. The
horizontal line shows the distance between the origin and the true parameter.
The dotted line shows the generalization error of the predicitive density of
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p(z|a) without model selection. Discuss the effect of the model selection on
the generalization error.

3. If the posterior distribution can be approximated by some normal distri-
bution, then the difference between BIC and the free energy is a constant
order term. If otherwise, the difference between WBIC and the free energy
is at most a loglogn order term. Discuss how much such diferences affect
the selected models.

4. Assume that the posterior distribution can be approximated by some
normal distribution. Then the hyperparameter that minimizes the gener-
alization loss does not converge to the hyperparameter that minimizes the
average generalization loss. On the other hand, the hyperparameter that
minimizes the cross validation loss or WAIC converges to one which min-
imizes the average generalization loss. Discuss the best procedure that a
statistician can follow to find the minimum generalization error.

5. A neural network which has a deep hierarchical structure has many pa-
rameters and the posterior distribution can seldom be approximated by any
normal distribution. For such statistical models, Bayesian estimation makes
the generalization loss very small. However, it is difficult to approximate
the posterior distribution by MCMC. Discuss the best procedure that a
statistician can follow for deep learning.

6. Prove eq.(8.73).
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Chapter 9

Topics in Bayesian Statistics

In this chapter we research mathematical bases of several topics in Bayesian
statistics.

(1) The formal optimality of the Bayesian estimation is explained.

(2) A method how to construct the Bayesian hypothesis test is explained.
(3) The Bayesian model comparison method which is different from the
Bayesian hypothesis test is examined,

(4) The concept of the phase transition of the posterior distribution is in-
troduced.

(5) In a statatistical model which has singularities in the parameter space,
if the sample size n is small, the posterior distribution is singular, whereas,
if n becomes large, it becomes regular. This phenomenon is a kind of phase
transition called the discovery process.

(6) In hierarchical Bayesian estimation, we find several different kinds of pre-
dictions. There are different cross validation losses and information criteria
according to the different predictive losses.

9.1 Formal Optimality

If we know the true prior and the true model, then Bayesian inference is
optimal. In this section we confirm this fact.

Assume that ®(w) is the true prior density of the parameter w and that
P(z|w) is the true conditional density of z. In this book, we assume that the
true distribution is unknown, however, in this section, we study the special
case that a random parameter W is generated from ®(w), then a sample

267
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X" = (X1, Xs,...,X,,) is independently generated from P(x|w).

W~ B(w),
Xl,XQ,...,Xn ~ P(a:|w)

The simultaneous probability density function of (W, X™) is equal to
n
P(w,z") = ®(w) [ ] Plai|w).
i=1
Therefore a conditional probability density of w for a given sample z™ is

equal to
n
HP x;|w)
P(w|z") = =1 . (9.1)

/ dw' ®(w') H P(x;jw')

=1

This is equal to the Bayesian posterior distribution for the case when ®(w)
and P(z|w) are chosen as a prior and a statistical model. The probability
distribution of a new x is given by

/ dw & (w )H (wilw)
P(x|z") — . (9.2)

/dw O (w )HP(ac,-\w’)

i=1

Also this is equal to the Bayesian predictive distribution for the case when
®(w) and P(x|w) are chosen as a prior and a statistical model. Let us prove
that this prediction minimizes the average Kullback-Leibler distance under
the circumstance P(w,z™).

Let f(z|X™) be an arbitrary conditional density function of z for X".
For a given (w,z™), the Kullback-Leibler distance from P(x|w) to f(z|x")
is equal to

P(zfw)

G(flw,x™) /de |w)log Flalan)’

Let us define an average functional loss of f be

G(f) = /dwq> H/ (wuw)dz] G(flw, 2",
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Then the function f that minimizes G(f) gives the optimal inference un-
der the circumstance P(w,z™). The following theorem shows that such a
function is the Bayesian predictive distribution.

Theorem 27. The average functional loss G(f) is minimized if and only if
f(z|X™) = P(z|X™).

Proof. The function G(f) is minimized if and only if

Golf) = - / dwdw) [ / P(aw)de; / dxP(x|w) log f(z|z")
=1

- —i[[l/da;,-/de(m,x")logf(a;\x")

is minimized, where P(z,2™) is the simultaneous density of (x,z™). Let
P(2™) be the mariginal distribution of 2™ defined by the denominator of
eq.(9.1). Then

Go(f) = —H / dai [ duP(a")Plala™) log f(ala")

_ /dml/d:z:P Plala™) log %

—H/dmz/de P(z|z")log P(z|x").

The first term of the right hand side is the average Kullbaclk-Leiber distance
from P(z|z™) to f(x|z™), and the second term is a constant function of
f(z]z™). Therefore Go(f) is minimized if and only if P(z|z") = f(z|z"). O

Remark 71. (1) By this theorem, if we knew the true prior and the true
statistical model, there is no statistical inference that attains the smaller
average loss than Bayesian predictive inference using the true prior and the
true statistical model.

(2) In the real world, we do not know the true distribution. It may seem
that the formal optimality theorem does not give any methodology to the
real world. However, by the theorem, we can mathematically conclude that
the question for finding the optimal statistical inference without information
about a prior and a statistical model does not have any answer. In other
words, the nature of the statistical estimation is ill-defined, therefore we
need the evaluation process of a statistical model and a prior.
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Ezample 62. The same theorems can be proved.
(1) Let f(2™) be a function from z" to the parameter space. The error
function

ew) = [ dw [ d"Plwam)w - )
where || || is the norm on the parameter space, is minimized if and only if

o) = [ dw w P(w,z™)
@) [ dwP(w,z™)

which is the posterior average of the parameter using the true prior and the
true statistical model. If we knew the true prior and the true statistical
model, there is no other function which makes the square error smaller. In
practical problems, we do not know the true prior and the true statisti-
cal model, thus determining the optimal prior and model is the ill-defined
problem.

9.2 Bayesian Hypothesis Test

Assume that X; is an R¥-valued random variable. If a parameter w is
subject to a prior ¢(w) and if X7, Xo, ..., X, are independently subject to a
probability density p(z;|w), then such a condition is denoted by

w o~ pw),
X1, X0, .0, Xy~ plz|w).

In this section, we study a Bayesian hypothesis test about a null hypothesis
(N.H.) versus an alternative one (A.H.),

N.H. : wo~ po(wp), X;~ po(x|wy),
AH. : w~@i(w), X;~ pi(z|w).

Note that wg and w; may be contained in different sets, for example, wy €
R% and w;, € R%.

Let us study the hypothesis test for the above hypotheses. In order to
make a hypothesis test, we need two probabilities for both hypotheses. Let
an event © be a subset of RV™. In other words,

O C {z" = (x1, 29, ..., x) ; x; € RV}
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Let Prob(©|N.H.) and Prob(©]A.H.) be conditional probabilities of a set
© where the conditions are defined by the null and alternative hypothe-
ses respectively. The conditional probability density function of X™ =
(X1, Xo,..., X)) under the condition that w ~ ¢(w), X; ~ p(z|w) is given
by

n

P, o) = / o(w) [ plilw)du. (9.3)

i=1
Then
Prob(©|N.H.) = /P(:E"|p0,<po)dx”, (9.4)
©
Prob(©|A.H.) = /P(w"\pl,cpl)dx”. (9.5)
©

A hypothesis test is defined by an arbitrary pair (T'(z™),t), where T'(z") is
a real-valued function of 2™ and t is a real value. Once a hypothesis test is
fixed, the decision for a given z™ is determined by

If T(z") <t = Null hypothesis is chosen,
Else = Alternative hypothesis is chosen.

Any pair (T'(z"),t) gives a test, but we want the better or best one, hence we
need an evaluation method of a given test (T'(z"),t). The level and power
for a test are respectively defined by

Level(T,t) = Prob(A.H. is chosen. |[N.H.), (9.6)
Power(T,t) = Prob(A.H. is chosen. |A.H.), (9.7)

which are respectively equal to

Level(T,t) = Prob(T(X") > t|N.H.), (9.8)
Power(T,t) = Prob(T(X") >t|A.H.). (9.9)

That is to say, the level is the probability that A.H. is chosen when N.H. is
true, whereas the power is the probability that A.H. is chosen when A.H. is
true. A hypothesis test which has a smaller level and a higher power gives
the better procedure for decision.

In practical applications, the hypothesis test procedure is conducted as
follows.

1. The function for the test T'(x™) is fixed.
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2. The level probability is determined. Sometimes 0.05, 0.01, or 0.005 is
chosen.

3. For the fixed level probability, the real value ¢ is determined such that
Level(T,t) is equal to the level probability.

4. The reject region {z" ; T'(z"™) > t} is determined.

5. If a sample 2" is contained in the reject region, then the alternative
hypothesis is chosen, otherwise the null hypothesis is chosen.

If two hypothesis tests (T'(z"),t) and (U(z™),u) satisfy the condition
that
Level(T,t) = Level(U, u) = Power(T,t) > Power(U, u),

then (T,t) is said to be more powerful than (U, w). This definition gives a
partial order on the set of all hypothesis tests. In general, it is not a total
order. If there exists a test which is more powerful than any other test,
then it is called the most powerful test. In a Bayesian hypothesis test, it is
explicitly given by the partition function.

Theorem 28. Assume that null and alternative hypotheses are given by
N.H. : wy~ po(wy), X;~ po(x|wy),
AH : wy~pi(w), X;~pi(x|w).

Then the hypothesis test (L(z™),l) defined by

/901(101) [ e (2" wr)duwy
L(z™) = =1 (9.10)

n

/sﬁo(wo) 1 po(awo)dwo

1=1

1s the most powerful test.

Proof. Let (T'(x™),t) be an arbitrary hypothesis test. Assume that a real
value £ is set such that both levels are equal to each other,

Level(L,¢) = Level(T,t). (9.11)
To prove the theorem, it is sufficient to show

AP = Power(L, ) — Power(T,t)
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is not smaller than zero. Two events are defined by

A = {z"; T(a")—t >0},
B = {a2"; L(z")—{>0}.

Here, by the defintion of L(z™), we can assume ¢ > 0. Then by the definition
of eq.(9.8), eq.(9.11) is equivalent to

/ P(z"|po, po)dz™ — /AP(x"]po,cpo)dx" =0. (9.12)
B

On the other hand by eq.(9.9),

AP

Prob(L(X™) > ¢|A.H.) — Prob(T'(X") > t|A H.)

= /P "p1, 1)daz" —/P "Ip1,p1)d

=/ Pa"|py, o1)da" — / Pa"|py, 1)da",
BNAc¢ ANBe¢

where A and B¢ are complementary sets of A and B respectively. Note
that BN A° C B and AN B C B°. By eq.(9.10), the condition " € B is
equivalent to

/P(w"\pl,tpl)da:" > E/P(m"]po,gpo)da:

Therefore
AP > ( P(2"|po, po)dz™ — ¢ P(z" |po, po)dz"
BNAc¢ ANBe¢
= 6/ P(z"|po, po)dx™ — 6/ P(z"|po, po)dz™ = 0,
B A
where the last equation is derived by eq.(9.12). O

Remark 72. For the most powerful test L(x™), for a given level £ > 0, the
reject region L(z™) > t is determined by choosing ¢ such that

Level(L,t) = Prob(L(z") > t|N.H.) =

Therefore, in order to make a hypothesis test, we need the probability den-
sity function of the random variable L(z"™) when the null hypothesis holds.
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Ezample 63. Let us study a case in which a common statistical model is
used and two priors are compared,

niale) = mial) = —=ew(—ga-a). O3
po(a) = d(a), (9.14)
901((1) = \/12_7TeXp(—%a2), (9.15)

By Theorem 28, the most powerful test is

n

/ o1(@) [[ 1(2"]a)da

L(z") = =1 (9.16)

T nox)?
= 4/ n2—i— 1 exp<(2z(;l__1F 1)) ) (9.17)

Let us make a hypothesis test for the level 0.01. The real value t is deter-
mined such that

Prob(L(X™) > t|N.H.) = 0.01,
where the null hypothesis is

n
1 1
" = (21, X2, .y Tp) ~ 2

expl—=x; ).
; \/% p( 2 z)

By eq.(9.17), the condition L(z™) > t is equivalent to |(3 ;= z;)/v/n| > t*,
where

1

t* = /(1 +1/n){2logt —log(27/(n + 1))}.
Under the null hypothesis, the random variable (3_;" ; X;)/y/n is subject to
the standard normal distribution N(x). Since

/ N(z)dz = 0.01,
|x|>2.58

the reject region for the level 0.01 is

In other words, if |1, x;|/y/n > 2.58, then the alternative hypothesis is
chosen, if otherwise, the null hypothesis is the choice.

/v/n > 2.58}.
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9.3 Bayesian Model Comparison

In this section we study a Bayesian model comparison using the posterior
distribution. This decision rule is different from the hypothesis test.

Let the prior probabilities ag and a; satisfy 0 < ag,a; < 1, ag + a1 = 1.
We assume that X" are generated by the following process. Firstly the
random variable Y is determined by

Y=0 (with probability ay), (9.18)
Yy=1 (with probability a;). (9.19)
Then X™ is generated by
fY=0 = w~epo(w), X"~ []polwilw), (9:20)
i=1
fY=1 = w~ei(w), X"~ ][]pul@ilw). (9.21)
i=1

In this case the simultaneous probability density function of (Y, X™) is given
by

1-y Y
ply,z") = (aop($"!¢ﬁ07po)> (alp(x"!w17p1)> , (9.22)
where the definition of P(z"|p, p) is given in eq.(9.3). The posterior proba-
bility of Y =1 for a given X" is
p(1,z")
p(0,2") +p(L, ")’

which gives the posterior model decision. Let us study the decision rule by
which the random variable Y is estimated by the following random variable
Z,

p(1]z") (9.23)

p(llz") >a = Z=1, (9.24)
p(llz") <a = Z=0, (9.25)

where 0 < o < 1 is a constant. Then the condition p(1]z") > « is equivalent

to
p(ljz™)  1—-«

p(0lz") =«
By eq.(9.22), it is equivalent to

a1P(x"|p1,p1) . 1—«
aoP(x"™ |0, o) a
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By eq.(9.3), also it is equivalent to

[ 1w [Tmta"wn)dun 1
= > 2= (9.26)
al (6%
/sﬁo(wo)Hpo(ﬂfnl’wo)dwo
=1

This inequality would be equal to the most powerful test if ag(1—«)/(a1a) =
t. Note that, if ag = a1 = o = 1/2, then the right hand side of this inequality
is equal to 1.

Example 64. Let us compare the most powerful test with the posterior model
comparison. Let us adopt the same case as Example 63,

1 1

po(zla) = pi(zla) = Nors exp(—i(a: —a)?), (9.27)
wo(a) = 6(a), (9.28)
(a) = ! ex (—1a2) (9.29)

1 o o0 5 :

Then by eq.(9.17),
[ 2w (S @)? a 1—a
n+1eXp< 2(n+1))>a1 a

!Z%ﬁlle < [n—l—llog(n;;l)+2(n+1)10g<2—(1]'1;a>r/2

~ /logn. (9.30)

If n is sufficiently large, then the right hand side is approximated by /log n,
whereas the most powerful test for the level 0.01 is 2.58. That is to say, in
the hypothesis test

[ i il
n

N4

whereas in the posterior model comparison,

Hence

< 2.58 = Model 0 is chosen,

L\;&xi’ < y/logn = Model 0 is chosen.
n
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There is no mathematical contradiction because the hypothesis test and
the posterior model comparison are different procedures based on different
assumptions. However, this difference is sometimes referred to as a paradox.
The former has the same decision order as the model selection by the cross
validation or information criteria, whereas the latter does that by the free
energy.

9.4 Phase Transition

Let us define a phase transition in Bayesian statistics.

Definition 29. (Phase transition) If a statistical model p(z|w) or a prior
o(w) is determined by a value 6 which is not the parameter, then it is written
as p(z|w,0) or p(w|f). Therefore, the posterior distribution is also written
as p(w|X™, 0). Such a value 0 is called a generalized hyperparameter. If a
posterior distribution for a sufficiently large n changes drastically at 6 = 6.,
then it is said that the posterior distribution has a phase transition, and 6,
is called a critical point. At a critical point, the free energy F,, (53, 6) is often
discontinuous or nondifferentiable.

If a log density ratio function f(z,w) = log(q(x)/p(x|w)) has relatively
finite variance, then

Fn - Sn = - log/exp<— En f(Xzaw)>(p(w)dw
i=1
and

F,—S= —log/exp(—nEX[f(X,w)])go(w)dw

have the same asymptotic expansions according to the order that is larger
than O(1). Hence we can analyze the phase transition by studying F,
instead of F,,.

FEzample 65. Firstly, we study a case when the log density ratio function
has a generalized hyperparameter. Let w = (z,y) and

1 1
Fo0) = —log/0 dx/o dy exp(—nz?y?).

Let K(z,y) = 2%y? (§ > 0). Then K (x,y) > 0 and the set of all zero points
of K(x,y) is {(z,y); zy = 0}. It can be rewritten as

n 1 1
Fo0) = —log/0 %/0 da:/o dy exp(—t) é(t/n — K(z,y)).
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Since K (z,y) is a normal crossing function whose multi-indexes are k =
(2,0) and h = (0,0), the behavior of the free energy can be analyzed by
using the zeta function.

1 1 . 1
C2) :/0 d$/0 WYY = G DE T

Hence the state density function is equal to

1/(20) - t=125(x)y=%2 (6 < 2)
ot — K(z,y)) = q 1/4-t712(=logt)d(2)d(y) (0 =2)
1/(20) - t1/9= 127205 (y) (0 > 2).

Therefore, the critical point is # = 2, where the posterior distribution dras-
tically changes from d(z) to d(y) between (2 —¢€) — (2+¢€). The asymptotic
behavior of the free energy is given by

(1/2)logn + O(1) (0 <2)
Fn0) =< (1/2)logn —loglogn + O(1) (6 =2)
(1/0)logn + O(1) 0 >2)

which shows that the coefficient of logn is a continuous function of 6 but
not differentiable at § = 2.

In Bayesian statistics, the following concepts are all mathematically con-
nected. In order to analyze the phase transition, we can choose the most
convenient one.

(1) Partition function

(2) Free energy or the minus log marginal likelihood
(4) State density function

(5) Zeta function

(6) Posterior distribution

Ezample 66. Secondly, let us study a case when the prior has a hyperpa-
rameter. Assume that w = (x,7), € R', and y € R™. Let us study a free
energy,

1
F(6) = — log / da / dy exp(—na?|ly|?)a’".
0 lyll<1

The zeta function is equal to

1
(=) = / da / dy 201y,
0 lyll<1
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By using the generalized polar system (r,) such that y = ri, then dy =
M=1qdrdip, resulting that

((z) = / daz/ dr/dw p2H0-1 224 M1

(22 + 0)(2z + M) /d?/)

Hence by using ¥ = [ di, it follows that the state density function is

 9/2-15( )M —0-1
st =Pt = L0 et o) (05 an)

Therefore the posterior distribution drastically changes from d(x) to d(y) at
the critical point # = M. Then the free energy is

o (0/2)legn+0(1) (0< M)
Fn(0) :{ (/%) logn 1+ O(1) (8> M) °

which shows that the coefficient of logn of the free energy is continuous at
0 = M but not differentiable.

Example 67. Let us study a normal mixture of z € R? for a given parameter
a(0<a<1)andbeR?
p(x|a,b) = aN(z|0) + (1 — a)N(z|b).

For a prior, we use the Dirichlet distribution with index a > 0,

pla) o (a(l —a)*
||b||2)

2027

where a and o are hyperparameters. We set ¢ = 10, and study the phase

transition according to the hyperparameter c. Assume that the true distri-
bution is

p(b) o< exp(—

q(z) = N(x]0).

Then the zeta function is
— [ Kla.by pla)o(b)dads

where

K(a,b) = /q(x) log I%d$.
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Then in the neighborhood of (a,b) = 0, there exists ¢, co > 0 such that
c1a?||b||? < K(a,b) < coa®||b||>.
Hence the real log canonical threshold is
A = min{a/2, 1},

which shows that there exists a phase transition at the critical point o = 2.
Thus the average generalization and cross validation errors are given by

E[G,] = min{a/2,1}/n+ o(1/n),
E[C,] = min{a/2,1}/n+ o(1/n).

Moreover, if a < 2, then a is in the neighborhood of the origin but b is free,
whereas, if @ > 2, then b is in the neighborhood of the origin but a is free.
Therefore, the posterior distribution drastically changes at the critical point.
Moreover, at the critical point o = 2, the posterior distribution is unstable,
hence MCMC processes may have large variance. Let us observe the phase
transition by an experiment. The number of independent random variables
was set as n = 100. The hyperparameters « of the prior distribution were
controlled in 0 < a < 6. Figures 9.1 and 9.2 show the distributions of the
generalization errors and cross validation errors for a given hyperparameter
respectively. The circles in both figures show their averages. Note that, by

the equation

(G = 8)+ (Cu = 8:) = 2= + 0,(1/m),

if G, — S is larger than the average, then C,, —S,, is smaller than the average.

Remark 73. (1) In this section, we study the cases where we can derive the
poles of the zeta functions. In general, in order to find them, resolution of
singularities is necessary, which may often be difficult. That is to say, it is
not easy to find the critical point rigorously.

(2) If we apply the mean field approximation, or equivalently the variational
Bayes, to statistical estimation, then the posterior distribution made by
the mean field approximation shrinks or becomes localized. As a result,
the free energy becomes larger, and the phase transition structure changes.
Sometimes a spurious phase transition can be observed in the mean field
approximation which does not exist in the true posterior distribution. The
critical points of the mean field approximation and the true posterior do not
coincide in general.
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Figure 9.1: Phase transition of generalization error in a normal mixture.
The horizontal and vertical lines show Dirichlet hyperparameter o and the
generalization error respectivelly. a = 2 is the critical point.
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Figure 9.2: Phase transition of cross validation error in a normal mixture.
The horizontal and vertical lines show Dirichlet hyperparameter a and the
cross validation error respectivelly. o = 2 is the critical point.
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9.5 Discovery Process

Hierarchical statistical models such as neural networks and normal mixtures
have several phases which are determined by the complexity of models K
and the number of independent random variables n. In general, a true dis-
tribution cannot be represented by any finite statistical model. However, if
n is small, the true distribution seems to be almost realizable by a statistical
model. If n is large, it seems to be unrealizable. Figure 9.3 shows the phase
diagram of such statistical models. The horizontal and vertical lines show n
and K respectively. The bold line shows the critical line. The upper side of
the critical line is the phase in which a true distribution is realizable by and
singular for a statistical model, and the lower side indicates the reverse. If
n is fixed and K is controlled, then it is a model selection process. If K is
fixed and n is controlled, then it is a discovery process. In discovery process,
if n is small, a true distribution seems to be singular for and realizable by a
statistical model, otherwise, it seems to be regular and unrealizable. In this
section we study a discovery process.

Let us consider a normal mixture of z € R? for a given parameter a
(0<a<1)andb,c e R?

p(z|a,b,¢) = aN(z[b) + (1 — a)N(x|c).
For a prior, we use the Dirichlet distribution with index « > 0,

pla) o (a(l—a)*,
611 + flell®

b _
p(b,c) oc exp( 5,7

)

where @ = 0.3 and o0 = 10 are hyperparameters. The number of random
variables is set as n = 5,10, 20, ..., 1280. Three experiments were conducted.
(1) A case when ¢(z) = p(x|a,b,c) where a = 0.5,b = (2,2),¢ = (—2,—-2)
was investigated. In this case, a true distribution is realizable by and regular
for a statistical model for every n, and 200 independent experiments were
used for computing the averages and standard deviations. In Figure 9.4,
n(Gp, — S), n(ISCV — S,,), n(WAIC — S,,), n(AIC — S,,), and n(DIC — S,,)
are displayed. In this case the n times averages converged to d/2 = 2.5
where d is the dimenson of the parameter. If n > 20, every criterion could
estimate the generalization error. In this case, there was no phase transition.
(2) A case when ¢(x) = p(x|a,b,c) where a = 0.5,b = (0,0),c = (0,0) was
investigated. In this case, a true distribution was realizable by but nonreg-
ular for a statistical model for every n. In this case the n times average of
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Figure 9.3: Phase diagram. Statistical models such as neural networks and
normal mixtures have phase transitions according to the number of compo-
nents and the sample size. If n is small, then a true distribution seems to
be realizable and singular. If n is large, then it seems to be unrealizable and
regular.

the generalization error converged to A = 1.5 where A is the real log canon-
ical threshold. In Figure 9.5, n(G, — S), n(ISCV — S,,), n(WAIC — S,,),
n(AIC — S,,), and n(DIC — S,,) are displayed, which shows that both ISCV
and WAIC could estimate the generalization losses, whereas neither AIC
nor DIC could. In this case, there was no phase transition.

(3) A case when ¢(x) = p(z|a,b,c) where a = 0.5,b = (0.5,0.5),c =
(—0.5,—0.5) was investigated. In Figure 9.6, n(G, — S), n(ISCV — S,),
n(WAIC — S,,), n(AIC — S,,), and n(DIC — S,,) are displayed. In the region
n < 20, the generalization loss was almost equal to the case when the true
distribution is singular for a statistical model, which is the case (1). In the
region n > 320, it was almost equal to the case when the true distribution
is regular for a statistical model, which is the case (2). And in the region
40 < n < 160, the generalization errors were larger than in the other cases,
which were on the critical point. Both ISCV and WAIC could estimate the
generalization losses, whereas neither AIC nor DIC could. In this case, there
was a phase transition according to knowledge discovery process.

By using the same model as above (3), let us study the statistical esti-
mation problem of the hidden variable. A hidden variable y is introduced
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Figure 9.4: Strict regular case. The horizontal and vertical lines show the
sample size and errors respectively. A true distribution is set as realizable
by and regular for a statistical model. No phase transition occurs.
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Figure 9.5: Strict singular case. The horizontal and vertical lines show the
sample size and errors respectively. A true distribution is set as realizable
by and singular for a statistical model. No phase transition occurs.
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n = DATA

Figure 9.6: Discovery process. The horizontal and vertical lines show the
sample size and errors respectively. As n increases the true structure is
discovered by a statistical model. A phase transition occurs.

by the following equation,

p(@,yla,b,¢) = [aN(z[D)}? - [(1 — a) N (z|e)]' Y.
That is to say,

p(z,0la,b,c) = aN(z—0D),
p(z,1]a,b,c) = (1—a)N(z—c),

By marginalizing y this model results in a normal mixture,
p(zl|a,b,c) =aN(z —b)+ (1 —a)N(z — ¢).

The likelihood function of (™, y™) is given by

n
p(z",y"|a, b, c) H i [(1—a)N(z; — )4

i=1
Figures 9.7, 9.8, and 9.9 show the true distribution ¢(x) at left, and estimated
hidden variables for n = 10,100, 1000 at right. If the hidden variable of a
sample point x; was estimated y; < 0.5, z; is shown by a point, if otherwise,
a white square. For n = 10, it seems that a true distribution consists of one
normal distribution, whereas for n = 1000, two distributions. For the case
n = 100, it is on a critical point, hence the estimated results were unstable.
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Figure 9.7: Estimated hidden variables n = 10. A true distribution and
estimated latent variables in n = 10. Although the true distribution consists
of two components, only one component is found since n is too small.

Remark 74. (1) In the above experiment, the hidden variable y = (0,1) can
be replaced by y = (1,0), because of symmetry. However, MCMC naturally
made this symmetry break down, which was used for distinguishing 0 and
1.

(2) The phase transition affects the estimation of hidden variables. The
phase transition also affects the MCMC process. Hierarchical statistical
models such as neural networks and normal mixtures have the same phase
transition as this case, hence a statistician must know its structure before
applying statistical models to the real world problems.

9.6 Hierarchical Bayes

In this section, hierarchical Bayesian estimation is studied. A typical case
is explained by using an example.

Ezample 68. (Hierarchical Bayesian inference) In a high school, there are
m = 10 classes, and each class has n = 30 students. One day, an examination
of mathematics was done, and mn = 300 scores {xp;;1 <k <m,1<i<n}
were obtained. We would like to analyze the following statistical model.
(1) The average wy, of kth class’ scores are subject N (u, 12).

(2) The score 3, of the ith student in the kth class is subject to N (wg, 10%).
That is to say, the model is made by

Wk~ N(:u712)7
Thi o~ N(wg,107).
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Figure 9.8: Estimated hidden variables n = 100. A true distribution and
estimated latent variables in n = 100. The posterior distribution is unsta-
ble, because it lies on the critical point between one component and two
components.
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Figure 9.9: Estimated hidden variables n = 1000. A true distribution and
estimated latent variables in n = 1000. Two components were found.
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We would like to evaluate this model according to the obtained data.

Statistical Model

(1) Let p be the hyperparameter.

(2) {wg}7, are independently taken from the prior distribution ¢ (w|u).
(3) (zx)"™ = {wki}}—, are independently taken from p(z|wy).

From the predictive point, there are at least two different types of prediction.
(1) (New student prediction) If a new student is added to the k class, we
predict a new score.

(2) (New class prediction) If a new class which has 30 students is added to
the high school, we predict new scores.

The evaluation of the statistical model depends on the type of prediction.

New Student Prediction. For given all data {(zj)"}, the posterior dis-
tribution of all classes (w1, wa, ..., wy,) is

P(wy, W, s | (1) (22)" ..y (2 H( (wil) [T planil) ).

i=1

This distribution shows that (w;,ws, ..., w,,) are independent of each other,
hence

n
p(wilz}) o p(wy|u) [ [ p(@rlwr).
i=1
Let E,, [ | and Vy, [ ] be the average and variance operators of this distribu-

tion. The predictive distribution y of the kth class is equal to E,, [p(y|wg)],
resulting that ISCV and WAIC for the kth class are

1 n
ISCV, = E;longk[l/p(xik]wk)], (9.31)
1 n
WAIC, = —E;IOngk[p(iﬂiﬂwk)]
+ > oz (o) (932

If a student is added to every class, then

> ISCVi, Y WAIC
k k
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are equal to ISCV and WAIC, respectively. Therefore, the model evaluation
can be done by using this value.

New Class Prediction. In the second problem, one sample point is (x)"
and we have a sample which consists of (x1)", (z2)", ...,(zm)". The statis-

tical model is
n

P((z4)"|11) = / p(wlys) [ plerilw)duw

1=1

In this case, the hyperparameter is parameter of this model. By setting a
posterior distribution ¢(u) of p, the posterior distribution is given by

plpf(x)™, (x2)™, .y (Tm)"™) o< (1) H P(z
=1

Let E,[ ] and V,[ ] be average and variance operators by this distribution.
The predictive distribution of y™ is equal to E,[P(y"|u)], resulting that

ISCV = %ZlogEu[l/P((:nk)”m)], (9.33)
k=1
WAIC = ——ZlogE )" )]
—I—%ZV“ [log P((xr)"|p)]- (9.34)
k=1

In the second problem, g is estimated by the posterior distribution. In
general, it is rather difficult to numerically calculate the cross validation
and WAIC in the second case.

Remark 75. Cross validation and information criteria are defined for eval-
uation of the predictive behavior of the statistical estimation. A complex
statistical model such as hierarchical Bayes methods may yield several dif-
ferent predictions. To make an evaluation method, a statistician should
determine which prediction would be evaluated.

Ezample 69. (Hierarchical Bayes in linear regression) Assume that z,y € R
and ag,br,s € R. Let K be the number of the groups. For each k, a
statistical model p(y|x, ag, bg, s) and a prior ¢(ag, bg|mq, my,t)d(s|r, ) are
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defined by
(y|z, ak, bk, s) = 2 ex (—f( — apz — by)?)
p\y|x, a, O, - o P 9 Yy k k ;
t
o(ay, bplma,mp) = py eXP(——{(ak —mq)® + (b — mp)*}),
_ e” r—1 .
o(slr) = —F(T)S exp(—es),

where (mg, myp) and r are hyperparameters. Note that (mq,my) is the com-
mon average of the prior which is estimated by using the uniform and im-
proper prior, and r is optimized by the cross validation and WAIC. Let
t =1/0.22 and ¢ = 0.01 be fixed. Assume that the true distribution is given
by the common conditional density p(y|z, ag, by, so) where ag = 1, by = 0,
and sg = 0.1. Let {(z;, ykl)}?:kl be a sample for the kth group whose sample
size is ni. The posterior distribution for (s, ag, bk, mg,mp) is in proportion
to

K ng
r) [T e(aw: belma, ms) T | p(urilwni, an, b 5),
k=1 i=1
which is also in proportion to
K
texp(— H ——{ ar —ma)® + (by —mp)*})

\/ —exp(— ykz — apzri — bg)?).

This posterior density can be approximated by a Gibbs sampler,

K

p(ma|s7ak7bk) = 1/K Zak7 )
k=1
K

p(mpls,ap,by) = N((1/K) Z VI/(tK) ),

p(S‘CLk,bk) = g(r—l—(l/Q)an, 1/B)7

plag, bplma, mp,s) = N(A v, A7Y?),
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r -3 -2 -1 0 1 2 3 4
CV 1096 |0.87|0.77 | 0.70 | 0.66 | 0.66 | 0.70 | 0.76
WAIC | 0.61 | 0.53 | 0.46 | 0.43 | 0.42 | 0.45 | 0.51 | 0.58

Table 9.1: Hyperparameters, cross validation error, and WAIC error. Cross
validation and WAIC errors are compared as a function of hyperparameter
in hierarchical Bayes. In this case » = 1 is chosen which minimizes both
cross validaiton and WAIC errors.

(Table)

where N(m,S) is the normal distribution whose average and covariance
are m and S, respectively and G(a,b) is the gamma distribution defined by
eq.(8.74), and

A = < (t+s> aq) (s o) )
(8202 i) (t + sny)
- < tmg ‘1‘32?:21 YkiTki )
tmp + s 2221 Yki
K ng

B = £+ (1/2) Z Z(ym' — apar; — bg)?}

k=1 1=1

For K = 6, nyx = 5 + k, the cross validation and WAIC errors for the first
case are compared. See Table 69. In this case, » = 1 which minimizes both
errors is chosen as the best hyperparameter.

9.7 Problems

1. Assume that w is taken from ®(w), and then (X"*! Y1) are indepen-
dently taken from P(z,y|w). For function f(x|z",y™) from z to y, which is
determined by (z™,y™), the square error is defined by

E(f) = /dw(ID(w)/dm”“dy"HP(m”H,y"H\w)

|yns1 = f(@nsala™, g™,

where ||y|| is the norm of y. Prove that this square error is minimized if and
only if

j]ﬁu@ ‘[dyn+1yn+l-P( n+1 n+HU0
T awd(w) [ dyper Py i)

f(xn+ﬂx 7y:
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which is the regression function made from the predictive distribution.

2. Let z,a € R?. A statistical model and a prior are defined by

p(ala) = (2W1)d/2exp<_§\|$_a\|2>,
1 1, s
pla) = WGXP(_iua” )-

Devise a hypothesis test for the null hypothesis (p(z]a),d(a)) versus the
alternative one (p(x|a),¢(a)). Then compare it with the minimum cross
validation loss estimation defined by eq.(8.75).

3. Let z,b € R? and y,a € R. For a statistical model and a prior,

1 1 ,
p(yl|z,a,b) Wexp(—gﬂy—atanh(bw)H ),
o(a,b) o< fal*7,

clarify the phase transition structure according to the hyperparameter o >
0.

4. Let a = (a1, ag,...,ax) satisfy > ar =1 and ax > 0. Also let b € R. A
statistical model of z € RN

p(zla,b) = fj U_ (B
Ve 2

is called a normal mixture. Let the prior be a constant on (a,b). Assume
that a true distribution is given by

o0

k=1

Then explain the discovery process of this case.



Chapter 10

Basic Probability Theory

In this chapter, we summarize the basic probability theory which is an im-
portant component in this book.

(1) Delta function is defined.

(2) Kullback-Leibler distance is introduced and its mathematical property
is proved.

(3) The definitions of the probability space and the random variable are
described.

(4) An empirical process is a random variable on a function space. In
Bayesian theory construction, we need its convergence in distribution. The
basic definitions and essential theorems are introduced.

(5) Even if a sequence of random variables converges in distribution, the
sequence of its expected values may not converge. To prove the conver-
gence of the expected values, we need the additional condition such as the
asymptotically uniformly integrablility.

10.1 Delta Function

The delta function §(x) is defined to be a generalized function of x € R
which satisfies, for an arbitrary continuous function f(z),

/ 5(x)(x)dz = £(0).

The delta function is not an ordinary function but a kind of a distribution,
which formally satisfies

9(0) = o0, /6(m)dw =1
293
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We can understand that §(x) is the probability density function of the ran-
dom variable X that is X = 0 almost surely. For z = (1, x2,...,2x5) € RV,
the multi-dimensional delta function §(z) is defined by

0(z) = 0(z1)d(z2) - -~ 0(zN).
Ezample 70. Assume a > 0. Then
ad(ax +b) = d(x +b/a). (10.1)

Let us show this equality. Let f(z) be an arbitrary continuous function. By
the transform y = ax + b, dy = adr and

/aé(aaH—b 2)dz = /5 y - b)/a)dy = f(—b/a).

On the other hand,
/5(x +b/a)f(z)dx = f(=b/a).

10.2 Kullback-Leibler Distance

Let q(x) and p(z) be probability density functions on RY. Then the Kullback-
Leibler distance or the relative entropy is defined by

Diallp) = | ata) o E gdm

The Kullback-Leibler distance indicates the difference between ¢(x) and p(x)
by the following lemma.

Lemma 26. Assume that q(x) and p(x) are continuous functions.
1. For arbitrary q(x) and p(z), D(q||p) > 0.
2. D(q|lp) =0 if and only if q(x) = p(x) for all x such that q(x) > 0.

Proof. Let us define a function U(t) for ¢t > 0 by

U(t)=1/t+logt — 1.

D) = [ atav (45 o

Then
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Note that U(t) > 0 for arbitrary ¢t > 0. Since ¢(z) > 0, the first half of
thelemma was proved. Let us prove the second half. If g(x) = p(x) for
arbitrary x such that ¢(z) > 0, then D(q||p) = 0. Assume D(q||p) = 0. U(t)
is a continuous function of ¢, hence U(g(x)/p(x)) is a continuous function
of z. Thus U(q(x)/p(x)) = 0 for arbitrary z such that g(x) > 0. Hence
q(z) = p(x), because U(t) = 0 is equivalent to t = 1. O

The log loss function of p(x) is defined by

Lp) = - [ a(o)og ple)da.

Then by the definition of Kullback-Leibler distance,

L) = / o(z) log(q(x) /p(x))dz — / 4(x) log q(x)dz
— Diqllp) + 5. (10.2)

In this equation, S is the entropy of g(x) which does not depend on p(x)
and D(q||p) > 0. That is to say,

L(p) is small <= D(q||p) is small. (10.3)

In other words, minimization of KL distance is equivalent to minimization
of L(p).

Remark 76. (Calculation of generalization error) As is shown in the above

proof,
/q(az) log %dm = /q(:n)U(%)dm,

where U(z) > 0. There are two different ways to approximate the Kullback-
Leibler distance. Let {X;} be a set of random variables which are indepen-
dently subject to the probability density function ¢(z). Then D(g||p) can
be approximated by

1 q(X;)
Dy ~ =) log ;
2 e,

P )

Sometimes variance of Dy is smaller than D;.
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10.3 Probability Space
Definition 30. (Metric space) Let €2 be a set. A function D
D:QxQ>3(z,y)— D(z,y) €R

is called a metric if it satisfies the following three conditions.

(1) For arbitrary z,y € Q, D(z,y) = D(y,z) > 0.

(2) D(z,y) = 0 if and only if z = y.

(3) For arbitrary z,y,z € Q, D(x,y) + D(y, z) > D(x, 2).

A set Q with a metric is called a metric space. The set of open neighborhoods
of a point x € € is defined by {U.(z);e > 0} where

Ue(z) = {y € Q; D(z,y) < e}.

A metric space € is called separable if there exists a countable and dense
subset {z;;i = 1,2,3,...}. A set {z;;1 = 1,2,3,...} is said to be a Cauchy
sequence if, for arbitrary § > 0, there exists M such that

,] > M —= D(l’i,l’j) <.

If any Cauchy sequence in a metric space {2 converges in {2, then (2 is called
a complete metric space.

Ezample 71. (1) Finite dimensional real Euclidean space R? is a separable
and complete metric space with the metric

d

1/2
Dia,y) = o —yl = (Y (@i —9)?) ",
i=1
where z = (;), y = (y;), and | - | is a norm of R

(2) Let K be a compact subset in R?. The set of all continuous function
from R? to R

Q={f; f:R'> R}

is a metric space with the metric
D(f,g) = lf — gll = max|f(z) — g(x)],
zeK

where | - | is the norm of RY . By the compactness of K in R?, it is proved
that €2 is a complete and separable metric space.
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Definition 31. (Probability space) Let £ be a separable and complete
metric space. A set B made of subsets contained in 2 is called a sigma
algebra or a completely additive family if it satisfies the following conditions.
(1) If Ay, Ay € B, then A1 N Ay € B.

(2) If A € B, then A¢ € B (A€ is the complementary set of A).

(3) If Ay, Ag, As.., € B, then the countable union U° Ay € B.

A pair of a metric space and a sigma algebra (€, B) is called a measurable
space. A function P

P:B3A—0<PA) <1

is called a probability measure if it satisfies
(1) P(Q) =1.

(2) For {B},} which satisfies ByNBjy = @ (k # k'), P(U>,By,) = ZP By).

A triple of a metric space, a sigma algebra, and a probablhty measure
(Q,B, P) is called a probability space. If (Q, B, P) satisfies the condition
that an arbitrary subset of a measure zero set is contained in B, then it
is called a complete probability space. In this book, we assume that the
probability space is complete.

Remark 77. Any probability space can be made complete by extending the
sigma algebra and the probability measure so that any subset contained in
a measure zero set belongs to the extended algebra. The smallest sigma
algebra that contains all open subsets of €2 is called the Borel field. In
general the Borel field is not complete but it can be made complete by such
completion procedure.

Remark 78. Let (RY,B, P) be a probability space, where R is the N di-
mensional real Euclidean space, B the completion of the Borel field, and P
a probability distribution. If P is defined by a function p(x) > 0,

P(A) = /A p(x)dz (A€ B),

then p(x) is called a probability density function.

Definition 32. (Random variable) Let (€2, B, P) be a complete probability
space and (€2, B1) a measurable space. A function

X: Q2w X(w) ey



298 CHAPTER 10. BASIC PROBABILITY THEORY

is said to be measurable if X1 (By) € B for arbitrary By € B;. A measurable
function X on a probability space is called a random variable. Sometimes
X is said to be an ;-valued random variable. By the definition

w(B1) = P(X~'(By)), (10.4)

i is a probability measure on (€, 51), hence (1,81, ) is a probability
space. The probability measure p is called a probability distribution of the
random variable X. Then X is said to be subject to u. Note that p is the
probability distribution on the image space of a function of X. The equation
(10.4) can be rewritten as

/31 wu(dz) = /Xl(Bl)P(da).

Remark 79. (1) In probability theory, the simplified notation
P(f(X)>0)=P({w € 2 f(X(w)) > 0})

is often used. Then by definition, P(f(X) > 0) = pu({x € Qy; f(z) > 0}).
(2) In descriptions of definitions and theorems, sometimes we need only the
information of the image space of a random variable X and the probability
distribution Px. In other words, there are some definitions and theorems
in which the explicit statement of the probability space (£2,5,P) is not
needed. In such cases, the explicit definition of the probability space is
omitted, resulting in the statement such as “for 2;-valued random variable
X which is subject to a probability distribution Py satisfies the following
equality....”

Definition 33. (Expected value) Let X be a random variable from the
probability space (€2, B, P) to (21, 81) which is subject to the probability
distribution Px. If the integration

E[X] = / X (w) P(dw) = / + Py (dz)
is well defined and finite in 4, E[X] € 5 is called the expected value, the

average, or the mean of X. Let S be a subset of ;. The expected value
with restriction S is defined by

E[X](sy = /X (w)ESX(w)P(dw) - / _, P,
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Remark 80. The following are elemental remarks.

(1) Let (€1,B1) and X be the same as in Definition 33 and (€22, B2) be
a measurable space. If f : Q3 — Q9 is a measurable function, f(X) is a
random variable on (€, B, P). The expected value of f(X) is equal to

/ F(X(@)P(dw) = | f(x) Py(dz).

This expected value is often denoted by Ex|[f(X)].

(2) Two random variables which have the same probability distribution have
the same expected value. Hence if X and Y have the same probability
distribution, we can predict E[Y] based on the information of E[X].

Definition 34. (Convergence of random variable) Let {X,} and X be a
sequence of random variables and a random variable on a probability space
(Q, B, P), respectively.

(1) It is said that X,, — X almost surely (almost everywhere), if

P( {we; nh_)r{)loXn(w) = X(w)} > = 1.
(2) Tt is said that X,, — X in the mean of order p > 0, if E[|X,,|P] < oo and
if
: — X)P] —

nh_)IIOlOE[(Xn X)P]=0.
(3) It is said that X,, — X in probability, if

li_I}n P(D(X,,X)>¢ =0
for an arbitrary € > 0, where D(-,-) is the metric of the image space of X.

(4) It is said that X,, — X in distribution or in law, if
lim E[F(Xy)] = E[F(X)]

n—oo

for an arbitrary bounded and continuous function F'.

Definition 35. (1) It is said that {X,} is uniformly tight or bounded in
probability, if

lim sup P(|X,| > M) =0.

M—oo p

(2) It is said that {X,,} is asymptotically uniformly integrable, if

e S‘;PEHXnH{\Xn|>M} =0.

If { X, } is asymptotically uniformly integrable, then it is uniformly bounded.



300 CHAPTER 10. BASIC PROBABILITY THEORY

The following mathematical relations are important and useful.

Lemma 27. (Relation between several convergences)

(1) If X,, — X almost surely, then X,, — X in probability.

(2) If X,, — X in the mean of order p > 0, then X,, — X in probability.
(3) If X,, — X in the mean of order p > 1 and p > q > 1, then X,, - X in
the mean of order q.

(4) If X, — X in probability, then X, — X in distribution.

(5) If X, — a in distribution where a is a constant, then X, — a in
probability.

(6) If X, — X in distribution, then {X,} is uniformly tight.

(7) If { X, } is uniformly tight, then there exists a subsequence of { X,,} which
converges in distribution.

In probability theory, many theorems between random variables are de-
rived. The following are main results which we use in this book.

Lemma 28. (Continuous mapping theorem) Assume that f is a continuous
function from a metric space to a metric space. Then by the continuous
mapping theorem, the following hold.

(1) If X,, = X almost surely, then f(X,) — f(X) almost surely.

(2) If X,, — X in probability, then f(X,) — f(X) in probability.

(3) If X, — X in distribution, then f(X,) — f(X) in distribution.

Note that these results hold even if the set of discontinuous points of f is a
measure zero subset.

Lemma 29. (Convergences of synthesized random variables)

(1) If both X,, - X and Y, — Y almost surely, then both X, +Y, - X+Y
and X, Y, — XY almost surely.

(2) If both X,, =+ X and Y, — Y in the mean of order p, then X,, +Y,, —
X +Y in the mean of order p.

(8) If both X,, — X and Y, — Y in probability, then both X,,+Y, - X +Y
and X, Y, — XY in probability.

(4) If both X,, — X and Y, — a in distribution where a is a constant, then
X,4Y, = X+aand X,Y,, — aX in distribution. Moreover if a # 0, then
Xn/Y, — X/a in distribution.

Remark 81. Even if both X,, — X and Y,, — Y in distribution, neither
X,+Y,— X+Y nor X,Y,, » XY in distribution, in general.

Lemma 30. (Convergences of expected values) In order to prove the con-
vergence of expected values, the following theorems are employed.



10.3. PROBABILITY SPACE 301

(1) If X,, — X in the mean of order p, then E[XP] < co and E[(X,,)P] —
E[X7).

(2) If X,, — X almost surely, and if there exists a random variable Y such
that | X,| <Y and E[Y] < oo, then E[X,] — E[X].

(8) Assume that E[X,] and E[X] are finite. If X,, — X in distribution and
if {Xn} is asymptotically uniformly integrable, then E[X,] — E[X].

(4) If sup, E[|X,|'T€] < oo for some € > 0, then {X,} is asymptotically
uniformly integrable.

For a short description, we adopt the following definition.

Definition 36. Let & > 0 be a positive real value and let X and {X,} be
random variables. It is said that {X,,} satisfies the asymptotic expectation
condition with index k, if the convergence in distribution X,, — X holds
and if there exists ¢ > 0 such that E[|X|**¢] < oo and

sup E[| X, |F¢ < oc.
n

If {X,,} satisfies the asymptotic expectation condition with index k, then
E[(Xn)"] — E[X*].

The following notations are often used in statistics.

Definition 37. Let {a,;a, > 0} and {z,} be sequences of real values.
(1) The notation

T = o(ay)
means that z,/a, — 0.

(2) The notation
T = O(ay)

means that sup,, | X, /a,| < co.

Definition 38. Let {a,;a, > 0} and {X,,} be sequences of real values and
random variables respectively.
(1) The notation

X = op(an)

means that X, /a,, — 0 in probability.
(2) The notation
Xpn = Op(an)

means that {X,,/a,} is uniformly tight.
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10.4 Empirical Process

In this section we explain empirical process theory which is necessary in
statistics. Let ¢(z) be a probability density function on RM and f(z,w) be
an RN-valued function of z € R™ and w € W C R? which satisfies

[ @ wata)ds o

Let X1, Xo, ..., X, be random variables which are independently subject to
the probability density function ¢(z). The emprical process &, (w) is defined
by

1 n
En(w) = —= ) f(Xi,w). 10.5
(w) NG ; ( ) (10.5)
We assume that each element of the covariance matrix
Sw) = [ Faw) (e, w)o(e)ds

is finite for an arbitrary w € W. Let £(w) (w € W) be a random process
whose average and covariance matrix are zero and S(w). By the central limit
theorem, for each w, &,(w) converges to {(w) in distribution. In statistics,
we need stronger results than the convergence in distribution &, (w) — &(w)
for each w. For example, convergences in distribution

sup |[&n(w) = sup [[£(w)] (10.6)
weW weW

and

/ &0 (w)dw — / £ (w)*duw (10.7)
w w

for some k > 0 are necessary in statistical theory. The empirical process
theory enables us to prove such convergences.

Let ||g|loc be the supremum norm of a function g(w),

9llc = sup [[g(w)]],
weW

and C (W) be a set of all continuous functions on a compact set W,

C(W) = {g(w) is continuous on W'}.
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Then C(W) is a complete and separable metric space with the norm || | s-
Both functions

g — sup [|g(w)]
weWw

c

and

gl—)/ g(w)kdw
w

are continuous on C'(W). Hence in order to prove eq.(10.6) and eq.(10.7), it
is sufficient to prove the convergence in distriution &, — £ on C(WW) holds.

There are several mathematically sufficient conditions which ensure &, —
¢ in distriution on C(W) holds. The following are examples of such sufficient
conditions.

(1) If f(z,w) is represented by
fla,w) =) ¢j(w) fj(x)

J=1

where > [¢j(w)| < M for some M and E[f;(X)] = 0 and ZjE[|fj(X)|2] <
00, then &, — ¢ in distribution on C'(WW') holds.

(2) Assume that E[f(X,w)] = 0 and E[|f(X,w)|?] < co and w € W € R4
If f(z,w) is sufficiently smooth, for example,

max  sup ||0F f(x, w)/OwF|| < 0o
s sup [04f(z,w)/0u”|

for an arbitrary x, where |k| = k1 + ko + -+ Ky for k = (k1, k2, .., kq), then
&, — &€ in distribution on C (W) holds.

10.5 Convergence of Expected Values

Let &,(w) be an empirical process defined by eq.(10.5). We often need the
convergence
E[F(&n)] — E¢[F()], (10.8)

for a given function F on C(W), where E[ | and E¢[ | show the expected val-
ues over X1, Xo, ..., X,, and £ respectively. If F'is a bounded and continuous
function on C(W), then eq.(10.8) is derived from the definition of conver-
gence in distribution &, — £. Even if F' is unbounded, if F' is continuous
and if there exists € > 0 such that

sup E[|F ()" < oo, (10.9)
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then eq.(10.8) holds. If &, — £ in distribution on C (W) and if there exists
€ > 0 such that

E[sup [[&,(w)]|*] < oo, (10.10)
weW

then it is said that &, (w) satisfies the asymptotic expectation condition with
index k. If such a condition is satisfied, then

E[sggv\lﬁn(w)\lk] — Eg[jggv\lﬁ(w)\lk]- (10.11)

The following lemma shows a sufficient condition for the asymptotic expec-
tation condition with index k.

Lemma 31. Let z € RN, w ¢ W C R, Assume that a function f(x,w) is
represented by

flz,w) = Z cj(w) fi(x).
j=1
Let k > 2 be a postive integer. The sequences {c;} and {t;} are defined by

¢ = sup |Cj(w)|7
weW
t; = E[fXO)M.

IfE[f;(X)] =0 (j = 1,2,3,...), if & (w) — &(w) in distribution on C'(W),
and if

ch < 00, chtj < 00,

then the sequence
1 n
sup |6, (w)| = sup(% > F(Xiw)]
w w i1

satisfies the asymptotic expectation condition with index k.

Proof. Let £ = k+1. Since z* (¢ > 2) is a convex function of z, for arbitrary
{a;} and {b;},

SolajlbiINe 3 ajl|b;lf
(S557) <55

O agb) < O 1a) = O laglib[)-

Hence
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By using this inequality,
I 1 < ¢
Elsupln(w)l] = Esup|3”es(w) (= D2 (%)
w W i=1

(Ze) (Sesrl g o)

< (e GEILEON) < oo

where we used the following Lemma 32. O

IN

Lemma 32. Let Xi, Xo, ..., X,, be independent random variables which
are subject to the same probability distribution. Let k > 2 be an integer.
Assume that

E[|X;i|"] < 00, E[X;] = 0.

Then
1 n
Y, = — X,
>

satisfies that, for an arbitrary positive integer n,

E[(Yn)"] < KB X[,
Proof. Let i =+/—1 and

o(t) = Elexp(itX//m)].
Then

E[(Ya)'] = (6(6)")" 1o,
where (¢(t)™)") = (d/dt)"(¢(t)"). In order to prove this lemma, it is suffi-
cient to prove that, for an arbitrary integer r (r = 1,2, ..., k),

(B(t)") " [imo| < r"1A", (10.12)

where A = E[| X [¥]'/*. Let us prove eq.(10.12) by mathematical induction.
For the case r = 1, eq.(10.12) holds. For k, assume that eq.(10.12) holds for
1<r<k-—1.

@O"® = (o) o(t))* Y
k—1
) (k " 1)”<‘f’<t>”‘1><”<¢<t>'><k-1—r>.

r
=0

<
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Hence

[CORLUEE k_1<k__1>1<¢a>"—1%ﬂ

r

| (e(8)) "

By using E[X] =0,

n(@(t)* iz = n'TETIREXE
< nl—(k—r)/2Ak—r SAk_T,

forr=0,1,2,...,k — 2, and the assumptions of the mathematical induction

k—1

k—1
ny(k)| <« k 1\ — Akpk—1
(COSRIIEIS S (N [ VEFYES
where we used r" ' < (k—1)""!forr =1,2,...,k — 1. O

10.6 Mixture by Dirichlet Process

In this section, we introduce an inifinite mixture using Dirichlet process.
Firstly, the finite mixture of normal distributions is defined as follows. In
this section, if a random variable X is subject to a probability distribution
P, it is denoted by

X ~P

Let N(x|b) be a normal distribution of 2 € RM whose average is b € RM,

1 [l — b|>
N(x|b) = om) 72 exp(—T>.
Firstly we represent the normal mixture defined by eq.(2.28) as a sample-
generating model. For a finite positive integer K, let a = (a1, as,...,ax ) be a
parameter which satisfies ) a; =1 and a; > 0, and by, € R?. The Dirichlet
distribution with index 8 = {fx}

1 K
Dir(a|B) = —H )AL,
21
k=1
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Let 1 (bx) be some prior of by. The normal mixture is represented as a
generating model of (X7, Xo, ..., X,,),

a ~ (alp),
k ~ Multi(a),

where k ~ Multi(a) shows that an integer k (1 < k < K) is subject to the
one-time multinomial distribution with probability a = (a1, as, ..., ax).

Definition 39. (Dirichlet process) Let (R, B) be a measurable space of
RM o > 0 be a constant, and Gy be a measure on (R, B). A family of a
measurable sets {B; € B;j = 1,2, ...,m} which satisfies

BiNBy=2 (j#k), U;jB; =RM,

is called a disjoint partition of RM. A probability measure-valued random
variable GG is said to be subject to the Dirichlet process if, for an arbitrary
disjoint partition,

(G(B1),G(Bs), -, G(Byn)) ~ Dir(alaGo(B1), aGo(Bs), ., aGo(Bn).
The probability distribution of G is denoted by DP(«, Gy).

Then the infinite mixture model, which is formally given by K — oo and
Br = a/ K, is represented by

G ~ DP(a,¢),
bi ~ G,
x; ~ N(x|b;).

It is known that the Dirichlet process gives the discrete sum with probability
one.



Taylor & Francis
Taylor & Francis Group

http://taylorandfrancis.com


http://taylorandfrancis.com

References

1]

2]

H. Akaike. A new look at the statistical model identification. IEEE
Trans. on Automatic Control, Vol. 19, pp. 716-723, 1974.

H. Akaike. Likelihood and Bayes procedure. Bayesian Statistics,
(Bernald J.M. eds.) University Press, Valencia, Spain, pp.143-166.
1980.

S. Amari, H. Nagaoka. Methods of information geometry. AMS and
Oxford University Press, Oxford, UK, 2000.

H. Araki. Mathematical theory of quantum fields. International Series
of Monographs on Physics, Oxford University Press, 1999.

M. Aoyagi, S. Watanabe. Stochastic complexities of reduced rank
regression in Bayesian estimation. Neural Networks, Vol.18, No.7,
pp.924-933, 2005.

M. Aoyagi. Log canonical threshold of Vandermonde matrix type sin-
gularities and generalization error of a three-layered neural network
in Bayesian estimation. International Journal of Pure and Applied
Mathematics. Vol. 52, pp.177-204, 2009.

M. Aoyagi. A Bayesian learning coefficient of generalization error and
Vandermonde matrix-type singularities. Communications in Statistics
Theory and Methods. Vol. 39, pp.2667-2687, 2010.

M. Aoyagi. Stochastic complexity and generalization error of a re-
stricted Boltzmann machine in Bayesian estimation. Journal of Ma-
chine Learning Research. Vol.11, pp.1243-1272, 2010.

M. F. Atiyah. Resolution of singularities and division of distributions.
Communications of Pure and Applied Mathematics, Vol.13, pp.145-
150. 1970.

309



310

[10]

[11]

REFERENCES

I. N. Bernstein. The analytic continuation of generalized functions
with respect to a parameter. Functional Analysis and Applications,
Vol.6, pp.26-40, 1972.

P. Billingsley. Probability and Measure. John Wiley & Sons, Hoboken,
2012.

J. E. Bjork. Rings of Differential Operators. North Holland, 1970.

G. Bodnar, J. Schicho, A computer program for the resolution of sin-
gularities. Progress in Mathematics, Vol. 181, pp. 231-238, Birkhé&user,
1997.

D. A. Cox, J. B. Little, D. O’sea. Ideals, Varieties, and Algorithms,
Third Edition. Springer, 2007.

D. Dacunha-Castelle, E. Gassiat. Testing in locally conic models, and
application to mixture models. Probability and Statistics, Vol. 1, pp.
285-317, 1997.

M. Drton, B. Sturmfels, and S. Sullivant. Algebraic factor analysis:
tetrads, pentads and beyond. Probability Theory and Related Fields,
Vol. 138, pp. 463-493, 2007.

M. Drton, B. Sturmfels, S. Sullivant. Lectures on Algebraic Statistics.
Birkhauser, Basel-Boston-Berlin, 2009.

M. Drton. Likelihood ratio tests and singularities. Annals of Statis-
tiscs, Vol. 37, pp. 979-1012, 2009.

M. Drton, M. Plummer. A Bayesian information criterion for singular
models. J. Royal Statist. Soc. B, Vol. 79, Part 2, pp. 1-38, 2017.

1. Epifani, S. N. MacEachern, M. Peruggia. Case-deletion importance
sampling estimators: Central limit theorems and related results. Elec-
tric Journal of Statistics, Vol. 2, pp. 774-806, 2008.

M. D. Escobar, Estimating normal means with a Dirichlet process
prior. Journal of the American Statistical Association Vol. 89, pp.
268-277, 1994.

T. S. Ferguson. A Bayesian analysis of some nonparametric problems.
Annals of Statistics, Vol. 1, pp. 209-230, 1973.



REFERENCES 311

23]

[24]

[25]

T. S. Ferguson. Prior distributions on spaces of probability measures.
Annals of Statistics, Vol. 2, pp .615-629, 1974.

K. Fukumizu. Likelihood ratio of unidentifiable models and multilayer
neural networks. Annals of Statistics, Vol. 31. No. 3, pp. 833-851, 2003.

S. Geisser. The predictive sample reuse method with applications.
Journal of the American Statistical Association, Vol. 70, No. 350, pp.
320-328, 1975.

I. M. Gelfand and G. E. Shilov. Generalized Functions. Academic
Press, San Diego, 1964.

A. E. Gelfand, D. K. Dey, H. Chang. Model determination using pre-
dictive distributions with implementation via sampling-based meth-
ods. Bayesian Statistics, Vol. 4, pp. 147-167, 1992.

A. E. Gelfand, D. K. Dey. Bayesian Model Choice: Asymptotics and
Exact Calculations. Journal of the Royal Statistical Society Series B,
Vol. 56, pp. 501-514, 1994.

A. Gelman, D. B. Rubin. Inference from iterative simulation using
multiple sequences. Statistical Science, Vol. 7, pp. 457-511, 1992.

A. Gelman, J. B. Carlin, H. S. Stern, D. B. Dunson, A. Vehtari, D.
B. Rubin. Bayesian Data Analysis, third edition. CRC Press Taylor &
Francis Group, Boca Raton, 2014.

A. Gelman, J. Hwang, A. Vehtari, Understanding predictive informa-
tion criteria for Bayesian models. Statistics and Computing, Vol. 24,
pp. 997-1016, 2014.

S. J. Gershman, D. M. Blei, A tutorial on Bayesian nonparametric
models. Jounal of Mathematical Psychology, Vol. 56, pp. 1-12, 2012.

J. Geweke, Evaluating the accuracy of sampling-based approaches to
the calculation of posterior moments. Bayesian Statistics, Vol.4, pp.
169-193. Oxford University Press, 1992.

I. J. Good. Rational Decisions. Journal of the Royal Statistical Society,
Series B, Vol. 14, pp. 107-114, 1952.

J. A. Hartigan. A failure of likelihood asymptotics for normal mixtures.
Proceedings of Barkeley Conference in Honor of J. Neyman and J.
Kiefer, Vol. 2, pp. 807-810, 1985.



312

[36]

[37]

[38]

[41]

[42]

[43]

REFERENCES

P. Heidelberger, P. D. Welch. A spectral method for confidence interval
generation and run length control in simulations. Communications of
ACM, Vol. 24, pp. 233-245, 1981.

H. Hironaka. Resolution of singularities of an algebraic variety over a
field of characteristic zero. Annals of Mathematics, Vol. 79, pp. 109-
326, 1964.

M. D. Hoffman, A. Gelman. The No-U-Turn sampler: adaptively set-
ting path lengths in Hamiltonian Monte Carlo. Journal of Machine
Learning Research, Vol. 15, pp. 1593-1623, 2014.

H. Ishwaran, L. F. James. Gibbs Sampling Methods for Stick-Breaking
Priors. Journal of the American Statistical Association, Vol. 96, pp.
161-173, 2001.

S. Janson, Gaussian Hilbert Spaces. Cambridge University Press,
Cambridge, 1997.

M. Kashiwara. B-functions and holonomic systems. Inventiones Math-
ematicae, Vol. 38, pp. 33-53, 1976.

J. Kollar. Lectures on Resolution of Singularities. Princeton University
Press, USA, 2007.

S. Konishi and G. Kitagawa, G. Information Criteria and Statistical
Modeling. Springer, 2008.

F. Komaki. On asymptotic properties of predictive distributions.
Biometrika, Vol. 83, No. 2, pp. 299-313, 1996.

S. Lin. Asymptotic approximation of marginal likelihood integrals.
arXiv:1003.5338v2, 2011.

R. McElreath. Statistical Rethinking: A Bayesian Course with Exam-
plesin R and Stan. Chapman & Hall/CRC Texts in Statistical Science,
2015.

S. N. MacEachern, Estimating normal means with a conjugate style
Dirichlet process prior. Communications in Statistics - Simulation and
Computation. Vol. 23, pp. 727-741, 1994

G. McLachlan, D. Peel. Finite Mixture Models. John Wiley & Sons,
New York, 2000.



REFERENCES 313

[49]

[50]

[51]

[59]

[60]

[61]

N. Metropolis, A. W. Rosenbluth, M. N. Rosenbluth, A. H. Teller,;
E. Teller, Equations of state calculations by fast computing machines.
Journal of Chemical Physics, Vol. 21, pp. 1087-1092, 1953.

F. Mosteller, D. L. Wallace. Inference in an authorship problem. Jour-
nal of the American Statistical Association, Vol. 58, pp. 275-309. 1963.

D. Mumford. The red book of varieties and schemes (2nd Edition).
Springer-Verlag, Berlin, 1999.

K. Nagata, S. Watanabe, Asymptotic behavior of exchange ratio in
exchange Monte Carlo method. Neural Networks, Vol. 21, No. 7, pp.
980-988, 2008.

S. Nakajima, S. Watanabe. Variational Bayes solution of linear neu-
ral networks and its generalization performance. Neural Computation.
Vol. 19, No.4, pp. 1112-1153, 2007.

R. M. Neal. MCMC Using Hamiltonian Dynamics. Handbook of
Markov Chain Monte Carlo, Chapman and Hall/CRC. 2011.

T. Oaku. Algorithms for b-functions, restrictions, and algebraic local
cohomology groups of D-modules. Advances in Applied Mathematics,
Vol. 19, pp. 61-105, 1997.

T. Oaku. Algorithms for the b-function and D-modules associated with
a polynomial. Journal of Pure Applied Algebra, Vol. 117-118, pp. 495-
518, 1997.

M. Peruggia. On the variability of case-deletion importance sampling
weights in the Bayesian linear model. Journal of the American Statis-
tical Association, Vol. 92, pp. 199-207. 1997.

M. Plummer, N.Best, K. Cowles, K. Vines. CODA : convergence diag-
nosis and output anlaysis for MCMC. R News, Vol.6, No.1, pp. 7-11,
2006.

M. Plummer. Penalized loss functions for Bayesian model comparison.
Biostatistics, Vol.9, pp. 523-539, 2008.

A. Raftery, S. Lewis. How many iterations in the Gibbs sampler? Vol.
Bayesian Statistics-4, pp. 763-773. Oxford University Press, 1992.

D. Ruelle. Thermodynamic Formalism. Addison Wesley, 1978.



314

[62]

REFERENCES

D. Rusakov, D. Geiger. Asymptotic model selection for naive Bayesian
networks. Journal of Machine Learning Research. Vol. 6, pp. 1-35,
2005.

M. Saito. On real log canonical thresholds.arXiv:0707.2308v1, 2007.

M. Sato, T. Shintani. On zeta functions associated with prehomoge-
neous vector space. Annals of Mathematics, Vol. 100, pp. 131-170,
1974.

G. Schwarz. Estimating the dimension of a model. Annals of Statistics,
Vol. 6, No. 2, pp. 461-464. 1978.

J. Sethuraman. A constructive definition of Dirichlet priors. Statistica
Sinica, Vol. 4, pp. 639-650, 1994.

D. Simon, A. D. Kennedy, B. J. Pendleton, D. Roweth. Hybrid Monte
Carlo. Physics Letters B, Vol. 195, pp. 216-222, 1987.

R. Shibata. An optimal model selection of regression variables.
Biometrika, Vol. 68, pp. 45-54, 1981.

K. E. Smith, L. Kahanpéa, P. Kekéldinen, W. Traves. An Invitation
to Algebraic Geometry. Springer, New York, 2000.

D. J. Spiegelhalter, N. G. Best, B. P. Carlin, A. van der Linde.
Bayesian measures of model complexity and fit. Journal of the Royal
Statistical Society, Series B, Vol. 64, pp. 583-639, 2002.

D. J. Spiegelhalter, N. G. Best, B. P. Carlin, A. van der Linde. The
deviance information criterion: 12 years on. Journal of the Royal Sta-
tistical Society, Series B. Vol. 76, pp. 485-493, 2014.

M. Stone. Cross-validatory choice and assessment of statistical predic-
tions. Journal of the Royal Statistical Society, Series B, Vol. 36, pp.
111-147, 1974,

R. H. Swendsen, J.S. Wang. Replica Monte Carlo simulation of spin
glasses. Physical Review Letters, Vol. 57, pp. 2607-2609, 1986.

A. Vehtari, J. Lampinen. Bayesian model assessment and compari-
son using cross-validation predictive densities. Neural Computation.
Vol.14, pp. 2439-2468, 2002.



REFERENCES 315

[75]

[76]

A. Vehtari, J. Ojanen. A survey of Bayesian predictive methods for
model assessment, selection and comparison. Statistics Surveys, Vol.
6, pp. 142-228, 2012.

A. Vehtari, A. Gelman, J. Gabry. Practical Bayesian model evaluation
using leave-one-out cross-validation and WAIC. J. Stat Comput, 2016.
doi:10.1007/s11222-016-9696-4.

A. W. van der Vaart, J. A. Wellner. Weak Convergence and Empirical
Processes. Springer, New York, 1996.

A. W. van der Vaart. Asymptotic statistics. Cambridge University
Press, Cambridge, 1998.

K. Watanabe, S. Watanabe. Stochastic complexities of Gaussian mix-
tures in variational Bayesian approximation Journal of Machine Learn-
ing Research. Vol. 7, pp. 625-643, 2006.

S. Watanabe. Algebraic analysis for nonidentifiable learning machines.
Neural Computation, Vol. 13, No. 4, pp. 899-933, 2001.

S. Watanabe. Algebraic geometrical methods for hierarchical learning
machines. Neural Networks, Vol. 14, No. 8, pp. 1049-1060, 2001.

S. Watanabe. Algebraic Geometry and Statistical Learning Theory.
Cambridge University Press, Cambridge, 2009.

S. Watanabe. Equations of states in singular statistical estimation.
Neural Networks, Vol. 23, No. 1, pp. 20-34, 2010.

S. Watanabe. Asymptotic equivalence of Bayes cross validation and
widely applicable information criterion in sngular learning theory.
Journal of Machine Learning Research, Vol. 11, pp. 3571-3591, 2010.

S. Watanabe. A widely applicable Bayesian information criterion.
Journal of Machine Learning Research, Vol. 14, pp. 867-897, 2013.

S. Watanabe. Bayesian cross Validation and WAIC for predictive prior
design in regular asymptotic theory. arXiv:1503.07970, 2015.

S. Watanabe. Theory and method of Bayes statistics. Corona publish-
ing, Tokyo, 2012 (In Japanese).



316

[38]

[89]

[90]

REFERENCES

K. Yamazaki, S. Watanabe. Singularities in mixture models and upper
bounds of stochastic complexity. Neural Networks. Vol. 16, No. 7, pp.
1029-1038, 2003.

K. Yamagzaki, S. Watanabe. Algebraic geometry and stochastic com-
plexity of hidden Markov models. Neurocomputing. Vol. 69, pp. 62-84,
2005.

K. Yamazaki, S. Watanabe. Singularities in complete bipartite graph-
type Boltzmann machines and upper bounds of stochastic complexi-
ties. IEEE Transactions on Neural Networks,Vol. 16, No .2, pp. 312-
324, 2005.

K. Yamazaki, M. Aoyagi, S. Watanabe. Asymptotic analysis of
Bayesian generalization error with Newton diagram. Neural Networks.
Vol. 23, No.1, pp. 35-43, 2010.

P. Zwiernik. An asymptotic behaviour of the marginal likelihood for
general Markov models. Journal of Machine Learning Research. Vol.
12, pp. 3283-3310, 2011.



Index

acceptance probability, 211
AIC, 233

AICb, 233

almost surely convergence, 299
alternative hypothesis, 270
average, 6, 298

average log loss function, 68

Bayes’ theorem, 7

Bayesian LASSO, 260

Bayesian model comparison, 275
BIC, 246

Borel field, 297

burn-in, 211

consistency of model selection, 250
convergence in mean, 299
convergence in probability, 299
covariance matrix, 7

critical point, 277

cross validation, 232

cross validation error, 18

cross validation loss, 18
cumulant generating function, 80
curse of dimensionality, 208

CV, 232

deep learning, 265

delicate case, 238

delta function, 5, 293

detailed balance condition, 209
DIC, 234

efficiency of model selection, 250
entropy, 68

entropy barrier, 211

equilibrium state, 5, 208
essentially unique, 69

expected value, 6

F(MCMC), 246
F(REG), 246

formal optimality, 3, 267
free energy, 21

gamma distribution, 262
generalization error, 17
generalization loss, 17

Hamiltonian, 207
Hamiltonian Monte Carlo, 211
hierarchical Bayes, 286
Hironaka theorem, 181
hypothesis test, 271

ill-posed problem, 2

importance sampling, 208

importance sampling cross validation,
20

improper, 10

influential observation, 167

irreducible condition, 209

ISCV, 20, 232

Kullback-Leibler distance, 294
LASSO, 260
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leverage sample point, 167, 243 prior, 3, 9

linear regression, 48 probability density function, 4, 297

log density ratio function, 72 probability distribution, 5, 297

loss and error, 21 probability measure, 297
probability space, 297

MAP estimator, 197 projective space, 187

MAP loss, 235

marginal likelihood, 10, 21 random variable, 5, 297

Markov chain Monte Carlo, 209 real log canonical threshold, 147, 184

mathematical relation of priors, 254 realizable, 67

mean, 6 reduced rank regression, 195

measurable function, 297 redundant multi-index, 147

measurable space, 297 regular, 68

metric, 296 relatively finite variance, 72

metric space, 296 replica Monte Carlo, 215

metropolis method, 209 resolution of singularities, 181

Metropolis-Hasting Method, 210

minus log marginal likelihood, 21 sampPe siz.e, 8
ML estimator. 197 sampling interval, 211
ML loss. 235 ' separable metric space, 296

most powerful test, 272 set-valued random variable, 297
multi-index, 136 sigma algebra, 297

simultaneous resolution, 188
singular fluctuation, 160
spontaneous symmetry breaking, 94
standard form, 137

statistical model, 3, 9

multinomial distribution, 41
multiplicity, 147

neural networks, 53
normal crossing, 137
normal distribution, 5, 35
normal mixture, 56
normalized observable, 77
null hypothesis, 270

TIC, 233

TICb, 233

time series analysis, 171
training error, 17
training loss, 17

arallel tempering, 215
P pene true distribution, 8

partition function, 10, 21

phase transition, 277

posterior average, 10

posterior probability density, 10

unbalanced case, 239
uniform distribution, 5

posterior variance, 10 variance, 7
potential barrier, 211
predictive density function, 10, 11 WAIC, 20, 225, 234
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WAIC error, 20

WBIC, 246

widely applicable information crite-
rion, 20

zeta function, 151
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