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Preface

A central research challenge for the mathematical sciences in the twenty-first century is the
development of principled methodologies for the seamless integration of (often vast) data sets
with sophisticated mathematical models. Such data sets are becoming routinely available in
almost all areas of engineering, science, and technology, while mathematical models describing
phenomena of interest are often built on decades, or even centuries, of human knowledge.
Ignoring either the data or the models is clearly unwise, and so the issue of combining them is
of paramount importance. When the underlying mathematical model is a (possibly stochastic)
dynamical system and the data may be time-ordered, combining model and data is referred
to as data assimilation.

The research area of data assimilation has been driven, to a large extent, by practitioners
working in the atmospheric and oceanographic sciences and in other areas of the geosciences,
such as oil recovery. The resulting research has led to a host of algorithmic approaches and a
number of significant algorithmic innovations. However, there has been no systematic treat-
ment of the mathematical underpinnings of the subject. The goal of this book is to pro-
vide such a treatment. Specifically, we develop a unified mathematical framework in which a
Bayesian formulation of the problem provides the bedrock for the derivation and development
of algorithms; furthermore, the examples used in the text, together with the algorithms that
are introduced and discussed, are all illustrated by MATLAB software detailed in the book and
freely available online via the Springer website, the authors’ personal web pages, and at the
following link:

http://tiny.cc/damat .

It is important to appreciate that this book develops the subject of data assimilation
in a manner that differs significantly from both its historical development and its typical
presentation in other books. We begin with a “gold-standard” Bayesian formulation of the
problem, which while out of reach for current online geophysical applications such as weather
forecasting, provides a clearly defined mathematical problem whose solution would provide
the ideal combination of mathematical model and available data, given known statistical un-
certainties in both. We then describe various algorithmic approaches within the context of
the underpinning Bayesian formulation. The reader interested in understanding the historical
development of data assimilation in an applied context, or in more practically oriented math-
ematical and computational treatments of the field, has a number of options for additional
reading, which we now describe. First, we mention that the probabilistic “smoothing” and
“filtering” approaches that we describe in this book grew out of the calculus of variations
and the control-theoretic viewpoints on data assimilation, resulting, respectively, from the
papers of Talagrand and Courtier [135, 37] and Kalman [79]. The current practice of data
assimilation in the context of the atmospheric sciences, and weather prediction in particular,
is covered in the book by Kalnay [81]. An introduction in which the presentation is motivated
by applications in oceanography is Bennett’s book [12]. The book by Evensen [50] provides

X1
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a good overview of many computational aspects of the subject, reflecting the author’s ex-
perience in geophysical applications including oceanography and oil recovery; application of
data assimilation in oil recovery is the primary focus of the book [115] by Oliver, Reynolds,
and Li. The recent book by Abarbanel provides a physics and dynamical systems perspective
on data assimilation [1], with motivation coming not only from weather forecasting, but also
from neuroscience. The reader interested in state-of-the-art novel online algorithms based on
mathematical insight and physical reasoning may consult the book by Majda and Harlim
[100]; there the focus is on complex dynamical systems exhibiting turbulent behavior. And
finally, the book by Cotter and Reich [31] provides a novel numerical-analysis-based perspec-
tive on the field, with primary motivation coming from geophysical applications. Our book
provides a mathematical perspective on the subject via which all of these existing books can
be interpreted.

The book is organized into nine chapters: the first contains a brief introduction to the
mathematical tools around which the material is organized; the next four are concerned with
discrete-time dynamical systems and discrete-time data, while the last four are concerned with
continuous-time dynamical systems and continuous-time data; continuous-time dynamical
systems together with discrete-time data can be reformulated as discrete-time dynamical
systems with discrete-time data, and so this problem is not covered explicitly in the book.
The four chapters on discrete and continuous time are organized identically: in the first, we
frame the problem, the second and third are devoted to smoothing algorithms and filtering
algorithms respectively, and the fourth contains MATLAB programs and discussion of them.
Both underlying stochastic and deterministic dynamics are studied.

Chapter 1 is organized around four themes: probability, dynamical systems, probability
metrics, and dynamical systems for probability measures. These subjects are given a terse
overview that cannot do justice to the richness of these areas of mathematics. However, the
introductory style of the material serves to orient the reader toward the form of mathematical
thinking that underpins the approach taken to data assimilation in this book. Chapter 2 sets
up the problem of data assimilation, based on an underlying stochastic dynamical system
in which the noise appears additively; the degenerate case in which the noise disappears,
deterministic dynamics, is also considered. Nonadditive noise can be studied similarly to our
development, but it does lead to additional complications in some scenarios, in particular when
the transition density of the underlying Markov chain is not known explicitly; for pedagogical
reasons, we hence focus on additive noise. Similarly, the data is assumed to be found from
a nonlinear function of the output of the dynamical system, at each discrete time, also with
additive noise. Furthermore, both the model and data noise are assumed to be Gaussian in
order to simplify our exposition; this may easily be relaxed to include situations in which
the noise has a known density with respect to Lebesgue measure. Examples of illustrative
maps are given, including a pair of examples arising from quadratic differential equations,
both due to Lorenz, of dissipative character and motivated by geophysical applications. The
central conceptual idea underlying the chapter is to frame the data-assimilation problem
as that of determining the probability distribution on the output of the dynamical system
when conditioned on the observed noisy data—the fully Bayesian formulation of the problem.
There are two key variants on this perspective: smoothing, in which data in the future may
condition knowledge of the output of the dynamical system in its past; and filtering, in
which data in the future is not used to estimate the conditional probability distribution at
a given time. We define these two probabilistic problems, demonstrate that they are related
to one another, and describe a well-posedness theory, showing that the desired conditional
probability distributions are Lipschitz with respect to small changes in the data.

The two probabilistic problems of smoothing and filtering lead to two different classes of al-
gorithms, and these are described, respectively, in Chapters 3 and 4. Smoothing algorithms are
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typically more computationally intensive than filtering algorithms. This is because smoothing
algorithms involve the incorporation of data that is distributed over a time interval, while fil-
tering algorithms incorporate the data sequentially, at each time point, as it arrives. Adapting
the output of a dynamical system to fit a stream of data all at once, rather than sequentially,
is typically a more demanding task; however, it does have potential rewards, and at least
currently, weather forecasts based on the former approach give better predictions than those
based on sequential incorporation of data. Chapter 3 starts with a fully Bayesian algorith-
mic approach, namely the use of Monte Carlo-Markov Chain (MCMC) methods to sample
the distribution on the output of the dynamical system, given the data. These methods are
introduced in a general framework for an arbitrary target density defined via its Lebesgue den-
sity, and an arbitrary proposal distribution; then a variety of specific methods are described,
exploiting the specific structure of the target distribution arising in the data-assimilation
problem to construct the proposal. The chapter concludes by linking the Bayesian approach
to variational methods; specifically, it is shown how the well-known 4DVAR (for determinis-
tic dynamics) and weak constraint 4DVAR (for stochastic dynamics, denoted by w4DVAR in
this book) methods correspond to maximizing the desired probability distribution on signal
given data. In Chapter 4, filtering algorithms are described. For the derivation of many of the
algorithms, we adopt a minimization approach; this unifies all the methods described, with
the exception of the particle filter. The chapter begins by studying linear Gaussian prob-
lems, where the Kalman filter may be used to characterize the resulting Gaussian probability
distribution—the filtering distribution—exactly. The propagation of the mean is shown to be
derived from a sequential minimization principle in which a quadratic functional, represent-
ing a compromise between fitting the model and the data, is minimized as each data point is
acquired in time. This sequential minimization approach is then used as the basis from which
to derive various approximate algorithms such as 3DVAR, the extended Kalman filter, and
the ensemble Kalman filter. Although widely used in practice, these approximate algorithms
cannot in general accurately reproduce the desired conditional probability distribution, ex-
cept for linear Gaussian problems. Our final algorithm in this chapter is the particle filter,
which, although known to behave poorly in high dimensions, can in principle reproduce the
true filtering distribution as the number of particles tends to infinity. Neither the MCMC
method for the smoothing problem nor the particle filter for the filtering problem is currently
practical for high-dimensional applications such as those arising in the geophysical sciences.
However, they play an important role in the subject, since they provide benchmarks against
which the more practical, yet less well founded, algorithms may be compared. Furthermore,
their formulation provides guiding principles that can be used in the development of new
algorithms targeted at the high-dimensional setting.

In Chapter 2, the guiding dynamical system examples used throughout the text are illus-
trated with the output of MATLAB programs, while Chapters 3 and 4 include the output of
MATLAB programs to illustrate the algorithms we introduce for smoothing and filtering. In
Chapter 5, we provide and discuss the MATLAB programs used to produce all of this material.
These programs are provided for two reasons: firstly, for some readers, code can provide a
very direct way to understand both the theory and algorithms presented within the text;
and secondly, the codes can form the basis of more sophisticated algorithms that the reader
can develop by building upon them. We have not aimed for the most succinct or speediest
implementation of the algorithms, but rather have tried to maintain a uniform presentation
in which connections to the theoretical developments in the text are fairly transparent.

Chapter 6 introduces data assimilation in continuous time. Our perspective in this chapter,
and in the two subsequent algorithmic chapters concerning continuous time, is to motivate
much of the mathematics by taking formal asymptotic limits of the discrete-time setting,
in which the underlying dynamical system behaves like a stochastic differential equation
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(SDE), as does the observation model. Continuous-time data assimilation is in principle a
very technical area, primarily because it involves probability on infinite-dimensional spaces.
Our approach is to build intuition about the problems using the discrete setting as a stepping-
stone, deriving continuous-time limits from increasingly frequent discrete-time observations of
an underlying continuous process. Although we must forgo complete rigorous proofs in order
to adopt this approach within a short book, we believe that the resulting intuition will help
the reader access the more technical published literature in this area, and that the lack of
rigorous proofs is compensated for by significant insight. Various important results from the
theory of stochastic differential equations are stated and then used throughout the chapter,
including the It6 and the Girsanov formulae, together with basic existence and uniqueness
theorems for equations with additive Brownian noise and equipped with moment inequalities;
such inequalities arise naturally for the dissipative quadratic dynamical systems introduced in
Chapter 2. As in discrete time, the smoothing and filtering distributions are both introduced.
Furthermore, the Zakai and Kushner—Stratonovich stochastic partial differential equations
(SPDESs) for the evolution of the density of the filtering distribution are also derived.

In Chapter 7, we describe MCMC methods to sample the posterior distribution for the
smoothing problem in continuous time. We include both stochastic dynamics, for which the
probability distribution of interest is on an infinite-dimensional space (the pathspace of the
solution on a time interval [0,7]), and deterministic dynamics, for which it is on a finite-
dimensional space (where the initial condition lies). As in the discrete-time setting, we also
discuss variational methods, which lead to problems in the calculus of variations. Chapter 8 is
devoted to filtering algorithms in continuous time. The Kalman—Bucy filter is derived by tak-
ing the small interobservation time limit of a discretely observed continuous process. The same
methodology is then applied to the 3DVAR method, to the extended and ensemble Kalman
filters, and to the particle filter. In Chapter 9, we provide and discuss the MATLAB code used
to produce the figures in the preceding three chapters; our motivation for including this code
is the same as in Chapter 5, where we consider discrete-time data assimilation.

Warning We reiterate an important issue relating to the perspective we adopt in this book.
Our aim is to provide clearly defined mathematical foundations for data assimilation, and this
leads to the Bayesian problem of finding a probability distribution on the signal, given the
data. In the very-high-dimensional problems arising in many applications, especially those
of geophysical origin referred to above, it is currently beyond reach to expect to be able to
compute the resulting probability distributions accurately in high dimensions, in either the
filtering or the smoothing context. Thus many of the algorithms we describe are currently
impractical for such applications, especially in online scenarios. For this reason, of all the algo-
rithms we describe here, only the 3DVAR, 4DVAR, and ensemble Kalman filter are routinely
used in real geophysical applications. The use of MCMC methods for smoothing problems,
and the extended Kalman filter and the particle filter, is currently impractical for real on-
line applications arising for large systems such as those in geophysical applications. However,
this fact should not diminish their importance. Our book provides a clear and unequivocal
statement and analysis of the desired problem to be solved in many such applications, and
methods that can be used to accurately solve the problem in various simplified scenarios. As
such, we believe that it provides an important cornerstone in the field that can help guide
applied researchers.

Target Audience/Prerequisites The book is aimed at mathematical researchers interested
in a systematic development of this interdisciplinary field and at researchers from the geo-
sciences and a variety of other scientific fields who use tools from data assimilation to combine
data with time-dependent models. As well as being suitable for self-study by such researchers,
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the book can also be used as a text, and the examples, exercises, and MATLAB programs help
to make it usable in this context. Although we review some basic mathematical prerequisites
in the first chapter, a first course in each of differential equations, dynamical systems, and
probability is assumed of the reader. It is thus suitable for a master’s- or PhD-level lecture
course.

Notation Throughout, ({-,-),|-|) denotes the Euclidean inner product and norm on R,
for an integer ¢; and | - | will also denote the induced operator norm. In the sections on
continuous time, the same notation will also be used for the Hilbert space structure on the

space L2([0,T];R?). For a positive definite symmetric matrix A € R**‘| we introduce the
1

inner product (-,-)4 = (A~ 2., A~2.) and the resulting norm |- |4 = |A~ = - |; this may also be
generalized to the Hilbert space setting of L2([0,7];R¥). We let || - ||r denote the Frobenius
norm of a matrix, found as the square root of the sum of the squares of the entries. The outer
product of the ordered pair of vectors a,b in R’ is the linear operator a ® b with property
(a®b)c = (b, c)a. The symbol A is used to denote the (symmetric) operation on a pair of real
numbers that delivers the minimum of that pair: a Ab=a if a < b.

The symbol N = {1,2, ...} denotes the positive integers, and Z* := NU{0} = {0,1,2,... }.
We write R for (—o0,00) and RT for [0, 00). We use > 0 (respectively > 0) to denote positive
definite (respectively positive semidefinite) for real symmetric matrices. The notation Rﬁ;‘rﬁ is
used to denote symmetric £ x £ matrices. The symbols P and E are used to denote probability
(measure and density function) and expectation.

A Gaussian probability distribution on R, or on the Hilbert space L2([0,T]; R?), will be
denoted by N(m,C'), with m the mean and covariance C. The inverse of the covariance, the
precision, is denoted by the symbol L. The symbols ¢ and ~ are typically used to denote
standard deviations. The symbol cf denotes a characteristic function, and Sl a stochastic
integral. The symbol z denotes an i.i.d. (independent and identically distributed) sequence
of uniform random variables on [0, 1], and ¢ an i.i.d. sequence of Gaussian random variables,
both arising in the definition of MCMC methods.

We use v to denote the (unknown) signal, and y the data, both indexed by discrete time
j. The symbol Y; denotes the accumulated data to time j. In continuous time, the unknown
signal is again v, now indexed by continuous time ¢, and z denotes the data, also indexed by
t. The maps ¥ and f on R" define the systematic part of the dynamics model in discrete
and continuous time respectively, while h denotes the observation operator in both discrete
and continuous time. The symbols £ and 7 denote the noise sequences entering the signal
and data models, respectively, in discrete time; when these random variables are Gaussian,
their covariances are X' and I respectively. In continuous time, noises are typically Brownian,
denoted by B and W (possibly with suffixes) and variances Xy and I'y. The symbols v and q
denote variables determined from v and h respectively.

The symbols p, po, i/, i1, 9, 9o, v, some possibly with suffixes, denote probability measures.
The symbols p, po, o', pj, T, 70, 0, again possibly with suffixes, denote probability density func-
tions (pdfs). We use o, (respectively poo) to denote (typically ergodic) invariant measures
(respectively densities). Furthermore, p denotes a Markov kernel. The symbol P is used to
denote the linear map on measures (or their densities) implied by a Markov kernel, and L;
the nonlinear map on measures (or their densities) implied by application of Bayes’s formula
to take a prior into a posterior.

The symbols | and J, possibly with suffixes det or r, are used to denote nonlinear real-
valued functionals arising in variational methods, and the functionals ® (in discrete time)
and 57,55, and =3 (in continuous time) appear in their definition.
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Euclidean inner product and norm on RY, for any integer ¢; occasionally
extended to the Hilbert space L2([0,T]; R*)

weighted inner product (A positive definite symmetric)

A induced norm (A positive definite symmetric)
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Chapter 1

Mathematical Background

The purpose of this chapter is to provide a brief overview of the key mathematical ways of
thinking that underpin our presentation of the subject of data assimilation. In particular, we
touch on the subjects of probability, dynamical systems, probability metrics, and dynamical
systems for probability measures, in Sections 1.1, 1.2, 1.3, and 1.4 respectively. Our treatment
is necessarily terse and very selective, and the bibliography section 1.5 provides references to
the literature. We conclude with exercises in Section 1.6.

We highlight here the fact that throughout this book, all probability measures on R will
be assumed to possess a density with respect to Lebesgue measure, and furthermore, this
density will be assumed to be strictly positive everywhere in RY. This assumption simplifies
greatly our subsequent probabilistic calculations.

1.1 Probability

We describe here some basic notation and facts from probability theory, all of which will be
fundamental to formulating data assimilation from a probabilistic perspective.

1.1.1. Random Variables on R*

We consider a random variable z, defined as a function on an underlying probability space
and taking values in R’. Associated with this random variable is an induced probability
measure ;¢ on RY. Furthermore, to be able to compute expectations, we need to work with
a sufficiently rich collection of subsets of R, to each of which we can assign the probability
that z is contained in it; this collection of subsets is termed a o-algebra. Throughout these
notes we work with B(R?), the Borel g-algebra generated by the open sets; we will abbreviate
this o-algebra by B when the set R’ is clear. The Borel o-algebra is the natural collection of
subsets available on R that allows for coherent assignation of probabilities and a theory of
integration; an element in B will be termed a Borel set.

We have defined a probability triple (]Re, B, u). For simplicity, we assume throughout the
book that z has a strictly positive probability density function (pdf) p with respect to Lebesgue
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2 1 Mathematical Background

measure.! Then for every Borel set A C RY, we define u(A), the probability that the random
variable z lies in A, by

n(A) = [ pla) e

where the pdf p: R — R satisfies
/ p(x)dx = 1.
R¢

A Borel set A C R’ is sometimes termed an event, and the event is said to occur almost
surely if u(A) = 1. Since p integrates to 1 over R’ and is strictly positive, this implies that
the Lebesgue measure of the complement of A, the set A€, is zero.

We write z ~ p as shorthand for the statement that z is distributed according to probability
measure 4 on R, Note that here u : B(R®) — [0,1] denotes a probability measure, and
p : RY — R* the corresponding density. However, we will sometimes use the letter P to
denote both the measure and its corresponding pdf. This should create no confusion: P(-) will
be a probability measure whenever its argument is a Borel set, and a density whenever its
argument is a point in R®. On occasion, we will write P(z € A) for P(A).

For a function f : R® — RPX9  we denote by Ef(z) the expected value of the random
variable f(z) on RP*?; this expectation is given by

Ef() = [ fwn(dn). p(dn) = p(a)dz.

We also sometimes write u(f) for Ef(z). The case in which the function f is vector-valued
corresponds to ¢ = 1, so that RP*? = RP*1 = RP, We will sometimes write E* if we wish
to differentiate between different measures with respect to which the expectation is to be
understood.

The characteristic function of the random variable z on R is cf : RY — C, defined by

cf(h) = Eexp(i(h, z)).

Example 1.1. Let £ = 1, and set p(z) = m
using the change of variables = tan 6, we have

< dr < dr arctan(09) - 950c29df 2 [T/
——r =2 — = —— - = — df =1,
—00 ﬂ—(l + (EQ) 0 7T(1 + .’IJ2> arctan(0) 71—(1 + tan 9) ™ Jo
and therefore p is the pdf of a random variable z on R. We say that such a random variable
has the Cauchy distribution. 'Y

. Note that p(z) > 0 for every x € R. Also,

Let G : R® — R and note that if z is a random variable on R, then so too is G(z). If
z ~ p then G(z) ~ G % i, the pushforward of u under G. If u has associated pdf p on R,
then G x u has associated pushforward pdf, denoted by G x p. This pushforward pdf may be
calculated explicitly by means of the change of variable formula under an integral. Indeed if
G is invertible, then

G x p(v) := p(G™' (v))| DG (v)].

1 Of course, p and p depend on the particular random variable z, but we suppress this dependence in
the notation.
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We will occasionally use the Markov inequality, which states that for a random variable z
on R and R > 0,

P(|z| > R) < R™'E|z|. (1.1)
As a consequence,
P(lz| < R) > 1— R'E|z|. (1.2)

In particular, if E|z| < oo, then choosing R sufficiently large shows that P(|z| < R) > 0. In
our setting, this last inequality follows in any case, by assumption of the strict positivity of
p(+) everywhere on R’.

A sequence of probability measures p(™ on R’ is said to converge weakly to a limiting
probability measure p on R if for all continuous bounded functions ¢ : R — R, we have

B o (u) — B p(u)
as n — o0o.

Finally, we note that although developed here on R, the theory of probability can be
developed on much more general measure spaces and, in particular, on separable Banach
spaces. In the part of the book relating to continuous time, we will use probability theory in
this setting.

1.1.2. Gaussian Random Variables

We work in finite dimensions, but all the ideas can be generalized to infinite-dimensional
contexts, such as the separable Hilbert space setting. A Gaussian random variable? on R’ is
characterized by the following parameters:

e Mean: m € RY.
e Covariance: C € RYX¢, C > 0.

sym’

We write z ~ N(m,C) and call the Gaussian random variable centered if m = 0. If C' > 0,
then z has strictly positive pdf on R, given by

1 1, 1 9

o) = G T exp(—5|0 (o —m)[*) (1.32)
1 1 )

= (2m) 72 (det C)1/2 eXp(ﬁ'x N m'C)' (1.3b)

It can be shown that indeed p given by (1.3) satisfies

/ p(z)dx = 1. (1.4)
R@

Lemma 1.2. Let z ~ N(m,C), C > 0. Then

1. Ez =m.
2.E(z —m)(z—m)T = C.

2 Sometimes also called a normal random variable.
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Proof For the first item,

Ez = zexp(— |x—m\c)

(2m)¢/2 detC’ 1/2 /Re
T (2n)? detC’ 1/2 /Rz y+m)exp _7|y|0)

m 1 5
= ) d
~ (2n)i2 detC’ 172 /R[yeXp i) dy + (2m)¢/2(det C)1/2 /Re exp(—glyle) dy
=0+m

:m’

where we used in the last line that the function y — yexp(—3|y|%) is even and the fact that
by (1.4),

1 1 ooy
(2m)772(det C)1/2 /R exp(—3lyle) =1

For the second item,

L 1
E(z—m)(z—=m)" = G O /]th (z —m)(z —m)” exp(_§|x —mlg) dx
= . T L1210
~(2m)4/2(det C)1/2 /W yy" exp( 2|C y?) dy
L 1
= (271-)5/2(det 0)1/2 A( CV 2wt /2 exp(_§|w|2) det(Cl/z)dw
— C’1/2J6«1/27
where
J = #/ ww?T exp(_1|w|2) dw € R’ x RY
(2m)4/2 Jge D) ,
and so

‘ ¢
1 1
Jij = 7)4/2 /Rf WiW; exp(—iz:w,%) H dwy.
k=1

(2m Pt

To complete the proof, we need to show that .J is the identity matrix I on R x R?. Indeed,
for i # j,
1 1,
Jij o< [ w; exp(—§w ) dw; [ w; exp(—iwj) dw; =0,
R R

by symmetry; and for i = 7,
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where we again used (1.4) in the first and last lines. Thus J = I, the identity in R, and
E(z —m)(z —m)T = CY/2C"Y? = C. O
The following characterization of Gaussians is often useful.

Lemma 1.3. The characteristic function of the Gaussian N(m,C) is given by

1
cf(h) = exp(i(h,m) — §<Ch, h)).
Proof This follows from noting that

1 1 1
§|x—m|20 —i(h,x) = §|x — (m +1iCh)|% —i(h,m) + §<Ch’h>'

O

Remark 1.4. Note that the pdf for the Gaussian random wvariable that we wrote down in
equation (1.3) is defined only for C > 0, since it involves C~1. The characteristic func-
tion appearing in the preceding lemma can be used to define a Gaussian with mean m and
covariance C, including the case C > 0, so that the Gaussian covariance C' is only positive
semidefinite, since it is defined in terms of C' and not C~1. For example, if we let z ~ N(m,C)
with C'= 0, then z is a Dirac mass at m, i.e., z = m almost surely, and for every continuous
function f,

Ef(z) = f(m).

This Dirac mass may be viewed as a particular case of a Gaussian random variable. We will
write 0, for N(m,0). [ )

Lemma 1.5. The following hold for Gaussian random variables:

o [fz = ajz1+agze, where z1, 2o are independent Gaussians with distributions N(mq,C1) and
N(mq, Co) respectively, then z is Gaussian with distribution N(a1mq+aama, a?Cy +a3Cy).
o Ifz~ N(m,C) and w = Lz +a, then w ~ N(Lm + a, LCLT).

Proof The first result follows from computing the characteristic function of z. By indepen-
dence, this is the product of the characteristic functions of a;z; and of aszo. The characteristic
function of a;z; has logarithm equal to

i(h, a;m;) — %(a?C’th).

Adding this for i = 1, 2 gives the logarithm of the characteristic function of z, from which its
mean and covariance may be read off.

For the second result, we note that the characteristic function of a + Lz is the expectation
of the exponential of

ilh,a+ Lz) = i(h,a) +i(L'h,z).

Using the properties of the characteristic functions of z, we deduce that the logarithm of the
characteristic function of a + Lz is equal to

i(h,a) +i(LTh,m) — =(CL"h, LT h).

1
2
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This may be rewritten as
1
i(h,a + Lm) — 5<LCLTh, h),

which is the logarithm of the characteristic function of N(a + Lm, LCLT), as required. [
We finish by stating a lemma whose proof is straightforward, given the foregoing material
in this section, and left as an exercise.

Lemma 1.6. Define

1
I(v) := §<(v —m),L(v—m))
with L € Rﬁ;lfl satisfying L > 0 and m € R, Then exp(—[(v)) can be normalized to produce

the pdf of the Gaussian random variable N(m,L™') on RY. The matriz L is known as the
precision matrix of the Gaussian random variable.

1.1.3. Conditional and Marginal Distributions

Let (a,b) € R x R™ denote a jointly varying random variable.

Definition 1.7. The marginal pdf P(a) of a is given in terms of the pdf P(a,b) of (a,b) by

P(a) = /m P(a,b) db.

Remark 1.8. With this definition, for A C B(R"),

Plac A) = P((a, b) € A x Rm> _ /A/ P(a, b) da db

:/A</mzp>(a,b)db> da:/AIE”(a)da.

Thus the marginal pdf P(a) is indeed the pdf for a in situations in which we have no infor-
mation about the random wvariable b other than that it is in R™. 'y

We now consider the situation that is the extreme opposite of the marginal situation. To be
precise, we assume that we know everything about the random variable b: we have observed
it and know what value it takes. This leads to consideration of the random variable a given
that we know the value taken by b; we write a|b for a given b. The following definition is then
natural:

Definition 1.9. The conditional pdf P(a|b) of a|b is defined by

P(alb) =
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Remark 1.10. Conditioning a jointly varying random variable can be useful in computing
probabilities, as the following calculation demonstrates:

P((a,b)eAxB> :/A/BIP’(a,b)dadb
iALMWW@M%

:L(AP(ab)da)w.

=:15
=:1;

Given b, Iy computes the probability that a is in A. Then Iy denotes averaging over given
outcomes of b in B. 'y

1.1.4. Bayes’s Formula

By Definition 1.9, we have

Equating and rearranging, we obtain Bayes’s formula, which states that

P(alb) = ﬁ]}”(b\a)ﬂl’(a). (1.7)

The importance of this formula is apparent in situations in which P(a) and P(bla) are indi-
vidually easy to write down. Then P(a|b) may be identified easily, too.

Example 1.11. Let (a,b) € R x R be a jointly varying random variable specified via
aNN(m702)v P(a);
bla ~ N(f(a),7*), P(bla).

Notice that by equation (1.5), P(a,b) is defined via two Gaussian distributions. In fact, we
have

1 1
P(a,b) = S0 exp <_2’Y2|b — f(a)]? — ﬁ'a - m|2> .

Unless f(+) is linear, this is not the pdf of a Gaussian distribution. Integrating over a, we
obtain, from the definition of the marginal pdf of b,

1 1 1
P(b) = ——|b— fla)]? = —|a —m[*) da.
0 = g [ e (= gralb= f@F = sla—ml?) da

Using equation (1.6) then shows that

_ L1 P — e mp?
P(a|b)_IP’(b) X27r7r'yanp< 272|b f(a)] 202\(1 m| )
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Note that alb, like (a,b), is not Gaussian. Thus for both (a,b) and alb, we have con-
structed a non-Gaussian pdf in a simple fashion from the knowledge of the two Gaussians a
and b|a. 'Y

When Bayes’s formula (1.7) is used in statistics, then b is typically observed data, and a
is the unknown about which we wish to find information using the data. In this context, we
refer to P(a) as the prior, to P(bla) as the likelihood, and to P(a|b) as the posterior. The
beauty of Bayes’s formula as a tool in applied mathematics is that the likelihood is often easy
to determine explicitly, given reasonable assumptions on the observational noise, while there
is considerable flexibility inherent in modeling prior knowledge via probabilities to give the
prior. Combining the prior and likelihood as in (1.7) gives the posterior, which is the random
variable of interest; while the probability distributions used to define the likelihood P(b|a)
(via a probability density on the data space) and prior P(a) (via a probability on the space of
unknowns) may be quite simple, the resulting posterior probability distribution can be very
complicated. A second key point to note about Bayes’s formula in this context is that P(b),
which normalizes the posterior to a pdf, may be hard to determine explicitly, but algorithms
exist to find information from the posterior without knowing this normalization constant. We
return to this point in subsequent chapters.

1.1.5. Independence

Consider the jointly varying random variable (a,b) € R® x R™. The random variables a and
b are said to be independent if

P(a,b) = P(a)P(b).
In this case, for f: R — RY and g : R™ — R™',

Ef(a)g(b)" = (Ef(a)) x (Eg(0)"),

since

Ef(a)g(b)” = /

RZ XRm™M

f(a)g(0)TP(a)P(b) da db = ( 9 f(a)IP(a)da) ( / g(b)TP(b)db>.

m

An iid. (independent, identically distributed) sequence {;};en is one that satisfies the
following conditions:?

e Each ¢; is distributed according to the same pdf p.
e ¢, is independent of & for j # k.

If J is a subset of N with finite cardinality, then this i.i.d. sequence satisfies

{gj}]GJ HP (&)

jel

3 This discussion is easily generalized to j € Z*.
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1.2 Dynamical Systems

We will discuss data assimilation in the context of both discrete-time and continuous-time
dynamical systems. In this section, we introduce some basic facts about such dynamical
systems.

1.2.1. Tterated Maps

Let € C(RY,RY). We will frequently be interested in the iterated map, or discrete-time
dynamical system, defined by

Vj+1 = \I/(’Uj), Vo = U,

and in studying properties of the sequence {v;},cz+. A fized point of the map is a point v
that satisfies vy, = W(vs); initializing the map at u = vy, will result in a sequence satisfying
vj = U for all j € ZT.

Example 1.12. Let
U(v) = Av + a.
Then
Vjit1 = Av; +a, v =u.

By induction, we see that for A # 1,

_ -1 . 1N
Uj Z)\JU—FG;)\l :)\Ju+a1_)\ .
Thus if |A| < 1, then
a .
’Uj — ﬁ as — OQ.
The limiting value %5 is a fixed point of the map. '

Remark 1.13. In the preceding example, the long-term dynamics of the map, for |\| < 1, is
described by convergence to a fixed point. Far more complex behavior is, of course, possible;
we will explore such complex behavior in the next chapter. o

The following result is known as the (discrete-time) Gronwall lemma.

Lemma 1.14. Let {v;};ecz+ be a positive sequence and (\,a) a pair of real numbers with
A > 0. Then if

’Uj+1§)\’l)j+a, j:(),].,...,
it follows that
1-MN

ng)\jvo—l—al_/\,

A#£1,
and

v; < vy + ja, A=1.
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Proof We prove the case A\ # 1; the case A = 1 may be proved similarly. We proceed by
induction. The result clearly holds for j = 0. Assume that the result is true for j = J. Then

vi+1 < vy +a

RV
S)\<>\‘]vo+a1 A )+a

1-—A
A— AT+ 1-X
_ )\J+1
[ T S
1— A/
_ )\J-‘,—l
Vo + ail Y
This establishes the inductive step, and the proof is complete. O

We will also be interested in stochastic dynamical systems of the form
vjp1 =Y(v;) +&, vo=u,

where £ = {£;},en is an i.i.d. sequence of random variables on R?, and u is a random variable
on R, independent of &.

Example 1.15. This is a simple but important one-dimensional (i.e., £ = 1) example. Let
|Al < 1, and let

Uj+1 = )\Uj + gja €j ~ N(O, 0'2) lld,

Vo ~~ N(mo, 0’8)

By induction,
j—1

v; = )\j'UO + Z /\jiiilgi.

i=0
Thus v; is Gaussian, as a linear transformation of Gaussians; see Lemma 1.5. Furthermore,
using independence of the initial condition from the sequence £, we obtain

mj; = E’Uj = /\]Tno7

j—1
O'JQ» = E(v; —m;)? = AE(vg — mo)* + Z)\Qj_%_QUQ
i=0
= 1— A%
_\2j2, 2 2% 252, 2
=X05+0 ;/\ =Xoi+o0o Y

Since |A| < 1, we deduce that m; — 0 and o7 — 0*(1—X*)""'. Thus the sequence of Gaussians
generated by this stochastic dynamical system has a limit, which is a centered Gaussian with
variance larger than the variance of &1, unless A = 0. )

1.2.2. Differential Equations

Let f € C*(R’ R’) and consider the ordinary differential equation (ODE)

dv
T=w), )=
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Assume that a solution exists for all u € Rf, t € RT; for a given u, this solution is then
an element of the space C'(R*;R?). In this situation, the ODE generates a continuous-time
dynamical system. We are interested in properties of the function v. An equilibrium point
Voo € R’ is a point for which f(vs) = 0. Initializing the equation at u = v., results in a
solution v(t) = v for all t > 0.

Example 1.16. Let f(v) = —av + . Then

d
e (d: + ow) = Be™,

and so
d (B
at _ 2| E at
dt(6 ”) Tt (ae )
Thus
at t) —u = é at 1
eto(t) —u = S (e~ 1),
so that
__—at ﬂ —at
v(t)=e Yu+—(1—e"*)
@
If @ > 0, then
v(t) — A as t — oo.
@
Note that vy 1= g is the unique equilibrium point of the equation. o

Remark 1.17. In the preceding example, the long-term dynamics of the ODE, for a > 0,
is described by convergence to an equilibrium point. As in discrete time, far more complex
behavior is, of course, possible; we will explore this possibility in the next chapter. ®

If the differential equation has a solution for every v € R? and every ¢t € R*, then there
is a one-parameter semigroup of operators ¥(-;t), parameterized by time t > 0, with the
properties that

v(t) = U(u;t), t € (0,00), (1.10a)
U(ust+s) = U (U(u;8);t), t,s € RT,u e R, (1.10b)
U(u;0) = u € R (1.10c)

We call ¥(-;-) the solution operator for the ODE. In this scenario, we can consider the iterated
map defined by ¥(-) = ¥(+; h), for some fixed h > 0, thereby linking the discrete-time iterated
maps with continuous-time ODEs.

Example 1.18. (Example 1.16, continued) Let
) — ot ﬁ —at
U(u;t) =e Yu+—=(1—ce ,
e
which is the solution operator for the equation in that v(t) = ¥(u;t). Clearly, ¥(u;0) = u.
Also
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U(ut+8) =e “e Sy + B (1 - e_ate_as)
«
— efat (easu+ é(l _ 6as)> + é(l _ efat>
« «

= U (U(u;s);t).
[ )
The following result is known as the (continuous-time) Gronwall lemma.
Lemma 1.19. Let z € CY(RT,R) satisfy
d
d—j <az+b, z(0)= =z,
for some a,b € R. Then
b
) < e —(e® —1).
2(t) < ez + . (e )
Proof Multiplying both sides of the given identity by e~%*, we obtain
d
e~ <dj — az) < be™ %,
which implies that
d
T (efatz) < be .
Therefore,
b
—at t) — 0) < =(1— —at
eta(r) — 2(0) < - (1 e™),
so that
b
2(t) < efzo + — (e —1).
a
O

1.2.3. Long-Time Behavior

We consider the long-time behavior of discrete-time dynamical systems. The ideas are easily
generalized to continuous-time dynamical systems—ODEs—and indeed, our example will
demonstrate such a generalization. To facilitate our definitions, we now extend ¥ to act on
Borel subsets of R’. Note that currently, ¥ : R® — RY; we extend to ¥ : B(R’) — B(R’) via

U(A) = |J ¥(u), AecBR").

u€A
For both ¥ : R — R’ and ¥ : B(R’) — B(R?), we denote by

W) =Wo...0W
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the j—fold composition of ¥ with itself. In the following, let B(0, R) denote the ball of radius
R in RY, in the Euclidean norm, centered at the origin.

Definition 1.20. A discrete-time dynamical system has a bounded absorbing set Baps C R
if for every R > 0, there exists J = J(R) such that

U (B(0,R)) C Baps,  Vj > J.

'
Remark 1.21. The definition of absorbing set is readily gemeralized to continuous-time
dynamical systems; this is left as an exercise for the reader. o

Example 1.22. Consider an ODE for which there exist «, 8 > 0 such that
(f(v),0) <a =B, YveR"

Then
1d dv

sl = (0. %) = (0. F()) < a = Blof?,

Applying the Gronwall lemma (Lemma 1.19) gives
_ « _
PO < RO + 5(1—e).

Hence if [v(0)|?> < R, then

Therefore, the set B,ps = B (O, %‘)‘) is absorbing for the ODE (with the generalization of

the above definition of absorbing set to continuous time, as in Remark 1.21).
If v; = v(jh), so that U(-) = U(-;h) and vj41 = ¥(v;), then

a T
where T is as in the ODE case. Hence B,,s = B (0, %) is also an absorbing set for the
iterated map associated with the ODE. '

Definition 1.23. When the discrete-time dynamical system has a bounded absorbing set, Baps
we define the global attractor A to be

A= ﬂ U ‘I’(j)(Babs)'
k>0 5>k

[ )

This object captures all the long-time dynamics of the dynamical system. As for the absorbing
set itself, this definition is readily generalized to continuous time.
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1.2.4. Controlled Dynamical Systems

It is frequently of interest to add a controller w = {w;}52, to the discrete-time dynamical
system to obtain

Vi1 = W(v;) + wj.

The aim of the controller is to “steer” the dynamical system to achieve some objective.
Interesting examples include the following:

e Given a point v* € R? and time J € Z*, choose w such that v; = v*.

e Given an open set B and time J € ZT, choose w such that v; € B for all j > J.

e Given y = {y;}jen, where y; € R™, and given a function h : R¢ — R™, choose w to keep
ly; — h(v;)| small in some sense.

The third option is most relevant in the context of data assimilation, and so we focus on
it. In this context, we will consider controllers of the form w; = K (y; — h(v;)), so that

vir = W(v;) + K (y; — h(vy)). (1.11)

A key question is then how to choose K to ensure the desired property. We present a simple
example that illustrates this.

Example 1.24. Let £ = m =1, ¥(v) = Av and h(v) = v. We assume that the data {y;};en
is given by y;41 = v}+17 where U;[+1 = )\v;. Thus the data is itself generated by the un-
controlled dynamical system. We wish to use the controller to ensure that the solution of
the controlled system is close to the data {y;};en generated by the uncontrolled dynamical
system, and hence to the solution of the uncontrolled dynamical system itself.

Consider the controlled dynamical system

viy1 = ¥(v;) + K (y; — h(vy))
=M + K(y; —vj), j>1,
—_————

w 3

and assume that vy # vg. We are interested in whether v; approaches UJT- as j — oo.

To this end, suppose that K is chosen such that |\ — K| < 1. Then note that

v}H :)\UJT-—I—K(yj—v;).
————
=0

Hence e; = v; — v; satisfies
ej+1 = (A= K)e;
and
lej 1] = |A = Kllej].
Since we have chosen K such that |\ — K| < 1, we have |e;| — 0 as j — oo. Thus the
controlled dynamical system approaches the solution of the uncontrolled dynamical system

as j — oo. This is prototypical of certain data-assimilation algorithms that we will study in
Chapter 4. [
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It is also of interest to consider continuous-time controllers {w(t)};>o for differential
equations

dv

— = Jf(v) +w.

Y — i)
Again, the goal is to choose w to achieve some objective analogous to those described in
discrete time.

1.3 Probability Metrics

Since we will frame data assimilation in terms of probability, natural measures of robustness of
the problem will require the idea of distance between probability measures. Here we introduce
basic metric properties, and then some specific distances on probability measures and their
properties.

1.3.1. Metric Properties

Definition 1.25. A metric on a set X is a function d : X x X — R* (distance) satisfying
the following properties:

e coincidence: d(z,y) =0 iff ¢ = y;

o symmetry: d(z,y) = d(y, x);
o triangle: d(z,z) < d(z,y) + d(y, 2).

[ )
Example 1.26. Let X = R, viewed as a normed vector space with norm || - ||; for example,
we might take || - || = | - |, the Euclidean norm. Then the function d : R x R® — R given by
d(z,y) = ||x — y|| defines a metric. Indeed, from the properties of norms:
o [z —yll=0iff x =y;
o [z —yll =ly—=l;
o lz—zll=llz—y+y—zl<lz—yl+ly—=zl

)

1.3.2. Metrics on Spaces of Probability Measures

Let M denote the space of probability measures on R? with strictly positive Lebesgue density
on RY. Throughout this section, we let y and u’ be two probability measures on M, and let
p and p’ denote the corresponding densities; recall that we assume that these densities are
positive everywhere, in order to simplify the presentation. We define two useful metrics on
probability measures.
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Definition 1.27. The total-variation distance on M is defined by

drv M ,u / |,0 — p |du
,EH 1— p(u)
2 p(U)

)

Thus the total-variation distance is half of the L' norm of the difference of the two pdfs.
Note that clearly, drv (i, 1) > 0. Also,
3 [ Ioldus 5 [ 16w

5/}1{2 p(u )du—&—Z/Rep(u)du

=1

| /\

dTV(/'I’? MI)

Note also that d., may be characterized as

1 / 1
Ao (p, ') = §Sup\f|mg1|E“(f) —E* (f)] = §SUP|f\oog1|/~L(f) — ' ()], (1.12)
where we have used the convention that wu(f) = = Ja f( ) and |flee =
sup,, | f(u)].

Definition 1.28. The Hellinger distance on M is defined by

duen(ps ') = (; /W (\/p(T)_ m>2 du) 1/2
o\ 1/2
Lew ([P
2 <1 Z@))

Thus the Hellinger distance is a multiple of the L? distance between the square roots of
the two pdfs. Again, clearly dy.,(p, ') > 0. Also,

[ )

duaies < 5 [ o)+ /() du = 1.

We also note that the Hellinger and total-variation distances can be written in a symmetric
way and that they satisfy the triangle inequality—they are indeed valid distance metrics on
the space of probability measures.

Lemma 1.29. The total variation and Hellinger distances satisfy

1
: ﬁdTV(M,u’) < digen (o 1) < der (1, )2 < 1L
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Proof The upper and lower bounds of, respectively, 0 and 1 are proved above. We show first
that %dTV(u, 1) < dgen(p, ). Indeed, by the Cauchy—Schwarz inequality,

n_ 1 P () P o du
2 1/2 2 1/2
1 VA R, 1 p'(u) y
<\a Li-y5) rode) 5 L[+ 5| Ao
ao 1/2
< dHell(,U/7M/) (~/R€ 1+ pp((u)) p(u) du)
= \/idHen(Ma .U/)-
Finally, for the inequality dy.,(p, 1) < doy (1, ¢')*/? note that
IWa— Vb < Va+ Vo Va,b> 0.
Therefore,
ne 1 P P () "
dHell(M):u) - 2 /]Rf 1 p(U) ‘1 p(u) ( )d
1 P () p'(u) "
<3 L5 ‘1 oy |
] dw|
A LCL
= dTV(lh M/)'

O
Why do we bother to introduce the Hellinger distance, rather than working with the more
familiar total variation? The answer stems from the following two lemmas.

Lemma 1.30. Let f : RY — RP be such that
(B[ () + E*| f(u)[?) < co.
Then
EXf(u) — B f(u)] < 2B*[f(u)? +E* | £(w)|?) % dyen (. ). (1.13)
AS a consequence,
EX f(u) — B fw)] < 2(E"| f(u)]? + E* | f(u)[*) 2 dy (1, 1) 2. (1.14)

Proof In the following, all integrals are over R’. Now,
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|Wﬂw—wﬁwn;/wwww—ﬂwwu
- / V217 )IVp(w) + Vo (@) ih/p(u) ) du

< ([arEet + Vi) (;ﬁm-mmuf

s( / 4|f<u)|2<p<u>+p’<u>>du) : /(1_ ’;’((;‘))>2p(u>du

= 2(E"|f (u)|” + B | (w)[*) 2 dren (1, 1')-

Thus (1.13) follows. The bound (1.14) follows from Lemma 1.29. O

[N

Remark 1.31. The preceding lemma shows that if two measures p and p' are O(€)-close in
the Hellinger metric, and if the function f(u) is square-integrable with respect to u distributed
according to u and p', then expectations of f(u) with respect to p and i’ are also O(e€)-close.
It also shows that under the same assumptions on f, if two measures p and ' are O(e)-
close in the total-variation metric, then expectations of f(u) with respect to u and p' are

only (’)(e%)—close, This second result is sharp, and to get O(e)-closeness of expectations using
O(e)-closeness in the total-variation metric requires a stronger assumption on f, as we now
show. 'Y

Lemma 1.32. Assume that | f| is finite almost surely with respect to both y and p' and denote
the almost sure upper bound on |f| by fmax- Then

[BF f(u) — B* f(u)] < 2fmaxdey (1)

Proof Under the given assumption on f,

[EX f(u) — B f(u) S/\f(U)IIP(U)—p’(U)Idu

< 2fmax< / lp(u IdU>
< 2fmax< / ‘ ;‘ )du>

- 2fmax (

O
The implication of the preceding two lemmas and Remark 1.31 is that it is natural to work
with the Hellinger metric, rather than the total-variation metric, in considering the effect of

perturbations of the measure on expectations of functions that are square-integrable but not
bounded.

1.4 Probabilistic View of Dynamical Systems

Here we look at the natural connection between dynamical systems and the underlying
dynamical system that they generate on probability measures. The key idea here is that the
Markovian propagation of probability measures is linear, even when the underlying dynamical
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system is nonlinear. This advantage of linearity is partially offset by the fact that the und-
erlying dynamics on probability distributions is infinite-dimensional, but it is nonetheless
a powerful perspective on dynamical systems. Example 1.15 provides a nice introductory
example demonstrating the probability distributions carried by a stochastic dynamical sys-
tem; in that case, the probability distributions are Gaussian, and we explicitly characterize
their evolution through the mean and covariance. The idea of mapping probability measures
under the dynamical system can be generalized, but the situation is typically more compli-
cated, because the probability distributions are typically not Gaussian and not characterized
by a finite number of parameters.

1.4.1. Markov Kernel

Definition 1.33. The function p : RY x B(RY) — R* is a Markov kernel if the following
conditions are satisfied:

e For each v € RY, p(z,-) is a probability measure on (RK.B(RK));
o x5 p(x,A) is B(RY)-measurable for all A € B(RY).

[ )

The first condition is the key one for the material in this book: the Markov kernel at fixed z
describes the probability distribution of a new point y ~ p(z, -). By iterating on this, we may
generate a sequence of points that constitute a sample from the distribution of the Markov
chain, as described below, defined by the Markov kernel. The second measurability condition
ensures an appropriate mathematical setting for the problem, but an in-depth understanding
of this condition is not essential for the reader of this book. In the same way that we use P
to denote both the probability measure and its pdf, we sometimes use p(z,-) : R — R*, for
each fixed x € R, to denote the corresponding pdf of the Markov kernel from the preceding
definition.
Consider the stochastic dynamical system

viy1 = ¥(v;) + &5,

where § = {{;},ez+ is an 1.i.d. sequence distributed according to a probability measure on R¢
with density p(-). We assume that the initial condition vy is possibly random, but independent
of £. Under these assumptions on the probabilistic structure, we say that {v;},cz+ is a Markov
chain. For this Markov chain, we have

P(vj41]v;) = p(vjr1 — T(v)));
thus
P(vj4q € Alvj) = /Ap(vj_H — U(v))) do.
In fact, we can define a Markov kernel

) = [ o= v(w) v

with the associated pdf
p(u,v) = p (v — W(w)).
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If vj ~ p; with pdf p;, then
ti+1 =Pvj1 € A)
= /]Rz P(vj41 € Alv;)P(v;) dv;
— [ . s
R¢
And then
pina(0) = [ plwo)oyu)du
= [ o= v@)p; ) du.

Furthermore, we have a linear dynamical system for the evolution of the pdf

pj+1 = Ppj, (1.15)

where P is the integral operator
(Pr)(v) = /Rf p(v—V(u))m(u)du.

Example 1.34. Let ¥ : R — R’. Assume that &; ~ N(0,02I). Then

o) = [ iz e (ol — WP

As 0 — 0o, we obtain the deterministic model
piia(0) = [ 60— B)pw)du
[ )

For each integer n € N, we use the notation p™(u,-) to denote the Markov kernel arising
from n steps of the Markov chain; thus p'(u,-) = p(u, -). Furthermore, p™(u, A) = P(u(™ ¢
Alu®) = ).

1.4.2. Ergodicity

In many situations, we will appeal to ergodic theorems to extract information from sequences
{vj}jez+ generated by a (possibly stochastic) dynamical system. Assume that this dynamical
system is invariant with respect to the probability measure ... Then, roughly speaking, an
ergodic dynamical system is one for which, for a suitable class of test functions ¢ : R* — R,
and vy almost surely with respect to the invariant measure po,, the Markov chain from the
previous subsection satisfies

1 J
30 00) = [ plos(d) = B p(o) (1.16)
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We say that the time average equals the space average. The preceding identity encodes the
idea that the histogram formed by a single trajectory {v;} of the Markov chain looks more and
more like the pdf of the underlying invariant measure. Since the convergence is almost sure
with respect to the initial condition, this implies that the statistics on where the trajectory
spends time is asymptotically independent of the initial condition; this is a very powerful
property.

If the Markov chain has a unique invariant density p~o, which is a fixed point of the linear
dynamical system (1.15), then it will satisfy

poo = Ppoo, (1.17)

or equivalently,
Poo (V) = /ep(u,v)poo(u)du. (1.18)
R

In the ergodic setting, this equation will have a form of uniqueness within the class of pdfs,
and furthermore, it is often possible to prove, in some norm, the convergence

Pj — Poo @S Jj —> 00.

Example 1.35. Example 1.15 generates an ergodic Markov chain {v;},cz+ carrying the se-
quence of pdfs p;. Furthermore, each p; is the density of a Gaussian N(my,07). If [A] < 1,
then m; — 0 and 0] — 02, where

2 _ o’
11—

Thus pso is the density of a Gaussian N (0,02 ). We then have

g

J J J-1
1 1 ; il
7 > elv)) =7 Z (Vvo +Y N 1&) — /Rpoo(v)w(v) dv.
j=1 j=1 i=1
o
1.4.3. Bayes’s Formula as a Map
Recall that Bayes’s formula states that
1
P(alb) = Wﬂ”(b\a)ﬂ”(a).

This may be viewed as a map from P(a) (what we know about a a priori, the prior) to P(a|b)
(what we know about a once we have observed the variable b, the posterior.) Since

P(b) = /R[ P(b|a)P(a) da,

we see that
P(bla)P(a)  _
Jge P(bla)P(a) da

P(ald) = : LIP(a).
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Here L is a nonlinear map that takes the pdf P(a) into P(a|b). We use the letter L to highlight
the fact that the map is defined, in the context of Bayesian statistics, using the likelihood to
map prior to posterior.

1.5 Bibliography

e For background material on probability, as covered in Section 1.1, the reader is directed
to the elementary textbook [23] and to the more advanced texts [60, 148] for further
material (for example, the definition of measurable.) The book [113], together with the
references therein, provides an excellent introduction to Markov chains. The book [108]
is a comprehensive study of ergodicity for Markov chains; the central use of Lyapunov
functions will make it particularly accessible to readers with a background in dynamical
systems. Note also that Theorem 3.3 contains a basic ergodic result for Markov chains.

e Section 1.2 concerns dynamical systems and stochastic dynamical systems. The determinis-
tic setting is discussed in numerous textbooks, such as [61, 147], with more advanced mate-
rial, related to infinite-dimensional problems, covered in [137]. The ergodicity of stochastic
dynamical systems is presented in [7], and targeted treatments based on the small-noise
scenario include [53, 14]. The book [134] contains elementary chapters on dynamical sys-
tems, and the book chapter [73] contains related material in the context of stochastic
dynamical systems. For the subject of control theory, the reader is directed to [149], which
has a particularly good exposition of the linear theory, and [130] for the nonlinear setting.

e Probability metrics are the subject of Section 1.3, and the survey paper [57] provides a
very readable introduction to this subject, together with references to the wider literature.

e Viewing (stochastic) dynamical systems as generating a dynamical system on the proba-
bility measure that they carry is an enormously powerful way of thinking. The reader is
directed to the books [145] and [10] for overviews of this subject and further references.

1.6 Exercises

1. Consider the ODE

dv
prinie v3, v(0) = vp.

By finding the exact solution, determine the one-parameter semigroup ¥(-;t) with prop-
erties (1.10).

2. Consider a jointly varying random variable (a,b) € R? defined as follows: a ~ N(0,02)
and bla ~ N(a,~?). Find a formula for the probability density function of (a,b), using
(1.5b), and demonstrate that the random variable is a Gaussian with mean and covariance
that you should specify. Using (1.7), find a formula for the probability density function of
a|b; again demonstrate that the random variable is a Gaussian with mean and covariance
that you should specify.

3. Consider two Gaussian densities on R: N(my,0%7) and N(ma,03). Show that the Hellinger
distance between them is given by

_ 2
dHe“(MalJ/)Q =1- \/exp<_ (m1 m2) ) ( 20102

2(0f +03) / (0 +03)
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4.

5.

Consider two Gaussian measures on R: N(my,07) and N(mg,03). Show that the total-
variation distance between the measures tends to zero as mg — my and o5 — o73.

The Kullback—Leibler divergence between two measures p’ and p, with pdfs p/ and p
respectively, is

Dl = | 1og(’;f(jj)')p'<x>dx.

Does Dy, define a metric on probability measures? Justify your answer. Consider two
Gaussian densities on R: N(mq,07) and N(mg,03). Show that the Kullback-Leibler
divergence between them is given by

2

g2 1 o7 (m2 7m1)2
p (%) (2 ) g (),
KL(ILLlHMQ) n ol + 2 0_5 + 20_3

Assume that two measures i and p’ have positive Lebesgue densities p and p’ respectively.
Prove the bounds

DKL(NHNI) ) dTv(u7ul)2 < DKL(N||NI)7

N =

dHeu(N7 MI)2 <

where the Kullback—Leibler divergence Dy, is defined in the preceding exercise.
Consider the stochastic dynamical system of Example 1.15. Find explicit formulas for the
maps m; — mj1 and 07 = 07, ;.

Directly compute the mean and covariance of w = a + Lz if z is Gaussian N(m,(C),
without using the characteristic function. Verify that you obtain the same result as in
Lemma 1.5.

Prove Lemma 1.6.

. Generalize Definitions 1.20 and 1.23 to continuous time, as suggested in Remark 1.21.



Chapter 2

Discrete Time: Formulation

In this chapter, we introduce the mathematical framework for discrete-time data assimilation.
Section 2.1 describes the mathematical models we use for the underlying signal, which we wish
to recover, and for the data, which we use for the recovery. In Section 2.2, we introduce a
number of examples used throughout the text to illustrate the theory. Sections 2.3 and 2.4
respectively describe two key problems related to the conditioning of the signal v on the data
y, namely smoothing and filtering; in Section 2.5, we describe how these two key problems
are related. Section 2.6 proves that the smoothing problem is well posed and, using the
connection to filtering described in Section 2.5, that the filtering problem is well posed; here
well-posedness refers to continuity of the desired conditioned probability distribution with
respect to the observed data. Section 2.7 discusses approaches to evaluating the quality of
data-assimilation algorithms. In Section 2.8, we describe various illustrations of the foregoing
theory and conclude the chapter with Section 2.9, devoted to a bibliographical overview, and
Section 2.10, containing exercises.

2.1 Setup

We assume throughout this book that ¥ € C(R™,R"), and we consider the Markov chain
v = {vj},ez+ defined by the random map

v = U(v;) +&, j €LY, (2.1a)
Vo ~~ N(mU,Co), (21b)

where £ = {{;};cz+ is an i.i.d. sequence, with §o ~ N(0,X) and ¥ > 0. Because (vo,§) is a
random variable, so too is the solution sequence {v;};ez+: the signal, which determines the
state of the system at each discrete time instance. For simplicity, we assume that vy and £ are
independent. The probability distribution of the random variable v quantifies the uncertainty
in predictions arising from this stochastic dynamics model.

In many applications, models such as (2.1) are supplemented by observations of the system
as it evolves; this information then changes the probability distribution on the signal, typically
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reducing the uncertainty. To describe such situations, we assume that we are given data, or
observations, y = {y;}jen defined as follows. At each discrete time instance, we observe a
(possibly nonlinear) function of the signal, with additive noise:

Yjr1 = h(vjt1) +njs1, j €ZT, (2.2)

where h € C(R",R™) and n = {n;}en is an ii.d. sequence, independent of (vg,&), with
m ~ N(0,I') and I" > 0. The function h is known as the observation operator. The
objective of data assimilation is to determine information about the signal v, given data y.
Mathematically, we wish to solve the problem of conditioning the random variable v on the
observed data g, or problems closely related to this. Note that we have assumed that both
the model noise ¢ and the observational noise 1 are Gaussian; this assumption is made for
convenience only, and could be easily generalized.

We will also be interested in the case in which the dynamics is deterministic and (2.1)
becomes

v = U(vy), j € ZF, (2.3a)
Vo ~~ N(mo, Co) (23b)

In this case, which we refer to as deterministic dynamics, we are interested in the random
variable vg, given the observed data y; note that vy determines all subsequent values of the
signal v.

Finally, we mention that in many applications, the function W is the solution operator for
an ordinary differential equation (ODE) of the form!

dv
dt
v(0)

= f(v), t € (0,00), (2.4a)
V9. (24b)

Then, assuming that the solution exists for all ¢ > 0, there is a one-parameter semigroup
of operators U(-;t), parameterized by time ¢ > 0, with properties defined in (1.10). In this
situation, we assume that ¥(u) = ¥(u; 1), i.e., the solution operator over 7 time units, where
T is the time between observations; thus we implicitly make the simplifying assumption that
the observations are made at equally spaced time points, and note that the state v; = v(jh)
evolves according to (2.3a). We use the notation ¥)(-) to denote the j—fold composition of
¥ with itself. Thus, in the case of continuous-time dynamics, ¥(-;j7) = WU (.).

2.2 Guiding Examples

Throughout these notes, we will use the following examples to illustrate the theory and
algorithms presented.

Example 2.1. We consider the case of one-dimensional linear dynamics, where
U(v) = v (2.5)

for some scalar A € R. Figure 2.1 compares the behavior of the stochastic dynamics (2.1)
and deterministic dynamics (2.3) for the two values A = 0.5 and A = 1.05. We set X = o2,

! Here the use of v = {v(t)}+>¢ for the solution of this equation should be distinguished from our use
of v = {v;}%2, for the solution of (2.1).
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and in both cases, 50 iterations of the map are shown. We observe that the presence of noise
does not significantly alter the dynamics of the system for the case |A| > 1, since for both
the stochastic and deterministic models, |v;| — 0o as j — co. The effects of stochasticity are
more pronounced when |A| < 1, since in that case, the deterministic map satisfies v; — 0,
while for the stochastic model, v; fluctuates randomly around 0.

1.0 15
\ = =) — o=0
\ - =01 - a=0.1
0,5-\ 10
|
0.0 - : 5 2
__..f-:r‘:"—"’"’:"
-0.5! . . . . 0 | . . . .
0 10 20 30 40 50 0 10 20 30 40 50
J i
(a) A = 0.5 (b) A = 1.05

Fig. 2.1: Behavior of (2.1) for ¥ given by (2.5) for different values of A and X = o2

Using (2.1a), together with the linearity of ¥ and the Gaussianity of the noise £;, we obtain
E(vis1) = AE(v;), E(v},,) = NE(v}) + o°.

If |A] > 1, then the second moment explodes as j — oo, as does the modulus of the first
moment if E(vg) # 0. On the other hand, if |A| < 1, we see (Example 1.15) that E(v;) — 0
and E(v?) — 02, where

2 o’
11—
Indeed, since vg is Gaussian, the model (2.1a) with linear ¥ and Gaussian noise ; gives rise
to a random variable v;, which is also Gaussian. Thus, from the convergence of the mean
and the second moment of v;, we conclude that v; converges weakly to the random variable
N(0,02%). This is an example of ergodicity as expressed in (1.16); the invariant measure fio,
is the Gaussian N (0,02 ), and the density ps is the Lebesgue density of this Gaussian. &

g

(2.6)

Example 2.2. Now consider the case of two-dimensional linear dynamics. In this case,
U(v) = Av, (2.7)

with A a 2 x 2 matrix of one of the following three forms Ay:

(M0 (a (01
Al_(oxg)’ AQ_(O)\)’ A3_<—10)'

For ¢ = 1,2, the behavior of (2.1) for ¥(u) = Asu can be understood from the analysis
underlying Example 2.1, and the behavior is similar, in each coordinate, depending on whether
the A value on the diagonal is less than or greater than 1. However, the picture is more
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interesting when we consider the third choice ¥(u) = Azu, since in this case, the matrix A
has purely imaginary eigenvalues and corresponds to a rotation by 7/2 in the plane; this is
illustrated in Figure 2.2a. Addition of noise into the dynamics gives a qualitatively different
picture: now the step j to j 4+ 1 corresponds to a rotation by 7/2 composed with a random
shift of the origin; this is illustrated in Figure 2.2b.

0 L

5 -l 0 1 > %3 =] 0 1 2

(a) Deterministic dynamics (b} Stochastic dynamics, o = 0.1

Fig. 2.2: Behavior of (2.1) for ¥ given by (2.7), and ¥ = o2.

Example 2.3. We now consider our first nonlinear example, namely the one-dimensional
dynamics for which

U(v) = asinw. (2.8)

Figure 2.3 illustrates the behavior of (2.1) for this choice of ¥, and with o = 2.5, both for
deterministic and stochastic dynamics. In the case of deterministic dynamics, Figure 2.3a,
we see that eventually, iterates of the discrete map converge to a period-2 solution. Although
only one period-2 solution is seen in this single trajectory, we can deduce that there will
be another period-2 solution, related to this one by the symmetry u +— —u. This second
solution is manifest when we consider stochastic dynamics. Figure 2.3b demonstrates that the
inclusion of noise significantly changes the behavior of the system. The signal now exhibits
bistable behavior, and within each mode of the behavioral dynamics, vestiges of the period-2
dynamics may be seen: the upper mode of the dynamics is related to the period-2 solution
shown in Figure 2.3a, and the lower mode to the period-2 solution found from applying the
symmetry u — —u to obtain a second period-2 solution from that shown in Figure 2.3a.

A good way of visualizing ergodicity is via the empirical measure or histogram generated by
a trajectory of the dynamical system. Equation (1.16) formalizes the idea that the histogram,
in the large-J limit, converges to the probability density function of a random variable,
independently of the starting point vg. Thinking in terms of pdfs of the signal, or functions
of the signal, and neglecting time-ordering information is a very useful viewpoint throughout
these notes.

Histograms visualize complex dynamical behavior such as that seen in Figure 2.3b by ig-
noring time-correlation in the signal and simply keeping track of where the solution goes as
time elapses, but not the order in which places are visited. This is illustrated in Figure 2.4a,
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(b) Stochastic dynamics, o = 0.25

Fig. 2.3: Behavior of (2.1) for ¥ given by (2.8) for a = 2.5 and ¥ = 0?; see also pl.m in

Section 5.1.1.

where we plot the histogram corresponding to the dynamics shown in Figure 2.3b, but cal-
culated using a simulation of length J = 107. We observe that the system quickly forgets
its initial condition and spends almost equal proportions of time around the positive and
negative period-2 solutions of the underlying deterministic map. Figure 2.4a would change

very little if the system were started from a different initial condition, reflecting ergodicity of

the underlying map.
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(a) Example 2.3, as in Figure 2.3b

[ )

— J=10"|

_J

0.2 0.4 0.6 0.8 1.0

(b) Example 2.4, as in Figure 2.5b

Fig. 2.4: Probability density functions for v;,j = 0,---,J, for J = 107.

Example 2.4. We now consider a second one-dimensional and nonlinear map, for which

U(v) =rv(l —v).

(2.9)

We consider initial data vg € [0, 1], noting that for » € [0,4], the signal will then satisfy
v; € [0,1] for all 7, in the case of the deterministic dynamics) (2.3). We confine our discussion
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here to the deterministic case, which can itself exhibit quite rich behavior. In particular, the
behavior of (2.3), (2.9) can be seen in Figure 2.5 for the values of » = 2 and r = 4. These

1.0 1.0

0.8 1 0.8+

0.6 | 0.6}

0.4 - 0.4 |

0.2 | 02 u J J

0.0 0.0

0 20 40 60 80 100 0 20 40 60 80 100
J i
(a) Deterministic dynamics, r = 2 (b) Deterministic dynamics, r = 4

Fig. 2.5: Behavior of (2.1) for ¥ given by (2.9).

values of r have the desirable property that it is possible to determine the signal analytically.
For r = 2, one obtains

1 1 j
v =5 5= 200)%, (2.10)
which implies that for every value of vy # 0,1, we have v; — 1/2, as we can also see in
Figure 2.5a. For vy = 0, the solution remains at the unstable fixed point 0, while for vy = 1,
the solution maps onto 0 in one step, and then remains there. In the case r = 4, the solution
is given by

v; = 4sin®(2770), with v = 4sin® (7). (2.11)
This solution can also be expressed in the form
v; = sin®(272;), (2.12)
where
)2z, 0<z < %,
KA {QZj —1, Ll<z<n,

and using this formula, it is possible to show that this map produces chaotic dynamics for
almost all initial conditions. This is illustrated in Figure 2.5b, where we plot the first 100
iterations of the map. In addition, in Figure 2.4b, we plot the pdf using a long trajectory of
v; of length J = 107, demonstrating the ergodicity of the map. In fact, there is an analytic
formula for the steady-state value of the pdf (the invariant density), found as J — oo; it is
given by

plz) =7t 2(1 —2)7V/2 (2.13)
)

Example 2.5. Turning now to maps ¥ derived from differential equations, the simplest case
is to consider linear autonomous dynamical systems of the form
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d
d—: = Lv, (2.14a)
v(0) = vp. (2.14b)
Then ¥(u) = Au with A = exp(L7). [ )
30 - - - 10
20| " |
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-10
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Fig. 2.6: Projection of the Lorenz ’63 attractor onto two different pairs of coordinates.

Example 2.6. The Lorenz ’63 model is perhaps the simplest continuous-time system to exh-
ibit sensitivity to initial conditions and chaos. It is a system of three coupled nonlinear
ordinary differential equations whose solution v € R3, where v = (vy, v9, v3), satisfies?

dv
d—tl = a(vy — v1), (2.15a)
dv
d—: = —avy — Vs — V103, (2.15b)
% = v1vg — bug — b(r + a). (2.15¢)

Note that we have employed a coordinate system in which the origin in the original version of
the equations proposed by Lorenz is shifted. In the coordinate system that we employ here,
we have equation (2.4) with vector field f satisfying

(f(v),v) <a— Bl (2.16)

for some «, 8 > 0. As demonstrated in Example 1.22, this implies the existence of an absorbing
set:
limsup |v(t)]? < R (2.17)
t—o0
for every R > «/f. Mapping the ball B(0, R) forward under the dynamics gives the global
attractor (see Definition 1.23) for the dynamics. In Figure 2.6, we visualize this attractor,
projected onto two different pairs of coordinates at the classical parameter values (a,b,r) =

(10, 3,28).

2 Here the index denotes components of the solution, not discrete time.
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Throughout these notes, we will use the classical parameter values (a,b,r) = (10, %, 28)
in all of our numerical experiments; at these values, the system is chaotic, and it exhibits
sensitive dependence with respect to the initial condition. A trajectory of v versus time can
be found in Figure 2.7a, and in Figure 2.7b, we illustrate the evolution of a small perturbation
to the initial condition that generated Figure 2.7a; to be explicit, we plot the evolution of
the error in the Euclidean norm |- | for an initial perturbation of magnitude 10~%. Figure 2.6
suggests that the measure ., is supported on a strange set with Lebesgue measure zero, and
this is indeed the case; for this example, there is no Lebesgue density po, for the invariant
measure, reflecting the fact that the attractor has a fractal dimension less than three, the
dimension of the space where the dynamical system lies.

[ )

20 10%

10 10° |

0 ﬂ i 10*:

-10 10

-20 10!
0 20 40 60 80 100 0 20 40 60 80 100

(a) w1 as a function of time (b) Ewvolution of error for a small perturbation

Fig. 2.7: Dynamics of the Lorenz '63 model in the chaotic regime (a,b,r) = (10, §,28).

Example 2.7. The Lorenz-96 model is a simple dynamical system, of tunable dimension,
that was designed as a caricature of the dynamics of Rossby waves in atmospheric dynamics.
The equations have a periodic “ring” formulation and take the form?

d
% — v (vhgr — ko) — vk + F, ke{l,--- K}, (2.182)
Vg = Vg, VK41 = V1, UV—_1 =UK-1. (2.18b)

Equation (2.18) satisfies the same dissipativity property (2.16) satisfied by the Lorenz ’63
model, for appropriate choice of a, 5 > 0, and hence also satisfies the absorbing ball prop-
erty (2.17), thus having a global attractor (see Definition 1.23).

In Figure 2.8a, we plot a trajectory of vy versus time for ' = 8 and K = 40. Furthermore,
as we did in the case of the Lorenz 63 model, we also show the evolution of the Euclidean
norm of the error | - | for an initial perturbation of magnitude 10~*; this is displayed in
Figure 2.8b and clearly demonstrates sensitive dependence on initial conditions. We visualize
the attractor, projected onto two different pairs of coordinates, in Figure 2.9.

[ )

3 Again, here the index denotes components of the solution, not discrete time.
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(a) v1 as a function of time (b) Ewvolution of error for a small initial perturba-
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Fig. 2.8: Dynamics of the Lorenz-96 model in the chaotic regime (F, K) = (8,40).
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Fig. 2.9: Projection of the Lorenz-96 attractor onto two different pairs of coordinates.

2.3 Smoothing Problem

2.3.1. Probabilistic Formulation of Data Assimilation

Together, (2.1) and (2.2) provide a probabilistic model for the jointly varying random variable
(v,y). In the case of deterministic dynamics, (2.3) and (2.2) provide a probabilistic model for
the jointly varying random variable (vg,y). Thus in both cases, we have a random variable
(u,y), with u = v (respectively u = vg) in the stochastic (respectively deterministic) case.
Our aim is to discover information about the signal v in the stochastic case, or vy in the de-
terministic case, from observation of a single instance of the data y. The natural probabilistic
approach to this problem is to try to find the probability measure describing the random
variable u given y, denoted by u|y. This constitutes the Bayesian formulation of the problem
of determining information about the signal arising in a noisy dynamical model based on
noisy observations of that signal. We will refer to the conditioned random variable u|y in the
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case of either the stochastic dynamics or the deterministic dynamics as the smoothing dis-
tribution. It is a random variable that contains all the probabilistic information about the
signal, given our observations. The key concept that drives this approach is Bayes’s formula
from Section 1.1.4, which we use repeatedly in what follows.

2.3.2. Stochastic Dynamics

We wish to find the signal v from (2.1) from a single instance of data y given by (2.2). To
be more precise, we wish to condition the signal on a discrete time interval Jo = {0,...,J},
given data on the discrete time interval J = {1, ..., J}; we refer to Jo as the data assimilation
window. We define v = {v;}jer,, ¥ = {y;}ien, € = {& }jen,, and n = {n;};er. The smoothing
distribution here is the distribution of the conditioned random variable v|y. Recall that we
have assumed that vy, £, and n are mutually independent random variables. With this fact
in hand, we may apply Bayes’s formula to find the pdf P(v|y).

Prior. The prior on v is specified by (2.1), together with the independence of u and £ and
the i.i.d. structure of £. First note that using (1.5) and the i.i.d. structure of £ in turn, we
obtain

]P)(U) = P(UJaUJ—h'" aUO)

=P(vslvs-1, - ,v0)P(vs-1," -+ ,0)
=P(vslvs-1)P(vs-1,- - ,v0).
Proceeding inductively gives
J-1
P(v) = [T P(vj1lo;)P(wo).
j=0
Now
1) 1 2
P(vg) exp(—§|Co (vo — mo)‘ )a
while

1 1 2
P(vjt1]v;) o eXP(—i‘E_E (”j+1 - ‘I’(”j))‘ )

The probability distribution P(v) that we now write down is not Gaussian, but the distribution
on the initial condition P(vg), and the conditional distributions P(v,41|v;), are all Gaussian,
making the explicit calculations above straightforward.

Combining the preceding information, we obtain

P(v) o exp(—J(v)),
where
_1 2 _ 1 2
J(v) = 3[Cq  (vo — mo)|” + 32720 2272 (vj51 — T(vy)))| (2.19a)
2 — 2
%‘1}0 —WL0|C0 +Zj:01 %‘Uj_’_l —\IJ(U]‘)|2. (219b)
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The pdf P(v) = po(v) proportional to exp(—J(v)) determines a prior measure po on RiFolxn,
The fact that the probability is not in general Gaussian follows from the fact that ¥ is not
in general linear.

Likelihood. The likelihood of the data y|v is determined as follows. It is a (Gaussian)
probability distribution on RF¥I>*™  with pdf P(y|v) proportional to exp(—®(v;y)), where

J—-1
1 2
() =Y §!yj+1 — h(vj41)] - (2.20)

=0

To see this, note that because of the i.i.d. nature of the sequence 7, it follows that

-
|

P(ylv) = | | P(yjs1lv)

o .
[
- O

= P(yj+llvj+1)

R
(S
[l
- o

exp(*%ﬂﬁ*%(yﬂl - h(”j+1))’2>

Il
=)

[CHEEEN

xp(—@(v;y)).

In the applied literature, mg and Cy are often referred to as the background mean and
background covariance respectively; we refer to ® as the model-data misfit functional.

Using Bayes’s formula (1.7), we can combine the prior and the likelihood to determine the
posterior distribution, that is, the smoothing distribution, on v]y. We denote the measure
with this distribution by wu.

Theorem 2.8. The posterior smoothing distribution on vly for the stochastic dynamics
model (2.1), (2.2) is a probability measure pu on RI*™ with pdf P(v|y) = p(v) proportional
to exp(—I(v;y)), where

I(v;y) = J(v) + (v; ). (2.21)
Proof Bayes’s formula (1.7) gives us

Ploly) =

Thus, ignoring constants of proportionality that depend only on y, we have

Puly) o< P(ylv)P
x exp(—®

—~

Uo)
v;y)) exp(—J(v))

= exp(—I(v;y)).

—~

|

Note that although the preceding calculations required only knowledge of the pdfs of

Gaussian distributions, the resulting posterior distribution is non-Gaussian in general, unless

U and h are linear. This is because unless ¥ and h are linear, I(-;y) is not quadratic. We refer
to | as the negative log-posterior. It will be helpful later to note that

p(v)
po(v)

o< exp(—®(v;y)). (2.22)
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2.3.3. Reformulation of Stochastic Dynamics

For the development of algorithms to probe the posterior distribution, the following reformu-
lation of the stochastic dynamics problem can be very useful. For this, we define the vector
€ = (vo, &0, &1, ,€7-1) € RI¥oI? The following lemma is key to what follows.

Lemma 2.9. Define the mapping G : RFolx7 s Rolxn 4y

Gj(v()a§07£17"'75,]_1):’()]‘7 j:O,""J’

where v; is determined by (2.1). Then this mapping is invertible. Furthermore, if U =0, then
G is the identity mapping.

Proof In words, the mapping G takes the initial condition and noise into the signal. Invert-
ibility requires determination of the initial condition and the noise from the signal. From the
signal, we may compute the noise as follows, noting that of course, the initial condition is
specified, and that then we have

& =vig1 —¥Y(vy), j=0,---,J—1

The fact that G becomes the identity mapping when ¥ = 0 follows directly from (2.1) by
inspection. O

We may thus consider the smoothing problem as finding the probability distribution of &,
as defined prior to the lemma, given data y, with y as defined in Section 2.3.2. Furthermore,
we have, using the notion of pushforward,

Poly) = GxP(ly), P(Ely) = G« P(vly). (2.23)

These formulas mean that it is easy to move between the two measures: samples from one
can be converted into samples from the other simply by applying G or G~!. This means that
algorithms can be applied, for example, to generate samples from |y and then convert them
into samples from v]y. We will use this later on. In order to use this idea, it will be helpful to
have an explicit expression for the pdf of £|y. We now find such an expression.

To begin, we introduce the measure ¥y with density my found from py and pg in the case
¥ = 0. Thus

J—1
1 -1 2 1,1
mo(v) o exp —3 Cy 2 (vg — mo)‘ — Z 5\2 20;41]? (2.24a)
j=0
1 —1
2 2
ocexp | — [vo —molg, — 2} Slvils ) (2.24b)
j=
and hence ¥y is a Gaussian measure, independent in each component v; for j = 0,---,J.

By Lemma 2.9, we also deduce that measure ¥y with density 7y is the prior on £ as defined
above:

J—-1

1 1
mo(§) o< exp 3 vo — molZ, — Z §|fj|22 . (2.25)
=0

We now compute the likelihood of y|£. For this, we define

g;(&) = h(G;(€) (2.26)



2.3 Smoothing Problem 37

and note that we may then concatenate the data and write

y=9(&)+n, (2.27)

where n = (11, -+ ,n7) is the Gaussian random variable N (0, I';), where Iy is a block diagonal
nJ x nJ matrix with n x n diagonal blocks I'. It follows that the likelihood is determined by
P(y|€) = N(G(£), I'y). Applying Bayes’s formula from (1.7) to find the pdf for {|y, we obtain
the posterior ¥ on &|y, as summarized in the following theorem.

Theorem 2.10. The posterior smoothing distribution on |y for the stochastic dynamics
model (2.1), (2.2) is a probability measure ¥ on RYI*™ with pdf P(E|y) = n(€) proportional
to exp(=Ir(&;y)), where

(& y) = Ir(€) + (& y), (2.28)
Dr(&iy) = 51y~ GO,

and
1 |
2 2
Jr(€) == 5 [vo —maolg, + § 3 1€l -
Jj=0

We refer to Iy as the negative log-posterior.

2.3.4. Deterministic Dynamics

It is also of interest to study the posterior distribution on the initial condition in the case
that the model dynamics contains no noise and is given by (2.3); this we now do. Recall that
U0U)(.) denotes the j—fold composition of ¥(-) with itself. In the following, we sometimes
refer to Jqer as the background penalization, and mg and Cj as the background mean and
covariance; we refer to ®ge; as the model-data misfit functional.

Theorem 2.11. The posterior smoothing distribution on voly for the deterministic dynamics
model (2.3), (2.2) is a probability measure v on R™ with density P(voly) = o(vo) proportional
to exp(—laet(vo; y)), where

laet (Vo3 ¥) = Jaet (Vo) + Paet (vo; ), (2.29a)
1 2
Jaet (vo) = §|Uo - m0|co’ (2.29Db)
I-1 ‘ ,
Paet(vo3 y) = Z §|yj+1 - h(\I’(ﬁl)(vo)) |F. (2.29¢)
7=0

Proof We again use Bayes’s rule, which states that

P(y|vo)P(vo) _
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Thus, ignoring constants of proportionality that depend only on y, we have
P(voly) o< P(y|vo)P(vo)
o exp(~ B (w03)) exp (5 ey — ol
= exp(—laet(vo; ¥))-

Here we have used the fact that P(y|vg) is proportional to exp(—@dct(vo;y)); this follows

from the fact that y;|vo form an ii.d. sequence of Gaussian random variables N (h(v;),I")

with v; = W0 (vy). O
We refer to lget as the negative log-posterior.

2.4 Filtering Problem

The smoothing problem considered in the previous section involves, potentially, conditioning
v; on data yi with & > j. Such conditioning can be performed only offfine and is of no use in
online scenarios in which we want to determine information on the state of the signal now,
hence using only data from the past up to the present. To study this situation, let Y; =
{m {:1 denote the accumulated data up to time j. Filtering is concerned with determining
P(v;]Y;), the pdf associated with the probability measure on the random variable v;|Y}; in
particular, filtering is concerned with the sequential updating of this pdf as the index j is
incremented. This update is defined by the following procedure, which provides a prescription
for computing P(vj41|Yj41) from P(v;]Y;) via two steps: prediction, which computes the
mapping P(v;|Y;) — P(v;41]Y;), and analysis, which computes P(vj;1]Y;) — P(vj41|Yj41)
by application of Bayes’s formula.

Prediction. Note that P(v;4+1]Y;,v;) = P(vj4+1]v;), because Y; contains noisy and indirect
information about v; and cannot improve upon perfect knowledge of the variable v;. Thus,
by (1.5), we deduce that

Pluyial¥) = [ Pyl 0P, ¥, )doy (2.308)
=/ P(vjp1|v)P(v;[Y)dv;. (2.30b)

Note that since the forward model equation (2.1) determines P(v;1|v;), this prediction step
provides the map from P(v;|Y;) to P(v;41|Y;). This prediction step simplifies in the case of
deterministic dynamics (2.3); in this case, it simply corresponds to computing the pushforward
of P(v;|Y;) under the map W.

Analysis. Note that P(y;41|vj+1,Y;) = P(y;41]|vj41), because Y; contains noisy and indirect
information about v; and cannot improve upon perfect knowledge of the variable v;4,. Thus,
using Bayes’s formula (1.7), we deduce that

P(vj41]Yjt1) = P(vj+1]Yj, yj+1)
P(yj+1]vj+1, Yj)P(v41]Y;)
P(yj+11Y;)
_ Pys]vj+1)P(0j1]Y5) (2.31)
P(yj+11Y5)
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Since the observation equation (2.2) determines P(y;4+1|v;41), this analysis step provides a
map from P(v;11[Y;) to P(vj1|Yjt1).

Filtering Update. Together, then, the prediction and analysis step provide a mapping from
P(v;]Y;) to P(v;41|Yj41). Indeed, if we let p; denote the probability measure on R™ corre-
sponding to the density P(v;]Y;), and let fi; 1 be the probability measure on R™ corresponding
to the density P(vj41]Y;), then the prediction step maps p; to fij+1, while the analysis step
maps fij+1 to pj+1. However, there is, in general, no easily usable closed-form expression for
the density of 1, namely P(v;|Y;). Nevertheless, formulas (2.30), (2.31) form the starting
point for numerous algorithms to approximate P(v;|Y;). In terms of analyzing the particle
filter, it is helpful conceptually to write the prediction and analysis steps as

Hj+1 = Pp; fi+1 = Ljfij1. (2.32)

Note that P does not depend on j, since the same Markov process governs the prediction
step at each j; however, L; depends on j, because the likelihood sees different data at each
j. Furthermore, the formula fi;11 = Pu; summarizes (2.30), while p;11 = L;[ij41 summa-
rizes (2.31). Note that P is a linear mapping, while L; is nonlinear; this issue is discussed in
Sections 1.4.1 and 1.4.3 at the level of pdfs.

2.5 Filtering and Smoothing are Related

The filtering and smoothing approaches to determining the signal from the data are distinct
but related. They are related by the fact that in both cases, the solutions computed at the
end of any specified time interval are conditioned on the same data and must hence coincide;
this is made precise in the following.

Theorem 2.12. Let P(v]y) denote the smoothing distribution on the discrete time interval
j € Jo, and P(vs|Yy) the filtering distribution at time j = J for the stochastic dynamics
model (2.1). Then the marginal of the smoothing distribution on vy is the same as the filtering
distribution at time J:

/]P’(v|y)dvodv1 coodvy_1 =P(ug|Yy).

Proof Note that y =Y. Since v = (vo,...,v5_1,v7), the result follows trivially. O

Remark 2.13. Note that the marginal of the smoothing distribution on say v;, j < J, is not
equal to the filter P(v;]Y;). This is because the smoother induces a distribution on v; that is
influenced by the entire data set Yy =y = {yi}icy; in contrast, the filter at j involves only
the data Y; = {y1}ieqa,....53- '

It is also interesting to mention the relationship between filtering and smoothing in the
case of noise-free dynamics. In this case, the filtering distribution P(v;|Y;) is simply found
as the pushforward of the smoothing distribution on P(vg|Y;) under W\, that is, under j
applications of V.

Theorem 2.14. Let P(voly) denote the smoothing distribution on the discrete time interval
j € Jo, and P(v;|Yy) the filtering distribution at time j = J for the deterministic dynamics
model (2.3). Then the pushforward of the smoothing distribution on vy under U()) s the same
as the filtering distribution at time J:

T P(vo|Yy) = P(vg|Yy).
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2.6 Well-Posedness

Well-posedness of a mathematical problem refers, generally, to the existence of a unique
solution that depends continuously on the parameters defining the problem. We have shown,
for both filtering and smoothing, how to construct a uniquely defined probabilistic solution
to the problem of determining the signal given the data. In this setting, it is natural to
consider well-posedness with respect to the data itself. Thus we now investigate the continuous
dependence of the probabilistic solution on the observed data; indeed, we will show Lipschitz
dependence. To this end, we need probability metrics, as introduced in Section 1.3.

As we do throughout these notes, we perform all calculations using the existence of every-
where positive Lebesgue densities for our measures. We let gy denote the prior measure on
v for the smoothing problem arising in stochastic dynamics, as defined by (2.1). Then p and
1’ denote the posterior measures resulting from two different instances of the data, y and 3’
respectively. Let pg, p, and p’ denote the Lebesgue densities on pg, g, and p' respectively.
Then for J and ® as defined in (2.19) and (2.20),

po(v) = Zi exp(~J(v)), (2.33)
p(0) = 7 exp(—J(e) — @(v3)), (2330)
o (0) = 7 xp(—J0) — (o)), (2.33¢)

where
Zy = / exp(—J(v))dv, (2.34a)
7= / exp(—J(v) — ®(v; y))dv, (2.34D)
7 - / exp(—J(v) — B(v;y))dv. (2.34¢)

Here, and in the proofs that follow in this section, all integrals are over R/ (or in the
case of the deterministic dynamics model at the end of the section, over R™). Note that |Jo|
is the cardinality of the set Jy and is hence equal to J + 1. To this end, we note explicitly
that (2.33a) implies that

exp(—J(v))dv = Zypo(v)dv = Zopo(dv), (2.35)

indicating that integrals weighted by exp(—J(v)) may be rewritten as expectations with
respect to pg. We use the identities (2.33), (2.34), and (2.35) repeatedly in what follows
to express all integrals as expectations with respect to the measure pg. In particular, the
assumptions that we make for the subsequent theorems and corollaries in this section are
all expressed in terms of expectations under o (or under vy for the deterministic dynamics
problem considered at the end of the section). This is convenient, because it relates to the
unconditioned problem of stochastic dynamics for v in the absence of any data, and may thus
be checked once and for all, independently of the particular data set y or ¢’ that are used to
condition v and obtain u and p'.

We assume throughout what follows that 1,4y’ are both contained in a ball of radius r
in the Euclidean norm on RHI*" Again, |J| is the cardinality of the set J and is hence
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equal to J. We also note that Z; is bounded from above independently of r, because pg is
the density associated with the probability measure jg, which is therefore normalizable, and
this measure is independent of the data. It also follows that Z < Z,, Z’' < Z; using (2.35)
in (2.34b), (2.34c), together with the fact that ®(-;y) is a positive function. Furthermore, if
we assume that

vi=> (1+[h(v;)?) (2.36)

JjE€l
satisfies E#°v < oo, then both Z and Z’ are positive with common lower bound depending
only on r, as we now demonstrate. It is sufficient to prove the result for Z, which we now
do. In the following, and in the proofs that follow, K denotes a generic constant, which may

depend on r and J but not on the solution sequence v, and which may change from instance
to instance. Note first that by (2.34), (2.35),

Zio = /exp(—@(v;y))po(v)dv > /exp(—Kv)po(v)dv.

Since EFov < 0o, we deduce from (1.2) that for R sufficiently large,

Z > exp(—KR) / po(v)dv = exp(—KR)P*(|v| < R)
Zy vI<R

> exp(—KR)(1— R™'E*v).

Since K depends on y,y" only through r, we deduce that by choosing R sufficiently large, we
have found lower bounds on Z, Z’ that depend on y,y’ only through 7.

Finally, we note that since all norms are equivalent on finite-dimensional spaces, there is
constant K such that

2

J—1
D oy —vialt | <Kly—y/l. (2.37)
7=0

The following theorem then shows that the posterior measure is in fact Lipschitz continuous,
in the Hellinger metric, with respect to the data.

Theorem 2.15. Consider the smoothing problem arising from the stochastic dynamics model
(2.1), resulting in the posterior probability distributions u and p' associated with two different
data sets y and y'. Assume that EFov < oo, where v is given by (2.36). Then there exists
¢ = ¢(r) such that for all |yl,|y'| <r,

duen(p, ') < cly —y/'|.

Proof We have, by (2.33), (2.35),

(s = 5 [ Vol0) = VP

1 1 1
i lie*fb(v;y) — -
2/ "Wz N

S Il +I27
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where

1 4 Nt
I = ZO/Z‘E—%%@) — e 320 | o (0)do,

and using (2.33) and (2.34),

2

e~ ) oo (v)dv

2
!

1 1

We estimate I first. Since as shown before the theorem, Z, 7’ are bounded below by a
positive constant depending only on r, we have

1 L | z-Z
= WZ-VZ'*= = 7 _ 72
7! | Z\\F+W|2_ Kl |

Since ®(v;y) > 0 and ®(v;y’) > 0, we have from (2.33), (2.34), using the fact that e™* is
Lipschitz on R,

2215 % [ 1709 o)
< 2o [ [8(i9) - B0y pa(w)o

By definition of ® and use of (2.37), we have

J—1
1
[@(0s) = @iy) < 5 Y lwjer = Yialrlyien + ¥50 = 2h(v4)lr
j 0
1 1
1 2 J—1 2
<3 Z|yg+1 il > i1 + Y — 2h(vig)|F
=0

[N

J—1
<Kly—y'| [ D1+ [h(v;+1))
7=0
= Kly—y/Iv?.
Since E#ov < oo implies that Erovs < 00, it follows that
1Z - Z'| < Kly —y|.
Hence I < K|y — /|

Using that Zj is bounded above independently of r, that Z is bounded below, depending
on data only through r, and that e 2% is Lipschitz on R, it now follows that I; satisfies

<K [ [80) - B0y polo)de
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Squaring the preceding bound on |®(v;y) — ®(v;y')| gives

@ (vsy) — @(vsy")]* < Kly — ¢/,
and so I} < K|y —o/|?, as required. a

Corollary 2.16. Consider the smoothing problem arising from the stochastic dynamics model
(2.1), resulting in the posterior probability distributions p and p' associated with two different
data sets y and y'. Assume that E*ov < oo, where v is given by (2.36). Let f : RlJolx» 5 RP
be such that E#°|f(v)|? < oo. Then there is ¢ = c(r) > 0 such that for all |y|, |y'| < r,

[E# f(0) =B f(0)] < cly —y/].

Proof First note that since ®(v;y) > 0, Zy is bounded above independently of r, and since
Z is bounded from below depending only on r, E#|f(v)|?> < cE#°|f(v)|?; and a similar bound
holds under y'. The result follows from (1.13) and Theorem 2.15. O

Using the relationship between filtering and smoothing as described in the previous section,
we may derive a corollary concerning the filtering distribution.

Corollary 2.17. Consider the smoothing problem arising from the stochastic dynamics model
(2.1), resulting in the posterior probability distributions p and p' associated with two different
data sets y and y'. Assume that EFov < oo, where v is given by (2.36). Let g : R™ — RP be
such that E#0|g(vy)|? < co. Then there is ¢ = c(r) > 0 such that for all |y, |y'| <,

(B g(u) —BF7 g(u)| < efYs = Y7,

where py and 'y denote the filtering distributions at time J corresponding to data Yy, Y}
respectively (i.e., the marginals of p and p' on the coordinate at time J).

Proof Since by Theorem 2.12, pj is the marginal of the smoother on the v -coordinate, the
result follows from Corollary 2.16 by choosing f(v) = g(vy). d

A similar theorem and corollaries may be proved for the case of deterministic dynamics (2.3)
and the posterior P(vg|y). We state the theorem and leave its proof to the reader. We let g
denote the prior Gaussian measure N(mg,Cy) on vy for the smoothing problem arising in
deterministic dynamics, and v and v’ the posterior measures on vg resulting from two different
instances of the data, y and y’ respectively. We also define

J—1

Vo = Z(]. + |h(\II(J+1) (Uo)) ’2)

Jj=0

Theorem 2.18. Consider the smoothing problem arising from the deterministic dynamics
model (2.3). Assume that E*°vy < co. Then there is ¢ = ¢(r) > 0 such that for all |y|, |y'| < r,

duen(v, V') < cly — /|

2.7 Assessing the Quality of Data-Assimilation Algorithms

It is helpful in studying algorithms for data assimilation to ask two questions: (i) how inf-
ormative is the data we have? (ii) how good is our algorithm at extracting the requisite
information? These are two separate questions, answers to both of which are required in
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the quest to understand how well we perform at extracting a signal, using model and data.
We take the two questions separately, in turn; however, we caution that many applied papers
entangle them both and simply measure algorithm quality by ability to reconstruct the signal.

Answering question (i) is independent of any particular algorithm: it concerns the proper-
ties of the Bayesian posterior pdf itself. In some cases, we will be interested in studying the
properties of the probability distribution on the signal, or the initial condition, for a particu-
lar instance of the data generated from a particular instance of the signal, which we call the
truth. In this context, we will use the notation y! = {y;} to denote the realization of the data

generated from a particular realization of the truth vt = {’U;r} We first discuss properties of
the smoothing problem for stochastic dynamics. Posterior consistency concerns the ques-
tion of the limiting behavior of P(v|y') as either J — oo (large data sets) or |I'] — 0 (small
noise). A key question is whether P(v|y’) converges to the truth in either of these limits;
this might happen, for example, if P(v|y') becomes closer and closer to a Dirac probability
measure centered on vT. When this occurs, we say that the problem exhibits Bayesian poste-
rior consistency; it is then of interest to study the rate at which the limit is attained. Such
questions concern the information content of the data; they do not refer to any algorithm, and
therefore, they are not concerned with the quality of any particular algorithm. In consider-
ing filtering, rather than smoothing, a particular instance of this question concerns marginal
distributions: for example, one may be concerned with posterior consistency of P(v J\yjf,) with
respect to a Dirac measure on U} in the filtering case; see Theorem 2.12. For the case of
deterministic dynamics, the distribution P(v|y') is completely determined by P(vg|y’) (see
Theorem 2.14), so one may discuss posterior consistency of P(vg|y') with respect to a Dirac
measure on vg.

Here it is appropriate to mention the important concept of model error. In many (in fact
most) applications, the physical system that generates the data set {y;} can be (sometimes
significantly) different from the mathematical model used, at least in certain aspects. This can
be thought of conceptually by imagining data generated by (2.2), with vf = {Uj} governed
by the deterministic dynamics

U}-_g_l = \Ijtrue(’U;)a .7 S Z+a (238&)
o) u ~ N(mg, Cp). (2.38b)

Here the function Wy, governs the dynamics of the truth that underlies the data. We assume
that the true solution operator is not known to us exactly, and we seek instead to combine
the data with the stochastic dynamics model (2.1); the noise {¢;} is used to allow for the
discrepancy between the true solution operator Wy, and that used in our model, namely V.
It is possible to think of many variants on this situation. For example, the dynamics of the
truth may be stochastic; or the dynamics of the truth may take place in a higher-dimensional
space than that used in our models, and may need to be projected into the model space.
Statisticians sometimes refer to the situation in which the data source differs from the model
used as model misspecification.

We now turn from the information content, or quality, of the data to the quality of alg-
orithms for data assimilation. We discuss three approaches to assessing quality. The first,
fully Bayesian, approach can be defined independently of the quality of the data. The second
approach, estimation, entangles the properties of the algorithm with the quality of the data.
We discuss these two approaches in the context of the smoothing problem for stochastic dyn-
amics. The reader will easily see how to generalize to smoothing for deterministic dynamics
or to filtering. The third approach is widely used in operational numerical weather prediction
and judges quality by the ability to predict.
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Bayesian Quality Assessment. Here we assume that the algorithm under consideration
provides an approximation Pupprox(v|y) to the true posterior distribution P(v]y). We ask the
following question: how close is Papprox (v]y) to P(v|y)? We might look for a distance measure
between probability distributions, or we might simply compare some important moments of
the distributions, such as the mean and covariance. Note that this version of quality assessment
does not refer to the concept of a true solution vT. We may apply it with y = yT, but we may
also apply it when there is model error present and the data comes from outside the model
used to perform data assimilation. However, if combined with Bayesian posterior consistency,
when y = yt, then the triangle inequality relates the output of the algorithm to the truth vf.
Very few practitioners evaluate their algorithms by this measure. This reflects the fact that
knowing the true distribution P(v|y) is often difficult in practical high-dimensional problems.
However, it is arguably the case that practitioners should spend more time querying their
algorithms from the perspective of Bayesian quality assessment, since the algorithms are
often used to make probabilistic statements and forecasts.

Signal Estimation Quality Assessment. Here we assume that the algorithm under
consideration provides an approximation to the signal v underlying the data, which we denote
by Vapprox; thus vapprox attempts to determine and then track the true signal from the data.
If the algorithm actually provides a probability distribution, then this estimate might be, for
example, the mean. We ask the following question: if the algorithm is applied in the situation
in which the data yT is generated from the signal vT, how close is Vapprox tO vT? There are
two important effects at play here: the first is the information content of the data—does the
data actually contain enough information to allow for accurate reconstruction of the signal
in principle? And the second is the role of the specific algorithm used—does the specific
algorithm in question have the ability to extract this information when it is present? This
approach thus measures the overall effect of these two in combination.

Forecast Skill. In many cases, the goal of data assimilation is to provide better forecasts
of the future, for example in numerical weather prediction. In this context, data-assimilation
algorithms can be benchmarked by their ability to make forecasts. This can be discussed in
both the Bayesian quality and signal estimation senses. We first discuss Bayesian estimation
forecast skill in the context of stochastic dynamics. The Bayesian k-lag forecast skill can be
defined by studying the distance between the approximation P,pprox(v|y) and P(v|y) when
both are pushed forward from the endpoint of the data assimilation window by k applications
of the dynamical model (2.1); this model defines a Markov transition kernel that is applied
k times to produce a forecast. We now discuss signal estimation forecast skill in the context
of deterministic dynamics. Using vapprox at the endpoint of the assimilation window as an
initial condition, we run the model (2.3) forward by k steps and compare the output with
v; 45 In practical applications, this forecast methodology inherently confronts the effect of
model error, since the data used to test forecasts is real data that is not generated by the
model used to assimilate, as well as information content in the data and algorithm quality.

2.8 Illustrations

In order to build intuition concerning the probabilistic viewpoint on data assimilation, we des-
cribe some simple examples in which the posterior distribution may be visualized easily. For
this reason, we concentrate on the case of one-dimensional deterministic dynamics; the pos-
terior pdf P(vg|y) for deterministic dynamics is given by Theorem 2.11. It is one-dimensional
when the dynamics is one-dimensional and takes place in R. In Section 3, we will introduce



46 2 Discrete Time: Formulation

more sophisticated sampling methods to probe probability distributions in higher dimensions
that arise from noisy dynamics and/or from high-dimensional models.

Figure 2.10 concerns the scalar linear problem from Example 2.1 (recall that throughout
this section, we consider only the case of deterministic dynamics) with A = 0.5. We employ
a prior N(4,5), we assume that h(v) = v, and we set I" = 42 and consider two different
values of v and two different values of .J, the number of observations. The figure shows
the posterior distribution in these various parameter regimes. The true value of the initial
condition that underlies the data is vg = 0.5. For both v = 1.0 and 0.1, we see that as
the number of observations J increases, the posterior distribution appears to converge to
a limiting distribution. However, for smaller -, the limiting distribution has much smaller
variance, and is centered closer to the true initial condition at 0.5. Both of these observations
can be explained, using the fact that the problem is explicitly solvable: we show that for
fixed v and J — oo, the posterior distribution has a limit, which is a Gaussian with nonzero
variance. And for fixed J, as 7 — 0, the posterior distribution converges to a Dirac measure
(Gaussian with zero variance) centered at the truth vg;.

To see these facts, we start by noting that from Theorem 2.11, the posterior distribution
on vg|y is proportional to the exponential of

J—1

1 I+1 2 1 2
laet (vos y) ;}|yj+1—>\j+ o +E|U0_m0| )

:27’}/2'_

where 03 denotes the prior variance Cy. As a quadratic form in vg, this defines a Gaussian
posterior distribution, and we may complete the square to find the posterior mean m and
variance o2,

post*
1 1 &= 1 1 /22— 2+ 1
7:72>\2(j+1)+7:7 A — T
o2 2 o2 2 1_ 22 o2
post Y =0 0 Y 0
and
1 12
—m=— > Ay 4+ —mg
Upost Y =0

We note immediately that the posterior variance is independent of the data. Furthermore, if
we fix v and let J — oo, then for every |A| < 1, we see that the large-J limit of the posterior

variance is determined by
1 1/ A 1
2=l o
Upost Y 99

and is nonzero; thus uncertainty remains in the posterior, even in the limit of large data. On
the other hand, if we fix J and let v — 0, then o2, — 0, so that uncertainty disappears in
this limit. It is then natural to ask what happens to the mean. To this end, we assume that

the data is itself generated by the linear model of Example 2.1, so that
yi+1 = Nl 9G4,

where (; is an i.i.d. Gaussian sequence with {; ~ N(0,1). Then

1 1
—m = —
Ugost ’72

22— >\2J+2) Pl J-1 1
— v, + — )\(]H)C' 1+ —=mg.
( 1—)2 0 7; T g2
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Using the formula for 2, we obtain
A2 _ )\2J+2 42 A2 _ \2J+2 J-1 2
— | +1 0
(e mr = (=)o 2 AT 1+ ogmo.
=

From this, it follows that for fixed J and as v — 0, m — vg, almost surely with respect to
the noise realization {(;};ej. This is an example of posterior consistency.
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Fig. 2.10: Posterior distribution for Examples 2.1 for different levels of observational noise.
The true initial condition used in both cases is vg = 0.5, while we have assumed that Cy = 5
and mg = 4 for the prior distribution.

We now study Example 2.4, in which the true dynamics are no longer linear. We begin our
investigation taking r = 2, and we investigate the effect of choosing different prior distribu-
tions. Before discussing the properties of the posterior, we draw attention to two facts. Firstly,
as Figure 2.5a shows, the system converges in a small number of steps to the fixed point at
1/2 for this value of r = 2. And secondly, the initial conditions vy and 1 — vy both result
in the same trajectory if the initial condition is ignored. The first point implies that after
a small number of steps, the observed trajectory contains very little information about the
initial condition. The second point means that since we observe from the first step onward,
only the prior can distinguish between vy and 1 — vy as the starting point.

Figure 2.11 concerns an experiment in which the true initial condition underlying the
data is v(]; = 0.1. Two different priors are used, both with Cy = 0.01, giving a standard
deviation of 0.1, but with different means. The figure illustrates two facts: firstly, even with
103 observations, the posterior contains considerable uncertainty, reflecting the first point
above. Secondly, the prior mean has an important role in the form of the posterior pdf:
shifting the prior mean to the right, from my = 0.4 to mg = 0.7, results in a posterior that
favors the initial condition 1 — vg rather than the truth vg.

This behavior of the posterior changes completely if we assume a flatter prior. This is
illustrated in Figure 2.12, where we consider the prior N (0.4, Cp) with Cy = 0.5 and 5 respec-
tively. As we increase the prior covariance, the mean plays a much weaker role than in the
preceding experiments: we now obtain a bimodal posterior centered at both the true initial
condition vg, and also at 1 — vg.
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Fig. 2.11: Posterior distribution for Example 2.4 for » = 2 in the case of different means for
the prior distribution. We have used Cy = 0.01, v = 0.1, and true initial condition vy = 0.1;
see also p2.m in Section 5.1.2.
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Fig. 2.12: Posterior distribution for Example 2.4 for » = 2 in the case of different covariance
for the prior distribution. We have used mg = 0.4, v = 0.1, and true initial condition vy = 0.1.

In Figure 2.13, we consider the quadratic map (2.9) with » = 4, J = 5, and prior
N(0.5,0.01), with observational standard deviation v = 0.2. Here, after only five observa-
tions, the posterior is very peaked, although because of the v — 1 — v symmetry mentioned
above, there are two symmetrically related peaks; see Figure 2.13a. It is instructive to look at
the negative of the logarithm of the posterior pdf, which, up to an additive constant, is given
by lget (vo; ) in Theorem 2.11. The function lget(+;y) is shown in Figure 2.13b. Its complexity
indicates the considerable complications underlying the solution of the smoothing problem.
We will return to this last point in detail later. Here we simply observe that normalizing the
posterior distribution requires evaluation of the integral

/ e 1w ¥) gy,
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This integral may often be determined almost entirely by very small subsets of R”, meaning
that this calculation requires some care; indeed, if I(+) is very large over much of its domain,
then it may be impossible to compute the normalization constant numerically. We note,
however, that the sampling methods that we will describe in the next chapter do not require
evaluation of this integral.
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Fig. 2.13: Posterior distribution and negative log-posterior for Example 2.4 for r = 4 and
J = 5. We have used Cy = 0.01,m¢ = 0.5, v = 0.2, and true initial condition vy = 0.3.

2.9 Bibliographic Notes

e Section 2.1, Data Assimilation, has its roots in the geophysical sciences and is driven by the
desire to improve inaccurate models of complex dynamically evolving phenomena by means
of incorporation of data. The book [81] describes data assimilation from the viewpoint
of the atmospheric sciences and weather prediction, while the book [12] describes the
subject from the viewpoint of oceanography. These two subjects were the initial drivers for
evolution of the field. However, other applications are increasingly using the methodology
of data assimilation, and the oil industry in particular is heavily involved in the use, and
development, of algorithms in this area [115]. The recent book [1] provides a perspective on
the subject from the viewpoint of physics and nonlinear dynamical systems, and includes
motivational examples from neuroscience, as well as the geophysical sciences. The article
[74] is a useful one to read because it establishes a notation that is now widely used in
the applied communities, and the articles [111, 6] provide simple introductions to various
aspects of the subject from a mathematical perspective. The special edition of the journal
Physica D devoted to data assimilation, [75], provides an overview of the state of the art
around a decade ago.

e It is useful to comment on generalizations of the setup described in Section 2.1. First we
note that we have assumed a Gaussian structure for the additive noise appearing in both
the signal model (2.1) and the data model (2.2). This is easily relaxed in much of what
we describe here, provided that an explicit formula for the probability density function
of the noise is known. However, the Kalman filter, described in the next chapter, relies
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explicitly on the closed Gaussian form of the probability distributions resulting from the
assumption of Gaussian noise. There are also other parts of the notes, such as the pCN
MCMC methods and the minimization principle underlying approximate Gaussian filters,
also both described in the next chapter, that require the Gaussian structure. Second, we
note that we have assumed additive noise. This, too, can be relaxed, but that has the com-
plication that most nonadditive noise models do not yield explicit formulas for the needed
conditional probability density functions; for example, this situation arises if one looks at
stochastic differential equations over discrete time intervals—see [17] and the discussion
therein. However, some of the methods we describe rely only on drawing samples from the
desired distributions and do not require the explicit conditional probability density func-
tion. Finally, we note that much of what we describe here translates to infinite-dimensional
spaces with respect to both the signal space and the data space; however, in the case of an
infinite-dimensional data space, the additive Gaussian observational noise is currently the
only situation that is well developed [133].

Section 2.2. The subject of deterministic discrete-time dynamical systems of the form (2.3)
is reviewed in numerous texts; see [147] and the references therein, and Chapter 1 of [134],
for example. The subject of stochastic discrete-time dynamical systems of the form (2.1),
and in particular the property of ergodicity that underlies Figure 2.4, is covered in some
depth in [108]. The exact solutions of the quadratic map (2.9) for r = 2 and r = 4 may be
found in [127] and [96] respectively. The Lorenz '63 model was introduced in [95]. Not only
does this paper demonstrate the possibility of chaotic behavior and sensitivity with respect
to initial conditions, but it also makes a concrete connection between a three-dimensional
continuous-time dynamical system and a one-dimensional chaotic map of the form (2.1).
Furthermore, a subsequent computer-assisted proof demonstrated rigorously that the ODE
indeed exhibits chaos [139, 140]. The book [132] discusses properties of the Lorenz '63 model
in some detail, and the book [51] discusses properties such as fractal dimension. The shift
of origin that we have adopted for the Lorenz ’63 model is explained in [137]; it enables
the model to be written in an abstract form that includes many geophysical models of
interest, such as the Lorenz 96 model, introduced in [97], and the Navier—Stokes equation
on a two-dimensional torus [102, 137]. We now briefly describe this common abstract form.
The vector u € R’ (J = 3 for Lorenz ’63, J arbitrary for Lorenz’ 96) solves the equation

du

7 + Au+ B(u,u) = f, u(0) = ug, (2.39)

where there is A > 0 such that for all w € R”,
<Aw,w> > >‘|w|27 <B(w7w)7w> =0.
Taking the inner product with u shows that

Ld

S Sl + Aul? < (f,u).

If f is constant in time, then this inequality may be used to show that (2.16) holds:

Td, 5 1 .5 A o

Sl < —|f)? = Zul?

Sl < oI fP = S

Integrating this inequality gives the existence of an absorbing set and hence leads to the
existence of a global attractor; see Example 1.22, the book [137], or Chapter 2 of [134], for
example.
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e Section 2.3 contains the formulation of data assimilation as a fully nonlinear and non-
Gaussian problem in Bayesian statistics. This formulation is not yet the basis of practi-
cal algorithms in geophysical systems such as weather forecasting. This is because global
weather forecast models involve n = O(10°) unknowns, and incorporate m = O(10°) data
points daily; sampling the posterior on R™ given data in R™ in an online fashion, usable for
forecasting, is beyond current algorithmic and computational capability. However, the fully
Bayesian perspective provides a fundamental mathematical underpinning of the subject,
from which other more tractable approaches can be systematically derived. See [133] for
a discussion of the Bayesian approach to inverse problems. Historically, data assimilation
did not evolve from this Bayesian perspective, but rather evolved out of the control theory
perspective. This perspective is summarized well in the book [77]. However, the importance
of the Bayesian perspective is increasingly being recognized in the applied communities. In
addition to providing a starting point from which to derive approximate algorithms, it also
provides a gold standard against which other more ad hoc algorithms can be benchmarked;
this use of Bayesian methodology was suggested in [89] in the context of meteorology (see
discussion that follows), and then employed in [76] in the context of subsurface inverse
problems arising in geophysics.

e Section 2.4 describes the filtering, or sequential, approach to data assimilation, within the
fully Bayesian framework. For low-dimensional systems, the use of particle filters, which
may be shown to approximate the required filtering distribution rigorously as it evolves
in discrete time, has been enormously successful; see [48] for an overview. Unfortunately,
these filters can behave poorly in high dimensions [19, 11, 129]. While there is ongoing work
to overcome these problems with high-dimensional particle filtering, see [16, 28, 143], for
example, this work has yet to impact practical data assimilation in, for example, operational
weather forecasting. For this reason, the ad hoc filters, such as the 3DVAR filter, extended
Kalman filter, and ensemble Kalman filter, described in Chapter 4, are of great practical
importance. Their analysis is hence an important challenge for applied mathematicians.

e Section 2.6, on data assimilation, may be viewed as an inverse problem to determine
the signal from the observations. Inverse problems in differential equations are often ill
posed when viewed from a classical nonprobabilistic perspective. One reason for this is
that the data may not be informative about the whole signal, so that many solutions
are possible. However, taking the Bayesian viewpoint, in which the many solutions are
all given a probability, allows for well-posedness to be established. This idea is used for
data-assimilation problems arising in fluid mechanics in [32], for inverse problems arising
in subsurface geophysics in [44, 42], and described more generally in [133]. Well-posedness
with respect to changes in the data is of importance in its own right, but also more generally
because it underpins other stability results that can be used to control perturbations. In
particular, the effect of numerical approximation on integration of the forward model can
be understood in terms of its effect on the posterior distribution; see [33]. A useful overview
of probability metrics, including Hellinger and total-variation metrics, is contained in [57].

e Section 2.7. The subject of posterior consistency is central to the theory of statistics in
general [141], and within Bayesian statistics in particular [13, 15, 56]. Assessing the quality
of data assimilation algorithms is typically performed in the “signal estimation” framework
using identical twin experiments in which the data is generated from the same model
used to estimate the signal; see [75] and the references therein. The idea of assessing
“Bayesian quality” has only recently been used within the data-assimilation literature;
see [89], where this approach is taken for the Navier—-Stokes inverse problem formulated
in [32]. The evaluation of algorithms by means of forecast skill is enormously influential in
the field of numerical weather prediction and drives a great deal of algorithmic selection.
The use of information theory to understand the effects of model error and to evaluate
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filter performance is introduced in [99] and [22] respectively. There are also a number of
useful consistency checks that can be applied to evaluate the computational model and
its fit to the data [50, 2, 4]. We discuss the idea of the variant known as rank histograms at
the end of Chapter 4. If the empirical statistics of the innovations are inconsistent with the
assumed model, then they can be used to improve the model in the future; this is known
as reanalysis.

2.10 Exercises

1. Consider the map given in Example 2.3 and related program pl.m. By experimenting with
the code, determine approximately the value of o, denoted by a;, at which the noise-free
dynamics changes from convergence to an equilibrium point to convergence to a period-2
solution. Can you find a value of @ = as for which you obtain a period-4 solution? Can
you find a value of & = a3 for which you obtain a nonrepeating (chaotic) solution? For the
values o = 2, g, and a3, compare the trajectories of the dynamical system obtained with
the initial condition 1 and with the initial condition 1.1. Comment on what you find. Now
fix the initial condition at 1 and consider the same values of «, with and without noise
(0 € {0,1}). Comment on what you find. Illustrate your answers with graphics. To get
interesting displays, you will find it helpful to change the value of J (number of iterations)
depending upon what you are illustrating.

2. Consider the map given in Example 2.4 and verify the explicit solutions given for r = 2
and r = 4 in formulas (2.10)—(2.12).

3. Consider the Lorenz ’63 model given in Example 2.6. Determine values of {«, S} for
which (2.16) holds.

4. Consider the Lorenz '96 model given in Example 2.7. Program p19.m plots solutions of
the model, as well as analyzing sensitivity to initial conditions. Study the behavior of the
equation for J = 40, F' = 2, for J = 40, F = 4, and report your results. Fix F' at 8 and play
with the value of the dimension of the system, J. Report your results. Again, illustrate
your answers with graphics.

5. Consider the posterior smoothing distribution from Theorem 2.8. Assume that the stochas-
tic dynamics model (2.1) is scalar and defined by ¥(v) = av for some a € R and X = o2,
and that the observation model (2.2) is defined by h(v) = v and I" = 42. Find explicit
formulas for J(v) and ®(v;y), assuming that vy ~ N(mg, o3).

6. Consider the posterior smoothing distribution from Theorem 2.11. Assume that the dy-
namics model (2.3a) is scalar and defined by ¥(v) = av for some a € R, and that the
observation model (2.2) is defined by h(v) = v and I' = 4%, Find explicit formulas for
Jaet (V) and @yt (vo; y), assuming that vy ~ N(mg, 03).

7. Consider the definition of total variation distance given in Definition 1.27. State and prove
a theorem analogous to Theorem 2.15, but employing the total variation distance instead
of the Hellinger distance.

8. Consider the filtering distribution from Section 2.4 in the case that the stochastic dynamics
model (2.1) is scalar and defined by ¥(v) = av for some a € R and X = 02, and that
the observation model (2.2) is defined by h(v) = v and I" = 72, and vy ~ N(mog,0c?).
Demonstrate that the prediction and analysis steps preserve Gaussianity, so that u; =
N(mj,0%). Find iterative formulas that update (mj;, o) to give (m;y1,07, ).

9. Prove Theorem 2.18.



Chapter 3

Discrete Time: Smoothing Algorithms

The formulation of the data-assimilation problem described in the previous chapter is
probabilistic, and its computational resolution requires the probing of a posterior probabil-
ity distribution on signal-given data. This probability distribution is on the signal sequence
v ={v; };-’:0 when the underlying dynamics is stochastic and given by (2.1); the posterior is
specified in Theorem 2.8 and is proportional to exp(fl(v; y)), given by (2.21). On the other
hand, if the underlying dynamics is deterministic and given by (2.3), then the probability
distribution is on the initial condition vy only; it is given in Theorem 2.11 and is proportional
to exp(—ldet(vo;y)), with lget given by (2.29). Generically, in this chapter, we refer to the
unknown variable as u, and then use v in the specific case of stochastic dynamics and vg in
the specific case of deterministic dynamics. The aim of this chapter is to understand P(u|y).
In this regard, we will do three things:

e find explicit expressions for the pdf P(uly) in the linear, Gaussian setting;

e generate samples {u(™}N_, from P(uly) by algorithms applicable in the non-Gaussian
setting;

e find points where P(uly) is maximized with respect to u, for given data y.

In general, the probability distributions of interest cannot be described by a finite set of
parameters, except in a few simple situations such as the Gaussian scenario, in which the
mean and covariance determine the distribution in its entirety—the Kalman smoother.
When the probability distributions cannot be described by a finite set of parameters, an
expedient computational approach to representing the measure approximately is through the
idea of Monte Carlo sampling. The basic idea is to approximate a measure v by a set of
N samples {u(”)}nez+ drawn, or approximately drawn, from v to obtain the measure vV
given by

~ UV

1 N
I/N = N Z 5u(n). (31)

n=1

We may view this as defining a (random) map S on measures that takes v into vV. If the u("™)
are exact draws from v, then the resulting approximation vV converges to the true measure
v as N — oo.! For example, if v = {v, }'f:o is governed by the probability distribution pg
defined by the unconditioned dynamics (2.1), and with pdf determined by (2.19), then exact

Electronic supplementary material The online version of this chapter (doi: 10.1007/
978-3-319-20325-6_3) contains supplementary material, which is available to authorized users.

! Indeed, we prove such a result in Lemma 4.7 in the context of the particle filter.
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independent samples v(™ = {vﬁ")}jzo are easy to generate, simply by running the dynamics
model forward in discrete time. However, for the complex probability measures of interest
here, where the signal is conditioned on data, exact samples are typically not possible, and
so instead, we use the idea of Monte Carlo Markov chain (MCMC) methods, which
provide a methodology for generating approximate samples. These methods do not require
knowledge of the normalization constant for the measure P(u|y); as we have discussed, Bayes’s
formula (1.7) readily delivers P(uly) up to normalization, but the normalization itself can
be difficult to compute. It is also of interest simply to maximize the posterior probability
distribution to find a single-point estimate of the solution, leading to variational methods,
which we also consider.

Section 3.1 gives explicit formulas for the solution of the smoothing problem in the setting
in which the stochastic dynamics model is linear, and subject to Gaussian noise, for which the
observation operator is linear, and for which the distributions of the initial condition and the
observational noise are Gaussian; this is the Kalman smoother. These explicit formulas help
to build intuition about the nature of the smoothing distribution. In Section 3.2, we provide
some background concerning MCMC methods, and in particular, the Metropolis—Hastings
variant of MCMC, and show how they can be used to explore the posterior distribution.
It can be very difficult to sample the probability distributions of interest with high accuracy,
because of the two problems of high dimension and sensitive dependence on initial conditions.
While we do not claim to introduce the optimal algorithms to deal with these issues, we
do discuss such issues in relation to the samplers we introduce, and we provide references
to the active research ongoing in this area. Furthermore, although sampling of the posterior
distribution may be computationally infeasible in many situations, it provides, where possible,
an important benchmark solution, enabling other algorithms to be compared against a “gold
standard” Bayesian solution.

However, because sampling the posterior distribution can be prohibitively expensive, a
widely used computational methodology is simply to find the point that maximizes the prob-
ability, using techniques from optimization. These are the variational methods, also known
as 4DVAR and weak constraint 4DVAR. We introduce this approach to the problem
in Section 3.3. In Section 3.4, we provide numerical illustrations that showcase the MCMC
and variational methods. The chapter concludes with bibliographic notes in Section 3.5 and
exercises in Section 3.6.

3.1 Linear Gaussian Problems: The Kalman Smoother

The Kalman smoother plays an important role, because it is one of the few examples for
which the smoothing distribution can be explicitly determined. This explicit characterization
occurs because the signal dynamics and observation operator are assumed to be linear. When
combined with the Gaussian assumptions on the initial condition for the signal, and on the
signal and observational noise, this gives rise to a posterior smoothing distribution that is
also Gaussian.

To find formulas for this Gaussian Kalman smoothing distribution, we set

U(v) = Mv, h(v)=Hv (3.2)

for matrices M € R™*™, H € R™*™ and consider the signal/observation model (2.1), (2.2).
Given data y = {y;};er and signal v = {v;}cj,, we are interested in the probability dis-
tribution of v|y, as characterized in Section 2.3.2. By specifying the linear model (3.2) and
applying Theorem 2.8, we obtain the following result:
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Theorem 3.1. The posterior smoothing distribution on v|y for the linear stochastic dynamics
model (2.1), (2.2), (3.2) with Cy, X and I symmetric positive definite is a Gaussian probability
measure p = N(m,C) on RIoIxn The covariance C is the inverse of a symmetric positive
definite block tridiagonal precision matriz

Ly Lo
Loy Loo Log

Ljji
Lji15 Livirsr

with L;j € R™™ given by L1, = Cy '+ MTX M, Lj; = H'T7'H + MTX~'M + X! for

j = 2,...7J, LJJFLJJrl = HTF_lH + E_l, ij+1 = —MTE_l, and Lj+1j = —2_1M fOT’
3 =1,...,J. Furthermore, the mean m solves the equation

Lm=r,

where
lecalmo, Tj:HTF_lyjfl, 73=2,---,J+ 1

This mean is also the unique minimizer of the functional

J—-1 J—1

1, _ 1 1
l(v;y) = §|Co Y2 (g — mo)’2 + Z §|2_1/2(Uj+1 - MUj)|2 + Z §‘F_1/2(yj+1 - ij+1)|2
7=0 j=0
1 s =1 =
= 5lvo —mof¢, + > 3 lvie = M5+ > 3|y = Hojalp (3.3)
=0 =0

with respect to v and as such is a mazimizer, with respect to v, for the posterior pdf P(v|y).

Proof The proof is based on Lemma 1.6 and the identification of the mean and covariance
by studying an appropriate quadratic form. From Theorem 2.8, we know that the desired
distribution has pdf proportional to exp(fl(v;y)), where |(v;y) is given in (3.3). This is a
quadratic form in v, and we deduce that the inverse covariance L is given by 92I(v;y), the
Hessian of | with respect to v. To determine L, we note the following identities:

D2 I(v;y) =Cy' + MTX 7'M,
D} I(v;y) =X '+ M"Y '"M+H'T'H, j=1,...,J—1,
2 . _ —1 T r—1
DX I(v;y)=X"'+H'T'H,
2 . _ T y—1
Dq)j 1)j+1I(v7y) =-M"X )
D? I(v;y) = -2~ ' M.

We may then complete the square and write

(1) = 5 (v~ m), Lo —m) + g,

where ¢ is independent of v. From this, it follows that the mean indeed minimizes |(v;y) with
respect to v, and hence maximizes P(v]y) exp(fl(v; y)) with respect to v. By differentiating
with respect to v, we obtain
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Lm=r, r=-=Vyl(vy)| (3.4)
v=0
where V,, is the gradient of | with respect to v. This characterization of r gives the desired
equation for the mean. Finally, we show that L, and hence C, is positive definite symmetric.
Clearly, L is symmetric, and hence so is C. It remains to check that L is strictly positive
definite. To see this, note that if we set mg = 0, then

%(v, Lv) = 1(v;0) > 0. (3.5)

Moreover, I(v;0) = 0 with mo = 0 implies, since Cy > 0 and X > 0,

UOZO7
?)j+1:M’Uj, jZO,...,Jf].,

i.e., v = 0. Hence we have shown that (v, Lv) = 0 implies v = 0, and the proof is complete. (J
We now consider the Kalman smoother in the case of deterministic dynamics. Application
of Theorem 2.11 gives the following:

Theorem 3.2. The posterior smoothing distribution on wvgly for the deterministic linear
dynamics model (2.3), (2.2), (3.2) with Cy and I' symmetric positive definite is a Gaus-
sian probability measure v = N(mget, Caer) on R™. The covariance Cyet is the inverse of the
positive definite symmetric matriz Laey given by the expression

J-1
Lot = Cq ' + > (MTYH HT P HMIHY,
§=0
The mean mqet Solves
J-1
Laetmaes = Cg 'mg + Z(MT)JHHTFA?/J'H-
j=0
This mean is a minimizer of the functional
1 — 1 2
ldet (vo; y) = §|Uo - m0|2c0 + Z §|yj+1 - HM]HUO‘F (3.7)
§=0

with respect to vo and as such is a mazximizer, with respect to vy, of the posterior pdf P(vgly).

Proof By Theorem 2.11, we know that the desired distribution has pdf proportional to
exp(fldet (vo; y)) given by (3.7). The inverse covariance Lo can be found as the Hessian of
lget, Ldet = 0%lget(vo;y), and the mean mgqe; solves

Ldetmdet = _v'uldet(vo; Z/) . (38)

’UOZO

As in the proof of the preceding theorem, we have that

1
laet (Vo3 y) = §<det(U0 — Mdet ), (Vo — Mdet)) + ¢,

where ¢ is independent of vg; this shows that mger minimizes lget (- ;y) and maximizes P(+|y).
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We have thus characterized Lqet and mget, and using this characterization gives the desired
expressions. It remains to check that Lqet is positive definite, since it is clearly symmetric by
definition. Positive-definiteness follows from the assumed positive-definiteness of Cy and I,
since for every nonzero vy € R"™,

(v0, Laetvo) > (voCy Mvg) > 0. (3.9)

]

3.2 Markov Chain—Monte Carlo Methods

In the case of stochastic dynamics, equation (2.1), the posterior distribution of interest is
the measure g on RF¥oI*" with density P(v|y) given in Theorem 2.8; in the case of deter-
ministic dynamics, equation (2.3), it is the measure v on R™ with density P(vp|y) given in
Theorem 2.11. In this section, we describe the idea of Markov chain-Monte Carlo (MCMC)
methods for exploring such probability distributions.

We will begin by describing the general MCMC methodology, after which we discuss the
specific Metropolis—Hastings instance of this methodology. This material makes no reference
to the specific structure of our sampling problem; it works in the general setting of creating a
Markov chain that is invariant for an arbitrary measure y on R¢ with pdf p. We then describe
applications of the Metropolis—Hastings family of MCMC methods to the smoothing problems
of noise-free dynamics and noisy dynamics respectively. In describing the generic Metropolis—
Hastings methodology, we will use u (with indices) to denote the state of the Markov chain,
and w (with indices) to denote the proposed moves. Thus in the case of stochastic dynamics,
the current state u and proposed state w live in the space where signal sequences v lie, and in
the case of deterministic dynamics, they live in the space where the initial conditions v lie.

3.2.1. The MCMC Methodology

Recall the concept of a Markov chain {u(™},cz+ introduced in Section 1.4.1. The idea of
MCMC methods is to construct a Markov chain that is invariant with respect to a given
measure p on RY and, of particular interest to us, a measure p with positive Lebesgue density
p on Rf. We now use a superscript n to denote the index of the resulting Markov chain,
instead of a subscript j, to provide a clear distinction between the Markov chain defined
by the stochastic (respectively deterministic) dynamics model (2.1) (respectively (2.3)) and
the Markov chains that we will use to sample the posterior distribution on the signal v
(respectively initial condition vy) given data y.

We have already seen that Markov chains allow the computation of averages with respect
to the invariant measure by computing the running time-average of the chain—see (1.16).
More precisely, we have the following theorem (for which it is useful to recall the notation for
the iterated kernel p™ from the very end of Section 1.4.1):

Theorem 3.3. Assume that if u'®) ~ p with Lebesque density p, then u™ ~ p for alln € 7+,
so that p is invariant for the Markov chain. If in addition, the Markov chain is ergodic, then
for every bounded continuous ¢ : R® — R,
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1 N
a.s.
& D e =5 ()
n=1

for v a.e. initial condition u(?). In particular, if there exist a probability measure p on RY and
e > 0 such that for all u € R® and all Borel sets A C B(R"), we have p(u, A) > ep(A), then
for all u € RY,

drv (p™(u,-), p) <2(1—e)™ (3.10)

Furthermore, there is then K = K(p) > 0 such that
1
& 2 o™ =Erp(u) + KEyN~2, (3.11)
n=1

where En converges weakly to N(0,1) as N — oo.

Remark 3.4. This theorem is the backbone of MCMC. As we will see, there is a large class
of methods that ensure invariance of a given measure u, and furthermore, these methods
are often provably ergodic, so that the preceding theorem applies. As with all algorithms in
computational science, the optimal algorithm is the one that delivers the smallest error for
given unit computational cost. In this regard, there are two observations to make about the
preceding theorem.

o The constant K measures the size of the variance of the estimator of E*p(x), multiplied
by N. It is thus a surrogate for the error incurred in running MCMC over a finite number
of steps. The constant K depends on ¢ itself, but it will also reflect general properties of the
Markov chain. For a given MCMC method, there will often be tunable parameters whose
choice will affect the size of K without affecting the cost per step of the Markov chain.
The objective of choosing these parameters is to minimize the constant K, within a given
class of methods all of which have the same cost per step. In thinking about how to do this,
it is important to appreciate that K measures the amount of correlation in the Markov
chain; lower correlation leads to a decreased constant K. More precisely, K is computed
by integrating the autocorrelation of the Markov chain.

o A further tension in designing MCMC methods is in the choice of the class of methods
themselves. Some Markov chains are expensive to implement, but the convergence in (3.11)
is rapid (the constant K can be made small by appropriate choice of parameters), while
other Markov chains are cheaper to implement, but the convergence in (3.11) is slower (the
constant K 1is much larger). Some compromise between ease of implementation and rate of
convergence needs to be made.

[ )

3.2.2. Metropolis—Hastings Methods

The idea of Metropolis—Hastings methods is to build an MCMC method for a measure p by
adding an accept/reject test on top of a Markov chain that is easy to implement but that is
not invariant with respect to p; the accept/reject step is designed to enforce invariance with
respect to p. This is done by enforcing detailed balance:

p(w)p(u, w) = p(w)p(w,u) Yu,w € R® x RE. (3.12)
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Note that integrating with respect to v and using the fact that

/ p(w,u)du =1,
R¢

we obtain

/ p(u)p(us,w)du = p(w),
Re

so that (1.18) is satisfied, and the density p is indeed invariant. We now exhibit an algorithm
designed to satisfy detailed balance by correcting a given Markov chain, which is not invariant
with respect to p, by the addition of an accept/reject mechanism.

We are given a probability density function p, hence satisfying p : R¢ — R*, with
f p(u)du = 1. Now consider a Markov transition kernel ¢ : R x R — RT with the prop-
erty that [ q(u,w)dw =1 for every u € R’. Recall the notation, introduced in Section 1.4.1,
that we use the function ¢(u,w) to denote a pdf and simultaneously, a probability measure
q(u, dw). We create a Markov chain {u(™}, ey that is invariant for p as follows. Define?

a(u,w) =1 AL (3.13)

The algorithm is as follows:

Set n = 0 and choose u(® € R

n—n+1.

Draw w(™ ~ g(u(®1 ).

Set u(™) = w(™ with probablhty a(u™ 1 w™), 4 = 4= otherwise.
Go to step 2.

T W=

At each step in the algorithm there are two sources or randomness: that required for
drawing w(™ in step 3, and that required for accepting or rejecting w(™ as the next u(™
in step 4. These two sources of randomness are chosen to be independent of each other.
Furthermore, all the randomness at discrete algorithmic time n is independent of randomness
at preceding discrete algorithmic times, conditional on «("~1). Thus the whole procedure gives
a Markov chain. If z = {z)},cy is an ii.d. sequence of U[0,1] random variables, then we
may write the algorithm as follows:

w(n) ~ q(u(nil)v ')7
u™ = WM < (™D, w)) 4w DI > a(@ D, w™)).

Here I denotes the indicator function of a set. We let p : R¢ x R — RT denote the transition
kernel of the resulting Markov chain,, and we let p™ denote the transition kernel over n steps;
recall that we therefore have p” (u, A) = P(u(™ € Aju(®) = u). Similarly as above, for fixed u,
p" (u, dw) denotes a probability measure on R? with density p™(u,w). The resulting algorithm
is known as a Metropolis—Hastings MCMC algorithm, and it satisfies detailed balance with
respect to p.

Remark 3.5. The following two observations are central to Metropolis—Hastings MCMC
methods.

2 Recall that we use the A operator to denote the minimum between two real numbers.
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e The construction of Metropolis—Hastings MCMC methods is designed to ensure the detailed
balance condition (3.12). We will use the condition expressed in this form in what follows
later. It is also sometimes written in integrated form as the statement

/ fu,w)p(uw)p(u, w)dudw = / S, w)p(w)p(w, u)dudw (3.14)
R¢xR¢

R xR¢

for all f : R xRY — R. Once this condition is obtained, it follows trivially that the measure
w with density p is invariant, since for f = f(w), we obtain

/]Rz f(w) (/Re p(u)p(u,w)du> dw = 5 F(w)p(w)dw /}R’Z p(w, w)du
- [, fptw)do.

Note that fw p(u)p(u,w)du is the density of the distribution of the Markov chain after
one step, given that it is initially distributed according to density p. Thus the preceding
identity shows that the expectation of [ is unchanged by the Markov chain if it is initially
distributed with density p. This means that if the Markov chain is distributed according to
measure with density p initially, then it will be distributed according to the same measure
for all algorithmic time.

e Note that in order to implement Metropolis—Hastings MCMC methods, it is not necessary
to know the normalization constant for p(-), since only its ratio appears in the definition
of the acceptance probability a.

[ )

The Metropolis—Hastings algorithm defined above satisfies the following corollary, which
requires definition of total-variation (T'V) distance given in Section 1.3:

Corollary 3.6. For the Metropolis—Hastings MCMC methods, we have that the detailed bal-
ance condition (3.12) is satisfied and that hence w is invariant: if u® ~ 1 with Lebesque
density p, then u™ ~ p for all n € Zt. Thus, if the Markov chain is ergodic, then the
conclusions of Theorem 3.3 hold.

We now describe some exemplars of Metropolis—Hastings methods adapted to the data
assimilation problem. These are not to be taken as optimal MCMC methods for data assimi-
lation, but rather as examples of how to construct proposal distributions ¢(u, -) for Metropolis—
Hastings methods in the context of data assimilation. In any given application, the proposal
distribution plays a central role in the efficiency of the MCMC method, and tailoring it to
the specifics of the problem can have significant impact on efficiency of the MCMC method.
Because of the level of generality at which we are presenting the material herein (arbitrary f
and h), we cannot discuss such tailoring in any detail.

3.2.3. Deterministic Dynamics

In the case of deterministic dynamics (2.3), the measure of interest is a measure on the initial
condition vg in R™. Perhaps the simplest Metropolis—Hastings algorithm is the random walk
Metropolis (RWM) sampler, which employs a Gaussian proposal, centered at the current
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state; we now illustrate this for the case of deterministic dynamics. Recall that the measure

of interest is v with pdf p. Furthermore, g exp(fldet(vo; y)), as given in Theorem 2.11.
The RWM method proceeds as follows: Given that we are at u(®~Y € R™, a current

approximate sample from the posterior distribution on the initial condition, we propose

w™ ==Y 4 g D) (3.15)

where ((*~D ~ N (0, Cprop) for some symmetric positive definite proposal covariance Chrop
and proposal variance scale parameter 8 > 0; natural choices for this proposal covariance
include the identity I or the prior covariance Cy. Because of the symmetry of such a random
walk proposal, it follows that ¢(w,u) = g(u,w) and hence that

—~

o(w)
o(u

=1Aexp

a(u,w) =1A

—~~ —

laet (13 ) — laet (w3 9)).

Remark 3.7. The expression for the acceptance probability shows that the proposed move to w
is accepted with probability 1 if the value of laet (- ;y), the log-posterior, is decreased by moving
to w from the current state u. On the other hand, if laet(-;y) increases, then the proposed
state is accepted only with some probability less than 1. Recall that laet(-;y) is the sum of
the prior penalization (background) and the model-data misfit functional. The algorithm thus
has a very natural interpretation in terms of the data-assimilation problem: it biases samples
toward decreasing laet (- ;y) and hence to improving the fit to both the model and the data in
combination.

The algorithm has two key tuning parameters: the proposal covariance Cprop and the scale
parameter 8. See Remark 3.4, first bullet, for discussion of the role of such parameters. The
covariance can encode any knowledge, or guesses, about the relative strength of correlations
in the model; given this, the parameter B should be tuned to give an acceptance probability
that is neither close to O nor to 1. This is because if the acceptance probability is small, then
successive states of the Markov chain are highly correlated, leading to a large constant K
in (3.11). On the other hand, if the acceptance probability is close to 1, then this is typically
because B is small, also leading to highly correlated steps and hence to a large constant K

in (3.11). o

Numerical results illustrating the method are given in Section 3.4.

3.2.4. Stochastic Dynamics

We now apply the Metropolis—Hastings methodology to the data assimilation smoothing
problem in the case of the stochastic dynamics model (2.1). Thus the probability measure
is on an entire signal sequence {vj}jzo and not just on vg; hence it lives on RFol*™ Tt is
possible to apply the random walk method to this situation, too, but we take the opportunity
to introduce several different Metropolis—Hastings methods, in order to highlight the flexibility
of the methodology. Furthermore, it is also possible to take the ideas behind the proposals
introduced in this section and apply them in the case of deterministic dynamics.

In what follows, recall the measures pg and p defined in Section 2.3, with densities pg
and p, representing (respectively) the measure on sequences v generated by (2.1) and the
resulting measure when the signal is conditioned on the data y from (2.2). We now construct,
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via the Metropolis—Hastings methodology, two Markov chains {u(")}neN that are invariant
with respect to p. Hence we need only specify the transition kernel g(u,w) and identify the
resulting acceptance probability a(u,w). The sequence {w(™}, cz+ will denote the proposals.

Independence Dynamics Sampler Here we choose the proposal w(™), independently
of the current state ("=, from the prior o with density po. Thus we are simply proposing
independent draws from the dynamical model (2.1), with no information from the data used
in the proposal. Important in what follows is the observation that

ox exp(—P(v;y)). (3.16)

Remark 3.8. The expression for the acceptance probability shows that the proposed move to
w is accepted with probability 1 if the value of ®(-;y) is decreased by moving to w from the
current state u. On the other hand, if ®(-;y) increases, then the proposed state is accepted
only with some probability less than 1, with the probability decreasing exponentially fast with
respect to the size of the increase. Recall that ®(-;y) measures the fit of the signal to the
data. Because the proposal builds in the underlying signal model, the acceptance probability
does not depend on 1(-;y), the negative log-posterior, but only the part reflecting the data,
namely the negative log-likelihood. In contrast, the RWM method, explained in the context of
deterministic dynamics, does not build the model into its proposal and hence the accept—reject
mechanism depends on the entire log-posterior; see Remark 3.7. )

The independence dynamics sampler does not have any tuning parameters and hence can
be very ineflicient, since there are no parameters to modify in order to obtain a reasonable
acceptance probability; as we will see in the illustrations in Section 3.4 below, the method
can hence be quite inefficient because of the resulting frequent rejections. We now discuss
this point and an approach to resolving it. The rejections are caused by attempts to move far
from the current state, and in particular to proposed states that are based on the underlying
stochastic dynamics, but not on the observed data. This typically leads to increases in the
model-data misfit functional ®(.;y) once the Markov chain has found a state that fits the
data reasonably well. Even if data is not explicitly used in constructing the proposal, this
effect can be ameliorated by making local proposals, which do not move far from the current
state. These are exemplified in the following MCMC algorithm.

The pCN Method. It is helpful in what follows to recall the measure ¢y with density mq
found from o and pg in the case ¥ = 0 and given by equation (2.24). We denote the mean
by m and covariance by C, noting that m = (m{,07,.-- ,07)T and that C is block diagonal
with first block Cy and the remainder all being Y. Thus 99 = N(m,C). The basic idea of
this method is to make proposals with the property that if ¥ = 0, so that the dynamics is
Gaussian and with no time correlation, and if h = 0, so that the data is totally uninformative,
then the proposal would be accepted with probability 1. Making small incremental proposals
of this type then leads to a Markov chain that incorporates the effects of ¥ # 0 and h # 0
through the accept-reject mechanism. We describe the details of how this works.
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Recall the prior on the stochastic dynamics model with density po(v) o< exp(—J(v)) given
by (2.19). It will be useful to rewrite my as follows:

mo(v) o< exp(—J(v) + F(v)),

where

N <E—évj+1,2—é\1/(vj)>). (3.17)

We note that

and hence that using (2.22),

7;((“3) x exp(—®(v;y) — F(v)). (3.18)

Recall the Gaussian measure 99 = N(m, C) defined via its pdf in (2.24). The pCN method
is a variant of random-walk-type methods, based on the following Gaussian proposal:
w™ =m+ (1 - ,6’2)% (u("fl) - m) + B, (3.19)
Be (0,1, Y~ N(,0).
Here ("1 is assumed to be independent of (™=,

Lemma 3.9. Consider the Markov chain
1
u™ =m+ (1-p%)2 <u("_1) — m) + gutnh), (3.20)
Be(0,1], N~ N(0,0),

with "~V independent of u("~V). The Markov kernel for this chain q(u,w) satisfies detailed
balance (3.12) with respect to the measure ¥y with density mo:

o (w)q(w, u)

o (w)g(w, ) =1 (3.21)

Proof We show that m(u)g(u, w) is symmetric in (u,w). To demonstrate this, it suffices to
consider the quadratic form found by taking the negative of the logarithm of this expression.
This is given by

1
Sju—mfE + s |w—m— (1 - %) (u—m)2.

1
2 232

This is the same as

(1-p%:
ﬁQ

which is clearly symmetric in (u,w). The result follows. O

1
u—mf 4 = mfE (w—m,u—m)e,

1
252
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By use of (3.21) and (3.18), we deduce that the acceptance probability for the MCMC
method with proposal (3.19) is

Recall that the proposal preserves the underlying Gaussian structure of the stochastic dynam-
ics model; the accept-reject mechanism then introduces non-Gaussianity into the stochastic
dynamics model, via F, and introduces the effect of the data, via ®. By choosing 8 small, so
that w™ is close to u(»~ ), we can make a(v»~1) w(™) reasonably large and obtain a usable
algorithm. This is illustrated in Section 3.4.

Recall from Section 2.3.3 that if ¥ = 0 (as assumed to define the measure ¥y), then the
noise sequence {;_1}72 is identical with the signal sequence {v;}32,. More generally, even if
U # 0, the noise sequence {¢; }‘;‘;1, together with vy, a vector that we denote in Section 2.3.3
by &, uniquely determines the signal sequence {v;}32; see Lemma 2.9. This motivates a
different formulation of the smoothing problem for stochastic dynamics in which one views
the noise sequence and initial condition as the unknown, rather than the signal sequence itself.
Here we study the implication of this perspective for MCMC methodology, in the context of
the pCN method, leading to our third sampler within this subsection: the pCN dynamics
sampler. We now describe this algorithm.

The pCN Dynamics Sampler is so named because the proposal (implicitly, via the
mapping G defined in Lemma 2.9) samples from the dynamics as in the independence sampler,
while the proposal also includes a parameter 5 allowing small steps to be taken and chosen to
ensure good acceptance probability, as in the pCN method. The posterior measure we wish
to sample is given in Theorem 2.10. Note that this theorem implicitly contains the fact that

V(d€) o exp(—Pr(&;y)) Vo (dE).

Furthermore, ¥9 = N(m, C), where the mean m and covariance C are as described above for
the standard pCN method. We use the pCN proposal (3.19)

1
¢ =m+ (1= %)% (607D = m) + 87,
and the acceptance probability is given by

a(§,¢) =1 Nexp (Pr(&y) — Pr(C5y)) -

In interpreting this formula, it is instructive to note that

=®(G(¢);y),

1 2 1 _1 2
% (&y) = 51y -GN, =5 |1 -9
and that £ comprises both vy and the noise sequence {¢£ }j;ol. Thus the method has the same
acceptance probability as the independence dynamics sampler, albeit expressed in terms of
initial condition and model noise rather than signal, and also possesses a tunable parameter
B; it thus has the nice conceptual interpretation of the acceptance probability that is present
in the independence dynamics sampler, as well as the advantage of the pCN method that the
proposal variance 5 may be chosen to ensure a reasonable acceptance probability.
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3.3 Variational Methods

Sampling the posterior using MCMC methods can be prohibitively expensive. This is because
in general, sampling involves generating many different points in the state space of the Markov
chain. It can be of interest to generate a single point, or small number of points, that represent
the salient features of the probability distribution, when this is possible. If the probability
is peaked at one place or a small number of places, then simply locating these peaks may
be sufficient in some applied contexts. This is the basis for variational methods that seek to
maximize the posterior probability, thereby locating such peaks. In practice, this boils down
to minimizing the negative log-posterior.

We begin by illustrating the idea in the context of the Gaussian distributions highlighted in
Section 3.1 concerning the Kalman smoother. In the case of stochastic dynamics, Theorem 3.1
shows that P(v]y), the pdf of the posterior distribution, has the form

1
P(vly) « exp(—§|v — m|%)

Now consider the problem

v = argmax, cgis i x» P(v]y).

From the structure of P(v|y), we see that

* : .
v = argmin, cpiioixx (v y),

where

1 1 1
(wi9) = 2o —mf} = L3 m)p.

Thus v* = m, the mean of the posterior. Similarly, using Theorem 3.2, we can show that in
the case of deterministic dynamics,

vy = argmax, cpislixnP(voly),

is given by vj = Mdet-

In this section, we show how to characterize peaks in the posterior probability, in the gen-
eral non-Gaussian case, leading to problems in the calculus of variations. The methods are
termed variational methods. In the atmospheric sciences, these variational methods are
referred to as 4DVAR; this nomenclature reflects the fact that they are variational methods
that incorporate data over three spatial dimensions and one temporal dimension (thus four
dimensions in total) in order to estimate the state. In Bayesian statistics, the methods are
called MAP estimators: maximum a posteriori estimators. It is helpful to realize that the
MAP estimator is not, in general, equal to the mean of the posterior distribution. However,
in the case of Gaussian posteriors, it is equal to the mean. Computation of the mean of a
posterior distribution, in general, requires integrating against the posterior distribution. This
can be achieved, via sampling for example, but is typically quite expensive if sampling is
expensive. MAP estimators, in contrast, require only the solution of an optimization prob-
lem. Unlike the previous section on MCMC methods, we do not attempt to review the vast
literature on relevant algorithms (here optimization algorithms); instead, references are given
in the bibliographic notes of Section 3.5.

First we consider the case of stochastic dynamics.
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Theorem 3.10. Consider the data-assimilation problem for stochastic dynamics: (2.1), (2.2),
with ¥ € C1(R",R") and h € C*(R™,R™). Then:

e (i) The infimum of |(-;y) given in (2.21) is attained at at least one point v* in RHol*m,
It follows that the density p(v) = P(v|y) on RIIX™ gssociated with the posterior probability
w given by Theorem 2.8 is mazimized at v*.

e (i) Furthermore, let B(u,) denote a ball in RII™ of radius 6 and centered at u. Then

P+ (B(ul, 5))

1 - =~ 7 . _ . |Jo‘><n
}13% B (B(ug,5)) = exp(I(uz;y) — l(u1;y)) for all uy,up € R . (3.22)

Proof Note that I(-;y) is nonnegative and continuous, so that the infimum 1 is finite and
nonnegative. To show that the infimum of I(-;y) is attained in RHoI*" e let v(™) denote a
minimizing sequence. Without loss of generality, we may assume that for all n € N,

(™ y) <T+1.
From the structure of I(-;y), it follows that

1
U0:m0+c()27"0,

viy1 = Y(v;) + E%Tj+1a jezr,

where %|rj\2 < 1+ 1 for all j € Z*. By iterating and using the inequalities on the |r;],
we deduce the existence of K > 0 such that [v(™| < K for all n € N. From this bounded
sequence, we may extract a convergent subsequence, relabeled v(™ for simplicity, with limit v*.
By construction, we have that v(™) — v* and that for every e > 0, there is N = N(¢) such
that

1< I(v(");y) <l+e VYn>N.
Hence, by continuity of I(-;y), it follows that
I<Il(v*;y) <l+e

Since € > 0 is arbitrary, it follows that I(v*;y) = I. Because

(o) = — exp(~1(v;y))dv
= p(v)dv,

it follows that v* also maximizes the posterior pdf p.
For the final result, we first note that because ¥ and h are continuously differentiable, the
function I(-;y) is continuously differentiable. Thus we have

PH (B(’lh 5)) = % o<t eXp( —1(v; y))dv
1
=7 ouls (exp(—l(u; y)) +e(u;v — U))dv,
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where

1

e(u;v —u) = <7/ DyI(u+ s(v—u);y)ds,v— u>
0
As a consequence, we have, for K+ > 0,
—K 78] < e(u;v —u) < K9]

for u = uy, ug and |v—u| < 4. Using the preceding, we find that for E := exp(I(uz; y)—(u1;y)),

P*(B(u1,6))
Pr (B(’LLQ7 6))

o atcsm o)
f|'u7u2|<t§exp(7K7|5de exp(,K*‘(ﬂ)

Similarly, we have that

P+ (B(’(,Ll7 6))
P#(B(uz,6))

flv—u1|<6eXp(_K_|6de . GXp(fo‘(SD
flv_u2‘<5exp(K+\5|)dv eXp(K+|(S|) )

> B

Taking the limit 6 — 0 gives the desired result. (]

Remark 3.11. The second statement in Theorem 3.10 may appear a little abstract. It is,
however, essentially a complicated way of restating the first statement. To see this, fir us
and note that the right-hand side of (3.22) is mazimized at point uy, which minimizes I(-;y).
Thus, independently of the choice of fixed us, the identity (3.22) shows that the probability
of a small ball of radius & centered at uy is approzimately mazimized by choosing centers at
minimizers of 1(- ;y). Why, then, do we bother with the second statement? We do so because it
makes no reference to Lebesgque density. As such, it can be generalized to infinite dimensions,
as is required in continuous time, for example. We include the second statement for precisely
this reason. We also remark that our assumption on continuous differentiability of ¥ and h
is stronger than what is needed, but makes for the rather explicit bounds used in the preceding
proof and is hence pedagogically desirable. [

The preceding theorem leads to a natural algorithm: compute
v = argmin,, cpioxn (u;y).

In applications to meteorology, this algorithm is known as weak constraint 4DVAR, and
we denote this by wadDVAR in what follows. The word “weak” in this context is used to
indicate that the deterministic dynamics model (2.3a) is not imposed as a strong constraint.
Instead, the objective functional I(-;y) is minimized; this penalizes deviations from exact
satisfaction of the deterministic dynamics model, as well as deviations from the data.

The w4DVAR method generalizes the standard 4DVAR method, which may be derived
from w4DVAR in the limit X' — 0, so that the prior on the model dynamics (2.1) is deter-
ministic, but with a random initial condition, as in (2.3). In this case, the appropriate mini-
mization is of lget (vo;y), given by (2.29). This has the advantage of being a lower-dimensional
minimization problem than w4DVAR; however, it is often a harder minimization problem,
especially when the dynamics is chaotic. The basic 4DVAR algorithm is sometimes called
strong constraint 4DVAR to denote the fact that the dynamics model (2.3a) is imposed
as a strong constraint on the minimization of the model-data misfit with respect to the initial
condition; we simply refer to the method as 4DVAR. The following theorem may be proved
similarly to Theorem 3.10.
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Theorem 3.12. Consider the data-assimilation problem for deterministic dynamics: (2.3),
(2.2) with ¥ € C*(R™,R"™) and h € C*(R™,R™). Then:

o (i) The infimum of laet(-;y) given in (2.29) is attained at at least one point v in R™.
It follows that the density o(vg) = P(voly) on R™ associated with the posterior probability
v giwen by Theorem 2.11 is maximized at v§.

e (ii) Furthermore, if B(z,06) denotes a ball in R™ of radius § centered at z, then

P¥(B(z1,0
lim P”EBEZ;:(S;; = exp(laet (22;y) — laet (215 9))-

As in the case of stochastic dynamics, we do not discuss optimization methods to perform
minimization associated with variational problems; this is because optimization is a well-
established and mature research area that is hard to do justice to within the confines of this
book. However, we conclude this section with an example that illustrates certain advantages
of the Bayesian perspective over the optimization or variational perspective. Recall from
Theorem 2.15 that the Bayesian posterior distribution is continuous with respect to small
changes in the data. In contrast, computation of the global maximizer of the probability may
be discontinuous as a function of data. To illustrate this, consider the probability measure pu°
on R with Lebesgue density proportional to exp(—Vﬁ(u)), where

Ve(u) = i(l —u?)? + eu. (3.23)
It is a straightforward application of the methodology behind the proof of Theorem 2.15 to
show that u€ is Lipschitz continuous in e, with respect to the Hellinger metric. Furthermore,
the methodology behind Theorems 3.10 and 3.12 shows that the probability with respect
to this measure is maximized whenever V¢ is minimized. The global minimum, however,
changes discontinuously, even though the posterior distribution changes smoothly. This is
illustrated in Figure 3.1, where the left-hand panel shows the continuous evolution of the
probability density function, while the right-hand panel shows the discontinuity in the global
maximizer of the probability (minimizer of V¢) as e passes through zero. The explanation for
this difference between the fully Bayesian approach and MAP estimation is as follows. The
measure ¢ has two peaks, for small ¢, close to +1. The Bayesian approach accounts for both
of these peaks simultaneously and weights their contribution to expectations. In contrast, the
MAP estimation approach leads to a global minimum located near u = —1 for € > 0 and near
u = +1 for € < 0, resulting in a discontinuity.

3.4 Illustrations

We describe a range of numerical experiments that illustrate the application of MCMC meth-
ods and variational methods to the smoothing problems that arise in both deterministic and
stochastic dynamics.

The first illustration concerns the use of the RWM algorithm to study the smoothing
distribution for Example 2.4 in the case of deterministic dynamics, where our aim is to find
P(vgly). Recall Figure 2.13a, which shows the true posterior pdf, found by plotting the formula
given in Theorem 2.8. We now approximate the true posterior pdf by the MCMC method,
using the same parameters, namely mg = 0.5, Cy = 0.01, v = 0.2, and vg = 0.3. In Figure 3.2,
we compare the posterior pdf calculated by the RWM method (denoted by p”, the histogram
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Fig. 3.1: Plot of (3.23) shows discontinuity of the global maximum as a function of e.

30 0.3
— n~N=10°
25 0.2
---  true
20 0.1t
Z 15
E:' 0.0
10 e
2 -0.2
0
0.0 0.2 0.4 0.6 0.8 1.0 —0.3
u 0.0 0.2 0.4 0.6 0.8 1.0
(a) p¥ vs p () pN —p

Fig. 3.2: Comparison of the posterior for Example 2.4 for = 4 using random walk metropolis
and equation (2.29) directly as in the MATLAB program p2 .m. We have used J = 5, Cy = 0.01,
mg = 0.5, v = 0.2, and true initial condition vy = 0.3; see also p3.m in Section 5.2.1. We
have used N = 10® samples from the MCMC algorithm.

of the output of the Markov chain) with the true posterior pdf p. The two distributions are
almost indistinguishable when plotted together in Figure 3.2a; in Figure 3.2b, we plot their
difference, which, as we can see, is small relative to the true value. We deduce that the number
of samples used, N = 10%, results here in an accurate sampling of the posterior.

We now turn to the use of MCMC methods to sample the smoothing pdf P(v|y) in the
case of stochastic dynamics (2.1), using the independence dynamics sampler and both pCN
methods. Before describing the application of numerical methods, we study the ergodicity of
the independence dynamics sampler in a simple but illustrative setting. For simplicity, assume
that the observation operator h is bounded, so that for all u € RY, |h(u)| < hmax. Then,
recalling the notation Y; = {y,}7_, from the filtering problem, we have
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J—1
_1 _1
O(u;y) < (10 2y + [T 2 h(uj) )
=0
J—1
1
Fo32(Y gl + Th)

§=0
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<
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>

max-

Since & > 0, this shows that every proposed step is accepted with probability exceeding
e~ %maxand hence that since proposals are made with the prior measure o describing the
unobserved stochastic dynamics,

plu, A) > e Pmax g (A).

Thus Theorem 3.3 applies, and in particular, (3.10) and (3.11) hold, with & = e~%max_ under
these assumptions. This positive result about the ergodicity of the MCMC method also in-
dicates the potential difficulties with the independence dynamics sampler. The independence
sampler relies on draws from the prior matching the data well. Where the data set is large
(J > 1) or the noise covariance small (|I'| < 1), this will happen infrequently, because @p,ax
will be large, and the MCMC method will reject frequently and be inefficient. To illustrate
this, we consider application of the method to Example 2.3, using the same parameters as
in Figure 2.3; specifically, we take a = 2.5 and ¥ = 02 = 1. We now sample the posterior
distribution and then plot the resulting accept-reject ratio a for the independence dynamics
sampler, employing different values of noise I" and different sizes of the data set J. This is
illustrated in Figure 3.3.

0.35 0.35
— J=5
0.30 0.30
---  J=10
0.25 0.25
0.20 | 0.20
0.15 | 0.15
0.10 0.10
Q.00 lenezssansnn 0,00 &2 orooopenn n T L SRR TR
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
(a) J = 5, different values of ~ (b) v = 1, different values of .J

Fig. 3.3: Accept—reject probability of the independence sampler for Example 2.3 for a = 2.5,
Y =0?=1, and I' = 2 for different values of v and J.

In addition, in Figure 3.4, we plot the output and the running average of the output
projected into the first element of the vector v(*)| the initial condition—recall that we are
defining a Markov chain on R/*1—for N = 10° steps. Figure 3.4a clearly exhibits the fact
that there are many rejections caused by the low average acceptance probability. Figure 3.4b
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Fig. 3.4: Output and running average of the independence dynamics sampler after K = 10°
steps, for Example 2.3 for « = 2.5, ¥ = 02 =1, and I' = 4% = 1, with J = 10; see also p4.m
in Section 5.2.2.

shows that the running average has not converged after 10° steps, indicating that the chains
needs to be run for longer. If we run the Markov chainover N = 10® steps, then we do get
convergence. This is illustrated in Figure 3.5. In Figure 3.5a, we see that the running average
has converged to its limiting value when this many steps are used. In Figure 3.5b, we plot the
marginal probability distribution for the first element of v(*), calculated from this converged

Markov chain.
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Fig. 3.5: Running average and probability density of the first element of v*) for the indepen-
dence dynamics sampler after K = 108 steps, for Example 2.3 for « = 2.5, ¥ = 02 =1, and
I' =~+2, with vy =1 and J = 10; see also p4 .m in Section 5.2.2.

In order to get faster convergence when sampling the posterior distribution, we turn to
application of the pCN method. Unlike the independence dynamics sampler, this contains a
tunable parameter that can vary the size of the proposals. In particular, the possibility of
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making small moves, with resultant higher acceptance probability, makes this a more flexible
method than the independence dynamics sampler. In Figure 3.6, we show application of the
pCN sampler, again considering Example 2.3 for « = 2.5, ¥ = 02 =1, and I = 4% = 1, with
J =10, the same parameters used in Figure 3.4.

In the case that the dynamics significantly influence the trajectory, i.e., the regime of
large ¥ or small o, it may be the case that the standard pCN method is ineffective, due
to large effects of the G term, and the improbability of Gaussian samples being close to
samples of the prior on the dynamics. The pCN dynamics sampler, recall, acts on the space
comprising the initial condition and forcing, both of which are Gaussian under the prior, and
so may sometimes have an advantage given that pCN-type methods are based on Gaussian
proposals. The use of this method is explored in Figure 3.7 for Example 2.3 for a = 2.5,
Y =0?=1,and I' =~2 =1, with J = 10.
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Fig. 3.6: Trace plot and running average of the first element of v(*) for the pCN sampler after
K = 10° steps, for Example 2.3 with a = 2.5, ¥ = 02 =1, and I’ = 4% = 1, with J = 10; see
also p5.m in Section 5.2.3.

We now turn to variational methods; recall Theorems 3.10 and 3.12 in the stochastic and
deterministic cases respectively. In Figure 3.8a, we plot the MAP (4DVAR) estimator for
our Example 2.1, choosing exactly the same parameters and data as for Figure 2.10a, in
the case J = 102. In this case, the function lge(-;y) is quadratic and has a unique global
minimum. A straightforward minimization routine will easily find this: we employed standard
MATLAB optimization software initialized at three different points. From all three starting
points chosen, the algorithm finds the correct global minimizer.

In Figure 3.8b, we plot the MAP (4DVAR) estimator for our Example 2.4 for the case
r = 4 choosing exactly the same parameters and data as for Figure 2.13. We again employ a
MATLAB optimization routine, and we again initialize it at three different points. The value
obtained for our MAP estimator depends crucially on the choice of initial condition in our
minimization procedure, in particular on the choices of starting point presented: for the three
initializations shown, it is only when we start from 0.2 that we are able to find the global
minimum of lget (vo; y). By Theorem 3.12; this global minimum corresponds to the maximum
of the posterior distribution, and we see that finding the MAP estimator is a difficult task for
this problem. Starting with the other two initial conditions displayed, we converge to one of the
many local minima of lqet (vo; y); these local minima are in fact regions of very low probability,
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Fig. 3.7: Trace plot and running average of the first element of v(*) for the pCN dynamics
sampler after K = 10° steps, for Example 2.3 with a = 2.5, ¥ =02 = 1, and ' = 72 = 1,

with J = 10; see also p6.m in Section 5.2.3.

120 40

100
i 30
go|
60 ! i ; 20 % :
40f i ; : ' 2
| | ' 10 : : :
20 ' ! ! § ; i
0 ! ! ] 0 L s :
-10 -5 0 5 10 0.0 0.2 0.4 0.6 0.8 1.0
(a) I(vo;y) and its minima for Example 2.1 (b) I(vo;y) and its minima for Example 2.4

Fig. 3.8: Finding local minima of I(vp;y) for Examples 2.1 and 2.4. The values and the data
used are the same as for Figures 2.10a and 2.13b. (o, ,0) denote three different initial con-
ditions for starting the minimization process: (—8, —2,8) for Example 2.1 and (0.05,0.2,0.4)
for Example 2.4.

as we can see in Figure 2.13a. This illustrates the care required in computing 4DVAR solutions
in cases in which the forward problem exhibits sensitivity to initial conditions.

Figure 3.9 shows application of the w4DVAR method, or MAP estimator given by Theo-
rem 3.10, in the case of Example 2.3 with parameters set at J = 5,7 = ¢ = 0.1. In contrast
to the previous example, this is no longer a one-dimensional minimization problem: we are
minimizing I(v;y) given by (2.21) over v € RS, given the data y € R®. The figure shows that
there are at least two local minimizers for this problem, with ") closer to the truth than v(?),
and with I(vM;y) considerably smaller than I(v(?;y). However, v(?) has a larger basin of
attraction for the optimization software used: many initial conditions lead to v(?), while fewer
lead to v(Y). Furthermore, while we believe that v(!) is the global minimizer, it is difficult
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state this with certainty, even for this relatively low-dimensional model. To get greater

certainty, an exhaustive and expensive search of the six-dimensional parameter space would
be needed.

—  ulY J(u'V ) ~5.84
— o 1 ) =0.73
1 — truth

Fig. 3.9: Weak constraint 4DVAR for J = 5,7 = ¢ = 0.1, illustrating two local minimizers
v and v®); see also p7.m in Section 5.2.5.

3.5 Bibliographic Notes

The Kalman smoother from Section 3.1 leads to a system of linear equations, characterized
in Theorem 3.1. These equations are of block tridiagonal form, and may be solved by LU
factorization. The Kalman filter corresponds to the LU sweep in this factorization, a fact
that was highlighted in [26].

Section 3.2. Monte Carlo Markov chain methods have a long history, initiated in the 1953
paper [107] and then generalized to an abstract formulation in the 1970 paper [66]. The
subject is presented from an algorithmic point of view in [92]. Theorem 3.3 is contained in
[108], and that reference also contains many other convergence theorems for Markov chains;
in particular, we note that it is often possible to increase substantially the class of functions
© to which the theorem applies by means of Lyapunov function techniques, which control
the tails of the probability distribution. The specific form of the pCN-MCMC method
that we introduce here has been chosen to be particularly effective in high dimensions;
see [35] for an overview, [18] for the introduction of pCN and other methods for sampling
probability measures in infinite dimensions in the context of conditioned diffusions, and
[34] for an application to a data-assimilation problem.

The key point about pCN methods is that the proposal is reversible with respect to an
underlying Gaussian measure. Even in the absence of data, if ¥ # 0, then this Gaussian
measure is far from the measure governing the actual dynamics. In contrast, still in the
absence of data, this Gaussian measure is precisely the measure governing the noise and
initial condition, giving the pCN dynamics sampler a natural advantage over the standard
pCN method. In particular, notice that the acceptance probability is now determined only
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by the model-data misfit for the pCN dynamics sampler, and does not have to account
for incorporation of the dynamics as it does in the original pCN method; this typically
improves the acceptance rate of the pCN dynamics sampler over the standard pCN method.
Therefore, this method may be preferable, particularly in the case of unstable dynamics.
The pCN dynamics sampler was introduced in [34] and further tested in [69]; it shows
considerable promise.

The subject of MCMC methods is an enormous one, to which we cannot do justice in
this brief presentation. There are two relevant time scales for the Markov chain: the burn-
in time, which determines the time to reach the part of state-space where most of the
probability mass is concentrated, and the mixing time, which determines the time taken
to fully explore the probability distribution. Our brief overview would not be complete
without a cursory discussion of convergence diagnostics [54], which attempt to ensure that
the Markov chain is run long enough to have both burnt in and mixed. While none of the
diagnostics are foolproof, there are many simple tests that can and should be undertaken.
The first is simply to study (as we have done in this section) trace plots of quantities of
interest (components of the solution, acceptance probabilities) and the running averages of
these quantities of interest. More sophisticated diagnostics are also available. For example,
comparison of the within-chain and between-chain variances of multiple chains beginning
from overdispersed initial conditions is advocated in the works [55, 25]. The authors of
those works advise that one apply a range of tests based on comparing inferences from
individual chains and a mixture of chains. These and other more sophisticated diagnostics
are not considered further here, and the reader is referred to the cited works for further
details and discussion.

e Section 3.3. Variational methods, known as 4DVAR in the meteorology community and
widely used in practice, have the distinction, when compared with the ad hoc non-Gaussian
filters described in the next chapter, which are also widely used in practice in their EnKF
and 3DVAR formulations, of being well founded statistically: they correspond to the max-
imum a posteriori estimator (MAP estimator) for the fully Bayesian posterior distribution
on model state given data [78]. See [151] and the references therein for a discussion of the
applied context; see [43] for a more theoretical presentation, including connections to the
Onsager—Machlup functional arising in the theory of diffusion processes. The European
Centre for Medium-Range Weather Forecasts (ECMWF) runs a weather prediction code
based on spectral approximation of continuum versions of Newton’s balance laws, together
with various subgrid scale models. Initialization of this prediction code is based on the use
of 4ADVAR-like methods. The conjunction of this computational forward model and the use
of 4DVAR to incorporate data results in the best weather predictor worldwide, according
to a widely adopted metric by which the prediction skill of forecasts is measured. The sub-
ject of algorithms for optimization, which of course underpins variational methods, is vast,
and we have not attempted to cover it here; we mention briefly that many methods use
first-derivative information (for example steepest-descent methods) and second-derivative
information (Newton methods); the reader is directed to [112] for details. Derivatives can
also be useful in making MCMC proposals, leading to the Langevin and the hybrid Monte
Carlo methods, for example; see [124] and the references therein.
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3.6 Exercises

1. Consider the posterior distribution on the initial condition, given by Theorem 2.11, in the
case of deterministic dynamics. In the case of Example 2.4, program p2 .m plots the prior
and posterior distributions for this problem for data generated with true initial condition
vo = 0.1. Why is the posterior distribution concentrating much closer to 0.9 than to the
true initial condition at 0.1?7 Change the mean of the prior from 0.7 to 0.3. What do you
observe regarding the effect on the posterior? Explain what you observe. Illustrate your
findings with graphics.

2. Consider the posterior distribution on the initial condition, given by Theorem 2.11, in the
case of deterministic dynamics. In the case of Example 2.4, program p3 .m approximates
the posterior distribution for this problem for data generated with true initial condition
vg = 0.3. Why is the posterior distribution in this case approximately symmetric about
0.5? What happens if the mean of the prior is changed from 0.5 to 0.17 Explain what you
observe. Illustrate your findings with graphics.

3. Consider the posterior distribution on the initial condition, given by Theorem 2.11, in the
case of deterministic dynamics. In the case of Example 2.4, program p3 .m approximates
the posterior distribution for this problem. Modify the program so that the prior and
data are the same as for the first exercise in this section. Compare the approximation
to the posterior obtained by use of program p3.m with the true posterior as computed
by program p2.m. Carry out similar comparisons for different choices of prior, ensuring
that programs p2.m and p3.m share the same prior and the same data. In all cases,
experiment with the choice of the parameter 5 in the proposal distribution within p3.m,
and determine its effect on the displayed approximation of the true posterior computed
from p2.m. Illustrate your findings with graphics.

4. Consider the posterior distribution on the initial condition, given by Theorem 2.11, in the
case of deterministic dynamics. In the case of Example 2.4, program p3 .m approximates
the posterior distribution for this problem. Modify the program so that it applies to
Example 2.3. Experiment with the choice of the parameter J, which determines the length
of the Markov chain simulation, within p3.m. Illustrate your findings with graphics.

5. Consider the posterior distribution on the signal, given by Theorem 2.8, in the case
of stochastic dynamics. In the case of Example 2.3, program p4.m approximates the
posterior distribution for this problem, using the independence dynamics sampler. Run
this program for a range of values of . Report and explain the effect of 7y on the acceptance
probability curves.

6. Consider the posterior distribution on the signal, given by Theorem 2.8, in the case
of stochastic dynamics. In the case of Example 2.3, program p5.m approximates the
posterior distribution for this problem, using the pCN sampler. Run this program for a
range of values of v. Report and explain the effect of § on the acceptance probability
curves.

7. Consider the posterior distribution on the signal, given by Theorem 2.8, in the case of
stochastic dynamics. In the case of Example 2.3, program pé .m approximates the pos-
terior distribution for this problem, using the pCN dynamics sampler. Run this program
for a range of values of 7. Report and explain the effect of o and of J on the acceptance
probability curves.

8. Consider the MAP estimator for the posterior distribution on the signal, given by
Theorem 3.10, in the case of stochastic dynamics. Program p7.m finds the MAP esti-
mator for Example 2.3. Increase J to 50 and display your results graphically. Now repeat
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11.

your experiments for the values v = 0.01, 0.1, and 10 and display and discuss your findings.
Repeat the experiments using the “truth” as the initial condition for the minimization.
What effect does this have? Explain this effect.

Prove Theorem 3.12.

. Consider application of the RWM proposal (3.15), applied in the case of stochastic

dynamics. Find the form of the Metropolis—Hastings acceptance probability in this case.
Consider the family of probability measures u€ on R with Lebesgue density proportional
to exp(—V*¢(u)) with V¢(u) given by (3.23). Prove that the family of measure ;€ is locally
Lipschitz in the Hellinger metric and in the total variation metric.



Chapter 4

Discrete Time: Filtering Algorithms

In this chapter, we describe various algorithms for the filtering problem. Recall from Sec-
tion 2.4 that filtering refers to the sequential update of the probability distribution on the
state given the data, as data is acquired, and that Y; = {y,}]_; denotes the data accumulated
up to time j. The filtering update from time j to time j + 1 may be broken into two steps:
prediction, which is based on the equation for the state evolution, using the Markov kernel
for the stochastic or deterministic dynamical system that maps P(v;|Y;) into P(v;41|Y;); and
analysis, which incorporates data via Bayes’s formula and maps P(v;41]Y;) into P(v11|Yj41).
All but one of the algorithms we study (the optimal proposal version of the particle filter)
will also reflect these two steps.

We begin in Section 4.1 with the Kalman filter, which provides an exact algorithm to
determine the filtering distribution for linear problems with additive Gaussian noise. Since
the filtering distribution is Gaussian in this case, the algorithm comprises an iteration that
maps the mean and covariance from time j to time j 4+ 1. In Section 4.2, we show how the
idea of Kalman filtering may be used to combine a dynamical model with data for nonlinear
problems; in this case, the posterior distribution is not Gaussian, but the algorithms proceed
by invoking a Gaussian ansatz in the analysis step of the filter. This results in algorithms that
do not provably approximate the true filtering distribution in general; in various forms, they
are, however, robust to use in high dimensions. In Section 4.3, we introduce the particle filter
methodology, which leads to provably accurate estimates of the true filtering distribution
but which is, in its current forms, poorly behaved in high dimensions. The algorithms in
Sections 4.1-4.3 are concerned primarily with stochastic dynamics, but setting X = 0 yields
the corresponding algorithms for deterministic dynamics. In Section 4.4, we study the long-
time behavior of some of the filtering algorithms introduced in the previous sections. Finally,
in Section 4.5, we present some numerical illustrations and conclude with bibliographic notes
and exercises in Sections 4.6 and 4.7.

For clarity of exposition, we again recall the form of the data assimilation problem. The
signal is governed by the model of equations (2.1):

vip1 = Y(v;) + &5, j € LT,
Vo ~~ N(mo,O()),
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978-3-319-20325-6_4) contains supplementary material, which is available to authorized users.
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where £ = {¢;};en is an i.i.d. sequence, independent of vy, with & ~ N (0, X). The data is
given by equation (2.2):
Yj+1 = h(vj11) +nj1, § EZT,

where h : R” — R™ and n = {n;},cz+ is an ii.d. sequence, independent of (vo,§), with
e~ N(O,F)

4.1 Linear Gaussian Problems: The Kalman Filter

This algorithm provides a sequential method for updating the filtering distribution P(v,|Y;)
from time j to time j+1, when ¥ and h are linear maps. In this case, the filtering distribution
is Gaussian, and it can be characterized entirely through its mean and covariance. To see
this, we note that the prediction step preserves Gaussianity by Lemma 1.5; the analysis
step preserves Gaussianity because it is an application of Bayes’s formula (1.7), and then
Lemma 1.6 establishes the required Gaussian property, since the log pdf is quadratic in the
unknown.
To be concrete, we let
U(v) = Mv, h(v) = Hv (4.2)

for matrices M € R™"*" H € R™*™. We assume that m < n and Rank(H) = m. We let
(mj,C;) denote the mean and covariance of v;|Y;, noting that this entirely characterizes the
random variable, since it is Gaussian. We let (M1, éjﬂ) denote the mean and covariance
of vj41]Y;, noting that this, too, completely characterizes the random variable, since it is also
Gaussian. We now derive the map (m;,C;) — (m;41,Cjy1), using the intermediate variables
(Mjt1, @H), so that we may compute the prediction and analysis steps separately. This gives
the Kalman filter in a form in which the update is expressed in terms of precision rather than

covariance.

Theorem 4.1. Assume that Co, I, X > 0. Then C; > 0 for all j € Z*, and

Cily=MC;M"+3)" '+ H'T'H, (4.3a)
ij_llijrl - (MCjMT+E)_1Mmj +HTF_1yj+1. (43b)

Proof We assume for the purposes of induction that C'; > 0, noting that this is true for j =0
by assumption. The prediction step is determined by (2.1) in the case ¥(-) = M-

vjt1 = Muj + &5, & ~ N(0, 2).
From this, it is clear that
E(vj41]Y;) = E(Mu;[Y;) + E(&[Y;)-
Since ¢; is independent of Y;, we have
Mjt1 = Mm;. (4.4)
Similarly,

E((vjt1 — Mj1) @ (01 — Mjy1)|Y;) = E(M(v; — my) @ M(v; —m;)|Y;) + E(& @ &Y;)
+E(M(v; —my) @ &Y;) + E(& @ M(v; —my)[Y;).
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Again, since ¢; is independent of Y; and v;, we have
Ciy1 = ME((v; — my) ® (v; —my)|V;)MT + £
=MC;MT + X. (4.5)

Note that @-H > 0, because C; > 0 by the inductive hypothesis and X > 0 by assumption.
Now we consider the analysis step. By (2.31), which is just Bayes’s formula, and using
Gaussianity, we have

1 1~l1
exp<—§|v—mj+1}20j+l> o<exp<—f|F (Yj41 — Hv)|2— §|C’jfl(v—mj+1)}2) (4.6a)
= exp<f§|yj+1 HU|F - f|v mﬂ+1‘2@j+1)' (4.6b)

Equating quadratic terms in v gives, since I" > 0 by assumption,

O =Cr +H I H, (4.7)
and equating linear terms in v gives!
Cj_+11mj+1 = 6J7Jrllﬁzj+1 + HTF_lyj+1. (48)

Substituting the expressions (4.4) and (4.5) for (ﬁszrhéjH) gives the desired result. It re-
mains to verify that Cj4q > 0. From (4.7), it follows, since I'"! > 0 by assumption and

éjH > 0 (proved above), that C;! +1 > 0. Hence Cj41 > 0, and the induction is complete. [J
We may now reformulate the Kalman filter using covariances directly, rather than using
precisions.

Corollary 4.2. Under the assumptions of Theorem 4.1, the formulas for the Kalman filter
given there may be rewritten as follows:

djy1 = yj1 — Hijpq,
Sj+1 = Héj_HHT + I
K1 =CinH ST,
mjy1 = mjr1 + Kjidjqa,
O]+1 - (I K]+1H)CJ+17

with (41, Cj41) given in (4.4), (4.5).
Proof By (4.7), we have
o1

J+1 = C

W+ H'TTH,

and application of Lemma 4.4 below gives
Cjp1=Cjp1 = Ci H' (M + HCj HY) 7 HC iy
= (1= Cal™(I + HC; HT) ) i
= (I - Cj+1H Sj+1H)C]+1
(I KJ+1H)C]+17

1 We do not need to match the constant terms (with respect to v), since the normalization constant in
Bayes’s theorem deals with matching these.
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as required. Then the identity (4.8) gives
mjp1 = CinaCrl g + Cjpn H Ty
= (I — Kjp1H)ymjyr + Cipn H Ty (4.9)
Now note that again by (4.7),

Cis(Cr + HY I H) =1,

so that
CjHTT'H =1~ Cj1C Y4
—I—(I—-KjH)

=K H.
Since H has rank m, we deduce that
CipH' T = K.
Hence (4.9) gives
mjy1 = (I = K H)mgn + Kjnyjn = M + Kjpdjga,
as required. (I

Remark 4.3. The key difference between the Kalman update formulas in Theorem 4.1 and
those in Corollary 4.2 is that in the former, matriz inversion takes place in the state space,
with dimension n, while in the latter matriz, inversion takes place in the data space, with
dimension m. In many applications, m < n, since the observed subspace dimension is much
less than the state space dimension, and thus the formulation in Corollary 4.2 is frequently
employed in practice. The quantity d;i1 is referred to as the innovation at time step j + 1.
It measures the mismatch of the predicted state from the data. The matriz K; 1 is known as
the Kalman gain. '

The following matrix identity was used to derive the formulation of the Kalman filter in
which inversion takes place in the data space.

Lemma 4.4. Woodbury Matrix Identity Let A € RP*P U € RP*Y C € R, and
V e RI*P. If A and C are positive, then A+ UCYV is invertible, and

-1
(A+UCV)t=A"1_ A*1U(0*1 + VA’lU) VAL

4.2 Approximate Gaussian Filters

Here we introduce a family of methods, based on invoking a minimization principle that
underlies the Kalman filter, that has a natural generalization to non-Gaussian problems. The
update equation for the Kalman filter mean, (4.8), can be written as

mji1 = arg Invinlﬁlter(v);
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where
1 2 1 S~ 2
lnter (v) = §|yj+1 — Hol + §|U —Mmjlz (4.10)

here M1 is calculated from (4.4), and 6j+1 is given by (4.5). The fact that this minimization
principle holds follows from (4.6). (We note that lgjer(+) in fact depends on j, but we suppress
explicit reference to this dependence for notational simplicity.)

While the Kalman filter itself is restricted to linear Gaussian problems, the formulation
via minimization generalizes to nonlinear problems. A natural generalization of (4.10) to the
nonlinear case is to define

1 1 R
lgiter (V) = =|yje1 — h(V)|F + Slv — Mjald (4.11)
2 2 Cit1

where
mj1 = ¥(m;) + &,
and then to set
mji1 = arg mgn Ifitter (V).

This provides a family of algorithms for updating the mean that depend on how @-H is
specified. In this section, we will consider several choices for this specification, and hence
several different algorithms. Notice that the minimization principle is very natural: it enforces
a compromise between fitting the model prediction m;,1 and the data y;.

For simplicity, we consider the case in which observations are linear and h(v) = Huv, leading
to the update algorithm m; +— m;4; defined by

M1 = V(m;) + &, (4.12a)

1 1 .
laeer (v) = 5 lyj1 = Holp + Slo = mj0)[E, (4.12b)
Mjp1 = argrr%)in Iiter (V). (4.12¢)

This quadratic minimization problem is explicitly solvable, and by the arguments used in
deriving Corollary 4.2, we deduce the following update formulas:

mjp1 = (I = Kjp1 H)mjn + Ky, (4.13a)
Kjp1=CipHTS}, (4.13b)
Sj+1 = H@j_i_lHT + I. (4130)

The next three subsections correspond to algorithms derived in this way, namely by mini-
mizing lgier (v), but corresponding to different choices of the model covariance C,41. We also
note that in the first two of these subsections, we choose £; = 0 in equation (4.12a), so that
the prediction is made by the noise-free dynamical model; however, that is not a necessary
choice, and while it is natural for the extended Kalman filter for 3DVAR, including random
effects in (4.12a) is also reasonable in some settings. Likewise, the ensemble Kalman filter can
also be implemented with noise-free prediction models.

We refer to these three algorithms collectively as approximate Gaussian filters. This is
because they invoke a Gaussian approximation when they update the estimate of the signal
via (4.12b). Specifically, this update is the correct update for the mean if the assumption that
P(vj41]Y;) = N (Mj41), CA'jH) is invoked for the prediction step. In general, the approximation
implied by this assumption will not be a good one, and this can invalidate the statistical
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accuracy of the resulting algorithms. However, the resulting algorithms may still have desirable

properties in terms of signal estimation; in Section 4.4.2, we will demonstrate that this is
indeed so.

4.2.1. 3DVAR

This algorithm is derived from (4.13) by simply fixing the model covariance éj_H = C for
all j. Thus we obtain

M1 = ¥(my), (4.14a)
mjt1 = (I — KH)mj + Kyjqa, (4.14b)
K=CH"S™', S=HCH" +T. (4.14c)

The nomenclature 3DVAR refers to the fact that the method is variational (it is based on the
minimization principle underlying all of the approximate Gaussian methods), and it works
sequentially at each fixed time j; as such, the minimization, when applied to practical physical
problems; is over three spatial dimensions. This should be contrasted with 4DVAR, which
involves a minimization over all spatial dimensions, as well as time—four dimensions in all.

We now describe two methodologies that generalize 3DVAR by employing model covari-
ances that evolve from step j to step j + 1: the extended and ensemble Kalman filters. We
present both methods in basic form but conclude the section with some discussion of methods
widely used in practice to improve their practical performance.

4.2.2. Extended Kalman Filter

The idea of the extended Kalman filter (ExKF) is to propagate covariances according to the
linearization of (2.1) and to propagate the mean using (2.3). Thus we obtain, from modification
of Corollary 4.2 and (4.4), (4.5),
m;r1 = ¥(m,),
Prediction A] !
Cjt1 = DU (m;)C;D¥(m;)T + X.

Sj+1 = H@-HHT + T,

A —1
Analysis Kj = Cj+1HTSj+1’
mjp1 = (I — Kjp1 H)mj1 + Ky,

Cit1 = = Kj11H)Cjy1.

4.2.3. Ensemble Kalman Filter

The ensemble Kalman filter (EnKF) generalizes the idea of approximate Gaussian filters in
a significant way: rather than using the minimization procedure (4.12) to update a single
estimate of the mean, it is used to generate an ensemble of particles all of which satisfy the
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model/data compromise inherent in the minimization; the mean and covariance used in the
minimization are then estimated using this ensemble, thereby adding further coupling to the
particles, in addition to that introduced by the data.
The EnKF is executed in a variety of ways, and we begin by describing one of these, the
perturbed observation EnKF:
o = v + §<.") n=1,...,N,

Prediction { mj;q = NZn 1 J+1’

Ci1 = 51 a0V — ) (@7 — )T

Sjt1 =HC; HT + 1T,
Kjp = CjpaHTS L,

Analysis ) n) ()
]+1 = (I— Kj+1H)Uj+1 +Kj+1yj+1, n = 1,...,N,

y_;-i-)l = Yj+1 +77](7-|l-)17 n= 17"'7N~

Here nﬁn) are i.i.d. draws from N(0,I"), and 53(-”) are i.i.d. draws from N(0,X). “Perturbed
observation” refers to the fact that each particle sees an observation perturbed by an inde-
pendent draw from N (0, I"). This procedure gives the Kalman filter in the linear case in the
limit of an infinite ensemble. Even though the algorithm is motivated through our general
approximate Gaussian filters framework, notice that the ensemble is not prescribed to be
Gaussian. Indeed, it evolves under the full nonlinear dynamics in the prediction step. This
fact, together with the fact that covariance matrices are not propagated explicitly, other than
through the empirical properties of the ensemble, has made the algorithm very appealing to
practitioners.

Another way to motivate the preceding algorithm is to introduce the family of cost functions

1 -
ern(0) 1= 3l — Hofh+ Sl — 0% (4.15)
The analysis step proceeds to determine the ensemble {vj(-i)l IN_| by minimizing lfiter,n With
n =1,---,N. The set {A( m) _, is found from running the prediction step using the fully
nonlinear dynamics. These mmlmlzatlon problems are coupled through C’j+1, which depends

on the entire set of {5§n) N_.. The algorithm thus provides update rules of the form

{08 e BV, BN [l (4.16)

defining approximations of the prediction and analysis steps respectively.
It is then natural to think of the algorithm making the approximations

N
1 Z ~ Z
M ~ l,[,ﬁv = N 51);71), Hj+1 ~ /,Lgv 6A§1)1. (417)
n=1

n=1

Thus we have a form of Monte Carlo approximation of the distribution of interest. However,
except for linear problems, the approximations given do not, in general, converge to the true
distributions p; and fi; as N — oo.
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4.2.4. Ensemble Square-Root Kalman Filter

We now describe another popular variant of the EnKF. The idea of this variant is to define
the analysis step in such a way that an ensemble of particles is produced whose empirical
covariance ezxactly satisfies the Kalman identity

Cip1=(I - Kj 1 H)C 1, (4.18)

which relates the covariances in the analysis step to those in the prediction step. This is done
by mapping the mean of the predicted ensemble according to the standard Kalman update
and introducing a linear deterministic transformation of the differences between the particle
positions and their mean to enforce (4.18). Doing so eliminates a sampling error inherent in
the perturbed observation approach. The resulting algorithm has the following form:

3 =)+ €M, n=1,..,N,

c e - A(n)
Prediction { mj 4 = NZn 1 J+1’

~

Cir1 = w3 o (@04 — i) (@087 — )T

Sj+1 = H6j+1HT + I
Kjp1 = Cn HT S,
mjr1 = (I — Kjp1H)mjv1 + Kjpyj41,

Ug('i)1 =mj+1+ Cj(-i)r

Analysis

Here the {C(") _, are designed to have sample covariance Cjy1 = (I — KJHH)CJH There
are several ways to do this, and we now describe one of them, referred to as the ensemble
transform Kalman filter (ETKF)

If we define

- 1 N . N .
Xjt1 = U(»i)l M4, - -,U(-JJ\Q - mj-H] )
/N — 1 J J

~ ~ 1
then Cj1 = Xj+1X i1 1- We now seek a transformation Tj; such that if X;,, = Xj+1Tj2+1’
then

Cj+1 = X]+1XJ+1 = (I K]+1H)C]+1 (4].9)
Note that the X 1 (respectively the X j+1) correspond to Cholesky factors of the matrices
Cj+1 (respectively CJH) respectively. We may now define the {Cg+1} _, by

1
A [SERe

We now demonstrate how to find an appropriate transformation 7},,. We assume that 7}
is symmetric and positive definite and that the standard matrix square root is employed.
Choosing

~ ~ —1
Tjin = [T+ (HE;0) T HE )|

we see that
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XX =X 0T Xy, X
= Ky [T+ (HZ )T (HE )] XE

~ ~ ~ ~ -1 ~ ~
Ry {1 R ) (R Rp) 4 1] (HR) f R

= - Kj+1H)Cji1,

as required, where the transformation between the second and third lines is justified by
Lemma 4.4. Tt is important to ensure that 1, the vector of all ones, is an eigenvector of the

1
transformation 741, and hence of T7, so that the mean of the ensemble is preserved. This
is guaranteed by Tj4; as defined.

4.3 The Particle Filter

In this section, we introduce an important class of filtering methods known as particle filters.
In contrast to the filters introduced in the preceding section, the particle filter can be proved to
reproduce the true posterior filtering distribution in the large-particle limit, and as such, has
a privileged places among all the filters introduced in this book. We will describe the method
in its basic form—the bootstrap filter—and then give a proof of convergence. It is important
to appreciate that the form of particle filter introduced here is far from state-of-the-art, and
that far more sophisticated versions are used in practical applications. Nonetheless, despite
this sophistication, particle filters do not perform well in applications such as those arising in
geophysical applications of data assimilation, because the data in those applications places
very strong constraints on particle locations, making efficient algorithms very hard to design.
It is for this reason that we have introduced particle filters after the approximate Gaussian
filters introduced in the preceding section. The filters in the preceding section tend to be more
robust to data specifications. However, they all rely on the invocation of ad hoc Gaussian
assumptions in their derivation and hence do not provably produce the correct posterior
filtering distribution, notwithstanding their ability, in partially observed small-noise scenarios,
to correctly identify the signal itself, as in Theorem 4.10. Because it can provably reproduce
the correct filtering distribution, the particle filter thus plays an important role, conceptually,
even though it is not, in current form, a practical algorithm in geophysical applications. With
further improvements it may, in time, form the basis for practical algorithms in geophysical
applications.

4.3.1. The Basic Approximation Scheme

All probability measures that possess density with respect to Lebesgue measure can be ap-
proximated by a finite convex combination of Dirac probability measures; an example of this
is the Monte Carlo sampling idea that we described at the start of Chapter 3, and it also
underlies the ensemble Kalman filter of Section 4.2.3. In practice, the idea of approximation
by a convex combination of probability measures requires the determination of the locations
and weights associated with these Dirac measures. Particle filters are sequential algorithms
that use this idea to approximate the true filtering distribution P(v;|Y}).

Basic Monte Carlo, as in (3.1), and the ensemble Kalman filter, as in (4.17), correspond to
approximation by equal weights. Recall ji;, the probability measure on R™ corresponding to
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the density P(v;]Y;), and fi;41, the probability measure on R™ corresponding to the density
P(vj4+1]Y;). The basic form of the particle filter proceeds by allowing the weights to vary and
by finding N-particle Dirac measure approximations of the form

N N
NN._Z (n) ~ N ._ZA()
My Ry = wj” (Sv;n), Hj41 N [y = wj:tlaﬁ;:)l. (420)
n=1

n=1

The weights must sum to 1. The approximate distribution ,uév is completely defined by particle

positions vj(") and weights wﬁ-m

by particle positions ﬁj(-rfr)l and weights @](Z)l. Thus the objective of the method is to find
update rules

, and the approximate distribution ﬁjj\g_l is completely defined

o L = AL @l e e (@21
defining the prediction and analysis approximations respectively; compare this with (4.16)
for the EnKF, where the particle weights are uniform and only the positions are updated.
Defining the updates for the particle filter may be achieved by an application of sampling for
the prediction step, and of Bayesian probability for the analysis step.

Recall the prediction and analysis formulas from (2.30) and (2.31), which can be summa-
rized as

Plujsal¥y) = [ Plojaaloy) PG ¥ ), (4.222)
By Vi) = Tt ipant ) (4.22b)
We may rewrite (4.22) as
fra() = (Pug)) = [ Pyl (4.232)
s E) i

Writing the update formulas in this way is important for us, because they then make sense

in the absence of Lebesgue densities; in particular, we can use them in situations where Dirac
masses appear, as they do in our approximate probability measures. The formula (4.23b)
for the density or Radon-Nikodym derivative of p;y1 with respect to that of fi;41 has a
straightforward interpretation: the right-hand side quantifies how to reweight expectations
under [i;1 so that they become expectations under p;11. To be concrete, we may write

. = rdu;
B p(v1) = BP0 (T (010)0(0141) )

4.3.2. Sequential Importance Resampling

The simplest particle filter, which is based on sequential importance resampling, is now de-
scribed. We begin by assuming that we have an approximation ;L;»V given by (4.20) and explain
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how to evolve the weights {vj(»"),wj(")}ﬁle into {vj(-"ﬂ),wj(."ﬂ)},]}’:l, via {1751)1,@5»1)1 N | as
in (4.21).

Prediction. In this step, we approximate the prediction phase of the Markov chain. To do

this, we simply draw 2™ from the kernel p of the Markov chain (2.1a) started from o™,

J+l /
Thus the relevant kernel is p(v;, vy+1) = P(vj41|v;). We then have 651)1 ~ p(v§”), -). We leave

the weights of the approximation unchanged, so that @5.1)1 = w§n). From these new particles

and (in fact unchanged) weights, we have the particle approximation

N
N =3 wa(‘”)%ﬁiﬁ' (4.24)
n=1

Analysis. In this step, we approximate the incorporation of data via Bayes’s formula. Define
g;(v) by

95 (vj+1) o< P(yj41]vjs1), (4.25)
where the constant of proportionality is, for example, the normalization for the Gaussian and

is hence independent of both y;11 and v;11. We now apply Bayes’s formula in the form (4.23b).
Thus we obtain

N
P = w;1)153;1)1, (4.26)
n=1
where
N
wﬁ)l = @(‘ﬂ (Z w§1)1> ) @(‘% =9 (@('1)1)@“)- (4.27)
n=1

The first equation in the preceding is required for normalization. Thus in this step, we do not
change the particle positions, but we reweight them.

Resampling. The algorithm as described is deficient in two respects, both of which can be
dealt with by introducing a resampling step into the algorithm. Firstly, the initial measure
wo for the true filtering distribution will not typically be made up of a combination of Dirac
measures. Secondly, the method can perform poorly if one of the particle weights approaches
1 (and then all others approach 0). The effect of the first can be dealt with by sampling
the initial measure and approximating it by an equally weighted (by N~!) sum of Dirac
measures at the samples. The second can be ameliorated by drawing a set of IV particles
from the measure (4.26) and assigning weight N~! to each; this has the effect of multiplying
particles with high weights and killing particles with low weights.

Putting together the three preceding steps leads to the following algorithm; for notational
convenience, we use Yy to denote the empty vector (no observations at the start):

Set j =0 and ) (dvg) = po(duvo).
Drawvj(-n)wu;v,n:l,...,N.

n N n
Set w§ ) = 1/N,n=1,...,N; redefine u§v =) wg» )5U§n>.

Draw ﬁﬁi)l ~ p(vﬁn) [).

n N n
Define w§-+)1 by (4.27) and pfy, =3, w§+)156§1)1.
JjH+1—=3.
Go to step 2.

NS ot W
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This algorithm is conceptually intuitive, proposing that each particle moves according to
the dynamics of the underlying model itself, and is then reweighted according to the likelihood
of the proposed particle, i.e., according to the data. This sequential importance resampling
filter is also sometimes termed the bootstrap filter. We will comment on important improve-
ments to this basic algorithm in the following section and in the bibliographic notes. Here we
prove convergence of this basic method, as the number of particles goes to infinity, thereby
demonstrating the potential power of the bootstrap filter and more sophisticated variants of it.

Recall that by (2.32), the true filtering distribution simply satisfies the iteration

tj+1 = LjPp;,  po = N(mo, Co), (4.28)

where P corresponds to moving a point currently at v according to the Markov kernel p(-|v)
describing the dynamics given by (2.1a), and L; denotes the application of Bayes’s formula
with likelihood proportional to g;(-) given by (4.25). Recall also the sampling operator S¥
defined by (3.1). It is then instructive to write the particle filtering algorithm that approxi-
mates (4.28) in the following form:

pity = LiSYPui, pd = po. (4.29)

There is a slight trickery here in writing application of the sampling S after application of
P, but some reflection shows that this is well justified: applying P followed by S can be
shown, by first conditioning on the initial point and sampling with respect to P, and then
sampling over the distribution of the initial point, to be the algorithm as defined.

Comparison of (4.28) and (4.29) shows that analyzing the particle filter requires estimation
of the error induced by application of SY (the resampling error) together with estimation of
the rate of accumulation of this error in time under the application of L; and P. We now
build the tools to allow us to do this. The operators L;, P, and SN map the space P(R") of
probability measures on R"™ into itself according to the following:

(L)) = P (1.30a)
R™ J

(P)(dv) = / np(v',dvm(dv/), (4.300)

(SN p) =¥ Z5v<n> (dv), o™ ~p iid.. (4.30¢)

Notice that both L; and P are deterministic maps, while SN is random. Let p = p,, denote,
for each w, an element of P(R™). If we then assume that w is a random variable describing the
randomness required to define the sampling operator S, and let E“ denote expectation over
w, then we may define a “root mean square” distance d(-,) between two random probability
measures [, v, as follows:

d(u,v) = supjpy <1 VE=|u(f) = v(HP.

Here we have used the convention that pu(f fRn u(dv) for measurable f : R™ — R, and
similar for v. Furthermore,

[ floo = sup | f(u)].
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This distance indeed generates a metric, and in particular, satisfies the triangle inequality.
Note also that in the absence of randomness within the measures, the metric satisfies d(u, v) =
2dry(p,v), by (1.12); that is, it reduces to the total variation metric. In our context, the
randomness within the probability measures comes from the sampling operator S™ used to
define the numerical approximation.

Theorem 4.5. We assume in the following that there exists k € (0, 1] such that for allv € R™
and j € N,

Then

Proof The desired result is proved below in a straightforward way from the following three
facts, whose proof we postpone to three lemmas at the end of the section:

IN

1

sup  d(S™ p, )
pEP(R™) N
14

d(Pv, Pp) < d(v, ), (4.31b)
d(Ljv, Ljp) < 2672d(v, p). (4.31¢)

) (4.31a)

By the triangle inequality, we have, for VJN = P;L;»V ,

d(pfy1s pig1) = d(LiSN Ppy’, L Puy)
< d(LjPpj', LiPpg) +d(Ly SN Ppy, L Puy’)

< 2672 (Al ) + d(SY VY 0)) )

< 20 (d( ) + ).

Iterating, after noting that ul’ = p, gives the desired result. O

Remark 4.6. This important theorem shows that the particle filter reproduces the true filter-
ing distribution in the large-particle limit. We make some comments about this.

o This theorem shows that at every fized discrete time j, the filtering distribution u; is well
approximated by the bootstrap filtering distribution uﬁv in the sense that as the number of
particles N goes to 0o, the approximating measure converges to the true measure. However,
since k < 1, the number of particles required to decrease the upper bound on the error
beneath a specified tolerance grows with J.

o [f the likelihoods have a small lower bound, then the constant in the convergence proof may
be prohibitively expensive, requiring an enormous number of particles to obtain a small
error. This is similar to the discussion concerning the independence dynamics sampler in
Section 3.4, where we showed that large values in the potential ® lead to slow convergence
of the Markov chain, and the resultant need for a large number of samples.

o In fact, in many applications, the likelihoods g; may not be bounded from above or below,
uniformly in j, and more refined analysis is required. However, if the Markov kernel P
is ergodic, then it is possible to obtain bounds in which the error constant arising in the
analysis has milder growth with respect to J.
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o (onsidering the case of deterministic dynamics shows just how difficult it may be to make

the theorem applicable in practice: if the dynamics is deterministic, then the original set
of samples from po, {v(()n)}ﬁy:l, give rise to a set of particles v](»n) = \Il(j)(v(()n)); in other
words, the particle positions are unaffected by the data. This is clearly a highly undesirable
situation in general, since there is no reason at all why the pushforward under the dynamics
of the initial measure pg should have substantial overlap with the filtering distribution for
a given fixed data set. Indeed, for chaotic dynamical systems, one would expect that it
does not have such overlap, since the pushforward measure will be spread over the global
attractor, while the data will, at fized time, correspond to a single point on the attractor.
This example motivates the improved proposals of the next section.

[ )

Before describing improvements to the basic particle filter, we prove the three lemmas
underlying the convergence proof.

Lemma 4.7. The sampling operator satisfies

Proof Let v be an element of P(R") and {v(™}N_; ii.d. with v} ~ v. In this proof, the
randomness in the measure SV arises from these samples {v(™}N_, and expectation over
this randomness is denoted by E. Then

1 N
SYulf) = L 50 7 (u),
n=1

and defining f = f — v(f), we deduce that

It is straightforward to see that
Ef (v("))
Furthermore, for |f|, <1,
|7 (o) =lr (o) - [er ()] <

It follows that for |f|e < 1,

~|
7~
@/\
~
Il
>
g
&=
|
VS
e/\
.
N———

E[v(f) — s¥u(f)]" = % iﬁ 7 (v ]2 < %

Since the result is independent of v, we may take the supremum over all probability measures
and obtain the desired result. O

Lemma 4.8. Since P is a Markov kernel, we have

d(Pv,PV") <d(v,V").
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Proof Define
o) = [ o) f(0)do = Euafon = ),

that is, the expected value of f under one step of the Markov chain given by (2.1a), started
from v’. Clearly, for |f|o <1,

n

o)< [ s i@ < [ pan =1

Thus
|qlee < suplg(v)] < 1.
v

Note that
o) =Bl ~v) = [ [ s o) s@wld) do
_ / (/ P! 0)w(d!)) F(w)dv = Py ().
Thus Pr(f) = v(q), and it follows that

|Pv(f) = PV ()] = Iv(g) — V()]

Thus
1
d(Pv,PV') = sup (E“|Pv(f) - Pz/(f)|2) ’
[floo<1
1
< sup (E“’IV(Q) - Z/(q)|2) ’
lgloo <1
= d(Va 1/)7
as required. 0

Lemma 4.9. Under the assumptions of Theorem 4.5, we have
d(L;v, Lyp) < 25~ 2d(v, ).
Proof Notice that for |f|. < 0o, we can rewrite

(L)1) = (k) () =) - ) (1,320
_vifg) _ plfg) | plfg) _ pfg;)
vigi)  wvlg)  vig)  wlgs)

K p(fg;) rt

:ng)[y(ﬁ’fgj) - /’(’(Hfg])] + N(gj) V(gj)

(4.32D)

[1(kgs) — v(kgy)].  (4.32c)

Now notice that v(g;)™! < x~! and that u(fg;)/u(g;) <1, since the expression corresponds
to an expectation with respect to measure found from g by reweighting with likelihood pro-
portional to g;. Thus

(L) (f) = (L) (D] < 672w (6 fg;) — n(kfgi)| + 672w (kgs) — nlkg;)]-
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Since |kgjloo < 1, it follows that |k fg;|ec and hence that

E“[(Lv)(f) = (L) () < 4s7* lhsluglEWIV(h) — ().

The desired result follows. O

4.3.3. Improved Proposals

In the particle filter described in the previous section, we propose according to the underlying
unobserved dynamics, and then apply Bayes’s formula to incorporate the data. The final point
in Remark 4.6 demonstrates that this may result in a very poor set of particles with which
to approximate the filtering distribution. Cleverer proposals, which use the data, can lead to
improved performance, and we outline this methodology here.

Instead of moving the particles {v§")}71y:1 according to the Markov kernel P, we use a

Markov kernel @Q; with density Q(v;41|v;, Yj+1). The weights wﬁi)l are found, as before, by

applying Bayes’s formula for each particle and then weighting appropriately as in (4.27):

P (yj+1|6(.n) ) P <ﬁ§1)1|vj(»n)>
J(+)1 — w§- ) — ; (4.33a)
Q ( ‘7) Yj+1>

N
itk =it /(2. (330

n=1

The choice
Q (Uj+1\v§n)a Yj+1) =P (Uj+1|%(-n))

results in the bootstrap filter from the preceding subsection. In the more general case, the
approach results in the following algorithm:

1. Set j =0 and pd) (vo)dvy = P(vg)duvy.
(n) N o _
2. Drawvj ~pi,n=1,...,N.
3. Set w! =1/N,n=1,...,N.
4. Draw v( ) ~ Q(- |v]_|r17 Yit1).
5. Define wj+)1 by (4.33) and pfY, | =PV (v;41]Yj41) by (4.26).
6. j+1—7.
7. Go to step 2.

We note that the normalization constants in (4.33a), here assumed known in the definition
of the reweighting, are not, of course, needed. The so-called optimal proposal is found by
choosing

Q (Uj+1|v§7b), Yj+1) =P (Uj+1|1)§n), yj+1) ,
which results in

w(ﬂ = w§ P (yj+1|UJ(-n)) : (4.34)
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The above can be seen by observing that the definition of conditional probability gives

P (Z/j+1|@('1)1) P (Ag(i)l\”(n)) P{yj1,v Jn) o™

4.35
_P ’U(n |’U i1 P (yj+1lv§n)> . ( )
Substituting the optimal proposal into (4.33) then immediately gives (4.34).

This small difference from the bootstrap filter may seem trivial at first glance, and at the
potentially large cost of sampling from Q. However, in the case of nonlinear Gaussian Markov
models that we study here, the distribution and the weights are given in closed form. If the
dynamics is highly nonlinear or the model noise is larger than the observational noise, then the
variance of the weights for the optimal proposal may be much smaller than for the standard
proposal. The corresponding particle filter will be referred to with the acronym SIRS(OP) to
indicate the optimal proposal. For deterministic dynamics, the optimal proposal reduces to
the standard proposal.

4.4 Large-Time Behavior of Filters

With the exception of the Kalman filter for linear problems and the particle filter in the
general case, the filtering methods presented in this chapter do not, in general, give accurate
approximations of the true posterior distribution; in particular, the approximate Gaussian
filters do not perform well as measured by the Bayesian quality assessment test of Section 2.7.
However, they may perform well as measured by the signal estimation quality assessment test,
and the purpose of this section is to demonstrate this fact.

More generally, an important question concerning filters is their behavior when iterated
over long times and in particular, their ability to recover the true signal underlying the data if
iterated for long enough, even when initialized far from the truth. In this section, we present
some basic large-time asymptotic results for filters to illustrate the key issue that affects the
ability of filters to accurately recover the signal when iterated for long enough. The main
idea is that the data must be sufficiently rich to stabilize any inherent instabilities within the
underlying dynamical model (2.1); in rough terms, it is necessary to observe only the unstable
directions, since the dynamics of the model itself will enable recovery of the true signal within
the space spanned by the stable directions. We illustrate this idea first, in Section 4.4.1, for
the explicitly solvable case of the Kalman filter in one dimension, and then, in Section 4.4.2,
for the 3DVAR method.

4.4.1. The Kalman Filter in One Dimension

We consider the case of one-dimensional dynamics with
U(v) = Av, h(v)=uv,

while we will also assume that
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With these definitions, equations (4.3a,b) become

1 1 1
= - 4.36
ciy1 02+ N + 2’ (4.362)
mj41 )\mj 1
= — Y, 4.36b
Cit+1 0% + X2¢;j * oh vt ( )
which, after some algebraic manipulation, give
cjt1 = g(cj), (4.37a)
Cj Cj
iy = (1= 8 ) s+ S5t (4.370)
Y Y
where we have defined
2032 2
Y (Ac+o
g(c) = ( ) (4.38)

24 X2+ 02
We wish to study the behavior of the Kalman filter as j — oo, i.e., when more and more
data points are assimilated into the model. Note that the covariance evolves independently
of the data {y;};cz+ and satisfies an autonomous nonlinear dynamical system. However, it is
of interest to note that if 02 = 0, then the dynamical system for c}l is linear.
We now study the asymptotic properties of this map. The fixed points ¢* of (4.37a) satisfy

2P 4 0Y)

= —72 e P (4.39)

and thus solve the quadratic equation
M)+ (1= N)+ 0% —~4%0% = 0.

We see that provided A\yo # 0, one root is positive and one negative. The roots are given by

_(,72 + 02— 72)\2) + \/(,YQ + 02 — 2A2)2 4 4)24202

% (4.40)

=
We observe that the update formula for the covariance ensures that provided ¢y > 0, then
cj > 0 for all j € N. It also demonstrates that ¢; < 2 for all j € Z*, so that the variance
of the filter is no larger than the variance in the data. We may hence fix our attention on
nonnegative covariances, knowing that they are also uniformly bounded by v2. We will now
study the stability of the nonnegative fixed points.
We begin with the case ¢ = 0, which corresponds to deterministic dynamics and for which
the dynamics of cj_1 is linear. In this case, we obtain

(A2 - 1)
- 2
and

g’(cj_) = /\2’ g’(c*_) = )‘_27

which implies that when A\? < 1, ¢ is an asymptotically stable fixed point, while when
A2 > 1, ¢* is an asymptotically stable fixed point. When |A| = 1, the two roots are coincident
at the origin and neutrally stable. Using the aforementioned linearity, for the case o = 0 it is
possible to solve (4.36a) to obtain for \? # 1,
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1 1V 11 () -1
cf(v> r:oJWQ[ L1 )

22

This explicit formula shows that the fixed point ¢ (respectively c* ) is globally asymptotically
stable, and exponentially attracting on R, when A2 < 1 (respectively A2 > 1). Notice also
that ¢* = O(9?), so that when A\? > 1, the asymptotic variance of the filter scales as the
observational noise variance. Furthermore, when A% = 1, we may solve (4.36a) to obtain

i - i + %a

¢ C 7
showing that ¢* = ¢ = 0 is globally asymptotically stable on R but is only algebraically
attracting.

We now study the stability of the fixed points ¢} and ¢* in the case of ¢ > 0, corresponding
to the case in which the dynamics are stochastic. To this end, we prove some bounds on ¢’(c*)
that will also be useful when we study the behavior of the error between the true signal and
the estimated mean; here, and in what follows in the remainder of this example, a prime
denotes differentiation with respect to c¢. We begin by noting that

4

2 Y
= - 4.42

and so
2.4
g'(c) = o :
(72 4+ N2¢c+ 02)?
Using the fact that ¢* satisfies (4.39) together with equation (4.42), we obtain

1 *\2 S\ 2
g'(c") = 7% and  ¢'(c") = \? (1 - c) :
M e+ %)

We can now see that from the first equation, we obtain the following two bounds, since o2 > 0:
g(c) <A 2, for AeR, and ¢'(c*) <1, for N =1,
while from the second equality and the fact that since c* satisfies (4.39), ¢* < 72, we obtain
g <N

when ¢* > 0. We thus conclude that when ¢ > 0, the fixed point ¢% of (4.37a) is always
stable independently of the value of the parameter .

Limiting covariance for 02 = 0 | Limiting covariance for o2 > 0

(Al <1 ¢; — 0 (exponentially) c;j = ¢ = O(y?) (exponentially)

Al=1 cj — 0 (algebraically c; — ¢t = O(¥?) (exponentially
J J +

IA| > 1[[c; = ¢& = O(v®) (exponentially)|c; — ¢ = O(y?) (exponentially)

Table 4.1: Summary of the limiting behavior of covariance c¢; for Kalman filter applied to
one-dimensional dynamics.
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Fig. 4.1: Cobweb diagram for equation (4.37a).
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Fig. 4.2: Cobweb diagram for equation (4.37a).

Table 4.1 summarizes the behavior of the variance of the Kalman filter in the case of one-
dimensional dynamics. This is illustrated further in Figures 4.1 and 4.2, where we plot the
cobweb diagram for the map (4.42). In particular, in Figure 4.1, we observe the difference
between the algebraic and geometric convergence to 0, for different values of A in the case
o = 0, while in Figure 4.2, we observe the exponential convergence to ¢ for the case |A| > 1.
The analysis of the error between the mean and the truth underlying the data is left as an
exercise at the end of the chapter. This shows that the error in the mean is, asymptotically,

of order 42 in the case o = 0.
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4.4.2. The 3DVAR Filter

In the previous subsection, we showed that the Kalman filter accurately recovers a one-
dimensional signal, provided the observational noise is small. The result allows for initializa-
tion far from the true signal and is, in this sense, quite strong. On the other hand, being
only one-dimensional, it gives a somewhat limited picture. In this subsection, we study the
3DVAR filter given by (4.14). We study conditions under which the 3DVAR filter will recover
the true signal, to within a small observational noise level of accuracy, in dimensions greater
than 1, and when only part of the system is observed.
To this end, we assume that
yjr1 = Holy + e, (4.43)

where the true signal {v; }jen satisfies

vl =), jEN, (4.44a)
vd = u, (4.44D)

and for simplicity, we assume that the observational noise satisfies

sup le;| = €. (4.45)
JEN
We have the following result.

Theorem 4.10. Assume that the data is given by (4.43), where the signal follows equa-
tion (4.44) and the error in the data satisfies (4.45). Assume furthermore that C is chosen
such that (I — KH)U : R™ — R"™ is globally Lipschitz with constant a < 1 in some norm || . H
Then there is constant ¢ > 0 such that

c

limsupHmj —UM < €.

Jj—o0 “1l-a
Proof We may write (4.14), (4.44), using (4.43), as

mj1 = (I — KH)¥(m;) + KHU(v]) + Ke;,
vl =1 - KH)U(])+ KH ().

Subtracting, and letting e; = m; — v;[, gives, for some finite constant ¢ independent of 7,

lejall < || = KH)W(m;) — (I = KH)W()|| + [ Ke|
< a||ej|| + ce.

Applying the Gronwall lemma (Lemma 1.14) gives the desired result. O
We refer to a map with Lipschitz constant less than 1 as a contraction in what follows.

Remark 4.11. The preceding simple theorem shows that it is possible to construct filters that
can recover from being initialized far from the truth and lock on to a small neighborhood of the
true signal underlying the data when run for long enough. Furthermore, this can happen even
when the system is only partially observed, provided that the observational noise is small and
enough of the system is observed. This concept of observing “enough” illustrates a key idea in
filtering: the question whether the fized model covariance in SDVAR, C, can be chosen to make
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(I — KH)Y into a contraction involves a subtle interplay between the underlying dynamics,
encapsulated in ¥, and the observation operator H. In rough terms, the question of making
(I — KH)V into a contraction is the question whether the unstable parts of the dynamics are
observed; if they are, then it is typically the case that C can be designed to obtain the desired
contraction. 'y

Example 4.12. Assume that H = I, so that the whole system is observed, that I" = ~2I
and C' = ¢?1. Then for n* = 1;,

0.2

S=(*+~)], K=-———1
) @+ 7)

and

72 ,'72
I-KH)= I= 1.
U B = ey = W)

Thus if ¥ : R — R" is globally Lipschitz with constant A > 0 in the Euclidean norm, | - |,

then (I — KH)V is globally Lipschitz with constant a < 1 if 7 is chosen such that {f—n)‘g < 1.
Thus by choosing 7 sufficiently small, the filter can be made to contract. This corresponds to
trusting the data sufficiently in comparison to the model. It is a form of variance inflation
in that for a given level of observational noise, n can be made sufficiently small by choosing

the model variance scale o2 sufficiently large—“inflating” the model variance. [

Example 4.13. Assume that there is a partition of the state space in which H = (I,0)7, so
that only part of the system is observed. Set I' = 42I and C' = ¢2I. Then with 1 as in the

previous example,
n2
[-kg=|1mrl0)
0 I

While the previous example shows that variance inflation may help to stabilize the filter,
this example shows that in general, more is required: in this case, it is clear that making
(I - KH)¥(-) into a contraction will require a relationship between the subspace in which we
observe and the space in which the dynamics of the map is expanding and contracting. For

example, if ¥(u) = Lu and
21 0
L= ( 0 a[> ’

27]2
(I— KH)L = (mﬁf 0 ) .

then

0 al

When |a] < 1, this can be made into a contraction by choosing n sufficiently small; but
for |a| > 1, this is no longer possible. The example thus illustrates the intuitive idea that
the observations should be sufficiently rich to ensure that the unstable directions within the
dynamics can be tamed by observing them. '
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4.4.3. The Synchronization Filter

A fundamental idea underlying successful filtering of partially observed dynamical systems
is synchronization. To illustrate this, we introduce and study the idealized synchronization
filter. To this end, consider a partition of the identity P 4+ @ = I. We write v = (p, ¢), where
p = Pv,q = Qu, and then, with a slight abuse of notation, write ¥(v) = ¥(p, ¢). Consider
a true signal governed by the deterministic dynamics model (4.44) and write v,t = (pz,q};),

with pL = PUITC and q,z = Qvlz. Then

Phir = PU(pL,ab),
4 = QU(pL,qb).

Now imagine that we observe y, = p;rc exactly, without noise. Then the synchronization filter

simply fixes the image under P to pL and plugs this into the image of the dynamical model

under @Q; if the filter is my = (pk, qx) with px = Pmy and ¢ = Qmy, then
Pk4+1 = p;Lrp
Qo1 = QU(p], i)
We note that expressed in terms of the data, this filter has the form
Mmi+1 = QU (my) + Pygi1. (4.46)
A key question now is whether the filter synchronizes in the following sense:
|qqu};| —0as k — oo.
This of course is equivalent to
|y — v;2| — 0 as k — oo. (4.47)

Whether this happens involves, as for 3DVAR described above, a subtle interplay between
the underlying dynamics and the observation operator, here P. The bibliography, Section 4.6,
contains pointers to the literature studying this question.

In fact, the following example shows how the synchronization filter can be viewed as a
distinguished parameter limit, corresponding to infinite variance inflation, for a particular
family of 3DVAR filters.

Example 4.14. Let H = P and I' = ~+%1. If we choose C as in Example 4.13, then the
3DVAR filter can be written as

me+1 = SY(my) + (I — S)yk+1, (4.48a)
2
_.n

§= P (4.48D)

The limit 7 — 0 is the extreme limit of variance inflation referred to in Example 4.12. In this
limit, the 3DVAR filter becomes the synchronization filter (4.46). A
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4.5 Illustrations

Kalman Filter, Ex 1.2 50Kalman Filter Covariance, Ex 1.2
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(a) Solution. (b} Covariance.

& Kalman Filter Error, Ex 1.2
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(¢) Error.

Fig. 4.3: Kalman filter applied to the linear system of Example 2.2 with A = A3, H = (1,0),
Y =1, and I' = 1; see also p8.m in Section 5.2.5. The problem is initialized with mean 0
and covariance 10 1.

The first illustration concerns the Kalman filter applied to the linear system of Example 2.3
with A = As. We assume that H = (1,0), so that we observe only the first component of
the system, and the model and observational covariances are 2 = [ and I' = 1, where [
is the 2 x 2 identity matrix. The problem is initialized with mean 0 and covariance 10 [.
Figure 4.3a shows the behavior of the filter on the unobserved component, showing how
the mean locks onto a small neighborhood of the truth and how the one-standard-deviation
confidence intervals computed from the variance on the second component also shrink from a
large initial value to an asymptotic small value; this value is determined by the observational
noise variance in the first component. In Figure 4.3b, the trace of the covariance matrix is
plotted, demonstrating that the total covariance matrix approaches a small limiting matrix
asymptotically. And finally, Figure 4.3c shows the error (in the Euclidean norm) between the
filter mean and the truth underlying the data, together with its running average. We will
employ similar figures (a), (b), and (c) in the examples that follow in this section.
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Fig. 4.4: 3DVAR methodology applied to the logistic map Example 2.4 with r = 4, 42 = 1072,
and ¢ = v2/n with n = 0.2; see also p9.m in Section 5.3.1.

The next illustration shows the 3DVAR algorithm applied to Example 2.4 with r» = 2.5.
We consider noise-free dynamics and observational variance of 2 = 1072, The fixed model
covariance is chosen to be ¢ = 42 /n with n = 0.2. The resulting algorithm performs well at
tracking the truth with asymptotic time-averaged Euclidean error of size roughly 10=2. See
Figure 4.4.

The rest of the figures illustrate the behavior of the various filters, all applied to Example 2.3
with @ = 2.5,0 = 0.3, and v = 1. In particular, 3DVAR (Figure 4.5), ExKF (Figure 4.6),
EnKF (Figure 4.7), ETKF (Figure 4.8), and the particle filter with standard (Figure 4.9)
and optimal (Figure 4.10) proposals are all compared on the same example. The ensemble-
based methods all use 100 ensemble members each (notice that this is much larger than the
dimension of the state space, which is n = 1 here; this is hence a regime outside of which the
ensemble methods would usually be employed in practice. For 3DVAR, results from which
(for this example) are shown only in the summary Figure 4.11, we take n = 0.5.

All of the methods perform well at tracking the true signal, asymptotically in time, re-
covering from a large initial error. However, they also all exhibit occasional instabilities and
lose track of the true signal for short periods of time. From Fig.4.6(c), we can observe that
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Fig. 4.5: 3DVAR for the sine map Example 2.3 with « = 2.5, 0 = 0.3,7 =1, and = 0.2; see
also p10.m in Section 5.3.3.

the ExKF has small error for most of the simulation, but that sporadic large excursions are
seen in the error. From Fig.4.8(c), one can observe that ETKF is similarly prone to small
destabilization and local instability, like the EnKF with perturbed observations in Fig. 4.7(c).
Also, notice from Figure 4.9(c) that the particle filter with standard proposal is perhaps
slightly more prone to destabilization than the optimal proposal in Figure 4.10(c), although
the difference is minimal.

The performance of the filters is now compared through a detailed study of the statistical
properties of the error e = m — v over long simulation times. In particular, we compare
the histograms of the errors and their large time averages. Figure 4.11 compares the errors
incurred by the three basic methods 3DVAR, ExKF, and EnKF, demonstrating that the
EnKF is the most accurate method of the three on average, with ExKF the least accurate
on average. Notice from Fig.4.11(a) that the error distribution of 3DVAR is the widest, and
both it and EnKF remain consistently accurate. The distribution of ExKF is similar to that of
EnKF, except for the “fat tails” associated with the destabilization intervals seen in Fig. 4.6.

Figure 4.12 compares the errors incurred by the four more accurate ensemble-based meth-
ods EnKF, ETKF, SIRS, and SIRS(OP). The error distribution, Fig.4.12(a), of all these
filters is similar. In Fig.4.12(b), one can see that the time-averaged errors in EnKF and
ETKEF are indistinguishable. Also, the EnKF, ETKF, and SIRS(OP) also remain more or less
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Fig. 4.6: ExKF on the sine map Example 2.3 with o = 2.5, ¢ = 0.3, and v = 1; see also
pll.m in Section 5.3.4.

consistently accurate. The distribution of e for SIRS is similar to SIRS(OP), except for the
fat tails associated with the destabilization intervals seen in Fig. 4.9, which leads to the larger
time-averaged error seen in Fig.4.12(b). In this sense, the distribution of e is similar to that

for

ExKF.

4.6 Bibliographic Notes

e Section 4.1. Since its introduction in 1960 [79], the Kalman filter has found wide-ranging
application to low-dimensional engineering applications in which the linear Gaussian model
is appropriate. In addition to the original motivation in control of flight vehicles, it has
grown in importance in the fields of econometric time-series analysis and signal processing
[65]. Tt is also important because it plays a key role in the development of the approximate
Gaussian filters, which are the subject of Section 4.2. The idea behind the Kalman filter, to
combine model and data optimally, is arguably one of the most important ideas in applied
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Fig. 4.7: EnKF on the sine map Example 2.3 with « = 2.5, 0 = 0.3, v =1, and N = 100; see
also p12.m in Section 5.3.5.

mathematics over the last century: the impact of the paper [79] on many application
domains has been huge.

Section 4.2. All the non-Gaussian filters we discuss are based on modifying the Kalman
filter so that it may be applied to nonlinear problems. The development of new filters is
a very active area of research, and the reader is directed to the book [100], together with
the articles [28, 101] and [142], for insight into some of the recent developments with an
applied mathematics perspective.

The 3DVAR algorithm was proposed at the United Kingdom’s Met Office in 1986 [93, 94],
and was subsequently developed by the United States National Oceanic and Atmospheric
Administration [119] and by the European Centre for Medium-Range Weather Forecasts
(ECMWF) in [36]. The perspective of these papers was one of minimization, and as such,
easily incorporates nonlinear observation operators via the objective functional (4.11),
with a fixed C = @H, for the analysis step of filtering; nonlinear observation operators
are important in numerous applications, including numerical weather forecasting. In the
case of linear observation operators, the objective functional is given by (4.12) with explicit
solution given, in the case C = @H, by (4.14). In fact, the method of optimal interpolation
predates 3DVAR and takes the linear equations (4.14) as their starting point, rather than
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Fig. 4.8: ETKF on the sine map Example 2.3 with a« = 2.5, 0 = 0.3, v = 1, and N = 100; see
also p13.m in Section 5.3.6.

starting from a minimization principle; it is then very closely related to the method of
krigging from the geosciences [136]. The 3DVAR algorithm is important because it is
prototypical of the many more sophisticated filters that are now widely used in practice,
and it is thus natural to study it.

The extended Kalman filter was developed in the control theory community and is discussed
at length in [77]. It is not practical to implement in high dimensions, and low-rank extended
Kalman filters are then used instead; see [89] for a recent discussion.

The ensemble Kalman filter uses a set of particles to estimate covariance information, and
may be viewed as an approximation of the extended Kalman filter, designed to be suitable
in high dimensions. See [50] for an overview of the methodology, written by one of its
originators, and [144] for an early example of the power of the method. We note that the

minimization principle (4.15) has the very desirable property that the samples {6&_)1 N
correspond to samples of the Gaussian distribution found by Bayes’s theorem with prior
N(mj41,Cj41) and likelihood y;41|v. This is the idea behind the randomized mazimum
likelihood method described in [115], widely used in petroleum applications; the idea is
discussed in detail in the context of the EnKF in [82]. There has been some analysis of

the EnKF in the large-sample limit; see, for example, [91, 90, 103]. However, the primary
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Fig. 4.9: Particle Filter (standard proposal) on the sine map Example 2.3 with @ = 2.5,
0=0.3,7=1,and N = 100; see also p14.m in Section 5.3.7.

power of the method for practitioners is that it seems to provide useful information for small
sample sizes; it is therefore perhaps a more interesting direction for analysis to study the
behavior of the algorithm, and determine methodologies to improve it, for fixed numbers of
ensemble members. There is some initial work in this direction, and we describe it below.
Note that the I' appearing in the perturbed observation EnKF can be replaced by the

sample covariance I' of the {nj(-i)l N,

covariance of the updated ensemble in this case is equal to (I — K, H )@H, where Kj
is the gain corresponding to the sample covariance I

There is a range of parameters that can be used to tune the approximate Gaussian filters or
modifications of those filters. In practical implementations, especially for high-dimensional
problems, the basic forms of the ExKF and EnKF as described here are prone to poor
behavior, and such tuning is essential [81, 50]. In Examples 4.12 and 4.13, we have already
shown the role of variance inflation for 3DVAR, and this type of approach is also fruitfully
used within ExKF and EnKF. A basic version of variance inflation is to replace the estimate
Cj41 in (4.13) by €C 4 Cj41, where C is a fixed covariance such as that used in a 3DVAR

method. Introducing e € (0, 1) leads, for positive definite C , to an operator without a null

and this is often done in practice. The sample
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Fig. 4.10: Particle Filter (optimal proposal) on the sine map Example 2.3 with o = 2.5,
o0=20.3,y=1, and N = 100; see also p15.m in Section 5.3.8.

space and consequently to better behavior. In contrast, taking e = 0 can lead to singular
model covariances. This observation is particularly important when the EnKF is used in
high-dimensional systems in which the number N of ensemble members is always less than
the dimension n of the state space. In this situation, C;;; necessarily has a null space
of dimension at least n — N. It can also be important for the ExKF, where the evolving
dynamics can lead, asymptotically in j, to degenerate C;,; with nontrivial null space.
Notice also that this form of variance inflation can be thought of as using 3DVAR-like
covariance updates, in the directions not described by the ensemble covariance. This can
be beneficial in terms of the ideas underlying Theorem 4.10, where the key idea is that
K close to the identity can help ameliorate growth in the underlying dynamics. This may
also be achieved by replacing the estimate Cj41 in (4.13) by (1 + e)C]+1 This is another
commonly used inflation tactic; note, however, that it lacks the benefit of rank correction.
It may therefore be combined with the additive inflation, yielding elC +(1+ EQ)CJ+1 More
details regarding tuning of filters through inflation can be found in [4, 52, 77, 81, 50].

Another methodology that is important for practical implementation of the EnKF is lo-
calization [81, 50]. This is used to reduce unwanted correlations in C; between points that
are separated by large distances in space. The underlying assumption is that the correla-



110 4 Discrete Time: Filtering Algorithms

% | .0 :
0 20000 40000 60000 80000 100000
-5.0 -2.5 OéU 2.5 5.0 iteration j

(a) Log-scale histograms. (b) Running average root mean square e.

Fig. 4.11: Convergence of e = m—uvT for each filter for the sine map Example 2.3, corresponding
to solutions from Figs. 4.5, 4.6, 4.7.
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Fig. 4.12: Convergence of e = m — v’ for both versions of EnKF in comparison to the par-
ticle filters for the sine map Example 1.3, corresponding to solutions from Figs.4.7, 4.8, 4.9,
and 4.10.

tion between points decays proportionally to their distance from one another, and as such
is increasingly corrupted by the sample error in ensemble methods. The sample covariance
is hence modified to remove correlations between points separated by large distances in
space. This is typically achieved by composing the empirical correlation matrix with a
convolution kernel. Localization can have the further benefit of increasing rank, as in the
case of the first type of variance inflation described above. An early reference illustrating
the benefits and possible implementation of localization is [72]. An important reference
that links this concept firmly with ideas from dynamical systems is [117].

Following the great success of the ensemble Kalman filter algorithm, in a series of papers
[138, 20, 3, 146], the square-root filter framework was (re)discovered. The idea goes back
at least to [5]. We focused the discussion above in Section 4.2.4 on the ETKF, but we
note that it is possible to derive different transformations. For example, the singular evo-
lutive interpolated Kalman (SEIK) filter proceeds by first projecting the ensemble into the
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(K — 1)-dimensional mean-free subspace, and then identifying a (K — 1) x (K — 1) matrix
transformation, effectively prescribing a K x (K — 1) matrix transformation L; as opposed
to the K x K rank (K — 1) matrix le/2 proposed in ETKF. The former is unique up to
unitary transformation, while the latter is unique only up to unitary transformations that
have 1 as an eigenvector. Other alternative transformations may take the form Aj; or K j
such that X; = Aj)?j or X; =(I- KH)XJ These are known as the ensemble adjustment
Kalman filter (EAKF) and the ensemble square-root filter (ESRF) respectively. See [20]
for details about the ETKF, [3] for details about the EAKF, and [146] for details about
the ESRF [146]. A review of all three is given in [138]. The similar singular evolutive in-
terpolated Kalman (SEIK) filter was introduced in [121] and is compared with the other
square root filters in [110]. Other ensemble-based filters have been developed in recent years
bridging the ensemble Kalman filter with the particle filter, for example [71, 70, 123, 128].

e Section 4.3. In the linear case, the extended Kalman filter of course coincides with the
Kalman filter; furthermore, in this case, the perturbed observation ensemble Kalman filter
reproduces the true posterior distribution in the large-particle limit [50]. However, the
filters introduced in Section 4.2 do not produce the correct posterior distribution when
applied to general nonlinear problems. On the contrary, the particle filter does recover
the true posterior distribution as the number of particles tends to infinity, as we show in
Theorem 4.5. This proof is adapted from the very clear exposition in [122].

For more refined analyses of the convergence of particle filters, see, for example, [39, 46] and
references therein. As explained in Remark 4.6 the constant appearing in the convergence
results may depend exponentially on time if the mixing properties of the transition kernel
P(dv;|vj_1) are poor (the undesirable properties of deterministic dynamics illustrate this).
There is also interesting work studying the effect of the dimension [129]. A proof that
exploits ergodicity of the transition kernel, when that is present, may be found in [46];
the assumptions there on the transition and observation kernels are very strong and are
generally not satisfied in practice, but studies indicate that comparable results may hold
under less stringent conditions.

For a derivation and discussion of the optimal proposal, introduced in Section 4.3.3, see
[47] and references therein. We also mention here the implicit filters developed by Chorin
and coworkers [30, 29, 28]. These involve solving an implicit nonlinear equation for each
particle that includes knowledge of the next set of observed data. This has some similarities
to the method proposed in [143], and both are related to the optimal proposal mentioned
above.

e Section 4.4. The stability of the Kalman filter is a well-studied subject, and the book [86]
provides an excellent overview from the perspective of linear algebra. For extensions to the
extended Kalman filter, see [77]. Theorem 4.10 provides a glimpse into the mechanisms at
play within 3DVAR, and approximate Gaussian filters in general, in determining stabil-
ity and accuracy: the incorporation of data can convert unstable dynamical systems, with
positive Lyapunov exponents, into contractive nonautonomous dynamical systems, thereby
leading, in the case of small observational noise, to filters that recover the true signal within
a small error. This idea was highlighted in [27] and first studied rigorously for the 3DVAR
method applied to the Navier—Stokes equation in [24]; this work was subsequently general-
ized to a variety of different models in [109, 88, 87]. It is also of note that these analyses of
3DVAR build heavily on ideas developed in [67] for a specialized form of data assimilation
in which the observations are noise-free. In the language of the synchronization filter in-
troduced in Section 4.4.3, this paper demonstrates the synchronization property (4.47) for
the Navier—Stokes equation with sufficiently large number of Fourier mode observations,
and for the Lorenz '63 model of Example 2.6 observed in only the first component. The
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paper [87] consider similar issues for the Lorenz 96 model of Example 2.7. Similar ideas
are studied for the perturbed observation EnKF in [82]; in this case, it is necessary to
introduce a form of variance inflation to obtain a result analogous to Theorem 4.10. An
important step in the theoretical analysis of ensemble Kalman filter methods is the paper
[58], which uses ideas from the theory of shadowing in dynamical systems; the work proves
that the ETKF variant can shadow the truth on arbitrarily long time intervals, provided
the dimension of the ensemble is greater than the number of unstable directions in the
system.

In the context of filter stability, it is important to understand the optimality of the mean
of the true filtering distribution. We observe that all of the filtering algorithms that we
have described produce an estimate of the probability distribution P(v,|Y;) that depends
only on the data Y;. There is a precise sense in which the true filtering distribution can be
used to find a lower bound on the accuracy that can be achieved by any of these approxi-
mate algorithms. We let E(v;|Y;) denote the mean of v; under the probability distribution
P(v;|Y;) and let E;(Y;) denote any estimate of the state v; based only on data Y;. Now
consider all possible random data sets Y; generated by the model (2.1), (2.2), noting that
the randomness is generated by the initial condition vy and the noises {;,7;}; in particular,
conditioning on Y; to obtain the probability distribution P(v,]Y;) can be thought of as being
induced by conditioning on the observational noise {ny }r=1,...,;. Then E;(Y;) := E(v;]Y})
minimizes the mean-square error with respect to the random model (2.1), (2.2) [98, 77, 79]:

Ellv; — Ej (Y)1* < Ellv; — B;(Y;)|? (4.49)

for all E;(Y;). Thus the algorithms we have described can do no better at estimating the
state of the system than can be achieved, in principle, from the conditional mean of the
state given the data E(v;|Y;). This lower bound holds on average over all instances of
the model. An alternative way to view the inequality (4.49) is as a means to providing
upper bounds on the true filter. For example, under the conditions of Theorem 4.10, the
right-hand side of (4.49) is, asymptotically as j — oo, of size O(e?); thus we deduce that

lim sup E|jv; — E(v;]Y;)||> < C€*.
j*}OO

This viewpoint is adopted in [126], where the 3DVAR filter is used to bound the true
filtering distribution. This latter optimality property can be viewed as resulting from the
Galerkin orthogonality interpretation of the error resulting from taking conditional expec-
tation.

We have considered large-time behavior on the assumption that the map ¥ can be im-
plemented exactly. In situations in which the underlying map ¥ arises from a differential
equation and numerical methods are required, large excursions in phase space caused by
observational noise can cause numerical instabilities in the integration methods underlying
the filters. Remark 8.7 illustrates this fact in the context of continuous time. See [59] for a
discussion of this issue.

e Section 4.5. We mention here the rank histogram. This is another consistency check on
the output of ensemble- or particle-based approximations of the filtering distribution. The
idea is to consider observed scalar quantities and to generate ordered bins associated to
that scalar and then keep track of the statistics over time of the data y; with respect
to the bins. For example, if one has an approximation of the distribution consisting of
N equally weighted particles, then a rank histogram for the first component of the state
consists of three steps, each carried out at each time j. First, add a random draw from the
observational noise N(0,I") to each particle after the prediction phase of the algorithm.
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Second, order the particles according to the value of their first component, generating N —1
bins between the values of the first component of each particle, and with one extra bin on
each end. Finally, rank the current observation y; between 1 and N +1 depending on which
bin it lands in. If one does this at each time j, a histogram of the rank of the observations
is obtained. The “spread” of the ensemble can be evaluated using this diagnostic. If the
histogram is uniform, then the spread is consistent. If it is concentrated toward the center,
then the spread is overestimated. If it is concentrated at the edges, then the spread is
underestimated. This consistency check on the statistical model used was introduced in [2]
and is widely adopted throughout the data-assimilation community.

4.7 Exercises

1. Consider the Kalman filter in the case M = H = I, ¥ = 0, and I' > 0. Prove that
the covariance operator C; converges to 0 as j — oo. Modify the program p8.m so that it
applies to this setup, in the two-dimensional setting. Verify what you have proved regarding
the covariance and make a conjecture about the limiting behavior of the mean of the
Kalman filter.

2. Consider the 3DVAR algorithm in the case ¥(v) =v, H =1, ¥ =0, and I" > 0. Choose
C = ol. Find an equation for the error e; := v; — m; and derive an expression for
lim;_, Ele;|? in terms of o and ¢ := E|n;|>. Modify the program p9.m so that it applies
to this setup, in the one-dimensional setting. Verify what you have proved regarding the
limiting behavior of the m;.

3. Consider the EnKF algorithm in the same setting as the previous example. Modify program
pl2.m so that it applies to this setup, in the one-dimensional setting. Study the behavior
of the sequence m; found as the mean of the particles vj(-n) over the ensemble index n.

4. Consider the SIRS algorithm in the same setting as the previous example. Modify program
pl4.m so that it applies to this setup, in the one-dimensional setting. Study the behavior
of the sequence m; found as the mean of the particles vén) over the ensemble index n.

5. Make comparative comments regarding the 3DVAR, EnKF, and SIRS algorithms on the
basis of your solutions to the three preceding exercises.

6. In this exercise, we study the behavior of the mean of the Kalman filter in the case of one-
dimensional dynamics. The notation follows the development in Section 4.4.1. Consider
the case 0 = 0 and assume that the data {y;}jen is generated from a true signal {v;r Yiez+

governed by the equation
vl 41 = o,
and that the additive observational noise {1;} ey is drawn from an i.i.d. sequence with

variance +2. Define the error €; =m;j— U;[ between the estimated mean and the true signal
and use (4.37b) to show that

Cj Cj
€j+1 = < — f;) )\ej —+ %1’}j+1. (450)

Deduce that e; is Gaussian and that its mean and covariance satisfy the equations

Eeji1 = A <1 - C;j) Ee; (4.51)
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and

2 2
. c4
Ee2,, = \2 (1 - ny?) Ee? + ngl (4.52)

Equation (4.51) can be solved to obtain

j .
Eej =)\ [H (1 _ Cz+21)
Y

=0

Eeo. (453)

In a similar way, obtain for the solution of (4.52),

izt N c?
Ee? = A% lH (1_@“) E60+Z{[H < §§>]A2(J_”§E}+VQ~ (4.54)

=0 k=i+1

Using the properties of the variance derived in Section 4.4.1, prove that the mean of the
error tends to zero and that the asymptotic variance is bounded by 2.



Chapter 5

Discrete Time: MATLAB Programs

This chapter is dedicated to illustrating the examples, theory, and algorithms, as presented
in the previous chapters, through a few short and easy-to-follow MATLAB programs. These
programs are provided for two reasons: (i) For some readers, they will form the best route by
which to appreciate the details of the examples, theory, and algorithms we describe; (ii) for
other readers, they will be a useful starting point to develop their own codes. While ours are
not necessarily the optimal implementations of the algorithms discussed in these notes, they
have been structured to be simple to understand, to modify, and to extend. In particular,
the code may be readily extended to solve problems more complex than those described in
Examples 2.1-2.7, which we will use for most of our illustrations. The chapter is divided into
three sections, corresponding to programs relevant to each of the preceding three chapters.
Before getting into details, we highlight a few principles that have been adopted in the
programs and in the accompanying text of this chapter. First, notation is consistent between
programs, and it matches the text in the previous sections of the book as far as possible.
Second, since many of the elements of the individual programs are repeated, they will be
described in detail only in the text corresponding to the program in which they first appear;
the short annotations explaining them will, however, be repeated within the programs. Third,
the reader is advised to use the documentation available at the command line for any built-
in functions of MATLAB; this information can be accessed using the help command—for
example, the documentation for the command help can be accessed by typing help help.

5.1 Chapter 2 Programs

The programs pl.m and p2.m used to generate the figures in Chapter 2 are presented in
this section. Thus these algorithms simply solve the dynamical system (2.1) and process the
resulting data.

Electronic supplementary material The online version of this chapter (doi: 10.1007/
978-3-319-20325-6_5) contains supplementary material, which is available to authorized users.
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5.1.1. pl.m

The first program, pl.m, illustrates how to obtain sample paths from equations (2.1)
and (2.3). In particular, the program simulates sample paths of the equation

uj+1 = asin(u;) + &, (5.1)

with & ~ N(0,0?) i.i.d. and a = 2.5, both for deterministic (¢ = 0) and stochastic dynamics
(o # 0) corresponding to Example 2.3. In line 5, the variable J is defined, which corresponds
to the number of forward steps that we will take. The parameters a and o are set in lines
6-7. The seed for the random-number generator is set to sd€ N in line 8 using the command
rng (sd) . This guarantees that the results will be reproduced exactly by running the pro-
gram with this same sd. Different choices of sde N will lead to different streams of random
numbers used in the program, which may also be desirable in order to observe the effects of
different random numbers on the output. The command sd will be called in the preamble
of all of the programs that follow. In line 9, two vectors of length J are created, named v
and vnoise; after the program has run, these two vectors contain the solutions for the case
of deterministic (¢ = 0) and stochastic dynamics (o = 0.25) respectively. After the initial
conditions are set in line 10, the desired map is iterated, without and with noise, in lines
12-15. Note that the only difference between the forward iteration of v and that of vnoise
is the presence of the sigmaxrandn term, which corresponds to the generation of a ran-
dom variable sampled from N(0,02). Lines 17-18 contain code that graphs the trajectories,
with and without noise, to produce Figure 2.3. Figures 2.1, 2.2, and 2.5 were obtained by
simply modifying lines 12-15 of this program, in order to create sample paths for the corre-
sponding ¥ for the other three examples; furthermore, Figure 2.4a was generated from output
of this program, and Figure 2.4b was generated from output of a modification of this program.

clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl.m - behaviour of sin map (Ex. 1.3)
$%% with and without observational noise

J=10000;% number of steps

alpha=2.5;% dynamics determined by alpha

sigma=0.25;% dynamics noise variance is sigma”2
sd=1;rng(sd) ;% choose random number seed

v=zeros (J+1,1) vnoise=zeros (J+1,1) ;% preallocate space

10 v(1)=1;vnoise(1l)=1;% initial conditions

© 00 JO Uik W+

11

12 for i=1:J

13 v(i+1)=alpha*sin(v(i));

14 vnoise (i+1)=alphaxsin(vnoise(i)) +sigmarrandn;
15 end

16

17 figure(l), plot([0:1:J],Vv),
18 figure(2), plot([0:1:J],vnoise),
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5.1.2. p2.m

The second program presented here, p2 .m, is designed to visualize the posterior distribution
in the case of one-dimensional deterministic dynamics. For clarity, the program is separated
into three main sections. The setup section in lines 5-10 defines the parameters of the
problem. The model parameter r is defined in line 6, and it determines the dynamics of the
forward model, in this case given by the logistic map (2.9):

Vj+1 = ’I"Uj(l - ’Uj). (52)

The dynamics are taken as deterministic, so the parameter sigma does not feature here. The
parameter r is equal to 2, so that the dynamics are not chaotic, as the explicit solution given
in Example 2.4 shows. The parameters m0 and CO define the mean and covariance of the prior
distribution vy ~ N(mg, Cp), while gamma defines the observational noise n; ~ N(0,72).

The truth section in lines 14-20 generates the true reference trajectory (or truth) vt in
line 18 given by (5.2), as well as the observations y in line 19 given by

Yj = v +n;. (5.3)

Note that the index of y(:,J) corresponds to observation of Hxv (:,j+1). This is due to
the fact that the first index of an array in MATLAB is j=1, while the initial condition is vy,
and the first observation is of v1. So effectively the indices of y are correct as corresponding to
the text and equation (5.3), but the indices of v are off by 1. The memory for these vectors is
preallocated in line 14. This is unnecessary, because MATLAB would simply dynamically allocate
the memory in its absence, but it would slow down the computations due to the necessity
of allocating new memory each time the given array changes size. Commenting this line out
allows observation of this effect, which becomes significant when J becomes sufficiently large.

The solution section after line 24 computes the solution, in this case the pointwise
representation of the posterior smoothing distribution on the scalar initial condition. The
pointwise values of the initial condition are given by the vector v0 (vg) defined in line 24.
There are many ways to construct such vectors, and this convention defines the initial (0.01)
and final (0.99) values and a uniform step size 0.0005. It is also possible to use the command
vO0=1linspace(0.01,0.99,1961), defining the number 1961 of intermediate points, rather
than the step size 0.0005. The corresponding vector of values of Phidet (®get), Jdet (Jdet),
and Idet (lget) are computed in lines 32, 29, and 34 for each value of v0, as related by the
equation

laet (V03 ) = Jaet (Vo) + Paet (Vo3 ¥), (5.4)

where Jget(vg) is the background penalization and ®get(vo;y) is the model-data misfit
functional given by (2.29b) and (2.29¢) respectively. The function lget(vo;y) is the negative
log-posterior as given in Theorem 2.11. Having obtained lget(vo; y), we calculate P(vgly) in
lines 37-38, using the formula

_exp(—laet(vo; y))
P(voly) = Texp(—la (0 1)) (5.5)

The trajectory v corresponding to the given value of vy (v0 (1)) is denoted by vv and is
replaced for each new value of v0 (1) in lines 29 and 31, since it is required only to compute
Idet. The command trapz (v0, exp (-Idet)) in line 37 approximates the denominator of
the above by the trapezoidal rule, i.e., the summation
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N-1
trapz(v0, exp(—Idet)) = Z (vO(i 4+ 1) —v0(i)) * (Idet(i + 1) + Idet(i))/2. (5.6)
i=1

The rest of the program deals with plotting our results, and in this instance, it coincides with
the output of Figure 2.11b. Again, simple modifications of this program were used to produce
Figures 2.10, 2.12, and 2.13. Note that rng (sd) in line 8 allows us to use the same random
numbers every time the file is executed; those random numbers are generated with the seed
sd, as described in Section 5.1.1. Commenting this line out would result in the creation of
new realizations of the random data y, different from those used to obtain Figure 2.11b.

1 clear; set(0,’defaultaxesfontsize’,20); format long
2 %%% p2.m smoothing problem for the deterministic logistic map (Ex. 1.4)
3 %% setup

4

5 J=1000;% number of steps

6 r=2;% dynamics determined by r

7 gamma=0.1;% observational noise variance is gamma”2
8 (C0=0.01;% prior initial condition variance

9 m0=0.7;% prior initial condition mean

10 sd=1;rng(sd) ;% choose random number seed

11

12 %% truth

13

°

14 vt=zeros(J+1,1); y=zeros(J,1l);% preallocate space to save time
15 vt(1)=0.1;% truth initial condition
16 for j=1:J

17 % can be replaced by Psi for each problem
18 vt (J+1) =r*vt (j) *x (1-vt(j)) ;% create truth
19 y(j)=vt(j+1) +gammaxrandn;$ create data

20 end

21

22 %% solution

23

24 v0=[0.01:0.0005:0.99] ;% construct vector of different initial data

25 Phidet=zeros (length(v0),1);Idet=Phidet;Jdet=Phidet;% preallocate space
26 vv=zeros(J,1l) ;% preallocate space

27 % loop through initial conditions vv0, and compute log posterior I0(vv0)
28 for j=1l:length(v0)

29 vv(1)=v0(j); Jdet(j)=1/2/CO0x(v0(j)-m0)"2;% background penalization
30 for i=1:J

31 Vv (i+1) =r*vv (i) x (1-vv (1)) ;

32 Phidet (j)=Phidet (j)+1/2/gamma”2* (y (i) -vv (i+1)) "2;% misfit

33 functional

34 end

35 Idet (j)=Phidet (j)+Jdet (3) ;

36 end

37

38 constant=trapz(v0,exp(-Idet)) ;% approximate normalizing constant
39 P=exp(-Idet)/constant;% normalize posterior distribution
40 prior=normpdf (v0,m0,sqgrt(C0)) ;% calculate prior distribution

42 figure(l) ,plot(v0,prior,’'k’,'LineWidth’,2)
43 hold on, plot(v0,P,’r--’,’LineWidth’,2), xlabel 'v_0',
44 1legend 'prior’ J=10"3
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5.2 Chapter 3 Programs

The programs p3 .m-p7.m, used to generate the figures in Chapter 3, are presented in this
section. Hence various MCMC algorithms used to sample the posterior smoothing distribution
are given. Furthermore, optimization algorithms used to obtain solutions of the 4DVAR and
w4DVAR variational methods are also introduced. Our general theoretical development of
MCMC methods in Section 3.2 employs a notation of u for the state of the chain and w for
the proposal. For deterministic dynamics, the state is the initial condition vg; for stochastic
dynamics, it is either the signal v or the pair (vg, ), where & is the noise (since this pair
determines the signal). Where appropriate, the programs described here use the letter v, and
variants thereof, for the state of the Markov chain to keep the connection with the underlying
dynamics model.

5.2.1. p3.m

The program p3.m contains an implementation of the random walk Metropolis (RWM)
MCMC algorithm. The development follows Section 3.2.3, where the algorithm is used to
determine the posterior distribution on the initial condition arising from the deterministic
logistic map of Example 2.4 given by (5.2). Note that in this case, since the underlying dy-
namics are deterministic and hence completely determined by the initial condition, the RWM
algorithm will provide samples from a probability distribution on R.

As in program p2 .m, the code is divided into three sections: setup, where parameters are
defined; truth, where the truth and data are generated; and solution, where the solution
is computed, this time by means of MCMC samples from the posterior smoothing distribution.
The parameters in lines 5-10 and the true solution (here taken as only the initial condition,
rather than the trajectory it gives rise to) vt in line 14 are taken to be the same as those
used to generate Figure 2.13. The temporary vector vv generated in line 19 is the trajectory
corresponding to the truth (vv (1) =vt in line 14) and used to calculate the observations y
in line 20. The true value vt will also be used as the initial sample in the Markov chain
for this and for all subsequent MCMC programs. This scenario is, of course, impossible in
the case that the data is not simulated. However, it is useful when the data is simulated,
as it is here, because it can reduce the burn-in time, i.e., the time necessary for the current
sample in the chain to reach the target distribution, or the high-probability region of the state
space. Because we initialize the Markov chain at the truth, the value of lget(v'), denoted by
the temporary variable Idet, is required to determine the initial acceptance probability, as
described below. It is computed in lines 15-23 exactly as in lines 25-34 of program p2.m, as
described around equation (5.4).

In the solution section, some additional MCMC parameters are defined. In line 28, the
number of samples is set to N =10%. For the parameters and specific data used here, this
is sufficient for convergence of the Markov chain. In line 30, the step-size parameter beta
is preset such that the algorithm for this particular posterior distribution has a reasonable
acceptance probability, or ratio of accepted to rejected moves. A general rule of thumb for
this is that it should be somewhere around 0.5, to ensure that the algorithm is not too
correlated because of high rejection rate (acceptance probability near zero) and that it is
not too correlated because of small moves (acceptance probability near one). The vector V
defined in line 29 will save all of the samples. This is an example in which preallocation is
very important. Try using the commands tic and toc before and respectively after the loop
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in lines 33-50 in order to time the chain both with and without preallocation.! In line 34, a
move is proposed according to the proposal equation (3.15):

w®) = pk=1) 4 g (k=1),

where v(v) is the current state of the chain (initially taken to be equal to the true initial
condition vg), (*==randn is an i.i.d. standard normal, and w represents w*). Indices are
not used for v and w because they will be overwritten at each iteration.

The temporary variable vv is again used for the trajectory corresponding to w®) as a
vehicle to compute the value of the proposed Idet(w(k); y), denoted in line 42 by I0prop =
JO0prop + Phiprop. In lines 44-46, the decision to accept or reject the proposal is made
based on the acceptance probability

a(® D w®) =1 A exp(lae (VY5 9) — lger (0™ y)).

In practice, this corresponds to drawing a uniform random number rand and replacing v
and Idet in line 45 with w and I0prop if rand<exp (I0-I0prop) in line 44. The variable
bb is incremented if the proposal is accepted, so that the running ratio of accepted moves
bb to total steps n can be computed in line 47. This approximates the average acceptance
probability. The current sample v(¥) is stored in line 48. Notice that here one could replace
v by V(n-1) in line 34, and by V (n) in line 45, thereby eliminating v, and letting w be the
only temporary variable. However, the present construction is favorable, because as mentioned
above, in general one may not wish to save every sample.

The samples V are used in lines 51-53 to visualize the posterior distribution. In particular,
bins of width dx are defined in line 51, and the command hist is used in line 52. The
assignment Z = hist (V,v0) means first that the real number line is split into M bins with
centers defined according tov0 (1) fori = 1,..., M, with the first and last bins corresponding
to the negative, respectively positive, half-lines. Second, Z (i) counts the number of k for
which V (k) is in the bin with center determined by vO0 (i). Again, trapz (5.6) is used
to compute the normalizing constant in line 53, directly within the plotting command. The
choice of the location of the histogram bins allows for a direct comparison with the posterior
distribution calculated from the program p2 .m by directly evaluating lge (v; y) defined in (5.4)
for different values of initial conditions v. This output is then compared with the corresponding
output of p2.m for the same parameters in Figure 3.2.

1 In practice, one may often choose to collect certain statistics from the chain “on the fly” rather than
saving every sample, particularly if the state space is high-dimensional and the memory required for
each sample is large.
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lear; set(0,’defaultaxesfontsize’,20); format long
%% p3.m MCMC RWM algorithm for logistic map (Ex. 1.4)
% setup

o\°

oe

J=5;% number of steps

r=4;% dynamics determined by alpha

gamma=0.2;% observational noise variance is gamma”2
C0=0.01;% prior initial condition variance

m0=0.5;% prior initial condition mean

o

sd=10;rng(sd) ;% choose random number seed

vt=0.3;vv(l)=vt;% truth initial condition
Jdet=1/2/C0x% (vt-m0) "2;% background penalization
Phidet=0;% initialization model-data misfit functional

for j=1:J
% can be replaced by Psi for each problem
vv (j+1) =r*«vv(j)* (1-vv(j)) ;% create truth

v (j)=vv(j+1l) +gammasrandn;% create data
Phidet=Phidet+1/2/gamma”2x% (y(j)-vv(j+1)) "2;% misfit functional
end
Idet=Jdet+Phidet;% compute log posterior of the truth

% solution

Markov Chain Monte Carlo: N forward steps of the

Markov Chain on R (with truth initial condition)

=le5;% number of samples

V=zeros (N, 1) ;% preallocate space to save time

beta=0.05;% step-size of random walker

v=vt;% truth initial condition (or else update I0)

n=1; bb=0; rat(1l)=0;

while n<=N

w=v+sqrt (2«beta) xrandn; % propose sample from random walker

vv (1) =w;

Jdetprop=1/2/C0x (w-m0) "2;% background penalization

Phidetprop=0;

for i=1:0
Vv (1+1) =r*vv (i) * (1-vv (1)) ;
Phidetprop=Phidetprop+1l/2/gamma”2«* (y (i) -vv (i+1)) "2;

o° o° o

=1

end
Idetprop=Jddetprop+Phidetprop;% compute log posterior of the proposal

if rand<exp (Idet-Idetprop)$% accept or reject proposed sample
v=w; Idet=Idetprop; bb=bb+l;% update the Markov chain
end
rat (n) =bb/n;% running rate of acceptance
V(n)=v;% store the chain
n=n+1;
end
dx=0.0005; v0=[0.01:dx:0.99];
Z=hist (V,v0) ;% construct the posterior histogram
figure (1), plot(v0,Z/trapz(v0,Z),’'k’, ' Linewidth’,2)% visualize the
posterior
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5.2.2. p4d.m

The program p4 .m contains an implementation of the independence dynamics sampler for
stochastic dynamics, as introduced in Section 3.2.4. Thus the posterior distribution is on the
entire signal {v;};ecy. The forward model in this case is from Example 2.3, given by (5.1). The
smoothing distribution P(v|Y) is therefore over the state space R7*1.

The sections setup, truth, and solution are defined as for program p3.m, but note
that now the smoothing distribution is over the entire path, not just over the initial condition,
because we are considering stochastic dynamics. Since the state space is now the path space,
rather than the initial condition as it was in program p3.m, the truth vt€ R/*! is now a
vector. Its initial condition is taken as a draw from N(mg,Cp) in line 16, and the trajectory
is computed in line 20, so that at the end, vt~ po. As in program p3.m, v! (vt) will be the
chosen initial condition in the Markov chain (to ameliorate burn-in issues), and so ®(v';y)
is computed in line 23. Recall from Section 3.2.4 that only ®(-;y) is required to compute the
acceptance probability in this algorithm.

Notice that the collection of samples V€ RV>*/*1 preallocated in line 30 is substantial in
this case, illustrating the memory issue that arises when the dimension of the signal space,
and number of samples, increases.

The current state of the chain v*) and the value of #(v(*);y) are again denoted by v and
Phi, while the proposal w*) and the value of ®(w(*); y) are again denoted by w and Phiprop,
as in program p3. As discussed in Section 3.2.4, the proposal w®) is an independent sample
from the prior distribution pg, similarly to v, and it is constructed in lines 34-39. The
acceptance probability used in line 40 is now

a(@* D w®) =1 Aexp(@w*V;y) — B(w®);y)). (5.7)

The remainder of the program is structurally the same as p3.m. The outputs of this
program are used to plot Figures 3.3, 3.4, and 3.5. Note that in the case of Figure 3.5, we
have used N = 10% samples.
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© 00O Utk W=

clear; set(0,’defaultaxesfontsize’,20); format long
%% p4.m MCMC INDEPENDENCE DYNAMICS SAMPLER algorithm
% for sin map (Ex. 1.3) with noise

% setup

o o°
o

o\°

J=10;% number of steps
alpha=2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=1;% dynamics noise variance is sigma”2

1;% prior initial condition variance
m0=0;% prior initial condition mean

0

°

;rng(sd) ;% choose random number seed

vt (1) =m0+sgrt (CO) xrandn; % truth initial condition
Phi=0;

for j=1:J
vt (j+1) =alpha*sin(vt (j))+sigmaxrandn;% create truth
y(j)=vt(j+1) +gamma*randn;$% create data
% calculate log likelihood of truth, Phi(v;y) from (1.11)
Phi=Phi+1/2/gamma”2x (y(j) -vt(j+1)) "2;

end

o\°

% solution
Markov Chain Monte Carlo: N forward steps of the
Markov Chain on R™{J+1} with truth initial condition
N=1e5;% number of samples
V=zeros (N,J+1) ;% preallocate space to save time
v=vt;% truth initial condition (or else update Phi)
n=1; bb=0; rat(1l)=0;
while n<=N
w(l)=sgrt (CO) xrandn;% propose sample from the prior
Phiprop=0;
for j=1:J
w(j+1)=alpha*sin(w(j))+sigma*randn;% propose sample from the prior
(

o°

o°

°

Phiprop=Phiprop+1/2/gamma”2+ (y (j) -w(j+1)) "2;% compute likelihood
end
if rand<exp (Phi-Phiprop)$% accept or reject proposed sample

v=w; Phi=Phiprop; bb=bb+1l;% update the Markov chain

end
rat (n) =bb/n;% running rate of acceptance
V(n,:)=v;% store the chain
n=n+1;
end

o

% plot acceptance ratio and cumulative sample mean
figure;plot (rat)
figure;plot (cumsum (V(1:N,1))./[1:N]")
xlabel (' samples N’)

ylabel (* (1/N) \Sigma_ {n=1}"N v_0"{(n)}")
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5.2.3. po.m

The independence dynamics sampler of Section 5.2.2 may be very inefficient, since typical
random draws from the dynamics may be unlikely to fit the data as well as the current
state, and will then be rejected. The fifth program, p5.m, gives an implementation of the
pCN algorithm from Section 3.2.4 that is designed to overcome this issue by including the
parameter 3, which, if chosen small, allows for incremental steps in signal space and hence
the possibility of nonnegligible acceptance probabilities. This program is used to generate
Figure 3.6

This program is almost identical to p4 .m, and so only the points at which it differs will
be described. First, since the acceptance probability is given by

a(® Y w®) =1 Aexp(@(w* V) — d(w®;y) + Go*Y) = Gw®)),

the quantity

<
_

Gl) = 3 (315 F )P — (5 g, 0 ()

0

<

will need to be computed, both for v*) (denoted by v in lines 31 and 44), where its value
is denoted by G (v(© = o), as well as for G(v') which is computed in line 22), and for w(®*)
(denoted by w in line 36) where its value is denoted by Gprop in line 39.

As discussed in Section 3.2.4, the proposal w®*) is given by (3.19):

w® =m+ (1= 822D —m)+ gD, (5.8)

here «(*=1) ~ N(0,C) are i.i.d. and denoted by iota in line 35. Here C is the covariance of the
Gaussian measure 7 given in Equation (2.24) corresponding to the case of trivial dynamics
¥ = 0, and m is the mean of my. The value of m is given by m in line 33.
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© 00O Utk W=

clear;set (0, 'defaultaxesfontsize’,20) ;format long
%% p5.m MCMC pCN algorithm for sin map (Ex. 1.3) with noise

o\°

%% setup

=10;% number of steps

alpha=2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=.1;% dynamics noise variance is sigma”2

;% prior initial condition variance

prior initial condition mean

rng(sd) ;% Choose random number seed

[

3
o
[
o o R
o

vt (1) =m0+sgrt (CO) xrandn; % truth initial condition
G=0;Phi=0;

for j=1:0J
vt (j+1) =alpha*sin(vt (j))+sigmaxrandn;% create truth
y(j)=vt (j+1) +gammarandn;% create data
% calculate log density from (1.--)
G=G+1/2/sigma”2x ( (alphaxsin (vt (j))) "2-2+«vt (j+1) xalphassin(vt(j)));
% calculate log likelihood phi(u;y) from (1.11)
Phi=Phi+1/2/gamma”2x (y (j)-vt (j+1))"2;

end

%% solution

Markov Chain Monte Carlo: N forward steps

=1e5;% number of samples

beta=0.02;% step-size of pCN walker

v=vt;% truth initial condition (or update G + Phi)

V=zeros (N,J+1); n=1; bb=0; rat=0;

m=[m0, zeros (1,J)1;

while n<=N
iota=[sqgrt (CO) xrandn, sigmaxrandn(1,J)] ;% Gaussian prior sample
w=m+sgrt (1-beta”2) % (v-m) +betaxiota; % propose sample from the pCN walkexz
Gprop=0; Phiprop=0;

o°

=4

for j=1:J
Gprop=CGprop+1/2/sigma”2« ( (alphaxsin(w(j))) "2-2xw(j+1) xalpha*sin
(w(3)));
Phiprop=Phiprop+1/2/gamma”2x (y () -w(j+1)) ~2;
end

if rand<exp (Phi-Phiprop+G-Gprop)$% accept or reject proposed sample
v=w; Phi=Phiprop;G=Gprop;bb=bb+1;% update the Markov chain

end

rat (n) =bb/n;% running rate of acceptance

V(n,:)=v;% store the chain

n=n+1;
end
% plot acceptance ratio and cumulative sample mean
figure;plot (rat)
figure;plot (cumsum (V(1:N,1))./[1:N]")
xlabel (' samples N’)
ylabel (* (1/N) \Sigma {n=1}"N v_0"~{(n)}")
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5.2.4. p6.m

The pCN dynamics sampler is now introduced as program pé6 .m. The independence dynamics
sampler of Section 5.2.2 may be viewed as a special case of this algorithm for proposal variance
B = 1. This proposal combines the benefits of tuning the step size S while still respecting
the prior distribution on the dynamics. It does so by sampling the initial condition and noise
(vo, &) rather than the path itself, in lines 34 and 35, as given by equation (5.8). However,
as opposed to the pCN sampler of the previous section, this variable w is now interpreted
as a sample of (vg,&) and is therefore fed into the path vv itself in line 39. The acceptance
probability is the same as that of the independence dynamics sampler (5.7), depending only
on Phi. If the proposal is accepted, both the forcing u=w and the path v=vv are updated in
line 44. Only the path is saved, as in the previous routines, in line 47.
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© 00O Utk W=

clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% p6.m MCMC pCN Dynamics algorithm for

%% sin map (Ex. 1.3) with noise

setup

oe

o\°
o°

J=10;% number of steps
alpha=2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=1;% dynamics noise variance is sigma”2

1;% prior initial condition variance
m0=0;% prior initial condition mean

0

°

;rng(sd) ;% Choose random number seed

vt (1) =m0+sgrt (CO) xrandn; % truth initial condition
ut (1) =vt (1) ;
Phi=0;
for j=1:J
ut (j+1) =sigmaxrandn;
vt (j+1)=alpha*xsin (vt (j))+ut(j+1) ;% create truth
v (j)=vt (j+1) +gammarandn;% create data
% calculate log likelihood phi(u;y) from (1.11)
Phi=Phi+1/2/gamma”2x (y (j)-vt (j+1))"2;
end

%% solution
Markov Chain Monte Carlo: N forward steps
=1e5;% number of samples
beta=0.2;% step-size of pCN walker
u=ut;v=vt;% truth initial condition (or update Phi)
V=zeros (N,J+1); n=1; bb=0; rat=0;m=[m0,zeros(1,J)];
while n<=N
iota=[sqgrt (CO) *randn, sigma*randn(1l,J)] ;% Gaussian prior sample
w=m+sqgrt (1-beta”2) * (u-m) +betaxiota;% propose sample from the pCN walkex
vv(1)=w(1);
Phiprop=0;
for j=1:J
vv (j+1) =alphaxsin(vv(j))+w(j+1) ;% create path
Phiprop=Phiprop+1l/2/gamma”2x (y (j) -vv (j+1)) "2;

o°

=4

end

if rand<exp (Phi-Phiprop)$% accept or reject proposed sample
u=w;v=vv; Phi=Phiprop;bb=bb+1;% update the Markov chain

end
rat (n)=bb/n;% running rate of acceptance
V(n, :)=v;% store the chain
n=n+1l;
end

o

% plot acceptance ratio and cumulative sample mean
figure;plot (rat)

figure;plot (cumsum(V(1:N,1))./[1:N]")
xlabel (' samples N’)

ylabel (’ (1/N) \Sigma_ {n=1}"N v _0"{(n)}")
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5.2.5. p7.m

The next program, p7.m, contains an implementation of the weak constrained variational
algorithm w4DVAR discussed in Section 3.3. This program is written as a function, while all
previous programs were written as scripts. This choice was made for p7 . m so that the MATLAB
built-in function fminsearch can be used for optimization in the solution section, and
the program can still be self-contained. To use this built-in function, it is necessary to define
an auziliary objective function I to be optimized. The function fminsearch can be used
within a script, but the auxiliary function would then have to be written separately, so we
cannot avoid functions altogether unless we write the optimization algorithm by hand. We
avoid the latter in order not to divert the focus of this text from the data-assimilation problem,
and algorithms to solve it, to the problem of how to optimize an objective function.

Again the forward model is that given by Example 2.8, namely (5.1). The setup and
truth sections are similar to the previous programs, except that G, for example, need not be
computed here. The auxiliary objective function I in this case is I(;y) from equation (2.21),
given by

I(5y) =J(0) + 2(59), (5.9)
where
1 1 2 =1 1 1 2
J(’LL) = 5’00_5(1@ — mo)’ + Z E‘E_E(Uj‘i’l — \Il(uj))| (510)
=0
and
J-1y . )
(u3y) = §|F7§ (yj+1 — hluge))] ™ (5.11)
=0

It is defined in lines 38-45. The auxiliary objective function takes as inputs (u, y, sigma, gamma,
alpha,m0, CO,J), and gives output out= I(u;y), where u € R’*1 (given all the other pa-
rameters in its definition—the issue of identifying the input to be optimized over is discussed
also below).

The initial guess for the optimization algorithm uu is taken as a standard normal random
vector over R/T1 in line 27. In line 24, a standard normal random matrix of size 100? is
drawn and thrown away. This is so that one can easily change the input, e.g., to randn (z)
for z€ N, and induce different random initial vectors uu for the optimization algorithm,
while keeping the data fixed by the random number seed sd set in line 12. The truth vt
may be used as initial guess by uncommenting line 28. In particular, if the output of the
minimization procedure is different for different initial conditions, then it is possible that the
objective function I(+;y) has multiple minima, and hence the posterior distribution P(-|y) is
multimodal. As we have already seen in Figure 3.8, this is certainly true even in the case of
scalar deterministic dynamics, when the underlying map gives rise to a chaotic flow.

The MATLAB optimization function fminsearch is called in line 32. The function handle
command @ (u) I (u, ---) is used to tell fminsearch that the objective function I is to
be considered a function of u, even though it may take other parameter values as well (in
this case, y, sigma, gamma, alpha,m0,C0, and J). The outputs of fminsearch are the
value vmap such that I (vmap) is minimum, the value fval = I (vmap), and the exit
flag, which takes the value 1 if the algorithm has converged. The reader is encouraged to use
the help command for more details on this and other MATLAB functions used in the notes.
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The results of this minimization procedure are plotted in lines 34-35 together with the true
value v’ as well as the data y. In Figure 3.9, such results are presented, including two minima,
that were found with different initial conditions.

1 function this=p7

2 clear;set (0, 'defaultaxesfontsize’,20) ;format long
3 %%% p7.m weak 4DVAR for sin map (Ex. 1.3)

4 %% setup

5

6 J=5;% number of steps

7 alpha=2.5;% dynamics determined by alpha

8 gamma=1e0;% observational noise variance is gamma”2
9 sigma=1;% dynamics noise variance is sigma”2

10 CO0=1;% prior initial condition variance

11 m0=0;% prior initial condition mean

12 sd=1;rng(sd) ;% choose random number seed

13

14 %% truth

15

16 vt (1l)=sgrt(CO0)+randn;% truth initial condition
17 for j=1:J

18 vt (j+1) =alphaxsin(vt (j)) +sigma*randn;% create truth

19 y(j)=vt(j+1) +gamma*randn;$ create data

20 end

21

22 %% solution

23

24 randn (100) ;% try uncommenting or changing the argument for different
25 % initial conditions -- if the result is not the same,
26 % there may be multimodality (e.g. 1 & 100).

27 uu=randn(1l,J+1) ;% initial guess

28 $uu=vt; % truth initial guess option

29

30 % solve with blackbox
31 % exitflag=1l ==> convergence
[vmap, fval,exitflag] =fminsearch(@(u) I (u,y, sigma,gamma,alpha,m0,C0,J),uu)

34 figure;plot([0:J],vmap, 'Linewidth’,2);hold;plot ([0:J],vt, 'r’,’Linewidth’, 2)
35 plot([1:J],y,’g’, 'Linewidth’,2) ;hold;xlabel(’'j’);legend('MAP’, 'truth’,’'y’)

37 %% auxiliary objective function definition
38 function out=I(u,y,sigma,gamma,alpha,m0,C0,dJd)

40 Phi=0;JJ=1/2/C0x (u(1l)-m0)2;
41 for j=1:J

42 JJ=JJ+1/2/sigma”2 (u(j+1) -alphaxsin(u(j))) "2;
43 Phi=Phi+1/2/gamma”2x (y (§) -u(j+1)) ~2;
44 end

45 out=Phi+JJ;
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5.3 Chapter 4 Programs

The programs p8.m-pl5.m, used to generate the figures in Chapter 4, are presented in
this section. Various filtering algorithms used to sample the posterior filtering distribution
are given, involving both Gaussian approximation and particle approximation. Since these
algorithms are run for very large times (large J), they will be divided into only two sections:
setup, in which the parameters are defined, and solution, in which both the truth and
observations are generated, and the online assimilation of the current observation into the filter
solution is performed. The generation of truth can be separated into a truth section as in
the previous sections, but two loops of length J would be required, and loops are inefficient in
MATLAB , so the present format is preferred. The programs in this section are all very similar,
and their output is also similar, giving rise to Figures 4.3-4.12. With the exception of p8.m
and p9.m, the forward model is given by Example 2.8 (5.1), and the output is identical, given
for p10.m through p15.m in Figures 4.5-4.7 and 4.8-4.10. Figures 4.11 and 4.12 compare the
filters from the other Figures. The program p8.m features a two-dimensional linear forward
model, and p9.m features the forward model from Example 2.9 (5.2). At the end of each
program, the outputs are used to plot the mean and the covariance as well as the mean-
square error of the filter as functions of the iteration number j.

5.3.1. p&.m

The first filtering program is p8.m, which contains an implementation of the Kalman filter
applied to Example 2.2,

i1 = Avj + &, with A= (_01 é) ,

and observed data given by
Yi+1 = Hujpr + 1541

with H = (1,0) and Gaussian noise. Thus only the first component of v; is observed.

The parameters and initial condition are defined in the setup section, lines 3-19. The
vectors v, m € RV*7 ye R’ and ¢ € RV*NVN*J are preallocated to hold the truth, mean,
observations, and covariance over the J observation times defined in line 5. In particular,
notice that the true initial condition is drawn from N (mg, Cp) in line 16, where my = 0 and
Co = 1 are defined in lines 10-11. The initial estimate of the distribution is defined in lines
17-18 as N(mg, Cp), where mo ~ N(0,100I) and Cy < 100CY, so that the code may test the
ability of the filter to lock onto the true distribution, asymptotically in j, given a poor initial
estimate. That is to say, the values of (mg, Cy) are changed such that the initial condition is
not drawn from this distribution.

The main solution loop then follows in lines 21-34. The truth v and the data that
are being assimilated y are sequentially generated within the loop, in lines 24-25. The filter
prediction step, in lines 27-28, consists in computing the predictive mean and covariance 7

and éj as defined in (4.4) and (4.5) respectively:

T/T\Lj+1 = Amj, 6j+1 = ACjAT + X.
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Notice that indices are not used for the transient variables mhat and chat representing m;
and éj, because they will not be saved from one iteration to the next. In lines 30-33, we
implement the analysis formulas for the Kalman filter from Corollary 4.2. In particular, the
innovation between the observation of the predicted mean and the actual observation, as
introduced in Corollary 4.2, is first computed in line 30,

dj = yj — HT?LJ‘. (5.12)

Again d, which represents d;, does not have any index for the same reason as above. Next,
the Kalman gain defined in Corollary 4.2 is computed in line 31:

K; =C;HT(HC;H" + I)~". (5.13)

Once again, an index j is not used for the transient variable K representing K ;. Notice that a
“forward slash” / is used to compute B/A=B A~!. This is an internal function of MATLAB that
will analyze the matrices B and A to determine an “optimal” method for inversion, given their
structure. The update given in Corollary 4.2 is completed in lines 30-32 with the equations

~

mj = T/T\lj —+ Kjdj and Cj = (I — KJH)CJ (514)

Finally, in lines 36-50, the outputs of the program are used to plot the mean and the
covariance as well as the mean-square error of the filter as functions of the iteration number
7, as shown in Figure 4.3.
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1 clear;set(0,’defaultaxesfontsize’,20);format long
2 %%% p8.m Kalman Filter, Ex. 1.2
3 %% setup
4
5 J=1le3;% number of steps
6 N=2;% dimension of state
7 I=eye(N);% identity operator
8 gamma=1;% observational noise variance is gamma”2%I
9 sigma=1;% dynamics noise variance is sigma”2xI
10 CoO=eye(2);% prior initial condition variance
11 m0=[0;0];% prior initial condition mean
12 sd=10;rng(sd) ;% choose random number seed
13 A=[0 1;-1 0];% dynamics determined by A
14
15 m=zeros(N,J) ;v=m;y=zeros(J,1l) ;c=zeros(N,N,J) ;% pre-allocate
16 v (:,1)=mO+sgrtm(CO)*randn(N,1) ;% initial truth
17 m(:,1)=10+«randn(N,1) ;% initial mean/estimate
18 c¢(:,:,1)=100%C0;% initial covariance
19 H=[1,0];% observation operator
20
21 %% solution % assimilate!
22
23 for j=1:0
24 v(:,j+1)=A*v(:,]J) + sigmaxrandn(N,1) ;% truth
25 yv(j)=Hxv(:,Jj+1)+gamma*randn;$ observation
26
27 mhat=A*m(:,Jj) ;% estimator predict
28 chat=Axc(:,:,]j)*A’+sigma”2x1;% covariance predict
29
30 d=y (j) -H+mhat ;% innovation
31 K= (chatxH’)/ (Hxchat«H’' +gamma”"2) ; $ Kalman gain
32 m(:,Jj+1)=mhat+K+d;% estimator update
33 c(:,:,J+1)=(I-K+H) xchat;% covariance update
34 end
35
36 figure;js=21;plot([0:js-1],v(2,1:3s)) ;hold;plot([0:js-1],m(2,1:js), 'm");
37 plot([0:js-1]1,m(2,1:js)+reshape(sqgrt(c(2,2,1:js)),1,Js), 'r--");
38 plot([0:js-1]1,m(2,1:js)-reshape(sqgrt(c(2,2,1:3s)),1,3s),'r--");
39 hold;grid;xlabel ('iteration, j’);
40 title(’Kalman Filter, Ex. 1.2');
41
42 figure;plot ([0:J],reshape(c(1l,1,:)+c(2,2,:),J+1,1)) ;hold
43 plot([0:J],cumsum(reshape(c(1,1,:)+c(2,2,:),J+1,1))./[1:J+11’,'m’, .
44 'Linewidth’,2); grid; hold;xlabel ('iteration, j’);axis([1l 1000 0 50]);
45 title(’Kalman Filter Covariance, Ex. 1.2');
46
47 figure;plot ([0:J],sum((v-m)."2)) ;hold;
48 plot([0:J],cumsum(sum((v-m)."2))./[1:J+1],'m’,'Linewidth’,2) ;grid
49 hold;xlabel (’iteration, j’);axis([1 1000 0 50]);

title(’'Kalman Filter Error, Ex. 1.27")
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5.3.2. p9.m

The program p9 .m contains an implementation of the 3DVAR method applied to the chaotic
logistic map of Example 2.4 (5.2) for » = 4. As in the previous section, the parameters and
initial condition are defined in the setup section, lines 3-16. In particular, notice that the
truth initial condition v (1) and initial mean m (1) are now initialized in lines 12-13 with
a uniform random number using the command rand, so that they are in the interval [0, 1],
where the model is well defined. Indeed, the solution will eventually become unbounded if
initial conditions are chosen outside this interval. With this in mind, we set the dynamics noise
sigma = 0 in line 8§, i.e., deterministic dynamics, so that the true dynamics themselves do
not become unbounded.
The analysis step of 3DVAR consists in minimizing

1.1 1 ~ 1
lfiter (v) = i\F 2 (yj+1 — Ho)[> + 5\0 2 (v — W(my))[>.

In this one-dimensional case, we set I" = 72, C = 02 and define n? = 42 /n?. The stabilization
parameter 7) (eta) from Example 4.12 is set in line 14, representing the ratio in uncertainty
in the data to that of the model; equivalently, it measures trust in the model over the obser-
vations. The choice 7 = 0 means that the model is irrelevant in the minimization step (4.12)
of 3DVAR, in the observed space—the synchronization filter. Since in the example, the signal
space and observation space both have dimension equal to 1, the choice n = 0 simply corre-
sponds to using only the data. In contrast, the choice n = oo ignores the observations and
uses only the model.

The 3DVAR setup gives rise to the constant scalar covariance C and resultant constant
scalar gain K; this should not be confused with the changing K; in (5.13), temporarily defined
by K in line 31 of p8 .m. The main solution loop follows in lines 20-33. Up to the different
forward model, lines 21-22, 24, 26, and 27 of this program are identical to lines 24-25, 27, 30,
and 32 of p8.m, described in Section 5.3.1. The only other difference is that the covariance
updates are not here because of the constant-covariance assumption underlying the 3DVAR
algorithm.

The 3DVAR filter may in principle generate the estimated mean mhat outside [0,1],
because of the noise in the data. In order to flag potential unbounded trajectories of the
filter, which in principle could arise because of this, an extra stopping criterion is included in
lines 29-32. To illustrate this, try setting sigma 0 in line 8. Then the signal will eventually
become unbounded, regardless of how small the noise variance is chosen. In this case, the
estimate will surely blow up while tracking the unbounded signal. Otherwise, if n is chosen
appropriately so as to stabilize the filter, it is extremely unlikely that the estimate will ever
blow up. Finally, similarly to p8.m, in the last lines of the program we use the outputs of
the program in order to produce Figure 4.4, namely plotting the mean and the covariance as
well as the mean-square error of the filter as functions of the iteration number j.
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1 clear;set(0,’defaultaxesfontsize’,20);format long

2 %%% p9.m 3DVAR Filter, deterministic logistic map (Ex. 1.4)
3 %% setup

4

5 J=1le3;% number of steps

6 r=4;% dynamics determined by r

7 gamma=le-1;% observational noise variance is gamma”2

8 sigma=0;% dynamics noise variance is sigma”2

9 sd=10;rng(sd) ;% choose random number seed

10

11 m=zeros(J,1l);v=m;y=m;% pre-allocate

12 v(l1)=rand;% initial truth, in [0,1]

13 m(l)=rand;% initial mean/estimate, in [0, 1]

14 eta=2e-1;% stabilization coefficient 0 < eta << 1

15 C=gamma”2/eta;H=1;% covariance and observation operator
16 K=(CxH')/(H*CxH’'+gamma”2) ;% Kalman gain

17

18 %% solution % assimilate!

19

20 for j=1:J

21 V(j+1)=r*xv(j)*(1-v(j)) + sigmaxrandn;% truth
22 v (j)=Hxv (j+1) +gammarrandn; % observation
23

24 mhat=r*m(j)*(1-m(j)) ;% estimator predict
25

26 d=y (j) -H#mhat ;% innovation

27 m(j+1)=mhat+K«d;$% estimator update

28

29 if norm(mhat) >1le5

30 disp(’'blowup!’)

31 break

32 end

33 end

34 Jjs=21;% plot truth, mean, standard deviation, observations
35 figure;plot([0:js-1],v(1l:js));hold;plot([0:js-1],m(1:js), 'm’");

36 plot([0:js-1],m(1l:js)+sqrt(C), ' r--");plot([1l:§s-1],y(1l:js-1), 'kx");

37 plot([0:js-1]1,m(1l:js)-sgrt(C),’r--') ;hold;grid;xlabel ('iteration, j’);
38 title(’3DVAR Filter, Ex. 1.4")

39

40 figure;plot([0:J],C%x[0:J].70) ;hold
41 plot([0:J],C*[0:J].70, 'm’, 'Linewidth’,2) ;grid
42 hold;xlabel (’iteration, j’);title(’3DVAR Filter Covariance, Ex. 1.4');

44 figure;plot([0:J], (v-m)."2) ;hold;

45 plot([0:J],cumsum((v-m)."2)./[1:J+1]’,'m’, 'Linewidth’,2) ;grid
46 hold;xlabel (’iteration, j');

47 title(’3DVAR Filter Error, Ex. 1.4')
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5.3.3. pl0.m

A variation of program p9.m is given by p10.m, where the 3DVAR filter is implemented for
Example 2.3 given by (5.1). Indeed, the remaining programs of this section will all be for the
same example, namely Example 2.3, so this will not be mentioned again. In this case, the
initial condition is again taken as a draw from the prior N(mg, Cp) as in p7 . m, and the initial
mean estimate is again changed to mg ~ N(0,100]) so that the code may test the ability of
the filter to lock onto the signal given a poor initial estimate. Furthermore, for this problem,
there is no need to introduce the stopping criterion present in the case of p9.m since the
underlying deterministic dynamics are dissipative. The output of this program is shown in
Figure 4.5.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
%$%% plO.m 3DVAR Filter, sin map (Ex. 1.3)
%% setup

J=1e3;% number of steps

2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=9e-2;% prior initial condition variance

m0=0;% prior initial condition mean

o

sd=1;rng(sd) ;% choose random number seed

m=zeros (J,1l) ;v=m;y=m; % pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=10+«randn;% initial mean/estimate

eta=2e-1;% stabilization coefficient 0 < eta << 1
c=gamma”"2/eta;H=1;% covariance and observation operator
K= (cxH') / (Hxc*H’'+gamma”2) ;% Kalman gain

o

%% solution % assimilate!

for j=1:0
v(j+1)=alphaxsin(v(j)) + sigmaxrandn;% truth
y(j)=Hxv (j+1) +gammasrandn; % observation

°

mhat=alpha*sin(m(j)) ;% estimator predict

d=y (j) -H+mhat ;% innovation
m(j+1)=mhat+Kxd;$% estimator update

end

js=21;% plot truth, mean, standard deviation, observations

figure;plot ([0:js-1],v(1l:Js)) ;hold;plot([0:js-1],m(1:js), 'm’);

plot ([0:js-1],m(1:js)+sgrt(c), ' r--");plot([1:Js-1],y(1l:js-1), 'kx");
plot ([0:js-1],m(1l:js)-sgrt(c), 'r--') ;hold;grid;xlabel ('iteration, j');
title(’3DVAR Filter, Ex. 1.37")

figure;plot ([0:J],cx[0:J].70) ;hold

plot ([0:J],c*[0:J].70, 'm’,'Linewidth’,2) ;grid
hold;xlabel (’iteration, j’);

title(’'3DVAR Filter Covariance, Ex. 1.3");

figure;plot ([0:J], (v-m)."2) ;hold;

plot ([0:J],cumsum( (v-m)."2)./[1:J+1]1’,'m’,’'Linewidth’,2) ;grid
hold;xlabel (’iteration, j’);

title(’3DVAR Filter Error, Ex. 1.37)
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5.3.4. pll.m

The next program is pll.m. This program comprises an implementation of the extended
Kalman filter.It is very similar in structure to p8.m, except with a different forward model.
Since the dynamics are scalar, the observation operator is defined by setting H to take the
value 1 in line 16. The predicting covariance C; is not independent of the mean, as it is
for the linear problem p8.m. Instead, as described in Section 4.2.2, it is determined via the
linearization of the forward map around my, in line 26:

~

Cjt1 = (acos(my;)) Cj (acos(m;)) .

As in p8.m, we change the prior to a poor initial estimate of the distribution to study whether,
and how, the filter locks onto a neighborhood of the true signal, despite poor initialization,
for large j. This initialization is in lines 15-16, where mg ~ N(0,100I) and Cy + 10Cj.
Subsequent filtering programs use an identical initialization, with the same rationale as in
this case. We will not state this again. The output of this program is shown in Figure 4.6.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pll.m Extended Kalman Filter, sin map (Ex. 1.3)
%% setup

J=1e3;% number of steps

2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=9e-2;% prior initial condition variance

m0=0;% prior initial condition mean

o

sd=1;rng(sd) ;% choose random number seed

m=zeros (J, 1) ;v=m;y=m;c=m; % pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=10+«randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator

o

%% solution % assimilate!
for j=1:0J

v(j+1)=alphaxsin(v(j)) + sigmaxrandn;% truth
v (j)=Hxv (j+1) +gammaxrandn; % observation

mhat=alpha*sin(m(j)) ;% estimator predict
chat=alphaxcos(m(j))xc(j)*alphaxcos(m(j))+sigma”2;% covariance predict

d=y (j) -H+mhat ;% innovation

K= (chatxH’)/ (Hxchat«H’ +gamma”"2) ; $ Kalman gain
m(j+1)=mhat+K+d;% estimator update
c(j+1)=(1-K«H) xchat;% covariance update

end

js=21;% plot truth, mean, standard deviation, observations
figure;plot ([0:js-1],v(1l:js)) ;hold;plot([0:js-1],m(1:js), 'm’);
plot ([0:js-1]1,m(1:js)+sgrt(c(l:js)), 'r--');plot([1l:js-1],y(1l:js-1),'kx");
plot ([0:js-1],m(1l:js)-sqgrt(c(l:js)), 'r--') ;hold;grid;xlabel
("iteration, j');
title('ExKF, Ex. 1.3")

figure;plot ([0:J],c) ;hold

plot ([0:J],cumsum(c)./[1:J+1]','m’,'Linewidth’,2) ;grid
hold;xlabel (’iteration, j’);

title (’'ExXKF Covariance, Ex. 1.3');

;hold;

figure;plot ([0:J], (v-m) . )
)./ [1:3+1]1’,'m’,'Linewidth’,2) ;grid
)

plot ([0:J], cumsum( (v-m) .
hold;xlabel(’iteration, j
title (’'ExXKF Error, Ex. 1.3

"2
"2

i
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5.3.5. pl2.m

The program pl2.m contains an implementation of the ensemble Kalman filter, with per-
turbed observations, as described in Section 4.2.3.The structure of this program is again very
similar to those of p8.m and p11.m, except now an ensemble of particles, of size N defined in
line 12, is retained as an approximation of the filtering distribution. The ensemble {v(™}N_,
represented by the matrix U is then constructed out of draws from this Gaussian in line 18,
and the mean my, is reset to the ensemble sample mean.

In line 27, the predicting ensemble {6](.”)},7:1 represented by the matrix Uhat is computed
from a realization of the forward map applied to each ensemble member. This is then used
to compute the ensemble sample mean m; (mhat) and covariance C; (chat). There is now

an ensemble of “innovations” with a new i.i.d. realization yj(-n) ~ N(y;, I") for each ensemble
member, computed in line 31 (not to be confused with the actual innovation as defined in
equation (5.12)),
(n) _ ,(n) ~(n)
dj =y; — H vy

The Kalman gain K; (K) is computed using (5.13), very similarly to how it is done in p8.m
and p11.m, and the ensemble of updates is computed in line 33:

vj(n) = i}\;n) + Kjd§").

The output of this program is shown in Figure 4.7. Furthermore, long simulations of length
J = 10° were performed for this and the previous two programs, p10.m and pll.m, and
their errors are compared in Figure 4.11.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl2.m Ensemble Kalman Filter (PO), sin map (Ex. 1.3)
%% setup

J=1e5;% number of steps

2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=9e-2;% prior initial condition variance

m0=0;% prior initial condition mean
sd=1;rng(sd) ;% choose random number seed
N=10;% number of ensemble members

m=zeros (J, 1) ;v=m;y=m;c=m; U=zeros (J,N) ;% pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=10*randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator
U(1,:)=m(1l)+sqgrt(c(1l))+randn(l,N);m(1l)=sum(U(1,:))/N;% initial ensemble

o

%% solution % assimilate!
for j=1:0

v(j+1)=alphaxsin(v(j)) + sigmaxrandn;% truth
v (j)=Hxv (j+1) +gammaxrandn; % observation

Uhat=alphaxsin(U(j, :))+sigmaxrandn(1,N) ;% ensemble predict
mhat=sum(Uhat) /N;% estimator predict
chat= (Uhat-mhat) x (Uhat-mhat) '/ (N-1) ;% covariance predict

d=y (j) +gammax*randn (1,N) -H+Uhat ;% innovation

K= (chat*H’)/ (Hxchat+H’' +gamma”"2) ;$ Kalman gain

U(j+1, :)=Uhat+K+d;% ensemble update

m(j+1)=sum(U(j+1,:))/N;% estimator update
c(j+1)=(U(j+1, :)-m(j+1)) x (U(J+1,:)-m(j+1)) '/ (N-1) ;% covariance update

end

js=21;% plot truth, mean, standard deviation, observations
figure;plot ([0:js-1],v(1:js)) ;hold;plot([0:js-1],m(1:js), 'm’);
plot ([0:js-1]1,m(1:js)+sgrt(c(l:js)),'r--');plot([1l:js-1],y(1:Js-1),'kx");
plot ([0:js-1],m(1l:js)-sqgrt(c(l:js)), ' 'r--') ;hold;grid;xlabel
("iteration, j’);
title(’EnKF, Ex. 1.3")

figure;plot ([0:J],c) ;hold

plot ([0:J],cumsum(c)./[1:J+1]’,'m’,'Linewidth’,2) ;grid
hold;xlabel (’iteration, j’);

title (’'EnKF Covariance, Ex. 1.3');

;hold;

figure;plot ([0:J], (v-m) . )
)./ [1:3+1]1','m’,'Linewidth’,2) ;grid
)

plot ([0:J], cumsum( (v-m) .
hold;xlabel (’iteration, j
title (’'EnKF Error, Ex. 1.3

"2
"2

i




5.3 Chapter 4 Programs 141

5.3.6. pl3.m

The program pl3.m contains a particular square-root filter implementation of the ensemble
Kalman filter, namely the ETKF filter, described in detail in Section 4.2.4. The program thus
is very similar to p12 .m for the EnKF with perturbed observations. In particular, the filtering
distribution of the state is again approximated by an ensemble of particles. The predicting
ensemble {@(—n)}ﬁle (Uhat), mean m;(mhat), and covariance @ (chat) are computed exactly

as in p12.m. However, this time the covariance is kept in factorized form X j)A( jT = @ in lines
29-30, with factors denoted by Xhat. The transformation matrix is computed in line 31,

Ty = (I + XTHT TS

and X; = )?jTj (X) is computed in line 32, from which the covariance C; = XijT is
reconstructed in line 38. A single innovationd; is computed in line 34, and a single updated
mean m; is then computed in line 36 using the Kalman gain K (5.13) computed in line
35. This is the same as in the Kalman filter and extended Kalman filter (ExKF) of p8.m
and pll.m, in contrast to the EnKF with perturbed observations appearing in p12.m. The
ensemble is then updated to U in line 37 using the formula

o =m; + XWVN 1,

where X](-n) is the nth column of Xj.

Notice that the operator that is factorized and inverted has dimension N, which in this case
is large in comparison to the state and observation dimensions. This is, of course, natural for
computing sample statistics, but in the context of the one-dimensional examples considered
here, it makes p13.m run far more slowly than p12.m. However, in many applications, the
signal state-space dimension is the largest, with the observation dimension coming next, and
the ensemble size being far smaller than either of these. In this context, the ETKF has become
a very popular method. So its relative inefficiency, compared, for example, with the perturbed
observations Kalman filter, should not be given too much weight in the overall evaluation of
the method. Results illustrating the algorithm are shown in Figure 4.8.
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1 clear;set(0,’defaultaxesfontsize’,20);format long
2 %%% pl3.m Ensemble Kalman Filter (ETKF), sin map (Ex. 1.3)
3 %% setup
4
5 J=1le3;% number of steps
6 alpha=2.5;% dynamics determined by alpha
7 gamma=1;% observational noise variance is gamma”2
8 sigma=3e-1;% dynamics noise variance is sigma”2
9 C0=9e-2;% prior initial condition variance
10 m0=0;% prior initial condition mean
11 sd=1;rng(sd) ;% choose random number seed
12 N=10;% number of ensemble members
13
14 m=zeros(J,1) ;v=m;y=m;c=m;U=zeros (J,N) ;% pre-allocate
15 v (1)=m0+sqgrt (CO0)*randn;% initial truth
16 m(1l)=10*randn;% initial mean/estimate
17 c¢(1)=10%C0;H=1;% initial covariance and observation operator
18 U(1,:)=m(1)+sqgrt(c(l))+randn(1l,N);m(1l)=sum(U(1,:))/N;% initial ensemble
19
20 %% solution % assimilate!
21
22 for j=1:J
23
24 v(j+1)=alpha*sin(v(j)) + sigmaxrandn;% truth
25 v (j)=Hxv (j+1) +gammaxrandn; % observation
26
27 Uhat=alphaxsin(U(j, :))+sigmaxrandn(1,N) ;% ensemble predict
28 mhat=sum(Uhat) /N;% estimator predict
29 Xhat= (Uhat-mhat) /sqrt (N-1) ;% centered ensemble
30 chat=Xhat+Xhat' ;% covariance predict
31 T=sqgrtm (inv (eye (N) +Xhat’ «*H’ xHxXhat/gamma"2) ) ;% right-hand sqgrt
32 transform
33 X=Xhat+T;% transformed centered ensemble
34
35 d=y (j) -Hsxmhat ;randn(1,N) ;% innovation
36 K= (chat*H’)/ (Hxchat+H’ +gamma”"2) ;$ Kalman gain
37 m(j+1)=mhat+K+d;% estimator update
38 U(j+1, :)=m(j+1)+X+xsgrt (N-1) ;% ensemble update
39 c(j+1)=X*X';% covariance update
40
41 end
42
43 js=21;% plot truth, mean, standard deviation, observations
44 figure;plot([0:js-1]1,v(1l:js)) ;hold;plot([0:js-1],m(1l:js), 'm’);
45 plot([0:js-1]1,m(1l:js)+sqgrt(c(l:js)),'r--');plot([1l:§s-1],y(1:s-1), 'kx");
46 plot([0:js-1],m(1l:js)-sgrt(c(l:3s)),'r--") ;hold;grid;xlabel
47 ("iteration, j');
48 title(’'EnKF (ETKF), Ex. 1.3');
49
50 figure;plot([0:J], (v-m)."2) ;hold;
51 plot([0:J],cumsum((v-m)."2)./[1:J+1]', 'm’, 'Linewidth’,2) ;grid
52 plot([0:J],cumsum(c)./[1:T+1]','r--','Linewidth’,2);
53 hold;xlabel(’iteration, j’);

title (' EnKF (ETKF) Error, Ex. 1.3')
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5.3.7. pl4.m

The program pl4 .m is an implementation of the standard SIRS filter from Section 4.3.2. The
setup section is almost identical to the those of the EnKF methods, because those methods
also rely on particle approximations of the filtering distribution. However, the particle filters
consistently estimate quite general distributions, while the EnKF is provably accurate only
for Gaussian distributions. The truth and data generation and ensemble prediction in lines
24-27 are the same as in p12.m and pl3.m. The way this prediction in line 27 is phrased
in Section 4.3.2 is 6;1)1 ~ P(-\vj(")). An ensemble of “innovation” terms {dg»") N | is again
required, but with all terms using the same observation, as computed in line 28. Assuming

w(™ =1/N, then
2
F} ’

where dg-n) is the innovation of the nth particle, as given in (4.27). The vector of unnormalized

weights {@;n) N_, (what) is computed in line 29 and normalized to {wj(-n) N (w) in line

30. Lines 32-39 implement the resampling step. First, the cumulative distribution function
of the weights W € [0,1]V (ws) is computed in line 32. Notice that W has the properties
Wi = wﬁl), W, < Wpy1, and Wy = 1. Then N uniform random numbers {u<n>}§¥:1 are
drawn. For each u(™, let n* be such that W«_1 < u(™ < W,,«. This n* (ix) is found in line
34 using the £ind function, which can identify the first or last element in an array to exceed
zero (see help file): ix = find ( ws > rand, 1, ’first’ ). This corresponds to

—(n L
wg )oc]P’(yj|vJ(»")) o<exp{—2 dg )

drawing the (n*)th element from the discrete measure defined by {w](") N_|. The nth particle
U§n) (U(3+1,n)) is set equal to ﬁyﬁ) (Uhat (ix) ) in line 37. The sample mean and covariance
are then computed in lines 41-42. The rest of the program follows the others, generating the

output displayed in Figure 4.9.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl4.m Particle Filter (SIRS), sin map (Ex. 1.3)
%% setup

J=1e3;% number of steps

2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=9e-2;% prior initial condition variance

m0=0;% prior initial condition mean
sd=1;rng(sd) ;% choose random number seed
N=100;% number of ensemble members

m=zeros (J, 1) ;v=m;y=m;c=m; U=zeros (J,N) ;% pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=10*randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator
U(1,:)=m(1l)+sqgrt(c(1l))+randn(l,N);m(1l)=sum(U(1,:))/N;% initial ensemble

o

%% solution % Assimilate!
for j=1:0

v(j+1)=alphaxsin(v(j)) + sigmaxrandn;% truth
v (j)=Hxv (j+1) +gammaxrandn; % observation

Uhat=alphaxsin(U(j, :))+sigmaxrandn(1,N) ;% ensemble predict
d=y (j) -H+«Uhat ;% ensemble innovation
what=exp (-1/2* (1/gamma”2%d."2)) ;% weight update
w=what/sum(what) ;% normalize predict weights
ws=cumsum (w) ; ¥ resample: compute cdf of weights
for n=1:N
ix=find(ws>rand, 1, first’) ;% resample: draw rand \sim U[0,1] and
% find the index of the particle corresponding to the first time
the cdf of the weights exceeds rand.
(j+1,n) =Uhat (ix) ;% resample: reset the nth particle to the one
% with the given index above

C oe

end

m(j+1)=sum(U(j+1,:))/N;% estimator update

c(j+1)=(U(Jj+1,:)-m(j+1)) * (U(j+1,:)-m(j+1))’'/N;% covariance update
end

js=21;% plot truth, mean, standard deviation, observations
figure;plot ([0:js-1]1,v(1:js)) ;hold;plot([0:js-1],m(1:js), 'm’);
plot ([0:js-1],m(1l:js)+sqgrt(c(l:js)),'r--');plot([1l:js-1],y(l:js-1), 'kx");
plot ([0:js-1]1,m(1:js)-sqgrt(c(l:js)),'r--') ;hold;grid;xlabel
("iteration, j');
title(’Particle Filter (Standard), Ex. 1.37);

figure;plot ([0:J], (v-m)."2) ;hold;

plot ([0:J],cumsum( (v-m)."2)./[1:J+1]’,'m’, 'Linewidth’,2) ;grid

hold;xlabel (’iteration, j’);title(’Particle Filter (Standard) Error,
Ex. 1.3")
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5.3.8. plb.m

The program pl5 .m is an implementation of the SIRS(OP) algorithm from Section 4.3.3. The
setup section and truth and observation generation are again the same as in the previous
programs. The difference between this program and pl4.m arises because the importance
sampling proposal kernel Q; with density P(v;y1|v;,y;j+1) is used to propose each @J(-:L_)l given

each particular ’Uj(-n); in particular, ¢); depends on the next data point, whereas the kernel P

used in p14 .m has density P(v;41|v;), which is independent of y,1.
Observe that if v§") and y;11 are both fixed, then P (vj+1|v](»"), yj+1> is the density of the

Gaussian with mean m/(*) and covariance X’ given by
m/ ™ = 5 (2‘1\11 (UJ(.”)) + HTF_lijrl) . () =y lyH A

Therefore, X’ (Sig) and the ensemble of means {m/("™ }27:1 (vector em) are computed in lines
N
27 and 28 and used to sample ﬁ](i)l ~ N(m/(™ X' in line 29 for all of {6;1)1}71:1 (Uhat).
Now the weights are updated by (4.34) rather than (4.27), i.e., assuming wj(.") = 1/N.
Then
o™ P (y‘+1|v(-”)) o< exp - ’y‘+1 - v (U(-")) ‘2 .
Jj+1 J 7 2 J 7 r+s
This is computed in lines 31-32, using another auxiliary “innovation” vector d in line 31.
Lines 35—45 are again identical to lines 32—42 of program pl4 .m, performing the resampling
step and computing the sample mean and covariance.

The output of this program was used to produce Figure 4.10, similar to the other filtering
algorithms. Furthermore, long simulations of length J = 10° were performed for this and
the previous three programs, p12.m, p13.m, and pl4.m, and their errors are compared in
Figure 4.12, similarly to Figure 4.11, comparing the basic filters p10.m, p11.m, and pl2.m.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl5.m Particle Filter (SIRS, OP), sin map (Ex. 1.3)
%% setup

J=1e3;% number of steps

2.5;% dynamics determined by alpha
gamma=1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=9e-2;% prior initial condition variance

m0=0;% prior initial condition mean
sd=1;rng(sd) ;% choose random number seed
N=100;% number of ensemble members

m=zeros (J, 1) ;v=m;y=m;c=m; U=zeros (J,N) ;% pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=10*randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator
U(1,:)=m(1l)+sqgrt(c(1l))+randn(l,N);m(1l)=sum(U(1,:))/N;% initial ensemble

o

%% solution % Assimilate!
for j=1:0

v(j+1)=alphaxsin(v(j)) + sigmaxrandn;% truth
v (j)=Hxv (j+1) +gammaxrandn; % observation

Sig=inv(inv (sigma”2)+H’ *inv (gamma"2) xH

em=Sigx (inv (sigma”2) xalphaxsin(U(j, :))
mean

Uhat=em+sgrt (Sig) *randn (1,N) ;% ensemble optimally importance sampled

;% optimal proposal covariance
,

o

)
+H’ xinv (gamma™2) xy (j) ) ;% proposal

°

d=y (j) -H*alpha*sin(U(j, :)) ;% ensemble innovation

o

what=exp(-1/2/ (sigma”2+gamma”2) *d."2) ; $ weight update

o

w=what/sum(what) ;% normalize predict weights
ws=cumsum (w) ; ¥ resample: compute cdf of weights
for n=1:N
ix=find(ws>rand, 1, first’) ;% resample: draw rand \sim U[0,1] and
% find the index of the particle corresponding to the first time
the cdf of the weights exceeds rand.
(j+1,n)=Uhat (ix) ;% resample: reset the nth particle to the one
% with the given index above

C oe

end

m(j+1)=sum(U(j+1,:))/N;% estimator update

c(j+1)=(U(Jj+1,:)-m(j+1)) * (U(j+1,:)-m(j+1)) ' /N;% covariance update
end

js=21;%plot truth, mean, standard deviation, observations
figure;plot ([0:js-1]1,v(1l:js)) ;hold;plot([0:js-1],m(1:js), 'm’);
plot ([0:js-1],m(1l:js)+sgrt(c(l:js)),'r--');plot([1l:js-1],y(l:js-1), 'kx");
plot ([0:js-1],m(1:js)-sqgrt(c(l:js)),'r--') ;hold;grid;xlabel
("iteration, j’);
title(’Particle Filter (Optimal), Ex. 1.37);
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5.4 ODE Programs

The programs p16.m and pl7.m are used to simulate and plot the Lorenz 63 and 96 models
from Examples 2.6 and 2.7, respectively. These programs are both MATLAB functions, similar
to the program p7 .m presented in Section 5.2.5. The reason for using functions and not scripts
is that the black box MATLAB built-in function ode45 can be used for the time integration
(see help page for details regarding this function). Therefore, each has an auziliary function
defining the right-hand side of the given ODE, which is passed via a function handle to ode45.

5.4.1. pl6.m

The first of the ODE programs, pl6.m, integrates the Lorenz '63 model 2.6. The setup
section of the program, on lines 4-11, defines the parameters of the model and the initial
conditions. In particular, a random Gaussian initial condition is chosen in line 9, and a
small perturbation to its first (z) component is introduced in line 10. The trajectories are
computed on lines 13-14 using the built-in function ode45. Notice that the auxiliary function
lorenz63, defined on line 29, takes as arguments (¢,y), prescribed through the definition of
the function handle @ (t,y), while («, b, r) are given as fixed parameters (a,b, r), defining
the particular instance of the function. The argument ¢ is intended for defining nonautonomous
ODEs and is spurious here, since it is an autonomous ODE, and therefore, ¢ does not appear
on the right-hand side. It is nonetheless included for completeness, and it causes no harm.
The Euclidean norm of the error is computed in line 16, and the results are plotted similarly
to previous programs in lines 18-25. This program is used to plot Figs. 2.6 and 2.7.

5.4.2. pl7.m

The second of the ODE programs, pl7.m, integrates the J=40-dimensional Lorenz ’96
model 2.7. This program is almost identical to the previous one, where a small perturba-
tion of the random Gaussian initial condition defined on line 9 is introduced on lines 10-11.
The major difference is the function passed to ode45 on lines 14-15, which now defines the
right-hand side of the Lorenz ’96 model given by the subfunction lorenz96 on line 30. Again
the system is autonomous, and the spurious t-variable is included for completeness. A few of
the 40 degrees of freedom are plotted along with the error in lines 19-27. This program is
used to plot Figs. 2.8 and 2.9
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1 function this=plé
2 clear;set(0,’defaultaxesfontsize’,20);format long
3 %%% pl6.m Lorenz '63 (Ex. 2.6)
4 %% setup
5
6 a=10;b=8/3;r=28;% define parameters
7 sd=1;rng(sd) ;% choose random number seed
8
9 1initial=randn(3,1) ;% choose initial condition
10 initiall=initial + [0.0001;0;0];% choose perturbed initial condition
11
12 %% calculate the trajectories with blackbox
13 [tl,y]l=ode45(@(t,y) lorenzé63(t,y,a,b,r), [0 100], initial);
14 [t,yl]l=o0de45(@(t,y) lorenzé63(t,y,a,b,r), tl, initiall);
15
16 error=sqgrt (sum((y-yl)."2,2));% calculate error
17
18 %% plot results
19
20 figure(l), semilogy(t,error, 'k’)
21 axis ([0 100 107-6 1072]1)
22 set(gca,’YTick’, [107-6 107-4 10"-2 1070 1072])
23
24 figure(2), plot(t,y(:,1),'k")
25 axis ([0 100 -20 201)
26
27
28 %% auxiliary dynamics function definition
29 function rhs=lorenzé63(t,y,a,b,r)
30
31 rhs(1l,1)=ax*x(y(2)-y(1));
32 rhs(2,1l)=-axy(1l)-y(2)-y(1)*y(3);
33 rhs(3,1)=y(1)*xy(2)-b*y(3)-bx(r+a) ;
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© 00O Utk W=

function this=pl7

clear;set (0, 'defaultaxesfontsize’,20) ; format long
$%% pl7.m Lorenz ‘96 (Ex. 2.7)

%% setup

J=40;F=8;% define parameters
sd=1;rng(sd) ;% choose random number seed

initial=randn(J,1) ;% choose initial condition
initiall=initial;
initiall(1l)=1initial(1)+0.0001;% choose perturbed initial condition

%% calculate the trajectories with blackbox
[tl,y]l=0de45 (@(t,y) lorenz96(t,y,F), [0 100], initial);
[t,yl]l=0de45 (@(t,y) lorenz96(t,y,F), tl, initiall);

error=sqgrt (sum((y-y1l)."2,2)) ;% calculate error
%% plot results

figure(1l), plot(t,y(:,1),"
figure(2), plot(y ( , ),y( ) 'k")
figure(3), plot(y(:,1),y(:
figure(4), semilogy(t,error,'k’)

axis ([0 100 107-6 1072])

set (gca, 'YTick’, [107-6 107-4 10"-2 1070 1072])

%% auxiliary dynamics function definition
function rhs=lorenz96(t,y,F)

rhs=[y(end) ;y(l:end-1)] .x([y(2:end);y(1)] -
[y(end-1:end);y(l:end-2)]1) - v + F*xy." 0;




Chapter 6

Continuous Time: Formulation

In this chapter, and in all subsequent chapters, we consider continuous-time signal dynamics
and continuous-time data. This takes us into a part of the subject that is potentially rather
technical, a fact that can obscure the structure manifest in the continuous-time formulation.
In order to avoid technicalities that can obfuscate the derivations, and in order to create space
to highlight the structure present in the continuous-time models, we proceed as follows: we
adopt an approach whereby the derivation of many key equations proceeds in a nonrigorous
fashion from the discrete-time setup, by formally taking the limit 7 — 0, where 7 is the
time increment between observations. We then concentrate on studying the properties of the
resulting limiting continuous-time problems, and algorithms for them.

This chapter commences with a derivation of the continuous-time setting, via the limiting
process 7 — 0, in Section 6.1; we also include a brief overview of the properties of stochastic
integrals and stochastic differential equations (SDEs). Section 6.2 contains the guiding ex-
amples that we use throughout the continuous-time part of these notes, and is followed, in
Sections 6.3 and 6.4, with a discussion of the filtering and smoothing problems, respectively.
As in the discrete-time setting, filtering and smoothing are related, and this fact is discussed,
and references given, in the bibliography, Section 6.6. Well-posedness of the distributions is
considerably harder to study in continuous time than in discrete time, and we also provide
references to the relevant literature on this topic within the bibliography, Section 6.6, rather
than analyze it explicitly. Section 6.5 contains numerical illustrations centered on the guiding
examples. The chapter concludes with exercises in Section 6.7.

6.1 Setup

6.1.1. Derivation of the Continuous-Time Model

In order to derive a continuous-time limit that exhibits clearly the tension between determin-
istic and stochastic elements, we consider the discrete-time model (2.1) and (2.2) in the case
that for 7 > 0,

V() = T-+7f(), Yjr1 — ('27“_2]) , Y —=1X, and I =7 'I. (6.1)
T
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The assumption on ¥, namely that it is a small O(7) perturbation of the identity, and the
scaling of the model noise X' to have variance O(7), ensures that the underlying signal process
behaves like an SDE for 7 — 0. In contrast to the model noise, however, the observational
noise variance I is scaled inversely proportional to 7. This large observational noise scaling
counterbalances the effect of increased frequency of observation so as to obtain an interesting
effect in the limit. To understand this fact, notice that the variable z is, in the limit, an
integral of the observations y. Together, this scaling of the noise and definition of z leads to a
situation in which observational noise and the variable z are of the same order of magnitude,
and z is governed by an SDE.
From (2.1), the scalings (6.1) give

vipr = v+ 7f(v;) + VT X, § €L, (6.2a)
Vo ~ N(mo, 00), (62b)

with € = {éj}jeN an ii.d. sequence determined by & ~ N(0,I) and independent of .
From (2.2), we obtain

Zj41 = 25 + Th(’l)j_H) + TFOﬁj+1, j € ZJr, (63&)

with 77 = {7];};ez+ an ii.d. sequence determined by 71 ~ N(0,I). The independence as-
sumptions made in the discrete-time setting imply that é ,n and vy are mutually independent
random variables. We assume that the pair (v, z;) represent approximations of a continuous-
time process (v(-), z(+)) evaluated at time ¢ = j7. Specifically, if we view v; as an approxima-
tion to v(j7) and z; as an approximation to z(j7), then (6.2), (6.3) constitute a consistent
numerical discretization, with time step 7, of the SDEs

d dB,
dit} = f0) + Vo=, (6.4a)
v(0) ~ N(mo, Co), (6.4b)
and
d dB,
d*j = h(v) + /Ty z : (6.5a)
z(0) = 0; (6.5b)

here B, (respectively B.) is an R™-valued (respectively R™-valued) standard Brownian
motion. In addition, B, and B, are independent of each other and of v(0). Note that in
fact, (6.2) is the Euler-Maruyama approximation of (6.4), while (6.3) is a semi-implicit ap-
proximation of (6.5), of Euler-Maruyama type. Straightforward numerical analysis proves
convergence of the solution of (6.2), (6.3) to (6.4), (6.5) under, for example, the assump-
tion that f and h are globally Lipschitz functions. Thus our signal dynamics is determined
by (6.4), and the data by (6.5). We will always assume that Iy > 0. In studying the stochastic
dynamics model, we also assume that Xy > 0. However, we will also consider the deterministic
dynamics model for which Yy = 0.

We now return to the question of why we chose the particular scalings X — 7%, and
I — 771T,. These are the scalings that result in interesting continuous-time limits in which
deterministic and stochastic effects are in balance. Choosing X~ — 77Xy with » > 1 would
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result in the deterministic dynamics model considered below, while choosing r < 1 would
necessitate a different rescaling in time to obtain a continuous limit, and this would simply be
Brownian motion. Furthermore, choosing the observational noise variance inversely propor-
tional to the time increment between observations reflects the right balance to see an O(1)
noise polluting the observations in the continuous-time limit; choosing I' — 77" I with r < 1
results in a limiting observation equation like (6.5) but with Iy replaced by 0, and choosing
r > 1 does not result in an interesting limit, because noise swamps the observations.

This and subsequent chapters will be devoted to the data-assimilation problem of finding
out information about the signal v solving (6.4) from the data z given by (6.5). Thus our
scalings have been chosen so that the resulting continuous-time limit retains the interesting
balance between observations and noise that makes the data-assimilation problem challenging;
more precisely, it leads to problems in which the fields of stochastic dynamical systems and
statistics need to work in conjunction in order to make progress. Our analysis in this and sub-
sequent chapters should mainly be understood as an attempt to understand data assimilation
by means of the tools of continuous-time analysis; for some researchers, this brings a clarity
to the subject that reveals the key issues more clearly than in discrete time. In particular,
this understanding is most pertinent to the understanding of discrete-time data assimilation
in the case of high-frequency observations with large observational noise. In rough terms,
the analysis is relevant when the high frequency and large noise balance to produce O(1)
stochastic effects.

As in the discrete-time setting, we will be interested, on occasion, in the case of deter-
ministic signal dynamics, where Yy = 0, but we will always have I # 0. In the case of
deterministic dynamics, we replace equation (6.4) by

dv
5 = f), (6.62)

v(0) ~ N(mg, Co). (6.6b)

6.1.2. Stochastic Integration

We conclude this section with a brief summary of the basic properties of It stochastic integrals
and SDEs, since these are used throughout our continuous-time developments. In order to
define SDEs, we need to be able to make sense of the stochastic integral

Sl := /b r(t)dW(t), (6.7)

where W is a Brownian motion. We now make this idea more precise, using the Ito inter-
pretation of stochastic integration. Let W be an R™—valued standard unit Brownian motion
(covariance I on R™), defined on time interval RT and constructed on a probability space
(2, F,P). Let /4 C F denote the sub-o-algebra defined by information only on [0,t), let
b>a >0, and let M?([a,b]; R?™) denote the space of all measurable random functions
r: Rt x 2 — RY™ with the property that r(¢;-) is F;—measurable, and hence depends only
on the Brownian motion on [0,¢), and such that

b
E / Ity w) 2t < oo

here || - |r denotes the Frobenius norm. With this notation established, we have the following
properties for (6.7).
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Lemma 6.1. (Properties of the Itd Integral)
For r € M?([a,b]; R*™), and using the shorthand r(t) := r(t,w), we have, for S| given
by (6.7) the following:

1. (i) Sl is Fy—measurable and is linear in r;
2. (i1) E(SI) = 0;
3. (iii) EISI2 = E [ ||r(t)||2dt.
Having defined the stochastic integral, we can now move on to SDEs. In the following,

g :R? x Rt — R? is a smooth vector-valued function, and v : R¢ x RT — R4*™ is a smooth
matrix-valued function. We consider the white-noise-driven It6 SDE

W g 41005 w0 = (638)

The precise interpretation of (6.8) is as an integral equation for v(t) € C(R*,R%):

v(t) :u—i—/o g(v(s),s)ds—i—/o y(v(s),s)dW(s), t=>0, (6.9)

where the last term is a stochastic integral. Without further assumptions, existence and
uniqueness of solutions to this equation may be difficult to establish. We work under a set of
assumptions that is natural in many applications: we assume that there exist a, 8 € R such
that

(g(v,t),v) < a+Blv]* V(v,t) € RT x RT. (6.10)

We observe that for both of the Lorenz models introduced later in this section, this condition
is satisfied; see the discussion following equation (2.39).

Theorem 6.2. Assume that both g : R% x [0,T] — R>™ and v : R? x [0,T] — R¥*? are
measurable, that g satisfies (6.10), that g(-,t) is locally Lipschitz, uniformly int € [0,T), that
v(-,t) is globally Lipschitz on R?, uniformly in t € [0,T], and that v(0) = u is a random
variable, independent of the Brownian motion W (t), and satisfying

Elul? < cc.

Then the SDE (6.8) has a unique solution v € C([0, T]; RY) with

g 2
E </0 [v(t)] dt) < 00.

Furthermore, the solution of the SDE does not explode on [0,T], almost surely.

The equation (6.8) defines a Markov process whose properties we now study in more detail.
Given the function ~(z,t) in the SDE (6.8), we define the diffusivity matriz I : R? x Rt
Rdxd by

I(z,t) = 7(x,t)7(z7t)T. (6.11)
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The Markov process defined by (6.8) is characterized by the following generator £, defined
via its action on a test function ¢ : R? > R:

1
Lo=g-Vo+ §F : VVo. (6.12)
The generator plays a central role in computing the rate of change of functions of the solution

of the SDE via the Ito6 formula.

Lemma 6.3. (Itd6 Formula) Assume that the conditions of Theorem 6.2 hold. Let v(t)
solve (6.8) and let p € C*1(RYx[0,T],R). Then the process p(v(t),t) satisfies, for 0 <t < T,

P(0(0).8) = o(u.0)+ | (%2 (w(5),5) + Lo(os),5)) s
+ [ (Tele(). 5005 5) aW (s)
0

Assume, furthermore, that the SDE (6.8) has coefficients f,~ that are independent of time t
and that ¢ too is chosen to be independent of time t. Then the It formula gives

o(0(t)) = () + / Coo(v(s))ds + / (Vep(u(s)), 7(0(5))dW (s)) - (6.13)

Deconstruction of (6.13) shows that the derivative of ¢(v(t)) contains an extra term that
would not be present if W(t) were a smooth function of time, since the formula may be
written as

o(0(t)) = () + / P (o(s)) : TV (u(s))ds + / (Vip(u(s)), du(s))

As in discrete time, we will make occasional reference to the concept of ergodicity. In
the simplest setting, where the ergodic average is with respect to an invariant measure oo
with Lebesgue density po,, we obtain, for u,, almost every v(0) = u, and some class of test
functions ¢ : R — R,

T
%/0 o(v(t))dt — deoo(v)ga(v)dv. (6.14)

Expressed in terms of the measure rather than its density, we obtain

1 (T

T / o(v(t))dt — ©(V) oo (dV). (6.15)

0 Rd
In this context, it is important to define the L?—adjoint of £, namely the operator £* given by
1

LY==V "-(gp)+ §v -V - (Ly). (6.16)

When the random variable v(t) solving (6.8) has a density p(-,t) with respect to Lebesgue

measure on R%, then p solves the Fokker—Planck equation

dp
_— = * . .1
i (6.17)
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When the SDE with generator £ is ergodic and has an invariant measure with Lebesgue
density poo, then this density will be the unique, up to normalization, nonnegative solution of
L*pso = 0in L*(R); in other words, the unique, up to normalization, nonnegative steady-state
solution of the Fokker-Planck equation in L!(R). In this regard, it is useful to note that if ps
satisfies

1
— 9P + iv (I'poc) =0 (6.18)

and is a positive C? function in L!(R), then it also satisfies £*po, = 0 and is the density of an
invariant measure for the SDE; in this situation, the SDE is known as reversible. Furthermore,
if v = v/2¢l, so that I' = 2¢el, note that (6.18) reduces to the equation

— gpoo + €V pae = 0. (6.19)
This equation has an exact solution in the case ¢g(-) = —VV/(-), namely
Poc(+) o exp(—e 'V (). (6.20)

As in discrete time, a good way of visualizing ergodicity is via the empirical measure, or
histogram, generated by a trajectory of the dynamical system. Equation (6.14) formalizes the
idea that the histogram of the stochastic dynamical system defined by (6.8) converges, in the
large-T limit, to the probability density function p., of a random variable, independently of
the starting point v(0) = u. As in discrete time, thinking in terms of pdfs of the signal, or
functions of the signal, and neglecting time-ordering information is a very useful viewpoint
throughout this book.

6.2 Guiding Examples

In this section, we describe various examples of the underlying signal dynamics as governed
by equation (6.4). These will be used to guide and illustrate our subsequent analyses. Since we
do not consider observations in this section, we refer to the driving Brownian motion simply
as B, not B,. The first two examples concern the linear problem

dv dB,
E + AU =\ E W, (6213,)
v(0) = vy, (6.21b)

which generates a Gaussian process for fixed vy, or for vg itself Gaussian.

Example 6.4. Our first class of examples concerns equation (6.21) in the case n = 2, Xy = I,

and
1 0
A= <0 —10—1> '

The two components are independent in this case. Their behaviors are very different because
the matrix A induces growth in the second component, and damping in the first. These effects
must be considered in the context of the noise driving the equation, resulting in the typical
properties (with respect to the random noise) that v1(t) spends most of its time fluctuating
around 0, while |v2 ()| grows to infinity. This is illustrated in Figure 6.1. [ )
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Example 6.5. Of particular interest in the linear case (6.21) is the situation in which A > 0
and Xy = 27; in this case, the solution of the resulting linear Gaussian SDE is known as an
Ornstein—Uhlenbeck (OU) process. The solution may be written in integral form as

=20
=25

=30

-35
0 10 20 30 40 50 0 10 20 30 40 50

(a) v1(t) as a function of time (b) w2(t) as a function of time,

Fig. 6.1: Behavior of (6.4) for Example 6.4, with (6.4) solved with an Euler-Maruyama method
(1 =1072).

v(t) = e Mo(0) + \/§/t e At=9)4B(s).
0

From this, it is clear that the distance between any two solutions driven by the same Brownian
motion, say W*, but starting at different points, will converge exponentially fast toward each
other and indeed exponentially fast towards the distinguished solution

v*(t) == V2 /O t e A=) g (s).

As a linear transformation of a Brownian motion, v* is itself Gaussian, and a straightforward
calculation, using the Ité isometry (Lemma 6.1 (iii)) for the covariance, shows that it has
mean zero and covariance A_l(I — 6_2At). In particular, the variance tends to the limit
A=l ast — oo. The OU process is in fact ergodic with unique invariant measure given by the
Gaussian N (0, A~1). This can be seen by noting, from (6.20), that every function proportional
to exp(—1|A7v|?) satisfies (6.19).

Figure 6.2a shows two trajectories of this process starting from different initial conditions,
but driven by the same Brownian motion B*, in the case n = 1 and A = 1. Notice that
the two trajectories converge toward each other as predicted by the analysis. Furthermore
the empirical measure of each trajectory, its histogram, converges toward the unit Gaussian
N(0,1) as implied by ergodicity (see Figure 6.2b). A

Example 6.6. Our third example concerns noise-driven motion in a double-well potential.
In particular, if we consider the equation

v dB

for the potential V' (v) = %(1 — 1)2)2, we obtain the equation

dv 3 dB
Wy 222 22
o v— +ﬁdt’ (6.22)
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(a) Two trajectories driven by the same noise  (b) Comparison between unit Gaussian and the em-
pirical measure

Fig. 6.2: Behavior of two different trajectories driven by the same noise of (6.4) for Exam-
ple 6.4, and comparison of the empirical measure calculated from one trajectory with the
ergodic measure. Empirical measure constructed by solving (6.4) with Euler—Maruyama with
7 = 1072 with final time of integration T' = 10°.

which we will use in several illustrations in the sequel. In the absence of noise, when € = 0, the
equation will give solutions that converge to the stable equilibrium points at £1, according
to whether sgn(v(0)) = +1, and will stay at the unstable equilibrium point at the origin if
v(0) = 0. With noise (¢ > 0), the solution can make transitions between the two minima of the
potential, and at random times. This leads to an ergodic Markov process that has invariant
measure with Lebesgue density proportional to exp(—e_lV(v)), as shown in the discussion
preceding (6.20); note that such a function satisfies (6.19) and reflects the fact that solutions
spend most of their time near +1 when € is small.

Figure 6.3a shows a trajectory of this SDE for € = 0.08, exhibiting transitions between the
two stable equilibria, followed by fluctuations about them, caused by the noise. Furthermore,
Figure 6.3b shows the empirical measure of the trajectory over the longer time interval T =
5 x 10°, in comparison with the density of the invariant measure, illustrating ergodicity. &

Example 6.7. We will also consider the Lorenz 63 model from Example 2.6, with additive
white noise. We thus obtain the SDEs!

dvy dB

L (e — =1 2

o = alvz—v) +oi—s, (6.23a)
dv dB

d—; = —qu1 — Vg — V1U3 + Jgd—;, (6.23b)
d’l)3 - ng

— = v bug — b(r + a) + T3 (6.23¢)

where the B; are Brownian motions, assumed to be independent.
Figure 6.4 shows the behavior of a trajectory computed with o1 = 09 = 03 = v/2 x 0.25 and
projected onto the v1/va-coordinates and onto the vy /v3-coordinates; it should be compared

1 Here the index denotes components of the solution, not discrete time.
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(a) Trajectory for double well potential
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(b) Comparison between the invariant and the em-
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Fig. 6.3: Behavior of a trajectory of (6.4) for Example 6.6, and comparison of the empirical
measure calculated from this trajectory with the invariant measure. Empirical measure con-
structed by solving (6.4) with Euler—-Maruyama with 7 = 1072 with final time of integration

T =5 x 10°; see also plc.m in Section 9.1.

1.

with Figure 2.6, arising in the deterministic case (the scales differ slightly). Notice the similar
structure to the deterministic case, but with a smearing effect caused by the noise. This
problem is also ergodic, and Figure 6.5 shows the density of the invariant measure when
projected onto the v1- and wva-coordinates respectively. The invariant measure is calculated
from the empirical measure, using the Euler-Maruyama scheme, with 7 = 1073 and final time

of integration T = 10°. '
30 10 ¢
5
20
0
10 =51
=10
0
=15
=10 =20
-25
=20
=30 |
-30 =35
-20 -15 -10 -5 0 5 10 15 20 -30 =20 -10 0 10 20 30
(a) 11 VS U2 (b) vo vs v3

Fig. 6.4: The Lorenz equations with additive noise (6.23); projection onto two different pairs

of coordinates.



160 6 Continuous Time: Formulation

0.06 0.06
— deterministic — deterministic
— stochastic — stochastic

0.04 0.04 |

0.02 0.02

0.00 0.00
=20 -10 0 10 20 =25 -12 0 12 25

(a) v1 marginal distribution (b) v2 marginal distribution
Fig. 6.5: Different marginal distributions of the invariant measure for the Lorenz equa-

tions (6.23) with additive noise. The invariant measure is also plotted in the case of zero
noise (deterministic) for reference.

Example 6.8. We also consider a noisy Lorenz 96 model in the following form:2
dv dB
7: = vp—1 (k41 — Vk—2) — vk +F+0kd7tk, kef{l,--,J} (6.24a)
Vo =Vj, Vj41 = V1, V_1 =Vj_1. (624b)

Again the By are assumed to be independent Brownian motions. This is the model from
Example 2.7 extended to include additive noise. Figure 6.6 shows two different projections
of (6.24) for o, = 0 = /0.5 calculated using the Euler-Maruyama scheme for 7 = 1073
and final time of integration T = 10?; this figure should be compared with Figure 2.9, which
corresponds to the case o, = 0. '

15 : : - : 15

10

=10 -10
=10 =5 0 5 10 -10 -5 0 5 10

(a) v1 vs vJ (b) v1 vs vJ_1

Fig. 6.6: The Lorenz 96 model with additive noise (6.24); projection onto two different pairs
of coordinates.

2 Again, the index here denotes components of the solution, not discrete time.
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6.3 Smoothing Problem

6.3.1. Probabilistic Formulation of Data Assimilation

As in the discrete case, we consider an underlying Bayesian formulation of the data-
assimilation problem in which the object of interest is the probability distribution on the
signal v from (6.4) given the data z from (6.5). And in the case of deterministic dynam-
ics (6.6), this becomes a probability distribution on the initial condition v(0) = v given z. In
both cases, we have a jointly varying random variable (u, z), with u either the function v or,
in the case of deterministic dynamics, the initial condition vg. The smoothing distribution
is the conditional probability distribution u|z. Once again, Bayes’s theorem will provide the
way to determine this distribution. However, in order to derive an expression for the relevant
probability distributions before conditioning, a key ingredient will be the Girsanov formula,
which describes how to find the change of measure between two SDEs with the same diffusion
coefficient. We now describe this, before turning to conditioning in the following subsection.
We also emphasize that in the continuous-time setting considered here, the data, namely z,
is the integral of the data y, which is employed in discrete time.

6.3.2. Girsanov Formula

SDEs of the form (6.8) generate solutions that are continuous functions of time—see
Theorem 6.2—and we refer to the space C([0, T]; R?) in which such solutions lie as pathspace.
SDEs that do not have the same diffusion coefficient generate measures that are mutually
singular on pathspace; the same is true of SDEs starting from different deterministic initial
conditions. However, if these two possibilities are ruled out, then under conditions on the drift
and diffusion coefficient, such as those specified below in Theorem 6.9, the two different SDEs
generate measures that are absolutely continuous with respect to each other. The Girsanov
formula provides an explicit expression for the Radon—-Nikodym derivative between two such
measures.
Consider the SDE

dv aw

T =90 +0) T, w(0) =, (6.25)

and the same equation with the function g set to zero, namely

dv daw
- = - = . 2
% =) w(0) = (6.26)
We assume that the unknown v(¢) is in R? and that the Brownian motion is also in RP. We
also assume that g : RP — RP and ~ : RP — RP*P are Lipschitz on bounded sets, and that
~(v) is invertible for every v € RP. We view the solution of the equations (6.25) and (6.26) as
generating measures on H := L?([0,T]; R?). The Girsanov formula is as follows.

Theorem 6.9. (Girsanov Formula) Assume that~y and g are such that both equations (6.25)
and (6.26) have solutions on t € [0,T] that do not explode almost surely. Then the measures
x and xo on H generated by the two equations (6.25) and (6.26) respectively are equivalent
with Radon—Nikodym derivative
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T
oy =e(= [ GhO) TPt - () gw) ) ).
X0 o 2
Remark 6.10. We find it convenient to work with measures defined on Hilbert space, primar-
ily because some of the algorithms we describe in the next chapter exploit Gaussian structures
that are most easily explained in the Hilbert space setting. However, although our setting is
then the pathspace H, the solutions generated by the probability measures x and xo concen-
trate on the Banach space B := C([0,T]; R™) with probability 1; this fact is sometimes written
succinctly as x(B) = xo(B) = 1. A

Example 6.11. Consider the two SDEs

dv aw
E__VU—’_E’ ’U(O)—'U[),
dv dW

E = W, ’U(O) = 0.

The two Gaussian measures generated by these SDEs, the OU process and Brownian motion,
are equivalent. If we denote OU measure by x and Wiener measure (on the Brownian motion)
by X0, then Theorem 6.9 gives

di(v) = eXp(, /OT %(\vﬁdt + vdv)).

By the It6 formula, Lemma 6.3, we have, under xjq,

12(T)*12(0)+ Td+fT

21} = 2’U . vav B .

Thus
dx 1, 1, 1, 1
X () = — | Pt — 20 (T) + = fT)
dxo(v) exp( /0 2\1}\ 5Y (T) + 2v0+ >

T
L 2 L o
cxexp(—/o 5\1}\ dt—§v (T))

We observe in passing that although we view x and y( as measures on Hilbert space H,
they in fact satisfy xo(C([0,7];R)) = x(C([0,T];R)) = 1, so that functions drawn from xgq
and y are almost surely continuous; thus the pointwise evaluation v(7) makes sense almost
surely. [

6.3.3. Conditional Probabilities

In the infinite-dimensional setting that arises in conditioning v on z for equations (6.4), (6.5),
or v(0) on z in the case Xy = 0, the following conditioning theorem will be of paramount
importance. It plays the same role that Bayes’s formula (1.7) plays in the finite-dimensional
setting.

Theorem 6.12. Let ¢, v be probability measures on SxT, where (S, A) and (T, B) are measur-
able spaces. Denote by (x,y) withx € S andy € T an element of SXT. Assume thats < v and
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that ¢ has Radon—Nikodym derivative ¢ with respect to v, so that <(dx,dy) = ¢(z,y)v(dz, dy).
Assume further that the conditional distribution of x|y under v, denoted by v¥(dx), exists.
Then the conditional distribution of x|y under ¢, denoted by ¢¥(dx), exists, and <¥ < v¥. The
Radon—Nikodym derivative is given by

(6.27)

dvy else

dﬁ(l‘) — {('gqu(xvy% ch(y) > 0, and
1

with c(y) = [¢ d(x,y) dv¥(x) for ally € T.

6.3.4. Stochastic Dynamics

We are now ready to turn to the derivation of a formula for the posterior distribution on v
solving (6.4), given the solution z of (6.5). It will be useful in what follows to consider the
equation

di“, (6.284)
v(0) ~ N(mq, Co), (6.28D)

found from (6.4) by setting f = 0, and the equation

dz dB,
2 T =E 2
n 0 dt ) (6 93’)
z(0) = 0, (6.29h)
found from (6.5) by setting A = 0. Furthermore, it will also be helpful to define

T T
@) =5 [ Ed— [ (7). doo),. (6.300)

T T
Sav.2)i= 5 [ O [ Be0).d0)y, (6.300)

H1 = LQ([O,T],RH>7 H2 = LQ([O,T];R"L), and H = H1 X HQ. Let v = {v(t)}tG[O,T] S H1 and
z = {2(t) }refo,r € Ha. The smoothing problem in the continuous case is to study the signal
v given the accumulated data up to time 7', namely z, more precisely, to study the random
variable v|z on Hy. We refer to [0,T] as the data-assimilation window. We have the following
theorem:

Theorem 6.13. Let pg denote the prior measure on the random wvariable v € Hy defined
by (6.4), and let u denote the posterior measure for the random variable v|z € Hy with z
given by (6.5). Then if f, h are bounded Lipschitz functions, it follows that pu < pg and

d -

d—u(v) o exp (—Z2(v, 2)) - (6.31)
Ho

Proof Let ¢ denote the measure on Hs found from (6.5) with v fixed, and let ¢y denote the

measure on Hy found from (6.29); thus )y denotes Wiener measure on Hy. By the Girsanov

formula of Theorem 6.9, we have
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@w
diho
Now let v denote the measure on H defined by the SDEs (6.4), (6.5), and vy the measure,

also on H, arising in the case h = 0. By conditioning on fixed v and then multiplying by the
measure fg on Hq determined by (6.4), we find that

(z) = exp (—Z2(v, 2)) .

dv

d—yo(u z) = exp (—52 (v,z)) .

Furthermore, vy(dv,dz) = uo(dv) ® ¥o(dz). Since f and h are bounded, we deduce that

/exp (=22 (v, 2)) po(dv) >0

almost surely. Thus Theorem 6.12 gives the desired result. (]

Remark 6.14. e This is the analogue of Theorem 2.8 in the discrete setting. Formally,
Theorem 6.13, and its form in (6.32) below, can be derived from Theorem 2.8 using the
scalings (6.1) and passing to the limit T — 0. To understand this limit, it is important to
notice three facts. Firstly, within Theorem 2.8, the density with respect to Lebesgue mea-
sure can be written as the product of exp(f.](v)) and exp(ffb(v; y)), and dividing through
by exp(fJ(v)) gives an expression for the Radon—Nikodym derivative of the desired con-
ditional measure on vly with respect to the prior measure on v governed purely by the
stochastic dynamics; this expression is proportional to exp(—@(v;y)). Secondly, ®(v;y)
can be written, up to terms r(y) that are independent of v and depend only on y, as

J—1 J—1
1 1 1 1
D(vyy) = EWIV_§h(Uj+1)F =Y T2 yi40, T2 h(vj40))) + 7(y).
=0 =0

Thirdly, the term involving r(y) may be absorbed into the normalization constant and
can hence be ignored; the remaining two terms converge, formally, to Za(v,z) under the
scalings (6.1).

o We let ¥y denote the measure on Hy generated by equation (6.28); thus ¥¢ is Wiener
measure convolved with a random Gaussian initial starting point. The Girsanov theorem
(Theorem 6.9) shows that

;l—i;g(v) =exp (—Z1(v)) .

From this identity, together with (6.31), it follows that

Aap

a0, (v) o exp (=21 (v) — Z2(v,2)). (6.32)

This expression is useful in the application of MCMC algorithms designed specifically for
sampling probability measures defined via their density with respect to a Gaussian.

)
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6.3.5. Deterministic Dynamics

If the underlying signal dynamics is deterministic, so that we have model equation (6.6),
then the resulting data-assimilation problem is one of parameter estimation in SDEs. The
Gaussian distribution on v(0) = vg is the prior distribution, and our aim is to condition this
on the observed data z, which is the solution of (6.5). To see how this ends up as a parameter
estimation problem in SDEs, we note that the solution of (6.4) with ¥y = 0 is simply given
by v(t) = ¥(vg;t), where ¥ : R x Rt is the semigroup defined in (1.10). Thus (6.5) may be
written

dz _
dt

BT (00: 1)) + ro%, 2(0) = 0. (6.33)

Define
T T
F3(vg, 2) 1= %/O |h(\11(vo;t))\2podt—/0 (h(W(vo; 1)), dz(t)) p, - (6.34)

Note that this is simply =5 (v, z) evaluated with v(t) = U(vg;t).

Theorem 6.15. The posterior smoothing distribution on vg|z for the deterministic dynamics
model (6.6), (6.5) is a probability measure v on R™ with density P(vg|z) = o(v) proportional
to exp(—lget (vo; 2)), where

laet (Vo3 2) = Jaet(vo) + Z3(vo; 2), (6.35a)
1 2
Jaet (vo) = §|’Uo - m0|co, (6.35b)
1

T T
Eg(vo,z):f/ \h(\II(vo;t))Fpodt—/ (h(W(o31)), d=(1) 1, - (6.35¢)

2 0 0

Proof Let vy denote the probability measure N (mq,Cp) on the initial condition vy, and as
in the previous section, let 1y denote Wiener measure on Hs. If we define the measure on
R™ x Hy defined by (v, z) by n(dvo,dz), and by ng(dvg, dz) the same measure when h = 0,
then conditioning on vy and application of Theorem 6.9 shows that

d =
d—:]z)(vm Z) X exp (753 (vo, z)) .
Noting that ng(dvo, dz) = vo(dvg) ® ¥p(dz) and applying the conditioning Theorem 6.12, we

deduce that vg|z is distributed according to measure v given by

dv

d—yo(vo) X exp (753 (vo, z)) ,

since ¢ = ¢(z) is finite almost surely. The desired result follows once we note that v has density

_1
with respect to Lebesgue measure that is proportional to exp(—%|C’0 2 (vg — m0)|2). O
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6.4 Filtering Problem

Recall equations (6.4), (6.5) and define the accumulated data up to time t by 2! :=
{2(8)}se[0,- The filtering problem is to find a sequential update, as t increases, of the measure
ut, the distribution of the random variable v(t)|2t. To this end, recall the adjoint generator
L* given by (6.16). When it is applied to equation (6.4), we obtain

1
L'o=V": (fga + QZOV@) . (6.36)

We have the following theorem about p!, in which E! denotes expectation with respect to
ut (and hence integration with respect to the density p(-,t)). It characterizes the density of
the smoothing distribution (respectively unnormalized density of the smoothing distribution)
as the solution of the Kusher-Stratonovich (respectively Zakai) stochastic partial differential
equation (SPDE). Before reading the statement of the theorem, it is instructive to recall that
in the absence of data, the probability density function for v satisfying (6.4) is given by the
Fokker—Planck equation (6.17). The following theorem shows how this equation should be
modified to incorporate conditioning on observed data.

Theorem 6.16. Assume that [ is globally Lipschitz, that h is linearly bounded, and that the
measure pt governing the filtering problem for equations (6.4), (6.5) has Lebesgue density
p(-,t) : R™ — R for each fized t. Then p solves the Kushner—Stratonovich equation

ap dz
— =L h—E'h, — —Eth . 6.37
T p+p< I >FO (6.37)

Furthermore, p(v,t) = r(v,t)/ [gn (v, t)dv, where r solves the Zakai equation

or . dz
a—ﬁ r+r<h,dt>Fo. (6.38)

Remark 6.17. We note that the Zakai equation is a linear stochastic PDE, while the
Kushner-Stratonovich equation is a nonlinear stochastic PDE, because evaluation of expec-
tation under E! requires integration against p. In the proof sketch that follows, we begin by
deriving the Zakai equation and then obtain the Kushner—Stratonovich equation from it by
imposing the normalization condition that the probability density function (pdf) integrates to

one. '

Sketch Proof As in many places in the theory of continuous-time filtering, we provide a
derivation based on studying the discrete-time setting under the scalings (6.1). We give ref-
erences to the rigorous derivation of the two equations in the bibliographic notes at the end
of the chapter.

In the following, we invoke the scalings (6.1) and think of v; (respectively z;) as approxi-
mation of a process v(t) (respectively z(t)) at time ¢t = j7. We begin by recalling the update
formula (4.28) for the filtering distribution. If we assume that p; has unnormalized density
rj, then equation (4.28) gives

-
Tj+1(vj41) = exp (—g\h(%‘ﬂﬂ%@ + (h(vj41), 2j+1 — Zj>p0> /P(Uj+1|dvj)7’j(vj)- (6.39)
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We now note that under the scalings (6.1), we have (since the discrete-time stochastic
dynamics approximates a limiting SDE with pdf evolution governed by (6.17))

*

/P(”j+1|dvj)rj(vj) ~ (e Try) (v11)-

Furthermore, if we define the stochastic process ¢ via the SDE

W RN, + (), d=($)),
then
exp (—;h(vjﬂ)@o + (h(vj41), 2541 — Zj>p0) ~ exp(q(j7 + 7) — q(j7)).
We define

M;(t) := exp(q(jT +t) — q(j7))

and note that then
r
exp <—§|h(vj+1)|2p0 + (h(vjg1), 2js1 — Zj>ro) ~ M;(T).

Applying the It6 formula of Lemma 6.3 to M;(t) shows that

JjT+t
M0 =1+ [ Mi05) ((o(6)), a9,

This rather subtle calculation reflects the exponential martingale characteristics of M;(¢); it
is central to the derivation we give here: more naive calculations based on the scalings (6.1)
will not correctly derive the limiting equations unless they reflect the exponential martingale
structure that we have built in here. Using the preceding display, we obtain the natural
approximation

M;(7) = 14 M;(0) (h(vjt1), zj41 — 2j) p, = 1+ (h(vje1), 25401 — 25) -
Furthermore, we also have the natural approximation
(€% Tr)(v) &~ (1 4+ 7L%)r(v).
Combining these two approximations within (6.39) gives
ri+1(vj41) = (L + (A(vj41), 2j41 — 2) ) ) (L + TL)7; (vj41).
Rearranging and keeping terms up to order O(7), we obtain
Tj41(Vi+1) = 75 (vj41) = 7L (V1) +75(0541) (R(Vj4+1)s 2j41 — 25)

which is clearly a discretization of the Zakai equation.

To obtain the Kushner—Stratonovich equation, we apply the It6 formula to the function
p(v,t) =7(v,t)/ [gn m(v,t)dv. The Itd formula as defined in Lemma 6.3 applies only in finite
dimensions, but it generalizes to the infinite-dimensional situation under somewhat strin-
gent conditions. We proceed purely formally, on the assumption that the It6 formula from
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Lemma 6.3 indeed applies in our infinite-dimensional setting. To this end, we need to compute
the derivatives of the function V', defined by

Vir) = Jgn (v)dv”

The first derivative DV (r) is defined by its action on the function ¢ as follows:

_ © 7 Jgn p(v)dy
Jenr(@)dv (fpa r(v)dv)?

Similarly, the second derivative D2V (r) is defined by its action on pairs of functions (¢, ) as
follows:

DV (r)p

O S M o 60N 1 [ 0 f o)
(Jgn T(@)dv)2 ([ 7(v)dv)? (Jgn 7(v)dv)3 ’

Applying the It6 formula then gives

9% _ or 1 Tp=z T2
5 DV (r) r + 2D V(r)[rh* I}, 2,rh" I}, ?]. (6.40)

dz
q=<h,> ;
dt / p,

and with E denoting expectation with respect to u! (and hence integration with respect to
the density p),

DV (r)lp, ¢] =

We have, for

or _ Lr+rq 7 fgn r(v)qdv

ot Jor()do  (Jp. r(v)dv)?
= L*p+ pq — pE'q.

DV (r)

We also have
1 _1 _1
5DQV(r)[mTFO 2,rh" Iy *) = —p (hE'h)  + p(E'h,E*h) . .

Substituting the two preceding displays into (6.40) gives the desired Kushner—Stratonovich
equation. O

6.5 Illustrations

As in Section 2.8, in the discrete-time setting, here we focus on some simple examples where
the posterior distribution may be visualized easily. For this reason, we concentrate on the case
of one-dimensional deterministic dynamics, since in that case, the corresponding probability
measure v is a measure on R, where the initial conditions live (see Theorem 6.15), and not on
the pathspace H; = L2([0, T];R™). In Chapter 7, we introduce more sophisticated sampling
methods that can be used to probe the probability distributions on function spaces (infinite-
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dimensional spaces), which arise from noisy dynamics in which the unknown is an element of
H; and is hence a time-dependent function.

Figure 6.7 concerns the scalar linear problem from equation 6.21 for A = 0.5 and Xy = 0.
We employ a prior N (4, 5), we assume that h(v) = v, and set Iy = 72 and consider two differ-
ent values of vy and three different values of T', the final time of observation. The figure shows
the posterior distribution in these various parameter regimes. The true value of the initial
condition that underlies the data is vg = 0.5. For both 79 = 1 and vy = 0.1, we see that as the
final time T over which we observe the process increases, the posterior distribution appears
to converge to a limiting distribution. However, for smaller 7y, the limiting distribution has
much smaller variance, and it is centered closer to the true initial condition at 0.5. Both of
these remarks concerning the observed data can be explained by the fact that the problem
is explicitly solvable: we show that for fixed vg as T' — oo, the posterior has a limit, which
is a Gaussian with nonzero variance. And for fixed T as 9 — 0, the posterior distribution
converges to a Dirac measure (Gaussian with zero variance) centered at the truth vg.

|
prior E
T=1 ;
T=10 i
- T=10? 4
T ]
i
lln
"
-5 0 5 10
u
(b) 0 = 0.1

Fig. 6.7: Posterior distribution for smoothing distribution on the initial condition of equa-
tion (6.21), with Xy = 0, for different levels of observational noise. The true initial condition
used in both cases is v(]; = 0.5, while we have assumed that Cy = 5 and mg = 4 for the prior
distribution; see also p2c.m in Section 9.1.2.

To establish these facts, we begin by noting that from Theorem 6.15, the posterior distri-
bution vg|z is proportional to the exponential of the negative of

1 2 g 2At, 2 1 g 2A¢ i 1 g At
laet (Vo5 2) = = |vo —mo|* + =— e *Myidt — — / e “Mygvydt — — / voe” *dB,(t)
‘ 203 298 Jo % Jo Yo Jo o
where 03 denotes the prior variance Cp, and we have used the fact that W(vg;t) = voe A, as

well as the fact that
dz(t) = vie=dt + ~odB.(t).

As a quadratic form in vg, this defines a Gaussian posterior distribution, and we may complete

the square to find the posterior mean m and variance o2

IR oargy , Lo 1 1—e 24T 1
2~z € t+==5\""351 ) T2
apost Yo Jo ) Yo 24 0

(=] b}
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and
1 1 /T 1 (T 1
Tm = U$672Atdt + — / EiAtde(t) + 72771,0.
Opost Y Jo Y Jo 90

We note immediately that the posterior variance is independent of the data. Furthermore, if
we fix 79 and let T' — oo, then for every A > 0, we see that the large-T" limit of the posterior
variance is determined by

1 11 1

— == 4+ =
Ugost ’Yg 2/1 O'(QJ

and is nonzero; thus uncertainty remains in the posterior, even in the limit of infinite obser-
vational time. On the other hand, if we fix T" and let 79 — 0, then Ugost — 0, so that the
uncertainty disappears in the limit. In this case, it is then natural to ask what happens to
the mean. In particular, evaluating the deterministic integral in the equation for the mean

gives us

1 1 (1—e24TN o 1 T . 1
Tm (2/1) ’UO + %/ (& dBZ(t) + ?mo.

apost B ’73 0 0
Using the formula for 2, we obtain
1— e—QAT 702 1— 6_2AT + T w ,YQ
R “MAB,(t) + —mo.
(o) = (o) [ om0 o

From this, it follows that for fixed T and as 79 — 0, we have m — vg almost surely with
respect to the noise realization B,. This is another example of posterior consistency.

We now study Example 6.6 in the noise-free case € = 0. The true dynamics are no longer
linear. In particular, we are interested in studying the interplay of the underlying nonlinearity
and the choice of the prior distribution. Before discussing the properties of the posterior, we
draw attention to the following fact about the dynamics of the system: the system converges
exponentially fast to the stable equilibrium at points 41, according to whether sgn(vg) = =+1.
This is an important observation, since it suggests that if the system is observed on long time
intervals, then the posterior distribution will assign the majority of the probability to the
basin of attraction of the equilibrium to which the true dynamics of the system converge.

In our case, we have chosen vg = 0.5, so the true solution converges to +1, which has the
interval (0,00) as its basin of attraction; we therefore expect that most of the probability in
the posterior will be assigned to (0,00). Figures 6.8 and 6.9 illustrate the fact that this is
indeed the case, for large enough observation time 7T, for a variety of different prior choices,
all Gaussian with variance Cj. In particular, we can see that observing up to T = 10 is
enough in order for the posterior probability to be positive primarily in the interval (0, co).
Interestingly, though, we see that choosing the prior in such a way that the majority of its
probability is in the wrong basin of attraction—see Figure 6.9—leads to posteriors with quite
different characteristics; in particular, they have most of their support in the true basin of
attraction of +1 but have smaller posterior spread than those arising for the priors chosen in
Figure 6.8.
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Fig. 6.8: Posterior distribution for Example 6.6, with € = 0, for two different prior covariances.
The true initial condition used in both cases is vg = 0.5, while we have assumed my = 4 and
Yo = 1; see also p3c.m in Section 9.1.3.
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Fig. 6.9: Posterior distribution for Example 6.6, with € = 0, for two different prior covariances.
The true initial condition used in both cases is vg; = 0.5, while we have assumed mg = —4
and vy = 1; see also p3c.m in Section 9.1.3.

6.6 Bibliographic Notes

e Section 6.1. In the first subsection, we give a formal derivation of the continuous-time limit
of the data-assimilation setup introduced in Chapter 2. The derivations should be straight-
forward to understand for readers with a knowledge of the numerical solution of SDEs, as
detailed in [84] or explained at an introductory level in [68]. The second section contains a
brief summary of various basic results from the theory of stochastic integration and differen-
tial equations. All these results may be found in [104]: Lemma 6.1 appears as Theorem 1.5.8
in that text, Theorem 6.2 as Theorem I1.3.5, and Lemma 6.3 as Theorem 1.6.4.

Section 6.2 is devoted to examples. The OU process of Example 6.5 is of fundamental
importance in stochastic analysis; see section II1.3.5 of [104], for example. The equation
from Example 6.6 is known as the overdamped Langevin equation, or Brownian dynamics
model, and is the canonical example of a reversible continuous-time Markov process; see
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[120]. Examples 6.7 and 6.8 concern noisy perturbation of a deterministic system satisfy-
ing (2.16); the ergodicity of such problems is discussed in [106] and [105].

e Section 6.3 is devoted to a definition of the smoothing problem from continuous-time data
assimilation. The key Girsanov formula of Theorem 6.9 appears as Theorem XIII.2.2 in
[104] in a simplified setting, while the general formulation that we state here is taken from
[49], Theorem 11A. Realizations of Brownian motion are in fact Holder continuous for
every exponent up to 1/2, a property inherited by solutions of (6.25); this fact lies behind
the discussion in Remark 6.10, and further discussion of regularity properties of SDEs
may be found in [104, 114]. The conditioning Theorem 6.12 is from [62], Lemma 5.3. The
formulation of continuous-time smoothing problems for a wide variety of models, including
the one considered here, is given in [63].

e Section 6.4 concerns the continuous-time filtering problem, a subject that is described in
some detail in the book [125] and is given a modern development in [9]. In particular,
the Zakai and Kushner—Stratonovich equations, derived purely formally here, are given
rigorous developments in those books. To be more precise, Theorem 6.16 follows from
Theorems 3.24 and 3.30 in [9], after application of Exercises 3.11 and 3.25 to simplify
the conditions; note that since the initial distribution on v(0) is Gaussian, all moments
exist. Use of the It6 formula in infinite dimensions, as employed in our sketch derivation
of the Kushner—Stratonovich equation from the Zakai equation, is discussed in [41]. Our
sketch derivation is based, in part, on the very clear presentation in Chapter 4 of the lec-
ture notes [118]. The Zakai and Kushner—Stratonovich equations can be used as the basis
for numerical approximation of the filtering problem, by means of Galerkin approxima-
tion, polynomial chaos [131], and other finite-dimensional approximation techniques; see
[9] and the references therein. Note, however, that these methods are not well adapted to
high-dimensional problems, and new ideas are required for the numerical solution of these
equations in high dimensions.

e Asin discrete time (see Section 2.5), the filtering and smoothing distributions are related.
To be specific, in the case of stochastic dynamics, the measure p given by Theorem 6.13
(which is a measure on the space H; defined preceding the theorem, but in fact, it is
concentrated on C([0,7];R™)) has marginal on the path at time 7', which is a measure on
R", given by the filtering distribution p? from Theorem 6.16. Furthermore, in the case of
deterministic dynamics, the pushforward of the measure v given in Theorem 6.15 by 7" time
units under the flow given by (6.4) with Xy = 0 coincides with the filtering distribution
puT from Theorem 6.16.

e We have not included a section on the well-posedness of the data-assimilation problem,
for either filtering or smoothing, because this is a considerably more subtle issue in con-
tinuous time than in discrete time. The reason for this subtle behavior is the dependence
of the smoothing or the filtering distributions on a stochastic integral with respect to the
observed data. In the smoothing situation, this is manifest in Theorems 6.13 and 6.15 in
the stochastic and deterministic settings respectively; and in the filtering situation, it is
manifest in the Kushner—Stratonovich and Zakai equations (6.37) and (6.38). The theory of
rough paths provides the natural context within which to study the stability of stochastic
integrals with respect to perturbation, and the paper [38] demonstrates the power of this
approach in studying well-posedness of the filtering problems, as well as giving an overview
of the history of the subject of well-posedness of filters. Similar rough-path ideas are likely
to be successful in the study of well-posedness of the smoothing problem in continuous
time.

e We also mention that although we have not included an explicit continuous-time analogue
of Section 2.7, similar considerations apply in continuous time. In particular, it is important
to distinguish between the quality of the data, as manifest in the posterior distribution,
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and independent of any algorithm, and the ability of the algorithm employed to represent
the posterior distribution accurately.

6.7 Exercises
1. Using the It6 formula, show that
r 1, 1
W (t)dw (t) = -W=(T) — =T.
0 2 2

2. Consider the stochastic differential equation

d aw
w_ A+ po—,  v(0) = v,
dt
where v(t) € R for each fixed t > 0. By applying the It6 formula to the function f(z) = Inx,
show that
1
v(t) = v exp(()\ - §u2)t + uW(t)).

3. Consider the Ornstein—Uhlenbeck process and its solution from Example 6.5 with the addi-
tional assumptions that v(t) is one-dimensional and that v(0) ~ N(vg,o?), independently
of the driving Brownian motion B(t). Using the properties of the Itd integral, calculate
E(v(t)) and E(v?(t)). In addition, show that up to a normalizing, constant the solution to
the Fokker—Planck equation (6.17) is given by

. (U _ e—At,UO)Q

]
Using this formula, compute the limit of p(v,t) as ¢ — oco. Demonstrate that the limit
distribution is invariant under the Ornstein—Uhlenbeck process. (The limiting calculation,
in fact, exhibits the ergodicity of the process.)

4. Consider the differential equation

dv
)
ar ~

)

where we have A € R?*? and the observations z are given by

dz dB,
2 Ho+ /T, .
dt vt vVioTy

Modify the code p2c.m in order to plot the posterior on the initial condition vy in two
dimensions in the case that the matrix A is given by

(M0 (A a (01
Al_(O)\2>’ AQ_(OA)’ A3_<—10)

and the observation operator is given by

10 10
m=(5) m=(01)
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Consider the cases in which A\; and Ay have the same sign and opposite signs, as well
as positive and negative A. For which of the different choices do you observe posterior
consistency?

5. Consider the Lorenz 63 model given in Example 6.7. Experiment with the effect of the
noise level on the marginal distribution of the invariant measure, as depicted in Figure 6.5,
using program pl6 .m as your starting point. Consider varying the size of the noise homo-
geneously in each component, as well as setting the noise to zero in all but one of the three
components, and then considering the effect of varying the noise in just the one component.

6. Recall the Langevin equation (6.22),

dv s AW
I e’
ar ! v+ﬁdt’

from Example 6.6. Consider the following linearly implicit discretization of the equation:
Vngr = (14 7)vy — U102 + V2eré,,
where &, is an independent N (0,1) random variable. On rearranging, we find that
Vg1 = (L4+7102) (1 + T)v, + \/ﬂén)

Modify the code in program pcl.m to study the invariant measure of this equation
numerically, using this linearly implicit discretization, for different noise levels e.



Chapter 7

Continuous Time: Smoothing Algorithms

In this chapter, we describe various algorithms for the smoothing problem in continuous time.
We begin, in Section 7.1, by describing the Kalman—Bucy smoother, which applies in the
case of linear dynamics when the initial conditions and the observational noise are Gaussian;
the explicit Kalman-Bucy formulas are useful for the building of intuition. In Section 7.2,
we discuss MCMC methods to sample from the smoothing distributions of interest. However,
as in the discrete-time case, sampling the posterior can be prohibitively expensive. For this
reason, it is of interest to identify the point that maximizes probability, using techniques from
optimization, rather than explore the entire probability distribution—the variational method.
This optimization approach is discussed in Section 7.3. Section 7.4 is devoted to numerical
illustrations of the methods introduced in the previous sections. The chapter concludes with
bibliographic notes in Section 7.5 and exercises in Section 7.6.

7.1 Linear Gaussian Problems: The Kalman—Bucy Smoother

As in discrete time, the Kalman smoother plays an important role, because it provides an
example of a smoothing distribution that can be explicitly characterized, as we will show
here. We set

f(v) =Lv, h(v)=Ho, (7.1)

where L € R"*™ and H € R"™*™. We consider the signal/observation model (6.4), (6.5), and
the resulting posterior distribution vly.

Theorem 7.1. Let jig be the Gaussian measure on Hy = L*([0,T]; R™) determined by

% =Lv+ \/foddBt”, v(0) ~ N(mq, Ip), (7.2)
and define
1 T T
S(v,2) = 5/0 Ho(t) 3, dt —/0 (o(t), d=(b)) 1, - (7.3)
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Then the posterior smoothing distribution on vly for the linear stochastic dynamics model
(6.4), (6.5), (7.1) is a measure p that is absolutely continuous with respect to pg and is
characterized by

dp

— —Z . 74

o) ox exp(~5a(0,2) (74)
Proof This is a straightforward application of Theorem 6.13. (]

Although the preceding result does not explicitly characterize the mean and covariance of
the Gaussian measure p, it is possible to do so, and references are given in the bibliography.
We now consider the Kalman smoother in the case of deterministic dynamics. Theorem 6.15
gives the following:

Theorem 7.2. The posterior smoothing distribution on voly for the deterministic linear dy-
namics model (6.6), (6.5), (7.1) with symmetric positive definite Cy and Iy is characterized
by Gaussian measure v = N(Mget, Caet). The covariance Cqet is the inverse of the positive
definite symmetric matriz Lyes given by the expression

T
Loew = Cg ' + / U HT T He M dt. (7.5)
0

The mean mqet Solves

T
Laetmaer = Cg 'mg +/ eLTtHTFO_l dz(t).
0

Proof By Theorem 6.15, we know that v has pdf proportional to exp(—ldet (vo; z)), where

1 ) 1 (7 ) T
laet (Vo3 2) = f’vo — mo‘c + f/ ‘HeLtvo‘F dt —/ <H6Ltv0,dz(t)>r .
2 0 2 0 0 0 0
The inverse covariance Ly satisfies

2 .
Ldet - avo Idet (U07 Z)7
and the mean solves

detmdct == *Vu()'dec(Uo; Z) 0'

Vo=

These two equations characterize Cqer and mget. Finally, the positive-definiteness of Lget
follows from that of Cy and I. Indeed, from (7.5), we have that for v # 0,

(v, Laev) > (v,Cy'v) > 0.
O

Remark 7.3. The formulas for the mean and covariance given in the preceding theorem may
be found by imposing the scalings from (6.1) and taking the limit T — 0 in the formulas
for the mean and covariance in Theorem 3.2 (discrete time), after setting M = exp(Lt).
Furthermore, as in Theorem 3.2, the formulas for the mean may be interpreted as a maximizer
of the posterior probability of vo given data z. o
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7.2 Markov Chain—Monte Carlo Methods

As in the case of discrete time, we may use MCMC methods to sample from the smoothing
distributions of interest. We start with deterministic dynamics, where the posterior distribu-
tion is on the initial condition in R™; we then move on to the case of stochastic dynamics,
where the posterior distribution is on the pathspace H; = L2([0,T];R"™) > C([0, T]; R"); as
observed in Remark 6.10, the solutions are in C'([0,7]; R™), almost surely.

7.2.1. Deterministic Dynamics

In the case of deterministic dynamics (6.6), the measure of interest is a measure on the initial
condition vy in R™. As in the discrete case, we describe application of the random walk
Metropolis (RWM) sampler in this setting, where we sample the initial condition, since it
is perhaps the simplest algorithm to describe. Recall from Section 6.3.5 that the measure of
interest is v with pdf ¢ and that Theorem 6.15 shows that o exp(fldct(vo; y))

The RWM method proceeds as before: given that the state of the Markov chain at step
n—11is 0" we propose

w™ = y=1) 4 g (1)
where ("1 ~ N(0, Cprop) is a centered Gaussian random variable on R™ defined for some

positive definite proposal covariance Cl,op and proposal variance scale parameter 3; we then
accept the move v(™ = w(™ with probability a(v(®=1 w(™), where

o(w)
o(v)

=1 A exp(laet (v;y) — laet (w3 y));

a(v,w) =1A

otherwise, we set v(™) = v(™~1)_ Thus moves that decrease lge; are always accepted; moves that
increase lge; are accepted with a probability that is smaller for larger increases. Recall that
lqet is the sum of the prior penalization (background) and the model-data misfit functional
given by (6.35). The algorithm thus has a very natural interpretation in terms of the data-
assimilation problem. Numerical results illustrating it are given in Section 7.3. As in discrete
time, we are not advocating the RWM algorithm as an algorithm that is particularly well
adapted to the sampling question at hand; we are merely using it to illustrate the application
of MCMC to the smoothing problem for deterministic dynamics. More sophisticated methods
are now described, in the context of stochastic dynamics.

7.2.2. Stochastic Dynamics

Here we apply the Metropolis—Hastings methodology to the data-assimilation smoothing prob-
lem in the case of the stochastic dynamics model (6.4), given data determined by (6.5). Thus
the probability measure is on v € H; = L?([0,T]; R™). This is a fundamentally more com-
plicated situation than we have encountered in any of our preceding discussions of MCMC
methods, both in this chapter and in Chapter 3. This is because the space from which we
wish to sample (pathspace) is infinite-dimensional. This has implications for the algorithms
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that may be used: for example, the RWM algorithm is not defined in our infinite-dimensional
setting. In practice, we discretize the infinite-dimensional space and could, in principle, use
standard MCMC methods. But the fact that the methods are not defined in the infinite-
dimensional limit means that they behave poorly when the dimension of the approximating
space is high. For this reason, we concentrate here on special MCMC methods that are well
defined in the infinite-dimensional setting. It turns out that the two methods we introduced in
Section 3.2.4 for studying discrete time dynamics are well defined in the infinite-dimensional
limit. We now describe them in the current infinite-dimensional setting.

Our interest is in the measure p on the pathspace H; determined by Theorem 6.13. This
measure is characterized in (6.31) via its density with respect to measure pg; the measure pg
is simply the measure on H; defined by solutions of the equation (6.4). On the other hand,
the measure p is also characterized in (6.32) via its density with respect to measure 9o given
by (6.28); thus the measure ¥y is simply the Gaussian measure on H; generated by Brownian
motion with a Gaussian random starting point. The two methods we now describe require,
respectively, the ability to sample from pg and from ¥.

We begin with the independence dynamics sampler. Here we choose the proposal w(™
independently of the current state v(»~1), from the prior po: this just means generating an
independent sample from the unconditioned dynamics defined by (6.4). Similarly to the case
of discrete-time dynamics, this move is accepted with probability a(v(”*l), w(”)), where

a(v,w) =1 Aexp(Z2(v,2) — Za(w, 2)).

The resulting MCMC method always accepts moves that decrease the functional Z5(-;z2),
which is defined just before Theorem 6.13; if this functional increases, then the move is
accepted with a probability less than 1. It is illuminating to note that if z were differentiable,
we could write

T
S(v,2) = %A Ihw(t)) - % iodt—l—K(z),

where K(z) is independent of v. Thus Zs(+, 2) is a form of model-data misfit functional:
Z5(v, z) measures how well the given function v fits the observed data, in a least-squares
sense. Furthermore, if we pretend that z is differentiable, we then have that

2 17 dz |2
dt — = ‘h 0 -2 a,
Io 2/0 (w(t)) dt I,

(v, 2) — Ea(w, z) = %/0 ‘h(v(t)) _ %

and the acceptance probability may be interpreted as biasing samples toward trajectories that
have a best fit to the data, is a least-squares sense.

As in the case of discrete time, and as we will see in the illustrations in Section 7.4 below, the
independence dynamics sampler can be quite inefficient, because the proposed moves attempt
to move far from the current state based only on the underlying stochastic dynamics, and not
on the observed data; this can lead to frequent rejections. As in the discrete-time setting, this
effect can be controlled by making local proposals, and such a method is exemplified by the
PCN method. Recall the Gaussian measure g, noting that this has mean m the constant
function m(t) = mg with fluctuations described by standard Brownian motion on R"™ with
variance Yy, and starting from an initial condition distributed as N(0,Cp); as such, it is
straightforward to draw from this measure. The pCN method, introduced in Section 3.2.4, is
based on the following proposal: we define

w™ =m 4 (1= 822 (v —m) + gD,
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where (»~1 is a standard Brownian motion on R™ with variance X, and starting from an
initial condition drawn at random from N (0, Cy), and is independent of v~ This proposal
preserves v and would be accepted all the time if f =0 and h = 0. With nonzero (f, k), so
that the observations contain information about the signal, and so that the signal itself is not
simply Brownian motion, the move is accepted with probability a(v("_l), w(")), where

a(v,w) =1 Aexp(Z2(v, 2) — Z2(w, 2) + Z1(v) — E1(w)),

and =, 5, are as defined preceding Theorem 6.13. By choosing 3 small, so that w(™ is close
to v~V we can make a(v(®~ D, w(™) reasonably large and obtain a usable algorithm. These
two infinite-dimensional MCMC methods are illustrated in Section 7.4.

7.3 Variational Methods

Recall that the idea of variational methods, as described in the discrete-time setting, is to find
a point that maximizes the posterior probability: the MAP estimator. In finite-dimensional
terms, when the posterior probability has density with respect to Lebesgue measure, this point
is found by maximizing the pdf. In finite dimensions it is straightforward to relate the problem
of maximizing probability to that of minimizing the negative logarithm of the probability, and
this is expressed in Theorems 3.10 and 3.12. In those theorems, we also express the idea of
a probability maximizer in a way that translates well to infinite dimensions, where there is
no Lebesgue measure. More precisely, we find points that maximize the probability of small
balls centered at that point, and then consider the limit in which the small ball has radius
that tends to zero. We outline application of this definition of MAP estimator to the case
of stochastic dynamics. We then consider the simpler case of deterministic dynamics, where
Lebesgue measure can be used.

For stochastic dynamics, our starting point is the formula (6.32) for the measure p on
v|z governed by equations (6.4), (6.5), where we note that = and =3 are given by (6.30).
The measure ¥y is the Gaussian measure generated by the equation (6.28). This has mean
m € Hy, which is the constant function m(t) = mg, and covariance defined by the Wiener
measure with variance Xy and random initial condition distributed according to N (0, Cp).
This gives a Gaussian measure N(m,C) on H;. A useful way of characterizing C' is via its
inverse L, the precision. For this problem, the precision is given by

d2

L=-20gm

with domain of L specified by the boundary conditions % = EOC(;lv at t =0 and % =0 at
t = T. If we pretend for a moment that the Gaussian measure 1y has a Lebesgue density, then
by analogy with the finite-dimensional setting, it should have Lebesgue density proportional to

exp(f%\cfé(v - m)|2) = eXp(f;L%(v o m)|2)

This suggests, based on (6.32), that the posterior measure of interest, u, has Lebesgue density
proportional to exp(fl(v; z))7 where

I(052) 1= SILA 0 —m)P 4+ So(os2) + 51 o).
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This, in turn, suggests that points that maximize probability are those that minimize the
functional I(+; z); minimization is over functions v such that v—m is in the domain of L. This
leads to an infinite-dimensional minimization (indeed infimization) problem; furthermore,
because of the structure of L, the resulting Euler—Lagrange equations are of second order
in time. These kinds of arguments can be made rigorous, but some very subtle issues in
stochastic analysis arise in making them so, and these are beyond the scope of these notes—
we give detailed reference to the relevant literature in Section 7.5. Here we simply note that
the dependence of =7 and =y, as defined in (6.30), on stochastic integrals with respect to v
and z respectively, makes the problem particularly hard; integration by parts, using the It6
formula, can be used to derive reformulations of the objective function I(-; z) appropriate to
proving that minimizers coincide with MAP estimators.

In the case of deterministic continuous-time dynamics, the minimization is simpler, since it
is over the finite-dimensional space R™: the objective functional is lget (vo; z) given in Theorem
6.15. We highlight some important structure in this minimization problem. We assume that
the data z(t) is derived from (6.5) with v(t) = \Il(vg; t). Then, up to an additive constant that
is independent of vy, we have

S0 = | (ke o0i0) - w0 a- / *(h(000), VTB0) b))

Io

where B, is the specific realization of Brownian motion that gives rise to the data: we have
substituted for z using

dz dB

— =h(V¥ vT;t + I —=.
Of course, we do not know B, in practice; we simply observe z. But studying the minimiza-
tion in this form, in which the truth value v! of the initial condition appears explicitly, is
instructive. In this form, the minimization problem for lge; given by (6.35) is equivalent to
the minimization of

* i /OT <h(\I/(v0;t))7 \/fode(t)>F0 ,

%\vo —mog, + ;/OT‘ (h(q’(”();t)) - h(q’(u(g;t))) Ty

where B, is the specific realization of Brownian motion that gave rise to the data. To under-
stand how the global minimizer may be characterized in the limit of large 7', note that the
first term is then O(1), the second term is O(T') (for vy # vg and provided that W(-;¢) is not
contracting), and the third term, by the It6 formula of Lemma 6.3, is O(T%). Thus, for large
T, minimization will be dominated by the middle term, which is nonnegative, and zero for
vy = U(T). This suggests that for large T', the variational method will have a global minimum
close to the truth. Such arguments can be made rigorous; we give references in Section 7.5.

7.4 Ilustrations

We describe several numerical experiments that illustrate the application of variational meth-
ods and MCMC methods to the smoothing problems arising in continuous time for both
deterministic and stochastic dynamics.

The first illustration concerns variational methods, and in particular, application of opti-
mization techniques to minimize lqe; given in Theorem 6.15. We consider the deterministic
Lorenz ’63 model from Example 6.7 with 07 = 02 = 03 = 0 and linear observation operator
h(v) = Hv with H = (1,0,0), so that only the first component of the equation is observed; we
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assume that the scalar observation equation (6.5) is employed with Iy = v2. The remaining
parameter values for the objective functions defined in Theorem 6.15 are T' = 2, v = 0.1,
Co = 0.011, and mg = 0. The value of the time step is set to 7 = 107*. The MAP estimator
in this case (which we define to be the best of several local minima that we identified) is
very close to the truth. This is shown in the top left panel of Fig.7.1, along with several
local minima. These results were generated with p7c.m. The remaining three panels show
the value of the objective function lget from Theorem 6.15 for each of the three components
of the initial condition, with the values of the other two degrees of freedom fixed at the MAP
estimator. Clockwise from top right, they are lge; (v1, v)AF wMAP) 1y (VMAP MAP 40) and
lget (VMAT vy, vMAPY Here vy, vz, v3 (possibly with superscript MAP) denote the three com-
ponents of the initial condition for the Lorenz equation, a notation commented on in the
footnote within Example 6.7. Notice the multimodality of these three slices through the
objective function, and notice broad similarities (in that the distribution is multimodal) with
the example shown in Figure 3.8(b) for the discrete case. This multimodality is a hallmark
of performing MAP estimation for chaotic dynamical systems, and it can cause considerable
computational difficulties, especially in high-dimensional problems.
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Fig. 7.1: 4DVAR for the (deterministic) Lorenz ’63 equation from Example 6.7 with obser-
vation operator H = (1,0,0). Panel (a) shows the truth, the MAP estimator (the best local
minimizer that we found), and several other local minima of lges; for the three local minima,
we report the value of the objective function lger. Panels (b)—(d) show lqet as a function of
each of the degrees of freedom individually, conditional on the other two being fixed at values
of the MAP estimator. Recall that here vy, vs,vo denote the three components of the initial
condition from Example 6.7.
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The next illustration concerns the use of the RWM algorithm to study the smoothing
distribution for Example 6.6. We consider the case of deterministic dynamics, with € = 0, so
that our aim is to find the posterior distribution P(vg|z) on R. Recall Figure 6.8a, which shows
the true posterior pdf, found by plotting the formula (6.35) given in Theorem 6.15 for the
choice of Gaussian prior N(4,10), which we will also use here. We now approximate the true

0.20 0.004
— N=10®
--- true
0.15 0.002
$0.10
v 0.000
g:05 ~0.002
0.00
-10 =5 0 5 10 —0.004 g
u =10 -5 0 5 10
(a) pN vsp (b) pN —p
Fig. 7.2: Comparison of the posterior for Example 6.6, with ¢ = 0, using random walk

Metropolis and equation (6.35) directly as in the MATLAB program p3c.m. We have used
T =10,Cy = 5,myg = 4 =,v = 1,7 = 1072, and true initial condition U(]; = 0.5; see also
p4c.m in Section 9.1.3. The MCMC algorithm is run for K = 10® steps.

posterior pdf by the RWM method, using the same parameters as in Figure 6.8a, namely 7' =
10,09 = 4,mg =4,y = 1,7 = 1072, and U(Jg = 0.5. In Figure 7.2, we compare the posterior pdf
calculated by the MCMC method (denoted by p?V, the histogram of the output of the Markov
chain) with the true posterior pdf p. The two distributions are almost indistinguishable when
plotted together in Figure 7.2a; in Figure 7.2b, we plot their differences, which, as we can see,
is small relative to the true value. We deduce that the numbers of samples used, K = 108,
results in this case in an accurate sampling of the posterior.

We now turn to the use of MCMC methods to sample the smoothing pdf P(v|z) in the case
of stochastic dynamics (6.4). We again study Example 6.6, now with ¢ = 0.08. We use both
the independence dynamics sampler and the pCN method. In particular, in Figure 7.3, we plot
the accept-reject ratio for the independence dynamics sampler, employing different values of
observational noise v and different observational times 7. We observe that the behavior of the
accept—reject ratio is similar to that in the discrete case: it decreases with decreasing v and
with larger values of the length of the time interval over which data is collected, here T' (and
J in discrete time). In addition, in Figure 7.4, we plot the output and the running average of
the output for u(7T'). The true value of w(7T") is —1.1905. The information content of the data
set it high, and the algorithm reconstructs a mean posterior value for the signal at the end
time ¢ = T that is fairly close to this true value. Figure 7.4a clearly exhibits the fact that
there are many rejections caused by the low acceptance probability. Figure 7.4b shows that
the running average has not yet converged after 10° steps, indicating that the chain needs to
be run for longer. If we run the Markov chain over K = 10° steps, then we get convergence,
as illustrated in Figure 7.5. In particular, in Figure 7.5a, we see that the running average has
converged to its limiting value when this many steps are used. Furthermore, in Figure 7.5b, we
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Fig. 7.3: Accept-reject probability of the independence dynamics sampler for Example 6.6 for
Co =1,mg = 0,e = 0.08,7 = 0.01, and Iy = 2 for different values of v and observational
time T

plot the marginal probability distributions for u(T"), calculated from this converged Markov
chain.
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Fig. 7.4: Output and running average of the independence dynamics sampler after K = 10°
steps, for Example 6.6 for Cy = 1,mg = 0, = 0.08,7 = 0.01, and Iy = 4% = 0.5%2 and T = 10.

In order to get faster convergence when we sample the posterior distribution, we turn to
application of the pCN method. Unlike the independence dynamics sampler, this contains a
tunable parameter that can vary the size of the proposals. In particular, the possibility of
making small moves, with resultant higher acceptance probability, makes this a more flexible
method than the independence dynamics sampler. In Figure 7.6, we show application of the
pCN sampler, again considering Example 6.6 for Cyp = 0,mg = 1, = 0.08,7 = 0.01, and
Iy = v? = 0.5%2 and T = 10, the same parameters used in Figure 7.4, while the value of j3
used is 0.05.
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Fig. 7.5: Running average and probability density of the first and last elements of the inde-
pendence dynamics sampler after K = 108 steps, for Example 6.6 for Cp = 0,mg = 1,¢ =
0.08,7 = 0.01, and Iy =~% =0.5%2 and T = 10.
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Fig. 7.6: Output and running average for the pCN sampler (8 = 0.05) after K = 10° steps,
for Example 6.6 for Cy = 0,mg = 1,e = 0.08,7 = 0.01, and Iy = 72 = 0.5% and T = 10.

7.5 Bibliographic Notes

e Section 7.1 is devoted to the Kalman-Bucy filter, which first appeared in the published
literature in the paper [80]. A characterization of the measure p from Theorem 7.1 in terms
of the solution of boundary value problems may be found in [64]. In particular, the paper
[64] shows an explicit calculation linking the calculation as a boundary value problem to
the formulas in [80]; this link corresponds to a continuous analogue of LU factorization.

e Section 7.2 concerns solution of the smoothing problem for continuous-time data assim-
ilation by means of MCMC methods. This subject is considered in some detail in the
article [63]. The reader is also pointed to the article [35] for an overview of MCMC meth-
ods for infinite-dimensional problems. In the case of deterministic dynamics, the approach
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we describe corresponds to adopting a Bayesian approach to parameter estimation in SDEs;
the subject of parameter estimation for SDEs is explored in the recent collection of arti-
cles [83].

e Section 7.3 concerns variational methods. In the case of stochastic dynamics, these are
optimization problems over infinite-dimensional spaces, and the full power of the calculus
of variations [40] and associated computational tools [112] is relevant to the development
of efficient algorithms. The computational tools from [112] are also, of course, relevant
in the case of deterministic dynamics, where the optimization is over a finite-dimensional
space. Derivation of the appropriate cost function that should be minimized in the infinite-
dimensional setting in order to define a MAP estimator is the subject of several papers by
Zeitouni and coworkers in the 1980s; see [150, 43] and the references therein. The argument
concerning the behavior of the objective functional in this case, for large T, underpins
the proofs of posterior consistency for maximum-likelihood-based parameter estimation in
SDEs [85]. For further discussion of posterior consistency, see [43].

7.6 Exercises

1. Find the exact solution of the equation

dv

22— (1 — 2
g = vd=v)

from Example 6.6 when ¢ = 0. Using this exact solution, modify the code used in p3c.m,
which uses a numerical approximation of the equation (6.22), to produce an improved
approximation of the posterior distribution shown in Figure 6.9a with T' = 10.

2. Use program p5c.m to study the acceptance probability of the independence dynamics
sampler, for fixed € > 0, as the noise level in the observation equation is increased. Report
your findings and offer an explanation.

3. Use program p6c.m to study the acceptance probability of the independence dynamics
sampler, for fixed € > 0, as the proposal variance § is varied in [0, 1]. Report your findings
and offer an explanation.

4. Define a pCN dynamics sampler for the posterior distribution of Theorem 6.13, analogously
to what is done in discrete time in Section 3.2.4. Specify the proposal and the form of the
acceptance probability.

5. Write a program to sample from the posterior distribution of Theorem 6.13, using the
pCN dynamics sampler from the previous exercise. Apply the method to the same example
considered in program p6c.m. Compare the output in the form of time traces, as well as
time-average traces, as in Figure 7.6.



Chapter 8

Continuous Time: Filtering Algorithms

In this chapter, we describe various algorithms for determination of the filtering distribution
ut in continuous time. We begin in Section 8.1 with the Kalman-Bucy filter, which provides
an exact algorithm for linear problems. Since the filtering distribution is Gaussian in this case,
the distribution is entirely characterized by the mean and covariance; the algorithm comprises
a system of differential equations for the mean and the covariance. In Section 8.2, we discuss
the approximate Gaussian methods introduced in Section 4.2 in the discrete-time setting.
Similarly to the case of the Kalman—Bucy filter, we again obtain a differential equation for the
mean; for the extended Kalman (ExKF) filter, we also obtain an equation for the covariance,
and for the ensemble Kalman filter (EnKF), we have a system of differential equations coupled
through their empirical mean and covariance. In Section 8.3, we discuss how the particle filter
methodology introduced in Section 4.3 extends to the continuous case, while in Section 8.4,
we study the long-time behavior of some of the filtering algorithms discussed in the previous
sections. Finally, in Section 8.5, we present some numerical illustrations and conclude with
bibliographic notes and exercises in Sections 8.6 and 8.7 respectively.

It is helpful to recall the form of the continuous-time data-assimilation problem. The signal
is governed by the SDE from (6.4):

dv dB,
@ =TV
U(O) ~ N(mOa CO)v

the data is generated by the SDE (6.5):

dz dB,

&~ _ .42z

I h(v) + V1o PTaE
z(0) = 0.

We let 2" denote {z(s)}sejo,y, the data accumulated up to time ¢, and we are interested in
the probability measure pu! governing v(t)|z%, and in particular, in updating this measure
sequentially in time. This is the filtering problem. In principle, the Kushner—Stratonovich
and Zakai equations provide the solution to the filtering problem, but in general, they do
not have closed-form solutions. Thus algorithms are required to approximate their solution.
The filtering algorithms that we describe in the remainder of the section attempt to do this.

Electronic supplementary material The online version of this chapter (doi: 10.1007/
978-3-319-20325-6_8) contains supplementary material, which is available to authorized users.
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We highlight here the fact that the Kushner—Stratonovich and Zakai equations are stochastic
PDEs in spatial dimension n, the size of the state space. Thus their solution poses formidable
challenges for high-dimensional problems.

8.1 Linear Gaussian Problems: The Kalman—-Bucy Filter

Although the Kushner—Stratonovich and Zakai equations do not, in general, have closed-
form solutions, they do have such solutions for linear models; this is entirely analogous to
the discrete-time setting and stems from the fact that the desired filtering distribution is
Gaussian. The resulting algorithm for the mean and covariance is the Kalman—Bucy filter,
which we now describe.

Consider equations (6.4) and (6.5), where f(v) = Lv, h(v) = Hv, for L € R™*" H € R™*"
of full rank m. Then (6.4) and (6.5) become

B,
% ~ Lo+ /58 22 0(0) ~ N(mo, Co). (8.3a)
dz dB,,
E—HU“F VFOW’ Z(O)—O (83b)

Theorem 8.1. The filtering distribution pt for v(t)|zt governed by (8.3) is Gaussian with
mean m and covariance C' solving the Kalman—Bucy filter

dm 7o [ d2 B
ﬁfLanC’H Iy <dt Hm), m(0) = my,
ac T T -1

Sketch Proof We give references to the rigorous derivation of Kalman—Bucy filtering in
the bibliographic notes at the end of the chapter. Here we derive the filter by a formal
discretization argument, with no proof, since this provides a useful way to understand the
structure of the filter. In particular, we consider the discrete-time Kalman filter of Section 4.1,
and the prediction and analysis steps given by (4.4), (4.5) and (4.7), (4.8) respectively, with
M = I+ 7L and the other scalings detailed in (6.1). The prediction steps (4.4) and (4.5) give,
to leading order in 7,

Mjp1 = mj +7Lm;, (8.4)
6j+1 = (I + TL)C](I + TL)T + ’7'20
= C; +7(LC; + C; LT + 2p) + O(7?). (8.5)

Now using the analysis step from Corollary 4.2, again to leading order and substituting (8.4)
and (8.5), we obtain

djr1 = (Yj+1 — Hmy) + O(7),
1
Sjp1 = ;F(fl +0(1),

Kj+1 = TCjHTFJI + O(TZ),
ij = m]— + TLmj + TCjHT.Z—’Oil(ijrl — Hmj),
Cjy1 = C; +7(LC; + C;LT + %) — 7C; HT' Ty ' HC; + O(72).
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Recalling that yj11 = 77 (241 — z;) and passing to the limit gives

dt dt
dc

dt

e+ CHTT, (dz Hm> :
=LC+CL" + %, - CH'I;'HC,

which concludes the proof sketch. (I

8.2 Approximate Gaussian Filters

Here we discuss the family of approximate Gaussian filtersintroduced in Section 4.2, general-
izing to continuous time. Our aim is to ascertain the form of continuous-time limits under the
scalings detailed in (6.1). Our aim is not to prove theorems about the limiting process, but
rather to give an understanding of what the natural continuous-time limiting processes are.
We thus use the environment “result” rather than “theorem” to highlight the fact that the
forms of the continuous-time limits are derived only formally and not, currently, rigorously
proved in the published literature; however, it would not be difficult to make rigorous proofs
based on these results.

The starting point of our investigations is equation (4.13), which is based on the assumption
that P(u;41]Y;) = N(¥(m;), @-H). In addition to the expression for the update of m; (4.13a)
using Bayes’s, rule one sees that the new covariance C; satisfies

~

Civ1= - Kj}1H)Cjpq. (8.6)

We will now proceed in a similar fashion as in the case of the Kalman—Bucy filter: we derive
a differential equation for the time evolution of the mean and covariance of the different
approximate Gaussian filters studied in Section 4.2. The resulting Gaussian measures should
be viewed as attempts to approximate the true filtering distribution put.

8.2.1. 3DVAR

Result 8.2. Consider the filtering distribution for the 3DVAR algorithm (4.14) arising in
the case of deterministic dynamics (X = 0) and linear observations(h(v) = Hv). Under the
scalings detailed in (6.1), and in the continuous-time limit (T — 0), the corresponding limiting
filtering distribution is Gaussian with mean m and covariance C satisfying

dm _1(dz
E:f(m)—I—CHTFO ! <dt—Hm>7 m(0) = mo, (8.7a)
% =0, Cc)=C. (8.7b)

Derivation We begin our derivation by observing that (4.13) implies that

mj41 = \I/(mj) + aj+1HT(F + H6j+1HT)71(yj+1 - H\I/(mj))
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We now apply the scalings appropriate for a continuous-time limit and in particular set
U(m) =m+7f(m) + O(1?).

In addition, for the case of 3DVAR, we have éj_H = C for all J, which implies that

~ ~

Cj+1 - Cj =0.

Finally, using the scalings from equation (6.1) and recalling that yj11 = 77 (2j41 — 2;), we
have that

L =M fmy) + Ci  HT (Ty + 7HC, o HT) ™ ('M - Hmj> +O(7),

T T
Cit1 =G _
SIHLT R ),

.

By taking the limit 7 — 0, we obtain

dm 71 (42 _
dC ~
— =0, C0)=C
dt ) ( ) ’
where we have identified Cy with C. This completes our derivation. O

8.2.2. Extended Kalman Filter

The 3DVAR algorithm imposes a fixed covariance on the model in the prediction step of the
algorithm, implying also a fixed covariance in the analysis step. The extended Kalman filter
attempts to improve on this by propagating the covariance in the prediction step according
to the linearized dynamics. In the continuous-time limit, we obtain the following.

Result 8.3. Consider the filtering distribution for the extended Kalman Filter from Sec-
tion 4.2.2 in the case of stochastic dynamics and linear observations (h(v) = Hwv). Under
the scalings detailed in (6.1) and in the continuous-time limit (T — 0), the corresponding
limiting filtering distribution is Gaussian with mean m and covariance C' satisfying

dm _ o1 (42 _
e = f(m)+CH" I (dt Hm), m(0) = my,
% = Df(m)C +C(Df(m)" + Xy - CH I, HC, ©(0) = C.

Derivation From the formulas given in Section 4.2.2, we have

Cip1 = DU(m;)C; D (my)" + X,
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and using (4.13) and (8.6),

mijy1 = \I/(m]) + C\jJrlHT(F + H6j+1HT)71(yj+1 — H\Il(m])),

Cji1 = DU(my)(I — K;H)C; DU (m;)T + X.

To deduce the continuous-time limit, we set ¥(m) = m + 7f(m) + O(7?) and impose (6.1).
This yields
DW(m;) = I +7Df(m;)+ O(r?),
(I-K;jH)=1I1—7C;H"(Iy+7HC;H")"'H + O(7?).
Combining the two previous sets of equations and recalling that y,11 = T_1(2n+]_ — zp), We

obtain

BT = f(my) + G HT (L + 7HC 4 HT) ™! (Zj+1 — Hmj) +0(7),

T T
M = Df(mj)aj + aij(mj)T - 6jHT(R] + THajHT)_lHaj + E() + O(’T)

By taking the limit 7 — 0, we obtain

dm 71 [ A2 _
E—f(m)—i—CH Iy (dt Hm)7 m(0) = mo,
dc T T -1
Esz(m)C’—kC(Df(m)) +Xy—-CH'I; "HC, C(0)=Cy,
as required. (I

8.2.3. Ensemble Kalman Filter

As already discussed in Chapter 4, the ensemble Kalman filter differs from the extended
Kalman filter and 3DVAR in that instead of using an appropriate minimization procedure to
update a single estimate of the mean, a minimization principle is used to generate an ensemble
of particles all of which satisfy the model/data compromise inherent in the minimization;
these are coupled through the empirical covariance used to weight the minimization. Thus in
studying the EnKF in continuous time, it is natural to derive an SDE for each of the particles,
instead of deriving a single equation for the mean and the covariance as in Results 8.2 and 8.3.
In deriving the continuous-time limit for each of the particles, it will be useful to rewrite the
ensemble Kalman filter from Section 4.2.3 using the family of minimization principles lgiter nn
given by (4.15), with n = 1,..., N indexing the particles. Using such an interpretation leads
to the following equation:
O+ Cop H'T HYo\W, = CLal, + HT 1y,

with éj_H the predictive covariance found from the properties of the predictive ensemble; in
this derivation we simply assume that @-H is invertible and return to address this issue after
the derivation. Applying @H allows us to rewrite the analysis step of the ensemble Kalman
Filter in the following form:
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(I +Cy HTT )\, = 8\ + Gy HT Ty (8.8a)

y;+)l = Yj+1 + 7]](’4»)17 n= 17 e 7N7 (88b)

where 5;1)1, M1, and 6j+1 are given by the prediction step detailed in Section 4.2.3. We
now have the following result:

Result 8.4. Consider the ensemble Kalman Filter from Section 4.2.3 in the case of stochastic
dynamics and linear observations (h(v) = Hv). Under the scalings detailed in (6.1) and in the
continuous-time limit (1 — 0), the particles evolve according to the following set of coupled
SDEs, form=1,--- /N:

do™ dz(™)
o = F™) + CHTITH (= = Ho ™) + 53/%4B,, (8.9a)
dz(™) 12(dW™ dB
= Ho+T, (7 ) 8.9b
dt vl T dt (8.9b)
where W) ... W) B, B, are mutually independent standard Wiener processes. The

mean m(v) and covariance C(v) are defined empirically from the particles v = {v™}N_,
as follows:

N
1
m(v) = i Z o™, (8.10a)
n=1
N
1
. (n) _ ™) _ )T
— ;(v m)(v m)T. (8.10Db)

Derivation We begin our derivation by noting the formulation of the analysis step given
in (8.8) and employing the definition of the particle prediction step to give

oW ol =50 ol — G BT Y, + Gy HTT Yy,

= w(\V) — o\ — Cr HT I HO, + Cpp HT I Yy, 4 ¢,

Now using the scalings from equation (6.1), we have that

V(o) =v+7f(v) +O(?), &Y =yrr/2e”,
and thus we obtain

vy = vy = 7(f(0") = Cia HT Iy ") + 7Con HT TG 'y + VS PE + 0(7),

where é} is N(0, ) distributed. Now using the rescaling y( +)1 =71z

i zj(»")), we have
the coupled difference equations

o$t =0l = 7(f ) = Ci BT Ty  HOSY) + Gy HT TG M (2577 — 237) + V752 El
(8.11)
Zi41 —2; 0 = THU 41+ VTl (77]+1 + Mj+1)s (8.12)
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where f 1o 17](1)1, and Ej+1 are independent N (0, I)-distributed random variables. In addition,

we have
N
i = 5 2 vyt +O(),
n=1

so in the limit of 7 — 0, we have that (ﬁzj+1,éj+1) — (m,C) given by equation (8.10).
Furthermore, we see that the coupled difference equations given by (8.11) form a mixed
implicit—explicit Euler-Maruyama-type scheme for the system of SDEs (8.9), and thus in the
limit of 7 — 0, we obtain the desired equations. R (I

Recall that in the preceding derivation, we made the assumption that Cj; is invertible.
However, this might not be the case; indeed, it cannot be the case if the dimension of the state
space exceeds the number of particles. However, one can still obtain the key equations (8.8)
in this case, by applying the following lemma to the analysis formula in Section 4.2.3.

Lemma 8.5. Assume that I' is invertible. Then
(I =K H) ™' = (I+Cj 1 H' T H)

and
(I-Kj H) 'K =CjH' T

Proof We begin the proof by noting that using the Woodbury matrix identity from
Lemma 4.4, we have, for
Sjp1 = (I +HC;, HT),
that
Sh=r"' I 'H(C L+ HT T H) T H Y,
where we note that S, is invertible because I" is. Assume that CJH is invertible; we will

relax this assumption below. Thus Z :=1 — K;  H =1 — 6j+1H S]_HH can be written as

wHT'I'H - C;  H T 1H(CJ+1 +H'T'H)'H'r'H
JHB C’jHB(C’jJrl +B)™'B

~CjB(I - (Ci + B)™'B)

—CinB(Ci + B O,

where B = H'I'"'H. Manipulating this expression further, we see that
Z(I+C;41B) =1.

This identity may be derived even if Cj1; is not invertible simply by adding e/ to C;41 in
the preceding derivation and then letting € — 0. The preceding identity implies that

(I - KjH) V=1 +Cj1B) = (I +Cj HTT7H),

which concludes the proof for our first equation. Now using this equation, it is easy to see
that R
Kjpn=H'—(I+CjpH'T'H)"'H™!
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and thus
(I-KjH)K;j1=(I+CpH T 'H)H ' —H ' = C; H' T,

which concludes the proof for our second equation. O

8.3 The Particle Filter

The particle filter in continuous time faces many of the same issues arising in discrete time,
as outlined in Section 4.3. In the basic version of the method, analogous to the bootstrap
filter of Section 4.3.2, the particles evolve in continuous time according to the SDE (6.4). The
particles are weighted according to (6.31), which reflects the change of measure required to
take the solution of the SDE into the solution of the SDE conditioned on the observations
given by (6.5). As in discrete time, it is helpful to resample from the resulting distribution in
order to obtain an approximation with significant weight near the data. References to detailed
literature on the subject are given in Section 8.6.

8.4 Large-Time Behavior of Filters

Here we provide some simple examples that illustrate issues relating to the large-time behavior
of filters. The discussion from the preamble of Section 4.4 also applies here in continuous
time. In particular, the approximate Gaussian filters do not perform well as measured by
the Bayesian quality assessment test of Section 2.7 but may perform well as measured by
the signal estimation quality assessment test. Also, similarly to the situation in discrete time,
the Kalman—Bucy filter for linear problems and the particle filter give accurate approximations
of the true posterior distribution, in the latter case in the large-particle limit. The purpose of
this section is to illustrate these issues.

8.4.1. The Kalman-Bucy Filter in One Dimension

We consider the case of one-dimensional deterministic linear dynamics (8.3) with Xy = 0 and
fv)=tv, h(v) =v,

while we will also assume that
Iy =7%Co = co.

Thus the filter aims to reconstruct signal v(t) solving the equation
dv
vy
at "

from knowledge of {z(s)}o<s<t, Where
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Even though the variance of B, (t) grows linearly with ¢, we will show that the variance of
the Kalman-Bucy filter is asymptotically zero, for £ < 0, or of order O(4?) otherwise.
With these definitions, the Kalman—Bucy filter of Theorem 8.1 becomes

dt dt

dc _
i 20c — 722, ¢(0) = cp.

dm _ m + "% (dz —m) , m(0) =my,

Here m denotes the mean of the filter, and ¢, the variance.

We notice that the equation for the variance evolves independently of that for the mean,
and independently of the data. Furthermore, if we define the precision p to be the inverse of
¢, then straightforward calculation reveals that p solves the linear equation

dp
— =2 -2,
gt D+

For ¢ # 0, this has exact solution

1 1
t) = exp(—20t)— (1 — exp(—20t )—,
p(t) = exp(=201) = + p(—2¢t) 3077
while for £ = 0, we see that
1 t
p(t) = —+ —.
®) co 2

Thus for ¢ < 0, we have p(t) — oo as t — oo. and the asymptotic variance is zero, while
for £ > 0, the asymptotic variance is 2/+2. In particular, if the observational variance 72 is
small, then the asymptotic variance of the Kalman filter is O(v?), even when ¢ > 0, so that
the dynamics is unstable. The key point to observe, then, is that asymptotic uncertainty is
small, independently of whether the underlying deterministic dynamics is stable. In words,
observation can stabilize uncertainty growth in unstable systems. We study the behavior of
the error in the mean in the exercises at the end of this chapter.

8.4.2. The 3DVAR Filter

Recall the 3DVAR continuous filtering algorithm (8.7). We will study the behavior of this
algorithm with data z := {27(t)}1c[0,00) constructed as follows. We let {v'(t)}1c[0,00) denote
the exact solution of the equations (6.4) in the case Xy =0 :

dot
G = 10D, o) = (8.13)
dt

We assume that the data 2T is a single realization of the SDE (6.4) with v = v' and in the
case h(-) = H-:

dzt dB.
gt VT

B
T =
o o= 2o =o. (8.14)
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In order to study the continuous-time 3DVAR filter, we eliminate z = 2T in equation (8.7)
using (8.14) to obtain

dB,
dt -

dm

= =)+ CHTIy'H(w' —m) + CHTT, 2

(8.15)

In the following theorem, expectation is with respect to the Brownian motion B, entering the
data equation (8.14).

Theorem 8.6. Let m solve equation (8.15), let vt solve equation (8.13), assume that f is
globally Lipschitz with constant L and that there exist A > 0 and € > 0 such that

(CHT I Ha,a) > (L + %A)W, Va € R,
Te(I * HC*HTT, ?) < é2.
Then the error in the 3DVAR filter satisfies
Elm(t) — v(t)]> < e *|m(0) — v(0)]* + %(1 —e M), (8.16)
Thus
. (8.17)

>| M

limsup,_, . E|m(t) — v(t)]* <
Proof Define § = m — v’ and subtract equation (8.13) from equation(8.15) and apply the It6
formula to |6/ to obtain
SO +(CHT Iy HO,8)dt < (f(m) — £u1),0) + (5,CHT Iy *dB.) + LT (rg%HCQHTpg%) dt.

(8.18)
Using the Lipschitz property of f and the definition of A and €, and taking expectations, gives

dE|5|°
oF —\E[6]% + €2 (8.19)
dt
Use of the Gronwall inequality gives the desired result. O

It is interesting to consider the asymptotic behavior of this 3DVAR filter in the linear
Gaussian case from the preceding subsection. We thus assume that

f(v)=4tv, h(v) =0,

and that
Iy=7*C=n"L

We assume that v2 < 1 and that ¢ > 0. Our scaling of C' proportional to 72 is motivated
by the fact that the Kalman—Bucy filter has asymptotic variance on this scale. Theorem 8.6
applies, provided 7 is chosen to satisfy

1
n< (f + 5)‘)_17
and then (8.17) shows that the mean-square error in the filter is bounded by n~2A~1~42. Thus

the asymptotic error of the 3DVAR filter scales in the same way as the error Kalman filter
(which we study in the exercises) if the covariance C' is tuned appropriately.
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8.5 Illustrations

In this section, the output of the various filtering algorithms will be presented. The text is
minimal, since the filters and their respective behaviors relative to one another are analogous
to their discrete-time counterparts as detailed in Chapter 4.

Figure 8.1 shows application of the Kalman Bucy filter to equation (6.21), in dimension

n = 2, with
-1 1
A_(_l _1>.

The observation operator is H = (1,0)7, so that the second component is unobserved.
Figure 8.1a shows that the unobserved component is accurately recovered in the long-time
limit, despite the fact that the filter is initialized far from the truth. Figures 8.1b and 8.1c
show the asymptotic behavior of the covariance and the square of the Euclidean error between
the mean and the true signal underlying the data; both are shown pathwise and in running
average form.

25 Kalman-Bucy Filter 50 [Kalman-Bucy Filter Covariance
e g — Tr(C(t)

20 . — My 1 40
15 " ==+ ‘myE (:gl_:;2

; 30
10

20
of 10 L
=5 0 :
0 i | 2 3 4 5 0 20 40 60 80 100
t t
(a) Solution. (b) Covariance.

50 Kalman-Bucy Filter Error
— (t)-m())?

40 | o .
— L |u(t)—mi(t)|"dt

f) (H)-m()]
30

20

10

O [, fit 2P W R
0 2000 4000 6000 8000 10000
t

(¢) Error.

Fig. 8.1: Kalman—Bucy filter for Example 6.4 with A given by (8.20) with v = o = 1, as given
in Section 8.20.
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The next figures all concern the application of approximate Gaussian filters, together with
the particle filter, to Example 6.6. Figures 8.2 and 8.3 concern application of the 3DVAR
filter for (y,0,n) = (0.3,0.3,0.1) and (0.1,0.3,0.1) respectively, where v? and o2 are the
variance of the observations and the model dynamics respectively, and C' = =142 is the fixed
variance defining the filter. Notice the decrease the error from Figure 8.2 to 8.3 resulting from
the decrease in 7. This is consistent with Theorem 8.6. Similar behavior is observed for the
other filters, as shown in Figures 8.4-8.8, where the extended Kalman filter, two forms of
the ensemble Kalman filter, and two forms of the particle filter are displayed. The extended
Kalman filter has, arguably, the best performance; but it is a method that does not scale well
to high-dimensional problems.

Remark 8.7. It is important to remark that stability can be a significant issue, especially for
filters in continuous time when complex nonlinear models are considered. As examples of this,
consider the continuous-time extended Kalman filter applied to the chaotic dynamical systems
Lorenz 63 (6.23) and Lorenz '96 (6.24), as presented in Section 6.2. In both cases, whether
instability is observed depends on the observation operator, for example. Figures 8.9 and 8.10
show the second component (left) and mean-square error (right) of the Lorenz 63 model (6.23)
with 0 = 2 and v = 0.2. In both cases, we make a scalar linear observation h(v) = Hv. The
difference is that in Figure 8.9, the observation operator is given by H = (1,0,0), while in
Figure 8.10, the observation operator is given by H = (0,0,1). Figures 8.11 and 8.12 show
the second component (left) and mean-square error (right) of the Lorenz 96 model (6.24)
with 0 = 1 and v = 0.1. The difference is that in Figure 8.11, we observe two out of every
three degrees of freedom, again linearly, while in Figure 8.12, we observe one out of every
three degrees of freedom, also linearly. Note that for both Lorenz models, for observations that
are insufficient to keep the filter close to the truth, large excursions in the error can occur.
These large excursions can easily induce numerical instabilities and destabilize the algorithms
unless care is taken in the choice of integrator and time step. [

8.6 Bibliographic Notes

e In Section 8.1, we consider the continuous-time limit of the Kalman filter. This is the
celebrated Kalman—Bucy filter, which was published in [80], the year after Kalman’s orig-
inal paper in the discrete-time setting [79], as described in Section 4.1. The Kalman—-Bucy
smoother concerns the related continuous-time smoothing problem; it may be solved by
a continuous-time analogue of LU factorization, in which the first triangular sweep corre-
sponds to application of the Kalman—Bucy filter—see [64] and the discussion at the end of
the previous chapter. Theorem 8.1 can also be derived from the Kushner—Stratonovich or
Zakai equation equation of Theorem 6.16 by computing moments.

e Section 8.2 concerns approximate Gaussian filters and, more specifically, filters that are
derived as continuous-time limits of the discrete-time approximate Gaussian filters of Sec-
tion 4.2. The idea of deriving continuous-time limits of the 3DVAR, extended, and ensemble
Kalman filters was developed systemically in the papers [21, 82]. Furthermore, those pa-
pers, along with the paper [88], contain analyses of the large-time stability and accuracy
of the filters, with results similar in spirit to Theorem 4.10.

e Section 8.3 concerns the continuous-time particle filter. This methodology for solving
continuous-time filtering problems arising in SDEs can be viewed as constituting a particle
method for solution of the underlying stochastic PDE (Zakai or Kushner—Stratonovich)
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3DVAR Filter 3DVAR Filter Covariance

— Tr(C(t))
— }f’rr{cr{e})d:
0.0 0.5 1.0 1.5 2.0 0 20 40 60 80 100
t t
(a) Solution. (b) Covariance.

3DVAR Filter Error

— u(t)—m(t)*

d
— M ) —m(t) adt
vl [t} —m(

o

10

A O

0 20 40 60 80 100
t

(¢) Error.

Fig. 8.2: Continuous 3DVAR filter for double-well Example 6.5 with v = ¢ = 0.3, as given in
Section 9.3.2.

introduced in Section 6.4 and governing the probability density of v|z!. The method is
analyzed in detail in [9] and in [45]; these two books also provide copious references to the
literature on this subject.

e Section 8.4 concerns stability of filters. In Section 8.4.1, we study the one-dimensional
Kalman filter, while Section 8.4.2 concerns the 3DVAR filter. The example and theorem,
respectively, covered in these two subsections are entirely analogous to those in discrete
time in Section 4.4.

The example from Section 8.4.1 concerning the Kalman—Bucy filter is very specific to one-
dimensional deterministic dynamics. However, the general setting is thoroughly studied, as
in discrete time, and the reader is directed to the book [86], concerning Riccati equations,
for details. Theorem 8.6 is a simplified version of a result first proved in the context
of the Navier-Stokes equation in [21], and then for the Lorenz ’63 model in [88]. The
first stability analysis in continuous time concerned noise-free data and a synchronization
filter in which the observed variables are simply inserted into the governing equations
for the unobserved variables, giving rise to a nonautonomous dynamical system for the
unobserved variables [116]; this analysis forms the backbone of the analyses of the 3DVAR
filter for the Navier-Stokes and Lorenz 63 models. The analysis was recently extended
to the Lorenz '96 model in [87]. The synchronization filter is discussed in discrete time in
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Fig. 8.3: Continuous 3DVAR filter for double well Example 6.5 with v = 0.1, = 0.3, as given

in Section 9.3.2.

Section 4.4.3. The continuous-time 3DVAR filter acts as a control system, forcing the filter
toward the data. In the paper [21], the data for the Navier—Stokes equation comprised low-
frequency Fourier information, and this control perspective was generalized in [8] to cover
the technically demanding case of data based on pointwise observations. The large-time

behavior of the EnKF is studied, in both discrete

and continuous time, in [82]. Finally, we

note that as discussed in Section 4.6 in the discrete-time setting, the 3DVAR filter may be
used to bound the error in the mean of the Kalman filter for linear problems, because of the
optimality of the Kalman filter; this latter optimality property follows, as in discrete time,
from a Galerkin orthogonality interpretation of the error resulting from taking conditional
expectation. The paper [126] implements this idea in the discrete setting.

Section 8.5 concerns various numerical illustrations. Remark 8.7 highlights the fact that

implementing filters in a stable fashion, especially for complex models, can be nontrivial,
and the reader is cautioned that blind transfer of the programs in the next chapter to other
models may well lead to numerical instabilities. These can be caused by an interaction of
the numerical integration method with noisy data. See [59] for a discussion of this.
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Fig. 8.4: Extended Kalman filter for double-well Example 6.5 with v = 0.1,0 = 0.3, as given

in Section 9.3.3.

8.7 Exercises

1. Consider the linear example of Section 8.4.1. Implement the Kalman—Bucy filter for this
problem by modifying program p8c.m. Verify that the code reproduces the large-time
asymptotic behavior of the variance as proved in Section 8.4.1. Carefully distinguish be-
tween £ < 0,¢ =0, and £ > 0. Now extend your code to include the case Xy = ¢ > 0 and
study the large-time behavior of the covariance. What can you prove about the large-time

behavior of the covarian

ce in this case?

2. In this exercise, we study the properties of the mean for the one-dimensional linear dynam-
ics example considered in Section 8.4.1, in the large-time asymptotic. More specifically, we
study the error between the filter and the truth vf. Assume that the truth satisfies the

equation

while the data z is given by
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Fig. 8.5: Ensemble Kalman filter for double-well Example 6.5 with v = 0.1, 0 = 0.3, as given
in Section 9.3.4.

and B is a realization of the standard unit Brownian motion. Define e = m — v! and show
that

de _, dB
E‘*’f@—V o

where f = F’ and
F'(t) =~ 2c(t) — ¢, F(0)=0.

Apply the It6 formula of Lemma 6.3 to a judiciously chosen function to show that
e(t) = exp(—F(t))e(0) + SI(t), (8.20)

where

SI(t) = /0 v~ texp(F(s) — F(t))c(s)dB(s).
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Fig. 8.6: Ensemble transform Kalman filter for double-well Example 6.5 with v = 0.1,0 = 0.3,

as given in Section 9.3.5.

Use the It6 isometry of Lemma 6.1(iii) to show that

E|SI(t)[? :/O v~ exp(2F (s) — 2F (t))c*(s)ds. (8.21)

Using the properties of the variance established in Section 8.4.1, show that the asymptotic
error in the filter mean is bounded by O(+?).

Extend the 3DVAR code of program p1l0c.m so that it may be applied to the Lorenz ’63

example of Example 6.7. Consider both the fully observed case, in which H = I, and the
partially observed case, with H = (1,0,0,)%. Compare the output of the filter with the
truth underlying the data, using different observational noise levels.

Extend the ExKF code of program pllc.m so that it may be applied to the Lorenz ’63

example of Example 6.7. Consider the fully observed case, in which H = I. Compare the
output of the filter with the truth underlying the data using different observational noise

levels.
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Fig. 8.7: Continuous particle filter (standard) for double-well Example 6.5 with v = 0.1,
o = 0.3, as given in Section 9.3.6.

5. Extend the EnKF code of program pl2c.m so that it may be applied to the Lorenz '96
example of Example 6.8. Consider the case in which two out of every three points are
observed. Compare the output of the filter with the truth underlying the data, using
different observational noise levels.
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Fig. 8.8: Continuous particle filter (optimal) for double-well Example 6.5 with v = 0.1,0 = 0.3,
as given in Section 9.3.7.
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Fig. 8.9: Extended Kalman filter for Lorenz 63 Example 6.7 with observation operator
H = (1,0,0).
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Fig. 8.10: Extended Kalman filter for Lorenz ’63 example 6.7 with observation orator
H = (0,0,1).
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Fig. 8.11: Extended Kalman filter for Lorenz 96 example 6.8 with 2/3 of components observed.
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Fig. 8.12: Extended Kalman filter for Lorenz 96 example 6.8 with 1/3 of components observed.



Chapter 9

Continuous Time: MATLAB Programs

This chapter is dedicated to illustrating the examples, theory, and algorithms presented in the
preceding three chapters through a few short and easy-to-follow MATLAB programs. We have
followed the same principles as in Chapter 9, and again the code may be readily extended to
solve problems more complex than those described in Examples 6.4-6.8, which will be used
for most of our illustrations.

9.1 Chapter 6 Programs

The programs plc.m, p2c.m, and p3c.m used to generate the figures in Chapter 6 are
presented in this section. These algorithms simply solve the dynamical system (6.4) and
process the resulting data.

9.1.1. plem

The first program, plc.m, illustrates how to obtain sample paths from equation (6.4). In
particular, the program simulates sample paths of the equation

%:v—v?’—i— 20%7 (9.1)
corresponding to Example 6.6, using the Euler-Maruyama discretization. In line 4, the vari-
ables tau and T correspond to the time step and the final time of integration respectively.
Furthermore, a vector t is also created in this line that stores the time points in which the
solution of the SDE is approximated. The parameter Sigma is set in line 5, while in line 6, a
vector x of length N (the length of the vector ) is created in which the approximation of the
SDE will be stored. The seed for the random number generator is set to sd € N in line 7, while
in line 8, we precalculate the Brownian increments dW used in the Euler—-Maruyama scheme.
This scheme is implemented in lines 11-13, and so the vector x now stores the approximation
of v(t) at the points given by t. Lines 15-22, are used to produce Figure 6.3. Figures 6.1
and 6.2, from Examples 6.4 and 6.5, were obtained by simply modifying lines 11-13 to order
to create sample paths corresponding to a different function f(v) in (6.4), where we note that
Example 6.4 decouples into two scalar problems.

© Springer International Publishing Switzerland 2015 207
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clear; set(0,’defaultaxesfontsize’,20); format long
$%% plc.m behaviour of the double well potential with noise

tau=0.01; T=5e4; t=[0:tau:T];% set up integration constants

x0=3; eps=0.08; Sigma=sgrt(2+eps) ;% set the SDE coefficients
N=length(t); x=zeros(l,N); x(1)=x0; % set initial conditions
sd=0;rng(sd) ;% choose random number seed

dW=sqgrt (tau) *randn (N-1,1) ;% precalculate the Brownian increments used

© 00O Utk W=

10 % Euler implementation of the OU

11 for i=1:N-1

12 X (1+1)=x(1i)+tau*x(i)*(1-x(1)"2)+Sigma*dwWw (i) ;
13 end

15 dx=0.01;z=[-5:dx:5]; V=hist(x,2z);
16 p=exp(-0.25%eps”-1x(1l-z."2)."2); pl=p/trapz(z,p);

18 figure(l), plot(t,x,’'k’,’LineWidth’,2)
19 axis ([0 1000 -3 3])

20 figure(2), plot(z,V./(dxxsum(V)),’'r’,z,pl,’'k’, LineWidth’,2)
21 axis([-2 2 0 1.5])

22 legend ’'empirical measure’ ‘invariant measure’

9.1.2. p2c.m

The second program, p2c.m, is designed to visualize the posterior distribution in the case
of linear one-dimensional continuous deterministic dynamics. For clarity, the program is sep-
arated into three main sections. The setup section in lines 3-8 defines the parameters of
the problem. The model parameter A is defined in line 7; it determines the dynamics of the
forward model, in this case given by

du
pri Au. (9.2)
We observe that the linearity allows the exact solution u(t) = uge** to be used in the code.
The parameters m0 and CO define the mean and the covariance of the prior distribution
ug ~ N(mg, Cp), while gamma is the diffusion coeflicient for the driving Brownian motion.
The truth section in lines 10-19 generates the truth reference trajectory (or truth) vt in
line 16 using (9.2), as well as the observation z found using an Euler-Maryuama discretization
of the SDE
dz d
% ) +1 Z‘f. (9.3)
The solution section after line 21 computes the solution, in this case the pointwise
representation of the posterior smoothing distribution on the scalar initial condition. The
pointwise values of the initial condition are given by the vector v0 (ug) defined in line 21.
The corresponding vector of values of Xi3 (Z3), Jdet (Jget), and Idet (lge) is computed
in lines 24, 25, and 27 for each value of v0, as related by the equation

laet (V03 2) = Jaet (vo) + Z3(vo, 2). (9.4)

In particular, here we have made explicit use of the fact that W(vg;t) = voe in calculating

the first term in the expression for Z3. The functional I4e(vo; 2) is the negative log-posterior
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as given in Theorem 6.15. Having obtained It (vo; 2), we calculate P(vg|z) in lines 30-32
using the formula

exp(—1, ;
P(U0|Z) — Xp( det(UO Z)) )
J exp(Laet (vo; 2))
The rest of the program deals with plotting our results, and in this instance, it coincides with

the curve shown for T = 10? in Figure 6.7a. Simple modifications of this program were used
to produce the rest of Figure 6.7.

clear;set (0, 'defaultaxesfontsize’,20) ;format long
% p2c.m - smoothing problem for continuous time OU process

C0=5;m0=4;% variance and mean of the prior
(sd) ;% choose random number seed
0.01; t=[0:tau:T]; N=length(t);% time discretization
lambda=-0.5;% dynamics determined by lambda
gamma=1;% observational noise variance is gamma”2

00N DUk WN
0]
Q
Il
et
o
ja]
® Q

10 %% truth

11 vt=zeros(N,1l); z=zeros(N,1l);% preallocate space to save time

12 vt(1)=0.5; z(1)=0;% truth initial condition

13 dw=sgrt (tau) *randn(N-1,1) ;% precalculating the Brownian increments used
14 for i=1:N-1

15 % can be replaced Psi for each problem

16 vt (i+1) =exp (lambda*tau) *vt (1) ;% create truth

17 z(i+1)=2z (1) +tau*vt (1) +gamma+dW (i) ;% create data
18 end

19

20 %% solution
21 v0=[-10:0.01:10] ;% construct vector of different initial data
22 Xi3=zeros(length(v0),1); Idet=Xi3; Jdet=Xi3;% preallocate space to save

23 time

24 for j=1l:length(vO0)

25 Jdet (j)=1/2/C0x (v0 (j)-m0) "2;% background penalization

26 Xi3(j)=1/2%v0(j) "2+gamma”-2* (exp (2xlambda*T) -1) / (2x1lambda) -
27 sum(vO0 (j) xexp (lambdaxt (1:end-1)) .*diff (z)’) /gamma”2;

28 Idet (j)=Xi3(j)+Jdet (J);

29 end

30

31 constant=trapz(v0,exp(-Idet)) ;% approximate normalizing constant

32 P=exp(-Idet)/constant;% normalize posterior distribution
33 prior=normpdf (v0,m0,C0); % calculate prior distribution

34
35 figure(l),plot (v0,prior,'k’, 'LineWidth’,2)
36 hold on, plot(v0,P,’'r--',’LineWidth’,2), xlabel ‘v 0’,

37 legend ’‘prior’ T=10"2

9.1.3. p3c.m

The third program, p3c.m, is used to visualize the posterior in the case of the double-well
potential model (9.1) in the case of no noise Xy = 0. The main difference from p2.m is that
in this case, an explicit solution is not used (although it can be computed exactly; see the
exercises from Chapter 7), and we approximate ¥ (vg;t) using an Euler approximation in line
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18. This fact is also taken into account when =3 (Xi3) is calculated in line 31. The program
ends by plotting our results, and in this instance, it coincides with the line for T = 10 in
Figure 6.9a. Simple modifications of this program were applied to the remainder of Figure 6.9,
as well as Figure 6.8.

1 clear;set(0,’'defaultaxesfontsize’,20);format long

2 %%% p3c.m - smoothing problem for continuous time double-well
3 %% setup

4

5 (C0=5;% variance of the prior

6 m0=-4;% mean of the prior

7 sd=1;rng(sd) ;% choose random number seed

8 T=10; tau=0.01; t=[0:tau:T]; N=length(t);% time discretization
9 gamma=1;% observational noise variance is gamma”2

10

11 %% truth

12

13 vt=zeros(N,1l); z=zeros(N,1l);% preallocate space to save time

14 vt(1)=0.5; z(1)=0;% truth initial condition
15 dw=sqgrt (tau) *randn(N-1,1) ;% precalculate the Brownian increments used
16 for i=1:N-1

17 % can be replaced Psi for each problem

18 vt (1+1) =vt (i) +taus (vt (i) -vt (1) "3) ;

19 z(i+1)=z (1) +tauxvt (i) +gamma+dW (i) ;% create data

20 end

21

22 %% solution

23

24 v0=[-10:0.01:10];% construct vector of different initial data

25 Xi3=zeros(length(v0),1); Idet=Xi3; Jdet=Xi3;% preallocate space to save
26 time

27 for j=1:length(v0)

28 vv=zeros(N,1); vv(l)=v0(]j);

29 Jdet (j)=1/2/C0x% (v0(j)-m0) "2;% background penalization

30 for i=1:N-1

31 vv (i+1)=vv (i) +tau* (vv(i)-vv (i) "3);

32 Xi3(j)=X1i3(j) +(tau*0.5%xvv (i) "2-vv (i) * (z(i+1) -z (1)) ) /gamma”2;
33 end

34 Idet (j)=Jdet (j)+Xi3(j) ;

35 end

36

37

38 constant=trapz(v0,exp(-Idet)) ;% approximate normalizing constant

39 P=exp(-Idet)/constant;% normalize posterior distribution
40 prior=normpdf (v0,m0,C0); % calculate prior distribution

41
42 figure(l),plot(v0,prior,’'k’,’'LineWidth’,2)
43 hold on, plot(v0,P,’r--’,’LineWidth’,2), xlabel 'v_0',

44 legend 'prior’ T=10

9.2 Chapter 7 Programs

The programs p4c.m—p7c.m used to generate the figures in Chapter 7 are presented in this
section. Hence various MCMC algorithms used to sample the posterior distribution are given,
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together with a variational algorithm. Similarly to the discrete-time case, we have tried to be
consistent in our notation.

9.2.1. pdc.m

The MATLAB program p4c.m is the first of the MCMC algorithms discussed in continuous
time. It contains an implementation of the random walk Metropolis (RWM) algorithm from
Section 7.2.1 to determine the posterior distribution on the initial condition arising from the
double-well Example 6.6 with ¢ = 0, and equation (9.1) in particular. Note that in this case,
since the underlying dynamics are deterministic and hence completely determined by the
initial condition, the RWM algorithm will provide samples from a probability distribution on
R. As in program p2c.m, the code is divided into three sections: setup, where parameters
are defined, truth, where the truth and data are generated, and solution, where the
solution is computed, this time by means of MCMC samples from the posterior smoothing
distribution. The parameters are set in lines 5-9, and the true solution (here taken as only
the initial condition, rather than the trajectory it gives rise to) vt is calculated in line 18.
The true value vt is also used as the initial sample in the Markov chain for this and for all
subsequent MCMC programs. This scenario is not possible in the case that the data is not
simulated. However, it is useful in the case that the data is simulated as it is here, because it
reduces the time necessary for the current sample in the chain to reach the target distribution
or the high probability region of the state space. Therefore, the value of I4c:(vT), denoted by
the temporary variable Idet, will be necessary to compute the acceptance probability, as
described below. It is computed in lines 15-22 exactly as in lines 25-32 of program p3c.m,
as described around (9.4). In the solution section, some additional MCMC parameters are
defined. In line 27, the number of samples is set to M=10°. For the parameters and specific data
used here, this is sufficient for the convergence of the Markov chain. In line 29, the step-size
parameter beta is preset such that the algorithm for this particular posterior distribution
has a reasonable acceptance probability, or ratio of accepted vs. rejected moves. The vector
V defined in line 28 will save all the samples. In line 33, a move is proposed according to the
proposal equation

wh) = k=1 4 g, (k=1)

where v(v) is the current state of the chain (initially taken to be equal to the true initial
condition vg), (*=D=randn is an i.i.d. standard normal, and w represents w*). Indices are
not used for v and w, because they will be overwritten at each iteration.

The temporary variable vv is again used for the trajectory corresponding to w®) as a
vehicle to compute the value of the proposed et (w(k); y), denoted in line 41 by Idetprop=
Jdetprop+Xi3prop. This is later used in lines 43-45, where we decide to accept or reject
the proposal according to the acceptance probability

a(v(kfl),w(k)) =1A eXp(Idet(v(kil)ﬂJ) - |det(w(k)39))-

The rest of the program (lines 50-51) uses the samples stored in V to visualize the posterior
distribution. The output is then compared with the corresponding output of p3c.m for the
same parameters in Figure 6.8a.
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1 clear; set(0,’defaultaxesfontsize’,20); format long
2 %%% p4c.m MCMC RWM algorithm for double well (Ex. 5.6)
3 %% setup
4
5 CO0=5;% variance of the prior
6 m0=4;% mean of the prior
7 sd=1;rng(sd) ;% choose random number seed
8 T=1; tau=0.1; t=[0:tau:T]; N=length(t);% time discretization
9 gamma=1;% observational noise variance is gamma”2
10
11 %% truth
12 vt(1)=0.5; z(1)=0;% truth initial condition
13 dW=sqgrt(tau)*randn(N-1,1) ;% precalculate the Brownian increments used
14 Jdet=1/2/C0* (vt (1l)-m0) "2;% background penalization
15 Xi3=0;% initialization model-data misfit functional
16 for i=1:N-1
17 % can be replaced Psi for each problem
18 vt (1+1)=vt (i) +taux (vt (i) -vt (i) "3);
19 z(i+1)=2z (1) +tau*xvt (1) +gamma+dW (i) ; % create data
20 X13=Xi3+ (tau*x0.5%vt (1) "2-vt (i) *» (z(i+1) -z (1)) ) /gamma”2;
21 end
22 Idet=Jdet+Xi3;% compute log posterior of the truth
23
24 %% solution
25 % Markov Chain Monte Carlo: N forward steps of the
26 % Markov Chain on R (with truth initial condition)
27 M=1e5;% number of samples
28 V=zeros(M,1) ;% preallocate space to save time
29 beta=0.5;% step-size of random walker
30 wv=vt(1l);% truth initial condition (or else update I0)
31 n=1; bb=0; rat(1l)=0;
32 while n<=M
33 w=v+sqrt (2+«beta) xrandn;% propose sample from random walker
34 vv (1) =w;
35 Jdetprop=1/2/C0% (w-m0) “2;% background penalization
36 Xi3prop=0;
37 for i=1:N-1
38 v(i+1l)=vv(i)+taux (vv(i)-vv (i) "3);
39 Xi3prop=Xi3prop+ (taux0.5%vv (i) "2-vv (i) * (z (i+1) -2z (1))) /gamma”2;
40 end
41 Idetprop=Jdetprop+Xi3prop;% compute log posterior of the proposal
42
43 if rand<exp (Idet-Idetprop)% accept or reject proposed sample
44 v=w; Idet=Idetprop; bb=bb+l;% update the Markov chain
45 end
46 rat (n) =bb/n;% running rate of acceptance
47 V(n)=v;% store the chain
48 n=n+1 ;
49 end
50 dx=0.05; v0=[-10:dx:10]; Z=hist(V,v0);% construct the posterior histogram
51 figure(1l), plot(v0,Z/trapz(v0,Z),’'k’, Linewidth’,2)% visualize the posterigq
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9.2.2. pbc.m

The MATLAB program p5c.m contains an implementation of the independence dynamics
sampler for stochastic dynamics, as introduced in Section 7.2.2. Thus the posterior distribution
is on the entire signal on L?([0,7];R) The forward model in this case uses equation (9.1),
but now with € > 0. In practice, we cannot sample from L?([0,T];R), since it is infinite-
dimensional, so we have to discretize. In particular, we choose our time step 7 in line 9 and
take T = 10, and thus the smoothing distribution P(v|z) is over the state space R’ (with J
defined in line 12).

The sections setup, truth, and solution are defined as for program p4c.m. Since
the state space is now the pathspace, rather than the initial condition (analogously to the
discrete-time program of Section 5.2.1), the truth vt € R” is now a vector. Its initial condition
is taken as a draw from N(mg,Cp) in line 16, and the trajectory is computed in line 20, so
that at the end, vt~ pg. Again, v (vt) will be the initial condition in the Markov chain, and
s0 Zo(vT; 2) is computed in line 27. Recall from Section 7.2.2 that only Z5(-;y) is required to
compute the acceptance probability in this algorithm.

The current state of the chain v(*) and the value of Eg(v(k);y) are again denoted by
v and X1i2, while the proposal w*) and the value of Eg(w(k);y) are again denoted by w
and Xi2prop, as in program p4c.m. As discussed in Section 7.2.2, the proposal w*) is an
independent sample from the prior distribution pg, similarly to vf, and it is constructed in
lines 38-42. The acceptance probability used in line 44 is now

a(® D w®) =1 A exp(S2(v* Vs y) — Sa(w®;y)). (9-5)

The rest of the program is structured similarly to that in Section 9.2.1. The outputs of
this program are used to plot Figures 7.3, 7.4, and 7.5. Note that in the case of Figure 7.5,
we have used N = 108 samples.
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© 00O Utk W=

clear; set(0,’defaultaxesfontsize’,20); format long
%$%% p5c.m MCMC INDEPENDENCE DYNAMICS SAMPLER algorithm in continuous time
for double well (Ex 5.6) with noise

0;% prior initial condition mean
C0=1;% prior initial condition variance
gamma=0.5; % observational noise variance is gamma”2
tau=0.1; T=1;% timestep and final time of integraion
epsilon=0.08; sigma=sqgrt (2xepsilon) ;% dynamics noise variance is sigma”2
sd=1;rng(sd) ;% Choose random number seed
t=[0:tau:T]; J=length(t) ;% number of points where we approximate u

%% truth

vt=zeros(J,1l); z=zeros(J,l); dz=zeros(l,J-1);% preallocate space to save
time

ut=sqgrt (CO0) *xrandn; z(1)=0;

dw_v=sqgrt (tau) *randn(J,1) ;% truth noise sequence model

dW_z=sqgrt (tau) *randn(J, 1) ;% truth noise sequence observation

vt (1)=ut (1) ;% truth initial condition

Xi2=0;

for j=1:0-1
vt (j+1) =vt (j) +tau*svt () » (1-vt (j) "2) +sigma*xdW v (j) ;% create truth
z(j+1) =2z (Jj) +tauxvt (j) +gamma+dW_z (j) ;% create data
dz (j)=z(j+1)-z(3);
% calculate Xsi 2(v;z) from (5.27)
X12=Xi2+ (0.5%tau*vt (j) "2-vt (j) *dz (j)) /gamma"2;
end

% solution
Markov Chain Monte Carlo: N forward steps of the
Markov Chain on R™{J+1} with truth initial condition
N=1le4;% number of samples
V=zeros (N, J) ;% preallocate space to save time
v=vt;% truth initial condition
n=1; bb=0; rat(1l)=0;
while n<=N
w(1l)=sqgrt (CO)+xrandn;% propose sample from the prior distribution
Xi2prop=0;
for j=1:0-1
w(j+1l)=w(j)+tau*sw(j)+(1l-w(j) "2)+sigma*sqgrt (tau) *randn;
Xi2prop=Xi2prop+ (0.5xtauxw(j) "2-w(j)*dz(j)) /gamma”2;
end
if rand<exp (Xi2-Xi2prop)$% accept or reject proposed sample
v=w; Xi2=Xi2prop; bb=bb+1l;% update the Markov chain
end
rat (n)=bb/n;% running rate of acceptance
V(n, :)=v;% store the chain
n=n+1;
end
% plot acceptance ratio and cumulative sample mean
figure;plot (rat) ; figure;plot (cumsum(V(1:N,end)) ./ [1:N]")
xlabel (' samples N’) ;ylabel (’ (1/N) \Sigma {n=1}"N v _0~{(n)}’)
figure; plot([1:1:N],V(:,end))

o o

o°
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9.2.3. pbc.m

The independence dynamics sampler of Section 9.2.2 can be very inefficient, since typical
random draws from the dynamics can form a poor fit to the data, in comparison with a current
state that has a good fit, and will then be rejected. The sixth MATLAB program, p6c . m, gives
an implementation of the pCN algorithm from Section 7.2.2, which is designed to overcome
this issue by including the parameter 5, which, if chosen small, allows for incremental steps in
signal space and hence the possibility of nonnegligible acceptance probabilities. This program
is used to generate Figure 7.6

This program is almost identical to p5c.m, and so only the points at which it differs will
be described. First, since the acceptance probability is given by

a(F D w®) =1 A exp(Z(0* Vs y) — Zp(w®;y) + 5 (0F D) — 51 (w®)),

the quantity

Si0) =g [ @R [ ).ao)s,

will need to be computed, both for v*), denoted by v in lines 32 and 47, where its value is
denoted by xi1 (v(®) = vt and = (v') is computed in line 25), and for w*), denoted by w in
line 39, where its value is denoted by Xilprop in line 43.

As discussed in Section 7.2.2, the proposal w®) is given by

w® = m 4 (1= %) () —m) 4 s, (96)

here £*~1) is a standard Brownian motion on R starting from an initial condition drawn at
random from N (0, Cp). We denote this by xi in line 38.
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1 clear; set(0,’defaultaxesfontsize’,20); format long
2 %%% p6c.m MCMC pCN algorithm algorithm in continuous time
3 %%% for double well (Ex 5.6) with noise
4 %% setup
5 m0=0;% prior initial condition mean
6 CO0=1;% prior initial condition variance
7 gamma=0.5;% observational noise variance is gamma”2
8 tau=0.1; T=1;% timestep and final time of integration
9 epsilon=0.08; sigma=sqgrt (2+epsilon) ;% dynamics noise variance is sigma”2
10 sd=1;rng(sd) ;% Choose random number seed
11 t=[0:tau:T]; J=length(t) ;% number of points where we approximate u
12 %% truth
13 vt=zeros(1,J); =z=zeros(l,J); dz=zeros(l,J-1); dvt=zeros(l,J-1);%
14 preallocate
15 ut=[sgrt (C0)*randn, sigmarsgrt (tau)+randn(l,J-1)];% truth noise sequence
16 z(1)=0;dW_z=sqgrt (tau)*randn(l,J-1);% truth noise sequence observation
17 vt (1l)=ut(1l);% truth initial condition
18 Xi2=0; Xil=0;
19 for j=1:J0-1
20 vt (jJ+1)=vt (j) +tauxvt (j) * (1-vt(J) "2)+ut(j+1); % create truth
21 davt (j)=vt (j+1) -vt(3) ;
22 z(j+1)=2z(j)+tauxvt (j) +gamma*dW_z(j); % create data
23 dz (j)=z(j+1)-z(3);
24 % calculate Xsi 2(v;z) from (5.27)
25 X12=Xi2+(0.5%xtauxvt (j) "2-vt(j) «dz (7)) /gamma"2;
26 X11=Xi1l+(0.5%tau* (vt (j)*(1-vt(j)"2)) " 2- vt(J)*(1-vt(j)"2)*dvt(j))
27 /sigma”2;
28 end
29 %% solution
30 % Markov Chain Monte Carlo: N forward steps of the
31 % Markov Chain on R™{J+1} with truth initial condition
32 N=1le5;% number of samples
33 V=zeros(N,J) ;% preallocate space to save time
34 wv=vt;% truth initial condition
35 beta=0.05;% step-size of pCN walker
36 n=1; bb=0; rat(1l)=0;
37 m=[m0,zeros(1,J-1)1;
38 while n<=N
39 dW= [sgrt (C0) xrandn, sigmaxsgrt (tau) xrandn(1,J-1)] ;% Brownian increments
40 xi=cumsum (dW) ; % Brownian motion starting at a random initial conditiogy
41 w=m+sqgrt (1-beta”2) * (v-m) +beta*xi; % propose sample from the pCN walker
42 Xi2prop=0; Xilprop=0;
43 for j=1:J-1
44 Xi2prop=Xi2prop+ (0.5*xtauxsw(j) "2-w(j) *dz (j)) /gamma”2;
45 Xilprop=Xilprop+0.5«taux (w(j)* (1-w(j)"2)) " 2/sigma”2-
46 w(j)*(L-w(j)"2)*«(w(j+1)-w(j))/sigma”2;
47 end
48 if rand<exp (Xi2-Xi2prop+Xil-Xilprop)$% accept or reject proposed sample
49 v=w; Xi2=Xi2prop; Xil=Xilprop; bb=bb+l;% update the Markov chain
50 end
51 rat (n) =bb/n;% running rate of acceptance
52 V(n,:)=v;% store the chain
53 n=n+1;
54 end
55 % plot acceptance ratio and cumulative sample mean
56 figure;plot(rat);figure;plot (cumsum(V(1:N,end))./[1:N]");
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9.2.4. p7c.m

The program p7c . m presents the MAP optimization algorithm as applied to the deterministic
Lorenz ’63 model 6.23 with continuous observations. As usual, the parameters are defined in
the setup section of lines 4-14. Similarly to p16.m, which implements the deterministic
Lorenz ’63 model (here the case 0 = 0), the program is written as a function rather than a
script, and again, an auxiliary function, £, is defined to evaluate the right-hand side of the
ODE, on line 48. The Euler approximation of the true signal v’ and the observation dz' are
defined in lines 19 and 20, respectively. The MATLAB built-in function fminsearch is used
here again on line 33, similarly to p7.m, for the optimization of the auxiliary function I as
a function of its argument u. The auxiliary function here is lget from (6.35)a), defined on
lines 40-46. This is a sum of Jqet from (6.35)b), defined on line 41, and =3 from (6.35)(c),
defined on line 44 within the loop of lines 42—45, where the path associated to the unknown
input u is defined on line 43 also within the loop. The output out of the function can be
recognized as lger from (6.35). On line 25, one may choose the random number seed sd to
begin with a different random initial condition uu drawn from the prior on line 28. One may
also uncomment line 29 to try the optimization beginning with the truth as initial condition.
Lines 35—37 plot the results for a single initial condition. The results of the top left panel of
Fig. 7.1 can be reproduced by setting J=2e4 on line 6 of this program. The map estimator is
found by setting the initial condition to uu=vt (:,1) on line 29, or by letting the seed sd
on line 25 be given as 1 or 100, for example. The other two minima may be found by setting
the seed value to 10 or 1000, respectively. A simple modification can be used to loop through
the conditionals and generate the other three panels of that figure.
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1 function this=p7c
2 clear;set(0,’defaultaxesfontsize’,20);format long
3 %%% p7c.m 4DVAR for inverse Lorenz '63
4 %% setup
5
6 J=0.5e4;% number of steps
7 a=10;b=8/3;r=28;% define parameters
8 gamma=le-1;% observational noise variance is gamma”2
9 CO=le-2xeye(3);% prior initial condition covariance
10 mO=zeros(3,1);% prior initial condition mean
11 sd=1;rng(sd) ;% choose random number seed
12 H=[1,0,0] ;% observation operator
13 tau=le-4;
14
15 %% truth
16
17 vt (:,1)=m0+sqgrtm(CO)*randn(3,1);% truth initial condition
18 for j=1:J
19 vt(:,j+1)=vt(:,J) + tauxf(vt(:,3j),a,b,r);% create truth
20 dz(:,j)=tauxH*vt (:,j+1) +gammaxsqgrt (tau) rrandn; % create data
21 end
22
23 %% solution
24
25 sd=1;rng(sd) ;% try changing the seed for different
26 % initial conditions -- if the result is not the same,
27 % there may be multimodality.
28 uu=sgrtm(CO0) *randn(3,1) ;% initial guess
29 Suu=vt (:,1); % truth initial guess option
30
31 % solve with blackbox
32 % exitflag=1l ==> convergence
33 [vmap, fval,exitflag]=fminsearch(@(u)I (u,dz,gamma,m0,C0,J,H,a,b,r, tau),uu)
34
35 figure;plot (vmap, 'ko’, 'Markersize’,20, ‘Linewidth’, 2);%axis ([0 4 -1 1.5])
36 hold;plot(vt(:,1),'rx’, 'Markersize’,20, 'Linewidth’,2);
37 hold;xlabel(’u’);legend(’'MAP’,’truth’)
38
39 %% auxiliary objective function definitions
40 function out=I(u,dz,gamma,m0,C0,J,H,a,b,r, tau)
41 Jdet=1/2%(u-m0) ' * (CO\ (u-m0)) ;Xi3=0;v=zeros(3,J);v(:,1)=u;
42 for j=1:J
43 v(:,j+1)=v(:,j)+tauxf(v(:,3),a,b,r);
44 Xi3=Xi3+1l/gamma”2* (norm (Hxv (:,j+1)) "2/2xtau - dz(j) ' *Hxv(:,j+1));
45 end
46 out=Xi3+Jdet;
47
48 function rhs=f(y,a,b,r)
49 rhs(1,1)=ax(y(2)-y(1));
50 rhs(2,1)=-a*y(1)-y(2)-y(1)+y(3);
51 rhs(3,1)=y(1)*y(2)-b*y(3)-bx (r+a) ;
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9.3 Chapter 8 Programs

This section consists of the programs p8c . m through p17c.m, which were used to generate the
illustrations in Chapter 8, where filtering algorithms are considered. It is worth noting that the
filtering algorithms themselves are continuous-time dynamical systems with very particular
structures, which needs to be preserved by the numerical method one uses to implement them.
For example, the covariance must remain symmetric and positive definite. While standard
discretization methods will often destroy these important structural properties, implementing
the specific discretization arising from the discrete-time formulation of the filtering algorithm
preserves the desired properties. Therefore, the filtering algorithms presented in this section
are very similar to the filtering algorithms in Section 5.3, with appropriate scalings with
respect to time step 7 as given in equation (6.1). There are some areas where important
differences with discrete time remain; these will be described in what follows.

9.3.1. p8&c.m

Program p8c.m solves the continuous-time Kalman—Bucy filter, analogous to the discrete-
time case in p8 .m. The discretization time step tau is set in line 14. The linear forward SDE
is

dv = Avdt —+ v/ E()dBv.

a=(34)

is defined on line 13 and has eigenvalues with negative real part, so that the dynamics are
contractive. The values Xy = o2 and o are defined on line 9. Notice that for a continuous-time
linear equation with additive noise, the discretized form with time step 7 is identical to that
in the discrete-time case, except with the forward operator now given as the exponential of
an operator L = e“7, defined in line 15. The dynamical noise covariance of the corresponding
discrete system is then given in the form ¥ = 02(A 4+ A7)~ (e(A+A)7 _ I, This is defined
in line 16, and its square root in line 17 for use below. In line 19, the vector z is defined and
preallocated, with the default initial condition z (1) =0 prescribed in line 23.

The dynamical evolution of the hidden process v and that of the observed process z are
given in lines 29-30. The former looks just like its analogue in the discrete case, while the
latter is slightly different, since the noisy observation is not of y (j) here, but of the increment
dz, given by z (j+1) -z (3).

A split-step scheme is used for incorporation of the observations using the update step of
the discrete equations from which the continuous-time equations were derived, as explained in
the introduction. Therefore, there are intermediate “predict” mean and covariance mhat and
chat, as in the discrete case, in lines 32-33. The corresponding innovation and Kalman gain
are then defined in lines 35-36, and finally, the update completes the time step forward of size
tau of the Kalman—Bucy filter in lines 37-38. That is, lines 37-38 complete the approximation
of the equations for the mean and covariance given in Theorem 8.1, with L replaced by A.
As in the discrete-time examples, the resulting trajectory, covariance evolution, and error are
plotted in the remaining lines. The results are presented in Fig.8.1.

The matrix
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1 clear;set(0,’defaultaxesfontsize’,20);format long
2 %%% p8c.m Kalman-Bucy Filter
3 %% setup
4
5 J=1le4;% number of steps
6 N=2;%dimension of state
7 I=eye(N);% identity operator
8 gamma=1;% observational noise variance is gamma”2%I
9 sigma=1;% dynamics noise variance is sigma”2xI
10 CoO=eye(2);% prior initial condition variance
11 m0=[0;0];% prior initial condition mean
12 sd=10;rng(sd) ;% choose random number seed
13 A=[-1 1;-1 -1];% dynamics determined by A
14 tau=0.01;% time discretization is tau
15 L=expm(Axtau) ;% forward semigroup operator
16 Sigma=sigma”2«% ((A+A’)\ (L%L’-I));% dynamics noise variance integrated
17 sgrtS=sgrtm(Sigma) ;
18
19 m=zeros(N,J+1) ;v=m;z=zeros (J+1,1) ;c=zeros (N,N,J+1) ;% pre-allocate
20 v(:,1)=m0+sgrtm(CO)*randn(N,1);% initial truth
21 m(:,1)=10+randn(N, 1) ;% initial mean/estimate
22 c¢(:,:,1)=100%C0;% initial covariance
23 z(1)=0;% initial ghost observation
24 H=[1,0];% observation operator
25
26 %% solution % assimilate!
27
28 for j=1:J
29 v(:,j+1)=L*xv(:,J) + sgrtSxrandn(N,1);% truth
30 z(j+1)=z(j)+tauxHxv (:,j+1) + gammaxsgrt (tau)+randn;$% observation
31
32 mhat=L+m(: j);% estimator intermediate "predict"
33 chat=Lxc(:,:,]j)*L’+Sigma;% covariance intermediate "predict"
34
35 d=(z(j+1)-z(j))/tau-H«mhat;% "innovation"
36 K=(tau*chat*H )/ (Hxchat+H’ xtau+gamma”2) ;% "Kalman gain"
37 m(:,j+1)=mhat+K+d;% estimator "update"
38 c(:,:,jJ+1)=(I-K«+H) *xchat;% covariance "update"
39 end
40
41 figure;js=501;plot(taux[0:js-1],v(2,1:Js)) ;hold;plot (tau*[0:js-117,
42 m(2,1:§s) ...
43 ,'m’); plot(taux[0:js-1]1,m(2,1:js)+reshape(sqgrt(c(2,2,1:js)),1,Js),'r--");
44 plot(tau*[0:js-1]1,m(2,1:js)-reshape(sqgrt(c(2,2,1:3s)),1,3js), ' r--");
45 hold;grid;xlabel('t’);
46 title(’Kalman-Bucy Filter'’);
47 figure;plot (taux[0:J], reshape (c (1 :)+c(2,2,:),d+1,1)) ;hold
48 plot (tau*[0:J],cumsum (reshape (c (1 ) +c (2 :),Jd+1,1))./[1:0+11",
49 'm’,’Linewidth’,2); grid;hold; xlabel(’t’) ax1s([0 tauxJ 0 50]) ;
50 title(’Kalman-Bucy Filter Covariance’);
51 figure;plot (taux[0:J],sum((v-m)."2 )),hold,
52 plot(taux[0:J],cumsum(sum((v-m)."2))./[1:J+1],'m’, 'Linewidth’,2) ;grid
53 hold;xlabel('t’);axis ([0 tauxJ O 50]),
54 title(’'Kalman-Bucy Filter Error’)
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9.3.2. pl0c.m

Program p10c.m concerns the 3DVAR method and is similar to p10 . m, using pseudodiscrete
dynamics as a time-splitting method, with the forward model given by the Langevin equation
with a double-well potential (9.1). The discrete-time Euler-Marayuma approximation of the
continuous-time dynamics v and observation process z are defined in lines 24-25, as in the
previous sections. The time step tau is set in line 18. Recall that the dynamics of C' = Cj are
trivial for 3DVAR, and the update in line 28 is the approximation of the continuous 3DVAR

filter over time step 7:

= )+ O (= Hm ) m0) = mo

dm
dt

The results are presented in Figs. 8.2 and 8.3.

© 00O UL WN

clear;set (0, 'defaultaxesfontsize’,20) ;format long
%$%% plOc.m Continuous 3DVAR Filter, double-well
%% setup

J=1e4;% number of steps

alpha=2.5;% dynamics determined by alpha
gamma=1le-1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=1;% prior initial condition variance

m0=0;% prior initial condition mean

°

sd=1;rng(sd) ;% choose random number seed

m=zeros (J,1) ;v=m;z=m;z(1)=0;% pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=2+randn;% initial mean/estimate

eta=.1;% stabilization coefficient 0 < eta << 1
c=gamma”2/eta;H=1;% covariance and observation operator
tau=0.01;% time discretization is tau

o

K=taux (cxH') / (Hxc*H’ xtau+gamma™2) ;$ Kalman gain

o

%% solution % assimilate!

) +tauxalpha* (v(j)-v(j) "3) + sigmaxsqgrt(tau)+randn;% truth
) +tauxH*v (j+1) + gammaxsgrt (tau)xrandn;$% observation
tauxalphax* (m(j)-m(j) "3) ;% estimator predict
d=(z(j+1)-z(j))/tau-H+mhat;% innovation
m(j+1)=mhat+K+d;% estimator update
end
js=201;% plot truth, mean, standard deviation, observations
figure;plot (tau*[0:Js-1],v(1:js)) ;hold;plot (taux[0:js-1],m(1:js), 'm");
plot (taux[0:js-1]1,m(1l:js)+sqgrt(c),’'r--',taux[0:js-1],m(1l:js)-sqgrt(c),
'r--");
hold;grid;xlabel ('t’);title(’'3DVAR Filter’)

(S -

+

figure;plot (taux[0:J],c*x[0:J].70) ;hold
plot (taux[0:J],c*[0:J] .70, 'm’, 'Linewidth’,2) ;grid
hold;xlabel (‘t’);title(’'3DVAR Filter Covariance’) ;

figure;plot (taux[0:J], (v-m)."2) ;hold;
plot (taux [0:J], cumsum( (v-m)."2)./[1:J+1]’,’'m’,'Linewidth’,2) ;grid
hold;xlabel (‘t’);title(’3DVAR Filter Error’)
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9.3.3. pllc.m

Program pllc.m is a modification of pll.m using the similar split-step approximations
described in Sections 9.3.1 and 9.3.2 for the continuous-time extended Kalman filter. The
forward model is again the Langevin equation with a double-well potential (9.1). The updates
in lines 32-33 this time are approximations of

dm . T +—1 @ o _
=ty oty (5 Hm) (o) = mo,
1 Dim)C+ CDFm) + 5, - CHTITUHE, C(0) = Co.

Notice that the split-step scheme preserves the symmetry and positivity of C' thanks to the
approximations used in lines 27-28 and 33. The results are presented in Fig. 8.4.

9.3.4. pl2c.m

Program pl2c.m is a modification of pl12.m using the similar split-step approximations
described in Sections 9.3.1 and 9.3.2 for the continuous-time EnKF. The forward model is
again the Langevin equation with a double-well potential (9.1). The updates in lines 34, 32,
and 26 are given by

do™ dz(™

; :f@mn+c@ﬁﬂnﬁ(z -JMW0+2§%&” (9.72)
dz™ 12(dW™ 4B,

= Ho+ T ( ~ - ). (9.7b)

Notice that the increments dW (™ are added in line 32, expanding the single observation from
line 26 into an ensemble. The covariance is updated in line 36:

L
m= v,
n=1

N

Z(v(") —m)(e™ —m)T.

n=1

1

Cl) =57

The results are presented in Fig.8.5.
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pllc.m Extended Kalman-Bucy Filter, double-well
%% setup

J=1e4;% number of steps

alpha=2.5;% dynamics determined by alpha
gamma=.1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=1;% prior initial condition variance

m0=0;% prior initial condition mean

sd=1;rng(sd) ;% choose random number seed

m=zeros (J,1l);v=m;z=m;z(1)=0;c=m;% pre-allocate

v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=2+randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator
tau=0.01;% time discretization is tau

o

%% solution % assimilate!
for j=1:J

v(j+1)=v(j)+taurxalphax (v(j)-v(j) " 3) + sigmaxsqgrt (tau)+randn;% truth
z(j+1)=z(j) +tauxHxv (j+1) + gammaxsqgrt (tau)xrandn;% observation

mhat=m(j)+tauxalphax (m(j)-m(j)"3) ;% estimator predict
chat=(1+tauxalphax* (1-3xm(j) "2))xc(j) *

(1+tauxalphax (1-3xm(j) "2))+sigma”2*tau;$ covariance predict

d=(z(j+1)-z(j))/tau-H+mhat;% innovation
K= (tauxchat«H’)/ (Hxchat«H’ xtau+gamma”2) ; $ Kalman gain
m(j+1)=mhat+K+d;% estimator update
c(j+1)=(1-K«H) xchat;% covariance update
end

js=201;% plot truth, mean, standard deviation, observations
figure;plot (tau*[0:Js-1],v(1:js)) ;hold;plot (taux[0:js-1],m(1:js), 'm’);
plot (taux[0:js-1],m(1:Js)+sqgrt(c(l:3s)), ' r--");

plot (taux[0:js-1],m(1:js)-sgrt(c(l:js)), r--");hold;grid;xlabel ('t’);
title (’ExKF')

figure;plot (tau*[0:J],c) ;hold

plot (taux[0:J],cumsum(c) ./ [1:J+1]','m’,'Linewidth’,2) ;grid
hold;xlabel ('t’);

title (' ExKF Covariance’) ;

figure;plot (tau*[0:J], (v-m)."2) ;hold;

plot (taux [0:J],cumsum( (v-m) ."2)./[1:J+1]','m’,'Linewidth’,2) ;grid
hold;xlabel ('t’) ;

title ('ExKF Error')
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl2c.m Ensemble Kalman Filter (PO), double-well
%% setup

J=1e4;% number of steps

alpha=2.5;% dynamics determined by alpha
gamma=.1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2
C0=1;% prior initial condition variance

10 m0=0;% prior initial condition mean

11 sd=1;rng(sd) ;% choose random number seed

12 N=10;% number of ensemble members

© 00O Utk W=

o

14 m=zeros(J,1);v=m;z=m;z(1l)=0;c=m;U=zeros (J,N) ;% pre-allocate

15 v (1)=m0+sqgrt (CO0)*randn;% initial truth

16 m(l)=2+randn;% initial mean/estimate

17 c¢(1)=10%C0;H=1;% initial covariance and observation operator

18 U(1,:)=m(1)+sqgrt(c(l))+randn(1l,N);m(1l)=sum(U(1,:))/N;% initial ensemble
19 tau=0.01;st=sigmaxsqgrt(tau) ;% time discretization is tau

o

21 %% solution % assimilate!

22

23 for j=1:0

24

25 v(j+1)=v(j)+tauxalphax (v(j)-v(j) "3) + stxrandn;% truth

26 z(j+1)=z(j) +tauxHxv (j+1) + gammaxsqgrt (tau)xrandn;% observation

27

28 Uhat=U(j, :) +tauxalphax (U(j,:)-U(j,:)."3)+st*xrandn(1,N) ;% ensemble
29 predict

30 mhat=sum(Uhat) /N; % estimator predict

31 chat= (Uhat-mhat) x (Uhat-mhat) '/ (N-1) ;% covariance predict

32

33 d=(z (j+1) -z (j) +sgrt (tau) xgamma*randn (1,N) ) /tau-H«Uhat ;% innovation
34 K= (tauxchat*H’')/ (Hxchat+H’ xtau+gamma”"2) ;% Kalman gain

35 U(j+1, :)=Uhat+K*d;% ensemble update

36 m(j+1)=sum(U(j+1,:))/N;% estimator update

37 c(j+1)=(U(3+1,:)-m(j+1)) % (U(JF+1,:)-m(Jj+1)) '/ (N-1) ;% covariance update
38

39 end

40

41 js=201;% plot truth, mean, standard deviation, observations
42 figure(1l) ;plot(taux[0:js-1],v(1:Js)) ;hold;plot(taux[0:js-1],m(1l:js), 'm’);

43 plot(tau*[0:js-1],m(1l:Js)+sqgrt(c(l:js)),'r--");

44 plot(taux[0:js-1],m(1l:js)-sqgrt(c(l:js)),'r--");hold;grid;xlabel('t’);
45 title('EnKF’)

46

47 figure(2) ;plot (taux[0:J],c) ;hold

48 plot(tau*[0:J],cumsum(c)./[1:J+1]’,'m’,'Linewidth’,2) ;grid

49 hold;xlabel(’'t’);title(’EnKF Covariance’) ;

50

51 figure(3) ;plot (tau*[0:J], (v-m)."2) ;hold;
52 plot(taux[0:J],cumsum((v-m)."2)./[1:J+1]’,’m’, 'Linewidth’,2) ;grid
53 hold;xlabel('t’);title(’'EnKF Error’)
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9.3.5. pl3c.m

Program pl3c.m is a modification of p13.m using the similar split-step approximations
described in Sections 9.3.1 and 9.3.2 for the continuous-time ensemble transform version of
the EnKF—the ETKF. The forward model is again the Langevin equation with a double-well
potential (9.1). This program is not studied in Chapter 8. The results are presented in Fig. 8.6.

9.3.6. pldc.m

Program pl4c.m is a modification of pl4.m using the similar split-step approximations
described in Sections 9.3.1 and 9.3.2 for the continuous-time particle filter with standard pro-
posal. The forward model is again the Langevin equation with a double-well potential (9.1).
This program is not studied in Chapter 8, although it follows from the discussion in Sec-
tion 8.3. The results are presented in Fig.8.7.

9.3.7. plbc.m

Program pl15c.m is a modification of p15.m using the similar split-step approximations de-
scribed in Sections 9.3.1 and 9.3.2 for the continuous-time particle filter with optimal proposal.
The forward model is again the Langevin equation with a double-well potential (9.1). This
program is not studied in Chapter 8, although it follows from the discussion in Section 8.3.
The results are presented in Fig. 8.8
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1 clear;set(0,’defaultaxesfontsize’,20);format long
2 %%% pl3c.m Ensemble Kalman Filter (ETKF), double-well
3 %% setup
4
5 J=1le4;% number of steps
6 alpha=2.5;% dynamics determined by alpha
7 gamma=.1;% observational noise variance is gamma”2
8 sigma=3e-1;% dynamics noise variance is sigma”2
9 CO0=1;% prior initial condition variance
10 m0=0;% prior initial condition mean
11 sd=1;rng(sd) ;% choose random number seed
12 N=10;% number of ensemble members
13
14 m=zeros(J,1);v=m;z=m;z(1l)=0;c=m;U=zeros (J,N) ;% pre-allocate
15 v (1)=m0+sqgrt (CO0)*randn;% initial truth
16 m(l)=2+randn;% initial mean/estimate
17 c¢(1)=10%C0;H=1;% initial covariance and observation operator
18 U(1,:)=m(1)+sqgrt(c(l))+randn(1l,N);m(1l)=sum(U(1,:))/N;% initial ensemble
19 tau=0.01;st=sigmaxsqgrt(tau) ;% time discretization is tau
20
21 %% solution % assimilate!
22
23 for j=1:0
24
25 v(j+1)=v(j)+tauxalphax (v(j)-v(j) "3) + stxrandn;% truth
26 z(j+1)=z(j) +tauxHxv (j+1) + gammaxsqgrt (tau)xrandn;% observation
27
28 Uhat=U(j, :) +tauxalphax (U(j,:)-U(j,:)."3)+st*xrandn(1,N) ;% ensemble
29 predict
30 mhat=sum(Uhat) /N; % estimator predict
31 Xhat= (Uhat-mhat) /sqrt (N-1) ;% centered ensemble
32 chat=Xhat+Xhat'’ ;% covariance predict
33 T=sqgrtm(inv (eye (N) +Xhat’ «H’ xHxXhat+«tau/gamma”"2)) ;% square-root
34 transform
35 X=Xhat«T;% transformed centered ensemble
36
37 d=(z(j+1) - )) /tau-Hxmhat;randn (1,N) ;% innovation
38 K=(tau*chat*H )/ (Hxchat+H’ xtau+gamma”2) ;% Kalman gain
39 m(j+1)=mhat+K+d;% estimator update
40 U(j+1,:)=m(Jj+1)+X*sgrt (N-1) ;% ensemble update
41 c(j+1)=X*X';% covariance update
42
43 end
44 §s=201;% plot truth, mean, standard deviation, observations
45 figure;plot(taux[0:js-1]1,v(1l:js)) ;hold;plot (tau*x[0:js-1],m(1:Js), 'm’);
46 plot(tau*[0:js-1],m(1l:js)+sqgrt(c(l:3s)),'r--");
47 plot(taux[0:js-1] ,m(1:js)-sqgrt(c(l:js)),'r--') ;hold;grid;xlabel('t’);
48 title ('EnKF (ETKF) ') ;
49 figure;plot (taux[0:J],c) ;hold
50 plot(taux[0:J],cumsum(c)./[1:J+1]’,'m’, 'Linewidth’,2) ;grid
51 hold;xlabel(’t’);title(’EnKF(ETKF) Covariance’) ;
52 figure;plot(tau*[0:J], (v-m)."2) ;hold;
53 plot(taux[0:J],cumsum((v-m)."2)./[1:J+1]’,'m’,’'Linewidth’,2) ;grid
(

hold;xlabel('t’) ;title EnKF(ETKF) Error’)
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clear;set (0, 'defaultaxesfontsize’,20) ;format long
$%% pl4c.m Particle Filter (SIRS), double-well
%% setup

J=1e4;% number of steps

alpha=2.5;% dynamics determined by alpha

gamma=.1;% observational noise variance is gamma”2
sigma=3e-1;% dynamics noise variance is sigma”2

C0=1;% prior initial condition variance

m0=0;% prior initial condition mean

sd=1;rng(sd) ;% Choose random number seed

N=10;% number of ensemble members

m=zeros (J,1) ;v=m;z=m;z(1)=0;c=m;U=zeros (J,N) ;% pre-allocate
v (1) =m0+sqgrt (CO) *xrandn;% initial truth

m(l)=2+randn;% initial mean/estimate

c(1)=10%C0;H=1;% initial covariance and observation operator
U(1,:)=m(1l)+sqgrt(c(1l))+randn(l,N);m(1l)=sum(U(1,:))/N;% initial ensemble
tau=0.01;st=sigmaxsqgrt (tau) ;% time discretization is tau

o

%% solution % Assimilate!
for j=1:0

v(j+1)=v(j)+tauxalphax (v(j)-v(j) "3) + stxrandn;% truth
(j+1) =z (j) +tauxH*v (j+1) + gamma*sgrt (tau)+randn;$% observation

N

Uhat=U(j, :)+tauxalphax (U(j, :)-U(j,:)."3)+stxrandn(1,N) ; $ensemble
predict
d=(z(j+1)-z(j))/tau-H+xUhat;% ensemble innovation

o

what=exp (-1/2* (tau/gamma”2%d."2)) ;% weight update

o

w=what/sum(what) ; randn(1l,N);% normalize predict weights

o

ws=cumsum (w) ; $ resample: compute cdf of weights

for n=1:N
ix=find (ws>rand, 1, 'first’) ;% resample (i)
U(j+1,n)=Uhat (ix) ;% resample (ii)
end
m(j+1)=sum(U(j+1,:))/N;% estimator update
c(j+1)=(U(j+1,:)-m(j+1)) % (U(j+1,:)-m(j+1))’/N;% covariance update

end

js=201;% plot truth, mean, standard deviation, observations

figure (1) ;plot (tau*x[0:js-1],v(1:js)) ;hold;plot (taux[0:js-1],m(1:js),’'m’);
plot (taux[0:js-1],m(1l:js)+sgrt(c(l:js)), 'r--");

plot (taux[0:js-1]1,m(1:js)-sqgrt(c(l:js)),’'r--") ;hold;grid;xlabel ('t’);
title(’'Particle Filter (Standard)’);

figure (2) ;plot (tau* [0:J],c) ;hold

plot (taux[0:J],cumsum(c) ./ [1:J+1]','m’,'Linewidth’,2) ;grid
hold;xlabel (‘t’);title(’Particle Filter (Standard) Covariance’) ;
figure (3) ;plot (taux[0:J], (v-m) ."2) ;hold;

plot (taux [0:J],cumsum( (v-m) ."2)./[1:J+1]','m’,'Linewidth’,2) ;grid

hold;xlabel ('t’) ;title(’Particle Filter (Standard) Error’)
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1 clear;set(0,’defaultaxesfontsize’,20);format long
2 %%% pl5c.m Particle Filter (SIRS, OP), double-well
3 %% setup
4 J=1e4;% number of steps
5 alpha=2.5;% dynamics determined by alpha
6 gamma=.1;% observational noise variance is gamma”2
7 sigma=3e-1;% dynamics noise variance is sigma”2
8 m0=0; C0=1;% prior initial condition mean and variance
9 sd=1;rng(sd) ;% Choose random number seed
10 N=10;% number of ensemble members
11
12 m=zeros(J,1);v=m;z=m;z(1l)=0;c=m;U=zeros (J,N) ;% pre-allocate
13 v (1)=mO0+sqgrt (CO0) *randn;% initial truth
14 m(1l)=2+randn;% initial mean/estimate
15 c¢(1)=10%C0;H=1;% initial covariance and observation operator
16 U(1,:)=m(1l)+sqgrt(c(l))*randn(1l,N);m(1l)=sum(U(1,:))/N;% initial ensemble
17 tau=0.01;st=sigmaxsqgrt (tau) ;% time discretization is tau
18
19 %% solution % Assimilate!
20 for j=1:J
21 v(j+1)=v(j)+tauxalphax (v(j)-v(j) " 3) + stxrandn;% truth
22 z(j+1)=2z(j) +tauxHxv (j+1) + gammaxsqgrt (tau)+randn;$% observation
23
24 Sig=inv (inv (sigma”2*tau) +H’ *inv (gamma”2/tau) *H) ;% optimal proposal cov
25 em=Sigx (inv (sigma”2xtau) = (U(J, :) +tauxalphax (U(j, :)-U(F,:)."3))+
26 H' +inv(gamma”2/tau) « (z (j+1) -z (j)) /tau) ;% optimal proposal mean
27 Uhat=em+sqgrt (Sig) *randn (1,N) ;$ ensemble optimally importance sampled
28
29 d=(z(j+1)-z(j))/tau-H* (U(J, :) +tauxalphax (U(J, :)-U(j,:)."3)) ;% ensemble
30 innov
31 what=exp (-1/2/ (sigma”2xtau+gamma”2/tau) xd."2) ;% weight update
32 w=what/sum(what) ;randn (1,N) ;% normalize predict weights
33
34 ws=cumsum (w) ; $ resample: compute cdf of weights
35 for n=1:N
36 ix=find (ws>rand, 1, 'first’) ;% resample (i)
37 U(j+1,n)=Uhat (ix) ;% resample (ii)
38 end
39
40 m(j+1)=sum(U(j+1,:))/N;% estimator update
41 c(j+1)=(U(j+1,:)-m(j+1)) % (U(j+1,:)-m(j+1))’/N;% covariance update
42 end
43
44 §s=201;% plot truth, mean, standard deviation, observations
45 figure(1l) ;plot(taux[0:js-1],v(1:js)) ;hold;plot(taux[0:js-1]1,m(1:js), 'm’);
46 plot(tau*[0:js-1],m(1l:js)+sqgrt(c(l:3s)),'r--");
47 plot(taux[0:js-1] ,m(1:js)-sqgrt(c(l:js)),'r--') ;hold;grid;xlabel('t’);
48 title(’Particle Filter (Optimal)’);
49 figure(2) ;plot(taux[0:J], (v-m)."2) ;hold;
50 plot(taux[0:J],cumsum((v-m)."2)./[1:J+1]’,’'m’, 'Linewidth’,2) ;grid
51 hold;xlabel(’t’);title(’Particle Filter (Optimal) Error’)
52 figure(3) ;plot(taux[0:J], (v-m)."2) ;hold;
53 plot(taux[0:J],cumsum((v-m)."2)./[1:J+1]’,'m’,’'Linewidth’,2) ;grid
54 hold;xlabel('t’);
55 title(’Particle Filter (Optimal) Error’)
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9.3.8. pl6c.m

Program plé6c.m is an implementation of the extended Kalman filter for the Lorenz ’63
model (6.23). As in p7c.m, this program is written as a function rather than a script to
facilitate the use of the auxiliary function £ defined on line 44. The forward solver is now given
by a simple FEuler—-Marayuma discretization, on line 19. An additional auxiliary function Df
is defined to evaluate the derivative matrix of the right-hand side for a given value of state, in
this case m(t; = j7). The rest of the program proceeds as in the program 11c.m. The output
of this program with line 18 commented and 19 uncommented is presented in Figure 8.9, and
the output with line 18 uncommented and 19 commented is presented in Figure 8.10, using
plotting commands similar to those on lines 35-42.

9.3.9. pl7c.m

Similarly to pl16c.m, the program pl7c.m is an implementation of the extended Kalman
filter for the Lorenz '96 model (6.24), written as a function. Again auxiliary functions are
defined for the right-hand side on line 44 and the derivative matrix on line 47. The rest of
the program is also very similar to p16c.m, except now one is free to choose the dimension,
defined by N = r*n on line 6. Thus one can easily choose a fraction gq/r of the components
to observe by letting the observation matrix H be block diagonal with n g x r blocks, each
consisting of a g-dimensional identity block next to a (g X g-r)-dimensional zero block.
This (g#nxN)-dimensional matrix is constructed on lines 18-19. If one changes the number
of steps to J=2e5 on line 7, then one obtains as output Figure 8.11. If one then modifies line
6 so that g=1, then one obtains the output of Figure 8.12.
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1 function this=pléc
2 clear;set(0,’defaultaxesfontsize’,20);format long
3 %%% pléc.m ExKF, Lorenz 63
4 %% setup
5
6 J=1e5;% number of steps
7 a=10;b=8/3;r=28;% define parameters
8 gamma=2e-1;% observational noise variance is gamma”2
9 sigma=2e0;% dynamics noise variance is sigma”2
10 I=eye(3);C0=I;% prior initial condition covariance
11 mO=zeros(3,1);% prior initial condition mean
12 sd=1;rng(sd) ;% choose random number seed
13
14 m=zeros(3,J);v=m;z=m(1l,:);z(1l)=0;c=zeros(3,3,J);% pre-allocate
15 v(:,1)=mO+sgrtm(CO0) *randn(3,1);% initial truth
16 m(:,1)=10+randn(3,1);% initial mean/estimate
17 c(:,:,1)=10%C0;% initial covariance operator
18 H=[0,0,1] ;% observation operator
19 %H=[1,0,0];% observation operator
20 tau=le-4;% time discretization is tau
21
22 %% solution % assimilate!
23 for j=1:0
24 v(:,j+1)=v(:,])+tauxf(v(:,3j),a,b,r) + sigma*sqgrt (tau)s*randn(3,1);%
25 truth
26 z(:,j+1)=2(:,])+tauxHxv(:,j+1) + gamma*sgrt (tau)+randn;% observation
27 mhat=m(:,j)+tauxf(m(:,3j),a,b,r);% estimator predict
28 chat=(I+tau*Df (m(:,3j),a,b))*c(:,:,3)=*
29 (I+tau*Df(m(:,j),a,b))’+sigma“2*tau*I;% covariance predict
30 d=(z(j+1)-z(j))/tau-H+mhat;% innovation
31 K:(tau*chat*H )/ (Hxchat+H’ xtau+gamma”2) ;% Kalman gain
32 m(: ,j+l) =mhat+K+d; % estimator update
33 c(:,:,J+1)=(I-K+H) xchat;% covariance update
34 end
35
36 figure;js=j;
37 plot(taux[0:js-1]1,v(2,1:js)) ;hold;plot(taux[0:js-1],m(2,1:Js),'m’);
38 plot(tau*[0:js-1],m(2,1:js)+reshape(sgrt(c(2,2,1:js)),1,js), ' r--");
39 plot(taux[0:js-1]1,m(2,1:js)-reshape(sqgrt(c(2,2,1:js)),1,3s),'r--");
40 hold;grid;xlabel (‘t’);legend(’u 2’,'m 2’,'m 2 \pm c_2"{1/2}")
41 title(’ExKF, L63, u_1 observed’);Jj=min(J,j);
42 figure;plot(taux[0:Jj-1],sum((v(:,1:Jj)-m(:,1:J3))."2)) ;hold;
43 grid;hold;xlabel(’t’);title(’ExKF, L63, MSE, u_l observed’)
44
45 function rhs=f(y,a,b,r)
46 rhs(1,1)=ax(y(2)-y(1));
47 rhs(2,1)=-axy(1)-y(2) y(l)*y( ) ;
48 rhs(3,1)=y(1)*xy (2 ) -bxy (3) -bx (r+a) ;
49 function A=Df (y b)
50 A(1,:)=[- a,a,O],
51 A(2,:)=[-a-y(3),-1,-y(1)];
52 A(3,:)=I[y(2),y(1),-bl;




9.3 Chapter 8 Programs 231
1 function this=pl7c
2 clear;set(0,’defaultaxesfontsize’,20);format long
3 %%% pl7c.m ExXKF, Lorenz 96
4 %% setup
5
6 g=2;r=3;n=2;N=rxn;% observe g/r coordinates in N dimensions
7 J=5e4;F=8;% number of steps and parameter
8 gamma=le-1;% observational noise variance is gamma”2
9 sigma=1e0;% dynamics noise variance is sigma”2
10 I=eye(N);C0=I;% prior initial condition covariance
11 mO=zeros(N,1) ;% prior initial condition mean
12 sd=1;rng(sd) ;% choose random number seed
13
14 m=zeros(N,J) ;v=m;z=m(l:g+n, :);c=zeros (N,N,J) ;% pre-allocate
15 v(:,1)=mO+sgrtm(CO0) *randn (N, 1) ;% initial truth
16 m(:,1)=10+randn(N,1) ;% initial mean/estimate
17 c(:,:,1)=25%xC0;% initial covariance operator
18 H=zeros(g*n,N) ;for k=1:n;H(gx (k-1)+1l:g*k,r*(k-1)+1:rxk)=
19 [eye(q) ,zeros(g,r-q)] ;end% observation operator
20 tau=le-4;% time discretization is tau
21
22 %% solution % assimilate!
23 for j=1:0
24 v(:,j+1)=v(:,]j)+tauxf(v(:,3J),F) + sigma*sqgrt(tau)*randn(N,1);% truth
25 z(:,j+1)=2z(:,]J)+tauxH*v(:,j+1) + gammaxsqgrt (tau)*randn(g+n,1l) ;%
26 observation
27 mhat=m(:,j)+tauxf(m(:,3j),F);% estimator predict
28 chat=(I+tau*Df (m(:,J) ,N))xc(:,:,])*
29 (I+tauxDf (m(:,]j),N))"+sigma”2xtauxI;% covariance predict
30 d=(z(:,j+1)-z(:,J))/tau-H+mhat;% innovation
31 K= (tauxchat«H’) / (Hxchat«H’ xtau+gamma”2xeye (gxn)) ;% Kalman gain
32 m(: ,j+l) =mhat+K+d; % estimator update
33 c(:,:,J+1)=(I-K+H) xchat;% covariance update
34 end
35
36 figure;js=j;
37 plot(taux[0:js-1]1,v(2,1:js)) ;hold;plot(taux[0:js-1],m(2,1:Js),'m’);
38 plot(tau*[0:js-1],m(2,1:js)+reshape(sgrt(c(2,2,1:js)),1,js), ' r--");
39 plot(taux[0:js-1]1,m(2,1:js)-reshape(sqgrt(c(2,2,1:js)),1,3s),'r--");
40 hold;grid;xlabel (‘t’);legend(’u 2’,'m 2’,'m 2 \pm c_2"{1/2}")
41 title(’'ExKF, L96, 2/3 observed’);Jj=min(J,J);
42 figure;plot (taux[0:Jj-1],sum((v(:,1:Jj)-m(:,1:J3))."2/N)) ;hold;
43 grid;hold;xlabel(’'t’);title(’ExKF, L96, MSE, 2/3 observed’)
44
45 function rhs=f (y,F)
46 rhs=[y(end);y(l:end-1)].x([y(2:end);y(1)] -
47 [y(end-1:end);y(l:end-2)]1) - v + Fxy." 0;
48 function A=Df (y,N)
49 A=-eye(N);
50 A=A+diag([y(end);y(l:end-2)]1,1);A(end,1l)=y(end-1);
51 A=A+diag(y(2:end- 1), 2);A(1l,end-1)=y(end) ;A(2,end)=y (1) ;
52 A=A+diag(([y(3:end);y(1)] - [y(end);y(l:end-2)1),-1);
53 A(1l,end)=y(2)-y(end- 1),
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