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Neural Network Libraries Neural Network Console

* Deep LearningtARARER A —T >V —X T L —L4A - AP, AL ANILOFEAMTFF SIS L fzDeep
—7 ({th#t2BT7FEDeep Learning FWICHEY) LearningV —JL

- d—F 4 VI %EBLTCHA-BVWEHHE - BRALZ YR — MR- E VERME

- REIH O R ORFADEER (CH FEITE - GUIIC & B EY 2 7ILGEBAE-BUEHEL

import nnabla as nn
import nnabla.functions as F
import nnabla.parametric_functions as PF

x = nn.Variable(100)
t = nn.Variable(10)

h = F.tanh(PF.affine(x, 300, name="affine1')) = FEIVIVE L'C
y = PF.affine(h, 10, name="affine2’) g} e i Neural Network Libraries’ #l| F
loss = F.mean(F.softmax_cross_entropy(y, t))
FERY—=Tvy bk Ih@ vk
Lo WEHRR - ARICRVEFENSA - FICHARNBEERINSGA
- OSBRI A. BRE - [& U & TDeep Learninglcfin 3%
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Demo Movie

https://www.youtube.com/watch?v=1AsLmVniyOk




BE!L. RS/ &ROYvF LB -Za—FIIXy NDO—UBEDORE

- BE#TOv U ARV Visual
ProgrammingC_-_a1—3JLX v

o 0 a % ® ACTION *  Teaining Evaluation

11111

%&m .. ND—7 %555

:M e « BEEOD—-—a—0O /%UZL E. XY
e ND—J DREHCLWEET S
%;LTM / \05 >( '9 (j: g Ej]n-l_ﬁ

= = .« Xy RT—URHCIS—HH

BIGEITF DB TR
o BHRERETCITTIRL,
- AutoEncoder. RNN. GAN. ¥
_— HEMFEE R E DORETICTH WIS

A—FT 4 VI LATHDZa—IIXy hD—U&:%2FER (O—FT« VI IFILAE)
B Z1—2JIILXy D=1 T XL EBEAEE (FERRE O REHE)

Za—SIIXy ND—VDIEEERENICHEELLEN S, F5HIE TDeep Learning= H15 Al HE




k2. iTIHRGER D EEMAEE

. TRTOEBORITE BB
s08%

. RRULYBREE. —BLT
BEDRER & HETAE

« XYKNIT—URBEICEEND S
ma. EnEHA8mAEEY

et ot sm-‘fm | ”1?.511 7 ) L lL_ j:IE/T
@ oxyomn ' _ o NHEMEDIZES. Confusion
i L Matrix’% 27~
— s -
= F—— o ﬂf"uﬂq L 72_ * VY |\ -7 *ﬁiﬁ
— C#z T ELAHE

FHMERER Xy hD—I8BEOTLEa-1

Kt

| SBEE 1

FEITEHDOXY NI -V BEZEET S2WENLEL, SITERICEPTES
EDLOBXY RNT—UT. EOEEORENZSNLOIDRHHNES




%3, 1815 B EIRFRHAE

e XV KNTJ—UBEDETE -
EHETRYIRTZ EICLY,
EBhfcxy hDO—7EE% B

| ERXR9 S KHE

. - BEETY NTUYMDORKER

= B h\el §E

o : NBEHOROTMNS, PO

= 3 o R L - FHBEREARORY b —
JtEExERTES

X 057 ORISR, BHITEEE (og) . ERFTNTNELBZZ2—JLRy hT—7 OWEERY
X BB BELHHERE XY LEb O
XY RNT—UBEDF 21—V T ICHEITEREDEVIAHFEREZ KIBICHHZR/L
7y h TV~ ERREET S7cH. HWD Y — X DRSS NFHFHAHARICE B




BE4. BEELHGPUY Y —Z2EFIHTIEE (759 RAR)

e Za—JIRXYNI—=TDFEHEIC (iﬂ%*fifﬁiﬁb‘ﬂ‘g C@y DATASET o} conFic [ [®
DEITREBRFELCKRST—IDELZ1—-FIILRXYKT—=ID
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BEICikTF | |
Action [] Structure Search Settings
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Train See Price
FICHAFEAB TL Y% < ORITIHERZ1TD 2 EHAEEIC
® CPU 10H Free x 1
e WEOLY N7V T, AVFFOAEERETEENR O NVIDIA® Tesla® K80 x 1
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« ResNet-152. DenseNet-1610 EXBD Xy h T —J DERETPEE (XTI

« LSTM. GRU# & ®Recurrent neural networks (RNN) (233

« Generative Adversarial Networks (GAN). ¥#EFFEHRE. EHOX v ~
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‘ . . nnabla.org
m Neural Network Libraries

MEE - EREA[ITF—7>Y—2 (Apache2.0 License) OS> 554047T51)

# BEMMOTRAOEHI>TF
from nnabla import Variable
# Z21—JIIXy DT ORKITOYY
Maspocting import nnabla.functions as F
MTT # INSAYGTORFHTOVY
import nnabla.parametric_functions as PF
: cl = PF.convolution(image, 16, (5, 5), name='convl')
cl = F.relu(F.max_pooling(cl, (2, 2)), inplace=True)
A BB s 1”u:;mM ey e c2 = PF.convolution(cl, 16, (5, 5), name='conv2')
BIED 55T ILEE 161 Ex5x5 71 )L
Bans waga c2 = F.relu(F.max_pooling(c2, (2, 2)), inplace=True)
c3 = F.relu(PF.affine(c2, 50, name="'fc3'), inplace=True)
c4 = PF.affine(c3, 10, name='fc4")

£17) OYvo %7055 (Python/C++) TEEECHD

(
EEINLEOIVNNT b BEMOBEEOSVIT E.
FEME (CEBNTzPython APINNS#ZZSA TS




Neural Network Libraries®4E1 : T NI GEEE

Bl) FEIHFRHATHENLZETIL (LeNet)
def lenet(x):
Convol C) MaxPo C) CJ "''Construct LeNet prediction model.''"'
O Wen oling et h = PF.convolution(x, 16, (5, 5), name='cl') h
h = F.relu(F.max_pooling(h, (2, 2), inplace=True))
Convol C) MaxPo () ReLU C) h = PF.convolution(h, 16, (5, 5), name='c2")
ution oling ) h = F.relu(F.max_pooling(h, (2, 2), inplace=True)) -
h = F.relu(PF.affine(h, 50, name='f3"))
. . h = PF.affine(h, 50, name='f4")
Affin RelLU Affin \ —
e PO~ rew 2O 2 2O return h DI He6fT

INS A S E Rz B IC 5Tt

h = PF.convolution(x, outmap, filter_size, name='convl')

CDEOSBBFIDERHEITVSALV (Linear code!)
# INOAYFETEABMDER

self.convl = Convolution(inmap, outmap, filter size)

# )05 AS B DT
° h = self.convl(x)
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« CPU-GPUADYIYEZ
LUFOd—-krZXy NT—JERAICENMT %D+ TCUDA/CUDNNAFIATE S

from nnabla.ext utils import get extension_context ¥ CPU/GPUR e X MW ELE CBEITHDONS
nn.set _default context(get extension context('cudnn')) (BB ICITHhE3 &£ AEE)

- Static Network (Define and run)—=Dynamic Network (Define by run)otlw &z
# BIPINNE— RICEE

nn.set_auto forward(True)

« Multi GPUZ AW =EE

for 1 in range(max_iter):

loss.backward(clear buffer=True)

# TINA ABTINSAY &M

grads = [x.grad for x in nn.get_parameters().values()]
comm.allreduce(grads, division=False, inplace=False)
solver.update()

FEI—FROXEIF21T

HIMEI—ROEM (XY hT—7 00— RIHMEERE) THRIEHEZ T Ol




Neural Network Libraries ®4§-

nnabla

(High—level API

ePython API
oC++ API
oCLI

eUtils

(CPU Implements

eArray
eFunction
eSolver
eCommunicator

2. T304 >TT/INA ZEN

from nnabla.ext utils import get extension_context
nn.set _default context(get extension context('cudnn'))

nnabla-ext-cuda

(CUDA Implements

eArray
sFunction
eSolver

-

Core

e\ariable
eCoputationGraph

esCommunicator

nnabla-ext-OO
(QO Implements A

eArray
eFunction
eSolver

eCommunicator

BE5—D°C.
AP O FPERIEFD X FIC,
BET/IN\NAZAAOI— K=F]H

nnabla-ext-cudaz 7 #—7 L
AR F v TH.
KRET/INA ZFAEEARFRA]

TS50A4 VICEEHNGVEHIZ
BEBYICCPUIC T #—=)LI\w




Neural Network LibrariesD45E3 : FEERIZC++THHIAH T
R TV OADHHIAHFTELLHBEETRA VS

H—N\—-%5 il & 3A dr HE 5
FEE
EFI
Framework » Exchange Runtime
A format software B
4

NNLODC++ APl I 7 AR LR D TAIE ! [7;?;:;iﬂ5U$ﬁh"]

| PythonAPI |  C++API |

C++ core

FERICE-S 72 FOEET/INAALETHRHT S, EEHAIL—X




Neural Network Libraries/ConsoleZx & &

\ Neural Network Libraries Neural Network Console

\ https://nnabla.org/ https://dl.sony.com/
R4 IR EZFRER RFHEDDeep LearningZ L—LT—7 EHY 715 « DDeep Learningib AR # XIRT 2R ERERE

import nnabla as nn
import nnabla.functions as F
import nnabla.parametric_functions as PF

x = nn.Variable(100)

t = nn.Variable(10)

h = F.tanh(PF.affine(x, 300, name="affine1"))
y = PF.affine(h, 10, name='affine2’)

loss = F.mean(F.softmax_cross_entropy(y, t))

ul

=£13

« Deep Learninglb R TiTE DA ELEE
e hEBAEDeep Learningib AT OAFHFE ~ER1L

ENrfDeep LearningDHARIFZEZIRE L. FEZDRILKIT AAIFEMOE N - REICER

L
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tw h 7w WindowshR

1. ZipZ 7ML ES o>O-R ]
1= =B P2 R M — @7 :||

2. WHIET #ILY [CHER newral petwork

E \ E \ = ml'- ml‘ | Meural

) Network
E | ] . t /&* }* ' Console |
libs samples settings manual.pdf manual_ja.pdf neural_nletworlc_
HAZEIY=Za27I) Neural Network Console 7 7

¥Neural Network Consoleld2/NA4 RXFICWHIH L TWEWES., EFEHFEOZSENLTWT 2 ILIANDFEBENNHE
X\Visual Studio 2015 BEM/\V T —IDHWA VA M=ILTNTVWEHEWERIZAI A M=)
XNVIDIAOGPUZAHWBIGE. GPURSANERTRHFOEDICPY 55—k

Fo>O—KUIlezip7 7AIV BRI BIETTERNZ LY N7y TERET
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TEEE (BERAAN)



-5ty NO#EE (B ERRE)

%@ [ENeural Network Consolett > FILF—49 D, MNIST—4 v k& FIH

MNISTT—4 t v h (FEXHFRH)

Q8800000 ==
/FUV L/ 4 70 L /)] s_imlﬁe}j?ész_mpleZataset¥mnist¥training
Arzriazzrlzz222J 28x28ME J 7 OER &
3333%3333333333 EOBENATHEZND
UMY $ Q¢ ay d gy T —4 Hh 573560000 DF—4
S Sy SSs 585 Ss585Y = =
& 666G66ECLEGEGEEEE E;Frjigsz;plejataset¥mnist¥va|idation
AT VAV - 7
b4 P OO T
=k V9. fBEFHIC
7999998495994 9 (FECIFAVT. FHBESTRICHA)

F—5ty COIERENEY OFEHEETZH, F—5 Ol L AN RET S




—45t v bOERF (EGRSHREE)

Neural Network ConsoleFREEDCSVI 7AIL T #—< v R TF—9 v N & %EF

1TH =Av¥d  EBHR[_Kjtindex|[: SNILE] x&y. 2D DL
278 =7—49 fEor77AI%

A R

xX:image
/training/5/0.png
/training/0/1.png
/training/4/2 png
Jtraining/1/3.png
/training/9/4.png
Jtraining/2/5.png
/training/1/6.png
9 _/training/3/7.png
ABXICIZERT 7 A ILL&EIEE 10 ./training/1/8.png

“— 11 ./training/4/9.png
¥Neural Network Consolel%2/\4 XX (XS L TWER L6, e

CSVT 7AILAD T 7AINAICEFEASEFRVESICTS HAyICIFIERBD AT T Oindex% 5Cih

b

EGRE s BET— 9ty hOFl NS —

F_4
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F—4Y 1ty hO7v7O—-K (CloudhiDIZHE)
1. 4w < a/R— KH 5Upload Dataset’ 3R

Dashboard T Upload Dataset

Project [J Name

[ iris_flower_dataset.iris_flower_data---

3. 7wvJO—-49%ZH\WTT—9tvhk
CSVI77AILET -9 &Py TO—-NRK

ES Neural Network Console Uploader - B

File Help
token |eyIhbGciOiISUzI1NIISINRScCIBIkpXVCIsImEpZCIGI{EIMDUONTg40TQifQ).eyIpc3MIC  Paste

file |C:/neural_network_console_120/samples/sample_dataset/MNIST/small_mnist_4or Select

start

Uploader (2018-02-15 wersion)

2. 7w JO—-49%499>0O0—R
(Windows / MacOS)

Copy the following hash code and use it with the dataset =~ X

uploader or Nnabla command line.

eyJhbGciOiJSUzI1NiIsInR5cCI6IkpXVCIsImtpZCI6JE1M r|:|

Get Uploader Check Command

Upload Dataset CRIRINBZ b=V VA& F7yv7O-4(C
PasteL. Z7v7O—K3357—9tv hCSVEIEELT
Start’/h9d & & TPy 70— R&RKB



Consolez&EH). ROV FEERT S

CloudhR

Dashboard + New Project | - Upload Project
Dataset ] test
Job Histo
v [ tutorial.basics.01_logistic_regression
8 Neural Network Console

WindowshR

+ New Project [ Open Project

DATASET Create new empty project. Use NNabla for training.

Inputs : x[1,28,28]  Outputs : y[1]
Training Dataset : small_mnist_4or9_training.csv (150

02_binary_cnn.sdcproj




8. MECAWVWBCSVT—9 Yy hEZNZNGHEHAL

DATASETY JICcT. ffliLfcT—4%9 v RCSVT 71 )L &R FHIAH
(2EA - HmAZFNnZEn)

TRAINING ~ EVALUATION @ DATASET {8 conFIG [ @
C | O u dH}i Training @y Link Dataset mnist.small_mnist_4or9_training .
jr
Shuffle Enable Dataset Cache Image Mormalization(1.0/255.0) 1/50 > »
Num Data 1500
Num Column 2 Display only first 50 pages
Shuffle true
Cache true Index x:image
Normalize true Main
, _ _ N .
mnist.small_mnist_4or9_training 2017-10-30T09:30:06Z N
Validation — = _ —
@ 1500 £ C1X:Image,y :labe
Num Data 0
Num Column 0
a8 Neural Network Console (NNabla) - B R

TRAINING EVALUATION DATASET CONFIG

WindowshR

Datasets ACTION v URL: et Training Evaluation
Training + Create Dataset [% Open Dataset Q ACTION v~ >
Num Data = 0, Num Column = 0 sma\Lmnist,40r’97tra\'nimg‘csv MNum Data : 1500 Overview
Shuffle = Yes, Cache = No, Mormalize = Yes Num Column : 2
Columns : ximage, y:9
Validation
Num Data = 0, Num Column = 0 small_mnist_4or9_test.csv MNum Data : 491
Shuffle = No, Cache = No, Normalize = Yes Num Column : 2

Columns : x:image, y:9

XAF21—KUPITIE T4) & 19 OFETHFOHZRAT5EELT -9ty b=FIH




ERIAMALXY ko —%2 (18 Logistic Regression) %#85t9 3

EDITA JICcTEAB IOy 7 2iyabtE. IBZ1—3ILXy ND—U %S
_ —1 (£./#0) X28 (Height) X28 (Width) DOE{RA S
- —2fEEB AAB (1,28,28) —A (1)
- —SigmoidFEIC KB TP I T4 R—=> 3>
—0O X Ea%L(1)

Input Affine Sigmoid Output >
— O 1+

ST EARBIM 5 4(=0) or
! 9(=1)

I +exp(- x)

O

1x28x28
A
p
O OO0O0O0O0OLOOOO

MBDXY NI =7 TALIDHFZ R7T 5588

KSwJ& KOy TEET, HEMICZ2—JILXY KD - %5&%E




FEINTA—-Y DOFE

TRAINING EVALUATION @y DATASET @} CONFIG [ @
Config
Global Config
Max Epoch = 100 Project Description:

Batch Size = 64

Optimizer

Network = Main N
Dataset = Training ] ﬁ%ﬁ‘té&
Updator = Adam Mo Epoch: O (@B F - EFESRETIHRS KR B)

Batch Size: 64
train_error Mini Batch -Ij_ ’]’ Z“
Structure Search: Method: Ran (‘I IEI @E&E%ﬁ l': ﬁ 5 7__“_ 9 iﬁ)

Network = MainValidation
Dataset = Training

[] Enable Optimize for: Error and Calculation v
valid_error Search Range: Min Max
Network = MainValidation Validation
Dataset = Validation
Multiply Add



FHDOET

Cloudtr G {0y CONFIG  [M)

Controller Training Evaluation
[] Structure Search Settings D G\ I:l [> I:l
—— v - .
Train / CPU x 1 Run training (F5)
B> Run
~ EDIT TRAINING EVALUATION DATASET coNg | B @
Results History ACTION v @ F 00:00:00:12 ning 00:00:00:00 otal:  00:00:00:12 EPOCH: (100 /100) Training Evaluation
. 20170801_164021 @® Learning Curve Trade-off Graph: Al v ® Linear Scale Log Scale Q 100% @& > 4
Tr 0.060372 Learning Curve _— Tram PR — Overview

0122143 cost
0122085 @ epoch 90

° 20170531_224533

S

0.40— 3

0.109339 @ epoch 100
784 \ Statistics

Output 787

0.20 \ CostParameter 785

St i -
T ey

Cost Epoch

-

ZUTT-US- UL 104054, 121 [NNdDid]: EpOC 93 01 TUU COSLEUU0/rur s
2017-08-01 16:40:34,172 [nnabla]: epoch 96 of 100 cost=0.054691

I}"'ll N
2017-08-01 16:40:34,215 [nnabla]: epoch 97 of 100 cost=0.062190 Tasks
% E ] /) 2017-08-01 16:4
2017-08-01 16:4
Tr>r

34,272 [nnabla]: epoch 98 of 100 cost=0.058898
) 2017-08-01 16:40:34,423 [nnabla]: epoch 100 of 100 cost=0.057981 {train_error=0.060372, valid_error=0.122143}

34,316 [nnabla]: epoch 99 of 100 cost=0.058851 Training: 20170801_164021
2017-08-01 16:40:34,423 [nnabla]: Training Completed. Evaluation: 20170801 164021




sHi D E1T

CloudhR

WindowshR

Controller Re-edit Training Evaluation

Evaluate / CPU x 1 N D @D I:l D’ l:l

Overview Run evaluation (F6)

Evaluate / CPU x 1 " TRAINING EVALUATION
f
ts History ACTION v (‘_J Elapsed 00:00:00:01 Remaining 00:00:00:00 Total 00:00:00:01 DATA: (500 / 500)
P> Evaluate , ,
20170801_164021 Output Result | @ Confusion Matrix: y-y v
0.060372 y'=0 y'=1 Recall
0.122143
0.122085 @ epoch 90
784 y:9=0 238 12 0.952
y:9=1 12 238 0.952
° 20170531_224533
Precision 0.952 0.952
0.055692
0.109339
0.109339 @ epoch 100 F-Measures 0.952 0.952
784

Accuracy=1%818E

Avg.Precision 0.952

Avg.Recall 0.952




EREEHA XYy N7 —% (2 Multi Layer Perceptron) % &%5t

. 100 Input Affine Tanh Affine  Sigmoid
100 28 e
. } A O
100 0O Y
. O !
0 O s 9 f
S .
g s 8 Jees Sw ..
- 240 = 1'1& O O 9(=1)
XY >
I0AF73') KV, Input = 8 Ny o o N -
Basich>d') &LV, Affine o . _
Activationh> 1) £V, Tanh S S
Basich>d &LV, Affine

f

784 O

Activationh >3 £, Sigmoid
Lossh T ') &Y. BinaryCrossEntropy
= 3670




Convolutional Neural Networks.A

Input

Dataset : x 1,28 28

Affine 2
RelU
Affine

Sigmoid

Basich53'') H 5 Convolution,
Poolinga 5 1) Hh 5 MaxPooling.
Activation1 7 3') h5ReLU%
2[0]#EY) R LA

T5DDL AV —%FERHERL T
> PlckSvdL. FLLWLAYV—%
AT BAAR—IAEESD

<

Input

Dataset : x

Convolution
KemelShape: 5, 5

MaxPooling
Shape: 2 2

RelU_2

Convolution_2
KemelShape: 5, 5

MaxPooling_2
Shape: 2 2
RelU_3
Affine 2

RelU

Affine

Sigmoid




1B dDLogistic Regression~4EBOCNNZX T

178 (Logistic Regression)

o
1x28x28
A

0000000

Sigmoid

28 (Multilayer perceptron)

He)

o)

6]

o)

o) o—O

3. | o 4o © O 4u

N O O 4(=0) or
§<8 iz - T ¥ o0
o H o -

o o0—o0

O o =

(=] (=]

1

O
784

1,28 28
—

- g ong

Convolutional Neural Networks(CNN)

MaxPooling

Convolutional Neural Network , =2

(subsampling}

12x12x%16

Convolution
1618 D 16x55 74 L 5%
BAAH

Input : T—% A7

— Convolution
... —RelU }

— MaxPooling e v) R L
— Affine } s
— RelU
— Affine
" — Softmax BED
: — Categorical H T
Crossentropy (S 4RRTRERS)
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Za—JIXYy NDO—URETOERE
 AA= -0 OEEANT—9 DRI, A= 1 —0 > QR A7 —

QGDZTT_I:%I(ZE&"E AAZa—0O>¥ HAh-a1—0OV¥
28 =ANT—9 DRITE =HHT—49 DORITE
@ N
(1)
(2)
(3)
g > 10
(6)
(7)
8
9

 X:0,Y:0

X:1,Y:0

X:2,Y:0

2 e
784< X:5Y:0

e 8 3 )
o BT REABREDEGT O
ANZa—0OYVE : BEXET XIE
28x28E 7 LILDE /7 OE{%Z AAT SEA. (1,28, 28)DECH &£ 7443
HAZ1—0OV8 : BEATIIE
EH%Z10h 7TV CHBETBHEE. 10&£T 5



Za—JIIXYy NDO—JRETOER

1B%ZEBT 2ERNEESE
« Convolution/Z . Affine (£HEH) 2
l BHAH l e
' A% TI0, SIS ERIL ' Ti50, 481 ERIE
' SEME (LRI ' SE (LRI
; F9 BT (BELISLT) !

INSDBEZR/RE DT EDOELIILET. ZERYNIT—TZBNT 5 DHER
aEEREBIIMOEDZE>TE LW



Batch Normalization

FBENESEZTI =7 o

(R#&EB%FR<) Convolution®AffineL 1 YV —DE (T
Convolution, AffineDE. Otherh53'') MBatchNormalizationL 1 vV —%
FREIHAHFEEH0, DENERBLDIC WAT BT
I\ FRTIERIEZETITD

BORVWXY NT—JDFEE%
REEHY (CRE(C L TC




Za—JIIXYy NDO—JRETOER

EEEVWEREICAHhE. R DActivation& O XA ERE

2B R IR

A RRE ERmE (BETAIF)

RED
Activation

O X B#L

Xy NT—7

Sigmoid
AHE%Z0.0~1.0 (FER) IC
g3

BinaryCrossentropy
HAO L EEOERBOMHEEA
BREE

(H5TVERHE)

Softmax (72 L)
ANEZBETH1.0&£%50.0

~1.0 (BEX) (T3
CategoricalCrossEntropy  SquaredError

HAEEREDT T )Indexk HALEROERBO_FE
DHERHEZTH REx H i




Za—JIXy NTO—URETOERE

Convolution_2
KernelShape:: 1, 1 25. 56, 536
256, 56, 36
-
Convolution_3
KeinelShape : 1,1 123. 56
128, 56
n
RelU 2
128, 56
u
Convolution_4
KeinelShape : 3, 3 123. 56
tion_4
B 123 56
e n
128, 56
u
nvolution_5
nelShape: 1,1 25. 56

tion_5,
g v EE, 56|
)

p
Convolution_9
KernelShape : 1, 1 212. 28,28
g v 212, 28, 28
]
»
P
nvolution_10
36 nelShape: 1,1 EE, 56
b a v EG, 56
RelLU_8
% EE, 56|
Convolution_11
b KeinelShape: 3, 3 I255. 28
%5 256, 28
1
RelU 9
% I256, 24
Convolution_12
b KeinelShape: 1,1 212. 28

58

A Add2
256, 56, 56
|

AEBEDZa—JIXY NT—J[CTHE>THZDOEKIZED

512, 28
-l

XResNeXt-1014->F)L7OV TV L&Y

Convolution_17

Convolution_18

Convolution_19

p
Convolution_16
KermnelShape : 1, 1
1T
-
6 KeinelShape: 1,1
56
RelLU_14
56
8 KeinelShape : 3, 3
28
RelLU_15
28
8 KeinelShape: 1,1
28

A Add2_3

512,28, 28
l

A Add2_5

1024, 14, 14
[

;|E|'24, 14,14

512, 28
u
512, 28
[ ]
512, 28
u
512,14
512, 14
1
512,14

1024, 1
[ |

I1£}2£Ir 14,14

1024, 14,
[ ]

nvolution_24
nelShape: 1, 1

Convolution_25

Convolution_26

-
Convolution_23
KernelShape: 1,1
L ]
1
-
28
28
Re LU_20
28
14 KeinelShape: 3, 3
14
Re LU_21
14
14 KeinelShape: 1,1
1 14

A Add2_8

5 750N

2048, 7,7
]

|2048, 77

1024,14, 14
1024, 14,14
1024,14,14
1024,7,7
1024,7,7
1024,7,7

2048,7,7

2048,7, 7
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ERLcETIILZFRT 3 7AEIE5EY

FIRAE EITRIE =S5 GPUDFIJH A w Kk FAYw K

1. NNabla Python Neural Network  Python  Yes e EHE K2R

CLI Libraries (CLI)

2. NNabla Python  Yes teERRN S 7

Python API

3. NNabla C++ C++ Yes HEEREF ICPython ™ E

Runtime

4. NNabla C C No EECOVINI RN BECAEDLERER
Runtime #8 A A+ P] EE B HHE

5. ONNX WY 7 BHHDigHT S IR (T EE DR
Ko7, I\—F ONNXX& EhELBZEE
917 Runtime

> NNabla C++ Runtimeh s OE{TAE hitps://github.com/sony/nnabla/tree/master/examples/cpp/mnist runtime
> NNabla C Runtimeh 5 DE{TAZE https://github.com/sony/nnabla-c-runtime
3¢ ONNXAD 3 v /N— KhAE  https://nnabla.readthedocs.io/en/latest/python/file format converter/file format converter.html

BRICEhE TmETH AT EZZER



https://github.com/sony/nnabla/tree/master/examples/cpp/mnist_runtime
https://github.com/sony/nnabla/tree/master/examples/cpp/mnist_runtime
https://github.com/sony/nnabla-c-runtime
https://github.com/sony/nnabla-c-runtime
https://github.com/sony/nnabla-c-runtime
https://github.com/sony/nnabla-c-runtime
https://github.com/sony/nnabla-c-runtime
https://github.com/sony/nnabla-c-runtime
https://nnabla.readthedocs.io/en/latest/python/file_format_converter/file_format_converter.html
https://nnabla.readthedocs.io/en/latest/python/file_format_converter/file_format_converter.html

Neural Network Libraries - Python CLIH 5 O #5GEST

1. $EEHEFTERIE ICNeural Network Libraries® 14 > X k—=JL
https://nnabla.readthedocs.io/en/latest/python/installation.html

WindowshkNeural Network Console%ﬁa‘(b\%i&% . A RTOYT NS TOIY Y REET
932 & TRIMDPythoniRiESH &K UNNLHLF] AP EE

SET PATH=%PATH%;C:¥neural_network console¥libs¥Miniconda3;C:¥neural _network_console¥libs¥Miniconda3¥Scripts
SET PYTHONPATH=C:¥neural_network_console¥libs¥nnabla¥python¥src

2. Neural Network Libraries® 4 > X b =)LE NfPythonFTRET., IV K51 V5 TZ2ET

python "(path of Neural Network Libraries)/utils/cli/cli.py" forward
-c Network definition file included in the training result folder (net.nntxt or *.nnp)
-p Parameter file included in the training result folder (parameters.h5)
-d Dataset CSV file of input data
-0 Inference result output folder

E17f|& LT, Neural Network ConsoleTO#EmETIROOY (TRAININGY TR ICERRINZOY) %
BEZCTE3S


https://nnabla.readthedocs.io/en/latest/python/installation.html

Neural Network Libraries - Python APIh 5 O #EERZEST

1. HEERETEE (ICNeural Network Librariesz 1 > X k=)L

2. Neural Network Consoleh 5 #EREITICAWS XY kT —2 OPythond— K%ZExport

EDIT9 7 TCHEIVVYYI LTRRINBZRY TPy I AZa—m5, Export=Python Code(NNabla)% iR
SHFERINEZ2—FIILXY RNT—VDEEI—-—RHI Uy T R—KRIcaE—-TN3B

3. FIZ EMNISTFEETBFOHE. 7Uy T R—RICIE—S NI — RICUT%ER L THea%E ETT

X = nn.Variable((1,1,28,28))
y = network(x, test=True)
nn.load_parameters("./parameters.h5")

from scipy.misc import imread

# img = imread("C:/neural_network _console/samples/sample_dataset/MNIST/validation/4/4.png")
img = imread("C:/neural_network console/samples/sample_dataset/MNIST/validation/9/7.png")
x.d = img.reshape(1,1,28,28) * 1.0/255

y.forward()

print(y.d)

5% L L\Python APIOfEWAIZ DWW T IENeural Network Libraries® K+ a2 X > k& S8
http://nnabla.readthedocs.io/en/latest/python/tutorial/by examples.html



http://nnabla.readthedocs.io/en/latest/python/tutorial/by_examples.html
http://nnabla.readthedocs.io/en/latest/python/tutorial/by_examples.html
http://nnabla.readthedocs.io/en/latest/python/tutorial/by_examples.html
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