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Abstract: We consider the learning coefficients in learning theory and give two new methods
for obtaining these coefficients in a homogeneous case: a method for finding a deepest
singular point and a method to add variables. In application to Vandermonde matrix-type
singularities, we show that these methods are effective. The learning coefficient of the
generalization error in Bayesian estimation serves to measure the learning efficiency in
singular learning models. Mathematically, the learning coefficient corresponds to a real
log canonical threshold of singularities for the Kullback functions (relative entropy) in
learning theory.
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1. Introduction

The purpose of a learning system is to estimate an unknown true density function (a probability
model) that generates the data. Real data associated with, for example, genetic analysis, data mining,
image or speech recognition, artificial intelligence, the control of a robot and time series prediction are
very complicated and usually are not generated by a simple normal distribution. In Bayesian estimation,
we set a learning model that is written in probabilistic form with parameters, and our goal is to estimate
the true density function by a predictive function constructed with the learning model and such data.
Therefore, the learning model should be abundant enough to capture the true density function’s structure.
Hierarchical learning models, such as the layered neural network, the Boltzmann machine, the reduced

rank regression and the normal mixture model, are known to be effective learning models for analyzing
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such data. These are, however, singular learning models, which cannot be analyzed using the classic
theory of regular statistical models, because singular learning models have a singular Fisher metric
that is not always approximated by any quadratic form [1-4]. Therefore, it is difficult to analyze
their generalization errors, which indicate how precisely the predictive function approximates the true
density function.

In recent studies, Watanabe showed using algebraic geometry that the generalization and training
errors are subject to a universal law and defined the model selection method “widely applicable
information criterion” (WAIC ) as a generalized Akaike information criterion (AIC) [5-9]. WAIC can
even be applied to singular learning models, whereas AIC cannot. Using the WAIC, we can estimate the
generalization errors from the training errors without any knowledge of the true probability density
functions. The generalization errors relate to the generalization losses via the entropy of the true
distribution. Thus, we can select a suitable model from among several statistical models by this method.

Computing the WAIC requires the values of the learning coefficient and the singular fluctuation,
which are both birational invariants. Mathematically, the learning coefficient is the log canonical
threshold (Definition 1) of the Kullback function (relative entropy), and the singular fluctuation is
known as a statistically generalized log canonical threshold, which is obtained theoretically from the
learning coefficient (Equation (1) in Section 2). These values can be obtained by Hironaka’s Theorem
(Appendix A). However, it is still difficult to obtain these within learning theory for several reasons,
such as degeneration with respect to their Newton polyhedra and non-isolation of their singularities [10].
Moreover, in algebraic geometry and algebraic analysis, these studies are usually done over an
algebraically closed field [11,12]; many differences exist for real and complex fields. For example,
log canonical thresholds over the complex field are less than one, whereas those over the real field
are not necessarily so. We, therefore, cannot apply results over an algebraically closed field to our
current situation directly (Appendix B). One of the bottlenecks in learning theory is to obtain the learning
coefficients and the singular fluctuation.

In this paper, we consider the learning coefficient of “Vandermonde matrices-type singularities”
in statistical learning theory. The reason why we contribute only to such singularities is that the
Vandermonde matrix type is generic and essential in learning theory. These log canonical thresholds
give the learning coefficients of normal mixture models, three-layered neural networks and mixtures
of binomial distributions, which are widely used as effective learning models (Sections 3.1 and 3.2
and [13]). Moreover, we prove Theorem 2 (the method for finding a deepest deepest singular point)
and Theorem 3 (the method to add variables), which are very beneficial to obtain the log canonical
threshold for the homogeneous case. Theorem 2 indicates the best point of singularities that gives the
log canonical threshold. Therefore, this theorem is useful for the reduction of the number of blowup
processes. Theorem 3 improves our recursive blowup method by simplifying coordinate system changes
with added variables. These two theorems enable us to obtain a new bound for the log canonical
thresholds of Vandermonde matrix-type singularities in Theorem 5. These bounds are much tighter
than those in [14].

In the past few years, we have obtained the learning coefficients for reduced rank regression [15],
for the three-layered neural network with one input unit and one output unit [16,17], and for the normal
mixture models with a dimension of one [18]. The paper [14] derived bounds on the learning coefficients
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for the Vandermonde matrix-type singularities and explicit values under some conditions. The learning
coefficients for the restricted Boltzmann machine [19] have also been considered recently. Ref [20-22],
respectively, obtained these for naive Bayesian networks and for directed tree models with hidden
variables. These results give partial answers for the learning coefficients.

The rest of the paper is in three sections. Section 2 summarizes the framework of Bayesian learning
models. In Section 3, we demonstrate our main theorems and consider the log canonical threshold of
Vandermonde matrix-type singularities (Definition 3). We finish with our conclusions in Section 4.

2. Learning Coefficients and Singular Fluctuations

In this section, we present the theory of learning coefficients and singular fluctuations. Let ¢(x)
be a true probability density function of variables, x € R, and let 2" := {x;}I", be n training
samples selected from ¢(x) independently and identically. Consider a learning model that is written
in probabilistic form as p(z|w), where w € W C R? is a parameter. The purpose of the learning system
is to estimate ¢(z) from z" using p(z|w). Let ¢ (w) be an a priori probability density function on the
parameter set, W, and p(w|z™) be the a posteriori probability density function:

1 n

p(w|z") = Z—nl/)(w) Hp(wilw)

where:

7= [ vt [ adwyde

Let us define for the inverse temperature, 3:

Jduwf@)e(w) T pladw)?
Bl = g w) T plaafw)?

We usually set 5 = 1.

We then have a predictive density function, p(x|X™) = E,[p(x|w)], which is the average inference
of the Bayesian density function.

We next introduce the Kullback function, K (¢||p), and the empirical Kullback function, K, (¢||p), for
density functions p(x), ¢(x):

K(gllp) = 3" a(e) log &2

p(x)

Kalallp) = =3 log oz

g p(i)

T

The function, K (pl||q), always has a non-negative value and satisfies K (g||p) = 0, if and only if

q(z) = p(x).
The Bayesian generalization error, B,, Bayesian training error, 53;, Gibbs generalization error, G,
and Gibbs training error, G4, are defined as follows:

By = K(q(x)[| Ew[p(z|w)]))
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By = Ku(q(7)| Ey[p(z:w))])
Gy = Eu[K(q(z)|[p(z|w))]

and

Gi = Eu[Kn(q(2)||p(z|w))]

The most important of these is the Bayesian generalization error. This error describes how precisely the
predictive function approximates the true density function.
Watanabe [6,7,23] proved the following four relations:

A+vfs— 1
_Afvbov

e
BB = A+g_” + 0(%)
BIG) = 7%+ ol3)
EIG) = 2 4 o()

Thu,s we have: .
E[B,] = E[B;] + 28(E|[G,] — E[By]) + o(ﬁ)

and

EIG,) = BIG) +28(E[G] ~ BB) + o)

Eliminating the expectation of the true probability density function from the above four errors
and setting:

BLy ==Y q(x)log Ey[p(z|w)]

xT

1 n
BL, = - 2; log Ey[p(zi|w)]

GL, = —Eu[>_ q(z)logp(z|w)]

T

1 n
GLi = —Eu[= ) logp(iw)
i=1

we then have: )
E[BL,| = E[BL,| + 25(E|G] — E[By]) + 0(5)
and
FIGL,) = BIGL] + 2(E[G] ~ E[B]) + o)

These two equations constitute the WAIC and show that we can estimate the Bayesian and Gibbs
generalization errors from the Bayesian and Gibbs training errors without any knowledge of the true

probability density functions. Training errors are calculated from training samples, x;, using a learning
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model, p. In real applications or experiments, we usually do not know the true distribution, but only the
values of the training errors. Our purpose is to estimate the true distribution from the training samples,
showing that these relations are effective. We can select a suitable model from among several statistical
models by observing these values.

Let A denote a learning coefficient and v a singular fluctuation, both of which are birational invariants.
Mathematically, A is equal to the log canonical threshold introduced in Definition 1 and Appendix B.
For regular models, A = v = d/2 holds, where d is the dimension of the parameter space.

The difference between the Bayesian and Gibbs training errors converges to v /n:

nB(E|G)] — E[B,)) — v

These relations were shown using the resolution of singularities and the Schwarz distribution.

From the learning coefficient, A, and its order, 6, the value, v, is obtained theoretically as follows. Let
&(u) be an empirical process defined on the manifold obtained by a resolution of singularities, and ) .
denote the sum of local coordinates that attain the minimum A and the maximum 6. We then have:

1 [dty,. [ dué (u)tr =12~ BrHBVIEw)

) 1
Y 2 ¢ fOOO dt Zu* fdut)‘*l/Qe*ﬁf#ﬂ\/fé(u) ( )

&¢(u) is a random variable of a Gaussian process with mean zero and variance two. Our purpose in this
paper is to obtain \.

To assist in achieving this aim, we use the desingularization approach from algebraic geometry
(cf- Appendix A). It is a new problem in algebraic geometry to obtain the desingularization of the
Kullback functions, because the singularities of these functions are very complicated, and as such, most
of these have not yet been investigated.

3. Main Theorems and Vandermonde Matrix-Type Singularities

We denote constants, such as a*, b* and w*, by the suffix x. Additionally, for simplicity, we use the
notation: w = {ay, b;; }1<i<m instead of: w = {ag;, bij }1<k<mi<i<mi<j<n, because we always have
1<k<Mand1l < j < N in this paper.

Define the norm of a matrix, C' = (c;;), by |[C|[ = {/>_; ; e Set Ny = NU {0}.

Definition 1 For a real analytic function, f, in a neighborhood, U, of w* and a C* function ) with
a compact support, let \-(f, 1)) be the largest pole of [, |f|*dw and 0.-(f,1) be its order. If
(w*) # 0, then we denote Ay (f) = A= (f, %) and O, (f) = 0w+ (f, ), because the log canonical
threshold and its order are independent of 1.

Definition 2 Fix ) € N. Define: [b},05,--- ,bylo = 7i(0,---,0,bF,--- ,by) if b = --- = b, =0,

b £ 0, and v — 1 if Q is odd,
‘ ’ = |bX|/bF  if Q is even.

Definition 3 Fix () € N.



Entropy 2013, 15

* *
i - @ip Gy oo G H4y
* *
a21 st CLQH CL2H+1 a2H+7‘
Let A = . . ,[:(61,.
LIS * *
aMl a/MH a/M7H+1 P a/M7H+7,,

N N N N
_ £ £ £ * ¢
AV L i | L) | L7l
Jj=1 Jj=1 j=1 j=1
and

B = (Bl)fl+---+£N=Qn+1,0§n§H+r—1 = (B(1,0,~~,0)7 B(0,1,~~~,0)> Tty

(the superscript, t, denotes matrix transposition).

ai and bj; (1 < k < M,1 <i < H,1 <j < N) are variables in a neighborhood of aj; and b

where ay; and bj; are fixed constants.
Let T be the ideal generated by the elements of AB.
We call singularities of I Vandermonde matrix-type singularities.
To simplify, we usually assume that

* * * t * *
(al,H+j7 Ay fyjr " >aM,H+j) # 0, (bH+j,1> H+j20 """

forl < g3 <rand

[bf*ﬂj,h blk*{+j,2v T 7b;{+j,N]Q 7é [bf*ﬂj',h *H+j’,27 T
forj #j'.
b b},
b1 b3
Example 1 If N = (Q = 1 and r = 0, then we have: B =
b b%il

This matrix is a Vandermonde matrix.

3719

., 0y) € Ny

N

* LiNt

) H bH+r,j J)
j=1

B0, 1), B1+0,0,,0)," " *)

13’

’ >|<H—i—j,N) 7é 0

*
) H+j’,N]Q

H
bll

H
b21

H
le

Example2 IfQ =1, M =1, H=2,N = 2and r = 1, then we have: A = < ap aip ayg ) and

by bz bF bubiy b, bY bubly,  bibi b
B - b21 bgg b%l bglbgg b%Q b%l b21b32 b%lbgg b%Q
by by 05,7 by, b, 030 bEb3,7 05 %bh, b3°

In this paper, we denote:

N L;
aily Qi - aig szl by
N 0,
Q21 Q22 - Q2H Hj:l b2j !

AM,H: . 7BH,N7[: . and
N £;
ayi Gp2 - GMH Hj:l ij !

(@)
BH,N = (BHN.I) b1+ -y =Qn+1,0<n<H—1-
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*
a1 H+1
Furthermore, we denote: a* = : and
*
ApH+1
apy Q2 - Q1H aT,H-ﬁ-l
*
A o 21 G2 - G2 Qg giq
( M,I‘Iaa ) -
ayi aumz o GMH Qg

Theorem 1 ([18]) Consider a sufficiently small neighborhood, U, of
w* = {ag;, bi; h<i<n

and variables, w = {ay;, b;; }1<i<m, in the set, U.
Set: (b5, bis, -+ ) = (0, 0).

Let each: (bi1,075, -+ ,UiN), - (b, 02, - -+, Uiy ) be a different real vector in:
(b5, b5, - binlo #0, fori=1,... ., H+r
That is:
{011, 01N ), (00 by 5 (b S bivle # 00i =1, H 4}

Then, ' is uniquely determined, and r' > r by the assumption in Definition 3. Set: (bl -+ ,bix) =
[ *H-l-i,l’ T »bE+i,N]Qvfor I1<ui<r.

Assume that:

0, 1<t < Hy
(011, biN), Ho+1<i< Ho+ Hi,
i, binle = (051 B3N), Ho+ Hi+1<i < Hy+ Hy + Hs,
L (b, 0Ey), Ho+ -+ Hyoy +1<i<Hy+---+Hpy,

and Hy+ ---+ H, = H.

We then have: ,

Mo (LABIE) = 25+ o (141, BN )

/

a)* 1 1
[(Antsto—1,2 ) Big) w1 + D0 A ([Avar, 1By )

+> Ay
a=1

a=r+1
R () I
where: wy’ = {aj;,0}i1<i<h,,
E3
A1 Hto
(a)* o % a * _ .
i = A0 pgstt, 20 0ozich, and 2@ = : Jora =1
*
aprf Hta

Theorem 2 (Method for finding a deepest singular point) Ler fi(w1,...,wg), ..., fm(wi,...,wq)
be homogeneous functions of wy,--- ,w; (j < d) with the degree, n;, of wy,--- ,w;. Furthermore,
let v be a C function, such that V(o.... o, wy) = Y(wy - wy) and Py, is homogeneous of wy, - - -, w;

in a small neighborhood of (0, - -+ ,0,w} , -+ ,w}).
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Then, we have:

)\(O,n-,O,w;-‘+1,~~~,w:§)(f12 + o+ fsw ¢) S /\(wf,m,w’f,w;f+1,~--,w:l)(f12 ++ erm 77Z))

J

(Proof)

Let d be the degree of wy,--- ,w; for ¢ in a neighborhood of (0,---,0,wj,,---,w}). Let us
construct the blowup of f, ..., f,,, along the submanifold, {v = 0,w; = 0,1 < i < j}. Let w; = vw), for
1 <4 < j. Wehave: o™ f;(w), ..., w)) and (fi(w)*+ fo(w)* +- -+ fin(w)?)*Ydwdv = (v*™ f7(w') +
V2 f2(w') + -+ -+ 02 f (W) (w ) vt dw'dv. Because: v fE (wy, ..., wh) < fR(wy, ..., wh) for
lv| < 1, we have: v*™ f2 + .- 40 f2 < f2 4+ ...+ f2 ‘and, hence, by Lemma 1 in Appendix C:

A 0y ws) (FE A+ fon ) <min{d + 5 + 1, A (fF 4+ + ,9)}
Furthermore, we consider the construction of the blowup of: fi, ..., f,, along the submanifold:
{w; = 0,1 <i < j}, for which we have
N0 0ty ey (FT A fn ) < d
Q.E.D.
In general, it is not true that:
Mo (ff + o+ [ ) S A (ff +- -+ [ )

even if wy, € R satisfies:

dfi : .
fi(wo)za—ij(wo)ZO,lSzgm,lgjgd

Example 3 Let f, = x(z—1), f> = (y* +(x—1)*)((y—1)°+z) and f5 = (2*+(z—1)*)((z—1)°+ ).

Then, we have: f1:f2:f3:%:88—];2:%:%:%:Oifandonlyifle,y:(),z:O.

In this case, we have \(100)(fT + f5 + f3) = 1/4+1/4+1/4 > Noan(fT + f5+ f3) = 1/2+
1/12 +1/12.

Theorem 3 (Method to add variables) Let fi(wi,...,wq), ..., fm(wi,...,wg) be homogeneous
functions of wy, -+ ,wy of the degree, n;, in wy, -+ ,wg. Set: fi(ws,...,wg) = fi(1,we,...,wy),
con f1(Way o wg) = fin(L,wa, ..o wyg). If wi # O, then we have:

N o) (FE 4 fm) = N pui gy (- + f)
(Proof) Set w) = ws/wy, ..., w); = wyg/w,. Then, we have:
filwy,wa, ... wg) = wi fi(1,wy, ... wh) =w f]
Since w}" # 0 on a small neighborhood of w7, there exist positive real numbers, C', C’, such that:
Clfit At f) S+ + <O+ + f)

This completes the proof by Lemma 1 in Appendix C. Q.E.D.

Remark 1

The above theorem shows that we can set nonzero constants as variables to obtain the same log

canonical threshold. However, in general, this is not true.
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(1) Consider the function f(z,y) = (y — 1 + 2?)?2. We have A\;—o(f) = 1/2, whereas

Aj@n=o(f(z,1)) = 1/4.
(2) Consider the function f(zy, xa, T3, T4, T5,y) = (22 + x5 + 23 + 22 + 22 + y — 1)%. We have
/\f:(](f) = 1/2, whereas )\0(.][.(1'1, Lo, T3,Ty4,T5, 1)) = 5/4

The second example shows that the following theorem over the complex field is not true over the
real field.

Theorem 4 [1]]

Let f(x1,--- ,x4,y) be a holomorphic function near zero, and for a hyperplane H, let g = f|,—o (or
g = fu) denote the restriction of f toy = 0 (or H). Then, A\y—(g) < Aj=o(f).
k k!
Define: = —,
efine: () = =i

Theorem 5 We use the same notation as in Theorem 1. Let:

(H — i+ 1)N +di(s) +dj(s) +dj(s)

bound; = mi
ound; = min{ 2(count(i, s, k(s)) —1)Q + 2

§Z§571§k(1)77k(8)§N71§S§H}

where: count (i, s,j) = #{i1 : i < i1 < s,k(iy) = j}, C(i,8) = #{count(i,s,j) = 0,1 < j < N},

di(s) = (N—=1)Q (count(i, s, k(s1)) — 1)

s1=1

di(s) = M(i—1){(count(i,s, k(s)) —1)Q + 1}
+QM Z (count(i, s, k(s)) — count(i, s1,k(s1))),

s1=1,

count(i,s,k(s)) >count(i,s1,k(s1))

0, if count(i, s, k(s)) = 1,

(H — s){C(i,5)Q + (N — 1)Q(count(i, s, k(s)) — 2)},
if count(i, s, k(s)) > 2,N —1 < M,

di(s) = { (H—s){C(i,s)Q + MQ(count(i, s, k(s)) — 2)},

if count(i, s, k(s)) > 2,C(i,s) < M < N —1,

(H — $){MQ(count(i, s, k(s)) — 1)},
if count(i, s, k(s)) > 2, M < C(i,s).

NH + P MQK — i) (N9

N-1
T 2120k ’
where: k' = max{i € Z; NH > M >, (1 + Qi’)(N+Q’ )}, and let:

Furthermore, let: bound, =

MH
bounds = ——
2
We have
Mo([| A, HB || ) < min{bound;, bounds, bounds}

0(||(AM7H_1, “)B Qm)|| ) < min{bound;, bound,}



Entropy 2013, 15

The proof appears in Appendix C.

Figures 1a—d show the values of new bounds, min{bound;, bound,, bounds}, for (a) H = 7, N = 6,
(b)H=8 N =6,(c)H=7,N = 7and (d) H = 8, N = 7 with ) = 2, respectively. We compare
these values with those obtained by the past work in [14]. In the figures, the horizontal axis is the number,
M, and the vertical one, the value of such bounds. The dashed lines indicate the bounds obtained by the
past work. These figures show that new bounds are not greater than old ones.

Figure 1. The values of new bounds, min{bound;, bounds, bounds}, for (a) H = 7, N = 6;
(b)H =8N =6;(c)H=7,N="T7Tand(d) H =8 N = 7 with ) = 2, compared with

the bounds obtained by the past work in [14].

12 +

10 . : . : ‘ 10

©H=7N=7 d)H=8N="T

In paper [24], we had exact values for N = 1:
 MQK(k+1)+2H

Ao(llAvr o B 12) =
where: k = max{i € Z : 2H > M (i(i — 1)@ + 2¢)}, and we had:

g | L if2H > M(k(k - 1)Q +2k)
) 2, if2H = M(k(k —1)Q + 2k)

We had other exact values when [ is small on paper [14]. Both sets of exact values are the bounded

values in Theorem 5.

10
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3.1. A Learning Coefficient for a Three-Layered Neural Network

Consider the three-layered neural network with N input units, A hidden units and M output units,
which are trained for estimating the true distribution with r hidden units. Their learning coefficients, A,
are as follows [14,24]:

A = min{ (|| s, Bl l?) + Scy Mo(l[(Arrra-1,2") By |?) + Ho+ Hy + -+ + H, = H,
a* #0}.

3.2. A Learning Coefficient for a Normal Mixture Model

Consider normal mixture models with /1 peaks and the true distribution with r peaks. Then, their

learning coefficients, A, are as follows [14,18]:
A=t b min{ 3 No(||(Anr i, 1,27 By yI[?) : Sy Ho = H,a* # 0}

In particular, we have for N = 1:

A=r—1+

i+ +2H—-(r—1) , |1, ifi+i<2H—(r—1),orH=r
431 + 1) ] 2, ifi24i=2H - (r—1)),

where i =max{j € Z; j>+j <2(H — (r — 1))}.

4. Conclusions

In this paper, we prove two theorems, Theorem 2 (the method for finding a deepest singular point)
and Theorem 3 (the method to add variables) for obtaining learning coefficients in a homogeneous
case. By applying these methods to Vandermonde matrix-type singularities and using the inclusion
of ideals and recursive blowup from algebraic geometry, we found new bounds on learning coefficients
for Vandermonde matrix-type singularities. These bounds are much tighter than those in [14]. Our future
research aim is to improve our methods and to obtain exact values for the general machine model.

The learning coefficients from our recent results have been used very effectively by Drton [25,26]
for model selection, using a method called “singular Bayesian information criterion (sBIC)”, which can
be applied to singular models, where the assumptions supporting the use of the standard BIC do not
hold. Our theoretical results introduce a mathematical measure of precision to numerical calculations,
such as Markov chain Monte Carlo (MCMC). Nagata and Watanabe [27,28] gave a mathematical
foundation for analyzing and developing the precision of the MCMC method using our theoretical values
of marginal likelihoods.
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Appendix A

We introduce Hironaka’s Theorem on desingularization.

Theorem 6 [Desingularization, Hironaka (1964), (Figure Al)]

Let f be a real analytic function in a neighborhood of w* = (w}, -+ ,w};) € R with f(w*) = 0.
There exists an open set, V' > w*, a real analytic manifold, U, and a proper analytic map, j, from U to
V, such that:

(1) pp: U —E —V — f710) is an isomorphism, where £ = =1 (f71(0)),

(2) for each w € U, there is a local analytic coordinate system (uy,--- ,uy), such that f(u(u)) =
fuituy? - - - usr, where sy, - -+, S, are non-negative integers.

Figure A1. Hironaka’s Theorem: diagram of desingularization, j, of f: £ maps to f~*(0).
U — £ is isomorphic to V' — f~1(0) by u, where V' is a small neighborhood of w* with
f(w*) =0.

Appendix B

The learning coefficient is the log canonical threshold of the Kullback function (relative entropy).
In this section, we explain its difference for real and complex fields. Let f be a nonzero holomorphic
function over C or an analytic function over R on a smooth variety, Y, and let Z C Y be a closed

subscheme. The log canonical threshold, Az (Y, f), is defined analytically as:
Mz (Y, f) = sup{c: |f| “is locally L* near Z}

over C, and:
Mz (Y, f) = sup{c: |f| “is locally L' near Z}

over R [11,12]. It is known that if f is a polynomial or a convergent power series, then \o(C?, f) is
the largest root of the Bernstein-Sato polynomial, b(s) € C|s|, of f, where b(s) f* = P f*™! for a linear
differential operator, P [29-31]. The log canonical threshold, A\ (Y’ f), also corresponds to the largest
pole of [ ... |fI**1(w)dw over C, ([ hear 7 |f17¥(w)dw over R), where ¢(w) is a C*°— function
with a compact support, such that )(w) # 0 on Z.
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Appendix C

Using the blowup process and the method to add variables together with the inductive method for s,
we demonstrate Theorem 5

We give below Lemma 1, as it is frequently used in the proofs.

Lemma 1 ([18,24,32]) Let U be a neighborhood of w* € RY. Let I be the ideal generated by f1, ..., fy,
which are analytic functions defined on U.

(D Ifgi+- g < L+ + fo then X\ (g7 + -+ + g7) < Ao (fF 4+ + f)-
(2)If g1, - gm € I, then My (g3 ++ - -+ G2) < A= (fE+- -+ f2). In particular; if g1, . . . , gm generate
the ideal I, then N+ (f2 + -+ f2) = A (g7 + -+ + ¢2)-

The following lemma is also used in the proofs.

Lemma 2 ([19]) Let I,J be the ideals generated by fi(w),..., f,(w) and g (w'),..., gm(w'),

respectively. If w and w' are different variables, then

Awr ) (7 o fa - gE - g) = X (7 oo o) + A (974 4 gn).

Step 1
Let us consider the following procedure from s = 1 to s = H, and the generators of the ideal:
bij -

N

bgll---béN
J=<(ai01 o ain ) o :1§z'OSM,Z€i=nQ+1,nzo>.

i=1
01 (N
by by

By constructing the blowup repeatedly and choosing one branch of the blowup process, we show the
following (i)~(Vv) in this subsection:

(i) k(1), - k(s —1) €{1,2,--- N},
(ii) count(iy,i9,j) = #{k(i) = j |11 <i <ip}for1 < j < N,

bl < s—1,
(i) by = ¢ 12U S and b, , = 1.
'Ul'UQ"',Usflb;j; 225_1, B
(iv) The Jacobian is:
H N s—1 ' s—1 N
TTTT b = ot 0% an T T T b
i=1 j=1 i=1 i=1 j=1

and
s—1

d; = (N = 1)Q Y (count(i, s1, k(s1)) — 1),

S1=1
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(v)
J = <ai0i1bi1k(i1) H (bgk(il) — bgk(i1)> 1< <M, 1<4; <s— 1> (2)
k(i) =Fk(i1),1<i<iy —1
nQQ+1
bsz Hk(i):j,lgz‘gs—l(bs@j - bg)
+<<aios a’ioH) 1§20§M7j: ,"',N,TZZO>
n 1
bH?+ Hk(i):j,lgigs—l(bgj - bg)
¢
b - by N
+<<ai05 aiOH> : :1§i0§M,Z€i:nQ+1,n21,V€j<Qn+1>.

01 (N i=1
by by

By Theorem 3, we can set b; k(i) 35 @ variable.

Now, we show the above by the inductive method.

Define 1 < k(s) < N. Construct the blowup along {bgj =0,s<i<H/1<j<N} Set b;j = vsbfi’j
fors<i<H1<j<N, andsetb;’k(s) = 1.

By constructing the blowup along {v; = b0, = 0,1 < j < N,j # k(s)} repeatedly, and
by choosing one branch of the blowup process, set by, = b |y vfl " for j # k(s), where
d, = (count(i, s, k(s)) — 1)Q.

Consider a sufficiently small neighborhood of {v; = 0} using Theorem 2.

)) for i > s, E;j — b;/] Y fik(s)

— "
! fsk(s)

i1k(s and bij =

Q
Set fik(s) - bik(s) Hk(il):k(s),lgilgs—l(bz‘k(s)

o [ vin = b5 — bst fori>s+1,j % k(s).

=1 sk(s)

We then have: ,
¢
bsll U bsjl\\ff
¢ ¢
b by
N 4
Hj:l bs;

Zk(s) N fs+1¢k>(s) £
bs+1,k(s) Hj:17j¢k(s)(b8+17j+b8j Fok(s) )"

l1(s) N /5 JHE(s) \0;
Op sy LLj=1(brj 4 bsj )%

which is an element of the vector ideal:
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’ Jj=1 fSJ -
N k(s) s+1,k(s) .
< HJ 1,j#k(s) bSJ bs+1 k(s)(m) i=1i#k(s) ¢ >

N fk(s) frare\ N,
#k()
| P b j D) (T )77

0
~0;—

N Zk(e) fs+1 k(s) Z .
< HJ L,j#k(s bsjbs-i—lk (s) H] ljyék(s) bs-i—L] (T(S)) J=1j#k(s) ] >

o

Che(s) =)

1 <g:.30l 40 N fk(s) N 7=t fepn k(s) s
0S5545,3657; HJ 1j#k(s b b Hj:1,j7ék(s) ij (—Jik( ) )ZJ Li#k(s) &
N 4
’ H] 1 bs; N
N k(s) stk \ 0N, £;
H, . b b (—) J=1,j#k(s) *J
=1,j#k +1,k( (s )
Furthermore, we have: JLIARE) T S.) ok is an element of:
N fk(s) LEIIORY I s
H] 17]7ék b b )< fsk( ) ) TP )
nQ+1 Q
; b Hk(zl k(s),1<i1<s— 1(b k(s bzlk )
N i nQ-H Q Q
Hj:l,j;ék(s) bS]] bs+1 k(s) Hk: (1) ),1<i1<s— 1(bs+1k(s) B bzlk(s)) >0
fZ(j-V:)l,#k@ £ : T
sk(s
nQ—+1 Q Q
ka(s Hk’ (i1)=k(s),1<i; <s— 1(bHI<:( ) bnkz ))

Since b7; = by’ | v fOI‘j # k(s), where d; = (count(i, s, k(s))—1)Q, we have by; = b7 ]~ lvzd !
valnfk() ZJ

and ZJ is finite. That is, we have:
fsk(s)l ,J#k(s) "I
N 4 i
N KH] lbjfjj z SQS)fsk
k(s) s+1,k(s) R nQ
HJ Lj#k(s bsa bs+1k ‘)( Ferie) )<= (e £ c < bs+1k fs+1k (s) n> 0>
N lr(sy o FHK(s s nQ .
|| AETITRY X v )(fil:é))zj Siah Ditis) (o)
If we assume that for o:
nQ ¢ ¢
bsk(s fSk(S) bsl e st]VV N N
br]ﬁ(s)fHk(s) b%l e bé]{vN = JELIERE)

0

nQ
b fsk:(s b L) HN ' Z)Zj ' N N
_ < n Z 0>+< s+1,k(s ]:.].7]75145(3) s+1,7 : ZEJ — TLQ + 1,” Z 1’ Z g‘j S o

an fHk; Jj=1 J=1,57#k(s)

N 745
brrk(s) Hj:l,j;ék(s) by

;
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we have for 3V li=a+1:

J=1,57#k(s)

by 0

bﬁll T UsN N ~0-
< : > + TJo = < otk [jmt o) bt > ny
¢ ¢ :
by by

N 705
Drrk(s) szl,#k(s) b

since for EIK; = 0, we have:

0
N Li(s) N 76— forrims) \ 0N a
|| PRI bsja k() LLi=1zh(s) Dot ] (—fsk(g) )R L
N Li(s) 5 = FHr NS i O
) I b s Lo gke brty | (Fh)momnasko
0
N é Lie(s) N sl— S ks
_ Il i) Osi | bsrins) Thmijmncs) borng foitni c 7
fzﬁ'vzl,#m)z} : ¢
k
k) bgk(S) N Be' J J 1J7ﬁk(8) ]
Hek(s) Hj:l,j;ék(s) Hj fH
Therefore, by setting:
H
/ Q Q _ Q Q
o sDsk(s) H (bs,k(s) - bi,k(s)) = Z @iy biy h(s) H (bilk(s) - bi,k(s))
k(i) =h(s) 1 <i<s—1 i=s k(i) =h(s) 1 <i<s—1

for 1 <14y < M, and by setting b;; = ZN)ij again, we have:

J = <ai0i1bilk(il) 11 (b2 iy = bi%iy) + 1<ig S M1 <y <5 — 1>
k(i)

=k(i1),1<i<i;—1

+<a,osbsk 11 (bg o) bf?k(s) c1<gy < M>

k(i) =k(s),1<i<s—1

N—

bst1; Hk(i):j,lgigs(bsQJrlj o szJ)
: .7 = 17 7N>

+ << Qigs+1 *** QigH

Q Q
ij Hk(i):j,lgigs(ij - bz‘j)

b by
s+1,1° s+1,N N
+<<ai05+1 aH) : :ISiOSM,Z&:nQ+1,nZ1,V€j<Qn+1>
bfl “'sz =1
H1 HN

with (1)~(1v).
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Step 2
By Step 1, we need to consider the ideal:

i1
<ai0’i1 Hvi(count(z,zl,k(zl))fl)Q+1 S 1 <ip < M,il < S>

=1
L
—+ <( Qigsi1 " *°  GigH ) Hvsount(z,s,J)Q+1 L= 1. ,N>
i=1 Y
Hj
¢ ¢
s b;-il-l,l T b,stN N
+<(“ios+1 @ioH)HUiQH : :1§z'o§M,Z£i=Q+1,Wj<Q+1>
=1 blfl .. b/éN =1
H1 HN
with Jacobian:
H M H H N
(H—i+1)N—14di(s) 4
IIv H H H H
i=1 k=1 i=1 —1 j=1

where:

di(s) = (N = 1)Q Y _(count(i, s1,k(s1)) — 1)

S1=1
We have: )\o(HAMHB vI?) <
(H—i+1)N+di(5>+d;( )+d;/z s+1y H(S)

‘ 0 1<i<s5,i,>0,1<s<H
ming 2(count(i, s, k(s)) — 1)Q + 2 SUS Sl 2 s }

where:

di(s) = M(i—1){(count(i,s, k(s)) —1)Q + 1}

s—1

+QM Z (count(i, s, k(s)) — count(i, s1,k(s1)))

s1=1,

1
count(i,s,k(s ))>count(z s1,k(s1))

H
d;/25+1 H(S) = Z {MZOZ

a=s+1
- Z max{Q(count(i, s, k(s)) — 1) —i,, 0}
G=1,57#k(s)
count(i,s,j)=0
N
+ Z max{Q(count(i, s, k(s)) —2) — i,,0}}
=1,j#k(s)

count(i,s j)>1 count(i,s,k(s))>2
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Set C(i,s) = #{count(i,s,j) = 0,1 < j < N}. Then, we have:

d!(s) = nlin{d;iis+17,,,,iH, io > 0}
0, if count(i, s, k(s)) =1
(H — s){C(i,5)Q + (N — 1)Q(count(i, s, k(s)) — 2)}
if count(i, s, k(s)) >2,N -1 < M
= (H —s){C(i,5)Q + MQ(count(i, s, k(s)) —2)}
if count(i, s, k(s)) >2,C(i,s) <M <N —1
(H — s){MQ(count(i, s, k(s)) — 1)}
if count(i, s, k(s)) > 2, M < C(i,s)

(

By the above equation, we have bound;. By [19], we have bound, and bounds, thus completing the proof.
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