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ABSTRACT

This dissertation advances the mathematical and algorithmic foundations of data
assimilation (DA) for inference in nonlinear stochastic dynamical systems. DA is a
cornerstone of modern computational science, enabling the integration of observa-
tional data with dynamical models for state estimation and uncertainty quantification.
Classical algorithmic approaches, such as the ensemble Kalman filter (EnKF), rely
on Gaussian approximations to estimate the conditional distribution of state given
observations, which limit their fidelity in scientific and engineering applications.

The first part of this work develops a probabilistic mean-field formulation of the
filtering problem, providing a rigorous description of the evolution of the conditional
distribution of state given observations. This framework leads to new analytical tools
to quantify the uncertainty represented by ensemble filters, culminating in the first
proof of the accuracy of the EnKF as a quantifier of uncertainty for near-linear
dynamics.

The second part develops theoretical and methodological advances in scientific ma-
chine learning. A continuum formulation of the attention mechanism enables the
design of transformer neural operators together with the first universal approxima-
tion theorem for this class of architectures. This line of work further leads to measure
neural mappings, the first neural operators defined on spaces of probability mea-
sures, opening a new avenue for Bayesian inference. With this novel methodology
we introduce two new strategies for enhancing data assimilation via operator learn-
ing: (i) a fully data-driven approach involving direct approximation of conditional
states via operator learning and (ii) a model-driven approach involving learning
the DA analysis map via measure neural mappings. Together, these results pave
the way towards theoretical and computational foundations for accurate uncertainty
quantification in nonlinear, high-dimensional systems, with implications for climate
science, engineering design, and digital twins.
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C h a p t e r 1

INTRODUCTION

The field of data assimilation (DA) is focused on developing methodology for opti-
mally integrating observational data with models of possibly stochastic dynamical
systems. The central problem is one of inference under uncertainty: model error,
chaotic dynamics, and observational noise each introduce significant challenges to
obtaining accurate estimates of the system state. This thesis is concerned with three
canonical inference problems that arise in this setting. Given partial observations
of a dynamical system over a time window, the smoothing problem asks for the
state estimate or conditional distribution of state given data, of the unobserved state
trajectory given all observations within that window. The filtering problem is the
online counterpart: it seeks to estimate the state or conditional distribution of the
current state given all observations up to the present time. Finally, the forecasting
problem aims to predict the future partially observed state beyond the observation
window. Together, these three problems underpin a broad range of applications,
from numerical weather prediction and climate modeling to subsurface flow and
engineering control.

Traditional methodology for performing inference in dynamical systems has relied
on linear-Gaussian approximations. The Kalman filter provides the exact solution
when both the state dynamics and the observation operator are linear and all noise
is Gaussian. For nonlinear systems, practitioners have relied on extensions such
as the ensemble Kalman filter (EnKF), which propagates an ensemble of particles
and approximates the filtering distribution, employing moment matching conditions
with Gaussian projections. Despite their widespread adoption in the geosciences
and engineering, these methods are fundamentally constrained by the Gaussian
approximations inherent to their design, which limits their fidelity in the highly
nonlinear, non-Gaussian regimes where they are applied. In this thesis we analyze
the limitations of the ensemble Kalman filter while also exploring how machine
learning can fill this gap, pursuing two complementary avenues. The first is an
end-to-end data-driven learning approach for smoothing and forecasting, which
seeks to learn a direct mapping from observations to unobserved state quantities,
bypassing the need for an explicit dynamical model. The second is a model-driven
approach for filtering, in which the model-driven forecast is retained but the analysis
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step, the correction of the forecast by the incoming observation, is parametrized by
a learnable operator. Both paradigms are developed with the goal of overcoming
the linear-Gaussian constraints inherent to the design of classical ensemble methods
and to enable accurate inference in these settings.

The data-driven methodology developed in this thesis rests on the paradigm of oper-
ator learning, the task of learning mappings between infinite-dimensional function
spaces from finite collections of input-output pairs. A key desideratum for opera-
tor learning architectures in scientific computing is discretization invariance: the
learned operator should be independent of the particular discretization of the underly-
ing continuum problem, permitting training and deployment at arbitrary resolutions.
Transformers, the architectural backbone of modern large language models, have
shown remarkable capacity for modeling long-range correlations, and their attention
mechanism admits a natural continuum generalization. Starting from a continuum
formulation of attention, we introduce transformer neural operators, attention-based
architectures mapping between infinite-dimensional spaces of functions that are in-
herently discretization invariant. A central theoretical contribution of this thesis is
the first universal approximation theorem for this class of architectures: we prove
that transformer neural operators can approximate, to arbitrary accuracy, a broad
class of nonlinear operators between Banach spaces. Universal approximation is a
necessary theoretical condition for any learning paradigm intended for deployment
in scientific domains, as it guarantees the existence of network parameters achieving
the desired operator approximation.

In the data assimilation context, transformer neural operators can be deployed in
several distinct roles. They may serve as cheap-to-evaluate surrogate models for the
forward dynamics, replacing expensive numerical solvers during inference. They
may be used to learn the smoothing or forecasting map directly from data, in a
fully data-driven fashion. Or they may parametrize the analysis step of a model-
driven ensemble filter, using a learned nonlinear operator defined on spaces of
probability measures. Indeed, another main contribution is the introduction of
the first neural operator defined on the space of probability measures. This thesis
develops the theoretical and algorithmic underpinnings of each of these approaches,
establishing rigorous foundations and demonstrating practical performance on a
range of nonlinear dynamical systems.
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1.1 Outline and contributions
The thesis is organized in two parts. Part I, consisting of Chapter 2 and Chapter 3, is
focused on the development of a probabilistic mean-field formulation of the filtering
problem, and its application to the analysis of ensemble Kalman filters. Part II,
consisting of Chapter 4, Chapter 5, and Chapter 6, is focused on the development of
transformer-based operator learning methodology for nonlinear data assimilation.
In this thesis we make the following main contributions.

(C1) We develop a probabilistic mean-field formulation of the filtering problem,
which provides a rigorous description of the evolution of the conditional dis-
tribution of state given observations. This framework leads to new analytical
tools to quantify the uncertainty represented by ensemble filters.

(C2) We introduce the first proof of the accuracy of the EnKF as a quantifier of
uncertainty for near-linear state dynamics.

(C3) We develop a continuum formulation of the attention mechanism, which
enables the design of transformer neural operators together with the first
universal approximation theorem for this class of architectures.

(C4) We introduce a fully data-driven approach to smoothing and forecasting em-
ploying neural operators. We formulate and prove the first universal approx-
imation theorem for the smoothing and forecasting maps, and demonstrate
the practical performance of this approach on a range of nonlinear dynamical
systems.

(C5) We introduce measure neural mappings, the first neural operators defined on
spaces of probability measures, opening a new avenue for Bayesian inference.
We use this methodology to learn the DA analysis map, and enhance traditional
model-driven ensemble filters.

In Chapter 2 we work in the context of the state observation model, and introduce the
general form of the state estimation problem, and the associated filtering problem
of recovering the conditional distribution of state given observations. We develop
a mean-field formulation of the filtering problem, which provides a rigorous de-
scription of the evolution of the conditional distribution. We use this perspective to
introduce the ensemble Kalman methodology, hence Contribution (C1). In Chap-
ter 3 we use the mean-field formulation and the tools developed in Chapter 2 to
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introduce a novel analytical framework to quantify the uncertainty represented by
ensemble Kalman filters, and use this framework to prove the first result on the
accuracy of the EnKF as a quantifier of uncertainty for near-linear state dynamics,
thus addressing Contribution (C2). This analysis and the contruction of ensemble
Kalman filters using linear-Gaussian approximations suggests an inherent limita-
tion of the EnKF in quantifying uncertainty for highly nonlinear dynamics, which
motivates the development learning based methodology that overcomes this con-
straint. In Chapter 4 we introduce the transformer neural opperator architecture and
universal approximation theory for this class of methods. This chapter addresses
Contribution (C3) and underpins the algorithmic developments of the subsequent
chapters. In Chapter 5 we introduce a fully data-driven approach to smoothing and
forecasting employing neural operators. Leveraging the universal approximation
theory developed in Chapter 4, we prove the first universal approximation result
for the smoothing and forecasting maps, thus addressing Contribution (C4). We
also demonstrate the practical performance of a transformer based approach on a
range of nonlinear dynamical systems. We conclude in Chapter 6 by introducing
a transformer operator mapping between spaces of probability measures. We use
this approach to learn the analysis map in an ensemble filtering framework, beat-
ing traditional model-driven approaches on a range of experimental settings, hence
Contribution (C5). This represent the first step towards building learning-based
algorithms for accurate and scalable probabilistic conditioning.

1.2 Notation
Throughout we denote the positive integers and non-negative integers respectively
by N = {1, 2, · · · } and Z+ = {0, 1, 2, · · · }, and the notation R = (−∞,∞) and
R+ = [0,∞) for the reals and the non-negative reals. For a set 𝐷, we denote by 𝐷
the closure of the set, i.e., the union of the set itself and the set of all its limit points.
We will occasionally write J1, 𝑛K ⊂ N to denote the set {1, . . . , 𝑛}. We use F (𝐴)
to denote the set of all nonempty finite subsets of a set 𝐴.

1.2.1 Vectors, Matrices, Euclidean Spaces
In the following let 𝐴, 𝐵, 𝐶 be symmetric matrices. We write 𝐴 ≻ 𝐵 when 𝐴 − 𝐵 is
positive definite and 𝐴 ⪰ 𝐵 when 𝐴−𝐵 is positive semi-definite. We will also write
𝐴 ≺ 𝐵 when 𝐵 − 𝐴 ≻ 0 and 𝐴 ⪯ 𝐵 when 𝐵 − 𝐴 ⪰ 0. We let ⟨·, ·⟩, | · | denote the
Euclidean inner-product and norm, noting that |𝑣 |2 = ⟨𝑣, 𝑣⟩. We write ⟨·, ·⟩R𝑑 , | · |R𝑑
if we want to make explicit the dimension of the space on which the Euclidean inner
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product is computed. We also use | · | to denote the resulting induced norm on
matrices. We may also use | · | to denote the cardinality of a set, but the distinction
will be clear from context. We will also denote by | · |1 the norm on the vector space
ℓ1. For 𝐶 ≻ 0 (and therefore a covariance matrix) we define ⟨·, ·⟩𝐶 and | · |𝐶 , the
covariance-weighted Euclidean inner-product and norm, by ⟨𝑢, 𝑣⟩𝐶 =

〈
𝑢, 𝐶−1𝑣

〉
and

|𝑣 |2
𝐶
= ⟨𝑣, 𝑣⟩𝐶 . We use : to denote the Frobenius inner-product between matrices,

and | · |F the induced norm on matrices.

1.2.2 Normed Spaces and Operators
We denote by 𝐶 (𝐷;R𝑑) the infinite dimensional Banach space of continuous func-
tions mapping the set 𝐷 to the 𝑑-dimensional vector spaceR𝑑 . The space is endowed
with the supremum norm ∥•∥∞. Similarly, we denote by 𝐿2(𝐷;R𝑑) the infinite di-
mensional space of square integrable functions mapping 𝐷 to R𝑑 . The space is
endowed with the 𝐿2 inner product, which induces the norm on the space. We will
sometimes use the shorthand notation 𝐶 (𝐷) and 𝐿2(𝐷) to denote continuous func-
tions and square integrable functions defined on the domain 𝐷, respectively, when
the image space is irrelevant. Similarly, we sometimes drop the domain notation
completely, when it is clear from context. For integers 𝑠 ⩾ 0 we denote by 𝐶𝑠 the
space of continuously differentiable functions up to order 𝑠. Let 𝐶∞ denote the
infinite dimensional real vector space of all infinitely differentiable functions. For
any function 𝑓 ∈ 𝐶𝑠

(
R𝑑1;R𝑑2

)
and any 0 ⩽ 𝑘 ⩽ 𝑠, we define by D𝑘 𝑓 (𝑣) the 𝑘th

derivative at 𝑣 ∈ R𝑑1 viewed as the linear operator L
(⊗𝑘

𝑖=1 R
𝑑1;R𝑑2

)
. We endow

the space 𝐶𝑠 with the norm ∥•∥𝐶𝑠 defined as

∥ 𝑓 ∥𝐶𝑠 =
𝑠∑︁
𝑗=0
∥D 𝑗 𝑓 ∥∞, (1.1)

for any function 𝑓 ∈ 𝐶𝑠. We also use ∇, ∇· and Δ to denote the gradient, di-
vergence and Laplacian operations respectively. Given 𝑠 ⩾ 1, for any function
𝑓 ∈ 𝐶𝑠

(
R𝑑1;R𝑑2

)
and a vector field 𝑤 ∈ 𝐶𝑠−1 (R𝑑1;R𝑑1

)
, we also define L𝑤 𝑓 (𝑣),

the Lie derivative of 𝑓 along 𝑤, as

L𝑤 𝑓 (𝑣) = D 𝑓 (𝑣)𝑤(𝑣), 𝑣 ∈ R𝑑1 .

Note that L𝑤 𝑓 ∈ 𝐶𝑠−1 (R𝑑1;R𝑑2
)
. For 𝑘 ⩽ 𝑠 we also denote by L𝑘𝑤 𝑓 the Lie

derivative of 𝑓 along 𝑤 of order 𝑘 , defined by 𝑘−fold application of L𝑤. We will
occasionally drop the vector field from the notation when it is clear from the context.

For 𝑝 ∈ [1,∞), we denote by𝑊 𝑠,𝑝 the Sobolev space of functions possessing weak
derivatives up to order 𝑠 of finite 𝐿𝑝 norm. We use the notation 𝐻𝑠 to denote𝑊 𝑠,2.
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Given a function 𝑓 : R𝑛 → R and 𝑟 ⩾ 0, we let 𝐵𝐿∞ ( 𝑓 , 𝑟) denote the 𝐿∞ ball
of radius 𝑟 centered at 𝑓 . Similarly, for functions 𝑓 , 𝑔 and 𝑟 ⩾ 0, we denote by
𝐵𝐿∞

(
( 𝑓 , 𝑔), 𝑟

)
the 𝐿∞ ball of radius 𝑟 centered at ( 𝑓 , 𝑔), on the product space, i.e.

the set of all (𝔣, 𝔤) ∈ 𝐿∞(R𝑛) × 𝐿∞(R𝑑) satisfying

∥𝔣 − 𝑓 ∥𝐿∞ (R𝑛) ⩽ 𝑟, ∥𝔤 − 𝑔∥𝐿∞ (R𝑑) ⩽ 𝑟.

We write |•|𝐶0,1 for the 𝐶0,1 semi-norm, referring in particular to the Lipschitz
constant.

Throughout, general vector spaces will be written using a calligraphic fontU. We
denote by L(U;V) the infinite-dimensional space of linear operators mapping the
vector space U to the vector space V. We use F to denote the Fourier transform,
while F −1 will denote the inverse Fourier transform. Throughout the thesis we
will often distinguish operators acting on infinite-dimensional spaces by using the
mathsf font. For example, we distinguish operators acting on finite dimensional
spaces, such as 𝑄, and operators acting on infinite dimensional spaces, such as Q.

1.2.3 Probability Spaces
We denote by P(Ω) the space of probability measures defined on set Ω. We use E

andP to denote expectation and probability under the prevailing probability measure;
if we wish to make clear that measure 𝜋 is the prevailing probability measure then
we write E𝜋 and P𝜋. We denote by Law(𝑣) the law of a random variable 𝑣. We
apply the notation ⊥⊥ to denote independence of two random variables.

We let 𝛿𝑢 denote the Dirac mass on R𝑑 , centered at point 𝑢 ∈ R𝑑 . The notation
N(𝑚,𝐶) denotes the distribution of a Gaussian random variable with mean 𝑚 and
covariance 𝐶. We let G = G(R𝑑) denote the set of Gaussian probability measures
onR𝑑 (including indefinite covariances and hence all Dirac masses). We also use the
notation N(𝑚,𝐶) in the infinite dimensional context do denote a Gaussian measure
with covariance operator 𝐶; whether we are in the finite dimensional setting or
the infinite dimensional one will be clear from context. We also use the notation
unif(𝐷) to denote a uniform distribution defined over the domain 𝐷.

We will denote by P 𝑝 (R𝑛) the set of probability measures over R𝑛 with finite
moments up to order 𝑝. With the exception of empirical measures formed from finite
ensembles, this manuscript primarily deals with probability measures that have a
Lebesgue density, because of the assumptions concerning the noise structure in the
dynamics model and the data acquisition model. In this setting we occasionally abuse
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notation by using the same symbols for probability measures and their densities.
For 𝜇 ∈ P(R𝑛), the notation 𝜇(𝑥) for 𝑥 ∈ R𝑛 refers to the Lebesgue density of 𝜇
evaluated at 𝑥, while 𝜇[ 𝑓 ] for a function 𝑓 : R𝑛 → R will be notation for

∫
R𝑛 𝑓 d𝜇.

For function 𝑓 : R𝑛 → R𝑚 and measure 𝜇 ∈ P(R𝑛), we denote by 𝑓♯𝜇 ∈ P(R𝑚)
the measure given by the pushforward, under 𝑓 , of 𝜇.

For a probability measure 𝜇 ∈ P(R𝑛), the notationM𝑞 (𝜇) denotes the 𝑞th polyno-
mial moment under the measure 𝜇, defined as

M𝑞 (𝜇) :=
∫
R𝑛
|𝑥 |𝑞𝜇(d𝑥). (1.2)

We denote byM(𝜇) and C(𝜇) the mean and covariance under 𝜇, respectively:

M(𝜇) = 𝜇[𝑥], C(𝜇) = 𝜇

[ (
𝑥 −M(𝜇)

)
⊗

(
𝑥 −M(𝜇)

) ]
.

We use P𝑅 (R𝑛) with 𝑅 ⩾ 1 to denote the subset of P(R𝑛) of probability measures
with mean and covariance satisfying the bounds

|M(𝜇) | ⩽ 𝑅,
1
𝑅2 𝐼𝑛 ≼ C(𝜇) ≼ 𝑅2𝐼𝑛, (1.3)

where 𝐼𝑛 denotes the identity matrix in R𝑛×𝑛, and ≼ is the partial ordering defined
by the convex cone of positive semi-definite matrices. Additionally, G𝑅 (R𝑛) is the
subset of G(R𝑛) of probability measures satisfying (1.3).

For 𝜋 ∈ P(R𝑑𝑢 × R𝑑𝑦 ) defined on the joint space of state and data associated with
random variable (𝑢, 𝑦) ∈ R𝑑𝑢 × R𝑑𝑦 we denote by M𝑢 (𝜋), M𝑦 (𝜋) the means of
the marginal distributions, and by C𝑢𝑢 (𝜋), C𝑢𝑦 (𝜋) and C𝑦𝑦 (𝜋) the blocks of the
covariance matrix C(𝜋). In particular, we write

M(𝜋) =
(
M𝑢 (𝜋)
M𝑦 (𝜋)

)
, C(𝜋) =

(
C𝑢𝑢 (𝜋) C𝑢𝑦 (𝜋)
C𝑢𝑦 (𝜋)T C𝑦𝑦 (𝜋)

)
. (1.4)

For ℎ : R𝑑𝑢 → R𝑑𝑦 we also define Cℎℎ (𝜋) to be the covariance of vector ℎ(𝑢), for
𝑢 distributed according to the marginal of 𝜋 on 𝑢, and C𝑢ℎ (𝜋) to be the covariance
between 𝑢 and ℎ(𝑢). Given this notation, we also introduce the set P2

≻0(R
𝑑𝑢×𝑑𝑦 ) of

probability measures 𝜋 with finite second moment satisfying C𝑦𝑦 (𝜋) ≻ 0.

We introduce the Gaussian projection operator G : P2(R𝑛) → G(R𝑛) defined by
G𝜇 = N

(
M(𝜇), C(𝜇)

)
.We refer to G as a projection because G𝜇 is the Gaussian dis-

tribution closest to 𝜇with respect to KL(𝜇∥•) (C. M. Bishop, 2006), where KL(𝜇∥𝜋)
denotes the Kullback–Leibler (KL) divergence of 𝜇 from 𝜋. We note that G defines
a nonlinear mapping. Throughout Chapter 3 we make use of the following weighted
total variation distance as in J. A. Carrillo et al., 2024:
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Definition 1.2.1. Let 𝑔 : R𝑛 → [1,∞) define the function 𝑔(𝑣) := 1 + |𝑣 |2. The
weighted total variation metric 𝑑𝑔 : P(R𝑛) × P(R𝑛) → R is defined by

𝑑𝑔 (𝜇1, 𝜇2) = sup
| 𝑓 |⩽𝑔

��𝜇1 [ 𝑓 ] − 𝜇2 [ 𝑓 ]
��,

where the supremum is taken over all functions 𝑓 : R𝑛 → R bounded from above
by 𝑔 pointwise and in absolute value.

We denote by 𝑇#𝜋 the pushforward measure of 𝜋 by the map 𝑇 : if 𝑢 ∼ 𝜋 then
𝑇 (𝑢) ∼ 𝑇#𝜋. In Chapter 6 if an operator B on probability measures is defined as
the pushforward by a map, we denote the associated transport map with the font
𝔪𝔞𝔱𝔥𝔣𝔯𝔞𝔨, i.e. B(·) = 𝔅♯ (·) to make this connection clear.

1.2.4 Data Assimilation
In the context of DA, we use 𝑣 to denote the system states and 𝑦 to denote the
observations. The superscript † indicates true values and the subscript 𝑗 ∈ Z+

denotes the time step. For ensemble methods, we use the parenthesized superscript
(𝑛) for the ensemble index.



Part I

Ensemble Data Assimilation

9
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C h a p t e r 2

ENSEMBLE KALMAN METHODS: A MEAN FIELD
PERSPECTIVE

2.1 Introduction
The ensemble Kalman methodology comprises an innovative and flexible set of tools
which can be used for both state estimation in dynamical systems and parameter esti-
mation for generic inverse problems. It has primarily been developed by practitioners
in the geophysical sciences, with notable impact on the fields of oceanography, oil
reservoir simulation and weather forecasting. Despite its widespread adoption in
the geosciences over several decades, firm theoretical foundations are only recently
starting to emerge; the methodology is hard to analyze. The purpose of this chapter
is twofold: a) to introduce a mathematical framework for the analysis of ensemble
Kalman methods, describing what is known and highlighting the many open math-
ematical challenges in the field; and b) to provide a literature survey which bridges
the domain-specific development of the methodology with emerging mathematical
analyses. In so doing we will also highlight the flexibility of the methodology for use
in widespread applications, beyond its historical development in the geosciences.

The novel perspective which underlies all of this material is the derivation of ensem-
ble Kalman methods as particle approximations of carefully designed mean field
models. The relationship of these mean field models to exact transport models, for
Gaussian problems, serves to motivate their form.

In Subsection 2.1.1 we overview the history of ensemble Kalman methods. Subsec-
tion 2.1.2 describes the organization of the chapter.

2.1.1 Historical Context
The Kalman filter (KF) is arguably the first setting in which the systematic inte-
gration of observational data with a dynamical system was considered, leading to
both discrete time (Kalman, 1960) and continuous time (Kalman and Bucy, 1961)
formulations; see Welch, G. Bishop, et al. (1995) for an overview. The Kalman
filter applies only in the setting of linear Gaussian dynamics and observations. In
this setting it computes the distribution of the state of the dynamical system, given
observations, exactly; this Bayesian perspective on the filter was highlighted in Ho
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and R. Lee (1964) subsequent to the original derivation in Kalman (1960) which
proceeded by computing the best linear predictor of the state, given data. The ex-
tended Kalman filter (historically denoted EKF; however the acronym ExKF is also
used and is useful) was introduced in order to extend Kalman’s ideas to nonlinear
problems; see the texts Andrew H Jazwinski (2007) and B. D. Anderson and Moore
(2012) for overviews. The extended Kalman approach is based on a linearization
approximation; it hence fails to exactly compute the distribution of the state of the
dynamical system, given observations, in general. Furthermore it requires propaga-
tion of covariance matrices which can be very large for applications arising in the
geosciences (Michael Ghil et al., 1981).

The ensemble Kalman filter (EnKF) was introduced in the celebrated paper Evensen
(1994) which made the consequential observation that, if an ensemble of state es-
timators is employed then it can also be used to make an approximation of the
covariance. In geosciences applications this circumvents the computation of large
covariances, replacing them instead with low rank approximations, with rank deter-
mined by the number of ensemble members. The original paper developed the idea in
the context of ocean models, but was rapidly and concurrently developed in a variety
of geoscience application domains (Van Leeuwen and Evensen, 1996; G. Burgers,
van Leeuwen, and G. Evensen, 1998; P.L. Houtekamer and M.L. Mitchell, 1998);
the paper Van Leeuwen (2020b) provides a historical overview. These methods are
sometimes referred as the stochastic EnKF: they require simulation of random vari-
ables to implement. A different class of ensemble methods, known collectively as
ensemble square root filters, was subsequently developed (Jeffrey L Anderson, 2001;
J.S. Whitaker and T.M. Hamill, 2002; C.H. Bishop, B.J. Etherton, and S.J. Majum-
dar, 2001; B.R. Hunt, E.J. Kostelich, and I. Szunyogh, 2007; M.K. Tippett et al.,
2003; P. Sakov and P.R. Oke, 2008); these methods are a form of deterministic
EnKF: they do not require simulation of random variables to implement.

Central to our mathematical presentation of Kalman-based methods is the adop-
tion of mean field and transport perspectives on the subject. The incorporation of
data within filtering constitutes (possibly approximate) application of Bayes’ the-
orem; the papers Daum, Huang, and Noushin (2010), Reich (2011), El Moselhy
and Y. M. Marzouk (2012), and the survey C. Cotter and Reich (2013) introduce
novel approaches to Bayesian inversion, rooted in transport and mean field models.
While El Moselhy and Y. M. Marzouk (2012), Spantini, Baptista, and Youssef Mar-
zouk (2022a) propose a direct numerical approximation of the underlying optimal
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transport problem, Daum, Huang, and Noushin (2010) and Reich (2011) pursue a
homotopy approach. We note that the homotopy approach is closely related to iter-
ative implementations of the EnKF, as first considered by G. Li and Albert Coburn
Reynolds (2009), Gu and Dean S Oliver (2007), and P. Sakov, D. S. Oliver, and
L. Bertino (2012); these homotopy approaches lead to continuous time formulations
of the EnKF in the limit of infinitely many iterations, as first considered by Berge-
mann and Reich (2010a) and Bergemann and Reich (2010b). Directly starting from
the continuous time filtering perspective, mean field models have been introduced
independently in Crisan and Xiong (2010) and T. Yang, Prashant G. Mehta, and
Meyn (2013).

The key connection between mean field models and ensemble methods is that the
latter can be derived as particle approximations of the mean field limit; this viewpoint
will play a guiding role in our presentation of the subject of ensemble methods in
this chapter. In this context it is notable that the field of optimization, which is linked
to Bayesian sampling through MAP estimation (Kaipio and Somersalo, 2006), has
also seen recent development using mean field models — see José A Carrillo et al.
(2018) for an overview and unifying mathematical framework.

The methods covered in this survey provide only approximate solutions to the
underlying filtering, inference and/or optimization problem, in the mean field limit.
The approximations invoked are based on assuming linear Gaussian structure, where
the mean field models are exact, but applying the resulting methodology outside this
regime. In the context of the optimization and Bayesian approaches to inversion,
affine invariant algorithms (introduced in Goodman and Weare (2010)) play an
important conceptual role in understanding the power of ensemble Kalman methods:
affine invariance can be used to show universal convergence rates for linear Gaussian
problems. Empirically the affine invariance confers advantages when ensemble
Kalman methods are applied beyond the linear Gaussian setting. In practice this
benefit must be weighed against the error resulting from using ensemble Kalman
methods outside the linear Gaussian setting.

Alternative methods, such as sequential Monte Carlo, can be designed to be con-
sistent with the underlying nonlinear filtering problem, and do not rely on being
exact only for linear Gaussian problems. The books Doucet, De Freitas, and Gor-
don (2001) and Chopin and Papaspiliopoulos (2020) overview use of sequential
Monte Carlo methods for general discrete time filtering and inference problems; the
papers Pierre Del Moral (1997) and Pierre Del Moral and Guionnet (2001) prove
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convergence of sequential Monte Carlo methods, including in some specific cases
over long time horizons. However, sequential Monte Carlo methods suffer from a
curse of dimensionality and are presently not directly applicable to high dimensional
problems as arising, for example, from geophysical applications. This issue with the
curse of dimensionality provides an important motivation for the ensemble methods
covered in this survey. See Snyder et al. (2008), Bickel, B. Li, and Bengtsson
(2008), Rebeschini and Van Handel (2015) and Agapiou et al. (2017) for detailed
discussion of these issues. Related issues also arise for Monte Carlo Markov chain
(MCMC) when studying Bayesian inverse problems (Kaipio and Somersalo, 2006).
See Hairer, Andrew M Stuart, and Vollmer (2014) for an analysis of the degeneration
of performance of standard MCMC methods in high dimensions, as well as analysis
of special MCMC methods tailored to infinite dimensional problems; the subject is
overviewed in S. L. Cotter et al. (2013).

This completes our chronological overview of the historical context for the de-
velopment of ensemble Kalman methods, and the specific mathematical context
which will be our focus. Each of the four subsequent sections concludes with a
bibliographic subsection in which a deeper literature review is given.

2.1.2 Overview
Section 2.2 is devoted to the problem of state estimation for discrete time (possibly
stochastic) dynamical systems, given noisy observations. We formulate the problem
from the perspectives of both control theory and probability, and we provide a uni-
fying approach to algorithms for these problems; the approach rests on transport of
measures and mean field stochastic dynamical systems. Ensemble Kalman methods
are then derived as particle approximations of the mean field models.

Figure 2.1: Organizational flow employed in Section 2.2 concerning state estimation
in discrete time.

Section 2.2 is organized according to the flow of ideas displayed in Figure Figure 2.1.
Indeed, starting from a probabilistic perspective, that describes the evolution of the
filtering distribution, it is possible to formulate mean field maps whose sample
paths on state space are equal in law to the filtering evolution. Since it is typically
not tractable to identify these maps explicitly, it is of interest to determine mean
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field maps whose sample paths are only approximately equal in law to the filtering
evolution. This leads to the idea of second order mean field models whose sample
paths have law with first and second order moments which match those of a Gaussian
approximation of the Bayesian data incorporation step. Particle approximations of
these second order mean field maps are then used to derive implementable numerical
algorithms which are the ensemble Kalman methods implemented in practice.

2.2 State Estimation: Discrete Time
In Subsection 2.2.1 we provide the set-up for the problem of state estimation in
discrete time. Subsection 2.2.2 introduces an algorithm for this problem based on a
control theoretic perspective. Subsection 2.2.3 describes the Bayesian probabilistic
perspective; in this subsection algorithms are not presented but foundations for the
creation of algorithms are laid through the decomposition of the filtering cycle into
an iteration which alternates prediction and the assimilation of data. In Subsec-
tion 2.2.4 we introduce the important idea of Gaussian projection, and the resulting
Gaussian projected filter. Subsection 2.2.5 introduces various mean field dynamical
systems which approximate the filtering cycle; a unifying transport map perspective
is adopted. This leads, in Subsection 2.2.6, to definitions of the ensemble Kalman
filter, the ensemble adjustment filter and the ensemble transform filter, all derived
as particle approximations of specific mean field models. We conclude with biblio-
graphic notes in Subsection 2.2.7 in which we review relevant literature, and include
discussion of a variety of other algorithms for state estimation, and relate them to
the perspective we adopt here.

We emphasize that all the mean field methods we derive in this section for the
solution of filtering problems are exact only in the linear Gaussian setting. They
may be implemented beyond this setting, however, and are empirically found to work
well for many problems. Theory to justify this observation is very much needed.
Our exposition provides a framework for such a theory.

2.2.1 Set-Up
The objective of sequential data assimilation is to iteratively update the state of a
(possibly stochastic) dynamical system based on observations and knowledge of the
dynamical and observational processes; we refer to this as state estimation. The
typical setting is one in which the initial condition is uncertain, but this uncertainty
is compensated for by (typically noisy) observations of a (possibly nonlinear and
indirect) function of the state. These observations often live in a space of lower
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dimension than the dimension of the state space meaning that the goal of state esti-
mation goes beyond denoising, and into the realm of control theoretic considerations
such as observability.

A useful starting point is to consider a stochastic dynamical system in which the
evolution of the state, and the relationship between the observations (which we also
refer to as data) and the state, are defined, respectively, by the equations

𝑣𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.1a)

𝑦𝑛+1 = ℎ(𝑣𝑛+1) + 𝜂𝑛+1, (2.1b)

taken to hold for all 𝑛 ∈ Z+. We assume that, for each fixed 𝑛 ∈ Z+, the state
𝑣𝑛 ∈ R𝑑𝑣 and the observations 𝑦𝑛 ∈ R𝑑𝑦 . The maps Ψ(·) and ℎ(·) describe the
systematic, deterministic components of the dynamics and observation processes,
and are assumed to be known measurable functions (with respect to the Borel
algebra), bounded on compact sets. The initial condition for 𝑣0 is assumed random
and the systematic components of the model are subjected to mean zero noise, 𝜉𝑛 and
𝜂𝑛+1. To be concrete we assume 𝑣0, {𝜉𝑛}𝑛∈Z+ and {𝜂𝑛}𝑛∈N are mutually independent
Gaussians defined by

𝑣0 ∼ N(𝑚0, 𝐶0), 𝜉𝑛 ∼ N(0, Σ) i.i.d., 𝜂𝑛 ∼ N(0, Γ) i.i.d. . (2.2)

In practice we will have available to us the observation coordinates of a specific true
realization of the random dynamical system (2.1), from which we wish to recover
the specific true realization of the state that gave rise to these observations. We
denote the true realizations of the state of the system by sequence {𝑣†𝑛}𝑛∈Z+ , and
the observed data by {𝑦†𝑛}𝑛∈N. These are generated by 𝑣†0, {𝜉

†
𝑛}𝑛∈Z+ and {𝜂†𝑛}𝑛∈N,

specific realizations of the initial condition and state and observational noise from
the distribution defined by (2.2).

We let 𝑌†𝑛 = {𝑦†
ℓ
}1⩽ℓ⩽𝑛. Our objective is to estimate the state 𝑣†𝑛 at time 𝑛 from data

𝑌
†
𝑛 . Specifically, it is natural to think about this design objective in two different

ways:

• Objective 1: design an algorithm producing output 𝑣𝑛 from𝑌†𝑛 so that {𝑣𝑛}𝑛∈Z+
estimates {𝑣†𝑛}𝑛∈Z+ , the true state generated by (2.1a).

• Objective 2: design an algorithm which estimates the distribution of random
variable 𝑣𝑛 |𝑌†𝑛 .
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In both cases we are interested in Markovian formulations which update the estimate
𝑣𝑛, or the distribution 𝑣𝑛 |𝑌†𝑛 , sequentially as the data is acquired. In the next
two subsections we describe control theoretic and probabilistic approaches to this
problem which, respectively, provide the basis for algorithms addressing Objectives
1 and 2. We note that fulfilling Objective 2 immediately implies resolution of
Objective 1, for example by taking the mean of 𝑣𝑛 |𝑌†𝑛 as state estimator; but the
reverse is not typically true. However, Objective 1 is easier to address and is
especially relevant when noise levels are small; furthermore, its failure modes serve
to motivate approaches which are used to address Objective 2.

2.2.2 Control Theory Perspective
A very natural idea from control theory underlies ensemble Kalman filtering and
is encapsulated in the following algorithmic approach. This way of attacking state
estimation is most appropriate when |𝐶0 |, |Γ| and |Σ | are small so that the state and
observations are close to deterministic. To understand this setting we will first study
algorithms in which the covariances Γ and Σ are set to zero, and then return to the
inclusion of noise later.

The algorithmic idea works as follows: from current state estimate 𝑣𝑛, given 𝑌†𝑛 ,
predict the outcome of the model and data, denoted by (𝑣̂𝑛+1, ℎ̂𝑛+1), using the update
equations (2.1), but ignoring the noise; then correct the state estimate by nudging the
prediction using the mismatch between observed and predicted data (𝑦†

𝑛+1, ℎ̂𝑛+1).
This results in a deterministic map 𝑣𝑛 ↦→ 𝑣𝑛+1, assumed to hold for all 𝑛 ∈ Z+, of
the following form:

𝑣̂𝑛+1 = Ψ(𝑣𝑛), (2.3a)

ℎ̂𝑛+1 = ℎ(𝑣̂𝑛+1), (2.3b)

𝑣𝑛+1 = 𝑣̂𝑛+1 + 𝐾 (𝑦†𝑛+1 − ℎ̂𝑛+1). (2.3c)

Equations (2.3a, 2.3b) create predicted state and data from current estimate 𝑣𝑛 of
the state. The difference between the predicted data ℎ̂𝑛+1 and the true data 𝑦†

𝑛+1, the
latter found from a fixed realization of (2.1), is then used to correct the predicted
state resulting in (2.3c). We can write the algorithm compactly in the form

𝑣𝑛+1 = Ψ(𝑣𝑛) + 𝐾
(
𝑦
†
𝑛+1 − ℎ

(
Ψ(𝑣𝑛)

) )
. (2.4)

Choice of the gain matrix 𝐾 completes definition of an algorithm which we refer to
as 3DVAR.
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Remark 2.2.1. The nomenclature “3DVAR” was coined in the geophysics commu-
nity, and stands for three dimensional variational data assimilation. This is natural
for algorithms which incorporate spatially distributed data sequentially in time, in
the context where the state variable 𝑣 varies across three spatial coordinates. In
our setting the state variable 𝑣 is not required to have any spatial structure, but
the control formulation (2.4) reproduces the 3DVAR algorithm from the geophysics
community when it does. Hence we still refer to it as 3DVAR. We also note that the
method is perhaps more properly termed Cycled 3DVAR — “3DVAR” refers to the
assimilation of data at each observation time, and “Cycled” to doing this sequen-
tially in time as successive observations are acquired. The variant on 3DVAR which
uses data distributed over several times steps is known as 4DVAR; see bibliography
Subsection 2.2.7.

We note that the difference between the observed value 𝑦
†
𝑛+1 and its estimator

ℎ̂𝑛+1 = ℎ
(
Ψ(𝑣𝑛)

)
is often referred to as the innovation, and for this we introduce the

notation
ℑ𝑛 = 𝑦

†
𝑛+1 − ℎ̂𝑛+1. (2.5)

■

To illustrate 3DVAR we consider the linear setting:

Example 2.2.2. Assume that, for matrices 𝑀, 𝐻 of appropriate dimensions,

Ψ(·) := 𝑀 ·, ℎ(·) = 𝐻· (2.6)

and consider the setting in which there is no noise present. The 3DVAR algorithm
(2.4) is appropriate in this setting and reduces to

𝑣𝑛+1 = 𝑀𝑣𝑛 + 𝐾 (𝑦†𝑛+1 − 𝐻𝑀𝑣𝑛). (2.7)

Since there is no noise present it follows that 𝑦†
𝑛+1 = 𝐻𝑣

†
𝑛+1 = 𝐻𝑀𝑣

†
𝑛 and hence that

𝑣
†
𝑛+1 = 𝑀𝑣†𝑛 + 𝐾 (𝑦†𝑛+1 − 𝐻𝑀𝑣

†
𝑛). (2.8)

Subtracting (2.8) from (2.7) and defining 𝑒𝑛 = 𝑣𝑛 − 𝑣†𝑛 we find that

𝑒𝑛+1 = (𝐼 − 𝐾𝐻)𝑀𝑒𝑛.

Since the goal of data assimilation is to recover the true state from partial observa-
tions we wish to drive 𝑒𝑛 to zero as 𝑛→ ∞. Thus a key question, for given forward
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dynamical model 𝑀 and observation operator 𝐻, is whether it is possible to design
𝐾 to ensure that the spectrum of (𝐼 −𝐾𝐻)𝑀 is inside the unit circle. Such questions
are at the heart of the theory of linear control. Thus the subject of control theory is
fundamentally aligned with Objective 1. ■

In the following example we illustrate similar ideas to those from the preceding,
linear, example but within the nonlinear context. In subsequent subsections we will
show how the ideas can be generalized to an adaptive gain matrix 𝐾𝑛, leading us to
the ensemble Kalman methodology and to addressing both Objectives 1 and 2.

Example 2.2.3. To illustrate the 3DVAR algorithm (2.4) for state estimation we
consider the Lorenz ’96 (singlescale) model from Section 2.A. The unknown 𝑣 ∈
𝐶 (R+,R𝐿) satisfies the equations

¤𝑣ℓ = −𝑣ℓ−1(𝑣ℓ−2 − 𝑣ℓ+1) − 𝑣ℓ + 𝐹 + ℎ𝑣𝑚
(
𝑣ℓ

)
, ℓ = 1 . . . 𝐿 , (2.9a)

𝑣ℓ+𝐿 = 𝑣ℓ, ℓ = 1 . . . 𝐿 . (2.9b)

Here we set 𝐿 = 9, ℎ𝑣 = −0.8 and 𝐹 = 10. Function𝑚 is shown in Figure Figure 2.1.
1

Figure 2.1: Graph of function 𝑚 appearing in Lorenz ’96 model (2.9).

We let Ψ denote the solution operator for (2.9) over the observation time interval 𝜏,
suppresing the explicit dependence on 𝜏 for notational convenience. We emphasize
that, at the parameter values we have chosen, the solution to (2.9) is chaotic and

1We note that setting ℎ𝑣 = 0 in (2.9) leads to the standard singlescale Lorenz’96 model. We
have ℎ𝑣 ≠ 0 leading to a nonstandard version of the model. However, the specific choice of function
𝑚(·) does not make any material difference to what is presented in this example; any function 𝑚(·)
for which the equation is well-posed will lead to similar conclusions.
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exhibits sensitivity to perturbations. Prediction is thus challenging. But we will
show that use of data enables accurate prediction.

We consider observations {𝑦†𝑛}𝑛∈Z+ arising from the model

𝑣
†
𝑛+1 = Ψ(𝑣†𝑛) + 𝜉†𝑛 ,
𝑦
†
𝑛+1 = ℎ(𝑣†

𝑛+1) + 𝜂
†
𝑛+1,

where {𝜉†𝑛}𝑛∈Z+ , {𝜂†𝑛}𝑛∈N are mutually independent Gaussian sequences defined by

𝜉†𝑛 ∼ N(0, 𝜎2𝐼) i.i.d., 𝜂†𝑛 ∼ N(0, 𝛾2𝐼) i.i.d. .

Because of the chaotic nature of the dynamical system defined by iteration of Ψ, a
key question concerning the problem of determining the state 𝑣†𝑛 from 𝑌

†
𝑛 is whether

the observations compensate for the sensitive dependence of the state evolution,
enabling accurate recovery of the state; and whether there is then a choice of 𝐾 in
3DVAR which enables this data to be used to accurately recover the state.

We assume that the observation function is linear: ℎ(𝑣) = 𝐻𝑣 for matrix 𝐻 : R9 →
R6 defined by

𝐻𝑣 = (𝑣1, 𝑣2, 𝑣4, 𝑣5, 𝑣7, 𝑣8)⊤. (2.10)

The 3DVAR algorithm (2.3) reduces, in the setting of this example, to the mapping

𝑣𝑛+1 = (𝐼 − 𝐾𝐻)Ψ(𝑣𝑛) + 𝐾𝑦†𝑛+1. (2.11)

We define the filter by choosing gain 𝐾 : R6 → R9 to be

𝐾𝑤 = (𝑤1, 𝑤2, 0, 𝑤3, 𝑤4, 0, 𝑤5, 𝑤6, 0)⊤. (2.12)

To interpret the algorithm, and motivate the choice of 𝐾 , given 𝐻, notice that

𝐾𝐻𝑣 = (𝑣1, 𝑣2, 0, 𝑣4, 𝑣5, 0, 𝑣7, 𝑣8, 0)⊤, (2.13a)

(𝐼 − 𝐾𝐻)𝑣 = (0, 0, 𝑣3, 0, 0, 𝑣6, 0, 0, 𝑣9)⊤, (2.13b)

𝐻𝐾 = 𝐼 . (2.13c)

Applying the observation map 𝐻 to the recursion (2.11) and using (2.13c) we find
that

𝐻𝑣𝑛+1 = 𝑦
†
𝑛+1 = 𝐻

(
Ψ(𝑣†𝑛) + 𝜉†𝑛

)
+ 𝜂†

𝑛+1.

Assuming that 𝜎2 and 𝛾2 are small and neglecting the noise contributions shows
that

𝑦
†
𝑛+1 ≈ 𝐻Ψ(𝑣†𝑛) ≈ 𝐻𝑣†𝑛+1.
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Thus, ignoring small noise perturbations, 𝑦†
𝑛+1 ≈ 𝐻𝑣

†
𝑛+1. Then, using (2.13a) and

(2.13b) we see that the algorithm (2.11) has the very natural (approximate) inter-
pretation of iterating using the model Ψ to update the unobserved components and
using the observed true state to update the observed components. This explains why
the specific choice of 𝐾 is reasonable.

Because of this interpretation it is natural to study the 3DVAR algorithm, for this
example, by displaying the output of 3DVAR on one of the unobserved components,
and comparing with the truth; the key question is whether the observed components
induce synchronization of 3DVAR with the truth in the unobserved components.
Thus, in the following numerical experiments, we display component 𝑣3.

Figure Figure 2.2 illustrates the foregoing intuition about the behavior of 3DVAR
in experiments conducted with the choice 𝜏 = 10−3. For small noise with standard
deviations of size 10−3 we observe in Figure Figure 2.2a the phenomenon of near
perfect synchronization of the 3DVAR output with the truth. Although not shown
here, this synchronization occurs in all components of the solution, observed and
unobserved, and thus the entire state of 3DVAR synchronizes with the truth, up to
a small error on the scale of the noise. The algorithm thus produces an accurate
estimate of the true state. In Figure Figure 2.2b larger state and observational noise,
of standard deviation 10−1, is considered. In this scenario 3DVAR still captures the
correct trend of the true dynamics, but there are clear overshoots and undershoots
in the estimates; this occurs because the noise is larger than in Figure Figure 2.2a
and because noise is not accounted for in the 3DVAR algorithm.

It is intuitive that the synchronization phenomena studied above will depend not
only on the size of the noise, but also on the observation time intervals 𝜏. Figure
Figure 2.3 illustrates the effect of varying 𝜏, in the setting where the noise standard
deviation is 10−3. The simulations show that, for the larger value of 𝜏, 3DVAR does
not estimate the true state as accurately as for the smaller value. ■

Remark 2.2.4. A common source of error in application of data assimilation algo-
rithms in practice arises from the fact that the data is not produced by the mathe-
matical model used for assimilation. This is known as model misspecification. In
the context of this section we will make the perfect model assumption, avoiding the
model misspecification issue.

The control theoretic approach of 3DVAR addresses Objective 1. However, when
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(a)

(b)

Figure 2.2: In both (a) and (b) the estimates of 𝑣3 in time produced by 3DVAR
using observation time interval 𝜏 = 10−3 are displayed and compared with dns. In
(a) 𝜎 and 𝛾 are set to 10−3, while in (b) to 10−1. The acronym “dns” refers to
direct numerical simulation of a true trajectory of the chaotic dynamical system. In
both cases, it is noteworthy that 3DVAR is able to synchronize with the dns even
though it is initialized far from the true initial condition. This is an example of data
assimilation overcoming sensitive dependence in a chaotic system.

|𝐶0 |, |Γ| and |Σ | are no longer necessarily small, so that the state and observations are
subject to noise, it is natural to try and generalize the approach to address Objective
2, and include non-zero covariances; Figure Figure 2.2b from Example 2.2.3 shows
that this may indeed be needed when the noise is larger. A natural stochastic
generalization of the observer approach is as follows: from current state estimate
𝑣𝑛, given 𝑌†𝑛 , predict the outcome of the model and data from the update equations
(2.1), which we denote by (𝑣̂𝑛+1, 𝑦̂𝑛+1); then correct the state estimate by nudging
the mean of the prediction using the mismatch between observed and predicted data
(𝑦†
𝑛+1, 𝑦̂𝑛+1). Given 𝑣𝑛 computed from 𝑌

†
𝑛 this results in state estimate 𝑣𝑛+1 from
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(a)

(b)

Figure 2.3: In both (a) and (b) the noise standard deviations 𝜎 and 𝛾 are set to 10−3.
In (a) we display the estimates of 𝑣3 in time produced by 3DVAR using observation
time interval 𝜏 = 5 · 10−1, compared with dns; (b) displays the estimates obtained
at unit time using assimilation at 𝜏 = 5 · 10−1 and 𝜏 = 100. Again the acronym
“dns” refers to direct numerical simulation of the true chaotic dynamics. 3DVAR
successfully synchronizes with the dns at the smaller value of 𝜏 but fails to do as
well when the observation time interval 𝜏 is larger.

𝑌
†
𝑛+1 defined through the following stochastic dynamical system, assumed to hold

for all 𝑛 ∈ Z+ :

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.14a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1, (2.14b)

𝑣𝑛+1 = 𝑣̂𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − 𝑦̂𝑛+1); (2.14c)

here 𝑣0, 𝜉𝑛 and 𝜂𝑛+1 are random variables given by the known distributions in (2.2).
Note that the innovation ℑ𝑛 is now modified from (2.5) to read

ℑ𝑛 = 𝑦
†
𝑛+1 − 𝑦̂𝑛+1. (2.15)
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The data {𝑦†
𝑛+1}𝑛∈Z+ is a fixed realization of (2.1). Given this data, equations (2.14)

then define a random map 𝑣𝑛 ↦→ 𝑣𝑛+1 which uses knowledge of the model and the
observed data to update our state estimate. The predicted state and data (𝑣̂𝑛+1, 𝑦̂𝑛+1)
are also referred to as the simulated state and data. Choice of the gain matrix 𝐾𝑛
will complete definition of an algorithm. The key question we proceed to study
in subsequent sections concerns the choice of {𝐾𝑛}𝑛∈Z+ when addressing Objective
2. Before doing so we build on Example 2.2.3, studying the effect of noise on
the 3DVAR algorithm, which is aimed at addressing Objective 1, and for which
𝐾𝑛 = 𝐾 is constant. The resulting Example 2.2.5 demonstrates the need for an
adaptive choice of 𝐾𝑛 when noise is significant; it serves to motivate algorithms
which address Objective 2.

Example 2.2.5. We return to the setting of Example 2.2.3 and consider the effect of
including noise in 3DVAR as in (2.14). We again study the Lorenz ’96 singlescale
model (2.9) for unknown 𝑣 ∈ 𝐶 (R+,R𝐿), with 𝐿 = 9, ℎ𝑣 = −0.8 and 𝐹 = 10. We
let Ψ denote the solution operator for (2.9) over the observation time interval 𝜏 and
consider observations {𝑦†𝑛}𝑛∈Z+ defined by

𝑣
†
𝑛+1 = Ψ(𝑣†𝑛) + 𝜉†𝑛 ,
𝑦
†
𝑛+1 = ℎ(𝑣†

𝑛+1) + 𝜂
†
𝑛+1,

where {𝜉†𝑛}𝑛∈Z+ , {𝜂†𝑛}𝑛∈N are mutually independent Gaussian sequences

𝜉†𝑛 ∼ N(0, 𝜎2𝐼) i.i.d., 𝜂†𝑛 ∼ N(0, 𝛾2𝐼) i.i.d. ,

with 𝜎 = 0.1 and 𝛾 = 0.1. We again assume that the observation function is linear:
ℎ(𝑣) = 𝐻𝑣 for matrix 𝐻 : R9 → R6 defined by (2.10). As in Example 2.2.3 we
choose fixed gain 𝐾𝑛 ≡ 𝐾 with 𝐾 : R6 → R9 defined by (2.12).

Figure Figure 2.4 illustrates that this version of noisy 3DVAR produces trajectories
that resemble the true signal better than noise-free 3DVAR (2.11). However the noisy
3DVAR does not perform better than the noise-free 3DVAR, in this setting where
true state and true observation noise levels are high, in a quantitative sense. To
demonstrate this, we compute the mean squared error between the estimates arising
from the 3DVAR algorithm (2.11) and the true states, and the mean squared error
between the estimates obtained using noisy 3DVAR algorithm (2.14) and the true
states. Given either method the error 𝑒 is computed using the following formula, in
which, recall, {𝑣†𝑛} is the truth and {𝑣𝑛} is the output of the 3DVAR or noisy 3DVAR
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algorithm:

𝑒 =
1

𝑁 · 𝑑𝑣

𝑁∑︁
𝑛=1

��𝑣†
𝑛∗+𝑛 − 𝑣𝑛∗+𝑛

��2. (2.16)

Time 𝑡∗ = 𝑛∗𝜏 is chosen to remove error from the incorrect initialization, and focus
on quantifying error in statistical steady state, after synchronization. Here 𝑁 is
such that (𝑛∗ + 𝑁)𝜏 = 𝑇 and 𝑇 − 𝑡∗ is chosen large enough to allow time-averaging
over a long enough window to capture the statistical steady state. In this case, we
compute this average for the estimates obtained after time 𝑡∗ = 3, up to 𝑇 = 20, and
find errors 𝑒3DVAR = 1.65 · 100 and 𝑒noisy3DVAR = 3.30 · 100. Clearly use of noisy
3DVAR does not improve the error, in comparison with noise-free 3DVAR. ■

Figure 2.4: In this experiment we set the noise levels 𝜎 = 10−1, 𝛾 = 10−1. Again
the acronym “dns” refers to direct numerical simulation. We display the estimates
of 𝑣3 in time produced by noisy 3DVAR against the true dynamics using observation
time interval 𝜏 = 10−3. This should be compared with Figure Figure 2.2b in which
the noise-free 3DVAR is deployed to solve the same problem. Notice that adding
noise to 3DVAR has not improved the recovery of the true trajectory. However
qualitatively the output of 3DVAR now resembles the true signal more closely.

Example 2.2.5 highlights the need to quantify uncertainty and pass to a probabilistic
interpretation (Objective 2) of the filtering problem; and, in particular, to make an
informed choice of adaptive gain matrices 𝐾𝑛. We turn to the probabilistic inter-
pretation in the next subsection; in subsequent subsections we derive algorithms,
leading in particular to a specific choice of adaptive gain matrices.

2.2.3 Probabilistic Perspective
We have shown that the 3DVAR methodology can recover the state of a (possibly
chaotic) dynamical system, even though the initial condition is not known, by ex-
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ploiting the observations. However 3DVAR does not quantify uncertainty in the
state estimate; it is derived from a purely control theoretic perspective. We now
introduce a probabilistic perspective which enables us to address the issue of un-
certainty quantification. Subsection 2.2.3.1 discusses the unconditioned dynamics
from the perspective of evolution of probability densities. In Subsection 2.2.3.2 we
define the filtering distribution and describe this from the perspective of evolution
of probability densities. Subsection 2.2.3.3 introduces the sample path perspective
on algorithms for filtering, a central idea in this chapter. In Subsection 2.2.3.4 we
establish some notation, used throughout the sequel, that is important for the reader
to internalize.

2.2.3.1 Unconditioned Dynamics

To open our development of the probabilistic perspective we first consider the
unconditioned dynamics on state {𝑣𝑛}𝑛∈Z+ defined by (2.1a). We let 𝑟𝑛 denote the
probability density of random variable 𝑣𝑛 and derive an evolution equation for 𝑟𝑛.
Irrespective of whether the evolution of the state {𝑣𝑛}𝑛∈Z+ defined by (2.1a) is linear,
the evolution of {𝑟𝑛}𝑛∈Z+ is linear. Furthermore the evolution of the state and its
probability density are uncoupled from one another. The evolution of the probability
density implied by (2.1a) is given by

𝑟𝑛+1 = P𝑟𝑛, (2.17a)

(P𝑟) (d𝑣) =
(∫
𝑢∈R𝑑𝑣

𝑝(𝑢, 𝑣)𝑟 (d𝑢)
)
d𝑣, (2.17b)

𝑝(𝑢, 𝑣) = 1
(2𝜋)𝑑𝑣/2

√︁
d𝑒𝑡 (Σ)

exp
(
−1

2
|𝑣 − Ψ(𝑢) |2Σ

)
. (2.17c)

Thus, in particular, 𝑟𝑛 evolves in time 𝑛 through application of a linear integral
operator. We refer to {𝑣𝑛}𝑛∈Z+ defined by (2.1a) as a Markov process. The situa-
tion when we condition the state on observations is different, leading to nonlinear
evolution of densities.

2.2.3.2 The Filtering Distribution

Here we introduce the filtering distribution with density 𝜇𝑛: the distribution of the
conditioned random variable 𝑣𝑛 |𝑌†𝑛 . This captures the knowledge of the state of the
system, and uncertainties in the state, given the observations. To understand how
uncertainty in estimates of the state evolves it is thus important to understand how 𝜇𝑛

evolves with 𝑛. Unlike the unconditioned dynamics, this conditioned dynamics has



26

a nonlinear structure. Nonlinear evolution equations arise in filtering through the
incorporation of data. This nonlinearity renders filtering a challenging mathematical
and computational problem. To define this evolution we first define the linear
operator

(Q𝜇) (d𝑣, d𝑦) = 𝑞(𝑣, 𝑦)𝜇(d𝑣)d𝑦, (2.18a)

𝑞(𝑣, 𝑦) = 1
(2𝜋)𝑑𝑦/2

√︁
d𝑒𝑡 (Γ)

exp
(
−1

2
|𝑦 − ℎ(𝑣) |2Γ

)
. (2.18b)

Then we define the 𝑛−dependent family of two nonlinear operators

(B𝑛𝜋) (d𝑣) =
∫
𝑦∈R𝑑𝑦

𝛿
𝑦
†
𝑛+1
(𝑦)𝜋(d𝑣, d𝑦)

/(∫
(𝑣,𝑦)∈R𝑑𝑣×R𝑑𝑦

𝛿
𝑦
†
𝑛+1
(𝑦)𝜋(d𝑣, d𝑦)

)
,

(2.19)

L𝑛 (𝜇) (d𝑣) = 𝑞(𝑣, 𝑦†𝑛+1)𝜇(d𝑣)
/(∫

𝑣∈R𝑑𝑣
𝑞(𝑣, 𝑦†

𝑛+1)𝜇(d𝑣)
)
. (2.20)

The nonlinear map 𝜇𝑛 ↦→ 𝜇𝑛+1 is most easily described by first introducing 𝜇𝑛+1,
the distribution of 𝑣𝑛+1 |𝑌†𝑛 and 𝜋𝑛+1, the distribution of (𝑣𝑛+1, 𝑦𝑛+1) |𝑌†𝑛 . The map
from 𝜇𝑛 to 𝜇𝑛+1 is determined by equation (2.1a) and is linear as a map from the
space of probability measures defined onR𝑑𝑣 into itself as discussed in the preceding
subsection; the map from 𝜇𝑛+1 to 𝜋𝑛+1 is defined by (2.1b), and is also linear, now
as a map from the space of probability measures defined on R𝑑𝑣 into the space of
probability measures defined on R𝑑𝑣+𝑑𝑦 ; the map from 𝜋𝑛+1 to 𝜇𝑛+1 is defined by
conditioning 𝜋𝑛+1 on 𝑦†

𝑛+1 and is nonlinear as a map from the space of probability
measures defined on R𝑑𝑣+𝑑𝑦 into the space of probability measures defined on R𝑑𝑣 .

Using the preceding definitions of linear and nonlinear operators we have

𝜇𝑛+1 = P𝜇𝑛, (2.21a)

𝜋𝑛+1 = Q𝜇𝑛+1, (2.21b)

𝜇𝑛+1 = B𝑛 (𝜋𝑛+1). (2.21c)

Concatenating we find that

𝜇𝑛+1 = B𝑛 (QP𝜇𝑛), 𝜇0 = N(𝑚0, 𝐶0). (2.22)

This map defines an inhomogeneous nonlinear map on the space of probability
measures on R𝑑𝑣 . The map B𝑛 (QP·) may be decomposed into two maps: (i) the
prediction P, which represents application of the dynamical model (2.1a); and (ii)
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application of Bayes Theorem 2 through operator L𝑛· := B𝑛 (Q·), which corresponds
to use of likelihood defined by the observation model (2.1b). With this notation we
thus obtain

𝜇𝑛+1 = P𝜇𝑛, (2.23a)

𝜇𝑛+1 = L𝑛 (𝜇𝑛+1). (2.23b)

We refer to iteration of (2.23) as the filtering cycle. The cycle involves iterative
interleaving of prediction, using the dynamical model, a linear operation on mea-
sures, and Bayes Theorem, using the observation model, a nonlinear operation on
measures.

It is important to appreciate that there is, in general, no closed form expression
for 𝜇𝑛 defined by the iteration (2.23); thus (2.23) does not constitute an algorithm.
However if Ψ and ℎ are linear then, since 𝜇0 = N(𝑚0, 𝐶0) is Gaussian, it follows that
𝜇𝑛+1, 𝜋𝑛+1, 𝜇𝑛+1 are all Gaussian for all 𝑛 ∈ Z+, and closed form expressions, based
on dynamical updates of means and covariances, are available. This linear Gaussian
setting is discussed in the following example and linear Gaussian examples will
be used throughout the chapter. However the main thrust of the chapter concerns
nonlinear and non-Gaussian problems; for these problems further ideas, which we
will explain in subsequent subsections, are required to make actionable algorithms
from the iteration (2.23).

Example 2.2.6. To define the Kalman filter we consider the setting (2.6), where
Ψ(·) and ℎ(·) are both linear. Then (2.1) becomes

𝑣𝑛+1 = 𝑀𝑣𝑛 + 𝜉𝑛, (2.24a)

𝑦𝑛+1 = 𝐻𝑣𝑛+1 + 𝜂𝑛+1. (2.24b)

For this problem the mapping (2.23) may be solved explicitly. In fact 𝜇𝑛 and 𝜇𝑛 are
both Gaussian and we write their mean-covariance pairs as (𝑚𝑛, 𝐶𝑛) and (𝑚𝑛, 𝐶𝑛)
respectively. Then 𝜇𝑛+1 is determined from 𝜇𝑛 by the formulae

𝑚𝑛+1 = 𝑀𝑚𝑛, (2.25a)

𝐶𝑛+1 = 𝑀𝐶𝑛𝑀
⊤ + Σ, (2.25b)

the prediction step. Measure 𝜇𝑛+1 is determined from 𝜇𝑛 by the application of
a Bayesian update, solving the inverse problem defined by (2.24b); this inverse

2Often referred to as the analysis step in the geophysical data assimilation community.
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problem is for 𝑣𝑛+1 given fixed realization of data 𝑦𝑛+1 = 𝑦
†
𝑛+1 generated by (2.24).

Since the prior and posterior are Gaussian we may complete the square to solve the
Bayesian inverse problem to give the following update formulae for the mean and
precision:

𝐶−1
𝑛+1𝑚𝑛+1 = 𝐶−1

𝑛+1𝑚𝑛 + 𝐻
⊤Γ−1𝑦†

𝑛+1, (2.26a)

𝐶−1
𝑛+1 = 𝐶−1

𝑛+1 + 𝐻
⊤Γ−1𝐻. (2.26b)

By use of the Woodbury matrix identity we obtain the following formulae expressed
in terms of covariances rather than precisions:

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐶𝑛+1𝐻
⊤(𝐻𝐶𝑛+1𝐻

⊤ + Γ)−1(𝑦†
𝑛+1 − 𝐻𝑚𝑛+1), (2.27a)

𝐶𝑛+1 = 𝐶𝑛+1 − 𝐶𝑛+1𝐻
⊤(𝐻𝐶𝑛+1𝐻

⊤ + Γ)−1𝐻𝐶𝑛+1. (2.27b)

The update equations (2.25) simply represent propagation of a Gaussian under the
linear dynamics defined by (2.24a); (2.27) corresponds to application of Bayes
theorem, and in this particular linear setting to conditioning a Gaussian, using
the observations defined by (2.24b) with 𝑦𝑛+1 = 𝑦

†
𝑛+1. The Kalman filter update

equations (2.25), (2.27) are well-defined if Γ ≻ 0. ■

The Gaussian setting of the preceding example is very special. But the idea of
making a Gaussian approximation will play a central role in ensemble Kalman
methods and as a consequence the explicit calculations in the example will be
generally useful. The perspective of invoking Gaussian approximations is introduced
in Subsection 2.2.4; it is subsequently developed to form the backbone of the
methodology highlighted in this chapter.

2.2.3.3 The Sample Path Perspective

In Subsection 2.2.3.1 we demonstrated that the (typically nonlinear) state space
evolution of {𝑣𝑛}𝑛∈Z+ defined by (2.1a) may be alternatively viewed in terms of the
linear evolution of probability density functions 𝑟𝑛 defined by (2.17). In Subsec-
tion 2.2.3.2 we showed that, when conditioned on observations, the evolution of the
probability density function becomes nonlinear and is defined by (2.21) or (2.23).
In this section we address the question of finding an evolution in state space that
is consistent with this nonlinear evolution of densities defined by (2.21) or (2.23).
Our aim is to generalize the control theoretic data assimilation algorithm given by
(2.14) in order to find such an evolution.
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Throughout this subsection let 𝑣𝑛 be a random variable distributed according
to Law(𝑣𝑛), let 𝑣̂𝑛+1 be random variable with Law(𝑣̂𝑛+1) = P Law(𝑣𝑛) and let
(𝑣̂𝑛+1, 𝑦̂𝑛+1) be random variable with law Q Law(𝑣̂𝑛+1). Using Law avoids a prolif-
eration of notation for the different measures arising from the use of various different
algorithms to approximate the filtering cycle.

All of the algorithms that we will introduce in what follows are based on a prediction
of state, and possibly observation, from Law(𝑣𝑛). To this end recall (2.14) and for
all 𝑛 ∈ Z+,

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.28a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1. (2.28b)

The distributions of 𝑣̂𝑛+1 and (𝑣̂𝑛+1, 𝑦̂𝑛+1) given by these equations define P Law(𝑣𝑛)
and Q Law(𝑣̂𝑛+1), respectively. A common theme in this chapter is to augment these
equations for the predicted state and data with a final map, to generalize (2.14c), of
the form

(𝑣̂𝑛+1, 𝑦̂𝑛+1) ↦→ 𝑣𝑛+1, (2.29)

or

𝑣̂𝑛+1 ↦→ 𝑣𝑛+1. (2.30)

These maps are chosen, respectively, to mimic (2.21) or (2.23). Then, if 𝑣𝑛 ∼
𝜇𝑛 the maps are designed so that 𝑣𝑛+1 ∼ 𝜇𝑛+1 where 𝜇𝑛 and 𝜇𝑛+1 are related
by the filtering update (2.21) or, equivalently, (2.23). A key observation is that
these maps will necessarily depend on the distributions of 𝑣̂𝑛+1 and 𝑦̂𝑛+1 rendering
the associated Markov processes of mean field type. Thus, in contrast to the
unconditioned dynamics, the state space evolution does not decouple from the
evolution of the associated probability density function; rather it depends on it. The
resulting state space evolution is said to define a nonlinear Markov process.

Note that, once (2.28) is augmented with either (2.29) or (2.30), we have a state
space evolution that describes, through the probability distribution of 𝑣𝑛, the filtering
process; the state space evolution can then be used as the basis for algorithms. Thus
the key question for such a program is the identification of either (2.29) or (2.30).
The existence of transport maps or, more generally, couplings, which define the steps
(2.29) or (2.30), follows under quite general conditions. But finding them explicitly
is generally difficult. Furthermore, the maps (2.29) and (2.30) are not uniquely



30

defined, in general. As a consequence of the difficulty in identifying mean field
transport maps, the algorithms we study will be based on identifying maps (2.29) or
(2.30) which only approximately achieve the filtering update (2.21). However, all
formulations considered in this survey will be of mean field type.

In summary, we refer to equations (2.28,2.29) or (2.28a,2.30) as providing a sample
path perspective. The resulting algorithms update state 𝑣𝑛 ↦→ 𝑣𝑛+1 and are designed
to exactly (in theory), and approximately (in practice), reproduce the probabilistic
perspective encapsulated in the three steps of (2.21), or the two steps of (2.23).
These algorithms result in a sample path {𝑣ℓ}𝑛ℓ=0 with property that (possibly only
approximately) Law(𝑣ℓ) = 𝜇ℓ . This idea is central to the algorithmic developments
in the chapter.

2.2.3.4 Important Repeatedly Used Notation

The approximations we develop will be based on matching first and second order
moments. In service of designing these approximations, it is useful to define various
first and second order statistics computed under the law of (𝑣̂𝑛+1, 𝑦̂𝑛+1). First define
mean and covariance of 𝑣̂𝑛+1 :

𝑚𝑛+1 = E𝑣̂𝑛+1, (2.31a)

𝐶𝑛+1 = E
( (̂
𝑣𝑛+1 − 𝑚𝑛+1) ⊗

(̂
𝑣𝑛+1 − 𝑚𝑛+1

) )
. (2.31b)

Then define mean of the predicted data, cross-covariance from predicted data to
state and covariance of the data:

𝑜𝑛+1 = E𝑦̂𝑛+1, (2.32a)

𝐶
𝑣𝑦

𝑛+1 = E
( (̂
𝑣𝑛+1 − 𝑚𝑛+1

)
⊗

(
𝑦̂𝑛+1 − 𝑜𝑛+1

) )
, (2.32b)

𝐶
𝑦𝑦

𝑛+1 = E
( (
𝑦̂𝑛+1 − 𝑜𝑛+1

)
⊗

(
𝑦̂𝑛+1 − 𝑜𝑛+1

) )
. (2.32c)

From these covariances we define the matrix

𝐾𝑛 = 𝐶
𝑣𝑦

𝑛+1(𝐶
𝑦𝑦

𝑛+1)
−1. (2.33)

This particular choice of 𝐾𝑛, known as the Kalman gain, plays a central role in the
mean field maps which underpin ensemble Kalman methods through their particle
approximations. Note that, if 𝐶𝑦𝑦

𝑛+1 is not invertible, then its action may still be
defined through a pseudo-inverse.
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It is sometimes useful to express the Kalman gain 𝐾𝑛 in terms of the variable
ℎ̂𝑛+1 = ℎ(𝑣̂𝑛+1) and without reference to predicted data 𝑦̂𝑛+1. For this purpose we
define the following correlation matrices, computed under the law of 𝑣̂𝑛+1:

𝑜𝑛+1 = Eℎ(𝑣̂𝑛+1), (2.34a)

𝐶𝑣ℎ𝑛+1 = E
( (̂
𝑣𝑛+1 − 𝑚𝑛+1

)
⊗

(
ℎ̂𝑛+1 − 𝑜𝑛+1

) )
, (2.34b)

𝐶ℎℎ𝑛+1 = E
( (
ℎ̂𝑛+1 − 𝑜𝑛+1

)
⊗

(
ℎ̂𝑛+1 − 𝑜𝑛+1

) )
. (2.34c)

Then, in place of (2.32) and (2.33), we have

𝐶
𝑣𝑦

𝑛+1 = 𝐶𝑣ℎ𝑛+1, 𝐶
𝑦𝑦

𝑛+1 = 𝐶ℎℎ𝑛+1 + Γ, (2.35a)

𝐾𝑛 = 𝐶
𝑣ℎ
𝑛+1

(
𝐶ℎℎ𝑛+1 + Γ

)−1
. (2.35b)

Note that, if Γ ≻ 0, 𝐾𝑛 is well-defined without recourse to the use of pseudo-inverse.

Example 2.2.7. In the setting of the linear and Gaussian Example 2.2.6 we have

𝐶
𝑣𝑦

𝑛+1 = 𝐶𝑛+1𝐻
⊤,

𝐶
𝑦𝑦

𝑛+1 = 𝐻𝐶𝑛+1𝐻
⊤ + Γ,

and the mean update (2.27a) may be written

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − 𝐻𝑚𝑛+1).

In particular only the single covariance 𝐶𝑛+1 needs to be computed. Note the
similarity of the resulting algorithm with the 3DVAR algorithm (2.8), in the linear
Gaussian setting, since in this linear case 𝑚𝑛+1 = 𝑀𝑚𝑛. It differs only through
having a time-varying gain matrix 𝐾𝑛. ■

This linear Gaussian setting provides some motivation for the Kalman gain. The
origin of this key concept in the more general nonlinear and non-Gaussian setting
will be described in the next subsection.

2.2.4 Gaussian Projected Filtering Distribution
The Gaussian projected filter gives a Gaussian approximation of the true filtering
distribution. It is defined by the following three steps:

• (i) taking input Gaussian at time 𝑛 as Law(𝑣𝑛) and pushing this measure for-
ward under (2.28) to find (typically non-Gaussian) measure Law(𝑣̂𝑛+1, 𝑦̂𝑛+1);
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• (ii) projecting this joint measure onto the nearest Gaussian (in a sense that we
will make precise);

• (iii) conditioning this Gaussian on the data 𝑦†
𝑛+1 to find output Gaussian at

time 𝑛 + 1.

We note that conditioning a Gaussian random variable on linear functionals of the
random variable returns another Gaussian. Thus the algorithm maps Gaussians
to Gaussians. The resulting approximation of the filtering distribution plays an
important role in motivating the mean field maps, introduced in Subection Subsec-
tion 2.2.5, that underly ensemble Kalman methods. It is also of interest as a method
in its own right.

In what follows in this subsection we introduce the Gaussian projected approximation
to the evolution (2.22). In the case where Ψ(·) and ℎ(·) are linear the resulting
formulae deliver exact solutions of the filtering cycle (2.22), leading to the Kalman
filter as given in Example 2.2.6. The Gaussian projected filter also leads to a
derivation of the Kalman gain (2.33), beyond the linear Gaussian setting.

To describe the Gaussian projected approximation to the filtering distribution, we
define the map G, definition of which uses P = P(R𝑑) and G = G(R𝑑) defined in
Section 1.2.

Definition 2.2.8. Define G : P ↦→ G by

G𝜇 = N(𝑚𝜇, 𝐶𝜇), 𝑚𝜇 = E𝜇𝑢, 𝐶𝜇 = E𝜇
(
(𝑢 − E𝜇𝑢) ⊗ (𝑢 − E𝜇𝑢)

)
,

where 𝑢 ∼ 𝜇. ■

Thus the map G applied to measure 𝜇 simply computes the Gaussian with mean
and covariance calculated with respect to the, typically non-Gaussian, measure 𝜇.
Notice that G is the identity on Gaussians. Furthermore G ◦G = G. We refer to this
as a projection onto Gaussians because it corresponds to finding the closest point to
given measure 𝜇, with respect to a Kullback-Leibler divergence3:

G𝜇 = a𝑟𝑔𝑚𝑖𝑛𝜋∈G𝑑KL(𝜇 | |𝜋). (2.36)

We now use mapping G to find an approximation to the evolution (2.21) which
generates measures remaining Gaussian; intuitively this will be a good approxima-
tion whilst the measures {𝜇𝑛} evolving under (2.22) remain close to Gaussian. To

3For details see the bibliography Subsection 2.2.7.
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this end we consider random variable 𝑣𝑛 ∼ 𝜇𝐺𝑛 where the probability measure 𝜇𝐺𝑛
evolves according to

𝜇𝐺𝑛+1 = B𝑛 (GQP𝜇𝐺𝑛 ), 𝜇𝐺0 = N(𝑚0, 𝐶0). (2.37)

This may be decomposed as follows:

𝜇𝐺𝑛+1 = P𝜇𝐺𝑛 , (2.38a)

𝜋𝐺𝑛+1 = Q𝜇𝐺𝑛+1, (2.38b)

𝜇𝐺𝑛+1 = B𝑛 (G𝜋𝐺𝑛+1). (2.38c)

Map (2.37) defines a nonlinear Markov process, similarly to (2.22). It also maps
Gaussians into Gaussians. This fact follows from the fact that the nonlinear map
B𝑛 (·), which represents conditioning, maps Gaussians into Gaussians. The map
𝜇𝐺𝑛 ↦→ 𝜇𝐺

𝑛+1 hence defines a deterministic mapping from the mean𝑚𝑛 and covariance
𝐶𝑛 of 𝜇𝐺𝑛 into the mean 𝑚𝑛+1 and covariance 𝐶𝑛+1 of 𝜇𝐺

𝑛+1. We now identify this
map explicitly.

For 𝑣𝑛 ∼ 𝜇𝐺𝑛 we introduce the random variables 𝑣̂𝑛+1, 𝑦̂𝑛+1 defined by (2.28). It then
follows that 𝑣̂𝑛+1 ∼ 𝜇𝐺𝑛+1 = P𝜇𝐺𝑛 and that (𝑣̂𝑛+1, 𝑦̂𝑛+1) ∼ 𝜋𝐺𝑛+1 = QP𝜇𝐺𝑛 . Note also
that 𝜇𝐺

𝑛+1 and 𝜋𝐺
𝑛+1 are not Gaussian, but are defined by the Gaussian 𝜇𝐺𝑛 and hence

completely determined by 𝑚𝑛 and𝐶𝑛. Thus the mean and covariance under 𝜇𝐺
𝑛+1 are

(𝑚𝑛+1, 𝐶𝑛+1) given by (2.31). Furthermore, G𝜋𝐺
𝑛+1 is defined by

G𝜋𝐺𝑛+1 = N
( [𝑚𝑛+1

𝑜𝑛+1

]
,

[
𝐶𝑛+1 𝐶

𝑣𝑦

𝑛+1(
𝐶
𝑣𝑦

𝑛+1
)⊤

𝐶
𝑦𝑦

𝑛+1

] )
, (2.39)

where all relevant quantities are defined in Subsection 2.2.3.4.

We now condition the Gaussian G𝜋𝐺
𝑛+1, on the second component of the vector

taking value 𝑦†
𝑛+1. From this we find the Gaussian measure 𝜇𝐺

𝑛+1 = B𝑛 (G𝜋𝐺𝑛+1)
characterized by mean 𝑚𝑛+1 and covariance 𝐶𝑛+1 given by the following lemma.

Lemma 2.2.9. Assume that Γ ≻ 0. Let 𝑚𝑛 and 𝐶𝑛 denote the mean and covariance
under the Gaussian projected filter. Consider equations (2.28) initialized at 𝑣𝑛 ∼
N(𝑚𝑛, 𝐶𝑛), and then (𝑚𝑛+1, 𝐶𝑛+1) defined by (2.31); furthermore, define the mean
of the observed data and covariances given by (2.32). Then 𝐶𝑦𝑦

𝑛+1 ≻ 0 for all 𝑛 ∈ Z+

and

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐶𝑣𝑦𝑛+1(𝐶
𝑦𝑦

𝑛+1)
−1 (𝑦†

𝑛+1 − 𝑜𝑛+1
)
, (2.40a)

𝐶𝑛+1 = 𝐶𝑛+1 − 𝐶𝑣𝑦𝑛+1(𝐶
𝑦𝑦

𝑛+1)
−1 (𝐶𝑣𝑦

𝑛+1
)⊤
, (2.40b)

where {𝑦†𝑛} arises from a fixed realization of (2.1). ^



34

Proof. We first note that 𝐶𝑦𝑦
𝑛+1 ≻ 0. Indeed, since by assumption Γ ≻ 0 and by

definition 𝐶ℎℎ
𝑛+1 ⪰ 0, then 𝐶ℎℎ

𝑛+1 + Γ ≻ 0. Hence by (2.35) we have that 𝐶𝑦𝑦
𝑛+1 ≻ 0.

Now consider the distribution of the Gaussian G𝜋𝐺
𝑛+1 given by (2.39). Conditioning

the resulting joint random variable on (𝑣, 𝑦) ∈ R𝑑𝑣 × R𝑑𝑦 on 𝑦 = 𝑦†
𝑛+1, it is possible

to conclude that from standard formulae for conditioned Gaussians that 𝑚𝑛+1 and
𝐶𝑛+1 are given by the expressions in (2.40).

Equations (2.28), (2.31), (2.32), and (2.40) define a mapping from 𝜇𝐺𝑛 , characterized
by (𝑚𝑛, 𝐶𝑛), into 𝜇𝐺

𝑛+1, characterized by (𝑚𝑛+1, 𝐶𝑛+1). They comprise an explicit
set of formulae for the mapping (2.37): since Gaussians are determined by mean
and covariance, the map on measures is completely determined by the map from
(𝑚𝑛, 𝐶𝑛) to (𝑚𝑛+1, 𝐶𝑛+1).

We note that (2.40) can also be rewritten as

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐶𝑣ℎ𝑛+1(𝐶
ℎℎ
𝑛+1 + Γ)

−1 (𝑦†
𝑛+1 − 𝑜𝑛+1

)
, (2.41a)

𝐶𝑛+1 = 𝐶𝑛+1 − 𝐶𝑣ℎ𝑛+1(𝐶
ℎℎ
𝑛+1 + Γ)

−1 (𝐶𝑣ℎ𝑛+1
)⊤
. (2.41b)

Equations (2.28), (2.31), (2.34) and (2.41) then also define the mapping from 𝜇𝐺𝑛

into 𝜇𝐺
𝑛+1 and also comprise an explicit set of formulae for the updates of the mean

and covariance which characterize mapping (2.37).

Finally we note that, using the definition (2.33) of Kalman gain, we can rewrite
(2.40) as

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐾𝑛
(
𝑦
†
𝑛+1 − 𝑜𝑛+1

)
,

𝐶𝑛+1 = 𝐶𝑛+1 − 𝐾𝑛
(
𝐶
𝑣𝑦

𝑛+1
)⊤
.

Thus we see how the Kalman gain arises naturally within the context of this Gaussian
projected filter.

Remark 2.2.10. The preceding explicit formulae for (2.37) involve the computation
of expectations under the non-Gaussian measure Law(𝑣̂𝑛+1, 𝑦̂𝑛+1). For this reason
they do not constitute an algorithm. A possible approach to algorithmic implemen-
tations involves quadrature to approximate the expectations, leading, for example,
to the unscented Kalman filter approach; details may be found in the bibliography
Subsection 2.2.7. However the formulation of explicit maps on Gaussians plays
another, important, role in this chapter: we use it as a way of explaining the sense in
which the distribution of our mean field models approximate evolution of measures
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under the true filtering distribution; see Subsection 2.2.5.6. The explicit map on
means and covariances can be used to derive the Kalman filter, which applies in the
linear Gaussian setting, and is presented in Example 2.2.6. ■

2.2.5 Mean Field Maps
In the previous section we did not adopt the sample path perspective, but rather
chose to represent the evolution of the filtering distribution, approximately, as the
evolution of Gaussians. In this subsection we introduce our first instance of the
sample path perspective, finding an evolution in state space which approximately
captures the evolution of the filtering distribution. Like the Gaussian projected filter
it uses a Gaussian ansatz, but in a different way, leading to a state space evolution
which is not Gaussian.

Note that elements of P(R𝑑) are infinite dimensional objects, for any 𝑑. Thus the
filtering distribution defines an evolution in an infinite dimensional space. This fact
goes to the heart of the computational challenges faced when solving the filtering
problem. These computational challenges are further exacerbated when 𝑑 ≫ 1.
The manifold of Gaussians G(R𝑑) is finite dimensional, because it is parameterized
by the mean and covariance and hence has dimension 1

2𝑑 (𝑑 + 3). The preceding
subsection provides explicit finite dimensional maps for the mean and covariance
which characterize the Gaussian projected filter 𝜇𝐺𝑛 ↦→ 𝜇𝐺

𝑛+1, an approximation
which is (intuitively) accurate when the true filter is close to Gaussian. Nonetheless
if 𝑑 ≫ 1 this method can still be prohibitive because the algorithm acts on a space
of dimension that grows quadratically in 𝑑.

To address the issue that the Gaussian projected filter may not be efficient if 𝑑 ≫ 1 we
introduce, in this section, a more ambitious aim: to find maps on finite dimensional
spaces of dimension 𝑑 with the property that (possibly only approximately) their
output is equal in law to the map on measures 𝜇𝑛 ↦→ 𝜇𝑛+1 given by the filtering
cycle. We achieve this by studying transport maps that achieve (2.29) or (2.30); we
then weaken this requirement and ask only for transport maps that approximately
achieve (2.29) or (2.30) in a manner that we will make precise. When combined with
(2.28), either (2.29) or (2.30) gives a sample path evolution which can be used as
the basis of algorithms to solve the filtering problem. This transport map viewpoint
leads us to the subject of mean field maps, namely random maps that depend on the
law of the state being mapped. When approximated by particle methods these maps
lead to methods that scale linearly with 𝑑, in contrast to the Gaussian projected filter
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which scales quadratically.

This section is organized as follows. We start in Subsection Subsection 2.2.5.1 with
an introduction to transport maps. Subsection Subsection 2.2.5.2 describes two dis-
tinct transport approaches which effect exact filtering: one based on the conditioning
component of the overall Bayesian inference step, a transport between probability
measures on different spaces; and the other based on the prior to posterior map that
constitutes the Bayesian inference step of filtering, a transport between probability
measures on the same space. We refer to these maps which effect exact filtering
as perfect transport.4 Subsections Subsection 2.2.5.4 and Subsection 2.2.5.5 are
concerned with approximations of these two perfect transports, and are motivated
in Subsection 2.2.5.3 with an explicit example. In these approximations the push-
forward under the transport map is designed to match only the first and second order
moments of the target measure. Hence these approximations are closely related
to, but they are different from, the previously defined Gaussian projected filter; we
elaborate on this connection in the summary Subsection 2.2.5.6. That subsection
also includes Example 2.2.15 in which we identify mean field formulations of the
Kalman filter; recall that this filter applies only to linear Gaussian systems, and is
defined in Example 2.2.6.

2.2.5.1 Transport Maps

We start by setting-up notation used throughout. Consider probability measures 𝜋
and 𝜋′ on R𝑑 and R𝑑

′ respectively, and recall the definition of pushforward of a
measure under under 𝑇 : R𝑑 → R𝑑

′ : the statement 𝜋′ = 𝑇♯𝜋 is a succinct way of
stating that, if Law(𝑣) = 𝜋 and 𝑣′ = 𝑇 (𝑣), then Law(𝑣′) = 𝜋′. Given probability
measures 𝜋 and 𝜋′ on R𝑑 and R𝑑

′ respectively, a transport 𝑇 : R𝑑 → R𝑑
′ from 𝜋 to

𝜋′ is a map with property that the pushforward of probability measure 𝜋 under 𝑇 ,
𝑇♯𝜋, is equal to probability measure 𝜋′. In the following we refer to 𝜋 as the source
measure and 𝜋′ as the target measure defining the transport. In our setting 𝜋′ will
be uniquely determined by 𝜋 and an observed piece of finite dimensional data. Thus
𝑇 depends on 𝜋 and so we may view 𝑇 as a mapping R𝑑 × P → R𝑑

′
, suppressing,

for the moment, explicit dependence on the observed data. We can compute the
pushforward under 𝑇 on any measure in P; but when we compute the pushforward

4Perfect transport should not be confused with optimal transport which identifies among all
(perfect) transport maps the one minimizing a certain cost functional such as that leading to the
Wasserstein distance. We use perfect here to distinguish from the approximate transport maps, based
only on matching first and second moment; these approximate transport maps underpin ensemble
Kalman methods.
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on 𝜋 we obtain 𝜋′. We emphasize that transport maps are not uniquely defined by
their source and target measures and require certain conditions for their existence,
which we assume here to be satisfied. The underlying mathematical concept is
that of coupling of measures. See bibliography Subsection 2.2.7 for discussion of
transport, optimal transport and coupling.

We will also consider classes of approximate transport maps which do not achieve
transport from 𝜋 to 𝜋′, but instead match first and second order moment information
(we will be precise below). Such maps will also depend on 𝜋.

We now clarify an important notational issue. The dependence of (possibly approx-
imate) transport 𝑇 on a measure in P does not affect the definition of pushforward;
we employ the following general definition of pushforward for measure-dependent
maps, taken to hold for all 𝜋1, 𝜋2 regardless of any assumed relationship between
them:

𝑇 (·; 𝜋1)♯𝜋2 = 𝑇 (·; 𝜋̃)♯𝜋2

���
𝜋̃=𝜋1

; (2.42)

in particular,

𝑇 (·; 𝜋)♯𝜋 = 𝑇 (·; 𝜋̃)♯𝜋
���
𝜋̃=𝜋

, (2.43a)

𝑇 (·; 𝜋)♯ (G𝜋) = 𝑇 (·; 𝜋̃)♯ (G𝜋)
���
𝜋̃=𝜋

. (2.43b)

In the preceding, pushforward under 𝜋̃−dependent map 𝑇 (·, 𝜋̃) denotes regular
pushforward with no relationship assumed between 𝜋̃ and measure being pushed
forward. Note that we may define T : P(R𝑑) → P(R𝑑) by T(𝜋) = 𝑇 (·; 𝜋)♯𝜋. The
(approximate) transport maps just identified can be recast as mean field maps when
used in the context where source 𝜋 is the distribution of the input to 𝑇 .

2.2.5.2 Perfect Transport

Consider the idea of finding a transport map that acts on the joint space of state
and data, to effect conditioning with respect to the observed data. To this end we
consider the dynamical system, assumed to hold for all 𝑛 ∈ Z+:

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.44a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1, (2.44b)

𝑣𝑛+1 = 𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋𝑛+1, 𝑦
†
𝑛+1), (2.44c)

where {𝑦†𝑛} arises from a fixed realization of (2.1). Recall that 𝜇𝑛 = Law(𝑣𝑛),
𝜇𝑛+1 = Law(𝑣̂𝑛+1) and 𝜋𝑛+1 = Law(𝑣̂𝑛+1, 𝑦̂𝑛+1).
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This is an example of the sample path perspective, and (2.28, 2.29) in particular.
The first two equations, which coincide with (2.28), effect the mappings from 𝜇𝑛 to
𝜇𝑛+1 and from 𝜇𝑛+1 to 𝜋𝑛+1. Map5 𝑇 𝑆𝑛 (·, ·) := 𝑇 𝑆 (·, ·; 𝜋𝑛+1, 𝑦

†
𝑛+1) is then an explicit

example of (2.29) defined to effect the desired conditioning of 𝜋𝑛+1 on 𝑦
†
𝑛+1 in

order to obtain 𝜇𝑛+1. The letter 𝑆 in 𝑇 𝑆 connotes the dependence of the map on the
stochastic data 𝑦̂𝑛+1. Thus equations (2.44) define a mean field stochastic dynamical
system mapping 𝑣𝑛 to 𝑣𝑛+1: stochastic because of the noise in (2.44a, 2.44b), mean
field because the map 𝑇 𝑆 in (2.44c) depends on the law 𝜋𝑛+1 of (𝑣̂𝑛+1, 𝑦̂𝑛+1), and
hence on 𝜇𝑛. The three update steps in this mean field stochastic dynamical system
lead to the following maps on measures:

𝜇𝑛+1 = P𝜇𝑛, (2.45a)

𝜋𝑛+1 = Q𝜇𝑛+1, (2.45b)

𝜇𝑛+1 = (𝑇 𝑆𝑛 )♯𝜋𝑛+1. (2.45c)

This is simply a restatement of (2.21), noting that (𝑇 𝑆𝑛 )♯ has been chosen so that
pushforward corresponds to conditioning 𝜋𝑛+1 on data 𝑦

†
𝑛+1 to obtain 𝜇𝑛+1. In

particular T𝑆𝑛 (𝜋𝑛+1) := (𝑇 𝑆𝑛 )♯𝜋𝑛+1 has property T𝑆𝑛 (𝜋𝑛+1) = B𝑛 (𝜋𝑛+1). Note that
the implied map from 𝜇𝑛 to 𝜇𝑛+1 is a nonlinear Markov process, because of the
dependence of𝑇 𝑆𝑛 on 𝜋𝑛+1 and hence on 𝜇𝑛. Furthermore, we have that Law(𝑣ℓ) = 𝜇ℓ

for all ℓ ∈ Z+. The important takeaway is that (2.44) defines a sample-path picture
of the evolution of the filtering distribution: it provides a map in state space with
law governed by the filter. We reemphasize that such a sample-path representation
is not uniquely defined.

Consider now a different approach to transport for filtering: we seek a transport map
that acts on the state space only to effect Bayes Theorem, i.e. mapping prior 𝜇𝑛+1 to
posterior 𝜇𝑛+1. To this end we consider the dynamical system

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.46a)

𝑣𝑛+1 = 𝑇𝐷 (𝑣̂𝑛+1; 𝜇𝑛+1, 𝑦
†
𝑛+1), (2.46b)

again assumed to hold for all 𝑛 ∈ Z+. The first equation maps 𝑣𝑛 ∼ 𝜇𝑛 to 𝑣̂𝑛+1 ∼ 𝜇𝑛+1,
thus giving a sample path realization of (2.23a). In the second equation, the map
𝑇𝐷𝑛 (·) := 𝑇𝐷 (·; 𝜇𝑛+1, 𝑦

†
𝑛+1) is chosen so that, if 𝑣̂𝑛+1 ∼ 𝜇𝑛+1 then 𝑣𝑛+1 ∼ 𝜇𝑛+1, thus

5It is convenient to use both the notation 𝑇𝑆 (·, ·; 𝜋𝑛+1, 𝑦
†
𝑛+1), to be explicit about important

dependencies in 𝑇𝑆 , and to use the notation 𝑇𝑆𝑛 , for succinct statement of certain formulae when
dropping explicit dependence of 𝑇𝑆 on 𝜋𝑛+1 and 𝑦†

𝑛+1. We will use analogous notation for other
mean field maps in what follows.
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giving a sample path realization of (2.23b). Thus we have another instance of the
sample path perspective, and (2.28, 2.30) in particular.

Equation (2.46) constitutes another mean field stochastic dynamical system: stochas-
tic because of the noise in (2.46a); mean field because the map𝑇𝐷 in (2.46b) depends
on the law of 𝑣̂𝑛+1 itself, and hence on 𝜇𝑛. The symbol 𝐷 distinguishes map𝑇𝐷 from
map 𝑇 𝑆: map 𝑇𝐷 is deterministic in the sense that it does not require stochastic data
𝑦̂𝑛+1, in contrast to 𝑇 𝑆 . Therefore, we again have that Law(𝑣ℓ) = 𝜇ℓ for all ℓ ∈ Z+,
where the probability measure 𝜇𝑛 evolves according to

𝜇𝑛+1 = P𝜇𝑛, (2.47a)

𝜇𝑛+1 = (𝑇𝐷𝑛 )♯𝜇𝑛+1. (2.47b)

This is simply a restatement of (2.23), noting that (𝑇𝐷𝑛 )♯ has been chosen so that the
pushforward corresponds to the application of Bayes Theorem to incorporate data
𝑦
†
𝑛+1. In particular T𝐷𝑛 (𝜇𝑛+1) := (𝑇𝐷𝑛 )♯𝜇𝑛+1 has property T𝐷𝑛 (𝜇𝑛+1) = L𝑛 (𝜇𝑛+1).

The evolution (2.47) is another nonlinear Markov process, now because of the
dependence of 𝑇𝐷𝑛 on 𝜇𝑛+1. Again, the underlying sample-path representation (2.46)
is not uniquely defined.

The two transport maps 𝑇 𝑆 and 𝑇𝐷 introduce an important conceptual approach to
algorithms for filtering, but determining the maps can be as hard, or harder, than
solving the filtering problem itself. Thus, in the next two subsections, we turn
to relaxations of the perfect transport effected by 𝑇 𝑆 and 𝑇𝐷 . We instead seek
mean field maps which match only first and second order moment information; this
relaxation allows for approximate transport maps with simple affine (in senses to be
made precise) forms. The perspective of matching first and second order moments
naturally suggests working with Gaussians and hence we also relate the approximate
transport to the Gaussian projected filter.

2.2.5.3 Second Order Transport – Motivation

To motivate the more general ideas behind second order transport, we first study an
explicit example. It is well known how to transform samples from a unit centered
Gaussian random variable on R into samples from a Gaussian random variable with
mean 𝑚 ≠ 0 and variance 𝜎 ≠ 1 by a simple scaling and shifting operation. An
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appropriate generalization of such a procedure suggests consideration of the map

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.48a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1, (2.48b)

𝑣𝑛+1 = 𝑚𝑛+1 + 𝐶
1
2
𝑛+1𝐶

− 1
2

𝑛+1(𝑣̂𝑛+1 − E𝑣̂𝑛+1), (2.48c)

where 𝑚𝑛+1, 𝐶𝑛+1, and 𝐶𝑛+1 are determined by (2.31), (2.32), and (2.40), using
(2.48a) and (2.48b). Here {𝑦†𝑛} arises again from a fixed realization of (2.1). This is
a specific instance of the sample path perspective, and (2.28, 2.30) in particular. In
this case the sample path evolution of 𝑣𝑛 has law which only approximates the true
filtering law.

The map 𝑣𝑛 ↦→ 𝑣𝑛+1 defined by (2.48) is a mean field map because of the dependence
of 𝑚𝑛+1, 𝐶𝑛+1 and 𝐶𝑛+1 on Q Law(𝑣𝑛). It may be viewed as an approximation to
(2.44) which is exact when Q Law(𝑣𝑛) is Gaussian. To demonstrate exactness on
Gaussians it suffices to show that we obtain the desired mean and covariance after
application of the map. It is clear from (2.48c) that E𝑣𝑛+1 = 𝑚𝑛+1 and also that

E
(
(𝑣𝑛+1 − 𝑚𝑛+1) ⊗ (𝑣𝑛+1 − 𝑚𝑛+1)

)
= 𝐶

1
2
𝑛+1𝐶

− 1
2

𝑛+1E
(
(𝑣𝑛+1 − 𝑚𝑛+1) ⊗ (𝑣𝑛+1 − 𝑚𝑛+1)

)
𝐶
− 1

2
𝑛+1𝐶

1
2
𝑛+1

= 𝐶
1
2
𝑛+1𝐶

− 1
2

𝑛+1𝐶𝑛+1𝐶
− 1

2
𝑛+1𝐶

1
2
𝑛+1

= 𝐶𝑛+1.

It is important to recognize that, in general, 𝑣𝑛+1 defined by (2.48c) will not be
Gaussian distributed since 𝑣̂𝑛+1, defined by (2.48a), will not be Gaussian either.
However, although (2.48) does not provide a closed iteration on Gaussians, the map
from 𝑣̂𝑛+1 to 𝑣𝑛+1 agrees with the same step in the Gaussian projected filter, at the
level of first and second order moments. But, because it is not a closed iteration on
G(R𝑑𝑣 ), it is clearly not the same as the Gaussian projected filter.

Whilst the mean field map from (2.48) is a relatively transparent way to achieve
the goal of matching first and second order moments in the transport step there is
an uncountable set of ways of achieving this objective; the next two subsections
demonstrate this, identifying all mean field maps effecting approximate transport
from within two specific classes of affine transformations. We will then highlight
a small subset that have been used in practice, each of which is useful in certain
specific contexts.
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2.2.5.4 Second Order Transport – Stochastic Case

The first class of approximate filters determined by mean field maps have the sample
path form

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.49a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1, (2.49b)

𝑣𝑛+1 = 𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋𝑛+1, 𝑦
†
𝑛+1), (2.49c)

where {𝑦†𝑛} arises from a fixed realization of (2.1). We identify 𝑇 𝑆𝑛 : R𝑑𝑣 × R𝑑𝑦 →
R𝑑𝑣 , where 𝑇 𝑆𝑛 (·) := 𝑇 𝑆 (· ; 𝜋𝑛+1, 𝑦

†
𝑛+1) approximates an exact transport map 𝑇 𝑆𝑛 (·) =

𝑇 𝑆 (· ; 𝜋𝑛+1, 𝑦
†
𝑛+1), defined previously, by matching the first and second order mo-

ments.

We next introduce6 𝜋 = Law(𝑣̂𝑛+1, 𝑦̂𝑛+1) and assume that the exact and approximate
transport maps satisfy, respectively,

(𝑇 𝑆𝑛 )♯𝜋 = B𝑛 (𝜋), (2.50a)

G
(
(𝑇 𝑆𝑛 )♯𝜋

)
= B𝑛 (G𝜋), (2.50b)

for all measures 𝜋 on the product space R𝑑𝑣 ×R𝑑𝑦 . Of course 𝑇 𝑆𝑛 and 𝑇 𝑆𝑛 will depend
on 𝜋 and then pushforward is to be interpreted as in (2.42), (2.43). It is intuitive
that (2.50b) enforces map 𝑇 𝑆𝑛 to satisfy (2.50a) when 𝜋 is Gaussian; we prove this in
Lemma 2.2.11 below.

Perfect transport corresponds to asking that, for all measures 𝜋 on the spaceR𝑑𝑣×R𝑑𝑦 ,
(2.50a) holds; second order transport relaxes this and asks only that (2.50b) holds.
Whilst achieving (2.50a) may be harder than solving the filtering problem directly,
we will show that achieving (2.50b) is straightforward and leads to computationally
tractable methods. This gain in tractability comes at the price of only achieving
(2.50b) in place of (2.50a); however it is intuitive that this price will not be high for
settings in which the filtering distribution, and the predictive distribution on state
and data, is not too far from Gaussian; we flesh out this idea in Subsection 2.2.5.6
below.

Working to satisfy (2.50b) allows us to find tractable approximate second order
transport maps by seeking 𝑇 𝑆 in the form

𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋, 𝑦†) := 𝐴𝑣̂𝑛+1 + 𝐵𝑦̂𝑛+1 + 𝑎. (2.51)
6We temporarily drop explicit notational dependence on 𝑛 + 1 in 𝜋 and in 𝑦†. This should not

cause confusion as the approximate map we derive is concerned simply with finding a push forward
which approximates conditioning of Law(𝑣̂𝑛+1, 𝑦̂𝑛+1) on 𝑦̂𝑛+1 = 𝑦†.
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We allow the matrices/vectors 𝐴, 𝐵, 𝑎 to depend on (𝜋, 𝑦†); however, they are
assumed to be independent of (𝑣̂𝑛+1, 𝑦̂𝑛+1). Making this assumption ensures that
the transport map is affine with respect to the realization of (𝑣̂𝑛+1, 𝑦̂𝑛+1) (but not
their law). This in turn leads to tractable computations to determine 𝐴, 𝐵, 𝑎 on
the basis of matching second order moments of perfect transport. In addition to
computational tractability, the affine form of the transport map 𝑇 𝑆 is motivated by
the following which shows that the approximate transport is perfect when applied to
Gaussian source.

Lemma 2.2.11. Consider approximate transport map 𝑇 𝑆𝑛 = 𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋, 𝑦†)
with the form (2.51), assumed to satisfy (2.50b). Then 𝑇 𝑆 depends on 𝜋 only
through G𝜋. Furthermore,

(𝑇 𝑆𝑛 )♯ (G𝜋) = B𝑛 (G𝜋);

thus, if 𝜋 is Gaussian, equation (2.50b) implies (2.50a). ^

Proof. We first note that (2.50b) is equivalent to insisting that

G
(
(𝑇 𝑆𝑛 )♯G𝜋

)
= B𝑛 (G𝜋) (2.52)

for all measures 𝜋; this follows because, noting the definition (2.42) and consequence
(2.43), the first and second moments of (𝑇 𝑆𝑛 )♯G𝜋 and (𝑇 𝑆𝑛 )♯𝜋 agree, because of
the affine form (2.51) assumed for 𝑇 𝑆𝑛 . Recall that (𝑇 𝑆𝑛 ) depends on (𝜋, 𝑦†) =(
Law(𝑣̂𝑛+1, 𝑦̂𝑛+1), 𝑦†𝑛+1

)
. From the identity (2.52), it is clear that𝑇 𝑆𝑛 only depends on

𝜋 through G𝜋 because changing 𝜋 → G𝜋 leaves the identity invariant, as G◦G = G.
Now note that, because Gaussians are preserved under affine transformations,(

𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋, 𝑦†)
)
♯
(G𝜋) = G

( (
𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋, 𝑦†)

)
♯
𝜋

)
,

or, in compact notational form,

(𝑇 𝑆𝑛 )♯ (G𝜋) = G
(
(𝑇 𝑆𝑛 )♯𝜋

)
. (2.53)

The desired display in the lemma is then immediate from (2.50b).

An affine transport map of the form (2.51), when combined with particle approxima-
tions, leads to practical implementable algorithms and achieves (2.50b) by ensuring
that (𝑇 𝑆𝑛 )♯𝜋 has first and second moments which agree with those of the Gaussian
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projected filter; these are given by equations (2.31), (2.32), and (2.40) when 𝜋 is the
law of (𝑣̂𝑛+1, 𝑦̂𝑛+1).

In Appendix B, Subsection 2.B.1, we identify the (uncountable) set of all possible
𝐴, 𝐵, 𝑎 which achieve the desired matching of first and second order moments. Here
we focus on the two specific choices given in Example 2.B.5 from that Appendix.
The first that we highlight corresponds to the choice

𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋̃𝑛+1, 𝑦
†
𝑛+1) := 𝑣̂𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − 𝑦̂𝑛+1),

with 𝐾𝑛 = 𝐾 (𝜋𝑛+1) given by (2.33). Thus we obtain the following mean field
dynamical system, which corresponds to (2.14) in the setting where the Kalman
gain 𝐾𝑛 is defined by (2.33):

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.54a)

𝑦̂𝑛+1 = ℎ(𝑣̂𝑛+1) + 𝜂𝑛+1, (2.54b)

𝑣𝑛+1 = 𝑣̂𝑛+1 + 𝐶𝑣𝑦𝑛+1(𝐶
𝑦𝑦

𝑛+1)
−1(𝑦†

𝑛+1 − 𝑦̂𝑛+1), (2.54c)

where {𝑦†𝑛} arises from a fixed realization of (2.1) and equations (2.31), (2.32)
define the Kalman gain 𝐾𝑛 = 𝐶𝑣𝑦𝑛+1(𝐶

𝑦𝑦

𝑛+1)
−1. We refer to this as Kalman transport,

noting that it serves as a derivation of the Kalman gain, beyond the linear Gaussian
setting. This is a specific instance of the sample path perspective, and (2.28, 2.29)
in particular. Again, this is a case in which the sample path evolution for 𝑣𝑛 has law
which only approximates the true filtering law.

The second transport map from Example 2.B.5 corresponds to the choice

𝑇 𝑆 (𝑣̂𝑛+1, 𝑦̂𝑛+1; 𝜋𝑛+1, 𝑦
†
𝑛+1) := 𝑚𝑛+1 + 𝐶

1
2
𝑛+1𝐶

− 1
2

𝑛+1(𝑣̂𝑛+1 − E𝑣̂𝑛+1),

leading to the mean field map (2.48), recalling that 𝑚𝑛+1, 𝐶𝑛+1, and 𝐶𝑛+1 are
determined by (2.31), (2.32), and (2.40), using (2.48a) and (2.48b).

Remark 2.2.12. One important difference between the mean field models (2.54)
and (2.48) is that the former involves inversion of matrices in data space, and the
latter in state space. The relative dimensions of the two spaces plays a role in
determining which mean field model is more appropriate as the basis of algorithms.
A second noteable difference is that the mean field model (2.48) does not require
generation of the stochastic data 𝑦̂𝑛+1. This is because we may employ the identity
E𝑦̂𝑛+1 = Eℎ(𝑣̂𝑛+1) and use (2.34), (2.35) to compute𝑚𝑛+1, 𝐶𝑛+1 and𝐶𝑛+1. Motivated
by this observation, the next subsection studies a wide class of approximate transport
maps with the property that they do not require generation of stochastic data. ■



44

2.2.5.5 Second Order Transport – Deterministic Case

We now turn our attention to approximate filters defined by deterministic mean field
maps. We seek to approximate the exact transport (2.46) by mean field maps with
the sample path form

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.55a)

𝑣𝑛+1 = 𝑇𝐷 (𝑣̂𝑛+1; 𝜇𝑛+1, 𝑦
†
𝑛+1), (2.55b)

where {𝑦†𝑛} arises from a fixed realization of (2.1). As in the previous subsection
we drop explicit 𝑛-dependence on the measure 𝜇𝑛+1 and on the data 𝑦†

𝑛+1 when no
confusion arises from doing so. To this end we define, for 𝑣̂𝑛+1 given by (2.28b),
𝜇 = Law(𝑣̂𝑛+1) and 𝑦† = 𝑦

†
𝑛+1. In the following 𝑇𝐷𝑛 : R𝑑𝑣 → R𝑑𝑣 is defined by

𝑇𝐷𝑛 (·) = 𝑇𝐷 (·; 𝜇, 𝑦†) and 𝑇𝐷𝑛 : R𝑑𝑣 → R𝑑𝑣 is defined by 𝑇𝐷𝑛 (·) = 𝑇𝐷 (·; 𝜇, 𝑦†); this
is a useful notational convention for the reasons explained in the stochastic transport
setting.

Analogously to the identities (2.50) in the previous subsection, we seek an ap-
proximation 𝑇𝐷 which, in comparison with the true transport map 𝑇𝐷 , satisfies

(𝑇𝐷𝑛 )♯𝜇 = B𝑛 (Q𝜇), (2.56a)

G
(
(𝑇𝐷𝑛 )♯𝜇

)
= B𝑛 (GQ𝜇), (2.56b)

for all measures 𝜇 on the state space R𝑑𝑣 . As in the previous subsection, where we
studied approximate stochastic transport, we again seek maps with a specific affine
form. Concretely, the maps are assumed to be affine in the pair

(̂
𝑣𝑛+1, ℎ̂𝑛+1

)
, with

ℎ̂𝑛+1 = ℎ(𝑣̂𝑛+1), leading to the assumed form 𝑇𝐷𝑛 (·) = 𝑇𝐷 (·; 𝜇, 𝑦†) with

𝑇𝐷 (𝑣̂𝑛+1, ℎ̂𝑛+1; 𝜇, 𝑦†) := 𝑅𝑣̂𝑛+1 + 𝑆ℎ̂𝑛+1 + 𝑟, (2.57)

for (𝜇, 𝑦†)−dependent matrices/vectors 𝑅, 𝑆, 𝑟 of appropriate dimensions. Note,
however, that 𝑅, 𝑆, 𝑟 are assumed to be independent of the realization (𝑣̂𝑛+1, ℎ̂𝑛+1),
depending only on its law, so that the transport map is affine in (𝑣̂𝑛+1, ℎ̂𝑛+1). With
this restriction, which will lead to practical implementable algorithms, we simply
ask that (2.56b) holds: the first and second moments of the output map agree with
those of the Gaussian projected filter, given by equations (2.31), (2.34), and (2.41).

As in the previous subsection, there are uncountably many choices of 𝑅, 𝑆, 𝑟 which
we identify in Appendix B, Subsection 2.B.2; Example 2.B.12 highlights two im-
portant cases. The first coincides with (2.48) since 𝑆 = 0, but the second leads to a
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new mean field map. To formulate this new map we first define 𝐾𝑛 = 𝐾 (𝜇) by

𝐾𝑛 = 𝐶
𝑣ℎ
𝑛+1

(
(𝐶ℎℎ𝑛+1 + Γ) + Γ

1/2(𝐶ℎℎ𝑛+1 + Γ)
1/2

)−1
. (2.58)

We then make the choice

𝑇𝐷 (𝑣̂𝑛+1, ℎ̂𝑛+1; 𝜇, 𝑦†) := 𝑣̂𝑛+1 − 𝐾𝑛 ( ℎ̂𝑛+1 − Eℎ̂𝑛+1) + 𝐾𝑛 (𝑦† − Eℎ̂𝑛+1),

with 𝐾𝑛 given by (2.35) and repeated here for convenience:

𝐾𝑛 = 𝐶
𝑣ℎ
𝑛+1

(
𝐶ℎℎ𝑛+1 + Γ

)−1
.

The second mean field map identified in Example 2.B.12 is

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.59a)

ℎ̂𝑛+1 = ℎ(𝑣̂𝑛+1), (2.59b)

𝑣𝑛+1 = 𝑣̂𝑛+1 − 𝐾𝑛 ( ℎ̂𝑛+1 − Eℎ̂𝑛+1) + 𝐾𝑛 (𝑦†𝑛+1 − Eℎ̂𝑛+1), (2.59c)

where 𝐾𝑛 and 𝐾𝑛 are computed under Law(𝑣̂𝑛+1). This is another instance of the
sample path perspective, and (2.28, 2.30) in particular. Again this sample path
evolution for 𝑣𝑛 has law which only approximates the true filtering law.

Remark 2.2.13. If the ensemble spread is such that the size of 𝐶ℎℎ
𝑛+1 is much smaller

than the size of the observational covarianceΓ then we may invoke the approximation
𝐶ℎℎ
𝑛+1 + Γ ≈ Γ. With this approximation it follows that 𝐾𝑛 ≈ 1

2𝐾𝑛 in (2.58). Some
deterministic ensemble Kalman filters are derived from mean field dynamics which
exploit this approximation by setting 𝐾𝑛 = 1

2𝐾𝑛 in (2.59). We then replace (2.59c)
by the compact update step

𝑣𝑛+1 = 𝑣̂𝑛+1 + 𝐾𝑛
(
𝑦
†
𝑛+1 −

1
2
(
Eℎ̂𝑛+1 + ℎ̂𝑛+1)

) )
. (2.60)

Such a formulation corresponds to the control-theoretic perspective of (2.14), with
𝐾𝑛 given by (2.35) and the innovation (2.15) replaced by

ℑ𝑛 = 𝑦
†
𝑛+1 −

1
2
(
Eℎ̂𝑛+1 + ℎ̂𝑛+1

)
. (2.61)

Filters based on this mean field dynamics thus invoke an additional approximation of
perfect transport, over and above that stemming from matching only first and second
moments: they assume further that the observational noise dominates ensemble
variation. We note that in the continuous time limit this form of the innovation
arises naturally and does not constitute an additional approximation. ■
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2.2.5.6 Second Order Transport – Summary

It is helpful at this point to take stock of two approximations to filtering that we
have introduced, Gaussian projected filtering and approximate transport, and discuss
their inter-relations. For simplicity we do this in the context of mean field stochastic
maps, but similar considerations extend to mean field deterministic maps. In this
subsection we also include Example 2.2.15, demonstrating the existence of mean
field maps for the Kalman filter which, recall, applies only in the linear Gaussian
setting.

Recall that

𝜇𝑛+1 = B𝑛 (QP𝜇𝑛), 𝜇0 = N(𝑚0, 𝐶0), (2.62a)

𝜇𝐺𝑛+1 = B𝑛 (GQP𝜇𝐺𝑛 ), 𝜇𝐺0 = N(𝑚0, 𝐶0), (2.62b)

With the goal of discussing the inter-relations between Gaussian projected filtering
and approximate transport methods, we let 𝜇𝑀𝐹 denote the measure associated with
using the mean field map 𝑇 𝑆𝑛 to approximate the conditioning step in (2.21). Using
(2.50b) to rewrite the Gaussian projected filter, and using the construction of the
stochastic mean field model (2.49), we obtain

𝜇𝐺𝑛+1 = G
(
(𝑇 𝑆𝑛 )♯ (QP𝜇𝐺𝑛 )

)
, 𝜇𝐺0 = N(𝑚0, 𝐶0), (2.63a)

𝜇𝑀𝐹𝑛+1 = (𝑇 𝑆𝑛 )♯ (QP𝜇𝑀𝐹𝑛 ), 𝜇𝑀𝐹0 = N(𝑚0, 𝐶0). (2.63b)

Remark 2.2.14. Equations (2.63) show that {𝜇𝑀𝐹𝑛 } is close to {𝜇𝐺𝑛 }, if the Gaussian
projection in (2.63a) is close to the identity where it acts on the output of onestep.
Equations (2.62) show that {𝜇𝐺𝑛 } is close to {𝜇𝑛} if the Gaussian projection in (2.62b)
is close to the identity where it acts on the joint space of state and observation.
Together these two facts suggest that {𝜇𝑀𝐹𝑛 }, {𝜇𝐺𝑛 } and {𝜇𝑛} are all close to one
another if the two Gaussian projections can be viewed as being close to the identity
map, where they appear in (2.62) and in (2.63). This provides a potential path for
analysis of the mean field model, away from the linear setting where it is exact. Note
also that (2.63a) shows that the Gaussian projected filter evolves within the manifold
of Gaussian probability measures; the mean field model (2.63b) does not.

Example 2.2.15. Assume that 𝑣0 ∼ N(𝑚0, 𝐶0), that Γ ≻ 0 and consider the Kalman
filter setting of Example 2.2.6; in particular (2.6) prevails rendering Ψ and ℎ linear.
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The mean field stochastic dynamical system (2.54) then takes the form

𝑣̂𝑛+1 = 𝑀𝑣𝑛 + 𝜉𝑛, (2.64a)

𝑦̂𝑛+1 = 𝐻𝑣̂𝑛+1 + 𝜂𝑛+1, (2.64b)

𝑣𝑛+1 = 𝑣̂𝑛+1 + 𝐶𝑛+1𝐻
⊤(𝐻𝐶𝑛+1𝐻

⊤ + Γ)−1(𝑦†
𝑛+1 − 𝑦̂𝑛+1), (2.64c)

where {𝑦†𝑛} arises from a fixed realization of (2.24) and where 𝐶𝑛 is the covariance
of 𝑣𝑛 and 𝐶𝑛+1 = 𝑀𝐶𝑛𝑀

⊤ + Σ is the covariance of 𝑣̂𝑛+1. The resulting dynamics
give a sample path representation of the Kalman filter in that 𝑣𝑛 ∼ N(𝑚𝑛, 𝐶𝑛) where
𝑚𝑛, 𝐶𝑛 are as given in Example 2.2.6. This follows because the map defined by (2.64)
is well-defined, since Γ ≻ 0. Lemma 2.2.11 shows that the approximate transport is
exact in this Gaussian setting.

Similar ideas can be applied to (2.48) and (2.59) to determine other mean field
models with law equal to that of the Kalman filter. Furthermore we observe that the
formulation based on (2.48) can be symmetrized to obtain, in the linear Gaussian
setting of (2.6),

𝑣̂𝑛+1 = 𝑀𝑣𝑛 + 𝜉𝑛, 𝑛 ∈ Z+, (2.65a)

𝑣𝑛+1 = 𝑚𝑛+1 + 𝐴𝑛 (𝑣̂𝑛+1 − 𝑚𝑛+1), (2.65b)

𝐴𝑛 = (𝐶𝑛+1)1/2
[
(𝐶𝑛+1)1/2𝐶𝑛+1(𝐶𝑛+1)1/2

]−1/2
(𝐶𝑛+1)1/2, (2.65c)

with (𝑚𝑛+1, 𝐶𝑛+1, 𝐶
𝑣ℎ
𝑛+1, 𝐶

ℎℎ
𝑛+1) defined by (2.31), (2.34) and (𝑚𝑛+1, 𝐶𝑛+1) defined by

(2.40). We note that the second component of the map may be written in gradient
form and corresponds to an optimal transport from 𝜇𝑛+1 into 𝜇𝑛+1 in the sense of the
Euclidean Wasserstein distance of optimal transportation (see Subsection 2.2.7 for
details); indeed this is true for an entire family of weighted Wasserstein distances.
To recognize the gradient structure define

Φ𝑛 (𝑣) := ⟨𝑚𝑛+1, 𝑣⟩ +
1
2
⟨𝐴𝑛 (𝑣 − 𝑚𝑛+1), 𝑣 − 𝑚𝑛+1⟩

and note that then

𝑣̂𝑛+1 = 𝑀𝑣𝑛 + 𝜉𝑛, 𝑛 ∈ Z+, (2.66a)

𝑣𝑛+1 = ∇Φ𝑛 (𝑣̂𝑛+1). (2.66b)

■



48

2.2.6 Ensemble Kalman Methods
The mean field formulations from Subsection 2.2.5 provide clear insights into many
of the design choices and mechanisms that underlie ensemble Kalman methods.
In this subsection we take the mean field models and use particle approximations
to derive implementable numerical algorithms. When approximated by interacting
particle systems, the mean field formulations of ensemble Kalman methods lead to
actionable algorithms.

We start, in Subsection 2.2.6.1, with the setting in which transport is perfect; these
algorithms are not, in general, implementable since determining perfect transport
is itself a difficult computational task and the subject of ongoing research; see the
bibliography Subsection 2.2.7. Thus we turn to particle approximations of the
transports designed to match first and second order statistics. This leads to the
(stochastic) ensemble Kalman filter in Subsection 2.2.6.2, and to (deterministic)
ensemble square root filters in Subsection 2.2.6.3. The methods derived in this
subsection involve approximating the Kalman gain by computing covariances under
the empirical measure defined by the ensemble of particles. To avoid overloading
notation, in the rest of this subsection 𝐶𝑛+1, 𝐶𝑛+1, 𝐶𝑣𝑦

𝑛+1, and 𝐶
𝑦𝑦

𝑛+1 will denote
covariances computed with expectation under the empirical measure. With this
notation in place, in the rest of this specific subsection, 𝐾𝑛 will directly refer to the
particle approximation of the Kalman gain, computed using the covariances with
respect to the empirical measure, without further specification needed. Throughout
this section {𝑦†𝑛} arises from a fixed realization of (2.1).

2.2.6.1 Perfect Particle Filters

The mean field equations (2.44) could, in principle, be approximated through a
particle approximation of the mean field leading to the following conceptual (because
map 𝑇 𝑆𝑛 is not known explicitly) algorithm: let J = {1, · · · , 𝐽} and consider, for
(𝑛, 𝑗) ∈ Z+ × J, the interacting particle dynamical system

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗𝑛 ) + 𝜉 ( 𝑗)𝑛 , (2.67a)

𝑦̂
( 𝑗)
𝑛+1 = ℎ(𝑣̂ ( 𝑗

𝑛+1) + 𝜂
( 𝑗)
𝑛+1, (2.67b)

𝑣
( 𝑗)
𝑛+1 = 𝑇 𝑆 (𝑣̂ ( 𝑗)

𝑛+1, 𝑦̂
( 𝑗)
𝑛+1; 𝜋J

𝑛+1, 𝑦
†
𝑛+1), (2.67c)

𝜋J
𝑛+1 =

1
𝐽

𝐽∑︁
𝑗=1

𝛿(𝑣̂ ( 𝑗 )
𝑛+1,𝑦̂

( 𝑗 )
𝑛+1)
. (2.67d)
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This evolves the particles {𝑣 ( 𝑗)𝑛 } 𝑗∈J into {𝑣 ( 𝑗)
𝑛+1} 𝑗∈J. Here the {𝜉 ( 𝑗)𝑛 } are, for each

𝑗 , random variables given by the known distribution of 𝜉𝑛 specified in (2.2) and,
furthermore, are drawn independently with respect to each (𝑛, 𝑗) ∈ Z+ × J. Similar
considerations apply to the {𝜂( 𝑗)𝑛 } which, additionally, are independent of the {𝜉 ( 𝑗)𝑛 }.
It is intuitive that the large 𝐽 limit of this system recovers the mean field dynamics
(2.44) and, in particular,

𝜇J
𝑛 =

1
𝐽

𝐽∑︁
𝑗=1

𝛿
𝑣
( 𝑗 )
𝑛
≈ 𝜇𝑛. (2.68)

Applying a similar idea to (2.46) leads to the following conceptual (because map
𝑇𝐷𝑛 is not known explicitly) algorithm. Consider, for (𝑛, 𝑗) ∈ Z+ × J, the interacting
particle dynamical system

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗𝑛 ) + 𝜉 ( 𝑗)𝑛 , (2.69a)

𝑣
( 𝑗)
𝑛+1 = 𝑇𝐷 (𝑣̂ ( 𝑗)

𝑛+1; 𝜇J
𝑛+1, 𝑦

†
𝑛+1), (2.69b)

𝜇J
𝑛+1 =

1
𝐽

𝐽∑︁
𝑗=1

𝛿
𝑣̂
( 𝑗 )
𝑛+1
. (2.69c)

This evolves the particles {𝑣 ( 𝑗)𝑛 } 𝑗∈J into {𝑣 ( 𝑗)
𝑛+1} 𝑗∈J. The same assumptions are made

about the {𝜉 ( 𝑗)𝑛 } as for the preceding interacting particle dynamical system. It is
again intuitive that the large 𝐽 limit of this system recovers the mean field dynamics
(2.46), and the evolution (2.47). In particular it is intuitive that (2.68) holds for this
particle approximation too. We reiterate that in practice these algorithms are, in
general, not easy to use. More specifically, finding particle based approximations
𝑇 𝑆,𝐽 and 𝑇𝐷,𝐽 to the desired transport maps such that

lim
𝐽→∞

𝑇 𝑆,𝐽 = 𝑇 𝑆, lim
𝐽→∞

𝑇𝐷,𝐽 = 𝑇𝐷

in an appropriate sense is a computationally challenging task and the subject of
ongoing research. This leads to the next two subsections in which we replace 𝑇 𝑆

and 𝑇𝐷 , in the interacting particles systems (2.67) and (2.69), by the previously
introduced affine approximate transports 𝑇 𝑆 and 𝑇𝐷 , respectively.

2.2.6.2 Stochastic Ensemble Kalman Filters

Particle approximation of the mean field dynamical system (2.54), effecting Kalman
transport, bring us to the stochastic EnKF (ensemble Kalman filter). This method
may be derived by writing down a particle approximation of the mean field stochastic
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dynamics defined by (2.54). We evolve the particles {𝑣 ( 𝑗)𝑛 } 𝑗∈J into {𝑣 ( 𝑗)
𝑛+1} 𝑗∈J accord-

ing to the following stochastic interacting particle system, holding for (𝑛, 𝑗) ∈ Z+×J:

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗)𝑛 ) + 𝜉 ( 𝑗)𝑛 , 𝑛 ∈ Z+, (2.70a)

𝑦̂
( 𝑗)
𝑛+1 = ℎ(𝑣̂ ( 𝑗)

𝑛+1) + 𝜂
( 𝑗)
𝑛+1, 𝑛 ∈ Z

+, (2.70b)

𝑣
( 𝑗)
𝑛+1 = 𝑣̂

( 𝑗)
𝑛+1 + 𝐾𝑛

(
𝑦
†
𝑛+1 − 𝑦̂

( 𝑗)
𝑛+1

)
, (2.70c)

𝜋J
𝑛+1 =

1
𝐽

𝐽∑︁
𝑗=1

𝛿(𝑣̂ ( 𝑗 )
𝑛+1,𝑦̂

( 𝑗 )
𝑛+1)
. (2.70d)

Here the Kalman gain from (2.33) is approximated using the empirical measure
𝜋J
𝑛+1, but is still denoted by 𝐾𝑛 to avoid proliferation of notation; details follow

below. The same assumptions regarding {𝜉 ( 𝑗)𝑛 } and {𝜂( 𝑗)
𝑛+1} are made as for (2.67).

We let EJ
𝑛 denote expectation under 𝜋J

𝑛. For the basic implementation of EnKF (2.70)
the desired covariance matrices, and Kalman gain (2.33), are then approximated by
expectation under 𝜋J

𝑛+1, so that 7

𝐶
𝑣𝑦

𝑛+1 = EJ
𝑛+1

( (̂
𝑣𝑛+1 − EJ

𝑛+1𝑣̂𝑛+1
)
⊗

(
𝑦̂𝑛+1 − EJ

𝑛+1 𝑦̂𝑛+1
) )
,

𝐶
𝑦𝑦

𝑛+1 = EJ
𝑛+1

( (
𝑦̂𝑛+1 − EJ

𝑛+1 𝑦̂𝑛+1
)
⊗

(
𝑦̂𝑛+1 − EJ

𝑛+1 𝑦̂𝑛+1
) )
,

𝐾𝑛 = 𝐶
𝑣𝑦

𝑛+1
(
𝐶
𝑦𝑦

𝑛+1
)−1
.

Note that a pseudo-inverse may be required to define 𝐾𝑛. An alternative, avoiding
pseudo-inverse, is to use a particle approximation in formula (2.35b), leading to the
use of

𝐶𝑣ℎ𝑛+1 = EJ
𝑛+1

( (̂
𝑣𝑛+1 − EJ

𝑛+1𝑣̂𝑛+1
)
⊗

(
ℎ(𝑣̂𝑛+1) − EJ

𝑛+1ℎ(𝑣̂𝑛+1)
) )
, (2.71a)

𝐶ℎℎ𝑛+1 = EJ
𝑛+1

( (
ℎ(𝑣̂𝑛+1) − EJ

𝑛+1ℎ(𝑣̂𝑛+1)
)
⊗

(
ℎ(𝑣̂𝑛+1) − EJ

𝑛+1ℎ(𝑣̂𝑛+1)
) )
, (2.71b)

𝐾𝑛 = 𝐶
𝑣ℎ
𝑛+1

(
𝐶ℎℎ𝑛+1 + Γ

)−1 (2.71c)

to compute the gain 𝐾𝑛. The advantage of this latter formulation is that it ensures
positivity, and hence invertibility, of the covariance in data space, if Γ is assumed
positive-definite. It is hence typically preferred.

Example 2.2.16. We return to the set-up of Example 2.2.3, and now demonstrate
performance of the stochastic EnKF on the same Lorenz ’96 model. Indeed, we again

7The empirical covariance computations are often modified to accommodate the widely adopted
convention of scaling by 1/(𝐽 − 1), instead of 1/𝐽, in view of the matrix being computed from 𝐽 − 1
independent increments about the mean.
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study the Lorenz ’96 (singlescale) model for unknown 𝑣 ∈ 𝐶 (R+,R𝐿) satisfying the
equations (2.9) with 𝐿 = 9, ℎ𝑣 = −0.8 and 𝐹 = 10 and function 𝑚 as shown in
Figure Figure 2.1. We consider observations {𝑦†𝑛}𝑛∈Z+ arising from the model

𝑣
†
𝑛+1 = Ψ(𝑣†𝑛) + 𝜉†𝑛 ,
𝑦
†
𝑛+1 = ℎ(𝑣†

𝑛+1) + 𝜂
†
𝑛+1,

where Ψ is the solution operator for (2.9) over the observation time interval 𝜏, and
{𝜉†𝑛}𝑛∈Z+ , {𝜂†𝑛}𝑛∈N are mutually independent Gaussian sequences defined by

𝜉†𝑛 ∼ N(0, 𝜎2𝐼) i.i.d. , 𝜂†𝑛 ∼ N(0, 𝛾2𝐼) i.i.d. ,

with 𝜎 = 0.1 and 𝛾 = 0.1. We again assume that the observation function is linear:
ℎ(𝑣) = 𝐻𝑣 for matrix 𝐻 : R9 → R6 defined by (2.10).

Figures Figure 2.5a and Figure 2.5b demonstrate the performance of stochastic
EnKF in this experimental setting with 𝜏 = 10−3 and using 𝐽 = 102 and 𝐽 =

5 · 102, respectively, against the performance of 3DVAR with no noise; note that the
EnKF uses a time-varying estimate of the gain 𝐾𝑛, whilst 3DVAR uses the fixed 𝐾
given in Example 2.2.3. These experiments illustrate that using sufficiently large
ensembles, the ensemble Kalman filter outperforms 3DVAR on such a nonlinear
filtering problem where the true state and observational noise levels are high. Here
outperforms refers to mean square error in recovery of the state. To quantitatively
demonstrate this improvement, we compute: (a) the mean squared error between
the estimates yielded by 3DVAR and the true states; and (b) the mean squared error
between the ensemble mean of stochastic EnKF and the true states. In particular we
report time-averaged mean squared errors obtained from both 3DVAR and stochastic
EnKF given by use of formula (2.16) from Example 2.2.5 using 𝑡∗ = 3 and 𝑇 = 10.
An ensemble size of 𝐽 = 102 yields 𝑒EnKF = 1.05 · 100, while for 𝐽 = 5 · 102 we
obtain 𝑒EnKF = 5.24 · 10−1. For comparison, the error obtained using 3DVAR is
𝑒3DVAR = 1.85 · 100. ■

2.2.6.3 Ensemble Square Root Filters

The variants on the EnKF described in this subsection are known as ensemble square
root filters; they are based on mean field maps (2.48) and (2.59), approximated by
interacting particle systems.

Remark 2.2.17. Square root filters are sometimes referred to as deterministic ensem-
ble Kalman filters, to distinguish them from the ensemble Kalman filters described in
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(a) EnKF with ensemble size 𝐽 = 102.

(b) EnKF with ensemble size 𝐽 = 5 · 102.

Figure 2.5: In this experiment we set the noise levels 𝜎 = 10−1, 𝛾 = 10−1. We
display the estimates of 𝑣3 in time produced by EnKF (using ensemble average)
and 3DVAR against the true dynamics using observation time interval 𝜏 = 10−3.
Again “dns” refers to direct numerical simulation. The results show that the EnKF
provides a more accurate estimate of the trajectory, albeit at higher cost in terms of
number of model evaluations.

the preceding subsection (see discussion of this, and bibliographic information, in
Subsection 2.1.1.) However we have already used the terminology “stochastic” and
“deterministic” to distinguish between different variants on the mean field models
that we describe in Subsections Subsection 2.2.5.4 and Subsection 2.2.5.5 respec-
tively. With the exception of the discussion in Subsection 2.1.1, we simply refer to
square root filters for the methods introduced in this subsection. We note however
that they are deterministic in the sense that they do not require generation of random
variables.

We introduce two families of square root filters: of adjustment and transform type.
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We emphasize again that the choice of which method to use in practice is determined
by implementation details such as the number of particles 𝐽, the dimension of state
space 𝑑𝑣, and the dimension of the observation space 𝑑𝑦. These implementation
details, although important, are not the focus of this chapter. ■

Ensemble Adjustment Kalman Filters We introduce two different particle-based
approximations of mean field models. Both methods are examples of a general class
of algorithms known as ensemble adjustment Kalman filters: EAKF. The starting
point for the first of these EAKF methods is the mean field map (2.48a), (2.48c),
repeated here for convenience:

𝑣̂𝑛+1 = Ψ(𝑣𝑛) + 𝜉𝑛, (2.72a)

𝑣𝑛+1 = 𝑚𝑛+1 + 𝐶
1
2
𝑛+1𝐶

− 1
2

𝑛+1(𝑣̂𝑛+1 − E𝑣̂𝑛+1), (2.72b)

where 𝑚𝑛+1, 𝐶𝑛+1, and 𝐶𝑛+1 are determined by (2.31), (2.34), (2.35), and (2.40).8

As in the previous subsection the methods evolve particle ensemble {𝑣 ( 𝑗)𝑛 } 𝑗∈J into
{𝑣 ( 𝑗)
𝑛+1} 𝑗∈J, via the predictive ensemble {𝑣̂ ( 𝑗)

𝑛+1} 𝑗∈J. However they do not employ
simulated data {𝑦̂ ( 𝑗)

𝑛+1} 𝑗∈J, rather they make use of {ℎ̂( 𝑗)
𝑛+1} 𝑗∈J, where ℎ̂( 𝑗)𝑛 = ℎ(𝑣̂ ( 𝑗)𝑛 ).

To define the methods it helps to introduce new notation. Slightly modifying the
notation in the preceding subsection, we now let EJ

𝑛 denote expectation with respect
to the empirical measure

𝜇J
𝑛 =

1
𝐽

𝐽∑︁
𝑗=1

𝛿
𝑣̂
( 𝑗 )
𝑛
.

We let 𝑣̂𝑛+1 denote the random variable with this distribution and, as before, ℎ̂𝑛+1 =

ℎ(𝑣̂𝑛+1).

Next we define matrix 𝑉𝑛 comprising scaled ensemble deviations in state space:

𝑉𝑛 =
1
√
𝐽

(
𝑣̂
(1)
𝑛 − EJ

𝑛𝑣̂𝑛, 𝑣̂
(2)
𝑛 − EJ

𝑛𝑣̂𝑛, · · · , 𝑣̂
(𝐽)
𝑛 − EJ

𝑛𝑣̂𝑛

)
∈ R𝑑𝑣×𝐽 ,

we then define the analogous matrix 𝐻𝑛 in observation space

𝐻𝑛 =
1
√
𝐽

(
ℎ̂
(1)
𝑛 − EJ

𝑛 ℎ̂𝑛, ℎ̂
(2)
𝑛 − EJ

𝑛 ℎ̂𝑛, · · · , ℎ̂
(𝐽)
𝑛 − EJ

𝑛 ℎ̂𝑛

)
∈ R𝑑𝑦×𝐽 .

8Although the identity (2.40) is derived in a subsection concerning the Gaussian projected filter,
it is contained in Lemma 2.2.9 which simply concerns conditioning of Gaussians.
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With these notations in hand, we have, with expectations computed under EJ
𝑛,

𝐶𝑣ℎ𝑛 = 𝑉𝑛𝐻
⊤
𝑛 , (2.73a)

𝐶ℎℎ𝑛 = 𝐻𝑛𝐻
⊤
𝑛 , (2.73b)

and the ensemble-based approximation of the Kalman gain matrix is 9

𝐾𝑛 = 𝑉𝑛+1𝐻
⊤
𝑛+1(𝐻𝑛+1𝐻

⊤
𝑛+1 + Γ)

−1. (2.74)

This is a linear algebraic reformulation of the Kalman gain approximation resulting
from (2.71). By making a particle approximation of (2.72), using (2.31), (2.34),
(2.35), and (2.40), we obtain

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗)𝑛 ) + 𝜉 ( 𝑗)𝑛 , 𝑛 ∈ Z+, (2.75a)

𝑚𝑛+1 = EJ
𝑛+1𝑣̂𝑛+1, (2.75b)

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − E
J
𝑛+1 ℎ̂𝑛+1), (2.75c)

𝑣
( 𝑗)
𝑛+1 = 𝑚𝑛+1 + 𝐶

1
2
𝑛+1𝐶

− 1
2

𝑛+1

(
𝑣̂
( 𝑗)
𝑛+1 − 𝑚𝑛+1

)
, (2.75d)

where 𝐾𝑛 is given by (2.74); furthermore, 𝐶𝑛+1 and 𝐶𝑛+1 are computed empirically
using

𝐶𝑛+1 = 𝑉𝑛+1𝑉
⊤
𝑛+1, 𝐶𝑛+1 = 𝑉𝑛+1

(
𝐼 + 𝐻⊤𝑛+1Γ

−1𝐻𝑛+1

)−1
𝑉⊤𝑛+1. (2.76)

The first of these two formulae follows similarly to (2.73); the second of these two
formulae is derived as follows: 10

𝐶𝑛+1 = 𝐶𝑛+1 − 𝐶𝑣ℎ𝑛+1(𝐶
ℎℎ
𝑛+1 + Γ)

−1(𝐶𝑣ℎ𝑛+1)
⊤ (2.77a)

= 𝑉𝑛+1𝑉
⊤
𝑛+1 −𝑉𝑛+1𝐻

⊤
𝑛+1(𝐻𝑛+1𝐻

⊤
𝑛+1 + Γ)

−1𝐻𝑛+1𝑉
⊤
𝑛+1 (2.77b)

= 𝑉𝑛+1

(
𝐼 − 𝐻⊤𝑛+1(𝐻𝑛+1𝐻

⊤
𝑛+1 + Γ)

−1𝐻𝑛+1

)
𝑉⊤𝑛+1 (2.77c)

= 𝑉𝑛+1

(
𝐼 + 𝐻⊤𝑛+1Γ

−1𝐻𝑛+1

)−1
𝑉⊤𝑛+1. (2.77d)

The EAKF (2.75) takes as starting point (2.48). If instead we apply a particle
approximation to the mean field dynamical system (2.59) we obtain a second version

9Here too, the empirical covariance computations are often modified to accommodate the widely
adopted convention of scaling by 1/(𝐽 − 1), instead of 1/𝐽.

10Using, in the last line, the identity 𝐼 −𝑊⊤ (𝑊𝑊⊤ + 𝐼)−1𝑊 = (𝐼 +𝑊⊤𝑊)−1 which holds for all
(not necessarily square) matrices𝑊 .
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of the EAKF:

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗)𝑛 ) + 𝜉 ( 𝑗)𝑛 , 𝑛 ∈ Z+, (2.78a)

ℎ̂
( 𝑗)
𝑛+1 = ℎ(𝑣̂ ( 𝑗)

𝑛+1), (2.78b)

𝑚𝑛+1 = EJ
𝑛+1𝑣̂𝑛+1, (2.78c)

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − E
J
𝑛+1 ℎ̂𝑛+1), (2.78d)

𝑣
( 𝑗)
𝑛+1 = 𝑚𝑛+1 + (𝑣̂ ( 𝑗)𝑛+1 − 𝑚𝑛+1) − 𝐾𝑛 ( ℎ̂( 𝑗)𝑛+1 − E

J
𝑛+1 ℎ̂𝑛+1). (2.78e)

By making an empirical approximation of the formula (2.58) the matrix𝐾𝑛 is defined
using the identification

𝐾𝑛 = 𝑉𝑛+1𝐻
⊤
𝑛+1

[
(𝐻𝑛+1𝐻

⊤
𝑛+1 + Γ) + (𝐻𝑛+1𝐻

⊤
𝑛+1 + Γ)

1/2Γ1/2
]−1

.

Remark 2.2.18. The key difference between (2.75) and (2.78) is that the former
involves inversion in state space, and the latter in data space. The relative size of
the two dimensions dictates which is preferable. ■

Ensemble Transform Kalman Filters The two EAKFs just defined both involve
application, and inversion, of matrices which are applied on the left and act on state
space. A different class of algorithms, known as ensemble transform Kalman filters
(ETKF), involve matrix multiplication from the right and consequently inversions
take place in the ensemble space of dimension 𝐽. In many applications this is far
smaller than the dimension of the state or data spaces, and then use of this version
of the methodology is preferred. The aim is to determine matrix 𝑍𝑛 ∈ R𝐽×𝐽 , and
to derive Kalman gain 𝐾𝑛 from 𝑍𝑛, so that the following interacting particle system
produces an ensemble of particles {𝑣 ( 𝑗)

𝑛+1} 𝑗∈J with empirical covariance𝐶𝑛+1 defined
by the second item in display (2.76):

𝑣̂
( 𝑗)
𝑛+1 = Ψ(𝑣 ( 𝑗)𝑛 ) + 𝜉 ( 𝑗)𝑛 , 𝑛 ∈ Z+, (2.79a)

𝑚𝑛+1 = EJ
𝑛+1𝑣̂𝑛+1, (2.79b)

𝑚𝑛+1 = 𝑚𝑛+1 + 𝐾𝑛 (𝑦†𝑛+1 − E
J
𝑛+1 ℎ̂𝑛+1), (2.79c)

𝑣
( 𝑗)
𝑛+1 = 𝑚𝑛+1 +

𝐽∑︁
𝑖=1

(
𝑣̂
(𝑖)
𝑛+1 − 𝑚𝑛+1

)
(𝑍𝑛)𝑖 𝑗 . (2.79d)

To this end we define the matrix of ensemble deviations

𝑉𝑛 =
1
√
𝐽

(
𝑣
(1)
𝑛 − EJ

∗,𝑛𝑣𝑛, 𝑣
(2)
𝑛 − EJ

∗,𝑛𝑣𝑛, · · · , 𝑣
(𝐽)
𝑛 − EJ

∗,𝑛𝑣𝑛
)
∈ R𝑑𝑣×𝐽 ,
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where, here, expectation EJ
∗,𝑛 is with respect to the empirical measure (2.68) and 𝑣𝑛

is a random variable with this distribution. It then follows from (2.79d) that

𝑉𝑛+1 = 𝑉𝑛+1𝑍𝑛. (2.80)

If we define
𝑍𝑛 =

(
𝐼 + 𝐻⊤𝑛+1Γ

−1𝐻𝑛+1

)−1/2
∈ R𝐽×𝐽 , (2.81)

then, as desired, 𝑉𝑛+1𝑉
⊤
𝑛+1 = 𝐶𝑛+1 as defined by (2.76), by virtue of (2.77). The

calculations in (2.77) can also be utilized to verify that the empirical Kalman gain
matrix defined by (2.74) satisfies

𝐾𝑛 = 𝑉𝑛+1𝑍
2
𝑛𝐻
⊤
𝑛+1Γ

−1.

Using this formula for 𝐾𝑛 in (2.75) leads to an algorithm which matches first and
second order statistics of the Gaussian projected filter, at 𝑛+1, requiring only matrix
inversions in space of dimension defined by the number of particles 𝐽.

We finally note that (2.79c) and (2.79d) can be combined into a single transformation
step of the form

𝑣
( 𝑗)
𝑛+1 =

𝐽∑︁
𝑖=1

𝑣̂
(𝑖)
𝑛+1(𝑆𝑛)𝑖 𝑗 , (2.82)

where 𝑆𝑛 ∈ R𝐽×𝐽 replaces the matrix 𝑍𝑛 in (2.79d) such that

𝑚𝑛+1 =

𝐽∑︁
𝑗=1

𝑣
( 𝑗)
𝑛+1 =

𝐽∑︁
𝑖, 𝑗=1

𝑣̂
(𝑖)
𝑛+1(𝑆𝑛)𝑖 𝑗

holds in addition to (2.80) with 𝑍𝑛 replaced by 𝑆𝑛.

Remark 2.2.19. Formulation (2.82) has a number of attractive features. First, it
clearly reveals that the analysis {𝑣 ( 𝑗)

𝑛+1} 𝑗∈J lies in the span of the space spanned
by the predictions {𝑣̂ ( 𝑗)

𝑛+1} 𝑗∈J, which is relevant whenever 𝐽 < 𝑑𝑣. Second, all
particle implementations of the ensemble Kalman filter and many of its extensions
can be put into the framework (2.82) with the (possibly random) matrix 𝑆𝑛 chosen
appropriately. Third, it encodes a coupling between the prediction {𝑣̂ ( 𝑗)

𝑛+1} 𝑗∈J and
the analysis {𝑣 ( 𝑗)

𝑛+1} 𝑗∈J at the level of their associated empirical measures 𝜇J
𝑛 and 𝜇J

𝑛,
respectively. See the following bibliographic Subsection 2.2.7 for more details. ■

2.2.7 Bibliographical Notes
Ideas from feedback control underlie the material in Subsection 2.2.2, addressing
Objective 1. Control theory is an enormous subject in its own right and we cannot
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do justice to it in this chapter. For study of linear control theory, as illustrated in
Example 2.2.2, see Åström and Murray (2021) and Sontag (2013) for engineering
and mathematical treatments respectively. For the control theoretic approach to the
state estimation problem see D. G. Luenberger (1964) and D. Luenberger (1971).

Our study of control-theoretic methods has focused on 3DVAR. Recent analysis
of the 3DVAR method rests heavily on ideas arising from determining modes for
dissipative evolution equations, an idea with roots in the paper ClPRIAN Foias and
Prodi (1967) and unified in the book Temam (2012). The use of these ideas in
data assimilation was introduced in Olson and Titi (2003) and developed further in
Hayden, Olson, and Titi (2011) and Ciprian Foias, Mondaini, and Titi (2016); the
papers K. J. Law and Andrew M Stuart (2012), K. J. Law, Shukla, and Andrew
M Stuart (2014), KJH Law et al. (2016) and Sanz-Alonso and Andrew M Stuart
(2015) essentially establish the stability of these deterministic results to small noise
perturbations; see also Moodey et al., 2013 for related analysis. In the context of
using observations to control the instability of chaotic systems, all of this work may
be seen as building on the study of synchronization (Pecora and Carroll, 1990),
reviewed in Ashwin (2003).

In Subsection 2.2.3 we introduce the probabilistic approach to filtering, address-
ing Objective 2. In low dimensional systems particle filters provide a flexible and
efficient tool for attacking probabilistic filtering; see Doucet, De Freitas, and Gor-
don, 2001. However in this chapter our focus is on high dimensional problems
and Kalman-based methods specifically. The books Reich and Colin Cotter (2015),
Asch, Marc Bocquet, and Nodet (2016), Kody Law, A. Stuart, and Kostas Zygalakis
(2015), Harlim and Majda (2010), Abarbanel (2013), and G. Evensen, F.C. Vosse-
poel, and van Leeuwen (2022) provide overviews of a variety of filtering methods,
and ensemble Kalman methods from Subsection 2.2.6 in particular.

The Kalman filter (Kalman, 1960) from Example 2.2.6 led to arguably the first
systematic analysis of an algorithm for incorporation of discrete time data into es-
timation of a discrete time stochastic dynamical system; it applies only to linear
Gaussian systems. The monograph Andrew H Jazwinski (2007) provides an in-
troduction to nonlinear filtering both in discrete and continuous time; in particular
it discusses the extended Kalman filter, found by applying the Kalman filter to a
linearization of the state and data dynamics. However this method does not work
well in high dimensions Michael Ghil et al., 1981, motivating the use of mean field
maps, as introduced in Subsection 2.2.5, and the ensemble-based methods from
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Subsection 2.2.6 which approximate them. The approximation of mean field maps
by interacting particle systems is overviewed in Sznitman (1991).

We refer the reader to the excellent monographs by Asch, Marc Bocquet, and Nodet
(2016) and G. Evensen, F.C. Vossepoel, and van Leeuwen (2022) for texts with
emphasis on important implementation details, not covered in this chapter, relating
to these ensemble Kalman methods; these include techniques such as inflation and
localization that are central to the success of these methods in high dimensions. We
also refer to the paper by Vetra-Carvalho et al. (2018) for a comprehensive review
of the algorithmic details of ensemble Kalman methods. Here we point to two
particular implementation details that are of particular practical importance. The
first concerns the use of ensemble square-root filters from Subsection 2.2.6.3. The
matrix 𝑍𝑛 in (2.80) is not uniquely defined by the requirement 𝑉𝑛+1𝑉

⊤
𝑛+1 = 𝐶𝑛+1.

Formula (2.81) constitutes one possible choice, which leads to a symmetric 𝑍𝑛;
see Livings, Dance, and Nichols (2008) for more details. Second, finite particle
implementations of the stochastic EnKF from Subsection 2.2.6.2 entail that the
random realizations 𝑦̂ ( 𝑗)

𝑛+1 appear both in the Kalman gain 𝐾𝑛 as well as in the
innovation term in (2.70c). As first observed by Houtekamer and Mitchell (2005),
this leads to a systematic underestimation of the ensemble spread, which vanishes
in the 𝐽 → ∞ limit, but can affect the performance of the EnKF for small particle
sizes.

Particle-based extensions of the classical Kalman filter to nonlinear filtering prob-
lems include the unscented Kalman filter and the ensemble Kalman filter. While
this chapter focuses primarily on ensemble Kalman filter techniques, the unscented
Kalman filter is an approach based on application of quadrature to the Gaussian
projected filter from Subsection 2.2.4; see Julier, Uhlmann, and Durrant-Whyte
(2000) as well as Särkkä and Svensson (2023). A discussion and evaluation in the
context of ensemble square root filters may be found in X. Wang, C.H. Bishop, and
S.J. Julier (2004).

Much of the development of ensemble Kalman methods reflects the historical roots
of the subject in the geophysical sciences, the atmosphere-ocean sciences in par-
ticular, including Lagrangian data assimilation, and in the modeling of subsurface
flow (G. Burgers, van Leeuwen, and G. Evensen, 1998; P.L. Houtekamer and
M.L. Mitchell, 1998; Jeffrey L Anderson, 2001; C.H. Bishop, B.J. Etherton, and
S.J. Majumdar, 2001; J.S. Whitaker and T.M. Hamill, 2002; M.K. Tippett et al.,
2003; B.R. Hunt, E.J. Kostelich, and I. Szunyogh, 2007; G. Li and Albert Coburn
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Reynolds, 2009; P. Sakov, D. S. Oliver, and L. Bertino, 2012; M. Bocquet and
P. Sakov, 2014; Evensen, 2019; Marc Bocquet and Pavel Sakov, 2012; Marc Boc-
quet, Gurumoorthy, et al., 2017; Gurumoorthy et al., 2017; Sampson et al., 2021;
Kuznetsov, Ide, and Jones, 2003; Salman et al., 2006). We also mention the random-
ized maximum likelihood (RML) approach to Bayesian inference which is closely
related to the analysis step of a stochastic EnKF and has also been developed primar-
ily through application in the geophysical sciences (Kitanidis, 1995; Dean S. Oliver,
Cunha, and Albert C. Reynolds, 1997; D. Oliver, A. Reynolds, and N. Liu, 2008).

There is also a body of literature concerning the analysis and development of
ensemble methods with an emphasis on applications in complex and turbulent
flows: Grooms, Y. Lee, and Majda (2014), Grooms, Y. Lee, and Majda (2015),
Robinson, Grooms, and Kleiber (2018), Y. Lee, Majda, and Qi (2017), Gottwald
and Majda (2013), D. Kelly, Majda, and Tong (2015), Tong, Majda, and D. Kelly
(2016a), Tong, Majda, and D. Kelly (2016b), D. Kelly, Majda, and Tong (2015),
Harlim, Mahdi, and Majda (2014), Majda and Tong (2018), Fertig, Harlim, and
Brian R Hunt (2007), Harlim and Brian R Hunt (2007a), Harlim and Brian R Hunt
(2007b). The conceptual fluid dynamics models of Lorenz (Edward N Lorenz,
1996a) (often referred to, collectively, as Lorenz ’96 models) have been particularly
influential in germinating this body of work and we use them exclusively in our
illustrative Examples 2.2.3, 2.2.5 and 2.2.16. Furthermore we will make use of
the relationship between the multiscale and singlescale version of the model as
developed in Fatkullin and Vanden-Eijnden (2004).

Recently ensemble Kalman methods have been developed for potential use in ma-
chine learning (Haber, Lucka, and Ruthotto, 2018; Nikola B Kovachki and Andrew
M Stuart, 2019; Guth, Schillings, and Weissmann, 2022; Grooms, 2021; Gottwald
and Reich, 2021; L. M. Yang and Grooms, 2021; J. Pidstrigach and S. Reich, 2023);
see also Marc Bocquet, Gurumoorthy, et al. (2017), Yuming Chen, Sanz-Alonso,
and Willett (2022) for research at the intersection of machine learning with ensemble
Kalman methodology.

In this survey we have started from mean field equations, in Subsection 2.2.5, and
then discretized the mean field limit using 𝐽 particles in subsequent subsections. It is
of interest to demonstrate that the discrete formulations which arise actually converge
to the mean field equations in the 𝐽 → ∞ limit. This has indeed been established
for the ensemble Kalman filter when applied in the linear Gaussian setting in which
the mean field limit exactly recovers the filtering distribution (Le Gland, Monbet,
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and Tran, 2011a; J. Mandel, L. Cobb, and J. Beezley, 2011; Kwiatkowski and
J. Mandel, 2015) and indeed some results also apply in the nonlinear setting. In
the continuous time-setting long-time error estimates, exploiting ergodicity of the
Kalman-Bucy filter itself and propagation of chaos ideas to extend to the ensemble
Kalman approximations, are developed in Del Moral and Tugaut (2018). The paper
K. J. Law, Tembine, and Tempone (2016) studies related work concerning the mean
field limit of ensemble Kalman methods in the context of non-Gaussian problems.
The papers Ding, Q. Li, and Lu (2021), Ding and Q. Li (2021a) and Ding and Q.
Li (2021b) study particle approximation of mean field limits beyond the Gaussian
setting, primarily in the context of the solution of inverse problems. The papers
Hoel, K. J. Law, and Tempone (2016) and Chernov et al. (2021) study the use of
multilevel approximation of the mean field limit, coupling ensemble approximations
at different levels of space or time discretization.

In Subsection 2.2.5.3 we introduce the idea of second-order transport: approxi-
mations of the perfect transport maps that effect filtering. The non-uniqueness
of second order transport maps is studied in continuous time, for linear Gaussian
stochastic differential equations, in Taghvaei and Prashant G Mehta (2020): this
work is closely related to our analysis in the first two subsections of Section 2.B.
Non-Gaussian extensions are discussed in Taghvaei and Hosseini (2022). We also
highlight that it is possible to construct second order transport maps𝑇 , which satisfy
conditions different from (2.50b) and (2.56b), respectively. For example, one could
request that

G
(
(𝑇 𝑆𝑛 )♯𝜋

)
= GB𝑛 (𝜋).

This approximation has been utilized by J. Lei and P. Bickel (2011). The analogous
deterministic approach has been put forward by J. Tödter and B. Ahrens (2015) and
has been explored further, for example, in W. Acevedo, J. d. Wiljes, and S. Reich
(2017). Alternatively, one can also replace the definition (2.36) of the Gaussian
projection operator 𝐺. To this end, recall that the Kullback–Leibler divergence
between probability measures 𝜋1 and 𝜋2 on R𝑑 is defined as

𝑑KL(𝜋1 | |𝜋2) =
∫

𝜋1(𝑑𝑢) log
d𝜋1
d𝜋2
(𝑢);

in particular, it is not symmetric in its two arguments. Gaussian variational inference
(C. Bishop, 2011) is for example based of the definition

G𝜇 = a𝑟𝑔𝑚𝑖𝑛𝜋∈G𝑑KL(𝜋 | |𝜇) (2.83)
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in place of (2.36); note, however, that the minimizer of (2.83) may not be unique,
whilst the minimizer of (2.36) is always unique.

While we follow the moment matching perspective on the derivation of ensemble
Kalman filter methods in this survey, we mention in passing that there is an alterna-
tive perspective based on linear minimum variance estimators. See Van Leeuwen
(2020b) in the context of the stochastic ensemble Kalman filter and the Subsec-
tion 2.B.3 as well as J. Lei and P. Bickel (2011) for nonlinear extensions. The Bayes
linear methodology is also an alternative approach of potential interest Goldstein
and Wooff, 2007.

Even in the mean field limit 𝐽 → ∞, the ensemble Kalman filter provides approx-
imations only to approximate transport based filters. They are only exact in the
linear Gaussian setting (Le Gland, Monbet, and Tran, 2011a); recent works develop
new tools of analysis to extend this to nonlinear filtering problems that are close to
Gaussian (J. A. Carrillo et al., 2024; Calvello, Monmarché, et al., 2026). As men-
tioned in Subsection 2.1.1, sequential Monte Carlo methods can be designed to be
consistent with the underlying nonlinear filtering problem as defined, for example,
by perfect transport based filters. Foundational analysis of these particle methods is
undertaken in Crisan, Pierre Del Moral, and Lyons (1999) and Del Moral (2004);
but we reiterate that, in contrast to ensemble Kalman based methods, they do not
scale well to high dimensions. We also point to Pierre Del Moral, Doucet, and
Jasra (2006) for an application of the sequential Monte Carlo method to Bayesian
inference problems; the approach therein is closely related to iterative implementa-
tions of the EnKF that were subsequently developed in the papers G. Li and Albert
Coburn Reynolds (2009), Gu and Dean S Oliver (2007), P. Sakov, D. S. Oliver, and
L. Bertino (2012).

Despite only providing approximations to the exact filtering distribution, i.e. from the
perspective of Objective 2, accuracy and stability results for the ensemble Kalman
filter, viewed as a state estimator and hence from the perspective of Objective 1, have
been derived. See, for example, González-Tokman and Brian R Hunt (2013), D. T.
Kelly, K. J. Law, and Andrew M Stuart (2014), Tong, Majda, and D. Kelly (2016b),
Tong, Majda, and D. Kelly (2016a) and Pierre Del Moral and Horton (2023a).
Mechanisms for finite time filter divergence have also been identified (Gottwald and
Majda, 2013; D. Kelly, Majda, and Tong, 2015).

Extending the ensemble Kalman filter to strongly nonlinear and high dimensional
state estimation problems constitute an area of active ongoing research. The current
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state of the art has been summarized in Van Leeuwen, Hans R. Künsch, et al. (2019b)
in the context of high dimensional geophysical applications. Extensions of the
transport framework (2.46), which build on approximating the perfect transport maps
𝑇𝐷 in (2.46b) in an asymptotically consistent manner, include the work by S. Reich
(2013), Y. Cheng and S. Reich (2015), Spantini, Baptista, and Youssef Marzouk
(2022a), and Zech and Y. Marzouk (2022). In an alternative line of research there
have been several proposals to construct hybrid methods, which aim to adaptively
bridge between the ensemble Kalman and particle filters, including the work by
A.S. Stordal et al. (2011), Frei and Hans R Künsch (2013), N. Chustagulprom,
S. Reich, and M. Reinhardt (2016), and Nerger (2022).

In this context, the transformation formula (2.82) proves to be rather useful since
most existing particle based methods can be covered by appropriate choices of 𝑆𝑛,
where 𝑆𝑛 is typically the realization of a random matrix. See Reich and Colin Cotter
(2015) for more details. For example, a resampling step in a sequential Monte Carlo
method gives rise to a matrix 𝑆𝑛 with a single non-zero entry equal to one in each
of its columns. More generally it holds that, for all 𝑗 ∈ J,∑︁

𝑖∈J
(𝑆𝑛)𝑖 𝑗 = 1.

In particular, the matrix 𝑆𝑛 can be chosen to correspond to an optimal coupling be-
tween two discrete random variables (S. Reich, 2013), which builds a link between
filtering and optimal transport also explored in Corenflos et al. (2021). The subject
of optimal transport is given a comprehensive treatment in C. Villani (2008); see
also Cédric Villani (2021). Computational aspects of the subject including entropy-
regularized optimal transport are discussed in Cuturi (2013) and Peyré and Cuturi
(2019). Entropy-regularization is linked to the Schrödinger bridge problem, and
connections with data assimilation are developed in Reich (2019). See also Sub-
section 2.1.1 for discussion of transport-based methodologies within the context of
ensemble Kalman methods. See Example 2.B.7 and Reich and Colin Cotter (2015)
for the connection between the map (2.66) and optimal transport. For a derivation
of the standard formulae for mean and covariance of conditioned Gaussians used in
the proof of Lemma 2.2.9 see Eaton (2007).

Finally we observe that we do not discuss, in this chapter, the smoothing approach to
state estimation from data in model (2.1). This approach aims at finding the entire
sequence {𝑣ℓ}𝑛ℓ=0 from the data 𝑌†𝑛 . Thus state estimates depend on data in their
future. To read about smoothing see G. Evensen, F.C. Vossepoel, and van Leeuwen
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(2022) and Sanz-Alonso, A. Stuart, and Taeb (2023b). We note here that there is
a smoothing counterpart of the 3DVAR algorithm (see Remark 2.2.1) known as
4DVAR because, for physical systems, it uses data distributed in the three space and
one time dimensions.

2.A Lorenz ’96 Multiscale
To illustrate the problems of both state estimation and parameter estimation we use,
throughout this chapter, variants on the Lorenz ’96 model. In particular we use both
the Lorenz ’96 multiscale system, introduced in subsection 2.A.1, and a singlescale
closure derived from it in the scale-separated case, described in Subsections 2.A.2
and 2.2.7. If we (i) generate data with the singlescale model, and assimilate using the
same model, we are able to test algorithms in their basic (perfect model) form; on the
other hand if we (ii) generate data with the multiscale model, and assimilate using
the singlescale model, this allows us to study the effect of model misspecification
on data assimilation. Subsection 2.A.3 contains an example of the type (ii), whilst
Examples 2.2.3, 2.2.5 and 2.2.16 are of type (i).

2.A.1 Lorenz ’96 Multiscale Model
Let 𝑣 ∈ 𝐶 (R+,R𝐿) and 𝑤 ∈ 𝐶 (R+,R𝐿×𝐽). We write down an ODE for (𝑣, 𝑤)
in which each variable 𝑣ℓ ∈ R is coupled to a subgroup of fast variables 𝑤ℓ =

{𝑤ℓ, 𝑗 }𝐽𝑗=1 ∈ R
𝐽 ; further (discrete) boundary condition couplings impose periodicity

in 𝐿 and link {𝑤ℓ, 𝑗 }𝐽𝑗=1 to {𝑤ℓ+1, 𝑗 }𝐽𝑗=1. The particular form of the system of ODEs
is as given in Fatkullin and Vanden-Eijnden (2004). For ℓ = 1 . . . 𝐿 and 𝑗 = 1 . . . 𝐽,
the ODEs are

¤𝑣ℓ = 𝑓ℓ (𝑣) + ℎ𝑣𝑤ℓ, 𝑤ℓ =
1
𝐽

𝐽∑︁
𝑗=1

𝑤ℓ, 𝑗 , (2.84a)

¤𝑤ℓ, 𝑗 =
1
𝜀
𝑟 𝑗 (𝑣ℓ, 𝑤ℓ), (2.84b)

where

𝑓ℓ (𝑣) := −𝑣ℓ−1(𝑣ℓ−2 − 𝑣ℓ+1) − 𝑣ℓ + 𝐹, (2.85a)

𝑟 𝑗 (𝑣ℓ, 𝑤ℓ) := −𝑤ℓ, 𝑗+1(𝑤ℓ, 𝑗+2 − 𝑤ℓ, 𝑗−1) − 𝑤ℓ, 𝑗 + ℎ𝑤𝑣ℓ, (2.85b)

and we impose the boundary conditions

𝑣ℓ+𝐿 = 𝑣ℓ, 𝑤ℓ+𝐿, 𝑗 = 𝑤ℓ, 𝑗 , 𝑤ℓ, 𝑗+𝐽 = 𝑤ℓ+1, 𝑗 . (2.86)

Here 𝜀 > 0 is a scale-separation parameter, ℎ𝑣, ℎ𝑤 ∈ R govern the couplings between
the fast and slow systems, and 𝐹 > 0 provides a constant forcing.
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2.A.2 Lorenz ’96 Singlescale Model
Let 𝑣 = {𝑣ℓ}𝐿ℓ=1, 𝑤 = {𝑤ℓ}𝐿ℓ=1 and 𝑤 = {𝑤ℓ}𝐿ℓ=1. Then we may write (2.84) in the
form

¤𝑣 = 𝐹 (𝑣) + ℎ𝑣𝑤, (2.87a)

¤𝑤 =
1
𝜀
𝑅(𝑣, 𝑤), (2.87b)

for suitable definitions of 𝐹, 𝑅. If 𝜀 ≪ 1 then the dynamics for the 𝑤 governed
(2.87b) evolve on a much faster timescale than the dynamics for the 𝑣 governed by
(2.87a). Thus it is a reasonable approximation to think of 𝑣 as frozen in (2.84b). If
we assume that the dynamics of 𝑤 with 𝑣 frozen are ergodic with invariant measure
𝜇𝑣 (𝑑𝑤) (a measure in 𝑤, parameterized by 𝑣) then the averaging principle (Vanden-
Eijnden et al., 2003; Abdulle et al., 2012; Pavliotis and A. Stuart, 2008) suggests
that we may make the approximation

𝑤 ≈ 𝑀 (𝑣) :=
∫

𝑤 𝜇𝑣 (d𝑤).

If we also invoke the approximation 𝑀ℓ (𝑣) ≈ 𝑚(𝑣ℓ), which is shown to be valid for
large 𝐽 in Fatkullin and Vanden-Eijnden (2004), then we arrive at the singlescale
Lorenz ’96 model (2.9). This program of analysis for the Lorenz ’96 model, and
studies of the validity of the resulting singlescale approximation, was established
in the paper Fatkullin and Vanden-Eijnden (2004). The function 𝑚(·) is not given
explicitly, but may be fit to data in various different ways, as explained in Fatkullin
and Vanden-Eijnden (2004). Figure 2.1 shows such an𝑚, fit using Gaussian process
regression methodology as detailed in Subsection 4.3 of Burov et al. (2021).

2.A.3 Example
The following example relates to the discussion in Remark 2.2.4.

Example 2.A.1. Throughout this example we set 𝐿 = 9, 𝐽 = 8, ℎ𝑣 = −0.8, ℎ𝑤 =

1, 𝐹 = 10 and 𝜀 = 2−7. Note that the equation (2.84a) has the form of the singlescale
Lorenz model (2.9) for 𝑣 with a coupling to the fast variables 𝑤 governed by (2.84b)
replacing the function𝑚(·). In Figure 2.1 we display the dynamics of a slow variable
and one associated fast variable of the Lorenz ’96 multiscale model (2.84); at the
parameter values chosen the system is chaotic.

We consider observations {𝑦†𝑛}𝑛∈Z+ arising from the model

(𝑣†
𝑛+1, 𝑤

†
𝑛+1) = Ψmult(𝑣†𝑛, 𝑤†𝑛),
𝑦
†
𝑛+1 = ℎ(𝑣†

𝑛+1),
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where Ψmult is the solution operator to the multiscale model (2.84)–(2.86) over the
observation time interval 𝜏. We then take the data from the multiscale model and
assimilate it into the singlescale model (2.9), recalling the specific function𝑚 shown
in Figure 2.1, and discussion in the preceding subsection concerning elimination of
the fast variables in favour of a simple closure, using the averaging principle.

We now discuss data assimilation using this multiscale data. As in Example 2.2.3, we
assume that the observation function is linear: ℎ(𝑣) = 𝐻𝑣 for matrix 𝐻 : R9 → R6

defined by (2.10). As before we choose the gain 𝐾 : R6 → R9 to be defined by
(2.12) and employ the 3DVAR algorithm (2.11) with Ψ the solution operator over
time-interval 𝜏 for the singlescale model. Thus model misspecification is present,
because data 𝑌† comes from the multiscale model.

Figure 2.1: Dynamics of a slow variable and an associated fast variable. Here “dns”,
in blue, labels the slow variable computed by direct numerical simulation; in grey
is the related fast variable.

As in Example 2.2.3 we display the results of 3DVAR on the unobserved component
𝑣3. Figure 2.2a shows the behavior of the algorithm for 𝜏 = 10−3. Despite the
fact that the data is generated from the multiscale model, whilst assimilation is
conducted using the singlescale model, 3DVAR produces an accurate estimate of
the true state with, after synchronization, the only discernible errors being slight
under and overshoots. Figure 2.2b shows the effect of varying 𝜏, the time between
observations. As in Example 2.2.3 the assimilation is significantly worse when 𝜏 is
larger. ■

2.B Mean Field Maps
In Subsection 2.B.1 we discuss the existence, form and properties of mean field maps
which carry out the program of approximate transport described in Subsection
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(a)

(b)

Figure 2.2: In (a) the estimates of 𝑣3 in time produced by 3DVAR using 𝜏 = 10−3

are displayed against the true dynamics. In (b) the estimates at each unit time
obtained using 3DVAR with assimilation at 𝜏 = 100 and 𝜏 = 10−3 are shown. Again
the acronym “dns” refers to direct numerical simulation. 3DVAR successfully
synchronizes with the direct numerical simulation at the smaller value of 𝜏 but fails
to do so as well when 𝜏 is larger. It is noteworthy that the synchronization takes
place here in the context of model misspecification: the data is generated by the
multiscale model, but 3DVAR is applied using the singlescale model.

2.2.5.4; these maps require access to simulated data and are hence referred as
stochastic second order transport maps. In Subsection 2.B.2 we discuss the existence,
form and properties of mean field maps which carry out the program of approximate
transport described in Subsection 2.2.5.5; these maps do not require access to
simulated noisy data and are hence referred to as deterministic second order transport
maps. The two approaches provide fundamental underpinnings of ensemble Kalman
methods as we develop them in this chapter, but were not adopted in its historical
development. Subsection 2.B.3 is devoted to the minimum variance approximation,
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a way of deriving the Kalman transport map (2.54), which is part of the historical
development of the subject, but which does not play a central role in our presentation
and analysis of the subject.

2.B.1 Mean Field Maps – Simulated Data
We note that the maps of interest in this subsection take Law (𝑣̂𝑛+1, 𝑦̂𝑛+1) into
Law (𝑣𝑛+1). Since the analysis is independent of any specific value of discrete time
𝑛, we drop the subscript 𝑛+ 1 throughout the analysis; this streamlines the notation.
Similar considerations apply in Subsection 2.B.2 and in Subsection 2.B.3.

Let (𝑣̂, 𝑦̂) ∼ 𝜋, where

G𝜋 = N

([
𝑚

𝑜

]
,

[
𝐶 𝐶𝑣𝑦

(𝐶𝑣𝑦)⊤ 𝐶𝑦𝑦,

])
.

Define

𝑚 = 𝑚 + 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1 (𝑦† − 𝑜) , (2.88a)

𝐶 = 𝐶 − 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1(𝐶𝑣𝑦)⊤. (2.88b)

Note that these are the mean and covariance of the Gaussian random variable 𝑣̂
conditioned on 𝑦̂ = 𝑦† on the assumption that (𝑣̂, 𝑦̂) is distributed according to
the Gaussian measure G𝜋; see (2.40). The quantities in the above identities are as
defined in Subsection 2.2.3.4, with the caveat that the subscripts 𝑛 + 1 have been
dropped for clarity of exposition.

Our goal is to identify maps of the form

𝑣 = 𝐴𝑣̂ + 𝐵𝑦̂ + 𝑎 (2.89)

so that, if (𝑣̂, 𝑦̂) ∼ 𝜋, then 𝑣 has mean 𝑚 and covariance 𝐶 given by (2.88). We
make the following assumptions on the covariance under G𝜋 and on the matrices
𝐴, 𝐵 and vector 𝑎.

Assumptions 2.B.1. The covariance under G𝜋 is invertible. The matrices 𝐴, 𝐵 and
vector 𝑎 may depend on 𝑦† and measure 𝜋 but not on the random variables (𝑣̂, 𝑦̂);
thus (2.89) takes the explicit form

𝑣 = 𝐴(𝜋, 𝑦†)𝑣̂ + 𝐵(𝜋, 𝑦†) 𝑦̂ + 𝑎(𝜋, 𝑦†). ■

Recall the discussion of pushforward of measures in the introduction to Subsection
2.2.5. Under Assumptions 2.B.1 pushforward under the map (2.89), when chosen
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to match the desired first and second order statistics, defines a nonlinear map on the
space of measures, and in particular on 𝜋 itself. In what follows all expectations
are computed under 𝜋. Since the covariance under G𝜋 is strictly positive-definite
so are the marginal covariances 𝐶 and 𝐶𝑦𝑦 (see Andrew M Stuart (2010a)[Lemma
6.21]). Thus we may define the conditional mean and covariance by (2.88), as well
as Kalman gain 𝐾 , and conditional covariance 𝐶, given by

𝐾 = 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1, (2.90)

𝐶 = 𝐶𝑦𝑦 − (𝐶𝑣𝑦)⊤(𝐶)−1𝐶𝑣𝑦; (2.91)

we note that the conditional covariances 𝐶 and 𝐶 are also strictly positive-definite
(see Andrew M Stuart (2010a)[Lemma 6.21]). From equations (2.88a) and (2.89)
the following is immediate.

Lemma 2.B.2. Let Assumptions 2.B.1 hold and let (𝑣̂, 𝑦̂) ∼ 𝜋. If 𝑣 given by (2.89)
has mean given by (2.88a) then

𝑎 = (𝐼 − 𝐴)E𝑣̂ + 𝐾𝑦† − (𝐵 + 𝐾)E𝑦̂.

^

As a consequence it follows that

𝑣 = E𝑣̂ + 𝐴(𝑣̂ − E𝑣̂) + 𝐵( 𝑦̂ − E𝑦̂) + 𝐾 (𝑦† − E𝑦̂), (2.92)

and that

E
(
(𝑣 − E𝑣) ⊗ (𝑣 − E𝑣)

)
= 𝐴𝐶𝐴⊤ + 𝐵𝐶𝑦𝑦𝐵⊤ + 𝐴𝐶𝑣𝑦𝐵⊤ + 𝐵(𝐶𝑣𝑦)⊤𝐴⊤.

Thus, to match the covariance of the conditioned random variable, we obtain

𝐶 = 𝐴𝐶𝐴⊤ + 𝐵𝐶𝑦𝑦𝐵⊤ + 𝐴𝐶𝑣𝑦𝐵⊤ + 𝐵(𝐶𝑣𝑦)⊤𝐴⊤. (2.93)

Theorem 2.B.3. Let Assumptions 2.B.1 hold and let (𝑣̂, 𝑦̂) ∼ 𝜋. If 𝑎 is given by
Lemma 2.B.2 then 𝑣 defined by (2.89) has covariance (2.88b) if and only if real-
valued matrices 𝐴 and 𝐵 are related by the identity

𝐹𝐶−1𝐹⊤ = 𝐶 − 𝐵𝐶𝐵⊤, (2.94)

where
𝐹 = 𝐴𝐶 + 𝐵(𝐶𝑣𝑦)⊤. (2.95)

^
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Proof. We complete the square on the right hand side of (2.93) to obtain

(𝐴𝐶 + 𝐵(𝐶𝑣𝑦)⊤)𝐶−1(𝐴𝐶 + 𝐵(𝐶𝑣𝑦)⊤)⊤ = 𝐶′,

where
𝐶′ = 𝐶 − 𝐵𝐶𝐵⊤.

Rearranging gives the desired result.

Define
B = {𝐵 ∈ R𝑑𝑣×𝑑𝑦 : 𝐶′ ≻ 0},

noting that this set is non-empty, and contains an open (and hence uncountable) set
of 𝐵, since 𝐶 ≻ 0. For 𝐵 ∈ B consider the eigenvalue problem

𝐶′𝜑(𝑖) = (𝑠(𝑖))2𝜑(𝑖) , ⟨𝜑(𝑖) , 𝜑( 𝑗)⟩ = 𝛿𝑖 𝑗 .

Note that this has 𝑑𝑣 real solutions, up to sign changes in the eigenvectors and
assuming the 𝑠(𝑖) to be non-negative. We now seek to express 𝐹 in terms of 𝐵 ∈ B.
Writing the SVD 𝐹𝐶−

1
2 = 𝑈Ξ𝑉⊤, where𝑈,𝑉 ∈ R𝑑𝑣×𝑑𝑣 are orthogonal matrices and

Ξ ∈ R𝑑𝑣×𝑑𝑣 is a diagonal matrix, we see from (2.94) that

𝑈Ξ2𝑈⊤ = 𝐶′

so that𝑈 has columns given by the {𝜑(𝑖)}𝑑𝑣
𝑖=1 and corresponding diagonal entries of

Ξ, ±𝑠(𝑖) . We define

𝑈 =
(
𝜑(1) , · · · , 𝜑(𝑑𝑣)

)
, Ξ = diag

(
±𝑠(1) , · · · ,±𝑠(𝑑𝑣)

)
. (2.96)

Corollary 2.B.4. For every 𝐵 ∈ B the choices of 𝐴 such that the pair (𝐴, 𝐵) satisfies
the criterion of Theorem 2.B.3 are defined as follows. For 𝑈,Ξ as given in (2.96),
set

𝐹 = 𝑈Ξ𝑉⊤𝐶
1
2 ,

where 𝑉 is an arbitrary orthogonal matrix in R𝑑𝑣×𝑑𝑣 . Then

𝐴 =

(
𝐹 − 𝐵(𝐶𝑣𝑦)⊤

)
𝐶−1.

^

Example 2.B.5. Among the uncountably many possible solutions for pairs (𝐴, 𝐵)
we highlight two. The choice 𝐵 = 0 is interesting because it does not require the
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data variable 𝑦̂ in the definition of 𝑣. The choice 𝐴 = 𝐼 is interesting because it does
not require action of an operator acting on 𝑣̂.

The first, with 𝐵 = 0, allows the choice 𝐹 = 𝐶
1
2𝐶

1
2 and then 𝐴 = 𝐶

1
2𝐶−

1
2 . Thus the

map (2.92) becomes

𝑣 = E𝑣̂ + 𝐶 1
2𝐶−

1
2 (𝑣̂ − E𝑣̂) + 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1(𝑦† − E𝑦̂) (2.97)

= 𝑚 + 𝐶 1
2𝐶−

1
2 (𝑣̂ − E𝑣̂). (2.98)

The second comes from setting 𝐵 = −𝐾 which leads to the possible choice 𝐹 = 𝐶

and 𝐴 = 𝐼 under which the map (2.92) becomes

𝑣 = 𝑣̂ + 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1(𝑦† − 𝑦̂).

We refer to this as the Kalman transport solution. ■

Given the plethora of solutions for matrices (𝐴, 𝐵), all of which effect the desired
measure transport from 𝜋 into the conditional, it is natural to ask how to choose
a specific pair (𝐴, 𝐵). One possibility is to use optimal transport. To this end we
define, for positive definite𝑊 ∈ R𝑑𝑣×𝑑𝑣 ,

𝐼𝑊 (𝐴, 𝐵) =
1
2
E⟨(𝑣 − 𝑣̂),𝑊 (𝑣 − 𝑣̂)⟩.

Theorem 2.B.6. Let 𝑣 be given by (2.92). Consider the problem of finding minimiz-
ers of 𝐼𝑊 (𝐴, 𝐵) over pairs (𝐴, 𝐵) satisfying (2.94), (2.95); we refer to the resulting
map evaluated at such an (𝐴, 𝐵) as an optimal transport in the 𝑊−weighted Eu-
clidean distance. For any positive definite 𝑊 , such minimizers satisfy 𝐵 = 0. In
particular the Kalman transport solution is not an optimal transport solution. ^

Proof. We formulate the optimization problem over the pair (𝐹, 𝐵) since, because
𝐶 is invertible, there is a bijection between (𝐴, 𝐵) and (𝐹, 𝐵). Let : denote the
Frobenius inner-product. Then, under constraint (2.95),

𝐼𝑊 (𝐴, 𝐵) = 𝐽𝑊 (𝐹) + const, (2.99a)

𝐽𝑊 (𝐹) = −𝐹 : 𝑊, (2.99b)

where const denotes a matrix independent of 𝐴, 𝐵, 𝐹 (with exact value changing
from instance to instance). To see this note that

𝑣 − 𝑣̂ = −(𝑣̂ − E𝑣̂) + 𝐴(𝑣̂ − E𝑣̂) + 𝐵( 𝑦̂ − E𝑦̂) + 𝐾 (𝑦† − E𝑦̂).



71

Now, using (2.93),

E
(
(𝑣 − 𝑣̂) ⊗ (𝑣 − 𝑣̂)

)
= 𝐶 − 𝐶𝐴⊤ − 𝐴𝐶 − 𝐶𝑣𝑦𝐵⊤ − 𝐵(𝐶𝑣𝑦)⊤ + 𝐶 + const.

Noting that
𝐼𝑊 (𝐴, 𝐵) =

1
2
E
(
(𝑣 − 𝑣̂) ⊗ (𝑣 − 𝑣̂)

)
: 𝑊,

and that 𝐷 : 𝑊 = 𝐷⊤ : 𝑊 for all 𝐷 since 𝑊 is symmetric, identity (2.99) follows
from (2.95). It then also follows that minimization of 𝐼𝑊 (𝐴, 𝐵) subject to the
constraints given by (2.94), (2.95) is equivalent to minimization of 𝐽𝑊 (𝐹) subject
to the constraint (2.94).

To effect this latter minimization we introduce the Lagrange multiplier 𝐿 ∈ R𝑑𝑣×𝑑𝑣 ,
symmetric because the constraint is symmetric, and define

𝐽𝑊 (𝐹, 𝐵, 𝐿) = −𝐹 : 𝑊 + 𝐿 :
(
𝐹𝐶−1𝐹⊤ + 𝐵𝐶𝐵⊤ − 𝐶

)
.

Differentiating with respect to 𝐹, 𝐵 and 𝐿 respectively gives

−𝑊 + 2𝐿𝐹𝐶−1 = 0, (2.100a)

2𝐿𝐵𝐶 = 0, (2.100b)

𝐹𝐶−1𝐹⊤ + 𝐵𝐶𝐵⊤ = 𝐶. (2.100c)

Since 𝐹, 𝑊 , and 𝐶 in (2.100a) are all invertible, the Lagrange multiplier 𝐿 is
necessarily invertible. Furthermore, since 𝐶 is invertible because Σ is, it follows
from (2.100b) that 𝐵 = 0 as required.

Example 2.B.7. Define symmetric matrix 𝑃, and from it symmetric 𝐴, by

𝑃 =

(
𝐶

1
2𝐶𝐶

1
2

)− 1
2
, 𝐴 = 𝐶

1
2𝑃𝐶

1
2 .

We notice that if 𝐵 = 0, as required for an optimal transport solution, then with this
choice of the pair (𝐴, 𝐵), equation (2.100c) has as a solution 𝐹 = 𝐴𝐶 and (2.100b)
is satisfied. Furthermore (2.100a) delivers the Lagrange multiplier 𝐿. Note that the
solution is independent of the specific choice of positive-definite𝑊 . ■

2.B.2 Mean Field Maps – No Simulated Data
Let 𝑣̂ ∼ 𝜇 and assume that 𝑦̂ = ℎ(𝑣̂) + 𝜂 where 𝜂 ∼ N(0, Γ) is independent of
𝑣̂. Implicitly we have defined the joint distribution 𝜋 of (𝑣̂, 𝑦̂). We note that then,
expressed in terms of ℎ̂ := ℎ(𝑣̂) and quantities defined in (2.B.1),

𝐶𝑣ℎ :=E(𝑣̂ − E𝑣̂) ⊗ ( ℎ̂ − Eℎ̂) = 𝐶𝑣𝑦,
𝐶ℎℎ :=E( ℎ̂ − Eℎ̂) ⊗ ( ℎ̂ − Eℎ̂) = 𝐶𝑦𝑦 − Γ.
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Thus we may rewrite (2.88) as

𝑚 = 𝑚 + 𝐶𝑣ℎ (𝐶ℎℎ + Γ)−1 (𝑦† − Eℎ̂) , (2.101a)

𝐶 = 𝐶 − 𝐶𝑣ℎ (𝐶ℎℎ + Γ)−1(𝐶𝑣ℎ)⊤, (2.101b)

In so doing we have eliminated reference to 𝑦̂ and our goal becomes the idenitification
of maps of the form

𝑣 = 𝑅𝑣̂ + 𝑆ℎ̂ + 𝑟 (2.102)

so that, if 𝑣̂ ∼ 𝜇, then 𝑣 has mean 𝑚 and covariance 𝐶 given by (2.101). We make
the following assumptions on the covariance under G𝜋 and on the matrices 𝑅, 𝑆 and
vector 𝑟.

Assumptions 2.B.8. The covariance under G𝜋 is invertible. The matrices 𝑅, 𝑆 and
vector 𝑟 may depend on 𝑦† and measure 𝜇 but not on the random variable (𝑣̂, ℎ̂);
thus (2.102) takes the explicit form

𝑣 = 𝑅(𝜋, 𝑦†)𝑣̂ + 𝑆(𝜋, 𝑦†) ℎ̂ + 𝑟 (𝜋, 𝑦†). ■

With these assumptions the pushforward under map (2.89), when constrained to
match the desired first and second order statistics, defines a nonlinear map on the
space of measures, and in particular on measure 𝜇. In what follows all expectations
are computed under 𝜇. We note that matrix 𝐶 is invertible and that 𝐾 in (2.90) may
be rewritten as

𝐾 = 𝐶𝑣ℎ (𝐶ℎℎ + Γ)−1.

From equations (2.101a) and (2.102) the following is immediate.

Lemma 2.B.9. Let Assumptions 2.B.8 hold and let 𝑣̂ ∼ 𝜇. If 𝑣 given by (2.102) has
mean given by (2.101a) then

𝑟 = (𝐼 − 𝑅)E𝑣̂ + 𝐾𝑦† − (𝑆 + 𝐾)Eℎ̂.

^

As a consequence it follows that

𝑣 = E𝑣̂ + 𝑅(𝑣̂ − E𝑣̂) + 𝑆( ℎ̂ − Eℎ̂) + 𝐾 (𝑦† − Eℎ̂). (2.103)

and that

E
(
(𝑣 − E𝑣) ⊗ (𝑣 − E𝑣)

)
= 𝑅𝐶𝑅⊤ + 𝑆𝐶ℎℎ𝑆⊤ + 𝑅𝐶𝑣ℎ𝑆⊤ + 𝑆(𝐶𝑣ℎ)⊤𝑅. (2.104)
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Thus, to match the covariance of the conditioned random variable, we obtain

𝐶 = 𝑅𝐶𝑅⊤ + 𝑆𝐶ℎℎ𝑆⊤ + 𝑅𝐶𝑣ℎ𝑆⊤ + 𝑆(𝐶𝑣ℎ)⊤𝑅. (2.105)

Define
𝐶̌ = 𝐶ℎℎ − (𝐶𝑣ℎ)⊤(𝐶)−1𝐶𝑣ℎ.

Theorem 2.B.10. Let Assumptions 2.B.8 hold and let 𝑣̂ ∼ 𝜇. If 𝑠 is given by Lemma
2.B.9 then 𝑣 defined by (2.102) has covariance (2.101b) if and only if real-valued
matrices 𝑅 and 𝑆 are related by the identity

𝐸𝐶−1𝐸⊤ = 𝐶 − 𝑆𝐶̌𝑆⊤,

where
𝐸 = 𝑅𝐶 + 𝑆(𝐶𝑣ℎ)⊤.

^

Proof. We complete the square on the right hand side of (2.105) to obtain

(𝑅𝐶 + 𝑆(𝐶𝑣ℎ)⊤)𝐶−1(𝑅𝐶 + 𝑆(𝐶𝑣ℎ)⊤)⊤ + 𝑆𝐶̌𝑆⊤ = 𝐶.

Rearranging gives the desired result.

Define
S = {𝑆 ∈ R𝑑𝑣×𝑑𝑦 : 𝐶 − 𝑆𝐶̌𝑆⊤ ≻ 0}

and, for 𝑆 ∈ S consider the eigenvalue problem

(𝐶 − 𝑆𝐶̌𝑆⊤)𝜓 (𝑖) = (𝑜(𝑖))2𝜓 (𝑖) , ⟨𝜓 (𝑖) , 𝜓 ( 𝑗)⟩ = 𝛿𝑖 𝑗 ,

noting that this has 𝑑𝑣 real solutions, upto sign changes in the eigenvectors and
assuming the 𝑜(𝑖) to be non-negative. We now seek to express 𝐸 in terms of 𝑆 ∈ S.
Writing the SVD 𝐸𝐶−

1
2 = 𝑊Ω𝑍⊤, where 𝑊, 𝑍 ∈ R𝑑𝑣×𝑑𝑣 are orthogonal matrices

and Ω ∈ R𝑑𝑣×𝑑𝑣 is a diagonal matrix, we see from (2.94) that

𝑊Ω2𝑊⊤ = 𝐶 − 𝑆𝐶̌𝑆⊤

so that𝑊 has columns given by the {𝜓 (𝑖)}𝑑𝑣
𝑖=1 and corresponding diagonal entries of

Ω, ±𝑜(𝑖) . We define

𝑊 =
(
𝜓 (1) , · · · , 𝜓 (𝑑𝑣)

)
, Ω = diag

(
±𝑜(1) , . . . ,±𝑜(𝑑𝑣)

)
. (2.106)
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Corollary 2.B.11. For every 𝑆 ∈ S the choices of 𝑅 such that the pair (𝑅, 𝑆)
satisfies the criterion of Theorem 2.B.10 are defined as follows. For 𝑊,Ω as given
in (2.106), set

𝐸 = 𝑊Ω𝑍⊤𝐶
1
2 ,

where 𝑍 is an arbitrary orthogonal matrix in R𝑑𝑣×𝑑𝑣 . Then

𝑅 =

(
𝐸 − 𝑆(𝐶𝑣ℎ)⊤

)
𝐶−1.

^

Example 2.B.12. As in Example 2.B.5 we highlight two examples, here correspond-
ing to 𝑆 = 0 and to 𝑅 = 𝐼 . The first, with 𝑆 = 0, allows the choice 𝐸 = 𝐶

1
2𝐶

1
2 and

hence 𝑅 = 𝐶
1
2𝐶−

1
2 . We thus obtain (2.97) again.

The second comes from setting 𝑅 = 𝐼 . This leads from (2.104) to the following
equation for 𝑆 :

𝑆𝐶ℎℎ𝑆⊤ + 𝐶𝑣ℎ𝑆⊤ + 𝑆(𝐶𝑣ℎ)⊤ = −𝐶𝑣ℎ (𝐶ℎℎ + Γ)−1(𝐶𝑣ℎ)⊤.

We seek a solution for 𝑆 in the form

𝑆 = −𝐶𝑣ℎ𝑌−1

and determine 𝑌 . We obtain the equation

𝑌−1𝐶ℎℎ𝑌−𝑇 − 𝑌−𝑇 − 𝑌−1 = −(𝐶ℎℎ + Γ)−1.

Thus, premultiplying by 𝑌 and post multiplying by 𝑌⊤, we obtain

𝑌 (𝐶ℎℎ + Γ)−1𝑌⊤ − 𝑌 − 𝑌⊤ + 𝐶ℎℎ = 0

which factorizes to give(
𝑌 (𝐶ℎℎ + Γ)−1 − 𝐼

)
(𝐶ℎℎ + Γ)

(
𝑌 (𝐶ℎℎ + Γ)−1 − 𝐼

)⊤
= Γ.

Thus, taking the symmetric square root, we have(
𝑌 (𝐶ℎℎ + Γ)−1 − 𝐼

)
(𝐶ℎℎ + Γ) 1

2 = Γ
1
2 .

Hence (
𝑌 (𝐶ℎℎ + Γ)−1 − 𝐼

)
= Γ

1
2 (𝐶ℎℎ + Γ)− 1

2 .
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Rearranging gives

𝑌 (𝐶ℎℎ + Γ)−1 = Γ
1
2 (𝐶ℎℎ + Γ)− 1

2 + (𝐶ℎℎ + Γ) 1
2 (𝐶ℎℎ + Γ)− 1

2 .

Thus
𝑌 =

(
Γ

1
2 + (𝐶ℎℎ + Γ) 1

2

)
(𝐶ℎℎ + Γ) 1

2 .

We obtain 𝑆 = −𝐾 where

𝐾 = 𝐶𝑣ℎ
(
(𝐶ℎℎ + Γ) + Γ1/2(𝐶ℎℎ + Γ)1/2

)−1
.

The map (2.103) becomes

𝑣 = 𝑣̂ − 𝐾 ( ℎ̂ − Eℎ̂) + 𝐶𝑣ℎ (𝐶ℎℎ + Γ)−1(𝑦† − Eℎ̂)
= 𝑣̂ − 𝐾 ( ℎ̂ − Eℎ̂) + 𝐾 (𝑦† − Eℎ̂)
= 𝑚 + (𝑣̂ − 𝑚) − 𝐾 ( ℎ̂ − Eℎ̂).

■

2.B.3 Minimum Variance Approximation
In the two preceding subsections we have identified an uncountable set of transport
maps that match the second order statistics of true transport. Among all these, the
Kalman transport (2.54) has a particular appeal because it is constructed around the
Kalman gain familiar from filtering in the linear Gaussian setting. In this subsection
we show how the principle of minimizing the variance within a class of linear
estimators of the state, given observation, leads to this choice of transport map.
We believe that the second order transport approach, which we highlight in the
main text, provides a more fundamental viewpoint on the mean field models which
underpin ensemble Kalman methods; however the minimum variance perspective is
widely adopted in the statistics and geophysics communities (see Subsection 2.2.7)
and hence has an important place in the subject of ensemble Kalman methods.

Recall that the Kalman transport approach leads back to the map (2.14c), motivated
by control theoretic considerations, and identifies a specific choice of Kalman gain
𝐾𝑛, a choice which depends on the law of the predicted state and data. In the Gaus-
sian case the Kalman transport map (2.54) exactly generates the desired transport, a
fact which we discuss in Example 2.2.15. The general form of approximate stochas-
tic second order transport maps which we study using the second order transport
approach in the main text is (2.49). Our goal here is to motivate a specific choice of
𝑇 𝑆 in (2.49c), in particular to derive (2.54c). In this subsection we achieve this by
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first defining, and identifying, the best linear unbiased estimator, BLUE for short.
From this we will derive Kalman transport.

Lemma 2.B.13. Assume that Γ ≻ 0. Let all expectations be computed under
Law (𝑣̂𝑛+1, 𝑦̂𝑛+1) and consider 𝑚BL

𝑛+1 in the form

𝑚BL
𝑛+1 = 𝑎′ + 𝐵𝑦̂𝑛+1.

Define 𝐶𝑛+1, 𝐶
𝑣𝑦

𝑛+1 and 𝐶𝑦𝑦
𝑛+1 by (2.31), (2.32) and define

I(𝑎′, 𝐵) := E|𝑣̂𝑛+1 − 𝑚BL
𝑛+1 |

2.

Then 𝑚BL
𝑛+1 is said to be the BLUE of 𝑣̂𝑛+1 given 𝑦̂𝑛+1, if vector 𝑎′ and matrix 𝐵 are

independent of (𝑣̂𝑛+1, 𝑦̂𝑛+1), but may depend on Law (𝑣̂𝑛+1, 𝑦̂𝑛+1), and are chosen
to minimize I(𝑎′, 𝐵). Then

𝑚BL
𝑛+1 = E𝑣̂𝑛+1 + 𝐶𝑣𝑦𝑛+1(𝐶

𝑦𝑦

𝑛+1)
−1( 𝑦̂𝑛+1 − E𝑦̂𝑛+1). (2.107)

Furthermore, the estimator (2.107) is unbiased, that is,

E(𝑣̂𝑛+1 − 𝑚BL
𝑛+1) = 0,

and its covariance with respect to Law (𝑣̂𝑛+1, 𝑦̂𝑛+1),

𝐶BL
𝑛+1 := E

(
(𝑣̂𝑛+1 − 𝑚BL

𝑛+1) (𝑣̂𝑛+1 − 𝑚BL
𝑛+1)

⊤) ,
is given by

𝐶BL
𝑛+1 = 𝐶𝑛+1 − 𝐶𝑣𝑦𝑛+1(𝐶

𝑦𝑦

𝑛+1)
−1(𝐶𝑣𝑦

𝑛+1)
⊤. (2.108)

^

Proof. Noting that we may, without loss of generality, reparametrize the proposed
form of 𝑚BL

𝑛+1 as
𝑚BL
𝑛+1 = E𝑣̂𝑛+1 + 𝑎 + 𝐵( 𝑦̂𝑛+1 − E𝑦̂𝑛+1),

we see that the desired objective to be minimized over vector-matrix pair (𝑎, 𝐵) is

J(𝑎, 𝐵) :=
1
2
E|𝑣̂𝑛+1 − E𝑣̂𝑛+1 − 𝑎 − 𝐵( 𝑦̂𝑛+1 − E𝑦̂𝑛+1) |2

=
1
2
E|𝑣̂𝑛+1 − E𝑣̂𝑛+1 |2 +

1
2
|𝑎 |2

+ 1
2
E|𝐵( 𝑦̂𝑛+1 − E𝑦̂𝑛+1) |2 − E⟨̂𝑣𝑛+1 − E𝑣̂𝑛+1, 𝐵( 𝑦̂𝑛+1 − E𝑦̂𝑛+1)⟩

=
1
2
E|𝑣̂𝑛+1 − E𝑣̂𝑛+1 |2 +

1
2
|𝑎 |2 + 1

2
(𝐵𝐵⊤) : 𝐶𝑦𝑦

𝑛+1 − 𝐵 : 𝐶𝑣𝑦
𝑛+1.
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Clearly the minimizer with respect to 𝑎 is achieved by setting 𝑎 = 0. Differentiating
with respect to 𝐵, noting that𝐶𝑦𝑦

𝑛+1 is symmetric, shows that 𝐵 = 𝐾𝑛 given by (2.33).
That the resulting pair is indeed a minimizer, and not another critical point, follows
from the fact that 𝐶𝑦𝑦

𝑛+1 is positive-definite; this is implied by the assumption Γ ≻ 0.
Thus we obtain the estimator (2.107). A straightforward calculation shows that the
estimator is unbiased and that its covariance is given by (2.108).

We now connect the BLUE to an approximate (second order) transport map. To this
end, note that (2.107) may be viewed as mapping 𝑦̂𝑛+1 into 𝑚BL

𝑛+1 = 𝑚BL( 𝑦̂𝑛+1).With
this notation we define 𝑚†

𝑛+1 by

𝑚
†
𝑛+1 = 𝑚BL(𝑦†

𝑛+1) (2.109a)

= E𝑣̂𝑛+1 + 𝐶𝑣𝑦𝑛+1(𝐶
𝑦𝑦

𝑛+1)
−1(𝑦†

𝑛+1 − E𝑦̂𝑛+1). (2.109b)

We may now make the following connection between BLUE and Kalman transport.

Theorem 2.B.14. Let (𝑣̂𝑛+1, 𝑦̂𝑛+1) be distributed according to measure 𝜋𝑛+1. Then
the transport map (2.54c) has the properties:

E𝑣𝑛+1 = 𝑚
†
𝑛+1

E
(
(𝑣𝑛+1 − 𝑚†𝑛+1) (𝑣𝑛+1 − 𝑚†𝑛+1)

⊤) = 𝐶BL
𝑛+1,

where 𝑚†
𝑛+1 and 𝐶BL

𝑛+1 are given by (2.109) and (2.108) respectively. ^

Proof. Note that the transport map (2.54c) can now be reformulated as

𝑣𝑛+1 = 𝑣̂𝑛+1 + (𝑚†𝑛+1 − 𝑚
BL
𝑛+1).

Thus
𝑣𝑛+1 = 𝑚

†
𝑛+1 + 𝑣̂𝑛+1 − 𝑚BL

𝑛+1.

The desired properties of the mean and covariance follow from Lemma 2.B.13.

Remark 2.B.15. We now have two derivations of the Kalman gain, the approximate
transport derivation from Subsection 2.2.5.4, and the minimum variance derivation
given here. We include a third, dimensional, argument that motivates its form. Let
state denote the physical units associated with the state variable and data those
associated with the observation. Then the physical units of the gain matrix 𝐾 should
equal state/data. We note that 𝐶𝑦𝑦 has units of data squared whilst the units
of 𝐶𝑣𝑦 are the product of state and data. If we then constrain the gain to be
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determined by covariance matrices involving the state and the data it is natural to
choose it to be formed as 𝐶𝑣𝑦 (𝐶𝑦𝑦)−1 where 𝐶𝑦𝑦 is an estimate of covariance in the
data, and𝐶𝑣𝑦 an estimate of covariance between state and data. Making a choice of
this type leads to the right units for the gain, since the innovation has units data, and
relies only on use of first and second order statistics. This dimensional argument
motivates the form (2.33) as derived in both Subsections 2.B.3 and 2.2.4. ■
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C h a p t e r 3

ACCURACY OF THE ENSEMBLE KALMAN FILTER IN THE
NONLINEAR SETTING

3.1 Introduction
This chapter describes a setting in which the ensemble Kalman filter (EnKF) ac-
curately approximates the filtering distribution of discrete time, partially observed,
stochastic dynamical systems. In Subsection 3.1.1 we set the work in context by pro-
viding a literature review. Subsection 3.1.2 details our contributions and overviews
the chapter structure. Subsection 3.1.3 contains a precise statement of the filtering
distribution which we approximate using the EnKF.

3.1.1 Literature Review
Algorithms for filtering employ noisy observations, arising from a (possibly stochas-
tic) dynamical system, to estimate the distribution of the system state conditional
on the observations. The Kalman filter (Kalman, 1960) determines the filtering
distribution exactly for linear Gaussian dynamics and observations. The extended
Kalman filter generalizes the Kalman filtering methodology to nonlinear problems
and is based on a linearization approximation; see Andrew H Jazwinski (2007) and
B. D. Anderson and Moore (2012). The linearization approximation leads to an
inexact distribution for nonlinear problems, and furthermore requires evaluation of
covariance matrices, making the methodology impractical for large-scale geophys-
ical applications (M. Ghil et al., 1981). Particle filters or sequential Monte Carlo
methods (Doucet, Freitas, and Gordon, 2001; Chopin and Papaspiliopoulos, 2020)
offer an alternative methodology for nonlinear filtering problems, allowing recovery
of the exact filtering distribution in the large particle limit. However, this class of
methods scales poorly with dimension, and in particular suffers weight collapse,
making its application to geophysical problems prohibitive; see for example Snyder
et al. (2008), Bickel, B. Li, and Bengtsson (2008), Rebeschini and Van Handel
(2015), and Agapiou et al. (2017).

For this reason the EnKF has emerged as popular robust methodology for filtering,
especially in high dimensional problems. We refer to paper J. A. Carrillo et al.
(2024) for detailed discussion of the literature in areas aligned with, or adjacent to,
the results we establish about the EnKF. In this literature review we confine ourselves
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primarily to overviewing a narrow subset of the work extensively reviewed in J. A.
Carrillo et al. (2024), with focus on several of the open questions detailed in our
closing remarks. The EnKF was introduced in the seminal paper Evensen (1994).
Its success stems from the low-rank approximation of large covariances, cheaply
computed using an ensemble of particles, which allows the methodology to be
deployed in geophysical applications. Quantifying the accuracy of the ensemble
Kalman filter has been of great practical and theoretical interest. In paper D. T.
Kelly, K. J. Law, and Andrew M Stuart (2014) accuracy of the EnKF, viewed as
a state estimator and not in terms of the filtering distribution, is established. This
work is undertaken in both discrete and continuous time. This continuous time
analysis of state estimation accuracy was improved upon in J. d. Wiljes, Reich, and
Stannat (2018), where a variance inflation condition from D. T. Kelly, K. J. Law,
and Andrew M Stuart (2014) was dispensed with. The continuous time model used
in D. T. Kelly, K. J. Law, and Andrew M Stuart (2014) and J. d. Wiljes, Reich, and
Stannat (2018), however, was not rigorously justified, as a continuous time limit of
the discrete time EnKF, until Lange and Stannat (2021).

For nonlinear non-Gaussian settings, which are of particular practical interest, anal-
ysis of the accuracy of the EnKF in relation to the true filtering distribution, rather
than just state estimation, remains in its infancy. The papers Le Gland, Monbet, and
Tran (2011b) and Jan Mandel, Loren Cobb, and J. D. Beezley (2011) study this issue
in the linear Gaussian setting where the mean field limit of the Kalman filter is exact;
they demonstrate that the ensemble Kalman filter may be viewed as an interacting
particle system approximation of the mean field limit, and establish Monte Carlo
type error bounds. The recent article Calvello, Reich, and Andrew M. Stuart (2025)
overviews the formulation of ensemble Kalman methods using mean field dynamical
systems and provides a platform from which the analyses of Le Gland, Monbet, and
Tran (2011b) and Jan Mandel, Loren Cobb, and J. D. Beezley (2011) may be gen-
eralized beyond the linear Gaussian setting. We refer the reader to Calvello, Reich,
and Andrew M. Stuart (2025) for a comprehensive overview of mean-field limits of
ensemble Kalman filters. In the recent paper J. A. Carrillo et al. (2024) the authors
establish stability properties of the discrete time mean field ensemble Kalman filter
and use them to prove accuracy of the filter in a near-Gaussian setting1. However,

1We note that in J. A. Carrillo et al. (2024) the authors use “near-Gaussian” to characterize the
joint distribution of state and data, which leads to a near-Gaussian filtering distribution. However, in
their context, the additional assumption of bounded dynamics and observation model vector fields
limits their results to the setting of near-constant vector fields. In this work we are more general and
use “near-linear” to characterize the dynamics and observation model vector fields: this also leads
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the paper does not consider finite particle approximations of the mean field, and the
conditions on the dynamics-observation model require boundedness of the vector
fields arising. In this chapter we address both these issues, establishing error bounds
between the finite particle discrete time ensemble Kalman filter and the true filter-
ing distribution in settings where the dynamics and observation vector fields grow
linearly.

We note that extending our work in this chapter, concerning filter accuracy, to the
continuous time setting established in Lange and Stannat (2021) remains open.
Likewise an important open question stemming from our work is to establish esti-
mates valid on the infinite time horizon, in either the discrete or the continuous time
setting. In the continuous time setting this is studied for ensemble Kalman approx-
imation of the Kalman-Bucy filter, when the true filter is Gaussian, in P. Del Moral
and Tugaut (2018); the paper A. N. Bishop and Pierre Del Moral (2023) comprehen-
sively reviews this line of work. The paper Pierre Del Moral and Horton (2023b)
contains long time stability estimates for the sample means and sample variances
of the discrete ensemble Kalman filter in nonlinear, non-Gaussian settings, but is
confined to one dimension. Stability estimates of this kind will be needed in any
generalization of our work to the infinite time horizon.

3.1.2 Contributions and Outline
We make the following contributions.

1. Theorem 3.2.2 is a stability result for the discrete time mean field ensemble
Kalman filter in the setting of dynamical models and Lipschitz obervation
operators that grow at most linearly at infinity.

2. Theorem 3.2.4 quantifies the error between the discrete time mean field en-
semble Kalman filter and the true filter in the setting of dynamical models and
Lipschitz observation operators that are near-linear.

3. Theorem 3.2.5 quantifies the error between the finite particle discrete time
ensemble Kalman filter (found as an interacting particle system approximation
of the mean field) and the true filter in the setting of near-linear, Lipschitz
dynamical models and linear observation operators.

to near-Gaussian filtering distributions.
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In going beyond the work in J. A. Carrillo et al. (2024), the current chapter simul-
taneously addresses a more applicable problem class, by allowing linear growth
in the dynamics and observation operators, and confronts the substantial techni-
cal challenges which arise from doing so. Indeed, allowing for unbounded vector
fields enables the application of this analysis to the setting of the Kalman filter; in
addition, it enables the integration of this mean field analysis with finite-particle
error estimates developed in the literature, such as in Le Gland, Monbet, and Tran
(2011b). Bounds on moments of the filtering distribution and mean field ensemble
Kalman filter must be established; these bounds grow in the number of iterations
which is in contrast to J. A. Carrillo et al. (2024) where the 𝐿∞ bounds on model and
observation operator ensure a uniform bound on moments. A further challenge is
presented by the need to establish stability bounds for the conditioning map, giving
rise to the true filter, and the transport map giving rise to the ensemble Kalman filter.
These results exhibit dependence on moments in the stability constants and require
control of the growth given by the dynamics; this is again in contrast to J. A. Carrillo
et al. (2024) where the 𝐿∞ bounds allow for a uniform control.

We introduce the filtering problem in Subsection 3.1.3. In Section 3.2 we outline
the main results of the chapter concerning the ensemble Kalman filter. In Subsec-
tion 3.2.1 we formulate the ensemble Kalman filter that we consider in this chapter
along with the relevant assumptions we will use in the analysis. We state a stability
theorem for the mean field formulation of the ensemble Kalman filter in Subsec-
tion 3.2.2, hence Contribution 1. We leverage this result in Subsection 3.2.3 to
derive a theorem quantifying the error between the mean field ensemble Kalman
filter and the true filter, Contribution 2. Finally, in Subsection 3.2.4, we make
use of the results of the previous subsections to state a theorem quantifying the
error between the (finite particle) ensemble Kalman filter itself and the true filter,
yielding Contribution 3. Various technical results, used in the proof of our three
main theorems, may be found in the appendices. We conclude with closing remarks
in Section 3.3.

3.1.3 Filtering Distribution
Here we introduce the hidden Markov model that gives rise to the filtering distribu-
tion. We employ notation similar to that established in Calvello, Reich, and Andrew
M. Stuart (2025) and J. A. Carrillo et al. (2024). We consider {𝑢 𝑗 } 𝑗∈J0,𝐽K ⊂ R𝑑𝑢 to
be unknown states to be determined from associated observations {𝑦 𝑗 } 𝑗∈J1,𝐽K ⊂ R𝑑𝑦 .
We assume the states and observations to be governed by the following stochastic
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dynamics and data model:

𝑢 𝑗+1 = Ψ(𝑢 𝑗 ) + 𝜉 𝑗 , 𝜉 𝑗 ∼ N(0,Σ), (3.1a)

𝑦 𝑗+1 = ℎ(𝑢 𝑗+1) + 𝜂 𝑗+1, 𝜂 𝑗+1 ∼ N(0, Γ). (3.1b)

We assume that the initial state is a Gaussian random variable 𝑢0 ∼ N(𝑚0, 𝐶0) and
that the following independence condition is satisfied:

𝑢0 ⊥⊥ 𝜉0 ⊥⊥ · · · ⊥⊥ 𝜉𝐽−1 ⊥⊥ 𝜂1 ⊥⊥ · · · ⊥⊥ 𝜂𝐽 . (3.2)

We define the conditional distribution of the state 𝑢 𝑗 given a realization 𝑌†
𝑗

:=
{𝑦†1, . . . , 𝑦

†
𝑗
} as the filtering distribution, which we denote by 𝜇 𝑗 . We also refer

to 𝜇 𝑗 as the true filter. In the context of this chapter, data 𝑌†
𝑗

is assumed to be a
collection of realizations from (3.1). As formulated in Kody Law, A. Stuart, and
Konstantinos Zygalakis (2015) and Reich and Colin Cotter (2015), the evolution of
the filtering distribution may be written as

𝜇 𝑗+1 = L 𝑗P𝜇 𝑗 , (3.3)

where P and L 𝑗 are maps fromP(R𝑑𝑢) into itself and which effect what are referred to
in the data assimilation community as the prediction and analysis steps, respectively
(Asch, Marc Bocquet, and Nodet, 2016). The prediction operator P is linear and is
determined by the Markov kernel arising from (3.1a). On the other hand, the operator
L 𝑗 is nonlinear and encodes the incorporation of the new data point 𝑦†

𝑗+1 using
Bayes’ theorem. These operators are defined via action on probability measures
with Lebesgue density 𝜇 as

P𝜇(𝑢) = 1√︁
(2𝜋)𝑑𝑢 detΣ

∫
R𝑑𝑢

exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
𝜇(𝑣) d𝑣, (3.4a)

L 𝑗𝜇(𝑢) =
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑢)

��2
Γ

)
𝜇(𝑢)∫

R𝑑𝑢
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑈)

��2
Γ

)
𝜇(𝑈) d𝑈

. (3.4b)

We may rewrite the analysis map L 𝑗 as the composition B 𝑗Q, where the operators
Q : P(R𝑑𝑢) → P(R𝑑𝑢 × R𝑑𝑦 ) and B 𝑗 : P(R𝑑𝑢 × R𝑑𝑦 ) → P(R𝑑𝑢) are defined by

Q𝜇(𝑢, 𝑦) = 1√︁
(2𝜋)𝑑𝑦 det Γ

exp
(
−1

2
��𝑦 − ℎ(𝑢)��2

Γ

)
𝜇(𝑢), (3.5a)

B 𝑗𝜇(𝑢) =
𝜇(𝑢, 𝑦†

𝑗+1)∫
R𝑑𝑢

𝜇(𝑈, 𝑦†
𝑗+1) d𝑈

. (3.5b)
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Linear operator Q maps a probability measure with density 𝜇 into the law of random
variable

(
𝑈, ℎ(𝑈) + 𝜂

)
, with 𝑈 ∼ 𝜇 independent of 𝜂 ∼ N(0, Γ). Nonlinear

operator B 𝑗 effects conditioning on the datum 𝑦
†
𝑗+1. Hence, we may reformulate

(3.3) as
𝜇 𝑗+1 = B 𝑗QP𝜇 𝑗 . (3.6)

3.2 The Ensemble Kalman Filter
We begin in Subsection 3.2.1 by introducing the specific form of the mean field
ensemble Kalman filter that we consider in this chapter; other versions leading to
implementable algorithms and for which similar analysis may be developed can
be found in Calvello, Reich, and Andrew M. Stuart (2025). In this subsection
we also outline the various assumptions that will be employed for the results of
the chapter. We note that the subsections that follow proceed with increasingly
restrictive assumptions on dynamics and observation operator. However, all of the
theorems allow for linear growth of the vector fields defining the dynamics and the
observation processes. In Subsection 3.2.2 we state and prove a stability theorem,
which shows that the error between the true filter and the mean field ensemble
Kalman filter may be controlled by the error between the true filter and its Gaussian
projection on the joint space of state and observations. In Subsection 3.2.3 we
establish an error estimate which shows that the mean field ensemble Kalman filter
provides an accurate approximation of the true filtering distribution for dynamics
and observation operators that are close-to-linear. In Subsection 3.2.4 we deploy
the results of the two preceding subsections to state a theorem quantifying the
error between the finite particle ensemble Kalman filter itself and the true filtering
distribution.

3.2.1 The Algorithm
The ensemble Kalman filter as implemented in practice may be derived as a particle
approximation of various mean field dynamics (Calvello, Reich, and Andrew M.
Stuart, 2025). The particular mean field ensemble Kalman filter that we consider in
this chapter may be written as

𝑢̂ 𝑗+1 = Ψ(𝑢 𝑗 ) + 𝜉 𝑗 , 𝜉 𝑗 ∼ N(0,Σ), (3.7a)

𝑦̂ 𝑗+1 = ℎ(𝑢̂ 𝑗+1) + 𝜂 𝑗+1, 𝜂 𝑗+1 ∼ N(0, Γ), (3.7b)

𝑢 𝑗+1 = 𝑢̂ 𝑗+1 + C𝑢𝑦
(
𝜋̂EK
𝑗+1

)
C𝑦𝑦

(
𝜋̂EK
𝑗+1

)−1 (
𝑦
†
𝑗+1 − 𝑦̂ 𝑗+1

)
, (3.7c)
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where 𝜋̂EK
𝑗+1 = Law(𝑢̂ 𝑗+1, 𝑦̂ 𝑗+1) and where the independence condition (3.2) holds.

We refer the reader back to Section 1.2 for the definition of the covariance matrices
appearing in (3.7c). We denote by 𝜇EK

𝑗
the law of 𝑢 𝑗 . We aim to formulate the

evolution of 𝜇EK
𝑗

in terms of maps on probability measures, hence we introduce, for
a given 𝑦†

𝑗+1, the map T 𝑗 : P2
≻0(R

𝑑𝑢 × R𝑑𝑦 ) → P(R𝑑𝑢) defined by

T 𝑗𝜋 = T (•, •; 𝜋, 𝑦†
𝑗+1)♯𝜋. (3.8)

Here for given 𝜋 ∈ P2
≻0(R

𝑑𝑢 × R𝑑𝑦 ), 𝑧 ∈ R𝑑𝑦 , the transport map T is defined as

T (•, •; 𝜋, 𝑧) : R𝑑𝑢 × R𝑑𝑦 → R𝑑𝑢 ; (3.9a)

(𝑢, 𝑦) ↦→ 𝑢 + C𝑢𝑦 (𝜋)C𝑦𝑦 (𝜋)−1 (𝑧 − 𝑦) . (3.9b)

Evolution of the probability measure 𝜇EK
𝑗

may then be written (see Calvello, Reich,
and Andrew M. Stuart (2025)) as

𝜇EK
𝑗+1 = T 𝑗QP𝜇EK

𝑗 . (3.10)

We note that a specific instance of map T defined in (3.9) appears in (3.7c) and
is determined by probability measure 𝜋 := 𝜋̂EK

𝑗+1 (here equal to QP𝜇EK
𝑗

) and data
𝑧 := 𝑦†

𝑗+1. We refer to J. A. Carrillo et al. (2024) for a step-by-step argument detailing
why the law of 𝑢 𝑗 in (3.7) evolves according to (3.10). The operator T 𝑗 is equivalent,
over the Gaussians G(R𝑑𝑢 ×R𝑑𝑦 ) ⊂ P(R𝑑𝑢 ×R𝑑𝑦 ), to the conditioning operator B 𝑗 ;
see Lemma 3.B.7. We recall that in the particular case where 𝜇0 is Gaussian, which
we assume throughout the chapter, and the operators Ψ and ℎ are linear, the mean
field ensemble Kalman filter (3.10) coincides with the filtering distribution (3.6).
However, this chapter focuses on the aim of analyzing the accuracy of ensemble
Kalman methods when Ψ and ℎ are not assumed to be linear.

The ensemble Kalman filter as implemented in practice may be derived as a particle
approximation of the mean field dynamics as defined by sample paths in (3.7) or as
an evolution on measures in (3.10). To this end, we observe that for any 𝜋 in the range
of Q, C𝑦𝑦 (𝜋) = Cℎℎ (𝜋) +Γ and C𝑢𝑦 (𝜋) = C𝑢ℎ (𝜋), using the notation introduced in,
and following, (1.4). This is since the noise in the observation component defining
𝜋 is then independent of the state component defining 𝜋. Using this observation, the
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particle approximation of (3.7) takes the form

𝑢̂
(𝑖)
𝑗+1 = Ψ

(
𝑢
(𝑖)
𝑗

)
+ 𝜉 (𝑖)

𝑗
, 𝜉

(𝑖)
𝑗
∼ N(0,Σ),

(3.11a)

𝑦̂
(𝑖)
𝑗+1 = ℎ

(
𝑢̂
(𝑖)
𝑗+1

)
+ 𝜂(𝑖)

𝑗+1, 𝜂
(𝑖)
𝑗+1 ∼ N(0, Γ),

(3.11b)

𝑢
(𝑖)
𝑗+1 = 𝑢̂

(𝑖)
𝑗+1 + C

𝑢ℎ
(
𝜋̂

EK,𝑁
𝑗+1

) (
Cℎℎ

(
𝜋̂

EK,𝑁
𝑗+1

)
+ Γ

)−1 (
𝑦
†
𝑗+1 − 𝑦̂

(𝑖)
𝑗+1

)
, (3.11c)

where 𝜋̂EK,𝑁
𝑗+1 is the empirical measure

𝜋̂
EK,𝑁
𝑗+1 =

1
𝑁

𝑁∑︁
𝑖=1

𝛿 (
𝑢̂
(𝑖)
𝑗+1,𝑦̂

(𝑖)
𝑗+1

) ,
and 𝜉 (𝑖)

𝑗
∼ N(0, Σ) i.i.d. in both 𝑖 and 𝑗 and 𝜂(𝑖)

𝑗+1 ∼ N(0, Γ) i.i.d. in both 𝑖 and 𝑗 ;
furthermore, the set of {𝜉 (𝑖)

𝑗
} are independent from the set of {𝜂(𝑖)

𝑗+1}. Choosing to
express the particle approximation of the covariance in observation space through
Cℎℎ and Γ ensures invertibility, provided Γ is invertible. From the particles evolving
according to the dynamics in (3.11) we define the empirical measure

𝜇
EK,𝑁
𝑗+1 =

1
𝑁

𝑁∑︁
𝑖=1

𝛿
𝑢
(𝑖)
𝑗+1
, (3.12)

whose evolution describes the ensemble Kalman filter.

Our theorems in Subsections 3.2.2 and 3.2.3 regard the relationship between the true
filter (3.6) and the mean field ensemble Kalman filter (3.10). In Subsection 3.2.2 we
consider the setting in which Ψ and ℎ exhibit linear growth but are not assumed to
be linear, hence the true filter is not Gaussian; in Subsection 3.2.3 we then consider
small perturbations of the Gaussian setting that arise when the vector fields Ψ

and ℎ are close to affine. The theorem in Subsection 3.2.4 concerns the relationship
between the true filter (3.6) and the ensemble Kalman filter (3.12). In this subsection,
we combine existing analysis on the convergence of the ensemble Kalman filter to
the mean field ensemble Kalman filter with the results from the previous subsections
to state and prove an error estimate between the ensemble Kalman filter and the true
filter in the nonlinear setting. Specifically, we study the case of a vector field Ψ that
is a bounded perturbation away from affine and an affine vector field ℎ. To state our
theorems we will use the following set of assumptions.

Assumption H1. There exist positive constants 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, 𝜎, and 𝛾 such that the
data {𝑦†

𝑗
}, the vector fields (Ψ, ℎ), and the covariances (Σ, Γ) satisfy:



87

(H1) data 𝑌† = {𝑦†
𝑗
}𝐽
𝑗=1 lies in set 𝐵𝑦 ⊂ R𝐾𝐽 defined by

𝐵𝑦 :=
{
𝑌† ∈ R𝐾𝐽 : max

𝑗∈J1,𝐽K
|𝑦†
𝑗
| ⩽ 𝜅𝑦

}
;

(H2) covariance matrices Σ and Γ are positive definite: Σ ≽ 𝜎𝐼𝑑𝑢 and Γ ≽ 𝛾𝐼𝑑𝑦

for positive 𝜎 and 𝛾;

(H3) function Ψ : R𝑑𝑢 → R𝑑𝑢 satisfies
��Ψ(𝑢)�� ⩽ 𝜅Ψ

(
1 + |𝑢 |

)
for all 𝑢 ∈ R𝑑𝑢;

(H4) function ℎ : R𝑑𝑢 → R𝑑𝑦 satisfies
��ℎ(𝑢)�� ⩽ 𝜅ℎ

(
1 + |𝑢 |

)
for all 𝑢 ∈ R𝑑𝑢;

(H5) function ℎ : R𝑑𝑢 → R𝑑𝑦 satisfies |ℎ|𝐶0,1 ⩽ ℓℎ < ∞;

Assumption V. The vector fields (Ψ, ℎ) are affine, i.e. they satisfy the following:

(V1) The function Ψ : R𝑑𝑢 → R𝑑𝑢 satisfies Ψ(𝑢) := 𝑀𝑢 + 𝑏, for some 𝑀 ∈ R𝑑𝑢×𝑑𝑢
and 𝑏 ∈ R𝑑𝑢 .

(V2) The function ℎ : R𝑑𝑢 → R𝑑𝑦 satisfies ℎ(𝑢) := 𝐻𝑢 + 𝑤, for some 𝐻 ∈ R𝑑𝑦×𝑑𝑢

and 𝑤 ∈ R𝑑𝑦 .

3.2.2 Stability Theorem: Mean Field Ensemble Kalman Filter
In this section we consider the setting of dynamics and observation operator sat-
isfying the linear growth assumptions contained in Assumption H1. We recall the
definition of the weighted total variation metric in Definition 1.2.1 and make the
following remark.

Remark 3.2.1. The following remarks concern the distance 𝑑𝑔:

• If 𝜇1, 𝜇2 have Lebesgue densities 𝜌1, 𝜌2, then

𝑑𝑔 (𝜇1, 𝜇2) =
∫

𝑔(𝑣) |𝜌1(𝑣) − 𝜌2(𝑣) | d𝑣.

• Unlike the usual total variation distance, the weighted metric in Defini-
tion 1.2.1 enables control of the differences |M(𝜇1) −M(𝜇2) | and ∥C(𝜇1) −
C(𝜇2)∥. This is the content of Lemma 3.B.6, stated in Subsection 3.B.1, which
is used in the proof of a key auxiliary result (Lemma 3.B.11).
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Informally the result of Theorem 3.2.2 shows that, under these assumptions, and
if the true filtering distributions (𝜇 𝑗 ) 𝑗∈J0,𝐽−1K are close to Gaussian after lifting to
the joint state and data space, then the distribution 𝜇EK

𝑗
given by the mean field

ensemble Kalman filter (3.10) is close to the filtering distribution 𝜇 𝑗 given by (3.6)
for all 𝑗 ∈ J0, 𝐽K.

Theorem 3.2.2 (Stability: Mean Field Ensemble Kalman Filter). Assume that
the probability measures (𝜇 𝑗 ) 𝑗∈J0,𝐽K and (𝜇EK

𝑗
) 𝑗∈J0,𝐽K are given respectively by the

dynamical systems (3.6) and (3.10), initialized at the Gaussian probability measure
𝜇0 = 𝜇EK

0 ∈ G(R
𝑑𝑢). That is,

𝜇 𝑗+1 = B 𝑗QP𝜇 𝑗 , 𝜇EK
𝑗+1 = T 𝑗QP𝜇EK

𝑗 .

If Assumption H1 holds, then there exists𝐶 = 𝐶
(
Mmax{3+𝑑𝑢,4+𝑑𝑦} (𝜇0), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ,

Σ, Γ, 𝐽
)

such that

𝑑𝑔 (𝜇EK
𝐽 , 𝜇𝐽) ⩽ 𝐶 max

𝑗∈J0,𝐽−1K
𝑑𝑔 (QP𝜇 𝑗 ,GQP𝜇 𝑗 ).

Proof of Theorem 3.2.2 below relies on the following auxiliary results, all proved
in Section 3.B.

1. For any probability measure 𝜇 with finite first and second order polynomial
momentsM1(𝜇) andM2(𝜇), the means of P𝜇 and QP𝜇 are bounded from
above, and their covariances are bounded both from above and from below.
The constants in these bounds depend only on the parameters 𝜅Ψ, 𝜅ℎ, Σ, Γ and
onM1(𝜇) andM2(𝜇). See Lemmas 3.B.1 and 3.B.2.

2. Let (𝜇 𝑗 ) 𝑗∈J1,𝐽K and (𝜇EK
𝑗
) 𝑗∈J1,𝐽K denote the probability measures obtained

respectively from the dynamical systems (3.6) and (3.10), initialized at the
same Gaussian measure 𝜇0 = 𝜇EK

0 ∈ G(R𝑑𝑢). Then for any integer 𝑞 ⩾ 2,
there exist constants 𝑀𝑞, 𝑀

EK
𝑞 < ∞ depending onM𝑞 (𝜇0), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝐽

so that

max
𝑗∈J0,𝐽K

M𝑞 (𝜇 𝑗 ) ⩽ 𝑀𝑞 and max
𝑗∈J0,𝐽K

M𝑞

(
𝜇EK
𝑗

)
⩽ 𝑀EK

𝑞 .

See Lemmas 3.B.3 and 3.B.5. This will facilitate use of the stability results
from Items 6 and 7.

3. For any Gaussian measure 𝜇 ∈ G(R𝑑𝑢 × R𝑑𝑦 ), we have that B 𝑗𝜇 = T 𝑗𝜇.
See Lemma 3.B.7 and Calvello, Reich, and Andrew M. Stuart (2025) and
J. A. Carrillo et al. (2024).
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4. The map P is Lipschitz onP(R𝑑𝑢) for the metric 𝑑𝑔. The Lipschitz constant 𝐿P

depends only on the parameters 𝜅Ψ and Σ. See Lemma 3.B.8.

5. The map Q is Lipschitz on P(R𝑑𝑢) for the metric 𝑑𝑔. The Lipschitz con-
stant 𝐿Q depends only on the parameters 𝜅ℎ and Γ. See Lemma 3.B.9.

6. The map B 𝑗 satisfies that, for all 𝜋 ∈ {QP𝜇 : 𝜇 ∈ P(R𝑑𝑢) andM2(𝜇) <
∞} ⊂ P(R𝑑𝑢 × R𝑑𝑦 ), it holds

∀ 𝑗 ∈ J0, 𝐽K, 𝑑𝑔 (B 𝑗G𝜋,B 𝑗𝜋) ⩽ 𝐶B𝑑𝑔 (G𝜋, 𝜋),

where 𝐶B = 𝐶B
(
M2(𝜇), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
. Namely, this item regards the

stability of the operator B 𝑗 between a probability measure and its Gaussian
projection. See Lemma 3.B.10.

7. The map T 𝑗 satisfies the following bound: for all 𝑅 ⩾ 1, it holds for all 𝜋 ∈
P𝑅 (R𝑑𝑢 × R𝑑𝑦 ) and 𝑝 ∈ {QP𝜇 : 𝜇 ∈ P(R𝑑𝑢) andM2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇) <
∞} ⊂ P(R𝑑𝑢 × R𝑑𝑦 ) that

∀ 𝑗 ∈ J0, 𝐽K, 𝑑𝑔 (T 𝑗𝜋, T 𝑗 𝑝) ⩽ 𝐿T 𝑑𝑔 (𝜋, 𝑝),

for a constant 𝐿T = 𝐿T
(
𝑅,M2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ

)
. Namely,

this item may be regarded as a local Lipschitz continuity result. Refer to
Lemma 3.B.11.

Proof of Theorem 3.2.2. Within the following argument we make reference to the
list of items outlined above. We begin by defining for ease of exposition the following
measure of difference between the true filter and its Gaussian projection:

𝜀 := max
𝑗∈J0,𝐽−1K

𝑑𝑔 (QP𝜇 𝑗 ,GQP𝜇 𝑗 ). (3.13)

We assume throughout the argument that 𝑗 ∈ J0, 𝐽 − 1K. The proof rests upon the
following application of the triangle inequality:

𝑑𝑔 (𝜇EK
𝑗+1, 𝜇 𝑗+1) = 𝑑𝑔

(
T 𝑗QP𝜇EK

𝑗 ,B 𝑗QP𝜇 𝑗
)

⩽ 𝑑𝑔

(
T 𝑗QP𝜇EK

𝑗 , T 𝑗QP𝜇 𝑗
)
+ 𝑑𝑔

(
T 𝑗QP𝜇 𝑗 , T 𝑗GQP𝜇 𝑗

)
+ (3.14a)

+ 𝑑𝑔
(
B 𝑗GQP𝜇 𝑗 ,B 𝑗QP𝜇 𝑗

)
. (3.14b)

Here we have used the fact that T 𝑗GQP𝜇 𝑗 = B 𝑗GQP𝜇 𝑗 by Item 3 (Lemma 3.B.7).
Item 2 (Lemmas 3.B.3 and 3.B.5) shows that, for any integer 𝑞 ⩾ 2, there exist
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constants 𝑀𝑞, 𝑀
EK
𝑞 < ∞ depending onM𝑞 (𝜇0), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝐽 so that

max
𝑗∈J0,𝐽K

M𝑞 (𝜇 𝑗 ) ⩽ 𝑀𝑞 and max
𝑗∈J0,𝐽K

M𝑞

(
𝜇EK
𝑗

)
⩽ 𝑀EK

𝑞 .

Therefore by Item 1 (Lemma 3.B.2), there is a constant 𝑅 ⩾ 1, depending on the
covariances Σ, Γ, the bounds 𝜅Ψ and 𝜅ℎ from Assumption H1, and the moment
bounds 𝑀2 and 𝑀EK

2 , such that for any 𝑗 ∈ J0, 𝐽 − 1K it holds that QP𝜇 𝑗 ,QP𝜇EK
𝑗
∈

P𝑅 (R𝑑𝑢 × R𝑑𝑦 ). In view of Items 4, 5 and 7 (Lemmas 3.B.8, 3.B.9 and 3.B.11), the
first term in (3.14b) satisfies

𝑑𝑔

(
T 𝑗QP𝜇EK

𝑗 , T 𝑗QP𝜇 𝑗
)
⩽ 𝐿T

(
𝑅, 𝑀2·max{3+𝑑𝑢,4+𝑑𝑦}

)
𝐿Q𝐿P𝑑𝑔

(
𝜇EK
𝑗 , 𝜇 𝑗

)
, (3.15)

where, for conciseness, we have omitted the dependence of the constants in the
bound on 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ. By definition of 𝑅 it holds that GQP𝜇 𝑗 ∈ G𝑅 (R𝑑𝑢 ×R𝑑𝑦 ),
hence the second term in (3.14b) may be bounded using Item 7 (Lemma 3.B.11)
and the definition in of 𝜀 in (3.13). Indeed, it holds that

𝑑𝑔
(
T 𝑗QP𝜇 𝑗 , T 𝑗GQP𝜇 𝑗

)
⩽ 𝐿T

(
𝑅, 𝑀2·max{3+𝑑𝑢,4+𝑑𝑦}

)
𝑑𝑔

(
QP𝜇 𝑗 ,GQP𝜇 𝑗

)
⩽ 𝐿T

(
𝑅, 𝑀2·max{3+𝑑𝑢,4+𝑑𝑦}

)
𝜀.

Using Item 6 (Lemma 3.B.10) and the definition of 𝜀 in (3.13) we establish the
following bound on the third term in (3.14b):

𝑑𝑔
(
B 𝑗GQP𝜇 𝑗 ,B 𝑗QP𝜇 𝑗

)
⩽ 𝐶B𝑑𝑔

(
GQP𝜇 𝑗 ,QP𝜇 𝑗

)
⩽ 𝐶B𝜀.

Therefore, setting ℓ = 𝐿T
(
𝑅, 𝑀2·max{3+𝑑𝑢,4+𝑑𝑦}

)
𝐿Q𝐿P, we have that

𝑑𝑔 (𝜇EK
𝑗+1, 𝜇 𝑗+1) ⩽ ℓ𝑑𝑔 (𝜇EK

𝑗 , 𝜇 𝑗 ) +
(
𝐿T

(
𝑅, 𝑀max{3+𝑑𝑢,4+𝑑𝑦}

)
+ 𝐶B

)
𝜀.

The conclusion then follows from the discrete Grönwall lemma, using the fact that
𝜇EK

0 = 𝜇0.

3.2.3 Error Estimate: Mean Field Ensemble Kalman Filter
It is possible to deduce from the result of Theorem 3.2.2 that the error between the
true filter and the mean field ensemble Kalman filter can be arbitrarily small if the
true filter is arbitrarily close to its Gaussian projection, in state-observation space.
This condition on the true filter, which we refer to as “closeness to Gaussian”, can be
satisfied in the setting of unbounded vector fields by considering small perturbations
of affine vector fields, as we prove in Proposition 3.2.3. Combining Proposition 3.2.3
with Theorem 3.2.2 gives an error estimate for the mean field ensemble Kalman
filter, yielding Theorem 3.2.4.
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Proposition 3.2.3 (Approximation Result). Suppose that the data 𝑌† = {𝑦†
𝑗
}𝐽
𝑗=1

and the matrices (Σ, Γ) satisfy Assumptions (H1) and (H2). Fix 𝜅Ψ, 𝜅ℎ > 0
and assume that Ψ0 : R𝑑𝑢 → R𝑑𝑢 and ℎ0 : R𝑑𝑢 → R𝑑𝑦 are affine functions and
hence satisfy Assumptions (V1) and (V2), respectively, while also satisfying As-
sumptions (H3) and (H4) with 𝜅Ψ, 𝜅ℎ. Let (𝜇 𝑗 ) 𝑗∈J0,𝐽K denote the true filtering
distribution associated with functions (Ψ, ℎ), initialized at the Gaussian prob-
ability measure 𝜇0 = N(𝑚0, 𝐶0) ∈ G(R𝑑𝑢). Then, for any 𝐽 ∈ Z+, there is
𝐶 = 𝐶 (𝑚0, 𝐶0, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝐽) > 0 such that for all 𝜀 ∈ [0, 1] and all (Ψ, ℎ) ∈
𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
, it holds that

max
𝑗∈J0,𝐽−1K

𝑑𝑔 (GQP𝜇 𝑗 ,QP𝜇 𝑗 ) ⩽ 𝐶𝜀. (3.16)

Proof. In what follows (𝜇0
𝑗
) 𝑗∈J0,𝐽K and (𝜇 𝑗 ) 𝑗∈J0,𝐽K denote the true filtering distribu-

tions associated with functions (Ψ0, ℎ0) and (Ψ, ℎ), respectively, initialized at the
same Gaussian measure N(𝑚0, 𝐶0). Furthermore, we let P0 and Q0 denote the ker-
nel integral operators (3.4a) and (3.5a) defined by the specific vector fields (Ψ0, ℎ0).
By Lemma 3.B.3, the filtering distributions have bounded second moments. Let

R = max
𝑗∈J0,𝐽−1K

(���𝑦†
𝑗+1

���2 , 1 +M2
(
𝜇0
𝑗

)
, 1 +M2

(
𝜇 𝑗

) )
.

Throughout this proof,𝐶 denotes a constant whose value is irrelevant in the context,
depends only on the constants 𝑚0, 𝐶0, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝑗 (in particular, it does not
depend on 𝜀, Ψ, ℎ), and may change from line to line. Fix 𝑗 ∈ J0, 𝐽 − 1K. Note that
the filtering distribution defined by (Ψ0, ℎ0) is Gaussian. Then, using the triangle
inequality and Gaussianity of Q0P0𝜇

0
𝑗

we obtain

𝑑𝑔 (GQP𝜇 𝑗 ,QP𝜇 𝑗 ) ⩽ 𝑑𝑔 (GQP𝜇 𝑗 ,GQ0P0𝜇
0
𝑗 ) + 𝑑𝑔 (GQ0P0𝜇

0
𝑗 ,QP𝜇 𝑗 )

= 𝑑𝑔 (GQP𝜇 𝑗 ,GQ0P0𝜇
0
𝑗 ) + 𝑑𝑔 (Q0P0𝜇

0
𝑗 ,QP𝜇 𝑗 ).

We note that since the filters have bounded first and second order polynomial
moments, by Lemmas 3.B.1 and 3.B.2 we may deduce that there exists 𝑅 ⩾ 1 such
that

∀ 𝑗 ∈ J0, 𝐽 − 1K, P0𝜇
0
𝑗 , ∈ P𝑅 (R𝑑𝑢), QP𝜇 𝑗 ,Q0P0𝜇

0
𝑗 ∈ P𝑅 (R𝑑𝑢 × R𝑑𝑦 ).

(3.17)
The second part of this display allows direct application of Lemma 3.C.1, which
concerns the local Lipschitz continuity result for the Gaussian projection operator
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G, to obtain

𝑑𝑔 (GQP𝜇 𝑗 ,QP𝜇 𝑗 ) ⩽ 𝐶𝑑𝑔 (Q0P0𝜇
0
𝑗 ,QP𝜇 𝑗 )

⩽ 𝐶𝑑𝑔 (Q0P0𝜇
0
𝑗 ,QP0𝜇

0
𝑗 ) + 𝐶𝑑𝑔 (QP0𝜇

0
𝑗 ,QP𝜇 𝑗 ).

Using (3.66) from Lemma 3.C.2, noting that since P0𝜇
0 ∈ P𝑅 (R𝑑𝑢) by (3.17) it

holds thatM2(P0𝜇
0
𝑗
) ⩽ 𝑑𝑢𝑅, and using the Lipschitz continuity of Q (Lemma 3.B.9)

we deduce that

𝑑𝑔 (GQP𝜇 𝑗 ,QP𝜇 𝑗 ) ⩽ 𝐶𝜀(1 + 𝑑𝑢𝑅) + 𝐶𝑑𝑔 (P0𝜇
0
𝑗 ,P𝜇 𝑗 )

⩽ 𝐶𝜀(1 + 𝑑𝑢𝑅) + 𝐶𝑑𝑔
(
P0𝜇

0
𝑗 ,P𝜇

0
𝑗

)
+ 𝐶𝑑𝑔

(
P𝜇0

𝑗 ,P𝜇 𝑗
)

⩽ 𝐶𝜀(1 + 𝑑𝑢𝑅) + 𝐶𝜀R + 𝐶𝑑𝑔 (𝜇0
𝑗 , 𝜇 𝑗 ),

where the second inequality follows by the triangle inequality and the third in-
equality follows from bounding 𝑑𝑔 (P0𝜇

0
𝑗
,P𝜇 𝑗 ) using (3.65) from Lemma 3.C.2 and

from the Lipschitz continuity of P (Lemma 3.B.9). The statement then follows
from Lemma 3.C.3.

Theorem 3.2.4 (Error Estimate: Mean Field Ensemble Kalman Filter). Assume
that the probability measures (𝜇 𝑗 ) 𝑗∈J0,𝐽K and (𝜇EK

𝑗
) 𝑗∈J0,𝐽K are given respectively

by the dynamical systems (3.6) and (3.10) initialized at the Gaussian measure
𝜇0 = 𝜇EK

0 ∈ G(R
𝑑𝑢). That is,

𝜇 𝑗+1 = B 𝑗QP𝜇 𝑗 , 𝜇EK
𝑗+1 = T 𝑗QP𝜇EK

𝑗 .

Suppose that the data𝑌† = {𝑦†
𝑗
}𝐽
𝑗=1 and the matrices (Σ, Γ) satisfy Assumptions (H1)

and (H2). Let the vector fields Ψ0, ℎ0 be affine functions satisfying Assumptions (V1)
and (V2), respectively, while also satisfying Assumptions (H3) and (H4) with some
constants 𝜅Ψ, 𝜅ℎ > 0. Additionally, let ℓΨ > 0 be a constant. Then there exists a con-
stant 𝐶 = 𝐶

(
M𝑞 (𝜇0), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ, 𝐽

)
, where 𝑞 := 2 ·max{3 + 𝑑𝑢, 4 + 𝑑𝑦},

such that for all 𝜀 ∈ [0, 1] and all (Ψ, ℎ) ∈ 𝐵𝐿∞
(
(Ψ0, ℎ0), 𝜀

)
with ℎ satisfying As-

sumption (H5), it holds that

𝑑𝑔 (𝜇EK
𝐽 , 𝜇𝐽) ⩽ 𝐶𝜀.

Proof. Since Assumption H1 is satisfied, it is possible to apply the result of Theo-
rem 3.2.2 to deduce that there exists𝐶 = 𝐶

(
M2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇0), 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ,

Σ, Γ
)

such that

𝑑𝑔 (𝜇EK
𝐽 , 𝜇𝐽) ⩽ 𝐶 max

𝑗∈J0,𝐽−1K
𝑑𝑔 (QP𝜇 𝑗 ,GQP𝜇 𝑗 ).
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Additionally, since (Ψ, ℎ) ∈ 𝐵𝐿∞
(
(Ψ0, ℎ0), 𝜀

)
forΨ0, ℎ0 satisfying Assumptions (V1)

and (V2), and moreover Assumptions (H3) and (H4), we may apply Proposition 3.2.3
to deduce the result.

3.2.4 Error Estimate: Finite Particle Ensemble Kalman Filter
In this subsection, we combine the results from the work in Le Gland, Monbet,
and Tran (2011b) with stability Theorem 3.2.2, together with approximation Theo-
rem 3.2.4, to derive a quantitative error estimate between the finite particle ensemble
Kalman filter and the true filter in the nonlinear setting. In order to define an appro-
priate metric we introduce the following class of vector fields.

Assumption P1. The vector field 𝜙 : R𝑑𝑢 → R satisfies for any 𝑢, 𝑣 ∈ R𝑑𝑢 the
condition

|𝜙(𝑢) − 𝜙(𝑣) | ⩽ 𝐿𝜙 |𝑢 − 𝑣 |
(
1 + |𝑢 |𝜍 + |𝑣 |𝜍

)
,

for some 𝜍 ⩾ 0 and for some 𝐿𝜙 > 0. We note that for any such 𝜙, there exists
𝑅𝜙 > 0 which depends on 𝐿𝜙 so that |𝜙(𝑢) | ⩽ 𝑅𝜙

(
1 + |𝑢 |𝜍+1) for any 𝑢 ∈ R𝑑𝑢 .

We will prove various technical lemmas under the Assumption P1; these may be
useful beyond the confines of this chapter. However for our theorems we use the
more specific Assumption P2 which enables the control of first and second moments.

Assumption P2. The vector field 𝜙 : R𝑑𝑢 → R satisfies for any 𝑢, 𝑣 ∈ R𝑑𝑢 the
condition

|𝜙(𝑢) − 𝜙(𝑣) | ⩽ 𝐿𝜙 |𝑢 − 𝑣 |
(
1 + |𝑢 | + |𝑣 |

)
,

for some 𝐿𝜙 > 0. Note that for any such 𝜙, there exists 𝑅𝜙 > 0 depending on 𝐿𝜙 so
that |𝜙(𝑢) | ⩽ 𝑅𝜙

(
1 + |𝑢 |2

)
for any 𝑢 ∈ R𝑑𝑢 .

Theorem 3.2.5 (Error Estimate: Finite Particle Ensemble Kalman Filter). As-
sume that the probability measures (𝜇 𝑗 ) 𝑗∈J0,𝐽K and (𝜇EK,𝑁

𝑗
) 𝑗∈J0,𝐽K for finite 𝐽 ∈ N

are obtained respectively from the dynamical systems (3.6) and (3.12), initialized
at the Gaussian probability measure 𝜇0 ∈ G(R𝑑𝑢) and at the empirical mea-
sure 𝜇EK,𝑁

0 = 1
𝑁

∑𝑁
𝑖=1 𝛿𝑢 (𝑖)0

for 𝑢(𝑖)0 ∼ 𝜇0 i.i.d. samples, respectively. That is,

𝜇 𝑗+1 = B 𝑗QP𝜇 𝑗 , 𝜇
EK,𝑁
𝑗+1 =

1
𝑁

𝑁∑︁
𝑖=1

𝛿
𝑢
(𝑖)
𝑗+1
,

where 𝑢(𝑖)
𝑗+1 evolve according to the iteration in (3.11). Suppose that the data 𝑌† =

{𝑦†
𝑗
}𝐽
𝑗=1 and the matrices (Σ, Γ) satisfy Assumptions (H1) and (H2). Assume that
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the vector field ℎ is linear, and let 𝜅ℎ, ℓℎ be positive constants such that As-
sumptions (H4) and (H5) are satisfied. Furthermore, let the vector field Ψ0 be
an affine function satisfying Assumption (V1) as well as Assumption (H3) with
𝜅Ψ > 0. Additionally, let ℓΨ > 0 be a constant. Then, there exists a constant
𝐶 = 𝐶

(
M𝑞 (𝜇0), 𝑅𝜙, 𝐿𝜙, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, ℓΨ, Σ, Γ, 𝐽

)
, where 𝑞 := 2·max{3+𝑑𝑢, 4+𝑑𝑦,

2 · 4𝐽}, such that for all 𝜀 ∈ [0, 1] and all Ψ ∈ 𝐵𝐿∞
(
Ψ0, 𝜀

)
satisfying |Ψ|𝐶0,1 ⩽ ℓΨ <

∞, the following bound holds for any 𝜙 satisfying Assumption P2:(
E

���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇𝐽 [𝜙]

���2)1/2
⩽ 𝐶

( 1
√
𝑁
+ 𝜀

)
.

We note that the expectation appearing in the bound from Theorem 3.2.5 is with
respect to the law of the particles 𝑢(𝑖)

𝑗
, which evolve according to (3.11) and which

define the empirical measure 𝜇EK,𝑁
𝑗+1 . The proof presented hereafter relies on the

following elements.

1. We apply the triangle inequality in order to employ two distinct results con-
cerning the mean field ensemble Kalman filter. The proof thus involves
quantifying the error between finite particle ensemble Kalman filter and the
mean field ensemble Kalman filter, as discussed in Item 2, and the error be-
tween the mean field ensemble Kalman filter and the true filter, as discussed
in Item 3.

2. The work in Le Gland, Monbet, and Tran (2011b) establishes a Monte Carlo
error estimate, with rate of 1/

√
𝑁 , between the empirical measure 𝜇EK,𝑁 ,

representing the particle ensemble Kalman filter, and the measure 𝜇EK de-
scribing the evolution of the mean field ensemble Kalman filter. In particular,
this holds under Assumptions (H1) and (H2) on the data and covariances of
the noise processes, the linearity of the vector field ℎ and Assumption (H3)
on Ψ with the additional assumption that |Ψ|𝐶0,1 ⩽ ℓΨ < ∞. In Lemma 3.D.1
we provide a self-contained proof of Le Gland, Monbet, and Tran, 2011b,
Theorem 5.2 to gain insight into the dependence of the constant prefactor
multiplying 1/

√
𝑁 on the parameters of the Gaussian initial condition and the

number of steps 𝐽.

3. We assume that the data 𝑌† = {𝑦†
𝑗
}𝐽
𝑗=1 and the matrices (Σ, Γ) satisfy As-

sumptions (H1) and (H2), and assume that ℎ satisfies Assumption (V2).
Furthermore, we assume Ψ satisfies Assumption (H3) and Ψ ∈ 𝐵𝐿∞ (Ψ0, 𝜀)
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with Ψ0 satisfying Assumption (V1). These assumptions allow us to apply
the result from Theorem 3.2.4.

Proof. Recall that 𝜇EK
𝑗

is the mean field ensemble Kalman filter, here initialized at
the same Gaussian 𝜇0 as the true filter. We fix a function 𝜙 satisfying Assumption P2
and apply the triangle inequality to deduce that(
E

���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇𝐽 [𝜙]

���2) 1
2

⩽
(
E

���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇EK

𝐽 [𝜙]
���2) 1

2

+
(
E

���𝜇EK
𝐽 [𝜙] − 𝜇𝐽 [𝜙]

���2) 1
2

.

(3.18)
Since 𝜇EK

𝐽
and 𝜇𝐽 are deterministic probability measures, it holds that(

E
���𝜇EK
𝐽 [𝜙] − 𝜇𝐽 [𝜙]

���2)1/2
=

���𝜇EK
𝐽 [𝜙] − 𝜇𝐽 [𝜙]

���.
Since 𝜙 satisfies Assumption P2, it follows that���𝜇EK

𝐽 [𝜙] − 𝜇𝐽 [𝜙]
��� ⩽ sup

|𝜙|⩽𝑅𝜙 (1+|𝑢 |2)

���𝜇EK
𝐽 [𝜙] − 𝜇𝐽 [𝜙]

��� = 𝑅𝜙 · 𝑑𝑔 (𝜇EK
𝐽 , 𝜇𝐽

)
.

We note that Assumption H1 holds as ℎ is assumed to be affine; since we additionally
assume that Ψ ∈ 𝐵𝐿∞

(
Ψ0, 𝜀

)
, where Ψ0 is an affine function, we may apply the result

of Theorem 3.2.4 to deduce that

𝑑𝑔
(
𝜇EK
𝐽 , 𝜇𝐽

)
⩽ 𝐶𝜀, (3.19)

where 𝐶 is a constant depending onM2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇0), 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ.

The fact that ℎ is assumed to be linear and the additional assumption that |Ψ|𝐶0,1 ⩽

ℓΨ < ∞ allows us to apply the result of Lemma 3.D.1, so that(
E

���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇EK

𝐽 [𝜙]
���2)1/2

⩽
𝐶
√
𝑁
, (3.20)

where 𝐶 is a constant depending onM4𝐽+1 (𝜇0), 𝐽, 𝑅𝜙, 𝐿𝜙, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ. In view
of (3.18), combining (3.19) and (3.20) yields the desired result.

3.3 Discussion and Future Directions
In this chapter we have presented the first analysis, in the setting of a filtering
problem defined by nonlinear state space dynamics, quantifying the error between
the empirical measure obtained by the finite particle discrete time ensemble Kalman
filter and the true filtering distribution. The analysis for the EnKF outlined is based
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on the proof methodology developed for particle filters in Rebeschini and Van Handel
(2015) and developed for the mean field ensemble Kalman filter in J. A. Carrillo
et al. (2024). Our work goes beyond J. A. Carrillo et al. (2024) by considering finite
particle filters and by allowing for dynamical models and observation operators that
are unbounded. The work builds substantially on the new avenue for analysis of the
ensemble Kalman methodology that was introduced in J. A. Carrillo et al. (2024)
but leaves open numerous avenues of investigation for further work; we detail these.

1. As surveyed in Calvello, Reich, and Andrew M. Stuart (2025), the ensemble
Kalman filtering methodology may be used for solving inverse problems and
for sampling; it is of interest to extend the analysis in our work to the ensemble
Kalman based inversion algorithms outlined in that paper.

2. There is a substantial body of literature studying the continuous time limits
of ensemble Kalman methods; see Calvello, Reich, and Andrew M. Stuart
(2025) for a review. Performing analysis analogous to that presented here, but
in the continuous time setting, would be of interest.

3. For large scale applications, there has been recent wide interest in replacing the
dynamical model Ψ, representing the solution operator obtained via a high
fidelity numerical solver, with a cheap to evaluate surrogate. Multifidelity
ensemble methods (Bach and Michael Ghil, 2023) allow the use of a small
number of particles evolved according to the high fidelity solver and a large
number evolved according to the surrogate. Extending our error analysis to
incorporate the effect of model error would be of interest in this context.

4. We highlight that there may be other “near-Gaussian problems”, arising in
the small noise or large data volume limits, that would be interesting to study,
using Bernstein-von-Mises theorems; however this will require new analysis
that makes observability assumptions and controls behavior of the constants
in the analysis with respect to noise and number of observations.

5. We have derived results in a conditional setting, arising from assuming a uni-
form bound on the set of considered observations; removing this assumption,
and understanding the probabilistic nature of error bounds with respect to
observational noise, would be of interest.

6. Our error estimate comparing the EnKF with the true filter blows up expo-
nentially in time. In the presence of stability assumptions about the true filter,
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it is natural to ask whether our results can be extended to the infinite time
horizon.

3.A Auxiliary Results
We first state and prove a standard result that will be used throughout the chapter.

Lemma 3.A.1. Let 𝑋 be a random vector in R𝑑𝑢 with finite second moment. Then
it holds that

E
[ (
𝑋 − E[𝑋]

) (
𝑋 − E[𝑋]

)T
]
= E

[
𝑋𝑋T] − E[𝑋]E[𝑋]T (3.21)

and

∀𝑎 ∈ R𝑑𝑢 , E
[ (
𝑋 − 𝑎

) (
𝑋 − 𝑎

)T
]
≽ E

[ (
𝑋 − E[𝑋]

) (
𝑋 − E[𝑋]

)T
]
. (3.22)

Proof. The statements follow from the following equalities:

E
[
(𝑋 − 𝑎) (𝑋 − 𝑎)T

]
= E

[( (
𝑋 − E[𝑋]

)
+

(
E[𝑋] − 𝑎

) ) ( (
𝑋 − E[𝑋]

)
+

(
E[𝑋] − 𝑎

) )T]
= E

[ (
𝑋 − E[𝑋]

) (
𝑋 − E[𝑋]

)T
]
+

(
E[𝑋] − 𝑎

) (
E[𝑋] − 𝑎

)T
.

Lemma 3.A.2. Let 𝑔(•;𝑚, 𝑆) be the Lebesgue density of N(𝑚, 𝑆) and S𝑛𝛼 the set of
symmetric 𝑛 × 𝑛 matrices 𝑀 satisfying

1
𝜏
𝐼𝑛 ≼ 𝑀 ≼ 𝜏𝐼𝑛.

Then for any 𝑛 ∈ N+ and 𝜏 ⩾ 1, there is 𝐿𝑛,𝜏 > 0 such that for all parameters
(𝑐1, 𝑚1, 𝑆1) ∈ R × R𝑛 × S𝑛𝜏 and (𝑐2, 𝑚2, 𝑆2) ∈ R × R𝑛 × S𝑛𝜏 it holds that

∥ℎ∥∞ ⩽ 𝐿𝑛,𝜏∥ℎ∥1, ℎ(𝑦) = 𝑐1𝑔(𝑦;𝑚1, 𝑆1) − 𝑐2𝑔(𝑦;𝑚2, 𝑆2).

Proof. The lemma as stated may be found in J. A. Carrillo et al., 2024, Lemma A.4,
where a complete proof is given.

Lemma 3.A.3. Let P and Q denote the operators on probability measures given
respectively in (3.4a) and (3.5a). Let Assumptions (H2) to (H5) be satisfied and
suppose that 𝜇 ∈ P(R𝑑𝑢) satisfies, for some 𝑞 > 0, the moment bound

M𝑞 (𝜇) =
∫
R𝑑𝑢
|𝑥 |𝑞 𝜇(d𝑥) < ∞. (3.23)

Then there is 𝐿 = 𝐿 (M𝑞 (𝜇), 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ) > 0 such that for all (𝑢1, 𝑢2, 𝑦) ∈
R𝑑𝑢 × R𝑑𝑢 × R𝑑𝑦 , the probability density of 𝑝 = QP𝜇 satisfies��𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦)

�� ⩽ 𝐿 |𝑢1 − 𝑢2 |min
{
max

{
1

1 + |𝑢1 |𝑞
,

1
1 + |𝑢2 |𝑞

}
,

1
1 + |𝑦 |𝑞

}
.

(3.24)
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Proof. Throughout this proof, 𝐶 denotes a constant whose value is irrelevant in
the context, depends only onM𝑞 (𝜇), 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ, and may change from line to
line. Sometimes we write the dependence explicitly to indicate which parameters
are involved.

Step 1. Bounding the density of P𝜇 We first rewrite(
1 + |𝑢 |𝑞

)
P𝜇(𝑢) = 𝐶 (Σ)

∫
R𝑑𝑢

exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
1 + |𝑢 |𝑞
1 + |𝑣 |𝑞

(
1 + |𝑣 |𝑞

)
𝜇(d𝑣).

We note that

𝑆(Σ, 𝜅Ψ) := sup
(𝑢,𝑣)∈R𝑑𝑢×R𝑑𝑢

exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
1 + |𝑢 |𝑞
1 + |𝑣 |𝑞 < ∞;

this may be seen observing that

exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
1 + |𝑢 |𝑞
1 + |𝑣 |𝑞 ⩽ exp

(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
(1 + 2𝑞−1 |𝑢 − Ψ(𝑣) |𝑞) + 2𝑞−1 |Ψ(𝑣) |𝑞

1 + |𝑣 |𝑞 .

(3.25)
The first term on the righthand side of (3.25) may be bounded by noting that
1 + 2𝑞−1𝑒−𝑥

2
𝑥𝑞 is uniformly bounded in 𝑥 ∈ R; on the other hand the second term

may be bounded by applying Assumption (H3). Now, using (3.23), we obtain that

P𝜇(𝑢) ⩽
𝐶

(
Σ, 𝜅Ψ,M𝑞 (𝜇)

)
1 + |𝑢 |𝑞 . (3.26)

Step 2. Establishing Lipschitz continuity of 𝑢 ↦→ P𝜇(𝑢) Since 𝑔(𝑥) := e−𝑥2 has
derivative 2𝑥 e−𝑥2 and |𝑥 e−𝑥2 | ⩽ e− 𝑥

2
2 for all 𝑥 ∈ R, it holds for some 𝜉 between |𝑎 |

and |𝑏 | that

∀(𝑎, 𝑏) ∈ R × R,
���e−𝑎2 − e−𝑏

2
��� = |𝑏 − 𝑎 | |𝑔′(𝜉) | ⩽ 2|𝑏 − 𝑎 |

(
e−

𝑎2
2 + e−

𝑏2
2

)
.

(3.27)

Using this inequality with 𝑎2 = 1
2 |𝑢1 − Ψ(𝑣) |2Σ and 𝑏2 = 1

2 |𝑢2 − Ψ(𝑣) |2Σ, the triangle
inequality, and equivalence of norms, we deduce that, for all (𝑢1, 𝑢2, 𝑣) ∈ R𝑑𝑢 ×
R𝑑𝑢 × R𝑑𝑢 ,����exp

(
−1

2
|𝑢1 − Ψ(𝑣) |2Σ

)
− exp

(
−1

2
|𝑢2 − Ψ(𝑣) |2Σ

)����
⩽ 𝐶 |𝑢2 − 𝑢1 |

(
exp

(
−1

4
|𝑢1 − Ψ(𝑣) |2Σ

)
+ exp

(
−1

4
|𝑢2 − Ψ(𝑣) |2Σ

))
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for constant 𝐶 = 𝐶 (Σ). Integrating out the 𝑣 variable with respect to 𝜇 we obtain
that

|P𝜇(𝑢1) − P𝜇(𝑢2) | ⩽ 𝐶 |𝑢1 − 𝑢2 |
∫
R𝑑𝑢

exp
(
−1

4
|𝑢1 − Ψ(𝑣) |2Σ

)
𝜇(d𝑣)

+ 𝐶 |𝑢1 − 𝑢2 |
∫
R𝑑𝑢

exp
(
−1

4
|𝑢2 − Ψ(𝑣) |2Σ

)
𝜇(d𝑣).

The integrals on the right-hand side can be bounded as in the first step, which leads
to the inequality

∀(𝑢1, 𝑢2) ∈ R𝑑𝑢×R𝑑𝑢 , |P𝜇(𝑢1)−P𝜇(𝑢2) | ⩽ 𝐶 |𝑢1−𝑢2 |max
{

1
1 + |𝑢1 |𝑞

,
1

1 + |𝑢2 |𝑞

}
.

(3.28)

Step 3. Obtaining a coarse estimate In view of the elementary inequality (3.27)
and the assumed Lipschitz continuity of ℎ, it holds that, for constant 𝐶 = 𝐶 (Γ, ℓℎ)���N(

ℎ(𝑢1), Γ
)
(𝑦) − N

(
ℎ(𝑢2), Γ

)
(𝑦)

���
⩽ 𝐶 |𝑢1 − 𝑢2 | exp

(
−1

4
|𝑦 − ℎ(𝑢1) |2Γ

)
+ 𝐶 |𝑢1 − 𝑢2 | exp

(
−1

4
|𝑦 − ℎ(𝑢2) |2Γ

)
.

(3.29)

Using the decomposition

𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦) = P𝜇(𝑢1) N
(
ℎ(𝑢1), Γ

)
(𝑦) − P𝜇(𝑢2) N

(
ℎ(𝑢2), Γ

)
(𝑦)

=
(
P𝜇(𝑢1) − P𝜇(𝑢2)

)
N
(
ℎ(𝑢1), Γ

)
(𝑦)

+ P𝜇(𝑢2)
(
N
(
ℎ(𝑢1), Γ

)
(𝑦) − N

(
ℎ(𝑢2), Γ

)
(𝑦)

)
,

and employing (3.26), (3.28), and (3.29), we deduce that

|𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦) | ⩽ 𝐶 |𝑢1 − 𝑢2 |max
{

1
1 + |𝑢1 |𝑞

,
1

1 + |𝑢2 |𝑞

}
×max

{
exp

(
−1

4
|𝑦 − ℎ(𝑢1) |2Γ

)
, exp

(
−1

4
|𝑦 − ℎ(𝑢2) |2Γ

)}
.

(3.30)

Note that, for the function ℎ(𝑢) = 𝑢, the quantity multiplying |𝑢1 − 𝑢2 | on the
right-hand does not tend to 0 along the sequence

(
𝑢
(𝑛)
1 , 𝑢

(𝑛)
2 , 𝑦 (𝑛)

)
= (0, 𝑛, 𝑛). For

our purposes in this work, we need the finer estimate (3.24); establishing this bound
is the aim of the next two steps.
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Step 4. Bounding the density 𝑝(𝑢, 𝑦) Recall that 𝑝(𝑢, 𝑦) = P𝜇(𝑢)N
(
ℎ(𝑢), Γ

)
(𝑦).

We prove in this step the inequality

𝑝(𝑢, 𝑦) ⩽ 𝐶min
{

1
1 + |𝑢 |𝑞 ,

1
1 + |𝑦 |𝑞

}
, (3.31)

or equivalently

sup
(𝑢,𝑦)∈R𝑑𝑢×R𝑑𝑦

𝑝(𝑢, 𝑦) max {1 + |𝑢 |𝑞, 1 + |𝑦 |𝑞} < ∞.

To this end, note that

𝑝(𝑢, 𝑦)max {|𝑢 |𝑞, |𝑦 |𝑞} = P𝜇(𝑢) N
(
ℎ(𝑢), Γ

)
(𝑦)max {|𝑢 |𝑞, |𝑦 |𝑞}

⩽ P𝜇(𝑢) N
(
ℎ(𝑢), Γ

)
(𝑦) |𝑢 |𝑞 + P𝜇(𝑢) N

(
ℎ(𝑢), Γ

)
(𝑦) |𝑦 |𝑞 .

The first term is bounded uniformly by Step 1, estimate (3.26). For the second term,
we use that

|𝑦 |𝑞 ⩽ 2𝑞−1��ℎ(𝑢)��𝑞 + 2𝑞−1��𝑦 − ℎ(𝑢)��𝑞, (3.32)

to obtain

P𝜇(𝑢) N
(
ℎ(𝑢), Γ

)
(𝑦) |𝑦 |𝑞 ⩽ 𝐶P𝜇(𝑢) N

(
ℎ(𝑢), Γ

)
(𝑦)

(
|ℎ(𝑢) |𝑞 + |𝑦 − ℎ(𝑢) |𝑞

)
.

The first term on the right-hand side is bounded uniformly, again by Step 1, estimate
(3.26), and using Assumption (H4). The second term is also bounded uniformly
because the function 𝑥 ↦→ N (0, Γ) (𝑥) |𝑥 |𝑞 is uniformly bounded in 𝑥, by a value
depending only on Γ and 𝑞.

Step 5. Obtaining the estimate (3.24) The claimed inequality is equivalent to

sup
𝑢1,𝑢2,𝑦

��𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦)
��

|𝑢1 − 𝑢2 |
max

{
min {1 + |𝑢1 |𝑞, 1 + |𝑢2 |𝑞} , 1 + |𝑦 |𝑞

}
< ∞,

where the supremum is over R𝑑𝑢 × R𝑑𝑢 × R𝑑𝑦 . By (3.30), it holds that

sup
𝑢1,𝑢2,𝑦

��𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦)
��

|𝑢1 − 𝑢2 |
min {1 + |𝑢1 |𝑞, 1 + |𝑢2 |𝑞} < ∞,

so it remains to show that

sup
𝑢1,𝑢2,𝑦

��𝑝(𝑢1, 𝑦) − 𝑝(𝑢2, 𝑦)
��

|𝑢1 − 𝑢2 |
|𝑦 |𝑞 < ∞.
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By (3.31), it is clear that the supremum is uniformly bounded if restricted to the set
|𝑢1 − 𝑢2 | ⩾ 1, so it suffices to show that

sup
(𝑢,𝛿,𝑦)∈R𝑑𝑢×𝐵(0,1)×R𝑑𝑦

��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��
|𝛿 | |𝑦 |𝑞 < ∞,

where 𝐵(0, 1) is the open ball of radius 1 centered radius at the origin in R𝑑𝑢 . We
use again (3.32) in order to bound��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��

|𝛿 | |𝑦 |𝑞 ⩽ 𝐶
��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��

|𝛿 |
��ℎ(𝑢)��𝑞

+ 𝐶
��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��

|𝛿 | |𝑦 − ℎ(𝑢) |𝑞 .

The first term is bounded uniformly by (3.30) and the assumption that
��ℎ(𝑢)�� ⩽

𝜅ℎ
(
1 + |𝑢 |

)
. To conclude the proof, it remains to show that

sup
(𝑢,𝛿,𝑦)∈R𝑑𝑢×𝐵(0,1)×R𝑑𝑦

𝐶

��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��
|𝛿 | |𝑦 − ℎ(𝑢) |𝑞 < ∞. (3.33)

By (3.30) it holds that��𝑝(𝑢, 𝑦) − 𝑝(𝑢 + 𝛿, 𝑦)��
⩽

𝐶 |𝛿 |
1 + |𝑢 |𝑞 max

{
exp

(
−1

4
|𝑦 − ℎ(𝑢) |2Γ

)
, exp

(
−1

4
|𝑦 − ℎ(𝑢 + 𝛿) |2Γ

)}
.

⩽
𝐶 |𝛿 |

1 + |𝑢 |𝑞 exp
(
−1

8
|𝑦 − ℎ(𝑢) |2Γ +

1
4

���ℎ(𝑢) − ℎ(𝑢 + 𝛿)���2
Γ

)
.

In the last line we used the inequality |𝑎 + 𝑏 |2 ⩾ 1
2 |𝑎 |

2 − |𝑏 |2, which follows from
Young’s inequality. Since the function 𝑥 ↦→ e− 𝑥

2
8 +𝐶 𝑥𝑞 is bounded uniformly in

𝑥 ∈ R and by Assumption (H5), the bound (3.33) easily follows, concluding the
proof.

3.B Technical Results for Theorem 3.2.2
We establish moment bounds in Subsection 3.B.1, we recall that on Gaussian mea-
sures the action of the conditioning map and the Kalman transport map are equivalent
in Subsection 3.B.2, and we prove stability results in Subsection 3.B.3.

3.B.1 Moment Bounds
Lemma 3.B.1 (Moment Bounds). Let 𝜇 be a probability measure on R𝑑𝑢 with
bounded first and second order polynomial moments M1(𝜇),M2(𝜇) < ∞. Un-
der Assumptions (H2) and (H3), it holds that��M(P𝜇)�� ⩽ 𝜅Ψ

(
1 +M1(𝜇)

)
, Σ ≼ C(P𝜇) ≼ Σ + 2𝜅2

Ψ

(
1 +M2(𝜇)

)
𝐼𝑑𝑢 . (3.34)
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Proof. The proof of this lemma follows the steps of the proof of J. A. Carrillo et al.,
2024, Lemma B.1; however, here different bounds reflecting the assumptions on Ψ

and ℎ in this chapter are required. Using the definition of P in (3.4a), it holds that

M(P𝜇) =
∫
R𝑑𝑢

𝑢 P𝜇(𝑢) d𝑢

=
1√︁

(2𝜋)𝑑𝑢 detΣ

∫
R𝑑𝑢

∫
R𝑑𝑢

𝑢 exp
(
−1

2
��𝑢 − Ψ(𝑣)��2

Σ

)
𝜇(d𝑣) d𝑢

=

∫
R𝑑𝑢

Ψ(𝑣) 𝜇(d𝑣),

where application of Fubini’s theorem yields the last equality. The first inequality
in (3.34) then follows from Assumption (H3). Obtaining the lower bound of the
second inequality in (3.34) may be done identically to the proof of J. A. Carrillo
et al., 2024, Lemma B.1. We turn our attention to obtaining the upper bound.
Using Lemma 3.A.1 and noting that 𝑤𝑤T ≼ (𝑤T𝑤)𝐼𝑑𝑢 for any vector 𝑤 ∈ R𝑑𝑢 by
the Cauchy-Schwarz inequality, we deduce that

C(P𝜇) ≼
∫
R𝑑𝑢

𝑢 ⊗ 𝑢 P𝜇(𝑢) d𝑢

=
1√︁

(2𝜋)𝑑𝑢 detΣ

∫
R𝑑𝑢

∫
R𝑑𝑢

𝑢 ⊗ 𝑢 exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
𝜇(d𝑣) d𝑢

=

∫
R𝑑𝑢

(
Ψ(𝑣) ⊗ Ψ(𝑣) + Σ

)
𝜇(d𝑣)

≼ Σ +
(∫

R𝑑𝑢
|Ψ(𝑣) |2𝜇(d𝑣)

)
𝐼𝑑𝑢 ≼ Σ + 2𝜅2

Ψ

(
1 +M2(𝜇)

)
𝐼𝑑𝑢 , (3.35)

which yields the desired result.

Lemma 3.B.2. Let 𝜇 be a probability measure onR𝑑𝑢 with bounded first and second
order polynomial momentsM1(𝜇),M2(𝜇) < ∞. Under Assumptions (H2) to (H4),
it holds that ��M𝑢 (QP𝜇)

�� ⩽ 𝜅Ψ
(
1 +M1(𝜇)

)
, (3.36a)��M𝑦 (QP𝜇)

�� ⩽ 𝜅ℎ

√︂
2
(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
. (3.36b)
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Furthermore, it holds that

C(QP𝜇) ≼
(
4𝜅2

Ψ

(
1 +M2(𝜇)

)
𝐼𝑑𝑢 + 2Σ 0𝑑𝑢×𝑑𝑦

0𝑑𝑦×𝑑𝑢 4𝜅2
ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
𝐼𝑑𝑦 + Γ

)
,

(3.37a)

C(QP𝜇) ≽
𝛾 ·min

{
2𝜎, 𝛾 + 4𝜅2

ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )}
2𝛾 + 8𝜅2

ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) ) 𝐼𝑑𝑢+𝑑𝑦 . (3.37b)

Proof. The inequalities (3.36a) and (3.36b) follow from the assumptions and the
fact that

M(QP𝜇) =
(
M(P𝜇)
P𝜇[ℎ]

)
. (3.38)

Indeed, from Lemma 3.B.1 we know that
��M(P𝜇)�� ⩽ 𝜅Ψ

(
1 +M1(𝜇)

)
, which leads

by Jensen’s inequality to (3.36a). To deduce (3.36b), we note that��𝑃𝜇[ℎ]��2 ⩽
∫
R𝑑𝑢
|ℎ(𝑢) |2 P𝜇(d𝑢)

⩽ 2𝜅2
ℎ + 2𝜅2

ℎ

∫
R𝑑𝑢
|𝑢 |2 P𝜇(d𝑢) (3.39a)

= 2𝜅2
ℎ + 2𝜅2

ℎ

∫
R𝑑𝑢

(
|Ψ(𝑣) |2 + tr(Σ)

)
𝜇(d𝑣), (3.39b)

where (3.39a) follows by applying Assumption (H4) and Young’s inequality, and (3.39b)
follows by applying the properties of the Gaussian transition density. The result then
follows by applying Assumption (H3).

To obtain the covariance bounds, we proceed using analogous steps to the proof of
J. A. Carrillo et al., 2024, Lemma B.2; however, here different bounds reflecting
the assumptions on Ψ and ℎ in this chapter are required. We begin by establishing
inequality (3.37a). To this end, letting 𝜙 : R𝑑𝑢 → R𝑑𝑢+𝑑𝑦 define the map 𝜙(𝑢) =(
𝑢, ℎ(𝑢)

)
, it holds that

C(QP𝜇) = C(𝜙♯P𝜇) +
(
0𝑑𝑢×𝑑𝑢 0𝑑𝑢×𝑑𝑦
0𝑑𝑦×𝑑𝑢 Γ

)
=

(
C𝑢𝑢 (𝜙♯P𝜇) C𝑢𝑦 (𝜙♯P𝜇)
C𝑦𝑢 (𝜙♯P𝜇) C𝑦𝑦 (𝜙♯P𝜇) + Γ

)
.

(3.40)
As shown in the proof of J. A. Carrillo et al., 2024, Lemma B.2 we have, for all
(𝑎, 𝑏) ∈ R𝑑𝑢 × R𝑑𝑦 , (

𝑎

𝑏

)
⊗

(
𝑎

𝑏

)
≼ 2

(
𝑎𝑎T 0𝑑𝑢×𝑑𝑦

0𝑑𝑦×𝑑𝑢 𝑏𝑏T

)
,
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from which we establish, using Lemmas 3.A.1 and 3.B.1 and Assumptions (H2)
to (H4), that

C(𝜙♯P𝜇) ≼
∫
R𝑑𝑢

(
𝑢

ℎ(𝑢)

)
⊗

(
𝑢

ℎ(𝑢)

)
P𝜇(𝑢) d𝑢

≼ 2
∫
R𝑑𝑢

(
𝑢𝑢T 0𝑑𝑢×𝑑𝑦

0𝑑𝑦×𝑑𝑢 ℎ(𝑢)ℎ(𝑢)T

)
P𝜇(𝑢) d𝑢

≼ 2

(
Σ + 2𝜅2

Ψ

(
1 +M2(𝜇)

)
𝐼𝑑𝑢 0𝑑𝑢×𝑑𝑦

0𝑑𝑦×𝑑𝑢 2𝜅2
ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
𝐼𝑑𝑦

)
,

(3.41)

where we applied (3.35) and the calculation resulting in (3.39a) in the last inequality.
Noting this inequality in combination with (3.40) yields the upper bound (3.37a).
We now show that(

𝑎

𝑏

)T

C(QP𝜇)
(
𝑎

𝑏

)
⩾ (1 − 𝜀)𝜎 |𝑎 |2 +

(
𝛾 −

(
1
𝜀
− 1

)
P𝜇

[
|ℎ|2

] )
|𝑏 |2 (3.42)

in order to establish the lower bound (3.37b). The argument is similar to that in
J. A. Carrillo et al., 2024, Lemma B.2 but is explicit in certain constants whose
dependencies on moments need to be controlled in this chapter. We first note that
for any 𝜋 ∈ P(R𝑑𝑢 × R𝑑𝑦 ) and all (𝑎, 𝑏) ∈ R𝑑𝑢 × R𝑑𝑦 it holds that��𝑎TC𝑢𝑦 (𝜋)𝑏

�� = ∫
R𝑑𝑢×R𝑑𝑦

(
𝑎T (

𝑢 −M𝑢 (𝜋)
) ) (
𝑏T (

𝑦 −M𝑦 (𝜋)
) )
𝜋(d𝑢d𝑦)

⩽
√︁
𝑎TC𝑢𝑢 (𝜋)𝑎

√︁
𝑏TC𝑦𝑦 (𝜋)𝑏,

by the Cauchy–Schwarz inequality. Hence, we deduce that for all 𝜀 ∈ (0, 1) and for
all (𝑎, 𝑏) ∈ R𝑑𝑢 × R𝑑𝑦(

𝑎

𝑏

)T

C(𝜙♯P𝜇)
(
𝑎

𝑏

)
⩾ (1 − 𝜀)𝑎TC𝑢𝑢 (𝜙♯P𝜇)𝑎 −

(
1
𝜀
− 1

)
𝑏TC𝑦𝑦 (𝜙♯P𝜇)𝑏

⩾ (1 − 𝜀)𝑎TΣ𝑎 −
(

1
𝜀
− 1

)
P𝜇

[
|ℎ|2

]
,

where we applied Young’s inequality for the bound in the first line, and (3.34) and
the bound C𝑦𝑦 (𝜙♯P𝜇) ≼ P𝜇

[
|ℎ|2

]
𝐼𝑑𝑦 for the bound in the second line. We then

apply (3.40) to find(
𝑎

𝑏

)T

C(QP𝜇)
(
𝑎

𝑏

)
⩾ (1 − 𝜀)𝑎TΣ𝑎 −

(
1
𝜀
− 1

)
P𝜇

[
|ℎ|2

]
+ 𝑏TΓ𝑏

⩾ (1 − 𝜀)𝜎 |𝑎 |2 +
(
𝛾 −

(
1
𝜀
− 1

)
P𝜇

[
|ℎ|2

] )
|𝑏 |2.
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Choosing 𝜀 =
2P𝜇

[
|ℎ|2

]
𝛾+2P𝜇

[
|ℎ|2

] , so that the coefficient of the |𝑏 |2 term is 𝛾

2 , we obtain

(
𝑎

𝑏

)T

C(QP𝜇)
(
𝑎

𝑏

)
⩾

𝛾𝜎

𝛾 + 2P𝜇
[
|ℎ|2

] |𝑎 |2+𝛾
2
|𝑏 |2 ⩾ min

{
𝛾𝜎

𝛾 + 2P𝜇
[
|ℎ|2

] , 𝛾
2

} (
|𝑎 |2 + |𝑏 |2

)
.

(3.43)
Since this is true for any (𝑎, 𝑏) ∈ R𝑑𝑢 × R𝑑𝑦 , it follows that

C(QP𝜇) ≽ 𝛾
min

{
2𝜎, 𝛾 + 2P𝜇

[
|ℎ|2

]}
2𝛾 + 4P𝜇

[
|ℎ|2

] 𝐼𝑑𝑢+𝑑𝑦 .

In order to deduce (3.37b), we use (3.39b) to find that

P𝜇
[
|ℎ|2

]
⩽ 2𝜅2

ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
,

from which we conclude the desired result.

Lemma 3.B.3 (Moment Bound for the True Filtering Distribution). Let 𝑞 ⩾ 2
be an integer. Assume that the probability measures (𝜇 𝑗 ) 𝑗∈J0,𝐽K are obtained from
the dynamical system (3.6) initialized at the probability measure 𝜇0 ∈ P(R𝑑𝑢) with
bounded 𝑞th order polynomial momentM𝑞 (𝜇0) < ∞. If Assumptions (H1) to (H4)
hold then there exists 𝐶 = 𝐶

(
M𝑞 (𝜇0), 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
such that

max
𝑗∈J0,𝐽K

M𝑞 (𝜇 𝑗 ) ⩽ 𝐶.

Proof. We have 𝜇 𝑗+1 = B 𝑗QP𝜇 𝑗 , for 𝑗 ∈ J0, 𝐽−1K. Equivalently, using the notation
from (3.3), it holds that 𝜇 𝑗+1 = L 𝑗P𝜇 𝑗 for each 𝑗 ∈ J0, 𝐽 − 1K. Hence, we note that

𝜇 𝑗+1 =

exp
(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑢)

��2
Γ

)
P𝜇 𝑗 (𝑢)∫

R𝑑𝑢
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑈)

��2
Γ

)
P𝜇 𝑗 (𝑈) d𝑈

. (3.44)

It is readily observed that

M𝑞 (𝜇 𝑗+1) =

∫
R𝑑𝑢
|𝑢 |𝑞 exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑢)

��2
Γ

)
P𝜇 𝑗 (𝑢)d𝑢∫

R𝑑𝑢
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑈)

��2
Γ

)
P𝜇 𝑗 (𝑈) d𝑈

⩽

∫
R𝑑𝑢
|𝑢 |𝑞 P𝜇 𝑗 (𝑢)d𝑢∫

R𝑑𝑢
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑈)

��2
Γ

)
P𝜇 𝑗 (𝑈) d𝑈

. (3.45)
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We first bound from above the numerator of (3.45); indeed, note that∫
R𝑑𝑢
|𝑢 |𝑞P𝜇 𝑗 (𝑢)d𝑢 =

∫
R𝑑𝑢
|𝑢 |𝑞

(∫
R𝑑𝑢

exp
(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
𝜇 𝑗 (d𝑣)

)
d𝑢

=

∫
R𝑑𝑢

(∫
R𝑑𝑢
|𝑢 |𝑞 exp

(
−1

2
|𝑢 − Ψ(𝑣) |2Σ

)
d𝑢

)
𝜇 𝑗 (d𝑣) (3.46a)

⩽ 𝐶
∫
R𝑑𝑢

(
1 + |Ψ(𝑣) |𝑞

)
𝜇 𝑗 (d𝑣) (3.46b)

⩽ 𝐶
(
1 +M𝑞 (𝜇 𝑗 )

)
, (3.46c)

where (3.46a) follows from Fubini’s theorem, the inequality (3.46b) from proper-
ties of Gaussians and Assumption (H2), and (3.46c) from application of Assump-
tion (H3). We note that in (3.46c) the constant 𝐶 depends on 𝜅Ψ, Σ. Now, to obtain
a lower bound on the denominator of (3.45), we observe that∫

R𝑑𝑢
exp

(
−1

2
��𝑦†
𝑗+1 − ℎ(𝑢)

��2
Γ

)
P𝜇 𝑗 (𝑢) d𝑢 ⩾ exp

(
−1

2

∫
R𝑑𝑢

��𝑦†
𝑗+1 − ℎ(𝑢)

��2
Γ
P𝜇 𝑗 (𝑢) d𝑢

)
⩾ 𝐶 exp

(
−
��Γ−1�� ∫

R𝑑𝑢
|ℎ(𝑢) |2P𝜇 𝑗 (𝑢) d𝑢

)
⩾ 𝐶 exp

(
−4𝜅2

ℎ𝜅
2
Ψ

��Γ−1��M2(𝜇 𝑗 )
)
, (3.47)

where the first inequality follows by application of Jensen’s inequality and (3.47)
follows from the calculation leading to (3.39b). We note that the 𝐶 in (3.47) is a
constant depending on 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ. Therefore, by combining (3.47) with (3.46c),
it is possible to deduce from (3.45) that

M𝑞 (𝜇 𝑗+1) ⩽ 𝐶 exp
(
4𝜅2

ℎ𝜅
2
Ψ

��Γ−1��M2(𝜇 𝑗 )
) (

1 +M𝑞 (𝜇 𝑗 )
)
, (3.48)

where 𝐶 is a constant depending on 𝜅ℎ, 𝜅Ψ, 𝜅𝑦, Σ, Γ.

Remark 3.B.4. • In some situations, the bound (3.48) is overly pessimistic. For
example, if ℎ satisfies Assumption (H4) as well as the inequality

��ℎ(𝑢)−𝑦†
𝑗+1

�� ⩾
𝑐ℓ ( |𝑢 | − 1) for all 𝑢 ∈ R𝑑𝑢 for some positive 𝑐ℓ, then by Gerber, Hoffmann,
and Urbain Vaes, 2023, Proposition A.3 for all 𝑞 > 0 there is 𝐶 = 𝐶 (𝑐ℓ, 𝑞)
such that

∀𝜇 ∈ P(R𝑑𝑢), L 𝑗𝜇
[
|𝑢 |𝑞

]
⩽ 𝐶𝜇

[
|𝑢 |𝑞

]
. (3.49)

In this setting, better control of the moments can be achieved than in (3.48).

• In the absence of any additional assumption on ℎ beyond Assumption (H4),
there may not exist a finite constant 𝐶 > 0 such that the bound (3.49) holds



107

for an arbitrary probability measure 𝜇. To illustrate this, consider the case
where 𝑑𝑢 = 2, 𝑑𝑦 = 1, Γ = 1

4 , 𝑦†
𝑗+1 = 0, and

ℎ(𝑢) = 𝑢1, 𝑢 =

(
𝑢1

𝑢2

)
, 𝜇𝑅 =

𝑥2
𝑅
𝛿(𝑅,0) + 𝛿(0,𝑥𝑅)
𝑥2
𝑅
+ 1

, 𝑥𝑅 = e
𝑅2
2 .

Then, as 𝑅 →∞, 𝜇𝑅
[
|𝑢 |2

]
∼ 𝑅2, while

L 𝑗𝜇𝑅
[
|𝑢 |2

]
=

∫
R2 (𝑢2

1 + 𝑢
2
2) exp

(
−2𝑢2

1
)
𝜇𝑅 (d𝑢1d𝑢2)∫

R2 exp
(
−2𝑢2

1

)
𝜇𝑅 (d𝑢1d𝑢2)

=
𝑥2
𝑅

e−2𝑅2
𝑅2 + 𝑥2

𝑅

𝑥2
𝑅

e−2𝑅2 +1
∼ 𝑥2

𝑅 = e𝑅
2
.

Thus, it holds that

lim
𝑅→∞

L 𝑗𝜇𝑅
[
|𝑢 |2

]
𝜇𝑅

[
|𝑢 |2

] = +∞,

which shows that (3.49) fails to hold in this case.

Lemma 3.B.5 (Moment Bound for the Approximate Filtering Distribution).
Let 𝑞 ⩾ 2 be an integer. Assume that the probability measures (𝜇EK

𝑗
) 𝑗∈J0,𝐽K are

obtained from the dynamical system (3.10) initialized at the probability measure
𝜇EK

0 ∈ P(R𝑑𝑢) with bounded 𝑞th polynomial order momentM𝑞

(
𝜇EK

0
)
< ∞. If As-

sumptions (H1) to (H4) hold then there exists 𝐶 = 𝐶

(
M𝑞

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
such that

max
𝑗∈J0,𝐽K

M𝑞

(
𝜇EK
𝑗

)
⩽ 𝐶.

Proof. We begin by noting that 𝜇EK
𝑗+1 = T 𝑗QP𝜇EK

𝑗
, for 𝑗 ∈ J0, 𝐽 − 1K. Thus

M𝑞

(
𝜇EK
𝑗+1

)
=

∫
R𝑑𝑢
|𝑢 |𝑞T 𝑗QP𝜇EK

𝑗 (d𝑢)

=

∫
R𝑑𝑢×R𝑑𝑦

���T (𝑢, 𝑦; QP𝜇EK
𝑗 , 𝑦

†
𝑗+1)

���𝑞 QP𝜇EK
𝑗 (𝑢, 𝑦) d𝑦 d𝑢

=

∫
R𝑑𝑢×R𝑑𝑦

���𝑢 + C𝑢𝑦 (QP𝜇EK
𝑗 )C𝑦𝑦 (QP𝜇EK

𝑗 )−1 (𝑦†
𝑗+1 − 𝑦

) ���𝑞 QP𝜇EK
𝑗 (𝑢, 𝑦) d𝑦 d𝑢

⩽ 𝐶
∫
R𝑑𝑢×R𝑑𝑦

|𝑢 |𝑞 QP𝜇EK
𝑗 (𝑢, 𝑦) d𝑦 d𝑢

+ 𝐶
(
1 +M2

(
𝜇EK
𝑗

) )2𝑞
·
(
1 +

∫
R𝑑𝑢×R𝑑𝑦

|𝑦 |𝑞 QP𝜇EK
𝑗 (𝑢, 𝑦) d𝑦 d𝑢

)
,

(3.50)

where in (3.50) the constant𝐶 depends on 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ and where the dependence
on the second moment of 𝜇EK

𝑗
in the second term is derived from (3.37a) and (3.37b).
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By using the definitions of Q and P and by applying reasoning analogous to (3.46c),
we deduce that

M𝑞

(
𝜇EK
𝑗+1

)
⩽ 𝐶

(
1 +M2

(
𝜇EK
𝑗

) )2𝑞
·
(
1 +M𝑞

(
𝜇EK
𝑗

) )
,

⩽ 𝐶
(
1 +M𝑞

(
𝜇EK
𝑗

) )2𝑞+1
,

where 𝐶 is a constant depending on 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ. Iteration gives the desired
result.

Lemma 3.B.6. Let 𝜇1, 𝜇2 ∈ P(R𝑛) have finite second moments, then the following
bounds hold:��M(𝜇1) −M(𝜇2)

�� ⩽ 1
2
𝑑𝑔 (𝜇1, 𝜇2),

C(𝜇1) − C(𝜇2)



 ⩽ (
1 + 1

2
|M(𝜇1) +M(𝜇2) |

)
𝑑𝑔 (𝜇1, 𝜇2).

Proof. The lemma as stated may be found in J. A. Carrillo et al., 2024, Lemma B.4,
where a complete proof is given.

3.B.2 Action of T 𝑗 on Gaussians
Lemma 3.B.7 (B 𝑗G = T 𝑗G). Fix 𝑦†

𝑗+1 ∈ R
𝑑𝑦 and let 𝜋 be a Gaussian measure over

R𝑑𝑢 ×R𝑑𝑦 . Then the probability measure B 𝑗𝜋, with B 𝑗 defined in (3.5b) is equivalent
to the probability measure T 𝑗𝜋 = T (•, •; 𝜋, 𝑦†

𝑗+1)♯𝜋, where T is defined in (3.9b).

Proof. The lemma as stated may be found in J. A. Carrillo et al., 2024, Lemma B.5,
where a complete proof is given.

3.B.3 Stability Results
Lemma 3.B.8 (Map P is Lischitz). Suppose that Σ and Ψ satisfy Assumptions (H2)
and (H3), respectively. Then it holds that

∀(𝜇, 𝜋) ∈ P(R𝑑𝑢) × P(R𝑑𝑢), 𝑑𝑔 (P𝜇,P𝜋) ⩽
(
1 + 2𝜅2

Ψ + tr(Σ)
)
𝑑𝑔 (𝜇, 𝜋).

Proof. By definition of P, it holds that

P𝜇(d𝑢) =
∫
R𝑑𝑢

𝑝(𝑣, d𝑢) 𝜇(d𝑣), where 𝑝(𝑣, d𝑢) :=
exp

(
−1

2 |𝑢 − Ψ(𝑣) |
2
Σ

)
√︁
(2𝜋)𝑑𝑢 detΣ

d𝑢.
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Let 𝑔(𝑢) = 1 + |𝑢 |2, as in Definition 1.2.1, and take any function 𝑓 : R𝑑𝑢 → R such
that | 𝑓 | ⩽ 𝑔. Assumption (H3) implies that����∫

R𝑑𝑢
𝑓 (𝑢) 𝑝(𝑣, d𝑢)

���� ⩽ ∫
R𝑑𝑢

𝑔(𝑢) 𝑝(𝑣, d𝑢)

= 1 + |Ψ(𝑣) |2 + tr(Σ)

⩽ 1 + 2𝜅2
Ψ + 2𝜅2

Ψ |𝑣 |
2 + tr(Σ) ⩽

(
1 + 2𝜅2

Ψ + tr(Σ)
)
𝑔(𝑣).

By Fubini’s theorem, it follows that���P𝜇[ 𝑓 ] − P𝜋[ 𝑓 ]
��� = ����∫

R𝑑𝑢

(∫
R𝑑𝑢

𝑓 (𝑢) 𝑝(𝑣, d𝑢)
) (
𝜇(d𝑣) − 𝜋(d𝑣)

) ����
=

(
1 + 2𝜅2

Ψ + tr(Σ)
)���𝜇[𝑔] − 𝜋[𝑔]��� ⩽ (

1 + 2𝜅2
Ψ + tr(Σ)

)
𝑑𝑔 (𝜇, 𝜋),

thus concluding the proof.

Lemma 3.B.9 (Map Q is Lipschitz). Suppose that Γ and ℎ satisfy Assumptions (H2)
and (H4), respectively. Then it holds that

∀(𝜇, 𝜋) ∈ P(R𝑑𝑢)×P(R𝑑𝑢), 𝑑𝑔 (Q𝜇,Q𝜋) ⩽
(
1+2𝜅2

ℎ+tr(Γ)
)
𝑑𝑔 (𝜇, 𝜋). (3.51)

Proof. Take 𝑓 : R𝑑𝑢 × R𝑑𝑦 → R satisfying | 𝑓 | ⩽ 𝑔, where 𝑔(𝑢, 𝑣) = 1 + |𝑢 |2 + |𝑦 |2.
By Fubini’s theorem, it holds that

Q𝜇[ 𝑓 ] − Q𝜋[ 𝑓 ] =
∫
R𝑑𝑢

Π 𝑓 (𝑢)
(
𝜇(d𝑢) − 𝜋(d𝑢)

)
,

where
Π 𝑓 (𝑢) :=

∫
R𝑑𝑦

𝑓 (𝑢, 𝑦) N
(
ℎ(𝑢), Γ

)
(d𝑦).

The function Π 𝑓 : R𝑑𝑢 → R satisfies

∀𝑢 ∈ R𝑑𝑢 , |Π 𝑓 (𝑢) | ⩽
∫
R𝑑𝑦

�� 𝑓 (𝑢, 𝑦)�� N(
ℎ(𝑢), Γ

)
(d𝑦)

⩽
∫
R𝑑𝑦

(
1 + |𝑢 |2 + |𝑦 |2

)
N
(
ℎ(𝑢), Γ

)
(d𝑦)

= 1 + |𝑢 |2 +
��ℎ(𝑢)��2 + tr(Γ) ⩽

(
1 + 2𝜅2

ℎ + tr(Γ)
) (

1 + |𝑢 |2
)
.

Therefore, we deduce that���Q𝜇[ 𝑓 ] − Q𝜋[ 𝑓 ]
��� ⩽ (1 + 2𝜅2

ℎ + tr(Γ)
)
𝑑𝑔 (𝜇, 𝜋),

which concludes the proof.
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Lemma 3.B.10 (Stability of Map B 𝑗 ). Suppose that Assumptions (H1) to (H4) are
satisfied. Then for any probability measure 𝜇 ∈ P(R𝑑𝑢) with M2(𝜇) < ∞ there
exists a constant 𝐶B = 𝐶B

(
M2(𝜇), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
> 0 such that

∀ 𝑗 ∈ J0, 𝐽K, 𝑑𝑔 (B 𝑗GQP𝜇,B 𝑗QP𝜇) ⩽ 𝐶B𝑑𝑔 (GQP𝜇,QP𝜇).

Proof. The proof of this lemma follows the steps of the proof of J. A. Carrillo
et al., 2024, Lemma B.9; however, each step requires different bounds reflecting the
assumptions on Ψ and ℎ in this chapter. For ease of exposition we write 𝑦† = 𝑦†

𝑗+1.
We define the 𝑦-marginal densities

𝛼𝜇 (𝑦) :=
∫
R𝑑𝑢

GQP𝜇(𝑢, 𝑦) d𝑢 , 𝛽𝜇 (𝑦) :=
∫
R𝑑𝑢

QP𝜇(𝑢, 𝑦) d𝑢 .

By definition of B 𝑗 , it holds that

𝑑𝑔 (B 𝑗GQP𝜇,B 𝑗QP𝜇) =
∫
R𝑑𝑢

(
1 + |𝑢 |2

) ����GQP𝜇(𝑢, 𝑦†)
𝛼𝜇 (𝑦†)

− QP𝜇(𝑢, 𝑦†)
𝛽𝜇 (𝑦†)

���� d𝑢

⩽
1

𝛼𝜇 (𝑦†)

∫
R𝑑𝑢

(
1 + |𝑢 |2

) ��GQP𝜇(𝑢, 𝑦†) − QP𝜇(𝑢, 𝑦†)
�� d𝑢

+
�����𝛼𝜇 (𝑦†) − 𝛽𝜇 (𝑦†)𝛼𝜇 (𝑦†)𝛽𝜇 (𝑦†)

����� ∫R𝑑𝑢

(
1 + |𝑢 |2

)
QP𝜇(𝑢, 𝑦†) d𝑢. (3.52)

Step 1: bounding 𝛼𝜇 (𝑦†) and 𝛽𝜇 (𝑦†) from below The distribution 𝛼𝜇 (•) is
Gaussian with meanM𝑦 (QP𝜇) and covariance

C𝑦𝑦 (QP𝜇) = Γ + P𝜇
[
ℎ ⊗ ℎ

]
− P𝜇

[
ℎ
]
⊗ P𝜇

[
ℎ
]
. (3.53)

Clearly C𝑦𝑦 (QP𝜇) ≽ Γ. Furthermore, it holds that C𝑦𝑦 (QP𝜇) ≼ Γ + 2𝜅2
ℎ

(
1 +

tr(Σ) + 2𝜅2
Ψ

(
1 +M2(𝜇)

) )
𝐼𝑑𝑦 by (3.41). Therefore, noting that (3.36b) implies that

|M𝑦 (QP𝜇) | ⩽ 𝐶 for a constant𝐶 depending only on the parametersM2(𝜇), 𝜅ℎ, 𝜅Ψ, Σ,
we obtain

𝛼𝜇 (𝑦) =
1√︃

(2𝜋)𝑑𝑢 det
(
C𝑦𝑦 (QP𝜇)

) exp
(
−1

2
(
𝑦 −M𝑦 (QP𝜇)

)TC𝑦𝑦 (QP𝜇)−1 (𝑦 −M𝑦 (QP𝜇)
) )

⩾
exp

(
−1

2
(
|𝑦 | + 𝐶

)2��Γ−1
��)√︃

(2𝜋)𝑑𝑦 det
(
Γ + 2𝜅2

ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
𝐼𝑑𝑦

) . (3.54)



111

The function 𝛽𝜇 can be bounded from below using similar reasoning. Indeed,
by Assumptions (H2) to (H4) we have that for all 𝑦 ∈ R𝑑𝑦 ,

𝛽𝜇 (𝑦) =
∫
R𝑑𝑢

QP𝜇(𝑢, 𝑦) d𝑢 =

∫
R𝑑𝑢

exp
(
−1

2
(
𝑦 − ℎ(𝑢)

)T
Γ−1 (𝑦 − ℎ(𝑢)) )√︁

(2𝜋)𝑑𝑦 det(Γ)
P𝜇(𝑢) d𝑢

⩾
1√︁

(2𝜋)𝑑𝑦 det(Γ)
exp

(
−
��Γ−1��|𝑦 |2 − ��Γ−1��𝜅2

ℎ

∫
R𝑑𝑢

(
2 + |𝑢 |2

)
P𝜇(𝑢) d𝑢

)
(3.55a)

⩾ 𝐶 exp
(
−
��Γ−1��|𝑦 |2) , (3.55b)

where we applied Jensen’s inequality in (3.55a) and the constant in (3.55b) depends
onM2(𝜇), 𝜅Ψ, 𝜅ℎ, Σ, Γ.

Step 2: bounding the first term in (3.52) First note that, for fixed 𝑢 ∈ R𝑑𝑢 , the
functions QP𝜇(𝑢, •) and GQP𝜇(𝑢, •) are Gaussians up to constant factors, with
covariance matrices given respectively by Γ and

C𝑦𝑦 (QP𝜇) − C𝑦𝑢 (QP𝜇)C𝑢𝑢 (QP𝜇)−1C𝑢𝑦 (QP𝜇), (3.56)

where we have used the formula for the covariance of the conditional distribution of a
Gaussian. We note that C𝑦𝑢 (QP𝜇)C𝑢𝑢 (QP𝜇)−1C𝑢𝑦 (QP𝜇) is positive semi-definite,
hence by (3.53) and its upper bound it follows that the matrix (3.56) is bounded from
above by 2𝜅2

ℎ

(
1 + tr(Σ) + 2𝜅2

Ψ

(
1 +M2(𝜇)

) )
𝐼𝑑𝑦 + Γ. As shown in the proof of J. A.

Carrillo et al., 2024, Lemma B.9, the matrix (3.56) is bounded from below by Γ (see
J. A. Carrillo et al., 2024, Equation (B.20)). It follows from using Lemma 3.A.2
in Section 3.A, with parameter 𝜏 = 𝜏

(
M2(𝜇), 𝜅ℎ, 𝜅Ψ, Σ, Γ

)
, that∫

R𝑑𝑢

(
1 + |𝑢 |2

)
|GQP𝜇(𝑢, 𝑦) − QP𝜇(𝑢, 𝑦) | d𝑢 ⩽ 𝐶𝑑𝑔 (GQP𝜇,QP𝜇), (3.57)

where 𝐶 is a constant depending onM2(𝜇), 𝜅ℎ, 𝜅Ψ, Σ, Γ. We refer to J. A. Carrillo
et al., 2024, Equation (B.21) for the detailed steps used to establish this bound.

Step 3: bounding the second term in (3.52) In view of (3.57), it holds that��𝛼𝜇 (𝑦)−𝛽𝜇 (𝑦)�� ⩽ ∫
R𝑑𝑢

(
1 + |𝑢 |2

) ��GQP𝜇(𝑢, 𝑦)−QP𝜇(𝑢, 𝑦)
�� d𝑢 ⩽ 𝐶𝑑𝑔 (GQP𝜇,QP𝜇).

Now, since QP𝜇(𝑢, •)/P𝜇(𝑢) defines a Gaussian density which has covariance Γ

and is bounded uniformly from above by
(
(2𝜋)𝑑𝑦 det(Γ)

)−1/2, we also have that∫
R𝑑𝑢

(
1 + |𝑢 |2

)
QP𝜇(𝑢, 𝑦) d𝑢 ⩽

∫
R𝑑𝑢

(
1 + |𝑢 |2

)
P𝜇(𝑢)√︁

(2𝜋)𝑑𝑦 det(Γ)
d𝑢 =

1 + tr
(
C(P𝜇)

)
+ |M(P𝜇) |2√︁

(2𝜋)𝑑𝑦 det(Γ)
.
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By the moment bounds in Lemma 3.B.1, the right-hand side is bounded from above
by a constant which depends onM2(𝜇), 𝜅Ψ, Σ.

Step 4: concluding the proof Putting together the above bounds, we conclude
that

𝑑𝑔 (B 𝑗GQP𝜇,B 𝑗QP𝜇) ⩽
𝐶

(
M2(𝜇), 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
𝛼𝜇 (𝑦†𝑗+1)

(
1 + 1

𝛽𝜇 (𝑦†𝑗+1)

)
𝑑𝑔 (GQP𝜇,QP𝜇).

Applying the inequalities (3.54) and (3.55b) yields the desired result.

Lemma 3.B.11 (Stability of Map T 𝑗 ). Suppose that Assumption H1 is satisfied.
Then, for all 𝑅 ⩾ 1, it holds that for any 𝜋 ∈ P𝑅 (R𝑑𝑢 × R𝑑𝑦 ) and 𝑝 ∈ {QP𝜇 :
𝜇 ∈ P(R𝑑𝑢) andM2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇) < ∞} ⊂ P(R𝑑𝑢 × R𝑑𝑦 ), there is 𝐿T :=
𝐿T

(
𝑅,M2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇), 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓℎ, Σ, Γ

)
, such that

∀ 𝑗 ∈ J1, 𝐽K, 𝑑𝑔 (T 𝑗𝜋, T 𝑗 𝑝) ⩽ 𝐿T 𝑑𝑔 (𝜋, 𝑝).

Proof. By the results of Lemma 3.B.2, it holds that QP𝜇 ∈ P
𝑅
(R𝑑𝑢 ×R𝑑𝑦 ) for some

𝑅(M2(𝜇), 𝜅Ψ, 𝜅ℎ, Σ, Γ) ⩾ 1. Using analogous notation to the one found in the proof
of J. A. Carrillo et al., 2024, Lemma B.10 we define

𝑟 = max
{
𝑅, 𝑅, 𝜅𝑦

}
.

Letting 𝐾 = C(𝜋), 𝑆 = C(𝑝) and 𝑦† = 𝑦†
𝑗+1, we also define the affine maps T 𝜋 and

T 𝑝 corresponding to use of covariance information at the probability measures 𝜋
and 𝑝 = QP𝜇,

T 𝜋 (𝑢, 𝑦) = 𝑢 + 𝐴𝜋 (𝑦† − 𝑦), 𝐴𝜋 := 𝐾𝑢𝑦𝐾−1
𝑦𝑦 ,

T 𝑝 (𝑢, 𝑦) = 𝑢 + 𝐴𝑝 (𝑦† − 𝑦), 𝐴𝑝 := 𝑆𝑢𝑦𝑆−1
𝑦𝑦 .

By a straightforward application of the triangle inequality, it holds that

𝑑𝑔 (T 𝑗𝜋, T 𝑗 𝑝) ⩽ 𝑑𝑔 (T 𝜋
♯
𝜋,T 𝜋

♯
𝑝) + 𝑑𝑔 (T 𝜋

♯
𝑝,T 𝑝

♯
𝑝). (3.58)

In the following steps we will separately bound the two terms on the right hand side
of (3.58). Before proceeding we outline two auxiliary bounds that will be used in
the rest of the proof. These bounds are identical to the ones found in the proof of
J. A. Carrillo et al., 2024, Lemma B.10; we include statements here for expository
purposes. Noting that the operator 2-norm of any submatrix is bounded from above
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by the operator 2-norm of the full matrix, we observe (see J. A. Carrillo et al., 2024,
Equation (B.23)) that

|𝐴𝜋 | ⩽ |𝐾𝑢𝑦 | |𝐾−1
𝑦𝑦 | ⩽ |𝐾 | |𝐾−1 | ⩽ 𝑟4. (3.59)

Note that the above bound similarly holds for 𝐴𝑝. Using (3.59) and assuming without
loss of generality that 𝑟 > 1, we deduce (see J. A. Carrillo et al., 2024, Equation
(B.24)) that

|𝐴𝜋−𝐴𝑝 | ⩽ | (𝐾𝑢𝑦−𝑆𝑢𝑦)𝐾−1
𝑦𝑦 |+|𝑆𝑢𝑦

(
𝐾−1
𝑦𝑦 − 𝑆−1

𝑦𝑦

)
| ⩽ 2𝑟6 |𝐾−𝑆 | ⩽ 2𝑟6(1+2𝑟) 𝑑𝑔 (𝜋, 𝑝),

(3.60)
where the second inequality follows again from fact that the 2-norm of any submatrix
is bounded from above by the 2-norm of the full matrix, while the last inequality
follows from the result in Lemma 3.B.6.

Bounding the first term in (3.58) With an identical argument to the one used in
the proof of J. A. Carrillo et al., 2024, Lemma B.10 we have that

𝑑𝑔 (T 𝜋
♯
𝜋,T 𝜋

♯
𝑝) ⩽ 3

(
1 + 𝑟10

)
𝑟8 𝑑𝑔 (𝜋, 𝑝). (3.61)

Bounding the second term in (3.58) Let 𝑓 again satisfy | 𝑓 | ⩽ 𝑔. We note that���T 𝜋
♯
𝑝 [ 𝑓 ] −T 𝑝

♯
𝑝 [ 𝑓 ]

��� = ���𝑝 [ 𝑓 ◦T 𝜋] − 𝑝 [ 𝑓 ◦T 𝑝]
��� = ���𝑝 [ 𝑓 ◦T 𝜋 − 𝑓 ◦T 𝑝]

���.
The last term may be expressed as���𝑝 [ 𝑓 ◦T 𝜋 − 𝑓 ◦T 𝑝]

���
=

����∫
R𝑑𝑦

∫
R𝑑𝑢

(
𝑓

(
𝑢 + 𝐴𝜋

(
𝑦† − 𝑦

) )
− 𝑓

(
𝑢 + 𝐴𝑝

(
𝑦† − 𝑦

) ))
𝑝(𝑢, 𝑦) d𝑢 d𝑦

����
=

∫
R𝑑𝑦

∫
R𝑑𝑢

(
𝑓 (𝑢 + 𝐴𝜋𝑧) − 𝑓 (𝑢 + 𝐴𝑝𝑧)

)
𝑝(𝑢, 𝑦† − 𝑧) d𝑢 d𝑧

=

∫
R𝑑𝑦

∫
R𝑑𝑢

𝑓 (𝑣)
(
𝑝(𝑣 − 𝐴𝜋𝑧, 𝑦† − 𝑧) − 𝑝(𝑣 − 𝐴𝑝𝑧, 𝑦† − 𝑧)

)
d𝑣 d𝑧,

(3.62)

where we used a change of variables in the second equality. SinceM2·max{3+𝑑𝑢,4+𝑑𝑦} (𝜇) <
∞ by assumption, it follows from Lemma 3.A.3 and from the inequality min{𝑎, 𝑏} ⩽
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√
𝑎
√
𝑏 that there is a constant 𝐶 so that���𝑝(𝑣 − 𝐴𝜋𝑧, 𝑦† − 𝑧) − 𝑝(𝑣 − 𝐴𝑝𝑧, 𝑦† − 𝑧)���
⩽ 𝐶 |𝐴𝜋𝑧 − 𝐴𝑝𝑧 | ·max

{
1

1 + |𝑣 − 𝐴𝜋𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
,

1
1 + |𝑣 − 𝐴𝑝𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}

}
× 1

1 + |𝑦† − 𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
.

We apply this inequality to bound for fixed 𝑧 ∈ R𝑑𝑦 the inner integral in (3.62).
Considering only the terms that depend on 𝑣 gives∫

R𝑑𝑢
| 𝑓 (𝑣) |max

{
1

1 + |𝑣 − 𝐴𝜋𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
,

1
1 + |𝑣 − 𝐴𝑝𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}

}
d𝑣

(3.63)

⩽
∫
R𝑑𝑢

| 𝑓 (𝑣) |
1 + |𝑣 − 𝐴𝜋𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}

d𝑣 +
∫
R𝑑𝑢

| 𝑓 (𝑣) |
1 + |𝑣 − 𝐴𝑝𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}

d𝑣

⩽
∫
R𝑑𝑢

1 + |𝑣 |2

1 + |𝑣 − 𝐴𝜋𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
d𝑣 +

∫
R𝑑𝑢

1 + |𝑣 |2

1 + |𝑣 − 𝐴𝑝𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
d𝑣

⩽
∫
R𝑑𝑢

1 + |𝑤 + 𝐴𝜋𝑧 |2

1 + |𝑤 |max{3+𝑑𝑢,4+𝑑𝑦}
d𝑤 +

∫
R𝑑𝑢

1 + |𝑤 + 𝐴𝑝𝑧 |2

1 + |𝑤 |max{3+𝑑𝑢,4+𝑑𝑦}
d𝑤,

where we used that | 𝑓 (𝑣) | ⩽ 1+ |𝑣 |2, as well as a change of variable in the last line.
It follows that the integral in (3.63) is bounded from above by

𝐶

(
1 + |𝐴𝜋𝑧 |2 + |𝐴𝑝𝑧 |2

)
⩽ 𝐶𝑟8

(
1 + |𝑧 |2

)
,

where the inequality follows from (3.59). Finally, the resulting integral in the 𝑧
variable can be bounded analogously, which gives

𝑑𝑔 (T 𝜋
♯
𝑝,T 𝑝

♯
𝑝) ⩽ 𝐶𝑟8

∫
R𝑑𝑦

1 + |𝑧 |2

1 + |𝑦† − 𝑧 |max{3+𝑑𝑢,4+𝑑𝑦}
|𝐴𝜋𝑧 − 𝐴𝑝𝑧 | d𝑧

⩽ 𝐶𝑟11 |𝐴𝜋 − 𝐴𝑝 | ⩽ 𝐶𝑟18𝑑𝑔 (𝜋, 𝑝), (3.64)

where the last inequality follows from (3.60). Combining (3.61) and (3.64) yields
the desired result.

3.C Technical Results for Approximation Result in Proposition 3.2.3
In Lemma 3.C.1 we recall the local Lipschitz continuity result for the operator G
established in J. A. Carrillo et al. (2024). Lemma 3.C.3 establishes that the filtering
distribution is a locally Lipschitz function of (Ψ, ℎ), viewed as a mapping from
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Banach space equipped with the ∥ · ∥∞ norm into the space of probability measures
metrized using the 𝑑𝑔 distance. This is preceded by Lemma 3.C.2 which establishes
bounds used to prove this Lipschitz property. The two lemmas do not require Ψ0 and
ℎ0 to be affine, but simply require that they both satisfy Assumptions (H3) and (H4).
This is in contrast with the more specific setting of Proposition 3.2.3, which imposes
an affine assumption on (Ψ0, ℎ0).

Lemma 3.C.1. For all 𝑅 ⩾ 1, there exists 𝐿G = 𝐿G(𝑅, 𝑛) so that for any 𝜇1, 𝜇2 ∈
P𝑅 (R𝑛) it holds that

𝑑𝑔 (G𝜇1,G𝜇2) ⩽ 𝐿G(𝑅, 𝑛) · 𝑑𝑔 (𝜇1, 𝜇2).

Proof. The lemma as stated may be found in J. A. Carrillo et al., 2024, Lemma
B.12, where a complete proof is given.

Lemma 3.C.2. Suppose that the matrices (Σ, Γ) satisfy Assumption (H2). Fix
𝜅Ψ, 𝜅ℎ > 0 and assume that Ψ0 : R𝑑𝑢 → R𝑑𝑢 and ℎ0 : R𝑑𝑢 → R𝑑𝑦 are functions
satisfying Assumptions (H3) and (H4). Then the following statements hold:

• There is a constant 𝐶𝑝 = 𝐶𝑝 (𝜅Ψ, Σ) such that for all 𝜀 ∈ [0, 1] and all
(Ψ, ℎ) ∈ 𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
,

∀𝜇 ∈ P(R𝑑𝑢), 𝑑𝑔 (P0𝜇,P𝜇) ⩽ 𝐶𝑝𝜀 ·
(
1 +M2(𝜇)

)
; (3.65)

• There is a constant 𝐶𝑞 = 𝐶𝑞 (𝜅ℎ, Γ) such that for all 𝜀 ∈ [0, 1] and all
(Ψ, ℎ) ∈ 𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
,

∀𝜇 ∈ P(R𝑑𝑢), 𝑑𝑔 (Q0𝜇,Q𝜇) ⩽ 𝐶𝑞𝜀 ·
(
1 +M2(𝜇)

)
; (3.66)

• There is 𝐶𝑏 = 𝐶𝑏 (𝜅ℎ, Γ) such that for all 𝑦† ∈ R𝑑𝑦 , all 𝜀 ∈ [0, 1], all (Ψ, ℎ) ∈
𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
, and all probability measures (𝜇0, 𝜇) ∈ P(R𝑑𝑢) × P(R𝑑𝑢),

𝑑𝑔

(
B(Q0𝜇0; 𝑦†),B(Q𝜇, 𝑦†)

)
⩽ exp(𝐶𝑏R)

(
𝜀 + 𝑑𝑔 (𝜇0, 𝜇)

)
, (3.67)

where R ∈ [1,∞] is given by

R = max
{��𝑦†��2 , 1 +M2(𝜇0), 1 +M2(𝜇)

}
.

Here P0 and Q0 denote the maps associated to (Ψ0, ℎ0), and P and Q are the maps
associated to (Ψ, ℎ).

Proof. Throughout this proof, 𝐶𝑝 denotes a constant depending only on (𝜅Ψ, Σ),
and 𝐶𝑞 is a constant that depends only on (𝜅ℎ, Γ). Both may change from line to
line.
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Proof of (3.65) It holds that

P0𝜇(𝑢) − P𝜇(𝑢) = 𝐶𝑝
∫
R𝑑𝑢

exp
(
−1

2
��𝑢 − Ψ0(𝑣)

��2
Σ

)
− exp

(
−1

2
��𝑢 − Ψ(𝑣)��2

Σ

)
𝜇(d𝑣).

By the elementary inequality (3.27), the integrand on the right-hand side is bounded
in absolute value by

2
��Ψ0(𝑣) − Ψ(𝑣)

�� (exp
(
−1

4
��𝑢 − Ψ0(𝑣)

��2
Σ

)
+ exp

(
−1

4
��𝑢 − Ψ(𝑣)��2

Σ

))
.

By Young’s inequality, it holds that |𝑎 + 𝑏 |2 ⩾ 1
2 |𝑎 |

2 − |𝑏 |2, and so this is bounded
by

4
��Ψ0(𝑣) − Ψ(𝑣)

�� (exp
(
−1

8
��𝑢 − Ψ0(𝑣)

��2
Σ
+ 1

4
��Ψ0(𝑣) − Ψ(𝑣)

��2
Σ

))
⩽ 𝐶𝑝𝜀 exp

(
−1

8
��𝑢 − Ψ0(𝑣)

��2
Σ

)
.

It follows, by Fubini’s theorem, that

𝑑𝑔 (P0𝜇,P𝜇) ⩽ 𝐶𝑝𝜀
∫
R𝑑𝑢

∫
R𝑑𝑢

(
1 + |𝑢 |2

)
exp

(
−1

8
��𝑢 − Ψ0(𝑣)

��2
Σ

)
d𝑢 𝜇(d𝑣)

⩽ 𝐶𝑝𝜀
∫
R𝑑𝑢

(
1 +

��Ψ0(𝑣)
��2) 𝜇(d𝑣) ⩽ 𝐶𝑝𝜀 (1 + 𝜅2

Ψ)
∫
R𝑑𝑢

(
1 + |𝑣 |2

)
𝜇(d𝑣).

This concludes the proof of (3.65).

Proof of (3.66) Recall that

𝑑𝑔 (Q0𝜇,Q𝜇) = 𝐶𝑞
∫
R𝑑𝑢

∫
R𝑑𝑦

𝑔(𝑢, 𝑦)
(
exp

(
−1

2
��𝑦 − ℎ0(𝑢)

��2
Γ

)
− exp

(
−1

2
��𝑦 − ℎ(𝑢)��2

Γ

))
d𝑦 𝜇(d𝑢),

where 𝑔(𝑢, 𝑦) = 1 + |𝑢 |2 + |𝑣 |2. Using the same reasoning as above we obtain that����exp
(
−1

2
��𝑦 − ℎ0(𝑢)

��2
Γ

)
− exp

(
−1

2
��𝑦 − ℎ(𝑢)��2

Γ

)���� ⩽ 𝐶𝑞𝜀 exp
(
−1

8
��𝑦 − ℎ0(𝑢)

��2
Γ

)
.

(3.68)
Therefore, we deduce that

𝑑𝑔 (Q0𝜇,Q𝜇) ⩽ 𝐶𝑞𝜀
∫
R𝑑𝑢

(
1+

��ℎ0(𝑢)
��2) 𝜇(d𝑢) ⩽ 𝐶𝑞𝜀(1+ 𝜅2

ℎ)
∫
R𝑑𝑢

(
1+ |𝑢 |2

)
𝜇(d𝑢),

which proves (3.66).

Proof of (3.67) We assume for simplicity that 𝜇0 and 𝜇 have densities, but note
that this is not required. Let 𝜋0 = B(Q0𝜇0; 𝑦†) and 𝜋 = B(Q𝜇, 𝑦†) and recall that

𝜋0(𝑢) =
exp

(
−1

2
��𝑦† − ℎ0(𝑢)

��2
Γ

)
𝜇0(𝑢)∫

R𝑑𝑢 exp
(
−1

2
��𝑦† − ℎ0(𝑈)

��2
Γ

)
𝜇0(𝑈) d𝑈

=:
𝑓0(𝑢)∫

R𝑑𝑢 𝑓0(𝑈) d𝑈
=:

𝑓0(𝑢)
𝑍0



117

and similarly

𝜋(𝑢) =
exp

(
−1

2
��𝑦† − ℎ(𝑢)��2

Γ

)
𝜇(𝑢)∫

R𝑑𝑢 exp
(
−1

2
��𝑦† − ℎ(𝑈)��2

Γ

)
𝜇(𝑈) d𝑈

=:
𝑓 (𝑢)∫

R𝑑𝑢 𝑓 (𝑈) d𝑈
=:

𝑓0(𝑢)
𝑍

.

Note that

𝑑𝑔 (𝜋0, 𝜋) =
∫
R𝑑𝑢

(
1 + |𝑢 |2

) ���� 𝑓0(𝑢)𝑍0
− 𝑓 (𝑢)

𝑍

���� d𝑢

=
1
𝑍

∫
R𝑑𝑢

(
1 + |𝑢 |2

) �� 𝑓0(𝑢) − 𝑓 (𝑢)�� d𝑢 + ���� 1
𝑍0
− 1
𝑍

���� ∫
R𝑑𝑢

(
1 + |𝑢 |2

)
𝑓0(𝑢) d𝑢.

In order to bound the first term, we write

𝑓0(𝑢) − 𝑓 (𝑢) =
(
exp

(
−1

2
��𝑦† − ℎ0(𝑢)

��2
Γ

)
− exp

(
−1

2
��𝑦† − ℎ(𝑢)��2

Γ

))
𝜇0(𝑢)

+ exp
(
−1

2
��𝑦† − ℎ(𝑢)��2

Γ

) (
𝜇0(𝑢) − 𝜇(𝑢)

)
. (3.69)

Using (3.68), we obtain that�� 𝑓0(𝑢)− 𝑓 (𝑢)�� ⩽ 𝐶𝑞𝜀 exp
(
−1

8
��𝑦† − ℎ0(𝑢)

��2
Γ

)
𝜇0(𝑢)+exp

(
−1

2
��𝑦† − ℎ(𝑢)��2

Γ

) ���𝜇0(𝑢)−𝜇(𝑢)
���,

(3.70)
and so ∫

R𝑑𝑢

(
1 + |𝑢 |2

) �� 𝑓0(𝑢) − 𝑓 (𝑢)�� d𝑢 ⩽ 𝐶𝑞𝜀R + 𝑑𝑔 (𝜇0, 𝜇).

Therefore it holds that

𝑑𝑔 (𝜋0, 𝜋) ⩽ R
(
𝐶𝑞𝜀

𝑍
+ |𝑍0 − 𝑍 |

𝑍0𝑍

)
+ 1
𝑍
𝑑𝑔 (𝜇0, 𝜇).

By (3.70) it holds that

|𝑍0 − 𝑍 | ⩽
∫
R𝑑𝑢
| 𝑓0(𝑈) − 𝑓 (𝑈) | d𝑈 ⩽ 𝐶𝑞𝜀 + 𝑑𝑔 (𝜇0, 𝜇),

and so we obtain finally

𝑑𝑔 (𝜋0, 𝜋) ⩽ R
(

1
𝑍
+ 1
𝑍0𝑍

) (
𝐶𝑞𝜀 + 𝑑𝑔 (𝜇0, 𝜇)

)
.

Furthermore 𝑍0 is bounded from below because, by Jensen’s inequality,

𝑍0 =

∫
R𝑑𝑢

exp
(
−1

2
��𝑦† − ℎ0(𝑈)

��2
Γ

)
𝜇0(𝑈) d𝑈 ⩾ exp

(
−1

2

∫
R𝑑𝑢

��𝑦† − ℎ0(𝑈)
��2
Γ
𝜇0(𝑈) d𝑈

)
⩾ exp

(
−
��𝑦†��2

Γ
− 𝐶𝑞𝜅2

ℎ

∫
R𝑑𝑢

(
1 + |𝑢 |2

)
𝜇0(𝑈) d𝑈

)
= exp

(
−𝐶𝑞R

)
.

The same bound holds for 𝑍 , and so we obtain the result.
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Lemma 3.C.3. Suppose that the data 𝑌† = {𝑦†
𝑗
}𝐽
𝑗=1 and the matrices (Σ, Γ)

satisfy Assumptions (H1) and (H2). Fix 𝜅Ψ, 𝜅ℎ > 0 and assume that Ψ0 : R𝑑𝑢 →
R𝑑𝑢 and ℎ0 : R𝑑𝑢 → R𝑑𝑦 are functions satisfying Assumptions (H3) and (H4),
respectively. Let (𝜇0

𝑗
) 𝑗∈J1,𝐽K and (𝜇 𝑗 ) 𝑗∈J1,𝐽K denote the true filtering distributions

associated with functions (Ψ0, ℎ0) and (Ψ, ℎ), respectively, initialized at the same
Gaussian probability measure 𝜇0 = N(𝑚0, 𝐶0) ∈ G(R𝑑𝑢). For all 𝐽 ∈ Z+ there is
𝐶 = 𝐶 (𝑚0, 𝐶0, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝐽) > 0 such that for all 𝜀 ∈ [0, 1] and all (Ψ, ℎ) ∈
𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
, it holds that

max
𝑗∈J0,𝐽K

𝑑𝑔 (𝜇0
𝑗 , 𝜇 𝑗 ) ⩽ 𝐶𝜀. (3.71)

Proof. By Lemma 3.B.3, the filtering distributions have bounded second moments.
Let

R = max
𝑗∈J0,𝐽−1K

(���𝑦†
𝑗+1

���2 , 1 +M2
(
𝜇0
𝑗

)
, 1 +M2

(
𝜇 𝑗

) )
.

Throughout this proof,𝐶 denotes a constant whose value is irrelevant in the context,
depends only on the constants 𝑚0, 𝐶0, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ, 𝑘 (but neither on 𝜀, nor on Ψ

and ℎ) and may change from line to line.

The statement is obviously true for 𝐽 = 0. Reasoning by induction, we assume that
the statement is true up to 𝐽 = 𝑘 and show that there is 𝐶 > 0 such that

∀𝜀 ∈ [0, 1], ∀(Ψ, ℎ) ∈ 𝐵𝐿∞
(
(Ψ0, ℎ0), 𝜀

)
, 𝑑𝑔 (𝜇0

𝑘+1, 𝜇𝑘+1) ⩽ 𝐶𝜀.

To this end, let P0 and Q0 denote the maps associated to (Ψ0, ℎ0), fix 𝜀 ∈ [0, 1],
and fix (Ψ, ℎ) ∈ 𝐵𝐿∞

(
(Ψ0, ℎ0), 𝜀

)
. Using (3.67), then the triangle inequality, and

finally (3.65) and Lemma 3.B.8, we have that

𝑑𝑔 (𝜇0
𝑘+1, 𝜇𝑘+1) = 𝑑𝑔

(
B𝑘Q0P0𝜇

0
𝑘 ,B𝑘QP𝜇𝑘

)
⩽ e𝐶R

(
𝜀 + 𝑑𝑔

(
P0𝜇

0
𝑘 ,P𝜇𝑘

) )
⩽ e𝐶R

(
𝜀 + 𝑑𝑔

(
P0𝜇

0
𝑘 ,P𝜇

0
𝑘

)
+ 𝑑𝑔

(
P𝜇0

𝑘 ,P𝜇𝑘
) )

⩽ e𝐶R
(
𝜀 + 𝐶𝜀R + 𝐶𝑑𝑔 (𝜇0

𝑘 , 𝜇𝑘 )
)
.

Using the induction hypothesis gives us the desired bound.

3.D Technical Result for Theorem 3.2.5
In Le Gland, Monbet, and Tran (2011b) machinery is established to prove Monte
Carlo error estimates between the finite particle ensemble Kalman filter and its
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mean field limit. We use such results as a component in proving Theorem 3.2.5 and,
in so-doing, explicit dependence on moments must be tracked. In this section we
give a self-contained proof of Le Gland, Monbet, and Tran, 2011b, Theorem 5.2,
following the analysis closely2 and, in addition, tracking dependence on moments;
this moment dependence may be useful in the context of future work generalizing
what we do in this chapter. This leads to the following error estimate stating the
desired Monte Carlo error estimate.

Lemma 3.D.1. Assume that the probability measures (𝜇EK
𝑗
) 𝑗∈J0,𝐽K and (𝜇EK,𝑁

𝑗
) 𝑗∈J0,𝐽K

are obtained, respectively, from the dynamical systems (3.10) and (3.12), initialized
at the Gaussian probability measure 𝜇EK

0 ∈ G(R𝑑𝑢) and at the empirical measure
𝜇

EK,𝑁
0 = 1

𝑁

∑𝑁
𝑖=1 𝛿𝑢 (𝑖)0

for 𝑢(𝑖)0 ∼ 𝜇
EK
0 i.i.d. samples. That is,

𝜇EK
𝑗+1 = T 𝑗QP𝜇EK

𝑗 , 𝜇
EK,𝑁
𝑗+1 =

1
𝑁

𝑁∑︁
𝑖=1

𝛿
𝑢
(𝑖)
𝑗+1
,

where 𝑢(𝑖)
𝑗+1 evolve according to the iteration in (3.11). Suppose that the data 𝑌† =

{𝑦†
𝑗
}𝐽
𝑗=1 and the matrices (Σ, Γ) satisfy Assumptions (H1) and (H2). We as-

sume that the vector field Ψ satisfies Assumption (H3) and that ℎ is a linear
transformation, i.e. that Assumption (V2) is satisfied and hence also Assump-
tion (H4). Furthermore, if the vector field Ψ additionally satisfies |Ψ|𝐶0,1 ⩽

ℓΨ < ∞, then for all 𝜙 satisfying Assumption P1, there exists a constant 𝐶 =

𝐶
(
M𝑞 (𝜇EK

0 ), 𝐽, 𝑅𝜙, 𝐿𝜙, 𝜍, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓΨ, Σ, Γ
)

where 𝑞 := max{4𝐽+1, 4𝜍, 2(𝜍 + 1)}
such that (

E
���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇EK

𝐽 [𝜙]
���2) 1

2

⩽
𝐶
√
𝑁
.

Proof. To prove the proposition, we apply the coupling argument used in Le Gland,
Monbet, and Tran (2011b). Using similar notation to the one in Le Gland, Monbet,
and Tran (2011b), to the interacting 𝑁-particle system

{
𝑢
(𝑖)
𝑗

}𝑁
𝑛=1 evolving according

to the ensemble Kalman dynamics (3.11), we couple 𝑁 copies of the mean field
dynamics

{
𝑢
( 𝑗)
𝑗

}𝑁
𝑛=1 evolving according to the mean field ensemble Kalman dy-

namics (3.7). The mean field replicas are synchronously coupled to the interacting
particle system, in the sense that they are initialized at the same initial condition
and driven by the same noises; namely, the two particle systems are initialized at

2The result of Le Gland, Monbet, and Tran (2011b) holds more generally for functions Ψ that
are locally Lipschitz and that grow at most polynomially at infinity Le Gland, Monbet, and Tran,
2011b, Assumption B. However, our proof uses that Ψ is globally Lipschitz, for instance in (3.82).
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i.i.d. samples 𝑢(𝑖)0 = 𝑢
(𝑖)
0 ∼ 𝜇

EK
0 for 𝑖 = 1, . . . , 𝑁 . For simplicity of notation, the

forecast particles are denoted by the letter 𝑣, and we drop the hat notation from the
forecast and simulated observations. Furthermore, we add a bar • to all the variables
related to the synchronously coupled mean field particles, including the probability
measures 𝜋EK

𝑗 . We also define for 𝜋 ∈ P(R𝑑𝑢×𝑑𝑦 ) the Kalman gain

K(𝜋) := C𝑢ℎ (𝜋)
(
Cℎℎ (𝜋) + Γ

)−1
.

With this notation, the interacting particle system, and synchronously coupled sys-
tem read as follows:
Interacting particle system

Initialization: 𝑢(𝑖)0 = 𝑢
(𝑖)
0

𝑣
(𝑖)
𝑗+1 = Ψ

(
𝑢
(𝑖)
𝑗

)
+ 𝜉 (𝑖)

𝑗
,

𝑦
(𝑖)
𝑗+1 = ℎ

(
𝑣
(𝑖)
𝑗+1

)
+ 𝜂(𝑖)

𝑗+1,

𝑢
(𝑖)
𝑗+1 = 𝑣

(𝑖)
𝑗+1 + K

(
𝜋

EK,𝑁
𝑗+1

) (
𝑦
†
𝑗+1 − 𝑦

(𝑖)
𝑗+1

)
.

Synchronous coupling

Initialization: 𝑢(𝑖)0 = 𝑢
(𝑖)
0

𝑣
(𝑖)
𝑗+1 = Ψ

(
𝑢
(𝑖)
𝑗

)
+ 𝜉 (𝑖)

𝑗
,

𝑦
(𝑖)
𝑗+1 = ℎ

(
𝑣
(𝑖)
𝑗+1

)
+ 𝜂(𝑖)

𝑗+1,

𝑢
(𝑖)
𝑗+1 = 𝑣

(𝑖)
𝑗+1 + K

(
𝜋EK
𝑗+1

) (
𝑦
†
𝑗+1 − 𝑦

(𝑖)
𝑗+1

)
.

Note that the synchronously coupled particles are independent and identically dis-
tributed. With this set-up we proceed with the proof. Let 𝜙 satisfy Assumption P1.
By applying the triangle inequality, we deduce that(

E
���𝜇EK,𝑁
𝐽
[𝜙] − 𝜇EK

𝐽 [𝜙]
���2) 1

2

⩽

(
E

���𝜇EK,𝑁
𝐽
[𝜙] − 1

𝑁

𝑁∑︁
𝑖=1

𝜙
(
𝑢
(𝑖)
𝐽

) ���2) 1
2

+
(
E

��� 1
𝑁

𝑁∑︁
𝑖=1

𝜙
(
𝑢
(𝑖)
𝐽

)
− 𝜇EK

𝐽 [𝜙]
���2) 1

2

. (3.74)

Step 1: bounding the second term in (3.74) Noting that the random variables
𝜙
(
𝑢
(𝑖)
𝐽

)
− 𝜇EK

𝐽
[𝜙] are i.i.d. and expanding the square, we obtain(

E

���� 𝑁∑︁
𝑖=1

1
𝑁

(
𝜙
(
𝑢
(𝑖)
𝐽

)
− 𝜇EK

𝐽 [𝜙]
)����2) 1

2

=
1
√
𝑁

(
E
��𝜙 (
𝑢
(1)
𝐽

)
− 𝜇EK

𝐽 [𝜙]
��2) 1

2
.

Since by Assumption P1 it holds that |𝜙(𝑢) | ⩽ 𝑅𝜙
(
1 + |𝑢 |𝜍+1) for any 𝑢 ∈ R𝑑𝑢 , it

follows that(
E

��� 1
𝑁

𝑁∑︁
𝑖=1

𝜙
(
𝑢
(𝑖)
𝐽

)
− 𝜇EK

𝐽 [𝜙]
���2) 1

2

⩽
𝐶

(
M2(𝜍+1)

(
𝜇EK

0
)
, 𝑅𝜙, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
√
𝑁

,

(3.75)
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where we used Lemma 3.B.5 to boundM2(𝜍+1)
(
𝜇EK
𝐽

)
in terms ofM2(𝜍+1)

(
𝜇EK

0
)
.

Step 2: bounding the first term in (3.74) For the first term, by Jensen’s inequality,
exchangeability, and finally by Assumption P1 on 𝜙 together with the Cauchy–
Schwarz inequality, it holds without loss of generality that(
E

��� 1
𝑁

𝑁∑︁
𝑖=1

𝜙

(
𝑢
(𝑖)
𝐽

)
− 𝜙

(
𝑢
(𝑖)
𝐽

)���2) 1
2

⩽

(
1
𝑁

𝑁∑︁
𝑖=1

E
���𝜙(
𝑢
(𝑖)
𝐽

)
− 𝜙

(
𝑢
(𝑖)
𝐽

)���2) 1
2

=

(
E
���𝜙(
𝑢
(1)
𝐽

)
− 𝜙

(
𝑢
(1)
𝐽

)���2) 1
2

⩽ 3𝐿𝜙
(
E

���𝑢(1)𝐽 − 𝑢(1)𝐽 ���4) 1
4
(
E

[
1 +

���𝑢(1)𝐽 ���4𝜍 + ���𝑢(1)𝐽 ���4𝜍 ] ) 1
4

.

(3.76)

By Lemma 3.B.5, there exists 𝐶 = 𝐶

(
M4𝜍

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
so that

E
���𝑢(1)𝐽 ���4𝜍 ⩽ 𝐶,

and

E
���𝑢(1)𝐽 ���4𝜍 ⩽ 24𝜍−1

(
E

���𝑢(1)𝐽 ���4𝜍 + E ���𝑢(1)𝐽 − 𝑢(1)𝐽 ���4𝜍 ) ⩽ 24𝜍−1
(
𝐶 + E

���𝑢(1)𝐽 − 𝑢(1)𝐽 ���4𝜍 ) .
Hence it remains to bound terms of the form E

��𝑢(1)
𝐽
− 𝑢(1)

𝐽

��𝑝 with 𝑝 = 4 and 𝑝 = 4𝜍.
Such a bound will follow from a propagation of chaos result, which will be the
object of Step 4. In Step 3 we show auxiliary moment bounds for the mean field
dynamics.

Step 3: moment bounds for the mean field dynamics By Lemma 3.B.5, for any
𝑗 ∈ J0, 𝐽 − 1K there exists a constant 𝐶 = 𝐶

(
M𝑝

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ

)
so that(

E
���𝑢(1)𝑗 ���𝑝) 1

𝑝

⩽ 𝐶. (3.77)

From this it immediately follows, by Assumptions (H3) and (H4), that there exist
constants 𝐶𝑣, 𝐶𝑦 depending onM𝑝

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ so that(

E
���𝑣 (1)
𝑗+1

���𝑝) 1
𝑝

⩽ 𝐶𝑣,
(
E

���𝑦 (1)
𝑗+1

���𝑝) 1
𝑝

⩽ 𝐶𝑦 . (3.78)

Furthermore, it holds that for the Kalman gain that���K (
𝜋EK
𝑗+1

) ���𝑝 ⩽ ���C𝑢ℎ (𝜋EK
𝑗+1

) ���𝑝 ��Γ−1��𝑝 = ��Γ−1��𝑝 ���C𝑢𝑢 (𝜋EK
𝑗+1

)
𝐻T

���𝑝 ⩽ 𝐶, (3.79)

where 𝐶 depends onM2
(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, Σ, Γ.
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Step 4: propagation of chaos In this step, we prove a propagation of chaos result
stating for all 𝑝, there exists a constant𝐶𝑝 = 𝐶𝑝

(
M4𝐽 ·𝑝

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓΨ, ℓℎ, Σ, Γ

)
such that

sup
𝑁∈N

√
𝑁

(
E

���𝑢(1)𝐽 − 𝑢(1)𝐽 ���𝑝) 1
𝑝

⩽ 𝐶𝑝 . (3.80)

To prove this result, we follow the strategy in Le Gland, Monbet, and Tran (2011b)
and reason by induction. Fix 𝑗 ∈ J0, 𝐽 − 1K and assume that for all 𝑝 ∈ N there is
𝐶 𝑗 ,𝑝 = 𝐶 𝑗 ,𝑝

(
M4 𝑗 ·𝑝

(
𝜇EK

0
)
, 𝐽, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓΨ, ℓℎ, Σ, Γ

)
such that

sup
𝑁∈N

√
𝑁

(
E

���𝑢(1)𝑗 − 𝑢(1)𝑗 ���𝑝) 1
𝑝

⩽ 𝐶 𝑗 ,𝑝 . (3.81)

By Lipschitz continuity of Ψ and ℎ, we deduce immediately that
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(3.82)
Now we write
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Thus, by the triangle and Hölder inequalities,
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The first two terms on the right-hand side are bounded uniformly in 𝑁 in view
of (3.79). In order to bound the last term, we note that the term E

��𝑦†
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𝑗+1

��2𝑝 is
bounded uniformly in 𝑁 by a constant which depends onM4 𝑗 ·2𝑝

(
𝜇EK

0
)
; this follows

by (3.78) and (3.82). To complete the inductive step, it remains to show that
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To this end, in line with the classical propagation of chaos approach, we decompose
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where we introduced the empirical measure associated with the mean field particles:

𝜋
EK,𝑁
𝑗+1 :=

1
𝑁

𝑁∑︁
𝑖=1

𝛿 (
𝑣
(𝑖)
𝑗+1,𝑦

(𝑖)
𝑗+1

) .
To conclude the proof of propagation of chaos, we must prove that

• The first term on the right-hand side of (3.83) is bounded uniformly in 𝑁 ,
which is achieved by employing the induction hypothesis (3.81), as well
as (3.82).

• The second term on the right-hand side of (3.83) is also bounded uniformly
in 𝑁 . This follows from classical arguments based on the law of large number
in 𝐿𝑝 spaces.

Let us first bound the second term. To this end, note that
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Therefore, using that 𝐴−1 − 𝐵−1 = 𝐵−1(𝐵 − 𝐴)𝐴−1, we have that���K (
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The term

��C𝑢𝑢 (𝜋EK
𝑗+1

) �� is bounded by (3.78), and the 𝐿𝑝 norm of the second term
tends to zero with rate 𝑁−

𝑝

2 by classical law of large number arguments, see for
example Ding and Q. Li, 2021c, Lemma 3 and U. Vaes, 2024, Lemma 3; indeed it
holds that
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It remains to bound the other term. Reasoning similarly to above, we have that���K (
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By U. Vaes, 2024, Lemma 2, it holds that���C𝑢𝑢 (𝜋EK,𝑁
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Using the Cauchy-Schwarz and Jensen’s inequalities, moment bounds and finally
the induction hypothesis (3.80) enables to conclude that(
E
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Step 5: concluding the proof Using the propagation of chaos result from (3.80)
in (3.76) gives that (
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for some constant 𝐶 depending on M𝑞
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, 𝐽, 𝐿𝜙, 𝜍, 𝜅𝑦, 𝜅Ψ, 𝜅ℎ, ℓΨ, ℓℎ, Σ, Γ with

𝑞 = max{4𝐽+1, 4𝜍}. Combining this result with (3.75) yields the desired result.
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C h a p t e r 4

TRANSFORMER NEURAL OPERATORS

4.1 Introduction
Attention was introduced in the context of neural machine translation in Bahdanau,
Cho, and Bengio (2014) to effectively model correlations in sequential data. Many
attention mechanisms used in conjunction with recurrent networks were subse-
quently developed, for example long short-term memory (Hochreiter and Schmidhu-
ber, 1997) and gated recurrent units (Chung et al., 2014), which were then employed
for a wide range of applications, see for example the review Chung et al. (2014).
The seminal work Vaswani et al. (2017) introduced the now ubiquitous transformer
architecture, which relies solely on the attention mechanism and not on the recur-
rence of the network in order to effectively model nonlocal, long-range correlations.
In its full generality, the attention function described in Vaswani et al. (2017) defines
an operation between sequences {𝑢𝑖}𝑁𝑖=1 ⊂ R𝑑𝑢 , {𝑣𝑖}𝑀𝑖=1 ⊂ R𝑑𝑣 of lengths 𝑁, 𝑀 ∈ N
respectively, represented as tensors 𝑢 ∈ R𝑁×𝑑𝑢 , 𝑣 ∈ R𝑀×𝑑𝑣 , where learnable weights
𝑄 ∈ R𝑑𝐾×𝑑𝑢 , 𝐾 ∈ R𝑑𝐾×𝑑𝑣 , 𝑉 ∈ R𝑑𝑉×𝑑𝑣 parametrize

attention(𝑢, 𝑣) := softmax(𝑢𝑄𝑇𝐾𝑣𝑇 )𝑣𝑉𝑇 . (4.1)

In this context, we recall that the function softmax : R𝑁×𝑀 → R𝑁×𝑀 is defined
component-wise via its action on the input as(

softmax(𝑤)
)
𝑖 𝑗
=

exp(𝑤𝑖 𝑗 )∑𝑀
𝑗=1 exp(𝑤𝑖 𝑗 )

, (4.2)

for any 𝑤 ∈ R𝑁×𝑀 . Therefore, in this form the attention function defines a mapping
attention : R𝑁×𝑑𝑢 × R𝑀×𝑑𝑣 → R𝑁×𝑑𝑉 .1 Alternatively, we can view the output of
the attention function as a sequence {attention(𝑢, 𝑣)𝑖}𝑁𝑖=1 ⊂ R𝑑𝑉 .

Viewed more generally, attention defines a mapping from two sequences {𝑢𝑖}𝑁𝑖=1
and {𝑣𝑖}𝑀𝑖=1 into a third sequence {attention(𝑢, 𝑣)𝑖}𝑁𝑖=1; all three sequences take
values in R𝑟 for various values of 𝑟. In this chapter, we generalize this in two ways:
(a) we replace index 𝑖 by index 𝑥 ∈ 𝐷, where 𝐷 is a bounded open subset in R𝑑; (b)
we retain a discrete index 𝑖 but allow the sequences to take values in Banach spaces

1We note that in most implementations, the input of the softmax function is rescaled by a factor
of 1/
√
𝑑𝐾 . In our context, continuum attention, a different scaling will be used.
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of R𝑟-valued functions defined over 𝐷, where 𝐷 is a bounded open subset in R𝑑 .
We find the first generalization (a) most useful in settings where 𝑑 = 1, that is for
time series. However, when discretizing the index set 𝐷 ⊂ R𝑑 with 𝑁 := 𝑛𝑑 points,
the quadratic scaling of the attention mechanism in 𝑁 can be prohibitive. This
motivates generalization (b) where we retain the discrete index but allow sequences
to be function valued, corresponding to patching of functions defined over 𝐷 ⊂ R𝑑 ,
with 𝑑 ⩾ 2.

Our motivation for these generalizations is operator learning and, in particular, de-
sign of discretization invariant neural operator architectures. Such architectures
disentangle model parameters from any particular discretization of the input func-
tional data; learning is focused on the intrinsic continuum problem and not any
particular discretization of it. This allows models to obtain consistent errors when
trained with different resolution data, as well as enabling training, testing, and in-
ference at different resolutions. We consider the general setting where 𝐷 ⊂ R𝑑

is a bounded open set and U = U(𝐷;R𝑑𝑢) and Z = Z(𝐷;R𝑑𝑧 ) are separable
Banach spaces of functions. To train neural operators we consider the following
standard data scenario. The set {𝑢( 𝑗) , 𝑧( 𝑗)}𝐽

𝑗=1 of input-output observation pairs is
such that

(
𝑢( 𝑗) , 𝑧( 𝑗)

)
∼ 𝜋 is an i.i.d. sequence distributed according to the measure

𝜋, which is supported on U ×Z. We let 𝜇 and 𝜋 denote the marginals of 𝜋 on U
and Z respectively, so that 𝑢( 𝑗) ∼ 𝜇 and 𝑧( 𝑗) ∼ 𝜋. In what follows, we consider
Ψ† : U → Z to be an arbitrary map so that

𝑧( 𝑗) = Ψ†
(
𝑢( 𝑗)

)
, (4.3)

noting that such maps will typically be both nonlocal (with respect to domain 𝐷)
and nonlinear. We assume for simplicity that the data generation mechanism is
compatible with (4.3) so that 𝜋 = Ψ

†
♯
𝜇, i.e., the data generation mechanism is not

corrupted by noise. Neural operators construct an approximation of Ψ† picked from
the parametric class

Ψ : U × Θ→Z;

equivalently we may write Ψ𝜃 : U → Z, for 𝜃 ∈ Θ. The set Θ is assumed to
be a finite dimensional parameter space from which a 𝜃∗ ∈ Θ is selected so that
Ψ(·, 𝜃∗) = Ψ𝜃∗ ≈ Ψ†. We then define a cost functional 𝑐 : Z ×Z → R and define
𝜃∗ by

𝜃∗ = arg min𝜃∈ΘE𝑢∼𝜇
[
𝑐
(
Ψ(𝑢, 𝜃),Ψ†(𝑢)

) ]
. (4.4)

In practice, we will only have access to the values of each 𝑢( 𝑗) and 𝑧( 𝑗) at a set
of discretization points of the domain 𝐷, which we denote as {𝑥𝑖}𝑁𝑖=1. We seek
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discretization invariant approaches to operator learning which allow for sharing of
learned parameters 𝜃∗ between different discretizations.

The choice of an architecture defining the approximation family Ψ𝜃 is sometimes
known as surrogate modeling. We use continuum attention concepts to make
this choice. The resulting transformer based neural operator methodology that we
develop here can be used to learn solution operators to parametric PDEs, to solve
PDE inverse problems, and may also be applied to solve a class of data assimilation
problems. In the context of parametric PDEs we will explore how this algorithmic
framework may be employed in operator learning for Darcy flow and 2d Navier-
Stokes problems. As a particular case of operator learning, we will also explore a
class of data assimilation problems that involve recovering unobserved trajectories
of possibly chaotic dynamical systems. Namely, we illustrate examples involving
the Lorenz-63 dynamical system and a controlled ODE.

4.1.1 Literature Review
The attention mechanism, as introduced in Vaswani et al. (2017) and defined in
(4.1), has shown widespread success for a variety of tasks. In particular, given
the suitability of attention and transformers for applications involving sequential
data, there has been a large body of work extending the methodology from natural
language processing, the setting in which it was originally introduced, to the more
general context of time series. Namely, as surveyed in Wen et al. (2023), transform-
ers and variants thereof have been applied to time series forecasting, classification
and anomaly detection tasks. This generalization has involved modifications and
innovations relating to the positional encoding and the design of the attention func-
tion itself. We refer the reader to Wen et al. (2023) for a detailed review of the large
body of work and architectural variants of transformers that have been developed
for time series applications.

Attention in Vision The quadratic scaling in the input of the attention mechanism
has made transformers a computationally prohibitive architecture for applications
involving long sequences. Nonetheless, through techniques such as patching, the
attention mechanism and transformers have also enjoyed success in computer vision,
where high-resolution image data presents an increased computational cost. In fact,
in vision transformers (ViT), introduced in Dosovitskiy et al. (2021), the input image
is subdivided into patches; attention is then applied across the shorter sequence of
patches, thus decreasing the overall cost.
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Neural Operators Given the success of the methodology in computer vision, there
has been growing interest in extending the transformer methodology to the oper-
ator learning context. This operator setting concerns learning mappings between
infinite dimensional spaces of functions. In this case, the domains on which the
functions are defined (spatial and temporal) may inherently be a continuum. Neural
operators (N. Kovachki et al., 2023a), generalizations of neural networks that learn
operators mapping between infinite-dimensional spaces, have been developed for
this task. As they parametrize operators acting on spaces of functions, the learned
parameters of neural operators may be applied to any discretization of the input
function; this property of neural operators is referred to as “discretization invari-
ance”. Discretization invariance is desirable both at a theoretical and practical level.
Indeed, for a neural network to approximate an operator acting on functions defined
on a continuum, its parameters cannot depend on the discretizations of the input
functions that are used for learning the parameters themselves. On the other hand,
discretization invariance allows to scalably train models on coarser discretizations
of functions and to deploy or finetune trained models at different resolutions for
downstream tasks. A recent example of the success of this approach is the GenCast
medium-range weather forecasting model (Price et al., 2025a), which because of
discretization invariance properties is pretrained on low resolutions and finetuned
at the desired predictive resolution.

Transformers for Operator Learning In the following paragraphs, we discuss sev-
eral approaches in the literature employing transformers for operator learning. We
first discuss some approaches leading to neural operators, followed by a discussion
of architectures that are not discretization invariant.

Neural Operators. An integral kernel interpretation of the attention mechanism
appearing for example in Tsai et al. (2019), Martins et al. (2020), Moreno et al.
(2022), Wright and Gonzalez (2021), Cao (2021), and N. Kovachki et al. (2023a)
inspired a range of attention-based architectures for operator learning. For example,
the work of Cao (2021) leverages insight from the integral kernel formulation
to design novel attention mechanisms that do not employ the softmax function.
The author designs attention mechanisms using integral kernels which may be
approximated by a Fourier-type projection, leading to quadratic complexity, and by
a Galerkin projection, leading to linear complexity. While the resulting attention
maps are discretization invariant, the full architecture proposed uses convolutional
neural networks to downsample the input to a feature map of sufficiently small
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resolution for the method to be scalable. Hence the full architecture is not a neural
operator. Furthermore, the lack of the softmax nonlinearity leads to a mechanism
lacking the probabilistic description outlined in this chapter, thus differing from
the original definition of attention in Vaswani et al. (2017). In Zhijie Li et al.,
2024 the authors take the Fourier attention approach as in Cao, 2021 to design a
neural operator for large eddy simulation, while in Luo, Qian, and Yoon, 2024 the
authors take the Galerkin attention approach from Cao, 2021 to design a novel neural
operator architecture. In Zijie Li, Meidani, and Farimani (2023) the authors present
“OFormer” a neural operator with an encoder-decoder structure that employs cross-
attention to obtain the latent embeddings and then stacked self-attention blocks; the
model uses the attention from Cao (2021) and random Fourier features for query
coordinate encodings while using a recurrent multi-layer perceptron for unrolling in
time-dependent problems as opposed to masked attention in Vaswani et al. (2017).
In the recent work Rahman et al. (2024), the authors propose a neural operator
architecture that employs an attention mechanism that acts across channels of the
function in the latent embedding, and do so in the context of pre-training a foundation
model for PDE solution operators. We demonstrate how such an architecture can be
derived from our formulation in Remark 4.3.4. As in this chapter, various attention-
related concepts are defined in a function-space setting, but our formulations are
more general; this issue is discussed in detail at the relevant point in the chapter.
We note that the architectures introduced in this chapter rely solely on the attention
mechanism defined in the continuum, hence they are neural operators; furthermore,
because of the simple design, with a slight modification to our architectures we may
prove the first universal approximation theorem for transformer operators.

Non discretization invariant architectures. In Guibas et al. (2022) the authors pro-
pose a modification of the Fourier neural operator that involves mixing of tokens
in Fourier space. This is achieved by first applying the FFT to the sequence of
tokens and then applying a MLP to each token, before inverting back to the original
space. This approach differs fundamentally from the original definition of atten-
tion in Vaswani et al. (2017) and lacks the probabilistic description outlined in this
chapter. Furthermore, because of learnable positional embeddings and patching via
convolution, the AFNO is not discretization invariant. Various other approaches
have been developed. The work Hao et al. (2023) introduces “GNOT”, an archi-
tecture employing a normalized attention layer that handles multiple inputs. This
design, along with a learned gating mechanism for input coordinates, allows the
model to be applied to irregular meshes and multi-scale problems; however, this
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architecture employs an attention mechanism that does not involve rescaling by the
grid, hence not directly allowing for discretization invariance. In Ovadia et al.
(2024) the authors propose to use an architecture composed of a ViT in the latent
space of a U-Net (Ronneberger, Fischer, and Brox, 2015). The proposed model
takes as input the input field evaluated on a grid with associated coordinate values
and outputs an approximation of the solution to PDE inverse problems. While it is
shown that the architecture achieves state-of-the-art accuracy, the parameters in the
scheme are not invariant to the input function resolution. In Wang et al. (2025a) the
authors design “Continuous ViT”, an architecture consisting of a ViT encoder and a
cross-attention decoder. The method handles input functions defined on space and
time and the method is shown to present evidence of discretization invariance, with
test discretizations close to training discretizations. However, while the architecture
is discretization invariant in time, it is not by design in space. This is because the
tokenization procedure employed by standard ViTs is not discretization invariant;
we elaborate on this point in Remark 4.3.3.

Transformers for Continuum Data The use of attention-based transformer models
in the context of dynamical systems and data assimilation problems, where spatial
and temporal domains of the systems are continuous, is at its infancy. For a compre-
hensive review on the application of machine learning to data assimilation we refer
the reader to Cheng et al. (2023a). In this context, the efficacy of transformers has
been explored for forecasting in numerical weather prediction. In Chattopadhyay
et al. (2022), a transformer module is integrated in the latent space of a U-Net (Ron-
neberger, Fischer, and Brox, 2015) architecture in order to leverage the permutation
equivariance property of the transformer to improve physical consistency and fore-
cast accuracy. The work in Bi et al. (2023) achieves state-of-the-art performance
among end-to-end learning methods for numerical weather prediction by applying
a ViT-like architecture and employing the shifted window methodology from Z. Liu
et al. (2021). These approaches, however, are not discretization invariant by design.

Mathematics of Transformers Mathematical foundations for the methodology are
only now starting to emerge, however most analysis has been preformed in the
finite-dimensional setting. In the recent work Geshkovski, Letrouit, et al. (2023),
the authors study the attention dynamics by viewing tokens as particles in an interact-
ing particle system. The formulation of the continuous-time limit of the dynamics,
where the limit is taken in “layer time” allows to investigate the emergence of clusters
among tokens. In Yun et al. (2020), the authors prove that transformers are uni-
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versal approximators of continuous permutation equivariant sequence-to-sequence
functions with compact support. More broadly, developing a firm theoretical frame-
work for the subject is necessary to understand the empirical performance of the
methodology and to inform the design of novel attention-based architectures.

This Work This chapter bridges the gap between the recent theoretical develop-
ments for the attention mechanism and practical application in operator learning. In
fact, starting from a description of the attention mechanism as a map on spaces of
functions, we build discretization invariant transformer blocks that may be directly
deployed for operator learning tasks. A numerical investigation shows that the ensu-
ing transformer neural operators are competitive with state-of-the-art architectures
for a range of operator learning tasks. The framework developed may be used
more generally to design larger, more complex architectures for which the universal
approximation theorem proved in this chapter may potentially be generalized.

4.1.2 Contributions and Outline
Motivated by the success of transformers for sequential data, we set out to formulate
the attention mechanism and transformer architectures as mappings between infinite
dimensional spaces of functions. In this work we introduce a continuum perspective
on the transformer methodology. The resulting theoretical framework enables the
design of attention-based neural operator architectures, which find a natural appli-
cation to operator learning problems. The strength of the approach of devising
implementable discrete architectures from the continuum perspective stems from
the discretization invariance property that the schemes inherit. Indeed, the resulting
neural operator architectures are designed as mappings between infinite dimensional
functions spaces that are invariant to the particular discretization, or resolution, at
which the input functions are defined. Notably, this allows for zero-shot general-
ization to different function discretizations. With these insights in view, our main
contributions can be summarized as follows:

1. Formulation of attention as a mapping between function spaces.

2. Approximation theorem that quantifies the error between application of the
attention operator to a continuous function and the result of applying its finite
dimensional analogue to a discretization of the same function. The relevant
results may be found in Theorems 4.2.6 and 4.2.12.
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3. A formulation of the transformer architecture as a neural operator, hence as a
mapping between function spaces; the resulting scheme is resolution invariant
and allows for zero-shot generalization to irregular, non-uniform meshes.

4. A first universal approximation theorem for transformer neural operators. The
relevant results may be found in Theorems 4.5.1 and 4.5.2.

5. Formulation of patch-attention as a mapping between spaces of functions
acting on patch indices. This continuum perspective leads to the design of
efficient attention-based neural operator architectures.

6. Numerical evidence of the competitiveness of transformer-based neural oper-
ators with state-of-the-art operator learning architectures.

Section 4.2 is focused on contributions 1 and 2, formulating attention as acting
on functions defined on a continuous domain. In Section 4.3 we formulate the
attention mechanism as acting on a sequence of “patches” of a function, addressing
contribution 5. In Section 4.4 we make use of the operator frameworks developed
in Sections 4.2 and 4.3 to formulate transformer neural operator architectures acting
on function space. Thus we address contribution 3, whilst the last two subsections
concern the algorithmic aspect of extending to patching and address contribution
5. In Section 4.5 we state and prove a first universal approximation theorem for
a transformer-based neural operator, hence addressing contribution 4. Finally, in
Section 4.6 we explore applications of the transformer neural operator architectures
to a variety of operator learning problems (contribution 6).

4.2 Continuum Attention
In this section we formulate a continuum analogue of the attention mechanism de-
scribed in Vaswani et al. (2017). We note that in the transformer architecture of
Vaswani et al. (2017), a distinction is made between the self-attention and cross-
attention functions. The former, a particular instance of (4.1) where 𝑢 = 𝑣, can
be used to produce a representation of the input that captures intra-sequence cor-
relations. On the other hand, cross-attention is used to output a representation of
the input 𝑢 that models cross-correlations between both inputs 𝑢 and 𝑣. Indeed,
in Vaswani et al. (2017) cross-attention is employed in the decoder component of
the transformer architecture so that the input to the decoder attends to the output of
the encoder. For natural language applications in particular, the form of the cross-
attention function has allowed for sequences of arbitrary length 𝑁 to be outputted
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from a transformer architecture while attending to sequences of different lengths,
e.g. as outputs of length 𝑀 from a self-attention encoder block.

For pedagogical purposes we subdivide the presentation between the self-attention
operator and the cross-attention operator, which are treated in Subsection 4.2.1 and
Subsection 4.2.2 respectively. In Subsection 4.2.1.1 we define self-attention for dis-
crete sequences indexed on finite bounded sets. Here, we outline the interpretation
of self-attention as an expectation under a family of carefully defined discrete prob-
ability measures, each acting on the space of sequence indices. We show that under
this formulation we recover the standard definition of self-attention from Vaswani
et al. (2017). We proceed in Subsection 4.2.1.2 by formulating self-attention as
an operator mapping between spaces of functions defined on bounded uncountable
sets. This interpretation is natural, as functions may be thought of as “sequences”
indexed over an uncountable domain. As in the discrete case, we formulate the self-
attention operator as an expectation under a carefully defined probability measure
acting on the domain of the input. We obtain an approximation result given by The-
orem 4.2.6 that shows that for continuous functions the self-attention mechanism as
implemented in practice may be viewed as a Monte Carlo approximation of the self-
attention operator described. We mimic these constructions in Subsections 4.2.2.1
and 4.2.2.2 for the discrete and continuous formulations of cross-attention, respec-
tively, and obtain an analogous approximation result given by Theorem 4.2.12. As
in (4.1), throughout this section 𝑄 ∈ R𝑑𝐾×𝑑𝑢 , 𝐾 ∈ R𝑑𝐾×𝑑𝑣 , 𝑉 ∈ R𝑑𝑉×𝑑𝑣 are learnable
weights that parametrize the attention operators. When we consider self-attention
we will have 𝑑𝑣 = 𝑑𝑢 .

4.2.1 Self-Attention
In the following discussion we define the self-attention operator in the discrete setting
and in the continuum setting, in Subsections 4.2.1.1 and 4.2.1.2, respectively.

4.2.1.1 Sequences over 𝐷𝑁 ⊂ Z

We begin by considering the finite, bounded set𝐷𝑁 = {1, · · · , 𝑁}.We let 𝑢 : 𝐷𝑁 →
R𝑑𝑢 be a sequence and 𝑗 ∈ 𝐷𝑁 an index so that 𝑢( 𝑗) ∈ R𝑑𝑢 . We will now focus on
formulating the attention mechanism in a manner that allows generalization to more
general domains 𝐷𝑁 ; at the end of this subsection we connect our formulation with
the more standard one used in the literature, which is specific to the current choice
of domain 𝐷𝑁 = {1, · · · , 𝑁}.We define the following discrete probability measure.
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Definition 4.2.1. We define a probability measure on 𝐷𝑁 , parameterized by (𝑢, 𝑗),
via the probability mass function 𝑝(·; 𝑢, 𝑗) : 𝐷𝑁 → [0, 1] defined by

𝑝(𝑘; 𝑢, 𝑗) =
exp

(〈
𝑄𝑢( 𝑗), 𝐾𝑢(𝑘)

〉
R𝑑𝐾

)
∑
ℓ∈𝐷𝑁 exp

(〈
𝑄𝑢( 𝑗), 𝐾𝑢(ℓ)

〉
R𝑑𝐾

) ,
for any 𝑘 ∈ 𝐷𝑁 .

We may now define the self-attention operator as an expectation over this measure
𝑝 of the linear transformation 𝑉 ∈ R𝑑𝑉×𝑑𝑢 applied to 𝑢.

Definition 4.2.2. We define the self-attention operator A𝑁 as a mapping from a
R𝑑𝑢-valued sequence over 𝐷𝑁 , 𝑢, into a R𝑑𝑉 -valued sequence over 𝐷𝑁 , A𝑁 (𝑢), that
takes the form

A𝑁 (𝑢) ( 𝑗) := E𝑘∼𝑝(𝑘;𝑢, 𝑗) [𝑉𝑢(𝑘)],

for any 𝑗 ∈ 𝐷𝑁 .

To connect these definitions with the standard formulation of transformers, note that
sequence 𝑢 can be reformulated as the matrix 𝑢 ∈ R𝑁×𝑑𝑢 . Then

{𝑢𝑄𝑇𝐾𝑢𝑇 } 𝑗 𝑘 =
〈
𝑄𝑢 𝑗 , 𝐾𝑢𝑘

〉
R𝑑𝐾 ;

that is, the { 𝑗 , 𝑘}−entry of 𝑢𝑄𝑇𝐾𝑢𝑇 ∈ R𝑁×𝑁 is the right-hand side of the preceding
identity, where 𝑢ℓ denotes the ℓ’th row of 𝑢 ∈ R𝑁×𝑑𝑢 . It is then apparent that applying
the softmax function along rows of 𝑢𝑄𝑇𝐾𝑢𝑇 delivers the vector of probabilities
defined in Definition 4.2.1, indexed by 𝑘; note that 𝑗 is a parameter in this vector of
probabilities, indicating the row of the matrix 𝑢𝑄𝑇𝐾𝑢𝑇 along which the softmax
operation is applied. Finally the attention operation from Definition 4.2.2 can be
rewritten to act between matrices as

A𝑁 (𝑢) = attention(𝑢, 𝑢) := softmax(𝑢𝑄𝑇𝐾𝑢𝑇 )𝑢𝑉𝑇 ,

so that attention(𝑢, 𝑢) ∈ R𝑁×𝑑𝑉 .

Remark 4.2.3 (Sequences over 𝐷𝑁 ⊂ Z𝑑). Once the attention mechanism is for-
mulated as in Definitions 4.2.1, 4.2.2, it is straightforward to extend to (generalized)
sequences indexed over bounded subsets of Z𝑑; note, for example, that pixellated
images are naturally indexed over bounded subsets of Z2. Let 𝐷𝑁 ⊂ Z𝑑 possess
cardinality |𝐷𝑁 | = 𝑁. Let 𝑢 : 𝐷𝑁 → R𝑑𝑢 be a sequence and 𝑗 ∈ 𝐷𝑁 an index. Then
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the definition of probability on 𝐷𝑁 , indexed by (𝑢, 𝑗), and the resulting definition
of self-attention operator A, is exactly as in Definitions 4.2.1, 4.2.2. This shows the
power of non-standard notation we have employed here.

4.2.1.2 Sequences over 𝐷 ⊂ R𝑑

We note that the preceding two formulations of the attention mechanism view
it as a transformation defined as an expectation applied to the input sequence.
The expectation is with respect to a probability measure supported on an index
of the input sequence. Furthermore, the expectation itself depends on the input
sequence to which it is applied, and is parameterized by the input sequence index,
resulting in a new output sequence of the same length as the input sequence. The
formulation using an expectation results from the softmax part of the definition of
the attention mechanism; the query and key linear operations define the expectation,
and the value linear operation lifts the output sequence to take values in a (possibly)
different Euclidean space than the input sequence. These components may be
readily extended to work with (generalized) sequences defined over open subsets of
R𝑑 . (These would often be referred to as functions, but we call them generalized
sequences to emphasize similarity with the discrete case.)

Let 𝐷 ⊆ R𝑑 be an open set. Let 𝑢 : 𝐷 → R𝑑𝑢 be a sequence (function) and 𝑥 ∈ 𝐷
an index.

Definition 4.2.4. We define a probability measure on 𝐷, parameterized by (𝑢, 𝑥),
via the probability density function 𝑝(·; 𝑢, 𝑥) : 𝐷 → R+ defined by

𝑝(𝑦; 𝑢, 𝑥) =
exp

(〈
𝑄𝑢(𝑥), 𝐾𝑢(𝑦)

〉
R𝑑𝐾

)
∫
𝐷

exp
(〈
𝑄𝑢(𝑥), 𝐾𝑢(𝑠)

〉
R𝑑𝐾

)
d𝑠
,

for any 𝑦 ∈ 𝐷.

Definition 4.2.5. We define the self-attention operator A as a mapping from a R𝑑𝑢-
valued sequence (function) over 𝐷, 𝑢, into a R𝑑𝑉 -valued sequence (function) over
𝐷, A(𝑢), as follows:

A(𝑢) (𝑥) = E𝑦∼𝑝(𝑦;𝑢,𝑥) [𝑉𝑢(𝑦)],

for any 𝑥 ∈ 𝐷.

A connection between the discrete and continuum formulations of self-attention is
captured in the following theorem.
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Theorem 4.2.6. The self-attention operator A may be viewed as a mapping A :
𝐿∞(𝐷;R𝑑𝑢) → 𝐿∞(𝐷;R𝑑𝑉 ) and thus as a mapping A : 𝐶 (𝐷;R𝑑𝑢) → 𝐶 (𝐷;R𝑑𝑉 ).
Furthermore, for any compact set 𝐵 ⊂ 𝐶 (𝐷;R𝑑𝑢),

lim
𝑁→∞

sup
𝑢∈𝐵

E






A(𝑢) −
∑𝑁
𝑗=1 exp

(
⟨𝑄𝑢(·), 𝐾𝑢(𝑦 𝑗 )⟩

)
𝑉𝑢(𝑦 𝑗 )∑𝑁

ℓ=1 exp
(
⟨𝑄𝑢(·), 𝐾𝑢(𝑦ℓ)⟩

) 





𝐶 (𝐷;R𝑑𝑉 )

= 0,

with the expectation taken over i.i.d. sequences {𝑦 𝑗 }𝑁𝑗=1 ∼ unif(𝐷).

Proof. The proof of this result is developed in Appendix 4.A.1.

Remark 4.2.7. This result connects our continuum formulation of self-attention with
the standard definition, using Monte Carlo approximation of the relevant integrals; a
similar result could be proved using finite difference approximation on, for example,
a uniform grid. We note that it is not possible to obtain a uniform convergence
rate for all 𝑢 ∈ 𝐵 in the norm of 𝐶 (𝐷;R𝑑𝑉 ) as the Riemann integral may exhibit
arbitrarily slow convergence depending on the regularity of the integrand.

4.2.2 Cross-Attention
In the following discussion we define the cross-attention operator in the discrete
setting and in the continuum setting, in Subsections 4.2.2.1 and 4.2.2.2, respectively.

4.2.2.1 Sequences over 𝐷𝑁 ⊂ Z𝑑 , 𝐸𝑀 ⊂ Z𝑒

We begin by letting 𝐷𝑁 ⊆ Z𝑑 and 𝐸𝑀 ⊆ Z𝑒 be finite sets of points with cardinalities
𝑁 and 𝑀 respectively. Let 𝑢 : 𝐷𝑁 → R𝑑𝑢 be a sequence (function), 𝑣 : 𝐸𝑀 → R𝑑𝑣

another sequence (function), and 𝑗 ∈ 𝐷𝑁 , 𝑘 ∈ E𝑀 indices so that 𝑢( 𝑗) ∈ R𝑑𝑢 and
𝑣(𝑘) ∈ R𝑑𝑣 . We define the following discrete probability measure.

Definition 4.2.8. We define a probability measure on𝐷𝑁 , parameterized by (𝑢, 𝑣, 𝑗),
via the probability mass function 𝑞(·; 𝑢, 𝑣, 𝑗) : 𝐷𝑁 → [0, 1] defined by

𝑞(𝑘; 𝑢, 𝑣, 𝑗) =
exp

(〈
𝑄𝑢( 𝑗), 𝐾𝑣(𝑘)

〉
R𝑑𝐾

)
∑
ℓ∈𝐸𝑀 exp

(〈
𝑄𝑢( 𝑗), 𝐾𝑣(ℓ)

〉
R𝑑𝐾

) ,
for any 𝑘 ∈ 𝐸𝑀 .

We may now define the cross-attention operator as an expectation over this measure
𝑞 of the linear transformation 𝑉 ∈ R𝑑𝑉×𝑑𝑣 applied to 𝑣.
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Definition 4.2.9. We define the cross-attention operator C𝑁 as a mapping from a
R𝑑𝑢-valued sequence (function) over 𝐷𝑁 , 𝑢, and a R𝑑𝑣 -valued sequence (function)
over 𝐸𝑀 , 𝑣, into a R𝑑𝑉 -valued sequence (function) over 𝐷𝑁 , C𝑁 (𝑢, 𝑣), as follows:

C𝑁 (𝑢, 𝑣) ( 𝑗) = E𝑘∼𝑞(𝑘;𝑢,𝑣, 𝑗) [𝑉𝑣(𝑘)],

for any 𝑗 ∈ 𝐷𝑁 .

4.2.2.2 Sequences over 𝐷 ⊂ R𝑑 , 𝐸 ⊂ R𝑒

The framework described in Subsection 4.2.2.1 may be readily extended to work
with generalized sequences (functions) defined over open subsets of R𝑑 . Indeed,
let 𝐷 ⊆ R𝑑 and 𝐸 ⊆ R𝑒 be open sets. Let 𝑢 : 𝐷 → R𝑑𝑢 be a sequence (function),
𝑣 : 𝐸 → R𝑑𝑣 another sequence (function), and 𝑥 ∈ 𝐷, 𝑦 ∈ 𝐸 indices. We define
the following probability measure over 𝐷 before providing the definition of the
cross-attention operator.

Definition 4.2.10. We define a probability measure on𝐷, parameterized by (𝑢, 𝑣, 𝑥),
via the probability density function 𝑞(·; 𝑢, 𝑣, 𝑥) : 𝐷 → R+ defined by

𝑞(𝑦; 𝑢, 𝑣, 𝑥) =
exp

(〈
𝑄𝑢(𝑥), 𝐾𝑣(𝑦)

〉
R𝑑𝐾

)
∫
𝐸

exp
(〈
𝑄𝑢(𝑥), 𝐾𝑣(𝑠)

〉
R𝑑𝐾

)
d𝑠
,

for any 𝑦 ∈ 𝐸 .

Definition 4.2.11. We define the cross-attention operator C as a mapping from a
R𝑑𝑢-valued sequence (function) over 𝐷, 𝑢, and a R𝑑𝑣 -valued sequence (function)
over 𝐸 , 𝑣, into a R𝑑𝑉 -valued sequence (function) over 𝐷, C(𝑢, 𝑣), as follows:

C(𝑢, 𝑣) (𝑥) = E𝑦∼𝑞(𝑦;𝑢,𝑣,𝑥) [𝑉𝑣(𝑦)],

for any 𝑥 ∈ 𝐷.

A connection between the discrete and continuum formulations of cross-attention is
captured in the following theorem.

Theorem 4.2.12. The cross-attention operator C may be viewed as a mapping C :
𝐿∞(𝐷;R𝑑𝑢) × 𝐿∞(𝐸 ;R𝑑𝑣 ) → 𝐿∞(𝐷;R𝑑𝑉 ), and so as a mapping C : 𝐶 (𝐷;R𝑑𝑢) ×
𝐶 (𝐸 ;R𝑑𝑣 ) → 𝐶 (𝐷;R𝑑𝑉 ). Furthermore, for any compact set 𝐵 ⊂ 𝐶 (𝐷;R𝑑𝑢) ×
𝐶 (𝐸 ;R𝑑𝑣 )
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lim
𝑁→∞

sup
(𝑢,𝑣)∈𝐵

E






C(𝑢, 𝑣) −
∑𝑁
𝑗=1 exp

(
⟨𝑄𝑢(·), 𝐾𝑣(𝑦 𝑗 )⟩

)
𝑉𝑣(𝑦 𝑗 )∑𝑁

ℓ=1 exp
(
⟨𝑄𝑢(·), 𝐾𝑣(𝑦ℓ)⟩

) 





𝐶 (𝐷;R𝑑𝑉 )

= 0,

with the expectation taken over i.i.d. sequences {𝑦 𝑗 }𝑁𝑗=1 ∼ unif(𝐸).

Proof. The proof of this result is developed in Appendix 4.A.2, which contains
straightforward generalizations of the techniques in Appendix 4.A.1.

4.3 Continuum Patched Attention
Patches of a function are defined as the restriction of the function itself to elements
of a partition of the domain. We may then define patch-attention as a mapping
between spaces of functions defined on patch indices. Interest in applying the at-
tention mechanism for computer vision led to the development of methodologies to
overcome its prohibitive computational cost. Patching, as employed in vision trans-
formers (ViT), involves subdividing the data space domain into 𝑃 ∈ N “patches” and
applying attention to a sequence of flattened patches. This step drastically reduces
the complexity of the attention mechanism, which is quadratic in the input sequence
length. An analogue of the patching strategy in vision transformers can be consid-
ered in the function space setting. Indeed, in image space, attention can be applied
across subsets of pixels (patches); in function space, attention can be applied across
the function defined on elements of a partition of the domain. Such a generalization
to functions defined on the continuum allows for the development of architectures
that are mesh-invariant. We describe the patched-attention methodology in the
continuum framework developed thus far.

Throughout this section, we let 𝐷 ⊂ R𝑑 be a bounded open set and let 𝐷 :=
𝐷1∪· · ·∪𝐷𝑃 be a uniform partition of the space𝐷 so that𝐷 𝑗 � 𝐷

′ are congruent for
all 𝑗 ∈ J1, 𝑃K for some 𝐷′ ⊂ 𝐷, where 𝑃 ∈ N represents the number of patches. We
note that we require a uniform partition, namely a partition of subsets of equivalent
finite volume, in order to define operators that can be applied to functions defined
on each of these subsets; however, for practical application we may have a different
number of discretization points within each subset. We consider a function defined
on the full domain 𝐷, denoted as 𝑢 ∈ U

(
𝐷;R𝑑𝑢

)
. We define a mapping

𝑢̃ : J1, 𝑃K→U(𝐷′,R𝑑𝑢), (4.5)

that defines the patched version of the function 𝑢 ∈ U
(
𝐷;R𝑑𝑢

)
, so that

𝑢̃(𝑝) = 𝑢 |𝐷 𝑝 , (4.6)
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for any 𝑝 ∈ J1, 𝑃K. We proceed to establish the definitions of the patched self-
attention operator AP in Subsection 4.3.1 and for completeness the patched cross-
attention operator CP in Subsection 4.3.2.

4.3.1 Patched Self-Attention
We begin with the definition of the patched self-attention operator AP. Indeed, we
let the operators Q,K,V be defined such that Q : U(𝐷′,R𝑑𝑢) → 𝐿2(𝐷′,R𝑑𝐾 ),K :
U(𝐷′,R𝑑𝑢) → 𝐿2(𝐷′,R𝑑𝐾 ),V : U(𝐷′,R𝑑𝑢) → U(𝐷′,R𝑑𝑉 ) and let 𝑗 ∈ J1, 𝑃K be
an index.

Definition 4.3.1. Define a probability measure on J1, 𝑃K, parameterized by (𝑢̃, 𝑗),
via the probability density function 𝑝(·; 𝑢̃, 𝑗) : J1, 𝑃K→ [0, 1] defined by

𝑝(𝑘; 𝑢̃, 𝑗) =
exp

(〈
Q𝑢̃( 𝑗),K𝑢̃(𝑘)

〉
𝐿2 (𝐷′,R𝑑𝐾 )

)
∑𝑃
ℓ=1 exp

(〈
Q𝑢̃( 𝑗),K𝑢̃(ℓ)

〉
𝐿2 (𝐷′,R𝑑𝐾 )

) ,
for any 𝑘 ∈ J1, 𝑃K.2

Definition 4.3.2. The self-attention operator AP maps the function taking a patch
index to a R𝑑𝑢-valued function over 𝐷′, 𝑢̃, into a function taking a patch index to a
R𝑑𝑉 -valued function over 𝐷′, AP(𝑢̃), as follows:

AP(𝑢̃) ( 𝑗) = E𝑘∼𝑝(𝑘;𝑢̃, 𝑗) [V𝑢̃(𝑘)],

for any 𝑗 ∈ J1, 𝑃K.

Remark 4.3.3 (Patched Attention in ViT). An image may be viewed as a mapping
𝑢 : 𝐷 → R𝑑𝑢 , where 𝐷 ⊂ Z2, and where 𝑑𝑢 = 1 for grey-scale and 𝑑𝑢 = 3 for
RGB-valued images. In the context of vision transformers (Dosovitskiy et al., 2021),
the input to the attention mechanism is a sequence of 𝑃 “flattened” patches of the
input image; we next outline the details to this procedure.

Letting 𝑁 be the total number of discretization points in 𝐷 and 𝑃 the number
of patches, in the discrete setting each function patch 𝑢̃(𝑝) : 𝐷′ → R𝑑𝑢 may
be represented as an R𝑁/𝑃×𝑑𝑢 matrix. The flattening procedure of each patch
in ViT involves reshaping this matrix into an R𝑁/𝑃·𝑑𝑢 vector. The full image is
thus represented as a sequence of 𝑃 vectors of dimension 𝑁/𝑃 · 𝑑𝑢. Each patch
vector is then linearly lifted to an embedding space of dimension 𝑑model. The

2We note that as Q is linear, Q𝑢( 𝑗) is shorthand notation for Q
(
𝑢( 𝑗)

)
, and similarly for K and V.
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embedded image, to which attention is applied, may hence be viewed as a matrix
𝑢̃ ∈ R𝑃×𝑑model . Therefore, ViT may be cast in the setting of the discrete interpretation
of the self-attention operator outlined in Subsection 4.2.1.1, where the domain on
which attention is applied is 𝐷𝑃. A key observation to the ensuing discussion
is that the application of a linear transformation to a “flattened” patch in ViT
breaks the mesh-invariance of the architecture; however, this operation may be
viewed as a nonlocal transformation on each patch. We leverage this insight in
Section 4.4 to design discretization invariant transformer neural operators that
employ patching. We further note that in practice, patching in ViT is often also
achieved via strided convolutions, with stride equivalent to the kernel size; however,
because the kernel size determines the number of parameters, such a procedure
also breaks discretization invariance as it leads to architectures with parameters
dependent on resolution of the input.

Remark 4.3.4 (Codomain Attention). The work of Rahman et al. (2024) employs an
attention mechanism that acts across the channels of the function 𝑢 ∈ U

(
𝐷;R𝑑model

)
in the latent space of a neural operator architecture. Indeed the “codomain”
attention mechanism defined may be viewed as a particular variant of Definition
4.3.2, where 𝐷′ � 𝐷, where AP(𝑢̃) ( 𝑗) is defined for 𝑗 ∈ J1, 𝑑modelK and where
Q,K,V are implemented as integral operators. In particular the indexing is by
channels and not by patch. For problems in computer vision, similar ideas have
been explored with discrete versions of the Q,K,V operators (L. Chen et al., 2017).

4.3.2 Patched Cross-Attention
For completeness, we outline the definition of the patched cross-attention operator.
We consider 𝐸 ⊂ R𝑒 to be a bounded open set and 𝐸 := 𝐸1 ∪ . . . ∪ 𝐸𝑂 a uniform
partition of 𝐸 so that 𝐸 𝑗 � 𝐸′ � 𝐷′ for all 𝑗 ∈ J1, 𝑂K for some 𝐸′ ⊂ 𝐸 and 𝑂 ∈ N.
We note that for the following construction we require 𝐸′ � 𝐷′, but it may hold in
general that 𝑃 ≠ 𝑂. As done for 𝑢̃ we define an operator

𝑣̃ : J1, 𝑂K→U(𝐸′,R𝑑𝑣 ), (4.7)

that defines the patched version of the function 𝑣 ∈ U
(
𝐸 ;R𝑑𝑣

)
, so that

𝑣̃(𝑜) = 𝑣 |𝐸𝑜 , (4.8)

for any 𝑜 ∈ J1, 𝑂K. Furthermore, we let the operators Q,K,V be defined such that Q :
U(𝐷′,R𝑑𝑢) → 𝐿2(𝐷′,R𝑑𝐾 ),K : U(𝐸′,R𝑑𝑣 ) → 𝐿2(𝐸′,R𝑑𝐾 ),V : U(𝐸′,R𝑑𝑣 ) →
U(𝐸′,R𝑑𝑉 ) and let 𝑗 ∈ J1, 𝑃K be an index.
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Definition 4.3.5. We define a probability measure on 𝐷, parameterized by (𝑢̃, 𝑣̃, 𝑗),
via the probability density function 𝑞(·; 𝑢̃, 𝑣̃, 𝑗) : J1, 𝑃K→ [0, 1] defined by

𝑞(𝑘; 𝑢̃, 𝑣̃, 𝑗) =
exp

(〈
Q𝑢̃( 𝑗),K𝑣̃(𝑘)

〉
𝐿2 (𝐸 ′,R𝑑𝐾 )

)
∑𝑂
ℓ=1 exp

(〈
Q𝑢̃( 𝑗),K𝑣̃(ℓ)

〉
𝐿2 (𝐸 ′,R𝑑𝐾 )

) ,
for any 𝑘 ∈ J1, 𝑂K.

Definition 4.3.6. The cross-attention operator C maps the operator taking a patch
index to a R𝑑𝑢-valued function over 𝐷′, 𝑢̃, and the operator taking a patch index
to a R𝑑𝑣 -valued function over 𝐸′, 𝑣̃, into an operator taking a patch index to a
R𝑑𝑉 -valued function over 𝐷′, CP(𝑢̃, 𝑣̃), as follows:

CP(𝑢̃, 𝑣̃) ( 𝑗) = E𝑘∼𝑞(𝑘;𝑢̃,̃𝑣, 𝑗) [V𝑣̃(𝑘)],

for any 𝑗 ∈ J1, 𝑃K.

4.4 Transformer Neural Operators
In this section we turn our focus to describing how to devise transformer-based
neural operators using the continuum attention operator A as defined in the func-
tion space setting in Section 4.2, and the continuum patched-attention operator AP

acting on function space from Section 4.3. We make use of the operator frame-
works developed in Sections 4.2 and 4.3 to formulate transformer neural operator
architectures acting on function space. We start in Subsection 4.4.1, setting-up the
framework. In Subsection 4.4.2 we formulate an analogue of the transformer from
Vaswani et al. (2017) as an operator mapping an input function space U

(
𝐷;R𝑑𝑢

)
to the solution function space Z

(
𝐷;R𝑑𝑧

)
. The resulting scheme, which we define

as transformer neural operator (TNO) is invariant to the discretization of the input
function and allows for zero-shot generalization to irregular, non-uniform meshes.
However, this architecture exhibits quadratic complexity with respect to the num-
ber of discretization points of the input functions. Hence, motivated by the need
to develop new efficient architectures to employ attention on longer sequences, or
in our case higher resolution discretizations of functions, in Subsection 4.4.3 we
describe a generalization of the ViT methodology to the function space setting,
inspired by the work in Dosovitskiy et al. (2021). In particular we generalize the
procedure of lifting flattened patches to the embedding dimension, as done in ViT,
to the function space setting. This is achieved by lifting patches of functions to an
embedding dimension using a nonlocal linear operator, namely, an integral opera-
tor. Unlike ViT, the resulting neural operator architecture, which we call ViT neural
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operator (ViTNO), is discretization invariant and allows for zero-shot generalization
to different resolutions. In Subsection 4.4.4 we describe a different patching-based
transformer neural operator acting on function space, the Fourier attention neural
operator (FANO). The architecture is discretization invariant and is based on Q,K,V,
learnable parameters in the attention mechanism, being defined as integral operators
acting themselves on function space. We demonstrate in Section 4.6 that the ap-
proach involving parametrizing Q,K,V as integral operators yields an architecture
with greater parameter count for a similar computational complexity. We show that
this architecture produces improved results in the context of a problem with smooth
inputs.

4.4.1 Set-Up
In the subsections that follow we describe transformer neural operators of the form
Ψ : U(𝐷;R𝑑𝑢) × Θ → Z(𝐷;R𝑑𝑧 ), which serve as approximations to an operator
Ψ† : U(𝐷;R𝑑𝑢) → Z(𝐷;R𝑑𝑧 ). The neural operators we devise have the general
form

Ψ(𝑢, 𝜃) :=
(
Tout ◦ E𝐿 ◦ Tin

)
(𝑢, 𝜃), (4.9)

for any 𝑢 ∈ U(𝐷;R𝑑𝑢) and 𝜃 ∈ Θ. In (4.9), the operators Tin : U(𝐷;R𝑑𝑢)×Θ→V
and Tout : V × Θ → Z(𝐷;R𝑑𝑧 ) are defined for some appropriate embedding
function space V. We will make explicit the definitions of the general operators
Tin, Tout and the embedding function space V in the context of each architecture.
Throughout this section, we drop explicit dependencies on 𝜃 for brevity unless we
wish to stress a parametric dependence; for example, we may abuse notation and
write Tin(𝑢) := Tin(𝑢; 𝜃). The operator E𝐿 : V × Θ → V defines the neural
operator analogue of the transformer encoder block from Vaswani et al. (2017). Its
action on the input 𝑣 (0) := Tin(𝑢) ∈ V is summarized by the iteration

𝑣 (𝑙−1) ←[ W1𝑣
(𝑙−1) + AMultiHead

(
𝑣 (𝑙−1) ) , (4.10a)

𝑣 (𝑙−1) ←[ FLayerNorm
(
𝑣 (𝑙−1) ) , (4.10b)

𝑣 (𝑙−1) ←[ W2𝑣
(𝑙−1) + FNN

(
𝑣 (𝑙−1) ) , (4.10c)

𝑣 (𝑙) ←[ FLayerNorm
(
𝑣 (𝑙−1) ) , (4.10d)

for 𝑙 = 1, . . . , 𝐿 layers, so that E𝐿
(
𝑣 (0)

)
= 𝑣 (𝐿) ∈ V 3. We note that for notational

convenience, we have suppressed dependence of the operators on the layer ℓ; indeed,
3We note that we use 𝑣 to denote an arbitrary function in the spaceV. This is not to be confused

with 𝑣 used for cross-attention in Section 4.2. We also denote the output of the ℓ’th encoder layer by
𝑣 (ℓ ) , not to be confused with the notation used for the data pairs.
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each of the operators AMultiHead, W1,W2, FNN and FLayerNorm, will have different
learnable parametrizations for each encoder layer ℓ. Before we delve into the specific
neural operator architectures, we summarize the definitions of the elements of the
transformer encoder described in (4.10), which are common to all the subsequent
architectures. The multi-head self-attention operator AMultiHead : V →V is defined
as the composition of a linear transformation𝑊MultiHead applied pointwise to its input
and a concatenation of the outputs of 𝐻 ∈ N self-attention operators so that(

AMultiHead(𝑣)
)
(𝑥) = 𝑊MultiHead

(
A•(𝑣; 𝜃1) (𝑥), . . . ,A•(𝑣; 𝜃𝐻) (𝑥)

)
, (4.11)

for any 𝑣 ∈ V. Here the notation A• indicates the ambiguity in the definition of
self-attention. We note that we will make explicit which definition of self-attention
operator from the previous sections we employ for each architecture; we will also
make clear the definitions of the parameters 𝜃ℎ ∈ Θ defining each attention operator.
The operators W1,W2 : V →V are pointwise linear operators.4 Next, the operator
FLayerNorm : V →V defines the layer normalization and the operator FNN : V →V
defines a feed-forward neural network layer. Both operators are applied pointwise
to the input; further details are provided in the context of each architecture.

A key aspect of the ensuing discussion will be the distinction between local and
nonlocal linear operators. We note that for an arbitrary function space U

(
𝐷;R𝑟

)
where 𝐷 ⊂ R𝑑 , the space of linear operators L

(
U

(
𝐷;R𝑟

)
;U

(
𝐷;R𝑟 ′

) )
includes

both local and nonlocal linear operators. In the following, we will consider point-
wise linear operators in L

(
U

(
𝐷;R𝑟

)
;U

(
𝐷;R𝑟 ′

) )
that admit a finite-dimensional

representation 𝑊 ∈ R𝑟
′×𝑟 . On the other hand, we will also consider linear inte-

gral operators in L
(
U

(
𝐷;R𝑟);U

(
𝐷;R𝑟 ′

) )
, a class of nonlocal operators. Namely,

we consider operators W that are integral operators learned from data of the form
W : ΘW → L

(
U

(
𝐷;R𝑟);U

(
𝐷;R𝑟 ′

) )
.

Definition 4.4.1 (Integral Operator W). The integral operator W : ΘW →
L

(
U

(
𝐷;R𝑟);U

(
𝐷;R𝑟 ′

) )
is defined as the mapping given by(

W(𝜃)𝑢
)
(𝑥) :=

∫
𝐷

𝜅𝜃 (𝑥, 𝑦)𝑢(𝑦)d𝑦, ∀𝑢 ∈ U
(
𝐷;R𝑟), ∀𝑥 ∈ 𝐷, (4.12)

where 𝜅𝜃 : 𝐷 → R𝑟
′×𝑟 is a neural network parametrized by 𝜃 ∈ ΘW.

Assuming 𝜅𝜃 (𝑥, 𝑦) = 𝜅𝜃 (𝑥 − 𝑦), hence the kernel to be periodic, then (4.12) may be
viewed as a convolution operator, which makes it possible to use the Fast Fourier

4We note that for all experiments in Section 4.6 we set W1,W2 to be the identity operators.
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Transform (FFT) to compute (4.12) and to parametrize W in Fourier space. Fol-
lowing Zongyi Li et al. (2021), this insight leads to the following formulation of the
operator given in Definition 4.4.1.

Definition 4.4.2 (Fourier Integral Operator W). We define the Fourier integral
operator as(

W(𝜃)𝑢
)
(𝑥) = F −1

(
𝑅W (𝜃) · (F 𝑢)

)
(𝑥) ∀𝑢 ∈ U

(
𝐷;R𝑟), ∀𝑥 ∈ 𝐷. (4.13)

To link to the definition (4.12) with translation-invariant kernel we take 𝑅W (𝜃) to
be the Fourier transform of the periodic function 𝜅𝜃 : 𝐷 → R𝑟

′×𝑟 parametrized by
𝜃 ∈ ΘW.

For uniform discretizations 𝑛1 × · · · × 𝑛𝑑 = 𝑁 of the space 𝐷, the Fourier transform
can be replaced with the Fast Fourier Transform (FFT). Indeed, for the Fourier
transform we have F 𝑢 : R𝑑 → C𝑟 and 𝑅W (𝜃) : R𝑑 → C𝑟

′×𝑟 . On the other hand,
for the FFT we have F 𝑢 : Z𝑑 → C𝑟 and 𝑅W (𝜃) : Z𝑑 → C𝑟

′×𝑟 . In practice, it is
possible to select a finite-dimensional parametrization by choosing a finite set of
wave numbers ��𝑍𝑘max

�� :=
��{𝑘 ∈ Z𝑑 : |𝑘 𝑗 | ⩽ 𝑘max, 𝑗 , for 𝑗 = 1, . . . , 𝑑

}��.
We can therefore parametrize 𝑅W by a complex

(
(2𝑘max,1+1) × . . .× (2𝑘max,𝑑 +1) ×

𝑟′ × 𝑟
)
-tensor. We will use the notation 𝑘max =

��𝑍𝑘max

�� when discussing parameter
scalings in the subsequent sections.

These integral operator definitions will be used to define architectures for the Vision
Transformer Neural Operator in Subsection 4.4.3 and the Fourier Attention Neural
Operator in Subsection 4.4.4, but are not needed to define the basic Transformer
Neural Operator in Subsection 4.4.2. In the context of each architecture, we make
explicit the parametrizations of the integral operators employed.

4.4.2 Transformer Neural Operator
The transformer neural operator architecture follows the general structure of Equa-
tions (4.9) and (4.10); here, we make explicit the choices for Tin, Tout,E𝐿 that
instantiate it. In Figure 4.1 we provide a schematic representation of the full trans-
former neural operator architecture. We consider model inputs 𝑢 ∈ U(𝐷;R𝑑𝑢),
model embedding space V := U(𝐷;R𝑑model), and model output space Z(𝐷;R𝑑𝑧 ),
with 𝐷 ⊂ R𝑑 . The function 𝑢 ∈ U(𝐷;R𝑑𝑢) is first concatenated with the identity
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Figure 4.1: Transformer Neural Operator.

defined on the domain 𝐷, so that the resulting function 𝑢in ∈ U(𝐷;R𝑑𝑢+𝑑) is defined
by its action on 𝑥 ∈ 𝐷 as

𝑢in(𝑥) :=
(
𝑢(𝑥), 𝑥

)
. (4.14)

In practice, this step defines a positional encoding that is appended to the input
function. A linear transformation 𝑊in ∈ R𝑑model×(𝑑𝑢+𝑑) is then applied pointwise
to lift the function 𝑢in into the embedding space V. The input operator Tin :
U(𝐷;R𝑑𝑢) → V is hence defined as(

Tin(𝑢)
)
(𝑥) := 𝑊in𝑢in(𝑥) (4.15)

for 𝑢in ∈ U
(
𝐷;R𝑑𝑢+𝑑

)
defined as in (4.14), where 𝑥 ∈ 𝐷, 𝑢(𝑥) ∈ R𝑑𝑢 , and

𝑊in ∈ R𝑑model×(𝑑𝑢+𝑑) . Observe that Tin acts as a local, pointwise linear operator
on 𝑢in.

Next, we define the details of E𝐿 : V → V in (4.10) by specifying a definition of
AMultiHead, W1,W2, FLayerNorm, and FNN for the transformer neural operator setting.
The operator AMultiHead : V → V is the multi-head attention operator from (4.11)
based on the continuum self-attention from Definition 4.2.5. Letting 𝐻 ∈ N denote
the number of attention heads, the multi-head attention operator is parametrized
by the learnable linear transformations 𝑄ℎ ∈ R𝑑𝐾×𝑑model , 𝐾ℎ ∈ R𝑑𝐾×𝑑model , 𝑉ℎ ∈
R𝑑𝐾×𝑑model , for ℎ = 1, . . . , 𝐻, where for implementation purposes 𝑑𝐾 is chosen
as 𝑑𝐾 := 𝑑model/𝐻.5 The multi-head attention operator is thus defined by the
application of a linear transformation𝑊MultiHead ∈ R𝑑model×𝐻·𝑑𝐾 to the concatenation
of the outputs of 𝐻 ∈ N self-attention operators. The operators W1,W2 : V → V

5We note that 𝑑model and 𝐻 should be chosen so that 𝑑model is a multiple of 𝐻.
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are pointwise linear operators and hence admit finite-dimensional representations
𝑊1,𝑊2 ∈ R𝑑model×𝑑model , so that they define a map

𝑣(𝑥) ↦→ 𝑊1𝑣(𝑥),

for each 𝑥 ∈ 𝐷, and similarly for𝑊2. The operator FLayerNorm : V → V is defined
such that (

FLayerNorm(𝑣; 𝛾, 𝛽) (𝑥)
)
𝑘
= 𝛾𝑘 ·

(
𝑣(𝑥)

)
𝑘
− 𝑚

(
𝑣(𝑥)

)√︃
𝜎2 (𝑣(𝑥)) + 𝜀 + 𝛽𝑘 , (4.16)

for 𝑘 = 1, . . . , 𝑑model, any 𝑣 ∈ V, and any 𝑥 ∈ 𝐷 ⊂ R𝑑 , where the notation ( · )𝑘
is used to denote the 𝑘’th entry of the vector. In equation (4.16), 𝜀 ∈ R+ is a fixed
parameter, 𝛾𝑘 , 𝛽𝑘 ∈ R are learnable parameters and 𝑚, 𝜎 are defined as

𝑚(𝑦) :=
1

𝑑model

𝑑model∑︁
𝑘=1

𝑦𝑘 ,

𝜎2(𝑦) :=
1

𝑑model

𝑑model∑︁
𝑘=1

(
𝑦𝑘 − 𝑚(𝑦)

)2
,

(4.17)

for any 𝑦 ∈ R𝑑model . The operator FNN : V →V is defined such that

FNN(𝑣;𝑊3,𝑊4, 𝑏1, 𝑏2) (𝑥) = 𝑊3 𝑓
(
𝑊4𝑣(𝑥) + 𝑏1

)
+ 𝑏2, (4.18)

for any 𝑣 ∈ V and 𝑥 ∈ 𝐷, where 𝑊3,𝑊4 ∈ R𝑑model×𝑑model and 𝑏1, 𝑏2 ∈ R𝑑model are
learnable parameters and where 𝑓 is a nonlinear activation function.

Finally, we define the output operator Tout : V → Z(𝐷;R𝑑𝑧 ) as a local linear
operator applied pointwise, so that(

Tout(𝑣)
)
(𝑥) = 𝑊out𝑣(𝑥), (4.19)

for 𝑥 ∈ 𝐷, 𝑣 ∈ V and𝑊out ∈ R𝑑𝑧×𝑑model .

The composition of the operators Tin,E𝐿 , Tout completes the definition of the trans-
former neural operator. In Appendix 4.B.1 we outline how this neural operator
architecture is implemented in the finite-dimensional setting, where the input func-
tion 𝑢 ∈ U

(
𝐷;R𝑑𝑢

)
is defined on a finite set of discretization points {𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷.

4.4.3 Vision Transformer Neural Operator
We introduce an analogue of the vision transformer architecture as a neural operator
using the patching in the continuum framework developed in Section 4.3. We note



148

that in the context of the ViT from Dosovitskiy et al. (2021), performing patch
“flattening” before a local lifting to the embedding dimension introduces a nonlocal
transformation on the patches, as described in Remark 4.3.3. This procedure as im-
plemented in Dosovitskiy et al. (2021) violates the desirable (for neural operators)
discretization invariance property. Hence, for a neural operator analogue, we substi-
tute the lifting to embedding dimension with a nonlocal integral operator. The ViT
neural operator (ViT NO) introduced is thus discretization invariant. We describe
this methodology within the framework provided by making explicit choices for
Tin, Tout,E𝐿 that instantiate Equations (4.9) and (4.10) appropriately. In Figure 4.2
we provide a schematic for the architecture, with a graphical representation of the
encoder layer in Figure 4.3.

Figure 4.2: Vision Transformer Neural Operator.

Let 𝐷 ⊂ R𝑑 be a bounded open set. Consider 𝑢 ∈ U(𝐷;R𝑑𝑢) and let 𝐷 :=
𝐷1∪· · ·∪𝐷𝑃 be a uniform partition of the space 𝐷 so that 𝐷 𝑗 � 𝐷

′ have equivalent
finite volume for all 𝑗 ∈ J1, 𝑃K for some 𝐷′ ⊂ 𝐷, where 𝑃 ∈ N represents the
number of patches. We consider model inputs 𝑢 ∈ U(𝐷;R𝑑𝑢), model embedding
spaceV :=

{
𝑣 | 𝑣 : J1, 𝑃K→U

(
𝐷′;R𝑑model

)}
, which is a space of functions acting

on patch indices, and model output spaceZ(𝐷;R𝑑𝑧 ), with domain 𝐷 ⊂ R𝑑 .

We begin by defining the input function Tin : U(𝐷;R𝑑𝑢) → V. The function
𝑢 ∈ U(𝐷;R𝑑𝑢) is first concatenated with the identity defined on the domain 𝐷, so
that the resulting function 𝑢in ∈ U(𝐷;R𝑑𝑢+𝑑) is defined as in (4.14); recall that
this defines a positional encoding. An operator Σreshape is applied to the function
𝑢in ∈ U(𝐷;R𝑑𝑢+𝑑) that acts on the input so that the resulting function is of the form

Σreshape(𝑢in) : J1, 𝑃K→U(𝐷′,R𝑑𝑢+𝑑). (4.20)
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We apply a nonlocal linear operator Win ∈ L
(
U(𝐷′;R𝑑𝑢+𝑑) ; U

(
𝐷′;R𝑑model

) )
that

acts on any 𝑢 : J1, 𝑃K→U(𝐷′;R𝑑𝑢+𝑑) so that for any 𝑗 ∈ J1, 𝑃K

𝑢( 𝑗) ↦→ Win𝑢( 𝑗). (4.21)

The above nonlocal linear operator is chosen as an integral operator as in Definition
4.4.2 and the subsequent discussion. The composition of the operators defined in
Equations (4.14), (4.20) and (4.21) defines our choice of Tin. Namely, we define
Tin : U(𝐷;R𝑑𝑢) → V via(

Tin(𝑢)
)
( 𝑗) := Win

(
Σreshape

(
𝑢in

)
( 𝑗)

)
, (4.22)

where 𝑢in ∈ U(𝐷;R𝑑𝑢+𝑑) is defined as in (4.14), 𝑗 ∈ J1, 𝑃K and Win is defined as
in (4.21).

Figure 4.3: Vision Transformer Neural Operator Encoder Layer.

Next, we define the details of E𝐿 : V → V in Equation (4.10) by specifying a
definition of AMultiHead, FLayerNorm, W1,W2, and FNN in this patched setting. In each
layer the operator AMultiHead : V → V is the multi-head attention operator from
(4.11) based on the self-attention from Definition 4.3.2. Letting 𝐻 ∈ N denote
the number of attention heads, the multi-head attention operator is parametrized
by learnable local (pointwise) linear operators Qℎ,Kℎ,Vℎ for ℎ = 1, . . . , 𝐻. In
this setting, these are chosen to be linear operators applied pointwise, they can
be represented by finite dimensional linear transformations 𝑄ℎ ∈ R𝑑𝐾×𝑑model , 𝐾ℎ ∈
R𝑑𝐾×𝑑model , 𝑉ℎ ∈ R𝑑𝐾×𝑑model , for ℎ = 1, . . . , 𝐻. 6 For implementation purposes
𝑑𝐾 is chosen as 𝑑𝐾 := 𝑑model/𝐻. 7 The multi-head attention operator is thus
defined by the application of a local linear transformation𝑊MultiHead ∈ R𝑑model×𝐻·𝑑𝐾

to the concatenation of the outputs of 𝐻 ∈ N self-attention operators. The operators
6We note that in the context of the Fourier attention neural operator, presented in the next

Subsection 4.4.4, we generalize this definition to Qℎ,Kℎ,Vℎ for ℎ = 1, . . . , 𝐻 being nonlocal linear
integral operators.

7We note that 𝑑model and 𝐻 should be chosen so that 𝑑model is a multiple of 𝐻.
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W1,W2 : V →V are pointwise linear operators and hence admit finite-dimensional
representations𝑊1,𝑊2 ∈ R𝑑model×𝑑model , so that they define a map

𝑣(𝑥; 𝑝) ↦→ 𝑊1𝑣(𝑥; 𝑝), (4.23)

for each 𝑥 ∈ 𝐷′ and 𝑝 ∈ J1, 𝑃K, and similarly for 𝑊2. The operator FLayerNorm :
V → V is defined such that(

FLayerNorm(𝑣; 𝛾, 𝛽) (𝑥; 𝑝)
)
𝑘
= 𝛾𝑘 ·

(
𝑣(𝑥; 𝑝)

)
𝑘
− 𝑚

(
𝑣(𝑥; 𝑝)

)√︃
𝜎2 (𝑣(𝑥; 𝑝)

)
+ 𝜀

+ 𝛽𝑘 , (4.24)

for 𝑘 = 1, . . . , 𝑑model, any 𝑝 ∈ J1, 𝑃K and any 𝑥 ∈ R𝑑 ⊂ 𝐷, where we use the
notation ( · )𝑘 to denote the 𝑘’th entry of the vector. In equation (4.24), 𝜀 ∈ R+ is
a fixed parameter, 𝛾𝑘 , 𝛽𝑘 ∈ R are learnable parameters and 𝑚, 𝜎 are defined as in
(4.17). The operator FNN : V →V is defined by

FNN(𝑣;𝑊3,𝑊4, 𝑏1, 𝑏2) (𝑥; 𝑝) = 𝑊3 𝑓
(
𝑊4𝑣(𝑥; 𝑝) + 𝑏1

)
+ 𝑏2, (4.25)

for any 𝑥 ∈ 𝐷 and any 𝑝 ∈ J1, 𝑃K, where𝑊3,𝑊4 ∈ R𝑑model×𝑑model and 𝑏1, 𝑏2 ∈ R𝑑model

are learnable parameters and 𝑓 is a nonlinear activation function.

Finally, we define the action of Tout : V → Z(𝐷;R𝑑𝑧 ). This is given by first
applying a reshaping operator Σ′reshape to the output of the encoder, where this map
is defined as

𝑣 ↦→ Σ′reshape
(
𝑣
)
∈ U(𝐷;R𝑑model). (4.26)

We note that the operator Σ′reshape may be viewed as an inverse of Σreshape. A
pointwise linear transformation𝑊out ∈ R𝑑𝑧×𝑑model defined by

𝑣(𝑥) ↦→ 𝑊out𝑣(𝑥) ∈ Z(𝐷;R𝑑𝑧 ), (4.27)

for any 𝑥 ∈ 𝐷, is then applied. This procedure completes the definition of the
operator Tout : V → Z(𝐷;R𝑑𝑧 ), which is given by(

Tout(𝑣)
)
(𝑥) := 𝑊out

(
Σ′reshape

(
𝑣
)
(𝑥)

)
, (4.28)

for any 𝑣 ∈ V and 𝑥 ∈ 𝐷.

Remark 4.4.3. Discontinuities may arise when the patching architecture is used
and may be visible in error plots and can also interfere with self-composition of
maps learned as solution operators of time-dependent PDEs. Ameliorating such
discontinuities can be achieved using a smoothing operator as a final layer of the
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network. To this end, assumingZ
(
𝐷;R𝑑𝑧

)
⊂ 𝐻𝑠

(
𝐷;R𝑑𝑧

)
for some 𝑠 ⩾ 0, we define

for 𝜀 > 0 and 𝛼 > 1 the operator (𝐼 − 𝜀Δ)−𝛼 : Z
(
𝐷;R𝑑𝑧

)
→ 𝐻𝑠+2𝛼 (𝐷;R𝑑𝑧

)
, and

define the last layer of the architecture as

𝑧 ↦→ (𝐼 − 𝜀Δ)−𝛼 (𝑧), (4.29)

for 𝑧 :=
(
Tout ◦ E𝐿 ◦ Tin

)
(𝑢).

The composition of the operators Tin,E𝐿 , Tout completes the definition of the ViT
neural operator. In Appendix 4.B.2 we outline how this neural operator architecture
is implemented in the finite-dimensional setting, where the input function 𝑢 ∈
U

(
𝐷;R𝑑𝑢

)
is defined on a finite set of discretization points {𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷.

4.4.4 Fourier Attention Neural Operator
In this subsection, we introduce a different transformer neural operator based on
patching, the Fourier attention neural operator (FANO). In this setting, to gain
additional expressivity, we replace the local linear operators Q,K,V in the attention
mechanism with nonlocal integral operators. In Figure 4.4 we provide a schematic
for the Fourier attention neural operator architecture, with a graphical representation
of the encoder layer in Figure 4.5. We outline the details of the architecture in the
following discussion.

We again let 𝐷 ⊆ R𝑑 be a bounded open set. Consider 𝑢 ∈ U(𝐷;R𝑑𝑢) and let
𝐷 := 𝐷1 ∪ . . . ∪ 𝐷𝑃 be a uniform partition of the space 𝐷 so that 𝐷 𝑗 � 𝐷′

for all 𝑗 ∈ J1, 𝑃K for some 𝐷′ ⊂ 𝐷, where 𝑃 ∈ N represents the number of
patches. We consider model inputs 𝑢 ∈ U(𝐷;R𝑑𝑢), model embedding space
V :=

{
𝑣 | 𝑣 : J1, 𝑃K→U

(
𝐷′;R𝑑model

)}
which is a space of functions acting on

patch indices , and model output spaceZ(𝐷;R𝑑𝑧 ), with domain 𝐷 ⊂ R𝑑 .

Figure 4.4: Fourier Attention Neural Operator.
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We define Tin similarly to (4.22) in the previous section, via a composition of
Equations (4.14), (4.20) and (4.21); however here the linear lifting operator is
chosen to be a pointwise linear transformation 𝑊in ∈ R𝑑model×(𝑑𝑢+𝑑) . Namely, we
define Tin : U(𝐷;R𝑑𝑢) → V via(

Tin(𝑢)
) (
𝑗
)
(𝑥) := 𝑊in

(
Σreshape

(
𝑢in

)
( 𝑗)

)
(𝑥), (4.30)

for any 𝑗 ∈ J1, 𝑃K and any 𝑥 ∈ 𝐷, where 𝑢in ∈ U(𝐷;R𝑑𝑢+𝑑) is defined as in (4.14),
Σreshape as in (4.20) and the nonlocal operation (4.21) is replaced by a local pointwise
one.

Next, we define the particulars of E𝐿 : V → V in Equation (4.10). The key
distinction between the Fourier attention neural operator that we define here and
the ViT neural operator from the previous subsection 4.4.3 lies in the nonlocal-
ity of operations performed within AMultiHead. Here, in each layer the operator
AMultiHead : V → V is the multi-head attention operator from (4.11) based on the
self-attention operator from Definition 4.3.2. Letting 𝐻 ∈ N denote the number
of attention heads, the multi-head attention operator is parametrized by learnable
nonlocal linear integral operators Qℎ,Kℎ ∈ L

(
U(𝐷′,R𝑑model); 𝐿2(𝐷′,R𝑑𝐾 )

)
and

Vℎ ∈ L
(
U(𝐷′,R𝑑model);U(𝐷′,R𝑑𝐾 )

)
, for ℎ = 1, . . . , 𝐻, where for implementation

purposes 𝑑𝐾 is chosen as 𝑑𝐾 := 𝑑model/𝐻. The specific formulation of these linear
integral operators may be found in Definition 4.4.2 and the subsequent discussion.
The multi-head attention operator is thus defined by the application of a pointwise
linear transformation 𝑊MultiHead ∈ R𝑑model×𝐻·𝑑𝐾 to a concatenation of the outputs of
𝐻 ∈ N self-attention operators. The operators W1,W2 are defined as in (4.23). The
layer normalization operator FLayerNorm : V →V is defined as in (4.24) so that it is
applied to every point in every patch. Furthermore, the operator FNN : V → V is
defined as in (4.25).

We define Tout identically to Equation (4.28). We refer to Remark 4.4.3 for an
additional operation that can be applied to ameliorate the effect of patch discontinu-
ities. Finally, the composition of the operators Tin,E𝐿 , Tout completes the definition
of the Fourier attention neural operator. In Appendix 4.B.3 we outline how this
neural operator architecture is implemented in the finite-dimensional setting, where
the input function 𝑢 ∈ U

(
𝐷;R𝑑𝑢

)
is defined on a finite set of discretization points

{𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷.
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Figure 4.5: Encoder Layer of the Fourier Attention Neural Operator.

4.5 Universal Approximation by Transformer Neural Operators
Universal approximation is a minimal requirement for neural operators. When
the operator to be approximated maps between spaces of functions defined over
Euclidean domains, universal approximation necessarily requires both nonlocality
and nonlinearity. In the recent paper Lanthaler, Zongyi Li, and Andrew M. Stuart
(2025), a minimal architecture possessing these two properties is exhibited. In
this section, rather than trying to prove universal approximation for the various
discretization-invariant neural operators introduced in the chapter, we construct a
simple canonical setting that exhibits the universality of the attention mechanism
on function space, allowing direct exploitation of the ideas in Lanthaler, Zongyi
Li, and Andrew M. Stuart (2025). We build on the notation used in Subsection
4.4.1. In particular A denotes the self-attention operator from Definition 4.2.5 and
𝑓 an activation function. Throughout this section, we consider activation functions
𝑓 ∈ 𝐶∞(R) which are non-polynomial and Lipschitz continuous.

To be specific, we consider neural operators Ψ : U
(
𝐷;R𝑑𝑢

)
× Θ → Z

(
𝐷;R𝑑𝑧

)
of

the form
Ψ(𝑢; 𝜃) :=

(
Tout ◦ E ◦ Tin

)
(𝑢; 𝜃), (4.31)

where Tin : U
(
𝐷;R𝑑𝑢

)
→ V

(
𝐷;R𝑑model

)
and Tout : V

(
𝐷;R𝑑model

)
→ Z

(
𝐷;R𝑑𝑧

)
are defined by neural networks of the form(

Tin(𝑢)
)
(𝑥) = 𝑅2 𝑓

(
𝑅1

(
𝑢(𝑥), 𝑥

)
+ 𝑏𝑅

)
+ 𝑏′𝑅, (4.32)(

Tout(𝑣)
)
(𝑥) = 𝑃2 𝑓

(
𝑃1

(
𝑣(𝑥), 𝑥

)
+ 𝑏𝑃

)
+ 𝑏′𝑃, (4.33)
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where
(
𝑢(𝑥), 𝑥

)
∈ R𝑑𝑢+𝑑 and

(
𝑣(𝑥), 𝑥

)
∈ R𝑑model+𝑑 , where 𝑅1, 𝑅2, 𝑃1, 𝑃2 are learned

linear transformations of appropriate dimensions and 𝑏𝑅, 𝑏
′
𝑅
, 𝑏𝑃, 𝑏

′
𝑃

are learned
vectors. We define the operator E : V

(
𝐷;R𝑑model

)
→ V

(
𝐷;R𝑑model

)
as a variant of

the layer defined by the iteration step in Equation (4.10), given by the two-step map
acting on its inputs 𝑣 ∈ V as

𝑣(𝑥) ←[ 𝑊1𝑣(𝑥) + A
(
𝑣;𝑄, 𝐾,𝑉

)
(𝑥), (4.34a)

𝑣(𝑥) ←[ 𝑊2𝑣(𝑥) +𝑊3 𝑓
(
𝑊4𝑣(𝑥) + 𝑏1

)
+ 𝑏2, (4.34b)

for any 𝑥 ∈ 𝐷. Note that the neural operator thus defined does not include layer
normalizations; it is thus a variant of the transformer neural operator from Subsection
4.4.2. We may now apply the result of Lanthaler, Zongyi Li, and Andrew M. Stuart
(2025) to show two universal approximation theorems for the resulting transformer
neural operator.

Theorem 4.5.1. Let 𝐷 ⊂ R𝑑 be a bounded domain with Lipschitz boundary, and fix
integers 𝑠, 𝑠′ ⩾ 0. If Ψ† : 𝐶𝑠

(
𝐷;R𝑟

)
→ 𝐶𝑠

′ (
𝐷;R𝑟 ′

)
is a continuous operator and

𝐾 ⊂ 𝐶𝑠
(
𝐷;R𝑟

)
a compact set, then for any 𝜀 > 0, there exists a transformer neural

operator Ψ(·; 𝜃) : 𝐾 ⊂ 𝐶𝑠
(
𝐷;R𝑟

)
→ 𝐶𝑠

′ (
𝐷;R𝑟 ′

)
so that

sup
𝑢∈𝐾



Ψ†(𝑢) − Ψ(𝑢; 𝜃)



𝐶𝑠
′ ⩽ 𝜀. (4.35)

Proof. We begin by noting that for 𝑄, 𝐾 = 0 and 𝑉 = 𝐼, the self-attention mapping
reduces to

A
(
𝑣;𝑄, 𝐾,𝑉

)
(·) = E𝑦∼𝑝(𝑦:𝑣,𝑥) [𝑉𝑣(·)] =

1
|𝐷 |

∫
𝑣(𝑥) d𝑥. (4.36)

For weights 𝑊2 = 0, 𝑊3 = 𝑊4 = 𝐼 and 𝑏2 = 0, the transformer encoder neural
operator layer (4.34) reduces to the mapping

𝑣(·) ↦→ 𝑓

(
𝑊1𝑣(·) + 𝑏1 +

1
|𝐷 |

∫
𝑣(𝑥) d𝑥

)
. (4.37)

The existence of𝑊1, 𝑅1, 𝑅2, 𝑃1, 𝑃2, 𝑏1, 𝑏𝑅, 𝑏
′
𝑅
, 𝑏𝑃, 𝑏

′
𝑃

so thatΨ(· ; 𝜃) satisfies (4.35)
then follows from Lanthaler, Zongyi Li, and Andrew M. Stuart (2025, Theorem 2.1),
which also involves the application of the universality result for two-layer neural
networks of Pinkus (1999, Theorem 4.1).

The analysis in Lanthaler, Zongyi Li, and Andrew M. Stuart (2025) allows the
derivation of an analogous universal approximation theorem for functions belonging
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to Sobolev spaces. This generalization is the content of the next theorem. The proof
follows easily by applying the same argument as in the proof of Theorem 4.5.1 and
the result of Lanthaler, Zongyi Li, and Andrew M. Stuart (2025, Theorem 2.2).

Theorem 4.5.2. Let 𝐷 ⊂ R𝑑 be a bounded domain with Lipschitz boundary and
fix integers 𝑠, 𝑠′ ⩾ 0, 𝑝, 𝑝′ ∈ [1,∞). If Ψ† : 𝑊 𝑠,𝑝

(
𝐷;R𝑟

)
→ 𝑊 𝑠′,𝑝′

(
𝐷;R𝑟 ′

)
is

a continuous operator and 𝐾 ⊂ 𝑊 𝑠,𝑝
(
𝐷;R𝑟

)
a compact set of bounded functions

so that sup𝑢∈𝐾 ∥𝑢∥𝐿∞ < ∞, then for any 𝜀 > 0, there exists a transformer neural
operator Ψ(·; 𝜃) : 𝐾 ⊂ 𝑊 𝑠,𝑝

(
𝐷;R𝑟

)
→ 𝑊 𝑠′,𝑝′

(
𝐷;R𝑟 ′

)
so that

sup
𝑢∈𝐾



Ψ†(𝑢) − Ψ(𝑢; 𝜃)



𝑊 𝑠′ , 𝑝′ ⩽ 𝜀. (4.38)

4.6 Numerical Experiments
In this section we illustrate, through numerical experiments, the capability of the
transformer neural operator architectures described in Section 4.4. Throughout, we
consider the supervised learning problem described by the data model in (4.3) and
take the viewpoint of surrogate modeling to construct approximations of the oper-
ators Ψ†. In Subsection 4.6.1 we consider problems given by dynamical systems
and ordinary differential equations, namely operators acting on functions defined
on a one-dimensional time domain. In this context, we explore the use of the
transformer neural operator for operator learning problems given by the Lorenz ‘63
dynamical system and a controlled ODE. On the other hand, in Subsection 4.6.2
we consider problems given by partial differential equations equations, namely op-
erators acting on functions defined on a two-dimensional spatial domain. In this
context we explore the use of the transformer neural operator and of the more
efficient ViT neural operator and Fourier attention neural operator architectures
for operator learning problems given by the Darcy flow and Navier-Stokes equa-
tions. The code repository for the experiments in this chapter may be found at
https://github.com/EdoardoCalvello/TransformerNeuralOperators.

Remark 4.6.1 (Relative Loss). For each neural operator architecture we optimize
for the parameters 𝜃 ∈ Θ according to the relative loss, i.e.

inf
𝜃∈Θ

1
𝐽

𝐽∑︁
𝑗=1

(
∥Ψ

(
𝑢( 𝑗); 𝜃

)
− Ψ†

(
𝑢( 𝑗)

)
∥Z

∥Ψ†
(
𝑢( 𝑗)

)
∥Z

)
, (4.39)

for data points {𝑢( 𝑗)}𝐽
𝑗=1.

https://github.com/EdoardoCalvello/TransformerNeuralOperators


156

4.6.1 1D Time Domain
In this subsection we consider problems where attention is applied to functions in the
one-dimensional time domain. The first setting we consider is that of the Lorenz ‘63
dynamical system (Edward N Lorenz, 1963a), a simplified model for atmospheric
convection. The dynamics are given by

𝑑𝑥 = 𝜎(𝑦 − 𝑥)𝑑𝑡,
𝑑𝑦 =

(
𝑥(𝜌 − 𝑧) − 𝑦

)
𝑑𝑡,

𝑑𝑧 =
(
𝑥𝑦 − 𝛽𝑧

)
𝑑𝑡,

(Lorenz ‘63)

with parameters set to 𝜎 = 10, 𝜌 = 28 and 𝛽 = 8/3. We consider learning the
operator Ψ† : 𝐶

(
[0, 𝑇];R𝑑𝑥

)
× R𝑑𝑦 × R𝑑𝑧 → 𝐶

(
[0, 𝑇];R𝑑𝑦

)
× 𝐶

(
[0, 𝑇];R𝑑𝑧

)
given

by
Ψ† : {𝑥(𝑡), 𝑦(0), 𝑧(0)}𝑡∈[0,𝑇] ↦→ {𝑦(𝑡), 𝑧(𝑡)}𝑡∈[0,𝑇] . (4.40)

In this case, Ψ† is known to exist and given by the solution operator for the system
of linear ODEs arising from the second and third components of (Lorenz ‘63),
given known first component. We note that including the initial condition of the
unobserved trajectories in the model introduces a discrepancy in dimension within
the input function to the model. Namely, denoting by 𝑢 the input to the model,
𝑢(0) ∈ R3 while 𝑢(𝑡) ∈ R for 𝑡 ≠ 0. We overcome this issue by learning separate
embedding linear transformations 𝑊in0 and 𝑊in, for the initial condition and the
rest of the trajectory, respectively. In Figure 4.1 we display the results obtained by
applying a transformer neural operator model on a test data set of 1000 samples with
the same discretization (Δ𝑡 = 0.01 and 𝑇 = 2) as the training set of 8000 samples
on the operator learning problem described by (4.40). The operator is successfully
learned, and displays median relative 𝐿2 error of less than 1%, with worst case rising
to just below 10%.

We also experiment with a setting for which Ψ† is not well-defined: we study
the recovery of unobserved trajectory {𝑦(𝑡)}𝑡∈[0,𝑇] from the observed trajectory
{𝑥(𝑡)}𝑡∈[0,𝑇] so that Ψ† : 𝐶

(
[0, 𝑇];R𝑑𝑥

)
→ 𝐶

(
[0, 𝑇];R𝑑𝑦

)
and

Ψ† : {𝑥(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑦(𝑡)}𝑡∈[0,𝑇] .

This operator would only be well-defined if (𝑦(0), 𝑧(0)) were included as inputs.
We nonetheless expect accurate recovery of the hidden trajectory by the property of
synchronization (Pecora and Carroll, 1990; Hayden, Olson, and Titi, 2011).
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Figure 4.1: The panel displays the performance of the transformer neural opera-
tor when applied to the Lorenz ‘63 operator learning problem of recovering both
unobserved 𝑦 and 𝑧 trajectories. In each column, the top plot shows the input 𝑥 tra-
jectory data while the second and third row display the predicted against true 𝑦 and
𝑧 trajectories, respectively; the left column concerns the testing example achieving
a median relative 𝐿2 error, and the right columns shows the test example achieving
the worst error.

We investigate an additional operator learning problem given by the setting of the
controlled ODE

𝑑𝑧 = sin(𝑧)𝑑𝑢, 𝑧(0) = 𝑧0,

𝑢(𝑡) =
𝐽∑︁
𝑗=1

𝜉 𝑗 sin(𝜋𝜂 𝑗 𝑡), 𝜉 𝑗 ∼ N(0, 1) i.i.d. , 𝜂 𝑗 ∼ unif( [0, 𝐽]) i.i.d. .
(CDE)

In this case we aim to approximate the operatorΨ† : 𝐶
(
[0, 𝑇];R𝑑𝑢

)
→ 𝐶

(
[0, 𝑇];R𝑑𝑧

)
defined by

Ψ : {𝑢(𝑡); 𝜉, 𝜂}𝑡∈[0,𝑇] ↦→ {𝑧(𝑡); 𝜉, 𝜂}𝑡∈[0,𝑇] .

For this problem we make the choice 𝐽 = 10.

The experimental settings we consider for the continuous time operator learning
problem may be viewed through the lens of data assimilation as smoothing problems
(Sanz-Alonso, A. Stuart, and Taeb, 2023a). Indeed, the mappings to be learned
represent the recovery of an unobserved trajectory {𝑧(𝑡)}𝑡∈[0,𝑇] conditioned on the
observation of a whole trajectory {𝑢(𝑡)}𝑡∈[0,𝑇] .

In Figure 4.2 we demonstrate the mesh-invariance property of the transformer neu-
ral operator in the context of the operator learning problems arising from equations
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Figure 4.2: The panel displays the performance in relative 𝐿2 errors (in log-scale)
of the transformer neural operator when applied to the Lorenz ‘63 and controlled
ODE operator learning test sets of different resolutions at inference time (without
retraining). All models were parametrized by 𝑑model = 128 and 6 encoder layers,
and were trained with 8000 trajectories with𝑇 = 2, sampled according to Δ𝑡 = 0.01.

(Lorenz ‘63) and (CDE). A key motivation for considering the continuum formu-
lation of attention and the related transformer neural operator is the property of
zero-shot generalization to different non-uniform meshes. To demonstrate this, in
Figure 4.3 we consider the operator learning problem of mapping the observed 𝑥
trajectory of (Lorenz ‘63) to the unobserved 𝑦 trajectory. We display the median
relative 𝐿2 error and worst error samples from a test set consisting of trajectories
{𝑥(𝑡)}𝑡∈𝔗test , where the test time index set 𝔗test is defined as

𝔗test := {𝑛Δ𝑡}𝑁/2
𝑛=0 ∪ {2𝑛Δ𝑡}

3𝑁/4
𝑛=𝑁/2+1, (4.41)

for Δ𝑡 := 𝑇/𝑁 , where the model deployed is trained on trajectories indexed at a set
𝔗train defined by

𝔗train := {𝑛Δ𝑡}𝑁𝑛=0. (4.42)

In other words, the second half of the testing domain is up-sampled by a factor of 2
compared to the training discretization. As seen qualitatively in Figure 4.3 testing
on the non-uniform discretization based on a model trained on the uniform grid is
successful. The use of different grids in test and train data does lead to a larger error
than the one incurred when they match (Figure 4.2), but the errors remain small. It is
our continuum formulation of attention from Subsection 4.B.1 that enables this direct
generalization; indeed, as displayed in Figure 4.4, the transformer from Vaswani et
al., 2017 when applied to the same setting yields larger errors than the transformer
neural operator, due to the TNO’s reweighting based on the discretization of the
grid.
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Figure 4.3: The panel displays the performance in relative 𝐿2 errors of the trans-
former neural operator when applied to the Lorenz ‘63 operator learning problem
of recovering the unobserved 𝑦 trajectory. The results displayed concern a model
trained on trajectories indexed on the index set (4.42) deployed on a test of trajec-
tories indexed on (4.41). In each column, the top plot shows the input data and the
bottom compares the prediction and ground truth; the left column shows the testing
example achieving a median error, and the right columns shows the test example
achieving the worst error.

Figure 4.4: The panel displays the performance in relative 𝐿2 errors of the trans-
former from Vaswani et al., 2017 when applied to the Lorenz ‘63 operator learning
problem of recovering the unobserved 𝑦 trajectory. The results displayed concern
a model trained on trajectories indexed on the index set (4.42) deployed on a test
of trajectories indexed on (4.41). In each column, the top plot shows the input data
and the bottom compares the prediction and ground truth; the left column shows
the testing example achieving a median error, and the right columns shows the test
example achieving the worst error.

4.6.2 2D Spatial Domain
In this subsection we study two different 2D operator learning problems — flow in
a porous medium, governed by the Darcy model, and incompressible viscous fluid
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mechanics governed by the Navier–Stokes equation, in particular, a Kolmogorov
flow. We apply the three architectures developed in Sections 4.2 and 4.3, concen-
trating on the patched architectures. In the first Subsection 4.6.2.1 we report the
results obtained by applying the neural operators described to an array of opera-
tor learning problems, where the domain of the functions is two-dimensional i.e.
𝐷 ⊂ R2. In Subsection 4.6.2.2 we describe the settings of the two Darcy flow
operator learning problems considered, along with the parametrization and training
details for the various architectures. Similarly in Subsection 4.6.2.3, we describe the
Kolmogorov flow operator learning problem and relevant implementation details.
Subsections 4.6.2.2 and 4.6.2.3 also contain further numerical results illustrating the
behavior of the proposed transformer neural operators, and discretization invariance
in particular.

4.6.2.1 Results

The results presented concern the two variants of Darcy flow, with lognormal and
piecewise constant inputs, and the Kolmogorov flow. The operator learning archi-
tectures we deploy include the three transformer-based methods introduced in this
chapter, and the implementations of the Fourier neural operator from the “Neural-
Operator” library (Zongyi Li et al., 2021; N. Kovachki et al., 2023a), the Galerkin
transformer from the “galerkin-transformer” library (Cao, 2021), and the AFNO
(Guibas et al., 2022) from the “physics-nemo” library (PhysicsNeMo Contributors,
2023). We note that in order to obtain a numerical comparison of the attention
mechanisms themselves, in the context of the Galerkin transformer architecture we
only use the Galerkin transformer encoder, with lifting and projections achieved
by linear layers as in TNO. This allows for a more direct comparison between the
Fourier attention from Cao (2021) and our continuum attention, without potential
expressivity gain from additional architectural components. In the following dis-
cussion, we do not include experiments performed using the Codomain-attention
neural operator (Rahman et al., 2024) in the high-resolution settings: the memory
usage with the implementation from the “NeuralOperator” library did not allow for
comparably sized models, in terms of parameters; the performance of the models
we trained was hence incomparably inferior to the others.

Our first results compares the transformer neural operator from Subsection 4.4.2
with FNO, AFNO and the Galerkin transformer (employing Fourier attention) on
the lognormal Darcy Flow problem in a low 64 × 64 resolution setting. Table 4.1
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provides a brief summary of the test relative 𝐿2 errors obtained. It is notable that the
transformer architecture obtains the best performance with an order of magnitude
fewer parameters. However, since higher resolution renders the architecture from
Subsection 4.4.2 impractical in dimensions 𝑑 ⩾ 2 the remainder of our experiments
use the patched ViT and Fourier attention neural operators from Subsections 4.4.3
and 4.4.4 respectively.

Architecture Number of Parameters Darcy Flow
Lognormal Input

Transformer NO 5.98 · 105 1.19 · 10−2

FNO 5.70 · 106 1.96 · 10−2

AFNO 1.10 · 106 2.57 · 10−2

Galerkin Transformer 6.04 · 105 7.30 · 10−2

Table 4.1: Median relative 𝐿2 error for each architecture applied to a low resolution
experimental setting.

We now consider training two patched architectures on the Darcy Flow problem
with piecewise constant inputs and the Kolmogorov Flow problem; in both cases we
use a 416×416 resolution setting. We compare cost versus accuracy for the different
neural operators implemented, defining cost in terms of both number of parameters
and number of FLOPS. In Table 4.2 we present the FLOPS for each method; details
of the derivation are provided in Appendix 4.C. We note that the parameter scaling
for the transformer neural operator is given by O

(
𝑑2

model
)
, while the scaling for the

FNO and the Fourier attention neural operator is O
(
𝑑2

model · 𝑘max
)
, where 𝑘max is

the total number of Fourier modes used. The parameter scaling for the ViT neural
operator is given by O

(
𝑑model · 𝑘max + 𝑑2

model
)
. We note that the parameter scaling

for the AFNO architecture is given by O
(
𝑁𝑑model + 𝑑2

model
)
, where the 𝑁𝑑model

appears because of the learnable positional encoding. Further details are provided
in Appendix 4.C.

Figures 4.5 and 4.6 display the cost-accuracy trade-off. Table 4.3 provides the test
relative 𝐿2 errors values, depicted in the cost-accuracy analysis figures, obtained with
the models with the highest parameter count. Figure 4.5 demonstrates the parameter-
efficiency of the ViT neural operator in comparison with the FNO, AFNO and Fourier
attention neural operator. Once cost is defined in terms of FLOPS it is apparent
that both patched transformer architectures outperform the FNO; furthermore in
the Kolmogorov flow problem, the FNO exhibits accuracy-saturation, caused by
the finite data set, whereas the patched architectures are less affected, in the ranges
we test here. This suggests that the patched transformer architectures use the
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Architecture Scaling
FNO O

(
𝑑model𝑁 log(

√
𝑁) + 𝑁𝑑2

model
)

AFNO O
(
𝑑model𝑁 log(

√
𝑁) + 𝑁𝑑2

model/𝑏
)

Transformer NO O
(
𝑑model𝑁

2 + 𝑁𝑑2
model

)
ViT NO O

(
𝑑model𝑁

(
𝑃 + log(

√︁
𝑁/𝑃)

)
+ 𝑁 log(

√
𝑁) + 𝑁𝑑2

model

)
FANO O

(
𝑑model𝑁

(
𝑃 + log(

√︁
𝑁/𝑃)

)
+ 𝑁 log(𝑁) + 𝑁𝑑2

model

)
Table 4.2: Evaluation cost (measured in FLOPS) for the three proposed transformer
neural operators compared to the Fourier neural operator (Zongyi Li et al., 2021)
and adaptive Fourier neural operator (Guibas et al., 2022). We include the scaling
of the AFNO as implemented for our use case, i.e. not employing patching and not
employing mode truncation; we further note that in the context of this architecture
𝑏 is a chosen integer hyperparameter. We give further details on the derivation of
these scalings in Appendix 4.C.

information content in the data more efficiently. The AFNO is comparable in terms
of parameter count to FANO but more costly than ViTNO. On the other hand, even
with no patching, the AFNO is cheaper in terms of evaluation complexity. Both
ViTNO and FANO outperform the AFNO in terms of parameter-accuracy tradeoff
in the context of the Darcy flow problem. For the same problem ViTNO and FANO
bring an improvement in accuracy, albeit at a higher computational complexity. In
the context of the Kolmogorov flow problem, ViTNO and FANO are competitive
with AFNO in parameter-accuracy tradeoff. However for this problem, the AFNO
can achieve higher accuracy with a lower complexity. It is important to note that
because of the learnable positional embedding, and potential strided convolutions
(if using patching), the AFNO is not a neural operator. This means that applying
this architecture to different resolutions would require retraining, thus significantly
increasing computational complexity. This is a fundamental advantage of the other
architectures as their parameters may be deployed across different resolutions for
training and inference. We recall the example of GenCast (Price et al., 2025a),
where a medium-range weather forecasting model is trained using a neural operator
at low resolutions, and then finetuned at higher resolutions, thus drastically reducing
the cost for such a large scale application.

4.6.2.2 Darcy Flow

We consider the linear, second-order elliptic PDE defined on the unit square

−∇ ·
(
𝑎(𝑥)∇𝑢(𝑥)

)
= 𝑓 (𝑥), 𝑥 ∈ (0, 1)2,

𝑢(𝑥) = 0, 𝑥 ∈ 𝜕 (0, 1)2,
(Darcy Flow)
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Figure 4.5: The two panels display the test errors (in log-scale) against number of
parameters for the architectures with the channel widths of 32, 64, 96, and 128.

Figure 4.6: The two panels display the test errors (in log-scale) against evaluation
cost in FLOPS for the architectures with the channel widths of 32, 64, 96, and 128.

Architecture Darcy Flow Darcy Flow Kolmogorov Flow
Lognormal Input Piecewise Constant Input

ViT NO 7.68 · 10−3 9.72 · 10−3 1.07 · 10−2

FANO 8.39 · 10−3 1.38 · 10−2 6.34 · 10−3

FNO 2.38 · 10−2 3.78 · 10−2 1.52 · 10−2

AFNO 2.66 · 10−2 3.09 · 10−2 3.99 · 10−3

Table 4.3: Median relative 𝐿2 error for each architecture applied to the different
high resolution experimental settings.

which is the steady-state of the 2d Darcy flow equation. The equation is equipped
with Dirichlet boundary conditions and is well-posed when the diffusion coeffi-
cient 𝑎 ∈ 𝐿∞

(
(0, 1)2;R+

)
and the forcing function is 𝑓 ∈ 𝐿2 ((0, 1)2;R

)
. In this

context, we will consider learning the nonlinear operator Ψ† : 𝐿∞
(
(0, 1)2;R+

)
→

𝐻1
0
(
(0, 1)2;R

)
defined as

Ψ† : 𝑎 ↦→ 𝑢.

We consider two different inputs. In both experimental settings the forcing function
is chosen as 𝑓 ≡ 1.
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In the first the data points {𝑎 ( 𝑗)}𝐽
𝑗=1 are sampled from the probability measure

𝜇1 := (𝑇1)♯N
(
0, 𝐶

)
,

where N
(
0, 𝐶

)
is a Gaussian measure with covariance operator 𝐶 defined as

𝐶 = 122 (−Δ + 62𝐼
)−2
,

where the Laplacian is equipped with zero Neumann boundary conditions and
viewed as acting between spaces of spatially mean-zero functions, and𝑇1(·) = exp(·)
is the exponential function. We hence refer to the data inputs 𝑎 ( 𝑗) as being lognormal.
In the second setting {𝑎 ( 𝑗)}𝐽

𝑗=1 are sampled from the probability measure

𝜇2 := (𝑇2)♯N
(
0, 𝐶

)
,

where the covariance operator is defined as before and

𝑇2(𝑥) =


12, 𝑥 ⩾ 0,

3, 𝑥 < 0.

We hence refer to the data inputs 𝑎 ( 𝑗) as being piecewise constant.

In the context of the lognormal experimental setting, we investigate a scenario
with low resolution training samples, for which pointwise attention and hence the
transformer neural operator from Subsection 4.4.2 is suitable, and a high resolution
scenario where patching becomes necessary for application of the patched-based
architectures of Subsections 4.4.3 and 4.4.4.

For the low resolution setting, we train the FNO, AFNO, Galerkin transformer and
TNO architectures using 3600 independent samples of resolution 64 × 64, we use
200 samples for validation and 200 samples for testing. The Fourier neural operator
is parametrized by 12 Fourier modes in each dimension and channel width of 128;
the model is trained using a batch size of 8 and learning rate of 10−4. On the
other hand, the transformer neural operator is parametrized by 128 channels in the
encoder and is trained using a batch size of 2 and learning rate of 10−3. The AFNO
is instantiated with 4 layers of 128 hidden channels, and does not employ patching; it
is trained using a learning rate of 10−3 and batch size of 1. The Galerkin transformer
uses the Fourier type attention from Cao, 2021, with quadratic complexity, making
it prohibitive for higher resolutions. It uses 4 layers of 128 hidden channels and is
trained using a learning rate of 10−3 and batch size of 2. On this problem we train
all neural operators using the relative 𝐻1 loss.
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Figure 4.7: The panel displays the result of the application of the Fourier attention
neural operator on the Darcy flow experiment with lognormal diffusion for the
median and maximum relative 𝐿2 error samples. The first row shows the sample
from the test set of the same resolution as the training set yielding the median
relative 𝐿2 error. On the other hand, the second row displays the sample yielding
the maximum relative 𝐿2 error. The first column of the panel displays the input
diffusion coefficient 𝑎(𝑥) of the relevant sample. The second column shows the true
solution 𝑢(𝑥; 𝑎), while the third column displays the the predicted solution. The last
column displays the pointwise absolute error (in log-scale) between the prediction
and truth.

For the high resolution setting, we train the AFNO, FNO, ViT neural operator and
Fourier attention neural operator architectures using 3600 independent samples of
resolution 416×416; we use 200 samples for validation and 200 samples for testing.
The Fourier neural operator is again parametrized by 12 Fourier modes in each
dimension and channel width of 128; the model is trained using a batch size of 8
and learning rate of 10−4. The AFNO is instantiated with 4 layers of 128 hidden
channels, and does not employ patching; it is trained using a learning rate of 10−3

and batch size of 1. Both the ViT neural operator and Fourier attention neural
operator are parametrized by 128 channels in the transformer encoder. The integral
operator in the ViT NO is parametrized by 12 Fourier modes in each dimension
while the integral operators appearing in the Fourier attention neural operator are
parametrized by 9 Fourier modes in each dimension. Both architectures employ a
final spectral convolution layer (see Remark 4.4.3) that is parametrized by 64 Fourier
modes in each dimension. Both of these neural operators are trained using a batch
size of 1 and learning rate of 10−3. On this problem we train all the neural operators
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with the relative 𝐻1 loss. Figure 4.7 displays the high resolution test results obtained
by applying the Fourier attention neural operator.

Figure 4.8: The panel displays the result of the application of the Fourier attention
neural operator on the Darcy flow experiment with piecewise constant diffusion
for the median and maximum relative 𝐿2 error samples. The first row displays the
sample from the test set of the same resolution as the training set yielding the median
relative 𝐿2 error. On the other hand, the second row displays the sample yielding
the maximum relative 𝐿2 error. The first column of the panel displays the input
diffusion coefficient 𝑎(𝑥) of the relevant sample. The second column shows the true
solution 𝑢(𝑥; 𝑎), while the third column displays the the predicted solution. The last
column displays the pointwise absolute error (in log-scale) between the prediction
and truth.

Figure 4.9: The panel displays the performance in relative 𝐿2 errors (in log-scale)
of the various architectures when applied to Darcy flow with lognormal diffusion
test sets of different resolutions at inference time (without retraining). The left panel
concerns FNO, the transformer neural operator and the Galerkin transformer when
trained on data of resolution 64 × 64. On the other hand, the right panel concerns
the FNO, ViT neural operator and Fourier attention neural operator architectures
trained on data of resolution 416 × 416.
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In the context of the piecewise constant experimental setting, we train the AFNO,
FNO, ViT neural operator and Fourier attention neural operator architectures using
3600 independent samples of resolution 416×416, we use 200 samples for validation
and 200 samples for testing. The Fourier neural operator is again parametrized by
12 Fourier modes in each dimension and channel width of 128; the model is trained
using a batch size of 8 and learning rate of 10−4. The AFNO is instantiated
with 4 layers of 128 hidden channels, and does not employ patching; it is trained
using a learning rate of 10−3 and batch size of 1. Both the ViT neural operator and
Fourier attention neural operator are parametrized by 128 channels in the transformer
encoder. The integral operator in the ViT NO is parametrized by 12 Fourier modes in
each dimension while the integral operators appearing in the Fourier attention neural
operator are parametrized by 9 Fourier modes in each dimension. Both architectures
employ a final spectral convolution layer (see Remark 4.4.3) that is parametrized
by 64 Fourier modes in each dimension. Both of these neural operators are trained
using a batch size of 1 and learning rate of 10−3. On this problem we train all the
neural operators with the relative 𝐻1 loss. Figure 4.8 displays the high resolution
test results obtained by applying the Fourier attention neural operator.

Figure 4.10: The panel displays the performance in relative 𝐿2 errors (in log-scale)
of the FNO, ViT neural operator and Fourier attention neural operator when applied
to Darcy flow with piecewise constant diffusion test sets of different resolutions at
inference time (without retraining). All architectures are trained on data that is of
resolution 416 × 416.

In Figures 4.9 and 4.10 we display the results of applying the neural operator archi-
tectures for the lognormal and piecewise input settings, respectively, to test samples
of different resolutions than the one used for training. The results demonstrate the
zero-shot generalization to different resolutions capability of the transformer neu-
ral operator architectures, which does not require retraining of the models. In the
lognormal setting the FNO exhibits invariance to discretization that is more stable
to changing resolution than are the ViT neural operator and the Fourier attention
neural operator.
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4.6.2.3 Kolmogorov Flow

We consider the two-dimensional Navier-Stokes equation for a viscous, incompress-
ible fluid,

𝜕𝑢

𝜕𝑡
+ 𝑢 · ∇𝑢 + ∇𝑝 = 𝜋Δ𝑢 + sin(𝑛𝑦)𝑥̂, (𝑥, 𝑡) ∈ [0, 2𝜋]2 × (0,∞),

∇ · 𝑢 = 0, (𝑥, 𝑡) ∈ [0, 2𝜋]2 × [0,∞),
𝑢(·, 0) = 𝑢0, 𝑥 ∈ [0, 2𝜋]2,

(KF)

where 𝑢 denotes the velocity, 𝑝 the pressure, and 𝜋 the kinematic viscosity. The
particular choice of forcing function sin(𝑛𝑦) leads to a particular example of a
Kolmogorov flow. We equip the domain [0, 2𝜋] with periodic boundary conditions.
We assume

𝑢0 ∈ U :=
{
𝑢 ∈ ¤𝐿2

per
(
[0, 2𝜋]2;R2) : ∇ · 𝑢 = 0

}
.

The dot on 𝐿2 denotes the space of spatially mean-zero functions. The vorticity is
defined as𝑤 = (∇×𝑢) 𝑧̂ and the stream function 𝑓 as the solution to the Poisson equa-
tion −Δ 𝑓 = 𝑤. Existence of the semigroup 𝑆𝑡 : U →U is shown in Temam (2012,
Theorem 2.1). We generate the data by solving (KF) in vorticity-streamfunction
form by applying the pseudo-spectral split step method from Chandler and Kerswell
(2013). In our experimental set-up 𝑛 = 4 and 𝜋 = 1/70 are chosen. Random initial
conditions are sampled from the Gaussian measure N(0, 𝐶) where the covariance
operator is given by

𝐶 = 73 (−Δ + 49𝐼
)−5
,

where the Laplacian is equipped with periodic boundary conditions on [0, 2𝜋]2,
and viewed as acting between spaces of spatially mean-zero functions. The input
output-data pairs for the Kolmogorov flow experiment are given by{

𝜔
(
𝑥, 𝑇 ;𝜔( 𝑗)0

)
;𝜔

(
𝑥, 𝑇 + Δ𝑡;𝜔( 𝑗)0

)}𝐽
𝑗=1
,

for 𝜔( 𝑗)0 ∼ N(0, 𝐶) being i.i.d. samples. Indeed, given any 𝑟 > 0 we aim to ap-
proximate the nonlinear operator Ψ† : 𝐻𝑟

(
[0, 2𝜋]2;R

)
→ 𝐻𝑟

(
[0, 2𝜋]2;R

)
defined

by
Ψ† : 𝜔

(
𝑥, 𝑇 ;𝜔0

)
↦→ 𝜔

(
𝑥, 𝑇 + Δ𝑡;𝜔0

)
.

In our experimental setting, we set 𝑇 = 11 and Δ𝑡 = 0.1. We train the AFNO,
FNO, ViT neural operator and Fourier attention neural operator architectures on this
problem using 9000 independent samples of resolution 416 × 416, 500 samples for
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Figure 4.11: The panel displays the result of the application of the Fourier attention
neural operator on the Kolmogorov flow experiment for the median and maximum
relative 𝐿2 error samples. The first row displays the sample from the test set of
the same resolution as the training set yielding the median relative 𝐿2 error. The
second row on the other hand displays the sample yielding the maximum relative
𝐿2 error. The first column of the panel displays the input vorticity 𝑤(𝑥, 𝑇) of the
relevant sample. The second column shows the absolute difference between the
true vorticity 𝑤(𝑥, 𝑇 + Δ𝑡) and the input vorticity 𝑤(𝑥, 𝑇), while the third column
displays the absolute difference between the predicted vorticity at time 𝑇 + Δ𝑡 and
the input 𝑤(𝑥, 𝑇). The last column shows the pointwise absolute error (in log-scale)
between the prediction and truth.

validation, and 500 samples for testing. The Fourier neural operator is parametrized
by 12 Fourier modes in each dimension and channel width of 128; the model is
trained using a batch size of 4 and learning rate of 10−3. The AFNO is instantiated
with 4 layers of 128 hidden channels, and does not employ patching; it is trained
using a learning rate of 10−3 and batch size of 1. Both the ViT neural operator and
Fourier attention neural operator are parametrized by 128 channels in the transformer
encoder. The integral operator in the ViT NO is parametrized by 12 Fourier modes in
each dimension while the integral operators appearing in the Fourier attention neural
operator are parametrized by 9 Fourier modes in each dimension. Both architectures
employ a final spectral convolution layer (Remark 4.4.3) that is parametrized by 64
Fourier modes in each dimension. Both of these neural operators are trained using
a batch size of 2 and learning rate of 10−3. On this problem we train all the neural
operators with the relative 𝐻1 loss. Figure 4.11 displays the test results using the
Fourier attention neural operators.
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Figure 4.12: The panel displays the performance in relative 𝐿2 errors (in log-scale)
of the FNO, ViT neural operator and Fourier attention neural operator when applied
to Kolomgorov flow test sets of different resolutions at inference time (without
retraining). All architectures are trained on data that is of resolution 416 × 416.

In Figure 4.12 we display the results of applying the three architectures to test
samples of resolutions different to the 416 × 416 training resolution. The results
demonstrate the zero-shot generalization capability of the three neural operator
architectures to different discretizations, which does not require retraining of the
models. Again we note that FNO exhibits invariance to discretization that is more
stable to changing resolution than the methods introduced here; but for all the neural
operators it is nonetheless clear that intrinsic properties of the continuum limit are
learned and may be transferred between discretizations.

A few additional considerations are in order. The mode truncation employed in the
Fourier neural operator make the architecture computationally efficient but yields
an over-smoothing effect that is not suitable for problems at high resolutions, where
high frequency detail is prominent. Attention-based neural operators offer a possible
solution to this issue, as demonstrated by the performance of the transformer neural
operators proposed when applied to the PDE operator learning problems considered,
which involve rough diffusion coefficients and rough initial conditions. On the
other hand, patching leads to more efficient attention-based neural operators, but
also introduces possible discontinuities at patch-intersections. This issue has been
observed to be resolved in the large data regime. Furthermore, it is possible to
employ problem specific smoothing operators as the one introduced in Remark
4.4.3. In Figure 4.13 we display the result of applying a smoothing operator as the
last layer in the training of the FANO architecture in the context of the Kolmogorov
flow problem. The smoothing via the inverse of the negative Laplacian is applied
using the Fourier basis, given the periodic boundary conditions. Here, we make
the specific choice 𝜀 = 10−3 and 𝛼 = 1.001, in the context of Remark 4.4.3. Such
an approach is effective at reducing the discontinuities introduced by patching and
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reducing the evaluation error, but is problem dependent and requires knowledge of
boundary conditions. Such discontinuity issues constitute an inherent limitation of
patching and highlights the need for more suitable efficient attention mechanisms.

Figure 4.13: The panel displays the result of the application of the Fourier attention
neural operator employing a final smoothing layer on the Kolmogorov flow experi-
ment for the median and maximum relative 𝐿2 error samples. The first row displays
the sample from the test set of the same resolution as the training set yielding the
median relative 𝐿2 error. The second row on the other hand displays the sample
yielding the maximum relative 𝐿2 error. The first column of the panel displays
the input vorticity 𝑤(𝑥, 𝑇) of the relevant sample. The second column shows the
absolute difference between the true vorticity 𝑤(𝑥, 𝑇 + Δ𝑡) and the input vorticity
𝑤(𝑥, 𝑇), while the third column displays the absolute difference between the pre-
dicted vorticity at time 𝑇 + Δ𝑡 and the input 𝑤(𝑥, 𝑇). The last column shows the
pointwise absolute error (in log-scale) between the prediction and truth.

Furthermore, it is observed that in some experimental settings the patching-based
neural operators exhibit worse stability to changing resolution than FNO. This is
likely due to the effect of patching which may then be further amplified for FANO
due to the application of a higher number of FFT(s) to non-periodic domains. In
the context of the FANO architecture, such issues can be ameliorated using periodic
extensions for Fourier-based parametrizations. In Figure 4.14 we demonstrate the
discretization invariance of the standard FANO compared to a FANO architecture
that involves building a periodic extension of each patch. The Fourier integral
operator is applied to each extended patch and the extension is then removed from the
output. Such a technique leads to an increase in complexity and runtime but yields
more stable discretization invariance. Other remedies could potentially include
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other kinds of parametrizations for the nonlocal operations, or fine-tuning at different
resolutions.

Figure 4.14: The panel displays the performance in relative 𝐿2 errors (in log-scale)
of the Fourier attention neural operator and Fourier attention neural operator with
periodic extensions of patches when applied to Kolomgorov flow test sets of different
resolutions at inference time (without retraining). All architectures are trained on
data that is of resolution 416 × 416.

4.7 Conclusions
In this work we have introduced a continuum formulation of the attention mechanism
from the seminal work Vaswani et al. (2017). Our continuum formulation can be used
to design transformer neural operators. Indeed, this continuum formulation leads
to discretization invariant implementations of attention and schemes that exhibit
zero-shot generalization to different resolutions. In the first result of its kind for
transformers, with a slight modification to the architecture implemented in practice,
the resulting neural operator architecture mapping between infinite-dimensional
spaces of functions is shown to be a universal approximator of continuous functions
and functions of Sobolev regularity defined over a compact domain. We extend
the continuum formulation to patched attention, which makes it possible to design
efficient transformer neural operators. To this end, we introduce a neural operator
analogue of the vision transformer Dosovitskiy et al. (2021) and a more expressive
architecture, the Fourier attention neural operator. Through a cost-accuracy analysis,
we demonstrate the power of the methodology in the context of a range of operator
learning problems. In the following we highlight potential avenues for further work.

1. It is of interest to extend the analysis of Theorems 4.2.6 and 4.2.12 to quan-
tify the norm-dependent rates of convergence of discretized attention to its
continuum limit. Furthermore, obtaining the results over i.i.d. samples from
arbitrary strictly positive probability distributions would be of interest.
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2. The Fourier attention neural operator architecture uses operator parametriza-
tions for Q,K,V. Other design choices for these operators not employing the
Fourier basis are possible, for example using the wavelet basis as in Tripura
and Chakraborty, 2023 or using a multigrid approach as in He, X. Liu, and
Xu, 2024. An investigation of other attention neural operator architectures
arising from this consideration would be of interest.

3. It is of interest to investigate the discontinuity issues arising from patching.
In particular, it is desirable to design schemes that impose continuity amongst
these throughout the architecture.

4. Deriving universal approximation theorems for the patch-based transformer
neural operators would be of great theoretical interest.

4.A Proofs of Approximation Theorems
4.A.1 Proof of Self-Attention Approximation Theorem
We introduce the following auxiliary result that we will apply to prove Theorem
4.2.6.

Lemma 4.A.1. Let 𝐷 ⊂ R𝑑 be a bounded open set and let {𝑦 𝑗 }𝑁𝑗=1 ∼ 𝑈 (𝐷) be an
i.i.d. sequence. If 𝑓 ∈ 𝐶 (𝐷 × 𝐷) then, with the expectation taken over the data
{𝑦 𝑗 }𝑁𝑗=1,

E








∫
𝐷

𝑓 (·, 𝑦) d𝑦 − |𝐷 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (·, 𝑦 𝑗 )








𝐿2

⩽ |𝐷 |3/2∥ 𝑓 ∥
𝐶 (𝐷×𝐷)𝑁

−1/2.

Proof. Notice that, for any 𝑥 ∈ 𝐷,∫
𝐷

𝑓 (𝑥, 𝑦) d𝑦 = |𝐷 |E
𝑦∼𝑈 (𝐷)

[
𝑓 (𝑥, 𝑦)

]
.

Hence, by expanding the square, we can observe that

E ©­«
∫
𝐷

𝑓 (𝑥, 𝑦) d𝑦 − |𝐷 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (𝑥, 𝑦 𝑗 )ª®¬
2

⩽
|𝐷 |2
𝑁

E
𝑦∼𝑈 (𝐷)

[
𝑓 (𝑥, 𝑦)2

]
.

Bounding 𝑓 in 𝐿∞, and noting that it is a continuous function, gives

E








∫
𝐷

𝑓 (·, 𝑦) d𝑦 − |𝐷 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (·, 𝑦 𝑗 )








2

𝐿2

⩽
|𝐷 |2
𝑁

∫
𝐷

E
𝑦∼𝑈 (𝐷)

[
𝑓 (𝑥, 𝑦)2

]
d𝑥

⩽ |𝐷 |3∥ 𝑓 ∥2
𝐶 (𝐷×𝐷)𝑁

−1.
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The result follows by Jensen’s inequality.

As part of the proof of Theorem 4.2.6, we first show that the the self-attention
operator is a mapping of the form A : 𝐿∞(𝐷;R𝑑𝑢) → 𝐿∞(𝐷;R𝑑𝑉 ) and hence
A : 𝐶 (𝐷;R𝑑𝑢) → 𝐶 (𝐷;R𝑑𝑉 ).

Lemma 4.A.2. Let 𝑢 ∈ 𝐿∞(𝐷;R𝑑𝑢), then it holds that A(𝑢) ∈ 𝐿∞(𝐷;R𝑑𝑉 ). Fur-
thermore, for 𝑢 ∈ 𝐶 (𝐷;R𝑑𝑢) it holds that A(𝑢) ∈ 𝐶 (𝐷;R𝑑𝑉 ).

Proof. The result follows readily from the fact that 𝑝 is a probability density function.
For completeness, we show the boundedness of the normalization constant of the
function 𝑝. Indeed we note that∫

𝐷

exp
(
⟨𝑄𝑢(𝑥), 𝐾𝑢(𝑠)⟩

)
d𝑠 ⩽

∫
𝐷

exp
(
|𝑄 | |𝐾 | |𝑢(𝑥) | |𝑢(𝑦) |

)
d𝑠

⩽
∫
𝐷

exp
(
1
2
|𝑄 |2 |𝐾 |2 |𝑢(𝑥) |2

)
exp

(
1
2
|𝑢(𝑦) |2

)
d𝑠

⩽ |𝐷 |exp
(
𝑅∥𝑢∥2𝐿∞

)
,

for some constant 𝑅 > 0. From definition, it is clear that∫
𝐷

𝑝(𝑦; 𝑢, 𝑥) d𝑦 = 1;

hence 𝑝 is indeed a valid probability density function. It hence follows that

∥𝐴(𝑢)∥𝐿∞ ⩽ |𝑉 |∥𝑢∥𝐿∞

hence 𝐴 : 𝐿∞(𝐷;R𝑑𝑢) → 𝐿∞(𝐷;R𝑑𝑉 ). Similarly, it follows that 𝐴 : 𝐶 (𝐷;R𝑑𝑢) →
𝐶 (𝐷;R𝑑𝑉 ). We note that the continuity of 𝑢 is preserved by A under the continuity
of the inner product in its first argument and the continuity of the exponential.

We are now ready to establish the full result of Theorem 4.2.6 which states that

lim
𝑁→∞

sup
𝑢∈𝐵

E






A(𝑢) −
∑𝑁
𝑗=1 exp

(
⟨𝑄𝑢(·), 𝐾𝑢(𝑦 𝑗 )⟩

)
𝑉𝑢(𝑦 𝑗 )∑𝑁

ℓ=1 exp
(
⟨𝑄𝑢(·), 𝐾𝑢(𝑦ℓ)⟩

) 





𝐶 (𝐷;R𝑑𝑉 )

= 0,

with the expectation taken over i.i.d. sequences {𝑦 𝑗 }𝑁𝑗=1 ∼ unif(𝐷).

Proof of Theorem 4.2.6. Before commencing the proof, we first establish useful
shorthand notation. Letting 𝑢 ∈ 𝐵 we define

𝑓 (𝑥, 𝑦; 𝑢) := exp
(
⟨𝑄𝑢(𝑥), 𝐾𝑢(𝑦)⟩

)
, 𝑔𝑙 (𝑥, 𝑦; 𝑢) := exp

(
⟨𝑄𝑢(𝑥), 𝐾𝑢(𝑦)⟩

) (
𝑉𝑢(𝑦)

)
𝑙
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for all 𝑥, 𝑦 ∈ 𝐷 and 𝑙 ∈ J1, 𝑑𝑉K. For 𝑢 ∈ 𝐵 we also define

𝑎(𝑥; 𝑢) :=
∫
𝐷

𝑓 (𝑥, 𝑦; 𝑢) d𝑦, 𝑎 (𝑁) (𝑥; 𝑢) :=
|𝐷 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (𝑥, 𝑦 𝑗 ; 𝑢),

and

𝑏𝑙 (𝑥; 𝑢) :=
∫
𝐷

𝑔𝑙 (𝑥, 𝑦; 𝑢) d𝑦, 𝑏
(𝑁)
𝑙
(𝑥; 𝑢) :=

|𝐷 |
𝑁

𝑁∑︁
𝑗=1

𝑔𝑙 (𝑥, 𝑦 𝑗 ; 𝑢)

for any 𝑥 ∈ 𝐷 and any 𝑙 ∈ J1, 𝑑𝑉K. We set 𝛼𝑙 = 𝑏𝑙/𝑎 and 𝛼(𝑁)
𝑙

= 𝑏
(𝑁)
𝑙
/𝑎 (𝑁) . Given

this notation, to prove the result we must show

lim
𝑁→∞

sup
𝑢∈𝐵

E



𝛼𝑙 (· ; 𝑢) − 𝛼(𝑁)𝑙

(· ; 𝑢)




𝐶 (𝐷;R)

= 0, (4.43)

for any 𝑙 ∈ J1, 𝑑𝑉K. We divide the proof in the following key steps. We first show
that for fixed 𝑢 ∈ 𝐵, it holds that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢) − 𝛼(𝑁)𝑙
(· ; 𝑢)∥𝐿2 = 0, (4.44)

for any 𝑙 ∈ J1, 𝑑𝑉K. By using compactness and applying the Arzelà-Ascoli theorem,
we then show that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢) − 𝛼(𝑁)𝑙
(· ; 𝑢)∥

𝐶 (𝐷) = 0, (4.45)

for any 𝑙 ∈ J1, 𝑑𝑉K. We then use the compactness of 𝐵 and continuity of the
mappings 𝑢 ↦→ 𝛼ℓ (· ; 𝑢) and 𝑢 ↦→ 𝛼

(𝑁)
ℓ
(· ; 𝑢) to deduce the result given by (4.43).

We now focus on establishing (4.44). Since 𝐵 is bounded, there exists a constant
𝑀 > 0 such that

sup
𝑢∈𝐵
∥𝑢∥𝐿∞ ⩽ 𝑀.

Therefore, we have

sup
𝑢∈𝐵

max{∥ 𝑓 ∥, ∥𝑔1∥, . . . , ∥𝑔𝑚 ∥} ⩽ max
{
exp

(
𝑅𝑀2) , 𝑀 |𝑉 |exp

(
𝑅𝑀2)} := 𝐽,

where ∥ · ∥ = ∥ · ∥
𝐶 (𝐷×𝐷) . Clearly,

sup
𝑢∈𝐵

max{∥𝑎∥𝐿2 , ∥𝑎 (𝑁) ∥𝐿2} ⩽ |𝐷 |3/2𝐽

Notice that, since |⟨𝑄𝑢(𝑥), 𝐾𝑢(𝑠)⟩| ⩽ 𝑅𝑀2, we have 𝑓 (𝑥, 𝑦) ⩾ exp
(
− 𝑅𝑀2) . It

follows that

inf
𝑢∈𝐵

min{∥𝑎∥𝐿2 , ∥𝑎 (𝑁) ∥𝐿2} ⩾ |𝐷 |3/2exp
(
− 𝑅𝑀2) := |𝐷 |3/2𝐼 > 0.
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Similarly,
sup
𝑢∈𝐵

max
𝑙∈J1,𝑑𝑉K

{∥𝑏𝑙 ∥𝐿2 , ∥𝑏 (𝑁)
𝑙
∥𝐿2} ⩽ |𝐷 |3/2𝐽.

Applying Lemma 4.A.1, for fixed 𝑢 ∈ 𝐵 we find that

E






𝑏𝑙𝑎 − 𝑏 (𝑁)𝑙

𝑎 (𝑁)







𝐿2

⩽ E
∥𝑎 (𝑁) ∥𝐿2 ∥𝑏𝑙 − 𝑏 (𝑁)𝑙

∥𝐿2 + ∥𝑏 (𝑁)
𝑙
∥𝐿2 ∥𝑎 − 𝑎 (𝑁) ∥𝐿2

∥𝑎 (𝑁) ∥𝐿2 ∥𝑎∥𝐿2
(4.46a)

⩽
2𝐽2

𝐼2 𝑁
−1/2. (4.46b)

Setting 𝛼𝑙 = 𝑏𝑙/𝑎 and 𝛼(𝑁)
𝑙

= 𝑏
(𝑁)
𝑙
/𝑎 (𝑁) , from (4.46a) we deduce that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢) − 𝛼(𝑁)𝑙
(· ; 𝑢)∥𝐿2 = 0, (4.47)

for any 𝑙 ∈ J1, 𝑑𝑉K. We now proceed to the second step of the proof, i.e. showing
that (4.45) holds. Using similar reasoning as before, we notice that

inf
𝑢∈𝐵

min{∥𝑎∥
𝐶 (𝐷) , ∥𝑎

(𝑁) ∥
𝐶 (𝐷)} ⩾ |𝐷 |𝐼, (4.48a)

sup
𝑢∈𝐵

max
𝑙∈J1,𝑑𝑉K

{∥𝑏𝑙 ∥𝐶 (𝐷) , ∥𝑏
(𝑁)
𝑙
∥
𝐶 (𝐷)} ⩽ |𝐷 |𝐽; (4.48b)

hence the sequence {𝛼(𝑁)
𝑙
} is uniformly bounded in 𝑁 . Now, for fixed 𝑢 ∈ 𝐵 the

sequence {𝛼(𝑁)
𝑙
(· ; 𝑢)} is also uniformly equicontinuous with probability 1 over the

choice {𝑦 𝑗 }𝑁𝑗=1 ∼ 𝑈 (𝐷). Indeed, we note that�����𝑏 (𝑁)𝑙
(𝑟)

𝑎 (𝑁) (𝑟)
−
𝑏
(𝑁)
𝑙
(𝑡)

𝑎 (𝑁) (𝑡)

����� =
�����
∑𝑁
𝑗=1 𝑔𝑙 (𝑟, 𝑦 𝑗 )∑𝑁
𝑘=1 𝑓 (𝑟, 𝑦𝑘 )

−
∑𝑁
𝑗=1 𝑔𝑙 (𝑡, 𝑦 𝑗 )∑𝑁
𝑘=1 𝑓 (𝑡, 𝑦𝑘 )

����� (4.49a)

⩽
1
𝑁2𝐼

������ 𝑁∑︁
𝑗 ,𝑛=1

𝑔𝑙 (𝑟, 𝑦 𝑗 ) 𝑓 (𝑡, 𝑦𝑛) − 𝑔𝑙 (𝑡, 𝑦 𝑗 ) 𝑓 (𝑟, 𝑦𝑛)

������ (4.49b)

⩽
𝐽

𝑁2𝐼

𝑁∑︁
𝑗 ,𝑛=1

(��𝑔𝑙 (𝑟, 𝑦 𝑗 ) − 𝑔𝑙 (𝑡, 𝑦 𝑗 )�� + �� 𝑓 (𝑡, 𝑦𝑛) − 𝑓 (𝑟, 𝑦𝑛)��) .
(4.49c)

The result then follows from the uniform continuity of 𝑓 and 𝑔𝑙 in their first ar-
guments, due to the compactness of 𝐷. Therefore, since 𝐷 ⊂ R𝑑 is compact, by
the Arzelà–Ascoli theorem there exists a subsequence of indices (𝑁𝑘 )𝑘∈N such that
𝛼
(𝑁𝑘)
𝑙

converges in 𝐶 (𝐷) to some 𝛼(∞)
𝑙

. Since,

E∥𝛼(∞)
𝑙
− 𝛼(𝑁𝑘)

𝑙
∥𝐿2 ⩽ |𝐷 |1/2E∥𝛼(∞)

𝑙
− 𝛼(𝑁𝑘)

𝑙
∥
𝐶 (𝐷) ,
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by uniqueness of limits, it is readily observed that 𝛼(∞)
𝑙

= 𝛼𝑙 . Therefore, since the
limit is independent of the subsequence, it holds that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢) − 𝛼(𝑁)𝑙
(· ; 𝑢)∥

𝐶 (𝐷) = 0,

for any 𝑙 ∈ J1, 𝑑𝑉K. We now turn our attention to establishing (4.43). By reasoning
as before and by using the continuity of the exponential and the inner product
in its first argument, it is straightforward to show that as mappings of the form
𝛼𝑙 : 𝐵 → 𝐶 (𝐷;R𝑑𝑉 ) and 𝛼(𝑁)

𝑙
: 𝐵 → 𝐶 (𝐷;R𝑑𝑉 ) where 𝐵 is compact, 𝛼𝑙 and

𝛼
(𝑁)
𝑙

are continuous and hence the sequence {𝛼(𝑁)
𝑙
} is uniformly equicontinuous.

Therefore, we can find moduli of continuity 𝜔1, 𝜔2 such that

∥𝛼𝑙 (𝑢)−𝛼𝑙 (𝑣)∥𝐶 (𝐷) ⩽ 𝜔1
(
∥𝑢−𝑣∥

𝐶 (𝐷)
)
, ∥𝛼(𝑁)

𝑙
(𝑢)−𝛼(𝑁)

𝑙
(𝑣)∥

𝐶 (𝐷) ⩽ 𝜔2
(
∥𝑢−𝑣∥

𝐶 (𝐷)
)

for any 𝑢, 𝑣 ∈ 𝐵 and 𝑁 ∈ N. Fix 𝜀 > 0. Since 𝐵 is compact, we can find a number
𝐿 = 𝐿 (𝜀) ∈ N and functions 𝜙1, . . . , 𝜙𝐿 ∈ 𝐵 such that, for any 𝑢 ∈ 𝐵, there exists
𝑗 ∈ J1, 𝐿K such that

∥𝑢 − 𝜙 𝑗 ∥𝐶 (𝐷) < 𝜀.

Furthermore, we can find a number 𝑆 = 𝑆(𝜀) ∈ N such that, for any 𝑗 ∈ J1, 𝐿K, we
have, for all 𝑁 ⩾ 𝑆,

E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼(𝑁)𝑙
(𝜙 𝑗 )∥𝐶 (𝐷) < 𝜀.

It follows by triangle inequality that

E∥𝛼𝑙 (𝑢) − 𝛼(𝑁)𝑙
(𝑢)∥

𝐶 (𝐷) ⩽ E∥𝛼𝑙 (𝑢) − 𝛼𝑙 (𝜙 𝑗 )∥𝐶 (𝐷) + E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼
(𝑁)
𝑙
(𝑢)∥

𝐶 (𝐷)

⩽ |𝐷 |𝜔1(𝜀) + E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼(𝑁)𝑙
(𝜙 𝑗 )∥𝐶 (𝐷) + E∥𝛼

(𝑁)
𝑙
(𝜙 𝑗 ) − 𝛼(𝑁)𝑙

(𝑢)∥
𝐶 (𝐷)

⩽ |𝐷 |𝜔1(𝜀) + 𝜀 + |𝐷 |𝜔2(𝜀).

Therefore the result follows since the argument is uniform over all 𝑙 ∈ J1, 𝑑𝑉K.

4.A.2 Proof of Cross-Attention Approximation Theorem
We make straightforward modifications to Lemmas 4.A.1, 4.A.4 and to the proof of
Theorem 4.2.6 in order to establish Theorem 4.2.12.

Lemma 4.A.3. Let 𝐷 ⊂ R𝑑 and 𝐸 ⊂ R𝑒 be bounded open sets and 𝑓 ∈ 𝐶 (𝐷 × 𝐸).
Then

E








∫
𝐸

𝑓 (·, 𝑦) d𝑦 − |𝐸 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (·, 𝑦 𝑗 )








𝐿2

⩽ |𝐷 |1/2 |𝐸 |∥ 𝑓 ∥
𝐶 (𝐷×𝐸)𝑁

−1/2

with the expectation taken over i.i.d. sequences {𝑦 𝑗 }𝑁𝑗=1 ∼ 𝑈 (𝐸).
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Proof. Notice that, for any 𝑥 ∈ 𝐷,∫
𝐸

𝑓 (𝑥, 𝑦) d𝑦 = |𝐸 |E
𝑦∼𝑈 (𝐸)

[
𝑓 (𝑥, 𝑦)

]
.

Hence, by expanding the square, we can observe that

E ©­«
∫
𝐸

𝑓 (𝑥, 𝑦) d𝑦 − |𝐸 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (𝑥, 𝑦 𝑗 )
ª®¬

2

⩽
|𝐸 |2
𝑁

E
𝑦∼𝑈 (𝐸)

[
𝑓 (𝑥, 𝑦)2

]
.

Bounding 𝑓 in 𝐿∞, and noting that it is a continuous function, gives

E








∫
𝐸

𝑓 (·, 𝑦) d𝑦 − |𝐸 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (·, 𝑦 𝑗 )








2

𝐿2

⩽
|𝐸 |2
𝑁

∫
𝐷

E
𝑦∼𝑈 (𝐸)

[
𝑓 (𝑥, 𝑦)2

]
d𝑥

⩽ |𝐷 | |𝐸 |2∥ 𝑓 ∥2
𝐶 (𝐷×𝐸)𝑁

−1.

The result follows by Jensen’s inequality.

As part of the proof of Theorem 4.2.12, we first show that the the cross-attention
operator is a mapping of the form C : 𝐿∞(𝐷;R𝑑𝑢) × 𝐿∞(𝐸 ;R𝑑𝑣 ) → 𝐿∞(𝐷;R𝑑𝑉 )
and hence A : 𝐶 (𝐷;R𝑑𝑢) × 𝐶 (𝐸 ;R𝑑𝑣 ) → 𝐶 (𝐷;R𝑑𝑉 ).

Lemma 4.A.4. Let 𝑢 ∈ 𝐿∞(𝐷;R𝑑𝑢) × 𝐿∞(𝐸 ;R𝑑𝑣 ), then it holds that A(𝑢) ∈
𝐿∞(𝐷;R𝑑𝑉 ). Furthermore, for 𝑢 ∈ 𝐶 (𝐷;R𝑑𝑢) × 𝐶 (𝐸 ;R𝑑𝑣 ) it holds that A(𝑢) ∈
𝐶 (𝐷;R𝑑𝑉 ).

Proof. The result follows readily from the fact that 𝑞 is a probability density function.
For completeness, we show the boundedness of the normalization constant of the
function 𝑞. Indeed we note that∫

𝐸

exp
(
⟨𝑄𝑢(𝑥), 𝐾𝑣(𝑠)⟩

)
d𝑠 ⩽

∫
𝐸

exp
(
|𝑄 | |𝐾 | |𝑢(𝑥) | |𝑣(𝑠) |

)
d𝑠

⩽
∫
𝐸

exp
(
1
2
|𝑄 |2 |𝐾 |2 |𝑢(𝑥) |2

)
exp

(
1
2
|𝑣(𝑠) |2

)
d𝑠

⩽ |𝐸 |exp
(
𝑅1∥𝑢∥2𝐿∞

)
exp

(
𝑅2∥𝑣∥2𝐿∞

)
⩽ |𝐸 |exp

(
𝑅
(
∥𝑢∥2𝐿∞ + ∥𝑣∥2𝐿∞

) )
,

for some constant 𝑅 := max{𝑅1, 𝑅2}. From definition, it is clear that∫
𝐸

𝑞(𝑦; 𝑢, 𝑣, 𝑥) d𝑦 = 1;
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hence 𝑞 is indeed a valid probability density function. It hence follows that

∥C(𝑢, 𝑣)∥𝐿∞ (𝐷;R𝑑𝑉 ) ⩽ |𝑉 |∥𝑣∥𝐿∞ (𝐸 ;R𝑑𝑣 );

hence C : 𝐿∞(𝐷;R𝑑𝑢) × 𝐿∞(𝐸 ;R𝑑𝑣 ) → 𝐿∞(𝐷;R𝑑𝑉 ). Similarly, it follows that
C : 𝐶 (𝐷;R𝑑𝑢) ×𝐶 (𝐸 ;R𝑑𝑣 ) → 𝐶 (𝐷;R𝑑𝑉 ). We note that the continuity is preserved
by C under the continuity of the inner product in its first argument and the continuity
of the exponential.

We are now ready to establish the full result of Theorem 4.2.12 which states that

lim
𝑁→∞

sup
(𝑢,𝑣)∈𝐵

E






C(𝑢, 𝑣) −
∑𝑁
𝑗=1 exp

(
⟨𝑄𝑢(·), 𝐾𝑣(𝑦 𝑗 )⟩

)
𝑉𝑣(𝑦 𝑗 )∑𝑁

ℓ=1 exp
(
⟨𝑄𝑢(·), 𝐾𝑣(𝑦ℓ)⟩

) 





𝐶 (𝐷;R𝑑𝑉 )

= 0,

with the expectation taken over i.i.d. sequences {𝑦 𝑗 }𝑁𝑗=1 ∼ unif(𝐸).

Proof of Theorem 4.2.12. Before commencing the proof, we first establish useful
shorthand notation. Letting (𝑢, 𝑣) ∈ 𝐵 we define

𝑓 (𝑥, 𝑦; 𝑢, 𝑣) := exp
(
⟨𝑄𝑢(𝑥), 𝐾𝑣(𝑦)⟩

)
, 𝑔𝑙 (𝑥, 𝑦; 𝑢, 𝑣) := exp

(
⟨𝑄𝑢(𝑥), 𝐾𝑣(𝑦)⟩

) (
𝑉𝑣(𝑦)

)
𝑙

for all 𝑥 ∈ 𝐷, 𝑦 ∈ 𝐸 and 𝑙 ∈ J1, 𝑑𝑉K. For (𝑢, 𝑣) ∈ 𝐵 we also define

𝑎(𝑥; 𝑢, 𝑣) :=
∫
𝐸

𝑓 (𝑥, 𝑦; 𝑢, 𝑣) d𝑦, 𝑎 (𝑁) (𝑥; 𝑢, 𝑣) :=
|𝐸 |
𝑁

𝑁∑︁
𝑗=1

𝑓 (𝑥, 𝑦 𝑗 ; 𝑢, 𝑣),

and

𝑏𝑙 (𝑥; 𝑢, 𝑣) :=
∫
𝐸

𝑔𝑙 (𝑥, 𝑦; 𝑢, 𝑣) d𝑦, 𝑏
(𝑁)
𝑙
(𝑥; 𝑢, 𝑣) :=

|𝐸 |
𝑁

𝑁∑︁
𝑗=1

𝑔𝑙 (𝑥, 𝑦 𝑗 ; 𝑢, 𝑣)

for any 𝑥 ∈ 𝐷 and any 𝑙 ∈ J1, 𝑑𝑉K. We set 𝛼𝑙 = 𝑏𝑙/𝑎 and 𝛼(𝑁)
𝑙

= 𝑏
(𝑁)
𝑙
/𝑎 (𝑁) . Given

this notation, to prove the result we must show

lim
𝑁→∞

sup
(𝑢,𝑣)∈𝐵

E



𝛼𝑙 (· ; 𝑢, 𝑣) − 𝛼(𝑁)𝑙

(· ; 𝑢, 𝑣)




𝐶 (𝐷;R)

= 0, (4.50)

for any 𝑙 ∈ J1, 𝑑𝑉K. We divide the proof in the following key steps. We first show
that for fixed (𝑢, 𝑣) ∈ 𝐵, it holds that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢, 𝑣) − 𝛼(𝑁)𝑙
(· ; 𝑢, 𝑣)∥𝐿2 = 0, (4.51)
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for any 𝑙 ∈ J1, 𝑑𝑉K. By using compactness and applying the Arzelà-Ascoli theorem,
we then show that for (𝑢, 𝑣) ∈ 𝐵

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢, 𝑣) − 𝛼(𝑁)𝑙
(· ; 𝑢, 𝑣)∥

𝐶 (𝐷) = 0, (4.52)

for any 𝑙 ∈ J1, 𝑑𝑉K. We then use the compactness of 𝐵 and continuity of the
mappings (𝑢, 𝑣) ↦→ 𝛼ℓ (· ; 𝑢, 𝑣) and (𝑢, 𝑣) ↦→ 𝛼

(𝑁)
ℓ
(· ; 𝑢, 𝑣) to deduce the result given

by (4.50). We now focus on establishing (4.51). Since 𝐵 is bounded, there exists a
constant 𝑀 > 0 such that

sup
(𝑢,𝑣)∈𝐵

∥𝑢∥𝐿∞ + ∥𝑣∥𝐿∞ ⩽ 𝑀.

Therefore, we have

sup
(𝑢,𝑣)∈𝐵

max{∥ 𝑓 ∥, ∥𝑔1∥, . . . , ∥𝑔𝑚 ∥} ⩽ max
{
exp

(
𝑅𝑀2) , 𝑀 |𝑉 |exp

(
𝑅𝑀2)} := 𝐽,

where ∥ · ∥ = ∥ · ∥
𝐶 (𝐷×𝐸) . Clearly, it holds that

sup
(𝑢,𝑣)∈𝐵

max{∥𝑎∥𝐿2 , ∥𝑎 (𝑁) ∥𝐿2} ⩽ |𝐷 |1/2 |𝐸 |𝐽.

Notice that, since |⟨𝑄𝑢(𝑥), 𝐾𝑣(𝑠)⟩| ⩽ 𝑅𝑀2, we have 𝑓 (𝑥, 𝑦) ⩾ exp
(
− 𝑅𝑀2) . It

follows that

inf
(𝑢,𝑣)∈𝐵

min{∥𝑎∥𝐿2 , ∥𝑎 (𝑁) ∥𝐿2} ⩾ |𝐷 |1/2 |𝐸 |exp
(
− 𝑅𝑀2) := |𝐷 |1/2 |𝐸 |𝐼 > 0.

Similarly,
sup
(𝑢,𝑣)∈𝐵

max
𝑙∈[𝑑𝐾 ]

{∥𝑏𝑙 ∥𝐿2 , ∥𝑏 (𝑁)
𝑙
∥𝐿2} ⩽ |𝐷 |1/2 |𝐸 |𝐽.

Applying Lemma 4.A.3, we find

E






𝑏𝑙𝑎 − 𝑏 (𝑁)𝑙

𝑎 (𝑁)







𝐿2

⩽ E
∥𝑎 (𝑁) ∥𝐿2 ∥𝑏𝑙 − 𝑏 (𝑁)𝑙

∥𝐿2 + ∥𝑏 (𝑁)
𝑙
∥𝐿2 ∥𝑎 − 𝑎 (𝑁) ∥𝐿2

∥𝑎 (𝑁) ∥𝐿2 ∥𝑎∥𝐿2
(4.53a)

⩽
2𝐽2

𝐼2 𝑁
−1/2. (4.53b)

Setting 𝛼𝑙 = 𝑏𝑙/𝑎 and 𝛼(𝑁)
𝑙

= 𝑏
(𝑁)
𝑙
/𝑎 (𝑁) , from (4.53a) we deduce that for (𝑢, 𝑣) ∈ 𝐵

it holds that
lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢, 𝑣) − 𝛼(𝑁)𝑙
(· ; 𝑢, 𝑣)∥𝐿2 = 0, (4.54)
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for any 𝑙 ∈ J1, 𝑑𝑉K. We now proceed to the second step of the proof, i.e. showing
that (4.52) holds. Using similar reasoning as before, we notice that

inf
(𝑢,𝑣)∈𝐵

min{∥𝑎∥
𝐶 (𝐷) , ∥𝑎

(𝑁) ∥
𝐶 (𝐷)} ⩾ |𝐸 |𝐼, (4.55a)

sup
(𝑢,𝑣)∈𝐵

max
𝑙∈[𝑚]
{∥𝑏𝑙 ∥𝐶 (𝐷) , ∥𝑏

(𝑁)
𝑙
∥
𝐶 (𝐷)} ⩽ |𝐸 |𝐽; (4.55b)

hence the sequence {𝛼(𝑁)
𝑙
} is uniformly bounded in 𝑁 . Now, for fixed (𝑢, 𝑣) ∈ 𝐵 the

sequence {𝛼(𝑁)
𝑙
(· ; 𝑢, 𝑣)} is also uniformly equicontinuous with probability 1 over

the choice {𝑦 𝑗 }𝑁𝑗=1 ∼ 𝑈 (𝐷). Indeed, we note that�����𝑏 (𝑁)𝑙
(𝑟)

𝑎 (𝑁) (𝑟)
−
𝑏
(𝑁)
𝑙
(𝑡)

𝑎 (𝑁) (𝑡)

����� =
�����
∑𝑁
𝑗=1 𝑔𝑙 (𝑟, 𝑦 𝑗 )∑𝑁
𝑘=1 𝑓 (𝑟, 𝑦𝑘 )

−
∑𝑁
𝑗=1 𝑔𝑙 (𝑡, 𝑦 𝑗 )∑𝑁
𝑘=1 𝑓 (𝑡, 𝑦𝑘 )

����� (4.56a)

⩽
1
𝑁2𝐼

�����∑︁
𝑗 ,𝑛

𝑔𝑙 (𝑟, 𝑦 𝑗 ) 𝑓 (𝑡, 𝑦𝑛) − 𝑔𝑙 (𝑡, 𝑦 𝑗 ) 𝑓 (𝑟, 𝑦𝑛)
����� (4.56b)

⩽
𝐽

𝑁2𝐼

∑︁
𝑗 ,𝑛

(��𝑔𝑙 (𝑟, 𝑦 𝑗 ) − 𝑔𝑙 (𝑡, 𝑦 𝑗 )�� + �� 𝑓 (𝑡, 𝑦𝑛) − 𝑓 (𝑟, 𝑦𝑛)��) .
(4.56c)

The result then follows from the uniform continuity of 𝑓 and 𝑔𝑙 in their first ar-
guments, due to the compactness of 𝐷. Therefore, since 𝐷 ⊂ R𝑑 is compact, by
the Arzelà–Ascoli theorem there exists a subsequence of indices (𝑁𝑘 )𝑘∈N such that
𝛼
(𝑁𝑘)
𝑙

converges in 𝐶 (𝐷) to some 𝛼(∞)
𝑙

. Since

E∥𝛼(∞)
𝑙
− 𝛼(𝑁𝑘)

𝑙
∥𝐿2 ⩽ |𝐷 |1/2E∥𝛼(∞)

𝑙
− 𝛼(𝑁𝑘)

𝑙
∥
𝐶 (𝐷) ,

by uniqueness of limits, it is readily observed that 𝛼(∞)
𝑙

= 𝛼𝑙 . Therefore, since the
limit is independent of the subsequence, for fixed (𝑢, 𝑣) ∈ 𝐵 it holds that

lim
𝑁→∞

E∥𝛼𝑙 (· ; 𝑢, 𝑣) − 𝛼(𝑁)𝑙
(· ; 𝑢, 𝑣)∥

𝐶 (𝐷) = 0,

for any 𝑙 ∈ J1, 𝑑𝑉K. We now turn our attention to establishing (4.50). By reasoning
as before and by using the continuity of the exponential and of the inner product
on the product space, it is straightforward to show that as mappings of the form
𝛼𝑙 : 𝐵 → 𝐶 (𝐷;R𝑑𝑉 ) and 𝛼(𝑁)

𝑙
: 𝐵 → 𝐶 (𝐷;R𝑑𝑉 ) where 𝐵 is compact, 𝛼𝑙 and

𝛼
(𝑁)
𝑙

are continuous and hence the sequence {𝛼(𝑁)
𝑙
} is uniformly equicontinuous.

Therefore, we can find moduli of continuity 𝜔1, 𝜔2 such that

∥𝛼𝑙 (𝑢, 𝑣) − 𝛼𝑙 (𝑢̃, 𝑣̃)∥𝐶 (𝐷) ⩽ 𝜔1
(
∥(𝑢, 𝑣) − (𝑢̃, 𝑣̃)∥

𝐶 (𝐷)×𝐶 (𝐸)
)
,

∥𝛼(𝑁)
𝑙
(𝑢, 𝑣) − 𝛼(𝑁)

𝑙
(𝑢̃, 𝑣̃)∥

𝐶 (𝐷) ⩽ 𝜔2
(
∥(𝑢, 𝑣) − (𝑢̃, 𝑣̃)∥

𝐶 (𝐷)×𝐶 (𝐸)
)
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for any (𝑢, 𝑣), (𝑢̃, 𝑣̃) ∈ 𝐵 and 𝑁 ∈ N. Fix 𝜀 > 0. Since 𝐵 is compact, we can find a
number 𝐿 = 𝐿 (𝜀) ∈ N and functions 𝜙1, . . . , 𝜙𝐿 ∈ 𝐵 such that, for any (𝑢, 𝑣) ∈ 𝐵,
there exists 𝑗 ∈ J1, 𝐿K such that

∥(𝑢, 𝑣) − 𝜙 𝑗 ∥𝐶 (𝐷)×𝐶 (𝐸) < 𝜀.

Furthermore, we can find a number 𝑆 = 𝑆(𝜀) ∈ N such that, for any 𝑗 ∈ J1, 𝐿K, we
have, for all 𝑁 ⩾ 𝑆,

E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼(𝑁)𝑙
(𝜙 𝑗 )∥𝐶 (𝐷) < 𝜀.

It follows by triangle inequality that

E∥𝛼𝑙 (𝑢, 𝑣) − 𝛼(𝑁)𝑙
(𝑢, 𝑣)∥

𝐶 (𝐷)

⩽ E∥𝛼𝑙 (𝑢, 𝑣) − 𝛼𝑙 (𝜙 𝑗 )∥𝐶 (𝐷) + E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼
(𝑁)
𝑙
(𝑢, 𝑣)∥

𝐶 (𝐷)

⩽ |𝐷 |𝜔1(𝜀) + E∥𝛼𝑙 (𝜙 𝑗 ) − 𝛼(𝑁)𝑙
(𝜙 𝑗 )∥𝐶 (𝐷) + E∥𝛼

(𝑁)
𝑙
(𝜙 𝑗 ) − 𝛼(𝑁)𝑙

(𝑢, 𝑣)∥
𝐶 (𝐷)

⩽ |𝐸 |𝜔1(𝜀) + 𝜀 + |𝐸 |𝜔2(𝜀).

Therefore the result follows since our argument is uniform over all 𝑙 ∈ J1, 𝑑𝑉K.

4.B Transformer Neural Operators: The Discrete Setting
We describe how the transformer neural operators described in Section 4.4 are
implemented in the discrete setting. Namely, in practice we will have access to
evaluations of the input function 𝑢 ∈ U

(
𝐷;R𝑑𝑢

)
at a finite set of 𝑁 discretization

points {𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷. To highlight how the neural operator methodology is applied
in practical settings it is useful, abusing notation, to view the input to the neural
operators as 𝑢 ∈ R𝑁×𝑑𝑢 . In order to distinguish between functions in U

(
𝐷;R𝑑𝑢

)
,

and discrete representations of these functions at a finite set of grid points, in this
section we use different fonts for a function u ∈ U

(
𝐷;R𝑑𝑢

)
and its discrete analogue

𝑢 ∈ R𝑁×𝑑𝑢 . We highlight that in practice, it is of interest to apply approximations
of the attention operators A and AP defined on the continuum, to 𝑢 ∈ R𝑁×𝑑𝑢 .
Through an abuse of notation, we will write A•(𝑢) to denote the finite-dimensional
approximation of A• acting on matrices, and similarly for E𝐿 , FNN and FLN.

In Subsection 4.B.1 we describe the transformer neural operator in the discrete
setting, in Subsection 4.B.2 the vision transformer neural operator and in Subsection
4.B.3 the Fourier attention neural operator.

4.B.1 Transformer Neural Operator
In this section, we describe how the transformer neural operator from Subsection
4.4.2 is implemented in the discrete setting. The input to the model is therefore
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a tensor 𝑢 ∈ R𝑁×𝑑𝑢 , which is then concatenated with the discretization points
{𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷, to form the tensor 𝑢in ∈ R𝑁×(𝑑𝑢+𝑑) . The learnable linear transformation
𝑊⊤in ∈ R

(𝑑𝑢+𝑑)×𝑑model then acts on 𝑢in to yield

𝑣 (0) := 𝑢in𝑊
⊤
in ,

which is then fed through the transformer encoder. In practice we solve the recur-
rence relation in (4.10) on a finite set of 𝑁 grid points that arise naturally from the
discrete input 𝑢in. The multi-head attention operator AMultiHead is defined by the ap-
plication of the linear transformation 𝑊⊤MultiHead ∈ R

𝐻𝑑𝐾×𝑑model to the concatenation
of 𝐻 ∈ N self-attention operations. The concatenation of the outputs of the 𝐻 ∈ N
self-attention operations results in a R𝑁×𝐻𝑑𝐾 tensor, so that

AMultiHead(𝑣) :=
(
A(𝑣;𝑄1, 𝐾1, 𝑉1), . . . ,A(𝑣;𝑄𝐻 , 𝐾𝐻 , 𝑉𝐻)

)
𝑊⊤MultiHead ∈ R

𝑁×𝑑model ,

(4.57)
for any 𝑣 ∈ R𝑁×𝑑model . We recall that the self-attention operator in question, A, is
defined in Definition 4.2.5 for functions. In the discrete setting, where 𝑣 ∈ R𝑁×𝑑model ,
we compute the expectation and the integral arising from the normalization constant
using the following trapezoidal approximations:

A(𝑣) 𝑗 :=
1
2

𝑁∑︁
𝑘=2

(
𝑉𝑣𝑘 · 𝑝(𝑘; 𝑣, 𝑗) +𝑉𝑣𝑘−1 · 𝑝(𝑘 − 1; 𝑣, 𝑗)

)
· Δ𝑥𝑘 , (4.58)

for any 𝑗 = 1, . . . , 𝑁 , with

𝑝(𝑘; 𝑣, 𝑗) ≈
exp

(〈
𝑄𝑣 𝑗 , 𝐾𝑣𝑘

〉
R𝑑𝐾

)
1
2
∑𝑁
ℓ=2

(
exp

(〈
𝑄𝑣 𝑗 , 𝐾𝑣ℓ

〉
R𝑑𝐾

)
+ exp

(〈
𝑄𝑣 𝑗 , 𝐾𝑣ℓ−1

〉
R𝑑𝐾

) )
Δ𝑥ℓ

, (4.59)

where by 𝑢ℓ we have denoted the ℓ’th row of the matrix 𝑣 ∈ R𝑁×𝑑model , and similarly
for A(𝑣)ℓ. In equations (4.58) and (4.59) Δ𝑥𝑘 denotes

Δ𝑥𝑘 :=
𝑑∏
𝑖=1
| (𝑥𝑘 )𝑖 − (𝑥𝑘−1)𝑖 |,

for 𝑘 = 2, . . . , 𝑁 , where (𝑥𝑘 )𝑖 is the 𝑖’th component of the vector 𝑥𝑘 . This trapezoidal
approximation allows for a mathematically consistent implementation of attention
for irregularly sampled data, as demonstrated in Section 4.6.

The linear transformations 𝑊⊤1 ,𝑊
⊤
2 ∈ R

𝑑model×𝑑model are applied pointwise. It is also
straightforward to apply the definitions for FLayerNorm in (4.16) and FNN in (4.18)
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to the finite representation of 𝑣 as both involve pointwise linear transformations.
We observe that the recurrence relation (4.10) is compatible with varying domain
discretization lengths 𝑁 , and will produce an output 𝑣 (𝐿) of dimension matching
the input 𝑣 (0) . The resulting tensor 𝑣 (𝐿) ∈ R𝑁×𝑑model is then projected to the output
dimension by applying the learnable linear transformation𝑊⊤out ∈ R𝑑model×𝑑𝑧 , so that
the output of the architecture is defined as

𝑧 := 𝑣 (𝐿)𝑊⊤out ∈ R𝑑model×𝑑𝑧 .

4.B.2 Vision Transformer Neural Operator
In this section, we describe how the transformer neural operator from Subsection
4.4.3 is implemented in the discrete setting. In practice, we will have access to a
discretization of the domain 𝐷 containing 𝑁 points and evaluations of the function
u ∈ U(𝐷;R𝑑𝑢) at these points; the resolution of the input will be determined by 𝑛1×
. . .×𝑛𝑑 = 𝑁 . The input to the model will therefore be a tensor 𝑢 ∈ R𝑛1×...×𝑛𝑑×𝑑𝑢 . The
input 𝑢 ∈ R𝑛1×...×𝑛𝑑×𝑑𝑢 is first concatenated with the discretization points {𝑥𝑖}𝑁𝑖=1 ⊂
𝐷, to form the tensor 𝑢in ∈ R𝑛1×...×𝑛𝑑×(𝑑𝑢+𝑑) . Denoting by 𝑝1× . . .×𝑝𝑑 the resolution
of each patch, application of the reshaping operator Σreshape results in

Σreshape
(
𝑢in

)
∈ R𝑃×𝑝1×...×𝑝𝑑×(𝑑𝑢+𝑑) .

Following Definition 4.4.2 and the subsequent discussion, the nonlocal linear oper-
ator Win is implemented as

Win(𝜃)𝑢 := F −1
(
𝑅Win (𝜃) · (F 𝑢)

)
, (4.60)

for any 𝑢 ∈ R𝑃×𝑝1×...×𝑝𝑑×(𝑑𝑢+𝑑) , where we have made explicit the dependence on
𝜃 ∈ Θ to highlight the learnable components in the implementation. The FFT is
computed on the 𝑝1 × . . . × 𝑝𝑑 dimensions so that the resulting tensor is of the
form F 𝑢 ∈ C𝑃×𝑝1×...×𝑝𝑑×(𝑑𝑢+𝑑) . Since 𝑢 is convolved with a function that possess
only

��𝑍𝑘max

�� Fourier modes, the higher Fourier modes may be truncated so that
one may consider F 𝑢 ∈ C𝑃×(2𝑘max,1+1)×...×(2𝑘max,𝑑+1)×(𝑑𝑢+𝑑) . The learnable tensor is
𝑅Win ∈ C(2𝑘max,1+1)×...×(2𝑘max,𝑑+1)×𝑑model×(𝑑𝑢+𝑑) and the operation in Fourier space is
defined as (

𝑅 ·
(
F 𝑢

) )
𝑝,𝑖1,...,𝑖𝑑 ,ℓ

=

𝑑𝑢+𝑑∑︁
𝑘=1

𝑅𝑝,𝑖1,...,𝑖𝑑 ,ℓ,𝑘
(
F 𝑢

)
𝑝,𝑖1,...,𝑖𝑑 ,𝑘

, (4.61)

for 𝑝 ∈ J1, 𝑃K, 1 ⩽ 𝑖 𝑗 ⩽ 2𝑘max, 𝑗 + 1, 1 ⩽ ℓ ⩽ 𝑑model. The inverse FFT is then
applied along the dimensions 2𝑘max,1 + 1, . . . , 2𝑘max,𝑑 + 1. The resulting tensor
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defined as 𝑣 (0) ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model is then fed through the transformer encoder
E𝐿 : R𝑃×𝑝1×...×𝑝𝑑×𝑑model → R𝑃×𝑝1×...×𝑝𝑑×𝑑model .

The multi-head attention is based on the self-attention operator acting on functions
from Definition 4.3.2. While the expectation is computed with respect to a prob-
ability measure on the patch sequence, hence inducing a discrete probability mass
function, the discretization of the domain introduces the need to approximate the 𝐿2

inner product appearing in Definition 4.3.1. We resort to an approximation of the
integral given by〈

Qℎv( 𝑗),Kℎv(𝑘)
〉
𝐿2 (𝐷′,R𝑑𝐾 ) =

∫
𝐷′

(
Qℎv( 𝑗)

)
(𝑥) ·

(
Kv(𝑘)

)
(𝑥) d𝑥 (4.62a)

≈
∑︁
𝑥𝑖∈𝐷′

Δ𝑥𝑖 ·
(
Qℎv( 𝑗)

)
(𝑥𝑖) ·

(
Kℎv(𝑘)

)
(𝑥𝑖), (4.62b)

where we have denoted by Δ𝑥𝑖 the volume of the 𝑖th cell. We recall that in this case
the linear operators Qℎ,Kℎ,Vℎ are pointwise local operators hence they admit finite
dimensional representations 𝑄ℎ ∈ R𝑑𝐾×𝑑model , 𝐾ℎ ∈ R𝑑𝐾×𝑑model , 𝑉ℎ ∈ R𝑑𝐾×𝑑model , for
ℎ = 1, . . . , 𝐻. In the case of uniform patching and uniform discretization of the
domain of size 𝑠𝑑 = 𝑁 , which is the setting we experiment with, the approximation
reduces to the approximation of the integral of the form

〈
Qℎv( 𝑗),Kℎv(𝑘)

〉
𝐿2 (𝐷′,R𝑑𝐾 ) ≈

1
𝑁

𝑠∑︁
𝑖1,...,𝑖𝑑=1

𝑑𝐾∑︁
ℓ=1

(
𝑣𝑄⊤ℎ

)
𝑗×𝑖1×...×𝑖𝑑×ℓ

(
𝑣𝐾⊤ℎ

)
𝑘×𝑖1×...×𝑖𝑑×ℓ .

(4.63)
The multi-head attention operator is thus defined by the application of the linear
transformation𝑊⊤MultiHead ∈ R

𝐻𝑑𝐾×𝑑model to the concatenation of𝐻 ∈ N self-attention
operations defined by the approximations above. The concatenation of the outputs
of the 𝐻 ∈ N self-attention operations results in a R𝑃×𝑝1×...×𝑝𝑑×𝐻𝑑𝐾 tensor, so that

AMultiHead(𝑣) :=
(
AP(𝑣;𝑄1, 𝐾1, 𝑉1), . . . ,AP(𝑣;𝑄𝐻 , 𝐾𝐻 , 𝑉𝐻)

)
𝑊⊤MultiHead

∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model ,
(4.64)

for any 𝑣 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model . The linear transformations 𝑊⊤1 ,𝑊
⊤
2 ∈ R𝑑model×𝑑model

are applied pointwise. The layer normalization operator is applied as defined in
(4.24) to every point in every patch so that FLayerNorm(𝑣) ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model .

The operator FNN is applied so that FNN(𝑣) ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model , for any 𝑣 ∈
R𝑃×𝑝1×...×𝑝𝑑×𝑑model . Indeed, in this finite-dimensional setting FNN is defined as

FNN(𝑣;𝑊3,𝑊4, 𝑏1, 𝑏2) = 𝑓
(
𝑣𝑊⊤4 + 𝑏1

)
𝑊⊤3 + 𝑏2, (4.65)
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for any 𝑣 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model , where 𝑓 is a nonlinear activation function𝑊⊤3 ,𝑊
⊤
4 ∈

R𝑑model×𝑑model are learnable local linear operators and 𝑏1, 𝑏2 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model are
learnable in the last dimension.

After computing the recurrence for E𝐿 as described in Equation (4.10), a reshaping
operator Σ′reshape is applied to the resulting tensor so that

𝑣 ↦→ Σ′reshape(𝑣) ∈ R
𝑛1×...×𝑛𝑑×𝑑model , (4.66)

for any 𝑣 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model . A pointwise linear transformation 𝑊⊤out ∈ R𝑑model×𝑑𝑧

is then applied according to
𝑣 ↦→ 𝑣𝑊⊤out, (4.67)

for any 𝑣 ∈ R𝑛1×...×𝑛𝑑×𝑑model .

4.B.3 Fourier Attention Neural Operator
In this section, we describe how the transformer neural operator from Subsection
4.4.4 is implemented in the discrete setting. In practice, we consider a discretization
of the domain 𝐷 containing 𝑁 points and evaluations of the function 𝑢 ∈ U

(
𝐷;R𝑑𝑢

)
at these points; the resolution of the input is defined by 𝑛1 × . . . × 𝑛𝑑 = 𝑁 . The
input to the model is hence a tensor 𝑢 ∈ R𝑛1×...×𝑛𝑑×𝑑𝑢 . The input is concatenated
with the discretization points {𝑥𝑖}𝑁𝑖=1 ⊂ 𝐷, to form the tensor 𝑢in ∈ R𝑛1×...×𝑛𝑑×(𝑑𝑢+𝑑) .
Denoting by 𝑝1 × . . . × 𝑝𝑑 the resolution of each patch, application of the reshaping
operator Σreshape results in

Σreshape
(
𝑢in

)
∈ R𝑃×𝑝1×...×𝑝𝑑×(𝑑𝑢+𝑑) .

The learnable linear transformation𝑊⊤in ∈ R
(𝑑𝑢+𝑑)×𝑑model is then applied as a map

Σreshape
(
𝑢in

)
↦→ Σreshape

(
𝑢in

)
𝑊⊤in ∈ R

𝑃×𝑝1×...×𝑝𝑑×𝑑model .

The resulting tensor 𝑢̃(0) is then fed through the transformer encoder

E𝐿 : R𝑃×𝑝1×...×𝑝𝑑×𝑑model → R𝑃×𝑝1×...×𝑝𝑑×𝑑model .

In the recurrence relation that defines the encoder, AMultiHead is the multi-head
attention operator as defined in equation (4.11). In this setting, letting 𝐻 ∈ N denote
the number of attention heads, the multi-head attention operator is parametrized
by learnable linear integral operators Qℎ : R𝑝1×...×𝑝𝑑×𝑑model → R𝑝1×...×𝑝𝑑×𝑑𝐾 , Kℎ :
R𝑝1×...×𝑝𝑑×𝑑model → R𝑝1×...×𝑝𝑑×𝑑𝐾 , and Vℎ : R𝑝1×...×𝑝𝑑×𝑑model → R𝑝1×...×𝑝𝑑×𝑑𝐾 for ℎ =
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1, . . . , 𝐻. Following Definition 4.4.2 and the subsequent discussion we implement
the linear integral operators as

Qℎ (𝜃)𝑣 = F −1
(
𝑅Qℎ (𝜃) · (F 𝑣)

)
, (4.68a)

Kℎ (𝜃)𝑣 = F −1
(
𝑅Kℎ (𝜃) · (F 𝑣)

)
, (4.68b)

Vℎ (𝜃)𝑣 = F −1
(
𝑅Vℎ (𝜃) · (F 𝑣)

)
, (4.68c)

for ℎ = 1, . . . , 𝐻 and any 𝑣 ∈ R𝑝1×...×𝑝𝑑×𝑑model , where we have made explicit the
dependence on 𝜃 ∈ Θ to highlight the learnable components in the implemen-
tation. In (4.68) the FFT is computed on the 𝑝1 × . . . × 𝑝𝑑 so that the result-
ing tensor F 𝑣 ∈ C𝑝1×...×𝑝𝑑×𝑑model . Since 𝑣 is a function that possess only

��𝑍𝑘max

��
Fourier modes, the higher Fourier modes may be truncated so that one may con-
sider F 𝑣 ∈ C(2𝑘max,1+1)×...×(2𝑘max,𝑑+1)×𝑑model . The learnable tensors are of dimension
𝑅Qℎ , 𝑅Kℎ , 𝑅Vℎ ∈ C(2𝑘max,1+1)×...×(2𝑘max,𝑑+1)×𝑑𝐾×𝑑model for ℎ = 1, . . . , 𝐻, and the opera-
tion in Fourier space is defined as(

𝑅 ·
(
F 𝑣

) )
𝑖1,...,𝑖𝑑 ,ℓ

=

𝑑model∑︁
𝑘=1

𝑅𝑖1,...,𝑖𝑑 ,ℓ,𝑘
(
F 𝑣

)
𝑖1,...,𝑖𝑑 ,𝑘

, (4.69)

for any 𝑣 ∈ R𝑝1×...×𝑝𝑑×𝑑model and 1 ⩽ 𝑖 𝑗 ⩽ 2𝑘max, 𝑗 +1, 1 ⩽ ℓ ⩽ 𝑑𝐾 . The inverse FFT
is computed along the dimensions 2𝑘max,1+1, . . . , 2𝑘max,𝑑+1 so that Qℎ𝑣,Kℎ𝑣,Vℎ𝑣 ∈
R𝑝1×...×𝑝𝑑×𝑑𝐾 for ℎ = 1, . . . , 𝐻. We recall that in this case the self-attention operator
A is defined according to Definition 4.3.2. While the expectation is computed
with respect to a probability measure on the patch sequence, hence inducing a
discrete probability mass function, the discretization of the domain introduces the
need to approximate the 𝐿2 inner product appearing in Definition 4.3.1. We resort
to an approximation of the integral given by (4.62) and (4.63). The multi-head
attention operator is thus defined by the application of the linear transformation
𝑊⊤MultiHead ∈ R𝐻𝑑𝐾×𝑑model to the concatenation of 𝐻 ∈ N self-attention operations.
The concatenation of the outputs of the 𝐻 ∈ N self-attention operations results in a
R𝑃×𝑝1×...×𝑝𝑑×𝐻𝑑𝐾 tensor, so that

AMultiHead(𝑣) :=
(
AP(𝑣; Q1,K1,V1), . . . ,AP(𝑣; Q𝐻 ,K𝐻 ,V𝐻)

)
𝑊⊤MultiHead

∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model ,
(4.70)

for any 𝑣 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model . The linear transformations 𝑊⊤1 ,𝑊
⊤
2 ∈ R𝑑model×𝑑model

are applied pointwise. The layer normalization operator is applied as defined in
(4.16) to every point in every patch so that FLayerNorm(𝑣) ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model .
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Finally, the operator FNN is parametrized and applied as in (4.65) so that FNN(𝑣) ∈
R𝑃×𝑝1×...×𝑝𝑑×𝑑model , for any 𝑣 ∈ R𝑃×𝑝1×...×𝑝𝑑×𝑑model .

A reshaping operator Σ′reshape to the tensor resulting from the transformer encoder
iteration as in Equation (4.66). A pointwise linear transformation𝑊⊤out ∈ R𝑑model×𝑑𝑧

is then applied as in Equation (4.67).

4.C Complexity of the Transformer Neural Operators
We summarize the expressions for the parameter complexity and evaluation cost
(measured in floating point operations, FLOPS) of the neural operators from Section
4.4 and the Fourier neural operator (FNO) from Zongyi Li et al. (2021). These are
provided in Tables 4.1 and 4.2, respectively. In Subsection 4.C.1 and 4.C.2 we
provide further details for the computations of the parameter and evaluation cost
complexities, respectively.

4.C.1 Parameter Complexity
Architecture Parameter Complexity
FNO (𝑑𝑢 + 𝑑) · 𝑑FNO + 2𝑑FNO · 𝑑model + 𝑑FNO · 𝑑𝑧 + 4 ·

(
𝑑2

model · 𝑘max + 𝑑2
model

)
AFNO (𝑑𝑢 + 𝑑) · 𝑑model + 𝑁𝑑model + 𝑑model𝑑𝑧 + 4 · (8 + 4/𝑏) · 𝑑2

model
Transformer NO (𝑑𝑢 + 𝑑) · 𝑑model + 𝑑model · 𝑑𝑧 + 6 ·

(
6𝑑2

model + 2𝑑model
)

ViT NO (𝑑𝑢 + 𝑑) · 𝑑model · 𝑘max + 𝑑model · 𝑑𝑧 + 6 ·
(
6𝑑2

model + 2𝑑model
)

FANO (𝑑𝑢 + 𝑑) · 𝑑model + 𝑑model · 𝑑𝑧 + 6 ·
(
3𝑑2

model · 𝑘max + 3𝑑2
model + 2𝑑model

)
Table 4.1: Parameter complexity for the three proposed transformer neural operators,
as implemented in practice, compared to the Fourier neural operator (Zongyi Li et
al., 2021). We note that for our implementations, 𝑑FNO, which is the latent dimension
of the two-layer lifting and projection MLP in FNO, is fixed to be 128, while the
hyperparameter 𝑏 in the AFNO is fixed to be 8. Parameters arising from possible
bias terms, parameters arising from skip connections in FNO and parameters arising
from normalizations in AFNO are omitted for ease of presentation.

4.C.2 Evaluation Cost
We note that a matrix vector product𝑊𝑢 for𝑊 ∈ R𝑟×𝑟 ′ has cost 2𝑟𝑟′. We approxi-
mate the cost of computing the FFT of a vector in R𝑟 as 5𝑟 log 𝑟 (Hoop et al., 2022).
We approximate the cost of the two-dimensional real FFT, used in implementation,
by (15/2) · 𝑁 log(

√
𝑁) where 𝑁 is the total number of grid points. Assuming that

the grid is of size 𝑠 × 𝑠 = 𝑁 for 𝑠 an even integer, 1d FFTs are first computed for
each row. The real FFT requires 𝑠/2 column 1d FFTs, hence the (15/2) · 𝑁 log

√
𝑁

complexity.
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Architecture Evaluation Cost

FNO
2𝑁 (𝑑𝑢 + 𝑑 + 2𝑑model)𝑑FNO + 2𝑁𝑑FNO𝑑𝑧

+ 4
(
15𝑑model𝑁 log(

√
𝑁) + 𝑘max · (2𝑑2

model − 𝑑model)
+ 2𝑁𝑑2

model
)

Transformer NO
2𝑁 (𝑑𝑢 + 𝑑)𝑑model + 2𝑁𝑑model𝑑𝑧 + 6

(
8𝑑2

model𝑁

+ 2𝑁2𝑑model + 4𝑑2
model𝑁

)
ViT NO

(𝑑𝑢 + 𝑑 + 𝑑model) · 15𝑁 log(
√︁
𝑁/𝑃)/2

+ 𝑃𝑘max𝑑model
(
2(𝑑𝑢 + 𝑑) − 1

)
+ 2𝑁𝑑model𝑑𝑧

+ 6
(
8𝑑2

model𝑁 + 2𝑑model𝑁𝑃 + 4𝑑2
model𝑁

)
FANO

2𝑁 (𝑑𝑢 + 𝑑)𝑑model + 2𝑁𝑑model𝑑𝑧

+ 6
(
45𝑑model𝑁 log(

√︁
𝑁/𝑃) + 3𝑘max𝑃

(
2𝑑2

model − 𝑑model
)

+ 2𝑁𝑑2
model + 2𝑑model𝑁𝑃 + 4𝑁𝑑2

model

)
AFNO

2𝑁 (𝑑𝑢 + 𝑑)𝑑model + 2𝑁𝑑model𝑑𝑧

+ 4
(
16𝑑2

model + 15𝑁𝑑model log(
√
𝑁) + 6𝑁 (2𝑑2

model/𝑏 − 𝑑model)
)

Table 4.2: Evaluation cost (in FLOPS) for the proposed transformer neural operators,
as implemented in practice, compared to FNO (Zongyi Li et al., 2021). As done
in Kaplan et al. (2020) and for ease of presentation, the additional evaluation cost
arising from nonlinear activations, the softmax operator and normalizations are
omitted. Furthermore, we omit the cost arising from skip connections. Indeed
these do not affect the scaling. We further note that for our implementations, 𝑑FNO,
which is the latent dimension of the two-layer lifting and projection MLP in FNO,
is fixed to be 128. In this table we present the expression for the evaluation cost
of AFNO without consideration of possible patching, which we do not employ for
our comparisons: this in combination with the fact that we do not employ mode
truncation is the reason for the 𝑁𝑑2

model term. In our context, the parameter 𝑏 in
AFNO is set to 𝑏 = 8.
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C h a p t e r 5

SMOOTHING AND FORECASTING WITH NEURAL
OPERATORS

5.1 Introduction
Machine learning has opened new frontiers in data assimilation and forecasting in
dynamical systems, ranging from methods which improve on traditional model-
driven algorithms, through to new purely data-driven methods. The goal of this
chapter is to establish a mathematical approach to the study of the purely data-
driven methods. To this end, we consider the general dynamical system given by

¤𝑝 = 𝑓 (𝑝, 𝑞), 𝑝(0) = 𝑝0 ∈ R𝑑𝑝 , (5.1a)

¤𝑞 = 𝑔(𝑝, 𝑞), 𝑞(0) = 𝑞0 ∈ R𝑑𝑞 . (5.1b)

Our focus is on two problems: (i) existence, universal approximation and approxima-
tion from data, of the map from observed {𝑝(𝑡)}𝑡∈[0,𝑇] to unobserved {𝑞(𝑡)}𝑡∈[0,𝑇] ;
and (ii) existence, universal approximation, and approximation from data of the
map from observed {𝑝(𝑡)}𝑡∈[0,𝑇] to unobserved {𝑝(𝑡)}𝑡∈[𝑇,𝑇+𝜏] . In particular, in
the training of data-driven methods for (i) and (ii) we assume no knowledge of the
vector fields ( 𝑓 , 𝑔); and in (ii) we do not even assume we know the dimension of
𝑞, nor do we have any data in the 𝑞 variables. Once the data-driven methods are
trained they simply take an instance of {𝑝(𝑡)}𝑡∈[0,𝑇] as input.

5.1.1 Context and Literature Review
In the context of (5.1) there are three problem classes which naturally arise: (I)
smoothing concerns the offline denoising and estimation of the observed and unob-
served states over some time interval, given observational data in that same time
interval; an instance of this, which we study in this chapter, is the estimation of
unobserved {𝑞(𝑡)}𝑡∈[0,𝑇] from observed {𝑝(𝑡)}𝑡∈[0,𝑇] ; (II) forecasting concerns es-
timation of a state over some future time interval, given observational data over a
past time interval; an instance of this, which we also study in this chapter, is the es-
timation of {𝑝(𝑡)}𝑡∈[𝑇,𝑇+𝜏] from observed {𝑝(𝑡)}𝑡∈[0,𝑇] . Also of importance is (III)
filtering, which concerns the online estimation of an underlying state, sequentially
as observations are received; this, however, is not a focus of the current work.
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The field of data assimilation (DA) is concerned with the use of observational data to
perform state estimation in dynamical systems (including the estimation of quantities
that are not observed). Both smoothing and filtering are used in practice, often
in conjunction with forecasting, as in the field of weather prediction. Traditional
model-driven techniques combine the observations with knowledge of the underlying
dynamical system to address the three tasks (I–III) (Kalnay, 2002; Asch, Marc
Bocquet, and Nodet, 2016; G. Evensen, F.C. Vossepoel, and van Leeuwen, 2022).
Although primarily developed for geophysical applications in the ocean-atmosphere
sciences, such model-driven methods to address tasks (I–III) have been systematized
and now constitute general-purpose methodologies (Reich and Colin Cotter, 2015;
Pandya, Vachharajani, and Srivastava, 2022; Sanz-Alonso, A. Stuart, and Taeb,
2023b). In the last few years new purely data-driven algorithms, which do not
require knowledge of the dynamical system when deployed, have started to emerge
(Kurth et al., 2023; Bi et al., 2023; Price et al., 2025b; Allen et al., 2025; Alexe et al.,
2024; Kossaifi et al., 2026). These methods have also been developed primarily
in weather forecasting, but present opportunities for deployment in many other
domains. Developing mathematical theory pertinent to these methods can play an
important role in the process of making the methods more widely applicable and is
the focus of this chapter.

Over the last half century, model-driven filtering, smoothing and forecasting meth-
ods have dominated in most application domains, starting from the seminal work
of Kalman and Bucy for linear Gaussian systems (Kalman, 1960; Kalman and
Bucy, 1961); the field evolved with introduction of the bootstrap, extended (ExKF)
and ensemble Kalman filters (EnKF) (Doucet, Godsill, and Andrieu, 2000; An-
drew H Jazwinski, 2007; Evensen, 1994) which, respectively, typically work well
for small-, medium- and large-scale dynamical systems: bootstrap particle filter
weights collapse in high dimensions and so they are best in low dimensions; EnKF
has equal weights and has performed well for weather forecasting with state spaces
in the billions of variables; ExKF falls between these cases as it makes a Gaussian
approximation (mitigating weight collapse), but the covariances cannot be propa-
gated in high dimension as they are too large. All model-driven approaches require
knowledge of the dynamics, requiring computationally expensive evaluations in the
context of many large-scale applications of interest. Purely data-driven, model-free,
methods for forecasting were proposed by Lorenz in 1969 (Edward N. Lorenz, 1969),
and go by the name of analog forecasting; these methods were not widely adopted,
however, primarily because of the lack of data to support them, and because they are



192

discontinuous as a function of input data. In the last decade kernel analog forecasting
has been developed (Alexander and Giannakis, 2020), a smoothening of the original
approach of Lorenz, supported by theory. Furthermore, methods such as dynamic
mode decomposition (Schmid, 2010), which are also purely data-driven, have been
widely adopted and come with a developing theory (Mezić, 2020). These methods
have not yet, however, found success in the context of large-scale data assimilation
and forecasting problems; their success is mainly in the identification of large-scale
coherent features in high-dimensional systems.

Machine learning has recently emerged as a novel computational tool for improv-
ing data assimilation and forecasting in both the model- and data-driven settings.
Learning has been introduced within model-driven DA in a variety of ways, primar-
ily in the filtering context. For example, it has been used for model error correction
(Farchi et al., 2021; Levine and A. Stuart, 2021), for constructing cheap surrogates
of the dynamics (Sanz-Alonso and Waniorek, 2025; Adrian, Sanz-Alonso, and Wil-
lett, 2025) and more recently to approximate conditioning in the assimilation step
(Bach, Baptista, Calvello, et al., 2026). A data-driven approach to smoothing has
recently been employed in Allen et al. (2025) and Gupta et al. (2026) for estimating
the initial conditions of weather dynamics. Machine learning has also introduced
a new approach to forecasting which is fully data-driven; this involves the learning
of mappings which output predictions for the forecasted components of the system
from their past observations. This approach has garnered wide interest in domains
like weather forecasting, where both model evaluations and assimilation steps are
particularly costly (Kurth et al., 2023; Bi et al., 2023; Price et al., 2025b; Alexe et al.,
2024; Kossaifi et al., 2026). In a similar context, deploying pretrained time-series
foundation models for forecasting of partially observed chaotic dynamical systems
has been numerically investigated in Zhang and Gilpin (2025). Underpinning these
data-driven approaches with theoretical foundations is the goal of this chapter. In Ta-
ble 5.1 we summarize the distinction between model-driven DA, that has dominated
for the last half century, and recently emerging data-driven approaches including,
but not limited to, the specific methods we study in this chapter.

5.1.2 Contributions and Outline
In this chapter we develop theory for, and insights into, the data-driven smoothing
and forecasting problems previously defined. We work in the noise-free setting,
and in continuous time, focusing on three essential ingredients: (a) the interplay
between the theoretical properties of the dynamics and the existence of well-defined
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Table 5.1: Comparison between model-driven and data-driven approaches.

Model-driven Data-driven

Algorithm Uses dynamical physics model Uses data from dynamical model
and/or direct observations

Limitation Possibly expensive to evaluate and Requires existence of direct mapping,
may miss some dynamics due to a sufficiently dense training dataset and may not

unmodeled physics enforce explicit physical constraints
Advantage Interpretable and output satisfies Possibly cheap to evaluate and

prescribed physical constraints agnostic to model dynamics

maps that can in principle be approximated; (b) the universal approximation prop-
erties of neural operators (N. Kovachki et al., 2023a), neural network architectures
parametrizing mappings between spaces of functions, for these maps; and (c) the
implementation and properties of approximations of these maps learned from data
in a model-free setting. We show that it is possible to construct the desired oper-
ators, defined locally, under an observability-rank condition on the dynamics. We
show that this condition is intimately connected to the setup of Hermann and Krener
(1977), a foundational work in control theory which establishes that, under a more
general observability-rank condition, distinct observations correspond to distinct
dynamics. Takens’ delay embedding theorem (Takens, 2006; Sauer, Yorke, and
Casdagli, 1991) is also conceptually pertinent to our work, but the concrete control-
theoretic perspective of Hermann and Krener (1977) provides a more natural basis
for the theory and algorithms that we develop here. The existence of the desired op-
erators allows approximation via neural operators, for which an emerging universal
approximation theory has been developed (Lanthaler, Zongyi Li, and Andrew M.
Stuart, 2025). In particular, we show how architectures such as the transformer neu-
ral operator (Calvello, Monmarché, et al., 2026) may be applied in the smoothing
and forecasting contexts, and yield desirable universal approximation results. We
then implement these neural operators, demonstrating data-driven approximation of
the maps in practice. Our contributions are as follows:

(C1) We introduce an observability condition on the dynamics, as appearing in
control theoretic literature, which guarantees existence of a continuous oper-
ator locally mapping an observed component of the system to an unobserved
component. This condition is defined in Assumption P2.

(C2) We prove the existence of a neural operator approximating to arbitrary ac-
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curacy the operator mapping an observed component of the system to an
unobserved component. This is the first universal approximation theorem for
a smoothing problem in DA. The result is stated in Theorem 5.3.4.

(C3) We prove the existence of a neural operator approximating to arbitrary ac-
curacy the operator mapping a trajectory of the observed component of the
system to the future of that trajectory. This is the first universal approximation
theorem for a forecasting problem for partially observed dynamical systems.
The result is stated in Theorem 5.3.7.

(C4) We showcase the universal approximation theory developed by applying trans-
former neural operators on smoothing and forecasting problems in the setting
of the Lorenz ‘63, Lorenz ‘96, and Kuramoto-Sivashinsky dynamical systems.

We describe the general dynamical system setting in Subsection 5.1.3; here we also
define the smoothing and forecasting problems which will be the object of investi-
gation. In Section 5.2 we introduce the observability framework that underpins our
analysis. Building on regularity and observability assumptions on the dynamical
systems, we develop the universal approximation theory for smoothing and forecast-
ing in Section 5.3, thus addressing Contributions (C1) to (C3). In Section 5.4 we
demonstrate this theory numerically, thus addressing Contribution (C4). Finally in
Section 5.5 we discuss the results of the chapter and conclude by outlining avenues
for further work.

5.1.3 Dynamical System Setup
Consider the dynamical system (5.1). We make the following regularity assumption:

Assumption P2 (Regularity). Assume that, for some 𝑘 ∈ N,

• 𝑓 ∈ 𝐶𝑘 (R𝑑𝑝+𝑑𝑞 ;R𝑑𝑝 );

• 𝑔 ∈ 𝐶𝑘 (R𝑑𝑝+𝑑𝑞 ;R𝑑𝑞 ).

Assume, furthermore, that solutions to (5.1) exist for all 𝑡 ∈ R+.

Under Assumption P2 it follows that, for any 𝑇 > 0, 𝑝 ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) and
𝑞 ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ). We define by Φ : R+ × R𝑑𝑝+𝑑𝑞 → R𝑑𝑝+𝑑𝑞 the semigroup of
operators associated to the dynamical system, so that

(
𝑝(𝑡), 𝑞(𝑡)

)
= Φ(𝑡, 𝑝0, 𝑞0).
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Let 𝐼 ⊂ R𝑑𝑝+𝑑𝑞 denote a compact set of initial conditions to (5.1) and fix 𝑇 > 0.
Since by Assumption P2 solutions to (5.1) exist for all 𝑡 ∈ R+, the result of Teschl,
2012, Theorem 2.10 implies that Φ(•, •) ∈ 𝐶𝑘 ( [0, 𝑇] × 𝐼;R𝑑𝑝+𝑑𝑞 ); therefore, it may
be deduced that the map 𝑥 ↦→ Φ(•, 𝑥) ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝+𝑑𝑞 ) is continuous. Since the
image of a compact set under a continuous map is compact, we deduce that the set
of orbits 𝑆𝐼[0,𝑇] = {Φ(𝑡, 𝑥) for 𝑡 ∈ [0, 𝑇] : 𝑥 ∈ 𝐼} is compact in 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝+𝑑𝑞 ).
Let 𝜋𝑝 : R𝑑𝑝+𝑑𝑞 → R𝑑𝑝 be the projection map onto the first 𝑑𝑝 coordinates and
𝜋𝑞 : R𝑑𝑝+𝑑𝑞 → R𝑑𝑞 be the projection map onto the remaining 𝑑𝑞 coordinates of the
state space. We note that these are both continuous functions. Define the projected
sets

𝑆𝐼[0,𝑇],𝑝 = {𝜋𝑝 (𝑠) : 𝑠 ∈ 𝑆𝐼[0,𝑇]}, 𝑆𝐼[0,𝑇],𝑞 = {𝜋𝑞 (𝑠) : 𝑠 ∈ 𝑆𝐼[0,𝑇]}; (5.2)

these too are compact in𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) and𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ) since 𝑆𝐼[0,𝑇] is compact
and projection is continuous. Fixing some 𝜏 > 0, for the set of orbits defined on
the future time interval 𝑆𝐼[𝑇,𝑇+𝜏] = {Φ(𝑡, 𝑥) for 𝑡 ∈ [𝑇,𝑇 + 𝜏] : 𝑥 ∈ 𝐼} we similarly
define the projected set

𝑆𝐼[𝑇,𝑇+𝜏],𝑝 = {𝜋𝑝 (𝑠) : 𝑠 ∈ 𝑆𝐼[𝑇,𝑇+𝜏]}. (5.3)

It is readily deduced that 𝑆𝐼[𝑇,𝑇+𝜏],𝑝 is also compact in𝐶𝑘 ( [𝑇,𝑇+𝜏];R𝑑𝑝 ). Given the
dynamical systems (5.1) equipped with the regularity assumption in Assumption P2,
we define the two data assimilation problems central to this chapter.

(P1) Smoothing: recover 𝑞 ∈ 𝑆𝐼[0,𝑇],𝑞 ⊂ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ) from observed 𝑝 ∈
𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ).

(P2) Forecasting: recover 𝑝 ∈ 𝑆𝐼[𝑇,𝑇+𝜏],𝑝 from 𝑝 ∈ 𝑆𝐼[0,𝑇],𝑝 .

5.2 Observability
In this section we develop the observability framework that underpins the existence
and universal approximation of smoothing and forecasting maps, the subject of
Section 5.3. Consider dynamical system (5.1). Underlying the theory in Section 5.3
is the question of whether a unique map {𝑝(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑞(𝑡)}𝑡∈[0,𝑇] exists. A
sufficient condition is that initial condition 𝑞0 is determined by {𝑝(𝑡)}𝑡∈[0,𝑇] . Then,
equation (5.1b) can be integrated as a non-autonomous equation for 𝑞(·), driven by
the observed 𝑝(·).This section is hence focused on the question of recovering 𝑞0 from
𝑝 and its derivatives at time 𝑡 = 0, noting that these derivatives are determined by
{𝑝(𝑡)}𝑡∈[0,𝑇] , assuming sufficient differentiability. In fact we formulate the question
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a bit more generally, seeking to recover 𝑞(𝑡) at some given time 𝑡, given 𝑝 and its
derivatives at that time. In Subsection 5.2.1 we introduce the notation required to
discuss the observability rank condition which encapsulates solvability for 𝑞(𝑡) at
some time 𝑡. We conclude in Subsection 5.2.3 with an example of observability in
the Lorenz ’63 equation.

5.2.1 Observability Setup
The results in Section 5.3 are obtained via an underlying observability assumption
on the system (5.1). To state such an observability condition we introduce the
following notation relating to the dynamical system. Let L𝑚 denote the 𝑚𝑡ℎ Lie
derivative of 𝑓 along the vector field ( 𝑓 , 𝑔) and let 𝐹 (𝑛) : R𝑑𝑝+𝑑𝑞 → R𝑛𝑑𝑝 be defined
from the first 𝑛 Lie derivatives of 𝑓 along the vector field ( 𝑓 , 𝑔) as follows:

𝐹 (𝑛) (𝔭, 𝔮) =
(
L0 𝑓 (𝔭, 𝔮)⊤,L1 𝑓 (𝔭, 𝔮)⊤, . . . ,L𝑛−1 𝑓 (𝔭, 𝔮)⊤

)⊤
, (5.4)

for any (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 . We also define 𝐹 (𝑛) : R𝑑𝑝+𝑑𝑞 → R(𝑛+1)𝑑𝑝 as

𝐹 (𝑛) (𝔭, 𝔮) =
(
𝔭⊤, L0 𝑓 (𝔭, 𝔮)⊤,L1 𝑓 (𝔭, 𝔮)⊤, . . . ,L𝑛−1 𝑓 (𝔭, 𝔮)⊤

)⊤
, (5.5)

for any (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 . We note that the two differ, as 𝐹 also includes 𝔭 ∈ R𝑑𝑝 .
By considering (5.1a), we may deduce that for any (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] , it holds that

L 𝑓
(
𝑝(𝑡), 𝑞(𝑡)

)
= 𝜕𝑝 𝑓

(
𝑝(𝑡), 𝑞(𝑡)

)
· 𝑓

(
𝑝(𝑡), 𝑞(𝑡)

)
+ 𝜕𝑞 𝑓

(
𝑝(𝑡), 𝑞(𝑡)

)
· 𝑔

(
𝑝(𝑡), 𝑞(𝑡)

)
= 𝜕2

𝑡 𝑝(𝑡),

for all 𝑡 ∈ [0, 𝑇]. Therefore, by repeated application of Lie derivatives, it holds for
any (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) × 𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ) and for all 𝑛 ⩽ 𝑘 − 1 that

L𝑛 𝑓
(
𝑝(𝑡), 𝑞(𝑡)

)
= 𝜕𝑛+1

𝑡 𝑝(𝑡), (5.6)

for all 𝑡 ∈ [0, 𝑇]. Define operator𝑃(𝑛) : 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) →
⊗𝑛

𝑗=1𝐶
𝑘− 𝑗 ( [0, 𝑇];R𝑑𝑝 )

via its action on 𝑝 ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) as follows:(
𝑃(𝑛) (𝑝)

)
(𝑡) =

(
𝜕1
𝑡 𝑝(𝑡)⊤, . . . , 𝜕𝑛𝑡 𝑝(𝑡)⊤

)⊤
. (5.7)

We may then deduce that any (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] satisfies the equation

𝐹 (𝑛)
(
𝑝(𝑡), 𝑞(𝑡)

)
=

(
𝑃(𝑛) (𝑝)

)
(𝑡), (5.8)

for all 𝑡 ∈ [0, 𝑇]. Similarly, define operator𝑃(𝑛) : 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) →
⊗𝑛

𝑗=0𝐶
𝑘− 𝑗 ( [0, 𝑇];R𝑑𝑝 )

by (
𝑃(𝑛) (𝑝)

)
(𝑡) =

(
𝜕0
𝑡 𝑝(𝑡)⊤, 𝜕1

𝑡 𝑝(𝑡)⊤, . . . , 𝜕𝑛𝑡 𝑝(𝑡)⊤
)⊤
, (5.9)



197

to deduce that any (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] satisfies the equation

𝐹 (𝑛)
(
𝑝(𝑡), 𝑞(𝑡)

)
=

(
𝑃(𝑛) (𝑝)

)
(𝑡), (5.10)

for all 𝑡 ∈ [0, 𝑇]. Notice that in the topology of (1.1), 𝑃(𝑛) is continuous for
all 𝑛 since differentiation (𝑘 − 𝑗)-times is continuous in each 𝐶𝑘− 𝑗 ( [0, 𝑇];R𝑑𝑝 )
component for 0 ⩽ 𝑗 ⩽ 𝑛.

5.2.2 Observability-Rank Condition
In the following, we introduce a condition under which, at some 𝑡 ∈ [0, 𝑇], it
is possible to recover the unobserved 𝑞(𝑡) from the observed 𝑝(𝑡). Fixing some
𝑡 ∈ [0, 𝑇], and choosing 𝐿̃ : R𝑛𝑑𝑝 → R𝑑𝑞 , we consider the following equation for 𝔮:

𝐿̃𝐹 (𝑛)
(
𝑝(𝑡), 𝔮

)
= 𝐿̃

(
𝑃(𝑛) (𝑝) (𝑡)

)
. (5.11)

This constitutes a system of 𝑑𝑞 equations for 𝔮 ∈ R𝑑𝑞 . If there is a time 𝑡 and
linear operator 𝐿̃ such that the operator 𝐿̃𝐹 (𝑛) (𝑝(𝑡), •) : R𝑑𝑞 → R𝑑𝑞 is invertible,
then there exists a unique solution 𝔮 to (5.11) and, by (5.8), 𝔮 = 𝑞(𝑡). This fact
provides motivation for imposing a local invertibility condition to allow existence
of a map from observed 𝑝 ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) to unobserved 𝑞 ∈ 𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ) in
the neighborhood of invertibility. However, in order to connect with formulations of
related problems in the control theory literature, we formulate a slight modification
of the foregoing.

Again fixing some 𝑡 ∈ [0, 𝑇], and now choosing 𝐿 : R(𝑛+1)𝑑𝑝 → R𝑑𝑝+𝑑𝑞 , we
consider the equation

𝐿𝐹 (𝑛)
(
𝔭, 𝔮

)
= 𝐿

(
𝑃(𝑛) (𝑝) (𝑡)

)
. (5.12)

This constitutes a system of 𝑑𝑝 + 𝑑𝑞 equations for (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 . If there exists a
time 𝑡 and linear transformation 𝐿 such that the operator 𝐿𝐹 (𝑛) (•, •) : R𝑑𝑝+𝑑𝑞 →
R𝑑𝑝+𝑑𝑞 is invertible, then there exists a unique solution (𝔭, 𝔮), to (5.12) and, by (5.10),
(𝔭, 𝔮) =

(
𝑝(𝑡), 𝑞(𝑡)

)
and, in particular, we recover 𝑞(𝑡). Both approaches outlined

lead to recovery of 𝑞(𝑡) from 𝑝(𝑡) and its derivatives, at some time 𝑡 ∈ [0, 𝑇]. This
motivates the following assumption.

Assumption P2 (Observability-Rank Condition). We say that the system (5.1)
satisfies the observability-rank condition at (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , if there exists 𝑛 ∈ N

and a linear operator 𝐿 : R(𝑛+1)𝑑𝑝 → R𝑑𝑝+𝑑𝑞 such that the rank of the matrix
D𝐿𝐹 (𝑛)

(
𝔭, 𝔮

)
is 𝑑𝑝 + 𝑑𝑞.
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Remark 5.2.1. We recall that the inverse function theorem for Euclidean spaces
states that for 𝐹 : R𝑑 → R𝑑 a 𝐶1 map, if D𝐹 is invertible at a point 𝑥 ∈ 𝐹 then
there exist open neighborhoods 𝑈,𝑉 of 𝑥 and 𝐹 (𝑥) respectively, such that there
exists a continuous inverse 𝐹−1 : 𝑉 → 𝑈. The existence of open sets 𝑈 and 𝑉
along with continuous inverse is what we refer to as local invertibility. Under the
observability-rank condition, 𝐿𝐹 (𝑛) (•, •) is locally invertible at (𝔭, 𝔮) by the inverse
function theorem.

Remark 5.2.2 (Observability in Control Theory). We note that the observability-
rank condition from Assumption P2 is an instance of the observability condition
from the seminal paper Hermann and Krener (1977). In particular, considering the
observation function ℎ(𝔭, 𝔮) = 𝔭 for any 𝔭 ∈ R𝑑𝑝 , 𝔮 ∈ R𝑑𝑞 , we may reformulate
(5.10) in terms of this observation function ℎ and hence Assumption P2 in the control
theoretic setting of Hermann and Krener (1977). We elaborate on this connection
in Section 5.A.

5.2.3 Observability of Lorenz ‘63 Model
Consider the Lorenz ‘63 dynamical system in the form

¤𝑥(𝑡) = 𝜎(𝑦(𝑡) − 𝑥(𝑡)),

¤𝑦(𝑡) = 𝑥(𝑡) (𝜌 − 𝑧(𝑡)) − 𝑦(𝑡),

¤𝑧(𝑡) = 𝑥(𝑡)𝑦(𝑡) − 𝛽𝑧(𝑡),

(5.13)

initialized at (𝑥0, 𝑦0, 𝑧0) ∈ R3. We consider the setting where the component 𝑝 = 𝑥

is observed and 𝑞 = (𝑦, 𝑧) is unobserved. It is readily shown that the system satisfies
the observability-rank condition, given this choice of observation. We note that by
(5.10) it holds that

𝐹 (2) (𝑥0, 𝑦0, 𝑧0) =
©­­­«

𝑥0

𝜎(𝑦0 − 𝑥0)
𝜎

(
𝑥0(𝜌 − 𝑧0) − 𝑦0 − 𝜎(𝑦0 − 𝑥0)

)ª®®®¬ . (5.14)

Now, for 𝐿 the identity matrix, the associated differential is

D 𝐿𝐹 (2) (𝑥0, 𝑦0, 𝑧0) =
©­­«

1 0 0
−𝜎 𝜎 0

𝜎(𝜌 + 𝜎 − 𝑧0) −𝜎(𝜎 + 1) −𝜎𝑥0

ª®®¬ .
From the upper-triangular structure it follows readily that this is of full rank for
𝑥0 ≠ 0. Hence we can conclude that the Lorenz ‘63 dynamical system satisfies
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the observability-rank condition at 𝑡 = 0, whenever 𝑥0 ≠ 0. In particular, the map
{𝑥(𝑡)}𝑡∈[0,𝑇] ↦→ {

(
𝑦(𝑡), 𝑧(𝑡)

)
}𝑡∈[0,𝑇] is well-defined whenever 𝑥0 ≠ 0.

Moreover, the Lorenz ‘63 model is not observable if the only data given is 𝑧. This
is due to the fact that, given a solution (𝑥, 𝑦, 𝑧), there is another solution given by
reflection, (−𝑥,−𝑦, 𝑧). Specifically, if (𝑥, 𝑦, 𝑧) satisfies (5.13), then

−¤𝑥 = 𝜎((−𝑦) − (−𝑥)) (5.15)

−¤𝑦 = 𝜌(−𝑥) − (−𝑦) − (−𝑥)𝑧 (5.16)

¤𝑧 = (−𝑥) (−𝑦) − 𝛽𝑧, (5.17)

i.e. (−𝑥,−𝑦, 𝑧) is a solution to (5.13). Thus, there cannot exist a well-defined
mapping 𝑧 ↦→ (𝑥, 𝑦). We also demonstrate this experimentally in Section 5.4.

5.3 Universal Approximation of Smoothing and Forecasting Maps
In this section we state and prove universal approximation results for neural opera-
tors approximating the maps underlying the smoothing Problem (P1) and forecasting
Problem (P2). In Subsection 5.3.1 we recall a specific form of universal approx-
imation theorem for neural operators that we employ for both the smoothing and
forecasting problems. Subsection 5.3.2 is devoted to the existence and universal ap-
proximation map {𝑝(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑞(𝑡)}𝑡∈[0,𝑇] . The recovery of this map amounts
to solving an instance of a smoothing Problem (P1). In Subsection 5.3.3 we apply
the results from the subsection preceding it to deduce the existence and universal
approximation of map {𝑝(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑝(𝑡)}𝑡∈[𝑇,𝑇+𝜏] . The recovery of this map
amounts to solving an instance of a forecasting Problem (P2).

5.3.1 Universal Approximation Theorem
We state a general universal approximation theorem for neural operators that gives
conditions under which a continuous operator may be approximated by a transformer
neural operator from Calvello, Nikola B. Kovachki, et al., 2025, Theorem 22; we
note that other neural operators could also be used (Nikola B Kovachki, Lanthaler,
and Andrew M Stuart, 2024). We use this theorem in the two subsequent subsections
to study the approximation of smoothing and forecasting maps.

Theorem 5.3.1. Let 𝐷 ⊂ R𝑑 be a bounded domain with Lipschitz boundary, and fix
integers 𝑠, 𝑠′ ⩾ 0. If Ψ† : 𝐶𝑠 (𝐷; R𝑟) → 𝐶𝑠

′ (𝐷; R𝑟 ′) is a continuous operator and
𝐾 ⊂ 𝐶𝑠 (𝐷; R𝑟) a compact set, then for any 𝜀 > 0 there exists a transformer neural
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operator Ψ(•; 𝜃) : 𝐾 ⊂ 𝐶𝑠 (𝐷; R𝑟) → 𝐶𝑠
′ (𝐷; R𝑟 ′) so that

sup
𝑢∈𝐾



Ψ†(𝑢) − Ψ(𝑢; 𝜃)



𝐶𝑠
′ ⩽ 𝜀. (5.18)

5.3.2 Smoothing
In this subsection we show that if a dynamical system of the form (5.1) satisfies
the regularity conditions in Assumption P2 and the observability-rank condition
Assumption P2 at a point, it is possible to construct a continuous operator mapping
the observed trajectory to the initial condition of the full trajectory; we then show how
this leads to existence of a continuous operator mapping the observed trajectory over
a time interval to the unobserved trajectory over the same interval. We note that the
continuity of these operators is necessary to apply existing universal approximation
results for neural operators.

Proposition 5.3.2 (Existence of map 𝑊 : 𝑝 ↦→ (𝑝(0), 𝑞(0))). Consider the dy-
namical system (5.1) satisfying the regularity Assumption P2, for integer 𝑘 , and
the observability Assumption P2 at some (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , for integer 𝑛 ⩽ 𝑘.

Let 𝑈 ∋ (𝔭, 𝔮) and 𝑉 ∋ 𝐿𝐹 (𝑛) (𝔭, 𝔮) be the open sets given by the inverse func-
tion theorem. Then, for every compact 𝐼 ⊂ 𝑈, there exists a continuous map
𝑊 : 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) → R𝑑𝑝+𝑑𝑞 such that, for every (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] ,

𝑊 (𝑝) = (𝑝(0), 𝑞(0)). (5.19)

Proof. Observe that from (5.12) for every (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] we have that

𝐿𝐹 (𝑛) (𝑝(0), 𝑞(0)) = 𝐿 (𝑃(𝑛) (𝑝) (0)) (5.20)

and 𝐿𝐹 (𝑛) (•, •) is locally invertible by the inverse function theorem from As-
sumption P2. Furthermore, the evaluation functional at time 𝑡 = 0, namely
𝛿0 :

⊗𝑛

𝑗=0𝐶
𝑘− 𝑗 ( [0, 𝑇];R𝑑𝑝 ) → R(𝑛+1)𝑑𝑝 , is linear and bounded, hence continu-

ous with respect to the topology of (1.1). Using these operators, we can construct
𝑊 : 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) → R𝑑𝑝+𝑑𝑞 so that

𝑊 (𝑝) =
(
𝐿𝐹 (𝑛)

)−1 ◦ 𝐿 ◦ 𝛿0 ◦ 𝑃(𝑛) (𝑝). (5.21)

From (5.20) we have that 𝐿 ◦ 𝛿0 ◦ 𝑃(𝑛) (𝑝) ∈ 𝑉 for all 𝑝, so composition with
(𝐿𝐹 (𝑛))−1 is well-defined. By construction (𝐿𝐹 (𝑛))−1 is continuous and 𝑊 is
continuous since it is a composition of continuous operators. For all (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇]
we have 𝑊 (𝑝) = (𝑝(0), 𝑞(0)) since (𝑝(0), 𝑞(0)) is a solution to (5.20) and 𝐿𝐹 (𝑛)

is a bijection from𝑈 to 𝑉 .



201

Following Proposition 5.3.2 we may now establish the existence of an operator
mapping observed 𝑝 trajectories to unobserved 𝑞 trajectories.

Proposition 5.3.3 (Existence of map Ψ
†
𝑆

: 𝑝 ↦→ 𝑞). Consider the dynamical
system (5.1) satisfying regularity Assumption P2, for integer 𝑘 , and the observability
Assumption P2 at some (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , for integer 𝑛 ⩽ 𝑘. Let 𝑈 ∋ (𝔭, 𝔮) and 𝑉 ∋
𝐿𝐹 (𝑛) (𝔭, 𝔮) be the open sets given by the inverse function theorem. Then for every
compact 𝐼 ⊂ 𝑈, there exists continuous operator Ψ†

𝑆
: 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) →
𝑆𝐼[0,𝑇],𝑞 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑞 ) such that, for every (𝑝, 𝑞) ∈ 𝑆𝐼[0,𝑇] and 𝑡 ∈ [0, 𝑇],

Ψ
†
𝑆
(𝑝) (𝑡) = 𝑞(𝑡). (5.22)

Proof. We construct such a Ψ† using 𝑊 from Proposition 5.3.2 and composition
with the solution operator Φ. Define Ψ

†
𝑆

: 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶
𝑘 ( [0, 𝑇];R𝑑𝑝 ) → 𝑆𝐼[0,𝑇],𝑞 ⊂

𝐶 ( [0, 𝑇];R𝑑𝑞 ) by

Ψ
†
𝑆
(𝑝) (𝑡) = 𝜋𝑞 ◦Φ(𝑡,𝑊 (𝑝)), 0 ⩽ 𝑡 ⩽ 𝑇. (5.23)

Recall that 𝜋𝑞 is continuous. By construction 𝑊 (𝑝) = (𝑝(0), 𝑞(0)), so 𝜋𝑞 ◦
Φ(𝑡,𝑊 (𝑝)) = 𝑞(𝑡). Observe that this is a continuous operator since Φ is continuous
with respect to initial conditions,𝑊 is continuous with respect to 𝑝 and composition
of continuous operators is continuous.

Leveraging the approximation properties of neural operators, we may now establish
a universal approximation theorem for the solution of Problem (P1), an instance of
a smoothing problem.

Theorem 5.3.4 (Universal Approximation for Smoothing). Consider the dynam-
ical system (5.1) satisfying regularity Assumption P2, for integer 𝑘 , and the observ-
ability Assumption P2 at some (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , for integer 𝑛 ⩽ 𝑘. For any 𝜀 > 0
there exists a neural operator Ψ(•; 𝜃) : 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) → 𝑆𝐼[0,𝑇],𝑞 ⊂
𝐶𝑘 ( [0, 𝑇];R𝑑𝑞 ) satisfying

sup
𝑝∈𝑆𝐼[0,𝑇 ], 𝑝

∥Ψ†
𝑆
(𝑝) − Ψ(𝑝; 𝜃)∥𝐶𝑘 ⩽ 𝜀.

Proof. We know that Ψ†
𝑆

exists and continuous since the assumptions of Proposi-
tion 5.3.3 are satisfied. We recall that 𝑆𝐼[0,𝑇],𝑝 is compact. The conclusion follows
from a direct application of Theorem 5.3.1 with 𝐷 = [0, 𝑇], 𝑟 = 𝑑𝑝, 𝑟′ = 𝑑𝑞,
Ψ† = Ψ

†
𝑆
, and 𝐾 = 𝑆[0,𝑇],𝑝.
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Remark 5.3.5. Since our observability-rank condition Assumption P2 is local, all
operators constructed in the previous theorems have a domain of input trajectories
which are near the point of invertibility (𝔭, 𝔮). The set of these trajectories is
determined, non-constructively, by the inverse function theorem. It is of general
interest to determine the largest possible domain of input trajectories for which the
smoothing map Ψ

†
𝑆

(or the subsequently defined forecasting map Ψ
†
𝐹
) exists and

is continuous. A potential approach to this problem is to determine all points of
invertibility and stitch together a global inverse from the open sets given by the
inverse function theorem. Such analysis, however, will likely need to be carried out
on a case-by-case basis and is not the focus of the current work.

In the case of the Lorenz ‘63 system, studied in subsection 5.2.3, it is easy to see
that𝑈 = R \ {0} ∪R2. Therefore the domain 𝑆𝐼[0,𝑇],𝑝 of Ψ†

𝑆
contains all trajectories

with initial condition 𝑥0 uniformly bounded away from 0.

5.3.3 Forecasting
Using Proposition 5.3.2 we may also establish the existence of an operator mapping
the observed portion of 𝑝 trajectories, 𝑝 ↾[0,𝑇] , to the future portion 𝑝 ↾[𝑇,𝑇+𝜏] .

Proposition 5.3.6 (Existence of map Ψ
†
𝐹

: 𝑝 ↾[0,𝑇] ↦→ 𝑝 ↾[𝑇,𝑇+𝜏]). Consider the
dynamical system (5.1) satisfying regularity Assumption P2, for integer 𝑘 , and the
observability Assumption P2 at some (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , for integer 𝑛 ⩽ 𝑘. Let 𝑈 ∋
(𝔭, 𝔮) and 𝑉 ∋ 𝐿𝐹 (𝑛) (𝔭, 𝔮) be the open sets given by the inverse function theorem.
Then for every compact 𝐼 ⊂ 𝑈, there exists a continuous operator Ψ

†
𝐹

: 𝑆𝐼[0,𝑇],𝑝 ⊂
𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) → 𝑆𝐼[𝑇,𝑇+𝜏],𝑝 ⊂ 𝐶

𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ) such that, for every (𝑝, 𝑞) ∈
𝑆𝐼[0,𝑇] ,

Ψ
†
𝐹
(𝑝) (𝑡) = 𝑝(𝑡), 𝑇 ⩽ 𝑡 ⩽ 𝑇 + 𝜏. (5.24)

Proof. We construct such a Ψ
†
𝐹

using 𝑊 from Proposition 5.3.2 and composition
with the solution operatorΦ. DefineΨ†

𝐹
: 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) → 𝑆𝐼[𝑇,𝑇+𝜏],𝑝 ⊂
𝐶𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ) by

Ψ
†
𝐹
(𝑝) (𝑡) = 𝜋𝑝 ◦Φ(𝑡,𝑊 (𝑝)), 𝑇 ⩽ 𝑡 ⩽ 𝑇 + 𝜏. (5.25)

We first recall that 𝜋𝑝 is continuous. By construction it holds that 𝑊 (𝑝) =

(𝑝(0), 𝑞(0)), hence 𝜋𝑝 ◦ Φ(𝑡,𝑊 (𝑝)) = 𝑝(𝑡) for 𝑇 ⩽ 𝑡 ⩽ 𝑇 + 𝜏. We observe
that this is a continuous operator since Φ is continuous with respect to initial condi-
tions, 𝑊 is continuous with respect to 𝑝, and composition of continuous operators
is continuous.
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Leveraging the approximation properties of neural operators, we may now establish
a universal approximation theorem for the solution of Problem (P2), an instance of
a forecasting problem.

Theorem 5.3.7 (Universal Approximation for Forecasting). Consider the dy-
namical system (5.1) satisfying regularity Assumption P2, for integer 𝑘 , and the
observability Assumption P2 at some (𝔭, 𝔮) ∈ R𝑑𝑝+𝑑𝑞 , for integer 𝑛 ⩽ 𝑘. Then for
any 𝜀 > 0 there exists a neural operator Ψ(•; 𝜃) : 𝑆𝐼[0,𝑇],𝑝 ⊂ 𝐶

𝑘 ( [0, 𝑇];R𝑑𝑝 ) →
𝑆𝐼[𝑇,𝑇+𝜏],𝑝 ⊂ 𝐶

𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ) satisfying

sup
𝑝∈𝑆𝐼[0,𝑇 ], 𝑝

∥Ψ†
𝐹
(𝑝) − Ψ(𝑝; 𝜃)∥𝐶𝑘 ( [𝑇,𝑇+𝜏];R𝑑𝑝 ) ⩽ 𝜀.

Proof. We know that Ψ†
𝐹

exists and is continuous since the assumptions of Propo-
sition 5.3.6 are satisfied. Recall that 𝑆𝐼[0,𝑇],𝑝 is compact. We apply the result of
Theorem 5.3.1 to an operator defined via linear homeomorphisms of Ψ𝐹 , which
we will then use to establish the approximation result in its final form. Indeed, we
define the translation map Λ𝑇 : 𝐶𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ) → 𝐶𝑘 ( [0, 𝜏];R𝑑𝑝 ) so that

(Λ𝑇𝜑) (𝑠) = 𝜑(𝑇 + 𝑠), 𝑠 ∈ [0, 𝜏],

for any 𝜑 ∈ 𝐶𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ). We note that

∥𝜑∥𝐶𝑘 ( [𝑇,𝑇+𝜏];R𝑑𝑝 ) = ∥Λ𝑇𝜑∥𝐶𝑘 ( [0,𝜏];R𝑑𝑝 ) .

It is also possible to define the rescaling operator 𝑅𝜏 : 𝐶𝑘 ( [0, 𝜏];R𝑑𝑝 ) → 𝐶𝑘 ( [0, 1];R𝑑𝑝 )
so that

(𝑅𝜏𝜑) (𝑠) = 𝜑(𝜏𝑠), 𝑠 ∈ [0, 1],

for any 𝜑 ∈ 𝐶𝑘 ( [0, 𝜏];R𝑑𝑝 ). We similarly define the rescaling operator 𝑅𝑇 . We note
that these rescaling operators are linear homeomorphisms, preserving equivalence of
norms up to multiplicative constants. We therefore define the translated and rescaled
forecasting operator Ψ̃

†
𝐹

: 𝑅𝑇 (𝑆𝐼[0,𝑇],𝑝) ⊂ 𝐶
𝑘 ( [0, 1];R𝑑𝑝 ) → 𝐶𝑘 ( [0, 1];R𝑑𝑝 ) de-

fined via the composition

Ψ̃
†
𝐹
= 𝑅𝜏 ◦ Λ𝑇 ◦ Ψ†𝐹 ◦ 𝑅

−1
𝑇 ,

which is continuous by continuity of all the operators in the composition. We note
that 𝑅𝑇 (𝑆𝐼[0,𝑇],𝑝) is compact since 𝑅𝑇 is a homeomorphism and therefore preserves
compactness. Hence, by Theorem 5.3.1, it is possible to deduce that for any
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𝛿 > 0 there exists a neural operator Ψ̃(•, 𝜃) : 𝑅𝑇 (𝑆𝐼[0,𝑇],𝑝) ⊂ 𝐶
𝑘 ( [0, 1];R𝑑𝑝 ) →

𝐶𝑘 ( [0, 1];R𝑑𝑝 ) satisfying

sup
𝑝∈𝑅𝑇 (𝑆𝐼[0,𝑇 ], 𝑝)

∥Ψ̃†
𝐹
(𝑝) − Ψ̃(𝑝; 𝜃)∥𝐶𝑘 ( [0,1];R𝑑𝑝 ) ⩽ 𝛿. (5.26)

This indeed follows from a direct application of Theorem 5.3.1 with 𝐷 = [0, 1], 𝑟 =
𝑑𝑝, 𝑟′ = 𝑑𝑝, Ψ† = Ψ̃

†
𝐹
, and 𝐾 = 𝑅𝑇 (𝑆𝐼[0,𝑇],𝑝). Defining Ψ(•, 𝜃) : 𝐶𝑘 ( [0, 𝑇];R𝑑𝑝 ) →

𝐶𝑘 ( [𝑇,𝑇 + 𝜏];R𝑑𝑝 ) via the composition

Ψ(•, 𝜃) = Λ−1
𝑇 ◦ 𝑅−1

𝜏 ◦ Ψ̃(•; 𝜃) ◦ 𝑅𝑇 ,

it is readily deduced that for any 𝑝 ∈ 𝑆𝐼[0,𝑇],𝑝 it holds that

∥Ψ†
𝐹
(𝑝) − Ψ(𝑝; 𝜃)∥𝐶𝑘 ( [𝑇,𝑇+𝜏];R𝑑𝑝 ) = 𝐶∥Ψ̃

†
𝐹
(𝑅𝑇 𝑝) − Ψ̃(𝑅𝑇 𝑝; 𝜃)∥𝐶𝑘 ( [0,1];R𝑑𝑝 ) ,

for a constant 𝐶 depending on 𝑇 and 𝜏. Therefore, choosing 𝜀 = 𝛿/𝐶 and applying
the result established in (5.26) yields the conclusion.

5.4 Data-Driven Approximation of Smoothing and Forecasting Maps
The theoretical developments of Section 5.3 prove the existence of, and universal
approximation theorems for, maps that underpin data-driven smoothing and fore-
casting in data assimilation. In this section we demonstrate that it is possible to
learn these maps, purely from data, in practice. In Subsection 5.4.1 we describe
the experimental set-up in general, followed in Subsection 5.4.2 by a summary of
the numerical results. We describe details of the experiment with the Lorenz ‘63
(Edward N. Lorenz, 1963b) and Lorenz ‘96 (Edward N Lorenz, 1996b) dynamical
systems in Subsection 5.4.3 and Subsection 5.4.4, respectively; experiments with
the Kuramoto-Sivashinsky equation (Kuramoto, 1978; Michelson and Sivashinsky,
1977) are contained in Subsection 5.4.4.

5.4.1 Experimental Set-Up
To train the neural operators solving the data assimilation problems we consider the
following data scenario. For each dynamical system, the set {𝑝 ( 𝑗) , 𝑞 ( 𝑗)}𝐽

𝑗=1 of input-
output pairs are generated using the dynamics in (5.1), given i.i.d. initial conditions(
𝑝 ( 𝑗) (0), 𝑞 ( 𝑗) (0)

)
∼ 𝜋. Measure 𝜋 is computed as the pushforward, over some

burn-in time, of the simpler measure 𝜋0. For each dynamical system we consider
the existence of operators Ψ

†
𝑆

: 𝐶 ( [0, 𝑇]) → 𝐶 ( [0, 𝑇]) and Ψ
†
𝐹

: 𝐶 ( [0, 𝑇]) →
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𝐶 ( [𝑇,𝑇 + 𝜏]) defined as the mappings1

Ψ
†
𝑆

: {𝑝(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑞(𝑡)}𝑡∈[0,𝑇] Ψ
†
𝐹

: {𝑝(𝑡)}𝑡∈[0,𝑇] ↦→ {𝑝(𝑡)}𝑡∈[𝑇,𝑇+𝜏] . (5.27)

We train transformer neural operators (Calvello, Nikola B. Kovachki, et al., 2025)
to construct approximations of Ψ†

𝑆
and Ψ

†
𝐹

picked from the parametric class

Ψ𝑆 : 𝐶 ( [0, 𝑇]) × Θ→ 𝐶 ( [0, 𝑇]), Ψ𝐹 : 𝐶 ( [0, 𝑇]) × Θ→ 𝐶 ( [𝑇,𝑇 + 𝜏])

respectively. We use the transformer neural operator based on self-attention from
Calvello, Nikola B. Kovachki, et al. (2025) to approximate the Ψ

†
𝑆
, hence solving

smoothing, and to approximate Ψ
†
𝐹

in the context of Lorenz ‘63 dynamics, hence
solving forecasting in this setting. We use a variant of this architecture which uses
cross-attention to approximate Ψ†

𝐹
in the other contexts, hence solving forecasting in

those settings. Architectural details as well as the universal approximation properties
for these neural operators are discussed in more depth in Section 5.B. The set Θ is
assumed to be a finite dimensional parameter space from which a 𝜃∗ ∈ Θ is selected
so that Ψ•(•, 𝜃∗) ≈ Ψ

†
• . To define 𝜃∗ we employ a cost functional 𝑐 and solve the

following optimization problem:

𝜃∗ = arg min𝜃∈ΘE•
[
𝑐
(
Ψ•(•, 𝜃),Ψ†• (•)

) ]
. (5.28)

In practice, we will only have access to the values of each input and output trajectory
at a set of discretization points of the domain, which we denote as {𝑡𝑖}𝑁𝑖=1. The self-
attention based transformer neural operator that we deploy for smoothing uses the
same number of grid-points for the input and output; employing a cross-attention
based transformer neural operator is used to bypass this constraint on matching input
and output grids for forecasting in some settings, where the input is on the time-
interval [0, 𝑇] and the output on [𝑇,𝑇 + 𝜏]. We note that due to its discretization
invariant properties, this architecture can be used to obtain a prediction for the
output at any arbitrary discretization of [𝑇,𝑇 + 𝜏]. For the smoothing experiments
we use 6 self-attention transformer neural operator layers with 128 latent channels,
for each self-attention operator, we use 8 attention heads. We also use this set-up for
forecasting in the Lorenz ‘63 context. For the other forecasting experiments we use

1We note that the existence of the operators in (5.27) is not directly guaranteed by Proposi-
tion 5.3.3 and Proposition 5.3.6, as the former are defined on the whole of 𝐶 ( [0, 𝑇]), rather than
a local domain of existence. We note that establishing the existence of the operators in (5.27)
constitutes an important avenue for future work, which we present in Section 5.5. We assume their
existence for our numerical investigations.
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an architecture composed of an encoder and a decoder: the encoder comprises 6 self-
attention transformer neural operator layers with 1024 latent channels; the decoder
on the other hand is comprised of a single layer consisting of a self-attention operator
and a cross-attention operator both with 1024 latent channels.

5.4.2 Summary of Results from Numerical Experiments
We provide here a summary of the experimental results. In Table 5.1 we collect the
results of the smoothing experiments for the various systems, reporting relative 𝐿2

errors between the true unobserved trajectory and the prediction generated by the
neural operator. All errors are reported on test data not used for training.

Table 5.1: Smoothing performance on Lorenz ‘63 (L63), Lorenz ‘96 (L96), and the
Kuramoto–Sivashinsky equation (KSE). Relative 𝐿2 errors are averaged over test
trajectories.

System Avg. Rel. 𝐿2 Med. Rel. 𝐿2 Std. Rel. 𝐿2 Min. Rel. 𝐿2 Max. Rel. 𝐿2

L63 0.012426 0.012402 0.001612 0.008761 0.017275
L96 0.047156 0.044635 0.014569 0.025633 0.258743
KSE 0.009433 0.009322 0.000755 0.007678 0.013157

In Table 5.2 we report the results of the forecasting experiments. For each system,
we report the mean, median and standard deviation of the relative 𝐿2 errors obtained
on the sample trajectories in the test set. We also report the relative improvement
achieved by the neural operator prediction when compared to the constant prediction
taken using the final value of the input trajectory. We note that the chaotic nature
of the problems considered means that long-term trajectory forecasting is difficult.
However we can compose forecasts and look at the resulting statistics of the time-
series — in particular the invariant measure of the resulting stationary process; these
are well-approximated. Thus, for each of the systems, we report in the respective
subsections the statistics of the long-time forecasts obtained via composition of the
trained neural operators. The results in Table 5.2 along with the accurate prediction
of trajectory statistics demonstrate the success of using a neural operator forecasting
approach.

In the following subsections, we describe the experimental set-up for the various
systems and provide analysis of the numerical results.



207

Table 5.2: Forecasting performance on Lorenz ‘63 (L63), Lorenz ‘96 (L96), and the
Kuramoto–Sivashinsky equation (KSE). Relative 𝐿2 errors are averaged over test
trajectories. Baseline corresponds to a constant forecast equal to the last input state;
we report the relative improvement achieved with the transformer neural operator
compared to the baseline.

System Avg. Rel. 𝐿2 Med. Rel. 𝐿2 Std. Rel. 𝐿2 Rel. Improvement (%)

L63 0.050 0.033 0.100 95.53
L96 0.033 0.032 0.004 94.38
KSE 0.046 0.045 0.007 82.68

5.4.3 Lorenz ’63
We study the Lorenz ‘63 dynamical system (Edward N. Lorenz, 1963b) in the form

¤𝑥 = 𝜎(𝑦 − 𝑥), (5.29a)

¤𝑦 = 𝑥(𝜌 − 𝑧) − 𝑦, (5.29b)

¤𝑧 = 𝑥𝑦 − 𝛽𝑧. (5.29c)

For the purposes of our experiments, the parameters are set to the classical values
𝜎 = 10, 𝜌 = 28, 𝛽 = 8

3 at which the system has provable stable chaotic and
statistical properties (Tucker, 1999; Holland and Melbourne, 2007). The initial
conditions 𝑥0, 𝑦0, 𝑧0 for training and test sets are sampled i.i.d from the uniform
distributions 𝑈 ( [−15, 15]), 𝑈 ( [−15, 15]), and 𝑈 ( [0, 40]), respectively. We use a
burn-in time of 20 to ensure the trajectories are close to the attractor at time 𝑡 = 0.
For the Problem (P1) smoothing experiment we use the 𝑥 trajectory on a time interval
of [0, 5] as input data and predict the coupled 𝑦, 𝑧 trajectories over the same time
interval. For practical implementation, we use points on the trajectories sampled at
uniform intervals Δ𝑡 = 0.02. For the Problem (P2) forecasting experiment we use
the 𝑥 trajectory on a time interval of [0, 2] as input data and predict the coupled 𝑥
trajectory over the future time [2, 4]. For practical implementation, we use points on
the input and output trajectories sampled at uniform intervals Δ𝑡 = 0.01. We train
the neural operator solving the smoothing problem using 10000 training trajectories
and the one solving the forecasting problem using 200000 trajectories. For both
experiments we use a test set of 2000 trajectories. We note the higher data complexity
required to solve the forecasting problem.

We summarize the parameter and experimental settings for the Lorenz ‘63 dynami-
cal system in Table 5.3. In Figure 5.1 we demonstrate the qualitative results of the
smoothing experiment. Indeed, we display the predicted trajectories corresponding
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Table 5.3: Lorenz ‘63 system settings

Category Smoothing Forecasting

Parameters 𝜎 = 10, 𝜌 = 28, 𝛽 = 8
3

Observed 𝑥 ∈ 𝐶
(
[0, 5];R

)
𝑥 ∈ 𝐶

(
[0, 2];R

)
Unobserved (𝑦, 𝑧) ∈ 𝐶

(
[0, 5];R2) (𝑦, 𝑧) ∈ 𝐶

(
[2, 4];R2)

Observation time step Δ𝑡 = 0.02 Δ𝑡 = 0.01

Figure 5.1: Median and worst-case relative 𝐿2 error samples for smoothing experi-
ment involving prediction of (𝑦, 𝑧) from 𝑥.

to the median and highest relative 𝐿2 errors in the test set compared to true tra-
jectories. The panels showcase predictions that are qualitatively indistinguishable
from the truth, indicating the success of the purely data-driven smoothing approach.
To further demonstrate the importance of observability, we experiment with the
smoothing setting of mapping the 𝑧 trajectory over the time interval [0, 5] to the
𝑥, 𝑦 trajectories over the same time interval. We use the same model and training
setup as before. Figure 5.2 displays the predicted trajectories corresponding to the
median and highest relative 𝐿2 errors in the test set compared to true trajectories.
The panels showcase the failure in the predictions, which achieve a median relative
𝐿2 error of 1; it is also interesting to note that the model seems to predict the 0
trajectory, possibly due to the reflection argument discussed in Subsection 5.2.3.
In Figure 5.3 we demonstrate the qualitative results of the forecasting experiment.
Indeed, in Figure 5.3a we display the predictions for the trajectories corresponding
to the median and highest relative 𝐿2 errors in the test set compared to ground
truths. We note that the prediction for the test sample presenting the largest error
still resembles a possible trajectory of the Lorenz ‘63 system. Indeed, the prediction
diverges to another lobe of the attractor; this behavior is to be expected in prediction
problems in the context of chaotic systems. With the goal of obtaining forecasts on
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Figure 5.2: Median and worst-case relative 𝐿2 error samples for smoothing experi-
ment involving prediction of (𝑥, 𝑦) from 𝑧.

longer time horizons, we experiment with composition of the learned forecasting
map Ψ𝐹 : 𝐶 ( [0, 2]) → 𝐶 ( [2, 4]) to obtain Ψ𝑛

𝐹
: 𝐶 ( [0, 2]) → 𝐶 ( [2, 2 + 2𝑛]). In

Figure 5.3b, for 𝑛 = 500 we compare the distribution (histogram) of points in the
predicted future trajectories 𝑝 to points in the ground truth trajectories 𝑝. The
matching of distributions, and hence statistics, indicates the success in predicting
valid trajectories from the attractor of the Lorenz system, despite the chaotic nature
of the equations and hence per-trajectory divergence. As further validation of the
quantitative success of the purely data-driven forecasting approach, we recall the
numerical comparison with the prediction given by the constant value of 𝑥(𝑇) for
𝑇 = 2, that is taking the predicted trajectory to be 𝑝(𝑡) = 𝑥(2) for 𝑡 ∈ [2, 4].
Table 5.2 shows the improvement in accuracy yielded by the cross-attention based
transformer neural operator, in comparison to this naive approach.

(a) (b)

Figure 5.3: Median and worst-case relative 𝐿2 error samples in forecasting (a).
Distribution of trajectory predictions under composition of the learned forecasting
map (b).
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5.4.4 Lorenz ’96
The Lorenz ‘96 model (Edward N Lorenz, 1996b) consists of a linearly damped and
externally forced system equipped with an energy-conserving quadratic nonlinearity,
which generates cyclic interactions among the state variables. These properties make
the model a standard testbed for investigating atmospheric predictability. The system
dynamics are governed by the following equations:

𝑑𝑢𝑖

𝑑𝑡
=
(
𝑢𝑖+1 − 𝑢𝑖−2

)
𝑢𝑖−1 − 𝑢𝑖 + 𝐹, 𝑖 = 1, 2, . . . , 𝑑. (5.30)

For the purposes of our experiments 𝑑 = 40 in the smoothing setting, while 𝑑 = 8
in the forecasting setting; furthermore, in both setups the parameter is set to 𝐹 = 8.
For all components 𝑢𝑖 the initial conditions for training and test sets are found by first
selecting initial conditions i.i.d. from 𝐹 +𝑈 ( [−1, 1]), in both index 𝑖 and random
choice of initialization at time 𝑡 = −200, and then simulating the system using a
burn-in time of 200 to ensure the initialization of the trajectories are sampled i.i.d.
from the attractor at time 𝑡 = 0. For the smoothing experiment we take trajectories
over a time interval of [0, 5] as input data and predict the unobserved trajectories
over the same time interval. For practical implementation, we use points on the
trajectories sampled at uniform intervals Δ𝑡 = 0.02. For the forecasting experiment
we also use trajectories on a time interval of [0, 5] as input data and predict observed
trajectories over the future time [5, 5.2]. For practical implementation, we use points
on the input and output trajectories sampled at uniform intervalsΔ𝑡 = 0.02. We train
the neural operator solving the smoothing problem using 10000 training trajectories
and the one solving the forecasting problem using 160000 trajectories. For both
experiments we use a test set of 2000 trajectories. We again note the higher data
complexity required to solve the forecasting problem.

We summarize the parameter and experimental settings for the Lorenz ‘96 dynami-
cal system in Table 5.4. In Figure 5.4 we demonstrate the qualitative results of the

Table 5.4: Lorenz ‘96 system settings

Category Smoothing Forecasting

Parameters 𝐹 = 8

Observed (𝑢1, . . . , 𝑢21, 𝑢23, 𝑢25, . . . , 𝑢39) ∈ 𝐶 ( [0, 5];R30) (𝑢1, 𝑢2, 𝑢3, 𝑢5, . . . , 𝑢39) ∈ 𝐶 ( [0, 5];R30)

Unobserved (𝑢22, 𝑢24, . . . , 𝑢40) ∈ 𝐶 ( [0, 5];R10) (𝑢1, 𝑢2, 𝑢3, 𝑢5, . . . , 𝑢39) ∈ 𝐶 ( [5, 5.2];R30)

Obs. time Δ𝑡 = 0.02

smoothing experiment. Indeed, we display the predicted trajectories correspond-
ing to the median and highest relative 𝐿2 errors in the test set compared to true
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trajectories. The median error panel demonstrates near-perfect overlap between
prediction and truth, while the highest error panel exhibits overlap only after 𝑡 = 1,
indicating a possible effect of synchronization (Pecora and Carroll, 1990). Together,
these results demonstrate the qualitative success of the purely data-driven smooth-
ing approach. In Figure 5.5 we display results for the forecasting experiment. Here

Figure 5.4: Median and worst-case performance on the Lorenz ‘96 system for
smoothing.

we show the pointwise errors relative to the root mean square of the ground truth
(computed in space) for the sample in the test set achieving the median relative 𝐿2

error. With the goal of obtaining forecasts on longer time horizons, we experiment
with composition of the learned forecasting map Ψ𝐹 : 𝐶 ( [0, 5]) → 𝐶 ( [5, 5.2]) to
obtain Ψ𝑛

𝐹
: 𝐶 ( [0, 5]) → 𝐶 ( [5, 5 + 0.2𝑛]). In Figure 5.6a, we show an example

of predicted trajectories obtained by composing the map with 𝑛 = 50; the plot
shows trajectory divergence after a handful of compositions, due to chaos and error
compounding. However, in Figure 5.6b, for 𝑛 = 500 we compare the distribution
of points in the predicted future trajectories 𝑝 to points in the ground truth trajec-
tories 𝑝. The matching of distributions, and hence statistics, indicates the success
in predicting the invariant measure supported on the attractor of the Lorenz ‘96
system, despite the chaotic nature of the equations that results in trajectory diver-
gence. As further validation of the quantitative success of the purely data-driven
forecasting approach, we recall the numerical comparison with the prediction given
by the constant value of 𝑥(𝑇) for 𝑇 = 5, that is taking the predicted trajectory to be
𝑝(𝑡) = 𝑝(5) for 𝑡 ∈ [5, 5.2]. Table 5.2 shows the improvement in accuracy yielded
by the cross-attention based transformer neural operator, in comparison to this naive
approach.
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Figure 5.5: Pointwise errors relative to the root mean square of the ground truth
(computed in space) for the sample in the test set achieving the median relative 𝐿2

error.

(a) (b)

Figure 5.6: Forecast obtained by composing the learned map on one-step median
and worst-case relative 𝐿2 error samples (a). Distribution of trajectory predictions
under composition of the learned forecasting map (b).

5.4.5 Kuramoto-Sivashinsky
The Kuramoto–Sivashinsky (KS) equation (Kuramoto, 1978) is a well-studied non-
linear partial differential equation that models the development of instabilities in
spatially extended systems. It exhibits rich spatiotemporal chaotic behavior and
arises in a variety of physical contexts, including flame front propagation, thin film
flows, and reaction–diffusion phenomena. With the periodicity in space imposed to
identity 𝑥 = 𝐿 and 𝑥 = 0, the one-dimensional KS equation for 𝑢 : [0, 𝐿] ×R+ → R

takes the form

𝜕𝑢

𝜕𝑡
+ 𝜕

4𝑢

𝜕𝑥4 +
𝜕2𝑢

𝜕𝑥2 + 𝑢
𝜕𝑢

𝜕𝑥
= 0, (𝑥, 𝑡) ∈ (0, 𝐿) × R+, (5.31a)

𝑢(𝑥, 0) = 𝑢0, ∀𝑥 ∈ [0, 𝐿] . (5.31b)
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For the purposes of our experiments, the parameter is set to 𝐿 = 32𝜋. Numerically,
the KS equation (5.31) is discretized in space using a Fourier pseudospectral method,
which naturally enforces periodic boundary conditions. Time integration is carried
out using the exponential time-differencing fourth-order Runge–Kutta (ETDRK4)
scheme (Kassam and Trefethen, 2005). This method treats the stiff linear operator
analytically, thereby avoiding the explicit linear Courant–Friedrichs–Lewy (CFL)
constraint associated with fully explicit Runge–Kutta schemes. As a result, the time
step is selected according to accuracy requirements and nonlinear resolution rather
than linear stability limitations. We simulate the dynamics using a burn-in time of
200 to ensure the trajectories are independent and sampled from the attractor. The
observed trajectories are taken to be filtered solutions of (5.31), obtained by zeroing
out the high Fourier modes of 𝑢. We denote this filtered solution by 𝑢̃. In the
smoothing setting we experiment with, the goal is to recover the full solution 𝑢 from
𝑢̃, where 𝑢̃ is obtained by retaining the first 64 modes of 𝑢 and zeroing out the rest. In
the forecasting setting, 𝑢̃ is obtained by retaining the first 32 modes of 𝑢 and zeroing
out the rest. For the smoothing experiment we use the observed trajectories on a time
interval of [0, 100] as input data and predict the unobserved trajectories over the
same time interval. For practical implementation, we use points on the trajectories
sampled at uniform intervals Δ𝑡 = 0.25. For the forecasting experiment we use
the observed trajectories on a time interval of [0, 100] as input data and predict
the the trajectories over the future time [100, 102]. For practical implementation,
we use points on the input and output trajectories sampled at uniform intervals
Δ𝑡 = 0.25. We train the neural operator solving the smoothing problem using
10000 training trajectories and the one solving the forecasting problem using 80000
trajectories. For both experiments we use a test set of 2000 trajectories. We note the
higher data complexity required to solve the forecasting problem. We summarize
the parameter and experimental settings for the Kuramoto-Sivashinsky equation in
Table 5.5. In Figure 5.7 we demonstrate the qualitative results of the smoothing

Table 5.5: Kuramoto–Sivashinsky (KS) system settings

Category Smoothing Forecasting

Parameters 𝐿 = 32𝜋

Spatial Grid 𝑥 𝑗 = 𝑗 𝐿/128, 𝑗 = 1, . . . , 128

Observed
(
𝑢̃(𝑥1), . . . , 𝑢̃(𝑥128)

)
∈ 𝐶 ( [0, 100];R128)

(
𝑢̃(𝑥1), . . . , 𝑢̃(𝑥128)

)
∈ 𝐶 ( [0, 100];R128)

Unobserved
(
𝑢(𝑥1), . . . , 𝑢(𝑥128)

)
∈ 𝐶 ( [0, 100];R128)

(
𝑢̃(𝑥1), . . . , 𝑢̃(𝑥128)

)
∈ 𝐶 ( [100, 102];R128)

Obs. time Δ𝑡 = 0.25
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experiment. Indeed, we display the predicted trajectories corresponding to the
median and highest relative 𝐿2 errors in the test set compared to true trajectories.
The panels showcase predictions that are qualitatively indistinguishable from the
truth, indicating the success of the purely data-driven smoothing approach. In

Figure 5.7: Median and worst-case performance on the KS system for smoothing.

Figure 5.8 we display results for the forecasting experiment. Here we show the
pointwise errors relative to the root mean square of the ground truth (computed
in space) for the sample in the test set achieving the median relative 𝐿2 error.
With the goal of obtaining forecasts on longer time horizons, we experiment with
composition of the learned forecasting map Ψ𝐹 : 𝐶 ( [0, 100]) → 𝐶 ( [100, 102])
to obtain Ψ𝑛

𝐹
: 𝐶 ( [0, 100]) → 𝐶 ( [100, 100 + 2𝑛]). In Figure 5.9a, we show an

example of predicted trajectories obtained by composing the map with 𝑛 = 100;
the plot shows trajectory divergence after a handful of compositions, due to chaos
and error compounding. However, in Figure 5.9b, for 𝑛 = 1000 we compare the
distribution of points in the predicted future trajectories 𝑝 to points in the ground
truth trajectories 𝑝. The matching of distributions, and hence statistics, indicates the
success in predicting valid trajectories from the attractor of the KS system, despite
the chaotic nature of the equations and hence per-trajectory divergence. As further
validation of the qualitative success of the purely data-driven forecasting approach,
we recall the numerical comparison with the prediction given by the constant value
of 𝑝(𝑇) for 𝑇 = 100, that is taking the predicted trajectory to be 𝑝(𝑡) = 𝑝(100)
for 𝑡 ∈ [100, 102]. Table 5.2 shows the improvement in accuracy yielded by the
transformer neural operator, in comparison to this naive approach.

5.5 Conclusions and Future Directions
In this work we have formulated and analyzed a model for fully data-driven data
assimilation, and the smoothing and forecasting problems in particular; we have also
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Figure 5.8: Pointwise errors relative to the root mean square of the ground truth
(computed in space) for the sample in the test set achieving the median relative 𝐿2

error.

(a) (b)

Figure 5.9: Forecast obtained by composing the learned map on one-step median
and worst-case relative 𝐿2 error samples (a). Distribution of trajectory predictions
under composition of the learned forecasting map (b).

defined neural operator algorithms to tackle the problem in practice. We show that in
the context of dynamical systems, under an observability-rank condition, there exists
a continuous operator mapping observations to unobserved or predicted quantities.
We formulate universal approximation theorems establishing the existence of neural
operator parametrizations solving the smoothing and forecasting problems up to
arbitrary accuracy. We have further demonstrated these capabilities in practice by
deploying transformer neural operators for these problems in the context of the
Lorenz ‘63, Lorenz ‘96, and Kuramoto-Sivashinsky dynamical systems.

The theory developed in this chapter represents a significant step towards accelerated,
nonlinear data assimilation that is model agnostic, avoiding the need for specified
dynamics and possibly expensive model evaluations. This provides, for example,
a first mathematical underpinning for the development of the direct-observation



216

state estimators and direct-observation forecasts, which constitute the frontier of
the AI-weather forecasting domain; see Allen et al. (2025) and Alexe et al. (2024),
respectively. Nonetheless, many open challenges remain, and we highlight several
interesting avenues for future work.

1. In Subsection 5.2.3 we show that the observability-rank condition is satisfied
by the Lorenz ‘63 dynamical system whenever 𝑥0 ≠ 0. Characterizing for
which points the Lorenz ‘96 dynamical system and Kuramoto-Sivashinsky
equation satisfy this condition constitutes an avenue for further work. A
similar analysis for the Navier-Stokes equation could lead to theory directly
applicable to computational fluid dynamics and the atmospheric sciences.

2. Several chaotic dynamical systems of interest in the data assimilation context
exhibit the property of synchronization (Pecora and Carroll, 1990). Syn-
chronization of trajectories of coupled chaotic dynamical systems occurs,
for example, in the setting of (5.1) supplemented with additive linear terms
𝐴𝑝𝑝 and 𝐴𝑞𝑞 for negative definite 𝐴𝑞, and with Lipschitz conditions on the
functions 𝑓 , 𝑔. An investigation of the interplay between the universal ap-
proximation properties of neural operators and the synchronization properties
of the dynamics constitutes an interesting avenue for future work.

3. It is of interest to extend the local existence results in this chapter to show
under a different set of assumptions the existence of an operator mapping
observations to unobserved variables, defined on the whole domain of the
dynamics. Applying the theory of fractal delay embeddings from Sauer,
Yorke, and Casdagli (1991) constitutes a promising avenue for future work.

4. It is of interest to perform a detailed numerical study comparing the per-
formance of different neural operator architectures when applied to the data
assimilation problems presented in this chapter. Furthermore, an accuracy-
complexity tradeoff analysis between neural operators and non learning-based
smoothing algorithms would be of interest.

5. It is of interest to study discrete time dynamical systems from the perspective
developed in this chapter, and to use this setting to make concrete connections
to Takens’ embedding theorem (Takens, 2006; Sauer, Yorke, and Casdagli,
1991).
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5.A Observability-Rank Condition in Control Theory
In the following discussion we explain the connection between the observability-
rank condition, employed in this chapter, and the observability-rank condition from
control theory, introduced in the seminal paper Hermann and Krener (1977). In the
general control-theoretic context, consider the partially observed dynamical system

¤𝑥 = 𝜙(𝑥, 𝑢),
𝑦 = ℎ(𝑥),

(5.32)

where 𝑢(𝑡) ∈ Ω ⊂ R𝑙 for each 𝑡 ⩾ 0, 𝑥 ∈ 𝑀 , a𝐶∞ connected manifold of dimension
𝑚, 𝑦 ∈ R𝑛, and 𝜙, ℎ are 𝐶∞ functions. For simplicity we may consider the setting
where 𝑀 = R𝑑𝑝+𝑑𝑞 and ℎ : R𝑑𝑝+𝑑𝑞 → R𝑑𝑞 as follows.

Example 5.A.1. The partially observed dynamical system (5.1) we consider in this
chapter may be written in the form

¤𝑝 = 𝑓 (𝑝, 𝑞),
¤𝑞 = 𝑔(𝑝, 𝑞),
𝑝 = 𝜋𝑝 (𝑝, 𝑞).

(5.33)

This is a specific example of the control theoretic setting with 𝑀 = R𝑑𝑝+𝑑𝑞 , the
external control 𝑢 absent, 𝜙 = ( 𝑓 , 𝑔) and ℎ = 𝜋𝑝.

We now introduce the technical notions required to define the observability-rank
condition from Hermann and Krener (1977). These definitions may be found in
Hermann and Krener (1977) and are developed for general 𝐶∞ manifolds 𝑀 and
general 𝐶∞ observation operators ℎ : R𝑚 → R𝑛. Here we work in the setting of
𝑀 = R𝑑𝑝+𝑑𝑞 and ℎ : R𝑑𝑝+𝑑𝑞 → R𝑑𝑝 , aligning with the Example 5.A.1, and in
particular with the contents of our work.

Every point u ∈ Ω defines a vector field 𝑥 ↦→ 𝜙(𝑥, u) ∈ 𝐶∞(R𝑑𝑝+𝑑𝑞 ;R𝑑𝑝+𝑑𝑞 ); we
let F 0 ⊂ 𝐶∞(R𝑑𝑝+𝑑𝑞 ;R𝑑𝑝+𝑑𝑞 ) denote the collection of all of these vector fields,
one for each u ∈ Ω. We let H0 denote the subset of 𝐶∞(R𝑑𝑝+𝑑𝑞 ) consisting of
the 𝑑𝑝 component functions ℎ1, ℎ2, . . . , ℎ𝑑𝑝 : R𝑑𝑝+𝑑𝑞 → R of the observation map
ℎ : R𝑑𝑝+𝑑𝑞 → R𝑑𝑝 , viewed as scalar-valued smooth functions on R𝑑𝑝+𝑑𝑞 . We define
H to be the smallest linear subspace of 𝐶∞(R𝑑𝑝+𝑑𝑞 ) containing H0 and which is
closed with respect to Lie differentiation under elements of F 0. For each 𝜑 ∈ H ,
the differential D𝜑(𝑥) : R𝑑𝑝+𝑑𝑞 → R is a linear functional on R𝑑𝑝+𝑑𝑞 , i.e. an element
of (R𝑑𝑝+𝑑𝑞 )∗. We define dH0 = {D𝜑 : 𝜑 ∈ H0} and dH = {D𝜑 : 𝜑 ∈ H} as
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collections of maps R𝑑𝑝+𝑑𝑞 → (R𝑑𝑝+𝑑𝑞 )∗, and dH(𝑥) ⊆ (R𝑑𝑝+𝑑𝑞 )∗ as the subspace
obtained by evaluating elements of dH at 𝑥.

Definition 5.A.2 (Observability-rank condition in Hermann and Krener (1977)).
The dynamical system (5.32) satisfies the observability-rank condition at 𝔵 if dim(dH(𝔵)) =
𝑑𝑝 + 𝑑𝑞.

With the translation between our work and Hermann and Krener (1977), as described
in Example 5.A.1, we may formulate the following proposition.

Proposition 5.A.3. The dynamical system (5.1) satisfying Assumption P2 with 𝑓 , 𝑔 ∈
𝐶∞ and satisfying Assumption P2 at the point (𝔭, 𝔮) is an instance of a dynamical
system (5.32) with a fixed control, satisfying the observability-rank condition from
Hermann and Krener (1977) at the point 𝔵 = (𝔭, 𝔮).

Proof of Proposition 5.A.3. We are in the specific setting of Example 5.A.1 and
hence, because no control is present, the set F 0 simply comprises the vector field
( 𝑓 , 𝑔) ∈ 𝐶∞(R𝑑𝑝+𝑑𝑞 ;R𝑑𝑝+𝑑𝑞 ). Letting 𝔵 = (𝔭, 𝔮) and recalling the notation for Lie
derivatives defined in Section 1.2, we have that

L( 𝑓 ,𝑔) (𝜋𝑝) (𝔵) =
𝜕𝜋𝑝

𝜕𝑥
(𝔵)

(
𝑓 (𝔵)
𝑔(𝔵)

)
(5.34a)

=

(
𝐼𝑑𝑝×𝑑𝑝 0𝑑𝑝×𝑑𝑞

) (
𝑓 (𝔭, 𝔮)
𝑔(𝔭, 𝔮)

)
= 𝑓 (𝔭, 𝔮). (5.34b)

Therefore, higher order Lie derivatives of 𝜋𝑝 under the vector field ( 𝑓 , 𝑔) yield
L𝑖( 𝑓 ,𝑔) 𝑓 . Let G be the span of the component functions {𝜋𝑝,1, . . . , 𝜋𝑝,𝑑𝑝 } ∪
{L𝑖( 𝑓 ,𝑔) 𝑓 𝑗 : 1 ⩽ 𝑗 ⩽ 𝑑𝑝, 0 ⩽ 𝑖 ⩽ 𝑛 − 1}, where 𝜋𝑝, 𝑗 : R𝑑𝑝+𝑑𝑞 → R denotes
the 𝑗 th component of 𝜋𝑝 and similarly 𝑓 𝑗 denotes the 𝑗 th component of 𝑓 , so that
the evaluations {𝜋𝑝, 𝑗 (𝔭, 𝔮)}

𝑑𝑝

𝑗=1 and {L𝑖( 𝑓 ,𝑔) 𝑓 𝑗 (𝔭, 𝔮)}
𝑑𝑝

𝑗=1 correspond to the (𝑛+ 1)𝑑𝑝
entries of 𝐹 (𝑛) (𝔭, 𝔮) in (5.5).

From (5.34) and closure of H under Lie differentiation under ( 𝑓 , 𝑔), we have that
G ⊆ H ; consequently, dH contains differentials of elements of G. The linear
transformation 𝐿 : R(𝑛+1)𝑑𝑝 → R𝑑𝑝+𝑑𝑞 from (5.12) defines a map

𝐿𝐹 (𝑛) : (𝔭, 𝔮) ↦→ [𝑠1(𝔭, 𝔮), 𝑠2(𝔭, 𝔮), . . . , 𝑠𝑑𝑝+𝑑𝑞 (𝔭, 𝔮)]⊤, (5.35)

for 𝑠𝑖 ∈ G. Since dH(𝔭, 𝔮) ⊆ (R𝑑𝑝+𝑑𝑞 )∗, we have that dim(dH(𝔭, 𝔮)) ⩽ 𝑑𝑝 + 𝑑𝑞.
Since 𝑠1, . . . , 𝑠𝑑𝑝+𝑑𝑞 ∈ G ⊆ H , their differentials D𝑠1(𝔭, 𝔮), . . . ,D𝑠𝑑𝑝+𝑑𝑞 (𝔭, 𝔮) are
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elements of dH(𝔭, 𝔮). Moreover, these differentials are the rows of the Jacobian
D(𝐿𝐹 (𝑛)) (𝔭, 𝔮), which has rank 𝑑𝑝 + 𝑑𝑞 by Assumption P2, and hence are linearly
independent. Therefore dim(dH(𝔭, 𝔮)) ⩾ 𝑑𝑝 + 𝑑𝑞, and combined with the upper
bound dim(dH(𝔭, 𝔮)) ⩽ 𝑑𝑝 + 𝑑𝑞, we conclude that dim(dH(𝔭, 𝔮)) = 𝑑𝑝 + 𝑑𝑞.

5.B Architectural Details
In this section we describe the transformer neural operator architectures employed
in Section 5.4, with particular focus on cross-attention. The goal of this section is
two-fold: to present the architectural details, but also to discuss how the architecture
may be cast in the universal approximation context of Theorem 5.3.1, which is
the object of this chapter. The first transformer neural operator uses self-attention.
The second uses a combination of self-attention and cross-attention. The use of
cross-attention enables the output of the architecture to be defined on a different
number of grid points than the input. The self-attention based transformer neural
operator we use is described in detail in Calvello, Nikola B. Kovachki, et al., 2025,
Section 4.2. A slight modification to the architecture implemented in practice
leads to a universal approximation theorem of the form we apply in this chapter
(as in Theorem 5.3.1), the statement of which may be found in Calvello, Nikola B.
Kovachki, et al., 2025, Theorem 22. We focus the following discussion on the cross-
attention based transformer neural operator. To this end, we recall the definition of
cross-attention in function space from Calvello, Nikola B. Kovachki, et al. (2025).

Let 𝐷 ⊆ R𝑑 and 𝐸 ⊆ R𝑒 be open sets. Let 𝑢 : 𝐷 → R𝑑𝑢 be a function, 𝑣 : 𝐸 → R𝑑𝑣

another function, and 𝑥 ∈ 𝐸 , 𝑦 ∈ 𝐷 points. Then, for learnable parameters
𝑄 ∈ R𝑑𝐾×𝑑𝑣 , 𝐾 ∈ R𝑑𝐾×𝑑𝑢 , 𝑉 ∈ R𝑑𝑉×𝑑𝑢 , cross-attention is defined as the operator
acting on functions 𝑣, 𝑢 such that

C(𝑣, 𝑢) (𝑥) = E𝑦∼𝜋(𝑦;𝑣,𝑢,𝑥) [𝑉𝑢(𝑦)], (5.36)

for any 𝑥 ∈ 𝐸 , where the probability density function is defined as 𝜋(·; 𝑣, 𝑢, 𝑥) :
𝐷 → R+ so that

𝜋(𝑦; 𝑣, 𝑢, 𝑥) =
exp

(〈
𝑄𝑣(𝑥), 𝐾𝑢(𝑦)

〉
R𝑑𝐾

)
∫
𝐷

exp
(〈
𝑄𝑣(𝑥), 𝐾𝑢(𝑠)

〉
R𝑑𝐾

)
d𝑠
, (5.37)

for any 𝑦 ∈ 𝐷. We note that self-attention is a special case of cross-attention
where 𝑣 = 𝑢. In the following, we denote by V,U,W,Z as arbitrary function
spaces; furthermore, while cross-attention allows a more general definition, here
we write the architecture as a mapping between functions over the domain 𝐷. The
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cross-attention based transformer neural operator we employ may be written as
the map ΨC(•, •; 𝜃) : V(𝐷;Rℓ) × U(𝐷;R𝑟) → Z(𝐷;R𝑟 ′) acting on functions
𝑣 ∈ V(𝐷;Rℓ) and 𝑢 ∈ U(𝐷;R𝑟) such that

ΨC(𝑣, 𝑢; 𝜃) :=
(
Tout ◦ D(𝑣, •) ◦ E𝐿 ◦ Tin

)
(𝑢, 𝜃). (5.38)

In practice, we define Tin : U(𝐷;R𝑟) →W(𝐷;R𝑐) via concatenation with the grid
(positional encoding) and application of a learnable linear transformation that lifts to
a latent channel dimension 𝑐. The operator E𝐿 :W(𝐷;R𝑐) →W(𝐷;R𝑐) is defined
via a composition of 𝐿 self-attention layers. Its construction is outlined in detail in
Calvello, Nikola B. Kovachki, et al., 2025, Section 4. The transformer decoder D :
V(𝐷;Rℓ)×W(𝐷;R𝑐) →W(𝐷;R𝑐) is defined for (𝑣, 𝑢) ∈ V(𝐷;Rℓ)×W(𝐷;R𝑐)
via the iteration

𝑣 ←[ 𝑆in𝑣, (5.39a)

𝑣 ←[ 𝑊D
1 𝑣 + C(𝑣, 𝑣), (5.39b)

𝑣 ←[ FLayerNorm(𝑣), (5.39c)

𝑣 ←[ 𝑊D
2 𝑣 + C(𝑣, 𝑢), (5.39d)

𝑣 ←[ FLayerNorm(𝑣), (5.39e)

𝑣 ←[ 𝑊D
3 𝑣 + FNN(𝑣), (5.39f)

𝑣 ←[ FLayerNorm(𝑣), (5.39g)

where 𝑆in is a learnable linear transformation lifting to the channel dimension,
FLayerNorm denotes application of layer normalization, FNN a two layer multilayer
perceptron and in practice, and multihead cross-attention is employed; we refer to
Calvello, Nikola B. Kovachki, et al., 2025, Section 4 for a discussion on multihead
attention. We also note that in our implementation, we fix the linear transformation
𝑊D

1 ,𝑊
D
2 ,𝑊

D
3 to be the identity. For implementation purposes, we define the operator

Tout : W(𝐷;R𝑐) → Z(𝐷;R𝑟 ′) as a linear transformation projecting to the output
space.

Due to the definition of cross-attention and step (5.39d) in the decoder, the discretiza-
tion size of the output function corresponds to the discretization size of the input
function 𝑣, making this architecture particularly attractive for forecasting problems,
where the output time interval may be of length differing to the input. In practical
application of this architecture, the 𝑣 is fixed to be the rescaled identity function,
sampled at the grid points where the output function is to be evaluated. Since the
𝑣 is fixed, for the approximation theory developed in the following section we only
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require consideration of the operator Ψ(𝑣, •; 𝜃) : U(𝐷;R𝑟) → Z(𝐷;R𝑟 ′). Because
the architecture is the discrete version of the continuum neural operator, the scheme
is discretization invariant in both inputs, meaning that the parameters will be inde-
pendent of any discretization of input and output functions; the resulting scheme is
thus deployable at any discretization. In the next subsection we state and prove a
universal approximation theorem for a slight variant of the scheme implemented in
practice.

5.B.1 Universal Approximation for Cross-Attention
Consider activation functions 𝜎 ∈ 𝐶∞(R) which are non-polynomial and Lips-
chitz continuous. We consider neural operators of the form (5.38) where Tin :
U(𝐷;R𝑟) →W(𝐷;R𝑐) and Tout :W

(
𝐷;R𝑐

)
→Z

(
𝐷;R𝑑𝑧

)
are defined by neural

networks of the form(
Tin(𝑢)

)
(𝑥) = 𝑅2𝜎

(
𝑅1

(
𝑢(𝑥), 𝑥

)
+ 𝑏𝑅

)
+ 𝑏′𝑅, (5.40)(

Tout(𝑣)
)
(𝑥) = 𝑃2𝜎

(
𝑃1

(
𝑣(𝑥), 𝑥

)
+ 𝑏𝑃

)
+ 𝑏′𝑃, (5.41)

where
(
𝑢(𝑥), 𝑥

)
∈ R𝑟+𝑑 and

(
𝑣(𝑥), 𝑥

)
∈ R𝑐+𝑑 , where 𝑅1, 𝑅2, 𝑃1, 𝑃2 are learned linear

transformations of appropriate dimensions and 𝑏𝑅, 𝑏′𝑅, 𝑏𝑃, 𝑏
′
𝑃

are learned vectors.
We define the operator E : W

(
𝐷;R𝑐

)
→ W

(
𝐷;R𝑐

)
as a two-step map acting on

its inputs 𝑢 ∈ W(𝐷;R𝑐) as

𝑢(𝑥) ←[ 𝑊E
1 𝑢(𝑥) + C

(
𝑢, 𝑢;𝑄E, 𝐾E, 𝑉E) (𝑥), (5.42a)

𝑢(𝑥) ←[ 𝑊E
2 𝑢(𝑥) +𝑊

E
3 𝜎

(
𝑊E

4 𝑢(𝑥) + 𝑏
E
1
)
+ 𝑏E

2 , (5.42b)

for any 𝑥 ∈ 𝐷. Note that the layer thus defined does not include layer normalizations,
and hence is a variant of the self-attention transformer layer employed in practice.
We also define a no-layer normalization variant of the decoder in (5.39), which
also includes a residual of the output of the encoder after application of cross-
attention; indeed we consider D : V(𝐷;Rℓ) × W(𝐷;R𝑐) → W(𝐷;R𝑐) defined
for (𝑣, 𝑢) ∈ V(𝐷;Rℓ) ×W(𝐷;R𝑐) via the iteration

𝑣(𝑥) ←[ 𝑆in𝑣(𝑥) (5.43a)

𝑣(𝑥) ←[ 𝑊D
1 𝑣(𝑥) + C(𝑣, 𝑣;𝑄D

1 , 𝐾
D
1 , 𝑉

D
1 ) (𝑥), (5.43b)

𝑣(𝑥) ←[ 𝑊D
2
(
𝑣(𝑥), 𝑢(𝑥)

)
+ C(𝑣, 𝑢;𝑄D

2 , 𝐾
D
2 , 𝑉

D
2 ) (𝑥), (5.43c)

𝑣(𝑥) ←[ 𝑊D
3 𝑣(𝑥) +𝑊

D
4 𝜎

(
𝑊D

5 𝑣(𝑥) + 𝑏
D
1
)
+ 𝑏D

2 , (5.43d)
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for any 𝑥 ∈ 𝐷. We may now apply the result of Lanthaler, Zongyi Li, and Andrew
M. Stuart (2025) to show two universal approximation theorems for the resulting
cross-attention based transformer neural operator.

Theorem 5.B.1. Let 𝐷 ⊂ R𝑑 be a bounded domain with Lipschitz boundary, and
fix integers 𝑠, 𝑠′ ⩾ 0. If Ψ† : 𝐶𝑠

(
𝐷;R𝑟

)
→ 𝐶𝑠

′ (
𝐷;R𝑟 ′

)
is a continuous operator

and 𝐾 ⊂ 𝐶𝑠
(
𝐷;R𝑟

)
a compact set, then for any 𝜀 > 0, there exists a cross-attention

based transformer neural operator Ψ(𝑣, •; 𝜃) : 𝐾 ⊂ 𝐶𝑠
(
𝐷;R𝑟

)
→ 𝐶𝑠

′ (
𝐷;R𝑟 ′

)
so

that
sup
𝑢∈𝐾



Ψ†(𝑢) − Ψ(𝑣, 𝑢; 𝜃)



𝐶𝑠
′ ⩽ 𝜀. (5.44)

Proof. We begin by noting that for 𝑄D
2 , 𝐾

D
2 = 0 and 𝑉D

2 = 𝐼, the cross-attention
mapping employed in the decoder reduces to

C
(
𝑣, 𝑢;𝑄D

2 , 𝐾
D
2 , 𝑉

D
2
)
(•) = E𝑦∼𝜋(𝑦;𝑣,𝑢,•) [𝑉D

2 𝑢(𝑦)] =
1
|𝐷 |

∫
𝑢(𝑥) d𝑥. (5.45)

For encoder weights 𝑉D = 0, 𝑊E
3 = 0, 𝑊E

1 = 𝑊E
2 = 𝐼 and decoder weights

𝑊D
2 =

(
0,𝑊

)
, 𝑊D

3 = 0, 𝑊D
4 = 𝑊D

5 = 𝐼 and 𝑏D
2 = 0, the composition of encoder

(5.42) and decoder (5.43) reduces to the mapping

𝑢(•) ↦→ 𝜎

(
𝑊𝑢(•) + 𝑏1 +

1
|𝐷 |

∫
𝑢(𝑥) d𝑥

)
. (5.46)

The existence of 𝑊, 𝑅1, 𝑅2, 𝑃1, 𝑃2, 𝑏1, 𝑏𝑅, 𝑏
′
𝑅
, 𝑏𝑃, 𝑏

′
𝑃

so that Ψ(𝑣, • ; 𝜃) satisfies
(5.44) then follows from Lanthaler, Zongyi Li, and Andrew M. Stuart, 2025, Theo-
rem 2.1, which also involves the application of the universality result for two-layer
neural networks of Pinkus, 1999, Theorem 4.1.
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C h a p t e r 6

TRANSFORMERS FOR NONLINEAR FILTERING

6.1 Introduction
Filtering, determining the conditional distribution of the state of a partially and
noisily observed dynamical system given data collected sequentially in time, con-
stitutes a longstanding computational challenge, particularly when the state is high-
dimensional. Sequential data assimilation encompasses a broad range of methods
aimed at finding the filtering distribution, or simply estimating the state, in an online
fashion. The focus of this work is on the use of sequential data assimilation methods
for filtering and state estimation, and in particular the methodologies developed
primarily in the geophysical sciences, and weather prediction especially, which are
relevant in high dimensions. The overarching goal is to introduce a new framework
for the machine learning of data assimilation (DA) algorithms, and specifically en-
semble filters, which facilitates the sharing of parameters between implementations
with different ensemble sizes; we may, for example, train and deploy the same model
with different ensemble sizes. To achieve this we work in the context of mean-field
state-space formulations of filtering. This perspective enables us to consider the
idea of learning algorithms which share a common set of parameters, regardless
of ensemble size, by viewing large ensembles as approximating a common mean
field limit. In practice, small ensemble sizes behave differently from large ensemble
sizes, an issue that has heretofore been addressed by use of inflation and localization.
Here we show that an efficient fine-tuning strategy can be used to transfer parameters
trained at one ensemble size to another ensemble size, at which the algorithm can
be deployed. The resulting algorithms are based on stochastic dynamical systems
for a state variable whose evolution depends on its own law; particle approximation
leads to implementable algorithms. We show how the attention mechanism, adapted
from the transformer methodology at the heart of large language models, can be
used to define probability measure-dependent transport maps, i.e. mappings that
move probability mass from one distribution to another, that can be approximated by
empirical measures using arbitrary ensemble sizes. We refer to the resulting class
of neural network architectures as measure neural mappings.

In Subsection 6.1.1, we set our work in the context of pre-existing literature. Then,
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we describe the specific contributions we make to achieve our overarching goal, and
we overview the contents of the chapter in Subsection 6.1.2.

6.1.1 Literature Review
Data assimilation (DA) is a fundamental framework for integrating observational
data with numerical models for the purpose of state estimation and forecasting. DA
methods systematically combine observations with prior model forecasts, account-
ing for their respective uncertainties, to produce optimal estimates of the system state
or to characterize a probability distribution over the state. Several textbooks provide
comprehensive overviews of this field (Andrew H. Jazwinski, 1970; Kody Law, A.
Stuart, and Kostas Zygalakis, 2015; Asch, Marc Bocquet, and Nodet, 2016; Reich
and Colin Cotter, 2015; Evensen, Vossepoel, and Leeuwen, 2022; Bach, Baptista,
Sanz-Alonso, et al., 2025).

The Kalman filter Kalman (1960) is a foundational sequential data assimilation
algorithm for linear systems with Gaussian errors. The extended Kalman filter,
using linearization, adapts the Kalman methodology to nonlinear systems, but its
direct application to high-dimensional geophysical problems is computationally
prohibitive. The ensemble Kalman filter (EnKF) (Evensen, 2003; Burgers, Van
Leeuwen, and Evensen, 1998; Jeffrey L Anderson, 2001) addresses this limitation
through a Monte Carlo approach, representing statistics via a limited ensemble
of model states. Square-root variants, including the ensemble transform Kalman
filter and the ensemble adjustment Kalman filter (Jeffrey L Anderson, 2001; Tip-
pett et al., 2003), reduce both storage requirements and sampling errors through
deterministic formulations. Stochastic EnKF variants update each ensemble mem-
ber using the Kalman filter equation with random perturbations in the innovation;
Van Leeuwen (2020a) provides a consistent derivation that favors perturbing the
modeled observations. However, EnKF-based methods commonly encounter chal-
lenges in practical implementations and, in particular, suffer from sampling errors
caused by finite ensemble sizes. To address these limitations, covariance inflation
(Jeffrey L. Anderson and S. L. Anderson, 1999; Jeffrey L. Anderson, 2007) and
localization (Brian R. Hunt, Kostelich, and Szunyogh, 2007) techniques have been
developed. Approaches such as the iterative EnKF (Pavel Sakov, Dean S. Oliver,
and Laurent Bertino, 2012) and the maximum likelihood ensemble filter (Zupanski,
2005) further improve performance in nonlinear regimes.

The integration of machine learning methodologies into DA has recently emerged
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as a powerful strategy to enhance predictive accuracy and scalability beyond tra-
ditional approaches constrained by Gaussian assumptions. Such machine learning
approaches are reviewed in Cheng et al. (2023b) and Bach, Baptista, Sanz-Alonso, et
al. (2025). A key direction has been the direct learning of filters from data. Learning
a fixed-gain filter was considered in Hoang, De Mey, and Talagrand (1994), Mallia-
Parfitt and Bröcker (2016), Levine and A. Stuart (2022), and Bach, Baptista, Luk,
et al. (2025). McCabe et al. (McCabe and Brown, 2021) developed an ensemble
filter that uses the mean and covariance matrix as input to a recurrent neural net-
work. Bocquet et al. (Marc Bocquet, Farchi, et al., 2024) further demonstrated the
efficacy of neural network-based filtering schemes without relying on an ensemble,
achieving comparable accuracy to ensemble methods by identifying key dynamical
perturbations directly from forecast states.

Complementary to these direct learning strategies, a distinct class of approaches
formulates ensemble filtering as a transport problem. These methods explicitly
construct transformations that map forecast distributions onto analysis distribu-
tions. Representative techniques include Knothe–Rosenblatt rearrangements (Span-
tini, Baptista, and Youssef Marzouk, 2022b), normalizing flows (Chipilski, 2025),
bridge matching (Shi et al., 2022), and optimal transport frameworks (Al-Jarrah
et al., 2023). These methods offer rigorous probabilistic interpretations and enable
accurate sampling from the filtering distribution at each assimilation step. Typi-
cally these approaches find transformations acting on each individual particle, rather
than operating directly at the distributional level, and are not designed to directly
transform or update the ensemble members collectively.

Beyond per-particle transformations, a complementary line of research updates the
ensemble collectively via particle flows (Van Leeuwen, Hans R Künsch, et al.,
2019a), with applications to atmospheric models (Hu, Van Leeuwen, and Jeffrey L
Anderson, 2024). Early particle-flow methods cast the analysis as a continuous
ordinary differential equation that drives particles toward the posterior (Daum and
Huang, 2011), with related continuous-time ensemble formulations such as the
EnKF–Bucy perspective (Bergemann and Reich, 2012). Variational or Stein-based
mappings are considered to push forward the prior through learned maps, e.g., the
variational mapping particle filter (Pulido and Leeuwen, 2018).

Probabilistic formulations provide another promising direction for learning-based
filters. These approaches aim to directly approximate the Bayesian inference prob-
lem of obtaining the filtering distribution (Bröcker, Engster, and Parlitz, 2009;
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Boudier et al., 2023; Bach, Baptista, Luk, et al., 2025; Bach, Baptista, Sanz-Alonso,
et al., 2025). In particular, recent works have proposed frameworks to jointly learn
the forecast and analysis steps (Boudier et al., 2023), or assume knowledge of the
dynamics and learn parameterized analysis maps via variational inference (Bach,
Baptista, Luk, et al., 2025).

Building on the use of deep learning architectures for ensemble filtering, recent
efforts have incorporated permutation-invariant neural networks to respect the un-
ordered nature of ensembles. Such architectures enable models to learn interactions
among ensemble members without being sensitive to their ordering, which is es-
sential for consistent filter behavior across runs. These designs have been applied
to directly learn ensemble update rules (Zhou, Z.-R. Liu, and Xiao, 2024) and to
refine ensemble forecasts in post-processing settings (Höhlein et al., 2024).

Transformers and the underlying attention mechanism (Vaswani et al., 2017) are
now ubiquitous in machine learning. Their success at modeling global, long-range
correlations has made this architecture an attractive methodology for operator learn-
ing; see for example Cao (2021), Zijie Li, Meidani, and Farimani (2023), Calvello,
Nikola B. Kovachki, et al. (2025), and Wang et al. (2025b). In this chapter we are
interested in the attention mechanism as a map between metric spaces of probability
measures, thus going beyond the definition on Euclidean spaces from Vaswani et al.
(2017) and the generalization to Banach spaces in Calvello, Nikola B. Kovachki, et
al. (2025). Recent developments in the mathematical analysis of transformers have
led to the formulation of the continuum limit of self-attention layers (Geshkovski,
Letrouit, et al., 2024). In Geshkovski, Letrouit, et al. (2024) the authors describe
the evolution under this continuum limit architecture as the solution of a continuity
equation; see Castin et al. (2025) for an overview on this perspective. This formu-
lation is also employed in Geshkovski, Rigollet, and Ruiz-Balet (2024) to analyze
self-attention dynamics as a measure-to-measure map. However, this analysis is
restricted to measures defined on the sphere and does not include cross-attention.
In this chapter we present a general methodological framework for neural network
architectures on the metric space of probability measures and a general definition of
attention as a measure-to-measure map. We will leverage this formulation to build
implementable methodologies effecting data assimilation.

6.1.2 Contributions and Overview
Our five primary contributions are as follows:
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1. We present a framework for learning ensemble filtering algorithms, based on a
mean-field state-space formulation of the evolution of the filtering distribution.

2. We introduce a novel generalization of neural operators to maps defined to act
between metric spaces of probability measures. We call such maps measure
neural mappings (MNM). We identify an architecture to implement such
maps, based on the attention mechanism.

3. The MNM architecture is used to define approximations of the mean-field
formulation of the filtering distribution. This leads to a novel learning-based
framework for ensemble methods: the measure neural mapping enhanced
ensemble filter (MNMEF).

4. Because of the mean-field underpinnings, the basic learned parameters are
shared between filters with different ensemble sizes. As a consequence, pa-
rameterizations learned at one ensemble size can be deployed at different
ensemble sizes, leading to efficient training at small ensemble sizes. To
enhance this approach, we introduce a fine-tuning methodology to incorpo-
rate a small number of parameters, such as localization and inflation, which
intrinsically depend on ensemble size, into the resulting filters.

5. We demonstrate that the resulting filtering algorithm outperforms an opti-
mized local ensemble transform Kalman filter (LETKF, a leading ensemble
filter) on Lorenz ’96, Kuramoto-Sivashinsky, and Lorenz ’63 models, for both
small and larger ensemble sizes.

In Section 6.2 we describe filtering from the perspective of mean-field dynamics
and define a learning framework to approximate the true filter, addressing Contri-
bution 1. Section 6.3 is devoted to the introduction of measure neural mappings,
a generalization of neural operators to maps taking probability measures as inputs;
we show in this section that the attention mechanism can be used to build a trans-
former architecture defined on probability measures, thereby tackling Contribution
2. Contributions 3 and 4 are addressed in Section 6.4, where we detail the algo-
rithm for finite particle sizes. The numerical experiments in Section 6.5 support
Contribution 5. We conclude in Section 6.6. We also note that a reader focused on
methodological contributions alone can skip the self-contained Section 6.3.
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6.2 Learning Mean-field Filters
In this section, we formulate the filtering problem (Subsection 6.2.1), describing
sequential DA from the perspective of nonlinear evolution of probability densi-
ties (Subsection 6.2.2) and from the mean-field state-space evolution perspective
(Subsection 6.2.3). We then present the general idea of learning an analysis map
which has a probability measure as an input (Subsection 6.2.4). Finally, we in-
troduce our learning-based mean-field filter approach, which enhances traditional
ensemble Kalman filtering by incorporating trainable correction terms in the mean-
field equations (Subsection 6.2.5). This allows us to extend and, as will show in
numerical results presented in the penultimate section, improve upon the standard
EnKF methodology, which relies on a Gaussian ansatz; in so-doing we maintain the
interpretable structure of Kalman filtering.

6.2.1 Filtering Set-Up
Consider the stochastic dynamics model given by

𝑣
†
𝑗+1 = Ψ(𝑣†

𝑗
) + 𝜉†

𝑗
, 𝑗 ∈ Z+, (6.1a)

𝑣
†
0 ∼ N(𝑚0, 𝐶0), 𝜉

†
𝑗
∼ N(0, Σ) i.i.d., (6.1b)

where Ψ : R𝑑𝑣 → R𝑑𝑣 is the forward dynamic model, and 𝑣†
𝑗
, 𝜉
†
𝑗
∈ R𝑑𝑣 for 𝑗 ∈ Z+.

We assume that the sequence {𝜉†
𝑗
} 𝑗∈Z+ is independent of initial condition 𝑣†0; this is

often written as {𝜉†
𝑗
} 𝑗∈Z+ ⊥ 𝑣†0. The data model is given by

𝑦
†
𝑗+1 = ℎ(𝑣†

𝑗+1) + 𝜂
†
𝑗+1, 𝑗 ∈ Z+, (6.2a)

𝜂
†
𝑗
∼ N(0, Γ) i.i.d., (6.2b)

where ℎ : R𝑑𝑣 → R𝑑𝑦 is the observation operator and 𝑦†
𝑗
, 𝜂
†
𝑗
∈ R𝑑𝑦 for 𝑗 ∈ Z+. We

assume that the sequence {𝜂†
𝑗
} 𝑗∈N ⊥ 𝑣†0 and that the two sequences in the dynamics

and data models are independent of one another: {𝜉†
𝑗
} 𝑗∈Z+ ⊥ {𝜂†𝑗 } 𝑗∈N. The states 𝑣†

𝑗

lie in R𝑑𝑣 , while the observations 𝑦†
𝑗
lie in R𝑑𝑦 . Note that there is a hidden parameter

Δ𝑡 specifying the time interval between steps 𝑗 and 𝑗 + 1. It is implicitly embedded
in (6.1) through Ψ, which represents the discrete-time map obtained by integrating
the continuous dynamics over an interval of length Δ𝑡.

Remark 6.2.1. We use † for all variables defining the state and observation, and
the noises that define them. This is to distinguish them from other similar vari-
ables, appearing without †, in the algorithms that follow. In this chapter, we adopt
autonomous dynamics with additive Gaussian noises according to (6.1) and (6.2).
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There are several extended settings, briefly outlined in Remark 6.2.2. These exten-
sions are important in applications but introduce substantial technical challenges.
We do not consider those settings in this chapter for clarity of exposition.

Remark 6.2.2 (Possible extensions beyond the baseline model). Beyond the au-
tonomous, additive-Gaussian setting in (6.1)–(6.2), one may consider Bain and
Crisan (2009), Andrew M Stuart (2010b), and Reich and Colin Cotter (2015):

• Time-dependent dynamics/observations. Allow Ψ, Σ, ℎ, and Γ to vary with
𝑗 . This can destroy stationarity and leads to non-homogeneous transition/-
likelihood kernels.

• Multiplicative or non-Gaussian noises. Replace additive Gaussian errors
by state-dependent or heavy-tailed noises. This can induce heteroscedastic
innovations and non-quadratic likelihoods.

• Infinite-dimensional state spaces. Model 𝑣 𝑗 in a function space (e.g., a
separable Hilbert space) for PDE-governed systems. One must address well-
posedness (e.g., trace-class noise/covariances), operator-valued updates, and
consistency under spatial discretization/mesh refinement.

There are two primary types of problems in data assimilation: the filtering problem
and the smoothing problem. In this chapter, we focus on the filtering problem.
To this end we define the accumulated data up to time 𝑗 by 𝑌†

𝑗
:= {𝑦†1, . . . , 𝑦

†
𝑗
}.

Using this notation we state the filtering problem in Definition 6.2.3, and the state
estimation problem that stems from it in Definition 6.2.4.

Definition 6.2.3 (The Filtering Problem). The filtering problem refers to iden-
tifying and sequentially updating the probability densities 𝜋 𝑗 (𝑣†𝑗 ) := P(𝑣†

𝑗
|𝑌†
𝑗
) in

P(R𝑑𝑣 ) for 𝑗 ∈ [𝐽]. These densities 𝜋 𝑗 are referred to as the filtering distributions
at time 𝑗 .

Definition 6.2.4 (State Estimation). The state estimation problem refers to estimat-
ing the state 𝑣†

𝑗
, based on the given observations 𝑌†

𝑗
, and to updating the estimate

sequentially over a series of time indices 𝑗 ∈ [𝐽].

State estimation can be viewed as a subproblem of the filtering problem. Given
the filtering distribution 𝜋 𝑗 , a natural state estimate is the conditional expectation
E[𝑣†

𝑗
|𝑌†
𝑗
] as this delivers the minimum mean-squared error estimate of 𝑣†

𝑗
. In this
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chapter we explicitly focus on state estimation: our objective is to recover the hidden
state 𝑣†

𝑗
at each time step rather than to approximate the full filtering distribution 𝜋 𝑗 .

Accordingly, our loss functions are defined with respect to the true state. We note
that, in high-dimensional settings, the conditional mean is generally inaccessible
in practice—accurate computation would require particle filters with prohibitively
large ensembles—so it is standard to evaluate and tune filters against the true state.
As outlined in Section 6.6, our framework can be extended to the filtering problem by
adopting distribution-matching losses to learn the filtering distribution (and hence
its mean).

6.2.2 Filtering: Probability Evolution
We consider the filtering problem, which consists of identifying the filtering distri-
bution given by

𝜋 𝑗 (𝑣†𝑗 ) := P(𝑣†
𝑗
|𝑌†
𝑗
). (6.3)

We define the following two measures:

𝜋̂ 𝑗+1(𝑣†𝑗+1) = P(𝑣†
𝑗+1 |𝑌

†
𝑗
), (6.4a)

𝜌 𝑗+1(𝑣†𝑗+1, 𝑦
†
𝑗+1) = P(𝑣†

𝑗+1, 𝑦
†
𝑗+1 |𝑌

†
𝑗
). (6.4b)

The update 𝜋 𝑗 → 𝜋 𝑗+1 can be written in the following three steps:

Predict (linear): 𝜋̂ 𝑗+1 = P𝜋 𝑗 , (6.5a)

Extend to data/state space (linear): 𝜌 𝑗+1 = Q𝜋̂ 𝑗+1, (6.5b)

Analysis (nonlinear): 𝜋 𝑗+1 = B(𝜌 𝑗+1; 𝑦†
𝑗+1). (6.5c)

P is a linear operator that transforms the filtering distribution at time 𝑗 to the forecast
distribution at time 𝑗 + 1, and is given for the stochastic dynamics model in (6.1) by

P𝜋(𝑣) = 1√︁
(2𝜋)𝑑𝑣 detΣ

∫
exp

(
−1

2
∥𝑣 − Ψ(𝑢)∥2Σ

)
𝜋(𝑢) 𝑑𝑢. (6.6)

Q is also a linear operator, one that multiplies the forecast distribution by the
observation likelihood, and is given by

Q𝜋(𝑣, 𝑦) = 1√︁
(2𝜋)𝑑𝑦 det Γ

exp
(
−1

2
∥𝑦 − ℎ(𝑣)∥2Γ

)
𝜋(𝑣). (6.7)

Then, the nonlinear operator B can be written in the form

B(𝜌 𝑗+1; 𝑦†
𝑗+1) (𝑣) =

𝜌 𝑗+1(𝑣, 𝑦†𝑗+1)∫
R𝑑𝑣 𝜌 𝑗+1(𝑢, 𝑦†𝑗+1) 𝑑𝑢

. (6.8)
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6.2.3 Filtering: State-Space Evolution
Directly evolving the filtering distribution 𝜋 𝑗 is generally intractable since the non-
linear operator B (6.8) cannot be computed explicitly for most practical applications.
Alternatively, we consider a random state evolution process governed by its own
law, given by

Predict: 𝑣̂ 𝑗+1 = Ψ(𝑣 𝑗 ) + 𝜉 𝑗 , 𝜉 𝑗 ∼ N(0, Σ), (6.9a)

Extend to observation: 𝑦̂ 𝑗+1 = ℎ(𝑣̂ 𝑗+1) + 𝜂 𝑗+1, 𝜂 𝑗+1 ∼ N(0, Γ), (6.9b)

Analysis: 𝑣 𝑗+1 = 𝔅(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1; 𝑦†
𝑗+1, 𝜌 𝑗+1), (6.9c)

where 𝜌 𝑗+1 is the joint measure defined by (6.4b). From the definitions of P (6.6)
and Q (6.7), and from equations (6.9a) and (6.9b), it follows that (𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1) is
distributed as 𝜌 𝑗+1, i.e., 𝜌 𝑗+1 = Law

(
(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1)

)
. Now, using the theory of

transport, we choose 𝔅 so that the pushforward of 𝜌 𝑗+1 under this map delivers the
desired conditioning on the observed data 𝑦†

𝑗+1 :

B(𝜌 𝑗+1; 𝑦†
𝑗+1) = 𝔅( • , • , ; 𝑦†

𝑗+1, 𝜌 𝑗+1)♯ (𝜌 𝑗+1).

It follows that if 𝜋 𝑗 = Law(𝑣 𝑗 ) then 𝜋 𝑗+1 = Law(𝑣 𝑗+1).

The preceding construct is mathematically appealing but it leaves open the question
of how to identify an appropriate choice of 𝔅. The mean-field ensemble Kalman
filter (Calvello, Reich, and Andrew M. Stuart, 2025) leaves (6.9a) and (6.9b) intact
but replaces the mapping 𝔅 in (6.9c) by the affine (in (𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1)) approximation

𝑣 𝑗+1 = 𝔅EnKF(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1; 𝑦†
𝑗+1, 𝜌 𝑗+1), (6.10)

defined by

𝑣 𝑗+1 = 𝑣̂ 𝑗+1 + 𝐾 𝑗+1

(
𝑦
†
𝑗+1 − 𝑦̂ 𝑗+1

)
, (6.11a)

𝐾 𝑗+1 = 𝐶𝑣ℎ𝑗+1

(
𝐶ℎℎ𝑗+1 + Γ

)−1
. (6.11b)

Here, 𝐾 𝑗+1 is called the Kalman gain, 𝐶𝑣ℎ is the covariance between 𝑣̂ 𝑗+1 and
ℎ(𝑣̂ 𝑗+1), and 𝐶ℎℎ

𝑗+1 is the covariance for ℎ(𝑣̂ 𝑗+1). Both 𝐶𝑣ℎ and 𝐶ℎℎ
𝑗+1 are computed

under 𝜋̂ 𝑗+1:

𝐶𝑣ℎ𝑗+1 = E𝑣̂∼𝜋̂ 𝑗+1
[ (̂
𝑣 − 𝑣 𝑗+1

)
⊗

(
ℎ(𝑣̂) − ℎ 𝑗+1

)]
, (6.12a)

𝐶ℎℎ𝑗+1 = E𝑣̂∼𝜋̂ 𝑗+1
[(
ℎ(𝑣̂) − ℎ 𝑗+1

)
⊗

(
ℎ(𝑣̂) − ℎ 𝑗+1

)]
. (6.12b)
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Here, 𝑣 𝑗+1 and ℎ 𝑗+1 are the mean of states and observations respectively, under 𝜋̂ 𝑗+1:

𝑣 𝑗+1 = E𝑣̂∼𝜋̂ 𝑗+1 𝑣̂, ℎ 𝑗+1 = E𝑣̂∼𝜋̂ 𝑗+1ℎ(𝑣̂). (6.13)

We note that in computation of these covariances we have simply used expectations
under 𝜋̂ 𝑗+1, the marginal of 𝜌 𝑗+1 on the state. It is possible to use the replacement

𝐶
𝑦𝑦

𝑗+1 = 𝐶ℎℎ𝑗+1 + Γ,

where 𝐶𝑦𝑦
𝑗+1 is the covariance for 𝑦̂ 𝑗+1. Hence we write the map 𝔅EnKF as dependent

on 𝜌 𝑗+1, which covers both cases.

What is sometimes termed the stochastic ensemble Kalman filter is implemented
in practice by employing an interacting particle system approximation of the mean-
field model. The methodology uses the empirical measure defined by the set of 𝑁
particles {𝑣 (ℓ)

𝑗
}𝑁
ℓ=1 to approximate the filtering distribution 𝜋 𝑗 = Law(𝑣 𝑗 ), and hence

the empirical measure defined by
{
𝑣̂
(ℓ)
𝑗+1

}𝑁
ℓ=1

and
{(
𝑣̂
(ℓ)
𝑗+1, 𝑦̂

(ℓ)
𝑗+1

)}𝑁
ℓ=1

, to approximate
𝜋̂ 𝑗+1 and 𝜌 𝑗+1, respectively. We write the resulting approximations as

𝜋̂
(𝑁)
𝑗+1 :=

1
𝑁

𝑁∑︁
𝑛=1

𝛿
𝑣̂
(𝑛)
𝑗+1
, 𝜌

(𝑁)
𝑗+1 :=

1
𝑁

𝑁∑︁
𝑛=1

𝛿(𝑣̂ (𝑛)
𝑗+1,𝑦̂

(𝑛)
𝑗+1)
. (6.14)

Making this particle approximation in (6.9), and replacing 𝔅 by 𝔅EnKF leads to the
interacting particle system

𝑣̂
(𝑛)
𝑗+1 = Ψ(𝑣 (𝑛)

𝑗
) + 𝜉 (𝑛)

𝑗
, (6.15a)

𝑦̂
(𝑛)
𝑗+1 = ℎ(𝑣̂ (𝑛)

𝑗+1) + 𝜂
(𝑛)
𝑗+1, (6.15b)

𝑣
(𝑛)
𝑗+1 = 𝔅EnKF

(̂
𝑣
(𝑛)
𝑗+1, 𝑦̂

(𝑛)
𝑗+1; 𝑦†

𝑗+1, 𝜌
(𝑁)
𝑗+1

)
. (6.15c)

This is a particular instance of the ensemble Kalman filter (EnKF), where use of the
empirical approximation 𝜌(𝑁)

𝑗+1 means that the covariances 𝐶𝑣ℎ
𝑗+1 and 𝐶ℎℎ

𝑗+1 given by
(6.12) are now computed by use of empirical approximation 𝜋̂(𝑁)

𝑗+1 of 𝜋̂ 𝑗+1:

𝐶𝑣ℎ𝑗+1 = E𝑣̂∼𝜋̂
(𝑁 )
𝑗+1

[ (̂
𝑣 − 𝑣 𝑗+1

)
⊗

(
ℎ(𝑣̂) − ℎ 𝑗+1

)]
=

1
𝑁

𝑁∑︁
𝑛=1

(
𝑣̂
(𝑛)
𝑗+1 − 𝑣 𝑗+1

)
⊗

(
ℎ(𝑣̂ (𝑛)

𝑗+1) − ℎ 𝑗+1

)
,

(6.16a)

𝐶ℎℎ𝑗+1 = E𝑣̂∼𝜋̂
(𝑁 )
𝑗+1

[(
ℎ(𝑣̂) − ℎ 𝑗+1

)
⊗

(
ℎ(𝑣̂) − ℎ 𝑗+1

)]
=

1
𝑁

𝑁∑︁
𝑛=1

(
ℎ(𝑣̂ (𝑛)

𝑗+1) − ℎ 𝑗+1

)
⊗

(
ℎ(𝑣̂ (𝑛)

𝑗+1) − ℎ 𝑗+1

)
.

(6.16b)
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Here 𝑣 𝑗+1 and ℎ 𝑗+1, originally defined in (6.13), are also computed by use of an
empirical approximation of 𝜋̂ 𝑗+1:

𝑣 𝑗+1 = E𝑣̂∼𝜋̂
(𝑁 )
𝑗+1 𝑣̂ =

1
𝑁

𝑁∑︁
𝑛=1

𝑣̂
(𝑛)
𝑗+1, ℎ 𝑗+1 = E𝑣̂∼𝜋̂

(𝑁 )
𝑗+1 ℎ(𝑣̂) = 1

𝑁

𝑁∑︁
𝑛=1

ℎ(𝑣̂ (𝑛)
𝑗+1).

(6.17a)

Remark 6.2.5. The ensemble Kalman filter exhibits permutation invariance with
respect to the ensemble members. This important property stems from the fact that
both the sample means 𝑣 𝑗+1, ℎ 𝑗+1 in (6.17) and the empirical covariance matrices
𝐶𝑣ℎ
𝑗+1, 𝐶ℎℎ

𝑗+1 in (6.16) are calculated as averages over all ensemble members, making
them invariant to the ordering of particles in the ensemble. This permutation
invariance is a crucial property that motivates the design of our methodology.

6.2.4 Learning Probability Measure–Dependent Analysis Maps
Machine learning–based approaches can be applied to approximate the analysis step
(6.5c). Indeed, one may seek an operator BMNM (measure neural mappings, or
MNMs, will be introduced in Section 6.3) acting on probability measures so that

BMNM(𝜌 𝑗+1; 𝑦†
𝑗+1) ≈ B(𝜌 𝑗+1; 𝑦†

𝑗+1). (6.18)

This aim motivates a novel and significant extension of neural operators (N. Ko-
vachki et al., 2023b; Nikola B Kovachki, Lanthaler, and Andrew M Stuart, 2024):
designing operator architectures that act on the space of probability measures. We
refer to these neural operators that act on probability measures as measure neural
mappings (MNM). A natural way to construct such an approximation is by neural
operator 𝔅MNM, acting on the joint space of state and data and parameterized by the
observation and by the law of the state, so that

𝔅MNM(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1; 𝑦†
𝑗+1, 𝜌 𝑗+1) ≈ 𝔅(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1; 𝑦†

𝑗+1, 𝜌 𝑗+1), (6.19a)

BMNM(𝜌 𝑗+1; 𝑦†
𝑗+1) = 𝔅MNM( • , • ; 𝑦†

𝑗+1, 𝜌 𝑗+1)♯𝜌 𝑗+1 ≈ B(𝜌 𝑗+1; 𝑦†
𝑗+1). (6.19b)

The map 𝔅MNM in (6.19a) acts on the joint state–observation space; in contrast the
map BMNM in (6.19b), defined through pushforward, acts on the space of probability
measures on the state space. The quantities after the semi-colon parameterize these
maps. To use this neural operator approximation in the state-space evolution, we
replace (6.9c) by the approximation

𝑣 𝑗+1 = 𝔅MNM(𝑣̂ 𝑗+1, 𝑦̂ 𝑗+1; 𝑦†
𝑗+1, 𝜌 𝑗+1). (6.20)
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6.2.5 EnKF-Inspired Probability Measure–Dependent Analysis Maps
We now propose a specific novel filtering methodology, which we coin as the
measure neural mapping enhanced ensemble filter (MNMEF). In this section, we
will discuss the mean-field formulation of this approach. We consider a specific
form of 𝔅MNM inspired by the success of the EnKF and describe it here in the
mean-field limit. We generalize (6.11) to take the form

𝑣 𝑗+1 = 𝑣̂ 𝑗+1 + (𝐾𝜃) 𝑗+1

(
𝑦
†
𝑗+1 − 𝑦̂ 𝑗+1

)
, (6.21a)

(𝐾𝜃) 𝑗+1 = 𝐾𝜃

(
𝜌 𝑗+1, 𝑦

†
𝑗+1

)
, (6.21b)

where 𝐾𝜃
(
𝜌 𝑗+1, 𝑦

†
𝑗+1

)
is a parameterized R𝑑𝑣×𝑑𝑦 -valued function, and 𝜃 denotes the

vector of trainable parameters. Our proposed choice for 𝔅MNM (6.21a) introduces
inductive bias by mimicking the affine EnKF update. The following proposed form
for 𝐾𝜃 (•, •) is identical at each time step; for simplicity we omit the subscript 𝑗 + 1
in its definition and, in particular, use 𝜋̂ as the distribution of the predicted state.
We assume the following form for 𝐾𝜃 , generalizing the Kalman gain (6.11b):

𝐾𝜃 = 𝐾
(1)
𝜃

(
𝐾
(2)
𝜃
+ Γ

)−1
. (6.22)

Here 𝐾 (1)
𝜃

and 𝐾 (2)
𝜃

are modified versions of 𝐶𝑣ℎ and 𝐶ℎℎ from (6.12). Specifically
we have

𝐾
(1)
𝜃

= E𝑣̂∼𝜋̂
[
(𝑣̂ − 𝑣 + 𝑤𝜃) ⊗

(
ℎ(𝑣̂) − ℎ + 𝑧̂𝜃

)]
, (6.23a)

𝐾
(2)
𝜃

= E𝑣̂∼𝜋̂
[(
ℎ(𝑣̂) − ℎ + 𝑧̂𝜃

)
⊗

(
ℎ(𝑣̂) − ℎ + 𝑧̂𝜃

)]
, (6.23b)

where𝑤𝜃 and 𝑧̂𝜃 are trainable correction terms that depend on the state 𝑣̂, observation
ℎ(𝑣̂), true observation 𝑦†, and the joint distribution 𝜌ℎ. We apply a neural operator
𝔉(·; 𝜃) : R𝑑𝑣 × R𝑑𝑦 × R𝑑𝑦 × P(R𝑑𝑏 × R𝑑𝑦 ) → R𝑑𝑣 × R𝑑𝑦 to define the correction
terms as

𝔉

(
𝑣̂, ℎ(𝑣̂), 𝑦†, 𝜌ℎ; 𝜃

)
= (𝑤𝜃 , 𝑧̂𝜃) , (6.24)

where 𝜌ℎ = Law
(
(𝑣̂, ℎ(𝑣̂))

)
is the joint distribution of (𝑣̂, ℎ(𝑣̂)). As well as being

defined in the mean-field limit, this form of the model can both be learned and
deployed through interacting particle system approximations, just as for the original
ensemble Kalman filter. These interacting particle systems, as well as details of the
architecture employed for𝔉 in the particle approximation, are defined in Section 6.4.

Remark 6.2.6 (Factoring Our Γ). We note that 𝐾𝜃 (6.21b) depends on the proba-
bility measure 𝜌 while 𝔉 (6.24) depends on 𝜌ℎ. The relationship between 𝜌 and 𝜌ℎ
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is given by

(𝑣̂, 𝑦̂) ∼ 𝜌 ⇔


(𝑣̂, ℎ(𝑣̂)) ∼ 𝜌ℎ,

𝜂 ∼ N(0, Γ), 𝜂 ⊥ 𝑣̂,

𝑦̂ = ℎ(𝑣̂) + 𝜂.

(6.25)

By factoring out the noise covariance in the term (𝐾 (2)
𝜃
+ Γ)−1 in (6.22), we use the

explicit knowledge of Γ in derivation of 𝐾𝜃 . Therefore, 𝔉 uses the input 𝜌ℎ which
does not depend on Γ.

Remark 6.2.7 (Beyond Gaussian Assumptions). The mean-field map𝔅MNM (6.21a)
is constrained to be affine in both inputs 𝑣̂ and 𝑦̂. Indeed,

𝔅MNM(𝑣̂, 𝑦̂; 𝑦†, 𝜌) = 𝑣̂ + 𝐾𝜃
(
𝑦† − 𝑦̂

)
.

We note that this is the same constraint satisfied by the ensemble Kalman filter;
see Calvello, Reich, and Andrew M. Stuart (2025). However, as shown in Calvello,
Reich, and Andrew M. Stuart (2025), the gain 𝐾 in the ensemble Kalman filter is
such that the resulting state estimate has law with first and second-order moments
matching a Gaussian approximation of the true filter. Our approach is more gen-
eral. Indeed, since 𝐾𝜃 is trainable, unlike in the EnKF, the gain is not constrained
to satisfy any moment-matching with a Gaussian approximation of the true filter.
The ensemble Kalman filter possesses statistical guarantees for problems involving
filtering distributions that are close to Gaussian (given, for example, by dynamics
and observation operators that are close to linear) (Calvello, Monmarché, et al.,
2026). Further work will involve investigating whether this more general methodol-
ogy possesses theoretical guarantees for a broader class of filtering problems than
the EnKF.

The core of our proposed approach is to learn a neural operator 𝔉, as given in (6.24),
which takes both probability measures, as well as vectors, as inputs. Section 6.3 is a
self-contained description of a novel methodology for training neural operators that
take probability measures as inputs; it leverages the attention mechanism (Vaswani
et al., 2017). In Section 6.4 we will build on this novel neural operator framework
to provide a concrete methodology for enhanced data assimilation when actioned
using interacting particle approximations of the mean-field limit.

6.3 Learning Maps on the Space of Probability Measures
In this section we introduce a general framework to define neural network archi-
tectures acting on the space of probability measures. Let Ω1,Ω2 denote two sets,
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equipped with sigma algebras so that we may assign probabilities, and consider
maps of the form F : 𝔓(Ω1) × Θ → 𝔓(Ω2); here Θ ⊆ R𝑝 . Our goal is to define
the parametric class of functions so that, by choice of 𝜃∗ ∈ Θ, we may approximate
a given map F† : 𝔓(Ω1) → 𝔓(Ω2) by F(·; 𝜃∗) : 𝔓(Ω1) → 𝔓(Ω2). As the desired
size of the approximation error shrinks we will typically require Θ, and in particular
the number of parameters 𝑝, to grow. Such methodology is now well-established
for maps between Banach spaces; see the review Nikola B Kovachki, Lanthaler, and
Andrew M Stuart (2024). Defining such maps between metric spaces in general,
and probability spaces in particular, is an unexplored research question which we
address here. We refer to neural networks on the space of probability measures as
measure neural mappings (MNM).

In what follows, we show that the popular transformer architecture may be formulated
as a mean-field mapping on the space of probability measures; this mapping is mean-
field because it not only acts on but is also parametrized by probability measures.
We call such a neural network architecture the transformer measure neural mapping
(TMNM). This architecture will serve as a parametric family of operators of the
form F : 𝔓(R𝑑𝑢) ×𝔓(R𝑑𝑤 ) × Θ→ 𝔓(R𝑑𝑣 ) defined via action on 𝜇 ∈ 𝔓(R𝑑𝑢) and
𝜋 ∈ 𝔓(R𝑑𝑤 ) as

F(𝜇, 𝜋; 𝜃) = 𝔉(• ; 𝜋, 𝜃)♯𝜇. (6.26)

The transport map in (6.26) is a mapping of the form 𝔉 : R𝑑𝑢 × 𝔓(R𝑑𝑤 ) × Θ →
R𝑑𝑣 . For ease of exposition we will henceforth omit the 𝜃 parameterizations of
the operators. In Section 6.4 we will show how this transformer measure neural
mapping, in particular the transport map that defines it, may be used to implement
(6.24) in the context of learning an ensemble-based data assimilation algorithm. For
this section, however, we work quite generally, without specific reference to data
assimilation.

Remark 6.3.1 (Training a Transformer MNM). In practice, implementing MNM
architectures such as that in (6.26) involves working with samples from the measures
𝜇 ∈ 𝔓(R𝑑𝑢) and 𝜋 ∈ 𝔓(R𝑑𝑤 ) rather than the measures themselves. This finite
sample approximation introduces the challenge of selecting an appropriate loss
function that is readily computed from samples. For the purposes of this chapter,
we will employ a loss function based on matching the mean of the output measure
under the map. Future work will optimize based on the use of metrics on probability
measures and scoring rules, not just the mean; see Section 6.4 for more details.
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In what follows we assume access to samples 𝑢(𝑖) ∼ 𝜇 for 𝑖 = 1, . . . , 𝑁 and similarly
𝑤( 𝑗) ∼ 𝜋 for 𝑗 = 1, . . . , 𝑀 . We note the following useful identity, which follows
from (6.26) (dropping explicit 𝜃−dependence):

F
( 1
𝑁

𝑁∑︁
𝑖=1

𝛿𝑢(𝑖) , 𝜋
)
=

1
𝑁

𝑁∑︁
𝑖=1

𝛿
𝔉
(
𝑢(𝑖);𝜋

) . (6.27)

This characterization will be used to describe implementable algorithms.

In view of Remark 6.3.1 we proceed by describing the TMNM architecture in detail
as a mapping between spaces of probability measures. This mean-field perspective
is more general and justifies the deployment of MNM architectures trained with
a finite collection of samples to ensembles of different sizes. Nonetheless, in
the development that follows, we provide examples illustrating the finite sample
empirical setting such as in Remark 6.3.1, which will be the focus of later sections.

We proceed in Subsection 6.3.1 by describing the TMNM architecture as a compo-
sition of specific maps on probability measures, which we call attention blocks and
which involve the application of the attention map. In Subsection 6.3.2 we define
attention as a map on measures and show how, via application of this map to em-
pirical measures, it is possible to recover the formulation of attention on Euclidean
spaces from Vaswani et al. (2017).

6.3.1 Transformer Measure Neural Mapping
The TMNM architecture as an operator of the form F : 𝔓(R𝑑𝑢)×𝔓(R𝑑𝑤 ) → 𝔓(R𝑑𝑢)
consists of a composition of 𝑁𝑒 ∈ N number of operators Σ𝑤 : 𝔓(R𝑑𝑤 ) → 𝔓(R𝑑𝑤 ),
𝑁𝑑 ∈ N number of operators Σ𝑢 : 𝔓(R𝑑𝑢) → 𝔓(R𝑑𝑢), and C : 𝔓(R𝑑𝑢)×𝔓(R𝑑𝑤 ) →
𝔓(R𝑑𝑢), which we call the self-attention and cross-attention blocks, respectively.
We define F via action on inputs 𝜇 ∈ 𝔓(R𝑑𝑢) and 𝜋 ∈ 𝔓(R𝑑𝑤 ) as

F(𝜇, 𝜋) = Σ𝑢,𝑁𝑑+𝑁𝑒 (•)◦· · ·◦Σ𝑢,1+𝑁𝑒 (•)◦C(𝜇, •)◦Σ𝑤,𝑁𝑒 (•)◦· · ·◦Σ𝑤,2(•)◦Σ𝑤,1(𝜋).
(6.28)

For ease of exposition, for operators Σ we will henceforth drop the notation Σ•, as
the dimension of the input state space will be clear from context. We note that the
cross-attention block is intimately related to the pooling multihead attention block
from the set transformer architecture (J. Lee et al., 2019). In Remark 6.3.2 and
in Section 6.4 we make explicit the connection between the TMNM and the set
transformer. Both operators Σ and C will be defined via a pushforward operation
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under a transport map ℭ: we define

Σ(𝜇) = ℭ(•; 𝜇)♯𝜇, (6.29a)

C(𝜇, 𝜋) = ℭ(•; 𝜋)♯𝜇. (6.29b)

We now outline the construction of the transport map appearing in (6.29a) and
(6.29b). Indeed, we may write the map ℭ : R𝑑𝑢 × 𝔓(R𝑑𝑤 ) → R𝑑𝑢 acting on the
inputs 𝑢 ∈ R𝑑𝑢 and 𝜋 ∈ 𝔓(R𝑑𝑤 ) as the composition of the maps

𝑢 ←[ 𝔉LN (
𝑢 + 𝔄(𝑢; 𝜋)

)
, (6.30a)

𝑢 ←[ 𝔉LN (
𝑢 + 𝔉NN(𝑢)

)
. (6.30b)

We note that each of the maps appearing in the composition in (6.30) may be used
to define a pushforward operator on measures.

Remark 6.3.2 (Set Transformer Architecture). We note that the composition in
(6.28) is a generalization of the set transformer architecture from J. Lee et al.
(2019) to the continuum. Indeed, the set transformer acts on a collection of vectors
{𝑢(1), . . . , 𝑢(𝑁)} ⊂ R𝑑𝑢 which we may assume to be drawn from an underlying
reference measure 𝜇. The set transformer relies on learning a vector 𝑤 ∈ R𝑑𝑤 with
which cross-attention is applied to the ensemble. The set transformer architecture
may thus be viewed as the map F in (6.28) when acting on the empirical measure
𝜇𝑁 = 1

𝑁

∑𝑁
𝑖=1 𝛿𝑢(𝑖) and a learned dirac 𝛿𝑤.

We will now turn our focus to defining each of the maps in (6.30). The map
𝔉LN : R𝑑𝑢 → R𝑑𝑢 defines layer normalization and is such that(

𝔉LN(𝑢; 𝛾, 𝛽)
)
𝑘
= 𝛾𝑘 ·

𝑢𝑘 − 𝑚(𝑢)√︁
𝜎2(𝑢) + 𝜀

+ 𝛽𝑘 , (6.31)

for 𝑘 = 1, . . . , 𝑑𝑢, any 𝑢 ∈ R𝑑𝑢 , where the subscript notation (•)𝑘 is used to denote
the 𝑘’th entry of the vector. In equation (6.31), 𝜀 ∈ R+ is a fixed parameter,
𝛾𝑘 , 𝛽𝑘 ∈ R are learnable parameters and 𝑚, 𝜎 are defined as

𝑚(𝑢) = 1
𝑑𝑢

𝑑𝑢∑︁
𝑘=1

𝑢𝑘 , 𝜎2(𝑢) = 1
𝑑𝑢

𝑑𝑢∑︁
𝑘=1

(
𝑢𝑘 − 𝑚(𝑢)

)2
, (6.32)

for any 𝑢 ∈ R𝑑𝑢 . The operator 𝔉NN : R𝑑𝑢 → R𝑑𝑢 is defined such that

𝔉NN(𝑢;𝑊1,𝑊2, 𝑏1, 𝑏2) = 𝑊2 𝑓
(
𝑊1𝑢 + 𝑏1

)
+ 𝑏2, (6.33)
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for any 𝑢 ∈ R𝑑𝑢 , where𝑊1,𝑊2 ∈ R𝑑𝑢×𝑑𝑢 and 𝑏1, 𝑏2 ∈ R𝑑𝑢 are learnable parameters
and where 𝑓 is a nonlinear activation function.

The map 𝔄 : R𝑑𝑢 × 𝔓(R𝑑𝑤 ) → R𝑑𝑢 is the attention map: Subsection 6.3.2 which
follows is dedicated to its formulation as a transport defining the attention map on
measures A.

6.3.2 Attention as a Map on Measures
We present the definition of the attention operator as a map between a product
of the spaces of probability measures 𝔓(R𝑑𝑢) and 𝔓(R𝑑𝑤 ) into another space of
probability measures 𝔓(R𝑑𝑣 ) 1. If considering the map as acting on measures
defined on the unbounded domain R𝑑𝑤 we must make assumptions on the input
measures themselves, i.e., tail decay assumptions, so that the attention operator
is well-defined. Hence, for ease of exposition we first present attention as an
operator A : 𝔓(Ω𝑢) ×𝔓(Ω𝑤) → 𝔓(R𝑑𝑣 ), where Ω𝑢,Ω𝑤 are bounded open subsets
of R𝑑𝑢 ,R𝑑𝑤 respectively; we will then extend the definition to the general case
A : 𝔓(R𝑑𝑢) × 𝔓𝛿 (R𝑑𝑤 ) → 𝔓(R𝑑𝑣 ), where the subset of measures 𝔓𝛿 (R𝑑𝑤 ) ⊂
𝔓(R𝑑𝑤 ) consisting of all probability measures whose tails decay strictly faster than
exponential, will be appropriately defined.

Definition 6.3.3 (Attention on Measures: Bounded State Space). We define
the operator A : 𝔓(Ω𝑢) × 𝔓(Ω𝑤) → 𝔓(R𝑑𝑣 ) via its action on inputs (𝜇, 𝜋) ∈
𝔓(Ω𝑢) × 𝔓(Ω𝑤) as a pushforward of the first input measure 𝜇 ∈ 𝔓(Ω𝑢) by a
transport map 𝔄 : Ω𝑢 ×𝔓(Ω𝑤) → R𝑑𝑣 which is parametrized by the second input
measure 𝜋 ∈ 𝔓(Ω𝑤), hence

A(𝜇, 𝜋) = 𝔄(·; 𝜋)♯𝜇. (6.34)

The transport map 𝔄 : Ω𝑢 × 𝔓(Ω𝑤) → R𝑑𝑣 takes as input a vector 𝑢 ∈ Ω𝑢 and
a probability measure 𝜋 ∈ 𝔓(Ω𝑤) and computes an expectation under a rescaling
of the measure 𝜋, which is parametrized by 𝑢. Namely for (𝑢, 𝜋) ∈ Ω𝑢 ×𝔓(Ω𝑤) it
holds that

𝔄(𝑢; 𝜋) = E𝑤∼𝑝(·;𝑢,𝜋)𝑉𝑤, (6.35)

where

𝑝(𝑑𝑤; 𝑢, 𝜋) =
exp

(
⟨𝑄𝑢, 𝐾𝑤⟩

)
𝜋(𝑑𝑤)∫

Ω𝑤
exp

(
⟨𝑄𝑢, 𝐾𝑧⟩

)
𝜋(𝑑𝑧)

. (6.36)

1In this self-contained subsection we use the notation 𝑑𝑣 to denote the dimension associated
with the output space of probability measures. This is not to be confused with the dimension of the
state of the dynamical system (6.1) that is subject of the majority of the remainder of the chapter.
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Dimensions of the learnable matrices 𝑄, 𝐾,𝑉 are determined from the above, pro-
vided𝑄, 𝐾 have the same output dimension, which is a free parameter to be specified.

Remark 6.3.4 (𝑝(•; 𝑢) is a probability measure). Clearly, the normalization con-
stant in (6.36) is finite, as the integral is taken over Ω𝑤, a bounded domain. Fur-
thermore 𝑝 integrates to 1 over Ω𝑤, hence it defines a probability measure.

In view of Remark 6.3.4, in order to extend the definition of the attention operator
expressed in (6.34) to a map on probability measures defined on an unbounded
domain, extra care is required to ensure the normalization constant in (6.36) is
finite. Indeed, we must assume that the measure 𝜋 ∈ 𝔓(R𝑑𝑤 ) has sufficiently fast
tail decay in order to compensate for the exponential growth in the integrand. To this
end, we introduce the following subset of 𝔓(R𝑑𝑤 ), on which the attention operator
will be shown to be well-defined. Intuitively, the condition that defines the subset is
satisfied by all measures whose tails decay faster than exponentially.

Definition 6.3.5 (Set of Measures with Exponential Tail Decay). For 𝛿 > 0 we
define P𝛿 (R𝑑𝑢) ⊂ P(R𝑑𝑢) as a set of measures satisfying the following exponential
tail decay condition:

P𝛿 (R𝑑𝑢) =
{
𝜇 ∈ P(R𝑑𝑢) : 𝜇{𝜔 ∈ Ω : |𝑋 (𝜔) | ⩾ 𝑡} ⩽ 2 exp

(
−𝑡1+𝛿

)}
.

Given Definition 6.3.5, we may now define the attention operator as a map on
probability measures defined over unbounded state spaces.

Definition 6.3.6 (Attention on Measures: Unbounded State Space). We define
the operator A : 𝔓(R𝑑𝑢) × 𝔓𝛿 (R𝑑𝑤 ) → 𝔓(R𝑑𝑣 ) via its action on inputs (𝜇, 𝜋) ∈
𝔓(R𝑑𝑢) × 𝔓𝛿 (R𝑑𝑤 ) as a pushforward of the first input measure 𝜇 ∈ 𝔓(R𝑑𝑢) by a
transport map 𝔄 : R𝑑𝑢 ×𝔓𝛿 (R𝑑𝑤 ) → R𝑑𝑣 which is parametrized by the second input
measure 𝜋 ∈ 𝔓𝛿 (R𝑑𝑤 ), hence

A(𝜇, 𝜋) = 𝔄(·; 𝜋)♯𝜇. (6.37)

The transport map 𝔄 : R𝑑𝑢 ×𝔓𝛿 (R𝑑𝑤 ) → R𝑑𝑣 takes as input a vector 𝑢 ∈ R𝑑𝑢 and
a probability measure 𝜋 ∈ 𝔓𝛿 (R𝑑𝑤 ) and involves computation of an expectation
under a rescaling of the measure 𝜋 which is parametrized by 𝑢. Namely for (𝑢, 𝜋) ∈
R𝑑𝑢 ×𝔓𝛿 (R𝑑𝑤 ) it holds that

𝔄(𝑢; 𝜋) = E𝑤∼𝑝(·;𝑢,𝜋)𝑉𝑤, (6.38)
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where

𝑝(𝑑𝑤; 𝑢, 𝜋) =
exp

(
⟨𝑄𝑢, 𝐾𝑤⟩

)
𝜋(𝑑𝑤)∫

R𝑑𝑤 exp
(
⟨𝑄𝑢, 𝐾𝑧⟩

)
𝜋(𝑑𝑧)

. (6.39)

Definition 6.3.5 allows to state and prove the following lemma regarding the finite-
ness of the normalization constant appearing in (6.39).

Lemma 6.3.7. Let 𝑄, 𝐾,𝑉 be fixed matrices of appropriate dimensions. The mea-
sure 𝑝(𝑑𝑤; 𝑢, 𝜋) is a well-defined probability measure for 𝜋 ∈ P𝛿 (R𝑑𝑤 ).

Proof. It suffices to show
∫
R𝑑𝑤 exp

(
⟨𝑄𝑢, 𝐾𝑧⟩

)
𝜋(𝑑𝑧) < ∞. Using the Cauchy–

Schwarz and Young’s inequalities we obtain that

exp
(
⟨𝑄𝑢, 𝐾𝑧⟩

)
⩽ exp

(
∥𝑄∥∥𝐾 ∥|𝑢 | |𝑧 |

)
⩽ exp

(
(∥𝑄∥∥𝐾 ∥|𝑢 |) 1+𝛿

𝛿

(1 + 𝛿)/𝛿

)
exp

(
|𝑧 |1+𝛿
(1 + 𝛿)

)
.

(6.40)
We note that∫

R𝑑𝑤
exp

(
⟨𝑄𝑢, 𝐾𝑧⟩

)
𝜋(𝑑𝑧) ⩽ 𝐶 (𝑢)

∫
R𝑑𝑤

exp
(
|𝑧 |1+𝛿
(1 + 𝛿)

)
𝜋(𝑑𝑧)

= 𝐶 (𝑢)
∫ ∞

0
𝜋

(
exp

(
|𝑧 |1+𝛿
(1 + 𝛿)

)
> 𝑡

)
𝑑𝑡

= 𝐶 (𝑢)
∫ 1

0
𝜋

(
exp

(
|𝑧 |1+𝛿
(1 + 𝛿)

)
> 𝑡

)
𝑑𝑡+

+ 𝐶 (𝑢)
∫ ∞

1
𝜋

(
exp

(
|𝑧 |1+𝛿
(1 + 𝛿)

)
> 𝑡

)
𝑑𝑡

⩽ 𝐶 (𝑢) + 𝐶 (𝑢)
∫ ∞

1
𝜋( |𝑧 | > 𝜏) exp

(
𝜏1+𝛿

(1 + 𝛿)

)
𝜏𝛿𝑑𝜏

⩽ 𝐶 (𝑢) + 𝐶 (𝑢)
∫ ∞

1
exp

(
−𝛿
(1 + 𝛿) · 𝜏

1+𝛿
)
𝜏𝛿𝑑𝜏 < ∞,

where 𝐶 (𝑢) is a constant depending on 𝑢 that changes from line to line, and where
in the fourth line we used that the first integral is less than or equal to 1 and applied
the substitution 𝑡 = exp

(
𝜏1+𝛿/(1 + 𝛿)

)
to the second integral; furthermore, we used

𝜋 ∈ P𝛿 (R𝑑𝑤 ) for the final inequality.

For implementable algorithms it is useful to consider the finite sample case, where we
assume we have access to empirical approximations of the measures 𝜇 ∈ 𝔓(R𝑑𝑢) and
𝜋 ∈ 𝔓𝛿 (R𝑑𝑤 ) via a collection of samples, or ensembles, {𝑢(1), . . . , 𝑢(𝑁)} ⊂ R𝑑𝑢

and {𝑤(1), . . . , 𝑤(𝑀)} ⊂ R𝑑𝑤 . The following proposition provides a description of
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the attention operator when applied to empirical measures. The resulting expressions
will be useful more generally to formulate the trainable algorithms we will use for
data assimilation.

Proposition 6.3.8 (Attention on Empirical Measures). Assume that, for 𝜇 ∈
𝔓(R𝑑𝑢), 𝜋 ∈ 𝔓𝛿 (R𝑑𝑤 ), samples 𝑢(1), · · · , 𝑢(𝑁) are drawn i.i.d. from 𝜇 and samples
𝑤(1), · · · , 𝑤(𝑀) ∼ 𝜋 are drawn i.i.d. from 𝜋. Then for 𝜇𝑁 = 1

𝑁

∑𝑁
𝑗=1 𝛿𝑢( 𝑗) and

𝜋𝑀 = 1
𝑀

∑𝑀
𝑗=1 𝛿𝑤( 𝑗) it holds that

A(𝜇𝑁 , 𝜋𝑀) = 1
𝑁

𝑁∑︁
𝑗=1

𝛿
𝔄
(
𝑢( 𝑗); 𝜋𝑀

) ,
where

𝔄
(
𝑢( 𝑗); 𝜋𝑀

)
=

∑𝑀
𝑘=1 exp

(
⟨𝑄𝑢( 𝑗), 𝐾𝑤(𝑘)⟩

)
𝑉𝑤(𝑘)∑𝑀

ℓ=1 exp
(
⟨𝑄𝑢( 𝑗), 𝐾𝑤(ℓ)⟩

) . (6.42)

Proof. This follows by application of identity (6.27) to Definition 6.3.6.

We note that the expression (6.42) corresponds to the definition of attention on
discrete sequences as highlighted in Vaswani et al. (2017).

6.4 Particle Approximation of Learned Mean-field Filters
In this section, we detail our proposed machine-learning-based DA method, the
measure neural mapping enhanced ensemble filter (MNMEF), for the state estima-
tion problem. In particular we build on the mean-field formulation introduced in
Section 6.2, and in Subsection 6.2.5 in particular, by introducing an interacting
particle system approximation. The resulting machine-learned ensemble approach
is based on updating {𝑣 (𝑛)

𝑗
}𝑁
𝑛=1 to {𝑣 (𝑛)

𝑗+1}
𝑁
𝑛=1 through the following steps:

Predict: 𝑣̂
(𝑛)
𝑗+1 = Ψ(𝑣 (𝑛)

𝑗
) + 𝜉 (𝑛)

𝑗
, (6.43a)

Extend to observation space: 𝑦̂
(𝑛)
𝑗+1 = ℎ(𝑣̂ (𝑛)

𝑗+1) + 𝜂
(𝑛)
𝑗+1, (6.43b)

Analysis: 𝑣
(𝑛)
𝑗+1 = 𝑣̂

(𝑛)
𝑗+1 + (𝐾𝜃) 𝑗+1

(
𝑦
†
𝑗+1 − 𝑦̂

(𝑛)
𝑗+1

)
. (6.43c)

After the prediction steps (6.43a) and (6.43b), we obtain a set of particles {(𝑣̂ (𝑛)
𝑗+1, ℎ(𝑣̂

(𝑛)
𝑗+1))}

𝑁
𝑛=1.

The computation of 𝐾𝜃 is elaborated through equations (6.22), (6.23), and (6.24) in a
mean-field perspective, now extended to also include this particle setting. As in Sec-
tion 6.2, we drop time index 𝑗 in what follows and recall that 𝜌ℎ = Law

(
(𝑣̂, ℎ(𝑣̂))

)
is
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the joint distribution of (𝑣̂, ℎ(𝑣̂)) in the mean-field limit. In the particle case, under
their implied empirical distribution, we have

𝜌
(𝑁)
ℎ

:=
1
𝑁

𝑁∑︁
𝑛=1

𝛿 (
𝑣̂
(𝑛)
𝑗+1,ℎ(𝑣̂

(𝑛)
𝑗+1)

) (6.44)

and use this as an input measure to𝐾𝜃 .The core idea is to train a parameterized neural
operator 𝔉

(̂
𝑣, ℎ(𝑣̂), 𝑦†, 𝜌ℎ; 𝜃

)
that outputs the correction terms used to compute

𝐾𝜃 . This can be done using the transformer measure neural mapping (TMNM)
architecture F (6.28) introduced in Section 6.3. When applied to empirical measures
such as (6.44), this TMNM scheme is equivalent to the set transformer architecture
(J. Lee et al., 2019) acting on sequences, as outlined in Remark 6.3.2. In this section,
which is concerned with implementation, we will work with the formulation of the
scheme on sequences; we will also show that the resulting scheme is invariant to
permutation of the elements of the sequence. To distinguish the resulting operator
on sequences to the one acting on measures from Section 6.3, we will employ
the notation FST opposed to F; see (6.60) for the definition of FST. Due to the
permutation invariance property of the set transformer, we can treat the input as an
unordered set: we define the corresponding operator acting on finite sets using the
notation 𝐹ST ; see (6.67).

The parameters 𝜃 learned in 𝐾𝜃 implicitly depend on 𝑁 , the number of ensemble
members used in training. However, the relation between the set transformer and
its mean-field limit from Section 6.3 allows us to deploy the model parameters 𝜃,
trained using an ensemble size 𝑁 , to an ensemble of a different sizes 𝑁′. This
is because the 𝑁 and 𝑁′ systems may both be thought of as approximating the
same mean-field limit. Similarly to the standard use of the EnKF, our learning
framework also incorporates techniques such as inflation and localization to enhance
the performance of the filter (Bach, Baptista, Sanz-Alonso, et al., 2025) as ensemble
sizes vary. We view this as a fine-tuning: fixing the majority of the parameters in 𝜃
as ensemble sizes vary, but allowing a small subset of parameters—including those
related to inflation and localization—to vary with ensemble size.

We present the complete implementation details of our method in the following
subsections. In Subsection 6.4.1, we review the set transformer architecture. In
Subsection 6.4.2, we present our architecture that learns a parameterized gain matrix,
generalizing the EnKF formulation, and enhanced by use of adaptively learned
inflation and localization parameters. Subsection 6.4.3 explains the loss function
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and training process. In Subsection 6.4.4, we describe how to efficiently fine-tune
our method to allow for ensemble size dependent inflation and localization.

Note that all aspects are based on a discrete setting, where our approach evolves an
ensemble of particles, as in the EnKF. Consequently, all measure-related operations
are transformed into computations based on the empirical measure, or equivalently,
the ensemble, viewed as a set of points in state space. When the time-step subscript
is omitted, this indicates that the analysis applies to any time step 𝑗 .

6.4.1 The Set Transformer
In this section, we review the set transformer architecture (J. Lee et al., 2019) used
to process ensembles {(𝑣̂ (𝑛))}𝑁

𝑛=1 or {(ℎ(𝑣̂ (𝑛)))}𝑁
𝑛=1 into fixed-dimensional feature

vectors. While Section 6.3 introduced the set transformer from a measure-theoretic
perspective, we now consider our input as a sequence that, due to the architecture’s
design, can be treated either as a set or an empirical measure.

For two sequences 𝑢 ∈ U(J1, 𝑁K;R𝑑𝑢) and 𝑤 ∈ U(J1, 𝑀K;R𝑑𝑤 ), we provide the
definition for the sequence-based attention mechanism, which is given by

𝔄
(
𝑢( 𝑗);𝑤

)
=

∑𝑀
𝑘=1 exp

(
⟨𝑄𝑢( 𝑗), 𝐾𝑤(𝑘)⟩

)
𝑉𝑤(𝑘)∑𝑀

ℓ=1 exp
(
⟨𝑄𝑢( 𝑗), 𝐾𝑤(ℓ)⟩

) . (6.45)

We recall that this is equivalent to the formulation (6.42) in Proposition 6.3.8
obtained by applying the measure theoretic definition of attention to empirical
measures. Defining the set of sequences of finite length in R𝑑 by

U𝐹 (R𝑑) = ∪∞𝑁=1U(J1, 𝑁K;R𝑑), (6.46)

we can define an attention operator AST (where the superscript ST indicates it is used
in the set transformer architecture) as a sequence-to-sequence operator, analogous
to the attention A acting on measures (6.34): 2

AST : U𝐹 (R𝑑𝑢) × U𝐹 (R𝑑𝑤 ) → U𝐹 (R𝑑𝑣 ). (6.47)

In view of (6.45), the output sequence length is the same as the length of the first
input. Specifically, for 𝑢 ∈ U(J1, 𝑁K;R𝑑𝑢) and 𝑤 ∈ U(J1, 𝑀K;R𝑑𝑤 ),

AST(𝑢, 𝑤) ( 𝑗) = 𝔄
(
𝑢( 𝑗);𝑤

)
, ∀ 𝑗 ∈ J1, 𝑁K. (6.48)

2As in Section 6.3, here 𝑑𝑣 does not necessarily refer to the state space dimension in the
dynamical system; the exposition in this subsection is quite general, defining the set transformer and
linking it to the MNM in Section 6.3.
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The learnable parameters in AST are denoted by

𝜃 (AST) = {𝑄, 𝐾,𝑉}. (6.49)

In the context of practical implementations, AST is commonly instantiated as a mul-
tihead attention mechanism, which allows the model to jointly attend to information
from different representation subspaces (Vaswani et al., 2017).

The set transformer architecture is composed of several key building blocks (J. Lee
et al., 2019). The fundamental computation unit is the Cross-Attention Block (CAB)
given in the following definition.

Definition 6.4.1 (CAB for Sequences). The Cross-Attention Block (CAB) CST is an
operator that maps two sequences into one sequence:

CST : U𝐹 (R𝑑𝑢) × U𝐹 (R𝑑𝑤 ) → U𝐹 (R𝑑𝑢). (6.50)

For 𝑢 ∈ U(J1, 𝑁K;R𝑑𝑢) and 𝑤 ∈ U(J1, 𝑀K;R𝑑𝑤 ), CST is defined as

CST(𝑢, 𝑤) = FLN
1 (𝑢1 + FNN(𝑢1)) ∈ U(J1, 𝑁K;R𝑑𝑢), (6.51a)

𝑢1 = FLN
2

(
𝑢 + AST(𝑢, 𝑤)

)
∈ U(J1, 𝑁K;R𝑑𝑢). (6.51b)

Here AST is the sequence-to-sequence attention (6.47); FLN denotes application of
the layer normalization operator 𝔉LN (6.31), elementwise in the sequence; FNN

denotes application of the feedforward operator 𝔉NN (6.33), also elementwise in the
sequence. The + operator acting on sequences is interpreted as adding elements
with the same index, i.e.,

(𝑢 + 𝑣) ( 𝑗) = 𝑢( 𝑗) + 𝑣( 𝑗). (6.52)

The trainable parameters in CST include the parameters from FLN
1 , FLN

2 , FNN, and
AST, i.e.,

𝜃 (CST) = 𝜃 (FLN
1 ) ∪ 𝜃 (F

LN
2 ) ∪ 𝜃 (F

NN) ∪ 𝜃 (AST), (6.53)

where the layer normalization layers FLN
1 , FLN

2 have trainable parameters according
to (6.31)(6.32), the feedforward layer FNN has trainable parameters according to
(6.33), and the attention layer AST has trainable parameters according to (6.49).
We note that practically the cross-attention block on sequences is the multi-head
attention block from Vaswani et al. (2017) and J. Lee et al. (2019) and may be viewed
as the sequence-to-sequence analog of the cross-attention block C on measures from
(6.29b).
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The set transformer architecture is composed of several self-attention blocks (SAB)
(Definition 6.4.2) and a pooling by multi-head attention block (PMA) (Defini-
tion 6.4.3), which are defined in the following using CAB.

Definition 6.4.2 (SAB). The self-attention block (SAB) SST, also called the set
attention block (J. Lee et al., 2019), maps a sequence to another sequence with the
same length and dimension, so that

SST : U𝐹 (R𝑑𝑢) → U𝐹 (R𝑑𝑢). (6.54)

The application of SST is calculated by setting both inputs of CST to be the same,
i.e.,

SST(𝑢) = CST(𝑢, 𝑢). (6.55)

Here, the trainable parameters satisfy

𝜃 (SST) = 𝜃 (CST). (6.56)

See (6.29a) for the measure theoretic analog Σ.

Definition 6.4.3 (PMA). The pooling by multi-head attention block (PMA) CST(𝑠, •)
is defined by replacing the first input in the CAB CST(•, •) by a trainable parameter
𝑠, called the seed. The seed 𝑠 ∈ U(J1, 𝑁𝑠K,R𝑑𝑠 ) is a sequence, where 𝑁𝑠 and 𝑑𝑠 are
fixed hyperparameters. Therefore CST(𝑠, •) maps a sequence of any finite length to
a sequence with fixed length,

CST(𝑠, •) : U𝐹 (R𝑑𝑢) → U(J1, 𝑁𝑠K;R𝑑𝑠 ). (6.57)

The trainable parameters in PMA are the parameters in the CAB and the seed 𝑠,

𝜃
(
CST(𝑠, •)

)
= 𝜃 (CST) ∪ {𝑠}. (6.58)

See Remark 6.3.2 for the measure theoretic analog C(𝑠, •).

The set transformer maps a sequence of any finite length to a fixed-dimensional
feature vector:

FST : U𝐹 (R𝑑𝑢) → R𝑑ST . (6.59)

To fully specify the detailed architecture of FST, we will utilize two multilayer percep-
trons (6.33) FNN

in : R𝑑𝑢 → R𝑑latent , and FNN
out : R𝑁𝑠×𝑑𝑠 → R𝑑ST (that act elementwise

on sequences), and a parameter-free concatenation layer FCat : U(J1, 𝑁𝑠K,R𝑑𝑠 ) →
R𝑁𝑠×𝑑𝑠 that concatenates all elements in a sequence into a vector.
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For a sequence 𝑢 ∈ U(J1, 𝑁K;R𝑑𝑢), the set transformer is hence given by

FST(𝑢) = FDec(•) ◦ CST(𝑠, •) ◦ FEnc(𝑢), (6.60a)

FEnc(𝑢) =
(
SST
𝑁e
(•) ◦ · · · ◦ SST

1 (•)
)
◦ FNN

in (𝑢), (6.60b)

FDec(𝑢) = FNN
out (•) ◦ FCat(•) ◦

(
SST
𝑁d+𝑁e

(•) ◦ · · · ◦ SST
1+𝑁e
(•)

)
(𝑢). (6.60c)

The subscripts ℓ ∈ [𝑁e+𝑁d] emphasize that the trainable parameters of these SABs
are different. Integer 𝑁e is the number of SABs, SST

ℓ
, ℓ = 1, 2, . . . , 𝑁e, in the encoder

FEnc, while 𝑁d is the number of SABs, SST
ℓ
, ℓ = 1 + 𝑁e, 2 + 𝑁e, . . . , 𝑁d + 𝑁e, in the

decoder FDec. Specifically, we have

SST
ℓ : U𝐹 (R𝑑latent) → U𝐹 (R𝑑latent), ℓ = 1, 2, . . . , 𝑁e, (6.61a)

SST
ℓ : U𝐹 (R𝑑𝑠 ) → U𝐹 (R𝑑𝑠 ), ℓ = 1 + 𝑁e, 2 + 𝑁e, . . . , 𝑁d + 𝑁e. (6.61b)

The trainable parameters in FST are given by

𝜃 (FST) = 𝜃
(
FDec) ∪ 𝜃 (CST(𝑠, •)

)
∪ 𝜃

(
FEnc)

= 𝜃
(
FNN

in
)
∪ 𝜃

(
FNN

out
)
∪

(
∪𝑁e+𝑁d
ℓ=1 𝜃

(
SST
ℓ

) )
∪ 𝜃

(
CST(𝑠, •)

)
.

(6.62)

The set transformer architecture exhibits two key properties when processing an input
sequence, namely, the permutation invariance (Proposition 6.4.4) and adaptation to
variable input lengths (Proposition 6.4.5). These two propositions are proved in J.
Lee et al. (2019) under a slightly different setting: in the original work a length-𝑁
sequence in R𝑑 is represented as an 𝑁 × 𝑑 matrix, whereas here it is a mapping
𝑢 ∈ U(J1, 𝑁K,R𝑑).

Proposition 6.4.4 (Permutation Invariance). A permutation 𝜎 is a bijective func-
tion from J1, 𝑁K to J1, 𝑁K. We extend the definition of 𝜎 to sequences in 𝑢 ∈
U(J1, 𝑁K,R𝑑𝑢) so that

𝜎(𝑢) (𝑛) = 𝑢(𝜎(𝑛)), 𝑛 ∈ J1, 𝑁K. (6.63)

Then for any permutation 𝜎 : J1, 𝑁K ↦→ J1, 𝑁K and any input sequence 𝑢 ∈
U(J1, 𝑁K,R𝑑𝑢), we have

FST(𝑢) = FST(𝜎(𝑢)). (6.64)

Proposition 6.4.5 (Adaptation to Variable Input Length). A set transformer ar-
chitecture with fixed parameters takes input sequences with different lengths while
the output dimension is fixed:

FST(𝑢) ∈ R𝑑ST , ∀𝑢 ∈ U(J1, 𝑁K,R𝑑𝑢), ∀𝑁 ∈ N. (6.65)
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Based on these two properties, we can bridge the sequence input and the probability
measure input for the set transformer architecture. The permutation invariance
property (Proposition 6.4.4) enables us to abstract away from the sequential nature
of the input and treat it as an unordered set. More fundamentally, this allows
us to interpret the input as an empirical distribution, where each element in the
sequence represents a sample from some underlying distribution. Furthermore,
Proposition 6.4.5 demonstrates that we can accommodate varying input lengths
without architectural modifications, effectively allowing us to adjust the number of
samples in the empirical distribution. Together, these properties (Propositions 6.4.4
and 6.4.5) provide theoretical foundation for analysis of the main components of the
set transformer in the context of probability measures (Section 6.3).

Remark 6.4.6 (Common Notation for Operations on Measures and on Se-
quences). In this section, much of the notation coincides with that in Section 6.3.
This is because the underlying definitions are almost identical, with the key distinc-
tion being that in Section 6.3 the operators act on probability measures, whereas in
this section they act on sequences. The preceding developments in this subsection
explain the connection. For example, in Section 6.3, Σ and C denote the measure-
based self-attention (6.29a) and cross-attention (6.29b) blocks, while in this section,
SST and CST represent the sequence-based self-attention (6.55) (Definition 6.4.2)
and cross-attention (6.51) (Definition 6.4.1) blocks, respectively. In addition, F
refers to the transformer measure neural mapping (6.28) in Section 6.3 while FST

refers to the set transformer (6.60) acting on sequences.

6.4.2 Our Architecture
In this section we provide a detailed description the architecture in our proposed
learnable DA method, MNMEF. The core of our approach is to learn a parameterized
gain matrix (Subsection 6.4.2.1), generalizing how the classical EnKF utilizes a
Gaussian-inspired gain. Additionally, to enhance performance, we incorporate
inflation and localization techniques (Subsections 6.4.2.2 and 6.4.2.3), akin to their
role in EnKF.

In our architecture, we use a set transformer (Subsection 6.4.1) to process the
ensemble {(𝑣̂ (𝑛) , ℎ(𝑣̂ (𝑛)))}𝑁

𝑛=1 into a fixed-dimensional feature vector. We define the
set of finite subsets in R𝑑 by

F (R𝑑) = {𝐴 ⊆ R𝑑 | 𝐴 contains a finite set of elements}. (6.66)
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Because of the permutation invariance property (Proposition 6.4.4), we may rein-
terpret the set transformer FST as a map 𝐹ST that acts on sets rather than sequences:
𝐹ST : F (R𝑑𝑣 × R𝑑𝑦 ) → R𝑑ST , given by

𝐹ST
(
{(𝑣̂ (𝑛) , ℎ(𝑣̂ (𝑛)))}𝑁𝑛=1; 𝜃ST

)
= 𝑓𝑣 ∈ R𝑑ST . (6.67)

The feature vector 𝑓𝑣 can be viewed as a representation of the empirical distribu-
tion 𝜌

(𝑁)
ℎ

given in (6.44) and similarly as an approximate summary of 𝜌ℎ. This
representation is subsequently utilized to learn the gain matrix, inflation, and the
localization.

Remark 6.4.7 (Choice of 𝑑ST). By Proposition 6.4.5, 𝐹ST outputs a fixed dimension
𝑑ST regardless of ensemble size 𝑁 . Therefore, we do not need to adjust 𝑑ST based
on 𝑁 . Larger 𝑑ST values offer more expressiveness, but increase computational
cost. Our tests with the Lorenz ’96 model (Subsection 6.5.2) using 𝑑ST = 32, 64, 128
showed only marginal improvements with increasing 𝑑ST, thus we selected 𝑑ST = 64
for all experiments.

6.4.2.1 Learning the Gain Matrix

From the analysis step (6.43c) and the proposed form (6.22), we have the following
form for the learnable analysis step:

𝑣 (𝑛) = 𝑣̂ (𝑛) + 𝐾𝜃
(
𝑦† − 𝑦̂ (𝑛)

)
, (6.68a)

𝐾𝜃 = 𝐾
(1)
𝜃

(
𝐾
(2)
𝜃
+ Γ

)−1
. (6.68b)

Recall that, in the mean-field limit, we impose an inductive bias on our architecture
by defining 𝐾

(1)
𝜃

and 𝐾
(2)
𝜃

in the form (6.23), allowing for a learned correction
through (6.24). Recall that 𝑚 and ℎ̂ are the mean of {𝑣̂ (𝑛)}𝑁

𝑛=1 and {ℎ(𝑣̂ (𝑛))}𝑁
𝑛=1,

respectively. The empirical version of (6.23), used in the practical implementation,
takes the form

𝐾
(1)
𝜃

=
1
𝑁

𝑁∑︁
𝑛=1

(
𝑣̂ (𝑛) − 𝑚 + 𝑤 (𝑛)

𝜃

)
⊗

(
ℎ(𝑣̂ (𝑛)) − ℎ̂ + 𝑧̂(𝑛)

𝜃

)
, (6.69a)

𝐾
(2)
𝜃

=
1
𝑁

𝑁∑︁
𝑛=1

(
ℎ(𝑣̂ (𝑛)) − ℎ̂ + 𝑧̂(𝑛)

𝜃

)
⊗

(
ℎ(𝑣̂ (𝑛)) − ℎ̂ + 𝑧̂(𝑛)

𝜃

)
, (6.69b)

where 𝑤 (𝑛)
𝜃

and 𝑧̂(𝑛)
𝜃

are trainable correction terms that depend on the state 𝑣̂ (𝑛) , the
observation ℎ(𝑣̂ (𝑛)), the true observation 𝑦†, and the ensemble {(𝑣̂ (𝑛) , ℎ(𝑣̂ (𝑛)))}𝑁

𝑛=1.
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The correction terms are defined by a neural operator 𝔉 as in (6.24) for the mean-
field perspective presented in Section 6.2. In our practical implementation, we
replace the dependence on 𝜌ℎ in 𝔉 by the ensemble {(𝑣̂ (ℓ) , ℎ(𝑣̂ (ℓ)))}𝑁

ℓ=1 and use the
set transformer 𝐹ST (6.67) to process the ensemble into a feature vector 𝑓𝑣. Recall
that this can be viewed as using the empirical approximation 𝜌(𝑁)

ℎ
≈ 𝜌ℎ given by

(6.44).

To learn the correction terms for each particle, we then train a neural network
𝐹gain : R𝑑𝑣 ×R𝑑𝑦 ×R𝑑𝑦 ×R𝑑ST → R𝑑𝑣 ×R𝑑𝑦 with the standard multilayer perceptron
(MLP) architecture that takes the feature vector for the ensemble as an input:

𝐹gain
(
𝑣̂ (𝑛) , ℎ(𝑣̂ (𝑛)), 𝑦†, 𝑓𝑣; 𝜃gain

)
=

(
𝑤
(𝑛)
𝜃
, 𝑧̂
(𝑛)
𝜃

)
, (6.70)

where 𝜃gain denotes trainable parameters.

From (6.69a) and (6.69b), it is evident that if the correction terms satisfy 𝑤 (𝑛)
𝜃

=

𝑧̂
(𝑛)
𝜃

= 0, the formulation reduces to the EnKF (6.16). When the dynamics and
observation models are linear, or in other words, when the filtering distribution
of the states 𝑣 is Gaussian, the Kalman filter achieves optimality (Kalman, 1960;
Evensen, 2003; Calvello, Reich, and Andrew M. Stuart, 2025). Therefore, the
motivation for our proposed scheme (6.22) lies in its optimality in the linear (or
Gaussian) setting, while further aiming to improve the performance of the Kalman
filter in nonlinear problems by learning the correction terms.

Remark 6.4.8 (On the Invertibility in the Gain Computation). The matrix 𝐾 (2)
𝜃

,
defined in (6.69b) as an average of outer products, is positive semi-definite. Since Γ
is a fixed positive definite matrix, the sum 𝐾

(2)
𝜃
+ Γ is also positive definite and thus

invertible. Crucially, the minimum eigenvalue of 𝐾 (2)
𝜃
+ Γ is bounded from below

by the minimum eigenvalue of Γ, which is a positive constant independent of any
trainable parameters. This property ensures the numerical stability of computing
(𝐾 (2)

𝜃
+ Γ)−1 during backpropagation.

Remark 6.4.9 (Correction Approach Versus End-to-end Gain Learning). In
addition to the proposed approach with correction terms, we have implemented the
end-to-end learning of the operator 𝔅 presented in Subsection 6.2.4 and learning
the Kalman gain 𝐾𝜃 directly without any constraint on its form. We find that the
end-to-end approach or directly learning𝐾𝜃 results in unstable and slower learning.
A poorly initialized or an unconstrained 𝐾𝜃 leads to substantial divergence of the
resulting filtered trajectory away from the ground truth trajectory. The EnKF-like
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structure in (6.68b) with learnable correction terms provides better stability while
maintaining adaptability to nonlinear dynamics.

6.4.2.2 Learning the Inflation

Inflation is a technique used to increase the ensemble spread, mitigating the un-
derestimation of analysis covariance caused by sampling errors in ensemble-based
methods. Finite ensemble sizes often lead to sampling errors in the forecast covari-
ance, causing the filter to overly trust forecasts and risk filter divergence. Inflation
helps maintain the response of the filter to observations by counteracting these
effects.

The most common form of inflation is multiplicative inflation, where the analysis
ensemble {𝑣 (𝑛)}𝑁

𝑛=1 that is calculated after the analysis step (6.43c) is modified as
follows,

𝑣 (𝑛) ← 𝑣 (𝑛) + (𝛼 − 1)
(
𝑣 (𝑛) − 1

𝑁

𝑁∑︁
ℓ=1

𝑣 (ℓ)
)
, (6.71)

where 𝛼 ⩾ 1 is the inflation parameter. In our learning framework, we replace the
term proportional to (𝛼 − 1) by a learned correction term 𝑢̂

(𝑛)
𝜃

,

that is output by an MLP-based neural network 𝐹 infl : R𝑑𝑣 × R𝑑ST → R𝑑𝑣 given by

𝐹 infl (
𝑣 (𝑛) , 𝑓𝑣; 𝜃infl

)
= 𝑢̂
(𝑛)
𝜃
, (6.72)

where 𝑣 (𝑛) is the estimated state given by (6.43c), and 𝜃infl denotes trainable parame-
ters. The learned inflation step is processed after the analysis step (6.43c), resulting
in the particle update:

𝑣 (𝑛) ← 𝑣 (𝑛) + 𝑢̂(𝑛)
𝜃
. (6.73)

Remark 6.4.10 (Dependence and Implications of the Learned Inflation Term).
The common form of inflation is a function of the ensemble states, i.e., not the
observations, in (6.71). Similarly, the learned inflation term 𝑢̂

(𝑛)
𝜃

in (6.72) depends
on the ensemble states 𝑣̂ (𝑛) and the feature vector 𝑓𝑣, without information of the
true observation 𝑦† or the observation noise covariance Γ. We avoid the risk that
the inflation term would evolve into an end-to-end correction term, ensuring the
learning performed by other components in our framework remains meaningful and
effective.
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6.4.2.3 Learning the Localization

In spatially extended systems, sampling errors can lead to inaccurate covariance
estimation, particularly when the sample size is small. True correlations typically
decay with distance, but spurious long-range correlations may arise, distorting the
covariance structure. Localization addresses this issue by suppressing artificial
correlations while preserving meaningful local correlations.

Localization is implemented by damping covariances in an empirical covariance
matrix based on distance. This is typically achieved by applying a Hadamard
product (elementwise product, denoted by ◦) between the empirical covariance
matrix and a predefined localization weight matrix 𝐿. For the dynamic model (6.1)
with the state in 𝑑𝑣-dimensional space (i.e., 𝑣 ∈ R𝑑𝑣 ), 𝐿 ∈ R𝑑𝑣×𝑑𝑣 is calculated by

(𝐿)𝑘ℓ = 𝑔(𝐷𝑘ℓ), ∀𝑘, ℓ ∈ [𝑑𝑣], (6.74)

where 𝑔 : R → R is a function that maps distance values to localization weights
(e.g., the Gaspari–Cohn function (Gaspari and Cohn, 1999)), and 𝐷𝑘ℓ is the distance
between index 𝑘 and ℓ. To incorporate the localization technique in the EnKF, the
Kalman gain formula (6.11b) is modified as

𝐾 =

(
𝐶𝑣ℎ ◦ 𝐿𝑣ℎ

) (
𝐶ℎℎ ◦ 𝐿ℎℎ + Γ

)−1
, (6.75)

where 𝐿𝑣ℎ ∈ R𝑑𝑣×𝑑𝑦 and 𝐿ℎℎ ∈ R𝑑𝑣×𝑑𝑦 are localization weight matrices correspond-
ing to 𝐶𝑣ℎ and 𝐶ℎℎ, respectively.

In our learning-based formulation of localization we proceed as follows: we in-
corporate localization into our parameterized Kalman gain by modifying (6.68b) to
take the form

𝐾𝜃 =

(
𝐾
(1)
𝜃
◦ 𝐿 (1)

𝜃

) (
𝐾
(2)
𝜃
◦ 𝐿 (2)

𝜃
+ Γ

)−1
, (6.76)

The localization weight matrices 𝐿 (1)
𝜃

and 𝐿 (2)
𝜃

follow the structure in (6.74), where
𝑔 is replaced by a parameterized distance-to-weight function 𝑔𝜃 : R→ R.

In practice, it is not necessary to learn the entire function 𝑔𝜃 since we only have a
finite number of different distances, defined by the spatial grid for discretized PDEs,
and time indices in the setting of ODEs. We denote the unique distance values in
{𝐷𝑘ℓ}𝑑𝑣𝑘,ℓ=1 as {𝐷1, 𝐷2, . . . , 𝐷𝑁𝐷 }, where 𝑁𝐷 is the number of distinct distances.
Given a vector 𝑔̂ = [𝑔̂1, 𝑔̂2, . . . , 𝑔̂𝑁𝐷 ] ∈ R𝑁𝐷 , we can define the function 𝑔𝜃 by

𝑔𝜃 (𝐷𝑖) = 𝑔̂𝑖, ∀𝑖 ∈ [𝑁𝐷] . (6.77)
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We employ a MLP-based neural network 𝐹 loc : R𝑑ST → R𝑁𝐷 given by

𝐹 loc ( 𝑓𝑣; 𝜃loc) = 𝑔̂. (6.78)

The parameterized localization weight matrices 𝐿 (1)
𝜃

and 𝐿 (2)
𝜃

are calculated based
on the output of this learned function 𝑔𝜃 .

Remark 6.4.11 (Implementation Insights for Learning Localization Weights).
Here we provide more details for the learning process of the localization weight
matrices and make some comments on our proposed approach.

• The final layer of 𝐹 loc is a softmax function scaled by 2, ensuring all outputs lie
within the interval [0, 2]. Although amplifying underestimated covariances is
typically the responsibility of inflation alone, our architecture jointly performs
localization and inflation. Thus, we allow the weights to range in [0, 2] rather
than [0, 1] to grant additional flexibility in the localization component.

• Instead of learning a continuous parametric form for 𝑔𝜃 , we learn its values
only at discrete distances {𝐷𝑖}𝑁𝐷𝑖=1. This reduces model complexity while
preserving localization expressivity.

• While EnKF-based localization methods typically use fixed weight matrices
across time steps (e.g., using the Gaspari–Cohn function (Gaspari and Cohn,
1999)), there is much interest in adaptive approaches (Vishny et al., 2024).
Our learning-based approach adapts these matrices for each time step 𝑗 using
neural networks via its dependence on the ensemble. As shown in (6.78) (time
index 𝑗 omitted for simplicity), the network processes time-step-specific inputs,
allowing the localization scheme to dynamically adjust based on the current
system state.

Remark 6.4.12 (On sharing the distance-to-weight function across 𝐿 (1)
𝜃

and
𝐿
(2)
𝜃

). In forthcoming experiments in this chapter, the observation operator ℎ sub-
samples state components, so the distances between observation indices are induced
by the same state-space metric used for state indices. Accordingly, we learn a single
distance-to-weight function 𝑔𝜃 and use it consistently to build 𝐿 (1)

𝜃
and 𝐿 (2)

𝜃
. For

more general ℎ (e.g., nonlinear or indirect observations), one may instead learn
two distinct functions, 𝑔(1)

𝜃
and 𝑔(2)

𝜃
, tailored to state–observation pairs for 𝐿 (1)

𝜃
and

observation–observation pairs for 𝐿 (2)
𝜃

, respectively.
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6.4.3 Loss Function
This section outlines the procedure for training the neural network parameters,
including the gain, inflation and localization (Subsection 6.4.2). Based on the
stochastic dynamic model (6.1) and the data observation model (6.2), we make the
follow assumption for the training:

Data Assumption 1. Our training is conducted for fixed dynamics Ψ, observation
operator ℎ, and noise covariance matrices Σ and Γ. The time step Δ𝑡 is also
fixed (and incorporated in Ψ). The initial condition is a Gaussian with a fixed
covariance 𝐶0, i.e. 𝑣0 ∼ N(•, 𝐶0). For some 𝑀, 𝐽 ∈ N, the training data consists
of 𝑀 trajectories of length 𝐽 + 1, extracted from a single long trajectory generated
by propagating the dynamic model (6.1) for 𝑀 (𝐽 + 1) steps. Each sub-trajectory
{𝑣†

𝑗
}𝐽
𝑗=0 has corresponding observations {𝑦†

𝑗
}𝐽
𝑗=1 generated according to (6.2).

For each trajectory, we generate estimated states from our ensemble-based data
assimilation model to compare with the true states from the dynamic model, enabling
us to train the parameters 𝜃ST, 𝜃gain, 𝜃infl, and 𝜃loc, for the set transformer 𝐹ST (6.67),
and MLPs 𝐹gain (6.70), 𝐹 infl (6.72) and 𝐹 loc (6.78) respectively.

We initialize an ensemble {𝑣 (𝑛)0 }
𝑁
𝑛=1 at the initial time step 𝑗 = 0 for each sub-

trajectory, with members sampled i.i.d. from a Gaussian distribution with the mean
𝑣
(𝑛)
0 and the covariance 𝐶0:

𝑣
(𝑛)
0 ∼ N(𝑣†0, 𝐶0), 𝑛 = 1, . . . , 𝑁. (6.79)

For 𝑗 = 0, 1, . . . , 𝐽−1 and trainable parameters 𝜃 = {𝜃ST, 𝜃gain, 𝜃infl, 𝜃loc}, we update
the ensemble {𝑣 (𝑛)

𝑗
(𝜃)}𝑁

𝑛=1 to {𝑣 (𝑛)
𝑗+1(𝜃)}

𝑁
𝑛=1 according to

𝑣̂
(𝑛)
𝑗+1(𝜃) = Ψ(𝑣 (𝑛)

𝑗
(𝜃)) + 𝜉 (𝑛)

𝑗
, 𝜉

(𝑛)
𝑗
∼ N(0,Σ), (6.80a)

𝑦̂
(𝑛)
𝑗+1(𝜃) = ℎ(𝑣̂

(𝑛)
𝑗+1(𝜃)) + 𝜂

(𝑛)
𝑗+1, 𝜂

(𝑛)
𝑗+1 ∼ N(0, Γ), (6.80b)

𝑣
(𝑛)
𝑗+1(𝜃) = (𝑣̂

(𝑛)
𝑗+1(𝜃) + 𝑢̂

(𝑛)
𝜃
) + (𝐾𝜃) 𝑗+1

(
𝑦
†
𝑗+1 − 𝑦̂

(𝑛)
𝑗+1(𝜃)

)
, (6.80c)

where (𝐾𝜃) 𝑗+1 is our learned parameterized gain matrix, including localization,
and 𝑢̂(𝑛)

𝜃
is the inflation term according to Subsection 6.4.2. For all parameters 𝜃

we choose 𝑣 (𝑛)0 (𝜃) = 𝑣
(𝑛)
0 . The ensembles {𝑣 (𝑛)

𝑗
(𝜃)}𝑁

𝑛=1 depend on the trainable
parameters 𝜃 for 𝑗 = 1, 2, . . . , 𝐽.
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In this chapter we focus on state estimation, given by the mean of the estimated
ensemble {𝑣 (𝑛)

𝑗
(𝜃)}𝑁

𝑛=1, i.e.,

𝑣 𝑗 (𝜃) =
1
𝑁

𝑁∑︁
𝑛=1

𝑣
(𝑛)
𝑗
(𝜃). (6.81)

To train our neural network parameters effectively, we introduce a loss function that
quantifies the discrepancy between the estimated states and the true states across the
𝑚-th sub-trajectory 𝑉𝑚 = {𝑣†

𝑗
}𝐽
𝑗=1, given by

L𝑚 (𝜃) =
1
𝐽

𝐽∑︁
𝑗=1

∥𝑣 𝑗 (𝜃) − 𝑣†𝑗 ∥22
∥𝑣†

𝑗
∥22

, (6.82)

which measures the relative accuracy of our ensemble mean predictions compared
to the true trajectory. Our loss (6.82) is a relative squared 𝐿2 loss, which is preferred
over the standard 𝐿2 loss for two main reasons. First, using the squared 𝐿2 norm
avoids computing square roots, which can lead to numerical instabilities when calcu-
lating gradients, especially when the error approaches zero. Second, normalizing by
the true state magnitude (∥𝑣†

𝑗
∥22) makes the loss scale-invariant across different state

variables and trajectory segments, ensuring balanced parameter updates regardless
of the absolute magnitudes of the state components. This relative formulation is
particularly important in dynamical systems where state variables may span different
orders of magnitude.

In the training process, the loss is averaged across 𝑀 training trajectories indexed
by 𝑚 ∈ J1, 𝑀K,

LJ1,𝑀K(𝜃) =
1
𝑀

∑︁
𝑚∈J1,𝑀K

L𝑚 (𝜃). (6.83)

The trainable parameter 𝜃 is optimized based on the above-defined loss LJ1,𝑀K. In
practice, the loss LJ1,𝑀K is approximated by a mini-batch as a subset of J1, 𝑀K.

Remark 6.4.13 (Gradient Truncation in Sequential Learning). Computing the
loss (6.82) requires evaluating ensemble estimates {{𝑣 (𝑛)

𝑗
(𝜃)}𝑁

𝑛=1}
𝐽
𝑗=1 across the

entire trajectory. For the ensemble at step 𝑗 , this involves nested evaluations of
𝐾𝜃 up to 𝑗 times. These nested evaluation arise from the sequential nature of the
trajectory, where each step depends on the computing of the Kalman gain from the
previous steps, requiring backpropagation through the entire computational history.
With large trajectory lengths 𝐽, this causes slow training and numerical instability
since it is nearly equivalent to training a very deep neural network.
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To address this issue, we introduce a gradient-detach hyperparameter 𝐽0 ∈ N. This
hyperparameter limits the gradient computation for the loss related to time step 𝑗 to
only the steps 𝑗 , 𝑗 − 1, . . . , 𝑗 − 𝐽0 + 1. This approach assumes that the trajectory at
time step 𝑗 is not significantly affected by parameter changes in the Kalman gain for
earlier time steps, which is reasonable given the diminishing influence of distant past
states in many dynamical systems. This technique significantly improves training
speed and stability.

Remark 6.4.14 (Training Targets and Probabilistic Losses). In the loss (6.82),
the ground-truth states used for supervised training are obtained by simulating the
known dynamical model (forward integration of Ψ with prescribed noise model).
Thus, the availability of training data hinges on access to an explicit and tractable
dynamic model. In high-dimensional settings where such a model is unavailable or
impractical, a surrogate simulator (e.g., a reduced-order or data-driven one) can
be used to synthesize training trajectories and observations. Furthermore, while the
proposed loss (6.82) focuses on state estimation, a promising direction for future
work is to adopt probabilistic loss functions that target the full filtering distribution
P(𝑣 𝑗 | 𝑌 𝑗 ) rather than only the mean-based point estimator; see Subsection 6.1.1.

6.4.4 Fine-Tuning Inflation & Localization
Following the developments in Subsection 6.4.2, we may apply a set transformer
(6.67) to process ensembles of any size into fixed-dimensional feature vectors. This
allows for pretraining our MNMEF with ensemble size 𝑁 and perform inference
with 𝑁′ ≠ 𝑁 . However in classical EnKF formulations, hyperparameters such
as inflation and localization depend on the ensemble size, and allowing for this
dependence significantly enhances performance. Thus, we consider fine-tuning a
subset of the parameters for inference at ensemble size 𝑁′ ≠ 𝑁 . We now detail this
methodology.

The architecture defined in Subsection 6.4.2 is based on trainable parameters 𝜃ST,
for the set transformer 𝐹ST (6.67), and 𝜃gain, 𝜃infl, and 𝜃loc for the MLPs 𝐹gain (6.70),
𝐹 infl (6.72) and 𝐹 loc (6.78) respectively. For efficient fine-tuning when transitioning
from ensemble size 𝑁 to 𝑁′, we freeze 𝜃ST and only fine-tune 𝜃gain, 𝜃infl, and 𝜃loc.
This specific choice of fine-tuning is effective because: (1) freezing 𝜃ST significantly
reduces computational costs, as the set transformer contains the majority of network
parameters; (2) the remaining parameters, though small in number, measurably
improve performance when they are adapted to the ensemble size.
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The training loss for the 𝑚-th sub-trajectory 𝑉𝑚 = {𝑣†
𝑗
}𝐽
𝑗=1 is defined by (6.81),

(6.82):

L (𝑁)𝑚 (𝜃ST, 𝜃gain, 𝜃infl, 𝜃loc) =
1
𝐽

𝐽∑︁
𝑗=1

∥𝑣 𝑗 (𝜃) − 𝑣†𝑗 ∥22
∥𝑣†

𝑗
∥22

, (6.84)

where we add the superscript 𝑁 to emphasize dependence on the ensemble size. In
pretraining with size 𝑁 we solve

𝜃
(𝑁)
ST , 𝜃

(𝑁)
gain, 𝜃

(𝑁)
infl , 𝜃

(𝑁)
loc = arg min

𝜃ST,𝜃gain,𝜃infl,𝜃loc

L (𝑁)J1,𝑀K(𝜃ST, 𝜃gain, 𝜃infl, 𝜃loc). (6.85)

During fine-tuning for size 𝑁′ ≠ 𝑁 , using the same training trajectories we solve

𝜃
(𝑁 ′)
gain , 𝜃

(𝑁 ′)
infl , 𝜃

(𝑁 ′)
loc = arg min

𝜃gain,𝜃infl,𝜃loc

L (𝑁
′)

J1,𝑀K(𝜃
(𝑁)
ST , 𝜃gain, 𝜃infl, 𝜃loc) (6.86)

with fixed 𝜃 (𝑁)ST . In practice, we use small mini-batches of J1, 𝑀K to estimate the
losses in (6.85) and (6.86).

With the updated parameters, we proceed with ensemble size 𝑁′ using:

Feature Vector: 𝑓
(𝑁 ′)
𝑣 = 𝐹ST

(
{(𝑣̂ (𝑛) , ℎ(𝑣̂ (𝑛)))}𝑁 ′𝑛=1; 𝜃 (𝑁)ST

)
, (6.87a)

Gain: 𝐹gain
(
•, 𝑓 (𝑁

′)
𝑣 ; 𝜃 (𝑁

′)
gain

)
, (6.87b)

Inflation: 𝐹 infl
(
•, 𝑓 (𝑁

′)
𝑣 ; 𝜃 (𝑁

′)
infl

)
, (6.87c)

Localization: 𝐹 loc
(
𝑓
(𝑁 ′)
𝑣 ; 𝜃 (𝑁

′)
loc

)
. (6.87d)

Although 𝜃
(𝑁)
ST remains unchanged after the fine-tuning, the feature vector 𝑓 (𝑁

′)
𝑣

differs from the pretraining features 𝑓𝑣 since the input ensemble size changes from
𝑁 to 𝑁′.

Remark 6.4.15 (Efficient Training Strategy). While the per-particle update in the
analysis step has linear complexity with respect to the ensemble size 𝑁 for fixed gain
matrix, the overall cost of one forward pass is dominated by the attention operations
used to compute correction terms. These attention blocks scale quadratically in 𝑁 .
In practice, we adopt an efficient training strategy by pretraining on smaller ensem-
ble sizes 𝑁 and applying fine-tuning for larger ensembles 𝑁′ > 𝑁 , which maintains
comparable performance while substantially reducing computational cost. Further
improvements are possible by employing localized or linear-attention variants that
can reduce the scaling in 𝑁 .

In Subsection 6.5.8, we demonstrate this fine-tuning method’s effectiveness, achiev-
ing comparable performance to full parameter fine-tuning with significantly im-
proved efficiency.
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6.5 Numerical Experiments
In this section we present numerical experiments to demonstrate the improved
numerical benefit of our proposed method, MNMEF, in comparison with leading
existing ensemble methods; the experiments also serve to validate the effectiveness
of several specific details within our approach. First, in Subsections 6.5.2, 6.5.3,
and 6.5.4, we compare our method with several classical approaches across several
nonlinear dynamical systems — Lorenz ’96, Kuramoto-Sivashinsky, and Lorenz
’63. In Subsection 6.5.5, we compare the computational time between our MNMEF
and other benchmarks. In Subsection 6.5.6, we show the robustness of our method
to the inherent randomness in test trajectories. In Subsection 6.5.7, we conduct
experiments to study the learning-based inflation and localization methods proposed
in Subsections 6.4.2.2 and 6.4.2.3. Subsequently, in Subsection 6.5.8, we perform
experiments to illustrate the efficiency and effectiveness of our proposed fine-tuning
method, introduced in Subsection 6.4.4. The code for our method is publicly
available3 and can be used to reproduce all of our experiments.

We reiterate that all reported experiments are for nonlinear problems. Our method-
ology is based on learning corrections to the Kalman filter structure inherent in the
EnKF. For nonlinear problems there is bias in the EnKF which can be effectively
learned and corrected for, and this is the essence of our approach. For linear prob-
lems there is no bias in the mean-field limit (although there will still be a bias with
a finite ensemble (Sacher and Bartello, 2008)), so our methodology would attempt
to fit neural networks to what is largely noise. Without any regularization or early
stopping, this can lead to filter divergence for large enough training epochs.

6.5.1 Experimental Set-Up
In the following three Subsections 6.5.2, 6.5.3, and 6.5.4, we compare our method
against several benchmark approaches:

1. Localized EnKF Perturbed Observation (EnKF) Burgers, Van Leeuwen,
and Evensen (1998) and Jeffrey L Anderson (2001): This is the classic im-
plementation of EnKF that employs a stochastic update approach, where the
observations are perturbed by adding random noise samples drawn from the
observation noise distribution.

2. Ensemble Square Root Filter (ESRF) Tippett et al. (2003) and Pavel Sakov
3https://github.com/wispcarey/DALearning

https://github.com/wispcarey/DALearning
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and Oke (2008): This method is a deterministic variant of the EnKF. It di-
rectly transforms the ensemble using matrix square root operations to match
the second order statistics of the EnKF, but without requiring stochastic per-
turbations.

3. Local Ensemble Transform Kalman Filter (LETKF) Brian R. Hunt, Kostelich,
and Szunyogh (2007): This method builds upon the Ensemble Transform
Kalman Filter (ETKF) (C. H. Bishop, Etherton, and Majumdar, 2001) by
incorporating spatial localization. ETKF is also a deterministic version of
EnKF. Under linear–Gaussian assumptions and in the mean-field limit, ESRF
and ETKF are theoretically equivalent, but they differ in practical implemen-
tation.

4. Iterative Ensemble Kalman Filter (IEnKF) Pavel Sakov, Dean S. Oliver,
and Laurent Bertino (2012): This method enhances the EnKF (perturbed
observation) by incorporating a variational scheme to better handle strongly
nonlinear systems. It iteratively solves a minimization problem between
adjacent time steps, progressively refining the solution for the analysis step
through multiple iterations. In our experiments, we set the maximum number
of iterations to 10 and use a convergence tolerance of 10−5.

Remark 6.5.1. Inflation and localization are important for DA in high-dimensional
systems. In our experiments, all benchmark filters (EnKF, ESRF, LETKF, and
IEnKF) employ post–analysis inflation as in (6.71). For the higher-dimensional
Lorenz–96 (Subsection 6.5.2) and Kuramoto–Sivashinsky (Subsection 6.5.3) sys-
tems, we apply localization to the EnKF and LETKF. We employ the Gaspari–
Cohn (GC) function (Gaspari and Cohn, 1999) as the distance-to-weight function
for the localization according to the DAPPER package (Raanes, Yumeng Chen, and
Grudzien, 2024). We do not localize ESRF or IEnKF for the following reasons:

1. LETKF can be viewed as ETKF with localization, and ETKF is theoreti-
cally equivalent to ESRF in the mean-field/linear–Gaussian regime; adding
localization to ESRF would thus be essentially redundant with LETKF.

2. For IEnKF, a localized implementation is omitted because it requires multiple
iterations with the dynamic model integrations at each step, making a joint
grid search over inflation and localization computationally prohibitive for
Lorenz ’96 and KS, and because without careful radius tuning the method
exhibited numerical instability (frequent NaNs due to filter divergence).
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The hyperparameters for inflation and localization are optimized separately for each
ensemble size via grid search.

In addition to the methods described above, we evaluate our MNMEF approach
at various ensemble sizes. Unless otherwise specified, our MNMEF is pretrained
with ensemble size 𝑁 = 10 as described in Subsection 6.4.3. We then examine our
model’s performance across different ensemble sizes𝑁 ∈ {5, 10, 15, 20, 40, 60, 100}
to demonstrate the generalizability of our approach.

Our evaluation includes two variants of our method:

1. Pretrained MNMEF: Trained once at 𝑁 = 10 for 1000 epochs and applied di-
rectly to all ensemble sizes, demonstrating transfer capability across different
ensemble configurations. This appears as ‘Pretrain’ in our figures.

2. Fine-tuned MNMEF: Fine tune the pretrained model specific to each target
ensemble size for 20 epochs, as detailed in Subsection 6.4.4. This appears as
‘Tuned’ in our figures.

For a fair comparison, all benchmark methods (EnKF, LETKF, and IEnKF) are
tuned by RMSE with respect to the true state 𝑣†

𝑗
. Specifically, hyperparameters for

inflation and localization are selected via comprehensive grid searches at multiple
ensemble sizes to minimize true-state RMSE. This approach ensures that all bench-
mark methods achieve close to their optimal performance; the benchmarks thus
present a robust test of our proposed methodology. Notably, we performed hyperpa-
rameter selection for the benchmarks directly on their test set performance, without
using a validation set, which only strengthens the benchmark methods’ advantage
in our comparisons.

The performance of the methods is evaluated using the difference between the
estimated state (i.e., the mean of particles) and the ground truth state over the entire
trajectory. In the continuous-time setting, let v†(𝑡) : [0, 𝑇] → R𝑑𝑣 denote the
ground truth trajectory between time 0 and 𝑇 , and let v(𝑡) : [0, 𝑇] → R𝑑𝑣 denote
the estimated state trajectory. Let ∥ · ∥2 denote the Euclidean norm in R𝑑𝑣 . Then,
the performance can be evaluated using the relative 𝐿1 := 𝐿1( [0, 𝑇];R𝑑𝑣 ) error:

E(v, v†) = ∥v − v†∥𝐿1

∥v†∥𝐿1
=

∫ 𝑇
0 ∥v(𝑡) − v†(𝑡)∥2𝑑𝑡∫ 𝑇

0 ∥v†(𝑡)∥2𝑑𝑡
. (6.88)
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In the discrete-time setting, we interpret the discrete time index 𝑗 as time 𝑡 𝑗 =

𝑗Δ𝑡, where Δ𝑡 = 𝑇/𝐽 is the time step size. The estimated trajectory is given by
the sequence 𝑉 (𝑁) = {𝑣 (𝑁)

𝑗
}𝐽
𝑗=1 where 𝑣 (𝑁)

𝑗
= 1

𝑁

∑𝑁
𝑛=1 𝑣

(𝑛)
𝑗

, and the ground truth
trajectory is given by 𝑉† = {𝑣†

𝑗
}𝐽
𝑗=1. The relative discrete 𝐿1 error can then be

defined as

E(𝑉 (𝑁) , 𝑉†) =
∑𝐽
𝑗=1 ∥v( 𝑗Δ𝑡) − v†( 𝑗Δ𝑡)∥2 Δ𝑡∑𝐽

𝑗=1 ∥v†( 𝑗Δ𝑡)∥2 Δ𝑡
=

∑𝐽
𝑗=1 ∥𝑣 𝑗 − 𝑣

†
𝑗
∥2∑𝐽

𝑗=1 ∥𝑣
†
𝑗
∥2

. (6.89)

This error metric can be interpreted as a form of relative root-mean-square error
(RMSE). At each time step 𝑗 , the quantity ∥𝑣 𝑗 − 𝑣†𝑗 ∥2 corresponds to the root-mean-
square error over the 𝑑𝑣-dimensional state vector. The overall metric thus represents
a time-averaged spatial RMSE, normalized by the magnitude of the ground truth
trajectory. In what follows, we refer to this error E(𝑉 (𝑁) , 𝑉†) as the relative RMSE
(R-RMSE).

For𝑀test trajectories {𝑉†𝑚}𝑀test
𝑚=1 and their corresponding estimated trajectories {𝑉 (𝑁)𝑚 }𝑀test

𝑚=1 ,
the averaged R-RMSE E is given by

E =
1
𝑀test

𝑀test∑︁
𝑚=1
E(𝑉 (𝑁)𝑚 , 𝑉†𝑚). (6.90)

In the experiments presented in the remainder of this section, we adopt the averaged
R-RMSE E as the primary evaluation metric, allowing us to ameliorate the effect of
randomness inherent in each individual run and providing a more reliable assessment
of the overall performance of different methods. Unless otherwise specified, the
number of test trajectories is fixed at 𝑀test = 64.

To further highlight the advantages of our method, we consider the relative improve-
ment in terms of R-RMSE ERI defined as

ERI =
Ebenchmark − Eours

Ebenchmark
. (6.91)

This metric quantifies the percentage reduction in R-RMSE achieved by our method
compared to the benchmark method. When E𝑅𝐼 < 0, our method performs worse
than the benchmark.

We apply the following general hyperparameter setting in all of our experiments
unless otherwise specified. The dynamic operator Ψ in Equation (6.1) is obtained
by solving a differential equation using the fourth-order Runge–Kutta (RK4) (Stoer
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et al., 1980) method. The time step Δ𝑡 denotes the interval between consecutive
observations. For accurate numerical integration of the dynamics, we perform
multiple RK4 steps within each interval Δ𝑡, utilizing an integration step size smaller
than Δ𝑡. The dynamic noise 𝜉 ∼ N(0,Σ) is typically set at Σ = 𝜎2

𝑣 𝐼 where 𝐼 is
the identity matrix and 𝜎𝑣 = 10−3 or 0. For the observation noise, 𝜂 ∼ N(0, Γ), we
define its covariance matrix as Γ = 𝜎2

𝑦 𝐼, where we set 𝜎𝑦 to either 0.7 or 1.0.

6.5.2 Lorenz ’96
The Lorenz ’96 model is a widely-used set of ordinary differential equations that
possess features of large-scale atmospheric dynamics (Edward N Lorenz, 1996b).
The model takes the form of a damped-driven linear system, with additional energy
conserving quadratic nonlinearity that induces cyclic interactions (waves) among
the components of the system; this makes it particularly valuable for studying
atmospheric predictability. The system dynamics are governed by the following
equations:

𝑑𝑢𝑖

𝑑𝑡
=
(
𝑢𝑖+1 − 𝑢𝑖−2

)
𝑢𝑖−1 − 𝑢𝑖 + 𝐹, 𝑖 = 1, 2, . . . , 𝑑. (6.92)

The parameter settings for the Lorenz ’96 system are shown in Table 6.1. The
forcing parameter 𝐹 = 8 places the Lorenz ’96 system in a chaotic regime when
𝑑 = 40.

Table 6.1: Lorenz ’96 System Settings

Category Values

Parameters 𝐹 = 8

States 𝑣 = (𝑢1, 𝑢2, . . . , 𝑢40) ∈ R𝑑 , 𝑑 = 40

Observations ℎ(𝑣) = (𝑢1, 𝑢5, · · · , 𝑢33, 𝑢37) ∈ R𝑑obs , 𝑑obs = 10

Time Step Observation time step: Δ𝑡 = 0.15; 5 RK4 integration steps: Δ𝑡/5 = 0.03

In Figure 6.1, we compare the performance of our pretrained MNMEF and fine-tuned
MNMEF against four benchmark methods: EnKF, ESRF, LETKF, and IEnKF, on
the Lorenz ’96 system. The upper row of plots in Figure 6.1 displays the R-RMSE
(6.90) for observation noise levels 𝜎𝑦 = 0.7 (left plot) and 𝜎𝑦 = 1.0 (right plot). The
lower row of plots in Figure 6.1 shows the relative improvement ERI (6.91) of our
fine-tuned method as compared to EnKF, IEnKF, and LETKF for these respective
noise levels.

We observe that our fine-tuned model consistently outperforms all benchmarks.
Indeed, our fine-tuned method achieves substantial improvement for small ensemble
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Pretrain * Tuned * EnKF ESRF LETKF IEnKF
Figure 6.1: Comparison results on the Lorenz ’96 system. The upper row of plots
shows direct R-RMSE comparisons between different methods, while the lower
row illustrates the relative improvement of our fine-tuning method compared to
benchmarks. These comparisons are presented for observation noise levels𝜎𝑦 = 0.7
(left column) and 𝜎𝑦 = 1.0 (right column). Our proposed MNMEF method is
highlighted in the legends with bold font and an asterisk (e.g. Pretrain∗). In
summary, our fine-tuned MNMEF model consistently outperforms benchmarks,
showing substantial improvements for small ensembles and a 15-20% advantage
over LETKF at larger ensemble sizes (eg. 60, 100).

sizes and maintains a notable advantage at larger ensemble sizes, outperforming
LETKF by approximately 15–20%. Our pretrained model, trained with 𝑁 = 10
ensembles also behaves competitively, but performs slightly worse than LETKF for
large ensemble size 40, 60, and 100.

To further illustrate the performance differences between our MNMEF and the
best-performance benchmark LETKF, we provide visualizations in Figure 6.2 and
Figure 6.3 for 𝑁 = 10 and 𝜎𝑦 = 1.0. The visualization is on the last 100 time steps
(from 1401 to 1500) from a test trajectory of length 1500 and Δ𝑡 = 0.15. In both
figures, our MNMEF approach is the one pretrained with the ensemble size 𝑁 = 10.

Figure 6.2 presents a comparison of the estimated state trajectory. Panel (a) shows
the ground truth, and panel (b) shows the sparse observations. The subsequent rows
compare MNMEF and LETKF. Visually, MNMEF displays smaller magnitudes for
the absolute error (panel (d)). In addition, the ensemble spread (panel (e)) for
MNMEF is more consistent than LETKF. Figure 6.3 focuses on the estimation of
two specific dimensions: one observed (Dimension 1, panel (a)) and one unobserved
(Dimension 2, panel (b)). For the observed dimension, both MNMEF and LETKF
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State Value / Obs / Error / StdFigure 6.2: Visualization of one test trajectory (time steps 1401-1500, Δ𝑡 = 0.15)

for Lorenz ’96 states (vertical axis) over time (horizontal axis)with the observation
noise 𝜎𝑦 = 1.0. Panel (a): Ground-truth states (unknown). Panel (b): Observations
(known, every 4th dimension observed). Rows 2-3 show our method MNMEF
pretrained on 𝑁 = 10, and the benchmark LETKF with the ensemble size 𝑁 = 10.
Panel (c): state estimation (ensemble mean), Panel (d): absolute error of mean with
respect to the ground truth, and Panel (e): ensemble spread (standard deviation).

MNMEF
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Figure 6.3: Visualization of two dimensions (index 1 and 2) in one test trajectory
(time steps 1401-1500, Δ𝑡 = 0.15) for Lorenz ’96 state values (vertical axis) over
time (horizontal axis) with the ensemble size 𝑁 = 10 and the observation noise
𝜎𝑦 = 1.0. Panel (a): Dimension 1, observed. Panel (b): Dimension 2, not observed.
The first row is our method MNMEF, pretrained on 𝑁 = 10, and the second
row is the benchmark LETKF. The 95% confidence intervals shown in figures are
calculated as the ensemble mean ± 1.96 × the ensemble standard deviation. In
summary, MNMEF performs significantly better on the unobserved dimension and
comparably to LETKF on the observed dimension; meanwhile, MNMEF maintains
an appropriate spread without suffering from filter degeneracy.

perform comparably well, with their ensemble means closely following the ground
truth. However, for the unobserved dimension, MNMEF demonstrates a clear
advantage in state estimation. Furthermore, MNMEF maintains an appropriate
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ensemble spread while avoiding filter degeneracy.

6.5.3 Kuramoto-Sivashinsky
The Kuramoto—Sivashinsky (KS) equation (Kuramoto, 1978; Michelson and Sivashin-
sky, 1977) is a widely studied nonlinear partial differential equation that describes
the evolution of instabilities in spatially extended systems, capturing complex spa-
tiotemporal chaotic dynamics arising in flame fronts, thin fluid films, and reaction-
diffusion systems. Due to its chaotic behavior and sensitivity to initial conditions,
the KS equation serves as a valuable testbed for developing and evaluating data
assimilation algorithms. With the periodicity in space imposed to identity 𝑥 = 𝐿

and 𝑥 = 0, the one-dimensional KS equation for 𝑢 : [0, 𝐿] ×R+ → R takes the form

𝜕𝑢

𝜕𝑡
+ 𝜕

4𝑢

𝜕𝑥4 +
𝜕2𝑢

𝜕𝑥2 + 𝑢
𝜕𝑢

𝜕𝑥
= 0, (𝑥, 𝑡) ∈ (0, 𝐿) × R+, (6.93a)

𝑢(𝑥, 0) = 𝑢0, ∀𝑥 ∈ [0, 𝐿] . (6.93b)

Table 6.2: Kuramoto-–Sivashinsky (KS) System Settings

Category Values

Parameters 𝐿 = 32𝜋

States 𝑥 𝑗 = 𝑗 𝐿/128, 𝑗 = 0, 1, . . . , 127
𝑣 =

(
𝑢(𝑥0), 𝑢(𝑥1), . . . , 𝑢(𝑥127

)
) ∈ R𝑑 , 𝑑 = 128

Observations ℎ(𝑣) =
(
𝑢(𝑥0), 𝑢(𝑥8), · · · , 𝑢(𝑥120)

)
∈ R𝑑obs , 𝑑obs = 16

Time Step Observation time step: Δ𝑡 = 1; 4 ETDRK4 integration steps: Δ𝑡/4 = 0.25

The detailed experimental settings and parameters for the KS system are summarized
in Table 6.2. Numerically, the KS equation (6.93) is discretized spatially using a
Fourier pseudo-spectral method to handle periodic boundary conditions effectively.
Time integration is performed with the exponential time-differencing fourth-order
Runge–Kutta (ETDRK4) scheme (Kassam and Trefethen, 2005), which advances
the stiff linear operator analytically and is therefore not subject to the explicit linear
Courant–Friedrichs–Lewy (CFL) restriction (Δ𝑡 ⩽ 𝐶Δ𝑥4) that would apply to fully
explicit RK methods; the time step is chosen based on accuracy and nonlinear
resolution rather than linear stability.

In Figure 6.4, we compare the performance of our pretrained model and fine-tuned
model against four benchmark methods: EnKF, ESRF, LETKF, and IEnKF, for the
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Figure 6.4: Comparison results on the Kuramoto—Sivashinsky (KS) system. The
upper row of plots shows direct R-RMSE comparisons between different methods,
while the lower row illustrates the relative improvement of our fine-tuning method
compared to benchmarks. These comparisons are presented for observation noise
levels 𝜎𝑦 = 0.7 (left column) and 𝜎𝑦 = 1.0 (right column). Our proposed MNMEF
method is highlighted in the legends with bold font and an asterisk (e.g. Pretrain∗).
In summary, our fine-tuned MNMEF model consistently outperforms benchmarks,
showing substantial improvements for small ensembles and around 20% advantage
over LETKF at larger sizes (eg. 60, 100).

Ground
Truth

Observe every 8th
dimension;
𝜎𝑦 = 1.0

−−−−−−−−−−−−−−−−−→
(a) States (b) Observations

MNMEF
(ours)
𝑁 = 10

LETKF
𝑁 = 10

(c) States (mean) (d) Abs Error (e) Spread (std)

6 4 2 0 2 4 6
State Value / Obs / Error / StdFigure 6.5: Visualization of one test trajectory (time steps 1901-2000, Δ𝑡 = 1) for

Kuramoto-Sivashinshy (KS) states (vertical axis) over time (horizontal axis) with the
observation noise 𝜎𝑦 = 1.0. Panel (a): Ground-truth states (unknown). Panel (b):
Observations (known, every 8th dimension observed). Rows 2-3 show our method
MNMEF pretrained on 𝑁 = 10, and the benchmark LETKF with the ensemble size
𝑁 = 10. Panel (c): state estimation (ensemble mean), Panel (d): absolute error with
ground truth, and Panel (e): ensemble spread (standard deviation).
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Figure 6.6: Visualization of two dimensions (index 1 and 2) in one test trajectory
(time steps 1901-2000,Δ𝑡 = 1) for Kuramoto-Sivashinshy (KS) state values (vertical
axis) over time (horizontal axis) with the ensemble size 𝑁 = 10 and the observation
noise 𝜎𝑦 = 1.0. Panel (a): Dimension 1, observed. Panel (b): Dimension 2,
not observed. The first row is our method MNMEF, pretrained on 𝑁 = 10, and
the second row is the benchmark LETKF. The 95% confidence intervals shown
in figures are calculated as the ensemble mean ± 1.96 × the ensemble standard
deviation. In summary, MNMEF performs slightly better on both the observed and
the unobserved dimensions; meanwhile, MNMEF maintains an appropriate spread
without suffering from filter degeneracy.

KS system with 𝜎𝑦 = 0.7 and 1.0, and provide the relative improvement of our
fine-tuned method as compared to EnKF, IEnKF, and LETKF.

The comparison between our pretrained MNMEF and fine-tuned MNMEF methods
and the benchmark methods, for the KS dynamical system, slightly differs from what
we observed under the Lorenz ’96 dynamics. In the KS setting, fine-tuning provides
minimal additional benefit, with both our pretrained and fine-tuned MNMEF models
performing nearly identically. Both variants significantly outperform benchmark
methods across all ensemble sizes. The advantage is particularly pronounced at
smaller ensemble sizes. Even at the largest ensemble size (𝑁 = 100), both our
pretrained and fine-tuned methods still maintain approximately 20% improvement
over LETKF, the benchmark method with the best performance.

Similarly to the Lorenz ’96 discussion in Subsection 6.5.2, we provide visualizations
in Figure 6.2 and Figure 6.3 for 𝑁 = 10 and 𝜎𝑦 = 1.0 to further illustrate the
performance differences between our MNMEF and the best-performance benchmark
LETKF on the KS system. The visualization is on the last 100 time steps (from
1901 to 2000) of a test trajectory with length 2000 and Δ𝑡 = 1. In both figures, our
MNMEF is the one pretrained with the ensemble size 𝑁 = 10.

Figure 6.5 presents a comparison of the estimated state trajectory. Figure 6.6
visualizes the estimation of two specific dimensions: one observed (Dimension 1,
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panel (a)) and one unobserved (Dimension 2, panel (b)). In summary, our MNMEF
performs slightly better than LETKF on both the observed and the unobserved
dimensions, which is verified by the R-RMSE quantitative comparison in Figure 6.4.
MNMEF maintains an appropriate ensemble spread, similarly to the LETKF.

Remark 6.5.2 (Implementation of Localization). It is worth noting that methods
other than LETKF could potentially accommodate localization techniques. For
example, LETKF is essentially the ESRF combined with localization. However,
since our implementation is based on the DAPPER package, which only implements
localization for LETKF, we do not consider localization for the other four methods.
Our results on Lorenz ’96 and KS problems sufficiently demonstrate the advantages
of our approach over other methods, even without localization. For larger ensemble
sizes (e.g., 𝑁 = 60, 100), where the benefits of localization diminish, our method
still significantly outperforms the alternatives, like IEnKF.

6.5.4 Lorenz ’63
The Lorenz ’63 system is a simplified mathematical model for atmospheric convec-
tion (Edward N. Lorenz, 1963b), proposed prior to the Lorenz ’96 model discussed
in Subsection 6.5.2. It represents a highly simplified version of atmospheric dynam-
ics with only three dimensions, described by the following set of ordinary differential
equations:

𝑑𝑥

𝑑𝑡
= 𝜎(𝑦 − 𝑥), (6.94a)

𝑑𝑦

𝑑𝑡
= 𝑥(𝜌 − 𝑧) − 𝑦, (6.94b)

𝑑𝑧

𝑑𝑡
= 𝑥𝑦 − 𝛽𝑧. (6.94c)

Table 6.3: Lorenz ’63 System Settings

Category Values

Parameters 𝜎 = 10, 𝜌 = 28, 𝛽 = 8
3

States 𝑣 = (𝑥, 𝑦, 𝑧) ∈ R𝑑 , 𝑑 = 3

Observations ℎ(𝑣) = 𝑥 ∈ R𝑑obs , 𝑑obs = 1

Time Step Observation time step: Δ𝑡 = 0.15; 5 RK4 integration steps: Δ𝑡/5 = 0.03

The parameter settings for the Lorenz ’63 system are shown in Table 6.3. The
three parameters 𝜎, 𝜌, and 𝛽 represent the Prandtl number, Rayleigh number,
and geometric factor, respectively, chosen by Lorenz based on simplified thermal
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Figure 6.7: Comparison results on the Lorenz ’63 system. The upper row of plots
shows direct R-RMSE comparisons between different methods, while the lower
row illustrates the relative improvement of our fine-tuning method compared to
benchmarks. These comparisons are presented for observation noise levels𝜎𝑦 = 0.7
(left column) and 𝜎𝑦 = 1.0 (right column). Our proposed MNMEF method is
highlighted in the legends with bold font and an asterisk (e.g. Pretrain∗).

convection experiments to produce chaotic dynamics characterized by sensitivity to
initial conditions.

In Figure 6.7, we compare the R-RMSE (6.90) performance of our pretrained MN-
MEF and fine-tuned MNMEF models against benchmark methods EnKF, ESRF,
and IEnKF for the Lorenz ’63 system. The upper row of plots in Figure 6.7 displays
these R-RMSE comparisons for observation noise levels 𝜎𝑦 = 0.7 (left plot) and
𝜎𝑦 = 1.0 (right plot). The LETKF method is not included in this comparison since
the system has only three dimensions, making localization unnecessary. For a fair
comparison, we turn off the localization part in our architecture by setting all entries
in the localization weight matrices to be 1. We only fine-tune the parameters 𝜃gain

for 𝐹gain (6.70) and 𝜃infl for 𝐹 infl (6.72) for ensemble sizes 𝑁 ≠ 10. The lower row
of plots in Figure 6.7 shows the relative improvement ERI (6.91) of our fine-tuned
MNMEF method as compared to EnKF and IEnKF, for the respective noise levels
shown.

We observe that the performance of different methods does not significantly change
with increasing ensemble size. Our method consistently outperforms the EnKF
and ESRF, but in the low-dimensional Lorenz ’63 problem, it is outperformed by
the IEnKF. As noted in Remark 6.5.3, IEnKF demonstrates strong performance in
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low-dimensional, highly nonlinear problems while struggling in high-dimensional
systems without localization. This is consistent with our findings in the higher-
dimensional experiments in Subsections 6.5.2 and 6.5.3, where our method substan-
tially outperforms IEnKF. Furthermore, the stability analysis in Subsection 6.5.6
demonstrates that our method exhibits higher stability (lower standard deviation
across test trajectories) than IEnKF.

Remark 6.5.3 (IEnKF Dimensionality Challenges). The IEnKF (Pavel Sakov,
Dean S. Oliver, and Laurent Bertino, 2012) uses the same observational infor-
mation as the standard EnKF, but reformulates the filtering problem as a lag-1
smoothing problem, and solves it iteratively to better handle nonlinearities. While
the IEnKF demonstrates excellent performance in low-dimensional systems (e.g.,
the Lorenz ’63 model, 𝑑 = 3), its effectiveness diminishes as dimensionality in-
creases (e.g., the Lorenz ’96 model, 𝑑 = 40). This deterioration occurs due to lack
of localization in the implementation of the IEnKF we use; however, even with large
ensembles with less need for localization, our method outperforms the IEnKF in
the higher-dimensional systems. Moreover, IEnKF generally provides a substantial
improvement over non-iterative methods only when the observations are sufficiently
dense, as shown in Pavel Sakov, Dean S. Oliver, and Laurent Bertino (2012) using
experiments with the Lorenz ’96 model.

6.5.5 Computational Cost
In this subsection, we compare the run time per assimilation step (s/step) of MNMEF
against benchmark methods (EnKF, ESRF, LETKF, and IEnKF) under matched
CPU-only settings to ensure a fair comparison.

For an ensemble of size 𝑁 , the per-step cost of MNMEF scales as O(𝑁2). The
dominant terms are (i) the attention blocks in the set transformer, which entail
pairwise interactions among 𝑁 members, and (ii) the computation of the learned
Kalman gain 𝐾𝜃 and its gradients, implemented via batched linear solves with 𝑁×𝑁
systems. We do not form matrix inverses explicitly. While classical baselines admit
textbook complexities, their practical scaling depends on solver details, localization,
and parallelization, so a full theoretical comparison is beyond the scope of this
chapter.

To reflect practical efficiency, we conduct a CPU-only head-to-head timing in a
single Python environment. All CPU timings are run on Intel(R) Core(TM) i9-
14900KF. We follow implementations in DAPPER (Raanes, Yumeng Chen, and
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Figure 6.8: Run time (s/analysis step), 𝜎𝑦=0.7 only. All methods are timed on CPU
(Intel(R) Core(TM) i9-14900KF). MNMEF is comparable in speed to EnKF and
ESRF, and is slightly slower than EnKF because MNMEF additionally computes
the correction terms. MNMEF remains much faster than LETKF and IEnKF. For
MNMEF, we additionally report GPU timing on a single GPU (RTX 4080 Super),
shown as the blue curve. The GPU version shows very stable runtime across these
ensemble sizes due to efficient parallelization.

Grudzien, 2024) and provide our own CPU-based implementations of EnKF, ESRF,
LETKF, and IEnKF. We deliberately avoid GPU ports for these baselines because
methods such as LETKF and IEnKF do not map cleanly to efficient, large-batch
vectorization on current accelerators.

We evaluate on Lorenz ’96 and KS with the same configurations as in Subsec-
tions 6.5.2 and 6.5.3. For each ensemble size 𝑁 and observation noise level𝜎𝑦 = 0.7,
we report the mean of the per-step run time (s/analysis step), averaged over trajecto-
ries and time steps. We do not distinguish the pretrained and fine-tuned variants of
our MNMEF since they share the same architecture. The set-transformer parameter
counts follow Table 6.5. Results are visualized in Figure 6.8. MNMEF is compara-
ble in speed to EnKF and ESRF, and is slightly slower than EnKF because MNMEF
additionally computes the correction terms. MNMEF remains much faster than
LETKF and IEnKF.

For MNMEF, we provide an additional GPU-based run time in Figure 6.8, since its
original implementation is designed for GPU. MNMEF’s additional GPU timings
are obtained on a single NVIDIA RTX 4080 Super. The GPU version of MNMEF
shows very stable runtime across these ensemble sizes due to efficient parallelization.

6.5.6 Robustness To Inherent Randomness
Due to the inherent randomness in both the filtering problem and the algorithm, the
same method may exhibit varying performance across different test trajectories. To
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mitigate this randomness and obtain a more reliable assessment of each method’s
effectiveness, we evaluate their performance on𝑀test trajectories and report the mean
R-RMSEE (6.90). While the mean R-RMSE provides a measure of overall accuracy,
we are interested in the stability of each method across different trajectories. To
quantify this stability, we compute the standard deviation (std) of the R-RMSE values
across all test trajectories {𝑉†𝑚}𝑀test

𝑚=1 and their corresponding estimated trajectories
{𝑉𝑚}𝑀test

𝑚=1 , defined as

𝜎E =

√√√
1
𝑀test

𝑀test∑︁
𝑚=1

(
E(𝑉𝑚, 𝑉†𝑚) − E

)2
(6.95)

A smaller 𝜎E indicates better stability of the method. Therefore, in this section, we
consider methods with lower std values to be more stable and thus preferable.

Remark 6.5.4. In ensemble-based data assimilation, variance- or standard-deviation–type
quantities are commonly used to characterize ensemble spread (Bach, Baptista,
Sanz-Alonso, et al., 2025). In our work, the spread is visualized in Figs. 6.3 and
6.6 via the shaded bands: the 95% confidence interval is provided as the ensemble
mean±1.96× ensemble standard deviation. Our focus here is state estimation rather
than full uncertainty calibration, so we do not present a quantitative comparison
of spread metrics. Note that the stability measure 𝜎E in (6.95) serves a different
purpose: it assesses the consistency of estimation errors across test trajectories, not
the dispersion of ensemble members.

In Table 6.4, we show the std of different methods on the dataset Lorenz ’96, KS
and Lorenz ’63 with the observation noise 𝜎𝑦 = 1.0, 0.7. The std values in the table
is the averaged std over the ensemble sizes 𝑁 = 5, 10, 15, 20, 40, 60, 100. Based
on Table 6.4, we observe that our pretrained MNMEF and fine-tuned MNMEF
demonstrate comparable standard deviation values, both of which are significantly
lower than all benchmark methods. This indicates that our approaches maintain more
consistent performance across different test trajectories. The enhanced stability
suggests that our methods are more reliable in practical applications.

6.5.7 Inflation and Localization
In this section, we will conduct further experiments on learning the inflation (Subsec-
tion 6.4.2.2) and localization (Subsection 6.4.2.3) components in the architecture
of our MNMEF method. These experiments demonstrate that what our method
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Table 6.4: Standard deviation (std) of the relative root mean square error (R-RMSE)
as defined in (6.95). We consider both Pretrain* and Tuned* variants of our
MNMEF method. The std shown in the table is an averaged std over ensemble
sizes 𝑁 = 5, 10, 15, 20, 40, 60, 100. A smaller std indicates better stability of the
method. The lowest std in each column is highlighted in bold. The standard
deviations for both the pretrained and fine-tuned variants of our MNMEF method
are similar and consistently lower than those of the benchmark methods, indicating
greater robustness of our approach to the inherent randomness across different test
trajectories.

Method
Lorenz ’96 (6.92) KS (6.93) Lorenz ’63 (6.94)
𝜎𝑦 = 1.0 𝜎𝑦 = 0.7 𝜎𝑦 = 1.0 𝜎𝑦 = 0.7 𝜎𝑦 = 1.0 𝜎𝑦 = 0.7

Pretrain* 1.03e-2 1.26e-2 8.60e-3 1.07e-2 1.78e-3 1.40e-3
Tuned* 1.08e-2 1.12e-2 8.91e-3 1.07e-2 1.79e-3 1.29e-3
EnKF 2.16e-2 3.10e-2 2.66e-2 3.15e-2 3.41e-3 2.32e-3
ESRF 3.09e-2 1.95e-2 2.59e-2 3.27e-2 2.78e-3 2.01e-3
LETKF 2.63e-2 6.13e-2 2.66e-2 3.58e-2 - -
IEnKF 1.83e-2 2.61e-2 2.23e-2 3.03e-2 2.15e-3 1.44e-3

learns has many similarities with what is used in the application of inflation and
localization techniques to the benchmark methods.

6.5.7.1 Inflation Experiments

In Subsection 6.4.2.2, we introduce our learning-based inflation scheme (6.73) which
depends on the learned output 𝑢̂(𝑛)

𝜃
from the neural network 𝐹 infl (6.72).
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Figure 6.9: Comparison of the trained inflation versus the no inflation scenario
when applied to the KS system (6.93), using our MNMEF method, fine-tuned for
different ensemble sizes. The plots compare R-RMSE with and without inflation at
observation noise levels 𝜎𝑦 = 0.7 (left plot) and 𝜎𝑦 = 1.0 (right plot). In summary,
our trained inflation effectively improves the performance, but even without inflation,
our MNMEF does not completely fail.

We are particularly interested in quantifying the effect of our proposed inflation
scheme on the overall performance of our method. Additionally, despite not pro-
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viding the inflation term 𝑢̂
(𝑛)
𝜃

with information about the true observation 𝑦† or
observation noise Γ in 𝐹 infl, 𝑢̂(𝑛)

𝜃
has significantly more degrees of freedom than

classical inflation approaches. This raises concerns that 𝑢̂(𝑛)
𝜃

might exceed the scope
of inflation: that it might not act merely as a correction term but might completely
overwhelm the updates, thus rendering other parts of our architecture ineffective.
We show that this is not the case, but at the same time we showcase the benefits of
including this learned inflation-like correction.

For our experimental approach, we first pretrain the models and then fine-tune them
separately for various ensemble sizes. During inference, we deliberately disable the
learned inflation by setting 𝑢̂(𝑛)

𝜃
= 0 and analyze the resulting change in the average

R-RMSE E (6.90). We stress that this manipulation does not represent an optimal or
even well-trained MNMEF filter without inflation; instead, it intentionally removes
the correction term to create a more challenging robustness test—probing whether
the filter remains stable and avoids divergence in the absence of inflation. These
experiments are conducted on the KS dynamical system (6.93) only.

Our results are presented in Figure 6.9. We compare the mean R-RMSE E between
our standard architecture with the trained inflation (blue curve) and the no inflation
version by setting 𝑢̂(𝑛)

𝜃
= 0 (red curve) for observation noise 𝜎𝑦 = 0.7 and 1.0.

The results in Figure 6.9 clearly demonstrate the beneficial impact of our trained
inflation approach. In addition, our method remains functional, with increased R-
RMSE values, when we remove inflation by setting 𝑢̂(𝑛)

𝜃
= 0 (equivalent to 𝛼 = 1

in the EnKF). This confirms that our experiment, while intentionally suboptimal,
demonstrates that the proposed MNMEF remains numerically stable and does not
diverge even in this deliberately more difficult configuration. This addresses our
concern, because, if inflation were dominating the architecture by masking the
contribution of the state 𝑣 (𝑛) , removing it would cause model collapse.

6.5.7.2 Localization Experiments

According to Subsection 6.4.2.3, our learning-based localization approach essen-
tially learns a parameterized function 𝑔𝜃 , which maps distance to weight values.
During training, we only enforce the constraint that the output of this function must
lie within the interval [0,2], i.e., 𝑔𝜃 : R → [0, 2]. Unlike traditional localization
functions used in EnKF such as the Gaspari–Cohn function, our approach does not
impose any explicit constraints on the shape or monotonicity of 𝑔𝜃 .

In this subsection, we present experimental comparisons between our learned func-
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tion 𝑔𝜃 and the Gaspari–Cohn (GC) function with the optimal localization radius,
found by grid-search, for LETKF; see Figure 6.10 . For ensemble sizes 𝑁 =

5, 10, 15, 20, 40, 60, 100, the optimal GC radius values chosen are 1, 1, 2, 3, 4, 4, 6
(multiplied by

√︁
10/3 when implemented (Raanes, Yumeng Chen, and Grudzien,

2024)), respectively. The learned function 𝑔𝜃 (shown as red curves with the mean
and standard deviation of the learned 𝑔𝜃 across assimilation time steps) demonstrates
a similar shape to the GC function with optimally chosen radius (blue curves). No-
tably, our approach dynamically adjusts the localization weights at each assimilation
step based on ensemble size and distribution, while the GC function remains static
throughout the assimilation process.

𝜎𝑦 = 0.7

𝜎𝑦 = 1.0

𝑁 5 10 15 20 40 60 100
Learned g  (mean ± std) Gaspari-Cohn Function

Figure 6.10: Comparison of our learned distance-to-weight function 𝑔𝜃 (red, mean
± 1 std across different time steps due to its adaptivity) with the LETKF Gaspari–
Cohn (GC) function (blue) on the Lorenz ’96 model for 𝜎𝑦 = 1.0, 0.7 and ensemble
sizes 𝑁 = 5, 10, 15, 20, 40, 60, 100. The learned distance-to-weight function is from
our MNMEF pretrained on 𝑁 = 10 and fine-tuned for different ensemble sizes. The
LETKF GC radius parameters are optimally selected via grid search. Remarkably,
even without any explicit constraints on the shape of 𝑔𝜃 , the learned weights naturally
decrease as the distance increases, similar to the empirical GC function in LETKF.

The results in Figure 6.10 demostrates the effectiveness of our learned localiza-
tion. Despite imposing no explicit constraints on shape or monotonicity, the learned
function 𝑔𝜃 naturally exhibits similar behavior to the GC function: it decreases
monotonically with distance and shares a similar shape. A key difference is that our
function occasionally exceeds values of 1 at short distances, reflecting a combined
localization and inflation effect where covariance between closely spaced dimen-
sions is amplified, since we are learning the inflation and localization simultaneously.
This adaptivity allows 𝑔𝜃 to dynamically adjust to the ensemble distribution, leading
to improved performance over the fixed GC function, as supported by RMSE results
in Subsections 6.5.2 and 6.5.3.

Remark 6.5.5 (Using GC localization directly). Experimental results suggest that
one can use the GC function to avoid training the localization. However, this
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approach still requires selecting the radius hyperparameter and typically yields
inferior performance compared to our learned localization.

6.5.8 Fine-Tuning for Different Ensemble Size
According to Subsection 6.4.4, our proposed fine-tuning strategy freezes parameters
𝜃ST of the set transformer 𝐹ST (6.67), while updating parameters 𝜃gain, 𝜃infl and 𝜃loc

of the MLPs that control the gain (6.70), inflation (6.72), and localization (6.78).
Here we conduct experiments to illustrate the efficiency and effectiveness of our
proposed fine-tuning approach.

Firstly, we consider the time complexity between the pretraining stage and fine-
tuning stage. Let 𝑃pretrain and 𝑃ft denote the total number of pretraining and fine-
tuning parameters respectively, i.e.

𝑃pretrain = |𝜃ST | + |𝜃gain | + |𝜃infl | + |𝜃loc |, (6.96a)

𝑃ft = |𝜃gain | + |𝜃infl | + |𝜃loc |. (6.96b)

For fixed dynamic and training trajectories, the time complexity for pretraining with
the ensemble size 𝑁 is O

(
𝐸𝑁𝑃𝑡

)
while the fine-tuning with the ensemble size 𝑁′

has the time complexity O
(
𝐸′𝑁′𝑃 𝑓 𝑡

)
, where 𝐸 and 𝐸′ are the epochs for pretraining

and fine-tuning, respectively.

We provide a detailed comparison in Table 6.5, presenting the total number of
pretraining parameters 𝑃pretrain, fine-tuning parameters 𝑃ft, and the number of epochs
𝐸 used during the pretraining and fine-tuning phases. When the ensemble size during
pretraining (𝑁) is close to the ensemble size used in fine-tuning (𝑁′), Table 6.5 shows
that the fine-tuning stage requires less than 1% of the pretraining computational time.
To quantitatively support this observation, we present detailed computational time
comparisons in Table 6.6. All training times reported here are obtained using a
single RTX 4080 Super GPU. The training batch sizes are adaptively chosen to fully
use the 16 GB memory.

Table 6.5: Comparison of total parameters, fine-tuning parameters, and epochs for
various datasets.

Dataset Total Params FT Params Pretrain Epochs FT Epochs

Lorenz ’96 341551 63343 1000 20

KS 374289 90065 1000 20

Lorenz ’63 309383 34119 1000 20
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Table 6.6: Comparison of pretraining and fine-tuning computational time for obser-
vation noise 𝜎𝑦 = 1.0 with different ensemble sizes on a single RTX 4080 Super
GPU. The ratio is between the computation time of the fine-tuning stage and the
time of the pretraining stage. The fine-tuning time increases with the ensemble size,
but it remains significantly faster compared to the pretraining stage.

Ens Size 𝑁 = 10 𝑁 ′ = 20 𝑁 ′ = 40 𝑁 ′ = 100

Dataset Pretrain (hrs) FT (hrs) Ratio FT (hrs) Ratio FT (hrs) Ratio

Lorenz ’96 4.03 0.051 1.27% 0.065 1.61% 0.133 3.30%
KS 8.22 0.106 1.29% 0.132 1.61% 0.260 3.16%
Lorenz ’63 1.82 0.022 1.21% 0.038 2.09% 0.086 4.73%
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Figure 6.11: Comparison of R-RMSE across training epochs on the Lorenz ’96
model for two fine-tuning strategies under two ensemble sizes, (a) 20 and (b) 40.
The vertical dashed red line indicates the stopping epoch of our proposed fine-tuning
approach. Results demonstrate that our fine-tuning on a small subset of parameters
achieves comparable RMSE performance to fine-tuning all parameters.

Combining the information from Tables 6.5 and 6.6, we observe that our fine-tuning
strategy demonstrates remarkable efficiency compared to the pretraining stage. As
detailed in Subsections 6.5.4–6.5.3, this highly efficient fine-tuning significantly im-
proves the model’s performance, particularly when the ensemble sizes for inference
and pretraining differ substantially.

To further validate the effectiveness of our proposed fine-tuning approach, we per-
form additional experiments comparing our method (Subsection 6.4.4) against alter-
native fine-tuning strategies. Specifically, we investigate and quantitatively compare
the RMSE performance of the following fine-tuning scenarios: (1) fine-tuning all
model parameters and (2) fine-tuning for a longer period (i.e., more epochs).

Figure 6.11 shows RMSE results from fine-tuning experiments on the Lorenz ’96
model with ensemble sizes 𝑁′ = 20, 40, using a model pretrained with ensemble
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size 𝑁 = 10. We compare our proposed method from Subsection 6.4.4 against
fine-tuning all parameters, both running up to 50 epochs. The results demonstrate
that both approaches achieve nearly identical RMSE performance, with minimal
improvement observed after 20 epochs. Combined with our efficiency analysis
in Tables 6.5 and 6.6, these findings confirm that fine-tuning all parameters is
unnecessary, and that 20 epochs is sufficient for the near optimal performance.

6.6 Conclusions
In this chapter, we propose a novel machine learning-based approach, MNMEF, for
state estimation in data assimilation. Our method features a scheme which subsumes
the ensemble Kalman filter (EnKF), as a special case, ensuring optimality for lin-
ear, Gaussian problems, while extending beyond Gaussian applications through our
learnable correction terms. A key advantage of our method is its ability to be trained
at one ensemble size and then directly applied, possibly with a cheap fine-tuning
of a small subset of parameters, for different ensemble sizes. This property is a
consequence of the mean-field interpretation of the set transformer, the machine
learning architecture underlying the methodology. Indeed, in this chapter we intro-
duce neural operators acting on the metric space of probability measures, which we
call measure neural mappings (MNM). We generalize transformers to this setting
and show how the set transformer itself may be viewed as a particle approximation
of such a mean-field model.

Our method adopts a form similar to the Kalman filter in the mean-field perspective,
with the core innovation being a parameterized gain matrix analogous to the Kalman
gain (Section 6.2). Since this parameterized gain matrix depends on the current fil-
tering distribution, we employ the set transformer neural network architecture to
process such measure inputs (Section 6.3). In practical applications, our method op-
erates on an ensemble of particles (viewed as an empirical measure) and incorporates
learnable mechanisms analogous to inflation and localization techniques in EnKF-
based methods, enhancing performance with smaller ensemble sizes (Section 6.4).
Our experiments across multiple challenging systems (Lorenz ’63, Lorenz ’96, and
Kuramoto-Sivashinsky) demonstrate that our proposed method consistently outper-
forms classical approaches including the local ensemble transform Kalman filter
(LETKF), with relative improvements of 15–30% for most scenarios (Section 6.5).

Despite the promising results, our method has limitations and several directions for
future improvement. Our current approach is limited by the loss function design,
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which primarily addresses state estimation rather than general filtering problems.
Future work will consider probabilistic loss functions that can be used to estimate
the filtering distribution.

Additionally, we plan to extend our approach beyond EnKF to include other filtering
schemes, such as the ensemble square root filter (ESRF), which is a deterministic
version of the EnKF, or variational methods such as iterative EnKF (iEnKF). The
flexibility of our approach stems from the proposed MNM-based learning architec-
ture, which can optimize variables related to the empirical distributions represented
by ensembles.

We currently formulate the transformer as a neural operator accepting probability
measures as inputs. In future work, we aim to enhance both the architecture and
training methodology to simultaneously handle measure and function valued inputs,
enabling amortized neural operators that generalize across different dynamics and
observation models. Establishing universal approximation results and statistical
guarantees for this formulation will also be of interest to further strengthen the
theoretical foundations of our approach.

In conclusion, our work advances the field of data assimilation by introducing a
novel machine learning approach, which is efficient for deployment, requiring only
one pretraining stage and lightweight fine-tuning. Beyond immediate applications
in state estimation, our theoretical contribution of extending attention mechanisms
to operate as measure-to-measure transformations opens new research directions
across multiple disciplines.
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