Co-Design of BD/ML/AI with HPC using BD/ML/AI

- for survival of HPC Acceleration and Scaling of

Accelerating
Conventional HPC Apps

Big Data Al-
Optimizing System Oriented
Software and Ops Su percomput
ers

Future Big Data-Al
Supercomputer Design

ABCIl: World’s first and
largest open 100 Peta Al-

Flops Al Supercomputer,
Fall 2017, for co-design
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Acceleration
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Research on Advanced Deep Learning Applications

(Part of JST Extreme Big Data Project 2013-2018)
e Deep Learning IS HPC!

* Training models — mostly dense MatVec
e Data Access for training target data sets
e Sharing updated training parameters
in neural networks
e Goals
e Accelerate DL applications in EBD architectures ?
e Extreme-scale Parallelization, Fast Interconnects, Storage 1/0, etc.

* Performance bottlenecks of multi-node parallel
DL algorithms on current HPC systems ?

* Current Status DENSO

 Official Collaboration w/DENSO IT Lab signed November Real DL

* Profiling based bottleneck identification and performance
modeling & optimization of a real DL application on TSUBAME

e Great result, joint paper being prepared for submission
e > 100 million images, 1500 GPUs (6 Pflops) 1 week grand challenge run /O | | Comm Calc

e Compete w/Google, MS, Baidu etc. in ILSVRC in ImageNet with shallow network
e To fit within smaller platforms e.g. Jetson
* Got reasonable results, about 10% accuracy with 15-layer CNN

* Denso Lab continues to run workloads on TSUBAME2.5 and TSUBAME-KFC/DL
e In talks with other companies, e.g. Yahoo! Japan

Many companies (ex. Baidu, etc.) employ GPU-based
Cluster Architectures, similar to TSUBAME2 & KFC

Applications

Feed Back
Performance Model
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Research plan

Small phase: Develop system components
1. Low-rank approximation algorithms for decreasing the computational cost on

each node (Yokota G)

2.  Fast parallel algorithm to decrease the communication between nodes and
optimization by resource scheduling (Matsuoka G, AIST)

3.  Fast deep learning algorithm utilizing knowledge structure (Shinoda G)

4. Deep Net compress algorithm for real-time recognition and analysis (Murata G,
AIST)

Large phase: System integration & evaluation

e Real-time operation on the specific terminal
devices

e Use data from real applications

* Argonne National Laboratory and Chicago Univ:
Sensor data for smart city

e Toyota InfoTechnology Center: Drive recorder video
Smart city sensor

e Open platform
APIs and Tools on Clouds, TSUBAME
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RWBC-OIL: 2-3 Ultra-High Dimensional Data (UHDD) Group

Developing methods for analyzing UHDD and applying them to real data

(@Domain specific Precise statistical test

dimension reduction for UHDD with LAMP
Tomii (AIST) ./ Ohue (TokyoTech Sese (AIST) ./ Ishida (TokyoTech

A Common Problem in BigData Analysis (e.g., health care, genome
and drug discovery) : Ultra-High Dimension

e.g.,:
Text data=Genome seq. (4 chars), Amino acid seq. (20 chars) ¢k-gram stats generates million to billion dims.
Numerical data=Metabolome (n dims) , Molecular prop. (hundreds to thousands dim) , Protein structure (ten

thousands dim)
‘ Real application and data

Categorical data=Epidemiology data (n dim)
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/{ Genomics ]\
Ultra-fast Seq. Analysis

GHOSTZ

e Suzuki et al., Bioinformatics (2015)
e Suzuki et al., PLOS ONE (2016)

Oral/Gut Metagenomics
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Protein-Protein
Interactions
Exhaustive PPI
Prediction System

MEGADOCK 4.0
‘l’.. _ﬁ??? - Docaing Scorz ) )
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\ * Yamasawa et al., IIBMP (2016)

\- Matsuzaki et al., Protein Pept Lett (2014)

Recent achievements in Akiyama Laboratory

Drug Discovery

Fragment-based
Virtual Screening

Spressg

* Yanagisawa et al., GIW (2016)

Learning-to-Rank VS

PKRank
e Suzuki et al., AROB2017 (2017)
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Jun Sese

Leader of Machine Learning Research Team
AIRC, AIST
[Bioinformatics, Machine Learning]

Kentaro Tomii

Leader of Intelligent Bioinformatics Team
AIRC, AIST
[Computational Biology, Drug Discovery]

Kenji Nagata

Senior Researcher of Machine Learning Research
Team, AIRC, AIST
[Machine Learning, Bayesian Inference]

Ultra-High Dimensional Data (UHDD) Group Members

RRIEKRF

Tokyo Institute of Technology

Yutaka Akiyama

Professor, Dept. of Computer Science, Tokyo Tech [Bi
Parallel Computing]

Takashi Ishida

Assoc. Prof., Dept. of Computer Science, Tokyo Tech
Biophysics]

Masakazu Sekijima

Assoc. Prof. and Learder of
Advanced Computational Drug Discovery Unit, Tokyo Tecl

[Computational Drug Discovery, Parallel Computing]

Takuji Yamada

Assoc. Prof., Dept. of Life Sci.&Tech, Tokyo Tech [Bioi
Meta-Genomics]

Masahito Ohue

Assist. Prof., Dept. of Computer Science, Tokyo Tech
Chemo-Informatics] 51



OIL-RWBC: 2 — 2 : Integration of Real World Big Data Analysis and
Agent-Based Modeling

" Integrated Framework for Probabilistic Modeling and Agent—Based Simulation

/[Collecting Real ] [ Extracting ] [ Developing : Decision ] \

Macro
World Big Data . Agent-Models Support
& Information & PP
:“ AIST Technologies '.:
AR EEEEEEEEEEEEEEEEEEEEER fussssssEEsEEEEEEEEEEESN nt

- : ., TOKYO TECH Technologies s

Predicting Behavioral Rules from “scsscssssrsnssnsnssnsnnsnsnnsnnnnannnns g. ........ .
Real World Big Data through Large scale Agent Modeling with
Probabilistic Modeling Super Computer Systems: TSUBAME3.0 &

Bridging the Technologies to Industries

(-Application for Real World Problems in Companies and Local Governments

ABCI
Large Scale Parallel Scenario Analyses
\

N ( N ( . .
Decision Support for Local Health Management Factory Behavior Analysis

; Processes
- Prototype Development Peoples Health Data in Japan

*Sightseeing with Factory

\\Experiments J\L J\L ))
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RWCP-OIL Example: Optimization through Big Data Analysis and
Agent Simulation in a Large Scale Manufacturing Firm

0) Target Domain: Cell Type Manufacturing Line with Human Robot Mixtures

1) Behavioral Data of Workers and Information of Manufacturing Lines >Big Data >Modeling
2) Simulation through Agent Based Models > Determination of Optimization Methods

3) Integrated Use of Real Time Operation Data and Real Time Simulators

(0)
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AIST

Al Research Center (AIRC), AIST
Now > 300+ FTEs

Deployment of Al in real businesses and society

Institutions - SecI:J ;'ty . Health Care Innovative Il\ganuf.atlzturtl’ng Bi “Bnlgds_cuir;cc_es
Companies etwor -erv-lce Elderly Care Retailing ndustria ro- ots io- e-lca -C|ences Start-Ups
—_ Communication Automobile Material Sciences
Standard Tasks echnology transfer
PELE arting Enterprises

—

Technology transferAPplication Domair
Joint research T"oommon AT Diarrorr dNGd

ﬂng/Business Team C ' S Planning/Business Team
- NLP,NLU  Behavior Prediction Planning Image Recognition  ,, o awork
Text mining ining & Modelingl Recommend Control 3D Object recognition
Matsuoka : Joint Brain Inspired AI Data-Knowledge integration Al

appointment as .
" . ” H.Model of Model of Basal ganglia Ontology . o B ; t
DeS |gn ated Fe | I ow Ippocampus Cerebral cortex - Knowledge Logic & Probabilistic ayesian net .. -

S, Modeling

since July 2017 Core Center of Al for Industry-Academia Co-operation 54



ABCI Prototype: AIST Al Cloud (AAIC)
March 2017 (System Vendor: NEC)

* 400x NVIDIA Tesla P100s and Infiniband EDR accelerate various Al workloads
including ML (Machine Learning) and DL (Deep Learning).

« Advanced data analytics leveraged by 4PiB shared Big Data Storage and Apache
Spark w/ its ecosystem.

SINETS
Internet
Connection /

Firewall

 FortiGate 3815D x2 :
 FortiAnalyzer 1000E x2 )

10-100GbE

ent Network
GbE or 10GbE

Service and Manage&

Al Computation System 400 Pascal GPUs Large Capacity Storage System

(Computation Nodes (w/GPU) x50 30TB Memory DDN SFA14K
+ Intel Xeon E5 v4 x2 S6TB SSD « File server (w/10GbEx2,

* NVIDIA Tesla P100 (NVLink) x8 IB EDRx4) x4
\_e 25AGIR Memorv_480GR SSD

> ) ‘ Interactive Nodes I
Computation Nodes (w/o GPU) x68 X2

» Intel Xeon E5 v4 x2 Mgmt & Service
.+ 256GiB Memory, 480GB SSD Nodes x16

» 8TB 7.2Krpm NL-SAS - -
HDD %730 >4PiB effective
« GRIDScaler (GPFS) RW100GB/s

A

_4

IB EDR (100Gbps)

Computation Network Bi-direction 200Gbps

Mellanox CS7520 Director Switch Full bi-section bandwidth
» EDR (100Gbps) x216

IB EDR (100Gbps)
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Estimated Compute Resource Requirements for Deep Learning
[Source: Preferred Network Japan Inc.]

To complete the learning phase in one day P:Peta
S Bio / Healthcare E:Exa
Image/Video |48 F:Flops
Recognition * % ' .
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The “Chicken or Egg Problem” of
Al-HPC Infrastructures

e “On Premise” machines in clients => “Can’ t invest in big in Al
machines unless we forecast good ROIL. We don’ t have the
experience in running on big machines.”

e Public Clouds other than the giants => “Can’ t invest big in Al
machines unless we forecast good ROIL. We are cutthroat.”

e Large scale supercomputer centers => “Can’ t invest big in Al
machines unless we forecast good ROI. Can’ t sacrifice our existing
clients and our machines are full”

e Thus the giants dominate, Al technologies, big data, and people stay

behind the corporate firewalls---
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ABCI Data

Cooling Tower
Free cooling
Coolability: 3SMW

Chilling Unit
Coolability: 200kW

Lithium battery
IMWh, IMVA

high voltage receiving equipment (3.25MW)

Center

18 Racks

Future
Expansion
Space

W:18m x D:24m x H:8m

72 Racks

Layout Plan

Single Floor, inexpensive build
Hard concrete floor 2 tonnes/m2
weight tolerance for racks and
cooling pods
Number of Racks

e [nitial: 90

« Max: 144
Power Capacity

e 3.25 MW (MAX)
Cooling Capacity

e 3.2 MW (min in Summer)

Data Center Image
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We are implementing the US AI&BD strategies already
...in Japan, at AIRC w/ABCI

e Strategy 5: Develop shared public datasets and
environments for Al training and testing. The
depth, quality, and accuracy of training datasets
and resources significantly affect Al performance.
Researchers need to develop high quality
datasets and environments and enable
responsible access to high-quality datasets as well
as to testing and training resources.

e Strategy 6: Measure and evaluate Al technologies
through standards and benchmarks. Essential to
advancements in Al are standards, benchmarks,
testbeds, and community engagement that guide
and evaluate progress in Al. Additional research is
needed to develop a broad spectrum of
evaluative techniques.



