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Heavy Rains and Our R & D Strategy <

Examples for heavy-rain-induced disasters

July 2020 in Kyushu Sept 2015 in Kanto/Tohoku Jan 2023 in California, US
(Damage: 4. 1b|II|on USD) (Damage: 2. 1b|II|on USD) (Damage: 31 billion USD)
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Possible strategies to mitigate such disasters

- to limit evaporation from the ocean ®
- to change large-scale circulations @ P~
» to reduce water vapor before arrival on land '*

=» generating heavy rain artificially over upstream ocean




Generation of Heavy Rains “6

To generate heavy rains artificially, we need to
(1) generate convections
by lifting up dynamically (~LFC), or heating thermodynamically (~CIN)

@heating up
{ the atmosphere
&(‘ (MW, Gas)
o (_ ! 3 T ‘ 2
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@initiate updrafts ‘
ocean (Kite, fountain) &~ -




Generation of Heavy Rains {c

To generate heavy rains artificially, we need to
(1) generate convections
by lifting up dynamically (~LFC), or heating thermodynamically (~CIN)
(2) organize subsequent convections
by leading back-building-type successive rains using cold pool

®
Seeding

@heating up
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Orders of LFC and CIN ‘Fc

To generate heavy rains artificially, we need to
(1) generate convections
by lifting up dynamically (~LFC), or heat thermodynamically (~CIN)

just before the heavy rain during a heavy rain
(20210810 OOUTC) (20210811 00UTC)

W Y o

iy g : tenki,jp ! *_- tenki.jp
LFC ;770 m LFC : 3,200 m

CIN Energy  :1.31 (J/kg) CIN Energy  :47.0 (J/kg)
(Data: Kagoshima sonde of University of Wyoming, USA)



Problems to be solved toward weather control

MOORISHCL

Meteorology -
)

how to generate heavy rains?

Overseeding

Kites

Question: Can artificial interventions mitigate heavy rains?
=» Numerical experiments with NWP models before field experiments.




An over-seeding experiment using an NWP model (WRF)

Overseeding successfully reduces heavy rain by suppressing deep convections.
Heavy rain in Hiroshima

w/ overseeding
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Kite experiments using an NWP model (SCALE)

Kites increase precip. over upstream ocean, leading to reduced precip. in downstream regions. : > |
Pl Yastmaga PI Okazaki
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Problems to be solved toward weather control ’z

Meteorology ‘g"i
fy

how to generate heavy rains?

Mathematics "’,m\g ° o RRI HozeO
how to optimize manipulations? m : Q 0 how to realize in society? .-.
. RRI: Responsible Research and Innovation

Manipulations %‘ Legal Problems
how to realize interventions? how to design society?




Problems to be solved toward weather control "6

Meteorology ‘g"i
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how to generate heavy rains?

Mathematics > | [ ‘/ RRI

how to optimize manipulations? m | how to realize in society?
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Manipulations

how to realize interventions?

Legal Problems

how to design society? ]I
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Objective of Data Assimilation Research

Mathematical weather control methods are necessary to optimize interventions.
=» to introduce the model predictive control (MPC) into data assimilation

Challenge:
limited impacts of control inputs
w.r.t. atmospheric dynamics
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Model Predictive Control for Weather Control fo

Suppose we would like to lead the
atmosphere toward a desirable future

From NICAM-LETKF 100 member forecasts

Ensemble Forecast
(e.g. 2-day fcst)

Analysis
Ensemble

v

110E  120E 130E 140E
24h—Precipitation [mm]

110E  120E 130E 140E 110E 120E 130E 140E

5 10 15 20 30 40 50 75 100 150



Model Predictive Control for Weather Control ‘fc

Suppose we would like to lead the

atmosphere toward a desirable future From NICAM-LETKF 100 member forecasts

Analysis |
Ensemble Add control inputs
consecutively
* —_—

N}esirable future

24h—Precipitation [mm]




Trajectory-tracking MPC as DA e e

Kurosawa et al. (in prep.)

Data Assimilation MPC

/ NR controlled NR
reference trajectory \

g4 CONtrol inputs

' v
lower limit O““\_'O'\

1
Y : \
data assimilation window T tume predictior:rhorizon T,

model states violating
the constraints

T

J(Xg) = (xo=x0) B~ (x0 = x§) + ) (He(xe) = y) "R (Hy(xe) = ) J = Jinput T Jstate + Jepminal

t=1 ‘ ]input ]State

T
T
— 2 . 2 p
= ||6%0llg + Z"Ht(xt) Vellr € penalty term approach: J = llugli3, + Z"Hf(xt) — J’tp”;
= t=1

]background ]observation

Tp
9 trajectory tracking approach: J= "uOng + Z"H{(Xt) - J’[||§r
t=1

H: observation operator
B: background error covariance matrix
R: observation error covariance matrix

YT, yP : pseudo-observations

’

H", HP : pseudo-observation operators

S, S, : pseudo-observation error covariance matrix

MPC can be represented by data assimilation: Henderson et al. (2005), Sawada et al. (arXiv)



Optimizing Interventions using SCALE-MPC

. - . Py
We started coupling model predictive control (MPC) with NWP model, P Ohtsuka
in which initial perturbations are optimized by solving convex optimization problent¥°et Y

. . . . (a) Minimum ¢; Norm Solution (b) Minimum ¢ Norm Solution
Convex optimization using SCALE - —— —
1,1 L2: dense and weaker o. 4 L1: sparse and stronger

min ”Axinit” st S(Xinit)AXinit — AYTeS i
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Remaining Issues ‘Fc

Suppose we would like to lead the a case of heavy rain in 2018
atmosphere toward a desirable future From NICAM-LETKF 100 member forecasts

Step 1. to boost ensemble forecasts

Step 2. to find a desirable trajectory
from ensemble forecasts

Step 3. to accelerate MPC optimization

Analysis |
Ensemble Add control inputs
consecutively
* —_—

w)esirable future

24h—Precipitation [mm]




Kotsuki et al. (arXiv, and submitted) @MOONSHOT
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Boosting ensemble predictions using Als

Y W) -

: : : : Pl Matsuoka Pl Kera Pl Kotsuki
We are advancing downscaling Al to predict heavy rainfall atsuoka Pl Kera Otsuki

as well as medium-range forecasts enabled by Al weather model coupled with data assimilation.

Medium-range ensemble forecasts (~5days) |~ 1 D} Downscallng & ensemble generation (~1day)

xxxxx

Al model (ViT) Obs AL b g Gh i \/{
(Cyber Space) (Real Word) . ase sts

coupled with
LETKF

(a) [AN] RMSE (solid) Spread (dashed) ; Temperature [K] at 500 hPa

3 A somm :
‘ Kotsuki et al. (9u mitted . Intense precip.
=1\ T500 (observed) ’ Il tF MSO V4 precip
o 2N . predlcted'
g 21¢ e ||
g 1.8 h\ 20 .-
2— 1.5 y -
S 12 I 2016/7/9
= 1 yr data a55|mllat|on cxcle 5 0:00(UTC)

09‘

06 | - S " 200Kkm —— 1 o : ‘
RMSD : Spread &g /i RadarObs.

0.3
2017/01/01 03/01 05/01 07/01 09/01 11/01 12/31 0




¢/ X Environmental

o o [} Pr.edicrion
Training of ClimaX
[ ] [ ] [ ] [ ]
* This study: low-resolution version of ClimaX (x:64, y:32, z:7)
« about 12 hours for training using an NVIDIA/A6000ada
[ ] [ ]
* Reference Information: GraphCast (0.25 resolution)
Science Current Issue First release papers Archive About v
3 ) REREARCHARTICLE: | WEATHER FORECASTING fXino % 0= With 36.7 million parameters, GraphCast is a relatively small model by modern ML
Learning Ski"fUl medium-range gIobaI weather standards, cho?en toFEeep the memory footprmt.tractable. And while HRES is released
£ ti on 0.1° resolution, 137 levels, and up to 1-hour time steps, GraphCast operates on
orecasiing 0.25° latitude and longitude resolution, 37 vertical levels, and 6-hour time steps, be-
PETER WIRNSSERGER (). MERE FORTUNATO (@) . FERRAN ALET (). SUMAN RAVUR cause of the ERAS5 training data’s native 0.25° resolution and engineering challenges in
GHE +8authors | Authors Info & Affiations fitting higher-resolution data on hardware. Generally, GraphCast should be viewed as a
SCIENCE + 14Nov2023 + Vol 382 Issue 8677 « pp.1416-1421 « DOL 10.1126/science adi2336
was computed by backpropagation through time (22). GraphCast was trained to mini-
mize the training objective using gradient descent, which took roughly 4 weeks on 32
Cloud TPU v4 devices using batch parallelism. See supplementary materials section 4
for further training details. Consistent with real deployment scenarios, £
Cloud TPU /A—2/
ay T, Or—say  AYTIVE GKE 1EMOIIyRXVE Gk 3EMOITy XV (K
(Fv 7eEM BT ~ ) kL) KL
D)
TPU v4 Pod us-central2 AoS5K% $3.2200 $2.0286 $1.4490

3.22 (/hr/TPU) * 32 (TPU) * 24 (hr) * 28 (days) = 69,242 USD =~ 10,386,150 JPY
(only for the final training)



SPEEDY/ClimaX - LETKF System (as of Oct. 2024) =

Simulation Models

- SPEEDY (96x48x7; Global)
« ClimaX (64x32x7; Global)
- NWP model(s)?

4 Fortran or Python

analysis

Using two docker containers for ClimaX-LETKF

fO recast approx. 20 hrs for Tyr cycle with 20-core CPU
v
Obs Operator Obs Data
obs ° OSSE for SPEEDY
<+<— - OSE for ClimaX
(based on WB)
—> Prepbufr (WIP)
Fortran
l obs-fcst
\

- LETKF, Stochastic EnKF (i.e., PO)

LPF, LPFGM and their hybrid

Data Assimilation Core

Verification Metrics
* RMSD vs. Spread

(transform mtx-based implementations) . CRPS
- Inflations: multiplicative, RTPP/RTPS, additive

Fortran



ClimaX (Training, Observation)

. | (1) Training Curve (ACC)
Supplementary Table Al. Variables of the ClimaX-local ensemble transform Kalman filter

(LETKF) model used in this study. ClimaX requires input variables to predict output variables,
and the LETKF assimilates observation (Obs) variables with associated error standard deviation

(Error SD).
Symb Variable Unit | Input | Output | Obs fror Height
ol SD
U Zonal wind m/s X X X 1.0
v Meridional wind m/s X X X 1.0 925, 850, 700,
T Temperature K X X X 1.0 | 600, 500, 250, 50
Q | Specifichumidity | kgkg | X X x| 01 (hPa)
Geo Geopotential m?/s? X X
Ul0m 10-m zonal wind m/s X X 10 m
V10m | 10-m meridional wind | m/s X X 10 m
T2m 2-m temperature m/s X X 2m
Ps Surface pressure hPa X 1.0 Surface
Elev Surface elevation m X Surface
Lon Longitude degree X -
Lat Latitude degree X -
Mask Land-sea mask lor0 X -

3% Specific humidity was observed up to 4th model level (i.e., 925, 850, 700 and 600 hPa).

(a) ACC Geopotential at 500 hPa
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(b) ACC Temperature at 850 hPa (c) ACC Zonal wind at 500 hPa
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RMSE, Spread [K]

7 ‘ofnv;,.?;?;m:
Data Assimilation Experiments (20-member) @

Data assimilation cycled stably for ClimaX over one year with EnKF.

Temperature at 500 hPa (observed) GPH at 500 hPa (unobserved)
(a) [AN] RMSE (solid) Spread (dashed) ; Temperature [K] at 500 hPa (b) [AN] RMSE (solid) Spread (dashed) ; Geopotential Height [m] at 500 hPa
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Improvements due to direct and indirect impacts
RMSE: verified against WeatherBench



RMSE, Spread [K]

4 % onmental
Data Assimilation Experiments @

Optimal localization scale for ClimaX was much shorter than NWP model.
This implies the Al model is less efficient to capture dynamically-balanced error cov.

Temperature at 500 hPa (observed)

(b) m=20 ; RMSE (FG) Temperature [K] at 500 hPa

(a) [AN] RMSE (solid) Spread (dashed) ; Temperature [K] at 500 hPa 1 — —.
3 SPRD ﬁzm; - -
' RAMSE (Rloc) =—se—
P o
2.7 09 |
24 | X
N g /]
2.1 I, @ 08! /
| o3 4t
18} | L '
-
1.5 i %), 07.
N T R e g & .
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08l - . S p rea d : ' L EEEEE /,.\
0.3 : : . : - 0.5 |
2017/01/01 03/01 05/01 07/01 09/01 700 800 800 1000 1100
date Horizontal Dsgalizati le (km)

20-member ClimaX-LETKF 20-member SPEEDY-LETKF
(Al model ~ 500 km resolution) (an NWP model ~ 400 km resolution)



7
Covariance Inflation (L=600 km) @

ClimaX required much more inflation than NWP model.
This implies the Al model is much less chaotic, maybe due to training w.r.t. reanalysis

ClimaX-LETKF (Al model) NICAM-LETKF (NWP model)
ClimaX—LETKF : Inflation Factor (5th level; 500 hPg

60N

3ON] \.

Uy 60—
~
AR,

0o . — AT s v M s Kotsuki+17, QIRMS

FEB  MAR APR MAY JUN JUL AUG SEP ocT NOV DEC




RMSE, Spread [K]

7 oEnvir?;::l;intal
A naive wonder: Can Al acquire “Chaos”? @

DNNs use “edge of chaos” to realize various predictions from slightly different inputs.

Whether or not such Als can acquire “chaos”?
Or, the less chaoticness came from the training w.r.t. analysis w/ MSE?

(a) RMSE (solid) Spread (dashed) ; T [K] at 500 hPa, Lh:600km

331 RMSE — Ens. S'pread —

CRPS Spread ------
CRPS Skill ——
Ensemble Spread ------
_RMSE ——

0 24 48 72 96 120
forecast lead time (hr)

averaged over December 01, 2017
RMSE and Skill verified against Weather Bench
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Oettli and Kotsuki (2024; JGR-A) .
Oettli et al. (in prep.) & MOONSHOT
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a case for
16-member
forecast
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How to interpret ensemble forecasts (conventional) ‘Fo

State-space Schematic Image of
Ensemble Prediction Ensemble Prediction
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How to interpret ensemble forecasts (proposed)

&
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. e .« . / NICAM-LETKF /
100-member Prediction of Heavy Rain in 2018 (Kotsuk et al. 2019»@

We have been encountering
regime changes of forecasts
for disastrous events

successful
5 5-day FCS

,—-,

g

i /" 96 /100
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A trial to capture “meteorological” landscape |

a) Waddington
Epighenetic Landscape

Waddington's
Epigenetic Landscape (1957)

Analogy

Orthogonal

—p Desired path

, — Unwanted path
ot , ¥ Possible input 4
High potential

ls.o:s.mo
Sep. 24,2020

Sep. 23, 2020
Sep. 22, 2020

Sep. 21,2020

Data JMA GPV-MEPS (cofors), JMA RSMC Best Track Data (biack)
Progection: JGD2011 / UTM zone 53N

Oettli et al. (in prep.)

Initialization Time
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s
W

- . / :
d) Potential Low potential p1 11€A T

. Complement

okudQ Dr. Oetl.iw
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Algorithm

Graph Hodge

) Decomposition
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2D velocity
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Kotsuki et al. (2024; NPG Letters) .
Tsuyuki et al. (in prep.) & MOONSHOT




Challenges for Weather MPC (DA)

&
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 Implications from L63, L96 & SCALE MPC experiments

* (1) MPC should be accelerated
* (2) sometimes optimizations drop into local minima

OFEN Model Predictive Control for Finite
Input Systems using the D-Wave
Quantum Annealer

Daisuke Inoue” & HiroakiYoshida

@)
@)

The D-Wave quantum annealer has emerged as a novel computational architecture that is attracting
significant interest, but there have been only a few practical algorithms exploiting the power of
quantum annealers. Here we present a model predictive control (MPC) algorithm using a quantum
annealer for a system allowing a finite number of input values. Such an MPC problem is classified as

a non-deterministic polynomial-time-hard combinatorial problem, and thus real-time sequential
optimization is difficult to obtain with conventional computational systems. We circumvent this
difficulty by converting the original MPC problem into a quadratic unconstrained binary optimization
problem, which is then solved by the D-Wave quantum annealer. Two practical applications, namely
stabilization of a spring-mass-damper system and dynamic audio quantization, are demonstrated.
For both, the D-Wave method exhibits better performance than the classical simulated annealing
method. Our results suggest new applications of quantum annealers in the direction of dynamic control
problems.

®)

—
(5]
—_

Quantum Annealers (QA) may solve the issues above.
=>» Start investigating QAs for 4DVAR, a well-known DA problem




Quantum Annealer

&
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Quadratic Unconstrained Binary Optimization (QUBO; a.k.a. Ising model)

H = Z Jij2iq; + Z hig; ¢ €{0,+1}

Hamiltonian i<i " input &~

Qubits (to be read out from QPU)

(a)
Jobs
= >
— <
Solutions

Users Quantum
Annealer

“l(b)

magnetic force

Control

Device

read out

B Measuring
Device

(d)

(©)
Initial State 0

quantum superposition

State to be Read Out

Result 1: 101001110
Result 2: 100101010 ©
Result 3: 111000110
Result 4: 101001101

©
)
=
=
=
=

=

Result n: 101101010 |

v




To reformulate 4DVAR to QUBO ‘6

4DVAR _ T __
@ "/ J(8xp) = SXgB 16x¢ + [dg:L - Hl:LM1:L|08XO] R1:1L [d(l):L — H1:LM1:L|05X0]

inner and outer loops

D TLM around the FG trajectory
4DVAR 7 — v TS — 7
@ "/ ~ [(6%y) = SXgB 16xg + [dg:L - H1:LM1:L|05X0] R1:1L [dg:L — Hl:LM1:L|08XO]

only inner loop

— SX’(I; [B_l + lVII:L|0H{:LRI:%,l-ll:Ll\’?ll:L|0]6X0 _ 2(d(l):L)TRI:%,Hl:Lml:HOSXO + C

Binarized

v‘"

1 = = !
QUBO ~ H(b) = <E Gb) [B_1 + MI;L|OH{:LRI:lLHl:LMLLm] <_ Gb)

©

@/ 1
—Z(d‘l’:L)TRI;lLH1:LM1:L|0 (E Gb> +C
=bTAb+u™b+C  (bT =[q0,q1, ", qn])

Binarizationlfor L96 model g” = [~2771,27°2,... 21,20]
8%, = — (—23q, +2%q, + 2'q5 + 2%q,) @ €{0,+1} a=50
\ J

Can handle 16 intngers (-8, -7, .., +7)

G =

0o g’



Experiments

&

MQORSHOT

* Model : Lorenz-96

* DA : 2-day window 4DVAR , every 6-hourly 40 obs
* Experimental period : 100 day (off-line DA)

Cost Function Method

<:D] = §x)B718x,
+Z(di0 - HiMi|05X0)TRi_1(d? - HiMiIO‘SXO)

QUO-NL

Quasi-Newton
Method

@] = 5x)B~18x,

Quasi-Newton
QUO-L +Z(d? — HilvlilOSXO)TRi_l(dio — Hilvli|08X0) MethOd
®  (b)=bTAb +uTb + C Simulated QA
QUBO-Phy i® H(b) =bTAb+u’b + C QA

-

D-Weve
5000

~ 170 logical quiblis)



Quantum Data Assimilation for 4DVAR w/ L96

Poster Session 4

Average of 50 data assimilations (window: 2 days, 40 obs, B is manually tuned)

RMSE of 4DVAR

linearized binarized FG
i RS S G B N B =i N
0.201
0.151
0.101
0.051
0.00- = -
QUO QUO QUBO
BFGS BFGS FA
w/ OL w/o OL ’\
v Solver
Scipy BFGS Simulated  Physical
w/wo outer loop QA QA

(w/wo TLM/ADJ updates)  (GPU-based) (D-Wave)

F. Kawasaki

very fast!

: i
NL-BFGS L-BFGS Sim-QA Phy-QA
(NL-QUO) (L-QUO) (L-QUBO) (L-QUBO)

QAs used 4 quantum bits (QBs)
for a real number
due to the limitation of total QB. (170 QBs)

Kotsuki et al. (2024; NPG Letters)




Considering “quartic” cost function

- Cost function for the / th outer loop - 2nd-order approximation
A
1 T
Y _ 0 MY p-1 (52 ® 0 Oy, — O A
](6x0 ) = E(‘Sxo + Ax, ) B! (6x0 + Ax, ) 0x} X = Xk Prof. Tsuyuki
s r [ Nicx
T
O (0 -1 Q) ) ~ D s, D 1 ® . D
k=1 N
kn
6x(()l) =X — x(()l) = Lu, Ax(()l) = x(()l) — xB, B=LL" @
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S o M, {Ny;}
g o 8 |
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= Z @ tum
- ~. 4 by|QA S Quan
q ¢ local minimuri'rﬁ”]’]gx/,-,7 3 Annealing
@) S

for QUBO

g ; -
21 —— cost function PN
""" il global mininum *
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state variable (discrete in QA) U




&

How can we treat quartic function by QA?

~ QDA can solve polynomial equations
> i.e., beyond quadratic unconstrained problems like 4DVars

a simple example with three binaries: ¢19,q93 € {0,1} ¢ € {0,1}
a dummy variable
H =q19,93 E a cubic function

- qCIB + )/(351 + 9192 — 2511(:7 - 261251)5 a quadratic function
3 SCalapt---mmmmmmm e !

g | g | G | E

=
N
vy

E becomes 0 only when §= q,q,
=» adding this term
IMposes §= q1q;

Point:
Any polynomial equations
can be converted into QUBO.

- a2 O O = -2 O o
- O =~ O =~ O =~ O
- a8 4O O O O o o
O = = W -~ O O o



4DVAR-QA Experiments w/ Lorenz63 (w/ long window)

Scatter diagram (4DVar, dt=1.0, wi=3.0)

10?2 o " el
RMSE _success = 0.542 | failures = 66.7% \ 5
b ) .
/ x2,y°, B / i COI‘IVE“'tIQl‘lal&r “-;éf Prof. Tsuyuki
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ADVAR gt
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8 10 L pdnn e SRS !/
J<Je Z =
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GM / X4DVar A
J =] GI\/I (4DVAR)-only
o 10-1 1{'10 101 102 103l 104
cost function

] < ]C Scatter di 4DV A-EnKF, wi=3.0, 3-out =1.5
O ter xa i5? catter diagram ( ar-QA-EnKF, wi=3.0, 3-outer, r=1.5)
u QA GM | 4DVar : -
|OOp RMSE = 0.547] failures = 8.4%

_|Proposed
J =] 4DVAR QA -----
________________________________________________ z =\ i
/xEnKF / ' GM: Gradient Method
QA Quantum Annealing
""""""""""""""""""""""""" 2 “ GM + QDA
DA window length = 3.0 Tsuyuki et al. (in prep.) s 10 10 10 10° 10°

cost function






Contents of my talk “6

* (1) Our R & D Strategy for mitigating heavy-rain-induced disasters

* (2) Coupling Al-based weather prediction model w/ ensemble DA

* (3) Identifying disastrous/preferable trajectories from ensemble FCSTs

* (4) Quantum data assimilation for accelerating optimizations

* (5) Take Home Message



Summary and Future Plans ’FC

« We started the new weather control project for heavy rains.

 Our project needs to be enhanced for We are happy to
- engineering studies for interventions take any suggestions!
* international collaborations for accelerating R & D
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Take Home Message ‘6

The DA community has realized generalized synchronization via data assimilation.
Weather control tries to realize another synchronization for the atmosphere as physical reservoir.

Weather control is a data assimilation problem, and can deepen DA research too.

Data Assimilation g
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