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ABSTRACT

o] =l 4= RNN (Recurrent Neural Networks)-LSTM (Long Short-Term Memory) <= -85} Lorenz A| A 81-& d|S5H= AH=
P4 ABA S BYE 755}, o] mdlo] nEHHAS R fete] SE ok oot RS i S A JHs S Ade
k. F2H A7)0 Beo] 7] 2719 22 m3to] 2R 0 7 T} ATHE WEOJULE Lorenz A299] 7ko 259l £49
BRdghehs 210k, Al 20 QP Q) o) 9 F40 2 S atuA Ho] TS M sHs B4, <A R B4 5870 £
3, 127 Q= BARITE 22 skt B3, AR AR e 2o 2 ke S e 4 Qe AR N RE o
e Bt 95 A2 mde] Fusiel A2 RES I 425 71¥ 0] ATE Fol AR AFAS 59| g
445 8 = s Aoz diei.

In this paper, we built a data-driven artificial intelligence model using RNN-LSTM (Recurrent Neural Networks-Long Short-Term
Memory) to predict the Lorenz system, and examined the possibility of whether this model can replace chaotic dynamic models. We
confirmed that the data-driven model reflects the chaotic nature of the Lorenz system, where a small error in the initial conditions
produces fundamentally different results, and the system moves around two stable poles, repeating the transition process, the
characteristic of “deterministic non-periodic flow”, and simulates the bifurcation phenomenon. We also demonstrated the advantage of
adjusting integration time intervals to reduce computational resources in data-driven models. Thus, we anticipate expanding the
applicability of data-driven artificial intelligence models through future research on refining data-driven models and data assimilation
techniques for data-driven models.

Keywords: Machine learning, Artificial intelligence, RNN-LSTM, Lorenz system, Chaotic
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O] £S5 AgelolA oAlSsleH E53 Navier-Stokes B8 AE 2] 4 0 = Folof sl o} 5 flof B2 %4t 2kedo] a5t
o 7V B ol el 719l Rk 7EQ A QT HSIA|AH| 0] £ %7]' ]37— 313 = 5H k—/ET_ L =
&= ol = o] 4
O 2 Liehfjo] A=A
s E‘?"EL] Ml su R = /\] glo] 7fo] AE] 11 QItk(Kutz, 2013; Ham ef al., 2019).
A 5k F2ok= 2S FHE FThKutz, 2013). 714 8152 319
= ] -]’ca-;]-tq _2’_011] /\]/\Eﬂ_/] /\]-EHE'- 0]—1—]Z—1i ;(H:rl/\-] ]—‘— tﬂ /J_Q_Z-]
A 1’/](Erichson etal.,2019). UH7H 271 T Apg o] AT R] ok Ao olE AtE Ao R &
& ApBe] oS 4 2 Sl A, 22 Sl W W41
= ]’X]_Ti Slom, 417 H(Recurrent Neural Networks; RNN)¥} 2o
Sk ]‘f?— 3"}1301]/\1 *A 7‘4_”%—— ]C—’ﬁ-}—’? %1% & 2E Leloh= Al Hel= s 27 Hol A
Al 2gle okEsk(Yu er al., 2017), 8 =& vlef &
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Al FITK(Yu et al., 2017; Wang and Li, 2018).
- Lorenz(1963)°] o} A1 7102 o] 0] nHtA Aol o] A AgL
AL TS A 0 24, WA 71 A S A Sl xﬂaha
A8t o] Aee] el 5] Tt el ALgElofglet. Lorenz A2
KO A]Rk AJ7ko] Aol what ol & 0] Bkl o] Z7he Aol o
0] 2]= @ARS HojZt} )& Lorenz chaosgtal F-2 M, Z18Y A| 7t whet tf 7]
744 0 & LERA. Lorenz A28 =]k, 71/4deh, 4=of, Azlot 9l 73
129 A= E%‘ 3= olsfiche dl A= A8 o] £it
Lorenz A|2:510] 2314, 184 e)31 271gke] ek e 1zhA0 2 Qlste] A2 7| RS 1oati o 2e
Yol= AL 19 =14 o = HhofS o Hnt. 2| 7]AIoks o H|eFA o & wdetol whet Lorenz A28 o] BLOJof o=
of t}ket 71 A1k 7 -2 285 Akm 7|5 irdlo] A& &] 31 9tk Scher and Messori, 2019; Chattopadhyay et al., 2020a;
Chattopadhyay et al., 2020b; Dubois et al., 2020). Chattopadhyay et al.(2020a)~> Reservoir Computing Echo State
Network (RC-ESN), Artificial Neural Network (ANN), 12|37 Long Short-Term Memory= Zl = Recurrent Neural
Network (RNN-LSTM)= -85} Lorenz A|AE 0] 21 7]9F R dlS: o]-85}o] 11 AJ5-S H|woh= Z=85}93tt. o]
Ao ol At 0 A4S 51 RC-ESNO] Lorenz A|2%9] 7] ol 2] 9o ANNT} RNN-LSTMEEP 24 9
ojit A58 Heltk= 712 Bt thgh, RNN-LSTM©] RC-ESN9]| H]8] 7] ¢fl= 5218 "Wojz| X9t RNN-LSTM ¥}
RC-ESN L% Lorenz A|2510] 7] 57 2@ 58 Holut 2102 B7slr). ek 7148k 78-S 4 8%t Lorenz A|
AHIO) 217 F9He A 5|31 Itk (Brajard et al., 2019; Dubois ef al., 2020). 55|, A=-55} 1A of| 4] =0 21} vl 7 @ 2}
27819 ol H2Sfeh 2205} a140] Z el A5k vl e, WA RO eI A
71H& A58t A3t 9 Akt 5 M7= A 719 AL 2 7]t Abarbanel et al., 2018).
o] =izolite HloTe] 718E 4 WAl ARESH Lorenz Al2H9] siE F-617] f19t HlolH 7[5t 5Als Rda 75
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LAalA ARl g F58S AL 4 U, S A AElol tigt vl =2l E 7L Sl AAAEHRNN) S 7 2=
TAE 25 ZH= RNN-LSTM-2 2-8-5131th(Zhang and Xiao, 2000; Dubois ef al., 2020). ]2 1} 0] ARlEE 4]
= Atz 25 E ofg] A S0l n]gfE oS5 4 Q)= Lorenz A|AH 9] H|o|E] 7|8 Q13 A5 B H1=019Tt. 7=
o= 7|AISKSS A-83F Lorenz A4S Hlo|g] 7|4t Ql-gx]s Hdllo] A% HE Q1 OviScher and Messori, 2019;
Chattopadhyay et al., 2020a; Chattopadhyay e al., 2020b; Dubois et al., 2020), 2 Aol = 72| Satrdlo] v]5| o

S AR S 53 AR AREe SEAIZT 71E0] etdl2 AR £AISHE A7] Sl AA A5l B ast ARt
AR 2 Al 7HA 0 2 #fo] oA HloE] it Qe Al oM AR Ao mhE 2t de 2 ¢ o
woll A5 AR HAS S7A A7 A Bdle] S48 skt 278elM e e B AR, 3ol e 2E AN g A
o, 4goM geF Bl Al e = o] =2-& 29 Zloth.

2. 29 Y MY

2.1 Lorenz A|AE

LorenzA| 282 Lorenz(1963)°]l ©Jsl| AH|QFE Lorenz B2 4.0 2 HJ Tt Lorenz ®7gA12 Al 712 H]A
gl om FE o] glom, o] WAl Fall ti7] AfHIS] HokE Rt o] RHloX= ti7] AJHE Rk, d57
ot 7ol ==t iz /It 452 tﬂﬂ} FAsHH, 27| 20 w2t t 7] 9] &2 9& EOJ)IH. Lorenz {74
<z (t), y(t) 2 () A ol tiet 124 vl e A9 AFulE g AlolH, Al e il o, p, goll S1E3HH. Lorenz '8

>~
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g dm

of

M

T}
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L —oly-2) (1)
%: zlp—z)—y

z—;z xy— Bz

z(t), y(t), 2(t) =22 Wk, 5717t sbd7 el 2t dif= ¢Iet 459 ’sks vehde). 7= o, p,
+= Z¥Z} Prandtl number, 5~ % Rayleigh number, 5~84=2] H-&-0]| SJ<?H}. Lorenz(1963) 0l 4] AR ui7iH4 32

o=10, p=28, H=8/3015], E AT ZHE v 4 FE-2 AFESIALT,

Lorens A5 U219 5418 7105 91 oF 2ol AR 93115 e 40219 B Fofife
B89 5 28-8 etk 22 olmjgith g Al 42 tvlelsjeke] o] Fa 8 Aake 1] uu} o
o), til7]e} slefe] AEE Awats Mss-2 A7 QAT ol TAE KolA] eron], 1S ko] Bx1et Ae 8ol .

R R 2] 2710] 2 WISl o5 Aol 2 akg nlHITks 2L ofulsiey, e 27] 2710 o]t ul
I ACIO] Aol el A0 A, o 220l 1ol 1 o2 9 Lorens A1 o] o
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TSP eh A WO B M= 9L0P] T 12 07N melg 2 Helek. olejgh 502 <lste] Lorenz
A2Rhe 7Vt R SISt 5 TRt Ropel A o2 el S olsfehs B, Telm A= 5et 71%S Algsker] 4

= AF-EtHDubois ef al., 2020).

2.2 227k QIZALS RNN-LSTM 2

o] &=Bo| A= RNN-LSTM ¢18AS 7S B850 571 (m=5)2] o] Al 5 (1) & Y25
RO 27| Qg Al s H(Lorenz-LSTM R&)& 75313t} A= o781 4] = Fig. 201 8.2Fs}o] LFERARIE. 100
7H (n=100)2] LSTM A& 2= 2550 3742 = 2Lom, LSTM| 2950 27 ] JEhk2 215 532 Dense 51
A 2T 2250 s (¢ + 1) o HR) el dlSshet] AR E Sl 2l Slsaat oS a2 okt k.

2
=)
&
|
£,
A
o]
]
—
=)
a
§

1. 98 nedlE 15510 5 (1) ARE Dttt 2 Aol s di(2d HE 7H) 2 0.012 519 10,000712] EE-S A
oF. Lorenz A ol o|gste] shte] AZEHE ARl ATAR, ol At e B Ho
RNN-LSTM 2&-& E&1517]o] St 2 0 2 msielti(Fig. 1 J%).

2. 323 HolelE £ AlECHHAE AlER Rajgit o] Rol 4 HlolE|o] 3/48 Falo] ARSI, 142 HIAE
ol AFgsFITE T} 7142 761 9Jal A= ol 2 T glo|E] o] 25%2 AR8sle] WA AZS WA 23]
SFAct. ARS uh] SJa) A1 0] 25% 5 SOk dlolol 2 ALt

3. AR} BHE Sk o5 ARE FRIRTK [s, a0 ]i25 = [s14 a0 ]). Ol BFOIME An O R 29HZ ARS
st on], e et male] A7k k2] 2ok 4ue] A17F 2] Lorenz-LSTM 2Hle] A& Alstaic. 2/t
TEE BES A7) Sloto] G st AR ARG g AV FHA BES S-S 5, & A=E Anc] o]
W gEE 2 [0 0a, )28 > [500 anls [51-a 128 = [514 0] T 201 SR ARF 1AREG 71510

Aol A SR TAHNFig. 3).
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s . ..
s(t—1) ; / . _» ' . ' Predicted step
. i T j Y Y i s(t+1)
(t_3) _’:_’ -—!—:—lv -—>:+ . -
S : ¥ ; v : v
(t—4) e e
s(t — ; :
M ' M ' \
ropout Dropout
Input Layer LSTM Layer (p 0.25) LSTM Layer (p_(')) 25) LSTM Layer (p=0.25) Dense Layer Output
(samples, 5, 3) (100) (100) (100) (1) (1)

Fig. 2. Architecture of data-driven RNN-LSTM. a network composed of a recurrent layers and dense layers.

input Otarggt[s(t +4n - dt)] input o target[s(t + 2An - dt)]
O O
O O

Fig. 3. Prediction concept of RNN-LSTM model. Predicting the future 1 step from the state of the past 5 steps (left), and
predicting the next 1 step into the future including the predicted state (right).

4,

& 2p= 25 E] 71 Root Mean Square Error (RMSE)E #|42fsto] UEL]T oA 2|4 2] 71529t HEkS 2
o} o] =roAlE # Aot ¢alel 52 2 ADAM (Kingma and Ba, 2014)= A-833it. 2| 2eh3H Zof 45 AlE
2FRMSE7} 51771] A=, &3 2t20t 5 A= 25 E H7HE RMSESH HE(Mean Absolute Error)S H751o.
B VAR o 75 st Ht. o] soll M= ARESHA] AT, THAlRto] ol E wh= 2ot e SHE 4 Al

7= RNN—LSTME‘:J”Q ZFLSTM Allof] et B= 7 52| 9F 1ok T18]47 Dense5-2] B A7iH4-E A9lsl=
TEE AR 3

9
rlr

=
2

5. HI2E AAz 5 ARSI 2 B0l e 71kttt @AE W7Ishe A 22 Aol Bt 222 Al E(Normalized

Mean Square Error; NMSE)& AF8510] &8 7o £t Sof upx|atof AlHHTE NMSE= T A0 2 At

n ’
1o | s()—s" () |

Nyest i=1 || S(ti) H 2

NMSE =

e EIAE AR T, 5 (1) 2 AR, AWV 5 (1) 2 BT, T2 |- | =010 M) ] 3. pepuich
2 RNN-LSTM RS o} galo] oS Z-aai}. Fig. 30] ol 7140 et a2 Lelic, al=-2 9jal]
A 57 A”lo] AEE 9lelsh, onf 572 ABLS An-dt Q] A|7F 7HAL Zi=t} 57 AHlO] oleixig 2 HE
An-dt FZHE A0t the oA dIE5E AHE Zgkste] 57 A9 JEAEE A 45kl Lok
S An-dt SO AEE o&sl= 11 BkEs)A| Ht
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3.2 1

&2 Aol A= RNN-LSTM 222 = A7]7] 2I4ll Intel Core i5 2.9 GHz TY A ALFGAE ARSIt An =2,
An= 4% F B A5517] Qo 25 10,000702] MEE o] 115 7,50070E =30l AFE5 2,50070E BIAE 2=
= ARSIt F B BE 2R 7= oF20420] A8 F| gl o, XA} ARl of| A of| mE &R Fig. 40l LEF
Uit = REle] of 7 0] 7} thE A8 thx o TS 10002 A o, B2 3lulsharat 24 e) vy o
TS FHE7] dlZolth Fig. 404 F R el R EANgto] Bt o Aputh 2 215 ER1g 4= §low, 125} o &1

Lorez AT SfEHsd 2 o} 51l 751 |25 oI Lorens Atactor = £7] 2-00] o} 147611 w131
91 542 711 9le] of5517] of 2l Lorenz 1250 S48 2 ehdick, FAH o2t 2he 40 sjieh £at
£ Az el

QPRHS F2E TR AR 0 2 7ho AH BALS 2Rk Th) W, S A7
QA T2 ol x| LA AT, Algho] A|LbgA E 2 o 2 Holsle] o}2 Flo 2
S ek, e, hA] o] o] Poful gL hE I, mlS ke Wsh} o] 2 g
A o220 2 2|4240] Atao] Wa st Lorenz A12510] of gt E4.2 skt o7 ] ot
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Fig. 4. loss function of the two models. (a) An = 2 and (b) An =4

Fig. 5. Lorenz Attractors. Blue curve denotes the solution of the original dynamic model, and red dots data-driven dynamic
model for (@) An =2 and (b) An=14
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—Eroﬂ, RS G usHA TEAL P ot SRR AR SolE Fot 27] 219] AgAle] glod 5o RS A
S O

Fig. 5= RNN-LSTM R29-& o]-85to] A= 7[Hke = 9t 6li7F 7]E9] Lorenz 78 418 Afoto] /435 Hstidlo] 5
o} AT BT B4 S T 918 & HofEC, BIS RNN-LSTM 22 @12 37} oI5 mdg ol

£ Oz v A lE AR, o] 9HA] 71t BEe} o] Lorenz A|A810] HIAY E407 27|21 tieh =2 W7o
= QI 22 271380 Afol = Qls @27 A7 whit o & A3zt 4= Qi JEOHE 75}l RNN-LSTM =& 3t o}
Hdlofl A Lt 7 3Lo] &5 S0 R 255t 11 AfolE Mook E44S & el glow, webA Ak 7Rt
RNN-LSTMO| R4S Aiste] sfE Ftohe ot dlo] Ad-s e o 3-8 HolEr.

Lorenz(1963)-2 Lorenz A|AR0] EA & 5P R “ A 24 E41Z] S &(Deterministic non-periodic flow)”< AJAI5F
t}. o= AlAHlo] HIE HIAY 2R B2 d-S 2], 22] A98 F|digto] Foi2H &4 Zdigte] 24 rh= 7idolth
RNN-LSTM R &-& o]-85lo] H3t ol ie “AP =24 Ef2] 5579 E44-& Ash=A] dotk 7| 15l Fig. 60114 z2] 413y
gt o4 2oigkS 22k ﬁo‘?ﬂ LEFH AT Fig. 6(a)ollA Lrehd BEe} o] 29| Xthgls &5t A|AIE 2 =5 &

O™, Fig. 6(b)-(d)°l A7} 5482 22H ol HERH ATt Fig. 6(b)ollA] Bi= 1l 0] Lorenz ot g2 H&

2 A0 RS YERH, 29] & ﬁg Z|digko] T2 &= Fdigto] A4 = 7525 & HolETh HIS RNN-LSTM

HaE s oha 2954 HEE HERATHFig. 6(c)-(d), 7+ R H BT “BHEA a2 a5 = Aldsh= e

(o]

=
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Zg
Y z (a) ] (b)
35 Zy %y “
30 -
254 E 35
VA £
20
30 4
15 4
10 4
25 A
0 100 200 300 400 500 25 30 s 40 45
t Mn
- (c) 1 (d)
H
r *
40 ° o 40 !.

® .
251 e 5y & .

25 30 35 40 a5
Mn

25 30 35 40 45
Mn

Fig. 6. Variation of Z according to the time (a) for original dynamic model and scatter diagrams of corresponding maxima of Z
and subsequent maxima of Z. for (b) original dynamic model, Lorenz-LSTM models with (c) An =2 and (d) An = 4
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(b)

40
30 1 30
204

204

10 4 10

-20 -10 0 10 20 -20 -10 0 10 20 -20 -10 0 10 20

Fig. 7. Colored scatter plots of X as a function of Y and Z for (a) original dynamic model, and Lorenz-LSTM model with
(b) An=2and(c) An=4

= PIGIT:. RNN-LSTM R HlofA] thas E94219) M58 Uehds 212 AR 0] dt = 0.02 B dt = 0.04E 9
SO gt = 0.01 HrhAJ717] Whigdd 4~ Qlow, &5 AlE0] 47 56| Whiedd & it
Lorenz A]2~§]9] all= T+ 27| (bifurcation) o= /32 ZF=L}. Fig. 7+ Lorenz W21 0] S5 Y-Z HHo|| X3S A O
= LFERd Zolet. 9FA] Fig. 50114 A gt Hiel o] Fig. 70Xk 7 710 &5 F4l 0 2 FA] o= -5 Tt 4 Qlrh. 71
&, Fig. 7(a)°llA] Hi=Hiel o] Z 7} glo] 25 wl= 7H4 o] Zh=X 9] gro| HlEsARE, 7 =
o] Zk=X 9] gro| ®7Iok= Z4& & 4= Qlrh o1& o= HAHH 271 Flo] 22 whi= shute] Bl dol 1215 lrirt z
7F AR A2 vhE o] 9 off| 2 HA A= B 2t ol A2 Halof] ofoiA] shue] Hofli thE 2o & 2-50]
o7 ke 755 LERATE RNN-LSTM &2 o]-85}0] -5t %= Lorenz Al2~F 9] 27]5}= 5782 & LAz QL

of. ThA] 'el] 271 2 5ol = o] gho] HAxle Rae e 4= 3loh

o] =Rl RNN-LSTMS 28511 9 B Lorenz 28] 4eE Qeislo] thg @S o5l Hold 7]
¥ 1A B FEI, ol Bol lole] 715 134 mo] Eo el oft A|2HS iR A e 1
2 st

&g JeE M=e R AREolo] T4 WS Agdd ul, @217} 2} oSt 2w o] A[AE
SHolES fsh= 202 KRl 0|2 Q13| Lorenz HStRHZRE AL AR S SaAxEE T8 ?Ji%oﬂl-—c RNN-LSTM
Telo] 57} 2O Lorenz Ao E-S TEZ] ofi= 2102 KRl AA”]0] 7o A2{Q1 B
LAY FEACR tE Aikg whEoldiA "ok 22y o= Lorenz AIAHO] A1fo] B4 sidehs Aow
RNN-LSTM =2&0] Lorenz &t 0] 5445 o= A= BASH=A] H7}sl= Zlo] &
ok wepA] 2 AoA= 371 EAS SR AR

l:l

sz\

lo
>,

AR, RNN-LSTM 22 E3H orenz B4 ]'—v—O}Oq S5 rol= et dl nEr R 2 QP A1 T o] T FA
o2 &0 Ho| LS HHEsh= 7L ARl EAS ZE=t} 4, RNN-LSTM REl2 “A4EH B4z 55
(Deterministic non-periodic flow)”2] E442 A&t @lﬂﬂ RNN-LSTM R El2 15t S Lorenz A 2] B7| FARS

AARtct
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