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Review of Lecture 5 – Map Reduce Computing Paradigm

 Map Reduce
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 Hadoop Distributed File System

 Selected Cloud Applications

(origin in traditional computer
& computational sciences)

HTC

Modified from [1] Mining of Massive Datasets

(group/shuffle/sort done by the framework)

[2] Apache Hadoop

(replication to be
more fault tolerant)

[3] AWS Marketplace
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Outline of the Course

1. Cloud Computing & Big Data

2. Machine Learning Models in Clouds

3. Apache Spark for Cloud Applications

4. Virtualization & Data Center Design

5. Map-Reduce Computing Paradigm

6. Deep Learning driven by Big Data

7. Deep Learning Applications in Clouds

8. Infrastructure-As-A-Service (IAAS)

9. Platform-As-A-Service (PAAS)

10. Software-As-A-Service (SAAS)
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11. Data Analytics & Cloud Data Mining

12. Docker & Container Management

13. OpenStack Cloud Operating System

14. Online Social Networking & Graphs

15. Data Streaming Tools & Applications

16. Epilogue

+ additional practical lectures for our

hands-on exercises in context

 Practical Topics

 Theoretical / Conceptual Topics
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Outline

 Deep Learning Fundamentals
 Supervised Learning Applications
 Logistic Regression Algorithm
 Stochastic Gradient Descent (SGD)
 Derivatives & Backpropagation Algorithm
 Artificial Neural Networks (ANNs)

 Deep Learning Models & Big Data
 Conceptual Idea of Deep Learning
 Relationship Big Data & Deep Learning
 Convolutional Neural Networks (CNNs)
 Cloud Support & GPGPU Relevance
 Other Deep Learning Models

 Promises from 
previous lecture(s):

 Lecture 0 & Practical Lecture 0.1 –
Prologue: Lecture 6 & 7 provide a 
short introduction to deep learning
models and applications in clouds

 Practical Lecture 0.1: Lecture 6 & 7 
provide a a more thorough
introduction to tensors of various
dimensions

 Lecture 1: Lecture 6 & 7 provide 
more details on how GPUs are used 
as key technology in deep learning

 Lecture 2 & Practical Lecture 3.1:
Lecture 6 & 7 offer more details on 
feature selection concepts
including spatial concepts in images

 Lecture 2 & Practical Lecture 3.1:
Lecture 6 & 7 & 11 provide more
data visualization examples in 
context of different applications

 Lecture 2: Lecture 3 & 6 provides
more insights into Logistic
Regression & Gradient Descent
Optimization
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Deep Learning Fundamentals
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Supervised Learning Revisited – Overview & Summary

Unknown Target Function Elements we 
not exactly

(need to) know 

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

‘constants‘ 
in learning

Final Hypothesis

(ideal function)

(final formula)

(set of candidate formulas)

Learning Algorithm (‘train a system‘)

Hypothesis Set

(set of known algorithms)

‘constants‘ 
in learning

Probability Distribution

Error Measure

Unknown Target Distribution

target function plus noise

Training Examples

(historical records, groundtruth data, examples)
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Food Inspection in Chicago Application – Revisited

1. Some pattern exists: 
 Believe in a pattern with ‘quality violations in checking restaurants‘ will 

somehow influence if food inspection pass or fail (binary classification)

2. No exact mathematical formula
 To the best of our knowledge there is no precise formula for this problem

3. Data exists
 Data collection

from City of Chicago
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 The goal of the advanced machine 
learning application with food inspection 
of restaurants in the City of Chicago is to 
predict the outcome of food inspection 
of new Chicago restaurants given some 
of existing violations of other
restaurants already obtained in Chicago
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Supervised Learning – Food Inspection Chicago Application

Unknown Target Function Elements we 
not exactly

(need to) know 

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

‘constants‘ 
in learning

Final Hypothesis

(ideal function)

(final formula)

(logistic regression model)

Learning Algorithm (‘train a system‘)

Hypothesis Set

(stochastic gradient descent)

‘constants‘ 
in learning

Probability Distribution

Error Measure

Unknown Target Distribution

target function plus noise

Training Examples

(historical records of food inspections in Chicago)
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Logistic Regression Using Non-Linear Activation Function

 Linear Classification
 Simple binary classification (linearly seperable)
 Linear combination of the inputs xi with weights wi

 Linear Regression
 Real value with the activiation being the identity function
 E.g. how much sales given marketing money spend on TV advertising

 Logistic Regression
 Different from above: model/error measure/learning algorithm is different
 Captures non-linear data dependencies

using the so-called Sigmoid function
 Key idea is to bring values between

0 and 1 to estimate a probability
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 One of the optimization algorithms that can be used to train a 
logistic regression model is Stochastic Gradient Descent (SGD)

9 / 76



Big Data: Python/NumPy & Vectorization Not Enough

 ‘Small-scale example‘ of the power of ‘parallelization‘
 Enables element-wise computations at the same time (aka in parallel)
 ‘small-scale‘ since we are still within one computer – but perform

operations in parallel on different data
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 Challenges for Big Data in real life scenarios require a large-scale & elastic Cloud infrastructure
 Vectorization matter in small-scale per CPU/node, but large-scale parallelization is also important

(vector notation, using T = transpose)

(equivalent dotproduct notation)

(sigmoid function
to bring all values

towards probability
between 0 and 1)

(np.dot() is a vectorized
function that is fast,

but still not fast enough
when facing big data sets)

S

S
S

(logistic regression)

 Lecture 7 provides more details on SGD in context of Logistic Regression & Neural Networks
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Big Data Challenges: Growth of Users  Growth of Data
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Motivation Deep Learning – ImageNet ‘Big Data‘ Example

 Dataset: ImageNet
 Total number of images: 14.197.122
 Number of images with

bounding box annotations: 1.034.908
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[21] J. Dean et al., ‘Large-Scale Deep Learning’ [22] ImageNet Web page
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Handwritten Character Recognition MNIST Application

 Metadata
 Subset of a larger dataset from US National Institute of Standards (NIST)
 Handwritten digits including corresponding labels with values 0 to 9 
 All digits have been size-normalized to 28 * 28 pixels 

and are centered in a fixed-size image for direct processing
 Not very challenging dataset, but good for experiments / tutorials

 MNIST Dataset Samples
 Labelled data (10 classes)
 Two separate files 

for training and test
 60000 training samples (~47 MB) 
 10000 test samples (~7.8 MB)
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MNIST Dataset – Data Exploration (cf. Practical Lecture 0.1)

 When working with the dataset 
 Dataset is not in any standard image format like jpg, bmp, or gif
 One needs to write typically a small program to read and work for them
 Data samples are stored in a simple file format that is designed for 

storing vectors and multidimensional matrices (here numpy binary files)
 The pixels of the handwritten digit images are organized row-wise with 

pixel values ranging from 0 (white background) to 255 (black foreground)
 Images contain grey levels as a result of an anti-aliasing technique used 

by the normalization algorithm that generated this dataset.
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MNIST Dataset – Python Script Training Data Exploration
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 Loading MNIST training 
datasets (X) with labels 
(Y) stored in a binary 
numpy format

 Format is 28 x 28 pixel 
values with grey level 
from 0 (white 
background) to 255 
(black foreground)

 Small helper function 
that prints row-wise one 
‘hand-written‘ character 
with the grey levels 
stored in training dataset

 Should reveal the nature 
of the number (aka label)

 Loop of the training dataset and the testing dataset (e.g. first 10 characters as shown here)
 At each loop interval the ‘hand-written‘ character (X) is printed in ‘matrix notation‘ & label (Y)
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MNIST Dataset – Data Visualization & Exploration
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MNIST Dataset – Exploration Script Testing
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MNIST Dataset – Exploration – Selected Testing Samples
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MNIST Dataset – Reshape & Normalization
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 Loading MNIST training 
datasets (X) and testing 
datasets (Y) stored in a binary 
numpy format with labels for 
X and Y

 Format is 28 x 28 pixel values 
with grey level from 0 (white 
background) to 255 (black 
foreground)

 Reshape from 28 x 28 matrix
of pixels to 784 pixel values
considered to be the input
for the neural networks later
(unroll in one large vector, 
also called ‘vectorization‘)

 Normalization is added for
mathematical convenience
since the computing with
numbers get easier (not too
large)
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MNIST Dataset – Reshape & Normalization – Example 
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(numbers are
between 0 and 1
for mathematical

convenience)

(one large vector
instead of

28 * 28 pixel
matrix)
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Learning Models from Biological Inspiration

 Biological Inspiration
 Humans learn (a biological function) machines can learn
 Means we are interested in ‘replicating’ the ‘biological function’

 Approach: Replicating the ‘biological structure’
 Neurons connected to synapses (large number)
 Action of neurons depends on ‘stimula of different synapses’
 Synapses have ‘weights’
 Principle: neurons are in the following like a ‘single perceptron’
 Neural network: put together a ‘bunch of perceptrons’ in layers
 Deep learning network: create many layers with ‘smart functionalites‘
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Perceptron Model vs. ANN

 Simple perceptrons fail: ‘not linearly seperable’
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?

Decision Boundary Two-Layer, feed-forward Artificial Neural Network topology

X1

X2

y

Labelled Data Table

X1 X2 Y

0 0 -1

1 0 1

0 1 1

1 1 -1

X2

X1

w31

w41

w32

w42

w54

w53

n2

n1 n3

n4

n5

(Idea: instances can be classified using 
two lines at once to model XOR)
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Supervised Learning – Artificial Neural Network (ANN)

Unknown Target Function Elements we 
not exactly

(need to) know 

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

‘constants‘ 
in learning

Final Hypothesis

(ideal function)

(final formula)

(Artificial Neural Network)

Learning Algorithm (‘train a system‘)

Hypothesis Set

(backpropagation)

‘constants‘ 
in learning

Probability Distribution

Error Measure

Unknown Target Distribution

target function plus noise

Training Examples

(historical records, groundtruth data, examples)
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 Approach: Prepare data before
 Classical Machine Learning
 Feature engineering
 Dimensionality reduction techniques
 Low number of layers (many layers computationally infeasible in the past)
 Very succesful for speech recognitition (‘state-of-the-art in your phone‘)

(Perceptron model: designed after human brain neuron) (Artificial neural network two layer feed – forward)
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Artificial Neural Network – Feature Engineering & Layers
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Artificial Neural Networks (ANN) – Layers & Nodes

Lecture 6 – Deep Learning driven by Big Data

Input
Layer

Hidden
Layer

Output
Layer

X1 X2 X3 X4 X5

y

 Feed-forward neural network:
nodes in one layer are 
connected only to the nodes 
in the next layer (‘a constraint 
of network construction’)

 Think each hidden node as a 
‘simple perceptron’ that each 
creates one hyperplane

 Think the output node simply 
combines the results of all the 
perceptrons to yield the 
‘decision boundary’ above
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ANN - Learning Algorithm & Optimization

 Determine a set of weights w that 
‘minimize the total sum of squared errors’:
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𝑬  𝒘 = 𝟏𝟐 ෍ 𝒚𝒊 − ý𝒊 𝟐𝑵
𝒊 ୀ 𝟏

Hidden
Layer

Output
Layer

y

Sum of squared errors depend on w, because predicted 
class y is a ‘function of the weights‘ assigned to the 

hidden and output nodes 

𝒚 = sign (w . x)
Linear perceptron

 Cost function is quadratic in its 
parameters and a global 
minimum can 
be easily found

 Other loss functions possible, 
e.g. categorical cross-entropy

 Loss functions used for one
single training sample

 Cost functions used over the
entire training dataset
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Gradient Descent Method (1)

Lecture 6 – Deep Learning driven by Big Data

[19] Big Data Tips,
Gradient Descent
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Gradient Descent Method (2)
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[19] Big Data Tips,
Gradient Descent

 Gradient Descent (GD) uses all the training samples available for a step within a iteration
 Stochastic Gradient Descent (SGD) converges faster: only one training samples used per iteration
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ANN – Backpropagation Algorithm (BP) Basics

 One of the most widely used algorithms for supervised learning
 Applicable in multi-layered feed-forward neural networks
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 ‘Gradient descent method’ can be used to learn the weights 
of the output and hidden nodes of a artificial neural network

X1

X2

y

w31

w41

w32

w42

w54

w53

n2

n1 n3

n4

n5

 Hidden nodes problem: 
computing error term 
hard: 𝝏 E / 𝝏 wj 

 Their Output values are
unknown to us (here)…

 The backpropagation
algorithm solves exactly 
this  problem with two
phases per iteration(!)

known known Initially unknown 
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ANN – Backpropagation Algorithm Forward Phase

1. ‘Forward phase (does not change weights, re-use old weights)’: 
 Weights obtained from the previous iteration are used to compute the 

output value of each neuron in the network (‘initialize weights randomly’)
 Computation progresses in the ‘forward direction’,

i.e. outputs ‘out’ of the neurons at level k are computed prior to level k+1
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X1

X2

y

w31

w41

w32

w42

w54

w53

n2

n1 n3

n4

n5

Layer
K

Layer
K+1

 Use corresponding
‘activation function’
but with ‘old weights’out

out

out

out

out 1 2 3 N-1 N

1 2 M

1 C

...

.....

...

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝑵𝒙𝑵ି𝟏

𝒚𝟏 𝒚𝑪

(applicable for
multiclass to)
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ANN – Backpropagation Algorithm Backward Phase

2. ‘Backward phase (‘learning’  change the weights in the ANN)’: 
 Weight update formula is applied in the ‘reverse direction’
 Weights at level K + 1 are updated before the weights at level k
 Idea: use the errors for neurons at layer k + 1 to estimate errors

for neurons at layer k
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X1

X2

y

w31

w41

w32

w42

w54

w53

n2

n1 n3

n4

n5

Layer
K

Layer
K+1

𝒘𝒋  < −   𝒘𝒋 −  𝝀 𝝏 𝑬 ( 𝒘 )𝝏 𝒘𝒋
weight update formula

of the ‘gradient descent method’

Now that can compute
the error one-by-one
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Deep Learning in Clouds – Using Python & Keras

 Cloud Computing
 Enables large-scale

deep learning from ‘big data‘
 Deep learning library Keras

on top of TensorFlow, MXNet,
CNTK, and many others

 (cf. Practical Lecture 0.1)

Lecture 6 – Deep Learning driven by Big Data

 Keras is a high-level deep learning library implemented in Python that works on top of existing
other rather low-level deep learning frameworks like Tensorflow, MXNet, CNTK, or Theano

 The key idea behind the Keras tool is to enable faster experimentation with deep networks
 Created deep learning models run seamlessly on CPU and GPU via low-level frameworks

[6] Keras Python Deep Learning Library

keras.layers.Dense(units, 

activation=None, 
use_bias=True, 
kernel_initializer='glorot_uniform', 
bias_initializer='zeros', 
kernel_regularizer=None, 
bias_regularizer=None, 
activity_regularizer=None, 
kernel_constraint=None, 
bias_constraint=None)

keras.optimizers.SGD(lr=0.01, 

momentum=0.0, 
decay=0.0, 
nesterov=False)

 Lecture 7 will provide more examples of using backpropagation and loss functions in Clouds
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ANN – MNIST Dataset – Create ANN Blueprint

 Data Preprocessing done (i.e. data normalization, reshape, etc.)
1. Define a neural network topology
 Which layers are required?
 Think about input layer need to match the data – what data we had?
 Maybe hidden layers?
 Think Dense layer – Keras?
 Think about final Activation as Softmay (cf. Day One)  output probability

2. Compile the modelmodel representation for Tensorflow et al.
 Think about what loss function you want to use in your problem?
 What is your optimizer strategy, e.g. SGD

3. Fit the model the model learning takes place
 How long you want to train (e.g. NB_EPOCHS)
 How much samples are involved (e.g. BATCH_SIZE)
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ANN – MNIST Dataset – Parameters & Data Normalization

Lecture 6 – Deep Learning driven by Big Data

 NB_CLASSES: 10 Class Problem 
 NB_EPOCH: number of times the model is 

exposed to the training set – at each 
iteration the optimizer adjusts the weights 
so that the objective function is minimized

 BATCH_SIZE: number of training instances 
taken into account before the optimizer 
performs a weight update

 OPTIMIZER: Stochastic Gradient Descent 
(‘SGD‘) – only one training sample/iteration

 Data load shuffled between 
training and testing set in files

 Data preparation, e.g. X_train is 
60000 samples / rows of 28 x 28 
pixel values that are reshaped in 
60000 x 784 including type 
specification (i.e. float32)

 Data normalization: divide by 
255 – the max intensity value
to obtain values in range [0,1]

[11] A. Gulli et al. 34 / 76



ANN – MNIST Dataset – A Simple Model & Softmax
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 Dense() represents a 
fully connected layer 
used in ANNs that 
means that each 
neuron in a layer is 
connected to all 
neurons located in 
the previous layer

 The Sequential() 
Keras model is a 
linear  pipeline (aka 
‘a stack‘) of various 
neural network layers 
including Activation 
functions of different 
types (e.g. softmax)

 The non-linear Activation function 
‘softmax‘ represents a generalization of 
the sigmoid function – it squashes an n-
dimensional vector of arbitrary real 
values into a n-dimenensional vector of 
real values in the range of 0 and 1 – here 
it aggregates 10 answers provided by 
the Dense layer with 10 neurons

 Loss function 
is a multi-
class 
logarithmic 
loss: target is 
ti,j and 
prediction is 
pi,j

 Train the 
model (‘fit‘)
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ANN – Train MNIST Dataset – Check Output
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Model Evaluation – Testing Phase & Performance Metrics

Lecture 6 – Deep Learning driven by Big Data

 Accuracy (usually in %)

 Error rate

Counting per sample Predicted Class
Class = 1 Class = 0

Actual 
Class

Class = 1 f11 f10

Class = 0 f01 f00

(100% accuracy in learning often
points to problems using machine
learning methos in practice)
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ANN – MNIST Dataset – A Simple Model – Output 
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(92,2% accuracy
is already quite good)
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ANN – MNIST Dataset – Extend ANN Blueprint

 Data Preprocessing done (i.e. data normalization, reshape, etc.)
 Initial ANN topology existing
 Initial setup of model works not 100% 

(create, compile, fit)
 Extend the neural network topology
 Which layers are required?
 Think about input layer need

to match the data – what data we had?
 Maybe hidden layers?
 How many hidden layers?
 What activation function for which layer?
 Think Dense layer – Keras?
 Think about final Activation as Softmax output probability
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(two hidden layer usually show
good performance in classification tasks)

(some dataset samples
just hard to learn from)
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ANN – MNIST Dataset – Add Two Hidden Layers

Lecture 6 – Deep Learning driven by Big Data

 A hidden layer in an ANN can be 
represented by a fully connected 
Dense layer in Keras by just 
specifying the number of hidden 
neurons in the hidden layer

 The non-linear Activation function ‘relu‘ represents a 
so-called Rectified Linear Unit (ReLU) that only recently
became very popular because it generates good
experimental results in ANNs and more recent deep
learning models
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Activation Function – Rectified Linear Unit (ReLU)

 Definition
 Simple, yet effective
 f(x) = max(0, x)

 Selected Facts
 Provides good results

in training neural networks
 Experts refer to this also

as a ‘ramp function‘
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[16] Big Data Tips, ReLU Neural Network

 The activation function Rectified Linear Unit (ReLU) is defined as f(x) = max(0,x)
 ReLU is more recently used in the training of neural networks and deep learning networks
 ReLU just returns 0 for negative values and grows linearly for only positive values

(simple R script
implementing the

ReLU function)
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ANN – MNIST Dataset – Two Hidden Layers & Check Output

Lecture 6 – Deep Learning driven by Big Data

(97,7% accuracy
is a good improvement)
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[Video] Towards Multi-Layer Perceptrons

[5] YouTube Video, Neural Networks – A Simple Explanation
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Deep Learning Models & Big Data
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Conceptual Idea - ‘Big Data‘ drives Deep Learning Models

 Approach: Learn Features
 Classical Machine Learning
 (Powerful computing evolved)
 Deep (Feature) Learning  

 Very succesful for image recognition and other emerging areas
 Assumption: data was generated by the interactions of many different 

factors on different levels (i.e. form a hierarchical representation)
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 Practical Lecture 6.1 given by Dr. Gabriele Cavallaro provides examples from remote sensing

[7] H. Lee et al.
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Deep Learning – Feature Learning Benefits

Lecture 6 – Deep Learning driven by Big Data

[7] H. Lee et al.

 Traditional machine learning applied feature engineering 
before modeling

 Feature engineering requires expert knowledge, is time-
consuming and a often long manual process, requires 
often 90% of the time in applications, and is sometimes 
even problem-specific

 Deep Learning enables feature learning promising a 
massive time advancement

 Practical Lecture 6.1 given by Dr. Cavallaro provides application examples in remote sensing
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Many-core GPUs further Drives Success of Deep Learning

 Use of very many simple cores
 High throughput computing-oriented architecture 
 Use massive parallelism by executing a lot of concurrent threads slowly
 Handle an ever increasing amount of multiple instruction threads
 CPUs instead typically execute a single long thread as fast as possible

 Many-core GPUs are used in large 
clusters and within massively 
parallel supercomputers today
 Named General-Purpose 

Computing on GPUs (GPGPU)
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 Graphics Processing Unit (GPU) is great for data parallelism and task parallelism 
 Compared to multi-core CPUs, GPUs consist of a many-core architecture with 

hundreds to even thousands of very simple cores executing threads rather slowly

[8] Distributed & Cloud Computing Book

 Practical Lecture 6.1 given by Dr. Cavallaro shows how GPGPUs are used in remote sensing
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Relationship Machine/Deep Learning & Big Data & Clouds

Lecture 6 – Deep Learning driven by Big Data

SVMs
Random
Forests

M
od

el
 P

er
fo

rm
an

ce
 / 

Ac
cu

ra
cy

Dataset Volume

Large Deep Learning Network

Medium Deep Learning Network

Small Neural Network

Traditional Learning Models

 ‘Big Data‘

‘small training sets‘

manual feature
engineering

changes
ordering

Cloud
Computing

MatLab

Statistical 
Computing with R

Processing
Time

Octave

(large amounts of GPUs = Graphical Processing Units)

Wekascikit-learn
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Deep Learning – Key Properties & Application Areas

 Application before modeling data with other models
 Create better data representations and create deep learning models to 

learn these data representations from large-scale unlabeled data

 Application areas
 Automatic speech recognition
 Natural language processing
 Bioinformatics
 Computer vision
 …

Lecture 6 – Deep Learning driven by Big Data

 In Deep Learning networks are many layers between the input and output layers enabling multiple 
processing layers that are composed of multiple linear and non-linear transformations

 Layers are not (all) made of neurons (but it helps to think about this analogy to understand them)
 Deep Learning performs (unsupervised) learning of multiple levels of features whereby higher 

level features are derived from lower level features and thus form a hierarchical representation 

(Deep Learning is often characterized as ‘buzzword‘)
(Deep Learning is often ‘just‘ called 

rebranding of traditional neural networks)

(hierarchy from low level to high level features)
[11] A. Gulli et al.
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Deep Learning Architectures

 Deep Neural Network (DNN)
 ‘Shallow ANN‘ approach with many hidden layers between input/output

 Convolutional Neural Network (CNN, sometimes ConvNet)
 Connectivity pattern between neurons is like animal visual cortex

 Deep Belief Network (DBN)
 Composed of mult iple layers of variables; only connections between layers

 Recurrent Neural Network (RNN)
 ‘ANN‘ but connections form a directed cycle; state and temporal behaviour

Lecture 6 – Deep Learning driven by Big Data

 Deep Learning architectures can be classified into Deep Neural Networks, Convolutional Neural 
Networks, Deep Belief Networks, and Recurrent Neural Networks all with unique characteristica

 Deep Learning needs ‘big data‘ to work well & for high accuracy – works not well on sparse data
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Lecture 6 – Deep Learning driven by Big Data

Convolutional Neural Networks (CNNs) Learning Model

Elements we 
not exactly

(need to) know 

Training Examples

Elements we
must  and/or

should have and 
that might raise
huge demands 

for storage

Final Hypothesis

Elements
that we derive

from our skillset
and that can be
computationally

intensive

Elements
that we 

derive from
our skillset

‘constants‘ 
in learning

(ideal function)

(historical records, groundtruth data, examples)

(final formula)

(Convolutional Neural Networks)

Learning Algorithm (‘train a system‘)

Hypothesis Set

(Backpropagation – modified layers)

‘constants‘ 
in learning

Probability Distribution

Error Measure

Unknown Target Distribution

target function plus noise
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CNNs – Basic Principles

 Simple application example
 MNIST database written characters
 Use CNN architecture with different layers
 Goal: automatic classification of characters

Lecture 6 – Deep Learning driven by Big Data

 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

[10] A. Rosebrock
[9] 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

Lecture 6 – Deep Learning driven by Big Data

[9] M. Nielsen

(‘little window‘ on 
the input pixels)

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

(28 * 28 pixel image) (5 * 5 local connectivity)

53 / 76



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)

Lecture 6 – Deep Learning driven by Big Data

[9] M. Nielsen

(28 * 28 pixel image) (24 * 24 feature map) (28 * 28 pixel image) (24 * 24 feature map)
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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

Lecture 6 – Deep Learning driven by Big Data

[9] M. Nielsen

(eventually lead to overfitting and much computing time)

 Overfitting refers to fit the data too well – more
than is warranted – thus may misguide the
learning – rather memorizing than realy learning

 A good model must have low training error (Ein) 
and low generalization error (Eout)

 Model overfitting is if a model fits the data too
well (Ein)  with a poorer generalization error (Eout)
than another model with a 
higher training error (Ein) 

 The two general approaches to prevent
overfitting are (1) regularization and (2) validation
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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 
 Detects one local feature
 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
features

 Benefit: learned feature being detectable across the entire image

Lecture 6 – Deep Learning driven by Big Data

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

[9] M. Nielsen

(many more in practice)
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CNNs – Principle of Convolution & Example

 Example: 3x4 input matrix
processed by a 2x2 kernel
with stride=1 that
calculates the sum of its
content

 Valid convolution does not 
exceed the input‘s
boundary

 Same convolution adds a 
so called ‘padding‘ to
maintain the input‘s
dimension for each
convolutional layer
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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

Lecture 6 – Deep Learning driven by Big Data

[9] 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

 Approach works, except for some bad
training and test examples

Lecture 6 – Deep Learning driven by Big Data

(another indicator
that even with

cutting edge technology
machine learning never 

achieves 100% performance)[9] M. Nielsen
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CNN in Comparison with other Previous Learning Models

 Application Example
 MNIST Dataset

 Perceptron
 Simple model

 Multilayer Perceptron
 ANN model

with backpropagation

 Deep Learning
 CNN model

learning features

Lecture 6 – Deep Learning driven by Big Data

[17] Neural Network 3D Simulation

 Lecture 7 will provide more CNN application examples in cloud computing environments
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Keras with Tensorflow Backend – GPU Support

Lecture 6 – Deep Learning driven by Big Data

 Keras is a high-level deep learning library implemented in Python that works on top of 
existing other rather low-level deep learning frameworks like Tensorflow, CNTK, or Theano

 The key idea behind the Keras tool is to enable faster experimentation with deep networks
 Created deep learning models run seamlessly on CPU and GPU via low-level frameworks 

[6] Keras Python Deep Learning Library

 Tensorflow is an open source library for deep learning models using a flow graph approach
 Tensorflow nodes model mathematical operations and graph edges between the nodes are 

so-called tensors (also known as multi-dimensional arrays)
 The Tensorflow tool supports the use of CPUs and GPUs (much more faster than CPUs)
 Tensorflow work with the high-level deep learning tool Keras in order to create models fast

[14] Tensorflow Deep Learning Framework

[15] A Tour of 
Tensorflow
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AWS EMR Example – Cloud Support for Deep Learning

Lecture 6 – Deep Learning driven by Big Data

 Lecture 7 will provide more CNN application examples in cloud computing environments
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Deep Learning in Clouds – What are Tensors?

Lecture 6 – Deep Learning driven by Big Data

 A Tensor is nothing else than a multi-dimensional array
often used in scientific & engineering environments

 Tensors are best understood when comparing it with
vectors or matrices and their dimensions

 Those tensors ‘flow‘ through the deep learning network
during the optimization / learning & inference process

[13] Big Data Tips, What is a Tensor?

(deep learning network
use tensors much and

NumPy is good to work
in Python scripts with these)
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GPU Acceleration

 GPU accelerator architecture example (e.g. NVIDEA card)
 GPUs can have 128 cores on one single GPU chip
 Each core can work with eight threads of instructions
 GPU is able to concurrently execute 128 * 8 = 1024 threads
 Interaction and thus major (bandwidth) 

bottleneck between CPU and GPU 
is via memory interactions

 E.g. applications 
that use matrix –
vector multiplication

Lecture 6 – Deep Learning driven by Big Data

 CPU acceleration means that GPUs accelerate computing due to a massive parallelism with 
thousands of threads compared to only a few threads used by conventional CPUs

 GPUs are designed to compute large numbers of floating point operations in parallel

[8] Distributed & Cloud Computing Book
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MNIST Dataset – CNN Model

Lecture 6 – Deep Learning driven by Big Data

[11] A. Gulli et al.
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MNIST Dataset – CNN Python Script

Lecture 6 – Deep Learning driven by Big Data

 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’

[11] A. Gulli et al.
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MNIST Dataset – CNN Model – Output 

Lecture 6 – Deep Learning driven by Big Data

(97,7% accuracy was best for ANNs,
this is another improvement by using different type of layers)
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[YouTube Lectures] More Deep Learning Fundamentals

Lecture 6 – Deep Learning driven by Big Data

 Note that this course is not a full deep learning course but rather focusses on Big Data & Clouds

[4] Morris Riedel, ‘Deep Learning - Using a Convolutional Neural Network‘, 
Invited YouTube Lecture, six lectures, University of Ghent, 2017
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Deep Learning Architectures – Revisited 

 Deep Neural Network (DNN)
 ‘Shallow ANN‘ approach with many hidden layers between input/output

 Convolutional Neural Network (CNN, sometimes ConvNet)
 Connectivity pattern between neurons is like animal visual cortex

 Deep Belief Network (DBN)
 Composed of mult iple layers of variables; only connections between layers

 Recurrent Neural Network (RNN)
 ‘ANN‘ but connections form a directed cycle; state and temporal behaviour

Lecture 6 – Deep Learning driven by Big Data

 Deep Learning architectures can be classified into Deep Neural Networks, Convolutional Neural 
Networks, Deep Belief Networks, and Recurrent Neural Networks all with unique characteristica

 Deep Learning needs ‘big data‘ to work well & for high accuracy – works not well on sparse data
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RNNs for Sequence Models

 Model Categorization
 Based on different inputs/outputs to/from the sequence models

 Practical ‘standard dataset‘ perspective
 Often the order of samples is not important
 Training/testing datasets and their samples 

have often no explicit order (i.e. ‘sets‘)

 Practical ‘sequence dataset‘ perspective
 Order of samples is important: sequence learning/inference needs order

Invited Lecture – Parallel Machine Learning & Deep Learning Driven by HPC

 Sequence models enable various sequence predictions that are inherent different to other 
more traditional predictive modeling techniques or supervised learning approaches

 In contrast to mathematical sets often used, the ‘sequence‘ model imposes an explicit 
order on the input/output data that needs to be preserved in training and/or inference

 Sequence models are driven by application goals and include sequence prediction, 
sequence classification, sequence generation, and sequence-to-sequence prediction

 Lecture 7 will provide selected application examples of sequence models using RNNs in Clouds
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[Video] Deep Learning in Gaming Applications

[18] YouTube Video, DQN Breakout
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