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The inverse problem
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PDE constrained optimisation

Classically formulated as

mln | Pu—d|]* st A(m)u=gq

7

which is often reduced to

min 5{|PA(m)~"q — d||*
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Computational challenges

Non-linear, high-dimensional
optimisation

PDE-solves (many r.h.s., many
wavelengths)

Exact adjoint may not be readily
available
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Sources of non-linearity

« Oscilatory nature of data
 Absence of low frequency data
 Limited aperture
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Reducing non-linearity
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Joint parameter and state estimation

Use quadratic penalty instead

min §[[Pu — d|[2 + ]| A(m)u - q|

Y

and reduce via
u(m) = (pA(m)TA(m) + PTP) ™" (pA(m)7q + P"d)

to get a reduced penalty formulation.
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- How to choose trade-off parameter

- Implement data-assimulation step in
a computationally efficient manner

« Understand limitations
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Other approaches

« Other extensions / data fidelities
« Classical inverse scattering

- Wavefield redatuming

« Reduced-order-models
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Data-driven vs. model-driven




|\ CWL_

Uncertainty quantification
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Bayesian approach

Formulate a prior and likelihood
model, e.g.

Wprior(m) X €XP (_% |m o Mm”%]m)
5[[PA™H(m)q — d||

Tike (d|™m) o exp (—

and generate samples from the
posterior
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Uncertainty quantification

Want to go beyond computing
moments:

- Reliability of interpreted features
« Influence of prior of certain features

- Sensitivity to initial guess



Hessian-based

Assume posterior is
locally Gaussian and
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- May be sufficient if problem is
locally linear

« @Gives only information on
uncertainties of certain features

- Computationally feasible



MCMC sampling

Sample from posterior using Langevin
dynamics and use adaptive stepsize
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Samples actual posterior (in theory)

Sampling multi-modal could still be
challenging

Computationally more challenging

What to do with all the samples?



Normalising flows

Learn joint density from given samples
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 Choosing appriopriate archtecture is
not easy

 Requires many training samples

- Tied to particular acquisition and
sampling

« What to do with all the samples?
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Wrap-up

- Many computational challenges in solving
non-linear problems and sampling in high-
dimensions

- Many practical challenges in choosing
parameters, architectures, etc.

 More fundamental problems with UQ; which
distribution should we sample from and
what to do with the samples?

- How do we merge data-driven approaches
and UQ?
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