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Recap |

e Curse of dimensionality
— Distances between points in higher dimensions become equal
— Nearly all points are on the edge of the search space

— To get the same information in higher dimensions, we need to
obtain an exponentially larger set of observations

* PCA
— Unsupervised dimensionality-reduction technique

— ldea: Find a small number of higher order (latent) variables
that explain the same information as the many original
variables and use only those for later processes

— Approach: Find correlating variables and compute a vector
that minimizes the variance when transferring the variables




Recap |l

* Feature (subset) selection
— Supervised dimensionality-reduction technique

— Find a subset of features/variables that explain/predict a
dependent variable with minimal/specified information loss

— Forward and backward selection
— Brute force and iterative search

— Different evaluation measures




Neural Networks



(Short) Intro to Neural Networks

* A specific machine-learning technique
— Unsupervised for pattern detection
— Supervised for classification, prediction, etc.

— Reinforcement learning (learns what actions to take to
accomplish a task)

* Huge number of tasks have been accomplished
— Speech recognition
— Object detection and labeling
— Al solutions for playing games (chess, GO, etc.)
— Robot control
— Even arts, music, etc.




Example: ImageNet (2012 competition)
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Neuron

A Typical Neuron

Dendrites collect input from
other neurons

Dendrites

Axons cause electric charges tos<
transmit information to other =
heurons

Cell Body

Axon hillock generates
outgoing spikes whenever a
critical charge has been
reached

Synapses (terminal bulb)
translate an electric charge into
a chemical reaction
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Interesting Properties of Neurons

* Synapsis strength can change

— Varying number of transmitting vesicles (dt. geladene
Blaschen)

— Varying number of receptor molecules

 Comparing synapses with RAM
— Low power and very small
— Adaptability to local signals
— So, synapses contain weights

— Each neuron can contain 10,000 weights!




Linear Neuron (No Activation Function)

* A neuron combines all incoming signals, usually by building
the sum

* Easiest neuron just passes these signals weighted by the
links and pass them forward

Bias of the neuron

\

Weight foreach input

of the neuron Inputs to thef\euron




Activation Functions = Types of Neurons

* A neuron does not just forward the combination of the
inputs

e Usually, a threshold must be reached to let a neuron fire an
output value

* How the threshold is determined and how large the output
will be, is determined by an activation function

| fO) |2

Activation function




Binary Threshold Neuron

* From McCulloch-Pitts (1943) output

* Send an output after a defined
threshold over the sum of input
signals has been reached

1—+ p—

e Can be used to combine truth functions threshold

 Getrid of the bias

)’=b+zxiWi h=-0 y:zxiwi

0:{1ify20 ; _{1ify29

0 otherwise 0 otherwise




Rectified Linear Neuron

e Again, first compute the weighted linear
sum over the input signals

* Then, compute a non-linear output

Output o

y=>b+ z X;Wj i
o= Yify=0 /
0 otherwise 0 '
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Sigmoid Neuron

* Problems of sharp, step functions
— Derivate cannot be computed
— Even ifiit can, itis often 0
— With 0 slope, where to go next?

* So, the smooth sigmoid function is preferred

O
y = b+ z W uﬂouto
1 1
0 =
1+e™” _//
0
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Stochastic Binary Neuron

e Similar to sigmoid neuron, but output is treated as a
probability of producing a spike

y=bh+ z ¥ W Probabilityp |
— iWi
1
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/
1+e7Y —

0

p(s=1) =
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Forward Propagation

* Process of querying the network to obtain an output

— Based on the chosen activation function in the next layer and
the learned weights for the connections, the input is
transferred to produce an output for each neuron in the
second layer

— The output of the second layer is the input of the third layer
and this process continues till the output layer

/Link with weight Neuron
— OO Oy —
Input \/“\/
: . AN VNV Output
signal (O ‘v‘v‘v‘v I — signal
— () A‘A

Input layer Hidden layers Output layer




Forward Prop Example [

Input layer does not computation! Sigmoid neuron




Forward Prop Matrix Formalization

—)
) X =

0 =

x = (inputy * wy 1) + (input, * wp 1)

x = (inputy * wy ) + (input; * wy )

Wz'l) (inputl) _ (inputl * Wy 1 + input, * W2,1)
Wa2/) \input,) — \inputy * Wy 5 + input, * wy,

W -1
For example: O = sigmoid(X
£(X) P g (X)
0~ 0~ 0~ 0
X=W:-1I X=W:-1I X=W:-1I
0=fX) 0=fX) 0=fX)
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Forward Prop Matrix Example: Get O

Whidden output
|

0.9 09 03 04
I = Ol) Winput_hidden=<0-2 0.8 02)

I Ooutput 0.8 0.1 0.5 0.6
0.3 0.7 05
Whidden_output = | 0.6 0.5 0.2
0.8 0.1 09
I/Vinput_him \
Xnidden Xoutput Xoutput = Whidden_output * Onidden
X, - — . _ o] 0.3 0.7 05 0.761
hidden — VYWinput_hidden Xoutput =06 05 02]-10603
09 03 04\ (0.9 0.8 0.1 0.9/ \0.650
Xnidden =102 08 0.2]-10.1 0.975
0.1 0.5 0.6/ \0.8 Xoutpur = | 0.888
(1-16> 0 moid(X ) 1.254
Xnigden = | 0.42 | Onidden = Sigmoid(Xpigaen) — sigmoid(X
o062 0.761 output =2 e (Kontpue)
Oniagen = | 0.603 Ooutput = | 0.708




Learning/Training Process

* Goal: Tune the weights such that the output produces a
minimal number of errors

 Two steps are involved:

1] — Propagate the error back from the output layer to all previous
layers

2| — Update the weights between all layers based on the
backpropagated error

Wy o=W,,+ f(error,)
errory p B ‘ )

— errory,

1 —> errory , 2

—> errors,
errors p *

ammm—— Win = Wip+ f(error,)
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Step 1: Backpropagation — One Layer

* |dea: Propagate the error back proportional to the link
weights

Desired output

/

input
P 00 —> e = (t; —0q)

Error function: f(actual, o) = error

0, —> €3 = (t —0y)

Compute fraction of error, depending on link weights:

Error fraction for wy 4 Error fraction for w, 4
| : I\ ’




Step 1: Backpropagation — More Layers

Winput_hidden Whidden_output

W11 W11
g eoutput_l
Input Output
'U eoutput_z
€hidden_2
W11 Wi1,2
€hidden_1 — €output. 1 * W _I_’ W + €output 2 * W +’ W
1,1 2,1 1,2 2,2
W21 W32
€hidden_2 = €output_1 * W _I_’ W + €eoutput 2 * W +’W
1,1 2,1 1,2 2,2
W11 Wi1,2
Matrix formulation: e, , [ wiitwar wis+wyy (31)
Coutput = (ez) hidden — W31 W» 2 e,

W11 Wi2 €1 T
) . (ez) ehidden = Whidden * Coutput




Step 2: Update the Weights

* Recap: Gradient descent can be used for optimization of
parameters

 What are our parameters?
— The weights of the links

* What do we want to optimize?
— We want to minimize the error, which depends on the weights

* Gradient descent is the learning technique for neural
networks

— lteratively update the weights in the opposite direction of the
gradient (first derivative) of the error function

— Use a learning rate to moderate the updates




Gradient of Weight's Error

error E %sigmoid(x) = sigmoid(x)(1- sigmoid(x))
"4
'
e . Simplification: weight wjy
> Tk depends only on the output of
Error function neuron k
r \
OE 0 : 2 0 2
— Z (t —0 ) — (t —0 ) Output depends on the
ow jk Wik nen n 0w jk k k activation function and the
Chain rule Derivative output{ of the preAV|ous Iaye\r
) oFE Ook aOR d
= . = —2(t;, — 0;,) = —2(t;, —0g) - Slngid(z Wik * 0;)
aij aOk aW]k ( k k) aW]k aW]k j g g
Chain rule

O0E 0
= —2(ty — 0y) * Si moid(z w; -0-) 1—si moid(Z w; -0-) —Z Wik * 0;
aij k k g j jk " Yj ( g j jk " Yj ) aij j jk Yj
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Deriving the Derivative

0E d
= —2(t;, — 0y) * si moid(Z Wi -o-) 1 —si moid(z w; -0-) —Z Wi * 0;
5ij k k g j Jjk J ( g Wik J ) 5ij j Jjk ]

J

DerivaV
oE
= —Zx(tk — 0y) * sigmoid <z

Wik - 0; | (1 — sigmoid <z Wi * o->) * 0;
Iwji i ]> PRl J

Constant is not necessary and
can be omitted for simplicity
Input to node k

\
OF

= —p, . 1— .0
0E

Y

Depends on the activation function
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Step 2: Actually Update the Weights

New weight  Old weight Learning rate

l /aE

Wik = Wi — T <— Gradient of the error
jk
Matrix formulation: Si%;Oid function
Awyq o Awy, ey *S1(1 —57)
: " : = O * : . (01 Om)
AWim o Awpm en*Sp(1—S8y)) ! Y }

\ ) Values from previous layer

|
Values from next layer

Awjp= a * Ej, * sigmoid(Xy) * (1 — sigmoid(Xy)) - OJ-T Hint:
0, = sigmoid(Xy)

Further tasks:

Update weights after each training case (online), all training cases (full batch),
a small sample of training cases (mini-batch)
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Architectures Overview

* Architecture has a huge influence on what can be learned
efficiently (and maybe at all), as in nature

* Different architectures for different tasks, such as object
recognition vs. sequence prediction

 The way how neurons are connected, how many layers exist,
and how many neurons per layer defines the architecture

— Often, the activation function is part of the architecture and
might vary from layer to layer

— Complex architectures are composed from very different
types of layers




Feed-forward Network

e Common network type

— Just pass the input from the input layer forward through the
network

— If we have multiple hidden layer, it is called deep neural
network

Fully-connected layers: each node in a layer
has a connection to each node in the next
layer

Machine Learning



Auto-Encoders

* Used for unsupervised learning of efficient encoding the
input and generative models

— Dimensionality reduction technique from size input to size z
— Compression capabilities

— The decoding part aims at reproducing the result from the
compressed intermediate representation

input output
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Convolutional Neural Networks

e Supervised learning to classify and tag images

— Inspired by biological processes, where the connectivity
pattern among neurons is based on certain activation areas

— Learns itself key (low and high level) features of images
e Usually 3 types of hidden layers:
— Convolution layer

— Pooling/Max pooling Fully-Connected: non-linearity activation
functions (e.g., tanh, RelLU, sigmoid)




Convolution Layer

* Neurons of the convolutional layer extract spatial features

— Each neuron process data only for a predefined area (e.g., 3x3
tile) of the image
— Filter the picture for certain low-level properties, such as
edges, etc.
* |dea: Later layers combine spotted edges and build higher
order features (e.g., a house has spotted edges in a certain
geometrical order)

By Aphex34




Pooling Layer

* Sub-(or down)sample spatial feature maps

— Combine the output of neuron clusters from previous layers
into a single neuron

— Max pooling uses the maximum value from a cluster’s neurons
from the previous layer)

* |dea: Exact location of a feature is less important than is
broad location relative to other features

— Reduces the size of the spatial representation

— Avoids overfitting, improves learning time _sigle deptn sice
1 0o 2 3

4 6 6 8
3 1 1 0 3 4
. 2 4

Y By Aphex34




ReLU / Fully-Connected Layer

e Recap RelLU: f(x) = max(0,x)
* Other non-linear activation functions are possible as well
(e.g., tanh, sigmoid)

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

By Aphex34
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Examples of CovNets

LeNet5 from Yann LeCun in 1994: One of the very first convolutional neural networks

C3:f. maps 16@10x10

INPUT C1: feature maps S4: f. maps 16@5x5

30x32 6@28x28

S2: f. maps
6@14x14

[ Full oonrtection ’ Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

AlexNet from Alex Krizhevsky in 2012: Won the ImageNet competition with huge margin
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Recurrent Neural Networks (RNNs)

e Supervised learning used for learning sequences, temporal
behavior and predictions (dev. by John Hopfield 1982)

— Connections from a directed cycle
— Have an internal memory (with limited capacity)
— Can process arbitrary sequences of inputs

* Many different variations

— Recursive, LSTM, Hopfield, fully recurrent, encoder-decoder

* Training for RNNs is often done using genetic algorithms
— Mean squared error is the fitness function




Structure of an RNN

Output at time t depends not

Output at time t only on X, but also on all inputs
/ at previous time steps
; P e
Lb A = A mH— A — A » A
6 5 & &
T By Christopher Olah

Input at time ¢

Machine Learning



Different Structures Possible

one to one one to many many to one many to many many to many
t ttt _ __ttt t ot t
t t ST tot ot N ik il
By Andrej Karpathy
target chars: “e” " T “o”
1.0 0.5 0.1 0.2
_ _ _ ouputiaver | 551 150| |1s| |1
No fixed-size input nor fixed-size output “{ = ‘1{ 2{
. . W_h
No fixed amount of computation steps '
0.3 1.0 0.1 |w hn|-0-3
hidden layer | -0.1 0.3 0.5 — 0.9
0.9 0.1 -0.3 0.7
P T fwe
1 0 0 0
input layer 8 (1) 3 ?
0 0 0 0
input chars: “p” e | 1

Great blog post (a must read) http: //karpathy github. |o/2015/05/21/rnn effectiveness/




Long Short-Term Memory (LSTM)

* Problem in RNNs: Long-term dependencies (context gets
lost the more time steps we are away from relevant
information)

 LSTMs were introduced by Hochreiter & Schmidhuber
(1997) to remember information for long periods of time

RNN LSTM

& ® ®
S S — i
= R g MRS = 1 N
© © © © ® ©

By Christopher Olah

Key idea: Ease information flow through cells ] O — >

Neural Network Pointwise Vector
Layer Operation Transfer

Concatenate Copy




Encoder-Decoder

e Often used for language translation

e Consists of two components: encoder and decoder
— RNN (LSTM) to encode a language resulting in hidden state s

— Decode (LSTM) uses the state s and decodes it to a sentence

Er liebte zu esse

in another language

He loved to eat .

e Drawbacks:

— Limited memory (the whole sentence must be represented in
the single state s)

— Very deep network architecture == hard to train




Google Neural Machine Translation
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Recursive Neural Networks (rNN)

* Unsupervised and supervised learning to produce structured
prediction over input sequences

— Traverses a given structure in topological order

— Can learn tree structures, distributed representations of
structures

S
Parsing Natural Scene Images
s W
G:_i-%‘/&wﬁ ﬂle Buﬂdl @ Tree e
/SN 1.2 / \ / W\
/ & \ m\ // \\
/ [m ‘ /// \\\
/ . Semantic Cl C2
] iy e
AJ L“ { ] HmJ Segments S h I P .
Parsing Natural Language Sentences ocher et al.: Parsl ng By Daniel Hershcovich
e rwaresna;  NAtural Scenes and Natural
7 P S quietly enters . .
e e il memsoic | | gnguage with Recursive
Asma quietly / %
crowd  enters Det/  Adj T v_N, semantic Neural Networks
) i (3] e
the histori¢/ |church Word
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Where to go next?



Generative Adversarial Networks

Backprop: update weights

Code artefacts Real code
sample

Randondvariable

Generator Generated

(e.g., RNN)

Insert buggy, unoptimized,

incomplete code Backprop: update weights

o. Norbert Sieemund



Optimizing the Learning

e Stochastic gradient descent

* Mini batches

* Weight initialization

* Momentum

* Separate, adaptive learning rate per connection

* And others, such as rmsprop (sliding window of average
gradient)




Take Home Message:
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Questions and Summary Next Lecture!

* We have made it! ©
* Prepare for the exam!
* Do your project! ©

sineering — Prof. Dr.-Ing. Norbert Sieemund



Literature

e Make Your Own Neural Network MAKE YOUR

(English) by Tarig Rashid OWN
NEURAL NETWORK

* http://www.deeplearningbook.org/
OO0
L0550
05040

neural networks, and making your own
using the Python computer language.

TARIQ RASHID




