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Q‘ Chainer

A Powerful, Flexible, and Intuitive Framework for Neural Networks

GET STARTED LEARN MORE

https://chainer.org/ D Rrsferred
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Chainer:
A Flexible Deep Learning Framework

Define-and-Run
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Model Computational
definition graph
Run
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Caffe2, TensorFlow etc.
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PyTorch, TensorFlow(Eager Execution) etc.
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ChainerMN: Distributed Training with

Chainer

* Bundled with Chainer (from Chainer v5)
« Enables multi-node distributed deep learning using NVIDIA NCCL2

Features

« Scalable: Near-linear scaling with hundreds of GPUs

* Flexible: Even GANs, dynamic NNs, and RL are applicable

Distributed Training with ChainerMN
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Achievement on MN-1a: ImageNet in 15 minutes

Training time of ResNet-50 (90 epochs) on ImageNet

70
60
arXiv: 1711.04325
= 50 Extremely Large Minibatch SGD: Training ResNet-50
540 on ImageNet in 15 Minutes
2 30
S
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Achievement on MN-1b: PFDet in OIC 2018

Featured Prediction Competition

Google Al Open Images - Object Detection Track $30,000

Detect objects in varied and complex images. Prizo T

m Google Al - 454 teams - 2 months ago

Overview Data Kernels Discussion Leaderboard Rules

Overview

i A Introduction

Evaluation Google Al (Google's Al research arm, tasked with advancing Al for everyone) is challenging you to build

Prizios an algorithm that detects objects automatically using an absolutely massive training dataset — one with
more varied and complex bounding-box annotations and object classes than ever before.

Timeline

Here's the background. Computers are getting better and better at vision. But in a few critical ways, they
still can't match a human's intuitive perception. 5 nrefer d
D etwoll-'f(s

For example, what do you see when you look at this photo?
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Achievement on MN-1b: PFDet in OIC 2018

« Google Al Open Images - Object Detection Track
— Competition using Largest-class image dataset
— 12 million bounding boxes, 1.7 million images
— 454 competitiors
— Approx. 500GB (annotated subset)
» Object detection: much harder than object recognition task

Open Images Dataset V4

15,4

2 Rsleoss




Achie

vement on MN-1b: PFDet in OIC 2018

« We won the 2"d position (0.023% diff to the 1st)

= Apub Team Name Kernel Team Members Score ®  Entries Last
1 ol kiuajnk m 0 88R587 102 2mao
2 <1  PFDet O Bl g 2 0.58634 49 2mo
3 <1 Avengers B o e 0.58616 84 2mo
4 XJTU B | 0.58348 22 2mo
5  — ikeiting S LAl B 0.56801 39 2mo
6 — Sogou_MM - m n 0.53909 105 2mo
7 QLearning o i I 0.53709 20 2mo
=
14 D» m&{-ﬁg



Opensourcing PFDet:

Pull requests

Issues Marketplace Explore

Preferred Networks, Inc.

http:fiwww.preferred-networks.jp/

2 Ristsersd

[J] Repositories 107 People 123 Teams 12 Projects 0 Settings

Type: All = Language: All =

778v1 [cs.CV] 4 Sep 2018

arXiv:1809.00

PFDet: 2nd Place Solution to Open Images Challenge 2018
Ohbject Detection Track

Takuya Akiba® Tommi Kerola®

{axiba, tomnd, ni

Abstract

Wi present a lage-scale object detection syssem by seam
PFDet. Qur system enables training with hinge datasets us-
ing 512 GPUs. handles sparsely verified classes, and mas-
sive class imbalance. Using owr method, we achieved 2nd
Mace in the Google Al Open Images hyject Detection Track
2008 on Kaggle. '

L. Introduction

Open Images Detection Datsset V4 (OID) [6] is cur-
rently the largest publicly available object detection dataset,
including 1.7M amnctsted images with 128 bounding
baves. The diversity of images in training datasets is the
driving force of the generalizability of machine leaming
models. Successfully tmained models on OID would push
the frontier of object detecton with the help of data

Training & deep beamning medel on OID with low paral-
lelization would bead 1o probabitively bong traiing times, as
s the case for irmining with olber large-scale datasets [2]
We follow the work of MegDet [11] and use multi-node
batch normalization to stably train an object detector with
bateh size of 512 Using ChainerMN [ 1], a distribuited deep
leamning library, we demonstrate highly scalable paralicliza-
thon over 512 GPUs

OID is dfferem from s predecessors, such o M$S
COCO 8], not merely i terms of the sheer sumber of im-
ages, bt alwo reganding the annotation style. In the prede-
cessors, instances of all classes covered by the dataset ae
always exhaustively annotated, whereas in OID, for cach
image. instances of classes pat verified to exist in the image
are ol annotated. This b a realistie approsch (o expasiling
the number of classes covered by the dataset, because with-
vut sparsifying the annotated classes, the pamsber of anno-
tations required may explode as the total number of classes
increases.

Yusuke Niitani®
Preferred Networks, Inc.

Toru Ogawa®  Shotaro Sano®  Shuji Suweuki®

The problem with sparsifying the annotated classes is
that mest of the CNN-based object detectors leamn by as-
suming that all regions outside of the ground truth boses be-
long 1o the background, Thias, in OID, these learming meth-
odds would falsely treat a bounding box s the background
when an unverified instance is inside the box. We find that
the sparse & ts 1o irvalid labels, especially
for classes that are parts of the other classes, which we call
part classes and subject classes, respectively. For instance,
a human s usually sppears inside the boanding box of 3
pemson. Based on this finding, we propose co-oocurrmoe
lasz. For bounding box proposals that are spatially cose to
the ground iruth boxes with a subject class amnotation, co-
occumence boss ignores all learming signals for classifying
the pant classes of the subjoct class, This reduces pobse in
the braining signal, and we found this leads to 3 significant
perfoemance improvement foe par classes

In addition to the previously mentioned umigeencss of
01D, the datuset poses am usprecedented class imhalance
for an object detection dataset. The imstances of the farest
class Pressure Conker are anmotated in oaly 13 images, but
the instances of the most common class Person ate anno.
tated in more than SO0k images, The matio of the occar-
rence of the most common and the least common class v
15} times larger than in MS COCO [8]. Typically, this clas

bl be tackled by pling imag .
ing instances of rare clsses, However, this technique may
sulfer from degraded performance for common classes, as
the number of images with these classes decreases. within
the same number of training cpochs.

As 3 practical method 1o solve class imbalasce, we train
models exclusively om rare classes and ensemble them with
the rest of the models. We find this technique beneficial
e firsa 2500 raress classes, sored by their oc-

Our final model imcgrates solutions to the thee note-
worthy challenges of the OID dataset: a large mumber of
images, spanely verified clisses, and massive class imbal-
ance, We wse Feature Pyramidl Network (FPN) [7) wish S
ResMNeX1-101 and §

ot- 154 [4] an backbones traimed with

Technical report is already on arXiv:
arXiv:1809.00778

SWOrkS
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S aa———
MN-1: An in-house supercomputer
e MN-1a (Sep. ‘'17~)
— 1024 NVIDIA Tesla P100
— InfiniBand FDR
— Peak 9.3 Peta FLOPS (SP)
— #227 in Top500 Nov. 2018
e MN-1b (July. '18~)
— 512 NVIDIA Tesla V100 32GB
— InfiniBand EDR
— Peak 56 Peta (tensor) Flops

e Targeting Exa FL ops by 2020 X
g g p y 17 PD eti\:sg;-f(cs’
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ChainerMN(Z. MPIEWSIBEESA I TUDLEICHEBESINTULET
—  (MPI=1i5EtE TEEN (T{EHOHNDBES1ISY)

ChainerMNOENMEDITE

Fr
— mpiexecEWD AN RTRREITD (&)
- EARNC, B—)\— /D05 147> bEWVWDHERIEIRUN
(270X EWNCHE)
- B4 DOTOtA(FRankEWVWSTOCRESZFD (0~N-1)
- IRTOTOCXRARUTOSLA®EITISD (IZ/Z2L. RanklC
Ko TCEGFDIET B &N EIHEE
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device = ..
chainer.cuda.get _device from_id(device).use()

optimizer

—

chainer.optimizers.Adam()

CNEITDOZEET (B/I\RD) MN1E !

import chainermn

comm = chainermn.create_communicator('pure_nccl')

device = comm.intra_rank
chainer.cuda.get_device from_id(device).use()

optimizer = chainermn.create_multi_node_optimizer(
chainer.optimizers.Adam(), comm)

.’;f comm.rank == @: # LogReport/e EAREF—ANLTHBHIITHEIIT5

trainer.extend( .. )

20

P Rsiessd



e FI(IIERMNIEL TReedbush E CTEIERESZZ LFEL LD
« TDEDPBRE:

— scatter_dataset

(OB TEET —FICEENEOXIDICTHE)
— evaluator®dilli5l{k,

(IR1E(Lrank 07Z(FDevaluationDFERNECEREN D)
— Multi node BN (WE(CIGUT)

MN{ED<D2

21 P fer



S, EDPOTEFEZRITLUTVEI N ?
(JL—LT—DCKB57)

1. IARZE /B OS RS
2. 75K (AWS etc.)
3. )\ >

22

P Rl



R ae—————
Reedbush X/\ 1> (CHBIFDChainerdfEL A5

A)O2(E EEOTEHREIRIEN (T2L) EVET

FIRELY ;

—- St8#oEEN. 8/ —REOP91> ) —RCOhNTLD

— STEEITIBEHIC, DI3TRFP1—-SFLEHEINBD VI~
DTV ZEDINENSDD

— 5tE_/— R B5(E. 125 —RY MNREIRICTZIOTATER)N

- 518/ —RH5(E. HOME ER X720

2 RSREsS
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R ae—————
Reedbush X/\ 1> (CHBIFDChainerdfEL A5

A)O2(E EEOTEHREIRIEN (T2L) EVET

FIRELY ;

—- St8#oEEN. 8/ —REOP91> ) —RCOhNTLD

— STEEITIBEHIC, DI3TRFP1—-SFLEHEINBD VI~
DTV ZEDINENSDD

— 5tE_/— R B5(E. 125 —RY MNREIRICTZIOTATER)N

- 518/ —RH5(E. HOME ER X720

2 RSieoss
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R ae—————
Reedbush X/\ 1> (CHBIFDChainerdfEL A5

IBDT... UTFDZEZEITUTHEKBENRDDXT

— A 2A—=FRY MBS T O— ROBENSDIED(E. Ho5hUsdO
JdJA4>)—RETHDIO-RULTHL

— LustreEWSHBI 7AILS AT LZEERELEOHOMEE U TEDS

— PythonE>a1—)LELustre LICA> A M—)LT B

— IRIBZRICK[Z DTS (non-interactivelRiZ (/R D 1z8D)

— 3T ROVT REFENBDEDZEEND D

2 Rsleoss
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R ae—————
Reedbush X/\ 1> (CHBIFDChainerdfEL A5

L\ ERBA

https://bit.ly/2MsNzuA

P Risferred
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Reedbush X/\ 1> (CHBIFDChainerdfEL A5

FIR (1)

Quick Start GuideDIEHA~14%ZSE(C, MIREZTV, OJA Y TER I LZ2HERTS

P Risegsd

27



Reedbush X/\ 1> (CHBIFDChainerdfEL A5

IRIBERTE
HE/—RHS5IEHOMERZRZBRWD T, LustrezEX FOHOMEE L TRHW,

$ cd /lustre/$(id -ng)/$USER/

id -ng N> RTOIL—T%&
' $USER IRIEZ# (DL id -nu OV M) TIA—Y— %73\1’)73‘5



Reedbush X /\_

> (CBITFDChainerdDfEL A

RIBREZ 7ML env.sh ZERT % (RAE. ZDQistDiI7 71 ILZR)

$ vi env.sh

FEIRTT 5T env.

sh DREZ/FR L C.

/lustre/$(id -ng)/$USER/env.sh ELTHRFELELEDS |

(T2IERTOK)

_____________________________________



Reedbush X/\ 1> (CHBIFDChainerdfEL A5

env.shZFHHAAL, COBREROTAVDIETICERIITSD T, .bash_profile FICEC EBL,

$ . /lustre/$(id -ng)/$USER/env.sh

P Risegsd

30
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Reedbush X/\ 1> (CHBIFDChainerdfEL A5

pip

RIC, PP TREREY1—ILZA VY AM=ILT 3%, env.shRICEZZINTLWS PYTHONUSERB/
N—=ILEhd

# pip install (I, 774 AT ADRFICEST, 8O ~59hMREEBHAIDTIRICHFD
$ pip install --user mpidpy

$ pip install —--user cupy-cuda91==5.1.0

$ pip install --user chainer==5.1.0

_____________________________________________________________________________

AL/ Sa AERLE LSS | B

______________________________________________________________



Reedbush X/\ 1> (CHBIFDChainerdfEL A5

MNIST DT

Chainer®@MNISTH > 7L iE. #IEIKRITHRIC HOME T« L7 RUIEMNISTF =4 %240 0O—K9 3, 58/ —Rh s V9—xvy
MNP V2E€ATELRVWDOT, OJ1Y/—RTMNISTE—EIRTLTTF—9%24F 70— K383, ZORTIEChainerMNT# %2
ElFiW, (X5 X Tmaster? 5V FDtrain_mnist.py%4 70— RTBELS—TRITTELRVOTER) (e, FIHTT
—4#ZE—UTHRW)

# NOTE: env.shDERfTEzhAZWKIIC
$ wget https://raw.githubusercontent.com/chainer/chainer/v5.1.0/examples/mnist/train_mnist.py -0 train_mnis
$ python train_mnist_single.py -e 1

RiT. ChainerMNA® train_mnist.py 29 70— K93, (FEHAZ Tmaster? 7> FDtrain_mnist.pyZ¥ 7 ¥O—Kd5&T
S—TRITTERVDTER)

$ wget https://raw.githubusercontent.com/chainer/chainer/v5.1.0/examples/chainermn/mnist/train_mnist.py

Bii—- 2atiedisaZhrmelioa—7A11—FPL 2304+ Z MhERI4 = MOAeMOI— = 7 11 S2aE0

32
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Reedbush X/\ 1> (CHBIFDChainerdfEL A5

RERIC, Y3 E2RTIBHOIYa TRV VT hERERT S

$ vi job.sh

P Rsiessd

33



[©] job.sh

#!/bin/bash

#PBS —-q h-debug # < BATHF21—2IEETS

#PBS -1 select=2:mpiprocs=2:ompthreads=1 #<—— RIFULI\/—REL, /—RHVTOEABEZRRTS(CSTIEH4ITOER)
#PBS -W group_list=pz@xxx # < BADIN—TRICEERZS

#PBS -1 walltime=00:15:00 # < KITRME LRZIEET S

GROUP=$(id -ng)
MYDIR=/lustre/${GROUP}/${USER}
export HOME=$MYDIR

. $MYDIR/env.sh
cd $MYDIR

# FN\yZHA: Chainer & CuPy D/NN—av %R

python -c "import chainer; print(chainer.__version__)"
python —-c "import cupy; print(cupy.cuda.nccl.get_version())"
mpiexec -x PYTHONUSERBASE \

python ./train_mnist.py —-g ——communicator pure_nccl
34



job.sh I
#!/bin/bash ya j\%?ﬁcj\-‘étU(zgﬁgjét:% |

#PBS -q h-debug # < BATRF1—%IEETS

#PBS -1 select=2:mpiprocs=2:ompthreads=1 #<-—- KR{FLAE/—REL, /—RHAVTOCABERIRTS(COTEEFF4TOER)
#PBS -W group_list=pz0@xxx BRI IN—TRICERERZS

#PBS -1 walltime=00:15:00 RITRE LPRZIEET S

& MHEBRTNIEERS RN

mpiexec -x PYTHONUSERBASE \

python ./train_mnist.py -g —-communicator pure_nccl @TdIEODjDOEA

S5



S a————

Reedbush X /\]

(BT BChainerd{ELVS

#PBS -1 selecmpipr‘ocs=2:ompthr‘eads=1

J_

REi=2 J—RBHIZDDCPUE = 2

— 2X2=4GPUTX1T

[ —RBIZDDGPUE (HBYERVDT 2 TEEMNSIT I
[/ — R ZEEI DL T, EROGPUEZ T
- FFE-/\wIRE 1 x2] Eb(efét [2Xx 2] <BWHIETITH SRsfersd
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Reedbush X/\ 1> (CHBIFDChainerdfEL A5

HFUIRLN

mpiexec -x PYTHONUSERBASE ¥

python ./train_mnist.py -g|--communicator pure_nccl

SIEUI RO T RDOEZTHICKDH.
1=3"5—%—(I pure_nccl "HITI&
(EWWDH. TOUSAICENTUED TEELY)

P Rl

37



38 2 Reford



