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Top-down Source Inversions

Observations

v)

Measurement Model 4D concentrations
+ H(x)

model errors

(R

Not well
known

r: .{":-:.:l;!'.l;l;lm et
i %’

]

Prior emission inventory (x°)

e S i
~, "". R
7 - P
- Es
3 b ) > —a
] 9
A e
oy o
s e e
‘ W
R o L
rad e a
i <
v 22
B, T
o
,,_l,‘:. Y

o

Not well
known

Prior inventory errors
T B

1o%

-0.70 ~-2.23 o2 a0

Variationalminimization

_____

_____ PR |
forward model i
obs error covariance

\ 4

------

L_l“

prior error covariance

"B (x—x")

Gradient-based iterative algorithm

4

Posterior mventory ()

GEOSS 474 080701 of 0O

R >

D> S
/"‘:‘ .

Adjoint
model




Current Limitations of High-Dimensional
Inversions

U Variational minimization may require many iterations (=forward+adjoint integrations) to
converge A computationally expensive.

U In practice variational minimization is often stopped before full convergenceA how to
rigorously interpret the approximated posterior solution?

U Need for a better representation of posterior information:
A Posterior errors (variances, posterior sampling).
A Observational constraints (averaging kernel matrix).

U Need for efficient algorithms to tune the prior (B) and observation (R) error covariance
matricesA usually arbitrarily prescribed and highly uncertain!

U Atmospheric source inversion problems are usually very ill-conditionedA only a small
set of spatiotemporal patterns are effectively constrainedA who are they?

These limitations can be addressed by solving the

Inverse problem in the right (small dimensional) space
A optimal projection




Optima| Projectign Boussereand Henzg(in revision, QJRM:

SVD is performed using a parallel randomized algorithm

Prior-preconditioned Hessian
(Halko et al., 2011).

Walltime saving: N iterations (e.g., BFGS, CG/Lanczos) A
N parallel forward and adjoint integrations (~1 iteration).
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Information content
analysis:

U Singular vectors in flux
space represent
independently
constrained patterns.

U Singular vectors in
observation space
represent associated
observational patterns.

U Singular values quantify
observational
constraints.
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GOSAT monthly methan@version
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Optimization and posterior sampling:

U BFGS requires 40 iterationse 40 sequential forward and adjoint runs (walltime~ 2 days).

U Randomization requires 50 samplesé 50 forward and adjoint runs in parallel (walltime~ 72 mins).

U Posterior sampling using square-root of posterior error covariance matrix allows one to compute any posterior
statistics at no additional cost.
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Error Tuning Method

U Rescale prior error covariance: By,,. = s;B.  Desroziersind lvanov (2001)
U Solve for s, based on properties of posterior statisticsof projected inverse

problem.
U Criteria for optimal projection: Degree of Freedom for Signal (DOF)
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Computationally efficient singular vectors u,and values f ; are
unchanged when s, variesA only one randomized SVD calculation!

U In standard error tuning approaches an iterative algorithm is used, which requires one converged
Inversion (x?) per iterationA can be very expensive.

U The projected problem allows us to efficiently solve for s, without recomputing the SVD for each
Inversion (x?).



GOSAT methane inversion pseudo-experiment

Impact of prior error correction

Impact of rank of projection on tuning method :
on posterior fluxes
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U Minimum rank of projection to obtain convergence scales with DOF of the inversionA no need to
compute all modes!
U Tuning of the prior error covariance provides significant improvement in the posterior solution.



Conclusion

Optimal projection with randomized SVD method has many applications:
U Fast optimization (walltime saving ~ 1-2 order magnitude).
U Information content analysisA posterior diagnostics.
U Non-linear inversion & data assimilation (e.g., ozone data assimilation):

AOptimal model reduction for Markov Chain Monte Carlo (MCMC) A
posterior sampling.
ANew Randomized Incremental Optimal Technique (RIOT) for

Incremental 4D-VarA already implemented in WRF-DA, could be used
with GEOS-Chem when tangent linear (TL) becomes available.

Reference: BoussereandHenzeg(in review for QJRMS, availableaXiv.org




