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How can ocean models inform observing system design?
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Oceanic teleconnections

linear adjustment processes:
» oceanic Kelvin & Rossby waves

» exposed by the adjoint state as
"time-reversed” waves,
reflecting the sensitivity of a
Quantity of Interest (Qol) to
perturbations, (here: volume
transport across 26N)

O back in time, and
O anywhere In space
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Oceanic teleconnections

linear adjustment processes:
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Uncertainty Quantification (UQ)

(UQ1): Inverse uncertainty propagation
From prior to posterior uncertainty

control variables u, prior covariance B

initial conditions atmospheric forcing model parameters
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Uncertainty Quantification (UQ)
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Uncertainty Quantification (UQ)

(UQ2): Forward uncertainty propagation

control variables u, prior covariance B From p OStel"lOl" to QOI uncerta’nty
initial conditions atmospheric forcing model parameters
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Uncertainty Quantification (UQ)

(UQ2): Forward uncertainty propagation
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Uncertainty Quantification (UQ)

(UQ2): Forward uncertainty propagation
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Uncertainty Quantification (UQ)

control variables u, prior covariance B

initial conditions atmospheric forcing model parameters
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(UQ2): Forward uncertainty propagation
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Uncertainty Quantification (UQ)

control variables u, prior covariance B
initial conditions atmospheric forcing model parameters
A A A
r N7 N7 ~
4 U1 U9 UnN -‘
: | O000000000000000000 |
: o
N a
. .
: v ':
:. [ ocean general circulation model ] (UQ2)
. :
= N
= ]
[ | é ) N
[ ] Y Y Y Y Y Y Y :
u N
vay [(e=0) () U U U (0] '
simulated observations Obs(u) . '

7 Qol = Quantity of Interest
AMOC, ocean transports,
future regional sea level

J U U U | i

observations y, noise covariance R

system

Loose & Heimbach, 2021

(UQ1): Inverse uncertainty propagation
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Sensitivity maps identify shared adjustment mechanisms & pathways

Heat transport across the Irminger Sea subsurface temperature

lceland-Scotland Ridge (ISR) (observed by OSNAP)

Loose et al., 2020
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Sensitivity maps re-interpreted in the context of UQ
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Computing (q ¢ v,)
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Uncertainty reduction via oceanic teleconnections
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Uncertainty reduction via oceanic teleconnections
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Assessing data redundancy
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No actual data needed —» can test future observing systems
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Assessing data redundancy
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Assessing data redundancy

Uncertainty reduction in H1 ;¢ by noise-free observations
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Assessing data redundancy

- Uncertainty reduction in H1 s, by noise-free observations
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* Adding observation A (in the Irminger Sea) to observation D (in Denmark
Strait) gives no extra information due to data redundancy
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Uncertainty reduction in H1 ;¢ by noise-free observations
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* Adding observation A (in the Irminger Sea) to observation D (in Denmark
Strait) gives no extra information due to data redundancy

* Observation A (in the Irminger Sea) and observation B (off Portugal)
show data complementarity
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Assessing data redundancy

Uncertainty reduction in H1 ;¢ by noise-free observations
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Loose et al., JGR Oceans (2020) Loose & Heimbach, JAMES (2021)
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Oceanic teleconnections . : Uncertainty Quantification (UQ)
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Loose et al., JGR Oceans (2020) Loose & Heimbach, JAMES (2021)
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Oceanic teleconnections . : Uncertainty Quantification (UQ)

. . Jmisﬁt(ﬁ)

Adjoint model T

* curvature s
\\\ - ///
/ |

~ /
Antrol space Hmin data-informed

direction v;

Shared adjustment mechanisms Data redundancy & complementarity

Limitation: Adjoint only provides linearized approximation of ocean dynamics
Appropriate for: Large-scale dynamics and Gaussian approximation of uncertainty
Outlook: How to deal with very nonlinear dynamics & implied uncertainty?
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Outlook

TIM(@) = T(Ma(Maal...... Ma(...... (M1(Mo()))))) (7.8)

(we've omitted the |'s which, nevertheless are important to the aspect of tangent linearity; note also

. Then, according to the chain rule, the forward calculation reads, in terms of the Jacobi matrices
that by definition { V,J 7, 66) = V,J - §3)

V. J(M(8d)) = VT - My-...... My-...... My - My - 63 (7.9)

. = V,J -5

whereas in reverse mode we have

MT(V,JT)= MT-MT-...... MT-. . MF.v, g7 (7.10)

Differentiable programming in Julia for Earth system modeling ML

https://dj4earth.github.io/

Ow

model

[tk
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(we've omitted the |'s which, nevertheless are important to the aspect of tangent linearity; note also

. Then, according to the chain rule, the forward calculation reads, in terms of the Jacobi matrices
that by definition { V,J 7, 6¢) = V,.J - 6%)
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. = V,J -5

whereas in reverse mode we have

MT(v,JT)= MT-MT....... MT....... MT-v, g7 (7.10)

Differentiable programming in Julia for Earth system modeling et

https://dj4earth.github.io/

Goal: Advance automatic differentiation (AD) to generate adjoint and back-propagation operators in Earth system models

Julia: Physics model (PDE) Earth system model Machine Learning (ML) &

& its adjoint differentiable programming
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T(M(i)) = T(MaAMpal...... Ma(...... (M1(Mo(w)))))) (7.8)

(we've omitted the |'s which, nevertheless are important to the aspect of tangent linearity; note also

. Then, according to the chain rule, the forward calculation reads, in terms of the Jacobi matrices
that by definition { V,J 7T, 6¢) = V,J - §%)

JAEarth

Differentiable programming in Julia for Earth system modeling e

VoI (M(64)) = VT - My-...... Mje...... My - My - 6t (7.9)
. = V,J -6
whereas in reverse mode we have H
MT(v,JT) = MT-MT....... ME MT-v, g7 (7.10)

https://djdearth.github.io/

Earth system flagship applications

O

Ice flow

Goal: Advance automatic differentiation (AD) to generate adjoint and back-propagation operators in Earth system models

Julia: Physics model (PDE) Earth system model Machine Learning (ML) &

& its adjoint differentiable programming

Hybrid approaches:
» ML-accelerated sampling for non-Gaussian UQ
» Derivative- and physics-informed ML 15/15



