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h3-Open-BDEC: Innovative Software Platform 

for Integration of (Simulation+Data+Learning)

(S+D+L) on the BDEC System
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• 5-year project supported by Japanese 

Government through JSPS Grant-in-Aid for 

Scientific Research (S) since 2019

– 科研費基盤S

• Leading-PI: Kengo Nakajima (The 

University of Tokyo)

• Total Budget: 152.7M JPY= 1.41M USD



h3-Open-BDEC
Innovative Software Platform for Integration of (S+D+L) on BDEC
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h3-Open-BDEC: Two Significant Innovations

① MethodstfortNumericaltAnalysistwithtHigh-Performance/High-

Reliability/Power-SavingtbasedtontthetNewtPrincipletoftComputingtbyt

 Adaptive Precision

 Accuracy Verification

 Automatic Tuning
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② HierarchicaltDatat

DriventApproacht

(hDDA)tbasedtont

machinetlearning

 Integration of (S+D+L)

AI for HPC
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Approximate Computing with 

Low/Adaptive/Trans Precision

• Mostly,tscientifictcomputingthastbeentconductedtusingtFP64t(doublet

precision,tDP)

– Sometimes, problems can be solved by FP32 (single precision, SP) or lower 

precision

• Lower precision may save time, energy and memory

• ApproximatetComputing

– Originally for image recognition etc. where accuracy is not necessarily 

required

– Also applied to numerical computations

• Computationstbytlowertprecisiontandtbytmixedtprecisiontmaytprovidet

resultstwithtlesstaccuracy
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P3D: Steady State 3D Heat 

Conduction by FVM (1/2)

• 7-pointtStencil

• HeterogenoustMaterialtProperty

– l
1
/l

2
is proportional to the condition 

number of coefficient matrices

• CoefficienttMatrix

– Sparse, SPD

• ICCGtSolver

• Fortrant90t+tOpenMP

• CM-RCMtReordering
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P3D: Steady State 3D Heat 

Conduction by FVM (2/2)

• VarioustConfigurations

– FP64 (Double), FP32 (Single), FP16 (Half) (just for preconditioning)

– Matrix Storage Format (CRS, ELL, SELL-C-s etc.)

• CRS is applied in the present worp
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FP32: faster
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[Sapamoto et al. 2020]Results on Intel Xeon BDW l
1
= l

2

N=1283, ■: CPU，■: Memory，●：Time
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Summary

• ICCG Solver for Heat Conduvtion Problems by FVM with FP64 

(Double Prevision) and with FP32 (Single Prevision)

– TimetfortICCG,tPowertConsumptiont(W),tEnergytConsumptiont(J)

• FP64(DP)⇒FP32(SP)

– Numbertoftiterationstincreasestbyt20%tandttimetfortICCGtdecreasest

byt40-45%tontatsingletnodetoftInteltXeontBroadwelltwitht36-corestift

thetratiotoftl
1
/ l

2
istnottlargertthant104

– Powertconsumptiont(W)tdoestnottchange

– Energytconsumptiont(J)tistproportionalttotcomputationttime

• Results of Accuracy Verification can be found in the 

separate slides
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