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Deep Learn i ng hellen Sonne ...
Artificial neural networks
Classification

IS everywhere

e

8 &

s,
b
_ gV

AL
Fres



Tensorflow and Co. - FRIGHTENING (')

Machine Learning is so powerful nowadays ....

With these few lines you can
classify 70.000 images from 10 classes
with 98% correctly
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mnist = tf.keras.datasets.mnist

(x_train, y_train), (x_test, y_test) = mnist.load_data()

X_train, x_test = x_train / 255.0, x_test / 255.0

model = tf.keras.models.Sequential([
tf.keras.layers.Flatten(input_shape=(28, 28)),
tf.keras.layers.Dense(128, activation='"relu’),
tf.keras.layers.Dropout(0.2),
tf.keras.layers.Dense(10, activation="'softmax’)
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Tensorflow and Co. - FRIGHTENING (')

But...
do you ...
do we ...
do they ...

... KNOW AND UNDERSTAND



From digital circuits to neural networks

Dendriten Zellkorper
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Starke der Verbindung
Synapsen

Dr. Daniel Janssen, Gymnasium Dionysianum, Rheine



Learning in neural networks
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How do neural networks learn ???

Dr. Daniel Janssen, Gymnasium Dionysianum, Rheine




Learning in neural networks
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Learning in neural networks
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Learning in neural networks
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Learning in neural networks
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Neural networks in MemBrain www.membrain-nn.de)

fzo . Binary functions
)| 0 1
x1 x2 y
0 0 0
0 1 0
1 0 1
1 1 1
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Neural networks in MemBrain www.membrain-nn.de)

real world data
(IRIS dataset)

y KeL KeB KrL KrB Y
0 0 0 5.1 3.8 1.4 0.2 0
0 1 0 5.8 2.6 4.0 1.2 0.5
1 0 1 6.3 3.3 4.1 1.3 0.5
1 1 1 6.2 2.8 4.8 1.8 1
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Neural networks in MemBrain www.membrain-nn.de)

face recognition

Dr. Daniel Janssen, Gymnasium Dionysianum, Rheine

M1
0.56
0.67
0.70
0.45

M2
0.23
0.34
0.32
0.30

M3
0.57
0.60
0.55
0.54

M4
0.23
0.44
0.47
0.65




Further information
E fX)=Y f(X)=Y
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h B L L deepdreamgenerator.com Deep Fakes

tu.be/cQ54GDm1el0
quickdraw.withgoogle.com youtu.be/cQ mie

moralmachine.mit.edu
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