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https://arxiv.org/pdf/1703.02442.pdf
https://www.nature.com/nature/journal/v542/n7639/full/nature21056.html
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https://techcrunch.com/2017/09/07/lyft-and-drive-ai-partner-on-bay-area-self-driving-ride-hailing-pilot/
https://www.youtube.com/watch?v=GMvgtPN2IBU
https://www.tesla.com/autopilot
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Perception, Planning, Control, and Coordination for
Autonomous Vehicles [Pendleton+, 2017]
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Adding Navigation to the Equation: Turning Decisions for
End-to-End Vehicle Control [Hubschneider+, 2017]
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https://www.researchgate.net/publication/320508702_Adding_Navigation_to_the_Equation_Turning_Decisions_for_End-to-End_Vehicle_Control
http://www.mdpi.com/2075-1702/5/1/6
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Interactively Picking Real-World
Objects with Unconstrained

Spoken Language Instructions

Jun Hatori*, Yuta Kikuchi*, Sosuke Kobayashi*, Kuniyuki

Takahashi*, Yuta Tsuboi*, Yuya Unno*, Wilson Ko, Jethro Tan
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http://monoist.atmarkit.co.jp/mn/articles/1710/30/news035.html
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# BERHNETILOEE (LeNet)
model = LeNet5()
model = L.Classifier(model)

# VRMEADT -2ty FEIRE
dataset = [(x1, t1), (x2, t2), ...]

# TNy FT Ry P ERTATL—X
it = iterators.SerialIterator(dataset, batchsize=32)

# BB FiE

opt = optimizers.SGD(1r=0.01)
opt.setup(model)

updater = training.StandardUpdater(it, opt, device=0) # device=-1 if you use CPU
trainer = training.Trainer(updater, stop trigger=(100, 'epoch'))
trainer.run()
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CuPy: Chainer@®GPUINY O I >R (NumPyE#AGPU ArraySAI'S5V)
NumPy-likelC&hNIcsHE 1 — R&E2GPUTRET

ChainerMN: 2EGEBFEHEM/I\YVH—>
BVWAT—5SEUF v (128GPUT100{8DE%1L)

C h a ] n e r ChainerRL: FE#ELFBZ SISV
ChainerRL,

DQN, DDPG, A3C, ACER, NSQ, PCL, etc. OpenAl Gym BR— bk

ChainerCV: EMFERE P IV I VX LA - —AY RSYN-N\VvH5—>

Faster R-CNN, Single Shot Multibox Detector (SSD), SegNet, etc.

e Chainer Chemistry: S Jt&&=HFDItEM7—9EF T —T>5——270
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Faster R-CNN, Single Shot Multibox Detector (SSD), SegNet, etc.
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https://arxiv.org/abs/1708.08169

ChainerMN & TS+« R— RGPUS S 245 % FBL N = FIFE BIRIE
o 1024GPUBE# B\ CEIFERSA L FIY— I CHR—&IZR (20174118)

'=."‘

a é géﬁig’ 6 h * ¥ = ImageNet in 15 minutes

Transportation system Manufacturing (factory Bio/health care
(e.g. autonomous driving)  automation on leveraging robots) (e.g. cancer diagnosis)
{> Chainer
Deep learning framework )D eferred
"IN etworks
L£8® Chainer MN
A multi-node distributed deep learning package
GPU servers HTTCo.wnumcanons
IEE=EEEEeEEE oo

NTT Com Group's GPU Platform NVIDIA CEO Jensen Huang KK(C KD

PFN’s Supercomputer ¥2~ SC17 TOEHA

Overview of the private supercomputer https://twitter.com/NVIDIAAIJP/status/930209150084063232
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AWSI(CHFBChainerdHR— vt AWS
)

e AWS Deep Learning AMIHY/R—bE o RFI A MDFE

o IBIFRHI AT v —hRODVA.0&F B e Chainer on AWSDOF1— UJ7)L

E Menu aws More ~ English ~ My Account ¥ aws = | Bxm - | A2Y—cHA > >F3 ‘
—

Amazon Deep Learning AMIs Overview Resources

Support for deep learning frameworks

Deep Learning AMI
CEZEeY

n o

The AWS Deep Learning AMIs support all the popular deep learning frameworks allowing you to define models and then train them at FFax b -FAAE M
scale. Built for Amazon Linux and Ubuntu, the AMIs come pre-configured with Apache MXNet and Gluon, TensorFlow, Microsoft Cognitive Gl
Toolkit, Caffe, Caffe2, Theano, Torch, PyTorch, Chainer, and Keras, enabling you to quickly deploy and run any of these frameworks at
scale AWS B2 A2 b » Deep Learning AMI » BAREH A 1= » F21— BUTPILE L » Chainer
Chainer
6 Q Chainer (&, B THEERNCEME 1 —ZI)L7Y FO—=07—FF7IF v w pstik ¢ 3/-DFEEEDSH S Python ~—2AD
F TensorFlow @Xnet GLUON ‘ affe IL—AhD—2TH, Chainer &, FL—=>4(CEHBILF GPU + Y AI > ADEREMEICLEDS, F/z, Chainer [FE
Chainer

BNICHER. I35 IJ0BEASIGEREEOJCRIRL, sHHI50 TZa—2)bay FI—22 8186 S1coHantihEET
L&#d, Z1UJ Deep Learning AMI & Conda (Conda @ DLAMI) [CEFNTWLET,

RO EEwITE, BEHOGPU, B0 GPU B4&U CPU TD HL—=2 REALOMER, &80 Chainer 1 > A b—)La 7
AT ESIEERPLET,

theano pyTHRCH . S caffez M7

e Chainer [C8 3 FL——JEFIL
® Chainer #{EHLTH#EHO GPU T FL—=279 3
o Chainer Z{FAL CH—® GPU THL—=T93
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e —Chainer v4.1 & ChainerMN v1.3ZHHEVTFE0) !

e 1ENI#EEL1: Double buffering Ci@8E D1 —H xRV MRIETHBSEU\DEUERE

o 12 VITHWAEZFALU TET /LS BZEECITVIBEERLEZ Bk

h F d Backward All-Red Optimi
E"’- :L orwar ]:[ dCkEwarn ]: equce :[ pumize J:>

| Optimize ]:[ Forward ]:[ Backward ]:[ Optimize ]:[ Forward ]:[ Backward >
—

: All-Reduce : All-Reduce :>

o ENI#KRE2: FP16 All-Reduce: HF5EFEN NSRRI UBESEZ Rk
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2) ChainerMNAGPUO S X FZAWSICHBI CHEIET DD(FAE | ‘E
e —Chainer/ChhainerMN®CloudFormation>> L — AR ! poneres WS

chainer-cfn: Cloudformation Template for ChainerMN on )
AWS r 1
This template automates to build ChainerMN cluster on AWS. The overview of AWS resources to be created by this template

are below: L J

® VPC and Subnet where cluster places (you can configure existing VPC/Subnet)
* S3 Bucket for sharing ephemeral ssh-key which is used to communicate among MPI processes in the cluster
e Placement group for optimizing network performance

e ChainerMN cluster which consists
o 1 master EC2 instance

o N (»>=8) worker instnaces (via AutoScalingGroup)
¢ chainer userto run mpijob in each instance
© hostfile to run mpijob in each instance

* (Option) Amazon Elastic Filesystem (you can configure existing filesystem)

o This is mounted on cluster instances automatically to share your code and data. W

e Several required SecurityGroups, IAM Role

https://github.com/chainer/chainer-cfn

https://chainer.org/blog/category/general/2018/06/01/chainermn-on-aws-with-cloudformation.html ;D Rrsferred
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ChainerMN

o >TJL— KTES: ChainerMNADAMI + 5 RX%5, MPL---  oueres
by aWS
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https://aws.amazon.com/jp/cloudformation/ 2 Risisored
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Chainer

e —Amazon SageMakerh*Chainer(CXihts !

o GPU > XA > RX=ZIETE U TNotebookZzx s EIF9 < (CFIFHTIEE
~ (MPI. etc)

e sagemaker-chainer-containerf”*ChainerMNE&H7R—

aws H—EFR

Amazon SageMaker

Fyah—R
v Notebook
= IYDOALRAZUR
Lifecycle configurations
237
v Inference
)L
I RRA > NSE
I ERA> b

VI-RIN—T ~ =

ATH#E

Amazon SageMaker
HmFEES L Z AR

BRICHEE, fL——>
’7 7‘7[]’(

SASZEBC MLTE

powered aWS

7 Amazon
SageMaker
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Chainer on‘éégeM‘aI;éF(l/B): Estimatorz{#> CE&EIJobE{T Q‘

Chainer

powered aWS
by
o FBXUUT . IAM role, 1 >RSI XE8H /. I\ SA—-9E%= )

tw kUTJzestimatord-1 > X5 > X = ER; P
i*i,) SageMaker

e estimator.fit() CEZJobZE1T

—— validation/main/loss

e Notebook_ECsagemaker.chainer.estimatorzimport

]: from sagemaker.chainer.estimator import Chainer .00

chainer estimator = Chainer(entry point='chainer cifar vgg single machine.py
source dir="src", :
role=role, 1257
sagemaker session=sagemaker session, 1.00 4
train_instance_count=1, 0751
train instance type='ml.p3.2xlarge’,
hyperparameters={'epochs': 50, 'batch-size': 64}

chainer estimator.fit({'train': train input, 'test': test input})

INFO:sagemaker:Creating training-job with name: sagemaker-chainer-2018-05-23-20-58-58-434
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Chainer oniéégeMvaI;éF(Z/B): Deploy Tl > X5 > X{ERk Q‘
o FBWIDHET>FBESEFINEFUCHATES . ;WS
e estimator.deploy() CEZEH & (IBIDFHIA > X5 > X 7Z2{ERL

o FBIIGPUA > RY > Z>FRIICPUA >R > 12 EETTHE ZoN e

'\._/) SageMaker

Deploying the Trained Model

After training, we use the Chainer estimator object to create and deploy a hosted prediction endpoint. We can use a CPU-based instance for inference (in this
case an ml.m4.xlarge ), even though we trained on GPU instances.

The predictor object returned by deploy lets us call the new endpoint and perform inference on our sample images.

predictor = chainer estimator.deploy(initial_ instance count=1, instance type='ml.md4.xlarge’)

INFO:sagemaker:Creating model with name: sagemaker-chainer-2018-05-23-20-58-58-434
INFO:sagemaker:Creating endpoint with name sagemaker-chainer-2018-05-23-20-58-58-434
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Chainer on S;geM-aker (3/3): Predict CFAIF X TETT Q‘

Chainer

5 AWS
o HHOBEFHITorIfRAILIR EZNotebook L TELT N

——/—

e estimator.predict() Tentry_pointfdpredict_fnEa = ELT

. AN
L4 W'J . ChalnerCV@E_Wﬁ'ftVr%HE 7 Amazon
0 &;) SageMaker
100
200
from chainerecv.visualizations import vis_bbox
from chainercv.datasets import voc bbox label names =
import matplotlib.pyplot as plt 400
vis_bbox(image, bbox, label, score, label names=voc_bbox label

plt.show()

]: bbox, label, score = predictor.predict(image)
print( 'bounding box: {}\nlabel: {}\nscore: {}'.format(bbox, label, score))

bounding box: [list([46.97834396362305, 608.4739379882812, 484.9611511230469, 1168.9505615234375]))

label: [11]

score: [0.9990977048873901] ed
> e e—e=-—-KS
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4) ChainerEZ /JLEZZ U TEAWSOIY TFAICTHER IR Q‘
Chainer

e —AWS Greengrass(CChainerZ U > )\ I)LiBH ST S UiBENM !

e AWS DeeplLens. Rasberry Pi. NVIDIA Jetson TX2%&H7/Rk—

Machine Learning 71 77 @

-5 AWS

E#=E 7 4 7 7 U4 Greengrass Machine Learning ) o/ — 2 OEETHEICL->TWET, HFE—=FrENE7 5 v F7x—=LEOT U 351
WEHZATZ VLT r0—FaETYT,

\ —7 S - £

/7 b7 TERE Chainer v TRTOTTY b7+ —LAESTE ¥

EFNEAT ~ Ty b7x—L~ N—=Ygw~ License
Chainer Intel Apollo Lake 4.0.0 MIT License KX7o—F
Chainer Nvidia Jetson TX2 4.0.0 MIT License KX7o0—F

Chainer Raspberry Pi 4.0.0 MIT License Z7>va—F ;D Nrefe rred
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