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(Problem) ( )

1.

Analyze a huge amount of images in real-time
2.

Rapidly Adapt to the changes in environmental conditions
3. -

Edge Computing Reduce traffics on Internet

These problems are deeply related with each other
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Simultaneous optimization
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Goal in Small Phase

Compute node 50x 1/10
Parallelization 10x

_earning Algorithm 10x 1/10
Downsizing 1/100

Total > 1000x < 1/1000



What we have done until Nov. 2018

Compute node 18x (50x) 1/5(1/10)
(Yokota G)

Parallelization 1536x (10x) ?
(Matsuoka G)

Learning Algorithm 10x (10x) ?(1/10)
(Shinoda G)

Downsizing 1/90(1/100)
(Murata G)

Total > 1500x ?
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(Natural Gradient Descent)

Stochastic gradient descent  6;4.1 =6; —nVJ
Momentum ¢, =6, + v, v = V41 —NVJ
AdaGrad 975_|_1 — Ht — ndzag(F)_1/2VJ F=VJVJ

Natural gradient descent 0rp1 =0, —nF'VJ

(NGD)
NGD SGD 10
Fisher F
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Kronecker
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ImageNet fast training Project

e Apnen

Top 10 Arxiv Papers Today in Compuler Science

z.oh Mikevs
2 ) g - h: ining )
® o R e
4000 - Razuki Osawa, Yohel Tsuji, Yaichiro Ueno, A\kira Naruse, Rie Yokota, Satoshi Matsuoka

Large-scale distributed training of deep neural networks suffer from the generalization gap caused by the
O u r Targ et increase in the effective mini-batch size. Previous approaches try to solve this problem by varying the leaming
rate and batch size over epochs and layers. or some ad hoc modification of the batch normalization. We
proposs an alternative approach using a second-order optimization method that shows similar ger-emlizauan
J u Iy 2 O 1 9 capability to first-order methods. but converges faster and can handle larger mini-batches. To test our method
3000 - on & benchmark where highly optimized first-order methods are available as references. we train Reshet-50
on ImageMet. We converged to 75% Top-1 validation accuracy in 35 epochs for mini-batch sizes under 16.384,
and achieved 75% even with a mini-batch size of 131.072, which took 100 epochs.
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Student-Teacher (Knowledge
Distillation)
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(Knowledge Distillation)

 Student-Teacher

1.
2.

. End-to-End

. 1/10

Yy

1

Decoder
- It

Attention

ﬁ lll?llc

Encoder

A

X

¥, = "vou can too"
¥, = "vou can two”
¥, = "vou can tou"
¥, = "ve can too"
¥. = "vou can"

A

Eeam search

plt|s) = H;a:szb.l,_,:
j=1

A

_ Teﬁéher |

Cutput = = = == = = » Dutput
_— . e —
Distillation
B ___---=""I E
Input Input

Cepgprp =

)

[Student |
A

18
Raden et al, ICASSP2019



i
. &
.

4.

Deep Net



Deep Net

Quantized Weight Matrix

2-1 _2-2 _2-!
Pre-Trained Network

J—L o i 23

Y 22 [ o | 2
Pruning & Splicing
Metwork Encoded Weight Matrix
|-

Train Network

 FEEEEEEEEEEEEEEEEsEsssEEEs
s EEEEEEEEEEEsEEEEEsEeEem e

S
scalar indices  codebook metadata
Parameter Fine-Tuning Adversarial Training + Quantization DEFLATE Encoding
Methods Comp. Rate Top-1 Acc. Top-5 Acc. Size (MB)
Original - 0.58 0.80 240
Knoll, 2012 (P+H) 38x 0.58 0.80 6.3
Han, 2016 (P+Q+H) 35x 0.58 0.80 6.9
Zhou, 2017 (P+Q) 89x 0.58 0.80 2.69
Ours (P+Q+D) 90x 0.59 0.81 2.64
P : Pruning
Q: Quantization Knoll, 2012 and Han, 2016
H: Huffman Encoding required specific customized hardware 20
D: DEFLATE Wijayanto et al IEEE BigComp 2019
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. Game Changer

® Fujitsu-Riken design A64fx ARM v8.2 (SVE), 48/52 core CPU

e HPC Optimized: Extremely high package high memory BW (1TByte/s),
on-die Tofu-D network BW (—400Gbps), high SVE FLOPS (—~3Teraflops),
various Al support (FP16, INT8, etc.)

e Gen purpose CPU - Linux, Windows (Word), other SCs/Clouds

e Extremely power efficient — > 10x power/perf efficiency for CFD
benchmark over current mainstream x86 CPU

® L argest and fastest supercomputer to be ever built circa 2020
e > 150,000 nodes, superseding LLNL Sequoia
e > 150 PetaByte/s memory BW
e Tofu-D 6D Torus NW, 60 Petabps injection BW (10x global IDC traffic)
e 25—~30PB NVMe L1 storage
e ~10,000 endpoint 100Gbps I/0 network into Lustre
e The first ‘exascale’ machine (not exa64bitflops but in apps perf.)
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ResNet-50

CNN
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FPGA
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3 CNN

FPGA

. (YOLOv2) FPGA(Intel Arrial0)
GPU(RTX2018Ti) 75% 3
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—

FPGA



AIP

(ICML2013,ICML2014,AISTATS2017,NIPS2017,NeurlPS2018,AISTATS2019)

NN
NN (11 73
(AISTATS2018,ICML2019,ICLR2019)
NN
ResNet

(AISTATS2018,ICML2018)
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Approximation: [Suzuki: Fast generalization error bound of deep learning from a kernel perspective. AISTATS2018.]
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[Model [ Top-1 Top-5 # Param. FLOPs |
ResNet-50-1 72.89% 91.07% 25.56M T7.75G
ThiNet-70 7204 % 90.67% 16.94M 4.88G
ThiMNet-50 71.01 % 90.02% 12.38M 341G
NISP-50-A 72.68% — 18.63M 5.63G
NISP-50-B 71.99% — 14.57TM 432G
Spec-ResA 7299% 91.56% 12.38M 3.45G
(ResNet 50 )

Compression: [Suzuki, Abe, Murata, Horiuchi, Ito, Wachi, Hirai, Yukishima, Nishimura: Spectral-Pruning: Compreéssing

deep neural network via spectral analysis, 2018]




[Suzuki: Adaptivity of deep ReLU network for learning in Besov and mixed smooth Besov spaces: optimal rate

and curse of dimensionality. ICLR2019]
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