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Outline of the Course

A 1. Introduction to Deep Learning

A| 2. Fundamentals of Convolutional Neural Networks (CV|\|NS)
A 3. Deep Learning in Remote Sensing: Challenges

A 4. Deep Learning in Remote Sensing: Applications

A 5. Model Selection and Regularization

A 6. Fundamentals of Long Shdgrm Memory (LSTM)

A 7.LSTM Applications and Challenges

A 8. Deep Reinforcement Learning
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Convolutional Neural Networks (CNNSs)
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CNNs; BasicPrinciples

ConvolutionalNeuralNetworks (CNNsSZonvNet$ implement a connectivity pattner between
neuronsinspired by the animalvisualcortex and use severaltypes of layers(convolution, pooling)

CNNKkey principlesare localreceptivefields, sharedweights, and pooling (or down/sub-sampling)
CNNsare optimizedto take advantageof the spatial structure of the data

A Simpleapplicationexample O H 714 & M3 03]
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A MNISTdatabasewritten characters I 711/14] 2[4 32 [7] B

A UseCNNarchitecturewith different layers % % % % % % % % % %
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[3] A. Rosebrock eature extraction classification
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CNNg; Principle Shared Weights & Feature Maps

A Approach
A CNNsisesamesharedweightsfor eachof the 24 * 24hiddenneurons
A Goalssignificantreductionof numberof parameters(preventoverfitting)
A Example5 * 5receptivefield A 25 sharedweights+ sharedbias

A FeatureMap
A Detectsone localfeature

A E.g. 3eachfeature map
Isdefinedbyasetof5 *5
sharedweightsandasingle
sharedbiasleadingto 24 * 24

A Goal: Thaenetwork cannow
detect 3 differentkind of =

: : (shared weights are also known
features (many more in practice) to define a kernel o filter)

A Benefit learnedfeature beingdetectableacrosshe entire image
[1] M. Nielsen

28 x 28 input neurons first hidden layer: 3 = 24 x 24 neurons
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The Convolution Operation

A\ Assumene are measuringhe locationof something e.g aspaceship
wheres(t) isits locationat time t.

\ Toreducethe effect of noisewe averageseveralmeasurementsindgive
more recentmeasurementsnore weightthan olderones

s(t) = /.r(a)w(t — a)da.
A Thisoperationis calledconvolutionand isdenoted

s(t) = (x*xw)(t).

For 2Dimageg(discrete

S(i,7) = (K xI)(i,j) = Z ZI(@ —m,j —n)K(m,n).

T T
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A Valid convolutiondoes not
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paddingto maintainthe
iInputks dimensionfor each
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Convolutional Networks

'CODVNETS i

[15] Convolutional Networks
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CNNs; Principle of Pooling

A W5 2 gy al Approashy 3 W
A Usually applied directly after convolutional layers
A ldea is to simplify the information in the output from the convolution

A Take each feature map output from the convolutional layer and
generate a condensed feature map

A9dTd t22Ft Ay 3T 6A0K-LIR 2K A/ IYWSdzNR Y &
A Max-Pooling outputs the maximum activation in the 2 * 2 region

hidden neurons (output from feature map)

max-pooling units
[e]e]
oo

O

28 % 28 input neurons 3 ® 24 ¥ 24 neurons

[1] M. Nielsen |
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CNNsg Fully Connected Layer

|Hidden layers)|

iz}

Multi-channel image

[Fully connected layer]

Input layer]

CPRITY

[16] CERN plots

A Sigmoidabr Softmaxnormalization is a way of reducing the influence of
extreme values or outliers in the data without removing them from the
dataset
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CNNsg¢ Putting it all together
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[17] Convolutional Neural Networks (CNN<sConvNet3
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CNNc Application Example MNIST

A MNIST database example
A Full CNN with the addition of output neurons per class of digits

~ o Ve A o

A Apply? T dzf £ & O 2 ylayes connedis evierly retiroiifrom the
maxpooling outcome layer to every neuron of the 10 out neurons

A Train withbackpropagation algorithm (gradient descegranly small
modifications for new layers

Q)
L

SISEITEINENSEN
Y NETH SN Y

=)
|

PG4/ Bl [N

[

—

9

28 » 28 3o 24 24

— dx 12 x 12

!

|
il
elelelelelolelelele

LI [N 1O o <] (3]~
NN ol ] fSe
OINICIE e H N ]
AN SRS RYSIRN
M [Nl e [T Od ][] X Cae

l
NSNS e Y

=[N ==l

S
N
Bl
=
|

A (another indicator
A Approach works, except faiome bad that even with

training and test example~ cutting edge technolo
’ " mach?ne Igarning nevg?/
[1] M. Nielsen A [=][UMAE A1 achieves 100% performance
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CNNc¢ Practicals

Whatdo machinelearningresearchehaveto do ?

A Determingthe bestmethodfor machinelearningmethodfor the
respectivedata, i.e.isa CNNapplicableor evendeeplearning?
Computationalesources? Sizeof the datasets?

A Preprocessingi.e.dataaugmentation

A Howmanylayers which activationfunctions whichkernels
A Examineoutput, inference

A Regularizatione.g. Dropout



Increasing number of Deep Learning Frameworks

A TensorFlow [4] Tensorflow
A An opensource software librargften used
A Supporteddevice types are CPU and GPU v l.\
A Caffe |
A Deeplearning framework made witBpeedand modularityin mind
A Switch between CPU and Gbysetting a single flag 5] Caffe
A E.g. train ora GPUmachine, therdeploy to commodityclusters
A Theano [6] Theano

A Python library for deep learning with integration of NumPY
A Transparent use of GPGPUs

A There are a wide variety of deep learning frameworks available that support convolutional
neural networks and take advantage of GPGPUs, e.g. TensorFlow, Caffe, Theano

[7] Deep Learning Framework Comparison
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What is a Tensor?

A Meaning
A Multi-dimensionakrrayusedin big data analysisften today
A Bestunderstood whercomparing it with vectors amatrices

(one dimensional tensor) (two dimensional tensor) (three dimensional tensor)

(vector of dimension [5]) (matrix of dimensions [5,6]) (tensor of dimension [4,4,3])

[10] Big Data Tips, What is a Tensor?
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Tensorflow Computational Graph

A Keras as a Highevel Frameworfon top of Tensorflow)
A Abstracts from the computational graph aftus on layers

A Machine learning algorithms asmputational graph b
A{2YSUAYSa Itaz2 OlFlfftSR WRIFUlIFt 29
A Edges represent data (i.e. often tensdiewing between nodes

A Vertices / nodes are operatiorof various types (i.e. combination
or transformation of data flowing through the graph)

[f(gz(w))]" = fr(gz(w)) - g (w)

(simple nodes) (adds gradient node °
for each operation

5 that takes the o
o @ ° gradient of the
previous linkg outer !
aor functionsc

e : ' reverse to compute
L : this chain rule
0 o ° o o and multiplies with ; )
its own gradient) , .
© @-=E
[4] Tensorflow

[8] A Tour of Tensorflow (a) (b)

' (backpropagation
% algorithm traverses
Tensorflow graph in
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Exerciseg MNIST Dataset CNN Model Example
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SSH Login

A Openhttps://goo.gl/tTzach
password iISC_dl 2018

A Loginto JUREC#Bsingyour trainXXXusername sshkeyand password

A ForWindowsuserswe recommendMobaXterm


https://goo.gl/tTzach

File Copy and Modification

\ Copythe job scriptfile
/ homea/hpclab/train001/scripts/submit_train_cnn_mnist.sh
to yourlocalworkspace

A\ Copythe Pythonscript
/homea/hpclab/train001/tools/mnist/dl_mnist.py
to yourlocalworkspace

A Modify the Job Scripsubmit_train_cnn_mnist.shchanginghe
pathto the Pythonscript, e.g.
vi submit_train_cnn_mnist.sh

A Runthe scriptby executing
sbatchsubmit_train_cnn_mnist.sh



The Jol&cript

#l/bin/bash -x

#SBATCH-nodes=1
#SBATCH-ntasks=1
#SBATCH-output= mnist_out.%j
#SBATCH-error=mnist_err.%;j
#SBATCH-time=01:00:00
#SBATCH-mail-user=g.cavallaro@fzjuelich.de
#SBATCH-mail-type=ALL
#SBATCH-job-name=train_mnist
#SBATCH-partition= gpus
#SBATCH-gres=gpu:1
#SBATCH-reservation=deep_learning

### location executable
MNIST=/homea/hpclab/train001/tools/mnist/dl_mnist.py

module restore dl_tutorial

### submit
python $SMNIST

Lecture 2: Fundementals of Convolutional Neural Networks 20/42



MNIST Dataset CNN Python Script

from keras.datasets import mnist
from keras.models import Sequential
from keras.layers.core import Dense, Activation, Flatten
from keras.utils import np_utils
from keras import backend as K
from keras.layers.convolutional import Convolution2D, MaxPooling2D
from keras.optimizers import SGD, RMSprop, Adam
# model
class CNN:
@staticmethod
def build(input_shape, classes):
model = Sequential()
model. add(Convolution2D(20, kernel_size=5, padding="same", input_shape=input_shape))
model.add(Activation("relu"))
model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))
model. add (Convolution2D (50, kernel_size=5, border_mode="same"))
model.add(Activation("relu"))
model. add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))
model. add(Flatten())
model. add(Dense (500) ) —
model. add(Activation("relu")) 50 Feature Layer Dense Output
model. add(Dense (classes)) MR ' — Layer
model. add(Activation("softmax")) 20 Feature e
aps O
return model
|
O
1 1
Input ‘ O I—I O ‘ ‘ ‘ | 1
“—L — ] O
| Pooling 'ﬁ | Convolution'}]
. Poolin o
[9] A. Gulli et al. ?
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MNIST Dataset CNN Python Script

# parameters < _ .
NB_CLASSES = 10 A OPTIMIZER: Adaradvanced optimization
BATCH S1Z€ = 128 technique that includes the concept of a
OPTIMIZER = 'Adam’ BN momentum (a certain velocity component)
VALIDATION_SPLIT = 0.2 \\ . .. .
ING_ROWS, IMG_((:OLS = 28, 28 ) ~ in addition to the acceleration component
INPUT_SHAPE = (1, IMG_ROWS, IMG_COLS S . .
= DNY of StochastidGradientDescent(SGD)
# dataset 28 x 28 pixels S L,
(X_train, y_train), (X_test, y_test) = mnis‘t.'l.oad_data()\\\ A Adamcomputesindividua| adaptive
K.set_image_dim_ordering("th") N . .
X_train = X_train.ast ('float32')
oo el 3 Iea_rnlngrates_for different parametersfrom
4 - estimatesof first and secondmoments of
normalization
X_train /= 255 i
e the gradients
# input convnet A Adam enables fasteconvergence at the
Koot = X Eeetll nomewaeasr, cost of morecomputation and is currently
# data output recommended as the default algorithm to
int(X_train.sh [0], 'trai les’')
print(X_test. shapel0], “test samples’] use (or SGD MesterovMomentum)

[12] D. Kingma et al.,
Z uwW D sz} (}d
NS} Z S]] K% S]ull
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