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Cémo la maquina ve una imagen

1D TENSOR/ 2D TENSOR / 3D TENSOR/
VECTOR MATRIX CUBE

4D TENSOR 5D TENSOR
VECTOR OF CUBES MATRIX OF CUBES

Una imagen...

...es una matriz de pixeles.
El valor de los pixeles va de 0 a 255 pero se normaliza para la red
neuronalde O a 1




Y el color
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convl

conv4

28 x 28 x 512

56 x 56 x 256

-
11/x 112 x 128

LU
224 x 224 x 64

14 x 14 x 512

:Codmo entiende la imagen?

ve

La capa convolucional y las dimensiones

convs

fc6 fe7 fc8

1x1x4096 1x1x1000

Tx 12512

@ convolution+ReLLU
max pooling
@ fully connected+ReLU
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¢ Qué hace una Convolucion?

ve

Extraer caracteristicas de una imagen usando las dimensiones y compresion
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Ali, M. S. (2022, 28 junio). Flattening CNN layers for Neural Network and basic concepts. Medium. https://medium.com/@muhammadshoaibali/flattening-cnn-layers-for-neural-network-694a232eda6a



// ¢Mantengo el tamafio? ) 7~
Padding

Kernel
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Ali, M. S. (2022, 28 junio). Flattening CNN layers for Neural Network and basic concepts. Medium. https://medium.com/@muhammadshoaibali/flattening-cnn-layers-for-neural-network-694a232eda6a



¢Mantengo el tamano?
Padding

Ali, M. S. (2022, 28 junio). Flattening CNN layers for Neural Network and basic concepts. Medium. https://medium.com/@muhammadshoaibali/flattening-cnn-layers-for-neural-network-694a232eda6a
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https://setosa.io/ev/image-kernels/
https://deeplizard.com/resource/pavq7noze2

SR |

mE

Shafkat, 2018. Acceso el 4 de Enero 2019. https://towardsdatascience.com/intuitively-understanding-convolutions-for-deep-learning-1f6f42faee1
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¢Hay otras técnicas?

Output

maxpool B 6
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Shafkat, 2018. Acceso el 4 de Enero 2019. https://towardsdatascience.com/intuitively-understanding-convolutions-for-deep-learning-1f6f42faee1



Strided convolution

cHay otras técnicas?
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Aplanar para decidir
flatten

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution A /—M
(5 X 5) kerr.lel Max-Pooling (5 = 5) kerr.lel Max-Pooling (with
valid padding (2x2) valid padding (2x2)

-7 \\dropout)

INPUT nl channels nl channels n2 channels n2 channels E \‘ 9
(28 x 28 x 1) (24 x 24 x n1) (12x12xn1) (8x8xn2) (4 x4 xn2)

"/ ~ ouTPUT

n3 units

Ali, M. S. (2022b, junio 28). Flattening CNN layers for Neural Network and basic concepts. Medium. https://medium.com/@muhammadshoaibali/flattening-cnn-layers-for-neural-network-694a232eda6a



Aplanar para decidir ) 7~
flatten

Flattening

Pooled Feature Map
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Ali, M. S. (2022b, junio 28). Flattening CNN layers for Neural Network and basic concepts. Medium. https://medium.com/@muhammadshoaibali/flattening-cnn-layers-for-neural-network-694a232eda6a



7 = Visualizamos una red “
neuronal covolucional

https://adamharley.com/nn_vis/cnn/2d.html



https://adamharley.com/nn_vis/cnn/2d.html
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Z =" El nacimiento de la IA Y

Generativa en imagenes

A

14x14x32

14

Conv1
stride =2

1152
0
Tx7x64
3x3x128
Conv3
Conv2 stride=2
stride=2 =1
Flatten

10

1152
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FC

AutoEncoder

Tx7x64
3x3x128
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Reshape :
DeConv3
stride=2

14x14x32

DeConv2
stride=2

DeConv1
stride=2



Comprimir y visualizar:

el cuello de botella
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Calvo, J. (s. f.). El espacio latente en la IA — Blog Europeanvalley. https://www.europeanvalley.es/noticias/el-espacio-latente-en-la-ia/



De copiar a generar algo
nuevo: El espacio latente

Calvo, J. (s. f.). El espacio latente en la IA — Blog Europeanvalley. https://www.europeanvalley.es/noticias/el-espacio-latente-en-la-ia/



< =" De un valor determinista 22
= a un valor estocastico ¢

Sample
AN N

Output
"If“ [0.1,1.2,0.2,0.8,...]
Output
[0.2,0.5,0.8, 1.3,...]
o
Intermxediate [XI~N(01.0.2~'J, X2~xu,2. 059, X3~N(D‘2.03:), X4~‘\'(0‘3. l.aix,....]

Sampled  [0.28, 1.65, 0.92, 1.98,...]
vvvvvv
Calvo, J. (s. f.). El espacio latente en la IA — Blog Europeanvalley. https://www.europeanvalley.es/noticias/el-espacio-latente-en-la-ia/
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