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Time schedule for the next days
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Tutorial: Introduction to deep learning
 Training of deep neural networks

Thursday 1h

Hands-on
* Interactive training of neural networks

* machine learning frameworks: Keras / TensorFlow
* Implementation of linear regression and fully-connected networks

Thursday 1h

Lecture
« Convolutional neural networks + pratice

Friday 2:00h

Advances in deep learning
* Questions
* Transformer networks (outlook)

Friday 1:00h

Deep learning for physics
Glombitza | ECAP | 07/09/26

Set up & Requirements:

https://bitly.cx/iHcxS & https://bit.ly/3pyXRii
we will use Jupyter Notebooks and Keras / TensorFlow
we will use Google Colab — Google Account required
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https://bitly.cx/iHcxS
https://bit.ly/3pyXRii
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Should you ask a Question
during Seminar?

| v
Y —| Do you actually HAVE No | Areyou | yaq

g ing T
\” ‘ : 1 oY) a question? S.I.?’J“gff?

Are you sure it's not a durb | yaybe
question or that the speaker -~ g
already answered i1? v
l ‘ Are you
| don't trying to |-, Yes
) - think so... show off? | |

Do you really need to ask the Proceed with
question in public or could you caution.

follow up with him/her later?

This is a tutorial -

- ' : Thank God,
-~ Please ask questions i -
e on
= ol Ftable? oGt ctihe ol

making everyone uncomfortable?

No

0k, you have a legitimate
question. Do you actuall

care about the answer? | | Nof really |
just want fo
how off.
LT —
v v

MAM © 2013

[ FINE. ASK YOUR QUESTION. |

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Machine learning before it was cool...
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Al hype triggered

@ ChatGPT
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2016 2019 2021 2022-now 2025 2026
Master’s thesis Deep learning lecturer Book release Postdoc at ECAP Deep learning
Co-authored Research stays at UMD, @ Auger

Start using deep learning

Lecturing at RWTH Aachen
"deep learning for physics”
& many schools + workshops

Physics in the era of big data
Glombitza | ECAP |07/09/26

deep learning book

Berkeley & Stanford
ML4physics groups

published one of the first
DNN data applications in
astroparticle physics
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... physics was cool always! 7 sz
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SWG

The Southern Wide-field Gamma-ray Observatory

W sy N
>
2016 2019 2021 2022-now 2025 2026

e Mass composition of cosmic-rays (Auger, SWGO, H.E.S.S.)
e Optimization of future gamma-ray instruments (SWGO, H.E.S.S., CTAO)
* Deep Learning for event reconstruction and sensitivity optimization (@everywhere ;-) )

Physics in the era of big data
Glombitza | ECAP |07/09/26
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) 3 < [ - ey
A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
- = mountain in the background.
ArXiv: 1502:03044

KUNSTLICHE INTELLIGENZ

Schlau in zwei Stunden

VON ALEXANDER ARMBRUSTER

* Machine Learning Basics

* Neural Networks
+ Backpropagation, Optimization
+ Activation, Initialization
* Preprocessing

Artificial Intelligence - “The effort to automate intellectual tasks normally performed by humans”

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Image Generation

d “Ahappy carrot on the moon playing chess”  “A penguin flies in the sky and overtakes other
birds. Clouds are seen in the background”

Breakthrough in generative machine learning
* generation of realistic images
mwmemem - | mage feature local and global coherence

“Albert Einstein using a mobile phone while watching TV” ° reaIiStiC image Super reSOIUtion
Deep learning for physics
Glombitza | ECAP | 07/09/26
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Large Language Models ‘\}}V T \,,E//A,;\\U

* Break through in:

Write a posm about the fascination of measuring ultra-high-energy cosmic rays usir + Machine translation
iete fuger Ghsenaten - general-purpose language

e b exanse where stare o v understanding and generation
emon e et * Based on transformer networks
AR I R s * Up to 100s billions of adaptive
B st iy parameters
Ultra-energy whispers, secrets untold, * 3M USD for model training

In cosmic rays, mysteries unfold.

In the argent fields of celestial might ¢ 400 yrS to traln On V]-OO GPU
Particles cascade, a dazzling light, , (prlCe VlOO 7,000 €)

Charged messengers from a distant realm, o ~1000 MWh for tra| n | ng

Pierre Auger's gaze, the cosmic helm.

Deep L LLMs can be helpful for you daily scientific work

Deep learning for physics (coding, phrasing, searching)
Glombitza | ECAP | 07/09/26
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Deep Learning

* Every minute:

+ Instagram users post 200,000 photos
+ Twitter users send 350,000 tweets
- Data on billion scale every day

==a==NVIDIA GPU Single Precision

== [ntel CPU Sing

= GeForce GTX TITAN 1
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Deep learning for physics
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" IvyBridge
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Physics. In the era of big data

10M
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2
M

log size (PB)

Big Data sizes
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140 M hours/day

of streaming (1 GB)

71k B e-mai
2020/10 - 2021/

5.4k PBly

3°° EBly 263 PBly

60k B spam
e- mal!s{s KB)

500 EB
(total)

@
51.1k PBly M/CCIS
60 GB/s WLCG 0
1.9k PBly transfers in 2018 .l
/. 30+ B web pages
733 PRI in 2021 (2.15 MB)

98.83 M new users
+ 1.17 M paid subs in 2020
(1.5 GB and 500 GB, respectively)

100 T objects stored
in S3 up to 2021 (5 MB)

3 YouTube

720k hours/day

of video uploaded (1 GB)

62 PBIy

Streaming Storage

* Amount increases & data get more detailed
 Data-hungry DNNs outperform classical machine learning — change of paradigm

Physics in the era of big data
Glombitza | ECAP |07/09/26

HL-LHC real

240k pics/min.
shared in 2021 data expected in 2026 JOKERVE
(2 MB)
CTAO 300 PB/y
L el 1200 PBI
: SKA
data in 2018 800 PBly 800 PB/y

HL-LHC Monte Carlo
data expected in 2026

. SWGO

252 PBly [ 240/PBly
160 PBly
3 PBly

65k pics/min. LHC Monte Carlo
shared in 2021 data in 2018 SO
(2 mB) © Luca Clissa (2023) *modified
Production L. Clissa et al., Front. Big Data 6:1271639

We need tools tailored to physics challenges!
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https://doi.org/10.3389/fdata.2023.1271639

When is it Deep? f\?“; R, ‘HE/A,;\\U

rule based system
hand designed
program learned by
machine

’

classic machine learning g

hand designed :
features mapping @

mapping

representation
learning

features mapping

o

deep learning

. more abstract
simple features

features

“It's deep if it has more than one stage of non-linear feature transformation” - Y. LeCun

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Machine Learning — Regression
* Data: {wiayi}a 1= 17 7N

A mOdel\ « Define model:
o ym(x,0) = Wz + b with free parameters 6 = (W, b)
y e < * Define objective function (loss/cost)
° e N
° ® 1
® %o dat — . 212
Y ata J(0) ~ ZZ:;[ym(azzl, 0) — vy

P - Train model (minimize objective) 6 = argmin[J(0)]
X - Optimize set of free parameters 6 = (W, b)
eg. use gradient descent

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Gradient Descent ‘\}}V T \,,E//A,;\\U

« Minimize objective function J () by updating ¢ in opposite direction of gradient
iteratively

gradient: d.J/df 00— ad—J

stepsize:  « do

* Example: linear regression with mean squared error (omitting the bias)

A A
o.o. Wt+1
dJ
y W, J(W) | v
_l>
» »
X Wi Wi W

Deep learning for physics o
Glombitza | ECAP | 07/09/26 Next iteration: t+1
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Is the loss surface always parabolic? —> >

(a) Yes, this is a general feature of loss functions!
(b) No, only for the parabolic MSE los (x-y)? (this is why it’s so nice)

(c) No, only in the special case of linear regression + MSE!

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Multidimensional Linear Models A}:, s \,,E//A,;\\U

* Predict multiple outputs y = (¥1,...,¥») from multiple inputs x = (z1, ..., Z»)
using linear function y = Wx +b

Note: We define linear = affine in this course
« Example: z € R?, y € R?

Wi Wig VV13)>< i; _|_(b1>:<y1>
War Way Was - b2 Y2

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Non-Linear Network Models

Wx + b only describes linear models
* Use network with several linear layers:

=Wz 4 pb)
y=WAR +p®
* Model is still linear!
y=w® (Wu)x n b<1>) e
y = WEOWD 4 4 @y 4 p2)

Ve

%% b

- Solution: Apply non-linear activation o to
each element — h = o(h') = c(Wx + b)

Deep learning for physics

8 Glombitza | ECAP | 07/09/26
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Activation Functions

nnnnnnnnnnnnnnnnn
ppppppp
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» Using an activation function the layer becomes a non linear mapping

- Allows for stacking several layers

Examples
* Rectified Linear Unit

adaptive parameters

Y :fa(WX +b)

output

activation input

} sigmoid |

RelLU
o(x) = max(0, ) . g
i i ~ 114 e
* Sigmoid + g
o(x) = ! % 0 A
I +e* o
* Hyperbolic tangent ¢ _{] .. ... b
et2r — 1 ‘ ‘ |
O'(:E) - 6_233 I 1 _]WXO—"_ b]_

Deep learning for physics
Glombitza | ECAP | 07/09/26
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s ... EAU
ol &= Iy r ARy A — /=
. +
K 04— = 0 X
-1 o | -1 %®
1 0 1 1 0 1 1 0 1
Wx +b Wx +b

What is a nice activation function?

(a) ReLU - since it's so simple and has a simple and constant gradient
(b) Sigmoid - it's very complex and inspired by biology

(c) Tanh - itis complex and also permits negative values

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Neural Networks

Basic unit o(Wx + b) is called nodelneuron (analogy to neuroscience)

* Strength of connections between neurons is specified by weight matrix W
* Width: number of neurons per layer

* Depth: number of layers holding weights (do not count input layer)
hidden layer hidden layer

W@, b@
n, inputs n, neurons n, neurons n, outputs

d » Deep Learning
Deep learning for physics go aeep

Glombitza | ECAP | 07/09/26
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Feature Learning ‘f}\v B \,,E//A,;\\U

Feature Hierarchy: each new layer extract more abstract information of the data.
Probabilistic Mapping: learns to combine the extracted features

Train model (to find 8 = {W;, b; } that minimizes objective) is automatic process.

hidden layer hidden layer

W(1) b‘l) W(Z) b® we), b®
. . 2
objective : J(0) = Z [Ym (24, 0) — yil
)
_ it dJ 0
iterative update OPLIIIZation - do -

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Initialization {\\?‘; B ‘;//AF\\\U

* Weights need different (random) initial values - symmetry breaking
» Scale of weights very important
+ Too large - explodi ignal '
g Xp .odl.ng S|_gna S & gradl_ents } No learning!
+ Too small - vanishing signals & gradients

* For forward pass in each layer: * For Backward pass in each layer:
Var|lx] =1 Var|lAxz;) =1
- Depends from activation function and number of in and outgoing nodes
2
Var|W] = - For tanh VarW] = ~ For ReLU
Nin —I_ Nout Glorot, Bengio Nin Heetal

* Can be sampled from Gaussian or uniform distribution (Var. scaled by factor of 3)

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Example Training Y s ,,E//A,;\\UJ

o Epoch Learning rate Activation Regularization Regularization rate Problem type
bl
000,000 0.03 - Tanh - None - 0 - Classification -

¢

DATA FEATURES + — 3 HIDDEN LAYERS OUTPUT

Which dataset do Which properties do Test loss 0.539

you want to use? you want to feed in? h @ Y= ) Training loss 0.514
) 4 neurons 4 neurons 4 neurons

O O
Ratio of training to . '_',‘:_:‘: ... .
test data: 50% . ‘.'f'g.*:x b | o
D D 5 't.o ,.; ":; :.‘
. . ®
MNoise: 0 feve e
. [} [}

Batch size: 10

—

REGENERATE

Colors shows -|
data, neuronand ' 1

weight values.

[] showtestdata [] Discretize output

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Backpropagation “,\;\V R \,,E//A,;\\U

X H} )@%@ I
i i y=oc(w-x+0) °

y -
* Network is series of simple operations (linear mappings/activations/loss ...)
» Use chain rule to evaluate gradient for each parameter . Backpropagation

for ReLU simply O or 1 ——p» O-/(fi)|5::(w-:c—|—b)

label prediction

N«

4 A\
oL O(y—19)° Oly—19)° 0y . Oo(w-z+b e
_ 0y —9)° _ 9y ~y) O oy ( ) .

input

ﬁzﬁgzr deeper models: T would be output of previous layer
° - no need to evaluate full gradient, later part already estimated

Deep learning for physics ) . !
Glombitza | ECAP | 07/09/26 - gradient is “propagated backwards
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Gradient Decent: Learning Rate

* Learning rate « determines speed of training d.J
- High rate 0—0—a—

+ poor convergence behavior or none at all / do
* Small rate Learning rate

+ Very slow training or none at all
 Typical learning rate a = 10~°

Advanced
* Reduce learning rate when loss stops decreasing
-~ Increase sensitivity to smaller scales

& too small & too large

Deep learning for physics

@2l Glombitza | ECAP | 07/09/26
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Stochastic Gradient Descent - SGD A}}V s \,,E//A,;\\U

SO W
T

/
/
/ . /f Optimum

Why Momentum
Really Works, Distill

* Use small subset (mini batch) of dataset for calculating the gradient
+ 1 epoch = full pass through training data set
* Reduces computational effort
* More updates per epoch — speeds up convergence
+ Stochastic behavior — improve generalization performance
* Batch size is hyperparameter and mostly in order of ~32

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Advanced Optimizer :\?‘Vu R, ‘,,;//AF\\\U
Momentum: Use past gradients (velocity)

* Faster convergence by damping oscillations and increasing the step size for
more informative gradients

Adaptive learning rate: Scaling using past gradients (Adagrad, Adam, Adadelta...)
» Use adaptive learning rates for each parameter

Convergence behavior of optimizers

= SGD

= Momentum

-— NAG

— Adagrad
Adadelta

JaXi),
L)

SR
i G

et—l—l _ Ht — - Zt—l—l

Deep learning for physics
Glombitza | ECAP | 07/09/26

Sebastian Ruder: http://ruder.io/optimizing-gradient-descent/

https://distill.pub/2017/momentum/
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Deep Neural Networks ‘f\;\y g \,,E//A,;\\U

Feature Hierarchy: each new layer extract more abstract information of the data.
Probabilistic Mapping: learns to combine the extracted features

Train model (to find 8 = {W;, b; } that minimizes objective) is automatic process.

hidden layer hidden layer

adaptive parameters

y :fa(WX + b)

A

output activation input

(1) b(1)
Q objective : J(0) = Z Y (24, 0) — i)
L dJ dJ

iterative updato optimization : — — 0 60— 60— a—s

do

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Machine Learning Tasks

Regression

A

) ) o

* Regression: Predict continuous label ¥
* Classification: Separate into different classes (cats, dogs, airplanes, ...)
* Can sometimes convert to the other

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Classification vs. Regression

Linear

A Y

no activation function

> 2

Minimize mean-squared-error

S )P

7

Deep learning for physics
Glombitza | ECAP | 07/09/26

Softmax

A
Y1

>
. » >

Minimize cross entropy

" yiloglym (1)

7(6)
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TensorFlow Playground - 15 Minutes f}}y s \,,E//A,;\\LUJ

Checkerboard task
* Choose the Checkerboard data set (XOR)
* What do you observe when changing the activation function?
* What do you see when inspecting the features of deeper layers?
* Choose the ReLU activation:
+ What is the minimum number of nodes / layers needed to solve the task?

UUUUUU

‘- Open the example at:
https://playground.tensorflow.org/
Deep learning for physics Bonus: Which extra feature is most useful?

Glombitza | ECAP | 07/09/26
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Model
Truth
Data

Model
Truth
Data

Generalization

|. Training, Validation, Testing
ll.Under- and Overfitting
lll.Regularization



Universal Approximation Theorem ‘\}}V g \,,E//A,;\\U

“A feed-forward network with a linear output and at least one hidden layer with a
finite number of nodes can (in theory) approximate any reasonable function to
arbitrary precision.”

* Network design considerations - feature engineering, network architecture
- Shallow networks often show bad performance - train deep models!

data

—— 100  Fit complicated function

igg - Use neural network

400 - 2 hidden layers a 30 nodes
— 500

15

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Under- and Overfitting

37

underfitting

—— Model
—— Truth
Data

* Challenging to find a good network design
* Under-complex models show bad performance
* complex models are prone to overfitting

- Model memorizes training data under loss of generalization performance

X
Deep learning for physics
Glombitza | ECAP | 07/09/26

—— Model
—— Truth
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overfitting

—— Model
—— Truth
Data



http://www.jonas-glombitza.com/

o N NS [
Generalization & Validation LaL ) RERER, \,,:/A,;\\LUJ
A complex network can learn any function, how can we monitor overfitting?

Generalization

Unknown true distribution pye(x,y) from which data is drawn.

Trained model y,,(x) provides prediction based on this limited set
- How good is the model when faced with new data?

Validation

Estimate generalization error on data not used during training.

Split data into:
* Training set: to train the network
* Validation set: to monitor and tune the training (training of hyperparameter)
* Test set: to estimate final performance. Use only once!

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Under- and Overtraining f}}v L \,,E//A,;\\LUJ

 During training monitor the loss separately for training and validation set

A Typical observation

generalization error overtraining

training steps

Loss

training set
>

Validation loss:
* is higher than training loss - generalization gap
* has a minimum - overtraining

Training loss:
* decreases

Deep learning for physics
Glombitza | ECAP | 07/09/26
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What is a clear sign of overtraining?

(a) Some large weights (they contribute most)
(b) Many average weights (all do the same)

(c) Many small values (DNN learns nothing new anymore)

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Parameter Norm Penalties Pt s,

e.g. mean-squared-error

A
Extension of loss: J = Jiask (2, 0) + Jreg. (0)
- Penalize large weights adding additional term

small decay

min J(0)

L2 norm: Jreg. (8) = M|0]|3 = (07 + 65 + ...)
« Contribution to loss dominated by largest weights Alleff3

* Decay of weights which not contribute much to the
reduction of the objective .J(#) — also called weight decay

large decay

w, A

L! norm: (lasso) Jreg. (0) = A||6]|1 = A(|61] + |02] + ...) |

* Constant shrinking of parameters >
* Allows for sparse network (feature selection mechanism)

Deep learning for physics . .
Glombitza | ECAP | 07/09/26 ElasticNet: Combination of L* and L2 norm
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D r O p O u t ‘}:}"; FOR ASTROPARTICLE ‘"E //A/=\\ U

Randomly turn of fraction Pdrop Of neurons in each training step

Typical fraction
0.2 < pdrop < 0.5

* Adds noise to process of feature extraction
* Force network to train redundant representations
* During validation and test: no dropout applied - large ensemble of “submodels”

Deep learning for physics
Glombitza | ECAP | 07/09/26
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Overtraining

Epoch
S ° " 008,373

DATA FEATURES

Which dataset do
you want to use?

Which properties do
you want to feed in?

Ratio of training to
test data: 40%

—_—
MNoise: 35
—
Batch size: 10
—_—
REGENERATE &

Deep learning for physics
Glombitza | ECAP | 07/09/26

Learning rate

0.03

+ -

4 neurons

Activation Regularization
- RelLU g None
+ — 5 HIDDEN LAYERS
+ - + - + -
5 neurons 5 neurons 5 neurons

weighis, shown by
the thickness of

the lines.

p—
ERLANGEN CENTRE E

FOR ASTROPARTICLE —

PHYSICS n— H

Regularization rate Problem type

0 b Classification »
OUTPUT
Test loss 0.279

o = Training loss 0.074

5 neurons

Colors shows

data, neuron and F J

weight values.

D Show test data D Discretize output
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TensorFlow Playground - 15 Minutes LaL ) RERER,

Checkerboard task
* Choose the Checkerboard data set (XOR)
» Set noise to 50%, choose a deep network and train for 1000 epochs

* Apply L2 regularization to reduce overfitting. Try low and high regularization
rates. What do you observe?

* Compare the effects of L1 and L2 regularization.

Open the example at:

HER
x % £E 5
¥ X s ¢
23 5
58 A
I:l I:l g3

https://playground.tensorflow.org/

EEEEEEEEEE

Deep learning for physics
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TensorFlow Playground - 15 Minutes

Solution

Deep learning for physics
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Why can’t we use the validation data set for testing?

Deep learning for physics
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Clarifying frequent misunderstandings A}}V B, \,,E//A,;\\U

* Use of activation functions - layer without activation is usually meaningless
+ sigmoid only @ last layer in classification / regression @ last layer no activation
* Universal approximation theorem is only a theoretic statement
+ even such models exists — you have to find its design & train it — not easy!
* Test and validation data are different
+ validation: tune your DNN, e.g. train 10 DNNs & compare, monitor overtraining
+ test: check after you decide for one of the 10 models - ONCE!
* Training networks is not random -, extract features out of patterns in data
+ retraining gives slightly different DNN - its feature sensitive to same patterns!
* DNNs are not the holy grail —» simple fits can outperform DNNs
+ lots of data needed, challenge has to be complex and multi-dimensional

Deep learning for physics
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5 minute break
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Jonas Glombitza —
jonas.glombitza@fau.de ‘}\>'.. ERLANGEN cENTRE ‘ — /Axlu“
PHYSICS I' h\

¢

Deep Learning for Physics Research

THIS 15 YOUR MACHINE LEPRNING SYSTET? . ]
T U AT N g Exercise class:

it apall S euld « fully-connected networks

LHAT F HE ANBLERS PRE LRONG? | « convolutional neural networks

JUST STIR THE PILE. UNTIL
THEY START LOOKING RIGHT.

Set up & Requirements:

https://bitly.cx/iHcxS & https://bit.ly/3pyXRii

we will use Jupyter Notebooks and Keras / TensorFlow
we will use Google Colab — Google Account required

https://github.com/DeepLearningForPhysicsResearchBook/deep-learning-physics


mailto:jonas.glombitza@fau.de
https://github.com/DeepLearningForPhysicsResearchBook/deep-learning-physics
https://bitly.cx/iHcxS
https://bit.ly/3pyXRii

Deep Neural Networks ‘f\;\y g \,,E//A,;\\U

Feature Hierarchy: each new layer extract more abstract information of the data.
Probabilistic Mapping: learns to combine the extracted features

Train model (to find 8 = {W;, b; } that minimizes objective) is automatic process.

hidden layer hidden layer

adaptive parameters

y :fa(WX + b)

A

output activation input

(1) b(1)
Q objective : J(0) = Z Y (24, 0) — i)
L dJ dJ

iterative updato optimization : — — 0 60— 60— a—s

do

Deep learning for physics
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2022 Machine Learning & Data Science Survey by Kaggle: library usage (N=14,531)

¢

Scikit-learn 78.47%

TensorFlow/Keras 60.90% Google

PyTorch/PyTorch 37.96%

Lightning/Fast.ai Facebook

Xgboost 30.81% Microsoft

Practice |

Huggingface 9.17%
CatBoost 8.02%
Caret | 5.65%

Other 4.27%
Tidymodels 3.76%

JAX 1.73% Google

0.00% 20.00% 40.00% 60.00% 80.00%

Deep learning for physics
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TensorFlow
“Open source software library for numerical computation <
using data flowing graphs” N
* Nodes represent mathematical operations Tensor
* Graph edges represent multi dimensional data arrays
(tensors) which flow through the graph ) () ) ()
=1
* Supports: @ . g
+ CPUs and GPUs ,(;3
+ Desktops and mobile devices -
* Released 2015, stable since Feb. 2017 -
- Developer: Google Brain W e
B —o

Deep learning for physics
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Data Preprocessing
* Input features of data set should be on same scale
+ Prevent particular sensitivity to few features
 Common normalization strategies
+ Limit range between [0, 1] or [-1,1]
- Standard normalization: u(x;) =0 & o(x;) =1
+ Whitening: standard normalization + decorrelation

original data decorrelated data whitened data

a
(] FOR ASTROPARTICLE
DUCAL PHYSICS

Deep learning for physics
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Classification vs. Regression

Linear
AV Y

/‘ T2

Minimize mean-squared-error

S )P

7

no activation function

Deep learning for physics
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Softmax

A
Y1

-
. » >

Minimize cross entropy

" yiloglym (1)

7(6)
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Metrics: Regression ‘}}V . \,,E//A,;\\U

J0) = =3Iy~ ym ()]

%

M etri CS: Minimize mean-squared-error
Bias(Y,Y)? Var(Y —Y)
Bias - Me:an ~ 2
- often part of systematic A ' A
uncertainty in experiments
MSE = + 5
e e
: ] A >
\_ Bias Y-Y ) Y -V

Resolution: ores = \/ Var(Y =)

- Resolution of an algorithms

Often used to quantify precision “Minimizing the MSE, minimizes both bias and
resolution of an estimator (your DNN)”

Deep learning for physics
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Metrics: Classification OSSN \,,E//A,;\\U

Jo) = -1 3" i loglym (@)

¢

n

Metrics: Minimize cross entropy
Accuracy: fraction of correction predictions
Better: Receiver Operation Characteristic (ROC)

Multi-class classification
— no ROC possible

Confusion Matrix

Onlv accept events above threshold Select most signal / less noise Select almost everything _
Sca% thresﬁ)}md - RoC | TPR= large, FPR=small  TPR~1, FPR~1 ! airplane =1 - acc
* Int distributi ROC Curve ' automobile 4 25 305 17 12 6 21 41 19 20 [331
.- egrate distributions o
< bird4 77 19 255 48 58 103 149 59 17 28

cat4 32 12 75 176 20 236 129 32 20 69

)
5

deer{ 47 7 130 49 200 91 162 78 14 38

truth

dog4{ 19 3 100 114 36 [353 86 39 26 35

0.4
fro g4 4 17 53 41 47 85 .20 4 31

horse 41 34 12 54 38 50 119 41 372 4 76

ECE

True positive rate (TPR)

ro.2
oo- shipq1134 34 11 14 6 22 11 16 323 205
2.5 0:0 25 5.0 UbU U.‘ZG B O.JSU 01/5 'IEIC truck i 2? 32 9 1__,’ _'! 2? 43 35 1_8 -
Classifier score False positive rate (FPR) T —00
r 2 2 8 8 2 92 8 £ ¥
g & 58 Y §§ - & 35 §F ¢
Select almost nothing 2 B 2 B
: - TPR~0, FPR~0 8
Deep learning for physics ’ ]
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Keras G

67

* Will use keras in this tutorial (TensorFlow backend) - https://keras.io

* High-level neural networks API, written in Python

* Concise syntax with many reasonable default settings

» Useful callbacks / metrics for monitoring the training procedure
* Nice Documentation & many examples and tutorials

e Comes with TensorFlow

Keras X3

Tensor

Deep learning for physics
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How to train your Model? LaL ) RERER,

=AU

|. Define Model

- Add layers, nodes, regularization, activation functions, ....)
Il.Compile Model

- Set Loss, optimizer settings and useful metrics
lIl.Fit Model

- Set number of iterations and train model on given data
tensorflow keras

layers = keras.layers

models = keras.models

hidden layer

utput layer

input layer

# setup and train a 3-layer regression network with Keras
model = models.Sequential

@ model.add(layers.Dense(4, activation="relu’, input_dim=2
model.add(layers.Dense(4, activation="relu’
model.add(layers.Dense(1, activation='linear'

@ model.compile(loss="MSE', optimizer='SGD'

w model.fit(xdata, ydata, epochs=200

Deep learning for physics
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Air Shower Reconstruction }:; B \,,E//A,;\\U

| — Primary cosmic ray

* Observatory for measuring cosmic-ray-induced air

+ 14 x 14 particle detectors, arranged
In Cartesian grid (altitude of 1400 m)

Particle cascade

+ particle detectors measure arrival time s _
of the shower and deposited energy = ©_
ﬁﬁﬁﬁ _ [ S} -
Communications antenna - E=11.4EeV, 6=56.1°, ¢ =57.2° G B 8 8 6

GPS antenna

. 4
Electronics box

. <\\\\ So?anel ¢
PMT \\ ' 0000
\~
R s#st
(1]

1
Tyvek /'*'\‘/

bag

Batteries Polyethylene tank

Deep learning for physics
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Air Shower Reconstruction - FCN

Now: OPEN tutorial at:
* https://github.com/jglombitza/tutorial_nn_airshowers
* or click and login

ZC Openin Colab
Task

* Reconstruct energy of the shower i oo
- footprint is 2D image 2 §/§
+ cannot directly be used as input

- reshape to a vector with length
(14 x 14 x 2 = 392)

* Try to reach a resolution better than 3.5 EeV

Deep learning for physics
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https://colab.research.google.com/github/jglombitza/tutorial_nn_airshowers//blob/master/fully_connected.ipynb
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https://github.com/jglombitza/tutorial_nn_airshowers

Results I

120 A

100 A

=
i
i
wy
40 1
20 4 = 0498/ EeV
o= 3298/ EeV
0
T T T T T
V] 20 40 2] B0
Eine [ EeV
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https://github.com/DeepLearningForPhysicsResearchBook/deep-learning-physics \\}i ‘ E /A\lU!I
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Tryout
Deep Learning
Yourself!

Find many physics examples at:

http://www.deeplearningphysics.org/

For example:
* CNNs, RNNs, GCNs
* GANs and WGANSs
* Anomaly detection, Denosing AEs
* Visualization & introspection and more

Deep learning for physics mamS ey
“woﬂd Scientific

DEEP
LEARNING
“PHYSICS
RESEARCH
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https://www.worldscientific.com/worldscibooks/10.1142/12294
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https://github.com/DeepLearningForPhysicsResearchBook/deep-learning-physics

