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Dimensionality Reduction in FWI
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complex blind synthetic...
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Industry has difficulty replenishing produced resources
p have to find oil & gas in complex geological areas
p low hit rates (| out of 10) w/ drill costs $.25 B / well
p reduce risks of subsalt production (BP horizon)

Big drive for transformative wave-equation based technology

p PDE constrained optimization or full-waveform
inversion (FWVI)



Computational costs
p proportional w/ # of sources

p sky rocket (X 1000) when move to elastic
FWVI:

® nonconvex, i.e., local minima
(cycle skipping)

® incomplete data
(missing low frequencies, ‘Marine’ acquisition)



Processing
Accuracy

Model accurately reproduces
Earth properties

Model reproduces amplitude and
phase of field data

Model reproduces phase of
all field data

Model reproduces phase of high angle
seismic data and full electric field

Model reproduces phase of high
angle field data

Model reproduces 1D sparse
spike representation of field data

Visco-elastic aniso waveform
inversion and CSEM inversion (2018)

Visco-elastic anisotropic
waveform inversion (2016)

Elastic anisotropic waveform
tomography (2013)

Joint Acoustic anisotropic
waveform tomography and
CSEM inversion (2011)

Acoustic anisotropic
waveform tomography (2009)

Reverse time migration (2006)

Kirchhoff PreSTM (1995)
WX Post Stack Mig (1990)

Data Size
Megaflop (10%)  Gigaflop (109) Teraflop (10'2) Petaflop (1019)



Brief overview of dimensionality reduction
p randomized source aggregates/subsets
p batching for Quasi-Newton (I-BFGS)
p CS & AMP for Gauss-Newton (SPG)
Comparison on redlistic blind GOM synthetic
D data-side regularization & linear gradient smoothings

p model-side regularization & nonlinear gradient approximations



separable structure
(linearity w.r.t. sources)

use data redundancy to speed up progress towards solution
(form independent randomized source subsets)

convex-composite structure
(convex on the outside & smooth within)

multiscale structure
(curvelet-domain sparsity GN updates)



Wave-equation based

inversion
We model the data in the acoustic

approximation (w’m+ V*)u=gq

m = 1/soundspeed?

a4



Adjoint-state/
reduced formulation

non-linear least- squares problem:

mmCI) ZHd — Pu;l|3
gradient:
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where
H(m)u; = q; Inversion of very large

H(m)®v; = PT(d; — Pju;)| SParse linear systems




Bafched ophmlzahon

mm dm Z ¢;|m

Quasi-Newton approach

Sl — —BkVCI)[mk]

my. 1 = Mg + ApSk

But: evaluation of full misfit and
gradient is very expensive.



Batched optimization

The gradient is the average

1 K
VCI)zE;ngi

which we can approximate by
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Optimization
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Our batching strategy controls sampling and/or simulation errors
p by growing the batch size in accordance w/ convergence rate
p best of both worlds: stochastic versus deterministic
p removes noise sensitivity of stochastic gradients

Can we exploit sparse structure of gradient updates
p dimensionality reduction w/ Compressive Sensing

p acceleration w/ Approximate Message Passing



FWVI:

smooth
. 1|, —m—m———
min p(m) := §|| D — Fm; Q] H%
N r—

® exploit convexity by linearizing within

1
min  ¢(6m) := =D — F[m; Q] — VF[m; QJom|}

om

® control the norm of the updates to guarantee convergence



Randomized
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Convex optimization

[P=2 or p=1]

Linearized inversion with randomized supershots:

Jacobian
N e e
6m = S™ argmin ||0x||,, subject to | 0d —VF[my;Q|S"dx|[» <o
dx ~N ~——
b A

0x = OSparse curvelet-coefficient vector
S*™ = Curvelet synthesis
(QQ = Simultaneous sources

od = Super shots



Exploit multi-experiment redundancy of seismic data volumes
by rerandomized sampling

p regularly draw independent source aggregates
p cancels crosstalk/interference by rerandomization

Heuristic of current phase-encoding/dimensionality reduction
for imaging/FWVI



Fast Gauss-Newlon step

[ /5 w/0 rerandomization 3 super shots]

Lateral distance (m)
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Fast Gauss-Newlon step

[ /5 w/ rerandomization 3 super shots]
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Randomized sampling turns coherent source crosstalk/
interferences into non=sparse incoherent noise.

Exploits transform-domain structure exhibited within GN updates
p leverage curvelet-domain sparsity promotion

P map “noisy” crosstalk/interferences to coherent reflectors



Fast Gauss-Newlon step
[ 45 3 super shots]
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Fast Gauss-Newlon step
[ /; 3 super shots
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Rerandomization and curvelet-domain sparsity promotion:
D bpartly eliminate “noisy” crosstalk

p fail to remove “small” incoherent crosstalk

Can we somehow combine these two methods?
p continuation method for large-scale convex optimization

) use insights from approximate message passing



Break correlations between the model iterate and matrix A
by rerandomization

p draw new independent {b;, A;} after each subproblem
is solved

p brings in “extra” information without growing the
system

p minimal extra computational & memory cost

Progress one-norm solvers no longer stalled...



5(.)0

Fast Gauss-Newlon step

[ /; w/o rerandomization 3 super shots]
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Depth (m)
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Fast Gauss-Newlon step

[ /; w/ rerandomization 3 super shots]

Lateral distance (m)

cost of 1/2 gradient update w/ all data



Fast Gauss-Newlon step

[frue update]
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Elastic synthetic data (3200 shots) for an
unknown earth model was generated by a team
from Chevron, ExxonMobil, and Schlumberger

Several contractor companies worked w/ large

teams for weeks/months to get results w/ a lot
of “hand holding™...



Dream team




p nonlinear conjugate gradients
- linear anisotropic smoothing of gradients
p modified Gauss-Newton

- nhonlinear “smoothing”/ approximations of
gradients with anisotropic curvelets

Acoustic FWI workflows with minimal parameters & user
Intervention...



Travel-time tomography based on hand-
picked first breaks — initial velocity model

Curvelet-denoising at selected low-
frequencies —» improve SNR for FWI
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Ray paths

[RMS traveltime misfit 11ms]
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Work on “frequency slices” in the source/
receiver plane

Find support by hand-selected thresholding of
syntheses curvelet coefficients

Followed by debiasing to restore amplitudes...



Receiver (km)

Before denoising
[real part at 2.0 HZ]

Source (km)



O)
=
B2,

O

-

4,
d

S
e
<

0 Hz]

[real part at 2

60
Source (km)

0
80

(ury) IsA1909Y

100

80

40

20



Difference

[real part at 2.0 HZ]

20

Receiver (km)

Source (km)



Nonlinear Conjugate Gradients
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Non-linear conjugate gradients (first order)

Scaling by RMS from (initial) forward model

Layer stripping with gradient & offset weights
p bhase only 2—7 Hz

Anisotropic smoothing on gradients...
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Batched FWI with nuisance
parameter estimation

A.Y. Aravkin and T. van Leeuwen - Estimating
nuisance parameters in inverse problems.
Inverse Problems, 2012.

T. van Leeuwen and F.J. Herrmann - Fast
waveform inversion without source encoding.
Geophysical Prospecting, 2012

A. Aravkin, M.P. Friedlander, F.J. Herrmann and
T. van Leeuwen - Robust inversion,
dimensionality reduction and randomized
sampling. Mathematical Programming, 2012.

Tristan van Leeuwen, “A parallel matrix-free
framework for frequency-domain seismic
modelling, imaging and inversion in Matlab”.
2012.
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Input Model
[ray-based tomography + NMOJ]
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Final result
[w/0 denoising]
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Modified Gauss-Newton
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Modified Gauss-Newton:
p frequency continuation (7 bands 4 fregs, 2-5Hz)
p rerandomized subsets with only 600 shots
p 6 GN iterations per frequency band
p breconditioning of Jacobian by depth weighting
D projection of water layer

One-norm curvelet regularized gradients...
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ult: Output estimate for the model m
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end

le not converged do

(D", Q"} +— {DW* QW*} with Wk C [e, - ,e,,]
sD* «— D* — ]:[mk;gk]

% «— [|6D"||F / [|CoVF* [mF; Q*16D"||

0X ¢— arg min i, <, ||5_Dk — V}'[mk;gk]Cfo%

m~ Tl «— mF + *Ciix

k<+— k+1;

Algorithm 1: modified Gauss Newton with sparsity promotion
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Nonlin. CG

Modified GN

[phase] [amp. & phase]
Acoustic mixed results encouraging
Noise 4 important
Conditioning involved “simple”
Quality smooth “sharp”




Dimensionality reduction techniques allow us
to impose sparsity on the GN updates

GOM data set is extremely challenging
p data-space regularization is insufficient

P model-space regularization w/ curvelets is
encouraging

Results really depend on details...
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