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Source: https://wiki.komica.org/

s AlE7T - BEEBE (+#t AERE) -

n EREBHBREBZNBEEFAETER: reqularization, gradient descent
method, activation functions used in neural networks, loss functions of a model.

s ML ®E FH#AYDatasets.

= E{ESimple neural network architecture: forward propagation
with backpropagation.

= Overview of the deep learning packages in R & il
= R to TensorFlow/Keras %% (CPU/GPUKRZ)
= TensorFlow/Keras if5l
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Artificial Intelligence Timeline Infographic —
From Eliza to Tay and beyond (August 21, 2017)
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The next generation of Al

22,563 views | Oet 12, 2020, 09:22pm EDT

The Next Generation Of Artificial 1. Unsupervised Learning
Intelligence 2. Federated Learning

ﬁ Rob Teews Contributor © 3 . TranSformers

i iThome
#7154 |

Twrite ahout the big picture of artificial intelligence.

f ALIBEAEIREL46H] . BRTHE
. 4HER ? —f&TransformerEEZimX
. 5I#EM L1 EfEER

EREECNN -TIES @M EaE - HiIH BESH YL (AnlmageIs Worth
16x16 Words ) SIEEMLFLEET « I8 & Al Transformer B 1R &245 Patch/F 51 -
HE@ 0 Bat DIBEECNNE® - #DeepMind - Tesla AIZE B2 AL BAAlexNetR
OpenAlg RS FHT R EE - 2/ WL IESAIBRESICLR 20210074 - FILAF
BIREETS -

s/ EE# | 2020-10-15 B

Vision Transformer (ViT)

REE

Al legend Yann LeCun, one of the godfathers of deep learning, sees self-supervised learning as the key to Al's

future. [-] ® 218 BLOOMBERG FINANCE LP

https://www.forbes.com/sites/robtoews/2020/10/12/the-next-generation-of-artificial-intelligence
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Statistics, Data Mining, Machine Learning, 57135

Deep Learning, and Al

m Statistics (STAT): Statistics is the discipline that concerns the collection, organization,
analysis, interpretation and presentation of data.

= Data Mining (DM): Data mining is a process of discovering patterns in large data sets
involving methods at the intersection of machine learning, statistics, and database
systems

= Machine learning (ML): Machine learning (ML) is the study of computer algorithms
that improve automatically through experience. Machine learning algorithms build a
mathematical model based on the training data, in order to make predictions or
decisions.

m Deep learning (DL): Deep learning is part of a broader family of machine learning
methods based on artificial neural networks with representation learning.

= Artificial intelligence (AL): the ability of a digital computer or computer-controlled
robot to perform tasks commonly associated with intelligent beings.

ATEZEEHRBERURARES
BSRYEMEET] - R B BRI ZEES
ZMALEZRTE - FRE AN
PREBEGE - dldEamETERND
48 - RIEHTER - XEBENKRER
Has 2B — Bk

Data Mining ( Machi -
\, Learpiing
Databa N
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FEtvst¥zsBE BRI " OMAEE 1 | https://read01.com/O3dPexn.html
SUERIE TR,  MRatvs. a2

https://read01l.com/ePRGMz7.html

B E VST

https://kknews.cc/zh-tw/tech/gz22r3y.html

HmETENEEREE AN ERMTEREA ? http://banggu.com/iw4cp6.html
AZRELNEEECEE  EARKFIEZNZE http://bangqu.com/niYN6Z.html
HEEEM —REFEHSE (ALEE) WRIE
https://web.ntnu.edu.tw/~samtseng/present/CT STM.html

[ZE SR B e EE: R - BEREE]

MEATEZWEETE - AOKBHIF
BIEE (YannLeCun): TATEEREZZ2EE - |

#REE: TAIFEZ2EHS - | (Wikipedial

ATEEZERATHEEHBEhttps://www.ettoday.net/news/20180508/1161306.htm
AT EEZERE#https://www.hbrtaiwan.com/article content AR0007381.htm|

IIJ
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—7‘“ Learning Path

httpSZ/ / WWW.deepleamingbook.org/ Part III: Deep Learning Research

15. Representation

14. Autoencoders = )
Learning

Part I: Applied Math and Machine Learning Basics

Information Theory

v

omputation

20. Deep Generative
Models

Part II: Deep Networks: Modern Practices

6. Deep Feedforward

Networks
7. Regularization 8. Optimization 9. CNNs 10. RNNs

11. Practical

Methodology 12. Applications
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Deep Learning with R

DEEP
LEARNING
FOR
BUSINESS
WITMH R

A Very Gentle
Introduction to

Abhijit Ghatak

Advanced Deep
Learning with R

Deep Learning Lea rning ?
with R for

L

Beginners "’

Introduction
to Deep Learning
Using R

10/135

Giuseppe Claburro, Balaji Venkateswaran

Neural
Networks
with R

Dr. PKS Prakash,
Achyutuni Srl Krishna Rao

R Deep
Learning
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185K K 2] (Loss Functions)

0 The objective function of an algorithm is to reduce the loss (cost):

/_ oé
- q,g}

éﬁ
S A

2"
,.{’\

L(w) = (Measure of model’s fit) + (Measure of model’s complexity)

or
C(0)= (Measure of model’s fit) + (Measure of model’s complexity)

=  The measure of the model's fit is determined by
m the MSE (Mean Squared Error) for regression,
m CE (Classification Error) for classification. Higher the model complexity, higher is the

propensity for the model to capture the
noise in the data by ignoring the signal.

= A measure of the model complexity is determined by

m the sum of the absolute values of the structural parameters of the model
(I; regularization),

m the sum of the squared values of the structural parameters of the model
(I, regularization).

* Loss function is usually a function defined for a observation (data point) and, it
measures the penalty (difference between a single label and the predicted label).

* Cost function is more generally a sum of the loss functions over the training data set and
the penalty for model complexity, i.e.,regularization.

* They are sometimes used interchangeably.

http://www.hmwu. idv.tw
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7' 1IE BIl{E (Regularization)

14/135

: lé‘g
= In deep learning, the [, regularization technique is used:

[, = wé+wé+-+w?2=|w|5

m Objective: select the model's structural parameters w;, such that
the loss function L(w) is minimized, by using a weight decay
regularization parameter A on the I, -norm of the parameters
such that, it penalizes the model for larger values of the
parameters.

L(w) = Error metric + A||w||5.
= A =0:thereis no reqgularization;

= A values greater than zero force the weights to take a smaller value.
m A=o0: the weights become zero.

= Regularization: significantly reduces the variance of a deep
learning model, without any substantial increase in its bias.

http://www.hmwu. idv.tw
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L8]
S

f }'f - #E FFA (Gradient Descent Method)
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LR
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SEAMEIRRME COME o Jgpey - 0 +1) =00 —a Xz loa

2

3. WRIRASEE)BE " TR2HFBRFUBE R aﬁ%tﬂ%ﬁﬁ’ﬂeﬁ%ﬂﬁe(t +1) -
4. SRR (t + DREIDER2ETEFAIFER -

5. REBZENDR2~4 BIWMSHEHEN—RSHEFEELD  BiFLE -

(==
BRERERE: aR=REL C(0) oC
alBEX » O] BERFEHY &N AC ocC
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#E6l: BWE TS

FBsigmalyEEE 1 - 2.
1 104
2 137
3 86
4 60
5 113

167135

IS E1EA(0) = 10 -

I

STER ?I_I%ZCE’J/ﬂ?—lg =0(¢t) °

n n n n
C(0) = Z(Yi —9)2=Z%‘2 - 2923’1’ +292
i=1 i=1 i=1 i=1

0 C(10 + AB) — C(10)
9g ¢(10) = Jim AG
~€(10.0001) — €(10)
N 0.0001
43849.91 — 43850

0.0001

= —900 (E)

C(#) = 53350 — 26 X 500 + 502
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3. REASHEN(FE THSERERUBE R,

e LTV BUEL(t + 1) -

ac
H(t + 1) = H(t) —a X %|9=9(t)
10 — 0.05 x (—900) = 55

4, BESYE(+ DRES A EHMAE -

C(55 + A8) — C(55)
A8

J .
a6 <> = %

€(55.0001) — C(55)
~ 0.0001 = 450,
55 — 0.05 X (—450) = 77.5

5. RBEZENRNTR2~4 BEFSEEE—KE

B MFLE -

10 - 55-77.5-88.75 - 94.375 - 97.1875 - --- = 100

PRFE S TR PR K » BERE T
e KB B AR -

LR e T A A A B £ B
5 > ERR L E RS BTN -

The mini-batch method (& EZ XY
73)%): the parameters are updated based
on the current mini-batch and we
continue iterating over all the mini-
batches till we have seen the entire data
set. The process of looking at all the mini-
batches is referred to as an epoch.

BB 4% E N R4 (Stochastic Gradient
Descent, SGD): when the mini-batch size
is set to one we perform an update on a
single training example - TJf2 A2
AIRLER -

http://www.hmwu. idv.tw
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82 2E#R (Hyperparameter Tuning)

= The model training algorithm handles three categories of data:

= Input training data: is used to configure our model to make
accurate predictions from the unseen data.

= Model parameters: the weights and biases (structural parameters)
that our algorithm learns with the input data.

s Hyperparameters: number of hidden layers, number of nodes per
layer, learning rate, etc. These are configuration variables and are

usually constant during a training process. (trial and error, and the optimal
hyperparameters are obtained by leveraging multiple available datasets.)

= Searching for Hyperparameters: grid search, random search,
greedy search, exact search algorithm (Breadth First Search (BFS)
and Depth First Search (DFS), Beam Search, Bayesian
optimization technique (Sequential Model-Based Optimization
algorithms (SMBO))

http://www.hmwu. idv.tw
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s (Maximum Likelihood Estimation + MLE)

s Maximum likelihood estimation (MLE) is a method used to determine
parameter values of the model.

m The parameter values are found such that they maximize the likelihood
that the process described by the model produces the data that were
actually observed.

= We would, therefore, pick the parameter values which maximizes the
likelihood of our data. This is known as the maximum likelihood
estimate.

0 _ Py D0
MLE argmgxg (y \ff? ,0)

Ovire = argmaleog( (7' \x(% 9))
=1

http://www.hmwu. idv.tw
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& (Entropy)

m Entropy defines randomness.

m  Entropy is like describing how unpredictable something is.

m |f we consider a set of possible events with known probabilities of occurrence
being (y1; y2;- -+ s Yn)

m  His maximum when all the pi are equal, i.e., 1/n. This is the most uncertain
situation.

= Entropy is the weighted average of the log probability of the possible events,
which measures the uncertainty present in their probability distribution.

= The higher the entropy, the less certain are we about the value.

\
!

N\
/

H
0.0 0.2 0.4 06 0.8 1.0
| ]
\\
/

H = H(y1;y2; 1 Yn) = —Zyilog(yg)
i=1

Plot of Entropy with probabilities p and 7 — p.

P

&
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XX 1 (Cross-Entropy)

m  Cross-entropy (CE) loss, or log-loss, measures the performance of a
classification model whose output has a probability value between 0 and 1.

m The Cross-Entropy H(p, q) between two distributions p and g, quantifies the
difference between the two probability distributions; i.e., how close is the
predicted distribution to the true distribution.

m A perfect model, therefore, should have a CE loss of 0.
T 1 T )
= yilog— =—> yilog(f)
i=1 Yi i=1

true probability distribution the computed probability distribution

In binary classification, the cross-entropy is proportional to the negative
log- likelihood, and therefore minimizing the negative log-likelihood is
equivalent to maximizing the likelihood.

In binary classification, where the number of output
class labels are two, CE is calculated as o, = p(y, ) = — (ylog(9) + (1—y)log(1—7))

In multi-class classification, where the number of CE 1 Z e log (i)
output class labels are C-labels, CE is calculated as Loss = H(y,§) c c

http://www.hmwu. idv.tw
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(The Cross-Entropy Loss)

= The cross-entropy loss: how close is the predicted
probability distribution to the true distribution.

In Logistic Regression,

logistic function = sigmoid function Negative Log-Likelihood
—log P(y|z;0) = —log (H(gf;(”)y“) (1- ¢(i))1y“>)
1 i=1
Ba) = ——m |
1+e 6 _ Z (log y( i) qb(i))l_y(z))

—Z( D1og(6) + (1 - y) log(1 - o))

Minimizing the negative log-likelihood of the data with respect to 0 is the
same as minimizing the binary log loss (binary cross-entropy) between the
observed y values and the predicted probabilities thereof.

http://www.hmwu. idv.tw
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=

/ 1;..“;.,5 . _ _
; f , f Machine Learning Datasets in R

Boweerc] -
— r
"

42

m I bench: Machine Learning Benchmark Problems S Tibrary mibench)
. . > data{BostonHousing)
= Version: 2.1-1; Published: 2012-07-10 > str{BostonHousing) .
"data.frame’: 506 obs. of 14 variables:
. - i i $ crim @ num 0.00632 0.02731 0.02729 0.03237
" https://cran.r-project.org/web/packages/mlbench/index.html Do ;oo 000832 002721 0.02729 0.02237
: o _ : : $ indus  : num 2.31 7.07 7.07 2.18 2.18 2.18 7.
" A collection of artificial and real-world machine learning benchmark problems. D e L mactor wr 2 levels mamitiei 1 111
N 5 nox : num  0.538 0.463 0.465 0.438 0.458 0.
RegreSS|0n. 3 rm cnum A 58 6,42 7T.18 7 T.15 oL,
. : £5.2 78.9 51.1 45.8 54.2 58.7 66
= Los Angeles ozone pollution data (Ozone, 366x13) P S Al e Al
. - 3 rad cnum 1 2 2 33 35555 000
| Boston HOUSIhg Data (BOStOhHOUSIng, 506X14, y:medV) S tax s onum 296 242 242 222 222 227 211 311
. . § ptratio: num 15.3 17.8 17.8 18.7 18.7 18.7 15
Binary Classification: 5 b : num 397 397 393 395 397 ...
. § lstat : num 4.98 9.14 4.03 2.34 5.32 ...
m Sonar, Mines vs. Rocks (Sonar, 208x61) $ medv  : mum 24 21.6 34.7 33.4 36.2 28.7 22.9

" Johns Hopkins University lonosphere database (Ionosphere, 351x35)

= House Votes 84, United States Congressional Voting Records 1984 (HouseVotes84, 435x17)
m Wisconsin Breast Cancer Database (BreastCancer, 699x11, Inputs: Integer (Nominal))
" Pima Indians Diabetes Database (PimalndiansDiabetes, 768x9)

Multi-Class Classification:

" Zoo Data (Zoo, 101x17, #y=type(7))

" Glass Identification Database (Glass, 214x10, #y=Type(7))

" Soybean Database (Soybean, 683x26, #y=Class(19))

= Vehicle Silhouettes (Vehicle, 846x19, #y=Class(4))

" Vowel Recognition (Vowel, 990x10, #y=Class(11))

= DNA Primate (splice-junction gene sequences) (DNA, 3186x181, #y=Class(3))

= Landsat Multi-Spectral Scanner Image Data (Satel lite, 6435x37, #y=classes(6))

" Letter Image Recognition Data (LetterRecognition, 20000x17, #y=lettr(26, A-Z))

. Shuttle Dataset (Shuttle, 58000x10, #y=Class(7))

Others: Servo Data iServo, 167x5, i:continuous Classi




Boston Housing Data 24/135

(BostonHousing, 506x14, y=medv)

@

> keras:: dataset_boston_hous ing() #Boston housing price regression dataset | ZFR [EHEBRW: Lt ETEER
> MASS: :Boston #Housing Values in Suburbs of Boston BT iE S rn s D T EE = A R

> mlbench: :BostonHousing #Boston Housing Data == SRR S

HNE ARV

The original data are 506 observations on 14 variables, medv being the target variable:

*  Crim: per capita crime rate by town (A9R%E%/5)

*  zn: proportion of residential land zoned for lots over 25,000 sq.ft

« 1ndus: proportion of non-retail business acres per tOwn (JEZ e pqe i AR 4 EL/4E)

« chas: Charles River dummy variable (= 1 if tract bounds river; 0 otherwise)

*  NOX: nitric oxides concentration (parts per 10 million) @&tawRE) Sligalsels lmiteh e s lgfC
. path = "boston_housing.npz",

e  rm: average number of rooms per dwelling (T =%/ test_split = 0.2,

* age: proportion of owner-occupied units built prior to 1940 (9s0FsEEBEER  seed = 113L

« dis: weighted distances to five Boston employment centres (#iE5@Ex P00 )

* rad: index of accessibility to radial highways Vel iz ot b gy el G deae
. N ~ train$x, trains$y, test$x,
* tax: full-value property-tax rate per USD 10,000 @#r#E#R%) testsy.

« ptratio: pupil-teacher ratio by town (&4=#mtt/8)

*  b: 1000(B - 0.63)"2 where B is the proportion of blacks by town

« Istat: percentage of lower status of the population (it &t A OE5 L)

«  medv: median value of owner-occupied homes in USD 1000's (254 = g0 #iEs)

The corrected data set (BostonHousing2) has the following additional columns:
« cmedv: corrected median value of owner-occupied homes in USD 1000's
« town: name of town

e tract: census tract (A% )
> BHdata <- dataset_boston_housing()

« lon: 1ogg1tude of census tract > data(Boston, package="MASS")
« lat: latitude of census tract > head(Boston)
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” C%; (PimalndransDiabetes2, 768x9)

> data('PimalndiansDiabetes2', package="mlbench™)
> ? mlbench::PimalndiansDiabetes2
> str(PimalndiansDiabetes?)

=

The data set PimalndiansDiabetes2 (5 FBEN#h < A M #2158 _E& M) contains a corrected version
of the original data set. While the UCI repository index claims that there are no missing values,
closer inspection of the data shows several physical impossibilities, e.g., blood pressure or body
mass index of 0. In PimalndiansDiabetes?2, all zero values of glucose, pressure, triceps, insulin and
mass have been set to NA.

= pregnant: Number of times pregnant (2% #)

= glucose: Plasma glucose concentration (glucose tolerance test) (& zZE)
m pressure: Diastolic blood pressure (mm HQ) (&F38E (= KKk 1))

m  triceps: Triceps skin fold thickness (mm) (=N 52 EEBEE)

m insulin:2-Hour serum insulin (mu U/ml) (msEE=)

= mass: Body mass index (weight in kg/(height in m\"2)(sE8i%)

= pedigree: Diabetes pedigree function (#R&Ex k& 2)

= age: Age (years) ()

m diabetes: Class variable (test for diabetes) (2&EB1EFE®)

http://www.hmwu. idv.tw
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|||| (Shuttle, 58000x10, #y=Class(7))

e Space Shuttle Columbia disaster (February 1, 2003)

» Predicting NASA Space Shuttle Part Failure: Shuttle Radiator (§4Z423) data trying to classify
potential anomalies in the radiator position onboard Space Shuttles.

« Task: decide which type of control to use during the landing of the spacecraft depending on the
external conditions.

« Description: The shuttle dataset contains 9 attributes all of which are numerical with the first one
being time. The last column is the class with the following 7 levels: Rad.Flow, Fpv.Close,
Fpv.Open, High, Bypass, Bpv.Close, Bpv.Open.

* Approximately 80% of the data belongs to class 1. Therefore the default accuracy is about 80%.
The aim here is to obtain an accuracy of 99 - 99.9%.

* Normal instances: class 1: Rad Flow, class 4: High (94%)

e Outliers: rest five categories 6%

> # library (mlbench) : C::{;iifhﬁ
> data(Shuttle) @(@H L
> head (Shuttle) Machine Learning Repository
V1l V2 V3 V4 V5 V6 V7 V8 V9 Class SRR
150 21 77 0 28 0 27 48 22 Fpv.Close fotﬁﬂffogiEﬁﬂ%!t?saef%efﬁﬁuﬂ
255 0092 0 0 26 36 92 56 High Abstract The shte detaset contans @ atibutes alf which re nmencal Appromaely 80% of th i beongs o clss | é
353 082 052 -529 30 2 Rad.Flow i
4 37 0 76 0 28 18 40 48 8 Rad.Flow —_— P —
537 075 034 -26 43 46 2 Rad.Flow e e e e
6 85 0 88 -4 6 1 3 83 80 Bypass | Associated Tasks: | Classtcston | Missing Values? | 10A | Numbar of Wab Hits: | 141262
> table(Shuttle$Class)
Rad.Flow Fpv.Close Fpv.Open High Bypass Bpv.Close Bpv.Open
45586 50 171 8903 3267 10 13
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Ze
% g r_r- n gm n
J0hk (Artificial Neural Network - ANN)

A L 1h£e488& (Artificial Neural Network - ANN) - S8 A& 498 (Neural
Network - NN)Si a8 R - =223 R AR ERE - 2—EE8E 0%
MRS ( YN EBR RS - SFRlE AN ) AR NINEER I EEE
S ETEEE - AR ERIVETEETEERE - (Wiki)

B = e 2 E S B 2 K E
s ANNZEERR1943FEMcCullochFIPittsPrie th 2 A T & TEER R - &KB 4T
20FR(WIHR) R & - E1960F AT HRA A B R 2 DS A B g R SR M 0T
#9204 - BFI1986FHMcClellandfIRumelhartiz i Back-Propagation
AlgorithmZ=RIE g sa%E - TXFRRENERES -
= ANNERBEEFE
. (—) BRE&RE BT —HERABRPERANEPRENERISED ;
() BfEEEN  HREINRASEREDN E2amREEREZ2ERES - B/ 28058
AEAIIRIEER  WASHARWENENAAZTE ;
(=) FTEERE  BeRREEFSEMNIFREREE ;
s (M) BRAEEED  EAERBHEANERAGHRZSE2EFRRZED -
= ANNEZRBEZEZRERE  FTERZERAENEACHIR)ERGE
S HIRER - MEMZEE(fuzzy logic) I BEBBEREREBEZENRAER
PRAVE Y - FULEF R R AT /A LA AR E M EE S HERR
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740l K 05 L 0 S B

http://www.hmwu. idv.tw

oo e+ BHECAERRR B A -
¢ ¢ _____ B = {507 bRy AT i

N (bias) + EUARFSHIRR -

' AN wy X : 1(0) = 182 1 AL TR AT ARAEZ e
@ PR+ R R SR e

W, Wy SRS BIFT AR SEH -

I, O = Byt IS TSR Ho A TR

B 4 A% 7T R TR 0O, &R -

A AP AR R AN AP &4 8

% i, % 48T
BER i\
B R #y
R A8 HE

W = 15 {75 AL VA e il - 8 R SRS
{E(weights) - A% By— TR IIRERCR > HLE R
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|| (Artificial Neural Network, ANN)

s BAE(nput Layer): B ARXEZHRE T -
s EHE(Output Layer): HREBEYHWAES -

= EPFaﬁE’JB;ﬁJ:’(H@den Layer): EEERRMA&TT - BEFEMA RN L E 2 ERRIRR
TEE—EREE P& ITEIE - (The hidden Iayer carries out a geometric
transformation function of the data which goes through that layer.)

s Weights (5): ARIJEBLTTZERIAEBISEREE - SR EA T p B R S L
= Bias (lR#E1E) - welghts HbiasHyiBiz - fF

SHMLHEENESH L HE

¢ ¢ g L BB B

LoanDefaults(Yes)
X, =
LoanDefaults(No)
PN B el /2 4 L
(Input Layer) (Hidden Layer) (Output Layer)

Inputs Weights Summation and Bias Activation Outputs
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BE R LR 2 A% 5o 20 0] 3R T B

m %EE%%TD REAEBRREFFEZPVAEERERSBL - RIESE
kIR R IR B R R A= E A RIRVE R R B -

» BERNEBRHESE  DERE - [FRRE - ARIEREEASAIRE] -

s i Frof S B PR

YA YA YA
+1 +1 ———— +1 o
- R / -
0 X 0 X 0 X
1+ e e | -1t

1, #X=0 . +1,#% X220 o 1
step — ’ sign — ' sigmoid —
Y {o, #x<o 7 {-1,%)«0 Y 1+eX

#8315 5K 8 (transform function) )
. EMEE (summation function): > >_(Xixwy) + B,

- BUEIERE (activation function): F(s;) =

X;: S5 i{E 8 4T P H R &R
S; S8 Bl P A o P WU B AT AV 48 A0
WJ 55 ME] #4570 BA 55 &t 45 o0 2 I RO HE R
B, 55){El 1AL oAy Bias(fm 1 (E)
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RAENEXEY (Activation Functions)

AF tanh <- function (x){

(exp (x) -exp(-x)) / (exp (x) +exp (-x))

value

/ N

7 N

# Sigmoid # Softmax
AF sigmoid <- function(x) { AF Softmax <- function(x){ ] //
1/ (l+exp(-x)) N 1 exp (x) /sum (exp (x) ) //
} #z) = 1 +exp(—2) } exp z; /
o(zi) =pi = T expon /
# Hyperbolic Tangent dﬂ:fmm“%:::i: // e

© tanh
= RelU
IReLU

az, otherwise

} o(2) = { z, ifz>0, 1 /, ot

# Rectified Linear Unit
AF ReLU <- function (x) {
ifelse(x > 0, x, 0)

# Leaky Rectified Linear Unit
AF 1ReLU <- function(x, a=0.01){
ifelse(x > 0, x, a*x)

} d(z) = max(z,0) } E K 2 3 8
library (reshape2)
X <- seq(-6, 6, 0.01)
xyData <- data.frame(x=x, sigmoid=AF sigmoid(x), tanh=AF tanh (x),
ReLU=AF ReLU(x), lReLU=AF lReLU(x), Softmax=AF Softmax(x))
head (xyData)
xyData.lf <- melt (xyData, id.var="x")
head (xyData.lf) Sofimax

group=variable, colour=variable)) +
size=1) +

color="gray")

ggplot (xyData.lf, aes(x=x, y=value,
geom line(aes(linetype=variable),
geom hline(yintercept=c(-1, 0, 1),

ggplot (xyData, aes(x=x, y=Softmax)) + ; !
geom line(size=2, linetype="dashed") + _ /
ggtitle ("Softmax") ¢
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+ VvV VV YV E LOOO:
o

+
[1

>

>

B W R

Loan <- read.table("Loan training.txt", header=T, sep="\t")

Loan
Sex Income LoanDefaults
F 23000 Yes
F 24000 Yes
F 25000 No
F 26000 No
M 27000 Yes
M 30000 No
M 31000 No

Loan$LoanDefaults <- as.factor (Loan$LoanDefaults)
income <- (Loan$Income - min (Loan$Income) )/ (max(Loan$Income) - min (Loan$Income))
no.class <- length(unique (Loan$LoanDefaults))
Target <- data.frame (matrix (0, nrow=length(income), ncol=no.class))
sapply(l:no.class, function (x){

Target [which (Loan$LoanDefaults == levels(Loan$LoanDefaults) [x]), x] <<- 1
1)

1 11
colnames (Target) <- c("NO", "YES")
data.frame (Loan$Sex, income, Target)
Loan.Sex income NO YES
F 0.000 O 1

F 0.125 O 1
F 0.250 1 0 RSNNS
F O 1 0

.375
0.500 O 1
0.875 1 0

2RI

1.000 1 0
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wm b[ll] wﬁl b[12]
(1] (1] |2 (2]
W b Wa, ) b.
> JEFH T R
1 (1] 2] 2]
| uph i pxl L b?n 4 mxl - umk 4 mxl = bq = (IX]
h=1,---,m kE=1,---.,q

P m
—_ (z el + brl) o (S,

Jj=1 h=1

z = oM (WITg 4 pli]) y = oWz 4 pl2)

y = T(x:0) = ¢p? (W[Z]T W w4 pltly 4 b[2])

I 21 n
— 1 1]. 2 2

- 2 ” 9—(W[],b[],W[],b[ ])

G€£ = z = ) y =
mp Zm 'yq 1 Z 2 2 2
L 4 pxl L S mxl L 4 gx1 i — - . [1]
' ! nme(e) né”y" T(m?"g)“F+/\§“W HF

wll — (,w[ll w[21]’ .. awi[,:;])pxm oL(8)

6(t+1) = 6(t) —a lim 6(t) = 6*

20 lo-60) L

P 2 2 :
W[‘!] — (w[llw[Q]" ,'UJL.Z])-qu
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FENITEE S-PECE £

(Derivatives of Activation Functions)

Derivative of Sigmoid

1
o(z) = 1+ exp(—2)
P _ o)1 - 0(2)

Derivative of Rectified Linear Unit
¢(z) = max(z,0)

do(z)
dz

=1(z>0)

Derivative of Leaky Rectified Linear Unit

¢

z, if z >0,
O(z) = 4
| az, otherwise
)
do(2) ) 1, ifz>0,
dz

| a, otherwise.

http://www.hmwu. idv.tw

Derivative of tanh

8(2) = tanh(z) =
do(z) 2
= 1 —tanh*(z)

Derivative of Softmax

exp z;

o(zi) =p ST oxpr
dp(z) ) pil—pj), ifi=7,
dzj —pipj, ifi# g
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e
—-f“ Cross-Entropy Loss
m  Cross-Entropy (CE) measures the divergence between two probability distributions.

= CEislarge: the difference between the two distributions is large.

m CEis small: the two distributions are similar to each other.

Suppose there is a neural network model, which predicts
K classes 1,2, .-, K having probability of occurrences
as 71,2, - - -, Y and having n; instances for each of the

K classes, i.e., n; +ng + -+ +ng = n, where n is the . e
But, for binary classification, sigmoid

total number of observations. activation is the same as softmax.

» The likelihood of this data: o The CE loss for sigmoid (2 classes):

n

P(data|model) = g 452 - - 43~ 1 ; NE ; (i
G Tsigmoia(w) = == (4" log(5") + (1 =y ) log(1 - §))
o The negative log-likelihood: =

« The CE loss for softmax (K classes):
—log P(data|model) = Z ni log (i)

ng

.softma:c = - Z Z Y V) log

o The generalized CE loss function (y; = ng/n): k=1 j—1

—— log P(data|model) = —— Z ng log(yx) Z yi log ()

log(¥) when ¥ =10 log(max(¥, le-15))).
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r: "' Derivative of the Cost Function

Derivative of Cross-Entropy Loss with Sigmoid

Tsigmora(w) = —%(Y log(A) + (1 — V) log(1 — A))

8J.tsigmo-id(w) Y 1-Y
ow A 1-A

Derivative of Cross-Entropy Loss with Softmax

softmax — Z Yk log yk

http://www.hmwu. idv.tw
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7B A AR SRS e

output - expected g g o £ gy 1 R BB A HEE EE S B
value
aE 8E ayk 8'Uk wanw.nature com » letters - STEEE [EEH
d1 W = O__ﬁ Learning representations by back-propagating errors | Nature
awhk yk‘ a’Uk 8thk 1986710595 - We describe a new learning procedure, back-propagation, for networks of
neurone-like units. The procedure repeatadly adjusts the weights of .
= —(dy — yi) - &' (Vg) - zp LEDE Rumehan 3fr - 1966 44514 22470 5 5
a2 = —(dk — ) - Do) (1 — B(w3)) - 21 ROBE
, I (Backpropagation,BP
Aul) = adyzy, where 6 = (dy, — yi)ye(1 — yi) £ TREREEE
2060 _ 5,0 @ _ (@ _ 0 0 _ ) [
Awpe = ady 'z, where 67 = (" —y )y, (1 —y)  AEFENBE FRERE)
: ; 913 HmEEAN - FAEIER
2](i+1 2)(i 2)(i A=
i wp ™ = w o+ A IR L
. S— %« BOREBE PRR
MABEEREENESEREREE AREHRIERRERY
BE - ERE%EEE~RE
d O _ OF bz Ouy BEBRE(LTE - ARE
1 owll ~ 92 0un gyl sRELIE/MEBA R
BE E)yk 8‘1),{6 v %ﬂ ’
=2 oy aug 02, ) ¢ 00) -
) \OYk OUk OZh R YER
HHEMERES
' o ORIy -w[?l) 0l (un) -,
=W (up) = ¢tV (Z Z; ’“{%a] + b;[a,l]) h=1--,m. (Zk: " '
j=1
(1) — 42 — . .
N 2] | g2l e = (Z O “f[ﬁl) co(un)(1 = d(un)) - z;
yk:qf){g)(?)k) :¢(2) Z.’?.'u}hk—i_bk :k:]-a"' . q. k
h=1
Amﬁ = adpxj, where 0, = (Z oy, - mg) zp(1 — zp)
k
b= BE NEREE A RN BRI 20 o o o o 0w\ o 0
L 3E ) Aw,™ = ad; x; ", where §; " = Ek:dk cwp g (L =27)
E=3 ;(d" ~ Uk Aw = o o) = Tx exp(—x) |
= w . . .
(ﬁl(ﬂ’) — ¢(3,)(1 o l;é(ff)) HJ_E'IE(1+1) — uéﬂ(%j + ‘/—\‘11";[,‘]}1](3)
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YAN
A

(]

8 A Al 0
i A fEl; 1

#AL28 BEO,: 0 (04E)
HALEE HEO,: 1 (0,E)

l, — H#EEw;: 0.01
|, > H#&EBw,: 0.01
H, — O,#&EBws;: 0.01
H, — O,#&Bw,: 0.01
fmaR#1EB,H,: 0.01
lm=1#1EB,0,: 0.01
fm=11EB,0,: 0.01

BEEq:0.1

BEEH L EHL
0.01
0.5025

o(H)) = 1/(1 + exp(= H)))

http://www.hmwu. idv.tw

HE&HTHEOL
0.015025
0.5037562
0, =o(H,) X w; + B,0,
¢(0,) = 1/(1 +exp(—= O,))

HEHBTO2:
0.015025
0.5037562

0, =o(H,) X w, + B,0,
9(0,) = 1/(1 + exp(— O,))

LoanDefaults(No)

O17%%=:0.1268851
027%%=:0.123129
i8R 2=: 0.5000141
0,Err = (O,Ex — F(0)))%2
0,Err = (0,Ex — F(0,))*/2
AveErr = \/m
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MFREESR

The gradient of the sigmoid function:

1

M) T ()

¢'(x) = ¢(z)(1 - ¢(z))

O, %=8: -0.1259319
O,#=Z=18: 0.124054
H,#=Z=18: -4.695E-06

EHHES Ewy: 0.0036719
FEESEw, 0.016337
S EEW,: 001
SR EEW,: 001
BRI HEER,H,: 0.009995
BRI EB,0,: -0.0025932
FHRHEEB,O,: 0.0224054

BEEEtaMESEIE: EEEHBIE 39/135

» 5'“ (2o {E1EESE E+gradient descent method)

REIR MR ENTE
LD EMMERENTE  OEHNEE X g
outputE2H i outputiI= -

B%ﬁfan%i]‘#?ﬁ’]%ﬂ OJREHR—

"\‘ LoanDefouts(Yes)

X,=Income

LoanDefauits(No)

OIEZEHEX (1-01EShL ) X (O1IHEHL - O1EEHL )

O,ErrTerm = ¢(O,) X (1 — ¢(0,)) X (O,Ex — ¢(O,))
O,ErrTerm = @(0,) X (1 — 9(0,)) X (OEx — ¢(0,))
H,ErrTerm = ¢(H,) X (1 — ¢(H,)) X (O,ErrTerm X w; + O,ErrTerm X w,)

w;(t+1) = wy(t) + o X O ErrTerm X o(H,)(t)
wy(t+1) = w,(t) + o X O,ErrTerm X ¢(H,)(t)
w,(t+1) = w,(t) + o X H,ErrTerm X I,
W, (t+1) = w,(t) + o X H,;ErrTerm X I,

B,H,(t+1) = B,H,(t) + a X H,ErrTerm(t) RIE IV E R
B,0,(t+1) = B,0,(t) + o X O,ErrTerm(t) (nnet package)

B,0,(t+1) = B,0,(t) + a X O,ErrTerm(t 5223/1418 -
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Write R code to:

define the architecture of a neural network (&S @),
Initialize its parameters,

calculate the the predictions using forward
propagation,

calculate the loss,

correct the loss using a backpropagation algorithm Abhiiit Ghatak
(we will use the simple gradient descent method),
iterate the same procedure, till we arrive at

a negligible cost.

| Deep Learning
- withR

&) Springer

http://www.hmwu. idv.tw
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f'“ Prepare Data: Example (1): iris data

> library (caret)
> set.seed(12345)
> iris.two.species <- iris[51:150, ]
> iris.two.species|[,5] <- ifelse(iris.two.species[,5] == "setosa", 1, 0)
> id <- createDataPartition(y = l:nrow(iris.two.species), p = 0.8)
> # note that the dim of the data is p by n
> train.data <- iris.two.species[id$Resamplel, ]
> myTrain.X <- t(train.datal, -51])
> myTrain.y <- t(train.datal, 51)
> head (myTrain.X)
51 52 53 54 55 56 57 58 60 61 62 63 64 65 66 68
Sepal.Length 7.0 6.4 6.9 5.5 6.5 5.7 6.3 4.9 5.2 5.0 5.9 6.0 6.1 5.6 6.7 5.8
Sepal.Width 3.2 3.2 3.1 2.3 2.8 2.8 3.3 2.4 2.7 2.0 3.0 2.2 2.9 2.9 3.1 2.7
Petal.Length 4.7 4.5 4.9 4.0 4.6 4.5 4.7 3.3 3.9 3.5 4.2 4.0 4.7 3.6 4.4 4.1
Petal.wWwidth 1.4 1.5 1.5 1.3 1.5 1.3 1.6 1.0 1.4 1.0 1.5 1.0 1.4 1.3 1.4 1.0
> dim(myTrain.X)
[1] 4 80
> length (myTrain.y)
[1] 80

> test.data <- iris.two.species[-id$Resamplel, ]
> myTest.X <- t(test.datal, -51])

> myTest.y <- t(test.datal, 51)

> dim(myTest.X)

[1] 4 20

> length (myTest.y)

[1] 20

> num.iter <- 1000

> learning.rate <- 0.01
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Prepare Data: 42/135

" Example (2): dogs-vs-cats image data

> if (!requireNamespace ("BiocManager", quietly = TRUE))

+ install.packages ("BiocManager")

> BiocManager::install ("EBImage")

Bioconductor version 3.11 (BiocManager 1.30.10), R 4.0.2 (2020-06-22)

Installing package(s) 'EBImage'’

> library (EBImage) .

> library (pbapply) https://www.kaggle.com/c/dogs-vs-cats/data
|

>

>

>

>

>

>

> file.path.train <- "data/Dogs vs Cats/train subset"

> file.path.test <- "data/Dogs vs Cats/testl subset"

>

> par (mfrow = c(1, 2))

> show.train.id <- 1

> images.train <- list.files(file.path.train)

> img.train <- readImage(file.path(file.path.train, images.train[show.train.id]))

> EBImage::display(img.train, method = "raster")

>

> show.test.id <- 20

> images.test <- list.files(file.path.test)

> img.test <- readImage(file.path(file.path.test, images.test[show.test.id]))

> EBImage::display(img.test, method = "raster")
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"' Extract image features by resize

extract feature <- function(file.dir, width, height) {

img.size <- width * height
images <- list.files(file.dir)

print (paste("Processing", length(images), "images@", file.dir))
label <- ifelse(grepl("dog", images) == T, 1, 0)

feature.list <- pblapply(images, function (img.name) { # pbapply {pbapply}: clEb g
Progress Bar to '*apply'
# img.name <- "cat.9993.jpg" Functions
img <- readImage(file.path(file.dir, img.name))
img.resized <- EBImage::resize(img, w = width, h = height)

## show images
# display(img, method = "raster")
# display(img.resized, method = "raster")

img.matrix <- matrix(reticulate::array reshape(img.resized,
(width*height*channels)),
nrow = width*height*channels)
img.vector <- as.vector(t(img.matrix))
img.vector

)

feature.matrix <- do.call(rbind, feature.list)
list (t (feature.matrix), label)

}

http://www.hmwu. idv.tw




Extract image features
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> height <- 64
> width <- 64

> channels <- 3
>

>

[

train.data <- extract feature(file.path.train, width, height)
1] "Processing 1250 images@ data/Dogs vs Cats/train_ subset"
| ++++++++++++++++++++++tt++rt b+t ++++++++ | 100% elapsed=10s
> myTrain.X <- train.datal[[1l]]
> myTrain.y <- train.datal[[2]]
> dim(myTrain.X)
[1] 12288 1250
> length (myTrain.y)
[1] 1250
>
> test.data <- extract feature(file.path.test, width, height)
[1] "Processing 50 images@ data/Dogs vs Cats/testl subset™
| ++++++++++++++++++++++tt++rr b+t ++++++++ | 100% elapsed=00s
> str(test.data)
List of 2
$ : num [1:12288, 1:50] 0.137 0.239 0.376 0.084 0.186 ...
$ : num [1:50] 0 0 0O OO OOOOO...
> myTest.X <- test.datal[[1l]]
> myTest.y <- test.datal[2]]
> length (myTest.y)

[1] 50
> dim (myTest.X)
[1] 12288 50

http://www.hmwu. idv.tw
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" Show resized images

data2Image <- function(xdata, width, height) {
ar <- array (0, dim=c(width, height, 3))
lapply(1:3, function(i) {
ar[,,1i] <<- matrix(xdatalseg(i, length(xdata), 3)1,
width, height, byrow=T)
1)

# return an Image class
Image (ar, dim=c(width, height, 3), colormode=2)

images.train.resized <- Image(ar, dim=c(width, height, 3), colormode=2)
images.train.resized <- data2Image (myTrain.X[, show.train.id], width, height)
images.test.resized <- data2Image (myTest.X[, show.test.id], width, height)
par (mfrow = c(1, 2))

EBImage: :display(images.train.resized, method = "raster")

EBImage: :display(images.test.resized, method = "raster")

# nomalization for each columns?
myTrain.X <- scale(myTrain.X)
myTest.X <- scale(myTest.X)

num.iter <- 1000
learning.rate <- 0.01

V VVV VYV VYV VYV YV VYV YV
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Simple Neural Network

sigmoid <- function (x) {
1/ (1+exp(-x))

}

initialize with zeros <- function (dim){
W <- matrix (0, nrow = dim, ncol = 1)
b<-0

list(W = W, b = b)

}

n <- ncol (X)

o°

A <- sigmoid((t (W)

cost <-
dw <- (1/n) *
db <- (1/n)

list (gradient =

propagate <- function(W, b, X, y){

*% X) + b)

(-1/n) * sum(y * log(Ad) + (1-y)

(X %*% t(A-y))

* rowSums (A-y)

list(dw, db),

* log(l - A))

cost = cost)

http://www.hmwu. idv.tw
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“ Optimization and prediction functions

47/135

cost <- numeric (num.iter)
for (i in l:num.iter) {
grad.cost <- propagate(W, b, X, y)

gradient <- grad.cost$gradient
cost[i] <- grad.cost$cost

dW <- matrix(gradient$dw)
db <- gradients$db

W <- W - learning.rate * dw
b <- b - learning.rate * db

}

params <- list (W=W, b=b)
gradient <- list (dW=dw, db=db)

}

}

optimize <- function(W, b, X, y, num.iter, learning.rate, print.cost = FALSE) {

if ((print.cost == T) & (i%%100 ==

cat (sprintf ("Cost after iteration %06f\n", i, cost[il]))

list (params = params, gradient = gradient,

pred <- function(W, b, X) {
n <- ncol (X)
Y.prediction <- numeric(n)
A <- sigmoid((t(W) %*% X) + b)
for (i in 1:n) {
if (A[1, il > 0.5) {
Y.prediction[i] <- 1
} else{
Y.prediction[i] <- O
}
}

Y.prediction

}

= cost)
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fll Simple Neural Network o

simple model <- function(train.X, train.y, test.X, test.y,
num.iter, learning.rate, print.cost = FALSE){

Wb <- initialize with zeros(nrow(train.X))
W <- WbSW
b <- Wb$b

optFn.output <- optimize(W, b, train.X, train.y,
num.iter, learning.rate, print.cost)

W <- as.matrix(optFn.output$paramss$w)
b <- optFn.output$paramss$b

pred.train <- pred(W, b, train.X)
pred.test <- pred(W, b, test.X)

cat (sprintf ("train accuracy: %#.2f \n", mean(pred.train == train.y) * 100))
cat (sprintf ("test accuracy: %#.2f \n", mean(pred.test == test.y) * 100))
res <- list(cost = optFn.output$cost,

pred.train = pred.train, pred.test = pred.test, W = W, b = b)
res

http://www.hmwu. idv.tw
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> SNN.model <- simple model (myTrain.X, myTrain.y, myTest.X, myTest.y,
+ num.iter, learning.rate, print.cost = T)
Cost after iteration 100: 0.667832

Cost after iteration 200: 0.386553

Cost after iteration 300: 0.223154

Cost after iteration 400: 0.176600

Cost after iteration 500: 0.152448

Cost after iteration 600: 0.133868

Cost after iterationm 700: 0.119117

Cost after iteration 800: 0.107133

Cost after iteratiomn 900: 0.097220

Cost after iteration 1000: 0.088897

train accuracy: 99.76

test accuracy: 56.00

>

> plot(l:length (SNN.model$cost), SNN.model$cost,

+ type="1", xlab = "Iterations", ylab = "Cost")

> legend (200, 0.9, c("Learning rate = 0.01"))

1.2

10

- Learning rate = 0.01

Cost

0z 04 06 08

T T T T T \
0 200 400 600 &00 1000

m terations _
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@

CRAN Task View: Machine Learning & Statistical Learning

Maintainer: Torsten Hothorn

Contact:  Torsten. Hothorn at R-project.org

Version: 2020-02-20

URL: https://CRAN.R-project.org/view=Machinel_earning

Several add-on packages implement 1deas and methods developed at the borderline between computer science and statistics -
this field of research 1s usually referred to as machine learning. The packages can be roughly structured into the following

topics:

» Neural Networks and Deep Learning : Single-hidden-layer neural network are implemented in package nnet (shipped
with base R). Package RSNNS offers an mterface to the Stuttgart Neural Network Simulator (SNNS). Packages
mmplementing deep learning flavours of neural networks include deepnet (feed-forward neural network, restricted
Boltzmann machine, deep belief network, stacked autoencoders), ReppDL (denoising autoencoder, stacked denoising
autoencoder, restricted Boltzmann machine, deep belief network) and h2o (feed-forward neural network, deep
autoencoders). An interface to tensorflow 1s available m tensorflow.

Neural Networks and Deep Learning, Recursive Partitioning, Random Forests , Regularized and Shrinkage Methods, Boosting and Gradient
Descent :, Support Vector Machines and Kernel Methods, Bayesian Methods , Optimization using Genetic Algorithms , Association Rules,
Fuzzy Rule-based Systems, Model selection and validation, Other procedures, Meta packages , GUI , Visualisation,

https://cran.r-project.org/web/views/MachineLearning.html
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b Deep Learning in R: Short Overview of Packages

« SAENET: A Stacked Autoencoder Implementation with Interface to 'neuralnet’
« darch: Package for Deep Architectures and Restricted Boltzmann Machines

Package ‘SAENET’ was removed from the CRAN repository.
Formerly available versions can be obtained from the archive.

Archived on 2018-05-03 as check problems were not corrected despite reminders.

Please use the canonical form https://CRAN. R-project . org/package=SAENET to link to this page.

m  AMORE: Artificial Neural Network Training and Simulating
= Version: 0.2-16; Published: 2020-02-12
m https://cran.r-project.org/web/packages/AMORE/index.html
»  Commands for training a simulating an artificial neural network.

m autoencoder: Sparse Autoencoder for Automatic Learning of Representative
Features from Unlabeled Data
s Version: 1.1; Published: 2015-07-02
m https://cran.r-project.org/web/packages/autoencoder/index.html

= Implementation of the sparse autoencoder in R environment, following the notes of Andrew
Ng (http://www.stanford.edu/class/archive/cs/cs294a/cs294a.1104/sparseAutoencoder.pdf).
The features learned by the hidden layer of the autoencoder (through unsupervised learning
of unlabeled data) can be used in constructing deep belief neural networks.

http://www.hmwu. idv.tw
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fai“ Deep Learning in R: Short Overview of Packages
( /S
= deepnet: deep learning toolkit in R (Version: 0.2; Published: 2014-03-20)

m  https://cran.r-project.org/web/packages/deepnet/index.html

= Implement some deep learning architectures and neural network algorithms, including BP, RBM,
DBN, Deep autoencoder and so on.

m deepNN: Deep Learning (Version: 1.0; Published: 2020-03-05)
s https://cran.r-project.org/web/packages/deepNN/index.html

= Implementation of some Deep Learning methods. Includes multilayer perceptron, different
activation functions, regularisation strategies, stochastic gradient descent and dropout.
m deepr (Version:0.0.8; Published: 2015-05-04)
= https://github.com/woobe/deepr

= An R package to streamline the training, fine-tuning and predicting processes for deep learning. It
aims to further simplify the functions in packages such as 'h20' and 'deepnet'.

m  FCNN4R: Fast Compressed Neural Networks for R (Version: 0.6.2; Published: 2016-03-09)
s http://cran.nexr.com/web/packages/FCNN4R/index.html
= Provides an interface to kernel routines from the FCNN C++ library.

= kerasR: RInterface to the Keras Deep Learning Library (Version: 0.6.1, Published: 2017-06-01)
m  https://cran.r-project.org/web/packages/kerasR/index.html

= Provides a consistent interface to the 'Keras' Deep Learning Library directly from within R. 'Keras'
provides specifications for describing dense neural networks, convolution neural networks (CNN)
and recurrent neural networks (RNN) running on top of either 'TensorFlow' or 'Theano'.

http://www.hmwu. idv.tw
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= neu ral net: Training of Neural Networks
= Version: 1.44.2; Published: 2019-02-07

m  https://cran.r-project.org/web/packages/neuralnet/index.html

= Training of neural networks using backpropagation, resilient backpropagation with (Riedmiller, 1994) or
without weight backtracking (Riedmiller and Braun, 1993) or the modified globally convergent version by
Anastasiadis et al. (2005). The package allows flexible settings through custom-choice of error and
activation function. Furthermore, the calculation of generalized weights (Intrator O & Intrator N, 1993) is
implemented.

fﬁ* b Deep Learning in R: Short Overview of Packages

m NeuralNetTools: visualization and Analysis Tools for Neural Networks
s Version: 1.5.2; Published: 2018-07-26
s https://cran.r-project.org/web/packages/NeuralNetTools/index.html

= Visualization and analysis tools to aid in the interpretation of neural network models. Functions are

available for plotting, quantifying variable importance, conducting a sensitivity analysis, and obtaining a
simple list of model weights.

m  Nnet: Feed-Forward Neural Networks and Multinomial Log-Linear Models
s Version: 7.3-14; Published: 2020-04-26
s https://cran.r-project.org/web/packages/nnet/index.html

= Software for feed-forward neural networks with a single hidden layer, and for multinomial log-linear
models.
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|,, Deep Learning in R: Short Overview of Packages

m RcppDL: Deep Learning Methods via Rcpp

s Version: 0.0.5; Published: 2014-12-17
s https://cran.r-project.org/web/packages/RcppDL/index.html

= This package is based on the C++ code from Yusuke Sugomori, which implements basic machine
learning methods with many layers (deep learning), including dA (Denoising Autoencoder), SAA
(Stacked Denoising Autoencoder), RBM (Restricted Boltzmann machine) and DBN (Deep Belief Nets).

m  I'NN: Recurrent Neural Network

= Version: 1.4.0; Published: 2020-07-03 (Vignettes)
s https://cran.r-project.org/web/packages/rnn/index.html

= Implementation of a Recurrent Neural Network architectures in native R, including Long Short-Term
Memory (Hochreiter and Schmidhuber, <d0i:10.1162/nec0.1997.9.8.1735>), Gated Recurrent Unit
(Chung et al., <arXiv:1412.3555>) and vanilla RNN.

m  RSNNS: Neural Networks using the Stuttgart Neural Network Simulator (SNNS)
s Version: 0.4-12; Published: 2019-09-17

s https://cran.r-project.org/web/packages/RSNNS/index.html

=  The Stuttgart Neural Network Simulator (SNNS) is a library containing many standard
implementations of neural networks. This package wraps the SNNS functionality to make it available
from within R. Using the 'RSNNS' low-level interface, all of the algorithmic functionality and flexibility
of SNNS can be accessed. Furthermore, the package contains a convenient high-level interface, so that
the most common neural network topologies and learning algorithms integrate seamlessly into R.
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Summary of NN methods

R Packages DNN Methods

AMORE Multilayer Feedforward NN (adaptative BP with momentum method)

autoencoder Autoencoder NN (unsupervised) + BP

darch Hinton, G. E., S. Osindero, Y. W. Teh, A fast learning algorithm for deep belief nets, Neural
Computation 18(7), S. 1527-1554, DOI: 10.1162/neco.2006.18.7.1527, 2006.

deepnet Restricted Boltzmann Machine, DNN with weights initialized by StackedAutoEncoder, Mutiple
hidden layers NN by BP

deepNN BP for a multilayer perceptron

FCNN4R Fast Compressed NN

kerasRk convolution neural networks (CNN) and recurrent neural networks (RNN)

neuralnet NN with BP, resilient BP

NeuralNetTools Plot a neural interpretation diagram for a neural network object (nnet, neuralnet)

nnet Feedforward single-hidden-layer NN and Multinomial Log-Linear Model

RcppDL dA (Denoising Autoencoder), SdA (Stacked Denoising Autoencoder), RBM (Restricted Boltzmann
machine) and DBN (Deep Belief Nets).

rnn Recurrent NN, Long Short-Term Memory (LSTM), Gated Recurrent Unit and vanilla RNN.

RSNNS multilayer perceptron (MLP), Jordan networks/Elman networks (partially recurrent networks), radial

basis function (RBF) network.

SAENET Stacked Autoencoder

http://www.hmwu. idv.tw
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}:@&* '“ The R interface to the deep-learning framework

Hzo.oi

m h20:R Interface for the 'H20' Scalable Machine Learning Platform

s Version: 3.30.0.1; Published: 2020-04-09

s https://cran.r-project.org/web/packages/h2o/index.html

= Rinterface for '"H2O', the scalable open source machine learning platform that offers parallelized
implementations of many supervised and unsupervised machine learning algorithms such as
Generalized Linear Models, Gradient Boosting Machines (including XGBoost), Random Forests, Deep
Neural Networks (Deep Learning), Stacked Ensembles, Naive Bayes, Cox Proportional Hazards, K-
Means, PCA, Word2Vec, as well as a fully automatic machine learning algorithm (AutoML).

s https://www.h20.ai/products/h20/

@dxnet R

R Guide >
m MXNet - R API: A Flexible and Efficient Library for Deep Learning = """

B R AP| Reference »

s https://mxnet.apache.org/versions/1.6/api/r

= MXNet supports the R programming language. The MXNet R package brings flexible and efficient
GPU computing and state-of-art deep learning to R. It enables you to write seamless tensor/matrix
computation with multiple GPUs in R. It also lets you construct and customize the state-of-art deep

learning models in R, and apply them to tasks, such as image classification and data science
challenges.
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m tfestlmato I'S: Interface to 'TensorFlow' Estimators

s Version: 1.9.1; Published: 2018-11-07
s https://cran.r-project.org/web/packages/tfestimators/index.html

= Interface to 'TensorFlow' Estimators <https://www.tensorflow.org/programmers_guide/estimators>, a
high-level API that provides implementations of many different model types including linear models
and deep neural networks.

BEC++FIEAY - 3YZZEMPython
" TensorFlow V: R Interface to 'TensorFlow' - R#9TensorFlowE #38Python

TensorFlow APIZR#fTETEEEY -
s Version: 2.2.0; Published: 2020-05-11
s https://cran.r-project.org/web/packages/tensorflow/index.html

= Interface to 'TensorFlow' <https://www.tensorflow.org/>, an open source software library for
numerical computation using data flow graphs. Nodes in the graph represent mathematical
operations, while the graph edges represent the multidimensional data arrays (tensors)
communicated between them. The flexible architecture allows you to deploy computation to one or
more 'CPUs' or 'GPUs' in a desktop, server, or mobile device with a single 'API'. 'TensorFlow' was
originally developed by researchers and engineers working on the Google Brain Team within Google's
Machine Intelligence re search organization for the purposes of conducting machine learning and
deep neural networks research, but the system is general enough to be applicable in a wide variety of
other domains as well.
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"' The R interface to the deep-learning framework

n VerS|on.2300 Published: 2020-05-19
m https://cran.r-project.org/web/packages/keras/index.html

m Interface to 'Keras' <https://keras.io>, a high-level neural networks 'API'. 'Keras'
was developed with a focus on enabling fast experimentation, supports both
convolution based networks and recurrent networks (as well as combinations of
the two), and runs seamlessly on both 'CPU" and 'GPU' devices.
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R¥EAirisEREZ mid

Tl nnet: E—[B i EHIfeed-forward neural networksE#4
> library (nnet)

> xdata <- iris[, 1:4]

> ydata <- iris|[, 5] > T

> no.class <- length(unique (ydata)) [,11 [,2]1 I[,3]
> T <- matrix (0, nrow=nrow(xdata), ncol=no.class) [1,1] 1 0 0
> sapply(l:no.class, function(x){ [2,1] 1 0 0
+ T [which(ydata == levels(ydata) [x]), x] <<- 1 [3,] 1 0 0
+ 1 [4,] 1 0 0
> id <- sample(l:nrow(iris), 100) ..

> training.x <- xdatalid,] [148,] 0 0 1
> training.y <- T[id, 1 [1409,] 0 0 1
> testing.x <- xdatal-id,] [150,] 0 0 1
> testing.y <- TI[-id, 1]

> nn.iris <- nnet(training.x, training.y, size = 2, rang = 0.1,

+ decay = 5e-4, maxit = 200)

# weights: 19

e * size: number of units in the hidden
initial wvalue 73.240851

iter 10 value 37.694980 layer.

iter 20 value 32.664756 ° rang. initial random Weights on [—rang,
iter 30 value 31.946509 rang]. Value about 0.5 unless the inputs
-e are large, in which case it should be

> pred <- max.col (predict(nn.iris, testing.x)) chosmasothﬂnang*lnaxdeisaboutL

> testing.true <- apply(T[-id, 1, 1, which.max)

: * decay: parameter for weight decay.
> table(testing.true, pred)

Default 0. (It's regularization to avoid over-

pred :
testing.true 1 2 3 fitting.)
114 0 O *  maxit: maximum number of iterations.
2 013 2 Default 100.
3 0 021
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' "'% RIEAirisERE 2 miE

> str(nn.iris)
List of 15
S n : num [1:3] 4 2 3

$ wts : num [1:19] -0.209 -0.309 -1.996 2.634 1.349 ...

$ convergence : int 1

$ fitted.values: num [1:100, 1:3] 0.99229 0.009657 0.993522 0.011416 0.000118
..- attr(*, "dimnames")=List of 2
ee «.$ : chr [1:100] "13m" mwg3m mw23m uggn
.. ..$ : NULL

> summary (nn.iris)
a 4-2-3 network with 19 weights
options were - decay=5e-04

b->hl il->hl i2->hl i3->hl i4->hl
-0.21 -0.31 -2.00 2.63 1.35

b->03 hl->03 h2->03
3.26 3.61 -13.76
> print(nn.iris)
a 4-2-3 network with 19 weights
options were - decay=5e-04
> coef(nn.iris)

b->hl il->hl i2->hl i3->hl i4->hl b->h2
-0.2088855 -0.3088326 -1.9963053 2.6339182 1.3487065 20.6682103
il->h2 i2->h2 i3->h2 i4->h2 b->01 hl->01
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R¥EAirisENE ZmiE

B1 B2
Sepal.Length 1 x&K“H\xHKK\RH\&
Q1 setosa
Sepal.Width | I2 . /(

Semame (2 versicolor

Petal.Length I3 H2 \\\\\

Petal Width |4

Q3 virginica

# install.packages ("NeuralNetTools")
library (NeuralNetTools)
plotnet(nn.iris)

# or
nn.iris.2 <- nnet(Species ~ ., data = iris, subset = id,
size = 2, rang = 0.1,
decay = 5e-4, maxit = 200)
table(iris$Species[-id], predict(nn.iris.2, iris[-id,], type = "class"))
plotnet(nn.iris.2)

See also: https://rpubs.com/skydome20/R-Note§-ANN
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é*"*;|||%o SRIEE— B E B y=x"2

neuralnet: Z{E[EHEENEHKRHEBREN

;Fl J }EH " neuralnet " T% L neuralnet {neuralnet} R Documentation
1 qu“$$%%%ﬂﬁij<“_‘ Training of neural networks
1l bR 24 y=XA2 Description

Train neural networks using backpropagation, resilient backpropagation
(RPROP) with (Riedmiller, 1994) or without weight backtracking (Riedmiller
and Braun, 1993) or the modified globally convergent version (GRPROP) by
Anastasiadis et al. (2005). The function allows flexible settings through custom-
choice of error and activation function. Furthermore, the calculation of
generalized weights (Intrator O. and Intrator N., 1993) is implemented.

# 1nstall._packages("neuralnet™)
library(neuralnet)
set.seed(12345)
X <- sample(seq(-2, 2, length.out=50), 50, replace=F)
T <- function(xX){

XN2
¥
y <- f(x)
train.data <- data.frame(attribute=x, response=y)
head(train.data)

plot(train.data, main="f(x)=x"2"") Usage
fit <- neuralnet(response ~ attribute, neuralnet (formula, data, hidden = 1, threshold = 0.01,
data=train.data stepmax = le+05, rep = 1, startweights = NULL,

_ _ - 7 learningrate.limit = NULL, learningrate.factor = list(minus = 0.5,
hlddeﬂ—C(?) 3) plus = 1.2), learningrate = NULL, lifesign = "none",
threshold:O_Ol) lifesign.step = 1000, algorithm = "rprop+", err.fct = "sse",

fit act.fct = "logistic", linear.output = TRUE, exclude = NULL,
- constant.weights = NULL, likelihood = FALSE)
plot(fit) J ’

http://www.hmwu. idv.tw



r.
f‘

g 6l: FIFH"neuralnet "{EE—EXEH LM IK647135

/||| SRIE I — BB y=x/2

test.data <- as.matrix(sample(seq(-2, 2, length.out=10), 10, replace=F), ncol=1)
head(test.data)
pred <- compute(fit, test.data)

data.frame(Test.attribute=test.data, Prediction=pred$net.result,
Actual . response=f(test.data))

dev.set(dev.prev())
points(test.data, pred$net.result, col="red"”, cex=2, pch=3)

f(x)=x"2

respanse
2
|
=]
=)

attribute

o o
= - OO‘I&Ooooa-eo
T T T T T
2 A 0 1 2

Error: 0.013059 Steps: 4503 atribute
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:Z;ﬁ"' TERE TERMERMERE ("Im", "neuralnet”, "deepnet")

data(Boston, package="MASS'™)

# data(BostopHousing, package="mlbench™)

head(Boston) # head(BostohHousing)
str(Boston) # str(BostonHousing)
names(Boston)

used.variables <- c(crim”™, "indus', "nox', "rm'", "age",

"dis", "tax", "ptratio’, "lIstat", "medv')
Boston.used <- as.data.frame(scale(Boston[used.variables]))
str(Boston.used)

apply(Boston.used, 2, function(x) sum(is.na(x)))
pairs(Boston.used, cex=0.4)

library(psych)
pairs.panels(Boston. used)
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;?:‘&% TERIRTIEREMEE ("Im", "neuralnet”, "deepnet")

library(caret)

set.seed(12345)

1d <- createDataPartition(y=1:nrow(Boston.used), p=0.8)
train.data <- Boston.used[id$Resamplel, ]
head(train.data)

train.X <- train.data[, -10]

train.y <- train.data[, 10]

test.data <- Boston.used[-i1d$Resamplel, ]
head(test.data)

test.X <- test.data[, -10]

test.y <- test.data[, 10]

validation.index <- function(pred.value, real.value){
require(Metrics) # STEZEBARESEE
cor.v <- cor(pred.value, real.value)”2
mse.v <- mse(pred.value, real.value)
rmse.v <- rmse(pred.value, real.value)
index <- pasteO('Cor”2=", round(cor.v, 4),
", MSE=", round(mse.v, 4),
", RMSE=", round(rmse.v, 4))
1ndex
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Coefficients:

(Intercept) 0.003829
crim -0.048178
indus -0.040613
nox -0.210235
rm 0.346899
age -0.034690
dis -0.295494
tax 0.012265
ptratio -0.258568
Istat -0.382526

Signif. codes:

O kKX’

Residual
Multiple R-squared:

standard error:
0.7213,
F-statistic: 113.9 on 9 and 396 DF,

> fit.Im <- Im(formula=medv ~
> summary(fit.Im)

-1.42038 -0.33885 -0.08678 O.

Estimate Std.

Error t value Pr(c|t])
0.027202 0.141 0.888124
0.042629 -1.130 0.259085
0.052182 -0.778 0.436860
0.054846 -3.833 0.000147 ***
0.036120 9.604 < 2e-16 ***
0.047231 -0.734 0.463092
0.048465 -6.097 2.57e-09 ***
0.049680 0.247 0.805122
0.033750 -7.661 1.43e-13 ***
0.046014 -8.313 1.51e-15 ***

0.002 =+ 0.01 “* 0.05 ‘. 0.1 " 1

Call:
Im(formula = medv ~ ., data = train.data)
Residuals:

Min 10 Median 30

., data=train.data)

Max

22445 3.09712

0.5473 on 396 degrees of freedom
Adjusted R-squared:
p-value: < 2.2e-16

0.7149
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> pred.Im <- predict(fit.Im, test.X)

> Im.pred.data <- data.frame(pred.y=pred.lIm, test.y=test.y)

> ggplot(data=Im.pred.data, aes(x=test.y, y=pred.y)) +

+ geom_point() +

+ ggtitle(paste("Im fit:", validation.index(pred.Im, test.y))) +
+ geom_abline(intercept=0, slope=1, color="red", size=1) +

+ coord_fixed(ratio=1)

Im fit: Cor*2=0.6529, MSE=0.2776, RMSE=0.5269
3-

pred.y
=

testy
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> fit.nn <- neuralnet(formula=medv ~ ., nn fit: Cor*2=0.6478, MSE=0.3026, RMSE=0.5501
+ data=train.data,

+ hidden=c(10, 12, 20),
+ threshold=0.1,
+
+
+

algorithm="rprop+",
err._fct=""sse",
act.fct=""logistic",

+ linear.output=T)

> str(fit.nn)

List of 14

pred.y

- attr(*, '"class")= chr "nn
> summary(fit.nn)

Length Class Mode
call 9 -none- call
result_matrix 516 -none- numeric
i 2 ¥ 0 1 2 3
pred.nn <- compute(fit.nn, test.X) testy

nn.pred.data <- data.frame(pred.y=pred.nn$net.result, test.y=test.y)
ggplot(data=nn.pred.data, aes(x=test.y, y=pred.y)) +
geom_point() +
ggtitle(paste(''nn fit:", validation.index(pred.nn$net.result, test.y))) +
geom_abline(intercept=0, slope=1, color="red", size=1) +
coord_fixed(ratio=1)

+ ++ +V V VYV
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plot(fit.nn)
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Usage

nn.train(x, y, initW = NULL, initB = NULL, hidden = c(10), activationfun = "sigm",
learningrate = 0.8, momentum = 0.5, learningrate scale = 1, output = "sigm",
numepochs = 3, batchsize = 100, hidden dropout = 0, wvisible dropout = 0)

N nn.train {deepnet} R Documentation

> require(deepnet)

> train.X <- as.matrix(train.X) Training Neural Network

> test.X <- as.matrix(test.X)

> fit.dn <- nn.train(X=train.X, y=train.y, Description

+ initW=NULL, initB=NULL,

+ hidden=c(10, 12, 20), Training single or mutiple hidden layers neural network by BP

+ learningrate=0.58,

+ momentum=0.74,

+ learningrate_scale=1,

+ activationfun="sigm'", #linear, tanh

+ output="linear'™, #sigm, softmax

+ numepochs=970,

+ batchsize=60,

+ hidden_dropout=0,

+ visible _dropout=0)

>

> pred.dn <- nn.predict(fit.dn, test.X)

> dn.pred.data <- data.frame(pred.y=pred.dn, test.y=test.y)

dbn.dnn.train: Training a Deep NN with weights initialized by DBN

nn.train: Training NN by BP

rbm.train: Training a RBM (restricted Boltzmann Machine)

sae.dnn.train: Training a Deep NN with weights initialized by Stacked AutoEncoder
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> ggplot(data=dn.pred.data, aes(x=test.y, y=pred.y)) +

geom_point() +

ggtitle(paste('deepnet fit:", validation.index(pred.dn, test.y))) +
geom_abline(intercept=0, slope=1, color="red", size=1) +
coord_TfTixed(ratio=1)

+ + + +

deepnet fit: Cor*2=0.8801, MSE=0.0988, RMSE=0.3143

3-

pred.y

testy
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> data('PimalndiansDiabetes2', package="mlbench™)

> # missing values

> sapply(PimalndiansDiabetes2, function(x) sum(is.na(x)))

pregnant glucose pressure triceps insulin mass pedigree age diabetes
0 5 35 227 374 11 0 0 0

> pima <- PimalndiansDiabetes2

> dim(pima)

[1] 768 9

> pima$insulin <- NULL

> pima$triceps <- NULL

> dim(pima)

[1] 768 7

> pima <- na.omit(pima)

> dim(pima)

[1] 724 7

> names(pima)

[1] "pregnant™ "glucose™ ‘'pressure’ "mass" "pedigree’ "age" "diabetes"

> pima$diabetes

[1] pos neg pos neg pos neg pos pPosS neg pos neg posS pPOS pPOS pPoOS neg pos neg neg

Levels: neg pos
pima <- data.frame(scale(pimal[,-7]), pima[,7])

set.seed(12345)

train.id <- sample(l:nrow(pima), 600)
train.X <- pima[train.id, -7]

train.y <- as.integer(pima[train.id, 7])
test.X <- pima[-train.id, -7]

test.y <- as.integer(pima[-train.id, 7])

VVVYVVYVYVYV
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mlp {RSNNS} R Documentation

Create and train a multi-layer perceptron (MLP)

Description

This function creates a multilayer perceptron (MLP) and trains it. MLPs are fully connected feedforward networks,
and probably the most common network architecture in use. Training 1s usually performed by error backpropagation
or a related procedure.

There are a lot of different learning functions present in SNNS that can be used together with this function, e.g.,
Std Backpropagation, BackpropBatch, BackpropChunk, BackpropMomentum, BackpropWeightDecay, Rprop,
Quickprop, SCG (scaled conjugate gradient), ...

mlp(x, vy, size = c(5), maxit = 100,
initFunc = "Randomize Weights", initFuncParams = c(-0.3, 0.3),
learnFunc = "5td Backpropagation", learnFuncParams = c(0.2, 0),
updateFunc = "Topological Order"™, updateFuncParams = c(0),
hiddenActFunc = "Act Logistic", shufflePatterns = TRUE,

1linOut = FALSE, outputActFunc = if (linOut) "Act TIdentity" else
"Act Logistic", inputsTest = NULL, targetsTest = NULL,
pruneFunc = NULL, pruneFuncParams = NULL, ...)
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[

> require(RSNNS)

> fit.mlp <- mlp(x=train.X, y=train.y,
size=c(12, 8),

maxit=1000,

initFun=""Randomiza Weights",
initFuncParams=c(-0.3, 0.3),
learnFunc="Std_Backpropagation’,
learnFuncParams=c(0.2, 0),
updateFunc="Topological _Order",
updateFuncParams=c(0),
hiddenActFunc=""Act_Logistic",
shufflePatterns=T,

11nOut=T)

+

VV A+ ++ 4+ ++ 4+ + + +

pred.mlp <- i1felse(predict(fit.mlp, test.X) >= 1.5, 2, 1)

140
|

summary(fit.mlp)

fit.mlp
weightMatrix(fit.mlp)
extractNetInfo(fit.mlp)
plotlterativeError(fit.mlp)

120
|

Weighted SSE

80
|

60
1

40

Iteration
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> library(caret)

> caret: :confusionMatrix(data=as.factor(pred.mlp),

+ reference=as.factor(test.y))
Confusion Matrix and Statistics

Reference
Prediction 1 2
170 12
2 17 25
Accuracy : 0.7661
95% Cl : (0.6817, 0.8374)
No Information Rate : 0.7016
P-Value [Acc > NIR] : 0.06812

Kappa : 0.4623
Mcnemar®s Test P-Value : 0.45761

Sensitivity : 0.8046
Specificity : 0.6757

Pos Pred Value : 0.8537

Neg Pred Value : 0.5952
Prevalence : 0.7016

Detection Rate : 0.5645
Detection Prevalence 0.6613
Balanced Accuracy : 0.7401

"Positive” Class : 1
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newff {AMORE} R Documentation

Create a Multilayer Feedforward Neural Network

Description

Creates a feedforward artificial neural network according to the structure
established by the AMORE package standard.

Usage

newff (n.neurons, learning.rate.global, momentum.glokal, error.criterium, Stao,
hidden.layer, output.layer, method)

train {AMORE} R Documentation

Neural network training function.

Description

For a given data set (training set), this function modifies the neural network weights and
biases to approximate the relationships amongst variables present in the training set. These
may serve to satisfy several needs, i.e. fitting non-linear functions.

Usage

train(net, P, T, Pval=NULL, Tval=NULL, error.criterium="LMS", report=TRUE,
n.shows, show.step, Stao=NA,prob=NULL,n.threads=0L)
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> amore.net <- newff(n.neurons=c(6, 12, 8, 1),
+ learning.rate.global=0.01,
+ momentum.global=0.5,

+ error.criterium="LMLS",

+ Stao=NA,

+ hidden. layer=""sigmoid",

+ output. layer="purelin’,

+ method=""ADAPTgdwm"")
>
>
+
+
+
+
+
i

fit.amore <- AMORE::train(net=amore.net,
P=as.matrix(train.X), T=as.numeric(train.y),
error.criterium="LMLS",
report=T,
n.shows=5,
show.step=100)
ndex.show: 1 LMLS 0.0760980749807378

index.show: 5 LMLS 0.0729652957354979
>
>

pred.amore <- ifelse(sim(fit.amore$net, as.matrix(test.X)) >= 1.5, 2, 1)
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> caret: :confusionMatrix(data=as.factor(pred.amore),

+

Reference
Prediction 1 2
181 17
2 6 20

Accuracy

95% CI

No Information Rate
P-Value [Acc > NIR]

Kappa :

Mcnemar®"s Test P-Value :

Sensitivity
Specificity

Pos Pred Value :
Neg Pred Value :

Prevalence

Detection Rate
Detection Prevalence
Balanced Accuracy

"Positive® Class

reference=as.factor(test.y))
Confusion Matrix and Statistics

0.8145
(0.7348, 0.8786)
0.7016

0.002963

0.5156
0.037056

0.9310
0.5405
0.8265
0.7692
0.7016
0.6532
0.7903
0.7358

1
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> data.zip <- "OnlineNewsPopularity.zip"

> uci <- "https://archive.ics.uci.edu/ml/machine-learning-databases/00332/"
> url.loc <- pasteO(uci, data.zip)

> downlload.file(url._loc, destfile=data.zip, method="libcurl'™)

> unzip(data.zip, exdir="data')

> dirQ)

5
.
(=]

>
> file.loc <- "data/OnlineNewsPopularity/OnlineNewsPopularity.csv”
> ONP.data <- read.csv(file.loc)

> head(ONP.data)

> str(ONP.data) to000
"data.frame": 39644 obs. of 61 variables:

$ url : chr "http://mashabl
$ timedelta num 731 731 731 731

$ shares : Iint 593 711 1500 12
>
> summary(ONP.data$shares)
Min. 1st Qu. Median Mean 3rd Qu. Max .
1 946 1400 3395 2800 843300

histogram of the shares (Online News Popularity Data)

1000-

log{count)

100-

i L

o 250000 400000 750000
#shares

ggplot(data=ONP.data, aes(x=shares)) + geom_histogram()
ggplot(data=ONP.data, aes(x=shares)) + geom_histogram() +
scale_y logl0() +
labs(x=""#shares", y="log(count)",
title=""histogram of the shares (Online News Popularity Data)')

vV + + + V V VYV
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> response <- as.numeric(ONP.data$shares > median(ONP.data$shares))
> scale_01 <- function(x){
+ (x-min(x))/(max(x)-min(x))
+ %}
> names(ONP data)

[1] “url™ “"timedelta” n_tokens_title”

[4] "'n_tokens_content™ n_unique_tokens™ n_non_stop_words™

[7]1 "'n_non_stop_unique_tokens" “num_hrefs" “num_self_hrefs”

[10] "num_imgs" "num_videos" "average_token_length"

[13] "num_keywords" "data_channel __is_lifestyle™ "data_channel _is_entertainment™
[16] "data _channel is_ bus™ "data_channel _is_socmed" "data_channel _is_tech"

[19] "data _channel is_world" “"kw_min_min® “"kw_max_min**

[22] "kw_avg_min* “"kw_min_max" “kw_max_max'*

[25] "kw_avg_max'* “"kw_min_avg" “"kw_max_avg'*

[28] "kw_avg_avg™ "self_reference_min_shares™ "self_reference_max_shares"
[31] "self _reference_avg sharess' "weekday_i1s_monday*" "weekday_ is_tuesday'’

[34] "weekday is_wednesday" "weekday_is_thursday™ "weekday is_friday"

[37] "weekday is_saturday™ "weekday_1s_sunday" "is_weekend

[40] ""LDA 00" "LDA_O01" "LDA_ 02"

[43] ""LDA 03" "LDA_04" "global _subjectivity"

[46] "global_sentiment_polarity” "global _rate positive_words™ "global _rate negative_words'
[49] "‘rate_positive words" "rate_negative_words" avg_positive_polarity”

[52] "min_positive polarity" "max_positive_polarity” *favg_negative polarity”

[55] "min_negative polarity" "max_negative_polarity” “title_subjectivity”

[58] "title_sentiment polarity” "abs_title_subjectivity” “abs title_sentiment _polarity”
[61] *shares™
> channel <- ONP.datal[, 14:19] #binary
> kword <- apply(ONP.data[, 20:28], 2, scale_01)
> day <- ONP.data[, 32:39] #binary Latent Dirichlet allocation
> lda <- ONP.data[, 40:44] #binary
> ONP.used <- cbind(channel, kword, day, lda, response)
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> library(caret)

> set.seed(12345)

> 1d <- createDataPartition(y=response, p=0.8)

> response.at <- which(names(train.data) %in% c('response’™))
>

>

>

train.data <- ONP.used[i1d$Resamplel, ]

head(train.data)

data_channel _is_lifestyle data_channel is_entertainment data channel is_bus
1 0 1 0

> train.X <- train.data[, -response.at]
> train.y <- train.data[, response.at]
> dim(train.X)
[1] 31716 28
>
> test.data <- ONP.used[-id$Resamplel, ]
> head(test.data)
data_channel _is_lifestyle data_channel _is_entertainment data channel _is _bus
7 1 0 0

> test.X <- test.data[, -response.at]
> test.y <- test.data[, response.at]
dim(test.X)
[1] 7928 28

\
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> require(deepnet)
> set.seed(12345) n . -
> fit.dn <- nn.train(x=as.matrix(train.X), Confusion Matrix and Statistics
y=train.y,
+ hidden=c(60, 30), oredicti Refegencel
+ numepochs=10, re |ct|08 2413 1446
+ activationfun="'sigm", 1 1581 2488
+ output="'sigm’™)
>
- - Accuracy : 0.6182
> attributes(fit.d
$n2megl Htescr " 95% CI : (0.6074, 0.6289)
- - - No Information Rate : 0.5038
[1] "input_dim" “output_dim" i
[3] "hidden" ngjze P-Value [Acc > NIR] : < 2e-16
[5] "activationfun® "learningrate™ _
[7] "momentum™ "learningrate_scale" Kappa : 0.2365
[9] "hidden_dropout™ "visible dropout” . i
[11] “output” oy Mcnemar®s Test P-Value : 0.01487
[13] v B Sensitivity : 0.6042
[15] "'vB post oo - i
[17] “pre" Ty Specificity : 0.6324
[19] "L" Pos Pred Value : 0.6253
Neg Pred Value : 0.6115
> pred.dn <- nn.predict(fit.dn, as.matrix(test.X)) DeteZE?gilggig E 8'2822
> d.dn.cl <- ifel d.dn > 0.5, 1, O - N
pre n-class ifelse(pre : ) Detection Prevalence : 0.4868
Balanced Accuracy : 0.6183
> caret::confusionMatrix(data=as.factor(pred.dn.class), i .
+ reference=as. factor(test.y)) Positive” Class - 0
|
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(Convolutional neural network, CNN)

Source: vision.stanford.edu » papers > Lecun98 v roF BiiZE{EdEE

Gradient-Based Learning Applied to Document Recognition

... THE IEEE, NOVEMBER 1998. 1. Gradient-Based Learning Applied to Document. Recognition.
Yann LeCun, L eon Bottou, Yoshua Bengio, and Patrick Haffher.

F Y LeCun 24 - 1998 - 352 | H 30029 2k - fARr=

C3: f. maps 16@10x10

INPUT géggitzge maps S4: f. maps 16@5x5
32x32 S2: f. maps Cb: layer
: : OUTPUT
6@14x14 Iy 120 i

‘ Full conljuaction ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.
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(Convolutional neural network, CNN)
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Convolution (E1EER)

Stride:
kernel FZENEE

Data matrix
(image grayscale)
8fir T

(filter)

Convolution

Raw image kernel
10x10 pixels

convolve {imager},
Boundary condition:
o | o |25 =85 Dirichlet (T), Neumann (F)

Feature map

m cAIo®oisin [ 0 [0 |0
w Normalization 0 | o 85 | 170 [\pss | 285 | 170 | 85 | 0
faCtOI’ —;'T__l B | 85 | 85 }‘\ 0 | 8 | 8 | 85
o | o5 | o5 | o\ o |es|es|es
L I 8 | 8 | 0
8 g | 0 | 0
0 0 85 | 170 | 170 | 85 0 0 T
zero padding method: T e (e o o 1
input image VU EEf00 > FF#EfTConvolution }_ PP s s s {
image size=10x10 =
0 | 255 | 265 | 265 | 258
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Convolution Kernels

& Notlogged in Talk Contributions Create account Log in The general e)(pression of a convolution is
Article  Talk Read Edit View history @ Search Wikipedia Q
9(z,y) = w=* f(z,y) = E E . w(dz, dy) f(z + dz,y + dy),
N ) . . dr=—a dy=-b
wikieenra | Kernel (image processing)
where g(x is the filtered image, f(x is the original image, w is the fiter
The Free Encyclopedia From Wikipedia, the free encyclopedia g( ’y) ] g f( ’y) ] g 9
kernel. Every element of the filter kernelis considered by —a < dx < a and
Main page Forother uses, see Kernel (disambiguation). —b< dy < b.
Contents Inimage processing, a kernel, convolution matrix, or mask is a small matrix. It
(;”":"t EV:_"tls is used for blurring, sharpening, embossing, edge detection, and more. This is
andom arnicle . . . .
About Wikipedia accomplished by doing a convolution between a kernel and an image.
Gortactus Contents [ide] D Prewitt Operator
Donate ) 0 1 0
1 Details Sharpen -1 5 -1
Operation Kernel w Imagn msull atx.y) 0 -1 0 | =]l 0 1 -1 -1 -1
o 0 o
Identity [ 0 1 u] = =1 1 0 0
o0 0 1 1 1
Box blur l 1 1 1
tlon (normalized) 9 = 1 0 1 1 ]. ].
- 1 0 -1 1 1 1
|: 0 0 0 p
—1; 0 A
G ian blur3x 3 1 121
— 1 aussian blur 3 =
S [_‘; L . B = 4 2 Directional Edge Detection
skl (approximation) 16
0 -1 o] 2 1
B I B
1 1 1
[ 1 8 -1 1 4 G 4 1 2 2 2 | 2| .
1 -1 -1} _1 4 16 24 16 4
Unsharp masking 5 x5 5ee 6 24 476 24 6 -1 1| -1 1] 2 1
Based on Gaussian biur £ MdEE ko Horizontal lines Vertical lines
with amount as 1 and 1 4 G 4 1
thresheold as O
(with no image mask) -1 -1 2 2 -1 -1
-1 2| -1 -1 2 |-
2| -1 -1 1] -1 2
. . . . . +45° edges - 459 edges
https://en.wikipedia.org/wiki/Kernel (image processing
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" . Image Convolution #k &

library(imager)

vd.img <- load.image(*'data/Vd-Orig.png')
dim(vd.img)

plot(vd.img)

Edge.detection.kl <- as.cimg(matrix(c(12, 0, -1, 0, 0, 0, -1, 0, 1), ncol=3))
Edge.detection.k2 <- as.cimg(matrix(c(0, -1, 0, -1, 4, -1, 0, -1, 0), ncol=3))
Edge.detection.k3 <- as.cimg(matrix(c(-1, -1, -1, -1, 8, -1, -1, -1, -1), ncol=3))
Sharpen.k <- as.cimg(matrix(c(0, -1, 0, -1, 5, -1, 0, -1, 0), ncol=3))

Boxblur.k <- as.cimg(matrix(rep(l, 9), ncol=3)/9)

Gaussianblur.3x3.k <- as.cimg(matrix(c(1, 2, 1, 2, 4, 2, 1, 2, 1), ncol=3)/16)

edkl.img <- imager::convolve(vd.img, Edge.detection.kl)
edk2.img <- imager::convolve(vd.img, Edge.detection.k2)
edk3.img <- imager::convolve(vd.img, Edge.detection.k3)
sk.img <- imager::convolve(vd.img, Sharpen.k)

bk.img <- imager::convolve(vd.img, Boxblur.k) Edge Detection (1) Edge Detection @) Edge Detection ()
g3k.img <- iImager::convolve(vd.img, Gaussianblur.3x3.k)

par(mfrow=c(2, 3))

plot(edkl.img, main="Edge Detection (1)")
plot(edk2.img, main="Edge Detection (2)")
plot(edk3.img, main="Edge Detection (3)") vowowmomowow oo mowow vowowomowow
plot(sk.img, main="Sharpen'™)

plot(bk.img, main="Box blur')
plot(g3k.img, main="Gaussian blur (3x3)")

100 =) &0 40 20
100 a0 60 40 20
100 80 B0 40 20

Sharpen Box blur Gaussian blur (3x3)

100 0 &0 40 20
100 a0 60 40 20
100 a0 B0 40 20

o 20 40 B0 a0 100 o 20 40 B0 80 100 o 20 40 B0 80 100

http://www.hmwu. idv.tw
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o] 0 85 170 § 255 ]| 285 || 170 85 a 0

* max pooling operation
with 2x2 filter
e stride value 2

] 85

0 85

input: output:
10x10 1image 5x5 (si1ze-reduced)
data matrix pooled image

data matrix

Understanding Max-Pooling of Image Data with R
https://www.datatechnotes.com/2018/11/understanding-max-pooling-image-data.html

http://www.hmwu. idv.tw
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. Image Feature Extraction: Local Blocks

1]2[3 Block 1: (fﬂll?fﬂlg,---?fﬂlg)
456 ’ ’ ’
AEE
1[2][3 Block 2: (221,292, -,%29)
5|6
AEBE
1 ? z Block 3: (fﬁg)l,fﬁgag,"'-,-353,9)
dBE

Block 64: (Zg4,1, %642, "+ T64.9)

grey level: f(x,y)=0,...,255

—
{g¥]
L]

http://www.hmwu. idv.tw
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Image Segmentation Procedure

Cluster
Block size = 3 x 3 Label

Transformation Z 64xp Segmentation Yea

FFT Clustering Algorithms
Gabor
Space Domain Wavelet,...
PCA
SIR,...

Validation <—
Indices

http://www.hmwu. idv.tw
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7.1 Automatic speech recognition

7.2 Electromyography (EMG) recognition
7.3 Image recognition

7.4 Visual art processing

7.5 Natural language processing

7.6 Drug discovery and toxicology

7.7 Customer relationship management
7.8 Recommendation systems

7.9 Bioinformatics

7.10 Medical Image Analysis

7.11 Mobile advertising

7.12 Image restoration

7.13 Financial fraud detection

N ?)Ef%i‘ﬂﬂ%@,%lglft‘é%Recurrent Neural Network, RNN): f& £
2R~ Amiefl - XEREE -
n RAMEE (LSTM): EREM R - BEWE BB
% o
n RERIEEBH
n REBIEHAHE
s FEHEERHRIGHE
n HERE B
n FRERS R
s REEREK
n FEEBEMSHIKERE BRI B—
s SREBIRNE T A A B
n FEREEER
s AR (Generative Adversarial Network, GA
n ...
a1
i Q ;) Aticle  Talk
KIKEPE piA Deep learning

7.14 Military
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AEBE - £ "B, FHRSEEE

&) ONNX theano
PYTSRCH @Xnet

"?J Ch{ai:r:er T

Marvin
TensorFlow Keras  mgwicrosot

CNTK
Caffe

Source: https://makerpro.cc/2018/06/deep-learning-frameworks/

il

CoreML Torch Paddle

o
v
-

Deep learning frameworks offer building blocks for designing, training and validating deep neural
networks, through a high level programming interface. Widely used deep learning frameworks such as
MXNet, PyTorch, TensorFlow and others rely on GPU-accelerated libraries such as cuDNN, NCCL and
DALI to deliver high-performance multi-GPU accelerated training.

EERXEERZTZENHEID:
- RBIAFES: C++XE) - Python(EFES - XIEM®R) - Java(RATensorFlow ~ DL4JFIMXNet) -

o HITEA: Linux+CPU+GPU - Windows+Intel(BigDL)+Microsoft(CNTK) - Mac(CoreML) - E2FAEEE(Clusten)BE
> GoogleMTensorFlowd]sz#ELinux * Windows  MackAndroid -

o EEYTIE SEEIEEEREBER(CNN) - BFEE(MRNN/LSTM) - #£382288 (41Q-Learning) ~ EBEE « WIRER
(GAN)%2 -

o IEZ2EEIR: KerasTlziETensorFlow * Theano * MXNet  DL4J ~ CNTK - ONNX(#4 & f1 e =8 28) o] L #2Caffe2 ~ CNTK -
PyTorch%% -

o MBTIE ERMHEFTRE  NBSEME/AR  EZEEEK -

- &% ABYEEE: Python + Keras + TensorFlow ©

http://www.hmwu. idv.tw
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.

Top 9 Frameworks in the

TensorFlow or Keras? Which one | Al World
5 https://geekflare.com/ai-frameworks/ |« -
should I learn?

Vel Applicatcn Se - tha erly Boen thal CHivers Butomat:
verification of vuiraratiities with Proot-Based Scanning™

Al Framework Comparision

Aakash Nain ml * By Abhishek Kothar on July 18, 2020

4 4 : - Posted in Davalopma

- 1 May 13, 2017 - 5 min read L 4 m H [] oce -

N Framework Language Opensource? Features of Architecture

. c

Deep learning is everywhere. 2016 was the year where we saw some huge TensorFlow P;t; :r: Ves Uses data structures
advancements in the field of Deep Learning and 2017 is all set to see many
more advanced use cases. With plenty of libraries out there for deep Microsoft o Ve GPUICPU based. It supports
learning, one thing that confuses a beginner in this field the most is which CNTK RNN. GNN, and CNN.

library to choose.
Caffe C++ Yes Its architecture supports CNN

- - 5 Flexible architecture allowing it to
Aggregate popularity (3@econtrib + 1@eissues + 5eforks)-le-3 Theano Python ves deploy in any GPU or CPU

: 97.53 B tcnsorflow/tensorflow
#: 71.11 I BVLC/caffe

#3: 43.70 R fchollet/keras :1:::;2 Multiple ves Hailing from Amazon, it uses

#: 32.07 Theano/Theano Learning languages AWS.

#5: 31.96 1 dmlc/mxnet

#6: 19.51 W deeplearning4j/deeplearning4j

#7: 15.63 - Microsoft/CNTK Torch Lua Ves Its archilgciure allows powerful
: 13.90 W torch/torch7 computations.

#: 9.03 N pfnet/chainer

#10: 8.75 Lasagne/Lasagne Capable of scientific

#11: 7.84 NVIDIA/DIGITS Accord.Net C# Yes computations and pattern

#12: 7.83 | mila-udem/blocks recognition.

#13: 5.95 karpathy/convnetjs

#14: 5.84 . NervanaSystems/neon Apache Java, Ves Capable of making machines

#15: 4.91 I tflearn/tflearn Mahout Scala learn without having to program

#16: 3.28 | amznlabs/amazon-dsstne

#17 : 1 = 81 | IDSIA/brainStOrm R, Scala, Drivers, and executors run in

#18: 1.38 | torchnet/torchnet Spark MLIb Java, and  Yes their processors—horizontal or

Python vertical clusters.

Deep Learning libraries/frameworks as per popularity(Source : Google)

http://www.hmwu. idv.tw
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Comparison of deep-learning software

Keras

O PyTorch

TensorFlow

Deep-learning software by name [edit

Software k3

BigOL
Caffe

Chainer

Dieepleamingd

Dt

Flux

Intel Datz Analytics
Poceleration Lbrary

Irtel bath Kemel Library

Keras

MATLAB + Deep Leaming
Toolbox

Microzoft Cognitive Toolkit
(CNTK)

Apache hithet

Neural Designer
Opentii

PlzidhiL

Py Torch

Apache SINGA

TensorFlow

Theano

Tarch

‘Wolfram histhematica

Software

Crestar s

Jason Dai (Intel)

Berkeley ision and
Leaming Center

Prefemed Metworks

Skymind enginezring

team; Despleaming<)

community; originally
dam Gibson

Davis King

Mike Innes

Irtel

Irtel

Frangois Chollet

Wthifliorks

Microsoft Research

Apache Sottware
Foundation
Atelnics
Aatelnics
“erte. A, Intel
Adam Paszke, Sam
Gross, Soumith Chintala,

Gregory Chanan
(Facebook)
fpache Sottnars
Foundation

Google Brain

Uniwersité de hiartréal

Ronan Collobert, Koray
iavukeuoglu, Clement
Farabet

Wiolfram Research

Creator

http://www.hmwu. idv.tw

Initial

Release

2016

013

2015

2014

2002

017

015

2015

2016

2015

2003

017

2016

2015

015

2007

2002

1088

Initial
Release

Software
licensal®l ~

Ppache 20
BSD

BsD

Ppache 20

Boost
Softuare
License

MIT licenze

Ppache
License 2.0

Prapriztary

MIT license

Propristary

MIT license@s

Bpache 2.0

Prapriztary

GNU LGPL

AGFL

BsD

Bpache 2.0

fpache 20

BsD

Propristary

Softuare
licensall

Open
source

fes

ez

Tes

fes

Open
source

Platfarm %

Fpache Spark
Linux, mac0s,

indaw=E

Linux, mac 0%

Linux, mac0s,
Windows, Aadroid
(Cross-platform)

Cross plattorm

Linux, Mac0§,
Windous (Cross-
platform)
Linux, mac 0§,
Windows on Intel
CPUHA
Linux, mac 03,
Windous on Intel
CRUM

Linux, mac0s,
Windows

Linux, mac0s,
‘iindows

Wiindouws, Linux®1
(mac05 via Docker
an roadmap)

Linux, mac0s,
Windows FTEE A5,
Fadroid P05,
JawaScrptld
Linux, mac s,
indows
Cross-platform
Linux, mao0s,
indows

Linux, mac0s,
‘indaws

Linux, mac0s,
Windows

Linux, mac0s,
Windows 411 Andraid

Cross plattorm

Linux, mac 08,
Miindos =1
Pndroid [=i05
Windous, mas 05,
Linux, Cloud
computing

Flatform

wiritter in &

Seala
C

Python

C, Jawa

duliz

C+, Pythen,
Jawa

Pythan

., G+ Java,
WAATLAR

small it
core library

CH

C
Python, G+,
OpenCL

Python, C,
Ci+, CUDA

C+, Pythan,
cuDa

Fython

C, L

Co+, il fram
Language,
CuDA

ritten in

Interface s

scala, Python
Python, MATLAB, Cte

Pythan

Jzva, $eala, Clojure,
Pythan (Keras), Katlin

(=2

uliz

C+, Python, Javal'®

cia

Pythan, R

MATLAR

Python (Keras), i+,
Command line =1
Birain Seript=1 (.HET on
roadmaptTl

Ca+, Pythan, Julia,

Wistish, JavaSeript, Go,
R, Scala, Perl, Clojure

Graphical user interface
C+

Fython, C4+

Python, G4+, Julia

Pythan, G4, Java
Python (Keras), C/C++,

Java, o, Javaderpt,
R Julia, Suift

Python (Keras)

Lua, Lua TS0 C, ity
library for
C+/OpenCLIEN

Walfram Language

Iriterface

DpenP o | gpencL support &
support
s Under development?
No No
ez Nor!
ez No
s No
estia No
Only if using Can use Theano,
Theanoas | Tensorflow or PlaidhiL as
backend backends
Ho No
YesB1 Na
Yz On roadmapt']
s No
Yz No
. some OpenCL ICDs are
not recognized
. “a separately maintained
packagelsSTetea
Ho Supparted in 1.0
o 0On roadmap™ but already
o
with 5V CLT suppont
ez Under development(=D
Third party
Yz
implementations =T
s No
OpenMF
et Opentl suppart
suppart

CUDAsupport &

Mo

YesFT

Mo

Mo

Ve

Train with Parallel

Computing Toalbox and

generste CUDA code
with GPU CoderZ!

Yes

YesleIs

CUD support

Autornatic

differartiationt

Computational Graph

Yz

VezlT

Yasls1

YosISI58

Through Tuirer's
Autograd!=1

BAtomatic
differertistiont™

Has
pretrained  #
el s

el

Yes!iZl

Mo

Mo

Yesli=l

VesERd

VesFEl

Vesll

Tas=

Through
Lasagne's model
20050

VeslTl

Ves!=

Has pretrained
rodel s

Recurrert
nets

Yes

Yes

g7

Tes=

TesCH

Yes

Yes

Recurrent
niets

Convol utional
nets

YesliTl

Vsl

VesFol

Conwolutionsl
etz

https://en.wikipedia.org/wiki/Comparison of deep-learning software

Parallel )
& |REW/DBNs # execition & RETEy *
Developed
[multl node]
Ho - Hot#1
Ho Yes Hoft
Yes Yestl
Yes Yes
Ho Yes Yes
Yes
Ne
Nol=1 s Yes
With Parallel
Yes Computing Yas
Toolbox21
NP YesmE1 NP2
Ves Yesled ez
Ho -
Mo 2
Yes Yes
Yes Yes
Ves ez
Yes Yes Yes
Yes YestsTl Ne
Ves ezt Mo
Yes Yesil Yes
Parallel
Betivel
REWDEN: |  exesution ey
Devel oped
[multl node]




T%kNQ,Ns SIERMEIEH{GE - AL ZRERIRE
*4 Hﬁ ¥ﬁ' ﬁlﬁ THEBH IDCERE -

a0

TENEE  HE AIATEE =kl FPRE ERRE RAEE HE  HWRE mEgE  REENER

Google IET#E L TensoFlow 2.0 - SEESFEEEEH Keras
&ED .

E% Chen Kobe | 7 B8 2019 & 10 A 01 H 1730 | 948 Al ATES, Google, B88 - it B

= TensorFlow IEEEZHAI&RE S FFRAEEEN TR Y — - EERANGRFHFE
PyTorch - B Facebook ] Miscrosoft = &Iz EEHES -
m  Tensorflow vs PyTorch — Comparison, Features & Applications
= https://www.upgrad.com/blog/tensorflow-vs-pytorch-comparison/

= rTorch: R Bindings to 'PyTorch’

= 'R'implementation and interface of the Machine Learning platform 'PyTorch'’
<https://pytorch.org/> developed in 'Python'.

= Published: 2020-10-12
m  https://cran.r-project.org/web/packages/rTorch/index.html

= Introducing Torch for R. Use Torch natively from R!
s https://blog.rstudio.com/2020/09/29/torch/

http://www.hmwu. idv.tw
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TensorFlow E 4

1F TensorFlow =% WEY  APY  EEY B 2 TensorFlowHEH ¥

https://www.tensorflow.org/?hl=zh-tw

Tensorflow 2 —EHGoogle & iRy AI 1

s 2B EZ - FEHpython KC++:EBSH

BB XEZEENGES  EREEH
RXF - #B8 BkR  FREEEERE
E VA B IR -

It BH BRI e S V-5

TensorFlow i B §> JavaSceript BRRTEEEE T BRI EEEE

LRV R IETE U E n] TR BN IR A R B e R Y - HIETEEE T
17 Colab 250 4. » FTHI KRS -

[ Baa{s H TensorFlow ]

i LR )4

PRA A B IROC R R R A SRR -

> WO S/ I DYD) AUN Y EE )
P5b9LIMIY Y CI3B4Dy
2937750942098 /34835
L1 245477865/ %344Y115kbs
109563526607 \156523235¢
20208 7493793693431 )
276756658\ 6857 /053 42
127 Lk2045200404Clbbg
i V234 B 550794¢
3 “215044Lgq)
L4533y )
. TS YRR MR
PRIV EE— B R G I R HL A _e N HETT A B R

TEiE(Y TensorFlow SE¥Es+ 0TS d » JlatE
FRER R AT (I A BRI AL 2) TR e -

1% Keras Subclassing AP| 7| g e 5 S Holleg o
EETRE TR -

(% Keras Subclassing AP » Fllg 5] S v m
AFEEEL S B R T -
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TensorFlow E RV ERTE

1F TensorFlow 2 OBE~Y AMY O EEY O HE  EZBEY Q mwseg sz - & -~ GitHub  F

TensorFlow Core

https://www.tensorflow.org

HEE EIE R TF1

TensarFlow #2352 15

EEETATHE O PR RTE
EESEEArTERRE TensorFlow RS ER L Jupyter SR ARTLME  TERETE Google Colab H1F (Google Colab Rt B E48
FE 1 BMEEITEERE) - 7% —T [1E Google Colab d3{T] 1241 -
gg%eras ETEEESNE o

A

e
AR BCENTH v

HERTI LSR5 Y Keras Sequential API £ - B BEREREE L MEEEER - e iEmEs
Estimator v R Keras 1577 -
&R
EI&T v FFRE AP TEERE Keras B8 =HAER
PR Z{E "Hello, World! |, 38R EEERAESERTER B ERReE A tf. data

M T Keras Sequential API #1 Keras By A fess ead 4% - Fed A SEEEEE,
model.fit - AEH -

BEH v
XF v

‘ﬁA
£ER{LEY v 1_ = gi

Keras EzF0F4E 4] AP S 86 T ST E BRI/ H » O AR BETHEMSHIA - BEER  IESIERTE O EE - 211

5, 9 5TV ~ AR H R -

http://www.hmwu. idv.tw
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TensorFIow Datasets : —ZH O] IIB[1{EFHAVE I ££

1 TenSOI'FIOW 1F TensorFlow sy @B Y APIY O FEY 4B 0 HEEmE v Q, jamusm 3% v | GitHub EA
Datasets
Datasets W Catalog  f5l AP

¥ Catalog 58 | | TensorFlow Datasets @ —4H 8] 17 {5 FH AT ERIEE -

TensorFlow Datasets 2 —#H 17 EJE] FERYE RIS » $EF TensorFlow 57 Jax ZEHEAR & .
Overview Python # g ini o FrEdRiEEEgll 1. data. Datasets BUEZAET » DUE import tensorflow.compat.v2 as tf
. HTEEE A BB AEE o E2HERETRFIYERE SR - FEW TIPRrE EERSRFTICLCERRSEts @8 wie
» Audio HESE(E T -

# tfds works in both Eager and Graph modes
» Image tf.enable_v2_behavior()
# Construct a tf.data.Dataset

> . .
Image classification ds = tfds.load( 'mnist', split="trein', shuffle_files=True)

4 ObjE‘Ct detection # Build your input pipeline

ds = ds.shuffle{1624) _batch(32).prefetch({tf.data.experimental.Al
for example in ds.take(1):
image, label = example["image"], example["label"]

P Question answering

» Structured

» Summarization
» Text
» Translate

» Video

TensarFlow Datasets B4 GitHub A TensorFlow Datasets

https://www.tensorflow.org/datasets

http://www.hmwu. idv.tw
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30 Largest TensorFlow Datasets for 100/135
: Machine Learning

TensorFlow Image Datasets (¥12/E12):

m  CelebA (FBEREMEIEE) - Downsampling Imagenet( %52 - 55 - 8 - AMEER) - Lsun (55
1% - PIMNENZE - HZ=FEER) - Bigearthnet(BEMZEF L) - Places 365 (F=Ef - BREWAZE - i
MAIEE) ~ Quickdraw(QuickdrawitX R EHWE & ES) - SVHN Cropped (H=E5%) ~ VGGFace2 (A
E %) - COCO (RHE® - B ER - nEFMBEFSEFHFMEIL) - Open Images Challenge 2019
OBEERE®E R LEANEEEZRERE) - Open Images V4 ~ AFLW2K3D (EEE % - 1383DH

HEERA)

TensorFlow Video Datasets (¥ k /88828 /1R 48):

. UCF101 (Ball#EfEsi BB MR IR SRS - B101EENFERIAY133201E748) - BAIR Robot
Pushing (440001E|# 28 A R EITERORBIFRSE) - Moving MNIST (MNISTEYE RS - £1210,0001E 1R 48)
EMNIST (iERAIMNISTEUEEE) -

TensorFlow Audio Datasets (F48):

s CREMA-D (B1BRERTFEMEIE - HEH: - BEAMEIARBINI1MESRENT 4428 S IE5IEE) -
Librispeech (1000/)\iFHYZRFERES) ~ Libritts (585/\RIRVEERES - ARBZEESZHAEE) - TED-LIUM
(110 @E/\IEAIZEEBTEDEE) « VoxCeleb (1,2511E & AV150,000% @ F Sa1% K)

TensorFlow Text Datasets (3Z%):

s C4 (Common Crawl's Web Crawl Corpus) (B &iEE, €5 7 BiR401EES - BH7ERETRR)' Civil
Comments (50{E =T E ISR 1802 B 1% A R:¥:m)' IRC Disentanglement (Ubuntu IRCEEZERI77000
ZI&ER) ~ Lmlb GESBREE%E - 885 10EEER) - SNLI (FriEEBERESHIEEIESE) - e-SNLI (SNLI
RI¥ERE) ~ MultiNLI ({FB8SNLIZESE - §13433,00018 2 %) -~ Wikid0b (A0EAEZBSHHEEBRRNE)
Yelp (B22598,0001% & B4 Yelpam)

https://lionbridge.ai/datasets/tensorflow-datasets-machine-learning/
https://bangqu.com/vHC39P.html

http://www.hmwu. idv.tw
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RStudio "TensorFlow for R, E#f

TensorFlow for R frem (30 Studio Home Installation Tutorials Guide Deploy Tools AR Learn Bleg Q

1

TensorFlow

R Interface to
Tensorflow

Build, deploy and experiment easily with

TensorFlow from R

https://tensorflow.rstudio.com/

. Tutorials .
Installation Guide
) ) In the tutorials section you will find ) ) ) o
Get started with TensorFlow by following our ) ) ) The guide section contains documents with in
) ] ] } documentation for sclving common Maching )
detailed installation guide. depth explanations of how TensorFlow works.

Learning problems using TensorFlow.

About Tensorflow

TensorFlow™ is an open source software library for nurmerical computation

using data flow graphs. Medes in the graph represent mathematical

operations, while the graph edges represent the multidimensional data arrays

http://www.hmwu. idv.tw
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TensorFlow Z24& [E]

s Tk s Tk

Tensorflow Distributed Execution Engine

LS -

O s ) 5 sk
=

e iE TensorFlow f{1 Keras 7 [S]iNEH 4
TensorFlow BYSEE APl » 24208 Keras API B LUE S F0E [0 A8 AR REEIEET
I - Keras o EET A ~ (B THIUERVIRTT » DIREIRERE » FiEsREH

75 5 APl

Bi#8 TensorFlow 2 [fY Keras {55

http://www.hmwu. idv.tw
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8 KerasE—@F'aﬁﬁiJ?ﬁAE% - ERPythonSEREEBNIENE -

m KerastolJIREEHBEEENTEREZ  BEE&BINISERNEARE - EEE - ilE - s
B FRERFEMALHIESFENS Eex M TEE - activation functionB R ... 55 -

m  KeraséTensorFlow - CNTKHITheanoA[E - Kerasili A2 —Eln2l xS BEELR - ik - ©

=ER—EEO - E#H EF’AE’JTEH%‘E EEHEENEEEESHE - EHuGoogIeTensorFIowE
KYE FKerasfEREIG - AAZE - B CNTKL 23T - fhEh  FEEERBIUERBNER -

https://keras.io/

Keras

Simple. Flexible. Powerful.

Guides APl docs

https://keras.rstudio.com

R interface to Keras

Keras g
HHER HEYEReE

Keras 2 —{@& FHPythongg SaY B HEE 4R E » RESATE lensorFlow ~ Microsoft Cognitive Toolkit ~ Theano=;PlaidML>2
it o Keras 5 7R B IR R HIAZ 4R » ;ﬁriﬁ“ﬂﬁ?j@? EARCFIT] T fetE » 2ONEIROS (BERZHEE
FREERAFELR) SERRTAVRIEYS » TEFENRESZGoogle TIEMMITER B o BHhE
XCeption:ZE fer il 4 ity (1]

20174 » GooglefiyTensorFlow B[ £ E 7 TensorFlow#Z s E i iEKeras!®] o CholletfZE:E » Kerasigsla E—{E /-
M » MIEIA IR « EIEE T ERiER] - EERITHERS ﬁ”ﬁﬁﬁ)ﬂ {AIfEET R » AP0 ] DIERRIIHTE
e EEnIcl o fEth FKeras 0 T ONTK&0 » ECNTK v2.05g24 ]
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Bomer) o 2y -
}15‘4 Installation of TensorFlow for R:

S B Z A —_— sl -~ V7] “~
BB (REBSNS )

# RERIRZE(Windows 8 ZA0) —

= - (Windows#+X) 248(Y) => (Zfll) ERRARTE

. -ERER) => RIEEEH => RREE => HE "Path, => RFiE => BT

# process to refresh environment variables without reboot windows

= - TSR FIT. RBE - WA Tset PATH=....

.  -FR THSRANFIT. RE - BEWRR - WA "echo %PATHY% , A& -

# FRERIEEE(Windows 10)
m - (Windows#+X) 24(Y) => "B, BEHEGRH) => "HRHEEM, =>
(ZE18) #EPE R HRRE

. -ERERER) => BIREEH => 2BE2EH => 3 "Path, => FiE => BE

2@ Windows10
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EREEO)
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=EEESM)
HISEEW)
HREE
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- E|
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AIE1FE (REBEMNTIE)

|ser B R 2R
E=x & >
classpath ChProgram Files (x86NGAPYWGAPSoftwareja..
OneDrive Chlsers\UseryOnelrive
Path ChUsers\Usersdpp Data\Local\Microsoftini..
TEMP ChUsers\UsersappDatayLocal\Temp
EhEeE e ER LAEE SR TMP Chllsers\Usersaon DatayLocalsTemp v
AN REEERENEDE A » TR FEENA D HE(N)... FRIB(E)... iil[Esqm)]
SHHE
WBHE - EERAE - DELEARERIES Eli )
=R B SEEERY
NUMBER_OF_PRO.. 8
Qs Windows_NT = =
N ChProgram File ommaon Fleshd| ogram TIMON 1 €3y HE(N)
AR TR PATHEXT COM'X' BAT-CMD-YBS\BE" )5 JSE C\Program Files (><86)\Inte|\|CLS Clienty,
RAR IR A M EER T PROCESSOR ARC.. AM Dé4 ’ ’ ’ | T ChProgram FileshntelyiCLS Clienty, SEER(E)
CHNMInd ows\system32
ZFHEOA)... SREE()... i | Cwvindows FIEE(B)...
ChMInd owg\System 3 23Whem
Chind ows\System 3 2vWindows PowerShel w1 .04 B (D)
HENREE CiProgram Files (x86)4Intelyintel(R) Management Engine Component..
SAMELE - REFER - RREEN CAProgram Filesyntelyntel(R) Management Engine Compaonentsh DAL
ChProgram Files (860 ntelyIntel(R) Management Engine Component... )
B ). ChProgram Fileshntelyintel(R) Management Engine Componentsy|PT
CAProgram Files (x86)\NVIDIA CorporationyPhysXyCommon TEO)
ChProgram Filesy ntelWwiFvbiny
BB IN).. ChProgram FilessCommon Filesyntel\WirelessCommoany,
ChProgram Files\EmEditar P
% SystemRoot¥system32 " FO-
¥ SystemRoot¥
HEE B EHA %SystemRootlhSystem3 2yhem
SYSTEMROOTH\System3 23Wind ows PowerShel w1 .0y
ChProgram Files\MiKTeX 2.9\milctexibin'x64y
r " - o 2 42y WEVETEMROOT ¥\ystem I DpensSHy
FTIBECUDA - cuDNNZE %PATH% IRIEEZ S |, IR
EETESRERT s
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Al B {E3E (L ERtools)

NEZ 2 Rtools40 (rtools40-x86_64.exe):
https://cran.r-project.org/bin/windows/Rtools/

FHRI(O)
FREEUTETD

Y LiSBaEEsSsamaTw |
SE B HEmEAR S ()
FIET| RS RE(P)
T-Zip »
CRC SHA b ‘
# ERSEE
writeLines("PATH="${RTOOLS40_HOME}\\usr\\bin;${PATH}"", con = "~/_.Renviron™)

# Restart R within Rstudio

.rs_.restartR(Q)

# JE- show the path to your Rtools installation.
Sys.which('make'™)

V VVV VYV

make
"C:\\rtools40\\usr\\bin\\make.exe""
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Installation of TensorFlow for R: 107/135

’f@ f?o-. : s g e
R 38 22 4 36 B

m  https://tensorflow.rstudio.com/installation/

s TensorFlow is tested and supported on the following 64-bit systems:
Ubuntu 16.04 or later/Windows 7 or later/macOS 10.12.6 (Sierra) or
later (no GPU support) -

# JGgui zRstudio# » 477 [ A<

install.packages('"tensorflow') iR 2 at QUiCk start
# ¢ Atensorflow

library(tensorflow)

# %% tensorflow - keras - python&EE&5E54E

install_tensorflow()

4 ZHTIEF)% R Session&&EE - A& A tensorflow

library(tensorflow)

# A GG DKL)

# EHgreHIArtf . Tensor(b*Hellow Tensorflow®, shape=(), dtype=string)"
tf$constant(""Hellow Tensorflow'™)

VVVVVYVYVVYVYVYV

install_tensorflow(
method = c("auto™, "virtualenv', "conda™), # Installation methods
conda = "auto', # conda: install an Anaconda Python environment
version = "default", # named r-reticulate
envname = NULL, install_tensorflow(method=""conda')
extra_packages = NULL, # Alternate Versions
restart_session = TRUE, install_tensorflow(version = "2.0.0")
conda_python_version = "3.6", install_tensorflow(version = "nightly™)
-2) install_tensorflow(version = "nightly-gpu')

http://www.hmwu. idv.tw
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L2 BRAY A B

> |nstall-packages("tensorflow")

> library(tensorflow)

> install_tensorflow()

No non-system installation of Python could be found. ﬁ%*ﬁ%
Woulld you like to download and install Miniconda?

Miniconda iIs an open source environment management system for Python.

See https://docs.conda.io/en/latest/miniconda.html for more details.

Would you like to install Miniconda? [Y/n]:
* Downloading ""https://repo.anaconda.com/miniconda/Miniconda3-latest-Windows-x86_64.exe"™ ...
€3 URL "https://repo.anaconda.com/miniconda/Miniconda3-latest-Windows-x86 64.exe"

Content type "application/octet-stream™ length 58431368 bytes (55.7 MB)

downloaded 55.7 MB

HAR/REYWindows

* Installing Miniconda -- please wait a moment ... HEXMRR)

> Sys.setenv(TENSORFLOW_PYTHON="C:/Users/userpc/AppData/Local/r-miniconda/Zenvs/r-
reticulate/Lib/site-packages/tensorflow”)

> library(tensorflow)

> tf_config()

TensorFlow v2.0.0-betal ()
Python v3.6 (C:/Users/userpc/AppData/Local/r-minicondaZenvs/r-reticulate/python.exe)
> tf$constant(""Hellow Tensorflow™)

tf.Tensor(b"Hellow Tensorflow®, shape=(), dtype=string)

5, > Sys.setenv(RETICULATE_PYTHON="/usr/local/bin/python™)

# 75 R

" §E25: Installation of TensorFlow not found. ; T " #3%: Python module tensorflow was not found. |
> 1nstall_tensorflow(version = "2.0.0bl1l", method = "conda', envname = "r-reticulate™)
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require(tensorflow)
# HIH—1TF

tf$compat$visdisable _eager_execution()
sess <- tf$compat$visSession()
sess
<tensorflow.python.client.session.Session>
> hello <- tf$constant("Hello, TensorFlow!")
> hello
Tensor("'Const:0", shape=(), dtype=string)
> sess$run(hello)
b*Hello, TensorFlow!"
>

>
>
>
> # sess <- tf$Session()
>
>
>

# EE

alpha <- tf$constant(b)

alpha

Tensor(*'Const_1:0", shape=(), dtype=float32)
> beta <- tf$constant(4)

> beta

Tensor(*'Const_2:0", shape=(), dtype=float32)
> prod <- tf$multiply(alpha, beta)

> prod

Tensor(""Mul:0", shape=(), dtype=float32)

> sess$run(prod)

[1] 20

> sess$close()

V V V

# TF2.0: use tf$compat$vlisSession() instead of tf$Session()

tT: Main TensorFlow module,
Interface to main TensorFlow module.
Provides access to top level classes and

functions as well assub-modules (e.g.,
tf$nn,tf$contrib$learn, etc.).

http://www.hmwu. idv.tw
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[ —EE . IS S 0 B DIEE
oA S[EEXI *E: ’ I\I alET D 17
# I?Stall R Interface t(?' 'keras_'. Keras 12 ft#Layer&l3E | 23&f&E(Dense)  Activation layer - Dropout * Flatten »
= |r_lstal I.packages('keras™) Reshape - Permute - RepeatVector - Lambda - ActivityRegularization - Masking
> library(keras) - KB RERAZIEEREDense) - ERESETZ output =
> install_keras() activation(dot(input, kernel) + bias) - BITEI#ZZIAY y = g(x * W + b)
> # define the a Keras model using the sequential API.
> model <- keras_model_sequential()
> model %>% ] dropout layer: randomly sets some
+ layer_flatten(input_shape = c(28, 28)) %>% fraction of the neurons in each layer to
+ layer_dense(units = 128, activation = "relu™) %>% zero during each training step, which can
+ layer_dropout(0.2) %>% help to avoid overfitting.
+ layer _dense(10, activation = "softmax')
> summary(model)

Model : "sequential_ 3"

Layer (type) Output Shape Param #
flatten_1 (Flatten)  (None, 784) o
dense_8 (Dense) (None, 128) 100480
dropout_3 (Dropout) (None, 128) 0

dense_9 (Dense) (None, 10) 1290

Total params: 101,770
Trainable params: 101,770
Non-trainable params: 0O

Build a neural network that classifies MNIST images dataset.
> https://tensorflow.rstudio.com/tutorials/beginners/
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fi'“ Z %R Interface to 'Python": reticulate

-
(?f,

> install.packages(“reticulate™)

> library(reticulate)

> conda_version()

[1] "conda 4.8.4"

> py_available() # Check if Python is available on this system

[1] TRUE

> py_module_available("tensorflow')

[1] TRUE

> py_config() # Python configuration

python: C:/Users/userpc/AppData/Local/r-miniconda/Zenvs/r-reticulate/python.exe
libpython: C:/Users/userpc/AppData/Local/r-miniconda/Zenvs/r-reticulate/python36.dl1
pythonhome: C:/Users/userpc/AppData/Local/r-minicondaZenvs/r-reticulate

version: 3.6.10]JAnaconda, Inc.|(default, May 7 2020, 19:46:08)[MSC v.1916 64 bit (AMD64)]
Architecture: 64bit

numpy : C:/Users/userpc/AppData/Local/r-minicondaZenvs/r-reticulate/Lib/site-packages/numpy
numpy_version:1.19.1

>

> conda_list() # names and paths to the respective python binaries of available environments
name python

1 tf C:\\ProgrambData\\Anaconda3\\envs\\tf\\python.exe
2 Anaconda3 C:\\Programbata\\Anaconda3\\python.exe

3 r-reticulate C:\\Users\\userpc\\AppData\\Local\\r-miniconda\\envs\\r-reticulate\\python.exe
>

> conda_binary() # the location of the main conda binary

[1] "C:/Users/userpc/AppData/Local/r-miniconda/condabin/conda.bat"

http://www.hmwu. idv.tw
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> ## HEEMS > sessioninfo()

> detach(''package:tensorflow', unload=TRUE) > Sys.getenv() # Z&eE

> ## BREMG ) . > packageVersion('"tensorflow')
> remove.packages('tensorflow') > packageVersion(*'keras™)

## {fAnaconda® ¥ PythonEH:

# if "Anaconda3-2020.07-Windows-x86_ 64.exe" is installed

# opened the Anaconda Prompt and updated the conda packages with
conda update --all (RmEEEBEMD)

% # &2 8 Anaconda Prompt (Anaconda3) = U

date --all _
odata. json): done

t All requested pa s already installed.

(base) C:\Wind conda update --all

< >

RE:C - (15)WindowsZ £ FEEBEH : Tensorflow/Keras(RARZ)
skydome20 (2017/10/13)
https://rpubs.com/skydome20/R-Notel5-R _tensorflow keras install windows

http://www.hmwu. idv.tw
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> library(tensorflow)

> install_tensorflow()

No non-system installation of Python could be found.

Would you like to downlload and install Miniconda?

Miniconda §s an open source environment management system for Python.
See https://docs.conda.io/en/latest/miniconda.html for more details.

Would you like to install Miniconda? [Y/n]: vy
* Downloading "https://repo.anaconda.com/miniconda/Miniconda3-latest-Windows-x86 64.exe""
Es URL "https://repo.anaconda.com/miniconda/Miniconda3-latest-Windows-x86 64.exe"
Content type “application/octet-stream™ length 58431368 bytes (55.7 MB)

downloaded 55.7 MB

> sessioninfo()

* Installing Miniconda -- please wait a moment ..| R version 4.0.2 (2020-06-22)

Platform: x86_ 64-w64-mingw32/x64 (64-bit)
Installation complete. Running under: Windows 8.1 x64 (build 9600)
Restarting R session... Matrix products: default

Error in gzfile(file, "wb™) : #EAFIBUESE
Error saving session (options): R code execution ¢ jocale:

WARNING: Forcing suspend of process in spite of a| 17 | ¢ coLLATE=Chinese (Traditional)_Taiwan.950
[2] LC_CTYPE=Chinese (Traditional)_Taiwan.950

> library(tensorflow) [3] LC_MONETARY=Chinese (Traditional)_Taiwan.950

4] LC_NUMERIC=C
> tf$constant(""Hellow Tensorflow" [ — i o _
Sl Installaiion of TensorElow H%t found. [5] LC_TIME=Chinese (Traditional)_ Taiwan.950

Python environments searched for "“tensorflow®™ package:
C:\Users\userpc\AppData\Local\r-miniconda\envs\r-reticulate\python.exe
You can install TensorFlow using the install_tensorflow() function.

http://www.hmwu. idv.tw
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> tf$Session()
#£25- Python module tensorflow was not found.

Detected Python configuration:

python: C:/Users/userpc/AppData/Local/r-minicondaZenvs/r-reticulate/python.exe
11bpython: C:/Users/userpc/AppData/Local/r-miniconda/Zenvs/r-reticulate/python36.dl1
pythonhome: C:/Users/userpc/AppData/ZLocal/r-minicondaZenvs/r-reticulate

version: 3.6.10 JAnaconda, Inc.|] (default, May 7 2020, 19:46:08) [MSC v.1916 64 bit
(AMD64) ]

Architecture: 64bit

numpy : C:/Users/userpc/AppData/Local/r-minicondaZenvs/r-reticulate/Lib/site-
packages/numpy

numpy_version: 1.19.1

Solved:

> library(tensorflow)
> install_tensorflow(version = "2.0.0b1", method = "conda'™, envname = "r-reticulate™)

http://www.hmwu. idv.tw
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FEES oK

m For systems that have a recent, high-end NVIDIA® GPU, TensorFlow is available in a GPU
version that takes advantage of the CUDA and cuDNN libraries to accelerate training
performance.

m  ZIEEEH CUDA® Compute Capability 3.5 BL_ERRAHI NVIDIA® GPU R+ - B2EHRA
CUDA 89 GPU #Z8~K/BE - https://developer.nvidia.com/cuda-gpus

= Note that the GPU version of TensorFlow is currently only supported on Windows and
Linux (there is no GPU version available for Mac OS X since NVIDIA GPUs are not
commonly available on that platform).

TensorFlow for R from (80 Studio

E” Reme K (EERAFEHEL):

NVIDIA® GPU B&g)#2x( : CUDA 10.1 2 418.x DL ERRA -

https://www.nvidia.com/drivers Using a GPU n
452 _06-desktop-winl0-64bit-international-nsd-dch-whqgl .exe -

Installing TenscrFlow Local GPU

Overview

Local GRU

m  CUDA® Toolkit : TensorFlow x#& CUDA 10.1 (TensorFlow 2.1.0 Bl _FARZN)
https://developer.nvidia.com/cuda-toolkit-archive -
cuda_10.1.243 426.00 winlO.exe (EESEMIRZE) SIote Doy e S
cuda_11.0.3 451.82 winlO.exe

Cloud Server

=  cuDNN (CUDA Deep Neural Network library) SDK (7.6 M £ RA):
https://developer.nvidia.com/cudnn ,
cudnn-10.1-windows10-x64-v8.0.2.39.zip (EESEMIRE) ‘m
cudnn-10. 2 W|ndowslo x64 v8.0.2.39. le —
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Identifying the (NVIDIA®) Graphics Card Model 1167135

| : and Device ID in a PC
SEE N REAEANVIDIA GPU - W i Device ID

BV > = NW DA 6 E i
BEFAT(0) > || BER WEE =S| RAEH)
SHBIZ(E) Que -© |G
o EIETE.
B E(P)  oeE
B =i H : : A
B EEE(S) | EEREREREE NVIDIA
7 - B D BE 2=
&FBav) Curl+Z . WFEERR Surronnd ¢ Phys¥ e E%Ilﬁ*ﬁ
B NVIDIA 51 =R —
| | -FERAEYEE Pea AR NVIDIA B LB TR AR T S, -
4 OW) LR R
= B8 T e
—. (EERIAE B TR
EErmED
D ErgE0 SR EY R s
H @AﬂZ{R} ..... fﬁfﬁggﬁ—r%ﬁ TR S Windows 10 Home, 64-bit
..... E
;igggiﬁ% DirectX SUTRERFA | 120
T [ s = I
SH - ZEEAHE RERERTOTE B
| Sieog samm e = SHATER
G 3GB OISR - 192,19 GB/s ~
THEREIEE..  11236MB
SEESIEME 3072 MB GDDRS
. R . OMB
ﬂZﬁﬁﬁ@ P HEHEIEE . 3164MB
= R BLOS kR 86,06,3C.00,89
IR - ot used
EﬁfﬁﬁF : PCI Express x16 Gen3
Device ID% 10DE 102 85BE 1043
Part Numbe?ﬁ: ﬁsﬁ G410 0020 % v
RAR &)
REE £
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& Z 2 Visual Studio

https://visualstudio.microsoft.com/zh-hant/downloads/
System Requirements B” Microsoft | Visual Studic &@~ T& it

To use CUDA on your system, you will need the following installed: -Fﬁ

e A CUDA-capable GPU

veloper.nvidia.com/cuda-downloads)
X R DRESTERTE ST FIEER (08 » @A Andn
The next two tables list the currently supported Windows operating systems and compilers. Yﬁ'ﬁf”al Studio 2019 ey

IEERRE > mEABSRR >

AR
Table 1. Windows Operating System Support in CUDA 11.0 fi ) > . _
Operating System | Native x86_64 | Cross (x86_32 on x86_64) HH Professional Enterprise
; DIBESEAHY IDE » 224 - B Professional IDE £z RIE k=Rl iny
Windows 10 YES YES HIRSESEEREAST  ANANE TARMEFEIFET
Windows Server 2019 YES NO
Windows Server 2016| _ YEs NO
Table 2. Windows Compiler Support in CUDA 11.0
Compiler* IDE Native xB6_64 | Cross (x86_32 on x86_64)
MSVC Version 192x | Visual Studio 2019 16.x (RTW and all updates) YES YES
MSVC Version 191x | Visual Studio 2017 15.x {RTW and all updates) YES YES
. Visual Studio 2015 14.0 {(RTW and updates 1, 2, and 3) YES YES
MSVC Version 1900 — - -
Visual Studio Community 2015 YES YES
MSVC Version 1800 | Visual Studio 2013 12.0 YES YES
MSVC Version 1700 | Visual Studio 2012 11.0 YES YES
an BASZ {4

«  CUDA Toolkit E&Fff CUPTI (The API reference guide fir CUPTI, the CUDA Profiling Tools Interface.

http://docs.nvidia.com/cuda/cupti/
« BRI Windows B9 CUDAR Z %15/ -

http://www.hmwu. idv.tw
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/‘m T #i/E 2 NVIDIA® GPU EE&Ii2= """

https://www.nvidia.com.tw/Download/index.aspx?lang=tw

DOWNLOAD DRIVERS

MYIDIA > Download Drivers

. \ S A Yt T

NVIDIA Driver Downloads GPUNFRESEZIHEE
\|—| A—/— o e
Option 1: Manually find drivers for my MNVIDIA products. G P U 7][] L 7'-|— ! ﬁl:'%% NVI d Ia
NOW WITH 3 MONTHS Product Type: | GeForce ~| E/J I“E—I_—E , jj:ﬁ CU DA®
OF ADOBE CREATIVE e 3 3
= | Toolkit 8.0BCUDNN v6 -
oduct: | GeForce ¢ 60 ik =T —

P Operating System: | Windows 10 64-bit v| E. %\Z\EK—E E/\J C U DA
Download Type: | Studio Driver [SD) v| o Compute Ca pa bllltyZE %E/Q\

Language: | Chinese (Traditional) | 3 §j\ °

NVIDIASTUDIO DRIVER

(e 452.06
REH: 2020.8.18

et EFEGPUMCompute Capability 481l

HEAN 561.96 MB

https://developer.nvidia.com/cuda-gpus/

BEEL EAEEE b ]
O

NVIDIA TITAN Series:
NVIDIA TITAN RTX, NVIDIA TITAN ¥, NVIDIA TITAN Xp, NVIDIA TITAN X {Pascal]

GeForce RTX 20 Series
GeForce RTX 2080 Ti, GeForce RTX 2080 SUPER, GeForce RTX 2080, GeFarce RTX 204

GeForce RTX 2040 SUPER, GeForce RTX 2060 —F E!Z %E %Z’ TE! .
GeForce 16 5 i) 1= Ty

GeForce GTX166EI SUF‘ER GeForce GTX 1650 SUPER, GeForce GTX 1660 Ti, GeFarce

e X 1omt 1 GeForce GTX 1080, GeForce GTx 1070 Ti Geforce o7y 070, ced U5 FEEAERENS NVIDIA B EHBEITR AN GeForce Experience AR - BEHBE I8 F & 5 & BERE R IE NVIDIA
1050 Ti, GeForce GT)HEIED ﬁmmﬂ; ﬁ:]fiﬂ]ﬁ;ﬂ .




s *-"d@

il’ T &ii %3 CUDA Toolkit

'E'
[=]

NVIDIA. DEVELOPER SOLUTIONS ~  PLATFORMS ~  DOCUMENTATI

RTX GAMEWORKS DESIGNWORKS VYRWORKS HPC METROPOLIS

Home > High Perfarmance Caomputing » CUDA Tealkit » CUDA Toalkit Archive

CUDA Toolkit Archive

Previous releases of the CUDA Toolkit, GPU Computing SDK, documentation and develg
helow, and be sure to check www.nvidia.com/drivers for more recent production drivers

Download Latest CUDA Toolkit
Latest Release
CUDA Toolkit 11.0 Update1 [Aug 2020], Versioned Online Documentation

Archived Releases

CUDA Toolkit 11.0 [May 2020), Versioned Online Documentation
CUDA Toolkit 10.2 [Nov 2019), Versioned Online Documentation

Download Installer for Windows 10 x86_64

The base inslaller is available lor download below,

» Base Installer Download [2.8 GB] &

1. Double click cuda_11.0.2_451.82_win1l.exe
2. Follow on-screen prompls

Select Target Platform

Click on the green buttons that describe your target platform,
the terms and conditions of the CUDA LULA,

Operating System

Windows Linux

Architecture

Cerrmnae 019

1197135

Cenrmse e WL

',

nvibla

CUDA Vlsual Studio Integratlon

| understand, and wish to continue the installation regardless.
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}\'-=~| ‘N&i cuDNN

@

https: //developer nvidia.com/cudnn

=il Deep Learning Deep Learning Software NVIDIA cuDNN

2 NVIDIA. DEVELOPER

NVIDIA cuDNN

NVIDIA Developer Program Membership
The NVIDIA CUDA® Deep Neural Network R . d
neural networks. cuDNN provides highly ty eql'“re ,I"_‘“ ﬁ'ﬁl:l_le'H:H' \,’[é , t[lﬁﬁ_l'—lfjﬁ

backward convolution, pooling, normalizat
Deep learning ressarchers andframewsrk The.f|le olr !:Jage you have requested re.quwes n'.wembershxp inthe Ny[D\A Developer Program — A NVIDIA. DEVELOPER
log inorjointhe program to access this material. You can learn more about the benefits of t

acceleration. It allows them to focus on tral peveloper Pregram here.

than spending time on low-level GPU perfd
( e2, Chainer, Ke

frameworks, including Caffe2, C

NVIDIA cptimized deep learning frame vy o r e e e ] o D EE e E P Eere ey
cuDNN Download

NYIDIA GPU CLOUD te learn more and get started.

Download cuDNN > GTC2020 > BDaralaner Bliess Enmirmes NVIDIA cuDMN is a GPU-accelerated library of primitives for deep ney
=  AMVIDIA. DEVELOPER | Agree To the Terms of the cuDNN Software License Agreement

Note: Please refer to the Installation Guide for release prerequisites, |

compute capabilities, before downloading.

larmne

cuDNN Download Survey

For more information, refer to the cuDNN Developer Guide, Installatio

cullNN is a powertul library for Machine Learning. It has been developed to help develd SDK []( cumentation we b page_
the next generation of world changing applications.
Please guide us on how you use this library by completing this short survey. You will dir - e - - .
immediately alter completing this form. Thank you Download cuDNN v8.0.2 [July 24th, 2020, for CUDA 11.0
® : - . S o~
Start Download cuDNN v8.0.2 [Ju y 24th, 2020], for CUDA 10.2

What do you use cuDNN for? *

Download cuDNN v8.0.2 (Ju y 24th, 20 )20], for CUDA 10.1

2 Training

3 Inference

O Both Archived cuDMNN Releases

http://www.hmwu. idv.tw
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. T9cuDNNZ B it EHE Z=CUDA\W11.0

;:.

+ = KEH&ZIK cudnn-11.0-windows-x64-v8.0.2.39.zip

HH taiR

> Rt > Transcend (E) > Software > TensorFlow-gpu > cudnn-11.0-windows-x64-80.2.39 > cuda >
-
il 4 bin \\
Fr HREREEL .
( include
. =E TN
~ Sy
¥ T# A B o S #iR
= X# ol T > Windows (C) > Program Files > NVIDIAGPU Computingl Toolkit > CUDA > w11.0
-l = Nl
E x# #
= BA *
link: *
R
librwewp
My Test
vl
Print B
sent-home Sanitizer
@& COnelrive e
tools
W E| cUDa_Toolkit_Release_Notes.tet
N EDEL El EULA.txt
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HIECUDA  cuDNNZE %PATH% IRIREZE

ChProgram Files\NVIDIA GPU Computing ToolkityCUDAYWT1.04bin ~ HHE(N)
CAProgram Files\NWIDIA GPU Computing Toollﬂt\CUDA‘\v‘l 1.MextrassCUPTNib64

CAProgram FilesyNVIDIA GPU Computing To sl 10N Nnclude $EER(E)
C\Program EilegyNwID omputing ToolkitCU D&YW 1.04ibrvwp

iles (xBEMNCommeon Files\Oracle'Java\javapath 28E(B)..
_ CAProgram Fles (<860 ntel\iCLS Clienty
ok
E'-HI:KEH&ZK CAProgram Fles\IntelyCLS Clienty MB(D)
C\windowshsystem32

CiWindows
CAaWindows\System3 24Whem L)
Chnindows\System3 2y40nd ows PowerShellvw1 0y

ChProgram Files (xB60Intel\Intel(R) Management Engine Components\DAL

. . FEO)
CAProgram Flesyintely ntel{R) Management Engine ComponentsyDAL
ChRrogram Fles x<B&NINtelyntel{R) Management Engine ComponentsyPT
: am Files\ntel\ntel(R} Management Engine Componentsy PT
iles (xBENNWIDIA CorporationyPhysXyCommaon ARESLF ().
ntel WA Fvbiny,
mon Files\Intel\WirelessCommon,
CAProgram Files\EmEdT
CAWIN DOWS\systern32
S+ M BB Gl 7 H+ 7 CAANDOWS
FHUNWER ZEREE L RE SNBSS v
& CUDA - CUPTI
ﬂ EF[I HE EriE

cuDNN ZZEH iR £

%PATH% BIEBE D - \\\

SET PATH=C:\Program Files\NVIDIA GPU Computing Toolkit\CUDA\v11l.0\bin;%PATH%
SET PATH=C:\Program Files\NVIDIA GPU Computing Toolkit\CUDA\v11l.0\extras\CUPTI\I1b64;%PATH%
SET PATH=C:\Program Files\NVIDIA GPU Computing Toolkit\CUDA\v11l.0\include;%PATH%

http://www.hmwu. idv.tw
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13

> # ZHEGPUk A/ TensorFlow > # BY/allFEEE Keras A7 GPULZAF/TensorFlow:
> > library(keras)

> library(tensorflow) > install_keras(tensorflow = *gpu™)

> install_tensorflow(version = *gpu™)

> # -

> library(keras)

> tensorflow: :tf$test$is _gpu_available()

> tensorflow: :tf$config$list _physical _devices("GPU")

>

> library(keras)

> tensorflow::tfftestiis_gpu_available()

2020-08-21 23:07:41.917678: I tensorflow/core/common_runtime/gpu/gpu_device.cc:1561] Found dewvice 0 with properties:

pciBusID: 0000:01:00.0 name: GeForce GTX 1060 3IGE computeCapability: 6.1

coreClock: 1.7085GHz coreCount: 9 deviceMemorySize: 3.00GiB deviceMemoryBandwidth: 178.99GiB/s

2020-08-21 23:07:41.918541: tensorflow/stream_executor/platform/defavit/dso_loader.cc:44] Successfully opened dynamic Tibrary cudartt4_101.d11
2020-08-21 23:07:41.919004: tensorflow/stream_executor/platform/default/dso_Toader.cc:44] Successfully opened dynamic Tibrary cublas64_10.d171
2020-08-21 23:07:41.919364: tensorflow/stream_executor/platform/default/dso_Toader.cc:44] Successfully opened dynamic library cufft64_10.d17
2020-08-21 23:07:41.919610: tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic Tibrary curandf4_10.471
2020-08-21 23:07:41.919911: tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic Tibrary cusolvertd_10.d71
2020-08-21 23:07:41.920219: tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library cusparsefd_10.d71
2020-08-21 23:07:41.920514: tensorflow/stream_executor/platform/default/dso_loader.cc:44] Successfully opened dynamic library cudnntd_7.d11
2020-08-21 23:07:41.920822: tensorflow/core /common_runtime/gpu/gpu_device.cc:1703] Adding wisible gpu devices: 0

2020-08-21 23:07:41.921055: tensortlow/core/common_runtime/gpu/gpu_device.cc:1102] Device interconnect StreamExecutor with strength 1 edge matrix:
2020-08-21 23:07:41.921303: tensorflow/core/common_runtime/gpu/gpu_device.cc:1108] 0

2020-08-21 23:07:41.921454: tensorflow/core/common_runtime/gpu/gpu_device.cc:1121] 0O: N

2020-08-21 23:07:41.921739: tensorflow/core/common_runtime/gpu/gpu_device.cc:1247] Created TensorFlow device (/dewice:GPU:0 with 2100 MB memory) -
rce GTX 1060 3IGB, pci bus id: 0000:01:00.0, compute capability: 6.1)

[1] TRUE

s> tensorflow::tffconfigilist_physical_devices('GPU')

[[11]

PhysicalDevice(name="/physical_device:GPU:0", device_type="'GPU")

HH

HHHHHHHMHMHAKFHMH

IO
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Successfully opened dynamic library cudart64_101.dl1

Could not load dynamic library “cudnn64_7.dll1"; dlerror: cudnn64_7.dIl not found

Solved:
Download cuDNN v7.6.5 (November 5th, 2019), for CUDA 10.1

(cudnn-10.1-windows10-x64-v7.6.5.32.zip)
extract "cudnné4_7._.dlI 1"

https://developer.nvidia.com/cudnn

NVIDIA. DEVELOPER MR /% ~

Just fould the solution:

RTX  GAMEWORKS  DESIGNWORKS  VRWORKS o
| checked the ‘tensorflow\python'platformibuild_info.py and found:

BT > Deeplearning » Deep Learning Softwara > NVIDIA cuDNN
msvcp _dll name = ‘msvcplad.dll’
cudart_dl11 name = ‘cudarte4 9e.d11’
cuda version number = '9.8'
NVIDIA cuDNN nvcuda_dll_name = ‘nvcuda.dll’
cudnn_d11 name = ‘cudnne4_7.d11°

The NVIDIA CUDA® Deep Meural Netwaork Library [cuDNN] is 4
cudnn_version number = '7'

networks. cuNN provides highly tuned implementations for g

pooling, normalization, and activation layers.

Deep learning researchers and framework developers worldw It assumes cudnn version is 7. So just need to correct it as:
allows them to focus on training neural networks and develop

level GPU performance tuning. cuDNN accelerates widely use

MATLAB, MxNet, PyTorch, and Tensorklow. Foraccess to NVIO cudnn dl11 name = 'cudnnea 6.d11°

cuDNN integrated into framewaorks, visit NVIDIA GPU CLOUD ¢ cudnn_\fer‘;ion number = 'ET

Download cuDNN > GTC2020>

http://www.hmwu. idv.tw
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Z &5 E: Your CPU supports instructions that this
TensorFlow binary was not compiled to use: AVX2

https://stackoverflow.com/questions/47068709/your-cpu-supports-instructions-that-this-tensorflow-binary-was-not-compiled-to-u

What is this warning about?

848 Modern CPUs provide a lot of low-level instructions, besides the usual arithmetic and logic, known as
extensions, e.g. SSE2, SSE4, AVX, etc. From the Wikipedia:

Advanced Vector Extensions (AVX) are extensions to the x86 instruction set arch%ecture for
V microprocessors from Intel and AMD proposed by Intel in March 2008 and first supported by Intel
with the Sandy Bridge processor shipping in Q1 2011 and later on by AMD with the Bulldozer

processor shipping in Q3 2011. AVX provides new featy . . . .
scheme. If you don't have a GPU and want to utilize CPU as much as possible, you should build tensorflow

from the source optimized for your CPU with AVX, AVX2, and FMA enabled if your CPU supports
them. It's been discussed in this question and also this GitHub issue. Tensorflow uses an ad-hoc build
system called bazel and building it is not that trivial, but is certainly doable. After this, not only will the

= model <- keras_model_sequential()

o model %% warning disappear, tensorflow performance should also improve.
+ Tayer_flatten(input_shape = c(Z28, Z28)) =%

+ Tayer_denselunits = 128, activation = "relu") =3

+ Tayer_dropout (0.2 3%

+ Tayer_dense (10, activation = "softmax")

> model %=3%

+ Tayver_flatten(input_shape = c(28, 28)) =%
+ Tayer_dense(units = 128, activation = "relu') 3%
+ Tayer_dropout (0.2) %%

Tayer_dense (10, actiwvation = "softmax")

2020 08-22 22:48:27.511136: I tensorflow/core/common_runtime/gpu/gpu_device.cc:1561] Found device 0 with properties:
pciBusID: 0000:01:00.0 name: GeForce GTx 1060 3GE comouteCanahilitw: £ 1
coreClock: 1.7085GHz coreCount: 9 deviceMemorysize:
2020-08-22 27:48:27.512148: 1 tensorflow/stream_exec| W¥HAL Should you do?
2020-08-22 272:48:27.512667: T tenzorflow/stream_exec
2020-08-22 22:48:27.512975: 1 tensorflow/stream_gsxec
2020-08-29 77:48:27.513260: 1 tensorflow/stream_exec|  If you have a GPU, you shouldn't care about AVX support, because most expensive ops will be
2020-08-22 22:48:27.513537: I tensorflow/stream_exec y Y . . pport, i P . p .
2020-08-22 22:48:27.513822: I tensorflow/stream_exec( dispatched on a GPU device {unless explicitly set not to). In this case, you can simply ignore this
2020-08-22 22:48:27.514368: I tensorflow/stream_exec - b
2020-08-22 22:48:27.514692: T tensorflow/core/common| WAIMING DY

I

I

I

I

e

2020-08-22 22:48:27.522711:
2020-08-22 22:48:27.523069:
2020-08-22 22:48:27 . 523277

tensorflow/core/commonSormormeroporopr—oer oo o T T T TS T T W T S T ST T T TS T e
tensorflow/core/common_runtime/gpu/fgpu_dewvice.cc: 1108] 0

tenzorflow/core/comman_runtime apu/apu_device.cc:1121] O: I

tensorflow/core/common_runtime/gpu/gpu_device,cc:1247] Created TensorFlow device (/job:localhost/replica:0/task:0/devi
0, name: GeForce GTxX 1060 3GE, pci bus id: 0000:01:00.0, compute capability: 6.1)

2020-08-22 22:48:27.526857:
mory) -= physical GPU (dewice:




> sessionInfo()

R wversion 4.0.2 (2020-06-22)

Platform: =E80_64-wbhd-mingwild /=04 (64-bit)
Running under: windows 10 x64 (build 183623

Matrix products: default

Random number generation:

RMG: Mersenne-Twister
Mormal: Inversion
Sample: Rounding

lTocale:

[1] LC_COLLATE=Chinese (Traditional)_Taiwan|
[2] LC_CTYPE=Chinese {Traditional)_Taiwan.9]
[3] LC_MONETARY=Chinese (Traditional)_Taiwar
[4] LC_NUMERIC=C
[5] LC_TIME=Chinese (Traditional)_Taiwan.95(

attached base packages:

> tensorflow: :tf_config()
TensorFlow w2.2.0 (O

Python wvi3.6 (C:/Users/User/AppData/Local/r-minicor
> keras:::keras_wversion()

[1] *2.3.0°

> Sys.getenv()
ALLUSERSPROFILE
APPDATA
classpath

CLICOLOR_FORCE
CommonProgramFi les
CommonProgramFi les (x86)
CommonProgramwbd 32
COMFUTERMNAME

ComsSpec

CUDA_FATH
CUDA_FATH_v10_1
CUDA_PATH_W11_0
DISPLAY

DriverData
GFORTRAN_STDERR_UNIT
GFORTRAN_STDOUT_UNIT
HOME

HOMEDRIVE

HOMEPATH

LOCAL APPDATA
LOGONSERWER

MEmu_FPath

MPLENGINE

MSYS2 _ENY_CONV_EXCL
NUMEER _OF _FROCESSORS
NYCUDASAMPLES _ROOT
NVCUDASAMPLES10_1_ROOT
NWCUDASAMPLESLL _0_ROOT
NYTOOLSEXT_PATH
OneDrive

0s

PATH

VappDhatatLocalyr-minicondadenvsir-reticulate’dlibraryibin;C:\rtoolsd0husribin;C:\FProgram

11
.
1|

Iy

C:%ProgramData

CihUsersiUsersappData\Roaming

C:%Frogram Files (xB6)\GAP\GAPSoftware.jar;C:“Program Files
(x86)\GaPY\ 1ibN\epsgraphics. jar;C:\Program Files
(xBEINGAPN TibNjcommon-0.9.5. jar;C:\Program Files
(xB6I\GAP\11bY\jfreechart-0.9.20.jar;C: \Program Files
(xB6I\GaP \Tib\jmathplot. jar;

1

C:WProgram Files\Common Files

C:%FProgram Files (x86)\Common Files

C:MWFrogram Files\Common Files

HMWL -0OFFICE

CONVWINDOWS\system32homd. exe

C:%Frogram Files\NVIDIA GPU Computing ToolkithCUDAN1O0.1
CiNProgram Files\NVIDIA GPU Computing ToolkithCupaiwl0.l
C:WProgram Files\NVIDIA GPU Computing ToolkithCuDahwll.O
0

C:iwindows\System32\Drivers\DriverData

-1

-1

C:\UsersiUser\Documents

C:

“Users'User

CihvUsershUseri\appDatatLocal

SAHMWU -OFFICE

C:WProgram Files (xB86)\Microwvirt

tlkagg

R_ARCH

g8

WProgramDatai\NvIDIA Corporation\CUDA Samplesiwl0.1
ZNProgramData’\NvIDIA Corporation’\CUDA Samples’wl0.1
:WProgramData‘\NVIDIA CorporationCUDA Samplesiwll.O
ZProgram Files\NVIDIA Corporationi\NvToolsExth
Z\UsersiUser\oneDrive

Windows _NT
C:W\UsersiUseriappDataiLocal\r-minicondaienvsir-reticulate;C:

C
C
C
=

m

Filaes\RYR-4.0.2\bin\x64;C:\Program Files\NvIDIA GPU Computin

= reticulate: :py_config()
python:
1ibpywthon:
pythonhome:
version:
Architecture: 64bit
MMy

numpy_version: 1.19.1

C:/Users//User/apphata/Local/r-miniconda/envs,/r-reticulate/python.exe
C:/Users/User/AppData/Local/r-miniconda/envs /r-reticulate/pythonit.d11
C:/Users/fUser/appData/Local/r-miniconda/envs/r-reticulate

3.6.10 |Anaconda, Inc.| (default, May 7 2020, 19:46:08) [MsC v.1916 64 bit (amDBE4)]

C:/Users/User/apphata/Llocal/r-miniconda/envs /r-reticulate/Lib/site-packages /numpy

1 Files \WVIDIA GPU Computing
gram Files\NVIDIA GFU Compuf
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https://tensorflow.rstudio.com/tutorials/

Tutorials

In the tutorials section you will find
documentation for solving common Machine

Learning problems using TensorFlow.

Overview

In this section you will find tutorials that can be used to get started with TensorFlow for R or, for more
advanced users, to discover best practices for loading data, building complex models and solving common
problems.

The best place to get started with TensorFlow is using Keras - a Deep Learning API created by Frangois
Chollet and ported to R by JJ Allaire. Keras makes it easy to get started, and it allows you to progressively
build more complex workflows as you need to use advanced models and technigues.

For beginners

We recommend the following tutorials for your first contact with TensorFlow. Feel free to navigate through
the 'beginners’ section in the sidebar.

= Quickstart: the minimal getting started quide to Keras.

= Basic ML with Keras: use Keras to solve basic Machine Learning tasks.

= | oad data: learn to efficiently load data to TensorFlow using tfdatasets .

For experts

= Advanced Quickstart: learn the subclassing APl and how to create custom loops.

= Customization: build custom layers and training loops in TensorFlow.

= Distributed Training: distribute your model training across multiple GPU's or machines.

We also provide tutorials focused on different types of data:

= |mages: Build more advanced models for classification and segmentation of images.

= Structured Data: Build models for structured data.

1277135
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This short introduction uses Keras to:
1. Build a neural network that classifies images.
2. Train this neural network.
3. And, finally, evaluate the accuracy of the model.
4. Save and restore the created model.

TensorFlow for R fram (120 Studio Home Installation Tutorials Guide Deploy

Overview

Overview

. This session includes tutcrials about basic concepts of Machine Learning using Keras.
Beginners

» |mage Classification: image classification using the Fashing MNIST dataset.

Quickstart
= Fegression: regression using the Boston Housing dataset.

m [ext Classification: text classification using the IMDB dataset

Basic ML with Keras
» Overfitting and Underfitting: learn about these inportant concepts in ML

Overview
m Save and Restore: learn how to save and restore TensorFlow models.

Image Classification

https://tensorflow.rstudio.com/tutorials/beginners/basic-ml/

http://www.hmwu. idv.tw
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Quickstart: the minimal getting started guide to Keras

. MNIST ("Modiﬁed National Institute of Standards and Technology")
* the classic MNIST dataset—often used as the “Hello, World” of machine learning programs
for computer vision.

library (keras)
# loading the MNIST dataset First 25 training samples of MNIST dataset of handwritten digits
mnist <- dataset mnist ()

str (mnist) fr
List of 2

$ train:List of 2

>
>
>
>

X A

.$ x: int [1:60000, 1:28, 1:28] 0 0 0 0 OO OOOO
.$ y: int [1:60000(1d)] 5 0 4 1921314
$ test :List of 2
.$ x: int [1:10000, 1:28, 1:28] 0 0 0 0 O I
.$ y: int [1:10000(1d)] 7 2 1 0 4 14 9 5

# Display the first 25 images from the training set
par (mfrow=c (5, 5), mai=c(0.1, 0.2, 0.4, 0.2))
empty <- lapply(l:25, function(i){
X <- mnist$trainsxI[i,,]
image (t(x) [, nrow(x):1], axes=FALSE, col=grey(255:0/255))
box ()

LN W WM
Q L 4 -~ O
R % W W L

h
&
6
/

TR

i)
mtext ("First 25 training samples of MNIST dataset of handwritten digits",
side=3, line=-2, outer=TRUE, cex=1.5)

# convert pixels values from (0~255) to (0~1)
mnist$train$x <- mnist$trains$x/255
mnist$test$x <- mnist$tests$x/255

VV VYV +YV + + + + V V VYV
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using the sequential API

model <- keras model sequential ()

>
>

>

>

>

> model %>%
+ layer flatten(input shape=c (28, 28)) %>%

+ layer dense(units=128, activation="relu") %>%
+ layer dropout(0.2) %>%

+ layer dense (10, activation="softmax")

>

>

> summary (model)

Model: "sequential 1"

Layer (type) Output Shape Param #
dense 2 (Dense) (None, 128) 100480
dropout 1 (Dropout) (None, 128) 0
dense 3 (Dense) (None, 10) 1290

Total params: 101,770
Trainable params: 101,770
Non-trainable params: 0

http://www.hmwu. idv.tw
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using the sequential API

> # Compiling the model

> # Define what loss will be optimized and what optimizer will be used.

> # You can also specify metrics, callbacks and etc that are meant

> # to be run during the model fitting.

> model %>%

+ compile(loss="sparse categorical crossentropy",

+ optimizer="adam",

+ metrics="accuracy")

>

> # Fit the model

> model %>%

+ fit(x=mnist$trainsx,

+ y=mnist$trainsy,

+ epochs=5,

+ validation split=0.3,

+ verbose=2)

Train on 42000 samples, validate on 18000 samples

Epoch 1/5

42000/42000 - 4s - loss: 0.3348 - accuracy: 0.9047 - val loss: 0.1744 - val accuracy: 0.9496
Epoch 2/5

42000/42000 - 4s - loss: 0.1593 - accuracy: 0.9531 - val loss: 0.1309 - val accuracy: 0.9598
Epoch 3/5

42000/42000 - 4s - loss: 0.1194 - accuracy: 0.9650 - val loss: 0.1136 - val accuracy: 0.9654
Epoch 4/5

42000/42000 - 4s - loss: 0.0966 - accuracy: 0.9697 - val loss: 0.1038 - val accuracy: 0.9684
Epoch 5/5

42000/42000 - 4s - loss: 0.0795 - accuracy: 0.9739 - val loss: 0.1010 - val accuracy: 0.9693

http://www.hmwu. idv.tw
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1“% using the sequential API

> # make predictions
> predictions <- predict(model, mnist$test$x)
> head(predictions, 2)

[,1] [,2] [,3] [,4] [,5] [,6]
[1,] 4.436160e-07 3.306080e-08 0.0000719672 1.470676e-04 4.095156e-10 4.301288e-08
[2,] 3.864101e-08 3.210807e-05 0.9999113083 5.517886e-05 3.312657e-12 6.469448e-08

>

> # By default predict will return the output of the last Keras layer.

> # In our case this is the probability for each class.

> # use predict classes and predict proba to generate class and probability
> predictions.classes <- predict classes(model, mnist$test$x)

> head(predictions.classes, 2)

[1] 7 2
> St
> predictions.proba <- predict proba(model, mnist$test$x) 727
> head(predictions.proba, 2) 0284

[,1] [,2] [,3] [,4] 21
[1,] 4.436160e-07 3.306080e-08 0.0000719672 1.470676e-04 4 Dm-m”'-mmthme%
[2,] 3.864101e-08 3.210807e-05 0.9999113083 5.517886e-05 3 o1 R
> # access the model performance 1 2 -mS-m;% ) |
> model %>% o]
+ evaluate (mnist$test$x, mnist$testdy, verbose = 0) nae I
$loss ol e o
[1] 0.08969676 S
$accuracy ol
[1] 0.9719 | , , ]

1 2 2 4 g

W accuracy M val_accuracy
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This guide uses the Fashion MNIST dataset which contains 70,000 grayscale images in 10
categories. The images show individual articles of clothing at low resolution (28 by 28 pixels), as

seen here
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Fashion MNIST is intended as a drop-in
replacement for the classic MNIST dataset—
often used as the “Hello, World” of
machine learning programs for computer
vision. The MNIST dataset contains images
of handwritten digits (0, 1, 2, etc) in an
identical format to the articles of clothing

we’ 1l use here.
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£i{5l: Training a simple CNN to classify CIFAR images

TensorFlow for B from Studid

| Overview
Beginners

| Quickstart
| Basic ML with Keras

Load and preprocess data
Advanced

Quickstart
| Customization

| Images

Convolutional Neural
Network

Transfer Learning with tfhub

Home Installation Tutorials Guide Deploy Tools AP

Convolutional Neural Network (CNN)

This tutorial demonstrates training a simple Convelutional Neural Network (CNN) to classify CIFAR images.
Because this tutorial uses the Keras Sequential API, creating and training our model will take just a few lines of
code

Setup

library{tensorflow)
library{kerasz)

Download and prepare the CIFAR10 dataset

The CIFART O dataset contains 60,000 color images in 10 classes, with 6,000 images in each class. The
dataset is divided inte 50,000 training images and 10,000 testing images. The classes are mutually exclusive

and there is no overlap between them fro. automobile deer , a frog .
.
cifar <- dataset _cifar1@() .

Verify the data truck bird

=2
o
=
w
o

cat

®

To verify that the dataset looks correct, let's plot the first 25 ir ﬂ'

name below each image

http://www.hmwu. idv.tw

horse do
- Structured data class_names <- cf'airplane’, ‘'automobile’, 'birc ﬁ -
'dog', 'frog', ‘horse', 'ship’, “
| Distributed training -
index <- 1:30 deer ship i bird fro deer
B = A Wil
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learning from data - making sense out of data

1 AGGREGATION From Tables and Means to Least Squares

The
Seven Pillars
of Statistical

2 INFORMATION Its Measurement and Rate of Change

3 LIKELIHOOD Calibration on a Probability Scale

4 INTERCOMPARISON Within-Sample Variation as a Standard

WiSd om 5 REGRESSION Multivariate Analysis, Bayesian Inference, and Causal Inference

6 DESIGN Experimental Planning and the Role of Randomization

STEPHEN M. STIGLER 7 RESIDUAL Scientific Logic, Model Comparison, and Diagnostic Display
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