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CLASSICAL PROGRAMMING VS
MACHINE LEARNING

m Deep learning is often presented as algorithms that
“‘work like the brain”, that “think” or “understand”.

Reality is however quite far from this dream
m Al: the effort to automate intellectual tasks normally

performed by humans. — |
Classical
Rulas Programming
INTELIGENCIA
ARTIFICIAL Data
EE—
DEEP Machine
LEARNING Answers Learning
E—

1950°s 1960°s 1970°s 1780's 19%0°s 2000's 2010°s

m ML: Could a computer surprise us? Rather than
programmers crafting data-processing rules by hand,
could a computer automatically learn these rules by

looking at data?
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RECIPES OF A MACHINE LEARNING ALGORITHM

m Input data points, e.g.

— if the task is speech recognition, these data points could be sound
files of people speaking

— If the task is image tagging, they could be picture files

ec aked 4

m Examples of the expected output ~C 2
spvared
— In a speech-recognition task, these could be _ _1__2 (‘fy ‘Jf(xO) b
human-generated transcripts of sound files /\/\SE“ rj\, = ‘

— In an image task, expected outputs could N Ao
tags such as "dog", "cat", and so on

m A way to measure whether the algorithm is doing a good
job
— This is necessary in order to determine the distance between the
algorithm’s current output and its expected output.

— The measurement is used as a feedback signal to adjust the way the
algorithm works. This adjustment step is what we call learning.
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ANATOMY OF A NEURAL NETWORK

m The input data and corresponding targets
m Layers, which are combined into a network (or model)

m The loss function, which defines the feedback signal
used for learning

m The optimizer, which determines how learning proceeds

Input X

+

Layer
(data transformation)

v

weights Layer
(data transformaticn)

2 4

weight Predictions True targets
update Y Y

N 4

e

loss scora

g weights )

Goal: finding the
right values for
these weights z
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a Yann LeCun > Turing Award

LENET-5. A PIONEERING 7-LEVEL CNN

Turing Award Winner
2019

m The first successful practical application of neural nets
came in 1989 from Bell Labs, when Yann LeCun
combined the earlier ideas of convolutional neural
networks and backpropagation, and applied them to the
problem of classifying handwritten digits.

m The resulting network, dubbed LeNet, was used by the
USPS in the 1990s to automate the reading of ZIP
codes on mail envelopes.

m LeNet-5 was applied by several
banks to recognize hand-written
numbers on checks digitized
In 32x32 pixel images.
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WHY 30+ YEARS GAP?

m In 2011, Dan Ciresan from IDSIA (SWltzerIand) began to
win academic image-classification competitions with
GPU-trained deep neural networks

m In 2012, a team led by Alex Krizhevsky and advised by
Geoffrey Hinton was asie to achieve a top-five accuracy
of 835.8%--a significant breakthrou (|n 2011 it was only

Turing Award winner
2019

m Three forces are driving advances in ML; | ..
— Hardware :
— Datasets and benchmarks s
— Algorithmic advances o

0.0
222222222222222222222222
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VGG16 — CNN FOR
CLASSIFICATION AND DETECTION

m VGG16 is a convolutional neural network model proposed by K.
Simonyan and A. Zisserman from the University of Oxford

m The model achieves 92.7% top-5 test accuracy in ImageNet. It was one
of the famous model submitted to ILSVRC-2014.

m It makes the improvement over AlexNet by replacing large kernel-sized
filters (11 and 5 in the first and second convolutional layer, respectively)
with multiple 3 X 3 kernel-sized filters one after another.

m VGG16 was trained for weeks using NVIDIA Titan Black GPU’s.

224 x224x3 224 x224 x 64

L Ou 5 p
123312 x 128 et L (Inpetiaver) e, 224, 294, 5 e

56/x 56 x 256 lockl 1 2D) (Non 22 22 1792

> 7x7x512 - .
28 x 28 x 512 14 x 14 x 512 lockl 2 (Conv2D) (None, 224, 22 28
Y, X X
— ) 2x.1x4096 1 %2 X 1000 lockl 1 (MaxPooling2D) (Non 112, 112
el n

=7 convolution+RelU
) max pooling
fully nected+RelLU
softmax
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|S DEEP LEARNING REALLY A BLACK BOXx?

m Deep Learning Image Classification
— AICSD Image Classification Demo.

& C & https//jasminedumas.shinyapps.io/image_clf/ * ¥ 06 ¢ w O
i Apps Headlines Money & [ > @ B @ M ¢ 88 =0 c o & W W Yy € J B 4 MFCL MU

Deep Learning Image Classification with Keras By Jasmine Dumas  # Model W Resour

Keras is a user-friendly neural

Image Preview
networks API. This application uses

the ResNet50 model, with weights
pre-trained on ImageNet to enable
fast experimentation for prediction of
images classes including:

@ Francois Chollet @ @ v
@fchollet

e Animals §¢ .
. Plants @ "Neural networks" are a sad misnomer.
i i They're neither neural nor even

networks. They're chains of
differentiable, parameterized geometric
functions, trained with gradient descent
(with gradients obtained via the chain
rule). A small set of highschool-level
ideas put together

11:58 AM - 12 Jan 2018

1,319 Retweets 3423 Lkes () By q, . I ) . s

Q 1ma 1T 13K ) 34K ~

Select an image from your local
machine:

Browse... Cudahy Hall (image |

Upload complete

Results
class_name class_description score explore_class_on_imagenet
n03028079 church 0.10751248896122  Explore church on ImageNet
2 n04252225 snowplow 0.0888242274522781  Explore snowplow on ImageNet
3 n03388043 fountain 0.0620528757572174  Explore fountain on ImageNet
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https://intel.github.io/AiCSD/pipelines/bentoml/image-classification-demo.html?utm_source=chatgpt.com

a

Inputs

A NEURAL NETWORK —
PARAMETERS- ACTIVATION FUNCTION

. Input layer | I Hidden layer 1 ” Hidden layer 2 ]

Output layer |

Chatput

a Activation
function

Output

=1 Xy——wWy

)
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f(:r}_{r for x>0

Rectified
Linear Unit
(ReLlT}
Parameteric
Rectified

Linear Unit
{PReLI} ]

Exponential
Linegar Unit
(5L B

SoftPlus // f(z) =log,.(1+ €)

- amtin N
— < o

sy s [ ra={) s ropl? o2l
e | = = (@) = f(x)(1 - £()
| tant e f(:r):t-anh(cr)=1+%— F(@)=1- f(z)’

, 1
I =y

v | 0 for <0
f{I)_{l for x>0

sy J o for <0
f(x)_{l for x>0

flx)+a for <0
1 for 220

f@) = {

10



LINEAR MODEL — BEST LINEAR UNBIASED EST.

Consider the model

V= X
Y; 1 Xy Xpo Xip
. Ys ) 1 X9 Xoo Xop
where Y =] . =1 ; ;
}—n 1 ‘x’n 1 -Xn 2 «X-n D

.‘3(] €1

,’3 1 €9
. €=

‘.‘jp €n

Based on this model we get the following expansion for the first subject:

Yi= 060+ 51 X1 + ,:3-2.\’12 + ...+ ,t'i,,le +€3

Then using matrix calculus we find that the least squares estimate for 7 is given by

B=(XTX) Xy

Hence, the least squares regression hine 15 ¥ = X /.

é
6=|%|.=
én
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In R:
> Im.fit <- Tm(Y~X)

> Y.hat <- Im.fit$fitted

> e.hat <- Im.fit$resid

11



REDIDUAL (SUR)REALISM —

REVERSE INVERSE PROBLEM

« The end user providesé = 2 |and ¥ =

* Redidual (Sur)Realism
provides (generates)

Y
¥

Yo

1 Xy Xp
i 1 X9 Xoo
XN=q.: ;

L X
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Statistical Gomputing and Graphics

Leonard A. STEFANSKI

[ 1€ SHON HON T CONSTRUCT WALTIPLE
| LINEAR REGRESSION DATA SETS NITH
" THE PROPERTY THAT THE PLOT OF
:| * RESIOUALS VERSUS PREDICTED VALUES
S| FROM THE LEAST SOLARES FIT OF THE -
CORRECT MODEL REVEALS A HIDDEN
THAGE. OR WESSARE. YOU ARE READDNG
DE SUCH RESTOAL PLOT. |

Predicted

Residual (Sur)Realism

For example, imagine the reaction of a student who, upon
completing an assignment of fitting a given multiple linear re-
gression model and examining residual plots, is confronted with
the residual plot in Figure 1{a), which contradicts G.E.P. Box's
famous quotation about all models being wrong in the same way
that Professor Jones's discovery under the Roman numeral ten
contradicted his assertion that X never marks the spot (a resid-
ual plot version of which appears in Figure 1{b)}. Of course, if
the regression assignment is due just prior to a “hig game.” then
the student might be more intrigued by residual plots of the sort
in Figures 1(c) and (d). Figure 1(e) depicts Homer Simpson ex-
plaining how toembed images in regression residual plots. And if
the residual plots in (a)-{e) are not attention-getting enough, the
student who is unexpectedly confronted with the residual plotin
Figure 1(f)is certainly going to be buffaloed (perhaps “bisoned”
is taxonomically more correct but not grammatically).

1. INTRODUCTION

12



REDIDUAL (SUR)REALISM — SIMULATION

« Here é and Y are vectors of length 10118
* Using “Redidual (Sur)Realism” we generate

e X=[X; X, - Xs]landY, where
X;’'s and Y are vectors of length 10118

(]
= Tibrary(dplyr)
= as.thl{mu. Togo)
Y w1 e w3 w4 x5 —

.65 -23.13 -0.487 1.97 -0.198 1.65
.58 6.51 -0.370 -1.54 0.793 -0.8013
.59 4.68 0.294 -2.08 -0.0318 0.0218
. 59 8.22 -0.435 -2.31 0.470 -0.350

Im fit$residuals

HFERRERRPRRERRERRR

.60 -8.80 1.08 1.73 -1.31 -1.16
.60 -7.05 -1.26 0.912 0.0508 -0.417
.61 -1.06 1.34 -1.16 1.78 0.108 <
.61 3.98 -0.993 -1.Z6 1.32 -0.481
.62 0.585 0.0143 -0.446 0.939 -0.730
.62 -10.9 0.182 0.330 2.26 0.709

> mu.logo <- data.frame(read.csv("mu-logo.csv"))
> Im.fit <- Tm(Y~X1+X2+X3+X4+X5, data=mu.logo)
> plot(Im.fit$fitted.values, Tm.fit$residuals)

MARQUEITE
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For interested readers:
Regression Shiny App
Code to generate similar data

“mu-logo.csv”
Residual plot

04

Im fit$fitted.values

Y

Q>
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https://www4.stat.ncsu.edu/~stefansk/nsf_supported/hidden_images/stat_res_plots.html
http://sctc.mscs.mu.edu:3838/sample-apps/Regression/
https://www4.stat.ncsu.edu/~stefansk/nsf_supported/hidden_images/000_R_Programs/John_Staudenmayer/residplots.R
http://www.mscs.mu.edu/~mehdi/DLFA19/mu-logo.csv

SOME DEEP LEARNING PACKAGES IN R

Pacll:iage Description
net Software for feed?forward neural networks with a single hidden layer, and for
multinomial log-linear models.
neuralnet Training of neural networks using backpropagation ¢
h20 R scripting functionality for H20 )
RSNNS Interface to the Stuttgart Neural Network Simulator (SNNS)
tensorflow Interface to TensorFlow €
deepnet  Deep learning toolkit in R
darch Package for Deep Architectures and Restricted Boltzmann Machines
rnn Package to implement Recurrent Neural Networks (RRNS)
FCNN4R Interface to the FCNN library that allows user-extensible ANNSs
Implementation of basic machine learning methods with many layers (deep
rcppDL learning), including dA (Denoising Autoencoder), SAA (Stacked Denoising
Autoencoder), RBM (Restricted Boltzmann machine) and DBN (Deep Belief Nets)
Package to streamline the training, fine-tuning and predicting processes for deep
deepr :
learning based on darch and deepnet
Package that brings flexible and efficient GPU computing and state-of-art deep
MXNetR :
learning to R
MARQUETTE
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https://www.datacamp.com/community/tutorials/keras-r-deep-learning

REGRESSION USING NEURAL NETWORK

> Tlibrary("neuralnet");

> netl <- neuralnet(Y~X1+X2+X3+X4+X5, data=mu.logo, hidden=0, act.fct=function(x) {x})
> plot(netl)

= Im.fit

call:
Im(formula = ¥ ~ X1 + X2 + X3 + x4 + x5, data = mu. logo)

coefficients:
(Intercept) X1 x2 X3 X X5
0.9761206 0.1886051 0.1203780 0.9476638 0.0123327 0.9670491

X1
> net2 <- neuralnet(Y~X1+X2+X3+X4+X5, data=mu.logo,

hidden=10, act.fct=function(x) {x})
> plot(net2)

> net3 <- neuralnet(Y~X1+X2+X3+X4+X5, data=mu.logo,
hidden=c(10,10),
act.fct=function(x) {x})
> plot(net3)

» errors <- c(netl$result.matrix[1],
net2$result.matrix[1],

net3$result.matrix[1])
=~ arrors
[1] 5058.5 5058.5 5058.5
= netlferr.fct
function (x, )

{
1

1/2 % [y - x)a2

= sum{Im.fit$residualsa2) /2
MARQUETTE [1] 5058.5
A1l UNIVERSITY 15
Be The Difference.




LINEAR ACTIVATION FUNCTION —
HIDDEN LAYERS DISAPPEARS

.Z=W1X+
.Y=sz+b2

.Y:WZ{W1X+ }‘l‘bz
—_ {W2W1}X + W2 + b2

MARQUEITE
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LINEAR ACTIVATION FUNCTION —
HIDDEN LAYERS DISAPPEARS

.Z=W1X+
.Y=sz+b2

.Y:WZ{W1X+ }‘l‘bz
—_ {W2W1}X + W2 + b2

mY =W'X+Db"

MARQUEITE

UNIVERSITY
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LINEAR REGRESSION USING NEURAL NETWORK

par(mfrow=c(2,2))
plot(Im.fit$fitted.values,Im.fit$residuals)
plot(netl$net.result[[1]], netl$data$y-netl$net.result[[1]])
plot(net2$net.result[[1]], netl$data$y-net2$net.result[[1]])
plot(net3$net.result[[1]], netl$data$y-net3$net.result[[1]])

YV V VYV V V

Track the estimated weights (last slide):

> TIm.fit$coefficients
(Intercept) X1 X2 X3 X4 X5
0.9761 0.1886 0.1204 0.947 0.0123 0.9670

> netl$weights[[1]]1[[1]]

X2
>  net2$weights[[1]][[1]]1%*%net2$weights[[1]]1[[2]1]1[-1,]+

c(net2$weights[[1]]1[[2]1]1[1,],rep(0,5))
> net3%weights[[1]][[1]]1%*%net3%$weights[[1]1]1[[2]1]1[-1,]%* A3

net3$weights[[1]1[[3]1]1[-1,]1+
c(net3$weights[[1]]1[[2]1]1[1,]1%*%
net3$weights[[1]1[[3]1]1[-1,]1+
net3$weights[[1]1]1[[3]1][1,],rep(0,5)) o

[,1]
[1,] 0.97612938B8223
[2,] 0.18860898833
[3,] 0.12033863529
[4,] 0.94788360689%
[5,] 0.012332%9289 Error: 5058.500001 Steps: 1966
[6,] 0.96709320202
MARQUETTE
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NEURAL NETWORK

» mulogo <- data.frame(cbind(mu.logo, matrix(rnorm(prod(dim(netl$covariate))),nc=5))

> net4 <- neuralnet(Y~X1+X2+X3+X4+X5+X1.1+X2.1+X3.1+X4.1+X5.1, data=mulogo,
hidden=0, 1inear.output=TRUE, act.fct=function(x) {x})

> plot(Im.fit$fitted.values, Im.fit$residuals)
> plot(net4$net.result[[1]], netd$data$y-netd$net.result[[1]])

> plot(net4)

- 113 ” X1 .
Function “neuralnet” Arguments: .
%
> neuralnet(formula, data, hidden = 1, X2 . &
threshold = 0.01, stepmax = 1le+05, rep = 1, C"%
. X3 =
startweights = NULL, 0
Tearningrate = NULL, learningrate.limit = NULL, ‘g%;%
algorithm = "rprop+", x4 o
" n -0796‘ ?D
err.fct = "sse", 2
. X5
act.fct = "logistic", 0-96544 '. .
exclude = NULL, constant.weights = NULL) i1 &01304 .
algorithm : The following algorithms are possible: o
m  'backprop': backpropagation X2 . )
m  'rprop+': the resilient backpropagation with weight backtracking I~
m  'rprop-': the resilient backpropagation without weight backtracking X34 .
m  'sag'and 'slr': induce the usage of the modified globally convergent algorithm (g)rglr1op) S
err.fct : 'sse'and 'ce' or a differentiable function that is used for the calculation of the error ..:-
act.fct : 'logistic' and 'tanh' or a user defined differentiable activation function X3 .
MARQUETTE
UNIVERSITY
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DEEP LEARNING WITH R
ENSORFLOW — KERAS

R,

Machine Learning with
TensorFlow and R

J.J. Allaire — CEQ, RStudio

m MARQUETTE
UNIVERSITY 20
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https://beta.rstudioconnect.com/ml-with-tensorflow-and-r/
https://www.amazon.com/Deep-Learning-R-Francois-Chollet/dp/161729554X

Software Initial Software
Release license[a
Wolfram .
Mathematica s Proprietary
MATLAB + Neural Proprietar
Network Toolbox croprietary
Microsoft
Cognitive 2016 MIT licensel!)
Toolkit(CNTK)
PyTorch 2016 BSD
Apache MXNet 2015 Apache 2.0
Keras 2015 MIT license
TensorFlow 2015 Apache 2.0
Chainer 2015 BSD
Theano 2007 BSD
Torch 2002 BSD
BigDL 2016 Apache 2.0
Caffe 2013 BSD
Neural Designer Proprietary
OpenNN 2003 GNU LGPL
Intel Math Kernel Proprietar
Library croprietary
Deeplearning4j 2014 Apache 2.0
Intel Data
- ;
Analytlc.s 2015 Apache License
Acceleration 2.0
Library
Dlib 2002 Boost Software
License
Apache SINGA 2015 Apache 2.0
UNIVERSITY

Be The Difference.

Open
source

No

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes
Yes

No

Yes

No

Yes

Yes

Yes

Yes

Written in

C++, Wolfram
Language, CUD
A

C, C++, Java, M
ATLAB

Cor

Python, C, CUD
A

Small C++core
library

Python
C++, Python, C

UDA
Python

Python

C, Lua

Scala

it
cr

Cot

C++, Java

C++, Python, Ja
va

c

Cor

OpenMPsupport | CUDA support
Yes Yes
No Yes
Yes[26 Yes
Yes Yes
Yes Yes
Only if using
Theano as Yes
backend

No Yes
No Yes
Yes Yes

Yes Yes®ols0
No
Yes Yes
Yes No
Yes Yes
Yes[13 No

Yes YesoIl"]

Yes No
Yes Yes
No Yes

COMPARISON OF DEEP LEARNING

Automatic Has
differentiation™®| pretrained
] models
Yes Yes[64]
No Yes[eliLdl
Yes Yes[27]
Yes Yes
Yes[36 Yes[37
Yes Yes[15]
Yes[46] Yes[47]
Yes Yes
Through
Yesls0l Lasagne's model
zoo[51
Through Twitter'
Yi 2
s Autograd®®! Yesl62]
Yes
Yes Yes[4
? ?
? ?
Yes No
Computational
Graph Lesl8]
Yes No
Yes Yes
? Yes

SOFTWARE

Convolutional PEIEE
Recurrent nets| — . RBM/DBNs execution
nets .
I (multi node)
Yes Yes Yes Uiz
Development
With Parallel
Yes[18 Yes[18 No Computing
Toolbox[20
Yes[28 Yes[28 No[29 Yes[30
Yes Yes Yes
Yes Yes Yes Yes[38]
Yes Yes Yes Yes[16]
Yes Yes Yes Yes
Yes Yes No Yes
Yes Yes Yes Yes[52
Yes Yes Yes Yes[63
Yes Yes
Yes Yes No ?
No No No ?
No No No ?
Yes[14 Yes[14 No
Yes Yes Yes Yes[9]
Yes Yes
No Yes Yes Yes
Yes Yes Yes Yes

Source: Wikipedia

Actively
Developed

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

No

No
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https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-license-1
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-license-1
https://en.wikipedia.org/wiki/OpenMP
https://en.wikipedia.org/wiki/CUDA
https://en.wikipedia.org/wiki/Recurrent_neural_network
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/Wolfram_Mathematica
https://en.wikipedia.org/wiki/Wolfram_Mathematica
https://en.wikipedia.org/wiki/Proprietary_software
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-65
https://en.wikipedia.org/wiki/MATLAB
https://en.wikipedia.org/wiki/MATLAB
https://en.wikipedia.org/wiki/Proprietary_software
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-18
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-NNT-19
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-NNT-19
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-21
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-21
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-21
https://en.wikipedia.org/wiki/Microsoft_Cognitive_Toolkit
https://en.wikipedia.org/wiki/Microsoft_Cognitive_Toolkit
https://en.wikipedia.org/wiki/Microsoft_Cognitive_Toolkit
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-27
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-28
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-cntk.ai-29
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-cntk.ai-29
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-30
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-31
https://en.wikipedia.org/wiki/PyTorch
https://en.wikipedia.org/wiki/BSD_licenses
https://en.wikipedia.org/wiki/MXNet
https://en.wikipedia.org/wiki/Apache_2.0
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-37
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-38
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-39
https://en.wikipedia.org/wiki/Keras
https://en.wikipedia.org/wiki/MIT_license
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-16
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-17
https://en.wikipedia.org/wiki/TensorFlow
https://en.wikipedia.org/wiki/Apache_2.0
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-tensorflow.org-47
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-github.com-48
https://en.wikipedia.org/wiki/Chainer
https://en.wikipedia.org/wiki/BSD_licenses
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Theano_(software)
https://en.wikipedia.org/wiki/BSD_licenses
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-52
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-52
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-52
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-53
https://en.wikipedia.org/wiki/Torch_(machine_learning)
https://en.wikipedia.org/wiki/BSD_licenses
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-63
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-64
https://en.wikipedia.org/wiki/BigDL
https://en.wikipedia.org/wiki/Apache_License
https://en.wikipedia.org/wiki/Caffe_(software)
https://en.wikipedia.org/wiki/BSD_licenses
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-5
https://en.wikipedia.org/wiki/Neural_Designer
https://en.wikipedia.org/wiki/Proprietary_software
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/OpenNN
https://en.wikipedia.org/wiki/GNU_Lesser_General_Public_License
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/Math_Kernel_Library
https://en.wikipedia.org/wiki/Math_Kernel_Library
https://en.wikipedia.org/wiki/Proprietary_software
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-14
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-intel-benchmark-15
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-intel-benchmark-15
https://en.wikipedia.org/wiki/Deeplearning4j
https://en.wikipedia.org/wiki/Apache_2.0
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-9
https://en.wikipedia.org/wiki/Comparison_of_deep-learning_software#cite_note-10
https://en.wikipedia.org/wiki/Data_Analytics_Acceleration_Library
https://en.wikipedia.org/wiki/Data_Analytics_Acceleration_Library
https://en.wikipedia.org/wiki/Data_Analytics_Acceleration_Library
https://en.wikipedia.org/wiki/Data_Analytics_Acceleration_Library
https://en.wikipedia.org/wiki/Apache_License_2.0
https://en.wikipedia.org/wiki/Apache_License_2.0
https://en.wikipedia.org/wiki/Dlib
https://en.wikipedia.org/wiki/Boost_Software_License
https://en.wikipedia.org/wiki/Boost_Software_License
https://en.wikipedia.org/wiki/C++
https://en.wikipedia.org/wiki/Apache_SINGA
https://en.wikipedia.org/wiki/Apache_2.0
https://en.wikipedia.org/wiki/C++

WHY TENSORFLOW IN R?

m Hardware independent
— CPU (via Eigen and BLAS)
— GPU (via CUDA and cuDNN)
— TPU (Tensor Processing Unit)

m Supports automatic differentiation
m Distributed execution and large datasets

m Very general built-in optimization algorithms (SGD,
Adam) that don't require that all data is in RAM

m TensorFlow models can be deployed with a low-
latency C++ runtime

m R has a lot to offer as an interface language for

TensorFlow
MARQUEITE
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SGD Trainer

WHAT IS TENSOR "FLOW" ? v SN e

TV S S S

s T
[Llpa-l-.n-h_l l.;g-s.nu-n._] |Llpd|-.n'r|; ] Updmnb“|
1, r L |
I E

m You define the graph in R ~ |
é“""""“”“": - . Gr.mu:r.'n:s
. . o ()
m Graph is compiled and optimized =" T
m Graph is executed on devices el e

m Nodes represent computations
m Data (tensors) flows between them @

m Rshape *—.ﬂ

T thare e T4
Cingut )

—
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REAL-WORLD EXAMPLES OF DATA TENSORS

head(data.matrix(iris), n = 10)

Sepal.Length Sepal.width Petal.Length Petal.Width Species

[1,] 5.1 3.5 1.4 0.2 1
[2,] 4.9 3.0 1.4 0.2 1
% O
[5,] 5.0 3.6 1.4 0.2 1
[6,] 5.4 3.9 1.7 0.4 1
[7,]1 4.6 3.4 1.4 0.3 1
5]  ea  ae  1a ez 1
[10,] 4.9 3.1 1.5 0.1 1
3-d tensor . .
— Grayscale Images—(samples, height, width)
— Time-series data or sequence data—(samples, timesteps, features)
| II I
Ej Features
Ej J/KQampLes
m 4D tensors ~ ~ _

4-d tensor .
Timesteps

— Color Images—(samples, height, width, channels)

7 7.

RODD

1T
m 5D tensors BN

5-d tensor

— Video—(samples, frames, height, width, channels) -

MARQUETTE //
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WHY KERAS?

m It allows the same code to run seamlessly on CPU or
GPU.

m It has a user-friendly API that makes it easy to quickly
prototype deep-learning models.

Keras

® TensorFlow @ Keras Caffe @ PyTorch @ Theano &
Software Search term Search term Computer application Search term CUDA / CUDNN BLAS, Elgen
Worldwide 4/27/16-9/7/20 « Machine Learning & Artificial... = Web Search « [ GPU } L CPU ]
The deep-learning software and hardware stack
o Note: This comparison contains both Search terms and Topics, which are measured differently. LEARN MORE

Frangois Chollet @ s Follow ™ »
@fchollet e S
Interest over time ¥ O
Keras is one of the most adopted
frameworks among deep learning
researchers -- because it makes it
possible to develop advanced
AUg 30 - Sep 5, 2020 architectures efficiently (ease of use) and

i) ~ \ get them working in few iterations (good
\ { \ TensorFlow 48 defaults)
I ' 4 Keras 1 4

caffe Monthly ArXiv.org mentions (10-day average), 2018/01/12
0
PyTorch 37

VA A B AN A A P min = S Theano o
o . VS i
Oct 29,2017 Apr 28,2019

Theano

MARQUEITE
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INSTALLING KERAS

m First, install the keras R package:
— remotes::install_github("rstudio/keras3") OR
— Install.packages("keras3")

m To install both the core Keras library as well as the
TensorFlow backend

— library(keras3)
— kerasa3::install_keras(backend = "tensorflow")

m You need Python installed before installing TensorFlow
— Anaconda (Python distribution), a free and open-source software

m You can install TensorFlow with GPU support
— required NVIDIA® drivers,
— CUDA Toolkit v9.0, and
— CuDNN v7.0
are needed: https://tensorflow.rstudio.com/tools/local_gpu.html

MARQUEITE
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INSTALLING KERAS (MAC AND LINUX)

€ RStudio X +
& C A Notsecure | sctemscs.mu.edu:8787
2 Apps Headlines Money B¢ [ P @ B B ™M & n
@ File Edit Code \View Plots Session Build Debug Profile Tools

Q Oy A Go to file/functior ~ Addins ~
@] Untitled1
I [ISourceonsave | Q@ /7~

1

1:1 (Top Level) ¢
Console  Terminal
** inst
** preparing package for lazy loading
** help

*** installing help indices

** building package indices

** installing vignettes

** testing if installed package can be loaded
* DONE (keras)

The downloaded source packages are in
¢/tmp/Rtmp86xPn0/downloaded_packages’

> library("keras")

> install_keras()

Error: Prerequisites for installing Tensorflow not available.

Execute the following at a terminal to install the prerequisites:

$ sudo apt-get install
$ sudo apt-get install

python-pip
python-virtualenv

>

MARQUEITE
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CONT...

= ] X
# 300©®wo @
S EB = co & Mmm w B & ¥y € .« % MFCL MU Stuff Benef. Journ. Teach Res. To read Imported From Fire... »
Help stats [(» | @
R Project: (None) «
== History G =0
#Run | »=| 4 Source v 2 [ | 57 Import Dataset v | List »
Tk Global Environment «
Environment is en
Files Plots Packages Help Viewer — |
©  NewFolder @ | Upload '@ Delete 4| Rename {}Morev
| 4 Home
A Name Size Modified
Rhistory 13.1KB Feb 12,2019, 9:08 PM
Desktop
Documents
Downloads
R Script ¢
examples.desktop 8.8 KB Sep 7, 2017, 3:30 AM
=0 Music
Pictures
2 Public
R
Templates
Videos
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INSTALLING KERAS (WINDOWS) CONT...

€ Rstudio €) Rstudio - [} X
File Edit Code View Plots Session Build D|File Edit Code View Plots Session Build Debug Profile Tools Help
LR + . o . - » ~ Addins ~ Bl Project: (None) ~
Console  Terminal Console  Terminal ()] History  Ce o o |
f/Mac/Home/Documents/ /Mac/Home/Documents, # [ | “#import Dataset - | & List ~
. . . LIRS oz ™ Global Environment ~
R versian 3.4.3 (Zal?ijAnaconda Navigator
Copyright (C) 2017 Th
Platform: x86 64-wsd- fle  Help
.| €O Anac N J RStudio
R is o
¥Yau 3 File Help File Edit Code View Plots Session Build Debug Profile Tools Help
Type [ - Addins ~
«ul {) ANACONDA NAVIGATOR i
‘N
Type h //Mac/Home/Documents/ 2 I | % Import Dataset - | &
et requests-2.21.0 | 84 K& | BapRRREEEE | 100% A 1 Global Environment ~
Tibcblas-3.8.0 | 3.5 M8 | EERRREE | 100%
Type scipy-1.2.1 | 14.0 mMB | HAREREEAAE | 100%
hal A Home Applications on Channels pillow-5.4.1 | 862 KB | RespspRAEE | 100%
Type tensorboard-1.10.0 | 3.3 M8 | EEEERRREE | 100%
markdown-2.6.11 | 56 KB | SRR | 1O0%
hSpy-2.9.0 | 914 k8 | mhREERREEE | 100%
=1 win_inet_pton-1.1.0 | 7 K8 | BEpRRREEEE | 100%
warn -3 3 numpy-1.16.2 | 4.0 M8 | #ER A | 100%
pack ‘ Environments pyreadline-2.1 | 140 k8 | #AAEERREAA | 100X
= in chardet-3.0.4 | 209 ke | BespspRasE | 100%
Erro Tlibgpuarray-0.7.6 | 314 k8 | EEERRRREE | 100%
abs1-py-0.7.1 | 154 KB | SRR | 100%
1ibpng-1.6.36 | 1.3 m8 | REspsBREEE | 100%
1”5;: . jpeg-9c | 314 KB | ampEeddEE | 100%
oWS L - " . werkzeug-0.15.1 | 260 KB | dEERRREE | 100%
earnin
befol ~ e Rstudio Glueviz keras-applications-1 | 26 k& | BbbRALERE | 100X
. certifi-2019.3.9 | 149 ke | RespspRasE | 100%
1.1.456 0.13.3 tensorflow-1.10.0 | 32.2 MB | #EREREEE | 100%
. . - . . rm bl aml-5.1 154 KB | #AAEREEAAR | 100%
A set of integrated tools designed to help Multidimensional data visualization across 'ﬁﬁas,z_z_,‘ I 458 KB | aeeErppEe } 100%
e—— you be more productive with R. Includes R files. Explore relationships within and among cryptography-2.5 | 567 KB | prEREREEEE | 100%
Y essentials and notebooks. related datasets. idna-2.8 | 132 kB | dRepiE | 100%
theano-1.0.4 | 3.7 w8 | AARERERAAE | 100%
ur11ib3-1.24.1 | 148 k8 | kappRREEEE | 100%
ffi-1.12.2 | 218 kB | BEEEERREEE | 100% EESD) Peclages )
hdf5-1.10.4 | 34.9 mMB | #AAERREAAR | 100% Ol install | @ update
mako-1.0.7 | 57 k& | RespsBREEE | 100% Name Description
libprotobuf-3.7.0 | 2.1 M8 | BEERRRRAE | 100% .
pyopenss1-19.0.0 | 81 kB | AEAEERE | 100% System Library
Tiblapack-3.8.0 | 3.5 w8 | HAREAAEEEE | 100X assertthat Easy Pre ar
th-8.6.9 | 3.9 M8 | RapRRRREEE | 100% backparts Fm——
o o 1ibtiff-4.0.10 | 1.0 v8 | BEEEEREEEE | 100% P Slm"R_ﬂ
ca-certificates-2019 | 184 kB | HAAEEEEAAR | 100% .
. 0 gast-0.2.2 | 10 kB | BamEseREEE | 100% basefdenc Tools for b
six-1.12.0 | 21 k& | BEEERRREE | 100% BH Boost C++
JU pyter yaml-0.1.7 | 221 kB | RA#FEEEEAA | 1O0% bindr Parametrize
astor-0.7.1 | 22 k8 | REbERBREEE | 100% Dindire R
.v freetype-2.10.0 | 478 K8 | mpppepespg | 100% op e
pycparser-2.19 | 173 kK8 | dadppE | 100% bit A Class for
JupyterLab Notebook termcolor-1.1.0 | 6 KB | ARAHEREARA | 100X bit64 AS3 Class
vS2015_win-84-14.0.2 | 5 K8 | REpEREEEEE | 100% bitops itwise Op-
035.4 576 markupsafe-1.1.1 | 28 k& | EEERRRREE | 100% g
. . pysocks-1.6.8 | 22 k8 | kbbERRRAE | 100% blob Asimple S
An extensible environment for interactive Web-based, interactive computing notebook protobuf-3.7.0 | 536 KB | Apsppditeg | 100% . Binary Datc
and reproducible computing, based on the environment. Edit and run human-readable ?z::'wssl;;g;f;ou S I i; :: : ﬁﬁ:ﬁf:ﬁﬁ: } igg room ;zl”lz:‘"
Jupyter Notebook and Architecture. docs while describing the data analysis. Preparing transaction: ...working... done — Paa—
verifying transaction: ...working... done ROC AUC,
Executing transaction: ...working... done cellonger Translate 51
. Columns
Installation complete. @ Helpers for
warning messages: Interfaces
1: In normalizePath(path.expand(path), winslash, mustwork) : compiler The R Com
path[1]="C:\Users\Mehdi.Maadooliat\AppData\Local\conda\conda\envs\r config Manage En
ion studic/python.exe”: The system cannot find the file specified Values
Documentatio ¢ Q 2: In normalizepath(path.expand(path), winslash, mustwork) crayon Colored Ter
path[1]="C:\Users\Mehdi .Maadoo]iat\AppData\Local\conda\conda\envs\r M A Mod
— studic/python.exe”: The system cannot find the file specified ‘A“ = ocem
L0, S PR A S « D Pen
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DEVELOPING A DEEP NN WITH KERAS

m Step 1 - Define your training data:
— Input tensors and target tensors.

m Step 2 - Define a network of layers (or model)
— that maps your inputs to your targets.

m Step 3 - Configure the learning process by choosing
— a loss function,
— an optimizer,
— and some metrics to monitor.

m Step 4 - Iterate on your training data by calling the
— fit() method of your model.

MARQUEITE
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KERAS: STEP 1 — DATA PREPROCESSING

> Tlibrary(keras)

> # Load MNIST (modified National Institute of Standards and Technology) 'images datasets
c(c(x_train, y_train), c(x_test, y_test)) %<-% dataset_mnist()

# Flatten images and transform RGB values into [0,1] range
Xx_train <- array_reshape(x_train, c(nrow(x_train), 784))
x_test <- array_reshape(x_test, c(nrow(x_test), 784))
Xx_train <- x_train / 255

x_test <- x_test / 255

YV V.V V V

A\

# Convert class vectors to binary class matrices
y_train <- to_categorical(y_train, 10)

A\

e 0 9 e 0 0 @9 e 9 @ e 0 @2 ¢ 0 2 @ o2 @9 ] GKQ:I#O

. © 000 0008 oo 000 o000 008 o "‘*":240

> y_test <- to_categorical(y_test, 10) SESSSESESSESEEES SRS SEE I I Euaees
e 0 9 @ 0 0 % e o @ e 0 8 ¢ 0 0 @ 0 8 8 o uxed—»Q;

Booon B oo W PR U E T TR IR TR T oo o8 ' 00‘0-5—'015

> dim(x_train) > dim(y_train) i s e oo o mmmmnaseatcmumasossss | meoQ
[1] &0000 2B 2B [1] 60000 TR REEREERE I RN SRR TEER ot 7 (O
= dim(x_test) > dim(y_test) P 0w B0 OIS 3 9 8 0 0 g B TMINT G PR e " mms—»O':
0oooa D0 0 9 WEMITN D & 0 0 0 UANTH 0 0o oe o 2

[l] 10000 28 28 [lE'I lggoot . } 608 B0 0 & 3 MMAMEW 0 WOIMENT O 4 o8 @ o w9 (),
> nNeadiy_train IO B0 0 8 0 0 SHMIPETIMIZNG O 0 O 008 o el 10— (),

[_‘L] 5041 9 2 60 & 6 6 6 & 6 0 0 MIEMerN e 0 0 4 6 8 & ] :mm—s%-

6o on BB 0 % B D 0 BINHEIEND 6 0 0 0 o0 @8 o i

> to_categorical(c(5,0,4,1,9,2),10) B8 8680800 0 WHIMMINGG OO 68800 “"‘"'2_’0_:
[.1]1 [.2] [.3]1 [.4) [.5] [.6) [.7]1 [.8) [.9] [.10] i :":”*8:.

[l!:l 0 0 0 0 0 1 0 0 0 0 e oow e e g @ s 0 MW O e e R ] e 4
[2,] 1 0 0 0 0 0 0 0 0 0 784 pixels oo o oooo e OOFEET & 0 0 @ 3 WIHAN 68 @ [ pixal ‘5*0;
e 0 9 e 0 0 @9 oS 9 0 Q0 @ 198 740 &8 I - (<] ixel 16 —» 7

[3,] D D D D l D D D D D e 0 9 e 0 9 @ oY 0 Q0 9 & - o 9 @ o ? 317—)8:
[4,] 0 1 0 0 0 0 0 0 0 0 000 600 @ O SO MBI 0 O 0 & 1Idese o008 o o (
[5,] 0 0 0 0 0 0 0 0 0 1 b b8 B o8 @ B0 1R8I 2 8 B MIIM M O b8 B '] ""5”5_'0'
[6 ] D D l D D D D D D D e 0 0 @ 0 0 % 0 0 & 1BRMIMIIME Y 3 O o 0 @ o DIIB|19—DO
! ] 660w oo o8 BB oo e L] oo 8 o .

[ -] @ 0 o 8 I B a4 ooa [ -] i

MARQUE][E EEEEE R EEEEEEEEN ' RERER pixe! 784 — ()
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KERAS: STEP 2 — MODEL DEFINITION

> model <- keras_model_sequential (input_shape = c(784))
> model %>%
Tayer_dense(units = 256, activation = 'relu') %%
lTayer_dropout(rate = 0.4) %%
Tayer_dense(units = 128, activation 'relu') %% oLy
layer_dropout(rate = 0.3) %% Pmme.d
layer_dense(units = 10, activation = 'softmax')

0.
0

> summary (model)

Layer (type) output shape Param #

dense_4 (Dense) (None, 256) 200960

dropout_3 (Dropout) (None, 256) 0

dense_5 (Dense) (None, 128) 32896

dropout_4 (Dropout) (NOne, 128) 0

dense_6 (Dense) (None, 10) 1290

Total params: 235,146 '

Trainable params: 235,146 (a) Standard Neural Net (b) After applying dropout.

Non-trainable params: 0O
p=0.5

hidden fc layar dropout layar
input layer output layer

SON
L 2 .
e
235,146 % %’ @
] @
MARQUETTE

Training time
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m Number of parameters in the model:
O (784+1)%256 + (256+1)*128 + (128+1)*10
Q 200,960 + 32,896 + 1,290




MULTI-CLASS VS MULTI-LABEL CLASSIFICATION

Multi-Class Multi-Label
C=3 Samples Samples
qbﬂdb . ( & (
P74 ) “m" 'X} ( ﬁO
( Labels (t) Labels ()
[001] [100] [010] [101] [010] [111]

@
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MULTI-CLASS VS MULTI-LABEL CLASSIFICATION
CONT...

Multi-Class Classification with NN and SoftMax Function

probabilities
green
[ = |- wll | Ty ] bi
Za w::: X3 S
= | &I | = | W €T
5 : : purple
E-H i | wﬂ

m MARQUETTE
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MULTI-CLASS VS MULTI-LABEL CLASSIFICATION
CONT...

Multi-Label Classification with NN and Sigmoid Function

probabilities
green
[ = |- W Ty ] bi
Za w::: X3 S
— Z3 e w:l; Ly
E : : purple
E-H i | wﬂ

m MARQUETTE
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KERAS: STEP 3 — COMPILE MODEL

m Model compilation prepares the model for training by:
1. Converting the layers into a TensorFlow graph

2. Applying the specified loss function and optimizer

3. Arranging for the collection of metrics during training

YV V V YV V

f(s)i=

model %>% compile(

loss =

optimizer = optimizer_

'categorical_crossentropy'

rmsprop(),

metrics = c('accuracy')

S;

Z;v Sj

CE =

Cross-Entropy 0.
Loss
0.

ZfluJ 0.

5 DyY) Z%lnyg
4

\f

Choosing the right last-layer activation and loss function for your model

Problem type Last-layer activation Loss function

Binary classification sigmoid binary crossentropy
Multiclass, single—label classification softmax categorical_crossentropy
Multiclass, multilabel classification sigmoid binary crossentropy
Regression to arbitrary values None mse

Regression to values between 0 and 1 sigmoid mse Of binary crossentropy

MARQUEITE
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Keras API: Losses

https://tensorflow.rstudio.com/keras/reference/#section-losses

loss_binary_crossentropy()
loss_categorical_crossentropy()
loss_categorical_hinge()
loss_cosine_proximity()

loss_hinge()
loss_kullback_leibler_divergence()
loss_legcesh()
loss_mean_zbsolute_error()
loss_mean_absolute_percentage_error()
loss_mean_squared_error()
loss_mean_squared_logarithmic_error()
loss_poisson()
loss_sparse_categorical_crossentropy()
loss_squared_hing=()

Keras API: Optimizers

https://tensorflow.rstudio.com/keras/reference/#section-optimizers

optimizer_adadelta()
optimizer_adagrad()
optimizer_adam()
optimizer_adamax()
optimizer_nadam()
optimizer_rmsprop()
optimizer_sgd()

Keras API: Metrics

https://tensorflow.rstudio.com/keras/reference/#section-metrics

metric_binary_accuracy()
metric_binary_crossentropy()
metric_categorical_accuracy()
metric_categorical_crossentropy ()
metric_cosine_proximity()

metric_hinge()
metric_kullback_leibler_divergence()
metric_mean_absolute_error()
metric_mean_absolute_percentage_error()
metric_mean_squared_errar()
metric_mean_squared_logarithmic_error()
metric_poisson()
metric_sparse_categorical_crossentropy()
metric_sparse_top_k_categorical_accuracy()
metric_squared_hinge()
metric_top_k_categorical_accuracy()

35


https://tensorflow.rstudio.com/keras/reference/#section-losses
https://tensorflow.rstudio.com/keras/reference/#section-optimizers
https://tensorflow.rstudio.com/keras/reference/#section-metrics

KERAS: STEP 4 — MODEL TRAINING

m Use the fit() function to train the model for 10 epochs using
batches of 128 images:

history <- model %>% fit(
x_train, y_train,
batch_size = 128,
epochs = 10,
validation_split = 0.2
)

YV V VYV V V

m Feed 128 samples at a time to the model (batch_size = 128)
m Traverse the input dataset 10 times (epochs = 10)
m Hold out 20% of the data for validation (validation_split = 0.2)

> model %=% evaluate(x_test, y_test)

10000,/10000 [ ] - 0s 29%us/step
§ loss’®

[1] 0.1085284375

facc
[1] 0.9816

MARQUEITE
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KERAS: EVALUATION AND PREDICTION

0.4-

> plotChistory)

03-

loss

02- O

» model %>% predict(x_test[1:100,]) %>% © s
apply(1, which.max)-1 0.1- Tedvappyeevetve s T T gata
[1] 7210414

[19]
[37]
[55]
[73]
[91]

= fraining

O

R Ly ey —=— validation

w N O N W
(o) BTN an T RN 0
O R N O
W N PR RO
R W O R O
AN U1 NN U
R O N b D
N N o0 N O
AN © W NN O
O o W U N
N N PR OO
N BN R O
coO O b~ W O
>~ M DR O
N W o W R
w O W b~ U
SN U1 N O
R O U1 N
acc
@
st
o

EII SI ‘1IIZI ‘1I5 2IEI 2I5 3IIZI
epoch
> round(model %>% predict(x_test[1:9,]),5) i
[,1]1 [,2]1 [,3] [,4] [,5] [,6] [,7] [,8]1 [,9] [,10]

[1,] 0 0 0 0.00000 0 0.00000 0.00000 1 0 0.00000
[2,] 0 0 1 0.00000 0 0.00000 0.00000 0 0 0.00000
[3,] 0 1 0 0.00000 0 0.00000 0.00000 0 0 0.00000
[4,] 1 0 0 0.00000 0 0.00000 0.00000 0 0 0.00000
[5,] 0 0 0 0.00000 1 0.00000 0.00000 0 0 0.00000
[6,] 0 1 0 0.00000 0 0.00000 0.00000 0 0 0.00000
[7,] 0 0 0 0.00000 1 0.00000 0.00000 0 0 0.00000
[8,] 0 0 0 0.00002 0 0.00000 0.00000 0 0 0.99998
[9,] 0 0 0 0.00000 0 0.01416 0.98584 0 0 0.00000
MARQUETTE
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KERAS DEMO

@ RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
O -opla- == Go to file/function - Addins ~

© MNISTR © kreas-Regression.R | residplots.r O Untitled1 O Untitled1* 0 code.R* —_

£ [ IsourceonSave | & 4| © +Run | *+ | P Source ~
STER 1

Tibrary(keras)

# Load MNIST images datasets (built in to Keras)
c(elx_train, y_train), c(x_test, y_test)) %<-% dataset_mnist()

[N WO S

# Flatten images and transform RGB values into [0,1] range
X_train <- array_reshape(x_train, c(nrow(x_train), 784))
X_test <- array_reshape(x_test, c(nrow(x_test), 784))
X_train <- x_train / 255

X_test <- x_test / 255

# Convert class vectors to binary class matrices
y_train <- to_categorical(y_train, 10)
y_test <- to_categorical(y_test, 10)

STEP 2

model <- keras_model_sequential ()
model =%
layer_dense(units = 256, activation ‘relu’, input_shape = c(784)) %%
layer_dropout(rate = 0.4) %%
layer_dense(units = 128, activation ‘relu’) %%
layer_dropout(rate 0.3) %=%
layer_dense(units = 10, activation = 'sigmoid’)

STEP 3

model %=% compile(
loss = 'categorical_crossentropy’,
optimizer = optimizer_rmsprop(),
metrics = c( accuracy’)

STEP 4

history <- model %% fit(
x_train, y_train,
batch_size = 128, w
16:37 | STEP1 = R Script =

Console  Terminal =0

C:/1Drive/OneDrive - Marquette University/Students/Shikan/
layer_dense(units = 128, activation = ‘relu’) %%
layer_dropout(rate 0.3) %%

layer_dense(units = 10, activation = "sigmoid’)

STEP 3

model %=% compile(
loss = "categorical_crossentropy’,
optimizer = optimizer_rmsprop(),
metrics = c( accuracy’)

STEP 4

R A A A A A A O

history <- model %=% fit(
x train. v train.

Project: (None)

Environment  History  Connections -
<% [ | % Import Dataset + | & = List »
7} Global Environment ~
Data
D history List of 2 Q
O x_test Large matrix (7840000 elements, 5.
@x_train Large matrix (47040000 elements,
Dy_test Large matrix (100000 elements, 78..
Dy_train Large matrix (600000 elements, 4...
values

mode Model

Files Plots Packages Help Viewer
B Zoom -DEport- | 0O | §| s

M acc M val_acc

m https://keras3.posit.co/articles/getting started.html
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KERAS API. LAYERS

m 90+ layers available (you can also create your own)

layer_dense()
layer_dropout()
layer_batch_normalization()
layer_conv_2d()
layer_max_pooling_2d()
layer_gru()

layer_Istm()
layer_embedding()
layer_reshape()

layer_flatten()

MARQUEITE

UNIVERSITY
Be The Difference.

Add a densely-connected NN layer to an output.

Applies Dropout to the input.

Batch normalization layer (loffe and Szegedy, 2014).

2D convolution layer (e.g. spatial convolution over images).

Max pooling operation for spatial data.

Gated Recurrent Unit - Cho et al.

Long-Short Term Memory unit.

Turns positive integers (indexes) into dense vectors of fixed size.

Reshapes an output to a certain shape.

Flattens an input.
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KERAS API. DENSE LAYERS

m Classic "fully connected" neural network layers

> layer_dense()

_.ui!'!in.._ .‘-ﬂi!'!'hn_
‘0 / X S

0-*0
.‘L 4 ‘A. A&

EREZEX

> Tlayer_dense(units
> Tlayer_dense(units

64, kernel_regularizer = regularizer_11(0.01))
64, bias_regularizer = regularizer_12(0.01))

MARQUETTE
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KERAS API: CONVOLUTIONAL LAYERS

m Filters for learning local (translation invariant) patterns
In data

> layer_conv_2d()

Response map,

quantifying the presence

of the filter’s pattern at
Original input different locations

Single filter

ki P

MARQUEITE
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CONVOLUTION (MATHEMATICAL DEFINITION)

Definition [edit

]

The convolution of f'and g is written f*g, denoting the

operator with the symbol +.[B! It is defined as the

integral of the product of the two functions after one is

reversed and shifted. As such, it is a particular kind of

integral transform:

(f*g)(t

/ F()g(t — ) dr

An equivalent definition is (see commutativity):

(f*g9)(t) =

o<

%}
T T T T T T T I I
| T ..................... 7 I:Ipfea under fiog- < H
] RN PR Y N fix) i
: ait-<)
|:|_|5;_j .......... RIREREEEE EAEERRIEEN SELRRMER LR (et
e L TR R AP e -
ozl ) ............................... .............
ol i 1 | i L I
) 1.5 1 0.5 1] 0.5 1 1.5 2
&t
MARQUETTE
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' »
k -

t =

1 2 4 1 ] L 1 2 5 1
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2

CONVOLUTION IN ENGINEERING WORLD

» In mathematics, Convolution is an operation which does the integral of the
product of 2 functions (e.g., 2 signals), with one of the signals flipped.

o233

w 1 -1 2 2 -1 1

DEEEER - o0l112]3]3

1 1 2 -1 1

01232 RERCRRTE 0/1]2[3]3 R

2 _1 1 2 -1 1

n 0%+ (-1*1)+2*1) =1 ﬂ 3
2

-1 1
2 -1 1
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CONVOLUTION

0l1]2]3/3
2

-1

MARQUEITE
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Be The Difference.

6

1

output: x - (I EIEIEIEICE
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CONVOLUTIONAL NEURAL NETWORKS: WHY?

= Why do shallow fully connected neural networks not work when the input is an
image?

= There are two main reasons:

(1) The input consists of 42,000 numbers, therefore many weights are
needed for each node in the hidden Layer. Saying 100 nodes in the
first layer, this corresponds to 4,200,000 weight parameters required
to define only this layer. More parameters mean that more training
data is needed to prevent overfitting. This leads to more time
required to train the model.

(2) Processing by Fully Connected Deep Feed Forward Networks

requires that the image data be transformed into a linear 1-D vector. [100 * 140 * 3] = 42,000
This results in a loss of structural information, including

correlation between pixel values in 2-D.

MARQUEITE
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CONVOLUTIONAL NEURAL NETWORKS: THE LAYERS

RELU RELU RELU RELU RELU RELU
CONVlCONVl CONV CONVl CONVlCONVl

|
=

T~

|
|

é
=
=

-|
=
=

R RGYNVE

Image from: http://cs231n.github.io/convolutional-networks/
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CONVOLUTION AS FEATURE EXTRACTION

bank of K filters K feature maps

RN

feature map
il MARQUETTE

UNIVERSITY
Be The Difference.




CONVOLUTIONAL LAYER DEMO

Input Volume (+pad 1) (7x7x3)

t,:,0]
0 0

(=R L

-

=l = E E E E ELE EEEEEEEE
= - - -0

"

-

=T R S R - R R R = =T = T — R ST SR ¥

o o o o o o o
=T A L T ==

=
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0

(=R T I = S = = (=R =R

L= L R =R =

wl[z2,:,0]

0 Bias b0 1x1)
0

b0 <74, 0]

Filter WO (3x3x3)

Filter W1 (3x3x3)

wl[z,:,0]

0
-1|T

Bias b

bl

Ix1x1)
r2,0]

Output Volume (3x3x2)
o[:,:,0]
2 5 5

1x1 1><Cl 1x1 0 0
0;:0 1x1 1><CI 1 0 4
Oxl Oxﬂ 1x1 1 1
0|0|1(1]|0
0|1{1(0]|0
Image Convolved
Feature

http://cs231n.qgithub.io/convolutional-networks/#conv
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CONVOLUTIONAL LAYER

= |In CNN, we are working with multiple filters. Each filter looks for a specific kind of
feature/pattern/concept in the input image. For example, we want our convolution
layer to look for 6 different patterns. So, our convolution layer will have 6 number of
5x5x3 filters, each one looks for a specific pattern on the image.

activation maps

/32 %
et et e et 28

Convolution Layer

A 28

3 6

Image from: https://legacy.qitbook.com/book/leonardoaraujosantos/artificial-inteligence

= Stacking these up to make a new image of size 28 * 28 * 6
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CONVOLUTIONAL LAYER

= Convolution itself is a linear kind of operation. There is a need to add at the end of
the convolution layer a non-linear layer, called ReLU activation. ReLU is the max
function(x,0) with input x matrix from a convolved image. ReLU then sets all negative
values in the matrix x to zero and all other values are kept constant.

Image
32 28 24
> > B $z A e e
Conv + ReLU Conv + RelLU Conv + RelLU
(7 of 5* 5 * 3 filters) (8 of 5* 5 * ? filters)
/32 / 28 24
3 flu) = n 7 i 8
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CONVOLUTIONAL NEURAL NETWORKS: A CLOSER LOOK

Input image: 7 * 7
Filter size: 3* 3
Stride: 1

Output: 5*5

MARQUEITE
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CONVOLUTIONAL NEURAL NETWORKS: A CLOSER LOOK

Input image: 7 * 7
Filter size: 3* 3
Stride: 2

Output: 3 * 3

MARQUEITE
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CONVOLUTIONAL NEURAL NETWORKS: A CLOSER LOOK

Input image: 7 * 7
Filter size: 3* 3
Stride: 3

(ooPS!

=)\
»)

)
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Be The Difference.
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CONVOLUTIONAL NEURAL NETWORKS: A CLOSER LOOK

Output Size = (N - F) / Stride + 1

N=7 F=3

Stride =1 Output Size=(7-3)/1+1=5

Stride =2 Output Size=(7-3)/2+1=3

Stride=3  Output Size = (7 —3) /3 +1 = 2.33 x

Image from: http://cs231n.github.io/convolutional-networks/
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CONVOLUTIONAL NEURAL NETWORKS

We are condensing the data spatially! Too fast! What does that mean?

Image

/]

3

Solution?

32

/

£

-

28

Ve

24

/24
8

Zero Padding (pad): Add zeros on the image border to let the convolution output size be
the same as the input image size.

MARQUEITE

UNIVERSITY

Be The Difference.

55



CONVOLUTIONAL NEURAL NETWORKS

Input Size: 4*4 Input Size: 5*5
Filter Size: 3* 3 Filter Size: 3* 3
Stride: 1 Stride: 1
Padding: 0 (No Padding) Padding: 1

:
.7
\
Vel N
- |\~ o ~ >
sexzzicast (@) uahe s
“

Image from: https://leonardoaraujosantos.qgitbooks.io/artificial-
inteligence/content/convolutional_neural _networks.html
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CONVOLUTIONAL NEURAL NETWORKS

Convolutional Layer:

It takes a data volume of size W; * H, * D,

Hyper Parameters:

« Number of Filters (K) « K=32,64, 128, ...
* Filter Size (F) e F=3,S=1,P=1
 Stride (S) e« F=5,S=1,P=2
« Zero Padding (P) e« F=5S=2 pP=2

Common Configurations:

MARQUEITE
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MAX PooL (POOLING)

It performs downsampling across the spatial dimensions (width, height). The
representation would be smaller and more manageable.

100 * 100 * 128

50 * 50 * 128

MARQUEITE
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MAX PooL (POOLING): HOW IT WORKS?

Filter Size: 2*2

Stride: 2
5 6 7 8
2 10 4 11
7 9 3 5
8 6 7 1
MARQUETTE
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CONVOLUTIONAL NEURAL NETWORKS

Max Pool Layer:

It takes a data volume of size W; * H, * D,

Hyper Parameters:

* Filter Size (F)
« Stride (S)

Common Configurations:

- F=2,S=2
« F=3,S=2

MARQUEITE
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Be The Difference.

60



FULLY CONNECTED LAYER

» |t computes the class scores.

= This layer takes an input volume (the output of the Conv + ReLU + Pooling
layer preceding it) and outputs an N dimensional vector, where N is the
number of classes that we want to choose. For example, if we want to
develop an object detection for Doors, Stairs, and Signs, then N would be 3.

= Each number in this N dimensional vector shows the probability of a class.
For example, if the resulting vector for is [.1 .1 .80] for [Doors, Stair, Sign],
then this represents a 10% probability that the image is a door, 10%
probability that the image is a stair, and 80% probability that the image is sign.
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CNN ARCHITECTURE:. REVIEW

= |nput: In our scenario, it holds the raw pixel values of an image (e.g., an image of
width 32, height 32, and with three color channels R,G,B).

= Convolutional Layer: This layer filters (convolve) the inputs to provide very useful
information appropriate for object modeling. These convolutional layers help to
automatically extract the most valuable information for the task at hand without
human designed feature selection. This layer will result in data volume such as [32 *
32 * 16] if we used for example 16 filters.

= ReLU Layer: will apply a pixelwise activation function, such as the
max(0,x) thresholding at zero. This layer keeps the size of the data volume
unchanged (e.g., [32 * 32 * 16]).

= Pooling Layer: It does a downsampling operation across the spatial dimensions
(width, height), and will result in data volume such as [16 * 16 * 16].

= Fully Connected Layer: This layer computes the class scores, and it will result in
volume of size [1 * 1 * 3], where each of those 3 numbers correspond to a class
score, such as among the 3 categories (doors, stairs, signs).
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KERAS DEMO (MNIST CNN)

) Rstudio — [m] *
File Edit Code View Plots Session Build Debug Profile Tools Help
S - ORp| o~ =] A Go to file/function = Addins ~ ® Project: (None) =
@ | MNISTR © | kreas-Regression.| R © | residplots.r @ | Untitled1* @ | Untitled1* @ code.R" —["] Environmen t  History Connections -
Source on S Q A +R + | s = <% [ | % Import Dataset + | & List =

;_ ...... STEP | FFeRid i i ii i i ittt iR A i PY [ ot comtionment -

3 Tlibrary(keras) Data

g # Load MNIST images datasets (built in to Keras) Ohistory List of 2

6 i:Cch_tra'lTn, y_train), t(x_te;t, y_test)) %<-% dataset_mnist() Ox_test Large matrix (7840000 elements, 5.

7 Ox_train Large matrix (47040000 elements, ..

CDNV layef: Nun:‘lbér”t:;f Parameters

To calculate the learnable parameters here, all we have to do 1s
just multiply the by the shape of width m, height n, previous layer’s
filters d and account for all such filters k in the current layer. Don't
forget the bias term for each of the filter. Number of parameters in a
CONV layer would be : ((m * n * d)+1)* k), added 1 because of the bias
term for each filter, The same expression can be written as follows:
((shape of width of the filter * shape of height of the filter * number
of filters in the previous layer+ 1) *number of filters). Where the

term “filter” refer to the number of filters in the current layer,

>

> model %>% compile( 0.90

+ loss = "categorical_crossentropy’, 0.880

+ optimizer = optimizer_rmsprop(), /

+ metrics = c{ accuracy’) 820

+)

> 0.840 :
> STEP 4 1 2 3 4 5 L] 7 & k] 10
>

» history <- model %=% fit( M acc M val_acc
+ % train. v train. bt

m https://keras3.posit.co/articles/examples/vision/mnist convnet.html
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KERAS APIl: RECURRENT LAYERS

m Layers that maintain state based on previously seen data

> layer_simple_rnn()
> layer_gru(Q)
> layer_lstm()

output t-1 output t output t+l

s
N
W

W

Y
N

gutut_t =
activation(
______g PR _____;. Weinput _t +
state t Usstate_t + state t+1
bl

input t-1 input t input t+1
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KERAS APIl. EMBEDDING LAYERS

m Vectorization of text that reflects semantic relationships

between words

> model <- keras_model_sequential () %>%

> lTayer_embedding(input_dim = 10000, output_dim = 8,

> input_length = 20) %% _. 05— —
> Tayer_flatten() %>% dog [00 02080 .. 0.71
> Tayer_dense(units = 1, activation = "sigmoid") wex [02000° 009

How to represent a word?
Problem: distance between words using one-hot encodinﬁs always the same

dog 1 8 000008 0 w9
cat m i Pa s 6089 a] pencil |06 0.76 0.1 ...
walk 6 @ £ O 08 @ 6 0 © ) D

Embedding size

m Learn the embeddings jointly with the main task you care

about (e.g. classification); or

\ Vocabulary
| size

m Load pre-trained word embeddings (e.g. Word2vec, GloVe)
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KERAS DEMO (TEXT CLASSIFICATION)

@ RStudic
File Edit Code View Plots Session Build Debug Profile Tools Help
- Of | o - [=] A Go to fileffunction + Addins = R Project: (None) ~
@ | MNISTR © | kreas-Regression.R © | residplots.r @ | Untitled1* @ | Untitled1* @ code.R" —["]  Environment History Connections -
£ [Sourceonsave | O 4 vl | =+Run | %+ | #Source ~| = &2 |J | 52 import Dataset ~ | & List =
;‘ STEP 1 4 {7 Global Enviranment ~
3 library(keras) Data
4 | J b X ©history List of 2
5 # Load MNIST images datasets (built in to Keras .
6 clc(x_train, y_train), c(x_test, y_test)) %<-% dataset_mnist() Ox_test Large matrix (7840000 elements, 5.
7 Ox_train Large matrix (47040000 elements,
8 # F]at.ten images and transform‘RGB values W‘m:o‘ [0,1] range Dy_test Large matrix (100000 elements, 78.
9 x_train <- array_reshape(x_train, c(nrow(x_train), 784)) B X
10 x_test < array_reshape(x_test, c(nrow(x_test), 784)) Dy train Large matrix (600000 elements, 4...
11 x_train <- x_train / 255 values
ﬁ X_test <- x_test / 255 model Model
14 # Convert class vectors to binary class matrices
15 y_train <- to_categorical(y_train, 10)
16 y_test < to_categorical(y_test, 10}
17
18~ STEP 2
19
20 model <- keras_model_sequential()
21 model %%
22 layer_dense(units = 256, activation = 'relu’, input_shape = c(784)) %%
23 layer_dropout(rate = 0.4) %% C= bob E=ms =20 el =0
24 layer_dense(units = 128, activation = 'relu’) %% & P Zoom HEport~ | O | §| s LR
25 layer_dropout(rate 0.3) %=%
26 layer_dense(units = 10, activation = 'sigmoid’) 0.559
27 o501
28~ STEP 3
29 0.450 -|
30 model %=% compile( 0.40
31 loss = 'categorical_crossentropy’, a.250 -
32 optimizer = optimizer_rmsprop(), 230
33 metrics = c( accuracy’)
34 ) 0.250 -
35
36~ STEP 4
37
38 history <- model %% fit(
39 x_train, y_train, 0.050 o
H T T T T T T T T u
40 Emhatl:h_s'lze = 128, & 1 2 3 “ 5 © 7 10
16:37 STER1 = R Script =
e M loss M val_loss
Console  Terminal = .
C:/1Drive/OneDrive - Marquette University/Students/Shikan/ 0.980 4
+ layer_dense(units = 128, activation = ‘relu’) %% "
+ layer_dropout(rate 0.3) %% 0.980 -
+ layer_dense(units = 10, activation = "sigmoid’) P
- k
> STEP 3 0.920
>
> model %>% compile( 0.90
+ loss = "categorical_crossentropy’, 03504
+ optimizer = optimizer_rmsprop(},
+ metrics = c( accuracy’)
+
z T T T T T T T T n
> STEP 4 1 2 k] 4 5 8 7 10
>
> history <- model %% fit( M acc M val_acc
+ % train. v train. bt

m https://keras3.posit.co/articles/examples/nlp/text

classification from scratch.html
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RECOMMENDED READINGS

m Datacamp Tutorials:
— Keras: Deep Learning in R

» https://www.datacamp.com/community/tutorials/keras-r-deep-

learning
— Keras Tutorial: Deep Learning in Python

o https://www.datacamp.com/community/tutorials/deep-learning-

python
— TensorFlow Tutorial For Beginners

» https://www.datacamp.com/community/tutorials/tensorflow-
tutorial

m Deep Learning Specializations in Coursera

m Kerasin R
— https://keras.rstudio.com/
— https://tensorflow.rstudio.com/quides/keras/basics

m Tensorflow in R

— https://tensorflow.rstudio.com/

— https://tensorflow.rstudio.com/tutorials/
MARQUETTE
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KERAS FOR R CHEATSHEET
m https://rstudio.qgithub.io/cheatsheets/html/keras.html

More layers

CONVOLUTIONAL LAYERS

layer_conv_1d() 1D, e.g.
temporal convolution

layer_conv_2d_transpose()
Transposed 2D (deconvolution)

layer_conv_2d() 2D, e.g. spatial
convolution over images

layer_conv_3d_transpose()
Transposed 3D (deconvolution)
layer_conv_3d() 3D, e.g. spatial
convolution over volumes

layer_conv_lstm_2d()
Convolutional LSTM

layer_separable_conv_2d()
Depthwise separable 2D

layer_upsampling_1d()
layer_upsampling_2d()
layer_upsampling_3d()
Upsampling layer

layer_zero_padding_1d()
layer_zero_padding_2d()
layer_zero_padding_3d()
Zero-padding layer

layer_cropping_1d()
layer_cropping_2d()
layer_cropping_3d()
Cropping layer

POOLING LAYERS

i} layer_max_pooling_1d()
‘_l_l ) L layer_max_pooling_2d()
layer_max_pooling_3d()

Maximum pooling for 1D to 3D

layer_average_pooling_1d()
layer_average_pooling_2d()
layer_average_pooling_3d()
Average pooling for 1D to 3D

layer_global_max_pooling_1d()
layer_global_max_pooling_2d()
layer_global_max_pooling_3d()
Global maximum pooling

layer_global_average_pooling_1d()
layer_global_average_pooling_2d()
layer_global_average_pooling_3d()
Global average pooling

Studio

ACTIVATION LAYERS

/ layer_activation(object, activation)
=~ Apply an activation function to an output

- layer_activation_leaky_relu()
— Leaky version of a rectified linear unit

s layer_activation_parametric_relu()
——  Parametric rectified linear unit

layer_activation_thresholded_relu()
Thresholded rectified linear unit

layer_activation_elu()
Exponential linear unit

DROPOUT LAYERS

M layer_dropout()
~B  ppplies dropout to the input
layer_spatial_dropout_1d()
1 layer_spatial_dropout_2d()
y layer_spatial_dropout_3d()
Spatial 1D to 3D version of dropout

~

)
|
I
I

RECURRENT LAYERS
“ & layer_simple_rnn()

Fully-connected RNN where the output

is to be fed back to input

layer_gru()
Gated recurrent unit- Cho et al

layer_cudnn_gru()
Fast GRU implementation backed
by CuDNN

layer_lstm()
Long-Short Term Memory unit -
Hochreiter 1997

layer_cudnn_lstm()
Fast LSTM implementation backed
by CuDNN

LOCALLY CONNECTED LAYERS

layer_locally_connected_1d()
layer_locally_connected_2d()

Similar to convolution, but weights are not
shared, i.e. different filters for each patch

Preprocessing

pad_sequences()
Pads each sequence to the same length (length of
the longest sequence)

skipgrams()
Generates skipgram word pairs

make_sampling_table()

Generates word rank-based probabilistic sampling
table

text_tokenizer() Text tokenization utility

fit_text_tokenizer() Update tokenizer internal
vocabulary

save_text_tokenizer(); load_text_tok
Save a text tokenizer to an external file

texts_to_sequences();
texts_to_sequences_generator()
Transforms each text in texts to sequence of integers

texts_to_matrix(); sequences_to_matrix()
Convert a list of sequences into a matrix

text_one_hot() One-hot encode text to word indices

text_hashing_trick()
Converts a text to a sequence of indexes in a fixed-
size hashing space

text_to_word_sequence()
Convert text to a sequence of words (or tokens)

image_load() Loads an image into PIL format.

flow_images_from_data()
flow_images_from_directory()

Generates batches of augmented/normalized data
from images and labels, or a directory

image_data_generator() Generate minibatches of
image data with real-time data augmentation.

fit_image_data _%enerator() Fitimage data
generator internal statistics to some sample data

generator_next() Retrieve the nextitem

image_to_array(); image_array_resize()
image_array_save() 3D array representation

K

Keras TensorFlow

Pre-trained models

Keras applications are deep learning models
that are made available alongside pre-trained
weights. These models can be used for
prediction, feature extraction, and fine-tuning.

application_xception()
xception_preprocess_input()
Xception v1 model

application_inception_v3()
inception_v3_preprocess_input()
Inception v3 model, with weights pre-trained
on ImageNet

application_inception_resnet_v2()
inception_resnet_v2_preprocess_input()
Inception-ResNet v2 model, with weights
trained on ImageNet

application_vgg16(); application_vgg19()
VGG16 and VGG19 models

application_resnet50() ResNet50 model

application_mobilenet()
mobilenet_preprocess_input()
mobilenet_decode_predictions()
mobilenet_load_model_hdf5()
MobileNet model architecture

IMAGENET

ImageNet is a large database of images with
labels, extensively used for deep learning

imagenet_preprocess_input()
imagenet_decode_predictions()
Preprocesses a tensor encoding a batch of
images for ImageNet, and decodes predictions

Callbacks

A callback is a set of functions to be applied at
given stages of the training procedure. You can
use callbacks to get a view on internal states
and statistics of the model during training.

callback_early_stopping() Stop training when
a monitored quantity has stopped improving
callback_learning_rate_scheduler() Learning
rate scheduler

callback_tensorboard() TensorBoard basic
visualizations
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