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What is a Neural Network?

• A primitive model for a piece of brain matter

• A series of geometric projections

• A few lines of linear algebra + some functions

• A type of function approximation

• An optimization problem

• A few lines of python code

| Intro NN | Dirk Krücker 

Some answers

• We will go quickly through all of these views

• Follow the links later

• I‘m a particle physicist.

I tend to call data points: events

• To be honest gentle means 

crash course

https://en.wikipedia.org/wiki/Artificial_neural_network
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Me - Neurons

| Intro NN | Dirk Krücker 

I worked on brain imaging a while ago (PET)

200μ
Neurons as computational units are an old idea.

Pyramidal cells
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Me

| Intro NN | Dirk Krücker 

Some history

The idea that the neuron wiring is connected to learning is at least 120 years old
• Santiago Ramón y Cajal, the father of modern neuroscience, had this idea in 1894 

(learning through new connections).
This is not yet the idea of computation.

pyramidal cells

One of Cajal’s drawing
from what he saw under the 
microscope
Golgi's method (1873): silver 
staining of neural tissue

https://en.wikipedia.org/wiki/Santiago_Ram%C3%B3n_y_Cajal
https://en.wikipedia.org/wiki/Golgi's_method
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Me - Neurons

| Intro NN | Dirk Krücker 

I worked on brain imaging a while ago (PET)

200μ

Σ. . .
Neurons as computational units are an old idea.

• D.O. Hebb 1940 (Hebbian learning by modified synaptic strength)
• W. McCulloch and W. Pitts 1943 (sums and thresholds)
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Computation

| Intro NN | Dirk Krücker 

Spelling out the mathematical model – learning by modifying the strength of connections

Σ. . .

BTW, to simple as a biological model 
e.g. spikes, transmitters etc.

Simple mathematical model
• Each neuron input gets multiplied by a weight,
• they are summed up 
• and some function is applied.It emerged later that

networks of such nodes
provide rich structures
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https://en.wikipedia.org/wiki/Artificial_neural_network


Page 7

Computation

| Intro NN | Dirk Krücker 

Bias term

Σ. . .

. . . Σ f(x)
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It will be useful to add a bias term i.e.
a constant term added as input

Geometric interpretation -->

We have n inputs (real numbers) xi , i = 1 . . . n.
We assume that they form a vector space Rn .
In Machine Learning the input variables are called features
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Geometry

| Intro NN | Dirk Krücker 

Separating plane

y = "+#
$%&

'
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The same equation with vectors:

y = " + (T)⃗
There is a geometrical picture for this calculation
• The inputs form a vector )⃗ and 

the weights a vector ( (NB not normalized)
• y = 0 : defines a plane
• The neuron = the node represents a separating hyperplane

cutting the space ℝ' into two halves

We assume that the input )⃗
forms an Euclidian Space 
(distance!).
This is neither trivial nor 
correct in general.
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!1

!2

Perceptron

| Intro NN | Dirk Krücker 

The first learning machine - Frank Rosenblatt 1957

Threshold:

# ! := &1 () ! ≥ 0
0 ,-., ! < 0

#(1 + 3T!⃗)

The Perceptron is one of the oldest ideas
for machine learning and Artificial Intelligence.
Cutting the input space into 
two halves. Learning means finding the best values 
for b and 3

!7

y = 0

https://en.wikipedia.org/wiki/Perceptron
https://en.wikipedia.org/wiki/History_of_artificial_intelligence
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Mark I Perceptron

• This was really a machine with 
potentiometers steered by 
electric motors and a lot of wires

• The algorithm has been before 
implemented on an early 
IBM 704

| Intro NN | Dirk Krücker 

Some history

Already at that time we have the idea to use specialized hardware for NN
An IBM 704 computer in 1957
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Some Vocabulary

• We are interested in Supervised Learning,
that means we have a Training Dataset
where we know the true Target Values

• Classification → Label
• Binary

e.g. Background/Signal 
• Multi-class

e.g. the picture shows a: cat, dog or horse 
• Regression → Numerical target value

• Some numerical fit value as function of some 
high-dimensional input vector

• We want to learn from the trainings dataset and 
apply this to some other new data where we do not 
know the label/target value

| Intro NN | Dirk Krücker 

Machine Learning

• The input variables are called features

• We assume that they form an vector space with a 
distance although we compare apples with orange

•
• E.g. Temperature in C, mm rainfall and average hotel 

prices in Euro and predict the number of hotel guest
• If/since there is no natural common unit we gain by

⟹ Normalize the input features
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From 1 node to 1 layer

| Intro NN | Dirk Krücker 

Aside: Random projection
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• Each node represents a projection N ⟶ 1:      
pi = #$T'⃗ + )

with its own weight vector and bias
• A layer with multiple nodes form 

an N ⟶ M mapping
• (A high dimensional N to a low dimensional 

M may even work with a randomly chosen 
set of M axes if the data ‘lives’ on a low 
dimensional subspace 
(Johnson–Lindenstrauss lemma1))

• Even if we just start with random w, we 
will keep some separation power that 
can be optimized by optimizing the 
weights

• But see appendix on weight initialization
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https://en.wikipedia.org/wiki/Random_projection
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Feedforward Network

| Intro NN | Dirk Krücker 

1 Layer as matrix

x1

x2

x3

p1

p2

p3

w1

w2

w3

• Each node represents a projection N ⟶ 1:      
pi = #$T'⃗

with its own weight vector
• We drop the bias for a while for simplicity

• A layer with multiple nodes form 
an N ⟶ M mapping, i.e. it a layer can be 
represented by some Matrix W of weights

• A N⟶N is called a dense network
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Feedforward Network

| Intro NN | Dirk Krücker 

Multiple layers

x1

x2

x3

u1

u2

u3

v1

v2

v3

w1

w2

y1

y2
~y|{z}

2⇥1

=

2⇥3z}|{
W V|{z}

3⇥3

3⇥3z}|{
U ~x|{z}

3⇥1

• Multiple nodes form an N -> M mapping
• The weight vectors of one layer can be 

considered as a Matrix W
• Multiple layers form a chain of mappings

But this is all trivial since ...
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Feedforward Network

| Intro NN | Dirk Krücker 

• Multiple nodes form an N -> M mapping
• The weight vectors of one layer can be 

considered as a Matrix W
• Multiple layers form a chain of mappings

x1

x2

x3

a1

a2

y1

y2
~y|{z}

2⇥1

=

2⇥3z}|{
A ~x|{z}

3⇥1

... due to linearity this all collapses into one 
mapping. The fun starts when we include some non-
linearity



Page 16

Nonlinearity

| Intro NN | Dirk Krücker 

Wrapping a function around

All nonlinearity comes from the 
mapping function

In general, the activation function f 
can be chosen arbitrarily but it has a 
strong influence on the behavior of 
the resulting NN 

! = #(% +'
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Activation Functions

• Identity              

• Simple threshold
(classic NN)

• Sigmoid
(logistic function) 

• Tanh

• ReLU (REctified Linear 
Unit)

• Leaky ReLU

• RBF (see SVM)

• Softmax

• ... https://en.wikipedia.org/wiki/Activation_function

| Intro NN | Dirk Krücker 

https://en.wikipedia.org/wiki/Activation_function
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Activation Functions

• Identity              

• Simple threshold
(classic NN)

• Sigmoid
(logistic function)

• Tanh

• ReLU (REctified Linear 
Unit)

• Leaky ReLU

• RBF (see SVM)

• Softmax

• ... https://en.wikipedia.org/wiki/Activation_function

| Intro NN | Dirk Krücker 

+1

x

y

0

• Maps between 0 and 1 
• Useful for probability

model e.g output node
• Not linear at origin

https://en.wikipedia.org/wiki/Activation_function
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Activation Functions

• Identity              

• Simple threshold

(classic NN)

• Sigmoid

• Tanh
• ReLU (REctified Linear 

Unit)

• Leaky ReLU

• RBF (see SVM)

• Softmax

• ...

https://en.wikipedia.org/wiki/Activation_function

| Intro NN | Dirk Krücker 

• Maps between -1 and 1 

• Use to be popular in 

1

st

generation NN

• Linear at origin

⟶ loss of non-linearity

• Saturates easily 

-1

+1

x

y

https://en.wikipedia.org/wiki/Activation_function
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Activation Functions

• Identity              

• Simple threshold

(classic NN)

• Sigmoid

• Tanh

• ReLU
(REctified Linear Unit)

• Leaky ReLU

• RBF (see SVM)

• Softmax

• ...
https://en.wikipedia.org/wiki/Activation_function

| Intro NN | Dirk Krücker 

• Threshold behaviour

• 0 below threshold

• Identity above threshold

• Unrestricted growth

• Scale invariant

• Most popular choice now-
“Game changer”

x

y

https://en.wikipedia.org/wiki/Activation_function
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ReLU as a cut in 1D

• The condition
defines a cut 
on the input variable x

• The cut on x is defined by the weight w and 
the bias b

• Instead of cutting on xin>xcut
we scale xin by w and shift the input 
distribution by b:

• “we move the distribution to the cut”

• In a ReLU layer the bias defines the scale

f(w xin + b)

| Intro NN | Dirk Krücker 
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Let’s play with these ReLU
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ReLU as a logic gate

| Intro DL | Dirk Krücker | 1st Terascale ML School

w"

w#
Σ ReLU y

w1= w2= 1/2

w1= w2= 1

x y Σ y
0 0 0 0
1 0 1/2 0
0 1 1/2 0
1 1 1 1

x y Σ y
0 0 0 0
1 0 1 1
0 1 1 1
1 1 2 1

All kinds of can data manipulations
can be realize by ReLU networks

negative weight ⟶ logic not

b = -1/2
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Universal Approximation 

| Intro NN | Dirk Krücker 

Function approximation  

1 https://en.wikipedia.org/wiki/Universal_approximation_theorem, G.Cybenko(1989)

. . .

Σ ReLU
!","

+
b1

Σ ReLU
!","$

+
b10

Σ yx

!%,"

!%,"$

• Nodes with one input x and one output y

• We get a piecewise linear function that can 
model an arbitrary function.

• Intuitively clear1 that one hidden layer with 
sufficient many nodes can approximate any 
smooth function to a given accuracy ε

https://en.wikipedia.org/wiki/Universal_approximation_theorem


Page 24

0 2 4 6 8 10
inx

0

10

20

30

40

50

f(x
)

Universal Approximation 

1 https://en.wikipedia.org/wiki/Universal_approximation_theorem

. . .

Σ ReLU

!","	

+
b1

Σ ReLU

!","%	

+
b10

Σ yx

!&,"	

!&,"%	

| Intro NN | Dirk Krücker 

1 layer of ReLU presents a  
piecewise linear approximation

{w1,1, . . . , w1,10} = {1, 1, 1, 1, 1, 1, 1, 1, 1, 1}
{w2,1, . . . , w2,10} = {1, 1, 1, 1, 1, 1, 1, 1, 1, 1}
{b1, . . . , b10} = {0,�1,�2,�3,�4,�5,�6,�7,�8,�9}

https://en.wikipedia.org/wiki/Universal_approximation_theorem
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Universal Approximation 

1 https://en.wikipedia.org/wiki/Universal_approximation_theorem

. . .

Σ ReLU

!","	

+
b1

Σ ReLU

!","%	

+
b10

Σ yx

!&,"	

!&,"%	

| Intro NN | Dirk Krücker 

1 layer of ReLU presents a  
piecewise linear approximation

https://en.wikipedia.org/wiki/Universal_approximation_theorem
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Universal Approximation 

1 https://en.wikipedia.org/wiki/Universal_approximation_theorem

. . .

Σ ReLU
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+
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Σ ReLU
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+
b10

Σ yx
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| Intro NN | Dirk Krücker 

1 layer of ReLU represents a  
piecewise linear approximation

• All kinds of data analysis 
chains can be realize by 
ReLU networks, and all fits 
(aka regression)

• A neural network is a 
Universal Function 
Approximator

https://en.wikipedia.org/wiki/Universal_approximation_theorem
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ReLU Feedforward network

| Intro NN | Dirk Krücker 

v1

v2

v3

w1

w2

x1

x2

x3

u1

u2

u3

y1

y2

ReLU

ReLU

ReLU

ReLU

ReLU

ReLU

Now we can go deep!
we also can write this with tensors

~y|{z}
2⇥1

=

2⇥3z}|{
W F ( V|{z}

3⇥3

F (U~x)| {z }
3⇥1

)

with F (~x) :=
⇥
F (xi)

⇤

i.e. F applied to each component of ~x

and F=ReLU

The parentheses become
nested
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ReLU Feedforward network

| Intro NN | Dirk Krücker 

v1

v2

v3

w1

w2

x1

x2

x3

u1

u2

u3

y1

y2

ReLU

ReLU

ReLU

ReLU

ReLU

ReLU

That’s why it is called TensorFlowTM

In principal graphical, matrix and tensor notation are equal but conventional tensor notation is most general

What kind of structure can be approximated with a multilayer ReLU network?
This is related to the question how many linear areas can be described.
(As before in the universal approximation example we have linear areas)

The parentheses become
nested
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Cutting hyperplanes

• How many independent areas do 
we get with n hyperplanes?

• Dimension d and the number of 
different hyperplanes s

• This is also the maximum number 
of linear units with s ReLU units 
within one layer 

• For example: 10 dimensional 
input with 40 nodes may cut your 
phase space into up to 
max 1.2 billion pieces

• more then parameters (~10x40+40)

• more then data

• but there may be an appropriate 
low dim configuration

10 cuts in 2d   =>     56 pieces
40 cuts in 2d =>                  821
10 cuts in 10d =>              1024
40 cuts in 10d => 1221246132

| Intro DL | Dirk Krücker | 1st Terascale ML School

Complexity explosion and dimensionality – number of compartments for ReLU networks



Page 30

What is the advantage of being deep?

A common answer

• In classical Machine Learning we had been interested 

in feature engineering, finding the best variable to 

solve the problem easily

• In a deep NN the first layer(s) can construct such high 

level features themselves from low level features

Another aspect, they can create iterative structures and 

smoother structures with the same number of parameters 

What ever it is, a NN is a very expressive function 
approximator that uses a large number of parameter 
to model complex problems

• Astonishing that they can be trained with sufficient 

data

• How do we train an NN?

| Intro NN | Dirk Krücker 

Not well understood theoretically but extremely successful

2d – 3 layers
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Loss Function - Regression

• We can consider the NN as a complicated 
model that translates some input x into 
some output !"
depending on the weights and bias terms.
(In the following: weight as generic term for 
weight and bias)

• This can be used for regression, i.e. fitting 
some data: 

• We know the true values since we do 
supervised learning

| Intro NN | Dirk Krücker 

What can we do with a Neural Network? 

ŷ = f(x|w)
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ŷ 2 Rm
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y(x)
<latexit sha1_base64="Cjau+FR25j90N9V48f1ifsHGl0s=">AAACAHicbZC7SgNBFIbPxluMt1ULC5vBIMQm7NpoGbCxTMBcIAlhdjKbDJmdXWZmxWXZxlexsVDE1sews7P0MZxNImjiDwMf/zmHOef3Is6UdpwPq7Cyura+UdwsbW3v7O7Z+wctFcaS0CYJeSg7HlaUM0GbmmlOO5GkOPA4bXuTq7zevqVSsVDc6CSi/QCPBPMZwdpYA/uoF2A99vw0ySo/eJedlQZ22ak6U6FlcOdQrqHG1ycA1Af2e28YkjigQhOOleq6TqT7KZaaEU6zUi9WNMJkgke0a1DggKp+Oj0gQ6fGGSI/lOYJjabu74kUB0olgWc68x3VYi03/6t1Y+1f9lMmolhTQWYf+TFHOkR5GmjIJCWaJwYwkczsisgYS0y0ySwPwV08eRla51XXcMOkUYOZinAMJ1ABFy6gBtdQhyYQyOABnuDZurcerRfrddZasOYzh/BH1ts3+MGY3A==</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="yYpxIQv4GLBPaPdgHuH/+WIbp64=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCHVTEje6LLhxWcFeoA1lMp20QyeTMDMRQ8jGV3HjQhG3PoY738ZJG0Fbfxj4+M85zDm/H3OmtON8WSura+sbm5Wt6vbO7t6+fXDYUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/vS7q3XsqFYvEnU5j6oV4LFjACNbGGtrHgxDriR9kaV7/wYf8vDq0a07DmQktg1tCDUq1hvbnYBSRJKRCE46V6rtOrL0MS80Ip3l1kCgaYzLFY9o3KHBIlZfNDsjRmXFGKIikeUKjmft7IsOhUmnom85iR7VYK8z/av1EB1dexkScaCrI/KMg4UhHqEgDjZikRPPUACaSmV0RmWCJiTaZFSG4iycvQ+ei4Rq+dWrNZhlHBU7gFOrgwiU04QZa0AYCOTzBC7xaj9az9Wa9z1tXrHLmCP7I+vgGoxKWYw==</latexit>

Neural Network

y(x)
<latexit sha1_base64="Cjau+FR25j90N9V48f1ifsHGl0s=">AAACAHicbZC7SgNBFIbPxluMt1ULC5vBIMQm7NpoGbCxTMBcIAlhdjKbDJmdXWZmxWXZxlexsVDE1sews7P0MZxNImjiDwMf/zmHOef3Is6UdpwPq7Cyura+UdwsbW3v7O7Z+wctFcaS0CYJeSg7HlaUM0GbmmlOO5GkOPA4bXuTq7zevqVSsVDc6CSi/QCPBPMZwdpYA/uoF2A99vw0ySo/eJedlQZ22ak6U6FlcOdQrqHG1ycA1Af2e28YkjigQhOOleq6TqT7KZaaEU6zUi9WNMJkgke0a1DggKp+Oj0gQ6fGGSI/lOYJjabu74kUB0olgWc68x3VYi03/6t1Y+1f9lMmolhTQWYf+TFHOkR5GmjIJCWaJwYwkczsisgYS0y0ySwPwV08eRla51XXcMOkUYOZinAMJ1ABFy6gBtdQhyYQyOABnuDZurcerRfrddZasOYzh/BH1ts3+MGY3A==</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="yYpxIQv4GLBPaPdgHuH/+WIbp64=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCHVTEje6LLhxWcFeoA1lMp20QyeTMDMRQ8jGV3HjQhG3PoY738ZJG0Fbfxj4+M85zDm/H3OmtON8WSura+sbm5Wt6vbO7t6+fXDYUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/vS7q3XsqFYvEnU5j6oV4LFjACNbGGtrHgxDriR9kaV7/wYf8vDq0a07DmQktg1tCDUq1hvbnYBSRJKRCE46V6rtOrL0MS80Ip3l1kCgaYzLFY9o3KHBIlZfNDsjRmXFGKIikeUKjmft7IsOhUmnom85iR7VYK8z/av1EB1dexkScaCrI/KMg4UhHqEgDjZikRPPUACaSmV0RmWCJiTaZFSG4iycvQ+ei4Rq+dWrNZhlHBU7gFOrgwiU04QZa0AYCOTzBC7xaj9az9Wa9z1tXrHLmCP7I+vgGoxKWYw==</latexit>

x 2 Rn
<latexit sha1_base64="9bVni00sUl613UeeT+UrOVcnLa4=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5WwwEYlFsaC6ENqQ+W4TmvVcSLbQVRRBhZ+gI9gYQAhVj6CjT/gC5hxmg5QOJKl43Pu1b33eBFnStv2h1VYWFxaXimultbWNza3yts7LRXGktAmCXkoOx5WlDNBm5ppTjuRpDjwOG1749PMb19TqVgoLvUkom6Ah4L5jGBtpH650guwHnl+cpOiHhMo/3rJRXpl3Kpds6dAf4kzI9WTr/tPMGj0y++9QUjigApNOFaq69iRdhMsNSOcpqVerGiEyRgPaddQgQOq3GR6RIr2jTJAfijNExpN1Z8dCQ6UmgSeqcx2VPNeJv7ndWPtH7sJE1GsqSD5ID/mSIcoSwQNmKRE84khmEhmdkVkhCUm2uRWMiE48yf/Ja3DmmP4uV2t1yFHESqwBwfgwBHU4Qwa0AQCt/AAT/Bs3VmP1ov1mpcWrFnPLvyC9fYNmgSa9A==</latexit><latexit sha1_base64="PMtjZsYTRk1h9l4ITeTCwZxlbLQ=">AAACBHicbVC7TsMwFL0pr1Je5bF1saiQmKqEBTYqsTAWRB9SGyrHdVqrjhPZDqKKMrDwA3wECwMIsfIRbAzsbGzMuI8BWo5k6fice3XvPV7EmdK2/W5l5uYXFpeyy7mV1bX1jfzmVk2FsSS0SkIeyoaHFeVM0KpmmtNGJCkOPE7rXv9k6NevqFQsFBd6EFE3wF3BfEawNlI7X2gFWPc8P7lOUYsJNP56yXl6adyiXbJHQLPEmZDi8ffd507l66PSzr+1OiGJAyo04VippmNH2k2w1IxwmuZasaIRJn3cpU1DBQ6ocpPRESnaM0oH+aE0T2g0Un93JDhQahB4pnK4o5r2huJ/XjPW/pGbMBHFmgoyHuTHHOkQDRNBHSYp0XxgCCaSmV0R6WGJiTa55UwIzvTJs6R2UHIMP7OL5TKMkYUC7MI+OHAIZTiFClSBwA3cwyM8WbfWg/VsvYxLM9akZxv+wHr9AYXsnSQ=</latexit><latexit sha1_base64="PMtjZsYTRk1h9l4ITeTCwZxlbLQ=">AAACBHicbVC7TsMwFL0pr1Je5bF1saiQmKqEBTYqsTAWRB9SGyrHdVqrjhPZDqKKMrDwA3wECwMIsfIRbAzsbGzMuI8BWo5k6fice3XvPV7EmdK2/W5l5uYXFpeyy7mV1bX1jfzmVk2FsSS0SkIeyoaHFeVM0KpmmtNGJCkOPE7rXv9k6NevqFQsFBd6EFE3wF3BfEawNlI7X2gFWPc8P7lOUYsJNP56yXl6adyiXbJHQLPEmZDi8ffd507l66PSzr+1OiGJAyo04VippmNH2k2w1IxwmuZasaIRJn3cpU1DBQ6ocpPRESnaM0oH+aE0T2g0Un93JDhQahB4pnK4o5r2huJ/XjPW/pGbMBHFmgoyHuTHHOkQDRNBHSYp0XxgCCaSmV0R6WGJiTa55UwIzvTJs6R2UHIMP7OL5TKMkYUC7MI+OHAIZTiFClSBwA3cwyM8WbfWg/VsvYxLM9akZxv+wHr9AYXsnSQ=</latexit><latexit sha1_base64="F7m7CWvXyMnRSxeAPoGrmD0zE6g=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5Ww0LESC2NB9CE1oXJcp7XqOJHtIKooAwu/wsIAQqx8BBt/g9NmgJYjWTo+517de48fc6a0bX9bpbX1jc2t8nZlZ3dv/6B6eNRVUSIJ7ZCIR7LvY0U5E7Sjmea0H0uKQ5/Tnj+9zP3ePZWKReJWz2LqhXgsWMAI1kYaVmtuiPXED9KHDLlMoMXXT2+yO+PW7YY9B1olTkHqUKA9rH65o4gkIRWacKzUwLFj7aVYakY4zSpuomiMyRSP6cBQgUOqvHR+RIZOjTJCQSTNExrN1d8dKQ6VmoW+qcx3VMteLv7nDRIdNL2UiTjRVJDFoCDhSEcoTwSNmKRE85khmEhmdkVkgiUm2uRWMSE4yyevku55wzH82q63WkUcZajBCZyBAxfQgitoQwcIPMIzvMKb9WS9WO/Wx6K0ZBU9x/AH1ucP91yYRA==</latexit>

w 2 Rd
<latexit sha1_base64="PjWtiqzaOsBh5SMjpT/sg8yTZus=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5WwwEYlFsaC6ENqQ+U4TmvVcSLbAVVRBxZ+gI9gYQAhVj6CjT/gC5hxmw5QOJKl43Pu1b33+AlnSjvOh1VYWFxaXimultbWNza37O2dpopTSWiDxDyWbR8rypmgDc00p+1EUhz5nLb84enEb11TqVgsLvUooV6E+4KFjGBtpJ5d7kZYD/wwuxmjLhMo//rZxfgq6NkVp+pMgf4Sd0YqJ1/3n2BQ79nv3SAmaUSFJhwr1XGdRHsZlpoRTselbqpogskQ92nHUIEjqrxsesQY7RslQGEszRMaTdWfHRmOlBpFvqmc7KjmvYn4n9dJdXjsZUwkqaaC5IPClCMdo0kiKGCSEs1HhmAimdkVkQGWmGiTW8mE4M6f/Jc0D6uu4edOpVaDHEUowx4cgAtHUIMzqEMDCNzCAzzBs3VnPVov1mteWrBmPbvwC9bbN4lGmuk=</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="Lh4i7ovw/xUjTV3VU9u1Z85+6VY=">AAACBHicbVC7TsMwFL3hWcorwNjFokJiqhIWGCuxMBZEH1JTKsdxWquOE9kOqIoysPArLAwgxMpHsPE3OG0GaDmSpeNz7tW99/gJZ0o7zre1srq2vrFZ2apu7+zu7dsHhx0Vp5LQNol5LHs+VpQzQduaaU57iaQ48jnt+pPLwu/eU6lYLG71NKGDCI8ECxnB2khDu+ZFWI/9MHvIkccEmn/97Ca/C4Z23Wk4M6Bl4pakDiVaQ/vLC2KSRlRowrFSfddJ9CDDUjPCaV71UkUTTCZ4RPuGChxRNchmR+ToxCgBCmNpntBopv7uyHCk1DTyTWWxo1r0CvE/r5/q8GKQMZGkmgoyHxSmHOkYFYmggElKNJ8agolkZldExlhiok1uVROCu3jyMumcNVzDr516s1nGUYEaHMMpuHAOTbiCFrSBwCM8wyu8WU/Wi/VufcxLV6yy5wj+wPr8AeaemDk=</latexit>
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For example:
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Loss Function - Regression

• We can consider the NN as a complicated 
model that translates some input x into 
some output !"
Depending on the weights and bias terms.
(In the following: weight as generic term for 
weight and bias)

• This can be used for regression, i.e. fitting 
some data: 

• As we do it in curve fitting, we can optimize 
the model parameters such that they 
describe the data best with respect to some 
measure - the Loss Function (or Cost)
• E.g. Least Squares or  MSE

(Mean Squared Error)

• Minimize loss wrt. to weights w

| Intro NN | Dirk Krücker 

What can we do with a Neural Network? 

ŷ = f(x|w)
<latexit sha1_base64="rYTABhnSiuy1/ShcWjHtjRiS+Uc=">AAACEnicbZA7SwNBEMfnfMb4ilraLAYhacKdjTZCwMYyAfOA3BH2NnvJkr0Hu3tqOO8z2PhVbCwUsbWys7P0Y7iXB2jiwMJv/zPDzPzdiDOpTPPTWFpeWV1bz23kN7e2d3YLe/tNGcaC0AYJeSjaLpaUs4A2FFOctiNBse9y2nKHF1m+dU2FZGFwpUYRdXzcD5jHCFZa6hbK9gCrxPaxGrheMkrTc680+92mdzO8ScvdQtGsmONAi2BNoVhF9e8vAKh1Cx92LySxTwNFOJayY5mRchIsFCOcpnk7ljTCZIj7tKMxwD6VTjI+KUXHWukhLxT6BQqN1d8dCfalHPmursxWlPO5TPwv14mVd+YkLIhiRQMyGeTFHKkQZf6gHhOUKD7SgIlgeldEBlhgorSLeW2CNX/yIjRPKpbmunajCpPIwSEcQQksOIUqXEINGkDgHh7hGV6MB+PJeDXeJqVLxrTnAP6E8f4DdMuhcw==</latexit><latexit sha1_base64="K9M8CUNEu4DFJkrVeCj8GrijJn8=">AAACEnicbZDLSsNAFIYn3lrrLerSzWAR2k1JBNGNUHDjsgV7gSaUyXTSDp1MwsxEDTHP4MZXceNCEbeu3PkC4mM4vYG2Hhj45j/ncM75vYhRqSzr01haXlldy+XXCxubW9s75u5eU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre8GKUb10TIWnIr1QSETdAfU59ipHSUtcsOwOkUidAauD5aZJl535p9rvN7mZ4k5W7ZtGqWOOAi2BPoViF9e+vfO6k1jU/nF6I44BwhRmSsmNbkXJTJBTFjGQFJ5YkQniI+qSjkaOASDcdn5TBI630oB8K/biCY/V3R4oCKZPA05WjFeV8biT+l+vEyj9zU8qjWBGOJ4P8mEEVwpE/sEcFwYolGhAWVO8K8QAJhJV2saBNsOdPXoTmccXWXNduVMEk8uAAHIISsMEpqIJLUAMNgME9eATP4MV4MJ6MV+NtUrpkTHv2wZ8w3n8A14ahvQ==</latexit><latexit sha1_base64="K9M8CUNEu4DFJkrVeCj8GrijJn8=">AAACEnicbZDLSsNAFIYn3lrrLerSzWAR2k1JBNGNUHDjsgV7gSaUyXTSDp1MwsxEDTHP4MZXceNCEbeu3PkC4mM4vYG2Hhj45j/ncM75vYhRqSzr01haXlldy+XXCxubW9s75u5eU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre8GKUb10TIWnIr1QSETdAfU59ipHSUtcsOwOkUidAauD5aZJl535p9rvN7mZ4k5W7ZtGqWOOAi2BPoViF9e+vfO6k1jU/nF6I44BwhRmSsmNbkXJTJBTFjGQFJ5YkQniI+qSjkaOASDcdn5TBI630oB8K/biCY/V3R4oCKZPA05WjFeV8biT+l+vEyj9zU8qjWBGOJ4P8mEEVwpE/sEcFwYolGhAWVO8K8QAJhJV2saBNsOdPXoTmccXWXNduVMEk8uAAHIISsMEpqIJLUAMNgME9eATP4MV4MJ6MV+NtUrpkTHv2wZ8w3n8A14ahvQ==</latexit><latexit sha1_base64="vc0TNJ5MHO8pLi/hR3/T32DtpEM=">AAACEnicbZA9T8MwEIad8lXKV4CRxaJCapcqYYEFqRILY5Hoh9REleM6rVXHiWwHiEJ+Awt/hYUBhFiZ2Pg3OG0qQctJlh6/d6e7e72IUaks69sorayurW+UNytb2zu7e+b+QUeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uQyz3dviZA05DcqiYgboBGnPsVIaWlg1p0xUqkTIDX2/DTJsgu/Nv/dZw9zvMvqA7NqNaxpwGWwC6iCIloD88sZhjgOCFeYISn7thUpN0VCUcxIVnFiSSKEJ2hE+ho5Coh00+lJGTzRyhD6odCPKzhVf3ekKJAyCTxdma8oF3O5+F+uHyv/3E0pj2JFOJ4N8mMGVQhzf+CQCoIVSzQgLKjeFeIxEggr7WJFm2AvnrwMndOGrfnaqjabhR1lcASOQQ3Y4Aw0wRVogTbA4BE8g1fwZjwZL8a78TErLRlFzyH4E8bnDx8cnvo=</latexit>

ŷ 2 Rm
<latexit sha1_base64="qTEPFTaCx/5Ew1/HLY+T1ZTinJc=">AAACCnicbVC7TsMwFL3hWcorwIRYDBUSU5WwwFiJhbEg+pCaUhzXaa06TmQ7SFWUuQu/wsIAQqx8ARt/g9N0gJYjWTo+517de48fc6a043xbS8srq2vrpY3y5tb2zq69t99UUSIJbZCIR7LtY0U5E7Shmea0HUuKQ5/Tlj+6yv3WI5WKReJOj2PaDfFAsIARrI3Us4+9IdapF2I99IN0nGXIYwIVfz+9ze7Dnl1xqs4UaJG4M1KpHU56DwBQ79lfXj8iSUiFJhwr1XGdWHdTLDUjnGZlL1E0xmSEB7RjqMAhVd10ekqGTo3SR0EkzRMaTdXfHSkOlRqHvqnMd1TzXi7+53USHVx2UybiRFNBikFBwpGOUJ4L6jNJieZjQzCRzOyKyBBLTLRJr2xCcOdPXiTN86pr+I1JowYFSnAEJ3AGLlxADa6hDg0gMIFneIU368l6sd6tj6J0yZr1HMAfWJ8/NgycsA==</latexit><latexit sha1_base64="Qhkcwdx0ZKC1Djl38X0B2NXpEGs=">AAACCnicbVC7TsMwFHXKq5RXgAkxYKiQmKqEBcZKLIwF0YfUhMhxndaq40S2gxRFmbvwKywMIMTKF3TjO/gBnIYBWo5k6fice3XvPX7MqFSW9WlUlpZXVteq67WNza3tHXN3ryOjRGDSxhGLRM9HkjDKSVtRxUgvFgSFPiNdf3xV+N0HIiSN+J1KY+KGaMhpQDFSWvLMY2eEVOaESI38IEvzHDqUw/LvZ7f5feiZdathzQAXif1D6s2DiRdNj75anjl1BhFOQsIVZkjKvm3Fys2QUBQzktecRJIY4TEakr6mHIVEutnslByeamUAg0joxxWcqb87MhRKmYa+rix2lPNeIf7n9RMVXLoZ5XGiCMfloCBhUEWwyAUOqCBYsVQThAXVu0I8QgJhpdOr6RDs+ZMXSee8YWt+o9NoghJVcAhOwBmwwQVogmvQAm2AwQQ8gRfwajwaz8ab8V6WVoyfnn3wB8bHN9DJnqM=</latexit><latexit sha1_base64="Qhkcwdx0ZKC1Djl38X0B2NXpEGs=">AAACCnicbVC7TsMwFHXKq5RXgAkxYKiQmKqEBcZKLIwF0YfUhMhxndaq40S2gxRFmbvwKywMIMTKF3TjO/gBnIYBWo5k6fice3XvPX7MqFSW9WlUlpZXVteq67WNza3tHXN3ryOjRGDSxhGLRM9HkjDKSVtRxUgvFgSFPiNdf3xV+N0HIiSN+J1KY+KGaMhpQDFSWvLMY2eEVOaESI38IEvzHDqUw/LvZ7f5feiZdathzQAXif1D6s2DiRdNj75anjl1BhFOQsIVZkjKvm3Fys2QUBQzktecRJIY4TEakr6mHIVEutnslByeamUAg0joxxWcqb87MhRKmYa+rix2lPNeIf7n9RMVXLoZ5XGiCMfloCBhUEWwyAUOqCBYsVQThAXVu0I8QgJhpdOr6RDs+ZMXSee8YWt+o9NoghJVcAhOwBmwwQVogmvQAm2AwQQ8gRfwajwaz8ab8V6WVoyfnn3wB8bHN9DJnqM=</latexit><latexit sha1_base64="S4/HIs7tJnfnhqgf8tNMeJpyIuE=">AAACCnicbVC7TsMwFL0pr1JeAUYWQ4XEVCUsMFZiYSyIPqSmVI7rtFYdJ7IdpCjKzMKvsDCAECtfwMbf4LQZoOVIlo7PuVf33uPHnCntON9WZWV1bX2julnb2t7Z3bP3DzoqSiShbRLxSPZ8rChngrY105z2Yklx6HPa9adXhd99oFKxSNzpNKaDEI8FCxjB2khD+9ibYJ15IdYTP8jSPEceE2j+97Pb/D4c2nWn4cyAlolbkjqUaA3tL28UkSSkQhOOleq7TqwHGZaaEU7zmpcoGmMyxWPaN1TgkKpBNjslR6dGGaEgkuYJjWbq744Mh0qloW8qix3VoleI/3n9RAeXg4yJONFUkPmgIOFIR6jIBY2YpETz1BBMJDO7IjLBEhNt0quZENzFk5dJ57zhGn7j1JvNMo4qHMEJnIELF9CEa2hBGwg8wjO8wpv1ZL1Y79bHvLRilT2H8AfW5w8FjpsR</latexit>

y(x)
<latexit sha1_base64="Cjau+FR25j90N9V48f1ifsHGl0s=">AAACAHicbZC7SgNBFIbPxluMt1ULC5vBIMQm7NpoGbCxTMBcIAlhdjKbDJmdXWZmxWXZxlexsVDE1sews7P0MZxNImjiDwMf/zmHOef3Is6UdpwPq7Cyura+UdwsbW3v7O7Z+wctFcaS0CYJeSg7HlaUM0GbmmlOO5GkOPA4bXuTq7zevqVSsVDc6CSi/QCPBPMZwdpYA/uoF2A99vw0ySo/eJedlQZ22ak6U6FlcOdQrqHG1ycA1Af2e28YkjigQhOOleq6TqT7KZaaEU6zUi9WNMJkgke0a1DggKp+Oj0gQ6fGGSI/lOYJjabu74kUB0olgWc68x3VYi03/6t1Y+1f9lMmolhTQWYf+TFHOkR5GmjIJCWaJwYwkczsisgYS0y0ySwPwV08eRla51XXcMOkUYOZinAMJ1ABFy6gBtdQhyYQyOABnuDZurcerRfrddZasOYzh/BH1ts3+MGY3A==</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="yYpxIQv4GLBPaPdgHuH/+WIbp64=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCHVTEje6LLhxWcFeoA1lMp20QyeTMDMRQ8jGV3HjQhG3PoY738ZJG0Fbfxj4+M85zDm/H3OmtON8WSura+sbm5Wt6vbO7t6+fXDYUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/vS7q3XsqFYvEnU5j6oV4LFjACNbGGtrHgxDriR9kaV7/wYf8vDq0a07DmQktg1tCDUq1hvbnYBSRJKRCE46V6rtOrL0MS80Ip3l1kCgaYzLFY9o3KHBIlZfNDsjRmXFGKIikeUKjmft7IsOhUmnom85iR7VYK8z/av1EB1dexkScaCrI/KMg4UhHqEgDjZikRPPUACaSmV0RmWCJiTaZFSG4iycvQ+ei4Rq+dWrNZhlHBU7gFOrgwiU04QZa0AYCOTzBC7xaj9az9Wa9z1tXrHLmCP7I+vgGoxKWYw==</latexit>

min
w

loss(y, ŷ(w))
<latexit sha1_base64="lPzAsNabXnxZajbJZ08IQpFyKx0="></latexit><latexit sha1_base64="lBqre4mEJba9Q0+IAhyKjjW2R7k="></latexit><latexit sha1_base64="lBqre4mEJba9Q0+IAhyKjjW2R7k="></latexit><latexit sha1_base64="+3HbOOdLdgmA0EEjeKAu+7O3X8E="></latexit>

Neural Network

y(x)
<latexit sha1_base64="Cjau+FR25j90N9V48f1ifsHGl0s=">AAACAHicbZC7SgNBFIbPxluMt1ULC5vBIMQm7NpoGbCxTMBcIAlhdjKbDJmdXWZmxWXZxlexsVDE1sews7P0MZxNImjiDwMf/zmHOef3Is6UdpwPq7Cyura+UdwsbW3v7O7Z+wctFcaS0CYJeSg7HlaUM0GbmmlOO5GkOPA4bXuTq7zevqVSsVDc6CSi/QCPBPMZwdpYA/uoF2A99vw0ySo/eJedlQZ22ak6U6FlcOdQrqHG1ycA1Af2e28YkjigQhOOleq6TqT7KZaaEU6zUi9WNMJkgke0a1DggKp+Oj0gQ6fGGSI/lOYJjabu74kUB0olgWc68x3VYi03/6t1Y+1f9lMmolhTQWYf+TFHOkR5GmjIJCWaJwYwkczsisgYS0y0ySwPwV08eRla51XXcMOkUYOZinAMJ1ABFy6gBtdQhyYQyOABnuDZurcerRfrddZasOYzh/BH1ts3+MGY3A==</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="fc9RvN1mt/ja28kc6Ab4IT4LsBY=">AAACAHicbZDLSsNAFIZP6qW13qIuXLgZLELdlEQQXRbcuGzBXqANZTKdtEMnF2YmYgjZ+CpuXCji1sdw5wuIj+GkraCtPwx8/Occ5pzfjTiTyrI+jMLK6tp6sbRR3tza3tk19/bbMowFoS0S8lB0XSwpZwFtKaY47UaCYt/ltONOrvJ655YKycLgRiURdXw8CpjHCFbaGpiHfR+rseulSVb9wbvstDwwK1bNmgotgz2HSh01vz5LxfPGwHzvD0MS+zRQhGMpe7YVKSfFQjHCaVbux5JGmEzwiPY0Btin0kmnB2ToRDtD5IVCv0Chqft7IsW+lInv6s58R7lYy83/ar1YeZdOyoIoVjQgs4+8mCMVojwNNGSCEsUTDZgIpndFZIwFJkpnlodgL568DO2zmq25qdOow0wlOIJjqIINF1CHa2hACwhk8ABP8GzcG4/Gi/E6ay0Y85kD+CPj7Rtbi5km</latexit><latexit sha1_base64="yYpxIQv4GLBPaPdgHuH/+WIbp64=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCHVTEje6LLhxWcFeoA1lMp20QyeTMDMRQ8jGV3HjQhG3PoY738ZJG0Fbfxj4+M85zDm/H3OmtON8WSura+sbm5Wt6vbO7t6+fXDYUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/vS7q3XsqFYvEnU5j6oV4LFjACNbGGtrHgxDriR9kaV7/wYf8vDq0a07DmQktg1tCDUq1hvbnYBSRJKRCE46V6rtOrL0MS80Ip3l1kCgaYzLFY9o3KHBIlZfNDsjRmXFGKIikeUKjmft7IsOhUmnom85iR7VYK8z/av1EB1dexkScaCrI/KMg4UhHqEgDjZikRPPUACaSmV0RmWCJiTaZFSG4iycvQ+ei4Rq+dWrNZhlHBU7gFOrgwiU04QZa0AYCOTzBC7xaj9az9Wa9z1tXrHLmCP7I+vgGoxKWYw==</latexit>

x 2 Rn
<latexit sha1_base64="9bVni00sUl613UeeT+UrOVcnLa4=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5WwwEYlFsaC6ENqQ+W4TmvVcSLbQVRRBhZ+gI9gYQAhVj6CjT/gC5hxmg5QOJKl43Pu1b33eBFnStv2h1VYWFxaXimultbWNza3yts7LRXGktAmCXkoOx5WlDNBm5ppTjuRpDjwOG1749PMb19TqVgoLvUkom6Ah4L5jGBtpH650guwHnl+cpOiHhMo/3rJRXpl3Kpds6dAf4kzI9WTr/tPMGj0y++9QUjigApNOFaq69iRdhMsNSOcpqVerGiEyRgPaddQgQOq3GR6RIr2jTJAfijNExpN1Z8dCQ6UmgSeqcx2VPNeJv7ndWPtH7sJE1GsqSD5ID/mSIcoSwQNmKRE84khmEhmdkVkhCUm2uRWMiE48yf/Ja3DmmP4uV2t1yFHESqwBwfgwBHU4Qwa0AQCt/AAT/Bs3VmP1ov1mpcWrFnPLvyC9fYNmgSa9A==</latexit><latexit sha1_base64="PMtjZsYTRk1h9l4ITeTCwZxlbLQ=">AAACBHicbVC7TsMwFL0pr1Je5bF1saiQmKqEBTYqsTAWRB9SGyrHdVqrjhPZDqKKMrDwA3wECwMIsfIRbAzsbGzMuI8BWo5k6fice3XvPV7EmdK2/W5l5uYXFpeyy7mV1bX1jfzmVk2FsSS0SkIeyoaHFeVM0KpmmtNGJCkOPE7rXv9k6NevqFQsFBd6EFE3wF3BfEawNlI7X2gFWPc8P7lOUYsJNP56yXl6adyiXbJHQLPEmZDi8ffd507l66PSzr+1OiGJAyo04VippmNH2k2w1IxwmuZasaIRJn3cpU1DBQ6ocpPRESnaM0oH+aE0T2g0Un93JDhQahB4pnK4o5r2huJ/XjPW/pGbMBHFmgoyHuTHHOkQDRNBHSYp0XxgCCaSmV0R6WGJiTa55UwIzvTJs6R2UHIMP7OL5TKMkYUC7MI+OHAIZTiFClSBwA3cwyM8WbfWg/VsvYxLM9akZxv+wHr9AYXsnSQ=</latexit><latexit sha1_base64="PMtjZsYTRk1h9l4ITeTCwZxlbLQ=">AAACBHicbVC7TsMwFL0pr1Je5bF1saiQmKqEBTYqsTAWRB9SGyrHdVqrjhPZDqKKMrDwA3wECwMIsfIRbAzsbGzMuI8BWo5k6fice3XvPV7EmdK2/W5l5uYXFpeyy7mV1bX1jfzmVk2FsSS0SkIeyoaHFeVM0KpmmtNGJCkOPE7rXv9k6NevqFQsFBd6EFE3wF3BfEawNlI7X2gFWPc8P7lOUYsJNP56yXl6adyiXbJHQLPEmZDi8ffd507l66PSzr+1OiGJAyo04VippmNH2k2w1IxwmuZasaIRJn3cpU1DBQ6ocpPRESnaM0oH+aE0T2g0Un93JDhQahB4pnK4o5r2huJ/XjPW/pGbMBHFmgoyHuTHHOkQDRNBHSYp0XxgCCaSmV0R6WGJiTa55UwIzvTJs6R2UHIMP7OL5TKMkYUC7MI+OHAIZTiFClSBwA3cwyM8WbfWg/VsvYxLM9akZxv+wHr9AYXsnSQ=</latexit><latexit sha1_base64="F7m7CWvXyMnRSxeAPoGrmD0zE6g=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5Ww0LESC2NB9CE1oXJcp7XqOJHtIKooAwu/wsIAQqx8BBt/g9NmgJYjWTo+517de48fc6a0bX9bpbX1jc2t8nZlZ3dv/6B6eNRVUSIJ7ZCIR7LvY0U5E7Sjmea0H0uKQ5/Tnj+9zP3ePZWKReJWz2LqhXgsWMAI1kYaVmtuiPXED9KHDLlMoMXXT2+yO+PW7YY9B1olTkHqUKA9rH65o4gkIRWacKzUwLFj7aVYakY4zSpuomiMyRSP6cBQgUOqvHR+RIZOjTJCQSTNExrN1d8dKQ6VmoW+qcx3VMteLv7nDRIdNL2UiTjRVJDFoCDhSEcoTwSNmKRE85khmEhmdkVkgiUm2uRWMSE4yyevku55wzH82q63WkUcZajBCZyBAxfQgitoQwcIPMIzvMKb9WS9WO/Wx6K0ZBU9x/AH1ucP91yYRA==</latexit>

w 2 Rd
<latexit sha1_base64="PjWtiqzaOsBh5SMjpT/sg8yTZus=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5WwwEYlFsaC6ENqQ+U4TmvVcSLbAVVRBxZ+gI9gYQAhVj6CjT/gC5hxmw5QOJKl43Pu1b33+AlnSjvOh1VYWFxaXimultbWNza37O2dpopTSWiDxDyWbR8rypmgDc00p+1EUhz5nLb84enEb11TqVgsLvUooV6E+4KFjGBtpJ5d7kZYD/wwuxmjLhMo//rZxfgq6NkVp+pMgf4Sd0YqJ1/3n2BQ79nv3SAmaUSFJhwr1XGdRHsZlpoRTselbqpogskQ92nHUIEjqrxsesQY7RslQGEszRMaTdWfHRmOlBpFvqmc7KjmvYn4n9dJdXjsZUwkqaaC5IPClCMdo0kiKGCSEs1HhmAimdkVkQGWmGiTW8mE4M6f/Jc0D6uu4edOpVaDHEUowx4cgAtHUIMzqEMDCNzCAzzBs3VnPVov1mteWrBmPbvwC9bbN4lGmuk=</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="Lh4i7ovw/xUjTV3VU9u1Z85+6VY=">AAACBHicbVC7TsMwFL3hWcorwNjFokJiqhIWGCuxMBZEH1JTKsdxWquOE9kOqIoysPArLAwgxMpHsPE3OG0GaDmSpeNz7tW99/gJZ0o7zre1srq2vrFZ2apu7+zu7dsHhx0Vp5LQNol5LHs+VpQzQduaaU57iaQ48jnt+pPLwu/eU6lYLG71NKGDCI8ECxnB2khDu+ZFWI/9MHvIkccEmn/97Ca/C4Z23Wk4M6Bl4pakDiVaQ/vLC2KSRlRowrFSfddJ9CDDUjPCaV71UkUTTCZ4RPuGChxRNchmR+ToxCgBCmNpntBopv7uyHCk1DTyTWWxo1r0CvE/r5/q8GKQMZGkmgoyHxSmHOkYFYmggElKNJ8agolkZldExlhiok1uVROCu3jyMumcNVzDr516s1nGUYEaHMMpuHAOTbiCFrSBwCM8wyu8WU/Wi/VufcxLV6yy5wj+wPr8AeaemDk=</latexit>

lossMSE(y, ŷ) =
1

m

mX

i

(ŷi � yi)
2

<latexit sha1_base64="riZnGO1fKsa4++EWw8BbOEOUTPQ="></latexit>

minimizing w ⟺ training
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Let’s consider a fully connected 2-layer network with squared error as loss.
Example: 

• To minimize the loss we take the derivative wrt. to w 
and set it to 0

• Chain rule

Similar for W2

. . 
. 

x1

xn

W1
1

W1
h

W2
1 !"1F

F

. .
 . 

. .
 . 

. . 
. 

. .
 . 

W2
m !"m

. .
 . 

. .
 . 

. .
 . 

. .
 . 

loss(y, ŷ) = (ŷ � y)2
<latexit sha1_base64="c1xyUY7PsDZ7wMjpYBuDzTwxsII=">AAACMHicbZBLSwMxEMdn66vWV9Wjl2ARWtCy24tehIIHPbZgH9BdSzbNtqHZB0lWKEs/khc/il4UFPUmfgqzbUWtDgR++c8MM/N3I86kMs1HI7OwuLS8kl3Nra1vbG7lt3eaMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOUOz9J865oKycLgUo0i6vi4HzCPEay01M2f81DKou1jNXC9ZDQ+/EJ7gJX+j0voFBXnRXSEvltKV5VcrpsvmGVzEugvWDMoVFH9/RUAat38nd0LSezTQBGOpexYZqScBAvFCKfjnB1LGmEyxH3a0Rhgn0onmRw8Rgda6SEvFPoFCk3Unx0J9qUc+a6uTNeU87lU/C/XiZV34iQsiGJFAzId5MUcqRCl7qEeE5QoPtKAiWB6V0QGWGCitMepCdb8yX+hWSlbmuvajSpMIwt7sA9FsOAYqnABNWgAgRu4hyd4Nm6NB+PFeJuWZoxZzy78CuPjE6/6rB8=</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="w3rS6S17WcOpcwXuG7tjNNCdfaM=">AAACJXicbZDNSgMxFIXv1L9aq1a3boJFaEHLTDe6EQQXuqxgf6BTSybNtKGZzJBkhDLMI7nxUXSjoIhvYqatqK0XAl/OySX3Hi/iTGnbfrVyK6tr6xv5zcJWcXtnt7RXbKkwloQ2SchD2fGwopwJ2tRMc9qJJMWBx2nbG19mfvueSsVCcasnEe0FeCiYzwjWRuqXrnioVMUNsB55fjJJj7/RHWFt7mkVnaPKoohO0E9L9a5eKPRLZbtmTwstgzOHMsyr0S89uYOQxAEVmnCsVNexI91LsNSMcJoW3FjRCJMxHtKuQYEDqnrJdOEUHRllgPxQmiM0mqq/OxIcKDUJPPMyG1Mtepn4n9eNtX/WS5iIYk0FmX3kxxzpEGXpoQGTlGg+MYCJZGZWREZYYqJNxlkIzuLKy9Cq1xzDNzbk4QAOoQIOnMIFXEMDmkDgAZ7hDd6tR+vF+pjFlbPmue3Dn7I+vwAY0KgR</latexit><latexit sha1_base64="w3rS6S17WcOpcwXuG7tjNNCdfaM=">AAACJXicbZDNSgMxFIXv1L9aq1a3boJFaEHLTDe6EQQXuqxgf6BTSybNtKGZzJBkhDLMI7nxUXSjoIhvYqatqK0XAl/OySX3Hi/iTGnbfrVyK6tr6xv5zcJWcXtnt7RXbKkwloQ2SchD2fGwopwJ2tRMc9qJJMWBx2nbG19mfvueSsVCcasnEe0FeCiYzwjWRuqXrnioVMUNsB55fjJJj7/RHWFt7mkVnaPKoohO0E9L9a5eKPRLZbtmTwstgzOHMsyr0S89uYOQxAEVmnCsVNexI91LsNSMcJoW3FjRCJMxHtKuQYEDqnrJdOEUHRllgPxQmiM0mqq/OxIcKDUJPPMyG1Mtepn4n9eNtX/WS5iIYk0FmX3kxxzpEGXpoQGTlGg+MYCJZGZWREZYYqJNxlkIzuLKy9Cq1xzDNzbk4QAOoQIOnMIFXEMDmkDgAZ7hDd6tR+vF+pjFlbPmue3Dn7I+vwAY0KgR</latexit><latexit sha1_base64="Skugle9/jDShtVTPe+eUSj7mHVw=">AAACMHicbZBLS8NAEMc39VXjK+rRy2IRWtCS9KIXoeBBjxXsA5pYNttNu3TzYHcjhJCP5MWPohcFRbz6Kdy0EbV1YOG3/5lhZv5uxKiQpvmilZaWV1bXyuv6xubW9o6xu9cRYcwxaeOQhbznIkEYDUhbUslIL+IE+S4jXXdykee7d4QLGgY3MomI46NRQD2KkVTSwLhkoRBV20dy7Hppkh1/oz1GUv2zGjyH1XkRnsCfltptQ9cHRsWsm9OAi2AVUAFFtAbGoz0MceyTQGKGhOhbZiSdFHFJMSOZbseCRAhP0Ij0FQbIJ8JJpwdn8EgpQ+iFXL1Awqn6uyNFvhCJ76rKfE0xn8vF/3L9WHpnTkqDKJYkwLNBXsygDGHuHhxSTrBkiQKEOVW7QjxGHGGpPM5NsOZPXoROo24pvjYrzWZhRxkcgENQBRY4BU1wBVqgDTC4B0/gFbxpD9qz9q59zEpLWtGzD/6E9vkFWkuppg==</latexit><latexit sha1_base64="Skugle9/jDShtVTPe+eUSj7mHVw=">AAACMHicbZBLS8NAEMc39VXjK+rRy2IRWtCS9KIXoeBBjxXsA5pYNttNu3TzYHcjhJCP5MWPohcFRbz6Kdy0EbV1YOG3/5lhZv5uxKiQpvmilZaWV1bXyuv6xubW9o6xu9cRYcwxaeOQhbznIkEYDUhbUslIL+IE+S4jXXdykee7d4QLGgY3MomI46NRQD2KkVTSwLhkoRBV20dy7Hppkh1/oz1GUv2zGjyH1XkRnsCfltptQ9cHRsWsm9OAi2AVUAFFtAbGoz0MceyTQGKGhOhbZiSdFHFJMSOZbseCRAhP0Ij0FQbIJ8JJpwdn8EgpQ+iFXL1Awqn6uyNFvhCJ76rKfE0xn8vF/3L9WHpnTkqDKJYkwLNBXsygDGHuHhxSTrBkiQKEOVW7QjxGHGGpPM5NsOZPXoROo24pvjYrzWZhRxkcgENQBRY4BU1wBVqgDTC4B0/gFbxpD9qz9q59zEpLWtGzD/6E9vkFWkuppg==</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="HsEMQXE9bEcg3P+pXR+xW3nmou0=">AAACMHicbZBLS8NAEMc3vlrjK+rRy2IRWtCSFEQvQsGDHluwD2hj2Ww37dLNg92NEEI+khc/il4UFPEi4qdw01bU1oGF3/5nhpn5OyGjQprmk7awuLS8ksuv6mvrG5tbxvZOUwQRx6SBAxbwtoMEYdQnDUklI+2QE+Q5jLSc0XmWb90QLmjgX8k4JLaHBj51KUZSST3jggVCFLsekkPHTeL08Bu7QyTVPy3BM1icFeER/GkpXVd0vWcUzLI5DjgP1hQKVVj/eM/njms9477bD3DkEV9ihoToWGYo7QRxSTEjqd6NBAkRHqEB6Sj0kUeEnYwPTuGBUvrQDbh6voRj9XdHgjwhYs9RldmaYjaXif/lOpF0T+2E+mEkiY8ng9yIQRnAzD3Yp5xgyWIFCHOqdoV4iDjCUnmcmWDNnjwPzUrZUlxXblTBJPJgD+yDIrDACaiCS1ADDYDBLXgAz+BFu9MetVftbVK6oE17dsGf0D6/ABLErGk=</latexit><latexit sha1_base64="Skugle9/jDShtVTPe+eUSj7mHVw=">AAACMHicbZBLS8NAEMc39VXjK+rRy2IRWtCS9KIXoeBBjxXsA5pYNttNu3TzYHcjhJCP5MWPohcFRbz6Kdy0EbV1YOG3/5lhZv5uxKiQpvmilZaWV1bXyuv6xubW9o6xu9cRYcwxaeOQhbznIkEYDUhbUslIL+IE+S4jXXdykee7d4QLGgY3MomI46NRQD2KkVTSwLhkoRBV20dy7Hppkh1/oz1GUv2zGjyH1XkRnsCfltptQ9cHRsWsm9OAi2AVUAFFtAbGoz0MceyTQGKGhOhbZiSdFHFJMSOZbseCRAhP0Ij0FQbIJ8JJpwdn8EgpQ+iFXL1Awqn6uyNFvhCJ76rKfE0xn8vF/3L9WHpnTkqDKJYkwLNBXsygDGHuHhxSTrBkiQKEOVW7QjxGHGGpPM5NsOZPXoROo24pvjYrzWZhRxkcgENQBRY4BU1wBVqgDTC4B0/gFbxpD9qz9q59zEpLWtGzD/6E9vkFWkuppg==</latexit>

with

ŷ = W2 F (W1 x)
m⇥1 m⇥h h⇥n n⇥1

<latexit sha1_base64="bVz4YV1YVKOJaGFuoWzKCg1qwVg="></latexit><latexit sha1_base64="+r7wEg9CkZG7N1QTQA1Lqg2ryRM="></latexit><latexit sha1_base64="+r7wEg9CkZG7N1QTQA1Lqg2ryRM="></latexit><latexit sha1_base64="ZWpZMIVVOCbjSVUx8RHI9fWCECQ="></latexit>

true values #

Loss function
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Let’s consider a fully connected 2-layer network with squared error as loss 

@loss

@wi
= 0

<latexit sha1_base64="rZuKWqYkLyxT+nHUAybBF9qJxfc=">AAACEnicbVDLSgMxFL3js45VR126CRZBN2XGjSIIBTcuK9gHdIaSSTNtaOZBklHKMN/gxl9x48IHbl258xP8CzNtQW09EDg5596b3OMnnEll25/GwuLS8spqac1cL29sblnbO00Zp4LQBol5LNo+lpSziDYUU5y2E0Fx6HPa8ocXhd+6oUKyOLpWo4R6Ie5HLGAEKy11rSM3EJhkboKFYpgjHkuZ/1xvuyxH58g2TbNrVeyqPQaaJ86UVGpnX+UXAKh3rQ+3F5M0pJEiHEvZcexEeVkxmXCam24qaYLJEPdpR9MIh1R62XilHB1opYeCWOgTKTRWf3dkOJRyFPq6MsRqIGe9QvzP66QqOPUyFiWpohGZPBSkHKkYFfmgHhOUKD7SBBPB9F8RGWCdkdIpFiE4syvPk+Zx1dH8SqdRgwlKsAf7cAgOnEANLqEODSBwBw/wBM/GvfFovBpvk9IFY9qzC39gvH8Dryqe8w==</latexit><latexit sha1_base64="Rkj9P+8iuh7J3zKAaAspoKWXX0w=">AAACEnicbVBNS8MwGE79nHVq1aOX4BD0MloviiAMvHic4D5gLSXN0i0sbUqSKqP04h/w4l/x4kGRXT158+jRf2G6DdTNBwJPnud93+R9goRRqWz7w1hYXFpeWS2tmevljc0ta3unKXkqMGlgzrhoB0gSRmPSUFQx0k4EQVHASCsYXBR+64YISXl8rYYJ8SLUi2lIMVJa8q0jNxQIZ26ChKKIQcalzH+utz7N4Tm0TdP0rYpdtceA88SZkkrt7Ks8cj/v6r717nY5TiMSK8yQlB3HTpSXFZMxI7npppIkCA9Qj3Q0jVFEpJeNV8rhgVa6MORCn1jBsfq7I0ORlMMo0JURUn056xXif14nVeGpl9E4SRWJ8eShMGVQcVjkA7tUEKzYUBOEBdV/hbiPdEZKp1iE4MyuPE+ax1VH8yudRg1MUAJ7YB8cAgecgBq4BHXQABjcg0fwDF6MB+PJeDVGk9IFY9qzC/7AePsGCGOgtQ==</latexit><latexit sha1_base64="Rkj9P+8iuh7J3zKAaAspoKWXX0w=">AAACEnicbVBNS8MwGE79nHVq1aOX4BD0MloviiAMvHic4D5gLSXN0i0sbUqSKqP04h/w4l/x4kGRXT158+jRf2G6DdTNBwJPnud93+R9goRRqWz7w1hYXFpeWS2tmevljc0ta3unKXkqMGlgzrhoB0gSRmPSUFQx0k4EQVHASCsYXBR+64YISXl8rYYJ8SLUi2lIMVJa8q0jNxQIZ26ChKKIQcalzH+utz7N4Tm0TdP0rYpdtceA88SZkkrt7Ks8cj/v6r717nY5TiMSK8yQlB3HTpSXFZMxI7npppIkCA9Qj3Q0jVFEpJeNV8rhgVa6MORCn1jBsfq7I0ORlMMo0JURUn056xXif14nVeGpl9E4SRWJ8eShMGVQcVjkA7tUEKzYUBOEBdV/hbiPdEZKp1iE4MyuPE+ax1VH8yudRg1MUAJ7YB8cAgecgBq4BHXQABjcg0fwDF6MB+PJeDVGk9IFY9qzC/7AePsGCGOgtQ==</latexit><latexit sha1_base64="raqxEcfDKORBkAobhD+G5ya4yzI=">AAACEnicbVC7TsMwFHV4lvAKMLJYVEiwVAkLLEiVWBiLRB9SE0WO67RWHTuyHVAV5RtY+BUWBhBiZWLjb3DaSEDLkSwdn3Pvte+JUkaVdt0va2l5ZXVtvbZhb25t7+w6e/sdJTKJSRsLJmQvQoowyklbU81IL5UEJREj3Wh8VfrdOyIVFfxWT1ISJGjIaUwx0kYKnVM/lgjnfoqkpohBJpQqfq73IS3gJXRt2w6duttwp4CLxKtIHVRohc6nPxA4SwjXmCGl+p6b6iAvJ2NGCtvPFEkRHqMh6RvKUUJUkE9XKuCxUQYwFtIcruFU/d2Ro0SpSRKZygTpkZr3SvE/r5/p+CLIKU8zTTiePRRnDGoBy3zggEqCNZsYgrCk5q8Qj5DJSJsUyxC8+ZUXSees4Rl+49abzSqOGjgER+AEeOAcNME1aIE2wOABPIEX8Go9Ws/Wm/U+K12yqp4D8AfWxze8SZzE</latexit>

• To minimize the loss we take the derivative wrt. to w

• Equation to be solved for W1,2

• Chain rule – from the end to the beginning

@(ŷ � y)2

@Wi
= 2(ŷ � y)

@ŷ

@Wi
= 0

<latexit sha1_base64="Ktsvao7fjm0jXsYfJ428tnpdz+I="></latexit><latexit sha1_base64="b0zHAERHddmnBQURyA71ydOn8QY="></latexit><latexit sha1_base64="b0zHAERHddmnBQURyA71ydOn8QY="></latexit><latexit sha1_base64="gnrtoW/cFPg0s+C9EAsEuwCUO+k="></latexit>

E.g. for W2 -
Similar for W2

loss(y, ŷ) = (ŷ � y)2
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with

ŷ = W2 F (W1 x)
m⇥1 m⇥h h⇥n n⇥1
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Backpropagation

• The previous chain rule calculation is known as 
Backpropagation

• The deviation between true and estimated y, 
i.e. the loss, is back-propagated to a linear change of the 
weights.

• Invented by different people in the 1960/70s

• NB: The chain rule creates a chain of factors that can be 
evaluated numerically 

• These are vector and matrix multiplication. If you need a Matrix 
calculus primer or work it out with tensor indices but in reality …

| Intro NN | Dirk Krücker 

From loss to weights

We calculate a gradient with 
respect to the weights/biases

@loss(ŷ,y)

@Wi
=

@loss(ŷ,y)

@ŷ

@ŷ

@F

@F (z)

@z

@z

@Wi
<latexit sha1_base64="Z3i7UsS3bUo0zwokieiMKSbgZCI="></latexit>

https://en.wikipedia.org/wiki/Backpropagation
https://en.wikipedia.org/wiki/Matrix_calculus
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How to calculate all these derivatives?

• Deep Learning libraries are able to calculate 

the derivative of a piece of code

• This is not a numerical approximation 

(no small epsilon)

• This not symbolic differentiation

(not as in e.g. Mathematica)

• Think about it as

a derivative of your python code

| Intro NN | Dirk Krücker 

Automatic Differentiation

• It records your calculations (Forward step)

• It then calculates by applying the chain rule 

(Backward step) the gradients at the same 

numerical value

• The DL library keeps track of hundreds of 
thousands of weights and more

• There are different approaches to automatic 

differentiation

• The different libraries e.g. Tensorflow, Pytorch etc. 

follow slightly different concepts

• Important to understand if you want to define your 

own special layers and loss function

computational graph
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How do we do all this Numerical Linear Algebra?

• Efficient matrix manipulation is needed to make 
things fast

• All python Deep Learning libraries provide NumPy-
style operations
• NumPy is the most common tool for scientific, 

numerical calculation
• We need to go as close to the “metal” as possible

• BLAS etc.

BTW NumPy, pandas and all that

• Vanderbilt University's Department of Biostatistics
• Short Terascale Python and NumPy course

(skip the docker installation part)

| Intro NN | Dirk Krücker 

Vectorization and GPU

What is BLAS?

• Basic Linear Algebra Subprograms (BLAS)

• a set of low-level routines for common linear algebra operations such 
as vector addition, scalar multiplication, dot products, linear combinations, 
and matrix multiplication

• Defines an interface to make libraries interchangeable 

• BLAS implementations take advantage of special floating point 
hardware e.g. SIMD instructions.

• SIMD (Single instruction, multiple data )
vector register

• All modern CPUs come with these abilities
• SSE, AVX, AVX512, ...

• And GPUs

• Highly parallel - Latest NVidia 2080 Ti (Turing) 4352 cores
• Rarely used directly in programming but by optimized libraries

• openBLAS or MKL (Intel) or Apple's Accelerate framework
• Multithreading!

• cuBLAS (NVIDIA)
• And other libraries e.g. cuDNN

https://github.com/fonnesbeck/Bios8366/tree/master/notebooks
https://github.com/vincecr0ft/terascale_python
https://en.wikipedia.org/wiki/Basic_Linear_Algebra_Subprograms
https://en.wikipedia.org/wiki/SIMD
https://blog.slavv.com/picking-a-gpu-for-deep-learning-3d4795c273b9
https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units
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Gradient Descent 

• The previous chain rule calculation is known as 
Backpropagation

• We can not solve this directly due to the size of the 
problem and the non-linear activation functions

• But we solve numerically and iteratively
for the optimal weights

• To find a local minimum of a function using gradient 
descent, one takes steps proportional to 
the negative of the gradient of the function at the 
current point

• The step size is chosen according to some  
learning rate

| Intro NN | Dirk Krücker 

Iterative minimizing
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Gradient Descent 

• The previous chain rule calculation is known as 
Backpropagation

• We can not solve this directly due to the size of the 
problem and the non-linear activation functions

• But we solve numerically and iteratively
for the optimal weights

• To find a local minimum of a function using gradient 
descent, one takes steps proportional to 
the negative of the gradient of the function at the 
current point

• The step size is chosen according to some  
learning rate

| Intro NN | Dirk Krücker 

Iterative minimizing
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Gradient Descent 

• The previous chain rule calculation is known as 
Backpropagation

• We can not solve this directly due to the size of the 
problem and the non-linear activation functions

• But we solve numerically and iteratively
for the optimal weights

• To find a local minimum of a function using gradient 
descent, one takes steps proportional to 
the negative of the gradient of the function at the 
current point

• The step size is chosen according to some  
learning rate

| Intro NN | Dirk Krücker 

Iterative minimizing

• In general a complicated high dimensional surface with many local minima
Shaking helps i.e. add some noise ⟶ Stochastic Gradient Descent
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Stochastic Gradient Descent - SGD

• If we do gradient descent we have the choice 
between 2 alternatives

• Batch gradient descent
Take all data and calculate then the loss and 
update the weights

• Stochastic gradient descent (SGD)
Take just one data point and calculate the loss and 
update the weights

• When all data points have been used we call it an 
Epoch

• Batch size typically means mini-batch

• Talking about loss on the slides before I had been 
a bit unprecise we optimize the average loss 
over a (mini-) batch

Intro DL | Dirk Krücker | 1st Terascale ML School

That’s were the magic comes from

• Medium batch size can be processed efficiently 
(BLAS, cuBLAs)

• Stochastic gradient descent introduces some 
noisiness which can be an advantage to avoid 
local minima

• SGD converges faster - frequent updates
• The exact size is a hyperparameter that can be 

tuned - typical value 32-256 or more
(2n to fit into memory)

number of 
data points

Epochs needed to find good weights

Computational load/epoch

Stochastic              Mini-Batch                 Batch

One data point
after the other

All data points
at once
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Optimizer 

• There are many refinements available for the 
optimizer, often heuristic

• Momentum: Gradient descent is often very slow near 
the optimum ⟶ Remember the last step

• Creates an average oscillating part (changing 
gradient sign) is damped

• Different kind of adaptive behavior (lecture Hinton)

Intro DL | Dirk Krücker | 1st Terascale ML School

More on Stochastic Gradient Descent Algorithms 

Gradient descent in a ’canyon’, i.e.
gradient different in the 2 dimensions
without and with momentum

" learning rate

https://en.wikipedia.org/wiki/Stochastic_gradient_descent
http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
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Optimizer 

• There are many refinements available for the 
optimizer, often heuristic

• Momentum: Gradient descent is often very slow near 
the optimum ⟶ Remember the last step
• Creates an average oscillating part (changing 

gradient sign) is damped

• Different kind of adaptive behavior (lecture Hinton)

Intro DL | Dirk Krücker | 1st Terascale ML School

More on Stochastic Gradient Descent Algorithms 

Gradient descent in a ’canyon’, i.e.
gradient different in the 2 dimensions
without and with momentum

" learning rate

Normalizing input data to zero mean helps to learn

BTW remember the gradient calculation:

https://en.wikipedia.org/wiki/Stochastic_gradient_descent
http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
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Optimizer 

• There are many refinements available for the 
optimizer, often heuristic

• Momentum: Gradient descent is often very slow near 
the optimum ⟶ Remember the last step
• Creates an average oscillating part is damped

• Different kind of adaptive behavior (lecture Hinton)

• Would like to have an adaptive learning rate for each 
weight etc. – developed over the last 20-30y

• Popular and efficient choice at present:
ADAM
(Adaptive Moment Estimation, 2014)

• The general SGD of your DL Library
• Defaults will do the job in most cases after playing a 

bit to find a working  learning rate
• Batch size and learning rate a correlated

Intro DL | Dirk Krücker | 1st Terascale ML School

More on Stochastic Gradient Descent Algorithms 

ADAM:

Overview: https://arxiv.org/abs/1609.04747
Seminal paper by LeCun (1998)

https://en.wikipedia.org/wiki/Stochastic_gradient_descent
http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://arxiv.org/abs/1412.6980v8
https://arxiv.org/abs/1609.04747
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
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Learning curve

• It is useful to observe the learning process over several 
epochs

• Epoch == when all data has been used
• For the iterative learning we use all data randomly in 

mini-batches until all data has been used and then we 
start from the beginning with the same data

• A too large learning rate will result in jumpy or even non 
converging behavior (not shown in this example)

• A too small will not learn at all/fast enough 

• You need an independent data sample: test data !
• Sufficiently large not to be fooled by statistical fluctuations

• At some point the loss/metric on test data will become 
worse than on the trainings data ⟶ biased on trainings
data

• Your net learns accidental patterns in your trainings 
data that does not generalize

• At some point the loss/metric may become worse on the 
test data ⟶ overtraining

Intro DL | Dirk Krücker | 1st Terascale ML School

Keep an eye on the iterative learning!
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Learning curve

• It is useful to observe the learning process over several 

epochs

• Epoch == when all data has been used

• For the iterative learning we use all data randomly in 
mini-batches until all data has been used and then we 
start from the beginning with the same data

• A too large learning rate will result in jumpy or even non 

converging behavior (not shown in this example)

• A too small will not learn at all/fast enough 

• You need an independent data sample: test data !
• Sufficiently large not to be fooled by statistical fluctuations

• At some point the loss/metric on test data will become 

worse than on the trainings data ⟶ biased on trainings
data

• Your net learns accidental patterns in your trainings 

data that does not generalize
• At some point the loss/metric may become worse on the 

test data ⟶ overtraining

Intro DL | Dirk Krücker | 1st Terascale ML School

Keep an eye on the iterative learning!

• Extra metric, for example in classification

Accuracy=(correct labels)/(all labels)
as additional performance measure or metric
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Short recap

• A set of layers + Activation function

• We train by stochastic gradient descent

• The DL library handles all the complicated 
derivatives by automatic differentiation

• For speed-up vector units or GPU together with 
highly optimized numerical libraries 

• presenting our data in (mini-)batches
• Mini-batches are anyhow good for the extra 

noise
• Generalization capability of the trained network 

must be checked on a test sample

| Intro NN | Dirk Krücker 

A NN is

• Dense Network

• MSE

• Stochastic Gradient Descent

• Learning rate
• Momentum
• SGD
• Adam

• Learning curve

• Train-test splitting

• Cross entropy

• Softmax
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Binary Classification – Cross Entropy Loss

• For classification we need a different loss 
functions 

• Binary Cross Entropy

• For the last node we take a
Sigmoid or Logistic function

Intro DL | Dirk Krücker | 1st Terascale ML School

More on loss functions - Classification

Binary classification

0              1

signal or
background

What to do if our true values are not real numbers but just 
integer labels 0,1 ?

+1

x0
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Binary Cross Entropy

Intro DL | Dirk Krücker | 1st Terascale ML School

Binary what?

ŷ = f(x|w)
<latexit sha1_base64="rYTABhnSiuy1/ShcWjHtjRiS+Uc=">AAACEnicbZA7SwNBEMfnfMb4ilraLAYhacKdjTZCwMYyAfOA3BH2NnvJkr0Hu3tqOO8z2PhVbCwUsbWys7P0Y7iXB2jiwMJv/zPDzPzdiDOpTPPTWFpeWV1bz23kN7e2d3YLe/tNGcaC0AYJeSjaLpaUs4A2FFOctiNBse9y2nKHF1m+dU2FZGFwpUYRdXzcD5jHCFZa6hbK9gCrxPaxGrheMkrTc680+92mdzO8ScvdQtGsmONAi2BNoVhF9e8vAKh1Cx92LySxTwNFOJayY5mRchIsFCOcpnk7ljTCZIj7tKMxwD6VTjI+KUXHWukhLxT6BQqN1d8dCfalHPmursxWlPO5TPwv14mVd+YkLIhiRQMyGeTFHKkQZf6gHhOUKD7SgIlgeldEBlhgorSLeW2CNX/yIjRPKpbmunajCpPIwSEcQQksOIUqXEINGkDgHh7hGV6MB+PJeDXeJqVLxrTnAP6E8f4DdMuhcw==</latexit><latexit sha1_base64="K9M8CUNEu4DFJkrVeCj8GrijJn8=">AAACEnicbZDLSsNAFIYn3lrrLerSzWAR2k1JBNGNUHDjsgV7gSaUyXTSDp1MwsxEDTHP4MZXceNCEbeu3PkC4mM4vYG2Hhj45j/ncM75vYhRqSzr01haXlldy+XXCxubW9s75u5eU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre8GKUb10TIWnIr1QSETdAfU59ipHSUtcsOwOkUidAauD5aZJl535p9rvN7mZ4k5W7ZtGqWOOAi2BPoViF9e+vfO6k1jU/nF6I44BwhRmSsmNbkXJTJBTFjGQFJ5YkQniI+qSjkaOASDcdn5TBI630oB8K/biCY/V3R4oCKZPA05WjFeV8biT+l+vEyj9zU8qjWBGOJ4P8mEEVwpE/sEcFwYolGhAWVO8K8QAJhJV2saBNsOdPXoTmccXWXNduVMEk8uAAHIISsMEpqIJLUAMNgME9eATP4MV4MJ6MV+NtUrpkTHv2wZ8w3n8A14ahvQ==</latexit><latexit sha1_base64="K9M8CUNEu4DFJkrVeCj8GrijJn8=">AAACEnicbZDLSsNAFIYn3lrrLerSzWAR2k1JBNGNUHDjsgV7gSaUyXTSDp1MwsxEDTHP4MZXceNCEbeu3PkC4mM4vYG2Hhj45j/ncM75vYhRqSzr01haXlldy+XXCxubW9s75u5eU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre8GKUb10TIWnIr1QSETdAfU59ipHSUtcsOwOkUidAauD5aZJl535p9rvN7mZ4k5W7ZtGqWOOAi2BPoViF9e+vfO6k1jU/nF6I44BwhRmSsmNbkXJTJBTFjGQFJ5YkQniI+qSjkaOASDcdn5TBI630oB8K/biCY/V3R4oCKZPA05WjFeV8biT+l+vEyj9zU8qjWBGOJ4P8mEEVwpE/sEcFwYolGhAWVO8K8QAJhJV2saBNsOdPXoTmccXWXNduVMEk8uAAHIISsMEpqIJLUAMNgME9eATP4MV4MJ6MV+NtUrpkTHv2wZ8w3n8A14ahvQ==</latexit><latexit sha1_base64="vc0TNJ5MHO8pLi/hR3/T32DtpEM=">AAACEnicbZA9T8MwEIad8lXKV4CRxaJCapcqYYEFqRILY5Hoh9REleM6rVXHiWwHiEJ+Awt/hYUBhFiZ2Pg3OG0qQctJlh6/d6e7e72IUaks69sorayurW+UNytb2zu7e+b+QUeGscCkjUMWip6HJGGUk7aiipFeJAgKPEa63uQyz3dviZA05DcqiYgboBGnPsVIaWlg1p0xUqkTIDX2/DTJsgu/Nv/dZw9zvMvqA7NqNaxpwGWwC6iCIloD88sZhjgOCFeYISn7thUpN0VCUcxIVnFiSSKEJ2hE+ho5Coh00+lJGTzRyhD6odCPKzhVf3ekKJAyCTxdma8oF3O5+F+uHyv/3E0pj2JFOJ4N8mMGVQhzf+CQCoIVSzQgLKjeFeIxEggr7WJFm2AvnrwMndOGrfnaqjabhR1lcASOQQ3Y4Aw0wRVogTbA4BE8g1fwZjwZL8a78TErLRlFzyH4E8bnDx8cnvo=</latexit>

Neural Network

w 2 Rd
<latexit sha1_base64="PjWtiqzaOsBh5SMjpT/sg8yTZus=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5WwwEYlFsaC6ENqQ+U4TmvVcSLbAVVRBxZ+gI9gYQAhVj6CjT/gC5hxmw5QOJKl43Pu1b33+AlnSjvOh1VYWFxaXimultbWNza37O2dpopTSWiDxDyWbR8rypmgDc00p+1EUhz5nLb84enEb11TqVgsLvUooV6E+4KFjGBtpJ5d7kZYD/wwuxmjLhMo//rZxfgq6NkVp+pMgf4Sd0YqJ1/3n2BQ79nv3SAmaUSFJhwr1XGdRHsZlpoRTselbqpogskQ92nHUIEjqrxsesQY7RslQGEszRMaTdWfHRmOlBpFvqmc7KjmvYn4n9dJdXjsZUwkqaaC5IPClCMdo0kiKGCSEs1HhmAimdkVkQGWmGiTW8mE4M6f/Jc0D6uu4edOpVaDHEUowx4cgAtHUIMzqEMDCNzCAzzBs3VnPVov1mteWrBmPbvwC9bbN4lGmuk=</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="0SXl9TIq1SYGpDRL7Jek+tIlcvs=">AAACBHicbVC7TsMwFHXKq5RXeGxdLCokpiphgY1KLIwF0YfUhspxnNaq40S2A6qiDCz8AB/BwgBCrHwEGwM7GxszTtMBWo5k6fice3XvPW7EqFSW9W4U5uYXFpeKy6WV1bX1DXNzqynDWGDSwCELRdtFkjDKSUNRxUg7EgQFLiMtd3iS+a0rIiQN+YUaRcQJUJ9Tn2KktNQzy90AqYHrJ9cp7FIO86+bnKeXXs+sWFVrDDhL7AmpHH/ffe7Uvz7qPfOt64U4DghXmCEpO7YVKSdBQlHMSFrqxpJECA9Rn3Q05Sgg0knGR6RwTyse9EOhH1dwrP7uSFAg5ShwdWW2o5z2MvE/rxMr/8hJKI9iRTjOB/kxgyqEWSLQo4JgxUaaICyo3hXiARIIK51bSYdgT588S5oHVVvzM6tSq4EcRVAGu2Af2OAQ1MApqIMGwOAG3INH8GTcGg/Gs/GSlxaMSc82+APj9Qd1Lp0Z</latexit><latexit sha1_base64="Lh4i7ovw/xUjTV3VU9u1Z85+6VY=">AAACBHicbVC7TsMwFL3hWcorwNjFokJiqhIWGCuxMBZEH1JTKsdxWquOE9kOqIoysPArLAwgxMpHsPE3OG0GaDmSpeNz7tW99/gJZ0o7zre1srq2vrFZ2apu7+zu7dsHhx0Vp5LQNol5LHs+VpQzQduaaU57iaQ48jnt+pPLwu/eU6lYLG71NKGDCI8ECxnB2khDu+ZFWI/9MHvIkccEmn/97Ca/C4Z23Wk4M6Bl4pakDiVaQ/vLC2KSRlRowrFSfddJ9CDDUjPCaV71UkUTTCZ4RPuGChxRNchmR+ToxCgBCmNpntBopv7uyHCk1DTyTWWxo1r0CvE/r5/q8GKQMZGkmgoyHxSmHOkYFYmggElKNJ8agolkZldExlhiok1uVROCu3jyMumcNVzDr516s1nGUYEaHMMpuHAOTbiCFrSBwCM8wyu8WU/Wi/VufcxLV6yy5wj+wPr8AeaemDk=</latexit>

ŷ 2 [0, 1]
<latexit sha1_base64="ei+TEq2Dz2sjbNp2PY1FHny8Asc=">AAACAnicbZDLSsNAFIYnXmu9VV2Jm8EiuJCSiKDLgpsuK9gLJKFMppN26GQSZk6EEIIbX8WNC0Xc+hTufBunbRba+sPAx3/OYc75g0RwDbb9ba2srq1vbFa2qts7u3v7tYPDro5TRVmHxiJW/YBoJrhkHeAgWD9RjESBYL1gcjut9x6Y0jyW95AlzI/ISPKQUwLGGtSOvYjAOAhzb0wgz4rC4xK79oXjD2p1u2HPhJfBKaGOSrUHtS9vGNM0YhKoIFq7jp2AnxMFnApWVL1Us4TQCRkx16AkEdN+PjuhwGfGGeIwVuZJwDP390ROIq2zKDCd04X1Ym1q/ldzUwhv/JzLJAUm6fyjMBUYYjzNAw+5YhREZoBQxc2umI6JIhRMalUTgrN48jJ0LxuO4burerNVxlFBJ+gUnSMHXaMmaqE26iCKHtEzekVv1pP1Yr1bH/PWFaucOUJ/ZH3+AN8MlxM=</latexit><latexit sha1_base64="ei+TEq2Dz2sjbNp2PY1FHny8Asc=">AAACAnicbZDLSsNAFIYnXmu9VV2Jm8EiuJCSiKDLgpsuK9gLJKFMppN26GQSZk6EEIIbX8WNC0Xc+hTufBunbRba+sPAx3/OYc75g0RwDbb9ba2srq1vbFa2qts7u3v7tYPDro5TRVmHxiJW/YBoJrhkHeAgWD9RjESBYL1gcjut9x6Y0jyW95AlzI/ISPKQUwLGGtSOvYjAOAhzb0wgz4rC4xK79oXjD2p1u2HPhJfBKaGOSrUHtS9vGNM0YhKoIFq7jp2AnxMFnApWVL1Us4TQCRkx16AkEdN+PjuhwGfGGeIwVuZJwDP390ROIq2zKDCd04X1Ym1q/ldzUwhv/JzLJAUm6fyjMBUYYjzNAw+5YhREZoBQxc2umI6JIhRMalUTgrN48jJ0LxuO4burerNVxlFBJ+gUnSMHXaMmaqE26iCKHtEzekVv1pP1Yr1bH/PWFaucOUJ/ZH3+AN8MlxM=</latexit><latexit sha1_base64="ei+TEq2Dz2sjbNp2PY1FHny8Asc=">AAACAnicbZDLSsNAFIYnXmu9VV2Jm8EiuJCSiKDLgpsuK9gLJKFMppN26GQSZk6EEIIbX8WNC0Xc+hTufBunbRba+sPAx3/OYc75g0RwDbb9ba2srq1vbFa2qts7u3v7tYPDro5TRVmHxiJW/YBoJrhkHeAgWD9RjESBYL1gcjut9x6Y0jyW95AlzI/ISPKQUwLGGtSOvYjAOAhzb0wgz4rC4xK79oXjD2p1u2HPhJfBKaGOSrUHtS9vGNM0YhKoIFq7jp2AnxMFnApWVL1Us4TQCRkx16AkEdN+PjuhwGfGGeIwVuZJwDP390ROIq2zKDCd04X1Ym1q/ldzUwhv/JzLJAUm6fyjMBUYYjzNAw+5YhREZoBQxc2umI6JIhRMalUTgrN48jJ0LxuO4burerNVxlFBJ+gUnSMHXaMmaqE26iCKHtEzekVv1pP1Yr1bH/PWFaucOUJ/ZH3+AN8MlxM=</latexit><latexit sha1_base64="ei+TEq2Dz2sjbNp2PY1FHny8Asc=">AAACAnicbZDLSsNAFIYnXmu9VV2Jm8EiuJCSiKDLgpsuK9gLJKFMppN26GQSZk6EEIIbX8WNC0Xc+hTufBunbRba+sPAx3/OYc75g0RwDbb9ba2srq1vbFa2qts7u3v7tYPDro5TRVmHxiJW/YBoJrhkHeAgWD9RjESBYL1gcjut9x6Y0jyW95AlzI/ISPKQUwLGGtSOvYjAOAhzb0wgz4rC4xK79oXjD2p1u2HPhJfBKaGOSrUHtS9vGNM0YhKoIFq7jp2AnxMFnApWVL1Us4TQCRkx16AkEdN+PjuhwGfGGeIwVuZJwDP390ROIq2zKDCd04X1Ym1q/ldzUwhv/JzLJAUm6fyjMBUYYjzNAw+5YhREZoBQxc2umI6JIhRMalUTgrN48jJ0LxuO4burerNVxlFBJ+gUnSMHXaMmaqE26iCKHtEzekVv1pP1Yr1bH/PWFaucOUJ/ZH3+AN8MlxM=</latexit>

• We want to do binary classification: 

• We have labeled trainings data:
Background vs signal

• Some input variables !" label #$ ∈ {', )}
Note: y is discrete now

• We want to get a probability +# ∈ [', )]
that we have a signal

• Cat:

Dog:

• That’s a binomial model for which we can get the 
optimal weights w by a Maximum Likelihood fit

• The likelihood for one batch of n events with
n=ns+nb and the -lnL

P (1|xi,w) = ŷi

P (0|xi,w) = 1� ŷi
<latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit>

x 2 Rn

y labels
<latexit sha1_base64="BMBhFTki6eoQ6bIZPTD5F5nvcy4=">AAACG3icbVDLSgMxFM3UVx1fVZdugsXiqswUQcFNwY3LKvYBnbEkaaYNzWSGJCMtw/yHG3/FjQtFXAku/BszbRfaekLg5Jx7yb0Hx5wp7TjfVmFldW19o7hpb23v7O6V9g9aKkokoU0S8Uh2MFKUM0GbmmlOO7GkKMSctvHoKvfbD1QqFok7PYmpH6KBYAEjSBupV6pVvBDpIQ7SceYxAWcvnN5m98Lz7MrEuzQnxNE45QhTrjK7Vyo7VWcKuEzcOSmDORq90qfXj0gSUqEJR0p1XSfWfoqkZoTTzPYSRWNERmhAu4YKFFLlp9PdMnhilD4MImmu0HCq/u5IUajUJMSmMh9dLXq5+J/XTXRw4adMxImmgsw+ChIOdQTzoGCfSUo0nxiCiGRmVkiGSCKiTZx5CO7iysukVau6ht+clev1eRxFcASOwSlwwTmog2vQAE1AwCN4Bq/gzXqyXqx362NWWrDmPYfgD6yvH+LioUo=</latexit><latexit sha1_base64="BMBhFTki6eoQ6bIZPTD5F5nvcy4=">AAACG3icbVDLSgMxFM3UVx1fVZdugsXiqswUQcFNwY3LKvYBnbEkaaYNzWSGJCMtw/yHG3/FjQtFXAku/BszbRfaekLg5Jx7yb0Hx5wp7TjfVmFldW19o7hpb23v7O6V9g9aKkokoU0S8Uh2MFKUM0GbmmlOO7GkKMSctvHoKvfbD1QqFok7PYmpH6KBYAEjSBupV6pVvBDpIQ7SceYxAWcvnN5m98Lz7MrEuzQnxNE45QhTrjK7Vyo7VWcKuEzcOSmDORq90qfXj0gSUqEJR0p1XSfWfoqkZoTTzPYSRWNERmhAu4YKFFLlp9PdMnhilD4MImmu0HCq/u5IUajUJMSmMh9dLXq5+J/XTXRw4adMxImmgsw+ChIOdQTzoGCfSUo0nxiCiGRmVkiGSCKiTZx5CO7iysukVau6ht+clev1eRxFcASOwSlwwTmog2vQAE1AwCN4Bq/gzXqyXqx362NWWrDmPYfgD6yvH+LioUo=</latexit><latexit sha1_base64="BMBhFTki6eoQ6bIZPTD5F5nvcy4=">AAACG3icbVDLSgMxFM3UVx1fVZdugsXiqswUQcFNwY3LKvYBnbEkaaYNzWSGJCMtw/yHG3/FjQtFXAku/BszbRfaekLg5Jx7yb0Hx5wp7TjfVmFldW19o7hpb23v7O6V9g9aKkokoU0S8Uh2MFKUM0GbmmlOO7GkKMSctvHoKvfbD1QqFok7PYmpH6KBYAEjSBupV6pVvBDpIQ7SceYxAWcvnN5m98Lz7MrEuzQnxNE45QhTrjK7Vyo7VWcKuEzcOSmDORq90qfXj0gSUqEJR0p1XSfWfoqkZoTTzPYSRWNERmhAu4YKFFLlp9PdMnhilD4MImmu0HCq/u5IUajUJMSmMh9dLXq5+J/XTXRw4adMxImmgsw+ChIOdQTzoGCfSUo0nxiCiGRmVkiGSCKiTZx5CO7iysukVau6ht+clev1eRxFcASOwSlwwTmog2vQAE1AwCN4Bq/gzXqyXqx362NWWrDmPYfgD6yvH+LioUo=</latexit><latexit sha1_base64="BMBhFTki6eoQ6bIZPTD5F5nvcy4=">AAACG3icbVDLSgMxFM3UVx1fVZdugsXiqswUQcFNwY3LKvYBnbEkaaYNzWSGJCMtw/yHG3/FjQtFXAku/BszbRfaekLg5Jx7yb0Hx5wp7TjfVmFldW19o7hpb23v7O6V9g9aKkokoU0S8Uh2MFKUM0GbmmlOO7GkKMSctvHoKvfbD1QqFok7PYmpH6KBYAEjSBupV6pVvBDpIQ7SceYxAWcvnN5m98Lz7MrEuzQnxNE45QhTrjK7Vyo7VWcKuEzcOSmDORq90qfXj0gSUqEJR0p1XSfWfoqkZoTTzPYSRWNERmhAu4YKFFLlp9PdMnhilD4MImmu0HCq/u5IUajUJMSmMh9dLXq5+J/XTXRw4adMxImmgsw+ChIOdQTzoGCfSUo0nxiCiGRmVkiGSCKiTZx5CO7iysukVau6ht+clev1eRxFcASOwSlwwTmog2vQAE1AwCN4Bq/gzXqyXqx362NWWrDmPYfgD6yvH+LioUo=</latexit>

0              1

sigmoid output node
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Binary Cross Entropy

• We want to do binary classification: 

• We have labeled trainings data:
Background vs signal

• Some input variables !" label #" ∈ {0,1}
Note: y is discrete now

• We want to get a probability *# ∈ [0,1]
that we have a signal

• signal (cat):

bckgrnd (dog):

• That’s a binomial model for which we can get the 
optimal weights w by a Maximum Likelihood fit

• The likelihood for one batch of n events with
n=ns+nb and the -lnL

Intro DL | Dirk Krücker | 1st Terascale ML School

Binary what?

P (1|xi,w) = ŷi

P (0|xi,w) = 1� ŷi
<latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit><latexit sha1_base64="fZcwyMx6pLE11OOZOtlo2uv5R+g="></latexit>

L(w|batch) =
nsY

i=1

ŷi

nbY

j=1

(1� ŷj)
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using the label
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Binary Cross Entropy

• We want to do binary classification: 

• We have labeled trainings data:
Background vs signal

• Some input variables !" label #" ∈ {0,1}
Note: y is discrete now

• We want to get a probability *# ∈ [0,1]
that we have a signal

• signal (cat):

bckgrnd (dog):

• That’s a binomial model for which we can get the 
optimal weights w by a Maximum Likelihood fit

• The likelihood for one batch of n events with
n=ns+nb and the -lnL

Intro DL | Dirk Krücker | 1st Terascale ML School

Binary what?

P (1|xi,w) = ŷi

P (0|xi,w) = 1� ŷi
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• This expression is called cross entropy
(up to 1/n)

• Minimizing this expression provides the 
best optimal weight

using the label
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Binary Cross Entropy

Intro DL | Dirk Krücker | 1st Terascale ML School

Why is it called cross entropy?

• Reminder: Entropy is the averaged <ln(p)>

• Shannon Entropy for some thing distributed with p

• Cross entropy is averaged over a different 
distribution q 

• Gibb’s inequality

• Cross Entropy Loss
is a measure how similar two distributions are

• The minimum is p(x)=q(x) . Minimizing makes 

Cross Entropy ⌘
Z

ln(p(x)) q(x) dx
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similar

• Can be easily generalized to more then 2 classes

data network

Gibbs'%20inequality
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And if we have more than 2 classes?

• For classification we need different loss

• Multi-class classification - {1,..,K} labels

• Similar logic, replace the binomial model by a 
multinomial model

• Softmax (smooth version of max/multidim
version of logistic function

Intro DL | Dirk Krücker | 1st Terascale ML School

Softmax output node

(one hot encoding) true:            [0,0,0,0,0,0,1,0,0,0]
predicted:           [0.005, 0.007, 0.011, 0.018, 0.032, 0.019,  0.830,  0.005,  0.042, 0.031]

For example 10 classes: typical output is a 
vector of probabilities for the different classes
that add up to 1

used together with sparse cross entropy

https://github.com/pytorch/pytorch/blob/master/torch/nn/modules/loss.py
https://en.wikipedia.org/wiki/Softmax_function
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Summary

• is a universal function approximator

• is a chain of linear transformations and non-linear 
activation functions,

• is able to learn everything,

• learns by modifying the weights/biases,

• is trained by backpropagation and stochastic
gradient descent using the gradient with respect to 
the weights/biases

• there are several heuristic algorithms for a 
adaptive SGD, eg Adam

| Intro NN | Dirk Krücker 

A neural network ...

• uses cross entropy for discrete labels, i.e. 
classification

• with a logistic function for binary labels
or softmax as multiclass version

• ReLU is the most important (game changing) 
activation function

• At the end of the day, the only thing you have to do 
is to plug together prebuild pieces that implements 
the knowledge of decades

• Standing on the shoulders of giants

• Or more like putting together a 
Billy bookcase

https://en.wikipedia.org/wiki/Standing_on_the_shoulders_of_giants
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NEURALA NÄTVERK

KERAS

Features

b Normalize

Testa Train

Assembly Instruction

OvertrainingMetric

Loss

a

c
b Optimizer

Topology

Fit

Apply!
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NEURALA NÄTVERK Assembly Instruction

ReLU

Softmax
X-entropy

Adam

import tensorflow as tf
mnist = tf.keras.datasets.fashion_mnist

(x_train, y_train),(x_test, y_test) = mnist.load_data()
x_train, x_test = x_train / 255.0 – 0.5, x_test / 255.0 – 0.5

model = tf.keras.models.Sequential([
tf.keras.layers.Flatten(input_shape=(28, 28)),
tf.keras.layers.Dense(512, activation='relu'),
tf.keras.layers.Dense(512, activation='relu'),
tf.keras.layers.Dense(10, activation='softmax')

])
=model.compile(optimizer='adam',

loss='sparse_categorical_crossentropy',
metrics=['accuracy’])

history = model.fit(x_train, y_train,
validation_data=(x_test,y_test),
batch_size=32, epochs=5 )

model.evaluate(x_test, y_test)

import numpy as np
fiveImages = x_test[0:5]
predictions = model.predict(fiveImages)
predictions = np.argmax(predictions,axis=1)
import matplotlib.pyplot as plt
class_names = ['T-shirt/top', 'Trouser', 'Pullover’,

'Dress', 'Coat’, 'Sandal', 'Shirt’, 
'Sneaker', 'Bag', 'Ankle boot']

plt.figure(figsize=(10,10))
for i in range(5):

plt.subplot(1,5,i+1)
plt.xticks([])
plt.yticks([])
plt.grid(False)
plt.imshow(fiveImages[i], cmap=plt.cm.binary)
plt.xlabel(class_names[predictions[i]])

plt.show()

Flatten
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A Simple Keras Implementation 

| Intro NN | Dirk Krücker                                 

On the Fashion MNIST dataset  - thanks to Zalando

import tensorflow as tf
mnist = tf.keras.datasets.fashion_mnist

(x_train, y_train),(x_test, y_test) = mnist.load_data()
x_train, x_test = x_train / 255.0 – 0.5, x_test / 255.0 – 0.5

model = tf.keras.models.Sequential([
tf.keras.layers.Flatten(input_shape=(28, 28)),
tf.keras.layers.Dense(512, activation='relu'),
tf.keras.layers.Dense(512, activation='relu'),
tf.keras.layers.Dense(10, activation='softmax')

])
model,summary()
model.compile(optimizer='adam’,

loss='sparse_categorical_crossentropy’,
metrics=['accuracy'])

model.fit(x_train, y_train, 
validation_data=(x_test,y_test),
batch_size=32, epochs=5

)

model.evaluate(x_test, y_test)

• Link to this example on Google’s free collab
• 1. File Menu: Save a copy to your Google drive
• 2. click the: 

Input dimension: 28x28=784
10 classes
60k trainings data, 10k test data
~70 millions trainings pixel

1818 Nodes* 
Trainable params: 669706

Run times: batch size of 32 on a CPU

*Drosophila 100000 neurons - Human 100000000 neuron/7000 connections 

…

https://github.com/zalandoresearch/fashion-mnist
https://colab.research.google.com/drive/1j6Yn0R6UbkgmgVYg1LBSDPxR4Kj1N5Xp
https://www.cell.com/cell/fulltext/S0092-8674(18)30787-6?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867418307876%3Fshowall%3Dtrue
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Where to go from here?

• PLAY with the code!

• The example from the previous slide is complete, working code

• TF tutorials

• The fun starts when we look into complicated 
architectures, there are

• CNN (Convolutional NN) ⟹ Philipp Heuser

• Autoencoder

• Generative

• VAE

• GAN (Generative ) ⟹ Torben Ferber

• Recurrent (memory)

• RNN

• LSTM

• …                   We only had a small DNN example

| Intro NN | Dirk Krücker 

Resources and further explorations
• Deep learning Resources 

just google, or click on my subjective list

• https://www.deeplearningbook.org/
• Wikipedia – but a wide range of quality
• https://stats.stackexchange.com/

• https://medium.com/topic/machine-learning
• https://machinelearningmastery.com/start-here/
• https://dataelixir.com/
• https://towardsdatascience.com/
• and many more including a lot of rubbish you have to 

judge yourself

• Ceat sheets: https://becominghuman.ai/cheat-sheets-
for-ai-neural-networks-machine-learning-deep-learning-
big-data-678c51b4b463

https://www.tensorflow.org/tutorials
https://en.wikipedia.org/wiki/Artificial_neural_network
https://www.deeplearningbook.org/
https://en.wikipedia.org/wiki/Portal:Machine_learning
https://stats.stackexchange.com/
https://medium.com/topic/machine-learning
https://machinelearningmastery.com/start-here/
https://dataelixir.com/
https://towardsdatascience.com/
https://becominghuman.ai/cheat-sheets-for-ai-neural-networks-machine-learning-deep-learning-big-data-678c51b4b463


Thank you

IDEA style thanks to https://idea-instructions.com/ (CC by-nc-sa 4.0)
Rosenblatt and overfitting image from Wikipedia

https://idea-instructions.com/
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Xavier Initialization

Why do we care about the size of the weights?

• Forward view
• Large weights will increase the signal after passing each 

layer. If we use a activation function as tanh, 
it will go into saturation. 

• Small weights will result in a signal that mainly stays in the 
linear part of the tanh around 0. Then our network starts to 
loose its non-linearity.

• Backward view
• Deep neural networks become difficult to train because of 

the vanishing gradient problem. If we follow the gradient 
through the different layers, it tends to become smaller. 
The effect strongly depends on the initial size, i.e. variance 
of the weights

• This had been studied by Xavier Glorot and Yoshua 
Bengio (2010) and later by He at al. (2015)
The problem can be mitigated by choosing the proper 
variance when randomly initializing the weights.

Intro DL | Dirk Krücker | 1st Terascale ML School

Appendix I

• The optimal variance is different for forward and 
backward step but they propose to initialize with 
V"# $ = &

'()*'+,-
for example by sampling 

uniformly from ± /
'()*'+,-

The details depend on 

the activation functions. ReLU had been studied by 
He et al.

http://proceedings.mlr.press/v9/glorot10a/glorot10a.pdf
https://arxiv.org/pdf/1502.01852.pdf
https://mnsgrg.com/2017/12/21/xavier-initialization/
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Cutting hyperplanes

• How many independent 
areas do we get with n 
hyperplanes?

• Dimension d and the 
number of different 
hyperplanes s

• This is also the 
maximum number of 
linear units with s ReLU
units within one layer

| Intro DL | Dirk Krücker | 1st Terascale ML School

Appendix II
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Cutting hyperplanes

• How many independent areas do we 
get with n hyperplanes?

• Dimension d and the number of 
different hyperplanes s

• This is also the maximum number of 
linear units with s ReLU units within 
one layer 

• For example: 10 dimensional input with 
40 nodes may cut your phase space 
into up to 1.2 billion pieces

10 cuts in 2d   =>     56 pieces
40 cuts in 2d =>                  821
10 cuts in 10d =>              1024
40 cuts in 10d => 1221246132

| Intro DL | Dirk Krücker | 1st Terascale ML School

Appendix II
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Cutting hyperplanes - DL

| Intro DL | Dirk Krücker | 1st Terascale ML School

Bounding and Counting Linear Regions of Deep Neural Networks, Serra et 
al., https://arxiv.org/abs/1711.02114

https://arxiv.org/abs/1711.02114
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x, y <-[0,2]
z=0.5(x+y)

a=ReLU(x+y-2) a=ReLU(-x+y)

a=ReLU(x-y) a=ReLU(-x-y+2)

1 layer
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2 layers
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NB iterative structure

3 layers
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Cutting hyperplanes - DL

crash course DL

On the Number of Linear Regions of Deep Neural Networks, Montúfar et al., 
https://arxiv.org/abs/1402.1869
https://arxiv.org/abs/1312.6098
Bounding and Counting Linear Regions of Deep Neural Networks, Serra et al.,
https://arxiv.org/abs/1711.02114

https://arxiv.org/abs/1402.1869
https://arxiv.org/abs/1312.6098
https://arxiv.org/abs/1711.02114
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Cutting hyperplanes - DL

crash course DL

• Multilayer networks are often more expressive (but not always for large input dimension, see paper)
• More complicated boundaries can be described with the same number of nodes
• But these boundaries are not independent (kind of fractal structure)  
• For the ReLU networks one can show quantitative bounds on the number of linear units, see paper

Deep is better than large
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