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Computers

* Since their invention in the 1940‘s computers take over tasks, which are:
* complex;

* (highly) repetitive.

* Man tells the computer what to do — rule-based operation.

[/ Next output the values:
std::cout << "The values you entered are:" << std::endl;
/] accessible only with g++ -std=c++11 -0 test main.cc
for(fint idx : inputs){

std::cout << idx << std::endl;
}
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Machine learning (ML)

* The computer solves tasks w/o knowing the rules. The computer:

* is rewarded when successful;

* implicitely learns the rules, by examples — ML-based operation.

* Biological learning.
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Crossover

* Since its origins in the 1960°‘s ML has a vivid history, full of promisses, with many up’s and
(even more) down’s.

* Crossover phenomenon combining and bringing together many disciplines of science.

Mathematics

Computational
science

Statistics

Neurobiology

* ML is more than the few neural networks (NNs) which we will dwell on for this course.
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Neural networks (NNs)

* Historically, the concept of NNs originates from the neurobiological theory of (human)
learning:

Schematic view of a nerve cell
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Many occasionally small
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Sum of incoming signals
exceeds a threshold — cell
Jfires“ an own signal along an
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Perceptron

* Corresponding mathematical model, introduced by Frank Rosenblatt (11.07.1928 —
11.07.1971):

w1 Logic — ,fire" if the sum of
1 incoming signals exceeds a
certain threshold.
w2
)
wa I >y
I3
Thresold T'  Output
WN
TN
Inputs Weights Building block of any

further development to
be discussed next:

N
1 if Zwixi—T>O

Na®
I

0 else
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Logical operations

* Adapting the weights and thresholds the perceptron ,can be used to implement any logical

operation®:
1 1 NB:
* The values on arrows represent the weights {w; } ;
— 7 * The values in circles represent the thresholds T';
1 * The features {z;} take the values 0 and 1.
4]
)
21 —» ?
I 1
— 2
1
X2
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Logical operations

* Adapting the weights and thresholds the perceptron ,can be used to implement any logical
operation®:

NB:

1 .
1
* The values on arrows represent the weights {w; } ;
—® x1Ax2 e+ The values in circles represent the thresholds T';
1 * The features {z;} take the values 0 and 1.
4]

—1 .

T
N
_>:131 \/1172
1
X2

Priv.-Doz. Dr. Roger Wolf
https://etpwww.etp.kit.edu/~rwolf/


https://etpwww.etp.kit.edu/~rwolf/

47/8

Echo in society
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Perceptron learning rule

* Historic example: Train a single Boolean perceptron to separate two classes with the help
of labeled examples (here represented by points with different color)

zo A * Task: Determine the weights {w: } such that
o ® the red points (with values 1) and the blue
points (with values 0) are separated.
° o e ®
® o ® o ©
® ® >
® o ® Z1
{
o ® [
o
Y [ ]
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Perceptron learning rule

* Solution: Hyperplane in Hessian canonical form Zwaz =0 ie.w L x Vxinthe plane

(i.e. on the boundary). 0
w-x<0 — w-x=0 w-x>0
Io A
® o
® P e o Algorithm:
o o
° ° o ° ° > * Initialize weights randomly.
F G ° 1 * Only update for examples w/ wrong predictions.
[ ] ® [
> “ * For those, apply the following update rule:
o ® ®

(k) (k) if red
(k) (k+1) _ w4+ X 11 re
whe W { w®) — x*®)if blue
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Perceptron learning rule

* Solution: Hyperplane in Hessian canonical form szx@ =0 ie.w L x Vxinthe plane

(i.e. on the boundary). g
Step0| 2 4
ep ° P
o P woe Algorithm:
o o
° ° o °*° * Initialize weights randomly. | Step O
>
® o o | ® 11 * Only update for examples w/ wrong predictions.
o ® [
® * For those, apply the following update rule:
o o e

®) 1 x(®)  if red
(k) (k1) _ )] W + x 1I re
wome { w® — x® if blue
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Perceptron learning rule

* Solution: Hyperplane in Hessian canonical form szx@ =0 ie.w L x Vxinthe plane
(i.e. on the boundary). 0

Step1| T2 A

Algorithm:

* Initialize weights randomly.

* Only update for examples w/ wrong predictions.

* For those, apply the following update rule:

(k) (k) if red | Step 1
(k) (k+1) _ W + X 1I re p
wome { w® — x® if blue
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Perceptron learning rule

* Solution: Hyperplane in Hessian canonical form szx@ =0 ie.w L x Vxinthe plane

(i.e. on the boundary). g
Step1| T2 4
ep ° P
° P @ o Algorithm:
o
° ° /o/'(:(l). > * Initialize weights randomly.
® o o 1 * Only update for examples w/ wrong predictions.
o ® o
® * For those, apply the following update rule:
[ o ®

(k) (k) if red | Step 1
(k) (k+1) _ W + X 1I re p
wome { w® — x® if blue
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Perceptron learning rule

* Solution: Hyperplane in Hessian canonical form Zw@x@ =0 ie.w L x Vxinthe plane

(i.e. on the boundary). g
Io A
® e
° P @ o Algorithm:
o
° ° /o/'c:(l). > * Initialize weights randomly.
® o o 1 * Only update for examples w/ wrong predictions.
o ® o
® * For those, apply the following update rule:
o
® o Done

®) 1 x(®)  if red
(k) (k1) _ )] W + x 1I re
wome { w® — x® if blue

* Rosenblatt could show that a single logic perceptron for linearly separable tasks always
converges to the correct solution after a finite number of steps.
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Logical flaws

* Adapting the weights and thresholds the perceptron ,can be used to implement any logical

operation“?

1 1 NB:
* The values on arrows represent the weights {w; } ;
—® x1Ax2 e+ The values in circles represent the thresholds T';
1 * The features {z;} take the values 0 and 1.
T2 * Any but one: the ,XOR" was missing
x1
71 —> 7
GALLIEN
L1 1 o e
Discussed in Marvin Minsky, Seymour Papert ,Perceptrons: An Introduction to
— T Vi To Computational Geometry*“, 1968 (check review here).
* i.e. a single perceptron is not a universal
To 1 computing unit.
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Solution to the ,,XOR problem*

* Solution to the ,XOR problem” — combine several perceptrons:
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Solution to the ,,XOR problem*

* Solution to the ,XOR problem” — combine several perceptrons:

Jnput layer”.

»hidden layer”.

xr1 N\ T2 xr1 N\ To
1 N\ T2 r1 N\ Xo
1 N Io I /\fz
— > 1 Do
fl N\ T2 Tl /\fg
I N Io I /\TQ
fl VAN Io fl VAN fg
,output layer”.
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From Boolean to real-valued inputs

* The transition from Boolean to real-valued numbers is indicated below:

w
I 1
w
i) 2
w
I3 3
WN
N
Inputs Weights

r1...xny €R

wy...wny €R

Unit triggers, if szﬂ?i >T
i

S I

Different variations to express the
activation logic:

Zwﬂiz‘ > 1T,
i

Zwixi—TZO,

0 <Z WiT; — T) (Heavyside function)
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From Boolean to real-valued inputs and outputs

* The transition from Boolean to real-valued numbers is indicated below:

w
I 1
w
i) 2
w
I3 3
WN
N
Inputs Weights

r1...xny €R

wy...wny €R

Unit triggers, if szﬂ?i >T
i

.

Different variations to express the
activation logic:

Zwﬂiz‘ > 1T,
i

Zwixi—TZO,

0 <Z WiT; — T) (Heavyside function)

<

6(-)could be any
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Common activation functions

* A few popular examples of activations functions:

ReLU (rectified linear unit):

e(z):{g #20

sonst

Softplus:
0(z) = log(1 + exp(z))

Se'?r;m'd: . tanh:

z) =
1 4 exp(—2) 0(z) = tanh(z)
) h: —sigmoid — ) 1} —tanh

0.8 0.8

0af 0.6F /

0.7F / 0.4 /
0.6F 0.2f

0.5 of

04f / -0.2F /

0.3f -04f /

0.2f 0.6}

01f Y

c;_ﬁ——.ﬁu.‘.mH..‘.H.H.H.‘.mu.‘ _qhon i T T P ERET NN SRR A

5 4 3 2 4 0 1 2 3 4 5 5 4 3 2 1.0 1 2 3 4 5
F4 F4

6(z)

S
E —relu /

450 .. softplus
ar

350

3

25

2F

151

1E

0.55

|| =ERRNPFEVES Ly i FERTS' SN NN SN PR R
5 4 3 -2 1 0 1 2 3 4 5
z
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Perceptron as classifier

* Assume two real-valued inputs x1 und z. Unit ,fires“ above a certain threshold 7. To what
boundary does this correspond to, in the space that is spanned by z; and x5?

I Wi
o W2
N I
2
y = 1 ifzwiﬂii—T>0
T 7

0 else
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Perceptron as classifier

* Assume two real-valued inputs x1 und z5. Unit ,fires“ above a certain threshold 7. To what
boundary does this correspond to, in the space that is spanned by z; and x5?

X2

1
0 “\ w121 +waxe >T
X Wi ‘
1 —>
1
o W2
i >y
2
y = 1 if Zwia:i—T>O
T 7

0 else
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Boolean logic - revisited —

* What Boolean functions are displayed below, according to this logic?

A
)
(0,1) (1,1)©
0
(0,0) (1,0) o

o)

(0,1)

A
(1,1) ©
1
bi
(1,0) =
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Boolean logic - revisited —

* What Boolean functions are displayed below, according to this logic?

A
L2
(0,1) (1,1)©
x\,‘ I V Io
0
(0,0) (1,0) =

o)

(0,1)

A
(1,1)@
1
I /\LUQ
bi
(1,0) o
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Boolean logic - revisited —

* What Boolean functions are displayed below, according to this logic?

A
)
(0,1) (1,1)©
I V Io
(0,0) (1;0) 1

* How would you display
the NOT operation (72 )?

o)

(0,1)

A
(1,1) ©
1
xr1 N\ Xo
bi
(1,0) =
A
(1,1) @
T2
o
(1,0) .
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Boolean logic - revisited —

* What Boolean functions are displayed below, according to this logic?

A 4.
) L2 .
(0,1) (1,1) @ (0,1) o (L)oo
. S 1
1 xr1V Ty xr1 N\ Xo
0 0 ’
O— e —p O— s —>
(0,0) (1,0) = (1,0) o
A
Z2
* How would you display (0,1) (1,1) ©
the NOT operation (73 )?
0 T2
1
o —»
(1,0) =
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Boolean logic - revisited —

* Why can you not express an ,XOR" based on the logic of a single perceptron?

L2

(0,1)

(0,0)

A -
sss\~ (1’1) ®)
. § 0
0 .
O— N —>
~(1,0) &

* An ,XOR" requires a representation with two

lines, as shown above.

* With a single Boolean perceptron this is not
possible, since it represents only single lines
in the space spanned by z;and z,.
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

A
L2

Priv.-Doz. Dr. Roger Wolf
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

A
L2
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

A
L2

Y1 Y2

1 )
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

.,
.
‘e
.
‘e
.
‘e
0
‘e
0

.
‘e
‘e
0
.

.,
.
‘e
.
‘e
0
‘e
0
.
‘e
.
‘e
‘e
.

.
‘e

Y1

Y2

Y3
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

L2

e
.
K
o
.
o
.
o
.

.
ot
o
.
o
.
K3
o
.
.

U1 Y2 Y3 Ya
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Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

A
L2

U1 Y2 Y3 Ya

Ys
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47/221

Complex boundaries

* Representing the figure below with the help of Boolean perceptrons:

5
............ xQ Zy125

.
ot
. .
..... . .
. . _
...... K 1=1
K
K
K
K
:
J
K
K
K

@ @ ......... Y1 Y2 Y3 Ya
\ [

....................................................
.......

®LO® /0 S

* Normalize the output of each unit ¥; to 1 and add.

* Choose threshold of >5.
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47/23

More complex boundaries

* The figure below would require a third layer of perceptrons:

v / \
> Ui Yo ys k Y6 yr () ysh

\ / " ¢4//
/

L1 )

>

0
‘ 0
\“
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47/23.1

More complex boundaries

* The figure below would require a third layer of perceptrons:

0.0

v / \
> Vi Y2 ys k Y6 yr () ysh

\ / . b“‘//

L1 )

>

* Since any abitrary boundary can be approximated by polygones it is possible to describe
any abitrary figure with a sufficiently complex network of perceptrons.
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47/23.2

More complex boundaries

* The figure below would require a third layer of perceptrons:

0.0

v / \
> Vi Y2 ys k Y6 yr () ysh

\ / . b“‘//

L1 )

>

* Since any abitrary boundary can be approximated by polygones it is possible to describe
any abitrary figure with a sufficiently complex network of perceptrons.

* NNs are universal contour approximaters!
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47/24

Abitrary functions

* The following unit represents a step function:

* With a group of computing units as above it is possible to approximate any arbitrary function
to abitrary precision.
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47/24 1

Abitrary functions

* The following unit represents a step function:

* With a group of computing units as above it is possible to approximate any arbitrary function
to abitrary precision.

* NNs are universal function approximators! (— approximation theorem).
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47/25

NN notation

3\
%0
!

(/‘

N A2 RS N
e/ ' N ‘ N
WSS 7/ \ 7 N\ P,/
N7 @ N0 N e\ "@N
RN ARSI AR RS Nk
] WX O K O < W
N0 G 2N OO WO QAR
S 2 NV SN RN~ N\
1 (A NSRS AT \A .
71— K g\ V NS 2 AN y .
2 X , 7—1
% X% ./“\ XA
5 4 4 2\ \
ZT; XX & ¥ X sediive x
/L "‘ X 7 y .
X oo N ,")0;‘ ]
X il
X; AR Zi X LRSS P
1+1 1R = = Y .
AN VORI VR R 7 Yi+1
PEAXNN  NTZAXRN BN AR PN .
HAUK e AN AN Zi AN NI AN
O \ e AN 1AV NONNNNY D7 X\
N '(6 ‘\\ //,’5"\“&\\ > NN < /"‘A‘,"ﬁ\\ / ’
RO AR DO
/ NIAN 7 AN AN
AN VNN (7S XN O Lo w /

5
\ ~ " N >
No e % & = o
x e X i w € i y € Y
Input layer | Hidden layers | Output layer
(feature space) (model)
dim = ny Here: dim = ng1
K(=4) layers;
ng nodes per layer:;
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47/25.1

NN notation

o} )

Li—1 yj—l
xT; @;j
Titl Yit1
/ Building block:
N
x e X w e y € y
W)
dim = ny Here: p (1) i—1j
K(=4)lay| ' "
ni nodes p4  (-1) W; ; U(k:)(.)
7 J /i
(k) — =
(k—1) __ Yit1j iimy ) J
hitq .
: (k) _ (k) (k) (k=1) _ (k)
(k) hj” =0 (Z wi ;g Wy )
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47/26

Mathematical model ({2)

GRS

sz(f)hgk_l) — wj(-k)

Building block:

Input n” =z,
() _ 50 (10 _ (0
b UU(Z“’U h;” —w; )
@) _ 5 (2),(1) _
2 _O()<wa’ hi’ —w; )
Hidden | 1} = o) (Za(k)) with: z{") =
(k—1)
K 3 .
output | ATV =4 B
1, (k=1)
k—1
hir”
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47127

Truth vs. prediction

* Assume the NN should represent the blue function

shown on the right (— truth).

f(x)

[ —Truth
—MLP

©
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47/27 1

Truth vs. prediction

* Assume the NN should represent the blue function
shown on the right (— truth). Cl .
8_ —MLP
* Random choice of the weights {w,,;} might result o
in the red curve, shown on the right \\
— prediction). AN
(—p ) ) \\\
o
.
-2| -
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47/23.2

Truth vs. prediction

* Assume the NN should represent the blue function
shown on the right (— truth). Cl .
8_ —MLP
* Random choice of the weights {w,,;} might result o
in the red curve, shown on the right \\
— prediction). AN
(—p ) ) \\\
* Adapt the weights such that the red curve o
approaches the blue one as closely as possible. L
.
-2| -
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47/23.2

Truth vs. prediction

* Assume the NN should represent the blue function

shown on the right (— truth).

f(x)

[ —Truth
—MLP

©

* Random choice of the weights {w,,;} might result o
in the red curve, shown on the right \\
— prediction). AN
(=P ) ) \\\
* Adapt the weights such that the red curve of

approaches the blue one as closely as possible.

* Quantify difference between the curves by loss or

cost function.
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47/24

Sample and training

* In general we don‘t know the blue function (i.e. the truth) We have to infer it from a
sample hoping that the sample is representative of the ground truth (— learning by
example).
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47/24 1

Sample and training

* In general we don‘t know the blue function (i.e. the truth) We have to infer it from a
sample hoping that the sample is representative of the ground truth (— learning by

example).

* Learning by example — training.

Priv.-Doz. Dr. Roger Wolf
https://etpwww.etp.kit.edu/~rwolf/


https://etpwww.etp.kit.edu/~rwolf/

47/24.2

Sample and training

* In general we don‘t know the blue function (i.e. the truth) We have to infer it from a
sample hoping that the sample is representative of the ground truth (— learning by
example).

* Learning by example — training.

* To be representative the sample should catch all relevant characteristics of the truth.
Individual properties of the sample (— fluctuations) should not influence the training
— generalization.
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47/25

Training as optimization task

* Using differentiable activation functions o;( - ) turns ¢ (x,w) into a function that is
differentiable in any variable.
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47/25.1

Training as optimization task

* Using differentiable activation functions o;( - ) turns ¢ (x,w) into a function that is
differentiable in any variable.

* The adaptation of the w for the NN to match the target function y (x) turns into the known
problem of parameter optimization.
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47/25.1

Training as optimization task

* Using differentiable activation functions o;( - ) turns ¢ (x,w) into a function that is
differentiable in any variable.

* The adaptation of the w for the NN to match the target function y (x) turns into the known
problem of parameter optimization.

* The dimension of this task may still be extraordinarily high, requiring robust numerical
optimization algorithms.
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47/26

NN tasks

* NNs are designed to solve specific tasks:
* Classification;
* Multiclass-classification;
* Regression;
* Approximation;
* Density estimation;

* Interpolation;
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47127

NN tasks

* Each concrete realization of a task requires:
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47/27 1

NN tasks

* Each concrete realization of a task requires:

The formulation in a
mathematical form

Task
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47/27.2

NN tasks

* Each concrete realization of a task requires:

The formulation in a

mathematical form
NB: Not a necessary

prerequisite

A set of labeled
samples

Task
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47/27.3

NN tasks

* Each concrete realization of a task requires:

The formulation in a

mathematical form
NB: Not a necessary

prerequisite

A set of labeled
samples

Task

The choice of an NN
model, suited to solve
the task
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47/27 .4

NN tasks

* Each concrete realization of a task requires:

The formulation in a
mathematical form

NB: Not a necessary
prerequisite

Task

The definition of a

suited loss function

A set of labeled
samples

The choice of an NN
model, suited to solve
the task
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47/28

Labels for classification

* For supervised classification tasks labeling of the training data usually happens via one-hot
encoding. We will call the labels y € Y:

* Binary classification:

0 _ 1 Slgnal
L Background

* Multiclass-classification (with n g | classes/categories):

( 1 0 0 category—1 As a vector with
0 1 0 category—2 n .41 coOmponents.
y =3
L\ O 0 1 category—npg 1

where x() are the features of a single example /.
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47/29

Loss function

* The match of § (x(©), w) with y(“)is quantified by the loss function 7, (3 (x(¥,w),y*)), which
should be chosen differentiable in each variable.
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47/29.1

Loss function

* The match of § (x(¥), w) with y(?)is quantified by the loss function 7, (3 (x(¥,w),y®)), which
should be chosen differentiable in each variable.

* Note that L (§ (x9,w) ,y'?) is evaluated on a single
example /.
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47/29.2

Loss function

* The match of § (x(¥), w) with y(?)is quantified by the loss function 7, (3 (x(¥,w),y®)), which
should be chosen differentiable in each variable.

* Note that L ( (x'9,w) ,y?)) is evaluated on a single
example /.

* L(-,-)can be chosen arbitrarily. Very common (likelihood-
based) choices are:

* Cross entropy (CE, binary or categorical);

* L2-norm squared (|| - ||5).
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47/30

Cross entropy (CE)

* The (categorical) CE for a (multiclass-)classification task with n . ; categories for a
single example ¢ is defined as:

NK+1
H (3(x,w),y®) = = 3~ 4 10g (3;(x,w))
j=1
NK11 : Number of categories

y@) : Label for category j and (single) example ¢

7;(x9 w) : Prediction for category j and (single) example /
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47/31

L2-norm

* The L2-norm is a natural choice for regression tasks.

y®) : Label for (single) example ¢
j(x9,w) : Prediction for (single) example ¢
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47/32

Risk minimization

* With p;(y) as the conditional PDF to obtain label y for given prediction § (X, w) and fixed
values of w, in decision theory one calls the expectation of L(-,-) over ) the risk functional:

RI9.¥) = [ p5(3) L3y a5 = By (I
Y
* Examples:
* CE:
Ry, yl=Ey [H(Y,y)]
* L2 norm:

Ry, y] = /p@(w (5 —y)* dy
Y

* Statistical classification tasks are addressed by minimizing the risk (i.e. the expected
loss).
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47/32

Risk minimization

* Question: What is this discussion about if | do not know ps(y) ?
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47/32.1

Risk minimization

* Question: What is this discussion about if | do not know ps(y) ?

* Answer: There is a huge class of tasks, where p;(y) might not be known analytically (—
untractable), BUT it can be sampled from an i.i.d. source of p;(y) (— training sample,
Monte Carlo methods).
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47/33

Empirical risk minimization

* NN training — minimization of an estimate of £, [L] which is obtained from a batch of v
individual examples from the training sample.

R[g.y] = / ps () L(3.y)d§ = Ey (L

N
Z ( x, w w) = R[y,y] (Empirical risk)

£:
* Examples
* CE:
A 1 N NK+1 ) ®
R[y,y]Zﬁz . (—yj log (yg(x ,w))>
/=1 j=1
* L2-norm
) 1 X 2
Rlgoyl =+ > (3, w) =y )" = MSE 5. y]
=1
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47/34

Bayesian statistics

* You might have realized p;(y) as the Bayesian posterior:

Likelihood

Posterior

Prior

Evidence
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47/34.1

Bayesian statistics

* You might have realized p;(y) as the Bayesian posterior:

Likelihood Prior

MC Simulation

* Flat (Bayesian prior);

* Output of the generator step.

Posterior

Evidence

Measurement
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47/35

Loss and likelihood

* L2-norm:
) 1 < 2
Rlgy) =~ 3 (5x9,w) =y @) = MSE([, ]
(=1
If the (x(¥), w) are normal distributed
MSE is the NLL to correctly identify 4.
* CE:
A 1 N NK+1 o ,
Rigyl==2_ | 2 (—yj log (:yg(x( ),w))>
=1\ j=1

If the ¢, (x\¥), w) are multinomial
distributed the CE is the NLL to
correctly identify 3"
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47/36

Cross entropy and multiclass-classification

* Probability for a signal in category j, as obtained from ground truth:

1 0 0
0 1 0
J4 4
I B IV e R
0 0 1

* NN prediction for y(e

?jj (X(£)7 w)

, softmax as probability estimate:

* Probability of a Bernoulli process for example ¢ to be identified as belonging to category & :

NK+1

P ((x @ H x| w
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47/37

Binomial distribution

* Likelihood for N Bernoulli processes:

nNK41
E(y(X(E), ) (f) HN ' Hpk (ﬁ) ](f)) with: N = Z N,
k- k=1
I { T 5 0.0
y ,w 3
HNk' =\

Ny NK41

log(L(F(x,w),y@) 23" | 3 5 10g (3;(x,w))

k=1 \ j=1

~"

= -NR[y,y]

This is the term of CE, and the log likelihood of a multinomial distribution,
which quantifies the probability of the NN to classify NV examples correctly.
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47/38

Fully connected feed-forward NN

* All nodes of consecutive layers are connected with each other.

* Inputs are propagated only in forward direction.

S

{

Y,

S
o=
=7
%
AN
SN
RN
]\\\‘\.
7))

1 x\&,’«,ﬁf \

\ T Z\\ 4// \-\

AR =\
07/

A

, W2 /f
\XSOLAY, NS 77 07,
WIS N S X
\NK D ' N g NN X2/ N
XKL ;\:\c\\ﬁé'v‘r:i'llf N \\\‘s’@ TRA N
N0 G 2N \WROSGE] N7 RN
AN NRXEAALA N i Lz WA
1 NN W 7,
Ti_1 §\.\x€.’<"{i».,/ s N > @ PN Yj—1
\SRAZA 'z .o;«Hi ."M AN\
ROROR{ X/ % R ! RN Y AN
LA W, e XX XS & VAV,
€ Gage = Yo s Q= N ON/
NEADL P N N % NZOSABRA QAN
: W S = i = Yo J
/ AN N I%, ¢ il X V%% Y AP
Tit1 (O = e OGRS OO T () Yj+1
VRN VR VORI NI
AN SO VRN VR P .
IR VSN NN VIR 17
O A XD S PANNNNE STZQ\ / 7Y .
AN

\ K 3 s A\
RN IR PPN TSR 1
WO @ < NN \N/ AN YN O

<SHOFOF 2
SN0

x e X
Input layer

w € )
Hidden layers

y €y
Output layer

* An NN is called deep if it has >2 hidden layers.
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47/39

Convolutional NN (CNN)

* Inspired by 2D image processing.

* Reduce complexity by convolutional layers and filters (— subnets scanning full images).

Example: 3-fold 3x3 convolution
by summing

B

=

Nose filter

Cat filter

* Supports 2D translation invariance of specific features (e.g. cats, eyes, noses) in images.
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47/40

Recurrent NN (RNN)

* Inspired by language processing (— sequential problem).

* Allow backward propagation and loops in the NN architecture (— identify recurring features

in sequences).

A
hy
cell state
Cyi_ C
=l X @D —O0 Ly fi=o0 (w,&?h 1+ w(f)xt + bf)
b ¢ v
Sl g tanh i = (whihes + o+ b)
&D &0 . tput 5 () ()
*ggo é g g z;tgu X (C; = tanh (whh hy 1 +w; " X¢ + bc)
— fas] ~
£ = S >h ¢ ot Cy=fi - Cior + 14 - Cy
o o tan o
A A O = O ( (O)ht 1—|—w( )Xt+b>
ht_l I I 5 D h% ht = O¢ tanh (Ct)

hidden note From ,Understanding LSTM Networks® (visited 30.05.22)

* Supports translation invariance of specific features (e.g. words) in sequences.
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47/41

Graph NN (graphNN)

* Inspired by unordered graph-like structures with arbitrary number of nodes (— particle
clusters, traffic networks, molecules, ... ). Allows node, edge, and graph classification.

Node features in
embedding space
(T

@@ @@ ’@

Message passing/neighor aggregation:

h!*!

=0

Wih!+ ) W;h! |, N;: Neighborhood of i.

INI P

* Supports permutation invariance and versatility of the data.
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47/42

ML — particle physics

» Classic application: detector related object ID esp. for difficult & ambiguous signatures:

Distinction of b/c- from uds/gluon-jets:

13 TeV, 2016
2 10°F
5 .F CMS —bjets
o~ 'OF Simulation _
S F . cjets
S 10E tt+]jets .
@ [ P, >20GeV —udsg jets
-
107 g7
FO
(e
10’22— T
102k
104k
10—5:\ il IIII\II‘I]II‘II}IIII\II\II}I\II\'I\I!II|
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
DeepCSV P(udsg) discriminator
- 13 TeV, 2016
S L2 10°F
21 %5 ¢ CMs —b jets
o o 9= Simulation i
—| e 7 cjets
® © 10g tt+jets )
8, 2 | p, > 20 GeV —udsg jets
™ - g
~ 107
&
2
2 -
) 109k
104k
10—5:\..\I.\.:I.\..\.1..\..».I..\.I\..»I\..\I.H;I.u.
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
DeepCSV P(b)+P(bb) discriminator

CMS-DP-2019-033

Distinction of hadronic tau decays (7,)

from quark/gluon-jets(, e or p).

CMS Simulation Preliminary

2017 (13 TeV)

10°

-4 MVA vs, jets (JINST 13 (2018) P10005)
-4 MVA (updated decay modes)

—— DeepTau vs, jets

1074

pr =100 GeV

1072

Jet mis-id probability

= LS L &ow
P
y

MVA/DeepTau

0.3 0.4 0.5 0.6 0.7 0.8

Tau |ID efficiency

0.9

1.0

Well established since many years.
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47/43 JINST 17 (2022) P07023

Th -ldentification (DeepTau)
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Highest score defines the class the event is
associated to.
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Signal extraction

* Signal derived from maximum likelihood fit to NN output of each event class.

* Pure background classes help to constrain backgrounds in signal classes.

Within each class, transition btw. Find most-signal
ambiguous & clear signature like events here
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NB: NN output is a probability estimate of the event to
Priv.-Doz. Dr. Roger Wolf belong of the given category (— built-in S/(S+B) plot).
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Why is this a cool thing to do?

* Multiclass-classification:

* NN trained to ideally separate event classes from each other (— guaranteed by
minimization of loss function).

* Using the NN output function as discriminating variable for signal extraction:

* Turns measurement effectively into a counting experiment with a bunch of high purity
control regions (CRs) and a soft transition between CRs and signal region(s).

* When working with a blind analysis basically 90% of all bins of the discriminators can be
controlled before unblinding.

Priv.-Doz. Dr. Roger Wolf
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Search for H — h(77)hg(bb)
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Backup
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Open for discussion

Priv.-Doz. Dr. Roger Wolf
https://etpwww.etp.kit.edu/~rwolf/


https://etpwww.etp.kit.edu/~rwolf/

The sigmoid function

* The sigmoid function (a.k.a. logistic function) is a common activation function for
perceptrons:

(z) = - +eX1p(_Z) _ % (1+tann (Z)) j—i —0(2) (1 — 0(2))

1 * Maps R to (0,1).
8 F sigmoi _—
5 : sigmoid //
08t // * Resembles a continuous threshold behavior.
072 /
0.6F / * Is used to model saturation processes in
05 statistics.
0.4f
0af / * Provides an interpretation as conditional
- / PDF
0.2F .
i S
S 4 3 2 4 0 1 2 3 4 5
r4
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Weights, thresholds, biases

* The MLP is a well-defined multi-dimensional function of the input features {z;}, weights
{wi;}, and thresholds {7} }:

Node j :
w .
I 1)
Io Waj
" Bl e
I3 37 \\
. WN N 0(z))
N C— o T
Zj = waxz iy
i=1

* Often you can see the thresholds {T;} called biases and abbreviated by {5,}.
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Weights, thresholds, biases

* The MLP is a well-defined multi-dimensional function of the input features {z;}, weights
{wi;}, and thresholds {7} }:

Node j :

I ¥,

Io W2j

T3 Waj _E; Y
n WNj B N+l 0(z))

Zj = Z wija:,-
i=1
N 1’wN+1,j = —1;

* We will use this fully equivalent notation for clarity of fomulars, in the following.
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Depth

* A feed-forward NN can be understood as a directed graph of depth .

* A directed graph has sources and drains. The depth of a graph is the longest path between
a source and a drain.

Example 2:
Example 1: /
Depth? Depth?

Priv.-Doz. Dr. Roger Wolf
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Depth

* A feed-forward NN can be understood as a directed graph of depth .

* A directed graph has sources and drains. The depth of a graph is the longest path between
a source and a drain.

Example 2:
Example 1: /O
Depth? — 2 Depth? — 3

* An NN with a depth of d > 2 (i.e. an ANN with more than 2 hidden layers) we call deep.

Priv.-Doz. Dr. Roger Wolf
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