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Entendiendo las redes neuronales Conclusiones, link al repo y a las
recurrentes demos, enlaces, Yy sorpresas
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Regresion lineal
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Red neuronal artificial
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Regresion lineal
en D

model m = model.get weights()[@]
model b = model.get weights()[1]
model.get weights()

[array([[ 5.00645161]], dtype=float32), array([ ©.03365948], dtype=float32)]
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iiTENEMOS QUE ANADIR NO LINEALIDADES!
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Redes convolucionales
profundas o

fc_3
Fully-Connected Fully-Connected : N 4
Neural Network Neural Network
Conv_1 Conv_2 RelLU activation
Convolution Convolution

(5x 5) kernel Max-Pooling (5 x5) kernel Max-Pooling
valid padding 2x2) valid padding (2x2)

n1 channels nl channels n2 channels n2 channels

(28 x28x 1) (24 x24 xnl) (12x 12 xn1) (8x8xn2) (4x4xn2)

n3 units
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Ejemplo MNIST

model.summary ()

Layer (type)
conv2d_1 (Conv2D) 26, 26, 16)

max_pooling2d 1 (MaxPooling2 (None, 8, 8, 16)

conv2d 2 (Conv2D) (None,

flatten 1 (Flatten)
dense_1 (Dense)
Total params: 4,210

Trainable params: 4,210
Non-trainable params: @




Ejemplo MNIST

model acc
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Ejemplo MNIST

Visualizacion TSNE de los datos:




Ejemplo MNIST

Visualizacion TSNE de la primera
capa convolucional:




Ejemplo MNIST

Visualizacion TSNE de |a
segunda capa:




IIE,I}IIII‘IIIEII'I"‘II/EI/IBA_I’“HETWIIBI(S ‘

\

mgﬂ r




Graphics by Christopher Olah from his article: Understanding LSTM Networks



Graphics by Christopher Olah from his article: Understanding LSTM Networks



Graphics by Christopher Olah from his article: Understanding LSTM Networks
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ATTENTION
MECHANISM

CONTEXTS

DECODER
NETWORK

ENCODER
NETWORK

ENCODED
SEQUENCE

Looks at the complete encoded
sequence to determine which encoded
characters to weigh highly

The context determines which
characters to focus on the most as
determined by the attention
mechanism

The decoder network uses the context,
an internal state and the previous
prediction to inform the next prediction
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Keras es una herramienta poc erosisima que nos permite
implementar de forma rapida y sencilla pruebas de
concepto que transforman ideas en resultados.
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Fun isn't something one considers when optimising a neural network.
But this... does put a smile on my face.
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'WHEN U ARE TRAINING
'NEIIIIAI NE'I'WIIBK FOR

B T T ITITITTT |
i or favor, aprendamos que%ii&etras de eIIas antes de .
usarlas para todo. Esto reducira riesgos innecesarios

producira avances interesantes.




rocios porsugtenciont | 4.

e How to Visualize Your Recurrent Neural Network with Attention in Keras
e Understanding L "MM"‘"“.‘". YY1

e Visualizing intermediate activation in Convolutional Neural Networks with Keras
tion In LoNnvolL eras

¢0s interesa el tema?

:Tenemos un podcast! mTheFluxions

https://github.com/wizmik12/en-las-tripas-de-keras


https://medium.com/@plusepsilon/visualizations-of-recurrent-neural-networks-c18f07779d56
https://medium.com/datalogue/attention-in-keras-1892773a4f22
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://towardsdatascience.com/visualizing-intermediate-activation-in-convolutional-neural-networks-with-keras-260b36d60d0

