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EXACT RATES OF CONVERGENCE FOR A BRANCHING
PARTICLE APPROXIMATION TO THE SOLUTION
OF THE ZAKAI EQUATION

By DAN CRISAN
Imperial College

In Crisan, Gaines and Lyons [SIAM J. Appl. Probab. 58 (1998) 313-342]
we describe a branching particle algorithm that produces a particle approx-
imation to the solution of the Zakai equation and find an upper bound for
the rate of convergence of the mean square error. In this paper, the exact rate
of convergence of the mean square error is deduced. Also, several variations
of the branching algorithm with better rates of convergence are introduced.

1. Introduction. Let (2, ¥, ¥;, P) be a filtered probability space on which
we define a pair of stochastic processes satisfying the following (d + m)-
dimensional system of stochastic differential equations

(D dX; = f(Xp)dt +o(X,)dV;,

where V = {V;, F;t > 0} and W = {W,, F;t > 0} are mutually independent
n-dimensional, respectively, m-dimensional standard Brownian motions. Let
7; be the conditional distribution of the X at time ¢ given the o-field Y, £
o(Y;,0<s <t). Then m; is defined so that

@) 2 [ e@m@n = Ele(olt). Pas,

for any bounded measurable function ¢. One can prove that m; has an un-
normalized version that satisfies the linear stochastic partial differential equation
(cf. [20]; see also [12] and [17])

t t
3) (@) = 0(9) + fo pe(Ag)ds + fo pe(h*p) dY,.

In (3), h* is the row vector (41, ..., h;;), A is the infinitesimal generator associated
to X and ¢ is an arbitrary continuous bounded function belonging to D (A), the
domain of A.

In [4], we describe a system of moving and branching particles whose empirical
distribution at time ¢, denoted by Uy (¢), converges almost surely to p;. Further,
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694 D. CRISAN

we find the following upper bound for the rate of convergence of U (¢):

<)
N

where ¢(¢) is a constant independent of N and E is the expectation with respect to a
probability measure P absolutely continuous with respect to P [as defined in (6)].
Intuitively, the component particles explore the state space following the law of
the signal. Successive branching steps are added to gradually incorporate the new
information (the observation Y) into the system. The branching procedure also
reduces the variance of the system by removing particles with unlikely positions
given the accumulated information and multiplying those that stay on the right
track, thus speeding up the convergence to p;. However, in [4], we leave a number
of questions unanswered.

First, based on numerical experiments, the branching particle approximation is
superior to the Monte Carlo approximation, that is, to the approximation given by

E[(UN®), ¢) = pi(9)’] <

1 N
On =~ > i (Vi(0)8v, ).
i=1
where Vi(t), ..., Vn(¢) are independent realizations of the signal process X; and
the weights w; (V;(¢)) are defined as

t t
wi (Vi) =exp( /0 *(Vi(s) dYs — b /0 ||h<v,-<s>>||2ds).

Here, the accumulated information (the observation Y) is incorporated into the
system only at the end of the procedure by attaching weights to the particles,
weights that depends on Y. The motion of the particle is not influenced by the
observation Y. It is universally accepted among practitioners (cf. e.g., [7]) that the
(raw) Monte Carlo method is vastly improved when linked up with some sort of
variance reduction procedure. The general term used for such a reduced-variance
Monte Carlo method is that of a sequential Monte Carlo method or a particle
filter. The algorithm based on the above construction is a member of this class
of methods. It is easy to check that (see Section 5)
_col(t)

) E[((On (1), ¢) — pi(@)’] = o

where cg(?) is a constant independent of N. Furthermore, in [14] and [15], the
authors prove that an upper bound of the same order holds true in a very general
setup. So, apparently, it seems that the Monte Carlo approximation offers, at least
theoretically, better rates of convergence, a fact that contradicts the numerical
results.

Second, in contrast to the continuous case, if the branching algorithm is set up in
a discrete-time framework, then both methods (Monte Carlo method and branching
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method) have the same order of convergence (see [3]). Is there something that
changes in the continuous-time setup and makes the branching method converge
slower?

Third, the convergence proof in [4] does not say anything about the way in
which the corrective branching procedure actually improves on the Monte Carlo
method. In other words, the intuition does not get translated into the mathematics
of the proofs at all. Moreover, the whole philosophy behind the proof in [4] is
fallacious, as it represents the branching algorithm as a perturbation of the Monte
Carlo approximation.

In this paper, we give a (partial) answer to the above questions. In the following,
we determine the exact rates of convergence for the branching algorithm. That is,
\ive prove that, if the length of the interbranching times is (of order) 1/N>*, where

§<a<1,then

5) Jim N'CE[(Un (). ¢) = pr(9)) ] = ).

Moreover, if ¢ is chosen to be a branching time for all N, then (5) holds true for
0 < a < 1. Hence, the branching method will have a slower rate of convergence
as long as the interbranching times are taken to converge to 0.

However, if the interbranching times are fixed (independent of the number
of particles), then the exact rate of convergence of the branching algorithm is
indeed of order 1/N, just as the rate of the Monte Carlo approximation, and
it is a safe conjecture that cg(f) increases exponentially faster than c(¢). In all
numerical experiments, the interbranching times are fixed, the reason being that the
observation Y does not arrive in a continuous manner, but at discrete intervals and
branchings occur only at these arrival times. By contrast, the number of particles
can be increased as much as we want or, more likely, as much as the computer
hardware constraints permit us to do so.

Finally, the analysis in Section 4 is fundamentally more refined than its
equivalent in [4]. It hinges on the unexpected representation formula (23) of the
variance of the branching mechanism in terms of the local time(s) of an exponential
martingale.

The paper is structured as follows. In Section 2, the proper theoretical
framework for the filtering problem is set up. Then, in Section 3, we review the
construction of the branching particle system presented in [4] and state some
preliminary results that are proved in [4]. In Section 4, we prove the main result
of the paper, that is, the asymptotic rate of convergence of Uy, and in Section 5,
we present several variations of the branching algorithm with improved rates of
convergence.

2. Filtering framework. In the following, we will assume that f:R? — R4
and 0 :RY — L(R", R?) ~ R™ are globally Lipschitz and that X is a square-
integrable, ¥yp-measurable random variable, independent of V and W. Under these
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conditions, (1) has a unique solution. We will also assume that h = (h;)?;:
R? — R™ is continuous and bounded and Yo = 0. The process X is usually called
the signal process and the process Y is called the observation process.

The filtering problem consists of computing 7;, the conditional distribution
of the signal at time ¢ given the observation accumulated in the interval [0, ¢].
As already stated, m; is the conditional distribution of the X; given the o-field
Y, =0(Y;,0<s <t). Letalso Y be the total observation o-field, Y 25(Y,0<
s < 00). We note that 7t coincides with the initial distribution of X (as Yy = 0), so
we will use the same notation for both. One can prove that the (random) probability
measure 7, satisfies the Kushner—Stratonovitch equation (cf. [9] and [16]; see also
[1] and [18])

() = o) + /0 7,(Ag) ds

t
+ /0 (2 (0h*) — 73 (@)1 (W) (dYs — 75 (h) ds),

where h* is the row vector (k. ..hy), A:Cy(RY) — Cp(R?) [Cp(RY) is the set
of real-valued continuous bounded functions defined on R9] is the infinitesimal
generator associated to X,

52

1 d d
A Zfl 5 Z Z OikOkj 5o a a
J :

and ¢ is an arbitrary continuous bounded function belonging to D (A). As stated
in the Introduction, 7, has an unnormalized version p,, which satisfies (3), called
the Zakai equation. The standard way to arrive at p; is as follows. First, we define
a new probability measure P absolutely continuous with respect to P:

(6) P(A)=E[14Z,] forallAeF;, >0,

where E[-] is the expectation with respect to P and Z = {Z;, F;;¢t > 0} is the
exponential martingale

t t
) Z, =exp(— /0 (X dW, — 1 /0 ||h<Xs>||%ds).

In (7) and later, h*(X;) is the row vector (h1(X,)...h,u(X,)) and, if “;‘ =
(Sl)m | € R™, then we denote by ||5§||2 the sum 7" 1“;‘2 Hence in (7), ||h(X; )||2 =
" | hi(Xs)?. Since h is a continuous bounded function, we have

®) Il = max sup |hi(x)] < oo.
]

m ycRm

Hence, ||h(XS)||% < m||h||2. Under the new measure P, Y becomes a Brownian
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motion independent of X (Girsanov’s theorem). One defines, for all bounded
measurable functions ¢,

" - t t s
O pio 2 Elgcorexs( [ naar -4 [T Rds )|y

where E is the expectation with respect to P. Then p: as defined in (9) can
be viewed as a (random) measure that satisfies the Kallianpur—Striebel formula
(cf. [10]):

pi(p)

pe(1)’
and hence it is an un-normalized version of ;. Further, (3) uniquely identifies p;
as a measure-valued process. More precisely, under the conditions set up above, if
U, is a Y,-adapted, cadlag, measure-valued process satisfying, for all # < T and
for a suitably large class of test functions ¢, the integral equation

(10) i (p) = P-as.,

t t
Uy (9) = 70(9) + /0 Us(Ap)ds + /0 U, (h* ) dY,,

then U; = p; for t < T almost surely (cf. [13] and [19]).

3. Branching particle system. Let {Uy(¢); t > 0} be a sequence of measure-
valued processes representing empirical distributions of systems of branching
particles. For each N, Uy (0) is the empirical measure of N (random) particles
of equal mass 1/N. More precisely,

1 N
Un(0) = N Z‘Sx,-’v’
i=1

where xiN are independent and identically distributed random variables with

common distribution g for every i, N € N. In general, Uy (¢) is the occupation
measure of my (t) particles of mass 1/N. Note that the number of particles can
vary, but their mass stays constant. We partition the time interval [0, oo0) into
subintervals of equal length §¢ and describe the evolution of the particles on the
interval [i 6t, (i +1)6¢t],i =0,1,....

(a) During the interval, the particles move independently with the same law as
the signal X. More precisely, if V (s), s € [i §t, (i + 1) §t), is the trajectory of a
generic particle in the interval, then V satisfies

dv()y=f(V@)dt+o(V(t))dB;,

where B is a Brownian motion independent of ¥ and independent of all other
random variables in the system.

(b) At the end of the interval, each particle branches into a random number of
particles with a branching mechanism depending on its trajectory in the interval
and the observation Y, s € [i ¢, (i + 1) §¢]. The branching is chosen so that the
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mean number of offspring of the particle with trajectory V (s), s € [i 8¢, (i +1) §¢),
given the o -field F;1)s:— = 0 (Fs, s < (i+1) 6t) of events up to time (i +1) 6z, is

. (i+1) st (i+1) 8¢
(11) MIN(V)éepr& h*(V(t))dY,—%th h*h(V(t))dt).

The variance, denoted by va (V), of the number of offspring is minimal, consistent
with the number of offspring being an integer. The particles branch independently
of each other, given ¥(;1)s:—, and each offspring inherits the space position of its
parent.

The branching variance vjv(V) satisfies

viy (V) = (i (M1 = {uiy (V)

and so is always less than % ({x} is the fractional part of x, {x} £ x — [x], where
[x] is the largest integer smaller that x).

We now state a number of preliminary results. They were stated and proved
in [4] for the particular interbranching time 6t = 1/N. As the proofs for arbitrary
interbranching times are identical, we will omit them here.

We aim to keep the same notation as in [4], that is:

e my(t) is the number of particles alive at time ¢. Just before the (i + 1)st
branching, we will have my (i §t) particles as there is no change in the number
of particles in the interval [i 6z, (i + 1) §t).

e Un((i +1)ér—) is the state of the process just before the (i + 1)st branching.

° Vz{/ (s), s € [i 6t, (i + 1) 8t), is the trajectory of the jth particle alive during the
interval.

. q]{,((i + 1) 8¢) is the number of offspring of the jth particle with 1 < j <
my (i 8t) at time (i + 1) 67,

° A?{/ (r) is the exponential martingale

(12) exp(/r (Vi) dY, — %/r ||h(v/V'(t))||§dt), relist, i+ 1)51].
iot idt
Of course, 11y (Vi) = A5/ (G + 1) 81).

PROPOSITION 1. The mass process my(t) is an Fi; 51 s:-adapted square-
integrable martingale which satisfies the following (we will always work under
the new probability measure P and all the expectations will be considered with
respect to P):

() Elmy®)]=N; 2
(i) E[m3 (1)] < N2/ 4 257 115y €€1M1790 Wn > 0.

COROLLARY 2. For any bounded measurable function ¢, the process
(Un (1), ) is square integrable.
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PROPOSITION 3. If ¢ € D(A), then the process (Un(t), @) satisfies the
following evolution equation:

(Un (), @) = (Un(0), +/ Un(s), A(p)ds+SN(f)+M¢([8tt]>

(13) [1/81] | my o)
+ Z Z 4 VN(’ St))(MN(VN) —1),

i=1 j=1

where {(S](f,(t), F1), t € [0, 11} is a local martingale with quadratic variation
process

1 t
(14) (S50 = /0 (Un(s). llo* Dol3) ds

2

lo* Dgll3 £ Z(Z%ax!) Z(Z%m) oy o

i=1 \j=1 k=1 \i=1 8x; dxi
and {(M;/\),(l), Fusvsi—), L =0,1,...,n} is a discrete martingale with angle-
brackets process
1< , .
(15) (M) = 5 Y (Un (G + Dét—), viye?).

i=1

By applying It6’s rule, we get from (13) that

t
(Un(0).¢) = (Un(0).¢) + / (UN (), Ap)ds + Sy (1) + My ([ﬂ)

(16) [t/8¢]5¢ mN([S/Bt]az) ; s
N/ (VN(([S_t] + 1) a;))

< AR (9yn* (Vi (s)) dY,

LEMMA 4. Foralli=1,2,...,we have
[mGsn '
(17) E|: > u}v(vj{,)} <cNW/st,
j=1

where c is a constant independent of N and §t.

Now let ¢ € Cp, (R?) be a continuous bounded function with bounded first- and
second-order partial derivatives and let {y/}o<s<; be the solution of the following
backward stochastic partial differential equation:

dyy = —Aysds —h* Yy dYy, s <t,
Y =9

(18)
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the integral form of (18) being
r r _
19 W=y [ Avpdp— [ By,dv,  0sssr=i,

where f{ h*yrp dy » is_ a backward I_t@ integral. Obviously, {¥s}o<s<; has the
representation Y = Y,_s, where {{}o<s<; is the solution of the (forward)
stochastic partial differential equation

dl:ys = Al&s ds +h*l/_fv d?s’ s <1,
Vo =,

where Y, 2 Y, — Y,_;. Equation (18) has been extensively studied; see [1] and [18]
for results of the existence and uniqueness of a solution of (18) in appropriate
spaces of solutions. In the following, we will assume that f, ¢ and h satisfy
sufficient conditions so that ¥, € D(A) for all s € [0, ¢] and

0) E| sup 1] + E| sup 0" Dusl] <o

s€[0,7] 5€[0,1]
for test functions ¢ € MU {1}, where M = {¢y, k > 1} is a countable set uniformly
dense in the set of all continuous bounded functions over R¢ with compact support.
In essence, we want M U {1} to be convergence determining for the set of finite

measures over R? (see [8]). One can find sufficient conditions on f, o and h under
which (20) holds in [2].

THEOREM 5. If ¢ is a test function for which (20) holds true, then

@1) lim  E[(Un(). ¢) — pi(¢)*] =0.

N—00,6t—0
N\/E—mo

REMARK 1. In (21), it is important that, for each N, the length 6t = §tx of
the corresponding interbranching times is chosen so that limy_, oo Nv/8f = oo. If,
say, limy 00 N /8t exists and it is finite, then Uy converges (in distribution) to a
different measure-valued process.

4. Exact rate of convergence of particle approximation. The essential
ingredient in the proof of Theorem 5 is the upper bound (17) on the sum of
va(Vj{',), j=1,2,..., the variance of the individual branching mechanisms. The
size of vjv(V]{,) is important as it measures the amount of extra randomness
introduced in the system at branching times. To obtain the exact rate of
convergence of Uy, we need a better estimate on v}'\,(VZ{}). For the following result,
we need to introduce the o -fields: Y+ £ 5 (Yy — Y1) s > (i + 1) 8¢) and
BIN £ 6 (BIN(s),s elidt, (i +1)8t]), where B/>" is the Brownian motion that
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generates ij} of the jth particle; in other words, V]{, satisfies
dVi@w = (Vi) di +o(Vi0)dBIN,  telist, (i +1)5t].

Also, let #"/'N be the o-field H/N & F5, v YUt /N Then the
following proposition holds true.

PROPOSITION 6. Foralli =0,1, ..., we have

o . . 2 (i+1) 8t )
(22) E[v5v<V/v>|Jf’*f’N]—\/;\/ f& |n(vVi®)[3dt] < esr,

where c is a constant independent of N and ét.

PROOF. First, let us note that vﬁv(VI{}) = F(M’}\,(VI{})), where

FO 20— ) =x(1 =) +2) (x —k)+.
k>1
Hence, the function / is a linear combination of convex functions. By applying
the generalized Ito formula to the exponential martingale A/ [as defined in (12)]
and the function /-, we obtain the following representation for va( V1<,):

) . (i+1) 68t i i .
u;\,(vl{,):f& D™F (A )2y R (V@) dY,
(23)

(i+1) 68t i ; )
— /& M @O [R(VE@O)5dr +2) 7 Lsn e (k).
i k>1

In (23), L, (k) is the local time at k associated to the martingale r — )»i;,j (r) and
D™ F is the left derivative of F :

D™ F(x)= (1—2X+2Z]]-(k,oo)()€)) ={(_11; 24x)) gi;g x> 0.
k>1 ’ ’

Hence, | D™ F (x)| < 1for all x > 0. We estimate now each of the three terms on
the right-hand side of (23).

Using the independent increments property of the Brownian motion Y and the
independence of B/*V, it is easy to check that the process

r [ DTE G OB Or (V@) v,
1ot

is a genuine martingale with respect to the enlarged filtration r — %, v Y+1dr
BN r >ist. Hence, its conditional expectation with respect to FI-N s 0.
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For the second term in (23), we first observe that

A (1) = exp< / 2 (Vy(0)dY; - / y IIh(V16<t>)l}§df)

10t

(24) = exp([;[ ||h(V]{,(t))||§dt> exp([; 2h* (V1)) dY,

1 [ envio)zar)
l
and, since

r—>exp</ l2h*(VN(t))dY, /;t||2h(V1{}(t))|}§dt)

is also an exponential martingale with respect to the enlarged filtration r —
Fp v YDty @i-N we have

Sy dh) i " 2 .
E[A @)1 7N = exp<f8l |n(V )5 dt) <exp((r —i 8tym||h||?).
1
Thus (using the fact that e? — 1< e for 6 > 0),

=[ (O L] 12 J 2 i,j,N stm||h|> _
E s Ay 7 [R(Vy®)]5dt|# < (e 1)
l

(25) < mlaPe" 1" 1
< m|h|2em I 5.

Finally, let us analyze the third term. First, observe that for all x > 0 we have

22(x—k)+<22/ (x—u)+du—2/ (x —uw)pdu=(x —1)%

k>2 k>2
Hence,
23 G G+ 181 — k), < (5 (G + 1D sr) —1)°
k>2
and since
ij (i+1)8t i i
2Y (AN (G+1)sr) - _2/ D Ak, (AN O)R* (V3 (1) dYy
k>2 k>2
+22L(i+1)ar(k),
k>2

.. (i+1)ér . . .
ORI (G+1)s) — 1) = 2[5 (5 (G + 1) 8t) — DR* (Vi (1) Y,
10t

(i+1)8t i i )
[ oMo,
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it follows, by taking conditional expectation, that

N DI j 21 i (I | 3N
E[23" Lo (k)| 367 <EU A @RV @) |5 de| "7 ]

=2 8t

and, consequently, we obtain the following upper bound [using (25)]:

(26) E|:2 Z L(i+1)8[(k)‘}€i’j’N:| < m||h||zem||h||23t St.
k>2

The only term left to estimate is 2L(;41)s,(1). Using again the generalized It6
formula, we obtain

(i+1)ét . . .
f 3 O (VE@®) dY,
iot

= A% (G + D)sr) — 1
@i+1) 8t i i .
—2L(,+1)3l(1) +/ sgn()\](, (r) — 1))\& (t)h (VN(Z‘))dY;.

Thus,

(i+1) 68t i .
/ WO (V@) dY,

@7 E[zL@H)&(l)w’?f'vN]=E[ )
10t

76 .

It is straightforward to show that

eshl

(i+1)8t i el
i /i.zSz ()‘N (t) — l)h (VN(Z‘))dY;

From (27) and (28), we obtain

(28)

;o 2
‘ﬂz,],N]‘ §m||h||2e’"”h” 5t 54

~I (i+1) 8¢ . o
(29) |E|2LG+1ys:(1)— (V@) dY, || # N < m||h|2emInI?ot 5.
@+1) s N
L 10t

Finally, since the process r — (Y, — Yis) is independent of HIN | then, given
HJ N the random variable st (+1) 8 h*(VI{, (t))dY; has a Gaussian distribution
with mean 0 and variance f(’H)& ||h(V1<,(t))||% drt:

G+nor (i+1) 61 i
f h (VN(t))dY,~N<O, f& ”h(VN(t))szt).
l

idt
Hence,

~ (i+1)5l N (i+1) 6t
E[ N R (Vi (1)) dY ]Jf’f / IR (Vi) dt,

which completes the proof of the proposition.
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LEMMA 7. Let{V,,r € s, t]} be a realization of the signal process, that is,
dV, = f(Vr) dr +o(V,)dB,

where B is a Brownian motion independent of Y, and let &, be the exponential
martingale

& =exp( [ npav, = [CIhvpBap).

Then we have the following formulas:

GO ¥ (V) =9V = [ 0oV (V) dYy + [ (DY) o (V) dB,,
B YV = (V) + [ (DU, (V) o (V) dB,
WV = (V02 =2 [ 4, (VP (V) Y,
(32) +2[ Yo(V) (DY, (V) o (V,)dB,
= [ vt vplRds + [ 10" Du, (V) dp.

PROOF. We will only prove (30), as (31) and (32) have similar proofs. For this,
we follow an argument similar to that contained in the proofs of Theorems 4.1.2
and 4.2.1 in [1]. Let us state first a density result whose proof is identical to that of
Lemma 4.1.4, in [1]. Let b(r) and c(r), r € [s, t], be bounded, Borel measurable,
deterministic functions with values in R?, respectively, R”. Le 6, and 6. be the
following processes:

(33) Oy (r) 2 exp(i [ war,+4 [ ||b<p>||2dp),

(34) 0u(r) 2 exp(i [ ewas,+4 ||c(p>||2dp).

Then we have the following result.

PROPOSITION 8. Let ‘W be an integrable random variable, measurable with
respect to the o-field F; v Y. v B, where Y. = o (Y, — Y| r € [s,t]) and
B! 2 o (B, — By| r €[s,t]) such that

E[WE0,(1)0:(1)] =0

for any choice of b and c in (33), respectively, (34) ~and any bounded
Fs-measurable random variable . Then necessarily W =0, P almost surely.
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As a corollary to the above result, if we show that

E[(¥r (V) — Y5 (V) 20p(1)6:(1)]
35) =E[<—/ Yp(V)h* (V) dY,
+ [ (Dw,,wp))*o(vp)dB,,)wh(z)ec(z)},

then we have proved (30). First, observe that

E[Yr (VL0101 Fs v Yy v BY] = Br (VL0 (r)0e(r),

where
— AE~'|: Qb(t) r r] _ N r r
g, 2 By, 22| 7 v yr v 8| = E[yn 0, ()| F: v YT v BT
Op (1)
and
~ t t
eb<r>éexp(i [rwar,+4 [ ||b<p>||2dp).
Hence,
~ t ~ —_
(36) Gy =1— / i ()0y(p) dY,.

Now since both v, and éb (r) are measurable with respect to the o -field },(ﬁ, which
is independent of F; v YI v B;, we get that E, = E[Y,0,(r)|Fs v Yrv Bl =
E[$,6,(r)]. Also,

E[wr(vr)geh(t)ec(t)lfv v 35] = E[Er(Vr)é‘eb(r)ec(r)lfv v 35]
=E,(V;)¢0:(r).

By Itd’s rule, from (18) and (36) and the fact that Y is a Brownian motion, we get
that

Ay 0p(r) = (=AY, 05 (r) — il*b(r) Y, 0p(r)) dr — (B* +ib*(r)) ¥, 05 (r) dY, .
Thus, we have consecutively
dB, = (—AEB, —ih*b(r)E,)dr,
dE,(V;) = —ih*(V)b(r)E (V) dr + (DE(V;)) o (V,) dB,,
dEr (V)0 (r) = —ih* (V)b (r)E,(V)0c(r) dr + (DE (V) o (V,)0c(r) d B,
+iBr (V)O(r)c*(r) d By +ic(r)(DE (V) o (V)0p(r) dr,
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which implies

E[(Yr (Vy) = 5 (V) 0p(1)0(1)]

= E[¢(Er(V)0:(r) — Eg(Vi)Be(s))]

(37) -
=i [ Elc0ph* (V)b (V) dp

+i [ E[c0.(per)(DE V) o (V)] dp.

N

Next, we have, as before, that

£(/ U (V) (V) v, o060

Fov v 8]

t - ~
— ( / wp<vp>h*<vp>de)ebmcec(r).

Further, since

t _ - t - -
(/ wp(vp)h*(vp) de>9b(r) :/ lpp(vp)eb(p)(h*(vp) - ib*(p))de

t ~
+1i (/ h*(vr)b(V)Wp(Vp)eb(p) dp),

it follows that

~ t -
E[( / wp<vp>h*(vp>de)wb(t)@cm

a8 LY :Bé]

=i( / h*(va(p)ar(vp)dp)wcm

and, similarly, that

- t i
E [(/v Vp(Vp)h* (V) dY,,) 20, ()0, (1)

Fi v £§]
(39)

t
=i( [ Wbz W dp)eeco.
From (38) and (39), we deduce that

E[(/ wpwp)h*(vp)c?Yp)wbmec(r)]
~ t —_
- E[( / wpwp)h*(vp)de)wbmec(r)]

(40) — ([ vp v @par, Jeowo.o]
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- r
_ E[i ( [ h*(vr>b<r>Er<vr>dp)wc<z>}
N

_; / E[26.(p)h*(V,y)b(r) B, (V,)]dp.

Finally, one proves in a similar fashion that

E|([ 0wy awyas, )commen|
(41) N

=i [ Elc0.(pme)(DE, (V) o (V)] dp

and, from (37), (40) and (41), we deduce (35). O

PROPOSITION 9.  If (20) is satisfied, then:

1) pr(¥r) = pi(@) forall r > 0, in particular, p;(¢) = 70(¥0);
5 (1) {Un((@6t),Vist), Fist V Y} is a discrete martingale, in particular,
E[UN @ 3D)|%] = pist-

PROOF. (i) From (31), it follows that
V(X = Yo(Xo) + fo &0 (DYp(X ) 0 (Xp)dV,

and, since r — for E,(DY (X)) 0 (X,)dVy,, r €[0,t], is a martingale with
respect to the filtration ¥, Vv Y, we have

pi(@) = Elp(X)& Y] = E[Y,(X)E|Y]
= E[E[Y: (X)E\|F v Y11Y] = E[Yr (X)E Y] = pr(¥r).

In (42), we used the fact that v, = ¢. In particular, as py = 7,

(43) Pt (@) = mo(Yo).

(i) Fori =1, 2, ..., we have the following identity:

E[(UN(G + 1) 8t), Yatyse) | Fatnyse— vV Y]
my (i 1)

= > Yarnse (Vi (G + 1 81) Eghy (G + 1) 80)| Fizry -]
j=1

(42)

my (i 81)

= > Yarna (Vi (G + 1) 80y (V).
j=1
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But from (31), E[Wi11ys (Vi (G + 1) 80) iy (V)| Fi 50 vV Y1 = Wi (Vi (i 81)), 50

E[(UN((i + 1)81), Yiiv1)s0)| Fise vV Y]
my (i 1)

(44) = Y E[Ysns (VLG + D80y (V)| Fise v Y]
j=1

= (Un(81), Yis).

Hence, {Un (i 6t, ¥iss), Fise V Y} is a discrete martingale. Finally, as E[(UN 0),
Vo) Y1 = mo(Yo) = pi(¢), we have that

E[(UnGi81),9)|Y] = E[(UNG 81), ¥ris:)| Y]
= E[E[(Un( 80, Yise)|Fo v Y]1Y]
= E[(Un(0), ¥0)|Y]
= pi(®)

for all functions ¢ for which (20) holds true. Since these functiqns form a
convergence-determining set and hence, separating, it follows that E[Uy (i 6t)|

Yl=p,. O

We now have all the results needed to prove our main theorem. In the theorem
below, we will assume that the interbranching times 6¢ = §7(N) are chosen so that
the fixed time ¢ is an integer multiple of ¢, forall N, t =i(N) §t(N) =i 5t. In the
corollary following the theorem, we also look at times ¢ that may fall in between
branching times.

THEOREM 10. If ¢ satisfies (20), h is assumed to be Lipschitz and t is a
branching time for all N, then

N—00,6t—0
Nx/gaoc

- 2 .
45)  lim NWE[((UNU),w)—pt<<p>)z]=\/; /0 E[ps(¥2hll2)] ds.

PROOF. Since {Un ((i 8t), ¥is:), Fis: vV Y} is a discrete martingale, we have
that

E[(UND. 0) — p@)]
1/81—1

=3 E[(Un(G 4+ 1)81), Yiitnyar) — (Un G 88), )]
i=0

+ E[(UN O, o) — moo)].
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Also, we have
EL((Un (G +1)80). isyar) — (Un (80, Yi50))°]
= E[((UN (G + 1) 1), Y1)
(46) — E[(UN(G + D) 81), Yo Firnysi— v Y]]
+ E[(E[(UN(G + 1) 81), Y1y s0) | Fis1ysi— V Y]

— (UnG80), isr)].
From (31), we get that

E[(Un(G +1)8t), Yirnys) | Farnys— vV Y] — (Un (i 8t), Vis)
m (i 81)

= 3 Yarnsr (Vi (G + 1) 80)) iy (V) — i s (Vi 1)
j=1

my 8 (jy1)5t i ) . ) .
Y f& M (P (DYp(Vi(p)) o (Vi (p) d BN
j=1 "

Thus, the last term in (46) is of order §¢/N:

[/~ 2
E[(E[(UN(G + 1) 81), as180| Farnys— v Y] — (UnG80), Vi) ]

St
<c—.

(47)

The first term in (46) satisfies
E[((UN(G+ 1) 81), Y1y o0)

48) — E[(UN((i + 1) 81), Yiit1yse) | Flis1ysi— V y])Z]

| _[mnGsn 4 o
——E{ > (WHUM(VX/(U+1)5f)))2V2(V1<1)]

- N2
N i
Finally, since Uy (0) = (1/N) ZZNZI 8 ~, where xiN are i.i.d. random variables with

common distribution g and ¥ € D(A) C Cp(E), P-a.s., we have that

_ Elm)]

(49) E[(Un(0), ¥0) — mo(W0))°] N
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In (49),0 < no(wg) <o |I%. Hence, based on (20), the integral on the right-hand
side of (49) is finite. From (46)—(49), it follows that

lim  NVSE[(Un(). ¢) — pi(@)’]

N—00,6t—0
o) T Jsi-1 i)
V/——tz my (i 8t . - )
=, dm = Z > Waans (VR (G +1D)80)) v, (Vi) |.
N/3t—00 j=1

Now (50) and Proposition 6 give

Vit E[(Un(®).9) — pi(@)’]

m
N—00,8t—0 N
Nx/gaoc

2 5 t/6t—1 - mpy (i §t) )
(51) =\/; lim Vb E[ > (arny s (Vi (G + 1) 81)))

N—o00,8t—0 N —1
J:
(i+1) 8t .
/ | umv&u»u%m}
l

N/3t—00 i=0
and, using (32) and the Lipschitz condition on &, we get that

l/8 my (i 8t) 4 ,
N—>oo<3t—>() N Z { Z (Wi s (Vi (G + 1) 1))

N800 i=0 j=1
\/ [ VN<r>)|>2dr}

t/ét—1 my (i §t) . .
— Z [ > 1//,5;(V1{,(i8t)))2Hh(V,{,(iat))Hz}at

N—>oo 5t—0
NA/8t—00 i=0 ] 1

r 2
N«/E—)oo
But since I::[UN(i(St)ly] = pist for i =0, 1, ... (Proposition 9), we finally get,
using (51) and (52), that
2
lim  NV/8tE[((Un (), 9) — pi(9))7]

N—00,5t—0

(52)

NA/8t—o00
2 . t o )
- ;Nﬁlolgl(;ltao'/\ Elps/siist(Wissnsellill2)ds
N/5t—00

f / Elps W2 lhl12)] ds
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by using the dominated convergence theorem with the upper bound

E[prsssnsi W s s 1hl12)] < ||h||ﬂE[ sup ||ws||§o]

s€[0,1]

0

COROLLARY 11. If the interbranching times §t = 6t(N) are chosen so that
limy_ o0 N(81)3/% = 0, then the limit (45) holds true for arbitrary t (not just for t
being an integer multiple of 6t).

PROOF. From Proposition 9, we get that p:(¢) = py, 515 (W, s05)- Also,
from (30), it is easy to show that E[((UN(I), o) — (Un([t/6t]61), wwmat))z] is

of order O(8t). Hence, since we assumed that limy_, o N(87)3/2 = 0, it follows
that

(53) N%loicr‘ralHO NWE[((UNO), @) — (UN<[é] St), Wn/m»z} —0.

N«/7t—>00
Also, from the proof of Theorem 10, it follows that

(0[]} ) -

2 plt/stlst _ )
Y s f E[ps (211 ]12)] ds

T Jo

lim
N—00,6t—0

(54) N+/8t—o00

=0.

The claim then follows from (53) and (54). O

COROLLARY 12. If the length of the interbranching times is 1/N%, where
o € (3,2), then

lim N'"2E[(Un @), ¢) — pr(@))]

N—o0

NN
- \ﬁ | Elpau i) ds.

In particular, if 5t =6t (N) = 1/N, then

Jim VNE[(UNG), ¢) — pi(@)’]

I T
—\/;/0 Epsw2lhl12)] ds.

PROOF. Direct consequence of the previous corollary. [

(55)

It is clear now that the upper bound proved in [4] was sharp. However, the
choice 8t = 1/ N for the length of the interbranching times is suboptimal. We chose
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8t =1/N in [4] because this particle approximation was inspired by the Dawson—
Watanabe construction of a superprocess. We discussed this in greater detail in
an earlier paper [6], where we followed closely the original construction and
used branching mechanisms with fixed variance and not with minimal variance.
In effect, in [6] we construct a superprocess in a random environment, the
environment being the given trajectory of the observation process Y. By choosing a
fixed value for the variance, we introduce much more randomness into the system
and, as a result, the limiting process is not the solution of the Zakai equation,
but rather a measure-valued process whose conditional expectation, given the
environment Y, is p;.

As we saw in the last corollary, the larger the length of the interbranching times
is, the better the rate is. However, the order of the length of the interbranching
times cannot be larger than 1/N?/3 as the last part of the evolution of the system
is not corrected and hence a bias is introduced. We can resolve this problem by
attaching weights to the particles, weights that only correspond to this last part of
their path, that is, the path corresponding to the interval between the last branching
time and the current time. The result is a partially weighted approximation that
converges to p; no matter how large the interbranching times are (see the next
section for details).

At the other end of the spectrum, if the interbranching times are of order
1/N? (hence N+/8t - 00), then Uy no longer converges to p,. By branching
so often, the randomness introduced in the system at branching times overpowers
the corrective effect and, as a result, just as in the case when the branching variance
is fixed, the limiting process is a measure-valued process whose conditional
expectation, given the environment Y, is p;.

5. Improved branching algorithms. We saw in the last section that the
branching particle approximation has the asymptotic rate of convergence c(¢)/
N1=%/2 when the interbranching times are of order 1/N% and c(¢) is the constant

a |2 (15 2
c(r)—\ﬁ /0 Elps(W2hl2)]ds.

By comparison, the rate of convergence of ®y(¢), the particle approximation
obtained by using the Monte Carlo method, is of order 1/N. As stated in the
Introduction, ®y (¢) is the approximation given by

1 N
On() 2 5 > Sy
i=1

where Vi(¢), Va(t),..., Vy(t) are independent realizations of the signal (and
independent of Y) and u} are their corresponding likelihoods/weights

! 1 ! 2
(56) w =exp(f0 I (Vi (1)) dY; — gfo ||hv,-<t>||2ds).
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PROPOSITION 13. If ©y(t) is the above approximation, then
col(r)
N b
where c(t) is a constant independent of N, which admits the following representa-
tions:

E[(@n(). ¢) — p:(@)] =

57 colt) = E[exp( [ ||h<vp>||%dp) (w(vmz}  Elp(@)]

t N
-/ E[exp(/o ||h<vp>||%dp)||o*D1/fs<vs>||%]ds

(58) + E[mo(¥d) — mo(0)?],

where V; is a realization of the signal process.

PROOF. The representation (57) follows immediately, using the i.i.d. property
of the random variables V; (¢) and the identities

E[p(Vi) ! 1Y] = pi (@),

~ 2 ~ 1
E[(' o)’ = E[exp( [ 1V, B ) o)) |
Further, using Proposition 9 and identity (31), we deduce (58). U

From (45) and Proposition 13, it is clear now that the order of rate of conver-
gence of the Monte Carlo approximation is better than the order of the approxima-
tion given by the branching algorithm as long as we choose asymptotically small
interbranching times. As we stated at the end of Section 4, we can improve the
branching algorithm by attaching weights to the particles, weights that only corre-
spond to this last part of their path, that is, the path corresponding to the interval
between the last branching time and the current time. Let VAI, 1,..., V]'\q; N (D) (1) be
the positions of the my () particles alive at time ¢ obtained using the branching
algorithms and define

mN(t)

where 1} \ are defined as
t . t .
iy =ex (/ h*(Vi(t dY—l/ h(Vi (2 2ds>.
M N P 1t /315t (Vy®)dY; 2 [z/sm;” (Vi ( ))”2

Let us observe that Uy (r) = Uy (¢) if  is a branching time, that is, r = i §¢. Hence,
if we are only interested in the value of the approximation at branching times,
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then we cannot distinguish between the two. This remark is important as in the
following we will show that we can get better rates of convergence for Uy () than
for Uy (), and hence these rates will also apply to Uy (¢) if ¢ is always a branching
time regardless of N.

PROPOSITION 14. If ¢ is chosen so that (20) is satisfied, then {(Un((r), v,
Fr v Y}, r € 10,1, is a square-integrable martingale. In particular,
E[On Y] = p forall t = 0.

PROOF. Similar to that of Proposition 9. [J

The following theorem shows that Un(7) has the same asymptotic rate of
convergence as Uy (t). More important, now we no longer need to impose the
constraint that the interbranching times should be larger (in order) than 1/N?%/3.
Hence, we can obtain rates of convergence as close to 1/N as we want to,
as the corollary following the theorem shows. It can be also interpreted as an
interpolation result between the case when the interbranching times converge to 0
as the number of particles increases and the case when the interbranching times
are kept fixed regardless of the number of particles.

THEOREM 15. If ¢ is chosen so that (20) is satisfied and h is assumed to be
Lipschitz, then

—00,6t—0

(59) | lim NVSE[((On(0).¢) — pile)’ \f / Elps(W2lhI)1ds.
N+/8t—00

PROOF. From Propositions 9 and 14, it follows that

E[(On (). 0) — ()]
— E[(Un(1), 9)*] = Elp:(#)?]

= E[((UN(I)JP) - <UN([3t] t)’ 1/f[t/8l]31>>2}
+ E[((lh([é} SI), ‘/’[t/Bl]t?l) - p[l/m&(‘/’”/‘”]‘”)f]'

From (31), one proves that the term E[((Un (1), 9) — (Un([t/81181), ¥i1/50161))%]
is of order §¢/N. Then, since l_]N([t/St](St) = Un([t/5t]61), as the weights /2;’1\,
are reinitialized to 1 at branching times, we have, following (54), the required
asymptotic rate for Un@). O
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COROLLARY 16. If the length of the interbranching times is 1/N%, where
a € (0,2), then

- 2 [
lim Nl_a/ZE[((UN(t)»SO)—Pz(ﬁl?))z]:\/; fo E[psW2IRlln)] ds.

N—o00

PROOF. Direct consequence of the previous corollary. [

For the following theorem, we need to introduce a couple of functions. First, let
us observe that, based on the independent increments property of ¥ and BN (the

Brownian path that generates V]{,), we have
- s . .
Elexo( [ 1m0 3dp )l Dy (Vi) 315 |
1

= E|exp( [ (v dp )l u (Vo) I viGion |

for s € [i 8t, (i + 1) 6t]. Hence, there exists a measurable function T;‘ 3 (x) such
that

~ s . . , )
60) E|exp( [ [0V ©)3dp )lo" Do (Vi) 1Fis | = X1 (Vi a0
Similarly, there exists a measurable function Tidt (x) such that

O E[(Wasn s (Vi (G +1)80) Wiy (ViD|Fis] = T (Vi G o0).

THEOREM 17. If (20) is satisfied and h is assumed to be Lipschitz, then

- 2 &)
E[(Un(),9) = pi(9)) ] = N
where c(t) is a constant independent of N with the following representation:
r [t/81] N
o 0= || Elpnss 019 ds + Y- Elpis (T199)]

i=1
+ E[mo(¥g) — mo(¥0)?].

PROOE. Since t — (Un (1), Y,) is a square-integrable martingale,

E[((On (). 9) — (On(0). Y0))’]

_ E[((Um, ¢) - (UN(H f”)’ ‘”WW’))Z]

[t/6t]—1

(63) + Y E[((Un(G+ 1) 81). Wrnys) — (UnG 8D, Wisr)’]

i=0
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+ E[((Un(0), %) — no(lﬁo))z]

=E[ (Un (). 9) — <0N<[é]3’)"””/5”‘”>>2}

[t/6t]—1

+ Z (Un(G+1)81), Yiit1yse) — (UN(i(St),Wiaz))z]

E[mo(¥§) — mo(0)°]
+ .
N
Then, using yet again (31), one shows that

(- [2J5) )
(64) - % [:/m& E[(UN ([ﬂ 3;), Ts[f/éz]atﬂ ds

1 rt
— T[z/ét]az ds.
N Jussis: E[prisseian )]

Similarly,
E[(E[(UN((I' + 1) 82), Wity ) | Flir1ysi— vV Y] — (Un (G 80), ¥ 5:))2]

G+Dor
(65) —/ - [(Un(i8t), YI%)]ds

(+1)81 _ N
=~ / Elpis (Y1) ds
and

E[((UN((i +1)81), Yiit1)50)
(66) — E[(Un (G + 1) 8t), Y1y 80) | Fla1ysr— V y])z]

| _[mNsn . o | N
= N2E|: Y (W (Vi(G+ 1)5f)))2v2(V1{;)} = NPiSt(Tlal)~

j=1
Finally, by plugging (64)—(66) into (63), we get the required expectation. L[]

Hence, when the interbranching times have fixed size, then both the Monte
Carlo approximation ®y(¢) and the (weighted) branching approximation Un (1)
have the same order 1/N.

A variation of the previous algorithm is to use random interbranching times. For
example, let Vi(2), ..., Viuy@) (t) be the positions of the my () particles alive at
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time ¢ obtained using the branching algorithms when the branching times are
t .
T = inf{t >0; max exp(/ |}h(V]{,(t))|}§ds> > 2},
i=1,...,n 0

t .
er:inf{tZIJ;i | max )exp(/‘Hh(V]{,(t))Hgds)22}, i=12,....
= Tl

s N (T

Then define Uy (1) £ (1/N) Z;n;vfﬂ i8¢y, 1)y, where, for t € [1,, Tyq1), ff, 0 =
1,2,..., my(t), are defined as i} = exp(f{ h*(V;(1)dYs — 5 [ [Vi(D)II3ds).
The reason we chose the particular bound 2 is because at 7; there will be at
least one particle so that E[(ﬁ;)lei] = exp(ffi ||h(V]{,(s))||%ds) = 2. Hence, on
average, (1 is “considerably” larger than 1, so it is time to branch (we can replace
the lower bound 2 by any constant k > 1). Then it is easy to see that, for all

J=0,1,..., there existi =i; such that

exp(d |2 (tis1 — 1) = exp(/r‘m | (V;, (z))||§ds> —2.

Thus, 7;41 — 7; > In2/d||h||>. Therefore, we have only a finite number of
branching times and we would obtain the same upper bound as the upper bound
corresponding to Uy (¢) with deterministic interbranching times In2/d||k||>. But
we should expect U ~ () to perform better since we introduce less randomness into
the system by branching less often.

Finally, we can modify the previous algorithm and only branch those particles
whose corresponding weights reach 2. More precisely, let V1(0), ..., Vi) (t) be
the positions of the m y (¢) particles alive at time ¢ and let ;lﬁ, i=1,2,...,mpy(),
be their corresponding weights

t t
fi; = eXp(f (Vi) dYs — %f ||v,-(z)||§ds),
. V; T,V

4

where 1; v, is the last time before time ¢, when the ith particle branched. The ith
particle will branch again the first time that i} is equal to 2. At branching times,
each particle splits into two particles with the same positions as their mother’s.
As before, in between branchings, the particles follow the equation of the signal.
In this case, there will be no errors introduced at branching time with the added
bonus that all the weights will stay bounded by 2. The drawback is that particles
with small weights are not eliminated and it is likely that the number of particles
will increase exponentially (one can prove that the number of particles does not
explode in finite time).
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