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Outline of the Course

Deep Learning Fundamentals & GPGPUs

Convolutional Neural Networks & Tools

Convolutional Neural Network Applications
Convolutional Neural Network Challenges
Transfer Learning Technique

Other Deep Learning Models & Summary
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Outline

= Convolutional Neural Networks (CNNs)

Basic Principles & MNIST Application Example
Local Receptive Fields & Sliding

Revisit ANN Overfitting & Weight Problem
Shared Weights & Feature Maps

Advanced Application Examples

= Deep Learning Toolset

Timeline of Selected Relevant Tools
Low-level Deep Learning Libraries
Tensorflow, Caffe and Theano
Tensorflow Computational Graph
What is a Tensor & Chain Rule
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Convolutional Neural Networks (CNNs)

O
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Solution Tools: Convolutional Networks Learning Model

Unknown Target Distribution P (y ‘ X)
target function f .4 — Y plus noise

(ideal ftj.nction)

<_____-_-_-

Training Examples

(X17 yl)’ T (XN7 yN)

(historical records, gropndtruth data, examples)

\
Learning Algorithm (‘train a system?)

x = (z

19 °°

Probability Distribution

P on X

!

Lo e— x

Error Measure

>e(xX)<€

A 4 /

Final Hypothesis

A <

(Backpropagationl\— modified layers)

Hypothesis Set
H={h}; geH

(Convolutional Neural Networks)

g~ f

(final formula)

Elements we
not exactly
(need to) know

‘constants’
in learning

Elements we
must and/or
should have and
that might raise
huge demands
for storage

Elements
that we derive
from our skillset
and that can be
computationally
intensive

Elements
that we
derive from
our skillset



CNNs — Basic Principles

Convolutional Neural Networks (CNNs/ConvNets) implement a connectivity pattner between
neurons inspired by the animal visual cortex and use several types of layers (convolution, pooling)

CNN key principles are local receptive fields, shared weights, and pooling (or down/sub-sampling)
CNNs are optimized to take advantage of the spatial structure of the data

= Simple application example O H [/ AN 313

pe app P A6 727065 W

= MNIST database written characters di/A2 Y3 RIZ

. . . LGl [7]10 58 [0 3 [&l[]]

= Use CNN architecture with different layers 31119 3 9 [ 33

i : - PR 0257 2094 [/a

Goal: automatic classification of characters A6 84506000
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[3] A. Rosebrock feature extraction classification [1] M. Nielsen
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CNNs — Principle Local Receptive Fields

= MNIST dataset example

= 28 * 28 pixels modeled as square of neurons in a convolutional net

= Values correspond to the 28 * 28 pixel intensities as inputs

input neurons

000000000000 000000000
000000000000 0000000C00
0000000000000 0000000
0000000000000 0

Q00
000
000
000
000
000
000
000
000
000
000
000
000

o

Q000
Q000
0000
Q000
000

0000
0000
0000
0000
0000
0000
Q000

000000000000
000000000000
000000000000
000000000000

Q0

00

00

o0

00

00

00

00

00

00

o0
00000
00000000000

0000000000000 000C000000

o]
o
o]
o
o]
0
O
00
0000000000000 00000000000

0000000000000 00000000000
0000000000000 00000000000
0000000000000 00000000000
0000000000000 00000000000
0000000000000 000C00000000

Q0
ol
fole)
ele]
Q0
00
00
ol
00
00
ole
00
ole
ole]
ole
00
00
00
00
00
ole
00
ole
ole
00
ele
ol
ele)

0000000000000 000000000000000
Q00Q00QC00000000000000000Q0000

Q0000
00000
00000
00000
000000
CO0000
000000
Q00000
C00000
00000
000000
Q00000
00000
Q00000
Q00000
00000
00000
CO0000
Q00000
00000
Q00000
00000
00000
00000
000000
Q00000
000000
Q00000

000
00000000000000000000
(28 * 28 pixel image)

[1] M. Nielsen
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input neurons

(red box indicate the local receptive
field for the hidden neuron)

(5 * 5 local connectivity)

(‘little window‘ on
the input pixels)
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CNNs — Principle Local Receptive Fields & Sliding

= MNIST database example
= Apply stride length =1
= Different configurations possible and depends on application goals
= Creates ‘feature map’ of 24 * 24 neurons (hidden layer)

input neurons input neurons

B . Jirst hidden layer 8 . Jirst hidden layer
(28 * 28 pixel image) (24 * 24 feature map) (28 * 28 pixel image) (24 * 24 feature map)

[1] M. Nielsen
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CNNs —Example with an ANN with risk of Overfitting

= MNIST database example
CNN: e.g. 20 feature maps with 5 * 5 (+bias) = 520 weights to learn

Apply ANN that is fully connected between neurons

ANN: fully connected first layer with 28 * 28 = 784 input neurons

ANN: e.g. 15 hidden neurons with 784 * 15 = 11760 weights to learn

hidden layer
8 ne

(eventually lead to overfitting and
much computing time)

input layer
(784 neurons)

[1] M. Nielsen
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Exercises — ANN Example Revisited — Count Parameters

Lecture 2 — Convolutional Neural Networks & Tools



CNNs - Principle Shared Weights & Feature Maps

" Approach
= CNNs use same shared weights for each of the 24 * 24 hidden neurons
= Goals: significant reduction of number of parameters (prevent overfitting)
= Example: 5 * 5 receptive field = 25 shared weights + shared bias

= Feature Map
m Detects one local feature

28 x 28 input neurons first hidden layer: 3 x 24 x 24 neurons

—

= E.g. 3: each feature map
is defined by a set of 5 * 5
shared weights and a single
shared bias leading to 24 * 24

= Goal: The network can now
detect 3 different kind of l

(shared weights are also known
to define a kernel or filter)

= Benefit: learned feature being detectable across the entire image
[1] M. Nielsen

features (many more in practice)
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CNNs — Principle of Pooling

= ‘Downsampling” Approach

Usually applied directly after convolutional layers
Idea is to simplify the information in the output from the convolution

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

E.g. Pooling with 2 * 2 neurons using ‘max-pooling’
Max-Pooling outputs the maximum activation in the 2 * 2 region

hidden neurons (output from feature map)

max-pooling units

(o]
o

o
(o] -0

28 x 28 input neuron s 3 x 24 x 24 neuron §

[1] M. Nielsen '
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CNN - Application Example MNIST

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

= Apply ‘fully connected layer”: layer connects every neuron from the
max-pooling outcome layer to every neuron of the 10 out neurons

= Train with backpropagation algorithm (gradient descent), only small
modifications for new layers

28 28 3 24 x 24 O OHZ@RANE T3
new O SBRENZDE 6 M

iy ‘ O| 7 /E2Z2N3R7™

s O| #0760 e 0

L O BHEE R SR 33
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T | HeedAeronl

— | ZUEBoRLIZE

m ol dEeE78re0 6

Ol ZHes 67 E5 0

(another indicator
that even with

cutting edge technology

machine learning never

[1] M. Nielsen A [=][ UL 2] achieves 100% performance)
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= Approach works, except for some bad
training and test examples



Exercises — MINIST Dataset — CNN Model Example
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MNIST Dataset — CNN Model

layers.core import Dense, Activation, Flatten

layers.convolutional import Convolution2D, MaxPooling2D

add(Convolution2D (20, kernel_size=5, padding="same", input_shape=input_shape))

.add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

add(Convolution2D (50, kernel_size=5, border_mode="same"))

from keras.datasets import mnist

from keras.models import Sequential

from keras.

from keras.utils import np_utils

from keras import backend as K

from keras.

from keras.optimizers import SGD, RMSprop, Adam

# model

class CNN:

@staticmethod
def build(input_shape, classes):

model = Sequential()
model.
model.add(Activation("relu"))
model
model.
model.add(Activation("relu"))
model
model.add(Flatten())
model. add (Dense(500))
model.add(Activation("relu"))
model. add(Dense(classes))
model.add(Activation("softmax":
return model

[9] A. Gulli et al.

20 Feature
Maps

Input

.add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

50 Feature
Maps
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MNIST Dataset — CNN Python Script

# parameters

NB_CLASSES = 10

NB_EPOCH = 20

BATCH_SIZE = 128

VERBOSE = 1 ~

OPTIMIZER = 'Adam' N

VALIDATION_SPLIT = 0.2 N

ING_ROWS, IMG_COLS = 28, 28 S

INPUT_SHAPE = (1, IMG_ROWS, IMG_COLS) \\\
S

# dataset 28 x 28 pixels

(X_train, y_train), (X_test, y_test) = mnist.load_data()\-;\

K.set_image_dim_ordering("th")
X_train = X_train.astype('float32"')
X_test = X_test.astype('float32')

# normalization
X_train /= 255
X_test /= 255

# input convnet
X_train = X_train[:, np.newaxis, :, :1]
X_test = X_test[:, np.newaxis, :, :]

# data output
print(X_train.shape[0], 'train samples')
print(X_test.shape[@], 'test samples')

# convert vectors to binary matrices of classes
Y_train = np_utils.to_categorical(y_train, NB_CLASSES)
Y_test = np_utils.to_categorical(y_test, NB_CLASSES)

# Simple CNN model
model = CNN.build(input_shape=INPUT_SHAPE, classes=NB_CLASSES)

# Compilation

OPTIMIZER: Adam - advanced optimization
technique that includes the concept of a
momentum (a certain velocity component)
in addition to the acceleration component
of Stochastic Gradient Descent (SGD)

Adam computes individual adaptive
learning rates for different parameters from
estimates of first and second moments of
the gradients

Adam enables faster convergence at the
cost of more computation and is currently
recommended as the default algorithm to
use (or SGD + Nesterov Momentum)

[12] D. Kingma et al.,
‘Adam: A Method for
Stochastic Optimization’

model.compile(loss='categorical_crossentropy', optimizer=0PTIMIZER, metrics=['accuracy'l])

# Fit the model

history = model.fit(X_train, Y_train, batch_size=BATCH_SIZE, epochs=NB_EPOCH, verbose=VERBOSE, validation_split=VALIDATION_SPLIT)

# evaluation

score = model.evaluate(X_test, Y_test, verbose=VERBOSE)
print('Test score:', score[0])

print('Test accuracy:', score[l])
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MNIST Dataset — CNN Model — Output

[vsc42544@gligar@l deeplearningl$ head KERAS MNIST CMM.oll79880
60000 train samples

1OBE0 test samples

Train on 48000 samples, validate on 12000 samples

Epoch 1/20
128/ 48000 [ ... i i et i et e e ] - ETA: 10:06 - loss: 2.2997 - acc: 0.1250
25/ B0 [ .. e ] - ETA: 7:46 - loss: 2.2578 - acc: 0.1992
3B4/4B000 [ ...t e ] - ETA: 6:58 - loss: 2.2127 - acc: 0.2083
BlZ2/4B000 [ ...t i et e e ] - ETA: 6:35 - loss: 2.1632 - acc: 0.2598
BA0/4B000 [ ...t e ] - ETA: 6:20 - loss: 2.0934 - acc: 0.3234

[vsc42544@gligarfl deeplearning]$ tail KERAS MNIST CNN.oll79880

9824/10000 [ =.] - ETA: Os
S85E/10000 [ =.] - ETA: Os
Sgeg/1o0e0e0 [ =.] - ETA: Os
9920/10000 [ =.] - ETA: Os
9952/106000 [ =.] - ETA: Os
So84/10000 [ =.] - ETA: Os
1OEER/10600 [ 1 - 4ls 4ms/step
€]

Test score: 0.0483192791523

! ast accuracy: [EEE] |
orking directory was /user/scratch/gent/vsc425/vsc42544/KERAS MNIST CNN 1179880 .masterl9.golett.gent.vsc
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Advanced Application Examples & Opportunities
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Copsoccer i €XIST #) JOLICH
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Exntengrindungen
A dur :\nwﬂu a.dl

Deep Learning and Unsupervised Clustering for

Analysis of Cellular Structures in the Human Brain
C. Bodenstein®, H. Spitzer™, P. Glock™, M. Riedel*, T. Dickscheid®

* High Productivity Data P ing, Jolich Sup ing Cantar (JSC)
** Big Data Analytics, Institute of M iance and Medicina {INM-1)

Automated Soccer Scene Tracking

Using Deep Neural Networks
C. Bodenstein®, M.Goetz*, M. Riedel*

* High Productivity Data Processing Research Group, Jilich Supercomputing Center (JSC)

Cytoarchiectonic Mapping

" marphology

Goals Construction of an automated pipeline for the

i . broadcast of football games
% . Imestigats the potential of modarm E na bl I ng neW + Most matches will never be recorded e.g. amateurs

machine learning & chniques to . TV camera syslems and cinematographer are expensive

. I“"’p":::;':"::s . . Simple object tracking— e, the ball—s not sufficient for
(lowards high throughput Sta rt— u ps specific game situations Ilksla.g. corners
processing) - Learn the scene tracking using Deep Neural Networks

+ Find qualitative and quantitative . Goal: determine the point of interest coordinates and

for celular distributi

camera zoom for each frame
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CNN - Neuroscience Application

Gray/white matter
segmentation

= Goal: Cytoarchitectonic Mapping

= Layer structure differs between
cytoarchitectonic areas

Automatic Par-
cellation of
Cytoarchitectonic
Cortical Regions

= (Classical methods to locate borders
consists of much manual work:
e.g. image segmentation,
mathematical morphology, etc.

Supervised
deep learning

Brodmann Area 18 Brodmann Area 17

= Deep Learning: Automate the process
of learning ‘border features’ by providing

large quantities of labelled image data Example: gray/white
matter segmentatlon

= However: the structure setup of the deep

learning network still requires manual Use Convolution
i Neural Networks:
setup (e.g. how many hidden layers, etc.) arbitrary dimension,

s B move ‘filter’ kernel

Ly over input space, take @
2 local space into account, 3 .:
® ®

o

Example: Parcellation of cytoarchitectonic cortical regions much cheaper, less parameters
ple: Parc Cytoarchitectonic cortical reg than fully connected (e.g. ANNSs)
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CNN - Soccerwatch.tv Application

= Goal: Automatic zoom w/o camera man

= Besides upper leagues:
80k matches/week

= Recording too expensive (amateurs)

= Camera man needed

= Soccerwatch.tv provides panorama

= Approach: Find X,Y center and zoom on
panorama using Deep Learning
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CNN - Soccerwatch.tv Application — Results

(Look into convolutions

shows learned features) Segmented Field

Segmented Players

Audience

Lecture 2 — Convolutional Neurai networks & 1001s

ground truth '
_____._.-—-" .

prediction

UNIVERSITAT e I ; '
DUISBURG
ESSEN

Existenzgrindungen
aus der Wissenschaft

[11] Soccerwatch.tv



[Video] CNN Application in Autonomous Driving

> o) 021/159
[14] YouTube Video, Speed Sign Recognition




Deep Learning Toolset

O
O 0
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Time Line of Deep Learning and Machine Learning

= Selected Frameworks only

PLIHB]‘I] TCI].\U['F]U\\'
OpenCV scikit MOA Caffe
1994 1998 2002 2006 2010 2014
- < - - - ' — D — ——
1992 1996 2000 2004 2008 2012 DLAJ 2016
MLC++ Torch Accord Mahout MLIib
Theano cuDNN
[8] A Tour of Tensorflow
HPC

" &

"o J Do o B Ea
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Increasing number of Deep Learning Frameworks

= TensorFlow [4] Tensorflow
= An open-source software library often used
= Supported device types are CPU and GPU > I.\

= (Caffe

= Deep learning framework made with speed and modularity in mind
= Switch between CPU and GPU by setting a single flag [5] Caffe
= E.g.train on a GPU machine, then deploy to commodity clusters

"= Theano [6] Theano

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

= 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?

= Meaning
= Multi-dimensional array used in big data analysis often today
= Best understood when comparing it with vectors or matrices

(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

* Keras as a High-Level Framework (on top of Tensorflow)

= Abstracts from the computational graph and focus on layers N
L}

" Machine learning algorithms as computational graph b
= Sometimes also called ‘dataflow graph’ to emphasize data elements
= Edges represent data (i.e. often tensors) flowing between nodes

= \lertices / nodes are operations of various types (i.e. combination
or transformation of data flowing through the graph)

O, Falgo(w)))! = Filga(w)) - gh(w)
(simple nodes) (adds gradient node
: h
o e ; ackpropagaion
7 dient of th o o @ algorithm traverses
’ @ ’ g:ZV:E:s cl)ink f outer g Tensorflow graph in
dot :‘aunctions e ! % e % reverse to compute
- . this chain rule
. o ° ° o and multiplies with )
. . f
its own gradient) "
z=x+y g=oc(x"w+b) 0 %
[4] Tensorflow

[8] A Tour of Tensorflow @) (b)
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Exercises — MNIST Dataset — CNN Model Check
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[Video] Backpropagation in Deep Learning Frameworks

dx(y+ x ox Ny +z
[‘_’t = Pl U k) e & :
or ox ox

° y+x) Oy Ox
dr  Or Oz

Ay Ox

= () — =1
ox oz

[13] YouTube Video, Chain Rule in Backpropogation
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