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Abstract

In this paper we consider the filtering of partially observed multidimensional diffusion
processes that are observed regularly at discrete times. This is a challenging problem
which requires the use of advanced numerical schemes based upon time-discretization
of the diffusion process and then the application of particle filters. Perhaps the state-
of-the-art method for moderate-dimensional problems is the multilevel particle filter of
Jasra et al. (SIAM J. Numer. Anal. 55 (2017), 3068-3096). This is a method that com-
bines multilevel Monte Carlo and particle filters. The approach in that article is based
intrinsically upon an Euler discretization method. We develop a new particle filter based
upon the antithetic truncated Milstein scheme of Giles and Szpruch (Ann. Appl. Prob.
24 (2014), 1585-1620). We show empirically for a class of diffusion problems that,
for € > 0 given, the cost to produce a mean squared error (MSE) of O(€?) in the esti-
mation of the filter is O(e 2 log (€)?). In the case of multidimensional diffusions with
non-constant diffusion coefficient, the method of Jasra er al. (2017) requires a cost of
O(e~27) to achieve the same MSE.
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1. Introduction
We are given a diffusion process
dX; = a(Xp)dt + B(X)dWr, (1.1)

where Xo=2xp € R? is given, a:RY— RY, B:RY— R4 and {W,};>0 is a standard
d-dimensional Brownian motion. We consider the problem where this is a latent process and
we observe it only through a sequence of data that are discrete and regular in time, and in
particular where the structure of the observations is a special case of the structure in a state-
space or hidden Markov model (HMM). More specifically, we suppose that data are observed
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2 A. JASRA ET AL

at regular and unit times, forming a sequence of random variables (Y1, Y>, ... ). In particu-
lar, at time k we assume that, conditioning on all other random variables in the sequence and
given the diffusion process {X;};>0, Yx has a probability density function that depends on xi
only and is denoted by g(xx, yx). These models have a wide class of applications from finance,
econometrics, and engineering; see [3, 5, 6, 12, 22] for some particular examples in various
contexts.

In this paper we consider the problems of filtering and normalizing constant (marginal
likelihood) estimation—that is, the recursive-in-time (k is the time index) computation of
expectations with respect to the conditional distribution of Xi|y1, ..., yx (filtering) and the
calculation of the associated marginal likelihood of the data (y1, . .., yx). For standard HMMs,
that is, where the latent process is a discrete-time Markov chain, this is a notoriously challeng-
ing problem, requiring the application of advanced numerical (Monte Carlo) methods such as
the particle filter; see e.g. [5, 6] for a survey. The particle filter simulates a collection of N
samples in parallel, with the samples undergoing transitions such as sampling and resampling.
The first of these uses the hidden Markov chain and the resampling samples with replacement
amongst the collection samples using a weight (proportional to g(xk, yx)). The scenario which
we consider is even more challenging, as typically the transition density associated to (1.1),
assuming it exists, is intractable. This can limit the applicability of particle filters; although
there are some exceptions [8] and exact simulation methods [1, 4], these are often not general
enough or too expensive to be of practical use in the filtering problem. As a result, we focus
on the case where one discretizes the process (1.1) in time.

In recent years, one of the most successful methods for improving Monte-Carlo-based esti-
mators associated to probability laws under time-discretization has been the multilevel Monte
Carlo (MLMC) method [9, 10, 13]. This is an approach that considers a collapsing-sum repre-
sentation of an expectation with respect to a probability law at a given level of discretization.
The collapsing element is associated to differences in expectations with increasingly coarse
discretization levels, with a final (single) expectation at a course level. Then, if one can
sample appropriate couplings of the probability laws at consecutive levels, it is possible to
reduce the cost to achieve a certain mean squared error (MSE) in several examples, diffusions
being one of them. This method has been combined with the particle filter in several articles,
resulting in the multilevel particle filter (MLPF); see [14, 15, 16], as well as [17] for a review
and [18] for extensions.

The method of [14] is intrinsically based upon the ability to sample couplings of discretized
diffusion processes. In almost all of the applications that we are aware of, this is based upon the
synchronous coupling of Brownian motion for an Euler or Milstein scheme. These particular
couplings inherit properties of the strong error of the associated time-discretization. The impor-
tance of the strong error rate is that it can help determine the efficiency gain of any MLMC
approach, of which the MLPF is one. As is well known, in dimensions larger than two (d > 2),
the Milstein scheme, which is of higher (strong) order than the Euler method, can be difficult
to implement numerically because of the need to simulate Lévy areas. Giles and Szpruch [11]
consider computing expectations associated to the law of (1.1) at a given terminal time. They
show that by eliminating the Lévy area and including an antithetic-type modification of the
traditional MLMC estimator, one can maintain the strong error rate of the Milstein scheme
even in a multidimensional setting. Moreover, the cost of the simulation is of the same order
as for Euler discretizations, which are the ones most often used in multidimensional cases.

We develop a new particle filter based upon the antithetic truncated Milstein scheme of [11].
We show empirically for a class of diffusion problems that, for € > 0 given, the cost to produce

https://doi.org/10.1017/apr.2024.12 Published online by Cambridge University Press


https://doi.org/10.1017/apr.2024.12

Antithetic multilevel particle filters 3

an MSE of O(€?) in the estimation of the filter is 0(6_2 log (6)2). In the case of multidimen-
sional diffusions with non-constant diffusion coefficient, the method of [14] requires a cost of
0(6’2'5) to achieve the same MSE. We also show how this new particle filter can be used to
compute the normalizing constant recursively in time, but we do not prove anything about the
efficiency gains. Our theoretical results are not optimal and show only that the cost of the new
method is 0(6—2.5) for the MSE of O(e?). We highlight exactly where the proof loses the rate
needed.

To provide a more detailed summary of the contribution of this paper, we state the follow-
ing. First, the main point is to understand how the rather clever discretization scheme of [11]
can be leveraged in the context of filtering and the multilevel method. Generally, for ordinary
discretization schemes in MLMC, one has to simulate coupled samples at two levels of time-
discretization, one that is fine and another that is coarse. Then this can be extended to the case
of filtering diffusion processes, as was done in [14] by constructing a coupling in the resam-
pling mechanism of particle filters. In the method of [11], the authors sample a third ‘antithetic’
process at the finer level. We show how such a process can be incorporated into the context of
particle filters with, to the best of our knowledge, a new resampling scheme. Second, there are
significant technical challenges in showing that this new antithetic particle filter can provide
the improvements in terms of cost and MSE that the approach of [11] does for ordinary dif-
fusion processes. Unfortunately, we obtain a non-optimal rate; again, we highlight where the
proof misses the extra rate.

The article is structured as follows. In Section 2 we give details on the model to be con-
sidered and the time-discretization associated to the process (1.1). In Section 3 we present our
algorithm. Section 4 details our mathematical results and their algorithmic implications. In
Section 5 we give numerical results that support our theory. Most of our mathematical proofs
can be found in the appendices at the end of the article.

2. Model and discretization

2.1. State-space model

Our objective is to consider the filtering problem and normalizing constant estimation for a
specific class of state-space models associated to the diffusion process (1.1). In particular, we
will assume that (1.1) is subject to a certain assumption (A1) which is described in Section 4.
This assumption is certainly strong enough to guarantee that (1.1) has a unique solution and in
addition that the diffusion has a transition probability, which we denote, over one unit of time,
by P(x, dx’). We are then interested in filtering associated to the state-space model

n
pldxin, yin) = | POu1, dxi)ge, yi),
k=1

where y1., =01, ..., y,,)—r € Y" are observations, each with conditional density g(xg, -). The
filter associated to this measure is, for k € N,

Syt pldx1ks k)
Sy pdxie, yix)

mr(dxy) =

where X = RY. The denominator

POy = / pldxi:x, y1:1)
Xk
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Algorithm 1 Truncated Milstein scheme on [0, 1].

1. Input level / and starting point xf).

2. Generate Z =5 Ny(0, Aidg), ke {1,2, ..., A7),

3. Generate level I: fork€ {0, 1, ..., AI_I — 1} with X(l) =x6
/ ! ! ! /

XGr1ya, = Xea, T @(Xpa,) A1+ B(Xp ) Zitt + Hay(Xp . Zit1)-

4. Output X{

is the normalizing constant or marginal likelihood. This latter object is often used in statistics
for model selection.

In practice, we assume that working directly with P is not possible, because of either
intractability or cost of simulation. We therefore propose to work with an alternative collection
of filters based upon time-discretization, which is what we now describe.

2.2. Time-discretization

Typically one must time-discretize (1.1). We consider a time-discretization at equally
spaced times, separated by A; =27 To continue with our exposition, we define the d-vector
H:R*? xRY 5 R Ha(x, 2) = (Ha1(x, 2), ..., Ha a(x, 2)) T, where, forie {1, ..., d},

Hyito = Y hpWEa—A),

GRElL....dp?

1 9p;j(x)
hig@) == Y Bk =

me(l,....d} X

We denote by Ny(u, X) the d-dimensional Gaussian distribution with mean vector 1 and
covariance matrix X; if d = 1 we drop the subscript d. I is the d x d identity matrix. A single-
level version of the truncated Milstein scheme, which is the focus of this article, is presented
in Algorithm 1. Ultimately, we will consider the antithetic truncated Milstein scheme in [11],
which can be simulated as described in Algorithm 2. The method in Algorithm 2 is a means
of approximating differences of expectations with respect to discretized laws at consecutive
levels, as is used in MLMG; this latter approach will be detailed in Section 3.
To understand the use of Algorithms 1 and 2, consider computing the expectation

/ x1P(xo, dx1),
X

which is generally approximated by considering fX x1P(xo, dx1), where we denote the tran-
sition kernel induced by Algorithm 1 by P!(xo, dx1). This latter integral can certainly be
approximated using Monte Carlo and Algorithm 1. However, there is an alternative using both
Algorithms 1 and 2, which has been established by [11] as more efficient. Clearly one can
write

/lel(xo,dxl):/lel(xo,dxl)—/lel_l(xo,dx1)+/lel_l(xo,dxl).
X X X X
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Algorithm 2 Antithetic truncated Milstein scheme on [0, 1].

1. Input level / and starting points (x(l), x(l) ! xé”).

iid.
2. Generate Zx ~ N0, Alg), ke 1,2, ..., A7),

3. Generate level I: for k € {0, 1,..., AZ_l — 1} with X(l) :xé
1 vl I I I
XGrnya, =Xia, T (Xp,) A1+ IB(XkAI)Zk'H +Ha (Xpp, Zir1)-
4. Generate level [ — 1: for k € {0, 1, A 1 — 1} with Xl ! —xf) 1

Xék—':l)A, 1 Xlchll 1+ (Xlchi 1)A1 1+:3( kAll 1){Z2U<+1)—1 +Z2(k+1)}+

Ha,_ (X;l{ZLI, Da(ke+1)-1 + ZZ(k-H))-

5. Generate antithetic level [: for k € { 0,1,..., A, I 1} with X(l)“ = xo
1, 1,
Xilna, = XA, +a(X; kA, )A1+:3( in)Zoe +Ha, (XkA1 Zp )

where pr =k + 210 2.4, (k).
I yi-1 i,
6. Output (X!, x!=1, xb).

Now the rightmost term on the right-hand side of the above equation can be approximated by
Monte Carlo and running Algorithm 1 at level [ — 1. We then consider the difference on the
right-hand side, independently, which can be approximated using Algorithm 2 N times:

1 1 il i1, i,[—1
LR (] i),
i=1

where the superscript i denotes the zth sample generated. The reason such an approximation
works so well is that marginally X ! has the same distribution as any sample generated by

=

running Algorithm 1 at level [ — 1; similarly, both X ’1[ and Xl1 14 have the same distribution as
any sample generated by running Algorithm 1 at level /. Moreover, the second moment of the
term, which converges to zero as [ increases,

H {X —i—X’l“} X;"HH, 2.1)

where || - || is the usual Euclidean norm, is of the same order (as a function of /) as if one con-
sidered a synchronous coupling of two discretizations of the exact Milstein scheme—that is, if
one could sample an exact Milstein discretization at level / (X i’M ) and using the same Brownian
motion as at level / — 1 (X{fl‘M), and consider the second moment of ||XiM — Xifl‘M || The
reason why this is so important is that the rate of decrease of the aforementioned quantities
is what enables MLMC (here we have described two levels) to improve over ordinary Monte
Carlo. The key is that by using antithetic variates of the quantity (2.1) (in terms of square expec-
tation) one has replicated the Milstein scheme without ever having to compute intractable Lévy
areas.
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For a given /e N, we will be concerned with the filter induced by the following joint
measure:

n
Pldxrn, yin) = | P'Ga1, dx)glur, yi)-
k=1

The filter associated to this measure is, for k € N,
Jye1 P (dx1ck, Y1)

I
7, (dxy) = .
R Jxe Pl(dx1:k, Y1:0)

The associated normalizing constant is
Pl = /;(k pldxre, yia).

Ultimately, we will seek to approximate expectations with respect to n,ﬁ and to estimate p’(y1.¢)
as k increases, then study the MSE of a numerical approximation relative to considering the
exact filter 73 and associated normalizing constant p(yy.x).

3. Antithetic multilevel particle filters

3.1. Multilevel particle filter

Let ¢ € Bp(X), the latter denoting the collection of bounded and measurable real-valued
functions; we write 7}(p) = [y p(x)m)(dxe). Let (L, L) e Ng x N, with L <L given. Our
objective is the approximation of n,(z((p) sequentially in time; this is the filtering problem. This
can be achieved using the MLMC identity

B L
tt@) =mi@)+ Y [mh -7 ). (3.1)

I=L+1

As noted in the introduction, the computational cost of approximating the right-hand side of
(3.1) can be lower than that of approximating the left-hand side, when one is seeking to achieve
a pre-specified MSE. The right-hand side of (3.1) can be approximated by the method in [14],
but we shall consider a modification which can improve on the computational effort to achieve
a given MSE. Often L =1 in the literature, but we have found in previous work that one needs
to set it higher for the aforementioned improvement in computational effort.

We begin by approximating nké(qa), which can be done using the standard particle filter
as described in Algorithm 3. Algorithm 3 generates N, samples in parallel, and these samples
undergo sampling operations (Steps 1 and 3) and resampling operations (Step 2). The sampling
step uses Algorithm 1, and the resampling step is the well-known multinomial method. We
refer the reader to e.g. [6] for an introduction to particle filter methods. It is by now standard
in the literature that

NyL NZ s(%,% ) )

T, (@)= N - %
s L k
io1 2jmi (X i)

will converge almost surely to nkL((p), where the samples X,i’é are after Step 1 or 3 of

Algorithm 3. Therefore, recalling (3.1), at this stage we can approximate nké(go) recursively
in time.
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Algorithm 3 Particle filter at level L.

1. Initialization: for i € {1, ..., N}, generate Xi’L independently using Algorithm 1 with
level L and starting point xg. Set k = 1.

2. Resampling: compute

1L NL.L
g~ e) 8" )
N s T (3.2)
Z—]g(k »)’k) Z] lg(kvyk)
Forie{l,...,Np} generate an index ak using the probability mass function in (3.2) and
set )?,i’é a‘ ~=. Then set X Lk 5(1 Lk
3. Sampling: fori e {1, ..., N}, generate Xb i 1|X ML conditionally independently using

Algorithm 1 with level L and starting point xk Setk=k+1.

In reference to (3.1), we will approximate the differences [n,ﬁ — nk ](go) sequentially in

time and independently of using Algorithm 3 and for each /. As stated in the introduction,
our objective is to leverage the work of [11] as described in Algorithm 2 and be able to insert
this within a particle filter as given in Algorithm 3. The particle filter has two main oper-
ations, which are sampling and resampling. The sampling mechanism is to be achieved by
using Algorithm 2. The problem is now the resampling approach. The main idea is to ensure
that we resample the level-/ coordinate just as if we had done so using the particle filter at
level /; similarly, we want the same for the antithetic-level coordinate and finally we resample
the level-(/ — 1) coordinate just as if we had used the particle filter at level [ — 1. Critically,
the resampling for these three coordinates should be correlated, because if this is not the case,
the effect of using Algorithm 2 is lost; see [19] for a theoretical justification of this point. The
reason we want to maintain the resampling as if the particle filter had been used is that we
know this will produce consistent estimates of the filter. We seek to correlate the resampling
because this can help ensure that we reduce the cost of achieving a pre-specified MSE, relative
to using the particle filter.

Algorithm 4 presents a new resampling method which we shall employ. This resampling
method achieves the objectives discussed above and gives rise to the new coupled particle
filter, which is described in Algorithm 5. Algorithm 5 consists of propagating N; samples of
the three coordinates sequentially in time, using Algorithm 2 for the sampling and Algorithm 4
for the resampling. In this context one can define, for (k, I, Nj, ¢) € N3 x By(X),

) —ZWM (3.3)
_N1[ l(w) _ZWZI 1 ll 1)

Nlla(go)_Ztha tla
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Algorithm 4 Maximal coupling-type resampling.

1. Input (U} N U;:N, U;:N) and probabilities (Wl1 N Wzl:N, W31 ).
2. Forie{l,..., N} generate U ~ Uo,1] (uniform distribution on [0, 1]):

o IfU < vazl min {Wi Wé, Wé} generate de {1, ..., N} using the probability
mass function
min {W}, W5, Wi}

PO = o wi wi
Zj:l min {Ww Wy, Wa}

andsetU’ U“,]e{l 2, 3}.

e Otherwise generate (a’l, a’z, ag) e{l,..., N} using any coupling of the
probability mass functions

. W;'—min{W{,Wg,Wg}
Pi() = TR —
Zk 1[ —mm{Wl,Wz,W }]

and set l~J]’: = U;ﬂj € {1, 2, 3}. In all of our implementations, (a’i, aé, ag) are
generated independently with the given marginals.

3. SetUj=Uj, (i, ) efl, ..., N} x {1,2,3}.

4. Output (U™N, U3V, USN).

and estimate [rr,i — n,i_l](go) as
[ =7 = 5[ o)+ 7 )] — 2 ),

The samples in (nk’ (), nN’ La (), ﬁ,ﬁv ”lil(go)) are obtained after Step 1 or Step 3 in
Algorithm 5.

3.2. Final algorithm
To conclude, the antithetic multilevel particle filter (AMLPF) is as follows:
1. Atlevel L run Algorithm 3 sequentially in time.

2. At level le{L+1,L+2,..., L}, independently of all other / and of Step 1, run
Algorithm 3 sequentially in time.

To approximate the right-hand side of (3.1) at any time &, one can use the estimator
L
N,
wf Mgy = mpE o)+ Y [wf -7l M),
I=L+1

where n,ivL’L(go) has the definition (3.3) when / = L and has been obtained using Algorithm 3.
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Algorithm 5 A new coupled particle filter for / € N given.

1. Initialization: for i € {1, ..., N;}, generate U’i’l = (Xi’l )_(i’l_l, X ) independently
using Algorithm 2 with level / and starting points (xé, xé L xéa Setk=1.

2. Coupled resampling: compute
1,1 Ny,
WLl _ 8" v) (" i)

k —_ T AT i s ey T~ 71 >

SE e ) e )

1,1—1 Ny, i—1
V—V]::Nl,l—l _ g(xk ,Yk) o g(xk ,Yk)
ZJ lg(x/l l’yk) Z] lg(x/l : )
Wl:N[,l,a _ g(x}(’l)av }’k) g( M lﬂ’ )’k)
k - s

BAREIC/ AT IR DA CAS)

Then, using (Xl Nyl X;:N;,l—l’ X;:Nl,l,a) and ( 1N11 W;:Nl,l—17 W;:Nl,l,a), call
Algorithm 4.

FNEL conditionally

3. Coupled sampling: fori e {1, ..., N/}, generate U,i(’il |Uy
independently using Algorithm 2 with level [ and starting point (x;c[, xj(l ! xi’l’“).

* Tk
Setk=k+ 1.

The normalizing constant pz(yl;k) can also be approximated using the AMLPF. For any
(k, 1, N;, 9) € N® x B,(X), we define

N;
Y=Y e, (3.4)

N
i)=Y o).

i=1

N

N] la(w) _ Z (X]i’l’a).

i=1

Then we have the following approximation:

_ k
PP o0 = [T @)+ Z { H (g;)+zl_[ N’l”(gj)—l_[ ZA }

j=1 I=L+1
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where gj(x) = g(x, y;) is used as shorthand, g; is assumed bounded and measurable for each

jeN, and nkNL'L(go) has the definition (3.4) when /=L and has been obtained using
Algorithm 3. This new estimator approximates the quantity

L
PEO1R) + Z [P 010 = 1)

I=L+1

as was done in [15] and essentially uses the ordinary particle filter normalizing constant esti-
mator to approximate pL(y1.) (see e.g. [6]). The approximation of the increment [pl(y1;k) -

pl_l(yhk)] follows the approach used for the filter based upon the output from the AMLPE.

This estimator is unbiased in terms of pz(ylzk) (see e.g. [6]) and is consistent as the number of
samples used at each level grows. We note, however, that there is nothing in the estimator that
ensures that it is almost surely positive, whereas it does approximate a positive quantity.

4. Mathematical results

We now present our main mathematical result, which relates to the IL-convergence of our
estimator of the filter. We remark that we will consider the estimation of the normalizing con-
stant in a sequel paper. The result is proved under two assumptions (A1) and (A2), which are
stated below. We write X, = R4*¢, By CZ(X, R) we denote the collection of twice continu-
ously differentiable functions from X to R (resp. X;) with bounded derivatives of orders 1
and 2. Similarly, C2(X, X) and C2(X, X») are respectively the collections of twice continuously
differentiable functions from X to X and from X to X;. For ¢ € By(X) we use the notation

((p) = fx go(x)nk (dx). By E we denote the expectation with respect to the law used to gener-
ate the AMLPF. We drop the dependence upon the data in g(xk, yx) and simply write gx(xx) in
this section.

Our assumptions are as follows:

(A1) e Foreach (i,j)e(l,...,d}, a; € By(X), Bij € Bp(X).
e We have o € C2(X, X), B € C%(X, X»).

e We have that (x)8 7 is uniformly positive definite.

e There exists a C < 400 such that for any (x, i, j, k, m) e X x {1, .. ., d}4,
By ah,,k 328y
ma { ( )| ™ ka L), P (x)

(A2) e ForeachkeN, g; € B,(X)NC3(X, R).

For each k € N there exists a 0 < C < +00 such that for any x € X gx(x) > C.

e For each k€N there exists a 0 < C < 400 such that for any (x,j, m)e X x

{1,...,d)>

3gk

ijaxm( )H
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Theorem 1. Assume (A1)—(A2). Then, for any (k, ¢) € N x Bp(X) N Cg(X, R), there exists a
C < +o00 such that for any (L, L1 Np, ..., NZ) = N% x{L,..., L} x NL-L+] with L <1,

_ 1 1
L .2 5
_ _ 2 1 A A
LML, \ T i ]
E [(”k @)= (9”)> } = C<NL + 2 N T 2 N,Nq>’

I=L+1 (L.g)eD,

where DL,Z ={,qelL,...,L}:1#q).

Proof. This follows by using the C;-inequality to separate the terms n,iv L’L(go) - nkL((p) and
Zf:]g—l [n,ﬁ — n,i_l]Nl(q)) — Z{‘:I:H [n,ﬁ — n,i_l](go). Then one uses standard results for par-

ticle filters (see e.g. [2, Lemma A.3]) for the n,iv é’é(go) — nké(w), and one multiplies out the

brackets and uses Theorems 2 and 3 for the other term. O

The implication of this result is as follows. We know that the bias |nkL((p) — J'rk((p)| is O(Ayp).
This can be proved in a similar manner to [14, Lemma D.2], using the fact that the truncated
Milstein scheme is a first-order (weak) method. Therefore, for € > 0 given, one can choose
L such that A7 = O(e) (so that the squared bias is O(€?)). Then, to choose Np, ..., Ny, one
can set Ny = 0(6_2) and, just as in e.g. [9], N; = O(e_zA?/4AL:1/4), le{L+1,..., L. If
one does this, one can verify that the upper bound in Theorem 1 is O(€?), so the MSE is also
O(e€?). The cost to run the algorithm per time step is (’)(ZZL:L NZAI_I) = 0(6_2'5). However,
as we see in our simulations, the cost should be lower, at 0(6_2 log (6)2); this indicates that
our proof is not optimal. In the case that (1.1) has a non-constant diffusion coefficient with
d > 2, the approach in [14], based upon using Euler discretizations, would obtain an MSE of
O(e?) at a cost of O(e727).

5. Numerical results

5.1. Models

We consider three different models for our numerical experiments.

5.1.1. Model 1: geometric Brownian motion (GBM) process. The first model we use is
dXt = [LX;dt + O'XtdW[, X() = X0.

We set Y, |X,, =x~ ./\/( log (x), '1:2), where 72 = 0.02 and NV (x, 72) is the Gaussian distribution
with mean x and variance 2. We choose xo=1,u=0.02,and 0 =0.2.

5.1.2. Model 2: Clark—Cameron SDE. The second model we consider is the Clark—Cameron
stochastic differential equation (SDE) model (e.g. [11]) with initial conditions xp = (0O, 0’

dXy,=dWy,,
dXo ;= X1,,dWa,;,

where X;, denotes the jth dimension of X;, je({l,...,d}. In addition, Y,|X,=x~
N(#, 2), where 72 =0.1.
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5.1.3. Model 3: multidimensional SDEs with a nonlinear diffusion term (NLMs). For our last
model we use the following multidimensional SDEs, with x¢p = (0, O)T:

o1

dX1,, =61(u1 — X1,p)dt + ——=dW1,,
1+ X3,

o0
dXo ;=0 (2 — X1 p)dt + ——==dWy;.

We set YV,|X,, =x~ L (}#, s), where L(m, s) is the Laplace distribution with location m
and scale s. The values of the parameters that we choose are (91, 62) = (1, 1), (11, u2) = (0, 0),

(01,02)=(1, 1), and s = /0.1.

5.2. Simulation settings

We will consider a comparison of the particle filter, MLPF (as in [14]), and AMLPF.
For our numerical experiments, we consider multilevel estimators at levels / € {3, 4, 5, 6, 7}.
Resampling is performed adaptively. For the particle filters, resampling is done when the
effective sample size (ESS) is less than 1/2 of the particle numbers. Suppose that we have
a collection of weights which sum to one, (W1, ..., WY), for instance (W/:’l, R W;{v’l) in
Algorithm 5. Then the ESS can be calculated using the formula

1
U
This is a number between 1 and N and is a measure of the variability of the weights. Typically
one would like this measure to be close to N. For the coupled filters, we use the ESS of the

coarse filter as the measure of discrepancy, and resampling occurs at the same threshold as the
particle filter. Each simulation is repeated 100 times.

5.3. Simulation results

We now present our numerical simulations to show the benefits of the AMLPF for the three
models under consideration. In Figures 1 and 2 we present the rate of the cost and the MSE
for the estimator for the filter and normalizing constant. The cost is computed using the CPU
time, although we found similar results using the formula of Section 4. The figures show that
as we increase the level from / = 3 to [ = 7, the difference between the costs of the two methods
increases. In particular, the figures show the advantage and accuracy of using AMLPF. Table 1
presents the estimated rates of the MSE with respect to cost for the normalizing constant and
filter. The results agree with the theory [14] and the results of this article, which predicts a rate
of —1.5 for the particle filter, —1.25 for the MLPF, and —1 for the AMLPF.

Appendix A. Introduction and some notation

The purpose of this appendix is to provide the necessary technical results to prove
Theorem 1. For a full understanding of the arguments, we advise the reader to read the proofs
in order. It is possible to skip Section B and simply refer to the proofs, but the reader may miss
some notation or nuances.

The structure of this appendix is as follows. We first consider some properties of the anti-
thetic truncated Milstein scheme of [11]. We present several new results which are needed
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FIGURE 1. Cost rates as a function of the MSE. The results are for the filter.
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TABLE 1. Estimated rates of MSE with respect to cost. ‘NC’ stands for normalizing constant.

Model PF (filter) MLPF (NC) MLPF (filter) AMLPF (NC) AMLPF (filter)
GBM -1.53 -1.21 -1.23 -1.04 -1.02
Clark—Cameron -1.55 -1.28 -1.26 -1.07 -1.05
NLMs -1.56 -1.29 -1.27 -1.08 -1.06

directly for the subsequent proofs. In Section C we consider the coupled particle filter as in
Algorithm 5. This section is split into three subsections. The first of these, Section C.1, consid-
ers the application of the results in Section B to a coupled particle filter. These results feed into

the final two subsections, which consider the convergence of [n,ﬁ — rr,[c'_l]N’ (p) in L, (Section
C.2) and the associated bias (Section C.3). This is the culmination of the work in this appendix
and is summarized in Theorems 2 and 3. To prove our results we use two major assumptions,
(A1) and (A2), which can be found in Section 4 of the main text.

A.1. Some notation

Let (V, V) be a measurable space. For ¢ : V — R we write 5,(V) for the collection of
bounded measurable functions. Let ¢ : R? - R, and let Lip(Rd) denote the collection of real-
valued functions that are Lipschitz with respect to || - || (where || - || denotes the L;-norm of a
vector x € RY). That is, ¢ € Lip(Rd) if there exists a C < 400 such that for any (x, y) € R4,

lp(x) — ()| < Cllx —yll.

For ¢ € By(V), we write the supremum norm as ||¢|loc = sup,cy |¢(x)|. For a measure p on
(V, V) and a function ¢ € B,(V), the notation pu(p) = fv @(x)u(dx) is used. For A €V, the
indicator function is written as I4(x). If K : V x V — [0, 00) is a non-negative operator and u
is a measure, we use the notation uK(dy) = fv w(dx)K(x, dy), and for ¢ € Bp(V), K(¢)(x) =
fv ¢(»)K(x, dy). Throughout, we use C to denote a generic finite constant whose value may
change at each appearance and whose dependencies (on model and simulation parameters) are
clear from the context.

Appendix B. Proofs for antithetic truncated Milstein scheme

The proofs of this section focus on the antithetic truncated Milstein discretization over a
unit of time (i.e. as in Algorithm 2). The case we consider is almost identical to that in [11],
except that we impose that our initial points (x(l), xffl , xf)’”) need not be equal. This constraint is
important in our subsequent proofs for the coupled (and multilevel) particle filter. Our objective
is to prove a result similar to [11, Theorem 4.10], and to that end we make the assumption
(A1), which is stronger than [11, Assumption 4.1]. The stronger assumption is related to the
boundedness of the drift and diffusion coefficients of (1.1). The reason we require this is that
it greatly simplifies our (subsequent) proofs if the constants in the results below do not depend
on the initial points (xf), xé_l, xé’a); this would be the case otherwise. In this section, [E denotes
the expectation with respect to the law associated to Algorithm 2.

The final result in this section, Proposition B.1, is our adaptation of [11, Theorem 4.10] and

is proved using simple modifications of Lemmata 4.6, 4.7, and 4.9 and Corollary 4.8 in [11].
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The proofs of Lemma 4.7 and Corollary 4.8 in [11] need not be modified, so we proceed to
prove analogues of Lemmata 4.6 and 4.9.

Lemma B.1. Assume (Al). Then for any p € [1, 00) there exists a C < +00 such that for any
leN,

max | [~ | <€ (87 4 b1+ I
ke{0.2....a7"}

Proof. Using the Cp-inequality, we have that

B omax X, - X [
ke{0.2...a7"}
<ClE| max X, =X |7 [+E] max X - X))
ke{0.2....a7} ke{0.2.... Al 1
Denoting by X7 the solution of (1.1) with initial point x at time #, we have
- max Hxlch, kA/ al
ke{0.2...a7"}
- C<E oY LAY P O L N
ke{o.2... ke{o.2 }
La
+E HX,’CAﬁ )Q“’AI( +B| maxxin —x |
..... i | kef0.2..a"]
i ] i / -1 P
+E H kA~ kA] H +E max HXk_Ai —X;;OAI ‘ )
ke 0.2..A7"} i ke{02 ..... ar'}

The proof is then eas1ly concluded via the strong convergence result [11, Lemma 4.2] and
standard results for diffusion processes (e.g. via Gronwall and [20, Corollary V.11.7]). U

Remark B.1. Note that the proof also establishes the following: for any p € [1, 0o) there exists
a C < 400 such that for any / € N,

4
B max X <c (a7 + - 1)
k{02 At
and
14
max X8, X | <0 (o7 + - P).
ke{0.2...a7"}

To state our next result, which mirrors [11, Lemma 4.9], We need to introduce a sig-
nificant amount of notation directly from [11]. Below, we set XkAl = 2( kA +X,lcgl) ke
{0,...,A7 . For (i, k) e(l,...,d} x {2,4,..., A"} we define
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w_ Y, iy (xha (7
Rix= {5 (“I(ka) +a’(XkA1)) - O‘I(ka)} Ar-t,

d
1
My =3 {5 (Bi(Xks,) + BilXis)) - IBU(YiAI)} (Wi = Wika]

=1
1 -l
M= Y {5 (gn(Xhs,) + im(X52,)) = hijm(XkA,)} (W28 = Wik ]
G,me{l,...,d)?
X[Win,k+2)8; = Winka,] — A1—1>,
I
M= 3 5 (han(xha) —han(Xi3)) ([Wrcsna, = Wiaa [[Wnesna
G,me(l,...,d}?

W4 DA ] = (Wit na, — Winka, | [W.ks2)a, — Wj,(k+1)A,]>,

d
oo
R,=>" 8—;(X,’<Al) ((X]’(XII{AI)A[ + > himn(xlchl)<[Wm,(k+l)A1
j=1 (mm)ell,...,d)2

1 32w
- m,kA[][Wn,(k+l)A[ - Wn,kA1] - Al))Al + 5 Z i aijlm(g:{)[X/{(k+l)A,

_XlgskAl][an,(k+l)A1 _len,kAl]Al’

8 .
M},lkJ) = Z a;::(Xlch,):Bjm(X]l(Al)[Wm,(k+l)Al - Wm,kA1]Als
Gomell,...dp
3B;j
Ml(,2k,l) = Z ax_lj(X/l(Al) (am(Xlchl)Al + Z hm”p (XIICA[)[[W"!(/(‘H)AI - Wn,kA[]
Gome(l,..d? " (pyell,....dy2

X[Wh,te+1yar = Woka,] — Al]) [W). a8 = Wiwsna ),
M=y {hum (Xles1ya,) — Pijm (Xzim)} ([W/,(k+2m, — Wit 1)a ) [Win, a2,

~Wn s, ] — Az),
where, in Ri o 51’ is some point which lies on the line between X ,l( A and ka IINE In the case of
i G, . . 1 1 vl la lLa la
Ri,k andMi’k ,je{l,2,3},onecan substltuteXkAl, & X(k+l)A1 foerA], £, X(k+1)A1 (where
lLa : . . . . l,a l,a .
&,'" is some point which lies on the line between X Al and X(k +1) Az)’ when we do so, we use

the notation sz and M?,’{l’a),j € {1, 2, 3}. Finally we set
3 13
)] .0 (,l,a)
ESNHEEDD {MP0 M),
j=1 =1

M, Ly l
Ry =Ry +§{Ri,k "‘Ri,Z}-

We are now in a position to give our analogue of [11, Lemma 4.9].
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Lemma B.2. Assume (A1). Then the following hold.:

e Forany p € [1, 00) there exists a C < 400 such that for any [ € N,

2 —1|2
e o EURTS O (4 = [ =117

e Forany p € [1, 00) there exists a C < 400 such that for any l € N,

max  E[|M;|’]
ke{2,4,....,A1}

3P 14
- C(Aﬁ b F [l o ) o o ||P})-

Proof. The proof of this result essentially follows from [11] and controlling the terms
(in Lp). The expressions § Y7 | [M(”l) —i—M(”l’a)} and }{Rl, + R} can be dealt with
exactly as in [11, Lemma 4.7], so we need only consider the terms Z IMIE/) and R(l) It
will suffice to control in IL,, any of the d coordinates of the aforementloned vectors, Wthh is

what we do below.
Beginning with ng) , using the second-order Taylor expansion in [11], one has

RY L i 9%a xha \(x! X A
ik =g > (&) + (&) (]kA1 ,',kA,)( mkA; mkA,) I

Gomelled)? 0x;0x, 0x;0xp,

where & f is some point between )_(i A, and X]l( a, and Ezl is some point between Yi A, and XII{’ZI.
Then it follows easily that

Zp]
Application of Lemma B.1 yields that

12 —112
B[R] = Ay (A + b =25 [ + g = '1).

B[R] < CayE[ [t — XL,

which is the desired result.
For M;lk), again one has

1 9% Bjj
ISR M b R
}

0,0
Gommell,....dp3 AmOxn

X[ Wja+2a, = Wka,]:

9*B; 1 lLa 1 lLa
(%-4) (Xm,kA[ - Xm,kAl) (Xn,kA[ - Xn,kAz)

0X,,0Xy,

. . <l . . <
where “g‘é is some point between X;,, and X,’( a, and éi is some point between X;,, and

IIQZ, Then, using the independence of the Brownian increment (with the random variables

1 la 1 La
(Xm ka, — Xk A/) (Xn ka, — Xk A/)) and the same approach as above, one has

2,
E[ML1"] < CaPPE[|X0s, — Xia 17
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and applying Lemma B.1 yields
B[ ) = €Ay (] + oy —xg [ + 6 =7 17) -
For Ml(zk) one has

1 ym ym a
wi-; X {5E+ T (K -t

(,m,n)e{l,...,d}
X ([vvjy(k+2)A[ - VV/'J‘AI][Wm,(k+2)A1 — Wm,kA,] _ Al—l),

. . ! . . !l
where 551 is some point between X ,, and Xl ka, and 561 is some point between X 5, and X,l{’zl.

As the Brownian increments are independent of ( kA, Xfl‘;( Az) and the dimensions are also

independent of each other, one obtains
E[[MI"] = CATE[ | X;a, — Xia, "]
Lemma B.1 gives

E[M2["] = ca] (A7 + fxb =i 7 + 56 = 257'[7) -

For M?k), one has

1 ahy;
M) = 1 > { I () + Um (Es)} (Xia, X,i’Z,)([Wj,<k+1)A, — Wjka,]

X[Wm,(k+2)A, - Wm,(k+1)Al] - [Wm,(k+1>A, - Wm,kAl][VVj,(kJrZ)Al - Wj,(k+1)A,]),

where 57 is some point between X, ka, and X ka, and ég is some point between X, ka, and X; k A[

Using essentially the same approach as for Mfk), one obtains
E[M ] = cap (a7 + [ — x|+ 6 =267 1)

which concludes the proof. 0

Proposition B.1. Assume (Al). Then for any p € [1, 00) there exists a C < 400 such that for
anyleN,

-
Y I ) N e

ke{0.2....a7"}

P
<0 (A [l P74 Ik = )+ o = b =)

Proof. We omit the proof, because it is identical to that of [11, Theorem 4.10], except that
one uses Lemma B.2 above instead of [11, Lemma 4.9]. O
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Appendix C. Proofs for coupled particle filter
In this section, [E denotes the expectation with respect to the law that generates the AMLPF.

C.1. Rate proofs

Our analysis will apply to any coupling used in the second bullet point of Algorithm 4,
Step 2. At any time point k of Algorithm 5, we will denote the resampled index of particle i €
{1,...,Njy by It (level 1), I."~" (level I — 1), and I;" (level I antithetic). Now let IL(i) = I,
Ill(_l(i) = I,i’l_l, I,i’a(i) = I,i’l’a, and define S} as the collection of indices that choose the same
ancestor at each resampling step, i.e.

. . _1,. La,. . _ I, Lag.
Si={ie{l,....N}: L) =L""O)=LG).I,_ o () =L, o[ ') =1, o [0, .. ..,
Bolo---oll(h=1""oll o ol ) =1" 0 I3 0 - - - 0 I;*(i) ).

We use the convention that Sf) ={1, ..., N;j}. Denote the o-field generated by the simulated
samples, resampled samples, and resampled indices up to time k by F!, and denote the o-field
which does the same, except excluding the resampled samples and indices, by F,ﬁ.

Lemma C.1. Assume (A1)—(A2). Then for any (p, k) € [1, 00) X N there exists a C < 400
such that for any (I, Nj) € N2,

1 il wid—1|P ila  yil—1 zla
R R B e I

i€S,_,

} <CcAP?,

Proof. The case k =1 follows from the work in [11] (the case p =[1, 2) can be adapted
from that paper), so we assume k > 2. By conditioning on ]-',ﬁ | and applying Lemma B.1 (see
also Remark B.1), we have

Z {thl zl IH +thla th IH +Hxll tla
Nz
zeSk1

)

i, l—1

ol ll 1 ila JA-1||P Sl Sila
P e IR LR

/2 1
<C|a"+E| & > {Xk_l

i€S;_,

)

One can exchangeably write the expectation on the right-hand side as

1 AIi’l i AI” 1 -1 )4 L Jila la AIII 1 -1 )4 il / L iha La P
k—1° k—1 k—1°" k—1 k—1° k—1°"
E N Z X1 — X + X — X + X — X

. 1
i€S;_,

The proof from here is then essentially identical (up to the fact that one has three indices instead
of two) to that of [14, Lemma D.3] and is hence omitted. U
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Lemma C.2. Assume (A1)—(A2). Then for any (p, k) € [1, 0c0) x N there exists a C < +00
such that for any (I, Nj) € N2,

il _ xid-1 p p
IR R

zeSk !

Proof. Following the start of the proof of Lemma C.1, except using Proposition B.1 instead
of Lemma B.1, one can deduce that

i 2 i 2
1 R il 1 111 1’171 P R l’l’a,la tl 1’171 P
c(A*;HE R DR | A ol I R
1
ieSt
il il—1 p il,a l/ 1 p
p/2 1 Y JURTUE i e | A1 lha Ly =1
+A7E | & DR A DA vt + X5 - X :
ieSt

From here, one can follow the calculations in [14, Lemma D.3] to deduce that

1 . . . 2p
p il ll 1 i,l,a i,l—1 il il,a
C<AI+E — {”X H o L H + %t - Xt }
1€Sk 5

p/2 tl 1 i,l,a ll 1 i, i,l,a
i P PR e ] o R L

p i il p} )
lESk 5

Application of Lemma C.1 concludes the result.

Lemma C.3. Assume (A1)—(A2). Then for any k € N there exists a C < 400 such that for any
(L. N) e N2,

aX)  alg™)
S e SN an(x™)

1/2
EC(A/ +i{1_E|:Card(Sil)]}>.
N; N; N;
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Proof. We have the elementary decomposition

() s s - el

Sra) S ag™) Dl s

Y e (XY = XM e (X))
S e S an(x))

So application of the triangle inequality along with the lower and upper bounds on g (which
are uniform in x) yields

+ k(X

a(X;") e (X"
N, TN J.la
Z] 1 8k (Xk) Zj:lgk(Xk )

IA

E|lg ()

C .
<E[HS, (D) — g ()

N
+1-E [—Card](\f" ‘)} )

Using the Lipschitz property of g; along with Lemma C.1 allows one to conclude the
result. O

J+ 52 2 [) - o)

jGS

The following is a useful lemma that we will need below. Its proof is a matter of direct
computation and is hence omitted.

Lemma Cd. Let (G, f1, G%, 4, G'=1, f1=1) € R® with (f!, £, f1=1) non-zero; then

lGl lGa Gl—l 1 1
Zf_l + zfa - ]ﬁ fl 1 < G'+ 3 Ga Gl_l) +faflf[—1 (%(Gl - Ga)(fl_l _fl)fa +

%Ga[(fa _fl)(flfl —fl) . zfl{%fl 4 %fu _flfl}:l).

Lemma C.5. Assume (A1)—(A2). Then for any k € N there exists a C < +00 such that for any
(I N) e N2,

th Xllu Xi,l—l
E |1y 0 o) L omX)  adX)

va’lgk(Xi’l) Zj:l gk(Xi’l’a) Zj’v:ll gk(Xil_l)

(st =)

Proof. One can apply Lemma C.4 to see that

ng(Xl l) . 28 (tha) - ok ( zl 1 ZT
il 1, l 1 ’
Zj:l 8k (Xfc ) Z] 1 8k (XJ ‘1) Zj 1 8k (X]
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where
1 il I, [ I
=5 Ji—1 {%g"(X’?)jLﬁ"(Xl a) _gk(X’? 1>}
Z]‘:] gk(Xk’ )
n= 1 ((x)
N .l N, ji—1
o it e () ][ 2 e ()
N
j,l— il
-s5) (500 ) s )]
j=1
gk(Xl 1, a) Ny

S ) | I ) S )
>[4 ()]

i,l,a
a(%") d

" T e[ ] | L () A 2]
= J=

J=1

The terms 77 (resp. T>) and Ty (resp. T3) can be dealt with in a similar manner, so we only
consider 77 (resp. 13).
For the case of T we have the upper bound

C i
Ellg @)= NE [T O13ec(x") + 2 (Xi™) - a1
Then one can apply [11, Lemma 2.2] along with Lemmata C.1 and C.2 to deduce that
CA[
Ellg 0n]=="
sl O1 N
For the case of T, we have the upper bound
, i\l =1 Jil.a
e i 0] = 5 (= sy 04" - 6] T ) - )
!

: [
J€S_;

+E [Tgy 0le(Xp") - gk(X,i’l)‘<Nl—Card(Si_l))]).

For the first term on the right-hand side one can use the Lipschitz property of gz, Cauchy-
Schwarz, and Lemma C.1, and for the second term one can use the boundedness of g, to

obtain
, A1 Card(S,_,)
Ellg @m]=c N+171 - —— =)

which concludes the proof. O
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Lemma C.6. Assume (A1)—(A2). Then for any k € Ny there exists a C < +00 such that for any

(I, N) e N2,
!
1-F [%(Sk)} < CA}/z.
N;

Proof. We note that

Ni i=1 D 8k (X] )Zj:lgk(xi” ) Zj 1 8k (X] )

(Xi,l) gk(Xl W, a) gk(Xl I— 1) |
E min : ,
Py lzj 00 S ) T st )

o Z - Xz l) | gk(X]i{,l,u) gk(le 1) ]
- Z,_lg () S ™) o sl

e1-sfemeta])

As our proof strategy is via induction (the initialization is trivially true since Sf) ={1 N1},
we need to focus on the first term on the right-hand side of (C.1).

Now, applying twice the result that min{a, b} = %(a + b — |a — b)) for any (a, b) € R?, we
easily obtain that

1 —me X ) gk(Xlla.) gk(Xll 1)
Zj | 8k (X/’l) Zj:l gk(Xi’l’a)’ Zj:lgk(xfél_l)

e (X B e (X"

2g (lea)
Zj'vzll gk(Xél) Zj:lg X]la

‘ zgk
Z/ 1 gk X] l) Zj—l 8k (X] * “)

|

ZEZ{%

i=1

a1 alg) e
SV a2 a) N a(x )

To shorten the subsequent notation, we set

ot D) el

2 Z;V—ll g (Xy)) Zj—lgk(Xj’ “)
,3‘_ zgk(Xl l) 2gk(lea) ~ gk(le 1)
;=

] 1, =1y
YV e TN () YN ek
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In this notation, we have that

- % s s (X))
i=1 Z;V=Il gk(X{c’l) Z;\;[l gk(Xi’l’a) Zj'\ll gk(Xllc’l_l)

N
= %E [Z{ai +1Bi— ail}} (C2)

i=1

<

N =

Card(S}_))
E Z {ai +18i — o} +C(1—E{T ) (C.3)

ieSL1
Then by induction, via Lemmata C.3 and C.5, it trivially follows that

Card(S!
1-E [%} <cal”, 0
1

Remark C.1. Lemma C.6 is the place where the rate is lost. It is clear that this particular
quantity cannot fall faster than (’)(All/ 2), as the right-hand side of (C.2) is exactly equal to

N;
Z max{w;, Bi}.
i=1

The expectation of this quantity falls exactly at O(AII/ 2). We could not find a way to enhance

the proof to deal with this point, so we leave it to future work.
Lemma C.7. Assume (A1)—(A2). Then for any k € N there exists a C < 400 such that for any
(1N ) e N2 x {1, ... N,

E [min {H)_(;(l —X,i’lil ‘

] =cal”
Proof. This follows from Lemmata C.2 and C.6; see e.g. the corresponding proof in
[14, Theorem D.5]. O

Remark C.2. In a similar manner to the proofs of Lemma C.7 and [14, Theorem D.5], one can
establish, assuming (A1)-(A2), that the following hold:

e For any k € N there exists a C < 400 such that for any (I, Ny, i) € N2 x {1,..., N},

1/2

. |1 i 1—1]P
E[min { |x;' = x| 1} ] = ca)”.

e For any k € N there exists a C < 400 such that for any (/, Nj, i) € N2 x {1,..., N},

; 1 alP
E [min | |x;' - x|, 1}] = ca)”>.
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C.2. Particle convergence proofs: LL,-bounds

For a function ¢ € Bj,(X) N Lip(X), we set ||| = max{[|¢llco, ll@llLip}, Where || - [|Lip is the
Lipschitz constant. We denote the N;-empirical measures by

N
med0 = 5 Z B xit) ().
e (dn) = NZ(S{X,I 1) (),

e dn) = & Za{xl,a (dx),

where k € N and 84 (dx) is the Dirac mass on a set A. We define the predictors as follows: for
1€ No, ' (dx) = P'(xo, dx), and for k > 2, nj(dx) = n}_, (k-1 P'(dx))/n},_, (gk—1)-

Lemma C.8. Assume (A1)—(A2). Then for any (k,p) € N x [1, 00) there exists a C < 400
such that for any (I, N;, ¢) € N? x Bp(X) N Lip(X),

T l—

e [ - oo - - ] < AL
N,2

Proof. The proof is by induction, with initialization following easily from the
Marcinkiewicz—Zygmund (MZ) inequality (the case p €[1, 2) can be dealt with using the
bound p € [2, c0) and Jensen’s inequality) and strong convergence results for Euler discretiza-
tions. We therefore proceed to the induction step. We have that

E:‘[n,’f"l N’“](w)—[ —n,’:l](w)}p]l/prﬁTz,

where
T oy R
e {2 oo

We deal with the two terms in turn. For the case of T, one can apply the (conditional) MZ
inequality to obtain

C 10 Li—1y 1P
T_—E[ X)) —olX, ] .
1= N, |‘P( k ) ‘/’( k )|

Using ¢ € B,(X) N Lip(X) along with Remark C.2 yields
1
— A 2p
Cliplla”

T) < W (C4)
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For T», we first note that

]E[[niv”l - nkN”I_l](so)If;ﬁ_l] — [0k =07 @)

27

_ { et (gk—1Pl(9)) ~ et (g1 P () } ~ {nil(gk-lP’(tp)) (1P @) }

Nl N =T
M1 (8k—1) Moy (8k=1)

nk_(gk-1) (g1

where we recall that P! (resp. P/~!) represents the truncated Milstein kernel over unit time with

discretization level A; (resp. A;—1). This can be further decomposed to

E[[nf{v”l e’ 1](<p)|fk 1] = [k =0 @)

_ [ " (g1 [P = P](@) My (g1 [P = P@) }
M) (8k—1) nh_ 1 (8k=1)

~ {ni_l(gkl[Pl—l —Pl@) i (gei[P - ](<p))}
M1 (8k=1) m Y (gk—1)

Nil N1
Ml (8k—1) Mely (8k—1)

et (@oiP@) T @i P@) | i (@1 P@) i (s 1P@)
M1 (8k-1) M1 (8k-1)

Therefore we have that

T <T3+4+T4+Ts,

where
1/
E|: 8k 1[P! = P](9)) B nk_ (gk—1[P' — P](¢)) p:| !
77k 1(gk 1) n/i_l(gkfl)
:E[ e @ [P =Ple)  nh (g [P = Pl) p]l/”
nﬁfli "(gk-1) i) (8k=1) ’
T 1 (gk-1P(9)) nkN’i (e-1P(9))
=K T _
77k 1(gk 1) nkll (8k—1)
-1 r1/p
M1 ($=1P@) M (81-1P(9))
k1 (8k=1) n;i:ll(gk—l) .

|

(C.5)

The quantities 73 and T4 can be treated using similar calculations, so we only consider 73. For

the case of 73, clearly we have the upper bound

T3 < T+ T7,
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where
_ 1/
" (gxr [P = P)@) = by (gt [P = Pl@) [T
Te=E Nyl ’
L 77k_’1(gk—1)
r p 1/p
(k=1 [P' — P](®)) [n,i,l - nfﬁi](gk_l)
T7=E Ny ;
le_l(gk—l)rlk_l(gk—ﬂ

For Tg we have that

To < CE [ |l = nl_i](gi1 [P = Pl) ‘p]w

By using standard results for particle filters (e.g. [14, Proposition C.6]) we have

[
_CI[P = Pl@l

Ts <
VN,

Then, using standard results for weak errors (the truncated Milstein scheme is a first-order
method), we have

- CllgllA;
- VN

Ty
For T7, again using weak errors, we have

JE— / Nl p1l/p
7= CTelAE [y =i Jeen| ]

and again using standard results for particle filters, we obtain

ClollA
T < llell I
/N
Hence we have shown that
CllellA;

max{T3, T4} < (C.6)

VN,

For Ts, one can apply [14, Lemma C.5] to show that

6
Ts <Y Tjy,
j=1
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where

_ ) p1/p

. A= _

Is=E||x7—— {[nkNii - ngil '] (gk—IP(‘P)) - [n;’(,l - n,’{f]] (8k—1P(§0))} } ,

LI e 1(8k—1)

I/p
Bt (eo1P) ’
— k-1 Nyl N, l—1 i -1
Tg=E Nl N1 My — Mely |Grk=1) — [ My — My |(8k—1) ,
ﬂk,’l(gkfl)nk,’l (8k-1)
- 1 p1/p
N —

Tio=E | | l {[n,ﬂ_l —niv’,l](gkfl)}{[ni_l _7711(,11]<8k71P(§0))} } :

LI 121 (k=11 (8k—1)

r 1 p1/p
T =E - {[nkN_‘l_' —n;lf_l]] gr—1P(9) }{[n;ﬂ,l—ni__ll](gk—l)} } ,

et e ek ( )

p1l/p

-1

Mi—1 | 8k—1P(9) _ . _

T, =E (_ >7 {[ﬂkNii 1—?),1(_11}(8#1)}{[77;1{_1 —n,l(_ll}(gkq)}
] N1 -1

M1 @—1M 2y (k=M1 (8k—1)

B p1/p

-1
Me—1(8k—1P(p)
Tiz=E ¢ l( )1—1 {[nkNii —7711(_1:|(gk71)}{|:7711<_1 —n,l(ill}(gkq)}
(gk—1)

Nid N,
M (k=M (Gk—D )

Since Ty and Ty can be bounded using similar approaches, we consider only 7g. Similarly,
To, - .., T13 can be bounded in almost the same way, so we consider only 7. For Tg we have
the upper bound

1y = R [|{ [~ i (e 1P0) = [y — i Jeear) | [

Since gr—1P(p) € Bp(X) NLip(X) (see e.g. [7, Equation (2.6)]), it follows by the induction
hypothesis that

1
T A 2D
Cliglla;”

For T19, we have the upper bound

Tio < C| [n;ﬂ_l - n,ﬂiﬂ](gk_lP(sv))|E[|([ni_1 - nkNi’f](gk_l)) "1

Then, using [14, Lemma D.2] and standard results for particle filters, we have

CllellA;
Ty < .
~/N;
Therefore we deduce that X
T A 2P
Cllolla,
Ts < ———. (C.7)
/N
The proof is then easily completed by combining (C.4), (C.6), and (C.7). U
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Remark C.3. One can also deduce the following result using an argument that is similar to (but
simpler than) the proof of Lemma C.8. Assume (A1)—(A2). Then for any (k, p) € N x [1, 00)
there exists a C < +oo0 such that for any (I, Nj, ¢) € N2 x Bp(X) N Lip(X),

1
Cligl’ A}
E [|[nkNl,l _ 77kNl,l,a]((p)|p] ”‘P”p .
N}

Below, Cﬁ(X, RR) denotes the collection of twice continuously differentiable functions from
X to R with bounded derivatives of orders 1 and 2.

Lemma C.9. Assume (A1)-(A2). Then for any (k,p, ¢) € N x [1, 0c0) x Bp(X)N C,f(X, R)
there exists a C < +00 such that for any (I, N)) € N2,

1
A} A2
1. Nl 1_N,I, Nl 1 -1
Sl e N L e P

Proof. The proof is by induction. Initialization follows easily by the MZ inequality and [11,
Lemma 2.2, Theorem 4.10] (the case p € [1, 2) can also be covered with the theory of [11]), so
we proceed immediately to the induction step.

As in the proof of Lemma C.8, one can add and subtract the conditional expectation to
obtain an upper bound

1/
B[| + e Y~ [af — ] =14

where

N Nll NI Nll I/p
=E 135" + 3 =00 — B + S o onFr ]

=& [IB ) 4+ I — o0 Fel — 1~ o]

For T one can use the conditional MZ inequality along with the boundedness of ¢, [11,
Lemma 2.2], Lemma C.7, and Remark C.2 to deduce that

CAZI/QP)
~/Nj

The case of T, is more challenging. We have the decomposition

T

IA

(C.8)

T) <T3+ Ty,
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where
IE[ [znk V(g [ ]((p)) Lyt (g1 [P = P)(@)) nkN‘f s 1[P"‘—P](<p))]
e (8k-1) e (gr-1) e (gke)
_ iy
{zﬂk (g1 P — Pl(p) N %ﬂ;l{,l(gkfl[Pl—P](w)) B ﬂ,lc,ll(gk 1[191_1 - ](fﬂ))] o
nh_1(8k—1) N1 (8k—1) M (8k—1) ’
]E[ { T 1 (g-1P@) | 3me (g1 P@) " (oo 1P(so))}
Ni.la N -1
nk 1(gk 1) My (8k—1) Mot (8k—1)
_ 1
B %Ué_l(gk—lp((ﬂ)) %ﬂ/i_l(gk—lp(ﬁ”)) B fli_ll (gk—1P(9)) 1 C9)
Mh_1(8k—1) M1 (8k—1) ! (gk-1) ' '

For T3 one has the upper bound

3
T3 <) Tjya,
j=1

where
o | || L [P = PY) ok (s [P = Pl }/
L ﬁf{vfi (8k-1) ﬂ;lc,l (gk-1) ’
B 1
ro =g || 2 @ P = Ple) 3 (s [P = Ple) ,,} ’
L ﬁf{vfi’a(gk—l) U/l(,l(gk—l) '
B 1
r g || 2 [P = Ple) 3t (s [P~ Plie) "} ’
L " e mh(8-1)

Each of these terms can be controlled (almost) exactly as is done for (C.5) in the proof of
Lemma C.8, so we do not give the proof; rather, we simply state that

CA1/2
T3 <

=N

(C.10)

For T4 one can apply Lemma C.4 along with Minkowski to deduce that

4
Ty < Z T,
j=1
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where
1 1. Nl | 1. Nula _ Npu-1
TS:E|: N I—1 [Enkil"‘i’?kil — el ](gk—lP(<P))
Me—1 (8k-1)
1 r1l/p
T [%%—1“‘%%—1—U;iill](gk—lp(w)) ,
M1 (8k—1)

1 L[] Nl Npla Ny, i1
Ni.l N1 2 { [nkil =l ](gk—lp(‘!’)) } { [’iki1
ﬂk_l(gk—1)'7k_1 (8k-1)

p:| 1/p

Npla

N
—ﬂkNil](gk—l)}
. E[ I (gk—1P(@)) ”
0= —

R TR VL TR AR (7D

pl/p
—nkNi’i](gk—l)} } ,
NI,
ﬂkil a(gk—lP((p))
I =E Nii—1
Mt @r—DmZ  (8k—1)
i (gk—1P(9)) x[l

Ny la
1.1 -1
Tl =1 M—1 T 3M—1 —kal](gk—ﬂ
le_l(gkfl)nk_l(gkfl)

T9=E|:

N1, Nyl Ny, l—1
nkila - nkil](gk—l)}{[nkil

1 _N,l , 1_NplLa Ny, l—1
L3 = e

pi| 1/p

As the arguments for dealing with Tg (resp. T9) and Ty (resp. T1¢) are similar, we only prove
bounds for T3 (resp. T9). For Tg we have the upper bound

Tg <Tiz + Ti3,

where

T12=E[

- n,lf_ll] (gk-1P(¢>))}

ril/p
T13=E[ } .

For T1> one can use the lower bound on gi_; along with gx_1P(¢p) € Cg(X, R) (see e.g. [23,
Corollary 2.2.8]) and the induction hypothesis to obtain

1
1 Nl 1 _Npla Ny, l—1 1.1 1.1
m{[inkLl + My =l ](gk—lp(‘/’)) - [Enk—l +3

2Mk—1
Mk—1
p] 1/p

-1
[k + 30y = i) ] (sk-1P@)
Ny, i—1 _
M) (gk—l)n,i_ll (gx—1)

-1 Ny, l—1
[Uk_l - nkil ](gk—l)

cale
VN

Ty <
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For T3 we apply [14, Lemma D.2] and standard results for particle filters to obtain
1/2

Wk

T3 <

Thus

CAII/(ZP)
~/Ni

IA

T

For Ty we have the upper bound
Ty <T14+Ti5,

where

T14=]E|:

—['7;1(:11 — U]Zc_l](gk—l)

. :]E|: }p}l/p.

For T4 one can use the lower bound on g;_1, Cauchy—Schwarz, Remark C.3, and Lemma C.8
to obtain

1 N N Nui—1 Nl
Nil NI—1 {[ﬂkil - nkila] (gk—lp(fp))}{[flkil - nkil](gk—l)
M1 (@k—DMZ 1 (8k—1)

} p:|1/p,

{[nfjﬁ’i - nfﬁi’“] (8k—1P(9)) } { [n,l:_ll - ﬁ/l(_1:|(gk—1)

Nf—

1

Nl N;,l—1
M1 @k—Dme Ly (8k—1)

=

CAII/QP)
1 .

T4 <

For T15 one can use the lower bound on g1, [14, Lemma D.2], and Remark C.3 to obtain

Ap+1/2)1/1’ ,

- C (
thus,

calen  cplien

Ty <
VN; N;
Therefore we have shown that
1\ U/p
C 12 A7

Ts<— | A — (C.11)

»/2

VN N!

The proof can be completed by combining the bounds (C.8), (C.10), and (C.11). U
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Theorem 2. Assume (A1)-(A2). Then for any (k,p, ¢)€ N x[1, 00) x Bp(X)N Cg(X, R)
there exists a C < +00 such that for any (I, N)) € N2,

1/2 Az

_ Al
E[H”li_”ii @) =[x} - 1]((p)l”]sc WJFV

Proof. This follows from Lemma C.8, Lemma C.9, Remark C.3, and a similar approach to
controlling (C.9) as in the proof of Lemma C.9; we omit the details. U

C.3. Particle convergence proofs: bias bounds

Lemma C.10. Assume (A1)—(A2). Then for any k € N there exists a C < +00 such that for any
(I, N1, ¢) € N? x By(X) N Lip(X),

([ =) - [k = )] | = —C”“‘I’V"ZA

Proof. The proof is by induction. The case k = 1 is trivial as there is no bias, so we proceed
to the induction step. Following the proof of Lemma C.8, we have the decomposition

E[[n =" @)= [ - )] | < T+ T2+ 1,

AN

where
r [ P [P =Pl@)  niy (s [P = Pliw)
L nkai (8k-1) nt_ (gk=1) ’
_ (e T (g [P = Pl@)  nbh (g [P — ](w))”
2= - :
L i]il(gk—l) Uk 1(gk )]
I EHnQ’i’i(gklP&p)) n,iv’{ l(gk 1P(¢))}
M (g1 = g
i (e1P@) e 1(gk 1P(p)
nh_(gk=1) nk 1(gk 1)

Ty and T> can be bounded using almost the same calculations, so we consider only 7. The
latter can easily be bounded above by Z —1 Tj+3, where

! ! Nl 1 ;
) [" 1 e } gic1lP = Pl@) ||
{ﬂk b (g1 n,il(gk_l)} =i | ( )

= _; Nyl l_
= _ni_1<gk_1>[” (et P](go))} ,

1 1
To=E n,i_,(gkl[Pl—P]«p)){ , }[nl = 1](8k 1)}

77k l(gk 1)nk 1(8k=1) Uk_l(gk—1)2

.1
N1 (gk—11P" — Pl(p)
T;=|E i ]( )|:77 1~ M= 1:|(gk 1):|

77;[(_1 (8k—1)?
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For both T4 and T¢, one can use the Cauchy—Schwarz inequality, along with [14, Proposition
C.6], the lower bound on gx—1, and weak-error results for diffusions to show that

CllgllA

max{Ty4, Tg} <
x{Ty, Tg} < N,

For T5 and T7 one can use standard bias bounds for particle filters (see e.g. the proof of [14,
Lemma C.3]), the lower bound on gx_1, and weak-error results for diffusions to obtain

C A
max(Ts, Ty} < SI2IAL,
N;

hence

Cllella
max{T}, T»} < %. (C.12)
1

For T3, using [14, Lemma C.5] we have the upper bound 73 < Z?:l Tjy7, where

Ty=|E _Ml[nﬁ{—nﬁzﬁ (ee1P)) = [y = 0= 1](gklp(<p))}”,

o= |E [ (ke 1P(</))) {I:nNz.l_anl 1](gk 1)—[771 —ﬂl_l](gk ])}}
ﬁk 1(gk l)T]k 1 (gk 1) k=1 k—1 k—1 )

Tio=|E Ecrs 1)lnk . ])[[n,{_l—nkN”i](gk-l)}{[ni_l—n,ﬂﬁ](gk_lP(w))}] ,
=8| 1>nlk T l){[nfﬁﬁi‘l—n,i:‘l](gk_lP«p))}{[nk ] (7 1>}}
i - P() _
T, =|E Enre :gljvkl(lgk(;k T)zk o 1){[7;,?1’{ bl 1](gk 1)]{[ni_1 —n,ill](gk—l)]} :

P(p) _
| bl ol |

Since Ty and T9 can be bounded using similar approaches, we consider only 7g. Similarly,
Tho, ..., T13 can be bounded in almost the same way, so we consider only 7'o. For Tg one has
Ts < T4 + T15, where

! ! Ny, l—1
’ - e (s PGe)
|:{’7kN£€(gk—l) n,l(_l(gkl)H[nk M—1 ](gk 1P(9))
_ [n;’(,l - n,ﬂ_‘l](gklp(w))” ,
1 —
Tis = ‘]E [— {[nivﬁi — ety 1](gk—1P((p)) - [,,]1(_1 _ n]l(—ll](gk_lp((p))}iH |

1 (8k=1)

Tiy=
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For T14 one can use Cauchy—Schwarz, the lower bound on g_1, [14, Proposition C.6], and
Lemma C.8. For T15 we can apply the lower bound on gz_; and the induction hypothesis.
These two arguments give that

1
CllollA}
1

max{T4, T15} <

and hence that

B

TellA
Ts < CllollA, .
N

For Ty we have the upper bound 719 < T16 + T17, where

s EH ni”’i(gk_l)ln,i](gk-l) . ni_lék—ﬂz}{[nil “ieo)
x { [ni_l — n,’f_l]](gHP((p))]] :
Ti7 = E [m{[ni_l =t o} {[nis - n’k‘ﬁ](gk—lP(cv))}” :

For Ty5 one can use Cauchy—Schwarz, the lower bound on g;_1, [14, Proposition C.6] (twice),
and [14, Lemma D.2]. For T1¢ we can apply the lower bound on gi_1, [14, Lemma D.2], and
bias results for particle filters. These two arguments give

CllellA
max{T\s, Ti6} < Cliela
N
and thus
CllollAa
7, < ClelA
N
Thus we have proved that
1
CllellA}!
<—. C.13
2=, (C.13)
The proof can be completed by combining (C.12) and (C.13). O

Remark C.4. Using the approach in the proof of Lemma C.10, one can also prove the follow-
ing result. Assume (A1)-(A2). Then for any k € N there exists a C < 400 such that for any
(L, N1, ) € N* x By(X) N Lip(X),

1
Clolia?
‘IE [[nkN”l - nkN”“](w)” =N L.
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Lemma C.11 . Assume (A1)—(A2). Then for any (k, ¢) € N x Bp(X) N CZ(X, R) there exists a
C < +00 such that for any (I, Ny, €) € N2 x 0, 1/2),

1
_ CA?
‘]E [[%nkN’ e =t 1](@ [ni—ni 1](@](5 Nll .

Proof. The proof is by induction. The case k = 1 is trivial as there is no bias, so we proceed
to the induction step. Following the proof of Lemma C.9, we have the decomposition

‘]E[[l Nl | L pNda - 1]«0) [7711{_’7]1(_1](90):”§T1+T2,

where
T = EH S 1(g1< I[P - ](90)) It (-1 [P' = P)(9))
et (8k—1) e (gr-1)
B e (g1 [P = P(o)) }_
L )
It (gk—1[P" = P)(9)) N 3 (g1 [P = Pl@)  mZh (a1 [P = Pl@)

k1 (gk—1) nh_1(8k—1) | (8k-1) ’

It (g1 P)) L i“(gk_lP(go)) nkN’ { l(gk—lp(¢))
nh=E Nl + La —1

21 (8k—1) nk,l (8k—1) 21 (8r=1)

_ { 31 (8-1P(9)) n i (8e-1P@)  miC 1(3k 1P(‘p)) }:H (C.14)

M1 (8k—1) M1 (8k—1) M (8k-1)
For T one can match the empirical and limit terms across the /, a, [ — 1 and adopt the same

proof approach as used for 7T in the proof of Lemma C.10; since the proof would be repeated,
we omit it and remark only that

T, < CAl/z (C.15)
1= N .
For T, using Lemma C.4 and the triangle inequality, we have that 7, < Z?:l Ty,
where '
1 Nl Niola  Npl-1
T3 = ‘E|: Ni—1 [ ki + % kil - nkl 1 ](gk—lp((/))) [1 7711( 1
Mr—1 (8k—1) nk 1(gk 1)

+int_ = 1 (gk— 1P(<p)}

%{[nkNii - nfﬁi’“](gk_lP(w))}{[nffﬁi_l - nkNl’i](gk_l)}] :

T4=‘E|:
ﬁk 1(gk 1)77k 1 "ero1)
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1. NilLa
3t (gk=1P(9)) Nnla Nl Ny I—1
ng‘E[ VT N s {[nkil —nkil](gk_l)”[nkil
My k=DM 21 (@r—1)m 2y 1(8k—1)

- W;{Vl’i:l(gk—l)}:|

Nila
1P
T6=‘]E|: Me—1 (gk 1 (‘P))

)

1| Nl 1 Nila _ Nid-1
[E”k—1+§ﬁk_1 — My :I(gkfl)

Nii, NA=1
Ml G-y (8k—1)

I
1 (8k—1P(9) L .
T -1 x [E”k—1 + 31 — ﬁk_l](gk—l)
M1 (@k—11_ (8k—1)

As T3 (resp. T4) and Tg (resp. Ts) can be dealt with using similar arguments, we only prove
bounds for T3 (resp. T4). For T3 we have the upper bound 73 < ;-‘=1 Tjy6, where

1 1 Np,l N, Ny, l—1
= ‘]EH N1 | }{[%nkil + ey = ey ](gkflP(w))
M2y (8k—1) Ni—1(8xk—1)

’

— [ni_l — n,i_ll](gk_lP(w))}]

1 Nl Ny, Nil—1
Is=|E T{[%nkl1+%nkila—f/kil ](gk—1P(<P))
Me—1(8k—1)

)

- [n,ﬂ,l - ni_ll](gklP(w))}]

To= E[[ﬂi 1_’71_1](8k 1P(<p)){ : - : ]
= - k-1 |\8k— = - -
o g onk @) m (8e-1)?
x [ - nkNi’i_l](gk_l)} '
i -1
[nk_l - Uk_l](gkflp(fﬂ)) 1 Npi—1
Tio=|E y] > |:77k_1 — My ](gkfl) .
M1 (8k—1)

For T7 one can use Cauchy—Schwarz, the lower bound on g1, [14, Proposition C.6], and

Lemma C.9. For Tg we can apply the lower bound on g;_; and the induction hypothesis.
These arguments yield

1

CA}
max{T7, Tg} < _Nl .
For Ty we can use [14, Lemma D.2], Cauchy—Schwarz, the lower bound on gx_1, and [14,
Proposition C.6] twice. For T19 we can use [14, Lemma D.2], the lower bound on gx_1, and
standard bias results for particle filters. This gives

1/2

max{Ty, Tjo} < —
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Collecting the above arguments, we have shown that

1
CA}

T <
3= N,

For T4 we have the upper bound 74 < Z —1 Tj+10, where

1
T =|E L el [Ty 7)) § R | A A [Py
: |:77k 1(gk 1)nk 1 (gk 1)2{[ . kl ]( )]H: = ¢ 1] l
- [ml{__ll - ﬂ;l(_l](gk—l)}:| ,
1
Tia=E| 31 [mh) = nd b (gr—1P(@)) | nh=h — b (gk1){
|:2{|: 1 ! ]( )}[ l ¢ 1] 77k ](gk 1)77k ] (gk 1)
et ||
nh (gk— Dk (gk—1) ’
) = mb_ J8=1) (T wu
Ti3=|E o _1P(p) .
. |:77]l(_1(gk—1)77]l<__11(gk—1){[nk : nk 1 ](gk : (p)}

For T1; one can use the lower bound on gi_1, Cauchy—Schwarz, Remark C.3, and Lemma C.9.
For T1> we can apply [14, Lemma D.2], Cauchy—Schwarz, the lower bound on gi_1, [14,
Proposition C.6], and Remark C.3. For T3 we can use the lower bound on g1, Remark C.4,
and [14, Lemma D.2]. Putting these results together, we have established that

1
1

max{T1, T12, T13} <

and thus we can deduce the same upper bound (up to a constant) for 74. As a result of the
above arguments, we have established that

1
T, < CA;‘ (C.16)
2= N .
The proof can be completed by combining (C.15) and (C.16). U

Theorem 3. Assume (A1)—(A2). Then for any (k, ¢) € N x Bp(X)N CE(X, R) there exists a
C < +00 such that for any (I, N)) € N2,

z

B[t - =) - [ (go)]\<

Proof. This can be proved using Lemma C.11, Remark C.4, and the approach used to deal
with (C.14) in the proof of Lemma C.11. The proof is omitted for brevity. U
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