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. Lo . AlphaFold Protein Structure Database Home About FAQs Downloads  APIL
Accelerating Extreme Weather Prediction with FourCastNet YouTube [

@ YouTube - NVIDIA - 2022/03/23

AlphaFold
Protein Structure Database

Developed by Google DeepMind and EMBL-EBI
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Accelerating Extreme

See search help @  Go to online course © See our updates — September 2024°

Weather Prediction
with FourCastNet

AlphaFold DB provides open access to over 200 million protein
structure predictions to accelerate scientific research.
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Al for Science at RIKEN

TRIP: Transformative Research Innovation Platform of RIKEN Platforms
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Key technologies:

DNN

Transformer
Physics-informed NN
Operator learning
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Ist layer

Vp: P-wave speed
Vs: S-wave speed
p: mass density
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Computations of

Second ordered outer loop

tetrahedron

Equation to be solved Outer loop

(double precision)
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Use as initial solution
Inner fine loop

Solve system roughly using CG solver
(single precision)

r

- Second ordered
Use for preconditioner of outer loop tatrahedron

e
a0 |
3 BD:O;
20
4000
10
=000
Q |
m -
3 2000 om0 2000 Fooo 1.3.;',:,3_ b g 203 an 5000 wa0 PR 0 P P FO00 P PR
R EIES 18 B £2f8 B O EEIER, SEELIEEOREES
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Solvmg Solve system roughly using CG solver
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By Supercomputing By Al with Super-computed data
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1000 qo00 [

_ Training data | Test data | Check data

# of 22360 1000 1000 24360
samples
Case A 19929 880 891 21700
(89.1%) (88.0%)  (89.1%) (89.1%) SC2017
Case B 22219 992 994 24205 Best Poster
(99.4%) (99.2%)  (99.4%) (99.4%) Award

The number of correct answers and correct ratios. Judged correct if
target value - estimated value| < 2
1000 points are picked up from 23,460 points as test data and check data. 10
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Machine Learning-based Tsunami Inundation
Prediction Derived from Offshore Observations

lyan E. Mulia'?, Naonori Ueda'?, Takemasa Miyoshi'3, Aditya Riadi Gusman?, Kenji Satake®

"Prediction Science Laboratory, RIKEN Cluster for Pioneering Research, Kobe, Japan.
2Disaster Resilience Science Team, RIKEN Center for Advanced Intelligence Project, Tokyo, Japan.
3Data Assimilation Research Team, RIKEN Center for Computational Science, Kobe, Japan.
4GNS Science, Lower Hutt, New Zealand.

SEarthquake Research Institute, The University of Tokyo, Tokyo, Japan.

Nature Communications. 2022.
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Cities
1. Sanriku
2. Ofunato
3. Rikuzentakata
4. Kesennuma
5. Motoyoshi

6. Minamisanriku
7. Oppa

O Max. inundation extent

¥ 1419428~ 98, | 141°36 141°48'

v S-net station &

l | 1 ] 1 |
Input layer Hidden layers Output layer
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(a) Physics-based model (b) Machine learning-based model
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K=096¢ K
Kk =1.40%"3 A f\ - Observed K
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Inundation height (m) Inundation height (m)

Computing time = ~30 min Computing time = 0.05 sec
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Neural Ordinary Differential Equation (NODE)

Residural NN (RESNet: He et al., NeurIPS2015) Chen et al., NeurlPS2018
skip connection ME A Residual Network
Traditional Deep Nets ResNets
4
hl = £1(x) hl = fl{x) + x ,
h2 = £2(h1) h2 = £2(hl) + hl g
h3 = £3(h2) h3 = £3(h2) + h2 S
hd = £3(h3) h4 = f4(h3) + h3 .
i =50 y = £5(h4) + hd
0—"""7% 5
hy = f(g, hN—l) + hn_1 Input/Hidden/Output
e 45 (B§R ) BRNBA DIE3E: NODE ¥ s
dh(t)

SLEOBS f EDNNTRE : =7 =005 0k ok
ODE®Df#z(t1)Z AN LUTARKEER

L(a() =L (alto) + [ flate),t,0)at)
= L (ODESolve(z(to), f,to, t1,0))
NNODIBIER + A 1 5 —i&

LOBICRIT B : 7RS3{ > NEICEDAEY—D ASavie /
37}_]%'“:%3((,\5 Input/Hidden/Output i%
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(b) Latent Neural Ordinary Differential Equation
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Chen et al., NeurlPS2018
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[1]Samuel Greydanus et al., Hamiltonian Neural Networks, NeurlPS, 2019.
[2]Takashi Matsubara et al., Deep Energy-Based Modeling of Discrete-Time
Physics, NeurlPS, 2020. 21



ResNet, HNN, DGNet, SSGP

du
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PEIOMRTS anmstin A= i
Tl F—Hhe Hamiltonian NN (NeurIPS2019)

Deep enerGy NN (Neurips2020)

= — 7~
J\=Z)LBZD Matsubara et al.,

SYELT T
ZNNTHE RER, SERICEMALEE
G e RN xRV X5 LA175 BB B B D DIRE

H:RN 5 R IRLF—EK Symplectic Spectrum Gaussian
(/ \=)L |\:7>) Processes

ARRT—I DS DHNNDFE;
Tanaka et al., (NeurlPS2022)
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Physics-Informed Deep Learning Approach for
Modeling Crustal Deformation

Okazaki, T., Hirahara, T, Ito, T, Ueda, N.

Nature Communications. 2022.
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ft,x;w) =ulx,t;w); + Nu(x,t;w)] =0

IRKBIE © MSE = MSE, + MSE;, — Minimize w.r.t. w

A/ SEREAE - PDESS : “UNNDJISA—%
Ny Ny
1 T : 1 o
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Strike-slip faults ty
S #hFm (FS)

) 7ER) ||/ (HEAHDAE,2016) L

u ju

B WiEE (DS)
A

mmewpn S ;ﬁﬁ
=]
AT

FHi(zEh) 5]
YA ERX FEINERE: u(x,y)E zEAET—E) DS: dislocation surface

FS: free surface

u?u+Vu-Vu=01in V <« VICHBIFdmMaHER
+

ut—u"  =so0on X BT DIRFEMSF (s: BERDZEAITER])
ot -nP>=067-nP5 on I ¢:CHBFBEBREME 05 = m25,125,0)
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Neural Network Loss Function

EERT(E. 8. Automatic Differentiation
40/ — KR/[EDNN

IERBIEN :
L = Lppg + Lps—u + Lps_t + Lps < WD 751EN EIBFEAFICED <IBEKEZ
Lepg = [T%Uyr + 17U, + Ugg + 1~ (21w, + pgug)]? ¢ VICHITDWIEIEN
Lps—y =" —u™—5)? <« 3CHBITDEREM (s BNDOZEAIIER)
Lps—r = r2[u* (nP5uf +nPSuy) — - DSz +nPuy)|” < sCHIFBEREM
Les = 2 (nfu, +nfSu,))’ < SICHIBERESE W T Snluwr brcosOug

Uy, = cosfu, —r~*sin 6 uy
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Neural OPG rator cwo... arXiv'20

Go=Qoor(Wpr_1+Kp_1+bp_q1)o---00(Wo+Ko+0by)oP
X X _— N

AETE(ERIE TEOH—FINVES AR NATA
a(X)D Lu(x)NDEIRETEDNNTET /UL
v, (x) [ZR% _E Drepresentation, P(-) & Q(-) [ENN

vo(x) = P(a(z)) Lifting: &7z L33 7Y — > Bk & o

diZp g L =
Fort=1,-T | Iterative Kernel Integration (Lou)(@) = (=)
ver1(T) = ?(th(m) + (}TC(G’B ¢)Ut) (33)) u(z) = / Go(z,y)f(y) dy
activation Kernel integral operator b 7 — > BHG

fy)EGy) DEATEREDLYE S

u(x) = Q(vr(x)) Projection uDRFTICET

Kernel integral operator klZRW>dv ) H H & FDONN . N .
5> CEmER =z SJERRBRUT

K a,;¢ v ) (1 ;:/ klz,y,a(x),aly ;qﬁ ve(y dy _» JSINNERBUVTLA, Nystrormi&ﬂi
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RHEEDEHZRATSICE. NNOFRBD./— R(EEE) ZEBRIEUIEDNNZEZ NI KL
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FNO: Fourie Neural Operator

@—P Fourier layer 1 {—Fourier layer 2—> @ ® ® —»|Fourier layer T

N—FIAEDVERIZRZ BIRELREIZ T D
BHIAHED(CESHRZD

(K(a; ¢)vi)(x) = F~ (F(kg) - Flvr)) ()
BHAHTEIE | ORI BBMABTES ERASA T RS

(K(@)vr) (@) = F ! (J;b (Fu)) ()

SEEENY
SR RS EIEEO(NKmax), BRI —UTZ R LB O(NIogN)

U(x)DiRZEZ &ML
FBIICNGA-H%
F89ID
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Neural Operator Learning for
Hamiltonian and Dissipative PDEs

TRLF—RFAIEGRE] & U\ o YL ZiE Tz 3R/ B 2R
(PDE) DFFEEFZET—INSFEET DD/ 4EAH T
33 [Energy-consistent Neural Operators (ENO) | ZigZ

Tanaka, Yaguchi, Iwata, Ueda, AISTATS2025
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