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ABSTRACT 

Quantum Mechanics (QM) and Climate Science (CS) confront the epistemic problem of inferring an unobservable state from 

incomplete, indirect, and context-dependent measurements. Although their physics differ profoundly (non-commutative algebra 
vs. multi-scale fluid dynamics), their knowledge updates can be compared through a variational, information-projection view of 
Bayesian updating under observational constraints. 
In QM, this principle is encoded by the Lüders rule, which admits an entropic-projection interpretation (minimizing the change 
in 𝜌 under the measurement constraint 𝐸𝑘 ). In CS, it is realized by data assimilation (DA) under multi-scale limitations and strong 
information loss due to sparse, noisy proxies and temporal smoothing in paleoclimate records. In both domains, updates can be 
cast as minimizing an information-theoretic distance subject to the likelihood imposed by data  . 
We propose correspondences between the quantum instrument 𝑘 ( 𝜌) and climate analysis (assimilation) update operators, 
between POVM elements 𝐸𝑘 and proxy-system likelihoods  (  |𝐱 ) , and between quantum recoverability (Petz-type recovery 
 ) and backward information propagation in smoothing and reanalysis. This framework targets the diagnosis of irreversible 
information loss in measurement and inference. 
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 Introduction: The Epistemic Challenge 

hysics seeks to describe reality, yet access to that reality is always
ediated by instruments. In quantum mechanics, measurement
navoidably alters the quantum state being probed. In geophysics
nd climate science, the state of the Earth system ( 𝐱 ) is a high-
imensional, evolving f ield that can only be observed indirectly
nd incompletely, through sparse in situ measurements, remote
ensing, or proxy records. In both cases, knowledge of the
his is an open access article under the terms of the Creative Commons Attribution License, which perm
ited. 
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system must be inferred from partial, noisy, and sampling- and
scale-dependent observational constraints. 

1.1 Climate Relevance in One Sentence 

For climate science, the value of this correspondence is practical:
it motivates relative-entropy diagnostics (prior → posterior)
to quantify (i) information gain, (ii) irrecoverable loss under
its use, distribution and reproduction in any medium, provided the original work is properly 
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oarse-graining and proxy smoothing, and (iii) sensitivity of
econstructions to observation design choices (PSM error, dating
ncertainty, and assimilation windowing). 

his paper argues that, despite profound differences in their
nderlying physics, quantum mechanics and climate science
hare a common epistemological structure in how new infor-
ation is incorporated. We adopt a Bayesian perspective, in
hich states–quantum states or climate state distributions–are
reated as epistemic objects encoding knowledge rather than
irect ontological descriptions. Measurement and observation
hen correspond to updates from a prior state of knowledge to a
osterior one, conditioned on available data. 

oncretely, readers from climate science may think of the Lüders
pdate as the quantum counterpart of an analysis step (prior
posterior) under a constrained, minimal-change principle. In

limate science, such updates are central to separating exter-
ally forced change from internally generated variability and to
raming detection and attribution problems within a coherent
robabilistic logic [ 9, 11, 17 ]. 

nder a variational or information-projection formulation, both
omains can be understood as updating knowledge under
bservational constraints while limiting unnecessary departure
rom prior information. In quantum mechanics, this principle
s realized by Lüders-type measurement updates, which can be
nderstood as entropic projections minimizing quantum relative
ntropy under a measurement constraint. In climate science, an
nalogous principle underlies data assimilation, where forecasts
re updated using observations in a way that balances fidelity to
rior dynamics with consistency with the data, typically under
aussian and linearized assumptions. 

he analogy between these domains does not imply equiva-
ence of their physical theories or a one-to-one identification of
athematical objects. Rather, it highlights a shared inferential
tructure that becomes explicit when both problems are viewed
hrough the lens of Bayesian inference and information geometry.
his perspective is particularly relevant for climate science,
here dominant sources of uncertainty arise from unresolved
patio-temporal scales, nonlinear dynamics, and severe epistemic
ompression in paleoclimate records. 

uilding on this framework, we propose a structured corre-
pondence between key elements of quantum measurement
heory and climate inference: between quantum instruments and
limate analysis update operators, between POVM elements and
roxy-system likelihoods, and between quantum recoverability
nd backward information propagation in Bayesian smoothing
nd reanalysis. The aim is not to claim formal equivalence, but
o use the correspondence as a conceptual tool for understand-
ng the limits of inference, diagnosing irreversible information
oss, and designing robust update schemes in complex physical
ystems. 

inally, the Bayesian framework used here is epistemic and need
ot by itself encode causal direction; causal attribution requires
hysically informed model structure (e.g., dynamical constraints
nd counterfactual experiments), which lies outside the scope of
he present conceptual correspondence. 
of 8
1.2 Scope and Limitations 

The correspondence developed in this paper is intentionally epis-
temological rather than ontological. It does not assert equivalence
between the physical theories of quantum mechanics and climate
science, nor does it imply a unique or universal update rule across
domains. The variational and information-projection interpreta-
tions discussed here apply most transparently under idealized
assumptions, such as linearized observation operators and Gaus-
sian uncertainty representations; operational data assimilation
schemes introduce additional approximations, including local-
ization, inflation, and stochastic parameterizations, that modify
strict Bayesian optimality [ 2, 4, 5, 14 ]. Likewise, Lüders-type
updates represent a canonical but not unique realization of
minimal-disturbance quantum measurements, and alternative
instruments consistent with the same POVM may induce dif-
ferent degrees of disturbance [ 3, 8 ]. The aim of the present
framework is therefore not to propose a prescriptive algorithm
or a formal isomorphism, but to highlight a shared inferential
structure that clarifies where information is preserved, degraded,
or irreversibly lost under measurement and coarse-graining.
Within these bounds, the proposed correspondence serves as
a conceptual tool for diagnosing epistemic limits and guiding
the design of robust inference strategies in complex physical
systems. 

Bayesian updating as used here is epistemic and does not, by itself,
encode causal direction; causal attribution in climate science
requires physically informed model structure and counterfactual
experiments, which lie beyond the scope of the present correspon-
dence. 

2 The Axiomatic Foundation: Minimal-Change 
Bayesian Update 

Throughout this section, we refer to this principle inter-
changeably as a minimal-change, minimal-disturbance, or KL-
minimizing Bayesian update; these terms denote the same varia-
tional construction. In both classical and quantum inference, the
update from prior to posterior is defined by the likelihood  (  |𝐱 )

of observing data  given state 𝐱 . 

We use  for generic data. In climate DA, 𝐱 denotes the state and
𝐲 observations; 𝑝( 𝐱 ) is a prior (forecast) and 𝑝( 𝐱 |𝐲) a posterior
(analysis). In QM, 𝜌 denotes the prior density operator and 𝜌𝑘 the
posterior state conditioned on outcome 𝑘. 

In DA terms, “minimal disturbance” corresponds to choosing
an analysis that fits observations while keeping the analysis
increment 𝛿𝐱 = 𝐱𝑎 − 𝐱𝑓 small in the metric implied by 𝐁− 1 (or,
more generally, minimizing 𝐷KL ( 𝑝

𝑎 ‖𝑝𝑓 ) under the likelihood
constraint, typically defined by ( 𝐻, 𝐑 ) . 

2.1 General Bayesian Update 

The classical Bayesian rule is the cornerstone: 

𝑝( 𝐱 | ) ∝  (  |𝐱 ) 𝑝( 𝐱 ) (1)
Annalen der Physik, 2026
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n data assimilation, observations 𝐲 are linked to the model state
y the observation operator 𝐻 with error covariance 𝐑 . In the
inear–Gaussian case, this KL-minimization is equivalent to the
tandard Kalman analysis update, 

𝐱𝑎 = 𝐱𝑓 + 𝐊
(
𝐲 − 𝐻𝐱𝑓 

)
, 𝐊 = 𝐁 𝐻𝑇 

(
𝐻 𝐁 𝐻𝑇 + 𝐑

)− 1 
(2)

nd to minimizing the quadratic cost 𝐽( 𝐱 ) in Equation ( 5 ).
ormally, this corresponds to a KL-minimizing information
rojection under the likelihood constraint. 

.2 Quantum Measurement and Entropic 
rojection 

n quantum theory, the state is a density operator 𝜌 (the prior),
nd a measurement (Instrument ) transforms 𝜌 based on
he observed outcome 𝑘. The minimal disturbance condition
s satisfied by the Lüders Rule [ 3, 15 ], which uses the square-
oot of the Positive Operator-Valued Measure (POVM) element
𝑘 : The normalized posterior state 𝜌𝑘 after outcome 𝑘 is given
y: 

𝜌𝑘 =
𝑘 ( 𝜌) 

Tr [ 𝜌𝐸𝑘 ] 
where 𝑘 ( 𝜌) =

√
𝐸𝑘 𝜌

√
𝐸𝑘 (3)

he Lüders map 𝑘 performs an entropic projection, minimiz-
ng the relative quantum entropy D( 𝜎‖𝜌) = Tr [ 𝜎(log 𝜎 − log 𝜌)]

ver all possible post-measurement states 𝜎 consistent with the
bservation constraint [ 15 ]. 

n practice, “observation” is mediated by an apparatus and its
nvironment, so the relevant update is defined by the effective
nstrument (including decoherence and coarse-graining), not by
n idealized projective measurement. 

.3 A Minimal Worked Example: 
inear–Gaussian Update as Information Projection 

o make the correspondence concrete, consider a linear–
aussian inference problem. Let the prior over a state 𝐱 be Gaus-
ian, 𝑝( 𝐱 ) =  ( 𝐱𝑓 , 𝐁 ) , and the likelihood Gaussian, 𝑝( 𝐲|𝐱 ) =
 ( 𝐻𝐱 , 𝐑 ) . Bayes’ rule yields a posterior 𝑝( 𝐱 |𝐲) whose mean
oincides with the minimizer of the quadratic cost function 𝐽( 𝐱 )

n Equation ( 5 ). This provides an explicit instance in which
he update can be written as an information-projection step:
he posterior is the distribution closest to the prior (in KL
ivergence) subject to the observational constraint encoded in the
ikelihood. 

n the quantum setting, an analogous minimal-disturbance
pdate is given by Lüders-type conditioning for a measure-
ent outcome 𝑘, 𝜌 ↦ 𝜌𝑘 , which is likewise characterized by
n entropic projection under a measurement constraint. The
nalogy is therefore exact at the level of variational structure
n these idealized cases, and remains conceptually informa-
ive under the approximations required in high-dimensional,
onlinear applications. 
nnalen der Physik, 2026
3 Epistemic Limits and Inference in Climate 
Science 

Climate science faces an epistemic challenge rooted in its
high-dimensional, non-linear, and multi-scale nature. The core
problem is the fundamental impossibility of fully observing the
system’s phase space. 

3.1 The Multi-Scale Problem and Inherent 
Coarse-Graining 

The climate system spans scales from millimeters (turbulence)
to planetary waves. The “true state” 𝐱true includes small-scale,
chaotic phenomena that cannot be explicitly resolved by climate
models. The drive toward kilometer-scale resolution is motivated
by the need to resolve processes like deep convection, but this
generates unprecedented complexity [ 1 ]. 

1. Filtering and Parameterization : Unresolved small-scale
energy must be parameterized or filtered out, leading to an
inherent loss of information and uncertainty. This is often
described as the need for “more physics in the models”
[ 14 ]. While increasing resolution (e.g., in initiatives led by
Bauer [ 1 ]) pushes these errors to smaller scales, this approach
exacerbates the “other climate crisis” of high complexity and
limited comprehensibility [ 16 ]. 

2. Representativity Error : Point measurements are not fully
representative of the model’s grid-box scale, introducing a
localized epistemic gap that assimilation must bridge. 

The process of coarse-graining the true state 𝐱true to a model state
𝐱model is itself a non-unitary, information-losing projection. 

3.2 From Microscopic States to Macroscopic 
Climate Variables 

A natural way to bridge the microscopic–macroscopic gap is
through coarse-graining and statistical mechanics. Macroscopic
state variables used in climate dynamics (e.g., temperature,
pressure, density, and energy content) can be understood as
summaries—often expectation values or effective parameters—
of underlying microscopic degrees of freedom. In equilibrium
statistical mechanics, for example, a Gibbs state arises from
a maximum-entropy (minimum-relative-entropy) construction
subject to constraints on mean energy and other conserved quan-
tities; temperature appears as a Lagrange multiplier associated
with the energy constraint. While the climate system is far from
global equilibrium, the operational role of macroscopic variables
remains analogous: they encode constrained information about
an underlying high-dimensional reality, and inference proceeds
on these reduced descriptions. 

This perspective clarifies why the epistemic update principle
is transferable across scales: in both QM and CS, observations
constrain only a subset of degrees of freedom, and the update
must reconcile new constraints with prior information under
irreversible coarse-graining. 
3 of 8
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.3 Data Assimilation as Bayesian Analysis: 
ackground, Observations, and Increments 

ata Assimilation (DA) is the operational realization of the
ayesian update in the presence of these scale limits. The goal
s to combine a short-term forecast (the Prior 𝑝( 𝐱𝑓 ) ) with
bservations (the Likelihood  ( 𝐲|𝐱 ) ) to produce an analysis (the
osterior 𝑝( 𝐱𝑎 ) ). 

he relationship between the state 𝐱𝑡 ∈ ℝ𝑁 and the observations
𝑡 ∈ ℝ𝑀 is given by an observational operator 𝐻: 

𝐲𝑡 = 𝐻( 𝐱𝑡 ) + 𝛜 (4)

here 𝐻 includes the projection from the subgrid scale to the
bservational geometry, and 𝛜 represents total uncertainty. 

he Ensemble Kalman Filter (EnKF) [ 5 ] and Variational Methods
4D-Var) perform this Bayesian update, where the optimal anal-
sis state 𝐱𝑎 is found by minimizing the quadratic cost function
( 𝐱 ) : 

𝐽( 𝐱 ) = ( 𝐱 − 𝐱𝑓 )𝑇 𝐁− 1 ( 𝐱 − 𝐱𝑓 ) + ( 𝐲 − 𝐻𝐱 )𝑇 𝐑− 1 ( 𝐲 − 𝐻𝐱 ) (5)

nder linear–Gaussian assumptions, this minimization corre-
ponds to a maximum a posteriori (MAP) estimate and can be
nterpreted as an information-projection update; operational DA
chemes introduce approximations that modify this idealized pic-
ure. 

.4 Stochastic Climate Models and the Variance 
iscrepancy 

o formally bridge the gap between small (unresolved) and large
resolved) scales, Hasselmann’s stochastic climate model (SCM)
rovides a crucial theoretical foundation [ 7 ]. In this model, the
umulative effect of the unresolved small-scale dynamics is rep-
esented by inherent system noise. This framework, which relies
n Stochastic Differential Equations (SDEs) to model sub-grid
rocesses, has been generalized to stochastic parameterization
chemes in complex GCMs. Tim Palmer has been a leading
dvocate for the use of SDEs and stochastic parameterization
o better represent unresolved model uncertainty and improve
redictability, arguing that incorporating stochasticity aligns with
undamental physics [ 14 ]. The SCM demonstrates that white
oise forcing, integrated by the large-scale system, produces a
pectrum with high variance at low frequencies (red noise). This
nherent system noise is a fundamental component of the climate
tate 𝐱 and must be explicitly accounted for in Bayesian inference.

.5 Inference of Low-Frequency Variability and 

brupt Change 

he analysis of climate variability across timescales reveals pro-
ound epistemic challenges due to non-linearity and thresholds
e.g., [ 11, 19 ]). 
of 8
1. Non-linear Response to Forcing : On multimillennial
scales, the climate exhibits non-linear responses to regular
orbital forcing (Milankovitch cycles). 

2. Threshold-Crossing Dynamics : Abrupt climate changes
are often modeled as a threshold-crossing process (e.g.,
ocean stability). Bayesian methodology is essential here for
accurate change point detection. 

3. Variance Discrepancy : General Circulation Models
(GCMs) often underestimate the variance of Sea Surface
Temperature (SST) anomalies reconstructed from marine
proxy records on long time scales [ 10 ]. 

3.6 Paleoclimate Proxies and Extreme Epistemic 
Compression 

In paleoclimate reconstructions, the information problem is most
severe due to the indirectness of the data. Observations 𝐲 are
proxies (e.g., 𝛿18 O ) that record past environmental changes. 

The critical link is the Proxy System Model (PSM) [ 18 ], which
models the processes that translate the climate state ( 𝐱 ) into the
proxy measurement ( 𝐲): 

PSM: Proxy ≈ ( 𝐱true , 𝜃local ) + 𝜂

The PSM determines the likelihood  (  |𝐱 ) and serves as the con-
ceptual analog to the Quantum Instrument . Advanced methods
rely on Bayesian reconstruction to jointly infer the climate state
𝐱 and the PSM parameters 𝜃local , explicitly incorporating all
uncertainties [ 18 ]. 

3.6.1 Toy Proxy Example: Dating Uncertainty, 
Smoothing Window, and Epistemic Disturbance 

This toy example is illustrative and not intended as a realistic
proxy model. Its purpose is to make explicit how observation
noise, temporal smoothing, and dating uncertainty enter an
information-theoretic update. 

To illustrate how proxy noise and time aggregation control
information gain, consider a scalar climate variable 𝑥 ( 𝑡 ) with a
Gaussian prior at discrete times 𝑡𝑖 , 

𝑥𝑖 ∼  ( 𝜇
𝑓 

𝑖 
, 𝐵𝑖 ) (6)

A proxy observation is assumed to record a time-averaged (win-
dowed) version of 𝑥 ( 𝑡 ) , subject to measurement noise and dating
uncertainty. Let the observed proxy value be 

𝑦 = ∫ 𝑤𝜏( 𝑡 − 𝑡0 ) 𝑥 ( 𝑡 ) 𝑑𝑡 + 𝜂, 𝜂 ∼  (0 , 𝜎2 
𝜂) (7)

where 𝑤𝜏 is a normalized window kernel of width 𝜏 (the recorder
integration/smoothing time scale), and 𝑡0 is the (uncertain)
observation time. A simple model for dating uncertainty is 

𝑡0 = 𝑡 + 𝛿, 𝛿 ∼  (0 , 𝜎2 
𝑡 ) (8)
Annalen der Physik, 2026

 C
om

m
ons L

icense



s  

D

 

w  

s

3  

d  

i  

𝑝  

t  

t

 

w  

t  

o

 

A  

w  

w  

t  

l  

s  

u  

r  

a

3  

t  

p  

T  

c  

s  

(  

c  

q

F  

e

 

m  

t

4  

T  

t  

v

T  

(  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A

 15213889, 2026, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/andp.202500556, W

iley O
nline L

ibrary on [26/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative
o that the effective observation operator becomes random.
iscretizing Equation ( 7 ) gives 

𝑦 = 𝐡 ( 𝜏, 𝛿)⊤𝐱 + 𝜂, (9)

ith weights 𝐡 determined by the window shape and the time
hift 𝛿. 

.6.1.1 Linear–Gaussian update and an information
iagnostic. Conditioned on a fixed 𝛿, Equation ( 9 )
s linear–Gaussian and yields a Gaussian posterior
( 𝐱 ∣ 𝑦, 𝛿) =  ( 𝜇𝑎 , 𝐵𝑎 ) . A natural operational measure of
he “epistemic disturbance” induced by assimilating the proxy is
he KL divergence from prior to posterior, 

Δ𝐼( 𝛿) = 𝐷KL ( 𝑝( 𝐱 ∣ 𝑦, 𝛿) ‖𝑝( 𝐱 )) (10)

hich quantifies how strongly the observation constraint shifts
he state of knowledge. In the linear–Gaussian case, Δ𝐼 depends
n the innovation variance 

𝑆( 𝛿) = 𝐡 ( 𝜏, 𝛿)⊤𝐁 𝐡 ( 𝜏, 𝛿) + 𝜎2 
𝜂 (11)

s proxy noise increases ( 𝜎2 
𝜂 ↑ ), 𝑆 increases and the update

eakens, implying smaller Δ𝐼 on average. As the smoothing
indow widens ( 𝜏 ↑ ), the weights 𝐡 spread over time and
ypically reduce sensitivity to high-frequency variability; this
ikewise reduces information gain about instantaneous states and
hifts information toward low-frequency components. Dating
ncertainty ( 𝜎2 

𝑡 ↑ ) further increases effective uncertainty by
andomizing 𝐡 , which can be represented (to first order) as an
dditional error term in the likelihood, again reducing Δ𝐼. 

.6.1.2 Connection to minimal-disturbance update. In
his toy setting, the analysis is the distribution closest to the
rior in KL divergence subject to the proxy likelihood constraint.
he scalar Δ𝐼 in Equation ( 10 ) therefore provides a directly
omputable diagnostic of how recorder noise, smoothing time
cale, and dating uncertainty control (i) information gain and
ii) the degree of posterior departure from the forecast—a
limate-side analog of disturbance/recoverability diagnostics in
uantum measurement. 

or a scalar observation 𝑦 = 𝐡⊤𝐱 + 𝜂 with prior covariance 𝐁 , the
xpected information gain conditioned on 𝛿 is 

𝔼𝑦|𝛿[ Δ𝐼( 𝛿)] = 1 

2 
log 

( 

1 + 𝐡 ( 𝜏, 𝛿)𝑇 𝐁 𝐡 ( 𝜏, 𝛿) 

𝜎2 
𝜂

) 

(12)

aking explicit how proxy noise, smoothing, and dating uncer-
ainty reduce information gain. 

 Recovery, Sufficiency, and Backward Inference

his section addresses the backward problem: what informa-
ion about a prior state remains recoverable after an irre-
ersible update. 

he notion of “sufficiency” originates in classical statistics
Fisher) as the idea of summaries that retain all information about
nnalen der Physik, 2026
parameters of interest [ 6 ]; here we use it in the information-
theoretic sense of recoverability under coarse-graining. We use
‘sufficiency’– in an information-retention sense related to statis-
tical sufficiency, not restricted to parametric settings. 

A central question in information theory concerns the extent to
which a prior state can be reconstructed after a measurement-
induced update. In both quantum mechanics and climate science,
this question is not one of exact reversibility, but of recoverability :
how much information about the prior state remains accessible
after coarse-graining, noise, and projection. 

4.1 Quantum Recoverability and the Petz Map 

In quantum information theory, the backward inference problem
is formalized through the concept of quantum recoverability .
Given a quantum channel  that maps an initial state 𝜌 to an
updated state  ( 𝜌) , the Petz recovery map  defines an optimal
recovery operation with respect to a chosen reference state [ 15,
20 ]. When exact recovery is possible, the Petz map reverses the
action of the channel on the support of the reference state;
more generally, it quantifies the degree to which information loss
is unavoidable. 

Importantly, the Petz recovery map does not represent a physical
inverse of the measurement process. Rather, it characterizes the
best possible backward inference permitted by the data-processing
inequality for quantum relative entropy. Recoverability therefore
provides a principled way to assess which features of the pre-
measurement state are retained, and which are irreversibly lost,
under a given measurement and coarse-graining scheme. 

We emphasize that this is not a claim that the adjoint model
is a physical inverse, nor that reanalysis “recovers” the true
past state. The correspondence is epistemic: both Petz recovery
and smoothing define an optimal backward redistribution of
information under a chosen divergence/metric. 

On the climate side, “recoverability” corresponds to how well past
state components are constrained by a finite observing system,
given model error and smoothing windows—i.e., what parts of
𝐱 ( 𝑡) remain identifiable. 

4.2 Backward Inference in Climate Science: 
Smoothing and Reanalysis 

An analogous backward inference problem arises in climate
science. Observations and proxy records constrain the climate
system only indirectly and incompletely, and forward data assim-
ilation updates inevitably discard information about unresolved
scales and past states. Climate reanalysis addresses this prob-
lem by combining observations distributed over extended time
windows with a dynamical forecast model to estimate past
climate states. 

From a Bayesian perspective, reanalysis is a form of smoothing :
rather than estimating the state sequentially in time (filtering),
smoothing reconstructs earlier states using information from
both past and future observations. In linear–Gaussian settings
5 of 8
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TABLE 1 Structural Correspondences Between Quantum Measurement and Climate Inference. 

Epistemic Concept Quantum Mechanics Climate Science/Data Assimilation 

State Description Quantum state 𝜌 (density operator encoding 
epistemic information) 

Climate state distribution 𝑝( 𝐱 ) 

(prior/ensemble representation) 
Prior Knowledge Pre-measurement state 𝜌 Forecast/ensemble prior 𝑝( 𝐱𝑓 ) 

Measurement/Observation 

Model 
Quantum instrument/channel (measurement 

with environmental coarse-graining) 
Observation operator 𝐻, error model 𝐑 , 

and analysis rule (EnKF/4D-Var) 
Measurement Outcome POVM element 𝐸𝑘 (measurement effect) Proxy-system likelihood  (  |𝐱 ) 

Indirect Measurement Non-ideal POVMs/environmental coupling Proxy System Models 
(PSMs)/representativity error 

Forward Update Principle Lüders-type update as entropic projection 
(minimal disturbance) 

Bayesian analysis update (MAP/filtering 
under Gaussian assumptions) 

Update Criterion Minimization of quantum relative entropy Minimization of variational cost 
function/KL divergence (idealized) 

Backward Inference 
Problem 

Quantum recoverability (Petz-type recovery  ) Bayesian smoothing/reanalysis (backward 
information propagation) 

Information Loss Decoherence/coarse-graining by environment Unresolved scales, stochastic 
parameterization, proxy compression 

System Thresholds Quantum phase transitions/criticality Abrupt climate 
change/threshold-crossing dynamics 
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his corresponds to fixed-interval smoothing, while in more
eneral contexts variational methods such as 4D-Var provide an
pproximation to Bayesian smoothing. The backward propaga-
ion of information in these methods reflects epistemic recovery
ather than physical reversibility. 

rucially, the operators used in climate smoothing and
eanalysis–such as adjoint models in variational data
ssimilation–should not be interpreted as inverse dynamics
r recovery channels in a physical sense. Instead, they enable the
ptimal redistribution of observational information backward in
ime within a Bayesian inference framework. 

.3 Correspondence and Limits of Recovery 

t an abstract level, quantum recoverability and climate reanal-
sis address the same epistemic question: to what extent can
rior information be reconstructed after an update constrained
y noisy, incomplete observations? In both domains, recovery is
imited by coarse-graining, nonlinearity, and irreducible uncer-
ainty. The Petz recovery map and Bayesian smoothing thus play
nalogous conceptual roles as tools for diagnosing information
oss and sufficiency, rather than as exact inverses of the forward
pdate. 

his correspondence highlights a shared structure underly-
ng inference in complex physical systems. Measurement and
bservation impose irreversible reductions of information, and
ecovery–whether quantum or climatic–is fundamentally con-
trained. Quantifying these limits provides insight into the
pistemic content of observations and the design of inference
chemes that maximize retained information while respecting
navoidable loss. This correspondence is summarized schemat-
cally in Table 1 and Figure 1 . On the climate side, the role of
of 8
a quantum instrument is played by the composed observation–
likelihood–update mechanism; the operator 𝐻 denotes only the
forward observation or proxy-system map entering the likelihood.

4.3.1 Why this correspondence is useful 

The value of the proposed correspondence is not merely
metaphorical. It suggests concrete transfers of diagnostic and
design principles across domains: (i) using relative-entropy–
based notions of disturbance and recoverability to quantify infor-
mation loss in proxy models and coarse-grained observations; (ii)
importing sufficiency-style thinking to identify low-dimensional
summaries of observations that preserve information about target
variables; and (iii) motivating robust assimilation objectives
beyond quadratic costs when likelihoods and priors are mis-
specified. (iv) defining an operational “epistemic disturbance”
diagnostic, for example Δ𝐼 = 𝐷KL ( 𝑝

𝑎 ‖𝑝𝑓 ) , which quantifies how
strongly a proxy or observation model perturbs prior knowledge
and enables comparison of proxy-system models, smoothing win-
dows, and assimilation settings on a common information scale. 

These transfers are conceptual but operational: they point to
measurable criteria for evaluating observation operators, proxy-
system models, and update schemes under unavoidable compres-
sion. 

How to use this in practice. In data assimila-
tion, the information gain Δ𝐼 ≡ 𝐷KL(𝑝𝑎‖𝑝𝑓) (or an
ensemble approximation) can be tracked per cycle,
region, or variable as a scalar diagnostic to tune
EnKF inflation/localization and to flag overconfident
updates when observation or representativity errors
are misspecified [2, 4]. In paleoclimate reconstruction,
Annalen der Physik, 2026
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FIGURE 1 Schematic of the correspondence between quantum measurement update (left) and climate inference update (right), highlighting 
forward update, likelihood constraint, posterior correspondence, and backward smoothing/recoverability. Dashed arrows indicate conceptual 
correspondences between inferential roles, not formal equivalences of operators or dynamics. On the climate side, 𝐻 denotes the forward 
observation/proxy operator used in the likelihood, and the analysis update may be implemented by EnKF or 4D-Var. 
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comparing expected 𝔼[Δ𝐼] across proxy-systemmodels
(PSMs), smoothing windows 𝜏, and dating uncer-
tainties 𝜎𝑡 yields an objective ranking of observation
designs by how much recoverable information they
contribute to the target state.

 The Integrated Research Program 

his section does not propose new algorithms or immediate
ross-disciplinary applications. Instead, it outlines a coherent
esearch agenda motivated by the shared inferential structure
eveloped above. The aim is to clarify where epistemic limits
rise, how they may be diagnosed, and which questions are
eaningfully transferable across domains, rather than to claim
irect methodological substitution. 

e propose a research program to explore the structural parallels
etween Quantum Foundations and Climate Dynamics: 

R1. Axiomatics of Context : Characterize the non-idealities
in climate observation (local microclimate bias, PSM error,
dating uncertainty) and QM measurement (environmental
decoherence) using entropic disturbance metrics (e.g., Petz
metrics, sandwiched Rényi divergence [ 20 ]). 

R2. Hierarchical Inference : Develop hierarchical Bayesian
models for climate (e.g., joint posterior over 𝐱true , 𝜃PSM 

| )
analogous to hierarchical quantum Bayes for joint inference
of the quantum state 𝜌 and device parameters. This includes
nnalen der Physik, 2026
formalizing abrupt change events as Bayesian threshold-
crossing models. 

R3. Sequential Non-Commutativity : Explore the analogy
between non-commutative observables in QM and the
multi-scale non-linearities and filtering/upscaling errors in
CS. The order of assimilation/filtering steps in CS can mat-
ter significantly, paralleling sequential non-commutative
POVM updates [ 12 ]. 

R4. Risk-Based Minimal Disturbance : Investigate alterna-
tive divergence measures (e.g., Bures distance) as “cost
functions” for both quantum and climate updates, reflect-
ing different physical costs of disturbance. 

Table 1 summarizes the structural parallels between the funda-
mental concepts in both fields. 

6 Conclusions 

The conceptual separation between Quantum Mechanics and
Climate Science, while distinct ontologically, shares a profound
epistemological unity. Both disciplines perform information
fusion through a constrained minimization principle: Update
knowledge based on data while preserving maximum prior infor-
mation. 

In QM, this principle leads to the fundamental axioms of mea-
surement (Lüders, Petz). In CS, it motivates the design of optimal
assimilation systems that explicitly handle uncertainties from
scale separation, system chaos, and non-linear threshold dynam-
7 of 8
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cs. The push toward kilometer-scale models championed by
eter Bauer and others, while offering enhanced physical detail,
ntroduces massive computational and complexity demands. As
oted by Shaw & Stevens, this effort faces the “other climate
risis” of limited comprehensibility and reduced interpretability
 16 ]. 

y linking the two at the level of variational inference and
nformation geometry, we establish a unified language to discuss
he limits of knowledge acquisition in physical systems. This
pproach supports an epistemological shift in climate science:
ntegrating data, statistics, and models to maximize information
ain and rigorously test assumptions about climate recorder
ystems, moving toward a paradigm that explicitly addresses the
ature of uncertainty and irreversible information loss. 

hile neither the quantum nor the climate-side methods are new,
heir explicit comparison through recoverability and information
oss has not, to our knowledge, been systematically developed. 

rom this perspective, climate science is not primarily a pre-
ictive science in the classical sense, but an inference science
nder irreversible information loss. Each observing system,
roxy archive, and assimilation cycle imposes constraints that
ermanently discard parts of the systems’ past. The relevant
cientific question is therefore not only what can be predicted
r reconstructed, but which aspects of the climate state are
n principle unrecoverable given the observing system. This
eframes long-standing debates about model resolution, proxy
hoice, and uncertainty quantification as questions of epistemic
esign rather than technical optimization. 
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