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Arboles: Es un algoritmo que parte el espacio de datos para hacer una clasificacidn o regresién utilizando

métricas como gain, entropy.
Gain(T,X) = H(T) = H(T,X)

Random forest: Utilizar muchos arboles y promediarlos generando muchas muestras con técnicas

estadisticas como bagging. Tomando una porcion de los datos y de los features
1 B
r . Fxb
foag(@) = 5 b;f ().

GBM Gradient Boosting Machines: Utilizar muchos arboles en serie, entrenar cada arbol utilizando los

residuos o datos con errores del arbol anterior.
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Redes Neuronales: Es un conjunto de combinaciones lineales de los features con una capa de activacion
no lineal. De esa forma cada neurona aprende combinaciones diferentes que pueden ser combinadas

nuevamente con una segunda capa. Dos capas pueden aprender cualquier funcion continua.

FX) = Bo+ X res Brhu(X)
= Bo+ Xpe1 Beg(wio + X0, wii X;).

Ap = hi(X) = g(wio + D 25_; wi; X;),

K
F(X)=Bo+ ) BrAx,
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K es el numero de Neuronas por cada capa
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Redes Neuronales, ejemplos de funciones no lineales
Tanh Sigmoid
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fn tanh = lambda x : ( math.exp(x) - math.exp(-x))/( math.exp(x) + math.exp(-x))
fn sigmoid = lambda x : 1/(1l+ math.exp(-x))

fn relu = lambda x : max(0,x)

fn leaky relu = lambda x : max(0.1*x,x)
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Tomamos los datos iniciales y los multiplicamos por combinaciones aleatorias, aplicamos las funciones

no lineales y agregamos, medimos el error y calculamos los gradientes hacia atras.

Input Hidden Output
d(error) __ O(error) " 0(a) Layer Layer Layer
ow) o) a(w)
\ | Si es una regresion,
e nuestro costo o error:

- =4

— = p
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Redes Neuronales, Backpropagation

Let us simplify and set the bias values to zero, and treat the vectors as scalars, to make the
calculus more concise. This means our network has two parameters to train, X
w®

and

Then the output of the first hidden layer is:
R — g(l)(W(l)a:)

The output of the second hidden layer is:

h2) — 9(2)(W(2)h(1))
The output of the final layer is:

§ = w B R

And finally, let us choose the simple mean squared error function as our loss function:

C(w9) = 5~ 9)°
and let us set the activation functions in both hidden layers to the sigmoid function:

§9(@) = 89(2) = S(e) = ———

https://deepai.org/machine-learning-glossary-and-terms/backpropagation
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Redes Neuronales, Backpropagation Step 1 calculate gradients cwicucon

It will be useful to know in advance the derivatives of the loss function and the activation
(sigmoid) function:

ac |
& Y-y
B~ s@)1 - s@)
Using backpropagation, we will first calculate
oC
oW (3)
, then
oC
oW (2)
, and then
oC
ow (1)

, working backwards through the network.

We can express the loss function explicitly as a function of all the weights in the network by
substituting in the expression for each layer:

Cly,9) = Cly, Wh®?)
= C(y, W ¢g@ (w@p0))
= Cy, WO gP(w B gM(wNaz)))
https://deepai.org/machine-learning-glossary-and-terms/backpropagation
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Redes Neuronales, Backpropagation Step 2 calculate error dnarsan ot do oo
Backpropagation step 1: Calculating the gradient in the third and final layer

First, we want to calculate the gradient of the last weight in the network (layer 3). Applying the
chain rule and working backwards in the computational graph, we get:

8Cc  aC By
ow® 9y ow®
= (§ — y)ht?

Backpropagation step 2: Calculating the gradient in the second (penultimate) layer

Next, we will calculate the gradient in layer 2. Since Cis now two steps away from layer 2, we
have to use the chain rule twice:

aC ac 8y on®

ow® 0y on® aw®
= (5 — )R PWOROSW A RMY (1 — (WP RM)Y)

Note that the first term in the chain rule expression is the same as the first term in the expression
for layer 3.

Backpropagation step 3: Calculating the gradient in the first layer

Finally, we can calculate the gradient with respect to the weight in layer 1, this time using another
step of the chain rule.
oc  oC 0y on® ont)
owW 89 or® onMW W™

The first two terms in the chain rule expression for layer 1 are shared with the gradient
calculation for layer 2.

https://deepai.org/machine-learning-glossary-and-terms/backpropagation
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Redes Neuronales, con multiples capas o layers
Input
layer
Hidden

[0,0,0,0,0,0,0,0,0,1]
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