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RIGOROUS ACCURACY AND ROBUSTNESS ANALYSIS FOR
TWO-SCALE REDUCED RANDOM KALMAN FILTERS IN
HIGH DIMENSIONS*
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Abstract. Contemporary data assimilation often involves millions of prediction variables. The
classical Kalman filter is no longer computationally feasible in such a high dimensional context. This
problem can often be resolved by exploiting the underlying multiscale structure, applying the full
Kalman filtering procedures only to the large scale variables, and estimating the small scale variables
with proper statistical strategies, including multiplicative inflation, representation model error in the
observations, and crude localization. The resulting two-scale reduced filters can have close to optimal
numerical filtering skill based on previous numerical evidence. Yet, no rigorous explanation exists for
this success, because these modifications create unavoidable bias and model error. This paper con-
tributes to this issue by establishing a new error analysis framework for two different reduced random
Kalman filters, valid independent of the large dimension. The first part of our results examines the
fidelity of the covariance estimators, which is essential for accurate uncertainty quantification. In a
simplified setting, this is demonstrated by showing the true error covariance is dominated by its esti-
mators. In general settings, the Mahalanobis error and its intrinsic dissipation can be used as simplified
quantification of the same property. The second part develops upper bounds for the covariance estima-
tors by comparing with proper Kalman filters. Combining both results, the classical tools for Kalman
filters can be used as a-priori performance criteria for the reduced filters. In applications, these criteria
guarantee the reduced filters are robust, and accurate for small noise systems. They also shed light on
how to tune the reduced filters for stochastic turbulence.
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1. Introduction

Data assimilation, the numerical prediction procedure for partially observed pro-
cesses, has been a central problem for science and engineering for decades. In this new
age of technology, the dimensions of filtering problems have grown exponentially, as a
result of the increasingly abundant observations and ever growing demand for predic-
tion accuracy. In geophysical applications such as numerical weather forecasting, the
dimensions are staggeringly high, often exceeding d=10° for the prediction variables,
and ¢=10* for the observations. In such a context, the well known Kalman filter is
no longer computationally feasible. Its direct implementation requires high dimensional
matrices product and inversion, resulting a computation complexity of O(d?q), which
far exceeds modern computing capability.

One important strategy for high dimensional filtering is dimension reduction. Many
geophysical and engineering problems have intrinsic multiscale structures [1-3], where
the large scale variables have more uncertainty and of more prediction importance. In
comparison, the small scale variables are driven by strong dissipation and fast oscillation,
their values are more predictable but of less significance. Intuitively, one would like to
apply the full filtering procedures for the large scale variables, while estimating the
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small scale variables with some simplified strategy. This paper investigates two such
general strategies: estimate the small scale variables by their statistical equilibrium
state, or use a constant statistical state as the prior distribution in each filtering step
for the small scale. The resulting two-scale reduced filters will be called the dynamically
decoupled reduced Kalman filter (DRKF) and general reduced Kalman filter (RKF)
respectively. These ideas have been applied earlier to stochastic turbulence, and known
as the reduced Fourier domain Kalman filter (RFDKF) and variance strong damping
approximate filter (VSDAF'), see chapters 3 and 7 of [4]. Numerous numerical tests on
these reduced filters [4,5] have shown their performances are close to optimal in various
regimes. And because only the large scale variable of dimension p is fully filtered, the
complexity is reduced significantly to O(dq?+p?q).

While the two-scale reduced filters have simple intuitions and successful applica-
tions, there is no rigorous nonasymptotic analysis framework for its performance. Pre-
cisely speaking, we are interested in the statistical and dynamical features of the filter
error e,. In the classical Kalman filtering context, we have complete knowledge of e,
as its covariance is correctly estimated by the optimal filter, and follows a Riccati equa-
tion that quickly converges to an equilibrium state [6]. As for the reduced filters, the
filter error covariance Ee, ®e, no longer matches its reduced estimator C,, because of
unavoidable model errors, which create bias through multiplicative inflation, represen-
tation error in the observations, and crude localization. Instead, it follows an online
recursion where model reduction procedures constantly introduce structural biases. As
a consequence, there is an intrinsic barrier between the reduced filters and the optimal
one [5,7], and the classical approach which shows approximate filters are close to the
optimal one is not applicable in this scenario [8-11].

This paper proposes and applies a new performance analysis strategy for the reduced
filters in the subtle context of Kalman filters with random coefficients ( [6], and chapter
8 of [4] for an application in large dimensions). It consists of two parts. The first part
examines the fidelity of the reduced covariance estimator C,, and aims to show the
true error covariance is not underestimated, which is essential for rigorous uncertainty
quantification. The direct approach, showing Ee, ® e,, XC,,, is applicable to RKF if
the dimension reduction procedure preserves this inequality, while the system noises are
uncorrelated with the system coefficients. Another more general but weaker approach
is to consider the Mahalanobis error |le, ||z, =€l C, te,. By showing that 2E|le, |8 is
bounded by a dimension free constant, we show the error covariance estimator is not far
off from the true value. This can be established by verifying the Mahalanobis error is
dissipative, which is an intrinsic dynamical property of Kalman type updates. It holds
for both RKF and DRFK even with correlated system noises.

The second objective is to find a bound for the covariance estimator C,. Two
signal observation systems with augmented coefficients are considered, and we show
their Kalman filter covariances are respectively the covariance estimator in DRKF and
an upper bound for the covariance estimator in RKF. By building this connection, we
transform the original error control problem of reduced filters to one of standard classical
Kalman filters. The latter has a rich literature that we can rely on, so there are multiple
ways to bound C),.

In combination, the previous results provide a theoretical framework to discuss the
accuracy of reduced filters. In applications, many models, such as stochastic turbulences,
could have various ways to do the two-scale separation [12,13]. Moreover, most practical
reduced filters employ various covariance inflation techniques to ensure no covariance
underestimation [14-16]. Which dimension reduction method is better, and how to tune
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the filter parameters, are important practical questions. But previously, they can only
be studied through extensive numerical experiments. In this perspective, our framework
can be used as a priori estimates, or rigorous support for previous numerical findings.

The remainder of this section intends to give a quick overview of our results, while
the detailed formal statements along with the proofs are left in the later sections.

1.1. Kalman filtering in high dimension. Consider a signal-observation
system with random coefficients [6]:

Xn+1 = Aan +Bn +§n+1a

(1.1)
Yn+1 - Han+1 +Cn+1~

In (1.1), {41 and (41 are two sequences of independent Gaussian noises, &1~
N(0,%,) and (pi11~N(0,0,). We assume the signal variable X, is of dimension d,
the observation variable Y, is of dimension ¢ <d, and the observation noise matrix o,
is nonsingular to avoid ill-posed inverse problems. The realizations of the dynamical
coefficients (A, By,%,), the observation coefficients (H,,0,), as long as Y,, are as-
sumed to be available, and the objective is to estimate X,. By considering general
random coefficients, many interesting models involving intermittent dynamical regimes
or observations can be formulated as (1.1). Details will be discussed in Section 6.

The optimal filter for system (1.1) is the Kalman filter [4,6,17], assuming (Xo,Yp) is
Gaussian distributed. It estimates X,, with a Gaussian distribution N (m,, R, ), where
the mean and covariance follow a well known recursion:

~

Mpy1=Anmp+ Bp+Kpp1(Yog1 — Homy), Rup1=K(Rpt1),
IC(O) =C— CHTL(Un +H7LCHZ)71HSC.

The Kalman filter has found a wide range of applications in various fields. This
is due to its theoretical optimality, robustness and stability in the classical low dimen-
sional setting. However, in many modern day applications where the system dimension
reaches 10°, direct application of (1.2) is no longer feasible, because the computation
complexity of (1.2) is roughly O(d?q) =10'%, which is far beyond the speed of standard
high performance computing, 10'2. This is briefly discussed by a complexity analysis in
Section A.

Besides the dimension reduction strategies discussed below, there are various ways
to approximate the Kalman filter by random sampling. These methods are known as
the ensemble Kalman filters (EnKF) [18,19] which are commonly used in numerical
weather forecast. They require various ad-hoc tuning techniques [14-16, 20]. Theo-
retical properties of EnKF, such as well-posedness, nonlinear stability, and geometric
ergodicity, can be studied in nonlinear settings [21-24], while their performance can be
studied in linear settings through similar frameworks as the one introduced here [25,26].
Quantitative analysis of the filter error can also be done in the limit of a large sample
size [10,11,27].

1.2. Two-scale separation and reduced Kalman filters. Dynamical fea-
tures of system (1.1) can often be exploited for dimension reduction and fast computa-
tion of Kalman filters. In this paper, we focus on scenarios where system (1.1) has a
two-scale separation

XL
X, = [ X:%] .
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Here, X consists of p(< d) large scale variables, and X consists of d—p small scale
variables. Throughout, Py, and Pg will denote the associated subspaces, Py and Pg
will denote the associated projections.

In Section 6.3.2, we will consider a simple stochastic turbulence model (see [4]),
where A,, is a constant matrix that consists of 2 x 2 diagonal sub-blocks with spectral
norm exp(—vh|k|?). To the small scale Fourier modes with large wavenumbers |k,
A, applies a strong damping. As a consequence, the small scale variables have very
little uncertainty. Their exact values are of little importance, but they are difficult to
compute numerically because of the stiffness involved. This simple example captures
features shared by many turbulence models. In such a scenario, it is intuitive to apply
dimension reduction and try to filter only the large scale part.

One naive way of dimension reduction would be directly ignoring the small scale
part. But this is usually problematic. Despite that X2 has little uncertainty in each
coordinate, the observation operator H,, = [HL, H] involves all coordinates, and so does
the observation:

Yot1 :H£X£+HSX§+Cn+1~ (1-3)

X2 could have significant contribution to the observation Y, through HZ. Directly
ignoring the small scale part may create a big bias, as the filter will try to interpret
the contribution of X in terms of XZ, which is called representation error [12,13].
The correct filter reduction requires some simple but educated estimations of the filter
impact from the small scale variables.

1.2.1. Dynamical decoupled reduced Kalman filter (DRKF). One simple
estimate of the small scale variables would be their statistical equilibrium states. This
idea was applied for stochastic turbulences in chapter 7 of [4] and named the RFDKF. To
generalize it, we consider a simplified setting where the dynamics of the signal variable
X, is decoupled between the two scales. In other words, the system coefficients of (1.1)
have the following block structure:

AL 0 BE L »Loo
An: [ 0 A§:| ) B, = |:BS':| ) gn: |:§7€:| y Y= |: 0 E§:| . (14)

The diagonal A,, used for stochastic turbulence in Section 6.3.2 follows this description.
Notice that with observation mixing the two scales (1.3), the optimal Kalman filter does
not necessarily have a block diagonal structure, so we cannot directly apply a large scale
projection to (1.2).

The DRKF filtering strategy comes as a combination of two ideas. First, if the small
scale part has very little fluctuations, then its unfiltered mean, y’, is a good estimator.
Second, the small scale observation H;f Xf 1 is interpreted as a noisy perturbation to
the large scale observation. We can remove the mean of this perturbation by letting

VE Y- HSS,.

We also need to consider the fluctuation at the small scale AXJ, | =X5 , —pJ, . By
interpreting it as a mean zero Gaussian noise, we need to include the representative
error covariance:

ok=0,+HSV? (H)T.

Here V7 is the unfiltered covariance of X7 conditioned on the system coefficients. In
this way, we treat {AX? 1) as an independent sequence. Unfortunately this is not the
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case in reality, and model errors are hence created. We remedy this by inflating the
covariance in the end with a factor r > 1.
In summary, DRKF estimates X and X by Gaussian distributions (u%,CE) and
(13, V.5) respectively. The mean and covariance sequences are updated as below:
=Abul 4+ BE v KL (VE-HE(ARWE 4+ BE)Y),
1u’n+1 nHn n+1 nHn
Crii= TICL(CnH) Cr€+1 =ALCHANT+2),
Ky =Clh (H) (o + HyCryy (HT) ™
’CL(Cn—i-l) Cn+1 Cn+1( ) (0 +HLCn+1( ) ) 1HLCn+17
Vi=y,-HuS. \, ot=0,+HIVZ (H)T,
/j’n—&-l*Anun‘i»BS Vn+17ASVnS(A§)T+E§

(1.5)

Since the filter essentially works only in the large scale subspace, the computational
complexity is reduced to O(q®+p?q) or O(¢®+p?q+d?) , see Section A for details.
Also see chapter 8 of [4] for an application of DRKF to random filtering of geophysical
turbulence.

1.2.2. General RKF. When the two scales are not dynamically decoupled, the
DRKF (1.5) may have a bad performance. This is because DRKF does not filter the
small scale part, while the small scale error enters the large scale estimation through
the cross scale dynamics (see page 43 of [4] for an example). Another more appropri-
ate reduced filtering strategy would be filtering the small scale with a constant prior
covariance Dg as an estimate of the small scale dynamics. This will be called a general
reduced Kalman filter (RKF). It has been applied to stochastic turbulence in chapter 7
of [4] and called VSDAF.

To be specific, a fixed Ps®Pg matrix Dg will be used as the prior for the small
scale variables. So given a covariance estimator C,, for X, the effective covariance of
X, will be

Ct:=C,+Dg.

In many applications, Dg can be chosen as a multiple of the unfiltered equilibrium
covariance of X°. But it can also take other general matrix values. In summary, the
RKF estimates X,, by a Gaussian distribution N (u,,,Cy, + Dg), with the mean and
covariance generated by a recursion:

Hn+1 = An,ufn +Bn +IA(TL+1 (}/n—i-l _Hn,un)a
an-‘rl:AnC:AZ;'i'En) I?n-l-l:67L+1Hn(0-n+Hnan+1Hg)_la (16)
Cn+1 :TPL’C(an+1)PL.

Furthermore, using the complexity analysis in Section A, we see RKF reduces the com-
plexity to O(d? +dq? +dp?).

Unlike DRKF, RKF applies a large scale covariance projection in the final step.
This ensures the prior covariance of small scale variables in the next step is still Dg.
Its practical effect is similar to the localization techniques in EnKF that are widely
applied, as both simplify the covariance structures. On the other hand, this projection
may underestimate the error covariance for the new update. To offset this effect, a
multiplicative inflation with >0 is applied, and in the effective covariance estimator
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we also include the constant covariance Dg. Ideally, these inflations will remedy the
possible covariance underestimation, so that

K(Cry1) 2CF =1PLK(C,)PL+ Ds. (1.7)

To be pragmatic, (1.7) may not hold for all n, and we need to introduce a sequence for
the ratio between both sides. This will be formalized in Definition 2.1 in Section 2.

1.3. Filter error bounds through filter covariance. Although the reduced
Kalman filters produce good estimates in various numerical tests, there is no good
rigorous explanation of their successes. We intend to close this gap by developing a
quantitative analysis. In our context, the filter errors of RKF and DRKF are given
respectively by

en=2Xn— lin, eL:X,{‘—u,LI.

n

Notice that we do not consider the small scale estimator error for DRKF, as the small
scale variables are not filtered there.

Error analyses for reduced filters are usually more difficult than error analyses for
the optimal filter. For the optimal filter (1.2), the covariance of the error X, —m,, is
exactly R,, which can be easily studied by the associated Riccati equation [6]. For the
reduced filters, the covariance estimators C; and CL do not necessarily match the real
filter error covariance, since the dimension reduction procedures may create biases.

One classical error analysis strategy for non-optimal filters is to compare them with
the optimal filter and show the differences are small [8-11,28]. Roughly speaking, this
strategy assumes the non-optimal filter is very close to the optimal filter at one time,
and then exploits the intrinsic ergodicity and continuity of the optimal filter, or an
asymptotic expansion, to show the difference remains small afterwards. Unfortunately,
this strategy is invalid for our reduced filters, because they are structurally different
from the optimal filter (1.2). Evidently, R, may not have a block diagonal structure
like C;F does, it may not have its Pg®Ps sub-block being exactly Dg, and this sub-
block can never be zero as in the case for DRKF. This is also known as the information
barrier for reduced filters, investigated by [5,7].

A more pragmatic strategy would be looking for intrinsic statistical properties of
filter errors. In particular, it is important to check whether the reduced covariance
estimators dominate the real error covariance, as underestimating error covariance often
causes severe filter divergence (see chapter 2 of [4]). The direct way will be verifying
bounds such as Ee, ®e, <C;". This is applicable for RKF if the system noises are
independent of the system coefficients, for example when the latter are deterministic.
But for general scenarios and DRKF, the error covariance matrix Ee, ® e, is hard to
track, as nonindependent system noises are involved in the recursion. For these difficult
situations, we need to look at other statistical quantities.

One natural choice would be the mean square error (MSE), Ele,,|?. But MSE works
best when the error is isotropic, in other words the error has similar strength in each
component. Our two-scale setting clearly does not fit into this description, as the small
scale error is much weaker. In comparison, the Mahalanobis norm is a better error
measurement. Given a nonsingular d x d positive definite (PD) matrix C, it generates
a Mahalanobis norm on R%:

v||% :=vT[C] . (1.8)

This norm is central in many Bayesian inverse problems. For example, given the prior
distribution of X as N'(b,C), and a linear observation Y = HX +¢ with Gaussian noise
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£~N(0,X), the optimal estimate is the minimizer of ||z —b||%+||Y —Hz||%. In our
context, it is natural to look at the Mahalanobis error %HenH2 + and l||eL||QCL Based
on our RKF formulation, the true state is estimated by N (u,,C;"). A natural statistics
that verifies this hypothesis is simply dEHenH . If the hypothesw holds, this statistic
should roughly be of constant values. Comparmg with the MSE, the Mahalanobis error
puts less weights in the large scale variables, and more weights in the small scale. By
showing the Mahalanobis error is bounded, we show the error covariance estimator C;"
more or less captures the real error covariance.

The Mahalanobis error also has surprisingly good dynamical properties. In short,
||enH is a dissipative (also called exponentially stable) sequence. This is actually
carrled by an intrinsic inequality induced by the Kalman covariance update operator
K. It was exploited by previous works in the literature [6,29] to show robustness of
Kalman filters and extended Kalman filters (although the name Mahalanobis error is
not explicitly used, but readers can identify it easily in the proofs).

One major result of this paper is informally stated as below:

THEOREM 1.1.  When applying DRKF (1.5) to a dynamically decoupled system (1.4),
the non-dimensionalized Mahalanobis filter error %EHeﬁHQCTLL decays exponentially fast
and is eventually bounded by a dimension free constant.

When applying RKF (1.6) to a general system described by (1.1), if the large scale
projection does not decrease covariance estimate so (1.7) holds, the non-dimensionalized
Mahalanobis filter error 1IE||enHC+ decays exponentially fast and is eventually bounded
by a dimension free constant. In addition, if the system noises are independent of all

system coefficients, the second moment of error is dominated by its estimator: Ee, ®
en=<CF.

The formal description is given by Theorems 2.1, 2.2, and 3.1. The requirement
of (1.7) will be replaced by a concrete version, Definition 2.1, which can be verified in
Section 4 provided that PSEPS =<CDg for a suitable constant C' >0 depending on r,
where R is the stationary asymptotic covariance for (1.6).

1.4. Intrinsic filter performance criteria. Theorem 1.1 essentially shows
that the Mahalanobis error is a natural and convenient statistic to assess reduced filter
performance. On the other hand, it raises two new questions to address:

e Bounds of the Mahalanobis error are informative only if the covariance estimator
CL or C;f is bounded. So how can we bound these covariance estimators?

e A large scale projection is applied for RKF in the assimilation step. It may
lead to covariance underestimation. Ideally this can be offset by the covariance
inflations so (1.7) holds. In principle, (1.7) requires online verifications during
the implementation of RKF. Yet, offline a priori criteria that depend only on
the system coefficients are more desirable.

Let us consider DRKF first. We only need to consider the first question. In fact, the
answer is quite straightforward. Consider the following augmented signal-observation
system:

Xg+1:AI X/+B +§7€+17 Yn+1_H Xn+1+<n+17

1.9
A = \/;Aﬁa n+1 NN(O ¥ ) Z;z 227157 <7L+1 NN(O’Ufl/) ( )

The optimal filter of the above system is a Kalman filter N'(mZ, RL). Tt is easy to
verify that REL=CL /r if it holds at n=0, because R% follows a Riccati recursion just
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like (1.5). The advantage we gain from this observation is that, as a Kalman filter
covariance, RE converges to a unique stationary solution Eﬁ, assuming the system (1.9)
is stationary, ergodic, weakly observable and controllable (See [6] and Theorem C.1).
This stationary solution reflects the intrinsic filtering skills of (1.9). It is clearly bounded
and independent of the filter initialization, and in many cases, it can be computed or
admits simple concrete upper bounds.

A similar idea also works for RKF. The corresponding inflated signal-observation
system is slightly different from (1.1) with an inflation r' >7:

X =A X +Bo+&0, Yo =Ho X, +C,

/ / / / / T (1'10)
An:\/{]jAnv §n+1NN(07En)7 En:T En—'_rAnDSAn? Cn+1NN(O?Jn)'
If én denotes the associated stationary Kalman covariance sequence, then it possesses
all the theoretical and computational advantages mentioned for RZ. Theorem 4.2 in
below transfers these advantages to RKF by showing that C; < rR,+ Ds. Moreover,
Theorem 4.2 shows that the online condition (1.7) can be verified by a similar version
for the stationary solution ]:2", which will be Assumption 4.1; but because En can be
estimated a priori, we find an a priori criterion that guarantees the performance of RKF.
In Section 6, we will discuss some scenarios when RL and R,, can be bounded
explicitly in spectral norms or with respect to the optimal covariance R,,. Then Theorem
1.1 implies the MSE E||e,,||? is bounded, or the reduced filter performance is comparable
with the optimal one. In many practical scenarios where the observation is frequent,
the system noise ¥,, and observation noise o, are of scale ¢ comparing to other system
coefficients. Then it is easy to verify in such a setting R,, and R% scale like €2, and so
will the reduced filter errors. This is a nontrivial property for the reduced filters and
evidently very useful in practice. This is usually framed as filter accuracy [30,31].
Other than accuracy, another important application for our framework is finding the
transition point for two-scale separation, and how to setup the small scale covariance Dg
for RKF. These questions can be answered by studying the Kalman filters for (1.9) and
(1.10). Section 6 discusses these issues with concrete examples in stochastic turbulence.

1.5. Preliminaries. The remainder of this paper is arranged as follows. Al-
though RKF (1.6) applies to more general systems, its error analysis is structurally
simpler than the one of DRKF. Section 2 starts our discussion by first showing the
second moment of RKF error is bounded by C, in Theorem 2.1, and then the dissipa-
tion of the Mahalanobis error in Theorem 2.2, where Definition 2.1 formalizes (1.7). A
direct Corollary 2.1 shows that the filter is exponentially stable for the mean sequence.
The additional structural complexity of DRKF comes from the fact that the small scale
fluctuation sequence is not an independent one. Section 3 resolves this issue by proving
Theorem 3.1. Section 4 introduces some intrinsic performance criteria for the reduced
filters. This is carried out by a comparison argument using the Kalman filters for the
inflated systems (1.9) and (1.10). The details are in Proposition 4.1 and Theorem 4.2.
Immediate corollaries for MSE and accuracy are also drawn there. Section 5 generalizes
this idea to more general stochastic settings. Finally, Section 6 reviews some classical
methods to control the Kalman filter covariance, and applies them to stochastic turbu-
lences in Fourier domain in various dynamical and observational settings. The related
complexity estimates, convergence to a stationary Kalman covariance, and some matrix
inequalities are discussed in the appendix.

Before we start the discussion, here are a few standard notations we will use in the
following. ||C|| denotes the spectral norm of a matrix C, and |z| is the [?> norm of a
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vector z. We use x®z to denote the rank 1 n x n matrix zz” generated by a column
vector . We use C € PD(PSD) or simply C is PD (PSD) to indicate a symmetric
matrix C is positive definite (semidefinite). [C]; , denotes the (j,k)-th entry of a matrix
C, and [C];2 is the sub-matrix with both indices in a set I. And A < B indicates that
B—AePSD. [a] is the smallest integer above a real number a.

We assume the filter initializations are known and of deterministic values. Generally
speaking, there are no specific requirements for their values. But some results implicitly
rely on the invertibility of the covariance matrices.

Following [6], we say a random sequence Zy, Z1,... is stationary, if (Zy,Z1,...) and
(Zk,Zk+1,...) have the same distribution. We say such a sequence is ergodic, if there is
only one invariant measure for the shifting map (Zo, Z1,...)— (Z1,Z2,...).

There will be three filtrations in our discussion. The first one contains all the
information of system coefficients up to time n, and the initial covariance matrices for
the filters:

‘F'r(i :U{Ak7Bk72kaHk70.kak < n}\/O’{Ro,C(),COL/,%S,EO,Ré/}.
Noticeably, all the filter systems have their covariance estimators inside this filtration:
o{Ry,CE RF ,Cr, Ry, k<n-+1}C FC.

We will use F¢ =V, >0F;, to denote all the information regarding the system coefficients
through the entire time line. When the system coefficient and initial filter covariances
are deterministic, F¢ is trivial, so Ex. =E.

The second filtration in addition includes information of the observations and mean
initialization

Fo=0{Yi,k <n}Vo{mo,uo,u} Vv F.

This filtration also contains the filter mean sequence my,, i, 2. The last filtration
contains all the information of system (1.1) up to time n, F, =F2Vo{(k, &k, k<n}.
We use E,,Z, ExZ to denote the conditional expectation of a random variable Z with
respect to F,, or another fixed o-field F respectively.

Finally, as our discussion concerns two filters, and two scales, quite a few variables
are inevitably introduced. Table 1.1 below lists some frequently used ones for future
reference.

2. Performance of RKF

In the RKF formulation (1.6), the multiplicative inflation r>1 in large scale, and
the constant inflation in small scale Dy, intend to remedy the side effect of large scale
projection Py and ensure that the covariance estimate does not decrease. We measure
the actual covariance change caused by this dimension reduction step, through the
following sequence of ratios:

~

Brs1=inf{b>0,K(Cpy1) 2bC;F 4 }. (2.1)

n

~

Recall that K(C,y1) is the target posterior covariance given by the Kalman filter for-
mulas, and 6; 1 is the posterior covariance that RKF employs. Intuitively, if 3, is
eventually bounded by 1, then Cf, | does not underestimate the error covariance. More
formally, we define the following.
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Symbol Interpretation
ulous DRKF large and small scale filter mean

Cck DRKEF large scale filter covariance

|74 DRKF small scale unfiltered covariance

RE DRKF intrinsic Kalman filter covariance of (1.9)

Lhn RKF filter mean of both scales

Cn RKF large scale filter covariance

Dg RKF small scale prefixed covariance

cr RKF filter covariance of both scales

R, RKF intrinsic Kalman filter covariance of (1.10)

Bn Covariance underestimation in projection, see (2.1)
B*(<1) A constant that dominates 3, asymptotically
r(>1) Multiplicative inflation used in both filters
r'(>r) Multiplicative inflation used to define RE
K,k  Covariance map from forecast to posterior in RKF and DRKF
I?n,K,f Kalman gain matrix in RKF and DRKF

Table 1.1: A list of frequently occurring symbols.

DEFINITION 2.1 (Acceptable reduction). We say the dimension reduction in RKF is
asymptotically acceptable if there is a finite adjustment time ng and a 8* <1 such that

Brn <B*  for all n>ny.
Moreover, we say the RKF enters the acceptable reduction phase, when n>ny.

The conditions above are online, in the sense that their verification requires an
implementation of RKF. Section 4 will provide an a priori criterion Assumption 4.1,
which can lead to asymptotically acceptable reductions.

2.1. Second moment of error with system independent noises. In many
scenarios, the system noises depend on the system coefficients only through ¥, and o,.
In specific:

nt1~N(0,%,), Cnr1~N(0,0,) conditioned on FCV F,. (2.2)

In simple terms, (2.2) indicates that the system noises are independent of the system
coefficients. In the classical setting of Kalman filtering, where the system coefficients are
deterministic, this holds automatically. But it may fail for some conditional Gaussian
systems. Assuming (2.2), the second moment of error Ezce, ®e, can be computed
explicitly, and is in fact bounded by the effective covariance estimator C;F.

THEOREM 2.1. Suppose the system noises are independent of the system coefficients,
so (2.2) holds. For any fized inflation ratio r>1, consider applying the RKF (1.6) to
system (1.1). Suppose the dimension reduction in RKF is asymptotically acceptable as
described in Definition 2.1. Then with any fized initial conditions, when

n>no +max{0, [~log [Ercen, ® eno][Crf, ][I/ 10g 81}, (2.3)
the second moment of the error e, = X,, — tn, s dominated by the covariance estimator:

Erce,®@e, = C;f a.s.
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If we take average of both sides, this implies that Ee, ®@e, <EC,.

Notice that the dependence of n on Erce,, ®en, is logarithmic, so in practice the
exact value of Erece,, ®ey, is not very important.

Proof. Using Lemma B.4, we define 1,,,,,

Vo =max{1,inf{¢): Ere(en, @en,) 20C, }} =max{1,||Ezre(en, @en,)[Cri ]~ "3

We define 1, for n>ng recursively by letting

Ynt1= max{lawn6n+l }

By our assumptions, for n>ng, ¥, converges to 1 geometrically with ratio £*, and it
reaches 1 when (2.3) happens. We claim that

Erc(en,®en) 20,Cl,  n>ny, (2.4)

so the claim of this theorem holds.

We show (2.4) by induction. It is clear that it holds for n=mng. Suppose it holds
for n, consider the forecast error é,11=Xpn4+1 — (Anttn + Bp). The following recursion
can be established:

ni1=Anen+Eni1y  ens1 = — Knp1Hp)ens1 — Knp1Cotr-

In combination:
Ent1= (I_[?n—&-lHn)Anen + (I_ I?n—i-lHn)fn—i-l _[?n—&—lgn-i-l-

Because (Iff(nHHn)An € F¢, where &,+1 and (,,+1 are conditionally mean zero based
n (2.2), we find

Ercent1®ent1
—Ere[(I = Kny1Hp) (An(en ®@en) AL +50) (I = Ky 1 H) T+ KLy 100 K]
=[(I = Kny1Hp)(AnEreen, @en AT +5,) (I = Ky Ho) T+ K 00K i)
== K1 Hy) (0 AnCof AL+ 5,) (T = Ky Hy) '+ K00 Ko
= [(I = K1 Hn) (AnCof AL +5,) (T = K1 Hy) T 4+ K00 Ko g1] = 0 K( nﬂ()Q :

In the penultimate step, we used that ¥, >1, and also the well known matrix identity
for Kalman updates

K(6n+1) = (I_ R—nJrlHn)anJrl(I_ I?nJrlHn)T +I?g+lanl?n+1~

By the definition of 8,41 (2.1), we have 1/JnIC(An+1)jwn5n+1C:+l jz/JnHCIH. So
(2.4) holds for n+1 as well. 0

REMARK 2.1. In fact, if Exceg=0, one can also show Ezce, =0 in this setting, so
Erce, ®e, is actually the error covariance. But the RKF mean p,, is a biased estimator.
Unbiasedness would require Exoe, =0 a.s., which in general does not hold. In order to
avoid confusion, we did not mention this fact in the theorem.
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2.2. Mahalanobis error dissipation.  If the system coefficients have depen-
dence on the system noises, the Kalman gain matrix K, ; may have correlation with
the error term e,. So the identity (2.5) no longer holds. But even in this difficult sce-
nario, an intrinsic matrix inequality still holds. In the context of the optimal Kalman
filter (1.2), it can be formulated as

Al(I- K, H) "Ry (I - K1 Hy ) A, <R

and for RKF it becomes (2.9) in below. From this perspective, the Mahalanobis error
||6nH2C+ is a natural statistic that dissipates through time. In specific, we have

THEOREM 2.2.  For any fized inflation r > 1, consider applying the RKF (1.6) to the
d+q dimensional system (1.1). Suppose the dimension reduction in RKF is asymptoti-
cally acceptable as described by Definition 2.1, then

2d
1—8*

In other words, the Mahalanobis error is dissipative after the adjustment time ng.

EllenlZ < (89" "Ellen 2y +

Proof. We will show that given any n,
IE?nllenJr1H2C++1 < BrillenlZy +2dBns1- (2.6)

Then the original claim of this theorem can be achieved by applying the Gronwall’s
inequality in discrete time. To show (2.6), recall that in the proof of Theorem 2.1, the
filter error has the following recursion:

€nt+1= (I_ I?n+1Hn)Anen + (I_ [?nJrlHn)gn _I?n+1<n+1-
Since &,+1 and (11 are independent of F,, conditioned on ¥,, and o, we find that

E 6n+1[0:+1}716n+1 :]EnezAZ(I*kn—O—lHn) [ n+1] ( n+1H JAnen (2.7)
+IEngZ:-',-l(I*I{n+1£’ ) [C:Jrl] I(I n+1H )fn—o—l
+En G Kaa (G "Ki1Gnst (2.8)

For the first part (2.7), we claim that
AN = K1 Ho)T[CF )7 T = K Hy) A = B [CF] 7 (2.9)

To see that, notice by (2.1), 6n+1Cn+1 >K(6n+1) (IfI?nHH )Cna1(I — Ky Hy)T.
—1p7 \—1

Moreover (I — K,H_lHn) = (I+C’n+1 o H, is clearly invertible. By Lemma B.2,
the inversion of the inequality above reads
(I = K1 Ho) T [CE ) M = Ky Hy) % Bria Gl (2.10)
Next, notice that Cy,1 =A,CFAT so
AT = K Ho)T[CF 7 (T = Koy Hy) A

< B ATCL Ay < B AT[A,CF AT A,,,
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which by Lemma B.2 leads to (2.9). To deal with (2.8), we use the identity a” Aa=
tr(Aaa™) and the independence of &, 1,(n1,

En§g+1(1*kn+lHn)T[C:+1] (I Kn—HH )fn+1+<n+1Kn+1[Cn+1] 1 n+1Cn+1
:Entr[(I*I?n+lHn)T[C:+1] (I*Kn+1Hn)En+Kn+1‘7nKn+1[CrT+1]7l]~

Note (2.10) and that by definition, 6’n+1 > >n, so Lemma B.2 implies:
tr({ - [?n+1Hn>T[C1j+1]_1(I_ I?nJrlHn)Zn] <dBn+1.

Also notice that

~

IC( n+1) = (I*Rn—i-lHn) An—‘,—l(lf[?7L+1Hn)T+I?n+lan[?§+1 t [?n+10'n[?;{+1~ (211)

Then by Bns1Cly = K(Cogr) = Kns10n KL, (K10, KL [CF]7Y) <dBrar. By
summing up (2.7) and (2.8), we have reached (2.6) and so ends the proof. |

REMARK 2.2. In the analysis of the standard Kalman filter and extended Kalman
filter, [6,29] implicitly exploit the same mechanism but do not apply a multiplicative
inflation. But they require that the covariance sequences C,,C,; 1,3, and ¥,! are
bounded from above ( [6] has weaker assumptions, but its results are qualitative rather
than quantitative). In principle, we can also remove the multiplicative inflation by
adding similar conditions. But such conditions are usually not satisfied in high dimen-
sional settings, since Y,, may have many small scale entries being very close to zero.

2.3. Exponential stability. = Another useful property implied by the previous
analysis is that RKF is exponentially stable. Let (uo,Co) and (ug,Co) be two implemen-
tations of RKF with the same covariance but different means. Then these two RKF's

share the same covariance estimate, and the difference in their mean estimates is given
by

n—1

(1 = 1) =Uno(pto = 110)s Unom= [ [ (1= K1 Hy) Ay

k=m

So if |Up,o| converges to zero exponentially fast, then so does the mean difference.
In [6], this is called exponential stability.

COROLLARY 2.1.  Under the conditions of Theorem 2.2, suppose also that sup,, ||C;F|| <
00, |[C 17| < oo, then the RKF filter is exponentially stable

n—1
~ 1
limsup — log I | (I — Kp1Hy)Ag|| < =log 8.
n—oo N Pl 2

Proof.  Let Uy, = Z;:LO (I—IA(k+1Hk)Ak. By iterating (2.9) n times, we find
that

ICHI™ Un 0Un,o 2 Up o[Cf ]~ Un o < (Hm) C1™

Taking spectral norm on both hand side yields our claim. ]

Sections 4 and 6 will discuss how to bound ||C;F]|.
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3. Error analysis of DRKF

When comparing DRKF with RKF in the dynamical decoupled scenario (1.4), the
former has a significant advantage: since no large scale projection is applied, there
is no risk of underestimating the error covariance, so online criteria like the ones in
Definition 2.1 are not necessary. But there are two disadvantages. First, DRKF has
a special dynamical structural requirement, second the small scale fluctuation requires
more technical treatments. To see the second point, it is straight forward to have the
following recursion for the filter error, just like in the proof of Theorem 2.1,

6{{4—1 = (IfK,f_‘_le)Aneﬁ + (I*Kr%-s-lHrf) 5+1 *K£+1Cn+l *K£+1H§AXS+1~

Unlike &,11 and (41, in most situations, AXS+1 :XSH —,u;fﬂ has a nonzero corre-
lation with the error eZ, as it is not an independent time series. Therefore the second
moment matrix does not follow a recursive formula, since (2.5) no longer holds. On
the other hand, the Mahalanobis error dissipation still holds since it is a more intrin-
sic property. In order to show that, we need additional conditions on the small scale
dynamics AY, and impose a (2.2) type of independence condition on the small scale
system. We will see that such condition holds for many important examples in Section

6.

THEOREM 3.1.  Consider applying DRKF (1.5) to system (1.1) with two-scale dy-
namical decoupling (1.4). Suppose there is a Ag <1 such that the small scale unfiltered
covariance V¥ satisfies

Af,jVjS(Af,j)T = Agijvksv Af,j = Ag—l " 'A}g+1A§'q~

Assume also the distribution of the small scale system noise &5 is N'(0,53), conditioned
on the system coefficients o-field F¢. Then the following holds

2 2p(1+75) 4/ AsTpYe
Ellel|2. < —E|ef |2 + A
|| "HCTIZ_TH || OHCOL r—1 (\/,'7_1)(1_ )\S)

The last term comes from the time correlated small scale fluctuation, and the constant
Yo 1S given by

(3.1)

Yo :Sup{”[Jﬁ]_lHnSVnSJrl(H?f)TH}'

n>0
Note that v, <1, and it has the potential to be small if H3V,? (HZ)T is small.

Proof. The filter error follows the recursion:

erLL+1 =(- K£+1H£)Aﬁ€£ +KL+1Cn+1 - KﬁﬂHfgnH - K£+1H§AXS+1~

n

In order to take away the influence of AX?, consider
n
~L_ L L S S._ oL1rS s
€n =Cn— ZUn,ka7 Qp=KyHi_AX},
k=1

and

UnL,lc = (I_KﬁHrfq)ALq"'(I_KkL+1HkL)A£~

n
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éL follows the recursion
éﬁ—kl*(j K +1HL)AL L+Kn+1<n+1 K7€+1H£§n+1-

Then the same proof of Theorem 2.2 is valid for €%, except that in place of (2.1), we
have C%, —TICL(C’nJrl) So B3, will be replaced by %, and instead of (2.6), we have

- 2d
Eallei e < ekl + 0.

1

rn

ek |1? 24 Because of

As a consequence of the Gronwall’s inequality, E||éL|| o <

Young’s inequality

2

ElleL[[2, <2E[le |2, +2E || UL, Qf
) k=1 07{;
It suffices for us to bound
2
U@ = D B@)T Uy ) ICHULQE (32)
cL  jk<n

Following the proof of (2.9), a similar matrix inequality also holds for DRKF,
1
(AT =Ky Hy) T O )7 T = Ky Hiy ) Ay ;[CL]

Iterate this multiple times, we have (Urﬁk)T[Cf;]’lUik <rk=n[CL]-L,
The terms in the sum (3.2) with j =k can be bounded by

E<Q£>T<Uik>T[CL] 'UkQF
E@Q)TICH QR

(KOO Ky (HR AXE @ Hi  AXY))

(KT [C) T K Erg (Hg_ AXE @ HY  AXY))
= B (CH K V()T (RE)T).
Similar to (2.11), we have
CE =rKu(Cf) =rKfo (K" =y K VEEE )T (KT (3.3)

As a consequence of Lemmas B.5 and B.3, the j=k terms in (3.2) can be further
bounded by

r(I,)= %. (3.4)

E@Q) " (Ur ) [CET UL L.QR <

The j <k terms in (3.2) come from time correlations of AXy. In order to bound them,
notice that:

E(Q) Uy )T [Cr] 7 Un QR
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=Etr((H;_ )" (K)) (U )T ICH] 7 U K Hi_ 1 (AXE @ AXY))
=Etr(W, (UL )T [CH™ Un’ka)Efﬁ.(AXké@AXf))

with Wy :=K,5H;§_1. The moving average representation of AX];9 is:

k
AXP=AFAXT+ Y A7 .67
i=j+1
Since for i > 7, &7 is distributed as N'(0,27) conditioned on F¢V F;j,
Erevr, (AXP @AXP) =Erevr, (AR, AXP @AXP) = A7 V7.
Therefore, for the j <k terms in (3.2)
E(Q)) (U )T ICH ™ Ui o Qi + @) (Un) T ICH U, Q5
=Etr((W] (UL ) [CH T Ur WAL (Akyj)TWJT(U,ﬁj) [CEHIUL W VP). (3.5)
In order to apply Lemma B.5, we are interested in bounding the symmetric matrix
Zjk: *WT(UL )" [CﬁflUrﬁkaA + (A7 j)TWk Uk ) [Cr]™ lUrf,ij
Notice that for any PSD matrix C, matrices A and B, and >0, the following holds
(Y 'A—yB)TC(y'A—4B)=0 = ~2ATCA++?BTCB>ATCB+B*CA.
For our purpose, let A= ULkaAfJ,B:UTI;jo,C: [CLI=Y vy =(AgT) 5 and find
Zig 2972 (A7 )W (U )T ICH T U kWi AR 5 + 72 W (U )T [CR 10 W5

To continue, recall that (U} )T[CE]7TUL, <r*="[C{]71, and the relation (3.3).
Then using Lemmas B.5 and B. 3
tr((A5 ) Wi (U )T [Cr ] U Wi AR V)
<r k_ntr((A ) (KkLHIf 1>T[C£]_1KI£H1§71A£,]’V}S)
r" e ([CF] T K Hy 1A VjS(Af,j)T(KIfHSA)T)
92 I (O] T G H VS (KEH)T).

)\k]kn

Using (3.3) again, we find the quantity above is bounded by ~, p. Likewise

te(W (UL )T ICE) UL ,wvE) <vima((CH K FHS VI (KFHS )T) <rd " y,p.

n,j

As a consequence,

k—j

(3.5) <Etr(Z; V) <2 7" AT op. (3.6)

Finally, we can bound (3.2) by (3.4) and (3.6):
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i e Tp% 2V AsTPYs
e ks (V=11 =VAs)

k=1

|
REMARK 3.1. In the first appearance, the formulation of the result may suggest that
the filter error can be reduced by picking a large inflation strength r. In fact, this is an
artifact caused by the usage of Mahalanobis error. The covariance estimator Cr also
increases with r, so HeﬁHcg being small does not imply e, is small. This is slightly
discussed in the next section. On the other hand, a larger r does lead to stronger
stability.

Following the same proof of Corollary 2.1, the exponential stability holds for DRKF
as well:

COROLLARY 3.1.  Under the conditions of Theorem 3.1, suppose also that

sup||Cy[| <oo, [[[C5]7" ]| <oo,
n

then the DRKF filter is exponentially stable as

n—1
1
limsup —log H(IkaLHHkL)Aé < —=logr.

4. Intrinsic performance criteria

Sections 2 and 3 have demonstrated that the reduced filter can estimate the real
error covariance. But in order for these results to be applicable to concrete problems,
there are two issues:

e The Mahalanobis error is informative about the filter error only when the
covariance estimators CL and C; are bounded. This is also the case for
Erce, ®e, XCF in Theorem 2.1.

e Theorems 2.1 and 2.2 require conditions described in Definition 2.1. These are

online or a posteriori criteria that can be verified only by running RKF. In
practice, a priori criteria are more useful for verification.

To address these two issues, we consider two signal-observation systems (1.9) and
(1.10) as augmentations of system (1.1), and use their Kalman filter covariance RZ and
R, as references. These reference filters are important for our reduced filters, because
Proposition 4.1 and Theorem 4.2 below show direct connections between Eﬁ R, and
CL C¥ respectively. This approach has four advantages:

1) The Kalman filter covariance R,, describes the smallest possible filter covariance for
signal-observation systems like (1.1). Since the augmented systems (1.9) and (1.10)
can be viewed as small perturbations of system (1.1), the associated Kalman filter
covariance ]?Z,Ll,}}n are not too different from the proper part of R,, (Proposition 6.2
explores some sufficient conditions). So if CL and C;I are bounded by a multiple of
Eﬁ ,Em the reduced filter covariance matrices are comparable with the optimal.

2) Kalman filters are direct and intrinsic descriptions of how well systems like (1.1)
can be filtered. The dependence of ﬁﬁ and En on the system coefficients is very
nonlinear. Imposing conditions on ﬁn instead of on the system coefficients makes
our exposition much simpler.
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3) Unlike reduced filters, Kalman filter has been a classical research object for decades.
There is a huge literature we can exploit.

4) Kalman filter covariance matrices often converge to a unique stationary solution
of the associated Riccati equation in (1.2), assuming the system coefficients are
ergodic stationary sequences, and other weak conditions hold. See [6] and Section
C for details. This unique solution is independent of the initial condition. By
imposing conditions on the stationary solution, our results for the reduced filters
are independent of the initial conditions as well. When we refer to this stationary
solution in the following discussion, we implicitly assume the existence of this unique
stationary solution.

4.1. Kalman filters for comparison. The connection between DRKF and
the augmented system (1.9) is simple and direct:

PROPOSITION 4.1. Consider applying DRKF (1.5) to system (1.1) with dynamical
decoupling (1.4). Let RL be the Kalman filter covariance for the large scale reference

system (1.9) with the same system coefficient realization as in (1.1). If RL = LCE holds
for n=0, then it holds for all n>0.

Proof. Suppose our claim holds at time n. Then the Kalman filter covariance for
system (1.9) follows:

Ry =rARRE(ANT +%, = ALCH(ANT+3L =Chyy,
therefore our claim holds at time n+1 as well:
~ 2L ~ 1 .
Ry :KL(Rn+1):KL(Cn+1): ;Cn+1~ 0
In the case of RKF, we need to consider system (1.10), of which the Kalman filter
covariance R,, follows the recursion

E’n—‘,—l ZIC(EH_;,_l), E»,Hq Z’I“/AHEHAZ—FZ/TL (41)
The Kalman update operator K is the same as in (1.2). Unlike Proposition 4.1, where we
showed RL is directly a multiple of CL, rR,, will be an upper bound for C,,, which leads
to rR;} = C,I. In addition, using this inequality, we can verify the online assumptions
in Definition 2.1 using assumptions regarding R,,:

ASSUMPTION 4.1.  Let R, be a (the unique stationary) positive definite (PD) solution
of (4.1). Assume that its small scale part is bounded as follow with %<,8* <1

PsénPS j (,8*7’ — I)DS.

As we discussed earlier in this section, the Riccati equation (4.1) has a unique sta-
tionary solution under weak conditions. Despite that Theorem 4.2 below works for any
solution of (4.1), by considering the stationary solution it allows Assumption 4.1 to be
independent of the initial conditions.

THEOREM 4.2.  Consider applying RKF (1.6) to system (1.1), and the Kalman filter
covariance R, for system (1.10). Then after a finite time ng, the RKF error covariance
estimate C;I is bounded by the reference covariance Ry

Ct xrR,+Ds, n=no=log(||Ry" Coll)/log(r' /r)].
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If in addition the reference projection Assumption 4.1 holds, then the conditions in
Definition 2.1 also hold, and the acceptable reduction phase starts no later than ng.

Proof. For all n>0, denote
vp=inf{v:Cp <vR,}=||[Rn] "' Chll.

Following the formulation of ng, we assume vy < co. We claim that v,, has the following
recursive relation:

Vnt1 <rmax{1l, Lv,}. (4.2)

This comes from a simple induction. Suppose that C), < an%n, we have

~

Crpi1=A,Cp AL 45, + A, Ds AT <, [A, R, AT 450 < Lup Ry

Hence by the monotonicity and concavity of the operator K, Lemma B.1,

~

Cri1 21K (Crr) 2rK(Lvn Rygr) <rmax{1, 50, }C(Rus1) =vps1 Rpsr,  (4.3)
which completes the induction. Then if we iterate (4.2) ng time, we find that
vp<r, Cy jrﬁn, for all n>ny.

Next, we prove the second claim of this theorem by showing a stronger result, that
is the f3,, sequence defined by (2.1) is bounded by

e 1
Bu< (BT =1)+ . (4.4)

Then because v, <r when n >ng, the assumptions in Definition 2.1 are implied. To see
(4.4), denote

PLK(Co)PL=K, PLK(C,)Ps=EKLs,

PsK(C,)PL=Kss, Psk(C,)Ps=Kss.

For any 3, > %, from

[V/Bar = 1P = L= PgIK(Cp)[y/Bar — 1P — L= Ps] =0,

we have

(ﬂnT—l)KLL+ﬁni_lesthL-l-KLs. (4.5)

Finally note that, Kgg < %C’n = %unén = %I/n(ﬁ*r— 1)Dg, so
K(Cp)=Kp,+Krs+Ks,+Kss

nT

Bnr—1

= ﬁn <TKLL + WDS> .

< BurKrr+ Kss
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Note that with the upper bound of §,, in (4.4), the coefficient before Dg is less than 1,
SO

’C(én) = ﬂn(TKLL +DS) :Bnc':{a
and the proof is finished. 0

REMARK 4.1.  Assumption 4.1 is not the direct replacement of the assumptions in
Definition 2.1, as we need an additional constant S*r—1. This constant appears to
be necessary for the control of the potential cross covariance between the two scales,
which is achieved by a Cauchy Schwartz inequality (4.5). In certain scenarios, the cross
covariance between two scales can be controlled by, say, localization structures, then
the (4.5) is an overestimate, and 5*r — 1 can probably be replaced by 1. In other words,
there might be scenarios where the assumptions in Definition 2.1 hold while Assumption
4.1 does not. This is why we keep two assumptions in this paper instead of combining
them.

4.2. Filter error statistics. In applications, other than the Mahalanobis error
generated by the estimated covariances CL or C, there are other interesting error
statistics: 1) The MSE Ele,|?. 2) The Mahalanobis error generated by the optimal
filter covariance R,,. The latter shovvs a comparison between the reduced filter and the
optimal filter, as the optimal filter error satisfies E|| X, —m, |3 =d. In many scenarios,
we may find these error statistics equivalent to the Mahalanobis error generated by CL
or C;F. To see this, we can simply combine Theorems 2.2 and 4.2,

COROLLARY 4.1.  Suppose system (1.1) satisfies the reference projection Assumption
4.1, then the Mahalanobis error of RKF generated by the reference covariance is bounded
uniformly in time:

2dr
RJr —1-8*

If in addition the system noises are independent of the system coefficients, (2.2), then

lunsupEHen I|%

Ee, ® e, < r]Ef%n + Dg.

As a consequence:

e Suppose that limsup, | R} || <R, then the MSE is bounded by limsup, E|e,|? <
2Rdr. If in addition (2.2) holds, then Ele,|* <rRd.

o Suppose that R;‘L‘ < p?R,,, where R, is the covariance sequence of the optimal
filter (1.2) and p>1, then the performance of RKF is comparable with the

SQngf . If in addition (2.2) holds, then

Ee, ®e, < p*rER,.

The requirement that ||R|| <R or R} < p*R,, can be verified by various ways dis-
cussed in Section 6. As for DRKF, we consider only the MSE, because RZ is not directly
comparable with R,,.

COROLLARY 4.2. Suppose system (1.1) is dynamically decoupled in two scales
(1.4), then if the Kalman filter covariance of system (1.9) satisfies R(?:%COL and
limsup | RE|| < R, the MSE of DRKF is bounded:

2 2BRp(1+70) 4v/AsRpys
limsupE|eZ|? < 5 .
n—»00 re—r (’I“—\/’F)(l—\/)\s)
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4.3. Reduced filter accuracy. In many applications, the observations are
partial but very frequent and accurate. In such cases, one would expect the filter error
to be small. This is quite easy to show for optimal Kalman filters, but not obvious
for reduced filters. With our framework, we can easily obtain the filter accuracy of the
reduced filters.

COROLLARY 4.3.  Suppose system (1.1) is dynamically decoupled in two scales with
the stationary Kalman filter covariance of system (1.9) being bounded |RL|| < R; or
suppose the reference projection Assumption 4.1 holds with the stationary Kalman filter
covariance of system (1.10) being bounded |R||< R. In either case, assume the sta-
tionary Kalman covariance attracts other Kalman filter covariance sequence as in [6].
Then there is a DRKF, or RKF, for the following signal-observation system with small
system and observation noises:

X1 =An X, +Bnt+e§nr, Yy =H, X, | +eCuy1. (4.6)
The MSE of this filter scales like €2. More precisely, there is a constant Dg such that

limsupEleS | <e2Dp.
n—oo

Here ef, stands for XL:¢ —ul-< for DRKF, or X¢ — us, for RKF.

Proof. In the dynamically decoupled case, the corresponding reference system will
be

’

an—&l-lz nLXnL—’_Bn—’_EgnJrl? Ynileanl-/i-l+6<7/z+l'
The stationary Kalman filter covariance of this system will be Eﬁ © = 62§£7 SO
limsup || RL€|| = € limsup | R|| < R.
n>0 n>0

Then applying Corollary 4.2 we have our claim.
As for the second case, we apply RKF with D% =e?Dg. The corresponding reference
will be

Xy =A X +By+ebnp1, Yo =HnX, 1 +e(ugr.
The stationary solution of this system will be E; :ezﬁn, SO
limsup || RS || = 2 limsup || R} || < €R.
n>0 n>0

Then applying Corollary 4.1 we have our claim. O

5. General stochastic sequence setting B

In some challenging scenarios, the reference stationary covariance R,, may not be a
bounded sequence, then Assumption 4.1 cannot be verified. But weaker results may be
obtainable, and interestingly the proofs do not need much of a change. The content of
this section is not necessary for most parts of Section 6, and can be skipped in the first
reading.

An assumption that is more general than the ones in Defininition 2.1 would be
requiring the truncation error converges to a sequence that is stable on average:
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ASSUMPTION 5.1.  Suppose there is a stochastic sequence 3 with a finite adjustment
time ng such that the sequence (2.1) satisfies 8, <} for all n>nyg.

The generalization of Theorem 2.2 is

THEOREM 5.2. For any fized inflation r>1, consider applying the RKF (1.6) to
system (1.1). Suppose the large scale truncation of the RKF satisfies Assumption 5.1,
then for any fized times ng <n,

E(Bny1B) " enllgy <Elleng gy +2dE Z Bro1B) 7 (5.1)
k=no+1

Proof. First of all, notice that the inequality (2.6) still holds. Our claim is simply
an induction, because

E(ﬁfmﬂ"'5Z+1)_1||€n+1||23 =E(Bro+1- 5Z+1)_1En||€n+1\\é+

<E(Bny 41 Bn) " lenllZs +24).

If (5.1) holds for time n and we replace ||en\|é+ by its upperbound, then (5.1) holds
also for time n+1. d

In order to verify the general Assumption 5.1, an a priori condition can also be
derived from the reference Kalman covariance.

ASSUMPTION 5.3.  Let R, be a (stationary) PD solution of (4.1). Assume its small
scale part is bounded as below with a stochastic sequence [3;;

PsR,Ps=(8:r—1)Dg.

Since in the proof of Theorem 4.2, we used nothing about the fact that 5* is a
constant, so if we replace 8* with () in that proof, it is still valid. Therefore the
following claim holds:

THEOREM 5.4. Suppose the general referenced projection Assumption 5.3 holds, then
Assumption 5.1 also holds, and the acceptable reduction phase starts no later than

no = [log(|| Ry ' Coll) /log (r' /).

Moreover the covariance estimator is bounded by C;f jTﬁn + Dg for n>nyg.

REMARK 5.1. The previous discussion provides an easy generalization of our frame-
work, but admittedly it buries some difficulties inside the result (5.1). If we want
Theorem 5.2 to provide concrete Mahalanobis error dissipation and convergence like in
Theorem 2.2, we roughly need to show

o E(B 11 B 1) !t >exp(b*(n—ny)) for a constant b* > 0.
e EY i1 (Bhot1 -Bt)~! < Dexp(b*(n—ny)) for the same constant b* >0, and
some D.
Usually it is not difficult to establish either of these ingredients, the major difficulty is
that the growth ratio b* needs to be the same in both. Some special structures, like
Bj; being independent of each other, will make the verification straightforward, but in
general it is difficult.
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6. Applications and examples

Given a concrete system (1.1), there might be various ways that the two-scale
separation can be done. It is of practical importance to find the minimal large scale
subspace, the proper inflation ratio r, while keeping the filter error small. Based on our
previous results, these problems can be solved by numerically computing the Kalman
filter covariance for the augmented system with a fixed ' >1, (1.9) or (1.10), then
verify Assumption 4.1 for RKF. The optimal two-scale separation and inflation can be
obtained by minimizing the MSE upper bound in Corollary 4.1.

In this section, we will discuss a few general principles that may facilitate the
filter error quantification and the verification of Assumption 4.1. A simple stochastic
turbulence model will be considered as an example, and we will apply these principles
to this model in different settings [4].

6.1. Some general guidelines for covariance bounds. Section 4 uses
Kalman filters to provide a priori performance criteria. One of the advantages is that
Kalman filters have a huge literature, so there are many known results on how to control
the Kalman filter covariance. We present in below a few simple ones. For the simplicity
of illustration, we convey them only for system (1.1) and its Kalman filter covariance
R,,, while the same ideas are also applicable to the augmented systems (1.9), (1.10) and
filter covariances RL R,,.

6.1.1. Unfiltered covariance. In most applications, system (1.1) has a stable
dynamics itself, so the covariance of X,, conditioned on the system coefficients F5 can
be bounded. The computation of this covariance

follows a straightforward iteration: V1= AnVnAZ +X,. In fact, we already used
the small scale part V,° for the formulation of DRKF. Clearly if V= Rg, then V;, = R,,.
Although this seems trivial, it is useful as it is independent of the choice of observations,
and involves very little computation.

6.1.2. Equivalent transformation on observation. Sometimes, changing
the way we view the observations may simplify the computation by a lot. Mathe-
matically speaking, we can consider a sequence of invertible ¢ X ¢ matrix ¥,,, and the
signal-observation system as below

Xn1 =4 X0+ B +6n41, Yo =Y Hpy X1 + VG

Intuitively, the Kalman filter performance of this system would be the same as (1.1).
This is true, as one can check the Kalman covariance update operator K is invariant
under this transformation. This equivalent transformation can be used to simplify our
notation. For example, we can let ¥, =0, Y Y
sequence of i.i.d. Gaussian random variables.

2 . . .
, then the observation noise for Y,, is a

6.1.3. Benchmark principle. Since the Kalman filter (1.2) is the optimal

filter of system (1.1), for any other estimator )?n of X,,, its error covariance is an upper
bound for R,,:

Ere(Xn—X0) @ (X~ X0) =ErcEzo (X, — X0) ® (X, — X)) = Rn.

So if there is an estimator )?n with a computable error covariance @, then @Q,, = R,,.
Although this idea is simple, it has been used many places to guarantee that R, is
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bounded, and as to the authors’ knowledge, it is the only general strategy. The unfiltered
covariance is actually a special application of this principle, where the estimator is simply
the mean, X, =Ezc X,,.

When the observation H,, is full rank, another simple estimator could be trusting
the observation: X,,,1=H, 'Y, 1. The error covariance is [H!] 1o, HI. This idea can
be generalized to the scenario where system (1.10) is detectable through a time interval
[m,n]. Here we provide an explicit estimate, while similar results can also be found
in [32-34].

PrOPOSITION 6.1. Denote the observability Gramian matriz as
n
Onm= Y AbmHi 1032 Hem1 Ak, Akj=Apo1- Aja 4.
k=m

Suppose that Kp m=0Op.m —l—]%;f 18 invertible, where }AEm is the prior covariance of X,
without observing Y,,. Then

n

an Z sz,mzjfl( %,m)T—i_An,mK:r:;nAz;m?
j=m+1

i -1 g -1 : : p-1
where Qn’m—An,mlCn,mle,l,mAj,m. In case there is no prior knowledge of X, R,
can be set as a zero matriz, which is the inverse of the infinite covariance.

Proof.  For the simplicity of notations, in our proof, we do transform the obser-
vations, and replace Hy by lel/QHk and oy by I;. We will first build up a smoother
for X,, and then propagate it through time [m,n]. Also, without lost of generality, we
assume X, N/\/'(O,}A{m) and Bj, =0. Consider the estimator

X =K AL HE Vi, Xy=Anm Xon.
k=m

Notice that X and Y} have the following moving average formulation:

k k
Xip=Ap mXm + Z A&, Ye=Hi_1 | Apm X+ Z Ar &5 | +Ck-
j=m+1 j=m+1

The error made by this estimator, X, —X’n, can be written as

Xn - )?n = An,m _An,mlc»,;lm Z Az:mHg_1Hk—1Ak,er Xm
k=m

n

n
+ > | Ang = AnmKo Y AL HE  Hy 1 A |
Jj=m+1 k=j

- An,m’Crﬁn Z Ag,mHlleCk'

k=m

When ﬁ;} =0, one can check that the quantity above is independent of X,,.
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Note that Ky m= A7, On jAjm+Kj1m, 50

A=Ak Y AL L HE  Hy 1 A j= Ay = An KL, ATLO

n,m*+j,m n,j
k=j

=Apmll =K AT On  Ajm) A b = Anm Ky 1K 1.m A = @

n,m*+j,m n,m n,m*

In particular
=A K ! Kon— =A K ! ﬁ !
n,m n,mivp m/vm—1,m n,m™~nm=*m *

The expected error covariance Ezc (X, —)?n) (X, — )?n) is bounded by

A Kb B AL N Q1,55 -1(Q0 )"

Jj=m+1

Aol (z AHHA> oA

k=m

S Q@) Ak, (ﬁ;1+zAz,kH£1Hk1An,k) AT,
k=m

j=m+1

= Z Q{z,mzj( zL,m)T—’—An,m’C;,%mAZ,m'
j=m+1

|

6.1.4. The comparison principle of Riccati equations. In order to control
R,,, sometimes it suffices to find another set of system coefficients, such that its Kalman
filter covariance R, > R,. One way to generate such R/ is applying the comparison
principle of Riccati equations for the forecast covariance [35].

THEOREM 6.1 (Freiling and Jank 96).  Consider a signal-observation system
X1 =A X+ B+ &, Yo =Hy X, +C,

with &, ~N(0,%,) and (], ; ~N(0,07,). Suppose the following holds a.s. with system
coefficients of (1.1)

2, AT DA AT
| Sl

A, —HYo 'H, | = |A, —HTo,'HT|"

’
n n n

(6.1)

Then if the forecast covariance satisfies El =< }A%’l, we have ]:Bn =< I%’n for alln>1.

In particular, we can compare the reference Kalman filter of (1.10) with the optimal
filter (1.2):

PROPOSITION 6.2.  Suppose that there are constants ¢ and C such that ¢X,, = A, Ds AT
and A, X, AT <CH, 0, HE, and there is a p>1 such that

_ 7\2
1<11>>C(1 V)

o\ p2) T pP—r(l+e)
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Then the stationary solution ﬁn of (4.1) is bounded by the stationary Kalman filter
covariance R, of (1.2) by the following

R, < p*R,.

It is worth noticing that if v’ is close to 1 and c is close to 0, p can be close to 1 as
well.

Proof.  We apply the equivalent observation transformation mentioned in Section
6.1.2, and assume o, =I,. Let us consider the following inflation of (1.1) with p>1

XTPLJFI :AnXﬁ—i—Bn—Fp&nH, anJrl :HnXTpLJrl +pCnt1- (62)

Let R? be the stationary filter covariance sequence of the associated Kalman filter,
and R, be the one for (1.1). Evidently, the stationary solution of this system satisfies
RP =p?R,,, and so are the forecast covariances ﬁﬁ = p2§n. In order to apply Theorem
6.1 to the previous system and (1.10), we consider the following matrix difference

P?S, (AT S(ADT ] (0P =1)En =" A, Ds AT (1—v/1r") AT
A, —pz%,H,{Hn T|AL -L1HTH, |~ (1= A, (X - L)HTH,

o o op?

<

[<p2—<1+c>r'>zn (1= Vi) AL
(1_\/77)1471 (%_#)Han

With the conditions in the proposition, the matrix above is PSD. Therefore ﬁzg > Rn,
then because p>1 stands for a worse observation, it is straight forward to verify that

R, =K(R,) 2K, (Rn) 2K, (R) = p*K(p~2RE.) = p*K(Ry,) = p* Ry

Here K, denotes the forecast-posterior Kalman covariance update for the system (6.2).
O

6.2. Different signal observation systems. The analysis framework of this
paper can address system (1.1) with very general setups. When applying it to particular
dynamical and observation settings, there are special ways to verify the conditions. In
this section, we briefly discuss a few settings commonly used in various scientific and
engineering fields. An explicit example will be given in Section 6.3.

6.2.1. Classical setting. In the classical setting, the system coefficients are
deterministic and time homogenous, in other words they are of constant values. In this
case, the stationary Kalman filter covariance matrices are also constant RL = RY R, =
R. Each of them solves an algebraic Riccati equation(ARE) equation

R=K(R)=R—RH"(6+HRH")"'"HR, R=1r'ARAT ++'ADgAT +1'5,

- . . ~ 6.3
RF=Kp(RF), RE=rA'RE(AMT 4xL. (63)

In general, these solutions require numerical methods to compute.

6.2.2. Intermittent dynamical regimes. One challenge that practical filters
often face is that the dynamical coefficient A,, is not always stable with spectral norm less
than 1. This is usually caused by the large scale chaotic dynamical regime transitions.
One simple way of modelling this phenomenon, is letting A,, be a Markov jump process
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on two states {Ay,A_}, where ||[A_|| <1 and ||[A;] >1. Chapter 8 of [4] has shown that
this model could generate intermittent turbulence signals as seen in nature. Chapter 8
of [4] has also numerically tested the DRKF for the related filtering problem, showing
close to optimal performance.

Our analysis framework naturally applies to these scenarios. The only difficulty is
that Assumption 5.1 may require additional works to verify. In general, one may need
the general results in Section 5 or even other mechanisms mentioned in Remark 5.1.

On the other hand, in many practical situations, the random dynamical regime
switchings occur only on part of the model. If the large scale subspace includes this
random part as in [4], the coefficients for small scale part are deterministic. This may
make the conditions in our theorems the same as the deterministic case. For example,
the formulation of Theorem 3.1 for DRKF is independent of the large scale coefficients.
For another example, if the large scale variables have no impact on the small scales,
PsA,P; =0, then when computing the unfiltered covariance for small scale V°, the
large scale coefficients also are irrelevant.

6.2.3. Conditional Gaussian systems. If the system coefficients are functions
of the observation, that is A, = A(Y,,) and likewise for the other terms, system (1.1) is
a conditional Gaussian system. Although the evolution of (X,,,Y;,) in this case can be
very nonlinear, the optimal filter is still given by (1.2) according to [17]. Such structure
rises in many practical situations, like Lagrangian data assimilation, and turbulent
diffusion with a mean flow. The conditional Gaussian structure can be exploited in these
situations to gain significant advantages [36,37]. In particular, dynamical structures like
geostrophic balance can yield other types of reduced filters [38].

In our context of reduced filtering, one caveat of conditional Gaussian system is
that the system noises are in general not independent of the future system coefficients.
For example, Y;,11 may depend on &,, and so does A4,,11=A(Y,,4+1). As a consequence,
Theorems 2.1 and 3.1 may not apply, while Theorem 2.2 still holds.

6.2.4. Intermittent observations. Due to equipment problems, observations
may not come in constantly but randomly. [39] models this feature by letting H,, =, H
where 7, is a sequence of independent Bernoulli random variables with Ev,, =%. When
the signal dynamics is unstable, [39] has shown that there is a critical frequency 7.,
such that the average Kalman filter covariance ER,, has a time uniform upper bound if
and only if ¥ <~,.. Such results can be directly applied to the reference Kalman filters
of systems (1.9) and (1.10), which leads to upper bounds for the reduced filter errors.
On the other hand, if the system dynamics is stable, the reduced filter error can also be
bounded using methods in Section 5. This will also be discussed in Section 6.3.5.

6.3. Stochastic turbulence examples. One of the most important appli-
cations of filtering is numerical weather forecast. The computational problems in this
field are challenging, because the system dimensions are extremely high, and the system
parameters are changing constantly. One simple way to model a planetary turbulence
flow is linearizing a stochastic dynamics in the Fourier domain. In order to apply the
reduced filters to these models, we are interested in finding the minimal amount of
Fourier modes for the large scale subspace, and how to set up the small scale covariance
Dg for RKF.

6.3.1. Linearized stochastic turbulence in Fourier domain. Consider the
following stochastic partial differential equation [4,40]

Ayu(z,t) = Q0 )u(x,t) —y (0 )u(a,t) + F(z,t)+ W (x,t). (6.4)
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For the simplicity of discussion, the underlying space is assumed to be an one dimen-
sional torus T=[0,2x], while the generalization to higher dimensions is quite straight
forward. The terms in (6.4) have the following physical interpretations:

1) Qis an odd polynomial of 9,. This term usually comes from the Coriolis effect from
earth’s rotation, or the advection by another turbulence flow.

2) 7 is a positive and even polynomial of d,. This term models the general diffusion
and damping effects in stochastic turbulences.

3) F(x,t) is a deterministic forcing and W (z,t) is a stochastic forcing.

In this paper, we assume both forcings have a Fourier decomposition

F(x,t)= ka e W(x,t)= Za,”jWk(t)eik'm.
keZ k

Here Wi (t) = %Wk,r(t)ﬁ’%whi(t) is a standard Wiener process on C, and the con-

jugacy condition is imposed to ensure terms in (6.4) are of real values: fi(t)=

Fr () 0= ("), Wi (t) =W (t). Suppose P(8,)el ™ =iwget® (9, )eih® =ypeih

with 7 >0. Then the solution of (6.4) can be written in terms of its Fourier coeffi-

cients, u(z,t) =", upe*®, where the real and imaginary parts follow

)= [0 ][R [ BWED) oo

To transform (6.4) to a discrete time formulation like (1.1) in the real domain, we
assume the intervals between observations are of constant length h >0, and pick a
Galerkin truncation range K € N. Let X,, in (1.1) be a (2K +1)-dim column vector,
with coordinates being:

[Xnlo=uo(nh), [Xn]r=uy(nh), [Xn]_k:u};(nh), k=1,....K. (6.6)

The system coefficients for the dynamic part of (1.1) then can be formulated as follows,
where A, = A is diagonal with 2 x 2 sub-blocks, and ¥, =X is diagonal. Their entries
are given below:

cos(wgh) sin(wgh)

fsin(wkh) cos(wkh) ) [B]ka,:(nh)h, [B],ka,i(’th)h,

(Al gy =exp(—h) [

(O_u)z (n+1)h 1
k= S / exp(—27ks)ds:§E}j(1—exp(—27kh)).
nh

(6.7)

Ep= i(a};)g is the stochastic energy of the k-th Fourier mode, it is also the sum of
stochastic energy of [X,]r and [X,]_k.

In applications, the damping often grows and the energy decays like polynomials of

the wavenumber |k|
Ye="0+v[k|]*, Ef=Eolk|™®, a>0, 8>0. (6.8)

As we will see in our discussion below, such formulation guarantees the existence of a
large scale separation with good reduced filter performance. To show that our framework
is explicitly computable, we will consider the following specific set of physical parameters
for (6.8) with a Kolmogorov energy spectrum used in [41]:

a=2, 5:%, r=12, =121, h=0.1, v=001, B*=09, Ey=1. (6.9)
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6.3.2. Setups for reduced filters.  Since the system coeflicients of (6.7) are
all block diagonal, both DRKF and RKF can be applied for reduced filters. Naturally,
the large scale set consists of modes with low wavenumbers {|k| <N} for a certain N.
And for RKF, Dg should be a diagonal matrix with entries {dx}xj>n. The question
is how to pick these reduced filter parameters, and how do they depend on the system
coefficients.

Based on Theorem 3.1, DRKF does not require additional constraints. But in order
to have good practical performances, intuitively the error caused by small scale time
correlation should be small comparing with the other terms. In other words, for some
e>0,

2 A5 (7 + 1)
0 VAs) () = (6:10)

The Ag in this model is max > vy exp(—yxh) = exp(—ynh). If we approximate (1 —+/Ag)
with 1, and bound 7, with 1, we find that vy > —2log(e/+/r(r+1)). This relation is
independent of the energy spectrum, and if the dissipation has a polynomial growth as
in (6.8) with 7o =0, we find that approximately

N> —%log(e/\/r(r—&—l)) E.

In the physical setup of (6.9) with e=0.2, we find that N ~65.

RKF requires the verification of Assumption 4.1. Here we use the unfiltered covari-
ance V of the inflated system (1.10) as an upper bound for R, as in Section 6.1.1. Tt is
easy to find that V is diagonal with entries

~ ' Ef(1—1"exp(—27kh)) + 01’ exp(—2vih)

Vg r =0 = . 6.11
Ve = O 2 —2r'exp(—2vy;h) ( )

In order for Assumption 4.1 to hold, we need that for some £* <1
e <(B*r—1)0 k>N. (6.12)

In order to achieve this, we mneed [*r>pg*rr'exp(—2y:h)+1 and ;>

r' B} .
Frpren =i 1o the setting of (6.8), exp(—2yxh)—0 for large |k|, so

we roughly require

r'EY T/P5EuPS
O > k = Dgr—2"k"2 6.13
k= Brr—1 S B*r—1 ( )
The small scale truncation requires vy > %hlog (% — /3*1w’)' In the polynomial dis-

sipation setting (6.8), this implies N > [ﬁlog (%f L >]5 In particular with the
physical parameters (6.9), N ~ 25.

6.3.3. Intermittent physical environment. A simple way to model inter-
mittent physical environment for stochastic turbulence (6.7) is letting A,, be a Markov
chain, while maintaining the sub-block structure: [Ay]rx —x12 = [An]x[A]k,—ry2. Here A,
is a Markov chain taking values in R¥*!. Then the system random instability can be
modeled as the random fluctuation of [A,]x, so that occasionally ||[A,]¢x,—ky2||>1 for
some k.
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In many situations, such instability only occur on the a small subset I of Fourier
modes. This is because when the wave numbers are high, the dissipation force is much
stronger than the random environmental force. So for ke€I¢, [An]y k) remains a
constant value like in (6.7). Then it suffices to let the large scale mode set include
subset I, and the discussion in Section 6.3.2 remains the same.

6.3.4. Advection from a strong jet flow. One major nonlinearity source for
planetary or engineering turbulence takes the form of a jet flow advection. For example,
the meridional flows on earth are often advected by a eastward zonal flow [37,41]. (6.4)
can be extended to this scenario, by adding an auxiliary process w; € R to describe the
jet flow, with B; being an independent standard Wiener process in R,

dwt = th (Ut)dt+gtdt+0det,

Opu(z,t) = (Q0y) + w0y —y(0r))u(x, t)dt + F(x,t)dt + dW (z,1). (6.14)
The feedback of u;=u(-,t) on wy, Gy, (ut), is assumed to be linear on ug, but may
have nonlinear dependence on w;. Since strong jet flows often have close to accurate
observations, we assume w; can be directly observed. The resulting system will be
conditionally Gaussian. A time discretization like in Section 6.3.1 would lead to the
same dynamical formulation as (6.7), except that the phase speed wy is replaced by
Wk + kWy,. W, =wyy, is the time discretization of wy, and it follows

UN}nJrl = éﬁ)an+1h+u~)n +gnhh+aw\/ﬁcz+1'

Here G, X =G, (u) if X consists of the Fourier modes of field u like in (6.6). 41
can be seen as the g+ 1-th dimension of the observation vector Y, 1, and (7, is its
observation noise.

Jet flow advection in fact is a good example to show that the system independent
noise condition (2.2) may fail, since the observation noise ¢, is correlated with co-
efficients A,,+1 and H, 1 through w, ;. As a consequence, Theorems 2.1 and 3.1 no
longer apply, but Theorem 2.2 still holds.

6.3.5. Intermittent observations. Observations of turbulence in practice
often come from a network of sensors, that are located at a group of points z; € T, and
the observation noise can be modeled by i.i.d. A(0,0) random variables:

[H]jo=1, [H]|jr=2cos(kz;), [H|;—r=2sin(kz;), o=0°I,. (6.15)

One particular choice of sensor location will be equal spacing, z; = %,j =0,1,...,2J,

studied by chapter 7 of [4]. Consider an equivalent observation transformation

sy 0= gD
ARDY N W 41 W g+ 1

so the transformed observation coefficients satisfies [VH];,=0;=k mod2s+1, and

VouT = U;?jf. When J< K, such observation network introduces aliasing effect
among the Fourier modes, which is carefully studied in [4,42]. Here after we focus
only on the simple case where K =J so VH =1.

In real applications, turbulence observations may not be available at each time step.
Following the example of [39], we model this problem by letting H,, =+, H, where v,
is a sequence of Bernoulli random variables with average Ev, =%. We will investigate

how does this observation setting change the reduced filter setup.
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For DRKF, the small scale unfiltered covariance V is diagonal with entries [V, =

_ 2K+1)EY . .
1E. Then v, =sup, ||(cL) 1 H,VSHT| =SUp k>N W Following the dis-
cussion in Section 6.3.2, we are interested in maintaining (6.10). In the polynomial
dissipation regime (6.8), if we approximate 1 —+/Ag by 1, and replace 1++, by a lower

bound 1, we find that

exp(—shvN®)EgN—# < €
E(]]\ffﬁ-f—%i1 T /r(r+1)

In the physical setup of (6.9) with e=0.2,0°=0.1, K =200 and by numerical computing
the quantities above, we find that N ~59. B

As for RKF, at any fixed time n, the unfiltered covariance V' is given by (6.11), and
we know the reference Kalman filter covariance En < V. If at time n, the observations

are available, 7, =1, note that R, < AVAT + ¥ = IN/, by Proposition 6.1 with m=mn,

Denote (8, =maxg>n % + %,5u =maxg>N % + % Clearly 8, < (,. So in Assumption
5.1, we can let

B;; :'Ynﬁo + (1 _'Yn)ﬁua

which is an independent sequence.
In order for Theorem 5.2 to give a meaningful upper bound, it suffices to require

B*=EB:=7B,+(1—7)B,<1. (6.16)
With (6.16), we will have Elle, |2, <8*"""0E|len, ||, + 2% Since (6.12) is equiv-
alent to 8, <1, so (6.16) is a weaker requirement and ends up with a smaller N. In

particular, if we pick Dg as in (6.13), the parameters as in (6.9), and let y=0.9,0°=
0.1, K =200, we find N ~14.

7. Conclusion and discussion

High dimensionality is an important challenge for modern day numerical filtering,
as the classical Kalman filter is no longer computationally feasible. This problem can
sometimes be resolved by proper dimension reduction techniques, such as exploiting
intrinsic multiscale structures. This paper considers two reduced filters. The DRKF
works for dynamically decoupled systems, it estimates the small scale variables with
their equilibrium statistical state. The RKF uses a constant statistical state as the
small scale filtering prior, and requires the large scale projection not to decrease the
error covariance. Both methods have been studied by [4] for stochastic turbulence fil-
tering, and they have close to optimal performances in various regimes. On the other
hand, rigorous error analysis of these reduced filter has been an open problem, since
the dimension reduction techniques bring in unavoidable biases, just like in many other
practical uncertainty quantification procedures. This paper fills in this gap by develop-
ing a two-step framework. The first step examines the fidelity of the reduced covariance
estimators, showing that the real filter error covariance is not underestimated. For RKF
with system independent noises, this can be verified by tracking the covariance matrix.
For DRKF and more general scenarios, the covariance fidelity can be demonstrated by
the intrinsic dissipation mechanism of the Mahalanobis error. The second step bounds
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the reduced filter covariance estimators, by building a connection between them and
proper Kalman filter covariances. The combination of these two steps yields an error
analysis framework for the reduced filters, with exponential stability and accuracy for
small system noises as simple corollaries. When applied to a linearized stochastic tur-
bulence, this framework provides a priori guidelines for large scale projection range and
reduced filter parameterizations.

Besides the major themes mentioned above, there are two related issues we have
not focused on:

e The multiplicative inflation is applied in our reduced filters to avoid covariance
underestimation. This technique has been applied widely for various practical
filters, but its theoretical importance has never been studied except in one di-
mension [43]. The error analysis of this paper implicitly studies this issue, as
the inflation plays an important role in our proof. Based on the formulation
of Theorems 2.2, 3.1, and 4.2, stronger inflation provides better filter stabil-
ity. Moreover, as mentioned in Remark 2.2, this inflation is an essential high
dimension replacement of the classical uniform bounded conditions in [29].

e For RKF, Theorem 2.1 has a much stronger result comparing with Theorem 2.2,
while the additional condition on system independent noises often holds. But
for many other practical filters such as the ensemble Kalman filter, the second
moment of the filter error cannot be expressed through recursive formulas, as
the Kalman gain matrix is correlated with the filter error. The Mahalanobis
error dissipation on the other hand still holds as it is a more intrinsic property.
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ported as a postdoctoral fellow. This research is also supported by the NUS grant
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Appendix A. Complexity estimates. In this section we do some simple com-
putational complexity estimates for the Kalman filter (1.2) and the reduced Kalman
filters (1.5) and (1.6). Through these estimations, we find that the reduced filters re-
duce computation complexity from O(d2q) to O(d?+p?q+p?) and O(d? +dp?+dq?),
which is a significant reduction when the state space dimension d is much larger than
the observation dimension ¢ and large scale dimension p. For simplicity, we only consider
the most direct numerical implementation of the related formulas, although there are
many alternative implementation methods with improved numerical stability and accu-
racy [44]. We assume the complexity of matrix product of [A],xp» and [B]px. is abe, and
the complexity of the inversion and Cholesky decomposition of a general [A],x, matrix
is a® [45]. There are also a few additional assumptions that hold for most applications,
while without them similar qualitative claims hold as well.

1) We focus mostly on the online computational cost, which is the cost for the compu-
tation of filter iteration. This is the most significant cost in the long run.

2) When the system coefficients are deterministic, the Kalman gain matrix sequence
in principle can be computed offline [44]. We do not consider this scenario as it
oversimplifies the problem.

3) A, is a sequence of sparse matrices. This holds for the stochastic turbulence model in
Section 6. It rises in various differential equation context as most physical interaction
involves only close neighbors. As a consequence, C,, .1 = A,,C,, AL +3,, involves only



A.J. MAJDA AND X.T. TONG 1127

O(d?) complexity instead of O(d®). On the other hand, if this assumption is not
true, then the leading computational cost is O(d®) and comes from the prescribed
forecast step, while the reduced filters obviously reduce the cost to O(p?d), so there
is no need of further discussion.

4) H, and o, are also sparse matrices with relatively time invariant structure, so matrix
product like Hnéan involves only O(d?) computation. This assumption holds in
many applications, where the observation noises are independent.

Based on these assumptions, the complexity of Kalman filter is given by Table A.1.

Operation Complexity order
R,=A,R, 1 AT+, d?
(op+H,R,HT)™ a2+ g3 +d2q
Kpi1=Ro,HE (0, +H, Ry HY) ™! d%q
mn+1—A mn+B —Kpi1(Yni1— Hy(Apymy, + By)) d+dq
Rn+1—Rn+1_Rn+1H (Un—i—HnﬁnJrng)_lHnﬁnJrl dzq
total d*q

Table A.1: Complexity estimate of the Kalman filter (1.2).

A.1. DRKF. DRKEF essentially is applying a Kalman filter in the large scale
subspace with dimension p. The additional computation involves estimating the unfil-
tered small scale covariance V¥ which requires an O(d?) complexity. When the system
coefficients are constants, V. is of constant value and there is no need to update it. We
put such savable cost in brackets in Table A.2.

Operation Complexity order

C Ly —ALCL(AL) _,’_2L p2

VnS+1 _ArLVSAT +ZS :un—‘rl _An:u’n +BS (d2)
(ok+H,Cly HY) ™! (d)+¢*

n+1 (L? L (HY)T (o +H§C§L 1(H L)T)’l B p*q

lun-‘,-l = An:un +B Kn+1(Yﬂ+1 - Hn Mn/—\‘—l H (Anun +B )) pq
Chiy=rChy —rChy (HN (of + HERE(HE)T) ' HECE, ¢’ +1r°q

total e +pq+(d?)

Table A.2: Complexity estimate of the DRKF (1.5).

A.2. RKF. In the implementation of RKF, we need to exploit the fact that C,
is nonzero only for the upper pxp sub-block. Therefore its Cholesky decomposition
involves a cost of O(p®). Also one would like see C,, as the sum of A,,C,, AT . s which is
a rank p matrix, and a sparse matrix A, DgAL +3%,,, instead of a generic d x d matrix.
The Woodbury matrix identity is also useful for gaining computational advantage. For
example, when doing the matrix inversion

[0+ HoCo HE 7 = [Qu+ H, A, G ATHT)
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where Q,,:= [0, +H, %! HI] with X/ =%, + Dg, note that inverting Q,, costs O(g%).
The Woodbury identity indicates that:
[Qn+HnAnCy ATH™
=Q; ' — QT H, A, C 21+ CY2ATH 1, A, CYA e 2HT AT QL

Note that Cp/2[T+Ca/?ATHT H, A,C/*)"1C/* has only the upper pxp sub-block
being nonzero, so its computation costs only O(p®+pgd+p?q). So the overall cost of
computing [0, + H,C, HT]™ is O(pgd+p®+¢®), while in the Kalman filter, it is gd2.
The estimate of each step is given below in Table A.3.

Operation Complexity order
Cn=A,Co AT+ A, DsAT +%, d?
(op+H,CpHT)™ pgd+q° +p°
Kpy1=A,CoATHT (0, + H,C,, HT)~! p2d+pqd
+x! HY (0, + H,C, HT)~! dq? + d?
fina1=Appin + B — K1 (Y — Hy(Apjin + B)) d+dq
Cpp1=1PLC,PL—1PLC,HT (0, + H,C,HT)"'H,C, Py, dp® + dg?
total d?+dp?® +dq?

Table A.3: Complezity estimate of the RKF (1.6).

Appendix B. Matrix inequalities. The following lemma has been mentioned
in [43] for dimension one.

LEMMA B.1. The prior-posterior Kalman covariance update mapping K in (1.2), can
also be defined as

K(C)=(I-KH,)C(I-KH,)T + KoKT
where K :=CH,(c+H,CHI)™1 is the corresponding Kalman gain. K is a concave
monotone operator from PD to itself.

Proof. The first matrix identity is straightforward to verify, and can be found in
many references of Kalman filters [4]. In order to simplify the notations, we let H = H,,
and J(X)=(oc+HXHT)~1. Then with any symmetric matrix A, the perturbation in
direction A is given by

d
DaJ(X):= @J(X—l-At) l,_o=—JHAH"J.

Therefore
DuK=A—AHTJHX - XHTJHA+XHTJHAHT JHX
=(I-HT"JHX)TAI-HTJHX).
The Hessian is

DAK=—2AHT JHA+2AH" JHAH" JHX +2X HT JHAHT JHA
—2XHTJHAHTJHAHT JHX
:—2(AHTJ1/2_XHTHAHTJ1/2) (AHTJl/Q_XHTHAHTJI/Q)Tjo.
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Therefore, as long as X, X + A >0, then the concavity holds:
K(X)+K(X+A)=22K(X +3A).

When we require A to be PSD, D 4K =0 implies the monotonicity of . ]
LEMMA B.2. Suppose that A,C,D are PSD matrices, C is invertible, while A=<
[BOBT + D]~1, then

BTAB=C~', AY?DAY?<1,.

Proof.  From the condition, we have AY2[BCBT 4 D]A'/? <1I,. Therefore our
second claim holds. Moreover,

(BTAB)C(BT AB)< BT AY2AY2|BCBT + D|AY?AY2B< BT AB.

This leads to our first claim by the next lemma. 0

LEMMA B.3. Let A and B be PSD matrices, if
e A>x1,, then ABA*= B.
o A=1,, then ABA=B. And for any real symmetric matriz C, CAC < C?.

Proof. If the null subspace of B is D and P is the projection onto the com-
plementary subspace D1, then it suffices to show that (PAP)(PBP)(PAP)~PBP.
Therefore, without loss of generality, we can assume B is invertible, so it suffices to
show

(B_1/2A31/2)(B_1/2ABl/2>Tt[.

But this is equivalent to checking that the singular values of B~'/2AB/2 are greater
than 1, which are the same as the eigenvalues of A.

If A and C are invertible, then the second claim follows as the direct inverse of
the first claim. Else, it suffice to show the claim on the subspace where A and C are
invertible. O

LEMMA B.4. Let A and B be two PSD matrices, and A is invertible, then

|AB|| = ||AY?BAY?||=inf{\: B AA"'}.

Proof. |AB||=||AY2BA'Y?|| comes as conjugacy preserves eigenvalues, and
|AY2BAY?|| =inf{\: B=<XA~'} is obvious. |

LEMMA B.5. Let B€ PSD, then tr(AB) < || A||tr(B).

Proof. Suppose the eigenvalue decomposition of B is WDW7T. Then we note that
tr(AB) =tr(AUVDYT) =tr(¥T AU D), || A|tr(B)=|¥T A¥||tr(D).

So we can assume B is a diagonal matrix. Then

d
tr(AB) =Y " A;;Bi;i <||A|Y_B;i=|Altx(B).
=1
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Appendix C. Convergence to the unique stationary solution. One of the
remarkable property of Kalman filter covariance is that it converges to a unique sta-
tionary solution to the associated Riccati equation, assuming the system coefficients are
stationary, and weak observability and controllability.

THEOREM C.1 (Bougerol 93). Suppose that (A, Bn,H,,Xy) is an ergodic stationary
sequence. Define the observability and controllability Gramian as follows:

On= Al Hl o' HyAry, Co=> ALy SkAnkir, Apj=Ar1-A;.
k=1 k=1

Suppose the system(1.1) is weakly observable and controllable, that is there is an n such
that

P(det(O,,) #0,det(C,,) #0) > 0.
Suppose also the following random variables are integrable,
loglog™ [|A1], loglog™ [[ A7, loglog™ |[S1]|, loglog™ [|H{ Hi.
where log+m:max{0,logx}. Then there is a stationary PD sequence En that follows
Rui1 =K(A,R, AT +5,).

And for the covariance matriz R, of another Kalman filter started with an initial value
Ro, will converge to RS asymptotically: limsup,,_, ., né(Rn,R )<a. Here « is a nega-
tive constant, and § defines a Riemannian distance on S; by

d
z:log2 Xi, A\ are eigenvalues of PQ7L.

=1

6(P,Q)=

One simple and useful fact is that, if the original system (1.1) meets the requirement of
Theorem C.1, then so does the inflated systems (1.9) and (1.10). To see this, one need
to write down the corresponding observability and controllability Gramians O/, and C/,.

In the general scenarios, it’s straightforward to verify that the Gramians of reference

system (1.10) are larger than the ones of (1.1)

n
T T -1 T
:ZAk,1Hk—1Uk_1Hk—1Ak,1iona ZAnk+1Ek nkt1 2= Co.
k=1

Since these Gramian matrices are PSD matrices, O,, and C, are nonsingular indicate

that O}, and C/, are nonsingular. Also note

1 ~
log|| 41 || = 5 log R+log]| 4],
moreover,
log™ ||| <log R+log™ (|| S|+ An Ds AT|)
<log R+max{log™ (2|[Zn])),log* (2| 4, Ds A% )}
<log R+log2+log™ || Sy +2log™ | Ay || +log™ || Ds||
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so the integrability condition holds naturally.

When the system had dynamical two-scale decoupling (1.4), it is easy to see that
Ay, ;j has a block-diagonal structure, and so do the Gramians C,, and O,,. It is also easy
to verify that the controllability Gramian of (1.9) satisfies

n n
r_ ‘T L 4/ T L AL .
C"*ZAnkaEk nk+1 2 E :An,k+12k Ay g1 =PrLC,Pr.

k=1 k=1

As for the observability Gramian of (1.9), notice that o} ' is invertible, so there is a
constant D,, such that D, o, ' < [ofF] 7, then it is straightforward to verify that

D, 0;, = DnZAg1H1cT_1U;:1Hk—1A;§1 ~PLO,PpL.
k=1

This shows the weak observability and controllability of (1.1) implies the ones of (1.9).
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