Chapter 5

Monte Carlo integration

In numerical integration, we select an appropriate method in accordance with the class of
functions to which the integrand in question belongs. The smoother the integrand is, the
more efficient numerical integration method we can apply to it. The more complicated
the integrand is, the less efficient the applicable method becomes, and the final fort is the
Monte Carlo integration.

§ 5.1 deals with integrands defined on T' which are 8,,-measurable for some m € N*.
They are univariate functions, but among them there are significant probabilistic examples
to which no deterministic numerical integration methods are applicable (Example 5.8 and
Example 5.9). In this section, when 2™ > 1, we show that i.i.d.-sampling or pairwise
independent sampling is almost optimal in the sense of what is called L>-robustness. § 5.2
deals with important facts of RWS which we did not mention in § 2.5.2. In § 5.4, we
introduce a pairwise independent sampling for all simulatable random variables (§ 1.3),
which is called the dynamical random Weyl sampling. It is the most reliable Monte Carlo
integration method as far as the author knows.

5.1 L2-robustness

In § 2.5, we mentioned about i.i.d.-sampling and random Weyl sampling (RWS) for nu-
merical integration of functions of m coin tosses. Here we present a special characteristic
of them among all kinds of random sampling methods.

Random variables dealt with in § 2.5 are functions on {0, 1}, which are regarded as
functions on D,,, or B,,-measurable functions on T, as was stated in § 1.1. Throughout
Chapter 5, integrands are, mainly, functions on T'.

Theorem 5.1 (A fundamental inequality about sampling [38]) Let {zﬁl},z:{l be an or-
thonormal system of L*(8B,,) such that le Yi(x)dx = 0 holds for each I. Then for any
sequence of random variables {X,)}*>", C T', the following inequality holds.
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Proof. Since y; € L*(8B,,), we may assume that {Xu}._, C D,. As a special case, each
X, may be deterministic. Conversely, if the theorem holds for any deterministic sequence

2m
> 1, 1<N<2™ (5.1)
N
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{x,}2" , then it holds for any sequence of random variables {X,,}flzl. So we will prove it

n=1°

for {x,}2_, C Dy
First, let

RN
80) = W;nxn,xmxy). (5.2)

Then for any f € L*(8B,,), we have

1 N
N0 = gy = [ g
n=1 T!

Since a set of functions {1, y, ... ¥on_} forms a complete orthonormal system of L*(B,),
the Parseval identity (or Pythagoras’ theorem) implies that

2"—1

1125, = (& Vg, + 0 (& UVias, (5.3)
=1

Substitute (g, 1);2(s,,) = 1 and an inequality

22m N N
2 = —_—
||g||L2($m) - N2 Z Z /T] 1[x,,,x,,+2*m)l[xn/,xn/+2*M)dx

n=1 n’=1
22m N /
2 — 1 XpyXp+27M 1 Xyt 5 Xy +271 dx (54)
N2 n;’ﬂ - [ +27M AL +27m)
B 22m i 1 B om
- N2 n=n'=1 2" N
for (5.3), and we see
2m om_1 1 N 2
— <1+ - n)| -
v <t AlE ;wx)
This completes the proof of (5.1). O

Corollary 5.2 ([38]) Let 2™ > N > 1. For any sequence of random variables {X,}> | C
T!, there exists a non-constant function f € L*(B,,) which satisfies the following inequal-

ity.
1 N
— X,) — d
N;ﬂ ) /T]f(x)x

2
E

1 —m
> (ﬁ -2 )V[f]. (5.5)

Indeed, by Theorem 5.1, at least one ¢, satisfies (5.5). According to Corollary 5.2,
when 2" > N > 1, any sampling method admits an integrand for which the error is
almost as large as or larger than i.i.d.-sampling.

If a sampling method — deterministic or random — is very efficient for a certain
class of good integrands, we should not use it for integrands which are not in the class,
because there must exist a bad integrand for which the error becomes larger than that of
i.i.d.-sampling so as to satisfy the inequality (5.1). Thus, such a sampling method may be
called a “high risk and high return”-method.
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Example 5.3 Let d_;(n) denote the i-th digit of n € N in its dyadic expression, i.e.,
n=Y72 d_(n)?2" (actually a finite sum). The sequence {xa}2, C T! defined by

X, = Zd,,»(n)Z’i, neN,
i=1

is called the van der Corput sequence (cf. [22]). First several terms are

11315371 9 5 13

About the convergence rate of the numerical integration by means of this sequence, it is
known that for any function f of bounded variation,

1 v !
|NZf<xn>— | st
n=1

where || f||gv denotes the total variation of £ on T', and ¢(NV) is a bounded coefficient, more
concretely, c(N) = log(N + 1)/(log2 - log N) will do (cf. [22]). In general, a sequence
having this property is called a low discrepancy sequence, or a quasirandom sequence.

The numerical integration by means of van der Corput sequence (a quasi Monte Carlo
method) has a much smaller error than i.i.d.-sampling when ||f]|py is rather small. But
when || f||py is huge it may have a much greater error than i.i.d.-sampling. Indeed, for
f(x) = dso(x), we have

log N
< c(N)IIfllgy X ng , N>2,

228

1
7% Zd30(xn) =0,
n=1

which is quite far from the true value fol dyo()dt = 1/2.

In contrast to “high risk and high return”-methods, a low risk sampling method, i.e., a
numerical integration method that produces stable approximate values for any integrands
is said to be robust. We here give a quantitative definition of robustness.

Definition 5.4 A numerical integration method by means of a sequence of random vari-
ables {Xn}iz1 is said to be L?>-robust (more precisely, L*(8,,)-robust) if for any f € L*(8B,,)
it holds that

2

E

VIA on<om (5.6)
N

1 N
— X)) — d
5 2 ) /Tlf(X) x

n=1

Deterministic sampling is not robust in this sense. (Imagine numerical integration by
means of the deterministic sequence {x,}"_ applied to the function g(y) defined by (5.2).)

Of course, i.i.d.-sampling is L?-robust, because (5.6) holds as an equality. According
to Theorem 5.1 and Corollary 5.2, when 2" > N > 1, the inequality (5.6) can hardly be
improved. Thus, i.i.d.-ampling is almost optimal from the viewpoint of L2-robustness.

RWS is also L*-robust, because (5.6) holds as an equality. Besides, it works as a
secure pseudorandom generator for numerical integration as is mentioned in § 2.5.2.
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5.2 Random Weyl sampling (Part 2)

In this section, we look closely at the random Weyl sampling (RWS) introduced in § 2.5.2.

5.2.1 Degeneration of CLT-scaling limit

Since RWS is a numerical integration method by means of pairwise independent ran-
dom variables, the sequence of its sample means satisfies law of large numbers (cf. [7]).
We here show that the central limit theorem scaling (abbreviated as CLT-scaling) of the
sample mean converges to O in probability (Theorem 5.6).

To this end, we consider RWS on T', not on D,,. First, we look at pairwise indepen-
dence. Theorem 5.5 below is a continuous version of Theorem 2.8.

Theorem 5.5 ([13, 44]) Let (x,a) € T' x T' = T? be a uniformly distributed random
point. Then the sequence {x + na},ez of T'-valued random variables has the following
properties; if n # n’, then (x + na) and (x + n’a) are (pairwise) independent, and each
(x + na) is distributed uniformly in T'.

Proof. For any bounded Borel functions F, G defined on T!, we see

/ da/ dxF(x + na)G(x +n'a) = / da'/ dx F(x)G(x + (n’ — n)a)
T! ! T! !

/ dxF(x) | daG(x+ (' —n)a)
T] Tl

/ dx F(x)/ daG((n' — n)a)
T! T!

/ dxF(x) | daG(a). O
! T!

As is well-known, Weyl transformation is ergodic on (T', B, P), and hence the law of
large numbers holds for any F € LY(T", B,P). In particular, if F is smooth, then the law of
large numbers converges fast ([22]). Indeed, for the function exp(2kx V=1 x),0 # k € Z,
we have

N
l Z eZﬁﬂk(xﬂla) — l % 1 - eZﬁﬂNka X eZﬁnk(xﬂt) — O(N_l), N — oo.
N p N 1 —e2 V=1 rker
Since le exp(2kn V=1 x)dx = 0, thus the law of large numbers converges at the rate
of O(N7'). For general functions, we approximate it by finite Fourier series. Since the
smoother a function is, the faster its Fourier coefficients converge to 0, in that case, the
law of large numbers converges at a rate of nearly O(N ™).

In RWS, the parameter @ € T' as well as x € T! is chosen at random. The chosen
« is irrational with probability 1, and consequently, what we mentioned in the previous
paragraph occurs with probability 1. This makes us imagine that the rate of convergence
of the law of large numbers about RWS is faster than the rate about i.i.d.-samplimg. In
fact, for 1 < p < 2, about the p-th mean error of RWS, we have the following theorem.
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Theorem 5.6 ([12, 44]) For any F € L*(T!, B,P) and any 1 < p < 2, it holds that

. RN
i ][ s [ o

Consequently, for any € > 0, it holds that

P? [{(x, @) € T?

i.e., the limit distribution of the CLT-scaling of the sample mean degenerates.

p

dadx = 0.

N

% Z (F(x +na) — /T | F(y)dy) >

n=1

g}] — 0, N-oo. (5.7)

Proof. Without loss of generality, we may assume le dxF(x) = 0. For each M € N*,
define a function Fy, : T' — R by

Fu(t) = Z F(lye? V-1

<M

where F( (1) denotes the Fourier coefficient of F ;
F() = / dt F(f)e 2 V17,
Tl

Note that [, dtF(r) = 0 implies F(0) = 0. Fix any 1 < p < 2. By the triangular inequality,
Holder’s inequality and Theorem 5.5, we have
1
P],,

1 & 1 &
—_— F dadx|——
\/]T/; (x+na)p //TIXTI ax\/ﬁn_
(F Fy)(x + na)

ZF(x+na)
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sl- == =l-
M=

M=

Fylx+ na/)
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=
I

)4

Fy(x +na)

— > (F = Fy)(x+na)
mz "

=
Il

2

Fy(x +na)|| + VV(F = F). (5.8)

V4
Let us compute the first term of the last side of (5.8) in detail. By the definition of F,,

- B | & -
— Fy(x+na) = [F(l)€2 —lrlx o o2 V-Tmnler |
W & 2. )

o<|l<M
p]l/p

> 'F(1)|[/Tld

o<|l<M

% [l f |4

o<|isM

M=

=
11

Taking LP(T?, dadx)-norm, we see

=

2 V-lnnla

IA

T
—_— Fy(x + na)
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where we used the fact that the transformation T! 5 a + la € T! preserves the Lebesgue
measure. And then

- ? ol & L I :
da |— e2ﬁﬂna / da|— e2ﬁﬂnaf +/ da | — 62\/:77110
/. w2 1 2 L 2
3 1 P
= 2/ da WZez‘m’"‘“ (- 1-a)
0 n=1
_ 2/;da/ Lsir'urNoz'7
0 VN sinna
N
Tdt| 1 sinmt|’
- 2/ ST New o)
o N|+Nsinng
Ly N topP
1\ 2 N sinmt|?
= 2= dt
(N) /0 sin nt
_ 5 1 l—g/gdt my |"|sinmr)?
a N 0 siny nt
P
1\ 2 _/m\v [ |sinat]’
< |= 2(—) / dt ,
(N) 2] Jy nt

where we used the fact that 0 < y < /2 implies y/siny < 7/2. Now we see

1/p
I _ R
— ) Fulx+no)|| < F(l) [ / da|— ) 2V-ime — 0,
\/N ; » O%M’ ‘ Tl \/]T] ; N—coo
and finally,

|1 &

lim [|— Fx+nao)| < VVF-Fy) — O.

N—>oo \/N ; ) M—oo

O

Remark 5.7 Theorem 5.6 can be extended for square integrable functions of several
variables. For details, see Theorem 5.20.

From the viewpoint of numerical integration, the convergence in probability (5.7) is
much more desirable than the central limit theorem. But for careful readers, we add a
remark. Since RWS satisfies

N
/Tz %;F(x+na/)—/w F(y)dy

(cf. Theorem 2.8), if the event of the left hand side of (5.7) should unfortunately occur,
the error of the sampling would be very large. Let us consider RWS mentioned in Defini-
tion 2.7 and Theorem 2.8. If we should choose & = 0 € D,,,,j, then X,,(x, @) = x|, € Dy,
for all n, which is the worst sequence for sampling (cf. Remark 2.11). The probability of

2
dxda = Y (5.9)
N
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such an event is 27"*)_ which is much greater than the probability of the same event for
i.i.d.-sampling. However, when m is not so small, since the probability of such a very bad
event is extremely small, we need not be anxious about it in practice. On the other hand,
since (5.9) must be satisfied, when such a bad event does not occur, the error of RWS must
be smaller than that of i.i.d.-sampling. As a result, RWS is preferable to i.i.d.-sampling.

Example 5.8 To see the effect of Theorem 5.6 and what we mentioned in the last para-
graph, we computed the distribution of S ;¢s(g(w”))/10° of Example 2.9 by a Monte Carlo
method. Using the pseudorandom generator by means of Weyl transformation, we gen-
erated 50,000 random seeds w’ = (x,@) € D9 X Dyj9, and investigated the frequency
distribution of S ;os(g(w’))/10°.

Table 5.1: Sample mean and sample SD of RWS

Range of data || Sample mean | Sample SD [ SD of N(0, 1) |

Whole 0.546095 | 0.000434905 1.000000
Central 99.9% 0.546094 | 0.000307281 0.993631
Central 99% 0.546095 | 0.000262653 0.956823

The true value of the sample standard deviation (abbreviated as SD) is approximately

\/0.546095 - (1 —0.546095)
106

which almost coincides with 0.000434905, the value computed from the 50,000 trials
(Table 5.1). The second row of Table 5.1 shows the sample mean and the sample SD of
the central 99.9% of the 50,000 samples, i.e., whole data except the smallest 25 data and
the largest 25 data. In this case, the sample mean does not change but the sample SD
decreases to about 3/4 of the one in the first row. This shows that those exceptional 50
data are far from the mean. The third row shows the sample mean and the sample SD
of the central 99% of the 50,000 samples, i.e., whole data except the smallest 250 data
and the largest 250 data. In this case, the sample mean does not change, either, but the
SD decreases to about 3/5 of the one in the first row. (Similar calculations are done for
N(0, 1), which are written in the rightmost column.)

Figure 5.1 shows the frequency distribution of 50,000 samples of S ;os(g(w’))/10°. In
this figure, the thick curve shows the density function of N(0.546095,0.000262653?),
whose mean and SD are same as the third row of Table 5.1. Comparing with this, the
distribution of §4s(g(w’))/10° is more concentrated around the mean and has thicker
tails. And the thin curve is the density function of N(0.546095,0.0004978712), which
exactly approximates the distribution of S ;gs(w)/10° (i.i.d.-sampling). Obviously, RWS
is much more preferable to i.i.d.-sampling.

= 0.000497871,

5.2.2 RWSincasem > 1

2m+2j

When applying RWS to a random variable {0, 1} — R, Alice chooses an w’ € {0, 1}
But if m is huge, by the problem of random number again, it would be impossible for her
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Figure 5.1: The frequency distribution of 50,000 samples of S ;ys(g(w”))/ 10°

1500
1z50

1000

to choose w’. In such a case, Alice chooses «w’ with the help of an auxiliary pseudorandom
generator g’ : {0, 1}" — {0, 1}*"*%/ (cf. Remark 2.12).

In selecting the auxiliary pseudorandom generator g’, the drastic reduction of random-
ness of RWS has the following advantages;

(1) RWS is very insensitive to the quality of pseudorandom generator, i.e., a cheap
pseudorandom generator may work well as the auxiliary one.

(2) With almost no slowdown of generating speed of samples, we can use a slow but
precise pseudorandom generator, such as a cryptographically secure one, to get

most reliable results.

In particular, (2) is important in that it shows the speed of pseudorandom generation is
not an important factor in choosing the auxiliary pseudorandom generator g’.

Example 5.9 Let

SM(x) = Zd,-(x), xeT.
i=1

In order to see the distribution of S © under the Lebesgue probability measure P, we
made a histogram of the frequency distribution (Figure 5.2),

1
PN = N#{l <n<N|S®(x+na)=k|, k=0,1,...,500,
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by RWS. Here the seed (x,a) € Dsy; X Dsy'! is 1046 bit long, which is generated by
the pseudorandom generator by means of Weyl transformation (for implementation, see

§6.1.2).

Figure 5.2: The frequency distribution p“oo) (N), k=0,...,500.

' .

=103 =10*
N =10° N =107

Figure 5.3: Decay of error (log-log scale)
Ey
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10 -
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1073

10° 10* 10° 10° 107 N

As N — oo, this frequency distribution approaches to a binary distribution. In fact, as
is shown by dots in Figure 5.3, the error

500
(500) (500)|2 (500) 500! 500
N -4, =D,
\thj ®-a (500 — K)IK!

becomes small as N — oo. In Figure 5.3, the horizontal axis indicates logarithm of the
sample size N (at most 107), and the vertical axis indicates logarithm of Ey. The slanting

71523 = 500 + [log, 1071 — 1.
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straight line is the graph of the expected values

500
J DT - g5 x N2 = 003122139 x N2
k=0

in the case of i.i.d.-sampling. This figure reads that RWS and i.i.d.-sampling do not much
differ for the computation of the distribution of § %,

Theorem 5.6 asserts that the convergence of RWS is theoretically much faster than that
of i.i.d.-sampling. However, in general, it is known that when we apply a quasi-Monte
Carlo method to a function of so many independent variables which depends on those
variables almost equally, the rate of convergence is observed as slow as i.i.d.-sampling
(cf. [34] p.99). Indeed, when we apply RWS to such a function, the advantage of fast
convergence does not appear unless the sample size N becomes astronomically huge.

In the case of Example 5.9, S " (x) equally depends on m independent variables d;(x),
i=1,...,m. As a matter of fact, when m > 1, it is shown by the following theorem that
the RWS samples of S ™ (x) look like i.i.d. random variables.

Theorem 5.10 (/8]) For almost every irrational a, a stochastic process

{2nf“2 (S('")( o +na)- %)}

(o)
n=0

defined on the Lebesgue probability space (T', B,P) converges to N(0, 1)-i.i.d. random
variables as m — oo in the sense of finite dimensional distribution.

As m — oo, each one dimensional distribution of this process converges to N(0, 1)
by the central limit theorem. But it is not easy to see that the process converges to a
Gaussian process. Here instead, we only confirm that the two-term correlation disappears

asm — oo,
Noting properties of Rademacher functions {r;(x) := 1 — 2d;(x)}32,

ri(x) = 2y, Ve, / riorix+cdx =0, i+#]
T]
let us calculate the correlation function. Let
o(a) = / rn@rx+a)dx = |2—-4a|—-1. (cf.(4.83))
T]

Since $™(x) = 2 = -1 3", ri(x),

/ (m_'/2 (S m(x) — %)) (m_]/2 (S "(x + na) - %)) dx
']I*I
= ﬁ i i /]r] ri(0)ri(x + na)dx
i=1 j=1

1 m
= g i i d
4m;Alr(x)r(x+na) X
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1 & ) . _
= o E /r1(2’_1x)r1(2’_1x+2’_1na/)dx
m &~ Jp
i=1

1 = ) 1 m '
= Im ; /Tl r(@)r(x + 27 na)dx = Im ; 02" na). (5.10)

By the ergodicity of the transformation x — 2x, the last term converges to

1
Z/]I“ ex)dx =0

for almost every « as m — oo ([15]). Thus the dependency vanishes in the limit.

However, the convergence of (5.10) to 0 is slow, as slow as O(m~'/?), which follows
from the fact that the central limit theorem and the law of iterated logarithm hold for the
sum (5.10) ([8, 15, 25]). Indeed, for m = 500, the process {S"™ (e + na)}’, is not so
close to N(0, 1)-i.i.d. random variables. Intuitively speaking, when m is large, S “(x) and
S +D(x) are not so much different for each x, and hence the rate of dependence disappear-
ance cannot be fast. Conversely, we might say that for a function which depends on many
independent variables equally and sharply, the rate of dependence disappearance would
be fast. In fact, the function G,,(x) = S™(x) mod 2 (cf. (4.7)) depends on each d;(x)
equally, and in addition, its value sensitively changes as soon as one of d;(x) changes, and
hence the dependence disappearance occurs very fast. This observation explains Theo-
rem 4.14 from another point of view.

5.2.3 Another example of pairwise independent random variables
Let GF(2™) denote the finite field (Galois field) of order 2. Let us identify {0, 1},
{1,2,3,...,2"}, and GF(2"), by any two bijections; ¢ : GF2™) — {0,1}" and ¢ :
GF(2™) — {1,2,3,...,2"). For each «’ := (x,a) € GF(2") x GF(2™) = {0, 1}*", de-
fine

Zy(w) = x+ne, neGFQ™ ={1,2,3,...,2M).
Then under P,,, the sequence of random variables {Z,}?"  is pairwise independent, and
each Z, is distributed uniformly in {0, 1} ([24] Lecture 5). To see this, let us show that
for any a, b € GF(2™) = {0,1}", 1 < n <n’ < 2™, we have

P2m(Zn(a)’) =a, Zn’(w,) = b) = 2—2m.
Consider the following system of linear equations with coefficients in GF(2"™)
x+na = a,
x+na = b,
where x, a are unknowns. Let (xg, @p) € GF(2™) X GF(2™) be the unique solution to the
equations. Then we see
Pon(Zy() = a, Zy(@') = b) = Poy ({(x, p)}) = 272",

which completes the proof.
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As Definition 2.7, define a pseudorandom generator g : {0, 1} — {0, 1}¥, N < 2™,
by
W) = (Z1(W), Z(&)),..., Zy(w')) € GFQ™MY = {0, 1}V,

m

Then § is secure for numerical integration of random variables on ({0, 1}, 201" P ).

In order for two independent D,,-valued uniform random variables to exist, the sample
space should be equal to or larger than D,, X D,,. Therefore the size 2m of the seed of
g is the smallest possible to do pairwise independent sampling for random variables on
({0, 1y, 200" "p, ). In particular, it is shorter than 2m + 2j of RWS case. But, if m is a
little bit large, the multiplication in GF(2™) is so complicated that g is not appropriate for
practical Monte Carlo integrations.

In [14], a pairwise independent sequence of random variables was constructed on
a prime field F, instead of GF(2")."? A synthetic report about pairwise independent
sampling methods can be found in [10, 31].

5.3 i.i.d.-sampling for simulatable random variables

We can apply i.i.d.-sampling to simulatable random variables, i.e., functions which is
measurable with respect to some stopping time (§ 1.3).

Theorem 5.11 Let 7 be a {B,,},,-stopping time such that P(t < o) = 1, and let f be a
T-measurable function. Define

V() = P iy xeT!, neN'.

Then the sequence of random variables {f(y,)}", on (T', B,P) is i.i.d., and the common
distribution is equal to that of f defined on (T', B, P).

Proof. Since y;(x) = x, it is clear that the distributions of f(y;) and f coincide. By (1.7),
we have f(y,) = f(nlen), and so it is sufficient to show that {Ly, Jry,) )22, is i.i.d.™
For any n € N* and any a4, ...,a, € D = U,,q¢+D,,

P(I_yiJ‘r(yi) =da,, 1<i< }’l)
= > P(idn=anto) =mi 1<i<n—1, Wk, = )

my,...,my—1 EN*

= Z P(I.yiJmi =a,Ty;)=m;, 1 <i<n-1, [227;11 '”"xJT<22?;11 ml.x) = am)

My ,...,My—1 ENT

= Z P(I-yiJm[ = ai’T(yi) =m;, 1<i<n- 1)]1:)([22:-’11 nlixJT(227;|] mix) = an)

mi,..., my—1 ENT

= Z P(Wilm = ai, 7)) =m;, 1 <i<n—1)P(Lx)ey = an)

my,...,ny— ENT
= P(ideoy =an 1 <i<n—1)P(Lxlew = an).

"2Therefore since 1974, the year [14] was published, a secure pseudorandom generator for the Monte
Carlo integration has been developed without being noticed so.
#3This property is called the strong Markov property.
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Repeating this procedure, we see
P(I.yiJ‘r(yi) =a,1<i< n) = l_[ P(xley = @),
i=1

which completes the proof. O

Under the conditions of Theorem 5.11, we can numerically integrate f by i.i.d.-
sampling;

1 N
~ 2, SO, (5.11)
i=1

Remark 5.12 The time of computation of (5.11) is approximately proportional to the
number of required random bits. Therefore its mean is approximately proportional to
NE[7]. Then if E[7?] = oo, i.e., V[T] = oo, the time of computation will be possibly
extremely long. So, from the practical point of view, E[7?] < oo is desirable. For example,
if 7 is a stopping time associated with von Neumann’s rejection method (Example 1.11),
its distribution is a geometric distribution, and hence E[7?] < co holds.

The computation of i.i.d.-sampling (5.11) may look complicated, but it can be done
by a simple algorithm. Let the integrand f in question satisfy Assumption 1.9. Here we
assume that the i.i.d. random variables {Z;,Z,, ...} of Assumption 1.9 are expressed in
27X precision, i.e., ZI(K) € Dg. Next let us suppose that a virtual function

e function Random,, : D,,-valued;

returns a D,,-valued uniformly distributed random variable which is independent of all the
previously generated random variables. (In practice, we use a pseudorandom generator
instead.)

Finally, let N be the sample size as in (5.11). Here is the algorithm.

Algorithm of i.i.d.-sampling

e Main routine

function Mean_of_f : Real;
begin
S :=0.0;
Fori:=1to Ndo
begin
Z :=Randomyg;
Try to compute f;
while (another Z is needed to compute f ) do
begin
Z :=Randomyg;
Try to compute f;
end; // End of computation of f
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S=85+f;
end;
result:= S/N;
end;

The function Mean_of_f returns the value of result, namely, S/N. Here, Z;’s which are
needed to compute f are all generated by the random function Randomg.

5.4 Dynamic random Weyl sampling

Let us introduce a pairwise independent sampling method which is applicable to simulat-
able random variables (§ 1.3), i.e., functions which are measurable with respect to some
stopping time (§ 1.3.1). We call it the dynamic random Weyl sampling (abbreviated as
DRWS). It can be regarded as a pseudorandom generator which is exclusive for Monte
Carlo integrations of all simulatable random variables.

The algorithm of DRWS is so simple that we can write its main program code as easily
as i.i.d.-sampling (§ 6.2, [43]), and that the speed of generating pairwise independent
samples is sufficiently fast. DRWS is applicable whenever so is i.i.d.-sampling, and it is
much more reliable than i.i.d.-sampling (§ 5.4.4). However, since DRWS must keep the
random bit-sequence which is needed to generate samples stored in computer memory,
we have to note that it spends more memory than i.i.d.-sampling (§ 6.2.4).

5.4.1 Definition and Theorem

Let 7 be a {B,,},,-stopping time with P(t < o0) = 1. For j € N*, let
(x, @) € Dgyjx Dgyj € T'xT', 1eN", (5.12)

be i.i.d. random variables which are uniformly distributed in D ; X Dg. ;. Define random
variables x,, by

X, = > 0K h v alg €T, n=1,.00,200, (5.13)
=1

where v,; are random variables defined by

_]mn (=0,
Vnl = { #l<u<n|tx)>1-DK} (I>1). .14

Since 7 is {B,,},-stopping time, v,,; and X,, are well-defined.
Now, the following theorem holds.

Theorem 5.13 ([39]) If f is T-measurable, then random variables { f(xn)}ij;l are identi-
cally distributed and pairwise independent. The common distribution coincides with that
of f defined on (T', B,P).
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Note that as {xn}ﬁ’;1 are all uniformly distributed but not pairwise independent. Theo-
rem 5.13 asserts that if they are composed with a T-measurable function f, then { /' (X,,)}ﬁ’:ll
become pairwise independent.

Assume E[7] < oo and that f € L'(8B;). Then the sampling method for the estimation

of E[f] by

1 v ‘
= D fx), 1SN <2
N n=1
is called the dynamic random Weyl sampling (abbreviated as DRWS). 74

Corollary 5.14  For each f € L*(B,), the mean square error of DRWS is equal to that
of i.i.d.-sampling, i.e.,

2

E

_ % 1 <N <2, (5.15)

1 N-1
~ /%)~ ELf]
n=0

Remark 5.15 As is mentioned in Remark 5.12, it is desirable that E[7?] < .

5.4.2 Proof of Theorem 5.13

In what follows, we take any 1 <n <n’ < 27+1 and fix them. Set

m(n,n") = max{/|v,; < vy}

From v,; < vy, it follows that v,,; < v,»; fori =1,...,1l, and hence
m(n,n") = max{!|v,; < vy, i=1,...,1} (5.16)
Now define
- _ N —(-DK ~ — | vey (U<mn,n)),
X, 1= ;2 L+ Vs @i Vra = { v (> min ), (5.17)

Lemma 5.16 (i) X, is distributed uniformly in T".
(ii) x, andX,y are independent.

Proof. In order to prove (i) and (ii), we show that for any M € N*, the following 2M
random variables

L+ vk, x5+ Ve alk, I=1,...,M, (5.18)

are all distributed uniformly in Dg and they are independent.

2jt1

4The term “dynamic” indicates that the sampling points (5.4 el

more precisely, with the stopping time 7.

vary in accordance with the integrand,
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Note that if / > 2, then both v,; and v,,; depend on (x|, @), ..., (x1, @), but they
are independent of (x;, ;). Note also that we always have v,; < v,,;. Now, for any
Slstla"'asM’tM € DK’

Pr(lx + vigailx < si, [+ Vwgalgk <t 1=1,..., M)
_ Z pe| Lot vmadk <se 0 vam=po Law+ pamlx < su
o Lx; + Vi lk < 1, e CVam =P Lxm+playlk <ty
_ Zpr L+ vagaulk < sy _ 4 YaM =P
= Lx; + Vi lk < 1, e Ve =p'

«Pr Lxy + PflMJK < Sum .
Lxy + pamlk < tu
Since p # p’, Theorem 2.8 implies that two events {|xy + paylx < sy} and {[x) +
p’aylk < ty} are independent. Therefore

Pr(lx + vig il < si, Lo +Vvegalx <, 1=1,..., M)
_ Z Pr Lx; + viiaulk < si, I=1 M—1 YM=P
o Lx; + Vg lg < 1, v Ve =p

XPr (Lxy + paylx < sm) Pr(lxy + p'aylx < tu)

X+ vk < s, Vou =
ZPr Lt vajaile < sy g Ve P\ x sutu
Lx; + Vgl < 4, Vo =D

p<p’
Pr(l_x, + v,,,la/lJK <5 |_.X[ +7,,r,la'lJK <t, [ = 1, .. .,M— 1) X Syty.

Repeating this procedure, we eventually have

M
Pr(Lx +vigailx < si, La+ Vgl <t 1=1,...,M) = l_[ Sitis
i=1
which completes the proof. O

Proof of Theorem 5.13. By Lemma 5.16(i), f(x,) and f are identically distributed. Next,
by (5.13) with n’ substituted for n and (5.17), we have

an’_]m(n,n’)K = LG’_]m(n,n’)K- (519)
Let s := [7(x,,)/K]. Then we have 7(X,/) > (s — 1)K and hence v, ; < v,y ;. Consequently,
it follows from (5.16) that

s <m(n,n). (5.20)

(5.19) and (5.20) imply
I.Xn’JsK = Lin’JsK- (521)
On the other hand, since 7(x,,) < sK and 7 is a {8B,,},,-stopping time, the value of 7(x,/) is
determined by | X,/ |;x. Namely, we see 7(x,,) = 7(|X,v]sx)- Then by (5.21), we must have
T(Xy) = 7(Xy) < sK. (5.22)

(5.21) and (5.22) imply
an’JT(xn/) = LFX'I‘I'JT&,L/)' (523)
Since f is B,-measurable, (1.7) and (5.23) imply that f(x,,) = f(X,,). Finally, it follows
from Lemma 5.16(ii) that f(x,) and f(x,/) are independent. This completes the proof. O
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5.4.3 Algorithm

Let us show how to implement DRWS. We use the setting of § 5.3. Assume that

1< N < 2J+l (5.24)
Algorithm of DRWS
e Global variables
l . integer;
{x,aq}; : array (variable length) of (D, ;)*-valued vectors;
e Procedure and function
procedure Set_First_Location; function Drws : Dg-valued;
begin begin
[:=0; [=1+1;
end; if (x;, ;) has not been generated;
then
begin

x; :=Randomg, j;
(07] :=Rand0mK+j;

end;
X=X+
result:= | x;]x;

end;

e Main routine

function Mean_of_f : Real;
begin
S :=0.0;
Fori:=1to N do
begin
Set_First_Location;
Try to compute f;
while ( another Z is needed to compute f ) do
begin
Z :=Drws;
Try to compute f;
end; // End of computation of f
S =5+f;
end;
result:= S/N;
end;



102 5 Monte Carlo integration

The main routine of DRWS is very similar to that of i.i.d.-sampling (§ 5.3). The
only differences are the following; in DRWS, Z,’s are not generated by the direct calls of
Randomyg, but they are generated by Drws, and we must call Set_First_Location before
generating each sample of f.

The random function Randomg.; is called only by Drws, only when (x;, @;) has not
yet been generated, to generate them. Thus, DRWS requires much less randomness than
i.i.d.-sampling.

Remark 5.17 DRWS is a Monte Carlo integration, and when we consider it as gam-
bling, the seeds (x;, @;) should be chosen by the player, Alice, of her own will. Of course,
it is possible for her to input (K + j) bit seed whenever Randomy. ; is called in the above
algorithm. However, in practice, it would be a tiresome task, and hence, an auxiliary
pseudorandom generator is usually used for Randomg., ;. In choosing such an auxiliary
pseudorandom generator, what we mentioned in § 5.2.2 are valid for DRWS as well."3

Remark 5.18 In some large scale computations, i.e., when the probability that f re-
quires too many Z;’s is not negligible, DRWS may exhaust computer memory to keep
all of (x, @;)’s that have been currently generated. A practical solution of such memory
exhaustion can be found in § 6.2.4.

5.4.4 Comparison between i.i.d.-sampling and DRWS

We computed the mean of the random variable f of Example 1.12 by DRWS. Namely,
we generated pairwise independent copies of f by DRWS, and computed sample means
with sample size being changed from 103 to 108.7® The mean and the variance of f are
both 10.77

Table 5.2: Comparison of Errors

Sample size | rand-iid. [ MT-iid. | m90-iid. | DRWS |
10° | 0.15200000 [ -0.12500000 [ 0.18600000 | 0.01700000
10* [ -0.05570000 | 0.02960000 | 0.03980000 | -0.00030000
10° [ 0.00650000 | -0.01372000 | -0.00170000 | 0.00076000
10° [ 0.00470000 | -0.00061300 | -0.00382000 | 0.00007300
107 | -0.00170760 [ 0.00125260 [ 0.00076940 | 0.00000560
10% [ -0.00095602 [ -0.00003483 [ 0.00026567 | -0.00000030

[ Final result | 9.99904398 [ 9.99996517 | 10.00026567 | 9.99999970 |

[ Time (sec.) |

13|

27 |

87 |

35 |

5n the implementation of DRWS in § 6.2, the pseudorandom generator by means of Weyl transformation

is used for this purpose.

T6More precisely, we executed the C program drws.c of § 6.2.3, with #define SAMPLE_SIZE being

changed from 103 to 108,

"This follows from Wald’s identity ([7] (1.6) Wald’s equation, p.179 and Exercise 1.15, P.182). Or, use

a negative binary distribution.
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Table 5.2 shows the errors of this computation. For comparison, it also shows the
errors of i.i.d.-sampling with different pseudorandom generators, i.e., a standard C func-
tion rand (), MT (Mersenne twister), and the pseudorandom generator by means of Weyl
transformation (m90randombit() of § 6.2).73 Comparing the errors, DRWS has a de-
cided advantage over i.i.d.-sampling. The error of DRWS with sample size 107, which
computation spent only 3 seconds, is much smaller than those of i.i.d.-sampling with
sample size 108

Table 5.3: Sample mean and sample SD of DRWS

Range of values | Sample mean | Sample SD |

Whole 9.99993 | 0.003129874
Central 99.9% 9.99999 | 0.000601414
Central 99% 10.00000 | 0.000231709

After Example 5.8, we computed the frequency distribution of the samples of DRWS
applied to f with sample size 10° by choosing 10,000 seeds at random (Table 5.3). The
true value of the sample SD is

[ 10
Tos = V10— = 0.00316228,

which almost coincides with the first row (Whole) of Table 5.3. The second row (Central
99.9%) of Table 5.3 shows the sample mean and the sample SD of all the samples except
the largest 5 ones and the smallest 5 ones. In this case, the sample mean did not change,
but the sample SD decreased to about 1/5 of that of all samples. This means that the
excluded 0.1% samples are very far from the sample mean. The third row (Central 99%)
of Table 5.3 shows the sample mean and the sample SD of all the samples except the
largest 50 ones and the smallest 50 ones. In this case, the sample mean did not change,
either, but the sample SD decreased to about 1/13.6 of that of all samples. Thus a similar
phenomenon as Example 5.8 takes place in the case of DRWS, too.

In Figure 5.4, the histogram shows the frequency distribution of the above 10,000
DRWS samples. In this figure, the thick curve is the probability density function of the
normal distribution with mean 10 and SD 0.000231709 (same as the third row of Ta-
ble 5.3). Comparing them, we know that the distribution of DRWS samples is more con-
centrated around the mean and has a thicker tails than the normal distribution. The thin
line which looks almost flat located in very low position in the figure is the density func-
tion of the normal distribution with the same mean and the same SD as i.i.d.-sampling,
i.e., of N(10,1079).

5.4.5 Limit theorem for convergence of DRWS
The error of DRWS seen in the last section was very little with high probability. We
conjecture that a limit theorem like Theorem 5.6 should hold for DRWS, too. Indeed, in

"8Computer: Panasonic Let’s Note CF-Y5 (CPU1.66GHz, RAM 1.49GB, HD55.8GB). Complier: BOR-
LAND C++ COMPILER 5.5, COMMAND LINE TOOLS without any options.
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Figure 5.4: Frequency distribution of samples of DRWS

nnnnn

special cases, such as when the stopping time 7 is constant, or when DRWS is applied to
von Neumann’s rejection method, such a theorem holds as we will show below.

In order to state it, let us modify the formulation of DRWS a little. Let (T*, 8, P*)
denote the countable direct product of the Lebesgue probability space (T!, B, P). Define
an increasing sequence of sub o-fields {8} | of B by

B" = 0, 2>,....2y), m=12,...,
where Z; : T — T! is the coordinate function (projection)
Zi(x) == x;, x=(x1,x,...) €T,
We call a random variable 7 : T* — N* U {oo} a {8"},,-stopping time if
VYmeN*, {r<m}e B"
We assume that P*(7 < o0) = 1. For a {8™},,-stopping time 7, we define a sub o-algebra
B = {AeB”; VmeN' An{r<m}eB"}.

A B -measurable function is simply called a T-measurable function.

Now, we define a sequence of random variables {x,},>, on the product probability
space (T x T, 8% @ 8%, P @ P*) by

X,(X, @) = (0 V@, X0 + Ve, ) €T,
x=(x,x,...), = (a,a,...) €T, (5.25)
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where

_[n (1=1),
Vnl = { #Ml<u<n|tx)>1-1) (> 1). (5.26)

Since 7 is a {B"},,-stopping time, v,,; and hence x,(x, @) are well-defined.

Theorem 5.19  Let v be a {B"},,-stopping time and [ : T — R be a T-measurable
function. Then the random variables {f(x,)},. | are identically distributed and pairwise
independent. The common distribution is equal to that of f defined on (T, B>, P*).

This theorem can be proved in a similar way as Theorem 5.13. Of course, a similar
assertion as Corollary 5.14 holds in this case, too.

First, let us consider the case 7 = k (constant). In this case, we have
vy =n, n=12,..., I=12,...k

and f is T-measurable, if and only if it is B*-measurable, i.e., it is substantially a function
on T*. The following theorem holds.

p

PX(da)P*(dx) = 0.

Proof. As the proof of Theorem 5.6, by using the k-dimensional Fourier series expansion
of F, Theorem 5.20 is proved by showing that

JAE:

Here at least one of [y, ..., € Z is not 0. If some /; = 0, then the integration in ¢; can be
removed and it becomes a (k — 1)-dimensional integral. Thus we may assume that none
of [;’s is 0. Then the transformation

Theorem 5.20 (cf Remark 5.7) For any F € L*(T*, 85, P%) and any 1 < p < 2, it holds
N
(F(x +na) - / F(y)Pk(dy))
Tk

that
lim / / —
N=eo [ Jpiserr | VN 4

Consequently, for any € > 0,

lim P* [{(x, ) e T#

N—oo

1 N
— > |F - | F ]P”‘d)
‘WZ( (x + ne) /T ()P (dy)

n=1

p

da;---day > 0, N — oco.

E 2 V-lrn(lia)+-+lrag)

nl

T s (ay,...,a0) — (La,..., La) e TF

preserves the Lebesgue measure P*. Therefore we have

|\

P

da] dak = /
Tk

2 rﬂn(llaq +e+lpay)

p
Z 2r7rn(a/1+ +ag) da’] da’k
VN &€ VN £
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Note that for any bounded measurable function 4 : T! — R, we have
/ / h(yi + y2)dy,dy, = / h(y)dy.
T JT! T!

P

Therefore

/ Z 2 V=1mn(a)++ax) dal -da o
T* n=1
N P
= / day - 'dozk-z/ daoyday L Z 2 V-Imm@ bt b b
- = VN &
p
— / Z 2 V=1rn(a)++ax_1) da'l dCl’k |
Tk-1 \/_
— / Z 2 \me, da’]
| VN £
As we saw in the proof of Theorem 5.6, the last integral converges to 0 as N — oo. O

Next, let us consider the case of von Neumann’s rejection method (Example 1.11).
We assume the following conditions for integrand f.

Assumption 5.21 For f : Q — R, there exist a {8"},,-stopping time 7 and an r € N*
such that

(i) f is T-measurable,

(11) PM(T cr N+) =1 (then, Vi k=Dr+1 = *** = Vikr—=1 = Vakrs k= 1, 2, .. .),

(iii) for any k € N*, conditional on an event { T > kr}, {7 = kr} is independent of B*~1r,
(iv) for any k € N* and any s € R, conditional on {7 > kr}, { f < s} is independent of
B(k l)r_

Example 5.22 (cf. Example 1.11) Let 0 < p(f) < M (M > 0 being a constant) be a
probability density function on a bounded interval [a, b]. Define a {8"},,-stopping time T
by
T = 1nf{21 € 2N* |p (b—a)Zy_1 +a) = MZy } ,
and a function f by
fx) = b-a)Zy1(x)+b, xeT™.

Then f satisfies Assumption 5.21 with the above 7 and r = 2, and the distribution of f
has the density p(t).

Theorem 5.23 If f is square integrable and satisfies Assumption 5.21, and if {x,}, is the
sequence of random variables defined by (5.25) and (5.26), then for any € > 0, we see

>SJ = 0.

qu>mm

lim P* @ P~
( \/_n 1

N—>oo
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To prove Theorem 5.23, we prepare a lemma. In what follows, for the sake of sim-
plicity, we assume Assumption 5.21 with r = 2. For a general r, the proof is similar.

Lemma 5.24 For any | € N* and any square integrable function g : T> — R, define

hi(x) 1= Ligsooy(x) 8(Zo1 (%), Zo(x)),  x € T,

>s]=0.

Proof. By induction. First, for / = 1, we have h,(x) = g(Z,(x), Z>(x)) and hence

Then for any € > 0, we see

lim P* @ P (

N—oo

1 N
T > (h(x,) — Elh))
n=1

h(x,) = glx; + nay, x +nay), n=1,2,...,

now the assertion of the lemma is shown by Theorem 5.20.
Next, let us assume [ > 2. Since liso)(x) = lp<oo(x) is B*~2-measurable and
8(Zo1-1(x), Zy(x)) 18 0°(Zy-1, Zy)-measurable, they are independent and hence

E[h] = q:Elgl, qi:=P%( =2I).
For [ = 2, noting that v, 3 = v, 4, since
ho(Xn) = Lrsay(X)8(X3 + V303, X4 + Vy3a4), n=12,...,

we have
VN3

Z hy(x,) = \/_ Z g(xs + maz, x4 + may).

m=1

From this, we get the following inequality.

1 < 1 <
i D () ~ Elo]) T Z (ha(x,) = 1Elg])
n=1 n=1

< % Z (g(x3 + maz, x4 + may) — E[g])
VN3
E - \/N E
+ N [g] q1 [g]l
< = Z; (g(x3 + ma3, x4 + may) — E[g])
E
\[/Ig_l] | VN3 — NC]1|
Hence
1 &
P* ®P® ( W HZ:; (ha(x,) — E[h2])| > 8)
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VN3
e
< P¥eP” + + -E =
< ® ( W;(g()% mas, x4 + may) — E[g]D| > 2)
E[lgl] €
+P* @ P* — Nqgy| > =
® ( N |VN,3 41| 3
= I+ L. (527)
Take any 6 > 0. By Theorem 5.20, there exists a Ky € N* such that for any K > K, it
holds that
1 & e 0
P Q@P°| |— + X4 + -E >—| < =,
( N3 ; (8(x3 + ma3, x4 + may) — Elg]) 2 ] 3
Therefore
X £ 0
P QP ( — ;(gm +mas, v+ ma) = Elg| > = | vy 2 KO] <3 (528

On the other hand, noting that vy 3 = 3| <o (x; + nay, x; + nay)™, by Theorem 5.20,

there exists an Ny € N* such that for any N > N,

E = s
L = PP M Z (Lr<aye (X1 + nay, X2 + nay) — q1)| > g < - (5.29)
— 2 3
Let us estimate I;. Of course, we may assume E[|g|] > 0. Take an N, so that
VN
VN >N,, Ng - —— > K,.
=0 T TR e <
Then for any N > N;, we see
N
PP (vy3; < Kp) < PP (VN'3 - Ng; < - 8\/_ )
2E[lgl]

w oo Ellgll < £
P ® P (Ti(;(l{.Kz]c(Xl+I’la'1,X2+na2)_QI) <_§

Putting

VN3

0
< =
3
B = { o ; (g(xs + mas, x4 + may) — E[g])

we have that for any N > max(Ny, N)),

&
> =0,
2}
I, = P°®@P (B
= PY@P (BN {vys = Ko}) + PY @ PX(B N {vys < Ko))
< P*® Poo(B | VN3 > K()) +PY® Pm(VN,g, < Ko)
0,0_2%
3 3 3°

T9We use this notation because 1(;<ac is B8>-measurable.
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This and (5.29) imply /; + I, < 9, and so by (5.27), the proof in the case / = 2 is complete.
Now, let us show the assertion of the lemma for / + 1 assuming that it is valid for /. In
the same way as (5.27), we get

1 &
P* ® P [ W Z (hp1 (%) = Elhpa D) > 8]
n=1
1 VN2I+1 &
< PPeP” [ \/m ; (8(xa1e1 + maasr, Xo12 + Mansn) — E[gD| > EJ
o oo | Ellgl] £
P°QP -N =
+ ( VN lVN,ZlH QZ| > 2)
= L+1. (5.30)
Putting

VN2I+1

Z (8(xa1e1 + Maiy, Xo12 + Maasn) — E[g])
m=1

&
> —
2}

B =
{ VVYN2i+1
in the same way as (5.28), it holds that

00 00 6
P* ®@P* ( B| vy = Kp) < 3

On the other hand, by Assumption 5.21(iii), there exists a function g, : T?> — R such that

Loy (%) = Lizson(X) (1 = Lpopy(X)) = Liroapy (%) 81(Zoim1 (), Zoi(x)),  x € T,

Consequently, by the assumption of the induction, as N — oo, we see

Por|

l N
W Z(I{Tzzml(xn) -q)| > s] — 0.
n=1

Note that Zf;’:l 1r22042)(X,) = Vn2ir1- Then there exists an N, € N* such that if N > Ny, it
holds that

E[lgl] £ 0
I, = PP —Ngi|>=-| < =. 5.31
4 ® ( N Va1 — Nail 3 3 (5.31)
Let us estimate /3. Take N3 € N* so that
VN
YN > N3, Ng -—— > K,.
S TP T

Then for N > N3, we have

- )
P* QP (VN’21+1 < K()) < g
Finally, for any N > max(N,, Ns), it holds that
LI P* ® P*(B)
P* @ P¥(B N {vyos1 = Ko}) + PT @ PV (B" N {vyai < Ko)
P* @ P¥(B' | a1 = Ko) + P @ P*(vy a1 < Ko)
6 0 26
-4+ == —.
3 3 3

IA
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This and (5.31) imply /5 + 14 < 6, and so by (5.30), the proof for / + 1 is complete. O

Proof of Theorem 5.23. Suppose that f satisfies Assumption 5.21 with r = 2. For a
general r, the proof is similar. For each L € N*, put

Jr):= fOleoy®),  fi(x0) = f(x) - frlx), xeT".

Take an arbitrary € > 0.

N
P @ B [ % ;(ﬂxn) _ELf])| > s]
1 N
< PUQP” [ 7 ;(ﬁ(xn) ~El£])| > ; ]
1 N
1P @B [ = ;Ug(xn) ~ELU|> 5 ] —: s+

Since | f;(x)* < |f(x)I> and f}(x) — 0, as L — oo, P*-a.s., by Lebesgue’s convergence
theorem, we see
12
fi ] = 0.

Therefore for any 6 > 0, there exists an Ly € N* such that if L > L, we have
£l <

5
Applying Chebyshev’s inequality, for any N € N*,

lim E [
L—co

Ii

>_

N
I, = P°°®P°°[ 8;/_]

N
D (H )~ ELAD
n=1

IA

4 = 4 4 4
A | 2, fi| = VU

2] 0
< =
2

Here we computed the variance by using Theorem 5.19.

Fix L > L. Let us estimate Is. Since we have
1 &
Z (f X)Lz (X) = E[f1z=2p])

L
&
15 < Pw®Pm(— >—],
l:Zl \/anl 2L

we have only to estimate each summand of the right hand side. Because f satisfies As-
sumption 5.21(r = 2), for each [, there exists a function g; : T2 — R such that

4
< SE[ln

SO Lpoy(x) = Lpooy(x) - gi(Zoi1(x), Zyy(x)), x € T™.
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Then Lemma 5.24 implies that there exists an Ny € N* such that for any N > N, it holds
that

Por|

1 5
W ; (fx) L=y (X)) = E[f Lz 1)| > %) < o I=1,...,L

From this we know I5 < 6/2.
From all above, for N > N,, it follows that I5 + I < 6. ]

Remark 5.25 In general, if a sequence of random variables is L>-bounded and converges

to 0 in probability, then for any p € [1,2), it converges to 0 in L”. Consequently, under
the assumption of Theorem 5.23, it holds that

lim E
N—oo

-~ g
5 2 %0 < ELfD } —0, 1<p<2
n=1



