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üCPU
• Many core, Xeon-Class ARM v8 cores + 512 

bit SVE (scalable vector extensions)
• Multi-hundred petaflops peak total
• Power Knob feature

üMemory
ü3-D stacked DRAM, Terabyte/s BW /chip

üInterconnect
• TOFU3 CPU-integrated 6-D torus network

• I/O acceleration with massive SDs
• 30MW+ Power, liquid cooled
• Riken co-design with Fujitsu
•? Million cores in system

Prime Minister Abe visiting K Computer 2013

• R

NOW
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1. Heritage of the K-Computer, HP in simulation via extensive Co-Design
• High performance: up to x100 performance of K in real applications
• Multitudes of Scientific Breakthroughs via Post-K application programs
• Simultaneous high performance and ease-of-programming
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ARM: Massive ecosystem 
from embedded to HPC

Global leadership not just in 
the machine & apps, but as 

cutting edge IT

Technology not just limited to Post-K, but into societal IT infrastructures e.g. Clouds

C P U
For the

Post-K
supercomputer
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ARM for HPC - Co-design Opportunities, ISC 2018 BOF
June 25, 2018

Richard F. BARRETT, et.al. “On the 
Role of Co-design in High Performa
nce Computing”, Transition of HPC 
Towards Exascale Computing
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NICAM OPRT3D_divdamp区間 (1/3) 

Copyright 2017 FUJITSU LIMITED 7 

推定方法 
性能電力 
予測ツール 

ポスト京 
CPU 性能 
シミュレータ 

ポスト京 
CPU 性能 
シミュレータ 

ポスト京 
CPU 性能 
シミュレータ 

メモリ HBM HBM HBM HBM 

カーネル化、縮小 あり あり あり あり 

ソースコード版数 r4_asis r4_asis r4_tune01 r4_tune02 

浮動小数点数精度 単精度 単精度 単精度 単精度 

SIMD幅 16 8/16 16 16 

集計スレッド番号 3 3 3 3 

実行時間[秒] 2.09E+02 2.69E+02 3.20E+02 2.05E+02 

GFLOPS/プロセス 97.4 75.7 71.9 112.2 

メモリスループット(R+W) 
[GB/s/プロセス] 

108.5 84.4 85.6 134.6 

メモリスループット(R) 
[GB/s/プロセス] 

88.5 68.8 67.9 107.2 

メモリスループット(W) 
[GB/s/プロセス] 

20.1 15.6 17.8 27.4 

浮動小数点演算数 
/スレッド 

1.77E+12 1.77E+12 2.01E+12 2.01E+12 

実行命令数/スレッド 2.91E+11 4.63E+11 5.41E+11 4.84E+11 

ロード・ストア命令数 
/スレッド 

9.56E+10       

L1Dミス数/スレッド 1.39E+10 1.39E+10 1.44E+10 1.63E+10 

L2ミス数/スレッド 6.11E+09 6.11E+09 7.08E+09 7.16E+09 

� シミュレーション性能 
① r4_asis 

• 最内ループの配列アクセス次元が連続となっていないため、ストライドアクセスとなっている。 
• 上記の影響で一部ループのSIMD化が8となっている。単精度なので16SIMD化する必要がある。 

② r4_tune01 
• オプションによる16SIMD化を実施。 
• 命令コミットが大きく減少したが、キャッシュアクセス待ちは改善されていない。 

③ r4_tune02 
• ストライドアクセスの要因となっていた配列の次元移動と、stripingを実施。 
• ストライドアクセスから連続アクセスとなったことと、命令スケジューリングの改善により性能は改善。 

� 演算待ちの隠ぺいのためijループを評価予定。またプリフェッチの調整で更なる改善の可能性あり。 

① 
② 

③ 
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Note that these researches are not relevant to 
“post-K” architecture. 
l Y. Kodama, T. Oajima and M. Sato. “Preliminary 

Performance Evaluation of Application Kernels Using 
ARM SVE with Multiple Vector Lengths”, In Re-
Emergence of Vector Architectures Workshop (Rev-
A) in 2017 IEEE International Conference on Cluster 
Computing, pp. 677-684, Sep. 2017. 

l T. Odajima, Y. Kodama and M. Sato, “Power 
Performance Analysis of ARM Scalable Vector 
Extension”, In IEEE Symposium on Low-Power and 
High-Speed Chips and Systems (COOL Chips 21), Apr. 
2018
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Post-K Chassis, PCB (w/DLC), and CPU Package
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For the
Post-K

supercomputer
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JST-CREST “Extreme Big Data” Project (2013-2018)

Supercomputers
Compute&Batch-Oriented

More fragile

Cloud IDC
Very low BW & Efficiency
Highly available, resilient

Convergent Architecture (Phases 1~4) 
Large Capacity NVM, High-Bisection NW

PCB

TSV Interposer

High Powered 
Main CPU

Low 
Power 
CPU

DRAM
DRAM
DRAM
NVM/Fla
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Low 
Power 
CPU

DRAM
DRAM
DRAM
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h

2Tbps HBM
4~6HBM Channels
1.5TB/s DRAM & 
NVM BW

30PB/s I/O BW Possible
1 Yottabyte / Year

EBD System Software
incl. EBD Object System
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Large Scale 
Metagenomics

Massive Sensors and 
Data Assimilation in 
Weather Prediction

Ultra Large Scale 
Graphs and Social 
Infrastructures

Exascale Big Data HPC 

Co-Design

Future Non-Silo Extreme Big Data Scientific Apps

Graph Store

EBD Bag
Co-Design 13/06/06 22:36日本地図

1/1 ページfile:///Users/shirahata/Pictures/日本地図.svg

1000km

KV
S

KV
S

KV
S

EBD KVS

Cartesian Plane
Co-Design

Given a top-class 
supercomputer, 
how fast can we 
accelerate next 
generation big 
data c.f. Clouds?

Bring HPC rigor in 
architectural, 
algorithmic, and 
system software 
performance and 
modeling into big 
data
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Mutual feedback

High-precision Simulations

High-precision 
observations

Future-generation technologies
available 10 years in advance
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Big Data Assimilation 
for severe weather forecast 

120 times more rapid than hourly update cycles

Revolutionary super-rapid 30-sec. cycle

Goal � Pinpoint (100-m resol.) forecast of severe local weather by
updating 30-min forecast every 30 sec!

Only in 10 minutes!



9/11/2014, sudden local rain

>40,000 views
#9 of RIKEN channel
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USA-road-
d.NY.gr 

USA-road-d.LKS.gr

USA-road-d.USA.gr

Human Brain Project    

Graph500 (Toy)

Graph500 (Mini)

Graph500 (Small)

Graph500 (Medium)

Graph500 (Large)

Graph500 (Huge)

1 billion 
nodes

1 trillion 
nodes

1 billion 
edges

1 trillion 
edges

Symbolic 
Network

USA Road Network

Twitter (tweets/day)

No. of nodes

No. of edges
K computer: 65536nodes
Graph500: 17977 GTEPSThe size of graphs

Mobile Phone : SONY SO-01F
Snapdragon S4 1.7GHz 4core: 2GB RAM
1.03GTEPS: 235.06MTEPS/W



Sparse BYTES: The Graph500 – 2015~2016 – world #1 x 4
K Computer #1 Tokyo Tech[Matsuoka EBD CREST] Univ. 

Kyushu [Fujisawa Graph CREST], Riken AICS, Fujitsu
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K-computer No.1 on Graph500: 5 Consecutive Times
• What is Graph500 Benchmark?
• Supercomputer benchmark for data intensive applications.
• Rank supercomputers by the performance of Breadth-First Search for very huge 

graph data.
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This is achieved by a combination 
of high machine performance and 

our software optimization.

• Efficient Sparse Matrix Representation with 
Bitmap

• Vertex Reordering for Bitmap Optimization
• Optimizing Inter-Node Communications
• Load Balancing

etc.
• Koji Ueno, Toyotaro Suzumura, Naoya Maruyama, Katsuki Fujisawa, and Satoshi Matsuoka, "Efficient Breadth-First Search on 

Massively Parallel and Distributed Memory Machines", in proceedings of 2016 IEEE International Conference on Big Data (IEEE 
BigData 2016), Washington D.C., Dec. 5-8, 2016 (to appear)



Modern AI is enabled by Supercomputing
• 25 years of AI winter after failure of symbolic logic based methods 

(e.g., Prolog, ICOT) -> resurrection by DNN, basic algorithms in the 
1980s but too expensive -> HPC made machines 10 million times 
faster in 30 years -> expensive training now possible

• Recent trends require more supercomputing power
– Deeper, more complex networks (Capsule Networks)
– Complex, multidimensional data (e.g., 3-D Hi-Res images)
– Increasing training sets (incl. GANs)
– Coupling with high-fidelity simulations
– Etc.

Fig. 2: Andrew Ng (Baidu) “What Data Scientists Should
Know about Deep Learning”



4 Layers of Parallelism in DNN Training well supported in Post-K
• Hyper Parameter Search

• Searching optimal network configs & parameters

• Parallel search, massive parallelism required

• Data Parallelism
• Copy the network to compute nodes, feed different batch data, 

average => network reduction bound

• TOFU: Extremely strong reduction, x6 EDR Infiniband

• Model Parallelism (domain decomposition)
• Split and parallelize the layer calculations in propagation 

• Low latency required (bad for GPU) -> strong latency tolerant 
cores + low latency TOFU network

• Intra-Chip ILP, Vector and other low level Parallelism
• Parallelize the convolution operations etc. 

• SVE FP16+INT8 vectorization support + extremely high memory 
bandwidth w/HBM2

• Post-K could become world’s biggest & fastest platform 
for DNN training!
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Deep Learning is “All about Scale”
Massive Parallelization is the key

• Data-parallel training with (Asynchronous)
Stochastic Gradient Descent

– Replicate network to all the nodes, feed different data, average the 
gradients periodically

– Network All-Reduce Reduction in Megabytes~Gigabytes becomes 
the bottleneck at scale

– NVIDIA: NVLink Hardware + NICL library (up to 8 GPUs on DGX-1, 
16 on DGX-2 w/ NVL Switch)

July 9, 2018 Jens Domke
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Fig. 2: Andrew Ng (Baidu) “What Data Scientists Should
Know about Deep Learning”

Fig. 3: Simplified DL workflow with ASGD per iteration:
1. Compute gradient
2. Exchange gradients via all-reduce; and
3. Update network parameters



Example AI Research: Predicting Statistics of Asynchronous SGD Parameters 
for a Large-Scale Distributed Deep Learning System on GPU 
SupercomputersBackground

• In large-scale Asynchronous Stochastic Gradient Descent 
(ASGD), mini-batch size and gradient staleness tend to be 
large and unpredictable, which increase the error of trained 
DNN

Objective function E

W(t)
-ηΣi ∇Ei

W(t+1)
W(t+1)

-ηΣi ∇Ei

W(t+3)

W(t+2)

Twice asynchronous 
updates within 

gradient computation

Staleness=0

Staleness=2

DNN parameters space

Mini-batch size

(NSubbatch: # of samples per one GPU iteration)
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Proposal
• We propose a empirical performance model for an ASGD 

deep learning system SPRINT which considers probability 
distribution of mini-batch size and staleness

• Yosuke Oyama, Akihiro Nomura, Ikuro Sato, Hiroki Nishimura, Yukimasa Tamatsu, and Satoshi Matsuoka, "Predicting Statistics of 
Asynchronous SGD Parameters for a Large-Scale Distributed Deep Learning System on GPU Supercomputers", in proceedings of 
2016 IEEE International Conference on Big Data (IEEE BigData 2016), Washington D.C., Dec. 5-8, 2016



Interconnect Performance as important 
as GPU Performance to accelerate DL

• ASGD DL system SPRINT (by DENSO IT Lab) and DL speedup prediction
with performance model

– Data measured on T2 and KFC
(both FDR) fitted to formulas

– Allreduce time (∈ TGPU) dep. on
#nodes and #DL_parameters

• Other approaches == similar improvements:
– Cuda-Aware CNTK optimizes communication pipeline è 15%—23% speedup

(Banerjee et al. “Re-designing CNTK Deep Learning Framework on Modern GPU Enabled Clusters”)

– Reduced precision (FP[16|8|1]) to minimize msg. size w/ no or minor accuracy loss

Fig. 4: Oyama et al. “Predicting Statistics of Asynchronous SGD Parameters for a
Large-Scale Distributed Deep Learning System on GPU Supercomputers
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Post-K Processor
�High perf FP16&Int8
�High mem BW for convolution
�Built-in scalable Tofu network

Unprecedened DL scalability

High Performance DNN Convolution
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High Performance and Ultra-Scalable Network
for massive scaling model & data parallelism

� "#����� B������������BF�!��	�B��

�	��
����
	��� ������	��
���-���-����

C P U
For the

Post-K
supercomputer

C P U
For the

Post-K
supercomputer

C P U
For the

Post-K
supercomputer

C P U
For the

Post-K
supercomputer

TOFU Network w/high 
injection BW for fast 
reduction



Evaluation: WD using Integer LP

A desirable configuration set of AlexNet conv2 (Forward)
Mini-batch size of 256, P100-SXM2

Each bar represents proportion of micro-batch sizes and algorithms 1

Evaluation: WR using Dynamic Programming

• μ-cuDNN achieved 2.33x speedup on forward convolution of 
AlexNet conv2

cudnnConvolutionForward of AlexNet conv2 on NVIDIA Tesla P100-SXM2
Workspace size of 64 MiB, mini-batch size of 256

Numbers on each rectangles represent micro-batch sizes 1
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130 billion freedom 
earthquake of entire Tokyo 
on K-Computer (ACM 
Gordon Bell Prize Finalist, 
SC16,17 Best Poster)

28Too Many InstancesEarthquake

Soft Soil <100m� Candidate 
Underground 
Structure 1

Candidate 
Underground 
Structure 2

AI Trained by Simulation 
to generate candidate 
soft soil structure
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