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Introduction to Deep Learning
with Keras

PO&DAS 2023, Hamburg

Karim El Morabit (UHH) (karim.el.morabit@cern.ch)
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Reminder

Reminder

Maintain a professional environment in an
atmosphere of tolerance and
mutual respect.

Abstain from all forms of harassment,
abuse, intimidation, bullying and
mistreatment of any kind.

This includes intimidation, sexual or crude
jokes or comments, offensive images,
and unwelcome physical conduct.

Keep in mind that behaviour and language
deemed acceptable to one person
may not be to another.

Help our community adhere to the code of
conduct and speak up when you see
possible violations.
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The concept of Machine Learning in a nutshell Ut’:zv;:i:i:r;:::.r;;g

. : : Examples
Typical problems in science & technology + Predict the temperature based
Modelling, diagnosis/classification, pattern recognition, task on yesterday’s weather
automation, ... * Classify astrophysical objects
* |dentifty particles at colliders
Example: Modelling a physics phenomenon * Diagnose diseases
A * Speech and face recognition
1. Write a model with limited number of y = f(x|p) :
parameters
2. Measure data Liy Yi

3. Fit parameters

Introduction Page 5



The concept of Machine Learning in a nutshell
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Typical problems in science & technology

Machine learning means
Modelling, diagnosis/classification, pattern recognition, task that you don’t need
automation, ... to come up with a model:
the machine will learn

Example: Modelling a physics phenomenon how to interpret the data

~ f
1. Construct a network with a large number of Y = f(.CIZ‘ ‘ p) or you

parameters (or weights)

T s Supervised learning means

2. Measure data iy Yi

that you have a measurement
3. Fit parameters to test your predictions

Introduction Page 6



Scope of this exercise
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* Machine learning is a huge field
* We only have a very limited amount of time
* We are only going to talk about:

—  (Supervised) Deep learning

— Regression & classification

— Loss function, optimiser, learning curve,
learning rate, ...

- How to do this with TensorFlow & Keras

* There are many excellent resources available to
learn about other aspects or methods

Introduction Page 7



Practical Aspects
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For the practical exercises go to https://gitlab.cern.ch/cms-podas23/topical/keras-exercise

Follow the instructions in the README

These slides and the exercise notebooks are synchronised and should be followed together
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Introduction

This exercise is the first part of a rather dense introduction to ML with Keras+Tensorflow. There is an accompanying set of slides that is synchronised to this tutorial. You can find them
on the Indico page of the PO&DAS

This exercise was adapted from the one developed by Lisa BENATO, Patrick L.S. CONNOR, Dirk KRUCKER, Mareike MEYER, Teddy BEAR for DAS in Beijing in 2019.

What is Machine Learning?

In machine learning (ML) we try to adopt (or learn) a certain model to some data.

A very easy example is that of linear regression where we want to predict the value of a variable y from another variable x. Given some data x@, y‘” € Randi=1... Ngy, wecan
fit a regression line to the data yielding predicted values ¥):

yx)=ax+b
It is clear that this will only work well if the true relationship follows the functional form of our model.

There are two principal ways to do machine learning:

* Supervised
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What is machine learning?
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Machine learning means
that you don’'t need

_ n to come up with a model:
f(f) o § :anx the machine will learn

how to interpret the data
for you

f(x) = Z (An cosnx + B, sin n:c)

Part One: Regression Page 10



What is machine learning?

f(z) = Z anx"

f(x) = Z (An cosnx + B, sin na:)

Part One: Regression
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Machine learning means
that you don’t need
to come up with a model:
the machine will learn
how to interpret the data
for you
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What is machine learning?
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Starting point: Linear Regression

Data points $Z, yZ - R,’i — 1, oo Ndata
Model y=axr+b
Ndata
o . . ~ 2
. Minimise loss function 1mMin (y(:z;z) — yz)
a,b
1=0

Part One: Regression Page 12



What is machine learning?
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Starting point: Linear Regression

Data points $Z,yz S Rai — 17 cee Ndata
Model y=axr+b
Ndata
L . . ~ 2
- Minimise loss function 11N (y(ajz) — yz)
a,b
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What is machine learning?
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Neuron = Linear Regression + Activation function _

* Generalisation from scalar to vectors is straightforward *simplistic model for real neuron
* Neurons/nodes are connected into a neural network
* The activation function introduces a non-linearity

Neuron/node

feature output

Part One: Regression Page 14



Building a Neural Network
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Building a Neural Network
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Nag
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Building a Neural Network

Part One: Regression
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Building a Neural Network
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Building a Neural Network
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Building a Neural Network iggen Layer Output Layer = st Hanburg
Input Layer
.2’ +bY) ?j :

o/

e e
Y,

x—l—b3 Y
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Building a Neural Network

o/
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Part One: Regression
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* Capture higher order correlations with multiple layers

* But: Without activation function, the output of the whole
network is still a linear mapping

= w® 4 B

F=W®h+p®
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Activation functions

Hyperbolic tangent

+1

y = tanhx

Used to be popular

Part One: Regression

Rectified Linear Unit (ReLU)

(0 ifz <0

T otherwise

Nagh
|

\

Currently most popular
for regression
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Logistic function

1
1 4 exp (—x)

Y =

Important in classification
(see Part Two)
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Tensorflow & Keras
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TensorFlow (or TensorFly)

* One standard library

* Powerful (i.e. complicate) language

e Other examples: PyTorch (Facebook), MXNet
(Apache), Theano, ...

TensorFlow

* Wrapper for TensorFlow in Python

e Similar language to NumPy

* Originally independent, now also integrated
to TensorFlow package

. Keras

Part One: Regression Page 24

# We take the keras implementation from tensorflow
from tensorflow import keras
from tensorflow.keras import layers,models




Building a network with Keras
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model = ReLu[Ter . ReLu[Wl - x + bl] + bzl

model = models.Sequential([
layers.Dense(20, activation='relu', input dim=10),
layers.Dense(30, activation='relu')]

-

Part One: Regression Page 25




Building a network with Keras
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Features 1%layer 2" layer . Mmodel = RBLU[WZ ReLu|[W -+ bi| + bz]
A

g' A
P -

o)
3)3

A

model = models.Sequential([y \J

layers.Dense(20, activation='relu', input dim=10),
layers.Dense(30, activation='relu')]

Part One: Regression Page 26



Building a network with Keras
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Features 1tlayer 2™ layer . model = RBLU[Wz ReLu|[W -+ bi| + bz]
A
@ z+bY > gl A
T
« 10 features
F@ -5+ » 2| « | 20 nodes in the first layer
* 30 nodes in the second layer
A
IGRESY S »
A A A
model = models.Sequential([y \/

layers.Dense(20, activation='relu', input dim=10),
layers.Dense(30, activation='relu')]

B

Part One: Regression Page 27




Counting the model parameters

Layer (type) Output Shape Parai
dense_ 1 (Dense) (None, 20) 220
dense 2 (Dense) (None, 30) 630

Total params: 850
Trainable params: 850
Non-trainable params: 0

model = models.Sequential([
layers.Dense(20, activation='relu', input dim=10),
layers.Dense (30, activation='relu')]

Part One: Regression

UH
m
LY Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

model = ReLLu [I/Vz : ReLu[I/V1 - X+ bl] + b2]

139923538068752

l

input: | (None, 10)

dense_1: Dense

output: | (None, 20)

input: | (None, 20)

dense_2: Dense

output: | (None, 30)
mnput: None, 30
dense_3: Dense P ( )
output: | (None, 1)
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Counting the model parameters

model = ReLu|W, - ReLu[I/V1 - X+ bl] + b,

e——

I A
A
Layer (type) . outeut Shape | ____2r (10 features + 1 bias) x 20 nodes
dense 1 (Dense) (None, 20) 220 -«
dense 2 (Dense) (None, 30) 630 -

-T-::z?=::?:;:T:;;;:::::::::::::::::: ==== 1111 (20 feat ureS _|_ 1 bias) >< 30 nodes
Trainable params: 850
Non-trainable params: 0

model = models.Sequential([ 139923538068752
layers.Dense(20, activation='relu', input dim=10), l
layers.Dense (30, activation='relu')]

-:' dense_1: Dense input: | (None, 10)

output: | (None, 20)

input: | (None, 20)

dense_2: Dense

output: | (None, 30)

input: | (None, 30)

dense_3: Dense

output: | (None, 1)

Page 29
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Counting the model parameters ;;:iv;;igi:”;;:,':;;%

model = ReLu|W, - ReLu[I/V1 - X+ bl] + b,

e——

I A
A
Laver el o outeut Shape ____2r (10 features + 1 bias) x 20 nodes
dense 1 (Dense) (None, 20) 220 -«
dense 2 (Dense) (None, 30) 630 -

-T-::z?=::?:;:T:;;;:::::::::::::::::: ==== — (20 feat ureS _|_ 1 bias) >< 30 nodes
Trainable params: 850

Non-trainable params: 0

model = models.Sequential([ 139923538068752
layers.Dense(20, activation='relu', input dim=10), l
layers.Dense (30, activation='relu')]

-:' dense_1: Dense input: | (None, 10)

output: | (None, 20)

input: | (None, 20)

dense_2: Dense

output: | (None, 30)

Y

input: None, 30
deEL add (Layerﬁ -DE”SE(I) } | | dense_3: Dense by (None, 30)

output: (None, 1)

Part One: Regression Page 30



Training the model

Example: mean-square error (MSE)
Ndata
. ~ 2
min (y(:l;z) — yz)
w;, —0

Part One: Regression
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model = ReLu [W’z - ReLu [W1 - X + bl] + bz]

139923538068752

l

input: | (None, 10)

dense_1: Dense
output: | (None, 20)
input: | (None, 20)

dense_2: Dense
output: | (None, 30)
input: one, 30
dense_3: Dense P @ )
output: | (None, 1)
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Training the model

model = RelLu [Wz : ReLu[W1 - X + bl] + bg]

139923538068752

l

input: | (None, 10)

dense_1: Dense

output: | (None, 20)

input: | (None, 20)
output: | (None, 30)

l

input: | (None, 30)

dense_2: Dense

dense_3: Dense
output: | (None, 1)

Example: mean-square error (MSE)
* To train the network we also need some labeled data
Ngata ) (data where we know the true output values)
. ~ * In HEP most often from MC simulation
I?Ulil (y(:vz) yz) * So let’s simulate some datal!
1
=0

Part One: Regression Page 32



Toy example
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10
Generate randomly 10k events of 10-tuples, such that . 2
Yy = s1n E Ly

. k=1
import numpy as np

# We create 10000 random vectors each 10-dim

N samples=10000 T € [O, 1)
N in=10

# A matrix N samplesxN in, uniform in [©,1)
X _train=np.random.rand(N samples,N in)

# Sum of squares along N in

z = np.sum( np.square(x train),axis=1)

y train = np.sin(z)

Part One: Regression Page 33



Toy example 2 s pamirg

10
Generate randomly 10k events of 10-tuples, such that . 2
Yy = S1n E L
k=1

import numpy as np
# We create 10000 random vectors each 10-dim
N samples=10000 T © [O, ].)
N in=10
# A matrix N samplesxN in, uniform in [0©,1)
- x_train=np.random.rand(N samples,N in)
# Sum of squares along N in
z = np.sum( np.square(x train),axis=1)
y train = np.sin(z)
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Toy example
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10
Generate randomly 10k events of 10-tuples, such that . 2
Yy = S1n E L

k=1

import numpy as np
# We create 10000 random vectors each 10-dim
N samples=10000 T € [O, ].)
N in=10
# A matrix N samplesxN in, uniform in [0©,1)
- x_train=np.random.rand(N samples,N in)
# Sum of squares along N in
z = np.sum( np.square(x train),axis=1)
y train = np.sin(z)

10 1 10 10 10 10 1 10

05+ 05 A 05 05 05+ 05 A

00 A 00 00 0o 00 A 00

sin(¥*)

= —0.5 4 -0.5 -0.5 -0.5 -0.5 4 —0.5

-1.0 -| T T T T T -1.0
0 1 o 1 o 1 o 1
Xa X1 Xz X3 Xy

-1.01, | 1.0
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Toy example

Generate randomly

10k

import numpy as np
# We create 10000 random vectors

each 10-di

N samples=10000

Lm

events of

10

-tuples, such that

UH
n Universitéf
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10
. E 2
Yy — S1i :Ijk
k=1

Hamburg

| DER BILDUNG

N_in=10

- x_train=np.random.rand(N samples,

# A matrix N samplesxN in, uniform in [0©,1)

T € [O, 1)

N in)

# Sum of squares along N in

z
y train

np.sin(z)

np.sum( np.square(x train),axis=1)

 Now we need a way to fit a large
number of parameters

Part One: Regression

10 1
05+
00 A

sin(¥*)

= —0.5 4

=1.0 1

Xo

10
05 A
00
-0.5

10
05
00
-0.

10
05
0o

5 -0.5

1 -10

X1

0 1 0

Xz X3

1

10 1
05+
00 A
-0.5 4

10
05 A
00
—0.5

=1.0 1

| 1.0

25 50

X3
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Network optimizer and compilation

from tensorflow.keras import models, layers, losses, optimizers
from time import time
model = models.Sequential(

UH
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[
layers.Dense(20, activation='relu', input dim=10)<®
layers.Dense(30, activation='relu'),
layers.Dense(1)

]

)

optimizer = nptimizers.SGD(Lr=9.91H

model.compile(optimizer=optimizer,loss='mse')

Part One: Regression

> 10
o E 2
y—Sln .fljk
k=1

Tk € [O, 1]
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Network optimizer and compilation

>10
. . o 2
from tensorflow.keras import models, layers, losses, optimizers Yy — S111 CIfk
from time import time
model = models.Sequential( k=1
[ A
layers.Dense(20, activation='relu', input dim=10)-%
layers.Dense(30, activation='relu'), Lk < [07 1]
layers.Dense(1) loss
] Optimiser:
) Stochastic
optimizer = optimizers.SGD(1lr=0.01)| =« —p :
P P ( ) Gradient
model.compile(optimizer=optimizer,loss='mse"') Descent
1 - W
ol ‘ 0loss
Wit = Wy — D x l.r.
Wi

* The minimisation of so many parameters is performed jteratively (“descent”)
* Use the gradient of the loss function w.r.t. NN parameters
e Stochastic means that only a subsample of the data is used at each iteration
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Network optimizer and compilation

>10
. . o 2
from tensorflow.keras import models, layers, losses, optimizers Yy — S111 CIfk
from time import time
model = models.Sequential( k=1
[ A
layers.Dense(20, activation='relu', input dim=10)-%
layers.Dense(30, activation='relu'), Lk < [07 1]
layers.Dense(1) loss
] Optimiser:
) Stochastic
optimizer = optimizers.SGD(lr=0.01)| =« > :
P P | | Gradient
model.compile(optimize r=uptimi§er, loss='mse') Descent
I A
Learning \ —i » W
~ rate TS o
_ Wit1 = Wi = 5 x 1.r.

* The minimisation of so many parameters is performed jteratively (“descent”)

* Use the gradient of the loss function w.r.t. NN parameters
e Stochastic means that only a subsample of the data is used at each iteration
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Network optimizer and compilation

> 10
: . o 2
from tensorflow.keras import models, layers, losses, optimizers Yy — S111 QCk
from time import time
model = models.Sequential( k=1
[ s
layers.Dense(20, activation='relu', input dim=10)-
layers.Dense(30, activation='relu'), Lk S [07 ]‘]
layers.Dense(1) loss

]

)
optimizer = Dptimizers.SGD[1r=@.@1H-<

mndel.cnmpile{Dptimizer=nptimiﬁer,1055='mse'}

:

x l.r.

- 4

f

* The minimisation of so many parameters is performed jteratively (“descent”)
* Use the gradient of the loss function w.r.t. NN parameters
e Stochastic means that only a subsample of the data is used at each iteration
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Training and the loss curve

histObj = model.fit(x train, |y train,

.

batch size=32,

epochs=10)

: :

\

Batch size

Size of the sample
used by the optimiser

¢ Too small = slow

Learning rate

Internal parameter

* Too high = may diverge

convergence

6ptimizer = optimizers.SGD(

Part One: Regression

v

Number of epochs

Number of times
that the whole sample

will be used
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10
— sin E T3
k=1

< [0,1)

1r=0.01)

Learning Curve

Loss value along
epochs

(see also Part Two!)

Model loss

epoch
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How to get a good prediction? “"1V,,i;i:?;:,”[:::.3,"u;§

100

075

050

025
u

000 4
&

—0.50

—0.75 1

—1.00 A

10
o E 2
Yy = Ss1n L.
k=1

Tk € [O, 1)
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Part 2 - Classification
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Classification
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Activation function
Y = 0,1 For last node/layer:
Logistic function

2. Probabilist prediction U € [O, 1] f( ) 1
€T ) —
1 4 exp (—x)

1.Discrete class labels

_// 0

* we discuss later on multi-classification
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Loss function: cross entropy

1. Discrete class labels yr = 0,1

2. Probabilist prediction ?) - [07 1]

Bernoulli trial Jacob Bernoulli 1654-1705
—» two possible outcomes P, q ‘p T q = 1
Nbatch Nbatch
L= H §(wk) - H (1—9(zx))
k in class 1 k in class 0O

—» Cross entropy is found from this likelihood

Part Two: Classification Page 45



Loss function: cross entropy

1. Discrete class labels yr = 0,1

2. Probabilist prediction (TS [O, 1]

Bernoulli trial B Jacob Bernoulli 1654-1705
—» two possible outcomes pb,q ‘p + 9= 1

Nbatch

L= H (yk J(zr) + (1 — ) - (1 -

normalisation <l

1
- — log L =
Nbatch

Part Two: Classification

Cross-entropy

(2)))

nbatch

MNbatch

Z (yk log (9

(wx)) + (1 = yi) log (1 = z?(:vk)))
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Loss function: cross entropy

entropy = /p(x) log (p(z))dx

cross-entropy = / q(x)log (p(x))daz

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

1 1 TMbatch

Nbatch Nbatch 1

log £ = Z (yk log ('tj(wk)) + (1 — yk) log (1 - g)(mk)))

Part Two: Classification
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Loss function: cross entropy

entropy = /p(x) log (p(z))dx

cross-entropy = / q(z)log (p(x))dx

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

data prediction
]_ 1 Mbatch | |
Mbatch Nbatch ; yk log (§(zx)) + (1 — yk) log (1 — §(z))

Part Two: Classification
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Loss function: cross entropy

entropy = /p(:z;) log (p(z))dx
cross-entropy = / q :z:;log p(x))dx
1 | "batch '
Nbatch log £ = Nbatch kzgzl vk log (§(zx)) + (1 — yi) log (1 — gz ]))

Part Two: Classification
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Toy Example

’—WIG
import numpy as np p 10
# We create 10000 random vectors each 10-dim 1 if sin Z CL‘Z > ()
N samples=10000 Q — < k=1"k =
N in=10 .
# A matrix N samplesxN in, uniform in [0,1) — \O otherW1se
X _train=np.random.rand(N samples,N in)
# Sum of squares along N in
Z = np.sum( np.square(x train),axis=1)
y train = (np.sin(z) >= 0).astype(np.int32) Recycle the example from Part One
Tlbatch
1 1 . R
log £ = E yr log (§(zx)) + (1 — yx) log (1 — §(zx))
Nbatch Nbatch 1
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Toy Example

’—WIG
import numpy as np , 10 5
# We create 10000 random vectors each 10-dim ) 1 if sin Zk—l X3, > ()
N samples=10000 Y = % — —
N in=10 .
# A matrix N samplesxN in, uniform in [@,1) — \() ()tkHBIVVlSEB
X _train=np.random.rand(N samples,N in)
# Sum of squares along N in
Z = np.sum( np.square(x train),axis=1)
y train = (np.sin(z) >= 0).astype(np.int32) Recycle the example from Part One
model = models.Sequential (
[
layers.Dense(100, activation='relu', input dim=10),
layers.Dense(100, activation='relu'), D
layers.Dense(1, activatinn='sigmoiﬂ'} ﬂgﬂ’ﬁg#g?ﬁﬁ
optimizer = optimizers.Adam() —— ’
model.compile(optimizer=optimizer,loss='binary crossentropy', metrics=['acc'])
1 1 Tbatch
A A
log £ = E : (yk log (§(zx)) + (1 —yx) log (1 — y(‘”k)))
Npatch Nbatch ;7
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Validation sample Ut’:zv;::i: Hambur

( e 10
) 1 ifsind,—, 2% >0
model.summary () Y = < —
0 otherwise
Layer (type) OQutput Shape Param # \
dense (Dense) (None, 100) 1100
dense 1 (Dense) (None, 100) 10100
dense 2 (Dense) (None, 1) 101

Total params: 11,301
Trainable params: 11,301
Non-trainable params: ©

mndel.fit{x_train, y train, batch size=256, epochs=25, halidatinn_split=ﬂ.2}

Page 52
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Loss and accuracy

correctly classified data

accuracy =

all data

histObj.history.keys()

[

UH
m
LY Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

1 1fsmzk L 27 >0

0O otherwise

f

Nag)
|

\

* With too few parameters, the NN may

not be able to model the

data.

Epoch

Part Two: Classification

Epoch

‘acc', !loss', 'val acc', 'val loss'] :
* With too many parameters, the NN
may start memorising the training data.
Model accuracy model_output loss J
e —— — Train|
06 Test
0.5 1
S
Test 5
0.3 1
0.2 ——
R s
é lh 15 Eh 25 5 lh lé Eh iﬁ
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Loss and accuracy

correctly classified data

accuracy =

all data

histObj.history.keys()

UH
jﬁ
LY Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

f

1 1fsmzk L 27 >0

0O otherwise

Nag)
|

\

* With too few parameters, the NN may

['acc', 'loss', 'val acc', 'val loss'] not be able to model the data.
T B * With too many parameters, the NN
may start memorising the training data.
Model accuracy model_output loss J
035 e —
0.90 -_F 0.6 1 Test
0.85
0.5
0.80 —
0.75 B E 0.4 P -
~ Q:when should one
e i inina?
o - . Interrupt training
0.55 e ——— -
IZI:I 5 1;3 1:3 EIU 2:5 D 5 1;3 1I5 2;2] 2I5 -
Epoch Epoch

Part Two: Classification
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Loss and accuracy

UH
m
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correctly classified data

1 1fsmzk L 27 >0

0O otherwise

Nag)
|

accuracy =

all data \

histObj.history.keys()

[

‘acc', !loss', 'val acc', 'val loss']

* With too few parameters, the NN may
not be able to model the data.

* With too many parameters, the NN
may start memorising the training data.

Model accuracy

_._,.—'——'—'_—
-
Test
5 10 15 20 25

Epoch

Part Two: Classification

Loss

0.6 1

05 A

04

03 A

0.2 A

model_output loss J
— Train]

Test

- Q: when should one N
- interrupt training?

Epoch



Loss and accuracy

accuracy =

I:orrectly classified data |

all data

histObj.history.keys()

* With too few parameters, the NN may

not be able to model the

UH
m
LY Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

if szk L 27 >0

otherwise

Nag)
|

data.

['acc', !loss', 'val acc', 'val loss'] _
* With too many parameters, the NN
may start memorising the training data.
Model accuracy model_output loss J
0.95 e ——— — Train|
0.90 06 Test _v
0.85 o ®
0.5 1 [

0.80 -
y Q: when should one |
0.65 - -
o . N \ Interrupt training? 4
0.55 T —. - —

0 5 10 15 20 25 0 5 10 15 20 25 S

Epoch

Part Two: Classification

Epoch



The NN outputs a score for belonging to
class ,signal” or not (class ,background)

To make a decision we need to choose a
threshold of that score

Key quantities: _A X
FN

* True Positives (TP) * Purity/Precision = TP/(TP+-): How pure is the sample predicted as signal?

* False Positives ( ) * True Positive Rate/Sensitivity/Efficiency/Recall = TP/(TP+/ |): What fraction of the

signal is classified correctly?

* True Negatives (TN) +  False Positive Rate = /(7 +TN)

* False Negatives ( ) * Accuracy = (TP+TN)/(TP+-~+TN+" ): What fraction of all data is classified
correctly?

25
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* Overall performance of a classifier is usually visualized
using the ROC curve:

* Scan all possible thresholds and evaluate True
Positive Rate and False Positive Rate

* Plot one as a function of the other

* Area under the curve (AUC) often quoted as

performance metric .  is=13Tev
% CMS Simulation Rreliminary. e ;/,'
o tt events 77
. . . " gn g AKdjets (p,.2.30.GeV. iyt //
* ROCs can aide in choosing a classifier and threshold S il :" ]
| —— DeepCsV phase 0 S % / /
. . - Ve,
* Note: Sometimes ROCs of different classifiers cross I e , ,
each other -> they are better at different TPR regions S /
o ’ p /

01 02 03 04 05 06 07 08 09 1
b jet efficiency
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Multiclass classification

RRRRRRRRRRRR | DER LEHRE | DER BILDUNG

If there are more than 2 classes, we need to extend some of the concepts given above

Pedagogical examples
* |dentify hand-written numbers
* Recognise clothes from catalogue

&
“”

4 o
=] = E
= E El
& z g
=3 B
] P
H
5
g
- i -
o 4 wF‘é )
=4 = % 1
g | g
1

eeeeeeeeeeeee

ooooooooo

rrrrrrr

Wh 0 NNW Sy W
~“ ANWWoNID L
NI P—-D IO
RNCOCRIORNRLA~ N
AoNGWwes o
YRAPAMPDPDRN &N
WwWw-s LWL YO L x

rrrrrrr
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Multiclass classification

RRRRRRRRRRRR | DER LEHRE | DER BILDUNG

If there are more than 2 classes, we need to extend some of the concepts given above

Pedagogical examples Categorical cross-entropy* (CCE)
* |dentify hand-written numbers

* Recognise clothes from catalogue

Just generalisation to multi-nominal case

*we skip the mathematical details

&
"

5 o
=] = 5
H o 2
g z g
g L]

] P

S

5

g

. "l E

g 3 élt% -

g & 5 g

g | g

eeeeeeeeeeeee

Softmax activation function

s EXP 2k
fk(z) — K
Zk:1 €XP 2k

ooooooooo

rrrrrrr

Wl 0 NN W o e
~“ ANwWwWhWoN30 L

NOCARNORQLN ~ Ko
AoNblGhwes U,

YRAJPAMP%N &N
WW-sL LGN YO LN

rrrrrrr
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Example: Fashion MNIST @
X
- o
All pictures are 0
prepared T-shirt/top ™
import tensorflow as tf In a comparable - >
dataset = tf.keras.datasets.fashion mnist and simp|e format _
28 pixels
(x_train, y train),(x test, y test) = dataset.load data()
print(x_train.shape) —p» (60000, 28, 28)
print(x _train.dtype) ——» uint8

X train, x test = x train / 255.0, x test / 255.0

rrrrrrr

5 7 El 5
=] = El < =
P m E g "
I 2
] T 5 & g

g8 g & g

rrrrrrr
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Example: Fashion MNIST

import tensorflow as tf

dataset = tf.keras.datasets.fashion mnist and simple format

(x_train, y train),(x test, y test) = dataset.load data()

print(x_train.shape)
print(x _train.dtype)

X _train, x test = x train / 255.0, x test / 255.0 =

rrrrrrr

3 Py s z
=1 = E c =
rn L] I 5] L]
b g & 5 T

g i & g

-3 B8 =3

rrrrrrr

Part Two: Classification

28 pixels

All pictures are
prepal‘Ed T-shirt/top
In a comparable B

DS

28 pixels

D45 -

—p» (60000, 28, 28) o420 S
——» uints8

D=5

loss

D25

O 2

modell = tf.keras.models.Sequential([

layers.Flatten(input shape=(28, 28)), ° 2
layers.Dense(512, activation='relu'), accuracy
layers.Dense(512, activation='relu'),
layers.Dense(10, activation='softmax"') Hf#ff’—'”fgﬂf#jfff
1)
modell.summar —N e
y() N

modell.compile(optimizer="adam',
loss='sparse categorical crossentropy',
| metrics=["'acc'])

reeh Page 62



Example: Fashion MNIST

DER FORSCHUNG | DER LEHRE | DER BILDUNG

Reminder
* With too few parameters, the NN may not be able to model the data.
* With too many parameters, the NN may start memorising the training data.

from tensorflow.keras import models, layers, losses, optimizers, regularizers

Weight regularisation Batch normalisation Dropout
Constrain weights in Normalise the data Remove randomly a
successive layers with between the layers and certain number of
penalty term in the loss for each batch nodes from iteration to
iteration
kernel regularizer= layers.BatchNormalization() layers.Dropout(rate=0.3)
=regularizers.12(0.0001)

;'/\\Play with them!//
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Summary
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Summary

Covered
e Supervised learning
Dense neural network
 Activation function
* RelLU
e Softmax
* Node/neuron
* Layer
Optimiser
« SGD
 Adam
Monitoring
* Learning curve
* Accuracy
Control sample
Regression
Classification

Summary

Not covered

Convolutional NN (CNN)
Generative NN
Auto-encoders

Initial value for the weights
Backpropagation
Callbacks

Unsupervised learning
Alternative libraries
Data preprocessing
Input normalisation
Regularisation
Overfitting mitigation

UH
jﬁ
LY Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

from tensorflow.keras import models, layers, losses, optimizers
from time import time
model = models.Sequential(
[
layers.Dense(20, activation='relu', input dim=10),
layers.Dense(30, activation='relu'),
layers.Dense(1)
]
)

optimizer = optimizers.SGD[Lr=0.91H

model.compile(optimizer=optimizer,loss='mse')

1

)
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Why Python?

300

100

50
30

10

program CPU time / Fastest CPU time

* Not always the fastest language itself -«

@ oython’

[ ]

* No need to worry about pointers, references, etc.

 Powerful libraries and interfaces

How many times slower?
+ b e = ] ] =4 =t m i1 e w m] — ) —
+ -\..! w o Ll i o I-_ = = :':I = 3 E l D
o5& z E T2 283888, 80«
+ L W w - & - 53 © F =
U W N om - & o B ow g ow ¥ € @
5 2 o B 5 J 5 B E @ Z g g ¥ S

e e & 3 O " s B . F T E
- I 3 U @ & 58 o 8 o 6 0 v <
Ly = £ % S & o &8 & 8 ¢ E Y 3
= ; 9 = 2 & % g J v 5 £ = =
* O & o © L = L 2w TR o=
3 ek £l - b .__J- .\ @x x g =

5 e

4

benchmarks game

Back-up

27 Aug 2018 ugdq

program CPU time / Fastest CPU time

300

100

50
30

10

But Simple programming syntax (close to human language)

s Node js
rc

H =~
'_D}"" TypeScript TypeScript

dicket Racket Racket
dart Dary Dart Da

How many times slow ev?

i’ PHFP PHP

i Hack Hack

i

mallka

b

el Trufd e Rubyy

a Lua

s LLAGLE.

f——— =i I Erlamg HiPE

| e LT
] ; ) Lu
essnin] | 11|

benchmarks game

27 Aug 2018 ugdq
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Building a Neural Network

Node or neuron Layer Network

bias activation

/ function

N
N k N
y=1F w xr + b X
(Z ) o= (zwfw-

Part One: Regression




Bias parameters: ReLU

* Th diti
e condition f(:v)={0 forz < 0

deflnes.a cut | r forz >0
on the input variable x

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

« Instead of cutting on x, >x_,
we scale x, by w and shift the input

distribution bv b:
/ (wajin T b)

*  “We move the distribution to the cut”

* In aRelLU layer the bias defines the scale

DESY. Back-up

12_
\ 10|
F

RelLU

-

|IIIIIII|IH|YIIllHlllll

Page 69



Activations and linearity

Back-up
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Activations and linearity

Back-up

RelLU

RelLU

RelLU

—);

RelLU

RelLU

RelLU

—),

UH

ij-i . g e

Lol Universitat Hamburg
DER FORSCHUNG | DER LEHRE | DER BILDUNG

2X3

~ =
7 = W F(V F(UR))
N~ N ———
2% 1 3X3  3x1

with F'(X) := [F(xz)}
i.e. F applied to each component of X
and F=ReLU
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ReLU as logic gate

HUNG | DER LEHRE | DER BILDUNG
w,=w,= 1/2 :D_

All Kinds of can data manipulations
can be realize by ReLLU networks

negative weight — logic not

Back-up Page 72



Universal Approximation

RSCHUNG | DER LEHRE | DER BILDUNG

#@ReLU n

b = 2ooof—
) | , isoo— *  All kinds of data analysis
: 1e00  chains can be realize by
1200f-  RelLU networks, and all fits
Wy 10 Wy 10 1200~ (aka regression)
ey Example 1000~ * A neural network is a
* » o  Universal Function
b1o f(on) ~ 2 so-  Approximator
4oof—
2002—
{wl,l,.. wllo}:{llllllllll} 0—'(')"'2" 4 s 8 10

{wa1,...,wa10} = {1,2,4,8,16,32,64,128, 256, 512}
{br,oo . byobt = {0,—1,—2,—3 —4,—5 —6,—7, -8, —0}
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Loss minimisation

loss(y,§) = (§ —¥)* wn
S’ — W2 F( W1 X)
m X1 mXh hxn nxl1

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

0y —y)°

Oloss
= ()
= W

ow; [

=2(y —y)

|
 Equation to be solved for W, ,

* Chain rule — from the end to the beginning

Back-up

3}7 L 0 E.g. for W, -
8W7 - Similar for W,
oy OF(z)
= W.
an : Ei?z ®

niversitdit Hamburg
NG | DER LEHRE | DER BILDUNG
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Loss minimisation

DER FORSCHUNG | DER LEHRE | DER BILDUNG

* The previous chain rule calculation is known as

Backpropagation
- | Oloss =
* The deviation between true and estimated y, Aloss (5}) ~ AW
i.e. the loss, is back-propagated to a linear change of the (’)
weights.
* Invented by different people in the 1960/70s We calculate a gradIent with

respect to the weights/biases
* NB: The chain rule creates a chain of factors that can be P g

evaluated numerically

Oloss(y,y) Oloss(y,y) 0y O0F(z) 0z

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

Back-up Page 75


https://en.wikipedia.org/wiki/Backpropagation
https://en.wikipedia.org/wiki/Matrix_calculus

Automatic differentiation

* 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

computational graph

=wl * a
= W2 * a

(w3 * b) + (w4 * c)
f(d)

DESY. | Intro NN | Dirk Kriicker

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
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Gradient descent and learning rate

DER FORSCHUNG | DER LEHRE | DER BILDUNG

dloss
Aloss(y) ~ —— AW
oW
lqgs
Weiaht
— - W
/ \ dloss .
Wit1 = Wj — - X learning rate

Wi
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Adam Optl m |Zer i'h‘ Universitat Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

Algorithm 1: Adam, our proposed algorithm for stochastic optimization. See section 2 for details,
and for a slightly more efficient (but less clear) order of computation. g7 indicates the elementwise
square g; © g;. Good default settings for the tested machine learning problems are a« = 0.001,
B1 = 0.9, B2 = 0.999 and € = 10~°. All operations on vectors are element-wise. With 5% and /3%
we denote (31 and 35 to the power ¢.

Require: «: Stepsize
Require: (3, 32 € [0,1): Exponential decay rates for the moment estimates
Require: f(0): Stochastic objective function with parameters 6
Require: 0: Initial parameter vector
mo < 0 (Initialize 1°* moment vector)
vo < 0 (Initialize 2™ moment vector)
t < 0 (Initialize timestep)
while 6; not converged do
t<—t+1
gt < Vo fi(0:-1) (Get gradients w.r.t. stochastic objective at timestep t)
ms < B1-me_1 + (1 — B1) - g: (Update biased first moment estimate)
v < Bo v + (1 — Ba) - gf (Update biased second raw moment estimate)
myg < my /(1 — %) (Compute bias-corrected first moment estimate)
vy < v/ (1 — B%) (Compute bias-corrected second raw moment estimate)

0 < 0;—1 — o -y /(\/0¢ + €) (Update parameters) Overview: https://arxiv.org/abs/1609.04747

end while , Seminal paper by LeCun (1998)
return 6; (Resulting parameters)

Back-up Page 78


https://arxiv.org/abs/1609.04747
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf

UH
GPU
s La¥ Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

GPUs for video games can be used for DL

Applications

3D graphics
Cryptocurrencies
Vectorial calculation
Deep learning

from tensorflow.python.client import device lib
import tensorflow as tf

print(tf. version )
print(device lib.list local devices())
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Introduction to Deep Learning with Keras

References

Good for a quick intro

First contact with
Deep Learning

Practical introduction with Keras *

Jordi Torres™ . - * - [ Wach Thes Space |

DESY. Part One: Regression

Similar style,

but

many more details

Dee
Learning
Cookbook

PRACTICAL RECIPES TO GET STARTED QUICKLY

Douwe Osinga

Amazon reference THE standard reference

\ TS O, Y
[ ARSI NSy e T Nt % e

«|Diveinto [ =

Aston Zhang, Zachary C. Liptfm
Mu Li, and Alexander J. Smold,

S SRS
_,,?’

... .and many more, also for free & online!
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