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Abstract

For continuous-time linear stochastic dynamical systems driven by Wiener processes, we consider the
problem of designing ensemble filters when the observation process is randomly time-sampled. For the
design of ensemble filters, we consider a class of continuous-discrete diffusion processes with additive
Gaussian noise and several design parameters, which are used to describe the evolution of the individual
particles in the ensemble. These particles are coupled through the empirical covariance, and in some
cases empirical mean as well, and require less computations for implementation than the optimal ones
based on solving Riccati differential equations. For different choices of parameters, we can recover some
common design techniques from the literature. Our focus in this work is on analyzing the asymptotic
(in time) performance of these filters for sufficiently large number of particles. Using appropriate anal-
ysis tools, we derive differential equations to describe the expectation of empirical mean and sample
covariance of the ensemble filters with respect to the sampling process and noise. The solutions of these
differential equations (describing empirical moments) are shown to converge asymptotically to the mean
and covariance of the optimal filter under certain conditions on the mean sampling rate of the observation
process, and as the number of particles tends to infinity.

Keywords: Sub-optimal filtering; McKean—Vlasov type equation; Ensemble filters; Stochastic analysis;
Random observations.

1. Introduction

The filtering problem relates to finding the hidden state of a stochastic process using some incomplete
and noisy observations. For dynamical systems described by stochastic differential equations, the state
evolves as a continuous random variable and the problem of inferring the state (which is optimal with
respect to certain metric) using the partial noisy observations is formulated as computing the posterior
distribution of the state process conditioned upon the measured observations. This problem has found
relevance in several disciplines across mathematics and engineering, which has led to a variety of ap-
proaches to computing such posteriors, or their estimates. Some of these developments can be traced in
the compilation [6].

Among the existing techniques for filtering, the use of Monte Carlo integration methods for approx-
imating the optimal distribution has gained significant interest in the literature [10, 21, 22]. The basic
idea of this technique is to draw samples from certain distributions of lower complexity and use the
corresponding empirical measure to approximate of the posterior. In the same spirit, [11] introduced the
technique of ensemble Kalman filters to develop filtering methods for large-scale applications related to
geophysical sciences, so that the posterior is approximated from a collection of state estimators. Since
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then, the use of ensemble Kalman filters has had a notable impact in areas where estimation with noisy
data is required in large-scale models [20] because the approximation is obtained by solving several lower-
order equations rather than solving high-dimensional differential equations, which include the nonlinear
ones (Riccati). From a technical viewpoint, the particle filtering algorithms require us to sample from
a steady-state distribution and these samples are then used to construct an empirical approximation.
In ensemble filtering algorithms, however, the question of choosing a distribution (from which to sam-
ple) is addressed by simulating the evolution of individual particles in the ensemble through differential
equations that are coupled through the associated empirical mean and the empirical error covariance.
Several review articles [5, 4] and the books [12] provide an overview of developments in that area. In
most of these works, we do not find much details about the theoretical analysis of the proposed filtering
techniques, and this area of mathematical analysis of the ensemble Kalman filters has gathered attention
only very recently [8, 2, 3].

Over the past decade, ensemble filtering methods have been viewed from the lens of mean-field models
described by stochastic differential equations, and the ensemble particles are simply the approximations
of these mean-field models. Recent review articles which elaborate on this viewpoint are [2, 26]. In fact,
the limiting behavior of these particles is described by a McKean—Vlasov type diffusion process, which is
also referred to as the mean-field process. In the literature, this mean-field process is chosen in different
ways, e.g., by adding noise in the prediction term and the correction term of the Kalman-Bucy process
[9], or as a non-diffusion equation that is optimal in the measure transportation sense [27].

Another important research direction in the area of filtering is to study the problem with constraints
on the information available for computing the optimal distribution. In particular, for implementation
of filters subject to observations transmitted through some communication protocols, it is natural to
stipulate that the observations arrive at some random time instants [23]. It is of interest to compute
the conditional distribution of the state process conditioned upon this discrete observation process [15],
and this results in continuous-discrete filters. In some recent work, [16] considers a continuous-time
stochastic nonlinear system with discrete-time observations and presents an algorithm similar to the
Kalman filter but using variational inference to approximate the conditional distribution using Gaussian
approximation. For certain technical reasons and to better study the effect of mean sampling rate, we
stipulate in our previous works that the sampling process is a Poisson counter. In particular, for a system
class very close to the one studied in this paper, the authors have proposed a continuous-discrete filter
in [29], where they analyze the boundedness of error covariance as a function of the mean sampling rate.

Our primary objective in this article is to develop and analyze ensemble filters for continuous-time
stochastic processes subject to randomly time-sampled observations. In the literature, we find some vari-
ants of continuous-discrete feedback particle filters in different settings. The paper [1] provides one (and
possibly the first) such example, where the authors use mollifiers in the particle equations to smoothen
the dynamics, but no statements about the limiting process are provided. The paper [31] develops par-
ticle filters for nonlinear systems using the time-discretization procedure as a part of the derivation and
studies convergence as the length of the sampling interval converges to zero. Recent conference papers by
the authors [32, 30] provide a preliminary study of continuous-discrete counterparts of ensemble filters
with randomly sampled observations. The paper [32] provides an adaptation of transport-inspired filter
where the empirical moments exactly coincide with the optimal moments, whereas [30] is based on vanilla
ensemble filters, which provides the first instance of asymptotic convergence but the results are limited
to the scalar case. The thesis [14] merges these results and provides a framework for analyzing filtering
problems with Poisson-sampled observations.

In this paper, we develop generic models for studying continuous-discrete ensemble filters with ran-
domly sampled observations with analytical results about the performance of the proposed filters. For
our purposes, the state process is modeled by linear continuous-time Ornstein—Uhlenbeck process and
the sampling process for the observations is a Poisson counter. We develop ensemble filters which update
their estimate whenever the Poisson counter increments due to the arrival of a new measurement from
the observation process. In contrast to [32] and [30], our objective here is to study different types of
ensemble filters which can be broadly categorized into four categories. The proposed ensemble filters
have the common structure that each one of them contains a prediction part and a correction part.
However, the four different mean-field models that we propose to describe these ensemble filters either
contain no noise, or if they do, then the noise could be in the prediction part, the correction part, or in
both of them. The presence of noise is motivated by the fact that it leads to positive definite (and hence
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invertible) error covariance matrix that is important for good performance of the ensemble particles, but
at the same time, it is possible to consider designs which do not necessarily rely on injection of the noise
to make the error covariance positive definite. We will explore these trade-offs by proposing different
ensemble filters in our work.

From the analysis point of view, our goal is to provide a common approach to describe the performance
of the proposed filtering algorithms. As a first result, we provide quantitative estimates on the difference
between the empirical covariance of the ensemble filter and the optimal error covariance of the Kalman
filter. These estimates are presented in a form so that it is easy to understand the effect of noise terms
injected in the filtering algorithms. In essence, the results show that for appropriate sampling rate, if
the number of the particles in the ensemble is large enough then the empirical covariance converges to
the optimal covariance. A similar result is developed for the empirical mean, which is shown to converge
to optimal mean asymptotically in time.

2. Overview and Problem setup

Let us begin with the description of the system class and the formulation of the basic filtering problem.

2.1. System Class
We consider dynamical systems modeled by linear stochastic differential equations of the form

where (X;)¢>0 is an R™-valued diffusion process describing the state. Let (2, F, P) denote the underlying
probability space. It is assumed that, for each ¢t > 0, (w¢)¢>0 is a zero mean R™-valued standard Wiener
process with the property that E[dw; dw,' | = I,,,dt, for each t > 0. The matrices A € R™*" and B € R"*™
are taken as constant. The initial condition X is assumed to be Gaussian and the process (w¢)i>o does
not depend on the state. In this setting, the solution of (1) is a stochastic process (X;);>o that is adapted
to the filtration generated by the initial condition and the process (w;);>0, see [18, Theorem 5.2.1].

2.2. Measurement process

Our goal is to study the state estimation problem when the output measurements are available only at
random times. The motivation to work with randomly time-sampled measurements comes from several
applications, such as communication over networks which allow information packets to be sent at some
discrete randomly distributed time instants. Thus, we consider a nondecreasing monotone sequence
(Tk)ken taking values in R>¢ which denote the time instants at which observations are available for
measurement. We introduce the process N; defined as, Ny := 0 and

N; = sup{k‘ eN ’ T < t} for t > 0, (2)

and it is assumed that (IVy);>0 is a Poisson process of intensity A > 0 and it is independent of the noise
and the state processes. Recall [24, Theorem 2.3.2] that the Poisson process of intensity A > 0 is a
continuous-time random process (Nt)t>0 taking values in N* := N U {0}, with Ny = 0, for every n € N*
and 0 =: tg < t; < --- < t,, < +00, the increments {Ny, — Ny, }7_, are independent, and N;, — Ny,
is distributed as a Poisson-A(tx — tx—1) random variable for each k. The Poisson process is among the
most well studied processes, and standard results (see, e.g., [24, §2.3]) show that it is memoryless and
Markovian.

The discretized and noisy observation process under consideration is defined as
yTNt:CXTNt+VNta t207 (3)

where C' € RP*™ is a constant matrix, and vy is a sequence of i.i.d. Gaussian noise processes and
vy ~ N(0,V). Equation (3) is motivated by the fact that a continuous observation process dz; =
CXydt + dv, with a Wiener process (v;)¢>o is formally equivalent to y; = CX; + v, for any ¢ > 0,

with the identifications y; ~ % and vy ~ %, see [15, Chapter 4] for further details. Our goal is to

construct the estimate X, which minimizes the mean-square estimation error, using the observations

Vi = {ka ‘k < Nt}'



2.3. Optimal filter

The basic problem in filter design is to find an estimate of the state process which minimizes the mean-
square estimation error, and is described by the expectation of the state process (X;);>o conditioned upon
the measurements observed over the interval [0, ¢], that is, ;. In particular, with the structure imposed
on the system dynamics in this section, the conditional expectation is Gaussian and the two moments
are simulated through ordinary differential equations with updates at times when a new measurement
arrives. For an arbitrary strictly increasing real-valued sequence (7% )ken+, this procedure is also proposed
in [15, Thm. 7.1]. If we specify a sequence (7 )ren+ S0 that it corresponds to the arrival times of a Poisson
process, we simulate the mean of the conditional distribution as:

)?t = A)?tdtv te [TNt7T1+Nt[ (43‘)

XF =X+ L™y - CXy), t=r1y, (4b)

where the injection gain L{** = P,CT(CP,CT + V)~!, and the error covariance process (P)i>o is
described as

Pt = (APt+PtAT +GGT), t S [TN17T1+Nt|: (5&)

Pt =P, - PC"(CPRC" +V)'CP, t=r1p,. (5b)

To make the presentation compact later on, we adopt the formalism of writing the continuous-discrete
equations (4a) and (4b) together in a single differential equation, when the jumps are driven by a Poisson
counter N; : R R N

dX, = AX,dt + LY (y; — CX;)dN;. (6)

Similarly, using this formalism, equations (5a) and (5b) can be written in a combined form as,
dP, = (AP, + P,A" + BBT)dt — P,CT(CP,CT + V) 'CP, dN,. (7)

Remark 2.1. In this paper, we will often consider differential equations driven by dN;, where IV; is a
Poisson counter of given intensity A > 0. Taking (6) as an example of such differential equation, we see
that its solution is precisely given by (4). In particular, for the external processes that get multiplied
by dN; ((L$" )0 and (y;)i>0 in (6)), it suffices to know their value at t = 7y, to define the solution of
these equations.

In the foregoing discussion, one makes the observation that the optimal conditional distribution, that
is, Law(X¢|):) is Gaussian for each realization of (IV;)¢>o despite the fact that the mean and covariance
are discontinuous along each sample path.

From analysis viewpoint, it is important to look at the expectation of the process (P;)¢>o with respect
to the sampling times (7, )¢>0. In our previous work [29], we showed that the expectation of piecewise
deterministic process P;, denoted by P, is described by the following differential equation:

Py = AP, + P, A" + BB — AP,CT(CP,CT + V) 'CP,. (8)

Moreover, in [29] and [7], we provide conditions in terms of the bounds on the mean sampling rate A > 0
and the structural assumptions on controllability and observability of the pairs (A, B) and (A, C) that
guarantee boundedness of P, and show convergence of P, towards the steady state. The boundedness
is also important for asymptotic analysis of the first moment of the error process (X; — X;)¢>o.

2.4. Ensemble filtering approach

In the previous section, we saw that the implementation of conventional optimal filter, even for linear
systems, is computationally heavy since it requires simulating a Riccati differential equation to compute
the injection gains. For a state process evolving in R™, this optimal filter involves solving (n? + n)/2
differential equations for the covariance process (P,);>o and n differential equations for the first moment
of the estimate (Xt)t20~ This can be quite cumbersome for large values of n especially when we take into
consideration the additional operations involved in computing these processes. For this reason, there has
been extensive research for other methods to implement optimal filter, or its approximation. One such
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technique is based on the use of the ensemble, or feedback particle, filters. The basic idea of the particle
filters is to simulate a collection of particles through stochastic differential equations which are coupled
to each other through joint statistics of the population.

The first step in computing an approximation, via ensemble filtering technique, is to find a process S
with certain properties that allows for good approximation and at the same time, it implicitly describes
the optimal filter. In particular, for a filtering system with the hidden state process (X;):>o and the
observation process (yry, )i>0, a stochastic process (S;)¢>o satisfying

Law(St I yt) = LaW(Xt | ))t) Vit Z 0 (9)

is called an ezact filter. Different processes might play the role of exact filters. It turns out that there are
several ways to construct exact filters that can be approximated by computation-friendly methods and
the resulting approximations provide sufficiently good performance when compared to the exact solution.
For our purposes, such approximations are provided by an ensemble of particles whose limiting behavior
(as the number of particles tend to infinity) converges to the exact filter. The computational advantage of
this approach is that the simulation of particles, in general, is more efficient and potentially applicable in
nonlinear systems as well (although there are very few instances of formal analysis in nonlinear setting).
As an example of approximating a process using the particles, one can take for instance a result from
[25, Theorem 1.4, p.172] where we consider a process S; that satisfies a simple version of McKean—Vlasov
type equation

ds, = dw; + ( / b(S, S”)mt(dg))dt. (10)

In (10), m;(dS) is the law of S;, w; is a standard Brownian motion, the function b is bounded and
Lipschitz continuous and initial distribution is given. The process S; can be considered as a mean-field
process as it can be approximated by an ensemble of M interacting particles S}, i = 1,..., M, with the
dynamics

M
i i 1 i Qi .
dstzdthrME b(Si, 8)dt, i=1,..., M,

Jj=1

where w! is an independent copy of the process w; appearing in (10), and the initial condition Sj is the
same as Sp. In particular, when the number of particles M tends to oo, each S} approaches a process
which is an independent copy of the process S;.

The above discussion shows the underlying principle of ensemble filters that relies on approximating
the solution of a McKean—Vlasov differential equation using particles that are driven by stochastic
differential equations coupled together by empirical mean of all the particles in the population. To
design ensemble filters, we also look for different types McKean—Vlasov type equations which serve as
exact filters, and then the ensemble filters are proposed to approximate these exact filters. For the
setting described above, the basic problem studied in this article is to design ensemble filters for the
continuous-time system (1) with the discrete observation process (3). The main steps involved in doing
so are the following:

e Find the process(es) S; such that E(S; | V) ~ E(X: | Ve).

e Describe the ensemble of particles S¢, i = 1,..., M coupled to each other via empirical mean and
empirical variance, such that, each S} represents an independent copy of S; when M — oo.

e Show that the empirical covariance and the empirical mean of the particles is consistent with the
optimal solution to the filtering problem.

3. Mean-Field Model

As we discussed in the previous section, the design of ensemble filters is based on approximating an
exact filter which provides the optimal performance. This exact filter serves as the mean-field process
that we approximate later using a collection of particles. For the filtering problem with continuous state
process and discrete observations, we propose a class of exact filters in this section. Generically, our
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exact filter (S;)¢>0 is a continuous-discrete process with several parameters Dy, E¢, Fy, G, Hy, J;, which
are cadlag );-measurable processes. The equation describing this exact filter is defined as follows:

dSy 1= ASydt + Dy(S; — S)dt + Eydy + [FiSy + Gi Sy + Hyyy + 17| dN, (11a)

Se = E[S¢ | V], (11b)

Qu:=E[(S; = 8)(S: = 8) T | Vi, (1lc)

where @; is an independent copy of wy, and 1 := by, with vy, ~ AN(0,V) being an independent

copy of vy,. Here, §t denotes the mean of S; conditioned upon the observations ), and ); denotes the
corresponding conditional covariance. It is seen that the basic structure of the proposed mean-filed model
comprises of two parts: the prediction term and the correction term. The prediction term corresponds
to the continuous flow and involves integration due to Lebesgue measure dt and the noise process @. The
correction term corresponds to the jumps in S; because the measurements are only available at discrete
times governed by the Poisson counter N;. Later in this section, we will see how this generalized model
corresponds to different design methods for ensemble filtering in the literature for different values of the
parameters.

For the process S; to be an exact filter, we obviously require that S = )A(A, where )?t is the optimal
mean obtained from Kalman filter and given in (6). In other words, we want S; in (11b) and Q; in (11c)
to satisfy the following differential equations:

dS, = AS,dt + Q,CT(CQ.LCT + V) Ly, — CS,)dN,, (12a)
dQ; = (AQ; + QA" + BBT)dt — Q,C " (CQ,CT + V) 1 CQ.dN;. (12b)
In the following proposition, we provide the conditions on the parameters in (11a) so that (S;)¢>o is
an exact filter.

Proposition 3.1. Let Dy, E;, F;, G;, H;, J; be cadlag Vi-measurable processes. The processes (§t)t20
defined in (11b) and (Q¢)i>0 defined in (11c) satisfy (12a) and (12b), respectively, if for all t > 0, we
have

BB" =D,Q; + Q:D, + E.E] (13a)

and for jump times 1y, k € N*, it holds that

HTk = QTkCT<CQTkCT + V)_17 (13b)
F. +G, =-Q.,C"(CQ,C"+V)"'C, (13c)
~-Qn,CT(CQRLCT+V)'CQ,, = (I +F,)Qr,(I+F,) —Qr +I, VI . (13d)

Proof. Based on the definition of (§t)t20 in (11a), we get the following differential equation for the
evolution of conditional mean:

S, = AS,dt + [(Ft + Gt)gt + tht] dN. (14)

Clearly, by choosing the matrices F¢, Gy, and H; that satisfy (13b) and (13c), we see that the solution
of (14) coincides with the optimal solution given in (12a).

Next, for the error covariance, we consider the process e; := Sy — §t, which satisfies the equation
det = (A + Dt)etdt + Etdof)t —+ [Ftet —+ Jtﬂt} dNt

Denote the i-th entry of the vector e; by [e;]; and the (i, j)-th entry of the matrix e;e] by [ese/ ];;. Using
Ito’s chain rule (see Proposition A.l in Appendix), the last equation then yields

d[etej]ij = d[et]i[et]j = [etH(A + Dt)etdt + Etdwt]j + [et]J[(A + Dt)etdt + Etdw,j]i

1
+ 5 Z[Et]lk[Et]]kdt + |:[€t —+ Ftet + Jtﬂt]i[et —+ Ftet —+ Jtﬁt] — [et}i[et]j} dNt
k

6



The evolution equation for the conditional covariance (Q;):>o given in (11c) is described by the equation:

dQ; = dE[etG;r | Vi = (AQ: + QAT +DQ; + QtD;r + EtE:)dt

+ E{(et + Frep + Jui7) (e + Frey + Jtﬂt)T —ere] | Ve|dV;
= (AQ; + QA" +D,Q; + QD] + E,E[)dt
+ [(I +F)QI+F)" —Q + JtVJtT]dNt.

Using the conditions in (13a) and (13d), it follows that @), coincides with the solution (12b). O

3.1. Special Cases

Proposition 3.1 provides generic conditions under which the conditional mean and conditional variance
obtained from the process of type (11a) resembles the optimal mean and error variance of the Kalman
filter. With this generic result, we can indeed recover a few special cases which closely resemble the
mean-field processes for ensemble filtering in continuous-time systems. In what follows, we use the

notation:

Ly :=Q.CT(CQ,CT +V)™ 1,

so that L; describes the injection gain for the innovation term used in the Kalman filter.

(MF-1)

(MF-2)

(MF-3)

Vanilla mean-field process (Vanilla) : As the first case of the exact filter (S¢);>0 described in
(11), we take J; # 0, D; =0, and G; =0 so E; = B, F; = —L;C, H; = L; and one can take
Ji=—L;

dSt = AStdt + Bd@t + Lt (yt — CSt — ﬂt)dNt. (15)

This choice of parameters therefore corresponds to creating a copy of the system dynamics with
same noise statistics and then introducing an innovation term which also contains the correction
of the noise from the observation process. The resulting exact filter (15) is the foundation for
the so-called wvanilla ensemble filter as proposed initially in [11] for discrete-time systems.

Mean-field process with Noisy Prediction and Deterministic Correction (NPDC) : Next, we as-
sume that J; =0, D; =0, so E; = B and
dSt = AStdt + Bd(zjt + (Ltyt — LtC§t + Ft(St — §t>)dNt, (16&)
F., satisfies @, F] +F, Q. F] +F, Q. =L, CQ,. (16b)

In contrast to the Vanilla process, the exact filter proposed in (16), denoted NPDC, does not
contain a noise term in the correction due to observations. The noise process (@w:)¢>o only
appears in the prediction part, which is a copy of the noise term in the system dynamics. In
continuous-time, ensemble filters based on such processes were studied in [3, 2].

Mean-field process with Deterministic Prediction and Noisy Correction (DPNC): In contrast to
the previous case, we consider the process with D; = %BBTQt_l, E;=0,J;,#0, F, =—-1,C,
J =L,

1 .
dS; = ASdt + BBTQ; (S, — S)dt + Ly (yt _ S, - Et)dNt. (17)

The process (17), denoted DPNC, describes an exact filter where the noise term only appears
in the correction, just as in Vanilla process. However, unlike Vanilla case, the prediction
term does not contain the noise term and hence it has been modified by adding the term
%BBTQ;l(St — S¢). This sort of modification, where a noise term of the system dynamics is
compensated by a deterministic term depending on conditional mean and covariance, appeared
in [27] and is also observed in the exact filters that we propose next in (18).



(MF-4) Deterministic Transport-inspired mean-field process (DeT): Lastly, we consider the case where
J; =0 and E; = 0 so one can take D; = %BBTQ;l and obtain

1 _ ~ ~ ~
dS; = ASdt + BBTQ; (S, — Si)dt + (Ltyt — L,OS, + Fy(S, — St))dNt, (182)
F,, satisfies @, F] +F, Q. F| +F,Q,, =L, CQr,. (18b)

The three types of exact filters presented above contain a noise term either in the prediction
part, or in the correction part. In the literature on continuous-time ensemble filters, we find
another technique which basically views the evolution of conditional posterior using the optimal
transport framework. This eventually leads to a deterministic mean-field process as described
in [27]. Our DPNC filter is partly inspired by this technique as we introduce a deterministic term
in the prediction part to compensate for the process noise. On the other hand, DeT process
describes an exact filter where we do not inject any noise in the prediction or correction part.
The only source of randomness in these filters is due to the presence of the noisy observations
(yt), and the randomness of the jump times due to arrival of the observations.

4. Ensemble Filters

In the previous section, we provided a general expression for mean-field processes that can be simu-
lated as an alternative to Kalman filters to obtain the optimal estimate. Realization of such processes
remains a computationally difficult task and, therefore, we look for simpler numerical procedures to
approximate the solution of these mean-field processes. One possible way is to do so by simulating an
ensemble of particles that are driven by differential equations derived from mean-field processes.

More precisely, we consider a collection of M particles, denoted by S?, i = 1,..., M, and each of these
particles is a stochastic process described by a solution to a stochastic differential equation. For these
particles, we consider the empirical mean SM and the empirical covariance QM at time ¢, described by
the following relations:

1 M
oM _ i
St _M;Sw (193‘)
1M N
QM =7 DSt =85t - 5T (19b)
i=1

Using these definitions, the system of coupled stochastic differential equations used for simulating sample
paths of the particles is described as follows:

dS} = ASjdt + DY (S] — SM)dt + BM dw] + [FM 8] + GMSM + HMy, + TNy AN, (20)

where w! are independent copies of w; and v} := vat with V}Qt ~ N(0, V) representing independent copies
of vn,, for i = 1,--- , M. The Poisson process IN; is common for all the equations. The processes DM
EM, FM GM HM and JM are chosen as a function of the empirical mean S and empirical covariance

QM. Keeping the result of Proposition 3.1, we choose them so that the empirical counterparts of the
conditions (13) hold, that is,

BBT =DMQM + QMDM " + EMEM T t>0, (21a)
and for jump times 7, it holds that
H} =) cT Qo +v), (21b)
FY +GM =-QMcT(cQMcT +v)~'c, (21c)
—QMCT(CQMCT +V)TLCQM = (I + FM)QM(I + F,,)T — QM + JMygM T (21d)

It will be shown in the subsequent sections that the ensemble filters provide an approximation of the
mean field process, and consequently, the empirical mean and empirical covariance approach the optimal
mean and optimal covariance of the posterior distribution obtained from the Kalman filter.
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4.1. Special cases

For the specific mean-field processes considered in Section 3, we now consider the corresponding
ensemble filters. The basic idea of the ensemble filters is that by imposing the structure similar to a
mean-field process, we can obtain an approximation of the exact solution. For simplicity, we introduce
the notation LM to denote the empirical gain at time ¢:

LM .=QMcT(cQMeT +v)~L (22)

Also, in the four special cases that we present below, w! are independent copies of w; and v} = V}'\,t ~
N(0,V) represent independent copies vy, , while the Poisson process Ny is common for all the equations.

(EnF-1)

(EnF-2)

(EnF-3)

(EnF-4)

Vanilla Ensemble Filter (Vanilla-EnF): The particle equations are obtained from the process
(15), that is,

45} = ASjdt + Bdw} + L (y — O} — v} )AN,. (23)

We see that the difference compared to (15) is that the injection gain LM is now driven by the
empirical covariance of the population and one does not need to compute the error covariance
exactly anymore.

Ensemble Filter with Noisy Prediction and Deterministic Correction (NPDC-EnF): The particles
equations, in this case, are obtained from the NPDC process in (16):

dsS? := AS!dt + Bdw! + (LtM (ye — CSM) + FM (5, — SM ))dNt, (24a)
M . M MN\T M M MNT MM __ M M
Frk . Tk (F'rk) + FT;C Tk (FT)C) + Frk T _LT CVQ'F;V . (24b)

k
The coupling in the particles in NPDC-EnF is not only due to the empirical covariance but also
due to the empirical mean.

Ensemble Filter with Deterministic Prediction and Noisy Correction (DPNC-EnF): This is ob-
tained by using DPNC process as the base for describing the evolution of the particles, where
we once again see the coupling due to empirical moments:

dsi = ASidt + %BBT(Q,{V’ )71(SE — §Myqt + LM (yt —Csi - Vf)dNt (25)

Deterministic Transport-inspired Ensemble Filter (DeT-EnF) Finally, we consider the ensemble
filters obtained from DeT mean-field process. The equation used for simulating the particles
is,

) ) 1 N ~ N
dsS) .= ASidt + 5BBT(Q§”)*1(SZ — SMydt + (Li”(yt —CSM) + FM (S} — StM))dNt,
(26a)
M . M MN\T M M MNT M AM __ M M
FTk . Tk (F'rk) + FTk Tk (FTk) + FTk T _LT CQ‘rk . (26b)

k k
Once again, we see the coupling among the particles due to the terms depending on empirical
mean and covariance. One important thing to note in (26), as well as (25), is that the prediction
part contains a term depending on (Q})~!. We recall that QM is defined as a sum of rank
one matrices in (19b). So, we need to simulate a large enough number of particles, at least
greater than n (the dimension of the state), to make sure that QM is invertible.

4.2. Simulation of an academic example

For the purpose of illustration, let us show the simulation results of Vanilla ensemble filters given
by (23). We consider an academic example where the system is described by the equations:

dLEt = ASCfdt + Bdwf (27&)
Yr = Cry + v, (27b)
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with A = [ (2)2 7?2 _%3}, C=[1313],B=os05 0.5]", and for each k € N*, 1, is normally distributed

with mean (0,0)" and the constant variance V = [J:3 J:1].

To measure the effectiveness of the ensemble filter, we compare it with the optimal estimator. This is
done by looking at, firstly, the difference between the optimal mean X; from (4) and the empirical mean
§,{” defined in (19a), and secondly, the optimal variance P; from (5) in comparison with the empirical
variance QM defined in (19b), for different number of particles M and different values of mean sampling
rate A\. Figure 1 shows the plots of our simulation over 100 sample paths of the sampling process Ny
with intensity A = 5, while choosing the number of particles equal to 10 and 20. Figure la shows the
expectation of || X; — SM|| and Fig. 1b plots the expectation of optimal and empirical variances. Figure 2
shows similar quantities, but with the intensity of the sampling process N; increasing to A = 10. The
simulation results reported in Figure 1 and Figure 2 are consistent with the analytical results reported
in the subsequent sections.

0.6 3 : : 35
7 YR e i M n"n\”. ';"s‘“ O E[trQ° : A = 5] for 10-particle system
05 O FEYS Y ey Lo 1 8N |- - - “E[trQ2 : X = 5] for 20-particle system
L J s A o5 'l ———E[trP; : A = 5] (optimal error variance)
oaf, S, B | |2
o f,‘\,‘}'.‘:’:_’, oW VA ! '"\,‘,.,,, ’ - ", s 2
i 15
0.2F J
1
0.1 H=-=-=- E[H.}:{f — S}OH : A = 5] for 10-particle system g1 i
- - = -E[| X; — 52°|| : A = 5] for 20-particle system
00 1 2 3 4 5 00 1 2 3 4 5

(a) The difference of optimal mean and empirical mean is plot- (b) The plot shows the optimal covariance (green); empirical
ted for 10-particles (blue curve) and 20 particles (red curve). covariance for 10-particles (blue) and 20 particles (red).

Figure 1: Comparison of mean and covariance for the optimal and Vanilla-EnF with mean sampling rate A = 5.

0.5 T T T T 3.5 r
= \ M —— E[trQ}° : X\ = 10] for 10-particle system
) PR amw ™ e Fha | 3F L E[mQ: A = 10] for 20-particle syst
04 F1 [aa A RO B B W \ Qi A= or 20-particle system
. A WA LW o5 E[trP, : A = 10] (optimal error variance)
,‘Hf:‘\'“fll ~h
03f voe RACNEE |
o . 2 Hy
\,‘\I"""I' - AR \"‘I"“",n., o ‘,‘ ‘q: \
0.2} 119
1t
0.1 [=-=-—= E[||X; — S#9|| : A = 10] for 10-particle system
- - = -E[|| X — 52°|| : A = 10] for 20-particle system 051
O 1 1 1 1 0 L L L L
0 1 2 3 4 5 0 1 2 3 4 5

(a) The difference of optimal mean and empirical mean is plot- (b) The plot shows the optimal covariance (green); empirical
ted for 10-particles (blue curve) and 20 particles (red curve). covariance for 10-particles (blue) and 20 particles (red).

Figure 2: Comparison of mean and covariance for the optimal and Vanilla-EnF with mean sampling rate A = 10.

In the sequel, we will develop a unified approach to analyze the performance of the ensemble filters
proposed in this section. It is useful to point out that some preliminary investigation for Vanilla-EnF
in the scalar case was carried out in our conference paper [30], and we initially proposed the structure of
continuous-discrete DeT-EnF in [32]. In the case of DeT-EnF, we will see that it results in exact optimal
variance, but for the other cases, we develop a more general and common approach for asymptotic
analysis that allows us to better understand the utility of the proposed filters.

10



5. Evolution of Empirical Moments

As a first step in studying the performance of the ensemble filters proposed in the previous section,
we study the evolution of the empirical moments defined in (19a)—(19b) for the generalized ensemble
system (20). This is done by deriving the corresponding differential equations. The later sections will
then address the question of asymptotic behavior of these differential equations.

5.1. Empirical Mean

For the first moment, SM defined in (19a), we simply obtain

~ ~ 1 _ ~ 1 -
aS} = ASMar + BN B! + ((FM +GIH)SM + 1My, + WJ{”V{”)dNt (28)
M Mo
where @M = L 3" w! so that E[doM (daM)T] = I,,dt and for t = 7, 7™M = = S i ~ N(0,V).
i ¢ ¢ i t t

M M
=1 i=1
Using the conditions listed in (21b), (21c) and the notation L}, introduced in (22), we get

= ~ 1 ~ 5 1 ~
ASM — ASMag 4 \/—MEi” A + (LY (e — C5M) + ﬁJN 7 )N, (29)
We note that the different values of EM and JM, that were used in Section 3 and Section 4, allow us
to get more tailored expressions for each of the four cases discussed there. We will revisit this equation
in Section 7 to carry out asymptotic analysis of the first moment for each of the four ensemble filters
introduced in Section 4. For the time being, however, we use (29) to derive the differential equation for
evolution of empirical covariance.

5.2. Empirical Covariance

For working out the differential equation for the evolution of empirical covariance, we consider the
auxiliary process ¢/ := Sf — SM, for £ =1,..., M. Tt is observed that
1 1

dg; = (A+DM)gidt + EMd(wf — —=a&") + |Fqp + 3V (of — —=v)M } dN;.
g = ( ¢ ) ¢ d(w; mt) t 9t ¢ (7 mt) t

We can apply Ito’s chain rule from Proposition A.l in the Appendix to get

1
gt ) = ((A+ DO ) +af(a) (A4 D)+ (1 - B (BT )

1 _ 1 T
+EMC1(/J€—7(JJM €T+ EEdef_in
¢ d(wy i + )(q;) Qt( ¢ d(wy i t ))
1 1 T
Y M ¢ M/ ¢ ~M 0 M 0 M L ~M 0 INT
+F +J7 (v, — —v >( +F +J (vy — —v, ) — dN;.
(Qt t 4t ¢ (v JM +) 4 t 4 ¢+ (v VM ) 4;(q;) t

Note that, we can write QM = ; Zé\il ¢/ (g))" and use (21a). Furthermore, since 251\11 qf = 0, the
terms like >, @M (gf) " eliminate, so it follows that

+

M M
1 1 1
aQ) = (AQM + QM AT 4 BBT - LEM®I)T)dt + 1> B Auf(e)T + 10 > gl (B auf)T
=1 £=1
+ [T+ FNQM U+ - QM
1 1 1
+ 57 2o+ Fal) 0 = T @ = )+ R )T
1 1
F I = =0 = ) TEN)T ) fan,



In compact form, we can write

QM = (AQtM +QMAT + BBT — iE?”(Ei”f) dt + —dM,

M

1 1 1 _
R BT -t ¥ (5 30t - - ST ) ) a
where the martingale M, is defined as

dM, = ZEdet (af) +th (EMdw!)T

(=1 {=1

M
+Z[%+Ft q;)(vi — Z
=1 VM

Using (21d), and introducing the notation

M@ I = o+ Bl ]

we get

1 1
dM = (AQin +QMAT + BBT — ME;”(E%)T) dt + 77 dM,
+[-L0Q = 3NV T + IMVM@ T AN (31)
We can thus summarize the foregoing calculations in the form of following result:

Proposition 5.1. Consider the ensemble filters described by (20), with empirical mean §tM and covari-

ance Qt[ described by (19a) and (19b), respectively. If conditions in (21) hold, then SM satisfies (29)
and QM satisfies (31).

The result in Proposition 5.1 describes the evolution of empirical moments conditioned upon the
sampling process. It is instructive to compare the resulting equations (29) and (31) with their optimal
counterparts given in (6) and (7), respectively. The differential equations for empirical moments can
be seen as a perturbation of the optimal moments, and we expect these perturbations to diminish (in
appropriate sense) as the number of particles M gets large.

5.3. Ezxpectation of Moments with respect to Sampling Process

As a qualitative indicator of the performance of the ensemble filters proposed in the previous section,
we now look at the expectation of empirical moments with respect to the sampling process. This will
allow us to compare expectation of empirical moments with the expectation of optimal moments. It must
also be noted that, in the analysis of ensemble filters for continuous-time systems [9], the differential
equation for the empirical covariance describes a stochastic fluctuation around a deterministic Riccati
equation. However, for our purposes, we will only look at the expectation of the empirical covariance
QM so that the randomness due to noise processes (wf)i>0, (Vf)i>0, £ = 1,..., M, and the sampling
process N; is averaged out and the resulting equation is purely deterministic.

To derive this differential equation, and to make our results more tailored to the class of four ensemble
filters introduced in Section 4, we fix EM and JM as,

EM =1,B, JM=-1,LM (32)

where 1, and 1, can either be 1 or 0, depending on whether the noise term is present in the prediction
and correction part, respectively, for the ensemble filter being considered. This choice of Ei\/l basically
corresponds to driving the prediction term (resp., correction term) with the same noise statistics that
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appear in the system dynamics. The choice of JM means that we introduce observation noise in the cor-
rection term and the injection gain gets multiplied by the noise. As seen earlier, these choices correspond
to the particular cases of ensemble filters.

We note that the evolution of §tM and QM as desribed in (29) and (31), respectively, involves the
martingale M; and the noise terms. In this paper, we do not carry out the stochastic analysis, but
rather look at their expectations. This expectation is taken with respect to the noise terms, and the
sampling process driven by Poisson counter that describes the correction times. We are thus interested
in calculating QM = E[QM | Q}], and SM := E[SM | S}M] and we conclude this section by providing
two main results that describe the differential equations governing the evolution of expected empirical
mean and covariance. The primary tool used in the derivation of these results is similar and is described
in detail in Proposition A.3.

Theorem 5.2. Consider the ensemble filters described by (20) under the conditions (21), with empirical
covariance QM described by (31). Using the values in (32), we obtain

dQM
dt

— AQM + QMAT + BBT — IM“BBT - )\(E;’WCQ{” - %ﬁfvag‘”ﬂ). (33)

where LM == QMCT(COMC + V)7L, and Q) = Q).
Proof. We recall the equation for QM and note that

M
EV;V] = E (A; >0 ) - jﬂaw) —a-Ly

Using this property, we can now compute the expectation of the empirical covariance with respect to
the sampling process Ny, the process noise wf and the observation noise vf. The underlying derivation
is carried out in the proof of Proposition A.3 and its application to (31) yields (33). O

Similarly, for the expectation of first moment SA'tM , we adopt a similar approach and arrive at the
following result:

Theorem 5.3. Consider the ensemble filters described by (20) under the conditions (21), with empirical
mean SM described by (29). Using the values in (32), we obtain

d gtM
dt

= ASM + AL C(E[xy) — SM). (34)

The proof of Theorem 5.3 is again carried out using Proposition A.3. This is because the dynamics
of the empirical mean along a sample path is described by (29) which has the same structure as (A.1). In
the following sections, we will analyze the asymptotic behavior of the differential equations (33) and (34)
with respect to time and the number of particles. This allows us to compare the performance of the
proposed ensemble filters with their optimal counterparts in Section 2.

6. Asymptotic Convergence of Expected Covariance

As described in Section 2, the evolution of the expectation of the optimal second moment with respect
to the sampling process is described by the following differential equation:

Py = AP, + P, AT + BBT —AP,CT(CP,CT + V) 1CP,. (35)

Our primary goal in this section is to compare the expected error covariance resulting from the ensemble
filters (33) with the optimal value (35).

The existence of solution for (35) and convergence of the solution of P; to a fixed point as t — oo
has been a topic of our previous work [29] and [7]. In those works, we provide conditions on system data

13



(4, B, C), the noise statistics, and the mean sampling rate A such that the resulting solution converges
to a fixed point asymptotically. In this article, our focus is on showing that QM actually converges to
P; as the number of particles M gets large, and moreover the difference due to the initial conditions
between the two systems decays exponentially with time.

To formalize this convergence result, we introduce some basic notation and some assumptions. In
what follows, we will denote the n x n positive semidefinite matrices by S"*", and the positive definite
matrices by S}*". The eigenvalue of a matrix will be denoted by p, and the largest and smallest
eigenvalues are denoted by pmax and piin, respectively.

Assumption 6.1. The pair (A, B) is controllable. The pair (A, C) is observable. The mean sampling
rate A is large enough to satisfy the inequality

A > pimax(A+ AT), (36)

where pimax(-) denotes the largest eigenvalue of its matrix argument.

Assumption 6.1 provides three basic assumptions that are used in establishing the existence of steady
state solutions of (35) and the convergence of trajectories towards that steady state. Such results have
been established in [29] and [7].

Assumption 6.2. For a symmetric positive semidefinite matrix Qg € S™*™, consider the differential
equation,

do 1

Ttt =AQ+ QA" + BB — /\(ﬁtCQt - M‘Ctv(‘ct)T)v Qo = Qo, (37)
where £, := Q,C'" (CQLC’T + V)~! It is assumed that the solution Q; satisfying (37) is defined for all
t > 0, and there exists Qg € Sixn such that Q; < Qg holds for every M > 1.

Assumption 6.2 basically requires a uniform upper bound on the solution of expected error covariance
resulting from the ensemble filters. It must be noted that, for equation (37), uniformity with respect to
M does not introduce any restriction because the right-hand side decreases with increase in the value of
M. Due to Assumption 6.2, it also follows that (33) has a unique solution QM bounded by some positive
definite matrix Q.

The main result of this section provides a quantitative estimate on the difference between the solutions
of (33) and (35). To state this result, we need following statements:

Lemma 6.3 ([17, Prop. 3.1]). Consider the matrices Q € S*", C € RP*", and V € SE*P, and let
Lo == QCT(CQCT +V)~1. Then, it holds that,
1€
Loll < 2“1 10 =: 0. 38
el < L) =i vg (39)

Moreover, for Q1,Q2 € ST*", we have
Lo, — Lo, = (I = Lg,C)(Q1 — Q2)C T (CQ1CT + V)™,
" Il
20, = Lol < 11 = LayCll = =111 = Qull.

Lemma 6.4. Consider the solution OM of (33), and suppose that Assumption 6.2 holds, so that QM <
Qp, for allt >0, and some Qg € S’frxn. Then, there exists a constant scalar kg, such that

|1 - QM CT(CQYCT +V)IC|| < rg, =1+l - [CTV ', (39)
fort € [0, 00].

Theorem 6.5. Consider the solution P: of the equation (35) with initial condition Py € S™*™ and the
process QM solving (33) with initial condition Qo € S"*". Suppose that Assumption 6.1 and Assump-
tion 6.2 hold, so that QM < Qy, for allt > 0. If Py > Qy, then

Bo
oM

[Py — Q|| < exp(—at) (1+ Bot) [ Po — Qoll + (IBB" |1, + [[VA]I10) (40)
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ARZS _ .
where a == X\ — pmax (A + A7), By = )\/-12@0 exp< QQO )7 and Vy = )\umax(V)'y%OI, with vg, and kg,
defined as in (38) and (39), respectively.

The proof of Theorem 6.5 builds on several intermediate developments which appear in the sequel. It
will be shown in Section 6.4 that the proof essentially follows from Proposition 6.7 and Proposition 6.8
which appear in Section 6.2 and Section 6.3, respectively.

6.1. Monotonic Properties

As a first step in the proof of Theorem 6.5, we need to analyze the equation (33) carefully, and
establish some monotonic properties of its solution with respect to initial conditions. For the optimal
filter, the continuity on initial values was shown in [7]. In our case, the dynamics to be analyzed are
different and to study the convergence in this case, let us rewrite the differential equation (35) as follows,
where we use the notation £; = P,C T (CP,CT + V)L

Py = AP, + P AT + BBT — NL,CP,+ PCTL ) + ALV L] + \L,CPCTLT
= AP+ P A" + BB + ALV L] + NI — LiC)YP(I — L:C)T — APy

A A
= AP, + PLAT + BBT + ALV L] + NI — L:C)P(I — L,C)T — 5P = 5P
A AT T T T
=|A- 5[ Pe+ P A— 5] +BB' +MLVL, + X - LCYP(I - L)
Thus, by letting Ay := (A — %I), (35) can now be equivalently expressed as

Py = A\P, + PLA] + BBT + AL,V L] + MI — L,O)YP(I — L,C) 7. (41)

Let us denote the flow of (35) at time ¢ > 0, starting with initial condition Py, by ¢¢(Pg), with ¢o(Po) =
Po and

t
ouPo) = o + [ [N~ £.000uPo) I~ £.0)T +ALVET 4 BET]EN s (12)
0

where

5;\7,5 = exp KA - %I) (t— s)}

and we let £ := &3, Similarly, the equation (33) can be written as

. 1, 1,
oM — A,\Qi‘/[—&—Qi‘/[AI—i—(l - M) BBT+) (1 + M) LIV LM T NT-LM YoM (T-LMO)T. (43)

We denote the solution of (43) at time ¢ > 0, starting with initial condition Qg, by ¢:(Qp). In the
analysis, we also consider the case where 1, = 0 and in that case we denote the solution of (43) by

o7 (Qo).

Using Lemma B.2 in Appendix, we can get bounds on the difference of flows ¢¢(Py) — ¢%(Qo). The
details are similar to ones provided in [7, Proof of Prop. 2]. In particular, as a lower bound, we get

¢1(Po) — ¢ (Qo) = EM(Po — Qo)(E])" + lﬂw /Ot £ BB (&,) ds
b [ &N~ £.0)(6uP) — Q) ~ £.0)TI(EL ) s, (44
0

Similarly, an upper bound on the difference of two flows is given by

1, [
0i(P0) = (@) < EX(Po = Q)ENT + 37 [ &2, BET(EX)Tas
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+/t EXL M = LY C)(85(Po) — ¢(Qo)) (I = LC) TI(EX,) Tds. (45)
0

The following statement about the monotonicity of flows is, therefore, a direct consequence of the
inequality (44):

Lemma 6.6. If Py > Qg then
?¢(Po) — 7 (Qo) = 0.

Using these developments, we now proceed to the proof of Theorem 6.5 which is carried out in two
steps. In the first case, we compare ¢;(Py) with ¥ (Qp), and then in the second step we compare ¥ (Qp)
with ¢:(Qo).

6.2. Ensemble Filters with Deterministic Correction: NPDC-EnF and DeT-EnF Cases

In (43), setting 1, = 0 corresponds to the case of NPDC-EnF and DeT-EnF. The following statement
provides a bound on the difference between ¢%(Qg) and the optimal expected error covariance Py, and
could therefore be seen as a result of independent interest.

Proposition 6.7. Consider the solution Py of the equation (35) with initial condition Py and the process
Y = ¢¥(Qo) solving (33) with initial condition Qp and 1, = 0. Suppose that Assumption 6.1 and

Assumption 6.2 hold, so that QY < Qp, for all t > 0, and let o and By be defined as in Theorem 6.5. If

Po > Qo, then

Bol BB |1,

1P = QFll < exp(—at) (1 + Fot) [Po = Qoll + =577

Proof. Recall that the flows of P; and Q% are described by ¢:(Py) and ¥ (Qp), as we set 1, = 0. Using
the assumption Py > Qg and Lemma 6.6, we immediately have that ¢:(Py) — ¢ (Qp) > 0. On the other
hand, inequality (45) can be rewritten as

t
6u(Po) = 97(Q0) < EXPa - Q)(ENT + 12 [ €2 BET(EX,)Tds
0
t
Y / E) JJ(65(Po) — ¥ (Q0))KT (€} )Tds  (46)
0

where K, = I — £L¥C and LY := QvCT(CQ¥CT + V)~!. Introducing norm on both sides, the above
inequality results in,

w 2 1, ¢
l61(Po) — @5 (o)l < ||EX]]” 1IPo — Qoll + M/o IEXIPIBB T [|ds

t
+A/O €217 112 (165 (Po) — 02(Qo)| ds.  (47)

From Lemma 6.4, we have that || K|l < kg, , for t € [0,00[. By taking v = A — pimax (A4 + AT) >0, and
. T
recalling that ||€,5>‘H < exp ((umax(A+2A ) — %) t), we hence get,

1— exp(—at
l6:(Po) — 0¥ (Qo)|| < exp(—at) ||Po — Qol| + %

1.|BB|
# 3, [ exp(oalt =) [6.(P0) — s2(Quds. (49

Applying Gronwall’s inequality, and more specifically Lemma D.1 from the Appendix, we arrive at the
result stated in Proposition 6.7. O
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6.3. Ensemble Filters with Noise Correction: DPNC-EnF and Vanilla-EnF Cases

As the next step in the proof of Theorem 6.5, and as a result of independent interest as well, we now
compare the two cases of (33) which are obtained from two different values of 1,. Note that 1, = 1
corresponds to the case of DPNC-EnF(with 1,, = 0) and Vanilla-EnF(with 1, = 1).

Proposition 6.8. Consider the solution QM = ¢,(Q}) of the equation (33) with initial condition Q)
and some choice of 1, 1,. Also, consider the process QF = ¢¥(Qo) solving (33) with initial condition
Qo and 1, = 0, while keeping all the other variables to be same. Suppose that Assumption 6.1 and
Assumption 6.2 hold, so that QF < Qi” < Qq, for allt > 0, and let a, By and Vy be defined as in
Theorem 6.5. If Qéw > Qo, then

@ — @] < exp(~at) (1 + Aoty | @4 — @ + 20y,

Proof. For the processes QM and Q% let us denote the corresponding injection gain by £M and LY, so

that, LM = QMCT(CQMCT + V)l and LY = QvCT(CQ¥CT + V)~L. Hence, by Lemma B.1 and
(43), it follows that

S0 — o) = ANQY — 07+ (@ — )A]
FA = LMY — 0¥ (I — £2C)T + %,c%vwi”flw
Using Lemma B.2, we get
(I = LMY — Q) I — LyO)T < (I - L7O)NQ) — Q) - Ly O) T
Moreover, by Lemma 6.3, and V) introduced in Theorem 6.5, we get
ALYV (LT < Mimax (VNG T = Vi

Using these two inequalities, it follows that

QM — ) < AN(QY - Q) + (@M — QAT + NI~ LECY(QY ~ Q)T - ££O)T + - TAL
Integrating this differential inequality, we get

1’[} ¢ X/
2r(Q0") — ¢ (Qo) < EX(Q" = Q)ENT + 37 ; gL VA& ) ds

t
T\ / £} K(pu(QM) — ¢#(Q0)) KT (E) ) Tds, (49)
0

where K, = I — L¥C. We thus have Qi\/f — Q¢ >0, for all t > 0. Taking the norm on both sides of the
last inequality, we get

w 2 1 ‘ [/ ¢ w
1o =0yl < [|EM|" [|Q0" - QOH“LMA ||5?_s||2||Vxllds+A/O 1€ I 05 (Qo ") — % (Qo) | ds.

By Lemma 6.4, it is possible to find a constant scalar x5 such that |[K| < xg, for t € [0,00). Using
the scalar « as before, we know that HS?‘H < exp (—0.5at), and this yields

w 1 —exp(—at), - ¢ w
190 < exp (~at) |03 — Qo+ g5 ez, / exp(—a(t—s)) [ (Q) — ¢2(Qo)|| ds
Applying Lemma D.1 from the Appendix, we arrive at the result stated in Proposition 6.8. O
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6.4. Generic Case

Using the result of Proposition 6.7 and Proposition 6.8, we can now complete the proof of Theorem 6.5.
Proof of Theorem 6.5. Let us consider the processes P; = ¢;(Po) and QM = ;(Qy) as defined in the
statement of Theorem 6.5. We consider an auxilliary process Q¥ = ¢%(Qg) that is obtained by solving
(33) with 1,, = 0 while keeping all the other variables, and the initial condition, as in QM. The use of
triangle inequality allows us to write

1Pe = QI < ll¢e(Po) — ¢ (Qo)ll + [l (Qo) — @(Qo)I- (50)
In the above inequality, the upper bound on the first term is obtained from Proposition 6.7, that is,

Boll BB 1.,

1¢¢(Po) = 7' (Qo)l < exp(—at) (1 + Fot) [|Po — Qoll + =57~

(51)
For the second term on the right-hand side of (50), due to the same initial condition, Proposition 6.8
yields

1%
5 (20) ~ p(Q)] < 0D

for the same choice of o and Sy as in (51). Plugging the bounds from (51) and (52) into (50) leads to
the bound given in (40). O

L, (52)

7. First Moment Asymptotics

After analyzing the convergence of empirical covariance towards the optimal covariance in the previous
section, we now study the convergence of empirical mean in this section. In contrast to the previous
section, where the convergence is achieved as the time increases and the number of particles increases,
the convergence of the empirical mean towards the optimal mean of the Kalman filter is established
asymptotically with respect to time, while the number of particles may be fixed.

Towards this end, let us begin with the processes X, and §,f\/[ defined in (6) and (29); at this stage it
is more convenient to rewrite their dynamics as follows:

dj(:t = Aj(\'tdt + LtOpt(CXt + V¢ — CXt)dNt, (53)

a5} = ASMdr+ BN A5} + (LM (C X+ v — C8M) + =

We let g'tM = E[S'\gw], and X, = E[)/(\'t]. Applying Proposition A.3 to the system of X, and P;, we first
observe that

JMpM ) dN;. (54)

X, = AR, + 2L C(ELX)] - B)
and similarly )
SM = ASM + LM C(E[X,] - §M).
We now look at the asymptotic behavior of M := X, — SM, which satisfies
R = AR+ AL C(ELX] - &) — ALY C(ELXH] - §)
= (A= ALORY + ML — LY)C(EX] - &),

Our main result establishes the asymptotic convergence of X with respect to time, under the assump-
tions similar to the ones used in the statement of Theorem 6.5.

Proposition 7.1. Suppose that Assumption 6.1 and Assumption 6.2 hold. For any number of particles
M, it holds that
XM — 0 as t — oc.
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Proof. We analyze the asymptotic behavior of Y by calculating the derivative of the following weighted
quadratic function:

)?iw'_)w(gt ) = Xi (Qt )7 M-
We observe that
d .
(@D =-@) @)™
= —(Q@M) YA - MOy - (A= cMo)yT (@)t —acT(coMeT +v)~le
1, A, _
—@7 ((1-32) BBT + Al edvieiT) (@)

Consequently, this last expression yields

SRR = (@) SO R DT R+ G e

= —®M)7 [AOWCQ;” cT+v)le
w@ ((1-32) BT+ Al ey T) (@) |1 + 25T

where for brevity, we used the notation us := A(LP" — LM)C(E[X,] — &,).
Fix an arbitrary 7 > 0. For each ¢t > 7, we can write

t t t
SV [ @NTETECT V) TeRtas v [ @O tuds  (59)
t—T1 t

—T

In the last display equation, the right-hand side can be seen as a sum of two terms: in the first term,
the integrand is negative definite and is quadratic in Y ; and in the second term, the integrand is linear
in XM, but contains (£P* — £M) and (E[X,] — &), which have nice convergence properties.

To analyze the right-hand side of (55), we observe that for each s € [t — 7,t], we have
S
=Bt DR+ [ s ruds (56)
t—T
where ®(¢,%9) = exp (j;to (A— )\EéwC')ds>. The first term on the right-hand side of (55) then satisfies
¢
- [ ®@OTCTeaeT + vy ioRas
t—r
t s T L
— 7/ (@(s,tﬁ)ﬁ{f +/ @(s,r)urdr) cT(Ccg,cT +v)~lo
t—1 t—1
S
(<I>(S, t—1)XM_+ / D(s, T)urdr> ds
t—T1
t s
< @M )TO@ - R, —2(RM )T / B(s,t — )T CT(CTCT + V)0 [ (s, r)u, drds
t—1 t—1
(57)

where O(t,t — ft _®(s,t—7)CT(CQCT + V) 1CP(s,t —7)ds, and the last negative-definite term
was dropped in wrltmg the inequality.

For the second term on the right-hand side of (55), using (56), we get,

t t t s
[ @7 s < @I [ @t - nT@) Tuds+ [ uT(@07 [ @ rusdrds
t—7 t— t—T t—7

(59

Before substituting (57) and (58) in (55), we recall some bounds on the variables appearing in these
expressions.

L—T
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1. Using the upper and lower bound on Qi‘/[ , that is, pI < Qi‘/[ < Qp, we get

min (Do IR N2 < (R)7Qy kM < (RIT(@M)TIRM < o IRM
2. Due to the observability assumption, there exists a positive constant n
0<nl <O(t,t—1) Vt>T.
Hence, we get,
(L) "ot = )X < (L) TR = —nlIRELAP < —np(REE) T(QL) TR

3. We choose ¢ such that [|CT(CQuCT +V)71| <z

4. Note that the gain £M is uniformly bounded due to Lemma 6.3 and the boundedness of QM.
This, consequently, provides a bound on the flow matrix ®(s,¢). We introduce the constant aj :=
maxg>o |4 — ALMC||, so that one possible choice for ae is ||Al| + M| Qo - [|[CTV~LC|. Then, it
follows that

1®(s, )] < aa(t —s).

Plugging the expressions (57) and (58) in (55), and using the aforementioned bounds on individual terms,
we get

W(Rt) = WXe—r) < =W (Xe—r) + 2[R0 172 aa (T act + p)lluge—r,glloo + 207 aallug—r g 3. (59)

For the second term on the right-hand side of (59), we apply Young’s inequality as follows:

~ np 2Nmax@ 2 2
2( | 77) — - 7%aq(T%aq + Uit— 71| 0o
=14/ Sy ( 7 1(7%aa + p)l|ug—r gl

np 2p «Q 4
<7 S + r;p T (T%aa + p)*lup—rgl%

A

np ~ 2MmaxQ
< ?W(th'r) + . TR (TPaa + p) P up—r |2 -

Taking p:=1— "2 and o(7) = 2"2‘;"974@2 (T2ac1 + p)? + 2p7taq, (59) results in

W(Xe) £ PW(Ri—r) + o (T)lugp—rg 1% (60)

We next show that ||u;|| converges to zero as ¢ — oo, which in turn implies that |luy_, 4|2, converges to
zero, as t — oco. Towards this end, we observe that!

luel < AT = LMV - 1P = QM- €T - ICPCT + V)| € - [ELX] — &)
< g IPe — QM- IICIP - [V - ELX] — &, (61)

where kg is obtained from Lemma 6.4. By Theorem 6.5, | P, — Q|| is bounded. Since & (E[X,] — X)) =
(A = MLEPYCY(E[Xy] — &), it follows from [7, Theorem 3] that for some > 0, and ¢ > 7

t
IELX,) — & < [E[X7) - 2] exp ( / A )\ﬁsts>
0

S PcPo 763015
e e exp< i )

for some ¢ > 0 and positive constants p P Pcs Py Po- In particular, this estimate establishes the conver-
gence of |lu]| to 0, as ¢ grows.

The proof of Proposition 7.1 can now be completed by checking that the inequality (60) results in
W(x!) converging to zero whenever |[up_; o0 converges to zero. O

1Recall that £5P' — LM = (I — LM ) (P, — QM)CT (CPCT + V)~ by Lemma 6.3.
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8. Conclusions

We considered the design of ensemble filters for linear dynamical systems with time-sampled obser-
vations. These classes of filters are described by diffusion processes which are coupled via empirical
mean and variance. Our primary objective was to analyze the asymptotic behavior of these filters and
compare it with their optimal counterparts. Taking the expectation with respect to Poisson sampling
process leads to a new class of differential equations for the variance, and we provide a rigorous treatment
of its asymptotic behavior.

Several interesting questions arise from the study carried out in this paper. Firstly, it would be
interesting to see if Assumption 6.1 could be removed and the analysis techniques could be adapted to
unify the study of convergence towards a steady state together with developing comparisons with the
optimal solution. We adopted this route in the scalar setting [30] and the advantage of that approach is
that it gives explicit bounds on the mean sampling that characterize the asymptotic performance. The
second direction that could be adopted is to take a step towards nonlinear ensemble filters. The design
methodology proposed here provides a template for such filters in nonlinear setting: the prediction is
based on propagating system dynamics and the gain for the correction is obtained via empirical moments.
However, theoretical analysis in this case is expected to be more challenging and provides an interesting
direction for further research.
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A. Tools for Analysis

Consider the following differential equation for a stochastic process (z;);>0 evolving in R™:
day = f(2e)dt + g(z¢)dw + h(2e, ve)dNy (A1)

where N; is a Poisson process with intensity A > 0, w is a standard Wiener process, and v; := vy, for
the sake of brevity with vy, being a sequence of i.i.d. random variables with probability law &.

To study the evolution of a function of the random process (xt):>0, we make use of the Ito’s chain
rule. The reader may consult [19, Chapter II, Section 7] for detailed exposition on this topic. Here, the
particular form we adopt is tailored for the differential equations appearing in earlier sections.

Proposition A.1 (Ito’s chain rule). For a twice continuously differentiable function v : R™ — R, it
holds that

(o) = [(Fste. fa) + tr( o g T s

(V@) g(w))dw + [l + hlw,m)) = b(a)| AN, (A:2)

Ito’s chain rule describes the evolution of the function v evaluated along the solution of the stochastic
differential equation (A.1). However, to describe the evolution of the expectation of ¢ in differential form,
we need to consider the extended generator as defined below:

Definition A.2 (Extended generator). Given a real-valued function ¢ : R™ — R, the extended generator
of the process (It)t>0 described by (A.1) is the linear operator ¢ — L defined by

R" 3 z— LyY(z) eR

A.
Lop(z) = linOl%(E[u)(ac(tJrs)) | 2(t) = 2] 71/1(2)). (A4-3)

We obtain the expected value of 1 by integrating the generator, which can be seen as a generalization
of the classical Dynkin’s formula:

E[w(x(t))] = E[w(x(O))] + E{/o L(x(s)) ds] (A.4)

For our purposes, it is useful to compute an explicit expression of the generator which can then be
analyzed for studying the qualitative behavior of E[¢)(z)]. Several references in the literature derive
generator equations for stochastic processes with jumps, see for example [13, Theorem 1] for a derivation
in the context of Wiener process driven differential equations with renewal processes. The proof builds
on the simpler case given in [28, Proposition 2.1] ¢ = 0 and h being independent of the noise at jump
instants v;.
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Proposition A.3. If the sampling process (N¢)¢>o is Poisson with intensity A > 0, then the process
(2(t)),5o described in (A.1) is Markovian. Moreover, for any function R™ 3 z — 1(z) € R with at most

polynomial growth as ||z|| — +oo, we have

Y(z)
( 022

£o(z) = (V(2), F(2)) + ot

; 929 T) + A [ v+ he)e@) - o] (as)

Proof. The fact that (x(t)),., is Markovian follows from the observation that the future of z(t) depends
on x(7y, ). -

Since the system under consideration is well-posed, we have, for € > 0 small,
E[(2(t+2)) |a(t) = 2] =E[Y(2(t + ) (Lniro=ni} + Lvepe=1em} + L —ni2y) [2(0)]. (A6)

We now compute the conditional probability distribution of (2(t 4 ¢)) for small € > 0 given z(t). Since
the sampling process is independent of the state joint, by definition of the sampling (Poisson) process

we have, for ¢ | 0,
P(Nt+5 — Nt =0 i Nt,l'(t)) =1-)e+ 0(8),

P(Nt+5 — Nt =1 } Nt,l'(t)) = Xe + 0(5),
P(Niye — Ny > 2| Ny, z(t)) = o(e).

Using these expressions, we develop (A.6) further for ¢ | 0 as

E[¢(w(t +€)) ’x(t) = ] [¢('T )(I{Nt+a—Nt} + 1{Nf+5_1+Nt ) |J} } + 0( )
=E[¢(z(t+¢))|x(t) Nt+5 Ni] - (1= Xe +o(e))
+E[0(z(t +¢)) | x(t), Neye = 1+ Ne| (Xe) + 0(e). (A7)

The two significant terms on the right-hand side of (A.7) are now computed separately. First, for € | 0,
we have

E[(2(t +¢)) | Neve = Npya(t) = 2] = 1(2) + (Vi (2), f(2)) + 0.5e4(2) + o(e),
leading to the first term on the right-hand side of (A.7) having the estimate

E[¢(x(t+¢€)) | Nege = Npy2(t) = 2] - (1 = Xe + 0(e))
=(2) +e(V(2), f(2)) +eg(z) — (Ae)ip(z) + o(e),
where g(z) := 0.5tr((0%¢(2)/82)g(2)g(z) "). Concerning the second term on the right-hand side of (A.7),

we observe that conditional on Nyi. = 14 N, the probability distribution of 7y, _ is [24, Theorem 2.3.7]
uniform over [t, ¢+ ¢[ by definition of the sampling (Poisson) process, i.e.,

/

1
Pty €[5, 8+ 8[| Nege =1+ V) = =S
for [s,s + s'[ C [t,t + ¢[. Since the sampling process is independent of the state process, the preceding
conditional probability is equal to
P(Tnyy. €[5, + 8[| Neye = 1+ Ny, z(t) = 2).

We define 6 € [0, 1] such that 7n,,. =t + e, 2(t) = 2; then @ is uniformly distributed on [0, 1[ given
Niie = 1+ N;. We also have, conditioned on the same event,

(TN, ) =x(t+0e) =x(t+ 0 )+ h(x(t + 07 ),v),

and
a(t+0e7) =x(t) + b f (x(t)) + o(e),

where f(z) denotes the linear interpolation of the solution of (A.1) over an interval of length ¢ starting
from z. The above expressions then lead to, conditioned on the event Nyyo. = 1 + Ny, z(t) = z and for
!0,

z(t+e)=a(t+0e)+ (1 —0)ef(x(t + 6e))) + ole)
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=a(t) + O f (z(t)) + h(z(t) + b= f (z(t)),v) + (1 — O)e f (x(t + b2)) + o(e)
= a(t) + O f (z(t)) + h(z(t),v) + (1 — O)e f(x(t + O¢)) + 0V h(x(t),v) - f(z(t)) + o(e).
Therefore, for € | 0,

E[¢(2(t+¢)) |2(t) = 2, Neye = 14+ Ny - (Ae)
- /01 w(z +0cF(2) + h(z,v) + (1 — O)ef ((t + 02)) + 0V h(z,v) - F(2) + 0(5)) £(dv)dd - (\e)
_ /01 (1/)(2 + h(z,v)) +£(Vi(2 + h(z, ), ofe) + 0F(2)
+ (1= 0)f(a(t + 02)) + OV h(z ) - f(z))) £(dv)da - (Ne)
_ (/ b (= +h(z)E(dy) +0(E)) - ()
— (%) / B(= 4 h(z0))Ed) + ofe).
Putting everything together, we arrive at

Efw(at+ ) |2(0) = 2] = () + 2 (V). 52 + ptr(Tog(2)g(2) 7))

2 0z
()W)~ [ ¥+ b)) + ofe).
Substituting these expressions in (A.3), we see that for each z € R™, we get the expression (A.5). O

B. Properties of Gain Matrix

In this part of the Appendix, we recall some useful properties of the injection gain that are useful
for the analysis. In what follows, let P; € R™ ™ and Py € R™ ™ be positive semi-definite matrices,
and V € RPXP be positive definite. For any matrix C € RP*" let £, := P,CT(CP,CT + V)74
Loy = PQCT(CPQCT + V)_l.

Lemma B.1 ([7, Lemmata 3 & 4]). The matrices L1 and Lo satisfy the following properties:
1. (I-L,0)PCT =L,V
2. (I — L1CYPy — (I — L3CO)YPy = (I — L10)(P1 — P2)(I — L20) T
Lemma B.2. The matrices L1 and Lo satisfy the following inequalities
(I = L1C) (P1 = Pa) (I — L2C)" > (I = L1C) (P1 — P2) (I — £:C)"
(I— L1C)(Py—Po) (I — L2C)" < (I~ LsC) (Py —Po) (I — L2C)T

Proof. We keep the same proof that one can find in [7]; the first inequality follows from the chain below
and the second one can be proven similarly.

(I— L1C) (Py = Po) (I — L2C) " — (I = £1C) (Py = Po) (I — £,C) "
=(I—=L,C)(P1—P2)CT (L1 — Lo)"
=((I = L,C)Py — (I — L1C)Py) CT (L1 — Lo) "
=(I—LiC)PLCT (L1 — Lo) — (I = L1C)PCT (L1 — L))"

—~

a

> (I — LoC)PoCT (L1 — L) — (I = L1C)PLCT (L1 — L)
=((I = L3C)Py— (I — L10)P2) CT (L1 — L)'
=(L1— L3)CP,CT (L1 — L2) >0,

N

where inequality (a) follows from Lemma B.1 since (I — L;C)P1C T (L1 — L2) T — (I — L2CYP2OT (L —
Lo)T =LV(Ly — La)T = LoV(L1— Lo)T = (L1 — L2)V(L1 — L2)T > 0. O
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C. Lower Bound

We denote the error covariance flow associated with the standard Kalman—Bucy error covariance R”™
for a continuous time system described by (A, C, B, 7,V,1/M) and with initial error covariance @ as:

: 1
R} = AR] + RiA" +(1-1/M)BB" — =R;C"V'CR]. (C.1)
T

Proposition C.1. Let P; be the solution of (35), and QM be the solution to (33). For every symmetric

positive definite Q satisfying R = Po = Q) = Q, and 7 < %, it holds that

P, >RI, QM >R, forall t>0.
In addition, there is a positive number p, such that
Py > pl, in >pl, forall t>0.
Proof. Notice that?,
Py —RI > AP, + PAT — AP,CT(CP,CT + V)" 1CP, — ART —RTAT + %R{CTV”CRZ
> AP, + P, AT - AP.CT(V)TIOP, — AR] — RIAT + %RICTV‘lCR[
> AP+ PAT —APCTVTICP, — AR] —R[AT + \RICTVICR]

T T T
_ (A - @ACTV*C) (Py — RY) + (P, — RT) (A - @/\CTV”C) ,

This differential inequality ensures that P, > R for all £ > 0. A similar reasoning can be used to show
that the empirical variance QM > RT, for all cases.

We know that there is a uniform lower bound on R, and this yields the uniform lower bounds on P,
and QM. Let us define the controllability and observability Gramians associated with R} as

t
Cltt — o) ::/ (1—1/M)eA (BBT)eA" ds,
t—to

t
O™ (t,t — o) ::/ eA(CT(rV)IC)e  ds
t

—to
respectively. If the continuous-time linear system defined by (A,C, B,7,V,1/M), T < % is uniformly
completely controllable and uniformly completely observable, it means that there exists a ty > 0 such
that for all £ > ty, we have

0<p,I <C(t,t—1to) <P, (C.2a)

0<plI <O (t,t—t9) < ppl, (C.2b)

respectively. These inequalities lead to the following lower bound [15, Lemma 7.2]:

- P
R > (CU(tt—to) + O (Ht —tg)) > (CT) I
rz ) L+ poPo

which consequently provide the lower bound on P; and QM for each t > 0. O

2We use the trivial equality MSM — NSN = (WS) (M —=N)+(M—-N) (S M;N), that holds for symmetric and

positive semidefinite matrices M, N and S of appropriate dimension.
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D. Application of Gronwall’s Lemma

Lemma D.1. Let f: Ry — Ry be a given function, and a > 0 be a positive scalar, and b, c,d be some
non-negative constants. If it holds that

f(t) <exp(—at)b+ (1 —exp (—at))c+ d/0 exp(—a(t — s))f(s)ds
then, with B := dexp (g), we have
f() <exp(—at)(1+ Bt)b+ ?.

Proof. Applying Gronwall’s inequality in the current setting, we get

f(t) <exp(—at)b+ (1 — exp (—at))c + bd exp (—at) exp (g) /Ot exp (—dexp (;a(t — S)>> ds

—dexp (;a(t - 5))) (D.1)

+cd /Ot(l —exp (—as)) exp (—a(t — s)) exp (

Note that exp (M) < 1last>s. We can thus bound the second term in (D.1) as below:

bd exp (—at) exp (g) /Ot exp (—dexp (—aa(t — s))) ds < bd exp (—at) expg =: bexp (—at)pt.

It remains to find the bound on the last term in (D.1) only. For that, we observe that the integrand in
the last term is less than exp (—a(t — s)) exp (£), and thus, can be bounded from above by

ay [ d d
cd exp <7) / exp (—a(t — s))ds < C—exp <,> — %
a’ Jo a a a
Using these bounds on the second and third term, (D.1) yields the desired result. O
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