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Abstract: We consider an acceptance-rejection sampler based on a deter-
ministic driver sequence. The deterministic sequence is chosen such that
the discrepancy between the empirical target distribution and the tar-
get distribution is small. We use quasi-Monte Carlo (QMC) point sets
for this purpose. The empirical evidence shows convergence rates beyond
the crude Monte Carlo rate of N=1/2. We prove that the discrepancy of
samples generated by the QMC acceptance-rejection sampler is bounded
from above by N~1/5. A lower bound shows that for any given driver
sequence, there always exists a target density such that the star discrep-
ancy is at most N~2/(s+1) For a general density, whose domain is the
real state space R®~!, the inverse Rosenblatt transformation can be used
to convert samples from the (s — 1)-dimensional cube to RS~1. We show
that this transformation is measure preserving. This way, under certain
conditions, we obtain the same convergence rate for a general target den-
sity defined in R~!. Moreover, we also consider a deterministic reduced
acceptance-rejection algorithm recently introduced by Barekat and Caflisch
[F. Barekat and R. Caflisch, Simulation with Fluctuation and Singular
Rates. ArXiv:1310.4555 [math.NA], 2013.]
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1. Introduction

The Monte Carlo (MC) method is one of the widely used numerical methods for
simulating probability distributions. However, sometimes it is not possible to
sample from a given target distribution. Markov chain Monte Carlo (MCMC)
methods have been developed to address this problem. Instead of sampling in-
dependent points directly, MCMC samples from a Markov chain whose limiting
distribution is the target distribution. MCMC has widened the applications of
MC in many different fields [5, 22]. Another deficiency of MC algorithms is
its slow convergence rate. Quasi-Monte Carlo (QMC) algorithms on the other
hand perform better in improving the convergence rate of Monte Carlo which
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partially depends on generating samples with small discrepancy. For a survey of
QMC we refer to [10, 11]. Putting the QMC idea into MCMC is a good way to
improve the convergence rate and widen practical applications. Recently many
results in this direction have been achieved [6, 7, 39, 40]. With this paper we add
another result in this direction by using a deterministic driver sequence in an
acceptance-rejection algorithm. We prove discrepancy bounds of order N—1/¢
where the dimension of the state space is s —1 and NN is the number of samples.
The discrepancy here is a generalization of the concept of the Kolmogorov-
Smirnov test between the empirical distribution of the samples and the target
distribution to higher dimension. A more detailed description of our results will
be provided below.

1.1. Previous work on MCMC and QMC

In the following we describe some previous research on QMC and MC. L’Ecuyer
studied the convergence behavior of randomized quasi-Monte Carlo for discrete-
time Markov chains in [21], known as array-RQMC. The general idea is to ob-
tain a better approximation of the target distribution than with the plain Monte
Carlo method by using randomized QMC. In a different direction, Tribble [39]
and Tribble and Owen [40] established a condition under which low discrep-
ancy sequences can be used for consistent MCMC estimation for finite state
spaces. It has been shown that replacing an IID sequence by a completely uni-
formly distributed sequence also implies a consistent estimation in finite state
spaces. A construction of weakly completely uniformly distributed sequences is
also proposed in [40]. As a sequel to the work of Tribble, Chen in his thesis
[6] and Chen, Dick and Owen [7] demonstrated that Markov chain quasi-Monte
Carlo (MCQMC) algorithms using a completely uniformly distributed sequence
as driver sequence gives a consistent result under certain assumptions on the
update function and Markov chain. Further, Chen [6] also showed that MCQMC
can achieve a convergence rate of O(N~1%9) for any § > 0 under certain condi-
tions, but he only showed the existence of a driver sequence.

In our recent work [12], done with Rudolf, we prove upper bounds on the dis-
crepancy under the assumptions that the Markov chain is uniformly ergodic
and the driver sequence is deterministic rather than independent uniformly
distributed random variables. In particular, we show the existence of driver
sequences for which the discrepancy of the Markov chain from the target dis-
tribution with respect to certain test sets converges with (almost) the usual
Monte Carlo rate of N='/2. A drawback of this result is that we are currently
not able to give an explicit construction of a driver sequence for which our dis-
crepancy bounds hold for uniformly ergodic Markov chains. Garber and Chop-
pin in [14] adapted low discrepancy point sets instead of random numbers in
sequential Monte Carlo (SMC). They proposed a new algorithm named sequen-
tial quasi-Monte Carlo (SQMC). They constructed consistency and stochastic
bounds based on randomized QMC point set for this algorithm. It is an open
problem to obtain deterministic bounds for SQMC. More literature review about
applying QMC to MCMC problems can be found in [7, Section 1].
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1.2. Acceptance-rejection algorithms

We now give a description of the algorithms in this paper. Let ¢ : D — R, =
[0, 00) be our target density function, where D C R*~! and R, = [0,00). We
consider the cases where D = [0,1]*"! or D = R*"!. Assume that it is not
possible to sample directly from the target distribution. One possible solution
to obtain samples from v is to choose a proposal density H from which we can
sample and then use an acceptance-rejection algorithm. Assume there exists a
constant L < oo such that ¢(x) < LH (x) for all z € D. The following algorithm
can be used to obtain samples with distribution .

Algorithm 1 (Random acceptance-rejection (RAR) algorithm). Given a target
density ¢ : D — Ry and a proposal density H : D — Ry. Assume that there
exists a constant L < oo such that ¢(x) < LH(z) for all « in the domain D.
We introduce another random variable v having uniform distribution in the unit
interval, i.e. u ~ U([0, 1]). Then the acceptance-rejection algorithm is given by

1. Draw X ~ H and u ~ U([0, 1]).

2. Accept Y = X as a sample of ¢ if u < L%%A(XX))’ otherwise go back to step 1.

See also [4, 9, 19] for a discussion of related algorithms. For a discussion on
how to select proposal densities see for instance [4] and the references therein.
The acceptance-rejection sampler works to sample from an unknown density
based on a proposal density.

Acceptance-rejection sampling and importance sampling [34, Section 3] are
quite similar ideas. Both of them distort a sample from a distribution in order
to sample from another one. However, there is a difference in the selection of
the constant L > ¢(x)/H(x) for « in the domain D. The acceptance-rejection
method does not work when sup,cp ¢(x)/H(x) = oo, while importance sam-
pling is still available [33]. In this paper, we only use the acceptance-rejection
sampler to get samples of a given target density, since we are interested in ob-
taining discrepancy bounds for MCQMC. More information on general strategies
for generating nonuniform random variables can be found in the monographs
[9, 19].

The acceptance-rejection algorithm with deterministic driver sequence is one
special class of MCQMC. From the superior distribution properties in terms of
the discrepancy of the Sobol sequence [37] one could expect an improvement in
the discrepancy of the samples obtained from the acceptance-rejection algorithm
based on the Sobol sequence. In one dimension the discrepancy we study is
the Kolmogorov-Smirnov test between the target distribution and the empirical
distribution of the sample points. For a given point set in the s-dimensional
unit cube, the star discrepancy measures the difference between the proportion
of points in a subinterval of [0, 1]° and the Lebesgue measure of this subinterval.
We defer the precise definition of discrepancy to Section 3.

In this paper, we replace the IID initial samples with an explicit construction
of the driver sequence by using (¢, m, s)-nets [11, 27] (obtained from the Sobol
sequence). Figure 1 shows a comparison between different driver sequences: de-
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F1c 1. Different driver sequences: deterministic and pseudo-random points (the total number
of points in each case is 2°) and histograms are w.r.t. samples we accepted.

terministic points (Sobol points) and pseudo-random uniform points (they both
have 2% points). The acceptance-rejection sampler works by only accepting those
points under the target density curve. The difference of driver sequences will
affect the samples we obtain by the acceptance-rejection algorithm, hence the
distribution properties of the points which were accepted will be influenced. The
right two figures in Fig. 1 show the histograms of the points which we accepted
in both cases. Note that the deterministic samples better estimate the density
function. Our interest in this paper is in entirely deterministic methods. How-
ever, one could also use randomized quasi-Monte Carlo point sets [30, 31, 32]
and study a randomized setting.

1.3. Previous work on deterministic acceptance-rejection algorithms

The deterministic acceptance-rejection algorithm has also been discussed by
Moskowitz and Caflisch [24] and Wang [41, 42]. Therein a smoothing tech-
nique was introduced to improve the numerical performance of the acceptance-
rejection algorithm. Wang [42] gave a heuristic argument to indicate a con-

vergence rate of order N ~36+1 . This argument assumes that the points in
elementary intervals are uniformly distributed. Thus this reasoning is not fully
deterministic. Our lower bound on the discrepancy (Theorem 2) indicates that
this reasoning does not apply in our case. The numerical experiments in [42]



682 H. Zhu and J. Dick

also indicate an improvement using a well chosen deterministic driver sequence
(in this case the so-called Halton sequence [17]) compared to a random driver
sequence. Recently, Nguyen and Okten in [25] presented a consistency result of
an acceptance-rejection algorithm for low-discrepancy sequences. This algorithm
yielded good numerical performances on standard deviation and efficiency. How-
ever, proving an explicit convergence rate of the discrepancy for this algorithm
is still an open problem. See also [23, 25] for numerical experiments using quasi-
Monte Carlo point sets for the related problem of integrating indicator functions.

It is worth noticing that all results given in previous work are empirical ev-
idence and the discrepancy of samples is not directly investigated. Our work
focuses on discrepancy properties of points produced by totally deterministic
acceptance-rejection methods. We also prove discrepancy bounds on determin-
istic acceptance-rejection algorithms, including an upper bound and a lower
bound. The combination with the reduced acceptance-rejection sampler pro-
vides further evidence of the good performance of the deterministic method.
Our algorithm here may also be combined with similar algorithms like the
acceptance-complement method, see for instance [9, Section I1.5].

Before presenting the theoretical background, we briefly describe determinis-
tic algorithms and some numerical results which show a convergence rate com-
parison using Monte Carlo and quasi-Monte Carlo methods.

2. Our results
2.1. Construction of driver sequence

In this paper, we use low discrepancy point sets given by (¢, s)-sequences (see
Definition 3 and Definition 4 below) in base b as driver sequences. The first
b™ points of a (t,s)-sequence are a so called (¢, m,s)-net in base b. Explicit
constructions of (¢, s)-sequences in base 2 have been found by Sobol [37], in
prime base b > s by Faure [13] and in prime-power base b by Niederreiter [26].
In all these constructions ¢t depends only on s but not on m. In practice, since
digital nets (based on Sobol points) are included in the statistics toolbox of
Matlab, this method is very easy to implement. People seeking more discussion
of construction methods can also consult [11, Chapters 4&8].

In the following we describe the algorithm and present some numerical results.
Since in general it is computationally too expensive to compute the supremum
in the definition of the star-discrepancy exactly, we use a so-called d-cover to es-
timate this supremum. An introduction to d-covers is provided in the appendix.
In the numerical discussion, the driver sequence is generated by a (¢, m, s)-net in
base 2. Specifically, we always use a Sobol sequence [37] to generate (t, m, s)-nets
for our experiments.

2.2. Deterministic algorithm for target densities defined on [0,1]®

We consider now the case where the target density is defined on [0,1]*~1. The
following algorithm is a deterministic version of Algorithm 1. For the proofs
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later, we need the technical assumption that the target density is pseudo-convex.
The definition of pseudo-convexity is discussed in Section 3.

Algorithm 2 (Deterministic acceptance-rejection (DAR) algorithm in [0, 1]°).
Let the target density v : [0,1]°"! — R, , where s > 2, be pseudo-convex.
Assume that there exists a constant L < oo such that ¢(x) < L for all €
[0,1]°71. Let A = {x € [0,1]° : ¥(x1,...,25-1) > Las}. Suppose we aim to
obtain approximately N samples from 1.

i) Let M =b"> [N/(f[o)l]s,1 Y(x)/Ldx)], where m € N is the smallest in-
teger satisfying this inequality. Generate a (¢, m, s)-net Qp,.s = {Zo, x1,. ..,
@pm_1} in base b.

ii) Use the acceptance-rejection method for the points @, s with respect to
the density v, i.e. we accept the point x,, if x,, € A, otherwise reject. Let
P](VS) =ANQm.s=1{z0,21,...,2n-1} be the sample set we accept.

iii) Project the points PJ(VS) onto the first (s — 1) coordinates. Let P](stl) =
{Y0sY1,--»Yn_1} € [0,1]°"F be the projections of the points P](Vs).

iv) Return the point set P](stl).

The following example shows a better convergence rate when using a low-
discrepancy driver sequence rather than a random point set. In each example
the reported discrepancy for the acceptance-rejection algorithm using a random
diver sequence is the average of 10 independent runs, which is throughout all
the numerical experiments.

Example 1. In this example we consider a non-product target density in [0, 1]*.
Let the target density v be

1
(w1, 22,23, 24) = Z(e_:”1 +eTT2 f e e ) (1, x9, 23, 24) € [0, 1]
Figure 2 shows the discrepancy by using deterministic points and pseudo-
random points as driver sequence. For the RAR algorithm, we observe a conver-
gence rate of order N 9482 whereas the DAR algorithm shows a convergence
rate of the discrepancy of order N 0659,

2.3. Deterministic algorithm for target density defined in real state
space

Now we extend the domain of the target density v to R°~! with s > 2. Assume
that there is a proposal density function H : R*~! — R, such that there exists
a constant L < oo such that 1(z) < LH(z) holds for all z € R*~%.

The inverse Rosenblatt transformation is used to generate samples from the
proposal density in the real state space R*~!. Let F be the joint CDF of H
and Fj(zj|#1,...,2j—1) be the conditional CDF of the proposal density for j =
1,...,5 — 1. The transformation 7' is used to generate points in R*~! x R,
from the unit cube [0, 1]°, such that the projection of points onto the first s — 1
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Fic 2. Convergence order of the star discrepancy of Example 1.

coordinates has distribution H. More precisely, let T : [0,1]° — R® be the

transformation given by z = T'(u), where z = (z1,...,25),u = (u1,...,us) and
zZ1 = Fl_l(ul),
ZJ:FJ_l(uJ|u177uJ71)7 2§]§S_15 (1)
zs = usH(21,...,25-1).

The first s — 1 coordinates are produced by the inverse Rosenblatt transforma-
tion which converts the points from the unit cube [0,1]*7! to R*~1. The sth
coordinate is uniformly distributed on the line

{(T=v)(21, .. 2621,0) (21, .o 2051y, H(215 -0, 25-1),0 S v < 1}

if us is uniformly distributed in [0, 1]. More details with respect to the Rosenblatt
transformation and extensions can be found in [8, 29, 35].

Algorithm 3 (Deterministic acceptance-rejection algorithm in R?). Let an un-
normalized target density function 1 : R*~! — R, , where s > 2, be given.
Let H be a proposal density H : R*"! — R, , such that there exists a con-
stant L < oo such that (z) < LH(z) for all z € R°"' Let A = {2z €
R® :9p(21,...,25-1) > LH(z1,...,25—1)2s }. Suppose we aim to obtain approxi-
mately N samples from .

i) Let M =b™ > [N «ﬁo,l]371 H(a/:)dac/(f[oﬁl]s,1 Y(x)/Ldx)], where m € N
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is the smallest integer satisfying this inequality. Generate a (t,m, s)-net
Qm,s = {To,x1,...,xp—1} in base b.

ii) Transform the points into R*~* x R from [0, 1]* using the transformation
T given in (1) to obtain {T'(xo), T(x1),...,T(xp—-1)}-

iti) Take the acceptance-rejection method for the sample T'(x,,) with respect
to H and v in R®~! x R, , i.e. accept the point T(zx,) if T(x,) € A,
otherwise reject. Let P](VS) =ANT(Qm.s) ={z0,21,...,Z2N_1}

iv) Project the points P](\,S ) we accepted onto the first (s — 1)-dimensional
space. Denote the first s — 1 coordinates of the points we accept by the
acceptance-rejection method by PJ(\,S_l) =1{Y0,Y1,---»Yn_1} CRL

v) Return the point set P](Vs_l).

We provide an example to demonstrate the performance of Algorithm 3.

Example 2. Let the target density function be given by

4

- —($1+LE2) 1/2 0
W) = 7° (w120)"/%, 1,20 >0,

0, otherwise.

The proposal density function H, which we use to do the acceptance-rejection
to generate samples of ¢ (xz1,22), is chosen as

1
_ 0< <1
4, = T1,T2 S 1,
1
@, 0<m <1,29 >1,
H(z1,20) = %, vy >1,0< 120 <1,
4oy
1 >1
—, I1,%
4323’ b ,
0, otherwise.

For this choice of H, we use the transform T" defined in Equation (1) to obtain
samples from H. The sample (z; 1,2 2) is given by the following transformation

oo 2’U,j)1, 0 S ’U,j)l S 1/2,
Bt = 1/2(1 —ujq), 1/2<wuj; <1,
T — 2’[1,]'12, 0 S ’U,jﬁg S 1/2,
S 1/2(1 —uj2), 1/2<wuj»<1.

Note that (u;,1,u;2) is the driver sequence given by a (¢, m,2)-net in base b.

The order of the star discrepancy is demonstrated in Figure 3 where N is
the number of accepted samples. The numerical experiments show that the star
discrepancy converges at a rate of N =970 for this example using quasi-Monte
Carlo samples as proposal. The RAR algorithm converges with order N 039,
Again, the DAR sampler outperforms the RAR sampler.
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2.4. A deterministic reduced acceptance-rejection sampler

In this subsection we consider an extension of the DAR sampler. The random
version of this reduced method was recently introduced by Barekat and Caflisch
in [2]. For a target density function v, we carefully select H such that for ¢ — H
and H the inverse CDF can be computed. For the case ¢ (x) > H(x), we write
¥ = (¢ — H) + H and get samples according to ¥ — H and H respectively.
Figure 4 illustrates this method. The sample sets of ¢ can be divided into
three subsets, R 1, Ri 2 and Ry 9, where Ry 2 and Rs o can be directly gen-
erated by using the inverse CDF of H and @ — H in a certain range. The
acceptance-rejection method is only used to obtain R; ;. Compared with the
ordinary acceptance-rejection sampler, one obvious merit of this method is that
we do not require 1(x) < H(x) in the whole domain. Also, this method might
give better convergence rates since R;2 and Rs o are obtained via inversion
and therefore have low discrepancy. Algorithm 4 gives a simple version of the
improved method. More discussion of a general version is available in Section 5.

Algorithm 4 (Deterministic reduced acceptance-rejection (DRAR) algorithm).
Let ¢ : [0,1] — R4 be a target density. Choose a proposal density H such that
1 — H and H can be sampled from directly. Let

S:={xe€0,1]:¢(z) < H(z)}
and

L:={z€[0,1]:¢(x) > H(x)}.
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Assume that [ 1(z)dz/ f[m]d)(x)dx, [ H(z)dx/ f[o)l]w(:zr)d:r and [,(¢ —
H)(x)dxz/ f[o 1 (x)dx can be calculated or estimated. Let Fgls,Fglﬁ be the
inverse CDF of the proposal density H in the domain S and £ respectively and
FJEHL be the inverse CDF with respect to v» — H in L. Suppose we aim to
generate approximately N samples from 1. Let

Js ¥(@)do w { [, H(z)dz w { [ew - H)(x)dﬂ
Ny = |Nz—=—F7— ’ No=|N+-—=——"—— and Na = | N~ &~2——  ~ ° | .
1 { Jio.y ¥ (@)de ’ Joo) ¥(@)dz ’ Jioq) ¥(@)dz

i) Let {xo, 21, 2,...} C [0,1]* be a (t,2)-sequence in base b.

ii) Use the acceptance-rejection method with the target density ¢ and the
proposal density H on the domain S using {@xo,®1,...,xyp—1} as driver
sequence. Choose M such that N; points are accepted by the DAR algo-
rithm. Compute Fgls(wn) forn=20,1,...,M — 1. Let z9,21,...,2N,—1
be the accepted points. Label the point set as R ;.

iii) Compute the points Fglﬁ(:vn) for n = 0,1,...,Ny — 1. Let Ri» =
{Fpl(@) : 0 <n < Ny},

iv) Compute the points FJ}Hﬁ(:cn) for n = 0,1,...,N3 — 1. Let Ry =
{FJEHﬁ(:Bn) :0<n < Ns}.

v) Project the points in Ry = R11 U Ry 2 U Ra 2 onto the first coordinate.

Return the point set R%).
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Since the inverse transform is a measure-preserving transformation, it can
preserve the uniformities of the driver sequence. Thus R 2 and Rs 2 are low dis-
crepancy point sets. The following example verifies the efficiency of the DRAR
algorithm. A theoretical result about the discrepancy properties of samples ob-
tained by this class of algorithms is provided in Theorem 5.

Example 3. Let ¢(x) = sin(4z) + 22 be a density function defined on [0, 1].
Instead of seeking a proposal density H such that ¢ (x) < H(x), we notice that
inversion can be implied to sin(4z) and z? independently. However, it can not
work for their sum. Choose H(x) = x2. We only do deterministic acceptance-
rejection with respect to the target density ¢ and proposal density H in the
subinterval § = (7/4,1]. In the remaining range £ = [0, 7/4], we apply the in-
verse transformation on H and ¢»— H to obtain samples based on a deterministic
driver sequence.

The discrepancy of the point set generated by Algorithm 4 converges at the
rate of N 9929 which is significantly better than the N =959 convergence rate
of a random driver sequence, see Figure 5.

3. Background on discrepancy theory and (t, m, s)-nets

In this section we first establish some notation and some useful definitions and
then obtain theoretical results. First we introduce the definition of (¢, m, s)-nets
and (¢, s)-sequence in base b (see [11]) which we use as the driver sequences. The
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following fundamental definitions of elementary interval and fair sets are used
to define a (t,m, s)-net and (¢, s)-sequence in base b.

Definition 1 (b-asdic elementary interval). Let b > 2 be an integer. An s-di-
mensional b-asdic elementary interval is an interval of the form

2 a; a; +1
11 b’ pi
i=1

with integers 0 < a; < b% and d; > 0 for all 1 <4 < s.If dy,...,ds are such
that dy + -+ - + ds = k, then we say that the elementary interval is of order k.

Definition 2 (fair sets). For a given set Py = {@xo,®1,...,&Nx_1} consisting
of N points in [0,1)%, we say for a subset J of [0,1)® to be fair with respect to
Py, if

1 N-1
% 3 L) = A,
n=0

where 1;(z,,) is the indicator function of the set .J and A is the Lebesgue mea-
sure.

Definition 3 ((¢,m, s)-nets in base b). For a given dimension s > 1, an integer
base b > 2, a positive integer m and an integer ¢t with 0 < ¢ < m, a point
set Qm,s of b™ points in [0,1)® is called a (¢, m, s)-nets in base b if the point
set Qs is fair with respect to all b-asdic s-dimensional elementary intervals of
order at most m — ¢.

Definition 4 ((¢, s)-sequence). For a given dimension s > 1, an integer base
b > 2 and a positive integer ¢, a sequence {xg,x1,...} of points in [0,1)* is
called a (¢, s)-sequence in base b if for all integers m > ¢ and k > 0, the point
set consisting of the points ypm, ..., Tgpmypm_1 forms a (¢, m, s)-net in base b.

The concept of discrepancy is introduced in [16] to measure the deviation
of a sequence from the uniform distribution. Now we give the definition of the
so-called star discrepancy which enables us to distinguish the quality of point
sets with respect to the uniform distribution.

Definition 5 (star discrepancy). Let Py = {xg,21,...,£n_1} be a point set
in [0,1)%. The star discrepancy D% is defined by

N-1
1
Dy(Py)= sup |— 1y(xn) — AJ)|,
WP = s |2 S e A0

where the supremum is taken over all J = [];_,[0,3;) C [0,1).

See Figure 6 for an illustration of the concept of discrepancy in the unit
square.

If we extend the supremum in Definition 5 over all convex sets in [0, 1]%,
we get another interesting discrepancy, the so-called isotropic discrepancy. It
is another measure of the distribution properties of point sets with respect to
convex sets.
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Fic 6. The discrepancy measures the difference between the proportion of points in each
rectangle J and the Lebesgue measure of J. The star discrepancy is defined by the supremum
of discrepancies over all rectangles J. If we change J to be convex sets, we obtain the so-called
isotropic discrepancy.

Definition 6 (isotropic discrepancy). Let Py = {xo,1,...,2ZN_1} be a point
set in [0,1)%. The isotropic discrepancy Jy is defined to be

N—1
1
IN(PN) = SUp 1 ; Ly(zn) — A(J)|,

where C is the family of all convex subsets of [0, 1)*.

For further reading about the definition and properties of discrepancy, we
refer for instance to [11, 16].

For our purposes here we need the definition of pseudo-convex sets which
we introduce in the following (see also [1, Definition 2] and Figure 7 for an
example).

Definition 7 (pseudo-convex set). Let A be an open subset of [0, 1]° such that
there exists a collection of p convex subsets Ay, ..., A, of [0,1]° satisfying

1. AinA; =0 for i # j;

2. AC (A1 U---UA4,) of [0,1]%;

3. either A; is a convex part of A (A; C Aforj =1,...,q) or the complement
of A with respect to A;, A} = A;\A is convex.

Then A is called a pseudo-convex set and Aq,..., A, is an admissible convex
covering for A with p parts and with ¢ convex parts of A.
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Fic 7. Shows a pseudo-convex set in the unit square given by the area below graph of the
density function and its admissible conver covering. Let A be given by the graph under the
curve. Then A;,i =1,...,5, is an admissible convex covering of A, where A1, As and As are
convex parts in A, but Ay and As are the shadowed rectangles covering the remaining part
of A. The regions As\A and As\A are convex.

Remark 1. For convenience, we call a nonnegative function pseudo-convex if
and only if the region below its graph is a pseudo-convex set.

Next we present a bound on the isotropic discrepancy of points generated by
(t,m, s)-nets. A detailed proof is given in Appendix B.1.

Lemma 1. Let the point set Qs = {xo,®1,...,rp—1} C [0,1]° be a (t,m, s)-
net in base b where M = b™. For the isotropic discrepancy of Qm, s we have

It Q) < 250t/ 5 M1/,

A slightly weaker result than Lemma 1 can also be obtained from [28, Korol-
lar 3].

Lemma 2. For any point set Py in [0,1]° we have

4s
s—1

(s—1)/s
Jn(Py) < 2s ( > (D (Pn))Y®.

Further it is known from [20] that the star discrepancy of a (t,m, s)-net Qs
in base b, where M = b™, satisfies

bS

Dis(Q@ms) < M (108 M) (s oy

—1;t 5—2
T +CsM ™70 (log M )%,
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for some constant Cs > 0. These two inequalities therefore yield a convergence
rate of order M~/ (log M)'~1/5,

The following lemma will be used to get a discrepancy bound for a point set
on a pseudo-convex set. It is an extension of [1, Lemma 5] to the unit cube.

Lemma 3. Let A be a pseudo-convexr subset of [0,1]° with admissible convex
covering of p parts with q convex parts of A. Then for any point set Py =
{zo,1,...,2ny-1} C[0,1]° we have

1 N-—1
5 > 1a(@a) — AA)| < (2p — q)In(Px).
n=0

4. Discrepancy investigation of the deterministic
acceptance-rejection sampler

The first result we get is a discrepancy bound with respect to the target density
of samples generated by the acceptance-rejection algorithm with deterministic
driver sequences. The star discrepancy of points generated by the acceptance-
rejection algorithm with respect to the target density converges at the rate of
N~'% where N is the number of accepted samples. See Theorem 1 for details.
The proof uses a bound on the discrepancy of our driver sequence with respect
to convex sets (which is called isotropic discrepancy, see Definition 6 for details).

4.1. Upper bound

Let an unnormalized density function 1 : [0,1]*~* — R, be pseudo-convex, and
f[o 1o ¥(z)dz > 0, but not necessarily 1. Assume that there exists a constant

L < oo such that v (z) < L for all z € [0,1]*7!. Let the subset under the graph
of /L be defined as

A={x 0,1 : ¢(z1,...,25-1) > Ly}, (2)

which is pseudo-convex in [0, 1]* as ¢ is a pseudo-convex function. Assume that
there is an admissible convex covering of A with p parts and with ¢ convex parts
of A. Without loss of generality, let Ay,..., A, be the convex subsets of A and
Agi1,- .., Ap, such that A% = A;\ A is convex for ¢ +1 < j <p.

The definition of the star discrepancy of a point set {yg,yq,...,Yy_1} with
respect to a density function 1 is given as follows.

Definition 8. Let ¢ : [0,1]°"! — R, be an unnormalized target density.
Let {Yg,Y1,---,Yn_1} be a point set in [0,1]*"!. The star discrepancy of
{Y0,Y1,s---,Yn_1} With respect to the density ¢ is defined by

)

N-1
_ 1 1
D ,(PE N = sup |— E 1 Yn) — = W(z)dz
N,’LZJ( N ) tef0,1]o—1 N ~ [O,t)( ) C 0.t) ( )

where C = [i, 1., ¢(2)dz and [0,8) = [[;2,[0, ;).
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Remark 2. Note that éz/; is a probability density function on [0,1]*~!. Thus
the discrepancy in Definition 8 measures the difference between the distribution
%¢ and the empirical distribution of the sample points with respect to the test
sets [0,¢) for t € [0,1]57".

Theorem 1. Let the unnormalized density function v : [0,1]°71 — Ry, with
s > 2, be pseudo-convex. Assume that there is an admissible convex covering of
A given by Equation (2) with p parts and with q convez parts of A. Then the dis-
crepancy of the point set {yy, Y1, -, Yn_1}+ C [0,1]571 generated by Algorithm
2 using a (t,m, s)-net in base b, for large enough N, satisfies

D o(PY™Y) <8C 1 Lsb!/*(2p — q)N /2,
where C' = [ig -1 ¥(2)dz and ¢(z) < L for all x € [0, 1571,

We postpone the proof of this theorem to Appendix B.1.

4.2. Lower bound

In this section, we provide a lower bound on the star discrepancy with respect
to a convex density function. The general idea is to find, for a given driver point
set, a density function satisfying a certain convergence rate.

Theorem 2. Let Py be an arbitrary point set in [0, 1]°. Then there exists a con-
cave density function 1 defined in [0,1]°~% such that, for N samples generated
by the acceptance-rejection algorithm with respect to Pyy and 1, we have

Di(Pyn) > esN™#1,

where cs > 0 is independent of N and Py; but depends on s.

A detailed proof is provided in Appendix B.2. We would like to point out
that the lower bound also limits the convergence rates which we can obtain
in our current approach via convex sets. Note that a concave function is also
pseudo-convex as defined in Remark 1.

Additionally, note that [3] (in dimension s = 2) and [38] (for dimension
s > 2) showed the existence of points with discrepancy with respect to con-
vex sets bounded from above by N~2/(t1(log N)°(*) (where c¢(s) is a func-
tion of only s). This would yield an improvement of our results from N —1/s
to N~2/(+1)(log N)*(®)| however, those constructions are not explicit and can
therefore not be used in computation.

4.3. Generalization to real state space

We consider now the case where the target density is defined on R~! with
s > 2. The aim is to show a discrepancy bound on samples generated by the
deterministic acceptance-rejection method. The discrepancy with respect to a
given density function ¢ : R®~! — R, is defined as follows.
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Definition 9. Let Py = {z0,21,...,2x_1} be a point set in R*~1. Let v :
R*~! — R, be an unnormalized probability density function. Then the star
discrepancy Dy ,,(Py) is defined by

N-1
1 1

Dy ., (Py)= sup |— 1_7zn——/ Y(z)dz

Rl = s |5 S (e - [ 0te)

3

where C' = [,. , ¥(2)dz and (—o0o,t] = [[I] (—00,t;] for t = (t1,... ts_1).

j=1
We use the transformation T given in Equation (1) to generate samples of
H. For the sake of investigating discrepancy, the following result is helpful.
The lemma shows that the transformations T and its inversion 7! are both
measure-preserving. For the proofs later, we assume that the proposal density
H is a product measure, i.e. H = Hj;i Hj;, where H; is the marginal density
with respect to z;.

Lemma 4. The transformation T from the s-dimensional unit cube to R®~! x
Ry given in (1) is measure-preserving, i.e. Volume(T(D)) = Volume(D) holds
for any measurable set D C [0,1]*. This is true for T~ as well.

To prove a bound on the discrepancy of the samples generated by Algo-
rithm 3, the following assumption is needed.

Assumption 1. Let ¥ be the target density and H be a product measure
proposal density function, which is chosen such that its inverse CDF can be
computed. Let A = {z € R® : ¢(21,...,25-1) > LzsH(21,...,25—1)} and the
transformation 7' is defined as the inversion of transform 7. Then we assume
that T-1(A) is pseudo-convex.

As the mappings 7 and 7~' are measure preserving, and since there are the
same number of samples in an arbitrary subset D C [0, 1]° and the correspond-
ing subset T(D) C R*~! x Ry, we can consider the discrepancy in the unit
cube instead of that in R®~! x R, . Following by similar proof arguments as for
Theorem 1 and Theorem 2, we obtain the same discrepancy bounds including
an upper bound and a lower bound for the general density ¥ defined in the real
state space R*71.

Theorem 3. Let the unnormalized target density ¢ : R°~! — R, and the
proposal density H : R~' — R, satisfy Assumption 1. Then the discrepancy
of the point set P](Vs_l) ={¥0,Y1,---,Yn_1} C R generated by Algorithm 3
satisfies

Dy o(PY™V) < 8LC™1sb!/*(2p — )N ~1/*,

for N large enough, where C' = [,._, 1 (z)dz and L is such that (x) < LH (x)
for all x € R°~1.

Theorem 4. Let H be a product density function defined on RS~'. Let T be
the transformation given in Equation (1) associated to H. Let Py be an ar-
bitrary point set in [0,1]°, then T(Py) is a point set in R~1. Then there ex-
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ists an unnormalized density function v defined in R*~1 satisfying the assump-
tion in Theorem 8 such that the star discrepancy of the points generated by the
acceptance-rejection sampler with respect to ¢ and H satisfies

Diy(PS™) > e,N~ 71,

where c¢s is independent of N and Py, but only dependent on s.

5. Discrepancy properties of the deterministic reduced
acceptance-rejection sampler

Algorithm 4 can be extended to a more general case. Consider the target density
Y(x) = Zif:l Hy(x), where & € D C R*®. If it is possible to sample from Hy(x)
individually and the expectations of Hy can be calculated or estimated with low
cost, then we can use an embedded deterministic reduced acceptance-rejection
sampler in each step. Let

Se={x €D :r_yi1(x) < Hy(x)},
and (3)
Ly={x € D:Yp_ry1(x) > Hi(zx)},

where Vp_p41(x) = Ele Hi(x) for £ = 1,...,k — 1, and, in particular, v, is
the target density.

Suppose we aim to sample N points from the target density . The sample
set can be divided into two types, namely, points generated from the sets S;’s
and L;’s respectively. We apply a deterministic acceptance-rejection method
given in Algorithm 3 in each Sy with respect to ¥,_¢y1 and Hy. Note that we
get [N [g, Yr—es1(x)dz/ [}, ¥r(z)dx] points from S, for £ =1,...,k — 1. For
sampling from Ly, the remaining samples come from applying the inverse trans-
formation of He in £,. Then we obtain additional [N [, He(z)dz/ [}, i (z)dz]
points from Ly for £ =1,..., k. We conduct the procedure inductively until we
get samples from Hy(x). We assume that fSe Yr—err(x)dx/ [, Yp(x)de and
Sz, He(x)dz/ [, i (x)dz can be calculated or estimated.

The following algorithm is an extension of the DRAR algorithm, which sum-
marizes the embedding idea.

Algorithm 5. Let ¢(x) = Zle Hy(x),z € D C R*"!, be a target density we
aim to sample from. Define ¢;_sy1(x) = Ef:e H;(x) for £ = 1,..., k. Denote
S¢ and Ly like in Equation (3) and assume that [g ¢p—ey1(@)dz/ [P (z)de
and fﬁe Hy(x)dz/ [, ¢(x)dx can be calculated or estimated. Further assume
that we can sample from H, individually by applying the transformation 7'y, s,
and Ty, £, given in Equation (1) in S; and £, respectively. Suppose we aim to
generate N samples from . Let

Js, Yi—ei1(z)dw
{N fD (x)dx

Ny =

)

—‘ and Ny = {Nfﬁg HE(CC)dcc—‘ |

fD (x)dx
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For ¢ from 1 to k do:

i) Let {xg,x1,®2,...} C[0,1]° be a (t, s)-sequence in base b.

ii) Compute Ty, s, (x,) forn = 0,1,2,.... Use the acceptance-rejection meth-
od with respect to ©;_sr1 and Hy on the domain S; using {xg, x4, ...,
-1} as driver sequence. Choose M such that Ny ¢ points are accepted
by the DAR algorithm. Let Ry, = {20,21,...,2nN,,-1} be the accepted
points.

iii) Compute Ty, ¢, (x,) for n =0,1,...,Noy — 1. Let Roy = {Th, 2, (@) :
0<n< Ng)g}.

Let Rg\s,) = Ulzzl(RLg U Ry,¢) and let Rg\s,_l) denote the projection of RE\?) onto
the first s — 1 coordinates. Return the set Rg\s,_l).

Now we consider the discrepancy properties of sample points produced by
this algorithm. Note that the sample set of ¢ = 25:1 H; can be decomposed
into several subsets with different star discrepancy.

Theorem 5. For a given target density y(x) = 25:1 Hy(z), forz € D C R*™1,
let Yg_py1(x) = E?:e H;(x), where ¥ and Hy, for 1 < ¢ < k, are piecewise
continuous. Let Sp and Ly be given by (3). Let Rg\?_l) be the sample set generated
by Algorithm 5, where

Ny = [N s, wkgﬂ(:c)d:c//Dz/)k(:c)d:c—‘,

which is the number of points generated from S;, and

Ny = [N . Hg(m)dm//[)wk(m)dm—‘ )

which is the number of points generated from Ly for £ =1,... k. Assume that
Ni,e and N ¢ can be calculated or estimated for the given target density 1 and N .
Then we have

( ) k—1 N k N 1

* s—1 1,0 1~ 2.0 1~

DNJ/J(RN ) < Z N Dse,wk4+1 + Z N Dﬁsz + N’
=1 =1

where Dy, Gttt and D7, y, 1s the discrepancy of the samples in S¢ and Ly
respectively.

The proof of Theorem 5 is given in Appendix B.3. Note that this method
achieves an improved acceptance rate of points since we are only rejecting points
in a certain range. For the remaining domain, we get samples by applying the
inverse transform. To be more exact, all point sets from £, have low discrepancy
since the inverse transformation is directly applied with respect to Hy for £ =
1,..., k. Now we consider the star discrepancy of points generated from S;.

The following result from [20] gives an improved upper bound on the star
discrepancy on the first M terms of a (¢, s)-sequence in base b with s > 2.
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Lemma 5. The star discrepancy of the first M terms of a (t,s)-sequence Py
in base b with s > 2 satisfies

b¥(b—1)
(b4 1)25+1(s)!(log b)®

for some constant Cs > 0 depending only on s.

D (Pyr) < M~ bt (log M)* + CsM v (log M)*~ 1,

With the help of Lemma 2, we obtain a bound on the isotropic discrepancy
of the first M points of a (¢, s)-sequence.

Lemma 6. Let the point set Py = {xo, @1, ...,xp—1} C [0,1]° be the first M
terms of a (t,s)-sequence. For the isotropic discrepancy of Py we have

s—1)/s s b2 (b—1 Ls
Ag )( 1/ (bt/ ((b+1)25+(1(s)!)(logb)5) log M

Ju(Par) < 2s (5—1 e

CLb/*(log M)ts=1/s
+ M1/s ’

for some constant C, > 0 depending only on s.

Hence, for the star discrepancy of Ry for 1 < ¢ < k, using a (¢, s)-sequence
as a diver sequence in the DAR algorithm we have a convergence rate of order
Ni Zl /s log N; ». We omit a detailed proof since similar arguments as for proving
Theorem 1 can be used. The following corollary holds by substituting the proper
upper bounds and Ny ¢, Na ¢ in terms of N.

Corollary 1. Suppose that the target density ip(x) = 25:1 Hy(x), forx € D C
R~ satisfies all assumptions stated in Theorem 5 and v and Hy for 1 < <k
satisfy the conditions in Theorem 1 if D =[0,1]*~% or Theorem & if D = R~ 1.
Assume that Hy is a product density on Sg and Ly for 1 < ¢ < k. Let Rg\s,_l) be
the sample set generated by Algorithm 5. Then we have

k—1 1-1/s k _
_ Csyprgir0; | log(auN) C log BeN)*~1 1
. (s—1) Se k-1 glow 0,1, (10g BeN)
= =1
where

. s, Yre—t11(z)dz wnd B o, He(z)dz

= =
Jp ¥(x)dx Jp ¥(x)da

and Cs, 4y, _,y, and Cr, g, are constants associated with Sp,vYk_¢y1 and Ly, Hy
respectively.

6. Conclusion and outlook

As is well known, the integration error using a Monte Carlo method converges at
the rate of N~1/2, The acceptance-rejection sampler with a deterministic driver
sequence, which is a simple class of MCQMC methods, performs much better in
our numerical experiments than the theoretical result N~/¢ of Theorem 1 or
Theorem 3, for a density defined on [0,1]*~! or R*~!, would imply. The three
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examples even demonstrate that it is possible to achieve a better convergence
rate than with standard Monte Carlo using a well-chosen deterministic driver
sequence.

The main drawback of the acceptance-rejection sampler is that it might reject
many points in high dimension. Some methods to improve the acceptance rate
of points are included in [19]. For a special class of density functions given by a
finite sum, we propose an embedding deterministic reduced acceptance-rejection
algorithm. This algorithm produces a better star discrepancy convergence rate
in our numerical example.

Appendix A: §-cover to approximate star discrepancy

Since it is computationally too expensive to compute the supremum in the
definition of the star-discrepancy exactly for dimensions larger than one, we use
a so-called d-cover to estimate this supremum.

Definition 10. Let (G,B(G),v) be a probability space where G C R*~! and
B(G) is the Borrel o-algebra defined on G. Let &7 C B(G) be a set of test sets.
A finite subset I's C &7 is called a §-cover of &/ with respect to v if for every
A € of there are sets U,V € I's such that

UCACV
and
P(VA\U) <.
The concept of d-cover is motivated by the following result [15]. Assume that
[ is a §-cover of &7 with respect to the distribution ¥. For all {z¢, 21,...,2n-1},

the following discrepancy inequality holds

< max
Uel's

N-1 N-1
1 1
sup | > 1z, ca —w(A) ¥ O Lewer —w(U)| +0.
n=0 n=0

Acd/

In the experiments we choose &7 to be the set of intervals [0,¢), where ¢
runs through all points in the domain. For densities defined in [0,1]*7!, we
set Ty = {H;;}[O,aﬂ*m) i aj € Z,0 < aj < 2™}, which means that the
d-cover becomes finer as the number of samples increases, thus it can yield a
more accurate approximation of the star discrepancy. For densities defined in
R~ we choose d-covers with respect to m as I's = {H;;}[O,ijl(aﬂ_m)) :
aj € 2,0 <a; < 2}, where Fj_1 is the inverse marginal CDF with respect to
the proposal density H. Note that the approximation of the star-discrepancy is
computationally expensive, thus our experiments only go up to several thousand
sample points. However, the generation of samples using a (¢, m, s)-net is fast.

Appendix B: Proofs

Before giving the proofs, we need some preparation.
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Consider the following elementary intervals

> e ¢j+1
we=TI |5 %0 ). ()

Jj=1

with 0 < ¢; < b* (where ¢; is an integer) for j = 1,...,s. The diagonal of W},
has length +/5/b* and the volume is b=**. Let J be an arbitrary convex set in
[0,1]°. Let W denote the union of cubes W}, fully contained in J,

wy = |J m (5)
Wi CJ

Let W, denote the union of cubes W), having non-empty intersection with J or
its boundary 9(J),

Wk = U Wk- (6)
WiN(JUO(J))#D

Lemma 7. Let k € N. Let J be an arbitrary conver set in [0,1]°. For the Wy
and Wy, constructed by (5) and (6), we have

AW\ J) <2sb=% and N(J\ W¢) < 2sb~F.

To illustrate the result we provide the following simple argument which yields
a slightly weaker result. Based on the construction of Wy, its diagonal length is
V/5/bk. Then

Wi\JCB:={xc0,1]°\J:]|z—y|<sb* for some y € J},
where || - || is the Euclidean norm. Therefore
AW\ J) < \(B).

Note that the outer surface area of a convex set in [0,1]° is bounded by the
surface area of the unit cube [0, 1]%, which is 2s. Thus the Lebesgue measure of
the set B is bounded by the outer surface area times the diameter. Therefore

AW\ J) < A(B) < 2sy/507 ",

The result for A(J \ W) follows by a similar discussion as the proof above.

Remark 3. Note that in [28] it was also shown that the constant 2s is best
possible.

Now we extend the result in Lemma 7 to pseudo-convex sets.

Corollary 2. Let J be an arbitrary pseudo-convex set in [0, 1]* with admissible
convez covering of p parts with q convex parts of J. For W and Wy, given by
(5) and (6) we have

AW\ J) < 2psb™® and M(J\ W) < 2psb™*.
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Proof. Let Ay, ..., Ap be an admissible convex covering of J with p parts. With-
out loss of generality, let A;,..., A, be the convex subsets of J and Ag41,..., 4,
be such that A; = A;\J is convex for ¢ + 1 < j <p. It can be shown that

J= UA U ij (A\A)). (7)
Jj=q+1

Therefore

Wi\JC OBju ij B,

j=1 j=q+1

where
Bj:{yE[O,l]S\Aj:Hm—yHS\/Eb*kforsomeweAj},j:l,...,q,
and
— . —k s L
Bj={yec A :||x—y|<Vsb~" for some x € [0,1]°\ A}}, j=q+1,...,p

Since BjUA; for j =1,...,q, and BjUA/ for j = ¢+1,...,p are convex, using
Lemma 7, we obtain

q P
AW\ J) U x| U By | <2psv7t.
=1 j=q+1
The result for A(J \ W) follows by a similar discussion. O

B.1. Proof of upper bound

Proof of Lemma 1. For the point set Qs = {xo,x1,...,2m—1} C [0,1]° gen-
erated by a (¢,m, s)-net in base b with M = b™, let k = [Z=]. Let J be an
arbitrary convex set in [0,1]*. Consider the elementary interval Wy given by
Equation (4). For W¢ and W, given by (5) and (6), obviously, W¢ C J C W,
The sets Wi and W}, are fair with respect to the net, that is

M-
Z L (xn) )y =AW}) and Z Lwe(xn) = A(WY).

n=0
Then
] Ml M—1
i Z Ly(xy) — <97 Z iy, (zn (We)+ AW\ J)
n=0 n=0
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and

AWR) = MJ\WR)

=
]
Mi

n=0 n=0
= M\ WR).
By Lemma 7, we have
AW\ J) < 2sb~% and A(J \ W) < 2sb~F,

Thus we obtain

— Y Ly(@n) = A(J)| < 2sb7F < 250!/ M5

Since the bound holds for arbitrary convex sets, the proof is complete. O
Proof of Theorem 1. Let J; = ([0,t) x [0,1]) () A, where t = (t1,...,ts—1) and
A={x€]0,1° : ¥(x1,,...,25—1) > Las}. Since y,, are the first s — 1 coordi-
nates of z, € Aforn=20,...,N — 1, we have

M—1 N—-1 N-1
Z 1Jt* (xn) = Z 1J;‘ (zn) = Z 1[0,t) (yn)
n=0 n=0 n=0

Therefore

1 = 1
N 7;) Lio,6)(y,) — ol P(z

[0,t)

1
Z 1‘]* m” B (A))‘(Jt)

The right-hand side above is now bounded by

M1 vl
—~ 77 2 Lo (@) = A + M) (= = 7
N an:% ’ ‘ <N )\(A))‘
N M—1
< % ( % D Lyp(@a) = MJ7)| + )\(A)—% 3 La(en) ) ,
n=0 "0

where we used the estimation A(J;) < A(A) and the fact that N = Zn 0 ")
Since J; is also pseudo-convex, it follows from Lemma 3 that we can bound the
above expression by

M s
v 2(2p ~ 0T (P).

In addition, limp/— o0 % = A(A), which means lim ;o0 I\J\/[[ = fo 1o Y(z)dz/
L = C/L. Hence there is an M such that £ > C/(2L) for all M > M. Thus

M <Z 2L for all M > M. Further we have N < M. Using Lemma 1 we obtain
the bound

M \ _ B
7202 - Q) Jar (P < 8LC1sb'/5(2p — q) N1/, O
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B.2. Proof of lower bound

Let . .
s—1 __ s . _ (= - _ —
S —{meR H:c (2,...,2,1 s)H s},

where || - || denotes the Euclidian distance. Let
Tl =1[0,1]* NS

This set is the part of a sphere of radius s and centre (1/2,...,1/2,1—s) which
lies in the cube [0, 1]°. The radius has been chosen such that T*~! is the graph
of a concave function.

The (closed) spherical cap C(y,p) C S*~! with center y € S*~! and angular
radius p € [0, 7] is defined by

Cly,p)={yeS ' -y>s’cosp}.

The packing of Y5~ ! considered here is constructed by identical spherical caps
which are non-overlapping, that is, C(y;, p), C(y;,p) C S~ with i # j touch
at most at their boundaries, and such that the C(y,, p,,) are fully contained in
oL,

Lemma 8. Let s > 1. For any n € N there exist My, points y,,...,Yy;, on
Y51 C [0,1)% and an angular radius p,, with

pn = c1(2n) 7Y,
n < Mn < CaM,

such that the caps C(y;, pn), i = 1,..., M, form a packing of Y5~1. The positive
constants c¢1 and co depend only on the dimension s.

The lemma is essentially well-known for spheres. The explicit proof is due to
Winer [43] and Hesse gives a summary in [18, Lemma 1]. A similar argument
can be used for our case.

Now we give the proof of Theorem 2 whose proof follows the argument from
the proof of [36, Theorem 1].

Proof. We may suppose s > 2. Let B be the intersection of the unit cube [0, 1]°
with the ball of radius s and centre (1/2,...,1/2,1 — s), that is,

1 1
B= [O,l]sﬂ{wERs : Hw— (5,...,5,1—5)" gs}.
Let C' be a closed spherical cap on S*~! with spherical radius p. The convex
hull C of C is a solid spherical cap. For 0 < p < 7/2, the normalized Lebesgue

surface measure \(C') is a continuous function of p with

cpttl < AC) < cop® Tt (8)
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If N is sufficiently large, there is a positive real number py such that a cap C
of spherical radius pg has measure

AT) = %

In view of (8), we have 0 < pg < c3N~/ 1) We now pick as many pairwise
disjoint caps, which are fully contained in Y*~! and which have radius pg, as
possible, say C1,...,Cy. By Lemma 8, for large NV and hence small py we have

M > C4p6(571), hence

M > e NG=D/(s+1) (9)

Given a sequence of numbers o71,...,0n, with each o; either 1 or —1, let
B(oy,...,0p) consist of all © € B which do not lie in a cap C; with o; = —1.
In other words, B(o1,...,05) is obtained from B by removing the solid caps

C; for which o; = —1.
Now the local discrepancy function Ap,(H) defined by Ap,(H) =
Zij\il 1g(Pn) — NA(H) is additive, i.e. it satisfies

APN(HUH/) = APN(H) +APN(HI)

if HN H' = (). It follows easily that
M
Apy(B(oy,...,om)) = Apy(B(=01,...,—om)) = Y _0ilp, (Cy).
=1

We have

_ X N )
Apy (€)= Y 1 (Py) = NAC) = Y 1er(Py) — 5.
=1 i=1

Hence for every i, either Apy (C;) > 1 or Ap, (C;) = —1. Choose o; such that

0iApy(C;) >1/2for 1 <i < M. Then

APN(B(Ul,...,UM)) - APN(B(—Ul,...,—UM)) Z M/Q,
and either J = B(oy,...,0p) or J = B(—01,...,—on) has |[Ap, (J)| > M/4.
In addition, J is a convex set due to its construction.
Thus by (9),

* 1M —2/(s
Dy(A, J) = N = cgN 2/,

We take 1 as the boundary of J excluding the boundary of [0, 1]*, which com-
pletes the proof. O
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B.3. Proof of Theorem 5

Proof. In what follows we restrict our investigations to the case k = 2 for
simplicity, the general case can be proved by similar arguments. Let ©» = H1+ Hy
be the target density function. Assume that we can apply the inverse CDF on
Hy and Hs to generate samples. Let

S:={xeD:yY(x)< H(x)},
and

L:={xeD:y(x)> H(x)}.

The final sample set Rg\l,) is a superposition of the three subsets, R; 1, R1 2 and
Ry 9, see Figure 4. Define R, ; = {:E(M , (M),... (M _,} fori,£ =1,2. The

number N; , of the points in each subset is given by

Nl,lz{ ys¥@dz l N = {NM-‘ and NQ,QZ[NM]

ot Jpiw)de Jp V(@)
Then there exists ¢; € [0,1) for ¢ = 1,2, 3 such that
H d H d
NLli fS m +61’N127Nw+62aHdN212:NM+53.
fD z) Jp v(z)dz Jp ¥(x)da
Therefore,
1§ f(—ao t]ND ¢(m)dm
~ 1(—oo,t)nD(®n) — ’—
N n=0 o fD
- |L Nz’:l o N Hl(a: Y+ [ gne Ho(@)da + [ 0o (@)
N = , fD Y(x)de
B J H, (2)da
< |~ (1,1) J(zoot)ne TN T
TN 2:: (e (@) = Jp ¥(x)dz
Ni2—-1
1 Y f(—ao tinc H(z)dz
il S (@) = Jzeetine 72T
N nzzjo o0 S w(x)da
N 2—1 B
i Z 1(—oo,t)rp (32 — M
n=0 [ (x)dx
Nyi—1
= 121: 1—oo,t mD(m(l 1)) N M
Ny 7= - N1,1 [ (x)de
Nj2—1
Mz 1 N f—ootrw Hy(x)dx
+ — 1o (1,2) J(—o0,)ng M1 1)AT
N |Ni» nz:[) (—os.tinp (@), ) — Nia T v(@)d=
Ng o—1
Mo ! N f—ootrm Hs(z)dz
+—= T—oo 22y _ NV S tne H2AB)AE
N [Nz nzjo (—oo,t)nn (@) ?)) — N2,2 fD (@)
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N —1
= 2 : Lzl: L(—ootinp (@) — —f(imims Sl —51 —f(iw‘t]ms plw)de
N Nl,l n—0 ' " fS 1!)(%)[13} Nl,l fS w(m)dm
N —1
Nz 1 122: 1 (@(12) f(foo,t]ﬁﬁ Hy(z)dz 02 f(—oo,t]ﬁﬁ Hy(z)dz
—oo,t]ND (T, -
N Nio = ( ] fﬁ Hi(z)dx Ni o fﬁ Hi(x)dx
N. —1
Na o 1 222: 1 (@) f(foo,t]ﬁﬁ H;(z)dx 03 f(—oo,t]ﬁﬁ H;(z)dx
—oo,t]ND n -
N || Noz &= 00 [, Ha(z)dw Nz [, Ha(a)do
N1 Ni 2 Na o 1 f(faot]mD Y(x)de
<M. 2 e 2 e 1 ,
STy Pswt Ty Pemt Pty [ (x)de
Nl,l * N1,2 * N2,2 * 1
< N Ds ., + TDE,HI + TDL,H2 + N

where D7 18 the star discrepancy of sample points in S associated with ¥ and

the
for

same notation is also applied to D} y, and D7 4, . Since this result holds
arbitrary ¢, the desired result follows then immediately. O
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