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Data Assimilation (DA)

Data assimilation best combines 
observations and a model, and 

brings synergy.
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Press conference on Monday, August 1, 11am.
Press release on Tuesday, August 9, 7am.

Covered by
• Newspapers (Asahi, Yomiuri, Nikkei, Nikkan-

kogyo, Nikkei-sangyo, Kobe)
• TV broadcast (NHK, FNN)
• Web sources (HPC wire, mynavi, engadget, 

PC Watch, etc.)
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Global 870-m simulation (Miyamoto et al. 2013)

©JAMSTEC・AORI (SPIRE Field3), RIKEN/AICS
Visualized by Ryuji Yoshida



cf. TEDxSannomiya
http://tedxsannomiya.com/speakers/takemasa-miyoshi/

©JAMSTEC・AORI (SPIRE Field3), RIKEN/AICS
Visualized by Ryuji Yoshida





Raindrops in the air
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Sudden heavy rain



Sources of Big Data

SimulationsObservations

Powerful supercomputerAdvanced obs technology
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Pioneering “Big Data Assimilation” Era

Mutual feedback

High-precision Simulations

High-precision 
observations

Future-generation technologies
available 10 years in advance



Revolutionary super-rapid 30-sec. cycle
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9/11/2014 morning, sudden rain

Decided to bike to office.
It takes about 30 min.

7:55

JMA observation

I looked at this obs
at 8 am.
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9/11/2014 morning, sudden rain

7:55

It is almost impossible
to predict from this obs!

JMA observation

Decided to bike to office.
It takes about 30 min.

I looked at this obs
at 8 am.



9/11/2014, sudden local rain



9/11/2014, sudden local rain



9/11/2014, sudden local rain



Huge-job test results – September, 2016

January, 2016
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June, 2016
September, 2016



Huge-job test results – September, 2016

January, 2016
February, 2016

June, 2016
September, 2016

Need to accelerate
I/O and LETKF



Future directions

AccuracyTimeliness

Value

Improve the compute speed
Observation data processing (Satoh G, Ushio G)
Quality control (Satoh G)
Observation data transfer (Ishikawa G)
SCALE computation (Tomita G)
LETKF computation (Miyoshi G)
Inter-job data transfer (Ishikawa G)

Improve the forecast accuracy
Observation method (Ushio G)
Quality control (Satoh G)
SCALE physical processes (Tomita G)
LETKF assimilation method (Miyoshi G)

Timely and accurate forecast



RIKEN real-time
weather service

Hourly-updated 12-h global 
precipitation prediction in 
real time
 JMA forecast license was 

issued. Final preparation 
stage.

http://weather.riken.jp

Science  Service
 Engineering challenges
 Prediction algorithm
 Best use of computer



Computers keep advancing…
• With the “post-K” supercomputer (~2020), we can afford 

100 samples of the global 870-m simulation.

The Japanese 10-Peta-Flops K computer

With the Post-K, we aim to run 1000-sample 
global NICAM-LETKF at 3.5-km resolution

in close collaboration with the FLAGSHIP 2020 project







A simulated study using 
the T30/L7 SPEEDY AGCM

(Miyoshi, Kondo, Imamura 2014)





Advantage of large ensemble
100 samples

10240 samples

(Miyoshi, Kondo, Imamura 2014)

High-precision probabilistic 
representation

Sampling noise reduced



A real-world study using 
the NICAM

(Miyoshi, Kondo, Terasaki 2015)

NICAM-LETKF
(Terasaki et al. 2015)



Cover feature!





With subsets of 10240 samples
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Accelerating SPEEDY-LETKF

○ Improve the eigenvalue solver (67～84% of the LETKF)
• EigenExa (Imamura et al. 2011)

– Timing [sec.]（48 nodes）

– Timing [sec.]（4608 nodes）

○ Remove vertical localization, remove the vertical loop
• Timing with 10240 samples with 4608 nodes

Ensemble size 40 80 160 320 640 1280 2560

Original 1.5 3.7 14.9 72.6 346.8 2035.3 -

EigenExa 3.1 6.6 12.2 30.6 91.0 320.4 1595.0

Ensemble size 2560 5120 10240

Original 165.4 1017.5 7419.3

EigenExa 22.3 118.0 802.1

Timing [sec.] RAM usage [GB]

Original 802.1 14.2

No vert. loc. 150.6 8.8

9x

5x



Accelerating NICAM-LETKF

○ MPI_SCATTER, GATHER  ALLTOALL
• 20 samples, 804 nodes

19.3  11.8 sec.

○ Optimized DGEMM for the K computer
• 1809  808 sec.

○ Remove the vertical loop
• 1280 samples, 804 nodes

EISPACK

Timing for LETKF 12488 sec.

FLOPS/Peak FLOPS 7.4 %

EigenExa

2025 sec.

44.6 %

No vertical loc.

200 sec.

15.6 %



Data size in NICAM-LETKF

○ 80 samples vs. 10240 samples
80 samples 10240 samples

# of files 25,600 3,276,800

data size 30 GB 3,937 GB

timing 332 sec. (804 nodes) 140±30 min. (~6000 nodes)

190x



DA workflow

Simulation

DA
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Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

Broad-sense DA

Data-driven

Process-driven



Workflow with current data size

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

~300GB (100 samples, 1 time level)

~2TB (100 samples, 7 time levels)
~300GB
(100 samples, 
1 time level)

~2GB

~2TB (100 samples, 7 time levels)

~200GB
(100 samples) ~200GB (100 samples)

~300GB
(100 samples, 
1 time level)



Workflow with extreme-scale

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

~400TB (1000 samples, 1 time level)

~3PB (1000 samples, 7 time levels)
~400TB
(1000 samples, 
1 time level)

~1TB

Challenge in global 
data sharing

~3PB (1000 samples, 7 time levels)

~1PB
(1000 samples) ~1PB (1000 samples)

I/O intensive!
Repetitions of I/O between separate programs

~400TB
(1000 samples, 
1 time level)



DA＋AI

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

Broad-sense DA

Model Output Statistics
(MOS)Forecasting

Pattern recognition
Machine learning

Machine learning
Optimization

Acceleration through
machine learning

Text, image, sound,
video, etc.



AI Forecaster

Cyberspace Physical world
Nature

Human system

Cyber-Physical framework for weather prediction
Data Assimilation is the key



DA Meteorology
Earth sci.

Planetary sci.
Math

Statistics
Dynamical systems



DA Meteorology
Earth sci.

Planetary sci.

Neuroscience

Engineering
applications

Social science
Traffic, material flow,
population, finance,
demographics, etc.

Research platform

Biology
Medical sci.

Machine learning
AI

Basic physics
Cosmology

Math
Statistics

Dynamical systems



DA Meteorology
Earth sci.

Planetary sci.

Neuroscience

Engineering
applications

Social science
Traffic, material flow,
population, finance,
demographics, etc.Real-time information

“cyber-weather”
“cyber-highway”, etc.

Research platform

Biology
Medical sci.

Societal benefits
Industry applications

Diverse communities
Education

New applications
Creating a new scientific movement 

across the borders through DA

Machine learning
AI

Industry partners

Basic physics
Cosmology

Math
Statistics

Dynamical systems


