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ABSTRACT

Full waveform inversion (FWI) in the field of seismic data processing is an inversion technique that is used to estimate the velocity
model of the subsurface for oil and gas exploration. Recently, deep learning (DL) technology has been increasingly used for seismic
data processing, and its combination with FWI has attracted remarkable research efforts. For example, DL-based data processing
techniques have been utilized for preprocessing input data for FWI, enabling the direct implementation of FWI through DL technology.
DL-based FWI can be divided into the following methods: pure data-based, physics-based neural network, encoder-decoder,
reparameterized FWI, and physics-informed neural network. In this review, we describe the theory and characteristics of the methods
by systematizing them in the order of advancements. In the early days of DL-based FWI, the DL model predicted the velocity model
by preparing a large training data set to adopt faithfully the basic principles of data science and apply a pure data-based prediction
model. The current research trend is to supplement the shortcomings of the pure data-based approach using the loss function consisting
of seismic data or physical information from the wave equation itself in deep neural networks. Based on these developments, DL-
based FWI has evolved to not require a large amount of learning data, alleviating the cycle-skipping problem, which is an intrinsic
limitation of FWI, and reducing computation times dramatically. The value of DL-based FWI is expected to increase continually in
the processing of seismic data.
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N E

Aoty AH(full waveform inversion, FWI}2 4871~ &
A 913 ©dut |AL Bofoll A 2|59 vHut S5 24
skt AMERE A=A E 7Y F shdelth X539 wdw
Any 25 S5k AuAE 71HS AE=- 2 (semblance)
718ke] AA7] &= EA(stacking velocity analysis, SVA)
(Taner and Koehler, 1969; Al-Chalabi, 1974), A EXR 1)
1] (traveltime tomography) (Stefani, 1995; Woodward et al.,
2008), ZHHAF EA &% F A (migration velocity analysis,
MVA) (Al-Yahya, 1989), H2l#2] tju] AZ #skamplitude
variation with offset, AVO) &AHChopra and Castagna, 2014)
5 coret ol itk o] & Wakd ke Praaisty 2
3 2145} 7148 olgslo] BER sk nfse] A
275k FEA o2l ZASIAL et E3F L= vjrHS
HATE shEHg Al Abold] mIAF ARl I TAIE AFHA L
2 A3} ol ARgStER 11y MAE TloE 2 o]&sfjof
Sk Aot mEkA Aty JAt 7|l 9 F A R
T ol &t A ERIHAY & HeE AR AF A
HukE o] &st= AVO G4t th2n, Auty ditolzte
5o BAeg B8 gl

3 222 FHokIA sk el e A=A 7]
MEe Baxos dRAeln B 4 gou} 4aNee $)
Ago] dHRERS 229 AGSAL A7 Tre] WS A
A i SRR S ofade) g4 BAE A
Moz Agsix] o] uhge] Aukd ohia TR
S glck. ol JulolA] gitre] Bae Huky elite] Azt
AGE W Lailly (1983)%} Tarantola (1984)9] =8-& A&
b} Tarantola (1984)9] =Eo] LS YAl AFE A%
gHAIeL AIFRZIQ1 o] & A™ o] mEste] dAer AetH
O| QAT AA7HA] L= o] ANGE I Qe Aty H4 7]
S |3 E Tarantola (1984)2] ofo]t]oiof 7|uks}al QIct. o]
T B2 AFA =0l el Auty Ak Vs FES SR =2
So| HxEYY Y7 AR E HE3 At HuES
th(Mora, 1987; Pica et al., 1990; Crase et al., 1990; Bunks et
al., 1995; Pratt et al., 1998). 20008t S04 ¢ &2 dA3A}
Eo| Aug H4t 71zol sl A+st7] AR L(Sirgue and
Pratt, 2004; Operto et al., 2006; Plessix, 2009; Vigh and Starr,
2008; Warner et al., 2007; Herrmann et al., 2009), <ujofA]
= Q% ek FHo® AFAA A7} olsoizrShin
and Min, 2006; Shin ef al., 2007; Shin and Cha, 2008, 2009).
2007, 2008def| 2tEEks G99 Hutg Gito] =y Azle
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|

el
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ols WREHA ALY FAiF 7|« HAY F7 4
(local minima) EA|(E= F7] & (cycle skipping) EA)E
si2stel= A7 ThFstA Al=E UL, 2010 o] o]=2
Z-3-4] 1} A Xk(adaptive waveform inversion, AWI) (Warner
and Guasch, 2014, 2016), I-5% A+= < AKwavefield
reconstruction inversion, WRI) (van Leeuwen and Herrmann,
2013, 2015), ZZ+A <XHenvelope inversion) (Wu et al.,
2014), & A9 35 oAKextended-source waveform
inversion) (Huang and Symes, 2015; Huang et al., 2016,
2017), 2% 4% # 2] (optimal transport distance) (Engquist er
al., 2016; Métivier et al., 2016, Yang et al., 2016, 2018) &
F7] 3 ZAE €31 5 e dgE Sol AEEHU
o|ZA o|2F S T Aty AR Ao gFst
A HAL AA 2 AR 79SS A9 G4t 7]
S5 FHESL JAY e AR|AE Algsia itk

Auty Fib 71s9] 4AA dEole Etskar o ds] At
o W& Hlgo] 1 F7] ¥ @ 22 71sA Aol A

= HollA A&AY ol g ds el gt Zad
o] ZkESkL Qltt. ole] gt EuhE | f¥skaL Yle |
g9 7lES Aog Ao AgstEe A B2 FES
T3 Qlok gHede HHlely 7uke s g FEl deole
s A= 22 A5AEE 7ol o|HE HE W
A2 o2 o7 BWHA LAl A& (universal approximation
theorem) ©]-2(Cybenko, 1989; Hornik ef al., 1989)] <7+
T2 3=t o] ol A3 4 UMY AL X Tlol
£ A9 thefA| (manifold)el] FFaliA Astr] wzolch
(He and Wang, 2021; Lei et al., 2020). Aot AL do|g
27E 2d mjfsE F35t= 9 A F(inverse
mapping function)& HZ3h IYS B FHH o= sk
Aolmz ezt 22 dloje] 7t s} BdKos 2
oh @ 4= itk ok, Hak otto] BaTE Aoy
= nd mj7|HE 3= 7Y GAk(indirect inversion)QE] H]
Sl (Virieu et al., 2016), Held& ol8a Hujg AHE o]
HE o dFoR Wa 4o 2ol mY usTH
E= 23 FAKdirect inversion)H o]t}
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gk lolE 7|¥te] ged ZIellA Hoju Huky 4k 71
o AEA T2 BT AR AE Fadehe 225
71He SRRt WA]o] AltEHA HeEd 7|RkY] £= QA
718 ety Fatolghar st Az BolR|aL §lt. o]
gt HHE dlolE 7Rk 71T} H-52Q1 &2 (physics) 7]
ghel 71Wg AR AololA B2 7w AW (physics-
guided neural network, PGNN). &2] AR Al (physics-
informed neural network, PINN) 5o 2 Edt}. o] 7| HELS
o EE vl AeRs Hota et 2REAR] HEH Hut
3 b 7|5l s dole] Jl Wel BEEE AaT 4
Sl o 282 wm girh. AEA Ay ot 7)Y
2 5 gt BA,L 7] 231 EA, AFae 25 24 2
7 4% Bd 9F2A 5 @ BAZ gid s e )
uE ATk QAL o]dl BAIEE Sjas) 2 4 qirk(Yang and
Ma, 2019), T3k, <53t slole] 7]t Waldo] tfeke] ey
< dlolel7t Bagh v uis), 22 71 Fely 7He dol
b e Wavt 913 ehso] Wa gick. of® AFAE 27]
S wdo] Wa girkn AL shAl AR A4
NgAE 275 Ao] 2% 27] 4% mdS Agels
Aol B, T3} 27) 4= B ofEAlo] Wi FR Xz
3 BAIS e & glon, HeolE 2 Ao BuEHT
1th(Ren et al., 2020; Sun et al., 2020).

o] =M Hald 7IWte] Auly it Z|Rie] digt &
T AHIE #2435t e Uy 558 wofetal heg g
A kel disll Agstaat gt ol 3 £ 2E 5
EAof Q1-F A1 7] (artificial neural network, ANN)S %
|3t A AT ARlol| il EAskaL, Hupy 4k 7iso] d
S 283 A5 A &Aoo et 2 dAR FEske
Arggieh. E3L, ZF g 7R LA WS olslisty] fIgt

oE A HWsh 532 v, BAg

5

Ay GARS AAolA HS3 BT A5 £A] Ak
o T SAu AR RolE Fidlehe £ BPS
= A3 ZAlolh @ ARe} B AR Aol S
st e ko w HE 9 Zolg SA45he F(norm)
o2 RojH. dutr oz wol AREShe Lh-ieES A8t
T+ A9 ApolE Aot 52 T(Eays thadt 2ol &
Agc}.

1
£, = Ru-df 0

4714 ofdl HA: d & Aze] Tt oXE onjsta Y o)
A Aol 2RE] Akt 24 (5,0 R3] Slsh

of FAISHELE. 4] (DelA B RS 417] fIx]oA ] uhg
22 1317] 98t = (projection) FAERlo| 1 HE] de HE
AR, ue I P4 2dS Sl A" g ARE Y
Ehdich. A EZoju £A4 s Aol wet e AlS
Zolsl= Wio] b 4= gl wioF Sk o whed
& Axtstaz}t ok sEgAS ohgat do| 29

Ut
S(m)u =f 2
714 S+ TEHEAS Yehfle HelE AikRtola f+=
FAY W, m 2 29 uj7Hs dejolot. A (1)) Akt ot
& ues A (29 229 A9E 9 €= = Aok
Autg Ak A ) AFzAe 2 st 4] (1) 5&%

5 Faspshe HH3 £AZ FAY 4 ek Bfol wet
S HYass FAl AW Hs £GH (variable
projection method) (Pratt er al., 1998; Pratt, 1999; Rickett,
2013) 5= o83t &= Wizt $AY 2 nz g
A= Bk 4] (19 79RO 9 Ak oAk AEEQl
2 Gik(Virieux et al., 2016)0]HA HAE 228t £Ao|=2
2 3 "o & AL 4 Qlok BARE HdE Aste
TAHH o2 Zoldh= FH R (Newton method)o|u oHg7-S
Bldy AANSE 12} 2A8H= 7H2A € ¥ (Gauss-Newton
method), £T42] A} WERTRS: o] 851 AP (gradient
method) 502 A3} 4= QUth(Pratt ef al., 1998). YHIE o
2 At ae4dS st FAMHS 7 wol ARgsh=tl, &
T s HEE thaat o) vHE Akt Skt
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Initial model m,,

I

PDE (wave eq.)
Su=f

i

Modeled data Observed data Inverted model
u'=Ru d m;,
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Fig. 1. Workflow of full waveform inversion based on gradient
method.
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I v, E, & A (0] 52 Pl SR At 51
(gradient descent direction)o]3l a+= 7+ Zo]|(step length),
OFEA} k= oA WRE A et 4] (3)9] whe o
A IS SRS TP Sl A S B
sHAY 7 dolg AARshe WHol met o) AR s
(steepest descent method), W]AE ZAdF ZAFH(nonlinear
conjugate gradient method), I-BFGSH (limited-memory Broyden-
Fletcher-Goldfarb-Shanno method) S 02 FdE 4 th
Fig. 12 AR 7]9He] Huty QA &Y 355 HolF—=
ZTo|tt,

Had

dejd2 o7 vAdy HEr|Y 232 9l =2 Y
ZAA] 3 (abstract representation)S BAE 4~ = 7|4 gt
& gaglEoZ AHoE 4~ Qlth(Bengio ef al., 2013). H]AE
HEghe AL 3 A wd(neuron)yE 2Jw|skaL, o]
59 22 A ANY wHOE F(layer)E TAISHAY A
Mol 5= Aot ZAE HEAE WE= Zolgn & = 3l
th £ $FY 4 Z¥olghs AL duke= 7AL
5 gl A7k Abare] Z[Hket B@-E ojujgicta g 5= 9l
=, dFA s Fask=t Zagt 71232 7ol A
7k 4= Qitk. A& B, ARIE Bal ofH AHERQIA] st
AU 24 32 " Yu|RlA] o &= e 59 FHE
il

HEd9 27hE o|F = HdEls HH A AEE gEA
Qlom, o= & 0 2 $k4= ZAK(function approximation)&
oJu|gtt}. Cybenko (1989)2} Hornik (1991), Homik et al.
(1989), Leshno er al. (1993) 5o w=d 3 7jo] euz
(hidden layer)o.2 A% HFZH ¢ (feedforward) U EH I
o2 o9 o B =T E Yo HYgEE AR
T ke Aol FHH Utk 28 243 < (activation
function)7} 2 &gt 27-& THEsjof sla Fo|% 27| w2t
TAR = Sle T 17 2 o JAE, 7128 es
ded2 g5 ol E & A% & e 5 Ak
Zdolgtar & 4= Stk ot B33 HAE E AR
AelAE T AY 29SS AR A9 2 71 wRlol 2
88A] A3 & ¢ glaL, g S AXE Alzte] gol 3
A wi¢- BlagAo|tt. gebi AL a2 s E F
o 74 5 F7HFI7] Heh 24939 AeE VK7

neural network, DNN) 3222 2314 H o]gol7|= 3}tt.

FeHog B gede HAY FeE A 8 Ul
ELF opF|HAHE DedtA]7|a $H HOE #ol7] Sldf =
Z+A A3 (piecewise linear) 252 FAJSITH 0|23t Thxdt

Z= 12d 71% g<(Borel-measurable function)5= A4 H
3= TS 2744 AF okl (piecewise linear polynomial)
=°] AB(spam) = SUthe =8H] Aol LA th(He and
Wang, 2021). sj4eta]os ¢jejo] Bd 715 g+ g(x)= o
= o] 274 AF o4l ol ke =R ZA
= 4= Qltk(He and Wang, 2021).

g(x)~ Zemn(x) )

A7NA ¢, & 222 AP TP 4, 9 Adolct. deid B
o2 By Qoo Ba 7 BT AT 4 9k
4 W47 A4 PR theat go] wRHL,

G(x;w) =G, [wL,Gb1 (WG, (wl))](x) Q)

714 Gx, w)= AFE Sl sgse Fr=2 e x)
3 7HERI(w)e] AAtom FAET olEAE A &
FHolE Rt dutd o g AT A2 4 24930l 24
g HEshed A (rIA & Y Sl B (aE
ol-g3t] F&sH vt Et

G, (x,w,)=0, (ka +bk) (6)

714 w g Fdh= A2 ot ¥Haffine transformation)yS:
olu)ala, b BIF(bias)e 7HE|ZIch A d4L HE
ReLU (rectified linear unitys AREshk=d] &2 ul=} thefst
WP A8 HA% B4 S Adsiop gt

clg{Ll 7|8k

=] o [

b

£ ot

A BAF 2ofoll dF A ol2o] A8E7] Al A
2w LA AT 2 EYFFT ARE o83 ARTS
E4 dEolu Bt 4 ARE o]8T P ' Fol
82 2§ diidoldeh. I8y 22 HEd 7ed dHesE =
£ EofollA HEd 7|0l dRtstEHA Bgu £ 2
Tl YL He A7k whaA) lea slek. 4
7ot A2 WL 71E9] &% EA(velocity analysis) 17
< dedoz diAsks Aolth AE EH, Ma et al. (2018)
2 A A7 (convolutional neural network, CNN)S ©]-&
3lo] 422 X]7E*}H(normal moveout, NMO) EAo] o|FojA F
E37Pd(common midpoint, CMP) X-2-(gather) A=A <
T A5 A5} 8|8 WAl o2 Park and Sacchi
(2020)= CNN o]-gsto] AER-A sfdofA RMS (root
mean square) SE=E 2| (picking)5FA T Fabien-Ouellet and
Sarkar (2020)= CNN#} ¢33+ 4173 (recurrent neural network,
RNN)YE o] 838le] CMP B&oBHE RMS &£E9F 77t
(interval) £E=5 FAlo| 5= ZdS At Wang
et al. (2021)& 4= U-Net 2@ (Ronneberger et al., 2015)
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S AMESH AlE-AA RMS =28 F4319=t, T4 Ak} =5t A (adjoint state method)i} FUsITh= AS B
£ o] &8sl AR g & FARE o|83ste] mA =3 ot HoA F844S Z=th

She 412 Akt

Araya-Polo et al. (2018} Hg|'d& o] &3t Ex gyl 7]
He BEHEY, AARE ABAA 7N B4 (eaure)S
A7) A AR (prestack data)ZF-E] F&35}31 ©]E DNNQJ
YRR ol FANYIL P AAsHach. Bt 4
AR2HE £ RS Akt FA| BRI 7ol g
o 2% 7HE ARlE B4 gov], F4 ERadng
At 2F FA BHE HEY 7le= AT AREZE g8kt
(Wang et al., 2019). o|27 g}t &&= FAE Fopoll A g
3 71e0] =Y Z7|de &% JAs Bxshe AAE 7]
S2A EEE AHZE ET o] Al7lole Mukg F4t 7]
2ol Gelde A4 A8sluTh Auky oike 4BHo
2 F3st7] 9%t AAe Aol "ede A&ste Az
okl Ovcharenko ef al. (2019)2 H4to] 7] =3 EAIE
sidst7] Yot T ABYS ol&dl AFukr 2 ol
2sigon, oS8 AFuhs YRS Bl Hukd it 2
5 JRAAFHT 59 RS FFE st ekt AE0]
A& o7 AotE 3l =4, Sun and Demanet (2020)2 4]
AL olgsto] Tt AR AR HRE SIS
Avg QA 27t A 4 S Bk oA A=
o] 4| 4= mFol} WX 2 o] TahE ATE 43
SlEH, Fang ef al. 2020y &8 A&7 o| AMEE R &2 &
A A2E ol g3t W=D Yuist A% ASHT
2A| Y (multi-scale) Aty ikt 2AF AEAIZE JHREA
B A (least-squares reverse-time migration)?] Z1}7} 7§41
HoFdo

R o

T

FAY 22 A= AA
o|M5E ddS o83t
ATE Fo AL A
Roth and Tarantola (1994)= L0 2 AL o]&slo] &
ok Aene 140 45 2UL SASK siol] AL
A e A 13 &= mdolgiAe el 7)Hol
W oliio] B4 4 9 F1sHE ALoR BelFy
+ AollA 9Ju]7} )t} Richardson (2018a)2 BIAEZZL &
olmefelg olgele] RNNOR Tpga s RUe Sael
o ATy eabe FEsie. o AT Wehd slvel s
3 Qibolepr|Eo My diks el SolEHEE ol&-
sto] LR Aol AUA] FAITE, wileg go|Ba Y] g
E ZFH|E(reverse-mode automatic differentiation)© 2 41
(loss function)®] T AEE Ahtsl= Zo] Autg F

Moseley ef al. (2018)2 202 A% A BFoz HAH
WaveNet (Oord ef al., 2016y -2 wWE el g
49 71 TSI o5 1A &&= 2Y Qibof| A-gs)
Gt o] =ollA= ARKRE HiHo] HMuly Qitol HA A&
2 o ok st 12 SERY QA GAIE 2ol
O vAHAlS BEE GAbstar Zlo]-AIRE WHE BES AR
87] wiZoll 278%t Mupy GAte g H7)= otk 13Ut
ol o W o|F WxHE AT =EolA A= 4
3 AEY BdS ARSSE Auty ik B fARE Hol W
7] ol 439 FAgS & = Q= AF= E 5 3
t}. Lewis and Vigh (2017)2 Aulg Fibto] g&d 713 &
&t g = 2l G4 F5S 7NAsHITH(Yang and
Ma, 2019). o] &d3Lo|A+= AlexNet (Krizhevsky er al., 2017)
2 NPT BYS AHeTle] FAES B P mAe 7
SIS, B ko] gsiol i 2ol e %8
AEE A3tk o]3A DL E BE AEE M prior)
2R APl A oake] Bxgee] Agelel Aitst
(regularization) 7| o2 ARESFGTH o] A GA] HHy 7]
gol AHHel Waky b FET A ohAe 75
oz Bt Aokl oate) Ak AT 4 ks
542 o2 R ouizk 9lek o] e Richardson
(2018b)T} Mosser et al. (202002 ZdF A AAFAY
(generative adversarial network, GAN)Z ©]-83]4 XAz
gt A8 mdS =5 WS A9, Vantassel et
al. (2022)2 ESF-7]5k FEjo] HFE A Fof izt 7] &
Erel F30] CNNG AR}

Zz} -
2=

&4 Blo[E| 7|ut HILY A

[ o T

Wit 7 4% BES ol gle]
25 SRR THst] TAT 43
oltk. olg B4 A% Al

[*]

opoletn 3 4 Qe FATY %ol
G asiehe wo] gloit Aee noli 71 Hoka el
vl G wWE=A S= 2d o So] 7hssirh= Aol Utk
ol2fgt WHA9] A= ANE AT ABTY TRl wet &
== 4= Qlth(Jo and Ha, 2021). GeoDNN-2 Araya-Polo ef al.
(2018)c]] o3} ARt =t AEHL fd=RE 224 &=
By A&t 7HolnE HMuly dito s ERse o
Ht}. Wang and Ma (2019)= VMB-Neto|&t 228 73514
=t & A4 S(fully connected layer)#t € & 4173
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(fully convolutional network, FCN)2 A%t W20 2 o}7|
47 A= AL, S (crosswell) AF= 30 o] A
o9 oabe TESIAT Solet WL A oful A (A AR
AHE = 22 sl shiol Agaisihe Aol
waby woje o] SR 7 4 AT, o2 54
AUt} A8 FFAAIHTE. Wu er al. (2018) InversionNet©]
2= o]F9 CNN7HF Heyd ZdS A|¢kshsl=tl, U-Net
(Ronneberger et al., 2015)3 -2 2 IFH-tJIH L2 A
Hof 93 PAHOE AT Bgke FET mdolen
A3}tk 0] InversionNet2Th 7JA= SeisInvNeto] Li et
al. 2020e] <o} ARSI, o] YEHE FHo 4
U 24 UL ekt PAOR AL Bl Beky
3= 25t tH(Jo and Ha, 2021). E3F, &8 A7 (RNN)
< 7Rk SAY T Al EES S 2ES
Adst=s AFE% e ARMEATkBiswas ef al., 2018;
Adler et al, 2019; Fabien-Ouellet and Sarkar, 2020).
VelocityGAN-S 234719} 7|2 JLAE GANE 7|gte g
M= &= o Y EQIE Zhang and Lin (2020)0] 2J3) A
Q=] it

<= dlofE 7|5ke] Hulyg dibola ERiRtEE 9 o
e HE Bm ) 4 29} T YA RUBL
3 Alte B9 A=(@r'=Ru)z FAHE=H, m= 4 2
79 ghl(label)o] HIL u'es YY AR Hrf. &= 2ES
Sl A% AFTS e 2o U AEel S By
PAS bl o9 affine mapping)He Y42 T 5 sk
(N
= ABYE s SRV 7ReAlolaL, G
kE: AFHG)Y 282 d&5H = 13
Bt} A4 BER SR S= BYo] m,ol] wEo]
AYE SN e &4 S o ol A

m' =G (u’;w)

o o> flo o>
1o oW
> do

i oy

®)

2] (8)9] £AIE = HHA|E 2 X (mean square error, MSE)
£ 83 Aol B wet oy 717 FH Y EAFTE
At AR 5= Q). S5 YslAl= ot 2ol 4] (8)
= A3 = = 7HEAIE Zotof gt

w' =argmin £, (w)

(€

A (9)°] HAH3 EAS 7] Y& AT} 7] (back-
propagation algorithm) (Rumelhart et al., 1986y ARESl] &
Ao JHAYAES ARSIl that o] AL s
2 7FAE dHlolERT

Pure data-driven FWI
(w is updated and m is predicted )

. Training stage
True velocity SRt

m)‘

PDE (wave eq.)
Su=f

I

Loss function

Modeled data ‘ E,
u'=Ru )
l Backpropagation(V E,)
DNN |_,| Predicted model
G(u';w) [« m’
v
DNN Observed data

Gd;w") [ d
I

Predicted model
m

Inference stage

Fig. 2. Workflow of pure data-driven full waveform inversion.

(10)

o714 a = S5E(learning rate)2 4] (3)9] 7+ Zojo}
AFog FYF 715S 31, V E, £ THHAES ou)d
ot dEdolxl= wf BhE DAE ol 2= (epoch)2}al dH, 1]
YR A3 (mini-batch gradient descent method)& A}
SoE A 7 o TAL BE XS HLHES HEs
= S 23Rt S8 ol=3 Bt S BHESte] 4
OF W= AEAE WA =Y 42 AP ol e
At sho] faE YEQDC] HS A2E Yk ol
A} o] HEHoz 5 RS =Tt & oo

Wi =W, ta [—VwEm ]w:wk

|

m:G(d;w*)

<= dlofg 7|Wt Autyg Hito] 2T FasIAL Q=
71Ee &%0| Wolso] Muty diks Es) d
He 2= W, "l gho|BE Y] HoAuS o8k
g GAF 1218 AH = ZHolE 4= 9Jth. Richardson (2018a)
989 7I¥ 5 RNN 7127} AIH9 9 absgdals 3
EHOE A7F A@ste] Eolshs T ARl ARtst
vty Gibs Heder sk S Akttt o

& 2% o @2 ok ol
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e A Aoy i) U duHEE |
olBH2|(elE =1 TensorFlow)2 & Zof AA] 4%
T g St ke AHE B o8 e
HollA i 2 A S Adokar & o ot 7|23 o= &
Aghe] JAHAE e A q AsnEs o8 &
L, GPUE AREst ARt e 7H5A1E 4= 9ler |3
g wofollA AN EE TRt o|EES AUty A4tel AA
&3 = + e B 2A5A "o

Fig. 32 RNNT-ZE 08319 shggas AR | f1%t
AEY 725 HojET. RNN H|=2] Ao o) Azt ©A|<]
TE (u,_ 2 AR A EAY IH5R (), 1AL SAITE
(e dge v, o AR 9AY o538 (v, )0 A
7] AR T (u,,, i 2= WEAT A AZE S
o] s thE AIRE 9A19] vhee v Ao e
SYE] tha AR 2ARIA oY gre= ARg-Erh. RNN A
A 7T 7Rl S=U, o] I 52 (freeze)A]7]
W AR = BN whedS Bske 2Ey AEEe
2 2t £ g T AR At B
B SR ARgSHE Avy 9AE 7EE 4 ok
Fig. 4= RNNZ 0|83 Aupg Hake] darels 28 Ko

=
Y.

RNNZ: o]-83F Huls 4to] H-F2Q1 1t A 7|49
Autyg Aihrt JesiA S7Fbe AM2 Sun er al. (2020)°]]
A o HEsHA A=t Sun ef al. (2020%2 RNN 325
o] g3to] uhEyAl Helgs Tt Muly ik ARG
stlet, AT aeitia & H9oll= RNNS sh5A|Z
a7t gl F=olth. &, RNNS 913 " olEzjgE
o] g-3to] AgtsA w549 FAE EolvlE AT
Aoltt. Moty QAbE +3s17] 84 RNN G20 Z3HE
= A% 29 &5 e £ 7w AARska,
W gAY 2dy a5 s BEATeR st o]
A4S 2237|=5 RNNY| &= oi7jisE EHA]
Aot o|FA &g Auty Fihk2 HF2Q1 Wt x|
2 57 7|W Aug JAto|t}. Ren et al. (2020)= HuE F
AbE 3sh7] 9I3t =2 7|9 ABHH(SWINety= AI%tst =
o], Sun et al. (2020)°] AI¢FEE BT} 7| 2H o w2 FUS A
| Eg Aol

ol & 7|¥t Muty FARe HFHQ HAuE FAik
22707 Fdsith= E40] 7] Wil WA Hupg
AAo] Zte AT IR AU Qrh(Sun ef al, 2021). Z,
Aupy Gike] 7P 2 ZAAER 35 24t ZAE Holut
A Z3p7| wigel =5 Hagho 2 SR s 51| 9
3 AEst 27] = wdo] I g3lti(Song and Alkhalifah,
2022). 27| &&= 2do] Bkt Aol w5 ubsrdol A
Fut 2ol TEMoF At &= Hdw T 5 ok E
gk o] Wi Auty QA I AA7F AR skt

-®

Fig. 3. Single-cell architecture of the waveform RNN (reproduced
after Sun ez al. (2020)).

FWI using physics-based RNN
(m is updated )

Ioitial oodel Training stage

m,

Physics-based RNN
ut+AI = NN(ur 2 ut—Ar B ft > II])

A

Predicted data Observed data
u' =Ru d
A | ‘

Backpropagation( V,,E,)

Loss function

E,

Fig. 4. Workflow of physics-based FWI using RNN.
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2 U-Netd} H]=%E 15H-t]3y 29 CNN7|§F Heig
mdolct CNN7|HEe] HEQ T el dubzQl ¢hd A2
A7 718F YIEYI A0 |3l XAk T w77} H o]
Aito] ag&Aolgtar LA Qltt Eg Y& A8 BF o
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08 5k &% RS £YOF dl= & Hloly 7|¥ At
B A o] wie st 2y Y A=et 9 AR
9] g (domain)e] th27] wiZo] ARkl A A2 Al
AREEE U-Net A|E9] RElHTh= o AU S5 Hefo] I
Q35t). £33 2 EQ1FH (autoencoder) FE| O] REl-S ALESH
ey A ST AL He TRl Be 4E ndass
ARAQ 25 HESH] offgtha A JLB=(Li e
al, 2020), ol 5P g FA7+ Lask

Yang and Ma (2019)= 7} 7]E2¢] ¢lFg-tj2y L%
£ AR gEY 7 = F4kS AIERITHFig. 5). ol
25 AU FZo] Y AR, AFug JHo] BE3g
Azo sl oS 2o HoeE EAe=A Hed 7]ut
S k] P BEAA, oS ZaRs BAR) Bt
A% oiret TRl R} Bk alde A
2 o]&ojU=g 2Ft Wu and Lin (2019)2 InversionNet
olehz olBel CNNZJ3t Held ag Astelgis, e

A7sh o2 Qlze oy Pae sl g o
o ehn) ast 3¢ &% wue] Yot a7} oE Y
sk AR F2F9 A(conditional random field, CRF) 7]
¥ 4859t CRR: 4% wels) ) 29| shi of
Lol 1S TIe] d|STHe Bdolt). o] olgslo] &
o 4% weoly FUHOR AR e 914 o) Aste
o wagslo] A% Aol B 2o u2 o Yot
5HA o|&35F3tt. InversionNet2th 7]A1% SeisinvNet (Li et
al., 202052 CNN} ¢Hd A2 YIEYIE FZ3slslo] 52
NAAZt. 71 2} 2] SeisinvNet2 B/dw} A&7} 5
SH A AEe &= mdlo] Uil Abo]o] It BAE
Zzsl7] R YEHR 25 AAISH T4 Egojx 4
Hol A7 HE FZ(acquisition geometry), £ 23 9 ]
A e TY FERE dHld JAZHE 3l dY ot ¥
Moz FEE B4 AAskL £ 2do] &84 = o
8 Y EYIE A3 Liu ef al. (2021)2 SeisInvNet
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401301420 §
8
g

2
\_J64 64 64128128

o
]
=]
v
4
o
1

28 256 256 256 512 512 512 1024

S
=]
0
c5)
S|
=]

§4201+301+1

ST+00C

L | %8
1024 512 512 256 128 128 128 64

= 2+2 max pooling| =) 2+2 deconv ™ 343 conv,BN,Relu | [(\ 1+1 conv ] [ T ¥ skip connaction + concatanation ]

Fig. 5. Architecture of the encoder-decoder network used for seismic velocity inversion (Yang and Ma, 2019).
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Fig. 6. Architecture of the modified SeisInvNet (Liu et al., 2021).



Helg 719 gAdat
2 712 YEYaz ASSRA GEFOIt BES TESE
F o BAHoIT B3k mAL the] fla) 23 =S
£ Aol th(Fig. 6). SeisinvNeto] 3-8 $A1H 22 A=
o] gatd) ¥} Liu ef af. 2021} BE =AY RS A3

& o] olgsto] EHL et

AT THON7HEABHE O 83 FIHY

urh H4H9 Ged Ju AnkE o 7Ee
Hobg St &4 dlole] u Hny e Egd vy
ofeki 2 4 ik AEAR Ay ke 4] (13} Zol B
23 ST ARe AT ST ARe] Fo|2 s
EARE ALSRIES S5 mES AP o] &5
dlolel 714 Muha Sake £ATTE 4] (8 2ol S =
o) Aol 2SI Bz FARER AFYe 7HEA7H
S5 wele] Aojg Hashy|=S st o £/ A2

& Eaek W ABHel Aoty dile] BAgeg A
AR AW F1EAE TANTIE Aolt. ofefw
e B8 AolA dEssiE ONN g Hokg ot
(Wu and McMechan, 2019), §2]d-2 ©]-&3t AjujrfH4ske
Aats GAk(reparameterized FWI) (He and Wang, 2021; Zhu
et al., 2022), B8] 7|4t AW Au}dy FAKSun ef al, 2021)
So2 w9k of =Rt Held AuEssie
Ak oo YRR st

A st Ao ke Rkt ohew ol &
2 % 3.

~

1
E, =~ |Ru(m) ~d|;

) (12)
=5||Ru(G(d; w))—d"z

Al (12)9] BAr= A (D 22 J32Q Avyg g4t

9] &g &4 glo|g 7%k ;ﬂ-ﬂr ‘34_0 S A7

2ael 4] (1)E HIsiel Belat Aol B2 <4t 27] o
74101]*11: AF AAT mdo] 7R (wyh H&gkw)el ok

2 Qs welel 4 (1)9] A3 BUTkE Fol7t 9)
‘3} 4] (12)9] 5235 2&3HA717] H3f vl a4 |
Z(chain ruleys F3f b33 2ol ARG 7EX] digt HA
kS AAFeE 4= lth(He and Wang, 2021).

V,E, (an V,.E.
ow

o714 ¥ AHA 7ESA (wyell St =393
(G, 28 o2 &5 2d m)o] xEH|Qt PR JAut ¢31

Zol| o5 414 ARFE S ek 99 T e AFH
Ay ik v wdo] 3 AA wigko 2 S=8) A

(13)

SFe. AlAuk

’1: 1__00
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of ola] EgH R AL 4 lrk(Plessix, 2006). 4] (13)2]
A} M Al0] £rFeF W ElE] (forward modeling)

AEZ O]

o 1w

. ARkl W e ik
ity 54 A2 Bolticid &
3 FaId S o A
FE AAKE T o]2
01_7;_1;}. ]-01= Sulek muEe
s ek A4 3k

F

=

==
Al
L
o

(14)

Ao A ArSHE Muty H4ke) AARE dare|E 2+ Fig
714 BoiFa ict.
A HpstE Auky Fike HFAQ Ay GAik of
A2 egut Aze] oxfe Hasksis 7k Gate] 72
E 7HAEE 28 g9 (model space)o] &= HHOA] L= B
4S5 d&ste AT A= AuisiHasst "ok 2o
7} glek. = jedo] SYEIChs ZHAA AWI (Wamer and
Guasch, 2014, 2016)4} &4 A1 34 SXAKHuang and
Symes, 2015; Huang ef al., 2016, 2017)3} |SASICHL & 4=
£ glont S md gelo] 4= B gAn 2E o
Ak 27} o 4= BUE FASHE 714 ofRke Bt
= AollA zpol7h k. A7 HstE Huky GAke] o]t
%’-Zh E8% 293 34 FH(sparse representation)s}o] =

5 2agk wAE BRItk Aol qdoh =3, AR FE
£ A¥ <5 (pretraining) FEH=Z TSt F3} 7IHS o
gx02 ZAY & 9lov], GPUS |83 7io] Bt

W, =W, +a[-V E |

W=W,

Reparameterized FWI using DNN
(w is updated and m is predicted )

Trainine stace
Observed data Iraining stage

d
l Loss function
DNN "
=
GFdJ ) Adjoint state|method
Predicted model Modeled data
m’ u'=Ru
Backpropagation T T
(v.E) Gradient direction PDE (wave eq.)
V.E, Su=f
77777777777777 J DNN Observed data
G(d;w) d

Predicted model
m

Inference stage

Fig. 7. Workflow of a DNN-based reparameterized FWIL.
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L Hx uje = o] Hrk(He and Wang, 2021).

A sk dnky Qe vny H2d] ko u
EE7] AR ofx WEE =Re] 27F BAE otk W
and McMechan (2019} CNN2- o|-&3to] Auf7dss= A
o ke TR 27] S5 mdo] B4 5]
Sfal A% st M AT A Ueg ez
sl YU Wby S5 mdo] FYHES FUNTCRH
S wdo] 227 Wsle] B SAL BEolE Y=Y
28 WSS o WHoR 2] 4% 2o S48 §4)
SR AHTkE Ak WS TN 4 ARE, ol 27)
SE B AW HuE s 47sh 57 gdes 7
gt AoR & 4= 9Jrh. He and Wang (2021)& A7 H4
3t Aupsg Jikes dutslsto] PP o™ TV (total variation)
Atst Aduls JAk(Peters and Herrmann, 2017; Esser et al.,
2018yt Hlwste] L3t oS BT ot &R &2
A3-S 4%} [ (Hustedt ef al., 2004)2 AME51e] CA
o]2 F&3F L MPI (message passing interface) 2ho]E 2]
¢} HSS-structured multifrontal solver (Ghysels et al., 2016;
Rouet et al., 2016y AMg-3to] Fo51417] wiizol ALt &
SHo|A SAE Fejzta 2= ofHh

Zhu et al. (2022)2 £= 7Y o2y} £HkeF ndss
T+ dEd golBygz pdste] Huy gQAks g A
W ALLS AR 7oz AL ol A5 ok
Al A3 Shgol B8 §lal EF o (dropout) S ©]-&5}o]
EIHIA EXo| 715 2 o{F3it}. Dhara and Sen (2022)
L &4 7]4k 4% 9 BT (physics-guided deep autoencoder)
£ ARESt] Hutg JakE A, ZEAQ1 dS A
7 atE Auky Hitat Fdsiar Auky Jibke) x27] 2
22 FE37] 91t == o] WHE AAEGT o] Ft W
2o g 78k Mupy A4k gt SsAlEE 2as
sk2] ¢b7] wiZol "ol ZIvt AIRew Hr| 5L, I
2oz siMstd "l SolBHE AMESt] £ 2ES
3 A o opfassie Ak oie] Wa dolan
2 % 9tk Sun ef al. Q021)PIARE Aol seke ot
b 2] 7| AR Aok aoleka Baae,
¥ ma Bro] B2 sl RNNSE 78 A A2t
A7 Ao Hdupy QA FUT daEEe s FEE
ok o A5 AolFe] v &4 s =Y exjet
tlolg @219 7hsEato s sl HAEAQ £ 7HE A
oy it e Hloly 7|Hh Muty Jiks Aest =Y
(hybrid PGNN)= A|2bFstith= Aot

I 2= H

22| i 7|4t NFYS Ol§3 HIHY it

Asky Sare A7 2R AT ARs AFER B
Sut QRS GARH BEE S5 mde 2K 23} b

Yolng ylRHoR Bine RUYshs 7ol ty 8
shch. AEAoR maY Me ekl fetasy
3} 2L $AES olgslo] TEe] AMEAE Tlgele B
BlE WA Bolohs Walel 75 olesich. wAled 7)Y
o] wrdsEA] Bl 2 7 dhAstee A7t Eot
A3 AdagA Ao ek ZHE siled g olgslel 7
HET ik Hohs 2o A4S BEA BYEY 44
AHos @AY 2T MAEYS o SHHME Be S
Am7F gt B djashy] g tigke 2 PINN 7o)
=% QIch(Raissi et al., 2019, Karniadakis et al., 2021).
PINNZ ubAQl glofe] 7|¥t ®do] shiAta«< & Ast
A Q=g Zkze] tisf ETFeE A fle AHE 4
Sl S SidstaAt ARME . &, wAlEY ZdofA|
71229 £ ¥R =rdl AL SREAIA At o] 24
AfzAe Fasts Wiolztal & 4= gltk(Karniadakis e
al., 2021). PINN 7|§jol| A ghgdutel 22 Eed S =
Alshs S &= By} abggo] o g o]fof3 ShgAt
2E o8z A= ShgETt ofye}t HAlstaLA} sl uhEtl
BAE o8t HIAE 5 FAlol A8sk= Aolth A
Aoz ABYS saA1717] At Ao He R4
9] JAE F7tets WHoR AR Hupy g4t 7|jE
ol&gt 7|&e WEA $g3kar glom, o Hojlx At A
i A3kE Auty HAF 7| = PINNO A S = $1A L
PINN®] W] ZFHeha sj&e & Qiot.

PINN 7|9t Aulg AR &t A28 2Eske <
F 2A¢ £ 2ES Aotk 9EAlE @3tk F Y Al
A2 o83ttt B2 o dollA At AAF A3t
H Ay Gibo] F Y AALE ol8ste BEE ATt
(Zhu et al., 2022), BEHE FAE AATE A1 T}
Holl WolR WAL £ATSR AgoiA] gtk Aol
PINN 7]k 2155 @}k zjol7} ick. T2} PINN 7]k
g b TS U RERL Y AT A0S Sfat
AATE FAo) FANZ 45 I, BUBE T AFTE
o3 ApEdoE FANT The G gia AdYe HER
THAE = Q7] gl 7+ WRvke s Erje] 7ol
I FARAE BoE glo] Bk a8y o] =EelA "dEd
719 Aukyg G4t 7S AR o= dgshr] Hsf e
2 FE w2 Aola AAZ tE BRE 7530 2 7™
2 AFRAQ FE oA ZpolE HRlth. dlE 59, Zhu er
al. (2022)°] A|QFet Ami7is=3le HAuty QA gt 4173
B2 A SZt(latent space)®] FAHe] HE|2RE &= 2
2 AASH= A Al7 ™ (generative neural network)Qld] H]&],
Rasht-Behesht et al. (2022)0] ARg-3F PINN 7|4t Aulg SAk
71 Tt HEE JEoR ol £ mUElS ZEske ¢
A A4F 4788l

PINN 7|8te] Aulsy diko] tfgl o]2& Rasht-Behesht et
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al. (2022)0] & AT =o] Yo =2 o7]oA& Rasht-Behesht
et al. (2022)9] 0|5 7|2 WAl W& 7HEretA AH
gotarat gt PINNE A3of &2 d4& Zdgste 24
£ 7] 9 AtEA, I 2= F2 3 AR UE
e =9 s dgoz ol BAstart sk Sdgs
EEo = sh= o dF AT R T EE JfdF e
2 & o 9iEA] o] 2 E whESfopt s AL oft.
PINN 7|9t Au}g GAit 2dlofA upaibygdlE HAlSH= 4l
A £ BESE A5t AFTS o Zo] 29T
= Stk

u=G_ (x,;w,) (15)

sim

v=G_,(x;w,) (16)

714 uie 2P ABH(G,) o= AS5H g0l vi=
A AFHG, )R d&5H &5 2doltt. 7HEA|= ofH
AAE 20 299 A8F(w) Q4 A7 7R (w)E
FHSIAT. 4 (159 (16)9) A28 FANZY] 95 &4
T TEIEAS Ueie Bele wEAe] BRjet A
58 FEoRs A4 2AEE 27] 27, 12T BEAR
of =W Azo] A2 The Azt o] T,
Eppy = AEppp + AEpe + LE,

2 A2 2

= A[S(vyu—f[, + 2, [u-a[, + 2 [Ru-d],

AZIA Eppp= A1 (15)2F (16)2] A17FTolA ASH o583
seg oFF egel A4 gasemA Avd 4 9
30, ool $A1YS %7|7k W (initial value method) (Alterman
and Karal, 1968; Hicks, 2002)0.2 &3}7| wj&o] £ 3

f= 002 718 4 9Jth(Rasht-Behesht ef al. 2022). &
A e ug fFREAHEHo|Y frta o= w|g AukE
T B AH BARAY 22 293 20|, A+

(17

B ot

FWI using physics-informed neural network
(wy, w, are updated and m is predicted )

Training stage Coordinates Coordinates Inference stage

X,/ X
! I
DNNI DNN2 o | DNN2 |
G,(x,;w)) G,(x;w,) G,(x;w,)

j 1 ]

Predicted data Predicted model Predicted model

u m m
Data at receivers
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u' =Ru Loss function (PDE) |«
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Fig. 8. Workflow of a FWI using PINN.

A o] 2 ol digt 7RI oIH. &4 oE s
FY 7EAE tiiEe =wolA deAeR AR E
3 Fohe Ao= A ok 4 (17)E sk AA &
<= HEHI &9 g =914 e d¥she A B4

(I7IMe F s BEA)E TEA7)7] A 2ol F
A o 27] AR 29 AR (snap shot) E= A 27
& REA)Y] Sfat 22008, A L B AR B
ShES s17] l8) sk 2olch PINN 7luk dng ok
o QelE FRE Fig. 83} 2.

PINNZ- 0|3t Aulg FARE 2T A7t AlZE o] oFF]
B2 =Eo] dRER|= gsith ¥xE =% Sl Rasht-
Behesht et al. (2022)0|4] 7Fg AR & Wiio] &7= o
1T}, Rasht-Behesht ef al. (2022)2 X @ Zo3 A} 12
of diaf cheket $AY 274 A3t PINN 7|8t Huly
AALE BJAESIAT}. de Souza e al. (2022)= 12}y 27 =
A welo] jahH PINNG 75ke M elhg 9
Lo, maoly $49 A5E TeiE et L 5 &
=2 W2 o] Si) Al HERS FoRe wWolR WA
(Alkhalifah ef al., 2020 X23}GT}. 241 $Ht dlog] &
Ao} HolE W4 WAl o FAse P PINN
FZE 0|23ttt de Souza ef al. (2022)2 Atgt A
Foe AR S wd Qg Sush AATE Loz
FEATIE Aol 1Y FE FUAL RolET ST
Song and Alkhalifah (2022)y= de Souza ef al. (2022)2] A+
= Spgale] AuAel SE =do] tha) PINN 7] A
Qae FASHILT), PINNG o] §3 A5}y Siilo] WRIg
Prha ZYatgict. PINNG olge Hnky eidlo] Hoj
HAE Ash o2 g HERHAE S U
S ke AR THERS ARTORN WRIZH TR
FERPEALS olghrelaxation)pls HIIE FAUTGT B 4

_1

PINNS o83 Ak ojte] 7 mua Hio] o}y ¢
HokA] 7] Hize] At Aol ¥ € A= 44d
o AAE Edole BT £ 299 A9 vkl vt
Afek(multiple) 5-& HARRE A°] w9~ P Hkal 7]& =] 3l
ThH(Rasht-Behesht ef al., 2022). 2|8} Holo]| 4] PINNo| A3
=AU ol A WAl A8 d=dl, gt A
& W5o] 42 vTele oS 2 B0l ol B Ao B
A o3l e & ARG T4 vhE WA s
AFSH BHOR oIs) Ado) AAToRE BE B3] T
5t7] o). 53] aFue AES A8 F3h7] of¢-
o, Aug Gake vhE A4S Al B4R gk BlAd
4 JBAo]| tjio] HTaA TR of2igo] ke
Souza ef al., 2022). 12Ut PINNS 7|2 mdlg) 7|#a} g
TSR AS dstA TS Tt g7 wiEel HEd ol
W miEa 22 Bk 228 aEshe Aud gaks T
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gsl=g Salg Aoz AZH} Seismol. Soc. Amer., 58, 367-398. https://www.semanticscholar.
org/paper/Propagation-of-elastic-waves-in-layered-media-by-

H = Alterman-Karal/fd2895fa7c8fb6221a0e125a2a7c1b175¢7dc96

o] =welie 2 A7 BEsHA A e H23
7les B8 AE A4t 71edl disl sk DAl
g golBdee A vl -8skes YHEE &
ol 7|¥t Auty ik, ABTE ol 87 S mE | Aulj7f
sk S8 AR 7 Auy SAEA] Autg giks 74
She 2] T} 2ste] st 9Ed 7les &8st
o Aoty ik FAsks B9 GPUE o83t ALt &
= 7ML, AE v 71e S ol 8ste] et =4
e A AAE 5 Ao AT ol 8ste] = =
& AuiiHesisiAY 28 AR 7EE HAukg ik AN
She ¢ Aoy gike] 1A 2AEA F7] w1 @4
< g3 = Qo ol Aupg JAke) md F3F S v
< NELR AT ol2ollMe =5 gk A7 A9
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