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Résumé

This paper deals with the splitting method first introduced in rare event analysis.
In this technique, the sample paths are split into R multiple copies at various stages
during the simulation. Given the cost, the optimization of the algorithm suggests
to sample a number of subtrials which may be non-integer and even unknown but
estimated. To avoid this problem, we present in this paper three different approaches
which provide precise estimates of the relative error between P(A) and its estimator.
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1 Introduction

1.1  General settings

The study of rare events is an important area in the analysis and prediction
of major risks as earthquakes, floods, air collision risks, etc. Studying the
major risks can be taken up by two main approaches which are the statistical
analysis of collected data and the modelling of the processes leading to the

Email address: lagnoux@cict.fr (Agnes Lagnoux-Renaudie).
URL: http ://www.lsp.ups-tlse.fr/Fp/Lagnoux (Agnes
Lagnoux-Renaudie).

Preprint submitted to Stochastic Processes and their Applications24 novembre 2011



accident. The statistical analysis of extreme values needs a long observation
time since the very low probability of the events considered. The modelling
approach consists first in formalizing the system considered and then in using
mathematical (Aldous [1] and Sadowsky [26]) or simulation tools to obtain
some estimates.

Analytical and numerical approaches are useful, but may require many simpli-
fying assumptions. On the other hand, Monte Carlo simulation is a practical
alternative when the analysis calls for fewer simplifying assumptions. Never-
theless, obtaining accurate estimates of rare event probabilities, say about
1072 to 107'2, using traditional techniques require a huge amount of compu-
ting time.

Many techniques for reducing the number of trials in Monte Carlo simulation
have been proposed, the first one is based on importance sampling (IS), e.g.
de Boer [7] and Heidelberger [20]. Fundamentally, IS is based on the notion of
modifying the underlying probability distribution in such a way that the rare
event occurs much more frequently. But the use of IS requires a deep knowledge
of the studied system. An alternative way is to use trajectory splitting, based
on the idea that there exists some well identifiable intermediate system states
that are visited much more often than the target states themselves and behave
as gateway states to reach the rare event. In contrast to IS type algorithms, the
step-by-step evolution of the system follows the original probability measure.
Thus we consider a decreasing sequence of events B; leading to the rare event
A
A:BM—H CByC...CB;.

Then P(A) is given by
P(A) = P(A|By)P(Bum|Bui-1) - - . P(Ba| B1)P(By), (1)

where on the right hand side, each conditioning event is <not rares. For the
applications we have in mind, these conditionnal probabilities are in general
not available explicitly. Instead we know how to make evolve the particles
from level B; to the next level B;;; (e.g. Markovian behavior).

The principle of the algorithm is at first to run simultaneously several particles
starting from the level B; ; after a while, some of them have evolved <badly >,
the other have <well> evolved i.e. have succeeded in reaching the threshold
B;11. <Bad> particles are then moved to the position of the <good> ones
and so on until A is reached. In such a way, the more promising particles are
favoured ; unfortunately that algorithm is hard to analyse directly because of
the interaction introduced between particles. Examples of this class of algo-
rithms can be found in [2] with the «go with the winnerss> scheme, in [13,21]
in the context of the approximate counting and in [10,11,14] in a more general
setting.



Nevertheless, in practice the trajectory splitting method may be difficult to
apply. For example, the case of the estimation of the probability of a rare
event in random dynamical systems is more complex, since the difficulty to
find theoretically the optimal B;. Furthermore, the probability to reach B;
varies generally with the state of entrance in level B; ;. But it is not always
the case e.g. for Markovian models (like diffusions).

A mathematical tool well adapted to study this type of algorithms is the
Feynman-Kac approach developped in [11]. Asymptotic results are derived,
such as LLN, CLT, and Large Deviations principles; in particular asymptotic
variance of the estimator of the rare event probability is given. Non asymptotic
results such as uniform Lp mean error bounds and exponential concentration
inequalities with respect to the time horizon can be also found in this relevant
book. Getting precise confidence intervals is more challenging. Nevertheless, all
these algorithms lie on a common base, simpler to analyse and called branching
splitting model. In this technique, interactions between particles are avoided
and its relative simplicity allow us to derive precise results (Chernoff type
bound of the estimator) and to have better knowledge and understanding on
splitting models in general. We must precise here that we consider only one
dimensional models as introduced in Garvels [15] or in a more refined version :

the RESTART method [30, 31].

In the branching splitting technique, make a {0,1} Bernoulli trial to check
whether or not the set event By has occured. In that case, we split this trial
in Ry Bernoulli subtrials, and for each of them we check again whether or not
the event B, has occured. This procedure is repeated at each level, until A
is reached. If an event level is not reached, neither is A, then we stop the
current retrial. Using N independent replications of this procedure, we have
then considered NR; ... Ry, trials, taking into account for example, that if we
have failed to reach a level B; at the i-th step, the R; ... Ry, possible retrials
have failed. Clearly the particles reproduce and evolve independently.

An unbiased estimator of P(A) is given by the quantity

Ny

[J—
NIIY, R

(2)
where Ny is the total number of trajectories having reached the set A. Consi-
dering that this algorithm is represented by N independant Galton-Watson
branching processes (Z, ), as done in [23], the variance of P can be then deri-
ved and depends on the probability transitions and on the mean numbers (m;)
of particles successes at each level. Lead by the heuristic presented in [30,31],
an optimal algorithm is derived by minimizing the variance of the estimator
for a given budget (computational cost), defined as the expected number of
trials generated during the simulation, where each trial is weighted by a cost
function.



The optimization of the algorithm (Lagnoux [23]) suggests to take all the
transition probability equal to a constant Fy and the number of splitting equal
to the inverse of this constant. We then deduce the number of thresholds M
and finally N is given by the cost. This result is not surprising since it means
that the branching processes are critical Galton-Watson processes. In other
words, optimal values are chosen in such a way to balance the loss of variance
from too little splitting and the exponential growth in computational effort
from too much splitting.

Now, we are interested in the study of the precision of this algorithm by
deriving an upper bound to the quantity

P(|P —P(A)[/P(A) > a) (3)

The Chebycheff’s bound being too crude, we will use the Chernoff type bound
based on the Laplace transfom of the normalized Galton-Watson branching
process

W1 == ZM+1/E(ZM+1)-

We therefore need to get estimates on the Laplace transform of Wy, ; which
depends on the n-th iterate of a function . In practice, the optimal number
of thresholds M is not very large and therefore asymptotic estimates may
not be accurate. That optimal number being derived from these bounds, a
numerical approach would be unworth too. Hence we want to derive explicit
upper and lower bounds for a given number of thresholds. For an asymptotic
analysis of the branching splitting model, the reader is referred to Glasserman
et al. [16,17].

In this paper, precise estimates are derived using the following technique :
instead of a single bounding function for v, several ones are used to obtain
sharper upper and lower estimates. These bounding functions are chosen in
the low dimensional Lie groups of the homographic and affine functions. The
higher the dimension of the Lie group, the more precise is the approxima-
tion since the dimension describes the number of parameters to adjust the
function with. Unfortunately, we did not find higher dimensional Lie algebras
of monotone functions (necessary property to iterate merely the inequalities
obtained). The interest of using such functions lies also in the fact that their
iterates can be explicitly computed. This technique leads to accurate bounds
on the probability (3) (see Proposition 1).

In practice, the adjustment of P; close to the optimal value may be done du-
ring a first phase. The proportion of the cost devoted to this learning part
will be the topic of a forthcoming paper (see Section 7). But it soon appears
that, even in the case of P;’s close to optimals, the fact that the number of
replicas is not an integer destroys rapidly the accuracy of the algorithm : in
such a case, one can take R; equal to the closest integer (k or k + 1) of the



Upper bound sensibility in m for P=10"° and Co=10°
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FIGURE 1. Sensitivity of the bounds in m for different values of «

optimal value R but whatever the choice we have made, the criticality of the
Galton-Watson process will be lost and the loss of precision is significant, see
Figure 1 and Tabular 1.

P(A) =3.510"" and C = 10®

P(A) =5.107"" and C = 10®

Variance Laplace Variance Laplace
Optimal m =1 0.05080 0.03948 0.04938 0.03835
Supercritical case : m = 1.111 | Subcritical case : m = 0.909
Deterministic
R; = [R] + 1p_[r)>05 0.05702 0.04428 0.05428 0.04215

TABI1. Length of the 95% confidence interval given by the variance and the
Laplace transform

This paper is concerned with the study of different ways to overcome this
problem. Lead by [2], we choose at random the sampling number with the
hope of improving the simulation. In a first model (Randoml), we sample a
Bernoulli random variable R; on {k, k+1} for each particle having reached level
i started from level i-1 and we decide to adjust p := P(R; = k) such that m =
1. A second model (Random2) consists in sampling a random environmental
sequence (Ry, Ry, ..., Ry) of M ii.d. Bernoulli random variables R; on {k, k+
1} with common parameter p, derived by the same previous optimization
approach with an additional constraint (the link between the expectations
of R and its inverse). However, this problem is more complex and needs an
approximate solution. Results are presented in Proposition 3 and in Tabular
2.



P(A) = 3.5 107" and C = 10® | P(A) = 5.10~! and C = 108

Variance Laplace Variance Laplace

Optimal m=1 0.05080 0.03948 0.04938 0.03835

Supercritical case : m = 1.111 | Subcritical case : m = 0.909

Deterministic

R; = [R] + 1p_[r)>05 0.05702 0.04428 0.05428 0.04215
Random 1 0.05134 0.03990 0.04990 0.03878
Random 2 0.05388 0.04026 0.05235 0.03910

TAB2. Length of the 95% confidence interval given by the variance and the
Laplace transform

Remark that Random 1 provides the closest results from the optimals.

1.2  The results

Using the technique based on low dimensional Lie groups, described in section
1.1, we shall prove the following precise estimates :

Proposition 1 For a given cost C, there exists a generic constant ay such
that for a < ag,

> Ca? m— 2
. <|P ~B(A)] a) _ oo { st (i)'} for mA1

Ca?P, 1 _
2exp {_8(1—P0)h0(P0) (M+1)2} for m=1

The value of cy will be given in Section 3.

Remark 2 For large value of M, the bound of (3) then behaves like



CQ2P0 1
QGXP{_S(l—PO)h(PO)mM”} for m>1

CQ2P0 1
2eXp{_8(1—Po)h(P0) (M+1)2} for m=1

COA2P0 M
2eXp{_8(1—P0)h(P0)m } for m<1

With (13) and (10) in Section 2, we obtain the following gaussian bound

2exp (%%) (4)

Considering R as a random variable in the two ways described in Section
1.1 and using the same type of techniques we get

Proposition 3 (1) Sampling at each success
There exists generic constants co and oo such that for a < as

P(% - O‘) = %Xp{‘@fizgi <M—1H>2}

where co 1 a constant depending on p and k.

(2) Sampling a random environment
There exists a generic constant as such that for a < as

P — P(A)| o 1 ¢
F (71@(/1) = a) =2k <eXp {_8(1 —P) T, 6.6 }>

where &g = Py, & = R Py fori=1... M, éz%%.

The paper is organized as follows. Section 2 recall quickly the general settings
of the branching splitting model. We obtain, in Section 3, estimates on (3)
and their sensitivity in m. In Sections 4 and 5, the two random models are
studied and we derive precise estimates on (3). Section 6 presents a numerical
illustration. Finally in Section 7, we conclude and discuss the merits of this
approach and potential directions for further researches.



2 Settings of the branching splitting model

As said in Introduction and following [23], we consider N independent Galton-

Watson branching processes (Z),>0, i = 1,..., N where for each i, Z(") is the

number of particles derived from the i-th particle (Zo(i)zl) that have reached
the level B,. Then, letting R; the sampling number at level i,

~

P = Z](\Z4)+l

N
B, where P,— 21 5
; R Ri... Ry (5)

1
N
To lighten notation, we will consider only the case N = 1 in the following,

i.e. we will consider the process (Z,)n>0 with Zy = 1. We have the following
recurrence relation

Zn
T =3 XY (6)
j=1

where for each n, the random variables (X{/));>; are i.i.d. with common law
a Binomial distribution with parameters (R, P,41) for n > 1 and a Ber-
noulli distribution with parameter P, for n = 0. Let introduce the following

quantities
m0:P1> mn:RnPn-‘rla n21a"'>M+1a

which are the mean number of particles success at each level. Then

~ 1 Zna
P=—"°=PA)———— 7

According to (6), we obtain that E(Z,41]|Z,) = m,Z,, so using this relation
repeatedly, we find that E(Z,,+1) = [I/_, m;. Introducing the random variable
W, = Z,/E(Z,) gives the new expression

P =P(A)Wys1 (8)

from which, we easily deduce that the estimate P is unbiased. Integrating NV,
the variance of P is given by

2 M 1 _ p
var(P) = P(;é) Z 1= Fip )

Z.:Omo...mi

(9)
The minimization of the variance of P(A) for a given budget C' defined by

M

i=1



leads to the optimal parameters of the algorithm given by [23]

P =PF, i=1,...,M+1,
m; =1, i=1,..., M,

N =C/[(M+1)h(R)],

M = [logP(A)/yo],

where 1y is the solution of some equation which depends on the unit cost
function h. It means that the branching processes are critical Galton Watson
processes. The reader is referred to Harris [19], Lyons [24] and Athreya and
Ney [5] for more details on Galton-Watson and branching processes.

Remind the goal of this paper is to study the precision of the algorithm by
deriving an upper bound to (3) that decomposes in two probabilities itselves
bounded by

P (}A’ > (1+ a)IP’(A)) < exp {N}gfo [logE (6UWM+1) —u(l+ a)} } . (1)
P (ﬁ <(1- a)IP’(A)) < exp {N%Efo [logE (e“WM“) —u(l — a)} } . (12)

Thus precise estimates of the Laplace transform of Wj,.1 need to be derived.
In the following, we consider our model with all the P;’s equal to a constant F
and all the R;’s equal to R ; but m = RF, could be different from the optimal
value 1. From (9) and (10), remark

1 1) w for m ;é 1
W, = g2 — (PO (m—=1)m™ ’ 13
var(Wari1) =034 {(%0—1) (M+1) for m=1, 9)
and
mMFl_1
o VNP for m# 1 (14)
Nh(Py)(M +1) for m = 1.

3 First model : taking R deterministic with m # 1

3.1 The model

Throughout this section, we consider the branching process associated to the
splitting algorithm in the case R deterministic with m # 1 and we aim at
deriving relevant confidence intervals.



Note the generating function of Zy;, 1 is Pyf°M(s) + 1 — Py where f(s) =
(Pys +1 — Py)E. To lighten notation, we denote the n-th functional iterate of
a function f by f,.

Letting ¢ (u) := log (f(e*)) = Rlog (Pye" +1— P) and h(u) = exp(u), we
observe that ¥ = h™'ofoh; thus ¥;11 = h~'ofir410h and the Laplace trans-
form of W41 becomes

u 1 U
E (6uWM+1) — POfM (ePomM> +1 - PO = exp {E’l/fM-H (W)} (15)

As a consequence, (11) and (12) yield to

P —P(A)] R e
P <W > a | <exp {N}LI;%FMH(U)} + exp {N}LE%FMH(U)}

{FJJ\ZH(U) ‘= = a1 (POZM) —(1+a)u
Frra(u) = 5¥arn ( . ) —(1-a)u

3
3
S

Remark 4 Note that for u < 0, E (e“Wn) <1 and so E (e“W) < 1. What
happens for u > 07 We have

VYot (#) = RlogE (e“W"“)

As a consequence, information on Y, 1 (ﬁ) provides us results on the ex-
ponential integrability of W11 and W.

3.2 The Laplace transform of W11

3.2.1 Introduction

Wanting to obtain precise bounds on the Laplace transform of W, given by
(15) (M being replaced by n), we are interested in the behavior of 1,,+1. But
since 1,41 has no explicit expression, we are brought to estimate 1 in a first
step and then to iterate these estimates.

Heuristic for estimating v : instead of using a single function to bound

1, we use several bounding functions to obtain sharper upper and lower esti-
mates. Near the origin, we will use homographic functions and elsewhere affine

10



functions.

For example, for u > 0 and m > 1, near the origin a <good> homogra-
phic function (same value at 0, same first and second derivatives at 0) gives a
sharp upper bound. For large u, we simply use the asymptotic direction. We
get

bu) < mu/(l—%u) for 0 <wu <y
| Ru for uog<u

for ug such that mug/ (1 — 1_2—P°u0) = Ruy.

Tu

Let us introduce h(u;r,y) = %= and g(u;z,y) = wu + y. More generally,
we obtain upper and lower estimates of the following form

h(u;x,y) for u close to 0
g(u;x,y) otherwise

We choose these bounding functions in the low dimensional Lie groups of
the homographic and affine functions. The higher the dimension of the Lie
group, the more precise is the approximation since the dimension describes
the number of parameters to adjust the function with (for example, the k
first derivatives at a given point). Unfortunately, we did not found higher
dimensional Lie algebras of functions having the monotonicity assumption
required to iterate merely the inequalities obtained for . The interest of
using such functions lies also in the fact that their iterates can be explicitly
computed. Obviously
r"u " —1

———— and g,(u;z,y) =2"u+
T puEet gn(u; 7, y) U

ha(us; ,y) =

The problem is that the set formed by the homographic functions and the
affine functions is not a group; so a crucial point will be to determine the
number of iterations corresponding to a change of group.

Heuristic for estimating ), : Since the estimates of 1) have two expres-
sions, we will obtain estimates of ,, with three functions. Indeed, starting
from wu close to 0, we iterate h, starting from u far from 0, we iterate the affine
function g. Nevertheless when u starts from a midle value, we shall encounter
a change of regime as described below.

More precisely, in the case when m > 1 and v > 0 e.g., 0 is a repulsive

fix point (see next section). So starting from u > 0, 1, (u) diverges while n

goes to oo and there are different regimes for the upper estimates :

— if u > ug, we simply iterate u — Ru and the n-fold convolution of 1) is lower
than the n-fold convolution of Ru,

11



1-P,
2

— if u < ug, we start by iterating h (.; m, ) and if fortunately after n itera-

tions h,, (u; m, 1_2P 0) is still lower than ugy then the n-fold convolution of 1) is

lower than the n-fold convolution of A. In the other case, after k iterations,
hy, (u; m, 1_2P 0) is greater than ug then we continue iterating u — Ru. The
value ko appearing in the following lemma corresponds to that change of

regime.

Finally, the estimates of v, reflects that change of regime and have the follo-
wing form

hp(u;z,y) for u close to 0
gn(u;z,y) for w far from 0

au® otherwise

3.2.2  Behavior and estimates of ¥ for m > 1

We plot in Figure 2 9 in the case m > 1. Note that 1 has two fix points : 0
which is repulsive and some ¢ < 0 which is attractive (s.t. () = q).

Proceeding as explained in the previous section, straightforward studies of

Behavior of g for m>1

0 is a repulsive fix point
q is an attractive fix point

y=u

FIGURE 2. Behavior of ¢ for m > 1

functions leads to the following lemmas.

Lemma 3.1 FEstimates of ¢ for u >0 and m > 1

h(u;m, I_ZPO) for 0 <wu<wuyg

Ru  for u > uyg

@b(u)s{

12



mu  for u < v
lu) 2 {g(u; R, Rlog (FR)) for u > v

where ug := 2 and vy := —log (Fy) /(1 — Fy) > 0.

Lemma 3.2 FEstimates of ¢ for u <0 and m > 1. Let

— b such that h (b;m,1 — Fy) < b,
—d:=[g—h(ym,1—R)/(G-D),

- mg = () = mell ),

~ U_o = Rlog (1 — Fy),

- vy = arg,{h (u;m,1 — Py) = g (u;mg, ¢(1 —my))},

vy 1= argdg (w5 ma, (1 —mg)) = o} = G+ (o0 — )/ g

h(b;m,1—Py) for b<u<0
g(u;d,q(1—d)) for g<u<b
q~+h(u—q~;mq,(1—Po)e_%) for us <u < q for some uy <0

<
S
IA

h(u;m, 1_2P°) for vy <u <0
¥ (u) = g (uymg, ¢(1 —mg)) for va <u<w

U_oo for u < vy

3.2.3 FEstimates of 1, form > 1

Theorem 3.1 Estimates of v, foru >0 andm > 1 Let u,,, :== h*! (uo; m, 1_2P°) =
2/[m"(1+02/R)| and v := log R/logm > 1.
Then there exists 6; for i = 0,1 such that

b (u; m, I_QPO) for 0 <wu <y,

.
U (u) < quoR"™ | —m— | for w,n <u<ug

Ry for ug <wu

m"u for 0 <wu < 2%
m

P (u) > 4 R (vg — qg)  for 22 < u < vy
gn (u; R, Rlog Py) for vy <u

13



Proof Upper bound

During the proof we write h instead of h(.;m,
If u<u,,,

-since m > 1, u < h (u) and since h is increasing, u < h (u) < ... < h, (u).
-since U < Uy, hy (1) < ug then

1 —2P0 ) .

mtu
_1-F, mr-1
1 2 U

U (1) = Yn1 (¥ (u) < Yoy (h(u) <00 < hy (u) =

If u>ug, since R>1,ug<u< Ru<...< R andso ¢, (u) < R

If u € [usn,upl, since u < ug, we start by iterating h and since u < h (u)
and u > h; ' (ug), the iterates hy, (u) finally become greater than vy and then
we iterate u — Ru. Let ko such that hy, (u) < wy and hgypq (u) > ug. ko
corresponds to the change of regime and

Uo u
ko:=1lo P T logm — lo 5 logm
v () e )

Letting &g = log <1+1“7‘}30u>/10g m, we get

2(m—1) 0

o (1) = iy (U (1)) < B Mhy (w) < R™ o

.
u
<... < ugRv — 5
(1 + 2(m_°1)u

O
A similar behavior is observed in the other cases thus we will omit their proofs.

Theorem 3.1 allows us to state about the exponential integrabibilty of W,
the limit of W,, as n — 400 :

Corollary 5 The random variable ulW"' is exponentially integrable, indepen-
dently of the value of u, where ~' = 71—1 >1i.e.

E (e“W7l> < +4oo forall ueR

Theorem 3.2 FEstimates of 1, for u < 0 and m > 1. Let
~ Upy = It (bym, 1 — Py) = b/[m™(1+ c2b/R)],

e 1=t (v m, ) = o /[T (1+ 0201/ (2R))],

= VUsxn = grtl (1)2; mg, q~(1 - mlj)) = q~ - (q~ - 'UQ)/mnf

14



= logd/logm and p :=logm/logmyg.
Then there exists o; for i = 2,3 such that

hyp(u;m, 1 — Fy) for ty, <u<0
G+d* ( fpo) (b—q) for b<u<1uun

Y (u) < 1+
gn (u3d, (1 —d)) for §<u<b
q+ hn (u —q;mg, (1 — Po)e‘%) for us <u<gq
by (w; m, 2 ) for vy, <u<0
—q <
U (u) > <1+2§mP01) ) (v1 —q) for v1 < v

9n (Uaman(l mg)) for Ven <u <

U_oo for U < Vey

3.2.4  Estimates of 1, form <1

Proceeding in the same way, we obtain the same kind of inequalities.

3.3 Confidence intervals

Theorem 3.3 Bounds of P ('p];g;‘) > a)

In both cases, for a small enough and m # 1,

p(wza)ghﬁh_

where

e = exp | st (Pater) (VITa - 1)
e () (1-vI—a)

h_ :=exp

Proof All the cases behave similarly : so we just treat the case m > 1 and
u > 0 for example. We have Fyfj ., (u) := Fp4 (Po%) — (14 @) u. Then

inf i, <u>=inf{ i i ), uf i <u>}

ue O,u*7M+1]

15



For u € [0, u, ni11],

u

FJ\JZH (u) < u (1 + ) = oprar (u)

T 1 ofau/2 -

The cancellation of the first derivative of ¢, gives us the minimum of ¢y, :

2 1
Ug = 1-—
‘7]2\/1+1< \/1"'0‘)

which is lower than u, 41 for o small enough i.e.

a< (1 - u*,M+1aﬁ4+1/2)_2 -1

v
For u € [u, i1, o), Fiiy (u) < RM~0qy, <W> -1+ a)u:=

1+2(m71) pom]\/l
¢pr+1 (u) . The cancellation of the first derivative of ¢yr11 gives us the mini-
mum of ¢pryq :

1
_ (14 a) v 1=P N
s={—— P e,
b {’}/UQRM_JO om 2(m — l)u M+

which is lower than w, jr41 for

,
M=5
YuoRM %0 Use M 41
a< IR -1
Use, M+1 Pom™ + 1) Ux. M +1

m

And so the solution leaves the interval.

For u > uy,

Fipyr () < RMu/ (Pom™) —u(l+a) = u [1/P" = (14 a)],

and 1/P*t — (14 «) is positive for M great enough; so the minimum is
atteined in Ug and the solution leaves the interval.
Finally, P (P > P(1+a)) is bounded by

N N 1 1— 2
exp{EFfV’[H(us)}:exp{— M1 o (\/1+a—1) }

R1-P," 1= mM

and we get the result from (14). O
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Theorem 3.4 For m =1 and a small enough, we have

1P —P(A)|
p(E— W ) < 3
(Fecy zo) <o
where

2

R 2C 1
g1 1= XD\ ~ it are (VIFa - 1)
2

A C 1
9- = exp | ~mymmare (L VI-a)

We check that this bound is better than the one for m # 1.

The next corollary follows from Theorem 3.3 and provides us an exact up-
per bound of P (\P —P(A)|/P(A) > a) involving the variance of W4, that
we might compare to (4), the approximate one obtained in the Introduction.

Corollary 6 For o such as in Theorem 3.3,

P(LoEA s o) conm -5 (1-5))

Proof By Theorem 3.3, the definition of N and (13), we deduce that
P (|}3 —P(A)|/P(A) > a) is bounded by

2N

exp {—m (Vita- 1)2} +exp {—Var(N

ity (Vo))

ButforaSQandsince\/1+oz§1+%and\/l—ozgl—%,

2 «
(Vita-1) =g n s>

1
(1-vi )2— a > 2(1+O‘)> 2(1 O‘)
4 Ty At i—a- 4 2) =1 2

that leads to the corollary. [

Proposition 1 and Remark 2 now follow from the previous theorems, using
the same kind of argument as in Corollary 6.
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3.4 Numerical illustration

Comparison of the bounds for P=5*10"° and Co=6*10

Comparison of the bounds for P=10"** and Co=2*10°
T T T T

o
=3
S

Value of the majoration

0.03-

? o N o o o & o & & & & &
0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.05 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.
Value of alpha Value of alpha

1. Supercritical case 2. Subcritical case

FI1GURE 3. Upper estimates for m # 1

We plot in Figure 3 the different bounds using :

— the variance,

— the Laplace transform in the optimal case : m =1,

— the Laplace transform in the other case : m # 1,

in two different cases

— for P(A) =5 1072 and C' = 6 107, then m=1.055 (supercritical case),
— for P(A) = 107" and C =2 108, then m=0.924 (subcritical case).

4 Second model : sampling at each success
4.1 The model

Let £ € N such that k = |1/F]. We decide here to allow R to vary. More
precisely, each time a particle reach a higher level, we generate a realization
of a Bernoulli random variable R whose parameter p = 1 — ¢ will be derived
by the same optimization scheme as used previously. Let £ = RF,.

Here the estimator chosen is given by :
L PA) Y 1 XLz, P(A) XL 7

P = Wi — +1 M+1
N ; M+1 NZE(ZM+1) N Z POE(f)M

i=1 i=1

18



4.2 The variance and its optimization

4.2.1 Study of the variance

Proposition 7 P is trivially an unbiased estimator and its variance is given

by
~ P(A)? l( 1 ) Moo var(¢) &1
var(P) = ——1 -+ . 16

O="5 \m ) S e RO S e
ProoAf First of all, var(P) = P(]‘?,)ZW var(Zyr4+1). The calculation of
var(P) then amounts to the calculation of var(Zys41).
Note that for all X random variable and F filtration,

var(X) = var(E(X|F)) + E( var(X|F)) (17)

Applying (17) to X = Zyy1 and F = o(Z)) and then to X = X, and
F = 0(Ryy), and since X} ~ Bin(Ry, P), we get

var(Zap 1) = Var(i Xi)) = var(ZuE(Xarl Za)) + E(Zar var(Xar Zar))
=E(Xy)? var(ZM) + Var(XM)E( )

—E(&)? var(Zu) + var(§)E(Zus) + <1—P0>E<5>E<ZM>

By a recurrent descent,

M:

M
var(Zyr1) = E(€)*M var(Z,)+ var(¢ +(1-P)E Z 2(M—k)

k:l

But var(Z)) = Py(1 — Py) and E(Z;,) = PE(£)*1, and so we finally get the
result.[]

4.2.2  Optimization of the parameters

As done in Lagnoux [23], an optimal algorithm is chosen via the minimization
of the variance of P for a given budget C, keeping the optimal values for M
and Py. The (average) cost is now

C = NW(R) L E(E) + NRH(1) X B(e) (1)

1=0

19



Neglecting the cost introduced by the generation of the random splitting num-
bers at each success, we assume, in the following,

C'=Nh(Po) Y E©), (h(1) < h(F)). (19)

=0

Suppose E(£) # 1, then the variance can be rewritten as

L P(A)? 1 var(€) \ &1 var(¢)
var(P) = N KFO -1+ POE(§)> ; E(£) B POE(f)]

P(A)? 1 var(§) 1 E©OM -1 ~ var(§)
N KP bt POE(§)> EQY E(E) —1 Poza(s)]

and the cost has the following form

E(f)M+1 -1
C=Nh(Py)—————
The optimal value of N is given by the cost
¢ E@¢-1

N = aE E©MT 1

and we have to minimize the expression

P EOM L[ var©)) 1 E©Y -1 vare)
P ="Cp, E(©) 1 Kl ot E@)E@M EG -1  EE

h(Fo)

whose principal term is

P(A)? 1 [E@E)M+ —1]?
R, h<P°>E<£>M[ E() — 1 ]

which is minimal for E(§) = 1.

4.2.3  Confidence interval

From now on, we take m = f'(1) = E(£) = Py(k + ¢) = 1 which is equivalent
top=1—¢q=1-9. Here the generating function of the reproduction law is
given by

f(s) = (Poe" + 1 — Po)*(Poge” + 1 — Poq) = exp {1(log s)}

Remark 8 That form reflects the fact that R is randomly chosen between k
and k + 1 following the parameter q.
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Since log(FPys +1 — Fy) < k%q log f(s) and m =1,

1 = 1 “
E (euWAI+1) Sexp {mlog fM-i—l(ePO)} = exXp {k—_‘_qu-i-l (F())}

Using again the Chernoff’s bounding method,
. . + . —
“PA) 204) = exp {N}LI;%FMH(U)}+exp{Nir<1f0FM+l(u)}

{FJJ\ZH(U) = k%q?ﬁMH (%O) —(1+a)u

Fypa(u) = %ﬂwM-i-l (p%) —(l-a)u

Once again we are interested in the Laplace transform of W), which leads
to study the behavior of the iterate of the function .

4.3  The Laplace transform of W, 14

Let 5 :

= [k(1 = Py) + q(1 — Pyq)] /(k + q). We will proceed as explained in
Section 3.2.1.

1

4.8.1 Estimates of ¢

Lemma 4.1 FEstimates of ¢ for u >0
There exists ug > 0 such that

o () < h(u;l,g) for 0 <wu <wug
= (k+Du for u>uy

Lemma 4.2 FEstimates of ¢ for u <0
There exists u® < 0 such that

¥ () < h(u;1,8) for u<u

21



4.8.2  FEstimates of ¥y,

Proposition 9 FEstimates of ¥, for u >0
Let u, == hyH(ug; 1, 2).

) Ly 9
o () < Sug(k+1)" 5% 7%) for u, < u < ug
(k+1)"u for up <u

h, (ul ) for 0 <wu < wu,

Proposition 10 Estimates of 1, for u <0

U (u) < hp(u;1,8) for u < u’
4.4 Confidence interval

Finally, as in the deterministic case, we deduce

Theorem 4.1 For o small enough, we have

P(w Za) <hoth (20)

where

— 2C
hs = 5P\~ G prme o (VI @ )

o c —/
h_ = exp "~ (k+q)B[h(Po)+Poh(1)M/(M+1)] (M+1 ( L= )

The first part of Proposition 3 follows from Theorem 4.1 using the same kind
of argument as in Corollary 6 and provides better results than the results of
the previous section since here we obtain an upper bound in exp{ o7 +1 ——} like
in the optimal case.

5 Third model : sampling a random environment

5.1 The model

Here we decide to sample a random environment described by (Ry, Ra, ..., Ry)
at the beginning of the simulation, to keep the optimal values of P; and M and
to optimize the algorithm in E(R). More precisely, let r; = {R(l ] oMY
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for i = 1...N N sequence of i.i.d. Bernoulli random variables {k,k + 1}.
r; is said to be the i-th <environmental> sequence. Given that environ-
mental sequences, we consider N independent branching processes (Z1),,>o,
1 =1,...,N in the same way as in the deterministic case except that each
R; is a random variable associated to a random generating function (g.f.)

fi(s) which represents the offspring’s distributions in j-th generation with
fj(S) = (P()S +1-— P(])Rj.

(Z,) is now a Branching Process in Randon Environment (BPRE).

As in usual case in random environments, we should be careful to distinguish
the alea coming from the environment and the one from the process itself.

Since to each (Z{)),<pi=1...N of the N > 1 initial particles we associate a
random environment r;, the N initial particles reproduces independently one
from each other. As a consequence, we can rewrite P the estimator of P as
the sum of N independent branching processes :

1Y . pAY. zZV P(4) &
— NP = o W
N - N Zgogl...gM N ; M+l

=1 =1

P =

where & = R; Py is a random variable for all ¢ = 1... M ; and we aim at mi-
nimizing its variance for a fixed effort to derive the optimal parameter for R.

Some general results on BPRE

For more general background and details on BPRE, see for instance Athreya
and Karlin [3,4], Guivarc’h et al. [18], Smith and Wilkinson [27] and Tanny
[28]. Suppose now that r = {r;, j > 0} is a general sequence of i.i.d. random va-
riables that determines the succession of offspring g.f.’s { f;(r;; s),j > 0},iid.,
in a BPRE. Let us recall that, in complete analogy with the classical Galton-
Watson process, a Galton-Watson process in random environment is sub-
critical if E (log fi(1)) < 1, critical if E (log f{(1)) = 1 and supercritical if
E (log f3(1)) > 1. Moreover, in the subcritical and the critical (resp. supercri-
tical) cases the probability of extinction given the environment r is one (resp.
q(r) € [0,1]). Nevertheless in the critical case, under the assumption of a finite
third moment for the random variables X,,, the asymptotic conditional dis-
tribution of Z,/E (Z,|Z, > 0), given that Z, # 0, is exponential, expressing
the extreme character of this event for large n. In the supercritical case, W,
converges to some random variable W non-degenerated.

23



5.2 The variance and its optimization

5.2.1 Study of the variance

Proposition 11 Pis trivially an unbiased estimator and its variance is given
by

var(P) = P(fvl) (%0 - 1) >k (%) (21)

Proof First of all, var(P) = Lj’é)z var(Wys1). The calculation of var(P)
then amounts to the calculation of var(Wjri1).

Applying (17) to X = Wy4q = Pj_][”ﬁg_ and F = o(Zy,r) and since Wy, is
=15

a martingale and X%, ~ Bin(Rys, Py), we get

var(Wyr1) = var(Wy) + E <[ 1

m var(Zyr1|o(Zu, 7’»)

= var(Wy) + var(Xy|o(Zu, 7“)))

YAY:
EQ%HM@A

= var(Wy) + Ry Fo(1 - Po))

YAY:
EQ%HM@A

W,
= var(Wy) + (1 - R)E <Po HAA//[[1 §Z>

By a recurrent descent,

Wi,
W _ Wo)+ (1—Py)> E
var(Wars1) = var(Wp) 0 ,;] (Po I, 52)

It remains to compute the expectation of which is derived by induc-

0H117’

tion and at step k£ we have

W, 1 /1\"
E(——F = _g(:= 922
(i e) = = e) 22

Clearly the formula holds for £ = 0 : E (%}) = Pio. To go from k — 1 to k,
assume (22) for k — 1.
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We \_p(_ %
: <m> =k <[P0 | iy fi]szE(Xk_l‘a(Zk—h 7")))

W1 W1 1
L A s S R 1 A S B o
<P0Hf:15z’> <P0Hf:_11§i> (f)

since the R;’s are i.i.d. And we finally get the result using the induction’s
hypothesis.[]

5.2.2  Optimization of the parameters

As done in Lagnoux [23], an optimal algorithm is chosen via the minimization
of the variance of P for a given budget C', keeping the optimal values for M
and FPy. The (average) cost is now

C=N lh(PO) ZjE(g)" + Mh(l)] (23)

Neglecting the cost introduced by the generation of the random environment,
we assume, in the following,

M
O =N [PV LB |, 000) < 1) 1)
i=0
Once the trivial cases have been isolated, we can suppose E(R) # Plo and

E(%) # P, then the variance can be rewritten as

and the cost has the following form

E(S)M'H -1
¢ h(Fy) E@E) -1
The optimal value of N is given by the cost
¢ E@¢-1

N = R R 1

and we have to minimize the expression

o P(A)? LV E@QYT LR -1
var(P) = c h(F) (Fo - 1) Ié(%) —1 E(&) -1

under the constraint E(R) = 2k+1—k(k+1)E(%). To lead the analytic study,
suppose that 1/Py = k + 0 with 6 €]0, 1] and let
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- qu(&)—landU:E(%)—l,
_ (k+9)?
= k(D)

The constraint becomes v = o — pu and by Lagrange multipliers, we finally
need to solve

F(M,u) = pF(M,v) (25)

u M u—
where F'(M,u) = (li(l)Jru()%“i)lJ}rl‘

Remark 12 Note that u and v depend on M and lie in the following intervals

[— 755, 3] and [—53, 4] respectively.

We may only state asymptotic results.

Proposition 13 Asymptotically in M, we only have three solutions :
~—u—u=0andv— v =«

fUﬁuQ:%andv—w)g:O
,uﬁugz%ﬁandvﬁvsz%ﬁ—l

Proof e Suppose first that « and v do not converge to 0 when M — +o00. So
we have three cases to analyse (the case u < 0,v < 0 is not worth to consider
since E(1/R)E(R) > 1) :

~u<0andv >0

—u>0andv <0

—u>0andv >0

Case 1 : If u < 0 and v > 0 (or symetrically v > 0 and v < 0), since u does
not converge to 0, there exists a subsequence of u such that u < —e VM. Then
asymptotically in M, (25) is equivalent to

1 M
u—pl—i-v

which is absurd since v # —1 and u does not converge to 0.

Case 2 : If u > 0 and v > 0, in the same way, there exists a subsequence
of u and a subsequence of v such that u > € and v > e. Then asymptotically
in M, (25) is equivalent to

M M
1+u "1+
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And given the constraint, © must necessarily converge to HTO;_B and v to ﬁgﬂ

Since the sequence u has only one adherence value and lies in a compact, it

converges to uz = H%p_” and similarly v converges to vs = %’H. To guaran-
: ko17._
tee u >0 and v > 0,  must be in [;75;, 5] == [01, da].

e Suppose now that u converges to 0 when M — 4o00. We have two cases
to analyse : Mwu bounded or not.

If Mwu is not bounded, we can extract from Mwu a subsequence which diverges.

Then . .
1 - Mu + Mu(1+u)M 1 1

F(M,u) =
and thus (25) is equivalent to

1 M
u(1 +u) Ty

which is absurd.

So Mwu is bounded and we can extract of Mu a subsequence which converges
to 0 or to a constant C;. In the first case,

eM(Mu—1)+1 1+ Mu)(Mu—1)+1

~ M
u(eMv —1) u(l+ Mu—1)

F(M,u) ~

and (25) is equivalent to
M
14w
which is absurd since v > —1. So the subsequence of Mwu converges to a
constant C; that solves

M=p

601(01—1)+1 o P
Ci(eCr —1) 1+a

Let f(z) = % — 12Z. Note that f is strictly increasing, converges to
1—1+La > (0 when z — 400 and to _1+La < 0 when  — —oo for § < d,. So
is defined uniquely and then the sequence Mwu has only one limiting point and
lies in a compact, so it converges to C, u converges to u; = 0 and v converges

to v1 = a.

Symetrically we get the equivalent result for v : it converges to vo = 0 and u

converges to uy = %. 0

Remind that we want to determine the minimum of the variance of P.
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Proposition 14 Let 6y := VE(VE + 1 — Vk). Then asymptotically in M,
—if 6 € [0, 0], (u1,v1) minimizes the variance,
—if § € [do, 1], (ug,ve) minimizes the variance.

Proof Let 8 = %zh(Po) (P% — 1) and for i = 1,2, 3,

[1 + Ui]M—H —1 [1 + ’UZ']M—H —1

Uy (%

var; = 3

First of all, compare var; and vars. For i = 1,2,

eMFDHCi=1/M) _ ][] 4 g M+1

var; ~ (3
‘ U; U; C; (%

Thus

var; €1 —1 Cy uy <1 +vl>M+1
vars 4 e“2 — 1 v1 \1 4 uy

But 4% < 1o 6 < 0y := VEk(Vk+ 1 —Vk). As a conclusion,

14+usg

var; < varg < 0 < dg

Then note that vars is not defined on [0, ;] U [d2, 1] and Jy trivially belongs to
101, 02]. Consequently, for § € [d1, do], it is sufficient to compare

— vary and varz on [dq, &),

— vary and vars on [y, da).

M+1 P
c 4L
vary e~ —1 usvg 1+« 1+« Tfa
But _—~ M7 4,0(1+a+p)2 - and 4p(1+a+p)2 = TFay < 1.

Thus L —— (0 and var; < varz asymptotically in M. In the same way,
vars A oo

5.2.3  Confidence interval

By analogy with the deterministic case, we are interested in bounds on
P (P~ P(A)/P(4) > a)

So let ¢2 (U) = Rz lOg (Poe“ +1-— P(]), fO,i = fOO' . -Ofi and ¢0,i = wOO- . .Olph
taking again §; = R;FPy foralli=1,..., M and & = P,
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1\; M
E (6uWM+1) =F [P0f17M <€Hi—05i> +1 - P0‘| =E |f3Xp {¢O,M (u/ H 62) }‘|
=0
Finally,

P (% > oz) <E (exp {11};% Fﬁﬂ(u)})N +E (exp {irifo F]Qﬂ(u)})N
where
Fip(u) = ¢0M<1_Lof)_(1+a)u

Fypa(u) = vom Hzofz —-1-a)u

And we are interested in the Laplace transform of Wy, ; which leads to study
the behavior of the iterate of the random functions .

5.8 The Laplace transform of W11

5.3.1 Criticality
By simple arguments of convexity,

Proposition 15 Asymptotically in M,
— for all 0 € 10,0y, we are in the subcritical case,
— for all 6 € [by, 1], we are in the supercritical case.

Proposition 16 The critical case is given by p. := P(R = k)

log (747
log (k+1)

and - p > p. < E(log f{(1)) < 0 & subcritical case,
-p=p. < E(log f{(1)) = 0 & critical case,
-p < p. < E(log fi(1)) > 0 < supercritical case.

Pe =

Note that

MY for 6> 6

- 1—-¢6 for 6 <y
pM:)oopa’_
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Let us plot p, and p. in Figure 4 to obtain in a different way the distinction
between the supercritical case and the subcritical one.

SUBCRITICAL CASE

CRITICAL CASE

SUPERCRITICAL CASE

FIGURE 4. Plot p={(d) asymptotically in M

5.3.2  Estimates of Yo

Remind we aim at estimate ¥y = Yo © ... 09y and so we have to iterate

w(l)(U) = k‘lOg(P()6u —|— ]_ — PQ)
and
V@ (u) = (k+ 1) log(Pyet + 1 — Ry)

Heuristic : Whatever the case studied (m > 1, m < 1), we simply use two
bounding functions for 1. More precisely, for example, for u > 0, until some a
(intersection between the lowest homography (m < 1) and the first bissector)
we bound v by the homographic function and then by the asymptotic direc-
tion in both cases.

For u > 0. Let

=kPy<land m® = (k+1)Py > 1,
S, 8 — ) 3t ),
— b+ = h(a+ m®, L 2P°),

- hM-',—l( m(z)’ %)

Following Section 3.2.1 in a simplified version, we deduce

h (u;m(l), %) for 0 <u<at
gu;k,at (1 —k)) for u>at

M (u) < {
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and

2

@ (u) < {

which leads to the following proposition
Proposition 17 Ifay=a™ and for alli=1...

= CL+ ZfRZ:]{Z
“Ulbt if Ri=k+

han(u) for 0 <wu<u*
Yo (u) < giy(u) for ut <u<a"

M Ru+>M, ( s Rj) a; — M, ( o Rj) at for u>at

where

h(u;m(z),l_P‘)) for 0 <u<a"
g(u; k+ 1,07 —at(k+1)) for u>at

M,

1

< () = (&) /1= S2u (1+ 52X, & &) and

ot () —
() = wp. 1= P(0 < hoar(w) < a*)

e For u < 0. Let

—a” = arg, o {h(u;m®, 1 — Py) = u} = lfﬁij),
— b= h(a";mW, 1 - By,

—u” =Ryt (a7 mW 1 = By).

In the same way, we deduce

h (u; m(l)’ 1 — PO) _ mWy
b= for u<a~

M (u) < {

and
h (u; m® 1 — Po) for

2 <
v ) < {b‘ for u<a~

which leads to the following proposition

Proposition 18

o ar (u) for u~
Yo (u) < S gpp(u) for a= <
b= for u<a~

where
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hia () wp. P(0< Ay (u) < a¥)

— for a= <u <0

a <u<0

<u<0

u<u"



oar () =u (I, 6) / 1= (1= Po)u (14 £2, & €ur)] and

~ ) how (w)  w.p. P(bghaM(u)go)
- () = b= w.p. I—P(bgh&M(u)ﬁO)

5.3.8  About random walk on the affine group and consequences
We would like to estimate

P(OghéﬁM(u) ga) for v >0 and P(bghaM(u) §0) for ©u<0
Remind & = R; Py, let v = 1_2—P° and

Tp1(Yo) = &0 - &nYo +0[1+ 20 & &l
Ynt1(Yo) = &o - - Enyo + v[1 + X050 &o - - . &

Random walk on the affine group : Consider the affine transformations
gr(x) = &x 4+ v (z € R) and the random walk (ggo gy 0...0g¢,) on the affine
group. Immediatetly

§00Gga©o...00G,(T) = Ypi1(x)
In©°9gn—1°0...0 go(il?) = $n+1(93)

and

Lemma 5.1 (i) y, = z,,
(1) {0 < hon(u) < a} = {0 < ynya (1/a) < 1/u}
(iii) {b < hoy(u) < 0} = {3 < yns1 (1/b) < 0}

Hence the link between the random walk on the group of the homographic
transformations and the one on the affine group.

Therefore, we are interested in the asymptotic properties of ggogi0...0¢9,’s
distribution which is obviously characterized by the law of . As for the BPRE,
we distinguish three different regimes determined by the position of E(log¢)
with respect to the origin.

For general details on random walk on affine groups the reader is referred
for instance to Vervaat [29], Brandt [9] for the one-dimensional case and to
Kesten [22], Bougerol and Picard [8], Babillot et al. [6] for the d-dimensional
case.
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Subcritical case : E (log¢) <0

First of all, Diaconis and Freedman [12] allow us to state that the backward
process Yo p(u) =g o...o1y(u) converges almost surely, at an exponential
rate to a random limit that does not depend on the starting point u.

Concerning the random walk on the affine group in our particular case (£ £

Ber on {kPy, (k+1)P}), we have by Maksimov [25]
Yn —— v(l1+ D)

where D = "2 & ...&. In general, nothing is known on the distribution of
D except that it satisfies the following functional equation

F(\) = pF (%-1) +(1—p)F<m—l>
with p = P(R = k).

But Kesten [22] gives an asymptotic result on the distribution of D : for
some C' > 0 and some k > 0,

P(D>z) ~ —

- T—00 Ik

Corollary 19 Letting k = —log(p(1 — p))/log(k(k + 1)P}),

1 C
PO <0, P(0+D)<3) o 1Ty

Critical case : E (log&) =0
Maksimov [25] asserts that the distribution of logy,/+/n approaches, as n —
00, the truncated normal distribution for any starting point of the walk.

Corollary 20 Let Z a truncated normal distribution and o = var().

1 0zu? ]2
IP)(O S ho,n(u) S a) ~ IP) <Z S —ﬁlOgu> nN |:]_ — e_lg,,—L:| 2

Supercritical case : E (log&) > 0
Following Maksimov [25], the distribution of (1)!/V7e=MV™ approaches, as n
goes oo, the log normal distribution for any starting point of the walk.
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Corollary 21 Let Z £ N(0,1) and o2 = var(€).

P (0 < hop(u) < a)nw 1e Xp {—Ln [1 log(uv) + E(logf)”

—00 2 202

5.4 Confidence interval

Finally, as in the deterministic case, we deduce

Theorem 5.1 For o small enough,

P(%>a> <Y + AN (26)
where )
he =B (o]~ ST (VITa—1) )
e )
where N = %%. By Jensen’s inequalities,
P za) <o e 1)
where

— 2 1 1E(5 T+ o
g+ = exp { ~ 2 sy ey (VI a— 1)
— 1 1 BE H-1 S
g- = exp |~ s e e (1= V- O‘)

Using the same kind of argument as in Corollary 6, we obtain the second part
of Proposition 3.

6 Numerical illustration

We plot in Figure 5 the bounds given by the Laplace transform in the different
models :

— in the optimal model : m =1 (plain line),

— in the deterministic model where m # 1 (— % — line),

— in the model where we sample a new R at each success (dashed line),

— in the model where we sample a random environment (— — line),

34



in two different cases
— for P(A) =5 107 and C' = 6 107, then m=1.055 (supercritical case),
— for P(A) = 107" and C' = 2 108, then m=0.924 (subcritical case).

c of bounds in the case (for P=5*10" and C =6*10") Comparison of bounds in the subcritical case (for P=10""* and C =2*10%

o
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\
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05 \ 05 —— Integer Laplace
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\
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FIGURE 5. Confidence interval

7 Conclusion

In this article, the relative simplicity of our model allows us to state explicit
results as the Chernoff’s bounds of the relative error between the estimate P
and P(A). Going further in the calculus, using the heuristic presented above,
one can also deduce a central limit theorem and so Berry-Esseen bounds. Then
we study the sensitivity of the Chernoff’s bounds depending on the choice of
the splitting number R in three different algorithms based on the branching
splitting model : when one can not be exactly in the critical case (which
corresponds to the optimal algorithm), the best way to proceed is to consider
R as arandom variable that we generate at each success during the simulation.
Besides, this procedure is currently used in practice, see for example [2].

In practice, we do not know the transition probablities but just empirical
estimation on them, and we can bound to adjust the levels according to them.
In a model where the P; are unknown but belong in some known interval, we
may proceed in the following way :

(1) Choose an arbitrarly sequence (Rgo), Rgo), . .Rg\(/][)) of sampling numbers.
During the first step, sample a packet of 6; yN particles following the
splitting algorithm with sampling numbers RZ(O). Thus empirical estima-

tions (P(l)

; )i:l...M+1 of (P;),_;. 41 are derived.
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(2) Compute the new sampling numbers (Rgl))
algorithm optimization

it B suggested in the

1 1- P
A~ A1 H(1)
PRGN 1P,

)

RW —

During the second step, sample a second packet of thetas yN particles

following the splitting algorithm with sampling numbers Rgl). Thus empi-
. o 5(2)

rical estimations (PZ- )i:l...M+1 (better than the first ones) of (F;),_; 41

are derived.

(3) Repeat that procedure until the budget is entirely consumed.

The goal of this algorithm is to be as close as possible to the optimal algo-
rithm. The precise study of the proportion of the budget to use in each step
shall be the purpose of a forthcoming paper and is not derive straightforward.
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