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%7 Motivation

» Deep learning (DL):
v' Widely used: speech recognition, computer vision, auto-driving, machine
translation, medical imaging, etc.
v’ Fast: only trained once.
X Large and well-labelled training datasets.
X Not theory-guided (data-determined).

» Full waveform inversion (FWI):
v' Theory-guided: small datasets.
v Full wavefield information used.
X Computationally expensive.
X Cycle-skipping.



s The forward problem: a deep learning perspective

Forward modeling of wave propagation

1 90*u(r,t)
- v2(r)  Ot?

+ s(r,t)0(r —rg)

The second-order finite-difference:

u(r,t + At) = v*(r)At* [V2u(r,t) — s(r, £)d(r —rs)| + 2u(r, ) —u(r,t — At)

r

I!: FD Operator @

&
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Forward modeling of wave propagation

1 90*u(r,t)

T 02(r) o

The second-order fini#-difference:

u(r,t + At)f= v*(r)At? [V2u(r,t) — s(r,t)0(r — rs)] +

r

I!: FD Operator @
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+ s(r,t)0(r —rg)

u(r,t) —u(r,t — At)
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Neural Networks (NN)

O Backfed Input Cell

_ Input Cell

A Noisy Input Cell

@ Hidden cell

. Probablistic Hidden Cell
@ spiking Hidden Cell

. Output Cell

. Match Input Output Cell
. Recurrent Cell

. Memory Cell

. Different Memory Cell

' Kernel

O Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (REM) Deep Belief Network (DEN) ‘m —~ — —
% W) y S - 8 : 5

A mostly complete chart of

Neural Networks ...

©2016 Fjodor van Veen - asimavinstitute.org

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
e e e e oL X
R— - — A - - —./ '\-_\/, _ ~
X 0 0, e
Recurrent Neural Netwark (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU) < >< - W \\O/ ~- - >< -
. - ) . - ) — - -] e a \O/ _ g e .
'{Jh},{ﬁh}'{ '{ﬁh},{ﬁh}'{ ,{. RO >_< . oL >_<
AR BRI REIGR o : o
Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE) — % % .

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

R
0%, ® % &

(Fjodor van Veen, 2017)
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'+ Recurrent Neural Network (RNN)

one to one one to many many to one

many to many

many to many
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' Recurrent Neural Network (RNN)

1 S S S

FD Operator ‘ FD Operator ‘=j++s===  FD Operator === FD Operator wssjp++===p FD Operator

© o o o
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s* Recurrent Neural Network (RNN)

/

|

\

/".

Input vector

Memory from
/ previous block

Output of
previous block

Trainable parameter:

Outputs:

v2AL2

Memory from
current block

Output of
current block

Prediction of
current block

Velocity-related
parameter

Internal parameters:

Vector operations:

Laplacian operator ®
(Untrainable filter)

Receiver
coordinates
. Constant

Element-wise
multiplication

Convolution
operation

Element-wise
Summation



‘'t The inverse problem: a deep learning perspective

» The gradient derivation in a RNN framework

? ¢

4_ FD Operator | e * g FD Operator FD Operator | o -+ o FD Operator
» Objective function: J(v =3, YYY d¢ — =3, YYY d¢ —
0J ~~[0J] ou
» Gradient: — = ¢
Gradient: 7 Z[af&t] v
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" The inverse problem: a deep learning perspective

* The gradient derivation in a RNN framework

rs rg t
A /
2 -
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" The inverse problem: a deep learning perspective

= Connections with FWI?

DO

rs Trg

FD Operator

(&)—

A

FD Operator

FD Operator

&—

— 5rgﬁt)2

» Gradient at time-step t:

kK
gi — %
t
re= e ST Q_A.t_ 8_'&;_1-
:IBP(—n RCYNE ZZédt) » 52 :_ RNN
| 1 2 0%y !
%IBP(—R— ZZédt)g P 9 I_ FWI
, r | !

v Which means, training this self-designed RNN is

approximately equivalent to the FWI process. In
other words, FWI is also a special case of machine
learning task.

18



‘}',7 Numerical analysis & tuning of hyperparameters

Find the best learning rate ranges for gradient-based algorithms
including GD, Momentum, Adagrad, RMSprop, Adam
Several inter-comparisons
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1D numerical example

Synthetic data
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Vi = V-1 — Q- gg

Gradient descent
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Adaptive gradient (Adagrad)
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Y Synthetic test on Marmousi

Marmousi: 11 shots (12Hz)
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“ Non-linear CG
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v Comparison
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v :
“ Conclusions & Future works

J Conclusions:

= Weillustrated a self-designed RNN framework for forward and inverse
seismic modelling.

" Proved that FWI is a special case of a machine learning process.

= Best learning rate ranges of gradient-based algorithms were analyzed
and investigated for velocity model building.

=" The efficiency of gradient-based and non-linear optimization
algorithms are compared and discussed.

J Future works:
= A theory-guided neural network.
= A physical-teaching training process.
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v Comparison: v-model
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. v-profiles
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